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Abstract: The post-experiment processing of X-ray Diffraction Mi-
croscopy data is often time-consuming and difficult. Thigisstly due to
the fact that even if a preliminary result has been recootd) there is no
definitive answer as to whether or not a better result withenomnsistently
retrieved phases can still be obtained. We show here thdirttestep in
data analysis, the assembly of two-dimensional diffracpatterns from a
large set of raw diffraction data, is crucial to obtainingaastructions of
highest possible consistency. We have developed softateatitomates
this process and results in consistently accurate difbragbatterns. We
have furthermore derived some criteria of validity for altoammonly used
to assess the consistency of reconstructions, the phasevaétransfer
function, and suggest a modified version that has improvdiyutor
judging reconstruction quality.
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1. Introduction

X-ray diffraction microscopy (XDM; also called coherentftiction imaging or CDI) provides
an alternative approach to more conventional forms of lased x-ray microscopy in that it
does not rely on inefficient optics and thus helps reduceatimtion dose administered to the
sample [1]. This is especially important with regards tddijical imaging where radiation dose
is limiting the maximum achievable resolution [2]. The id&ghase retrieval from recorded
diffraction intensities alone was first conceived by Sayrd 952 [3]. The first experimental
demonstration of XDM was achieved by Miabal. in 1999 on a fabricated test pattern [4].
Since then the technique has been successfully applied o Diblogical [5—-7] and material
science samples [8], and in 3D to test structures [9], medtecience [10,11] and biological [12]
samples.

A typical experimental setup involves recording the faldfidiffraction pattern of a plane
wave incident on an isolated object. Since the detectosllysa CCD, only records intensities,
the phases need to be retrieved computationally using as&cetion algorithm. The first al-
gorithm to successfully retrieve phases from far-fieldnistey measurements was demonstrated
by Fienup in 1978 [13]. Several generalizations have sieemlileveloped [14,15], all of which
are based on iteratively enforcing constraints in real amafiEr space. In Fourier space, the
present guess of the complex amplitude is adjusted towhedseasured Fourier magntiudes.
In real space, the present guess of the object wavefield istadj to enforce a finite support
constraint, so that pixels outside the support (the arrbgsace within which the object is sup-
posed to lie) are assumed to produce no scattering. The guppess is periodically updated
(either by hand or in an automated fashion usingghei nkwr ap algorithm [16]) until a
support is found that tightly fits the actual object.

The far-field diffraction geometry has certain advantagesxperimental simplicity (no
nanofocusing optics or nanopositioning stages are redjjiaad in insensitivity to certain er-
rors such as small shifts in the transverse position of thecblfthe shift theorem of Fourier
transforms shows that such shifts produce only linear pras@s in Fourier space which are
not encoded in the Fourier plane intensities). At the same,talternative experimental geome-
tries have been developed with different tradeoffs. By gisiarved wavefront illumination in
a near-field or Fresnel scheme [17, 18] one gains more rapidaoust reconstruction conver-
gence, while ptychographic [19-22] and keyhole [23] meghadit the illumination footprint
and thus overcome the need for the object to be constrairsédkima finite support. Because
these other methods still involve the use of Fourier platenisities and iterative algorithms
for reconstruction, improvements to the data handling anj@ab reconstruction of far-field
methods can often be of benefit in these other techniques.

We describe here three improvements to the processingerative reconstruction of images
from measured far-field intensities. In Sec. 2, we descnib&gorithmic and automated proce-
dure for improved merging of multiple Fourier plane intépsecordings. In Sec. 3, we show
that incorporation of a Wiener filter into the phase retri¢gransfer function (PRTF) improves
the PRTF’s interpretability and utility for judging recdnsction validity. In Sec. 4, we examine
different approaches for iterate averaging [6,24] and ihgdact on reconstruction validity. The
collective improvement on reconstructed image qualitylusirated using recent experimental
data from beamline 9.0.1 at the Advanced Light Source at eaog Berkeley Laboratory that
yielded 13 nm resolution images of specifically-labele@fedried yeast cells [25].



2. Automated Merging Program (AMP) for Fourier intensities

When recording far-field diffraction intensities, one miostmindful of the experience in small-
angle scattering that intensitytends to drop off with spatial frequency Bd) O f~™, where

f = 6/A is the spatial frequency amd= 3—4 withm = 4 suggested by Porod’s law. Since data
is usually recorded over at least two orders of magnitudgeaamspatial frequency, this means
that the Fourier plane intensity tends to span six or morersrdf magnitude. This can present
challenges for many pixelated x-ray detectors; for exaiplasing direct detection on CCDs
one generates several hundred electron-hole pairs pet-sajtphoton absorbed, which when
coupled with a full-well charge capacity of 301 electrons means that a dynamic range of
only something over three orders of magnitude can be aathieva single recording. (Pixel
array detectors are beginning to overcome these limitatibat high pixel number detectors
with good sensitivity for soft x rays are not yet widely agdile). As a result, a common ex-
perimental strategy is to to use an adjustable beamstopo khrious parts of the strong, low
spatial frequency signal while adjusting the exposure timeollect the weaker, high spatial
frequency signals. These various intensity recordingg thes be combined to yield a merged
measurement of the Fourier plane intensities. These mémggsities must satisfy some key
conditions. There should be no scaling errors betweenmsgicorded with different exposure
times. Saturated pixels should be removed before mergegth data; as well as anomalously
high pixel values due to cosmic rays incident on the CCD. élaighe raw data should be sup-
pressed; this is especially important in the high spat&dfiency regime, where the scattering
signal is weak.

In previous work, we have been been merging multiple Fopteme intensity recordings by
using a per-dataset procedure based on manual adjustniemse thresholds and requested
exposure times. Besides being tedious, this has produgbd sser-dependent variations in the
assembled Fourier intensities. We have therefore develapeAutomated Merging Program
AMP to perform this task which we now describe, with its final fesillustrated in Fig. 1.

2.1. Dataassembly: previous practice

In a typical per-dataset assembly, the following procedperformed for each beamstop po-
sition. Saturated pixels (where the full-well capacity o0& tCCD had been reached) are first
removed. Next, pixels with anomalously high values due tgdaharge deposition by cosmic
ray events are found and removed, as are pixels with anomatmlues due to either man-
ufacturing flaws or radiation-induced damage. Individweardings are then normalized to
the synchrotron beam current, after which images with timeesaxposure time are averaged
and a noise threshold floor is applied. The area behind thextea is then masked. Beam-
normalized averages from the different exposure timedwarescaled and averaged, taking care
to include only those pixels with non-zero signal. We refethte result as a “hand-assembled”
data set.

2.2.  Automated assembly: improvements provided by AMP

The assembly performed VP improves upon this basic assembly protocol in several key
areas. The first difference is a quantitative analysis ofG® chip. Given a series of dark
current images at different exposure tima&bP will calculate an average dark current and the
variation in dark current either as an average for all pikethe chip, or (if enough redundant
dark current files are present) on a per-pixel basis. Thenee in each pixel corresponds to
the total CCD noise comprised of thermal noise and readdsénBrom these data the scaling
of average dark current and CCD noise with exposure time tisradéned from a linear fit.
This dark current information is used twice: first to subtrac average dark current signal
from each recorded image, and second to calculate an edwa f@& each pixel. The latter is



determined by the square root sum of CCD noise and noise daii&b photon statistics; this
error array is kept throughout the entire assembly procedsipdated according to the rules
of error propagation. It is a crucial ingredient to two otlreprovements thadMVP introduces:
weighted averages and weighted normalizations.

During the assembly process, arrays are frequently nazethliith respect to some constant
(such as exposure time or ring current) and subsequenttaged such that in the end there is
only one data set containing all the information from altiadly recorded images. Even though
the arrays are normalized, problems may arise from inseffidinowledge of the normaliza-
tion constants. We have found for instance that our shutténg (which ultimately determines
the exposure time) is not very accurate at short exposusestifrhis will lead to scaling errors
between different regions of the final assembled array. Bvanme this problenAMP calcu-
lates a normalization correction based on pixels that amaeon to the two arrays about to be
averaged. This correction is applied just after the “reguiarmalization {.e. with respect to
beam current or exposure time), before the arrays are aa@r&gr both the calculation of the
normalization correction and the averaging of two arrd? makes use of their error arrays
by weighting each pixel's influence on the result with itspestive error. This is justified as
we want pixels with smaller error to contribute more to thafiresult than pixels with higher
uncertainties. Given two previously normalized arrays d 2mvith intensity values at thieth
pixel of I, 1 andly > respectively, the normalization correctiois calculated from the minimum
of the goodness-of-fit parameter

_Z |k1—C|k2 B

wheregy is the effective total error for thieth pier. To calculatesy we express the intensity at

thek-th pixel of thei-th arrayly; as the sum of true signlﬁf{”e) and erroroy ;. With this, Eq. 1
becomes '
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where we have assumed that the errors are uncorrelated,oi 1 ok 2 = 0. Now we can go
back to the original idea and calculate the normalizatiomstant by taking the derivative of
Eq.1 with respect ta
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Note that the sum above is performed over pixels that areetifire. greater than some thresh-
old or zero and not saturated) in both arrays. The implentientaf the weighted normalization
in software is illustrated in pseudocode in the Appendig@lthm 2). After normalizing the
arrays in the pre-described manner, we can average themithshe normalization, we have
to make sure that we give more weight to pixels with little ertainty than to pixels with high
uncertainty. ThereforAVP calculates for each pixé&lthe weighted averag§Vg over all arrays
i=0,..,Nas

|l?vg: ~ 1 (8)

wherea; i is the previously normalized error of tiketh pixel in thei-th image. The new error

ok for each pixel can then be calculated as the square root sathesfors of pixels that were

averaged, or

of— 1

2=~
Yil/05

which can be used in subsequent analysis. The implememtatithe weighted averaging in
software is illustrated in pseudocode in the Appendix (Aidnon 1).

Apart from providing a more rigorous defined and consistesémbly of the data&VP was
also written to facilitate and speed up the process of adésgnd 2D diffraction pattern. A
simple script file indicating the names of the raw data filebéoassembled is sufficient to
startAMP. Given such a basic script fil&MP will attempt to infer all information it needs di-
rectly from the data; for all else, it prompts the user fonihg\s the assembly progressasP
will write important data-set-specific parameters it detieed to the script file for future ref-
erence. It also automatically saves information that carebgsed for a subsequent assembly
of the same data and even for other data sets if applicaktb, @i if the same dark current
parameters can be used for data sets recorded with the saBeo€the same beamstop mask
pattern for data sets that were recorded using the same tmgarkmally, AVP will save the
final assembled diffraction intensities along with metaadatportant for reconstruction into
a custom defined file format based on the widely availableéfgrta independent HDF5 stan-
dard. Automating these steps is especially important fta tiiensive three-dimensional x-ray
diffraction microscopy [9, 26], where 2D diffraction patts are recorded over a wide angular
range with small angular steps prior to mapping the resulwald spheres into a 3D data
cube. A flowchart of our software implementation of the pergris shown in Fig. 8 of the
Appendix. The software is also available through Concurvensioning System upon request.
The 2D Fourier plane data assembled by the above automateeldure is referred to ag\WP-
assembled” data in what follows.

Figure 1 illustrates some advantagdgP-assembled data has over hand-assembled data.
Subsections of the assembled diffraction intensities @h BlVP-assembled data (black) and
hand-assembled data (red) on a logarithmic intensity sta&eshown on the left. The-axis
spatial frequency range in each case is from @:t48um-1. The insets show a zoomed in
view of the highest spatial frequencies on a false colowlirszale. While thé&MP-assembled
array shows speckle with good contrast, the hand-assemablay is dominated by noise at
these spatial frequencies. Scaling issues are preserd hatid-assembled array but not in the
AMP-assembled array. This is illustrated by the plot of the pospectral densities (PSD) for
each array, shown on the right on a log-log scale. While the BfSAMP-assembled data (in
black) follows a straight line as would be expected for magtcts, the PSD of hand-assembled
data (red) changes its slope at a spatial frequency of arb@pdi—! suggesting that low and
high spatial frequency data have not been properly scaledth®&r prominent difference is the
occurrence of a sharp peak=at40um—1 in the PSD of the hand-assembled data. This peak,

(9)
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Fig. 1. Assembled diffraction intensities of data collectan a freeze-dried labeled yeast
cell. On the left, the same quadrant of the entire array isatan a false color logarithmic
scale for bothAMP-assembled data (in black) and data assembled by hand (inAed
inset shows the highest spatial frequencies of the merdedsities on a false color linear
scale. TheAMP-assembled intensities show good contrast for speckléseaay to highest
spatial frequencies where the hand assembled intensigedominated by noise. On the
right, the power spectral densities for both arrays areguodn a log-log scale. The hand-
assembled data does not follow a straight power law indigattaling errors between low
and high spatial frequency data. The peak ati#0 in the PSD of the hand-assembled
data is due to a cosmic ray; its location is indicated by thaendrrow.

presumably due to a cosmic ray incident on our CCD at the tifdat collection, is found in
one single exposure of the recorded raw data. Due to thedtagdard deviation of the affected
pixels it is filtered out by weighted averaging early on in &M assembly process. This is not
true for the hand-assembled data where the peak ends up fm#@th@ssembled array, as is
indicated by the white arrow in the image of the merged intessof the hand-assembled data.
We note that while a more careful assembly by hand is posdilkeuld be considerably more
time consuming and its steps would have to be readjustedfidr mew data set.

2.3.  Automated assembly: evaluation from reconstructed images

The ultimate judgement of the quality of data assembly cofres seeing the quality of the
reconstructed image. In this section we compare imagesisetmted fromAMP-assembled
versus hand-assembled diffraction data.

Iterative phase retrieval in the far-field geometry workdibgling a complex wavefield which
satisfies real-space constraints such as the impositiorfinita support (and possibly others
such as a limit on maximum phase variation), and the Fogpace constraint of adjustment
towards the measured diffraction magnitudes. Becausgrogal plane and real space informa-
tion are related by a complex-valued Fourier transform aamestart the algorithm with random
phases and converge to a solution. Since the real-spaceaiotsare not known perfectly, and
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Fig. 2. Final averaged reconstructions of bétiiP-assembled diffraction intensities and
hand-assembled diffraction intensities obtained in e@rpemts on gold-labeled freeze-
dried yeast [25]. Magnitude is represented as brightnedsphase as hue according to
the inset color bar. The hand-assembled reconstructionsshveaks and other variations
in intensity that would not be expected in the cell; &idP-assembled reconstruction pro-
vides an improved visual appearance.

since random and systematic errors are possible in the megaent of the Fourier plane mag-

nitudes, one cannot find a single, numerically unique st the complex wavefield (though

in “good” reconstructions the variations between difféngossible solutions are small). As a
result, various iterate averaging procedures have beegutedi{6, 9, 24], based on the idea that
consistent phases add coherently, while inconsistenteshadd incoherently. This averaging
is applied in the Fourier plane, where the magnitudes wegsnored but the phases were not.
While Section 4 below involves a comparison between diffeiterate averaging procedures,
in this section we used a variation of an already-demorestrateraging procedure [24].

We first carried out a reconstruction where the object’s suppask was found first from the
autocorrelation of the diffraction pattern, then by apgiion of the shrinkwrap algorithm [16]
with occasional by-hand adjustment. This support mask Wwes tsed in 10 separate recon-
structions with different random starting phases [27]. &ttereconstruction, the difference
map algorithm [15] was used with a positivity constraint ba tmaginary part of the object’s
exit wave (this corresponds to a maximum phase shift aé induced by 1.5m of solid dry
protein for X-rays of wavelength 1.65 nm), and a linear phrasgp was continuously removed
(thus constraining the object to be centered in the realespa@y). In each of these separate
reconstructions, every 80terate from iterations 5,000 to 10,000 was set aside; tbkajlor
zero-spatial-frequency phase of each real-space iteeg@djusted to a common value [9], and
the complex iterates were then averaged together. Fitladlyl 0 separate reconstructions were
averaged together, again with the global phase adjusted¢oonanon value (the global phase
has no effect on diffraction intensities and thus is unaairs¢d by measured data). This proce-
dure yields a reconstruction with minimal sensitivity tosle phases that are poorly constrained
by the data.

The images reconstructed using the above procedure on loiltdssembled andivP-
assembled data are shown in Fig. 2. Magnitude is displaydxligistness, and phase as hue
with a color bar illustrating the phase—hue relationshinté that because the global or zero-
spatial-frequency phase is unknown, the color bar servigsagran indicator for relative phase



differences). Both reconstructions agree in key featurtegjever, theAMP-assembled recon-
struction shows less phase variation at low spatial fregiesnThis is in better agreement with
what would be expected from less-dense areas of the yehsttieh should have greater uni-
formity of projected thickness. It is also similar to the §oaAmaximum-entropy methods of
image reconstruction, which seek to find the image with tlhstl@ariation yet which is still
consistent with the measured constraints. If we assuméttbaiand-assembled Fourier magni-
tudes have variations associated with erroneous asseathbrithan with scattering properties
of the specimen, then we would expect the reconstructian frand-assembled magnitudes to
give rise to more, but erroneous, contrast in the reconstrilimage.

3. Wiener-filtered phase retrieval transfer function (WPRTF)

The first papers [4,5] in x-ray diffraction microscopy uskd presence of measured diffraction
signal as a function of spatial frequency (the power spedeasity or PSD of the diffraction
pattern) to estimate the resolution achieved in the recactibn. However, the simple presence
of signal is only part of the story: one must consider the gmes of noise, partial coherence
in the beam, and the possible presence of small scattersig®of the assumed support con-
straint. Taken together, these effects can lead to a dechedlse consistency of the estimated
phases, and Fourier plane pixels which cannot be relialtieved will not contribute useful
and reproducible information to the reconstructed imadge. iferative averaging procedure de-
scribed in Sec. 2.3 above provides a measure of the repiutitycdf Fourier plane phasing
through a phase retrieval transfer function (PRTF) [9] of

PRTHf) _ Zf:const|6(f)| (10)

Zf:const I (f)

which is essentially the square root of a similar measurkeddhe intensity ratio [6, 24].
Measurement of the spatial frequency at which the PRTF h#isred a significant decline
can be used to provide an estimate of the spatial resolutihe@econstructed image [6,9,24],
since of course a PRTF value of 1 indicates perfectly repritdel phases while a value of 0
indicates completely random phases. Unfortunately noamsiss has emerged on what PRTF
value should be used to judge reconstructed image resojutith various authors using values
of about 0.4 [6], 0.1 [28], “close to zero” [29], or unspeaifiealues [12] as their criteria. These
various criteria can be evaluated by examination of Fig. Bictv shows the relationship be-
tween gy in Gaussian-distributed random phases, and the magnitotdéned by averaging
unit-magnitude and random phase vectors.

The PRTF can also be difficult to interpret. The shaded “Nt&riéd” curves shown at left in
Figure 4 show the PRTF for the reconstructions of both theltessembled (in red) amdvP-
assembled (in black) Fourier plane intensities. The PRTRhe AMP-assembled data shows
a steady decrease, with a “knee” at abou4d~! corresponding to a real space half-period
of 13 nm; this is consistent with the resolution estimateafrexamining real-space features
[25]. The PRTF for the hand-assembled reconstruction iserddficult to interpret, in that it
decreases steadily to a spatial frequency of aboutr25but it thenincreases. This pathological
behavior can result from a too-small support constrainfran errors in measurement of the
Fourier plane intensity, or from noise which might place sistent but erroneous structure
within the support constraint.

What is needed is a way to combine the PRTF's measure of reactisn consistency with
a measure of data quality. We propose that a Wiener filter pa@}ides such a measure. The
Wiener filter is designed to optimally remove noise from a suead signal. It is applied in
inverse space and suppresses the Fourier components oé#seirad signal that are dominated
by noise. Here we will apply it to the PRTF to remove artifatiat are associated with noise
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Fig. 3. The magnitude resulting from a sum of random phasts®@aussian phase distribu-
tion characterized byy, calculated for a range of values @§. Since the phase retrieval
transfer function or PRTF measures the magnitude (at acpkati spatial frequency) of

the average of many iterates, this figure provides insighttime range of phase variations
between the iterates.
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Fig. 4. The use of a Wiener filter provides an improved measfireeconstructed im-
age quality. This figure shows the phase retrieval transiection (PRTF; shown in thick
shaded lines at left) and power spectral density (PSD;)ahives corresponding to the re-
constructions of Fig. 2. In the PSD curves, the square ofghga-frequency-independent
noise floor valugN|? is shown by a dashed line, and a linear fit to the square of gte hi
spatial frequency trend of the measured sig@4f)|? is shown with a thick shaded line.
A Wiener filter function was then calculated according to .Eifsand 12 and applied to
the PRTF curve, leading to the Wiener-filtered PRTF curve BRWF curve which is
shown in thin, non-shaded lines at left. Applying the Wiefiker suppresses the artifi-
cially high PRTF-values of the hand-assembled recongdudata (red) above a spatial
frequency of about 2sm~1 and underlines the higher quality of the reconstructiorhef t
AMP-assembled data.



in the reconstruction. If one can estimate the spatial feegy dependent trers§ f) of the true
signal, and the trenN(f) in noise, the Wiener filteW(f) is formed from

|S(F)[?

W = IS NP ()
so that it varies smoothly between 1 for signal dominated @l noise dominated spatial
frequencies. Since many noise sources (such as photostistdtnoise, and thermal charge
fluctuations in CCD detectors) are uncorrelated pixelit@lpthe power spectral density PSD
of noise usually follows the form of the Fourier transformeofielta function: namely, a “flat”
power spectrum consisting of a constant value at all spagigliencies. The diffraction signal
is much different; as was noted at the start of Sec. 2, it temdscline a$ O f ™ with m~ 3—4.
We can therefore follow a straightforward procedure to gateea Wiener filter from the power
spectral density of a measured diffraction pattern: If weuage the measured sigr@(f) to
consist of true signa$(f) plus frequency independent noise such that its power spectral
density is given by

PSD(f) = [C(f)|? = |S(f) 2+ N[> (12)

then the trend ofC( f)|? can be found from a straight line fitin a log-log plot, whiletsguare of
the spatial frequency independent noise flddircan be found from where the power spectral
density rolls off to a constant at high spatial frequencigem these two quantities, we can
extrapolate the square of the true signal2(g)|?> = |C(f)|?> — [N|? and use this to determine
the Wiener filter according to Eq. 11. This procedure is thated at right in Fig. 4; it has been
used with success for image deconvolution [31] and phasw&asirFourier filtering [32] in
lens-based x-ray microscopy.

Application of the Wiener filter to the phase retrieval tf@nsfunction [WPRTRf) =
W(f)PRTHf)] provides an improved measure of the reconstructed imagie @bbreviated
as WPRTF). In Fig. 4, we show the wPRTF for tAbP-assembled and hand-assembled re-
constructed images of Fig. 2. While the non-filtered PRTFhefhand-assembled data has a
pathologicaincrease at higher spatial frequencies, the wPRTF shows a sharp aleerin ad-
dition, the wPRTF of the hand-assembled data is how belotvathtine AMP-assembled data,
which is consistent with the improved visual impressionhaf teconstructed images in Fig. 2.

3.1. WPRTF and varied specimen exposures

To make sure that Wiener-filtered PRTFs are a reliable toassess the quality of reconstruc-
tions of a wide variety of diffraction data, we reconstruactiffraction data from a simulated
object at various different incident photons per pixel eslurhe simulated object was designed
to approximate a pair of frozen-hydrated biological cellsi512 array with 15 nm pixel size,
similar to simulated cells we have used in other computatistudies [1]. The larger cell has
an outer diameter of 2.im while the smaller cell has an outer diameter of 1u27. Together
they are embedded in a 30 nm thin layer of ice. Both cells halgram thick double-layer cell
membrane made from 50/50 protein and lipid, and are filleth wifLl0:1 ice and protein mix-
ture. Several lipid balls of 60 nm diameter are distributedtighout the volume of both cells.
Each cell also has a cell nucleus (assumed to be filled withnehtin) with a 15 nm thin sin-
gle layer cell membrane made from the same composition asutiee cell membrane. Finally,
each cell has a vacuole that is filled with ice and has a 15 nmlithid membrane. The values
of the refractive index are calculated according to taledatata of Henket al. [33] assum-
ing a stoichiometric composition of 4gCz29Ng 908903 and density op = 1.35 g/cnt for
protein, Hs25C31506.3 With p = 1.0 g/cn for lipid [34], and Hyg 95C24,64Ng 66015,57P1.0750.03
andp = 1.527 g/cn? for chromatin [35]. Assuming an x-ray energy within the “ematvin-
dow” [36,37] of 520 eV, an exit wave leaving the object wasakdted using a multislice prop-
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Fig. 5. The Wiener-filtered phase retrieval transfer fumt{wPRTF) provides a good mea-
sure of reconstructed image quality over a wide range ofgghexposures. Shown at right
are a series of WPRTF curves for reconstructions of simdldé&ta with several different
photons per pixel values and simulated Poisson noise. Tate@abfrequency at which the
WPRTF crosses the dashed 0.5 line is taken as effectivaitesofor each data set. On left,
a power law fit to the power spectral density (PSD) of the datavith the highest photons
per pixel value (black) is compared to a power law fit to theedossolution data (red)
derived from the figure on the right. The magnitudes of babpas agree within their error,
indicating that the degree to which scattering decreastsspatial frequency in an object
is equal to the degree at which reconstructed image resnol@ils off with decreasing
exposure [1].

agation process [24,38] and then propagated to the far-Béffdaction patterns were simulated
for 11 different exposures with photons per pixel valuegyiag from 1¢ to 1P, with simu-
lated Poisson noise included [1]. The power spectral dgnihe highest exposure diffraction
pattern shown in the grey curve at left in Fig. 5 indicate$ tha simulated cell showed strong
scattering out to a spatial frequency of abou8 1. Each data set was reconstructed similar
to what has been described above for the experimental datepEthat averaging was applied
to every 10th iterate starting at 2,000 iterations up untidtal of 10,000 iterations had been
run.

Results from these simulations are shown at right in Fig.$5eXpected [1], lower exposures
lead to poorer signal-to-noise values in the final recoesvas and thus poorer resolution. We
took the spatial frequency at which the filtered PRTF curlle fzelow 0.5 as a measure of the
effective resolution of the reconstruction at each photgosure value. These values are plot-
ted as red- marks at left in Fig. 5; plotting the values against the saied photons per pixel
values results in a power-law fit with an exponent @&t 0.36 (after excluding resolution
measures above the 18n~! spatial frequency at which there was little signal preserihe
simulated object; these are shown as retharks). Also shown in Fig. 5 is a fit to the power
spectral density of the highest exposure diffraction paftiis gave a slope 0f3.59+ 0.04.
The magnitude of both exponents agree within error; this xgected, since one needs signal
at a spatial frequency to see structure over the correspgneingth scale, so that achievable
resolution should follow the same spatial frequency treitd exposure as the spatial frequency
content of the object does [1]. The fact that the WienerréilePRTF provides such a straight-
forward illustration of this result of this confirms the itiilof the wPRTF measure.

4. lterate averaging procedures

Iterate averaging provides a way to improve image reprdulitgi and to measure the res-
olution via the Wiener-filtered phase retrieval transfardiion (WPRTF). In this section we
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Fig. 6. lllustration of the effect of choosing differentridge averaging frequencies. For
both theAMP-assembled experimental data at left, and the simulatedsddtat right, the
difference map algorithm was first run for 5,000 iteratioNext, 100 iterates were taken
everyith iteration { € {1,5,10,20,30,40,60,70,80,90,100 200}) to obtain a final result.
Wiener-filtered phase retrieval transfer function (wWPR@)es are plotted for each of the
iterate averaging frequencies. An example reconstructedé is shown as an inset. As
judged by the wPRTF, all iterate sampling frequencies gsgestially the same result.

consider how many iterates should be averaged, and at wdtatdncy the iterates should be
sampled. Sufficient averaging supresses the contribufipaarly-phased Fourier scattering to
the real-space image, since phases which are not reliatkpued will add up incoherently. A
lack of sufficient averaging will lead to artificially high FR values, since not enough poten-
tially inconsistent phases will have been sampled. Aveiggrocedures can be implemented
in Fourier or real space; here we consider the averagingabspace iterates.

How frequently should one sample particular iterates faraging? To address this ques-
tion, we reconstructed both th&VP-assembled experimental data, and the simulated data
set described above, for 5,000 iterations of the differemeg algorithm. We then ran the
algorithm further, but averaged over a total of 100 iteratden everyi iteration { €
{1,5,10,20,30,40,60,70,80,90,100,200}) to obtain the final result. The resulting wPRTF
curves shown in Fig. 6 are nearly identical for all differameraging intervals. This suggests
that the frequency at which iterates are sampled is uniraport

How many iterates should be averaged? One would expecttaesult would depend on
the quality of the data, since data with systematic erroosishshow more fluctuations in the
reconstructed phase. Rather than plot a series of individBRTF curves as in Fig. 6, in this
case we decided to measure the RMS residual change in them@ddne went fromtoi + 1

averages:
2
RMS;,; — \/ s (WPRTFR NWPRTF.+1) 7 (13)

where the sum extends over &all spatial frequencies up to the spatial frequency where the
PSD rolls off to a steady noise floor for a given reconstructible calculated the RMS residual
according to the above equation for the set of reconstmugtiath 12 different averaging fre-
guencies that were already used for the analysis leadinggtd&FSince this analysis showed
that the consistency in phase retrieval as measured by th€h Boes not depend on the aver-
aging frequency, we can assume only statistical differebegéwveen these reconstructions and
calculate the mean of all RMS residuals and their standar@iien as a function of number of
iterates averaged. Based on examination of the resultiegagge RMS residual on a linear-log
plot, we then fitted the average RMS residual to a functiomefformy(x) = ax® + cin order




to characterize the residual trend.

Figure 7 shows graphs of this analysis for reconstructiérig the AMP-assembled data set,
B) the hand-assembled data set, and C) the simulated dafehsetalculated means of all 12
reconstructions with differentiterate averaging freqgiesare plotted as crosses with error bars
indicating their standard deviation. The fitted functioplistted in red and its fit parameters are
indicated for each respective graph. An arbitrary thredlo6l0.001 RMS residual was chosen
to define convergence of the wPRTF; it is marked in the grapd lhgrizontal dashed line. The
number of iterates at which the fitted function falls below thresholdi(e., the number of
averages at which we declare the wPRTF to have convergedicaied for each data set by a
vertical dotted line. The reconstructions of both #iéP-assembled and the simulated data set
converge afters 30 averaged iterates, while the reconstruction of the emsémbled data set
converges only after about 50 averaged iterates. Thistresofirms that sAMP-assembly leads
to data sets that have fewer systematic errors in the Fopldee intensities. It also gives an
estimate as to how many iterates need to be averaged for fhie t8fbe a valid representation
of the consistency in phase retrieval of a reconstruction.

5. Conclusion

We have developed an automated merging program, dullii#édwith a simple text file driven
user interface that determines parameters relevant fagbembly directly from the raw data
and thus speeds up the assembly process. This results ierfyghlity reconstructions com-
pared to a standard hand assembly protocol, and it also Bide®nstructions where a large
number of 2D diffraction projections need to be processeel hate looked in greater detail
at the properties of the phase retrieval transfer functRiRIT{F), showing that the frequency of
iterate averaging is not important and that averaging oQeitesates should be sufficient for
data with some degree of systematic error in the Fouriereplatensities. Finally, we propose
that the PRTF be combined with a Wiener filter in a wPRTF foreretiable interpretation and
estimation of the resolution of a reconstructed image. fa@gether, these developments give
us a more systematic understanding of the properties oé faipport iterative phase retrieval
of far-field diffraction data.

In summary, our studies indicate that in order to obtain rgghlity reconstructions one
has to carefully assemble the raw data into a 2D diffractiattgon. In particular, one should
perform weighted averaging and calculate a weighted ndzatan factor from commonly
defined pixels. To evaluate both reconstruction consigtand maximum information transfer,
one should use a Wiener-filtered PRTF, where the Wiener fiteetermined from the PSD
of the reconstructed image. This measurement will be valat least 50 iterates have been
averaged to obtain the final result.
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Fig. 7. Changes in the wPRTF as a function of number of iterateraged for AAMP-
assembled experimental data, B) hand-assembled expeésirdata, and C) simulated data.
The RMS residual changes in the wPRTF (calculated using Bgad one goes fromto

i + 1 iterates averaged were then fitted to a function of the fgmn = ax” + ¢, plotted
in red. The error bars indicate the standard deviation betwie? different averaging fre-
quencies. A horizontal dashed line marks a value of RMS wesidf 0.001 selected to
compare the results for the three different data sets. Ngrisingly, the simulated data
with no systematic errors converges most quickly with orflyiterates averaged, while
the higher qualityAMP-assembled experimental data requires 31 iterates avkeagkthe
hand-assembled experimental data requires 53 iteratesgme
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Algorithm 1 Weighted averaging

Require: SIZE(arrays) = [n,nx,ny]{n arrays to be averagé¢d
Require: SIZE(errors) = [n,nx, ny|{relative errors ofrrays}
fori=0ton—1do
indices < WHEREarrays]i, *, *] > threshold)
stddevli, x, x| < errors|i,, ] - arrays|i, x, x|

{calculate average according to Eg. 8
numerator [indices| += arraysi,indices] /stddevli,indices?
denominator [indices| += 1/stddev[i,indices?

{calculate new errors according to Eg. 8
newerror [indices) += 1/stddev[i,indices|?
end for
average < numerator /denominator
newerror < 1/(newerror - average)

Algorithm 2 Weighted normalizations

Require: SIZE(arrays) = [n,nx, ny]{n arrays to be normalizéd
Require: SIZE(errors) = [n,nx, ny]{relative errors ofrrays}
fori=0ton—1do
for j=0ton—1;j#ido
indicesj «+— WHERE((arrays]i, *, | and arrays|j, x,*]) > threshold)
end for
allj < union of allindices.
stddev(i, x, %] < errorgfi, =, x| - arrays|i, =, x|
end for
{Find reference arrgy
arrayslk, *, x]; whereall, has the most elementsg;
if ng; > 100 then
fori=0ton—1;i #Akdo
calculate total erroo from stddevli] andstddev[k] using Eq. 5
using indicesally, calculatec for arrays|i] andarrays/k] according to Eq. 7
arraysfi] x=c¢
end for
else{normalizing in pairs instegd
nij <— number of elements ondices;
p,q « indices ofmaxval (n;j)
for| =0ton—2do
calculate total erroo from stddev[p] andstddev|q] using Eq. 5
usingindices,q, calculatec for arrays|p] andarrays|q] according to Eq. 7
arrays[p] x=c¢
P.d<p.q
Npg <0
p,q <+ indices ofmaxval (Ng, N.q)
end for
end if




