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Abstract. This article presents an adaptation of a color transfer method
for binarization of cell nuclei in Hematoxylin- and Eosin-stained mi-
croscopy images. The aim is to check the ability and accuracy of nu-
clei detection for multi-organ cases using a public dataset. The results
are obtained using the Monte Carlo method and then compared to the
ground truth segmentations. Some cases are presented in detail and dis-
cussed. This method seems to be promising for the further development
of classic and deterministic algorithms for H&E nuclei detection.1
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1 Introduction

Staining with hematoxylin and eosin (H&E) is the most popular method in
histopathology. Although this is a very common task, it has still not been fully
automated. One of the occurring subproblems is the correct segmentation of cell
nuclei.

Classic image processing methods do not always give satisfactory and repro-
ducible results [22]. Many di�erent solutions have been created, although they
are limited to the tissues of a given organ [4, 7, 9, 14,17,25].

There are no standardized protocols for H&E staining. This results in sig-
ni�cant di�erences in coloration of specimens, which causes problems with the
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reproducibility of segmentation. Some methods put more emphasis on color nor-
malization in images based on deconvolution of hematoxylin and eosin [5]. Adap-
tation of di�erent conditions into a uni�ed space enables robust quantitative tis-
sue analysis [6]. Reinhard's [19], Macenko's [13], and Li's [12] color normalization
methods are treated as the standard approaches [1, 2, 11]. In [21] a deconvolu-
tion for hematoxylin channel was presented. State-of-the-art color normalization
methods can be found in [16].

This article focuses on segmentation and detection of cell nuclei based on
the original method and is a continuation of previous works [15, 18]. The focus
was on the evaluation of a method used for multi-organ tissues, presented in a
standardized, public dataset [10]. Further considerations, such as separation of
clustered objects [3,8] or the issue of segmentation accuracy [17,20], will be taken
into account in further works. Also other color spaces can be considered [23,24].

2 Modi�ed Color Transfer Transformation

The standard color transfer procedure, presented in [19], assumes transforma-
tions from RGB space to Lab space using logarithmic operations. The author
of the modi�ed method presented in this article decided not to use logarithmic
operations because such a simpli�cation increases the sensitivity and precision of
the transformations presented below; it is also simpler to implement and much
more e�cient. In this case, the LinearLab (LL,La, Lb) space can be calculated
using combined transformation with matrix multiplication (1).

LL
La
Lb

 =

 0.3475 0.8265 0.5559
0.2162 0.4267 −0.6411
0.1304 −0.1033 −0.0269

R
G
B

 (1)

Subsequently, the standard color normalization in Lab space is conducted (3)
as described in [19], using mean values (LL,La, Lb) and standard deviations of
channels (σs - source and σt - target).

LL′ = σLL
t

σLL
s

(LL− LL)

La′ = σLa
t

σLa
s

(La− La) (2)

Lb′ = σLb
t

σLb
s

(Lb− Lb)

Finally, the space transformation back to the new RGB is performed using
the combined matrix for multiplication (3).

R′
G′
B′

 =

 0.5773 0.2621 5.6959
0.5773 0.6071 −2.5452
0.5833 −1.0628 0.2076

LL′
La′
Lb′

 (3)
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To carry out a valid LLab to RGB transformation, the RGB values should
be trimmed to the 0-255 range (4). This indirect binarization causes backgrounds
or structures to disappear; an example is shown in Fig. 1, where the nuclei area
is uni�ed in blue, and the background or other structures are shown in yellow
or pink.

R =

{
0, R < 0
R, R ∈< 0, 255 >
255, R > 255

, G =

{
0, G < 0
G, G ∈< 0, 255 >
255, G > 255

, B =

{
0, B < 0
B, B ∈< 0, 255 >
255, B > 255

(4)

(a) TCGA-NH-A8F7 (b) color transfered

Fig. 1. Indirect binarization - removal of selected structures.

3 Nuclei Detection

To detect cell nuclei, the binarization is performed on the converted color image
using the formula (5) [18]. The color space parameters are chosen based on the
determination of a set of conversion parameters which for a binarized image give
the most accurate mask coverage, as described in the formula (6), taking into
account pixel-by-pixel comparison. The design of such a formula, based on the
standard concept of ACCURACY , is dependent of the density of the detected
cell nuclei within the entire image, therefore another approach (Jaccard formula,
7) can be also tested.

V3(x, y) =

{
0, R(x, y) > 0
1, R(x, y) = 0

(5)
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ACC =
TP + TN

TP + TN + FN + FP
(6)

JACC =
TP

TP + FN + FP
(7)

In order to determine the best possible matches, for each image of the dataset
150,000 random target value sets (R, σLL

t , G, σLa
t , B, σLb

t ) of normalization pa-
rameters (LL, σLL

t , La, σLa
t , Lb, σLb

t ) were generated and tested. The ranges for
parameters are presented below.

� LL - LL calculated for target (R,G,B) with range of 0-255,
� σLL

t - LL standard deviation - 1 - 1000,
� La - La calculated for target (R,G,B) with range of 0-255,
� σLa

t - La standard deviation - 1 - 1000,
� Lb - Lb calculated for target (R,G,B) with range of 0-255,
� σLb

t - Lb standard deviation - 1 - 1000.

The results are presented in Table 1.

Label localization type R σLL
t G σLa

t B σLb
t ACC JACC

TCGA-KB-A93J-01A-01-TS1 Stomach Stomach adenocarcinoma 195 474 165 3 132 2 0.9170 0.7752

TCGA-RD-A8N9-01A-01-TS1 Stomach Stomach adenocarcinoma 218 457 77 6 219 4 0.9214 0.7612

TCGA-DK-A2I6-01A-01-TS1 Bladder Bladder Urothelial Carc. 247 530 76 36 28 11 0.9314 0.7460

TCGA-18-5592-01Z-00-DX1 Liver Lung squamous cell carcinoma 64 886 161 139 118 117 0.7202 0.7310

TCGA-G2-A2EK-01A-02-TSB Bladder Bladder Urothelial Carc. 224 270 72 35 55 16 0.9510 0.6452

TCGA-AR-A1AS-01Z-00-DX1 Breast Breast invasive carcinoma 201 492 29 19 106 2 0.8942 0.6436

TCGA-B0-5710-01Z-00-DX1 Kidney Kidney renal clear cell carc. 186 160 92 201 97 12 0.9566 0.6318

TCGA-NH-A8F7-01A-01-TS1 Colon Colon adenocarcinoma 195 456 61 45 194 20 0.8705 0.6192

TCGA-AY-A8YK-01A-01-TS1 Colon Colon adenocarcinoma 251 584 218 51 92 16 0.8801 0.6149

TCGA-A7-A13F-01Z-00-DX1 Breast Breast invasive carcinoma 236 404 86 0 113 0 0.9206 0.5924

TCGA-HE-7130-01Z-00-DX1 Kidney Kidney renal papillary cell carc. 222 255 29 670 57 45 0.8569 0.5831

TCGA-49-4488-01Z-00-DX1 Liver Lung adenocarcinoma 196 205 5 464 125 48 0.8264 0.5745

TCGA-A7-A13E-01Z-00-DX1 Breast Breast invasive carcinoma 247 413 83 1 101 0 0.9177 0.5659

TCGA-21-5786-01Z-00-DX1 Liver Lung squamous cell carcinoma 123 803 69 14 50 23 0.8347 0.5605

TCGA-B0-5711-01Z-00-DX1 Kidney Kidney renal clear cell carc. 211 199 109 182 100 5 0.9425 0.5571

TCGA-B0-5698-01Z-00-DX1 Kidney Kidney renal clear cell carc. 187 182 191 122 88 15 0.9424 0.5489

TCGA-G9-6356-01Z-00-DX1 Prostate Prostate adenocarcinoma 249 284 74 612 0 18 0.8993 0.5435

TCGA-G9-6336-01Z-00-DX1 Prostate Prostate adenocarcinoma 67 140 149 712 2 34 0.8051 0.5174

TCGA-AR-A1AK-01Z-00-DX1 Breast Breast invasive carcinoma 223 365 127 72 103 36 0.8679 0.5123

TCGA-50-5931-01Z-00-DX1 Liver Lung adenocarcinoma 4 670 170 166 163 47 0.7541 0.5050

TCGA-E2-A1B5-01Z-00-DX1 Breast Breast invasive carcinoma 39 40 0 53 124 1 0.9235 0.4848

TCGA-21-5784-01Z-00-DX1 Liver Lung squamouscell carcinoma 110 205 217 5 209 21 0.9172 0.4824

TCGA-E2-A14V-01Z-00-DX1 Breast Breast invasive carcinoma 224 371 55 526 104 11 0.8752 0.4778

TCGA-38-6178-01Z-00-DX1 Liver Lung adenocarcinoma 238 403 24 388 45 38 0.8571 0.4664

TCGA-G9-6362-01Z-00-DX1 Prostate Prostate adenocarcinoma 168 436 34 763 187 54 0.8170 0.4627

TCGA-HE-7128-01Z-00-DX1 Kidney Kidney renal papillary cell carc. 255 370 0 137 68 15 0.9262 0.4516

TCGA-HE-7129-01Z-00-DX1 Kidney Kidney renal papillary cell carc. 217 383 75 71 47 43 0.8642 0.4374

TCGA-G9-6348-01Z-00-DX1 Prostate Prostate adenocarcinoma 78 56 1 557 0 14 0.8499 0.4280

TCGA-CH-5767-01Z-00-DX1 Prostate Prostate adenocarcinoma 205 331 75 856 221 48 0.8528 0.4154

TCGA-G9-6363-01Z-00-DX1 Prostate Prostate adenocarcinoma 93 246 4 787 84 27 0.8299 0.4027

Table 1. The best JACC values and their color transfer parameters for all pictures of
the dataset. The best ACC values are also presented.
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(a) TCGA-RD-A8N9 (b) superimposed masks

(c) TCGA-AR-A1AS (d) superimposed masks

(e) TCGA-B0-5710 (f) superimposed masks

Fig. 2. The best matches for images with fully �lled cell nuclei.
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(a) TCGA-HE-7129 (b) superimposed masks

(c) TCGA-G9-6363 (d) superimposed masks

Fig. 3. The worst matches for images with open chromatin nuclei.
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4 Conclusions

The presented approach produced rather good results for H&E images in the
case of non-damaged cell nuclei that were not involved in the neoplastic process
(Fig. 2). The accuracy of the proposed method is very high for a full pixel-
by-pixel comparison of objects and backgrounds, as well as for comparison of
objects themselves. Unfortunately, for the open chromatin nucleus, this method
is unable to generate a full closed cell nucleus mask, which results in poorer
outcomes when using the proposed comparison methods (Fig. 3). As a separate
observation from the presented research, it can be pointed out that the use of
a standard assessment approach based on the accuracy formula (6) fails, and
there is a need to reduce the in�uence of the background area size (7) in order
to precisely detect nuclei.

The proposed method will be further developed and also applied in other is-
sues of color image segmentation. The preliminary results of the research con�rm
its bene�ts. A sample algorithm demo is available on the site:

http://home.agh.edu.pl/pioro/hecell/
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