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Odense, Denmark

Abstract

Computer Generated Holography (CGH) promises unprecedented capabilities for a variety
of applications in Optics and Photonics. However, one of the biggest challenges for CGHs is
the fundamental tradeoff between algorithm runtime and achieved reconstruction fidelity and
efficiency while maintaining light projections at real-time frame rates. In addition, the light
projection quality achieved by most CGH-modalities are rather low due to the mismatch between
the optical wave propagation of the applied Spatial Light Modulator (SLM) and its simulated
model. A promising new avenue of CGH, neural holography, utilizes machine learning models in
the generation of single and multi plane holograms. Neural network generated holograms have
the distinct advantage that inference is performed in constant time without the need for iterative
calculations of the phase SLM pattern. This allows the networks to generate holograms 3-500
times faster than traditional iterative algorithms, which enables the applications dependent on
real-time holography. State-of-the-art implementations of neural holography [1, 2] furthermore
achieve higher accuracy than traditional iterative algorithm, when compared to target images.

Applications of these SLM-encoded CGHs include all areas where a fast and parallel one- or
two-photon light excitation is needed such as in Laser Material Processing, Additive Manufac-
turing and 3D printing, Neurophotonics and Optogenetics, Laser Image Projection and many
more.

1 Introduction

Light Sculpting has paved the way for many studies and applications and can be considered a
key enabling tool in modern science. Beyond display applications and consumer related areas
such as entertainment, dynamic Light Sculpting can serve as generic technology for volumetric
controlled light-matter interaction that can benefit various novel applications. Such applications
include neuroscience and optogenetics [3, 4], optical micro-manipulation [5, 6], non-invasive cell
sorting [7], materials processing [8], microfabrication [9,10], controlled photo-stimulation [3,11],
cell surgery [12], or advanced light microscopy [13, 14], to name a few. Hence, new and dis-
ruptive Light Sculpting modalities that can offer promising enhancements are always being
explored and developed. Generalized Phase Contrast [15] (GPC) is an extension of Zernikes
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phase contrast microscopy [16] primarily designed for beam shaping, but also finds use in opti-
cal encryption [17,18], quantitative phase imaging [18] and even novel fields such as neuroscience
and atomtronics [19]. GPC optically projects, typically user-defined, two-dimensional fields on
an output plane. On the other hand, conventional phase contrast is typically used to visual-
ize naturally occurring, thin and unknown phase variations. With its primary use on beam
shaping instead of sample imaging, GPC emphasizes the efficient conversion of the phase input
patterns into output intensity patterns. Subsequent to the initial proposal of using GPC in
image projection [20] and its experimental demonstration for the efficient projection of binary
images [21], GPC has been successfully developed and shown to be a viable dynamic projec-
tion technology, especially for real-time interactive micro-manipulation [6]. GPC can project
grayscale lattices [22] and is suitable for efficient laser projection of grayscale non-periodic pat-
terns and images [23, 24]. It can also accommodate non-uniform profiles, such as Gaussian
beams [25–28]. Computer-generated holography (CGH) extends Gabors holography [29] to gen-
erate desired fields instead of simply reading out previously recorded information. Instead of
using static holographic films for recording purposes, programmable spatial light modulators are
used to dynamically emulate phase distributions that would synthesize the desired optical fields
through interference and diffraction. Dynamically configured phase gratings synthesized using
numerical or mathematical models eliminate the need for recording to holographic media. In
most cases, the diffraction patterns formed at the output and the hologram drawn on the SLM
are related via an optical Fourier transform allowing fast and convenient calculations via the
Fast Fourier Transform [30,31]. Considerations about reconstruction speed, fidelity and speckle
issues in Light Sculpting using either GPC or CGH have been thoroughly investigated [32] and
even hybrid approaches experimentally demonstrated [33, 34]. However, in this work we will
focus exclusively on algorithmic and fast machine learning considerations for phase-only CGHs.

2 Classical Holography Methods

2.1 Photographic Plate Holography

The first holography setups using visible light came about with the invention of the laser, which
provided a high energy, monochromatic and coherent light source. The coherent light from the
laser is split in a beamsplitter into a reference and object beam. The scattered and diffracted
light from the illumination of the object by the object beam propagates towards a photographic
plate, which records the interference between this and the reference beam. An illustration of
the setup is shown in Figure 1. Within this interference pattern, both amplitude and phase
information of the object beam are present.

As the object is moved, and the photographic plate containing the recorded interference
pattern is illuminated by a light source identical to the reference beam, the diffracted light takes
on the exact form of the original object beam. If an observer were to look at the plate under
illumination from such a reference beam, they would observe the exact same as if they were
observing the object directly. The observer would not only see the object however, but also
experience parallax and focusing effects between near and distant planes in the object.

This traditional method of recording and reconstructing holograms has certain caveats that
limits its usability. The traditional holography setup is, in general, an interferometry exercise
[35], which means that extra care has to go into keeping all path-length differences as stable as
possible during exposure of the photographic plate, in order to achieve clean, sharp interference
fringes. This exposure time depends on both the reflectivity and transmissivity of the object,
the sensitivity of the photographic plate, the scale of the setup and the intensity of the coherent
light source. Exposure times could, as such, be as high as several hours to record a single
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Beamsplitter

Mirror Photographic
plate

Object Virtual object

Figure 1: Illustration of the recording of a hologram on a photographic plate. (Left) the scattered
and diffracted light from the object interferes with the reference beam. The interference pattern
exposed on the photographic plate constitutes the hologram of the object. (Right) the reconstruc-
tion of the object occurs when a beam of light identical to the recording reference beam is shone
on the exposed photographic plate.
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hologram.

2.2 Computer Generated Holography

The majority of algorithms used in computer generated holography today are based on iterative
phase retrieval methods developed in the 20th century, of which the most well known is the
Iterative Fourier Transform Algorithm (IFTA), or simply, Gerchberg-Saxtons (GS) algorithm.

Gerchberg-Saxtons algorithm, as illustrated in Figure 2, for phase retrieval of a complex
field, from its amplitude, can be used for holography. First, an initial phase ϕ0 and amplitude
u0 are set. Typically, the initial phase is set to unity, a random phase, or, in newer methods, set
to some phase that facilitates better and quicker convergence. The initial amplitude is set to the
illumination profile of the SLM. This initial guess for the field at the SLM plane is propagated
to the far field diffraction plane via a Fourier transform. The acquired amplitude U is ignored
in favor of the target image amplitude U0. This field is then propagated back to the SLM
plane via an inverse Fourier transform, where the acquired amplitude u is replaced by the initial
amplitude u0. With each iteration, some error function such as the Mean Square Error (MSE)
is calculated, in order to compare the intensity of the calculated field in the far field plane to
the target intensity. Once the specified error criterion is satisfied, the algorithm exits the loop.
While the Gerchberg-Saxton algorithm is beautiful in its simplicity, it has several shortcomings.

First of all, it’s very computationally expensive. With current SLM resolutions of 1080×1080
to 4K, two very large Fourier transforms have to be performed in each iteration of the algorithm,
which could take tens iterations to converge on a result. These calculations have to be performed
for every hologram that is to be generated.

Second of all, the GS algorithm is very sensitive to its initial conditions, and has a strong
tendency to converge to a local minimum.

Lastly, as is the case of all current computer generated holography algorithms, the output
of the Gerchberg-Saxton algorithm is tainted by speckle, due to the uncontrollable phase in the
image plane.

3 Neural Network Holography

The two, state-of-the-art, iterations of neural CGH in [1, 2] are different implementations of
the same fundamental idea. An SLM is placed in the focal point behind a convex lens, such
that at a focal lengths distance f in front of the lens, an image forms of the exact spatial
Fourier transform of the profile of the SLM. This configuration is shown in Figure 4. The
convolutional neural networks (CNN), shown in Figure 5, are then trained to approximate the
complex electromagnetic field in the Fourier plane that gives rise to the target intensity images
that we wish to observe, both in the Fourier plane, and in surrounding planes.

The approximation of the field at the Fourier plane is propagated to the SLM plane using
some inverse propagation model. This could be as simple as an inverse Fourier transform, or, as
is the case of HoloNet [2], take into consideration the optical aberrations that occur in reality.
The phase of the field at the SLM plane is then the output of the network at inference. In the
Holonet implementation, an extra machine learning step is used to extract the phase from the
field at the SLM plane, but the end result is the same; the SLM phase that the network has
deemed able to generate the target images is obtained.

An important fact to note about the networks is, that the domain transformation of the input
data from the diffraction planes to the SLM plane occurs externally to the trainable network ie.
the networks do not, in themselves, perform any Fourier transforms from the spatial frequencies
in the Fourier plane to the coordinates of the SLM. This is opposed to previous works [36] where
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Figure 2: The Gerchberg-Saxton algorithm.

networks have been trained to directly infer the phase profile of the SLM given target intensities
in the Fourier plane. Instead of spending finite resources on a cross-domain transformation, the
CNN can focus its efforts on a simpler mapping that preserves spatial correspondence between
input and output [1].

During training, the network must be able to evaluate the result of its approximation. There-
fore, the obtained phase-only SLM profile is used to propagate to the single, or multiple, target
planes. Then, an overall loss function evaluates the goodness of the fit of the network.

For each training iteration, the optimizer conditions a large set of filters, weights and biases,
in order to minimize this error between the target intensities, and the intensities of the outputs
of the network.

Before training the networks, a large dataset is acquired. The dataset comprises of thousands
of images that the network will attempt to replicate in the diffraction planes. Here, a choice has
to be made of whether the network should generate 2D or 3D holograms. For 2D, the model is
trained on single grayscale images, and for 3D, stacks of 2D images, each representing a plane
in the far field. The training images can, for instance, be gathered from existing datasets, or be
randomly generated by the user from primitives such as lines, circles and polygons, dispersed on
the 3D planes. If the datasets are to be generated, careful thought has to go into the design of
the primitive shapes. The CNN can only replicate what it has already been exposed to, and as
such, if trained on only large, uniform shapes, generation of high spatial-frequency information
is not encoded into the network, leading to blurred holograms. In contrast, if the CNN is only
trained on single pixel wide dots and/or lines, low-frequency information is lost [37].

The structure of the main body of the network varies between implementations, but a popular
building block is the UNet structure, as seen in Figure 3, which is commonly used in object
localization and image segmentation. Here, the input image, or images, are progressively reduced
in dimensions (red arrows). At each level of the structure, an increasing number of convolutional
kernels calculate the similarity between a region of the image and the kernels themselves (blue
arrow). The kernel weights are refined on each training iteration, and, as such, become honed to
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Figure 3: The UNet architecture. The encoding path (left) progressively downsamples the input
(red arrows) while, at each level, convolving the images with an increasing number of filters (blue
arrows). The decoding path upsamples the images using transposed convolutions (green arrows),
with additional convolutions with residuals (black arrows) from the equivalent encoding layers.

Figure 4: The optical setup that is represented in the neural network. Target images are defined in
the Fourier plane, and possibly surrounding planes. The network extrapolates an approximation of
the complex field in the Fourier plane, from which propagation to the SLM, and the surrounding
planes can be performed.
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Figure 5: Architecture of the neural network structure. Target images are fed into the network,
which approximates a complex field in the Fourier plane. This field is propagated backwards to the
SLM, from which the SLM profile can be extracted. During training, the SLM profile is propagated
to all target planes, and compared with the target images.

detect the most important information from the inputs, that lead to appropriate outputs. The
purpose of the halving of spatial dimensions in each step is to allow the filters, which are usually
3x3 or 5x5 pixels, to scan a larger area of the inputs. This means that the network better
gathers information on more general structures in the input image. Following the stepwise
reduction in spatial dimensions, often called the encoder part of the UNet, a second branch, the
decoder, upscales the images in steps, such that the output has the same spatial dimensions as
the input (green arrows). At each level of spatial dimensions, residuals from previously in the
structure are concatenated and convolved with the current level (black arrows). This minimizes
information loss, as the input images are downscaled. The UNet can be seen as an image-
to-image translation, that, in this case, given certain target intensities, combined with other
structures in the network, extrapolates the complex field in the Fourier plane that gives rise to
the target intensities.

As a comparison between the traditional iterative methods and a simplified version of the
DeepCGH neural network, a hologram of Hans Christian Andersen has been generated using
both methods. In Figure 6a and 6b, the two 1024× 1024 pixel generated images are seen. The
GS algorithm was run for 20 iteration, each taking approximately 60 ms, 0.7-1.1s in total, which
corresponds to 1 − 1.5 images per second. The neural network was trained for 30 epochs on
32768 images of randomly sized and placed circles, lines and polygons. The neural network
inference time was approximately 60 ms for a batch of 32 images, meaning that a single image
was generated every ca. 2 ms, which corresponds to 500 images per second. As can be seen in
figure 6c, the simplified neural network does not achieve the same fidelity as the result of the
GS algorithm, and the effect of speckle is greater. It did, however, generate the image 300-500
times faster. In order to improve the performance of the neural network, several steps can be
taken.

Firstly, improvements can be made to the representation of the optical system. The closer
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(a) Reconstructed hologram
from GS algorithm after 20
iterations on 1024× 1024 image.

(b) Reconstructed hologram
from the neural network after
training for 30 epochs.
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0.03

0.04

(c) The error between the target
intensity and the generated holo-
grams for both GS (blue circles)
and the CNN (red diamond).

Figure 6

the numerical model of the physical setup and all its physical parameters gets, the better corre-
spondence there will be between hologram simulations and practical experiments. This includes
better propagation models considering aberations and better representation of the SLM param-
eters such as bit depth and dead space.

Secondly, sensor based feedback loop training with sensors such as cameras or wavefront
sensors, provide a better measure of the error between the output of the neural network and
the target images than merely simulations. Using these in the training loop, as is done with a
camera in [2], yields results of much higher fidelity.

Thirdly, it may be advantageous to generate training data consisting of 3D models, sliced
along the image planes, as opposed to randomly generated 2D figures. This may facility the
learning of spatial coherence between the image planes, and as such, better representations of
3D scenes in the future.

Lastly, Generative Adversarial Networks (GAN) have been shown as viable candidates for
dramatic speckle reduction in coherent imaging [38], and this method may be applicable to the
problem of holographic speckle, with some modifications.

4 Conclusion

With applications such as holographic storage, Neurophotonics, Optogenetics, 3D fabrication
and Virtual Reality displays, and many more, real-time and speckle-free holography could have
major implications on future technology. Holography using neural networks may be an important
step on that path, given their impressive hologram computation time at inference. With more
research, they may prove to be the solution to the speckle problem in digital holography, or
provide valuable insights that can be utilized in future iterative algorithms. Although neural
holography shows a lot of promise, and should be researched much further, it is not without
faults. This black box model of hologram generation lends itself to easy separation from the
physics behind holography. In order to obtain valid results, the underlying physics has to be
sound, with a proper basis in reality. Furthermore, the need for training an individual model
for each possibly varying parameter in an optical setup such as wavelength, SLM resolution and
pixel depth greatly limits the flexibility of the method.
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[34] A. Bañas and J. Glückstad. Holo-gpc: Holographic generalized phase contrast. Opt. Com-
mun., 392:190–5, 2017.

[35] J. W. Goodman. Introduction to Fourier Optics. W.H. Freeman, Macmillan Learning, 4th
edition, 2017.

[36] R. Horisaki, R. Takagi, and J. Tanida. Deep-learning-generated holography. Appl. Opt.,
57(14):3859–3863, 2018.

[37] J. Lee, J. Jeong, J. Cho, D. Yoo, B. Lee, and B. Lee. Deep neural network for multi-depth
hologram generation and its training strategy. Optics Express, 28:27137, 2020.

[38] T. L. Bobrow, F. Mahmood, M. Inserni, and N. J. Durr. Deeplsr: a deep learning approach
for laser speckle reduction. Biomedical Optics Express, 10(6), 2019.

Proc. of SPIE Vol. 11701  1170116-10
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 21 Dec 2022
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use


