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Abstract

The atomic force microscope (AFM) is one of the major advancements in recent science
that has enabled imaging of samples at the nanometer and sub-nanometer scale. Over
the years, different techniques have been developed to improve the speed, resolution
and accuracy of imaging using AFM. Further, the application spectrum of AFMs has
extended beyond topography imaging, examples of which include material characteri-
zation, probe based data storage systems, and also single molecule force spectroscopy.
In spite of the remarkable achievements by AFM technologies, many challenges exist.
While majority of this thesis aims to address important challenges that exist with state
of the art AFM methodologies using tools from signal processing and systems theory,
it also reports some surprising new phenomena that are observed from AFM based
mechanical characterization of protein molecules. The techniques developed in each
chapter are extensively verified with simulation and experimental results.

A key issue that remains largely unaddressed in the AFM literature is the assessment
of fidelity of the measurement data. The first contribution of this thesis is to develop
a quantitative measure for the fidelity of images obtained from a fast dynamic mode
AFM technique. The developed paradigm facilitates user specific priority for either
detection of sample features with high decision confidence or on not missing detection
of true features. The fidelity measures developed in this thesis are suitable for real-time
implementation.

The second contribution of this thesis is to develop and compare the performance
of different methods to characterize mechanical properties of materials utilizing the dy-
namic mode of AFM operation. The dynamic mode AFM is particularly suitable for
investigating soft-matter. Here, an important enabler is the viewpoint of an equiva-
lent cantilever. The parameters of the equivalent cantilever need to be estimated to
derive material properties. In this thesis, we develop a new steady-state based esti-
mation of equivalent parameters (SEEP) and compare it with the recursive estimation
of equivalent parameters (REEP). We show that the SEEP is considerably simpler to
implement, however, SEEP is a low bandwidth method when compared to REEP. Both

methods yield material parameters that quantitatively agree in the domain of validity
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of the methods. This thesis also streamlines the process of material identification and
outlines the key pitfalls that need to be avoided for quantitative estimation of mate-
rial parameters. Extensive design of a system identification module is reported which
implements the REEP algorithm on modern field programmable gate arrays (FPGA).
The step by step design procedure of the module explained in this thesis is employable
to the development of a wide variety of FPGA based signal processing systems.

The third contribution of this thesis is a new system model detection technique
called the innovations squared mismatch. Such detection of a model from a set of
models that best describes the behavior of a system is of primary importance in many
applications. Here, two discriminating signals are derived from measurements for a plant
that switches between two model behaviors, where the transfer functions from inputs
to the two signals are identical when one model is effective while they are negative
of one another when the other model is effective. Further, we report sequence based
detection approaches to extend the use of the signals for high bandwidth applications.
In such applications the plant behavior can switch from one model to another at high
rates and the transients from a previous behavior affect the current behavior causing
inter-symbol interference (ISI). Methods developed are specialized for probe based data
storage where experimental data demonstrates that they offer significant advantages
over current methods.

The fourth contribution of this thesis is the first ever characterization of mechanical
properties of utrophin protein molecule and its different terminal fragments using AFM
based force spectroscopy experiments. Utrophin and its homologue dystrophin are pro-
teins which are believed to play vital roles in mechanically stabilizing the muscle cells
during stretch and relax cycles. These proteins are also under active research for find-
ing possible cure for the disease muscular dystrophy. In this thesis we report markedly
different mechanical characteristics for the utrophin constructs where previous thermo-
dynamic studies measured identical thermal denaturation profiles. Our findings signify
the need for force spectroscopy based characterization of molecules that are believed to

play important mechanical roles in human body.
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when cantilever interacts with the sample (is in free air). (b) Envelope of

(e1))2 — (e(2)2 changes sign as the cantilever goes from off-sample to on-

sample situation and vice versa. sep high (low) implies free air oscillation
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(Experimental Data) (a) hgt denotes measured height of sample. The

sample media changes to a raised topographic profile at 50 usec. From

0—50u sec there is no interaction between the sample and the cantilever;

for the rest of the duration of the experiment, cantilever interacts with the
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oscillations of the heightened topographic profile appearing agreeing with

analytical results. In the absence of the sample interaction (from 0 —

50 sec ) egym and egq;r differ in phase by 7 radians. (b) Envelope of

(eD)2 — (e(?)2 exhibits sign inversion within a few cycles of cantilever
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(Simulation result) (a) Conventional dynamic mode AFM amplitude im-

age (Ager) and ISM amplitude image (1SM;,¢) with cantilever-sample

separation (sep). ISM;,; is faster and exhibits significant independence

of topographical history. (b) Regular phase image (¢g4e¢) and ISM gen-

erated phase image (¢,,) from simulation. ¢,, is more suitable for high

speed binary deciphering of topography.| . . . . . . ... ... ... ...
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(Experimental Data) (a) Conventional amplitude Age.¢ and ISM;,s from

experiment. Ag.; shows an overall drift from left to right. However,

ISM;,s has more consistent levels. (b) Regular phase ¢g4.¢ and ISM

based phase ¢,,, signals tfrom experiment. ¢,, has a very consistent binary

behavior and better steady state magnitudes than ¢ger. |. . . . . . . . .
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(Experimental Data) (a) MAP and (b) ISM based decision images dsap
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(Simulation result) Bit error rate (BER) performance of symbol-by-symbol

ISM and MAP with regular MLLSD and ISM-MLSD as a tunction of inter-

action length [;,,;. Increasing [;,; over the range 1 nm to 2 nm gradually

improves BER performance of each scheme. Performance of ISM and

MAP are close to each other. Regular MLSD lags slightly in error rate

compared to other methods. However ISM-MLSD consistently outper-

[ forms all the other methods. Dwell time 7" is chosen as 250 micro seconds./109
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(Experimental data) Bit error rate (BER) performance of symbol-by-

symbol ISM and MAP with varying threshold location. Dwell time 7" is

chosen as 350 micro seconds.) . . . . . . . ..o
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(Experimental data) (a) Example mean observation vectors ) for regular

MLSD. (b) Y for ISM-MLSD. The 3 state transitions shown here are

(Si—1,5:) € {(000,001), (110,101), (011,110)}. The statistics pairs (),C)

micro seconds. ... oL L L
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Homologous structures of dystrophin and utrophin. Both have two actin

binding domains indicated by ABD1 and ABD?2. In dystrophin the do-

mains are separated by triple-helical spectrin repeats (ovals). The C-

terminal (CT) domain is attached to the sarcomere. In dystrophin, un-

like utrophin, ABD1 and ABD?2 are separated by 10 spectrin-type repeats

STRS) Pl . - o
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Model for how dystrophin may function as a molecular shock absorber to

dampen elastic extension during muscle stretch. I) Relaxed muscle. II)

otretch imposes forces that uncoil spring-like elements within repeats 1-

10 and 18-24. III) Electrostatic interaction of basic actin binding repeats

11-17 with acidic actin filaments dampens extension of the spring-like

elements (see [3]). GPC denotes the glycoprotein complex.[. . . . . . ..
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be measured using a laser incident on the back ot the cantilever which reflects
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measured by the laser-photodiode mechanism. The separation b between the

substrate and the base of the cantilever support can be controlled with sub-

nanometer precision using a nanopositioner. The extension of the molecule

under externally applied force is denoted by sep which can be measured using

sep =b—p. (C) In a typical puling experiment the separation between the base

sawtooth pattern is observed in the force-extension data.| . . . . . . . . . ..
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in the extension data are identified as the bond unfolding events. The

extension of the protein in between the bond ruptures are identified and

fit with WLC models described by persistence length, P, and contour
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Chapter 1

Introduction

The atomic force microscope (AFM) is widely employed to explore materials at the
nanometer or sub-nanometer scale. Since the invention of the AFM [5], researchers have
developed a diverse set of AFM based measurement techniques with significant impact
on science and technology. For example, structure of a single pentacene molecule is re-
vealed by AFM in [6], AFM techniques are utilized to realize data storage solutions with
ultra-high densities (more than 5 Th/in?) [7], high speed AFM imaging scheme suitable
for video rate imaging of biological motors is reported in [8] and mechanical properties
of interesting polymer and biological samples are investigated in [9-12]. Apart from
imaging, AFMs are also the preferred instruments for force spectroscopy measurements
on single protein molecules [13}/14]. A detailed set of applications where AFMs are used
can be found in [15}/16].

The principal component of the AFM is a flexible cantilever probe which can be
moved in z-y-z directions with respect to the sample surface by a piezo-electric actua-
tor (see Figure . The cantilever has a sharp tip at one end. The atoms on the tip
experience forces when in close proximity to atoms on the sample surface. The inter-
atomic tip-sample forces deflect the cantilever which is measured by a laser-photodiode
setup. In traditional contact mode operation, the cantilever is scanned over the sample
surface in the z-y plane where the cantilever deflection is regulated at a desired set
point by actuating the z-positioner. The vertical movement of the z-positioner used to
regulate constant deflection of the cantilever is interpreted as the sample topography.

In the contact mode of operation, considerable wear and tear is possible for both the
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tip and the sample. In the dynamic mode of operation, the cantilever is sinusoidally
excited at or near its first resonant frequency (see Figure . Unlike the traditional
contact mode operation where the AFM probe is in continuous contact with sample,
in the dynamic mode the oscillating cantilever interacts with the sample intermittently
only during a very small fraction of its entire orbit. The interactive forces between
tip and sample caused by gentle tapping of the sample surface change the orbit of the
oscillating cantilever. These changes include alteration of the amplitude of oscillation
and the phase of oscillation with respect to the drive, which are utilized for interpreting
the topography and other features of the sample. Due to small duration of interaction
between the tip and sample, the dynamic mode operation [15] results in minimal me-
chanical wear of the probe and sample material |17] compared to the contact mode of
operation [18]. Thus the dynamic mode is particularly suitable for investigating soft
samples including the soft polymers and biological samples.

The advantage of dynamic mode operation is clear. However, the method presently
faces multiple challenges. Different chapters of this dissertation except the last chap-
ter address such different challenges associated with the dynamic mode AFMs. The
last chapter (Chapter @ reports the first ever mechanical characterization of utrophin
protein molecules utilizing AFM based force spectroscopy methods. The analytical
techniques and conclusions developed in each chapter are verified extensively utilizing
simulation and experimental setups. The key contributions of this thesis are summarized

below:

e Chapter The AFM is a metrology instrument with wide-spread applications in
measurement science at the nano-scale. However, a key measurement metric which is
lacking in most of the AFM literature is the goodness and error-bars associated with
the measurement data. Such problem is particularly relevant for the dynamic mode
AFM, where quantitative interpretation of measurement data is complex. Chapter
2] introduces the concept of fidelity imaging methods for dynamic mode AFM. Here,
we adopt a fast dynamic mode AFM based topography measuring scheme and de-
velop, from first principles, the fidelity measurement techniques which quantitatively

measure goodness or fidelity of the measurement outcomes.
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Figure 1.1: Atomic force microscope (AFM). A cantilever beam with a sharp tip at one
end interacts with the sample. The inter-atomic forces between the tip and the sample
deflects the cantilever. The cantilever deflection is monitored using a laser incident on
the back of the cantilever surface that is collected by a split photodiode. A controller
processes the deflection signal and actuates the piezoelectric positioner that can place
the sample relative to the cantilever tip with sub-atomic resolution. In the standard
contact mode operation, the sample is scanned laterally under the cantilever tip and the
tip deflection is maintained at a constant set-point by the controller. The z-directional
movement of the piezoelectric positioner as a function of the lateral coordinates (x-y)
is interpreted as the topography of the sample. In the dynamic mode of operation, the
cantilever is forced sinusoidally, typically at or near the first resonant frequency of the
cantilever. During the oscillatory trajectory, the cantilever tip interacts intermittently
with the sample. Such intermittent tip-sample interactions alter the amplitude and
phase of the cantilever oscillations. Different dynamic mode operations exist where in
a popular mode, namely, the amplitude modulation AFM (AM-AFM), the amplitude
of cantilever oscillations is kept constant while actuating the z-piezo. The movement of

z-piezo while scanning the sample in z-y plane reveals the topography.

e Chapter [3} Traditionally, AFMs were utilized only for measuring the topography of
samples. However, with the advancement of applications of AFMs, researchers have
also developed techniques for characterizing the mechanical properties of materials at
nano-scale. Here, the dynamic mode of operation is suitable for characterizing soft
samples. Chapter [3] develops a simple analytical method termed as the steady state

estimation of equivalent parameters (SEEP) method to quantitatively estimate the
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surface stiffness and dissipative properties of materials with dynamic mode AFM. The
SEEP method is compared with an existing method, namely, the recursive estimation
of equivalent parameters (REEP) technique which employes a system identification
algorithm requiring more complex signal processing. We identify some key experi-
mental steps that must be carried out properly for the above approaches to work.
Further, we demonstrate the equivalence between the dynamic mode methods devel-

oped independently by different researchers under some key assumptions.

Chapter [4 The REEP technique outlined in Chapter [3] is capable of estimating the
storage and dissipative parameters even during the transient phase of cantilever oscil-
lations. However, implementing REEP in real-time requires the design of a complex
signal processing module which is explained in Chapter ] This module is developed
on modern field programmable gate arrays (FPGA), namely, the ML605 DSP de-
velopment kit from Xilinx which hosts Virtex-6 generation FPGA with high speed
FMC-151 ADC-DAC unit. The design steps elaborated in this chapter are employ-
able to designing other real-time signal processing modules as well. This module can
be interfaced with commercially available AFMs. It processes the raw deflection and
excitation signals of the AFM cantilever in dynamic mode to yield real-time estimates

of the stiffness-dissipative properties of the sample.

Chapter Probe based data storage systems employ flexible probes to read and
write data over the topography of storage media. Such storage technology can achieve
extremely high data density compared to other methods. However, a key challenge
for probe based storage systems is the short device lifetime caused by mechanical wear
and tear of the storage media as well as of the probe. The dynamic mode of operation
can improve the device lifetime significantly. However, the dynamic mode is widely
considered unsuitable due to its slow and complex data acquisition method. In Chap-
ter bl we investigate novel techniques of system identification, namely the innovations
squared mismatch (ISM) methods for fast and accurate data readout operation using
the dynamic mode. We further utilize the maximum likelihood sequence detection
methods with ISM to compensate for the inter-symbol-interference that arise dur-
ing fast data readout. Effectiveness of the proposed methods are corroborated via

extensive simulation and experimental data.
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e Chapter @: Duchenne Muscular Dystrophy (DMD) is a fatal disease which presently
has no cure. Research has demonstrated that abnormalities in the protein dystrophin
play a key role in the disease. Dystrophin and its homologue protein utrophin are
believed to play important roles in supporting the mechanical structures of muscle
cells during the stretch and relax cycles. Thus it is imperative to understand the
mechanical properties of dystrophin and utrophin protein molecules. However, only a
few studies of the mechanical properties of some dystrophin constructs are reported in
existing literature. Utrophin and its deletion constructs which are demonstrated to be
effective to compensate for the dystrophin deficiency in certain cases, are under active
investigation for therapeutic purposes. Presently there is no literature which details
the mechanical characterization of the utrophin constructs. Chapter[6]reports the first
ever mechanical characterization of full-length utrophin molecule and a number of its
different deletion constructs. Such mechanical characterization is carried out utilizing
AFM based force spectroscopy experiments. Our findings convey some remarkable
information about the mechanical behavior of the utrophin constructs. The results
also signify the need for a detailed theoretical development which can predict the

mechanical behavior of these molecules as well as their roles in muscle tissues.

e Chapter[7} The conclusions derived from different chapters are summarized in Chap-

ter [11



Chapter 2

Fidelity imaging techniques for
AFM

2.1 Introduction

The advantage of dynamic mode of operations over the contact mode AFM is explained
in Chapter [I However, in the dynamic mode, quantitative interpretation of the AFM
data becomes challenging due to complex trajectories of AFM probe [9,|15,]19]. A
natural question that arises in this context is the assessment of the goodness of the
inferences drawn from AFM measurement data. Such emphasis on quantitative assess-
ment of the quality of measurement data with error bounds is a standard practice in
most instruments used for metrology. However, there is a lack of tools that quantify
fidelity measures on the AFM measurements in real-time. Determining fidelity mea-
sures for AFM in general is a challenging problem. In this chapter, a real time method
is developed to quantify fidelity of AFM measurements obtained using the dynamic
mode operation and therefore is particularly suitable for studying soft matter such as
biological and polymer materials [20,21].

In related work [22], observer based architecture [23] is utilized to achieve detection
of topographic features at high bandwidth. There, the tracking error generated by
the observer is matched to a linear time-invariant model of the cantilever dynamics to
generate a likelihood ratio based signal (see Figure[2.1). The likelihood ratio based signal

is compared to a user defined threshold to decide presence or absence of topographic
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Figure 2.1: Fidelity imaging architecture for fast dynamic mode AFM. In dynamic mode
of operation, the cantilever is excited with sinusoidal excitation g at or near its first mode
resonant frequency. For fast imaging, the measured deflection y is input to an observer
matched to the free-air cantilever dynamics which estimates the deflection . The
tracking error e = y —¢ from observer is processed to generate the likelihood ratio signal
[. 1 is compared with user adjustable threshold 7 to generate the decision signal d on the
presence or absence of topographic features. False alarm rate and detection accuracy
of decision signal d depend on the choice of decision threshold. Further, fidelity metrics
are defined that assign confidence measures on the decision signals. Final outputs of the
fidelity imaging architecture are si: the likelihood signal, so: the decision signal and ss:

the fidelity metric.

The fidelity metrics developed in this chapter assign quantitative confidence mea-
sures on the decisions. With the methods developed in this chapter it becomes possible
for the decision image that shows absence or presence of a topographic feature at any
pixel to be accompanied by a fidelity image. The fidelity image assigns a quantified
measure of confidence on the decision reached at each pixel. The fidelity image accom-
panying the decision image is a function of choice of threshold selected by user. The user
can prioritize detection of all true features by setting a low threshold or can emphasize

that all features detected are true features by selecting a high threshold. Such facility
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is particularly suitable for a two step exploration process; in the first step the user can
obtain a quick overview of a large area of the sample for identifying/detecting regions
that are promising for finer investigation. Here the user can set a low threshold that
will help pruning out uninteresting areas of the sample with good confidence. The first
exploratory step can be performed at high speeds thereby facilitating rapid pruning of
areas with no features. This step can be followed by finer investigation of the areas
which are left unpruned. For the second step a high threshold can be chosen to ensure
that detected features are true features with high probability. We remark that often the
image sought occupies a small fraction of the entire sample area (see Figure that
shows an image of a DNA obtained by an AFM with a height of 1.5 nm where the DNA
strand occupies only a small fraction of the image). Thus the pruning step can identify

the small region of interest which can be investigated with more attention.

Figure 2.2: Image of DNA obtained with AFM from a 2 um X 2 um area. The DNA

occupies only a small fraction of the image.

Fidelity measurement for AFM was first introduced by the authors in a letter [24].
This chapter provides a detailed analysis of false alarm, misdetection rate and per-
formance of the methods proposed in [24] which were not studied before. This chap-
ter compares two different imaging methods, namely the locally most powerful (LMP)
method and the generalized likelihood ratio test (GLRT) based method
(described in detail later) with respect to threshold selection. An alternative detection
scheme which is adopted in this chapter is referred to as the modified generalized likeli-

hood ratio test (MGLRT) method. It is demonstrated that LMP based method is more
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suitable than using MGLRT because the error rate performance of LMP is less sensi-
tive to threshold selection compared to MGLRT. However, the MGLRT based method
adopted in this chapter is well suited for real-time implementation in AFM setups.

This chapter is organized as follows: Section[2.2] briefly introduces the observer based
architecture for fast dynamic mode AFM imaging. Section develops and analyzes
the false alarm rate, detection probability and fidelity metrics as a function of decision
threshold. Section verifies the analytical methods for fidelity imaging using realistic
simulation models of the AFM setup. Section demonstrates the efficacy of proposed

methods using experimental results. Section concludes this work.

2.2 Preliminaries

We first describe observer based dynamic mode AFM imaging methodology. The first

mode approximation of the cantilever is governed by the dynamics

wo

1
ﬁ+ap+wgp=f(t)zﬁ(g+h), (2.1)
h=¢(p,p), y=p+wv, (2.2)

where p and p are the deflection and velocity of the cantilever at the tip location respec-
tively. m is the mass of the lever. The total force per unit mass, f(t), depends on the
dither excitation input g and the nonlinear interactive force h between cantilever tip
and sample. Typically, g is chosen to be sinusoidal with frequency close to the resonant
frequency wg. @ is the quality factor. wy and @) can be determined from a frequency
sweep method when the cantilever is free from sample. y is the measured deflection
and v is the measurement noise. Equation can be represented in state space form
described by

t=Az+ Bf, y=Czx+ v, (2.3)
where the state is defined by = = [p p| with the matrices A = [0 1; —w? — 1,
B = [01)T and C = [10]. In the dynamic mode of operation where the cantilever is

excited by sinusoidal forcing g, the cantilever typically oscillates with a steady state
amplitude ranging between 25 nm to 200 nm. The interaction with the sample occurs

only during a very small fraction of cantilever orbit. Thus the force h between tip
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and sample can be modeled as an impulsive force exerted by the sample on the tip
when the tip is closest to the sample while oscillating. The impulsive force changes
the cantilever state modeled as an instantaneous change. A discrete time model for
cantilever dynamics with such impulsive interaction model can be written as [22]

Tpt1 = Fap + Ggg + 0o k417,
" " (2.4)

Yk = Hap + v,

where k denotes the index for discrete time. The matrices F', G and H can be obtained
from continuous time model by discretization. dg ;417 denotes the sudden change
in the state at the time of impact. v denotes the strength of impulsive interaction and 6
models the time of impact (0; ; = 1 when ¢ = j, else 0). A fast AFM imaging technique
developed in [22] uses Kalman observer [23] for generating test signals. The Kalman
observer is matched to the discrete time cantilever model described in . Here, let
21 be the estimated state from Kalman observer with observer gain L which follows the
dynamics

i‘k+1:Fj3k+ng+L(yk—H§3k), (25)

U = Hy, e = (Y — Ur) -

From (2.4) and (2.5) it follows that, after an impact at time 6, e can be written as
(see [22])

€k = Fk;GV + Mk Fk;9 =H (F - LH)k_ea (26)

2
p
response for the system that maps force input to the error signal ex. Let M be the

where 7, is zero mean Gaussian noise with variance o;. [I'p. denotes the impulse

window size chosen for detection purposes. The binary hypotheses;
Hy e =ng, Hi:ep=Tgov+n, (2.7)

represent absence and presence of sample with £k = 1,2,--- M. Let " := [H,H(F —
LH), -+, H(F—LH)M=1T and the observation vector e := [e1, e, - - - , ep]” . Assuming

the impact time 6 = 1, the hypotheses can be expressed in the form

Hy:e=mn, H :e=Tv+n, (2.8)
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where 1 denotes the zero mean Gaussian noise vector |11, 72, - ,na] with covariance
matrix V = O‘%I , I is identity matrix of size M x M. The test vector e can be processed
using either locally most powerful or generalized likelihood ratio techniques for which

fidelity metrics are determined below.

2.3 Decision thresholds and fidelity metrics

The locally most powerful (LMP) and generalized likelihood ratio test (GLRT) meth-
ods [2527] are utilized to process the tracking error ey for detection purposes. An
alternative detection method is also adopted in this chapter which is referred to as the
modified generalized likelihood ratio test (MGLRT) method. These methods yield like-
lihood ratios that are compared with respect to user defined thresholds for deciphering
presence or absence of sample. The probability of false alarm (Pr4) is defined to be the
probability that the user decides hypothesis H; incorrectly where the sample is absent.
The probability of detection Pp is defined to be the probability that the user correctly
decides hypothesis Hi in presence of the sample. The decision threshold 7 set by the
user yields a trade-off between the false alarm rate Pr 4 and probability of misdetection
1 — Pp. Fidelity metrics, Pra and Pp for LMP, GLRT and MGLRT techniques are

developed below.

2.3.1 Fidelity and threshold selection for LMP imaging

The likelihood ratio test signal for LMP technique is defined as I}, := eI'V—IT where
the matrix V and vector I' are defined in the previous section. Both I and V' can be
determined from experimental data. Thus the hypotheses Hy and H; can be represented
by

Ho: lynp =n" VT,

(2.9)

Hy: Uy =TTV IT 497V
Let ppmp (limp; Ho) denote the probability density function (pdf) of {;,,, under hypothesis
Hj. Notice in that under Hy, the pdf of I}, depends on v. v depends on the
strength of interactive forces between cantilever tip and sample; it is assumed that v fol-

lows a distribution p(v). pimp(limp; Hi, V) is the conditional pdf of ;,,,, under hypothesis
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H; given a specific value v. Since 7 represents a zero mean Gaussian random vector, it
follows that Py (limp; Ho) ~ /\/’(O,alzmp) and Ppmp (limp; H1,v) ~ N (limp(v), Ufmp) with

Otmp = VITVIT and ly(v) = vTTV I, Let 7y, be the decision threshold. Then
it follows that the probability of false alarm

Pr 4 = P(Decision is H;|Hy)
oo
. (2.10)
= / Pimp(y; Ho) dy = Q <m”) ,
.

Imp Ulmp

where Q(z) = \/%7 .= e V2 dy.
Similarly, probability of detection Pp can be evaluated as:
o0
Pp = P(Decision is H1|Hy) = / Dimp(y; Hi)dy

Timp

z/ / Pimp(y; Hy, v)p(v)dy dy

Tlmp

- /Oo 0 (T“”p_llmp(”)> p(v)dv. (2.11)

oo Olmp
The distribution of the impulsive forces between the tip and sample p(v) can be esti-
mated by gathering least square estimates of v (denoted by ) which is described later.
The set of o when utilized for inferring statistical properties of v reveals that the dis-
tribution p(v) is mostly populated around a peak value with decaying tails lying on
both sides. It is shown that such distribution p(v) can be approximated well using a
Gaussian distribution (see Section and Section for details). Hence, considering
p(v) ~ N (v, 02), Pp for LMP detection algorithm can be determined numerically from
(2.11)).
The decision fidelity is defined by the conditional probability that the decision is

correct given [y is an outcome of the random variable [;,,, which is denoted by:
P(Correct decision|lj, = lo).

We consider two cases. The case 1 is given by the condition Iy > 74,,, where the decision
is reached that hypothesis Hi holds. Fidelity for case 1 is denoted by P(H1|llmp =
lo, Lo > 7'). Case 2 is specified by lg < 7y, where the decision is reached that hypothesis
Hjy holds. Fidelity for case 2 is denoted by P(H0|llmp = lp,lyg < 7'). The following

theorem presents the methods for evaluating the fidelity measures.
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Theorem 2.3.1 1. Suppose that p(v) ~ N (vo,02). Then

P(H1|llmp =lg,lop > 7’) =

g(ZOa Vo, Olmps 01/)

M
2
19

€< 2”l2mp> _‘_g(lO?I/O,G—lmpaa-l/)
P(Hollimp = lo,lo < 7) = (2.12)

2
__l
20?

e mp

)
€< *7tmy +g(l07l/07almpvay)

12 ’

where g (lo, 0, Oimp, 0v) is defined by

g(l07V0a Olmp> JV) =

__(vprg—ip)?
Olmp 6( 2(02 +03VF2)> (213)

Imp

mep + 02V
with Vp =TTV -IT,

2. Alternatively assume that v follows a degenerate distribution, that is p(v) = §(v —

vg) where § denotes the Dirac delta function. Then the fidelity metrics are given

by

P(Hlﬂlmp = lo,lo > 7') =

< (lo—lzmp(Vo))2>
- 202
e lmp
2  (o—limpo)? )
20? 202
e mp ‘f’@ Imp

P(Ho|lymp = lo,lo < 7) =

2
__%
20%
e me
a2 _ (0=limp(0)?
202 202
e lmp _F e ilmp

(2.14)
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Proof It follows that

P (Correct decision|ljm, = lo,lo > 7)

= P(Hﬂlzmp = lo,lo > T)

€ €
= lim P<H1|llmp € llo— 510+ 35 lo >T)
H
i — o P (2.15)

=0+ Y501 P, (lo, €)P(Hj)’
where P(H;) and P(Hj) are a priori probabilities for hypotheses H; and Hp. The
last step in the r.h.s of follows using Bayes’ rule with Py, (lo,€), j € {0,1} de-
fined by Py (lo, €) := P (lzmp € [lo — 5,00+ %] o > T\Hj). The individual terms in the

numerator and the denominator of (2.15)) can be simplified for small € as:

l0+6/2
P, (los €) / /z P Pimp(l; H1,v)p(v) dl dv
0—¢€

- . <_(lo—21?21p(u>> > (2.16)
%/ —e tmp p(v)dv.
-0, /27ral2mp
Similarly,
l0+5/2
PHOUO: 6) :_/l /2 plmp(l§ HO) di
0—¢€
12 (2.17)
€ _2o'l2
N————¢ mp /|
27ral2mp

In the limit ¢ — 04, the approximations in (2.16)) and (2.17)) can be replaced with

equalities. Thus, € can be canceled from the numerator and denominator in the r.h.s of
(2.15)). It follows that
P(Hl‘llmp = lo,lo > T) =

s (lo—limp(¥))? >

P(H)) ffgoe< 2l p(v) dv

2.18
zg B (10 —Lpmp ()2 ( )

P(Ho)€<%l2mp) —i—P(Hl)f_OOOOe( 2l >p(1/)d1/

Evaluating ([2.18]) requires the a priori probabilities of the hypotheses which are P(H)



15
and P(Hp). If the sample under study is not known a priori then it is reasonable to
assume that there is equal possibility to encounter both presence and absence of sample

features while imaging. Thus the hypotheses Hy and Hy have equal a priori probabilities.
Enforcing P(Hy) = P(Hp) in (2.18)) it follows that,

P(Hlulmp = l07l0 > 7_) =

- 5 (l07llm (V))2>
ffooo e< 2imp ' p(v)dv

. (2.19)
E—
e 2 Imp + ffoooe 2 Ilmp p(V)dV
The same steps can be carried out for Case 2 (I, = lg < 7) to yield
P(HOUZmp = l07l0 < T) =
_ 13
e 2Ul2mp
(2.20)

12

< 0 > ( (l()llmp<V))2> '
T 202 ) T 202

Im Im
e r/) 4 f_oo e P p(v)dv

The r.h.s of (2.19) and ([2.20) can be simplified when p(v) ~ N (g, 02) which is shown

in (2.12)). Further, assuming p(v) ~ §(v — 1g), the r.h.s of (2.19) and (2.20) can be
simplified to (2.14)). This completes the proof. |

2.3.2 Fidelity and threshold selection for GLRT and MGLRT imaging

The likelihood ratio test signal for GLRT technique is given by ly s = eTVngme with

Vi girt = V-IITTV—1. Since limp = e’ V~IT where limp 1s scalar, it follows that lg;.; =

2
Uimp-

where pimp(limp; Ho) ~ N (0, Ufmp) with oy, = VITV-IT. It can be shown that under
Ho:

It is shown before that [, follows Gaussian distribution under hypothesis Hy

1 lglrt

lyrt; Hy) = ————¢ 2T, 2.21
png‘t( glrt 0) \/W ( )

where Vp = T'TV~IT". Under Hy, for a fixed value of the strength of tip-sample inter-

o) WD Uiy (V) = V. Since lgire = 17, i6

action v, plmp(llmp;H1,V) ~ N(llmp(’/)
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follows that under Hjy:

! 22
1 glrt+v Vl"
2Vp

vt(lgires H1, V) = ———e cosh(v/lirt ). 2.22
pgl t(glt 1 ) \/m ( gl t) ( )

The false alarm rate and probability of detection for the GLRT scheme can be deter-

mined numerically using

o0
Py = / Pgirt(y; Ho) dy and
T

glrt

Py = / / poire(y: Hyy v)p(v)du dy,
Tglrt ¥ —O0

where pgirt(lgire; Ho) and pgire(lgire; Hi,v) are given in (2.21)) and (2.22)) respectively. v

is assumed to follow the distribution p(v) ~ N (g, 02).

For the GLRT technique, the matrix Vi 4,4 is aligned with the observation signal ey,
during each decision window to generate the likelihood ratio [y s = eTVngme. For
LMP imaging described before, the matrix V~'I" must be aligned with the observation
signal e to generate lj,,, = e’V~IT. Thus, implementation of the LMP and GLRT
techniques in practice requires additional measures for synchronizing multiplication of
the matrices V™IT" and Vr girt With the observation signal ej. For AFM experimental
setups, it is challenging to extract the exact timing instant where the cantilever interacts
impulsively with the sample. Alternatively, define the test signal [,, := e’e which is
referred to as the modified generalized likelihood ratio test (MGLRT') technique in this
chapter. The MGLRT method is simpler for real time implementation in AFM setups.
Here, no additional measures are needed for aligning the matrix Vr g,+ with eg. The
test signal [,,, performs well for detecting sample features [22]. Hence, in the results
section we compare the LMP imaging method with the MGLRT technique instead of
the original GLRT scheme. Under hypotheses Hy and Hy, it follows that

Hy: 1, = nTn,

(2.23)
Hy: Ly = @7 49wl +19).

Under Hy, b, = n'n = Zf\i L m? where each n; (M is the size of detection window) is
independent, zero mean Gaussian random variable with variance 0727. It can be shown
that [,, obeys a Chi-square distribution given by

1 M -
l(——l) 202 1>0 )
oMOMPY(My2) ¢ T (2.24)

pm(ZS HO) =
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where Y(.) denotes the standard Gamma function. Suppose that 7, is the decision
threshold. Probability of false alarm Pr4 can be calculated analytically in the form of

a finite series for even M as below

Pra —/ pm(l; Ho) dl

Tm l7*1 20
=1— dl
/0 o IMTEY (M 2) (2.25)
(7777”) M/2-1 Lk
o2 m .
=e\ *7 Z 7 (W) , M is even.
k=0 n
From ({2.23)), under hypothesis Hy, I, = ef'e = (WI'T +nT)(vT' +n). Define f = vl +n =
01, M5, - -+ ,1y). Given a specific value for v it follows that each 771’- is a Gaussian random

variable with mean vI; (I ;= H(F — LH)""!) and variance o;. Thus I, =M ()?
follows a non central Chi-square distribution [25] with pdf given by

1 I\ T ” Vis
pm(l; Hy,v) :Tc% (82) e 2 Ingjo (CTQ) ; (2.26)

n

where s2 = Zf‘il V21?2 = v2TIT. I,(z) is the o' order modified Bessel function of the
J,‘ 2 a+2k

first kind which can be represented by the infinite series In(z) = Y ,2, AT +k AT @ik )

x 2

0. Thus the probability of detection Pp is given by
Pp 2/ / pm(l; Hy,v)p(v) dv dl
00 oo 1 ! (M—2)/4
:/Tm /oo V8rolo, <u2FTr> (2.27)

l _ (UQFTF+Z>+(V—I/O)2
Inija—1 <\[8> e ( 275 203 )dudl.

2
9y

The last step in (2.27) follows from the Gaussian assumption on the distribution p(v).
The next theorem follows for GLRT and MGLRT techniques:

Theorem 2.3.2 Define the decision fidelity of the GLRT method by the probability
of correct decision for a particular realization lyyy = lg. Similar definition holds for

MGLRT method (with l,, = ly). Assume equal a priori probabilities for the hypotheses
H1 and Ho,' P(Hl) = P(Ho)
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1. Fidelity metrics for GLRT method can be evaluated by

P(Hl|lglrt =lp > 7'glrt) =
ffooo pglrt(ZOQ Hy,v)p(v) dv
75 pgirt(lo; Hi, v)p(v) dv + pgire (lo; Ho)
P(Hollgire = lo < Tgirt) =

Pgirt(lo; Ho)
[ o0 Pgirt(lo; Hy, v)p(v) dv + pire (lo; Ho)

(2.28)

2. Further, assuming degenerate distribution of v that is p(v) = d(v — vp) where §

denotes the Dirac delta function it follows that

P(Hlllglrt = l[) > Tglrt) =

Pairt(lo; Hi, 1)
pgirt(lo; Hi, v0) + pgire(lo; Ho)’

P(Houglrt =1y < Tglrt) =
Pairt (lo; Ho)
Pgirt(lo; Hi, v0) + pgirt(lo; Ho)’
where the distributions pgr¢(lo; Ho) and pgire(lo; H1,10) are evaluated from
and respectively.

Replace lglrt with Ly, Tqlrt with T, pglrt(lo; HO) with Pm(lo; HO) and Pgirt (l0§ Hy, VO)
with pm(lo; H1,1vp) in and to obtain fidelity metrics for the MGLRT
method. pp,(lo; Ho) and pp(lo; Hi,v9) are evaluated using and re-

spectively.

(2.29)

Proof The proof is similar to the proof given for Theorem |

2.3.3 Determining statistics of impulsive force

Notice that for the Gaussian distribution assumption on p(v), it is necessary to evaluate

both vy and o, for determining fidelity metrics in (2.12)) and (2.28]). An average of recent

estimates of v can be used as estimate of vy whereas standard deviation of the estimates

of v can be utilized to estimate o,. A least square estimate for v is given by

b= T7T) " 7. (2.30)
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For the purpose of evaluating the false alarm rate Pr4 in , and probability
of detection Pp in , the true topographic features are assumed to be known
a priori. Here, ¥ is evaluated using at the end of each decision window of size
M. The set of observations o gathered this way is utilized for acquiring the probability

distribution of v denoted by p(v) which is used in (2.10), (2.11]), (2.25) and (2.27) for
determining Pr4 and Pp. However, in case of determining the fidelity metrics, the true

topographic features are not known a priori. Thus & values are gathered only during

the decision windows when the decision is Hy. The latest ensemble of such estimates

2
v

which are used in (2.12)) and (2.28) for fidelity measures. For the LMP technique, the
Gaussian assumption allows for solutions of the decision fidelity in closed analytical form
in . However, for the GLRT and MGLRT methods, Gaussian assumption leads to
in which the integration of the form f_oooo Pgirt(lo; Hi,v)p(v) dv must be evaluated

numerically at each decision window. Thus a real time implementation is more challeng-

is used to determine the probability distribution of ¥ with mean vy and covariance o

ing. However, note that with the degeneracy assumption to determine fidelity metrics
using and , only the estimate of 1 is required. Furthermore, LMP, GLRT
and MGLRT fidelity metrics can be computed using closed form analytical formulas.
Hence the degeneracy approximation simplifies computation of the fidelity metrics. De-
spite the simplification, the fidelity metrics remain effective for practical purposes that

are demonstrated using simulation and experimental data in the subsequent sections.
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2.4 Simulation results

Cantilever model

g
p(t)

h \
. p(t)

Tip-sample interaction force Interaction model

Figure 2.3: The piecewise linear model for tip-sample interaction h which varies non-
linearly with deflection of the cantilever tip p. A double spring-damper system with
parameters (wq,c,) for attractive spring and (wp,cp) for repulsive spring models the
long range attractive and short range repulsive regions of h. The cantilever model pa-
rameters, namely the spring stiffness k, damping ¢ and mass m can be measured using
frequency sweep method and thermal measurements in free air. The tip-sample model
parameters (wp, ¢q) and (wq, ¢,) can be estimated using the harmonic balance method

developed in [1].

The trajectory p(t) of the oscillating cantilever interacting intermittently with sample
in the dynamic mode operation is simulated using a piecewise linear model for the
interactive forces between cantilever tip and sample which is shown in Figure [1].

Such a model encapsulates many experimentally observed phenomena [28].
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Figure 2.4: (Simulation result) (a) Height image. The difference between low and high

topography is 6 nm. The scale is normalized with respect to the maximum height.
(b) LMP likelihood image and (¢) MGLRT likelihood image. z axis represents time in
the unit of cantilever oscillation period Ty (1/7p=63.14 kHz). y axis represents index of
scan line. Both LMP and MGLRT images are normalized with respect to corresponding

maximum values. The colorbars specify the ranges.

The topography of the sample is shown in Figure (a). The bright zones represent
high topography whereas the dark zones correspond to depressed topography (see the
associated colorbar). The difference between high and low topography levels is 6 nm. A
cantilever with resonant frequency fo = wo/2m = 63.15 kHz and quality factor Q = 227.8
is chosen for simulation. The excitation frequency is matched to fy and the oscillation
amplitude (free from sample interaction) is 24 nm. The continuous time state space
model in is derived from the frequency response of the cantilever. Further, the
discrete time dynamics in is determined from the continuous time model via a zero
order hold at sampling frequency of 2 MHz. A steady state Kalman observer with gain
Lin is designed to match the discrete time model. The discrete time measurement
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noise vy in is chosen to be zero mean with standard deviation o, such that the
noise bed is retained within 100 pm (30, < 100 pm) which is normally observed in our
experimental data. o2 = 0.5 1073 nm? satisfies this criteria. The steady state variance
0727 of the noise 7 present in the tracking error in (2.6 can be determined by solving the
discrete time algebraic Riccati equation for the covariance matrix of the state estimation
error of the observer in . The window size M for hypothesis testing in
is chosen to be 28 samples. The I' vector in the hypothesis testing framework is
determined as explained in Section LMP and MGLRT likelihood ratios lj,,;, and I,

synthesized from the tracking error e using ([2.9)) and ([2.23]) are shown in Figure (b)
and Figure (c) respectively.

BHistogram
—Gaussian fit
Vo= 6.79e-04, g.= 2.38e-04

(v)

0.5

0 0.5 1 1.5

><10'3

Figure 2.5: (Simulation result) The probability distribution of v obtained from simula-
tion. The y axis is normalized with respect to the maximum value of the distribution.
The histogram is fit with a Gaussian distribution with mean vy and standard deviation

Oy
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Figure 2.6: (Simulation result) The probability of false alarm Pr4 and misdetection
1 — Pp for (a) LMP technique with decision threshold 7;,,;, and (b) for MGLRT scheme
with decision threshold 7,,. The x axes are normalized with respect to the maximum

likelihood ratios received for both cases.

Statistics for the strength of interaction between cantilever tip and sample v is
obtained by gathering the estimates ¥ using which is shown in Figure The
histogram in Figure [2.5]is fit with a Gaussian distribution of mean vy = 6.79¢ — 4 and
standard deviation o, = 2.38¢ — 4. The pdf p(v) ~ N (vy, 02) is utilized for determining
the false alarm rate Pra using and probability of misdetection 1 — Pp using
for LMP detection technique. False alarm rate and probability of misdetection
for LMP method with different decision thresholds 7,,, are shown in Figure (a).
The false alarm and detection accuracy performance of MGLRT method at different
decision thresholds 7, are shown in Figure (b). From Figure (a) and (b), it
is clear that selection of threshold controls the balance between false alarm rate and
probability of misdetection.

For LMP detection strategy, it is possible to simultaneously achieve small Pr4 and
1 — Pp of the value 0.13 (see Figure (a)). However, in Figure (b), the best
possible scenario for MGLRT with respect to Pryq and 1 — Pp is Pp4 =1 — Pp = 0.2.
The transitions of the false alarm and misdetection rates with respect to changing
threshold is more drastic in MGLRT than LMP scheme. From Figure (a), the range

of threshold 7,,,;, where both Pr4 and 1— Pp are retained within 0.5 is 0.39. In contrast,
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in Figure (b), both Pr4 and 1 — Pp remain below the limit 0.5 only over a narrow
range of 7, which is 0.06. Thus it is evident that LMP imaging performance is less
sensitive to selection of threshold compared to MGLRT. LMP technique is also capable
of better minimization of false alarm and misdetection rates. However, synthesizing the
LMP likelihood signal lj,,,;, = eV ~IT requires synchronization of the I' vector precisely

with the observation vector e during each decision window which is more difficult than
generating the MGLRT signal [,,, = e”e.
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Figure 2.7: (Simulation result) (a) LMP decision image for low threshold and (b) corre-
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sponding fidelity image. (c) LMP decision image for high threshold and (d) correspond-
ing fidelity image. Color bars specify the ranges.

The effect of selection of decision threshold on fidelity imaging is demonstrated now.
Fidelity metrics for LMP and MGLRT are determined using and ( respec-
tively. Define 7 jyp := (max(limp) + min(lmp)) /2 and 7, = (max(l )+ mln( m))/2

which represent the mid points of the range of minimum to maximum likelihood values
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obtained for LMP and MGLRT methods respectively. Figure (a) and (b) demon-
strate selection of low threshold (7, = 0.37p mp) on LMP decision image and corre-
sponding fidelity image. It is observed in Figure (a) that the high topography regions

are deciphered correctly but in many locations corresponding to low topography zones,

i
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bright spots appear which are false alarms.
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(c) (d)
Figure 2.8: (Simulation result) (a) MGLRT decision image for low threshold and (b)
corresponding fidelity image. (c) MGLRT decision image for high threshold and (d)

corresponding fidelity image. The color bars specify the ranges.

The corresponding fidelity image in Figure (b) demonstrates that there is high
confidence on the decisions corresponding to high topography zones. However dark
regions in fidelity image appear in Figure (b) corresponding to the false alarm loca-
tions (compare with Figure[2.7|(a)) indicating that these decisions (which are incorrect)
should be given low confidence. The effect of choosing high threshold (7jmp = 1.47p 1mp)
is demonstrated in Figure (c) and (d). In Figure (c), the low topography regions
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are correctly detected, however, dark regions appear in the high topography regions in-
dicating that these locations are misdetected. The corresponding fidelity image shown in
Figure (d) assigns low confidence on the pixels that are misdetected. Similar trends
in decision images and their fidelity measures are observed in MGLRT techniques as
well. Figure (a) and (b) demonstrate MGLRT decision and fidelity images for low

threshold 7, = 0.47,,, whereas the effect of higher threshold 7,,, = 1.27, ;,, is shown in

Figure 2.8 (¢) and (d).

2.5 Experimental results

2 |
- |

20 40 60 80 100 120 20 40 60, 80 100 120

(@) D)

0.05

20 40 6(c)8 100 12 - 40 60( d)8 1021120
Figure 2.9: (Experimental data) (a) Height image (nm) for silicon calibration sample
taken at slow speed of 2 Hz. High speed images taken at 31.25 Hz showing (b) the
estimate for strength of tip-sample interaction o, (¢) LMP likelihood and (d) MGLRT
likelihood signals. 7, LMP and MGLRT images are normalized with respect to their
maximum values obtained during imaging. The color bars specify corresponding ranges.

x and y axes represent lengths of 2 um and 4 pm respectively.
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1 BHistogram
—Gaussian fit

v,= 3.59e-03, 0 = 6.98e-04

0 0.005 0.01
v

Figure 2.10: (Experimental data) Estimated distribution of the strength of tip-sample
interaction v. The y axis is normalized with respect to the maximum value of the
distribution. The histogram is fit with a Gaussian distribution with mean vy = 3.59¢ —3

and standard deviation o, = 6.98¢ — 4.

Results from experiment are presented here. AC240TS cantilever (bought from Asy-
lum Research) with first mode resonant frequency 84.7 kHz and quality factor 254.2
is used for dynamic mode imaging with MFP 3D AFM from Asylum Research. Fig-
ure (a) shows height image of a silicon calibration sample of size 2pumx4pm with
100 nm pits taken at slow speed of 2 Hz (2 lines are scanned on the sample per second).
The height image in Figure (a) serves as the reference for images taken at higher
speed. The bright (dark) zones represent high (low) topography in Figure (a). The
high speed imaging is performed at the speed of 31.25 Hz (31.25 lines are scanned per
second). The tip-sample interactive forces for the high speed image are estimated us-
ing which are shown in Figure (b). The estimates ¥ in Figure (b) are
normalized with respect to the maximum value of 7 obtained while imaging (which is
0.0108). Corresponding likelihood images lj,, and I, for LMP and MGLRT methods
are demonstrated in Figure (c) and Figure (d) respectively. Similar to the ©
image, LMP and MGLRT images are also normalized with respect to their maximum
values.

The estimated forces © between the tip and sample are arranged in a histogram plot
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which is shown in Figure 2.10] From Figure 2.0} it can be observed that the signif-
icant population (80 percent) of the estimates v is distributed around the peak value
vy = 3.59e — 3 which can be fit with a Gaussian distribution with mean 1y and standard
deviation o, = 6.98e¢ —4. This observation experimentally verifies that it is a reasonable

assumption that p(v) ~ N (v, 02).

= Pea

—1-P_

' | |

\
i T |-
0~ 0 0/ !

0 02040608 1 0 02040608 1

@) Ty, (b) 7_

Figure 2.11: (Experimental data) The false alarm rate Pr4 and probability of misde-
tection 1 — Pp performance of (a) the LMP method and (b) the MGLRT method with
different thresholds. The decision thresholds for both cases are normalized with respect

to the maximum value of likelihood signals received from experiment.

The likelihood signal images are compared with varying thresholds for decision
imaging. The image of the topography of the sample taken at slow speed in Figure [2.9
(a) is accepted as the true image with respect to which false alarm and misdetection
rates of the decision images are calculated. The false alarm rate Pr4 and probability
of misdetection 1 — Pp for LMP and MGLRT images for different choice of decision
thresholds are shown in Figure [2.11] (a) and Figure [2.11] (b) respectively. The decision
thresholds are normalized with respect to the maximum value of likelihood ratios re-
ceived while imaging. From Figure (a), it is evident that with LMP method it
is possible to achieve Ppy4 = 1 — Pp = 0.1 for the choice of threshold 7, = 0.137.
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Whereas, in Figure (b), the minimum error rate that is achievable with MGLRT
technique is Prq = 1 — Pp = 0.15 for the threshold 7,,, = 0.05. Thus, consistent to the
observation from simulation results, the experimental results suggest that LMP scheme
offers better decision accuracy than MGLRT technique (compare Figure with Fig-
ure . Furthermore, from Figure m (a), the range of 7, over which both Pp4
and 1 — Pp are retained below 0.5 is 0.32. In comparison, in Figure (b), Pra and
1 — Pp stay below the limit 0.5 only over a range 0.11 of 7,,, which is almost 67 percent
less than the range offered by LMP method. Thus, similar to the simulation results,
the decision accuracy of MGLRT method is found to be more sensitive to the choice of
threshold than the LMP method (compare Figure and Figure . However, as
mentioned before, synthesizing the likelihood signal for the MGLRT technique devel-
oped in this chapter is more convenient than the LMP method.

The effect of choice of threshold on fidelity imaging is discussed now. Fidelity met-
rics for LMP and MGLRT methods are derived using and respectively.
Figure 2.12 (a) and (b) demonstrate LMP decision and fidelity images for a low de-
cision threshold 7y, = 0.037, ), Whereas Figure (c) and (d) demonstrate effect
of relatively higher threshold 7, = 0.77p 1mp (Tpimp = (max(llmp) + min(llmp))/Q).
Similar to simulation results, low thresholding creates false alarms in the LMP deci-
sions over the depressed topographic zones in Figure (a). The pixels that represent
false alarms are assigned low decision confidence in Figure m (b). Putting a rela-
tively higher threshold on the other hand, allows the user to detect most of the low
topography zones correctly. However, some high topography zones are interpreted as
low topography by the decision image (misdetections) which are demonstrated in Fig-
ure (c). Corresponding fidelity image in Figure (d) assigns low decision fidelity
on the pixels that are misdetected. The MGLRT decision images and corresponding fi-
delity images are also shown in Figure [2.13| with similar effects observed for low decision
threshold 7,, = 0.0067,,, and for relatively higher decision threshold 7, = 0.187,,,
(Tpm = (max(ly,) + min(l,,))/2). Fidelity images successfully assign low confidence
on the misinterpreted zones that correspond to either false alarm or misdetection (com-
pare Figure (a) with Figure (b) and compare Figure (c) with Figure
(d)). Thus the fidelity imaging methodology developed in this chapter is validated by

experiments.
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Figure 2.12: (Experimental data) (a) LMP decision image and (b) fidelity image for low
decision threshold. (c) LMP decision image and (d) fidelity image for relatively higher

decision threshold. The color bars specify corresponding ranges.
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Figure 2.13: (Experimental data) (a) MGLRT decision image and (b) fidelity image for
low decision threshold. (¢) MGLRT decision image and (d) fidelity image for relatively

higher decision threshold. The color bars specify corresponding ranges.

2.6 Conclusions

A key challenge in atomic force microscopy which is widely unaddressed is to provide
fidelity metrics on the measurement data. In this chapter we developed techniques for
providing fidelity measures on dynamic mode atomic force microscopy method. The
method is particularly suitable for high speed deciphering of topographic features with
negligible mechanical wear and tear on the sample as well as on the probe. Fidelity
metrics are derived for both the locally most powerful and generalized likelihood ratio
test based signal processing techniques. The trade-off between the false alarm rate and
probability of detection for the choice of decision threshold is also discussed. The fidelity
metrics for the decision images allow the users to observe additional channels which help
to prioritize the choice of threshold; the choice is either to prioritize the high fidelity
deciphering of high topographic features versus high fidelity interpretation of absence
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of topographic features. Images indicating low (high) fidelity pixels corresponding to
incorrect (correct) decisions on topographic features are observed from both simulation
and experimental data. Thus the methods developed analytically in this chapter are
verified via extensive simulation and experimental results. Development of quantita-
tive methods for fidelity estimates of other AFM measurement techniques establishes a

natural extension of this work.



Chapter 3

Quantitative determination of

material properties with dynamic
mode AFM

3.1 Introduction

The atomic force microscope (AFM) [5] is used for a wide variety of studies where
nanometer or sub-nanometer spatial resolution is needed. The operational modes of
AFM have evolved to accommodate diverse set of applications developed by a wide
spectrum of researchers [30]. Recently a number of methods were devised for quan-
titative estimation of material properties. The principal techniques for flexure probe
based material property characterization can be categorized under contact mode and
dynamic mode methods. The contact mode methods include the force volume mapping
method [31], band excitation method (BE) [32,33] and dual amplitude resonance track-
ing (DART) method [10]. Contact mode methods can be harsh on the material being
imaged and the flexure probe [18]. In the dynamic mode the cantilever tip is forced,
typically sinusoidally that result in the cantilever tip oscillating periodically [34]. Here,
since the tip interacts with the sample intermittently, lateral frictional forces are small
which results in negligible wear and tear on the sample surface and the cantilever tip [17].

Thus the dynamic mode operation is particularly suitable for investigating soft material

33
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such as polymers and biological samples.

Different dynamic mode methods are present with a focus on material property
investigation [12}35-37]. However, interpretation of data is more complex for dynamic
mode in contrast to contact mode. In a recently reported dynamic mode approach
[12,138] the dynamics of the cantilever interacting with the sample is modeled by an
equivalent cantilever. Here the resonant frequency and quality factor of the equivalent
cantilever depend on the material properties of the sample. The changes in the resonant
frequency and quality factor are used to determine the stiffness and dissipative properties
of the sample. In this chapter a simple analytical method, steady-state based estimation
of equivalent parameters (SEEP), based on the assumption that the cantilever is in
steady-state is developed to determine the equivalent cantilever’s resonant frequency
and quality factor. SEEP relates the measured amplitude and phase of the oscillating
cantilever (when being forced by a sinusoid near or at the first resonant frequency) to the
parameters of equivalent cantilever. The recursive estimation of equivalent parameters
(REEP) reported in earlier work [12,38] is compared with the new method. In the
recursive method presented in [38] the cantilever is forced with a sum of three sinusoidal
signals with the center sinusoid close to the resonant frequency of the first mode of
the cantilever. The other two frequencies are chosen symmetric around the center
frequency. The recursive method requires design of additional hardware to process the
cantilever deflection and excitation signals. In this chapter, it is demonstrated through
experiments that the recursive method is capable of estimating equivalent parameters
even when the cantilever is in a transient state. The new steady-state based method,
SEEP, does not require changes to how the cantilever is forced to the conventional
dynamic mode operation. Moreover, it utilizes the amplitude and phase of cantilever
oscillations which are readily available in most AFM setups. However, SEEP is based
on the assumption that the cantilever has reached steady state and cannot be used when
the cantilever is in a transient state. Thus the choice of the SEEP versus the recursive
method REEP depends on the need for simplicity in comparison to high-bandwidth
needs. For both the steady-state based method and recursive method, REEP, it is
shown via experimental results that how the methods are calibrated have considerable

influence on the accuracy of the methods. We also demonstrate that it is important to
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address the deviation of the measured cantilever response from that of an ideal spring-
mass-damper (SMD) model which is often derived by approximating the behavior of
the cantilever based on its first mode.

The parameters of the equivalent cantilever that models the cantilever-sample inter-
connected system provide important information on material properties. The dissipated
power to the sample represents the power lost to the sample. The storage power that
represents the conservative interaction with the sample provides important clues on the
elastic behavior of the sample. Both the storage and dissipated power can be determined
from equivalent parameters [12,381|39]. The dissipative and storage powers [36,[37] can
be evaluated using conservation principles as well. Here the difference between the input
power to the drive that forces the cantilever and the power dissipated due to damping
yields the average dissipative power because of tip-sample interaction [36]. The storage
power due to tip-sample interaction can also be estimated similarly. Both works [36]
and [37] assume a sinusoidal steady state trajectory of the cantilever. We demonstrate
here that the reference position where the nominal reference amplitude and phase are
obtained (needed for this method) appreciably influence the inferences drawn on the
material properties. We also provide a systematic method for addressing the deviation
of the measured cantilever deflection from the SMD model and for determining storage
and dissipated power from measured data.

This chapter is organized as the following. The equivalent cantilever model method
is introduced in Section [3.2] Section derives considerably simple semi-analytical
method SEEP which is followed by description of the REEP method for estimating the
equivalent parameters. In Section [3.4] existing methods that use conservation princi-
ples to estimate sample storage and dissipative powers are modified to account for the
deviation of the cantilever behavior from SMD models. Simulation results are discussed
in Section Section [3.6] explains the experimental procedures and results in detail.
Section concludes with future directions of this work.
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3.2 Preliminaries
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Figure 3.1: Estimation of storage and dissipation properties of the sample based on
identifying equivalent parameters. The system including cantilever and tip-sample in-
teraction in the dynamic mode operation is modeled with an equivalent cantilever model
which is described by parameters (weq, Qeq) With feq = weq/2m as shown in the figure.
The equivalent parameters (feq, Qeq) are further utilized for estimating average storage

power ®¢ and dissipative power ®p due to tip-sample interactive force h = ¢(p, p).

The cantilever dynamics when modeled as a spring-mass-damper (SMD) system is gov-

erned by:
0+ wip = F(t) = g(t) + ht), (3.1)

P+ @p
h(t) = ¢(p,p), y =p + ¢,
where p, p are the deflection and velocity of the cantilever tip respectively, F' is the
force per unit mass on the cantilever which is the sum of the dither excitation force
(denoted by g) and the nonlinear tip-sample interaction force (denoted as h). y is the
measured position which is the position (denoted as p) corrupted with measurement
noise (denoted by (). wp and Qo are the resonant frequency and the damping factor

of the cantilever far from the sample. The resulting system consists of the plant G
specified by (wp, Qo) and the nonlinear feedback term h as shown in Figure Closer
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to the sample surface, the effective damping changes which is attributed to squeeze film
damping (see Ref. [36]) where the sample interaction force h is still small. Consider
a cantilever tip position (termed as the reference position) where the lever is at such
a distance from sample that it is under the influence of squeeze film damping but the
force due to the interaction with the sample is negligible. Let the resonant frequency
and quality factor of the cantilever at the reference be given by w, and @), respectively
(which can be different from (wg,Qo)). Thus at the reference position the cantilever
dynamics is described by with wy and Qo replaced by (wr, Q).

Now the cantilever interacting intermittently with the sample is considered. Using
tools from asymptotic methods for weakly nonlinear systems [40,41] it can be shown
that the cantilever interacting periodically with sample can be modeled by an equivalent
cantilever with resonant frequency we, and quality factor Q¢q. The equivalent cantilever

is described by [28}42]
Weq(a)
Qeq(a)

where weq and @Q¢q depend on the amplitude a of the cantilever oscillation. It can be

shown that (see Ref. [12])

P+ P+ wey(a)p = g(t), (3.2)

2 Weq(a) w 1
2 2 eq T
—w- 2, . o, 3.3
Weq(@) = wp am 2Qcq(a)  2Q, * amwy d (3.3)
with
2m o :
o, — - / lacosy, —awasing) (3.4)
2T 0 m
2m o :
B, — 1/ ¢(acosth, —awgsin ) Sinpdip, (3.5)
27 0 m

where m is the mass of the cantilever and wy = 27 f; is the external drive frequency.
The quantity —% fOT o(p,p)p dt denotes the time-averaged power dissipation attributed
to the tip-sample interaction where 1" is the time period of oscillation. It can be shown
that —% fOT o(p,p)pdt = awyPy (denoted by ®p) |12]. Similarly, the storage power due
to tip-sample interaction is defined as %¢ fOT ¢(p, p)p dt which can be shown to be equal
to awy®. (denoted by ®¢). Thus the storage power ¢ and dissipative power ®p can
be evaluated using once the equivalent parameters (weq, Qeq) and parameters at
reference (wy, @y) are known. In the next section we derive techniques of ascertaining

equivalent parameters weq and Qeq.
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3.3 Estimation of equivalent parameters

(Weqs Qeq) can be estimated using two different methods described below. The first
method namely the steady-state estimation of equivalent parameters (SEEP) assumes
that the scanning is slow enough such that cantilever oscillations can be approximated
by its steady state behavior. The other method referred to as the recursive estimation of

equivalent parameters (REEP) technique does not require the steady state assumption.

3.3.1 Steady-state estimation of equivalent parameters (SEEP)

Here we briefly outline the method of estimating parameters of the equivalent cantilever
based on the assumption that the cantilever is in steady-state. Assume that the resonant
frequency and quality factor of the cantilever dynamics at the reference position are
known and described by the pair (w,,®,). When the oscillating cantilever interacts

with the sample, the equivalent frequency can be estimated using (see Ref. [43])

2,2
wrwy

QF
T

where wg = 27 f; is the external drive frequency, a, is the measured cantilever oscillation

Weq = A | W2 + % cos() \/(w,? —w?2)?+ (3.6)

amplitude at reference position, a is the amplitude of oscillation for cantilever interacting
with the sample. 6 := 0 + ., where 0 is the phase difference between the external drive
signal and deflection of cantilever oscillations. 6. is referred to as the bias phase which
can be estimated utilizing methods outlined in Appendix[A.1] Both a and 6 are available
in real time in standard dynamic mode AFM setups. Further, the equivalent quality
factor (Q¢q can be determined using
Wileq

(w2, — w?) tan (6)
The derivation of and are detailed in Appendix It should be noted

that the amplitude a and phase 0 of cantilever oscillations are the key signals utilized

Qeq = (3.7)

in estimating we, and @, using the above method. Since a and 6 (thus é) can be
interpreted meaningfully only in the steady state part of the cantilever oscillations, the
equivalent parameters need to be estimated in the steady state as well. weq and Q¢4

determined using (3.6) and (3.7)) are referred to as wgeep and Qgeep respectively in the

results section.
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3.3.2 Discrete-time recursive estimation of equivalent parameters (REEP)

Equivalent parameters can also be evaluated using discrete time signal processing tech-
niques without the assumption of steady state oscillations which is described briefly
below. The method in [3§] utilizes a discretized model of a general second order con-

tinuous time dynamics. Such a general discretized second order dynamics is described
by:
p(k) = —bip(k — 1) — bop(k — 2) + u(k) + e(k),
u(k) = azg(k) + a1g(k — 1) + apg(k — 2), (3.8)
e(k) = ¢(k) + bi¢(k — 1) + bo¢(k — 2),

where p(k) and g(k) denote the cantilever deflection and dither forcing sampled at
time ¢ = kT where Ty is the sampling interval. ((k) is zero mean white measurement
noise with variance 2. In the above setup, the unknown parameters can be recursively
estimated by defining the unknown vector m = by by ag a1 ag ], the observation
vector (k) = [ —p(k—1) —p(k—1) g(k) g(k—1) g(k—2) |7 and noticing that
p(k) = miy(k) + e(k). The parameter vector m can be recursively estimated using a
least square approach. However, it is seen that (ag, a1, ag) can be evaluated from the
discrete time equivalent of the transfer function G, (s) (which is estimated by applying
a frequency sweep method around first resonant frequency at the reference position).
Subsequently the values of ao, a1 and ag can be fixed to the reference values which leads

to a simpler parameter identification problem. Thus (3.8 can be written as

_ k=1 |
(k) = [b1 bo] [ (k- 2) +e(k), (3.9)
rr S————
(k)

where I' represents the vector of unknown parameters and (k) = p(k) —a29(k) —a19(k—
1) —apg(k —2). A weighted least square estimate of I" denoted as I';,5(k) is defined that
can be computed by solving the following unconstrained optimization problem

Fus(k) = argmin S\ (2(0) - o7 ()T (), (3.10)

where a forgetting factor A € (0,1) is introduced to emphasize on recent observations

compared to the past observation data [38]|. Furthermore, the speed of convergence of
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solutions to can be controlled by tuning A. Moreover, corrections on the estimates
of ' =[b; by |]* must be made since colored noise, e(k), in 1) creates bias in the
estimate [44,45]. In order to remove the bias, a bias compensated exponentially weighted
recursive least square (BCEWRLS) algorithm is proposed in [38] which is adopted in
this chapter. The continuous time parameters freep = (Wreep/27m) and Qreep describing
the cantilever dynamics can be easily obtained from the discrete time parameters by, by

in closed form [38] using;:

— / 2 __ 12
v = tanhfl <1 bO) , Vg = tanfl <(4b0b1)) ’

1+ by by

! /
wreep wreep
— = . 3.11
27TT3 ) Qreep 20, ( )

/ _ U1 2 2 _
wreep - 5 + V3, freep -

Once these estimates (Wreep = 27 freep, Qreep) are available, storage power ®¢ and dis-
sipative power ®p are determined using ®¢ = awy®., Pp = aws Py where @, and Py
are evaluated using . It is evident in the above method that there is no assump-
tion that the data is collected from steady state. Thus transient data can be utilized
as well. In principle the original five parameter identification can be recursively esti-
mated thereby eliminating the need for determining the reference position. However,

the resulting identification problem is more involved.

3.4 Equivalence of storage and dissipative powers

The power dissipation due to tip-sample interaction can also be evaluated using con-
servation principles [36]. Here we first provide a brief description of the approach. Let
F(t) be the total force on the cantilever driver and z(t) be its position (in most AFM
setups, the driver is a dither piezo attached to the base of the cantilever and z will
represent the movement of the base of the cantilever). Then F(t) = k(z(t) — p(t))
where p(t) is the position of the cantilever tip, & is the stiffness of the lever [36]. For
sinusoidal excitation assume that z = A, cos(wqt + 6,) where A, and 6, represent the
amplitude and phase of z at the drive frequency wy. Assuming sinusoidal trajectory
of cantilever, p(t) = Apcos(wgt + 6p). The instantaneous power input to the driver is

P (t) = F(t)2(t) = k(z(t) — p(t))2(t). It can be shown that average input power over
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a complete cycle of duration T = 27 /wy is given by

_ 1T 1 ,
Py, = T/o Py, (t) dt = %Azprd sin(6, — 6,). (3.12)

The viscous damping coefficient on the cantilever body at the reference position is ¢;.
The average power P, due to background dissipation for damping during interval T' can

evaluated as

Lt L 229
P, = T/o cpp”(t) dt = §crprd. (3.13)
Using conservation of energy, P;,, must be equal to P, + P; where P, is power dissipation
due to tip-sample interaction. Now ¢, = (mw,)/Q, where (w,,Q,) denote the resonant
frequency and quality factor at reference position. The mass of the cantilever is m =

k/w3 where wy is the free-air resonant frequency. From (3.12) and (3.13) it can be

written as

Py= Py — Py
— kA}%wd A.Qr sin(6, — 0,) — Wrg (3.14)
2Q, Ap = w% ’

Note that the dynamics between the base movement z and the tip deflection p is de-

scribed by (under no sample interaction)

Wr
Qr

Here it is assumed that the resonant frequency and quality factor at the reference

P+ p—l—w,%p:wfz.

position are available from experimental data. Thus it follows that

w2

r . 15
(s2 + %8 + w3)2<3) (3.15)

p(s) =
Since the drive frequency wy =~ w;, from (3.15) it follows that at the reference position
Wd

wrQr
= oy ,hence Az == TQ,,AP’T’ (316)

p(jwa)
2(jwq)

where Ay, is the amplitude of p at reference position. From (3.14)) and ({3.16)), it follows

that EAZ0? /A )
w w
P — pd p,T s 02 _ 9 _ T . 1
g 72@7&% (Ap sin( ) w%) (3.17)
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Note that in the above derivation it is hard to measure the base movement z directly;
only the signal u with which the drive is excited is available. Here the frequency response
from the drive u to the measurement of the tip-deflection denoted by y,, is available. We
further assume that y,,, = p. However, it is demonstrated later that the experimentally

observed transfer function from u to y,, obey the following transfer function (also see
Appendix [A.1)):

(a1s + a)
(s + s +w?)

u(s), (3.18)

where u and ¥, are the measurable external drive and deflection signal respectively.

Ym(s) =

Hence Ay, = |Y;,(jwq)| = a and A, , = a, where a, is the measured deflection amplitude
at reference position. Since ¥, = p, from (3.15)) and (3.18)) it follows that

£(Z(jeoa)) — LU (jeoa)) = arctan (‘““’d) 4.,

0. =0, + 0., (3.19)

where 6, is the phase angle of the phasor U(jwg). Thus

(0. — 0,) = (0 — 0, +0.) = 0, (3.20)
——
[4
where 60 is measured experimentally and 6. is the correction term which can be deter-
mined using the methods outlined in the earlier section. 6 is referred to as the bias

corrected phase. Further using the approximation that wg, w, and wqg are close, from
(3.17) and (3.20) it follows that [36]

kawq [ay, ~
P = (%2 sin@) ~ 1) . 3.21
1= ot (% sin(d) (3:21)
The dissipative power calculated through 1’ utilizes the bias corrected phase 6 and

predetermined values for a, and @), at the reference position.

The average storage power Py due to tip-sample interaction is defined as Py = wy <
¢.p > where <> denotes the time average and ¢ is the tip-sample interaction force. It
can be shown that (see Ref. [37])

- wdkApmAp 2Q,
N 2QT Ap,TAp

ApQr wy
—I—m <1_w2 —cos(0, —6,) |,

Py < dp >

(3.22)
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where dp is the time averaged deflection (the ‘dc’ component). For usual dynamic mode
operation 6p << A,,Ap,. Thus the first term on the r.h.s of (3.22) can be ignored.

Further, using (0, —6,) = 0 from 1) Ay, =ap, Ap = a, from lb it follows that

k T r 2 o
P, - w;; a <a§? <1 . Zg) - cos(9)>. (3.23)

Thus P can be evaluated using regular dynamic mode amplitude a and corrected

phase image 6 when parameters at reference (wr, Qr,a,) are known. Suppose that
wg, wr and wp are close to each other. Further, assume that the cantilever oscillates
in steady state. Under these assumptions, we show that the storage and dissipative
powers Py and Py derived using the mechanical energy balance techniques are the same
to the parameters & and ®p determined utilizing the SEEP method of estimating the
equivalent parameters. Since wg =~ w,, the storage power in can be simplified as

wgkara ~

20, cos(0). (3.24)

Further, the r.h.s of (3.6) can be simplified to

ar ~
Wseep — Wd 14 a0, COS(G), (325)

where weq in (3.6)) is replaced with wgeep to indicate that the equivalent parameters are
estimated using the SEEP approach. From (3.3), substituting weq with wgeep it follows
that ®, = “*(wf — wZ,,). Using (3.25) and the relation m = k/wj = k/wj (since

wq ~ wp), it can be shown that

Pst:

wgkara
20,
which is the same as Py shown in . Similarly, substituting we, and Qe with
Wseep aNd Qgeep 1N , it follows that ®; = a";wd((g‘:—ee?; - &) Further, from ,
Wseep _ (Wheep—wd) tan(f). Thus it follows that

Do = awg®. = — 0s(6), (3.26)

Qseep - (&F
By — O (oo =¥y (3.27)
d= an _ . .
2 Wd Qr
Substituting the expression for wsep, from (3.25) in (3.27)), it follows that
kawy [ay, ~
Dp = awg®q = o (L sin(d) - 1), 3.28
D = aWwq®Pq 20, \a sin(0) ( )
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which is the same as the dissipative power P; derived using the mechanical energy
balance method shown in . Hence, we have demonstrated that determining storage
and dissipated powers by evaluating equivalent parameters and by using conservation
principles agree with each other. However, the equivalency holds under the assumption
that the cantilever trajectory is in steady state and is sinusoidal. The results from the
different techniques described above are presented below in a step by step approach

using simulation results followed by experimental data.

3.5 Simulation results

4
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Figure 3.2: (Simulation data) Equivalent parameters (fe; = weq/2m, Qeq) estimated
using SEEP and REEP techniques during the transient and steady-state part of the tra-
jectory of the oscillating cantilever. When sep is low (high), the oscillating cantilever in-
teracts (does not interact) with sample. In absence of sample, the cantilever is described
by ideal spring-mass-damper model with resonant frequency fo = wo/2m = 63.147 kHz
and quality factor Qg = 227.85.

Here we first present a comparison of the SEEP method and the REEP technique of
estimating the equivalent parameters using simulation. The interactive forces between
the sample and tip of the cantilever in air typically follows a long range attractive and
short range repulsive behavior (see Figure . This behavior is modeled with a piece-

wise linear model which consists of two springs and two dampers shown in Figure 2.3
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Such a model is useful to mimic interactive forces from many substrates in air [28,42].

Let wp denote the bandwidth of the amplitude of the cantilever oscillations. wp de-
pends on the cantilever’s resonant frequency wp and quality factor Qo by wp = wy/2Qy.
Since wp reduces inversely with g, high Qg values cause the transients in the cantilever
trajectory last for longer time. fe; = weq/2m and Q¢4 estimated using the SEEP method
are denoted as fseep and Qseep respectively. Further, freep and Qreep denote the corre-
sponding parameters estimated using REEP method. The noise in the estimates fseep
and @Qseep depend on the bandwidth of the lock-in filter which is utilized to gather the
amplitude a and phase signal 6 from cantilever deflections. The noise variance in the
REEP estimates depend on the choice of forgetting factor A in and bandwidth of
the low pass filters that are utilized to reduce the noise contents in frcep and Qreep. For
convenience of comparison, the bandwidth of lock-in filter for SEEP technique, the for-
getting factor A and bandwidth of low pass filters for REEP technique are chosen such
that the noise levels in both SEEP and REEP estimates are similar. Although reduc-
ing the low-pass bandwidth of the lock-in filter reduces the noise in SEEP method, the
bandwidth must be higher than wp such that the time constants of estimated amplitude
(a) of cantilever oscillations are not influenced by the lock-in filter.

The transient response for three different cantilevers with the same resonant fre-
quency fo = wo/2m = 63.147 kHz and different quality factors Qo = 227.85, Q =
2Qp = 455.69 and Q = 3 * Qo = 683.55 are studied. These cantilevers are driven at
the resonant frequency, that is wy = wp such that the amplitude of oscillation is 50 nm.
The distance between the cantilever base and the sample (shown as sep in Figure
is varied in a step wise fashion such that when sep is low (high), the oscillating can-
tilever interacts (does not interact) with the sample. Figure shows the transient
response from the cantilever with Qo = 227.85. When the oscillating cantilever tran-
sitions from the interaction state (sep is low) to no-interaction state (sep is high), the
time to attain steady state for the parameters f.; = wey/2m and Q¢q estimated using
REEP and SEEP methods are observed which are tabulated in Table Bl Both REEP
and SEEP methods match when the cantilever has reached steady-state near-sinusoidal
oscillation (see Figure . In Figure and Table Tomp denotes the time required
to reach steady state by the amplitude of cantilever oscillations. T’ ycep and T reep de-

note the convergence times for equivalent frequency and quality factors estimated using
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the REEP technique. Similarly, Tt seep and T seep represent corresponding convergence
times for the SEEP method (see Figure . For each quality factor shown in Table
the estimates using REEP method converge faster than the SEEP technique. For
example, at Qg = 227.85, the SEEP method requires 5.8 ms for both the estimates fseep
and Qseep to converge. However, the time required for both freep and Qreep to converge
in REEP technique is 1.8 ms which is almost 69 % smaller than the time required by the
SEEP method. It should also be noted that for the SEEP method, the estimates need
longer time to reach steady state with higher quality factor. However, for the REEP
method, the convergence becomes slightly faster when higher quality factor cantilevers
are chosen. Hence, REEP is suitable for faster estimation of equivalent parameters.

Comprehensive experimental results are presented in the next section.

Q Tamp | Trreep Ttseep | TQreep  1Qsecp
(ms) | (ms) (ms) (ms) (ms)
227.85 | 4.7 1.8 3.9 1.6 5.8
455.69 | 7.6 1.5 8.1 1.3 10.9
683.55 11 0.84 8.6 1.1 15

Table 3.1: (Simulation data) Time constants involved in estimation of equivalent pa-

rameters (in milliseconds).

3.6 Experimental results

3.6.1 Selection of system model

In many AFM setups, the drive u to the dither piezo at the base of the cantilever and
the measurement vy, of the tip-deflection are available as data which are used to infer
sample properties. Under ideal conditions with the spring-mass-damper (SMD) model
the transfer function from u to y,, with no sample force (h = 0) is given by

P2

Gols) = 2,
0(5) 52—1—%54—@){2}

(3.29)

where (35 is a scalar, s is the Laplace variable. However, as shown here, the experimen-

tally obtained transfer function from the drive u to measured tip-deflection y,, of the
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form
Bis + B2

Go(s) = ¥————,
52 4 wfgs+w§

(3.30)

better explains the data. Here the numerator contains a non-zero coefficient 31 of s.
The rationale for choosing ([3.30) to represent the dynamics of the cantilever is provided

below.

0
7 7.2 7.4 7 7.2 7.4
f(Hz) x10* f(Hz) x10*

Figure 3.3: (Experimental data) Frequency response of cantilever in free air. Data is fit
using a plant model with 81 = 0 denoted by Fit 1. Fit 2 is obtained using nonzero ;.

Fit 2 better approximates the frequency response.

Frequency response of AC240TS cantilever from Asylum Research obtained by ap-
plying frequency sweep input in free air is shown in Figure [3.3] The peak frequency
fp = wp/2m is found to be 72.55 kHz where the phase §=49.76 degrees. The frequency
response is fit with plant model first described by (called Fit 1) followed by
(called Fit 2). For Fit 2, The departure of the phase 6 from 90 degrees at resonant peak
can be shown equal to 0. = arctan(fiw,/B2) (see Appendix for details). It is ev-
ident from Figure that Fit 2 (81 # 0) not only better fits the frequency response
data than Fit 1 (81 = 0), it also explains the departure of phase from 90 degrees at f,
(40.24 degrees from Figure which is close to 6. = arctan(fiwp/B2)=41.93 degrees.
Repeated experiments confirm the same conclusion.

The main contributing factor for the numerator polynomial being first order and

not a constant in Gg is hypothesized as being caused by the presence of delays between
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the drive and the tip-deflection which include both electronic and structural effects.
Evidently, the sources of delays cannot be completely accounted for by electronic sources
which should remain unchanged whether the cantilever is far away with no squeeze film
damping effects or at the reference position. In this chapter we leave the study of the
sources of the delays to future; here it is assumed that the transfer functions from the
drive to the tip-deflection measurement when intermittently interacting with the sample

and at the reference position share the same numerator polynomial.

3.6.2 Estimation performance on transient data

Results from transient response experiment are discussed now. The cantilever is driven
sinusoidally near mica substrate such that it oscillates under squeeze film damping with
oscillation amplitude of 122 nm. The parameters at reference position f, = w, /27 and
Q. are found using frequency sweep method which are 73.4 kHz and 131.6 respectively.
The mica substrate is actuated in the z-direction using a piezoelectric actuator. A pulse
waveform (shown as Z;, in Figure (a)) is applied to the piezoelectric actuator such
that the mica substrate periodically nudges the oscillating cantilever out of its steady
state. Both REEP and SEEP methods are employed to estimate the equivalent param-
eters which are shown in the Figure In Figure (a), it is observed that after
the nudge arrives, the oscillation amplitude takes time T5,,, = 3.4 ms to recover to its
steady state value of 122 nm. It should be noted that the bandwidth of oscillation am-
plitude of the cantilever is given by fp = f,/(2Q,) = 73.4 kHz/131.6 = 279 Hz. Thus
the expected recovery time tg = 1/fp= 3.6 ms which is consistent to the observation
Tomp = 3.4 ms. From Figure (b) and (c), the time to reach steady state for SEEP
estimates fseep and Qseep are observed to be T g, = 1.4 ms and T qr, = 3.5 ms respec-
tively. Thus, interpretation of data is possible after 3.5 ms which is close to the recovery
time of amplitude (Tymp = 3.4 ms). From Figure (b) and (c), the time to attain
steady state for freep and Qreep Which are denoted as T ycep and T reep respectively
are both 1.8 ms. Indeed, REEP based estimation offers superior bandwidth than the
SEEP method. When the cantilever oscillation reaches steady state, it is evident from
Figure [3.4] that both REEP and SEEP methods concur with each other.
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Figure 3.4: (Experimental data) (a) The input signal Z;, (in V) to z-piezo actuator with
amplitude of cantilever oscillations Amp (in meter). (b) REEP estimated equivalent
frequency freep and SEEP estimated equivalent frequency fsep (in Hz). (b) REEP
estimated equivalent quality factor Qrecp with SEEP estimated quality factor Qgeep-
Time axis is in the units of Ts where 1/T; is 2 MHz.

3.6.3 Approach-retract experiments on mica

Now we demonstrate the need for choosing proper reference position. It is observed

that the transfer functions from the drive to the measured tip-deflection of the form

Gr(s) = % and (3.31)
_ a1s+a
Geq(s) - 52+%5-Ew3q’ (332)

provide a good fit to the data when the cantilever is at the reference position and
is interacting with the sample respectively. In transfer functions G,(s) and Geq4(s)
the numerator polynomial coefficients o1 and o are the same. Note however, that
the numerator polynomial coefficients 52 and (31 for the model Gy(s) shown in
(obtained with the cantilever far way from the sample where no squeeze film damping
effects are present) differ from ag and «;. Through repeated experiments it is verified

that (aq, ) differ consistently from (51, B2).



50

7
= 120 T150
= N/ ‘53100,—_4‘ —
g.O.5 \8/
< < 50
2 4 6 2 4 6
«10% (a) Time 10° (b) Time 10°
= 7 150
T =100 N
‘-’0_69 _freep Gm 50 _Qreep
g —f e " —a_
2 4 6 2 4 6
(c) Time 10° (d) Time «10°

Figure 3.5: (Experimental data) (a) Deflection amplitude a (meter) during approach-
retract cycle on freshly cleaved mica. (b) Corrected phase 6 (degrees). (c) Equivalent
frequency using REEP (freep) and SEEP method (fseep) in Hz. (d) Equivalent quality
factor using REEP (Qpeep) and by SEEP method (Qseep). The reference position is

chosen in free air. Resolution of time axis is Ty with 1/75s=1.024 MHz.
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Figure 3.6: (Experimental data) (a) Deflection amplitude a (meter) during approach-
retract cycle on freshly cleaved mica. (b) Dissipation power using REEP (®p) and by
shown as P, (unit Watt). (c) Storage power ®¢ using REEP and using
denoted as Py in Watt. The reference position is chosen in free air. Resolution of time

axis is Ts with 1/75=1.024 MHz.

Dynamic mode force curve (approach-retract) experiments are performed on freshly

cleaved mica sheet using MFP-3D AFM from Asylum Research. Such approach-retract
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cycles are sufficiently slow so that the cantilever oscillation can be assumed to be in
steady-sate. The free-air cantilever transfer function model from dither excitation signal
u to the measured deflection y,, is estimated using a frequency sweep method [46]. The
first mode resonant frequency and quality factor are found as fy = wy/27 = 68.765 kHz
and Qg = 116.287. The numerator coefficients of the transfer function as shown in
in free-air are estimated to be f; = 5.6526e+03 and B2 = —3.3618e¢+06. The excitation
and deflection data of the cantilever are gathered with sampling frequency of 1.024
MHz. The set of coefficients (a2, a1,ag) for the discrete time plant dynamics as shown
in are used for REEP based estimation of frcep and Qreep. The drive frequency fqy
(= wq/27) is the same as fy (68.765 kHz). The reference oscillation amplitude (same
as free air amplitude) is set to be a, = 125.26 nm. foeep = Weeep/2m and Qgeep are
determined using and respectively where the parameters (w,, @Q,) are chosen
to be the same as (wp, Qo). Figure suggests that estimated frequencies fyecp and
fseep match well. However Qreep and Qseep deviate considerably from each other. In
Figure[3.5](d), the average percentage difference between Qreep and Qgeep is 33.6 %. This
discrepancy is attributed to inappropriate choice of reference position which in this case
is the free-air model. The storage power ®¢ and dissipation power ®p are evaluated
as described in Section [3.3| using REEP. Storage power Py and dissipative power Py
are also evaluated utilizing conservation principles from and respectively
which are compared in Figure[3.6] Evidently Ps; matches with ®¢. However & and Py
differ significantly when the oscillating cantilever engages with the sample. In Figure[3.6
(b), the average percentage error between ®p and P, is estimated to be 72.3 %. Again
this difference is attributed to ignoring the effect of squeeze film damping and choosing

incorrect @, and 6, (thus 6).
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Figure 3.7: (Experimental data) (a) Oscillation amplitude a (meter) (b) Corrected phase
0 (degrees). (c) Equivalent frequency using REEP (freep) and SEEP method (fseep) in
Hz. (d) Equivalent quality factor using REEP (Q;eep) and SEEP method (Qseep). The
reference position is chosen near sample to include squeeze film damping. Resolution of

time axis is Ts with 1/7,=1.024 MHz.

7 -12 -1
x10 6X 10 oX 10
_¢D _¢c
1 _Pd i 1 / _Pst
4 f//
0
0.5 ~ )
// L%- ’
0 0

1 2 3 41 2 3 41 2 3 4
(a) Time , 40° (b) Time , 40° (©) Time , 1¢°
Figure 3.8: (Experimental data) (a) Oscillation amplitude a (meter). (b) Dissipation
power using REEP (®p) and Py using in Watt. (c) Storage power using REEP
(shown as ®¢) and using denoted as Py in Watt. The reference position is chosen
near sample to include the squeeze film damping effect. Resolution of time axis is Ty
with 1/75=1.024 MHz.
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Now the cantilever transfer function is estimated using frequency chirp at a reference
position which is close to sample to include squeeze film damping. The reference pa-
rameters are found to be f, = w, /27 = 68.857 kHz and @, = 74.61 with the numerator
coefficients oy = 4.455e + 03, ay = 7.9461e + 08. fq = wq/27 is chosen as 68.784 kHz.
Amplitude of oscillations at reference a, is chosen to be 102.67 nm. (fseep, Qscep) are
determined using and . Discretizing the transfer function at reference position
yields the parameters (ag, a1, ag) which are used by REEP method. From Figure (c)
and (d), the close similarity of freep With feeep and Qreep With Qgeep can be observed.
The difference between Qrecp and Qseep from Figure (d) is estimated to be 0.94 %
which is much smaller compared to 33.6 % in Figure (d). Further, the percentage
difference between ®p and P, from Figure (b) is estimated to be just 13 % in con-
trast to 72.3 % observed in Figure (b). The storage power ®¢ determined through
REEP and P, estimated using also match closely in Figure (c). Thus, selec-
tion of proper reference position plays important role in determining the storage and

dissipative parameters.
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3.6.4 Stiffness and dissipation imaging of PLM A-PBMA polymer blend
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Figure 3.9: (Experimental data) (a) Height image (nm), (b) amplitude image (nm) and
(b) 6 phase image (degrees) of a 20 um x 20 um PLMA-PBMA polymer sample.

Real time algorithm for REEP is designed and implemented on Xilinx ML605 FPGA
kit. The dither excitation and cantilever deflection data are collected through 4DSP
FMC-151 ADC-DAC module that acts as an interface between the FPGA board and
analog input/output ports available from the controller box of MFP-3D AFM from
Asylum Research. After extensive verification of the developed FPGA design through
simulations, the design is used to process dither excitation v and measured deflection
Ym from MFP-3D AFM to estimate the equivalent parameters frcep and Qreep in real
time. Dynamic mode imaging is performed on a blend of poly(lauryl methacrylate)
PLMA and poly(butyl methacrylate) PBMA sample. AC240TS cantilever with free-air
resonant frequency fo = 72.7 kHz and quality factor Qg = 146.4 is selected for imaging.
The stiffness of the cantilever k is estimated as 1.75 nN/nm from thermal data in free air.
The reference position is chosen near sample and the frequency tune near first mode

resonance is used to estimate («j,a9) and the bias phase 6. as explained previously.
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This offset correction for 6 is also done in the Igor Pro software from Asylum Research
during AC mode tuning near sample. The dynamic mode height, phase 6 and amplitude

images of a 20 x 20 micron sample is shown in Figure 3.9
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Figure 3.10: (Experimental data) (a) Shift of equivalent frequency of oscillating can-
tilever around the bias frequency of 72.273 kHz estimated through REEP (freep) and
(b) using SEEP method (fscep) in Hz. (c) Equivalent quality factor (Qreep) evaluated
using REEP and (d) using SEEP method (Qgeep)-
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Figure 3.11: (Experimental data) (a) Storage power ®¢ evaluated through REEP and
(b) Ps; estimated using (3.23)) in pW. (c) Dissipative power ®p estimated by REEP and
(d) Py estimated using 1} in pW.

Drive frequency f; is chosen to be 72.738 kHz. Equivalent parameters estimated
both using SEEP and through REEP are shown in Figure Evidently, REEP and
SEEP estimation for equivalent parameters (feq, Qeq) provide a close match. Further,
storage and dissipative power images are computed and shown in Figure |3.11} Close
similarity between estimated storage powers ®- and Py is evident from Figure (a)
and (b). Dissipative power ®p evaluated through REEP and P, using are shown
in Figure (c) and (d) that are also close match.

3.7 Conclusion

This chapter reports a simple steady state based method (SEEP) for estimating material
properties using the dynamic mode of AFM operation. This method employs available

signals used in the standard intermittent contact dynamic mode operation where the
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external excitation to the cantilever need not be altered. The REEP technique is demon-
strated to be capable of estimation during transient phase of cantilever oscillation. Thus
REEP offers higher bandwidth of estimation than the analytical method. However,
REEP requires complex hardware implementation and careful selection of excitation
signals at multiple frequencies. This chapter also provides a comparison of independent
approaches for estimating the storage and dissipative power components due to inter-
action between cantilever tip and sample. Selection of appropriate system model for
interpretation of the AFM data is discussed with verification through experiments. The
important role of selection of a reference position with respect to which the equivalent
parameters and storage-dissipation powers should be evaluated is also emphasized with
extensive results. It is demonstrated that by careful experiments, so far independent
approaches for estimating storage-dissipation can yield similar results. Thus this chap-
ter unifies the different methods available for stiffness-dissipation imaging with regular
dynamic mode AFM. The step by step procedure for selection of plant model, choice of
reference position and incorporation of correction terms in the phase signal can be used
as recipe by AFM users for investigating sample properties with dynamic mode AFM.
As an extension of this work, theoretical models should be developed for explaining the

origin of the system model that better explains the cantilever dynamics.



Chapter 4

Design of FPGA based material

characterization module for AFM

4.1 Introduction

System identification has played a key role in mathematical characterization of systems.
Since the earlier pioneering works emphasizing mostly on identifying linear systems [47-
49], techniques have broadened to characterize nonlinear and stochastic systems as well
[50-54]. Further, a significant amount of research emphasizes real-time identification
techniques employed for time varying systems [55-58]. This chapter details an embedded
implementation of such a real-time system identification algorithm first reported in [3§]
(also outlined in Sectionof Chapter with application to atomic force microscopes
(AFMs). This algorithm employs forgetting factor for prioritizing recent measurement
data compared to the past data [57].

Since its invention [5], AFM has become a tool of choice for investigating materials
in the nanometer or sub-nanometer regime. Traditionally, AFMs were primarily utilized
to investigate topography of samples. In recent times, researchers have also developed
AFM based methods for characterizing mechanical properties of materials at the nano-
scale. Examples of such applications include but not limited to opto-electronics [59],
drug delivery [60], biology [61-65] and also polymer science [66-68]. Many such appli-
cations employ either forced indentation methods [62}/64] or contact resonance mode

methods [10,61./69,70]. Such contact mode techniques are simple and robust, however,

58
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they create substantial mechanical wear and tear on the sample as well as on the AFM
probe [18,[71]. One promising alternative is to employ dynamic mode of AFM opera-
tion [15},20,72] which creates minimal mechanical wear. Recently, techniques [9},35,66.73]
have emerged where mechanical properties of material can be determined employing the
dynamic mode of AFM operation. These techniques are particularly well suited for in-
vestigating soft-matter. Moreover, with the development of novel system theoretical
perspectives of dynamic mode AFM (see [12,[28]74,/75]), it is possible to employ real-
time system identification methods for estimating the stiffness and dissipative properties
of materials [12,138] which is explained in Section and Section of Chapter
Such a system identification approach which we adopt in this chapter requires minimal
customization of most of the commercially available AFMs.

Field Programmable Gate Arrays (FPGAs) provide attractive embedded solutions
since they offer high speed of operation, supported protocols, reconfigurable capability
and design reuse [76]. FPGAs are employed in a diverse spectrum of industrial appli-
cations including aircraft, automobiles, power electronics and also in areas requiring a
large number of parallel computations |77-80]. Modern FPGAs can also deal with high
precision data [81,82]. Motivated by these examples, we selected the Xilinx ML605 DSP
kit as the FPGA platform to host our system identification algorithm.

In this chapter, we describe the FPGA based design of a system identification mod-
ule in a step by step manner. The module reported in this chapter is user friendly which
can be interfaced at ease with AFMs available on the market. The design methodology
developed here is not limited to the specific example provided in this chapter but ap-
plicable to a wide variety of real time signal processing algorithms which require high
precision computations. We also detail the procedure for judiciously choosing the for-
getting factor in the identification algorithm. As demonstrated in this chapter, high
values of forgetting factor creates accurate but slow estimates (over-tuning) while the
low values create fast but incorrect identification (under-tuning). Thus, appropriate
tuning of the forgetting factor in the design of the system identification module plays
an important role. Extensive results are presented that corroborate the effectiveness of
the design.

This chapter is organized as follows: Section details the design methodology and
building blocks of the system identification module implemented on FPGA. Section [4.3]
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establishes the validity of the proposed design with simulation and experimental results.

Section 4] concludes this work.

4.2 Design of system identification module on FPGA

g, |y
ADC
U -2 TR

/7 ap \
/ a \
[ ag Reset |
I FPGA IJO in -— |
I bl in |
I treepl |
I treepz |
| Xilinx Prpe |

MicroBlaze ’}Z Main |
Il Processor 0, | Module I
| 7 |
| Sop |
| n, |
| = 40.96 MHz

02 |

| S, Clock I
\ S02 /
\ A /

S - _ﬁ:l—i -7

1,1’1 Dz’n
DAC
0,4 ‘o,

Figure 4.1: Outline of the system identification module implemented on FPGA
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A schematic of the system identification module is shown in Figure [£.1] This module is
implemented on the target Xilinx ML605 Digital Signal Processing (DSP) development
kit with FPGA Mezzanine Card (FMC) 151 ADC-DAC (analog-to-digital and digital-
to-analog converter) unit. Each of the ADC and DAC contains two pairs of inputs and
outputs. The block denoted as Main Module (see Figure contains the digital design
of the algorithm. Inside Main Module, computational tasks are divided in different
blocks. As shown in Figure the signals that appear as inputs to the ADC unit (top
of the Figure are g: the excitation signal of the cantilever and y: the measured
deflection of the cantilever tip which are obtained from the controller box of MFP
3D AFM from Asylum Research (these signals are available as measurements in most
modern AFM systems, see Figure . The analog signals ¢ and y are applied (see
Figure to the input ports of the ADC which generates the digitally sampled signals
gn and y, in fixed point data format. We use the subscript n to denote the discrete time
signals. These signals are processed step by step by the blocks inside the Main Module.
The signals with green arrows shown on the right are the Reset signal and a Clock signal
of frequency 40.96 MHz. Both of these signals are generated within the FPGA and used
for driving the Main Module. An embedded subsystem based on Xilinx MicroBlaze soft
processor is included in our design which contains configurable memory spaces. This
subsystem communicates with a personal computer through USB cable to access the 18
configurable parameters which are shown with red arrows on the left of Main Module
in Figure 4.1l The user can update and store these configurable parameters in real
time which are accessible to the Main Module. Such parameters include the forgetting
factor, A, in , Qo, fo, m and fg = wgq/27 in , az, a1 and ag in , and
initial values for the unknown parameters by, by in (3.9) which are denoted by b ;,, and
b1,in respectively. The other parameters shown in Figure will be explained in the
subsequent sections. The digital outputs O, and Oa, from the Main Module shown in
Figure are routed to the two input ports of the DAC. The DAC outputs the analog
signals O; and Oy which can be accessed as the final outputs from the FPGA module.

4.2.1 Components in Main Module

The flow of signals inside the Main Module is depicted in Figure A brief description

of each of the modules inside the Main Module is provided below:
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1. Counter: The Counter module accepts the Reset signal and the Clock signal
(40.96 MHz) to generate a Count signal that repeats counting from 0 to N — 1 with
N = 40 (the binary equivalent of Count is shown in Figure [4.3)). The Count signal is
synchronized with the buffered 40.96 MHz clock signal Clk generated by the Counter
module. Another clock signal denoted by Clkn is synthesized which is shifted in phase
by 180° from the Clk signal (see Figure . The signals Clk, Clkn and Count drive
and maintain synchronization among all the modules inside Main Module. In order
to keep the schematic simple, the routing of Clk, Clkn and Count to each individual
module is not explicitly illustrated in Figure [£.2] However, unless mentioned otherwise,
it is assumed that each of the modules is synchronous with these clocking and count-
ing signals. The Locked output signal from the Counter module (see Figure and
Figure turns from 0 to 1 when the clocking signals become ready after switching
on the FPGA board. Hence, we activate the design logic of Main Module only when
Locked is 1.

Figure 4.3: Illustration of the timing of clock and count signals.

2. RG 1 (Register module 1): The digitally sampled cantilever excitation and
deflection signals i.e. g, and y, with the other parameters obtained from the Xilinx
MicroBlaze processor are registered in this module. The registered data are accessed
for subsequent processing by the rest of the modules inside the Main Module.

3. FXP-FLP (Fixed Point to Floating Point conversion module): After being reg-
istered at module RG 1, the signals g, and y, which are 16-bit fixed point data are
routed to the FXP-FLP module where they are converted into 64-bit floating point
signals. Most of the subsequent arithmetic computations on the input and intermediate

signals are performed in 64-bit floating point format. These high precision computations
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help to maintain computational accuracy of the system identification algorithm.

4. RG 2 (Register module 2): The signals output from FXP-FLP module are regis-
tered before being fed into the digital filters.

5. Biquads: There are two sets of biquads (digital filters) [83] which are implemented
inside the Biquads module. One set includes two high pass filters (HPFSs), the other
set includes two low pass filters (LPFs). The HPFs are designed such that they have
an equivalent cut-off frequency of 2 kHz in the analog frequency domain. These HPF's
are utilized to eliminate slow changes and bias terms present in the input signals g,
and y, to yield the outputs g, and 3,,. The LPFs which have equivalent analog cut-off
frequency of 2 kHz are employed to remove noise from the estimates evaluated by the
REEP module as explained below. Each individual biquad is implemented using the
direct form IT architecture [84]. The filtered signals are routed to module RG 3.

6. RG 3 (Register module 3): The outputs of Biquads module are registered in the
RG 3 module.

7. REEP (Recursive estimation of equivalent parameters module): The high pass fil-
tered signals g, and ¢, are processed by the REEP module. This module computes the
set of recursive update equations required by the BCEWRLS algorithm (see Appendix
. The forgetting factor A\ along with other adjustable parameters are received from
RG 1 module. These parameters include ag, a1, ag, by in, and by ;,. Further, the REEP
module accepts two additional signals t,cep1 and t,eep2 to define two configurable test
output signals denoted by di, and dz,. di, and dz, can be configured (by select-
ing proper values of tyeep1 and tyeep2) to access different signals internal to the REEP
module. These test output signals allow the users to debug any error in the design of
the REEP module. The principal outputs of the REEP module are the estimates of
the discrete time parameters denoted as by, b1, in Figure and squared deflection
signal §2. {2 serves as the input to the Amp Demod module outlined later. The useful
frequency spectrum of the estimated parameters by, and b1, lie at frequencies much
lower than the excitation frequency fy. For example, AC240TS cantilevers (supplied by
Asylum Research) are excited around the first resonant frequency (fy) which nominally
lies near 70 kHz, whereas, by, and by, are contained mostly below the frequencies 2-10
kHz. Thus, as mentioned earlier, LPFs in the Biquads module are utilized to filter the

high frequency noise present in these estimates.
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8. RG 4 (Register module 4): by, b1, and 72 obtained from REEP module are
registered in this module before being routed to the subsequent modules.

9. f-Q: The discrete time estimated parameters by, and by ,, after being low pass
filtered (607,1 and Bl,n denote the corresponding LPF outputs) are input to the f-QQ mod-
ule. This module implements the set of equations to determine the estimates of
the continuous-time equivalent parameters, namely, feqn and Qegn-

10. Amp Demod (Amplitude demodulation module): Note that in it is nec-
essary to know the amplitude a of the oscillating cantilever in real time to determine
the storage and dissipative terms ®¢- and ®p. An estimate of the amplitude of can-
tilever oscillations denoted by a, is evaluated in this module as explained in Figure [.4]
The parameters of the LPF shown in Figure [4.4] needed for demodulation are obtained

from the parameter P;pr after being registered at the RG 1 module which is shown in

Figure [4.2]
Constant
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Absolute Square
value  root

Figure 4.4: Amplitude demodulation scheme
11. RG 5 (Register module 5): The estimated equivalent parameters fe,, and
Qeq,n are registered in this module before being sent to the Powers module described
below.

12. RG 6 (Register module 6): The estimate of cantilever oscillation amplitude a,
obtained from the Amp Demod module is registered here before being sent to the Pow-
ers module for further processing.

13. Powers: The Powers module determines the storage power ®¢, and the dissipa-
tive power ®p ,, due to cantilever tip-sample interactions from the equivalent parameters
feqns Qeqn using . The parameters fy, Qo which represent the cantilever dynam-
ics free from sample, f;: the drive frequency and m: the mass of the cantilever are
also required in . fo and Qo are determined using a frequency sweep [52] based

identification of cantilever’s frequency response near its first resonant frequency. m is
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determined before imaging using the thermal response of the cantilever in air. f; is set
by the user (typically fy =~ fo). Thus these parameters are available before imaging and
updated on the FPGA using a personal computer through the user interface depicted
in Figure 4.1

14. O/P Select (Output selection module): A 2-bit signal called s,, which is defined
by user is input to the O/P Select module. There are 4 additional pair of inputs to
the O/P Select module; {lA)om, Eln} from the Biquads module, {d; ,,,d2} from REEP
module, {feqn, Qeqn} from the f-Q module and {®¢,, ®p,} from the Powers module.
The user can route any one pair out of these 4 data pairs to the next module by selecting
proper values of the s,, signal.

15. RG 7 (Register module 7): The selected signals from O/P Select module are
registered here and input to the Gain-Bias module.

16. Gain-Bias: This module is responsible for amplifying (or scaling down if neces-
sary) the selected output data pair with appropriate gains {n,1,n02}. It also allows the
user to shift the output signal values with suitably chosen bias terms {s,1, So2}. The
gain and bias parameters are adjustable by the user.

17. FLP-FXP (Floating Point to Fixed Point conversion module): The output data
from Gain-Bias module which are represented in 64-bit floating point format, enter the
FLP-FXP module where they are converted into 16-bit fixed point data compatible with
the DAC specifications.

18. RG 8 (Register Module 8): The fixed point output signals from FLP-FXP module
get registered here. Resulting outputs exit the Main Module as the data {O1,, Oz}
which are routed to the DAC inputs.

Each of the modules inside the Main Module except the register modules and the

Counter is designed with the same architectural backbone which is described below.

4.2.2 Architectural backbone

The architectural backbone is a general design framework based on which different
modules are developed. Once the backbone is set, it provides a common starting point
for the design of different modules. The designer develops the timing strategies of various
input and output signals in the backbone and customizes some components so that a

diverse set of computational targets can be accomplished. A systematic backbone also
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allows for convenient timing analysis, easy customization of one module into a different
module, and debugging design errors. A general outline of the architectural backbone
is shown in Figure [4.5| which consists of the following components:

Input registers: The data ip1,ipo,--- ,ip; input to a module, where 7 denotes the
number of inputs (see Figure , are registered at the falling edge of C'lk when Count
is 0.

Functional subunits: The registered input data are processed by a set of functional
subunits (see Figure. Each functional subunit contains one computational core ,
a multiplexer, a de-multiplexer and a set of registers which are shown in Figure
Three types of computational cores are used to design the system identification module;

the arithmetic cores, special function cores and data type conversion cores.

Count \ l
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i
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A functional subunit

Figure 4.5: The architectural backbone. Clk operates at 40.96 MHz. Count repeats
counting from 0 to N — 1 with N = 40. MUX and DMUX represent the multiplexer

and de-multiplexer blocks respectively inside a functional subunit.

An arithmetic core performs any one of the operations; multiplication, addition or
subtraction, reciprocation, and square-root operation. These arithmetic operations are
executed in double precision (64 bits) floating point data format [86]. Some mathe-

matical functions including the trigonometric functions tan—! and tanh ™! necessary in
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evaluating are implemented utilizing special function cores. Such special function
cores can operate only on fixed point data. Besides, the ADC and DAC operate on fixed
point data as well. Hence, data is converted from fixed point to floating point format
and vice-versa when needed using the data type conversion cores.

Different modules contain different number of computational cores. Each of the
computational cores requires a specific number of clock periods (called latency) to fin-
ish a computation while operating synchronously with Clk. These latencies are utilized
to construct the timing schedules for assigning the inputs {ig, i1, ,iy—1} to the mul-
tiplexer and registering the outputs {dop,d;,-- ,dy—1} of the de-multiplexer connected
to a computational core as shown in Figure When the Count value is k, the MUX
allows its k" set of input data to be registered and fed into the computational core.
During the same time, the DMUX allows its k" output to update values from the output
register of the computational core. TABLE and TABLE illustrates the number

of different computational cores utilized in different modules along with corresponding

latencies.
Multiplication| Addition | Subtraction | Reciprocation| Square
Module
(3) (2) (2) (5) root (7)
Biquads | 1 1 0 0 0
REEP 5 2 2 1 0
Am
P 1 1 0 0 0
Demod
-Q 2 1 1 1 1
Powers | 2 0 1 1 1
Gain-
) 1 0 1 0 0
Bias

Table 4.1: Number of different computational cores (latencies indicated in brackets)

used in each module.
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Hyperbolic
Tan inverse Floating to fixed | Fixed to floating
Module tan inverse
(35) point (6) point (6)
(35)
Biquads | 0 0 0 0
REEP 0 0 0 0
Am
P 0 0 0 0
Demod
£-Q 1 1 1 1
Powers 0 0 0 0
Gain-
) 0 0 0 0
Bias

Table 4.2: Number of different computational cores (latencies indicated in brackets)

used in each module.

TABLE illustrates an example of the timing schedule for the computational cores
which are used in the Gain-Bias module. The first column shows the Count values
at which the computations are performed. The multiplication and subtraction cores
(denoted by Mult and Sub in TABLE retain latencies of 3 and 2 respectively. Thus,
after providing the inputs I;, and n,; to the multiplication core, the corresponding
product (I1 ,n01) is available after 3 Clk cycles (see TABLE which is collected in
the intermediate signal mit,; when Count = 4. At the next Clk cycle, mlty and s, are
provided to the inputs of the subtraction core. Corresponding output value (mlty — so1)
is available after 2 Clk cycles from the output of the subtraction core which is stored in
the signal suby. suby is eventually registered at the end of the Count cycle (Count = 39)
from the Gain-Bias module as the output O;,. Thus O, = I 4101 — So1 (Ne1: gain,
So1: bias) which is the desired output. Other computations in the Gain-Bias module

(see TABLE as well as in other modules are performed using similar strategies.
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Mult Mult Mult Sub Sub Sub
Count| Core Core Core Core Core Core
Input 1 | Input 2 | Output | Input 1 | Input 2 | Output
0
1 Iy Nol
2 Iy, N2
3
4 mity
5 mlts mity Sol
6 mlts S02
. suby
(Ol,n)
g subg
(02,71)

Table 4.3: Timing schedule for Gain-Bias module.

Output registers: There are two output registers, one operating at the negative
edge and the other operating at the positive edge of C'lk through which data are output
from each module. The final outputs opy, ops, - - - , 0p, of a module (o denotes the number
of outputs) shown in Figure are updated at the positive edge of Clk when Count
is N —1 = 39. These outputs, in turn, are registered by the input registers of the

subsequent modules for further processing.

4.2.3 Design steps

Different modules are designed with the hardware description language VHDL [87]. Be-
fore being assembled together to construct the Main Module, each module is tested
separately through simulation using the simulation tool ISim from Xilinx. The test
input data is generated using MATLAB. Each design is iterated multiple times to meet
the design constraints (space and timing constraints) specific to Xilinx ML605 DSP

kit. Each time a design is modified, its performance is verified utilizing the simulations



71
tools mentioned above. The platform to read and write the configurable parameters
in the FPGA is provided by the MicroBlaze embedded processor. The processor logic
is developed in Xilinx Software Development Kit (SDK) using C++ programming lan-
guage. The Main Module together with the MicroBlaze processor are implemented on
the FPGA by completing the steps in Xilinx ISE 14.4 design suite which are mentioned
briefly below:

Creating Timing Constraints: This contains a User Constraints File (UCF) that
enables the user to specify timing, input-output and placement constraints through a
text editor.

Synthesize: After the constraints are defined, the Xilinx Synthesis Technology (XST)
synthesizes [88] the design of the system identification module to create netlist files called
NGC files which retain both the logical design data as well as the constraints.

Translate: This is the first part of the implementation process where the NGC files
from the previous step are merged and a Xilinx Native Generic Database (NGD) file is
created.

Map: Based on the NGD file obtained in the previous step, the Map step allocates
Configurable Logic Block (CLB) and Input Output Block (IOB) resources for all the
primary logic elements in the design. The Map step also gets optimized depending on
the target device and checks for the consistency in design rules on the final mapped
netlist.

Place And Route: The Place And Route (PAR) process implements timing-driven
placement and routing of the mapped netlist from the previous step.

Generate Programming File: After the PAR process is complete, the Xilinx bit-
stream generation program called BitGen is executed which produces a bitstream file
for the Xilinx device configuration. We utilized Xilinx SDK to burn the bitstream file
on FPGA. The bitstream file when burned on the FPGA, runs the system identification
algorithm.

In the next section, we discuss results by first verifying the accuracy of the system
identification algorithm and performance of the digital design via simulations followed

by the experimental results.
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4.3 Results

4.3.1 Verification of BCEWRLS algorithm
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Figure 4.6: (a) Estimated by and (b) b; using BCEWRLS with corresponding true
value from simulation. A = 0.99995 creates very slow estimation rendering the method
ineffective. A = 0.95 yields fast but incorrect convergence. A = 0.995 and 0.9995 create

correct convergence of estimated by and by to their true values.

The effectiveness of BCEWRLS algorithm is first verified in MATLAB with a hypo-
thetical cantilever which switches between two known models, model 1 and model 2.
These known models are useful to check the validity of the algorithm with respect to a
known baseline. A cantilever with resonant frequency 63.147 kHz ( fy) and quality factor
227.849 (Qo) is chosen as the model 1. The corresponding discrete time dynamics shown
in at sampling frequency of 2 MHz is described by the parameters {by, by, az, a1, ag}
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which are given by {3.972e-4, -2.036e-4, -4.990e-4, -1.9599, 0.9991}. Another cantilever
model with resonant frequency fy+ 0.5 kHz and quality factor 0.8Qq is chosen to repre-
sent the model 2. The parameters {b1, by} for model 2 are found to be {—1.9591,0.9989}
while the other parameters are the same as model 1. In Figure the hypothetical
cantilever switches between model 1 and model 2 with a pseudo-random bit sequence
of bit duration 10 ms. BCEWRLS algorithm is implemented in MATLAB to estimate
{b1,bo} for different choices of A\ which are shown in Figure Figure suggests that
choice of A very close to 1 (0.99995) results in slow estimation process (over-tuning).
When A is lowered, the rate of convergence improves. A = 0.9995 and 0.995 yield cor-
rect estimation within the bit duration (10 ms). However, further lowering of A to a
value of 0.95 creates incorrect estimation of by and by (under-tuning) which are shown
in Figure (a) and (b) respectively. Thus, appropriate choice of A plays a crucial
role in correctly estimating the parameters. In our FPGA design, we allow the user to
adjust A to yield good estimates at different imaging speeds. Typically, we found that
A =0.9995 is a good starting point for experiments.

4.3.2 Simulation of system identification module

After verification of the BCEWRLS algorithm implemented in MATLAB as described
above we verify the accuracy of the system identification module designed in VHDL
for FPGA implementation (see Figure . The same module is designed in MATLAB
which serves as the reference with respect to which the VHDL design is tested. The
test data is acquired by performing a dynamic mode approach-retract experiment with
MFP-3D AFM from Asylum Research on freshly cleaved mica sample. During such
experiments, the cantilever oscillating in dynamic mode is made to approach the mica
surface till the oscillation amplitude reduces due to tip-sample interactions and attains
a specified value (called trigger value). Once the trigger value is reached, the cantilever

is retracted from the sample till it oscillates again being free from the sample.
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Figure 4.7: (a) Cantilever excitation signal (V) and (b) deflection signal (nm) acquired
during an approach-retract experiment performed with the dynamic mode AFM. Com-
parison between the estimates of (c) by and (d) by generated by the system identification
modules implemented in MATLAB and VHDL.

The cantilever excitation and the deflection signals which are shown in Figure [4.7]
(a) and Figure[4.7) (b) respectively are acquired using a National Instruments BNC-2110
LabVIEW data acquisition system. The VHDL design is simulated using Xilinx ISim
simulator which inputs the cantilever excitation and deflection signals acquired from the
approach-retract experiment. The FPGA design outputs one of the data pairs chosen
by the user: {bp, b1} (the discrete time equivalent parameters), {feq, Qeq} (equivalent
frequency and quality factor) or {®¢, ®p} (storage and dissipative powers due to tip-
sample interactions). These output data pairs are generated using ISim simulation and
compared with MATLAB simulation.
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Figure 4.8: Comparison between (a) Equivalent frequency fe, (Hz), (b) equivalent qual-
ity factor Qeq, (c) conservative power ®¢ (Pico-Watt) and (d) dissipative power ®p
(Pico-Watt) estimated by the system identification modules designed in MATLAB and
VHDL.

Comparison of the signals {bg, b1} from the MATLAB and the VHDL designs are
presented in Figure (c) and Figure (d). Further comparisons of parameters
{feq; Qeq} and {®c, ®p} are presented in Figure Both Figure and Figure
demonstrate that the MATLAB implementation and VHDL design yield close match.
These results verify the accuracy of the VHDL design.

4.3.3 Experimental implementation

AC240TS cantilever from Asylum Research with resonant frequency of 72.7 kHz and
quality factor 142.9 is utilized for dynamic mode imaging with MFP 3D AFM from
Asylum Research. The sample consists of a blend of poly lauryl methacrylate (PLMA)
and poly butyl methacrylate (PBMA) polymers coated over silica substrate. The con-
ventional dynamic mode images namely the height, amplitude and phase images of a
10pum x 10um area of the sample are shown in Figure (a), Figure (b) and Fig-
ure4.9| (c) respectively. These images are obtained at a scan rate of 0.25 Hz (1 horizontal
line is scanned in 4 seconds). The circular valleys indicated by darker regions in the

height image shown in Figure (a) which correspond to brighter domains shown in
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the phase image in Figure (c) represent the PLMA regions which are distributed
over the PBMA background. The system identification module is implemented on the
FPGA with a forgetting factor A = 0.9995. The excitation signal to the cantilever g and
the measured deflection signal y are input to the FPGA. The input signals g and y are
filtered with the HPFs with cut-off frequency of 2 kHz inside the system identification
module (see Figure . The estimates of the parameters b; and by in are filtered
with LPFs with cut-off frequency of 2 kHz.
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Figure 4.9: (Experimental data) (a) Height (meter), (b) amplitude (meter) and (c) phase
image (degree) using dynamic mode AFM obtained from a 10um x 10um PLMA-PBMA

polymer blend. The color bars specifies the ranges.

Figure [4.10] (a) and (b) show the FPGA generated shifts of the estimates of dis-
crete time equivalent parameters by and b; around the sample free values which are
bo = 0.9969 and b; = —1.8013 respectively. It is evident that PLMA domains represent
lower by values than PBMA whereas b; follows a reverse trend. Images for the esti-

mates of equivalent frequency f., and quality factor )¢, are shown in FIG (c) and
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FIG (d) respectively. The conservative power ®¢ and dissipative power component
®p due to interactive forces between the cantilever tip and sample are found to be con-
sistently higher on the PLMA domains compared to the PBMA film which are observed
in Figure (a) and Figure [£.11] (b). Hence, we demonstrated the effectiveness of
the FPGA based system identification module. The module reported here performed

successfully over multiple experimental runs conducted at different times.
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Figure 4.10: (Experimental data) (a) Shift of the discrete time equivalent parameter,
bo — bo,in, where bg;n = 0.9969, (b) shift of parameter, by — by 5, where by j, = —1.8013,
(c) shift of equivalent frequency, feq — fo (in Hz), where fy = 72.273 kHz and (d)
equivalent quality factor Q.4 obtained from a 10um x 10um PLMA-PBMA polymer
blend using the system identification module implemented on FPGA . The color bars

specify the corresponding ranges.



78

(b)80 00 120

Figure 4.11: (Experimental data) (a) Estimated conservative power ®¢ (in watt) and
(b) dissipative power ®p (in watt) due to periodic tip-sample interaction estimated

using the FPGA module. The color bars specify corresponding ranges.

4.4 Conclusions

In this chapter we described the design of an FPGA based system identification module
which implements BCEWRLS algorithm specialized for application with atomic force
microscopy. The algorithm estimates the resonant frequency and quality factor of an
equivalent cantilever which models the oscillating AFM cantilever interacting with sam-
ple in the dynamic mode of operation. The equivalent parameters are also utilized for
estimating the conservative and dissipative power components due to tip-sample in-
teraction. The systematic design procedure explained in this chapter is applicable to
design of a wide variety of real time signal processing units where data is sampled from
analog input signals, processed using high precision mathematical operations and final
data are obtained in analog form within a few cycles of the sampling frequency. The
design also enables the user to update the configurable parameters in real time through
interfacing the FPGA board with personal computers. In this chapter we demonstrated
the effectiveness of the design by performing a quantitative characterization of surface
mechanical properties of a PLMA-PBMA polymer blend. Applicability of the FPGA
module is not limited to this particular example but extendable to a wide variety of

samples. Examples of such samples include different soft polymers, biological entities
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like cells, DNA and proteins. The stiffness and dissipative properties of a polymer de-
pend on its phase (glassy or rubbery) which changes around the critical temperature or
humidity. Thus the system identification module can also be employed for investigating
critical points of different polymers by studying the changes in stiffness and dissipative

properties with varying temperature and humidity.



Chapter 5

Innovations squared mismatch
based model detection for probe

based data storage systems

5.1 Introduction

In many applications, the system of concern can be modeled by a set of linear models
where it switches from one model to another [89]. In such systems it is often desired to
identify the model that best describes the current behavior of the plant. Observer banks
are widely employed to decipher plant models [90-98| for closed loop control of switched
systems. In principle, the observer which generates the minimum tracking error is con-
sidered closest to the active plant model [99]. The switching index derived from tracking
errors decides the closest plant. Various switching indices are proposed which include
the index defined in [90,91] that integrates the square of tracking error with a tunable
forgetting factor. In [92,93], a switching index is developed which uses a weighted com-
bination of both the instantaneous and integrated value of square of tracking errors that
improves the transient response of the closed-loop for uncertain plant. The switching
index proposed in [93] is further modified in [94-97] which simplifies the computation
of switching index by removing past observation data [100], reduces number of can-

didate controllers [97] and allows derivation of analytical conditions for stability of a

80
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plant with large parametric uncertainties [96,/97]. One of the main emphases of these
studies include analyzing and improving tracking performance of closed-loop switching
systems while ensuring stability. This chapter, however, focuses on fast detection of
a plant that switches between two known models. Such an assumption is particularly
relevant for data storage application where plant characteristics when interacting with
the bit 1 is different than interacting with bit 0. The maximum a posteriori probability
(MAP) based methods are prevalent in bit patterned media recording and magnetic
data storage [101-105] which are relatively matured technologies compared to probe
based storage systems. Motivated by these examples, a recursive MAP based algo-
rithm (see chapter 10, [29]) is developed in this chapter and applied to online plant
identification for probe based storage systems. In this chapter, a new method called
the innovation squared mismatch (ISM) is developed (introduced in [106] for the first
time). It is demonstrated that the newly synthesized signal offers considerable advan-
tage over MAP while being considerably simpler to implement. For high bandwidth
read operation, the issue of transients caused by fast transition between bits that leads
to inter symbol interference has to be overcome. In this chapter we develop dynamic
programming based sequence detection schemes. Remarkably we demonstrate that bit
by bit ISM based detection performs better than sequence based detection with signif-
icantly higher complexity. This performance gain is achieved by the short time scales
of the transients in ISM signals. We further demonstrate that sequence detection in
conjunction with ISM can lead to further significant advances in read bandwidth. An
important focus of this chapter is on enabling ultra-high density storage technology.
The need for such technology is evident in the connected world of data and big data

age.
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Figure 5.1: The concept of equivalent cantilever model for dynamic mode AFM is
explained in Section Chapter 3] BCEWRLS method is utilized to obtain equivalent
linear models when the cantilever is oscillating in free air (model 1) and when it is
interacting with the sample surface at fixed oscillation amplitude (model 2). Observers
generate tracking errors e(!) and e that are processed using the techniques MAP and
ISM for real time interpretation of topography. MLSD, ISM-MLSD further improve the

detection accuracy for known dwell interval in presence of inter symbol interference.

With data storage density for memory devices gradually increasing, the data den-
sity for the hard disk drive technology will eventually be restricted by thermal limits
on magnetism (super paramagnetic limit) ,. The minimum bit size for solid
state drive memories is also limited by the resolution of the lithography processes
where new technology for higher resolution lithography is hugely expensive. The probe
based surface manipulation and reading methods offer alternative route which can pack
binary data at the nanometer or sub nanometer scale. Since the invention of atomic
force microscope , probe based investigation techniques have been employed in diverse
applications including probe based data storage systems . Since the pi-
oneering demonstrations of topographic probe based data storage where an
indentation of sample surface encodes the bit 1 and absence of indentation represents

the bit 0, different physical parameters of the sample have been utilized to interpret

binary data. Examples include phase-change |116,|117], magnetic properties [118}/119)
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or ferro-electric characteristics [1204/121] based memories. Even though extremely high
data density in the order of 3-4 Tbh/ in? are reported in [115,116}[120], a big challenge is
the mechanical wear and tear of the probe as well as of the sample which severely crip-
ples the lifetime well below the life span of present day data storage devices [111}/122].
Thus attempts have been made to develop soft samples [123] as well as to fabricate wear
resistant cantilever tips [124,/125].

Most of the existing probe based data storage solutions utilize contact mode opera-
tion. Thus the tip of the flexure probe (see Figure is in contact with the storage
media, causing wear and tear of the media as well as of the probe. The dynamic mode
operation is an alternative to the contact mode method which drastically eliminates
mechanical wear and tear during the reading process. Here the flexure probe is forced
sinusoidally and the probe contacts the media only intermittently. The information on
the media encoded topographically modulates the flexure oscillations which is used to
decipher information on the media. Due to slow read-out and complex data retrieval
mechanism, the traditional dynamic mode method faces significant challenges for probe
based data storage |[122|. This chapter synthesizes new methods for circumventing the
limited speed of bit detection with dynamic mode operation. It is demonstrated that
the oscillating cantilever while interacting with raised topography assumes one model
behavior (model 1) which is different than model behavior assumed by the probe when
traversing over lowered topography (model 0). Thus for topographic data storage where
raised and lowered topography encode binary bits, the read task becomes detection of
which model is active. These models can be identified prior to the reading operation
with a bias compensated recursive least square (BCEWRLS) algorithm [12}38] (also
outlined in Section of Chapter [3|) which remain valid for subsequent data reading.
Thus it is a good assumption that the plant switches between two known models which
need to be detected.

The conventional dynamic mode AFM (see Figure utilizes cantilever oscillation
amplitude and phase to interpret sample topography. It is demonstrated that appli-
cation of MAP and ISM offers significant detection bandwidth gains over conventional
dynamic mode signals. ISM offers similar detection speed, better detection accuracy
and substantial computational gain over MAP. Since the ISM and MAP algorithms of-

fer improved but finite detection bandwidth, the issue of inter symbol interference (IST)
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is addressed for fast bit detection using the maximum likelihood of an entire sequence
of bits [126,/127]. In this chapter, sequence detection based on the ISM signal (the
ISM-MLSD method) is developed where the time spent by the probe on single bit (the
dwell-time) is known. ISM-MLSD consistently outperforms symbol-by-symbol ISM and
MAP, however, at the expense of complex signal processing. The analytical and close
to reality simulation evaluations are corroborated via exhaustive experimental results.

This chapter is organized as follows. Section [5.2]develops ISM. Modified symbol-by-
symbol detection algorithms and ISM-MLSD are proposed in section Section

provides the simulation and experimental results. Section [5.5] concludes this work.

5.2 Real time plant detection with innovations squared

mismatch (ISM)

In this section, the plant is assumed to be switching between two models. The individual
models can be first identified during a slower testing phase using the recursive identifi-
cation method described above. Assuming that the switching plant models are already
identified, a fast detection methodology called the innovations squared mismatch (ISM)
is developed and compared with an existing maximum a-posteriori probability (MAP)
based approach for fast real-time detection of plant models. The technique of plant pa-
rameter estimation followed by real-time plant detection is shown later to be a powerful

tool with novel application to probe based storage systems.

5.2.1 Problem formulation, preliminaries and MAP

Consider a continuous time plant which is linear and time varying described by

2(t) = A(t)z(t) + B(t)g(?),
y(t) = C(@)x(t) + D(t)g(t) + ¢(1),

(5.1)

where ((t) denotes continuous time measurement noise assumed to be zero-mean Gaus-
sian white processes with covariances described by E[((t)¢T (t9)] = R,0(t — to). It is
assumed that the quadruple (A(t), B(t),C(t), D(t)) € {(A;, B;,Ci, D;)} with i € {1,2},
that is the dynamics can switch between two known linear systems. The objective

of this section is to develop a simple yet fast real time detection of the plant model.
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Two continuous time steady state Kalman observers with the first observer matched
to the model (Aj, B1,Cy, D) and the second matched to model (Ag, By, Co, Dy) are
realized. Let #(!) denote the estimated state from the it" observer and §(* denotes the

corresponding estimated output. The estimated states and outputs are governed by

#0(t) = 42D (1) + Big(t) + Li(y(t) — 39(2)),

. . (5.2)
§9(t) = C;2 D (t) + Dig(t),

where i = 1,2 represent the first and the second observer respectively. Let () denote
the error between the original and the estimated states, i.e. #( = z — () and e®
denote the error between the plant output and the estimated output, i.e. e(? =y —g(®.
It follows from and that the error dynamics is described by

D) = ((At) = 4) = Li(C(t) - C3) =(t)

+ (A — LiC)a (¢
( )T (1) (5:3)

+ (B(t) — Bi + L;D; — L;D(t)) g(t)

— Li((2).

The output error (also referred in this chapter as innovation) is given by
@ (4) = —C, (1)
eV t)=(Ct) —Cy))z(t) + Ciz'V(t
() = (C(t) = Ci) =(?) (t) (5.4)

+(D(t) — Di) g(t) +¢(2).

A prevalent approach for detecting which plant model is active is based on a max-
imum a posteriori probability (MAP) based approach [29]. Here, detection method
based on MAP is summarized. Consider a discrete time plant which stays in model i
given by

zlm +1] = Aggz[m] + Byiglm],
' ' (5.5)
ylm| = Cazlm] + Daiglm] + ¢[m],
with ( ~ N(0,Rg;). A steady state discrete-time Kalman observer matched to model i
with gain Lg; is governed by
#Dm + 1jm] = Ag;# [m|m — 1] + Byiglm] + La;
([](%w[mm—ﬂ Daiglml ) . (5.6)

Q()[ ] Cdzx [m’m_l]—f_Ddzg{ ]
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Let 0; denote model 7 and let );,, be the sequence of observations V,,, = {y[0], y[1],--- , y[m]}.
The a posteriori probability that the plant parameter is 6; given the observation vector
Y is denoted by p(0;| V). The decision 07 4p is chosen from the candidates 6; so that
p(0i|Yim) is maximized. It can be shown that (see [29])

PWYm|Vm—1,0:)p(0:| YVim—1) .
S Pl V-1, 05)p(051Vim—1)

From [29], it follows that p(ym|YVm—1,6i) obeys a Gaussian distribution with mean

yi[m] € R? and covariance €2,,,/; where

1

p(ymD}mfla 01) =
(2m)9/2|Q, 3|1/

. (5.8)
T =1 ~
exp {_2ym,i9m/iymﬂ} .
As a result, p(6;|Ym) can be updated from p(6;|V,,—1) using
_1
P(0i|Vm) = cm|Qum il 2
(5.9)

L 7 -1 -
eXp {_2yzr;,szl/zym,z} p(ez‘ymfl)a

where ¥ i =Y — Um,i- Cm is @ normalization constant set to satisfy 2321 p(0;|Vm) = 1.
The output covariance €, /; in (5.9) and covariance of state estimation error ¥, 1 /m; =
E fmﬂ,i:i%“,i] with Zmi1: = (z[m + 1] — 2@[m + 1|m]) can be updated recursively

using

St /mi = (Adi — LaiCai)Smim—1,i(Adi — LaiCa;)”
+ B4iQaiBj; + LaiRai Ly, (5.10)
Qi = CaiSmjm—1,Cias + Ra- (5.11)

Equations (5.9)), (5.10) and (5.11)) provide the way to recursively estimate the probability
of the plant being either in model 1 or 2.

5.2.2 Innovations squared mismatch (ISM)

In this part, a new method termed the innovations squared mismatch (ISM) method is

developed. Consider the continuous time varying plant described in (5.1). A new set of
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state space variables will be defined such that the observer outputs in terms of the new
variables follow a sign changing behavior depending on the present plant model. This
sign changing phenomenon in turn will be utilized for plant model detection. The state
space equations describing the original time varying plant together with two observers

matched to models 1 and 2 contain the dynamical equations of x(t), (1) (t) and (3 (t)

given by
i(t) A(t)
M) | = | ((Alt) — A1) — Li(C(t) — C1)) | =(t)
2@ (t) ((A(t) — A2) — La2(C(t) — C2))
0 0 0
+ | (A1 — L1Cy) 0 221) ]

i 0 <A2 — LQCQ)
' B(t)

+ | =1y | C®). (5.12)

e (1) (C(t) = C)
) = x(t)
e (t) (C(t) — C2)
[0 #D () ]
i 0 Gy | | 2@
[ D(t)— D, 1
+ | b(t) - D, g(t) + B ] C(t). (5.13)

A new set of variables z; and z are derived from the state space vectors Z()(¢) and

@ () via 21 (t) = (M (t) — 23 (t)) and 29(t) = (2D (t) + 23 (¢)). The dynamics of the
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new variables is given by

Bl
Zo(t)

(Ly — L1)C(t) — 2M ]ﬂﬂ
2A4(t) — C(t)(L1 + L2) — 2M;

I [ Ml M2 Zl(t)
M2 M1 Zg(t)
. [ By—Bi+ LD — LDy
i 2B(t) — (B1+ Ba) + L1Dy + LoDy
+(Lg — L1)D(t)
g(?)
—(L1 + L2)D(t)
(L2 — L)
t), 5.14
%h+h)q) (5.14)

where matrices My and My are defined by M; = %[(Al + Ag) — (L1Cy + LoCy)] and
My = %[(Al — As) — (L1C1 — LyCy)]. The output vectors egi¢ and esym are defined by
edif(t) = e () — e (t) and esum(t) = e (t) + e (t) where it follows from (5.13) that

eaif(t) | _
Esum (t)
(Cl-l-Cz) (01—02)
2 2

z1(t)
+ _ (clgcz) (01-502) (1)

Cy—Cy

20(t) — Cy — Cy =(t)

Dy — Dy
i D(t) — D1 — Dy

+ g(t) + ¢(t). (5.15)

Let N1 = % (Cl + CQ), N2 = % (Cl — 02), Aml = ((AQ — Al) + LQ(Cl — CQ)), Amg =
((A2 — Al) + Ll(Cl — Cg)), B, = (BQ — By + LQ(Dl — Dg)), B = (BQ — By +
Ll(Dl - Dg)), le == Cmg = (02 - Cl) and Dml == Dm2 = (D2 - Dl) Hence, the

dynamics of the system in the new coordinates for model ¢ is given by

sl o2 2]
Z2(1) (=1)* Ami My M, 29
B (L2 — Lq)
(—1)'Bi 0+ [ —(L1 + L2) 0 (19
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Thus, eg;; and ey, in model ¢ are

[ edif (1) ] _
esum(t)

o T [ % 2] (2]

(_1)1071%' ] L Ny Ny 22
Dpi | [0
+ [ (1D | g(t) + E ] (). (5.17)

Suppose that Gy (s) denotes the transfer function from [x(s)T, g(s)T]? to [egif(s), el ()T

in model 1. Tt is derived in Appendix that Gi(s) can be written as

[ el <s>]
gl(s)_[ () -g2(s) (518

where Qfé%(s) and Qﬁra (s) are defined by

G0 (s) = (N1S1 + NSy — (N1Ss + NoS1)) Ami + Cot,
97(3{(3) = (V181 + NaSz — (N1S2 + NoS1)) Bt + Dot - (5.19)

Further, when the plant is on model 2, the transfer function from [z(s)”, g(s)T]" to

[ezl;f(s), el (s)]" is denoted by Ga(s) as shown below
(1) ()
Gals) = ! ?n?(s) G (s) ] | (5.20)
2

QS)( ) and 9(2)( ) are defined as

g(l)(s) = (N1S1 + NaSa + NSz + NaSi) Az + Craa,

m?2

G\ () = (N1S1 + NaSa + N1Sz + NaS1) B + Dina. (5.21)
It is derived in Appendix that the matrices S; and Sy are defined by

Sy = ((sT — My) My (sT — My) — My) ™ (sT — My) My Y,

Sy = ((sT — My) My (sI — My) — M)~ (5.22)
It can also be shown that the transfer function matrix from the measurement noise ((s)

to [ezl;f(s) ezum( )] is given by [g dif.0) g (sum.C) ] where Q(dif,o = (N1S81 + NoSa2) (Lo —
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Li) + (N1S2 + N2S1)(Ly + L) and g(sum,o = (N1S2 + NoS1)(La — Ly) — (N1S1 +
N282) (L1 + Lo) 4 2. Summarizing, in model 4, it follows that:

edif($) = emi(s) + Caif(s), and

| (5.23)
esum(s) = (_1)Zemi(5) + Csum(s)a

where e,; = Q’gz)x + gfjgg represents the signal component. Cgif = Ggir,c)¢ and Csum =
G(sum,)C denote the noise components in eg;f and egym respectively. Notice that e,,; is
multiplied with (—1)? in , which suggests that when the system is in model 2, the
transfer functions from [z7(s), g7 (s)]7 to eqif(s) and esum(s) have the same value and
the same sign, opposite to the case when the system is in model 1. Thus, it is expected
that when the signal components in eg;¢(t) and esum(t) reach steady-state after plant
switching, the relative sign between them can be employed to infer the active plant
model. A simple discrete time implementation for checking relative sign between eg;r
and eg,m can be achieved by sampling the signals over a time window of size M and
then correlating the sampled signals. Let the test signal corresponding to sample index
m be denoted by T'[m| described by

T[m] = edif[m]esum[m] + edz‘f[m - 1]€sum [m - 1]+

"'+€dif[m—M+1]65um[m—M+l]. (5.24)

If T[m] > 0 decision is made that plant is in model 2, otherwise it is in model 1.
It should be noted that the window size M strikes a balance between the noise level
and detection speed of the test signal T'[m]. Typically, increasing M tends to average
out (thus reduce) the noise present in T'[m]. However, increasing M also reduces the
detection speed.

Here the case when g(t) being sinusoidal is further analyzed. As a consequence of
, when the system is in model 1, signal components in eg;¢(t) and esum(t) will
be exactly out of phase in steady state. Conversely, when the plant follows dynamics
described by model 2, signal components in eg;y and egy, will be in phase in steady
state. An analog phase demodulator can be used to extract the phase of the sinusoids
eqif and egym and the resulting phase signals will differ by the angle 7 when the system
is in model 1 and angle 0 when the system is in model 2. Hence, the difference of the

phase signals, denoted by ¢,,, can be used for real time detection of system model.
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Another simple way to extract the model information is to use the envelope of

the signal (e (£))2 — (e®®)(¢))2. Assume that in model 1, in steady state, eg;;(t) =

A (t) sin(wt + ¢1(t)) + Caif(t), where Ay,1(t) and ¢q(t) denote the amplitude and

phase of the signal component in eg; ¢(t) respectively. Then, suggests that egym =
— A (t) sin(wt + ¢1(t)) + Csum(t). Hence, in steady state, the following holds true.

(eM(1)? = (P ())* = eqis(t)esum(t)
= — A2, (t) sin®(wt + ¢1(t)) + Crsnra (L)
An (t)
=~ (1= cos(2wt + 2¢1(1))) + Crsna (¥). (5.25)
In model 2, if egif(t) = Ama(t) sin(wt + ¢2(t)) + Caif(t), then esum(t) = Apa(t) sin(wt +

$2(t)) + Coum (t). Then,

(M ())? = (P (1)) = eqif(t)esuml(t)
= A5 (t) sin®(wt + ¢(t)) + Crsnra(t)
Ao (t)
= T(l — cos(2wt + 2¢2(t))) + CISM,Q(t)- (5.26)
Here, (rsm,i(t), i@ € {1,2} denotes the noise components. A low pass filter (LPF)
with appropriate bandwidth can be used to remove the high frequency term cos(2wt +

2¢ieq1,23(t)) from (eM(t))% — (e (t))? as shown in 1’ and 1’ As a consequence,

in steady state, an ideal LPF results in

A2 () / .
(€002 = (@) = T, sl dmmodel L
Ipf pAme® e (4), in model 2
5) 15Mm,2\1);

Here, (g M71(t) denotes the low pass filtered noise components. It can be seen that
((e(l)(t))2 — (e (t))Q)lpf should have negative sign in model 1 and positive sign in
model 2 and this sign inversion can be used in real time to interpret the model of the
system. In the context of probe based imaging, the phase difference signal between
eqif and egy;, is called the ISM based phase image: ¢,,. Similarly, the test signal
((eM(#))? = (e@ (t))2)lpf is referred to as the ISM based amplitude image: I.5M;.

5.2.3 Computational complexity

A comparison of the computational effort required by each of the two methods MAP and
ISM is discussed here. Assume the following dimensions of the matrices in (5.6[), (5.10))
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and ; Ag; € RmMAMA By, e RN Oy, € RMOMA Dy € RMOMB, Ly, € RmMAmo,
Ymi1/mi € RMMA Qg € R'BIE Ry, € RMeMe, O, € R"MC. Define a floating
point multiplication, division, addition or subtraction operation as a flop. It is derived
in Section that total number of flop counts required per update for , and
is 2(Ny + Nqo + N,)) where

(%mj +md (3(m +nh) + 2mo + 1)

5.28
+my (3(me +np) — 3) ), for first update (5.28)

(mj + mi) , for subsequent updates

with Ng = %(m%mi + memy) and N, = m?é + %n‘% + %mc + 4. The flop counts
required for discrete time implementation of ISM is determined now. The test signal

T'[m] defined in ([5.24]) required for ISM can be recursively updated using

T[m + 1] = T[m] + eqif[m + 1}Tesum[m + 1]
— eqif[m — M + 1) egum[m — M + 1]. (5.29)

Here, egi¢[m], esum[m] € R™¢ can be determined from e; and e using m¢ subtractions
and m¢ additions, thus 2m¢ flops. Multiplication eg;r [m]T esum[m] needs me multipli-
cations and (m¢ — 1) additions thus (2mgc — 1) flops. Hence, update of T'[m + 1] from
T'[m] needs 2(2m¢c — 1) + 2me + 2 = 6me flops. The immense computational benefits
achieved by ISM over MAP is evident. The computational complexity for MAP depends
on the dimension of the output vector as mg by O(m%). Besides, the dependence on
the size of the state space matrix, namely mya is of O(m4A). Whereas, computational

complexity of ISM is independent of m4 and the dependence on m¢ is only O(m¢).

5.3 Plant detection with known dwell interval; sequence
detection
In many applications including the probe based data storage system shown later in this

chapter each symbol is encoded in the media for an equivalent duration of 7" seconds

on the read operation. Thus the probe encounters one kind of interaction during entire
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T seconds and the interaction behavior can change only after every T seconds. Here
during the dwell-time the probe interacts with the media for deciphering the same bit
of information and the bit detection performance can be improved by averaging the
measured interaction to reduce the affects of noise.
The test signals for each of the schemes ISM and MAP have a finite response time;
T[m] in and p(0;|Vm), i € 1,2 from take time to change to new steady state
values when the plant changes from model 1 to model 2 and vice versa. The effect of
contributions of past interactions on the present interaction causes inter symbol interfer-
ence (ISI). ISI is more severe when the plant switches fast, where the dwell interval T is
small. A significant gain over symbol-by-symbol schemes can be achieved by deciphering
the sequence of plant models from the observation data. A widely accepted sequence
detection technique in the communication systems and data storage community is the
Maximum Likelihood Sequence Detection (see [126]) method which is discussed next. As
demonstrated here, Maximum Likelihood Sequence Detection (MLSD) can be applied

in the context of binary plant model detection as well.

5.3.1 Maximum Likelihood Sequence Detection

In this chapter MLSD is applied to process sequence of samples from the test signal s,, (%)
generated by two ways; firstly s,,(¢) is generated by suitably low pass filtered (e(l))2
which is termed as regular MLSD and secondly s,,(t) is generated using low pass filtered
(eM)? — ()2 signal which is termed as ISM-MLSD. Both these methods decipher
the maximum likelihood sequence of active plant models. It is further demonstrated
in the simulation and experimental results section that ISM-MLSD provide significant
performance benefit over symbol-by-symbol ISM, MAP based detections and also regular
MLSD. Let g be the number of samples of the test signal gathered in single dwell
interval T. Let a = [ag, a1, ,aN_l]T denote the bit sequence such that a;p = 0 when
model 1 is active (ar = 1 for model 2) in the time interval ¢t € (KT, (k + 1)T] with
k=0,1,--- N — 1. The sampled sequence of s,,(t) for MLSD detector is denoted by
the vector Z = (20,21, , 2(ng—1)]" - Let f(Z|a) be the conditional probability density

function (pdf) of the output vector Z given a source bit sequence a. The maximum
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likelihood bit sequence is given by

N-1
2 Sa ziel
a = arg maXge(o,1}v H f(Zla, zy ), (5.30)
i=0
i - T - T
where z; is defined z; = [2jg> Zjq+15 -+ Zig—1]" - Define Z; = [2ig, 2ig+1, " 5 2(i41)g—1]

as the sampled vector corresponding to it" dwell interval. The i*" state S; is defined as

S’i = [ai—m—mj—l—h Gi—m—m1+27 et ,ai]T, (531)

where m is the system memory and my is the inter symbol interference memory (see [27]).
Hence, the problem of identifying the maximum likelihood sequence of plant models can
be recast as the problem of identifying the maximum likelihood sequence of states S;.
The detection strategy can be modified by increasing the total memory m + mj to
improve the accuracy. However, the number of possible states S; at each stage 7 is given
by 2(m+mi) (see Figure which increases and extends the computational complexity
of the algorithm. For practical purposes increasing the memory beyond a certain value
does not improve the detection performance much. The conditional pdf f (Zi\d,éé_l)
can be simplified by removing the history of the source bits a and observed outputs z
beyond the assumed memories. In many data retrieving applications it is assumed that
f(Zf_mI|Si,Si,1) is Gaussian i.e. f(ég_mI|Si,Si,1) ~ N (y(Si,Si,l),C(Si,Si,l)) with
the mean vector Y(S;,S;_1) and the covariance matrix C(S;, S;_1). Even though the
distribution may not be exactly Gaussian, this assumption helps to render the MLSD
problem mathematically tractable. For each state transition as shown in Figure Yy
and C can be estimated by a statistical learning step before employing it for the read

operation.

Theorem 5.3.1 Let S = argmax f(2]S). Then
S

7

N-1
2 . C(Si,Sz‘—ﬂ)
S = argmin lo —_—
2 (Fes

Te(Si, Sim1) ™!
(5.32)

~—  —
~— ~—
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where ¢(S;, Si—1) is upper mrq x mrq principal minor of C(S;,Si—1) and y(S;, Si—1) is
the first myq elements of the mean vector Y(S;, Si—1).

Proof:
S = argmgxf(i\g)
N-1
—argmax H f(z|Ss, Si— 1,72 ;I)
=0
N-1
Si, Si—
= arg max H Ucs ml‘ ) (5.33)
S i=0 (z mI‘S“SZ 1)
Since f(Z_,,,1SiSi—1) ~ N (Y(Ss,8i-1),C(Si, Si—1)), (5.32) follows immediately from
G33). §

With the help of this cost function ([5.32)), the maximum likelihood sequence of plant
models can be found employing the Viterbi algorithm (see [128]).

=

Figure 5.2: (a) State transitions for m = 1, m; = 1. At each stage i, S; can assume
four possible states. (b) Eight possible states S; for m = 1, m; = 2. Transition from
stage S;_1 to S; occurs when a new bit a; € {0, 1} is input. State transitions for a; = 0
(a; = 1) are shown in broken (solid) lines. Increasing the assumed memories extends the
complexity and memory requirements for the statistical learning step and the Viterbi

detection algorithm.

In the next sections, the technique of real time plant detections with ISM and MAP
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are applied for high speed topography detection with atomic force microscopy (AFM).
Further for AFM based data storage applications, performance of ISM-MLSD with
regular MLSD and symbol-by-symbol ISM and MAP are compared. The advantages of
ISM-MLSD over regular MLSD and symbol by symbol detection methods are further

reinforced by simulations and experimental data.

5.4 Application of ISM and ISM-MLSD to probe based
data storage; benefits and comparison of ISM with

MAP based approach

The operation of dynamic mode AFM and concept of the equivalent cantilever perspec-
tive are explained in Sections and Chapter [3] As outlined in Section for
probe based data storage applications [111], [27], a high topography is used to encode
the bit 1 and a depressed topography for the bit 0. Binary topography detection tech-
nique, where the detection of bits is the main task, in the context of the dynamic mode
AFM is developed here.

A continuous time state-space model for the free air cantilever dynamics as specified
in can be easily constructed. The state space model consists of the matrices
(A1, B1,C1) that can be considered as model 1 for switched detection framework. The
BCEWRLS method is used to estimate the discrete-time parameters of the equivalent
cantilever dynamics when the cantilever interacts with the sample for a specified
set point amplitude. Once these equivalent parameters are known they can be easily
converted to continuous-time domain to construct another set of state space matrices
(A2, B2,C%) (see [106]) that represent the model 2 in the model detection strategy.
Here it is assumed that the system dynamics instantaneously changes to the equivalent
cantilever (nominal cantilever) model when it starts (stops) interacting with the sample.
It also holds true that the equivalent cantilever model differs from the free air model
only in the A matrix. So that By = By (:= B) and Cy = Cy (:= C). Hence from (5.16)),
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it follows that

Arsm
(As—A) 0 (Ly— Ly) ()
0 (a-Ay) —(LwLy ) | MO >3
¢(t)
Brsm
where the variable b,, = —1 when the cantilever oscillates in air and b, = +1 when the

cantilever follows the equivalent dynamics. The output equations for eg4;y and esym, are

governed by

x(t)
[ edif (t) ]: ¢ 0 2 ] +[0 0 0] bm(t) | - (5.35)
esum(t) 0 C Z2 002

The system described by and is used for verifying the switching model for
the AFM system. Discrete time equivalent systems of (4;, B,C), i € {1,2} are used for
MAP based detection as shown in .

It should be noted that although the BCEWRLS scheme is extremely effective for
measurements of equivalent parameters, the speed of parameter convergence is slower
than what can be achieved by a detection scheme like ISM or MAP. Thus typically, we
estimate the nominal and equivalent plant dynamics from a slower learning phase using

BCEWRLS algorithm, and subsequently utilize the detection strategies.
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5.4.1 Validation of equivalent model and detection framework

—b
0
Model 2
—BCEWRLS
0.9995 -
A —ISM decision
0.999 J \ / \ \/
Model 1
pa
0.9985 A
0 1 2 3 4 5
(a) Time x 0.5 u sec %10%
-1.956 _b1
Model 2 —BCEWRLS
-1.958 » —I|SM decision
\ Model 1
-1.96 -~ vl
0 1 2 3 4 5
(b) Time x 0.5 u sec %10%

Figure 5.3: (a) Estimation of by using BCEWRLS (A = 0.995) with ISM decision from
simulation. (b) Estimation of b; with ISM decision from simulation. Both the estimates
of by and b; undergo lengthy transient behavior when the plant switches from one model
to another. ISM decision signal is much faster and hence justifies its effectiveness for

real time decifering of the active plant model.

Here we justify the utilization of a detection framework over an estimation framework
alone for the purpose of fast identification of plant models in real time. The transfer func-
tion of an AFM cantilever with resonant frequency of 63.147 kHz ( fy) and quality factor
227.849 (Qo) is chosen as the model 1 for switching plant. A discrete time plant can be
easily obtained from the continuous time model corresponding to sampling frequency
chosen as 2 MHz. The discrete time model 1 is described by parameters {b1, by, a2, a1, ag}
found to be {3.972 % 1074, —2.036  10~%, —4.990 * 104, —1.9599, 0.9991}. Another can-
tilever transfer function model with resonant frequency of fy+0.5 kHz and quality factor
0.8 Qo is chosen to represent the model 2. The parameters {ag, a1, ap} are the same in
both models while {b1, bp} for model 2 are found to be {—1.9591,0.9989}. In Figure
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the plant is made to switch randomly between model 1 and 2 at a bit duration of 2 ms.
The BCEWRLS algorithm (outlined in Section of Chapter [3) shown in Figure
works with A = 0.995. ISM based detection algorithm as described in Section [5.2.2
is also employed. The decision variable T'|m| for discrete time implementation of ISM
is calculated and decision is made to be model 2 when T'[m] > 0, otherwise model
1. Figure shows the significant speed improvement of implementing ISM algorithm
over BCEWRLS scheme for plant detection purposes. Near the time 0.9 micro sec,
plant switches from model 1 to model 2. At that time both the estimates of by and
by undergo transient states in Figure (a) and (b). However, during the time scales
shown in Figure (a) and (b), ISM based detection algorithm is observed to catch up
with plant changes at much faster rates than the estimation scheme. As example, in
Figure (b), near time 0.9 u sec, by changes from low to high value. The ISM decision
changes within 0.0175 p sec to the correct decision value. However the BCEWRLS
algorithm takes almost 0.350 p sec to reach steady value. Hence a speed improvement
order of 0.35/0.0175=20 can be achieved using ISM based detection over BCEWRLS
method alone. Even though the exact convergence time may vary from one example
to another, ISM based detection is consistently observed to be faster than BCEWRLS

based estimation.
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Figure 5.4: Verification of equivalent cantilever model using averaging theory technique.
The oscillating cantilever is made to interact with sample for gradually ascending inter-
action (approach) followed by descending interaction (retract). With increasing (reduc-
ing) lint, the amplitude of oscillation Age¢ reduces (increases). BCEWRLS scheme is
applied to calculate equivalent cantilever parameters; equivalent resonant frequency feq
and equivalent quality factor (Q.q. Using averaging theory fe, and ()¢, are analytically
calculated for the tip-sample interaction model. Theoretically predicted and estimated
values for Q¢4 are close match. With small interactions (low l;n¢), feq match very well
with theory. For higher interactions (high lin:), feq deviates slightly from analytical

predictions.

A ‘close to reality’ tip-sample interconnected system is accepted for verification of
the effectiveness of BCEWRLS in estimating the equivalent cantilever parameters. A
piecewise linear model developed in [1] is utilized to model the tip-sample interaction
(also see Figure in Chapter [2)) which works reasonably well for capturing interactions
with hard substrates like mica. The interaction model parameters are chosen so that the
cantilever tip-sample interaction is predominantly repulsive (see [45]). A cantilever with
first resonant frequency of 63.15 kHz and quality factor 227.85 is chosen for simulation.
The cantilever is oscillated with free air oscillation amplitude of 24 nm. The oscillating
cantilever is gradually moved towards and away from the sample surface to increase
the interaction length [;,; followed by reducing it. In this chapter, l;,; is defined as
the difference between the steady state amplitude of oscillations of the cantilever in
free air and that of the cantilever interacting with an infinitely hard sample. As shown

in Figure when l;;,; increases, the amplitude of oscillation Ag.; reduces and vice
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versa. Equivalent cantilever parameters (fe, and Q¢q) corresponding to each cantilever
oasillcation amplitude are obtained from analytical expressions derived using averaging
theory techniques (see [45]) and compared with estimated values using BCEWRLS with
A =0.995. It is evident from Figure that the equivalent cantilever model is indeed
a very useful tool to model oscillating cantilever interacting with a sample. Further,
BCEWRLS estimated values are close match with theoretical predictions.

The validity of the switching model discussed before is explained now. The separa-
tion between the cantilever base and the sample (called sep) is raised and lowered with
a pseudo random bit pattern of bit duration 200 us. A high value of sep in Figure
indicates model 1 (free air oscillations) and a low value indicates model 2 (interaction
state). A frequency sweep method is applied to obtain the frequency response of the
cantilever around the first resonance frequency and from the frequency response the
state space matrices (A1, B,C) are obtained. In order to get the model 2, the can-
tilever tip is made to interact with the sample with an interaction length (l;,;) of 2
nm. The equivalent cantilever model corresponding to l;,; of 2 nm is obtained using the
BCEWRLS scheme with forgetting factor A = 0.995. From the estimated equivalent
parameters, A, matrix for the continuous time equivalent system is obtained. From
the state space models described by model 1 (A, B,C) and model 2 (Ag, B,C), the
system (Arsar, Brsar, Crsar, Drsar) as shown in (5.34) and (5.35)) can be constructed.

Now, the objective is to compare the outputs e/, 7 and €lm from the ISM system (see
Figure |5.5)) to the outputs eq;y and ey, obtained from the ‘close to reality’ cantilever-

sample interconnected system together with the two observers.
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Figure 5.5: ISM system: Simulation model for verification of the switching model.
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Figure 5.6: (a) eq;f and €; 7 With sep from simulation. These signals have no detectable
difference. (b) esym and €, from simulation. These signals match perfectly for no
interaction from sample (model 1). The phase behaviors of ey, and €., match during

interaction with sample (model 2).

From Figure (a) it can be observed that whether the model is 1 (sep high) or
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2 (sep low), eq;y and ezh-f are always perfect match with each other. From Figure

(b), it is clear that egym and €, match correctly in model 1. In model 2, the phase

m

behaviors of e and €’ are very close match. However, the amplitude behaviors are
sum sum )

not the same. A better model than a simple switching model is required for predicting
the behavior of amplitude of egy,,. Nevertheless, the switching model is accepted since it
allows to have a nice balance between simplicity and a reasonable ground for analytical

understanding.

5.4.2 Real time detection

15 \ 15
1 43

0.5 G oSl
MHHHREN I
IRITERE Ll (e

=
und
]
»:
3
aeuy
—
—

_19 NL!iia--fi At
—sep
-1.5 —sep—Cm—Carl -1.5 | — M2 (e@)2
0 50 100 150 0 50 100 150
(@) Time x 1 usec (b) Time x 1 usec

Figure 5.7: (Simulation result) (a) eqir and ey oscillate in phase (out of phase) when
cantilever interacts with the sample (is in free air). (b) Envelope of (e(1))? — (e(2))2
changes sign as the cantilever goes from off-sample to on-sample situation and vice

versa. sep high (low) implies free air oscillation (interaction).

The effectiveness of the model detection methods developed in the chapter are assessed
below in the context of AFM based material investigation. In simulation studies the
separation between the cantilever base and sample (sep) is raised and lowered with a
pseudo random bit pattern of bit duration 200 us. High sep in Figure[5.7]indicates model
1 (free air oscillations) and low sep indicates model 2 (interaction). ISM detectors are
designed by matching the free air cantilever model (model 1; (A;, B, C)) and BCEWRLS
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estimated equivalent model (model 2; (Az, B,C)) obtained using ljp; = 2 nm. It is
evident from Figure (a), when sep is low (interaction), both esum and egq;p oscillate
in phase. However, high sep (free air oscillations) cause edif and egm to oscillate
180 degrees out of phase confirming result . In Figure (b), the envelope of
(eM)? — ()2 (referred to as TSMj,y) follows the analytically predicted behavior in
Section IS My, is negative when the media presents depressed topography (the
equivalent dynamics follows model 1) and is positive when the media presents a raised

topography with an interaction length of 2 nm (the equivalent dynamics follows model
2).
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Figure 5.8: (Experimental Data) (a) hgt denotes measured height of sample. The sample
media changes to a raised topographic profile at 50 psec. From 0 — 50u sec there is
no interaction between the sample and the cantilever; for the rest of the duration of
the experiment, cantilever interacts with the sample. ey, and eg;; signals are in phase
within a couple of cantilever oscillations of the heightened topographic profile appearing
agreeing with analytical results. In the absence of the sample interaction (from 0 —
50 sec ) esum and eg;s differ in phase by m radians. (b) Envelope of (e(1))? — (e(?)?
exhibits sign inversion within a few cycles of cantilever oscillations similar to seen in

simulation results.

In the following the detection method is experimentally assessed. A field-programmable
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gate array (FPGA) based circuit actuates the piezoelectric nano-positioning system ac-
cording to a pseudo random bit pattern of bit duration 350 us. In Figure[5.8[(a) and (b),
the signal hgt denotes the height of the sample. High hgt implies interaction and low
hgt implies free air cantilever oscillations where there is no interaction with the sample.
The innovation signal e!) is obtained from observer matched to the free air cantilever
model (fo = 71.73 kHz, Qo = 130.21). The second observer is designed to match the
equivalent cantilever model where f., is determined (using BCEWRLS method) to be
100 Hz less than fy. Q¢q is determined to be same as Qg. Behaviors of esym, €4y and
envelope of (e(1))2 — (e(2))2 resemble remarkably closely with theoretical predictions and
simulation results (compare Figure and Figure . The high bandwidth detec-
tion capability is also evident from experimental data where the sign inversion occurs
within a few cycles of the cantilever oscillations (with time period ~ 1/fy). Moreover
the experimental results also support the robustness and applicability of the methods
where the estimated equivalent models are utilized in the ISM method and are used in
real experimental conditions thereby confirming that deviations of the estimated models

from the physical dynamics do not pose limitations on the ISM based method.
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Figure 5.9: (Simulation result) (a) Conventional dynamic mode AFM amplitude image
(Agey) and ISM amplitude image (ISM;,r) with cantilever-sample separation (sep).
ISMy,; is faster and exhibits significant independence of topographical history. (b)
Regular phase image (¢4cr) and ISM generated phase image (¢,,) from simulation. ¢y,
is more suitable for high speed binary deciphering of topography.

A comparison of ISM with conventional AFM signals (the amplitude and phase of
cantilever oscillations, explained in Section and Section in Chapter 3)) is presented
below. Ages and ¢ger in Figure (a) and (b) denote the demodulated amplitude
and phase of cantilever oscillations. ISM generated amplitude (/.SMj,¢) and the phase
difference between eg;r and esym, (referred to as ¢,) signals are also shown in Figure
(a) and (b). All the data are scaled and shifted appropriately to fit in the same figure.
In the time scale shown in Figure (a) and (b), Ages and Pges are always in their
transient region. However, in contrast to ISM based signals which reach their steady
state. Further, traditional images are dependent on history of the past topography
encountered since a history of consistent high topography lowers the amplitude Agy.

However, ¢,, and I.5M,; follow a consistent binary behavior independent of history.
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Figure 5.10: (Experimental Data) (a) Conventional amplitude Ages and ISM;,s from
experiment. Ag.y shows an overall drift from left to right. However, ISM;,; has more
consistent levels. (b) Regular phase ¢4.¢ and ISM based phase ¢,, signals from exper-
iment. ¢,, has a very consistent binary behavior and better steady state magnitudes
than ¢gef.

Similar images are generated from experiments and compared (see Figure . An
interesting observation is that ¢,, exhibits better steady behavior than I.SMj,; in ex-
periment. In Figure (a), value of Ager shows a downward drift from left to right.
However, the magnitude levels of I.SM;,; are seen to be consistent implying that a
threshold based detection is difficult from Ag.y but it is possible from ISM;,;. ¢y, is
found to detect the topography changes at significantly higher bandwidth. When hgt
changes, ¢,, switches value almost seven times faster than ¢q.s (see Figure (b)).
Clearly ISM based detection outperforms conventional AFM images for binary detection

of topography.
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Figure 5.11: (Simulation result) (a) MAP and (b) ISM based detection. ISM does not
exhibit decision glitches as shown by MAP.
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Figure 5.12: (Experimental Data) (a) MAP and (b) ISM based decision images dysap
and drgps- darap is severely effected by decision glitches whereas dygys has correct

decision making capability.

A comparison of recursive MAP (5.9) and discrete time implementation of ISM
(5.24])) is described here. For time varying systems, the MAP algorithm requires peri-
odic refreshing of p(61|Vm) and p(62|Vm) (see [29]). A time window of 40 samples for

periodic refreshing is found suitable for MAP algorithm. Such periodic refreshment is
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not necessary for ISM. In Figure (a), the decision variable for MAP shown as dy;ap
is set to 1 when p(01|Vm) > p(02|V:m) otherwise 0. ISM signal T'[m] is gathered using
a window size M = 15. djgps in Figure (b) is set to 1 when T'[m] < 0 otherwise
0. darap as shown in Figure (a) produces glitches in the decision even when sep is
steady. However, drsys shows better binary behavior without any errors in Figure p.11
(b). Figure (a) and (b) show a comparison of experimentally obtained decision
images by recursive MAP and ISM. It is evident that the decision image from MAP
results in considerable fraction of incorrect decisions (see Figure (a)). However,
from Figure (b) it is observed that ISM yields high fidelity results.

5.4.3 Symbol by symbol and sequence detection

107",
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Figure 5.13: (Simulation result) Bit error rate (BER) performance of symbol-by-symbol
ISM and MAP with regular MLSD and ISM-MLSD as a function of interaction length
lint. Increasing l;,; over the range 1 nm to 2 nm gradually improves BER performance
of each scheme. Performance of ISM and MAP are close to each other. Regular MLSD
lags slightly in error rate compared to other methods. However ISM-MLSD consistently

outperforms all the other methods. Dwell time T is chosen as 250 micro seconds.
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Figure 5.14: (Experimental data) Bit error rate (BER) performance of symbol-by-
symbol ISM and MAP with varying threshold location. Dwell time T is chosen as

350 micro seconds.

A comparison of detection of plant models with finite dwell time as discussed in Section
is presented here. For simulations, sep is varied with a dwell time T' (or equiva-
lently bit duration) of 250 micro sec. Test signals for ISM in and MAP in
are averaged over this time interval T' before making decisions for symbol-by-symbol
detection of plant models. In the previous work on MLSD for probe based data storage
(see [27]), the test signal s,,(t) is chosen by applying a matched filter on the innovation
signal e(). Apart from the assumption of known dwell time 7', in Ref. [27] it is also
assumed that the exact time instant when the oscillating cantilever tip impulsively in-
teracts with the sample (¢ times during dwell interval T') is known and outputs of the
matched filter are collected at their maximum value during each successive tip-sample
interaction cycle. In Ref. [106] it is shown that ISM performs as good as MLSD applied
on test signal generated through processing e(!) as recommended in Ref. [27]. However,
from the perspective of implementation, having accurate knowledge of ¢ instants where
the cantilever interacts with the sample during each dwell time T is a difficult task.
Hence in this chapter regular MLSD and ISM-MLSD are applied on test signals s, (t)
chosen as appropriately low pass filtered (e(1))? and (e(1))2 — (e(?))2 signals respectively.

This method is simpler to implement and the ¢ samples during each interval T can be
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collected just by uniform sampling of the observation data without knowing the time
instants of cantilever tip-sample interaction. The decision error rates (also referred to as
bit error rate; BER) of each method are observed where the bits are generated pseudo
randomly. Average BERs are obtained for fixed on-sample interaction length ;,; which
is further varied from 1 nm to 2 nm. For all these cases, ISM signals are generated using
the fixed equivalent model of l;,,; = 2 nm. The resulting BER vs l;,,; plots are compared
in Figure Clearly, tapping the surface harder by increasing l;,; improves the detec-
tion schemes. In Figure ISM-MLSD performs better than other methods. Similar
simulations are performed by varying the dwell interval T" and for all cases ISM-MLSD
is observed to consistently outperform other methods.

Results from experiment are presented now. The sample height hgt is actuated with
FPGA based actuator with a pseudo random bit pattern of bit duration 7' = 350 micro
sec. Symbol-by-symbol test signals for ISM and MAP are obtained. The ranges of
obtained values for ISM and MAP are divided into 40 grid points and they are used as
decision thresholds for bit detection. Experimentally obtained BERs for ISM and MAP
for various threshold locations are shown in Figure It is clear that the optimum
threshold for detection (where BER is minimized) is slightly off from the mid-point of
range of test values. The minimum BER for ISM and MAP for optimum choice of
thresholds are obtained as 2.88 and 6.32 percent respectively. Hence more than 2-times
improvement of accuracy is obtained by ISM over MAP.

Statistics for sequence detectors is gathered for known bit sequence with assumptions
of system memory m = 1 and inter symbol interference memory m; = 2. As shown in
Figure there are 8 possible states S; with 16 possible state transitions (S;_1,5;).
For each possible state transition, average observation vector ) and corresponding co-
variance matrix C are determined. Example of such experimentally gathered mean
observation vectors for regular MLSD and ISM-MLSD corresponding to three possible
state transitions (S;_1, S;) € {(000,001), (110,101), (011,110)} are shown in Figure[5.15
The set of statistics pairs (),C) for 16 possible state transitions are utilized for Viterbi
sequence detections using regular MLSD and ISM-MLSD. Interestingly, regular MLSD
on the experimental data yields BER of 0.14 percent whereas ISM-MLSD yields only
0.07 percent BER. These experimental data suggest that MLSD and ISM-MLSD are
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capable of improvement of accuracy almost 20 times and 41 times than the best possi-
ble situation for symbol-by-symbol detection. The improvement of sequence detection
over symbol by symbol method is achieved by correcting for the moderate ISI which
is observed in the experimentally obtained test signals (e("))? and also (e(1))2 — (e(2))2,
However, implementation of MLSD and ISM-MLSD are much more intricate compared
to simple symbol-by-symbol methods and require a statistical learning step with known

sequence of bits before detection of unknown bit sequence.
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Figure 5.15: (Experimental data) (a) Example mean observation vectors ) for regu-
lar MLSD. (b) Y for ISM-MLSD. The 3 state transitions shown here are (S;_1,5;) €
{(000,001), (110,101), (011,110)}. The statistics pairs (),C) in turn are used for Viterbi

detection. Dwell time T is chosen as 350 micro seconds.

5.5 Conclusions

In this chapter a real time switching-model detection strategy ISM is developed for a
system that switches between two models. The concept of utilizing the known plant
models and sign-inverting test signals for ISM is developed. A MAP based detection
algorithm from existing literature is briefly outlined and compared with ISM. Detection
schemes are modified for the situation when a dwell time with which the plant model
switches is known a priori. Sequence detection method namely MLSD on innovation
squared mismatch signal is proposed to further improve detection performance in the

presence of inter symbol interference. In the application part, the dynamic mode AFM
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based fast topography detection system is cast as a binary switched system. Effective-
ness and accuracy of the equivalent cantilever and switched plant model are discussed
with theoretical predictions. The results indicate the superior speed of operation and
the steady-state value advantages of plant model detection approach over the conven-
tional AFM imaging. The simulation and experimental results also suggest that ISM is
simpler to implement yet performs better than recursive MAP for real time detection.
Furthermore the robustness of ISM against the plant uncertainties, i.e., the situation
when the observers are not accurately matched to the plant models and noise is present
is borne out by thorough experimental data. Performance of sequence based detections
are compared with ISM and MAP based symbol-by-symbol detections when the bit
duration is known. It is verified that the proposed combination of ISM-MLSD offers
significant gain in detection accuracy compared to other methods through simulation

and experiments.



Chapter 6

Single molecule studies of

utrophin protein constructs

6.1 Introduction

Duchenne muscular dystrophy (DMD) is the most prevalent and severe form of human
muscular dystrophy. DMD is caused by a defective gene for dystrophin (see Figure
[6.1)). It usually affects boys where they have a 50% chance of having the disease if the
mother is a carrier whereas a similar percentage of daughters of carriers will be carriers
of the disease. The disease affects 1 in 5000 boys who lose the ability to walk by twelve
years and have a life expectancy of less than 25 years. While clinical descriptions of
DMD date back to the 1850s, over 100 years passed before evidence suggested that the
muscle cell plasma membrane, or sarcolemma, is compromised in DMD muscle. There
is currently no cure for DMD. Investigations into the molecular basis for DMD were
greatly facilitated by identification of the defective gene and its major protein product,
dystrophin [129]. Pioneering biochemical studies [130], |131], [132] revealed the tight
association of dystrophin with a multi-subunit complex, the so-named dystrophin and
glycoprotein complex (GPC).

Since its description, the dystrophin-GPC has emerged as an important structural
unit of muscle and also as a critical nexus for understanding a diverse array of muscu-

lar dystrophies arising from defects in nearly all genes encoding DGC subunits [133].

114
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Increased expression of the fetal dystrophin homolog utrophin can compensate for dys-
trophin deficiency in mouse models of DMD , so efforts to upregulate utrophin
expression to substitute for dystrophin deficiency in DMD are underway in many lab-
oratories . Dystrophin and utrophin are frequently hypothesized to function as
shock absorbers or molecular springs that protect the plasma membrane from rupture
during muscle contraction or stretch (see Figure. Even though dystrophin and
utrophin play important mechanical roles, the mechanical properties of either protein

remain to be characterized.

Dystrophmﬁl

ABD1 gDZ

Bending (ms Twisting (us)

ABD1 ABD2 Utrophin

Figure 6.1: Homologous structures of dystrophin and utrophin. Both have two actin
binding domains indicated by ABD1 and ABD2. In dystrophin the domains are sepa-
rated by triple-helical spectrin repeats (ovals). The C-terminal (CT) domain is attached
to the sarcomere. In dystrophin, unlike utrophin, ABD1 and ABD2 are separated by
10 spectrin-type repeats (STRs) \|

Methods exist to recombinantly express and purify full-length dystrophin and utrophin
in quantities that enabled rigorous biochemical characterization [137H139]. While in vivo
data demonstrate that utrophin can functionally compensate for dystrophin-deficiency

at least in dystrophic mice [134], studies have demonstrated clear differences between

dystrophin and utrophin with respect to their molecular mechanisms [137], [13§], [139].
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In brief, dystrophin is a 427-kDa protein whereas utrophin is simpler 400-kDa homolog.
In Figure homologous structures of dystrophin and utrophin are shown. Both have
two actin binding domains; ABD1 and ABD2. Here the first actin binding domain is
located at the N-terminus (NT). The C-terminal (CT) domain is attached to the [-
dystroglycan in the sarcolemma (sarcolemma is the cell membrane of striated muscle
cells). In dystrophin the domains are separated by triple-helical spectrin repeats (ovals).
In both dystrophin and utrophin, ABD2 is made up by spectrin like repeats. However,
in dystrophin, unlike utrophin, ABD1 and ABD2 are separated by 10 spectrin-type
repeats (STRs).

| Sarcolemma GpPd

Figure 6.2: Model for how dystrophin may function as a molecular shock absorber to
dampen elastic extension during muscle stretch. I) Relaxed muscle. IT) Stretch imposes
forces that uncoil spring-like elements within repeats 1-10 and 18-24. III) Electrostatic
interaction of basic actin binding repeats 11-17 with acidic actin filaments dampens

extension of the spring-like elements (see ) GPC denotes the glycoprotein complex.
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Both dystrophin and utrophin are too large for most gene therapy vectors and thus
considerable effort is ongoing on smaller constructs, which are suitable as candidates
for gene therapy. Here it is possible that constructs derived from the simpler protein
utrophin can be more effective than those derived from dystrophin. For example, in [2],
it is established that mini-dystrophin without one of the actin binding domains is less
effective in regulating actin dynamics whereas a micro-utrophin derived from utrophin
with more extensive internal deletions is significantly more effective in regulation of actin
dynamics. These and similar results further motivate the need to determine mechanical
properties of smaller constructs of both utrophin and dystrophin and compare their
behavior with full-length dystrophin and utrophin. Only a few studies have reported
on the mechanical properties of dystrophin [140}/141] and no studies have reported on
the mechanical properties of utrophin.

The atomic force microscope [5] is utilized for single molecule force spectroscopy.
Such technique has been extensively used to study mechanical proteins such as titin
[142,|143] and spectrin [144-{146]. In this chapter we report the first ever mechanical
characterization of full length utrophin and its functionally relevant terminal fragments
utilizing MFP-3D atomic force microscope (AFM) from Oxford Instruments Asylum
Research. Typical experimental setup for protein studies is explained in Figure [6.3
The AFM setup contains a flexible cantilever, a laser-photodiode based sensor which
measures the position of the cantilever tip, and a piezo electric nano-positioner which
can move a substrate in three spatial directions with respect to the cantilever base [5].
A droplet of the protein solution is employed on the substrate and kept for some time so
that some proteins get adsorbed on the substrate surface. The cantilever is approached
towards the substrate surface, pressed against the surface for some time (known as dwell
time) and then retracted with a specified retract velocity. The approach-retract cycle
is repeated. During such a cycle, if one end of a protein molecule gets attached to the
cantilever tip with the other end adsorbed on the substrate, it is stretched during the
retract phase of the cantilever. The pulling force on the molecule is balanced by the force
on the cantilever which can be measured by observing the deflection of the cantilever tip.
Forced extension causes the bonds in the molecule to unfold (also referred to as bond
rupture events) which can be detected by a characteristic saw-tooth pattern observed in

the cantilever deflection |144]. Data from typically 200-500 successful force spectroscopy
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experiments are collected for each protein construct which reveal the statistical nature

of the force vs extension properties of these molecules.

force

cantilever substrate

substrate (B)

/
protein
moIecuIe“

nanopositioner

-100 -200 -300 -400nm
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Figure 6.3: (A) A cantilever with a tip to which an end of the protein molecule with multiple
domains is attached. The other end sits on a substrate. The tip deflection can be measured
using a laser incident on the back of the cantilever which reflects into a quadrant photodetector.
(B) The force on the molecule is estimated as kp where k is the stiffness of the cantilever flexure
and p is the cantilever deflection measured by the laser-photodiode mechanism. The separation
b between the substrate and the base of the cantilever support can be controlled with sub-
nanometer precision using a nanopositioner. The extension of the molecule under externally
applied force is denoted by sep which can be measured using sep = b—p. (C) In a typical puling
experiment the separation between the base of the cantilever and the substrate is increased

where the bonds unfold and a sawtooth pattern is observed in the force-extension data.

This chapter is organized as follows: Section [6.2] validates our experimental setup by
studying the well studied protein titin [142] and matching with the existing literature.
Section [6.3| explains our surprising findings of the mechanical behavior of utrophin

protein segments. Section concludes with future directions of this work.
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6.2 Force spectroscopy experiments on titin 1270 con-

structs

Titin is critical for proper functionality of muscles. It provides support to the skeletal
and cardiac muscle sarcomere and restores the sarcomere to its original dimension after
relaxation of the muscle where it acts like a molecular spring (see [147,|148]). Single
molecule force spectroscopy studies of titin have resulted in deep insights in how it
achieves its functionality. In [149] the mechanical unfolding properties of individual do-
mains was determined and used to reconstruct the force-extension curve of the complete
titin molecule. Nuanced insights were achieved such as: muscle elasticity at low forces
of less than 4 pN is due to the compliant N2B and PEV regions and that under high or
forces that persist for long times, a mechanical buffer was provided by the Ig domains in
a tandem array. Given the wealth of data available on titin, for the single molecule force
spectroscopy methods, we use titin 1270 constructs [150] to validate our experimental
setup.

The 1270 molecule contains eight repeats of 127 domains of human titin. The stock
protein is diluted to a concentration of 100 ug/ml in phosphate buffer saline (PBS,
pH level 7.3). 100 ul of the diluted protein solution is applied on gold substrate. An
Olympus biolever (long) of stiffness 6.67 pN/nm is employed for constant speed pulling
experiments where the cantilever base is moved away from the gold substrate at speed
of 1 pm/sec. Figure shows example data of a successful pulling experiment. The
force versus extension characteristics of a wide variety of protein molecules including

titin is fit with worm like chain model [142] which is described by:

1 d\"? 4 1
(1= = =z 1
)

where L. is the contour length, P is the persistence length, and F,, is the force (the

KpT
F =
pr P

tension) in the molecule. d is the extension of the molecule, kg is the Boltzmann con-
stant and T" denotes the absolute temperature. The parameters that best fit the worm
like chain like chain (WLC) model provide key insights into the mechanical properties

of the protein molecule.
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Figure 6.4: Force versus extension characteristics of titin construct 1270. The peaks in
the extension data are identified as the bond unfolding events. The extension of the
protein in between the bond ruptures are identified and fit with WLC models described
by persistence length, P, and contour length, L.. The x-axis denoted by sep represents
the separation of the cantilever tip from the substrate (nm), which is the same as the
extension of the molecule when it is taught. The y-axis represents the force acting on

the molecule (pN).

The bonds unfolding during forced extension are identified by the peaks in the exten-
sion curve (see Figure [6.4). The extension of the molecule in between such consecutive
bond unfolding is fit with the WLC model as shown in Figure 6.4 using Igor Pro software
from Oxford Instruments Asylum Research. Collective data from the successful pulling
experiments reveal the statistical behavior of the unfolding forces, persistence lengths,
unfolding lengths, and also the contour lengths which are demonstrated in Figure [6.5
Figure and Figure [6.7
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Figure 6.5: (a) Distribution of rupture forces (N), and (b) distribution of persistence

length (m) determined from force spectroscopy experiments of titin 1270 molecules.
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Figure 6.6: (a) Distribution of peak to peak distance (m), and (b) distribution of incre-
ments in contour length (m) due to bond ruptures determined from force spectroscopy

experiments of titin 1270 molecules.
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Figure 6.7: (a) Maximum unfolded length (m) as a function of rupture count, and
(b) relative frequency of observed rupture counts determined from force spectroscopy

experiments of titin 1270 molecules.



122

The experimentally obtained histograms shown in Figure [6.5] and Figure are

fit with Gaussian distributions. The peaks and standard deviations obtained from the
Gaussian fits are also demonstrated in the corresponding figures. A comparison of the
statistics of the estimated distributions with the specifications detailed in existing litera-
ture [143|[150] for a pulling speed of 1um /s is presented in Table[6.1} The close proximity
between our results with the data reported in existing literature is evident from Table
We also shared our data with the vendor of 1270 protein |150] and affirmed the
accuracy of our estimated parameters. This validates our AFM experimental setup and

we move on to investigating the utrophin molecules.

Parameter Estimated Specification sheet
Persistence length 0.30 £ 0.05 nm 0.30 £ 0.07 nm
Rupture force 222 + 17 pN 228 +29 pN
Peak to peak length 25.1 £0.56 nm 24.1 £ 0.34 nm
Increment in contour length | 27.2+ 1.3 nm 24.1 +0.34 nm

Table 6.1: Comparison of estimated parameters of Titin 1270 molecule with specification

sheet.

It should be noted in Figure that the maximum unfolded length increases lin-
early as more bonds unfold. This observation is consistent with the fact that the 1270
molecule is synthesized by concatenating identical 127 domains. These domains when
unfold, contribute to uniform increment in the extendable length of the molecule. Again,
due to the identical nature of the constituent bonds, the increments in the contour length
for bond ruptures are tightly distributed around the peak value of 27.2 nm as illustrated
in Figure Figure represents the relative frequency of observed bond rupture
counts from successful pulling experiments. It is evident from Figure that the
number of successful pulling experiments where higher number of bonds rupture, are
much lower compared to the number of experiments where at least one or two rupture

events are observed.
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6.3 Force spectroscopy studies on utrophin molecules

Here we present the results obtained from utrophin protein constructs. The domains in
the full length utrophin protein molecule and its different deletion constructs that we
investigate in this chapter are shown in Figure[6.8] As explained earlier, the full length
utrophin (also referred to as Utr FL) contains two halves; the fragment that binds with
actin filaments contains the N-terminus and spectrin repeats R1 to R10 (denoted by
Utr NT-R10), the other fragment containing the repeats R11 to R22 and the CR-CT
terminus (denoted by Utr R11-CT) connects to the dystrophin-glycoprotein complex.
We study each of the constructs Utr FL, Utr NT-R10 and Utr R11-CT. It is hypothesized
that the terminal domains NT and CR-CT may influence the mechanical behavior of
utrophin constructs through long range intra-molecular communication. In order to
verify this hypothesis, we also investigate the full length utrophin, the actin binding
fragment and the dystroglycan binding fragment by removing the terminal domains
which are referred to as Utr R1-22, Utr R1-10 and Utr R11-22 respectively.
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Figure 6.8: Full length utrophin and its different constructs investigated by force spec-

troscopy experiments. Molecular bond unfolding is also studied by thermal melting

experiments.

Thermal melting experiments conducted using circular dichroism techniques reveal

that the full-length and truncated utrophin constructs exhibit uniform thermal stability
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from N- to C-terminus which is shown in Figure From Figure it is
evident that the constituent molecular bonds unfold uniformly upon thermal excitation
all across the utrophin molecule. Thus it intuitively follows that the bond unfolding
events from different utrophin constructs would maintain similar trends upon externally
applied force. However, our force spectroscopy studies reveal that utrophin constructs

behave mechanically very differently than what we expected.
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Figure 6.9: Thermal melt curves for different utrophin constructs exhibit uniform un-
folding characteristics |\

The utrophin constructs shown in Figure are employed on freshly cleaved mica
samples in phosphate buffer saline (PBS, pH 7.5) solutions. Constant speed protein
pulling experiments are conducted using Olympus biolevers (long) at a pulling speed
of 1 pm/s. Example of force versus extension curves of the constructs Utr NT-R10,
Utr R11-CT and full length utrophin (Utr FL) are shown in Figure Figure
and Figure respectively. A key aspect of the mechanical behavior of Utr R11-CT
evident from Figure is that, as the bonds unfold, Utr R11-CT offers more and
more restoring forces so that, the molecule behaves as a ‘stiffening spring’. In contrast,
observation of Figure suggests that the different bond unfolding events in Utr
NT-R10 occur over similar force ranges. Thus the force versus extension characteristics

of Utr NT-R10 exhibits a flat trend which we refer to as the ‘brittle’ behavior.
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Figure 6.10: Example of force spectroscopy data obtained from (a) Utr NT-R10, (b)
Utr R11-CT, and (c) Utr FL protein constructs. Data suggests ‘brittle’ behavior of Utr
NT-R10 versus ‘stiffening spring’ like behavior of Utr R11-CT and Utr FL constructs.
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The full length molecule Utr FL behaves mechanically as a stiffening spring (see
Figure which is similar to the trend observed in Utr R11-CT (see Figure ,
however, much larger unfolding forces are observed in Utr FL. when more number of
bonds unfold. Thus the overall resistive force that Utr FL can withstand is much higher
than either Utr NT-R10 or Utr R11-CT can.

In order to substantiate these observations statistically, we collected data from all the
successful pulling experiments and estimated the probability distribution of the unfold-
ing forces for each of the fragments as a function of the index of unfolding events. Here,
we define the index of unfolding event, denoted by N, as the N** bond unfolding that
occurs in pulling experiments. Figure Figure and Figure demonstrate
the estimated probability distributions of the unfolding forces determined, separately for
each N, for the constructs Utr NT-R10, Utr R11-CT and Utr FL respectively. The es-
timated force distributions further validate our initial observation of the ‘brittle’ versus
‘stiffening spring’ behavior of the utrophin fragments. The unfolding force distributions
at different values of N for Utr NT-R10 in Figure overlap on each other. Thus
the peaks in the distribution of unfolding forces observed in Figure are similar.
Besides, from Figure it is observed that the widths of the distributions are uni-
form as well. Thus, irrespective of the index of bond unfolding, the uncertainties in
the unfolding forces are similar. In contrast, the force distributions observed in Fig-
ure shift towards higher forces for higher values of N. The peaks forces in the
distributions increase consistently as N increases (see Figure [6.11b]). Besides, for Utr
R11-CT, the width of the distribution also increases with N, indicating that for higher
unfolding events, there is more uncertainty in the unfolding forces that are observed.
The distribution of unfolding forces for full length molecule Utr FL is demonstrated in
Figure Evidently, the shift of distributions towards higher forces with increasing
N suggests that the stiffening spring-like behavior, similar to Utr R11-CT, is followed
by Utr FL. However, the distributions corresponding to the higher values of N range
over much higher forces that can not be observed in either Utr NT-R10 or Utr R11-CT.
Our findings are particularly surprising given the fact that Utr NT-R10, Utr R11-CT

and Utr FL behave almost identically under thermal melting experiments illustrated in

Figure [6.9]
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Since, both Utr NT-R10 and Utr R11-CT contain structurally similar spectrin type
repeats except the terminal domains NT and CR-CT, we hypothesized that the terminal
domains might dictate the dissimilar mechanical behaviors of these constructs. Thus,
we also investigated unfolding forces for the constructs Utr R1-10, Utr R11-22 and Utr
R1-22 which do not contain the terminal domains NT and CR-CT. From Figure
Figure and Figure it is evident that removing the terminal domains do
not influence the characteristic brittle or stiffening spring-like behaviors of the protein
constructs. Hence we remove the possibility that the termini NT or CR-CT influence
the mechanical unfolding behavior through any long range intra-protein communication.
For convenience in comparison, the peak unfolding forces in the estimated distributions
for all the fragments are shown in Figure [6.13] as a function of the index of rupture
event, N. In comparison to previously reported unfolding forces for homologous pro-
teins comprised of spectrin like repeats |140}141,[144-146|/152], our studies indicate much
higher unfolding forces. Thus our findings necessitate deeper investigation of possible
reasons and analytical models that can explain such radically different mechanical un-
folding characteristics of protein constructs that otherwise exhibit uniform unfolding

under thermal excitation.
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Figure 6.13: Peak unfolding forces as a function of the index of rupture event for the

different utrophin constructs.
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6.4 Conclusions

In this chapter we report the first ever mechanical characterization of full length utrophin
and its relevant terminal fragments with experiments conducted using AFM. The ex-
perimental setup is validated by experiments conducted on the well studied 1270 titin
constructs. From our investigation of utrophin constructs, we observe much higher
unfolding forces compared to what are reported for similar proteins with spectrin like
repeats. Further, our studies reveal some surprising facts about the mechanical behavior
of these protein constructs, particularly, the heterogeneity that these constructs exhibit
under externally applied force while their unfolding behaviors under thermal excita-
tion follow a uniform trend. The possibility of influence of terminal domains over the
mechanical behavior of these constructs is also investigated. Results suggest that the
terminals do not dictate the characteristic brittle or stiffening spring-like behaviors ex-
hibited by the actin-binding and the dystroglycan-binding halves of utrophin constructs.
A deeper understanding and theoretical modeling are necessary to predict the observed
phenomena. Further investigation of the mechanical behavior of full length dystrophin
and its different deletion constructs is needed to acquire better comprehension of the
molecular unfolding events. Moreover, our results emphasize the significance of force
spectroscopy studies of protein molecules which play important mechanical roles in the

human body.



Chapter 7

Conclusion and Discussion

A diverse set of problems related to atomic force microscopy is addressed in this the-
sis mostly utilizing tools from signal processing and systems theory. The topics in-
clude determining confidence measures on the measurement data of atomic force mi-
croscope, quantitatively estimating mechanical properties of materials using dynamic
mode AFMs, development of novel algorithms for probe based data storage, and also
studying protein molecules.

Chapter [2] develops measures for fidelity applicable to images obtained using a fast
dynamic mode atomic force microscopy method. A comparison of different techniques
namely the LMP, GLRT and MGLRT methods for fast detection of topography is
presented. LMP is observed to be better performing because the false alarm rate and
probability of detection is less sensitive to selection of threshold. However, LMP and
also GLRT require synchronization of the decision window with observation data which
is difficult to achieve in experimental setups. Thus the developed algorithm, MGLRT,
is better suited for practical applications because it is less sensitive to synchronization.
Closed form analytical results are derived to measure the fidelity of decisions arising
from LMP, GLRT and MGLRT methods. The fidelity measuring algorithm is well
suited for real time applications.

Chapter [3| deals with the means for quantitative estimation of material properties
such as stiffness and dissipation with nanometer resolution. Such material characteriza-

tion is an important prerequisite to fulfill the promise of nano-scale material design. A
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simple steady state based method referred to as SEEP is reported which estimates ma-
terial stiffness-dissipative properties using the dynamic mode of AFM operation. This
method employs available signals, namely the amplitude and phase used in the stan-
dard dynamic mode operation where the external excitation to the cantilever need not
be altered. Another technique, referred to as the REEP method is demonstrated to
be capable of estimation during transient phase of cantilever oscillation. Thus REEP
offers higher bandwidth of estimation than SEEP method. However, REEP requires
complex hardware implementation and careful selection of excitation signals at multi-
ple frequencies. Chapter [3] also provides a comparison of independent approaches for
estimating the storage and dissipative power components due to interaction between
cantilever tip and sample. Selection of appropriate system model and reference position
for interpretation of the AFM data is discussed with verification through experiments.
The step by step procedure for selection of system model, choice of reference position
and incorporation of correction terms in the phase signal can be used as recipe by AFM
users for investigating sample properties with dynamic mode AFM.

In Chapter [4 we report on embedded implementation of the real-time system iden-
tification algorithm (referred to as the BCEWRLS algorithm) employed for the REEP
technique described in Chapter |3l We choose Xilinx Virtex-6 generation FPGAs as the
host platforms to develop the system identification module. The design methodology
explained in Chapter [4] is conveniently applicable to development of a diverse set of
signal processing systems. The reported module is user friendly which can be interfaced
with AFMs to estimate surface mechanical properties of materials.

In Chapter [5, a switching-model detection strategy named ISM is developed for a
system that switches between two models. The concept of utilizing the sign-inverting
test signals for ISM is developed. A MAP based detection algorithm from existing
literature is briefly outlined and compared with ISM. Further, employment of max-
imum likelihood sequence detection (MLSD) techniques is proposed which improves
the detection performance in presence of fast plant switching by compensating for the
inter-symbol-interference. In the application part, the dynamic mode AFM based fast
topography detection system is cast as a binary switched system. The switched models
are firstly identified with BCEWRLS algorithm (outlined in Chapter |3) followed by
usage of detection algorithms MAP and ISM. The results indicate the superior speed of
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operation and the steady-state value advantages of plant model detection approach over
the conventional AFM imaging. The simulation and experimental results also suggest
that ISM is simpler to implement yet performs better than recursive MAP. Further-
more, the robustness of ISM against the plant uncertainties, i.e., the situation when the
observers are not accurately matched to the plant models and noise is present is borne
out by thorough experimental data. A combination of ISM with MLSD, referred to as
the ISM-MLSD technique is demonstrated to achieve the best bit detection performance
compared to previously reported methods for probe based data storage applications.

Chapter 6] deals with studying protein molecules using AFM based force spectroscopy
methods. Patients with the disease Duchenne muscular dystrophy (DMD) lack the pro-
tein dystrophin. The fetal homologue of dystrophin, utrophin, is both structurally and
functionally similar to dystrophin and is under active investigation as a therapeutic
replacement for dystrophin in patients with DMD. In Chapter [6] we report the first ever
mechanical characterization of full-length utrophin and functionally relevant terminal
fragments using atomic force microscopy (AFM). We observe markedly different me-
chanical characteristics for constructs where previous thermodynamic studies measured
identical thermal denaturation profiles. Our observations suggest that the terminal
fragment of utrophin which binds actin filaments exhibit a ‘brittle’ behavior under ex-
ternally applied force. However, the other fragment which connects to the dystroglycan
complex behave mechanically as a ‘stiffening spring’. We also verify our AFM experi-
mental setup by investigating the well studied protein construct titin 1270 and matching

data with existing literature.
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Appendix A

A.1 Derivation of steady state estimation of equivalent pa-
rameters (SEEP)

Remark 1 This step guides selection of a reference position. Perform one approach-
retract (force curve) experiment on the sample in the contact mode. From the force curve
experiment, choose a set-point deflection of the cantilever such that when the cantilever
18 engaged in contact mode, it resides at the beginning of the repulsive region of tip-
sample interaction. Engage the cantilever in contact mode with the selected set-point
deflection. Now retract the cantilever base by a distance which is just larger than the
amplitude of oscillations that will be chosen at the reference position. Typical amplitude
of oscillations can be chosen ranging from 40 nm to 150 nm. For example, choose 100
nm to be the amplitude of cantilever oscillations at reference. Then the cantilever base
can be retracted by 120 nm from the engaged position in the contact mode. Choose this

retracted position as the reference position.

Suppose that the frequency response of the cantilever G, (jw) at the reference position
is known. Note that if |U(jwg)| denotes the drive amplitude and |Y;(jwg)| denotes
the steady state amplitude of the cantilever oscillating sinusoidally at frequency wy
then |G,(jwq)| = %. The phase of G,(jwg) can be determined by evaluating
the phase difference between the cantilever deflection and the drive signal given by

LY, (jwqg)—ZU (jwq). Thus the following can be evaluated experimentally at the reference

150
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position:

Y, (jwa)
U(jwq)

. 2+ 2 .2
= |Gy (juwa)| = — Lot (A.1)
Jer i it

(Y (jwq) — LU (jwa)) = £Gr(jwq) = arctan (M)

a2

— arctan <%> . (A.2)

Qr(wi-w)

Here for each new experiment it is assumed that the gain and phase of G, (jwy) at
reference are determined.

The equivalent model for oscillating cantilever interacting with the sample is gov-

Wegq

erned by the dynamics Geq(s) = (a1s + az2) /(s> + )

eq

s+ wgq), where we have assumed
that the numerator of G, and G, remain the same throughout the rest of the imaging

process. It follows that

a% + a%wﬁ
2 22, “AeE
(wWgg —wg)* + 2,
LGeq(jwa) = (LYm(jwa) — LU (jwa))
Q1Wq WdWeq
= arctan —arctan | ——< |, A4
( a2 > (Qeq(qu - w3)> (4-4)

where |V, (jwq)| and £Y;, (jwg) denote the amplitude and phase of measured deflection

= |Geq(jwa)| =

(A.3)

‘Ym<jwd)
U(jwa)

of the cantilever.

Thus taking the ratio M, it follows from (A.1]) and (A.3) that

Gy (jwa)l
K’(-jwd) _ (wgq7w3)2+w3wgq/ng (A 5)
Yin(jwqg)| — \ @Rmed)eger/or '

In the dynamic mode of operation the phase difference between the input excitation and
output deflection oscillations # is measured experimentally given by 0 = (LU (jwg) —
LYy (jwg)). Let 6, := arctan(oywg/as) with 6 = ( + 6.). From (A.4) it follows that

tan(é) = 626(]((22;050)2). (AG)

Using the identity sec(d) = /1 4 tan?(f) it follows that

~ \/(wgq - w?i)2 + wngg/ng
sec(f) = .

(wgq - wczl)



152
Hence, from (A.5) and (A.7) we have

’ Y, (jwa)
Ym(jwd)

sec(f) (wz, — wj)

V(@2 = 02)? + w23 /Q2

~ 2,,2
Weq = 4| w3+ o cos(0)4/ (w2 —w3)? + wrc;)d’ (A.8)
a Q@
where a, = |Y;(jwq)| and @ = |V, (jwq)|. Further, from (A.6]) it follows that
Waw
Qeq = deq (Ag)

w2 —w)tanf
eq d

Thus wey and Q4 can be estimated experimentally using and which are
referred to as wseep and Qseep respectively. The steps for determining equivalent param-
eters using the approach above is summarized in Algorithm 1.

An alternative method for evaluating 6. when (ai,a9) are not exactly known is
discussed now. It can be seen that the peak frequency w, where the magnitude |G, (jw)]

attains the maximum satisfies the equation

2 2 1
2wy + wy (Q% - 2) ol
= = (A.10)
(w% _w]%)2 + aQr Wp T Q5

It is experimentally observed that aq has a significantly smaller magnitude than as and
the right hand side (r.h.s) of can be approximated to be zero. For sufficiently
large values of (), which is the case for most of high () cantilevers, (Qi% —2) ~ —2. Thus
from , with r.h.s set to zero, the peak frequency w, ~ w,. This peak frequency

can be found by applying a frequency sweep method. Also, by replacing wey = wy

and Qe = Q, in (A.9) for the reference position we have tan = %. Thus
T d T

for drive frequency wy = w, at the reference position, 0 = arctan(oo) = 90 degrees

and 8 = 90 — .. Hence at resonance the departure of the measured value of 6 from
90 degrees can be interpreted as 6.. Since a7 and ao are assumed to be fixed during
experiment, 6. remains constant as well. Subsequently when 6. is known, it can be
added to experimentally measured 6 to calculate 6 during imaging. Thus, all the terms
in the r.h.s of are known and w,, can be analytically estimated. Further, Q.4 is
evaluated using . With these assumptions the simplified algorithm is described as
Algorithm 2.
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A.2 Recursive update equations for BCEWRLS algorithm

Let T Ls and I'. denote the least square and bias compensated estimates of the unknown
parameter vector I' shown in 1' As outlined in Section m I'Ls contains bias due
to colored noise e(k) in (3.9). Thus, additional steps are required to remove the bias
and generate .. \e (0,1) denotes the forgetting factor in the estimation problem
(3.10). The set of recursive update equations for bias compensated and exponentially
weighted recursive least squares (BCEWRLS) technique [45] which evaluates I'. can be

summarized as:

Irs(k) =Irs(k—1)

+ P(R)S(K) |y(k) — &7 (k)T rs(k — 1)] | (A.11)
1 Pk = 1)o(k)¢" (k) P(k 1)
H“‘A(P%_”_ A+ 67 () P(k — 1)(F) )’ (A.12)

[mm—¢%mmﬁw—wr
A+ oT(R)P(k—1)o(k) |

(A.13)

62(k) = _ (A.14)

1—\F
1—\

To(k) = Tps(k) + 6%(k) ( ) P(E)ATc(k — 1), (A.15)
where k denotes the index of recursive update. The initial conditions are set by I'zs(0) =
0, P(0) = PyI, J(0) = 0, and I'¢(0) = 0. Py is chosen to be a big number (example,
I 0

0
the number of output delays in the SISO dynamics shown in (3.8]) (For our case, n=2).

PU == 166) A=

], where I is an identity matrix of size n X n, and n defines

62(k) represents an estimate of the variance of the measurement noise, ¢, in (3.8]).
Convergence speed and accuracy of I, depend on appropriate tuning of A\ which is
discussed in Section of Chapter
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A.3 Transfer function from [z(t)T, g(t)T]T to

[edif(t)v Csum (t)]T

The system specified by and (5.17)) is driven by the signal input [z(#)7, g(t)T]"
whereas ((t) govern the noise in the dynamics. Using the linearity property, the contri-
bution due to signal and noise can be seperately calculated. The signal component due
to the input [z(t)T, g(t)T]7 is evaluated first. Putting i = 1 for model 1 and ignoring
n(t), ¢(t) it follows that

a) | _ | M1 My || 2 |
Za(t) My M | | z(t)
———
Apig1
Ami B | ] z(t
+ ' RO (A.16)
—Am1 =B g(t)
Boig1
esif(t) | | N1 N2 z1(1)
esum (t) No Ny z9(t)
—
Cbigl
Cm D, t
' N (A.17)
—Cm1 —Dm g(t)
Dbigl
The transfer function from [z(t)7, g(t)T]T to [eaif, esum]” is given by
G1(s) = Chigi(sI — Abig1) ™ Boigi + Diigi- (A.18)

It follows that with invertible matrices U and W the following identity is satisfied

u w
w U

(WU - w)"luw -1
(W —UW—1U)~1

(W —UW-1U)~1

A.19
UW-U — W)~ luw ! (8.19)
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Hence, the following equations can be written with the assumption of nonsingular (sI —

M) for all s € C and nonsingular Mo

[ (sI— M — M.
(8] — Apig1) = (s 2 ? ,
i —M2 (SI — Ml)
(S S,
Implies, (sI — Apigi) = , A.20
( bigl) s s (A.20)
with 81 and S defined as
Sy = ((sT — My) My (sT — My) — My) ™ (sT — My) My Y,
Sy = ((sT — My) My (sT — My) — M) ™" (A.21)
From (|A.18) it follows that
N1 Ny S S Am1 Bm
Gi(s) =
Ny Ny S & —Amn1 —Bm
le Dml
_le _Dml
[ ales gl
= | _c @, | (A-22)
—Gp1(8) —Gpa(s)
where gﬁ}(s) and gfj{(s) are defined by
Gi(5) = (N1S1 + NaSa — (N182 + NaS1)) At + O,
G2 (s) = (MS1 + NSy — (N1Ss + NoS1)) Bont + Dt (A.23)

It can be observed that when the system is in model 1 the transfer functions corre-

sponding to eg;; and ey, have same value but opposite signs. Similarly, for model 2

the transfer function from [z(t)T, g(t)7]7 to [eqif, esum]|! can be derived as:
1 2

G3(5) G () ]

A.24
Gl (s) G(s) (A2

Ga(s) = [

gﬁ,ﬁ;(s) and gﬁ%(s) are shown below

gf,,g(S) = (NISI + NQSQ + NISQ + NZSI) Am2 + Cm27
g(2)(8) = (N1$1 + NSy + N1S9 + NQSl) B2 4+ Dpo. (A.25)

m2
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A.4 Computational complexity of MAP

The estimate of the computational effort required by each step of the recursive update
for the MAP algorithm is derived here. Each update involves matrix multiplications
and additions. Let us consider the state covariance update equation (5.10). The last
term on the right hand side of equation is (Ld7iRd7iLdT7i). Let us write Lgi =
[v1,v2, -+, Um,]| Where v; represents the jth column of Lgﬂ- matrix. Then, the (j, k)th
component of the matrix (Ld7iRd7iL£i) is of the form (U;‘-FRdﬂ‘Uk)- When v; and v, are not
equal, (v] Rgvp) = Y.<y YO0 vi(m)Ra i(m, n)v(n) where vj(m) is the mth element
of the vector v; and Rg;(m,n) is the (m,n)th component of the matrix Ry;. Clearly,
for calculating (vj-TRd,ivk) (v; # vg) 2mZ, multiplications and (m% — 1) additions are
required. As a result, 211‘% + (m% -1) = 311‘% — 1 flops are required. For symmetric
matrix Rq; € R™O™¢ and any vector v; € R™¢, the product of the form (U]TRCM’U]')
requires (%mZC + %mc — 1) flop counts (see [153]). (Ld,iRd’iLz;’i) being a symmetric
matrix, only m4 diagonal elements of the form (v]-TRd’ivj), j =1,2,--- ,my need to
be computed each requiring (3mZ + 2m¢ — 1) flops. The ma(my — 1)/2 off-diagonal
terms need (3mZ —1) flops. As a result, computation of (LdJRd,iLg?i) needs (ma(3m% +
Sme — 1) + (ma(my — 1)/2)(3mZ — 1)) = (3mimZ + 3mame — Jmy — Jm?%) = Ny,
(say) flops. Similarly, it can be derived that the matrix product (deiQdyiBg’i) requires
(%min% + %mAnB — %mA — %mi) = Ny, flops. Let us compute flops necessary to
calculate ((Ag; — LaiCai)m/m—1,i(Adi — LdJCd,i)T). It is easy to verify that flop
count needed for computation of (Ag; — Lg;Cq;) is mi + mi(ch —-1) = 2mcmi.
Once the matrices (Agq; — Lq,iCq;) and %, /p,_1; are available, flop counts for the
product matrix ((Ag; — La,iCa.i)Xm/m—1,i(Adi — Ldﬂ-Cd,i)T) can be calculated the same
way it is done for (Ld’iRdJLdTJ) and the count is (%m‘j +m?% — %mA) = Nyx,. So,
computation of ((Ag;— La,iCa,i)Xm m—1,i(Adi— Ld7iC’d,i)T) needs Ny, + (2mcm?4) flops.
Finally, denote the total flops necessary for evaluating the expression on the right hand
side of by Nx. Flop counts needed for adding the three symmetric component
matrices ((Ag; — La,iCai)Sm/m—1i(Adi — LaiCaq)’), (Bd,iQd,iBg’ ;) and (Ld,iRd,iLg 5
when they are available is m(my + 1). The matrices (Ag; — La,iCai), (Bd7iQd7iB£i)
and (Ld,z‘Rd,iLg’i) are time invariant and need to be computed only once for the first

instance of the recursive update. Clearly, for the first recursive update Ny, = Ny, +



157
Ny, + Ng, + (2mem?) + ma(my + 1). From the second recursive stage onwards, the
matrices (Bd,iQd,ch:lF,i +Ld7,~Rd,iL£i) and (Ag; — Lq,Cq;) are already available implying
Ny, = Ny, +ma(mg +1)/2. As a result

(gmj +m% (3(mE +n%) + 2me + 1)

Ny, (A.26)

+my (%(mc +ng) — %) ), for first update

L % (m4A + mi‘) , for subsequent updates
Let Nq denote the flop counts necessary per update for ([5.11]) and it can be easily shown

to be

3
Nq = 5( %mi +memy). (A.27)

Finally, let us compute flop counts necessary for the recursive probability calculation
and denote it by N,. Since, the matrix €2,,/; is a covariance matrix it is positive
semidefinite. Further, assume that 2, ; is invertible and hence it is positive definite. A
widely accepted and convenient way to calculate the determinant and inverse of positive
definite matrices is to use the Cholesky decomposition. Let the Cholesky decomposition
of the positive definite 2,,,; € R™™¢ matrix be given by Q,,,; = LQLg where Lq
is lower triangular and a standard algorithm for the Cholesky factorization requires
(%m% +imZ + %mc) flops (see [153]). Then, \Qm/i|_% = |Lg|™!. Since, Lq is lower
triangular, |Lg| can be computed by multiplying its diagonal elements needing (m¢ —1)

multiplications. So, when the matrix L, is available then [€2,, /i|_% needs (mg—1+1) =

-1

flops and computing the product LSSTLal needs (%mg + smZ + %mc) flops |153]. So,

mc flops. Now, Q1 = Lo L', Inversion of lower triangular Lo needs (3md + 2me)

|Qm/i|_% and Q;Ll/z can be computed using (%m?& + %m% + %mc) +(mg)+ (%m‘é + %mc) +
(%m‘é + gmZ 4+ tme) = (mE + mZ + 2m¢) flops. Evaluation of (—%@27

14+ (3mZ +3me —1) = 3(mZ +mc) flops when Q;l/l and ¥, ; are available. As a result,

Q;l/zgjmz) needs

]

total number of flops required for computation of p(6;|Vy,) is given by

3
Np = (m: +m¢ +2m0) + S (¢ +me) + 3 + Neay

) 7
=md + 511«% + 5me + 3+ Nea. (A.28)
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Here, N¢gp is the flop counts required to compute exp(.) operation. N, may vary

depending on the algorithm used to implement exp(.). However, for simplicity assume
that Negp = 1. So, from (|A.28) it follows that

5 7
N, =m + §m2c +gme+ 4. (A.29)

Since, the plant involved is assumed to be binary model switching, it is necessary to
evaluate a posteriori probabilities for two models (i € 1,2). Which implies that total
number of flop counts per recursive update necessary for binary plant detection using
MAP is 2(Nx. + Nq + Np).
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