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emitted electrons. Changes in workfunction across the sample
will lead to a change in energy of the detected XPS electron, and
also the inelastic mean free path of the XPS electron [6]. Thus, the
issues of information depth, and chemical state, are factors that
can be mixed together when considering image interpretation.
Fig. 3 shows a VPPEM spectrum from an aluminum sample
taken from an image series with photon energies from 72.5 eV to
85.0 eV in 0.5 eV steps with a take-off energy of 0.5 eV and a 0.25
eV energy resolution [7].
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Vector potential photoelectron microscopy (VPPEM)
produces four dimensional hyper-spectral data, and image
processing is an integral part of the experimental technique. The
point spread function of VPPEM is multidimensional with a high
frequency component. Although this high frequency component
is a small fraction of the total spatial response, images with good
signal-to-noise can be spatially deconvolved to give super
resolution images. Not all the problems with the data reduction
process have been satisfactorily dealt with, and this will be a
developing subject in the future.
The vector potential imaging technique is unique in
microscopy allowing images to be made of very low energy
photoelectrons, down to tenths of an electron volt, with
submicron spatial resolution, on uneven surfaces. However, the
VPPEM signal has many sources of variance besides the
elemental, and chemical composition of the sample, and it is for
this reason that the data reduction process is a key part of the
microscopy method.
As the photoelectrons are entrained in a strong magnetic
field, the image field shape, is not sensitive to differential surface
charging, surface topography, magnetic substrate effects, or
sample bias. In particular the spatial resolution is not dependent
on the surface topography in contrast to cathode lens-based
photo emission electron microscopy (PEEM) [2]. However, the
VPPEM image contrast is sensitive to many of these effects. In the
current instrument the photon beam is at 15o to the optic axis,
therefore there will be some illumination, and emission
shadowing on a rough surface. Roughness will also generate
changes in the effective penetration depth of the x-rays with
variations in the local angle of incidence to the sample surface
normal.
A significant issue with the low energy electron VPPEM
spectroscopic signal is that it is inherently complex. The signal is
derived from both near edge x-ray absorption fine structure
(NEXAFS), and x-ray photoelectron spectroscopy (XPS). The signal
not only includes elemental and chemical contrast, but the
information depth is also tunable. In combination with a
synchrotron x-ray beam line, the VPPEM image is a full field image
hyperspectral stack with two spectral dimensions of photon
energy, and photoelectron energy.
Using very low energy photoelectrons for imaging raises many
issues of signal interpretation. At very low energies there are
many specific surface effects to be considered in interpreting the
signal. These include effects due to the surface image potential,
changes in work function, local charging, and contamination. The
image potential can lead to surface states that cause significant
changes in transmission across the surface barrier as the take-off
energy is changed [5]. Although many of these effects will be
averaged out because the VPPEM collects 2π steradians of the

Fig. 3 VPPEM spectrum from oxidized aluminum
The 2p Al metallic NEXAFS feature appears at 74.5 eV, and the
2p Al metallic XPS feature would be then be expected to appear
at a 4.5 eV higher energy at 79.0 eV. The extra 4.5 eV binding
energy is the sum of the 4.0 eV workfunction [8], and the 0.5 eV
electron take-off energy. In Fig. 3 a third peak can be seen at 81.5
eV. This is the 2p Aluminum oxide XPS peak which is 2.5 eV higher
than the metal peak [7,9,10]. In conventional NEXAFS and XPS
spectroscopies of Al 2p, we expect that the background below the
peaks would be low, less than 5% of the peak height [11]. For 0.5
eV electrons, which are on the low energy shoulder of secondary
electron distribution, the background is larger than the peaks.
The NEXAFS signal to background is approximately 1:2.5, and the
XPS signal to background is 1:3. The NEXAFS and XPS signals can
be imaged separately by forming difference images above, and
below the respective peaks [7]. Naturally, these difference images
are noisy, and do not contain all the variance inherent in a
hyperspectral image. The difference images also represent
different information depths. Because the NEXAFS image is
derived from the secondary electrons, it is a bulk signal similar to
that from total absorption yield (TAY) NEXAFS. In contrast, the
XPS image depends on the inelastic mean free path of the
aluminum XPS electrons in the oxide overlayer. Variations in
oxide thickness would be seen as variance in the hyperspectral
image stack, but would not represent a change in stoichiometry.
Changing the take-off energy changes the relative height of the
Al 2p metal peak in comparison to the oxide peak because the
mean free path of the electrons is changed in the oxide overlayer.
This gives clues to the near surface structure because a depth
profile can be inferred [7], but the added information also adds
complexity to the signal variance.
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To summarize: VPPEM in combination with a synchrotron
beam line produces a raw data set which is a two dimensional
stack of monochromatic images of the photoelectron intensity
distribution. One dimension is the incident X-ray photon energy,
and the other is the energy of the photoelectrons used to form
the images, the take-off energy. The incident photon energy will
typically be over several sub ranges covering photoelectron
features of interest in steps of fractions of an eV, and ranges of
tens of eV. The photoelectrons used in the imaging are low
energy electrons which give the highest spatial resolution. The
imaging electron energy is changed to provide a change in
information depth. Therefore, the VPPEM image data is a hyperspectral four dimensional array [12,13]. The VPPEM signal is also
complex. There is signal variance due to the interaction of the
photon beam with the sample surface topography, different
depths of information in a spectral series, and high sensitivity to
surface conditions. The first aim of the data reduction process is
to extract meaningful, pertinent information from this complex
signal.

radial distance, μ
Fig. 4 VPPEM point spread function
A major problem with the current instrument is a significant
drift of the sample position during the long acquisition times
required. The data set must be first conditioned to bring the
images back into registration. As will be demonstrated, the image
registration is complicated by the nature of the VPPEM signal.
The VPPEM image data reduction process includes three
iterative steps:
1.
Image registration
2.
Data reduction and image partitioning
3.
Image deconvolution
Each step is discussed separately, and then linked together in
the analysis of a calcium/aluminum metal matrix sample [15,16].
We concentrate on the data reduction process, not the analysis
of the materials, or the interpretation of the spectra. The data set
presented here is insufficient for an accurate analysis of the
results. But for completeness in the discussion we make an
illustrative assignment of a partitioned image with reference to
the calcium/aluminum binary phase diagram [17].
The data reduction process is an integral part of the VPPEM
technique. We are only just beginning to understand how to
analyze the signal, and characterize a sample surface.

A second aim of the data reduction process is to extract high
spatial resolution image information from the lower resolution
raw hyperspectral image set. The VPPEM spatial resolution
depends on the maximum cyclotron radius, rmax,, of the
photoelectrons as they are emitted into the vacuum [3]. With a
field B and the energy of the imaged electrons E:
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The current prototype VPPEM instrument uses a 2.0 T field,
and for a 1.0 eV electron in a 2.0 T field emitted at 90 o to the
normal rmax is 1.7μ. The standard method to determine spatial
resolution uses a line scan across an edge [14]. A close
approximation to the 20-80% edge resolution in microns for the
VPPEM is 3√𝐸/𝐵 with 𝐸 in electron volts, and 𝐵 in Tesla [3],
implying a XPS feature just appearing 1.0 eV above the vacuum
level, gives a base edge spatial resolution of 1.5 micron at 2 T.
However, the edge resolution significantly underestimates the
information content of the images. Fig. 4 shows the two
dimensional point spread function for 1.0 eV electrons in a 2 T
field.
The VPPEM point spread function (PSF) is very sharply peaked
in the center with a wide tail. Because 50% of the signal is in the
wide tail at over 1.5 μ from the center, this determines the edge
resolution, but the PSF has significant high frequency
components which can be enhanced by deconvolution.
Apart from the signal source complexities, there are several
other practical factors that need to be taken into account when
setting up the data reduction processes for VPPEM. These factors
include: sample position drift, wide dynamic range of data,
imperfections in the detector, high noise in individual images,
and some energy dispersion across the images.

EXPERIMENTAL
The VPPEM instrument is at beamline U4A at the National
Synchrotron Light Source (NSLS) Brookhaven National
Laboratory. Beamline U4A is a bending magnet source which has
a relatively low flux density for microscopy. U4A has three
monochrometers. Only the lower energy monochrometer
provides sufficient photon flux for microscopy. This constraint
limits the range of operation to UV photons between 15-45 eV,
and 60-95 eV, with a reduced flux between 60-95 eV. In the 6095 eV region, the flux density is between 103-104 photons /s.μ2.
This is many orders of magnitude lower than is typically used in
PEEM [17]. VPPEM collects 100% of the photoelectrons over a 70
microns diameter field of view with a depth of field of
millimeters.
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The main images sets presented here were created using 1.0
eV electrons in a 2 T field, implying an edge resolution of 1.5 μ.
However, as discussed this estimate for the edge resolution
underestimates the amount of spatial information in a VPPEM
image. The VPPEM PSF has a large submicron component, and
the images are oversampled by a CCD camera at 16 pixels per
micron which matches the similar micro-channel plate limit. The
CCD camera is a cooled camera providing jpeg images with 8 bits
of resolution.
The Ca/Al alloy wire cross section section was polished on a
1 micron diamond grit wheel before placing in the VPEEM. The
sample was cleaned multiple times in situ using an argon ion
beam at approximately 45o to the face of sample surface.
Contamination from background gas during ion cleaning
prevented a completely contamination free surface being
formed. The strong Al 2p core level metal transitions with
binding energies in the region of 73.0 eV were readily
detectable as a NEXAFS edges, and XPS features. The Ca NEXAFS
signals at 25.4 eV were weaker, but evident in the shape of the
VPPEM spectrum above 25.4 eV with contributions from the XPS
signals. The oxygen 2s NEXAFS edge at 41.6 eV adds signal
variation in the low energy part of the spectrum that is related
to the Al. A gold 600 mesh grid was used as the magnification
reference. Collections times are between 2-10 seconds per
image.
The data reported here is the first hyper-spectral imaging
information from the VPPEM instrument, and can significantly be
improved on. The supporting software integrating the beamline,
and sample bias control with the collection of images is still in
development. The image analysis software is in a prototype
stage. The images are collected manually one image at a time.
There is sample drift, beam position changes, and current decay
over the time it takes to collect a set of images. These data
collection, and analysis processes are not automated. Therefore,
for practical reasons, the main results presented here are only
three dimensional, two spatial dimensions with incident photon
energy. The results are relatively coarse grained for synchrotron
based photoelectron spectroscopy with step sizes of 0.5 eV and
1.0 eV.

4. Image resampling and transformation: The image to be
transformed is mapped by the transform model.
The major problem area for VPPEM image registration is
feature detection and matching. VPPEM images are hyperspectral,
implying feature detection, and matching must be automated
taking into account changes in focus, and contrast over a wide
range.
A complicating issue is that one part of the image set may not
resemble another. Because the VPPEM uses low energy secondary
electrons for imaging, there can be large changes in appearance
over a two dimensional spectrum. Changes such as complete
contrast reversal makes automated registration of imaged shapes
difficult to achieve. Fig. 5 shows three VPPEM images with
different take-off energies at the same photon energy from the
freshly ion cleaned surface of the Ca/Al wire sample.

Fig.5 Contrast reversal due to workfunction differences
There are also image features that are not directly related to the
sample position. These features include the vignetting at the edge
of the field of view, and defects in the image detector. VPPEM
images also have some energy dispersion across the field of view.
In the current instrumental setup, this dispersion is quite large, up
to 0.5 eV. At very low energies, this dispersion gives a change of
intensity, a gradient, across the image as different parts of the
secondary electron peak are detected. The images are individually
noisy (quantum noise), and the high spatial frequencies of the PSF
that might give sharp features for identification are only a small
percentage of the signal. Many images from material science
specimens, such as those presented here, do not contain edges, or
other physical features that are readily identifiable.
The multiple factors outlined above make feature
identification very challenging for image set registration. We
make the simplifying assumption that the transform in registration
steps 4 and 5 is a linear positional shift, with no scale change,
rotation or distortion. This assumption is qualified because there
is some distortion across the image, and towards the image
periphery.
We can use an area based registration method [19] based on our
assumption of a simple shift transform. Area methods use feature
matching rather than feature detection. Therefore, step 1 is omitted
from the process, but the method requires that the same area in
each image is congruent to a reference area. There are several
approaches that can be used for area matching. These include
parametric models that look for correlations between images, and
informational models that look for statistical dependencies
between images [22]. We have considered only parametric methods
here, although the statistical methods that can be used in multimodal image registration might be the path to combine image
series such as shown in Fig. 5. Despite the low signal-to-noise in
each individual image, it might well be possible to use the phase
correlation method (PCM) [23,24]. PCM is a Fourier domain
method that computes a phase difference map, if the map contains

RESULTS AND DISCUSSION
Image registration
The VPEEM image stack must be registered image by image
to remove shifts due to sample position changes over the
acquisition time. Image registration is covered extensively in the
literature because of its importance in multiple fields such as
remote sensing, and medical imaging [19,20,21].
Image registration is considered to have four steps [19]:
1. Feature detection: Salient and distinctive regions are
identified either manually or automatically. These are
abstracted into control points (CP) such as feature center of
gravity, line ends, or distinctive points.
2. Feature matching: Where the set of control points are matched
across the image set.
3. Transform model estimation: A transform is established based
on the feature matching to the reference image.

3

a single peak, the position of the peak is proportional to the
difference between the images. However, comparing the phase
difference maps across these images stacks, we find broad
multipeaked surfaces. While phase shifts are readily apparent, and
follow the trend of the spatial shifts, the shape of the peaks change.
Unfortunately, the peak shape changes confound automatic
registration across the image stack. Even for two images
(image27eV,image28eV) next to each other in the stack, the
MATLAB PCM instruction:
tformEstimate=imregcorr(image27eV,image28eV);

produces a shift away from registration. PCM may be an
option in the future, but it will take a significant work effort to
program, and test algorithms. Therefore, we have fallen back to a
basic method, the sum of the squared differences (SSD) of the
target image compared to a reference image, and a gradient
descent to produce a linear transform.
The SSD method has its own problems. There is a brightness
trend across the VPPEM image that the SSD fit seeks to travel
down. Therefore, we need to choose a limited area within the
images for our reference that has an even brightness across it. A
limited area also reduces effects due to distortion. However, the
image reference area needs to be as large as possible to get a
reasonable signal-to-noise.
With the image sets presented here, image drift of up to a few
microns can be removed to an accuracy below a micron over the
central part of an image series with minor contrast change. To get
micron registration is straightforward. In the absence of large
contrast changes, fitting accuracy is limited largely by noise, and
image defects. The VPPEM images are circular projection images
with a field of view of 70 microns. After registration of an image
set, principle component analysis (PCA) can be performed. As an
example, a comparison between a single image frame using 36 eV
photons with 1 eV electron detection energy, and a principal
component (PC) image, of the Ca/Al wire section is shown in Fig.
6.

Fig. 6 Comparison of a single frame, and the first principal
component image from a registered series of images
The first principle component image (PC1) of Fig. 6 shows a
drift across the image series in the region of 5 microns, as seen in
the multiple exposure effect at the edge of the PC image. A visual
comparison of the single frame, and the PC image also shows that
there is a loss of spatial resolution despite the registration, and
reasonably strong features in the image set.
If the image data set range is extended, and more images are
included, there is a change across the image set due to the change
in the spectroscopic information. The changing relative brightness
in local areas produces jumps in the registration, as darker areas
become brighter, and vice versa. There is almost certainly the
same effect within the limited data set, without such an obvious
error. However, going to a more restricted image series loses the
purpose of the spectroscopic imaging. Using the sum of the whole
image stack as the reference image minimizes this problem.
Contrast changes due to spectroscopic changes are averaged out,
but the image shift smears out strong features. Naturally, this will
only work if there is contrast independent of the spectroscopic
contrast.
To create a reference image, the image stack is summed.
Ideally there is an area with flat brightness but strong features,
away from defects, and the image edge. The reference image
intensity is:
𝑛
1
𝑝𝑥,𝑦 = ∑ 𝑝,𝑥,𝑦,𝑘
𝑛
𝑘=1

Where 𝑝𝑥,𝑦 is the pixel intensity at position x,y in the reference
image, and 𝑝𝑥,𝑦,𝑘 is the pixel image intensity at position x,y of
image k in a stack of n images.
An example reference image area is shown in Fig. 7.
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indication of jumps, and outliers. However, the blurred nature of
the individual images makes fixing on any one feature difficult.
The most useful indicator appeared to be the success of the spatial
deconvolution process discussed below, and it may well be that
employing the high frequency part of the VPPEM PSF is the route
to providing a feedback mechanism for the registration process.
From these experiments, it is clear that image registration is a
critical part of the data reduction process, and will continue to be
an important development issue as the VPPEM instrumentation,
and methodology evolves.
Data Reduction and Image Partitioning
After image registration, the N x M hyperspectral image data
set consists of a set of simple numbered images. This data set is an
obvious candidate for data reduction using principal component
analysis (PCA) [25,26]. PCA is used in a range of analytical electron
microscopies [27-31]. The aim of using PCA is to take the
information from a large number of images, and reduce the data to
a few major components for analysis. From previous experiments
with EDAX, Auger, and projection photoelectron microscopy
[32,33]
, we had found that the first three PCA images contained 95%
of the information in an image set, and could be used to simply
display the data as a three color superimposed image, or as a three
dimensional scatter diagram. Then, pixels of the same color can
be collected to produce a spectrum of that chemical region.
However, we find the PCA method is not as effective with
VPPEM images as we expected. The reason for this is embedded
in the VPPEM data set.
After vignetting the VPPEM image stack to reduce the data to
local areas of interest, and reduce the variation in the signal being
extracted by PCA, there remain several sources of ‘extraneous’
signal besides the distribution of the Al/Ca elemental distribution.
On a sample such as this, we expect that there will be inherent
signal complexity as was discussed in the introduction, but there
are two other sources of variance. The first source is image
registration. Different PCA components pick up different sets of
registrations, particularly the outliers. The second source is the
unusual PSF. Different PCA components appear to emphasize
different frequencies in the PSF. Typically, the 1st PCA
component is low frequency, imaging large signal variations.
Subsequent PCA images have more or less higher spatial
frequencies. We also find that while surface conditions, such as
the workfunction might be expected to help partition the image
into distinct chemical regions, this is not immediately apparent
with the Ca/Al surface. The end result is that the more useful
spectral information is found in higher PCA components with low
variance, and high noise.
Fig. 8 shows a comparison between the high variance PCA
component images of a spatially registered image stack, and the
subsequent analysis based on spectral factors, which is discussed
later.
As illustrated in Fig. 8, we find that image partitioning based
on the PCA image intensities, or the PCA scatter diagrams derived
from them is not necessarily effective in discovering chemically
specific regions.

Fig. 7 Reference image formed from the summed stack of
spectroscopic images
In this image there is only shading, there are no sharp edges. A
gradient decent algorithm is naturally indicated. Although the
brightness across the image is not especially flat, the strong
features in the upper part of the image appear to pin the gradient
decent, and prevent jumping from small features. The brightness
of the reference image area, and the corresponding area of each
individual image in the stack are normalized against the sum of the
intensities in each area:
𝑑. 𝑒. 𝑝𝑥,𝑦
′
𝑝𝑥,𝑦
= 𝑑
∑𝑥=1 ∑𝑒𝑦=1 𝑝𝑥,𝑦
′
Where 𝑝𝑥,𝑦 is the normalized intensity of pixel x,y, d and e are
the dimensions of the reference image, and 𝑝𝑥,𝑦 is the original
intensity at pixel x,y. The two normalized images are SSD
compared over a 3x3 shift matrix, and a minimization walk is
performed. Initially, the 3x3 matrix uses a 10 pixel step, then 3
pixel, and finally 1 pixel. When changing from the 10 pixel step
to the 3 pixel step, and the 1 pixel step, the reference image is
changed. The same reference area is used, but the average is over
the new registration of the entire stack. This diminishes the effects
of image defects which are averaged down. When the registration
is effective, the reference images become noticeable sharper.
With the image stack presented here, this procedure was
moderately successful after some experimentation with the
reference image, and adding a pre-shift to outliers. As with other
image registration methods, which are to a certain extent ad hoc
relying on the properties of the images, implementation details
will change with other VPPEM image stacks.
We do not have a good method to quantify how well the
registration succeeded in any particular case. The error signal used
to perform the minimization is dependent on the details of the
reference area chosen. Averaging over a larger area brings in
larger variance across the images, and the change in spectroscopic
information across the image stack means that the error
minimization need not represent image registration. Finding a
best-fit metric is important for the future, but it is a non-trivial
problem [19]. We found visual assessment a valuable screening
method. Presenting the image stack as a short movie gives an
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We need to establish the approximate dimensionality of the
data by finding a representative set of factors in the image that will
indicate where the end points are to be found. First, to establish
the presence of endpoints, small windowed areas are shot-gunned
across the image features to look for variations in spectra. The
spectra used for comparison are the sums of the individual spectra
from the windowed pixels. The window size is chosen to give a
workable signal-to-noise. The spectra are normalized against the
sum of the intensities in the spectra:
𝑛. 𝑠𝑘
𝑠𝑘′ = 𝑛
∑𝑘=1 𝑠𝑘
Where 𝑠𝑘′ is the normalized intensity of the spectral point k,
and 𝑠𝑘 is the summed intensity of a small image window from an
n deep image stack.
Any variation between the normalized spectra is a factor that
can be taken as an indication towards an endpoint. A factor image
is then made of a spectrum that is distinguished from the average.
A factor image is constructed by taking the factor spectrum, and
performing a root mean square fit to the spectrum of each pixel in
the image. Then, the mean square error is subtracted from a fixed
maximum image intensity:
𝑛
2

𝐹
𝑓𝑥,𝑦 = 0.95 − 𝑚√∑(𝑠𝑥,𝑦,𝑘 − 𝑠𝑥,𝑦,𝑘
)
𝑘=1

Where 𝑓𝑥,𝑦 is the intensity of the factor image at pixel x,y,
𝑠𝑥,𝑦,𝑘 is the intensity of the image stack at position x,y image k, 𝑠𝑘𝐹
is the element k in the factor spectrum, m is a scaling factor to
produce a good contrast range, and 0.95 is the white level. Pixels
that are highly correlated with the factor are bright, pixels with low
correlations, and a high error are dark. The subsequent image can
be partitioned by intensity, and used to improve the factors.
The method can be straightforward, and worked very
effectively on this sample. Fig. 9 shows the two main spectral
factors, F1, F2, found from shot gunning an area of 600x600 pixels
with twenty 10x10 pixel test areas.
Fig. 10 shows the respective greyscale images of the two
factors F1 and F2 of Fig. 9.

Fig. 8. Comparison between the first seven PCA images from
a 29 image series from 31.0eV to 45.0 eV photon energy, and an
image based on a spectral factor F1
The false color image is representative of the chemical
distribution, as is be shown below. The blue regions of the image
are Ca, and the Al matrix is shown in red. The green regions are
overlapped between the Ca and Al. None of the PCA images show
more than a vague, and inconsistent suggestion of the actual
distribution of materials in the sample.
The poor performance of PCA suggests that using another
statistical methodology such as factor analysis might be a better
route. However, as is often the case, if the sample is relatively
unknown, and there is no previous VPPEM spectra to use in factor
analysis, an exploratory factor analysis would be required. Our
initial approach to finding factors was to reduce the image data set
using PCA [34]. Then, use the first few PCA images to extract the
factors. However, the first few PCA images give meaningless
clustering to define regions of interest, and the higher order PCA
images, might or might not represent chemical specifics. Factor
analysis based on PCA would not work for this sample.
The general solution to the data reduction problem is by
treating the VPPEM images as hyperspectral images not
multispectral images [12,13]. Then, hyperspectral data reduction
techniques can be used. A powerful data reduction technique that
relies on the hyperspectral signature is endpoint extraction [35,36].
Unlike in a remote sensing application where signal-to-noise ratios
are high, and an individual pixel may be an endpoint, we expect a
certain amount of correlation between spectra from small areas in
the image. We have a smaller number of pixels in the image, and
expect a limited number of endpoints in a distribution. This gives
us a statistical advantage in that we can sum the spectra from a
local collection of pixels without loss of information.

Fig. 9 Spectral factors in the VPPEM image corresponding to
the image area shown in Fig.8. F1 is indicative of calcium, F2 is
indicative of the oxygen associated with Al
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factor analysis can be performed quickly with little data
preparation, and if possible semi-automatically, then the
experimenter can quickly optimize the data collection.
Spatial Deconvolution
To maximize the value of the VPPEM PSF, image
deconvolution can be used. After a variety of experiments,
including high frequency filtering using FFTs, it was found that
good results were obtained by using the Lucy-Richardson
deconvolution method [37,38]. The Lucy-Richardson method was
used with a model PSF matrix of 4.0x4.0 rmax, with rmax = 1.7μ
with 16 pixels per micron. This gives a PSF matrix size of 109x109
pixels. The deconvolution was stable, and came to a limit within
50 iterations. Because of the matrix size, the calculation is slow
with the current in-house software implementation. The
MATLAB
Lucy-Richardson
instruction,
deconvlucy(I,PSF), is much faster [39], but when used with
these images tends to produce ringing artifacts. Further, the
MATLAB algorithm does not come to a limit, and is clearly
artificial after 15-20 iterations. Therefore, the in-house
implementation was used for all the results presented here.
For better deconvolution results, a data series taken in a shorter
time, 2 seconds per image, is shown. This data set has more noise
per image, but better initial registration. The data set was taken
without moving the stage overnight. The sample surface was not
freshly ion cleaned. Image registration was performed over the
complete set which included the calcium and oxygen region from
20-45eV, and aluminum from 70-85eV. The step size was 1.0eV
in both regions. Factor identification was performed over one
spectral region from 21-44eV. Note that the sample area is
different to that shown in Fig.10.
The single factor extraction technique over a bright area in one
of the middle images of the data set produced a test factor. This
test factor was used to create a factor image as previously
described using the RMS difference at each pixel in the data set.
Another factor was extracted from a dark region in the test factor
image. These two factors were similar but weaker versions of the
two factors used in the previous section. The strong calcium factor
was denoted F1, the strong oxide factor F2.

Fig. 10 Factor images from a multispectral image set of a
Ca/Al metal matrix. F1 indicates high Ca, F2 indicates high Al.
Lower left: the F1/F2 scatter diagram. Lower right: False color
image based on windowing F1 in intensity. Blue is high Ca, red is
high Al, green is a third mixed phase

By eye, the two grey scale images appear largely
anticorrelated. However, when the image intensities of the two
factors are plotted as a scatter diagram, Fig. 10 lower left,
additional information in the images is apparent. There are also
strong vignetting effects in the scatter diagram indicating that we
are only sampling part of the phase distribution. To go further in
the analysis, it is useful to work on spatially deconvolved images,
which will be discussed in the next section.
In summary to this section: PCA was initially used to reduce
the VPPEM data set, but PCA provides ambiguous clues for image
partitioning. Treating the VPPEM images as hyperspectral data,
and searching for endpoints directly was very effective. In samples
of the type shown here, where the majority of inhomogeneities are
more than a few tens of pixels wide, almost all 10x10 samples,
anywhere in the image, will find a factor with significant variation
from the norm. In practice, only one test factor is required to make
either a grey scale or windowed false color factor image, and then
rapidly discover other factors. This is illustrated by the false color
image of Fig. 8 which only uses the intensity of the F1 image.
After finding one factor, the next factor is likely to be one with a
low correlation in a dark area of the first factor image. With two
factor images, a 2D scatter diagram can be plotted which
represents the majority of the variance in an image.
As shown in the next section, this scatter diagram can be
iteratively partitioned to give a new set of spectra. The extremes
of the new spectra more closely define the endpoints of the
distributions which can be used to create endpoint images, and
multidimensional scatter diagrams with greater separations. These
new scatter diagrams can be used to fix on the endpoints, and
subsequently analyze the sample.
The fact that illustrative factors can be found quickly with little
computation time is of great practical value. When taking VPPEM
images at a synchrotron, beam time is short, and taking spectra,
and images blindly is wasteful. The raw VPPEM images do not
show chemical contrast. It is a long process to spatially register the
images, perform a PCA, and decide on the next step. If a shotgun
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Fig. 12 Four factors from the four quadrants of the scatter
diagram of Fig 11. The two inner factors are the two clusters C1
(light green) and C2 (dark green), two outer factors C4 (blue), and
C3 (red) are Ca and Al associated respectively. The four factors
shown here are taken across both the Ca/O spectral region (2045eV), and the higher energy 2p Al region (70-85eV)
We can iterate with the new factors found from the clusters. In
Fig. 13, the deconvolved images of the two new factors FN1
(cluster C4) and FN2 (cluster C3), are shown. Note that the areas
shown in Fig. 10 and Fig. 13 are different. The green area of the
scatter diagram, lower left, is derived from a larger area of the
sample than either Fig. 10 or Fig. 13, and shows significant
variance outside the two new factors. This helps explain why PCA
was not successful. The additional variance is not strongly related
to compositional differences.
Considering the shape of the black reduced area scatter
diagram in Fig 10, partitioning into two components is justified.
The distance between the assumed centers of two end clusters can
be measured, and an estimate the 20-80% distance can be made.
Partitioning the scatter diagram between the two clusters, and the
20-80% region between them, gives the false color image lower
right Fig. 12. The minimum distance between the regions of blue
(calcium) and red (aluminum) in the false color image can be
measured, giving a 20-80% spatial resolution of just under one
micron.

Fig. 11 The F1 factor images before, and after LucyRichardson deconvolution, with the respective F1/F2 scatter
diagrams underneath
Fig. 11 shows the F1 factor images before, and after a 10
iteration Lucy-Richardson deconvolution, with the respective
F1/F2 scatter diagrams underneath. This comparison shows the F1
deconvolved image is significantly sharper. The Lucy-Richardson
deconvolution produced noticeable better results using just one
spectral region due to the difficulty of registration between the
spectral regions. Therefore, these images just use the Ca-oxygen
spectral region from 21.0eV to 44.0eV photon energy, in 1eV
steps.
The F1/ F2 scatter diagrams have been rotated 45o to make the
bounding boxes used for image partitioning square with the data.
Four regions in the scatter diagram have been marked as clusters
C1 to C4. The original axes F1 and F2 are anticorrelated from
cluster C1 to C2, with C1 having high calcium, and C2 the oxide
(Al) signal.
Using rectangular bounding boxes, the scatter diagrams can
partitioned into regions around the four clusters. Separately
imaging the clusters, gives spatial masks which can be used to find
the spectral factors in the unknown C3 and C4 clusters. The four
factors are shown in Fig 12. The new factors in the C3 and C4
clusters are more discriminated than between C1 and C2.
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Using the previous factor scatter diagrams, multiple spectra
from different regions in the scatter diagrams were created. This
process produced the extrema spectra shown in Fig. 14.

Fig. 13 Deconvolved images FN1 and FN2. The complete
scatter diagram, lower left, is from a large area of the sample with
the black area just from these two images. The false color image
bottom right is derived by windowing across the black area in the
scatter diagram.

Fig. 14 Spectra identified as endpoints E1 and E2
These spectra are not normalized against photon flux which is
a broad peaked distribution around 30.0-35.0eV. These two
spectra show the most extreme variation, and are defined as the
endpoints: E1 for high calcium, and E2 for high aluminum
(oxygen). The endpoints E1 and E2 from this series of images do
not appear as extreme as the factors from the freshly cleaned
sample shown in Fig. 9, but the risk of this comparison is that small
shifts in the image position can give a false spectrum across the
stack if this extra variance adds to the difference in the spectra.
As previously mentioned, there is considerable image variance
in the raw VPPEM images that does not appear directly related to
the VPPEM spectral information of interest. But normalizing
against intensity summed across the spectral regions, removes a
significant part of the variance, whatever the cause.
Two endpoint images based on E1 and E2 were created using
the RMS method discussed in the previous section. These images
were then deconvolved using the in-house Lucy-Richardson
algorithm with 50 iterations. Fig. 14 shows an area from the E1
and E2 images. Fig. 15 a, b are the E1 and E2 images and Fig. 15
c, d are the deconvolved images.

We can be confident that the Lucy-Richardson deconvolution
of the factor images is successful, giving some improvement from
the base 20-80% resolution of 1.5 μ. Given the low signal-to-noise,
and certain multiple pixel misregistration across the image set, this
result might be seen to be as good as we could expect. These
results show that spatial deconvolution of the factor images is
stable with the Lucy-Richardson method, and high resolution
chemical imaging can be performed without having to deconvolve
the entire series of raw images. Therefore, the two data reduction
methods, shotgun factorization, and factor image deconvolution,
greatly reduce the computational overhead associated with
VPPEM imaging.
However, the analysis is not complete, the endpoints have not
been identified. Another iteration is needed.
Image Analysis Final Iteration
Up to this point, we have separately demonstrated workable
solutions to the three image analysis problems: registration, data
reduction, and deconvolution. In this section, we will show the
final version of the present analysis which involves all three
processes iteratively.
With several versions of the registered image stack, and
several versions of the factor images available, it is possible to
compare the results, and choose the highest resolution
deconvolved images. With some experimentation, and removal of
persistent outliers, a ‘best’ version of the image stack was
obtained. The best result was based only on the lower energy range
of the image stack from 22-44 eV. It was not possible to make a
good alignment of both spectral regions.
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Fig. 16 Scatter diagram, and histogram from the deconvolved
E1 and E2 images 15c,d
We will make the Al-Ca phase diagram [17] the basis for our
analysis. We will assume that the bright areas in image E1 from
Fig. 15 are representative of Ca, and the bright areas in E2
represent Al. We can window these bright areas in the images of
Fig. 15c,d. The centers of the peaks in the windowed area
histograms are then assigned to Al and Ca. The percentages of Ca
in the four different intermetallic phases in the Al-Ca binary
system is given in Table 1. We will assume that the signal across
the histogram is a linear mixture of the E1 and E2 signals, and this
represents a linear mixture of Ca and Al respectively. An
illustrative fit to the histogram using these percentages is shown
as the solid line in Fig. 16.

Fig. 15 Endpoint images a) E1, b) E2, c) and d) E1 and E2
deconvolved using 50 iterations of the Lucy-Richardson method
This area has a mix of features, and the endpoint images E1
and E2 are strongly anticorrelated with a similar overall variance.
Because, the main direction of the two dimensional scatter
diagram E1-E2 is along a 45o line, by rotating the scatter
diagram, we can effectively create a one dimensional histogram
along the main axis of the variance, and still capture most of the
significant information. Fig. 16 shows the scatter diagram, and
histogram from the central part of the images of Fig. 15 c,d.
There are several peaks in the histogram of Fig. 16 which are
indications of discrete clusters in the scatter diagram. Moreover,
the scatter diagram is a narrow irregular shape which implies there
is sufficient signal-to-noise across the histogram to resolve these
peaks.

Phase
Al
Al4Ca
Al2Ca
Al14Ca13
Al3Ca8
Ca

%
Ca
0
20
33.3
48.1
72.7
100

Table 1 Phase compositions in the binary Al-Ca system
The fit of Fig. 15 to the percentages of table 1 is moderate, the
peak positions of Al4Ca and Al2Ca need some adjustment. A false
color image that is based on an adjusted fit is shown in Fig. 17a.
The adjusted fits give Al4Ca at 24% and Al2Ca at 36%. For the
Fig. 17a image the divisions between the colors are made
equidistant between the adjusted peaks. Al is colored red, Ca is
colored blue. It is also useful to look at the overlap between the
peaks, and Fig. 17b shows the 20-80% boundaries between the
peaks.
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A void is also present. Voids are a feature of the deformation
forming process [16]. The signature of the void is the long tail
pointing upwards in the scatter diagram, towards both low E1
and low E2. The void is seen as the black region in the upper left
of Fig. 17a. In the histogram of Fig. 18, this peak has been
suppressed. From the scatter diagram of Fig. 18, it can be seen
that the yellow peak can be separated out. This peak is off the
main axis of the scatter diagram towards both lower Al and Ca.
Although the other two additional peaks are not well separated
Fig. 19 shows an image where the regions of the additional peaks
in the scatter diagram have been windowed out and imaged.

Fig. 17 False color images based on the adjusted fit to the AlCa phase diagram a) peak areas b) 20-80% boundary areas
In Fig. 17 the Ca and Al are seen to have formed an extended
reaction zone [15,16] and the long extruded Ca filaments appear to
be rounded in cross section, possibly having formed spheroids [18].
All four peaks assigned to the intermetallics are represented in the
image, as well as the Al and Ca. This is a particularly dense, and
detailed areas of the sample.
However, Fig. 17 is not a complete breakdown of the signal.
From Fig. 17b, it can be seen that size of the boundaries are
uneven. In several parts of the image, the boundaries become
fairly broad. This suggests that an adjustment of the peak
positions, or further division of the histogram is required. In fact,
for Fig. 16 an area in the center of the image was specifically
chosen to exclude these broader regions. In Fig. 18 are the scatter
diagram, and histograms from several areas where the boundaries
are found to be larger in the image Fig 17b.
In the histogram in the lower half of Fig. 18 the several areas
with broader boundaries have been windowed out separately, and
superimposed on the histogram from Fig. 17. The histograms for
these added regions have been scaled up to make them more
visible. We see there are extra peaks in these broader regions.
These extra peaks are colored, light blue, dark blue, and yellow
in the histogram. The same regions are similarly colored in the
scatter diagram at the top of Fig. 18.

Fig. 19 Additional peak areas: red closer to Al, blue closer to
Ca
The false colors of Fig. 19 follow the scheme from red
towards the Al end of the distribution to blue towards the Ca end.
Therefore, the yellow peak in Fig. 18 is imaged in blue as it
closer to Ca. As can be seen, the additional peak areas are
clumpy, and not boundary like. Unfortunately, there is
insufficient data to determine what these extra features are. The
peaks could be surface phases, or might represent bulk phases
that includes contaminants from the alloy manufacturing process.
The presence of the void gives an opportunity to measure the
edge response, and estimate the spatial resolution [14]. By
windowing across the scatter diagram of Fig. 18 to capture just
the additional yellow peak, and that part of the void signature
that is horizontal to it, we find they share a common boundary.
Measuring the 20-80% response gives a spatial resolution of
between 0.3-0.5 μ.
A spatial resolution in the 0.3-0.5 μ range confirms that the
composition of the larger areas in Figs. 17 and 19 are not simply
unresolved spatial overlap from a mixture of the end
components. The peaks that are seen in the histograms are real

Fig. 18 Scatter diagram, and histograms from several areas in
the endpoint images of Fig. 15c,d
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compositional clusters. Therefore, the four main intermediate
regions could reasonably correspond to the four intermetallic
regions in the Al-Ca phase diagram [17]. Fig. 20 is an annotated
image of the phase distribution using this reasoning as a basis.
The larger areas the additional peaks in Fig. 19 have been
removed.

However, despite these caveats, we have the conclusion that
the VPPEM technique has spatially resolved the reaction products
between the Ca and Al in this metal matrix sample. The image
processing steps have been reasonably successful in analyzing a
relatively unknown and complex sample. However, in in the end
this analysis has mainly been an exercise in data reduction. To
make a successful materials analysis, the spectroscopy must cover
the full range of elements, and for an analysis of the bulk to be
valid, the signal information depth must be estimated.
Extracting endpoints, and breaking down the VPPEM image
into components for quantitative measurement, is not
straightforward. It is difficult to see how to automate this detailed
level of analysis. More automation, and rapid presentation of top
level data reduction should be possible by using some form of
endpoint extraction for feedback during data collection, and there
is a good theoretical basis for this future effort24.
The current prototype microscope uses a 2 T magnet. There is
a limited range of photon energies, and low counting statistics
from beamline U4A. Achieving better than 500 nm resolution, and
a detailed breakout of the phase distribution is very encouraging.
In the future the magnetic field can be taken to 20 T. The
microscope will be moved to the NIST soft and tender beam lines
at NSLS II. These beam lines will have six orders of magnitude
higher flux density, and a 100 eV to7.5 keV photon range [41].
Many of the limitations with the present analysis will be removed,
and spatial resolutions down to a few tens of nanometers are
expected.
CONCLUSION
There are several conclusions that can be made from this
work:
 VPPEM has been shown to produce highly detailed
compositionally specific images from low signal-to-noise
image stacks.
 VPPEM image stack registration is non-trivial.
 The most efficient route to image partitioning is through
endpoint extraction. Principle component analysis was not
effective.
 Lucy-Richardson spatial deconvolution of the RMS derived
endpoint images is a valid method to improve the spatial
resolution. Deconvolution of the individual images in the stack
is not needed.
 Data collection should be structured, and interactive. Endpoint
detection can be semi-automated for operator feedback.
 A full data set is required to understand the image signal.
The difficulty of image registration is an important lesson from
this initial work. The VPPEM PSF has the unfortunate
consequence of defocussing strong features while at the same time
requiring good registration for deconvolution. The lack of strong
features, the high noise content, and the changes in contrast over
the image stack, will always introduce errors in the registration.
This suggests that a fiducial scheme should be implemented.
Given the high depth of focus of the VPPEM, the fiducial need not
be mounted on the actual surface of the sample, it could be an open
grid or retractable pointer.
It appears that the typical synchrotron experimental
methodology of taking a large data set, and going off-line for
processing may not be optimum for VPPEM. Fortunately, blind

Fig. 20 VPPEM phase image of Al-Ca alloy
Fig. 20 is the final result, but in an important sense it is
incomplete. The presence of the Al-Ca intermetallics seems well
established, and these intermetallics might be the source of the
large variations in workfunction on the freshly cleaned samples
shown in Fig 5. There is a possible 2.0 eV difference in work
function between Al4Ca and Al [40]. The results are consistent with
previous analysis using backscattered electron microscopy, energy
dispersive spectroscopy (EDS), and x-ray diffraction (XRD) [16].
Although these present results differ in that more phases have been
isolated in the images. However, with the low spectral resolution,
we cannot spectroscopically identify the chemistry of the
intermetallics or any of the additional features. Further, we can
only loosely associate Al 2p spectra with these images as we have
failed to register the image stack across the two spectral regions.
We have also made several assumptions to reach this point. These
we have not been able to test fully with the current data sets. While
the highly detailed nature of the result is remarkable given the low
photon flux, and the difficultly of image alignment, yet we cannot
say this is an unambiguous analysis. Too much information is
missing, both in chemical shifts, and in spectral range.
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endpoint discovery may be rapid, and not require large amounts of
computing time. Tuning the data collection to get the highest
spatial resolution images, and the relevant spectral information
will require an interactive process.
While the combination of image processing techniques
presented here is a good start to VPPEM image data analysis, and
will help optimize the data collection methodology, there needs to
be considerable development in both software, and hardware to
reach the full potential of the technique.
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