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ABSTRACT: Phase holographic metasurfaces encode the phase profiles of holograms in metasurfaces formed by meta-atom arrays and
accurately modulate the field distribution in desired region. Iterative optimization methods or data-driven learning methods are used to
retrieve the phase profile under the given physical setups, such as working wavelength λ, metasurfaces’ period ∆x, and image distance
Z. However, those methods usually repeat the optimization or training process to retrieve the phase profile for different physical setups.
Here, we propose a generalized phase retrieval model (GPRM) based on physics-inspired network to retrieve the phase profile from the
input λ,∆x, Z, and desired image without retraining the neural network. The GPRM consists of deep neural network (DNN), parabolic
phase, and Fresnel diffraction propagation, which is able to generate phase profile with high reconstruction quality in extraordinary
broadband, such as visible, terahertz, and microwave region. By combining with corresponding meta-atom pool, the proposed method
has great potential to design versatile meta-devices for image display, data encoding, and beam shaping. Furthermore, the proposed
method accelerates the design of Fresnel phase hologram, which can cooperate with programmable metasurfaces to realize dynamic
three-dimensional or full-color display.

1. INTRODUCTION

Metasurfaces formed by a 2-dimensional array of engi-
neered meta-atom have extraordinary capabilities to oper-

ate electromagnetic wave in subwavelength scale [1–4]. Based
on the interaction between the incident electromagnetic wave
and tailoring meta-atoms, metasurfaces are able to locally con-
trol the amplitude [5, 6], phase [7, 8], and polarization [8–10]
of incident wave. Due to the extraordinary capabilities, meta-
surfaces have attracted significant attention and been exploited
to realize a variety of functionalities, such as quantum light
source [11], thermally emitted light [12], unidirectional propa-
gation [13], spectropolarimeter [14], biosensing [15], bioimag-
ing [16], image processing [17], and hologram [18].
Those remarkable functionalities are dependent on the flex-

ibility in designing meta-atoms and their arrangements. To ac-
curately control incident wave in subwavelength scale, the ge-
ometry and subwavelength period ∆x of meta-atom are often
designed by full-wave simulation collaborating with parameter
sweep [9] or optimization methods [19]. The designed meta-
atoms are required to arrange in a certain way to manipulate the
wavefront. For given meta-atoms, the arrangement affects the
quality of wavefront manipulation [20] and the performance of
metasurface [21, 22]. For example, in our previous works, it is
demonstrated that by designing the arrangement, the metasur-
faces with single-size nanobrick arrays are able to realize multi-
momentum transformation [23] and carry massive information
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on 6-bit encode color holograms [24]. Therefore, achieving a
suitable arrangement is a critical part of metasurface design.
The computer generation holography (CGH) is an important

approach for designing the arrangement of meta-atoms. CGH
retrieves the hologram with phase or amplitude distribution to
reconstruct the desired filed distribution in three-dimensional
space [25]. The retrieved hologram is encoded into the holo-
graphic metasurface by arranging the meta-atoms. Because
the phase-only hologram provides higher working efficiency
than the amplitude hologram, most of holographic metasur-
faces carry the phase profile (i.e., the phase distribution) of
phase-only hologram, and the value of phase is in the range of
[−π, π]. As shown in Fig. 1(a), the phase profile is required to
be designed under the given metasurface’s period∆x, working
wavelength λ, distance Z, and desired field distribution, which
is a typical phase retrieval problem [26–28]. To retrieve the
phase profiles under the given conditions, iterative algorithms,
such as Gerchberg-Saxton (GS) algorithm [23, 24, 29, 30], are
often employed. For different given conditions, those methods
usually repeat the iterative optimization process to retrieve the
phase profiles, which is time consuming. To reduce the opti-
mization time, deep learning algorithm is exploited to generate
the phase profile of hologram after off-line training process and
has great potential to realize real-time retrieval with high per-
formance using the trained networks [31–35]. However, the
trained network is usually suitable for the fixed working wave-
length λ, period∆x, or the distance Z used in the training pro-
cess. In other words, if the above physical setups are changed,
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FIGURE 1. (a) Schematic of holographic metasurface. λ is the working wavelength. ∆x is the metasurface’s period. Z is the distance between the
metasurface plane and image plane. (b) Architecture of generalized phase retrieval model (GPRM) to retrieve Fresnel hologram (output) from the
given λ,∆x, Z, and desired image (input). (c) Architecture of U-Net in GPRM.

it is required to re-accumulate training data and retraining the
network, which costs a lot of time.
To retrieve the phase profile of metasurface at different

physical setups, this paper proposes a generalized phase re-
trieval model (GPRM) based on physics-inspired network. The
GPRM formed by U-net [36–38], parabolic phase, and Fres-
nel diffraction propagation is an unsupervised neural network,
and has the capability to retrieve the phase profile from the in-
put λ, ∆x, Z, and desired image. U-net is used to design the
Fourier hologram of input desired image. The parabolic phase
converts the Fourier hologram to Fresnel hologram, and the re-
constructed image can be achieved by Fresnel diffraction prop-
agation. Due to the incorporating of physical prior knowledge,
the GPRM trained in the visible region achieves nice recon-
struction quality at different bands, such as terahertz and mi-
crowave region. It is expected that the proposed method can be
further extended to design versatile meta-devices for real-time
image display, data encoding, and beam shaping.

2. PRINCIPLE

2.1. Theory
Holographic metasurface encodes the information of hologram
in metasurfaces, where a metasurface is formed by meta-atom
array with subwavelength period ∆x. To realize phase-only
hologram, the phase distribution of hologram is encoded in
holographic metasurface as its phase profile, and the value
of phase is in the range of [−π, π]. As shown in Fig. 1(a),
when a monochromatic beam with wavelength λ illuminates
the metasurface, this beam carries phase profile of the meta-
surface and reconstructs a complex field distribution at image
plane. The distance between metasurface and image planes is
Z, and the complex field distribution is expressed by Fresnel
diffraction [39]:

U2 (x2, y2, Z) =
eikZ

iλZ
ei

k
2Z (x

2
2+y

2
2)

∫∫ +∞

−∞
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}
e−i

2π
λZ (x1x2+y1y2)dx1dy1 (1)

where (x1, y1) and (x2, y2) are the spatial coordinates at the
metasurface and image planes, respectively. Here, k is the
wavenumber, ψ (x1, y1) the phase profile carried by metasur-
face, and eiψ(x1,y1) the Fresnel hologram of the product of the
desired image. Therefore, to design the phase profile of holo-
graphic metasurface, metasurface’s period∆x, working wave-
length λ, and the distance Z are required. To find the rela-
tionship among ∆x, λ, and Z, the metasurface’s phase profile
ψ (x1, y1) is divided into two parts [40] in the form of

eiψ(x1,y1) = eiφ(x1,y1)e−i
π
λZ (x

2
1+y

2
1), (2)

and the complex field distribution in Eq. (1) is rewritten as

U2 (x2, y2, Z) =
eikZ

iλZ
ei

k
2Z (x

2
2+y

2
2)

∫∫ +∞

−∞
eiφ(x1,y1)e−i

2π
λZ (x1x2+y1y2)dx1dy1 (3)

where the Fresnel diffraction is reduced to a Fraunhofer diffrac-
tion [39] at the image plane, and eiφ(x1,y1) is the Fourier
hologram of the product of the desired image. According to
Eq. (3), when ∆x, λ, and Z are chosen from different regions
([∆xmin,∆xmax], [λmin, λmax], [Zmin, Zmax]) and ∆x2/ (λZ)
equal to a constant, the designed Fourier hologram eiφ will
achieve the same matrix of intensity distribution.

2.2. Network Architecture
To realize the general model for inversely designing Fres-
nel holographic metasurface, an unsupervised neural network
driven by a physics-based model is proposed and shown in
Fig. 1(b). This model is used to retrieve phase profile (N ×N
pixels) of Fresnel hologram (output) from the given λ, ∆x, Z,
and desired image (input). According to Eq. (2), the phase
profile of Fresnel meta-hologram is divided into two parts:
parabolic phase e−i

π
λZ (x

2
1+y

2
1) and Fourier hologram eiφ(x1,y1).

The inputs λ, ∆x, and Z are used to calculate the parabolic
phase e−i

π
λZ (x

2
1+y

2
1) and preprocess the input image. The pre-

processing resizes the input images to offset the magnification
or minification of reconstructed image. The width of the re-
sized image is proportional to ∆x/ (λZ). The resized image
is the input of U-Net for Fourier hologram eiφ(x1,y1) genera-
tion. The Fresnel meta-hologram (output) is obtained by mul-

tiplying the parabolic phase e−i
π
λZ (x

2
1+y

2
1) and Fourier holo-

gram eiφ(x1,y1). The Fresnel diffraction propagation function
is employed to calculate the reconstructed image at the image
plane. The loss function L calculates the error between the re-
constructed image and the input image to update the param-
eters of U-net. Here, the loss function is mean square error
(MSE) [41]:

MSE =
1

mn

m∑
p=1

n∑
q=1

|I(xp, yq)− I0(xp, yq)|2 (4)

where I0(x, y) represents the input image. I (x, y) =

|U2 (x, y, z)|2 represents the reconstructed image, and U2 is
the complex field distribution in Eq. (3).
Fresnel impulse response propagator (FIRP) [42] is used to

calculate the Fresnel diffraction propagation function:

U2 (x, y, z)

= ℑ−1
{
ℑ
{
eiφ(x,y)e−i

π
λz (x

2+y2)
}
ℑ{h (x, y, z)}

}
(5)

where ℑ and ℑ−1 are Fourier transform and inverse Fourier
transform, respectively. h is the impulse response:

h (x, y, z) =
eikz

iλz
ei

k
2z (x

2+y2) (6)

3. RESULTS
The PyTorch deep learning framework is utilized to construct
GPRM. All the algorithms are run on the same workstation
equipped with an Intel Xeon Platinum 8352Y CPU and an
NVIDIA GeForce RTX 3080 GPU. The images of handwritten
digits (Modified National Institute of standards and technology
(MNIST) database) are used to train and test GPRM. 5000 im-
ages are involved to train the model, and another 2000 images
are used to test the model’s performance. The training epoch is
set as 500, and the training time is 4.5 hours. In the training pro-
cess, the sizes of input image and output phase profile are fixed
at 256 × 256 pixels. The metasurface’s period ∆x is 300 nm,
and wavelength λ is in the visible region [400 nm, 800 nm].
According to the sampling theorem, the distance z is cho-
sen in the region [115.2µm, 230.4µm]. Therefore, the value
of ∆x2/ (λZ) is chosen in the region

[
0.4× 10−3, 2× 10−3

]
during the training process.
After the training process, the GPRMwith optimized param-

eters has the capability to rapidly retrieve the phase profile of
holographic metasurface. Test results for each part of GPRM
are shown in Fig. 2. Based on the inputting physical setups (λ =
600 nm,∆x = 300 nm, andZ = 115.2µm), GPRM resizes the
image from Fig. 2(b) 1⃝ to Fig. 2(b) 2⃝, and the width of resized
image is proportional to∆x/ (λZ). The resized image is input
into the U-net to achieve the Fourier hologram eiφ(x,y). The
phase profile of Fourier hologram and corresponding recon-
structed image are presented in Fig. 2(b) 3⃝ and 4⃝, respectively.
Note that the image 4⃝ is reconstructed at Fraunhofer domain
(k-space) via Fraunhofer propagator (FP). By multiplying the
parabolic phase e−i

π
λZ (x

2+y2) and Fourier hologram eiφ(x,y),
the phase profile of Fresnel hologram (shown in Fig. 2(b) 5⃝) is
achieved and reconstructs image (Fig. 2(b) 6⃝) at given image
plane. Comparing Fig. 2(b) 1⃝ and 6⃝, the reconstructed image
has the same size as the input image and restores the features
of input image nicely.
To evaluate the performance of the GPRM, the GS algorithm

is also used to retrieve the phase profile as shown in Fig. 3.
The GPRM only takes 0.014 s and is faster than GS algorithm.
The peak signal-to-noise ratio (PSNR) and structural similarity
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FIGURE 2. (a) Schematic of retrieving the phase profile of holographicmetasurface via trainedGPRM. Pre: preprocessing; FP: Fraunhofer propagator;
FIRP: Fresnel impulse response propagator. (b) Test results for each part of GPRM. 1⃝: Input image; 2⃝: Preprocessed Image; 3⃝: Phase profile
of Fourier hologram; 4⃝: Reconstructed image of Fourier hologram at Fraunhofer domain; 5⃝: Phase profile of Fresnel hologram (output) 6⃝:
Reconstructed image of output at Fresnel domain.

FIGURE 3. Evaluation the running time and reconstruction quality of GPRM and GS algorithm. PSNR: peak signal-to-noise ratio. SSIM: structural
similarity index measure. Inset: reconstructed image for GPRM and GS algorithm.

index measure (SSIM) are employed to evaluate the quality of
reconstructed image. The expressions of PSNR and SSIM are

PSNR = 10 log10
(
I2max
MSE

)
(7)

SSIM =
(2uiur + c1) (2σir + c2)

(u2i + u2r + c1) (σ2
i + σ2

r + c2)
(8)

where Imax is the maximum intensity of image, and ui and ur
are the mean of input and reconstructed images, respectively.
σ2
i and σ2

r are the variance, and σir is the covariance. c1 and c2
are a structural constant. Figure 3 shows the average PSNR and
SSIM of 100 samples. As shown in Fig. 3, the GPRM achieves
higher PSNR and SSIM than GS algorithm. According to the
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FIGURE 4. (a) The reconstruction quality for a given wavelength at different image distances. (b) The reconstruction quality for different wavelengths
at a given image distance.

inset of Fig. 3, the image reconstructed by GPRM has uniform
field distribution suppressed the sparkle noise.
The GPRM has the capability to retrieve the phase profile for

different wavelengths at different image distances. Figure 4(a)
shows the reconstructed images for a given wavelength 600 nm
in an image distance region [115.2µm, 230.4µm]. These re-
constructed images have uniform field distribution and restore
the features of designed image nicely. The average PSNR and
SSIM are 26.5 dB and 0.92, respectively. Figure 4(b) presents
the reconstructed images at a fixed image distance in a wave-
length region [400 nm, 800 nm]. The GPRM achieves high fi-
delity reconstruction with 26.9 dB PSNR and 0.93 SSIM.

4. DISCUSSION
According to Eqs. (5) and (6), the reconstructed field is
expressed by the Fourier hologram eiφ, parabolic phase

e−i
π
λz (x

2+y2), and impulse response h. The phase matrix
of Fourier hologram eiφ designed by U-net is independent
of metasurface’s period ∆x, working wavelength λ and
the distance Z. ∆x, λ, and Z affect the calculation of the
parabolic phase and impulse response, and the expression of
these two parts is involved in GPRM. Therefore, the proposed
GPRM has the capability to achieve high reconstruction
quality for different wavelengths at different image distances.
According to Eq. (3), when ∆x2/ (λz) equals a constant, the
designed Fourier hologram eiφ will achieve the same intensity
distribution. Based on this dispersion relation, the effect of
metasurface’s period ∆x can be solved by changing working
wavelength λ and distance Z.

The phase profile retrieved by GPRM is encoded in the meta-
surface by arranging meta-atoms. As shown in Fig. 1(a), the
collimated laser beam normally illuminates the metasurface,
carries the phase profile, and reconstructs desired image at the
image plane. Because of the subwavelength pixel size, an ob-
jective lens is required to collect the reconstructed image be-
fore the captured plane of the charge-coupled device (CCD)
camera. Moreover, Fig. 1(a) shows that the proposed GPRM
retrieves the phase profile for the on-axis system, while this
method could extend to off-axis system by adding appropriate
gradient phase.
Although this model is trained in the visible region, the pro-

posed GPRM is able to be directly applied to other bands, such
as terahertz wave and microwave. If λ,∆x, and Z are enlarged
byN times at the same time, the value of (N∆x)

2
/(Nλ×NZ)

will be unchanged, which leads to the same matrix of intensity
distribution. As shown in Fig. 5, the GPRM achieves nice re-
construction quality at different bands. The restricted condi-
tion is that the inputs of the GPRM (i.e., λ, ∆x, and Z) are
required to satisfy the value of ∆x2/ (λZ) used in the train-
ing data. The value of ∆x2/ (λZ) is limited by the sampling
theorem of Fresnel propagator. By employing different Fresnel
propagation approaches [42], the GPRM has the capability to
broaden the range of application.
The reconstruction quality is dependent on the network

frameworks. To analyze the effect of network framework, the
U-Net architectures in the GPRM are designed to contain 4
and 5 sampling (downsampling and upsampling) layers. 2000
images are used to test their performance, which is presented in
Fig. 6. By increasing the number of sampling layers in U-net,
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FIGURE 5. GPRM directly retrieves the holographic phase profile in full band, such as visible wave, terahertz wave, and microwave. Pre: prepro-
cessing; Prop: Fresnel propagation.

(a) (c)

(b) (d)

FIGURE 6. The reconstructed quality of GPRM including 4 (a), (b) and 5 (c), (d) sampling layers. PSNR (a), (c) and SSIM (b), (d) for the 2000
testing images.

the average PSNR and SSIM are increased from 23.26 dB
and 0.84 to 26.00 dB and 0.92, respectively. Therefore,
the reconstruction quality can be significantly improved by
enhancing the learning capability of U-net.

5. CONCLUSION

In this paper, GPRM is proposed to retrieve the phase profile
from the input λ, ∆x, Z, and desired image. This model is
trained in the visible region. After training process, the GPRM
only takes 0.014 s to achieve the phase profile, and the recon-
struct images have uniform intensity distribution, 26.5 dB av-
erage PSNR and 0.92 average SSIM. Moreover, the proposed
GPRM is able to directly applied to another band. By changing
the propagator, the applicable range of GPRM will be further
extended. The proposed method involving different λ and Z
also has a great potential to apply to multi-plane holography
and full-color holography.
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