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We propose the Deep Gauss-Newton (DGN) algorithm.
The DGN allows to take into account the knowledge
of the forward model in a deep neural network by un-
rolling a Gauss-Newton optimization method. No regu-
larization or step size need to be chosen, they are learned
through convolutional neural networks. The proposed
algorithm does not require an initial reconstruction and
is able to retrieve simultaneously the phase and ab-
sorption from a single-distance diffraction pattern. The
DGN method was applied to both simulated and exper-
imental data and permitted large improvements of the
reconstruction error and of the resolution compared to
a state of the art iterative method and another neural
network based reconstruction algorithm. © 2023 Optica
Publishing Group

http://dx.doi.org/10.1364/a0. XX. XXXXXX

Phase contrast imaging has higher sensitivity compared to
attenuation-based techniques, and permits tomography at the
microscopic and nanoscopic scales [1]. It has found many ap-
plications such as in materials science and biomedical imaging
[2]. Due to the high coherence and brilliance of synchrotron
sources, resolutions down to tens of nanometers can be rou-
tinely achieved [3]. Several phase-sensitive imaging techniques
have been developed [4], among them, propagation-based imag-
ing [5] requires no equipment other than the source, object and
detector. The absorption and phase shift induced by a sample
can be retrieved from one or several such images, which is a
nonlinear and ill-posed inverse problem.

Direct inversion formulas can be obtained by linearization
of the problem [6-8]. Such analytical methods can work well
under certain imaging conditions, but impose restrictions on
the imaging setup [6] or the object [7, 8]. To overcome these
limitations, for example in high resolution imaging [9], iterative
algorithms that do not rely on linearization of the problem can
be used. Among them are the methods of alternating projections
on constraints in the object and the Fourier domain, e.g. the
Hybrid Input-Output (HIO) algorithm [10]. Another class of
algorithm is the so-called variational approaches that consist in
minimizing a criterion defined by a data fidelity term and regu-
larization terms. These algorithms permit a flexible inclusion of
prior information, such as sparsity or Tikhonov regularization
[11]. More recently, an iteratively regularised Gauss-Newton
(IRGN) method was proposed, exploiting the regularity of the
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Fig. 1. Architecture of the network Iy, representing one itera-
tion of the Deep Gauss-Newton method.

solution to obtain better robustness to high-frequency errors by
regularizing with Sobolev norms [12]. Such approaches take
into account the non-linearity of the problem, and yield bet-
ter reconstructions with less artifacts than linearized methods.
Unfortunately, the computation time is high and the choice of
appropriate regularization remains a difficult problem.

The development of deep learning methods in recent years
has led to many advances in image and signal processing [13].
Specifically, deep neural networks (DNNs) have been used to
solve a wide variety of inverse problems [14]. Despite this
progress, the black-box nature of DNNSs, i.e., their lack of inter-
pretability, is one of the primary obstacles for their use. Several
approaches to exploiting DNNss for the solution of inverse prob-
lems have been proposed. DNNs can be used to reconstruct
the unknown image directly from an available measurement, or
some parts of an algorithm can be replaced by DNNs. Algorithm
unrolling is an emerging technique based on the incorporation
of convolutional neural networks (CNNs) into an iterative opti-
mization scheme in order to give the DNN a specific role in the
reconstruction [15]. Such approaches have found many appli-
cations [16] and unrolling has been applied to several optimiza-
tion approaches: gradient descent algorithms [17], primal-dual
schemes [18], and Alternating Direction Method of Multipliers
[19]. For phase retrieval, several architectures have been pro-
posed, including MS-D Net [20] and PhaseGAN [21].This kind
of network is trained to approximate the inverse operator and
often require large training sets as well as long training time.
Other methods have incorporated neural networks into iterative
schemes, but they are either computationally demanding [22, 23]
or rely on a linearization of the forward model [24].
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Table 1. Parameters for the Neural Networks

MS-D Net DGN
Loss function MSE MSE
Training epochs 100 100
Learning rate 103 5x 1074
Batch size 10 10
Activation function ReLU LReLU
Training time 35h 21h
Number of parameters 46 x 10° 31 x 10°

Here, we present a new learned iterative scheme, the Deep
Gauss-Newton (DGN) algorithm, which is obtained by unrolling
a Gauss-Newton iteration. The proposed method combines
CNNs and knowledge of the imaging physics given by the for-
ward operator and its Fréchet derivative. The rationale behind
this choice is to take a well-known algorithm that is known
to converge quickly and enhance it with machine learning by
unrolling. We expect this scheme to inherit or improve the con-
vergence properties of the Gauss-Newton method. Another
advantage of this approach is that no regularization has to be
chosen, instead it is adaptively learned from the data during
training. We demonstrate the capability of the method to re-
trieve phase and attenuation from a single phase contrast image
on simulated data as well as experimental data.

Under the projection approximation, the interaction of a co-
herent and parallel X-ray beam with matter can be described
by a transmittance function [6]. In the experimental conditions
considered here, the intensity at a distance D from the sample
is well described by the Fresnel formalism, and is given by the
convolution of the transmittance and the Fresnel propagator Pp:

Fp(B,¢) = [e B4 Pp2 with Pp(-) = % exp Bl (1)

The operator Fp describes the nonlinear relationship between
the absorption B and phase shift ¢ induced by the object and
the intensity of the diffraction pattern. In the following, we will
note f = (B, ¢) the couple we aim to retrieve.

The inverse of Fp can be approximated using variational
methods such as IRGN, corresponding to Tikhonov regulariza-
tion of the Newton steps:

2
foon = angmin {[£0(5) + ¥ 7 — o 18| e 1| @
where Fp (f¢) is the Fréchet dérivative [25] of Fp at the point f;,

a > 01is a regularization parameter at iteration k, and I%bs isa
noisy measured intensity. Eq. (2) has a unique solution

firr = fi + [Fo(fo) " Fp (fi) + aplld]
{Fo(fi)* [8° ~Fp(f)] —wfi} @)

where Fj, (f;)* is the adjoint of the linear map Fj (f;) and Id is
the identity. Usually, a step size for the update of f; is intro-
duced as regularization. Here, we propose instead to learn a
regularization by replacing the Tikhonov term ay f;, with a CNN
Gef with parameters Gf , and to approximate the inverse of the
operator [Fj,(fx)*Fp(fx) + a,xld] with another CNN Hy, with
parameters 9,}(', based on the current iterate fx and on the approx-
imate Hessian F, (fx)*Fp (f¢)- The network H then replaces the

classical approximation of the inverse of the Hessian used in the
traditional Gauss-Newton scheme by a potentially better and

88
89

90

faster learned approximation. If the algorithm is stopped after
N iterations, we get fy = (Tg, ©--- 0Ty, ) (fo), where fj is the

initial guess, 6 = (95 p 9}(’) and

Lo, (fx) = fit

Hys [fo B (i) Fo (i) {Fp (fo)" [18° — Fn(fi)| + Gye (f) }]
@)

Unrolling this scheme, we can consider Ag = T'g, 00Ty,
as a deep neural network representing N iterations with ©@ =
(61, ..,0N) its parameters. Recent work on unrolling schemes
has shown that using the same transformation at each iteration
so that 6 = 0 for k € {1,..., N}, yields good results [26]. Ag
can then be seen as a recurrent neural network. The architecture
of the network I'y used for each iteration is shown in Fig. 1.
The network Gy takes the current iterate f; as input, spreads
it to 16 and then 32 channels by a convolutional layer with
kernel size 5 x 5 using a leaky rectified linear unit (LReLU) as
non-linearity, defined as LReLU, (x) = max(x, ax), &« > 0. The

output of the network Gys is added to Fj, (fi)* [Ig’s -¥p (fk)} ,

stacked with the current iterate and then fed to the network Hy.
which consists of the same set of operations as Gys (except it
has four input channels instead of two). Finally, the output is
added to the current iterate and projected onto positive numbers
by a LReLU. The architectures of the networks are kept simple
for several reasons. A shallow network added to the iterative
update saves computational time and the memory required,
while giving good reconstruction results.

To evaluate the algorithms, we created a database of 3D ob-
jects consisting of random combinations of one to ten ellipsoid
and paraboloid shapes of three different materials (gold, palla-
dium and zinc). We then computed 2D tomographic projections
of the real and imaginary parts of the refractive index, corre-
sponding to the phase shift and absorption. The X-ray energy
was set to 13 keV for a wavelength of A = 0.095 nm, and the
propagation distance was set to D = 20 mm to yield a pixel size
of 12 nm corresponding to the experimental conditions below.
The phase contrast images were generated from the projection
images according to the forward model Eq. (1). The propaga-
tion was calculated using 4 times oversampling with an image
size of 2048 x 2048, yielding a final image size of 512 x 512 (Fig.
2). Gaussian noise with different amplitudes was added to the
images to yield a peak to peak signal to noise ratio (PPSNR)
between 10 and 100 dB. 12000 pairs of one input image (simu-
lated intensity) and two output images (absorption and phase)
were generated. From this dataset, 10000 pairs were used for
training, 1000 for validation during the training, and 1000 for
evaluation. We compare the unrolling framework to the stan-
dard IRGN method [12] as well as to the Mixed-Scale Dense
Network (MS-D Net), a direct reconstruction method that does
not include prior knowledge on the imaging physics [20].

Fig. 2. (a) Simulated and (b) experimental intensity.
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Table 2. Results (mean and standard deviation) on 1000 simulated images.
Method NMSE (%) FRCM (%) Resolution (nm) Time (s)
Absorption Phase Absorption Phase Absorption Phase
IRGN  85.5(40.7) 39.3(15.0) 712(9.95) 68.1(5.45) 238 (136) 154 (43) 116
MS-DNet 13.6(12.8)  10.6 (10.8) 48.8 (13.8)  47.8(13.3) 102 (77.4)  98.5(135) 2.60
DGN  12.1(13.5) 4.61(6.20) 35.7(15.7)  23.0 (16.6) 72.2(55.2)  62.3 (37.0) 5.88

In the IRGN, the positive-definite linear operator in Eq. (3)
can be inverted efficiently by a conjugate gradient (CG) method
[12]. We used 100 Newton steps and 10 iterations for the CG.
For the DGN method, we used N = 10 iterations, which means
that the derivative F, (f¢) and its adjoint F, (f¢)* are evaluated
10 times. The number of iterations was chosen empirically so
that the NMSE stagnates. As opposed to [17], where several
networks are trained sequentially, i.e. iteration by iteration, here,
given a training set {1/, f'} where y; denotes the intensity Fp (f')
corrupted by noise, we use one network I'g applied N times in
a recurrent fashion to obtain the DNN Ay, which is trained to
perform end-to-end reconstruction. The DGN was trained using
100 epochs with a batch size of 10, the ADAM optimizer, an
initial learning rate of 5 x 10~ and a cosine annealing learning
rate schedule [27]. The LReLU activation function parameter
was set to the default « = 0.3. Warm-up initialization decreased
training time but did not yield better final results. Therefore, for
simplicity, zero initialization, fp = (0,0), was used throughout.
For the MS-D Net, we used the same settings as in [20]. Using
LReLU in the MS-D Net did not improve the reconstructions.
The hyperparameters for the networks are summarized in Tab.
1 and were optimized using grid search. Both DGN and MS-D
Net were trained on the same training set.

To quantify reconstruction quality on simulated data, we
used the normalized mean square error (NMSE). The frequency
domain correlation between ground truth and recovered image
was evaluated using the Fourier Ring Correlation (FRC). From
this the Fourier Ring Correlation Metric (FRCM) [21] and the
resolution were calculated. FRCM is the mean square difference
between the FRC and unity over all spatial frequencies. A small
FRCM implies a higher similarity in the Fourier domain. To
assess the capability to retrieve high frequencies and reconstruct
thin details, a metric to estimate the resolution was computed
by the 20 criterion [28]. The mean and standard deviation of the
metrics were calculated on the test dataset. The average com-
putation time for one reconstruction was measured to compare
the execution time. The results are summarized in Tab. 2. Phase
and absorption reconstructions from one simulated image pair
are shown in Fig. 3. Both deep learning methods performed
better than the IRGN method, which tended to leave artifacts
in the absorption and yield a blurred phase. On average, the
deep learning approaches performed better than the IRGN, both
in terms of reconstructed values and resolution. In terms of
NMSE, the deep learning approaches gave similar results for the
absorption, but the DGN performed better than the MS-D Net
for phase recovery. Moreover, the DGN yielded better resolu-
tion as well as better correlation in the frequency domain. As
expected, the MS-D Net was fastest, since it only requires one
application of a neural network. The DGN is efficient despite the
need to compute the derivative of the foward operator as well as
its adjoint several times and is 20 times faster than its standard
iterative counterpart. For comparison, an unrolled simple gradi-
ent descent scheme [17] yielded less convincing results despite
using more parameters (41 x 103): for the absorption 13.2 (17.3)

% NMSE, 37.6 (15.2) % FRCM 82.2 (116) nm resolution and for
the phase 4.74 (6.99) % NMSE, 23.9 (16.7) % FRCM, 69.3 (62.6)
nm resolution, confirming our choice of network structure.

The proposed approach was applied on data acquired at
beamline NanoMAX at the MAX IV synchrotron (Lund, Swe-
den) [29]. The diffraction pattern in Fig. 2 was obtained using
the same image conditions as above. The sample consists of a
stack of palladium, zinc, palladium, gold layers with thicknesses
of 21,10, 11, 163 nm, respectively, deposited on a 1 mm-thick sili-
con nitride substrate, resulting in expected values for absorption
and phase of 0.0483 and 0.217 respectively. To evaluate the re-
constructions quantitatively, we used the normalized error (NE)

and relative standard deviation (RSD), calculated as NE = %
and RSD = %, where I; is the expected value, I, the measured
mean value and s, the standard deviation in the corresponding
material. The shape of the object was estimated from a phase
reconstruction using an iterative method, and chosen so that
the calculation of I, and s;; was done in homogeneous parts to
avoid the influence of blur at the edges. The resolution was mea-
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Fig. 4. Reconstructions for experimental data. The profiles

along the red line were measured to estimate the resolution.
Values correspond to (NE (%) (RSD (%)), resolution (nm)).

sured by fitting an error function to a line profile across an object
edge and calculating the corresponding Gaussian full width at
half maximum based on the error function fitting parameters.

The reconstructions obtained in Fig. 4 show that the DGN
yields very high quality reconstructions of the object with almost
no remaining visible artifacts. Although the MS-D Net performs
well on simulations, it seems to not generalize as well as the
DGN to the experimental data given the chosen training strat-
egy. This could be due to the DGN explicitly taking into account
the physics model, learning the noise statistics from the data
yielding an adapted regularization, while leveraging the conver-
gence properties of the optimization method [16]. On the other
hand, the MS-D Net was trained to reconstruct directly from the
measurements, without knowledge of the physics model.

A limitation of the proposed algorithm is that the forward
model has to be fully known, e.g. the propagation distance has to
be precisely measured. In future work we will study possibilites
to correct errors in the forward model. We will also investigate
out-of-distribution generalization error, e.g. with respect to dif-
ferent noise properties. The developed DGN algorithm allows
to efficiently retrieve both the phase and absorption from a sin-
gle phase contrast image. By exploiting recent developments in
deep learning and integrating CNNs into a regularized Gauss-
Newton scheme, with the DGN we overcome the limitations of
classical iterative approaches while leveraging the power of neu-
ral networks. Since no regularization term needs to be chosen,
the DGN network is trained to learn an optimal one for the ab-
sorption and the phase respectively, which improves the quality
of the reconstructions. Taking into account the knowledge of the
forward model in a simple network enhances the reconstructions
and allows a better generalization on real data. Compared to the
standard IRGN, the DGN method both substantially improved
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the reconstruction and reduced the calculation time.
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