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Abstract—Spatial registration is a major problem arising whenever several images of similar contents are to
be compared. Considering trandations only, two-dimensional cepstral techniques have been proven to be exact
and robust against noise or intensity variations. Furthermore, cepstral filtering isnumerically more efficient than
most common approaches to image registration based on cross-correlation or template matching. In a previous
paper [1], we proposed a cepstrum-based two-dimensional matching technique accessing rotations and transla-
tions. Thelogarithmic polar transform of the power spectraof both imagesto be registered isused for the decou-
pling of rotations and trand ations (similar to the Fourier—Mellin transform). Rotations are detected first match-
ing the mapped spectra by two-dimensional cepstrum analysis. After rotating back one image, the relative shift
isdetermined using the same cepstrum technique. In clinical practice, the rotation detection step was discovered
as the weakness of this registration technique. Based on 855 pairs of dental radiographs acquired in a priori
known positions, three different approaches of matching the mapped spectra are compared: the cepstrum tech-
nique, the cross-correlation, and the entropy of the one-dimensional histogram distribution function of the sub-
traction image. The combination of the log—polar mapped power spectra of both X-rays with the entropy-mea-
sure allows the best detection of rotations. The union with common cepstrum methods correcting translations
resultsin arobust rotation-extended cepstrum technique. The usefulness of this new techniqueis demonstrated
on several applicationsin medical imaging. Dental radiographs, acquired intraorally from the same patient and
the same dental region but in large time distances, are registered and subtracted allowing densitometric bone
assessment. Video sequences showing the vibration of human vocal cords are corrected for distortions caused
by the movement of patient or examiner. Histological slices of human ankles are registered before 3D recon-

struction. In all these examples the contents of images to be registered differ locally.

1. INTRODUCTION

Spatial registration of multispectral or multitempo-
ral digital imagesisamajor problem arising whenever
data of arecording system have to be compared, and is
therefore afocus of recent discussion in image process-
ing [2, 3]. To obtain a comparison on a pixel by pixel
basg, it is necessary to spatially register theimages and
correct the geometric distortions, e.g., trandational and
rotational movements, with sufficient accuracy. A match-
ing algorithm should be robust with respect to noise and
accurate even if the same pattern has different intensi-
ties and/or different positions and orientations in the
two images to be registered. Furthermore, a matching
algorithm should be numerically efficient.
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The most common matching approach is based on
the cross-correlation function and is also referred to as
template matching [4]. It is derived assuming white
noise distorting the object in the image. The size of the
object determines the template’s dimension. It corre-
sponds directly to the computing time required for the
calculation of all possible values of the parameters
describing the geometric transform relating the object
to its representation in the reference image. While such
an extensive calculation is extremely time consuming,
moments or moment invariants based matching tech-
niquesare used [5], especially if further distortionsthan
tranglations can be expected. Those techniques are
often applied to the binary representation of the object
(e.g., character recognition) or the object’s outlines.

In the field of medica image processing, the
object/background model is invalid, i.e, the entire
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image is the object. In this case, severa alternativesto
the cross-correlation function have been proposed. In
one group of matching techniques, the cross-correla-
tion is exchanged by other correlation-like functions,
e.g., the standard deviation of the difference image
[6, 7], or the number of sign changes along the lines of
the difference image [8, 9]. Since all these techniques
at least require the geometric transform of one image
for all possible values of the parameters, those algo-
rithms are numerically inefficient.

Another group of matching techniques bases on
Fourier spectral or cepstral anaysis. The two-dimen-
sional cepstral techniques have been proven to be very
accurate and characterized by an outstanding robust-
ness against uncorrelated noise and intensity distor-
tions[10]. In addition, cepstral filtering requires no seg-
mentation of the images. However, the classical way of
cepstrum analysisis restricted to the detection of trans-
lational shifts only and the pictures are not alowed to
differ in rotation. Therefore, an extension to the detec-
tion of both tranglation and rotation was proposed by
the authorsin a previous paper [1].

In this paper, we describe the optimization of the
rotation-extended cepstrum technique and its applica
tion in medical imaging. Since high-resolution CCD
sensors are available for intraoral X-ray imaging
[11, 12], our invitro study bases on dental radiology. To
optimize the rotation detection step, a total of 855 dif-
ferent pairs of radiographs with a priori known mis-
alignments were systematicaly analyzed. We com-
pared the results of three approaches: the cepstrum fil-
ter, the cross-correlation, and the entropy of the one-
dimensional histogram function of the subtraction of
the mapped spectra

The next section introduces the Fourier and the Mel-
lin transforms and their combination to an invariant
image descriptor. All three techniques use the decom-
position of rotation and translation by this descriptor.
Section 3 reviews the cepstrum technique for detection
of trandational shifts and the three extensions to rota-
tions. Computational aspects and efficient implementa-
tion using the Hartley transform are described in Sec-
tion 4. Our method acquiring X-rays with a priori
known geometric positions and the results registering
855 pairs of dental radiographs are succeedingly docu-
mented in Section 5. The application of the optimized
technique to medical X-rays, videoscopic, and histo-
logical images and sequencesis described in Section 6.

2. FOURIER-MELLIN INVARIANT IMAGE
DESCRIPTOR

In this section, the Fourier and Méellin transforms
are introduced and combined to a rotation-, scaling-,
and tranglation- (RST-) invariant image descriptor. It is
shown that this descriptor can be used to decouple RST
movements.
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2.1. Fourier Transform
Theintegral transforms[13]
F(w) = If(t)e‘“‘“dt and
~ 1

00

f(t) = %1 [ F(w)e''do

arewell known asthe Fourier and inverse Fourier trans-
form, respectively. One can easily show that the magni-
tude of the two-dimensional Fourier transform |F(u, v)|
of the image function f(x, y) isinvariant to translations
intheimage plane, whilerotationsinthe (x, y) planeare
transformed to equal rotations in the (u, v) plane, and
scaling is inverted [13], eg., expansions are trans-
formed to shrinkings.

2.2. Méllin Transform

The Médlin transform M(s) of a continuous one-
dimensional function f(2) is given by [14, 15]

0

M(s) = If(z)zs‘ldz and
° 2

c+joo

1 s
f(z) = J?TI M(s)z “ds

C—jo

denoting the inverse Méellin transform, respectively,
where cisthereal part of the complex variables=c+ jw.
The Méllin transform is usually used to compute the
moments of f(Z) [13]. For example, area, first, and sec-
ond moments of f(2) are equal to M(1), M(2), and M(3),
respectively, and the second moment about centroid is
M(3) - [M(?/M(2).

Substituting z by e* we obtainin(z) = -t and
dz/dt = —e™. Furthermore, the integration limits in (2)
transforms likez — 00 t — wand z —» o [J
t — —oo and the Mellin transform becomes

M(s) = J’f(e‘t)e“(s‘”(—e‘t)dt

w ©)

= f f(e)edt = L(s),
with L(s) denoting the two-sided Laplace transform of
a function with distorted coordinates f'(t) = f(e™). Fur-

ther substituting s=jwin (3) yields (1). Therefore, the
undamped Mellin transform

M(0) = If(z)z‘J“‘ldz = If(e“)e‘j‘*“dt (4)
0 —00
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Fig. 1. Logarithmic polar mapping of Fourier power spectra. The images f(x, y) on the |eft show dental X-rays. Teeth as well as
implants are figured. The Fourier power spectra |F(u, v)| are shown in the middle. Note their invariance to translations while their
rotational orientation corresponds to that in the spatial domain. The results of logarithmic polar mapping |F(p, ¢)| are displayed on
theright in each line, respectively. Rotations are transformed into shifts along the vertical axis.

is computable by the Fourier transform (1), if the coor-
dinate t — In(1/t) is logarithmically deformed at
first,

—H"E%%

t=e =g "), (5)

Let f, and f, be two functions differing only in scale
f)(2) = fy(a2). Replacing oz by 1, z=t/a, dz=dt/a in
the Méllin transform (4) we obtain

M,(w) = J’fl(az)z'j‘*"ldz
. Yo ©)
- Ifl(T)T_jw_l%E %m = oM, ().
0
One can easily recognize that because of |ai®| =

& = 1 equation (6) holds [My(00)| = |My(c)].
Therefore, the magnitude of aMellin transformed func-
tion isinvariant to scales.

2.3. RST-Invariant Image Descriptors

An overview of invariant image descriptorsis given
elsewhere [5]. In the following, the Fourier and the
Mellin transformations are combined to an RST-invari-

ant image descriptor similar to that introduced by
Schalkoff [16] or Haken [17]. Therefore, let f; and f, be
two given functions with f, being a (xg, Yg) shifted, a
rotated, and [3 scaled version of f;,

fa(x,y) = fi(B(xcosa +ysina) —x,,

()

B(—xsina +ycosa) —Y,).
The Fourier power spectra are computed to
|F2(u, v)|2

_ |1 _ pucosa + vsina —usinox+vcosog2 ®)
= B_2F1D 5 : g A -

This representation of the functions f depends only
on the angle of rotation a and the amount of scale f3.
Both may be decoupled applying a transformation to
polar coordinates (Fig. 1). Taking into account the addi-
tion theorems of trigonometric functions, the substitu-
tionu=rcosd and v =rsin¢ in (8) yields

|F,(rcosd, rsincl))|2

_ lF rcos(¢p —a) rsin(q)—O()D2 ©)
e R R
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Denoting the power spectrain (9) as functions of (r, ¢)
leads to

2
10 O
B—zqug, (I) —GD .

Scalings are transformed into stretches of ther-axis,
while rotations are mapped to shifts along the ¢-axis.
Applying the scale-invariant Mellin transform (4) to the
r-coordinate and the shift-invariant Fourier transform
(1D to the ¢-coordinate (Fourier—Mellin transform)
equation (10) results in an RST-invariant image repre-
sentation of both functions f; and f,. As shown in Sec-
tion 2.2, the Mellin transform can be calculated using
the Fourier transform if the coordinate p = —In(r) is
mapped logarithmically. Combining (5) and (10) yields

Fo(r, §)% = (10)

IFo(p, )| = —Bl—zFl(p+ln(B>,¢—a) CEY

In this representation of the entire images f; and f,
the RST movements are decoupled. Translational shifts
are eliminated while magnifications are represented as
shiftsin the p-axis and rotations are expressed as shifts
inthe ¢-axis. A further calculation of the Fourier power
spectra of the functions given in (11) results in an
RST-invariant image descriptor

IMa(u, V) P~ [My(u, v) . (12)

The mapping of multiplications (coordinate-scale)
to additions (coordinate-shift) is a well-known feature
of the logarithm. Therefore, related methods are often
used without being referred to as the Fourier—Meéllin
transform[1, 2, 18].

3. THE CEPSTRUM TECHNIQUE

The next paragraph recapitulates the classical cep-
strum technique for the detection of pure tranglational
shifts. Based on the Fourier—Mellin RST-invariant
image descriptors, different methods for the extension
to rotational shiftsare proposed in the subsequent para-

graphs.

3.1. Classical Cepstrum

The cepstrum analysis was developed as a one-
dimensional technique to examine seismographic data
containing echos of some arbitrary wave packets [19,
20]. In 1975 the (power-) cepstrum was derived again
from the homomorphic system theory [21]. Based on
the separability of the discrete Fourier transform (DFT)
F{ -} cepstral filtering can easily be transferred to two-
dimensional image processing. In genera, the power
cepstrum of a function f is the power spectrum of the
logarithm of the function’s power spectrum. Therefore,
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the two-dimensional power cepstrum “€{-} may be
defined in the spatial domain (x, y) as

Cfxy) = |FllogF 3. @13

Using the most common way of cepstral filtering to
estimate a scene’strandational shift, first of all, thetwo
images to compare with are placed next to next in the
center of a so-called cepstrum window. Assume a cep-
strum window consisting of the reference image r(x, y)
on the left hand side and the subsequent test image
t(X, ¥) = agr(Xx—Xo, Y — Yo) on theright-hand side. Then,
the resulting cepstrum window g(x, y) may be
expressed like

g(x,y) = r(xy) +t(x=D,y) (14)
= 1(X, Y)[0(X, ) +8,0(Xx—=(D + X5), Y= Yo)],

where @, is an amplitude scale factor and D describes
the dimension of the squareimagesr and t. Therelative
trandational shifts between both images are written in
the spatial x direction in terms of x, and in the y-direc-
tion interms of y,. A stepwise calculation of the power
cepstrum (13) shows the logarithm of the power spec-
trum of the composite signal g containing cosinusoidal
ripples whose amplitude and frequency are related to
the intensity factor a; and the trandational displace-
ments D + X, and y,

—i2m(u(D + xo) + VYp)

G(u,v) = R(u, v)(1+a,e ) (15

log|G(u, v)|2 = log|R(u, v)|2
+1og(1 + 2a,c08(21(U(D + Xo) + VYo)) + ag)

) X (16)
= log|R(u, v)| +Iog|1+a0|

aozcos(Zn(u(D +X)FVY)) F ...,

+

where R(u, v) and G(u, v) arethe Fourier transformsin
the frequency domain (u, v) of the reference image and
the cepstrum window, respectively. In (16) the power

series expansion log(1 +x) = ) ~_ (=1)"* x"/n with
—1<x<1lisinserted. A second power-spectrum opera-
tion is performed to obtain the power cepstrum of
9% y),

G{ag(x, )} = €{r(x y)} +Ad(x,y)
+BO(X% (X + D), y*Yo)

+CO(X+2(X,+ D), y£2yy) + ...,

which equals the power cepstrum of the reference
image plus a train of delta functions occurring at inte-
ger multiplies of the trandational shifts (D + Xy, Yo)-
Thus, the trandational difference between the two
imagesr and t can simply be detected by inspecting the
distance between the origin and the location of the first
maximum peak in the cepstral plane.

17
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Fig. 2. Registration of translations using the classical cepstrum technique. The figure’s left part illustrates the classical cepstrum’s
property registering very large shifts (up to 50% of the width of images). The original-, the reference-, and the subtraction-image
after registration are displayed adjacently from left to right. The dark bar in the difference image results from subtracting non-over-
lapping regions. The example on the right demonstrates the robustness of the technique with respect to noise (down to signal-to-

noise ratios below 1.0) [10].

Although this classical cepstrum technique requires
no segmentation and is reliable, efficient, and immune
to noise (Fig. 2), it has the disadvantage of being sensi-
tive to rotational changes between the images being
registered.

3.2. Rotation-Extended Cepstrum Technique

An extension to rotations of classical cepstrum fil-
tering can be given using the Fourier—Mellin RST-
invariant image descriptor. The logarithmic polar map-
ping of the Fourier power spectra (11) yields an image
representation where tranglations are eliminated and
rotations and scales are mapped into shifts. Those may
be detected applying the classical cepstrum (17). After
appropriately rotating and scaling one of the images,
[22, 23] the cepstrum technique (17) may be applied
againwitha =0and 3 =1in (7) now [1].

3.3. Optimization for Medical Imaging

In medical imaging, scales are often neglectable.
For example, in dental radiology, the X-ray tube is
touching the patient’s face and the intraoral film is
pressed onto jaw and teeth. The approximation 3= 1in
(11) leadsto

IFo(p, 9)F = [Fa(p, & — ) P, (18)

and therefore, the registration step for rotation detec-
tion has to be performed only in one dimension. Since
cepstral techniques always assess two dimensions, cor-
relation based methods can be easily designed to regis-
ter only one dimension.

The cross-correlation function

CCF(t) = 5 S (Fu(p. ¢ +)IFo(p, ) (29)
P ¢

can be used efficiently, where the maximum CCF,,, =
CCF(a) indicates the rotation angle a to be detected.

PATTERN RECOGNITION AND IMAGE ANALYSIS Vol. 6

Nevertheless, a lot of multiplications are required to
compute the cross-correlation (19).

The amount of computation is drastically reduced if
the similarity measure is constructed from an one-
dimensional function. Let d(p, ¢) be the subtraction of
the functions F; and F, defined in (18) which can be
calculated without any multiplications,

d(p, §) = [Fs(p, ¢ + )P = [Fo(p, 9P,

and t again denoting the misalignment in the ¢-axis.
Then, the histogram distribution h,(p) provides a one-
dimensional function describing the similarity between
F, and F, depending on the parameter t, where p isin
the range of values of d,. The standard deviation [24] or
the entropy [25, 26] of the histogram of the difference
image

(20)

EHDI(t) = -1% h(p)log(h(p)) (21)
g

may be used to evaluate the best adjustment with
EHDI,,» = EHDI(a) indicating the rotational angle a
to be detected.

4. IMPLEMENTATION

Some preprocessing steps are used to improve the
results of cepstrum filtering. These methods are
described next while the computational improvement
applying the discrete Hartley transform is shown in the
last paragraph of this section.

4.1. Preprocessing

The discrete Fourier transform (DFT) assumes the
imagesto be periodic. To avoid artefacts resulting from
the nonperiodic property of finiteimages windowing is
required [20]. In our application, the Kaiser—Bessel

No. 3 1996
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Fig. 3. Rotation-extended cepstrum technique. After windowing and zero-padding, the Fourier power spectra of both images to be
registered are calculated. Before mapping to polar coordinates, the spectra are histogram optimized. Rotation is detected first using
either the classical cepstrum technique, or the correlation, or the entropy based similarity measure. These are the three methods to
be compared. After rerotating one image, the cepstrum technique is applied in a second step also registering trandations.

window w(n) for thedimension of theimageN, 0<n<N
is approximated by [27]

n 2
w(n) = by— blcos%nﬁg —b, cos%nﬁna

b, = 0.40243

b 3. b, = 0.49804 (22)
- 3cos%nﬁD with b, = 0.09831
b; = 0.00122

The agorithms for the fast Fourier transform (FFT)
are usually limited to images with dimensions of pow-
ers of two. Zero-padding all images before transform-
ing allows the handling of arbitrary dimensions of the
image’s column or row length. Additional preprocess-
ing by Sobel-filtering is also applied to emphasize edge
information [10]. In addition, the Fourier spectra are
histogram-optimized by stretching their logarithmic
scale before they are mapped into polar coordinates.
The resulting block diagram is presented in (Fig. 3).

The logarithmic polar mapping is used to turn rota-
tionsinto trandations along the ¢-axis. In order to cal-
culate the logarithmic polar mapping on discrete image
data, the spatially variant resolution of the logarithmic
domain has to be considered. The sampling rate
decreases rapidly towards the image margins so that an
antialiasing filter must be provided.

4.2. Hartley Transform

The discrete Hartley transform (DHT) may be used
in cases where data is in the real domain and phase
information is not required to substitute the more com-
monly used DFT designed for complex data. The ben-
efits of calculating power spectra and power cepstra

PATTERN RECOGNITION AND IMAGE ANALYSIS Vol.

6

using the DHT are about 50% less required memory
and about 40% faster program execution, at no lossin
accuracy [28]. Algorithms for fast Hartley transforms
(FHT) are described elsewhere[29, 30].

The DHT was introduced as a sum of double-sided
sine and cosine transforms [31, 32], corresponding to
the continuous integral transform presented by Hartley
[33] dready in 1942. The separated DHT of an M x N
image f(x, y) isgivento

M-1N-1
Hy(u, v) = f (X, y)cas(21ux)cas(21vy) (23)
XZO)/ZO
and
1 M-1N-1
f(xy) = WUZOVZOHS(LL V) (24)

x cas(2mux)cas(21vy)

denotes the inverse Hartley transform, with cas(B) =
cos(0) + sin(B) being an abbreviation adopted from
Hartley [33]. According to (23), the Fourier power spec-
trum is calculated exploiting the relationship between
the DHT and the power spectrum [34],

F(u v)I* = FTH(u, v) + H(u, -v))°
(29
+ TH(U, V) = Hy-u,-v)]°

In our registration approach, the Fourier power spec-
traused to calculate the power cepstrum (13), aswell as
the Fourier power spectra used for rotation detection
(11), are numerically obtained with equation (25).
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Fig. 4. In vitro object. This part of a human mandible was
used to create the sequences shown in (Fig. 6). In addition,
aBranemark screw was implanted in the interdental region
to obtain the third sequence (Fig. 6 bottom). For image
acquisition, the dry jawbone was mounted on the adjustment
device (Fig. 5).

Fig. 5. Device for image acquisition. This figure shows the
mechanical device constructed for thein vitro study. On the
upper left, a part of the mounted X-ray tube is visible. The
X-rays pass the phantom and were converted into a digital
image with the aid of the CCD sensor, shown in the upper
right. The sequences (Fig. 6) have been produced using the
Sens-A-Ray system [11] (REGAM Medica Systems,
Sundsvall, Sweden). The micrometer screws alow the
adjustment of trandations with a precision of 1/100 milli-
meter. The scales on the revolving axes can be adjusted in
steps of one degree. Note that thein vitro object used in this
study (Fig. 4) is different from the phantom shown here.

LEHMANN et al.

5. In vitro STUDY

At first, our method for generating test images with
a priori known misalignment is described. Based on
855 pairs of dental radiographs, the three proposals for
the rotation detection step are systematically compared
next.

5.1. Test Image Acquisition

Taking into account the influence of real structures
in the nonoverlapping regions of both medical images
to be registered, we compared the three approaches for
the rotation detection step by means of in vitro images
and not on simulated data High-resolution X-ray
CCD-sensors are recently available in dental radiology
[11, 12]. Therefore, our study basesonin vitro acquired
digital radiographs of a human jaw (Fig. 4). A mechan-
ical device was constructed fixing the positions of
X-ray tube, phantom, and sensor (Fig. 5). The
micrometer screws allow precise movements of sensor
and object. Rotations can be adjusted on the revolving
axes with an accuracy of one degree.

Three image sequences have been generated by
equidistantly moving or rotating the sensor perpendic-
ular to the central ray.

* The tranglation sequence containing 41 frames has
been abtained moving the jawbone 40 mm perpendicu-
lar to the central ray along the 17.2 mm width sensor
(Fig. 6 top).

» The combined sequence including 33 images has
been acquired rotating the object with atotal amount of
180° while the rotation axis was not in the center of the
sensor. Therefore, this sequence contains not only rota-
tional but also translational shifts (Fig. 6, middle).

* The third sequence has been produced similar to
the second one. Additionally, the X-ray’s dose was
modified during the acquisition of the sequence. There-
fore, the images differ in intensity and noise. The cap-
tured section of the dry mandible includes front teeth,
premolars, and a dental implant produced by Brane-
mark (Fig. 6, bottom).

Combining the sequence’s single frames in pairs of
two, altogether 855 different sets of X-rays with a pri-
ori known relative movement were registered applying
all three techniques.

5.2. Results

Our extensive simulations proved the rotation detec-
tion step by means of the cross-correlation as well as
the entropy measure to be superior to the one based on
the cepstrum filter (table). For this, the entropy is cal cu-
lated on the one-dimensional histogram of the differ-
ence image. The superiority of entropy and correlation
to the cepstrum is because Fourier power spectra
instead of real images are to be adjusted in the rotation
detection step. Since correlation and entropy yield sim-
ilar results, the entropy method is preferable due to its

PATTERN RECOGNITION AND IMAGE ANALYSIS Vol. 6 No. 3 1996



A ROTATION-EXTENDED CEPSTRUM TECHNIQUE

599

Fig. 6. Test image sequences. The lines at top, middle, and bottom show single frames equidistantly captured from the in vitro
acquired test sequences: (a) pure tranglation; (b) translation and rotation; (c) translation, rotation, and intensity variation, respec-

tively.

numerical efficiency. While the correlation has to be
computed in a two-dimensional image plane, the
entropy is calculated on a one-dimensional histogram
function.

The union of the logarithmic polar mapped power
spectra with the entropy-measure leads to a precise
determination of rotational differences. One image is
adequately rerotated applying 4 x 4 bicubic spline
functions [22, 23]. Subsequently, trandations are cor-
rected using common cepstral techniques. This method
allows reliable (probability >80%) registration of pic-
tures overlapping more than 70% with rotational com-
ponents less than 15 degrees, regardless of noise or
intensity variations occurring in clinical radiographs.
This result is deducted from the lines marked in table.

6. APPLICATION TO MEDICAL IMAGES

As we have pointed out before, the object/back-
ground model is invalid in most medica applications.
The entireimage must be regarded asthe object. In addi-
tion, the object may be modified between the moments

PATTERN RECOGNITION AND IMAGE ANALYSIS  Vol.
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of capturing the two images to be spatially registered.
These madifications can be classified in three categories:
local differences, local and global deformations, and, of
course, combinations of these classes.

The next paragraphs describe the application of the
entropy-based rotation-extended cepstrum technique
for each class of object modification.

6.1. Local Differences

If the spatial geometry of object and imaging system
is constant or reproducible between the moments of
image acquisition and hard tissue is imaged, only con-
fined differencesin the image may occur. In most cases
these changes are of diagnostical interest and have to be
detected or measured.

Examples are tuberculosis inspection in thorax
X-rays or the determination of bone changes in dental
implantology. Inthelatter case, implant patientsare asked
half-yearly for a recdl examination with an intraora
X-ray teken routinely. The dentis has to compare
radiographs differing in trandation, rotation, intensity,

No. 3 1996
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Thetable shows the results evaluating 855 pairs of dental radi

ographswith a priori known displacement. The three horizontal

blocks refer to the three captured X-ray sequences (Fig. 6). The second column denotes the relative displacement of the two
radiograps being registered. For the rotated sequences, the angle a of rotational movement is given. The third column denotes
the overall number of image pairs evaluated with this movement. The block on the right shows the numbers and percentages
of correct registrations using the three different methods to detect the rotational movement. The columns; Cepstrum, Corre-
lation, and Entropy refer to equations (17), (19), and (21), respectively. The extensive simulations prove the rotation detection
by means of cross-correlation or entropy to be superior to the one based on the cepstrum. The lines marked with an arrow
(—) arereferred to in the text judging the usefulness of the techniques.

Rotation detection performing
Sequence Displacement pg-?g%% ceptrum correlation entropy
no. % no. % no. %
Tranglation 0.00% 41 41 100 41 100 41 100
5.81% 40 40 100 40 100 40 100
11.63% 39 39 100 39 100 39 100
17.44% 38 36 95 38 100 38 100
23.26% 37 34 92 34 92 34 92
— 29.07"% 36 26 72 29 80 30 83
34.88% 35 20 57 21 60 21 60
40.70% 34 11 32 15 44 17 50
46.51% 33 6 18 5 15 7 21
Fi xed_ Translation and 0.00° 33 33 100 33 100 33 100
Rotation 5.45° 32 29 88 32 100 <7) 100
10.90° 31 18 58 31 100 31 100
—16.35° 30 8 27 28 93 29 97
21.80° 29 6 21 21 72 23 79
27.25° 28 5 19 19 68 19 68
32.70° 27 4 15 11 41 12 44
38.15° 26 5 19 9 34 11 42
43.60° 25 3 12 6 24 7 28
Fi xed_ Translation and 0.00° 33 33 100 33 100 33 100
Egga}'rﬁ’tgnag?y@??a‘;% 5.45° 32 18 56 28 88 30 04
10.90° 31 13 42 27 87 28 90
— 16.35° 30 9 30 22 73 24 80
21.80° 29 7 24 16 55 19 66
27.25° 28 2 7 9 32 13 46
32.70° 27 4 15 11 40 13 48
38.15° 26 1 4 4 18 9 34
43.60° 25 0 0 4 16 6 24
Sum 855 451 52.75 606 70.88 639 74.74

and noise to assess the periimplant bone status, e.g., the
two radiographs in the left part of (Fig. 1). The current
image (Fig. 1, bottom left) is registrated to the refer-
ence image (Fig. 1, top left) using the new technique
resulting in a rotation and a trandation (Fig. 7, left).
After cepstral filtering and contrast adjustment (Fig. 7,
middle), the subtraction of both images (Fig. 7) proves

the successful registration. Periimplant bonelesions are
easily detectable in the subtraction image as dark spots.
Note that there is also bone destruction in the interdental
region. Therefore, the rotation-extended cepstrum tech-
nigue has become the fundamental part of the automat-
ical densitometric analysis of the alveolar bone struc-
turesin dental implantology.
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Fig. 7. Registration with local differences. Thein vitro radiograph shown in (Fig. 1) on the bottom left was adjusted to the reference
image (Fig. 1 top left) using the rotation-extended cepstrum technique. After geometrical (left) and contrast (middle) adjustment,
the reference image was subtracted from the subseguent image (right). The simulated changes in bone structure are clearly visible
as dark spotsin the difference image. The black and white borders of the implant are artefacts caused by misalignment.

Fig. 8. Registration with local deformations. Thetop line shows single frames captured from a stroboscopi ¢ video sequence of mov-
ing vocal cord. Theresults of geometrical and contrast adjustment is shown in the middle and the differenceimages after registration
are shown in the bottom line. The top left frame is used as reference for subtraction.

6.2. Local Deformations

The second class of object modifications are defor-
mations occurring in some image regions. They are
usually caused by muscle contraction in vivo imaging
soft tissues. The endoscopic inspection of the larynx
examples this category. Detuned triggering the strobo-
scopic illumination with the fundamental wave of the
patient’s phonation allows the assessment of the vocal
cord’'s vibration. Considering single frames of the
sequence, the vocal cords deform while the surround-
ing larynx is figured immovable.

The top line in (Fig. 8) shows six frames captured
from a videol aryngoscopic image sequence. Additional
to thevibration of the vocal cords, the patient and/or the
examiner moves. The second line in (Fig. 8) displays
the same frames after correction for patient movements

PATTERN RECOGNITION AND IMAGE ANALYSIS  Vol.

6

using our new technique. The subtractions after con-
trast adjustment are arranged in the bottom line in
(Fig. 8) with the first frame always used as reference.
In the adjusted sequence, for example the area of vocal
cord vibration is measurably opening new diagnostic
benefits for the characterizing of laryngitis and
chorditis.

6.3. Global Deformations

The last class of object movements in medical
images are global deformations. The images to be
adjusted are similar, but there are no image regions
exactly corresponding. Therefore, this case is the most
difficult one. It is not only complicated to register the
images, but also to judge the quality of registration.

No. 3 1996
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Fig. 9. Registration with global deformations. Two successive histological slices of a human ankle are shown in top line of figure.
The differenceimages before and after adjustment are displayed in the middleline on theleft and theright, respectively. The overlay
of the outlines taken from image 1 to image 2 is shown in the bottom before and after registration of image 2, respectively.

Figure 9 shows two successive histological slices
imaged from a human ankle. Trandationa and rota-
tional distortions occurred during the subsequent digi-
tization. Before the frames can be used to generate a
three-dimensional reconstruction of the convex articu-
lar surface they have to be registered. The subtraction
before and after registration using the new techniqueis
less suitable to appraise the quality of alignment
(Fig. 9, middle line). Although one might prefer the

PATTERN RECOGNITION AND IMAGE ANALYSIS Vol. 6

subtraction after registration, both difference images
exhibit alot of dominant structuresin all image areas.

To evaluate the new technique registering images
with global deformations, the outlines of bone and car-
tilage have been marked in the reference image by an
expert. These lines are overlayed to the current image
before and after registration (Fig. 9, bottom) proving
the correct adjustment of both dlices based on the rota-
tion-extended cepstrum technique.
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7. CONCLUSION

The common cepstrum technique was restricted so
far to the detection of puretranglational shifts. Combin-
ing the entropy anaysis with the Fourier—Mellin RST-
invariant image descriptor, cepstrum is now extended to
rotations as well. Is was proven that the new algorithm
alows reliable registration of images displaced less
than 30% with rotations smaller than 15 degrees,
regardless of noise or intensity variations.

The proposed method was successfully applied in
severa cases of medical imaging. The registration of
images differing locally was evaluated on radiographs
taken in dental implantology. Although local occurring
deformations are present, the frames of video
sequences of the vocal cords are precise adjusted. The
capacity of our method to register images with global
deformations is proven based on histological slices of
human ankles. All categories of differences occurring
inthe two imagesto be registered, aswell as noise and
intensity variations, cannot prohibit successful regis-
tration.

Therefore, the new techniqueis applied astheinitial
image processing step for the densitometric analysis of
bone lesionsin dental radiographs. Thisinitial registra-
tion permits the subtraction of sequential images fol-
lowed by an automatic segmentation of bone lesions
and measurement of lesion areas. In dental radiology,
radiographs are taken from the same dental region of
the same patient at different points of time. Tranda
tional as well as rotational misalignments can be pre-
cisely compensated in vivo with the new method even
if other distortions of the projective geometry occur.
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