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A Model Based Iterative Reconstruction Algorithm
For High Angle Annular Dark Field - Scanning
Transmission Electron Microscope
(HAADF-STEM) Tomography

Singanallur V. Venkatakrishnan&udent Member, |EEE, Lawrence F. Drummy, Michael Jackson,
Marc De Graef, Jeff Simmon&Jember, IEEE, and Charles A. Boumarkellow, |IEEE

Abstract—High Angle Annular Dark Field (HAADF) - Scan- interest in the use of HAADF-STEM tomography to study
ning Transmission Electron Microscope (STEM) data is increas- materials in 3D (e.g[13]518]). This modality, which is base
ingly being used in the physical sciences to study materials in 4 measuring electrons scattered by the material, is velgti
3D because it reduces the effects of Bragg diffraction seen in . . . ’
bright field TEM data. Typically, tomographic reconstructions free from dlffract_lon eﬁects_obs_erved |r_1 BF TEM data. The
are performed by directly applying either filtered back projection HAADF-STEM signal contains information about the atomic
(FBP) or the simultaneous iterative reconstruction technique number of the region being imaged and hence is useful for
(SIRT) to the data. Since HAADF-STEM tomography is a limited  extracting chemical information about the material. Assule

angle tomography modality with low signal to noise ratio, these HAADF-STEM tomography is also referred to &contrast
methods can result in significant artifacts in the reconstructed

volume, tomography [[2]. o _

In this article, we develop a model based iterative recon- A typical HAADF-STEM acquisition involves focusing an
struction (MBIR) algorithm for HAADF-STEM tomography. We  electron probe at a point on the material for a short duration
combine a model for image formation in HAADF-STEM tomog-  and measuring the electrons scattered into an annulartdetec
raphy along with a prior model to formulate the tomographic 55 shown in FigJ1(a). The electron beam is raster scanned and

reconstruction as a maximum a posteriori probability (MAP) ¢ h point ti de to obtai iecti
estimation problem. Our formulation also accounts for certain at €aCh point a measurement IS made 10 obtain a projection

missing measurements by treating them as nuisance parametersimage of the object. The object is then tilted along a singls a

in the MAP estimation framework. We adapt the iterative coor- and the process is repeated. At the end of the acquisition, a
dinate descent (ICD) algorithm to develop an efficient method to set of projection images is obtained corresponding to eiéich t
minimize the corresponding MAP cost function. Reconstructions of the object. In most cases, due to mechanical constrdiats t

of simulated as well as experimental data sets, show results biect v be tilted in th f imatelvo°
that are superior to FBP and SIRT reconstructions, significantly object can only be tilted in the range of approximateyo°.

suppressing artifacts and enhancing contrast. Therefore, HAADF_'S_TEM tomography can be classified as
| INTRODUGTION a parallel beam, limited angle tomography modality. More
’ details of HAADF-STEM acquisition and pre-processing can
Electron tomography has been widely used in the lif§e found in [2], [9].
sciences to study biological structures in 30 [1]. In the post approaches (e.d.][3]2[6]) for HAADF-STEM tomog-
life sciences, electron tomography is dominated by Brighiphy have directly used the measured HAADF data for tomo-
Field (BF) tomography which is a transmission modalityyraphic inversion using FBP or SIRT [10]. The reconstruttio
However, direct extension of the BF technique to the mdteri@ua"ty for these algorithms is limited by the fact that they
sciences has proved challenging because of diffracti@cisff o not incorporate noise statistics of the measurementgdand
in some regions of the acquired projection images (sinoyragbt incorporate a prior model. Furthermore, algorithmshsuc
caused by crystalline samples [2]. This has led to a growiRg SIRT require the selection of an ad-hoc stopping criterio
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(ODT) [23], [24], and atomic resolution tomography [25]. et peam

These methods typically require the specification of a model o .

for the measurement system and its associated noise (i.e., a
forward model); a model for the unknown image volume being
reconstructed (i.e., a prior model); an estimation citdar

finding the reconstruction (typically the MAP estimate)dan g Angle
an algorithm to compute the estimate. However, computing Soattered
the estimate requires solving a computationally demanding
optimization problem, and typically an iterative approash —
employed to solve it. A variety of iterative algorithms have petector
been explored for tomographic reconstruction such as Expec
tation Maximization [[26], Ordered Subsets (OS8)1[27].1[28],
Conjugate Gradient[29],[30], graph cuts[31] and ICD|[32].
has been shown that ICD has relatively faster convergerare th (@) (b)

.Other popular methods especially at higher spatial freq'een Fig. 1 lllustration of the measurement process in a HAADF-BTE
in the X-ray CT case [33] when the algorithms were Inm""jizeacq.uis.ition system. (a) A single measurement is obtained bysfog the
with a FBP reconstruction. Furthermore positivity conisitss electron beanl on the material and measuring electrons scattered into the

can be easily incorporated in ICD compared to other gradieifiular detector. (b) Equivalent model for the measurementepe The
based methods scattered beam from locatiany, dGy (u, v), which is deflected by angles in

) . .. the range o0 — 300 mrad, is detected by the annular detector.
In this paper, we present a MBIR algorithm for quantitative

HAADF-STEM tomography[[34]. We begin by specifying a

quantitative forward model for the HAADF-STEM acquisitionJAP estimation problem and describe our algorithm to find
system which depends on the 3D volume of scatter coefficiefie MAP estimate. In SectioflV we present results from a
along with other parameters which can be either estimatedspulated data set and follow it up with results on a real data

measured. Next, we incorporate knowledge of either sharpdt. Finally in SectiofiLYI we draw our conclusions.
diffuse interfaces between materials by using a g-Gerzedli

Gaussian Markov Random Field (g-GGMRI)|[35] prior for
the scatter coefficients. If the interfaces between madsegiae
sharp, then the parameters of the model can be adjusted tth HAADF-STEM tomography, a single measurement is
produce an edge preserving reconstruction; and if they aretained by focusing an electron beam at a point on the surfac
diffuse, then the parameters can be adjusted to produce mairghe material of interest. As the beam propagates throlugh t
smooth boundaries. Finally, we formulate the reconstoucti material, the electrons which are scattered through higtean
as a maximuma posteriori probability (MAP) estimation approximately in the rangg0 — 300 mrad, are detected by an
problem and develop a fast multiresolution iterative alpon  annular detector (see FIg. 1). The number of electrons detec
to minimize the corresponding cost function. depends on the value of the HAADF scatter coefficients along
Our algorithm to minimize the MAP cost function is basedhe region being probed which is related to the type and
on the ICD [32] algorithm. In HAADF-STEM tomography, number of atoms per unit volume at each location, the beam
it is also necessary to estimate certain unknown calibratienergy used as well as the inner and outer angle of the detecto
parameters, in addition to the actual 3D volume of scatt&he total number of electrons detected by the annular detect
coefficients. In every iteration of the optimization, thexets is typically assumed to be proportional to the projectedieal
are updated, followed by the update of other unknown parawof- the scatter coefficients through the region being probed.
eters to lower the value of the MAP cost function. To spe€the electron beam is raster scanned and at each point we
convergence of the algorithm we update voxels in a randayet a single measurement. The measurements resulting from
order [12], use a substitute function approach and paizglel a single raster scan of the material constitute a singldrelec
the updates. The convergence is further sped up by usingn&roscope image. The sample is then tilted around a single
multi-resolution initialization for the parameters, whi@lso axis (s axis in Fig[1) and the process is repeated. Thus we get
eliminates the need to compute an analytical reconstmctid-D parallel beam tomography data which we need to invert
as an initial condition. We evaluate our method by comparirig order to reconstruct the HAADF scatter coefficients.
the reconstructions with those produced by FBP and SIRT forThe goal of HAADF-STEM tomography is to reconstruct
a simulated as well as a real data set. Reconstructions otha HAADF scatter coefficients (units of nmh) denoted by
simulated data set as well as a real data set show that MBfR:, y, z) at every point in space. Ifz,y, z) is the frame of
produces superior reconstructions by suppressing agiitaw reference of the object ar(d, v, w) is the reference frame for
enhancing contrast. the electron source (see FIg. 1), then any function of space
The organization of this paper is as follows. In Secfidn kkan be reparameterized so thai(u,v,w) = f([u, v, w]Ry,)
we discuss the model used for the measurement processvirereRRy, is an orthonormal rotation of the spatial coordinates
HAADF-STEM tomography. In Sectidn ]Il we present detailby an anglef,. For tomographic reconstruction we require
of the q-GGMRF prior model. In Section ]V we use thameasurements of the projection integgfz’a:f;f Jre(u, v, w)dw
image formation model along with the prior to formulate théhrough the object for every till;, and every pointu, v). We

Tilted
Specimen

Il. MEASUREMENTMODEL
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begin by describing how this measurement can be obtainatiere [A4, f]; is thei*" entry of the vectord, f, I = Ipay

from the HAADF-STEM signal. Let/y(u,v) be the source is the product of the source electron dose (counts) and the
electron flux in units of electrons per Arorresponding to the PMT gain at tilt k. For simplicity we will call I;, the gain
beam at locatioriu, v). Under the assumptions that attenuatioassociated with the measurements at #iltThe variance of
effects are minimal and the sample is relatively thin, thalto each measurement is modeled by

HAADF scatter is given by([36]

o Var(gr:] = o7 E[gr. )
Ge(u,v) = Io(u,v) [ fe(u,v,w)dw. (1) whereo? is a parameter used to model the noise variance
Wmin at tilt £ and Elgx ;] accounts for the Poisson character-
Thus we get istics of the measurement. We assume that all the mea-
G (u,v) Wmaw surements are conditionally independentBfgy ;] ~ gk,
Tl = [ pwv P O S A S T
Q(U,’U) Winin kK — g ko1’ TR 9k = [9k,1, y 9k, M| 92 =
_ [ g1 - 9x) T = [, Ik], d = [di,--- ,dk] ando? =
- /w f (fu, v, w] Ry, ) dw. @ (02, .- o%] then using[(¥) and(5) we get
So the normalized quantit§, (u, v)/Io(u, v) is an estimate of ) K 1
the tomographic projection at anglg and at position(u, v). pglf, 1,d,0%) = PN 1
k=1 (2m0j) * [Ag

We note that the above model, though widely used for X
HAADF-STEM tomography, does not account for the atten- S T _ 2
uation effects observed during the imaging of thick speci- * 2202 lge = Tk Axf = diLlly, (©)
mens of heavy elements [37]. While Van den Broek at al. ) .
have addressed some of these non-linear effécts [3g], W{Rere X is the total number of tilts.
topic of developing simple tractable models that describe a m
the experimentally observed characteristics of the HAADF- '
STEM signal including contrast reversal [39] remains annope X X
problem. We use the linear model because it is still wide f. The parar_neters_ of this model can be adju_sted to account
applicable for a range of materials and thicknesses studied©’ Sharp or diffuse interfaces between materials. Moreove

STEM tomoaraphy including all the cases considered in thidce it has a bounded second derivative, the substitute fun
graphy g tion method of[[12] can be used, significantly speeding up the

: subsequent MAP estimation algorithm.Af is the set of all
Next we model the process by which the detector conve q 9 ol

o . rﬁﬁirs of neighboring voxels (e.g. a 26 point neighborhood in
the incident electron flux to a measured signal. The HAAD 3D), w,, is a weighting kernel which is inversely proportional

STEM detector typically consists of a photomultiplier tubtf,o the distance between voxeland voxelj, normalized so

(PMT)_Whlch converts the detected elegtron flux to a.gurremdat S wi; = 1, A, is the set of all neighbors of voxel
which is then converted to a voltage using a preamplifier and™ ;X

read out using an A/D converter [40]. Since the HAADF¢, then the density function corresponding to the g-GGMRF
STEM detector has a limited dynamic range, the gain agrior is given by

sociated with the PMT (referred to as contrast) and offset
associated with the preamplifier_[40],_]41] (referred to as ()

k=1 k

PRIOR MODEL
We use a q-GGMRF_[35] model for the probability density

lexp — Z wiip(fi — f;) ¢ (7)

brightness) can be adjusted so a wide range of materials Z Ten
and thicknesses can be imaged. We denote the PMT gain q{w
associated with the measurements at #ilboy o, and the %
additive offset associated with the measurements at tily plfi—f;) = ————
di. Therefore, we model thé” measurement (corresponding c+ f%ffj

to the electron source &t;, v;)) at tilt £ by a Gaussian random

. . where Z is a normalizing constant a ,cando, are
variable g, ;, with mean 9 nd ¢ f

g-GGMRF parameters. Typically < p < ¢ < 2 is used to
ensure convexity of the functiop(.), thereby simplifying the
Elgr:] = Gr(u,v)h;(u,v) dudv +di, (3 R
(95 ak// k(1w 0)hi(u, v) dudv + di. - (3) subsequent MAP optimization. The value ®f is typically
where h;(u,v) is a kernel which averages the electron fluset to achieve a balance between resolution and noise in the

over the area corresponding to tifé measurement. Lef 'econstructions. In this paper we fix = 2. Whenp = 1

be a discretized version of(z,y, 2) organized as av x 1 the prior model corresponds to strong edge preserving recon
vector, whereN is the total number of voxelsd, is a structions whilep = 2 corresponds to smooth reconstructions
M x N projection matrix for tiltk, and M is the number (bearing some similarities to the Cahn-Hilliard phase field

of measurements per tilt. Then substitutifiy (1)h (3) we gdfodel [42]). We note that when is zero, thep = 1 case
of the g-GGMRF corresponds to the total variation prior [13]

Elgy.] ~ Ik/ ( wm}fk(u v w)dw) hi(u, v)dudv +dj, ~ Thus the g-GGMRF provides a flexible prior model framework
’ o ’ enabling us to model a range of possible materials from those
= I [Arf], + di (4) with very sharp interfaces to those with smooth interfaces.

Wmin
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IV. MAP ESTIMATION AND MBIR ALGORITHM UpdateVoxelf,e) {
K
We use the MAP estimate to reconstruct the values of the 0y Z(IkAky*,j)tka(IkAk,*,j)
HAADF scatter coefficients. Since the gaing),(offsets () k=1
K

and variance parameters?) are typically not measured we ~ .
treat them as nuisance parameters in the MAP estimation 01 ’Z e (Lo Ak s 5)

framework. The MAP estimate of the parameters is given by for eac];]:'l € N, { Compute substitute functidn
¢ J

(f, f, ci, 6%) = argmin {flogp(g|f,l,d, %) — logp(f)} parametem;; using [11}

£>0,1€Q,d,02 o
E Wi fi+02F;—01

K
_ 1EN;
where Q@ = (TeRX:LN 1.=T15% p(l,do?) is U* = ——
" I; ’ ( ) Z Wjiaji+02
uniformly distributed, f is conditionally independent of iEN;
(I,d,0?). We impose positivity constraints on the voxels f; « max(u*,0)
(f > 0) as it is physically meaningful to have positive values er — ex — (f; — fj)IkAk,*,j, k=12 K

of the HAADF scatter coefficients. The constrainforces the }

average value of the gains to be equal to a vdlue prevent

our algorithm from diverging to unreasonable values of tHgd. 2. Pseudocode for updating a single vokeThe parameters for the 1-D

HAADF scatter coefficients. The choice &fis arbitrary but optimization problem are computed based on a substituteifumepproach
i : - ’ y and a new value for the voxel is evaluated. The error sinogeais then

affects the scaling of and hence the choice of the prior modelipdated based on this new voxel value.

parameteroy. Hence if I is set to the product of detector

gain and source electron dose, then the reconstructions wil

be quantitative. of the original cost function. The algorithm is terminatéthie
Using [8) and[{l7) we obtain the MAP estimate by minimizt€lative change in the total magnitude of the reconstractio
ing the cost is less than a preset threshold. Next, we derive the update

equations for the three steps of our algorithm.

K
. 1
c(f.1.d,0%) = 2> = gk — InArf — dil|},

el o A. Voxel Update
K - . .
1 M . We adopt a strategy similar t0_[12] based on a substitute
+§Zlog ((277‘713) | Akl ) + Z wijp(fi = i) (8)  function approach and random order update of the voxels to
k=1 {i.j}eN minimize the cost with respect to each voxel. Sets of voxels

In general the cost function(¢, I, d, 02) is convex inf but having _the samez, ) cqordinate constitute a voxel _Iine.
not jointly convex in(f, I, d, o). We adapt the ICD algorithm \Voxels in t_hg same voxgl line sharg geometry compu.ta.tlon and
[14] to minimize the cost functiori{8). In ICD the parameterierefore it is computationally efficient to update a singie
are updated one at a time such that each update results pf yoxels together. Updating the voxel lines in random order
lower value of the cost function. The basic structure of o@"d Using a substitute function approach has also been shown
algorithm is to repeatedly perform the following steps untfo SPeed up the convergence of the ICD algorithm [12]. Furthe

DO =

convergence is achieved. the voxel updates are implemented in parallel (on multicore
. . 2 . 9 machines) by allocating sets of contiguous- z slices to
(i) For each voxelj, f; < al}“fgn c(f,1,d, %) different cores similar to[[43].

In order to find the optimal update for th#" voxel we

(i) (1,d) « argminc(f,1,d,0?) ; . : ol
1€Q,d begin by rewriting the cost functiofl(8) by ignoring terms no

(i) 62 < argmin c(f, 1.d, o?) involving voxel j as

o2 -
In Step (i) we update each voxel to lower the original cost . — 2 ( - ~_)2 u— ) (9
function using a substitute function approathl[12]. Therfor &u) RN 13 +i§/‘ wyip(e = fi) ()
of the substitute function is chosen so that it results in !
simple closed form updates for the voxels, speeding up the - . - K L x -
implementation of our method. It has also been showfiin [18ere Ax = S Ak, 61 = = e AT A ), 02 =

that the substitute function approach speeds up the overgll k=1

convergence of th(_a algorithm to _th_e ‘minimum. _M|n|m|zm§:(_,k14]C *j)t]\k(IkAk,* ) A is the j column of the
the substitute function does not minimize the original dogt — o o .

it results in voxel updates that lower the original cost. tals forward projection matrixd at tilt &, e, = gp — [p Ar f —d; 1
(ii) we find the minimum of the cost function with respect tq f; is the present value of voxgl and.\; is the set of all
the gainl and offset parametek$ by turning the constrained neighbors of voxelj. We must minimize this function with
optimization to an unconstrained problem by using a Lageangespect tou to find the optimal update for voxel. Taking
multiplier. Finally in (iii) we minimize the cost function ih the derivative with respect to and setting it to zero does not
respect tar2. Thus each of the above updates lowers the valgéve a closed form update far due to the complicated form
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UpdateGainOffséff, e) { one by using a Lagrange multiplie\. If Qp =
for each tiltk { . (Af) i AK(ARf)  (Arf)iAxl , b1
Apf === AR t3 v Uk T b -
Computer, bk - gAkf)AAkl 1 Akl k,2
9N Ar f % 1 -1
} . e v A = A, o= [L LIk, Q=
Compute\ using [15) s .

for each tiltk { k11 G312

Computel;, andd), using (%) , the optimal update can be derived as shown

; Jk21 Q22
ek <= gk — Lu(Arf) — dil in Appendix[B and is given by
} } .
Z(%,nbm + Gr12br) — KI
Fig. 3. Pseudocode for updating the gain and offset paramefdre 2 k—1
parameters for the constrained optimization problem are ctedpefficiently A= K (15)
using the present error sinogram and used to evaluate tiramains and 1 .
offsets. Based on these new values, the error sinogram isteghd K k.11
k=1
and
of the potential functiorp(-). Therefore we use a substitute i L5
function approach in which we find a function which bounds * = Q' (b ——= (16)
@) from above, such that minimizing the new function result dg K0

in a lower value of the original cost function. Typically the ¢ pseudocode for updating the gains and offsets effi-
substitute function is chosen so that it can be minimized i”(:?ently is given in Fig[B.

computationally efficient manner. We find a substitute figrct

for eachp(u — f;) of the f :
or eachp(u — f;) of the form . C. Variance Parameter Update
_ Ji

plu—fisfi— fi) = - (u= fi)> +bji. (10)  Tofind the optimal value of the variance parameter, we can
take the gradient of{8) with respect && and set it to zero.

Using such a form results in a simple closed form update f is gives us the optimal update for each as

a given voxel. The values aof;; and b;; can be derived as
shown in AppendiX”A and are given by

, lex I3
o7 k

) 17)
Pl(kfj_fi) fj £ f; g M
aj = (//fj_f'i) : (11) wheree, = g, — I A,f — dy1 and M is the number of
p"(0) fi=1ri measurements for each tilt.
~ al -~
bii = p(f;—fi)—-2(f = fi)? (12)

2 D. Multi-resolution Initialization

Given these values, the new cost function we need to minimize, L o
is In model based X-Ray CT it is common to initialize

N the reconstruction using FBP. In HAADF-STEM tomography
~ ~ 0 N2 ~ PN T . . .
Goup(1) = fru + 52 (u _ fj) T Z wiip(u — fii fi — ). |n|t.|al|zmg with FBP is chaIIe_ngmg because the_r(_a are @ve
i~ nuisance parameters for which we have no initial estimates.
~ Moreover since the data sets are large and the optimization
Since p(u — f;; f; — fi) is quadratic inu, the minimum of tend to be computationally intensive, the overall convecge

ésu(u) has a closed form and is given by can be sped up by using a multi-resolution algorithm to
- initialize the parameters. Multiresolution methods har@/pd
Z wjiag; fi + 02 f; — 01 to be useful in initializing parameters in other tomographi
P - LEN; _ ) (13) modalities [19], [24], [45]. These methods transfer the €om
Z wjiaj; + 02 putational load to the coarser scales where the optimizatio
iEN; algorithm is faster because the dimensionality of the @bl
Enforcing the positivity constraint, the final update forxeb S €ffectively reduced. In our application we set the pariame
j is given by in the prior model to be small, and= 2 so our prior behave;
. similar to a GGMRF [[46]. Therefore we adapt the scaling
fi < maxu”,0) (14) parameter of the prior modek, for different resolutions

sing Eqg. 28 in[[44]. Next we detail a method to initialize

the parameters at the coarsest resolution.

) 1) Parameter Initialization At Coarsest Scale: In HAADF-

B. Gain and Offset Update STEM tomography, we observe that the signal measured
To minimize the function [[8) with respect to theat each view is offset by an additive constant due to the

gains and offsets subject to the constraint, we turn tlietector. In order to estimate these offsets in the optitioiza

constrained optimization problem into an unconstraindcamework we require a reasonable initial estimate. To do

The pseudocode for updating a single voxel is given in[Hig.



UpdateParameters( I, d, 02, Ninneriten 1){
IN\;C<— ?12Ak, kZl,-” K
Outerltér<— 0 //holds the number of iterations
do {
ex < gk — In(Apf) —dpl, k=1,--- | K
for Iter=1 to Ninneriter //inner loop
for each voxelj in random order
(f,e) < UpdateVoxe(j, ¢)
(I,d,e) + UpdateGainOffs€ff, ¢)
for each tiltk
O:'I% M
Aj Ay
if (Outerlter =:k0)
Ninneriter < 1
Outerlter<+ Outerlter-1
} while (Stopping Thresholg> T' or Outerlter< 1)

2
lex 13,

}

Fig. 4. Pseudocode to update all the parameters and find tireadbpalue
of the voxels. First, all the voxels are updated in randomenrébllowed
by the gains, offsets and noise variance. The valygeNer determines the
number of inner iterations over the voxels. At the very firsteouteration at
the coarsest resolution this parameter is set to a fixed vakeegtey thanl.
In all subsequent iterations this value is setitdlhe algorithm is terminated
if the relative change in the magnitude of the reconstructiotess than a

threshold7" and the number of outer iterations is greater than one. Kgepi

track of the error sinograme() at each tiltk results in a computationally
efficient algorithm.

MultiResolutionReconstruction( o ¢, I, Nges Ninner, T){
Setd®) according to[(1B) and (19)
10 =11, 0200 = 1, f(O) =0
for £k = 1 t0 NRes
if(k ==1)
(f0), 1R d(k) 52(R)Y
UpdateParamete(g (v =1, 1(+=1 q(k=1) o2(k=1) Ny oo T)

else
D+ UpSample( f+=1)
a}k_l) + Updateo; using Eq. 28 in[[44]

(), 10, a®) 209 ¢
UpdateParamete(g (* =1, [(+=1 g(k=1) 52(k=1) 1 T)

Fig. 5. Pseudocode to perform multiresolution initializegtanstruction.
NResis the number of resolutions amdinner is the number of inner iterations
at the coarsest resolution. The superscript attached towedamown parameter
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so we assume that the material is homogenous. Thus the
measured signal at each viéwwill be proportional towlek)

plus an unknown offset. At the coarsest resolution the bffse
parameter vectod is initialized by a least squares fit of the
average count in each view to Wlok) More specifically,

if G is aK x 1 vector containing the average counts of the

data at each tilt, and = “)i(gl) CO{O") then
the least squares estimage= [¢; ¢,]* is given by
¢ = (D'D)"H(D'G) (18)
and initial value of the offset is set to
d = py1. (19)

The initial value of the voxelsf{) is set to0. Since the source
electron dose and detector gains are typically unknown, the
gains/, are set ta/ 1. Finally the noise variance parameter
is set tol.

2) lterations Over Voxels At The Coarsest Scale: At the
very first iteration at the coarsest scale, given the initzilies
of the parameters, we update all the voxels iteratively iplelt
times (Vinneriter in Fig.[4) so that we do not converge to a local
minimum with unreasonable values for the HAADF scatter
coefficients. Beyond this stage the parameters are all egdat
pnce per iteration.

The algorithm can be efficiently implemented by keeping
track of the error vector in the course of the iterations aswh
in Fig.[4. We note that the stopping criteria for our method is
that the relative change in the magnitude of the reconsbruct
is less than a preset threshold and the number of iterat®ns i
greater than one. The pseudocode for the full multiresmhuti
initialization based reconstruction is shown in Hig). 5.

V. EXPERIMENTAL RESULTS
A. Smulated Data Set

100 200 300 400 500
X (nm)

Fig. 6. Simulated HAADF microscope image of aluminum sphereaguum
when the object is not tilted.

indicates the resolution index. A superscriptio€orresponds to the coarsest

resolution with higher values corresponding to finer resohs. At the
coarsest resolution the parameters are initialized as shéwisubsequent
resolutions the algorithm is initialized using the output the previous
resolution. The function Upsample produces a finer resalutibject from
a coarser resolution object by using a suitable up-sampéogrique.

We begin by studying the performance of the MBIR al-
gorithm on a simulated data set produced from a phantom
consisting of spheres in vacuum. Our objective is to compare
the results of our method to the most widely used algorithms
for HAADF-STEM tomography, FBP and SIRT. The FBP and
SIRT reconstructions are performed using a popular electro



VENKATAKRISHNAN et al.: MODEL BASED HAADF-STEM TOMOGRAPHY 7

Phantom FBP SIRT

MBIR (p = 1) MBIR (p = 1.2) MBIR (p = 2)

Fig. 7. Reconstructions using FBP, SIRT and MBIR with défer prior models. (a), (c), (e), (9), (i), and (k) showra- z slice and (b), (d), (f), (h), (i),
and (l) show ar — y slice. (a) and (b) show ground truth corresponding to a sistite. (c) and (d) show reconstructions from FBP, (e) anghiéw SIRT
reconstructions using IMOD. (g) - (I) show MBIR reconstioos with different values of the prior model parameter=BP and SIRT reconstructions are
noisy and have streaking artifacts in the- z plane while MBIR significantly suppresses these artifact$ @an produce sharper reconstructions. Increasing
the value of the prior model paramefeffrom 1 to 2 produces smoother MBIR reconstructions. Thus the valye @dn be chosen to best match the type of
material being imaged.

microscopy package, IMOD [47]. Since the scaling is arbjtraof 4.132 x 10~* nm~! corresponding to Aluminum at 300 kV
and no positivity is enforced in IMOD[[47], we clip thewith detection angle50 — 250 mrad (value obtained using the
reconstructions to be positive and perform a least squaiMente-Carlo simulator, CASINC_[48]). The sphere diameters
fit to scale the reconstructions to a similar range as tlary (up to100 nm) and the sample thickness is abd@s
true phantom. We use the visual quality as well as the rootn. The object is tilted from-70° to —70° in steps ofl° and
mean square error (RMSE) between the reconstruction and the projection images are obtained usibp (1) with an elactro
original phantom to evaluate the reconstructions. flux of 50000 counts per nrhfor every measurement and the
Fig.[d show the simulated HAADF data corresponding tdetector gain set td. The offsetd;, is set to9000 counts for
the phantom at zero tilt. The images have been displayed égch view. To each HAADF projection measurement Gaussian
scaling them using the minimum and maximum count in theoise is added with variance parametérset so that the noise
data. The spheres in the phantom have a scattering coefficieariance increases with tilt. The values ®f corresponds to
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=)
=

—True value —True value 4
——p=1 -—p=1 —True value
1.03 - [
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—p=2 . 095 —-p=2 Lp-l 2 g
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o ° E25
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0.99
05
0.9 .
—‘?00 -50 0 50 100 0 99‘?00 -50 0 50 100 f](_)OO -50 0 50 100
Tilt angle Tilt angle Tilt angle
(a) (b) (c)

Fig. 8. Final value of the gains, offset and variance pararsaipon termination of the algorithm. The gains are normalizedhke dosage used and the
offset are normalized to the mean value of the counts in thes#dtaNe observe that the MBIR algorithm can estimate theseamk parameters and hence
they need not be explicitly measured.

TABLE | . . .
COMPARISON OF THEROOT MEAN SQUARE ERROR OF THE of the g-GGMRF parameter. This phantom has discontinu-

RECONSTRUCTION WITH RESPECT TO THE ORIGINAL PHANTOM FOR  0US boundaries so as we would expect the total-variatiar pri
VARIOUS SCENARIOS SIRT AND FBPHAVE HIGHER RMSETHAN MBIR (p = 1in Fig.[@ (g) and (h)) is well matched to its behavior
INDICATING THAT MBIR CAN PRODUCE QUANTITATIVELY ACCURATE .
RECONSTRUCTIONS and produces the lowest RMSE (see TaBle. 1) reconstruction.
Fig.[@ (i) and (j) shows the MBIR reconstruction when we

setp = 1.2. This produces results with slightly more smooth

Method RMSE (nn1! S
FeBFC,) 1978 x(q()*‘*) edges than thg = 1 case. This prior been found to be useful
SIRT 0.988 < 10-7 [35] since it provides a good balance between preserving

edges and modeling the smooth regions in the reconstruction
Finally Fig.[7 (k) and (I) show the MBIR reconstruction when
p = 2. In this case the edges are most diffuse and hence the
RMSE is higher than the = 1 andp = 1.2 case for this
phantom. In all cases the streaking artifacts in:thez plane
are significantly suppressed and noise in the y slices is
a minimum SNR ( min 10log gk;- of 34.471 dB. The ¢€ffectively reduced Cqmpared to FBP and SIRT. The RMSE of
o s T\ 0L ) ) the MBIR reconstructions (see TaHlk. I) are lower than tlodse
projection images are acquired at a pixel sizéwf x Inm.  yhe SIRT and FBP suggesting that the MBIR reconstructions
All the reconstructions are performed withy = 4.1 X 107”56 quantitatively more accurate than FBP and SIRT. Thss thi
”m_l g =2, andc = 0.01 using a 3 stage multi-resolution gy neriment illustrates that MBIR is superior to FBP and SIRT
initialization. At the coarsest resolution the initial velof the 514 furthermore the parameters of the algorithm can be chose
image is set tof = 0, the variance parameter is seti@nd 3 model a range of interfaces from very sharp to diffuse.

the number of inner iterationsyinener (se€ Figlh), is set to Fig.[@ (a), (b), and (c) show the final estimated values of
10. The interpolation between resolutions is performeddsiiha normalized gainZ:, normalized offset, (whereg is

. . . T - _’I L |g l.
pixel replication. The value of is set 050000, the value of he ayerage count in the data set) and variance parameters,
the source electron dose - detector gain product, so that g,i'e We observe that the parameters are accurately estimated
reconstructions are quantitative. The stopping thresfoet yemonstrating that the MBIR method can accurately account

to 0,'1%' ) ) for missing calibration parameters without explicitly mea
Fig.[7 (a) and (b) show a single-> andz—1y slice from the ing them.

original phantom. FigJ7 (c) and (d) shows the corresponding

slices from the reconstruction obtained using the FBP algo- )

rithm implemented in IMOD[[47]. The algorithm results inB- Experimental Data Set

blurry reconstructions with significant streaking artt&dn In order to evaluate our approach on real data, we compare

the z — z plane. In thex — y plane the reconstructions areour algorithm with FBP and SIRT from IMOD_[47]. The

noisy. Fig.[T (e) and (f) show the reconstructions using thiata acquired is of az 150 nm thick sample of polystyrene

SIRT algorithm. While some of the noise appears suppresdadctionalized Titanium dioxide nano particle assembi9][4

compared to FBP we still observe the streaking artifacts Tthe TEM used was a FEI Titan operating in STEM mode with

the x — z plane and noise in the — y plane. Moreover in 300 kV accelerating voltage, spot size+/- 70° with 2° incre-

regions where the phantom has no material, we observe thants for +/-54° and1° increments fob4° to 70° and —54°

the reconstructions still contain material with non zeratsr to —70° . The exposure time was 12.6 seconds, magnification

coefficients. The RMSE of the SIRT reconstructions are lowaras set to 225 kX, the frame size set2m8 x 2048, with

than those of the FBP reconstructions as shown in Table. 10.34 nm pixel size, and STEM dynamic focus activated. A
Fig.[@ (g) - () shows the reconstructions when we applyischione model 3000 HAADF photomultiplier tube detector

MBIR algorithm to the simulated data set with different v&du was used at camera length t80 mm. We use a= 350 nm

MBIR (p=1) | 0.284 x 10~*
MBIR (p =1.2) | 0.324 x 10~*
MBIR (p=2) | 0.496 x 10~%
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preserving reconstructions values close tesult in smoother

reconstructions. This is an additional flexibility which rou

model based approach offers compared to SIRT and FBP i.e.

the ability to incorporate our prior knowledge of the natafe

the interfaces of the material. Knowledge of smooth interéa

> 200 B8 can be incorporated by setting= 2 and sharp interfaces can

& be represented by the settipgelose tol. Fig.[12 shows the

final values of the gains, offsets and variance parameters up

termination of the algorithm for the case whens=1, p = 1.2

100 200 300 and p = 2. However, we do not have knowledge of the true
x (nm) value of the parameters to compare with those estimated by

our algorithm.

Fig. 9. Acquired HAADF data for a Titanium dioxide nanopelei data set
at zero tilt. The dark regions represent a void in the material

VI. CONCLUSIONS

x 350 nm section of the projection images for reconstruction In this article, we presented a model based iterative re-
gnstruction algorithm for HAADF-STEM tomography. We

s X SR )
Fig. [9 shows a single projection image acquired when tﬁsed a model for the measurement process and combined

tohbeje((j:;ts at zero tilt, displayed by scaling it to the range 0:1 with a prior model of the 3D volume to formulate the

. .reconstruction as a MAP estimation problem. We presented
Thle FfBP. a(r)1 g 4§IRT reocgzgtrucnorgssge petlt?]rmﬁltt:i W":? fast algorithm for quantitative reconstruction of thedoc
VOXEIS Of SIZED. nm > 0. M > 0. nm. the TIer L AADF scatter rate per unit distance which also accounted fo
parameters for FBP are ch_osen o producg the_ most V'SU‘Fﬂ known calibration parameters. Furthermore, the algorit
appealing resulis. The particles of interest in this dateaee is flexible to incorporate knowledge of the type of interface

ﬁpprﬁflrr;zgely Cyd”_l(fﬁl W'.th add|a;nete; a8 nm antd tf”1 present in the material via the prior model. We showed that
eight o nm [48]. Thus in order to reduce computa 'ONour algorithm produces superior reconstructions compgred

MBIR is performed with voxels of siz€3 x 0.343) nmx (3 x :
. FBP and SIRT on a simulated and a real data set.
0.343) nmx (3 x 0.343) nm. The parametes; is chosen for

the best visual quality of reconstruction. The value cofs

set t00.01. We use a three stage multiresolution initialization APPENDIXA

for the reconstruction. The interpolation between resohstis SINGLE VOXEL UPDATE USING SUBSTITUTE FUNCTION
performed using pixel replication. At the coarsest resoiut
the number of inner iterationsMnneriter in Fig. [B) is set to : .
10. Since the source electron dose and detector gains ¢@at [9), each of the potential f/unctlorpgu_— fi) can be
unknown in this case, we sét— 20000 and jointly estimate 'ePlaced by a functiom(u — fi; fj — fi) which satisfy the
the gains along with the offsets and variance parameters/@OWing properties[1P]

In order to find a suitable substitute function to the origina

a part of the reconstruction. The stopping threshold is et t plu—fi; fi—fi) > plu—f;) YueR (20)

0.9%. The dimensions of the reconstructed volume are set so ’

as to account for all the voxels contributing to the projacti O = fafi—f) = AU - 1) 1)
J (3] ] K2 - J 1

data. In presenting the results we only show voxels that can
be reliably reconstructed from the projection data i.evare Wheref is the point of approximation. Intuitively (20) ensures
tilt there is a projection measurement corresponding teehdhat the substitute function upper bounds the original ee
voxels. Additionally while displaying the results, we use #&unction and [(2l1) ensures that the derivatives of the oaigin
scaling window ranging from the minimum to the maximunfunction and the substitute function are matched at thetpoin
value in the reconstructed volume. of approximation. We use a substitute function of the form
Fig. [I0 shows a single — z and x — y slice from FBP, g ag 2
SIRT and the MBIR reconstruction. We observe that in SIRT plu—fifi=fi) = w=fi) +bi  (22)
and FBP there are streaking artifacts in the- z plane pecause it results in a simple closed form update for a given
of reconstruction while MBIR significantly suppresses #hesjoxel. Thus we need to find the values ©f andb;; which
artifacts. In thex —y plane the effects of noise are effectivelysatisfies [[20) and(21). Taking the derivative of the sulnstit
suppressed in MBIR clearly showing the Titanium dioxideunction [22) and matching it to the derivative of the orgin
nano particles against the background support materiaé TRotential function we get
demonstrates the effectiveness of the method even for this L,
particularly limited tilt data set. "(;{ﬁ_ ‘ff;') £ 1
Finally we study the effect of varying the parametepf 4 = p’/(J()) l oy
the g-GGMRF prior on the quality of reconstruction. Hig] 11 7o
shows a reconstructed — z and z — y slice forp = 1 To chooseb;; we set the value of the original potential
and p = 2. Values ofp close to1 represent strong edgefunction and substitute function to be the same at the pdint o
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MBIR ¢ = 1.2)

Fig. 10. Comparison of MBIR with FBP and SIRT on a real HAADFEST data set. The top row showsea— z reconstructed slice and the bottom shows

ax — y reconstructed slice. (a) and (b) FBP reconstruction, (d)(@h SIRT with 20 iterations, (e) and (f) MBIR with = 1.2. MBIR produces images with
no streaks in the: — z plane and significantly suppresses noise indhe y plane.

approximationf;. This gives

MBIR (p = 1) MBIR (p = 2) bji = p(fj—fi)— %(f; — fi)?

APPENDIXB
GAIN AND OFFSET UPDATE WITH UNKNOWN TRANSMITTED
ATTENUATION

Rewriting the first summation of the cost function [id (8) as
a sum of quadratics i/}, d;] and dropping terms which do
not involve I, d;, gives us a new cost function corresponding
to the unconstrained optimization problem,

K

&I,d,\) = %Z <[Ik di] Qu l é’; 1 — 2 [Ty di] bk>
k=1
K
P(xzn )

where @, and b, are defined as in sectién IM-B. To find the
minimum of the cost function, we take gradient with respect
to each(I; d;] and set it to zero. This gives us

%
A ]:o (23)

) e

If Qr=Q;" thenly = Gi11(br1 — ) + Gr,12bk 2. Using

I,
Qk —br +
dg
Fig. 11. Effect of varying q-GGMRF shape parameten the reconstruction. nd
The top row shows & — z reconstructed slice and the bottom row shows z?
x — y reconstructed slice. (a) and (b)= 1, (c) and (d)p = 2. As the value I
of p increases the edges in the reconstructions become smoother. J — lel b —

k

o x>
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this in the constrain{ = > I, — I> and solving forx we [0
k=1

get

[10]
K —
> (Gra1bra + Groazbr2) — KT [11]
$ k=1
A= < (25)
%Z k11 [12]
k=1
Finally we can use this value of in 24) to solve for the
optimal values of I, dj]. [13]
ACKNOWLEDGMENT [14]

This work was supported by the Electronic Imaging compo-
nent of the ICMD program of the Materials and Manufacturing s
Directorate of the Air Force Research Laboratory, Andrew

Rosenberger, program manager. [16]

REFERENCES

[1] M. Barcena and A. J. Koster, “Electron tomography in life scié’nce[17]
Seminars in Cell & Developmental Biology, vol. 20, no. 8, pp. 920 —

930, 2009.

P. Midgley and M. Weyland, “3D electron microscopy in thkygical

sciences: the development of Z-contrast and EFTEM tomograph

Ultramicroscopy, vol. 96, no. 34, pp. 413 — 431, 2003.

H. Li, H. L. Xin, D. A. Muller, and L. A. Estroff, “Visualizng the 3D

internal structure of calcite single crystals grown in agarhydrogels,”

Science, vol. 326, no. 5957, pp. 1244-1247, 2009.

P. R. Buseck, R. E. Dunin-Borkowski, B. Devouard, R. Baifkel,

M. R. McCartney, P. A. Midgley, M. Psfai, and M. Weyland, “Magtite

morphology and life on Mars,Proceedings of the National Academy

of Sciences, vol. 98, no. 24, pp. 13490-13 495, 2001.

H. Wei, Z. Wang, J. Zhang, S. House, Y.-G. Gao, L. Yang, ldbRson,

L. H. Tan, H. Xing, C. Hou, I. M. Robertson, J.-M. Zuo, and Y.,Lu

“Time-dependent, protein-directed growth of gold nandplas within

a single crystal of lysozyme Nature Nanotechnology, vol. 6, no. 2,

2011.

[6] A. E. Porter, M. Gass, K. Muller, J. N. Skepper, P. A. Miggl and
M. Welland, “Direct imaging of single-walled carbon nanatsbin
cells,” Nature Nanotechnology, vol. 2, pp. 713 — 717, 2007.

[7] Z. Saghi, D. J. Holland, R. Leary, A. Falqui, G. Bertoni, A Sederman, [23]
L. F. Gladden, and P. A. Midgley, “Three-dimensional morplyl®f
iron oxide nanoparticles with reactive concave surfacesompressed

(2] )[718]

(4] [20]

[5] [21]

(22]

sensing-electron tomography (CS-ET) approadlafio Letters, vol. 11, [24]
no. 11, pp. 4666-4673, 2011.

[8] B. Goris, W. Van den Broek, K. J. Batenburg, H. H. Mezegihd
S. Bals, “Electron tomography based on a total variation mirétion  [25]

reconstruction techniqueUltramicroscopy, vol. 113, pp. 120 — 130,
2012,

—-p=1
~o-p=1.2
—A-p=2

5 15

@

£

[

©

o1

@

5]

c

8

8

=05

50 100 —fOO -50 0 0 100
Tilt Angle
(©)

) and variance parametesy) with respect to tiltd;, for p = 1, p = 1.2 and

P. A. Midgley and R. E. Dunin-Borkowski, “Electron tomaghy and
holography in materials scienceNature Materials, vol. 8, no. 4, pp.
271-280, 2009.

A. C. Kak and M. SlaneyPrinciples of Computerized Tomographic
Imaging. Philadephia, PA: Society for Industrial and Applied Mathe
matics, 2001.

K. Batenburg, S. Bals, J. Sijbers, CiiBel, P. Midgley, J. Hernandez,
U. Kaiser, E. Encina, E. Coronado, and G. Van Tendeloo, “3Dging
of nanomaterials by discrete tomographiltramicroscopy, vol. 109,
no. 6, pp. 730 — 740, 2009.

Z. Yu, J. Thibault, C. Bouman, K. Sauer, and J. Hsieh, tFasdel-
based X-ray CT reconstruction using spatially nonhomogesnd&D
optimization,”|EEE Trans. on Image Processing, vol. 20, no. 1, pp. 161
—-175, Jan. 2011.

K. Sauer and C. Bouman, “Bayesian Estimation of Transmisdio-
mograms Using Segmentation Based Optimizatid&EE Trans. on
Nuclear Science, vol. 39, pp. 1144-1152, 1992.

K. Sauer and C. A. Bouman, “A local update strategy foraitee
reconstruction from projectionsEEE Trans. on Sgnal Processing,
vol. 41, no. 2, pp. 534-548, Feb. 1993.

J.-B. Thibault, K. Sauer, C. Bouman, and J. Hsieh, “A ¢hdémensional
statistical approach to improved image quality for multishedical CT,”
Med. Phys., vol. 34, pp. 4526-4544, 2007.

I. Stojanovic, H. Pien, S. Do, and W. C. Karl, “Low-dose-ry
CT reconstruction based on joint sinogram smoothing andnéehr
dictionary-based representation,” 9th |IEEE International Symposium
on Biomedical Imaging (ISBI), May 2012, pp. 1012 —-1015.

S. Ramani and J. Fessler, “A splitting-based iteratilgorgthm for
accelerated statistical X-ray CT reconstructidiEEE Trans. on Medical
Imaging, vol. 31, no. 3, pp. 677 —688, Mar. 2012.

J. Fessler, “Penalized weighted least-squares imagensgruction for
positron emission tomography/EEE Trans. on Medical Imaging,
vol. 13, no. 2, pp. 290 —300, Jun. 1994.

M. Kamasak, C. Bouman, E. Morris, and K. Sauer, “Directorestruc-
tion of kinetic parameter images from dynamic PET datBFE Trans.
on Medical Imaging, vol. 24, no. 5, pp. 636 —650, May 2005.

J. Qi and R. M. Leahy, “lterative reconstruction tecjues in emission
computed tomography,Physics in Medicine and Biology, vol. 51,
no. 15, p. R541, 2006.

G. Wang and J. Qi, “Penalized likelihood PET image retmmtsion
using patch-based edge-preserving regularizati®EE Trans. on Med-
ical Imaging, vol. 31, no. 12, pp. 2194-2204, Dec. 2012.

Z. H. Levine, A. J. Kearsley, and J. G. Hagedorn, “Bagastomog-
raphy for projections with an arbitrary transmission fuoctiwith an
application in electron microscopyjournal of Research of the National
Ingtitute of Standards and Technology, vol. 111, no. 6, pp. 411 —417,
Nov. 2006.

D. Boas, D. Brooks, E. Miller, C. DiMarzio, M. Kilmer, R. &idette,
and Q. Zhang, “Imaging the body with diffuse optical tomogrgph
|IEEE Sgnal Proc. Magazine, vol. 18, no. 6, pp. 57 —75, Nov. 2001.
J. C. Ye, C. Bouman, K. Webb, and R. Millane, “Nonlinear tigrid
algorithms for Bayesian optical diffusion tomography\#EE Trans. on
Image Processing, vol. 10, no. 6, pp. 909 —922, Jun. 2001.

W. Van den Broek, S. Van Aert, and D. Van Dyck, “A model bése
atomic resolution tomographic algorithmUJltramicroscopy, vol. 109,
no. 12, pp. 1485 — 1490, 2009.



12

[26]

[27]

[28]

[29]

(30]

(31]

(32

(33]

[34]

(35]

[36]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

L. A. Shepp and Y. Vardi, “Maximum Likelihood Reconsttion for
Emission Tomography/EEE Trans. on Medical Imaging, vol. 1, no. 2,
pp. 113 =122, Oct. 1982.

H. Hudson and R. Larkin, “Accelerated image reconstamctusing
ordered subsets of projection datd?EE Trans. on Medical Imaging,
vol. 13, no. 4, pp. 601 —609, Dec. 1994.

H. Erdogan, G. Gualtieri, and J. A. Fessler, “An ordersubsets
algorithm for transmission tomographyled. Biol, vol. 44, pp. 2835—
2851, 1998.

E. Mumcuoglu, R. Leahy, S. Cherry, and Z. Zhou, “Fast gratdbased
methods for Bayesian reconstruction of transmission and emiS&ET
images,’|EEE Trans. on Medical Imaging, vol. 13, no. 4, pp. 687 —701,
Dec. 1994.

J. Fessler and S. Booth, “Conjugate-gradient precmmdng methods
for shift-variant PET image reconstructionfEEE Trans. on Image
Processing, vol. 8, no. 5, pp. 688 —699, May 1999.

A. Tuysuzoglu and W. C. Karl, “A graph-cut method for tomaghic
reconstruction,” in2012 IEEE Satistical Sgnal Processing Workshop
(SSP) (SSP'12), Ann Arbor, Michigan, USA, Aug. 2012.

C. Bouman and K. Sauer, “A unified approach to statistioelography
using coordinate descent optimizatiofZEE Trans. on Image Process-
ing, vol. 5, no. 3, pp. 480 —492, Mar. 1996.

B. De Man, S. Basu, J.-B. Thibault, J. Hsieh, J. FesslerBouman,
and K. Sauer, “A study of four minimization approaches foratie
reconstruction in X-ray CT,” irR005 | EEE Nuclear Science Symposium
Conference Record, vol. 5, Oct. 2005, pp. 2708 —2710.

S. Venkatakrishnan, L. Drummy, M. Jackson, M. De GraefSim-
mons, and C. Bouman, “Bayesian Tomographic Reconstructioditgr
Angle Annular Dark Field (HAADF) Scanning Transmission Hiea
Microscopy (STEM),” in2012 |EEE Satistical Signal Processing \Work-
shop (SSP) (SSP’'12), Ann Arbor, Michigan, USA, Aug. 2012.

J.-B. Thibault, K. D. Sauer, C. A. Bouman, and J. Hsieh, tthee-
dimensional statistical approach to improved image qualityrfoltislice
helical CT,” Medical Physics, vol. 34, no. 11, pp. 4526-4544, 2007.
S.J.Pennycook, S.D.Berger, and R.J.Culbertson, miElgal mapping
with elastically scatterd electronslournal of Microscopy, vol. 144, pp.
229-249, 1986.

Z. Saghi, X. Xu, Y. Peng, B. Inkson, and G. Mobus, “Thdigensional
chemical analysis of tungsten probes by energy dispersikgyXanoto-
mography,”Applied Physics Letters, vol. 91, no. 25, p. 251906, 2007.
W. Van den Broek, A. Rosenauer, B. Goris, G. MartineZB8ls, S. Van
Aert, and D. Van Dyck, “Correction of non-linear thicknedgeets in
HAADF STEM electron tomography,Ultramicroscopy, vol. 116, pp.
8-12, 2012.

P. Ercius, M. Weyland, D. A. Muller, and L. M. Gignac, “Tée-
dimensional imaging of nanovoids in copper interconnectagugico-
herent bright field tomographyApplied Physics Letters, vol. 88, no. 24,
p. 243116, 2006.

J. M. LeBeau and S. Stemmer, “Experimental quantificatibarmular
dark-field images in scanning transmission electron microgtajitra-
microscopy, vol. 108, no. 12, pp. 1653 — 1658, 2008.

A. Rosenauer, K. Gries, K. Mler, A. Pretorius, M. Schowalter,
A. Avramescu, K. Engl, and S. Lutgen, “Measurement of specim
thickness and composition in AGa;—N/GaN using high-angle an-
nular dark field images,Ultramicroscopy, vol. 109, no. 9, pp. 1171 —
1182, 2009.

J. W. Cahn and J. E. Hilliard, “Free Energy of a NonunifioSystem.
I. Interfacial Free Energy,The Journal of Chemical Physics, vol. 28,
no. 2, pp. 258-267, 1958.

P. Jin, E. Haneda, K. Sauer, and C. A. Bouman, “A ModeldBas
3D Multi-slice Helical CT Reconstruction Algorithm for Tmaportation
Security Application,” inSecond International Conference on Image
Formation in X-Ray Computed Tomography, Salt Lake City, Utah, USA,
Jun. 2012.

S. Oh, A. Milstein, C. Bouman, and K. Webb, “A general framoek
for nonlinear multigrid inversion,1EEE Trans. on Image Processing,
vol. 14, no. 1, pp. 125 —-140, Jan. 2005.

S. Oh, A. B. Milstein, R. P. Millane, C. A. Bouman, and K.\@ebb,
“Source-detector calibration in three-dimensional Bagesiptical dif-
fusion tomography,J. Opt. Soc. Am. A, vol. 19, no. 10, pp. 1983-1993,
Oct. 2002.

C. Bouman and K. Sauer, “A generalized Gaussian image nfodel
edge-preserving MAP estimationlEEE Trans. on Image Processing,
vol. 2, no. 3, pp. 296 —310, Jul. 1993.

K. J. D. Mastronarde and J. Mcintosh, “Computer viswalan of three-
dimensional image data using IMODJournal Of Structural Biology,
vol. 116, pp. 71 —76, Aug. 1996.

(48]

(49]

SUBMITTED TO IEEE TRANSACTIONS ON IMAGE PROCESSING

H. Demers, N. Poirier-Demers, A. R. Couture, D. Joly, M.il@ain,
N. de Jonge, and D. Drouin, “Three-dimensional electron rsimopy
simulation with the CASINO Monte Carlo softwarestanning, vol. 33,
no. 3, pp. 135-146, 2011.

M. N. Tchoul, S. P. Fillery, H. Koerner, L. F. Drummy, F. Tyérokun,
P. A. Mirau, M. F. Durstock, and R. A. Vaia, “Assemblies of Titam
Dioxide-Polystyrene Hybrid Nanoparticles for DielectApplications,”
Chemistry of Materials, vol. 22, no. 5, pp. 1749-1759, 2010.

Singanallur V. Venkatakrishnan (S’12) received
his B.Tech. degree in electronics and communication
engineering from National Institute of Technology
Tiruchirappalli, India, in 2007, M.S. degree in elec-
trical and computer engineering from Purdue Uni-
versity, West Lafayette, IN, in 2009, and is currently
pursuing the Ph.D. degree in the School of Electrical
and Computer Engineering, Purdue University.
From 2009 to 2010, he worked as a research
and development engineer at Baker Hughes Inc.,
Houston, TX on logging while drilling - imaging

magnetometers. His research interests are in statisticahmation processing,
inverse problems, tomography and electron microscopy.

Lawrence F. Drummy is a materials engineer in the

Soft Matter Materials Branch, Functional Materials
Division, Materials and Manufacturing Directorate,

Air Force Research Laboratory in Dayton, OH. Dr.
Drummy received his B.S. in Physics at Rensse-
laer Polytechnic Institute while performing research
on scanning tunneling microscopy and image pro-
cessing of silicon growth on surfaces. In 2003 he
received his Ph.D. from the Department of Mate-
rials Science and Engineering at the University of
Michigan on imaging of defect structures in organic

molecular semiconductor thin films using electron microscopy.

From 2006-2012 Dr. Drummy was a materials scientist with UES &ncl
from 2003-2006 he was a National Research Council postddcassociate
at AFRL. His current research interests include electronography of bio-
logical, polymeric and nanostructured materials, the strecof materials at
interfaces, and quantitative morphology characterizadbnanoparticles and
nanocomposites. Dr. Drummy has authored over 50 peer reviewsit@tions
and one issued patent, and has organized workshops andeiw#s on image
processing, tomography, low voltage electron microscopyerias chemistry
and nanocomposite materials. He has been guest editor fomBoRgeviews,

e%Iays and Clay Minerals, and Materials special issues oicgapnging from

polymer microscopy to nanocomposites. Dr. Drummy has been tigeetof
the Arthur K. Doolittle Award from the American Chemical Sagi€olymer
Materials Science and Engineering Division, Air Force Qffiof Scientific
Research Star Team, Rensselaer Medal Award and a Padden Rimafibt
in the Division of Polymer Physics of the American Physicali8gc

Michael A. Jacksonreceived his B.S. degree in Ma-
terials Science and Engineering from Wright State
University in 1997. From 1997 to 1999 he worked
for Pratt & Whitney Aircraft Engines as a mate-
rials engineer where he started applying computer
methods to small materials science problems. From
1999 to the present he has successfully designed and
implemented a wide range of software systems from
the collection and organization of engine inspection
data to molecular dynamics simulations and most
recently designing desktop software that allows an

engineer easy access to brand new algorithms developed ideAtda and
Government institutions. He is currently the owner of Blua@u Software
in Springboro Ohio.



VENKATAKRISHNAN et al.: MODEL BASED HAADF-STEM TOMOGRAPHY

Marc De Graef received his BS and MS degrees in
physics from the University of Antwerp (Belgium)
in 1983, and his Ph.D. in physics from the Catholig
University of Leuven (Belgium) in 1989, with a
thesis on copper-based shape memory alloys.
then spent three and a half years as a post-docto
researcher in the Materials Department at the Un
versity of California at Santa Barbara before joining
Carnegie Mellon in 1993. He is currently professo
and co-director of the J. Earle and Mary Robert
Materials Characterization Laboratory. His research

13

Charles A. Bouman (S'86-M'89-SM'97-F'01) re-
ceived a B.S.E.E. degree from the University of
Pennsylvania in 1981 and a MS degree from the
University of California at Berkeley in 1982. From
1982 to 1985, he was a full staff member at MIT
Lincoln Laboratory and in 1989 he received a Ph.D.
in electrical engineering from Princeton University.
He joined the faculty of Purdue University in 1989
where he is currently the Michael J. and Katherine
R. Birck Professor of Electrical and Computer En-
gineering. He also holds a courtesy appointment in

areas are in materials characterization by means of electrorosgopy and the School of Biomedical Engineering and is co-director afd@es Magnetic
X-ray tomography techniques. Resonance Imaging Facility located in Purdues Research Park
Professor Bouman’s research focuses on the use of stdtistizge

models, multiscale techniques, and fast algorithms in agpits including
tomographic reconstruction, medical imaging, and documerdemrémg and
acquisition. Professor Bouman is a Fellow of the IEEE, a Reltf the

Jeff Simmons (M’'96) is a research scientist in the American Institute for Medical and Biological EngineerindIMBE), a

Structural Materials division of the Materials andFellow of the society for Imaging Science and Technology (I$&a Fellow

Manufacturing Directorate of the Air Force Researctof the SPIE professional society. He is also a recipient &Ti$ Raymond

Laboratory. He is currently working with developing C. Bowman Award for outstanding contributions to digital inm@geducation

mathematical algorithms for data analysis of emergand research, has been a Purdue University Faculty Scholdreceived the

ing large digital datasets produced by advances i@ollege of Engineering Engagement/Service Award, and Teaard He was

microscope characterization capabilities. Efforts cenpreviously the Editor-in-Chief for the IEEE Transactiomslmage Processing

ter on developing reduced supervision segmentatioand a Distinguished Lecturer for the IEEE Signal ProcesSingjety, and he is

tomographic reconstruction, data fusion, and featureurrently a member of the Board of Governors. He has been aniagseditor

extraction algorithms that use Materials Sciencefor the IEEE Transactions On Image Processing and the |IEERs@céions

specific information for modeling image formation On Pattern Analysis and Machine Intelligence. He has alsm l&o-Chair

and for regularizing constraints. Additionally, he workighwdeveloping metric  of the 2006 SPIE/IS&T Symposium on Electronic Imaging, Co-Cloéithe

space representations of textures relevant to materialststes. Previously, he SPIE/IS&T conferences on Visual Communications and Image Bsoug

has worked with physics-based models of developing strestur metals (i.e. 2000 (VCIP), a Vice President of Publications and a member efBbard

Phase Field) and of deformation of metals at the atomic scale§mbedded of Directors for the IS&T Society, and he is the founder and@wir of the

Atom Method). He has advised and served on Ph.D. defense cteamitf SPIE/IS&T conference on Computational Imaging.

Materials Science and of Signal Processing graduate dtidde has worked

extensively with computational methods and information tetbgies, having

previously established and led a group that initiated agreent of software

tools in the Materials Directorate that was focused on imagEegssing

and visualization for large empirical and computational seits Leadership

experience includes a developing a multi-university/ingusollaborative

effort towards developing advanced algorithms for analgdigligital data

as well as one directed towards physics modeling of structiezelopment

in materials. Dr. Simmons has managed numerous external centiteedt

involved technologies now referred to as Integrated Contioutal Materials

Engineering (ICME). He received a BS degree in Metallurigieagineering

from the New Mexico Institute of Mining and Technology in )& Masters

of Engineering in Metallurgical Engineering and Materiésience from

Carnegie Mellon University in 1985, followed by a Ph.D. in fdaals Science

and Engineering in 1992, also at Carnegie Mellon.




	Introduction
	Measurement Model
	Prior Model
	MAP Estimation And MBIR Algorithm
	Voxel Update
	Gain and Offset Update 
	Variance Parameter Update 
	Multi-resolution Initialization
	Parameter Initialization At Coarsest Scale
	Iterations Over Voxels At The Coarsest Scale


	Experimental Results
	Simulated Data Set
	Experimental Data Set

	Conclusions
	Appendix A: Single voxel update using substitute function 
	Appendix B: Gain and offset update with unknown transmitted attenuation 
	References
	Biographies
	Singanallur V. Venkatakrishnan
	Lawrence F. Drummy
	Michael A. Jackson
	Marc De Graef
	Jeff Simmons
	Charles A. Bouman


