ﬂ Research Article Vol. 30, No. 24/21 Nov 2022/ Optics Express 43398 |

Chesk for Optics EXPRESS 1 N

updates

Physics-informed neural network for phase
imaging based on transport of intensity
equation

XIAOFENG Wu,' ® ZILING Wu, -2 SIBI CHAKRAVARTHY
SHANMUGAVEL,! HANG Z. Yu,® AND YUNHUI ZHU'

! Department of Electrical & Computer Engineering, 1185 Perry St., Virginia Tech, Blacksburg, VA 24061,
USA

2Current address: Singapore-MIT Alliance for Research and Technology (SMART) Centre, 1 Create Way,
Singapore 117543, Singapore

3 Department of Materials Science and Engineering, 445 Old Turner St., Virginia Tech, Blacksburg, VA
24061, USA

“yunhuiz@vt.edu

Abstract: Non-interferometric quantitative phase imaging based on Transport of Intensity
Equation (TIE) has been widely used in bio-medical imaging. However, analytic TIE phase
retrieval is prone to low-spatial frequency noise amplification, which is caused by the illposedness
of inversion at the origin of the spectrum. There are also retrieval ambiguities resulting from
the lack of sensitivity to the curl component of the Poynting vector occurring with strong
absorption. Here, we establish a physics-informed neural network (PINN) to address these
issues, by integrating the forward and inverse physics models into a cascaded deep neural
network. We demonstrate that the proposed PINN is efficiently trained using a small set of
sample data, enabling the conversion of noise-corrupted 2-shot TIE phase retrievals to high
quality phase images under partially coherent LED illumination. The efficacy of the proposed
approach is demonstrated by both simulation using a standard image database and experiment
using human buccal epitehlial cells. In particular, high image quality (SSIM = 0.919) is achieved
experimentally using a reduced size of labeled data (140 image pairs). We discuss the robustness
of the proposed approach against insufficient training data, and demonstrate that the parallel
architecture of PINN is efficient for transfer learning.

© 2022 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

In recent years, quantitative phase imaging has been widely applied in bio-imaging [1], drug
screening [2], object localization [3], and security scanning [4] as a label-free imaging modality.
The wide-spread interest stems from the fact that transparent objects with little or no absorption can
impose strong phase delay to the illuminating beam, resulting in significantly enhanced imaging
contrast [5]. While historically many early phase imaging techniques have been developed based
on the interferometric configuration with light sources of high temporal and spatial coherence
[6-8], non—interferometric techniques have been developed using partially coherent illumination
over the years [9]. This makes quantitative phase imaging applicable using a wide range of light
sources, such as light-emitting diode [10], X-ray [11], and neutron sources [12]. Among the
various phase retrieval approaches including contrast transfer function (CTF) [13], structured
illumination [14] and speckle-based imaging [15], transport of intensity equation (TIE) retrieves
phase profiles using a through-focus intensity profile stack under partially coherent illumination
[9,16-22]. Owing to its experimental simplicity, TIE has been easily integrated into a variety of
optical microscopes [17], X-ray imaging setups [20], and electron imaging microscopes [23].
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However, there has been a constant struggle to improve the robustness and accuracy of
TIE-based phase retrieval [24-28]. For example, low spatial frequency noise, or haze noise,
is commonly found in TIE phase imaging due to the ill-posedness at the origin of the spectral
transfer function [16,27]. In addition, TIE phase retrieval relies on the curl-free assumption,
which causes ambiguities for absorptive phase objects [25]. To remove the artifacts and suppress
the cloud-like low-frequency noise, multiple through-focus measurements [22,26] have been
proposed but at the expense of increased experimental complexity involving dozens of repeated
image acquisitions at precisely controlled translation distances. Computationally, the phase
retrieval results can be improved by regularization methods such as Tikhonov [29-31], iteratively
regularized Gauss-Newton (IRGN) [32], total variation (TV) [33-35], fields of experts (FoEs)
[36], and block-matching and 3D filtering (BM3D) [37]. Despite demonstrated success for
different imaging implementations, it has been reported that such hand-crafted regularization
terms may not always accurately represent the features of the objects being imaged [38]. The
performance is also sensitive to the imaging noise level [39—41], let alone the high computational
cost of the multi-objective optimization involved in regularization.

Recent developments in deep learning techniques have demonstrated great potential for ill-posed
image reconstruction [42—46], including low-dose tomographic reconstruction, computational
optics, under-sampled magnetic resonance imaging (MRI), etc. Typically, these problems are
solved in an end-to-end manner, where a deep neural network (DNN) with millions of parameters
is optimized using a large data set. Learned object statistics are used as the prior regularization that
transfers future corrupted reconstructions into high-fidelity estimates [47-52]. Such end-to-end
DNN approach [53] is purely data-driven which requires large-scale well-annotated data sets to
enable efficient supervised learning. In addition, the lack of physics knowledge of the imaging
system [54,55] may not guarantee the reconstruction results to be physically accurate [56]. As a
result, it is difficult to inform the DNN to optimally correct for the bias embedded in the forward
model [57,58], often leading to over-fitting problems. DNN also acts as a low-pass filter due to
the inverse-square power spectral density (PSD) law [59], which suppresses the high frequency
components of phase images [49]. This insufficiency is addressed by some recent studies that
fused the physics-aware forward operator modeling different optical systems trained with deep
neural network for holographic image reconstruction [60] and phase retrieval [61]. Apart from
supervised learning, the untrained network incorporated with physical knowledge which requires
no training data set has been explored in phase imaging [62] and phase unwrapping [63].

To leverage the benefits of both physics knowledge and data-driven approaches, here we
integrate the Fresnel forward operator and TIE inverse model into a cascaded convolutional
neural network (also known as algorithm unrolling) for phase retrieval. While including prior
knowledge from the physics model is not guaranteed to provide benefits to the inversion problem,
especially when modeling is difficult and inaccurate [64], the well-established forward and inverse
models of H and H;,, for the TIE phase retrieval problem here can indeed provide useful physics
information that regularizes the data training. The physics-informed neural network (PINN)
prevents over-fitting by unrolling a physics model-based data consistency layer in parallel with an
iterative regularization term in each nonlinear reconstruction block. It should be noted that each
training block corresponds to one stage in iterative optimization scheme, thus the optimal results
can be obtained. Following a similar philosophy, cascaded neural networks have demonstrated
successes in non-phase imaging processes, such as MRI reconstructions [65], mask-based lensless
imaging [66], tomographic reconstructions [54], and 3D holographic particle imaging [56]. The
selection of regularization model requires residual structure to capture enough spatial information
but the fusion of large-scale deep neural networks in iterative block will aggravate the training
burden and even result in over-fitting. To this end, we first train a pruned Unet++ [67,68] for
regularization; through nested and dense skip connections, Unet++ reduces the semantic gap
between the encoder and decoder sub-networks, and thereby enhances the training efficiency.
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The proposed PINN framework is demonstrated for TIE phase retrieval via both simulation and
experiment, achieving high fidelity performance in removing low-frequency noise and correcting
reconstruction artifacts. This framework also demonstrates robustness against insufficient training
data. Moreover, the proposed PINN framework can be conveniently used for phase imaging
of similar objects in different imaging schemes via transfer learning, by updating the physics
models in the data consistency layer.

The rest of the paper is organized as follows: we introduce the TIE-based phase imaging
theory and formulate the PINN framework in Section 2. We demonstrate phase retrieval using
PINN, and compare the simulation and experiment results quantitatively with end-to-end DNN's
in Section 3. In addition, we explore the performance of phase retrieval with reduced training
data and discuss the benefits of applying the PINN in transfer learning in Section 3. Discussion
and conclusion are given in Section 4 and Section 5 respectively.

2. Method
2.1. Theory of TIE phase imaging and absorptive phase imaging

Phase objects can be detected by measuring the induced diffraction pattern. In the near field,
diffraction is governed by Fresnel propagation. Under the paraxial approximation, TIE [69,70]
provides a quantitative relationship between the diffraction intensity differential along the
propagation direction and the lateral phase profile:

0I(x,y;z)
k 0z

where x and y are the lateral coordinates in the plane perpendicular to the optical axis z, 1

denotes the intensity profile, ¢ is the phase profile on the lateral plane, and g—; is the intensity

derivative along the axis of propagation. k = 27” is the wave number of the optical wave, A is

the wavelength, and V, = ?6% +;a% is the two dimensional gradient operator on the x-y plane.
For the simple case of a pure phase object under uniform illumination Iy, the in-focus intensity
profile I(x, y; z = 0) = Iy. Equation (1) is solved using Fourier transform, which gives
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where u, v are spectral coordinates in the Fourier domain. # and F-1 are the Fourier transform
and inverse Fourier transform operators, respectively. Figure 1 shows a typical experiment
setup for TIE phase imaging. In the experiment, the intensity derivative d1/dz at z = 0 can be
conveniently approximated by the finite difference between the 2-shot measurements of 1(x, y; d)
and I(x, y; 0) (abbreviated as I; and Iy below) as,

o, y;2)| _ la—1Io
9z z=0 d =

3

Combining with Eq. (2), we obtain the 2-shot TIE phase retrieval ¢y = H;p,(Io, 1z).

For a general absorptive phase object, Ij is not a constant and the Poynting vector can be
decomposed into the circulation and divergence terms by IpV, ¢ = V, X C + V, D. Inserting
into Eq. (1), it is found that only the divergence term contributes to the intensity differential and
can be solved by D = —kV201(x,y; z)/0z. An approximate phase retrieval [25] can be obtained
based solely on the divergence term via

1

_ 1
o=F 1{—4772(,42 - vz)?f{—km . (EVLD)}}, 4)

which is used as the inverse operator H;,  of 2-shot TIE phase retrieval in absorptive case.
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Fig. 1. Experimental setup.

In both cases, when u? + v — 0, inversion by Eq. (2) and Eq. (4) suffers from low frequency
noise amplification around the singularity point. Regularization such as Tikhonov can be used
to avoid the division-by-zero instability, but it usually suppresses the low spatial frequency
components at the same time. On the other hand, finite differential approximation via Eq. (3)
imposes a trade-off between low signal-to-noise ratio (SNR) associated with small d and non-
linearity associated with large finite distance. These problems have been addressed by increasing
the number of measurements in the through-focus intensity stack [22,26,39,40,71-73] but with
increased data acquisition burden. Here, we seek to solve the problem via a physics informed
learning approach, which uses the simple 2-shot experimental acquisition process.

2.2. Proposed TIE phase retrieval approach via physics informed learning

Phase retrieval quality can be improved by the prior knowledge of the phase objects such as edge
sparsity, non-negativity, etc. The non-linear optimization process involves the minimization of
the objective function J(¢)

. . ]
¢ = arg min J(p) = arg min = || H(p) ~ Iy 15 +YR(¢), Q)
@ ®

where || H(yp) — Iy ||§ is the data fidelity term, R(¢) is the regularizer, and parameter -y controls
the weight balance between them. For TIE-based phase retrieval, we formulate the forward
operator H to obtain the defocused diffraction intensity /;, by first using the Fresnel diffraction
integral to obtain the optical field in the near field at the propagated distance d = z [74], and then
taking the square of the complex field to yield the defocused intensity /,;:

ikz 2
Iy = [VIpe » S— e =@+ )
idz
where * denotes convolution. The regularized optimization in Eq. (5) can be solved via the
iterative gradient descent algorithm. Starting from the initial phase retrieval ¢y = H;y,,(Io, 1)
obtained by the 2-shot TIE inversion process in Eq. (2), the phase profile ¢; in each of the
following ith iteration is updated via

@i = @il — aVyd(pin1) = pis1 — aHip(lo, 1g) — ayVeR(pin1), (7

where « is the iteration step size. The iteration stops when marginal gain diminishes at the local
minimum.

The performance of the regularized optimization is critically influenced by the choice of
regularizers and hyper-parameters in R. Instead of using off-the-shelf regularizers as demonstrated
in some of the previous TIE retrieval algorithms [75], in this work, a deep learning-based
framework is employed to identify the prior features of the objects from the training data. As
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shown in Fig. 2, the iterative optimization process in Eq. (7) is formulated as a cascaded neural
network [76-81]

¢i = ¢im1 — aHpy(lo, 1g) = fonn(i-1), (8

where we employ the same gradient descent calculation of data fidelity term as Eq. (7), and
reformulate the gradient descent of R using a convolutional neural network (CNN) fonn. A
total number of N iterations is chosen in advance to keep the architecture of the cascaded neural
network fixed. An optimal regularizer fcnn, parameterized by f, is trained by minimizing the
mean square error between the network output ¢ and the corresponding ground truth ¢g, via

K
o 1
f=argmin — » |l¢f - k1% 9)
P ZK; T

where k indexes a training data set with K samples in total. Once trained, the cascaded neural
network in Eq. (8) is used to convert the corrupted 2-shot phase retrieval results ¢ into high
fidelity phase images based on the combination of physics models and feature learning [79].

2.3. Architecture of PINN

As shown in Fig. 2, the proposed PINN is built with a cascaded network containing n blocks.
Each block contains a feature-learning CNN and a physics-informed data consistency layer in
parallel. We incorporate the physics forward model H(-) and the inverse model H;,,(-) into the
data consistency layer. Note that the inversion algorithm is the 2-shot TIE phase retrieval from
Eq. (2) or Eq. (4), which is not the transpose of the forward operator as originally used in the
iterative gradient descent algorithm. For the feature-learning fcnn, we use a pruned U-net, called
Unet++, to identify structures in various scales. Built of convolution layers with both short
and long residual connection pathways, Unet++ is efficient in fusing feature maps of different
encoder and decoder levels. Compared with previous model-driven works [76,79], which only
use plain skip connections between encoder and decoder networks, Unet++ shows advantages of
preserving fine-grained details, therefore presents better results for small structures. In addition,
the pruned structure reduces the total network parameters, enabling its fusion into the cascaded
blocks and adaption to small-scale data sets. Specifically, Unet++ L3 [67] is chosen in our
scheme, which is built with three components of encoder, decoder, and concatenation layer.
Three multi-scale levels of down-sampling and up-sampling are included. In each layer, we
implement a 3x3 kernel size in the convolution layer, followed by a batch normalization (BN)
and a non-linear activation function (ReLU). The filter number of the seven layers is 32, 64, 128,
256, 128, 64 and 32, respectively; skip connections are established between the feature maps of
encoder and decoder at the same level. Dense convolution blocks and skip pathways are added to
the first two levels of Unet++. With nested and dense skip connections, each decoder node is
carried with not only the feature maps from up-sampled output of the lower dense block but also
with the feature maps from intermediate dense convolution block and the original same-scale
feature maps from the encoder. We use dropout with a rate of 0.5 in the last two layers to avoid
over-fitting. The cascaded neural network contains a total of N = 3 iterations; the number 3 is
chosen to ensure data convergence and to contain computational load. fonn is allowed to be
parameterized differently in each iteration to improve the overall performance.

The proposed cascaded network is trained using Adam optimizer [82], with the suggested
parameters the first-moment exponential decay rate 81 = 0.9 and the second-moment exponential
decay rate 8, = 0.999. The initial learning rate is set as ¥ = Se~*. The mini-batch size is set as 1
in all training processes. We initialize the network weights using a Gaussian distribution with a
mean and a standard deviation of 0 and 0.02, respectively. Each sample image is cropped into
patches to build a data set with the dimension of 512 x 512 pixels. The initial trade-off value of
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Fig. 2. The architecture of physics informed neural network (PINN) for quantitative phase

retrieval.

Through-focus intensity measurements and in-focus intensity measurements

recorded at different distances are used to generate the ground truth phase profiles in the top
row. Each of the N cascaded blocks is a parallel structure made of a data consistency layer
(DC) that incorporates the physics forward and inverse models H(-) and the non-transpose-
based inversion operator Hj;,,(-), and a CNN layer that learns the features of the objects. The
trained network is then used for high quality phase retrieval from low quality 2-shot TIE
phase retrieval ¢( and the intensity measurements. A Unet++ architecture is used as the

CNN layer in our PINN.
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the CNN regularization term and data consistency cost is set as @ = le™2. All trained networks
are implemented on a NVIDIA 2080 Ti GPU with 11GB memory using Pytorch.

2.4. Simulation and experimental parameters

To simulate TIE phase imaging, we use images from standard image datasets and crop them
to arrays of 512 x 512 pixels. We assume that the illumination wavelength is 660 nm, and the
defocused distance is d = 4um. Setting the pixel resolution to 0.22 um, each image is assumed
to be of the size 0.112 x 0.112 mm?.

To construct pure phase objects ¢g,, the pixel intensity of the sample image is linearly mapped
into phase from O to 3.5 rad, which composes a data set with a similar phase shift as the cheek
cells used in the experiment in Sec.3.2 for PINN reconstruction. Note that since TIE phase
retrieval responses to the gradient of the phase, there is no phase-unwrapping problem, and can
be applied to phase shifts larger than 2z [83]. The in-focus intensity Ij is assumed to be a uniform
illuminated array of 512 x 512 with every pixel owning the same intensity value. The diffraction
pattern I, is calculated via the forward operator H consisting of Fresnel integral and taking the
square of complex amplitude. White Gaussian noise with SNR 20 dB is applied to each simulated
Fresnel diffraction pattern /; and Iy. Inverting the noise corrupted intensity patterns, 2-shot TIE
phase retrieval ¢ is obtained using Hjy,,(Io, Iy) in Eq. (2).

To construct phase object with absorption, we introduce a strong-varying absorption profile Iy,
and use its square root as the amplitude of the input wavefront, associating with the constructed
phase. The defocused intensity ; is then calculated with the same forward operator H and noise
corrupted with Gaussian noise of 20 dB SNR. Phase ¢y is retrieved via H;,  in Eq. (4).

Experimentally, we use a broadband LED and pass the light through a pinhole. We collimate
the beam using a condenser lens (recall Fig. 1). A narrow band spectral filter with a central
wavelength of 660 nm is inserted in the collimator to provide a quasi-monochromatic beam. The
images of the specimen are collected using an objective lens (20x magnification, NA=0.45) and
are mapped on to the CCD camera with a 4.4 um pixel size, resulting in a pixel size of 0.22 ym
on the image. We use human cheek cells as the phase object. The initial ¢ is obtained from the
2-shot measurement at d = 0 and d = 4um via H;,,, (I, 1).

The phase retrieval images are quantitatively validated using the structural similarity index
(SSIM) and normalized peak signal-to-noise ratio (PSNR) as,

2x My iy + Cl)(2 X 09y + Cg)

SSIM, y) = ,
O = 7 w2+ Colo + 02 + C)

(10)

. MAX(y)?
PSNR(3.y) = 10 x log;o(~ Y (11)

o )
o St S i) = 3G )N
In SSIM metric, u, represents the mean of y, oy denotes the variance of y, C; and C; are
small constants, and o7, specifies the covariance function of y and $. The MAX(y) represents the
maximum possible pixel of y defined in PSNR.

3. Results
3.1.  Simulated TIE phase imaging and absorptive phase imaging

The proposed PINN is first validated via simulation. The 500 images featuring scenery in Kaggle
data set [84] are used as the training set and test set of phase objects for simulation. In addition,
four images from USC-SIPI data set [85] are also used as test data. In this simulation, 80% of the
sampled images (400) are randomly selected for training, the rest (104) are used for testing. We
simulate for both the TIE phase retrieval on pure phase objects and the TIE absorptive phase
retrieval, using non-uniform circular absorptive profile as shown column 1 in Fig. 3(c).
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Figure 3(a) shows the phase retrieval performance for a test image from the same database of
Kaggle. Comparing the 2-shot phase retrieval ¢ in column 1 and ¢, in column 4, we can clearly
see severe corruption featured by low-frequency noise. The amplified noise is efficiently removed
by the proposed PINN approach, yielding a high-fidelity phase retrieval that has accurately
restored the fine details. Out of all the 104 testing samples, the average SSIM and PSNR
metrics are significantly increased from 0.478 and 13.38 to 0.817 and 21.84 from ¢g to ¢pinN,
demonstrating the efficacy of the proposed physics-informed learning approach.

[ | | |
0.6 1.8 Peinn 3.5 q)gt

Absorption sample 3 (Kaggle Data set)

Fig. 3. Simulation results for 2-shot TIE phase retrieval. The 2-shot TIE inputs ¢q (column
1), defocused diffraction pattern /; (column 2), phase reconstruction gpinN (column 3) and
ground truth phase profiles ¢g; (column 4) are shown. Row 1 and 2 shows the results of
pure phase objects, implemented on one test sample image (scenery) in Kaggle data set, and
on a different type of image (ship) from USC-SIPI data set, respectively. Row 3 shows the
results of absorptive phase imaging based on sample images in Kaggle data set.

Figure 3(b) shows the performance of phase retrieval on a different type of image (ship) from
a different database USC-SIPI. The trained PINN is directly applied to the simulated intensities,
generated based on the new ship image. Some of the sharp-edged features, such as letters and
pillars, are not commonly seen in the scenery images in Kaggle. As a result of changed image
feature distribution, the performance of the phase retrieval shows some degree of aberration
around those areas. Nevertheless, the severe low-frequency noise in the 2-shot retrieval in column
3 is efficiently removed.

Figure 3(c) shows the phase retrieval performance on absorptive phase objects. A spherical
non-uniform absorption is applied to the phase objects, and phase retrieval estimate is obtained
by the inverse operator H;,  defined in Eq. (4). As shown in column 1, in addition to the
low-frequency noise that corrupts the image, the coupling of strong absorption gradient and
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strong phase gradient also introduces curl effect with aberration in places such as the wood fence.
Such curl effect is again efficiently repaired by the PINN, resolving in clear fence structures
in column 3. The quantitative evaluation is also implemented using 104 test absorptive phase
examples, where SSIM is increased from 0.446 to 0.798 and PSNR is improved from 12.39 to
20.80.

Overall, the simulation trials demonstrate that the proposed PINN can be efficiently trained for
2-shot TIE phase retrieval with a small dataset (400). The training takes around 4 hours and the
phase retrieval with the trained PINN only takes 0.5 second. The trained PINN can be transferred
to images of different types with robust performance. We also investigate the performance on
absorptive phase imaging, and find that the curl induced error can be efficiently corrected by the
PINN.

3.2. Experimental phase imaging of human cheek cells

We next implement the phase imaging of human cheek cells experimentally via the proposed
PINN approach. In this experiment, we train a network to translate phase retrieval from 2-shot
measurements based on the reconstruction using multi-stack defocused measurements. The
purpose of the experiment is to obtain high quality phase retrieval with reduced experimental
complexity. Several different neural network frameworks are used to achieve the same purpose
and are compared with our proposed PINN. While the multi-stack reconstruction is by no means
the ground truth of the phase object, it has been widely considered as high-quality phase retrieval
[75,86], especially when the number of measurements of the defocused intensity is high. In
our case of human cheek cells, where the ground truth is hard to obtain, it is not uncommon to
use multi-stack reconstruction as the target for the training of the neural network [75,86]. Here,
a through-focus intensity stack is collected at the defocus distances d = +2um, +4um, +8um,
+16um, £32um, +64um, £128 um, +256 um. These exponentially spaced defocused intensity
images are used to obtain the target phase profile ¢, using Gaussian process regression TIE [72].

We build a database with 200 image sets consisting of I, Iy and ¢,. Out of the 200 image sets,
70% of the samples (140) are randomly selected for training, 15% (30) are randomly selected for
validation and the rest 15% (30) are used for testing. For comparison, two other deep learning
networks, including the widely used U-net based imaging translation network [48] (abbreviated
as U-net) and an end-to-end multi-channel deep-learning network [83] (abbreviated as dTIE), are
employed for the same phase retrieval problem and are trained with the same training, validation
and testing image sets. The U-net based imaging translation utilizes six levels of residual blocks,
followed by two additional standard residual blocks, where corrupted image inputs (2-shot TIE
phase retrieval ¢g) are directed translated into enhanced phase image. On the other hand, dTIE
adopts a deep end-to-end Resnet structure, and uses the three intensity measurements /_4, Iy and
1, as the inputs. For fair comparison of our work, we maintain the same network structure in
U-net and dTIE with constant learning rate of 0.001, defocused distance (d = 4um), input shape
of 512x512 with learning batch size of 4 trained for 100 epochs.

Figure 4 shows the phase retrieval results. The target phase profile ¢, as well as the enhanced
phase retrieval results ¢ using the four different neural networks, the proposed PINN in this work,
PINN without DC layer, U-net, and dTIE, are shown in Fig. 4(a). As shown in Fig. 2, the input
¢ suffers from the cloud-like low frequency noise. The noise and artifacts have been suppressed
in various degrees by the deep neural networks. While the dTIE network improves the image
quality by successfully removing the haze noise, the output ¢4t contains inadequately preserved
features from the inputs, such as the diffraction fringes from the defocused intensity patterns I,
and reduced contrast introduced by the blurring from ¢y. U-net successfully resolves the fine
details of the cells, but reduces the overall image contrast because of the residual of low-frequency
noise. We also compare the proposed cascaded structure with DC layer (PINN-DC) and without
DC layer (PINN-non-DC). The PINN-non-DC is able to reconstruct most textures and shapes
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of the phase profile but behaves poor at capturing the sharp edge information. In contrast, the
proposed PINN-DC resolves the phase profile with the sharpest details and the highest accuracy.
A plausible reason is that the prior knowledge on the object introduced by the DC layer can
be learned by the neural network. Figure 4(d) shows the loss function with the training and
validation data sets. Note that the loss function for the validation data set stabilizes after 80
epochs, which indicates that the proposed PINN is able to converge with this phase retrieval
problem. Also, it provides evidence that the current total number of 100 training epochs is
suitable to avoid over-fitting. The line profiles of the dashed yellow line in Fig. 4(b) are compared
in Fig. 4(e). We see that dTIE (purple dashed line) and PINN-nonDC reduces the contrast, while
the U-net curve (yellow dotted line) drifts upwards due to residual low-frequency noise. The
result of PINN (green dashed line) fits the target phase profile (pink solid line) best.

The quantitative performance merits (SSIM and PSNR) shown in Table 1 confirm the visual
observation. The PINN scores a highest 0.919 in SSIM and 25.23 in PSNR, a significant
improvement from 0.588 of SSIM and 16.63 of PSNR for ¢y. Improvement by U-net and dTIE
are not as high as that of PINN. Note that the supreme performance of PINN is based on a least
number of parameters of 6.6 M (x10°), which includes networks in all three cascaded iterations.
On the other hand, the numbers of parameters contained in U-net and dTIE are 10.2M and 40.7M,
respectively. It takes 2 hours 13 minutes to train the PINN with our current implantation on a
single NVIDIA 2080 Ti GPU. Once trained, it only takes 0.54 second to retrieve the phase profile.
This is evident that with additional physics information, the proposed PINN is able to achieve
high quality phase retrieval results with an efficient compact network structure.

Table 1. Comparison of PSNR (dB) and SSIM for the reconstructed
phase profiles using different methods. FACTOR FORMAT : MEAN +

STD.
TIE retrieval PINN U-net dTIE
Param - 6.6M 10.2M 40.7M

PSNR 16.63 +3.75 25.23 +£3.65 23.44 +3.66 22.84 £295
SSIM | 0.588 +0.105 | 0.919 +0.034 | 0.899 +0.045 | 0.877 +0.041

3.3. Performance robustness against deficient training data

To test the robustness against deficient training data, we investigate the phase retrieval performance
using a varying number of training sample images. Human cheek cells are used as the phase
objects for the investigation. The original training data set containing 140 image pairs used in
Sec. 3.2 is adopted as the benchmark level of 100%. We then construct four data sets containing
35, 70, 105, 140 image pairs each randomly sampled from the 170 image pool, corresponding
to 25%, 50%,75%, and 100% of the benchmark data size. These data sets are used to train
the neural networks of PINN as well as the U-net and dTIE introduced in Sec. 3.2. The phase
retrieval results are shown in Fig. 5, where we also quantitatively compare the performance of the
three deep learning networks via SSIM and PSNR. To evaluate the uncertainty, we repetitively
sample the training data sets from the data pool and average the performance merits among 10
independent training sessions for every data set size.

Comparing phase retrieval images in Fig. 5, we see that while all three methods show
performance degradation over deficient data, PINN is more robust, showing a slower deterioration.
As shown in Fig. 5(b), even the phase retrieval result from PINN trained by 25% of the data set
is able to resolve major structure features, such as the cell core and the boundary edges, and
successfully removes the background haze noise. In contrast, the phase retrieval results from
U-net and dTIE deteriorate considerately with 25% of the data set. As shown in the top image of
Fig. 5(c), U-net is not able to completely remove the low frequency noise in the figure, leaving
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Fig. 4. Experimental phase retrieval results. (a) The phase profiles retrieved by Gaussian
process regression TIE ¢;, PINN ¢pnN, PINN without DC @piNN—nonDC»> U-net ¢y—_pets
and dTIE ¢471g. (b) The zoomed-in area near cell core in (a). (c) The error map as compared
to the target ¢;. (d) The convergence of loss for the training and validation data sets during
the training of PINN. (e) Comparison of the line profiles of the yellow dashed line labeled in
(b).
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the lower right part of the image untruthfully dark. Severe artifacts of boundary shadows are also
observed. The phase reconstruction result of dTIE in the top row of Fig. 5(d) blurs the image and
misinterprets some of the major structures, such as the central core.

(@) S Z

105

140

35 70 105 140 35 70 105 140
Data Size Data Size

Fig. 5. Phase retrieval performance with deficient training data. (a) Target phase profiles
¢;. Phase retrieval results based on (b) PINN ¢pinN, (¢) U-net ¢y_pet and (d) dTIE ¢411E
using 35, 70, 105 and 140 image patches of the original training data. Quantitative merits
of (e) SSIM and (f) PSNR are shown with boxplots indicating the average performance
variances among 10 independent training sessions.
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Quantitative analysis of SSIM and PSNR in Figs. 5(e) and (f) is consistent with the visual
observation. PINN not only outperforms the non-physics informed networks when there is
sufficient training data, it also demonstrates higher robustness against data deficiency. We find
that when the training data set size is reduced to 50% (70 image sets), PINN (red box) yields a
small drop (8%) of average SSIM from 0.919 to 0.846. In contrast, non-physics informed DNN
approaches of U-net and dTIE deteriorate much faster. With 50% data size reduction, U-net
(green box) yields a 13% drop of performance from 0.899 to 0.784, while dTIE (blue box) drops
by 14% from 0.877 to 0.754. Notably, the high-performing PINN is built using a smaller number
of parameters, which is 40% less than the U-net and 84% less than the dTIE networks (Table 1).
Combining the compact network with a relatively small training data size, the PINN approach
improves the efficiency of phase retrieval applications, despite having a cascaded structure.

3.4. Application to four-shot TIE phase retrieval via transfer learning

So far, we have demonstrated that PINN is a prominent approach for 2-shot TIE phase retrieval.
In this section, we show that a well-trained 2-shot PINN can be utilized to reconstruct the phase
images of similar objects in a new acquisition setting via transfer learning [87,88]. Instead of
training the neural networks from a random initialization, transfer learning focuses on utilizing
the learned knowledge from one problem to solve a related problem. By doing so, the related
problem is expected to be efficiently solved with less computation and training data. In imaging
applications, a common situation is that the imaging setup is slightly changed while the objects
of interest remain the same. For example, the alignment and focusing of the microscope may
change from trial to trial; wear on the surface of the lenses may introduce unexpected scattering;
the light source may lose coherence overtime, etc. In these cases, the forward models in the
physical process are changed, but the features of the objects remain the same. In an end-to-end,
non-transferred learning framework, the features introduced by the aberration from the imaging
setup are mixed with the features of the objects, which are only identified (hopefully) after another
computationally expensive learning process with the excess burden of collecting a large set of
training data in the new setup.

The proposed PINN, on the other hand, is well suited for transfer learning in altered imaging
settings. Benefiting from the parallel structure with separated data consistency layer and CNN-
regularization layer, PINN can adapt to new imaging settings by updating the data consistency
layer with the new physics models while transferring the learned features from a pre-trained
CNN-regularization layer, as shown in Fig. 6. The latter is achieved by first transferring the
network architecture and initialize the target model with a pre-trained CNN; the target model is
then fine-tuned by additional training. In this way, the training process of phase imaging can be
significantly accelerated.

To demonstrate the transfer learning performance of PINN phase retrieval, we transfer the
PINN previously trained in Sec. 3 (2-shot TIE) to a 4-shot TIE phase retrieval problem. In the
4-shot TIE experiments, we capture four de-focused intensity measurements Iy, I_y, I, I_» at
d; = £2um, dy = +4um, respectively. The intensity differential is obtained using the high-order
finite difference method via Taylor expansion as [22],

i=+2

91(x.y:2) aili (12)
0z | P Az
where -
4i(-1)!
L .y A 13
A2 e (13)

and Az = 2um. The 4-shot TIE forward and inverse models are then built by substituting the
intensity differential Eq. (12) into Eq. (1) and Eq. (2) respectively, and are used to update the
data consistency layer.
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Fig. 6. Transfer learning scheme for PINN. A trained 2-shot PINN is used as the initialization
for the training of a 4-shot TIE PINN, with the data consistency layer DC, replaced by the
4-shot model DCy4.

We then train a 4-shot PINN initialized by the pre-trained 2-shot PINN using 140 image pairs.
The training performance is evaluated by the training loss between the retrieved phase objects
and the corresponding target phase profiles in a validation set at different training epochs. In
this case, we form a validation set containing 30 image sets, and the training loss is obtained by
computing the mean square error among them. To compare, we also use the same set of data to
train a randomly initialized 4-shot PINN without transfer learning. The performance comparison
is summarized in Fig. 7

As shown in Fig. 7(b), the transfer learning approach (dashed red line) constantly outperforms
non-transferred PINN (solid green line). In particular, transfer learning starts at a low loss level
and converges very fast. For as little as 5 epochs (Point ii), the training loss of transfer-learned
PINN is already on-par with that of non-transferred PINN at the end of training with 50 epochs
(Point i). The final training loss for transfer learning with 50 epochs (Point iii) is also significantly
lower than the final loss for non-transferred PINN at Point i. The corresponding phase retrieval
results generated by PINN at Point i, ii and iii are shown in Fig. 7(c), which demonstrate the
same trend. The image quality of transfer-learned PINN after 5 epochs (ii) is close to that of
non-transferred PINN with 50 epochs (i); With a same number of 50 epochs, transfer learning (iii)
achieves the best performance with a SSIM of 0.923, exceeding SSIM of 0.905 for non-transferred
PINN.

Interestingly, we find that the transfer learning of PINN can be further accelerated by adopting
a pre-trained 2-shot PINN with reduced epoch numbers. The transferred PINN initialized by a
2-shot PINN trained with 20 epochs shows almost an identical convergence performance, and
obtains an SSIM of 0.923 by the end of 50 epochs. The results demonstrate that the lower weight
parameters optimized in the first few epochs contain the most valuable knowledge to transfer.
Overall, our results are evident that the learned features of manifold patches by PINN can be
transferred to resolve similar imaging inversion problems with reduced computational cost.
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Fig. 7. 4-shot TIE phase retrieval using transfer learning. (a) The target phase profile
¢, (b) the convergence curves based on training loss as a function of epoch number for
non-transferred PINN (solid green line), and transfer learning PINN (dashed red line,
initialized with the 2-shot PINN trained for 100 epochs). (c) Phase retrieval results ¢pynN for
the various epoch stages i (non-transferred), ii (transferred) and iii (transferred) as indicated
in (b).

4. Discussion

In this section, we discuss phase retrieval approaches using deep neural network beyond the two
methods of dTIE and Unet used for comparison in the previous section. Compared with iterative
methods which optimize the phase retrieval with deep priors-based generic regularizers [89],
a trained PINN can significantly reduce the reconstruction time of phase retrieval. Regarding
deep learning strategies, the most widely used network structures for phase retrieval are based on
Resnet [90], DenseNet [91] or their variations. In such end-to-end phase reconstruction scheme,
the large-scale data set with input estimates and targets are always required to reconstruct accurate
phase results. Another promising method used for phase imaging is generative adversarial
network (GANSs) [51], which builds two separated neural networks known as the generator and
discriminator to improve model performance. Note that these deep learning strategies are entirely
data-driven, meaning that they depend only on the network parameters and data set and is ignorant
to the physics of the imaging system. On the other hand, physics-aware model is usually much
less dependent on the training data. As demonstrated by recent advances of untrained neural
network [62,63], such physics-aware architecture can be iteratively optimized based on only a
few or even a single measurement, thereby greatly reducing the constraint of big data collection.
Alternatively, recent studies of unpaired training connect physics model with CycleGAN [92]
and demonstrate success of image-to-image translation with cyclic constraints. This efficient
approach is also recently applied to address phase reconstruction with incorporated forward
model [60], leading to ultra-fast and accurate phase reconstruction. The potential difficulty of
CycleGAN-based works arises from the training of two GANSs. In other words, the balance of
generator and discriminator with consistency constraints may be challenging in each case study.
In comparison, our proposed PINN follows an iterative optimization scheme and combines the
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physics image formation model and learning-based techniques in each iteration. The easy-training
PINN can produce high-quality phase retrieval results with reduced data set, and the incorporated
DC term is flexible to fit training samples collected in different environments.

5. Conclusions

To conclude, we have demonstrated that the physics-informed neural network (PINN) is capable
of embedding physics knowledge in parallel with deep neural networks for high quality TIE-based
phase retrieval. With the physics information, the proposed PINN successfully removes the
low-frequency noise and corrects for curl induced errors commonly observed in TIE phase
imaging. In the experiments presented, the proposed PINN is shown to perform better than
two end-to-end deep-learning algorithms from literature, both in terms of imaging quality and
robustness against insufficient training. It is also shown to be easily transferred to different types
of objects or different imaging setups. By using PINN to integrate physics knowledge with the
object prior features, high quality phase retrieval can be obtained using less training data and
faster computational speed.
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