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Abstract : This paper introduces a novel edge detector based on a new operator|the extended Russ

operator|�rst introduced by J. C. Russ, based on the work of H. E. Hurst. One of the components

of the extended Russ operator has been found to be edge sensitive. It has been used to good e�ect

to pre-process mammograms before they are submitted to a conventional Canny edge detector. The

resulting images provide an unbroken skin line and good detail in the nipple region, suÆcient to facilitate

further segmentation with ease. Although computationally demanding, it has the scope to be devel-

oped into an edge detector in its own right, once the theory behind its e�ectiveness is investigated further.
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1 Introduction

The edge detector introduced in this paper has its

origins in the work of H. E. Hurst, a civil engineer

who studied the river Nile and aimed to regulate its

ow by designing reservoirs to avoid droughts and

oods. His analysis of the yearly outow of water

along the river system, as a time series, led to a

method of data analysis [1, 2] now known as the

method of Hurst. Mandelbrot and co-workers [3, 4]

explained this method in terms of fractional Brow-

nian motion (fBm) and renamed it rescaled range

(R/S) analysis. J. C. Russ [5] extended this method

to texture analysis of two-dimensional intensity im-

ages, although his calculations did not exactly mir-

ror those of Hurst [6, chapter 9].

We have modi�ed Russ's method by releasing

the data analysis from its fractal underpinnings and

interpreting the resulting derived parameters purely

as features extracted from the data. Experiments

then showed that one of the new parameters func-

tioned as an edge detector that gave clean, con-

tinuous edges when tested on mammograms. The

resulting images when presented to a Canny edge

detector gave far better binary edge images than

when the originals were used as inputs. This new

edge detector needs further investigation, especially

into its theory of operation and domain of applica-

bility.

2 The original Russ operator

The original Russ operator was called by him the

\local Hurst operator" and de�ned as follows:

1. De�ne an octagonal mask of a given \radius"

r as shown in Figure 1. The di�erent pixels

are then at di�erent distances from the centre

pixel as given in Table 1.

2. For each set of pixels at the same Euclidean

distance � from the centre pixel, �nd the max-

imum and the minimum pixel values. Their

di�erence is the range

3. Plot logR against log � and �t a straight line

to the data to minimize the square of the er-

ror.

4. The slope of the plot, m, is a measure of \lo-

cal roughness (in the sense of the Hurst co-

eÆcient)" [5, p 250] at the centre pixel. It
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Figure 1: Octagonal mask of \radius"
r = 3 and diameter 7. Pixels at the
same Euclidean distance �k from the
central pixel, numbered 0 above, are la-
belled with the same index. See Table 1
for the relevant distances.

could be used to plot a transformed image

that could later be segmented on the basis of

the m values.

5. The square of the coeÆcient of correlation,

�2, is a measure of the goodness of �t of the

straight line and should be close to 1 for im-

ages exhibiting fractal characteristics.

We refer to the above operator as the Russ op-

erator, denoted by R. It uses an octagonal mask of

radius r, centred on a pixel, p = (a; b) in an image.

It maps that pixel p in the image to a speci�c value

of m, which we denote by mp:

R(r;p) = mp (1)

This value,mp, represents the gradient of the straight

line �tted to the plot of logR versus log � as shown,

for example, in Figure 2.

3 The extended Russ operator

In his original formulation, Russ focused principally

on the gradient m which he used as a measure of

local roughness. However, the line �tting step 3

in section 2 above actually yields three parameters:

the gradient m, the y-axis intercept c and the coef-

�cient of correlation �. From our experiments with

the Russ operator on mammograms, we have found

Pixel No. of Euclidean

Label k Pixels Distance �k

0 1 0

1 4 1

2 4
p
2

3 4 2

4 8
p
5

5 4 2
p
2

6 4 3

7 8
p
10

Table 1: The Euclidean distances �k corre-
sponding to the indices k shown on the octag-
onal mask of radius r = 3 in Figure 1.

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
1

1.1

1.2

1.3

1.4

1.5

1.6

1.7
Linear least squares straight line with modified Russ operator for single pixel

log
10

Distance

lo
g 10

R
an

ge

m = 1.09019

c = 1.14453

η2 = 0.934903

Figure 2: Graph of straight line �tted to the
seven points arising from the mask of radius
3. The values refer to a pixel at co-ordinates
(230, 350) at 400 �m per pixel for MIAS
mammogram image mdb028rl. The vales of
(m; c; �

2) are (1:09; 1:14; 0:935).

that both c and �2 embody useful information. We

have therefore chosen to extend the Russ operator

and parametrize the resulting extended Russ oper-

ator, E , so:

E(r;p) = (m; c; �2)T
p

(2)

4 The new edge detector: results

with mammograms

When the extended Russ operator was applied to

mammograms it was found that the parameter c as-

sociated with each pixel is edge-sensitive. An image

displaying the c-values at each pixel, scaled appro-



priately, emphasizes the edges in the original image.

Thus the c component of the extended Russ operator

can function as an edge detector.

Figure 3 shows the results of experiments with

two mammograms, mdb028rl and mdb003ll, from

the MIAS [7] database; the original images are shown

in parts (a) and (e) of the �gure respectively.

The edge separating the breast from the back-

ground on a mammogram varies in strength across

the image. Thus, even an optimal and robust con-

ventional edge detector like the Canny edge detec-

tor, claimed to be \less likely than the others to

be\fooled" by noise, and more likely to detect true

weak edges" [8], does not give an unbroken, unam-

biguous skin line when applied directly to mam-

mograms, as shown in the binary edge images in

Figures 3(b) and (f). The images in (c) and (g)

show the edge-enhanced c-component images re-

sulting from the application of the extended Russ

operator on the original images. Note especially

the clearly visible skin line and the detail in the

nipple regions on both images. When these latter,

edge-enhanced images are presented in place of the

original mammograms to the same Canny edge de-

tector, the results are shown in Figures 3(d) and

(h) respectively. Although the edge detail within

the breast region is so excessive as to be quite use-

less, the skin line and nipple regions are clearly out-

lined and can be used as inputs to an algorithm for

segmenting the mammogram into the breast and

background.

5 Conclusions

Our results lead us to conclude that the c-component

of the extended Russ operator functions well as

an edge pre-processor that emphasizes anatomical

edges of varying strength before an image is submit-

ted to a conventional edge detector. This improves

the continuity and detectability of the edges and

enables a useful binary image to be produced by

the edge detector, suitable for image segmentation.

It is our belief that with further development, the

c-component may used as an edge detector in its

own right. Before that can take place, however, it

is necessary to understand the theoretical basis for

this empirically discovered edge detector.
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Figure 3: Edge image results with mammograms: (a), (e): original mammograms mdb028rl and mdb003ll from
MIAS database; (b), (f): edge images from the Canny edge detector applied to original mammograms; (g), (h):
edge enhanced images obtained by plotting the c-component of the modi�ed Russ operator with a mask of radius
3; (d), (h): binary edge images when the Canny edge detector is applied to the edge-enhanced images in (c) and
(g) respectively.


