FULL-LENGTH REPRINT – differs from the original in layout but not in contents
The copyright owner of the paper is IEEE.
The final publication is available at IEEE Xplore® via https://doi.org/10.1109/CPEE.2017.8093057 . Cite as:
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Abstract—Classification of milk duct carcinoma in the scans
of diagnostic specimens is an important medical problem. Before
the classification is performed, the regions of milk ducts which
will be the regions of interest (ROI) should be detected. One
of the approaches to such detection is to segment the image
into ROIs and the remaining regions. The segmentation by
clusterization with the classical K-means method was proposed
in the literature. A pixel together with its square neighborhood
was considered as the object. Sorted image intensities in the
neighborhood with extreme values omitted were used as features,
with the Euclidean distance between the objects. In this paper
we investigate new distance functions: cosine distance, city block
and correlation distance, in the same setting. The cosine function
was found to be the best, giving smaller average error, as
well as smaller scatter measure, with respect to the Euclidean
function. The mean errors for the cosine, Euclidean, city block
and correlation functions were 17%, 25%, 39% and 89%,
respectively.
Index Terms—ROI detection, clusterization, milk ducts, distance function, cosine, city block, correlation, K-means

I. M EDICAL BACKGROUND
At present, the ductal carcinoma in situ (DCIS) constitutes
over 20% of disclosed neoplastic changes of the mammary
gland. The only symptom of the disease is usually an incorrect
result of the mammographic examination, and in 1/3 of
detected cases an invasive carcinoma can develop. The ductal
carcinoma sometimes manifests itself with a palpable tumor
or a pathological discharge from the nipple in the course
of the Paget disease of the breast [1]. Over 90% of cases
remains asymptomatic at the time of disclosure. Usually,
a biopsy is prescribed due to an incorrect result of a radiologic
examination [2]. The final diagnosis is made on the basis of
the assessment of tissue sections sampled during the biopsy
of the breast. In the past it was necessary to extract the

whole suspected fragment of the gland, but the contemporary
methods made it possible to collect a fragment with the biopsy
needle.
The following phases of advancement of the ductal carcinoma can be distinguished (cf. [3] → Symptoms & Diagnosis
→ Types of Breast Cancer → DCIS → Diagnosis of DCIS):
• Ductal hyperplasia The overgrowth of cells: the number
of cells is larger than in a normal mammary duct.
• Atypical ductal hyperplasia The number of cells is too
large (hyperplasia) and the appearance of some of them
is atypical.
• Ductal carcinoma in situ (DCIS) There is hyperplasia
and the cells have the features of cancer, but they do not
pass the borders of the duct (Figs. 1a and 1b).
• DCIS-MI (DCIS with microinvasion) A limited number of cancer cells slightly infiltrate the duct wall.
• Invasive ductal carcinoma The cancer cells infiltrate
the tissues beyond the mammary duct. In this phase the
carcinoma is not a DCIS, but it is denoted as invasive
ductal carcinoma (IDC), or more precisely, invasive ductal carcinoma of no special type (NST). This is the most
common type of breast cancer (Figs. 1c and 1d show two
types of this carcinoma).
The detailed diagnostic criteria are available in specialist
literature and in the recommendations of the World Health
Organization [6].
II. O BJECTIVE
The analysis of the types of carcinoma should be performed
only in the regions of the images of the tissue sections which
contain the cells suspected of being cancerous. Such analysis
can be time-consuming and it would be impractical to perform
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Fig. 1. Phases of advancement of the ductal carcinoma. (a) Schematic image
of DCIS. By Don Bliss – National Cancer Institute. Image released by the
National Cancer Institute, an agency part of the National Institutes of Health,
with the ID 4353. Public Domain, from [4]. (b) Histopathologic image of
DCIS, hematoxylin and eosin stain. Public Domain, from [4]. (c) Invasive
ductal carcinoma, hematoxylin and eosin stain. Public Domain, from [5].
(d) Invasive ductal carcinoma, a scirrhous type of growth, hematoxylin and
eosin stain. Public Domain, from [5].

it in the whole images. The cells of the milk ducts in the
images normally analyzed by human observers differ to some
extent from other cells, which is the results of staining. Only
the regions which contain such cells should be analyzed further
and these are the regions of interest (ROI) which are sought
in this study. As the ground truth GT, the regions of interest
marked by the expert will be used. The objective is to find the
ROIs which fit the ground truth in the best way. Ideally, the
ROIs found should be identical with the GT, but inevitably
some false positive and false negative errors can arise.
In our previous paper [7] we have proposed and tested the
method for finding the ROIs with the use of regional features
with some robustness properties and with K-means clustering.
The classical Euclidean distance function was used. In this
paper we shall study three other distance functions: cosine,
city block and correlation distance in order to check whether
the error of ROI detection can be reduced.
III. M ATERIALS
The images for analysis were provided by the Military Institute of Medicine, Division of Pathomorphology (Wojskowy
Instytut Medyczny, Zakład Patomorfologii) in Warsaw. They
were collected by scanning the specimens from biopsy with
a high-resolution scanner 3D Histech. We had 250 samples
from 25 patients. In Fig. 2 selected images from the set used
in the experiments are shown.
The ground truth images were produced by manually marking the regions of interest (see Fig. 3 for the results for objects
from Fig. 2). It should be noted that the ground truth has been
prepared by the expert in the form of a selection of the milk

Fig. 2. Examples of original images used in experiments. Sizes of windows
shown are different.

Fig. 3. Examples of ground truth regions prepared by the expert for images
of Fig. 2.

duct region in the image. In this study the accuracy attained
by the human expert was not tested. This could be done by
comparing the selections made by a number of experts and by
the same experts at different times. This will be the subject of
another study. At present, the available data will be used.
IV. T HE PROPOSED METHOD
Let us briefly present the method already described in [7].
We shall use the same example as in that paper but the
description will be shortened. The parameters found in [7]
as giving the best results will be assumed throughout.

A. Segmentation by clustering
Optimally, the region of interest (ROI) should contain all
and only the pixels belonging to the cells of the milk ducts
together with the neoplastic cells, including the cells possibly
infiltrating the surrounding tissues. It is admissible that the
interior of the milk ducts is also included in these regions.
The pixels of the image were clustered into sets, or clusters,
with the assumption that only one of these clusters will be the
the region of interest sought. The clustering method was the
classical K-means method [8]. It is not vital that there are
only two clusters – the ROI and the remaining region, so the
number of clusters is not limited to two and various numbers
were be tested. As a result, K = 4 was chosen, as giving the
smallest segmentation error. It should be stressed that there is
no classification process, hence, no teaching in the algorithm.
On the contrary, the image is segmented. The only adaptation
process is the choice of the parameters of the algorithm.
A method of selecting the cluster to be considered as the
ROI is in preparation and will be published separately. At
present the proper cluster is selected manually. It should be
stressed, however, that this was a single cluster, not a sum or
any other set-theoretic function of two or more clusters.

B. Features
Basically, the object considered in the clustering process is
a pixel. However, to make it possible to extract more features
for such an object it is a common practice to consider a pixel
together with its neighborhood. A square neighborhood to be
used here will be characterized by its half-width, here referred
to as the order n; hence, the neighborhood of order n has size
(2n+1)×(2n+1). Each pixel has three color components. The
RGB color space, directly as received from the scanner, will
be used here, although other spaces could appear to function
better in this setting.
The data from the neighborhood are used in the following
way. The intensities in each color channel are sorted nondecreasingly, and the values for the colors are concatenated,
so the feature vector x of length 3(N + 1) is formed:
x = [R0 , R1 , . . . , RN , G0 , G1 , . . . , GN , B0 , B1 , . . . , BN ],
where N = (2n + 1)(2n + 1) − 1. Hence, x has
3(2n + 1)(2n + 1) coordinates.
Sorting of intensities improves the insensitivity of the algorithm to outliers in a simple way: P extreme values of
pixel intensities are excluded from consideration. Then, x has
3[(2n + 1)(2n + 1) − 2P ] coordinates. This is a direct and
simple application of order statistics [9], where the smallest
and largest statistics are postponed as susceptible to extremity.
Let us consider an example fragment of an image shown
in Fig. 4. The pixel marked with grey background, having
coordinates row = 3, column = 4, is represented in the
neighborhood of order n = 2, marked with bold font in Fig. 4,

TABLE I
PARAMETERS OF THE ERROR MEASURES OBTAINED FOR THE FOUR
DISTANCE FUNCTIONS .
mean
standard deviation
min
max
median

cosine
16,88
13,29
6,11
60,05
10,73

K-means
25,37
26,42
6,14
124,39
15,98

city block
38,94
59,90
9,24
259,71
16,41

correlation
88,57
117,67
7,46
371,34
20,66

with the following vector:
x3,4 = [
30,
30,53,60,65,67,81,89,108,117,149,155,157,162,


164,165,169,169,173,181,197,213,215,
222,
240,
27,
28,35,38,49,55,89,93,100,103,114,124,133,133,



134,135,150,160,178,189,195,220,238,
249,
254,
42,
50,55,69,83,84,96,100,101,101,108,112,113,174,


] .
180,188,196,196,202,206,210,213,220,
227,
243

In this formula, P = 2 extreme values for each color have
been crossed out to mark that they are not be considered.
For pixels close to the border for which a part of neighborhood is missing, and in the case of sorting the intensities, the missing part of the neighborhood is complemented
by doubling the necessary number of borderline verses and
columns. According to [7] the best result was obtained for the
order n = 10 and with P = 2 extreme values neglected.
C. Measure of error
The ROI images obtained as the result of selecting the
proper cluster were compared to the ground truth ROI images
by taking the modulus of their pixel-wise difference. Both
these images are binary, so the difference image is also binary,
with pixels outside (inside) both ROIs equal to zero (black)
and pixels in which the ROIs differ equal to one (white).
The example difference images are shown in Fig. 5. As the
measure of segmentation error the number of white pixels in
the difference image divided by the number of white pixels in
the respective ground truth image is used.
V. R ESULTS
In the previous paper [7] the Euclidean distance between the
vectors x was used. Here we shall apply three more distance
functions: cosine, city block and correlation, to check whether
the way the distance is measured has an influence on the results
of ROI detection. The parameters of the results obtained for the
four distance functions are shown in Fig. 6, and the detailed
values are given in Table I.
The errors received can be ordered according to the ascending mean error in the following way: cosine distance,
Euclidean, city block, correlation distance. In this respect, the
cosine distance function appeared better than the previously
used Euclidean distance, with mean error 17% versus 25%. It
makes the choice easier that all the other parameters, namely,
minimum, maximum, standard deviation and median of the

Fig. 4. Example of a neighborhood of order n = 2 of the pixel in row = 3, column = 4, marked with grey background, in three color channels. The pixels
belonging to the neighborhood written in bold font.

previous paper, the cosine distance, city block and correlation
distance were used. The mean errors of segmentation with
these functions were 17%, 39% and 89%, respectively, while
for the Euclidean distance used previously it was 25%. The
cosine function was found the best also if the scatter measures
were considered. This indicates that the choice of the distance
measure has a significant influence on the segmentation error
and can be used as a parameter in optimizing the result.
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