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Abstract

The numerical wavefront backpropagation principle of digital hologra-
phy confers unique extended focus capabilities, without mechanical dis-
placements along z-axis. However, the determination of the correct focus-
ing distance is a non-trivial and time consuming issue. A deep learning
(DL) solution is proposed to cast the autofocusing as a regression prob-
lem and tested over both experimental and simulated holograms. Single
wavelength digital holograms were recorded by a Digital Holographic Mi-
croscope (DHM) with a 10x microscope objective from a patterned target
moving in 3D over an axial range of 92 pm. Tiny DL models are proposed
and compared such as a tiny Vision Transformer (TViT), tiny VGG16
(TVGG) and a tiny Swin-Transfomer (TSwinT). The proposed tiny net-
works are compared with their original versions (ViT/B16, VGG16 and
Swin-Transformer Tiny) and the main neural networks used in digital
holography such as LeNet and AlexNet. The experiments show that the
predicted focusing distance ZE™9 is accurately inferred with an accuracy
of 1.2 pm in average in comparison with the DHM depth of field of 15 pm.
Numerical simulations show that all tiny models give the Z,P;ed with an
error below 0.3 pm. Such a prospect would significantly improve the cur-
rent capabilities of computer vision position sensing in applications such
as 3D microscopy for life sciences or micro-robotics. Moreover, all models
reach an inference time on CPU, inferior to 25 ms per inference. In terms
of occlusions, TViT based on its Transformer architecture is the most
robust.
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1 Introduction

One major drawback when 3D moving samples are studied in microscopy is the
balance between the focal range that limits out-of-plane measurements and the
requirement of a high axial resolution, i.e. a short depth of field (DoF) (see for
example [46, 16]). Several solutions have been proposed such as depth-from-
focus imaging [50] and confocal microscopy [25] to reconstruct a topography
of the scene. Scanning electron microscopy [28] can also be used to get large
in-focus depths. In any case, all these methods require a scanning of the scene
that slows down the image acquisition rate. Moreover, the working distances
of these devices are very short and this reduces considerably the interest of a
contactless measurement.

Coherent imaging approaches such as Digital Holography (DH) can be used
instead of conventional microscopy to address the focusing issues [13, 14]. DH
offers a means for recording the phase and amplitude of a propagating wave-
front on a solid-state image sensor [43]. Then, by numerically propagating the
recorded wavefront backward or forward at particular distances of interest, dif-
ferent characteristics can be extracted, typically three-dimensional surfaces, but
also polarization states and intensity distributions. Several recording and pro-
cessing schemes have been developed to assess diverse optical characteristics
that make DH a highly powerful coherent imaging method for metrological ap-
plications [8, 20]. Significant progress, potential impact and challenging issues
in the field of DH can be found in this recent roadmap article [22].

The targeted application aims to address the 3D position measurement needs
encountered in small-scale mechatronics [53, 3]. At the microscale, automation
involves centimeter-sized actuators necessary to perform diverse tasks with a
high accuracy, down to the nanometer range. Contactless sensors are thus de-
sired to control 3D motions with a high accuracy over large ranges [53]. Com-
bined with optical microscopy, computer vision constitutes an efficient means
to detect in-plane position and displacements. However, microscope objective
(MO) lenses provide short in-focus depths and inherently rely on mechanical
displacements along the optical axis. One way to extend computer vision capa-
bilities to 3D microscopy is to harness the wave character of light by means of
DH. DH is particularly suited to this aim because it requires a single hologram
to reconstruct a 3D scene and because digital back-propagation computations
allows image reconstruction in a extended in-focus depths [6]. A key-point in
DH is to note that, instead of an image of the object, it is the propagating wave-
front incident on the image sensor that is recorded. The distance of the object
does not impact the recording quality, it only changes the actually recorded
wavefront in accordance with scalar diffraction theory. Therefore, blur does
not exist at the recording stage of DH since it does not seek for any in-focus
image. The object distance stands for a computation parameter that is numeri-
cally tunable over an extended range, but limited to coherent length of the light
source used. This specificity makes the range of working distances allowed by
DH incomparably larger than that allowed by conventional incoherent imaging
methods. DH can be applied to micro-objects in microscopy with a Digital



Holographic Microscope (DHM) setup. The reconstruction distance leading to
the best-focused image has to be determined among the z-range explored by the
object. There are various techniques for defining image-formation sharpness-
criteria that apply to DH [15, 26].

Recently, many studies have proposed to study the capabilities of deep-
learning Convolutional Neural Network (CNN) to determine in DH various un-
known parameters such as focusing distance, or the phase recovery [40, 41, 49,
52, 37, 51]. These works have to be considered in the wider context of imaging
techniques where Deep Learning (DL) approaches are applied to solve complex
problems found in computer vision as well as in microscopy [29, 45, 23]. A re-
cent work [40] even demonstrated that Deep CNN gives better results in terms
of prediction of propagation distance in DH without knowing all the setup’s
physical parameters, than other learning-based algorithms such as Multi Layer
Perceptron (MLP) [18], support vector machine [7], and k-nearest neighbor [34].
The hardware implementation of artificial neural networks has constituted a real
challenge for many years [38, 27, 30], but the tasks that can be solved by such
systems are limited to standard tests of classification and prediction, and they
are still limited in terms of scalability for mega-pixel image processing.

This paper aims to illustrate a new high-profile application of machine learn-
ing by elevating DHM and autofocusing to a new level. Whereas many studies
focus on life science microscopy [41, 36, 51], this work explores extended visual
capabilities offered by combining DH and last generation of DL algorithms such
as Vision Transformer (ViT)[12] and Swin-Transformer (SwinT)[31] networks for
applications in micro-robotics [53, 3] or in real-time 3D microscopy [36]. This
work introduces for the first time the neural network Transformer architectures
applied to advanced coherent imaging field, such as digital holography. This is
significant because these new generations of algorithms have already revolution-
ized the Natural Language Processing (NLP) and recent versions ViT [12] and
SwinT[32] highly perform for image recognition thanks to their self-attention
feature[48]. More specifically, our work deals with these new generation of deep
learning approaches for autofocusing in digital holographic microscopy to ob-
tain in-focus depth prediction with high accuracy. We developed new tiny ViT
and tiny SwinT network architectures, and compared them with typical Con-
volutional Neural Network (CNN) ones used in optics and digital holography
such as AlexNet[37], VGG[44] and LeNet[21]. Swin-Transformers propose a hi-
erarchical Transformer whose representation is computed with Shifted windows.
The shifted windowing scheme brings greater efficiency by limiting self-attention
computation to non-overlapping local windows while also allowing cross-window
connection. This hierarchical architecture has the flexibility to model at various
scales and has linear computational complexity with respect to the size of im-
ages. Taking into account the demand for real time application and achievable
training with a reasonable amount of data, tiny networks are developed. These
first results pave the way to overcome in-focus depth limit[41] with a short DoF
in DHM without any MO lens mechanical displacements[36].



2 New trends in deep learning for image pro-
cessing: VIiT and SwinT

Figure 1. Schematic illustration of the ViT [12] and SwinT [31] architectures. (a)
gives the general architecture of a ViT or a SwinT. The region of interest (ROI)
is divided into patches which are linearly projected on an embedded dimension
followed by a transformer layer, MLP and the linear regression. (b1) shows the
successive layers for a VIT respectively k Transformer Encoders. (b2) gives a
view of the SwinT Transfomer layer architecture which is formed by a series of
4 Stages. Each Stage encapsulates a Swin-Transformer Block which is repeated
ms times (with s representing the stage number) and patch merging layers (for
the stages 2 to 4). Through the stages, the multi-head attention is computed
taking di erent sizes of patch size and shifted windows. (cl1) and (c2) represent
the internal steps inside a Transformer Encoder and the two successive Swin-
Transformer Block, where the Multi-Self Attention (MSA) is computed (MSA,
W-MSA and SW-MSA). SwinT rst computes a window multi-head attention
(W-MSA) and then a shifted windows multi-head attention (SW-MSA).

Since the inception of DL neural networks, CNN occupies the eld with
architectures like VGG-16 [44], Densenet [19] or E cientNet [47]. At the core
of a CNN, there is a series of mixed convolution and pooling layers which extract



