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Background and objective: This paper presents the quantitative comparison of three generative models of
digital staining, also known as virtual staining, in H&E modality (i.e., Hematoxylin and Eosin) that are
applied to 5 types of breast tissue. Moreover, a qualitative evaluation of the results achieved with the
best model was carried out. This process is based on images of samples without staining captured by a
multispectral microscope with previous dimensional reduction to three channels in the RGB range.
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Methods: The models compared are based on conditional GAN (pix2pix) which uses images aligned
with/without staining, and two models that do not require image alignment, Cycle GAN (cycleGAN) and
contrastive learning-based model (CUT). These models are compared based on the structural similarity
and chromatic discrepancy between samples with chemical staining and their corresponding ones with
digital staining. The correspondence between images is achieved after the chemical staining images are
subjected to digital unstaining by means of a model obtained to guarantee the cyclic consistency of the
generative models.

Results: The comparison of the three models corroborates the visual evaluation of the results showing the
superiority of cycleGAN both for its larger structural similarity with respect to chemical staining (mean
value of SSIM ~ 0.95) and lower chromatic discrepancy (10%). To this end, quantization and calculation of
EMD (Earth Mover’s Distance) between clusters is used. In addition, quality evaluation through subjective
psychophysical tests with three experts was carried out to evaluate quality of the results with the best
model (cycleGAN).

Conclusions: The results can be satisfactorily evaluated by metrics that use as reference image a chemi-
cally stained sample and the digital staining images of the reference sample with prior digital unstaining.
These metrics demonstrate that generative staining models that guarantee cyclic consistency provide the
closest results to chemical H&E staining that also is consistent with the result of qualitative evaluation
by experts.

© 2023 The Author(s). Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction on glass slides. To facilitate the observation of specific cells and tis-

sue components, stains provide color and contrast discrimination

Currently, the diagnosis of many diseases, including cancer, is
carried out by direct microscopic observation of tissue samples by
experienced pathologists. In its digitized version, a study is per-
formed based on digital images (WSI, Whole Slide Images) obtained
by scanned samples of tissue. The samples prepared from biopsies
consist of very thin slices (2-5 m) of the tissue under study, fixed
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to the translucent tissue components (i.e., cytoplasm, cell nucleus
and other tissue structures). Such stains are applied in the delicate
preparation process of the specimens. Histochemical staining tech-
niques are a universal procedure for histopathology studies based
on the observation of tissues on a microscopic scale.

There are numerous purpose-driven staining techniques [1,2],
but among them, hematoxylin and eosin dye staining (henceforth
H&E) accounts for approximately 80% of human tissue staining
procedures globally. H&E staining used in primary histologic stud-
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ies for cancer diagnosis is a standardized process that takes ap-
proximately 2 hours to complete. H&E staining provides tissues
with a characteristic pink-bluish coloration, where purple bluish
tones correspond to the cell nucleus, pink tones to the cytoplasm
and cell matrix, and a mixture of both to the rest of the tis-
sue structures. Other special stains are intended to reveal tissue-
specific components (e.g., Periodic Acid Shiff - PAS), including at
the molecular level (e.g., immunohystochemical staining - IHC),
which help complete the histological study when necessary.

Despite the standardization of histopathology protocols, stain-
ing results produce staining and contrast variability between sam-
ples that derives from small changes in processing conditions (e.g.,
materials used, protocols followed in pathology laboratories, digital
image acquisition, etc.). The aforementioned variability can cause
inconsistency in the diagnosis offered by different pathologists and
even reduce the performance of digital histopathology techniques
(e.g., segmentation, classification, etc.). In addition, when special
staining is required, the process is more laborious and costly, in-
creasing the time required to final diagnosis. To alleviate the above
limitations, attempts have been made in the last decade to mod-
ernize the histopathology workflow.

Virtual digital staining (hereafter referred to as “digital stain-
ing”) is a promising approach in digital image-based histopatho-
logical studies [3,4]. Digital staining refers to the use of computer
algorithms to artificially recreate the staining effect in the digital
image of a tissue sample, without physical manipulation of the
sample. Some recent works propose the automatic computer gen-
eration of the image of a sample with different stains by means
of a digital transformation between different staining modalities
(stain transformation or re-staining) (e.g., H&E — PAS, H&E — IHC).
Stain transformations can be chosen to highlight relevant histolog-
ical features in the same sample without modifying the traditional
sample preparation process [5,6]. Among the advantages of digital
staining the following can be considered:

o It is a conservative rather than destructive process. The applica-
tion of different staining modalities does not require new tissue
and makes additional biopsies for alternative studies unneces-
sary.

It reduces time and costs. The application of computerized im-
age processing algorithms is almost immediate and does not
require investment in dyes and other consumables needed in
the physical preparation of the specimens.

Starting from a label-free sample that has not undergone the
destructive transformation inherent in the staining process itself,
additional advantages are obtained, such as those listed below [4]:

o Application of independent digital stains for the same tissue
sample.

o Standardization and repeatability. Digital processing of virtual
stains provides standardized results in terms of color and con-
trast, as it does not suffer from the variability of the physical
process. Moreover, it always obtains the same result repeatedly
applied to the same starting image.

« Digital blending of different staining modalities in specific re-
gions of interest (ROI) from the same WSL

To date, the problem of digital staining has been approached
following different strategies:

1. Based on a reference image (i.e., at the pixel level). It is posed
as a color transfer problem analogous to color normalization,
which aims to reduce color variability between different sam-
ples belonging to the same staining domain [7]. The process
consists of obtaining the color of each pixel of the target im-
age from the color characteristics of a reference image, apply-
ing methods based on histogram equalization [8] or separation
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of constituent components of the staining color [9-14]. These

methods start from a single, carefully chosen reference image.

Consequently, they present difficulties in reflecting representa-

tive coloration of structures absent in the reference image.

2. Based on a reference distribution (i.e., at the structural level).
This distribution represents the features, content, and style of
a set of images, which are to be transferred to the input im-
age. The feature transference must maintain the structural co-
herence of the input image once the transformation has been
applied. To achieve these objectives, the methods are grouped
into two categories:

(a) Style transfer. This category includes methods that start from
the separation of the content and style components of the
image to carry out an optimization process that generates
a new image combining both components in the desired
proportion. Therefore, these methods propose a generative
model that obtains a target image by combining the con-
tent and style components provided independently by each
of the two input images. Both components are extracted in-
dependently by a pre-trained Convolutional Neural Network
(CNN), hence called Neuro Style Transfer (NST). The gener-
ation is guided by minimizing the discrepancy of the con-
tent and style components between the input images and
the generated image [15,16].

(b) Image-to-image translation. These are methods that use Gen-
erative Adversarial Networks (GAN) [17] to simultaneously
learn the content and style characteristics of two sets of im-
ages belonging to different domains to achieve the transfor-
mation of an image from one domain to the other. Thus, ad-
versarial loss forces style transfer between images, while cy-
cle consistency preserves the content between them. To ob-
tain satisfactory results, some of these methods require a set
of aligned image pairs between the two domains, as in the
case of conditional GANs [18]. However, to obtain acceptable
results when it is complex, or impossible to have pairs of
aligned images between the domains involved in the trans-
formation, solutions based on Cycle GAN [19-21] and con-
trastive learning [22] are proposed.

3. Strategies applied at the semantic level. While the previous
two strategies are considered data-driven, this third category
refers to task-driven methods (e.g., classification, segmentation).
In this approach, an automated task is performed on the orig-
inal images and the result of this is used for the conditional
application of virtual staining [23].

The application of Deep Neural Networks (DNN) in medical image
analysis over the last decade has boosted the development of dig-
ital pathology [24,25]. In the last five years, GANs have been used
as a tool with great potential in tasks such as digital color normal-
ization of histological digital images [7]. However, the application
of these networks requires training the models with aligned (i.e.,
registered) image pairs. For this reason, in this context Cycle GAN
has proven to be the most promising option for the application of
digital staining systems, as they do not require aligned image pairs.

A GAN is a DNN whose output (y) is a sample belonging to a
class (Y), generated from learning the representative distribution
of attributes of that class (y ~ pdata(y)). In a GAN there are two
competing models: 1.- the generator (G), responsible for learning
the attribute distribution of the target class (i.e., stained samples),
and 2.- the discriminator (D), whose mission is to learn to differen-
tiate a genuine specimen (y, i.e., chemical stained sample) versus
one artificially generated by the first model (y, i.e., digital stained
sample). A GAN can be conditioned to generate an instance of the
class, from an input (x, i.e.,, unstained sample) that shares certain
attributes with the generated instance [18].
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Fig. 1. Workflow of generative adversarial models with cyclic consistency.

In a Cycle GAN [19] (see Fig. 1), two domains or classes X and
Y, are involved to learn a mapping of instances from one domain
to the other (G:X — Y, F:Y — X). Thus, from an instance in ei-
ther domain a new instance can be generated in the other do-
main (i.e., G(x) =3, F(y) =X). The generator-discriminator model
scheme is duplicated in a Cycle GAN due to the double direction
of generation that can be given from one domain to the other (i.e.,
X — Y and Y — X). In addition, a new ingredient called cycle con-
sistency appears, which guarantees that starting from an element
in one domain, one can return to the same element by double
generation (i.e; X - Y — X and Y — X — Y). That is, F(G(Xx)) ~ x,
G(F(y)) ~y. A salient feature of these networks is that their train-
ing does not require pairs of corresponding images in X and Y. The
discriminative models consist of a CNN (e.g., VGG-16 [26]) and the
generators consist of the layers of a convolutional encoder, ResNet
[27] transform blocks, and layers of a deconvolutional decoder.

The application of contrastive learning to the problem of inter-
domain image translation proposes a generative model based on
patches to maintain content between portions whose mutual in-
formation is maximal to modify their appearance [22,28]. In these
models, a CNN (e.g., ResNet) is used to obtain an internal repre-
sentation of each patch in the latent space so that the generated
patches are closer to the input patches compared to randomly gen-
erated patches. This type of model does not require aligned images
between the domains to be transformed.

The evaluation of digital staining results is a crucial challenge,
as it facilitates both the adjustment of the models used and the
comparison of the results obtained by them. The image quality as-
sessment (IQA) criteria traditionally used to evaluate digital stain-
ing models can be grouped into two categories, depending on the
existence or absence of a reference image (i.e., chemically stained
sample) with which to compare the image resulting from the pro-
cess to be evaluated (i.e., digitally stained sample):

1. Computational analysis methods with reference image. These
methods evaluate the structural and chromatic coherence be-
tween the reference image and the one obtained from the
evaluated transformation process. In this case it is possible to
define metrics based on the human visual system (HVS) that
provide a measure of the fidelity of the distortion suffered

by the reference image after a transformation process. Among

the most commonly used metrics are SSIM (Structural Simi-

larity metric), MS-SSIM (Multi Scale Structural Similarity met-
ric) [29,30], VIF (Visual Information Fidelity metric) [31], FSIM

(Feature Similarity metric) [32] and chromatic differences in the

YCbCr color space at the pixel level. Recently, perceptual simi-

larity metrics such as LPIPS (Learned Perceptual Image Patch Sim-

ilarity) [33], based on the distance of activation vectors of deep

feature maps obtained on CNNs trained for classification (e.g.,

AlexNet, VGG) [26,34], have been proposed. When using these

metrics, the result of digital staining is considered a process

that “distorts” the reference image constituted by the image of
the same sample with chemical staining.

2. Task-based methods. These methods do not use a reference im-
age. With them, the semantic consistency of the transformed
image is evaluated following two strategies:

(a) Evaluation of results in automatic tasks applied to digitally
stained images (e.g., classification, segmentation, etc.) by
comparing their results with those obtained on chemically
stained images [24,35].

(b) Blind visual evaluation by a panel of expert pathologists
who perform an analysis of the images without knowing a
priori the staining modality that the samples have under-
gone (i.e., chemical or digital) [6,36].

Regarding the evaluation of generative models, it is important to
mention the FID (Fréchet Inception Distance) metric proposed to
empirically estimate the degree of divergence between two sets of
images (i.e., their distributions) using the feature space obtained
in a DNN [37]. For this metric to provide representative values,
it must be applied to datasets with a number of samples around
10 000.

1.1. Proposed work

This paper presents the comparison of three types of generative
image-to-image translation models applied to H&E digital staining
of label-free samples belonging to five subdomains, obtained by
selecting three channels from multispectral microscopic images of
breast tissue. The models compared are based on:
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1. Conditional GAN network (pix2pix) trained with aligned input
images [18];

2. Cycle GAN (cycleGAN) network trained with unpaired input im-
ages [19].

3. Generative network based on contrastive learning (CUT) trained
with unpaired input images [22].

The comparison of the models is performed quantitatively by
computational analysis methods to assess the structural similarity
based on calculating the SSIM index. Since this method needs a
reference image to compare the digital staining result, the inverse
generative model X = F(y) is used, which guarantees cyclic coher-
ence between the transformation domains X and Y. Thus, from
chemically stained samples it is possible to obtain unstained sam-
ples to which the digital staining models to be compared are then
applied. In our approach, instead of using the differences in bright-
ness (Y) and chroma (Cb, Cr) obtained in YCbCr color space at the
pixel level, a metric based on chromatic quantization and calcula-
tion of the color distance between chemically and digitally stained
samples is used.

1.2. Main contributions

The main contributions of the proposed work can be summa-
rized as follows:

o Use of a contrastive learning-based model to the digital staining
problem.

o Comparison of three generative digital staining models (i.e.,
pix2pix, cycleGAN, CUT) applied to label-free samples acquired
by multispectral microscopy.

o Comparison of digital staining models by chromatic quantifi-
cation using clustering techniques and calculation of the color
distance between clusters.

1.3. Related works

Although some studies do not attempt to digitally reproduce
histochemical staining, augmented reality methods are proposed
by superimposing masks (e.g., color or borders) on acquired dig-
ital tissue images. Therefore, they can be considered a non-
conventional digital staining modality. For example, in the work of
Litjens et al. [38] heat maps are generated overlaid on images of
breast and prostate tissue with H&E staining to indicate the likeli-
hood of cancer tissue to help the pathologist direct a more detailed
examination. In other work, these masks even provide real-time
feedback on the microscopic observation [39]. These works obtain
results that can be considered a digital staining modality but are
achieved with a very different approach from those that aim to
digitally reproduce an effect analogous to that obtained with his-
tochemical staining.

Table 1 summarizes information from deep learning based
works related to the digital staining of unstained samples (i.e.,
label-free) and the transfer between different staining domains
(also known as digital re-staining). In the analysis of these works,
the aspects reflected in this table are: microscopy modality for
sample image acquisition, types of tissues used, staining domains
(source and destination), image training dataset with paired or un-
paired images, architecture used and method of results evaluation.

The evaluation of the results determines the validity of the pro-
posed solutions and paves the way for future improvements. The
need for a training data set composed of aligned image pairs con-
ditions the methods for evaluation of the results based on a ref-
erence image. Due to the very nature of the staining process, it is
complex to obtain aligned image pairs, so the work has been ap-
proached using different strategies:
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1. Application of automatic alignment (or image registration) al-
gorithms for microscopy images [40-42]. These algorithms are
valid when the discrepancies between images are small and can
be corrected by applying geometric transformations to them. In
general, the application of this strategy is discarded in the case
of virtual staining in favor of the following ones.

2. Acquisition of images of unstained samples followed by chemi-
cal staining of the samples. Once virtual staining has been ap-
plied to the samples without staining (label-free samples), a set
of aligned pairs of images (with chemical and digital staining)
is obtained [43,44]. Several recent studies have utilized auto-
matic alignment techniques to rectify misalignment resulting
from the staining process, thereby augmenting the overall qual-
ity of the outcomes [45,46].

3. Inverse staining cycle. It is applied in trained models with cyclic
consistency. In this case, chemically stained test samples are
used, to which a digital unstaining is applied, followed by a dig-
ital staining process [47-49]. In the end, a set of aligned pairs
of chemically and digitally stained images is obtained.

After analyzing related works, only one of them [50] has em-
ployed multispectral microscopy as a label-free modality to obtain
specific virtual staining models on lung tissue using conditional
GANs. That work does not present alternatives to the models and
suffers from the need to start from aligned image pairs for the
training of the models. With our proposal, we aim to further ex-
plore the possibilities of this label-free microscopy modality as a
starting point for virtual staining models.

2. Materials and methods
2.1. Image acquisition

The biopsies used in this work were obtained thanks to the
collaboration of the Hospital General Universitario de Ciudad Real
(HGUCR), where the slides of a total of 13 pairs (with H&E and
w/o staining) of breast biopsy samples were prepared. The H&E
stained samples were digitized using a Leica Aperio CS2 scan-
ner (www.leicabiosystems.com) with 20x and 40x magnification
functions. These biopsies were classified by a pathologist as: ma-
lignant (n=8), normal (n=4) and benign (n=1). To capture the
correspondent multispectral images (MSI) of the samples without
staining, the IMA VIS hyperspectral microscope from Photon etc
(www.photonetc.com) was used.

The microscope was equipped with three objectives 10x, 20x
and 40x, a motorized stage in the X, Y, Z axes, and a programmable
spectral filter with a resolution of 1 nm in a total range of 400-
700 nm. The sample captures were performed with the 20x ob-
jective in the spectral range of 425-700 nm and a spectral step
of 4 nm. The collaborator pathologist selected the regions of in-
terest (ROI) in the WSI. That is, the most important areas for the
study. The tissue within these ROIs was classified into 5 classes:
adipose tissue, non-tumorous cellularity (besides pre-existing struc-
tures also include benign or pre-neoplastic lesions), stroma, tumoral
stroma (consisting in pre-existing connective tissue and desmoplas-
tic newly generated stroma), and tumorous (i.e., invasive cancer)
tissue. The selected ROIs were decomposed in patches of two sizes
1024 x 1024 px and 512 x 512 px, to cover different tissue areas
and obtain the final datasets for model training.

For the training of the digital staining models, RGB images of
both chemically stained and non-stained samples were used in the
3 most informative channels selected from a previous dimensional
reduction study carried out for the MSI. The composition of the
two datasets used is indicated below in the Fig. 2. After the pro-
cess, two datasets are produced:
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Table 1
Comparative summary of related works.
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Ref. Micr. modality Tissue Orig. domain Target domain (P/Unp)aired DNN model Assessment metric
[50] hyperspectral (3 ch.) lung label-free H&E P cond GAN qual. (visual)
[54] digital re-staining colorectal Ki67-CD8 FAP-CK 0] cycleGAN quant. (segmentation
results)
[43] autofluorescence salivary gland, label-free H&E, Mason'’s P GAN quant. (SSIM, YCbCr diff.)
thyroid kidney, trichrome + Jones
liver, lung
[5] digital re-staining colorectal H&E CK18/CK19 (8 0] cond GAN, cycleGAN qual. (perceptual study)
subdomains)
[36] brightfield carotid artery label-free H&E + PSR + P cond GAN (StarGAN) qual. (blind visual eval.)
Orcein
[47] brightfield prostate label-free H&E P cond GAN quant. (SSIM, PCC, PSNR)
qual. (blind visual eval.)
[4] fluorescence (2 ch,, kidney label-free H&E + Masson’s P cond GAN quant. (SSIM, YCbCr diff.)
DAPI + TxRed) trichrome + Jones
[48] digital re-staining breast, H&E Ki67 0] cycleGAN quant. (SSIM, MS-SSIM,
neuroendocrine (PC-StainGAN) PSNR, etc.)
[6] fluorescence (2 ch., kidney H&E Masson’s P GAN + cycleGAN qual. (blind visual eval.)
DAPI + TxRed) + digital trichrome + Jones
re-staining + PAS
[44] autofluorescence + kidney H&E PAS P GAN + cascade GAN quant. (SSIM, YCbCr diff.)
digital re-staining
[49] optical coherence coronary artery label-free H&E 0] Struct. constrained quant. (PHV)
tomography (OCT) cycleGAN
[45] total absortion skin label-free H&E P cond GAN (pix2pix) quant. (SSIM, RMSE) qual.
photoacustic remote (board visual eval.)
sensing TA-PARS (3 ch.)
[46] autofluorescence (DAPI breast label-free HER2 P cond GAN (attention quant. (blind scoring test,
+ FITC + TxRed + Cy5) gated GAN) stat. dist. eval.)
Ours multispectral (3 ch.) breast label-free H&E P+U cond GAN + cycleGAN quant. (SSIM, color
+ CUT distance) qual. (blind
scoring test)
69 channels
>
A 2
2L ) N
o 6 " < ( Dataset (1024x1024 px, 1 424 imgs.)
Image adquisition - ~
Wavelength Datgset (512x512 px, 5 294 imgs.)
E 33;235: E non-tumorous | stroma ! t:;:]?;zl ! tumorous
. . c ',
unstained tissue @Photons % \ _ ' :
E # ms! © RGB" & RGB ;
& ® :
— 3 !
: & N R |
g & —!
H&E stained tissue I R S § : E
| e I B =) B = |
; —_— - 1
. — < i

RGB channels

Fig. 2. Schematics for dataset acquisition.

1. Dataset of patches 1024 x 1024 px. Composed of 1 424 pairs of
images (w/o staining of the same tissue area).

2. Dataset of patches 512 x 512 px. Composed of 5294 pairs of
images.

2.2. Models, implementation and training

The datasets mentioned in the previous section were used for
the training of three digital staining models: (M1) pix2pix, (M2)
cycleGAN and (M3) CUT. The implementation of the pix2pix model
requires pairs of aligned images for training. However, because
sample preparation processes (i.e., cutting, staining, etc.) cause
changes in tissue structure, it was necessary to perform a com-
putational registration process to correctly align the image pairs.

To register the images, a 2D affine transformation implemented in
MatLab (Mathworks) was utilized (refer to the imregister func-
tion) over the entire WSI. Then the resulting output was validated
manually, and the regions of interest (ROIs) were cropped from
the previously registered whole slide images (WSI). These patches
were used to create the training dataset for the pix2pix model. In
contrast, the mentioned registration was unnecessary for cycleGAN
and CUT models, as they do not require image alignment.

The three digital staining models were derived on the base Py-
torch implementations proposed by their respective authors, which
are detailed in the cited references [18,19,22] (see also https:
//github.com/junyanz/pytorch-CycleGAN-and-pix2pix and https://
github.com/taesungp/contrastive-unpaired-translation). These ref-
erences provide information on the architectures used and the ob-
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Fig. 3. Test dataset and test image subsets for models assessment.

jective loss functions used during their training. In particular, the
batch size decision for pix2pix model and cycleGAN was made to
satisfy the memory constraints of the hardware being used (i.e.,
Intel Xeon E5-2620 2 Ghz with a 8 GB GPU NVIDIA Quadro P400).
In the experiments carried out, it was observed that this value
ensured an adequate advance of the convergence during training.
The training parameters for the different implementations of each
model were: initial learning rate of 0.0002, batch size of 1, a num-
ber of epochs of 200, 400 and 600, and the re-scaling of images
to 256 x 256 x 3 px. This re-scaling was necessary to reduce the
amount of memory required to train the models.

To start the experimentation, the three models were trained
with images without differentiating the type of tissue. Thus, we
obtain three generic models. Afterwards, with the intention of cap-
turing the characteristics of each tissue and analyzing the func-
tioning of more specific digital staining models, individual mod-
els of cycleGAN and CUT were trained for each of the 5 tissue
types present in the datasets: (T1) adipose, (T2) non-tumorous,
(T3) stroma, (T4) tumoral stroma, and (T5) tumorous.

2.3. Comparison of models for digital staining

Due to the very nature of histological sample preparation, it
is not possible to achieve perfect alignment between unstained
images and their corresponding images with chemical staining
(see the samples of the input dataset in Fig. 4). Therefore, it is
not possible to apply metrics based on computational analysis
for the evaluation of image quality (IQA) applied to the sample
with digital staining taking as reference the corresponding image
with chemical staining. To overcome this difficulty, it was decided
to evaluate the digital staining models by performing the digital
staining of reference samples obtained by digital un-staining of test
samples with chemical staining unseen before by the models. In
this way, it is possible to compare the different digital staining
models by comparing the results with perfectly aligned chemical
staining reference images.

To generate the datasets of test images, a WSI not used during
the training of the models was selected. In this sample, the expert
pathologist labeled 19 ROIs (see input dataset in Fig. 3) from which
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Fig. 4. Results of digital staining with the generic and specific (by tissue type) models from input images (target chemical staining and unstained images).

they extracted patches to make the test dataset to evaluate and
compare the models.

The Fig. 3 summarizes the process of obtaining and compos-
ing the datasets for evaluation and comparison of both generic and
specific digital staining models.

3. Results and discussion

Figure 4 shows the results obtained for generic (i.e., without
distinction of tissue type) and specific (i.e., for each type of tis-
sue) digital staining models, the latter for cycleGAN and CUT. The
evaluation stage of the models is designed to answer the following
questions:

* (q1) Question 1: Which of the digital staining models has the
greatest structural similarity to chemical staining?

* (q2) Question 2: Which model obtains the least chromatic dis-
crepancy with respect to chemical staining?

* (q3) Question 3: Does tissue-specific modelling improve digital
staining outcomes?

* (q4) Question 4: Are digitally stained images comparable to
chemically stained images and sufficient for diagnostic use?

The answer to these questions should be associated with statis-
tical estimates of variability and significance of the results, to en-
sure that the conclusions obtained are general and not the result
of chance. Next sections explain our approach to answer the posed
questions.

3.1. (q1 answer) - Structural similarity assessment

To compare the models with respect to structure similarity, the
subset of 305 generic test images (1024 x 1024 px) was used. For

that subset, the SSIM metric [29,30] was calculated with the digital
staining result achieved by each of three generic models, with the
chemical staining taken as the reference image.

The metrics are calculated over the scaled version (256 x 256
px) of the patches taken as input to the models and outputs get-
ting from them. Using non-rescaled patches of size 256x256 pix-
els was also considered, but the results did not show a significant
improvement. One possible explanation is that reducing the area
size for training the model leads to a loss of structural patterns in
the tissue. Therefore, we concluded that subsampling improves the
results compared to considering smaller patches, which maintain
spatial resolution but lose the characteristic tissue patterns that
provide contextual information and enable generalization.

The chosen subsampling method also affects the evaluation
metrics, but since the reference images are also re-scaled, the cal-
culations are equally affected in all the three compared models,
and do not impact the conclusions drawn from the comparison.
The SSIM for the three models are plotted to be compared. The
Fig. 5 shows the distributions associated with the evaluation of ev-
ery sample for each digital staining model, through boxplots super-
imposed on violin graphics, individual points and outliers.

In the plot, the box covers the interquartile range (IQR) with the
whiskers located at “minimum” (Q1 — 1.5 x IQR) and “maximum”
(Q3 + 1.5 x IQR). The outliers are located farther than the whiskers
limits.

The graph in Fig. 5 shows the superiority (almost 30%) of the
generic model based on cycleGAN, compared to pix2pix and CUT.
In addition, it shows that the distribution of values is quite homo-
geneous and there are no underlying distributions related to the
type of tissue used in the test dataset. On the contrary, the values
obtained by the pix2pix model seem to corroborate the weakness
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Fig. 5. Distribution plot comparison for structural similarity with different digital staining generic models. The confidence intervals (95%) for the means are: pix2pix

(0.20559 + 0.02147), cycleGAN (0.95261 + 0.0026), and CUT (0.66012 + 0.01525).

of this type of model when it is trained with images that are not
perfectly aligned, as is the case with tissue samples.

3.2. (q2 answer) - Chromatic discrepancy

To compare the chromatic discrepancy obtained by the digital
staining models with respect to the chemical stain used as a ref-
erence, it was decided to use a metric based on color distance. In-
stead of applying this metric at the pixel level, color quantization
was used by clustering the color information in each image [51].
The elimination of the background pixels was accomplished before
the clustering process was carried out in order to avoid their influ-
ence, since they do not correspond to stained tissue. In this way,
only the relevant pixels are taken into account in the quantization
process.

The clusters obtained in each pair of images (i.e., reference with
chemical staining and correspondent to digital staining) were or-
dered by Hungarian algorithm so that the similar colors are closer.
Finally, the distance between the clusters of both images is calcu-
lated using the EMD (Earth Mover’s Distance metric, also known as
Wasserstein distance) [52]. This metric not only takes into account
the separation of the clusters in color space, but also their relative
weight. In other words, this metric considers both the similarity
of the colors in the images compared and their importance in the
image as a whole.

When calculating the chromatic discrepancy between two im-
ages, it is worth studying the influence of two decisions that can

affect the result, namely: the color space and the number of clus-
ters. In reality, the choice of color space (i.e., RGB, HSV and CIELab)
has no relevant influence, since more than absolute differences, we
are interested in the relative differences in color obtained by the
different staining models. This relevance has been tested empiri-
cally by comparing the distances obtained in different color spaces.
Finally, after establishing the low influence of the color space cho-
sen to compare the chromatic discrepancies achieved with the dif-
ferent models of digital staining, they were evaluated in the RGB
color space.

To establish the number of clusters to quantize the color in the
images, a study was conducted to compare the distances of the
staining model based on cycleGAN against the reference chemical
staining used in different number of clusters. The plot in Fig. 6 dis-
plays the distributions of the color discrepancy obtained based on
the chosen number of clusters.

As illustrated in Fig. 3, staining variability in distinct regions of
whole slide images (WSI) is intrinsically linked to tissue character-
istics and their interaction with the staining process. Additionally,
extrinsic factors arising from the staining process itself contribute
to this variability. In order to address both types of variability, color
normalization was applied prior to model training via experiments.
For each tissue type, the normalization method proposed by Rein-
hard et al. [8] was chosen. However, to compare the chromatic dis-
crepancy distributions obtained by digital staining models to those
of the reference chemical staining, prior color normalization was
disregarded.
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Fig. 6. Distribution plot comparison for color distance by number of clusters for digital staining generic cycleGAN based model.

In view of Fig. 6, we see that the increase in the number of
clusters has a very limited effect except to reduce the dispersion
of the distributions and increase the computation time.

Next, the chromatic discrepancy obtained with the three
generic digital stain models was calculated to analyze their distri-
bution in the set of test images. A number of 16 clusters were used
for this calculation. The graphic in Fig. 7 shows how the best value
around 10% (i.e., less chromatic discrepancy) is obtained using the
cycleGAN based model. This should not be surprising since it is a
model trained to exhibit cyclic consistency used for digital unstain-
ing of samples. This graphic also shows that the other two models
(i.e., pix2pix and CUT) have similar chromatic discrepancies, less
than 20%, with respect to chemical staining.

3.3. (q3 answer) - Influence of tissue-specific modelling

Fig. 8 displays the comparison for structural similarity reached
by the two kind of cycleGAN based models, the generic for any
kind of tissue and the specific five (by type of tissue). This result
allows addressing the question 3 regarding structural similarity. In
such results, no significant improvements can be observed, refer-
ring to structural similarity, when digital staining models specific
to the type of tissue are used.

Finally, the study was completed with the comparison of spe-
cific cycleGAN based models for each type of tissue to determine
the possible influence of tissue type on the digital staining mod-
els. Fig. 9 shows the results obtained, in which it can be seen that
the differences obtained are around 2% but are not very significant
because overlapping is observed for the distributions we got.

3.4. (q4 answer) - Quality evaluation through subjective
psychophysical tests

We conducted a qualitative evaluation using subjective qual-
ity metrics for the best model (cycleGAN) among the compared
three quantitatively. This qualitative evaluation aims to measure
the diagnosis capability of the digitally stained samples and the vi-
sual perceptual similarity between chemically and digitally stained
samples. Thus, two experiments were performed: 1) Evaluation of
45 image pairs for each tissue type. The pair consists of a chemi-
cally stained sample and its digitally stained counterpart. So that,
a total of 225 image sample were used. 2) Blind identification of
the stain type of 64 sample images, (chemical or digital). Three ex-
perts were subjected to psychophysical tests for this purpose. We
adhered to the ITU-R recommendation [53], whose main guidelines
are: (1) The experts are subjected to an automated test consisting
of a random series of 44 identical image pairs. (2) The pairs are
displayed twice sequentially after a 10-second interval. (3) At the
conclusion of each pair’s display, there is a 10-second period de-
voted to assigning a score from 1 to 5 indicating how similar the
observed pair of images are. In accordance with ITU-R, we referred
to this metric as the Mean Opinion Score (MOS). (4) For the second
experiment, the order of the images, chemical or digital stained
image, was randomized to avoid any possible bias. (5) An addi-
tional case for each experiment is used as an example.

The rating scale utilized for the MOS is the absolute category
rating, which maps ratings between 1 and 5 to the similarity of
bad, poor, fair, good, and excellent, respectively. Also, according to
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the experts, diagnostics are possible for images with a score of 4
or higher, despite the fact that images with scores of 4 may have
color or contrast variations.

3.4.1. 15t experiment

It was conducted with 225 pairs of chemical and digital stained
images. In the case of chemical stained samples 3.77% were scored
with 1 and all corresponding to tumoral stroma tissue, 4.22% were
scored with 2 where 3.12% were due to the score of the tumoral
stroma tissue samples and 1.20% to the adipose tissue samples,
1.11% of samples were scored with 3 and all corresponding to the
adipose tissue samples; 16% were scored with 4 and 74.88% were
scored with 5, with similar percentages for all issue types. In the
case of digital stained samples 5.55% were scored with 1, 2.66%
were scored with 2, 4.88% of samples were scored with 3, 28.44%
were scored with 4 and 58.44% were scored with 5. Observations
revealed that the variation in scores was attributable to the same
tissue types as those in chemically stained samples.

The perception of the quality of digitally stained images appears
to be slightly inferior to that of chemically stained images. A Stu-
dent’s t-test was performed on the subset with scores 4 and 5, to
determine if this difference is statistically significant and if it is
possible to make a diagnosis independently of the image with dig-
ital or chemical staining. The means for these subsets of chemically
and digitally stained samples were 45.44% and 43.44%, respectively
and the test revealed that no significant difference exists.

Furthermore, a correlation between the MOS psychophysical
scoring and the objective metric CPBD (Cumulative Perceptual Blur-

10

ring Detection) ([53]) was calculated. The CPBD average value for
the chemical stained samples was 0.6097, with the tumoral stroma
tissue samples having the lowest value of 0.4481. The average
CPBD value for digital stained samples was 0.5385, with the low-
est value of 0.3618 due to tumoral stroma tissue samples. This
is consistent with the MOS scoring. The Pearson linear correla-
tion coefficient for chemically stained and digitally stained sam-
ples was 0.8941 and 0.8724, respectively. The calculated spearman
rank-order correlation coefficients for both sets of stained samples
were 0.8874 and 0.8733, with a mean absolute error of 0.1349 and
0.1761, respectively. As a result, the MOS and CPBD tests provide
the same information and are consistent.

3.4.2. 2" experiment

It was performed with 64 distinct images 32 chemically stained
and 32 digitally stained samples. In this case 53.12% was true pos-
itive detections, that is the expert was able to distinguish prop-
erly the chemical stained samples, 34.37% were true negative de-
tections that is the expert was able to distinguish properly the
digital stained samples, 31.25% were false positives, that is they
were identified as digital stained samples but they were chemi-
cal stained samples and 43.75% were false negatives, that is they
were identified as chemical stained samples but they were digital
stained samples. There was an average of 18.75% of samples were
the expert could not make a decision whether they were chemical
or digital stained samples.

These results were analyzed using the z-test to determine if
there are statistically significant differences between the percep-
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tion of chemically stained and digitally stained samples. The hy-
pothesis that there are no significant differences between the per-
ception of chemically stained images and digital images was ac-
cepted with a 95% level of confidence after tests were conducted
considering both true and false detections. The z statistic was al-
ways less than 1.96, with a maximum value of 1.51.

3.5. Potential limitations

This study uses 13 pairs of samples (i.e., WSI) from which the
patches that constitute the training dataset for the three models
of digital staining are obtained (see Fig. 3). The final size of the
training dataset is moderate but sufficient to obtain models with
acceptable results (see Fig. 4). For the evaluation of these mod-
els, a test dataset was constructed from the ROIs of a WSI unseen
by the models during training and even belonging to a different
section of the tissues used previously. This test dataset consists
of 1024 x 1024 px and 512 x 512 px patches, which are re-scaled
to 256x256 px to meet the memory constraints of the available
hardware. The proposed structural similarity and color discrepancy
metrics evaluate the models with respect to the chemically stained
images (i.e., ground truth) obtained on the re-scaled patches to
provide a comparison unaffected by the aforementioned re-scaling.
Furthermore, the quality evaluation of the obtained results from
the best model did not show a significant degradation.

The models obtained have only been tested on breast tissues as
they are the target of massive screenings in which automatic tools
are of interest to reduce the analysis and decision-making time.
However, the methodology followed in the presented study is ex-
tendable to other types of tissues. Additionally, the models can be
adjusted for other types of tissues starting from the trained models
by fine-tuning (i.e., transfer learning).

4. Conclusions

This paper has presented a comparison of three generative
models of digital staining in H&E modality of breast tissue sam-
ples without staining, whose capture has been performed by mul-
tispectral microscopy reduced to three channels in the RGB visible
spectrum. For the training of the models, samples with H&E chem-
ical staining of the same type of tissues have been used, previously
labeled —by a pathologist— in 5 types of tissue.

For training, one of the models (pix2pix) needs stained and
unstained aligned images (i.e., paired), suffering from the inher-
ent difficulty of obtaining aligned tissue samples. In this case, to
achieve the necessary alignment of the samples, a computational
process of the ROIs registration based on affine transformations
was used. The other two models (cycleGAN and CUT) do not re-
quire aligned samples, so it was not necessary to use digital image
registration.

The quantitative comparison of the three digital staining mod-
els was achieved in two dimensions: (1) structural similarity and
(2) chromatic discrepancy. Both dimensions quantify the deviation
that occurs in digital stain images from the reference represented
by chemical stained images. In addition to the generic staining
models (i.e., without distinction of tissue type), for cycleGAN and
CUT, five specific models were generated for each type of tissue
available with the intention of evaluating the effect of tissue spe-
cialization.

Alignment between reference (i.e., chemically stained) and per-
turbed (i.e., digital stain) images is required, since the measure
of structural similarity (i.e., SSIM) and chromatic discrepancy (i.e.,
color distance) are considered as measures of deviation from a ref-
erence image. To obtain such alignment, the reference images have
been subjected to a previous unstaining digital process applying
the model that guarantees the cyclic consistency of the generative
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model based on cycleGAN. These images without staining are those
that are subsequently digitally stained with each of the models and
to which the metrics of structural similarity and chromatic discrep-
ancy are applied.

To obtain the chromatic discrepancy value, a color distance was
used based on the evaluation of the EMD distance between the
color clusters associated with the tissue in each pair of images
(with chemical and digital staining), which not only considers the
color differences but also their proportion in the sample.

The main differences between the models are observed in the
measure of structural similarity (see Fig. 5) in which cycleGAN ob-
tains the best SSIM values, slightly higher than 0.95 (mean value).
On the contrary, the values obtained with the pix2pix model re-
flect the weakness of these models in situations where it is not
possible to have perfectly aligned pairs of images for training.

Regarding the measurement of chromatic discrepancy, a better
result (around 10%) of the model based on cycleGAN with a dis-
tribution that presents a lower dispersion is also observed (see
Fig. 9). In short, it is the model that obtains a color distribution
most consistent with chemical staining.

When analyzing the graphics of the Figs. 5 and 7, it is observed
that the distributions of the results does not present multimodal-
ity, so it is not appreciated that there are underlying distributions
related to the type of tissue. That is, generic models of staining are
insensitive to the type of tissue to be stained. This hypothesis is
confirmed in digital staining with cycleGAN based models specific
to the 5 available tissue types. When checking the distributions of
structural similarity (see Fig. 8) and color distance (see Fig. 9) it is
observed that the distributions overlap around very close central
values. For this reason, the application of specific models by type
of tissue should be ruled out, since they do not provide substan-
tial improvements over generic models that are able to “learn” the
characteristics that differentiate the types of tissues.

The results obtained with digital staining models highlight the
potential value of reproducing automatic classification outcomes
based on chemical staining samples. However, it is important to
clarify that the primary objective of our study was to utilize digi-
tal staining as a means of enhancing the interpretability of results
obtained through automated diagnostic and classification models.
If such models could rapidly generate results using label-free in-
put images, it would be highly beneficial for them to also pro-
vide modalities of comprehensible information (e.g., H&E staining)
for specialists to confirm diagnoses. Thus, our study aims to com-
pare three generative models to evaluate which one most accu-
rately replicates the H&E staining modality. We conducted subjec-
tive psychophysical tests with three experts to qualitatively evalu-
ation of the digital staining results obtained with the best model
among the three quantitatively compared in our study. This quali-
tative evaluation provides evidence supporting the usability of dig-
ital staining as a promising tool to complement the diagnosis pro-
cess.

The possibility of using a digital unstaining model on samples
previously stained by a chemical or digital process raises questions
that deserve a more detailed analysis in future work on the sub-
ject:Would it be possible to use digital unstaining samples for training
staining models that require image alignment? Would it be possible
to obtain digital unstaining models that provide a universal result re-
gardless of the original staining domain used?
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