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Abstract— Transmission electron microscopes are the tools
of choice in materials science, semiconductor, and biological
research and it is expected that they will be increasingly
used to autonomously perform high-volume, repetitive, nanomeasurements in the near future. Thus, there is a clear need
to develop automation strategies for these microscopes.
This paper introduces an adaptive minimum variance control
scheme to compensate specimen drift, a common cause of image
blurring in long-exposure images. The controller, which is new
in the electron microscope literature, makes use of ARMASA,
a statistical toolbox designed to identify linear models from
finite-length data sets, to generate ARMA models of the drift
process ‘on-the-fly’. These models are then used as part of a
controller designed to reduce the drift variance. The benefits
of the proposed scheme, which can be quite substantial, are
illustrated through a set of simulations that use a model of the
drift present in a sequence of experimental images.

I. I NTRODUCTION
Transmission electron microscopes (TEMs) are the tools
of choice in materials science, semiconductor, and biological
research because they can reveal information on the internal
structure of a wide range of specimens. In the near future,
TEMs will be increasingly used to perform high-volume,
repetitive measurements in industrial settings (such as those
required for quality control in semiconductors production
lines). Thus, there is need of a new generation of TEMs
capable of autonomously performing and reporting highthroughput nano-scale measurements. As was recently suggested, such TEMs could be developed with the aid of
systems and control concepts [1].
An important TEM process in need of automation is that
of specimen drift compensation. Specimen drift is present
in all types of electron microscopes and is caused by
specimen charging, electromagnetic interference, relaxation
of the specimen transporting mechanism (i.e., the specimen
holder), thermal changes, and other factors [2], [3], [4].
At low magnification, it causes a slow shift of the content
in the microscope’s image stream. At high magnification,
this shift is much more pronounced and can potentially
lead to image blurring, specially for long-exposure TEM
images [2], or to image distortions [5]. Specimen drift can
be ameliorated by hosting the microscope in a speciallyconditioned laboratory [4] and by carefully setting up the
experimental conditions under which the images are acquired
[2]. The latter requires one to allow the microscope to
reach thermal and mechanical equilibria by waiting several
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minutes (sometimes hours) before acquiring the images.
Unfortunately, such preventive procedures are not compatible
with high-throughput microscope operation. An alternative is
to use image restoration techniques to remove the effect of
the drift (see, e.g.,[6], [7], [5]). Although these techniques
yield good results, they are not able to prevent the blurring
of long-exposure images. Feedback control schemes without
the necessary prediction capabilities (see, e.g., [8]), present
a similar disadvantage.
To address this problem, this paper presents an adaptive
minimum variance (AMV) control scheme for specimen
drift compensation that, to the best of our knowledge, is
new to the electron microscopy community. The scheme
employs an auto-regressive moving average (ARMA) model
of the specimen drift process to forecast and compensate
drift values. In contrast with recent related work in the
atomic force microscope literature [9], the drift model is not
assumed to be known a-priori. Instead, it is identified directly
from measured drift data using the ARMASA toolbox for
Matlab [10], [11]. Clearly, this approach provides the compensation mechanism with the ability to adapt to changing
drift properties, since the ARMA model is updated with
every new drift measurement. This model, in turn, is used
to predict future drift values using standard minimum mean
square error predictors (e.g, a Kalman filter). This scheme is
an alternative to those in [12], [13] and aims to reduce the
variance of the shift in the image stream content over time.
The rest of the document is organized as follows: Section
II summarizes the operation of a TEM microscope, emphasizing the actuators available for drift compensation. Section
III presents the AMV control (AVMC) scheme, while Section
IV provides an illustrative example. Finally, our conclusions
are stated in Section V.
II. F UNDAMENTALS OF TEM O PERATION
A detailed description of the TEM principle of operation
can be found in, for example, [14], [15]. Here, only a brief
summary of the formation of the so-called amplitude contrast
bright-field images, an important type of TEM images, is
offered (see Figure 1): A TEM uses an electron beam as its
illumination source. The electron source has finite width, so
it is first demagnified by a set of condenser lenses (CL) to
obtain an almost ideal point source. The demagnified source
lays at the front focal plane of the upper portion of the
objective lens (UOL), which is the main lens in a TEM. This
lens ensures that the specimen under inspection is illuminated
by a uniform parallel electron beam. The electrons that go
through the specimen are collected by the lower portion of
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the LOL’s image plane is adjusted by electronic means using
two sets of image-shift coils (see Figure 1). Although their
shift range is more limited than that of the specimen holder,
these coils provide a faster and finer mean of adjusting what
the camera sees. Thus, the image-shift coils are the actuators
of choice for short-range specimen drift compensation, and
our proposed AMVC scheme relies on them. The details of
our scheme are presented next.
III. A N ARMASA-BASED AMVC S CHEME

specimen holder

This section is divided in three subsections: The first
one describes the main elements of the AMVC scheme and
states its assumptions, the second one presents the standard
modeling and forecasting techniques for ARMA processes,
and the last part one provides the details of the AMV
controller.

LOL
objective aperture
at LOL’s BFP
LOL image plane
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A. Model Assumptions and Description

CCD camera at PL’s
image plane

z
Fig. 1. Main TEM components and amplitude-contrast, bright-field image
formation.

the objective lens (LOL) and used to form an image of the
specimen at the LOL’s image plane. This image is in turn
magnified and projected on a CCD camera, which records
the images, by a set of projection lenses (PL).
The contrast in these images is determined by the atomic
weight of the atoms conforming the specimen and by the
presence of the objective aperture: Heavier atoms scatter
electrons at higher flight angles than lighter ones. Electrons at
higher angles are focused by the LOL at its back focal plane
(BFP) away from the z-axis (the so-called optical axis). Thus,
a small, round objective aperture is placed at this plane and
centered at the optical axis to allow only the lightly scattered
and un-scattered electrons to go through and contribute to
the images. Thus, the resulting images present darker areas
where more heavy atoms are located in the specimen.
Finally, note from Figure 1 that the portion of the specimen
visible at the CCD camera can be adjusted by displacing
either the specimen or the image at the LOL’s image plane
relative to the optical axis. The specimen position is adjusted
by means of a specimen holder, which is able to position
the specimen in three-dimensional space by means of motor
actuation. The holder provides a motion range of several millimeters, with an accuracy of around a hundred nanometers
[16], and is primarily used for long-range translation of the
specimen. On the other hand, the position of the image at

Specimen drift is manifested by an undesired translation
of the image content (specimen drift in the z-axis direction
is considered elsewhere [17]). Since the adjustments to the
image content provided by either the image-shift coils or
the specimen holder are indistinguishable from each other,
it will be assumed that the specimen’s position is constant;
that the position with respect of the optical axis, r(k) ∈ R2 ,
k ∈ N1 , of the content in the k-th image produced by the
CCD camera is determined only by the position of the image
at the LOL’s image plane, rb (k) ∈ R2 , set by the image-shift
coils; and that the drift is a stationary stochastic process that
acts as an additive perturbation, d(k), to the aforementioned
position. Thus,
r(k) = rb (k) + d(k).
Under these assumptions, the proposed AMVC scheme
can be modeled as shown in Figure 2. In this figure,
I(k) ∈ Rn×n , n ∈ N+ , denotes the k-th image produced
by the camera, which is assumed to be recorded under
constant rb (k) and drift value d(k). The latter is equivalent
to assuming that the image exposure time is short compared
to the drift rate. This is a valid assumption for short exposure
images (100 ms or less), since the usual specimen drift
rates of 0.12 nm/min to 0.5 nm/s (see [18], [4]) yield less
than 1 pixel displacement at the typical magnification scale
of 1 Å/pixel. The assumption that rb (k) remains constant
during image acquisition is justified by the speed of modern
deflection coils, which can reach steady responses in just a
few microseconds (see, e.g., [19]). Thus, in the sequel, it will
be assumed that the image-shift coils present no dynamics.
Moreover, without loss of generality, it will be assumed that
rb (k) ≡ u(k), where u(k) is the commanded image-shift
position.
As shown in Figure 2, specimen drift is estimated by
measuring the relative displacement of the content in each
image, I(k), with respect to the content in a fixed reference
1 Random variables and processes are denotes in boldfaced fonts, N
denotes the non-negative integers, and N+ denotes the positive integers.
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Fig. 2.

Main elements of the proposed adaptive minimum variance control scheme for drift compensation.

image, Iref . This is done by using image processing techniques such as phase-correlation or cross-correlation [8], [12]
(different techniques are needed to measure drift in the zaxis direction [17], [20]) . Since the interest here is on d(k),
the known value rb (k) = u(k) could be subtracted from the
aforementioned displacement to produce the drift estimate,
˜
d(k),
given by
˜ = d(k) − rref + η(k),
d(k)

B. Modeling and Forecasting Drift via ARMA Techniques
Under the stationarity assumption, the drift can be modeled as an ARMA(p, q) process [21], [22]. That is,
ϕ(B)d(k) = θ(B)w(k),
(2)
∑p
∑q
i
where ϕ(B) = 1 − i=1 ϕi B and θ(B) = 1 − i=1 θi B i
are, respectively, p and q order polynomials on B, the
backward shift operator (i.e., Bd(k) = d(k − 1)), and w(k)
2
is a zero-mean white noise process with variance σw
. In
addition, without loss of generality (see below), it will be
assumed that w(k), and thus d(k), have zero mean. Note
from the stationarity of d(k) that the roots of ϕ(B) must
lie outside the unitary circle on the complex plane [22].
Thus, (2) defines a stable discrete-time, linear, time-invariant
system with discrete-time transfer function, H(z), given by
θ(z −1 )
= ψ(z −1 ),
ϕ(z −1 )

2
σd2 = σw

∞
∑

2
ψi2 > σw
.

(3)

i=0

Given data points {d(0), . . . , d(k)}, the minimum mean
ˆ l), of d(k + l), l = 1, 2, . . . , can
square error forecast, d(k,
be found by solving the recursion [22]

(1)

where rref is the (probably unknown) position, with respect
of the optical axis, of the content in the reference image,
and η(k) ∈ R2 is a Gaussian white noise process, with
covariance matrix Ση = diag(ση2 , ση2 ), that models the
displacement measurement error.
Finally, as in [12], it will be assumed that the drifts in
the x and y directions are independent. It follows from this
that the same analysis and drift compensation techniques
can be applied independently in each spatial direction. Thus,
with a slight abuse of notation, we will write r(k), rd (k),
˜ instead of r x (k), rdx (k), ux (k),
u(k), d(k), η(k), and d(k)
dx (k), η x (k), and d˜x (k) (or r y (k), rdy (k), uy (k), dy (k),
η y (k), and d˜y (k)). Note, however, that the ideas proposed
here can be extended to the case where the x and y drifts are
dependent by using vector ARMA identification techniques.

H(z) =

∑∞
where ψ(z −1 ) = 1 + i=1 ψi z −i = ϕ−1 (z −1 )θ(z −1 ). It
follows from this that the drift variance, σd2 , is given by [22]

ˆ l) =
d(k,

p
∑

ˆ l − i) −
ϕi d(k,

i=1

q
∑

θi w(k + l − i),

(4)

i=l

ˆ l−i) is replaced by the recorded value d(k+l−i)
where d(k,
for l − i ≤ 0 and the right-most summation vanishes for
l > q. Note that this recursion can be solved iteratively or
by first transforming it into a state-space model and then
using Kalman filtering techniques [22]. In either case, the
ˆ l),
variance of the forecast error, e(k, l) , d(k + l) − d(k,
is given by
2
Var{e(k, l)} = σw

l−1
∑

ψi2 ≤ σd2 .

(5)

i=0

As will be shown in Subsection C, the latter inequality is the
basis of the AMVC method.
˜
Now, let µd˜ represent the mean of d(k).
Thus, it follows
from (1) that µd˜ = −rref . Moreover, it follows from (2) that
[22]
˜ − µ ˜) = θ(B)w(k) + ϕ(B)η(k)
ϕ(B)(d(k)
d
= ϑ(B)ϖ(k),

(6)

∑Q
where ϑ(B) = 1 − i=1 ϑi B i , Q = max{p, q}, and ϖ(k)
2
is a zero-mean, white noise process with variance σϖ
larger
2
than both σw
and ση2 . Observe from (6) that in the absence
of measurement noise, the ARMA transfer function H(z)
˜ −
can be identified directly from the de-trended data, d(k)
˜
µd˜. De-trending d(k)
can be done systematically (see, e.g.,
[10], [23]) and removes not only rref but also the (possibly
polynomial) trend that d(k) presents in practice. That is, in
practice d(k) may not be stationary (an example of such
behavior, obtained from a sequence of experimental TEM
images, is shown in Figure 3). Once an estimate of the model,
Ĥ(z), has been produced, it can be used to forecast future
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Fig. 3. Top left: x-y plane specimen drift present in a TEM bright-field image sequence recorded with a TEM Tecnai F202 . The drift has a clear linear
trend from the bottom right to the upper left (the dots mark the recorded data points). Bottom left: De-trended x-y drift data. Top right: y-direction drift
and the one-step forecast sequence generated with ARMAsel and ARMApred (doted line). Bottom right: De-trended y-direction drift and its one-step
ˆ
forecast sequence. In both cases, the first drift forecast is d(15,
1).

˜
values of the de-trended process, d(k)−µ
d˜. The latter can in
turn be used to forecast d(k) by re-introducing the removed
trend. Thus, there is no loss of generality in assuming, as
done above, that d(k) is a zero-mean stationary process, nor
by assuming that rref = 0, as will be done in the sequel.
Model identification can be performed with a number of
methods. Here, the modified Durbin method advocated in
[21] is used, since it is designed to minimize the model
identification error using finite data sets. This method is
capable of autonomously selecting the model order, p, and
estimating the parameters of the ARMA(p, p − 1) model that
best fits the data, when at least 10p data points are available.
More importantly, the identified model is guaranteed to be
both stable and invertible (i.e., both the poles and zeros
of Ĥ(z) lie inside the unitary circle, which, as shown in
the next subsection, is important for control purposes). This
method, called ARMAsel, is available in the ARMASA
toolbox for Matlab [10], [11]. ARMASA also contains a data
ˆ l) based
forecasting tool, ARMApred, which generates d(k,
on the techniques described in [24], [25].
Finally, note that in the presence of measurement noise,
ARMAsel will return an estimated transfer function, Ĥ(z),
whose numerator is closer to ϑ(z −1 ) than to θ(z −1 ). Thus,
it follows from (3), (5), and (6) that Var{e(k, l)} increases
as ση2 does. This is explored further in Section IV.
C. AMVC based on ARMAsel and ARMApred
The proposed AMVC scheme is a variation of the one
proposed by Åström in [26]:
AMVC Algorithm 1: After acquiring the k-th image
˜ and generate an estimate Ĥ(k) of H(k)
1) Compute d(k)
˜
˜
using the recorded data {d(0),
. . . , d(k)}
and ARMAsel.
2 The image sequence was recorded by Dr. Richard M.
Doornbos (Embedded Systems Institute) and is available
http://www.tejadaruiz.net/nds2011/nds2011-imseq.zip

P.
at

ˆ 1) and set
2) Using Ĥ(k) and ARMApred compute d(k,
ˆ 1).
u(k + 1) = −d(k,
Note from (2) and (4) that if Ĥ(z) and H(z) were equal,
then
ˆ 1)
u(k + 1) = −d(k,
p
q
∑
∑
=−
ϕi d(k + 1 − i) +
θi w(k + 1 − i)
i=1

i=1

= (ϕ(B) − 1)d(k + 1) + (1 − θ(B))w(k + 1)
= −d(k + 1) + w(k + 1).

(7)

So, in the absence of measurement noise r(k + 1) = u(k +
1) + d(k + 1) = w(k + 1). This would clearly reduce the
variance of the image content drift. This reduction, however,
would become less significant in the presence of strong
measurement noise (see previous subsection). Further note
that restating (7) as follows
u(k + 1) = B −1 (1 − θ(B))w(k) − B −1 (1 − ϕ(B))d(k)
yields after using (2) and multiplying both sides by Bθ(B)
θ(B)u(k) = (1 − θ(B))ϕ(B)d(k) − (1 − ϕ(B))θ(B)d(k)
= − (θ(B) − ϕ(B)) d(k).
It follows from this that in step 2 of AMVC Algorithm 1, the
discrete time transfer function from d(k) to u(k) is given by
−(1 − Ĥ−1 (z)). Moreover, since Ĥ(z) is always invertible
(see previous subsection), the proposed AMVC Algorithm 1
is guaranteed to be stable.
It is implicit in the aforementioned algorithm that the
images are recorded with the same (short) exposure time.
If, however, the k + 1-th image were to be recorded with
˜ +
an N times longer exposure, the measurements {d(k
˜ + N )} would no longer be available. Never1), . . . , d(k
theless, since the control system can be made aware of
an upcoming long-exposure image (by using the camera
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IV. A N I LLUSTRATIVE E XAMPLE
Consider again the TEM bright-field image sequence from
Figure 3. Using the first image in the sequence as the
reference image and a cross-correlation algorithm to compute
˜
d(k),
k = 1, . . . , 59, it was found using ARMAsel that
the de-trended y-direction drift can me modeled with an
ARMA(2,1) model, with transfer function
1 − 0.1186z −1
.
(8)
1 − 1.914z −1 + 0.94z −2
It follows from (3) and from the above equation that in the
absence of measurement noise, σd = 15.86σw (see (3)).
Thus, Algorithm 1 has the potential to significantly reduce
the image content. To show this, 500 sample paths of d(k)
were simulated using (8) and σw = 1, for k = 0, . . . , 200.
The AMCV Algorithm 1 was then applied to each sample
path, and the standard deviation of r(k) was computed for
each k ≥ 16 (for k ≤ 15, ARMAsel does not have enough
data points to produce reliable results). Moreover, four noise
powers were considered: ση2 = 0, 1, 4, and 10. The results are
shown in Figure 4. For comparison purposes, Figure 4 also
presents the results of the standard minimum variance control
algorithm, which assumes perfect knowledge of the transfer
function in (8). Clearly, the drift reduction is significant with
both techniques, even when strong measurement noise is
present. Although AMVC Algorithm 1 takes longer to reduce
the drift variance, it does so without any a-priori information
about H(z). Moreover, it stops being effective only for large
measurement noise powers.
It was also clear from these experiments that for strong
non-stationary drift processes, the control signal, u(k), can
become large enough to exceed the actuation range of the
image-shift coils. Note, however, that the specimen drift
H(z) =

20

ARMApred

ARMAsel + ARMApred

σd
15

standard deviation of r(k)

shutter signals), the specimen drift can still be ameliorated
by executing the following control algorithm:
AMVC Algorithm 2: After acquiring the k-th short exposure image
˜ and generate an estimate Ĥ(k) of H(k)
1) Compute d(k)
˜
˜
using the recorded data {d(0),
. . . , d(k)}
and ARMAsel.
ˆ 1) and set
2) Using Ĥ(k) and ARMApred, compute d(k,
ˆ 1).
u(k + 1) = −d(k,
If the k + 1-th image is an N times longer exposure image:
ˆ l) and set
3) Using Ĥ(k) and ARMApred compute d(k,
ˆ l) for l = 2, . . . , N .
u(k + l) = −d(k,
4) Update the recorded data set so it becomes
˜
˜
ˆ 1), . . . , d(k,
ˆ N )}.
{d(0),
. . . , d(k),
d(k,
5) Treat the upcoming short exposure image as image k +
N + 1.
In light of (5), it is clear that this algorithm ameliorates
the consequences of specimen drift (i.e., blurring) in long
exposure images. Since steps 3 to 5 are only executed sporadically (i.e., randomly), the stability of AMVC Algorithm
2 is difficult to establish using standard tools, so it will be
analyzed elsewhere (see [27]). The benefits of Algorithm 1
are illustrated next.
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Fig. 4.
Standard deviation of r(k) when the AMVC Algorithm 1
(ARMAsel and ARMApred) is applied to 500 simulated sample paths of
2 = 1 (+ markers). Four noise powers
the ARMA(2,1) process (8) with σw
are considered (ση2 = 0, 1, 4, and 10). For comparison purposes the results
of the standard MVC algorithm (only ARMApred), which assumes perfect
knowledge of the ARMA(2,1) model, are included (× markers).

generally subsides over time by itself [2], so the aforementioned limitation also becomes less significant over time.
Nevertheless, to avoid the use of large control signals, the
AMV controller could be supplemented with, for instance,
an H2 (or an H∞ ) controller, which could also provide
additional robustness against model estimation errors caused
by measurement noise.
V. C ONCLUSIONS
Specimen drift is an undesired phenomenon that affects
all types of electron microscopes and can lead to blurring
of long-exposure images. An adaptive minimum variance
control scheme, new to the electron microscopy community,
was introduced as a potential solution for this problem. The
benefits of this approach were explored through simulations,
which demonstrated a significant reduction of drift variance
even in face of strong measurement noise. Research is
ongoing to extend this approach by supplementing it with
an H2 (or an H∞ ) controller and to better understand its
benefits for long-exposure images.
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