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0 O O In this paper, we report the feasibility of X-ray reflection tomography to image patterned
surfaces via simulation and experiment. In the simulation work, we were able to obtain very good
reconstructed images from reflectivity projections with high correlation coefficient values obtained.
Even with just 18 projections with a sinusoidal filter in the reconstruction algorithm, a high degree
of colocalization was achieved. The spatial resolution obtained is 200 um for a 24 um detector
resolution. Experimentally, we were able to obtain a successful reconstruction from at most 36
projections using an ordinary lab-source X-ray reflectivity set-up. Correlation coefficient values
obtained are acceptable and yet can still be improved by upgrade of instrumentation design and the
need for further mathematical processes in the FBP reconstruction algorithm. Spatial resolution
currently obtained is ~1.6 mm. Further improvements are being done to have a comparabl e resolution

with that of simulation.
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1. INTRODUCTION

0 O O Wereported previously ), anovel surface
imaging technique which we called X-ray reflection
tomography for imaging heterogeneous structures
found on surfaces. With X-ray reflection tomography,
the forward specular reflection from the reflecting
surface at grazing incidence is being recorded and
by rotating the sample in-plane, reflectivity line
integral projections can be used to reconstruct the
two-dimensiona pattern or heterogeneous structures
on the surface. The advantages of using X-ray
reflectivity for such projection-type reconstructive
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imaging include: 1) No need of high intensity X-rays
to obtain data at near surface layers of dense
materials like metals since reflectivity is used and
not absorption. 2) Measuring time is much shorter
especidly if incident angleisnear the critical angle
of the sample because of whole areaillumination.
It is more efficient than point-by-point scanning?.
3) Beam hardening effects are avoided with the
use of monochromatic X-ray sources in XRR.
4) Resolution of XRR along the depth isin the
order of afew angstroms (1A) compared to normal
absorption X-ray CT whichisin the millimeter to
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sub-millimeter range . Thisis advantageous for
imaging structures at near surfacelayers (e.g. afew
hundred angstroms under the surface) without
slicing the samplefor thin films and multi-layered
materials (e.g. semiconductor devices).

0 O O To reconstruct the patterng/structures on the
surface, just like X-ray computer tomography ¥,
reconstructive algorithms are utilized. The idea of
reconstruction is based on the Radon transform®
asaseriesof lineintegralsthrough f (x,y) at different
offsets from the origin, whereby the projections
Pe (U), where u is a point on the projection axis, is
related to the reflectivity edge map f (x,y) by :

Po (1)
= J f(x,3)0(xcosO + ysin@ —u)dxdy

0@

Thus by performing a 1-D Fourier transform on
the projection followed by a 2-D inverse Fourier
transform, which is the Fourier slice theorem, a
reconstruction of the surface is done.

O O O In our technique, the filtered back-projec-
tion (FBP) algorithm was used to perform the
reconstruction. The FBP algorithm is also based
on the Fourier slice theorem and it inverts Eq. (1)
to recover f (x,y) by first filtering the projection
data with afilter kernel then backprojecting it
across the image plane. The filter kernel removes
the blurring in simple backprojection (due to
summation of “tail* artifacts from the projections)
and resultsin amathematically exact reconstruction
of theimage. Animageisreconstructed by summing
all the resulting filtered backprojections. This
algorithm for image reconstruction from projections
iscommon in Computer Tomography (CT) asitis
computationally efficient®.

0 O O Prior to actual experimental work on XRR
tomography, simulation work was carried out. The
use of simulation is necessary prior to experimen-
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tation to have an understanding of how various
parameters can influence/contribute to the recon-
structed image quality. By comparing the results
from the experiment, there is a better understanding
of what factors need to be improved to have results
similar to that of the simulation.

0 O O Wereport here our smulation work of X-ray
reflection tomography using a phantom image as
well as a direct comparison of the reconstruction
of an actual sample via experiment.

2. MATERIALSAND METHODS
Simulation Scheme:

0 O O Wefirgt set-up a phantom surface (10 cm x
10 cm dimensions) with materials of different
reflectivity as shown in Fig.1la. A phantom is atest
object/imageto smulatethe projectionsand thequal-
ity of the reconstruction algorithm. A reflectivity
value R (which depends on the material and the
incident angle of the X-ray source to the sample)
was assigned at each point (x,y) on the surface. We
assumeaparallel beam projection (X-raystrave only
in astraight path) such that the reflectivity projec-
tion, p(6, y,), for aparticular projectionangle 0, at a
point y,, of the detector isjust taken to be:

R s Vn
qg PO, = T o

wherei isthe number of cell elementsin the row.
The parallel beam projection geometry ® is also
suitable since experimentally we have an X-ray
line source. Thereflectivity projectionisthusa1-D
dataaong the y-axis. The phantom surface isrotated
equidistantly (e.g. 2°, 5°, 10°) for a180° range and
thereflectivity projection istaken at each projection
angle. A projection on the y-z planeis formed by
combining all the line integrals at each angle. A
collection of the reflectivity projection datafor all
projection anglesisshown asasinogramin Fig.1(b)
in 8-bit gray-scale. With the use of FBP algorithm,
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Fig.10 (a) Phantom surface showing a materia with different reflectivity. The x- and y- axes are the dimensions of the
phantom (in centimeters) and the brightness/darkness of the surface relatesto the reflectivity of the surface. The reflectivity
spectrum is shown on the right side. (b) Simulated reflectivity projections from the surface are shown in a sinogram.

reconstruction of the phantom image from the
reflectivity projection data was done. The type of
filter used in the FBP dgorithm was varied to see the
effects on the reconstructed image. All smulations
were doneusing MATLAB programming language.

Sample Preparation:

0 O O Sputtering on pre-cleaned SIO/Si substrate
was done by an Emtech SC7620 sputter coater using
gold astarget. Si substrate (size: 2.5 cm x 2.5 cm)
was put inside the coater and amylar mask with the
cut pattern was put on top of the Si. Gold was used
because of its high reflectivity coefficient contrast
with the Si substrate at a certain angle.

Equipment:

0 O O Theset-up ismainly aRIGAKU Rint-ATX
system used for reflection and diffraction measure-
ments. We built a specialized image plate holder in
front of the sample since an image plate (1P) was
used as a detector. We have previously described
our set-upin?. For the measurements, X-ray source
power is set at the lowest power 20 kV x 10 mA as
a compromise with the counting time so as not to
saturate the image plate. For each ¢ angle, reflection
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isrecorded for 30 secondsin the I P (with resolution
of 50 um) and datafrom the IPisread by animage
plate reader. The image data is processed by the
image softwaretool Image-Pro Plus. Reconstruction
of the dataisdone via FBP algorithm written also in
MATLAB.

3. RESULTSAND DISCUSSION

3.1 Simulation Results:

0 O O Fig.2 shows the cal culated reconstruction
of the phantom surface in Fig.1, via filtered-back
projection algorithm. Fig.2a-d are the reconstructed
imageswith increasing number of projection angles
used in the reconstruction. As shown in the figures,
the image reconstruction quality becomes better
with increase in the number of projection angles
used, as expected. To quantitatively evaluate the
image quality of the reconstructed images using the
FBP agorithm, the following two measures were
used to quantify the reconstruction accuracy ”:

(1) Pearson's correlation coefficient (PCC):

Zi(51i _51ave)X(S2i _szave)

0"~
\/zi(‘ﬂi _Slave)z X(Szi _Szave)
0@

> U
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Fig.20 Simulated XRR
tomography recon-
structions for the phan-
tom in Fig.1, done via
FBPagorithmareshown
in (a) for 12 projections,
in (b) for 18 projections,
in (c) for 36 projections,
and in (d) for 60 projec-
tions.

(2) Mander’s overlap coefficient (MOC):
zi s1; Xs2;
vy =
oF \/Zi(SIi )? X (52 )? )

The value sl isthe signal intensity from image 1
whiles2 isthesignd intensity fromimage 2 at each
image pixd i. sl and 82, arethe mean intensities
for each image. The two measures are mathemati-
cally similar, differing only in the use of either the
absolute intensities (MOC) or the departure from
the mean (PCC) in both the numerator and the
denominator. The denominator acts to limit the
range of the coefficients: 0to +1 for the MOC and
-1 to +1 for the PCC. r value of 0 signifies no
overlap and 1 represents complete image overlap
for MOC. For PCC, +1 isfor perfect correlation,
—1isperfect but negative correlation and O denoting
the absence of arelationship. Shown in Table 1
arethe MOC and PCC valuesfor the 4 reconstructed
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(b)

(d)

images in Fig.2 versus the phantom image.

0 O O Quantitatively, the correlation coefficient
and the overlap coefficient valuesincrease with the
number of projection angles used. At 12 and 18
projection angles, streak artifacts from the back-
projection, are clearly observed on the reconstructed
image (see Figs.2a and 2b). The lines have darker
intensities on the edges thus make the intensities
on the reconstructed surface non-uniform. These

Table 10 Mander’s overlap coefficient values (MOC)
and Pearson correlation coefficient (PCC) valuesfor the
reconstructed image and the phantom object for different
number of projection angles used in the reconstruction.

No. of projections MOC PCC
12 0.814 0.695
18 0.845 0.750
36 0.876 0.804
60 0.896 0.835
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Fig.30 Reconstructed images for the phantom in Fig.1 with different filter functions used in the FBP algorithm
reconstruction. (a) Low-passfilter, (b) High-passfilter, () Sinusoidal filter. Intensity profile along the white line of each
image is shown on the right sSide to emphasize the effect of thefilter function on theintensities of the reconstructed image.

artifacts contribute to the low PCC values since
PCC can give negative values if the deviation
from the average signdl intensity islarge. MOC is
not sensitive to intensity variations in the image
anadysisthusit has usually higher valuesthan PCC.
Nevertheless, acorrelation coefficient higher than
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0.75 was obtained and such coefficient values are
considered to be a relatively high degree of
colocalization.

0 O O By using different filter functions on the
FBP agorithm, the quality of the reconstructed
image will also change as shown in Fig.3. Because
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Table 20 Mander’s overlap coefficient values (MOC)
and Pearson correlation coefficient (PCC) valuesfor the
reconstructed image and the phantom object using
different filter functions in the FBP algorithm recon-
struction (36 projection angles used).

Filter function MOC PCC
Low-pass 0.786 0.732
High-pass 0.750 0.750
Sinusoidal 0.876 0.804

of the different functions of such filters, Fig.3a
shows a smoother image of the reconstructed
object for the low-pass filter, while Fig.3b shows
more emphasized edges of the image for the high-
pass filter. This observation can also be seenin
the intensity profile of the line drawn across the
images. The sinusoidal filter givesthe best recon-
struction among the three as the edges are clearly
defined but less high frequency components.
Intensity values for the low-pass filtered recon-
struction showed higher intensity (on an 8-hit gray-
scale level) as compared to the 2 other filters.

0 O O Quantitatively, FBP algorithm with the use
of asinusoidal filter gives the highest MOC and
PCC values as compared to the 2 other filter func-
tions. The PCC and MOC values of the recon-
structed image versus the phantom object are
shown in Table 2. Because of the high MOC and
PCC values with the sinusoidal filter, it was the
preferred filter for reconstructing the experimen-
tally obtained projection data.

0 O O The spatial resolution obtained is around
200 um for 1024 x 1024 pixel elementsused (or a
detector resolution of 28 um) in the simulation.
The algorithm can resolve reflectivity differences
aslow as0.01 for low reflectivity materialswhile
for high reflectivity materials, it can resolve
reflectivity differences of 0.1.
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3.2 Experimental Results:

0 O O Shownin Fig.4 are the reconstructed images
of an actual patterned sample (University of
Tsukubalogo) wherein the experimental projection
data was obtained via XRR tomography. The
sinusoidal filter was used in the FBP algorithm
reconstruction as it gave the best reconstruction
in the simulation results. As shown in Fig.4b,
reconstruction with only 7 projections gives an
unrecognizable image with the large amount of
streak artifacts. These artifacts are due to noise or
poor signal-to-noise ratio, undersampling, strong
scattering around the edges of the sample and diffuse
scattering component of the reflectivity which cannot
be cut-off in our experimental set-up. Withincreasing
the number of projections, the undersampling artifact
is decreased thus a clearer image can be produced
(Figs.4c and 4d). The smallest interval angle
between projections was 5°, and the angular range
was (0° - 180°, thus the number of projections used
in the reconstruction was 7, 19 and 37 projections
respectively. The PCC and MOC values of the
reconstructed image for the varying number of
projections are shown in Table 3.

0 O O Compared to the simulation results, the
PCC values obtained from experimental resultsare
lower due to the artifacts mentioned previously.
PCC is sensitive to the intensity variations thus
the lower values. Considerable graining is still ob-
served in the reconstructed image from 37 projec-
tions due to noise artifact or apoor signal-to-noise
ratio which gives a not so high PCC value. We
usually set the power to the lowest value to avoid
saturation of theimage plate detector and the mea-
surement time is set to 30s. The detector is aso
placed at a considerable distance from the sample
due to limitation of the instrumentation geometry.
Further optimization is currently being donetoin-
crease the signal-to-noise ratio and avoid such ar-
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(b)

(d)

Fig.40 Image of actua sample in gray-scale and the reconstructed images via X RR tomography for (a) 7 projections,

for (b) 19 projections, and for (c) for 37 projections.

Table 30 Mander’s overlap coefficient values (MOC)
and Pearson correlation coefficient (PCC) for the
reconstructed image and the phantom object for different
number of projection angles used in the reconstruction.

No. of projections MOC PCC
7 0.339 0.434
19 0.8369 0.573
37 0.883 0.636

tifact in the reconstruction. Thiswill also increase
our current spatial resolution. Strong scattering
along the edges are al so seen in the image because
of the thicker coating on the edges of the pattern.

We tried to apply different filters to the
reconstructed image to increase the correlation
coefficients and to obtain a better reconstruction.
Shown in Fig.5 are the reconstructed images with
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their respective intensity profile along the line
drawn. Image of the actual sample was also
included for comparison. Similar to the simulation
results, using an LP filter produces a rounding of
the intensity curve and alow contrast between the
high reflectivity and low-reflectivity part. The
high-pass filter on the other hand gave avery poor
contrast between the high reflectivity and low-
reflectivity part and anoisy intensity profile. The
sinusoidal filter gave a better contrast with less
noise. The PCC and MOC values are shown in
Table4 and it showed that the high-passfilter gave
thelowest PCC and MOC values, as expected from
itsintensity profile. Unlike the simulation results,
the low-pass filtered reconstruction gave the highest
PCC and MOC values which may be due to the
smooth intensity profile wherein the deviation of
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(a)

(b)

(d)

Fig.50 (a) Image of actual sample (gray-scale, 8-bit) with itsintensity profile along the red line. (b-d) Reconstructed
images for the patterned sample using different filter functions in the FBP algorithm reconstruction. (b) Low-pass
filter (c) High-passfilter (d) Sinusoidal filter. Intensity profile along the white line of each image is shown on the right
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side to emphasize the effect of the filter function on the intensities of the reconstructed image.
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Table 40 Mander's overlap coefficient values (MOC) and Pearson correlation coefficient
(PCC) values for the reconstructed image and the patterned sample using different filter
functions in the FBP algorithm reconstruction (37 projection angles used).

Filter function MOC PCC
Low-pass 0.908 0.735
High-pass 0.836 0.417
Sinusoidal 0.883 0.636

Sinusoidal + low-pass filter image processing 0.907 0.764
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Fig.600 Smoothing was applied to the reconstructed image in Fig.5d via low-pass image filter and the resulting image

is (a) and the intensity profile along the white lineis (b).

the intensities from the average intensity, at each
point, is not large. By performing a smoothing on
the reconstructed image from sinusoidal filter via
|low-pass filter, the PCC value isimproved and a
very minimal decrease in MOC value due to
intensity changesis obtained. Theintensity profile
shows attenuated high-frequency components on
the curve after smoothing (See Fig.6).

0O O O Further improvements are underway to
improve the reconstruction ability by decreasing
the streak artifacts seen in the images. This can
be done by improving our current set-up to re-
move the diffuse scattering component of the
reflectivity aswell as the strong scattering com-
ponent. The current experimental resolution of
~1.6 mm (for a50 um detector resolution) isalso
due to the limitation of the set-up and this also
needs to be reduced further to see finer details
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on the surface. Although filtered back-projection
algorithm gave acceptable PCC and MOC val-
ues of the reconstructed image, further math-
ematical process (e.g interpolation) should be
applied to the image to decrease the streak arti-
facts. At present, the limit of the number of pro-
jections obtained experimentally is 36 due to ac-
tual time consumed in the measurement. Efforts
are being done to increase the projection num-
ber, without too much experimental time con-
sumed, to have better reconstruction.

4. CONCLUSIONS

0 O O By simulating its reflectivity projections,
we were able to successfully reconstruct a phantom
image via smplefiltered-back projection algorithm.
Withjust 18 projections, relatively high colocdization
with the original image was obtained as shown in
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the correlation coefficient values. The use of a
sinusoidal filter function in the reconstruction
algorithm gave the best reconstruction. The
spatial resolution obtained is 200 um for a24 um
detector resolution.

0 0 0 Using an ordinary lab-source X-ray
reflectivity set-up, we performed our XRR tomog-
raphy experiments with a gold-patterned sample
on aSi substrate. Gold was used because of its
high reflectivity and its high reflectivity coeffi-
cient contrast with the Si substrate at a particular
incidence angle. With just 36 projections, successful
reconstruction was obtained which captures most
of the details of the outside edges with acceptable
colocalization. Unlike simulation results, simple
FBP algorithm may not be enough to obtain ahigh
degree of colocalization of the actual sasmple and
the reconstructed image. Further mathematical
processing or image processing needs to be done
to improve the image quality. Current spatial reso-
lution is 1.6 mm (with an I P resolution of 50 um)
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as reported previously ¥ and instrumental and
calculation improvements are underway to in-
crease the resolution.
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