
Abstract: Digital colposcopy is an emerging new tech-

nology, which can be used as adjunct to the conventional

Pap test for staging of cervical cancer and it can improve

the diagnostic accuracy of the test. Computer aided diag-

nosis (CAD) in digital colposcopy has as a goal to seg-

ment and outline abnormal areas on the cervix, one of

which is an important anatomical landmark on the ec-

tocervix - the transformation zone (TZ). In this paper

we proposed a new method for estimation of the local

spectrum features of cervical cancer in vivo. We used a

2D method to estimate the energy of the local frequency

bands, using a geometric restriction (GR). In the current

work we reported up to 12 dB difference between the lo-

cal power spectral density content of the region of inter-

est (ROI) and (ROI)C for the mid-frequency band. We

devised a method to present pseudo-color visual maps of

the cervical images, useful for CAD and successful ROI

segmentation. Keywords: Cervical cancer diagnosis

in vivo, CAD, JTFA, Welch method, 2D frequency band

separation via GR.

1 INTRODUCTION

Cervical cancer is the most frequent cancer in women un-

der 35 years of age [1]. It is a preventable disease, one

in which the neoplastic changes grow slowly and they

can often be treated effectively in the early stages of neo-

plasia. Visual impression of the cervix are highly corre-

lated with the accuracy of staging and diagnosis of cancer

[2], therefore a computer aided diagnosis and digital im-

age analysis is a promising evaluation tool for the cervix

vivo. In medical practice, it is essential to differentiate

the abnormal tissue from the normal one, usually per-

formed by a medical expert. Similarly to the ”trained ex-

pert approach,” the aim of the current method is to evalu-

ate the areas such as the transformation zone (TZ), where

the 90% of the neoplastic changes of cells occur via fea-

ture metrics. Certain anatomical features , related to the

visible cervical cancer precursors, can be evaluated and

assessed via signal processing methods [3]. These fea-

tures are: the TZ, the increased vascularity, punctuation,

mosaicism and texture that appear on the ectocervix.

There is no systematic attempt (reported previously)

to apply a joint-time-frequency analysis (JTF) methods

on these features in digital colposcopy. The JTF analy-

sis is independent of the variations in illuminations and

color transform scheme. JTF is a robust type of analysis,

which does not need the normalization or calibration of

the colposcopy images, illustrated on Fig. 1.

Fig. 1: Illustration of two types of maturing TZ a); b) and

c), where neoplasia is starting to develop. It is hard to

distinguish the immature metaplasia from the neoplasia,

when compared a) and b) versus c).

Feature detection for CAD in cervical images started

in early 90’es. B. Pogue et al. [4] studied color as a

discrimination feature for differentiation between high

grade (HG) squamous intraepithelial lesions (SIL) and

squamous metaplasia, using pixelwise measurements of

chromaticity. This study concluded that the color has no

statistical signi�cance in the above mentioned discrimi-

nation task. Several features related to texture were stud-

ied, but only the Euler number measure was found to be

statistically signi�cant measure for HG SIL in the squa-

mous metaplasia tissue discrimination task.

Ji et al. explored and studied the features of 6 tex-

tural patterns, related to HG SIL and accumulated a 24-

dimensional feature, each one forming an objective mea-

sure for the CIN1 and CIN 2 related texture patterns.

Each texture pattern represented a speci�c characteristic

of a particular neoplasia. It was reported that the most

signi�cant features for discrimination were the densities

of the line intersections in thresholded images, the en-

tropies and the local statistical moments (the zeroth to

the third moment). Based on these multidimensional fea-

tures, a classi�er was built, which performed with close

to 95 percent accuracy of the classi�cation [5]. Although

successful, the texture classi�cation using this method

was not assessed in terms of scale. This texture classi�ca-

tion was performed only at one scale, which is not useful

in real applications, as it is known that the focal distance

of the colposcopy apparatus is adjustable for individual

patient examination. Hence, the scale of the texture and

the texture metrics will vary for each patient and the met-

rics in [5] will be obsolete.

The features of the TZwere studied in [6] and [7]. Ex-

amples of digital colpographs with metaplastic and neo-

plastic TZ are displayed in Fig. 1 and it can be noticed

the presence of texture. The texture content of the TZ

V.11. ESTIMATION OF LOCAL SPECTRUM CONTENT OF CERVICAL 

CANCER-RELATED FEATURES VIA TWO DIMENSIONAL METHOD 

OF GEOMETRIC RESTRICTION IN FREQUENCY DOMAIN 
 

Viara Van Raad 
 

School of Electrical Engineeringand Telecommunications, The University of New South 

Wales, Kensington NSW2052, Australia 

e-mail:v.van-raad@unsw.edu.au 



Fig. 2: Three texture samples of TZ that are visible as

darker regions centrally. The texture patterns are due

to the underlying vascular plexus and columnar epithe-

lium’s villi. The Cervical Canal (CC) is in the center as

dark spot, sometimes covered with off-white secretion.

is relative to the size of the cervical canal as it is illus-

trated on Fig. 2. We reported previously a signi�cant

power spectral density (PSD) difference of the textured

TZ for the mid frequency in bandpassed gray scale im-

ages [7]. The experiments there were based also on the

Short Time Fourier Transform (STFT). In the latter cited

paper we also discussed the idea of visual reference map

to the ROI. A discrimination between ROI and ROIC

was achieved using Gabor �lters (speci�c bandpass �l-

ters) [8]. Currently, in this paper we are proposing a 2D

local power spectrum estimation method via Geometric

Restriction (GR) in the 2D frequency domain.

The paper is organized as follows: Section 2 contains

the Subsections: (2.1) the theory of PSE and windowing;

(2.2) the Welch algorithm in 1D; (2.3) the 2D method

of PSE with GR. In Section 3 - Results we brie�y will

discuss the Subsections: (3.1) the achieved visual dis-

crimination as gray scale images; (3.2) the evaluations

of the band separation in the gray scale images; (3.4) the

pseudo-color map for gray scale images; (3.5) the seg-

mentation of ROI by automatic thresholding. In Section

4 we will brie�y discuss our method and results adding

our concluding remarks.

2 METHOD FOR LOCAL POWER SPECTRAL

DENSITY (PSD) ANALYSIS

There are several methods for power spectral estima-

tion (PSE). Some of the non-parametric methods are:

the Bartlett, the Welch and the Blackman-Tukey meth-

ods. One of the parametric methods is the autocor-

relation method (eq. 1) known as the Burg’s algo-

rithm. Maximum Entropy estimations, Prony’s method,

Pisarenko harmonic decomposition and the minimum-

variance spectral estimation belong to a different group of

PSE methods. Many other methods are described in [11]

and elsewhere in specialized literature for 1D PSE analy-

sis of signals. Not all of the 1Dmethods can be applied in

2D for image analysis due to restrictions such as shift and

phase invariancy and signal’s limits. One method that can

be used directly from 1D to 2D is the Welch method for

PSE [13].

2.1 Theoretical Background for Power Spectral

Estimation of Signals or Images

The Wiener-Khinchin theorem [9] states that the inverse

Fourier Transform or the absolute square of F (!) as the
power spectrum of a signal f(t) yields the same as the
autocorrelation functionRXX(t) of f(t) and it represents
the “full (theoretical) power” of f(t):

RXX(t) =
+1Z

¡1

f(¿)f(t+¿)d¿ = F¡1
! [jF (!)j2](t) (1)

The cross correlation of f(t) is maximum at the ori-
gin, hence, the RXX(t) in (1) is always limited by the
energy of the signal, as the signal f(t) must have a �nite
energy. The energy of f(t) is: E < 1; described in (2)
with energy E in the following equation:

E =
+1Z

¡1

jf(t)j2 dt (2)

The Parseval Theorem states the equality of the energy of

the signal in time and frequency domains by the follow-

ing relation:

+1Z

¡1

jf(t)j2 dt = E =
1

2¼

+1Z

¡1

jF (!)j2 d! (3)

where SXX(!) = jF (!)j2 is called the power spec-
trum of the signal, quadratic to the signal f(t) or F (!)
and hence - it is always real.

The simplest and the one with no phase distortion

JTFA method for local frequency features estimation on

images, using a Gaussian window (GW) (eq. 4 - time do-

main) is the STFT. Performing STFT with GW is equal to

Gabor decomposition of a signal [12], as the GW (eq. 5 -

frequency domain) is optimal in both time and frequency

domains:
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t2

¾2
t
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as the bandwidth of the Gaussian in $ frequency are re-

lated via the Heisenberg inequality [12]:

¿$ ¸ 1
4¼

: (6)

In practical terms our proposed method is widely

based on the 2D Welch method for local power spectral

estimation [13]. In our case we propose to manipulate

the separation of the bands in 2D directly. The separation



of the bands at each pixels of the gray scale colposcopy

image is performed using an Euclidean distance restric-

tion, thus ensuring the highest accuracy for the calculated

PSD values for s-band separation in frequency domain.
In such way we avoid the drawbacks related to the appli-

cation of very narrowband �lters in 2D due to the non-

ideality of the �lters as their frequency responses differ

from the ideal �lter because of the �lter’s ripples.

2.2 The Welch Algorithm

During the last 30 years, devoted in spectral estimation,

the Welch algorithm in 1D [13] is one of the most widely

applied technique. This algorithm is used for practical

application for estimation of the PSD of a signal. It has a

well–known accuracy of the spectral estimates, that was

studied for various windowing methods. It is known that

this algorithm uses the modi�ed periodogram averages.

The methods discussed in the introduction of Section 2

are presented in detail in [10] and [14].

The Welch algorithm assumes that for a data stream

f [n] (a discrete signal), the periodogram averaging

method includes a sliding windowed portion of the sig-

nal f [n] as series of steps, segmenting the signal into K
overlapping sequences, each one of length L: The ith se-

quence for that particular signal is de�ned by the rela-

tion:

f [i; m] = f [m + i(1 ¡ r)L]; (7)

where the indices are i = 0; 1; ::::K ¡ 1; and m =
0; 1; 2:::L ¡ 1 and r represents the percentage of over-
lap. The most often use percentage of overlap is r = 1
for 100% overlap and r = 0:5 for 50% overlap. The data
is windowed using various windows and the effects of the

application of these windows are discussed in specialized

parts of many signal processing books and articles: [15]

and elsewhere. Windowing is applied to prevent a spec-

tral leakage or distortions (aliasing) from the highest fre-

quencies of the “all-or-nothing” window.

2.3 Estimation of PSD via Geometric Restriction in

2D Frequency Domain

The “geometric” approach uses a direct manipulation on

the already transformed windowed portion of the signal

in the frequency domain; viewed as a local spectral sig-

nature in each 2D (bandlimited) window [¡¼; ¼]. The
method is de�ned by setting the boundaries of each con-

centric “stripe” via 2D Euclidian distance criteria with

s+1 circles used as separators, forming a total of s-bands.
The PSD of the signal at each point in frequency domain

corresponds to a particular image point. It is calculated

by averaging of the total energy within the band using es-

timated adjacent ”area” of the stripe. This is illustrated

by Fig. 3). The boundaries of each band can be prede-

�ned, using an Euclidian distance metric constrained by

distance (radius of the concentric circle) adjacent to each

point of the 2D local frequency decomposition (depicted

in Fig. 3). The PSD within k- band Bk that belongs to a

Fig. 3: The density estimation for s¡band partition of
the local frequency domain in a bandlimited windowed

portion of the signal [¡¼; ¼];, adjacent to image point.
In the center is the zero frequency DC. The most distant

point (®s; ¯s) is the highest frequency [¡¿ ; ¿ ]:

set of bands B = [B1;B2;::::Bs]; can be described math-
ematically using eq. (8 ), representing the average value

of the 2D energy "(u; v) distribution across this particu-
lar “stripe” or the adjacent band Bk. Ak is considered to

be the area of “stripe” calculated in units. The PSD value

for the kth stripe is:

PSDk =
1

Ak

®kZ

®k¡1

¯kZ

¯k¡1

"(u; v)dudv (8)

By means of feature content discrimination - in the

proposed method of decomposition, we observed that ac-

cording to eq. (8), the resultant PSD characteristic forms

a s-dimensional features of the 2D PSDs. Each col-

poscopy image can be represented with its s-dimensional
feature image of PSDs, with a relevant information within

the particular subsets of pixels, that belong to ROI and

ROIC for the total number of s bands.To determine if a
discrete point ½ [u; v] in 2D frequency domain, from a
discrete grid belongs to kth band we set up a geometric

decision boundaries, taking in account the boundary of

the lower band k ¡ 1 and the boundary of the upper band
k + 1; such as:

Dk¡1(½ [u; v]) =
q

½2
k¡1;u + ½2

k¡1;v

Dk(½ [u; v]) =
q

½2
k;u + ½2

k;v
Thus,we use the most commonly used Euclidian dis-

tance for the point ½[u; v] ( u and v are the abscissa and
the ordinate in frequency "): The spectral content of the
at discrete point [u; v] is ½ [u; v] and has the value of the
PSD that belongs to the band k with the following restric-
tion:

Dk¡1(½[u; v]) < "[p[u; v]] · Dk(½[u; v]): (9)

Following this, we formed the PSD-based image for
each band s - I(s)

P SD that re�ects the local frequency con-



tent at each point of the [Y,I,Q]–transformed gray scale

image Icolp. By this method we obtained separate band

passed images I(1)
P SD; I(2)

P SD::::I(s)
P SD. They represent a

subset of the energy content that belong to the original

image Icolp (presenting here the Y component only).

3 RESULTS

Applying the geometric restriction method we processed

70 color images (512x512) taken the Y,I,Q - color lin-

ear transform [17]. We used the luminance (Y) and the

chrominance (I,Q) information for the band separation in

gray scale. A visual band separation for the three differ-

ent Gaussian windows and three frequency bands using

Y channel only is demonstrated on Fig. 4. All images

within the second band exhibited clearly an outline of the

TZ (ROI), accompanied with a large attenuation of the

signal presented within the area of ROIC . This feature

was shown for all images processed with Gaussian �lter

with ¾k ¸ 0:45¼ and ¾k · 0:65¼: It appears that the de-
composition of the gray scale images in the second band

shows the best performance. Band 2–images are the best

candidates for texture-related feature separation via local

spectral estimation in comparison to band1, where a mix-

ture of surroundings of the ectocervix are visible.

3.1 Visual Discrimination of ROI in Gray Scale

Images

Fig. 4 demonstrates a well de�ned visual discrimination

of the TZ, especially in band 2. In addition to that the

frequency decomposition of the gray scale images repre-

sented in band 3 exhibit a strong presence of previously

mentioned artefact - the specular re�ection (SR). Band

3 contains an outline of the SR. It can be deducted that

using features in the highest frequency band we can com-

plement the algorithm for SR detection [7], where the

maximum a-priori algorithm (MAP) was used to reduce

the effect of the SR using color information of the col-

poscopy images under the assumption of Gaussian mix-

ture pdf in color space.

3.2 Evaluation of Band Separation for ROI

In the experiments we also estimated the magnitude val-

ues of the ROIs and its complement - the ROIC . We

determined the in�uence of the ¾u1;u2 on the separa-

bility of the ROI and ROIC , while varying the value of

¾u1;u2from 0:15¼. to 0:5¼ as part of the scale-space-
frequency changes studies.

Each point of the graphs for Band 1, Band 2 and Band

2 represents a pooled value (across 70 test images) of the

absolute differences between the pixel sets that belong to

ROI and ROIC at an experiment carried on using GW

with a particular ¾k (Fig. 5). On these 3 graphs the re-

sults from the evaluation of the Y (gray scale image) are

imported from the automatically recorded data and plot-

ted using Matlab 6.1. These absolute differences in mag-

nitude in [dB] for the TZ-texture related PSD values are

Fig. 4: Gray scale images that illustrate the formation

of separate PSD-based images into three bands using a

geometric restriction. The upper row troika are calcu-

lated with ¾k = 0:15¼ for band1, band2 and band3. The

second row is a set of three band speci�c images when

¾k=0:25 is used. The images on the lowest row are calcu-

lated for ¾k = 0:45¼:

estimated as average values (across the 70 test images) of

the resultant gray scale images. The resultant images look

similarly to the images depicted on Fig. 4. The values of

ROI and ROIC were estimated by the method, described

in [8] for each experiment with a particular GW with ¾k
and for each of the test images. The evaluation method

uses a pre-de�ned “ground truth” as binary masks that

overlay the gray scale images. Applying boolean alge-

bra the “mask” automatically selects the ROI on the gray

scale resultant image and perfroms a �rst order statistics.

We performed the evaluation on the Luminance and the

two Chrominances (Y, I,Q) for various ¾k. In the cur-

rent paper we presented the results for Y only. The band-

separation differences for Y are illustrated on Fugure 5.

Analysis of these values shows that the values for ROI

in band 2 are all positive, while the values of ROIC for
the band 3 are all negative, thus, resulting in twofold dif-
ference (shown on the Fig. 5) for the location-wise PSD

difference estimate between the ROI and ROIC (see Fig.

5). The graphs for the two chrominance based images

(I,Q) are similar to the graph of the Luminance displayed

of Fig. 5). The data from the I and Q yielded lower differ-

ence values (AfjROI ¡ ROIC jg) setwise for band sep-
aration, that vary between 5-6 dB for Band 2 for either

chromaticity.

We also devised a method to create a 3-tuple pseudo-

color maps of the ROIs for CAD. A success in the auto-

mated thresholding of the ROI on the so processed band-

passed images is described further, that leads to success-

ful segmentation of the TZ as (ROI). Illustration of these

pseudocolor images is presented on Fig. 6.



Fig. 5: Luminance(Y)-based differences of PSD values

[dB] of ROI and ROIC for three bands with varying co-
variance of the applied Gaussian �lter.

3.3 Pseudo-color Map of Local Spectral Features

We created the pseudo color map as we “combined” the

quantitative information using one type of source image:

e.g. using only Y, or only I or only Q components. In a

case where we will be looking for multidimensional fea-

ture, each of the (Y,I,Q) 3-band separation will lead to

9-dimensional feature. In the current case, we are pre-

senting the pseudo-color images from 3-band separation

based on the luminance (Y) information only.

The pseudo-color map, illustrated on Fig. 6 rep-

resents a 3-tuple image formed by band1;band2 and

band3;whilst we varied the variance of the Gaussian win-
dow ¾k starting from 0.15¼ to 0.65¼ (step of 0.05¼) with
¾k =0.15¼ shown to be the upper left image.
The idea of the pseudo-color map is to collate an

unique combination of values in 3D color space, that be

created from the three bands (Band1; Band2; Band3),

presented as multi-dimensional data, using the perceptual

ability of the Human Visual System (HVS) that view the

surrounding world hypothesized by the tri-stimulus the-

ory [17]. The unique combination of the response in the

three band at each point can be associated with a speci�c

color, that could point to “normality” or “disease.”

Discussion on pseudo color maps: the areas with

green patches represent the metaplastic, but normal TZ,

while the dark red represents the normal SE, surrounding

the TZ. These pseudo-color maps can be bene�cial for

detection of cancer precursors such as disturbed vascular-

ization, punctuation, mosaicism or other patterns. Each

one of the exhibited frequency signatures has an unique

combination of scale-speci�c values.

Fig. 6: Illustrates a pseudo-color map in scale-space-

frequency via sliding Gaussian window. The window ¾k
varies form 0.15¼ to 0.5¼ in normalized frequency.

Fig. 7: Binary images derived by automatic segmentation

achieved by maximization of the ratio between-class and

within-class variations of the data. Shows a scale space

representation: with images derived using Gaussian win-

dows with varying sigma shown individually.

3.4 Segmentation of ROI by Automatic

Thresholding

We choose to threshold adaptively the gray scale images

using Ostu’s method of automatic thresholding [16]. The

latter method maximizes the ratio between “between-

class variance”and “within-calss variance” of the gray-

level histogram assuming Gaussian pdf of the band-

passed data. This algorithm is effective, simple and fast

and it is able to estimate automatically the separability

as segmentation of the ROI and ROIC . We tested the 2D

data (gray scale image) as Luminance and Chrominances

(Y,I,Q) for the three bands for �fteen covariances, starting

with ¾k = 0:15¼. We performed the binary thresholding
method for each of the test images.

Examples of thresholded (processed as band-pass lu-

minance images) are displayed on Fig. 7.

Comparison with pre-established ground truth, de-

�ned as binary masks, de�ned in more details in [8]

yields the best separation of the ROI and ROIC in band 2

for ¾ = 0:45¼:
The segmentation in band 1 was successful only in



the central portion of the images, where the TZ is visi-

ble. The overall performance for band 1 is poor, with the

pooled averaged results for ROI 95%, but the misclassi�-

cation for ROI is close to 75% (pooled average).

To contrast this, the segmentation in band 2 is much

more accurate, yielding pooled average results for ROI

equal to 91% with misclassi�cation for ROIC yielding

5% (pooled average), calculated by subtracting the pixel

classi�cation due to the “label” artifact.

The segmentation of the images in band 3 is between

the band 1 and band 2. It yields pooled average results for

ROI equal to 71%, while the ROIC is misclassi�ed close

to 3% (pooled average)calculated by subtracting the pixel

classi�cation due to the “label” artifact.

4 DISCUSSION AND CONCLUSIONS

We devised a new method that is robust and independent

of illumination. We showed that the method can be de-

veloped further and it can be used for an accurate estima-

tion of ROI and automatic segmentation. We proposed

this method offering an increased accuracy of the band-

wise estimates for ROIs in gray scale cervical images.

An advantage of this method is that the averaged energy

per band is useful for non-oriented texture evaluation,

combined with �exible and speci�c 2D frequency-based

boundary placement. The reported experimental results

demonstrated the merits of the method. In addition they

showed that the method is effective to discriminate fea-

tures either visually and by using metrics.

In addition, we also proposed a visual discrimination

methods for pseudo-color image feature matching that

can be applied either for CAD in colposcopy or for other

image modalities. Although the method is an accurate

method for feature estimation it bares a heavy compu-

tational load in comparison to other transforms such as

Discrete Wavelet Transform (DWT). In our future work

we will emphasize on developing an algorithm useful

for real-time applications with increased computational

speed.
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