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A B S T R A C T

Histological samples stained with hematoxylin-eosin (H&E) are commonly used by pathologists in cancer di-
agnoses. However, the preparation, digitization, and storage of tissue samples can lead to color variations that
produce poor performance when using histological image processing techniques. Thus, normalization methods
have been proposed to adjust the color of the image. This can be achieved through the use of a spectral matching
technique, where it is first necessary to estimate the H&E representation and the stain concentration in the image
pixels by means of the RGB model. This study presents an estimation method for H&E stain representation for the
normalization of faded histological samples. This application has been explored only to a limited extent in the
literature, but has the capacity to expand the use of faded samples. To achieve this, the normalized images must
have a coherent color representation of the H&E stain with no introduction of noise, which was realized by
applying the methodology described in this proposal. The estimation method presented here aims to normalize
histological samples with different degrees of fading using a combination of fuzzy theory and the Cuckoo search
algorithm, and dictionary learning with an initialization method for optimization. In visual and quantitative
comparisons of estimates of H&E stain representation from the literature, our proposed method achieved very
good results, with a high feature similarity between the original and normalized images.

1. Introduction

The diagnosis of cancer is traditionally made based on a microscopic
analysis of histological samples for identification of the morphological
features seen in this particular type of disease [1]. Through the digiti-
zation of these samples, histological image processing techniques have
been developed to aid pathologists in making a diagnosis. These tech-
niques contribute toward diagnosis decisions that are less subjective
and more agile, which makes these tools useful in medical applications
[2].

Histological images are obtained through the preparation and di-
gitization of tissue samples [3]. The identification of histological
structures is possible due to the color defined by the hematoxylin-eosin
(H&E) stain commonly used in histological image analysis [4,5].
However, the tasks of preparation, digitization, and storage make the

histological sample susceptible to color variations.
The fixation step, which prevents tissue degeneration, can intensify

the staining according to the fixative used and its fixation time [6,7].
When tissue dehydration is not performed efficiently, the stain may be
opaque due to water droplets, and may eventually lose microscopic
detail [8]. The tissue cutting and sample mounting steps can also lead to
color variations, due to the tissue thickness and the introduction of
artifacts such as dust and air bubbles, respectively [8,9]. The staining
step may be influenced by the concentration and pH of the staining
solution, chemical oxidation, and the staining time [4]. Different digi-
tization systems also lead to color variations [10]. Finally, the storage
conditions of the samples can alter their interaction with the stain,
which after several years can cause tissue fading [3,11].

In addition to the challenges facing the development of computer-
aided diagnosis (CAD) systems, variations in color can significantly
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reduce the performance of segmentation and classification methods due
to the high sensitivity of color and texture features [3,12]. Normal-
ization techniques are therefore useful in adjusting the color of H&E-
stained histological images [12]. These techniques can be classified into
three types: histogram matching, color transfer, and spectral matching
[3]. Spectral matching has advantages over the other techniques due to
its potential tissue preservation, an essential criterion for evaluating the
normalization together with the introduction of noise [3,13].

Spectral matching methods are based on estimates of stain re-
presentation by color channel and the concentration of the stain in the
image pixels. These estimates therefore need to robust and accurate, so
that the histological structures can be preserved and noise is not in-
troduced into the normalized image [3]. Through the use of these es-
timates, our method adjusts the stain representation of an original
image, replacing it with a representation of a reference image chosen
based on a visual analysis of its colors.

To ensure that our method is robust for different histological
images, we used a new approach to estimate an important parameter.
This estimation employs fuzzy theory to associate the intensities of the
pixels with the hematoxylin and eosin dyes, with parameter estimation
carried out using the Cuckoo search (CS). We were then able to obtain a
global optimum result with the stain representation initialization by
applying the technique reported in Ref. [3]. Finally, we investigated the
estimation of the stain representation using dictionary learning [14].

One of the contributions of this work is a new estimation method for
the normalization of faded H&E histological images. The color varia-
tions in histological images have negative consequences in terms of
both diagnosis definition and the computational analysis of images
[15]. For this reason, the proposal and use of color normalization are
encouraged. This application can be extended to faded histology
images, opening up the possibility of their use in more computational
applications, for example in composing classifier training sets and in
manual analyses by pathologists in their specific areas of interest.

Further contributions of this work are summarized below:

• A new normalization method was investigated based on biological
properties and stain characteristics, bringing biomedical concepts
closer to computational analyses;

• The proposed application allows for a broader use of faded histo-
logical images in manual and computational analyses;

• In addition to proposing a normalization method for faded images,
this study also evaluated the performance of other normalization
techniques in this specific application, which is a poorly investigated
research topic.

This study is divided into five sections. The next section describes
previous spectral matching methods for histological image normal-
ization that have been published in the literature. Section 3 presents an
overview of the proposed normalization, the image dataset, the method
for estimating the stain representation and concentration, and the
evaluation metrics of the results. In Section 4, the results of the pro-
posed technique are discussed and compared to the spectral matching
of Khan et al. [16], Macenko et al. [17] and Vahadane et al. [18], and
the color transferences of Reinhard et al. [19] and Nguyen et al. [20].
Finally, Section 5 presents the conclusion and suggestions for future
studies based on the limitations of this proposal.

2. Related studies

Between 2008 and 2017, the majority of normalization studies used
color transfer techniques, except in 2015 [21]. Several studies pub-
lished after 2017 proposed new H&E image normalization methods
using spectral matching. In these methods, the estimates relied on non-
negative matrix factorization (NMF) and some variations of this ap-
proach were widely used due to its non-negativity restriction, which is
consistent with the biological properties of H&E [18]. Bilgin et al. [4],

Li and Plataniotis [3], Saraswat and Arya [22], and Maji and Mahapatra
[23] used the NMF to normalize histological images. In addition to the
non-negativity restriction, Vahadane et al. [13] and Vahadane et al.
[18] used the concept of sparsity, interpreting the pixels of the histo-
logical image as an H&E sparse mixture, which defined the sparse non-
negative matrix factorization (SNMF). A second variation of NMF,
known as graph regularized sparse non-negative matrix factorization
(GSNMF), was used by Sha et al. [24] in an attempt to preserve texture
information.

Bilgin et al. [4] performed NMF estimates using the non-negative
least squares method with a stain concentration initialization to im-
prove the representation of the eosin dye. After the stain concentration
and representation were estimated, residuals were calculated to re-
present structures that cannot be fully represented by either dye, such
as pigments and red blood cells. These residual channels were obtained
by subtracting the reconstructed channels defined by the stain con-
centration and representation from the original channels. However, this
study used gamma correction on the stain concentration estimation,
leading to poor structure preservation through the altering of the in-
trinsic characteristics of the pixel.

The authors Li and Plataniotis [3] also used the NMF in conjunction
with an initialization to estimate the stain representation, in order to
reduce the influence of achromatic pixels. In addition to spectral nor-
malization, the authors proposed an illumination normalization to
correct inconsistencies in the tissue digitization step. The limitations of
this method were not identified, since the authors did not specify the
NMF algorithm used for the normalization.

As in the study by Bilgin et al. [4], Saraswat and Arya [22] also
proposed a stain concentration initialization but using the channels a
and b from the Lab color model. An empirical stain representation in-
itialization using the RGB model was also proposed, and different NMF
algorithms were evaluated. Color correction was performed by applying
the method of Reinhard et al. [19]. The limitations of [22] were ob-
served in terms of the definition of a maximum number of iterations for
obtaining the stain representation. In this approach, there is no guar-
antee that the best estimation will be obtained for different images. In
addition, this particular study incorporated an empirical stain re-
presentation initialization that was different from the unsupervised
method used in our proposal.

Maji and Mahapatra [23] used NMF combined with a rough-fuzzy
circular clustering and a saturation-weighted hue histogram. This al-
gorithm clustered the histogram into three classes: achromatic, hema-
toxylin, and eosin, using the rough sets method. This assignment of
classes to hues was weighted by the fuzzy membership values with the
aim of representing the stain mixture. This was then optimized by a
Lagrangian function with a cosine distance, and the stain representation
was computed from the cluster centroids. The stain concentration was
initially estimated and then refined with the stain representation using
NMF to incorporate its non-negativity property. As in Ref. [3], the
authors did not specify their NMF algorithm, presenting a detailed
description of only the initialization technique. In this study, a limita-
tion was observed in terms of the empirical definition of the parameter
that controls the clustering, with an elevated influence on the centroid
computation.

In addition to the non-negativity restriction, Vahadane et al. [13]
and Vahadane et al. [18] used the sparsity concept through the SNMF
technique. This concept was represented by the sparsity parameter (λ)
in estimates performed using least angle regression and parameter-free
block-coordinate descent with warm restart. One restriction in those
studies is the empirical definition of λ, which makes it less robust.

Sha et al. [24] normalized histological images with GSNMF, based
on its potential to improve data representation in comparison to NMF.
After the conversion of the RGB images to the Lab model, each pixel
was used as a vertex on a graph, and its n nearest neighbors (with a 5×5
kernel) were employed to form edges. These edges were weighted using
the heat kernel method, but only the highest 50% of the weight edges
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were used in the SNMF objective function to estimate the stain re-
presentation and concentration. However, no clear definition of its
parameters was given, with only visual analyses of the results. Despite
the motivation of the study, which was to preserve texture information,
it was not quantitatively evaluated based on this criterion.

Unlike in the aforementioned works, Macenko et al. [17] defined
the stain representation using the 1st and 99th percentiles of the optical
density angles in relation to the first singular value decomposition
(SVD) direction. One limitation of this method is the possibility that
negative coefficients are obtained in its estimates, which constitutes an
invalid biological condition [18]. Moreover, the method can provide
inefficient results if the areas of hematoxylin and eosin regions are
disproportionate [25]. The study also did not present a quantitative
evaluation of its results, which makes it harder to verify its perfor-
mance.

Since the method of Macenko et al. [17] can produce poor results if
there are more hematoxylin than eosin regions or vice versa, Nie-
thammer et al. [26] and Vicory et al. [11] proposed improvements
based on this limitation. These studies considered that the image optical
densities were distributed on a plane estimated by plane fitting. The
authors also proposed partitioning the data points using the Otsu
technique, so that the plane could not be biased to the most abundant
dye. In this approach, the contribution of each dye cluster was the same
as in the stain representation estimation through the use of weights
defined by the number of points in each cluster. However, the primary
limitation of these studies was reported by Khan et al. [16] as being
convergence to local minima.

Another proposed method for improving the normalization of
Macenko et al. [17] was published by Stanisavljevic et al. [27]. To
reach this goal, the authors presented a multi-core implementation of
the SVD, an iterative multi-batch implementation, and single-node and
distributed multi-node versions. These enabled faster image processing
that supported high-magnification images. Despite its computational
optimization, this work did not propose improvements to the limita-
tions of [17].

A study by Celis and Romero [28] defined the stain representation
based on the minimum and maximum values of the R B means along
the G-axis via an R B G, plane. In contrast, Bejnordi et al. [25] pro-
posed that microscopic images were better represented by the HSD
color model, in comparison to the RGB and HSI models. This condition
highlights the main limitation of the Celis and Romero method [28],
since they used the RGB model. As an alternative to RGB, it is common
in spectral matching techniques to use the optical density of pixels,
which represents stain biological concepts [29].

Khan et al. [16] classified the pixels into hematoxylin, eosin, and
background using the relevance vector machine method. As features,
this classification used the RGB values and the mean and eigenvectors
of covariance of the histograms quantized images. The mean color va-
lues of the hematoxylin, eosin, and background were used to define the
stain representation. Color adjustment was performed using the B-
spline method between statistical metrics of these classes from the
original and reference images. One of the problems associated with this
study was the use of a training set, which limited its robustness to the
color variations in this set [18,25,28].

Another spectral matching method was published by Zheng et al.
[30], in which stain representation estimation was carried out using the
gradient descent algorithm and an objective function optimization with
the sum of three weighted functions. The first function was based on
prior knowledge that enforces the assignment of each pixel to one dye.
The second function was used to control the proportion of the dyes re-
presented in the image, so that the result was not biased when the image
had more hematoxylin or eosin regions. Finally, the last function con-
trolled the energy of the stain, with influence in the estimated stain in-
tensity. The main limitation of this method was due to the first function,
which assumed that the pixels represented only one dye and disregarded
pixel modeling as a stain mixture in relative proportions [18].

According to Vahadane et al. [18], errors in the stain representation
estimation are propagated to the estimation of pixels stain concentra-
tions. For this reason, the stain representation must be efficiently esti-
mated in order to achieve relevant results from normalization. Of the
studies described above, we note that investigations into the normal-
ization of faded H&E histological images are recent, and are limited in
the literature. To the best of our knowledge, only the study of Vicory
et al. [11] presented an evaluation for dealing with this color variation.
Based on the abovementioned spectral matching studies, can be seen
that this topic still faces great challenges ahead, and that new research
is necessary for further progress to be made with this approach.

3. Materials and methods

3.1. Method overview

The proposed normalization is based on three steps: estimation of a
sparsity parameter, initialization of the stain color appearance matrix,
and its estimation. These steps are performed in this order, and are fully
described in Subsection 3.3.

The algorithm was developed using the MatLab® language and the
experiments were performed on a 2.40 GHz processor notebook (Acer
E5-574-592S). Its processor was an Intel Core 6 i5 with 8 GB RAM.

3.2. Image dataset

The proposed spectral matching was evaluated on H&E histological
samples of cutaneous melanoma scanned over different periods of time,
with differences between two and seven years1 [11]. The second sample
scan therefore presents fading color variations. The evaluated dataset is
composed of 23 pairs of whole slide images (WSIs) represented using
the RGB color model (24 bits of quantization in tif files) with minimum
dimensions of 1867×1616 pixels and maximum 3709×3552 pixels.
Evaluation by a pathologist allowed us to divide these images into
groups of 11, eight and four pairs with low, medium, and high degrees
of fading, respectively.

Since the first and second scans were performed at different times,
the histological samples were at different positions in the images, which
also had different dimensions. This is noted in Fig. 1 (a), which presents
the first scan of a histological sample with 1818×1802 pixels. Fig. 1(b)
shows the second scan of the same histological sample, with
1728×1908 pixels. In the evaluation of our results, we had to compare
the normalized version of the second scan with the corresponding first
scan. These images were therefore registered so that the represented
histological sample could be positioned in the exact same space in the
images, with the same dimensions.

The registration of the corresponding WSIs was performed with the
four control points used for the application of an affine geometric
transform in the MatLab® language. Fig. 1(c) presents the result of re-
gistration of Fig. 1(a) according to Fig. 1(b), giving it the dimensions of
1728×1908 pixels.

3.3. Proposed method

Following the work by Vahadane et al. [18], let V be the relative
optical density, W the stain color appearance matrix with dimensions

×3 2 and H the stain density map represented by × n2 , where n cor-
responds to the total number of pixels in the image. The Beer-Lambert
law allows the definition of:

=V W H. (1)

The V matrix is defined by Equation (2), in which I is the RGB image
with matrix dimensions of × n3 and I0 is the light intensity in the

1 Available at https://midas3.kitware.com/midas/folder/11138.
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histological sample, which is equivalent to 255 in the proposed nor-
malization [18].

=V log I
I

.0
(2)

The W matrix corresponds to the representation of the H&E stain
(distributed into its columns) in terms of the RGB channels (represented
by its rows) [3]. The H map corresponds to the estimation of the H&E
stain concentration in each image pixel, which gives it the dimensions

× n2 [4].
The aim of normalization is to estimate the W matrix and the H map

of the original and reference images. Color correction is performed by
the replacement of the W matrix of the original image by the W matrix
of the reference image. Using this approach, the structures represented
by the original image are preserved by retaining the H map, and only
the H&E stain color of the original image is adjusted according to the
reference image.

Fig. 2 illustrates the methodology proposed by Vahadane et al. [18]
for the processing of WSIs, as employed in this normalization. The WSIs
were divided into grids, and Wi matrices were estimated on the i regions
centered in the intersection of this division, as indicated by the green
dots in Fig. 2. To prevent the background regions affecting the esti-
mation of W, pixels with L values from the Lab model higher than 0.9
were disregarded, as defined by Vahadane et al. [18]. The W matrix was
then obtained based on the median of the Wi matrices of the regions
considered.

To estimate the W matrix and the H map, SNMF was used to re-
present the biological properties of the H&E histological samples. Based
on these properties, these estimates were obtained using Equation (3)

[14]:

+

=

=min V WH H j W H

W j

( , :) , such that , 0,

(:, ) 1.
W H j,

1
2 1

1
1

2
1

2
2 (3)

For this purpose, it was necessary to define the parameter λ, the
matrix Winitial corresponding to the W matrix initialization, and the
parameter h that defines the number of pixels processed at each itera-
tion of the algorithm, called the mini-batch.

The parameter λ was estimated using the fuzzy theory with three-
parameter membership to model the image as an H&E stain mixture
[31]. This method allowed us to assign membership degrees of hema-
toxylin and eosin to each image intensity level, which quantify the H&E
representation by the image intensities. To achieve this, it was neces-
sary to estimate the parameters (u, v and w), which was performed
using a CS. Fig. 3 illustrates the different distributions of membership
degrees using fuzzy theory with the parameters u, v and w.

As shown in Fig. 3, the membership degrees represent different
distributions according to the values of u, v and w used in the M
functions, which quantify the membership degrees in Equations (4) and
(5):

=M S k u v w( , , , ),Hematoxylin (4)

=M Z k u v w( , , , ),Eosin (5)

where k represents the image intensity levels, and the S and Z functions
are defined by Ref. [31]:

Fig. 1. WSIs registration of the case BLGM0008 necessary to evaluate the normalization: (a) first sample scan in its original version, (b) the second sample scan,
characterized by fading, and (c) the registered version of the first scan.

Fig. 2. Flowchart of the method used to estimate the W matrix and the H map of the WSIs (Figure adapted from Ref. [18]© 2016 IEEE).
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Fig. 3. Distributions of membership degrees (Y-axis) of the intensity levels (X-axis) defined by the MHematoxylin and MEosin curves through the assignments of (a) (125,
205, 246) and (b) (37, 108, 235) to the (u, v, w) tuple.
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=Z k u v w S k u v w( , , , ) 1 ( , , , ). (7)

Assignment to the (u, v, w) tuple was performed using a CS [32].
This method was chosen based on a comparison of the different opti-
mization algorithms, as described in Subsection 4.1. The CS is based on
the reproduction strategy of the cuckoo. This involves parasitism, as
cuckoos lay their eggs in the nests of other birds called hosts. In this
way, a cuckoo chick can share the food of the host chicks, and can
therefore grow [33].

Initially, the CS used a random generation with 100 tuples, as in Ref.
[34], sorted by u v w0 255. These tuples represent the host
nests, and the u, v and w parameters correspond to the host eggs. To
compare the assignments to the tuples, the Shannon entropy (E) was
used, as shown in Equation (8) [31,35]. This metric is a quantitative
measure of the information represented by the image, and reaches
higher values as more information is represented [36]. This metric was
calculated only in the intersection region between the MHematoxylin and
MEosin curves, as indicated by the gray color in Fig. 3, in an attempt to
represent the H&E sparse mixture. In this approach, a high value of E
indicates the presence of H&E stain regions.

=E u v w P log P
P log P

( , , ) ( )
( ),

Hematoxylin Hematoxylin

Eosin Eosin (8)

where the probabilities (P) of the H&E stain are determined by:

=

=
=

=

P p k M k

P p k M k

( ) ( ),

( ) ( ),
Hematoxylin k Hematoxylin

Eosin k Eosin

0
255

0
255

(9)

where p k( ) represents the probability of occurrence of the k intensity.
To explore different assignments given to the fuzzy parameters (u, v

and w), the CS is based on three principles: (1) one cuckoo egg is laid in
a random nest; (2) the best nest, in our case tuple, is always kept for the
next iteration; and (3) the cuckoo egg can be discovered by the host
bird with a probability of pa, assigned to 0.25 [32].

After the random generation of 100 host nests, the best one is
identified by the highest entropy value of all the tuples. This nest
cannot receive a cuckoo egg, and it is left untouched for the next
generation. Excluding this nest, the laying of the cuckoo eggs is mod-
eled in the CS by Lévy flight among the 99 remaining nests, im-
plemented as described in Ref. [37]. This step obtains a new nest po-
pulation at each iteration of the algorithm, always retaining the best
identified nest.

In our method, if the host bird discovers the cuckoo egg, it throws it
away [33]. In order to achieve this, a random probability is generated
for each cuckoo egg, which represents the fuzzy parameters. If this
probability is higher than pa, a new value is obtained for the fuzzy
parameter using a random approach. Then, all the nests are evaluated
using the entropy function (Equation (8)), and the best nest is identified
in each iteration of the algorithm.

The method of Hammouche et al. [38] was employed as the CS stop
criteria. With this technique, the CS was executed until the mean of the
H&E stain intensity levels, as defined by the MHematoxylin and MEosin
curves, was the same over two consecutive iterations.

After identification of the best assignment to the (u, v, w) tuple, the
membership degree distribution (c) of the intersection region of the
MHematoxylin and MEosin curves allowed us to calculate λ using Equation
(10) [39]:

= =

=

c

c
.k k

k k

0
255 2

0
255

(10)

The initialization of W (Winitial) proposed by Li and Plataniotis [3]
was used to obtain stable results. This method disregards achromatic
pixels corresponding to noise or regions that are poorly stained, which
can affect the estimation of W.

To iteratively estimate the W matrix using mini-batches of size h,
iterative estimation of H was carried out using the weighted least
squares method [40]:

=H argmin V W
I H0 ,

H id (11)

where Iid is an identity matrix. In the first iteration, the W matrix was
assigned to Winitial, and in the following iterations, the coefficients of W
were iteratively updated in each mini-batch using a linear system based
on the conjugate gradient method [14]:

=C W j M( , :) ,t
j

t
j (12)

where j represents each channel of the RGB color model,
= + =M M w H Ht

j
t
j

i
h

i
j

i i
T

1 1 , = =C C w V Ht
j

t
j

i
h

i
j

i
j

i
T

1 1 , and t represents
the index of the different mini-batches of the image. In the first itera-
tion, the variables M and C were assigned to null values. The wi

j vari-
able was defined by:

=
+

w
V W j H

1

( ( ) )
,i

j

i
j

i
2

(13)

where δ was assigned as 10 6.
Following this, the estimation of W was defined by the median of

the Wi matrices of the regions resulting from the WSI division (Fig. 2),
and the H map was defined by Equation (14) [29]:

= +H W V , (14)

where H 0 and =+W W W W( )T T1 .

3.4. Evaluation metrics

The estimation of λ by the CS method was evaluated based on the
values assigned to this variable, the number of iterations to con-
vergence and its execution time. The proposed normalization was also
evaluated based on its running time, according to the different sizes of
each image.

The feature similarity index metric (FSIM) was used for the quan-
titative evaluation of the WSI normalization. The FSIM quantifies the
similarity of features from the original and normalized images [32,41];
the higher the values of this metric, the better the results.

In addition to these metrics, the Canberra distance [42] and the
earth mover's distance (EMD) [11] were applied to quantify the dif-
ference in the histograms between the normalized WSIs and the cor-
responding first scan, which was used as the reference image. These
metrics were employed for the RGB color channels, giving three values
that indicated good results by their minimization.

The color correction of the faded samples was also analyzed using
the histograms of the density channel from the HSD color model. The
HSD was designed for stain representation in microscopy images [43],
and its density channel is linearly related to the amount of stain in the
histological sample [25,44]. It was therefore expected that the nor-
malization of the second scan would have a density histogram dis-
tribution that was close to that of the first scan image (the reference
image).

4. Results and discussion

The evaluation of the proposed normalization scheme is presented
in this section, and the CS method is compared to other optimization
methods in Subsection 4.1. The results of this normalization were
evaluated by applying the first scan of each the histological samples as
the reference image, giving 23 reference images in total. The color of
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the second scan of the 23 samples, which is characterized by fading,
was adjusted according to its respective first scan. Estimation of the W
matrix was also evaluated using a reference image extracted from a
colorectal cancer WSI, as illustrated in Fig. 5(a). Using this metho-
dology, the 46 images in the dataset were evaluated as original images,
and these are presented in Subsection 4.2.

Based on these different reference images, we compared our method
to the spectral matching and color transfer techniques, as described in
Subsection 4.3. We also analyzed the influence of artifacts in the his-
tological samples on the results of normalization, as presented in
Subsection 4.4. Finally, we evaluated the running time of the proposed
method for W estimation in comparison to other estimates from the
literature, and this is presented in Subsection 4.5.

4.1. Evaluation of optimization algorithms for estimation of λ

In order to evaluate the estimation of λ, we performed a quantita-
tive comparison of the CS with the evolutionary algorithms of the ar-
tificial bee colony (ABC) [45], differential evolution (DE) [46], genetic
algorithm (GA) [47] and particle swarm optimization (PSO) [48]. These
algorithms were evaluated based on the obtained values for λ, the
number of iterations to convergence and their execution time. This
analysis was performed using 100 executions on the 46 dataset images,
and the mean results are presented in Table 1.

We investigated the results for λ, the number of iterations and the
execution times using the Kruskal-Wallis test with a 5% significance
level. This test was applied because none of the optimization methods
had a normal distribution. All of the algorithms showed no statistically
significant differences (p < 0.05) over 100 executions for each cri-
terion evaluated.

Table 1 shows the performance of the optimization algorithms, with
a maximum number of iterations of around six and a convergence time
of around 0.4 s. Experiments performed by Vahadane et al. [18] in-
dicated that the larger the value of λ, the more local structures are
erased. In comparison to a ground truth, assignments of around 0.1
reach a flat normalization performance. In this regard, the techniques of
CS, DE, and GA stand out, since they obtained results closest to 0.1.
However, the number of iterations to convergence and the execution
time showed that CS was the best optimization algorithm for our ap-
plication.

4.2. Visual evaluation of the proposed method

Fig. 4 illustrates the normalization results of the original images,
which are characterized by high (Fig. 4(b)), medium (Fig. 4(f)) and low
(Fig. 4(j)) fading, with application of their first scan as the reference
images, as shown in Figs. 4(a), 4(e) and 4(i), respectively. The results of
the proposed method are shown in Figs. 4(c), 4(g) and 4(k).

Normalization of the sample with high fading (Fig. 4(b)) gave good
results for tissue representation, as can be seen in the magnified region
in Fig. 4(c). For the representation of background artifacts, as indicated
by the green arrow in Fig. 4(c), the proposed technique gave good re-
sults. Our method gives a similar representation of the artifacts to that
seen in the original image, as shown in shades of green and blue.

The normalization of the sample with medium fading (Fig. 4(f))
achieved significant results using the proposed method (Fig. 4(g)), since
the image background was preserved and the coherent H&E color re-
presentation was clearly visible. In addition, the proposed estimation
method was able to preserve the color of the artifact, as indicated by the
green arrow in Figs. 4(f) and 4(g). Our normalization represented the
tissue region in less vibrant shades of pink than in the original image,
which was more similar to the reference image (Fig. 4(e)).

The normalization of the sample with low fading (Fig. 4(j)) achieved
significant results using our technique (Fig. 4(k)), when considering the
criteria of the preservation of structures and introduction of noise. This
can be seen in the amplified regions, where the structures represented
in the original image are also present in the normalized images. In
addition, there is no alteration in the background coloring or color of
the small artifacts, as indicated by the green arrow. This condition
shows that high performance is achieved for color correction when the
original and reference images are similar, which is a desirable condition
in spectral matching techniques with blind estimates.

In order to analyze only the tissue color, we performed a segmen-
tation of the reference images (Figs. 4(a), 4(e) and 4(i)) by the Otsu
method, which uses the sum of the density and the saturation channels
from the HSD model. The masks obtained in this way were applied to
the reference, original and normalized images in Fig. 4. The density
values of the segmented histological regions were plotted on histograms
with intervals of [0–255], as illustrated in Figs. 4(d), 4(h) and 4(l).

Fig. 4(d) shows that the proposed method gave a density distribu-
tion with greater similarity to the reference image for normalization of
the sample with high fading than the original image. Our method was
able to improve the density distribution over the entire interval of
[0–255]. The high fading sample is indicated in this representation by
the peak of the original image curve at [0–50], representing a low stain
density. This was corrected in our method by the stretching of this peak
to around [0–80].

The distributions in Fig. 4(h) demonstrate that our method obtained
good results, with a close distribution to the reference image. The ori-
ginal image also has a similar density distribution to the reference
image; this is as expected, since we are dealing with the case of medium
fading. However, the original image curve has a high peak at [0–50],
which was smoothed by our technique. Between 100 and 255, the
original curve shows a clear difference from the reference curve. In this
interval, the proposed method obtained a similar distribution to the
reference curve, thus correcting the original image density.

The curves in Fig. 4(l) demonstrate the good performance of our
technique in the normalization of the sample with low fading. Between
0 and around 90, the original image has a close distribution to the re-
ference image. However, above this value, these curves show a marked
difference. At around [0–80], our technique increased the density of the
original image to above the reference curve, but the limitation of the
original curve around [90–120] was corrected by our method, with
high similarity to the reference image. Additionally, the proposed
method also gave a distribution with greater similarity to the reference
image than the original curve.

We also evaluated our normalization using a colorectal cancer
image as a reference image to correct the color of the 46 WSIs. Fig. 5
exemplifies the results of the proposed method (Fig. 5(c)) for normal-
ization of the original image (Fig. 5(b)) using the reference image in
Fig. 5(a).

This figure again demonstrates that the proposed method (Fig. 5(c))
gave significant results. Considering the criterion of the preservation of
structures, we note that the histological regions of the amplified area in
the original image (Fig. 5(b)) were also represented in the results from
our method. We obtained a coherent stain color, with pink shades for
the eosin and purple shades for the hematoxylin. These results are also
relevant in terms of the criterion of the introduction of noise, since
noise was not added to the normalized image and the background color
is well represented.

Table 1
Mean results for the values of λ, the number of iterations to convergence and
the execution time (in seconds) of ABC, CS, DE, GA and PSO for λ estimation
using 100 executions on the 46 dataset images.

Optimization algorithms λ Number of iterations Execution time

ABC 0.1967 3.9493 0.3383
CS 0.1366 1.7263 0.0915
DE 0.1449 3.5376 0.1591
GA 0.1400 2.3237 0.1045
PSO 0.1709 5.5952 0.3897
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4.3. Performance comparison with other studies

The estimation of W via the proposed method was compared to
estimates using the methods of Khan et al. [16], Macenko et al. [17]
and Vahadane et al. [18]. In this evaluation, the H map estimates for
the proposed method and for these techniques were performed using
Equation (14). In this way, we were able to compare the performance of
the estimation of W for each spectral matching task. We also compared
our proposed normalization method to the color transferences of Re-
inhard et al. [19] and Nguyen et al. [20].

Tables 2 and 3 present the quantitative normalization results using
the first scan as the reference image. These tables present the mean and

standard deviation of the FSIM and EMD metrics of the proposed nor-
malization and those of Khan et al. [16], Macenko et al. [17] and Va-
hadane et al. [18] for all spectral matching techniques. In samples with
high fading, the proposed method achieved the highest FSIM result of
the spectral matching methods, with a value of 0.9608. The same is
noted for the normalizations of the medium and low fading samples,
with results of 0.9786 and 0.9981, respectively. Based on the EMD, our
normalization achieved the best results for all RGB channels and fading
degrees except for the R channel of the high fading sample.

Both color transferences obtained very good quantitative results
based on the FSIM and EMD metrics. However, it is important to note
that the methodology of Reinhard et al. [19] assumes that the reference

Fig. 4. Original images with high (b), medium (f) and low (j) fading with their first scan used as reference images ((a) case BLGM0001, (e) case blgm6082 scaled for
illustration, and (i) case blgm6129, respectively), normalized by the proposed W estimation ((c), (g) and (k)) with their density histograms, respectively in (d), (h) and
(l).

Fig. 5. Normalization results of an original WSI (case blgm6003A) (b) with a reference image of colorectal cancer (a) by the proposed W estimation (c).
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and original images have the same content; this is not a correct as-
sumption but is satisfactory in this application [18]. The method of
Nguyen et al. [20] also achieved good results, but the color correction
was extremely subtle, with minimal alteration of the background in the
normalized images. Since this region is a huge part of the WSIs, these
quantitative results are highly augmented, even with poor tissue color
correction.

In the normalization of the samples with high fading, the method of
Khan et al. [16] obtained good FSIM and EMD results, although the
artifacts had an incoherent color, with dark shades of pink rather than
green and blue. Based on this criterion, the results from the method of
Macenko et al. [17] were similar to those of Khan et al. [16]. However,
the former method achieved a better tissue color result, as demon-
strated by its higher FSIM value and lower EMD result. We also noted
the low performance of the method of Vahadane et al. [18] samples
with high fading, in terms of the most incoherent representation of the
artifacts and the tissue, as indicated by its FSIM result. Even with bad
EMD results in the G and B channels, this technique achieved the best R
channel result. The R channel histogram from the reference image re-
presents the pink shades from the tissue, but the histogram for the
channel from Vahadane et al. [18]'s result represents the background in
shades of pink, which makes the EMD of their R channel low.

In the normalization of the sample with high fading in Fig. 4(b), the
method of Reinhard et al. [19] obtained a good stain color re-
presentation in the tissue, as shown magnified in Fig. 6(a). This method
was also able to correctly represent the artifacts indicated by a green
arrow, preserving their green and blue shades, as in the proposed
method. However, the method of Nguyen et al. [20] had a much more

subtle color correction, with greater similarity to the original image
(Fig. 4(b)), as shown in Fig. 6(b). Based on a consideration of the ar-
tifact from the original image, this method obtained significant results.
However, it was not able to correct the tissue color of this degree of
fading in the same way as the proposed normalization method. This is
demonstrated in Fig. 6(c), which shows that the curve for the method of
Nguyen et al. [20] is very similar to the original image density dis-
tribution. The method proposed by Reinhard et al. [19] obtained better
performance, but its curve has a lower degree of similarity to the re-
ference image than the proposed method.

A statistical analysis of the FSIM and EMD results of the normal-
ization of the high fading samples, given by Tables 2 and 3, was per-
formed using the Kruskal-Wallis test with a 5% significance level.
Considering the spectral matching methods and color transferences, the
FSIM and EMD results did not show a statistically significant difference
(p < 0.05).

In the normalization of the medium fading sample, the method of
Khan et al. [16] gave an alteration to the original WSI background, with
a marked color change in its artifact, as indicated by the FSIM and EMD
results. This is also shown by the green arrow in Fig. 7(a), which re-
presents the normalization result of Fig. 4(f) by Khan et al. [16]. In
addition, the histological sample boundary contained a high amount of
noise; this can be seen in the amplified region, which has a brighter
color representation than the background, as indicated by a red arrow.
This limitation does not apply to the proposed normalization method,
as shown in Fig. 4(g). Using the quality of the histological sample re-
presentation as an evaluation criterion, the method of Khan et al. [16]
gave a blurry representation with loss of some histological detail, as can

Table 2
Mean and standard deviation of the FSIM metric of the proposed normalization and the spectral matching methods of Khan et al. [16], Macenko et al. [17] and
Vahadane et al. [18], and the color transferences of Reinhard et al. [19] and Nguyen et al. [20] with the histological samples first scan as reference images.

Class Normalization High fading Medium fading Low fading

Spectral matching Proposed 0.9608 (0.0312) 0.9786 (0.0376) 0.9981 (0.0016)
Khan et al. [16] 0.8963 (0.0756) 0.9272 (0.0151) 0.9258 (0.0713)
Macenko et al. [17] 0.9313 (0.0627) 0.9655 (0.0169) 0.9732 (0.0493)
Vahadane et al. [18] 0.8841 (0.0638) 0.9279 (0.0479) 0.9566 (0.0587)

Color transfer
Reinhard et al. [19] 0.9344 (0.0529) 0.9768 (0.0240) 0.9983 (0.0041)
Nguyen et al. [20] 0.9765 (0.0141) 0.9751 (0.0217) 0.9975 (0.0049)

Table 3
Mean and standard deviation of the EMD in the R, G and B channels between the normalized images and its respective first scan used as reference images.

Class Normalization High fading Medium fading Low fading

R G B R G B R G B

Spectral matching Proposed 6.71 (3.59) 11.93 (2.56) 9.93 (2.56) 5.55 (4.11) 10.07 (5.61) 8.39 (4.48) 2.91 (1.23) 4.88 (2.94) 4.48 (2.49)
Khan et al. [16] 9.88 (4.62) 18.40 (4.77) 15.62 (3.65) 8.13 (6.07) 16.88 (10.32) 12.58 (6.03) 12.06 (9.52) 24.67 (16.61) 18.15 (12.51)
Macenko et al. [17] 6.74 (3.70) 14.11 (4.67) 12.29 (4.10) 6.24 (2.99) 11.02 (3.33) 9.45 (2.61) 3.82 (3.50) 8.24 (7.40) 6.07 (6.07)
Vahadane et al. [18] 5.53 (1.98) 17.30 (4.38) 12.38 (3.60) 7.12 (3.02) 13.73 (6.01) 10.13 (3.73) 5.99 (6.41) 13.96 (11.02) 9.83 (8.86)

Color transfer Reinhard et al. [19] 4.75 (2.01) 8.97 (2.27) 7.11 (2.09) 3.91 (2.11) 6.62 (3.94) 5.56 (3.07) 1.66 (0.69) 2.91 (2.88) 2.75 (2.06)
Nguyen et al. [20] 4.22 (1.22) 12.40 (4.12) 9.89 (3.15) 3.63 (2.00) 6.28 (4.22) 5.39 (3.28) 2.23 (1.10) 3.17 (2.38) 2.96 (1.90)

Fig. 6. Results of the color transferences of Reinhard et al. [19] and Nguyen et al. [20] using the high fading reference and original images in Fig. 4. Their stain
density histograms using only the tissue regions segmented from Fig. 4(a) is presented in (c).
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be observed in the magnified region of Fig. 7(a).
As in the study by Khan et al. [16], Macenko et al. [17] also ob-

tained background coloring, noise representation in the histological
sample boundary and a blurry tissue representation, as indicated in
Fig. 7(b). The same is noted in the result obtained by Vahadane et al.
[18] (Fig. 7(c)), which led to FSIM and EMD results of poorer quality
than the proposed method. However, the background color from the
method of Macenko et al. [17] is better represented than the results of
Khan et al. [16] and Vahadane et al. [18], as expressed by their higher
FSIM value and lower EMD result.

The common limitations of the methods of Khan et al. [16], Ma-
cenko et al. [17] and Vahadane et al. [18] can affect analyses by both
pathologists and CAD systems. In an analysis carried out by patholo-
gists, the loss of information due to the blurring of a histological sample
means that certain details that are important for diagnoses may dis-
appear. In CAD systems, these limitations can impose challenges on the
segmentation and feature extraction steps. Although the introduction of
noise and the background coloring do not alter the tissue regions, they
may influence these steps by altering the features of the sample
boundary and the background, respectively.

The density distributions of the sample with medium fading in
Fig. 7(d) demonstrate that the results from the methods of Khan et al.
[16], Macenko et al. [17] and Vahadane et al. [18] are very different
from that of the reference image, especially between 0 and around 80
on the X-axis. Of the normalization methods investigated, our proposed
technique obtained relevant results, with a distribution close to that of
the reference image even when the other normalization algorithms did
not achieve this.

As in our normalization, both color transferences did not suffer from
the limitations of the methods of Khan et al. [16], Macenko et al. [17]
and Vahadane et al. [18] for the normalization of medium fading. This
condition represents a similar aspect between these methods and the

proposed normalization and a positive difference in comparison to the
other spectral matching methods. This condition is expressed by a
statistical analysis of the FSIM and EMD results for the medium fading
samples using the Kolmogorov-Smirnov test with a 5% significance
level. The proposed normalization method was not statistically different
(p > 0.05) from the methods of Reinhard et al. [19] or Nguyen et al.
[20]. However, the spectral matching methods showed a statistically
significant difference (p < 0.05).

The normalization of a sample with low fading achieved good re-
sults with any of the spectral matching methods, with the lowest value
for FSIM of 0.9258. In the EMD results, poor performance was achieved
by the method of Khan et al. [16] due to the background coloring ob-
tained by this method. Among the spectral matching techniques, we
obtained the best results across all RGB channels. With regard to the
color transferences, these techniques also obtained very good FSIM
results of close to 1, and low EMD values. This evaluation gave parti-
cularly good results for Reinhard et al.‘s method [19]. The poor tissue
color correction of Nguyen et al. [20] is not expressed by these metrics.

The Kolmogorov-Smirnov test with a 5% significance level for the
FSIM results indicated that the spectral matching techniques showed
statistically significant differences (p < 0.05). However, the proposed
method showed a significant difference only in comparison to the
method of Reinhard et al. [19]. With regard to the EMD results, the
proposed method showed statistically significant differences
(p < 0.05) in all channels only in comparison to the spectral matching
techniques.

We also evaluated the normalization techniques using the colorectal
cancer image in Fig. 5(a) as a reference for correcting the color of the 46
WSIs. Fig. 8 illustrates the results from the methods of Khan et al. [16]
(Fig. 8(a)), Macenko et al. [17] (Fig. 8(b)), Vahadane et al. [18]
(Fig. 8(c)), Reinhard et al. [19] (Fig. 8(d)) and Nguyen et al. [20]
(Fig. 8(e)) for normalization of the original image (Fig. 5(b)).

Fig. 7. Results of the spectral matching methods of Khan et al. [16], Macenko et al. [17] and Vahadane et al. [18] using the medium fading reference and original
images in Fig. 4. Their stain density histograms using only the tissue regions segmented from Fig. 4(f) is presented in (d).
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The method of Khan et al. [16] (Fig. 8(a)) gave purple shades for the
eosin representation, as indicated by a green arrow, and showed small
color alterations in the WSI background. Poor visual results were also
obtained by the techniques of Macenko et al. [17] (Fig. 8(b)) and Va-
hadane et al. [18] (Fig. 8(c)), which gave a purple color for the eosin
dye. The method of Vahadane et al. [18] also represented the hema-
toxylin stain in pink shades, indicating that this method reversed the
color representation of the dyes.

As shown in Fig. 8(d), the method of Reinhard et al. [19] re-
presented the hematoxylin in blue shades, as indicated by the green
arrow, unlike the purple representation of this dye in the reference
image. This example shows the poor performance achieved by this
method when the original and the reference images have different
contents. Moreover, this method obtained a colored background. The
normalization of Nguyen et al. [20] was limited in terms of the visual
quality of the stain representation. This can be seen in the region in-
dicated by a green arrow in Fig. 8(e), which is represented in purple
unlike the expected color, and evidently provided in the result of the
proposed method (Fig. 5(c)).

Table 4 presents the FSIM results from the evaluated spectral
matching techniques using the reference image in Fig. 5(a). In this
evaluation, the proposed method achieved the best results of the
spectral matching techniques. The second best result was obtained by
the method of Macenko et al. [17], which achieved at least 0.9041
(0.9469–0.0428). Despite the small difference, these values are smaller
than the minimum result for FSIM for the proposed technique, which
was 0.9336 (0.9706–0.0370).

An evaluation of the color transferences was also quantitatively

performed using the FSIM. The techniques of Reinhard et al. [19] and
Nguyen et al. [20] achieved good results with small differences com-
pared to our method. Despite the bad visual results, the method of
Reinhard et al. [19] obtained a high feature similarity between the
normalized and original images. Since the method of Nguyen et al. [20]
performs a subtle background color alteration, its FSIM is once again
high.

4.4. Analysis of the influence of artifacts on normalization results

Table 5 presents the mean and standard deviation of the Canberra
distance between the R, G and B channels of the normalized images and
their respective first scans. Of the spectral matching methods, our
proposed normalization method achieved the best mean results for all
degrees of fading. Unlike the color transferences, the best results varied
between the proposed method and the techniques of Reinhard et al.
[19] and Nguyen et al. [20] for the different degrees of fading and the
RGB channels. The color transfer results are a further demonstration of
the most appropriate conditions for the application of the Reinhard
et al. [19] method and the subtle color correction of Nguyen et al. [20],
as described in Subsection 4.3.

Based on the Canberra distances for samples with high fading, the
proposed method did not show statistically significant differences
(p > 0.05) from the spectral matching and color transfer techniques.
The same can be seen for the medium fading results. However, for low
fading, the Canberra distances of all RGB channels of our proposed
method showed statistically significant differences (p < 0.05) from the
spectral matching methods.

From Table 5, we can see the high standard deviation of the pro-
posed normalization method for the medium fading samples, which
guaranteed distances of up to 133.55 (86.15 + 47.40), 119.21
(87.05 + 32.16) and 130.94 (91.12 + 39.82) for the R, G and B
channels, respectively. These results can be explained by the many
artifacts in this set of samples.

In order to provide more detail on this limitation with regard to
medium fading, Fig. 9 illustrates the results of the proposed normal-
ization method (Fig. 9(c)) for the original image (Fig. 9(b)), through the
color of the reference image in Fig. 9(a). In the original image
(Fig. 9(b)), there are significant artifacts, as indicated by the red arrows
in the magnified region, which led to an incoherent color being ob-
tained in the W estimation result, as indicated by the red arrows in

Fig. 8. Normalization results of the original WSI (case blgm6003A) from Fig. 5(b) with the reference image from Fig. 5(a) by the methods of Khan et al. [16] (a),
Macenko et al. [17] (b), Vahadane et al. [18] (c), Reinhard et al. [19] (d) and Nguyen et al. [20] (e).

Table 4
Mean and standard deviation of FSIM by the WSIs normalization using the
reference image of Fig. 5(a) by the proposed W estimation and the techniques of
Khan et al. [16], Macenko et al. [17], Vahadane et al. [18], Reinhard et al. [19]
and Nguyen et al. [20].

Class Normalization FSIM

Spectral matching Proposed 0.9706 (0.0370)
Khan et al. [16] 0.8500 (0.0877)
Macenko et al. [17] 0.9469 (0.0428)
Vahadane et al. [18] 0.9190 (0.0526)

Color transfer Reinhard et al. [19] 0.9667 (0.0364)
Nguyen et al. [20] 0.9816 (0.0213)
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Fig. 9(c). The methods of Khan et al. [16], Macenko et al. [17], Va-
hadane et al. [18], Reinhard et al. [19] and Nguyen et al. [20] pre-
sented a more coherent artifact color than that obtained by the pro-
posed method, as demonstrated by their standard deviation for samples
with medium fading in Table 5. Based on this evaluation, our limitation
is defined in dealing with artifacts, which are altered in the normalized
versions of the histological images.

It is important to note that even with small alterations in the arti-
facts, such as those obtained by the methods of Khan et al. [16], Ma-
cenko et al. [17], Vahadane et al. [18], Reinhard et al. [19] and Nguyen
et al. [20], the performance of CAD systems that use these images can
be negatively influenced if the typical dark color of the artifacts is lost.
In an analysis by pathologists, the alteration of these artifacts may not
be very significant, but it is still necessary to verify its influence on the
tissue representation.

4.5. Running time of W estimation in spectral matching methods

We evaluated the computational efficiency of the spectral matching
methods based on the running time necessary to estimate the W matrix
over the 46 images from the dataset used. This experiment was per-
formed on the machine described in Subsection 3.1.

The WSIs have a number of pixels (n) that is between 800 thousand
(0.8 106) and 22 million (22 106). We analyzed the mean execution
time for W estimation according to n, as shown in Table 6.

Table 6 shows that all of the W estimation techniques take longer to
execute with an increase in n. Regardless of the number of pixels, the
method of Macenko et al. [17] performed very well based on this
evaluation criterion. Although the normalization module does not re-
present a bottleneck in a CAD system, the results of this method are
subject to the limitations discussed in Subsection 4.3, which can be
undesirable for system results. The same conclusions can be drawn for
the method of Vahadane et al. [18].

Using the method presented by Khan et al. [16], the estimation of W
required the longest execution times of the techniques compared, as
this uses a pixel-wise classifier [30]. In our method, the high execution
times are a consequence of the use of mini-batches, which leads to a
time-consuming iterative approach. This analysis highlights the ne-
cessity of improving this limitation, while preserving the quality of the
results already obtained.

5. Conclusion

The color shown in H&E-stained histological images is susceptible to
variations due to the preparation and digitization steps of the tissue
samples. Furthermore, the storage of samples can alter the interaction
between tissue and stain, leading to fading over time. The performance
of the segmentation and classification methods applied to faded histo-
logical images can be affected by the high sensitivity of these techni-
ques to color and texture features, which are influenced by color var-
iations.

Normalization techniques are useful in medical research to adjust
the color of histological images. The small number of studies dedicated
to the color correction of faded histological images means that an in-
vestigation of the normalization of these images is necessary so that
histological image processing systems can be made more robust to this
condition. This paper therefore presents a proposal for the W matrix
estimation of a spectral matching method, which has potential for the
preservation of histological structures.

The use of SNMF allowed us to adopt biological concepts for the
proposed normalization, meaning that it has a valid biological inter-
pretation, and thus an advantage over the methods presented by Khan
et al. [16] and Macenko et al. [17]. In an attempt to deal with the
empirical definition of λ by Vahadane et al. [18], the unsupervised
method of assignment makes our technique robust to images with great
color variations. The method of Lu et al. [14] for the estimation of WTa
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was also relevant in the representation of the H&E color, background
regions and tissue boundary, which are limitations that have been ob-
served in the results of Khan et al. [16], Macenko et al. [17] and Va-
hadane et al. [18] (Figs. 7(a)-(c)). The density histogram (Fig. 7(d)), the
EMD metric (Table 3) and the Canberra distance (Table 5) demon-
strated the satisfactory performance of this technique in correcting the
color of faded images, giving color distributions of greater similarity to
those of the reference image than the other spectral matching methods.
Based on the FSIM metric (Tables 2 and 4), the good performance of
this proposal was evident due to the high similarity of the resulting
features in relation to the original images.

The proposed technique gives comparable quantitative results to the
color transferences of Reinhard et al. [19] and Nguyen et al. [20]
(Tables 2–5). However, evaluation of the density histograms (Fig. 6(c))
indicated that the method of Nguyen et al. [20] gave poor color cor-
rection of highly faded samples, which is the most important evaluation
for this application. The advantage of the proposed technique in com-
parison to the method of Reinhard et al. [19] is demonstrated by the use
of a colorectal sample as a reference image (Fig. 8), which results in a
poor color representation of the tissue and the background.

The evaluation of the similarity between the normalized WSIs and
their respective first scans, as quantified by the Canberra distance,
identified the main limitation of this method. From the many artifacts
in the second scan of the samples with medium fading, we can see the
low performance of the proposed normalization method. This condition
requires future studies of methods that are able to identify these arti-
facts and minimize their influence on the estimation of W. Using the
Canberra distance with the density histograms (Figs. 4, 6 and 7), we
show that although the tissue color correction by the proposed tech-
nique gives good performance, it is still possible to achieve a better
representation of the background of the WSIs. In future studies, we
therefore plan to improve the representation of these regions in a way
that preserves the good tissue color correction already obtained.

The evaluation of the running time (Table 6) indicates that a pos-
sible improvement could be made in the proposed W estimation in
future work, in order to make these results as good as those achieved for
the visual and quantitative evaluations. Future work will also explore
the definition of the parameters of the CS to verify their influence on
the visual and quantitative results of the normalization. We also intend
to evaluate different membership functions that can be employed in this
evolutionary algorithm. We expect to use more images to examine the
influence of the optimization algorithms on the normalization results,
using a ground truth as in Ref. [18]. Finally, we plan to prepare a new

faded WSIs dataset with larger images in order to analyze the perfor-
mance of this algorithm on larger data dimensions. Since the purpose of
this work is the normalization of faded histological samples, it is ne-
cessary to wait for the samples themselves to fade, which means this is
an experiment for the future.
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