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tomic force microscopy (AFM) was invented in 1986

[1]. By using a compliant flexure probe, such as a

microcantilever beam with a sharp tip at one end,

the interaction forces between atoms on the

probe-tip and atoms on the material surface can

be measured (see Figure 1). Since its invention, the simple

strategy of using a beam with a sharp tip is now being

employed to measure many diverse properties of matter at

the nanometer scale including electrical, magnetic, chemi-

cal, and mechanical properties [2]. Many different opera-

tional modes have evolved that have demonstrated the ver-

satility of the basic underlying principle [3]. AFM has led to

many seminal insights in science such as obtained in the

recent imaging of pentacene molecules with subatomic reso-
lution [4].
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Feedback control has been at the heart of the AFM since
its inception. Binnig and collaborators [1] realized that feed-
back can be employed to manage the difficulties posed by
the complex dependency of forces that affect the separation
between the tip and the material surface atoms. Over the
past decade, systems and control researchers have made
enabling contributions to increase the temporal and spatial
resolutions possible with AFM [5]. While two-and-a-half
decades have passed since the invention of AFM, during
which many design refinements have been made, there is
still ample scope for improving image resolution and band-
width. This unrealized potential, together with high perfor-
mance demands from a growing number of applications
(such as video-rate imaging of cellular functions [6]), has
spurred considerable research interest in device redesign
and development of new modes of operation. In this context,
there has been a surge in system theoretic analysis and
design methods, which provide a systematic study of
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FIGURE 1 A schematic of an atomic force microscope and its modes of operation. (a) The main probe of an atomic force microscope is a
microcantilever, which deflects due to interactive forces (107'2-10~" N) between the atoms on the sample and the atoms on the tip. The
deflection of the cantilever is registered by a laser incident on the cantilever, which reflects onto a photodiode split into four cells. The dif-
ference between the readings from the top and the bottom cells gives a measurement proportional to the cantilever’s normal deflection. A
piezo scanner positions the sample relative to the cantilever in the lateral and the vertical directions. A dither piezo actuator that lies under
the cantilever support can be used to provide vertical motion to the cantilever. The difference between the readings from the left and the
right cells, which gives a measurement proportional to the cantilever’s twist angle, is regarded as a measure of lateral forces. (b) A repre-
sentative profile of forces between the sample and the tip with long-range attractive and short-range strong repulsive forces. During a scan,
the sample is moved laterally under the cantilever, and the image is derived from the cantilever deflections at each point of the lateral
motion. Depending on the sample and intended applications, different imaging modes are used. For instance, in the contact-mode opera-
tion, the cantilever tip is maintained at a setpoint corresponding to a tip-sample force in the repulsive region. The control signal, which
regulates a reference setpoint by moving the sample vertically relative to the cantilever probe, thereby compensating for the sample feature
heights during the scan, gives a measure of the sample topography. This mode of operation is hard on the tip and the sample and can lead
to wear on both [29]. However, this mode is simpler to analyze and implement than other schemes. In the dynamic mode, the cantilever is
oscillated sinusoidally (by actuating the dither piezo) typically at or near its resonance frequency. In this method, the changes in the tip-
sample interaction forces during a scan affect the oscillation attributes (such as amplitude, frequency, and phase), and these effects are
used to map the sample topography [29], [30]. However, because of the intermittent contact with the sample, the lateral drag forces are
substantially reduced, making it possible to image soft material that is not possible with the contact-mode operation. (c) The diagram
depicts the amplitude-modulation mode, a dynamic mode of operation where the oscillation amplitude is regulated at a setpoint. In this
mode too, the control signal required for amplitude regulation gives a measure of the sample topography.

underlying principles and fundamental limitations, and
develop control designs that improve imaging resolution,
bandwidth, and reliability of atomic force microscopes.
AFM operation can be fraught with subtle effects [3].
Discerning these effects is currently limited to experienced
AFM researchers. Atomic force microscopes are used by a
wide diversity of researchers with backgrounds in dispa-
rate areas such as biology and material science. In light of

its widespread usage in diverse areas where many users
are not experts in AFM, it is important to quantify the qual-
ity of AFM-based images. Currently, there is a lack of mea-
sures that enable assessment of AFM image quality. There
is an urgent need for approaches that i) eliminate spurious
effects from AFM operation, ii) provide fidelity measures
on images that are real-time implementable, and are iii)
easy to interpret.
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AFM has led to many seminal insights in science such as obtained in the
recent imaging of pentacene molecules with subatomic resolution.

There are considerable challenges in addressing the
need for effective methods for minimizing artifacts in
AFM-based imaging and the associated task of providing
fidelity measures on the quality of the image acquired.
Spurious data arise from the deviation of device design
from its intended purpose, lack of understanding of device
limitations, and inaccurate assumptions about AFM opera-
tion that lead to misinterpretation of data. For instance, the
laser-optics geometry may not be aligned as intended, the
shape of the cantilever tip may disallow profiling of sharp
corners, compliance of the sample may be ignored as is
typically done in many imaging modes, or the irregulari-
ties of tip-sample force regulation may be ignored thereby
leading to a misinterpretation of the image. Deciphering
and isolating these different sources of incorrect inferences
remains a formidable task.

Moreover, the recent emphasis on high-bandwidth and
high-resolution imaging has led to an increase in complex-
ity in many operational modes of AFM imaging. In particu-
lar, there is considerable emphasis on the dynamic-mode
operation, which is considerably gentler than the originally
envisioned contact-mode operation. In many applications,
particularly involving soft matter, it is the only mode of
AFM operation used [3]. In this mode, in addition to the
tip-sample interaction forces, the cantilever is also sub-
jected to an external sinusoidal forcing. Properties of the
sample are derived by monitoring the oscillations of the
cantilever. The resulting dynamics are not only nonlinear
but also time varying. Furthermore, the need for high
bandwidth with high resolution necessitates methods for
addressing the spillover of effects encountered by the can-
tilever in the past on the feature being explored currently.
The difficulty is further compounded because the cantile-
ver oscillations are dependent on tip-sample interaction
forces. Thus, it becomes important to understand how the
sample property of interest alters the tip-sample interac-
tion force. Here feedback strategies can prove crucial [5];
however, feedback and the associated hardware introduce
their own dynamics, limitations, and imaging artifacts [7],
[8]. These sources of complexity and uncertainty in AFM-
based imaging can result in significant misinterpretation
of data.

This article presents initial steps for a framework for
how control and information theoretic concepts can be
used to reduce spuriousness in AFM-based imaging and
provide quality measures on AFM images. These concepts
are presented via two specific application contexts. The first
part analyzes some sources of artifacts in high-resolution
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(nanometer to subnanometer) contact-mode AFM imaging
and provides feedback-based strategies to minimize these
effects. In the second part, a high-bandwidth, dynamic-
mode, sample-feature detection method is presented, where
high-bandwidth and high-resolution needs motivate meth-
ods to discern and remove undesirable effects caused by
complex nonlinear dynamics. These two contexts are illus-
trative and should not be considered as being comprehen-
sive. A control systems perspective is shown to enable a
framework for providing quantitative measures of image
fidelity in real time.

HIGH-RESOLUTION CONTACT-MODE IMAGING
Typical artifacts in high-resolution (subnanometer) AFM
imaging are mainly caused by geometric cross talk, tip-
sample stick, mechanical cross talk, piezo drift and creep,
tip-sample convolution, and thermal and electronic noise.
This article focuses on the first three causes of artifacts.
Classes of artifacts not emphasized in this article are
described in [5] and [9]-[12], which illustrate how robust
control tools can be employed to address their effects. Geo-
metric cross talk refers to cross-coupling between the verti-
cal and lateral cantilever deflections, leading to incorrect
inferences on the normal and lateral forces felt by the canti-
lever. The cause is misalignment between the laser path
and cantilever axes due to fabrication inaccuracies, mis-
alignments in photodiode-sensor-laser source assembly,
and difficulties in correctly mounting the cantilever. The
effects of geometric cross talk are shown in Figure 2, where
plot (a) shows lateral and vertical measurements as the can-
tilever is brought close to the sample and then retracted
vertically. The measured lateral deflection is proportional
to the measured vertical deflection. Here, geometric cross
talk results in a perception of a lateral deflection of the can-
tilever. The experiment in Figure 2(b) is identical to the
experiment in (a) except that the cantilever was removed
and manually mounted again, thereby altering the align-
ment from that in (a). The difference in lateral signals in the
two experiments indicates that measurements are sensitive
to misalignments in the laser path and cantilever axes.

In the constant-force contact mode of AFM operation, typ-
ically the vertical deflection of the cantilever is maintained at
a desired setpoint, and the coupling of vertical motion to the
lateral deflection measurement is small. However, lateral fric-
tional forces lead to torsional forces on the cantilever result-
ing in lateral deflection measurements that can spill into the
vertical deflection measurement due to geometric cross talk.
Such spuriousness can be further compounded by another



prominent source of arti-

facts based on frictional
forces caused by tip-sample
stick, where frictional
forces cause the tip to be
stuck at a location, hinder-
ing the lateral motion of
the cantilever tip with
respect to the sample in a
scan. Thus, the vertical
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acteristic length of 52 A.
Here, as in many nanotri-
bological investigations
[13], the sample was moved
laterally in a direction per-
pendicular to the cantile-
ver axis. The large lateral
deflections are the result of
twisting the cantilever. The
height signal, which characterizes the height of the topogra-
phy, is expected to be small (approximately few angstroms)
since the mica sample is atomically flat. However, Figure 3(b)
shows a height signal that is not small but is proportional to
the lateral signal [shown in Figure 3(a)], indicating geometric
cross talk. The linear portion of the waveform (with low
slope) in the lateral force measurements in Figure 3(c) corre-
sponds the cantilever being stuck to the mica surface, with the
cantilever twist increasing linearly. The sudden fall (the
linear portion with high slope) corresponds to cantilever slip,
where the cantilever suddenly starts sliding when its restor-
ing forces overcome the lateral friction forces. Thus, for an
apparent travel range of about 5.2 A, which is close to the lat-
tice dimension of mica, the tip is stuck to a single location and
the corresponding height signal during this stick regime rep-
resents the height of the stuck location rather than the
intended locations along the scan line. During tip-sample
stick, the height image is expected to be flat since it represents
the height data at a fixed location. However, due to the geo-
metrical cross talk, a spurious linear trend is seen in the verti-
cal deflection (height) data.

Mechanical cross talk refers to spurious measurements of verti-
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FIGURE 2 Effects of geometric cross talk in vertical/lateral displacement experiments. Both (a) and (b)
show the vertical and lateral deflection signals from the photodiode sensor of the atomic force micro-
scope as the cantilever tip is brought close to and then retraced away from the sample. The cantilever
alignment with respect to the optical assembly in (a) is different from that in (b).

and twisting dynamics of the cantilever. Spurious vertical
deflection measurements can result even in the absence of geo-
metric cross talk. Both buckling and vertical deflection change
the slope of the reflecting surface of the cantilever, leading to a
change in the reflected laser beam, and hence are indistinguish-
able to the photodiode sensor [see Figure 4(a)]. Similarly, when
the cantilever twists by large angles, the lateral rotation of the
reflecting surface of the cantilever not only deflects the laser
beam in the lateral direction but also in the vertical direction [see
Figure 4(b)]. Mechanical cross talk only affects measurement of
the vertical deflections and not the lateral measurements since
vertical deflections and buckling do not create twisting effects.
The artifacts are more pronounced when sample features are
very small and have significant friction variation.

In [14], a solution is presented to simultaneously correct
in real time both the geometrical and mechanical cross
talk. The problem of tip-sample stick is also resolved.
Here both wvertical and lateral cantilever deflections, as
measured by the photodiode, are regulated to constant
setpoints through feedback (see Figure 5). The basis of
this solution lies in the fact that both forms of cross talk
and tip-sample stick result in spurious signals in one
channel only when there is a variation of the cantilever
deflection in the other direction. In existing AFM setups,
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FIGURE 3 Effects of geometric cross talk and tip-sample stick-slip in
a high-resolution image of mica. (a) Lateral-force image of mica
obtained by plotting lateral deflection of the cantilever as a function
of its position on the mica sample. The fuzziness indicates lattice-
scale stick slip [13], [31]. (b) Topographical-height image of mica
obtained by plotting the vertical deflection of the cantilever as a
function of its position. The fuzziness similar to that in (a) is an arti-
fact since features with atomic-scale heights are expected. (c) Top-
ographical-height and lateral-force images when superimposed
from the same scan line obtained from the images (a) and (b) shows
very high correlation between the two.
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actuators and feedback-related hardware are present for
regulating a desired constant cantilever deflection. Typi-
cally at normal operating conditions, the feedback is
effective in maintaining vertical deflection close to the
desired setpoint and the spillover of vertical deflection
into measurements of lateral deflection is small. Like-
wise, [14] reports an actuator design and a feedback
scheme that regulates the lateral deflection at a constant
value. To enable a lateral compensation feedback scheme,
the cantilever holder in the atomic force microscope
(molecular force probe 3D (MFP-3D) from Asylum
Research Inc., Santa Barbara) was modified to incorporate
a rudimentary lateral actuator. The existing high-fre-
quency dither piezo at the base of the cantilever clamp
was replaced with a set of split piezos, each of which is
actuated by voltage inputs that are 180° out of phase. As a
consequence, the piezos move 180° out of phase with each
other. When one piezo expands, the other contracts to
create a rotational effect on the cantilever clamp. This
rotation of the cantilever clamp has the effect of laterally
rotating the free end of the cantilever reflective surface.
The split piezo assembly rotates the whole cantilever
along with its substrate, thereby providing control over
the twist of the cantilever. The feedback law in [14] was a
proportional-integral controller that regulated the differ-
ence between the reference setpoint and the sensor read-
ing (lateral signal from the quadrant photodiode) to zero.

The dual feedback scheme renders the measurements
insensitive to the misalignment of the axes on the photodi-
ode sensor with respect to the cantilever axes (see Figure 6).
When the lateral control is switched off, the lateral deflection
measurements in (a) indicate stick-slip motion. The corre-
sponding vertical (feature-height) signal shown in (b) exhib-
its geometric cross talk, where the height signal is expected
to be atomically flat but is proportional to the lateral signal.
The trace and retrace height signals, which are supposed to
overlap, have a difference of 1.489 nm. When control is acti-
vated, the lateral deflection is regulated [shown in (c)] and
does not show any stick-slip effects. Due to regulation of lat-
eral twisting, the geometric cross talk is practically elimi-
nated, and the trace and retrace overlap each other, as seen
in (d). The difference between the height trace and retrace
with the lateral position under feedback compensation is
0.288 nm, which is within the z-resolution value for the con-
tact-mode operation. The above solution exemplifies the
case where a new operational mode, facilitated by feedback,
is developed to make measurements insensitive to inaccura-
cies due to fabrication and assembly errors.

High-Bandwidth Dynamic-Mode Detection

The previous section illustrated artifacts in AFM images
obtained in the contact-mode operation. While many simi-
lar issues are present in the dynamic-mode operation of an
atomic force microscope, here, a major source of misinter-
pretation of measured data is the increased complexity of



This article presents initial steps for a framework for how control and
information theoretic concepts can be used to reduce spuriousness in
AFM-based imaging and provide quality measures on AFM images.

the dynamics. The increased complexity is caused by the
large oscillations of the cantilever, where a large range of
tip-sample nonlinear interaction is explored, coupled with
external forcing that makes the dynamics time-varying.

As discussed earlier, there is little current emphasis on
methods that provide quantitative metrics on the image
fidelity. Developing a general approach for providing fidel-
ity measures is challenging in general, and related research
is in its infancy. The beginnings of such a framework are
being developed for the easier scenario where one material
feature has to be distinguished from another. The aim is to
detect the presence or absence of sample features, where
obtaining more detailed information, such as the height of
features, is not essential. For example, in a read operation in
a data storage application, distinguishing a high-topo-
graphic profile encoding a one from a low-topographic pro-
file encoding a zero is important [15], [16] but an exact mea-
surement of the height is not required. Note that it is possible
to increase the areal density by encoding multiple bits at the
same location using different heights in topography to indi-
cate different bits. For example, in [17] high areal density is
enabled by encoding multiple levels in the height of the top-
ographic features. Here the problem becomes detection of
the height level rather than a simple detection of presence or
absence of the sample.

Detection of features with high-temporal resolution is also
motivated by studies that require real-time tracking of
material deformation. For
instance, in tracking biological
motors and their motion, the

to obtain high-speed detection, it is imperative to address the
time scales of the cantilever dynamics.

As shown later, the lesser complexity of the detection
task when compared to the task of obtaining more detailed
information on the sample in a typical imaging scenario
also facilitates quantitative measures on fidelity of detec-
tion schemes.

This article uses the example of a data-storage application
to illustrate the beginnings of a machinery that can be
employed to provide fidelity measures on probe-based

(a) (b)

FIGURE 4 Effects of mechanical cross talk on the position of the laser
spot. (a) The laser spot moves in the vertical direction when the
cantilever buckles or deflects in the vertical direction, thus making it
difficult to discern vertical deflection and buckling from each other.
(b) When the cantilever twists under the influence of a lateral inter-
action force, the spot moves at an angle from the lateral axis.
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FIGURE 5 A schematic of the actuator design for lateral-force regulation. Two split piezos oscillating
out of phase are used for lateral actuation (that is, to provide cantilever twist). A feedback controller
uses lateral-force measurements to regulate the lateral forces on the cantilever.
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cantilever deflection to

provide a force /i on the
cantilever.

The nonlinearity ® in
the feedback path is not
known. However, an
important observation
that leads to a tractable
model for feature detec-

tion is that the amplitude
of cantilever oscillations
are far larger than the
effective range of the tip-

2 4 6
Position (nm)

(b)

sample interaction. Thus,
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FIGURE 6 The effect of feedback-based regulation of lateral forces. (a) Lateral and (b) vertical trace and
retrace measurements when the lateral-force regulation controller is switched off. (c) Lateral and (d) verti-
cal trace and retrace measurements when the lateral-force regulation controller is switched on.

imaging. Here, the media or the sample being imaged is
designed to store bits, where a sample feature with a particu-
lar topography encodes a “1,” and with another topography
encodes a “0.” The discussion is limited to the detection of
bits in the dynamic-mode operation of the atomic force
microscope since it causes negligible damage to the tip and
the media being interrogated (see Figure 1). Note that control
systems, communication systems, and information-theoretic
tools have played an important role in evaluating fidelity
with which information can be retrieved in the contact-mode
operation in a data-storage setting [18].

A key system-theoretic perspective that enables many sig-
nificant insights for the dynamic mode is the Lure-feedback
model of the cantilever dynamics [19], [20]. Figure 7 depicts
this model. The cantilever is modeled as a linear time-invari-
ant system G, with input being the sum of tip-sample interac-
tion force h, the external dither excitation g (typically sinusoi-
dal with frequency near the resonant frequency of the
cantilever), and the thermal noise 7, and the output being the
cantilever deflection p. The noise introduced by the sensor in
measuring the cantilever deflection is denoted by v, and the
measured deflection is represented by y. The tip-sample
interaction force is dependent on the cantilever position p and
topography z. The tip-sample interaction model ® in the
feedback path of the Lure interconnection thus processes the
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force on the cantilever tip.
This model significantly
simplifies the feature
detection problem as it
becomes equivalent to the
detection of the state-
reset—a sudden change in
the state of the cantilever
due to an impulsive force. Thus the complexity of a nonlin-
earity in the feedback path is replaced by a model of the
sample forces as a train of impulses with unknown strength.
That is, the interaction force, () in Figure 7, is modeled as
Z ka5(f —tr), where vr and tr represent the impulse
strength and time instant of the kth encounter with the
sample. Detection of a train of impulsive interactions that
appear as inputs (see Figure 8) to a linear system with pro-
cess noise 77 and measurement noise v is a well-studied
problem in the systems literature. The application of the lit-
erature to this problem has resulted in the transient force
AFM (TfAFM) method [21], [22], which is described next.

TfAFM Methodology, Capabilities, and Challenges

In TfAFM, sample features are detected using an observer-
based state estimation scheme (see Figure 8). A state-space
representation of the cantilever G is givenby x. = Ax. + Bu,
y=Cxc+v, and u=n+g+h (where interaction force
h(t) = Zk v &(t —tr) and A,B, and C are given by

Al oo e

The associated observer and state estimation error
dynamics are



FIGURE 7 A Lure-feedback block diagram representation of the
cantilever system in dynamic-mode imaging. The cantilever is
modeled by a linear system G and the tip-sample interaction by
a nonlinear map ®. Here h, g, and n, respectively, represent the
tip-sample interaction force, the dither forcing, and the thermal
noise acting on the cantilever; and p,v, and y, respectively, rep-
resent the cantilever deflection, sensor noise, and the deflection
measurement.
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M
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— o y
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FIGURE 8 An observer architecture for the transient force atomic
force microscopy imaging method. The influence of the sample is
modeled as a train of impulses. Here 77,9, v, and y are the thermal
noise, external forcing, measurement noise, and measured cantile-
ver deflection, respectively, and y and e are the estimated deflec-
tion and error in estimation. The transfer function from the input to
the cantilever to e and the impulse response can be analytically
obtained. An impulse-response profile appears in e every time an
impulsive force interaction occurs at the cantilever.

Observer

X = Ax.+Bg+L(y —1),
9 = Cx,

State Estimation Error Dynamics
Xe = Ax.+B(g+n+h)—Ax.—Bg—L(y—1),
= (A-LOX+Bn+BY, v 8(t—t) — Ly,
= x(0) —x:(0),

%:(0)

where L is the gain of the observer, . is the estimate of the
state x,, and g is the known dither forcing applied to the
cantilever. The error in the estimate is given by ¥. = x. — Xe
and the error in the estimate of the output y is given by
e=y—i=Cx +v.

In the above observer-based scheme, the decay rate of
the state-estimation error X. after encountering a feature
(that leads to the state being reset to a new value) is decided
by eigenvalues of A —LC. For AFM systems, the measure-
ment noise is remarkably low, which allows for consider-
able freedom in the choice of L and makes it possible to
track the state of the cantilever within a couple of oscilla-
tion cycles. TFAFM exploits this freedom for high-band-
width imaging. Figure 9 shows images of DNA molecules
whose height is in the 1.2-1.4 nm range. The TTAFM image,

(b)

(d)

FIGURE 9 Real-time experimental data of dynamic-mode operation.
(a) Height image of DNA at a normal scanning speed of 2 Hz, which
is considered to be the true image. (b) Height image of DNA at a
scan speed of 12 Hz. (c) Amplitude image of DNA at a scan speed
of 12 Hz. (d) Transient force atomic force microscopy image of DNA
at a scan speed of 12 Hz.

where the estimation error is plotted, is significantly better
than the amplitude- (with respect to the first harmonic of
the drive) and height- (the control signal) based images.
This difference is due to the faster dynamics of the estima-
tion error compared to the other variables. The amplitude,
phase, height, and TEAFM images are obtained simultane-
ously in real time (phase images that show similar quality
to the amplitude image are not shown).

Measures on Fidelity

Though important, confidence measures on AFM images
are typically not specified. A framework to assess the fidel-
ity of detection for the TFAFM method is developed below.
The framework is explained in terms of the discretized
model of the cantilever dynamics,

Xk+1 = Fxx + G(gk + 17%) +8ok+17,
yx =Hxy+ovy, k=0, @)

where the matrices F,G, and H are obtained from matri-
ces A,B, and C using a zero-order hold at a desired sam-
pling frequency, &;; denotes the Dirac delta function, 6
denotes the time instant of the impact between the canti-
lever tip and the media, and v signifies the magnitude of
the impact [22]. The impact results in an instantaneous
change or jump in the state by v at time instant 6. Since in
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While two-and-a-half decades have passed since the invention of AFM,
during which many design refinements have heen made, there is still
ample scope for improving image resolution and bandwidth.

TfAFM, the map from the input forces on the cantilever to
the error signal e (see Figure 8) is linear and time invari-
ant, the error-signal profile can be precalculated as

ex = Yk —gk =Tk v +ny, 2

where {I'to v} is a known dynamic-state profile with an
unknown arrival time 6, e = H(F —LxH)*™° for k> 6 is
the impulse response, Lk is the Kalman observer gain,
and 7 is a zero-mean white noise sequence, which is the
measurement residual had the impact not occurred. The
statistics of n are given by

E{n;n[} = Vs,

where V=HPtH" +R and Px is the steady-state error
covariance obtained from the Kalman filter [22].

Thus, determining whether or not the cantilever is inter-
acting with the sample is equivalent to determining if the
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FIGURE 10 Transient force atomic force microscopy for data-storage
systems. (a) The cantilever trajectory and a sample profile that
encodes 1010101. (b) The innovation signal. (c) The likelihood ratio
(LHR). Even though the second and third bits have the same topo-
graphic profiles, their signatures in the innovation signal are differ-
ent with the 1 bit at 184.6 ms registering a smaller magnitude than
the other bits.
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dynamic profile is present or not. The innovation process e
can be windowed into M samples depending on the effec-
tive length of the dynamic profile (characterized by I'xe) fol-
lowed by a hypothesis-testing step. The binary hypothesis-
testing problem is

Ho Lk =Yk k=1,2,...
versus ©)]

Hi : ex=Trev+nx k=1,2,...,M,
where e; = yi is the observed innovation and {['x, v} for
k=1,2,...,.M is a known dynamic profile with unknown
arrival time 6 and unknown magnitude of the state jump .
For simplicity of exposition, it is assumed that the impact or
state jump occurs at the first sample of each time window of
M samples (that is 6 =1). Thus,

e=Iv+n, @
where & = [e1,e2,---,em]”,
I' =[H,H(F — LxH),H(F —LxH)?---,H(F _LKH)M—l]T.

The likelihood ratio [(¢), which is the ratio
p(e|H1) /p(e|Ho), can be compared with a threshold value
as [(2) 2 il e to arrive at a decision whether or not the
dynamic profile is present. The threshold decides the
desired fidelity of the detection and can be chosen to pro-
vide a suitable tradeoff between the rates of false detection
and missed detection [23]. The false alarm Pr and detection
probability Pp are given by

Pr=Py(l) = [“p(l = L|Ho)dL

and
Po(v) =Pi(T) = [*p( = L|Hyv)dL,

where Po(I') and Pi(T'), respectively, are the probabilities of
detecting the dynamic profile I' under hypothesis Ho and
Hi and p(I =L|Ho) and p(I = L|H1,v), respectively, are the
probability density functions (pdfs) of likelihood ratio I
under hypothesis Ho and H: with state jump v, respec-
tively. Since | =—(1/2)>." el V™'e; under hypothesis Hy,
the function p(I = L|Ho) is Chi-squared (x°) density with



M degrees of freedom. Similarly | =—(1/2)> " el Ve, -
(1/2)v¥" ' Vi under hypothesis Hi,p(I =L|H) is a
noncentral x> density with noncentrality parameter
vI(I'T'/V)v. Thus for specified Pr (which does not depend
on v), the threshold € can be computed from tables [24].
Given an estimate of the impulsive impact, Pp can be deter-
mined similarly.

In the above detection framework, it is possible to pro-
vide to the user control of the false alarm and detection
probabilities. This capability can significantly enable
researchers. For example, when the atomic force micro-
scope is used to locate desired properties or features on the
sample, the user could set the threshold € to a low value,
thereby detecting most of the features, albeit with the pos-
sibility of a large number of false positives. Such a low
threshold value can be used to remove areas from further
search where features are not detected. In subsequent itera-
tions, the threshold could be increased to lower the false
alarm rate and focus on the likely locations of features on
the sample.

Figure 10 depicts experimental results that demonstrate
the efficacy of TFAFM and the fidelity measures. In (a), the
cantilever trajectory and the sample topography that simu-
late a data storage application are shown. There are four
bits that encode the sequence 1010101, where the bit “1” is
encoded as a hill and a valley represents a “0” bit. Note that
itis difficult to discern the bits from the amplitude signal in
(a). However, the bits are resolved in the innovation signal
e, shown in (b). The likelihood ratio ! is shown in (c). A
threshold on the likelihood ratio can be used to decide
whether the bit is a zero or not. For this experiment, if the
threshold is over 5000, then it is possible that the high bit at
184.6 ms is wrongly classified as a zero. At a lower thresh-
old, all four high bits are detected and correctly classified.
Thus, by using the likelihood ratio (shown in Figure 10)
and a threshold ¢, the probability of false alarm and prob-
ability of detection can be provided, in addition to informa-
tion on the bit detection.

A close observation of the experimental results in
Figure 10(a) brings forth another issue—that the responses
seen in the innovation signal to identical sample features
(say “1” bits) are different. That is, the response at a fea-
ture depends not only on the feature but also on past fea-
tures that the cantilever has encountered. This difference
is explained by the fact that the cantilever is a force sensor.
After the first encounter with the high-profile encoding a
“1” at 184.4 ms, the amplitude of the cantilever oscillations
decrease. Thus the cantilever interacts with the sample
more gently when the high profile for the next “1” is
encountered. The interaction with the third high profile is
even gentler, leading to a smaller signature in the innova-
tion signal. As the main purpose is to discriminate high-
topographic profiles from low profiles, memory of the pre-
vious impacts leading to smaller oscillation amplitudes is
a detriment. Given that the sample interaction is modeled
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FIGURE 11 A continuous-time-channel model of a probe-based data
storage system. In a data storage setting, the source sequence is
encoded as a train of impulses [shown by a(t)]. Thus, the train is
passed through a shaping filter b(t) that results in the signal a(t),
which models the topography seen by the cantilever tip. The topog-
raphy signal results in the force signal a(t) to the cantilever. The
force signal is a train of impulses where the impulse strength at a
time instant can depend on the past topography. This dependence
is characterized by ¥.T is the impulse response from the input to
the cantilever forcing to the innovation output s(t). The innovation
e (t) incorporates the noise effects of noise n(t) into s(t).
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FIGURE 12 A discretized channel model with whitened matched
filter [25].

as an impact, it is possible that the trajectory due to initial
condition reset could be analytically deduced. However,
results would become increasingly intractable with a
large number of impulsive interactions to be considered,
which is compounded by effect of noise.

In [25], an approach based on perspectives from com-
munication systems is shown to address the memory issue.
Figure 11 shows a communication-theoretic model of
TfAFM. In this model, @ = {ao,a1,...} with a: € {0,1} repre-
sents a string of bits encoded on the storage medium. Each
bit is recorded on the medium with different topographic
profiles encoding bits “0” and “1.” Since in AFM-based
imaging the sample traverses under the cantilever, the
sample topography can be viewed as a temporal signal
encountered by the cantilever. Features corresponding to
the string of bits @ on the storage medium can be viewed as
temporal signal given by the convolution da(t)=
Zsz_Ol a,b(t —kT), where the impulse response b(t) charac-
terizes the bit profile. In this model, it is assumed that the
cantilever samples (or encounters) the bit profiles at most
q =T/T. times, where Tc = 1/fy is the oscillation frequency
of the cantilever. As discussed in the section “TfAFM Meth-
odology, Capabilities, and Challenges,” an encounter at
instant kT, is modeled as an impulse input v«§(t —kT¢) to
the cantilever, where vi represents the strength of the
impact. It can be assumed that impact strength v = v«(a) at
the kth impact depends on the past m bits. Here, when deci-
phering a sequence of N bits, the interaction force signal &
on the cantilever is given by h(t) = ZkNigl v &(t —kT:) with
the assumption that
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FIGURE 13 A comparison between detectors that incorporate system
memory and detectors that do not. Experimental bit error rates
(BERs) for Bahl-Cocke—Jelinek—Raviv (BCJR), Viterbi, locally
most powerful (LMP), and generalized likelihood ratio test (GLRT)
for bit widths varying from 60 to 300 us. There is a very marginal
difference between the LMP and GLRT curves that is not visible in
the graph but LMP does perform better than GLRT [25].

7= O (aiai1, -+ ai-m) +b;, ()

where 6 (ai,ai-1,--+,ai-m) is a function of the current and the
last m bits and ¥; = [vi; Vig+1---Vi+1)9-1]", m denotes the
system memory, and b is a zero-mean independent and
identically distributed Gaussian vector of length g. The
impulsive force input train (with strength vi) to the cantile-
ver is processed by the impulse response (given by I"(t)) of
the error in estimating the deflection using an observer.
The output of I'(t) is further corrupted by noise n(t) to
result in the innovation error e.

® and b capture the dependency of earlier interactions
on the present interaction. As shown later, for estimating
the source symbol sequence, knowledge of ® and b; is not
needed but can be addressed by gathering appropriate sta-
tistics in a learning step.

In the context of data storage systems, the detection
problem becomes the determination of the source sym-
bols a; from the innovation signal e(t). It can be shown
that the samples of the innovation signal zx = e(kT.) form
sufficient statistics, and thus determination of the source
symbols ax from the continuous-time innovation signal
e(t) can be transformed to the determination of the
source-symbol sequence from samples zx of the innova-
tion signal. A whitening filter is also required if n(t) is
colored. Thus after whitening and sampling, the discrete-
time signal zk =Zi1:0 Ve o @ha +ny, where the filter
{hi}k=01,..1 denotes the effect of the whitened matched
filter and the sequence {ni} represents the Gaussian noise
with variance V (Figure 12).
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Accordingly, the maximum likelihood (ML) detection
strategy solves the problem

a=arg max p(z|a
gae(O,l}N P( | )

=arg max_ [N'p(zia,z0 "), ©)
ae{o, )N

where Z =[z0 z1---zng-1]7, Zi is the received output vector
corresponding to the ith input bit, that is,
Zi = [zig Zig+1 "'Z(i+1)q*1]Tr and z) ' = [23 ZIT"'Einl]?

The pdf p() in (6) is learned from test experiments [25].
Under the assumption that the interactions at the ith bit do not
depend beyond m +m; bits in the past, it can be asserted that

1

P(Zi | ﬁ/zéil) = P(Ei | 51,5171,25:%, i

where the state Si ={ai-m-mi+1,...,4i} consists of the past
m +m; source symbols. The pdfs p(zi | Si,SH,ZfZ}n,) can be
estimated from learning experiments where a pseudoran-
dom sequence of source symbols of zeros and ones is first
created on the medium and the sampled filtered innova-
tion sequence zx, is measured. From the knowledge of the
source symbols and the received z, these pdfs can be
determined. Further assuming that pGEizw | Si,Si-1) is
Gaussian with mean Y(S;,Si-1) and covariance C(S;,Si-1),
the maximum likelihood problem (6) can be solved using
dynamic programming. The solution to the problem yields
the optimal source symbol sequence for a received sequence
zk. The above strategy of decoding the source symbol
sequence is termed as the Viterbi decoder scheme.

Instead of solving the maximum likelihood problem for
detecting the entire sequence, a related problem is to obtain
the a posteriori probability (APP) of a symbol ax based on
the entire sequence of innovation samples given by z defined
as APP(ax) =p(ax | 2). In maximum a posteriori symbol
detection, the symbol ax that maximizes the APP(ax) is
found [26]. In this article, the decoding technique imple-
ments the Bahl-Cocke—Jelinek-Raviv (BCJR) algorithm [27].

In the above solution strategies, it is possible to deter-
mine measures on the probabilities of making errors (as
seen later). Results are presented below that demonstrate
the effectiveness of the sequence estimation strategies over
other strategies.

In experiments, a cantilever with resonant frequency
fo=71.78 kHz and quality factor Q = 67.55 is oscillated near
its resonant frequency. For a given sequence of source sym-
bols {ai}, a topographic profile signal Zakh(t —kT) is pro-
vided to the cantilever where T is the bit width. In the experi-
mental setup, the bit width can be adjusted from 60 to 350 Us.
The bit pattern was generated by a disc piezo, where the
dynamics of the piezo were identified by ascertaining its fre-
quency response. A disc piezo is a small piezo actuator with a
high-resonance frequency but a small range of travel that sits
on the conventional vertical positioning system of an atomic
force microscope and is capable of providing high-positioning



bandwidth. An input excitation to the piezo was shaped to
obtain the desired bit profile based on the identified model of
the piezo. The innovation signal generated by an observer was
sampled at the cantilever’s resonant frequency fo to obtain
the sequence {zi}. The Viterbi and BCJR decoders require
training data to determine the parameters of the assumed
model. In the initial training phase of the experiments, a
random sequence of bits was generated and the innovations
signal were recorded. From the innovations sequence, the
matched filter output was determined. The recorded sequence
was used to determine locations in the sequence where the
various state transitions occur. The corresponding mean
vector and covariance matrices of the various transitions were
then used to decode the source sequence.

After this training step, parameters in the model were
identified. In the evaluation phase, random bits were gen-
erated, and both Viterbi detection and the BCJR algorithm
were used to detect the bits.

Figure 13 compares results of two classes of detectors: 1)
detectors (BCJR and Viterbi) that incorporate the system
memory and perform decoding over the entire sequence of
source symbols, in which the effect of the past pattern of
source symbols on the signature in the innovation signal is
learned and incorporated into the decoder, and 2) detectors
[generalized likelihood ratio test (GLRT) and locally most
powerful (LMP)] that ignore memory effects.

The Viterbi and BCJR decoding produce remarkable
results on the experimental data compared to the LMP and
the GLRT detectors. Figure 14 provides insights on why the
sequence-estimation-based decoders (Viterbi and BCJR) pro-
vide better performance. Here the mean vectors for two dif-
ferent source sequences of four bits each, with 300 Us bit
width, are shown. The statistics in Figure 14 are obtained
from the learning step where a pseudorandom bit sequence
of source symbols {a;} was generated, the corresponding
topography signal a(t) with a bit profile b(t) was provided
to the topography of the sample, and the innovation signal
was measured (see Figure 11). The signatures (as shown in
Figure 11) of source-symbol-sequences 1100 and 1101, which
only differ in the last bit, are distinct enabling better separa-
tion of these sequences and leading to better performance of
BCJR and Viterbi detectors. A bit-by-bit detection, as used in
GLRT and LMP, does not perform as well, as is evident from
the drastically different signatures of, for example, same bit
“1” that occur multiple times in the sequences 1100 and 1101.

The measures on the quality of detection can further
guide the choice of the bit width, where a longer bit width
can be employed to reduce the bit error rate (BER). The
Viterbi and BCJR algorithms use a learning step that is
essential in estimating the conditional pdfs. Such alearning
step is viable in a data storage setting where the bit profile
is known and therefore learning can be achieved, for
example, by using a pseudorandom sequence of bits written
on the medium. Such information is also critical for
providing quality measures such as BER on how well the
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FIGURE 14 Separation of sequences in sequence-based decoders.
Mean vector for two state transitions for 300 ps bit width from
experimental data where “1100” and “1101” represents transition
from state “110” to state “100” and “101,” respectively [25].

information is being decoded. In a more general imaging
scenario, the problem is made more difficult, as it is not
clear how the learning step is to be achieved. The strategy
of improving feature detection by using sequence detection
methods, such as the Viterbi and BCJR, instead of a bit-by-
bit detection still hold significant promise for further
improving and providing measures of the fidelity of
imaging and is a focus of current and future research.
Some preliminary studies are reported in [26].

An another interesting use of coding theory and
sequence detection application is in the use of cantilever
probes for sequencing DNA [28].

CONCLUSIONS

This article highlights the necessity of a framework that
identifies and corrects for sources of artifacts and provides
real-time fidelity measures on inferences from measure-
ments in AFM. The methods developed in this article are
preliminary efforts in this direction and pertain mainly to
only two specific topography-imaging modes in AFM. The
availability of many imaging modes and the versatility of
atomic force microscopes with respect to imaging different
sample properties evince the magnitude of the task for
developing such a framework. The article demonstrates the
role of control and communication system-theoretic tools in
developing such a framework. Since both control and com-
munication theories have elaborate frameworks to identify,
model, and design to mitigate the effects of uncertainties in
modeling, they are particularly relevant for identifying arti-
facts and providing confidence measures in AFM.
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