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Deep lens optimization has recently emerged as a new paradigm for designing computational imaging
systems, however it has been limited to either simple optical systems consisting of a single DOE or met-
alens, or the fine-tuning of a compound lenses from good initial designs. Here we present a deep lens
design method based on curriculum learning, which is able to learn optical designs of compound lenses
ab initio from randomly initialized surfaces, therefore overcoming the need for a good initial design. We
demonstrate this approach with the fully-automatic design of an extended depth-of-field computational
camera in a cellphone-style form factor, highly aspherical surfaces, and a short back focal length.
© 2023 Optica Publishing Group
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1. INTRODUCTION

Deep Lens design has recently emerged as a promising new
paradigm for jointly optimizing optical designs and downstream
image reconstruction methods [1–6]. The Deep Lens frame-
work is powered by differentiable optical simulators and op-
timization based on back propagation (or reverse mode auto-
differentiation) in combination with error metrics that directly
measure final reconstructed image quality rather than classical
and manually tuned figures of merit. As a result, the reconstruc-
tion method (typically in the form of a deep neural network)
can be learned at the same time as the optical design parame-
ters through the use of optimization algorithms known from
machine learning.

This paradigm has been applied successfully to the design
of single-element optical systems composed of a single diffrac-
tive optical element (DOE) or metasurface [1, 6–11]. It has
also been applied to the design of hybrid systems composed
of an idealized thin lens combined with a DOE as an encoding
element [3, 12–17]. In this setting, the thin lens is used as an ap-
proximate representation of a pre-existing compound lens, while
the DOE is designed encode additional information for specific
imaging tasks such as high dynamic range imaging [3], hyper-
spectral imaging [7–9], sensor super-resolution [1, 13], extended
depth of field [4], or cloaking of occluders [16].

Most recently, there has been an effort to expand the deep
lens design paradigm to compound optical systems composed
of multiple refractive optical element [4, 5, 18–20]. The core
methodology behind these efforts is optical simulation based
on differentiable ray-tracing, in which the evolution of image

quality can be tracked as a function of design parameters such as
lens curvatures or placements of lens elements. Unfortunately,
this design space is highly non-convex, causing the optimization
to get stuck in local minima, a problem that is familiar from
classical optical design software [21–24]. As a result, these
methods can only fine-tune good initial designs, or else require
constant manual supervision, which is not suitable for joint
design of optics and downstream algorithms.

In this work we eliminate the need for a good initial design
and continuous manipulation in the optical lens design pro-
cess by introducing an automatic method based on curriculum
learning. This learning approach allows us to obtain classical op-
tical designs fully automatically from randomly initialized lens
geometries, and therefore enables the full power of Deep Lens
design of compound refractive optics in combination with down-
stream image reconstruction. The curriculum learning approach
overcomes local minima in the optimization by initially solving
easier imaging tasks including a smaller aperture and field of
view, and then progressively introducing more difficult design
objectives. It also uses new strategies for controlling distortion
and lens shapes, and effectively focusing the optimization on
image regions with high error.

To illustrate the power of this new framework, we use if
for designing an extended depth of field (EDoF) computational
camera with cellphone-like form factor, highly aspherical lenses,
and a short back focal length, where one of the lens elements has
a cubic phase term added, similar to wavefront coding [25–29].
This results in an almost depth invariant PSF from which an all-
in-focus image can be recovered by the reconstruction network.
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Fig. 1. Overview of the DeepLens design pipeline and curriculum learning strategy. The pipeline is composed of two modules: a differentiable
ray tracing engine (a) to simulate camera sensor images, and an image recovery network (b). (a) Differentiable ray tracing learns an optical lens
by directly optimizing the final image quality. In the forward pass, the sensor image is simulated by ray tracing rendering. In the backward pass,
image errors are back-propagated to learn lens parameters. (b) The simulated sensor image can then be fed into the downstream image recovery
network for better quality or different applications. By end-to-end learning the network and the optical lens, we can find the best match between the
two modules. (c) A curriculum learning approach along with distortion and shape control strategies are proposed for fully automated lens design.
Starting with a random structure, a complex optical lens can be designed without any human intervention.

To our knowledge this is the first design of an EDoF camera
in this mobile device form factor, which is complicated by the
strong spatial variation of aberrations across the image plane.
In the supplemental material we also show several examples of
classical optical designs without downstream image processing.

We believe that our proposed method bridges the
gap between optical design and image processing and
will lead to a general framework for any end-to-end
Deep Lens design application. The code is relased at
https://github.com/vccimaging/DeepLens.

2. METHODS

A. Differentiable Ray Tracing

The deep lens optimization uses differentiable ray-tracing [4, 5,
20] as an optical simulator. Briefly, the core concept of differen-
tiable ray-tracing is to keep track of derivative information while
performing the calculations of a classical ray-tracing rendering.
This allows us directly back-propagate errors in the final image
quality to update optical design parameters such as lens curva-
tures or positions of optical elements (see Fig. 1(a)). In this way,
the final image quality replaces the heuristic, hand-crafted merit
functions used in conventional lens design. Crucially, the final
image quality may also be assessed after a computational image
reconstruction or post-processing step, allowing for the joint end-
to-end optimization of the optical design and the reconstruction
algorithm (Fig. 1(b)).

In particular, our work builds on top of the dO engine [5],
which provides a memory-efficient differentiable ray-tracing
framework that enables complex design tasks on desktop com-
puters. Please see [5] and Supplement 1 for more details on the

basic differentiable ray-tracing operations.
In this work we make use of several new strategies that sup-

port fully-automated learning of designs. This include ways to
control and compensate for lens distortion as well as degener-
ate lens geometries, both of which are crucial during the initial
stages of a optimization, when the design is still far from a feasi-
ble solution. An adjoint rendering method is also proposed to
solve the memory problem in differentiable ray-tracing.

Distortion Relaxation

The straightforward way to form a loss function based on image
quality is a direct pixel-wise comparison of the object plane and
the image plane. This forces a reduction of geometric distortion
in the optical system, while in some cases we want to relax
the distortion in order to better control other optica aberrations.
Then we can either correct the geometric distortion manually or
design a reconstruction network to compensate for it.

To achieve this we estimate the distortion of the current de-
sign by tracing the chief rays, and then align the object and the
image with image warping. An example is shown in Fig.2(a),
assuming that the lens has a barrel distortion, we pre-distort the
object with the inversed pincushion distortion. This step can be
done by sampling the ground truth with the original barrel dis-
tortion map. During differentiable ray-tracing, two distortions
will cancel out, and the sensor image will be distortion-free. We
compare sensor image with the original ground truth to com-
pute the loss function. In this way, the distortion is excluded
from the loss function, and only local aberrations are optimized.

To control the amount of permissible distortion, we optionally
penalizing the magnitude of the alignment error in addition to
the image quality based loss:

https://github.com/vccimaging/DeepLens
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L = α‖ Ĩ(I; θ)− I‖2
2 + (1− α)‖ Ĩ(F (I); θ)− I‖2

2 (1)

where θ denotes the lens parameters, I is the ground truth image,
Ĩ is the rendered sensor image, and F (I) is the warpped object
image. Weight coefficients α1 and α2 are used to balance two
terms, controlling the amount of distortion. For example, α = 1
optimizes a distaortion-free lens, just like previous works.

Controlling Abnormal Shapes

To avoid abnormal lens geometries such as self-intersection dur-
ing the training process, especially for the optimization of as-
pherical lenses, we propose an angular regularization term by
penalizing the rays incident on the lens at oblique angles. It is
important to note that abnormal geometries should be avoided,
not only for the numerical stability of the optimization process,
but also to improve the manufacturing tolerances of the final
design. As shown in Fig.2(b), the angular regularization term
maximizes the dot products of the incident rays and the surface
normal, as follows:

Lreg =
spp

∑
k

M

∏
m

dkm · nkm, (2)

where spp is the number of rays sampled from each pixel, and
M is the number of lens surfaces. d and n are normalized ray
direction and surface normal vector, respectively. For implemen-
tation, we track an additional term in the ray tracing process to
record the incident angularity information. Experimental results
show that this angular regularization helps to design smooth
optical paths and avoid self-intersecting lens surfaces during the
optimization process.

For more details and implementations of above discussed
methods, see Supplement 1.

Adjoint Rendering for Memory Saving

End-to-end training of differentiable ray-tracing consumes a
large amount of memory. Existing approaches either compute
adjoint derivatives [30, 31] in the forward pass, simplify inter-
mediate computations [5], or use small sensor resolutions and
spp [4]. We overcome this problem by recalculating the ray-
tracing rendering during backpropagation, as in [32]. First, we
perform a ray-tracing rendering to simulate the sensor image
without tracking gradient information. Then, we feed the image
into the reconstruction network and back-propagate the gradi-
ents to update the network to obtain an error image. Finally,
we re-perform differentiable ray-tracing and back-propagate the
error image to obtain the lens gradient. In experiments, this
adjoint rendering approach coupled with a patch segmentation
strategy reduces the memory consumption to a constant level.

B. Curriculum Learning for Automatic Lens Design
Designing a complex imaging lens is a highly non-convex prob-
lem, as the search space contains a large amount of local minima,
saddle points and flat regions [22–24], which may cause the
design process to get stuck in configurations that are locally
optimal but have poor performance globally. During the opti-
mization, the lens is often led to destructive structures, such as
self-intersection and aggressive aspherical shapes. Conventional
lens design methods are incapable of addressing these corrupted
structures and therefore require the manual intervention of an
experienced optical engineer in the optimization process. Con-
trol of distortions ad degenerate geometries helps reduce the

issues especially early in the optimization process, but they do
not prevent local minima later on.

To overcome local minima and enable fully automatic design,
we adopt a curriculum learning approach, whereby the final
design goal is broken down into steps that progress from an
easy design task to progressively harder tasks until the ultimate
goal is achieved. Specifically, our curriculum for lens design
is based on two well-known observations: 1) geometric optics
aberrations are minimized for small apertures, and 2) paraxial
regions are less aberrated than large angles. Consequently the
lens design curriculum starts by optimizing the lens for a small
aperture and field of view and gradually increasing both to the
final design specifications.

As shown in Fig 1(c), we can directly optimize an imaging
lens from several planes. The first lens design (57.3◦, F/3.2)
does not have an aggressive shape because the target is easy.
Then we gradually increase the FoV and F-number, but only
slightly at each step so that the increase in difficulty stays within
a reasonable range (63.0◦, F/3.0). As the optimization proceeds,
the lens shape becomes more and more complex, as shown in
Fig. 1(c). Finally we increase FoV and F-number to the design
target (68.8◦, F/2.8), and after fine-tuning we can obtain an imag-
ing lens with optical performance close to the diffraction limit.
The curriculum strategy with increasing FoV and F-number can
be understood as follows: larger aperture sizes introduce more
off-axis rays that are difficult to converge, while large FoV rays
are more sensitive to surface shape according to Snell’s law.
Therefore, directly designing large FoV and F-number is more
likely to fail. In contrast, starting with smaller apertures and
FoV making the optimization easier.

Another part of the lens design curriculum is a mechanism
by which the optimization can focus on improving a certain
region of the image plane. Especially when designing highly
aspherical lenses, it is possible to arrive at local minima where
most of the image is sharp, but some small regions still suffer
from aberrations. In this situation the overall image gradient
may not be sufficient to get out of this local minimum. Instead,
we introduce a dynamic weight mask that can automatically
focus on improving problem regions (see Fig. 2(c)). To form the
weight mask, we first calculate the per-pixel spot RMS error and
then apply an activation function to it. The weight mask M is
computed at the beginning of each training epoch. Then, the
problem regions will have a higher weight in this training epoch.
With the weight mask, the complete loss function can be written
as

L = ‖M( Ĩ − I)‖2
2 −ωLreg (3)

where ω is the weight term for the angular regularization.
The proposed curriculum learning approach enables us to

optimize a complex lens from a random initialization starting
point without any intervention. An example is shown in video.
Please check Supplement 1 for detailed implementations and
results.

C. End-to-end Learning for Extended-Depth-of-Field Imaging
Differentiable ray-tracing simulates and optimizes the sensor
image, which enables us to feed the image into the downstream
network and jointly optimize the network and the lens. This
co-design idea has been superior to conventional single-part op-
timization in many applications [3–5, 12, 33–35]. Specifically, we
focus on extended-depth-of-field (EDoF) imaging, which aims
to obtain all-in-focus images over a wide range of depths. Clas-



Research Article Optica 4

Pre-warp Render

GT Object image Sensor image

(a) (c) Select problem regions

Weight mask

Incident ray

Output ray

d

𝑛!

n

Optical surface

(b)

𝑛"

Ground-truthSensor image

Masked image loss

Fig. 2. Strategies used in the curriculum learning approach. (a) To allow for geometric distortion in the final designed lens, we can relax the distor-
tion during the training. For example, if a lens has barrel distortion, we pre-warp the ground truth image with a pincushion distortion and use the
result as the object image. The sensor image is distortion-free compared to the ground truth image. (b) We penalize rays with large incident angle
〈d, n〉, which may lead to anomalous surface shapes. (c) A weight mask is used to dynamically improve a region of the image plane to bring the
optimization away from local minima.

sical imaging lenses suffer from a shallow depth-of-field when
using a large aperture, but computational cameras can exceed
this constraint. The odd-polynomial surfaces (e.g., cubic phase)
has the property of producing depth-independent PSFs [36–39]
and are therefore used to form an EDoF lense. The height profile
of an odd-polynomial surface can be written as:

z(x, y) =
n

∑
i=1

(aix2i+1 + biy2i+1), (4)

where coordinates{a1, ...an} and {b1, ...bn} are optimizable coef-
ficients, and n is the polynomial degree. The degree n is user-
defined and can be increased to allow for finer control of the
surface height profile, in the experiments we used n = 2.

A common way to use the odd-polynomial surface is to insert
a plate at the aperture position, which is usually the first surface
of a smartphone lens. In addition, we investigate an aspheric-
odd-polynomial hybrid surface to replace the first surface of
the original imaging lens. This hybrid surface is formed by
combining an aspheric surface with an odd-polynomial surface:

z(r) =
r2

R
(

1 +
√

1− (1 + κ)r2/R2
) + α2r2 + α4r4 + · · ·

︸ ︷︷ ︸
aspherical

+
n

∑
i=1

(aix2i+1 + biy2i+1)︸ ︷︷ ︸
odd−polynomial

.

(5)

where the first part is an aspherical surface. r =
√

x2 + y2 is
the distance from the axis, R is the radius of curvature, κ is the
conic, and αi are the the polynomial coefficients of the aspherical
surface.

As a trade-off, the odd-polynomial surface produces much
larger PSFs, which blurs the sensor image. Therefore, an image
reconstruction network is neccessary after capturing sensor im-
ages. We then jointly optimize the odd-polynomial polynomial
coefficients and the network to find the best match between the
two components. We used NAFNet [40] as the image reconstruc-
tion network without modifying the architecture. NAFNet is a
UNet-shaped network with optimized inter- and intra-blocks,
making it computationally efficient and easy to train. In adition,
NAFNet shows SOTA performance on several image deblur-
ring tasks when we conducted experiements. Considering the
balance between performance and computational efficiency, we
believe it is well suited for our end-to-end EDoF training.

Following the idea of the curriculum learning, we first design
a good imaging lens and then optimize the odd-polynomial
coefficients for EDoF imaging. After obtaining the imaging lens,
we no longer use the weight mask and angular regularization.
A white Gaussian noise of σ = 0.001 is added to simulate the
sensor noise. Taking advantage of modern advances in image
recovery techniques, we design a loss function with pixel-level
loss and perceptual loss to obtain the best output quality. To
obtain similar images over the extended depth range, we used a
regularization term to minimize the differences in the simulated
images. The total functional loss is:

L = ∑
d
[Lpixel( Īd, I) + α1Lpercep( Īd, I)] + α2 ∑

d 6=d′
Lsim( Ĩd, Ĩd′ ),

(6)
where I is the ground truth image, Ĩ is the simulated sensor
image, and Ī is the recovered image. d is the depth of object
image, in the experiment we discrete the continuous depth range
into a list of training depths. In our experiments, we use PSNR
loss as pixel loss, VGG loss [41] as perceptual loss, and l2 loss
as similarity loss. To save memory and time, in each iteration
we only select two different depths for training. α1 and α2 are
weight factors to balance different losses for the best results. For
more training details about the implementation and experiment
settings, please refer to Supplement 1.

3. RESULTS

In this section, we evaluate the proposed curriculum learning
approach by designing an EDoF lens from scratch. The EDoF
lens is designed to have a large aperture size with a wide depth
of field, allowing us to image clearly from 20cm to 10m even in
low light.

Following the idea of curriculum learning, we first design an
classical imaging lens. The starting point is formed with several
randomly placed and initialized surfaces, and the lens materials
are pre-determined. We design the lens with a focal length of
7.66mm, FoV 57.3◦, F/3.2, and the aperture diameter is 2.19mm,
the image height is 7.6mm. As shown in Fig. 1(c), the designed
lens has a similar shape to commonly used smartphone lenses,
while no prior knowledge or human intervention is provided
during the whole designing process. For detailed lens data and
more lens design examples, please see Supplement 1.

A large aperture causes a significant depth-of-field (DoF)
effect when the lens is focused to a short distance. In our ex-
periments, we focus the lens to a distance of 45cm and evaluate
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Fig. 3. Qualitative comparison between the end-to-end learned EDoF lens and the classical lens with network recovery. (a) The designed imaging
lens has a similar structure with commonly used smartphone lenses, but no human knowledge or intervention is used during the optimization
process. An odd-polynomial plate is added to front of the imaging lens for EDoF imaging. (b) The end-to-end learned height pofile of the odd-
polynomial surface. (c) The PSF of the original imaging lens. The lens is focused to 45 cm, thus PSF at 20 cm and 10 m is much larger than that
at 45 cm, causing a DoF effect. (d) The PSF of the end-to-end learned EDoF lens. The PSF is larger than that of the classical lens, but it is similar
at different depths and view angles. The lens aberration degrades this similarity, but the recovery network can compensate for it. (e) Recovered
results of the final output of the EDoF lens and the classical lens. Upper: a landscape image. Lower: USAF-1951 resolution chart. The EDoF lens can
produce clear images at different depths, while the recovery results of the classical lens are still focus-dependent and contain artifacts.

its imaging performance between 20cm and 10m. We select
15 depths and calculate the average PSNR/SSIM scores of 100
1024× 1024 test images at each depth to quantify the imaging
quality. As shown in Fig. 4, the green curve indicates a sig-
nificant DoF effect, meaning the classical imaging lens can not
image clearly outside the focus range. See also Fig. 3(c), the PSF
at 20cm and 10m is much larger than the PSF at 45cm. And at
large view angles, the lens suffers from off-axis aberrations.

We then insert an odd-polynomial plate (Fig.3(a)) in front
of the lens for EDoF imaging. In the following part, the new
lens is referred to as "EDoF lens" and the original imaging lens
is "classical lens". The odd-polynomial surface has a radius of
2.40mm and a thickness of 0.05mm. The glass material is H-BK7
(nd = 1.5168, Vd = 64.17) and the front surface of the plate is
the odd-polynomial surface. After image simulation, a deep
network is utilized to recover the sensor image. We jointly op-
timize the EDoF lens and the network to produce clear images
from 20cm to 10m. To avoid overfitting and reduce complexity,
we discrete the continuous depth range into 7 training depths
(20 cm, 30 cm, 45 cm, 70 cm, 1 m, 2 m, 10 m) that are uniformly

chosen from the green curve in Fig. 4. During the end-to-end
training, we place object images at different depths and simu-
late sensor images. Then we recover the sensor images by the
network, and perform back-propagation to optimize the lens
and the network together. Three wavelengths (486 nm, 587 nm,
and 656 nm) are used to render different image channels, allow-
ing the network to learn to minimize the chromatic aberration
caused by the odd-polynomial plate. For more information on
the training process, please see Supplement 1.

Fig. 3(a) shows the final design of the EDoF lens, and Fig. 3(b)
shows the height profile of the odd-polynomial surface. In
Fig. 3(d), the EDoF lens exhibits triangle-shaped PSF that is
nearly depth independent. Although the PSF varies slightly at
different depths and view angles, the network is robust enough
to compensate for these differences. The imaging quality of the
EDoF lens is inderior to that of the classical lens (shown by the
red and green curve in Fig. 4), but remains unchanged over a
board depth range. After image recovery by the deep network,
the output quality of the EDoF lens significantly improves and
displays little DoF effect (shown by the blue curve in Fig. 4).
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Table 1. Quantitive comparison on different EDoF methods in terms of PSNR(dB)/SSIM.

Method
Classical Lens EDoF Lens (Odd-polynomial plate) EDoF Lens (Hybrid surface)

imaging recovery imaging recovery imaging recovery

20 cm 24.71/0.670 27.80/0.787 22.90/0.611 30.27/0.860 24.78/0.706 29.36/0.844

45 cm 27.82/0.842 31.27/0.890 22.99/0.620 30.81/0.873 25.16/0.722 31.07/0.885

10 m 25.54/0.700 28.45/0.808 23.46/0.632 30.17/0.854 24.78/0.687 30.17/0.862

On the test dataset, the end-to-end learned EDoF lens produces
PSNR scores greater than 30dB and SSIM scores greater than
0.85 at all depths within the extended depth range (Fig. 4). At
20 cm, 45 cm, and 10 m, the output results show significant im-
provement of approximately 5.5 dB, 3 dB, and 4.5 dB beyond the
classical lens imaging results (Tab. 1). Fig. 3(e) shows zoomed
patches of the recovered images, the recovered images of the
end-to-end learned EDoF lens closely resemble the ground-truth
object images at different depths (20 cm, 45 cm, 10 m) while
preserving details well.

Fig. 4. PSNR curve of EDoF imaging results. Green: the designed
large aperture lens has DoF effect and can not image clearly outside
the focal range. Orange: although a reconstruction network can im-
prove image quality, it can not eliminate the DoF effect. Blue: our
end-to-end learned EDoF lens and the reconstruction network can
output clear images over a wide range of depths, with a significant
improvement over both the imaging lens and pure network recon-
struction. Red: sensor captured images of the EDoF lens are worse
than the imaging lens, but almost depth-independent.

For comparison, we train a network to recover the sensor
images of the classical lens, simulating image post-processing
in modern cameras. This is a blind deblurring task as the depth
of object images is unknown, and the DoF effect causes out-of-
focus object images to appear blurry. To achieve the best recov-
ery results, we focused on optimize the output quality without
minimizing the similarity between different depths. For a fair
comparison, we use the same network architecture and train-
ing process as in the end-to-end training experiment. Shown in
Fig. 4, the network improves the image quality of the classical
lens but is unable to eliminate the DoF effect (orange curve). The
recovery network is focus-dependent and out-of-focused images
can not be recovered well. From Tab. 1, the EDoF lens loses
only 0.46 dB at the in-focus depth (45 cm), but gains 2.47 dB and

1.72 dB at 20 cm and 10 m, respectively. This trade-off is accept-
able in most cases, especially since the end-to-end learned EDoF
can already image clearly. The recovered images are shown in
Fig. 3(e). The images at 45 cm are the closest to the ground-truth,
since the lens is focused at this distance and the simulated im-
ages are clear. The recovered images at 20 cm and 10 m are still
very blury and contain significant recovery artifacts. In contrast,
the EDoF lens results have no artifacts and are clearer than the
classical lens.

We also examine the hybrid aspherical-odd-polynomial sur-
face discribed in Eq. 5. In the experiments, we substitute the
back surface of the first element of the original imaging lens
with this hybrid surface. And then we jointly optimize the lens
and the recovery network for EDoF imaging. The quantitative
results are reported in Tab. 1, The imaging performance of the
hybrid-surface EDoF lens is better than the previous EDoF lens.
Additionally, this hybrid-surface EDoF lens has the advantage of
a more compact structure. The final recovery results are similar
with the previous EDoF lens. Detailed lens data, as well as qual-
itative and quantitative results of this hybrid-surface EDoF lens,
can be found in Supplement 1. We believe this hybrid-surface
EDoF lens is more practical due to its compact structure.

4. CONCLUSION

We present a fully automated approach to refractive lens design.
With the curriculum learning strategy, we can design any refrac-
tive lens system from scratch without any prior knowledge or
human intervention. We also propose multiple approaches to
control lens distortion, avoid abnormal surface shapes, and re-
duce the memory consumption of differentiable ray tracing. To
the best of our knowledge, this is the first work to apply differen-
tiable ray tracing to pure optical design and achieve performance
as good as that of conventional lens design methods.

In addition, we end-to-end designed a computational lens
with an image recovery network for EDoF imaging. Experimen-
tal results show that the designed EDoF lens can image clearly
over a wide depth range and surpasses the classical lenses with
image recovery. Compared with existing work [1, 4, 39], our
designed EDoF lens has a larger extended depth range (20 cm to
10 m) and a larger field of view (57.3◦), enabling the technique
to be used in a wider range of applications. The designed EDoF
lens is based on a smartphone-shaped lens, which also provides
the possibility of designing EDoF lenses for next-generation
smartphone cameras.

However, there are still some shortcomings in our work. First,
we did not fabricate the designed lens and test its optical perfor-
mance. Instead, we only evaluated it in the commercial software
Zemax. Second, we did not take into account the diffraction
of the lens, reducing the accuracy of the simulation. We also
did not include diffractive optical elements in our lens system.
However, we have started to study this topic and hope to close
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this gap.
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