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Abstract
Atomic Force Microsopy (AFM) is an increasingly popular means of obtaining accurate
metrological data of surface topography. The AFM measures surface topography by recording the vertical motion of a probe as it traces the profiled surface in a raster fashion. However, the metrological accuracy of AFM images is limited by image convolution between the
probe tip and the sample surface. As a result of the development of new precision engineering applications, the critical dimensions of engineered features are increasingly pushed into
the sub-pm range. To maximize the utility of the AFM in such applications, it is imperative
therefore to develop strategies to minimize inaccuracies in AFM imaging. In this thesis, we
examine the process of image convolution and develop a complete strategy to optimize the
fidelity of AFM measurements via processing of the obtained AFM images. Through such
an approach, we seek to maximize the potential of existing AFM equipment for metrological
measurements.
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Chapter 1

Introduction
The characterization of surface topography is a routine and essential task of many scientific
and technological fields. Tribologists are interested in the measurement and characterization
of surface texture so as to better understand the relationship between surface wear and texture [1]. Biologists, on the other hand, are interested in verifying the accuracy of calculated
models of organic molecules via measurements of actual molecules

[2].

Surface chemistry

and catalysis studies have also shown that variations in the crystallographic orientation or
distribution of defects on a surface can alter reactivity by orders of magnitude [3].
Perhaps the most manifest area where accurate surface topography measurements are
crucial is that of the semiconductor industry.

Advances in semiconductor technologies

have made atomic-scale manipulation of surfaces a reality

[41.

This has drastically reduced

dimensional tolerances and created a corresponding need to accurately measure surface
features on the sub-pm level.

To this end, the Semiconductor Industry Association has

identified sub-Atm critical dimensional metrology as an critical element in the development
of the next generation of electronics [5]. The importance of accurate dimensional tolerancing
is not diminished in macroscopic manufacturing processes as manufacturers seek to satisfy
increasing quality constraints by reducing tolerance levels [6].
highlight some of the main profilometry methods in use today.

9

In the next section, we
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Figure 1-1: Schematic of a Generalized SPM.

1.1

Profilometry Techniques

The field of profilometry encompasses the range of instrumentation techniques used to characterize surface topography. They include variants of Scanning Probe Microscopy (SPM)
such as Laser Force Microscopy (LFM), Magnetic Force Microscopy (MFM), Scanning
Thermal Microscopy, Scanning Ion Conductance Microscopy and Atomic Force Microscopy
(AFM), all of which are derived from Scanning Tunneling Microscopy (STM). The achieveable lateral resolution using SPM techniques is on the order of 10 nm. Figure 1-1 shows
the schematic of a generalized SPM.
In addition, there are also optical methods of profilometry which utilize optical phenomena such as interference and internal reflection. Among optical techniques, the most
popular is that based on phase-measuring interferometry where a light beam reflecting off
the sample surface is interfered with a phase-varied reference beam. The surface profile can
then be deduced from the resulting fringe patterns. Using a collimated light source together
with a large photodetector array, the entire sample surface can be profiled simultaneously.
However, conventional optical profilometry techniques have a limited lateral resolution of

1.1. Profilometry Techniques
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Figure 1-2: Schematic of an STM tip. The current is exponentially dependent on the
tip-sample separation and is thus highly localized around the tip apogee [10].
0.5

pm for visible light due to the minimum size of the focusing spot [7, 8]. Moreover, the

obtained surface profile is also contingent on the reflectivity of the surface under investigation. A more in-depth examination of two of the most popular profilometric techniques
follow.

1.1.1

Scanning Tunneling Microscopy

The advent of atomic-scale profilometry started with the invention of the STM by Binning
and Rohr [9] who won the 1986 Nobel Prize for Physics for their work.

Based on the

tunneling effect of electrons across a small gap, the STM was the first instrument to generate
real-space images of surfaces with atomic resolution.
The STM utilizes a sharpened, conducting tip with a bias voltage applied between the
tip and sample surface. When the tip is brought to within 10 A of the sample surface, the
potential difference between the tip and the sample causes a current to pass between the two
surfaces as electrons begin to tunnel across the gap intervening them. This current is in the
nanoampere range and varies exponentially with tip-sample separation; a variation of 1 A
results in the tunneling current changing by an order of magnitude. This exponential relationship between the tip-sample separation and tunneling current gives rise to a remarkable
sensitivity of sub-A vertical precision and atomic lateral resolution for the STM. Figure 1-2

1.1. Profilonetry Techniques
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shows a schematic of an STM tip as it interacts with a sample. The STM operates in two
main modes: constant height and constant current.
In the constant height mode, the tip is held at a fixed elevation and is made to traverse
in a horizontal plane above the sample surface. The surface profile is then mapped out by
recording the modulation of the tunneling current as a function of the position. While the
constant height mode allows high speed scanning of samples, its utility is limited to smooth
surfaces.
In the constant current mode, a feedback system actuates the tip to maintain a constant
tunneling current at each location in the horizontal plane. The displacement of the tip
over the entire sample produces the surface topography. This mode of operation measures
surfaces with irregular features more accurately but requires longer scan times.

1.1.2

Atomic Force Microscopy

The invention of the STM paved the way for the development of a whole class of profilometry
instruments known in general as SPM. Among them, the AFM is arguably the most widely
used profilometry technique. While the STM possesses the highest resolution among the
SPM techniques and is a non-contact and hence non-destructive method, it can only be used
on electrically conducting surfaces but not on non-conducting surfaces such as insulating
substrates and organic films. The AFM, being a contact-based method possesses no such
limitation.
The AFM scans the sample surface with a sharp tip mounted on a cantilever. Cantilever
dimensions are usually on the order of 100 pm (length) while the probe tip typically has a
characteristic radius of less than 0.1 pm [10]. Forces between the tip and sample surface
results in deflection of the cantilever. This deflection is picked up by sensors (usually optical)
and the sample topography is subsequently determined from the measured deflections.
A variety of forces typically contribute to AFM cantilever bending, the most significant
of which is the interatomic van der Waals force which is in turn a function of the tip-sample
separation. Figure 1-3 shows the relationship between the van der Waals force and the
tip-sample separation.
In the contact regime, the AFM tip is kept within a few angstroms of the sample surface

13
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Tip-Sample
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Figure 1-3: van der Waals Force Curve. There are three distinct regimes of operation based
on the tip-sample separation - Contact, Non-Contact and Intermittent Contact.
during the scanning operation. Due to the small tip-sample separation, repulsive van der
Waals forces dominate and causes the cantilever, usually one with a low spring constant
to bend. Contact forces typically range from 10-6 to 10-7 N. Feedback control is applied
to maintain constant deflection via vertical motion of the probe. The sample topography
is then derived from the vertical displacement of the probe over the entire sample surface.
The vertical resolution of contact AFM is in the sub-A range. Alternatively, the probe is
held fixed vertically and the sample profile is then generated from the spatial variation of
the cantilever deflection. However, this method is restricted to atomically flat surfaces but
offers greater scanning speeds.
In the non-contact regime, the AFM tip is fitted on a stiff cantilever and vibrated near its
resonance frequency with an amplitude ranging from a few tens to hundreds of angstroms.
Typical resonant frequencies for the cantilevers are between 100 to 400 kHz and long range
attractive van der Waals forces on the order of

10-12

N dominate [10, 11]. Changes in the

resonant frequency or vibrational amplitude as the probe scans the sample surface are then
recorded. The resonant frequency of a cantilever varies as the square root of the spring

1.1. Profilometry Techniques
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constant which is a function of the force gradient experienced by the cantilever. Changes in
the force gradient reflect changes in the tip-sample separation and consequently, the sample
topography can be obtained. Non-contact AFM offers the same sensitivity as contact AFM
but does not experience tip or sample degradation unlike contact AFM. As such, noncontact AFM is usually preferable to contact AFM for measuring soft samples. However,
the relatively smaller force measurements in non-contact AFM necessitate a sensitive AC
detection scheme1 . In addition, non-contact AFM is also prone to errors induced by fluid
contaminent layers as there is no distinction between the superficial fluid layer and the
actual sample surface.
In addition, there is a third mode of AFM operation which is gaining increasing popularity among researchers. Intermittent-contact AFM operates in a similar manner as noncontact AFM with the exception that the vibrating cantilever tip operates at a closer proximity to the sample surface so that the tip just barely makes contact with the sample surface.
For this reason, intermittent-contact AFM is also commonly known as tapping mode AFM.
Intermittent-contact AFM operates via the same principle as non-contact AFM in that
sample topography is obtained indirectly from the modulation of the vibrational amplitude
in response to changes in tip-sample separation. Unlike contact AFM, intermittent-contact
AFM maintains minimal contact with the sample surface hence decreasing the likelihood of
sample damage and probe wear. It is also more robust in the measurement of samples with
greater variation in sample topography and hence, is preferred over non-contact AFM for
larger samples.
As topographical measurements in AFM's are a result of van der Waals forces generated by direct contact between probe and sample, they circumvent other indirect physical
attributes such as reflectivity, conductivity and magnetism. By virtue of this insensitivity
to surface properties, AFM's lend themselves very well to the imaging of a wide variety of
physical samples, hence their popularity.
'Because the measured forces in the non-contact mode are so small, the AC detection scheme is necessary
to eliminate any bias present to better detect variations in the van der Waals forces.

1.2. Objectives

1.2
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Objectives

Given the widespread use of AFM in topographic imaging, it is therefore crucial to ensure
the fidelity of AFM images. The implicit assumption of AFM images is that only the probe
tip is in contact with the sample surface at all times. This assumption is generally valid
when the AFM is imaging relatively large sample features. However, when the feature of
interest is of the same critical dimensions as the AFM probe tip, convolution between the
probe tip and the sample surface results in image distortion.

Hence, there is a need to

develop a practical deconvolution methodology to improve the precision of AFM images.
While accurate image deconvolution is generally desired, for certain applications such as
roughness measurements, the aim is not so much to obtain an accurate profile of the sample
surface but rather to have a parametric measure characterizing the surface. Convolution in
this instance tends to distort the parameter measurements.
The overall objective of this research is thus to improve image fidelity and parametric
measurements. This accomplished in the absence of more precise equipment via processing
of AFM images. To achieve this, a deconvolution algorithm for reconstructing the surface
of the profiled sample has been developed. It will be shown that using this methodology,
all portions of the sample which have been contacted by the AFM probe can be perfectly
recovered while for areas which are inaccessible to the probe tip, we obtain a supremum
for the sample profile.

For parametric measurement correction, we introduce correction

factors whereby the measured parameter can be normalized with respect to a common
probe standard.

1.3

Organization

Chapter 2 discusses in greater depth the effects of convolution and gives a quantitative
treatment of convolution effects for selected probe and sample surfaces.

In Chapter 3,

we explore the current state of image deconvolution and introduce an optimized convolution strategy. Chapter 4 then takes up the issue of probe estimation, specifically we look at
probe estimation techniques and accuracy and introduce a simple methodology for obtaining
accurate probe estimates from certain surfaces. In Chapter 5, we discuss practical consider-
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ations in optimal implementation of the deconvolution techniques discussed. Findings and
conclusions are then summarized in Chapter 6.

Chapter 2

Image Convolution
2.1

Introduction

Image convolution is an artifact of the AFM (and in general, other stylus-based profilometric
techniques) imaging process where the implicit assumption is that only the probe apogee
is contacting the sample surface during the scanning process.

The AFM was originally

developed to obtain high-precision topographical images of atomically flat surfaces [121.
For such surfaces, the probe extrema is the primary point of probe contact with the surface
and hence, the AFM will generate high fidelity images of the sample surface irregardless of
probe distortion away from the apical regions of the probe [13]. However, this is not the
case with a wide variety of surfaces as will be demonstrated in the following discussions.

2.2

Topology-Induced Image Convolution

An inherent limitation of the AFM is that the precision of the images obtained are bounded
by the size of the probe.

This is not a significant source of error when the feature of

interest is large compared to the probe.

However, when the critical dimensions of the

scanned feature are comparable to the probe dimensions, significant error can occur in the
generated image due to convolution between the probe and the sample surface. Another
major source of error occurs when imaging samples with sharp and steep contours. Such
features are generally known as high aspect ratio features. In such instances, the probe
17
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Probe

Image

Sample
Figure 2-1: Convolution effects in a randomly generated Gaussian surface. The image is
appreciably smoother than the scanned surface because of convolution between the probe
and sample surface.
tip is not necessarily the sole point of contact between the probe and sample.

Regions

other than the probe apex often are the actual contacting points between the probe and
sample. Image generation based on the assumption of apical probe contact then results
in erroneous output. Unfortunately, these two conditions for image distortion - decreased
sample dimensions and high aspect ratio features - are becoming increasingly common in
AFM imaging.
In a wide variety of engineering and scientific disciplines, there is an increasing need
to better understand interactions and processes in the microscopic level.

As such, the

critical dimensions of the samples and features of interest now lie in the ptm and subym ranges. These fields include micro-electromechanical systems (MEM's), storage media,
semiconductor devices, microsensors and nanotechnology. The features under study range
from memory pillars in quantum magnetic media devices [14] to photo-resist trenches in
silicon wafers [4] to roughness measurements in smooth optical surfaces [15]. In Figure 21, we see convolution effects when imaging a randomly generated Gaussian surface.

A

Gaussian surface is one whose vertical displacements have a Gaussian distribution and can
be described statistically by the parameters y, the mean vertical displacement of the surface
points, o-, their standard deviation and 1c, the average correlation length of the surface. From
the figure, it is evident that the image is significantly smoother than the original sample
surface and the AFM image is an inaccurate representation of the actual sample surface.
High aspect ratio features are also commonly found in many engineering fields. They

2.3. Analytical Description of Convolution
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Probe

Image
Contact point

Sample

Figure 2-2: Simulation of a line scan over a parabolic surface (high aspect ratio sample).
The actual sample is shown in solid lines while the resulting image is shown in dotted lines.
Probe positions at various stages of the scan are also shown.
are present in the study of thin film surfaces [16] and in micro-roughness measurements
of smooth optical surfaces [15].

In biological fields, high-aspect ratio features abound in

areas such as polymeric characterization [17], DNA imaging [18, 19] and macromolecular
studies [20, 21]. In the semiconductor industry, such features can be found in compact disc
stampers [22] and various other etched structures. In Figure 2-2, we simulate how a high
aspect ratio sample can distort the AFM image.
In general, convolution effects vary widely with probe and tip geometries and is highly
dependent on the relative dimensions of the probe with respect to the sample surface. As
the conditions (similar probe-feature dimensions and high aspect ratio features) for severe
image convolution become more prevalent in AFM imaging, there arises an urgent need to
develop techniques of improving image accuracy via deconvolution schemes.

2.3

Analytical Description of Convolution

While it is generally impossible to give a quantitative measure of image convolution, for
analytic probe and sample surfaces, such a treatment of convolution is possible. Specifically,
we will quantify convolution errors for high aspect ratio samples for selected probe profiles.
Using the notation of Keller [23], we denote
0 s(x) is the true sample profile.
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Probe 'Tip

p(AX)

True point of contact

p(AX)

Image
Apparent point of contact

I

Sample Surface
s(x)

Figure 2-3: Graphical description of the convolution process.
" p is the probe profile.
" i(x') is the apparent image profile traced out by the probe tip.
" x is the true contact point.
" x' is the location of the probe tip or apparent contact point.
* Ax = x - x' is the lateral distance between the true and apparent contact points.

" As = p(Ax) is the vertical distance between the true and apparent contact points.
Keller showed that given any sample s(x), probe p(Ax) and image i(x'), the sample and
probe surface shares the same tangent at the true point of contact and this tangent is
parallel to the image tangent at the apparent point of contact. Figure 2-3 illustrates the
preceding. Mathematically, we have

Os(x)
a9x ix

_

ap(Ax)
O/ x

_

Ax

&(x')
0&Ix/

(2.1)
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Hence, taking derivatives, we obtain

02 S(X)

(Op(AX)

_0

0p(AX)
o2
OAx

OAx

Ox2

OX

2

-a (p(AX)

2

Ax

(2.2)

OX

Similarly,
(XI)

Ox/2

x

9 2 p(Ax) OAx
2

x9

(2.3)

fxI

Therefore, subtracting (2.3) from (2.2), we get
[02s(x)~1

Lx2

[2ix1
[

1

2

[2p(Ax)~i Ox
Og 2
OAx

O'

124
4Ax)

Since Ax = x - x', we then simplify

[a 2s

[a 2

)]

I ]

+ [

A x2 ) ]

(2.5)

The preceding derivation is reproduced from [23] and describes the general relationship
between the second derivatives of the probe, image and sample profiles. Since we know that
in general, the radius of curvature of a function is given by the following expression

R =

[ + (dfx)2]
42()
2f

(
(2.6)

dx2

Using (2.5), we can then derive general relationships between the radius of curvature of the
probe, image and sample.
For many practical AFM's, it is often reasonable to assume a parabolic profile for the
probe tips. Scanning Electron Microscope (SEM) images of probe tips have verified the
viability of this assumption. In addition, for many high aspect ratio samples, the sample
profile can also reasonably be approximated by a parabolic profile. The functional form we
adopt for such a profile is then
A~X) =
where R is the radius of curvature of the parabola.

(2.7)
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Taking derivatives, we get the following expressions for the first and second derivatives

Of(x)
Ox
2

x(2.8)

R

f(X)

-

Ox 2

(2.9)

R

Hence, the inverse of the second derivative of a parabolic profile gives the radius of curvature
of the parabola. However, while most AFM tips assume a parabolic profile near the tip
extrema, the actual profile is more accurately described by a hyperbola where the probe
surface approaches that of a cone as we move away from the probe tip. Such a profile would
then be described by the following function

R2

1

2 +x2
mm

f (x) = m

R
-

(2.10)

where m is the slope of the profile for large x and R is the radius of curvature at the probe
tip. The first and second derivatives are then
Of (X)

3(2.11)

_

0 2 f(x)

X2

R2
m3

(

(2.12)

+ x2)2

Prolonged use of an AFM probe causes wear at the probe tip and this often results in the
probe tip assuming a blunter, circular profile instead of a parabolic profile.

For such a

profile, we assume the following functional description

f(x) =

R 2 -_ X 2

(2.13)

where R is the radius (of curvature) of the circle at the tip of the probe. Taking derivatives,
we get the following expressions for the first and second derivatives
Of ()

-X

Dx

VR2 _X2

(2.14)
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0 2 f(x)
Ox 2

R2
(R - x2)

(2.15)

2

Since we can treat the probe-sample interaction as essentially a two-dimensional problem
along the plane of contact, we can replace the partial derivatives in equations (2.7) to
(2.6) with definite derivatives. In addition, since we are mainly interested in the radius of
curvature of the sample extrema for these profiles, we can set the extremum to be at x

=

0.

At these points, the probe apex is the true point of contact, hence the image coincides with
the true contact point and x' = 0. We can then evaluate (2.7) to (2.6) for the sample, probe
and image at x

=

0 and x'

=

0 which in turn implies Ax = 0. Hence, for the three profiles,

we obtain the following

df=(x)
dx

0

d 2 f(x)

d=
dx2

(2.16)

X=O
_1

-

x=O

R

(2.17)

Equations (2.16) and (2.17) apply to all the three profiles under consideration. Substituting
(2.16) and (2.17) into (2.5), we then get

Rs = Ri + Rp

(2.18)

where R8 , Ri and Rp are the radii of curvature of the sample, image and probe respectively. This is a general expression for the relationship between the radii of curvature for
all permutations of the three profiles discussed. While (2.18) does not necessarily hold for
all profiles, (2.5) is however a general expression which is valid for all profiles. By fitting a
suitable function for the profile(s) of interest, a similar treatment can be applied to quantify convolution effects. A point of interest is that for high-aspect ratio samples, we can
approximate to a good extent, the sample extrema as a general quadratic function. In such
a situation, (2.18) will hold true for the conditions in this discussion. In addition, since the
probe is inverted compared to the sample and the image, Rp is actually positive while R,
and Ri are both negative. Thus (2.18) can be expressed more appropriately as

IRjI = IRs| + IRI

(2.19)
(

24

2.4. Morphological Description of Convolution

Using (2.19), we can then correct radius of curvature measurements of an image given
knowledge of the probe radius of curvature without having to apply any deconvolution procedure to the image. While this is definitely a fast and effective means of image correction,
its applicability is evidently limited. For more general sample and probe profiles, a more
autonomous means of image deconvolution has to be developed.

We take this up in the

following chapter but first, an alternative look at image convolution through the perspective
of mathematical morphology.

2.4

Morphological Description of Convolution

Mathematical morphology is a branch of set theory first introduced in the 1960's [24] and
has subsequently been extensively developed by various researchers [25, 26], especially with
regards to its applications in image processing.

Areas where morphological techniques

have been employed with success include image enhancement, segmentation, shape analysis,
texture analysis, computer vision etc. [27, 28].
In morphology, images are considered as sets of points on which set operations such as
translation, union and intersection can be performed. Before we discuss the morphological
interpretation of image convolution, it is perhaps appropriate to first present some of the
fundamentals of mathematical morphology. Some definitions follow
Definition 1 Translation of a set A by x E

Z 2 , denoted by A, is defined as

AX ={a+ x I a E A}
Definition 2 Reflection of a set A, denoted by A is defined as

A = {-x I x E K}

Definition 3 Dilation of A by a set B, denoted by A E B is defined as

AeB=

U
bcB

Ab
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In other words, dilation is the union of all translates of A by the set B i.e. translating A such
that its origin rests in turn over every point in B and taking the union of these translates.
Since dilation is the result of a union, it is hence both commutative (A ( B = B D A ) and
associative (A p (B D C) = (A

e B) G C). In the language of mathematical morphology, B

is known as the structuring element.
Definition 4 Erosion of A by a set B, denoted by A

eB

is defined as

AeB= flAb
beB

That it to say, erosion is the intersection of all translates of A by the reflection of B, B.
Erosion is not the inverse of dilation, i.e. the expression A G B

e

B = A is not necessarily

true. It is rather, the dual of dilation and their duality relationship can be expressed as
A

E B = (AC e f)C where

AC represents the set-theoretic complement of A.

Definition 5 Opening of A by a set B, denoted by A o B is defined as

A o B = (A G B) E B

Geometrically, opening can be interpreted as the union of all translates of B that fit inside
the set A, i.e. the translates of B that lie on the surface of the set A but do not extend beyond
it. A o B is the surface traced out by the origin of these translates of B. Mathematically,
this is expressed as

f{B. I B c A}

AoB =
XEZ

2

An interesting property of opening is

(ADB) oB= A

B

Definition 6 Closing of A by a set B, denoted by A * B is defined as

A e B = (A D B) E B
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Probe

Image (

Image ,j'

Probe

,,
Sample

Sample

(b)

(a)

Figure 2-4: Two interpretations of the convolution process. (a) Convolution viewed as nonapical probe contact with the sample surface. (b) Convolution viewed as the dilation of the
sample surface by the reflected probe.
Like erosion, closing is the dual operation of opening and their duality relationship can be
expressed as A 9 B

=

(AC o B)C and it can be interpreted as the set of points belonging to

the translates of B (in the erosion operation) that satisfy the condition that the translation
of B by that point as a non-empty intersection with A i.e.

AeB={x

:fnA=0}

It should come as no surprise that closing has the following property with respect to erosion

(AEB) .B = AeB
For further reading on morphology, refer to [29, 30, 31]. Applying the above to AFM
imaging, let us denote the set containing the sample surface by S, the image by I and the
probe by P. The process of AFM image formation can then be thought of as having the
probe P resting over every point in S and taking the resulting path traced out by the apex
of P. A dual interpretation of this process is that the resultant image is the union of all
translates of the reflected probe P as the apex passes over every point in S. Hence, we have

I

=
1=P

SW
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=

SDPP

(2.20)

Thus, AFM image formation is essentially the dilation of the sample surface S by the
reflected probe

P as shown in Figure 2-4(b). Hence, the image I is an enlargement of the

original sample

S; this discrepancy between the original sample surface and the image is

image convolution.

2.5

Summary

In this chapter, we have looked at the causes and consequences of convolution and quantified
its effects from both the analytical and morphological perspectives. In addition, we have
shown how deconvolution can be achieved for a limited class of probe and sample profiles.
A thorough understanding of convolution can however lead us to a more generalized means
of deconvolving AFM images. We take up this issue in the next chapter.

Chapter 3

Image Deconvolution
3.1

Introduction

Convolution errors in AFM imaging are inevitable due to the finite size of any practical probe
and the prevalence of samples with both high aspect ratio and sub-Pm features. Thus it is
necessary to develop deconvolution algorithms that will yield images of greater precision.
The importance of image accuracy for engineering and scientific analysis can hardly be
emphasized more.

In this chapter, we discuss state-of-the-art deconvolution techniques

and introduce a deconvolution algorithm, the underscanning method that provides the
best possible deconvolution given knowledge of the probe profile.

Later on, we discuss

morphological approaches to deconvolution by Villarubia [33] and Pingali et al. [34] and
show that they lead to the same result.

3.2

Analytical Deconvolution

We start with the analytical deconvolution scheme as proposed by Keller [23]. Keller showed
that the sample and probe surface shared the same tangent at the true point of contact and
this tangent is parallel to the image tangent at the apparent point of contact. We use again
the notation in [23],
" s(x) is the true sample profile.
" p is the probe profile.
28
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" 2(x') is the apparent image profile traced out by the probe tip.
" x is the true contact point.
* x' is the location of the probe tip or apparent contact point.
" Ax
" As

=

x - x' is the lateral distance between the true and apparent contact points.
p(Ax) is the vertical distance between the true and apparent contact points.

Thus as with (2.1), we have
0s(x)

p(Ax)

i(x')

Since we have the image and the probe data, we have

(3.1)

i(x') and p(Ax). We can then apply

the following methodology to deconvolve the sample shape. From (3.1),

Di(x')

x',

_

Dp(Ax)

Ax

/

A(3.2)

Therefore, we can express Ax as a function of x', i.e.

Ax

Ax(x')

(3.3)

As = p(Ax)

(3.4)

As = p(Ax(x'))

(3.5)

=

We also know

Substituting (3.3), we then get

The sample height s(x) at each image point is then

s(x) = i(x') + As

(3.6)

s(x) = i(x') + p(Ax(x'))

(3.7)

Using (3.5), we then have
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Probe Tip

As

True point of contact

Image
I(')

,'Apparent

point of contact

Sample Surface
s(X)

Figure 3-1: Graphical description of the convolution process. Knowledge of the lateral and
vertical displacements of the apparent contact point from the true contact point, Ax and
As will allow deconvolution of the true sample surface.
We now have the sample profile, s(x) explicitly as a function of the image variable x',

combining (3.7) with
Ax = x - x'

(3.8)

We can then recover the sample profile. Refer to Figure 3-1 for a graphical description of
this process. However, this method is not without its flaws. The most serious shortcoming
of the approach is the need for a functional description of the image and probe profiles.
While we can fit functions to describe them, the procedure is not only computationally
expensive (especially for a two dimensional scan grid), errors will also be introduced in the
fitting process. Keller [23] recognized this himself and introduced a (nonlinear) transform,
the Legendre transform as an alternative approach to deconvolution.

3.3. The Legendre Transform
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The Legendre Transform

The Legendre transform of a function L{f(x)} is defined as the y-axis intercept of the line
tangent to f(x) at x [32] i.e.

L{f(x)} = f(x(m)) - mx(m)
where m is the slope of

f

obtained by
df (x)
dx

The Legendre transform of
L~f (x)}I

A

(3.9)

f,

(3.10)

L{f(x)} is a function of the slope m, thus, by defining

L(m). We can express f (x) as

f (x) = m(x)x + L{m(x)}

(3.11)

From Figure 3-2, we can see that the Legendre transforms of the sample, probe and image
are related by
L{s(m)}

=

L{i(m)} I+ L{p(m)}

(3.12)

Thus, using the Legendre transform, we have the following methodology for image deconvolution.
" Calculate the slope of the image, m =
"

d(x')
dx'

Obtain the Legendre Transform of the image, L{s(m)} = i(x'(m)) - mx'(m)

" Find a point on the probe with the same slope m and compute its Legendre Transform,

L{p(m)} = p(Ax(m)) - mAx(m).
* The Legendre Transform of the sample for slope m is then obtained by (3.12), L{s(m)}
L{i(m)} + L{p(m)}.
* Applying (3.11) to L{s(m)} gives us the deconvolved sample profile.

=
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L

L{i(m)}
L{s(m)}
Probe Tip
p(Ax)
True point of contact

on

Apparent point of contact

-

'c

L{p(m)}
Image

,/,"

Sampl e Surface

~(X)
i

Figure 3-2: Legendre interpretation of deconvolution. The Legendre transforms of the
sample, probe and image profiles are related by L{s(m)} = L{i(m)} + L{p(m)}.
Essentially, the Legendre transform is a means of converting the probe, sample and image profiles to expressions in the slope m so that (3.12) can be used to relate the (unknown)
sample profile to the (known) image and probe profiles. The sample surface is then reconstructed from L{s(m)} using (3.11). While this analysis provides a framework with which
deconvolution can be achieved, its main limitation is that the first derivatives of the probe
profile must be strictly monotonic. This is to say that there must be a injective (one to one)
mapping from the gradient m to the probe profile p(m). If this condition is not satisfied, the
location of the true contact point on the probe would be ambiguous and thus we would not
be able to recover the sample profile accurately. Of course, it is also implicit that the probe,
image and (reconstructed) sample profiles must be continuously differentiable at least once.
In addition, for regions with simultaneous double contact points, no information can be obtained about the region between them. In such areas, the method yields no reconstruction
and a 'hole' in the reconstructed image results. Figure 3-3 illustrates this point.
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Doule

Probe

Contact

Points

Image

Sample Surface

(a)

Reconstructed Image
Hole

0

I -

--

(b)
Figure 3-3: Reconstruction of region with double contact. Since the probe never contacts
the region between the contact points, no information is given about it. Legendre Transform
reconstruction leaves a corresponding hole in the reconstructed surface.

3.4

Underscanning

While the Legendre transform method does have its limitations, it provides an analytical
framework for a more general deconvolution strategy. We introduce here an alternative,
non-analytical means of deconvolving the image.

To motivate the method, let us now

consider doing an underscan on the image i.e. scanning the underside of the image with the
probe reflected about the vertical axis passing through the probe apex.
Let us denote the resulting image from the underscan as i:(T), C being the ordinate axis
of the new image. As with (3.1), we have
in(-t)

0±

_

t

p(Ax')
aAx'

i(x')

AX,

ax'

(3.13)
x/

and

Ax' = ;r-

(3
1
(3.14)
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is necessary because Ax' is now defined as T - x', i.e.

The '-' sign in front of OP(Ax')

image ordinate subtracted by 'surface' ordinate whereas in section 3.1, we defined Ax as

X - X' (surface ordinate minus image ordinate). Note that the original image i(x') is now
the new sample surface for the scan. To obtain in(z), we then apply the same algorithm as
before.
From (3.13), we have

0(j')

Ax'

(3.15)

We then express Ax' as a function of t i.e.

Ax' = Ax(z)

(3.16)

Ai

(3.17)

As with (3.4), we know that
=

-p(Ax')

Hence, we get
_iz
p(AX'(,7))

(3.18)

Since Ai(z) is the vertical displacement between the new (in) and old (i) images, they are
then related by

i(x') = in(!) + Ai()

(3.19)

Or, substituting (3.18),

i(x') + p(Ax'(z))

(3.20)

We now have an explicit expression for iW-7) in terms of

i(x') and p(Ax'(z)). Combining

in(t) =

with (3.14), we can then obtain the resulting convoluted image in(z) resulting from an
underscan of the original image i(x'). At the point of contact, Ax' = Ax because we know
that
-

AX')

MAX)

(3.21)

p(Ax'(J )) = p(Ax(x'))

(3.22)

Hence

3.4. Underscanning
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Apparent point of contact
True point of contact

Ai

=Ap

Image
i(')

,

Probe Tip
p(AX')

Ax'=Ax

Reconstructed Image

-

Sample Surface

in()
,

s(X)

Figure 3-4: Underscanning the image.
Substituting (3.22) into (3.18), we obtain

in(t) = i(X') + p(Ax(x'))

(3.23)

Comparing this result with (3.7), we conclude

in(z) = s(x)

(3.24)

Figure 3-4 illustrates the preceding discussion. Thus, by doing an underscan on the image,
we can recover the sample profile for all points contacted by the probe. For all points not
contacted by the probe, no information can be recovered about them except that these
regions are bounded by the probe profile; underscanning will give this recovery.

In the

absence of any a priori information regarding the probe profile, we have no means of determining whether the sample features are sharper than the probe or simply a replica of
the probe profile. Hence, it is reasonable to say that the probe profile is indeed a supremum for the sample profile and we can conclude that underscanning gives the best possible
reconstruction.
While we employed an analytical approach to prove it, the underscanning method itself

3.4. Underscanning
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does not require an explicit closed form expression for the probe or image profiles nor does
it require the probe gradient to be strictly monotonic. By simulating an underscan of the
probe on the image, we can recover the greatest possible correction for the image in a
fast and efficient manner. The following examples illustrate the results obtained using this
procedure.
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Example 3.1: 2D Surface
Probe
Original Image

(a)

Sample Surface

Original Image

Reconstructed Sample.

Inverted Probe

(b)
Reconstructed Sample

(C)

Sample Surface

Figure 3-5: Simulation of line scan correction over arbitrary 2D surface. (a) Original scan.
(b)Underscanning the image. (c) Corrected image.
With underscanning, the error is greatly reduced and there is perfect recovery for all
regions where the probe contacts the surface. For points not touched by the probe, we get
the probe profile as a supremum for the sample profile.
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Example 3.2: Cylindrical surface

(a)

(b)

(C)

Figure 3-6: Scanning a cylindrical surface. (a) Sample, parabolic probe (inverted) is shown
at the side. (b) Original image. (c) Corrected image.
This is an example of AFM scanning a high aspect ratio surface; the probe tip is not
always in contact with the sample and we have regions where the non-apical parts of the
probe contact the sample surface thus resulting in convolution errors. This effect is especially
pronounced at the sample sides. In fact, the probe does not touch the sides of the sample
at all, hence the corrected image is bounded by the probe profile.

3.4. Underscanning
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Example 3.3: Random Surface

(a)

(b)

(c)

Figure 3-7: Scanning a randomly generated 3D surface. (a) Sample, parabolic probe (inverted) is shown at the side. (b) Original image. (c) Corrected image.
Note the dilation of the image due to convolution. Underscanning is able to recover all
the intermediate regions of the original surface except areas which are too sharp for the
probe. For such regions, e.g. the depression in the front of the sample, the probe profile
is reproduced in the reconstruction.

Recovery of the sides is imperfect as they contain

discontinuities which corrupt the output.

3.5. Simulation Algorithm
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Simulation Algorithm

Here, it is perhaps appropriate to discuss the simulation algorithm used in the preceding
case studies. This is a topology-based scanning algorithm which will generate the AFM
image given the sample and probe topographies.

Essentially, we consider the discretized

topological profiles of the probe and sample and generate the image from basic geometrical
constraints.

This provides a convenient framework for a computational approach to the

simulation of AFM imaging. We outline the algorithm as follows
* Normalize the probe and sample data by subtracting their respective minima i.e.

Z, = Z, - min (Z,)

Z, = Zp - min (Zp)

(3.25)

" For every point in the sample, define a surface mesh for comparison Z,,

ZSc = Zs(i - rpx : i + rpx,j- rp

+ rp) 1

(3.26)

where rpx and rpy are the x, y limits respectively of the probe profile and Z,(i,

j)

2

is the surface point being scanned. This process essentially involves 'chopping' Z, up
into pieces the same size as Zp so that the point of lowest relative distance (the true
point of contact) can be located.
" Now define a comparison mesh Zc where

Z = ZP - ZSC

note that each point on the surface grid, Z,(i,

j)

(3.27)

has a unique Zc. However, since we

are only interested in the final image, Ze only needs to be an local variable and can
be updated for every point in the surface grid.
'[1:n] denotes [1, 2, 3, ... ,n]
i, j are not indices but actual points on the surface grid.

2
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* The apparent height is then the probe tip location

Zim(i,

j)

= -

min (ZC)

(3.28)

* The whole procedure is then programmed to be repeated over the whole grid of Z, to
give the convoluted image Zim
To simulate an underscan, we simply execute the preceding procedure using the reflected
probe i.e.

Z(i, j)

=

-Zp(-i,

-j). The only difference between an underscan and the

scanning algorithm outlined above is that the new image formed by the underscan is defined
as
Zim = min (Zc)

(3.29)

when both the image and (reflected) probe profiles are normalized i.e.

Z,= Z, -min(Z,)
Z=

3.6

Zp - max (Zp)

(3.30)

Uncertainty Map

The underscan method recovers all points that have been contacted by the probe and
provides a supremum for the points not contacted by the probe. Those areas of the probe
that have not been contacted by the probe constitute the uncertainty map in the recovery
of the sample surface, mentioned also in [34, 33]. In some instances, it may be necessary
that the regions of certain recovery are distinguished from those of uncertainty. For such
purposes, a tagging algorithm may be employed to delineate regions of uncertainty from
the actual sample surface.
While it is tempting to simply look for points of double contact in the comparison mesh
and tag all the regions between them, there are several serious difficulties in using this
approach. First, it is difficult to know the size and orientation of the zone of uncertainty
between two points of simultaneous contact (for a two-dimensional grid). Second, due to
the discrete nature of the simulation process, it is not always necessary that where there
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are simultaneous contacts, the comparison mesh Z, in (3.27) will return multiple points
of exactly zero displacement. More often than not, it happens that the non-continuity of
the algorithm results in one of the points of actual simultaneous contact being finite albeit
small. Thus, it would then be necessary to set tolerance limits to define the points of zero
contact. This could then result in erroneous tagging.
A more optimal approach to the tagging problem would be to consider the reconstructed
image instead of the comparison mesh, Zc. We know that the reconstructed image will
recover the true sample surface wherever there is probe contact with the sample and a
supremum in the form of the probe profile where contact is absent. Hence, a more robust
method of tagging would be to simply consider the reconstructed image and match areas
of the image with the probe profile.
The algorithm for such a task is as follows
* Take the (reconstructed) image and normalize its height and do the same for the probe
i.e.

Zim

=

Zim - min (Zim)

Zp

=

Zp - min (Zp)

(3.31)

" For every point in the image, define a mesh for comparison Zie

Zic = Zim(i - rpx :i+ rpXj- rp :j + rpy)

(3.32)

where rpx and rp, are the x, y limits respectively of the probe profile and Z,(i,

j)

is

the surface point being scanned.
* Define a comparison mesh for the image Zcj where

(3.33)

Zci = Z, - ZIe

As with the simulation algorithm, Zej applies only at Zim(i,

j)

* Now locate consecutive points in Zej where the displacement is the same by the fol-
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lowing procedure3

if

Zei(mn, n)

==

Zei(mn - 1, n - 1)

Zcj(m, n)

==

Zc(m + 1, n + 1)

or

if

(3.34)
Ztag(m, n)

0

Ztag (m, n)

1

else

end
where m, n are the indices for Zcj which is similar in dimension to the probe grid.
This locates consecutive points which share the same displacement in Zcj and tags
them as 'low' states and leaves all other points as 'high'. Ztg is used to 'collect' these
tagged points.
. Initialize a vector ZTag and use it to collect all the 'low' points in the image mesh

if

Ztag(m, n)
ZTag (k)

0
=

(i +m,

else

j +n)
(3.35)

end

* ZTag is the vector of tagged mesh points which we can use to delineate the regions of

uncertainty from those of the actual sample.
Admittedly, such an approach precludes the possibility that the sample feature could
have regions which are identical to the probe. However, such a situation is highly unlikely
and it is safer to assume no certain knowledge about them.
3'==' denotes a comparison operation.
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Morphological Description of Deconvolution

Having expounded at length about underscanning the image, it might interest the reader
to note that it has an alternative interpretation to it.

Just as the Legendre transform

is an elegant expression of the analytical deconvolution scheme mentioned by Keller [23],
underscanning has a corresponding expression in mathematical morphology.
Now, from Section 2.4, we know that the morphological equivalent of scanning is dilation.
Given the sets describing the sample S and the probe P (the structuring element), dilation
of S by

P gives us the image I i.e.
I= ST

(3.36)

Now, we know that dilation basically involves taking the union of all translates of the
reflected probe P as their apices are aligned with every point in the sample set S. In the
same way, underscanning can be interpreted as the minimum envelop of all translates of the
probe P as they are aligned with every point in the sample set S. This is in fact equivalent
to taking the intersection of all translates of S by points in P. Such an operation turns out
conveniently to be erosion. Thus, the underscan method can be succinctly described as

Sr

=I

EP
(S®P)eP

=

where

SeP

(3.37)

Sr denotes the reconstructed sample surface. Thus, underscanning is simply the

erosion of the image I by the reflected probe P and the entire process of image formation
and sample reconstruction is simply the closing of the sample S by

P. This is the same as the

methods described in [34, 33]. To show that this is indeed the best possible reconstruction,
consider the image produced by the probe scanning over the reconstructed surface, Sr. As
with (3.36), this can be written as
in = Sr @ P

(3.38)
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where the subscript 'n' indicates a new image. Substituting (3.37) into (3.38), we get

In

I(ePoP

=

= Iop

(3.39)

Consider the right-hand-side of (3.39)

loP

=

(SeP)oP

=

SEDP

= 1

(3.40)

where we have made use of the property of 'o' mentioned in page 25. Comparing (3.39) and
(3.40), we have
In = I

(3.41)

Thus, the reconstructed surface produces the exact same image as the actual surface
when scanned with the same probe. S, is an upper bound for the sample surface S because
any increase in Sr will mean that the new image In will violate (3.41). In fact, Sr is an
upper bound of S in the sense that it is a supremum to the best of our knowledge as we
have no way of knowing which parts of
Hence, we must conclude that

Sr are greater than S without knowing S a priori.

Sr provides the best possible reconstruction of S which is

consistent with our preceding discussions for the underscanning method.
While the morphological perspective is useful and elegant, reconstruction of the sample
should still be done by simulating the underscan instead of using the erosion operation.
This is because when doing an erosion, all translates of P as they are aligned with every
point in the sample set S must be stored before the minimum envelop can be taken4 . This
is immensely expensive in terms of memory cost and is thus unsuitable for implementation,
especially over large scan grids. The simulation on the other hand is much more efficient in
terms of memory as the image corresponding to each point in the surface grid is produced
4Or

all translates of S over all points in P.
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in every run 5 . Hence, only the image point is stored in memory, making simulation a far
more efficient means of deconvolution. One can thus think of underscanning and erosion as
real-time' processing versus post-processing.
Evidently, while underscanning is an optimal reconstruction methodology, its weakest
premise is that the probe profile is known a priori. As such, the applicability and accuracy
of underscanning hinges upon the precision by which the probe profile is known.

3.8

Summary

In this chapter, we took an evolutionary look at deconvolution by first examining the analytical scheme proposed by Keller [23]. We then discussed the Legendre-based method proposed by the same author and its limitations. Using the analytical deconvolution scheme
as a foundation, we introduced the underscanning method and discussed its advantages.
Algorithms for the underscan simulation and for determining regions of uncertainty were
then presented. Finally, the underscanning method was reconciled with the morphological
approach proposed by Villarubia [33] and it was shown that both methods are equivalent
in giving the best possible sample reconstruction.

5

A single run entails the procedure outlined in Section 3.5 and produces a single image point on the
scanning (surface) grid.

Chapter 4

Probe Estimation
4.1

Introduction

The accuracy of simulation-based measurement correction techniques is heavily reliant on
knowing the probe profile a priori. The greater the precision with which we know the
probe profile, the more accurately AFM measurements can be corrected. While it is true
that the approximate dimensions of a given probe are generally available either through
manufacturer specifications or other sources, these give at best crude estimations of the
probe profile. Indeed, as with any manufacturing process, uncertainty in probe manufacture
is inherent. In addition, prolonged use of the probe results in wear. Probe wear dulls the
probe and hence changes its profile. As such, original estimations will have to be revised.
It is thus evident that a dynamic process of probe estimation is required for underscanning
to be effective in correcting AFM measurements. In this chapter, we explore traditional
means of probe characterization and highlight their deficiencies. We then examine a more
robust method for characterizing probe profiles developed by Villarubia [33] and propose
an alteration in the procedure outlined for a more efficient probe reconstruction algorithm.
We conclude by looking at how the accuracy of the reconstructed probe varies with the
characterization surface.
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Conventional Probe Characterization

Currently, there exists two main methods for probe characterization, measurement via separate instrumentation and through the use of standard surfaces known as characterizers.
Among the former, one technique is to examine the AFM probe tip under a Scanning Electron Microscope (SEM). However, this method is largely impractical as it involves frequent
removal of the probe. This not only affects the repeatability of (AFM) measurements but
the data from the SEM obtained is largely subjective, being solely in the form of visual
images. The high cost of SEMs is another factor in hindering the widespread use of this
technique.
A more popular method of probe characterization is through the use of characterizers.
The motivation for such a technique is parallel to that of deconvolution. In deconvolution,
knowledge of the probe and the image is used to recover the sample surface. Probe characterization on the other hand, makes use of knowledge about the sample and the image
to recover the probe profile. This can be shown elegantly via application of the Legendre
Transform. From (3.12), we know the Legendre transforms of the characterizer, probe and
image are related by the following linear relationship

L{c(m)} = L{i(m)} I+ L{p(m)}

(4.1)

Knowledge of the characterizer, c and the image (and thus their Legendre transforms)
will allow recovery of L{p(m)} and hence, the probe shape p(AZx). Popular standards for
probe characterization include steps, colloidal gold features and ultra-sharp structures. In
particular, for ultra-sharp structures like that shown in Figure 4-1, we obtain

L{s(m)}

= L{i(m)} + L{p(m)}

L{s(m)}

=

h';

h' =

r

, m = tan (0)

cos (O)'0

(4.2)

If the radius of curvature r of the standard is sufficiently small, h' goes to zero and we get

r -+ 0

->

L{i(m)} = -L{p(m)f

(4.3)
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Probe

-

L{i (m)}

-

L{s(m)}

Image

Lip(m)}

r
-- - - - - - F

IF

Structure

Figure 4-1: Scanning an ultra-sharp structure.
Equation (4.3) demonstrates that, by using a sufficiently sharp standard (small r), the
Legendre transform of the probe can be directly obtained from the Legendre Transform of
the image. In other words, the image is just a reflection of the probe shape. A similar case
happens with the step standard i.e. the sides of the image will reflect the sides of the probe
for a sufficiently sharp corner.
However, while theoretically feasible, this is unwieldy in practice simply because of the
difficulty in manufacturing precise step features. In Figure 4-2(a) 1 , a perfect step (solid
line) is scanned and the image sides (dashed line) used to estimate the probe shape. The
method breaks down with non-ideal steps as seen in Figure 4-2(b). Due to corner roundness
and imperfections present in the standard, it is very hard to delimit the image sides. As a
result, two very different probe characterizations could be obtained as shown in Figure 42(d). Manufacturing tolerances on radius of curvature of ultra sharp structures and corner
radius of silicon calibration gratings are typically in the order of 10 nm thus limiting the
accuracy of the characterization process.
In recent years, carbon nanotubes have been employed in AFM imaging. Nanotubes
'This figure is reproduced with permission from [7]
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Figure 4-2: Probe characterization using steps. (a) Image of a perfect step. (b) The probe
shape can be recovered from the sides of the image. (c) Image of a real step. (d) Two
possible probe shapes can be recovered from the image.
are used as probes due to their sharp geometry and mechanical resilience.

The carbon

nanotubes consist of perfect and seamless graphite shells with dimensions of typically 1 nm
in diameter and several microns in length. The slenderness of these nanotubes may allow
for imaging of high aspect ratio surface features with very small convolution distortions.
However, lateral flexing of the tube is still a problem when imaging tall structures, and
fabrication techniques have yet to be refined [35].
Until more precise probes can be fabricated, there is a compelling need for an alternative
methodology of probe characterization which is more insensitive to the characterization
surface used.
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Morphological Tip Estimation

We start with the approach proposed by Villarubia

[33]. To motivate the method, let us

first consider the morphological relation between the probe and the image. From (3.39), we
have

Io P =I

(4.4)

Since I o P = (I E P) q F, if P satisfies (4.4), then so does any translate of P and all
possible translates of P will fill up the image space. The implications of this is twofold (i) no part of the translated tip may extend above the surface of I and (ii) every point on
the surface of I must be touched by the surface of one or more translates of P. This is
basically a restatement of the morphological interpretation of image formation mentioned
in Section 2.4 and can be expressed mathematically as

VxEI, ]dEPIPCI+d-x

(4.5)

where x and d are vectorial quantities denoting the point of contact between the translated
tip and the image and the offset of this point of contact from the tip apex respectively. (4.5)
gives an upper bound on the reflected probe shape P based on the image I. Evaluation
of the right hand side requires knowledge of the functional dependency of d on x, which
unfortunately is an unknown. However, we do know that (4.5) is true for all values of x
and some (at least one) value of d (at every xi). Hence, we can make an estimation of the
probe shape at every xi by taking the union of all possible values of d. Erroneous contact
points can be filtered out by adding that additional requirement that the probe tip apex
(set to be the origin) be contained within the translated image i.e.

F'j(x)={djdE P and OEI-x+d}

(4.6)

Using (4.6), we then obtain the following expression for each estimate P

VxEIPC

U
d cPJ(x)

(I-x+d)nfl

(4.7)
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which implies

U

VxEI, PC

[(I-x)eP
Af)]ni

(4.8)

d E P/ (x)

Since (4.8) is true for all xi, it must be true for their intersection i.e.

Pc

n

[(I - x) (i Pi'(x)] n P(4.9)

XGI

Iterating, we have

A±1j C n~ [(I

-

x) (D P'(x)] fl A

(4.10)

X E-I

Since

Pi is the result of an intersection between sets, it follows that Pi+1 C P. Hence, P is

a monotonically decreasing sequence. From (4.9), the true probe shape P is a lower bound
for the sequence

P. Thus, since P is monotonically decreasing and bounded from below,

the Completeness Property guarantees its convergence and the final reconstructed probe is
then taken to be the limit of the sequence P i.e.

Pr= lim Pi

(4.11)

Based on the same morphological considerations discussed above, an improvement was
proposed by Williams et al. [36] which expedited the convergence of the procedure by
introducing an additional sequence for refining the initial probe estimate

1,

taking into

account the presence of secondary peaks in the probe.

4.4

Blind Reconstruction via Minimum Envelop

While the methods discussed above do guarantee convergence, they are highly computationally intensive. Villarubia's morphological method involves equations of the order Ni(Np)J
where Ni and Np are the number of data points in the image and probe respectively and

j

being a number between 1 and 2 [36].

The blind reconstruction method proposed by

Williams et al. [36] is an improvement but nonetheless still unsatisfactory.
As discussed in Section 4.2, imaging a feature of negligible width (an ultra-sharp feature)
reveals the profile of the inverted probe (see Figure 4-3).

In fact, such a phenomenon is
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Probe

Feature of negligible width (hypothetical)

Image

Sample surface

Figure 4-3: Imaging a feature of negligible width. The image is simply a reflected of the
probe about the origin i.e. the image profile is the probe profile reflected both vertically
and horizontally.
not without practical precedence and has been reported on various occasions [37, 38]. In
particular,

[37]

reported finding copies of the reflected probe tip in AFM images of Si surfaces

annealed at 1200 K in ultrahigh vacuum with regularity. From the dilation interpretation
of image formation, we know that the image is the surface of the combined volume of the
translated, reflected probes.
Thus, estimates of the probe can be made by examining those parts of the image containing the sharpest features as the probe geometry must be a subset of each of these profiles. If
these separate estimates can be lined up at a common point which shares the same contact
point on the probe (as it scans over this point), the true probe profile would still lie within
(or on) the minimum envelop of the combined probe estimates. For the overwhelming majority of image points, the corresponding actual point of contact on the probe is unknown.
However, we do know that for the image peaks, the actual contact point on the probe is
known and it is the probe apex. The fortuitous side to this is that the image peaks are
often the sharpest features we find on the image. Using this knowledge, a reasonable probe
estimation can be achieved by blind reconstruction using only the image peaks. The basic
algorithm of this process is as follows
* Locate the probe peaks.
This can be achieved by simply looking for points on the image data where the image
gradient is zero. However, as with any numerical scheme, it is unlikely that the peaks
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lie on the image grid. A more robust method would be to look for sign changes in the
image gradient (from positive to negative). For implementation on a two-dimensional
line scan, we have

if

(Zm(i) > 0) and (Zim(i + 1) < 0)
where Zm(l) =

h being the step size
,n = 1, 2,....

Zim(Z + 1) = Zp,n

i being the index of the image and Zp,, denoting a peak location. The implementation
is more ambiguous for a three dimensional surface scan. For such applications, an
efficient way of locating peaks would be to divide the image grid into line scans and
detect the individual peaks in them. The true peaks can then be distinguished from
the saddle points by applying the same operation on the orthogonal gradient data.
* Obtain the probe estimates given by each peak.
Each probe estimate is made up of the image data surrounding each peak equivalent
to the desired size of the probe estimate.

Peaks lying less than half the (defined)

probe width from the edge of the image data can be 'padded' with the peak value to
prevent distortion of the estimate. In the two dimensional case, we have

if

Zim(i + 1) < rp
Pn = [Zpad, Zim (1 : (i + 1) + nrp)]
where Zpad

= [Zim(i + 1), ... , Zim(i + 1)]
nfrp

if

(i+1) elements

Zim(i+1)>Lim -rp
Pn = [Zim ((i + 1) - nr, + 1 : n Lir)

where Zpad

, Zpad]

= [Zim(i + 1), ... , Zim(i + 1)]

nrp+(i+1)-nLm

elements

else

Pn = [Zim ((i + 1) - nr, + 1) : Zim ((i + 1)+ nr,)]
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where P are the individual peak estimates, rp, the probe range (width), is the distance between the probe limit and the probe peak and Lim is the limit of the image
vector. The variables n,, and nULm refer to the (integer) index locations of rp and
Lim respectively. For the case of a two dimensional grid, instead of an image vector,
we simply define each probe estimate to be the image points within rp" and rpy of the
x and y indices of each individual peak. The same 'padding' method can be applied
for peaks within rp. and rp, of the image limits.
* Obtain the final probe estimate.
The final probe estimate is given by the minimum envelop of the individual probe
estimates when they are aligned about their peaks.

Pr = min(Pn(i))

n

Mathematically, the procedure outlined above can be expressed succinctly as

Pr

Pp,i(x)

(4.12)

where P,,2 are the individual probe estimates formed from by taking the localized sets (of
data points, x) about each peak.

Figure 4-4 illustrates this process.

It must be noted

that blind reconstruction via minimum envelop is essentially similar to the initial estimates
mentioned in the probe estimation schemes of both Villarubia

[33]

and Williams et al. [36].

However, the iterative process proposed in those papers only serve to refine probe estimation
accuracy for probes with secondary peaks. Secondary peaks are only formed when the probe
tip experiences a catastrophic fracture -

a highly unlikely event. For the overwhelming

majority of applications, extended probe use will only result in probe blunting and not
the introduction of secondary peaks. It can be shown that for a probe with a single peak,
the minimum envelop of the probe peaks will produce the best possible probe estimate by
considering the morphological implications of such an estimate. For a given image, the
smallest probe (which we know with any certainty) that is capable of producing the image
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,Reconstructed Probe
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Figure 4-4: Blind reconstruction via minimum envelop. (a) Original Scan. (b) Peaks in
image are flagged. (c) Probe estimates are obtained from the individual peaks and the
minimum envelop taken as the final probe estimate. (d) Comparison between actual and
reconstructed probe.
has to satisfy the following equation [33],

I= (Ie)P)EDP

(4.13)

Thus, a non-distorting tip has the morphological property of recovering the original image
through consecutive underscan and scan operations. (4.13) gives an upper bound on the
probe tip shape and at the same time, provides the best estimate we can make of the
geometry of the probe tip from image data alone. For probes with a single apex, all the peaks
in the image are formed via contact from the singular probe apex and the reconstructed
probe using blind probe reconstruction will satisfy (4.13). This is evident because since the
reconstructed probe is at least as sharp as the sharpest feature on the image, every point
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on the image is accessible to the probe estimate. The resulting scan on the 'eroded' image
will then allow recovery of every image point.
For probes with secondary peaks, peaks in the image are not necessarily a result of
the primary probe peak. Image peaks formed via contact with the secondary probe peaks
cannot be used in estimating the primary probe peak and this is where the work of Villarubia

[33]

and Williams et al. [36] is applicable. However, for the majority of practical probes

without secondary peaks, much computational effort can be conserved by application of the
minimum envelop method.

4.5

Estimation Quality

Since probe reconstruction is implemented using only the image data, the quality of the
probe estimate is highly dependent on the image. Evidently, a smooth surface would yield
few distinct peaks and thus have limited utility in this mode of probe estimation. On the
other hand, a surface with numerous high aspect ratio features would be more likely to
produce a more accurate estimate. In Figure 4-5, we see the resulting probe estimate made
using two surfaces with the same root-mean-square (rms) height as the probe but with
differing correlation lengths or average wavelength of the surface.

Evidently, the quality

of the probe estimation is significantly better for the surface with the smaller correlation
length.
The effects of surface characteristics, specifically correlation length

l and rms height

- on probe estimation and image reconstruction quality are examined via simulation and
presented in Figures 4-6 and 4-7. In Figure 4-6, the mean rms probe estimation error
(relative to the probe height) Ep,rm

is plotted as a function of the relative correlation

length ir, defined as the ratio of the surface correlation length to the probe width and the
relative surface rms height ar, defined as the ratio of the surface rms height to the probe
height. In these simulations, the probe tip is a prescribed function so the probe tip and
height are known a priori. The error between the reconstructed samples using the actual
and estimated probes Ei,,ms (relative to the surface rms height) is plotted in Figure 4-7,
the former being the maximum possible surface recovery. For these plots, the calculated
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Figure 4-5: Probe estimates (individual). (a) Sample surface with large correlation length.
(b) Resulting probe estimate is poor. (c) Sample with small correlation length. (d) Resulting
probe estimate is good.
numbers are the statistical mean taken over 100 simulations of the scanning process where
each surface is a randomly generated Gaussian surface with the prescribed parameters (1r
and Ur).
From Figure 4-6, we see that there is a consistent decrease in

Ep,,, as the relative

correlation length, 1r of the sample increases from 10-3 to approximately 1.3 x 10-1. This
is contrary to the expectation that the accuracy of the estimation is inversely proportional
to the (relative) correlation length of the sample surface as a smaller correlation length
translates into a greater number of (sharper) peaks in the sample and hence, better recovery
via the minimum envelop approach. The reason for this phenomenon is that as 1r decreases,
the peaks in the sample occur so frequently that the probe sides are never involved in the
imaging process i.e. they never touched the sample surface. Hence, the image contains no
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Figure 4-6: Quality of probe reconstruction as a function of relative correlation length, 1,
and relative rms height o-,. The quality of the reconstruction is measured in terms of the
mean probe rms error Ep,rms
information about the probe sides and they are unrecoverable. The apparently large degree
of error associated with sample surfaces having low o,, is also due to poor reconstruction at
the probe sides. On the other hand, recovery of the probe apex is excellent (for both high
and low

o-,) and often with negligible error. As the relative correlation length increases, the

accuracy of the probe apex recovery is largely unaffected as there is still sufficient contact
between the probe tip and the sample.

There is however, a significant increase in the

accuracy of the recovery of the probe sides and hence, the overall relative error decreases.
Beyond approximately 1.3 x 10-1 1r, the increased size of the sample peaks result in excessive
dilation of the image peaks and a deterioration of probe estimation quality.
It is evident from Figure 4-7 that the quality of the reconstructed sample is relatively
close to optimal for samples with 1, of approximately 0.1 and below. In addition, for samples
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Figure 4-7: Quality of image reconstruction via underscanning using the actual and reconstructed probes. The quality of the reconstruction is measured in terms of the mean image
rms error Ei,rms
with high ar such as those containing high aspect ratio features, the recovery is satisfactory
even for large 1, but significant error sets in for surfaces with low

o-r. This can be attributed

to the fact that the presence of high aspect ratio features affords a better probe estimate
as is evident in Figure 4-6 and hence there is less discrepancy in the sample reconstruction.
However, such effects are only apparent for surfaces with high 1r. For surfaces with low

1

r,

the apical regions of the probe is the predominant contacting surface during the imaging
process and since these regions are faithfully reconstructed, there is less sensitivity in the
sample reconstruction error (with respect to a-). Figure 4-8 shows an example of sample
reconstruction using a probe estimated from the image of a sample with low 1,. Although
recovery of the probe sides are poor, they have a minimal effect on the quality of image
recovery. It must be noted here that because Ei,rms is a function of the surface rms height,
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Figure 4-8: For surfaces with small relative correlation lengths, the sides of the probe are not
recovered but this has a negligible effect on the overall quality of image reconstruction via
underscanning. (a) Original Scan. (b) Blind reconstruction - probe estimates and minimum
envelop. (c) Comparison between actual and reconstructed probes, recovery is exact for the
tip but error exists when recovering the probe sides. (d) Comparison between reconstructed
images using both the actual and reconstructed probes. The discrepancy is minimal, limited
only to the magnified regions.
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the sample reconstruction error for surfaces with low
with high

U-,

is in fact less than that for surfaces

o-, in absolute terms although in relative terms, the opposite is true as can be

observed in Figure 4-7.
Thus, probe reconstruction is effective only if the sample features are considerably
smaller (lower ir) or sharper (higher

-,) than the probe and the method breaks down

when the sample feature is large or of similar dimensions as the probe. However, for large
sample features, the degree of convolution is minimal and is hence, not usually an issue of
consideration. It is for small features where the degree of convolution is unacceptable that
probe reconstruction offers significant improvement in image quality. However, assuming
no prior knowledge of both probe and sample, it is not possible to deduce l from the image data. Hence, a strategy has to be developed to deduce the relative size of the probe
compared to the sample before deconvolution is deemed necessary. This and other issues
pertaining to the practical application of the deconvolution strategies outlined thus far are
discussed in the following chapter.

4.6

Summary

In this chapter, we discussed existing methods of probe characterization and presented a
morphological probe estimation scheme proposed by Villarubia [33]. We then introduced
the method of blind reconstruction via minimum envelop as a simplification to the morphological scheme and showed that both methods produced similar results for the majority
of situations. We then quantified probe estimation error by looking at the effects of surface characteristics on probe estimation and image reconstruction quality and identified the
conditions for optimal image reconstruction.

Chapter 5

Practical Considerations
5.1

Introduction

As discussed in the previous chapter, with the minimum envelop method, we have (for
probes with singular peaks) an efficient means of estimating the probe geometry accurately
for features that are small compared to the probe. For sample features that are large compared to the probe, convolution is usually minimal and reconstruction is unnecessary. The
issue only becomes more complicated when we are imaging samples with the same critical dimensions as the probe because in such cases, both convolution and probe estimation
quality are both unacceptable.

In this chapter, we discuss issues pertaining to practical

application of both probe and sample reconstruction and attempt to draw out an optimal
strategy for enhancing AFM precision.

5.2

Implementation Issues

In the preceding chapter, we discussed the quality of blind probe reconstruction from image
data as a function of the relative size of the sample and the probe. Unfortunately, the image
data alone is inconclusive on this issue and unless we have knowledge of the approximate size
of the probe or the sample, there is no way of knowing whether deconvolution is necessary.
Figure 5-1 demonstrates how we can get the same image using different probes on different
surfaces. In such a case, a strategy would be to reconstruct the probe shape from the image
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(a)

(b)

Figure 5-1: Ambiguity of relative size of probe and sample from image data alone. (a)
Image of surface using relatively blunt probe. (b) Image of surface using relatively sharp
probe; the resulting images are identical.
data and compare it with existing manufacturers specifications.

If the probe estimate

matches well with the manufacturers' specifications, it can safely be concluded that the
sample surface is relatively small compared to the probe as in Figure 5-1(a). If the estimate
and the specifications do not match up, there are only two possibilities - either the probe
has been worn out due to prolonged usage or the surface is indeed large compared to the
probe. Here, discretion has to be exercised with regards to the likelihood of the former
situation, taking into account such considerations as the duration of probe usage and also
its hardness. In the case of the surface dilating the probe estimate, a good measure of the
size of the sharpest feature in the sample is to apply (2.19), i.e. JRj =

IRsI + Rj.

The preceding exercise proves inconclusive when it is uncertain whether the dilation
in the probe estimate is due to probe wear or sample dilation. Such a situation would be
possible when the probe estimate is not overly big compared to the original specifications and
the probe has experienced significant usage. In such a situation, the only course available
would be to image a surface with sharper features than the probe, say a characterizer
in order to ascertain the actual probe shape.

Evidently, the presence of surfaces with

features that are much smaller than the probe would greatly extend the applicability of the
blind reconstruction technique. However, with the progress of fabrication technology, probe
dimensions are increasingly pushed towards the nm range and the existence of such surfaces
might reasonably be questioned. The mitigating factor for the technique is the fact that
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no prior knowledge of the sample surface is required. It is also robust even in the case of
surface (not probe) wear. Thus, theoretically speaking, any surface with sufficiently sharp
features can be employed in characterizing the probe. This eliminates the need for precise
manufacturing processes to create accurate characterizers.
The utility of blind reconstruction via minimum enveloping can also be extended to
standard probe estimations using step characterizers.

For images of such characterizers,

probe apical contact points can be identified as points of gradient sign change. Additionally,
they can occur at points where the gradient goes from positive to zero and where they go
from zero to negative. The probe estimates obtained by the individual steps can then be
combined (using the minimum envelop method) to give the final probe estimate. However,
this method would only give a two dimensional profile of the probe because for features with
uniform cross-sections like the step characterizer, only one plane of the probe is in contact
with the characterizer surface at all times. Hence, no information can be obtained about
the other regions of the probe. It could be assumed that the probe geometry was radially
symmetrical but such an assumption may not be valid. A more reasonable probe estimation
methodology might then be to characterize the probe with the characterizer rotated at
known angles and interpolate between the resulting probe estimates to reconstruct the
probe geometry.
For characterizers with non-uniform cross sections such as ultra-sharp structures, application of the minimum envelop method will allow direct recovery of the probe geometry
without the need for additional operations. In any case, application of the selective blind
reconstruction technique will reduce the subjectivity of the characterization process and
enables a more accurate, robust means of probe estimation and ultimately image reconstruction (via underscanning).

5.3

Partial Deconvolution

Having discussed at length about image deconvolution, it may be appropriate to note that
one of the main advantages of the AFM is that its output is in the form of metrological
data. In fields like tribology, it is parametric descriptions of the surface rather than the
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actual AFM image that is of interest to the investigator.

Because AFM measurements

are a result of the interaction between the probe tip and the sample surface, they can be
very subjective, being highly sensitive to the probe tip employed in the scanning process.
Experimental data of AFM measurements of the mean radius of curvature of a high precision
diffraction grating (a characterizer) and a high aspect ratio feature similar to the cutting
edge of a blade is presented in Figure 5-21.

In Figure 5-2(a), the probe tip is artificially

aged in between data points by taking multiple scans to accelerate the wearing of the probe
which results in a dulling of the probe tip. For both the high aspect ratio feature and the
grating, we see an increase in the measured radius of curvature with the wearing down of
the probe tip, reflected indirectly by the scan number. In addition, significant deviations
can also be observed in the AFM measurements resulting from different probe tips, as is
evident in Figure 5-2(b).
To mitigate this effect, a reasonable course of action would be to reconstruct the sample
surface from the image data and then recalculate the surface parameters to get a more
precise (statistical) description of the profiled surface. However, such an approach may be
excessive in computational requirements and may be cumbersome, especially in industrial
applications e.g. in quality control of a precision manufacturing process. To this end, we
propose the use of correction tables for parametric correction of AFM data. As we are only
interested in correcting the parameter of interest rather than the topography of the AFM
image in such instances, we shall term the following procedure partial deconvolution.
By simulating the AFM scan using known probe tips and sample surfaces, we can
calculate parametric data from the resulting images.

We then vary the simulation for

different probe geometries and critical dimensions, say apical radius of curvature (to reflect
blunting due to prolonged probe wear or simply a bigger probe) and for parametric variations
of the same surface. Using the images obtained from the simulated scans, the deviation of
the calculated parametric value (using the AFM image) from the actual surface can then be
obtained and expressed in the form of a correction table. In this way, by characterizing the
probe after a scan, measurements from the AFM image can be 'calibrated' to an absolute
standard. Such a correction will aid in reducing the subjectivity of AFM measurements.
lused with permission from [13]

5.3. Partial Deconvolution

67

350

--

300 ---

250 -

Blade

-

-

-.-. - -

.

-.

-

200

150 --

---

- -- - - - *

Grating.

100

50

1

2

3

4

5

6

7

8

9

10

Scan number

(a)
300
*

- --

250 -

200

-4

-Blade
Tip 1
Tip 1 Aged-

150

-

.

- Tip 2 Aged
Tip2

100

-

-

Grating

50

(b)
Figure 5-2: Experimental data showing subjectivity of AFM measurements. (a) Plot of
mean radius of curvature with respect to scan number. (b) Plot of mean radius of curvature
with respect to probe tip.
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Figure 5-3: Stereo Imaging. (a) Original (and reconstructed) image. (b) New (and new
reconstructed) image from tilted sample. (c) Combining the reconstructed images. (d)
Final reconstructed image.

5.4

Stereo Imaging

Even though underscanning offers the best possible reconstruction of a sample surface,
recovery is nonetheless limited to areas that have been contacted by the probe. The only
way to reduce the size of the uncertainty map in the reconstructed image is to increase the
area of contact between the probe and sample. This can be achieved by multiple or stereo
AFM imaging.
By varying the relative angle between the probe and the sample (via tilting the sample),
we can increase the proportion of the surface contacted by the AFM probe.

We then

reconstruct the sample surface by underscanning both AFM images and align them along
prominent features (e.g. image peaks). Since the reconstructed sample profiles are always an
upper bound to the true sample profile irregardless of probe-sample angle, we can then take
the intersection (minimum envelop) of these separate reconstructions as the final corrected
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image. Figure 5-3 illustrates the procedure.
However, the main difficulty in this approach lies in the alignment of the images. In
general, a larger tilt angle will increase the area of the sample that is contacted by the probe.
However, when the tilt angle is excessive, the image peaks might not be distinguishable.
This is because tilting the sample only increases the contact area of the sides of high aspect
ratio features that are against the direction of motion of the probe, at the expense of losing
contact with the opposite side of the feature.

Hence, convolution effects may distort a

peak to the extent that it cannot be recognized and hence be unsuitable as an feature
for alignment. The most robust method for stereo imaging is to have precision hardware,
(especially the tilting stage) so that the tilt angle and center of tilt can be known accurately.
However, such equipment is often expensive and should be employed only when the surface
metrology of a sample must be known with the utmost precision.

5.5

Summary

In this chapter, we looked at issues pertaining to the implementation of the underscanning
and probe estimation schemes proposed in the preceding chapters. In addition, we introduced the concept of partial deconvolution whereby a correction table can be calculated
through simulation of the actual scanning process and used to effect open-loop correction
of common measurements. Finally, we discussed means of increasing the extent of reconstruction achievable using the underscanning method, specifically through stereo imaging
or the use of multiple images.

Chapter 6

Conclusions & Recommendations
In this thesis, we have looked at the mechanism of AFM image formation and examined
image convolution from both analytical and morphological perspectives. From this knowledge of image formation, deconvolution strategies were then discussed. We first looked at
deconvolution by Legendre transform and discussed its limitations. The method of underscanning the AFM image was then introduced and we showed how it led to the best possible
reconstruction of the profiled surface. The equivalence of underscanning to the morphological operation of erosion was then demonstrated and the advantages of the underscanning
perspective highlighted.
A necessary piece of information in the underscanning process is knowledge of the probe
tip geometry. Issues relating to probe estimation were then taken up and a simple procedure
for estimation of probes with singular peaks using only image data, minimum envelop
blind reconstruction, was then introduced. Additionally, more complicated procedures for
probes involving multiple peaks were also discussed. The accuracy of probe estimation using
minimum envelop blind reconstruction was then examined for varying surface characteristics
via simulation and the conditions for accurate probe reconstruction determined.
Practical considerations in implementing the probe estimation and underscanning procedure were then discussed.
derscanning were drawn out.

Specifically, strategies for determining the necessity of unIn addition, partial deconvolution strategies where AFM

measurement correction can be expedited were introduced. Finally, further improvements
in image accuracy via the use of stereo or multiple imaging were also mentioned.
70
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The main methodologies mentioned in this paper, namely underscanning and minimum
envelop blind reconstruction, can be easily implemented on any AFM platform and represents the best possible improvement in the accuracy of AFM images that can be achieved
with existing hardware. As such, it should be appropriately viewed as a tool to extract
maximum utility out of both present and future AFM hardware.
Further work to extend the results presented in this thesis include the development of a
software package for enhancing the fidelity of AFM images using the probe estimation and
deconvolution algorithms introduced. Packages utilizing the morphological algorithms of
Villarubia [33] are already present in the market. The advantages of using the algorithms
in this thesis are two-fold.

Firstly, the memory and computational requirements of the

underscanning and minimum envelop probe estimation procedures are significantly lower.
Secondly and more importantly, the underscanning procedure allows for 'real-time' recovery
of the reconstructed sample surface as opposed to the morphological scheme which require
the acquirement of the image before any deconvolution can be effected.
Another possible area of research would be to examine existing probe characterization
techniques augmented with the minimum envelop scheme to determine the optimal means
of probe reconstruction, both in terms of reconstruction fidelity and reduced probe degradation.
Finally, since the underscanning process will recover all points contacted by the probe,
it follows that for certain classes of samples, the fidelity of the reconstructed surface to
the original surface is relatively insensitive to probe size. In such instances, larger probes
especially those that have been coated with a protective layer such as diamond might be
employed.

This would increase the durability of the probes, particularly for industrial

applications where a longer probe life translates into shorter down times. Identification of
such applications would extend the utility of the results of this thesis.
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