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a b s t r a c t

Detection of a model from a set of models that best describes the behavior of a system is of
primary importance in many applications. In this article 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
each other when the other model is effective. The developed detection algorithm called the innovation
squared mismatch is utilized for the read operation of probe based data storage. The innovations squared
mismatch method offers better detection performance with significantly less computational complexity
compared to prevalently used maximum a posteriori probability based methods in current data storage
systems. The article further proposes employingmaximum likelihood sequence detection basedmethods
where 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. Exhaustive simulation
and experimental results corroborate the efficiency of the proposed methods.

© 2016 Elsevier Ltd. All rights reserved.
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 (Sun & Ge, 2005). 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 (Feng, JianQiang, & Keqiang, 2006; Gao, Li, Kum, & Zhang,
2015; Gao, Li, & Li, 2014; Han & Narendra, 2012; Huang, Wang, &
Wang, 2015; Morse, 1996, 1997; Narendra & Balakrishnan, 1994,
1997) for closed loop control of switched systems. In principle,
the observer which generates the minimum tracking error is
considered closest to the active plant model (Morse, 1993). The
switching index derived from tracking errors decides the closest
plant. Various switching indices are proposed which include the
index defined in Morse (1996, 1997) that integrates the square
of tracking error with a tunable forgetting factor. In Narendra
and Balakrishnan (1994, 1997), a switching index is developed
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which uses a weighted combination 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 Narendra and Balakrishnan (1997)
is further modified in Feng et al. (2006), Han and Narendra
(2012), Gao et al. (2015, 2014) which simplifies the computation
of switching index by removing past observation data (Datta,
2012), reduces number of candidate controllers (Gao et al., 2015)
and allows derivation of analytical conditions for stability of a
plant with large parametric uncertainties (Gao et al., 2015, 2014).
One of the main emphases of these studies include analyzing
and improving tracking performance of closed-loop switching
systems while ensuring stability. This article, 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 (Cai et al., 2010; Carosino et al., 2013; Chen & Srinivasa,
2013; Khatami & Vasic, 2013; Krishnan et al., 2009) which are
relatively matured technologies compared to probe based storage
systems. Motivated by these examples, a recursive MAP based
algorithm (see chapter 10, Anderson & Moore, 2012) is developed
in this article and applied to online plant identification for probe
based storage systems. In this article, a new method called the
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innovation squared mismatch (ISM) is developed (introduced
in Ghosal, Saraswat, Ramamoorthy, & Salapaka, 2013, for the
first time). It is demonstrated that the newly synthesized signal
offers considerable advantage 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 article
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
significantly 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 article 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.

With data storage density for memory devices gradually
increasing, the data density for the hard disk drive technology will
eventually be restricted by thermal limits on magnetism (super
paramagnetic limit) (Campardo, Tiziani, & Iaculo, 2011; Richter,
2009). The minimum bit size for solid state drive memories is
also limited by the resolution of the lithography processes (Lai,
2008) 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 (Binnig, Quate, &
Gerber, 1986), probe based investigation techniques have been
employed in diverse applications (Bray, Cohen, & Lightbody,
2013) including probe based data storage systems (Campardo
et al., 2011; Koelmans, Engelen, & Abelmann, 2015; Wright, Aziz,
Shah, & Wang, 2011). Since the pioneering demonstrations of
topographic probe based data storage (Cannara, Gotsmann, Knoll,
& Dürig, 2008; Knoll et al., 2006; Mamin, Ried, Terris, & Rugar,
1999; Vettiger et al., 2002; Wiesmann et al., 2009) 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 (Bhaskaran, Sebastian, Drechsler, &Despont,
2009; Hamann, O’Boyle, Martin, Rooks, & Wickramasinghe, 2006),
magnetic properties (Kappenberger et al., 2009; Kryder et al.,
2008) or ferro-electric characteristics (Cho, Hashimoto, Odagawa,
Tanaka, & Hiranaga, 2006; Tanaka & Cho, 2010) based memories.
Even though extremely high data density in the order of 3–4 Tb/
in2 is reported in Wiesmann et al. (2009), Hamann et al. (2006),
Tanaka and Cho (2010), a big challenge is themechanical wear and
tear of the probe as well as of the sample which severely cripples
the lifetime well below the life span of present day data storage
devices (Lantz,Wiesmann, & Gotsmann, 2009;Mamin et al., 1999).
Thus attempts have beenmade to develop soft samples (Gotsmann
et al., 2010) as well as to fabricate wear resistant cantilever
tips (Bhaskaran et al., 2010; Lantz et al., 2012).

Most of the existing probe based data storage solutions utilize
contact mode operation. Thus the tip of the flexure probe (see
Fig. 1) 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 eliminatesmechanical wear and tear during the reading
process. Here the flexure probe is forced sinusoidally and the probe
contact 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
dynamicmodemethod faces significant challenges for probe based
data storage (Lantz et al., 2009). This article synthesizes new
Fig. 1. The atomic force microscope (AFM). The sample sits on a positioning
device which can move in all three spatial directions with respect to a flexible
cantilever. The cantilever deflection which depends on inter atomic forces between
the tip and the sample is recorded using a laser, photo-detector setup. In the
dynamicmode, the cantilever is excited sinusoidally where its orbit depends on the
topography of sample. Traditionally the oscillation amplitude Adef and phase φdef of
the cantilever deflection are utilized for dynamic mode imaging. In the proposed
method, BCEWRLS algorithm is first utilized to obtain equivalent linear models
when the cantilever oscillates in free air (model 1) and when it interacts with the
sample (model 2). Observers generate tracking errors e(1) and e(2) that are processed
by MAP and ISM techniques for real time interpretation of topography. MLSD,
ISM-MLSD further improve the detection accuracy in presence of inter symbol
interference.

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 (BCEWERLS) algorithm (Agarwal & Salapaka, 2009;
Saraswat, Agarwal, Haugstad, & Salapaka, 2013) 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 Fig. 1) utilizes
cantilever oscillation amplitude and phase to interpret sample
topography. It is demonstrated that application 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 offer improved but finite
detection bandwidth, the issue of inter symbol interference (ISI) is
addressed for fast bit detection using the maximum likelihood of
an entire sequence of bits (Forney, 1972; Moon & Carley, 2012). In
this article, 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.

The main contributions of this paper are summarized as: (i) A
newmethod for real time detection of plant behavior that switches
between two models. (ii) A new maximum likelihood sequence
detection method with superior bit error rates. (iii) A newmethod
for real time detection as well as off-line sequence detection for
probe based data storagewith experimental validation. This article
is organized as follows. Section 2 develops ISM. Modified symbol-
by-symbol detection algorithms and ISM-MLSD are proposed



S. Ghosal et al. / Automatica 74 (2016) 171–182 173
in Section 3. Section 4 provides a brief background for AFM
and presents the simulation and experimental results. Section 5
concludes this work.

2. Real time plant detection with innovations squared mis-
match (ISM) and maximum a posteriori probability (MAP)
methods

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

ẋ(t) = A(t)x(t) + B(t)g(t),
y(t) = C(t)x(t) + D(t)g(t) + ζ (t),

(1)

where ζ (t) denotes measurement noise assumed to be a white
and zero-mean Gaussian process with covariance E[ζ (t)ζ T (t0)] =

Rnδ(t − t0). It is assumed that (A(t), B(t), C(t),D(t)) ∈ {(Ai +

∆Ai, Bi + ∆Bi, Ci + ∆Ci,Di + ∆Di)} with i ∈ {1, 2}. Thus the
system can switch between two knownmodels (Ai, Bi, Ci,Di) with
(∆Ai, ∆Bi, ∆Ci, ∆Di) denoting uncertainties. Let x̂(i) denote state
of Kalman observer (Kailath, Sayed, & Hassibi, 2000) matched to
model i, let ŷ(i) denote corresponding estimated output which are
governed by

˙̂x
(i)

(t) = Aix̂(i)(t) + Big(t) + Li(y(t) − ŷ(i)(t)),

ŷ(i)(t) = Cix̂(i)(t) + Dig(t).
(2)

Let x̃(i)
= x − x̂(i) and e(i)

= y − ŷ(i) where e(i) is the output error
(also referred in this article as innovation).

It follows from (1) and (2) that the error dynamics is described
by

˙̃x
(1)

(t)
˙̃x
(2)

(t)


=


(A(t) − A1) − L1(C(t) − C1)
(A(t) − A2) − L2(C(t) − C2)


x(t)

+


A1 − L1C1 0

0 A2 − L2C2

 
x̃(1)(t)
x̃(2)(t)


+


(B(t) − B1) + L1(D1 − D(t))
(B(t) − B2) + L2(D2 − D(t))


g(t) +


−L1
−L2


ζ (t), (3)

and
e(1)(t)
e(2)(t)


=


C(t) − C1
C(t) − C2


x(t) +


C1 0
0 C2

 
x̃(1)(t)
x̃(2)(t)


+


D(t) − D1
D(t) − D2


g(t) +


1
1


ζ (t). (4)

Let z1(t) = (x̃(1)(t) − x̃(2)(t)) and z2(t) = (x̃(1)(t) + x̃(2)(t)). The
output vectors edif and esum are defined by edif (t) := e(1)(t)−e(2)(t)
and esum(t) := e(1)(t)+ e(2)(t). Thus when the plant followsmodel
i, the dynamics in the new coordinates are given by
ż1(t)
ż2(t)


=


M1 M2
M2 M1

 
z1(t)
z2(t)


+


Ami + (L2 − L1)∆Ci

(−1)iAmi + 2∆Ai − (L1 + L2)∆Ci


x(t)

+


Bmi + (L2 − L1)∆Di

(−1)iBmi − (L1 + L2)∆Di


g(t)

+


L2 − L1

−(L1 + L2)


ζ (t), (5)
and
edif (t)
esum(t)


=


N1 N2
N2 N1

 
z1(t)
z2(t)


+


Cmi

(−1)iCmi + 2∆Ci


x(t)

+


Dmi

(−1)iDmi + 2∆Di


g(t) +


0
2


ζ (t), (6)

with M1 :=
1
2 [(A1 + A2) − (L1C1 + L2C2)], M2 :=

1
2 [(A1 − A2) −

(L1C1 − L2C2)], N1 :=
1
2 (C1 + C2), N2 :=

1
2 (C1 − C2), Am1 :=

((A2 − A1) + L2(C1 − C2)), Am2 := ((A2 − A1) + L1(C1 − C2)),
Bm1 := (B2 − B1 + L2(D1 − D2)), Bm2 := (B2 − B1 + L1(D1 − D2)),
Cm1 = Cm2 := (C2−C1) andDm1 = Dm2 := (D2−D1). The following
theorem presents the main result of this section.

Theorem 1. Let Gi(s) denote the transfer function matrix from
[xT (s), gT (s)]T to [eTdif (s), e

T
sum(s)]T when the plant is described by

model i (i ∈ {1, 2}). Then

Gi(s) =


G

(1)
mi + ∆G

(1)
mi G

(2)
mi + ∆G

(3)
mi

(−1)iG(1)
mi + ∆G

(2)
mi (−1)iG(2)

mi + ∆G
(4)
mi


, (7)

where

G
(1)
mi = (N1S1 + N2S2 + N1S2 + N2S1) Ami + Cmi,

G
(2)
mi = (N1S1 + N2S2 + N1S2 + N2S1) Bmi + Dmi,

(8)

with

S1 =

(sI − M1)M−1

2 (sI − M1) − M2
−1

(sI − M1)M−1
2 ,

S2 =

(sI − M1)M−1

2 (sI − M1) − M2
−1

. (9)

The perturbation matrices are defined by ∆G
(1)
mi = (N1S1 + N2S2)

(L2−L1)∆Ci+(N1S2+N2S1)(2∆Ai−(L1+L2)∆Ci),∆G
(2)
mi = (N1S2+

N2S1)(L2 − L1)∆Ci + (N1S1 +N2S2)(2∆Ai − (L1 + L2)∆Ci)+ 2∆Ci,
∆G

(3)
mi = (N1S1 +N2S2)(L2 − L1)∆Di − (N1S2 +N2S1)(L1 + L2)∆Di,

∆G
(4)
mi = (N1S2+N2S1)(L2−L1)∆Di−(N1S1+N2S2)(L1+L2)∆Di+

2∆Di.

Proof. The proof is provided in the Appendix (see
Appendix A.1). �

It can also be shown that the transfer function matrix from
the measurement noise ζ (s) to [eTdif (s) e

T
sum(s)]T is given by

[GT
(dif ,ζ ) GT

(sum,ζ )]
T whereG(dif ,ζ ) = (N1S1+N2S2)(L2−L1)+(N1S2+

N2S1)(L1 + L2) and G(sum,ζ ) = (N1S2 + N2S1)(L2 − L1) − (N1S1 +

N2S2)(L1 + L2) + 2. Thus in model i, it follows that

edif (s) = emi(s) + ∆e(dif ,i)(s) + ζdif (s), and

esum(s) = (−1)iemi(s) + ∆e(sum,i)(s) + ζsum(s),
(10)

where emi(s) := G
(1)
mi x(s) + G

(2)
mi g(s) represents the signal compo-

nent. ∆e(dif ,i)(s) := ∆G
(1)
mi x(s) + ∆G

(3)
mi g(s), ∆e(sum,i)(s) := ∆G

(2)
mi

x(s) + ∆G
(4)
mi g(s) represent perturbation signals due to deviation

of the plant model from the known reference model i. Further,
ζdif (s) := G(dif ,ζ )(s)ζ (s) and ζsum(s) := G(sum,ζ )(s)ζ (s) denote the
noise components in edif and esum respectively. Notice that in (10),
emi(s) is multiplied with (−1)i in the expression for esum(s). The
next corollary follows immediately.

Corollary 2. For a plant switching between two stable models, under
steady state the relative sign between the signal components present
in edif (t), esum(t) are opposite when model 1 is active and the same
when model 2 is active.
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In (5) and (6), the decay rate of transients when the plant behavior
switches depend on the eigenvalues of the matrix


M1 M2
M2 M1


. The

switching speed of the plant needs to be slower compared to the
decay times of the transients in edif (t) and esum(t). This restricts
themaximum switching speed of the plant that can be detected by
the proposed method. We demonstrate later that the assumption
holds quite well for practical reading speeds of probe based data
storage. A particularly important case is when the external forcing
is sinusoidal and the output is scalar.

Corollary 3. Let g(t) = A sin(ωt). For plant following model 1,
in steady state, let edif (t) = Am1(t) sin(ωt + φ1(t)) + ζdif (t)
whereAm1(t) and φ1(t) denote the amplitude and phase of the signal
component in edif (t) respectively. Then esum = −Am1(t) sin(ωt +

φ1(t)) + ζsum(t). For plant following model 2, in steady state, let
edif (t) = Am2(t) sin(ωt + φ2(t)) + ζdif (t). Then esum(t) =

Am2(t) sin(ωt + φ2(t)) + ζsum(t). Thus the innovation squared
mismatch is given by

(e(1)(t))2 − (e(2)(t))2 := edif (t)esum(t)

=


−

A2
m1(t)
2

(1 − cos(2ωt + 2φ1(t))) + ζISM1, model 1

A2
m2(t)
2

(1 − cos(2ωt + 2φ2(t))) + ζISM2, model 2

(11)

where ζISMi(t) = ζdif (t)ζsum(t) + Ami(t) sin(ωt + φi(t))(ζsum(t) +

(−1)iζdif (t)) denotes the noise component present in the ISM test
signal for model i.

Remark. In steady state, the ISM signal (e(1)(t))2 − (e(2)(t))2when
processed by a low pass filter will result in the following:


(e(1)(t))2 − (e(2)(t))2


lpf =


−

A2
m1(t)
2

+ ζ ′

ISM1, model 1

+
A2

m2(t)
2

+ ζ ′

ISM2, model 2

(12)

where ζ ′

ISMi are low pass filtered components of ISM noise ζISMi.
The sign inversion in (12) can be used in real time to interpret the
model that is being followed by the plant. It is also evident that
the phase of the signal components in edif and esum differ by zero in
model 2, whereas in model 1 the phase difference is π radians. The
phase difference between edif and esum is the phase signal φm(t).
We refer to


(e(1)(t))2 − (e(2)(t))2


lpf as ISMlpf .

The ISM methods described above apply for sinusoidal excita-
tion signals. A simple correlation based implementation for de-
termining which model is effective for a general input (including
sinusoidal inputs) is to track the relative sign of edif (t) and esum(t)
over a timewindow. Let the signals edif [m] and esum[m] denote cor-
responding digitally sampled signals where m is the discrete time
index with sampling interval Ts. We define a correlation based test
signal T [m] as

T [m] =
1
M


edif [m]esum[m] + edif [m − 1]esum[m − 1]

+ · · · + edif [m − M + 1]esum[m − M + 1]

, (13)

where M is the window size. The windowing helps in mitigating
the effect of noise. The decision policy is model 2 if T [m] > 0
else model 1. M can be adjusted according to user’s choice for
improving the signal to noise ratio in the test signal T [m] where
higher value of M typically tends to average out the effect of
the noise process ζISM,i. However, increasing M also reduces the
detection bandwidth of T [m] when plant switching occurs.
2.1. MAP

In this part of the article we briefly provide description of a
real time MAP algorithm which is motivated by the prevalently
used MAPmethods in data storage application. Consider a discrete
time plant corresponding to sampling interval of Ts. Let i denote
the index for the active model. The discrete time switching plant is
given by

x[m + 1] = A(d,i)x[m] + B(d,i)g[m],

y[m] = C(d,i)x[m] + D(d,i)g[m] + ζ [m],
(14)

with ζ ∼ N(0, R(d,i)). The subscript (d, i) indicates active model
i for discrete time dynamics. A steady state discrete-time Kalman
observer matched to model i with gain L(d,i) is governed by

x̂(i)
[m + 1|m] = A(d,i)x̂(i)

[m|m − 1] + B(d,i)g[m]

+ L(d,i)

y[m] − ŷ(i)

[m]

, (15)

ŷ(i)
[m] = C(d,i)x̂(i)

[m|m − 1] + D(d,i)g[m].

Let θi denote model i and Ym = {y[0], y[1], . . . , y[m]}. The a
posteriori probability that the plant parameter is θi given the
observation vector Ym is denoted by p(θi|Ym). The decision θMAP
is chosen from the candidates θi so that p(θi|Ym) is maximized. It
can be shown that (see chapter 10, Anderson & Moore, 2012)

p(θi|Ym) =
p(ym|Ym−1, θi)p(θi|Ym−1)

2
j=1

p(ym|Ym−1, θj)p(θj|Ym−1)

. (16)

From Anderson and Moore (2012), it also follows that p(ym|

Ym−1, θi) obeys a Gaussian distribution with mean ŷi[m] ∈ Rq and
covariance Ω(m/i). Hence

p(ym|Ym−1, θi) =
1

(2π)q/2|Ω(m/i)|
1/2

exp

−

1
2
ỹT(m,i)Ω

−1
(m/i)ỹ(m,i)


, (17)

where ỹ(m,i) = y− ŷ(m,i). As a result, p(θi|Ym) can be updated from
p(θi|Ym−1) using

p(θi|Ym) = cm|Ω(m/i)|
−

1
2

exp

−

1
2
ỹT(m,i)Ω

−1
(m/i)ỹ(m,i)


p(θi|Ym−1), (18)

where cm is a normalization constant set to satisfy
2

i=1 p(θi|Ym) =

1. The output covariance Ω(m/i) in (18) and covariance of state es-

timation error Σ(m+1/m,i) = E

x̃(m+1,i)x̃T(m+1,i)


with x̃(m+1,i) =

(x[m + 1] − x̂(i)
[m + 1|m]) can be updated using

Σ(m+1/m,i) = (A(d,i) − L(d,i)C(d,i))Σ(m/m−1,i)

(A(d,i) − L(d,i)C(d,i))
T

+ L(d,i)R(d,i)LT(d,i), (19)

Ω(m/i) = C(d,i)Σ(m/m−1,i)CT
(d,i) + R(d,i). (20)

Notice that in (18), it is necessary to evaluate Ω(m/i) at each stage
which is accomplished using Eq. (20). Further, evaluation of r.h.s. of
(20) requires availability of the state covariance matrix Σ(m/m−1,i)
which in turn is determined at each recursive stage using (19).
Finally, when the r.h.s. of (18) is calculated, parameter θi is decided
to be effective if p(θi|Ym) > p(θj|Ym).
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2.2. Computational complexity of ISM and MAP

Assume the following dimensions of the matrices in (15), (19)
and (20); Ad,i ∈ RmA,mA , Bd,i ∈ RmA,nB , Cd,i ∈ RmC ,mA , Dd,i ∈

RmC ,nB , Ld,i ∈ RmA,mC , Σm+1/m,i ∈ RmA,mA , Qd,i ∈ RnB,nB , Rd,i ∈

RmC ,mC , Ωm/i ∈ RmC ,mC . Define a floating point multiplication,
division, addition or subtraction operation as a flop. It is derived in
Appendix A.2 that total number of flop counts required per update
for (18)–(20) is 2(NΣ + NΩ + Np) where

NΣ =




3
2

m4
A + m2

A


3
2
(m2

C + n2
B) + 2mC + 1


+mA


3
2
(mC + nB) −

1
2


, for first update

3
2


m4

A + m2
A


, for subsequent updates

(21)

with NΩ =
3
2 (m

2
Cm2

A + mCmA) and Np = m3
C +

5
2m2

C +
7
2mC + 4. The

flop counts required for signal correlation based implementation
of ISM is determined now. The test signal T [m] defined in (13)
required for ISM can be recursively updated using

T [m + 1] = T [m] +
1
M


edif [m + 1]T esum[m + 1]

− edif [m − M + 1]T esum[m − M + 1]

. (22)

Here, edif [m], esum[m] ∈ RmC can be determined from e(1) and
e(2) using mC subtractions and mC additions, thus 2mC flops.
Multiplication edif [m]

T esum[m] needsmC multiplications and (mC −

1) additions thus (2mC − 1) flops. Division by M , addition and
subtraction operations in the r.h.s. of (22) require 1 flop each.
Hence, update of T [m + 1] from T [m] needs 2(2mC − 1) + 2mC +

3 = 6mC + 1 flops. The computational complexity for MAP
depends on mC and mA by O(m3

C ) and O(m4
A) respectively. Whereas,

computational complexity of ISM is independent of mA and
depends on mC by only O(mC ). Thus the immense computational
benefits achieved by ISM over MAP are evident.

3. Plant detection with known dwell interval; sequence detec-
tion

In many applications including the probe based data storage
system each symbol is encoded in the media for an equivalent
duration of T seconds on the read operation. The bit detection
performance can be improved by averaging the measured inter-
action over this T seconds to reduce the effect of noise. Each of the
schemes ISM and MAP has a finite response time; thus T [m] in (13)
and p(θi|Ym), i ∈ 1, 2 from (18) take time to change to new steady
values when the plant changes from model 1 to 2 and vice versa.
The effect of contributions of past interactions on the present in-
teraction causes inter symbol interference (ISI). ISI is more severe
when the plant switches fast (dwell interval T is small). A signifi-
cant gain over symbol-by-symbol schemes can be achieved by de-
ciphering the sequence of plant models from the observation data.
A widely accepted sequence detection technique by the communi-
cation systems and data storage community is themaximum likeli-
hood sequencedetection (see Forney, 1972)methodwhich is based
on dynamic programming. Such dynamic programming based ap-
proach is proven to be effective in different applications; one such
interesting application is the detection of molecular steps (Aggar-
wal, Materassi, Davison, Hays, & Salapaka, 2012). As demonstrated
here, maximum likelihood sequence detection (MLSD) can be ap-
plied in the context of binary plant model detection as well.

In this article MLSD is applied to process sequence of samples
from the test signal sm(t) generated by two ways; firstly sm(t) is
generated by suitably low pass filtered (e(1))2 which is termed
Fig. 2. (a) State transitions for m = 1, mI = 1. At each stage i, Si can assume four
possible states. (b) Eight possible states Si form = 1,mI = 2. Transition from stage
Si−1 to Si occurs when a new bit ai ∈ {0, 1} is input. State transitions for ai = 0
(ai = 1) are shown in broken (solid) lines.

as regular MLSD and secondly sm(t) is generated using low pass
filtered (e(1))2 − (e(2))2 signal which is termed as ISM-MLSD. Let N
be the total number of dwell intervals over which the sequence
detection operation is performed. Let ā = [a0, a1, . . . , aN−1]

T

denote the bit sequence such that ak = 0 when model 1 is active
(ak = 1 for model 2) during the time interval t ∈ (kT , (k + 1)T ]

with k = 0, 1, . . . ,N − 1. Let q be the number of samples of the
test signal gathered in each dwell interval T . Since there areN such
dwell intervals, the total number of samples acquired is Nq. The
entire sampled sequence of sm(t) for MLSD detection is denoted by
the vector z̄ = [z0, z1, . . . , z(Nq−1)]

T . Let f (z̄|ā) be the conditional
probability density function (pdf) of the output vector z̄ given a
source bit sequence ā. The maximum likelihood bit sequence is
given by

ˆ̄a = arg maxā∈{0,1}N

N−1
i=0

f (z̄|ā, z̄ i−1
0 ). (23)

z̄ ij is defined as the set of sampled data from the beginning
of jth dwell interval till the end of (i − 1)th dwell interval.
Thus z̄ ij = [zjq, zjq+1, zjq+2, . . . , ziq−1]

T . Further, define z̄i as the
set of samples acquired during ith dwell interval which is
[ziq, ziq+1, . . . , z(i+1)q−1]

T . Define the ith state Si = [ai−m−mI+1,

ai−m−mI+2, . . . , ai]T where m is the length of system memory and
mI is length of the inter symbol interference memory (Kumar,
Agarwal, Ramamoorthy, & Salapaka, 2010). Hence, the identifi-
cation of maximum likelihood sequence of plant models can be
recast as identifying the maximum likelihood sequence of states
Ŝi. Increasing the total memory m + mI improves the accuracy.
However, the number of possible states Si at each stage i in-
creases by 2(m+mI ) (see Fig. 2) which worsens the computational
complexity of the algorithm. For practical purposes increasing
the memory beyond a certain value does not improve the detec-
tion performance much. The conditional pdf f (z̄i|ā, z̄ i−1

0 ) can be
simplified by removing the history of the source bits ā and ob-
served outputs z̄ beyond the assumed memories. In many data
retrieving applications it is assumed that f (z̄ ii−mI

|Si, Si−1) is Gaus-
sian i.e. f (z̄ ii−mI

|Si, Si−1) ∼ N

Ȳ(Si, Si−1), C(Si, Si−1)


with the

mean vector Ȳ(Si, Si−1) and the covariancematrixC(Si, Si−1). Even
though the actual pdf f (z̄ ii−mI

|Si, Si−1)may not followGaussian dis-
tribution (Kumar et al., 2010), the Gaussian assumption allows us
to write the cost function for the MLSD optimization problem in
additive form. This additive cost function can be minimized using
existing decoding algorithms. For each state transition shown in
Fig. 2, Ȳ and C can be estimated by a statistical learning step be-
fore employing the detector for the read operation.
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Lemma 4. Let ˆ̄S = argmax
S̄

f (z̄|S̄). Then

ˆ̄S = argmin
S̄

N−1
i=0

log


C(Si, Si−1)

c(Si, Si−1)


+ (z̄ ii−mI

− Ȳ(Si, Si−1))
TC(Si, Si−1)

−1

(z̄ ii−mI
− Ȳ(Si, Si−1)) − (z̄ i−1

i−mI
− ȳ(Si, Si−1))

T

c(Si, Si−1)
−1(z̄ i−1

i−mI
− ȳ(Si, Si−1)), (24)

where c(Si, Si−1) is upper mIq × mIq principal minor of C(Si, Si−1)
and ȳ(Si, Si−1) is the first mIq elements of themean vector Y(Si, Si−1).

Proof.

ˆ̄S = argmax
S̄

f (z̄|S̄) = argmax
S̄

N−1
i=0

f (z̄i|Si, Si−1, z̄ i−1
i−mI

)

= argmax
S̄

N−1
i=0

f (z̄ ii−mI
|Si, Si−1)

f (z̄ i−1
i−mI

|Si, Si−1)
. (25)

Since f (z̄ ii−mI
|Si, Si−1) ∼ N


Ȳ(Si, Si−1), C(Si, Si−1)


, (24) follows

immediately from (25). �

The cost function shown in the r.h.s. of (24) is additive function
of states. Thus the maximum likelihood sequence of plant models
can be found by employing the dynamic programming based
Viterbi algorithm (Kavcic & Moura, 2000) which minimizes the
cost function. The next section justifies the advantages of the
proposedmethods using close to reality simulation and exhaustive
experimental results for dynamic mode probe based data storage
application.

4. Application of ISM, ISM-MLSD to probe based imaging;
benefits and comparison with MAP and regular MLSD based
approach

Probe based data storage has the potential to revolutionize data
storage where greater than 5Tb/in2 densities can be achieved. We
first describe the underlying principle. In the dynamic mode of
operation of probe based data storage, the cantilever flexure is
sinusoidally oscillated near its first resonant frequency. The flexure
has a sharp tip near its end that intermittently interacts with the
sample (San Paulo & Garcia, 2002). The tip–sample interaction
occurring in every oscillation cycle alters the cantilever orbit.
In conventional dynamic mode method the cantilever oscillation
amplitude and phase of the fundamental harmonic (referred in
this article as Adef and φdef respectively) are utilized for imaging
purposes. Research has demonstrated that the cantilever–sample
system, which is nonlinear, can bemapped to an equivalent linear-
time-invariant model where the model parameters depend on the
height of the topography (Sebastian, Gannepalli, & Salapaka, 2007).
These parameters if identified canbeutilized to infer changes in the
sample topography. In probe based data storage applications, high
and low topography are used to encode different bits (Mamin et al.,
1999;Wright et al., 2011). Binary topography detection technique,
where the detection of bits is the main task, in the context of the
dynamic mode probe based data storage is developed here.

The first mode model of the cantilever is specified by the
parameters ω0 (first resonant frequency) and Q0 (quality factor).
Here the cantilever flexure dynamics is governed by the following
differential equation (Sebastian et al., 2007)

p̈ +
ω0

Q0
ṗ + ω2

0p = F(t) = g(t) + h(t), (26)

h(t) = ϕ(p, ṗ), y = p + ζ ,
Fig. 3. Model for tip–sample interaction h used for simulation. p(t) denotes tip
trajectory of the cantilever of mass m. A model consisting of two spring–dampers
mimics the interaction. The excitation signal b(t) = g(t)/ω2

0 . Cantilever parameters
k, m and c are measured experimentally from thermal measurements. Tip–sample
interaction parametersωb, cb ,ωa , ca and d can be estimated using harmonic balance
method described in Sebastian et al. (2001).

where p is the cantilever tip deflection and ṗ is the tip velocity.
The force per unit mass on the cantilever F consists of the
excitation g and nonlinear tip–sample interaction force h. Output y
is corrupted with the measurement noise ζ . Sinusoidal excitation
g(t) is normally chosen at or very near ω0. The resulting system
consists of the plant G specified by (ω0,Q0) and the nonlinear
feedback term h as shown in Fig. 1. Using averaging theory (Sanders
& Verhulst, 1985) techniques it can be shown that a cantilever
steadily interacting with the sample in the dynamic mode can
be modeled as an equivalent cantilever specified by ωeq and
Qeq (Sebastian et al., 2007). The equivalent dynamics is described
by

p̈ +
ωeq

Qeq
ṗ + ω2

eqp = g(t). (27)

ωeq and Qeq depend on the slowly varying cantilever oscillation
amplitude a (see Sebastian, Gannepalli, & Salapaka, 2004) which
can be identified using a bias compensated exponentiallyweighted
recursive least square (BCEWRLS) algorithm reported in Agarwal
and Salapaka (2009). The continuous time state-space model
with matrices (A1, B1, C1) describes cantilever dynamics when
there is no sample interaction (that is h = 0 specified in (26)) is
considered as model 1. The BCEWRLS method is used to estimate
the parameters of the equivalent cantilever dynamics (27) by
making the cantilever interact with the sample for a specified set
point amplitude resulting in model 2 with state space matrices
(A2, B2, C2). It also holds true that the equivalent model differs
from the free air model only in the A matrix. Thus, ISM detectors
are developed for the models (Ai, B, C), i ∈ {1, 2}. Discrete time
equivalent systems of (Ai, B, C) are used for MAP based detection
as explained before.

4.1. Validation of equivalent model

A piecewise linear model for tip–sample interaction shown in
Fig. 3 is utilized for simulations that works well for capturing in-
teractionswith hard substrates likemica in air (see Sebastian, Sala-
paka, Chen, & Cleveland, 2001). A cantilever with f0 = 63.15 kHz,
Q0 = 227.85 is chosen for simulation. As explained before, the
amplitude of sinusoidal cantilever oscillations is referred to as
the conventional amplitude signal Adef whereas the phase of can-
tilever oscillation with respect to the cantilever excitation is re-
ferred to as the conventional phase signal φdef . The cantilever with
free air oscillation amplitude of 24 nm is gradually moved towards
(approach) and away from the sample (retract) to increase the
interaction length lint followed by reducing it. lint in this article is
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Fig. 4. (a) (Simulation result) Cantilever approach indicated by ascending lint (nm)
followed by descending lint (cantilever retract)with cantilever oscillation amplitude
Adef (nm). BCEWRLS estimates feq (Hz) and Qeq . Using averaging theory equivalent
parameters fth and Qth are calculated. (b) (Experimental data) feq (Hz) and Qeq
obtained by BCEWRLS method during an approach–retract cycle of an oscillating
cantilever from mica surface. Adef is normalized with respect to free air oscillation
amplitude.

Fig. 5. (Simulation result) (a) edif and esum oscillate in phase (out of phase) when
cantilever interacts with the sample (is in free air). (b) Envelope of (e(1))2 − (e(2))2

changes sign accordingly. sep high (low) implies free air oscillation (interaction).
The original scales of sep, edif and esum are in nm. These signals are normalized and
shifted appropriately for convenience of comparison.

defined as the difference between free air oscillation amplitude of
the cantilever to the oscillation amplitude of the cantilever inter-
acting with infinitely hard sample. Equivalent parameters (feq and
Qeq) are analytically evaluated using averaging theory (see Agar-
wal, 2010) and comparedwith estimated values using BCEWRLS. It
is evident fromFig. 4 that BCEWRLS estimated values closelymatch
with analytical results. Fig. 4(b) further validates BCEWRLSmethod
with experimental results where trends for feq and Qeq similar to
the results obtained analytically in Fig. 4(a) are observed when a
cantilever with f0 = 82.3 kHz, Q0 = 115.68 is made to interact
with mica during an approach–retract cycle (see Fig. 4(b)).

4.2. Real time detection

The effectiveness of the model detection methods developed in
this article are assessed below in the context of probe based data
storage. In simulation studies the tip–sample interaction model
shown in Fig. 3 is usedwhere the separation between the cantilever
base and sample (sep) is raised and lowered with a pseudo random
bit pattern of bit duration 200 µs. High sep in Fig. 5 indicates
model 1 (free air oscillations) and low sep indicates model 2
(interaction). The free air oscillation amplitude of cantilever is
chosen to be 24 nm. The measurement noise variance is chosen to
set the noise bed in cantilever deflection data within 100 pm. ISM
detectors are designed by matching the free air cantilever model
(model 1; (A1, B, C)) and BCEWRLS estimated equivalent model
(model 2; (A2, B, C)) obtained using lint = 2 nm. It is evident from
Fig. 5(a), when sep is low (interaction), both esum and edif oscillate
Fig. 6. (Experimental data) (a) hgt denotes measured height of sample. From
0–50 µs there is no interaction between the sample and the cantilever. esum and
edif differ in phase by π radians in absence of interaction. After 50 µs the cantilever
interacts with the sample. esum and edif signals align in phase within a couple
of cantilever oscillations of the heightened topographic profile. (b) Envelope of
(e(1))2 − (e(2))2 exhibits sign inversion within a few cycles of cantilever oscillation.
The signals hgt , edif and esum are originally acquired in units of mV that are
normalized and shifted appropriately for convenience of comparison.

in phase. However, high sep (free air oscillations) cause edif and
esum to oscillate 180° out of phase confirming results stated in
Corollary 3. In Fig. 5(b), the envelope of (e(1))2 − (e(2))2 follows
the analytically predicted behavior in Section 2; the envelope
is negative when the media follows depressed topography (the
equivalent dynamics follows model 1) and is positive when the
media follows a raised topography with an interaction length
of 2 nm (the equivalent dynamics follows model 2). Note that
the simulations incorporate the inevitable mismatch between the
nonlinear time varying dynamics and the linear time-invariant
dynamics of the equivalent model.

In the following the detection method is experimentally
assessed. A field-programmable gate array (FPGA) based circuit
actuates the piezoelectric nano-positioning system according to
a pseudo random bit pattern of bit duration 350 µs. In Fig. 6(a)
and (b), the signal hgt denotes the height of the sample. High
hgt implies interaction and low hgt implies sample-free cantilever
oscillations. The innovation signal e(1) is obtained from observer
matched to the free air cantilever model (f0 = 71.73 kHz, Q0 =

130.21). The second observer is designed to match the equivalent
cantilevermodelwhere feq is determined (using BCEWRLSmethod)
to be 100 Hz less than f0. Qeq is determined to be same as Q0.
Behaviors of esum, edif and envelope of (e(1))2 − (e(2))2 resemble
remarkably closely with theoretical predictions and simulation
results (compare Figs. 5 and 6). The high bandwidth detection
capability is also evident from experimental data where the sign
inversion occurs within a few cycles of the cantilever oscillations
(with time period ≈1/f0). Moreover the experimental results also
support the fact that for probe based data storage application
the deviations of the estimated models from the actual physical
dynamics do not pose limitations on the ISM based method.

A comparison of ISM based amplitude and phase signals with
conventional dynamic mode AFM signals (where excitation is
sinusoidal) is presented below. Adef and φdef in Fig. 7(a) and
(b) denote the demodulated amplitude and phase of cantilever
oscillations. A Butterworth low pass filter of bandwidth 5 kHz is
used for extracting the ISMlpf signal from (e(1))2 − (e(2))2. ISMlpf
and the phase difference between edif , esum (referred to as φm)
signals are also shown in Fig. 7(a) and (b). In the time scale shown
in Fig. 7(a) and (b), the conventional signals Adef and φdef are
always in their transient region. However, ISM based signals are
observed to reach their steady state at a much shorter time scale.
Further, images derived from conventional signals Adef and φdef
are dependent on history of the past topography encountered
since a history of consistent high topography lowers the amplitude
Adef . However, the ISM based signals φm and ISMlpf follow a



178 S. Ghosal et al. / Automatica 74 (2016) 171–182
Fig. 7. (Simulation result) (a) Conventional dynamic mode AFM amplitude image
(Adef ) and ISM amplitude image (ISMlpf ) with cantilever–sample separation (sep).
ISMlpf is faster and exhibits significant independence of topographical history. (b)
Regular phase image (φdef ) and ISM generated phase image (φm) from simulation.
φm is more suitable for high speed binary deciphering of topography. The original
units of sep, Adef and ISMlpf are in nm, original units of φdef , φm are in degrees. These
signals are normalized and shifted accordingly for convenience of comparison.

Fig. 8. (Experimental data) (a) Conventional amplitude Adef and ISMlpf from
experiment. Adef shows an overall drift from left to right. However, ISMlpf has
more consistent levels. (b) Regular phase φdef and ISM based phase φm signals
from experiment. φm has a very consistent binary behavior and better steady
state magnitudes than φdef . The original units of hgt , Adef and ISMlpf are in mV.
The original units of the phase signals φdef and φm are in deg. These signals are
normalized and shifted appropriately for convenience of comparison.

consistent binary behavior independent of history. Similar images
are generated from experiments and compared (see Fig. 8). A low
pass filterwith cut off frequency of 3.3 kHz is utilized for extraction
of ISMlpf signal and also filtering out the high frequency noise
present in φm. An interesting observation is that φm exhibits better
steady behavior than ISMlpf in experiment. In Fig. 8(a), value of Adef
shows a downward drift from left to right. However, themagnitude
levels of ISMlpf are seen to be consistent implying that a threshold
based detection is difficult from Adef but it is possible from ISMlpf .
φm is found to detect the topography changes at significantly
higher bandwidth. When hgt changes, φm switches value almost
seven times faster than φdef (see Fig. 8(b)). Clearly ISM based
detection outperforms conventional amplitude or phase images for
binary detection of topography. Observation of Fig. 8(a) and (b) also
suggest that the transition of test signals due to change of hgt from
low to high is much faster than vice versa. A possible reason for
this phenomenon is due to the fact that the oscillating cantilever
trajectory evolves at slower rate towards its steady state when
it goes from interaction to no-interaction state than the reverse
case. The slower evolution of cantilever trajectory also influences
the time scales of test signals which are generated by processing
the cantilever trajectory itself. A detailed timing analysis for bit
transitions for this application is an open problem which in this
article is left for future studies.

A comparison of recursive MAP (18) and general signal
correlation based implementation of ISM (13) is described here.
For time varying systems, the MAP algorithm requires periodic
refreshing of p(θ1|Ym) and p(θ2|Ym) (see chapter 10, Anderson &
Fig. 9. (Simulation result) (a) MAP and (b) ISM based detection signals.

Fig. 10. (Experimental data) (a)MAP based decision image dMAP is severely effected
by decision glitches whereas d′

MAP has much better decision making capability. (b)
dISM exhibits excellent detection performance.

Moore, 2012). A timewindow of 40 samples for periodic refreshing
is found suitable for MAP algorithm. Such periodic refreshment is
not necessary for ISM. In Fig. 9(a), the decision variable for MAP
shown as dMAP is set to 1 when p(θ1|Ym) > p(θ2|Ym) otherwise
0. ISM signal T [m] is gathered using a window size M = 15. dISM
in Fig. 9(b) is set to 1 when T [m] < 0 otherwise 0. dMAP as shown
in Fig. 9(a) produces glitches in the decision even when sep is
steady. A low pass filter with cut-off frequency of 3.3 kHz is
further utilized for filtering p(θ1|Ym) and p(θ2|Ym) before decision
making which can substantially eliminate the decision glitches
in MAP algorithm and shown as d′

MAP in Fig. 10. dISM also shows
excellent binary behavior without any errors in Fig. 9(b). Fig. 10(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 without low pass filtering (dMAP ) results in
considerable fraction of incorrect decisions (see Fig. 10(a)) which
is mostly eliminated in d′

MAP . From Fig. 10(b) it is observed
that ISM consistently yields high fidelity results. It should be
noted that for the purpose of real time binary decision inferring,
the plant detection approach using techniques MAP (d′

MAP ) and
ISM (ISMlpf , φm and dISM ) consistently offer superior bandwidth
and accuracy of operation than traditional dynamic mode AFM
amplitude and phase signals (observe Figs. 8 and 10). Moreover,
ISM is computationally much less demanding than MAP. It should
also be noted that observer based architectures have been studied
before for topography detection with AFM (Sahoo, De Murti, &
Salapaka, 2005; Sebastian, Sahoo, & Salapaka, 2003). However, it is
already demonstrated in Ghosal et al. (2013) that ISM outperforms
such previous arts for probe storage applications.

4.3. Symbol by symbol and sequence detection

A comparison of detection of plant models with finite dwell
time as discussed in Section 3 is presented here. For simulations,
sep is varied with a dwell time T (or equivalently bit duration) of
250 µs. Test signals for ISM in (13) and MAP in (18) 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 Kumar et al., 2010), the test signal
sm(t) is chosen by applying a matched filter on the innovation
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Fig. 11. (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 lint over the range 1–2 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 µs.

Fig. 12. (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 µs.

Fig. 13. (Experimental data) (a) Example mean observation vectors Ȳ for regular
MLSD. (b) Ȳ for ISM-MLSD. The 3 state transitions shown here are (Si−1, Si) ∈

{(000, 001), (110, 101), (011, 110)}.

signal e(1). Apart from the assumption of known dwell time T ,
in Kumar et al. (2010) it is also assumed that the time when the
oscillating cantilever tip impulsively interacts with the sample (q
times duringdwell interval T ) is knownandoutputs of thematched
filter are collected at their maximum value during each successive
tip–sample interaction cycle. In Ghosal et al. (2013) it is shown that
ISM performs as good as MLSD applied on test signal generated
through processing e(1) as recommended in Kumar et al. (2010).
However, from the perspective of implementation, having accurate
knowledge of q instants where the cantilever interacts with the
sample during each dwell time T is a difficult task. Hence in this
article regular MLSD and ISM-MLSD are applied on test signals
sm(t) generated by filtering (e(1))2 and (e(1))2 − (e(2))2 signals
respectively with a low pass filter of cut-off frequency 3.3 kHz.
This method is simpler to implement and the q samples during
each interval T can be 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 eachmethod are observedwhere the bits are
generated pseudo randomly. Average BERs are obtained for fixed
on-sample interaction length lint which is further varied from 1
nm to 2 nm. For all these cases, ISM signals are generated using
the fixed equivalent model of lint = 2 nm. The resulting BER vs lint
plots are compared in Fig. 11. Clearly, tapping the surface harder
by increasing lint improves the detection schemes. Even though
the direct real time implementation ofMAP algorithm suffers from
decision glitches (see signal dMAP in Fig. 10), when the MAP test
signals in (18) are averaged over T , the resulting decision metric
offers much better accuracy for symbol by symbol detectionwhich
is similar to the improvement obtained by utilizing low pass filters
on real time MAP signals (see d′

MAP signal in Fig. 10). Thus BER
performance of MAP follows closely to the performance by ISM in
Fig. 11. In Fig. 11 ISM-MLSD performs better than other methods.
However, it must be noted that for mild interactions of the order of
lint ≈ 2 nm shown in Fig. 11, the slight BER improvement offered
by ISM-MLSD compared to ISM is at the expense of much more
computationally demanding signal processing. 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 actuatedwith FPGA based actuatorwith a pseudo randombit
pattern of bit duration T = 350µs. 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 andMAP for various threshold locations are shown in
Fig. 12. It is clear that the optimum threshold for detection (where
BER is minimized) is slightly off from themid-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% respectively. Hence
more than 2-times improvement of accuracy is obtained by ISM
over MAP.

Statistics for sequence detectors is gathered for known bit se-
quence with assumptions of system memory length m = 1 and
inter symbol interference memory length mI = 2. As shown in
Fig. 2, there are 8 possible states Si with 16 possible state
transitions (Si−1, Si). For each possible state transition, aver-
age observation vector Ȳ and corresponding covariance matrix
C are determined. Example of such experimentally gathered
mean observation vectors for regular MLSD and ISM-MLSD
corresponding to three possible state transitions (Si−1, Si) ∈

{(000, 001), (110, 101), (011, 110)} are shown in Fig. 13. The set
of statistics pairs (Ȳ, C) for 16 possible state transitions are utilized
for Viterbi sequence detections using regularMLSD and ISM-MLSD.
Interestingly, regular MLSD on the experimental data yields BER
of 0.14% whereas ISM-MLSD yields only 0.07% BER. These experi-
mental data suggest that MLSD and ISM-MLSD are capable of im-
provement of accuracy almost 20 times and 41 times than the best
possible situation for symbol-by-symbol detection. The improve-
ment 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(1))2 and also (e(1))2 −

(e(2))2. However, implementation of MLSD and ISM-MLSD are
muchmore intricate compared to simple symbol-by-symbolmeth-
ods and require a statistical learning step with known sequence of
bits before detection of unknown bit sequence.

5. Conclusions

In this article a real time switching-model detection strategy
ISM is developed for a system that switches between two models.
The concept of utilizing the knownplantmodels and sign-inverting
test signals for ISM is developed. A MAP based detection algorithm
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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 based fast topography
detection system is cast as a binary switched system. Effectiveness
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
conventional AFM imaging. The simulation and experimental
results also suggest that ISM is simpler to implement yet performs
with similar detection speed and better accuracy compared toMAP
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 with simulation and experiments that the
proposed combination of ISM-MLSD offers significant gain in
detection accuracy compared to other methods at the expense of
computational complexity.

Appendix

A.1. Transfer function

From (5) and (6), the transfer function from

x(s)T , g(s)T

T to
edif (s), esum(s)

T in model i is given by

Gi(s) = Cbigi(sI − Abigi)
−1Bbigi + Dbigi , (A.1)

where Abigi and Bbigi are given by

Abigi =


M1 M2
M2 M1


,

Bbigi(:, 1) =


Ami + (L2 − L1)∆Ci

(−1)iAmi + 2∆Ai − (L1 + L2)∆Ci


,

Bbigi(:, 2) =


Bmi + (L2 − L1)∆Di

(−1)iBmi − (L1 + L2)∆Di


,

where (:, i) denotes the ith column of a matrix. Further, Cbigi and
Dbigi are defined by

Cbigi =


N1 N2
N2 N1


,Dbigi(:, 1) =


Cmi

(−1)iCmi + 2∆Ci


,

Dbigi(:, 2) =


Dmi

(−1)iDmi + 2∆Di


.

Using Woodbury’s identity (Woodbury, 1950) it follows that

(sI − Abig1)
−1

=


S1 S2
S2 S1


, (A.2)

with S1 and S2 defined as

S1 =

(sI − M1)M−1

2 (sI − M1) − M2
−1

(sI − M1)M−1
2 ,

S2 =

(sI − M1)M−1

2 (sI − M1) − M2
−1

. (A.3)

From (A.1) it follows that

Gi(s) =


G

(1)
mi + ∆G

(1)
mi G

(2)
mi (s) + ∆G

(3)
mi

(−1)iG(1)
mi + ∆G

(2)
mi (−1)iG(2)

mi + ∆G
(4)
mi


, (A.4)
where G
(1)
mi and G

(2)
mi are defined by

G
(1)
mi = (N1S1 + N2S2 − (N1S2 + N2S1)) Ami + Cmi,

G
(2)
mi = (N1S1 + N2S2 − (N1S2 + N2S1)) Bmi + Dmi. (A.5)

Further, the transfer function matrices due to model perturbations
can be found to be ∆G

(1)
mi = (N1S1 +N2S2)(L2 − L1)∆Ci + (N1S2 +

N2S1)(2∆Ai−(L1+L2)∆Ci),∆G
(2)
mi = (N1S2+N2S1)(L2−L1)∆Ci+

(N1S1 + N2S2)(2∆Ai − (L1 + L2)∆Ci) + 2∆Ci, ∆G
(3)
mi = (N1S1 +

N2S2)(L2 − L1)∆Di − (N1S2 +N2S1)(L1 + L2)∆Di,∆G
(4)
mi = (N1S2 +

N2S1)(L2 − L1)∆Di − (N1S1 + N2S2)(L1 + L2)∆Di + 2∆Di.

A.2. Computational complexity of MAP

Consider the last term on the r.h.s. of (19) which is (Ld,iRd,iLTd,i).
Write LTd,i = [v1, v2, . . . , vmA ], vj being jth column of LTd,i. (j, k)th
element of (Ld,iRd,iLTd,i) is (vT

j Rd,ivk). If vj ≠ vk, (vT
j Rd,ivk) =mC

m=1
mC

n=1 vj(m)Rd,i(m, n)vk(n). Clearly, 2m2
C multiplications,

(m2
C − 1) additions with total flops 2m2

C + (m2
C − 1) = 3m2

C − 1
are needed for calculating (vT

j Rd,ivk) (vj ≠ vk). For symmetric
Rd,i ∈ RmC ,mC and any vj ∈ RmC , computing (vT

j Rd,ivj) requires
( 3
2m2

C +
3
2mC − 1) flop counts (see Hunger, 2005). (Ld,iRd,iLTd,i)

being symmetric, mA diagonal elements of the form (vT
j Rd,ivj), j =

1, 2, . . . , mA need to be computed each requiring ( 3
2m2

C +
3
2mC −1)

flops. The mA(mA − 1)/2 off-diagonal terms need (3m2
C − 1) flops.

Thus computation of (Ld,iRd,iLTd,i) needs (mA(
3
2m2

C +
3
2mC − 1) +

(mA(mA − 1)/2)(3m2
C − 1)) = ( 3

2m2
Am

2
C +

3
2mAmC −

1
2mA −

1
2m2

A) = NΣ1 (say) flops. Similarly (Bd,iQd,iBT
d,i) requires ( 3

2m2
An

2
B +

3
2mAnB −

1
2mA −

1
2m2

A) = NΣ2 flops. Now, flop counts needed
for calculating (Ad,i − Ld,iCd,i) is m2

A + m2
A(2mC − 1) = 2mCm2

A.
Once (Ad,i − Ld,iCd,i) and Σm/m−1,i are available, flop counts for
((Ad,i − Ld,iCd,i)Σm/m−1,i(Ad,i − Ld,iCd,i)

T ) can be calculated similar
to described above which is ( 3

2m4
A + m2

A −
1
2mA) = NΣ3 . So,

computation of ((Ad,i − Ld,iCd,i)Σm/m−1,i(Ad,i − Ld,iCd,i)
T ) needs

NΣ3 + (2mCm2
A) flops. Let NΣ denote flops needed for the r.h.s.

of (19). Flops needed for adding ((Ad,i − Ld,iCd,i)Σm/m−1,i(Ad,i −

Ld,iCd,i)
T ), (Bd,iQd,iBT

d,i) and (Ld,iRd,iLTd,i) ismA(mA+1). (Ad,i−Ld,iCd,i),
(Bd,iQd,iBT

d,i) and (Ld,iRd,iLTd,i) are time invariant and need to be
computed only once for the first count of the recursive update.
Clearly, for the first recursive update NΣ = NΣ1 + NΣ2 + NΣ3 +

(2mCm2
A) + mA(mA + 1). From the second recursive stage onwards,

thematrices (Bd,iQd,iBT
d,i+Ld,iRd,iLTd,i) and (Ad,i−Ld,iCd,i) are already

available implying NΣ = NΣ3 + mA(mA + 1)/2. Thus

NΣ =




3
2

m4
A + m2

A


3
2
(m2

C + n2
B) + 2mC + 1


+mA


3
2
(mC + nB) −

1
2


, for first update

3
2


m4

A + m2
A


, for subsequent updates.

(A.6)

Let NΩ denote the flops per update for (20) which can be easily
shown to be NΩ =

3
2 (m

2
Cm2

A + mCmA). Let Np denote flops needed
for update of (18). Ωm/i is positive definite so its determinant
and inverse can be calculated by Cholesky decomposition which
is Ωm/i = LΩLTΩ . Standard algorithm for Cholesky factorization
requires ( 1

3m3
C +

1
2m2

C +
1
6mC ) flops (see Hunger, 2005). Then,

|Ωm/i|
−

1
2 = |LΩ |

−1. LΩ being lower triangular, |LΩ | can be
computed by multiplying its diagonal elements needing (mC − 1)
multiplications. So, when the matrix LΩ is available then |Ωm/i|

−
1
2
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needs (mC − 1 + 1) = mC flops. Now, Ω−1
m/i = L−T

Ω L−1
Ω . Inversion

of LΩ needs ( 1
3m3

C +
2
3mC ) flops and computing L−T

Ω L−1
Ω needs

( 1
3m3

C +
1
2m2

C +
1
6mC ) flops (Hunger, 2005). So, |Ωm/i|

−
1
2 and Ω−1

m/i

can be computed using ( 1
3m3

C +
1
2m2

C +
1
6mC ) + (mC ) + ( 1

3m3
C +

2
3mC )+ ( 1

3m3
C +

1
2m2

C +
1
6mC ) = (m3

C +m2
C +2mC ) flops. Evaluation

of (− 1
2 ỹ

T
m,iΩ

−1
m/iỹm,i)needs 1+( 3

2m2
C+

3
2mC−1) =

3
2 (m

2
C+mC ) flops

when Ω−1
m/i and ỹm,i are available. As a result, total number of flops

required for computation of p(θi|Ym) is given by Np = (m3
C +m2

C +

2mC )+
3
2 (m

2
C +mC )+3+Nexp = m3

C +
5
2m2

C +
7
2mC +3+Nexp. Here,

Nexp is the flop counts required to compute exp(.) operation. Nexp
may vary depending on the algorithm used to implement exp(.).
For simplicity assume thatNexp = 1. So,Np = m3

C +
5
2m2

C +
7
2mC +4.

Since i ∈ 1, 2, flops neededper recursive update is 2(NΣ+NΩ+Np).
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