
Progress In Electromagnetics Research, Vol. 175, 81–89, 2022

Deep Learning Approach Based Optical Edge Detection
Using ENZ Layers

Yifan Shou1, 2, 3, Yiming Feng1, 2, 3, Yiyun Zhang1, 2, 3,
Hongsheng Chen1, 2, 3, *, and Haoliang Qian1, 2, 3, *

(Invited)

Abstract—Metamaterials offer a chance to design films that could achieve optical differentiation due
to their special properties. Layered film would be the simplest case considering the easy-fabrication
and compactness. Instead of performing the optical differentiation at the Fourier plane, Green-function
based multi-layers are used to achieve optical differentiation. In this work, epsilon-near-zero (ENZ)
material is utilized to realize the optical differentiation owning to the special optical properties that
the reflection increases with the increase of incident angle, which fits the characteristics of optical
differentiation. In addition, deep learning is also used in this work to simplify the design of ENZ layers
to achieve the optical differentiation, and further realize the optical edge detection. Simulations based
on the Fresnel diffraction are carried out to verify that our films designed by this method could realize
the optical detection under different cases.

1. INTRODUCTION

Metamaterials, as a new artificial material, due to their special optical properties like negative
refraction [1–4], anisotropic material properties [5, 6] and strong light-matter interaction [7–12], have
drawn more and more attention in electromagnetic fields. Using metamaterials and metasurfaces
to control and manipulate electromagnetic waves would result in a large number of applications,
such as optical imaging [13–17], cloaking [18–20], optical interconnect [21, 22], and computing [23–
25]. Conventional optical information processing systems are usually bulky and complicated, so new
compact and efficient designs are always in search. Researches about using optical metamaterials to
achieve mathematical operations have been done widely [23, 26–30]. For example, optical differentiation,
including the first and second differential, has been realized either using Fourier optical system or Green-
function films, which could be applied to optical edge-detection.

Current researches on edge detection using optical differentiation are usually based on two basic
configurations: Fourier-plane based phase modulation and Green-function approach based multi-
layers [23]. However, both of them have the limitations on the theoretical design and practical
applications. First, the Fourier-plane approach is always bulky and complicated, since it needs to
build an optical system, including lens, to realize the optical edge detection. However, the idea of
integration is deeply rooted in the scientific community and industry, where thinner and lighter systems
are highly desired instead of bulky ones. Second, recent Green-function approach based optical edge
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detection requires multiple designated layers. Since it is too difficult to do the inverse design of the
metamaterials to behave certain functions, the increasing of the degree of freedom leads to rather great
difficulties on design. In recent years, with the continuous development of artificial intelligence, it has
been verified that deep learning is a helpful and effective method to solve and optimize various complex
and difficult problems. Previous research has proved that deep learning, as a rapid and efficient method,
could dramatically increase the design speed of metasurface [31–35]. Thus, considering the complexity
of Green-function film design, it could be an effective means to use deep learning to design films that
display optical differentiation, which will simplify the design process and lower the requirements for
designers.

It has been known that if one would like to realize the optical differentiation, it is vital to make the
reflectivity or transmittivity of the films follow certain regular rules, that is, the larger the incident angle
is, the higher reflectivity or transmittivity the films have. However, it could be a challenge for classical
materials to behave like that unless multiple layers with designed material properties are fabricated.
To cross this dilemma, epsilon-near-zero (ENZ) material [36, 37] is proposed here to realize such optical
differentiation with much simpler configuration. The epsilon of such material is close to zero, which could
generate the desired angle-dependent reflectivity as required by the optical edge detection. Therefore, it
is suggested that even only one layer of ENZ material could possibly perform the optical differentiation.

Thus, with the help of deep learning, we use the ENZ material to design the Green-function
approach based optical films, which could realize both the 1st, 1.5th, 2nd optical differentiation under
coherent incident light with p-polarization and the optical edge-detection under both coherent light with
random polarization, where we use half p- and half s-polarization as one representative, and incoherent
incident light cases. In this article, we will first introduce the ENZ material and then explain why it
is our choice. After that, deep learning design algorithm and process will be presented, together with
the predictive parameters of the ENZ films, including the thickness and the optical refractive index.
Finally, different orders of differentiation under coherent incident light with p-polarized conditions is
investigated in details, as well as the optical edge-detection on both coherent incident light with half p-
and half s-polarized conditions and incoherent incident light cases.

2. BASIC DESIGN AND THEORETICAL MODELING

In order to achieve the function of optical differentiation, we choose the ENZ materials whose
permittivity is close to zero, and we will explain it in the followings. According to the boundary
condition for the electromagnetic field, when the epsilon of the material is small, its corresponding
magnitude of the perpendicular component of the electric-field would be large. It means that only when
the incident angle is small, impendence-mismatch would be less because there is less perpendicular
component of the electric field than the parallel component. Thus, we make a conclusion that, for ENZ

Figure 1. The film to realize optical edge-detection. The ENZ layer is used as the film to realize the
optical edge detection. With the unique optical properties of ENZ, if the angle of incident light is larger,
the corresponding reflection coefficient would be higher, which is associated with the high momentum
signal in the angular spectrum representation.
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material, the smaller the incident angle is, the less light would be reflected, which nicely meets our
requirement of optical differentiation — smaller angle, smaller reflectance.

Here, we use these ENZ materials to design our film structure. When light enters from one side of
the film, due to the ENZ property, the light with large incident angle would be reflected with higher
coefficient. Since the edge of the picture belongs to the high momentum signal, according to the angular
spectrum representation, it is related to the parts with larger angles in the angular spectrum. On the
basis of the analysis before, we would have the edge of the image dominating the reflection as shown in
Fig. 1, which realize the optical edge-detection. And in this work, by using ENZ materials with different
permittivities, we could achieve different differential behaviors.

3. RESULTS

As we have described before, it is difficult to do the inverse design for the Green-function based film
structure directly. Thus, deep learning is utilized to help the design and optimize the structure. We first
consider the 1st, 2nd, and 1.5th order of differential using one-layer film under coherent light incidence
with p-polarized conditions. We build a net that has 10 input neurons and 3 output neurons, standing
for the reflectance under different incident angles (the reflectivity is taken every 9 degrees from 0 degree
to 81 degree) and the parameters (thickness, n and k) of the film respectively. The net structure is shown
in Fig. 2(a) in details. Here, we ignore the incident angle that is larger than 81 degrees because of the
limitation of the visual field of the human eye. We train the net until the loss is close to 0.01. Since the
picture could be mapped to the angular spectrum using the Fourier transform, the objective functions
of different orders of the differentiation, which is similar to different orders of the delta function, could
be expressed by the n-th power of trigonometric functions in angular spectrum [38], where n represents
the differentiation’s order. Thus, we generate the data of the 1st and 2nd order of differentiation from
two functions, y = sin(x) and y = sin2(x), and consider it as the standard differential data of the
net’s output. Then we input the differentiation data into the trained net to predict the film structure.
The parameters of the film under different orders of the differentiation are shown in Table 1, and the
corresponding reflectances for the 1st and 2nd differential are shown in Figs. 2(b)–(c). It is found that,
within the limits of error, both predicted reflectances are close to the standard differentiation curve and
considered capable of 1st and 2nd differential. Also, note that the higher the order of the differentiation
is, the steeper the incident angle-reflectance curve is. Therefore, by adjusting the parameters of the
ENZ material, we could get the corresponding curve as different orders of the differentiation.

Table 1. The prediction of our net for the parameters of the ENZ material.

h (nm) n k

1 order 25.3665 0.0584 0.1218

1.5 order 24.1672 0.0774 0.1388

2 order 22.7166 0.1003 0.1593

Then we use this predicted film to simulate the reflected image under coherent Gaussian light
incidence with p-polarized conditions. The results are shown in Fig. 3. The difference between the 1st

and 2nd differentiation for an image is mainly embodied in the following aspects. First, though both the
1st and 2nd differentials could realize optical edge detection, the edge for the 2nd differential could be
thinner than that for the 1st differential. Second, the 1st differential is more sensitive to the stair image,
while the 2nd differential is more sensitive to the details of the image. Therefore, we can see that in our
results, the edge in Fig. 3(c) would be thinner than that in Fig. 3(b), and the details in Fig. 3(f) would
be much clearer than those in Fig. 3(e). Thus, we conclude that our simulation results are exactly the
results of the 1st and 2nd order differentials, which means that our film structure could realize the 1st

and 2nd differentiation of the optical image under p-polarized incident light.
Furthermore, in order to achieve optical differentiation under both coherence incident light with

half p- and half s-polarization and incoherence incident light, where both half p- and half s-polarized
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Figure 2. Net structures and corresponding predictions. (a), (b) The net structures are trained under
two cases: one is coherent light incident with p-polarized conditions, and the other is coherent light
incident with half p- and half s-polarization and incoherent incident light. For these two net structures,
the number of input neurons is the same while the number of output neurons is different, since the
number of reflection angles are taken the same while the parameters for the two film structures are
different. (c), (d) The predicted reflectance of 1st- and 2nd-differential under coherent light incident
with p-polarized conditions. (e), (f) The predicted reflectance under coherent incident light with half
p- and half s-polarization and incoherent incident light. The black line is the predicted reflectance, and
the green, blue, red line is the reflectance with standard reflectance with 1st, 1.5th, 2nd differentiation,
respectively.

components of the incident light are required to have the similar differentiation behavior we mentioned
before. We train a new net whose detailed structure is shown in Fig. 2(d), which has 10 input neurons
standing for the reflectance and 8 output neurons standing for the parameters of three-layers ENZ films.
Here, we assume that the k (extinction coefficient of the refractive index) of the first layer is zero, thus
it is not set in the net. We also train the net and get the final loss close to 0.01. The corresponding
standard differential reflectance, which is generated as what we showed before, is inputted to the trained
net. The predicted parameters of three-layer structure are shown in Table 2, and the corresponding
reflectances are shown in Figs. 2(e)–(f). For p-polarized light, the predicted reflectance is in the area
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Figure 3. The simulation results, which are done under coherent cases with p-polarized incident light
whose wavelength is 600 nm, of 1st- and 2nd-differential respectively. (a), (d) The original pictures.
(b), (e) The corresponding results under 1st-differential. (c), (f) The corresponding results under 2nd-
differential.

between 1st and 2nd differential curves. It means that the film could realize optical differentiation whose
order is between 1st and 2nd, which could be regarded as successful optical differentiation to realize
optical edge detection. Also, for s-polarized incident light, the predicted reflectance is close to the zone
bounded with the standard 1st and 2nd order of differentiation. Since the differentiation curve in Fig. 2(f)
would be closer to the x-axis if the order of differentiation is higher, the predicted reflectance (black
curve in Fig. 2(f)) still represents optical differentiation but of a higher order, so the error between our
reflectance and the bounded zone is thought acceptable for our edge detection system.

Then we use the predicted film structure to do the simulation under both the coherent incident
Gaussian light with half p- and half s-polarized conditions and incoherent incident Gaussian light.
According to differentiation curve under the half p- and half s-polarized lights, we first calculate these
two components of the incident light respectively and then get the reflected results of the coherent and
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Table 2. The prediction of our net for the parameters of the material on different layers.

T (nm) n k

1 12.094 2.8861 0

2 58.894 0.019955 0.41657

3 29.237 2.3934 0.013536

(a) (b)

(c) (d)

(e) (f)

Figure 4. The simulation results, which are done under coherent light with half p- and half s-
polarization and incoherent light whose wavelength is 600 nm respectively. (a), (d) The original pictures.
(b), (e) The corresponding results under coherence light. (c), (f) The corresponding results under
incoherence light.
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incoherent incident light. The corresponding reflected images are shown in Fig. 4. For coherent light,
when calculating its angular spectrum, we assume that the amplitudes of the half p- and half s-polarized
components are the same, while for incoherent light, the amplitudes of the half p- and half s-polarized
components are calculated according to the position on the receiving plane. The results show that, using
our film structure, both the coherent and incoherent incident lights could achieve the edge detection.

4. DISCUSSION AND CONCLUSION

In our work, we have considered two different aspects of optical differentiation. First, we focused on
the performance of a specific order of differentiation, such as the 1st and 2nd order. And second, we
focused on the differential performance on both the half p- and half s-polarized lights. Furthermore, it
could be a solution to increase the number of film layers, enabling much more complicated refractive
index distribution for the desired performance. Besides, the structure we mentioned in this paper could
be fabricated by film deposition. The different refractive indices could be achieved by different doping
levels of transparent conductive oxide [39].

In this paper, we propose a new material-ENZ material, to design the Green-function based film
structures to realize the optical differentiation and moreover, achieve the optical edge detection. To
overcome the film-design problem, we use the deep learning method to greatly reduce the difficulty of
design. Two net structures are built in our work for two different film structures and are trained until the
satisfactory loss appears. Then we get the predicted film parameters and the corresponding reflectance
under two different differential situations — the different orders, the 1st and 2nd, of differentiation, and
the optical differentiation under both half p- and half s-polarized lights — and compare them with
the standard reflectance we want. When ignoring the acceptable error, our prediction meets the need
of optical differentiation. Furthermore, we use the predicted parameters of the film structures to do
the simulation under coherent incident light with p-polarized conditions, coherent light cases incident
with half p- and half s-polarized conditions and incoherent light cases. The results confirm that both
of our films generated from two different net structures could realize optical edge detection. The film
we design here is deep subwavelength and thus overcomes the problem of Fourier-plane based phase
modulation, whose system is always bulky and complex. Our research shows an easy approach to
design the Green-function film for optical differentiation, and suggests that the ENZ material could do
optical edge detection easily.
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