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Abstract: Without using any optical lenses, lensless digital holography (LDH) records
the hologram of a sample and numerically retrieves the amplitude and phase of the
sample from the hologram. Such lensless imaging designs have enabled high-resolution
and high-throughput imaging of specimens using compact, portable, and cost-effective
devices to potentially address various point-of-care-, global health-, and telemedicine-
related challenges. However, in lensless digital holography, the reconstruction results
are severely affected by zero-order noise and twin images as only the hologram intensity
can be recorded. To mitigate such interference and enhance image quality, extensive
efforts have been made. In recent years, deep learning (DL)-based approaches have made
significant advancements in the field of LDH reconstruction. It is well known that most
deep learning networks are often regarded as black-box models, which poses challenges
in terms of interpretability. Here, we present a deep unfolding network, dubbed the
ISTAHolo-Net, for LDH reconstruction. The ISTAHolo-Net replaces the traditional iterative
update steps with a fixed number of sub-networks and the regularization weights with
learnable parameters. Every sub-network consists of two modules, which are the gradient
descent module (GDM) and the proximal mapping module (PMM), respectively. The
ISTAHolo-Net incorporates the sparsity-constrained inverse problem model into the neural
network and hence combines the interpretability of traditional iterative algorithms with the
learning capabilities of neural networks. Simulation and real experiments were conducted
to verify the effectiveness of the proposed reconstruction method. The performance of the
proposed method was compared with the angular spectrum method (ASM), the HRNet, the
Y-Net, and the DH-GAN. The results show that the DL-based reconstruction algorithms can
effectively reduce the interference of twin images, thereby improving image reconstruction
quality, and the proposed ISTAHolo-Net performs best on our dataset.

Keywords: lensless digital holography; deep learning; twin-image elimination

1. Introduction

Lensless digital holography (LDH) is an innovative imaging technique that captures
the three-dimensional (3D) structure of an object without using any traditional optical
lenses [1]. By using digital sensors to record holographic interference patterns, LDH
enables high-resolution imaging of samples with minimal setup complexity and increased
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flexibility. This technology has found applications in various fields, including biomedical
imaging, material science, and industrial inspection, due to its ability to provide rich
sample information and high spatial resolution [2]. Classical reconstruction methods
include the angular spectrum method (ASM), Fresnel transform method, and convolution
method [3], which can produce results quickly. However, the reconstruction results are
severely affected by zero-order noise and twin images. To mitigate such interference and
enhance image quality, extensive efforts have been made [4]. Existing methods involve
the multi-height phase retrieval iterative method [5], multi-angle illumination strategy [6],
and compressive sensing approach [7]. Despite the advancements in these traditional
reconstruction methods, they often exhibit limitations in handling complex interference
patterns and noise, which can significantly affect the quality of the reconstructed images [8].

With the rapid development of deep learning (DL) technologies, researchers have ap-
plied these advanced methods to the field of lensless digital holographic reconstruction [9-22].
Based on the training strategy and the network model, the DL-based construction algo-
rithms can be categorized into three types: data-driven [9-16], physics-driven [17-20], and
hybrid-driven [21-23]. Generally speaking, data-driven reconstruction networks depend
on the statistical relation between the measurements and the ground truth data and most of
them are designed based on the Unet [24] or the generative adversarial network(GAN) [25]
architecture. And large numbers of matched pairs of measurements and labels are needed
to train the networks. Physics-driven reconstruction approaches based on untrained net-
works utilize the optical coherent diffraction theory and no ground truth data are required.
But the convergence is slow and typically takes more than several thousand iterations [26].
The hybrid-driven algorithms incorporate the optical diffraction model into the GANs
to obtain more robust reconstruction results. Instead of training deep neural networks
solely on the basis of given data, the physical forward model is also considered in the
neural networks. Table 1 lists the networks mentioned above; in the table, the name or the
backbone network, the type, whether it is trained or not, the loss function, and the size of
the training dataset are given.

Table 1. Some of the deep learning networks used for LDH reconstruction.

. Loss Training
Reference Net Type  Trained Function Dataset Size
Rivenson et al. [9] DNN DD Yes NM E:100
Wang et al. [10] eHoloNet DD Yes MSE S:9000,E:11623
Ren et al. [11] HRNet DD Yes MSE E:8000
Wang et al. [12] Y-Net DD Yes MSE E:1332
Yi Cycle-GAN )
in et al. [13] CycleGAN DD Yes loss E:2975
Huang et al. [14] RNN DD Yes GAN loss NM
Chen et al. [15] FIN DD Yes MAE E:600
Kiriy et al. [16] GAN DD Yes GAN loss  S:15000,E:10000
Wang et al. [17] PhysenNet PD No MSE -
Zhang et al. [18] BlindNet PD No MSE -
Chen et al. [19] DHGAN PD No GAN loss --
An et al. [20] FNet PD No SSIM+CTV --
Zhangetal. [21]  PhaseGAN  HD Yes GAN loss E:20000
Tian et al. [22] GAN HD Yes GAN loss E:4992
Lee et al. [23] FMGAN HD Yes GAN loss E:600

NM: not mentioned, E: real experiment, S: simulation, DD: data-driven, PD: physics-driven, HD: hybrid-driven.

In this work, we present a deep unfolding network which is totally different from the
mentioned approaches for LDH reconstruction. The unfolding architecture is believed to be



Electronics 2025, 14, 1697

30f20

more interpretable than the traditional DL networks [27] as it replaces the iterative update
steps with cascaded networks. As we know, in in-line LDH reconstruction, the object image
has sharp edges compared with the twin-image interference, which can be considered as
a sparsity prior. Based on the optical diffraction theory, the LDH reconstruction is trans-
formed into an inverse problem with sparsity constraint, which can be solved iteratively by
the iterative shrinkage thresholding algorithm (ISTA) [28]. Inspired by the ISTA-Net [27],
we propose the ISTAHolo-Net to solve the inverse problem in LDH. The ISTAHolo-Net
incorporates the sparsity-constrained physical model into the neural network and decom-
poses the iterative reconstruction process into a gradient descent module (GDM) and a
proximal mapping module (PMM) using convolutional neural networks. One GDM and
one PMM constitute a sub-network. And a fixed number of sub-networks are cascaded,
each of which is used to replace one update step in the ISTA.

To validate the effectiveness of the network, both simulation and real experiments
were conducted, and several metrics were computed and compared. In the simulation
experiment, the dataset was constructed based on handwritten digits and the Chinese
characters. In the real experiment, the holograms of the USAF resolution chart and EC109
cells were collected to construct the training and testing datasets. The performance of
the network under different numbers of sub-networks was studied. Furthermore, we
conducted comparison experiments between the ASM [3], HRNet [12], Y-Net [13], DH-
GAN, and the proposed ISTAHolo-Net. DH-GAN is based on the architecture in [21] but is
changed from the unsupervised model to the supervised one.

The remainder of the paper is organized as follows: Section 2 introduces the proposed
network architecture; Section 3 presents the experimental setup and results; Section 4 is the
discussion; and Section 5 concludes the paper’s work.

2. Materials and Methods
2.1. Principle of LDH

Developed from digital holography, LDH records the holograms directly with an
imaging sensor and recovers the object wave field numerically. Illustrated in Figure 1
is a schematic diagram of the LDH imaging process, which mainly involves hologram
recording and object image reconstruction.

light source ’ z

pinhole L

/ Yo
/ d | object plane R
l Y1

Xo

sample
holographic plane
image sensor X,

Figure 1. Schematic diagram of lensless digital holographic recording.

In the object plane, the coordinate is denoted as (x, p), while in the hologram image
plane, the coordinate is denoted as (x,y). The object light wave is represented by O(x, ),
and the reference light wave is represented by R(x, y). Both of the light waves are complex
numbers. When the object light and the reference light have the same frequency and
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superimpose on the recording plane, the optical field at any point in space can be described
by [3]:
F(x,y) = O(x,y) + R(x,y) (1)

Therefore, the hologram recorded by the sensor can be expressed by the following formula:

I(x,y) = |F(x,y)|
= |0(x,y)]” + |R(x,y)|> + O(x,y)R*(x,y) + O* (x,y)R(x,¥) 2)
= Ao (x,y) [ + |AR(x, ) |* + 240(x, ) AR (x,) cos[po (x, 1) — @r(x, V)]

where * denotes the complex conjugate. The first two terms, |O(x,y) % and |R(x,v)|%
represent the object light intensity and reference light intensity, respectively, which are
zero-order images indicating background. Ap(x,y) is the object light amplitude, Ag(x,y)
is the reference light amplitude, ¢o(x,y) denotes the phase of the object light field, and
¢r(x,y) denotes the phase of the reference light. O(x, y)R*(x,y) stands for the real image,
and O*(x,y)R(x,y) stands for the conjugate image. From Equation (2), it can be seen
that in the hologram image, the real image of the object is surrounded by the conjugate
image, which blurs the object image and needs to be eliminated. The complex optical field
(including amplitude and phase) at the object plane U(x,y) can be reconstructed using
ASM from the recorded hologram H(x, ), as follows:

U(x,y) = F I fy) - H(fe fy)] (3)

where F~1 represents the inverse Fourier transform, I ( fxs fy) is the Fourier transform of
the digital holographic light field distribution, and H(fx, fy) is the transfer function of
diffraction in the frequency domain.

H(fu fy) = exp [jkd (1-122-22£3) m] (4)

where d is the distance from the object plane to the imaging sensor, and A is the wavelength
of the illumination light source.

2.2. Compressive Sensing (CS)-Based Reconstruction

The holographic reconstruction method based on compressive sensing imposes spar-
sity constraints on the reconstruction inverse problem, using the sparsity difference between
the object image and the twin image to eliminate the twin image [5]. The specific approach
to suppress twin images using the CS framework is as follows:

The object’s scattered field is defined as:

O(xy) = || plxiyih(x = xi,y — yi)dxidy, (5)
xi,inQ

where p(x,y) represents the object density, /1 represents the angular spectrum transfer
function, and () represents the illumination aperture function. In DLH, the reference light
wave is the non-scattered field, which can be assumed to be one without loss of generality
and can be removed under plane wave illumination. Therefore, the recorded hologram can
be written as:

I(x,y) = O*(x,y) + O(x,y) + |O(x,y) (6)



Electronics 2025, 14, 1697

50f 20

where O*(x, y) represents the phase-conjugate field of O(x,y), and |O(x,y) |2 represents
the model error, which can be denoted as e(x, y). Thus, the mapping from the diffraction
field O(x, y) to the preprocessed hologram can be expressed as:

I(x,y) = 2Re{O(x,y)} +e(x,y) )

We use G to represent the transformation from O(x,y) to U(x,y), as shown in
Equation (5); then, the complete mapping from the object density to the preprocessed
hologram can be expressed as:

I =2Re{Hp}+e=Gp+e (8)

The problem of solving for p using the known I and the forward transformation H is
a typical inverse problem. Due to the conjugate symmetry of in-line digital holographic
imaging, both the object and the twin image are solutions to this inverse problem. The main
difference between them lies in sparsity, and CS is an effective method based on sparsity
constraints. A common approach to determine p in Equation (8) is to solve the following
minimization problem:

1
minz |1 = Gpl[3 + AR(p) 9

where G is the combined operator of the forward transformation F and the real part of the
complex light field in Equation (8). Term ||I — Gp||§ is the 12-norm of the residual used as a
measure of reconstruction error. Term R(p) is a regularization term which is typically used
to constrain the solution space, imparting properties such as smoothness, sparsity, or other
prior knowledge, and A > 0 is a regularization parameter. In lensless digital holographic
reconstruction, the total variation (TV) norm can be used as a measure of sparsity, which is
defined by

‘ 2

lellry = X/ 170l + At (10)

where AY and Aly represent the first-order local differential operators in the horizontal and
vertical directions, respectively.

2.3. Architecture of ISTAHolo-Net

To solve the inverse problem in Equation (9), the proximal gradient descent
method [28,29] is often used, and the iterative update step can be expressed by

=gt~ (7o) o

where pf represents the output after the k-th iteration, g(-) = || — Gp||3 represents the
data fidelity term, V is the differential operator, and « is the step size. As a popular
first-order proximal method, the iterative shrinkage thresholding algorithm solves the
reconstruction problem in Equation (11) by iterating between the following update steps:

oF — pk—l _ Wg(pk_1> _ pk—l _aGT (ka—1 _ I) (12)

0" = prox; g (vF) (13)

where GT is the adjoint operator of G. By iteratively updating v* and p¥ until convergence,
the object image can be obtained. Solving prox; r(v¥) in an efficient and effective way
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is critical for ISTA. Usually, ISTA requires many iterations to obtain a satisfactory result,
suffering from extensive computation [29].

Inspired by the ISTA-Net, we propose a holographic image reconstruction network,
dubbed the ISTAHolo-Net, whose architecture is illustrated in Figure 2, where the update
steps are replaced by the cascaded sub-networks. Specifically, the two update steps shown
in Equations (12) and (13) are achieved by two networks, which are named as the GDM
and PMM, respectively. The ISTAHolo-Net consists of K phases, each of which corresponds
to one iteration in the traditional ISTA.

Phase 1 Phase 2 Phase K

" 3x3 Conv & BN & ReLU
i i 2x2 Max Pooling
i ' i (e T
—— Residual i i 4 Soft thresholding

Block ~—  Block H pmmmmmmm e . 2x2 Transposed Conv
i

-

==+ Skip Connection

: ‘;

:
! :
E 3x3Conv » ReLU — 3x3 Conv D!

Gradient Descent Module Proximal Mapping Module

Figure 2. Schematic diagram of ISTAHolo-Net structure.

As shown in the blue box in Figure 2, the GDM consisting of two independent residual
blocks is designed to obtain the residual term v* where the gradient of the non-linear
measurement expressed by Equation (8) should be known. Instead of calculating the
gradient, we represent the imaging processes GT and G in Equation (12) as RBI(‘;T (-) and
RB’(‘;(-) with optimizable parameters. In addition, the step size « is set to be a learnable
parameter. Therefore, the residual term can be expressed as:

ok = ot~ 1 — &FRBE, (RB’& (pk_l) - 1) (14)

It can be seen that the primary function of p* = prox, g (v) expressed by Equation (13)
is to remove noise and artifacts from the intermediate results through a thresholding
function. To effectively extract multi-scale features from images and consider the excellent
performance of the U-Net on denoising tasks, we select the U-Net as the backbone network,
where the final convolutional block is modified to a soft thresholding function (denoted
by the green box in the PMM), forming the proximal mapping module. As illustrated in
the yellow box in Figure 2, the PMM, which is based on the U-Net structure, consists of
a down-sampling path and an up-sampling path. The down-sampling path of the U-Net
is referred to as the encoder and is primarily used for feature extraction, denoted as U(-).
The up-sampling path of the U-Net is referred to as the decoder and is primarily used
for restoring image size, denoted as U. Therefore, the proximal mapping module can be
expressed by

o = U(soft(u(e")),0) (15)

where soft(-) represents the soft thresholding function, and 6 represents its parameter.
Assuming the input feature map is x;;,, the soft thresholding function can be represented as:

soft(xin, 0) = sign(xin) Relu(|xin| — 0) (16)
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In the down-sampling path, we use a convolutional block with stride 3 and max-
pooling with stride 2 at different levels, and the numbers of channels of the convolutional
block from top to bottom are 16, 32, 64, and 128, respectively. In order to enlarge the image
size, the up-sampling path includes a transposed convolutional layer between different
layers. Except for the last layer, the up-sampling path and the down-sampling path are
connected by a skip connection. In the last layer of the down-sampling path, the feature
map passes a convolutional block with 256 channels; then, the output feature is processed
by the soft threshold function before being input to the up-sampling path.

During the training process, the network parameters are first initialized, and the
holographic image reconstructed by using ASM is input to the GDM at phase 1. After
passing through the gradient descent module, feature map v' is obtained, which is then
directly input into the PMM at phase 2 to produce the input for the next sub-network x2.
This process is repeated until all sub-networks have been traversed, at which point loss
calculation and parameter updates are performed.

2.4. Loss Function

In the proposed ISTAHolo-Net, each sub-network can be regarded as one iteration of
the traditional ISTA. To constrain the update process of each sub-network while simultane-
ously updating the overall network parameters, the objective function of this network is
defined as a weighted sum of the mean squared errors between the reconstructed images
of each sub-network and the corresponding label images.

Np— 2

toss = g 5 =0 )]+ -0 ()

‘ 2

) (17)
where x* represents the input image for each sub-network, y denotes the label image
corresponding to the input holographic image, and D¥ (xk ) refers to the recovered image
obtained after denoising by the k-th sub-network. The parameter y is the weight assigned to
the loss of the sub-network, set to 0.5 in this case to balance the reconstruction performance
between the intermediate sub-networks and the final output sub-network. Np represents
the total number of sub-networks, which is set to 4 in this instance.

3. Results
3.1. System Introduction

To obtain experimental data, the LDH system is built, as shown in Figure 3. This
system mainly consists of a laser, a pinhole, a CMOS image sensor, and a three-dimensional
translation stage. The laser, pinhole, and image sensor are vertically aligned at the center,
and all three are placed horizontally. The laser used is model CPS532-C2 from THORLABS
company (Newton, NJ, USA), with an output power of 1.5 mW and a wavelength of 532 nm.
The pinhole used has a diameter of 40 um. The minimum step of the translation stage
is 10 um along the z direction. The MDX6-T CMOS image sensor (Mshot, Guangzhou,
China), with a pixel size of 1.34 um and an effective pixel count of 16 million, provides
an imaging resolution of 4608 x 3456 and supports an imaging field of view of up to
25.52 mm?. To obtain a uniform plane wave illumination on the object, the initial distance
between the laser and the sensor plane is controlled to be around 28 cm, and the initial
distance from the sample to the sensor is within 1 mm. By adjusting the three-dimensional
translation stage along z-axis, multiple holograms with different heights are collected for
the same sample, with an interval of 10 um between adjacent images. To avoid the noise
from external light interference, the collection of holograms was conducted in a lightproof
and enclosed environment.
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Figure 3. Hologram acquisition system.

3.2. Network Configuration and Parameter Settings

The training of the network is conducted on a computer with a 12th-Gen Intel (R)
Core (TM) i5-12400F 2.50 GHz CPU, an NVIDIA GeForce RTX 3060 GPU with 12 GB of
VRAM, and a Windows 64-bit operating system. The deep learning environments used are
PyTorch 1.9.1, CUDA 11.1, and Python 3.7. During the training process, the Adam gradient
descent algorithm is employed, with a total training count set to 200 iterations, an initial
learning rate of 0.005, a step size initialized to 0.5 in the gradient descent module of each
sub-network, and the soft threshold function parameter initialized to 0.01 in the proximal
mapping module.

3.3. Datasets Preparation

To validate the performance of the proposed method, we constructed four simulation
datasets to train and test the network. The simulation datasets consist of the handwritten
MNIST dataset and a custom-made text dataset, as shown in Figure 4. The MNIST dataset,
originating from the national institute of standards and technology of the United States, con-
sists of the handwritten digits 0-9. Each image is black background with white digits, sized
at 28 x 28 pixels. To match the network input requirements, each image was interpolated to
128 x 128 pixels. Sixty images were selected from each digit category. In total, 600 images
served as the ground truth data. The custom-made text dataset is derived from the GB2312
Chinese character font set, including 6763 characters. Six hundred unique characters were
selected from this set, and images with black backgrounds and white characters based
on the selected characters were created. The size of the images is 128 x 128, and they are
utilized as labels for the text dataset. Both datasets represent amplitude objects. Since
lensless holographic imaging techniques are also frequently used for phase object imaging,
we calculated all the label data from the above two kinds of datasets to generate the labels
of the phase simulation datasets. The holograms of the dataset were simulated based on
the optical diffraction theory expressed by Equations (5) and (6). The ratio of the data used
for the training and test is 5:1 in our simulation experiment.

To validate the reconstruction capability of the network, the holograms of a USAF
1951 resolution chart and the EC109 cells (human esophageal cancer cells) were recorded.
We used a USAF 1951 resolution chart and the EC109 cells (human esophageal cancer
cells) as test samples in the experimental setup, as illustrated in Figure 5. For cell imaging,
the cell suspension was first dropped onto a glass slide using a pipette. The cells were
spread evenly, and the glass slide was placed directly on the image sensor. Holograms
were captured using a computer-controlled camera. The ground truth images of the cells
were obtained by using the multi-height holograms. To capture multi-height holograms,
the sample was placed on a three-dimensional translation stage, with the initial position
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adjusted carefully so that the sample was close to the image sensor surface. Then, to satisfy
the requirements of the multi-height iterative reconstruction method, the translation stage
was moved vertically with equal intervals, and a hologram was recorded at each interval.
To determine the distance between the sample and the sensor, the auto-focusing function
ToG [30] was calculated. For the cell image dataset construction, the compressive sensing-
based reconstruction method was adopted to generate the label data. For the resolution
chart dataset construction, the label data were made by using the multi-height iterative
reconstruction method based on the hologram recorder with holographic images at six
different heights. The original images captured were 4608 x 3456 pixels in size. To facilitate
subsequent network training, the captured holograms were cropped down to 128 x 128
pixels. Poor-quality images were manually filtered out, and the remaining images formed
the input holograms. Finally, the data were flipped, translated, and cropped, resulting in
3000 sets of images for each dataset. In the real experiment, to achieve better reconstruction
results, the captured holograms were first back-propagated to the sample plane before
being input into the network. The ratio of the training dataset to the test dataset is 2:1.

|3 [ 48

Qoi [ [ [

(d)

Figure 4. Datasets for simulation experiment: (a) amplitude MNIST data; (b) phase MNIST data;
(c) amplitude text data; (d) phase text data. The left column corresponds to the ground truth, and the
right column corresponds to the holograms.

:‘&|

ges B O

(b)

Figure 5. Datasets used in real experiment: (a) USAF resolution chart and (b) EC109 cell datasets.
From left to right are recorded holograms, ASM results, and ground truth, respectively.
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3.4. Evaluating Metrics

To quantify the reconstruction performance of the network, we use the peak signal-to-
noise ratio (PSNR) [31] and structural similarity index measure (SSIM) [32] between the
reconstructed images and the ground truth labels as evaluation metrics. The scores are
obtained by calculating the average values over the reconstruction results of the test dataset.

The PSNR is defined based on mean square error (MSE) [33], which measures the
average squared difference between corresponding pixels in the true and the reconstructed
images. A higher MSE indicates greater dissimilarity between the images, reflecting poorer
reconstruction quality of the network. MSE can be calculated by

1 m—1n—1
MSE = — 3 Y ly(i,j) — x(i,j)I’ (18)

i=0 j=0
where m and n are the height and width of the two images, respectively, x(i, j) and y(i, )
represent the reconstructed result and the corresponding labeled image. The coordinates
(i,j) denote the coordinates of the pixels in both images. The PSNR is defined as the
logarithm of the ratio of the mean squared error between the original and processed images
to (2" — 1)?, expressed in decibels (dB). For grayscale images, n typically equals 8, which
means the intensity is digitalized to 8 bits per pixel. The calculation formula for PSNR is

defined as follows:
(2" —1)°
PSNR =10 x 1g [E] (19)
It can be seen from the above equation that a larger PSNR indicates less distortion
between the reconstructed image and the reference image, suggesting better reconstruction
performance of the network. The PSNR is a commonly used metric for visualizing errors
due to its simplicity and ease of computation. However, because human vision is not
equally sensitive to all types of errors, PSNR scores may not always correlate perfectly
with human perception. Therefore, this paper introduces another widely used image
quality assessment metric, the SSIM, which differs from the PSNR by not only measuring
absolute errors between pixel values but also integrating the brightness, contrast, and
structural features of the images. The SSIM provides a more intuitive evaluation of the
degree of distortion and similarity in reconstructed results, aligning better with human
visual perception. The specific calculation formula for the SSIM is as follows:

SSIM(x, ) = [1(x,y)]* - [c(x,1)]P - [s(x, )] (20)

where x and y represent the output result of the network and its corresponding reference
image. I(x,y) is the luminance comparison function, c(x,y) is the contrast comparison
function, and s(x,y) is the structure comparison function. &, p, and 7 are weights corre-
sponding to the luminance, contrast, and structure functions, respectively. These functions
are specifically defined as follows:

Z,uxlly +C

I(x,y) = —-Z— 21
200y + Co

= 22

c(xy) 2o+ G 2)
2(7xy +G

— - 2
(o) = 2 @)

where i, and p, represent the mean values of images x and y, respectively, oy and oy,
represent the standard deviations of images x and y, respectively, and oy, represents the
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covariance between images x and y. For practical applications, &, , and 7 are typically
set to 1. Additionally, to avoid instability in the results due to the denominator being too
close to zero, three constants, C1, Cp, and C3, are introduced. C; = (K L)z, Cy, = (KQL)z,
C3 = Cp/2. Typically, K; = 0.01, K = 0.03, and L represents the maximum value of the
pixels. Further derivation yields the following:

(ZI/‘x.”y + Cl) (ZVW + CZ)
(}l% + ,‘l/lﬁ + Cl) ((7% + (75 + Cz)

SSIM(x,y) = (24)

It can be observed from the above equations that the SSIM metric ranges from 0
to 1. A value closer to 1 indicates greater similarity between the two images, whereas
a lower value suggests increasing dissimilarity between them. This paper assesses the
reconstruction performance of the model using both the PSNR and SSIM metrics, aiming
to provide an objective evaluation that aligns with subjective human perception, thus
ensuring comprehensive and reliable assessment.

3.5. Experimental Results and Analysis
3.5.1. Reconstruction Results of Simulated Amplitude Object

In this section, we evaluate the performance of our proposed method on the simulated
amplitude object and phase object dataset. We also compare the reconstruction results
with those obtained by the ASM, HRNet, Y-Net, DH-GAN, and ISTAHolo-Net. Figure 6
illustrates the reconstruction results for the amplitude MNIST dataset and the amplitude
text dataset. All the results are normalized to the largest pixel value in the ground truth
image. It can be observed that the ASM can roughly reconstruct the boundary contours
of the target symbols, but it performs poorly in terms of the overall color reconstruction,
with dense twin images surrounding the original images and in the background. The
reconstruction results of the DL networks are better than those of the ASM. Notably, the
HRNet reconstruction results exhibit slight twin-image interference. The Y-Net obtains the
sharpest results while the digitals are a little distorted. The DH-GAN is able to recover the
digits with high background especially when is target is dense. Few twin images show up
in the reconstruction results obtained by the ISTAHolo-Net for the amplitude MNIST object.
However, the output of the ISTAHolo-Net is less sharp than that of the Y-Net, which may
be caused by the fact that the trace of the digitals is rather smooth while the ISTAHolo-Net
uses the TV regularization.

—ESESEIESER
Advanana
LiHEEEE

Figure 6. Reconstruction results for amplitude MNIST dataset: (a) ASM, (b) HRNet, (c) Y-Net,
(d) DH-GAN, (e) ISTAHolo-Net, (f) ground truth.

For the simulated text dataset, the reconstructed images are shown in Figure 7. All
the results are normalized to the largest pixel value in the ground truth image. The results
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obtained by the ASM are blurred seriously by the twin image. The HRNet can recover the
character with little twin-image interference and thus has high background. The Y-Net
performs better than the HRNet, while it is a little worse than the DH-GAN and ISTAHolo-
Net. The DH-GAN obtains clear characters with high background. The ISTAHolo-Net
obtains the clearest and sharpest results, which are closest to the labeled images among the
four methods, demonstrating the effectiveness of the proposed network.

R
ﬁ.ﬁﬁ#ﬁ
EEEEE

(b) (©) (d)

Figure 7. Reconstruction results for amplitude text dataset: (a) ASM, (b) HRNet, (c) Y-Net, (d) DH-
GAN, (e) ISTAHolo-Net, (f) ground truth.

To better visually demonstrate the effectiveness of the ISTAHolo-Net, the normalized
profiles across the red, green, cyan, purple, blue, and gray lines for a random selected
sample in the text dataset are illustrated in Figure 8, from which we can see that the profile
of the ISTAHolo-Net reconstruction matches the ground truth best.
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Figure 8. Normalized gray level profiles along the lines in Figure 7.

To quantitatively evaluate the performance of the reconstruction methods, the PSNR
and SSIM are calculated and are listed in Table 2. It can be seen that the SSIM and PSNR
scores of the ASM are the lowest. The HRNet recovers the structural information of the
images relatively well, but the reconstruction results have a significant contrast difference
compared to the labeled images, resulting in a lower SSIM score for the HRNet, although
its PSNR score is higher. The Y-Net gets a better result than the ASM and HRNet. The
ISTAHolo-Net achieves the highest SSIM and PSNR scores among these methods, and
comparisons of the ISTAHolo-Net’s scores across the two datasets indicate that it maintains
a consistently excellent reconstruction performance when reconstructing different types
of samples.
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Table 2. Quantitative metrics for the amplitude target reconstruction using ASM, HRNet, Y-Net,
DH-GAN, and ISTAHolo-Net.

Amplitude Object Metrics ASM HRNet Y-Net DH-GAN ISTAHolo-Net
PSNR (dB) 7.38 19.38 20.74 2245 23.18
MNIST dataset SSIM 031 0.32 0.89 0.53 091
Textd PSNR (dB) 7.57 13.85 16.08 20.06 24.49
ext dataset SSIM 0.27 0.35 0.81 0.57 0.90

3.5.2. Reconstruction Results of Simulated Phase Objects

The recovered images of the simulated phase objects by different methods are il-
lustrated in Figures 9 and 10. The reconstruction performance of the five algorithms is
consistent with their performance in amplitude object experiments. Due to the presence of
residual structures and limited training data, the HRNet network converges slowly, and the
learned information is incomplete, resulting in black gaps in the reconstructed images. Still,
the ASM is affected by the twin-image interference. The performance of the Y-Net is close
to that of the ISTAHolo-Net. The ratio of the signal to the background is highest for the
DH-GAN approach. Compared with the other algorithms, the ISTAHolo-Net introduces
the least noise in the reconstructed image and is the closest to the ground truth, which is
also demonstrated by the normalized gray level profiles shown in Figure 11.
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Figure 9. Reconstruction results of phase target by different methods: (a) ASM, (b) HRNet, (c) Y-Net,
(d) DH-GAN, (e) ISTAHolo-Net, (f) ground truth.
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Figure 10. Recovered phase text dataset by different methods: (a) ASM, (b)HRNet, (c)Y-Net, (d) DH-
GAN, (e) ISTAHolo-Net, (f) ground truth.
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Figure 11. Normalized profiles along the red, green, cyan, purple, blue, and black lines in Figure 10.

Table 3 presents the numerical evaluation metrics of the recovered results of the phase
objects. As shown in the table, the performances of the ASM, Y-Net, and HRNet for the
phase images are better compared to those for the amplitude objects. Outperforming the
other methods, the ISTAHolo-Net achieves SSIM scores above 0.9 and PSNR scores above
23 dB for both the amplitude and phase targets.

Table 3. Quantitative metric values for the phase target reconstruction using ASM, HRNet, and
ISTAHolo-Net.

Phase Object Metrics ASM HRNet Y-Net DH-GAN ISTAHolo-Net
PSNR (dB) 14.54 20.77 23.07 18.57 23.27
MNIST dataset SSIM 0.64 0.67 0.92 0.90 0.94
Tt d PSNR (dB) 15.03 17.26 21.16 16.80 24.55
ext dataset SSIM 0.67 0.51 0.85 0.82 0.92

3.5.3. Reconstruction Results of Real Objects

To further investigate the performance of the network, real experiments were con-
ducted, where the holograms of the resolution chart and the appended EC109 cells were
recorded. The recovered results are shown in Figures 12 and 13. The reconstruction
results of the ASM exhibit significant twin images, particularly for cell samples, which
severely affects the observation of image information. The HRNet achieves relatively clear
reconstruction results when reconstructing the resolution chart; however, its performance
significantly declines when reconstructing cells. Still, the Y-Net performs better than the
ASM and the HRNet. The ISTAHolo-Net provides the best reconstruction results for both
the resolution chart and the EC109 cells. It effectively smooths the background of images
and highlights detailed information within the images, which is beneficial for the subse-
quent observation and application of the reconstruction results. Furthermore, as illustrated
in Figure 14, in the resolution chart experiment, the normalized profile of the ISTAHolo-Net
reconstruction is closer and smoother compared to those of other reconstruction methods,
which means that the reconstructed result images contain the least amount of noise and

twin-image interference.
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Figure 12. Reconstruction results for USAF resolution chart: (a) ASM, (b) HRNet, (c) Y-Net, (d) DH-
GAN, (e) ISTAHolo-Net, (f) ground truth.

Figure 13. Reconstruction results for EC109 cells by different methods: (a) ASM, (b) HRNet, (c) Y-Net,
(d) DH-GAN, (e) ISTAHolo-Net, (f) ground truth.
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Figure 14. Profiles of the recovered USAF resolution chart by different methods.

Table 4 presents the metric values obtained by different reconstruction methods on
the real data. As shown in the table, for the USAF resolution chart, which is a typical
amplitude object, the ISTAHolo-Net exhibits the highest PSNR and SSIM scores. While
for the appended cells, which are typical phase objects, the PSNR value obtained by the
proposed approach ranks at fourth place, although the SSIM is higher than those obtained
by other methods. It is surprising that the ASM achieves the highest PSNR value. That is
caused by the fact that only several cells are sparsely located in the liquid culture medium,
and hence, most of the pixels in the image are occupied by the background. As the
background values are similar in Figure 13, the ASM obtains the largest PSNR, which
measures the averaged gray value difference of all the pixels in the two images. The results
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also suggest that the contrast of the cell against the background is enhanced by all the
DL-based algorithms.

Table 4. Comparison of reconstruction performance for the real datasets among ASM, HRNet, Y-Net,
and ISTAHolo-Net.

Object Metrics ASM HRNet Y-Net DH-GAN ISTAHolo-Net
USAF PSNR (dB) 15.39 20.29 20.55 20.84 22.43
SSIM 0.51 0.69 0.81 0.79 0.81
Cell PSNR (dB) 16.29 9.42 6.90 11.69 7.22
¢ SSIM 0.40 0.62 0.75 0.77 0.89

3.6. Ablation Study

As mentioned in Section 2.3, there are K phases in the proposed network. In this section,
we conduct an ablation experiment to determine the optimal value of K. The number of
sub-networks composing the ISTAHolo-Net is set to different values which are 2, 3, 4, and
5, respectively, and the reconstructed results for the resolution target dataset are shown in
Figure 15. The results indicate that when K = 4, the restoration of image details is the best,
closely matching the ground truth. Additionally, we calculate the SSIM and PSNR of the
resolution target reconstruction results for different values of K, as shown in Figure 16. The
PSNR values for K =2, K=3,K =4, and K =5 are 16.18, 18.42, 22.43, and 17.14 dB, respectively.
The SSIM values for K =2, K =3, K =4, and K =5 are 0.57, 0.62, 0.81, and 0.60, respectively. It
can be seen that increasing K improves image quality when K < 5. However, the image quality
decreases if the number of stages in the ISTAHolo-Net continues to increase. Therefore, the
number of sub-networks K was set to 4 in all the experiments.
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Figure 15. USAF resolution target reconstruction: (a) K =2; (b) K =3; (c) K = 4; (d) K = 5; (e) ground truth.

PSNR and SSIM

23 —©—PSNR
—&— SSIM

SSIM

4 RO.€

K

Figure 16. PSNR and SSIM for resolution chart reconstruction with different K values (2, 3, 4, and 5).
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4. Discussion

In LDH reconstruction, the object wave field should be recovered from the measured
hologram. The ASM has been used widely for LDH reconstruction as it is analytical and
can be implemented quickly through fast Fourier transform. However, the twin image
shows up in the recovered object image as only the intensity can be recorded by the CMOS
or CCD sensor. To remove the twin image, the ISTA can be used to solve the inverse
problem in LDH reconstruction. As an iterative algorithm, the ISTA solves the regularized
reconstruction problem with sparsity as a prior. It requires a large number of iterations to
approach the optimal solution, and the selection of parameters and the optimal transform
needs to be predefined.

In this paper, the ISTAHolo-Net is proposed for LDH reconstruction, in which the
unfolding of a deep-learning-based network maps the update steps in a traditional ISTA-
based holographic reconstruction to a neural network architecture with a fixed number
of stages. In addition, the step size and regularization weight are set to be learnable
parameters in the proposed approach. To determine the number of stages in the proposed
network, the ablation study is conducted. The results show that the image quality is
improved with increasing K, but it decreases if K continues to increase, and the best image
quality is achieved when K = 4. This may be caused by the fact that the number of unknown
parameters increases with larger K.

To evaluate the effectiveness of the proposed method, the simulation experiments for
both amplitude and phase objects were conducted. The PSNR and SSIM were calculated.
From the image reconstruction results and evaluation metric scores, the reconstruction
performance of the ISTAHolo-Net outperforms the traditional ASM, HRNet, Y-Net, and DH-
GAN. The reconstruction results of the ASM suffer from significant twin-image interference,
leading to poor overall image quality and the lowest score. The HRNet and Y-Net are
able to reduce the twin-image interference to some extent, but some image information
is lost during the reconstruction process, resulting in blurred images with poor contrast.
In the simulation experiment, the background in the recovered image obtained by the
DH-GAN is highest. Additionally, the HRNet has higher data requirements for training,
and under the same experimental conditions, the black artifacts it produces severely affect
the reconstruction results, although it performs better than the ASM. In terms of metric
scores, the HRNet shows a significant improvement in the PSNR over the ASM, but the
SSIM score improves only slightly and even drops below that of the ASM. On the other
hand, the ISTAHolo-Net achieves the best reconstruction results and the highest scores
for both amplitude and phase objects in the simulation experiments, and this excellent
performance can be consistently maintained across different datasets, demonstrating high
generalization capability.

In addition, the parameters of the networks used in the simulation experiment are
listed in Table 5. From the table, we can see that the ISTAHolo-Net has about 1.9 M parame-
ters and that the test time is about 10 ms, which is the fastest among the four approaches.

Table 5. Parameters of the networks.

HRNet Y-Net DH-GAN ISTAHolo-Net
Parameters (M) 2.85 16 0.9 1.9
Test Time (ms) 20 75 85 10
Model Size (MB) 28 30 67 26

Furthermore, real experiments were conducted to explore the ISTAHolo-Net. The
holograms of the USAF resolution chart and the EC109 cell lines were recorded using the
LDH system. As observed, due to interference from some uncertain factors in the real
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experiments and the increased complexity of the samples, the reconstruction results of all
the methods were weakened compared with the simulation experiments. However, our
proposed network still produced the best reconstruction results among the five methods. It
is worth mentioning that the PSNR values of the cell reconstruction results of the DL-based
approaches are lower than those of the ASM, which is caused by the fact that only several
cells are observed, and most of the pixels in the images are occupied by the background,
which contributes to the final PSNR metric value. Fortunately, the contrast of the cell
against the background is enhanced by all the DL-based reconstruction methods, leading
to improved image quality.

While the proposed method shows promising results in lensless digital holographic
reconstruction, there are several limitations that should be addressed in future work.
Firstly, the ISTAHolo-Net is a fully supervised reconstruction network, and it is highly
dependent on the quality of the training dataset. Low-quality label data may lead the
network to learn incorrect patterns, and in situations where a large amount of labeled
data is required or where labeling is costly, the network’s performance may degrade.
Therefore, evolving the ISTAHolo-Net into an unsupervised reconstruction network is a
promising direction to address cases where the labels are difficult to obtain. In addition,
the ISTAHolo-Net decomposes the traditional ISTA model into deep learning network
modules; its reconstruction performance is somewhat restricted to the algorithm itself,
and its interpretability still needs to be explored. As a result, future work could also
focus on improving image reconstruction quality by optimizing the algorithm. Thirdly,
the performance of the proposed method was only tested by holographic reconstruction
of simulation data, the resolution chart, and suspended cells. A more diverse set of test
images, mainly from real-world conditions, should be tested. We will apply the method to
stainless pathological section and live cell imaging in the future. Finally, the training of the
network is time-consuming. The training time is about 4.1 h for 500 128 x 128 holograms.
With the trained parameters, the reconstruction time is about 8 ms for one hologram while
the reconstruction time is about 1 ms when using the ASM.

5. Conclusions

In this paper, we propose a deep unfolding network for LDH reconstruction with
higher interpretability; it is dubbed the ISTAHolo-Net and is based on the inverse model
with sparsity as a prior. To resolve the inverse problem, the ISTAHolo-Net replaces the
iterative update steps in ISTA method with a fixed number of phases or sub-networks.
Each phase consists of two modules, the GDM and PMM, respectively. The GDM is
used to generate the immediate reconstruction result, while the PMM aims to finish the
proximal mapping based on the immediate reconstruction result. By modularizing the
mathematical formulas into neural network components, we avoid interference from
physical disturbances in the experimental results. Through several training iterations,
the network parameters are continuously updated to improve the holographic image
reconstruction performance. To validate the network’s feasibility, we constructed datasets
with different samples and compared the recovered object images using the proposed
method with the ASM, HRNet, Y-Net, and DH-GAN approaches. In both the amplitude
and phase object simulation experiments, the ISTAHolo-Net outperforms the other methods
in terms of reducing twin-image artifacts and recovering details. The PSNR scores are
all above 23 dB, and the SSIM scores are no less than 0.9, far exceeding the performance
of the other methods. We then conducted real experiments, where the holograms of the
USAF resolution target and EC109 cells were recorded and the samples were recovered.
The results show that in more challenging reconstruction tasks, the ASM’s reconstructions
exhibit severe twin-image artifacts that hinder image information interpretation. The
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HRNet, Y-Net, and DH-GAN can recover the object wave field better than the ASM.
The ISTAHolo-Net achieves the highest SSIM score among the five methods compared.
However, due to the large difference between the background of the reconstructed image
and the labels, the ISTAHolo-Net obtains the second lowest PSNR score. In the future, we
will test our method with a more diverse set of samples, such as stainless pathological
sections and live cells.
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