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Abstract: End-to-end optimization of diffractive optical elements (DOEs) profile through a
digital differentiable model combined with computational imaging have gained an increasing
attention in emerging applications due to the compactness of resultant physical setups. Despite
recent works have shown the potential of this methodology to design optics, its performance
in physical setups is still limited and affected by manufacturing artefacts of DOE, mismatch
between simulated and resultant experimental point spread functions, and calibration errors.
Additionally, the computational burden of the digital differentiable model to effectively design
the DOE is increasing, thus limiting the size of the DOE that can be designed. To overcome the
above mentioned limitations, a co-design of hybrid optics and image reconstruction algorithm
is produced following the end-to-end hardware-in-the-loop strategy, using for optimization a
convolutional neural network equipped with quantitative and qualitative loss functions. The
optics of the imaging system consists on the phase-only spatial light modulator (SLM) as DOE
and refractive lens. SLM phase-pattern is optimized by applying the Hardware-in-the-loop
technique, which helps to eliminate the mismatch between numerical modelling and physical
reality of image formation as light propagation is not numerically modelled but is physically done.
Comparison with compound multi-lens optics of a last generation smartphone and a mirrorless
commercial cameras show that the proposed system is advanced in all-in-focus sharp imaging for
a depth range 0.4-1.9 m.
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1. Introduction

Computational imaging with encoded diffractive optical elements (DOEs) (e.g. binary-, multi-
level phase elements) and meta-optical elements (MOEs) is a multidisciplinary research field
in the intersection of optics, mathematics and digital image processing [1-5]. It is based on a
combination of optical encoding (at the optics layer) and algorithmic decoding (at the image
processing layer). Contrary to the traditional optical systems with refractive lenses, the hardware
decoding (optical focusing) is replaced by the software computational decoding [6-9]. In DOE,
this phase coding is induced due to the length of the ray path inside a DOE material. In MOE, the
phase delay is induced via the response of nanostructures (so-called nanoantennas) built on the
surface of the substrate material [10]. Both DOEs and MOE:s are used as the wavefront coding
instruments [11]. Despite the fundamental difference in nature between DOEs and MOEs, some
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authors treat MOEs as a special class of DOEs, and we also use DOE as a notation for both
classes of these elements.

The potential of DOEs as optical elements is three-fold: (1) Accuracy and quality of imaging
can be high at least on the level of the compound conventional refractive optics, while DOEs are
compact (thickness in micrometers), light, and cheap [12]. (2) The systems with DOEs have the
potential to allow solutions beyond the ability of the conventional systems, in particular, for some
pattern recognition problems, hyperspectral imaging, and even in such conventional types of
problems as extended depth of field (EDoF) [13-15], extended field-of-view, and achromatic
broadband imaging. Typical examples are flat hyperspectral cameras [16] and flat face recognition
devices [17]. (3) Nearly arbitrary manipulations of wavefields are possible due to amazing
progress in nanotechnology. While nanotechnology allows obtaining DOEs with nearly arbitrary
phase-patterns, the desirable optical characteristics as a rule are a priori unknown and an ordinary
intuition usually cannot help, what makes the design of encoded DOEs quite problematic. Images
registered by sensors in systems with encoded DOEs are blurred (assumed to be convolution
between scene and a unique point spread function (PSF)). Sometimes they are strongly blurred
and even completely unrecognizable, and the final high-quality sharp images are achieved only
after computational inverse imaging [18]. The today well established practice is to formalize
the deal and to obtain these characteristics as well as DOE phase profiles from solutions of
end-to-end optimization problems (e.g. [19-21]).

The design and optimization of DOE’s profile have been recently performed in an end-to-
end fashion through a digital differentiable model combined with the computational imaging
methodology due to the compactness of the resultant physical setups [19-21]. This end-to-end
technique has shown to be effective to design DOEs for applications such as photography [22],
microscopy [15], and multispectral imaging [3], because the optics and inverse imaging are
jointly designed. However, when a desirable encoded DOE leaps from paper (theory) to practice,
a natural concern is how well the physical implementation of the DOE preserves the desirable
mathematical model and its advisable performance [23]. Specifically, this gap between theoretical
solution and real-life implementation comes from the limited performance in physical setups
due to artefacts implementing DOE, low accuracy between digital model of the camera and
its experimental behaviour, and calibration errors (alignment of the optics) [18]. Additionally,
the computational burden of the digital differentiable model to effectively design the DOE is
increasing limiting the size of the DOE that can be designed [3].

These limiting aspects have been addressed in the state-of-the-art by improving modelling of
the DOE as a piecewise continuous function [24] using a smoothing approximation to represent
the manufacturing errors, increasing complexity of the inverse imaging process through deep
convolutional neural networks (CNNs) [25-27], and assuming the blur data is collected follows
a blind deconvolution model [18,28]. In addition, various calibration methods (e.g. [7]) and
replacements of theoretical models by experimental PSFs (e.g. [6]) are conventional methods to
mitigate the gaps between mathematical modelling and real camera behaviour. Despite these
major efforts on both physical and computational fronts, it is important to remark that improving
model of DOE as in [24] is not enough to compensate the attenuated deviation between the
designed solutions and their physical implementations, and increasing complexity of the inverse
imaging makes computational cost prohibited in most cases. All of these mentioned aspects
highlights the principal advantage of our approach based on HIL which is that the imaging
algorithms are PSF-free for inverse imaging.

Bridging the gap between theoretical solution and real-life physical implementation is the
primary goal of this work. Therefore, in this paper, we propose an end-to-end design of the
DOE through a ’Hardware-In-the Loop (HIL)’ imaging system, for achromatic EDoF, using a
programmable phase Spatial Light Modulator (SLM) for implementation of encoded DOEs as
illustrated in Figs. 1 and 2. The hyperparameter of SLM, g7, and image signal processing
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(ISP) algorithms, s, are obtained due to end-to-end optimization fitting reconstructed and
true images. Fundamentally, our HIL-SLM methodology guarantees a proper 'modelling’ of
the black-box hardware in optimization without all discrepancies between mathematical models
and physical reality typical for the state-of-the-art model-based design approaches. Especially
important, that all errors associated with scattering in modelling a precise wavefront propagation
formula of the light through DOEs will be taken out due to optimization produced for real
physical use of the hardware because the light propagation is not modelled but is physically
produced instead. It is worth to emphasize that SLM is a suitable optics element to model a DOE
because it allows to have piecewise continuous phase profile and the inclusion of the quantization
of the DOE’s shape on the number of levels and the Fresnel order (thickness) [24]. It is worth
also clarifying that the considered HIL problem is completely different from adaptive imaging
system which targets to improve focusing by compensation of various disturbances while HIL is
interested to design the blur data collected at the sensor to improve imaging quality.

Fig. 1. Experimental scenarios and reconstructed images. The last two images show optical
Scenarios 1 and 2 used for: (1) the system to be optimized and (2) testing optical setup
for all-in-focus imaging. Scenario 1 is composed of three monitors displaying images of
different distances from the sensor. These images are registered and processed jointly for
design purposes and separately for image reconstruction. In Scenario 2, the objects (flowers)
are shared in the imaging field-of-view, a single image is registered and processed. The SLM
phase-pattern demonstrates an optimized profile of the designed encoding phase modulation.
The flower images show reconstructions by the designed hybrid optical system (refractive
lens and SLM as DOE) and the lens-only system (also with optimized image reconstruction)
obtained in Scenario 1. The registered blur observations are obtained for the defocus distance
1.8 m. More details about the system and important settings related with the camera are
presented in supplemental material.

For design and optimization of SLM phase-pattern, we use the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) optimizer [29,30], which is a zero-order algorithm, following a
parametrized model of SLM phase-pattern as a linear combination of the first fourteen Zernike
polynomials where coefficients are summarized in  g757. The crucial advantage of CMA-ES for
the HIL methodology is that it does not require the knowledge of the gradient to optimize the
optics. The phase-pattern of SLM is designed as a piece-wise invariant Multilevel Phase-Pattern
(MPP) defined for the design wavelength. The software ISP is designed using CNNs as a natural
tool for optimization of image reconstruction algorithms with respect to the hyperparameter

sofr using Adam algorithm [31]. We remark that SLM is a flexible optical instrument that has
found applications in several imaging problems including chromatic corrections [32], digital
holography [33], and virtual reality [34]. But, up to date, the phase profile of the SLM has not
been jointly designed with a refractive lens to extend the DoF of a broadband camera.

We assume that the hardware ISP, in particular including demosaicing, is fixed. Other
components of the hardware (sensor and hardware ISP: low-level image processing present
in most digital cameras) also can be a subject of optimization provided that they are variable.
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Fig. 2. Schematic of the proposed HIL methodology and optimization of SLM program
(SLM) and Software ISP. The camera black-box model is composed of SLM (varying),
sensor and hardware ISP (fixed). The output of the latter is an input of the designed image
processing algorithm (Software ISP).

Together with SLM and sensor, it outlines a camera as a *black-box’ (given as an input-output
system of an unknown mathematical model) embedded in algorithmic optimization. Considering
the advantages of our HIL methodology we have designed a DOE of 9.2mm diameter with a
pixel resolution of 3.74 m and 10mm focal length. To the best of our knowledge these DOE
parameters have not been achieved using state-of-the-art digital differentiable models due to
limitations on computational costs (e.g. [3]). In fact, the imaging system we are designing
using HIL is outreach for any differentiable design framework since the f-number is close to
1 (10mm/9.2mm) (unexplored scenario up to date), and because the accuracy of any image
formation model (i.e. Fresnel propagation [35]) is not high enough to have a decent fit between
simulated and experimental results.

In experiments for all-in-focus imaging, we compare the designed system with conventional
compound multi-lens cameras such as a last generation smartphone and a mirrorless commercial
(configured with 85mm focal length and F22) cameras. For the mirrorless camera, we chose the
largest F-number (corresponding to the smallest aperture size) to result in the deepest DoF. Our
system with hybrid optics designed in HIL strategy provides performance that is competitive in
terms of imaging quality and advanced achromatic sharp imaging.

The contribution of this work can be itemized as follows:

Broadband diffractive imaging with programmable SLM phase pattern projected to the
lens plane with online physical tuning of DOE (for the first time);

The framework for HIL co-design methodology of multilevel SLM phase-pattern (MPP)
and inverse imaging for achromatic EDoF;

Advanced performance in terms of EDoF for the developed imaging system in compar-
ison with compound optics of a mirrorless camera (85 mm/F22.0) and a last generation
smartphone;
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Scope. We believe that the proposed end-to-end HIL design framework provides steps forward
to mitigate effect of uncontrolled artefacts and mismatch between mathematical modelling and
real-life experiments. It is worth mentioning that programmable phase-only SLMs are not
compact, light and cheap, contrary to it, they are bulky and very expensive. However, the
designed optimal SLM phase-pattern can be used as desirable phase profile for manufacturing of
hardware DOEs such as diffractive and meta optical elements.

2. Related work

As relevant to this work, we provide references to achromatic EDoF imaging with DOEs and the
hardware-in-the-loop technique as applied to imaging problems.

Achromatic EDoF imaging. EDoF with minimal chromatic aberrations (see Fig. 3) is a classic
problem of computational imaging that has been intensively studied in recent works motivated
by development of new lighter, and compact optical systems for emerging imaging applications
such as computational photography [36,37]. The reason to study this problem in modern times is
because classical compound multi-array of lenses solutions do not either apply [18] or extend the
DoF for the new compact optical systems [38,39].

Fig. 3. Hybrid system for extended-depth-of-field imaging. Light wave from different
distances d; propagates on the aperture plane containing DOE to be designed. The DOE
modulates the phase of the incident wavefront. The resulting wavefront propagates through
the lens to the aperture-sensor, distance d».

One of the basic tools of all-focus imaging is an optics with depth invariant Point Spread
Function (PSF) referring to the prominent wavefront coding (WFC) proposed in [40]. A flow of
publications exploiting this idea in different optical setups and for various goals. The recent works
develop this idea for imaging with diffractive [1] and meta-plates [18,41,42]. The designed depth
invariant PSFs serve as the main components of inverse imaging. For inverse imaging in physical
experiments, the calculated PSFs are calibrated and corrected according to the corresponding
test for manufactured DOE:s. In this way, a gap between theoretical and physical image formation
can be diminished following the logic: first, design of DOE and, after, its tuning according to the
experimental study of the manufactured DOEs.

The sensitivity of inverse imaging with respect to errors in PSF design and calculation can be
compensated to some extend by using convolutional neural network (CNN) technologies [43]
dealing directly with the blurred images and designing the inverse imaging algorithms based on
test-images as it is particularly done in the works [18,20,21,44,45]. Note that in our approach
based on HIL-SLM methodology this problem is eliminated completely, since we do not deal
with PSFs at all as we do not need them for SLM phase-pattern design and do not use them for
inverse imaging.

In this work the elements of interest to be jointly designed are refractive lens and DOE (hybrid
optics) as it is shown in Fig. 3 to improve DoF and reduce chromatic aberrations of a system.
Hybrid optics for achromatic EDoF appeared in the works [46—48] where it was designed as a



Research Article Vol. 30, No. 18/29 Aug 2022/ Optics Express 32638 |

Optics EXPRESS i NS

focusing lens with direct evaluation of optical performance. In [24], design in terms of end-to-end
optimization was developed targeting phase-encoded inverse imaging with modification of the
hybrid to optimal sharing of optical power between DOE and lens.

Hardware-in-the-loop. The HIL approach to optimization is known well and for a long time in
engineering and science. Actually, any adjustment of hardware when we change something and
then look at the result can be treated as the HIL procedure. The main problem is that parameters
to be optimized should be easy for variations.

We know only a few works concerning application of HIL for imaging problems close to
being considered in this paper. In the work [33], HIL approach is used to fit parametrized
wave propagation model using the phase-only SLM, which results in a dramatically improved
performance of the holographic display. In [49], HIL methodology is used for tuning of ISP
parameter provided fixed optics. To the best of our knowledge, what is done in this paper is a
first attempt to use HIL in design of DOEs for intensity imaging.

Algorithm 1. HIL design of SLM phase-pattern and inverse imaging

1: input: _—#capand (1,00
2: initialize CMA-ES: (v o -C 1
3: Train initial inverse imaging CNN fo®*5-1+0-18m, g->s5¢c ;°:5gor a wide range of
hyperparameters
: while C #8C4/d0
for Afol to' do
it randomly draw from Gaussian ag-

Add random noise to (1!‘.\?

B Ef get blurred data @5-1+0-1+8m of imagesQ—-+++*Q and use ;C; 58
CNN to estimate ttu;zm
9: L., B (,A.. compute average PSNR among the estimdteitnages at

each distanc8¢5-1+0-18m
10: o update CMA-ES
11 end for
12: C1 C1
13 B>5C
14: end while
15: return: (" — B>5C

® N o9k~

o

train inverse imaging CNN for best SLM-pattern amdnql!lf —ee -—(1;. g

3. Optimization-in-the-loop of hybrid optics

The proposed design framework of hybrid optics for achromatic EDoF is summarized in
Algorithm 1 which follows an alternating methodology: fixing hyperparameter g7y, solving

sofr for inverse imaging, updating g7/ and so forth. We implement this methodology because
it is faster than training the CNN-based inverse imaging per SLM-pattern iterations. This
alternating process starts by randomly selecting an SLM-pattern E(ZM and a pre-trained inverse
imaging CNN for a wide range of hyperparameter g5s. After this, algorithm acquires a set
of blurred images at distances from sensor 0.5, 1.0, 1.8 m using the ISP of the optical system,
Sy SrL u » Which is then passed to the downstream reconstruction (deblurring using trained CNN)
module. The output of the task module is evaluated by domains-specific evaluation metric
which in this case is the peak-signal-to-noise-ratio (PSNR), Lpyz.,.s o Then, using the

" SLM
Oth-order stochastic evolutionary search method CMA-ES [50] (documentation in python of
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the CMA-ES optimizer in https://pypi.org/project/cma/), Algorithm | updates gz taking
advantage of the tested SLM-patterns during the R iterations. Once sz is updated, Algorithm 1

1

refines the CNN-based inverse imaging by training it for the best ’_’&M. Performing the previous
alternating process Ny, times algorithm returns the updated g7, and 5. The structure of
CNN developed for inverse imaging (optimization on  y,4) is shown in Fig. 4. Algorithm 1 can
be also initiated by solutions obtained according to the model-based approach from [24]. The
number of ’global’ iterations of this algorithm for s is Ny, and R is the number of ’local’
iterations for  g7,7, where the time needed to process physical observations is about 1.01 seconds.
This processing time involves the deconvolution of the blur data is collected at the sensor, and the
decision of a new SLM-pattern. In this work we fixed Ny, = 3 and R = 500. In the following
sections, more details per each stage are described.

Fig. 4. Inverse imaging UNet-based neural network for the design of SLM, optimization on

soft- The generator model is a U-net architecture that has seven scales with six consecutive
downsampling and upsampling operations. We adopt a weighted combination of PSNR
between estimated and ground truth images, L psyg, and perceptual losses L 44, and L percep,
with weights |, »,and 3.

3.1. Parameterized optics model

The phase-profile of SLM is designed as a piece-wise spatially invariant function defined for the
design wavelength (. Following to [13], we start from the absolute phase model which further is
wrapped to the interval defined by the modulation range of SLM and discretized with a number
of the parameters to be optimized equal to fourteen which we introduce in brief. The proposed
absolute phase * | takes the form

, w_ 2
of o

"x2 + y2u

+ 0 +y+ 22X, Y (D
p=lp,4

oY =

where the first term models the squared phase of the lens which fits the form of the fourth
Zernike polynomial omitted in the sum of the Zernike components, encapsulates the focusing
contribution of the SLM for wavelength ¢, and the lens focal length f , fixed as f , = 0.01m in
this work. The cubic phase of magnitude is a typical component for EDoF as introduced in
[40], the third group of the items is for parametric approximation of the free-shape DOE using the
Zernike polynomials Z,,x, y" with coefficients ,, to be estimated. Thus, the full set of parameters
to be optimized for SLM is defined as g0 =, , , 1,:::, p-

Fresnel Order (thickness). The SLM phase profile in radians is defined as Q =2 mg, where
myg is called "Fresnel order’ of the mask which in general is not necessarily integer. Then the
phase profile of SLM considering the thickness is calculated as

ooy =mod,” (.x,y"+Q0 2,0" Q2. 2
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The operation in 2 returns ” ,x, y” taking the values in the interval » Q 2, @ 2”. The parameter
mg is known as Fresnel order’ of phase-pattern. For mg = 1 this restriction to the interval »

" corresponds to the standard phase wrapping operation. For the experiments we will present in
next section my is fixed to 1.8 providing as the maximum phase thickness that our SLM supports
e.g. phase interval » 1.8 , 1.8 .

Piecewise Invariant Phase. The SLM-pattern is defined on 2D grid X, Y” with the computa-
tional sampling period (computational pixel) comp. We obtain a piece-wise invariant surface
for SLM after non-linear transformation of the absolute phase. The discrete uniform grid of the
wrap phase profile ” ,.x,y" to the N levels is givenas  ,,x,y" =h” ,x,y" Nc N, where bwc
stays for the integer part of w. The values of ,x,y" are restricted to the interval » Q 2, Q 2".
Q is an upper bound for thickness phase of ., y".

The physical size of the SLM’s pixel is m,,. The computational pixel o is naturally larger
than m,, and can be written as ¢y = Km,,, K is a natural number. ., serves in this design
as a lower bound for size of steps (invariant elements of phase-pattern). Larger ¢,y means a
simpler structure of phase-pattern and a simpler corresponding phase mask for implementation
of this phase modulation. Fresnel order Q, number of steps N and computational pixel comp
could be included in g7y as design parameters.

3.2. Extended-depth-of-field imaging

The optical setup implemented in this work to design a DOE using SLM following a hardware
in-the-loop strategy is depicted in Fig. 5 for the achromatic EDoF problem as illustrated in Fig. 3,
where ’Scene’ denotes objects under investigation; the polarizer, "P’, keeps the light polarization
needed for a proper wavefront modulation by SLM; the beamsplitter, 'BS’, governs SLM illumi-
nation and further light passing; the lenses "L;’ and "L’ form a 4f-telescopic system transferring
the light wavefront modified by SLM to the lens ’L3’ plane; the lens *L3’ forms an image of the
’scene’ on the imaging detector, "CMOS’. Since the main goal of this paper is to extend the DoF
of a photography camera we have three scenes located at different depths which are physically
implemented by three identical polarized 15.6” monitors (Blackstorm MobileMonitor. Their
Description can be found in https://www.verkkokauppa.com/fi/product/14167/mxvvq/Blackstorm-
MobileMonitor-15-6-Full-HD-kannettava-naytto).

Test images in “scene’ plane are displayed on these monitors with 1920 1080 pixels and 570
ppi. The distances d; for the monitors are 0.5, 1.0, 1.8 m. The image dataset we use as scenes
consists of 1000 high-resolution images (Image databases employed in the training stage can be
found in https://dataverse.harvard.edu/dataset.xhtml?persistentld=doi: 10.7910/DVN/1ECTVN).
We point out that the image sizes at each monitor (depths 0.5, 1.0, 1.8 m) are scaled in such a way
that the sizes of the corresponding registered images at the sensor are the same, in sensor pixel
512 512

For DOE implementation, we use the Holoeye phase-only GAEA-2-vis SLM panel, resolution
4160 2464, pixel size 3.74 m;’L;’ and ’L,’ achromatic doublet lenses with diameter 12.7 mm
and focal distance of 50 mm; BK7 glass lens L3’ with diameter 9.2 mm and focal distance 10.0
mm (approximately d;); ’"CMOS’ Blackfly S board Level camera with the color pixel matrix
Sony IMX264, 3.45 m pixels and 2448 2048 pixels. SLM allows us to study the hybrid optics
with the phase distribution of the designed DOE (implemented on SLM) additive to the imaging
lens ’L3’. The DOE phase was created as an 8-bit * bmp file and imaged on SLM. We calibrated
the SLM phase delay response to the maximum value of 3.6 (fresnel order equal to 1.8) for a
wavelength of 510 nm. This 3.6 corresponds to the value 255 of *.bmp file for the phase image
of DOE.
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Fig. 5. Experimental setup. P is a polarizer, BS is a beamsplitter, SLM is a spatial light
modulator. The lenses L; and L, form the 4f-telescopic system projecting wavefront from
the SLM plane to the imaging lens L3, CMOS is a registering camera. d; is the distance
between the scene and the plane of the hybrid optics, and d5 is a distance between the optics
and the sensor.

3.3. Inverse imaging: update for .

Data processing here solves the following problems: 1) inverse imaging (reconstruction of sharp
images from the registered blurred ones); 2) compensation of various errors such as phase
modulation errors in SLM, errors in demosaicing software, noise in CMOS, etc. The learning
NN approach within an end-to-end design is used to resolve these problems. In this work we
implement a DRUNet CNN architecture [51] illustrated in Fig. 4. We remark that this network
has the ability to handle various noise levels for an RGB image, per channel, via a single model.
The backbone of DRUNet is U-Net which consists of four scales. Each scale has an identity
skip connection between 2 2 strided convolution (SConv) downscaling and 2 2 transposed
convolution (TConv) upscaling operations. The number of channels in each layer from the first
scale to the fourth scale are 64, 128, 256 and 512, respectively. Four successive residual blocks
are adopted in the downscaling and upscaling of each scale. Each residual block only contains
one ReLU activation function. It is worth noting that the proposed DRUNet is bias-free, which
means no bias is used in all the Conv, SConv and TConv layers [51] since it has been empirically
observed that, for the network with bias, the magnitude of bias would be much larger than that of
filters, which in turn may harm the generalizability. And therefore would be more difficult to
have an acceptable reconstruction while designing the optics.

An appropriate loss function is required to optimize our inverse imaging to provide the desired
output. Thus, we use a weighted combination of PSNR between estimated and ground truth
images, L psyg, and perceptual losses given below by:

Perceptual loss: To measure the semantic difference between the estimated output and the
ground truth, we use a pretrained VGG-16 [52] model for our perceptual loss [53]. This is
motivated by the fact that in [53] has been reported that VGG promotes sharp details such as
edges, and rapid colour changes in an image making it suitable to design optics. To evaluate
this metric we have to extract feature maps between the second convolution (after activation)
and second max pool layers ”;;, and between the third convolution (after activation) and the
fourth max pool layers ”43. Then, the loss L p/cep is the averaged PSNR between the outputs of
these two activation functions for both estimated and ground truth images. This means we are
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using second, third and fourth layers of the VGG which returns feature maps [52] to estimate the
perceptual distance between the estimated and original image while designing the optics. For
more details about this semantic metric please refer to [52].

Adversarial loss: Adversarial loss [54] was added to further bring the distribution of the
reconstructed output close to those of the real images. Given the swish activation function [55]

as our discriminator D, this loss is given as L g4, = log,D,l."" where I,;; models the estimated
image.

Our total loss for the proposed CNN inverse imaging while training is a weighted combination
of the three losses and is given as, Lcyv = 1Lpsve + 2Lpercep + 3L aav, Where, 1, 2

and 3 are empirical weights assigned to each loss. In this work these constant are fixed as
1 = 1.0, 2 =0.6,and 3 = 0.1. Lastly, the parameters of this networks to be optimized are
summarized in = gof.

3.4. HIL optimizer: update for sy

We propose a nonlinear black-box optimizer that uses CMA-ES strategy in Algorithm 1 to
optimize the hyperparameter g75. The loss function to be optimized by CMA-ES is the
averaged PSNR between target image and estimates from CNN-based inverse imaging for each
distance 0.5,1.0,1.8 m, Ly.,.s. SrLM in Algorithm 1. Despite the fact that CMA-ES is a
Orh-order stochastic evolutionary search method, it can be viewed as 2nd-order since it estimates
a covariance matrix closely related to the inverse Hessian [50]. This feature allows CMA-ES
to handle badly conditioned problems. In fact, methods that require derivatives like Adam
[31], frequently used to optimize optics in current state-of-the-art methodologies, are in direct
contradiction to the HIL scenario, where the hardware is a black-box’ of unknown mathematical
model and as a result nondifferentiable. Additionally, the efficiency of the CMA-ES strategy
for Black-Box optimization of ISP is demonstrated by tuning a multi-objective highly nonlinear
optimization problem in [9].

4. Experimental results

In this section we evaluate and discuss the imaging results of the developed hybrid system over
the testing dataset. These results are shown in Figs. 6 and 7, respectively, for Scenarios 1,
and 2 as noted in Fig. 1. Remind that in Scenario 1 the three monitors display images of the
three distances from the sensor. This scenario is intended to evaluate the reconstruction quality
visually and numerically as well by PSNR values (since the groundtruth is known) for each of the
RGB color channels. Moreover, Scenario 2 is developed to evaluate EDoF where the scene is
composed by flowers located at different distances from sensor to validate the performance of our
design in real-world scenario. In this case, the quality of imaging can be evaluated only visually
(qualitatively since the groundtruth is not known).

Scenario 1. The results shown in Fig. 6 are presented in three rows, respectively, for three
depth distances (object-SLM): di = 0.5 m (row 1), di = 1.0 m (row 2), and d; = 1.8 m
(row 3). The groups of columns Groundtruth, Designed hybrid and Lens-only show the true
images as displaced by the three monitors for different depths, reconstruction by the developed
algorithm, and reconstruction by the lens-only system. In the last case, the SLM is switched off
(no phase modulation) and imaging is produced by the lens only. For a fair comparison, the
optimization of inverse imaging, in this case, is produced identically to those for the hybrid
system. The experiments with the lens-only are produced in order to evaluate the effects of the
phase-modulation by SLM. In the columns Designed hybrid and Lens-only, we can see blurred
images used for reconstruction as well as the zoomed fragments of the reconstructions shown also
for the true images. The zoomed sections for blurry and reconstructed images visually clearly
reveal that the lens system suffers from strong chromatic aberrations and the quality of imaging
is lost especially for defocus distances d; = 0.5 m and d; = 1.8 m. The best performance for the
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Fig. 6. Scenario 1. The reconstructed images with two zoomed regions at three different
distances (imaging monitor-SLM): d; = 0.5, 1.0, 1.8 m, for designed hybrid and lens-only
systems. The PSNR values are reported for each depth and each colour channel separately.
The high-quality imaging with PSNR values of about 25 dB for different imaging depths and
colours is achieved by the designed hybrid. In contrast, while the lens-only system performs
well for the infocus distance d; = 1.0 m and the imaging quality degrade essentially for the
oftf-focus distances.

both compared system is demonstrated for the focal distance d; = 1.0 m. However, the advantage
of the hybrid is well seen in qualitative and numerical comparison. For the defocus distances
the advantage of the designed hybrid is much more valuable. For instance, for d; = 1.8 m, the
improvement of about 2dB is in favor of the hybrid. Moreover, for the designed hybrid, the PSNR
values for different colours and depths are more or less the same at about 25 dB. It confirms that
the designed hybrid imaging indeed demonstrates achromatic EDoF imaging.

Scenario 2. In this experiment, the whole 3D scene is observed. It is the all-in-focus scenario
when the goal is to get in-focus images for all object of different distances from SLM. Figure 7
shows the performance for: the designed hybrid (column 5), lens + cubic absolute phase (column
4), lens-only (column 3), and two compound commercial cameras, mirrorless (column 1) and
smartphone (column 2) cameras. In this experiment, 6 flowers are located at the different
distances d; = 0.4 m (cherry blossom), 0.65 m (first red rose), 1.0 m (tulip flower), 1.6 m (second
red rose), 1.8 m (sunflower), and 1.9 m (magnolia flower) as it is shown in Fig. 1. It is worth
mentioning that for the mirrorless and smartphone cameras (compound optics), we adjusted the
focusing point to d; = 1.0 m (tulip flower) for a fair comparison with other imaging systems. For
infocus point (d; = 1 m), mirrorless camera produces the best result but with a narrowed DoF.
On the other hand, the imaging quality for the smartphone camera is not good for distances less
than 1.0 m.

The imaging results are presented in row 3. For more detailed comparison, the three zoom
fragments of these images corresponding to different distances d; are shown in rows 4, 5, and
6. The visual advantage of the hybrid in both the sharpness of imaging and the proper colour
preservation is quite obvious. The lens-only and cubic hybrid system exhibit strong chromatic
aberrations with less imaging accuracy for both focus and out-of-focus situations similar as it was
seen in Fig. 6. The most important in these experiments is a comparison of our designed hybrid
versus the compound lens of the mirrorless and smartphone cameras, where the designed hybrid
clearly shows better all-in-focus imaging. In addition to these experiments, we acquired a video
of the sunflower moving in the depth range (1.9-0.3) m. A few frames of this video are presented
in column 6 of Fig. 7. One may note that despite of the distance variations the sunflower imaging
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Fig. 7. Scenario 2. Comparison of the diffractive optics versus the compound lens of the
mirrorless (85 mm focal length with F22) and the smartphone cameras. The obtained images
are presented in row 3 with their enlarged fragments in rows 4, 5, 6 corresponding to three
oft-focus distances d; = 0.4,0.65, 1.9 m, respectively. For comparison also included results
obtained by lens-only and lens + SLM of cubic phase-pattern. The visual advantage in
sharpness and colour preservation is clearly in favour of the designed hybrid. The images of
the sunflower moving in the d; depth range 1.9-0.3 m are shown in column 6. The sharpness
and colour presentation are very good despite variations of distance. More real-life results
are presented in supplemental material.
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is sharp with good color preservation for all distances. Note, that the shown frames are given for
distances different from those used in optimization. In summary, these experiments suggest the
effectiveness of the HIL-SLM methodology for designing diffractive imaging systems.

4.1. Effects of HIL design for achromatic EDoF imaging

In this subsection we illustrate a huge advantage of the HIL design versus the model-based design
where the inverse imaging is produced using the colour (RGB) channel optical transfer functions
(OTFs) especially derived for EDoF imaging [13]. The DOE of the hybrid optics is designed for
the lens (diameter 6 mm, focal distance 5 mm) in the frame of the model-based approach using
our differentiable model developed in [24]. We implement this designed hybrid optics in the HIL
formulation where SLM imitates DOE phase-delays. To evaluate achromatic EDoF we exploit
Scenario 2, where the scene is composed by real objects at different distances from the sensor.
The all-in-focus image is obtained using two image reconstruction methods: model-based (as
in [24]) and learning-based using CNN as shown in Fig. 4. For the model-based approach, the
honest procedure to estimate the all-in-focus scene is using the simulated PSFs of the designed
optics instead of the experimental ones as it is massively used in the state-of-the-art. The results
of this experiment are reported in Fig. 8.

In Fig. 8 we experimentally compare the performance of the designed hybrid optics with the
mobile phone camera following to the approach and results given in our work [56]. The scene
consists of 5 objects located at different distances from 0.4 m to 1.9 m, approximately: d; = 0.4 m
(Train Wagon), 0.65 m (locomotive), 1.15 m (ThorLab snack box), 1.2 m (Dwarf Christmas
Santa Claus Doll), and 1.9 m (Panda toy). It is worth mentioning, that for smartphone camera
(compound optics), we adjusted the focusing distance to d; = 1.0 m as it is for the hybrid system.

For the model-based image reconstruction technique (middle column), the scene is reconstructed
using the calculated colour channel OTFs and the inverse imaging according [24]. Contrary
to it, the learning-based inverse imaging uses the trained UNet. For a detailed comparison,
the four zoomed fragments of the images are shown in rows 3, 4, 5, and 6 which correspond
to the scene’s objects of different out-of-focus distances. Comparing middle and right hand
side columns, we may note an obvious advantage of the learning-based inverse imaging. The
model-based approach is not able to recover all details, the output image is still blurry, and
chromatic aberrations are strong. There are a number of reasons for this advantage. First of
all, it concerns a mismatch between reality and the analytical modelling of image formation by
PSFs. Second, the mosaicing/demosaicing are not included in our modelling. The leaning-based
approach allows successfully compensate these drawbacks of the analytical modelling. It is
worth mentioning here that despite the fact in Figs. 7 and 8 (right hand side column) the same
CCN was used to estimate the all-in-focus image, the overall imaging quality achieved by the
HIL design in Fig. 7 is superior than the quality we can achieve with a design obtained by the
differentiable model in Fig. 8, suggesting the effectiveness of our HIL design methodology.

Comparison of the learning-based hybrid imaging (right hand side column) versus the
smartphone camera imaging (left hand side column) results in an exciting conclusion about
the advantage of the hybrid diffractive imaging. This advantage is obvious for sharpness of
images for all distances. Thus, hybrid imaging demonstrates high-quality all-in-focus imaging.
Concerning colour aberrations: red and green perhaps not be properly presented by the hybrid
but the white colour is definitely perfect. Thus overall, the hybrid diffractive imaging can be
tread at least as quite competitive and even advanced with respect to the commercial smartphone
camera with multi-lens optics. Here we need to note that the white balance and correction
procedure have been produced for the images reconstructed by the hybrid system in order to have
a fair comparison with the smartphone camera.
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Fig. 8. Comparison of the designed hybrid diffractive imaging using differentiable model
in [24] versus the compound lens camera of a last generation smartphone. For the designed
hybrid, two image reconstruction approaches are employed (columns 2 and 3) to recover the
blurred image on the sensor: digital model-based and learning-based. The obtained images
are presented in row 3 with their enlarged fragments in rows 4, 5, 6, and 7 corresponding to
four off-focus distances d; = 0.4,0.65,1.2,1.9 m, respectively. By comparing the results
over the recovering approaches in the designed hybrid (columns 2 and 3), the advantage of
using a deep UNet-style CNN is clear. For the smartphone camera, the imaging quality
is not good for the close and far distances. The visual advantage in sharpness and colour
preservation is clearly in favour of the designed hybrid imaging.
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5. Conclusion

It is shown in this paper that the optimized hybrid optical system composed from refractive lens
and DOE in the scenario of achromatic EDoF imaging demonstrates advanced performance
as compared with: the single refractive lens, lens + cubic absolute phase component, and
two compound commercial optics, a last generation smartphone and a mirrorless cameras. In
experiments, the hybrid optics is implemented by optical projection of the SLM phase pattern
on a lens plane for the visible wavelength interval (400-700) nm and the depth-of-field range
(0.4-1.9) m. Multiple results comparing the developed DOE imaging system with advanced
conventional compound multi-lens optics such as a mirrorless and a smartphone cameras show
its competitive imaging quality and advanced in all-in-focus sharp imaging.
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