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ABSTRACT

We present an accommodation-invariant computational near-
eye display based on the extended depth of field imaging. The
eyepiece of the display consists of a diffractive optical ele-
ment (DOE) that is used in tandem with a conventional refrac-
tive lens. The DOE is co-designed with the pre-processing
convolutional neural network, which is analogous to the
post-processing deblurring networks in image capture. We
demonstrate through simulations that such system achieves
accommodation-invariant imaging within 2 Diopters depth
range without significantly sacrificing spatial resolution.

Index Terms— Computational near-eye displays, Optics,
Neural networks

1. INTRODUCTION

The conventional near-eye displays are based on the sim-
ple stereoscopy principle, i.e., they create binocular cues by
delivering corresponding view images to each eye. How-
ever, such displays suffer from the well-known vergence-
accommodation conflict (VAC) [l 2], due to their failure to
recreate the focus cues. The VAC has been reported to be
an important factor that causes visual discomfort, such as
fatigue, nausea and eye tiredness [/1].

Various methods have been proposed in the literature to
address the VAC problem mainly by enabling the focus cues.
In-depth review of such methods for the near-eye displays can
be found in [3, 4], which include varifocal [5] or multifocal
approaches [6], light field (LF) displays [7, 8l 9], and holog-
raphy [10]. Each method has been demonstrated to allevi-
ate the VAC to some extent at the cost of various trade-offs.
For instance, the LF displays are able to stimulate all neces-
sary depth cues by delivering the desired LF (the set of rays
within the eye pupil with desired 4D spatio-angular distribu-
tion); however, such systems often suffer from the so-called
spatio-angular trade-off, which decreases the spatial resolu-
tion of the displayed content [7, 9]

This paper addresses the VAC problem through extended
depth of field (EDoF) imaging. In particular, by designing a
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computational display with depth-invariant point spread func-
tions (PSFs) on the retina, we aim to remove the optical defo-
cus blur cue. In such a case, the eye is expected to focus at the
intended converged depth, due to disparity-driven accommo-
dation. Such accommodation-invariant (Al) display approach
has been previously implemented through various techniques.
In the Maxwellian-type displays [[11]], the image is projected
to each eye through a small (pinhole) effective aperture within
the pupil, which naturally increases the depth of field (DoF)
at the cost of light throughput. In [12], a focus tunable lens is
employed as the eyepiece, where a deep scene can be sharply
displayed by changing the focal depth of the display faster
than the temporal resolution of the eye. Similar idea has been
used before in the context of EDoF projectors [13]. In the
same use-case, amplitude-coded aperture based EDoF imag-
ing approach [14] is another related work to mention.

Our Al near-eye display method is based on EDoF
through phase-coded computational imaging. We co-design
the DOE, which is used in tandem with a conventional (re-
fractive) eyepiece, together with the pre-processing deblur-
ring algorithm that is implemented as a convolutional neural
network (CNN). In particular, this approach is inspired from
and is analogous to our recent work on EDoF image capture,
where we propose a hybrid lens computational camera em-
ploying a DOE used for wavefront coding and CNN-based
post-processing deblurring algorithm that are jointly opti-
mized [15]. The main novelty of our approach in this paper
is that it achieves EDoF (hence Al) near-eye visualization
in a significantly large depth range (up to 2 Diopters (D))
by using only static optical elements, i.e., a hybrid refractive
lens and a DOE. Thus, it has a potential to alleviate several is-
sues related with above-mentioned (active) time-multiplexing
based imaging techniques, such as need of high speed display,
synchronization, high cost optics, etc.

2. METHOD

Fig. [T] illustrates the proposed algorithm. The inputs to the
network are all-in-focus image I, which are desired to be de-
livered to the viewer, and the depth z, where the eye is as-
sumed to be focused. The network output, I?, is the simu-
lated perceived image. The network can be divided into two
main parts, namely the display and the pre-processing. The
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Fig. 1: Overall representation of the proposed method.

display model simulates the perceived image I?, for a given
display input I¢ and focused depth z. As analogous to the
post-processing in the EDoF cameras [15], we introduce the
pre-processing model to compensate the display model in ad-
vance, which takes I as input and outputs . Finally, we
compute the loss between [ and I?, and co-optimize both the
display design (i.e., the DOE) and the pre-processing via gra-
dient descent method. During training, the accommodation
distance z is changed randomly at each iteration, optimizing
the system to operate in an extended scene depth. In the fol-
lowing, we describe the display model and the pre-processing
network in more details.

2.1. Display
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Fig. 2: Proposed near-eye display setup.

Fig. (2] illustrates the image formation model of the pro-
posed computational near-eye display. The display optics at
the lens plane consists of an underlying refractive lens and a
DOE. We assume an aberration-free eye and in the forward
model we simulate the (diffraction-limited) perceived image
at the so-called reference plane, at which the eye is assumed
to be accommodated. In other words, the reference plane rep-
resents the conjugate plane of the retina, which is assumed to
be planar. Considering incoherent monochromatic illumina-
tion at wavelength A, the system PSF can be derived via the
so-called generalized pupil function [16]],
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where A(s, t) is the circular aperture function, ® (s, t) is the

phase delay due to the DOE,
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is the defocus coefficient, k = 27/ is the wavenumber, f) is
the effective focal length of the underlying refractive lens at
the wavelength A, and 7 is the radius of the circular lens (and
DOE) aperture. The incoherent PSF (for a point source on the
display) at the reconstruction plane can then be written as

hz(z,y) o< | F{Q(s, 1)}, 3)

where F{.} is the Fourier transform operator. Finally, the
perceived image I7 , (x,y), is found as

If’)\(l',y) :I;\i(w7y)*hz,)\(xay)7 (4)

where I¢{(z,y) is the display image and * is the convolution
operator.

During training, the phase delay introduced by the DOE,
®, is chosen as the optimization parameter of the display
model, as illustrated in Fig. m Phase modulating elements,
such as a free-form refractive lens or a DOE exhibit color dis-
persion, due to material properties and also diffraction phe-
nomenon in the case of DOE. For such a phase mask with
given thickness function (height map) of d(s,t), the intro-
duced phase delay at wavelength A\, ® is given by

D) (s,t) = k(ny — 1)d(s,t), Q)

where n, is the wavelength-dependent refractive index. In the
proposed implementation, we optimize the DOE using RGB
color images in the training, assigning a distinct wavelength
to each color channel. The discrete samples of the phase pat-
tern @y, (s, t) for the specified nominal wavelength of Ag are
chosen as the optimization parameters, from which the phase
delay for another wavelength (color channel) can be derived
using Eq.[5]as
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Similarly, there exists a constraint between the effective fo-
cal lengths f) of the refractive lens for each color channel.
Assuming the thin lens model and using Eq.[5] one can derive
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2.2. Pre-processing

Since the perceived image (at the reconstruction plane) is
desired to be as sharp as possible, a pre-processing stage
is required before the display stage. Thus, given a sharp
desired image I at a given reconstruction plane, the pre-
processing stage is to encode this image in such a way that
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Fig. 3: The pre-processing network (D-CNN) based on U-net
architecture [17]].

when the display optically decodes the (digitally) encoded
image, it appears to be as sharp as possible at the reconstruci-
ton plane. This approach is illustrated in Fig. 3] where the
pre-processing stage is implemented as a deblurring CNN (D-
CNN). We utilize the U-net architecture [17]] as the D-CNN,
which has been demonstrated to be promising in various im-
age restoration problems. U-net is a multi-level network that
includes a contraction (encoding) and an extension (decod-
ing) path, accompanied by skip connections at each level.
The encoding part consists of 3 x 3 convolution kernels with
ReLU activation functions, shown as graded yellow in Fig.[3]
The feature maps are then downsampled via 2 X 2 max pool-
ing layer with stride 2 (the red blocks). The channel sizes
after each convolution are given under each box, which are
doubled after each downsampling. At the decoding step, the
feature maps are upsampled with transposed convolution (the
blue boxes in the figure) of size 2 x 2, with the upsample
parameter set as 2. The upsampled feature maps are then
concatenated with the output of the encoding layer of the
corresponding level, shown as skipped arrows in the figure.
Finally, we utilize 1 X 1 convolution layer to map the network
output to the original image size of 3 channels. In order to
account for the dynamic range of the physical display, we
clamp the network output to be in between 0 and 1, shown as
purple. The output of the clamp layer, I¢, is then driven to
the display model.

2.3. Loss function

The output of the display model, I?, is compared to the cor-
responding all-in-focus image [ via a regularized L1-loss.
That is, for a given batch of N ground-truth color images
(I, 12, ...,In) and outputs (I{, I, ..., I%;), the employed re-
construction loss is

N
1
E(L 1) = 5 3 (I = Bl + aR (L, 12), (8)
n=1

where R(I, I?) is the regularization term and « is the reg-
ularization weight. We utilize the dark channel prior as the
regularization term [18]], which has been demonstrated as a
powerful prior for several image restoration problems, such

as image deblurring [[19] and dehazing [18]. The dark chan-
nel is defined as the minimum color intensity within a patch,
ie.,
J(x)=  min min 1, , 9
( ) Ae{R,G,B} yeQ(x) A(y) ©)
where x,y are the pixel indices and Q(x) is the local patch
around x. We define the regularization term as the weighted
L1-norm of the output dark channel, i.e.,

R(I,17) = [|Bexp(=7J) " |1, (10)

where the weight Sexp(—vJ) is introduced to decrease
the importance of the pixels corresponding to the bright re-
gions of the ground-truth. In our implementation, we set
B8 = 0.005,v = 10, and the local patch size as 17 pixels.

3. SIMULATION RESULTS

We utilize an off-the-shelf plano-convex (fused silica) lens as
the underlying refractive lens with the aperture radius of r =
5mm and the effective focal length of f,, = 30mm at the
specification wavelength of Ay = 587.6nm. The material of
the DOE is also assumed to be fused silica with the refractive
indices of ny, = 1.458,ny, = 1.461,n,, = 1.466. The
computational display is optimized for color (RGB) images,
where the R, G and B channels are assumed to be represented
by Ag = 600nm, A\g = 530nm, A\ = 450nm, respectively.

We set the lens-to-display distance as zq = 28.9mm,
such that the refractive lens is focused at around 1D from the
viewer at the nominal wavelength of Ag = Ag. The assumed
display has 8.6um pixel pitch, delivering 30 cycles per de-
gree (CPD) spatial resolution. The target depth range is set
to between OD - 2D, which corresponds to the defocus range
of || < 218. Following the procedure in [13], the optimum
sampling rate of the DOE, A, is derived based on the scene
depth range and found as Ay = 9um. Please note that such
sampling pitch is only used during training. The test simu-
lations demonstrated below are performed using the (bicubic)
upsampled mask at 3um sampling, which represents a typical
fabrication resolution for the DOE.

The network is trained for 32 epochs using 256 x 256 im-
age patches from the data set [20]. At each iteration, the re-
construction depth z is picked randomly from uniformly dis-
tributed discrete depths of {0D, 0.5D, 1D, 1.5D, 2D}. We use
Adam optimization [21]], with the initial learning rate and the
weight decay of le-3 and le-4, respectively.

Fig. @] illustrates the height profile of the optimized phase
mask, at upsampled resolution of 3um. We also provide color
PSFs at four different accommodation depths. As one main
characteristics of the wavefront coding [22], the PSFs are
kept nearly fixed along a wide depth range. In conventional
lenses, the PSF spreads quickly as the accommodation dis-
tance gets further away from the display focal plane. How-
ever, such systems typically provide sharper PSFs at the focal
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Fig. 4: The optimized height map at assumed fabrication reso-
lution of 3pum (a), and color PSFs at different accommodation
depths (b).
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Fig. 5: Comparison of the near-eye displays with three differ-
ent optics, the conventional stereoscopic display with single
refractive lens (a), Al display with focus tunable lens (b),
the proposed method with refractive lens and optimized phase
mask (c). The PSNR values are given under each image.

plane, therefore higher spatial resolution images. The pro-
posed method can be thought as distributing the spatial im-
age quality equally along the scene depth, while keeping the
degradation around the focal plane at acceptable levels. As
demonstrated below, this is enabled by the jointly designed
pre-processing network and display optics, i.e., DOE.

The proposed algorithm is compared with the conven-
tional stereoscopic display (with refractive lens eyepiece),
and one of the state-of-the-art Al displays proposed by Kon-
rad et.al. [12]. The latter takes advantage of a focus tunable

lens to sweep through the desired accommodation range,
where the perceived PSF is modeled as the average of the
individual PSFs corresponding different focal depths and a
Wiener deconvolution-based pre-processing is applied based
on this average PSF. We simulate this approach with three
different focal depths, namely at 0D, 1D, and 2D. Such con-
figuration is suggested by the authors as a good compromise
between the spatial resolution and EDoF range. The meth-
ods are tested using a synthetic image from the TAU Agent
Data set [23], assuming the accommodation distances of
2D, 1.25D, 1D, and OD. Fig. [j illustrates the results. The
peak signal-to-noise ratio (PSNR) values are given as ob-
jective measures for each approach in the figure, where the
best values are given in bold. As can be seen in the figure,
the amount of blur significantly changes in the conventional
display (a), making the eye accommodate around the focal
plane. The focus tunable Al display (b) delivers significantly
higher resolution images at OD and 2D that are away from the
focal plane of the conventional display at 1D, at the expense
of degradation at and around the focal depth. The proposed
method (c), on the other hand, seems to deliver notably higher
resolution images at all test depths, which is likely to elim-
inate the optical defocus blur cue as targeted. In particular,
the image quality does not also decrease at the intermediate
depth of 1.25D, which was not included during training. This
demonstrates that the proposed method provides accommo-
dation invariance in a continuous fashion, i.e., similar quality
is achieved both at the training depths and in between.

4. CONCLUSION

This work proposes a novel Al computational near-eye dis-
play to address the vergence-accommodation conflict. The
underlying EDoF imaging approach with co-designed DOE
and pre-processing CNN is demonstrated to advance exist-
ing similar techniques in terms of perceived spatial resolution
in the entire depth range of interest. The proposed method
has also other clear advantages compared to the existing Al
near-eye displays in the literature. Most importantly, we em-
ploy static optics, which is easily integratable into conven-
tional headsets and compatible with any commercial 2D dis-
play units, such as OLEDs.

At this stage we demonstrate Al visualization in 2 Diopters
depth range, which might not be sufficient in display of
deeper scenes. Nevertheless, we believe that there is still
room for improvement, e.g., by employing better optics or
pre-processing network. As a future work, we plan to imple-
ment a prototype to demonstrate our approach in practice. In
particular, we will validate it through subjective accommoda-
tion tests.
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