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ABSTRACT

The detection of image changes irrespective on geometric transformations are required in many ap-

plications. In this paper we present a novel use of the scale transform oriented to image identi�cation

and registration. If we translate a signal then all the information appears in the phase of the Fourier

transform of the translated signal. Similarly, if we scale or rotate an image all the information about the

amount of scaling or rotation appear in the phase of the scale transform. In the present study we report a

very precise image identi�cation technique based on the use of the power cepstrum of the scale transfor-

m. Cepstral �ltering can be considered as a non-linear adaptive pre�lter followed by an autocorrelation

operation. The accuracy of the cepstrum techniques and the speed of the Fourier transform makes the

present method faster and more robust to noise than other existing techniques. Image registration has

been accomplished by computing the power cepstrum of the log-polar scale mapping. The performance of

the improved method has been experimentally veri�ed in a class of typed characters and diatom images

in lighting microscopy.

KEYWORDS: Scale, Mellin transform, Fourier transform, invariants, stationary phase, cepstrum

analysis.

1. INTRODUCTION

The scale transform has been recently proposed by one of the authors and applied to 1D signals in

areas such as speech processing, biological signals and machine vibration analysis.4 Later on we extended

the scale transform concept for images .5 One of the main properties of the Fourier transform is that it
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allows one to compare translated images and to remove the translation factor. That is the case because

the energy density spectrum, the absolute square of the Fourier transform, is insensitive to translation.

The importance of this is that if we have two objects at di�erent locations the energy density spectrum

will tell us the inherent di�erences between the two and irrespective of the translation factor. Now suppose

that instead of translating the function we magnify it or rotate it. We want a transform that will remove

the magni�cation or rotation factor so that we may compare the inherent di�erences. The scale transform

provides us a transform that is insensitive to scaling or rotation. In this way, we use the scale transform

properties for image identi�cation and registration. We propose an aÆne invariant system based on

the use of the scale transform and a cepstrum-based cross-correlation technique. Cepstrum analysis has

been used in the past for acoustic signal processing, Doppler analysis, shift detection and image stereo

analysis.10, 11, 21, 22 However there is a few works on the use of cepstrum analysis for image registration.

The main advantages of the cepstral techniques are noise tolerance and high discriminability for similar

objects. The next of the paper is organized as follows. The next section provides a general description of

the materials and dataset used here. Section 3 presents the basis of automatic slide scanning of samples

in light microscopy. The identi�cation and registration method to achieve the desired aÆne invariant

properties is described in Section 4. Section 5 analyzes and compares the performance of the method with

other alternative methods from the literature. Finally we conclude with a brief summary of our results.

2. MATERIALS AND DATASET

Di�erent diatom samples from fresh water and human tissue � were analyzed with a Zeiss Axiophot

photomicroscope illuminated with a 100W halogen light with 40X lenses. For image acquisition, we used a

Scion frame grabber that includes the NIH image processing shareware connected to a Cohu CCD analog

camera. Two PC image analysis systems (Pentium II &III) were used one for image acquisition and the

other one for algorithm computation. Furthermore, for computer intensive calculations a SUN Enterprise

450 with four processors was used. Images have been digitized with 8 bit/pixel and 256x256 size. The

microscope slide was moved with a X-Y-Z motorized stage from Prior Scienti�c, with a step size of 0.1 �m

for the X-Y axis and 1 �m for the Z-axis.

3. AUTOMATIC LOCALIZATION OF MICROSCOPIC

PARTICLES

Following is a detailed description of the automatic slide scanning methods.

� Mosaic frame sampling. At low magni�cation it is necessary to arrange all the �elds as a multi-frame

mosaic that will further allow to identify the positions of candidate particles. Fig. 1 shows a 4x4 slide

mosaic in which we can observe an e�ect of inhomogeneous illumination between frames. This e�ect has

�We thank Dr. M. Bayer from Royal Botanical Garden Edinburgh and Dr. B. Ludes from Inst. of Legal Medicine (Univ.
Louis Pasteur, Strasbourg) for providing us some sample slides of diatoms



a b

Figure 1: a Diatom image dataset with a 0.1 scale factor between them (image located at second row and
5th column is the image reference); b Diatom image dataset with 5 deg rotational factor

been eliminated by a background suppression method through a top-hat algorithm.15

� Multiframe detection. Because specimens can appear at di�erent depth planes, we are testing dif-

ferent algorithms for object detection. In particular we are considering algorithms based on mathematical

morphology and image fusion.14

� Thresholding determination. A few methods have been proposed in the literature for threshold de-

termination. For good summary see .8This is by far the more complex process due to fact that in practice

it is necessary to take into account multiple e�ects, e.g. inhomogeneous illumination, large variability of

image pro�les, etc. A few methods have been proposed in the literature. For a good summary see .8 At

low magni�cation it is hard to perform a diatom/non-diatom discrimination. Therefore it is necessary

to detect all possible `candidate' particles, that will be further discriminated and eventually rejected at

higher magni�cation. We have evaluated the inuence of the threshold selection the particle' detection.

The triangle' method provides a simple and adaptive method of particle detection .23 Fig. 2a presents

a multiframe mosaic showing the e�ect of non-uniform illumination between frames. Fig. 2b shows a

selected frame from a slide mosaic. From this image we can observe an e�ect of inhomogeneous illumina-

tion, that becomes more evident when we perform a direct thresholding from this image. Fig. 2a shows

that the result of the binarization process by selecting a threshold value T located at midway distance

between the histogram extrema (see inset located at lower left) is not in general e�ective. To overcome

the shortcomings of a non-uniform illumination situation, we performed two operations over the original

image: 1) background correction by a top-hat (or \rolling ball") technique 15y and 2) a low pass �ltering

on the resultant image. Fig. 2b shows that the histogram of the resultant image presents a Gaussian-like

shape suitable to apply the triangle' algorithm. Fig. 3a shows that the result of the binarization process

provides an e�ective particle detection, even in the case of particles that present extreme gray level values

yIn a top-hat �ltering operation those pixels that exceed the crown are considered noise and are replaced by the mean or
the median value of the hat's brim. The \rolling ball" method considers the darker pixels as the target to remove



(see the rod-shape particle at bottom right side of Fig. 2b). Note that the resultant outlines do not

necessarily delineate well the particles due to the low-pass smoothing operation (Fig. 3a). However this

not a real tradeo� because what really counts is the centroid determination for a further magni�cation.

Fig. 3b shows the image with the labeled particles suitable to be analyzed at higher magni�cation. We

have also implemented a particle' localization guided by size, i.e. a selective search process for detecting

those particles that fall o� an speci�c size range. It is not the purpose of this paper to present the details

of this scanning strategies that will be discussed in a forthcoming publication.

a b

Figure 2: a Histogram thresholding. Note the inhomogeneous illumination e�ect; b Background corrected
(top-hat algorithm) after low-pass �ltering. Note the histogram change at the lower left inset

a b

Figure 3: a Binarized image after the `triangle' thresholding method. Note the adaptive threshold value
marked by an arrow line at the lower left inset; b Labeled particles after �tting a parallelogram to its
outline

4. PARTICLE IDENTIFICATION AND REGISTRATION

After the localization of particles has been completed, it is necessary to perform either an identi�cation

or registration process. For the latter a comparison between two or more images is required .10{12, 18, 21, 22

The di�erences in rotation and scale is used in manual or automatic registration for comparison purposes

or for 3D reconstruction. Image identi�cation needs to be accomplished irrespective to changes in scale



and rotation. A number of di�erent invariant identi�cation methods have been proposed in the literature.

However most of them lack of robustness for di�erent scale or rotation changes .6, 7, 9, 13, 17, 19, 20 Cepstrum

analysis (log of spectrum) has been used in the past for acoustic image processing, Doppler analysis and

image registration. However there is a few works on the use of cepstrum techniques for image registration

of scaled and rotated images .10, 11, 18, 22

4.1 The scale transform

If we call c the scale variable the scale transform and its inverse is de�ned as 4, 5
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The scale transform can be written as

D(c) =
1p
2�

Z 1

0
f(x)x�jc�1=2 dx (3)

which shows that it is the Mellin transform with the complex argument -jc+1/2. The Fourier-Mellin

transform was introduced by Casasent2 for rotation and scale invariant pattern recognition and also Altes

has used it to study mammalian hearing.1 A practical realization of the Mellin transform is given by a

logarithmic mapping of the input scene followed by a Fourier transform. It is well known that there exists

strongly physiological and psychophysical evidence that many visual systems (including the human) use

such log mappings between the retina and the visual cortex (see Schwartz16 for a thorough review).

Since we are dealing with the Mellin transform of a complex argument, there exists a direct relationship

with the Fourier transform. In particular if we de�ne a signal fl(x) =
1p
x
f(lnx) then by substituting in

Eq. 2 we have

Dl(c) =
1p
2�

Z 1

�1
f(x) e�jcx dx (4)

that is F(c) = Dl(c). From this relations one can see the scale by resampling the uniformly distributed

samples of x with a logarithmic function. The simplest way to construct multidimensional scale transforms

is through 1D ones. In 2D one can de�ne two feasible constructions, namely, separable and non separable

implementations. The former corresponds to the successive application of 1D transform along the XY

Cartesian coordinates while the later is based in a warping operation converting the original spatial image

onto a Cartesian polar-logarithmic coordinates.

The non-separable direct 2D scale transform is given by

D(cr; c�) =
1p
2�

Z 1

0

Z 2�

0
f(r; �)r�jcr�1=2e�jc�� dr d� (5)

and taking the log of the radial coordinate � = ln(r) we get
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Fig. 4 shows an example of a diatom image (Fig. 4a) that has been scaled (Fig. 4f) and rotated (Fig. 4k).

After the completion of all the required steps depicted in Fig. 4 we obtain a similar scale spectrum for the

three images (Fig. 4e,4j,4o) what provides an identi�cation method invariant to aÆne transformations.

a b c d e

f g h i j

k l m n o

Figure 4: a-e Scale processing steps: (a) original image; (b) power spectrum (logarithmic visualization);
(c) scale weighting factor; (d) log-polar plane; (e) scale spectrum f-j Processing steps for scaled image k-o
Processing steps for rotated image

4.2 Cepstral techniques: s-cepstrum a scale-based cepstrum

The method we propose consists of calculating the cepstrum of the scale transform in order to improve

pattern discriminability and robustness to noise. Fig. 5a shows the scale spectrum steps and Fig. 5b shows

the cepstral cross-correlation steps. The power cepstrum (to avoid confusion with the complex cepstrum)

is usually de�ned as the power spectrum of the logarithm of the power spectrum of a function .3 Here

what we propose that will be useful both for registration and identi�cation is to consider a new cepstral

technique based on the use of the scale transform �rst followed by a cepstral analysis. In that way, we can

propose a new term called s-cepstrum, where the �rst s comes from scale.

4.3 Image registration

We can also take advantage of the cepstral techniques for image registration. The scaling and rotational

di�erences can be observed from the log polar plane (Fig. 4d,4i,4n). Fig. 5 shows as a block diagram the



|FFT|
LOG-
POLAR

|FFT|

R

I

LOG(|FFT|)

R,I

|FFT|

(a)

(b)

CJC

R’,I’

Figure 5: (a) General scheme for image identi�cation (I) and registration (R) (b) The output of (a)
constitutes the input for the cepstral joint correlation (CJC) for image identi�cation (I,I') or registration
(R,R')

two steps required for the image registration process. The log polar images (R-output in Fig. 5a) from the

image reference and test are jointly arranged as shown in Fig. 5b (left) and a cepstral cross-correlation is

performed by the subsequent steps in Fig. 5b. The position of the correlation peaks entails the information

about the changes in rotation and scale.

4.4 Image identi�cation

For image identi�cation it is necessary to start from the scale spectrum (I-output in Fig. 5a). The

cepstrum module is similar as in the previous paragraph. The di�erence in the cross-correlation peaks

provides a similarity measure between the reference and test images. Besides the cepstral cross-correlation

(CCC) technique described in Fig. 5 we have considered two other methods proposed in the literature.

The �rst one is called the normal cross-correlation (NCC) technique and di�ers from the previous one in

that the in Fig. 5b only the squared root of the Fourier transform is computed. The third method is

called the binary cross-correlation (BCC) and consists in binarizing the power spectrum of Fig. 5b. The

mean power spectrum is taken as a suitable threshold value.

5. RESULTS AND DISCUSSION

For image registration, we have considered a reference image and a set of rotated images in steps of

5 deg. Fig. Empirically we have measured the correlation peaks for each rotated image and adjusted a



linear regression curve y = a +mx where a=-10.1545 and m=0.7145. In that way we can measure the

rotational di�erence between two images simply by measuring the cross-correlation displacement (Fig.

6a). Similarly, for scale we can observe a negative exponential decay between the scale changes and peak

displacement. However we have �tted a four degree polynomial due to the fact that in practice the scale

factor range between 0.5 and 1.5 (Fig. 6b). For both cases we obtain a con�dence factor of 95%.

For image identi�cation we have considered two datasets: a dataset of rotated and scaled diatom

images and a similar dataset but for capital Times-Roman letters. Fig. 7a-c present the results for

cross-correlation of the capital letter dataset with a reference letter image or a reference diatom image

(circle or square symbols respectively). This procedure provides a systematic testbed for testing identi�-

cation performance. For rotational changes for the three methods (CCC, NCC and BCC) but 10% of less

disciminability for scale changes. In all cases the scale factor should bigger than 0.5 to provide reliable

identi�cation results due to signi�cant resolution loses for scale factor smaller than 0.5 (see Fig. 10).

Fig. 7d-f present the results for cross-correlation of of rotated and scaled diatoms (see Fig. 1) with either

a diatom or a letter reference. From the curves we can conclude that only the CCC method provides a

reliable identi�cation discriminability in comparison with the other two methods (NCC and BCC).

Finally we have performed a CCC interclass discriminability study between di�erent rotated and scaled

A-letters with others (e.g. E and F) showing the higher correlation peak for the cross-correlation between

A's and A's rotated (Fig. 8). For scaling, the same �gure shows that the best compromise for obtaining

a good discriminability is for a scale factor of 1.4. For diatoms (i.e. images with gray level variability) we

tested some power spectrum weighting factors (Gaussian, parabolic, etc) in order to improve the interclass

discriminability. The problem here is to discriminate di�erent instances (1000 cases) of diatoms (a) from

di�erent instances of diatoms (b) and (c) in Fig. 8b. Fig. 9 shows the results of the CCC method between

diatoms depending on the selected weighting factor. In all the cases we can observe a high interclass

discriminability between samples of diatom (a) and the rest of diatom samples corresponding to diatoms

(b) and (c). A more complete analysis on the e�ect of the power spectral weighting factors remains to be

done.

6. CONCLUSIONS

In this paper a new power cepstral analysis has been proposed for image identi�cation and registration.

The approach is as follows. For registration a log-polar cepstral cross-correlation technique has been

used whereas for identi�cation the cepstral analysis has been performed on the power scale spectrum.

The method is robust to aÆne transformations outperforming interclass discriminability for gray level

diatom images, providing similar performance for binary images in comparison with other correlation-

based methods.



(a) (b)

Figure 6: a Rotational correlation peak measures and regression line; b Scale correlation peak measures
and polynomial �t.

(a) (b) (c)

(d) (e)
(f)

Figure 7: a-c Invariant letter identi�cation for three methods: NCC, BCC and CCC respectively; d-f
Same as (a-c) but for diatoms.
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Figure 8: Interclass letter identi�cation

C

B

A

Figure 9: Interclass diatom identi�cation for three diatoms labeled as A,B,C



Figure 10: Diatoms at di�erent magni�cations interpolated to the reference size. The scale factor is
increasing in steps of 0.1 starting from the image labeled as 1. Note the signi�cant loss of detail for lower
magni�cations
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