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Abstract

In this work, algorithms for calibrating Magnetic Force Microscopy (MFM)
images were examined. It can be shown that the image calibration can be de-
termined from measurements on a well defined sample. Computer algorithms
were implemented and examined to calculate a so called Instrument Calibration
Function (ICF) of a cantilever. Moreover, methods were examined to recon-
struct the stray field of a measured sample from a MFM measurement with a

calibrated cantilever.
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1 Intro duction

Magnetic Force Microscopy is a relatively new technique to observe magne-
tization structures. It evolved from scanning force microscopy developed by
Binning, Quate and Gerber [1]. An ordinary cantilever used for scanning force
microscopy can be coated with a ferromagnetic material. Then the cantilever tip
can be magnetised under well defined conditions, and is then sensitive to mag-
netic stray fields. The first MFM measurements were made on ferromagnets
2, 3].

The advantages of the MFM technique compared to other types of magnetic
imaging, are a high spatial resolution and relatively low requirements for sam-
ple preparation. MFM can also be used to apply local fields to a sample and
investigate its response. The main disadvantage of MFM until now is the poor
definition of the measurement probe. Since the stray field of the cantilever tip
is not perfectly localized and it’s magnitude is not a priori known, it turns out
to be difficult to interpret the measured contrast.! This results in a limitation
of the image resolution, and it becomes more difficult to extract the absolute
magnetisation of a sample or the absolute field strength of its stray field. In
this thesis, it was tried to solve these problems by measuring the probe stray
field with the aid of a well defined sample, and to find mathematical methods
to extract the most information from the MFM force image.

In section 2 the main properties and the most important quantities in MFM
are discussed. There it is shown that the MFM measurement is a convolu-
tion of the stray field with a instrument dependent distribution, the Instrument
Calibration Function (ICF). Some well known methods of digital image restora-
tion to solve the deconvolution problem were investigated, which are discussed
in section 3. The general methods are tailored to the specific problem of re-
trieving an ICF in section 4. It turned out in section 5, that the investigated
methods are well suited to restore images with a well known convolution, but
unfortunately in this case it was not trivial to model the convolution from the
calibration samples that were used. On the one hand, this is due to mathemat-
ical problems, since one has to simultaneously find the deconvoluted image and
the convolution operator, on the other hand it could also be due to deviations
in the calibration measurements from the assumed properties. The resolution
of the restored images deteriorates, because much of the introduced restoration
error is blur. In appendix C a further method is outlined, which could improve
the overall quality of the restoration, but for which there was insufficient time
to implement. Important conclusions of this work are summarized in section 6.

1in scanning force microscopy, the same problem appearsin atomic resolution experiments,
with the di®erence, that the interaction is more localized and that one is only interested in
the resulting force and not in the corresponding electric charges [4].
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2 Principles of calibrated MFM measuremen ts

One of the problems in Magnetic Force Measurements (MFM) is, that the force
on a cantilevered magnetic tip is measured instead of the absolute magnetic
field strengths. This force depends on the tip magnetisation and on the sample
stray field simultaneously, therefore the knowledge about the strength of the tip
magnetisation and its shape is required if one wishes to interpret the force on
the tip.

In a experiment, the the force is not measured directly: In the static mea-
surement modes, one simply measures the z—deflection of the tip resulting from
the force. Thereby the z—position of the tip is continuously adjusted, so that
ideally the tip apex always stays within a plane parallel to the sample sur-
face at a given z—distance. The dynamic measurement modes are mode where
the change in the resonance frequency of the cantilever is measured. Several
schemes for detecting the resonance frequency are used: amplitude detection,
phase detection and phase locked loop detection (with and without amplitude
regulation) [5]. In these dynamic modes one does not measure the force, but
the force gradient. In MFM it is often preferable not to use z—adjustment to
measure in the usual constant force or constant frequency mode, because nor-
mally one is interested in the stray field in a well defined plane. Furthermore in
dynamic mode one does not measure the force, but actually the force gradient.

To investigate the force acting on the tip extensive calculations with the
involved magnetic fields are required. It turns out, that one can simplify those
calculations very much, if a proper coordinate system is introduced, and most
of the calculations are made in Fourier space. First we want to introduce a

Figure 2.1: A typical MFM configuration with coordinate system

coordinate system as shown in figure 2.1. We take the sample surface as Xy—
plane. We then let the y—axis point into the same direction as the projected
cantilever normal. As z—axis we just take the sample surface normal. Now if we
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have a function f (X; y) we can define the Fourier transform as

2

gk) =  g(r)el “Fdxdy (2.1a)
il
L 2

or) = 5z 9ke™Tdk.dk, ; (2.1b)

with r = (X;¥) and k = (k;;k,). The function g(k) in Fourier space has the
units of the spectral density of g(r). In accordance to general practice, the same
name and symbol will be used for quantities in direct space and in Fourier space
in spite of the different units. To distinguish between the two, the coordinates
(X;y) are used for dimensions in direct space, whereas (K;;Kk,) are used for
dimensions in Fourier space. Details about the numerical implementation of
discrete Fourier transform can be found in [6].

2.1 Calculating the force on the tip

The force on the tip results from the interaction between the sample stray field
and the tip magnetisation. We only give a brief discussion here, the formulas
and further details can be found in Appendix A and [7]. In the (k;z) space the
force on the tip can be formulated as

p!

F(k;z) =1oH(k;z) € "'V —Mj,, (k;2%dZ° (2.2)
il ’

=:1oH(k; 2)%;,(k) ;

with %, (k) the Fourier transform of a tip-equivalent surface charge, within a
plane parallel to the sample at the height of the tip apex.

The quantity measured by the experiment is either proportional to the force
F.(k) normal to the cantilever, or to its derivative -£F, (k), depending on if
one measures in static or dynamic mode. Therefore one has to take into account
the canting angle between the normals of the sample surface and the cantilever.
With n = (0;sin(l); cos(M)), with  the canting angle, one gets

iFn:n~VFn:n-V(n~F) : (2.3b)
dn

As is shown in appendix A.l in equation (A.4) for source free fields one can
write V(k) = (ikg;iky; —K), so that the nabla operator becomes an ordinary
function in the (k;z)-space. One can therefore easily unify the contribution
form the canting angle into an ordinary function

LCF(k;p) = —n-V(k)=k ; (2.4)

the Lever Canting Function that describes the effect of the canting angle of the
cantilever on the measurement. By substituting F with (2.2) and (A.5b) one
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gets
W v T
Fu(kiz) = - * 0%, (1) 1 H.(K)
1 0%, (k) LCF (ks H . (k; 2) (2.5a)
d ) —
o057 = (2 VIFa)
= —k' 0%;,(k) LCF(k; p)DZHZ(k; z): (2.5b)

One important aspect of the LCF is, that in the Fourier domain it is actually a
phase shift, so the remark after equation (3.2b) applies to the LCF. That means,
that one can remove the effect introduced by the cantilever canting simply by
dividing with the LCF in the Fourier domain. For more details on the lever
canting function see [7].

In our case, the stray field stems from a sample, that ideally has always
perpendicular magnetisation to its surface and is so thin, that the magnetisation
is homogenous through its thickness. As it is show in Appendix A.2, one can
calculate the stray field from the sample magnetisation M , (k)

H.(k;z) = sinh(k d=2)el **4/2M (k) : (2.6)

Finally one can summarize the factors before M, into the so called z—Field
Transfer Function HTF,, and get

H.(k;z) = HTF;(k;Z)M . (k) : (2.7)

2.2 The Instrument Calibrating Function

Now we combine all factors that depend only on instrument parameters into one
function, called the Instrument Calibration Function (ICF). The ICF describes
the relation between sample stray field (or its derivative) and measured quantity.
The ICF can directly be determined by calibration measurements, while %;, can
only be determined if one knows the canting angle and additional mechanical
properties of the cantilever. Therefore it is especially useful to use the ICF to
describe the imaging properties of the instrument.

For each measurement mode, a different ICF must be defined, so we index
each ICF with the pair of variables we want to interrelate. The quantity which is
directly measured in static mode is simply the cantilever deflection 2, in dynamic
mode it is frequency and phase shift Af and AA. Thus at least the following
functions can be defined:

(19 = 0%, (K) LCF (ki H. (K — ICFS, (WH-(K)  (2.83)
AF (09 = 22K 09,00 LORGG ) “H. () = TOFS (OH.()  (20)

02

Q (k)£LCF(k; W “H.(k)

AA(k) = akl O%?ip

ICF3,% (K)H . (k) ; (2.8¢)

where €y, corresponds to the cantilever spring constant, fo to the cantilever
resonance frequency and Q to the cantilever’s Q-factor.



3 Numerical metho ds for image deconvolution

3.1 General aspects of image deconvolution

Usually in a physical measurement, there are multiple sources of measurement
errors. In a complex imaging system, one can roughly distinguish the errors
into two categories. One contribution of errors comes from the process of image
formation while the other contribution comes from the recording process. The
error from the recording process is due to noise or a nonlinearity. The error
from image formation, can be blurring or a convolution of the original object.
If the principle of superposition holds for the image formation, one can describe
the image as the sum over the images of individual points. The image of such a
single point (without noise) is called the Point Spread Function (PSF), because
it describes how a single point object source is spread across the resulting image.
In the most general case, the PSF can vary in space. Then the image without
noise h is described by

2
hr)=  %r%r)g(r®dx%y°: (3.1)
i1
with the Point Spread Function %and the Object §. If %is invariant in space,
the image becomes a convolution of the Point Spread Function and the Object

0.

h=%xg; (3.2a)
which is equivalent to?

h(k) = %k)g(k) : (3.2b)

The connection between the equations (3.2b) and (2.8) is obvious: The ICF
from section 2.2 corresponds to the Point Spread Function. If one adds the
noise contribution h, the formula for the recorded noisy image h becomes

h(k) = %k)g(k) + th(k) : (3.3)

Generally, given a noisy image h, we denote the image without noise by h and
the noise term by #h, where +h = h—h. The task of image restoration is now, to
restore as much information as possible from the original object g from the noisy
image h. To describe this image restoration operation, we simply introduce the
deconvolution operator D with the properties

g=Dh;~q; (3.4)

where g is the restored object. If the deconvolution operator is a simple division,
one derives with (3.3)

a(k) = D(h3% = g = a9+ ) = 69210 (35)

where g is the restoration error, e.g. the deviation of g from g. If g = th=%is
negligible, then g is a valid approximation of g. This Method is called inverse

2This equivalence is know as the convolution theorem
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filtering. An example of a image restored by inverse filtering is given in figure
3.1. In many cases, for example in the case of gaussian blurr [8], Y2is rapidly
decreasing at higher frequencies. This results in an amplification of the higher
frequency components in the Fourier space. If the image frequency decreases
more rapidly than the noise at higher frequencies, the overall signal to noise
ratio will decrease, because most of the amplification will affect the noise and
not the image (this effect is clearly visible in figure 3.1). Moreover, the result
of the division may not be defined everywhere, or we can have computational
overflow problems, when Y2goes to zero.

Although normally the term *h=%in (3.5) is not negligible, since often the
ratio from signal to noise decreases dramatically at high frequencies, there is an
exception for imaging processes for which the PSF Ysresults only a phase shift
of the fourier components, so that there is actually no amplitude amplification
in fourier space. In this case we can use (3.5) without any drawbacks. The LCF
is an (approximate) example of such a PSF, if [ is small.

To estimate the error introduced by the deconvolution we can limit the error
in the restored image with the inequalities

[£h (k)]

IFg())ll < =~ and [[h(k)[| < Y2uaz[l9(k)] (3.6)
?I’LZTL

from which it follows

[F9ED _ Yonaw  [[Fh(]]

< : ; 3.7
6091 = o THCK] &7
where the L-norm || || is defined as
S
%
gl == lg(x;y)[>dxdy (3:8)

and Y%,in and Y%,4. describe the minimum and maximum of the absolute value
of %2 The fraction ® := % is called condition number of the problem. It
describes the ratio between the minimal and maximal amplitude amplification
in the fourier domain. If ®1is large, the problem is said to be ill conditioned, and
additional information must be available or guessed to solve it. In the following
subsections, we will introduce several methods to solve such problems.

To estimate the size of the image error we introduce a measurement for the
relative difference between two images, h and h the relative rms error (RRE),
which is defined as

RED

[[hl]
To measure the overall noise amplification, we introduce the signal-to-noise ratio
(SNR) which is defined by

RRE(h; th) : where h=h-th: (3.9)

variance of noiseless image

SNR = 10log;q (dB) (3.10a)

variance of noise

and can be estimated by

£ o]
SNR(h; #h) = —20log;; RRE(h; h) (dB): (3.10b)
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In the case of synthetic data, where the undistorted object g and the undis-
torted image h is available, we can measure the improvement introduced by the
restoration process by the Mean Square Error Improvement Factor (MSEIF)
defined by

i ¢
MSEIF ' h; h; g;2g := SNR(g; 2g)—SNR(h; th) : (3.11)

A negative MSEIF implies a degradation of the quality of the image.

Figure 3.1: (a) a synthetic noisy image with SNR, 20dB. (b) The corresponding
restored image, restored with the inverse filtering method, with a MSEIF of
-24.6

As we have seen briefly, in most cases it is not possible to find an acceptable
solution of the deconvolution Problem in Equation (3.2b) by a simple division.
We therefore describe here a choice of more advanced methods for image decon-
volution. Most of the methods we mention here are described extensively in [8].
A good explanation of Wiener Filtering is found in [9)].

3.2 Inverse Filtering

Our starting point was the formula (3.5), namely

a(k) — 290k = 30 — ) (312)
SRL (3.13)

Obviously, the division by %2poses some subtle problems. One of the problems
is the existence of a solution of (3.13), the other problem is the amplification
of the noise at small values of ¥2 We say that Y2is bandlimited if, in the fourier
domain, it differs from zero only within a bounded region. This region is also
called the support of %2 If the function %2is bandlimited, the solution is not
unique. Due to (3.2b), all those parts of the spectrum of the object g which lie
outside of the support of Y2are not visible in the image h. If the value of h is
different from zero outside the support of ¥2 this can only be due to the noise
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term #+h=% because h in (3.2b) has the same support as Yper definition. If we
multiply equation (3.13) with |Y4?, we get

[4k)[Pg(k) = ¥ (k)h(k)) : (3.14)

This equation has the same solution as (3.13) within the support of ¥2 while
when Y= 0 is identically satisfied and g(k) is arbitrary. It is actually the Euler
equation of the variational problem

I”2g— h|| = minimum (3.15)

and therefore its solutions are the objects which provide the best approximation
of the given image h. Any function g which solves this minimization problem
is also called a least-squares solution. If we do not have additional information
on the object, it can be reasonable to consider the unique least-squares solution
which is zero outside the support of %2 called the generalized solution

(
% inside the support of %2

a(k) = (3.16)

0 outside the support of %2

3.3 Approximate Solutions

The brief analysis of section 3.1 and of the previous subsection has shown that
the solution (or generalized solution) of the problem may be completely cor-
rupted by noise and therefore deprived of physical meaning. It should be clear,
however, that the image h must contain some information about the object g
and therefore that it must be possible to find some estimate g better than h
itself. It should also be clear that, to make some progress in this direction, one
must modify the concept of solution of the problem. A first step in this direction
is the least-squares solution and the generalized solution. However this step is
not sufficient, because the generalized solution can also be numerically unstable.
The only way is to look for solutions which reproduce only approximately the
noisy image. Actually the true object g is such an approximate solution, since,
because of the noise, it does not reproduce the noisy image h exactly but only
within the noise term #h. We introduce the discrepancy of the solution g°

“2(gh) = [vg-h|P: (3.17)

The point now is to understand the structure of the set of all approximate
solutions compatible with the noisy image within a given noise level. Let us
assume that we know an estimate "3 of the absolute rms-error affecting the
noisy image h. Under these conditions, the set of all approximate solutions
compatible with the noisy image is the set of all objects g with

[2g- h||* <" (3.18)

If "§ is a reliable estimate then it is obvious that both the true object g and the
unphysical solution, discussed in the previous section, belong to this set, which
therefore contains completely different elements. As a consequence, we expect

3In practiﬁe; to avoid computational over°ow, we use the rms value, which is dened as
rms(f) = 1/ Akfk where A denotes the area of the image.
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that this set is extremely large. For the sake of simplicity we consider the 1D
case assuming that %is different from zero everywhere. If we expand (3.18) with
the definition (3.8) of || || and consider a discrete image, e.g. we substitute the
integral with a sum, we get

1 Xt 2
o G hal? < (319)
m=0
or also
- L _
X 1A‘j/?n|2. - o=
I — —— < 1: 3.20
o N W 020

This inequality defines the set of interior points of an N -dimensional ellipsoid
whose center is the generalized solution g and whose half-axes have lengths

VN

Y|

a, = (3.21)

The ratio between the maximum half-axis and the minimum half-axis of the
ellipsoid is precisely the condition number introduced in section 3.1. As we

A A

v
v

image plane object plane
(a) (b)

Figure 3.2: A simplified 2D view of (a) the set of images within a given noise
level, (b) the corresponding set of objects.

see in figure 3.2, this set is too broad and it is hopeless to extract a useful
estimate of g from it without using additional information. Therefore we need
to use constraints in the solution space, to describe acceptable solutions. This
additional information is usually called a priori information and, in a more or
less explicit form, is the basic principle on which all inversion methods rely. We
briefly give some examples of constraints that are used frequently

e The ’total energy’ of the solution is less than a given value E?
z
lgli® = lg(k)[*dk,dk, < E?: (3.22)
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e The derivative up to a certain order D("” g satisfies some prescribed bound

2
N & >
oD(n) go _ —D(") g_ dkwdky 1< E2 (323)

(@)}

v

N

Figure 3.3: Schematic view of the solution space with the constraint E? from
equation (3.22). Only the objects within the shaded region are possible solu-
tions.

An important feature of the used constraints is, that the corresponding sets are
closed and convex. A basic property of a closed and convex set C in a space
of functions with scalar product is that, given an arbitrary element g of the
space, there exists a unique element gc of C which has a minimal distance from
0. This element is called the convex projection of g onto C. If we know that the
solution of the problem must belong to some closed and convex set C, it is quite
natural to look, among all possible objects satisfying this condition, for that
or those which minimize the discrepancy, i.e. for the solutions of the following
constrained problem

|I¥2g-h|| = minimum; geC: (3.24)

Any solution of this problem is called a constrained least-squares solution.

3.4 Regularization methods

The basic idea of regularization consists of considering a family of approximate
solutions depending on a positive parameter ! called the reqularization param-
eter. The main property is that, in the case of noise-free data, the functions of
the family converge to the exact solution of the problem when the regularization
parameter tends to zero. In the case of noisy data one can obtain an optimal
approximation of the exact solution for a non-zero value of the regularization
parameter.

3.4.1 Least-squares solutions with prescribed Energy

If we consider the constraint from equation (3.22), that the total Energy of the

image be within a maximum value E2, ., we can look for the minimum of "2

"2(g;h) = |[%2g-h||? = minimum (3.25)
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under the condition that

E*(g) = lgl* <E;

max *

(3.26)

We assume that the generalized solution does not lie within the given energy
constraint. Because the generalized solution minimizes "?, and "2 increases
towards the surface of the ellipsoid, we can conclude that "? will be smallest on
the surface of the energy ball. If we replace the condition (3.26) by an equation

e(g;h) =8niny
e(g ;h) >emn
>
A4
Figure 3.4: The minimum of the discrepancy "? is reached on the surface of the
E?2 ball.
E2(g) = E2,,,, we can solve the variational problem by means of the method of

Lagrange multipliers. According to this method we introduce a functional which
is a linear combination of the functional to be minimized and of the functional
expressing the constraint

®,,(g:h) ="2(g;h)+2E *(9) = |[Veg-h[*+* [|g||* : (3:27)
As is shown in appendix B, the solution g, which minimized this functional is

2 (k)
ky= ———— : 3.28
gﬂ( ) |1/ék)|2 + 1 ( ) ( )
This method of image deconvolution, using equation (3.28), is often termed
Tikhonov regularization. If we use artificial data, we can minimize RRE(g; #g)
and calculate the best value for * for a given image class at a given noise level.

3.4.2 Lowpass method

Another, very simple method consists of applying a simple filter with some
parameter. If we know the noise amplification in the fourier domain, we can
shape the filter accordingly. If the Filter corresponds to the identity operation
at a certain parameter, then this is a regularization method too. Among other
methods, we used this simple method in calculating the ICF. We used a lowpass
filter according to the Formula

g(k) = £(K) (3.29)

k)
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with the lowpass filter function
i 3¢
L(k):=exp —(%k)° : (3.30)
This method has the advantage, that the resolution of the restored image is
known, since it is determined by the value of the regularization parameter.

3.4.3 Other regularization methods

There are a number of other frequently used function families used in regular-
ization, and we want to briefly show one additional important result here. If we
apply the constraint (3.23) to the partial derivatives of g up to the second order,
and use the method of lagrange multipliers, we get for the functional (3.27)

X 2
®,(g;h) = [%g-h[?+*  (9); (3.31)
where
o o2 o o2 o o 02
2 2 o@o 0@0 0@90
= +az0o—o + o——o +agpo—50° +
(9) := aollgl @& T @ &z

° ° ° ° (3.32)
s @ge’ g © @g o°

g T e
Then because of @(r)=@; ¥ ik;g(k), the fourier transform of (3.32) is just

x Z
2 )
(9= Pk gk) " dk.dk, : (3.33)

+

with
P (k) == ap+a,k2+ayka+a,,ki+ay,, k) +2a,,k2K> : (3.34)

The Parameters a; and a&;; must be chosen empirically. In the implemented
algorithms we unified &g, 8, = &, = a1 and a,, = ayy = 85y = a». As is show
in appendix B the solution g,, that minimizes the functional 3.31 is

18 (k)

gu(k) = AOE+ P (K (3.35)
3.5 Landweber method
If we start with equation (3.14)

g =1h ; (3.36)
we can introduce the operator

T(H) =1 +¢ 48— g (3.37)

where ¢ is the so-called relazation parameter. Any solution to (3.36) is also a
fized point of the operator T and conversely, i.e. equation (3.36) is equivalent
to the following fixed point equation

g=T(9): (3.38)
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If the operator T is a contracting operator, i.e.

IT(@) < |lg]l Vg but the fixed point, where (3.38) holds ; (3.39)
then the series

Gt = T(g) = G+ ¥h — \%zgk¢ (3.40)

will converge to the fixed point of T. It is easy to show that the explicit formula
for gy is

0.0) = 1 — PO o+ 11— gk 2 Bé(llz; /

(3.41)

where Qg is the initial g of the series. The limit of this series for kK — oo exist if
- k)P <1 (3.42)

from where we can derive

2
0< ¢< ——= 3.43
¢ JwP (3:43)
Those are the bounds for the choice of the relaxation parameter. In this case,
the limit of gy is

(

lim ge(k) = h(k)=%k) Vk where ¥k) # 0 (3.44)

kil 0o(k) Vk where %4k) = 0
In practice, with our data, the relative rms error RRE(g; 2g) has a minimum
at k—values smaller than k =~ 100. With greater k—values, the RRE increases
again, and the series converges towards the generalized solution, which has a
minimal "2. With respect to the minimum of the RRE(g; 2g), the series is said
to be semi-convergent.

One important advantage of the Landweber method is, that it is very easy to
implement additional convex constraints on the image. We simply can project g
in each step onto the convex constraint set C with the corresponding projection
operator Pc. This results in

i ¢
Or+1 = Pc T(gr) : (3.45)

For example, if we know that the values of the result must lie within a given
bound, we can transform g (k) to gi(r), apply the limit and transform back to
Pc(gr). This method is also called the projected Landweber method. Of course
in the case of the projected method, we cannot use the explicit formula (3.41)
anymore, and we have to use the iterative formula (3.40). Also the condition
(3.43) is no longer valid, as larger values of ¢, may also lead to convergence.

3.6 Conjugated Gradient method

The conjugate gradient method is a general numerical method to find minima
in multidimensions, used also for other applications than image processing. In
contrast to some other numerical optimization algorithms, this method uses not
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only the function value itself but also the gradient information of the functional
that it has to minimize. Suppose we have a functional ®, which in the vicinity
of the minimum can be approximated as a quadratic form

®(g) ~ c—(b;g)+ %(g: Ag); (3.46)

where (;) den%tes the scalar product which is defined by
(g;h) = 9(k)h®(k)dk,dk, : (3.47)

A not so good way of finding the minimum of the functional is to just approach
it in the direction of its steepest descent, i.e. the gradient, until we reach the
minimum in this direction. The problem of this approach is, that if we are at
the minimum of a straight path, then the new gradient is always perpendicular
to the old path (see figure 3.5). So if we have to pass through a long narrow
valley, it takes many steps, especially in many dimensions, until the minimum is
reached. Therefore the normal gradient is not such a good choice for descending
the valley towards the minimum. Instead it is more advantageous to descend

Figure 3.5: The steepest descent method has the drawback, that it takes a lot
of small steps to approach the minimum of a long narrow valley.

in the direction of the conjugate gradient. The origin of the name conjugate
gradient resides in the following definition: given two vectors, g and h, they are
said to be conjugate with respect to the operator A or also A—orthogonal if

(g;Ah) =0: (3.48)

Given a level surface of the functional and a point of this surface, the direction of
the conjugate gradient at this point is the direction A—orthogonal to the tangent
plane. It can be shown that this direction always points towards the center of
the ellipsoid. This method obviously converges much faster than the steepest
descent method, in fact in two dimensions, if the function is exactly of the form
(3.46), it only takes one line minimization®. We omit the further derivation of
the results of the conjugate gradient method, as this topic is treated in many
textbooks on numerical analysis, such as [6], [9] and [8]. In the special case
where we take as functional

o(g) = [[¥2Rg—h]| (3.49)

where Py is the projection operator onto the subspace of all linear combinations

of B8h, [Y%h, [A2h, i .. |%4F1 118h, we get a series gy,
Go(k) =0 (3.50a)
Oe+1 (k) = G (k) + ®upr(k) ; (3.50b)

4A line minimization is a one dimensional minima search along a given straight path.
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Figure 3.6: The conjugate gradient q always points to the center of the ellipsoid
defined by the operator A, whereas the normal gradient r is perpendicular to
the tangent v.

with
fo(k) = po(k) = Y& (k)h(k) (3.50¢)
Ir 1 () |2
— o (3.50d)
14K)| pe (k)|
(et (K) = 1 (k) — @ |¥4K)[2py (K) (3.50¢)
— Ires (W)
ST E (3500
Pr+1 (K) = rg+s (k) + xpr(k) (3.50g)

In practice, as the Landweber method, this series is only semi-convergent to
the minimum of the RRE, i.e. after a certain number of iterations, a minimum
of the RRE, and after that the series does not converge to this minimum any
further.

3.7 Calibrating Af with a constant factor

One other method remains, namely that we just take the original image and
multiply it by a constant. If the resolution of the instrument is reasonably well,
the other methods have to be compared against this most basic one. We can
include this method in our ordinary proceeding. Instead of restoring an image by
deconvolving with an ICF, we merely divide Af with a proportionality constant
®. Note that the proportionality constant is not simply the rms value of the
ICF. This is because if we assume that Af and H, are proportional by a factor
® we have

Af =® - H, = @ - |H.|?> = |Af ||> = || ICF *H.|]?: (3.51a)

With the Parseval’s theorem it follows that

o o o o o

| ICF %H. |2 = ° ICF(k)-H.(k)°* # ° ICF(k)° > "H. (k) % ; (3.51b)
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and therefore
® #£ || ICF|?: (3.51c)
Instead the constant ® must be separately calculated by

_ IH:

®= ;
[AF]

(3.52)

If only the information about the ICF is available, ® can still be approximated
by one of the other methods. From (3.52) we can derive

° D(Af;ICF)”

® =
(gl

(3.53)
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4 Calibration of MFM measuremen ts

4.1 Methods for measuring the Instrument Calibrating
Function

In our case we have rather accurate information about the geometrical shape
of an individual cantilever tip, but on the other hand we have no exact infor-
mation on the magnetisation thereof. So we can only very roughly formulate a
theoretical model, from our knowledge of My;,, for a corresponding Instrument
Calibrating Function, which we could use to calculate the stray field or the
magnetisation pattern with. So we will take another approach which is more
promising. We don’t need to know the ICF, if we know the exact magnetisation
of the sample instead. We then measure the ICF with a well defined sample
stray field, instead of measuring a stray field with a well known probe tip mag-
netisation. Now the problem is shifted into finding a sample with well defined
magnetic properties.

In our approach we use thin Cu/Ni/Cu-Layers [10] , which always have
a magnetisation perpendicular to the layer surface, with a magnitude of the
saturation magnetisation. Another possibility would be small magnetic balls of
a well defined size and magnetisation.

Figure 4.1: (a, b) An uncalibrated stray field measurement of a Cu/Ni/Cu-Layer
sample whose magnetisation is always perpendicular to the surface, which is
reflected also in their histogram (c).

With the Cu/Ni/Cu-Layer samples we still have no absolute knowledge
about the sample stray field, but we at least know that it is created by a up-down
magnetisation pattern with ideally no intermediate values of the magnetisation
between the two saturation levels. The saturation level is simply the saturation
magnetisation of the corresponding material which can be measured. But still
we cannot determine the exact shape of the pattern, without further effort. To
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do this, we would actually need to know the ICF.

4.2 Estimation of the sample magnetisation pattern

According to equations (2.8) we can describe the measured data, for example
Af | as

Af (k) = ICF}, (k)H. (k) : (4.1)

Together with (2.7)

H.(k;z) = HTF,(k;z)-M . (k) ; (4.2)
we have
Af (k) = ICF}/ (k) -HTF,(k; 2)-M . (k) : (4.3)

In the above formula (4.3) we need to know the z—distance between the sample
and the measurement plane. A simple technique to measure this distance is just
to let the cantilever tip slowly touch the sample surface, so that the distance
can be determined from the z—piezo position.

As a first approach, we can initially assume a +-distribution for the product
ICF « HTF, in the space domain. Then, in the fourier domain, the product
simply is a constant. This way Af (k) and M, (k) get proportional to each
other. Now, if we model the magnetisation by a up-down magnetisation, i.e.
we say that there must be only two different magnetisation values, we can
simply set a threshold level in the measured image, in the middle of the two
histogram peaks of figure 4.1 (¢). The values above and below the threshold
can then be assumed to be of the magnitude of the saturation magnetisation
of the used sample material. In practice, Af (k) is not symmetric in r because

Figure 4.2: Applying a simple threshold level to the measured image. The
magnitude of the image (b) is set to the saturation magnetisation M. As can
be seen, small domain structures and features get lost, as they do not fall below
the threshold value because of them being smeared out.

of the asymmetric alignment of the cantilever with respect to the sample(lever
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canting). This effect is described by the LCF from equation (2.5). To remove
the effect of the lever canting we can use inverse filtering with the LCF, as
discussed in section 3.1.

As we will see later, this approach poses problems, because our estimation of
the ICF is only as good, as our knowledge about the sample magnetisation. The
small errors introduced in the modeling of the sample magnetisation introduce
an unwanted blur contribution in the ICF. On the other hand, if we look for
a more advanced method for modeling the sample magnetisation, we need to
improve the x-approach, which means that we should include more a priori
knowledge about the ICF. But again the ICF completely depends on the sample
model. Therefore, the best approach is to look for a functional minimization
algorithm, that uses a priori information both about the ICF and the sample
magnetisation.

4.3 Calculation of the Instrument calibration function

Suppose for the moment, that we know the exact magnetisation of the Sample.
If we compare (4.3) with (3.3)

h(k) = ¥k)g(k) +2h(k) ; (4.4)

we can see a direct correspondence, namely

Af (k) £ h(k) (4.5a)
ICF} (k) b g(k) (4.5b)
HTF,(k;z) - M, (k) b %k) (4.5¢)

Now we can use one of the deconvolution methods discussed in section 3 to solve
ICquic = D(Af; HTF; «*M ). We define the overall operator that estimates an
ICF from Af by

P ¢
ICFSf =B Af (4.6)

We used artificial data, to determine the best parameters for the deconvolution,
such as to minimize the overall RRE error.

4.3.1 Inverse Filtering with non-linear Curve Fitting

Since we can say, that the ICF has to be rather smooth, and decays with a
certain rate, our a priori information about the ICF is not used very well in the
methods described in section 3. If we have a rather accurate theoretical model
for the ICF function with a small amount of model parameters, we could try to fit
our model to the Inverse Filtering solution as another approach to find the ICF.
Usually one would use for example a Marquardt non-linear fitting algorithm or
if our model is a rational function, a Chebyshev approximation as described
in [6]. In PV-WAVE, there are simple Library functions for curvefitting, e.g.
CURVEFI®r NLINSQWe then would take the Inverse Filtering result

J— Af .
~ HTF, (k) M. (k)

ICF (k) (4.7)
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and fit an appropriate model function to it. We don’t believe that this method
per se is very promising, because to model the ICF accurately a rather compli-
cated model would be required. However, this method can be combined with
the other methods,If we examine this approach more closely, it seems that also
this method is rather limited, since we would need many parameters to really
model the ICF accurately.

4.3.2 Calculate the ICF by minimizing a tailored functional

The algorithm for the estimation of the sample magnetisation discussed in sec-
tion 4.2, is very limited, because it assumes a *-distribution for the product
ICF %« HTF,, which is not the case in reality. A better approach is to directly
adapt the tikhonov algorithm to take into account both a priori information
about the ICF and the sample magnetisation. We can start with equation
(3.31), substitute the variables and derive

. 55 X 26 ®
®(ICF;M,) = ICF«+HTF,*«M ,—Af “"41 ICF : (4.8)
Now we add an additional functional, that gets minimal when the constraint on
the sample magnetisation is best fulfilled, say Q[M ,]. The functional then is of
the following form

O(ICF;M,) = ° ICF « HTF, M, — Af °?
P X 2£ = £ o (4.9)
+1 a5 ICF +aqQ M. ;

where ag and ag are coefficients that have to be determined empirically.

Because our time was to short, we could not develop a usable algorithm
following this approach, although it would be the most promising, since as we
will seen in Figure 5.9 the model error contributes about 35% to the overall error
at a SNR of 20 dB. However we included our yet unfinished line of thoughts
in the Appendix C. Basically the idea is to introduce a functional as in the
tikhonov method, and include a priori information about the magnetisation
pattern.

4.4 Calibrating stray field images

The approach for calculating the stray field or the sample z—magnetisation from
given Af and ICFE{ is straightforward. We can directly start with equations
(4.4)

h(k) = %k)g(k) ++h(k) ; (4.10)
and (4.3)
Af (k) = ICF}/ (k) HTF,(k; z)-M .. (k) = ICF},/ -H. (k) : (4.11)
with the correspondences
Af (k) B h(k) (4.12a)
I CFy/ (k) b %k) (4.12b)

H.(k) B gk); (4.12¢)
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to calculate the stray field H,. Now we only need to apply one of the methods
of section 3. We used artificial data, to determine the best parameters for the
deconvolution, such as to minimize the overall RRE error.

We also might try to reconstruct the sample magnetisation, but as it is
obvious from equation (A.11) this magnitude cannot be determined, instead
the most we can do is to reconstruct the factor

o 1
—ik .=k
I(/lsample = @ _iky:k A M(k) . (413)
1

In the special case, where the magnetisation is always perpendicular to the sam-
ple surface, i.e. M(k) = M, (k), this corresponds to the sample magnetisation.

We can calculate sample DY applying one of the deconvolution methods with
the correspondences

Af (k) & h(k) (4.14a)

| CFy/ (k) - HTF,(k; 2) b %k) (4.14D)

M. (k) & g(k): (4.14c¢)
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5 Results

5.1 Error contributions

It is very instructive, to examine the different error contributions more closely.
In section 3 we treated the theoretical minimization of the errors introduced
by noisy data and of the error inherent to the deconvolution method due to
the filtering process, which cannot be minimized independently, as changing the
parameters of the deconvolution procedure changes both simultaneously. The
initial error of the function we deconvolve with is an additional error source, in
both deconvolution processes we examined. Furthermore, the error in the ICF
is largely influenced by the error of the estimation of the magnetisation pattern.
To be able to compare errors, we use the RRE

lsn|
E(h: +h) = =_— " 1
RRE(: ) = =507 = Ty (5-1)

given an image h and its absolute error +h, introduced in section 3.1. We will
also use the MSEIF, but the MSEIF is only suited to measure the overall error
during the restoration of an image. We now can measure errors for different
methods and noise levels. To estimate the errors, we have to use artificial
images, where we have the original sources at hand. As artificial noise, we use
white gaussian noise.

5.1.1 Errors inherent to the deconvolution methods

We first treat the case where we calculate an ICF. To estimate the error inherent
to the calculation method, we use an artificial sample, characterized by its
magnetisation M, and the z—transfer function HTF,, and an artificial ICF.
With this we can simulate an image h without noise and h with noise. Now we
apply one of the deconvolution methods to h and get a calculated ICF® with
noise. Additionally we apply the deconvolution with the same parameters to h
and get a calculated ICF without noise. We summarize

H.=HTF; *M. (52&)
h=ICF xH, (5.2b)
h=h+#h (5.2¢)

ICF°=D(h;H.) (5.2d)

ICF = D(h;H.) D with the same parameters as in (5.2d) : (5.2¢)
Now we can define

+ICFpoise 1= ICFO—ICF’ (5.3a)

+ICFper = ICF — ICF (5.3b)

+ICFtal = ICF°— ICF = 2ICFpise +2ICF e : (5.3¢)
For the corresponding RRE’s we have
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As we see, in the general case, the individual relative rms errors are not additive.
If we analyze the errors in the space domain where we have only real quanti-
ties, we see, that this is of course because the different error contributions may
nullify each other. Nevertheless we can use the them to estimate the relative
contribution of the error terms to the overall error.  We plotted the results
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Figure 5.1: Total RRE errors of a reconstructed ICF at different noise levels
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Figure 5.2: RRE contributions relative to the total RRE error of a reconstructed
ICF at different noise levels

of this calculations in figure 5.1 and 5.2. It turned out, that over the whole
noise range the simple lowpass method performed considerably better than the
tikhonov method and the conjugate gradient method.

The same formulas of course apply also for H,. Now we take a known ICF
and an artificial stray field H,. Again, we simulate an image h without noise
and an image h with noise. By applying one of the deconvolution methods we

=0
get the stray fields H, and H?. We can summarize

h=1ICF xH, (5.5a)
h=h+th (5.5b)
H? = D(h;ICF) (5.5¢)
ﬁg =D(h;ICF) D with the same parameters as in (5.5¢) ; (5.5d)
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and
4. noise 1= HO— H (5.6a)
4H, fer = Ho —H. (5.6D)
—0
tH . total (= H, —H, =1H, noise +£H fter (5.6¢)

The results are shown in figure 5.3. In figure 5.5 we show the restored H? at
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Figure 5.3: Total RRE errors of a reconstructed H? at different noise levels

100
90 | L+
S 80 A —+— tikhonov noise
S 704 ’ —o— tikhonov filter
E gg ] — —+— gradient noise
g e — ©— gradient filter
S a9 . - - =+ - - lowpass noise
% 20 - O -- O - - lowpassfilter
10 o
0
32 26 20 14 7.96
SNR [dB]

Figure 5.4: RRE contributions relative to the total RRE error of a reconstructed
HO at different noise levels

a very high SNR of 8 dB, so that the artifacts of the different method are well
visible. In the actual experiment we had signal to noise ratios of about 20 dB.
The H ,—grayscales of the images are not identical. The images were calculated
out of a Af image with SNR 8 dB, but to be able to compare the results with
the original, in image a) the original H . is plotted also with a SNR of 8 dB.
It can be seen, that tikhonov and conj. gradient perform nearly equally well,
whereas the Landweber method falls somewhat short. As expected, the division
method is not usable in this case, whereas the lowpass method RRE increases
at higher signal to noise rates. The Landweber method was not plotted in figure
5.3, because the Landweber method is a slow method and we did not calculate
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optimal results for all noise levels. Furthermore it’s error was around 70% for
all noise levels and therefore this method was barely usable.

Figure 5.5: a) original H, with noise, SNR 8 (dB). reconstructed images H%: b)
inverse filtering, MSEIF -26 (dB); ¢) Tikhonov, MSEIF -2.2; d) conj. gradient,
MSEIF -1.5 (dB); e) lowpass, MSEIF -7.4; f) Landweber, MSEIF -8.2. To show
the effects of the different methods, the calculation has been made with a high
noise level of SNR 8 dB.

5.1.2 Magnetization pattern estimation error contribution

It turns out, that the most important source of error is the systematic error
introduced by the insufficiency accurate estimation of the initial magnetisation
pattern. Because this is a systematic error, it cannot be reduced by mere statis-
tics, whereas the noise contribution discussed in section 5.1.1 can be reduced
with statistics. To estimate the contribution of this error, we again use artificial
data. We start with M, and ICF. As before, we simulate h and h and calculate
ICF° and IC_FO, as in (5.2). Now we additionally apply the method for estimat-
ing an ICF from a given image h and h and get ICF®and IC_FOOrespectively.
We get

ICF®:= B(h) (5.7a)
ICF”:= B(h) ; (5.7b)

where P is defined in (4.6), and

+ICFpoise 1= ICFO—ICF " (5.8a)
iICFpattern = IC_FOO_ IC_FO (5-8b)
+ICF e := ICF — ICF (5.8¢)

+ICFtal := ICF?— ICF = +1CFpgise ++ICFpattern +2I1CF rer
(5.8d)

The results are shown in the figures 5.6 and 5.7.
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Figure 5.6: Total RRE errors of a reconstructed ICF®at different noise levels
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Figure 5.7: RRE contributions relative to the total RRE error of a reconstructed
ICF%at different noise levels

5.1.3 ICF error contribution

Now we want to analyze the overall error made in our whole procedure. Agaig
we start with M, o and ICF. We proceed as before and calculate ICF ° ICF,

ICF®and IC—FOO as in section 5.1.2. This time, however, we only use the one
method, which minimizes the error. To make sure, that the introduced model
errors in the ICF’s do show up, we need to make statistics with the ICF’s, i.e.
we need to make several measurements and take the average ICF’s. Otherwise
the ICF’s will adapt to the best solution which solves the individual inaccurate
problem, which means that while we can have a big error in the ICF, the ICF
is such that it will compensate the model error in the magnetisation, so that
the stray field H °will only have a small error. With those ICF’s we then can
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calculate the corresponding stray fields. We then get

H.,=HTF; *M z,0 (59&)
H? = D(h;ICFY) (5.9b)
ﬁg =D(h ;ICiFO) D with the same parameters as in (5.9b) (5.9¢)
H = D(h; 1CF (5.9d)
WSO: D(h ;IC—F03 D with the same parameters as in (5.9d) (5.9¢)
(5.9f)
and
*H, noise :=H SO* ﬁ(z)o (5.10a)
—00 —0

*H ., pattem :=H, —H, (5.10Db)
in,'lter = ﬁg —H, (510C)
. tota = H 20_ H, = #H; noise + *H z,pattern 1 *H, er - (5-10d)

To estimate the improvement we could make if we improved the algorithm to
calculate the ICF to avoid the modeling error at all, we also investigate the best
possible error that can be achieved by such an improvement

*H , optimal = HS_ H.: (5.11)

The results are shown in the figures 5.8, 5.9 and 5.10. The total and optimal
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Figure 5.8: Total RRE errors of a reconstructed H %at different noise levels

RRE errors are shown in figure 5.8, in figure 5.10 we show a calculated ICF®
and the restored H 2at a realistic SNR of 20 dB. This still is not yet the true
error of the experiment, since we are still calculating with artificial data. The
real measured data lead to a further increase of the model error term. But since
we have no images without noise, we cannot estimate it’s error. We can only
look at the reconstructed images.
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Figure 5.9: RRE contributions relative to the total RRE error of a reconstructed
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Figure 5.10: a) tikhonov H%at SNR 20 dB, b) gradient H°SNR at 20 dB, c)
tikhonov H? at SNR 20 dB, e) gradient H? at SNR 20 dB, e) ICF f) ICF%at

SNR 20 dB
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5.2 Calibrating MFM measurements

Until now, we only used artificial data. If we use real data, the modeling er-
ror will get worse, because the assumptions about the magnetisation are not
exactly fulfilled. However, we cannot estimate the error, because we have no
pure images without noise, so we briefly show in figure 5.11 the resulting im-
ages. Additionally, we can also reconstruct f1 sample s defined in (4.13) which
corresponds to M, in the case of perpendicular magnetisation.

Figure 5.11: a) original Af MFM image with ~ SNR 20 dB, b) restored H ., ¢)
restored f sample-
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6 Conclusion

As could be seen in section 2, it is possible to include all parameters relevant to
the calibration of an instrument into a function, called the Instrument Calibra-
tion Function (ICF), according to equations (2.8)

Af (k) = ICF/ (k)H. (k) ; (6.1)

where Af is a frequency shift measurement MFM image, and H ., the measured
stray field.

In section 3 it was shown, that in most cases a more advanced deconvolution
method than just a division in (6.1) is needed, to restore the original H, from
Af . The operator D(Af;ICF) was introduced to describe this deconvolution
operation of the MFM image, and several methods to approximate this operator
in the case of noisy images.

In section 4 these methods are refined and tuned for the task of determining
the ICF from a measured Af and an estimated stray field H,. Additionally a
basic approach is introduced to estimate the stray field of special Cu/Ni/Cu-
Layers with special magnetic properties. This turns out to be the most crucial
and error sensitive task in the process of the determination of the ICF.

In section 5 quantitative evaluations of restoration errors of the different
methods and dependencies of these errors on the signal to noise ratio as in-
troduced in section 3 are discussed. As was expected, the noise has a great
influence on the best possible restoration errors. The resulting H, images are
shown in figures 5.5, 5.10 and 5.11. The methods that performed best were
the lowpass and conjugate gradient methods in determining the ICF, and the
conjugate gradient and Tikhonov methods for restoring H ..

It was found, that the resolution of the restored images decreases greatly
compared to the original images with higher signal to noise ratios, if the ICF
cannot be calculated very accurately. As can be seen in figure 5.9, the main
obstacle to calculate the ICF more accurately is the too simplistic algorithm
to estimate the sample magnetisation, that leads to moderate systematic errors
in the resulting ICF. When the results of the algorithm are compared to the
results of calculations with correct ICF’s as in figure 5.8, the theoretically pos-
sible improvement can be estimated. At a signal to noise ratio of 20 dB the
improvement corresponds to a decrease of the overall RRE error from about
73% to 49%, which is still a considerable overall error. Nevertheless this would
be an acceptable error and an acceptable limitation on the image resolution.
With the present algorithm the decrease in resolution is such, that a restoration
of the original stray field H, from the original deconvoluted image Af by a mere
proportionality constant may be favorable, as can be seen in figure 5.8. We can
conclude, that the use of the algorithms in the present implementation is either
bound to a loss in resolution or a loss in accuracy.

A key point for improvement is the estimation of the ICF, where a mod-
erate error improvement would be possible. With this improvement, the loss
of resolution could be shifted within an acceptable range. The main ideas for
an improved algorithm are outlined in appendix C. Another point for improve-
ment, is to implement a routine that adapts an ICF to different image sizes, as
in the present implementation, the ICF and the MFM image have to be of the
same size and resolution.
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A Deriv ation of the Formulas for the Magnetic
Fields

A.1 Magnetostatic Fields in Fourier Space

For our further discussion, we assume in direct space a coordinate system with
the xy-plane corresponding to the sample surface and the cantilever tip being
in a positive z-distance thereof. For the calculation of the force on the tip it is
useful to derive some properties of the magnetic field of the sample in Fourier
space:

e The area above the sample is current free and does not contain time-
varying electrical fields, therefore the rotation of the stray field is zero (V x
H = 0). The stray field can then be expressed as the gradient of a magnetic
scalar potential, Ay;: H = —VA,;. To calculate the magnetic scalar
potential, it is useful to define magnetic charges, in correspondence to
electrostatics. The magnetic volume charge density, ¥2, and the magnetic
surface charge density, ¥a,, are defined as:

Yas := —-VM (A.1la)

Yoy =(M; —M,) n: (A.1b)

The magnetic scalar potential can then be calculated using the Laplacian

of the scalar potential, given by V2A,, = —Ya,, and % - % = Y.

e There is no magnetization outside the sample, therefore the Laplacian of
the scalar potential is equal to zero.

e The nabla operator is described in 2D-Fourier space as:
V = (ks iky;, @@) : (A.2)
Combining the last two properties, one easily derives that a sinusoidal potential

aecays exponentially with the product of the magnitude of the k-vector, k =

k2 4-k2, and the distance from the sample:

Ak;z) = Alk; 0)el 7= : (A.3)

From the relation between scalar potential and stray field, it is clear that stray
field components will also decay exponentially. The last, and most important
property can easily be derived from the previous relation: If the nabla operator
is applied to source free fields, it can also be written as a function of k instead
of a differential operator:

V(k) = (iky;ik,; —k) : (A.4)

Therefore, the magnetic scalar potential, and thereby all stray-field components
in the xy-plane, can be determined from a measurement of the stray field in the
z-direction, H,, except for their average value, H (k, = 0;k, = 0), using the
relations

Ay (k;z) = f%Hz(k;z) (A.5a)

Hk;z) = —%Hz(k;z) : (A.5Db)
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The same reconstruction can not be performed using only the X- or y-component
of the stray field, therefore, measuring these components independently makes
little sense.

A.2 Stray Field of a Magnetic Layer in Fourier Space

It is instructive to derive the relation between the sample magnetization, and
the stray field of the sample, because this is not done very clearly in literature.
For a sample with a volume charge ¥2 that is independent of the depth in the
sample, and with a magnetic surface charge %.p, = —¥sottom = ¥ the differential
equations for the scalar magnetic potential in Fourier space, can be given using
the relations derived in section A.1

inside:
VZA]\/[J = 7]/(1{) (A6a)
A . kz i kz Vék)
Anri(k;z) = Ar(k)e™ + Ax(k)el 7 + e (A.6b)
outside:
VZAM,(aJ,) = ? (AGC)
. Az(k)e ¥*  (above sample)
Ar(ab) = : A.6d
M) A4(k)e¥*  (below sample) ( )
Using the boundary conditions for z =0 and z = —d
) ) @A i(k;z) @Ay (ay(k;2)
Anr,i = Aur(any (k) and M@g - Myé?( =¥%k);
(A7)
one finds
A (k)—ll.ls/‘(k)—l/ék)ﬂ (A.8a)
1%) =5 K K2 . .8a
o
el kd 3/41{) 1&1{)
As(k) =— 5 K 2 . (A.8Db)
kg M
1—e P 7 3%k) Yk)
Azk) =— 3 " kzﬂ (A.8¢c)
u
1—eb 7 %k) k)
Aysk) = — 5 T (A.8d)
Inserting the A’s, one gets
A g ATy ¢
Anrik; z) = 2 1—¢ cosh k(z +d=2)
3 . . ¢,
+ @e‘ kd/2 ginp ! k(z+d=2) (A.9a)
» 1
; ik Y{k .
Ayra(k;z) = sinh(k d=2) iz) + % gi k(z+d/2) (A.9b)
Hy Y
Aprp(k; z) = sinh(k d=2) Ak) k) gh(z+d/2) (A.9¢c)

k2 k
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If it is assumed that the sample has a magnetic domain structure with a uniform
magnetisation, M, throughout its thickness d, Y2and % can be replaced by
Yo= -V -M = —-ik;M, — ik,M, and %=M_

H(k;z) = —VAy . (k; 2)

0 1
v —ik .=k
= = sinh(k d=2)el *E+ /D @ —jk,=k A - M(k) : (A.10)
1

Since we are only interested in H ,, together with (A.5b)we further have

0 1
—ik =k
H.(k;z) = sinh(k d=2)el *=* /2 @ —jk =k A .M(k) ; (A.11)
1

and if the Magnetisation M is everywhere perpendicular to the sample surface,
that is M(k) = M ,(k)e,, H, becomes

H.(k;z) = sinh(k d=2)el *G*¥/2M (k) : (A.12)
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B Minimization of the ©(g;h) functional

In section 3 and 4.3 we defined the general functional

o o2 X 2j ¢
®(g;h) = ¥k)g(k)—h(k) “+* gk) ; (B.1)

with the Lagrange multiplier . In section 3 ¢ must be set to ¢(k) = 1. We
further have

X 4 - =
2 -2
(9= P(k)gk) " dk.dk, ; (B.2)

and from equation (3.34) it follows that P (k) > 0. Now we are interested in
the function g, that minimizes the functional. If we write ® out, with equation
(3.33) we get

7z _ _ _ _
®(g;h) = ¥k)g(k)—h(k) *+P (k) g(k) ~ dk,dk, ; (B.3)
what we can rewrite as
Z- — = - -z
®(g;h) =  %k) > g(k) "+ h(k)* —P (k) g(k) *
— Y%k)g(k)h" (k) — Y2 (k)g" (k)h(k) dk,dk, (B.4)
Z3- - = £ a
= Yk)°+1P (k) g(k)° - 2Re ¥k)g(k)h®(k)
+:h(k):2 dk, dk, (B.5)
£z 3 - T
_ EV A k) — = MK —
= MOTR ) B9 -5 T s
_ P (k) = _
TP h(k) * dk,dk, : (B.6)

Now for any * > 0 the functional ®(g;h) is minimal if and only if the magnitude
in the first term is zero. It follows for the function g, (k) that minimizes ®(g;h)

0u(k) = =2

TR h(k) : (B.7)
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C Principles of an impro ved estimation of the
ICF

We will develop here the idea stated in section 4.3.2, to look for a functional
minimization algorithm that simultaneously uses a priori information about the
ICF and the sample magnetisation. To keep things simple, we might use a nu-
merical minimization algorithm that performs well enough in many dimensions.
PV-WAVE provides a library routine FMINMor exactly this purpose. If we keep
our functional simple, we might be able to analytically calculate the gradient,
so we could use an advanced method to find the minimum or even analytically
solve the problem with the method of lagrange multipliers and get a tailored
regularization method.

At first we try to develop a suited functional similar to the one used for the
tikhonov method. As we remember from section 3, in the most simple case we
have

d(g) = g1/2.<g_h22 : (C.1)
In our application this expands to

O(ICF;M ) = : ICFY! « HTF, M, — Af °2. (C.2)
In the space domain it is very easy to model a criteria Q(M ) on the sample

magnetisation, that it should consist only of two values £M;. One possibility
would be the simple functional

£ o Zi ¢ i ¢, ) 1
Q M,(r) = °M.(r) =2 °M,(r) "+1dxdy with °::M ;
(03)
or another
£ s 1 %49=— =
Q M,(r) = v M2 —M_(r)? dxdy: (C.4)

If we look for an analytical solution, this does not help us much, since we can

7N
o8] \
0.6

\ 0.4 \

/ 0.2

Figure C.1: The integrand of the two alternative functionals Q, plotted with
M, = 3. Q reaches it’s minimum, when M, (r) = M Vr .
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calculate (C.2) efficiently only in the fourier domain. However, we can write the
functional ® as

O(ICF;M.) = ° ICF « HTF, «M, — Af°%
N £ o X 26 . (C.5)
41 ag QM. +ag ICF

Where * is the lagrange multiplier and ag and ag are coefficients that have to

be tailored by hand. The functional is quadratic in the ICF. Now we might

be able to use a numerical minimization algorithm, to find the simultaneous
solution for the ICF and for M ,. We can develop ® to
@(g; m;h) = “m(k)%4k)g(k) — h(k)"? ,

£ o X Sf o (C.6)

+1 aQQ m(r) +as alk)

where m & M, g & ICF, %28 HTF; and h & Af . If we write ®(g; m;h) out,
we get
z A !

®(g;m;h) = :m(k)l/fik):2 +tasP(k)

RN

. m(0¥(Mh(k)
‘m(k)¥k) * +1as P (k)

NN

lag P (k)
‘m(k)¥k) * +1as P (k)

“h(k) ? dk,dk,

o]

£
+lag Q m(r) : (C.7)

Because all terms are positive, we can set the first term to zero, an we get
analogous to (B.7)

_ - mi(k)¥(k) .
9.0 == (k)%4k) ~ + 'a s P (k) hik) (©5)

With the other terms we can derive

z - -
T 'as P (k) 1) 2
®(g,; m;h) ) 2+ a5 P9 h(k) = dk,dk,
+'ag Q£m(r)c: (C.9)

If we look at this equation more closely, it may be interesting to note that the
integrand is in fact

la g (k) — 2 h® (k)
k) % iagpa ) =PI e

~tagP (k) g.(k) (C.10)
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We clearly see now, that to find a fast algorithm or even an analytical solution
it would be essential to find a Q that can be explicitly formulated also in the
fourier domain, what might be impossible. Numerical optimization algorithms
are probably beyond scope too (their running time would be in the range of hours
up to days), because we have a dimensionality of 256 x 256 = 65535 and already
the functional itself needs of order 256 x 256 multiplications to be calculated. If
both variables m(k) and m(r) remain in the functional, we probably cannot give
an analytical formula for the gradient without further tricks, and therefore we
cannot minimize ® analytically nor use a numerical method that uses gradient
information, as for example the conjugate gradient method. But there is still
one way left. We might use the linearity of the FFT, so that for small deviations
of m(r) we can calculate the deviation of m(k) without FFT. If we look at a
deviation #ms(r) that just modifies one pixel by a value of one, i.e. a step
function that is one at a certain position (X;y) and otherwise zero, we probably
can give an analytical function for its fourier transform. We can state that

m(r)+Am;(r) = m(k)+Ams(k) : (C.11)
Now we have
Q i m(r)+Am5(r)¢ =Q i m(k)+Am 5(k)¢ (C.12)

If we assume, that ® is separable in X; and y; we can formulate a very simple
algorithm, that at least gives an improvement over the even more simplistic level
algorithm from section 4.2. We then take an image with m(r) = £M 4, switch
the individual pixels and take the value that yields a smaller ®. We can even
improve the algorithm, if we allow five different values +M s, £M ;=2 and 0. We
can explain such values by a higher resolution and domains smaller than the
pixel size. Still, this algorithm needs of order 65536 x 65536 multiplications, and
does only give a moderate improvement. In practice ® is not separable, so that
the order in which the pixels are examined is of importance. Maybe it would be
possible to approximate the functional to reduce the order of multiplications,
but this was not further investigated. But we estimate that if implemented in
PV-WAVE, this algorithm would complete within an hour, if written in C++
probably in 10 minutes.
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D Description of the implemen ted routines
D.1 Ads

This function calculates an estimate of the average domain size of a given
MFM image.

Syntax

res = ADS(image, dx, dy)

Input

image an MFM image
dx, dy pixel size in m



D.2 Assert

D.2 Assert

Checks the critical program condition ’expr’. If the condition is violated
‘msg’ is printed an STOP is called.

Syntax

ASSERT, expr [, msg]

Input

expr the critical program condition ’expr’ to check.
msg in the case of an error, the message to display.

41
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D.3 Mfm_tf

Computes a transfer function.
The program is based on a theory described in Hug et al., J.Appl.Phys.,
1998, and in Pieters Ph.D. Thesis.

Syntax

mfm_tf, nx, dx, ny, dy, tf_in, derivative, transform, z, A, $
theta, phi, d, deltaw

Parameters:
nx, ny number of pixels in x, y—direction of the image for
which the transfer function is to be calculated
dx, dy size in m of one pixel in x, y—direction
tf_in array containing a transfer function (eg. the intrument

calibration function or the tip equivalent charge.
(In Fourier space). If tf_in is not 2-Dimensional,
a point monopole (= flat) transfer function is used.

derivative 0: no change in units

: calculate z—derivative

: no coordinate transform

: convert z—component to n—component

: convert z—component to n—derivative

z height distance in m from the input data and the
result data when the transfer function is applied, in
case 1. this would be the distance to the upper sample

transform

N = O

surface.

A vibration amplitude in m, set A to zero to use the
small amplitude approximation.

theta angle between the (upward) lever normal and the z—axis.
in [rad] (0 — Pi) (usually —12 degrees)

phi angle between the (upward) lever normal and the x—axis.
in [rad] (-Pi - Pi) (usually —90 degrees)

d In case 1., it is the sample thickkness in n,

d < 0 means an infinite sample thickness
In the other cases, d must be set d := 0.

deltaw domain wall width in m, according to definition:
detaw = pi * sqrt(A/K)



D.4 Rms

D.4 Rms

This function calculates the root—mean—square of its argument.

Syntax

res = RMS(x)

43
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D.5 Rre

This function calculates the relative rms error.

Syntax

res = RRE(g, dg)

Input

g image (2D array)
dg absolute image error (2D array)



D.6 Snr 45

D.6 Snr

This function calculates the signal to noise ratio of its arguments.

Syntax

res = SNR(h, dh)

Input

h image (2D array)
dh image error (2D array)
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D.7 Tf_artiicf

This Function calculates an algebraic ICF and a Transfer Function.

Syntax

tf_artiict, theta, phi, A, z, d, deltaw, nx, ny, dx, dy, icfft, htfft

Input
theta angle between cantilever normal and z—axis of the
instrument in degrees
phi angle between cantilever normal and x—axis of the
instrument in degrees
A vibration amplitude in m
zZ shortest distance between tip apex and the top of the
magnetic layer in the sample in m during the
vibration cycle
d thickness of the magnetic layer in the sample in m
deltaw domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)
nx, ny image size in pixels
dx, dy size in m of one pixel in x—, y—direction
Output
icfft FFT of calculated ICF
htfft FFT of calculated z—transfer function HTF
Keywords

STATIC_.MODE static MEM mode
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D.8 Tf bar

This procedure displays a progress bar.

It must be repeatedly called with increasing values of the i
parameter, from i=0 to i=max (the parameter max must remain constant).
No values of i in the range of 0 to max must be ommited.

Syntax

tf_bar, i, max

Input

i number of current iteration (0 <= i <= max)
max number of total iterations
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D.9 Tf_calcicf

This procedure incrementally calculates an average instrument calibration
function (ICF) or transfer function using an MFM image of a
surface—perpendicular magnetisation pattern, and its saturation magnetisation
value. It first uses a simulated calculation with approximate testdata to
optimize calculation parameters. The parameter ’icf_ft’ is either empty or
sepcifies the mean ICF value from previous calculations. If 'icf ft’ is

undefined or a one—dimensional value, a new ICF is created. After the
calculation the new mean ICF value is stored in icf_ft_out.

Syntax

tf_calcicf, mfm_image, icftf_in, n_icfs, stdev_in, rre_in, param_in, $
noise, theta, phi, A, z, d, deltaw, dx, dy, Ms, icf_ft_out, n_icfs_out, $
stdev_out, rre_out, param_out

Input
mfm_image input MFM image (2D array)
icf_ft if size = 2D array:
the mean value of previously calculated ICF’s in
Fourier space or an approximation of the ICF, used to
calc the best parameters for the algorithm.
if size = single number or undefined:
an artificial ICF is used for the estimation of the
optimal parameters.
n_icfs number of ICF’s used to calculate mean value
stdev_in approx. standard deviation of the ICF’s used to
calculate mean value (not exactly the stdev)
rre_in mean value of approx. RRE deconvolution error
param-in if this is an array or a single number:

best parameters hint for deconvolution
if this is undefined:
recalculate best parameters
noise description of the noise in the mfm source image
if size = 2D array: a noise image
if size = single number: signal to noise ratio

theta angle between cantilever normal and z—axis of the
instrument in degrees

phi angle between cantilever normal and x—axis of the
instrument in degrees

A vibration amplitude in m

zZ shortest distance between tip apex and the top of the

magnetic layer in the sample in m during the
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deltaw

dx, dy

Output

icf_ft_out
n_icfs_out

stdev_out

rre_out
param_out

Keywords

STATIC_MODE
OBSERVE
SHOWRRE
CALC_PARAM

DEBUG
PLOTRES

METHOD

DFO
ICFO_FT

PATTERN

ERRORS
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vibration cycle

thickness of the magnetic layer in the sample in m
domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)

pixel size in m

saturation magnetisation of the probe material

FFT of the new average ICF (2D array)

new number of ICF’s used to calculate mean value
(ndicfs + 1)

approx. standard deviation of the ICF’s used to
calculate

mean value of approx. rel. rms. deconvolution error
best parameters used for deconvolution

if set, the mfm_image was measured in static mode
if set, shows calculation progress is displayed

if set, prints out RRE errors of different methods
if set, forces calculation of new optimal parameters,
independently of what the type of 'param’ is.

if set, show debugging output

if set, plots an image of the result ICF in the space
domain to the sxm channel 49 and window 'x’
only use this method for calculating ICF

1: division

2: tikhonov

3: conj. gradient

4: lowpass

2D array of the artificial original Delta f,

used to calculate the MSEIF.

2D array of the FFT of the artificial original ICF,
used to calculate the MSEIF.

2D array of the artificial magnetisation pattern
used to create the mfm_image

This option allows it to do the calculation with
artificial

data, derived from PATTERN.

array of error values

[stdev, <RRE>, RRE’, SNR, SNR’, MSEIF]
stdev: standard deviation of the ICF sequence
<RRE>mean RRE error of the ICF’s

RRE’: RRE error of the newly calculated ICF
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SNR: Signal to noise ratio of the MFM source image

SNR’: Signal to noise ratio of the newly calculated
ICF

MSEIF:Mean square error improvement factor of the
newly calculated ICF.
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D.10 Tf_calcicfw

This procedure incrementally calculates an average instrument calibration
function (ICF) or transfer function using an MFM image of a
surface—perpendicular magnetisation pattern, and its saturation magnetisation
value. It first uses a simulated calculation with approximate testdata to
optimize calculation parameters. The parameter ’icf’ specifies either a
filename or a sxm channel, where the last mean ICF is stored. If the file or
the channel does not exist, a new ICF is created. After the calculation the
new mean value is again stored in the same place.

Syntax

tf_calcicfw, icf, mfm_image, param, noise, theta, phi, A, z, d, deltaw, $
dx, dy, Ms, icf_ft_out, n_icfs_out, stdev_out, rre_out, param_out

Input
icf if this is a string: filename of the ICF file.
if this is an integer: sxm channel number of the ICF
data channel
mfm_image input MFM image (2D array)
param a parameter array of parameters for the calculation.

if size = array: best parameters hint for deconvolution
if size = single number: recalculate best parameters
noise description of the noise in the mfm source image
if size = 2D array: a noise image
if size = single number: signal to noise ratio of
mfm_image

theta angle between cantilever normal and z—axis of the
instrument in degrees

phi angle between cantilever normal and x—axis of the
instrument in degrees

A vibration amplitude of the cantilever in m

Z shortest distance between tip apex and the top of the

magnetic layer in the sample in m during the
vibration cycle

d thickness of the magnetic layer in the sample in m

deltaw domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)

dx, dy pixel size in m

Ms saturation magnetisation of the probe material
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Output

icf_ft_out
n_icfs_out

stdev_out

rre_out
param_out

Keywords

STATIC_MODE
OBSERVE
SHOWRRE
CALC_PARAM

DEBUG
PLOTRES

METHOD

DFO
ICFO_FT

PATTERN

ERRORS

FFT of the new average ICF (2D array)

new number of ICF’s used to calculate mean value
(nicfs + 1)

approx. standard deviation of the calculated ICF’s
mean value of approx. RRE deconvolution error
parameters used for deconvolution

if set, the mfm_image was measured in static mode

if set, the calculation progress is displayed

if set, prints out RRE errors of the different methods

if set, forces calculation of new optimal parameters,

independently of what the type of 'param’ is.

if set, show debugging output

if set, plots an image of the result ICF in the space

domain to the sxm channel 49 and window ’x’

only use this method for calculating the ICF

: division

: tikhonov

: conj. gradient

: lowpass

5: landweber

2D array of the artificial original Delta f,

used to calculate the MSEIF.

2D array of the FFT of the artificial original ICF,

used to calculate the MSEIF.

2D array of the artificial magnetisation pattern

used to create the mfm_image.

This option allows it to do the calculation with

artificial data, derived from PATTERN.

array of error values

[stdev, <RRE>, RRE’, SNR, SNR’, MSEIF]

stdev: standard deviation of the ICF sequence

<RRE>mean RRE error of the ICF’s

RRE’: RRE error of the newly calculated ICF

SNR: Signal to noise ratio of the MFM source image

SNR’: Signal to noise ratio of the newly calculated
ICF

MSEIF:Mean square error improvement factor of the
newly calculated ICF.

=W N



D.11 Tf_calcmag 53

D.11 Tf_calcmag

This procedure calculates the stray field in the xy—plane at the z—position
of the tip apex using an MFM image and an instrument calbrating function
(ICF) describing the tip properties. optionally, if the keyword MZ is used,
the magnetisation pattern at the sample surface can be calculated instead.
The routine first uses a simulated calculation with approximate

testdata to optimize calculation parameters.

Syntax

tf_calemag, mfm_image, icf_tf, param_in, noise, theta, phi, A, z, d, $
deltaw, dx, dy, mag_out, rre_out, param_out

Input
mfm_image input MFM image (2D array)
icf_ft if size = 2D array: the mean value of previously

calculated ICF’s in Fourier space or an approximation
of the ICF, used to calc the best parameters for the
algorithm.
if size = single number or undefined:
an artificial ICF is used.
param_in a parameter array of parameters for the calculation.
if size = array: best parameters hint for deconvolution
if size = single number or undefined: recalculate
best parameters
noise description of the noise in the mfm source image
if size = 2D array: a noise image
if size = single number: signal to noise ratio

theta angle between cantilever normal and z—axis of the
instrument in degrees

phi angle between cantilever normal and x—axis of the
instrument in degrees

A vibration amplitude in m

Z shortest distance between tip apex and the top of the

magnetic layer in the sample in m during the
vibration cycle

d thickness of the magnetic layer in the sample in m

deltaw domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)

dx, dy pixel size in m

Ms saturation magnetisation of the probe material
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Output

mag_out

rre_out
param_out

Keywords

STATIC_.MODE
MZ7Z

OBSERVE
SHOWRRE
CALC_PARAM

DEBUG
PLOTRES

METHOD

HZ0
DFO0

PATTERN

ERRORS

stray field or magnetisation pattern (2D array),
according to the setting of the option MZ
approx. RRE deconvolution error

parameters used for deconvolution

if set, the mfm_image is measured in static mode
if set, not the stray field in the xy—plane at the
z—position of the tip apex but the magnetisation
pattern on the sample surface is calculated.
if set, the calculation progress is displayed
if set, prints out RRE errors of different methods
if set, forces calculation of new optimal parameters,
independently of what the type of 'param’ is.
if set, show debugging output
if set, plots an image of the result ICF in the space
domain to the sxm channel 49 and window 'x’
only use this method for calculating the stray field
1: division
2: tikhonov
3: conj. gradient
4: division by a real factor
5: landweber
6: lowpass
2D array of the artificial original stray field image
Hz, used to calculate the MSEIF.
2D array of the artificial original Delta f image,
used to calculate the MSEIF.
2D array of the artificial magnetisation pattern
used to create the mfm_image
This option allows it to do the calculation with
artificial data, derived from PATTERN.
array with error values [RRE’, SNR, SNR’, MSEIF]
RRE’: RRE error of the newly calculated ICF
SNR: Signal to noise ratio of the MFM source image
SNR’: Signal to noise ratio of the newly calculated
ICF
MSEIF:Mean square error improvement factor of the
newly calculated ICF.
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D.12 Tf_calcmagw

This procedure calculates the stray field in the xy—plane at the z—position
of the tip apex using an MFM image and an instrument calbrating function
(ICF) describing the tip properties. optionally, if the keyword MZ is used,
the magnetisation pattern at the sample surface can be calculated instead.
The routine first uses a simulated calculation with approximate

testdata to optimize calculation parameters. The ICF is loaded either from
the file ’icf_name’, if ’icf_name’ is a string or from the corresponding

sxm channel, if ’icf_name’ is an integer.

Syntax

tf_calemagw, mfm_image, icf_name, param_in, noise, theta, phi, A, z, d, $
deltaw, dx, dy, mag_out, rre_out, param_out

Input
mfm_image input MFM image (2D array)
icf_name if this is a string: filename of the ICF file.
if this is an integer: sxm channel number of the ICF
param_in a parameter array of parameters for the calculation.

if size = array: best parameters hint for deconvolution
if size = single number or undefined: recalculate
best parameters
noise description of the noise in the mfm source image
if size = 2D array: a noise image
if size = single number: signal to noise ratio

theta angle between cantilever normal and z—axis of the
instrument in degrees

phi angle between cantilever normal and x—axis of the
instrument in degrees

A vibration amplitude in m

Z shortest distance between tip apex and the top of the

magnetic layer in the sample in m during the
vibration cycle

d thickness of the magnetic layer in the sample in m

deltaw domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)

dx, dy pixel size in m

Output
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mag_out

rre_out
param_out

Keywords

STATIC_MODE
MZ

OBSERVE
SHOWRRE
CALC_PARAM

DEBUG
PLOTRES

METHOD

HZ0
DFO0

PATTERN

ERRORS

stray field or magnetisation pattern (2D array),
according to the setting of the option MZ
approx. RRE deconvolution error

parameters used for deconvolution

if set, the mfm_image is measured in static mode
if set, not the stray field in the xy—plane at the
z—position of the tip apex but the magnetisation
pattern on the sample surface is calculated.
if set, the calculation progress is displayed
if set, prints out RRE errors of different methods
if set, forces calculation of new optimal parameters,
independently of what the type of 'param’ is.
if set, show debugging output
if set, plots an image of the result ICF in the space
domain to the sxm channel 49 and window ’x’
only use this method for calculating the stray field
1: division
: tikhonov
: conj. gradient
: division by rms(ICF)
: landweber
6: lowpass
2D array of the artificial original stray field image
Hz, used to calculate the MSEIF.
2D array of the artificial original Delta f image,
used to calculate the MSEIF.
2D array of the artificial magnetisation pattern
used to create the mfm_image
This option allows it to do the calculation with
artificial data, derived from PATTERN.
array with error values [RRE’, SNR, SNR’, MSEIF]
RRE’: RRE error of the newly calculated ICF
SNR: Signal to noise ratio of the MFM source image
SNR’: Signal to noise ratio of the newly calculated
ICF
MSEIF:Mean square error improvement factor of the
newly calculated ICF.

T W N
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D.13 Tf_deconv

This procedure deconvolves ’data_ft’ with ’conv_ft’ with the parameters
given. The output is stored in ’out_ft’.

The program is based on a theory described in Hug et al., J.Appl.Phys., 1998
van Schendel et al., J.Appl.Phys., 2000 and Bertero, 'Inverse problems
in imaging’, IOP press, London, 1998.

Syntax

tf_deconv, data_ft, conv_ft, method, parameter, out_ft

Input

data_ft FFT of data to deconvolve (2D array)

conv_ft FFT of convolution function (2D array)

parameter an array determining the deconvolution parameters

parameter(0) a number that determines the deconvolution procedure
that is used, and the interpretation of the parameter
array:
0: division,

optional:

parameter(1): upper limit to the transfer
function, a negative value means no limit
parameter(2): lower limit to the transfer
function, a negative value means no limit

1: Tikonov method,
mu parameter for image restoration. Low mu
results in much restoration and noise, high mu
gives little restoration and little additional noise.
parameter(1): mu
parameter(2): a
parameter(3): tau
P(k) = katau(l + a(kxA4 + kyAd + 2kxA2kyA2))

o~ o~

2: Landweber method,
parameter(1): theta
parameter(2): number of iterations
optional:
(if present, projected landweber method is applied)
parameter(3): lower bound to the reconstructed image
parameter(4): upper bound to the reconstructed image
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3: Conjugate gradient method,
parameter(1): number of iterations

4: division with tanh lowpass method
parameter(1): cutoff
parameter(2): width

5: division with exp(kA(-6)) lowpass method
parameter(1): cutoff

6: division by a real factor
(the factor is determined with the tikhonov method.)

Output
out_ft FFT of reconstruction of deconvolved original
(2D array)
Keywords

OBSERVE display progress
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D.14 Tf_deconv_scan

This procedure deconvolves ’data_ft’ with ’conv_ft” with various parameters,
and calculates the rms error comparted to ’original ft’. The routine scans
for the best parameters within the given bounds, and stores them and the
corresponding result in the variables 'min_rre’, ’out_ft’ and "best_param’.

The program is based on a theory described in Hug et al., J.Appl.Phys., 1998
van Schendel et al., J.Appl.Phys., 2000 and Bertero, 'Inverse problems
in imaging’, IOP press, London, 1998.

Syntax

tf_deconv_scan, data_ft, conv_{ft, method, parameter, original ft, diff, $
min_rre, out_ft, best_param

Input

data_ft FFT of data to deconvolve (2D array)

conv_ft FFT of convolution function (2D array)

parameter an array determining the deconvolution parameters

parameter(0) a number that determines the deconvolution procedure
that is used, and the interpretation of the parameter
array:
0: division,

optional:

parameter(1): upper limit to the transfer
function, a negative value means no limit

parameter(2): lower limit to the transfer
function, a negative value means no limit

1: Tikonov method,
mu parameter for image restoration low mu
results in much restoration and noise, high mu
gives little restoration and little additional noise.
parameter(1): log(mu) lower bound
parameter(2): log(mu) upper bound
parameter(3): log(mu) number of points
parameter(4): a
parameter(5): tau

2: Landweber method,
parameter(1): theta upper bound
parameter(2): theta lower bound
parameter(3): theta number of points
parameter(4): number of iterations

):
):
):
):
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optional:

(if present, projected landweber method is applied)
parameter(5): lower bound to the reconstructed image
parameter(6): upper bound to the reconstructed image

3: Conjugate gradient method,
parameter(1): number of iterations

4: division with tanh lowpass method
parameter(1): cutoff lower bound

parameter(2): cutoff upper bound
parameter(3): cutoff grid
parameter(4): width lower bound
parameter(5): width upper bound
parameter(6): width grid

5: division with exp(kA(-6)) lowpass method
parameter(1): cutoff lower bound
parameter(2): cutoff upper bound
parameter(3): cutoff grid

6: division by a real factor
(the factor is determined with the tikhonov method.)

original _ft FFT of original data without convolution
Output

min_rre minimal rms error with best parameters

out_ft FFT of best reconstruction of original

best_param parameter array for tf_deconv for optimal

recontruction of original

Keywords

OBSERVE display progress
DEBUG display rre
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D.15 Tf getchannel

This procedure reads a 2D array and associated channel data out
of a sxm channel.

Syntax

tf_getchannel, fromchannel, img

Input

fromchannel sxm channel number to read from
Output

img sxm image including data transformations
Keywords

optional output:

D = [scan_transform([0, 4]), data_transform]
UNITS = [scan_unit(0:1), data_unit]

LABELS = [scan_label(0:1), data_label]

TITLE = scan_file

COMMENT = data_comment

HISTORY = data_history

ERROR indicates if requested channel was invalid

(either 0 or 1)
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D.16 Tf htf

Calculates a z—tranfer function HTF.

Syntax

tf_htf, theta, phi, A, z, d, nx, ny, dx, dy, htfft

Input

theta
phi

A

Z

deltaw

nx, ny
dx, dy

Output

htfft

Keywords

STATIC_MODE

angle between cantilever normal and z—axis of the
instrument in degrees

angle between cantilever normal and x—axis of the
instrument in degrees

vibration amplitude in m

shortest distance between tip apex and the top of the
magnetic layer in the sample in m during the
vibration cycle

thickness of the magnetic layer in the sample in m
domain wall width in m, according to definition:
deltaw = pi * sqrt(A/K)

image size in pixels

size in m of one pixel in x—, y—direction

FFT of calculated z—transfer function HTF

static MFM mode
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D.17 Tf.level

Calculates a black & white picture with amplitude Ms out of the data
in mfm_imgage and assigns it to res.

Syntax

tf_level, mfm_image, Ms, res

Input

mfm_image MFM raw picture (2D array)

Ms saturation magnetisation of the probe material
Output

res result
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D.18 Tf_loadicf

D DESCRIPTION OF THE IMPLEMENTED ROUTINES

This procedure loads ICF data either from a file or from an sxm channel.

Syntax

tf_loadict, icf, icf_ft, n_icfs, stdev, rre, dx, dy

Output
icf
icf_ft
n_icfs
stdev

rre
dx, dy

Keywords

DEBUG
optional output

COMMENT
D

UNITS

LABELS

if this is a string: filename

if this is an integer: sxm channel number

mean value of FFT of instrument calcibration function
(2D array)

number of ICF’s used to calculate mean value

approx. stdev of the ICF mean

approx. mean value of deconvolution rel. rms err

pixel dimensions in m

if set, print out debugging output

a comment string

array of pixel dimensions. The format is [dx, dy, dICF]
or [dICF]

string array of the unit labels of the physical units

of dx, dx and dICF

string array of the labels of the physical quantities
descrbing the x—, y—axis and the instrument
calibration function.
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D.19 Tf_method

This procedure tries several deconvolution methods on a MFM image with
artificial data, to find out the best method. The best parameters are
returned in ’param_out’.

Syntax

tf_method, mode, mfm_image, icfft_in, noise, theta, phi, A, z, d, dx, dy, $
Ms, method_out, param_out, rre, res

Input
mode 0 simulate ICF calculation
1 simulate stray field calculation
mfm_image input MFM image (2D array)
icfft_in if size = 2D array:
the mean value of previously calculated ICF’s in
Fourier space or an approximation of the ICF, used
to calc the best parameters for the algorithm.
if size = single number:
an artificial ICF is used.
noise if size = 2D array: a noise image
if size = single number: signal to noise ratio
theta angle between cantilever normal and z—axis of the
instrument in degrees
phi angle between cantilever normal and x—axis of the
instrument in degrees
A vibration amplitude in m
Z shortest distance between tip apex and the top of the
magnetic layer in the sample in m during the
vibration cycle
d thickness of the magnetic layer in the sample in m
dx, dy pixel size in m in x—, y—direction
Ms saturation magnetisation of the probe material
Output
param_out best parameter array to use in tf_deconv
rre_out rms relative error of artificial-data calculation
res the result ICF / stray field (2D array) of the

artificial calculation
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Keywords

STATIC_MODE if set, the mfm_image is measured in static mode

MZ if set, not the distance independent ICF is calculated,
but the distance dependant tranfer function from the
measurement to the magnetisation pattern.

OBSERVE if set, progress bars are displayed
SHOWRRE if set, prints out rms errors
DEBUG if set, show debugging output
METHOD if set, only use this method
methods to calculate an icf:
1: division
2: tikhonov
3: conj. gradient
4: lowpass
methods to calculate a stray field:
1: division
2: tikhonov
3: conj. gradient
4: division by a real factor
5: landweber
6: lowpass
PATTERN if set, the 2D array of the artificial magnetisation

pattern used to create the mfm_image
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D.20 Tf plot

Plots a 2D array image with the routine sxm_topview.

Syntax

tf_plot, img, tochannel, towindow

Input

im MFM raw picture (2D array)

tochannel the sxm channel to store the image data in.

towindow the sxm window to use to draw the plot
Keywords

SURFACE use sxm _surface to plot data

RE if img is complex, plot real part

if not set, the fft is plotted
M if img is complex, plot imaginary part

if not set, the fIt is plotted
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D.21 Tf_rmecal

Removes the average value of MFM image data.

Syntax

tf_rmcal, img, res

Input

img MFM raw picture (2D array)

Output

res result (2D array)
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D.22 Tf rmcanting

Removes the canting of an image.

Syntax

tf_rmcanting, mfm_image, theta, phi, dx, dy, res

Input
mfm_imgage MFM raw picture (2D array)
theta angle between cantilever normal and z—axis of the
instrument in degrees
phi angle between cantilever normal and x—axis of the
instrument in degrees
dx, dy pixel size in m
Output

res result image (2D array)
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D.23 Tf_saveicf

This procedure writes all ICF data into an sxm channel and stores it in
a sxm file.

The program is based on a theory described in Hug et al., J.Appl.Phys., 1998
van Schendel et al., J.Appl.Phys., 2000 and Bertero, 'Inverse problems
in imaging’, IOP press, London, 1998.

Syntax

tf_saveicf, icf, icf_ft, n_cfs, stdev, rre, dx, dy

Input
icf if this is a string: filename
if this is an integer: sxm channel number
icf_ft mean value of FFT of instrument calcibration function
(2D array)
nicfs number of ICF’s used to calculate mean value
stdev approx. stdev of the ICF mean
rre approx. mean value of deconvolution rel. rms err
dx, dy pixel dimensions in m
Keywords
COMMENT a comment string
D array of pixel dimensions. The format is [dx, dy, dICF]
or [dICF]
UNITS string array of the unit labels of the physical units
of dx, dx and dICF
LABELS string array of the labels of the physical quantities

descrbing the x—, y—axis and the instrument
calibration function.
DEBUG if set, print out debugging output



D.24 Tf_setchannel

D.24 Tf setchannel

This procedure writes a 2D array and associated channel data into a
sxm channel. All transformations are set to the identity transformation.

Syntax

tf_setchannel, fromchannel, img

Input
tochannel sxm channel number to write to
img image data
Keywords
D new value of either [scan_transform(][0, 4]),
data_transform| or data_transform
UNITS new value of either [scan_unit(0:1), data_unit] or
data_unit
LABELS new value of either [scan_label(0:1), data_label] or
data_label
TITLE new value of scan_file
COMMENT new value of data_comment

HISTORY new value of data_history
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