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ABSTRACT

Measuring a series of far-field intensity patterns from an object, taken after a transverse translation of the object
with respect to a known illumination pattern, has been shown to make the problem of image reconstruction by
phase retrieval much more robust. However, previously reported reconstruction algorithms [Phys. Rev. Lett.
93, 023903 (2004)] rely on an accurate knowledge of the translations and illumination pattern for a successful
reconstruction. We developed a nonlinear optimization algorithm that allows optimization over the translations
and illumination pattern, dramatically improving the reconstructions if the system parameters are inaccurately
known [Opt. Express 16, 7264 (2008)]. In this paper we compare reconstructions obtained with these algorithms
under realistic experimental scenarios.
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1. INTRODUCTION

The resolution of a diffraction-limited imaging system (in the absence of aberrations) is limited by the illumination
wavelength and the location and diameter of the entrance pupil of the focusing optics. Because of the small
wavelength and high penetration depth, x-rays promise imaging with very high resolution with the additional
advantage of imaging through relatively thick structures. However, current manufacturing capabilities limit
the performance of focusing optics in the x-ray regime, in terms of both the maximum numerical aperture and
aberrations.

Image reconstruction by phase retrieval, a technique originally developed and demonstrated for optical wave-
lengths!# was recognized as an alternative to conventional imaging for the x-ray regime.®® For phase retrieval,
the sample needs to be illuminated with a sufficiently coherent source and the intensity of the diffraction pattern
is used to computationally retrieve the associated phase of the diffracted beam, thus yielding a diffraction-limited
image. This is typically achieved by using a support constraint, a set of points outside of which the object is
known to be zero and, when applicable, a nonnegativity constraint.' %919

There are techniques that can yield reconstruction with a direct computation by including in the plane of
the sample a suitable reference,!' ' but they have more stringent sampling requirement than phase retrieval
and the resolution of the reconstruction is typically limited by the manufacturing capabilities for the reference
feature.

Adding diversity to phase retrieval measurements has been proven to make the computational problem more
robust to noise, inherent ambiguities and algorithm stagnation. By imparting a known modification to the setup
and measuring the resulting diffraction patterns, the algorithms receive additional information that allows for
superior reconstructions. For optical metrology, the detector is typically moved to different positions along the
optical axis, thus obtaining a set of intensity measurements through focus. These measurements are then jointly
used to retrieve the phase distribution associated to the measured intensities.'®'” For x-ray imaging, however,
the small object and large detector pixel pitch typically restrict the measurements to be taken in the far-field
regime. In the far field, moving the detector in the direction of propagation results in a transverse magnification
of the intensity pattern and does not provide suitable diversity.

A form of diversity that is practical for the x-ray imaging problem was first proposed by Faulkner and
Rodenburg, along with a robust reconstruction algorithm: the ptychographical iterative engine (PIE).!®19 In
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Figure 1. Example experimental setup for phase retrieval with transverse translation diversity. A plane wave is incident
on an aperture. The field transmitted by the aperture propagates to the plane of the moveable object, thus generating
the illumination pattern p(z,y). The field transmitted by the object is then given by the product of the illumination
pattern and the object transmissivity, fn(z,y) = o(x — Tn,y — yn)p(z,y). A detector array is used to measure the far-field
intensity pattern I, (u,v) = |Fn(u,v)|>.

this approach, phase retrieval with transverse translation diversity, the object is translated relative to a known
illumination pattern, that can be either the diffracted field from an aperture, a focused field or an aperture
itself, as illustrated in Fig. 1. The far-field intensity pattern is measured for each position of the moveable object
(or equivalently the illumination pattern may be moved). These intensity measurements are then used, along
with the a priori knowledge of the illumination pattern and the translations, to reconstruct the complex-valued
transmissivity of the object.

The PIE relies on an accurate knowledge of the system parameters (the illumination pattern and the object
translations) and the reconstruction is found to be affected by artifacts and errors if these parameters are inaccu-
rately known. In this paper we describe a nonlinear optimization algorithm to solve the problem of phase retrieval
with transverse translation diversity.2® Through analytical expressions for the gradient of a squared-error metric
with respect to the object, illumination and translations, this approach allows the recovery of the object while
refining the initial estimate for the system parameters. We show that the nonlinear optimization approach yields
superior reconstructions with reduced errors and artifacts when the system parameters are inaccurately known.
Furthermore, because the nonlinear optimization approach uses all of the intensity measurements simultaneously
(rather than sequentially as the PIE does), the reconstruction also exhibits reduced noise artifacts.

2. PHASE RETRIEVAL WITH A MOVEABLE OBJECT

Provided that the sample is thin, we can approximate the wave transmitted by the object by

fn(x’y) =0(x—xn,y—yn)p(x,y), (1)

where p(z,y) is the known illumination pattern and o(x — x,,y — y,) is the unknown object transmissivity,
centered at (., yn). The phase retrieval problem with transverse translation diversity consists of measuring the
diffracted intensity pattern for each position of the object and using these measurements to reconstruct o(x,y).

Because for x-rays the detector pixel pitch (the separation between pixel centers) can be several times larger
than the object, the measurement is typically taken in the far field. Within the paraxial approximation, the field
at the plane of the detector is well approximated by the Fourier transform (FT) of the field at the plane of the
object. The measured intensity pattern is then given by

I, (u,v) = |Fn(u,v)|2, (2)
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where we have dropped unimportant multiplicative scaling factors. We approximate the FT with the discrete
FT (DFT),

Fo(u,v) = |Fy(u,v)] exp [0, (u, v)] = DET { fu (2, y)} an ,y exp[ i27r(M + lj{l,/)} (3)

The PIE is an iterative transform reconstruction approach, that updates the object estimate, 6(z,y), by
sequentially using the different intensity patterns.!® This algorithm can be shown to be related to a steepest
descent search.?? For brevity we omit the description of the PIE which can be found in Ref. 19, the reader is
also referred to Ref. 20 for a description of the PIE in the notation used in this paper.

For the nonlinear optimization approach we seek to minimize the squared-error metric

e = Eq: > W, v) { [ 1B, o) + 5}” — [0 + 5}7}2, (4)

n=1 u,v
where . .
£, = DFT {fn(x,y)} = DFT {6(2 — &n,y — §n)D(2, )} , (5)

v is a real-valued constant, ¢ is a small constant that prevents problems in the gradient computation where I,
is close to zero, and W, (u,v) is a weighting function that can be used to emphasize regions with high SNR or
set to zero for regions with poor SNR or where no signal was measured. The weighting function can be set to
zero for dead or saturated pixels or in the region affected by a beam stop.

The number of parameters over which we need to optimize to solve for the object, 6(x,y), is equal to the
number of pixels in the object, thus making a finite-difference gradient computation prohibitively time consuming.
Efficient implementation of the nonlinear optimization algorithm relies on having an analytical expression for
the gradient of the error metric with respect to the object parameters. This gradient is given by,

q

0 ;0% :4Zﬁ*(x+§;n,y+g)n)IDFT{Wn[(|Fn|2+5)7—(1n+5)7}

dor(z,y)  Odoi(z,y)
x 7(|Fn|2 +5) "By exp [m (”AZ" + %)} } (6)

A crucial advantage of the nonlinear optimization algorithm over the PIE is the ability of the former to
refine the initial estimate of the illumination pattern and the translations. The gradient of € with respect to the
illumination pattern, p(x,y), is given by

s i~ 50 e () - (1 |2 (o) 5
(7)

n=1

where IDFT{-} is the inverse discrete Fourier transform.

and the gradient with respect to the translations, (%, §,), is given by
g = 31 W [l +)" = (1 +9) T (1)

e (s e [0y e (22 ZEY]
S () () ()

Y
x Tm [ﬁ; DFT (ﬁ(x,y) IDFT {U’O(u’,v')exp [—z’27r (“]I\j” + Uﬁ")] })} . (8h)
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Figure 2. Amplitude of (a) the illumination pattern at the plane of the object and (b) the object transmissivity. For
better visualization we show in (c¢) a 160 x 160 pixel inset of the object. (d) Location and approximate support of the
illumination pattern for the different object translations. (e) Reconstruction after 50 iterations of the PIE. (f) 160 x 160
inset of (e). 340 x 340 insets of the full 512 x 512 arrays are shown in (a), (b), (d) and (e).

3. NUMERICAL SIMULATIONS

In this section we show numerical simulations of data acquisition and compare reconstructions using the PIE
and our nonlinear optimization algorithm.

Figure 2(b) shows a 340 x 340 inset of the 512 x 512 image of a rodent embryo?! that was used as the unknown
object amplitude distribution. The illumination pattern at the plane of the object, p(x,y), is shown in Fig. 2(a).
This pattern was generated from the free-space propagation of a field transmitted by a circular aperture with
a radius of 1 micron (50 pixels). The circular aperture was assumed to be illuminated by a plane wave with a
wavelength of 0.1 nm and to be located 1 mm before the object.

The measured diffraction patterns were obtained by translating the object by 50 pixels across a 4 x 4 Cartesian
grid. Figure 2(d) shows the location and approximate extent of the illumination pattern for different object
translations. Because p(z,y) is the diffraction pattern from an aperture, it has sidelobes that extend indefinitely.
The product of the illumination pattern and the translated object is then taken to obtain the field at the plane of
the object, f,(x,y). We then compute the DET of the object-space field and take the squared-modulus to arrive
at the far-field intensity measurements I, (u,v). The diffraction patterns were normalized to have a maximum
of 105 photons on the brightest pixel and Poisson distributed noise was applied to them. Figure 2(e) shows the
amplitude of the object reconstruction after 50 iterations of the PIE. For this experiment, the initial estimate
of the object was a uniform real-valued distribution and we assumed a perfect knowledge of the illumination
pattern and the translations. For easier visualization, smaller insets of the object and the reconstruction are
shown in Figs. 2(c) and 2(f), respectively. We obtained a very good estimate of the object transmissivity within
the support sampled by the illumination pattern.

To illustrate the effect of inaccurate characterization of the system parameters, we performed an additional
numerical simulation. Here, the magnitude of the object translations were perturbed by zero-mean additive
Gaussian noise, the root-mean-squared (RMS) shift error was 35.2 nm (1.762 pixels). The illumination pattern,
p(z,y), used to simulate the far-field diffraction patterns, was not generated through diffraction from a perfectly
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circular aperture, but from an aperture whose radius had a weak dependence on the azimuthal angle. The im-
perfect circular aperture and the resulting illumination pattern are shown in Figs. 3(a) and 3(d) respectively. We
wish to emphasize that phase retrieval with transverse translation diversity works with any illumination pattern,
whether diffracted by a circular aperture or any other arbitrary shape; it is the inaccurate characterization of
this aperture that introduces artifacts in the reconstruction.

The initial estimate of p(z,y) for the reconstruction algorithm was given by the diffraction pattern of a
perfect circular aperture, and we assumed that the distance from the aperture to the object (1 mm) is accurately
known. Notice that the deviation from a perfect circle of the aperture shown in Fig. 3(a) is subtle and that
the resulting diffraction pattern [Fig. 3(d)] is visually indistinguishable from that generated from the perfectly
circular aperture [Fig. 2(a)]. The difference between the aperture in Fig. 3(a) and that of a perfect circle is shown
in Fig. 3(g), where gray is assigned to zero difference, dark pixels and light pixels correspond to regions where
the perfect circle is larger or smaller than the aperture, respectively. The maximum difference in this case was
less than 30% of the maximum aperture transmissivity. In order to reduce discretization artifacts we introduced
a slight tapering across the edges of the apertures. The error in the transmissivity is less than unity because the
error lies within these tapered regions. The normalized (RMS) error of this aperture with respect to the perfect
circle used as input to the reconstruction algorithms is (3 |h — 2|2/ S |h[2)Y/2 = 0.03.

Figures 3(b) and 3(c) show the reconstruction result after 500 iterations of the PIE. Upon comparison with
the original object, shown in Figs. 2(b) and 2(c), we see that even though the error in the system parameters
is relatively small, the reconstruction suffers from artifacts. Although the object is recognizable, the very finest
details and low-contrast features become hard to discern. The PIE stagnates after about 100 iterations and does
not make further progress in the reconstruction.

The reconstruction after 500 iterations of the nonlinear optimization algorithm, for v = 0.5, is shown in
Figs. 3(e) and 3(f). Notice that this reconstruction is greatly improved when compared to the result of the PIE,
shown in Figs. 3(b) and 3(c). For the reconstruction in Fig. 3(e), the gradients in Eqgs. (6)-(8) were used along
with a conjugate-gradient nonlinear optimization routine. We define an iteration as every time the gradient needs
to be computed. Best results were obtained by optimizing over only the object for the first few iterations. The
first 10 iterations were done with the PIE, to take advantage of its speed (for this case an iteration of the PIE
algorithm is about 4x faster); then we performed 15 iterations with the nonlinear optimization algorithm but
optimizing only over the object. In doing this we obtained an intermediate object estimate that minimizes the
error metric, ¢, given by Eq. (4). After this we performed further iterations optimizing jointly over the object,
illumination and translations.

We evaluate the error of the reconstructions with respect to the ideal object through the normalized,
translation-invariant field RMS error (NRMSE), E, given by

L S |ondate =y — o) - futen)|

EQ:_Z min

2
q = [Py’ Zry | fr(z,9)|

9)

This error metric is a measure of the difference between the ideal and reconstructed complex-valued fields for
the different object positions. Computation of F, requires knowledge of the true solution to the phase retrieval
problem, and it is then only available for numerical simulations. Because for each position of the object we only
measure the intensity of its Fourier transform, we cannot detect a global phase constant or the absolute position
of the object; it is then important to evaluate the error in the reconstructions through a metric that is invariant
to these operations. For this purpose F is minimized with respect to a complex-valued multiplicative constant
and a transverse translation of each field. Equation (9) can be evaluated by registering f,, and f,, within a small
fraction of a pixel by cross-correlation.?? 23 For the results shown in this paper we registered the fields to within
1/25 of a pixel by means of an efficient algorithm for image registration.?3

Figure 3(h) shows the reconstruction error, E, versus iteration number for the PIE and the nonlinear opti-
mization algorithm. Notice that the reconstruction with the nonlinear optimization algorithm has a significantly
smaller error. The RMS shift error, Ar, is shown in Fig. 3(i) versus iteration number. Because only the relative
displacements of the object are important for the reconstruction and not the absolute position of the object,!? 20
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Figure 3. (a) Unit transmissivity aperture that generates (d) the illumination pattern at the object plane, p(x,y). The
aperture shape slightly deviates from a perfect circle. Reconstruction after 500 iterations of (b) the PIE and (e) the non-
linear optimization algorithm. 160 x 160 insets of (b) and (e) are shown in (c) and (f), respectively. (g) Difference between
the aperture and the perfect circle used for estimating p(z,y) for reconstruction. (h) NRMSE of the reconstructions vs.
iteration number. (i) Shift error, Ar, in units of pixels vs. iteration number. Difference in (e) is shown in the range
(—0.3,0.3), these limits correspond to black and white, respectively. 340 X 340 insets of the 512 x 512 arrays are shown

in (a), (b), (d), (e) and (g).

we evaluated a global-shift-invariant version of the RMS error.?? For the first 25 iterations Ar remains constant
because we optimized only over the object; for subsequent iterations the shift error progressively decreases.

To further test the performance of the nonlinear optimization algorithm, we performed an additional numerical
simulation. In this case, the aperture that generates p(x,y) was an accurately known circular aperture. However,
we assumed an error in the measurement of the distance from the aperture to the object. The illumination
pattern at the plane of the object, shown in Fig. 4(a), was obtained by propagating the field transmitted by a
circular aperture with a radius of 1 pm (50 pixels) by 1.05 mm. The estimate of the illumination pattern used
for reconstruction, p(z,y), was obtained by propagating the field transmitted by the same aperture but for a
distance of 1 mm, as shown in Fig. 2(a). We then introduced an error of 50 pm in the characterization of the
distance from the aperture to the object. We also added a small error, Ar = 1 pixel, in the estimate of the
translation parameters, (2, yn)-

We normalized the far-field intensity patterns to have a maximum of about 10° photons on the brightest pixel
and applied Poisson distributed noise. The reconstruction after 1500 iterations of the PIE and the nonlinear
optimization algorithm are shown in Figs. 4(b) and 4(e), respectively. The initial estimate of the object for

Proc. of SPIE Vol. 7076 70760A-6



01y — — —PIE
NL optimization
200 400 600 800 1000 1200 1400 200 400 600 800 1000 1200 1400
Iterations Iterations

(9)

Figure 4. (a) Ilumination pattern, p(z,y), obtained after a 1.05 mm propagation of the field transmitted by a circular
aperture. The initial estimate of the illumination pattern, p(x,y), used for reconstruction is obtained after a 1 mm prop-
agation and is shown in Fig. 2(a). Reconstruction after 1500 iterations of (b) the PIE and (e) the nonlinear optimization
algorithm. 160 x 160 insets of (b) and (e) are shown in (c) and (f) respectively. (d) Final estimate of the illumination
pattern after joint optimization of the object and system parameters. (g) NRMSE of the reconstructions vs. iteration
number. (h) Shift error, Ar, in units of pixels vs. iteration number. 340 x 340 insets of the full 512 x 512 arrays are
shown in (a), (b), (d) and (e).

both reconstructions was a real-valued uniform distribution. Again we notice that the PIE stagnated after a
few iterations and, although it yields good results, the residual artifacts blur the very fine details of the object
and reduce feature contrast. For the reconstruction with the nonlinear optimization algorithm we performed 10
iterations of the PIE, followed by 15 iterations where we optimized only over the object. Further iterations were
performed jointly optimizing over the object, illumination and translations. Notice that the final reconstruction,
shown in Figs. 4(e) and 4(f), has significantly reduced artifacts as compared with the PIE reconstruction, and
that the fine details are easier to discern. The NRMSE and shift error are shown versus iteration number in
Figs. 4(g) and 4(h), respectively.

Notice that this reconstruction proved to be a particularly difficult one. In comparison with the previous
example, this reconstruction required a significantly increased number of iterations (convergence was slower).
For this reconstruction, most of the error in the system parameters resides in the characterization of p(z,y).
Because we did not assume any prior knowledge about the nature of the system parameter error, we needed to
optimize the p(z,y) on a point-by-point basis. This significantly increased the number of parameters to optimize
and made the reconstruction in general more difficult.
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The final estimate of the illumination pattern is shown in Fig. 4(d); notice that it has still not quite arrived to
the true illumination pattern shown in Fig. 4(a) and more iterations are needed to refine this estimate. Despite
this disagreement, the nonlinear optimization has brought the illumination pattern estimate to a point where
the artifacts in the reconstruction are greatly diminished, as shown in Figs. 4(e) and 4(f).

In Ref. 20 we demonstrated the ability of the nonlinear optimization algorithm to successfully refine the
estimate of p(x,y) in a point-by-point basis, with reasonable convergence. Here showed that for some cases,
especially as the error in our estimate of the aperture increases, the refinement of the illumination pattern may
be more difficult, but still the object estimate exhibits a superior quality than the one obtained by optimizing
only over the object.

An improved convergence for the nonlinear optimization algorithm (reduction in the required number of
iterations) could be achieved if in the reconstruction we could explicitly make use of the fact that the error
originates from an inaccurate measurement of the distance from the aperture to the object. In that case we
would be able to optimize the illumination pattern with respect to only one parameter: the propagation distance.
Alternatively, we have found that increasing the number of diffraction patterns (having additional translations
for the object) can also improve the convergence of the reconstruction.

4. CONCLUSIONS

The push for higher resolution imaging in the x-ray regime is driven by the ultimate tradeoff between relaxing
experimental requirements and increasing computational postprocessing. For coherent lensless imaging, the
focusing optics are replaced by algorithms that computationally retrieve the phase associated with the measured
diffraction pattern intensity and reconstruct a diffraction-limited image of the object.

Transverse translation diversity is a form of diversity for phase retrieval that makes reconstructions fast,
robust and reliable. However, it previously relied on having accurate characterization of the illumination pattern
and the object translations. We have observed that good reconstructions can be obtained, even in the presence of
noise and small errors in the characterization of the experimental parameters. However, errors in the illumination
pattern and translations yield reconstructions that suffer from artifacts that blur or obscure the fine details of
the reconstruction. We have shown that significant artifacts are introduced on the reconstruction, even for shift
errors that are on the order of the final image resolution. For imaging with a resolution of a few nanometers,
having translation errors smaller than the expected resolution places a substantial burden on the experiment
stability and the quality and calibration of the translating stages.

There are multiple potential sources of error for the system parameters. For example, even if we know the
physical dimensions of the aperture very precisely, an inaccurate measurement of the distance from the object to
the detector can yield an undesired scaling of the size of the aperture in the computational window. This scaling
error can introduce very severe artifacts on the reconstruction.?’ The illumination pattern may also differ from
our estimate if the aperture is not illuminated by a plane wave but rather by a beam that is not accurately
characterized. The beam incident on the aperture may present unknown variations of amplitude and phase that
will distort the illumination pattern and negatively affect the reconstructions.

Our new nonlinear optimization algorithm is a further step in the drive of relaxing the experimental re-
quirements by placing an additional burden on the algorithms used for reconstruction. Our approach allows
reconstruction of the unknown object while jointly refining the initial estimates of the translation and the illumi-
nation pattern. Use of the nonlinear optimization algorithm in this case relaxes the experimental requirements
and achieves superior reconstructions.
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