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Circular Clustering in Fuzzy Approximation
Spaces for Color Normalization
of Histological Images

Pradipta Maji

Abstract— One of the foremost and challenging tasks in
hematoxylin and eosin stained histological image analysis
is to reduce color variation present among images, which
may significantly affect the performance of computer-aided
histological image analysis. In this regard, the paper intro-
duces a new rough-fuzzy circular clustering algorithm for
stain color normalization. It judiciously integrates the merits
of both fuzzy and rough sets. While the theory of rough
sets deals with uncertainty, vagueness, and incompleteness
in stain class definition, fuzzy set handles the overlap-
ping nature of histochemical stains. The proposed circular
clustering algorithm works on a weighted hue histogram,
which considers both saturation and local neighborhood
information of the given image. A new dissimilarity mea-
sure is introduced to deal with the circular nature of hue
values. Some new quantitative measures are also proposed
to evaluate the color constancy after normalization. The
performance of the proposed method, along with a compari-
son with other state-of-the-art methods, is demonstrated on
several publicly available standard data sets consisting of
hematoxylin and eosin stained histological images.

Index Terms— Histological image analysis, color normal-
ization, circular clustering, rough sets.

I. INTRODUCTION

N HISTOLOGY, microscopic images of tissue sections are

examined to study the manifestation of diseases under con-
sideration. The most important property of histological images
is the enormous density of data, more cellular details, com-
pared to radiological, cytological and other imaging modal-
ities, which makes computer-aided diagnosis more accurate
than other modalities. To facilitate pathologists’ examination,
tissue samples are stained with multiple contrasting histochem-
ical reagents, which in turn highlight different tissue structures
and cellular features [1]. Hence, color in pathology plays a
pivotal role as a good indicator of histological components.
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Computer-aided diagnosis can significantly eliminate imper-
fection associated with human interpretation in histological
analysis of prostate, cervical and breast cancer diagnosis [2].

One of the most common and primary problems of histolog-
ical tissue analysis is the inadmissible inter and intra-specimen
variation in stained tissue color. There are a number of factors
associated with the inconsistency in color representation, such
as manual sectioning of the tissue samples during specimen
preparation, orientation of the lens aperture, inconsistency
in staining procedure, variation in quality of stains obtained
from different manufacturers, storage condition, inter-patient
and inter-biopsy staining variations and so on. Consequently,
numerical features extracted from histological images may
lead to difficulty in image interpretation by automated systems,
trained on a specific stain color appearance [3], [4]. Although
some methods have been proposed to maintain color con-
sistency in images that follow Lambertian (reflective) model
of image formation [5], these methods become irrelevant for
histological images formed via transmitted light microscopy.

With the advancement of technology, some recent studies
have ensured the importance of color features in quantitative
analysis of histological images [6], [7]. One of the simplest
approaches of color normalization is histogram specifica-
tion [8]. Recently, variations of histogram specification have
been proposed in [9] and [10] based on color map quan-
tile matching and histogram landmark matching, respectively.
Since histogram specification based approaches ignore both
local neighborhood information and actual causes of color
disagreement, significant amount of histological information
is lost after color normalization. In [11], each image is
transformed from correlated RGB to decorrelated Laf color
space [12], and query image channels are standardized based
on the template image channel statistics. In [13], the images
are first converted from RGB to HSI color space, and based on
the angular differences, the query image channels are normal-
ized using template image channels. The approaches reported
in [11], [13] assume that the proportions of tissue compart-
ments are identical across the images being normalized, which
is not a legitimate assumption in histological image analysis.

The stain separation based color normalization methods try
to address the above problems to a great extent. Based on
the relationship between stain amount and light absorption,
as given by the Beer-Lambert law of colorimetry [14], the
color deconvolution method is used in [15], [16] to extract
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light absorbing stains. Accordingly, stain color appearance
map and corresponding stain density map are estimated
using the control slides. For estimating image-specific stain
concentration map, global stain color descriptor and local
pixel-level RGB information are used in [3] as feature map,
while relevance vector machine is used as supervised color
classifier. A major drawback of color deconvolution based
normalization methods is their dependency on the availability
of supervised control slides. Based on the color linear unmix-
ing model of fluorescence imaging, which corresponds to the
blind source separation problem, several approaches have been
proposed [17], [18]. In the plane fitting (PF) approach [19],
a geometric solution has been proposed to achieve stain
decomposition using singular value decomposition followed
by thresholding. The modified PF approach [20] uses prior
knowledge on color vector direction for the estimation of
accurate stain vectors. The major drawback of the PF based
approaches is that the associated thresholds and control
parameters are prefixed and cannot be updated adaptively
according to image content, which may lead to faulty stain
decomposition.

In a blind color decomposition method [21], input image is
first transformed from RGB color space to Maxwellian chro-
maticity plane for the identification of reference colors from
image information. However, the drawback of this approach is
that it ignores the presence of weak stains in the image and is
likely to be affected by achromatic portions while estimating
the weak stain spectra. In [22], saturation-weighted (SW)
hue histogram is computed from each image and k-means
is employed to perform pixel clustering. In [23], circular
thresholding [24] was applied on the SW hue histogram to
extract cluster information, and respective stain matrix was
estimated. Vahadane et al. [25] proposed a blind stain separa-
tion method based on sparse non-negative matrix factorization
(NMF). As these methods ignore color mixing due to stain
overlap and hardly assign each pixel to a particular stain
cluster, the resultant stain decomposition is supposed to be
less accurate. Recently, deep-learning approaches, particularly
based on adversarial networks [26]-[29], have become popular
for stain color normalization of histological images. Under this
framework, a model is able to learn image-specific color trans-
formation, data-specific staining properties and task-specific
networks [27].

One of the main problems in histological image analysis
is uncertainty. Some of the sources of this uncertainty include
incompleteness and vagueness in stain class definition, as well
as overlapping characteristics of histochemical stains. In [30],
Li et al. proposed a circular mixture modeling based stain
decomposition method, which considers physical constraints
such as non-negativity of the factor matrices, and the over-
lapping nature of associated stains. It assumes that each stain
class follows circular normal or von Mises distribution. This
distribution attains highest probability density value only at
its mean. So, a single hue value, which is equal to the mean,
ensures the definite belongingness of a pixel to the stain class,
as it can only possess highest probability of belongingness to
the stain class. However, a single hue value can never represent
a stain class perfectly. In reality, a specific range or a set of hue
values around mean represents the definite belongingness of

pixels to a stain class. The probability of belongingness for a
pixel to the stain class will be highest if it attains any of the hue
values within that range, and will decrease if it deviates further
from the bound. Hence, instead of using only von Mises
distribution to represent a stain class for histological images,
each stain class should be defined using two sets: a core
region, consisting of multiple hue values to represent definite
belongingness of pixels, and an overlapping boundary region.
In this background, rough sets [31] and fuzzy set [32], together
may be effective to introduce the above concept while handling
uncertainty present in histological image analysis. Since the
integrated approach has the capability of providing a stronger
paradigm for uncertainty handling, it has greater promise in
image analysis, where fuzzy set and/or rough sets [33] are
being effectively used and proved to be successful.

In this regard, the paper presents a new circular clustering
algorithm, termed as rough-fuzzy circular clustering, for color
normalization of histological images. The proposed algorithm
assumes that each stain class is represented by a centroid,
a crisp lower approximation, and a fuzzy boundary. While the
membership function of fuzzy set enables efficient handling of
overlapping stain classes, the concept of lower approximation
and boundary region of rough sets deals with uncertainty,
vagueness, and incompleteness in stain class definition. Inte-
grating judiciously the merits of both saturation-weighted hue
histogram and local neighborhood information of hue image,
the proposed algorithm works on a weighted hue histogram in
HSI color space. A new dissimilarity measure is introduced
to deal with the circular nature of hue values. Some new
quantitative measures are also proposed to evaluate the color
constancy after normalization. The efficacy of the proposed
algorithm, along with a comparison with existing algorithms,
is demonstrated on benchmark histological image sets.

II. PROPOSED STAIN COLOR NORMALIZATION METHOD

Stain decomposition is a process that estimates the stain
color appearance map and density proportions at each pixel
(stain density map) in a histological image. In the proposed
method, the stain decomposition problem is formulated fol-
lowing transmission light microscopy [22] based image model.
Geometrically, as the stain vectors intersect at the origin in the
optical density (OD) space, an image is first converted to OD
domain and then factorized to obtain the stain color appearance
map and corresponding stain density map. Fig. 1 depicts
different components of the proposed method. To estimate the
stain color appearance map, a rough-fuzzy circular clustering
algorithm is proposed in fuzzy approximation spaces. It is
based on a new dissimilarity measure that follows next.

A. Circular Dissimilarity Measure

The color distribution of the image pixels in hue channel
of the HSI color space is studied to achieve robustness. It is
based on the intuition that hue is a natural descriptor of the
color distribution in a color image. As in HSI space, chroma
information (hue and saturation) is separated from the luma
information (illumination), color analysis in the hue domain
is invariant to irregular illumination. So, each histological
image is first converted from RGB to HSI color space for
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Proposed method for stain color normalization of histological images: (a) and (g) represent the template and source images, respectively.

(b) and (h) depict the corresponding hue information, while (c) and (i) are the respective saturation images. The hue histograms of template and
source images are given in (d) and (j), while saturation-weighted (SW) hue histograms are depicted in (e) and (k), respectively. (f) and (I) are the
weighted hue histograms of template and source images, respectively, obtained from corresponding hue and SW hue histograms. The proposed
rough-fuzzy circular clustering algorithm accepts weighted hue histograms of (f) and (I) as inputs and generates cluster prototypes as corresponding
outputs. The cluster prototypes of both template and source images are used to generate corresponding HSI matrices. The stain color appearance
matrix M and stain density map D are estimated from HSI matrix, where non-negative matrix factorization ensures non-negativity constraint of both
M and D. Based on M and D, the color normalized source image, corresponding to (g), is produced and reported in (m).

further analysis. In this section, a new dissimilarity measure
is introduced to deal with the circular nature of hue values.

Let 0; and 6; denote the i-th and j-th hue values, respec-
tively, and 0y = (0; — 0;) represents the difference between
these two hue values. In general, the similarity or dissimilarity
between ¢; and ¢; can be computed by either cos(¢p) or
(1 — cos(By)). However, the cosine function fails to model
concentration of values near its peak. The area under the
curve of cosine function can be varied, without affecting its
periodicity, by multiplying a parameter ¥ with cos(fp). Based
on the above concept, a new dissimilarity measure, denoted
by d(8;,0;), is defined as follows:

27
d;,0;) = log (/ exp(x cos&)d@) —x cos(; —0});
0

= d(0;,0;) =1log(2m Ip(x)) — xcos(d; — 8;); (1)

where Io(.) is the modified Bessel function of first kind and
order zero, defined as:
1 2
Io(k) = —/ exp(x cos9)do. 2)
2w 0
From (1), the following properties can be derived for the
proposed dissimilarity measure:
1) d(6;,60;) =d(0,6);
2) d(6;,0i) <d(0:,0)), V] #1i;
3) d(6;,0) = d(0;,0;) +d0),0k), ¥0;, 0}, 0 €10, 2).
The first two properties are trivial. The first one ensures
the symmetric property of the proposed dissimilarity measure.
The second one states that whenever 6; and 6; coincide,
the dissimilarity measure is the minimum. The third axiom,

the triangle inequality, seems to be intuitively evident, but this
property is a hard one to satisfy.

B. Weighted Hue Histogram

The proposed rough-fuzzy circular clustering algorithm
considers a weighted hue histogram H, instead of standard
hue histogram, to estimate the stain class representatives. The
weighted hue histogram H judiciously integrates the merits
of both saturation-weighted hue histogram H*“ and local
neighborhood information. In [34], it has been shown that the
standard hue histogram consists of a number of sharp ridges
attributed by achromatic pixels. So, the hue values, corre-
sponding to achromatic region, are ill-defined and insignificant
for the pixels that contain small saturation values. As a result,
analysis of color distribution on a standard hue histogram,
corrupted by these insignificant pixels, yields insignificant and
faulty output. So, the effects of these achromatic pixels on
the standard hue histogram can be reduced by computing
saturation-weighted hue histogram H*" [34], as follows:

H™(0) = > sk0(0, hi):; 3)
ke
where (0, hy) = Lt 0= i “4)

0 otherwise.

Here, 7 represents a pathology image, sy and hj; denote,
respectively, saturation and hue value corresponding to the
k-th pixel in the HSI color space. In order to consider the local
neighborhood information of a pixel in standard hue image #,
the proposed algorithm introduces a a-controlled hue image,
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following the model of Szilagyi et al. [35]. The proposed
a-controlled mean filtered hue image £ can be obtained from
the original hue image / as follows:

a
hy + —— hils (3)
TN 2 b

hj €Ny

§k=1+a

where ¢ denotes the k-th pixel of the a-controlled hue
image ¢ and N; represents the set of neighbors within a
window around hy. The parameter a controls the influence of
the neighborhood information. A a-controlled approximated
histogram H* can be computed from the a-controlled hue
image &, where H*(@) denotes the number of pixels in &
having hue value #. Combining both saturation-weighted hue
histogram H*" and a-controlled approximated histogram H%,
a weighted hue histogram H is defined as follows:

HO) = 3 [H0) + H©)]. ©®

C. Rough-Fuzzy Circular Clustering

The proposed rough-fuzzy circular clustering algorithm
assumes that each stain class is represented by a centroid,
a crisp lower approximation, and a fuzzy boundary. Let A(f;)
and B(f;) denote the lower approximation and boundary
region of the i-th stain class f;. The upper approximation
A(f;) of stain class f8; is given by A(8;) = [A(S;) U B(B:)].
According to the definitions of lower approximation and
boundary region of rough sets [31], if the j-th hue value 0;
belongs to the lower approximation A(f;) of the i-th stain
class f;, then 6; does not belong to lower approximations
and boundary regions of any other stain classes. That is, 0;
definitely belongs to the stain class f;. Hence, the weights
of hue values lying in lower approximation of a stain class
should be independent of other centroids and stain classes,
and should not be coupled with their similarity with respect
to other centroids. On the other hand, if a hue value ¢; belongs
to the boundary region B(f;) of the i-th stain class fS;, then
0; possibly belongs to f; and potentially belongs to another
stain class.

The proposed rough-fuzzy circular clustering algorithm with
parameter set y divides the weighted hue histogram H,
corresponding to a histology image Z, into ¢ stain classes by
minimizing the following objective function:

c

Re) =D [ox JEm + 1 -0) x JFw]: @)

i=1

where @ regulates the relative importance between lower
approximation and boundary region of each stain class, and

JE(y) = Z [log(2m Io(xi)) — xi cos(0; — pi)1H (0;);

0;cA(Bi)
By = D vlilogx Io(k) — i cos(O; — ui)1H (0))
0;€B(Bi)
+ D W logl) — vii1H 6)).
0jeB(Bi)

T
K=25 -

50 o 50
Angle Value (0)

Fig. 2. von Mises distribution for different values of parameter «.

Here 0; and u; represent the j-th hue and centroid of the
i-th stain class f;, v;; denotes fuzzy membership of the j-th
hue into i-th class f;, m € [1,00) is the fuzzifier, x; is the
concentration parameter corresponding to f;, and Ip(-) is the
modified Bessel function of first kind and order zero, defined
in (2). So, the parameter set y is given as y = {u;, ki, vij}.
Note that the term [v{;’ log(v[;l) — v/7] is a monotonically
decreasing function of v;; in [0, 1], and forces v;; to be as
large as possible to avoid the trivial solution.

1) Estimation of Membership Function: To estimate the fuzzy
membership v;; of the j-th hue into i-th stain class f;, (7) is
partially differentiated with respect to v;; as follows:

OJre(y)
ovjj B
= mvi’;l_l[log(Zn Io(x;)) — ki cos(0; — pi)1H (0))
+mu;;?—1 log() H (6)) = 0
= log(v[;l) = K; cos(0; — p;) —log(2m In(x;));
exp{x; cos(0; — pi)}
1 my =1
= log(v;) og[ 22 lote)
1
. 9 _ . m
= v = |:6Xp{)c, cos( ]‘ ﬂz)}:| .
27 Iy (x;)

05

3

)

From (8), it is evident that the fuzzy membership function
follows von Mises distribution, which is a variant of the
Gaussian distribution in circular domain and is defined next.

Definition 1: A circular random variable 6 is said to fol-
low von Mises or circular normal distribution, if it has the
probability density function defined as follows [36]:

oM (u, x) exp{x cos(0 — u)}; 9)

1
C 2xlh(x)

where ¢ € [0,27) and x > 0 denote the mean direction
and concentration parameter, respectively. Fig. 2 presents the
von Mises distribution for different values of concentration
parameter x.

2) Computation of Cluster Prototype: The new centroid is
computed based on the weighted average of the crisp lower
approximation and fuzzy boundary region of each stain class.
The centroid, corresponding to each stain class f;, is computed
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by solving (7) with respect to u;, as follows:

oJ
Hi 0;€A(Bi)
+(1—w) x Z vii sin(0; — wi)H(0;) = 0;

0jeB(Bi)
ox A+ (1 —-w)x A7
ox B+ (1—w)x B

= M; = arctan |:

where Aj = > sin(0))H ©)):
0;€AB)

Ay= D vtsin(0)H(0)):

0;€B(fi)
Bi= Y. cos(0)H)):

0;€A(Bi)

and B = Z vi’;’cos(ej)H(Hj). (10)
0;€B(fi)

From (10), it is observed that the computation of centroid
is dependent on the choice of the parameter w. Since the hue
values lying in lower approximation region definitely belong
to a certain stain class, they are supposed to be assigned a
higher weightage @ compared to (1 — w) corresponding to the
hues lying in boundary region.

3) Estimation of Concentration Parameter: To estimate the
concentration parameter x;, corresponding to the i-th stain
class f;, (7) is partially differentiated with respect to x;,
as follows:

Phey)
aki -
Iy(x;)
= o X { 0 —COS(H-—ﬂi)]H(Q.)+(1_w)
9./EZA(:M) lo(k:) ! j
m I(/)(Ki) ]
m _ 0 — un L H @) = 0:
X ‘9f€§(:ﬁi)v {’o(xi) cos(0; — ui) [ H(O))
II(IC,')

X Z H@)+ (1 —w) x Z

0;¢A4) 0;€B(5)

viPH (8;
Io(x;) 176

=Jwx z cos(0; — ui)H(©0;) + (1 — )

0;€A(Bi)
Z vij cos(@; — ui)H(0)
Q/EB(ﬂ;
as I)(x;) = dk (Io(c))) = I (x;). Let T(x;) = fég’g So,
Til [wXX1+(1—a))XX21|
K o— .
! ox Y+ (1 —w)xI
where X = Z cos(@; — ui)H(9));
0;€ABi)
X = Z vi’;’ cos(0; — w;)H (9));
0;€B(fi)
Vi= D> H@): and o= D WIH@). (1D
0;€A(Bi) 0;€B(Bi)
Here, T~!(.) is approximated using numerical methods [36].

Each stain class f; is characterized by the parameter set
v = {ui,x;,vij}. The cluster prototype u; is considered as
the representative hue for the i-th stain class f;. The parameter
x; controls the concentration of hue values around the centroid
u; of the stain class f;. The fuzzy membership v;; of the j-th
hue into i-th stain class f; depends on both u; and x;.

D. Proposed Algorithm and Stain Color Normalization

Approximate optimization of JrRr(y) in (7) by the proposed
rough-fuzzy circular clustering algorithm is performed based
on Picard iteration through (8), (10) and (11). The process
starts by initializing ,ufo), Ki(o), and v(j for (¢ — 1) stain
regions and one achromatic region. As hue is circular in nature,
the circular thresholding method [24] is used to generate
approximate partitions corresponding to achromatic region and
different stain regions. The initial cluster prototype ,ugo) and

concentration parameter K( ), corresponding to both achro-
matic and stain regions, are computed from the weighted
hue histogram H, based on the initial parameter estimation
procedure reported in [30]. The fuzzy memberships of all hues
are then calculated using (8). After computing v;; for ¢ stain
classes (including achromatic region) and n hue values, the
values of v;; for each hue 6; are sorted and the difference of
two highest memberships of ¢; is compared with a threshold
value 4. Let v;; and vg; be the highest and second highest
memberships of 6;. If (v;j — vkj) > 4, then 8; € A(f),
otherwise §; € B(f;) and 0; € B(fx). After assigning all
hues in lower approximations or boundary regions of different
stain classes based on A, memberships v;; of the hues are
modified. The values of v;; are set to 1 for the hues belonging
to lower approximations, while those in boundary regions
remain unchanged. The new centroids of the stain classes
are calculated as per (10), while corresponding concentra-
tion parameters are computed using (11). The main steps
of proposed rough-fuzzy circular clustering algorithm are as
follows:

1) Tnitialize z'” and @ (1 <i < c—1) for (c— 1) stain

regions and ,u(o) and x(O) for achromatic region.

2) Choose values for fuzzifier m, threshold 4 and tolerance

value €. Set iteration counter t = 1.
3) Compute v;; for ¢ stain classes and n hues using (8).
4) If v;; and vi; be the two highest memberships of 6; and
(vij —vkj) > A, then 8; € A(B;); otherwise 6; € B(f;)
and 6; € B(f).

5) Modify v;; considering lower approximation and bound-

ary regions for c¢ stain classes and n hues.

6) Compute new centroid u; as per (10).

7) Compute concentration parameter ;c, usmg (11).

8) Repeat steps 3 to 7 until Iv | < €.

The proposed circular clustermg algorithm partitions the
hue values into two regions, namely, lower approximation and
boundary region, based on the value of A. In practice, the
following definition of A works well:

0 0
Z(”( ) vk]

(12)
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where n is the total number of hues, vl.((.)) and v,i(.)) are the

highest and second highest memberships of 6; at t = 0. So, 4
represents the average difference of two highest memberships
of all hue values present in an image. A good clustering
procedure should make the value of A as high as possible.

The stain color appearance map can be computed from
the centroid of each stain class. The cluster prototype ui,
i=1,2,---,c, estimated by the proposed rough-fuzzy circu-
lar clustering, is considered as the representative hue h; for the
i-th stain class f;. The saturation-weighted statistics, described
in [22], is used to compute the corresponding saturation s; and
intensity v; for obtaining the stain representative color. The
representative color Il.hSi = [hi, si, 0i]7, corresponding to the
i-th stain class, in HSI domain is first converted to RGB color
space: Il.r e _ ;fib (IihSi), where F;fib (.) denotes a function for
converting a stain vector from HSI domain to RGB domain.
The absorption vector corresponding to Il.r € in OD domain
is given as Ml.rgb = log(lb/lirgb), where I? represents the
intensity value corresponding to a background pixel. The stain
density value, associated with pixel p, can be computed using
the following relation:

D" (p) = (M™®) log(1°/1(p))].

However, in OD domain, the image colors are represented
as the non-negative combination of ¢ stain vectors associated
with the staining routine. Due to the non-negativity constraint
of both stain color appearance matrix M and stain density
map D, NMF is utilized to refine candidate stain decomposi-
tion solution by minimizing the following decomposition error:

(14)

13)

M, D} = i log(1”/1) — MD |
{M, D} argMzn&lgzoll og(17/1) [l

where > 0 denotes element-wise non-negativity of the matrix.

E. Convergence Analysis

In this section, a mathematical analysis on the convergence
condition of the proposed rough-fuzzy circular clustering
algorithm is presented. To examine the convergence property
of the proposed algorithm, the Hessian (second order partial
derivative) matrices with respect to the parameters involved in
the objective function are computed and then checked whether
the Hessian matrices are positive definite or not. The second
order partial derivative of the objective function in (7) with
respect to the cluster centroid u; leads to

0%,
ﬂ:wx%—i—(l—w}x%; (15)
O U
H;
where U; = Z i cos(0; — ui)H(9)); (16)
0;eA(p;)
and V; = Z icivl-’? cos(@; — ui)H®)). (17)
0;eB(Bi)

It is evident that x; > 0 Vi, vl’;' > 0, cos(@; — ;) > 0 and

H(0;) = 0V0;. Hence, for each cluster f;, U; > O and V; > 0.
Also, it can be easily verified that, Vk # i,

Rl
Rr (W) —0

(18)
OuiOui

Hence, it is clear from (18) that all the off-diagonal entries
in the respective Hessian matrices are 0. The proposed algo-
rithm is guaranteed to converge if the Hessian matrix with
respect to u; is diagonally dominant [37]. This is a sufficient
condition, not a necessary one. If the Hessian matrix is
not diagonally dominant, the iteration may or may not con-
verge. The Hessian matrix corresponding to (16) is given by
P = diag{Uy,---,Uj,---,U.} and the matrix corresponding
to (17) is given by Q = diag{Vy,---,V;,---, V.}.

It can be easily observed that the Hessian matrices P and Q
are diagonally dominant. So, P and Q are certainly positive
definite matrices. Hence, all the eigenvalues corresponding
to P and Q are positive. Under this condition, the itera-
tive algorithm would converge to at least a local optimum
solution if (10) was repetitively applied keeping both v;;
and x; constant. Similarly, it can be easily shown that the
Hessian matrices with respect to both v;; and «; are diagonal
positive definite matrices. Intuitively, the objective function
Jre(y) reduces in all steps corresponding to (8), (10) and
(11), which makes the system strictly descent. It ensures the
convergence of the proposed rough-fuzzy circular clustering
algorithm.

[1l. QUANTITATIVE MEASURES

One of the important criteria of color normalization is
to reduce the within-image as well as between-image color
variation of a single biopsy set for a particular region of
interest (ROI). It is assumed that the tissue specimens within
the same biopsy set have undergone same staining treatment
and thus they must exhibit similar color distribution. Though,
normalized median intensity (NMI) [38] evaluates the color
consistency of a specific ROI within an image, it does not
capture the color consistency of the ROI among images within
the same biopsy set. In order to address the above problem,
two new quantitative indices are introduced next to evaluate
the performance of different color normalization methods.

A. Between-Image Color Constancy Index

The between-image color constancy (BiCC) index of an
image I, belonging to a biopsy set S, is defined as follows:

1

x 2,

J#I | max {

dian{W (i dian {W (j
}21%0%?};{ @)} + }Eﬁo}??){ ()}

W)},
ki )

,-E%gﬁ,){w(f)}]
(19)

where W (i) denotes the average of (R, G, B) intensities
for the i-th pixel corresponding to the ROI of image /. If
the between-image color constancy is maintained after color
normalization, it is expected that the median and maximum
average intensity values, corresponding to ROIs of images /
and J, would exhibit a close proximity. So, a good color
normalization algorithm should make the value of BiCC as
high as possible. The value of BiCC lies in between O and 1.
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B. Within-Set Color Constancy Index

The within-set color constancy (WsCC) index for a biopsy
set S is defined as follows:
1
N

where NMI(7) is the normalized median intensity of image /
and BiCC(7) is the between-image color constancy of image
I with respect to the biopsy set S. NMI is defined as follows:
median{W (i

ieROI(I){ )

wW@))
jemax (WD)

WsCC(S) = — > NMI(I) x BiCC(/);

lIeS

(20)

NMI(]) = Q1)

So, if the color constancy is maintained after normalization,
then it is expected that the median and maximum of the
average intensity values, corresponding to a particular ROI
of image I, would be close enough; which indicates a high
value of NMI. Also, the value of NMI ranges from O to 1. So,
a good color normalization algorithm should make the WsCC
for a biopsy set S high as both NMI and BiCC of a particular
image, belonging to the biopsy set S, eventually possess high
values. The value of WsCC varies in between 0 and 1.

IV. PERFORMANCE ANALYSIS

The performance of the proposed rough-fuzzy circular clus-
tering based stain separation and color normalization method
is studied extensively and compared with that of

« several state-of-the-art stain separation methods, namely,
plane fitting (PF) [19], enhanced plane fitting (EPF) [39],
structure-preserving color normalization (SPCN) [25],
expectation-maximization (EM) algorithm [30], and the
method named HTN due to Li and Plataniotis [22]; and

« different color normalization algorithms such as color
transfer technique (ColTrans) [11], stain color description
(SCD) [3], stain normalization using generative adver-
sarial networks (SN-GAN) [26], StainGAN [29], and
adversarial stain transfer (AST) [27], as well as PF [19],
EPF [39], HTN [22], and SPCN [25].

To find out the optimum values of weight parameter « and
control parameter a for the proposed method, the value of w
is varied from 0.51 to 0.99, while that of a is varied in the
range of 0.1 to 1.0, with an increment of 0.1. The optimum
values of @ and «, for a particular image, are obtained using
Silhouette index [40], as discussed in supplementary material.

To evaluate the performance of different stain separation and
color normalization methods, following two publicly available
histology image sets are used in the current study.

o UCSB Breast Cancer Cell Data: This data set, published
by University of California, Santa Barbara [41], com-
prises of 32 non-cancerous benign cell and 26 cancerous
malignant cell images, acquired from ten hematoxylin
and eosin (H&E) stained breast cancer biopsy sets. Each
image has a resolution of 896 x 768, and associated
ground-truth with nuclei considered as ROIs. Since orig-
inal images were stored in 24-bit nonlinear RGB format,
all images are first converted to linear RGB domain [42].

o CMU Data: This data set, published by the bimagicLab
in Carnegie Mellon University [39], contains three H&E
stained 48-bit linear RGB format images with a resolution
of 1280 x 1024. In addition, this data set consists of stain
decomposition ground-truth, that is, separate H-stained
and E-stained images corresponding to each image.

To evaluate the performance of different stain estima-
tion and separation methods, standard deviation, symmetric
Kullback-Leibler (KL) divergence and signal-to-noise ratio
(SNR) are used, while normalized median intensity (NMI),
between-image color constancy (BiCC) and within-set color
constancy (WsCC) indices are used to evaluate color con-
sistency of the specific ROI within a single biopsy set after
color normalization. A brief description of experimental set-
up, definitions of quantitative indices used, and some important
results are described in detail in the supplementary material.

A. Evaluation of Stain Vector Estimation

As the images within the same biopsy set undergo same
type of staining routine and similar storage condition, a good
spectral estimation algorithm should produce consistent stain
vectors for the images of same biopsy set. The proposed
circular clustering algorithm judiciously integrates the theory
of rough sets, and merits of new circular dissimilarity measure
and weighted hue histogram. To establish the importance of
new dissimilarity measure over conventional cosine distance
for stain vector estimation, extensive experiments are carried
out on UCSB data set, and corresponding results are reported
in Table I(a). In Table I(a), standard deviations (o) of the
estimated stain vectors, corresponding to ten biopsy sets, are
summarized, where og and og represent the standard devia-
tions of the estimated stain vectors of hematoxylin (H) stain
and eosin (E) stain, respectively, computed over all images
of the same biopsy set. The lower o value of the respective
RGB matrix element ensures the generation of consistent stain
vectors for all images of a given biopsy set. The results
reported in Table I(a) confirm that the proposed dissimilarity
measure achieves lowest ¢ values in 19 and 27 cases, out
of 30 cases each, for H-stain and E-stain, respectively.

In order to establish the significance of rough-fuzzy clus-
tering over its hard (4 = 0) and fuzzy (4 = 1) counter parts,
extensive experimentation is carried out on UCSB data set
and corresponding results are reported in Table I(b). From the
results reported in Table I(b), it can be easily observed that
the proposed rough-fuzzy clustering algorithm attains lowest
values of standard deviation in 18 and 25 cases for H-stain and
E-stain, respectively, while hard and fuzzy clustering achieve
lowest ¢ values in 3 and 0, and 9 and 6 cases, respectively.
Finally, the performance of the proposed approach, in stain
vector estimation, is extensively compared with that of several
state-of-the-art stain separation methods, namely, PF [19],
EPF [39], SPCN [25], EM [30] and HTN [22], and correspond-
ing results are reported in Table II. From the results reported
in Table II, it is seen that the proposed method attains lowest
o values in 14 and 13 cases, out of 30 cases each, for H-stain
and E-stain, respectively. However, the PF, EPF, HTN, SPCN,
and EM, respectively, provide lowest values of ¢ in only 0,
2,7, 3, and 5 cases for H-stain and 4, 9, 1, 1, and 2 cases
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TABLE |
PERFORMANCE ANALYSIS OF PROPOSED DISSIMILARITY MEASURE AND ROUGH-FUzzyY CIRCULAR CLUSTERING ALGORITHM ON UCSB DATA
SET: ox REPRESENTS THE STANDARD DEVIATION OF THE ESTIMATED STAIN VECTORS OF X-STAIN, COMPUTED OVER ALL IMAGES
OF THE SAME BIOPSY SET, AND X € {H, E}. EACH VALUE IS REPRESENTED IN 102 SCALE. THE SMALLEST VALUE
OF THE RESPECTIVE MATRIX ELEMENT IS MARKED IN BOLD

(a) Proposed Dissimilarity Measure and Cosine Distance (b) Hard, Fuzzy and Rough-Fuzzy Circular Clustering

Different  [Different] Cosine Distance | Proposed Dissimilarity Different  [Different Hard Fuzzy Rough-Fuzzy
Biopsy Sets |Channels| op R oH OR Biopsy Sets [Channels| oy R oH R oH OR
Red 3.19 3.03 2.84 2.35 Red 1344 | 468 | 405 | 272 | 2.84 | 2.35
ytmal0_010704 Green | 1.69 1.07 1.27 0.89 ytmal0_010704 Green | 5.54 8.69 | 2.00 | 1.03 | 1.27 | 0.89
Blue | 1.35 2.30 1.64 1.86 Blue | 17.29 | 1585 | 1.47 | 1.87 | 1.64 | 1.86
Red | 3.38 5.69 3.59 4.14 Red 1324 | 593 | 345 | 426 | 359 | 4.14
ytmal2_ 010804 Green | 2.71 2.06 2.67 1.60 ytmal2_ 010804 Green | 5.67 1092 | 2.75 | 1.90 | 2.67 | 1.60
Blue | 0.96 1.10 0.96 1.06 Blue | 21.17 | 18.49 | 0.87 | 0.97 | 0.96 1.06
Red 1.57 5.36 1.37 4.00 Red 1.89 5.21 1.54 | 438 | 1.37 | 4.00
ytma23_022103 Green | 1.30 1.79 1.07 1.51 ytma23_022103 Green | 1.39 1.86 1.09 | 1.76 | 1.07 1.51
Blue | 0.67 1.36 0.58 0.77 Blue 0.65 123 | 0.65 | 0.86 | 0.58 | 0.77
Red 3.31 2.53 2.66 2.94 Red 1530 | 579 | 3.13 | 2.58 | 2.66 | 2.94
ytma49_042003 Green | 2.05 0.55 1.72 0.61 ytma49_042003 Green | 5.02 8.47 193 | 0.59 | 1.72 | 0.61
Blue | 0.98 1.07 0.55 0.83 Blue | 1837 | 1592 | 0.70 | 0.96 | 0.55 | 0.83
Red | 2.64 3.28 2.80 2.77 Red 2.68 324 | 278 | 3.17 | 2.80 | 2.77
lytma49_042203 Green | 2.07 091 2.24 0.58 lytma49_042203 Green | 1.85 0.77 | 2.08 | 0.73 | 2.24 | 0.58
Blue | 0.31 1.95 0.54 2.06 Blue 0.63 199 | 043 | 1.84 | 0.54 | 2.06
Red 1.78 3.79 222 2.30 Red 2.89 338 | 202 | 267 | 222 | 2.30
ytma49_042403 Green | 1.07 1.07 1.16 0.93 ytma49_042403 Green | 1.72 1.07 114 | 096 | 1.16 | 0.93
Blue | 0.66 0.88 0.49 0.87 Blue 0.77 1.00 | 0.70 | 0.83 | 0.49 | 0.87
Red 1.86 3.40 1.04 1.73 Red 1.70 3.19 1.09 | 1.97 | 1.04 | 1.73
ytma49_072303 Green | 1.53 1.20 0.73 0.76 ytma49_072303 Green | 1.29 1.18 0.85 | 0.84 | 0.73 | 0.76
Blue | 0.30 0.83 0.20 0.40 Blue 0.36 0.72 | 0.28 | 0.63 | 0.20 | 0.40
Red | 2.34 4.65 2.74 3.60 Red 3.05 387 | 297 | 458 | 2.74 | 3.60
ytma49_111003 Green | 2.07 2.19 2.61 1.58 ytma49_111003 Green | 2.61 1.85 | 2.60 | 223 | 2.61 1.58
Blue | 0.99 1.85 0.77 1.20 Blue 1.16 1.59 1.09 | 1.70 | 0.77 | 1.20
Red 1.83 5.85 1.38 3.35 Red 1.73 5.44 1.43 | 3.71 | 1.38 | 3.35
lytma49_111303 Green | 1.66 247 1.31 1.69 lytma49_111303 Green | 1.55 241 1.30 | 2.03 | 1.31 1.69
Blue | 0.92 1.72 0.59 1.17 Blue 0.84 1.68 | 088 | 1.17 | 0.59 | 1.17
Red 2.65 4.03 2.99 3.60 Red 2.69 432 | 2.66 | 4.61 | 299 | 3.60
ytma55_030603 Green | 2.29 1.65 2.78 1.46 lytma55_030603 Green | 2.26 1.89 | 231 | 1.86 | 2.78 1.46
Blue | 1.16 1.76 0.85 1.63 Blue 1.04 206 | 077 | 1.96 | 0.85 1.63
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Fig. 3. Performance analysis of different clustering algorithms, dissimilarity measures, and stain separation algorithms on CMU data set using
mean value of each index with error bar: A good stain separation method should produce lower value of symmetric KL divergence and higher value
of SNR.

for E-stain. All the results reported in Table II confirm that
the proposed algorithm performs better than the existing blind
stain estimation methods.

error bar for each of the algorithms compared. The mean,
maximum, and minimum values of each index are calculated
for individual stain, considering three H&E stained images of
CMU data set. From the results reported in Fig. 3, it is found

B. Evaluation of Stain Separation

To establish the effectiveness of the proposed method in
stain separation, extensive experiment is performed on CMU
data set as it has stain decomposition ground-truth correspond-
ing to each image. The associated results are reported in Fig. 3
with respect to symmetric KL divergence and SNR. Fig. 3
shows the mean value of each quantitative index along with

that the proposed dissimilarity measure attains lower mean
values of symmetric KL divergence and higher mean values of
SNR for both the stains, with respect to cosine distance. Also,
the proposed rough-fuzzy clustering algorithm provides higher
mean SNR and lower values of KL divergence in all the cases,
with respect to both hard and fuzzy clustering. Moreover,
the difference among mean, minimum, and maximum values
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TABLE Il
COMPARATIVE PERFORMANCE ANALYSIS OF DIFFERENT ALGORITHMS ON UCSB DATA SET: oy (IN 1072 SCALE) REPRESENTS THE STANDARD
DEVIATION OF THE ESTIMATED STAIN VECTORS OF X-STAIN, COMPUTED OVER ALL IMAGES OF THE SAME BIOPSY SET, AND X € {H, E}

Different Different PF HTN EPF SPCN EM Proposed Method
Biopsy Sets Channels OH OR OH ORE OH OR OH OE OH OR OH OR
Red 3.04 2.72 2.67 3.25 2.49 2.10 242 | 393 | 245 | 410 | 2.84 2.35
ytmal0_010704 Green 2.23 2.01 1.68 0.97 2.17 1.03 1.66 | 0.73 | 1.61 | 0.69 | 1.27 0.89
Blue 2.67 5.79 1.14 243 0.78 2.90 1.01 | 2.55 | 092 | 2.51 1.64 1.86
Red 1.99 3.79 1.37 5.79 2.02 8.31 220 | 6.26 | 2.08 | 7.73 | 3.59 4.14
ytmal2_010804 Green 2.16 2.82 1.07 1.82 2.20 1.13 1.80 | 2.14 | 1.66 | 2.54 | 2.67 1.60
Blue 1.72 6.81 0.55 1.30 0.72 1.58 0.79 | 1.36 | 0.83 | 1.56 | 0.96 1.06
Red 1.77 343 2.39 5.36 2.33 6.73 1.07 | 575 | 1.18 | 7.27 | 1.37 4.00
ytma23_022103 Green 1.95 0.46 2.25 1.59 2.62 0.64 1.10 | 1.81 1.16 | 2.21 | 1.07 1.51
Blue 1.31 3.34 0.70 1.57 0.92 1.50 0.86 | 1.71 | 0.89 | 1.86 | 0.58 0.77
Red 3.11 2.11 3.17 1.86 3.67 0.55 3.14 | 298 | 456 | 4.53 | 2.66 2.94
ytma49_042003 Green 2.98 2.02 2.35 0.45 3.50 0.45 244 | 0.74 | 340 | 096 | 1.72 0.61
Blue 1.09 3.67 0.55 0.98 1.42 1.39 0.79 | 1.18 | 1.21 142 | 0.55 0.83
Red 2.29 2.18 4.04 3.13 2.13 5.97 1.99 | 336 | 1.93 | 3.88 | 2.80 2.77
ytma49_042203 Green 2.95 1.40 3.81 0.92 2.43 1.21 2.02 | 0.84 | 2.06 | 1.18 | 2.24 0.58
Blue 1.88 3.72 1.15 2.12 0.97 2.99 0.60 | 2.03 | 0.69 | 2.02 | 0.54 2.06
Red 3.08 3.13 3.42 3.67 3.03 0.49 299 | 489 | 3.39 | 6.66 | 2.22 2.30
ytma49_042403 Green 3.16 3.18 2.55 0.96 3.09 0.35 238 | 1.38 | 2.72 | 1.67 | 1.16 0.93
Blue 1.04 5.38 0.63 0.47 0.79 1.09 093 | 0.64 | 092 | 0.80 | 0.49 0.87
Red 2.09 2.63 2.49 2.82 2.73 2.60 1.99 | 1.57 | 2.52 | 1.99 | 1.04 1.73
ytma49_072303 Green 2.48 1.22 2.55 0.95 3.39 0.14 2.15 | 0.66 | 2.67 | 095 | 0.73 0.76
Blue 0.57 1.43 0.38 0.80 0.64 0.79 046 | 0.79 | 036 | 0.98 | 0.20 0.40
Red 1.90 | 13.17 | 1.64 6.94 5.66 | 1497 | 400 | 9.65 | 1.62 | 8.12 | 2.74 3.60
ytma49_111003 Green 2.60 | 11.29 | 1.61 3.49 744 | 1424 | 1.69 | 579 | 145 | 4.63 | 2.61 1.58
Blue 3.62 | 10.73 | 1.23 2.79 437 | 12.09 | 977 | 417 | 1.29 | 2.62 | 0.77 1.20
Red 2.15 6.12 1.20 6.71 339 | 10.67 | 144 | 6.85 | 1.63 | 887 | 1.38 3.35
ytma49_111303 Green 2.52 1.75 1.30 2.46 4.45 1.78 1.56 | 2.85 | 1.75 | 3.27 | 1.31 1.69
Blue 1.50 4.30 0.24 2.34 1.37 2.49 0.34 | 231 | 0.55 | 2.70 | 0.59 1.17
Red 2.18 7.85 1.88 | 16.56 | 2.41 5.76 135 | 522 | 1.25 | 7.60 | 2.99 3.60
ytmab5_030603 Green 3.39 3.90 1.81 2.09 3.34 1.34 148 | 236 | 1.37 | 3.19 | 2.78 1.46
Blue 2.73 8.20 0.67 8.32 0.53 1.57 0.70 | 1.62 | 0.67 | 2.28 | 0.85 1.63
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Fig. 4.
bottom: E-stain).

of each index for the proposed dissimilarity measure and
rough-fuzzy clustering is significantly smaller as compared to
that of other approaches.

The results reported in Fig. 3 also confirm that the proposed
method provides lower values for KL divergence and higher
values of SNR, with respect to most of the existing stain sepa-
ration algorithms, while EPF performs slightly better than the
proposed approach, with respect to KL divergence for H-stain
and SNR for E-stain. Fig. 4 depicts an example of qualitative
comparison of stain separation by different methods. From
Fig. 4, it is evident that only the proposed method and EPF can
extract the intrinsic structures of the biological components,
highlighted by H-stain and E-stain. But, the main advantage
of the proposed approach over EPF is that it is also applicable
in the situation where more than two stains exist.

C. Evaluation of Color Constancy

The within-image and within-biopsy set color consistency
of the proposed method as well as other color normalization

CMU image_1, ground-truth stain spectra, and estimated stain spectra obtained using different stain separation methods (top: H-stain;

methods are evaluated on UCSB data set using existing NMI
and two proposed indices, namely, BiCC and WsCC. The
comparative performance of different methods is analyzed
using box and whisker plots, and p-values computed through
both paired-¢ (one-tailed) and Wilcoxon signed-rank (one-
tailed) tests. Fig. 5 presents the box and whisker plots of three
quantitative indices, where the top and bottom boundaries of
each box represent upper and lower quartiles, respectively,
central line represents the median, whiskers are extended to
three standard deviations from mean, and the outliers are
represented by ‘+’. The corresponding statistical significance
analysis, with respect to both Wilcoxon signed-rank and
paired-t tests, is presented in Table III.

From the results reported in Fig. 5 and Table III, it is evi-
dent that the proposed circular dissimilarity measure provides
higher mean and median values of NMI, BiCC, and WsCC
as compared to that of cosine distance. Also, the performance
of the proposed dissimilarity measure is significantly better
than the cosine distance, with respect to both paired-r and
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and color normalization methods on UCSB data set using box and

whisker plots for NMI, BiCC, and WsCC: A good color normalization method should produce higher values of these three indices.
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@
Fig. 6.

(a) Original images of UCSB data set; and color normalized images obtained using different color normalization methods: (b) ColTrans,

(c) PF, (d) EPF, () SCD, (f) HTN, (g) SPCN, (h) SN-GAN, (i) StainGAN, (j) AST, and (k) proposed.

TABLE IlI
STATISTICAL SIGNIFICANCE ANALYSIS OF DIFFERENT CLUSTERING
ALGORITHMS, DISSIMILARITY MEASURES, AND COLOR
NORMALIZATION METHODS, WITH RESPECT TO PROPOSED METHOD,
ON UCSB DATA: BOTH PAIRED-tAND WILCOXON SIGNED-RANK
TESTS ARE USED. THE P-VALUE, MARKED IN ITALICS, INDICATES
THE PROPOSED METHOD IS BETTER THAN THE
EXISTING ONE, BUT NOT SIGNIFICANTLY

Different NMI | BiCC WsCC

Methods  [Wilcoxon] Paired-7 [Wilcoxon| Paired-7 [Wilcoxon| Paired-7
[Cosine Distance[2.71E-11[1.35E-13[1.75B-11[2.71E-17]2.535-03]5.1 7E-06)
Hard Clustering|3.27E-11|8.73E-13|1.75E-11(2.28E-19(2.53E-03|5.10E-07
[Fuzzy Clustering1.75E-11|9.00E-12(1.75E-11{2.13E-18|2.53E-03|2.30E-06
ColTrans |3.13E-06[2.45E-06|4.94E-11|1.09E-13|3.46E-03|3.81E-03
PF 3.43E-04|1.52E-04(8.73E-07|3.49E-08|1.01 E-01|2.6TE-02

EPF 1.08E-05]9.56E-07|7.76E-09(1.22E-10|1.42E-02(8.70E-03
SCD 1.43E-10|1.71E-14{1.75E-11|3.22E-22|2.53E-03(2.37E-05
HTN 4.46E-07|4.87E-06[2.16E-11|2.24E-14(2.53E-03|8.75E-05
SPCN 2.91E-06|4.66E-07|1.81E-08[1.76E-10|1.09E-02(7.95E-03
SN-GAN  [3.39E-01|2.30E-01|1.02E-03|2.09E-04(1.93E-01|1.51E-01
StainGAN |1.80E-06(1.55E-07[1.01E-10|5.93E-14/3.46E-03|2.22E-03
AST 1.53E-03|6.18E-04(3.92E-09(7.46E-11|1.42E-02(9.66E-03

Wilcoxon signed-rank tests considering 95% confidence level.
In order to establish the significance of rough-fuzzy clustering
over its hard and fuzzy counter parts, the comparative results
are also reported in Fig. 5 and Table III. From the results,
it can be seen that the proposed rough-fuzzy circular cluster-
ing algorithm provides significantly higher NMI, BiCC, and
WsCC values, compared to both hard and fuzzy clustering,
on UCSB data set. The significantly better performance of the
proposed algorithm is achieved due to the fact that the theory
of rough sets can efficiently deal with uncertainty, vagueness
and incompleteness in stain class definition.

Finally, the results reported in Fig. 5 and Table III ensure
that the proposed method provides highest mean and median
values, with respect to NMI, BiCC, and WsCC. Moreover,

both Wilcoxon and paired- tests show that the proposed
method performs significantly better than state-of-the-art color
normalization algorithms except SN-GAN [26]. The proposed
method provides better performance than SN-GAN [26], but
not significantly, with respect to both Wilcoxon and paired-¢
tests in case of NMI and WsCC. The qualitative performance
analysis of different methods on UCSB data set is presented
in Fig. 6. From the results reported in Table IIT and Fig. 5-6,
it can be observed that the proposed method outperforms
other existing methods as per the color consistency after
normalization is concerned.

V. CONCLUSION

The color normalization in histological images is a funda-
mental task as the presence of color inconsistency among the
images may degrade the performance of automated histolog-
ical image analysis. In this regard, the main contributions of
this paper are as follows:

o development of a new rough-fuzzy circular clustering
algorithm for color normalization, which judiciously inte-
grates the merits of rough sets and fuzzy set;

« introducing a new dissimilarity measure to deal with the
circular nature of hue values;

o introducing a weighted hue histogram, integrating the
information of both saturation and local neighborhood;

o defining some new quantitative indices to evaluate the
color constancy among H&E stained histological images
after color normalization; and

« demonstrating the efficacy of the proposed method, along
with a comparison with existing algorithms, on publicly
available standard H&E stained histological images.

The proposed method addresses the physical constraints
such as the overlapping nature of histochemical stains as
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well as the non-negativity of stain color appearance and stain
density matrices. It is evident from both quantitative and
qualitative results that the proposed method outperforms other
existing color normalization approaches, in terms of satisfying
the physical constraints and maintaining the within-image and
between-image color constancy within a single biopsy set after
color normalization. Moreover, the proposed algorithm does

not

require any prior information other than the number of

stains involved in staining routine of histological images.
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