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ABSTRACT

Histologic imaging plays an important role in discriminating
cancerous tissues of several body organs. However, the hu-
man histopathological examinations may be subjective and
error prone, because of the complexity of the appearances
of the histologic texture. These limitations can be overcome
by adopting quantitative computational methods with human
histopathological examination routines. This study proposes
a new feature descriptor to characterize texture of histologic
images. The proposed method derives a discriminative fea-
ture space by observing the self-similarity characteristics of
the texture based on fractal geometry. The merit of utilizing
fractal geometry to describe the histologic texture is assessed
by a classification experiment. The experimental results in-
dicate that the proposed feature descriptor can classify can-
cer and non-cancer tissues of histologic images of liver and
prostate images around 95% of correct classification rate.

Index Terms— Histology, Fractal, Multifractal, Feature
descriptors, Classification

1. INTRODUCTION

The word “Cancer” is a generic term for group of diseases and
it may be confirmed by a histopathological examination of
the suspected body tissues. In a histopathologic examination,
pathologist investigates some specific structural changes of
the tissues, and determine the malignancies according to the
divergence of the structures from their healthy state. These
decisions may be influenced by several circumstances such as
pathologists’ personal experiences, quality of the equipments,
etc. However, quantitative computational techniques can be
utilized to overcome the inconsistencies of consequences of
human diagnosing.

In this paper, we propose a new textural feature descrip-
tor, which transforms a given texture into a discriminative

This research is supported by New Energy and Industrial Technology
Development Organization (NEDO) in Japan under the research and devel-
opment project of Pathological Image Recognition.

978-1-4577-1858-8/12/$26.00 ©2012 IEEE 298

feature space by observing self-similarity characteristics of
the texture. Multifractal analysis is used to compute the self-
similarity of the natural images. The multifractal computa-
tion is comprised of a function called multifractal measure.
The proposed feature descriptor utilizes six-multifractal mea-
sures and constructs six-dimensional feature space for a given
texture. Subsequently, the derived feature space is employed
with a classification framework to distinguish cancer and non-
cancer tissues of hitologic images of two body organs; liver
and prostate. The outcome of the classification is summarized
by computing the correct classification rate.

2. FRACTAL AND MULTIFRACTAL
FUNDAMENTALS

Fractal structure is a geometric shape which can be iteratively
fragmented into small components and each component has
approximately or exactly similar shape to its immediate ori-
gin. This property is called self-similarity. The statistical
quantity that we used to compute the self-similarity of a struc-
ture is called fractal dimension. For further information of
fractal dimension, please refer to [1]. Among several fractal
dimension estimation algorithms, the Box-Counting method
[2] is widely used because of its less computational cost,
high accuracy and easy implementation. The Box Count-
ing algorithm involves covering a structure:S by a grid of
boxes of side length:e and counting the number of non-
empty boxes:N.(S). The Box counting dimension (fractal
dimension): D g of S is computed by,

Dy =  1im 08 N=(5)

e—0 log(e) M

Generally, fractals are deterministic. To the contrary,
random structures or natural images are non-deterministic.
Therefore, a single fractal dimension may not be adequate
to observe the self-similarity of natural images. The self-
similarity of such structure is characterized by spectrum of
fractals known as multifractals [3]. Multifractal computation
for natural images is carried out in two stages. At first; one
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may find non-integer exponent:ov by utilizing a particular
multifractal measure, . as defined in equation 2.

e loa((S")

e—0 log(e) 2)

where, S stands for the squared region of size € x €.

The « describes the point-wise local irregularity of the
structure. It is intuitive that same or similar o may be dis-
tributed randomly in the entire structure. At the second step,
one may derive a sub-structure from the localization of sim-
ilar « values and estimate the fractal dimension by using the
box counting method. In this manner, the range of a from
minimum to maximum can be quantized into groups and each
group can be utilized to derive a sub-structure. By finding the
fractal dimension of each sub-structures we obtain spectrum
of fractal dimensions called multifractal spectrum: f(a.). The
multifractal spectrum provide global regularity information of
the structure.

In the multifractal computation, we can obtain « and f ()
values correspond to each of the pixels in the reference image.
More precisely, a given image can be transformed into two
domains; « and f(«) feature domains.

3. METHODOLOGY

3.1. Multifractal feature extraction

Multifractal feature domain provides some kind of textu-
ral information, which may not be observable in gray-scale
domain. Additionally, by employing different multifractal
measures one may observe textural information from dif-
ferent viewpoints. We utilized 6 multifractal measure to
compute « and f(«) features in order to form 6-dimensional
feature spaces for «w and f () respectively. Among the multi-
fractal measures defined in [4], we empirically selected three
measures called Maximum:(ipsq., Minimum: iy, and Sum-
mation:(isym, and their definitions are given in equations
(3a), (3b) and (3c¢) respectively. We derived another measure
based on differential box counting algorithm [2] to obtain
the normalized difference between maximum and minimum
gray values, which we call NDiff:ji,pis; and the definition
is given in the equation (3d). Additionally, we use other
two measures called Gradient Magnitude: iy and Gradient
Angle:pig 4 from the gradient information of the image by
following the definition in [5]. The definitions of pgys and
A have been given in equations (3e) and (3f) respectively.
In figure 1, we have shown the appearance of o and f(«)
derived for each multifractal measure.

lax — k? l 3
1Y (g}glel"ﬂg( ) (3a)
HMax = (k:%ze,'?l*g(k’ l) (3b)
HSum = Z g(k7l) (3C)

(k,1)EQ
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lwm7=<mw9%ﬁ— mmgww)ﬁ (d)

(k,1)EQ (k,1)eQ+
pem =1/ G: + G} (3e)
oA = tan_l(Gy/GI) (3f)

where pi(y is stands for multifractal measure, €2 is a square
region of side length i, * represents all non-zero pixels in
the region €, g(k, 1) is the gray scale intensity at point (k, 1),
G, and G, are gradient vectors computed at the center of {2
towards x and y directions.

3.2. Classification model

Based on the above observations a given image can be de-
scribed in multifractal feature domain; « or f(«). In this
study, we utilized these feature spaces with a texton dictio-
nary based classification model to classify histologic prostate
images. Generally, a universal texton dictionary is a collec-
tion of texture primitives, which can be used to dictate any
texture. Since to compute universal texton dictionary is im-
practical, one may defined several constraints for a particular
texton dictionary. For an example, a texton dictionary derived
from the images captured in 20x magnification can be applied
only to the images captured in that magnification. To con-
struct a texton dictionary it is required to find a common tex-
ture primitives (feature vectors) for the entire dataset. There-
fore, we performed k-mean clustering for the entire feature
pool, which is constructed by applying the feature descriptor
to the every image in the dataset and yielded the texton dic-
tionary from every cluster centroids of each cluster.

In a texton dictionary based classification model, every
image in the sample dataset is labeled by using the texton
dictionary in some manner. More precisely, for a particular
feature vector in the feature space, we find a texton which has
the minimal Euclidean distance, and the corresponding pixel
is labeled by the index of that texton. This label representation
can be yielded a histogram known as texture signature, where
each bin stands for the texton’s index and its value indicates
the number of occurrences of the corresponded label over the
entire image. Subsequently, we employed all texture signa-
tures as input vector of the classifier to distinguish cancerous
tissue of prostate images.

4. EXPERIMENTS AND RESULTS

The proposed multifractal feature descriptor is assessed by
a classification problem. We utilized two types of H&E
(Hematoxylin and Eosin) stained biopsy specimens; i)liver
and ii)prostate obtained from several cancer patients to
construct the sample dataset. Each sample specimen is
scanned to whole slide image (WSI) by a scanner called
Nano-Zoomer[6] using objective lens of 20x magnification.
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Fig. 1. Visual representation of Multifractal features. (a) sam-
ple patch of prostate gray image, (b) to (g) and (h) to (m)
present « and f () features of (a) respectively. All images
have been normalized to grey scale; 0~255 for clear visual-
ization.

Cancer regions are annotated and confirmed by several ex-
perienced pathologists. Each WSI can be visualized in 8-
magnifications; 1.25x, 2.5x, 5.0x, 10x, 20x, 40x, 63x, and
100x through a specific tool called NDPViewer[6].
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The appearance of tissue level components such as nuclei,
lumen, cytoplasm, etc., is deviated with the magnification of
the digital slider. Moreover, different sizes of cancer regions
are erratically distributed over the entire WSI. We defined two
parameters to categorize the sample dataset; i)Magnification
of the image, and ii)Patch size. As a result, for each organ
(liver and prostate) we set up 24 categories of sample datasets;
3 sizes of sample patches (64x64, 128 x 128 and 256x256
pixels) captured in 8 different magnifications. From each
category, we randomly picked 400 sample patches in equal
amounts for cancer and non-cancer regions.

In the experiment, we computed the texton dictionaries
for each magnification and obtained the texture signatures for
each of the image in the datasets. We empirically decided
that 300 textons of dictionary is adequate to obtain consid-
erable classification performance in the classifier. The su-
pervised non-parametric classifier called Support Vector Ma-
chine (SVM) is used as the classifier and data was elected
according to the k-fold cross validation method. We defined
the evaluation scale as Correct Classification Rate (CCR); the
percentage of the number of correct classifications to the total
number of samples. Furthermore, to ensure the potentiality of
the proposed method, we compared the CCR of our proposed
feature extraction method with other two feature descriptors;
1) GLOG filters (Gaussian and Laplacian of Gaussian) [7] and,
ii) Gabor filters [8]. We used 12 and 16 effective filters for
GLOG and Gabor filter banks respectively.

Table 1 and table 2 depict the comparative summary of
CCRs for liver and prostate data samples respectively. Due
to the space limitation, we present the results of patch sizes
128 %128 and 256 x256 pixels. The presentation of the re-
sults follows the format = £ y, where x and y stand for the
mean and standard error of CCRs computed from 10 itera-
tions (10-fold cross validation) respectively. The digital slider
visualizes the biopsy sample in different magnifications by in-
terpolating the originally scanned raw data (20x optical lens).
Since we found several visual artifacts in the images captured
in lager magnifications; 40x to 100x the results of lower mag-
nification are considered to be an important. Therefore, we
computed the average (shown as bold texts) for the magni-
fication scales from 1.25x to 20.00x. It is obvious from the
table 1 and table 2 that multifractal features descriptor out-
performs the other filter-bank based feature descriptors.

The figures in table 1 and table 2 indicate that « features
have higher CCR than f(«) features. This is intuitive that
f () features may loss some tiny information of the texture at
the quantization stage of multifractal computation. However,
still it can be considered as significant, because it exceed the
CCR of comparative feature sets.

5. CONCLUSION

This paper proposed a new multifractal feature descriptor to
discriminate the cancer and non-cancer regions of histologic



Table 1. CCRs for liver data samples. GLO and GAB stands
for GLOG filters and Gabor filters respectively.

Table 2. CCRs for prostate data samples. GLO and GAB
stands for GLOG filters and Gabor filters respectively.

Mag. 128 %128 256%256 Mag. 128 %128 256x256
Scale| « f(a)| GLO| GAB| « f(a)| GLO| GAB Scale| « f(a)| GLO| GAB| « f(a)| GLO| GAB
125 953|923 | 748 | 82.8 | 955 | 949 | 89.2 | 91.5 125 948 | 944 | 753 939 969 | 959 | 90.9 | 89.7
+1.3| £1.5| £1.8| 25| £03| £03 | £1.1| £1.3 +0.6 | £09 | £0.6 | +1.3| £0.3| +£0.0| £1.3| 0.6
250 943 | 91.8 | 73.3 | 89.5| 96.5| 955 | 823 | 88.4 250 955|943 77.0| 93.7 | 95.8 | 96.3 | 87.9 | 90.7
+13| £16| £1.7] 420| 08| +09| £19| +1.4 408 | £1.1| £12] +1.7] 03| +06| £1.9| +1.2
5.00 96.5| 92.0| 80.0 | 858 | 96.3 | 945 | 83.8 | 87.5 500 96.3 | 935| 63.0| 943 | 97.5| 96.5 | 86.0 | 88.8
+1.0| £1.7| £1.2| £1.2| £09 | £1.3| 1.6 | £1.5 +2.6| £1.8| £1.8| £1.9| £0.8| +£09 | £1.5| £1.8
10.00 93.0| 82.0| 703 | 77.3 | 96.8 | 953 | 82.5| 85.6 10.00 96.8 | 925 | 61.8 | 90.0 | 95.8 | 94.8 | 73.5 | 78.5
+2.0| 22| £1.8| £19| £09| +1.3| £1.9| £1.7 +1.6 | £1.8| £22 | +£1.3| £1.1| £1.8| £2.0| £2.2
20.00 775 | 76.8 | 590 | 71.5] 95.7 | 952 | 65.5 | 83.8 20.00 91.5| 833 | 603 | 80.5| 949 | 925 | 69.8 | 76.0
+19| £24| 430| +1.9| +1.7| +1.7| +28| +1.8 +0.8 | £2.8 | 4+2.1| 423 | +1.7| £1.8| +24 | +2.1
Ave, 913 | 87.0 | 71.5| 814 | 96.2 | 95.1 | 80.6 | 87.3 Ave, 95.0 | 91.6 | 67.5| 90.5 | 96.1 | 95.2 | 81.6 | 84.7
+15| +19| £1.9| +19| +09 | +1.1 | £1.9| +1.5 +13| +1.7 | £1.6 | +1.7 | +0.8| +1.0 | +1.8| +1.6
40.00 733 | 66.0| 56.0 | 63.3 | 949 | 91.9 | 655 | 78.8 40.00 83.0 | 82.8 | 57.5| 76.0 | 92.0 | 90.3 | 63.5 | 68.5
+2.5| £2.0| £3.0| £2.1 | £1.8| £1.9| £2.3| £2.2 +2.9 | £25| £2.5| £23 | £23 | £23 | £2.5| £2.5
63.00 66.5| 59.5| 59.0 | 57.3 | 85.8 | 783 | 55.8 | 69.3 63.00 73.8 | 69.0| 57.0| 67.0 | 78.0 | 67.0 | 58.3 | 63.8
425 | +24 | £35| +£1.9| £28| +1.9| £27| +25 +3.6 | £29| +23| +£1.3| £2.1| +2.1| £2.7| +2.3
100.0 59.8 | 563 | 543 | 56.0 | 67.3 | 67.0 | 573 | 63.0 100.0 673 | 67.0| 54.0 | 63.8 | 753 | 66.3 | 53.0 | 66.5
424 | 4£25| £27 | £24 | 425 | 23| +27| +£2.1 424 | £22| £24| £15| £2.1| 424 | +27 | +24

images. In multifractal domain, two-kinds of features can be
extracted; local irregularity:« and global regularity f («). The
proposed feature descriptor utilized six multifractal measures
to construct the feature spaces for each « and f(a) domains.
The significance of utilizing multifractal analysis to describe
the histologic texture is investigated by a classification prob-
lem. We performed an experiment to distinguish cancer and
non-cancer tissues of two types of body organs; liver and
prostate. The out come of the classifier is measured as cor-
rect classification rate. Furthermore, we utilized two feature
descriptors; GLOG and Gabor filters with the same dataset to
compare the performance. The experimental results indicate;
the multifractal features are more appropriate to characterize
histologic texture than the other two feature descriptors. Nu-
merically, @ and f(«) features have achieve around 95% of
correct classification rate for the image size 256 x 256 pixels.

Furthermore, the proposed feature descriptor is indepen-
dent from the morphological characteristics of tissue level
component such as nuclei, instead it observes the entire tex-
tural information. Therefore, the proposed feature descriptor
may be applicable to distinguish cancerous tissues of histo-
logic images of different kind body organs.
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