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ARTICLE INFO ABSTRACT

Communicated by P. Yan

Digital staining involves using methods such as Machine Learning (ML) to replace chemical staining in pathology.

Staining adds contrast that makes cell details more visible under the microscope. However, chemical methods
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are slow, use toxic reagents, and require skilled personnel. In contrast, digital staining can generate images
faster, reduce the need for reagents and specialized equipment, and minimize plastic and chemical waste, making
the workflow more sustainable. This paper systematically reviews papers published on ML-based digital stain
processing. We propose a new taxonomy that divides existing studies into five groups: stain normalization, stain
augmentation, virtual staining, stain transformation, and hybrid approaches. In addition, we observed several
trends from the reviewed papers. Finally, we outline open research directions.

1. Introduction

Digital staining enables the virtual application or conversion of
stains on histological images without requiring physical reagents. This
technique has gained traction recently due to advances in generative
models. These models can learn complex mappings between unstained
and stained tissue images.

In traditional workflows, staining involves a multistep manual pro-
cess that includes fixation, embedding, sectioning, chemical staining,
and microscopic review. This process is time-consuming, relies on skilled
personnel, and involves toxic reagents that pose health and environmen-
tal risks. In addition, applying multiple stains requires additional tissue
sections, increasing resource use and patient discomfort. Digital staining
has the potential to reduce these limitations by enabling faster genera-
tion of clinically useful images, which can shorten diagnostic turnaround
times and support more efficient laboratory operations. It also reduces
the dependence on chemical reagents, offering a more eco-friendly work-
flow that minimizes waste and reduces exposure to hazardous materials.
Additionally, because digital staining involves less repeated physical sec-
tioning, it can reduce patient discomfort. Furthermore, by decreasing the
number of consumables and the labour required for manual staining,
digital staining can contribute to meaningful cost savings.
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Digital staining offers a faster, non-destructive, and more sustainable
alternative. Here, Machine Learning (ML)-based models are trained to
produce stain-equivalent images in seconds and support downstream di-
agnostic tasks such as classification and segmentation. These benefits
position digital staining as a tool for modern pathology, especially in
places with limited resources. Most current virtual staining systems are
based on Generative Adversarial Networks (GANs). A GAN pairs two
neural networks: a generator that produces realistic images and a dis-
criminator that tries to tell generated images from real ones. During
training, they compete, and the generator gradually learns to create
images that the discriminator can no longer distinguish from authentic
stained slides. Section 2.2 reviews the GAN variants most widely used
for digital staining.

1.1. Research questions, search strings, and inclusion criteria

In this section, we define how we discovered and filtered the relevant
literature for the survey.

1.1.1. Research questions
First, we define our research topic: “Machine learning-based digi-
tal stain processing for digital pathology.” We then developed research
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Table 1
Research questions according to PRISMA.

# Research question

RQ1 How do machine learning-based digital stain processing systems
for digital pathology compare to traditional chemical methods
regarding diagnostic time and accuracy?

RQ2  What machine learning models have been used for digital stain
processing in digital pathology and how do their performances
compare?

RQ3  What are the challenges of applying machine learning algorithms to
process stains in digital pathology?

questions from this topic by following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines [1]. These
research questions are in Table 1.

1.1.2. Search strings

We identified key concepts from the research topic and the questions
in the previous section. These concepts are shown in Table 2. From the
table, it can be observed that several alternative spellings and synonyms
of keywords are also used in the search.

From Table 2, the following search was performed on Scopus: TITLE-
ABS-KEY((virtual OR digital OR automated) AND (staining OR dyeing
OR re-staining OR restaining) AND (gan* OR “Generative adversarial
network*” OR “Machine learning” OR ml OR dl OR “deep learning” OR
ai OR “artificial intelligence” OR “Generative AI” OR “Generative arti-
ficial intelligence”) AND (pathology OR histopathology OR biopsy OR
smear)).

The first search was conducted on 18 November 2024. We were able
to find 677 documents. Fig. 1 shows the number of files per year in
the initial Scopus search. The figure shows how interest in the topic
has increased over the years, especially after 2020. However, some of
these articles were not relevant to our study. Thus, we created a filtering
process to select only suitable studies.

1.1.3. Paper inclusion criteria

For this systematic review, we defined explicit inclusion criteria for
selecting papers. The flow chart in Fig. 2 summarizes the process. Before
screening, we removed duplicate or retracted papers.

In the screening phase, we applied additional criteria, such as
restricting publication years to 2020-2025 and including only articles

Table 2
Survey main topics and keywords.

# Concept Keywords

1 Artificial Intelligence  Artificial intelligence, Computer vision, Deep
learning, Machine learning, Generative adversarial
network, Al, ML, DL, GAN

Virtual staining, automated staining, virtual re-
staining, digital re-staining, virtual dyeing, digital
dyeing, automated dyeing

Histopathology, smear, biopsy

2 Digital Staining

3 Pathology

Documents per Year
180

160}
140}
120}
100}
80|
60|
40t
20}

Documents

2014 2016 2018 2020 2022 2024
Year

Fig. 1. The number of articles per year discovered in the initial Scopus search.
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that met these conditions. Following Fig. 2, this reduced the initial 677
papers to about 100.

1.2. Related reviews

This section summarizes existing surveys on ML-based digital stain-
ing and explains how our review extends this literature. We repeated the
search from Section 1.1.2 but limited it to review articles, obtaining 41
results. After screening, we identified seven relevant reviews and later
added several recent ones during the paper revision.

One of such reviews is the work of Rivenson et al. [2]. The study
highlighted that early methods of virtual staining used imaging modal-
ities like multi-modal nonlinear microscopy to capture tissue contrast.
However, they were limited to pixel-to-pixel mappings that often failed
to capture the textures needed for accurate diagnostics. In contrast,
CNN-based methods, such as GANs, solve this problem. They perform
texture-based transformations by learning complex structural relation-
ships between label-free and stained tissues. However, GAN-based stain-
ing has limitations, including the risk of misleading artifacts. The article
suggests combining adversarial loss with structural or pixel-wise loss so
that the network is constrained by both overall appearance and actual
tissue features, reducing hallucinations.

In a related work, Jose et al. [3] reviewed how different GAN variants
(standard GANs, cGANs, and CycleGANs) are used in digital pathol-
ogy. They report that GANs improve image consistency by addressing
staining variability, enhancing resolution, supporting virtual staining,
removing artifacts such as ink marks, generating synthetic datasets to
reduce labeled-data scarcity, and aiding nuclei detection, segmentation,
and feature extraction.

Additionally, Morrison et al. [4] provided a survey of how genera-
tive deep learning transforms workflows in digital pathology. The survey
states that a typical machine learning workflow in digital pathology
includes several steps: data collection, preprocessing, model training,
and interpretation. Each of these steps presents its own challenges.
For example, before model training, images must be preprocessed to
remove artifacts through stain normalization and data augmentation.
Other issues include the large size of WSIs and the scarcity of anno-
tated data. Generative models address some of these challenges through
various applications. For instance, using GANs for color and intensity
normalization reduces inconsistencies caused by staining protocols.

Furthermore, Pillar et al. [5] examine the use of machine learning for
virtual tissue staining in pathology. They employ deep learning models
to transform autofluorescence images of unstained tissue into virtually
stained equivalents. The study describes how deep learning converts un-
stained images into bright-field images that mimic conventional stained
slides.

In arelated review, Wagqas et al. [6] presented how generative Al and
foundation models can revolutionize digital pathology. The article high-
lights the limitations of task-specific AI commonly used in computational
pathology. Task-specific Al models, like CNNs, excel in specific tasks but
struggle with generalization across different datasets. Furthermore, they
require extensive annotated data and cannot use multimodal data (e.g.,
text).

In contrast to task-specific AL, foundation models, which are the
backbone of generative Al, can solve some of these limitations.
Foundation models are pre-trained on large, unannotated datasets and
then adapted to tasks with minimal task-specific data. This allows them
to handle multimodal data. These models can help standardize pathol-
ogy workflows and help in diagnosis and report generation. In addition,
they can also self-correct based on user feedback.

One challenge of this paper is that it covers the broad area of
the use of generative Al in digital pathology. As a result, it struggles
to provide specific challenges in applying these models to particular
niches like digital staining. In addition, it does not present any detailed
technical challenges that may be encountered during model training or
deployment.
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Fig. 2. A flowchart showing the PRISMA rules used in the relevant literature search.

Similarly, Bai et al. [7] reviewed works that apply deep learning
for virtual staining. After highlighting the advantages of virtual stain-
ing over the traditional process, they categorize it into two: label-free
and stain-to-stain transformation. They then go on to state that the ML
models used can either be supervised or unsupervised methods. An inter-
esting area the survey presented is virtual staining in vivo. This is where
label-free imaging eliminates the need for invasive biopsies. Techniques
like reflectance confocal microscopy allow virtual staining directly on
live tissues, which enables quicker diagnoses without physical sample
preparation.

Moreover, Kreiss et al. [8] provide a broad review of digital staining
in optical microscopy, with a scope spanning many label-free imaging
modalities, stain targets, and deep learning models. Their review treats
digital staining as a single integrated field and explains both the under-
lying physical contrast mechanisms and the neural architectures. The
paper also addresses practical issues such as data pairing, registration,
metrics, and artifacts.

In contrast, our paper focuses on digital stain processing in pathology
and presents a systematic review of recent work. This targeted scope
allows us to define a clear pathology-specific taxonomy of tasks and to
better compare existing methods.

Similarly, Latonen et al. [9] reviewed works that use deep learn-
ing for virtual staining. They highlighted that the methods mainly rely
on Generative Adversarial Networks (GANs) to transform images. They
classified the learning process into two categories: supervised and unsu-
pervised methods. Supervised methods like Pix2Pix and cGANs rely on
paired stained and unstained images. In contrast, unsupervised methods,
like CycleGAN, enable style transfer without specific image matching.

One downside of the study is that it does not discuss the models used
in detail nor does it present any technical challenges faced by model
developers.

In a more recent review, Lin et al. [10] review virtual staining in
pathology with a focus on the full workflow, typical models, avail-
able datasets, and evaluation methods. They analyze challenges that are

specific to virtual staining, such as gigapixel whole slide images, feature
homogeneity, and invisible diagnostic cues, and explain how these dif-
fer from generic image translation problems. They also link algorithmic
design to clinical needs by writing from both engineering and pathology
perspectives.

Table 3 compares our review with other surveys. From the table, it
can be observed that our paper distinguishes itself from other surveys.
Our main contributions can be summarized as follows:

Compared to other works, our paper focuses solely on stain
processing, not the broader area of digital pathology. Thus,
we are able to provide a more niche study.

Additionally, unlike other review articles that restrict them-
selves to GANs or foundational models [3,6], this article
includes other ML methods such as DenseNet, StainCUT, and
RestainNet [11-13] together with GANs. This makes our work
more encompassing.

We also present a new taxonomy of the existing literature
based on tasks being performed. To the best of our knowledge,
we are the first to propose such a taxonomy.

This review also presents trends in existing research. We also
highlight open research areas that only a few researchers have
explored.

We also discuss some of the common benchmark datasets used
to evaluate models.

Finally, it is an up-to-date survey of machine learning-based
digital stain processing that covers articles published between
2020 and 2025.

The rest of the paper is organized as follows. Section 2 presents the
analysis of studies that employ machine learning methods for digital
stain processing. It also discusses the taxonomy of the field, commonly
used models, and performance evaluation metrics. Section 3 outlines the
widely used datasets and key trends. Section 4 presents open research
issues. Finally, Section 5 concludes the paper.
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Summary of machine learning-based digital staining review papers.

Review Focus area

Review type

Rivenson et al. 2020 [2]

Presented works that improve digital staining. Compared virtual stain-

Narrative

ing process using multimodal imaging and that of deep learning. Also
stated some of the challenges and open issues of using DL for digital

staining.
Jose et al. 2021 [3]

survey works that use GANs for DP. Presented areas where GANs are

Systematic

applied and their advantages. Presented limited challenge and research
gaps. Focus is on the wide area of digital pathology

Morrison et al. 2021 [4]

Surveyed works that aim to improve DP workflows. Presented

Narrative

challenges and future research areas. Focus is on many areas of DP.

Pillar et al. 2022 [5]

Discussed the advantages of virtual staining over conventional methods.

Narrative

Presented challenges and future research areas

Kreiss et al. 2023 [8]

Broad tutorial review of digital staining across label-free modalities,

Narrative

stains and deep learning models, including mechanisms and practical
deployment. Did not develop a taxonomy.

Bai et al. 2023 [7]

Discussed works that use DL for virtual staining. Categorized the meth-

Narrative

ods. Also discussed in vivo staining. Presented challenges and research

gaps.
Wagas et al. 2023 [6]

Presented works that use foundational models for digital pathol-

Narrative

ogy. Highlights the shift from task-specific AI models to foundation
models that use multimodal data. Presented challenges and future
directions. Focus was on the wide topic of digital pathology

Latonen et al. 2024 [9]

Reviewed works that use GANs for virtual staining. Presented a rough

Narrative

taxonomy and presented research gaps. Did not provide many technical

details of the models.
Lin et al. 2025 [10]

Covers workflows, typical models, datasets, evaluation methods, and

Narrative

challenges specific to whole slide images.

Our study

Focused on digital stain processing not downstream tasks. Covers

Systematic

entire ML-based methods, not only GANs. Provided a taxonomy
of the area. Discussed famous benchmark datasets. Presented a
comprehensive trend of the field. Outlined updated research gaps.

2. Machine learning methods for stain processing in pathology

This section reviews ML methods for stain processing in pathology,
introducing a task-based taxonomy, the most commonly used models,
their evaluation metrics, and an analysis of work in each category.

2.1. Taxonomy

In analyzing studies that use machine learning to address staining
issues in pathology, we first categorize them based on the tasks they per-
form, as shown in Fig. 3. A summary table of the classes can also be seen
in Table 4. The first group is stain normalization. In digital pathology,
stain normalization is needed due to chemical stain variations across
laboratories or devices. These inconsistencies often affect the analysis
performed by deep learning models. Thus, papers in this class use DL to
standardize these variations and help models focus on tissue structures
rather than color differences. This improves accuracy and generalization
across datasets.

The second category we identified is stain augmentation using ML.
Although stain augmentation and stain normalization aim to address the
problem of stain variability, they differ in their objectives and implemen-
tation. Normalization seeks to reduce variability by mapping all images

toward a predefined stain appearance. Most normalization methods rely
on a single reference image or a set of reference stain statistics, and all
incoming images are standardized to match this reference. This process
compresses the stain distribution into a narrower domain and ensures
consistency across datasets.

In contrast, stain augmentation increases variability by generating
additional synthetic images that capture a wide range of stain appear-
ances. Instead of mapping images toward a fixed target, augmentation
models create multiple variants of an input image to simulate natural
diversity.

Another key distinction is where these methods are applied.
Normalization is commonly used during both training and inference be-
cause its goal is to standardize all inputs before downstream analysis. In
contrast, augmentation is typically applied only during training because
its purpose is to expand the diversity of the training distribution and
improve generalization.

The third class we identified is virtual staining. Here, label-free (un-
stained images) are stained using DL models. Most of the works in
this group take a label-free image and convert it into a stained version
one-to-one. However, some models can also simultaneously transform
an unstained image into multiple stains.

ML for digital

pathology

Normalization Augmentation

Virtual Staining

Transformation Hybrids

Fig. 3. Classification of works on ML-based stain processing in pathology.
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Summary of the proposed taxonomy for machine learning-based digital stain processing.

Category Main goal

Typical input and output

Typical use case

Stain normalization Reduce inter-laboratory and
inter-scanner variation in stain

appearance

Input: stained histopathology image
with heterogeneous color characteristics.
Output: stained image with standardized

Harmonizing multi-center datasets;
improving robustness of downstream
models.

stain appearance while preserving tissue

morphology.
Input: stained image. Output: multiple syn-
thetically re-stained variants of the same

Stain augmentation Increase stain variability during
model training

tissue.
Virtual staining Generate stained images from label-

free or unstained acquisitions

Input: label-free (e.g., autofluorescence or
phase-contrast) image. Output: virtually

Exposing models to diverse

stain appearances to improve
generalization.

Enabling non-destructive, faster, or
cheaper staining workflows.

stained image (e.g., H&E, special stain, or

THC).

Stain transformation Convert one stain type into another

Input: image with an existing stain (e.g., H&E).
Output: image with a different target stain

Reducing the need for additional
physical staining of tissue sections.

(e.g., PAS, THC).

Combine two or more of the above
categories in a single pipeline

Hybrid approaches

Input and output depend on the combination
(e.g., normalization plus augmentation, or
virtual staining followed by transformation).

Addressing multiple stain-related
challenges within a unified
framework.

The fourth group consists of those that perform stain transformation.
The works here transform a stained image to another type of stain, e.g.,
an H&E-stained image to PAS. Similar to virtual staining, some studies
here also perform multi-stain transformation, where a stained image is
converted to multiple stains.

In the fifth class, called hybrid, studies here perform two or more
of the tasks simultaneously, such as normalization and augmentation,
using DL.

Before the detailed discussion of studies within each of these cate-
gories, the next section provides a brief overview of some commonly
used GAN models.

2.2. Commonly used models

This section explains three popular models commonly used for stain
processing in digital pathology: Conditional Generative Adversarial
Network (cGAN), Pix2Pix, and CycleGAN.

2.2.1. Conditional generative adversarial network (cGAN)

c¢GANs [14] improve basic GANs (see Fig. 4(a)) by adding control
over the generated output. In a standard GAN, the generator creates
data from random noise. This often leads to limited diversity, where the
generated output becomes too similar or lacks variation in important
features. As a result, the model is less adaptable for tasks that require
specific or varied output. In contrast, cGANs shown in Fig. 4(b) condition
both the generator and the discriminator on additional information, such
as class labels. This allows for more control over the generation process
and makes cGANs useful for tasks like targeted image synthesis.

To understand its formulation, consider labeled samples (x,c) and
a noise vector z. The generator G maps (z,¢) to £ = G(z,c¢). The
discriminator D(x, ¢) € (0, 1) scores image-label pairs.

Conditional adversarial objective:

Lan(G. D) =E,, [log D(x, c)] +E,, [log(l - D(G(z, ), c))] . (€D)

Thus, G tries to minimize this, while D tries to maximize it.
Overall objective:

argrnGin rn[e)lx Lcan(G, D). 2)

Despite their advantages, using basic cGANs for image generation
has its challenges. First, they tend to generate similar images for the
same condition, limiting the output diversity. Secondly, they require
significant computational resources, especially when generating high-
resolution images. This makes them resource-intensive and challenging
to scale compared to Pix2Pix.

2.2.2. Pix2Pix

Pix2Pix is a type of cGAN used for image-to-image translation
[15]. As shown in Fig. 4(c), it learns the mapping between paired images
through a generator and a discriminator. In basic cGAN, the “condition”
can be text, labels, or images, while in Pix2Pix, it is strictly images. The
generator, which is U-Net-based [16], transforms the input images into
the output images. In contrast, the discriminator, which is PatchGAN
[17] evaluates the authenticity of the generated images. Furthermore,
instead of using noise as in cGAN, Pix2Pix uses dropouts in the generator
to simulate noise.

Given an input image x and a target image y, the model learns a
mapping with a generator G : {x,z} — y while a discriminator D looks
at pairs and judges real vs. fake. Both G and D see the input image x, so
D compares real tuples (x, y) against fake tuples (x, G(x, z)).

The main objective is the cGAN loss:

L.Gan(G, D) =E, [log D(x, y)] + E, ;[log(1 — D(x, G(x, 2)))] 3)

Pix2Pix employs a pixel reconstruction loss to keep the output near the
ground truth:

£,(G)=E, . [ly-Gx 2] “
The final Pix2Pix objective is:

arg mén max L.gan(G, D) + 1L,(G) )

During training, Pix2Pix minimizes a loss function combining ad-
versarial and pixel-wise losses to produce high-quality outputs. After
training is finished, at the inference stage, the model takes an in-
put image, applies the learned generator, and transforms it into the
corresponding output image.

One of the main advantages of Pix2Pix is its ability to generate accu-
rate and high-quality images when paired datasets are available, which
is not often the case. This makes it particularly useful for tasks that re-
quire precise pixel-level translation, such as digital staining. Compared
to basic cGAN, Pix2Pix is more focused on image-to-image translation
with paired data, making it easier to implement for tasks where exact im-
age pairs are available. However, Pix2Pix is less flexible than CycleGAN,
as it relies heavily on paired data and struggles when there are variations
in staining.

2.2.3. CycleGAN

Although Pix2Pix offers good performance, it often requires paired
images. However, these paired images are hard to obtain in most applica-
tions. In contrast, CycleGAN (see Fig. 4(d)) can perform image-to-image
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(a) A figure showing the basic GAN.
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(c) The Pix2Pix GAN showing how the target image connects to the dis-
criminator
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(b) An image of cGAN with the conditional block shown in pink. Also red
arrows show how the condition block connects to both the generator and
discriminator.
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(d) The CycleGAN. It operates without paired images. The figure shows the
cycle consistency process between the two generators.

Fig. 4. The figures of the famous GANs used for processing digital stains. The images are summarized to aid understanding.

translations without the need for paired images [18]. It uses two gener-
ators and two discriminators to learn the mappings between two image
domains. One generator converts images from domain X to domain Y,
and the other does the reverse. The discriminators judge whether the
images look real or fake. The key loss functions are adversarial loss and
cycle consistency loss. The cycle consistency loss ensures that when an
image is translated to the other domain and back again, it matches the
original image.

Given two image domains X and Y, with unpaired samples x ~ py,,(x)
and y ~ pyu.(¥). CycleGAN learns two mappings G : X — Y and F :
Y — X together with adversarial discriminators Dy and Dy. The first
objective is an adversarial loss that makes the translated images indis-
tinguishable from real images in the target domain. For the mapping
G : X —Y and discriminator Dy, the objective is

Lean(G. Dy, X.Y) = E [log Dy(y)| +E,[log(1 — Dy(G(x))) ] 6)

and symmetrically Lgan(F, Dy.Y,X) for F : Y —» X against Dy. This
pushes G(X) toward the distribution Y and F(Y) toward X.

Adversarial loss aligns distributions at the set level, not per sample. A
generator may map many inputs to one plausible target and still appear
valid. Cycle consistency adds an inverse-like constraint: translate X —
Y - X and Y - X — Y to recover the original sample. This anchors
the mapping to each input, preserves content and structure, and still
allows style changes. It also enables training without paired supervision
because the reconstruction target is the input itself.

Leye(G.F)=E, [|IFGx) - x| +E, [ IGF) -yl | )

encouraging F(G(x)) ~ x (forward cycle) and G(F(y)) ~ y (backward
cycle).

Combining these yields the full objective

L(G,F,Dy, Dy) = Loan(G, Dy, X,Y) + Loan(F. Dy, Y, X)
+ ALy (G, F)

(©))

where 4 balances distribution matching and cycle consistency. The over-
all optimization is the usual adversarial min-max over both domains:

i L(G,F,Dy,D 9
arg min DIB%‘Y ( x> Dy) (C)]

Training alternates updates of G, F and Dy, Dy on unpaired mini-
batches from X and Y under the adversarial and cycle-consistency
objectives. At inference, the discriminators are discarded, and transla-
tion is performed with the relevant generator (G: X ->Y or F:Y - X)
to produce the transformed image for a given input.

2.3. Performance metrics

This section presents the performance measures commonly used to
judge how well a model performs.

1. Structural Similarity Index Measure (SSIM): A metric used to as-
sess the perceptual similarity between two images (x, y). In our
case, it is often between the virtual stain generated and the actual
stain. Its equation is given by:

Quyp, +c)20,, +¢)
SSIM(x,y) = — V" 2 (10)
(ug + Hy + c)o; + o, + c)

where u, and u, are the mean intensities, o-)% and 63 are the vari-
ances and o, is the covariance of the images, with ¢, and ¢, as
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stabilizing constants. A high SSIM score (close to 1) indicates that
images are perceptually similar, while a low score (close to 0) sug-
gests significant structural differences. SSIM is widely used due
to its alignment with human visual perception. However, it can
be sensitive to small variations and is computationally complex
compared to simpler metrics such as PSNR.

2. Peak Signal-to-Noise Ratio (PSNR): Another common metric used
to evaluate the quality of virtual staining methods. It compares
the generated stained images with the ground-truth stained im-
ages. PSNR measures the relationship between the maximum
possible pixel value of the image and the noise introduced during
the image generation process.

MAX? >

MSE an

PSNR = 10log, (
where M AX; represents the maximum pixel value (typically 255
for 8-bit images) and M S E is the mean square error, which calcu-
lates the average squared differences between the generated and
real images. A higher PSNR indicates better image quality, im-
plying that the generated image is closer to the ground truth with
minimal distortion. However, while PSNR is a widely used metric
for its simplicity and computational efficiency, it has limitations
in assessing perceptual quality. Thus, PSNR focuses on pixel-level
differences and may not always align with how human observers
perceive the quality of stained tissue images.

3. Fréchet Inception Distance (FID): used to assess the quality and
diversity of generated stained images. It is obtained by comparing
their feature distributions with those of real images.

2
FID = = |+ (2, + 3, -2(2,%,) ") a2

where y, and u, are the mean feature vectors for real and gen-
erated images, and X, and X, are their covariance matrices. In
addition, T'r is the trace of a matrix, which is the sum of its diag-
onal elements. A lower FID score indicates better image quality,
meaning the generated images are more similar to the real ones.
Although effective in capturing overall image quality and diver-
sity, FID may not detect local artifacts that could affect diagnostic
accuracy.

4. Kappa Score (Cohen’s Kappa): A statistical measure used to assess
the agreement between two raters or models, adjusting for the
chance agreement. In our context of digital staining, it evaluates
how closely virtual staining results match real stained images.
The Kappa score is calculated as:

_ P, - P,

- 1
TR a3

where P, is the observed agreement (the proportion of matching
classifications) and P, is the expected agreement by chance. A
high Kappa score (close to 1) indicates strong agreement, while
a low score (close to 0) suggests poor agreement. Negative val-
ues indicate worse than chance agreement. Kappa is useful for
measuring the consistency of virtual staining methods with real
results. However, it can be sensitive to imbalanced data and is
limited to categorical data.

5. Learned Perceptual Image Patch Similarity (LPIPS): A metric used
to evaluate perceptual differences between images based on hu-
man visual perception [19]. It measures the similarity between
image patches by using deep learning to extract features from
pretrained neural networks. In most of the works reviewed here,
the network used for computing the LPIPS is VGG, AlexNet, or
SqueezeNet, pretrained on the ImageNet dataset. In some cases,
the model undergoes further linear calibration on the human
perceptual Berkeley-Adobe Perceptual Patch Similarity (BAPPS)
dataset [20].
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The LPIPS is better at capturing perceptual quality compared
to metrics based on pixel-wise differences. It is calculated by com-
paring the distance between the feature representations of image
patches:

LPIPS(x, ) = +- i |rico- s a4
i=1

where f;(x) and f;(y) are the feature representations of images x
and y at the i-th layer of the neural network, and N is the total
number of layers considered.

A lower LPIPS score indicates higher perceptual similarity be-
tween the images, meaning they appear more alike to human
observers. Similar to SSIM, LPIPS aligns with human perception.
On the other hand, it requires more computational resources than
simple pixel-based metrics, and it may not always detect small,
noticeable image distortions at a pixel level.

Although the common image similarity metrics mentioned here are
useful for assessing how closely generated stains resemble reference im-
ages, they do not always correlate with diagnostic performance. For this
reason, many studies complement image-based measures with down-
stream task evaluation, such as classification AUC for disease prediction
or subtype identification, and segmentation Dice scores for detecting
structures like nuclei, glands or lesions. This type of evaluation is es-
pecially important in stain normalization and augmentation, where
matched target stains are often unavailable and image-level metrics
alone provide limited insight into whether the modified stains improve
model performance. Some virtual staining and stain-to-stain transfor-
mation works also report downstream results to confirm that visual
similarity gains translate into meaningful diagnostic improvements.
Several studies further employ expert or pathologist assessment to cap-
ture clinical relevance, sometimes quantified using measures such as
SSIM for image similarity or Cohen’s kappa for agreement.

2.4. Stain normalization using DL

As mentioned earlier, stain normalization helps the models to gener-
alize to unseen data. This section presents works that employ DL models
to perform stain normalization.

For example, Ziaei et al. [21] presented a study comparing different
color normalization methods. They applied these techniques to a set of
images scanned with two different scanners. The effectiveness of each
method was then tested by comparing the normalized colors with the
original scans using the Commission Internationale de ’Eclairage (CIE)
color difference metric.

They tested the models on patch images of breast tissue scanned
using two different scanners. The study found that while other color
normalization methods showed promise, StyleGAN outperformed them.

Similarly, Salehi et al. [22] developed a Pix2Pix-based Stain-to-Stain
Translation (STST) for stain normalization. The authors pointed out that
most traditional normalization methods rely on a single reference image
and may distort tissue structures. To address this, they proposed STST,
a Pix2Pix-based model trained on paired grayscale and color-stained
patches, which learns the mapping directly without a reference image.

The method was tested on the MITOS-ATYPIA-14 dataset. The
STST approach outperformed traditional methods such as Reinhard and
Macenko.

In a related work, Zheng et al. [23] introduced the Stain
Standardization Capsule (SSC) for stain normalization. The SSC is
trained jointly with a CNN to minimize a combined loss function. This
includes a reconstruction loss that compares the reconstructed image to
the ground truth.

The study used publicly available datasets such as CAMELYON16,
ACDC-LungHP, and a gastric dataset. Experiments showed that SSC im-
proved classification accuracy and maintained computational efficiency
due to its lightweight design.
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In a similar work, Patil et al. [11] proposed a method to address
the challenges of color variations in H&E-stained histopathology im-
ages. The paper stated that normalization methods based on GANs
are often computationally expensive. Their technique is based on a
self-supervised, CNN-based model named ColorNormNet. The training
process involved generating synthetic source images by adding offsets
to the target images, which helps to avoid artifacts and improve speed.
Additionally, the ColorNormNet relies on DenseNet-based blocks with
few parameters. This makes it easier to integrate the model into deep
learning pipelines.

They used two datasets, CAMELYON17 and MoNuSeg. The results
showed that ColorNormNet improved classification and segmentation
tasks, outperforming previous methods in accuracy and processing time.

Similarly, Runz et al. [24] investigated using CycleGANs to address
variations in H&E-stained histological images. They used CycleGANs
to map images between domains while ensuring that reconstructed
images closely resemble the originals. The approach was tested on pub-
licly available datasets like the MITOS-ATYPIA-14 challenge and an
internal thyroid carcinoma dataset. Furthermore, a ResNet classifier
trained on the CAMELYON16 dataset was used to measure the effect
of normalization on classification tasks.

Experiments showed that normalization using CycleGAN improved
image similarity indices to over 0.9 and reduced FID scores by up to 96%.
Furthermore, when used in classification tasks, the normalized images
increased kappa scores by over 50% in some instances.

Similarly, Mao et al. [25] introduced a Single Generative Network
(SGNet) to improve stain normalization and the visual quality of
histopathology images. The SGNet framework uses a single encoder-
decoder architecture with three modules: pre-augmentation, max pool-
ing skip-connections, and a Positional Normalization Dynamic Moment
Shortcut (PONO-DMS). These components enhance color registration
and preserve structural information. The dataset comprises patches of
placental samples.

The results showed that SGNet outperformed existing methods such
as CycleGAN and SegCN-Net. In addition, it preserved tissue structures,
reduced artifacts, balanced stain colors, and improved segmentation
performance.

StainCUT, a method for stain normalization in histopathological im-
ages, was introduced in Pérez et al. [12]. The method eliminates the need
for paired datasets or reference images by using contrastive learning,
setting it apart from template-based methods.

Additionally, the model uses a modified U-Net with fewer parameters
for better memory efficiency and a two-step semi-supervised approach:
training with unpaired images and applying a patch-wise contrastive loss
to preserve content while learning domain-specific styles.

The dataset includes images from the MITOS-ATYPIA challenge [26].
The study also tested the model on a semantic segmentation task over
the CAMELYON16 dataset [27].

The results demonstrated that StainCUT outperformed classical
methods and StainGAN in terms of structural similarity and quality.
Importantly, normalization during training produced better segmenta-
tion accuracy compared to normalization during inference.

In a related study, Zhao et al. [13] developed RestainNet for stain
normalization in pathological images. The process started with de-
staining, where images were transformed into grayscale by extracting
the luminance channel from the Lab color space. This step removed
the color, but retained the structural details. Subsequently, re-staining
was done by applying two digital dyes, H&E, to replicate the original
stain.

The study tested RestainNet on the MITOS-ATYPIA-14 challenge,
the Zhao dataset, and the MICCAI'16 GlaS challenge dataset. Results
show that RestainNet preserved structural integrity and color accuracy
compared to other approaches. Additionally, it improved performance
in classification and segmentation tasks.
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Similarly, Nazki et al. [28] introduced MultiPathGAN, a framework
designed for stain normalization in histopathological images. This model
handles multi-domain challenges using a single generator-discriminator
network. Previous methods, such as StarGAN, are constrained to specific
domains and fail to preserve delicate anatomical structures effectively.
In contrast, MultiPathGAN employs an auxiliary feature extraction net-
work that uses perceptual loss to ensure that salient structural details
are retained during style translation. The auxiliary network provides
feature maps from a pre-trained ResNet, which helps the generator main-
tain structural integrity. Training involves mapping input images to
multiple domains using random target domain labels. Adversarial, re-
construction, and perceptual losses together ensure the model produces
structurally accurate outputs. During inference, the generator translates
input images into target domains.

The dataset comprises kidney cancer cases prepared into non-
overlapping patches. The experiments showed that MultiPathGAN out-
performs methods such as CycleGAN and StarGAN. Moreover, the model
was able to normalize unseen domains without retraining.

In a similar research, a technique for stain normalization in
histopathological images using a Score-based Diffusion model (SBD) was
proposed in [29]. The model was enhanced by stain separation and over-
lapped moving window patch strategies. The method first applies Sparse
Non-Negative Matrix Factorization (SNMF) to separate the hematoxylin
and eosin components before normalization. This step reduces the risk of
color mis-transfers, which can arise due to the generative diversity of the
SBD model. An overlapped moving window patch method is employed
to avoid grid artifacts common in patch-wise normalization approaches
to further improve performance.

The dataset used in the study included 82 Whole Slide Images (WSIs)
of the colon from Asan Medical Center collected between 2009 and
2019. External datasets like CAMELYON16 and PAIP2019 were used
for additional validation. The results indicated that the SBD outper-
formed traditional methods like Macenko, Vahadane, and GAN-based
approaches. The overlapping patch strategy also preserved high-quality
normalization at less computational cost.

Elsewhere, Hetz et al. [30] proposed a MultiStain-CycleGAN, an
approach based on CycleGAN for stain normalization across multiple do-
mains. This method was more efficient than the traditional CycleGAN,
which typically requires a separate model for each type of stain. The
normal CycleGAN architecture was modified by converting images to
grayscale to reduce input variation. This helped the model focus on color
normalization instead of dealing with full RGB images. Additionally, the
model used a color augmentation function to increase the diversity of
input data, which helped it generalize better to unseen staining types.

The datasets used in the experiments included CAMELYON17 and
SCC. The results showed that MultiStain-CycleGAN reduced domain shift
with lower FID values of 44.964 for CAMELYON17 and 19.240 for SCC.
It also achieved higher SSIM values of 0.947 for CAMELYON17 and
0.942 for SCC. Moreover, the downstream task of tumor classification
accuracy was high at 0.897 for CAMELYON17 and 0.874 for SCC.

In a recent work, Du et al. [31] proposed DSTGAN for stain normal-
ization. It builds on the Pix2Pix image-to-image framework and forms
training pairs by converting well-stained target domain RGB patches to
grayscale inputs while using the original RGB patches as targets. The
generator is a U-Net-like network with deep supervision. It is trained
with two discriminators that separately enforce realistic stain color and
preservation of tissue texture. After this supervised phase, the authors
introduce a two-stage semi-supervised scheme that also uses unpaired
source domain images. At inference, only the generator is used, and a
single pass converts any grayscale source patch into a normalized RGB
patch.

DSTGAN achieves state-of-the-art results on four datasets, and it out-
performs classical methods such as Macenko and Reinhard as well as
GAN-based approaches like StainGAN and CAGAN.
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2.5. Stain augmentation using DL

Stain augmentation uses DL models to generate synthetic images
from existing data, improving robustness and cross-domain generaliza-
tion.

Articles in this category include Wagner et al. [32], where
HistAuGAN, a GAN-based approach to color augmentation in
histopathological imaging, was presented.

HistAuGAN employs a multi-domain GAN architecture and improves
upon CycleGAN-based approaches by separating tissue structure from
stain color, matching color distributions while better preserving mor-
phology.

During training, separate encoders extract content and stain-specific
attributes, which are combined with domain information to generate
augmented images.

The CAMELYON17 dataset, consisting of 50 WSIs from five medical
centers, was used for evaluation. The results showed that HistAuGAN
outperformed traditional augmentations and normalization techniques
in tumor classification. In addition, it provided better generalization
across out-of-domain datasets and reduced variability in performance
metrics.

In a similar study, Vasiljevic et al. [33] proposed a technique to ad-
dress the challenge of domain shifts in histopathological image analysis
which is often caused by stain variability. They proposed an unsuper-
vised domain augmentation method using GANs. The method uses a
CycleGAN and StarGAN for stain-to-stain translation.

CycleGAN trains a dedicated model for each pair of stains, while
StarGAN uses a single unified model with domain labels to handle
multiple stains.

A U-Net segmentation model was trained on the augmented images
to evaluate the effectiveness of the stain translations. The model suc-
cessfully learned stain-invariant features, enabling it to generalize and
perform segmentation on previously unseen stain types. The evaluation
focused on glomeruli segmentation in kidney tissue samples.

Experimental results indicated that CycleGAN outperformed
StarGAN and other methods. Its use of separate models allowed for
better adaptation to individual stain characteristics. On the other hand,
the broader generalization of StarGAN sometimes came at the cost of
reduced precision.

2.6. Virtual staining using DL

Virtual staining converts label-free images into their stained coun-
terparts.

Studies in this area include those by Bayat et al. [34].

This paper introduces an end-to-end DL framework for virtual H&E
staining, tumor classification, and localization in non-stained prostate
biopsy images, combining a cGAN, a ResNet-18 classifier, and a weakly
supervised localization algorithm that avoids pixel-level annotations.

The dataset contained 95,605 image patches created from 46 WSIs
collected from 38 patients.

The classification model achieved an accuracy of 86.3% and a preci-
sion of 85.05%. In contrast, tumor localization reached a Dice Index of
65.07, which is slightly lower than a fully supervised U-Net.

In another study, Li et al. [35] introduced a virtual histology frame-
work to replace invasive skin biopsies. Their approach uses Reflectance
Confocal Microscopy (RCM), a non-invasive imaging technique that
captures detailed skin structures in grayscale. However, the grayscale
nature of RCM makes interpretation difficult for pathologists. To ad-
dress this, the authors developed a method that transforms RCM images
into H&E-like visuals which are more familiar in clinical practice.

The method used Pix2Pix GAN and acetic acid staining to label nu-
clei in extracted skin tissues to serve as ground truth images for training.
This method enabled an accurate mapping of unstained RCM images to
their histological equivalents. The dataset included 1085 training im-
ages, 137 validation images, and 199 testing images collected from 36
patients.
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The results showed that the model successfully generated
virtual histology images resembling traditional H&E-stained slides.
Furthermore, it achieved approximately 80% sensitivity and 70% preci-
sion in predicting nuclei positions and exhibited strong alignment with
ground-truth nuclear morphology metrics such as size and compactness.

In a related research, Kaza et al. [36] developed a framework for the
automated virtual staining, segmentation, and classification of White
Blood Cells (WBCs) in deep ultraviolet (UV) microscopy images.

The pipeline comprises three interconnected tasks: virtual staining
with a cGAN, segmentation with a U-Net-like CNN, and five-class WBC
classification with a fine-tuned ResNet-18.

The dataset consisted of single-channel UV microscopy images with
approximately 400 WBCs.

The authors reported an overall classification accuracy of 93%, based
on five donors’ test data. Additionally, experiments showed that the
virtually stained images resembled the ground truth closely.

Using a similar architecture on a larger dataset of blood smear im-
ages from 23 individuals, Kaza et al. [37] reported virtually stained
images with an average SSIM of 0.91 and strong downstream perfor-
mance (Dice scores of 0.9899/0.9718 for cellular/nuclear masks and
94% classification accuracy).

Additionally, Zhang et al. [38] developed a technique for virtual
staining of autofluorescence images of tissue samples. The technique
employs a cascaded network architecture.

A virtual autofocusing network (Deep-R) first refocused defocused
images, which were then fed into a GAN-based virtual staining net-
work. Both models were trained jointly with a style loss so that Deep-R
produced features well-suited for the staining model.

The dataset consisted of 5832 fields of view from human lung tissue,
each with 512 x 512 pixels. A high-resolution objective lens was used to
acquire both in-focus and defocused images for training and validation.
Additionally, the dataset is composed of paired histochemically stained
images for benchmarking.

Experiments revealed that the new framework produced results com-
parable to traditional methods. Moreover, it decreased image acquisition
time by about 32% and autofocusing time by 89%.

Elsewhere, Soltani et al. [39] employed two methods for identifying
prostate cancer. These methods are: optical staining through Principal
Component Analysis (PCA) and virtual H&E staining using a CycleGAN-
based deep learning model called UTOM.

Optical staining generates unique contrast maps that highlight criti-
cal tissue components such as nuclei, stroma, and glands. This provides
nanoscale insights into the tissue alteration methods and aids in under-
standing tumor aggressiveness. On the other hand, virtual H&E staining
transforms UV images into diagnostic-quality H&E-equivalent images
without chemical reagents or lengthy staining. Together, these meth-
ods improve efficiency and tissue preservation compared to traditional
histopathology.

The data included multispectral imaging data from 15 prostate can-
cer patients. The authors conducted several experiments. As validated
by a panel of pathologists, the virtual H&E images closely matched tra-
ditional H&E-stained images in quality and diagnostic utility. Moreover,
the virtual images accurately captured critical diagnostic features such
as gland structure and achieved comparable or improved accuracy for
Gleason grading.

Similarly, Boktor et al. [40] introduced a method for virtual histo-
logical staining using Total Absorption Photoacoustic Remote Sensing
(TA-PARS) and Pix2Pix. To prepare the dataset, unstained TA-PARS im-
ages were co-registered with their chemically stained H&E counterparts
using image registration tools in MATLAB. This alignment ensured accu-
rate pixel-level mapping between input and target images for training.
The approach allowed the model to generate virtual stains resembling
standard histological images.

The dataset included 15,000 training patches and 6000 valida-
tion patches. They were derived from formalin-fixed paraffin-embedded
human skin tissue sections. The findings showed agreement between
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virtual and chemically stained images, with an average SSIM of 0.91
and an RMSE of 14.28. In addition, independent evaluations by four
dermatopathologists confirmed the quality of virtual stains.

In another study, Martell et al. [41] presented a method for vir-
tual histology using ultraviolet photoacoustic remote sensing (UV-
PARS) microscopy combined with CycleGAN. The UV-PARS provided
hematoxylin-like contrast for nuclear imaging. In contrast, ultraviolet
scattering microscopy created eosin-like contrast for cytoplasm and ex-
tracellular matrix visualization. Together, these channels served as input
to the CycleGAN. The GAN then uses a forward and reverse training
process to transform unpaired UV-PARS data into virtual H&E-stained
histology. The CycleGAN framework preserves tissue morphology using
a cycle-consistency loss and improves color accuracy through an addi-
tional identity loss. The method enabled fast acquisition of virtual H&E
images within seven minutes per square centimetre without requiring
tissue staining or extensive preparation.

The dataset included 16,000 breast tissue images and 20,000 prostate
tissue images, all cropped to 256 x 256 pixels for training. Experiments
showed that the virtual H&E images closely matched the quality
of brightfield-stained histology with a Median Multi-scale Structural
Similarity Index (MS-SSIM) of 0.76 and Peak Signal-to-Noise Ratio
(PSNR) of 21.6 dB. In addition, pathologists rated the virtual stains as
comparable to or superior to frozen sections.

In another study, Tomczak et al. [42] designed a virtual staining
technique for White Blood Cells (WBCs) using a disentangled GAN with
confidence estimation. The model separated style and structural fea-
tures into distinct latent representations through specialized modules
for style, background, and WBC structure. Traditional GANs often re-
quire paired images, but this approach uses pseudo-segmentation masks
and random latent codes to map unstained images to their stained coun-
terparts. They estimated confidence by corrupting latent representations
with noise and measuring mutual information across multiple generated
samples, enabling low-quality virtual stains to be discarded.

The dataset comprises WBC images from 24 healthy donors. These
were acquired using Differential Interference Contrast (DIC) microscopy
for unstained images and brightfield microscopy for chemically stained
ground truth. The proposed method performed similarly to paired-
data models like Pix2PixHD [43] regarding structural preservation and
offered greater flexibility in unpaired setups. It outperformed base-
line models, including CycleGAN and StarGANv2 [44], in preserving
clinically relevant structural details.

In a related work, Abraham et al. [45] proposed a method for
virtual staining of quantitative Oblique Back-illumination Microscopy
(qOBM) images to H&E-stained images. Traditional histology relies on
time-consuming processes, whereas qOBM provides real-time, label-free
imaging of thick tissues without complex preparation. Moreover, it com-
bines simple LED illumination with high-resolution imaging to capture
subcellular details, making it suitable for rapid intraoperative and di-
agnostic applications. The authors employed the CycleGAN model to
bridge the gap between the grayscale qOBM phase-contrast images and
the familiar appearance of H&E-stained histology.

The researchers used datasets including 2358 qOBM and 1737 H&E
tiles from mouse liver, rat gliosarcoma, and human glioma specimens.

To evaluate the method, experiments compared the virtual H&E im-
ages to traditional H&E. Furthermore, the diagnostic relevance of the
produced H&E images was tested with classifiers and neuropatholo-
gist reviews. The results confirmed the ability of the model to preserve
histological detail and differentiate between healthy and tumor tissues.

MulHiST claims to be the first model designed to generate multiple
histological stain images from thick tissue samples [46]. It eliminates
the need for extensive preparation and avoids issues with traditional
methods that require thin sections. Additionally, it uses light-sheet mi-
croscopy images as input to produce stained outputs for H&E, PAS,
and MT. It is built on a GAN architecture with an AdaIN layer in
the decoder to improve style transfer while preserving content. During
training, the model processes shuffled multi-domain datasets to learn
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domain-invariant features and uses reconstruction loss to maintain the
content across styles. For inference, it only requires light-sheet images
to generate stained outputs in different styles. This approach eliminates
the need for paired images and makes it more practical for thick tissue
applications.

The dataset comprised six thick tissue slabs scanned into high-
resolution images of 15,000 x 15,000 pixels. The experiments demon-
strated that MulHiST produced clear and accurate histological features,
such as PAS-positive and PAS-negative regions. The results were evalu-
ated using FID and KID scores, and the MulHiST outperformed baseline
models like CycleGAN and StarGAN in quality and accuracy.

Similarly, Min et al. [47] propose a study on wide-field Diffraction
Phase Microscopy (DPM) for multi-contrast digital histopathology of
mouse organs. The method combines Quantitative Phase Imaging (QPI)
and deep learning for virtual staining. The researchers applied DPM to
capture detailed phase delay maps of ten major mouse organs without
using traditional staining methods. Subsequently, they used a GAN-
based model to transform these maps into H&E-equivalent images.
Training involved a mix of pre-training with mean absolute error loss
and adversarial learning with a PatchGAN discriminator. This approach
allowed for effective feature matching and image reconstruction. During
the inference stage, QPI images are divided into overlapping patches
and processed through the trained model. They are then stitched into
virtually stained whole-slide images.

The dataset comprised tissue sections from ten organs, which were
augmented to include 50,000 training and 10,000 validation patches
per organ, with 256 x 256 pixel patch sizes. Results demonstrated that
virtual staining achieved a high SSIM with H&E-stained images.

Furthermore, Khan et al. [48] evaluated the impact of different neu-
ral network architectures on virtual H&E staining using the Pix2Pix
model. Three variants of the Pix2Pix model were tested. First is the base-
line model, which uses a single convolutional layer in the encoder and
decoder. The second is a double convolution variant, which adds an ex-
tra convolutional layer in each block. Finally, the third version employs a
dense convolution inspired by DenseU-Net to enhance network capacity
and improve the reconstruction of fine image details. Each variant was
trained using paired datasets of unstained and chemically H&E-stained
tissue sections.

The study utilized 81 WSIs of prostate tissue for training and evalu-
ation. Results showed that the dense convolution variant outperformed
the other two models, achieving the highest PSNR (22.865), SSIM
(0.746), and Pearson correlation coefficient (0.916).

Furthermore, Martell et al. [49] proposed a method that employs
Ultraviolet Photoacoustic Remote Sensing (UV-PARS) and Scattering
Microscopy to generate a realistic virtual histology without chemical
staining. UV-PARS detects DNA absorption, while UV scattering provides
optical contrast that mimics H&E staining. These pseudo-colored images
were then processed using CycleGAN to create more realistic, virtually
stained H&E images. The approach was tested on human and murine
tissues.

Experiments reveal that virtual histology achieved high diagnostic
accuracy, with a sensitivity of 89%, specificity of 91%, and overall
precision of 90% in a pathologist concordance study. Furthermore,
pathologists preferred the CycleGAN-enhanced virtual stains over frozen
section images for their detail and quality.

In a similar study, Wang et al. [50] introduced UBMSVStain, a
method for virtual staining of unpaired bone marrow smears using a
Content and Attention-Guided Staining (CAGS) module. The authors
state that traditional CycleGAN frameworks can perform unpaired image
translation, but face challenges in preserving structural details in differ-
ent image regions. To address this, they designed the CAGS module to
improve feature fusion after skip connections. The CAGS module com-
bined the Content-Guided Staining (CGS) and Attention-Guided Staining
(AGS) blocks. The CGS block refined low-level details, while the AGS
block highlighted important areas of stain transfer. This combination
ensured both fine-detailed structures and global style consistency. These
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improvements made the framework highly effective for complex bone
marrow textures.

The dataset consisted of 49 WSIs from Henan Provincial People’s
Hospital. It included 14 unstained and 33 Wright & Giemsa (W&G)-
stained images. The results showed that adding the CAGS module
to CycleGAN improved stain accuracy and structural preservation.
In addition, blind evaluations by hematologists also confirmed that
virtually stained images matched the quality of chemically stained
ones.

A technique for virtual H&E staining of unstained tissue sections us-
ing both CycleGAN and Pix2Pix was proposed by Koivukoski et al. [51].
CycleGAN was used to map unstained tissue images to virtually stained
H&E images without requiring paired data. However, to enhance the
histological accuracy, the study also used the Pix2Pix model, which re-
quired paired images. These paired data were created through image
registration by imaging the same tissue sections before and after chem-
ical H&E staining. Moreover, the researchers tested tissue thicknesses
(3-20 pm) and found that thinner sections (3-5 um) produced better
virtual staining accuracy compared to thicker ones.

The dataset consisted of histological images of tissues from wild-type
FVB/N mice, including prostate, liver, kidney, and testis tissues. Findings
showed that CycleGAN achieved good virtual staining but had limita-
tions in finer histological details. On the other hand, Pix2Pix improved
the representation of tissue morphology and the accuracy of cellular
features.

In a related research, Salido et al. [52] evaluated three models:
Pix2Pix, CycleGAN, and CUT [53] for creating digital H&E stained im-
ages from label-free breast tissue samples. The image pairs for Pix2Pix
were obtained through computational alignment with affine transfor-
mations. The datasets comprised 1424 pairs of 1024x1024 images and
5294 pairs of 512x512 images.

CycleGAN performed best, achieving an SSIM score of 0.95 and a
chromatic discrepancy of around 10%. Moreover, CycleGAN’s ability to
maintain content while adapting to the style made it the most effective
model. Additionally, experts reviewed the results and found that the
digitally stained images were suitable for diagnostic purposes.

Elsewhere, Fang et al. [54] introduced a GAN-based virtual peri-
toneal lavage cytology using Single-color Stimulated Raman Scattering
(SRS) microscopy. Single-color SRS microscopy produces grayscale
chemical images of tissues or materials by amplifying specific molecular
vibrations with a single modulated laser, enabling label-free, high-
contrast visualization. They developed a model called CellGAN based
on CycleGAN. The model can virtually stain SRS images to mimic H&E
cytology. SRS microscopy was chosen because it provides chemical con-
trast at the subcellular level without requiring dyes. However, its raw
contrast does not match the familiar stained appearance in pathology,
making virtual staining necessary for diagnostic accessibility. Instead of
paired image datasets, which are difficult to obtain due to cell shifts and
loss, CellGAN was trained on unpaired images. Additionally, to improve
accuracy, a structural similarity loss function was introduced to ensure
proper nucleocytoplasmic staining.

The dataset included 7319 exfoliated cells from 32 ascites specimens.
The model achieved a 93.8% accuracy in virtual cytology diagnosis. It
also demonstrated strong agreement with conventional staining meth-
ods, as shown by a Cohen’s kappa of 0.782. Furthermore, the study
was evaluated for single-cell analysis using deep learning models. The
cell detection model achieved a mean average precision of 0.924, while
the classification model reached an area under the receiver operating
characteristic curve of 0.906.

Similarly, Koka et al. [55] compared deep learning-based virtual H&E
staining (VHE) with traditional chemical H&E staining (cHE) for diagnos-
ing lymphomas. The researchers explored a machine learning model that
converts autofluorescence images of unstained slides into diagnostic-
quality H&E-stained images. The dataset included 40 cases of nodal
lymphoma, lymphoproliferative disorders, and reactive lymph nodes.
Three board-certified pathologists from different institutions evaluated
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each case twice, once using cHE and once using vHE, with a two-week
gap to reduce bias.

From the experiments they conducted, they found that vHE per-
formed similarly to cHE in most diagnostic assessments. The stain
quality pass rate was higher for vHE (92%) compared to cHE (79%).
Furthermore, the binary diagnostic concordance between the two meth-
ods was nearly identical, with VHE achieving 90% and cHE reaching
92%. The study also found that VHE effectively assessed architec-
tural features, necrosis, and sclerosis, showing a level of agreement
comparable to traditional staining methods.

In a related work, Wang et al. [56] developed a virtual staining sys-
tem to improve prostate cancer diagnosis. The paper focused on Gleason
grading, a method that evaluates tumor severity by analyzing cellu-
lar patterns and structural organization. To achieve this, they used a
custom-built hyperspectral fluorescence microscope to scan unstained
prostate tissue and capture autofluorescence images. These images were
then processed by a GAN model to generate virtual H&E and Prostatic
Intraepithelial Neoplasia-4 (PIN-4) stains. The model was based on an
enhanced Pix2Pix framework, which used conditional and unconditional
GAN losses. This improvement helped produce more realistic virtual
stains. In addition, the model implemented a shift-invariant loss function
to correct minor misalignments between autofluorescence and bright-
field images. To obtain image pairs for training, the same tissue section
was scanned before and after staining. These images were then aligned
through a co-registration process to ensure accurate learning.

The dataset included 799 slides from 796 cases, with 557
autofluorescence-H&E pairs and 602 autofluorescence-PIN-4 pairs. The
results showed that the virtual staining system closely resembled real
stains. In addition, an Al-based Gleason grading model, validated on
real H&E images, achieved a high agreement between real and virtual
stained images. The quadratic-weighted kappa score was 0.902, while
accuracy reached 86.2%. For PIN-4, computational metrics confirmed
that virtual images preserved key biological features. However, human
pathologist assessments showed that intraductal carcinoma detections
on virtual stains were slightly less consistent than on real stains.

Similarly, a technique for virtual H&E staining for glioma tissue
from hyperspectral imaging was presented in [57]. The research used
the Pix2Pix GAN. Additionally, within the Pix2Pix, a U-Net generator
was employed because of its ability to retain both deep and shallow
features, which improved image reconstruction. Moreover, the discrim-
inator used was PatchGAN, which focuses on local regions instead of the
entire image.

Since Pix2Pix relied on paired images, each hyperspectral image
needed to be precisely aligned with its corresponding H&E-stained im-
age. To achieve this, the study first identified a hyperspectral image with
the highest contrast at 570 nm, making it features between the two im-
ages easier. Key points in both the hyperspectral and H&E images were
then selected as reference markers. Using these reference points, a trans-
formation process was applied to adjust for any shifts or rotations. This
ensured that every detail of the hyperspectral image matched perfectly
with the corresponding H&E image to create an accurate training pair
for the model. The dataset included 10 glioma tissue sections, producing
627 registered image pairs.

The model achieved an SSIM of 0.7731 and a PSNR of 23.3. In
addition, the U-Net-based generator outperformed other architectures.
Moreover, the model reconstructed whole-slide images at a speed of
3.81 mm?/s, making it suitable for real-time applications.

In a similar study, Yoon et al. [58] developed an auto-
mated virtual staining, segmentation, and classification in label-
free Photoacoustic Histology (PAH) of human liver specimens. First,
Explainable Contrastive Unpaired Translation (E-CUT) was developed
as a deep learning model that transforms grayscale PAH images into vir-
tually stained H&E images while maintaining morphological integrity.
Compared to models like CycleGAN, E-CUT uses saliency loss and
gradients to enhance structure preservation and explainability. The sec-
ond step involves a U-Net-based segmentation model, which extracts
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histological features such as cell area, cell count, and nuclear distance
from the virtually stained images.

In the final step, a Stepwise Feature Fusion (StepFF) classification
model combines deep feature vectors from PAH, virtual H&E (VHE),
and segmentation outputs to improve classification accuracy.

The study relied on PAH images obtained from formalin-fixed
paraffin-embedded human liver tissues. When evaluated, the framework
achieved a classification accuracy of 98.0% using StepFF, outperform-
ing conventional PAH classification, which reached 94.80%. Sensitivity
was measured at 100%, showing its potential for real-world clini-
cal applications. The E-CUT model also delivered the lowest FID and
Kernel Inception Distance (KID) values, confirming good virtual staining
quality.

In addition, Asaf et al. [59] proposed a GAN model for producing
H&E-stained images. The DCLGAN framework builds upon CycleGAN
and Contrastive Unpaired Translation (CUT) [53] by using dual learning,
which enhances mutual information maximization between input and
output images. Compared to CycleGAN, which depends on cycle consis-
tency, DCLGAN adopts contrastive learning. This type of learning was
initially introduced in CUT to learn domain-specific features effectively.
The architecture consists of two generators and two discriminators
for bi-directional image translation while maintaining domain-specific
embeddings.

Training used adversarial, identity, and patch-wise contrastive (NCE)
losses to preserve key image features.

Paired image data were necessary to train the model effectively, as
it ensures the network learns from actual tissue correspondences rather
than unstructured variations.

The dataset used for training included 56 pairs of unstained and
H&E-stained skin tissue slides, further expanded into 92 tissue pairs and
processed into 13,824 usable image patches.

The experiments showed that the FID between virtual and real
H&E stains was 80.47. This value was much lower than the FID for
unstained and virtual images (342.01) or unstained and H&E-stained
images (320.4). A lower FID suggests greater similarity, indicating that
virtual stains closely match actual stains.

Additionally, the Kernel Inception Distance (KID) results support this
conclusion. The mean KID for virtual and H&E stains was 0.022. In con-
trast, the KID for unstained and H&E stains was 0.28, and for unstained
and virtual stains it was 0.31.

In addition to quantitative metrics, dermatopathologists assessed the
quality of the virtual stains. For side-by-side comparisons with real H&E-
stained images, they reported an average agreement of 78.8% across key
visual and diagnostic features. When evaluating virtual stains on their
own, without seeing the real stained counterpart, they judged 90.2% of
these images to be of sufficient quality for diagnostic purposes.

In another study, Fan et al. [60] developed a CycleGAN-based model
for generating bright-field H&E stained images using unpaired Mueller
Matrix (MM) polarization images. The model eliminates the need for
pixel-level registration between the polarization and bright-field im-
ages, which is typically required in paired virtual staining techniques. To
prepare the data, dimensionality reduction was applied to the MM polar-
ization images through Principal Component Analysis (PCA), reducing
the 16-channel data to three dimensions. This step was essential because
bright-field images have only three channels, ensuring compatibility
between the two image domains.

Additionally, stain normalization was performed on the bright-field
images to address variations in staining intensity and hue. Finally, im-
age registration was performed on a small subset of paired images to
evaluate the model’s performance, although the model was trained with
unpaired data.

The dataset consisted of 9 human intestinal tissue slices, each yield-
ing multiple regions for both MM and bright-field imaging. These images
were augmented by cropping into 256x256 pixel patches, resulting in
13,500 MM polarization images and 13,500 bright-field images. The
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results showed that the model, especially when enhanced with skip-
connection structures and SSIM loss functions, was able to produce
high-quality images, achieving an SSIM of 0.71 and a PSNR of 31.24.

Elsewhere, Chen et al. [61] proposed an approach for diagnosing
Lung Adenocarcinoma (LUAD) by using virtual H&E staining on label-
free autofluorescence images. The proposed method employs a weakly
supervised U-Frame learning framework for the virtual staining task
and the CLAM-SB model for tumor classification. The U-Frame model
is designed for complex image restoration and style transformation,
which distinguishes it from models like Pix2Pix and CycleGAN. Its ar-
chitecture consists of two generators and two discriminators built on
CNNs. The two generators embed images into a shared latent space be-
fore transforming them into images of different domains. Through this
process, autofluorescence images are converted into virtually stained
H&E images. In the subsequent tumor diagnosis step, the CLAM-SB
model classifies (binary) LUAD using virtually H&E-stained images.

The model was evaluated on a dataset that included 785 H&E-stained
whole-slide images (WSIs) from The Cancer Genome Atlas (TCGA) LUAD
dataset. The results show the CLAM-SB model achieving an average AUC
of 0.973 on virtual H&E-stained WSIs. This closely matches the 0.977
AUC obtained from standard H&E-stained WSIs. The autofluorescence
diagnosis model also achieved an average AUC of 0.930, showcasing the
potential for direct diagnosis from autofluorescence images. Moreover,
the attention heatmaps produced by the CLAM-SB model helped locate
tumor regions in both virtual and ground-truth H&E-stained images, and
they closely align with pathologist annotations.

In a related work, a Multi-channel CycleGAN (MC-GAN) for vir-
tual histological staining of Photon Absorption Remote Sensing (PARS)
images to H&E was developed by Boktor et al. [62]. This approach en-
hances the colorization of tissue structures by using input data from
radiative signals, non-radiative signals, and extracted features. These
signals are obtained through a modified K-means clustering method,
which allows for intelligent extraction of multi-modal information from
the time-domain signals. The extracted features enable the network
to better distinguish between different tissue types, which is required
for accurate staining. Compared to traditional CycleGANs that rely
on fewer input channels, the MC-GAN handles multiple feature chan-
nels, thus increasing its ability to understand complex tissue structures.
Furthermore, while image pairs are not strictly required for CycleGAN
training, they used registered image pairs to improve performance and
reduce artifacts such as hallucinations.

The dataset used in the study includes thin sections of Formalin-Fixed
Paraffin-Embedded (FFPE) human skin and mouse brain tissues. The
dataset for human skin includes approximately 500 overlapping patches,
while the mouse brain dataset comprises around 2000 patches, all ex-
tracted from the PARS and H&E images. The best feature combination
for the human skin dataset produced an SSIM of 0.89, PSNR of 22.92,
RMSE of 18.22, and an LPIPS of 0.15. Similarly, the optimal results for
the mouse brain dataset showed an SSIM of 0.85, a PSNR of 22.38, and
an RMSE of 19.21.

Similarly, Li et al. [63] developed a model to generate virtual his-
tological staining from OCT images of human coronary arteries called
SCPAT-GAN. Compared to previous methods, SCPAT-GAN does not
require pixel-wise paired training data. In addition, it employs a con-
volutional transformer architecture with structural constraining and
pathological awareness modules to ensure accurate representation of
both normal and pathological features. Moreover, the approach avoids
the need for extensive manual annotation.

The model was trained on 194 OCT images from 23 patients, with
4297 patches used for training. SCPAT-GAN outperformed previous
methods, achieving better quality virtual stained images. The model
achieved an FID score of 175.7 and a PHV score of 57.35, outperform-
ing Coronary-GAN and CycleGAN in normal and pathological datasets.
Additionally, pathologists found SCPAT-GAN-generated images to be
very similar to real ones.
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In a related study, the impact of ground truth cell label deriva-
tion on deep learning models for immunophenotyping was investigated
[64]. The focus was on virtual staining of CD3+ T-cells in lung can-
cer tissues from H&E images. The paper compared two Pix2Pix models:
one trained using cell labels from the same tissue section as the H&E-
stained section (the “same-section” model) and another using labels
from an adjacent section (the “serial-section” model). The motivation
was to address potential inaccuracies caused by section misalignment
in conventional training approaches. The same-section method enabled
precise cell mapping by reducing distortions introduced during sample
preparation.

To evaluate these models, the researchers trained them on a 57 lung
carcinoma tissue sample dataset. The results showed that the same-
section model outperformed the serial-section model across multiple
evaluation metrics, achieving a Pearson correlation of 0.967 versus
0.648 in predicting CD3+ cell counts (p < 0.005). Similarly, the ac-
curacy was higher at 98.2% for the same-section model compared to
96.3% for the serial-section model.

Similarly, Yang et al. [65] developed a cGAN model that trans-
forms autofluorescence images into virtual brightfield images and
birefringence-stained images. Although a standard cGAN does not in-
herently require paired images, their method uses a modified cGAN in
which a dedicated registration step is applied to create pixel-aligned aut-
ofluorescence and target image pairs. This transforms the problem into
a supervised paired image-to-image task. In this setting, the cGAN be-
comes preferable to CycleGAN, since CycleGAN operates on unpaired
data and relies only on cycle-consistency, which cannot ensure the level
of structural correspondence needed for accurate stain synthesis.

The model consisted of three main components: a generator for
image transformation, a discriminator for refinement, and an image reg-
istration module to correct spatial misalignments. The image registration
process had two distinct phases. The first was a preprocessing step, in
which brightfield and birefringence images were aligned with autofluo-
rescence images using global registration techniques and elastic image
transformation. The second was a training-integrated registration mod-
ule, which learned residual misalignments during training to ensure
better pixel-wise correspondence between the input autofluorescence
images and their virtually stained outputs.

The dataset used for training and validation included 451 cardiac
tissue samples from eight patients. The model achieved an MAE of 0.22
and an FID of 0.0066. Pathologist evaluations also showed that for bire-
fringence image quality (M6), there was 91% agreement between the
virtually stained and manually stained images.

In a recent work, Xu et al. [66] proposed a unified framework for dig-
ital H&E staining of dark-field images that works for both unpaired data
and paired-but-misaligned data. It uses a teacher-student setup, where
the student is a CycleGAN-style generator trained with a Least Squares
GAN (LSGAN) objective. The teacher pipeline first enhances the image
and then colorizes it with a U-Net. With this design, the student learns
to mimic the teacher via knowledge distillation and is further guided
by adversarial and cycle-consistency losses. For misaligned pairs, the
framework adds a Learning-to-Align registration network that produces
smooth deformations so that the images line up better.

As a result, the method outperforms several image-to-image and
virtual-staining baselines in quality metrics and maintains downstream
classification accuracy within about 1-2% of real stained images.

In a related study, Li et al. [67] performed virtual staining by
transforming label-free autofluorescence images into bright-field H&E,
Masson’s Trichrome, and EVG stains for lung and heart transplant biop-
sies. They used a structurally conditioned GAN with a U-Net generator,
trained on precisely registered autofluorescence-histochemical pairs,
and uniquely created multiple perfectly aligned stains from a single tis-
sue section. The dataset includes 5958 paired patches from 36 patients.
Pathologists judged the virtual stains to closely match real histochemi-
cal stains, producing diagnostic concordance rate of 82.4% for lung and
91.7% for heart.
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Furthermore, Zhang et al. [68] developed a method that converts
low-resolution autofluorescence images of label-free lung and heart tis-
sue into higher-resolution bright field H&E images in a single step. The
method uses an image conditional Brownian Bridge diffusion model,
where a shallow CNN upsamples the input and an attention U-Net de-
noiser learns the reverse diffusion process toward the target histology.
The Brownian Bridge is conditioned on both the autofluorescence input
and the histology endpoint, which tightens the mapping between do-
mains and enables joint virtual staining and two to five times pixel super
resolution. Trained on 1051 lung and 163 heart autofluorescence H&E
pairs and tested on 180 lung and 155 heart patches, the Brownian Bridge
diffusion model outperforms cGAN and Denoising Diffusion Probabilistic
Models (DDPM) and better preserves small structures such as anthracotic
pigment.

Similarly, Liu et al. [69] introduced Cytoland, a virtual staining
framework that converts label-free three-dimensional quantitative phase
images into synthetic fluorescence images of nuclei, cell membranes,
and in some cases an infection reporter channel. Cytoland uses a
UNeXt2-based architecture trained first with self-supervised masked
autoencoding on large phase datasets and then with supervised learn-
ing on paired phase and fluorescence images. The training employs
physics-inspired augmentations that replicate different microscopes and
imaging conditions, which improve robustness. The authors trained vari-
ants of Cytoland on datasets that include human cell lines, induced
pluripotent stem cell-derived neurons, virus-infected cells, and zebrafish
neuromasts. Across tasks, they show high correlation with real fluores-
cence and segmentation performance that matches or exceeds models
trained directly on fluorescence images. They also outperform simplified
versions of the architecture. However, the method was not compared
systematically to other virtual staining approaches.

Additionally, Park et al. [70] introduced a virtual staining pipeline
that converts label-free 3D refractive index volumes from holotomogra-
phy into 3D virtual H&E images of thick colon and gastric cancer tissues.
Holotomography is first used to image unlabeled paraffin sections, re-
constructing high-resolution refractive index maps of colon or gastric
cancer slides from multiple intensity measurements. The resulting ax-
ial slices form the direct input to the deep learning model. The model
used is a supervised cGAN whose generator is a 3D architecture search-
based model tailored to medical volumes, so it can map refractive index
stacks to brightfield H&E while preserving fine glandular and nuclear
structures. Paired data were obtained by acquiring holotomography re-
fractive index and single-channel brightfield images, registering them to
whole slide H&E, and cropping them into thousands of patch pairs. In ex-
periments, the trained model produced virtual H&E volumes that closely
match chemical H&E in nucleus counts, areas, and anatomy. Compared
with U-Net, Diffusion, and Pix2Pix baselines, the proposed cGAN attains
similar or slightly lower performance, but it preserves glands, stroma,
and nuclei better.

2.7. Stain transformation using DL

This section outlines studies that employ DL to transform one stain
type to another. These articles include Mercan et al. [71]. In the article,
a method to improve mitosis detection in breast cancer tissue images
was developed. Mitosis detection is a strong prognostic indicator used
in cancer classification. However, inter-observer variability and artifacts
created by H&E stains often limit the process.

In contrast to H&E stains, Phospho Histone-H3 (PHH3) stained im-
ages are more reliable for mitosis detection. However, generating PHH3
stains from H&E requires a complex double staining process. To ad-
dress this challenge, the authors employed GANs to generate synthetic
histopathology images that transform H&E-stained tissue images into
PHH3-stained images and vice versa.

The methodology presented involves using cGAN and CycleGAN to
map images between the H&E and PHH3 stains. These synthetic images
are then used to train CNNs for automatic mitosis detection. The dataset
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used for the study consists of 18 WSIs from patients with triple-negative
breast cancer.

The authors show that their approach of using synthetic H&E images
performed similarly to or even better than models trained on real H&E
images. Additionally, a second method using features extracted from
the deep layers of the GANs produced even better performance than the
baseline model that used real images.

In another work, Burlingame et al. [72] proposed a method
called SHIFT. The technique simplifies and speeds up cancer di-
agnosis by converting H&E-stained histological images into virtual
Immunofluorescence (IF) images. The SHIFT model uses cGANSs to infer
molecular marker distributions.

They developed a unique protocol to spatially register H&E and IF
images from the same tissue section to train and test the SHIFT model.
They worked with a small dataset comprising samples from four pan-
creatic cancer patients. To improve generalization across heterogeneous
samples, a Variational Autoencoder (VAE) was used to extract compact
feature representations from image tiles to guide the selection of rep-
resentative training samples. This approach allowed them to optimize
model performance despite the limited dataset.

The results show that SHIFT could generate virtual IF images com-
parable to real IF images. Furthermore, when trained on optimal sample
combinations identified using the VAE, the model achieved higher SSIM
scores than less representative samples. Additionally, the SHIFT model
outperformed a competing supervised deep learning method called
Label-Free Determination (LFD).

In a similar research, Wang et al. [73] presented an approach to en-
hance the application of Fourier Ptychographic Microscopy (FPM) for
digital pathology. FPM is known for generating high-resolution and wide
Field-Of-View (FOV) images without mechanical scanning. However,
challenges like coherent artifacts and color accuracy prevent its broader
application. The authors proposed an unsupervised deep learning frame-
work to address these issues. The method takes an FPM monochromatic
reconstruction image and virtually stains it. Not only does the process
stain the images, but it also enhances image quality, reduces artifacts,
and shortens acquisition time.

The study employed a CycleGAN with a multiscale structural similar-
ity loss function to perform image-to-image translation. The technique
bypasses the need for paired training data, which is often challenging
to acquire. It uses two unpaired image sets: monochromatic FPM re-
constructions and high-resolution images from standard microscopes.
During training, the network reduces coherent artifacts and enhances
image quality.

The dataset consists of 1500 high-resolution images for each staining
type (immunohistochemistry brown, red, and H&E) and 1000 fluores-
cence images.

Experimental results showed that the network achieved higher SSIM
compared to conventional FPM outputs. Furthermore, the approach re-
duces acquisition time by 67%, making it more practical for clinical
settings.

Elsewhere, Levy et al. [74] explored the use of unsupervised vir-
tual trichrome staining technologies for liver biopsy analysis in patients
with Non-Alcoholic Steatohepatitis (NASH). They stated that traditional
methods of physical staining, H&E to trichrome for evaluating disease
severity, are resource-intensive. Thus, the research implemented a com-
putational approach using a CycleGAN model to transform H&E-stained
images into trichrome-stained representations. The model was chosen
for its ability to handle unpaired image translations.

The dataset comprises 574 WSIs from 273 patients with biopsy-
proven NASH. These images were collected over 12 years from
Dartmouth Hitchcock Medical Center and supplemented with clinical
and demographic data.

The results showed a high correlation between pathologists’ evalu-
ations of real and virtual stains. Additionally, the virtual staining was
validated through Turing tests, and it produced comparable clinical
biomarker correlations and disease progression predictions.
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In another study, Picon et al. [75] proposed a method for virtually
staining reconstructed autofluorescence images to resemble H&E mi-
croscopy images. The authors stated that the technique would aid optical
biopsy in clinical applications and enable in vivo biopsy. They developed
a framework using a Siamese network architecture. The method avoided
using GANs due to their tendency to produce visually appealing but less
accurate images.

Rather, they used a fully convolutional DenseNet architecture with
additional regularization to ensure pixel and feature levels similarity.
This approach addressed perceptual distortion issues often encountered
with GANs.

The researchers used two datasets, i.e., an extensive H&E microscopy
dataset from the Basque Biobank, which contained over 259,000 im-
age tiles from different organs, and a simulated autofluorescence dataset
derived from the H&E images.

The results showed that the method achieved a Balanced Accuracy
(BAQC) of 0.95 and a negative predictive value of 1.00 when detecting
colorectal tumor tissues. These results matched the accuracy obtained
using original H&E images.

In another study, Lo et al. [76] proposed a method that com-
bines CycleGAN-based stain translation and Faster R-CNN to detect
glomeruli in renal pathology images. The CycleGAN model translated
the images between four different staining styles (H&E, PAS, Masson,
and Silver). This approach addresses the challenge of limited stain-
specific training data and enhances detection accuracy by converting
less-common stains into the more familiar H&E or PAS styles. The
Faster R-CNN was used to detect glomeruli across varied magnifica-
tions. During inference, the method first translates test images into
the desired stain style using CycleGAN before detection by the Faster
R-CNN.

The dataset comprised over 4300 images with different magnifica-
tions. Experiments showed that the CycleGAN-translated images were
identical to real ones. Furthermore, the Faster R-CNN demonstrated
better detection performance with F1 scores exceeding 0.9 in some
experiments, outperforming previous methods.

Elsewhere, Kaza et al. [77] invented a framework to virtually stain
single-channel UltraViolet (UV) microscopy images for hematologi-
cal analysis. The method employs a cGAN trained on image pairs of
grayscale UV images acquired at 260 nm and their corresponding pseu-
docolorized images. This design simplifies the traditional three-channel
process by focusing on a single channel. Thus, it increases imaging speed
threefold without losing accuracy. The dataset consists of approximately
35,000 image patches, each of 256x256 pixels, extracted from larger
1040x1392-pixel tiles.

Testing was done on 1800 patches. The results showed that the vir-
tually stained images closely resembled Giemsa-stained images, with
minor differences in nuclear contrast. Additionally, SSIM values were
used to evaluate the results, and they showed good results for most color
channels.

Similarly, a study to address the challenge of domain shift in medical
image analysis caused by differences in image acquisition and process-
ing protocols was presented in [78]. It proposed improving bias transfer
using generative models to avoid frequent retraining. The authors eval-
uated three models: CycleGAN, U-Net CycleGAN, and Fixed-Point GAN
(FPG). In addition, they enhanced the models with additional loss func-
tions like MS-SSIM, structure loss, and identity loss to preserve image
content and structure and thus improve segmentation and classification
performance.

The models were trained using annotated datasets of kidney and
prostate biopsy images. Finally, the models were tested for content
preservation, domain adaptation, and impact on downstream tasks.
After tests, the U-Net CycleGAN and FPG with structural loss performed
best.

In a related study, de Haan et al. [79] developed a technique to trans-
form H&E-stained tissue images into three special stains: PAS, Masson’s
Trichrome, and Jones’ Silver.
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Firstly, virtual staining networks were employed to generate per-
fectly paired datasets of H&E and special stain images from autofluores-
cent tissue sections. This ensured structural consistency and eliminated
errors from unpaired data. Eight CycleGAN-based style transfer net-
works were applied to address variability in staining techniques and
imaging equipment augmenting the training dataset. This step allowed
the network to generalize across different histological conditions.

Next, a stain transformation network was trained using the aug-
mented dataset. The network processed 256x256 pixel patches, ran-
domly selected from over 7800 patches. During training, original and
augmented H&E images were used as inputs, with paired special stain
images serving as ground truth. Finally, the trained network was tested
on unseen H&E images from 58 kidney biopsy samples. Pathologist eval-
uations showed that the network improved diagnostic accuracy and
efficiency compared to traditional methods.

In a similar work, Hong et al. [80] proposed a deep learning-based
method for measuring the tumor-Stroma Ratio (TSR) in gastric carci-
nomas. TSR measures the proportion of tumor cells to stromal tissue, a
critical factor in cancer prognosis. They stated that traditional inspec-
tion by pathologists could lead to variability issues. Thus, they used
Pix2Pix to generate cytokeratin (CK)-stained images from H&E slides.
This conversion enabled the automated segmentation of tumor and
stroma regions. Subsequently, the TSR can be calculated by determining
the proportion of stromal tissue within the tumor microenvironment.

The study used a dataset of 373 gastric cancer patients, with a train-
ing set of 13 image pairs and a test set of 358 images. The results showed
a strong agreement between the deep learning-based TSR (dTSR) and
those obtained from pathologists called visual TSR (vTSR), with a kappa
value of 0.623 and an AUC of 0.907 for classification. Additionally,
tumors with a high TSR (more stroma) were linked to worse survival
outcomes, which proved their prognostic value.

In a related study, Wieslander et al. [81], a method for creating
fluorescence-like images from bright-field images of adipocyte cells was
developed. This reduces the need for traditional staining, which is expen-
sive. Three separate models were used for nuclei, cytoplasm, and lipid
droplets. The nuclei model used Learning Using Privileged Information
(LUPI) with segmentation masks to improve feature accuracy. The lipid
model employed adversarial training and gradient losses for better edge
detection and defect reconstruction. The cytoplasm model used a simpler
U-Net architecture to avoid losses and prevent artifacts. These models
were combined by generating their respective fluorescence channels,
which were then joined into a single virtual stain.

They tested a dataset of 96 bright-field images. The models worked
together to create realistic virtual fluorescence images that matched real
stained images.

In another work, Lahiani et al. [82] proposed an approach for virtual
WSI synthesis in digital pathology. The technique used is CycleGAN with
Perceptual Embedding Consistency (PEC) loss. The additional PEC loss
helped address tiling artifacts, which are visible discontinuities between
adjacent image tiles caused by tile-wise processing in high-resolution
images. Additionally, the PEC loss helped the network preserve features
like cell size, morphology, connective tissue texture, and nuclear density.
The dataset consisted of 50 WSIs from colorectal carcinoma cases.

The results showed that the PEC loss decreased tiling artifacts and
generated seamless reconstructed images. In addition, the similarity
index between virtual and real images improved. Furthermore, pathol-
ogists validated the method through clinical interpretation, and results
revealed high agreement between virtual and real images, especially for
CK and necrosis classifications. However, discrepancies were observed
for Fibroblast Activation Protein (FAP) due to its complex patterns.

Similarly, Liu et al. [83] developed PC-StainGAN, a deep learning
model for virtual stain transfer from H&E-stained images to Ki-67-
stained images. The researchers recognized that traditional IHC staining
is essential for accurate cancer diagnosis. However, the process is often
expensive and tedious. In addition, existing methods like the CycleGAN
cannot preserve structural details or maintain pathological consistency.
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To address these shortcomings, PC-StainGAN employed innovations
such as skip connections for structural detail preservation and a pathol-
ogy consistency constraint to ensure that the generated images aligned
with actual pathological features. These advancements allowed the
model to produce realistic Ki-67-stained images using minimal expert
annotations.

The annotations ensured pathological consistency of the gener-
ated images. The model used a de-staining and re-staining approach,
which virtually replicated clinical workflows while avoiding irreversible
alterations to tissue samples.

The study used neuroendocrine and breast histopathology images,
each containing approximately 54,000 training tiles. Additionally,
unique loss functions, including pathological consistency loss and base-
space aligned loss, were added to refine model performance. The
PC-StainGAN outperformed existing methods.

In another study, Cetin et al. [84] invented a model called StainGAN
for virtual re-staining of histopathological WSIs. The model combined
self-attention GAN and contrastive learning to transform H&E-stained
WSIs into CD8-stained images. The CD8-stained images are often used
to analyze the presence of immune cells in tissues. They trained the
StainGAN on a dataset of 36 WSI pairs of H&E and CD8-stained im-
ages. Subsequently, testing was performed on two additional WSI pairs
to evaluate the generalizability of the model.

The results indicated that StainGAN achieved higher qualitative
and quantitative performance compared to state-of-the-art models like
CycleGAN and Pix2Pix. Furthermore, expert pathologists assessed the
synthetic images and found them comparable to real CD8-stained images
in terms of immune cell detection and overall structure.

Elsewhere, Lysik et al. [85] explored the use of GANs for the
transformation of H&E-stained renal tissue images into Periodic Acid-
Schiff (PAS). Four models were evaluated: Pix2Pix, modified Pix2Pix,
CycleGAN, and modified CycleGAN. The Pix2Pix functioned as a su-
pervised model requiring paired data. The second model, CycleGAN,
was designed for unpaired data and employed dual generators and dis-
criminators to map images between two domains. The third model,
modified Pix2Pix, incorporated elements from CycleGAN by adding dual
generators and discriminators to enable bidirectional transformations.
Finally, the modified CycleGAN adapted the unsupervised approach of
CycleGAN to a supervised context by using paired data and a simplified
single generator and discriminator architecture.

The study used a unique dataset of 10 paired HE-PAS slides, consist-
ing of 1014 annotated glomerular structures. The results showed that
CycleGAN and modified Pix2Pix performed best, with CycleGAN achiev-
ing the lowest FID of 6.96 and a success rate of 96% in visual evaluations.
On the other hand, Pix2Pix performed poorly, with an FID of 10.96 and
only 52% accuracy in visual assessments.

In a related research, Zhang et al. [86] developed a technique for
performing virtual staining on unlabeled human carotid atherosclerotic
tissue. This approach was designed to replace traditional staining, which
is time-consuming and requires multiple tissue sections. The researchers
used the Pix2Pix GAN model to convert bright-field images into virtually
stained ones. These stains included H&E, PSR, and EVG. The method-
ology used pseudo-labels for some stains to address the difficulty of
obtaining multiple labels from a single tissue section. This ensured ac-
curate multi-stain training without additional tissue preparation. The
dataset used in the study contained 140 unstained WSIs paired with
stained versions. It was divided into over 105,000 training pairs and
35,000 testing pairs.

The model outperformed other methods such as StarGAN [87] and
StGAN [88]. In addition, it showed higher similarity to real stained
images based on evaluation metrics. In addition, blind reviews by
pathologists confirmed that the system could accurately identify features
such as necrotic cores and collagen fibers.

Similarly, Zhang et al. [89] introduced MVFStain, a framework
designed to generate virtual functional stain images from H&E-
stained histopathology images. The framework includes several key
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components: a content encoder, a style encoder, a decoder, and two dis-
criminators (content and style). The content encoder extracts structural
features from the input images, while the style encoder isolates the color-
specific features of the stains. The decoder then combines these features
to synthesize the virtual stains. Subsequently, the discriminators ensure
that the generated images preserve the structural content and match the
color distribution of the target stains. Additionally, they used KL loss to
align style features with a Gaussian distribution, and histo loss was em-
ployed to refine domain-specific style features thus, enabling accurate
and consistent stain generation.

Training was carried out using four datasets: lung lesions, lung lobes,
breast tissue, and atherosclerotic lesions. These datasets consisted of
128x128 image patches, with non-overlapping patches generated for
training and testing. The results demonstrated that MVFStain produced
virtual stain images of comparable or better quality than existing meth-
ods. Moreover, it preserved structural details and achieved accurate
predictions of positive signals.

In a related work, Zeng et al. [90] developed a semi-supervised H&E
to Progesterone Receptor (PR) stain transformation for breast cancer
diagnostics. This approach differs from traditional methods that rely
on pixel-level paired images or expert annotations. In contrast, it uses
unpaired H&E and PR slides. In the training phase, the model starts
by aligning consecutive slides using a registration network. Then, pos-
itive/negative (Pos/Neg) labels are assigned to PR patches based on
staining intensity and transferred to corresponding H&E patches to en-
able supervised training without explicit annotations. Subsequently, a
semi-supervised GAN guided by tailored loss functions is used for the
transformation. During inference, the trained model is able to translate
H&E images into PR-like images.

The dataset comprised 30 pairs of pathology slides, divided into 22
for training and 8 for testing, with over 58,000 H&E and 62,000 PR
patches processed. The model outperformed established methods such
as CycleGAN and UGATIT [91] by achieving better scores on metrics
like SSIM and PSNR.

Elsewhere, Zingman et al. [92] evaluated several Image-to-Image
Translation (I2I) methods for stain transfer in histopathology. They
focused on conversion between H&E and Masson’s Trichrome (MT)
stains. The study compared 12 methods consisting of three traditional
algorithms and nine GAN-based approaches.

One fascinating part of the study is how the challenge of obtaining
aligned image pairs, which are essential for training most cGANs, was
addressed using a clever approach. First, they teach a ¢cGAN model a
simpler job first: “given a black-and-white picture of MT, learn how MT
usually adds color.” The model practices only on MT images by stripping
each one to black-and-white and then learning to put the MT colors back.

Now, in order to convert H&E to MT, the H&E image is first trans-
formed into black-and-white. This black-and-white image is given to the
trained model to predict MT coloring. Finally, this predicted color is
combined with the H&E black-and-white image to obtain something that
looks like MT. Thus, the H&E is converted to its equivalent MT stain.

The dataset consisted of approximately 26,000 image tiles (256 x
256 pixels) for each stain type, extracted from the WSI of mouse liver
tissues. Additional validation and test datasets containing about 1300
tiles were included.

Results showed that CycleGAN performed best, with minimal struc-
tural distortion and excellent color and texture matching. Other GAN-
based methods, such as StainGAN and MUNIT, performed well but
had some limitations. On the contrary, simpler traditional methods
like Macenko and Vahadane struggled to replicate fine details and
colorpatterns.

In a related research, a virtual staining method for generating
Immunohistochemical (IHC) images from H&E images for breast cancer
diagnosis was proposed in Duan et al. [93]. The methodology is based
on a GAN with a structured generator and discriminator. The generator
has a content encoder to extract tissue structure information from H&E
images and a style encoder to capture staining styles from the target
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domain. These features are then combined through convolutional layers
to produce IHC images. The discriminator is based on PatchGAN and is
designed to handle two tasks. It evaluates the authenticity of generated
images and classifies the expression of HER2 into five categories.

They employed 3896 paired H&E and IHC images for training and
977 paired images for testing. The dataset is part of the BCI dataset.
Experiments show that the proposed method achieved the highest PSNR
(21.522 dB) and SSIM (0.548) scores compared to other methods, such
as CycleGAN and Pix2Pix variants. Moreover, it accurately identified the
HER2 regions even in low-expression cases.

Similarly, Sloboda et al. [94] proposed xAI-CycleGAN, an explainable
version of CycleGAN. The model was used to transform histopathology
images from H&E stains to P63 stains for metaplastic breast cancer. It
employs explainability features, such as interpretable latent variables
and saliency-driven training, to improve transparency and usability. The
model also uses context loss to ensure the structural integrity of tissue
images during the transformation process. Furthermore, a modified SeFa
algorithm [95] is used to edit the outputs. This allows users to fine-
tune the generated images and align them more closely with ground
truths.

The dataset comprises 110,564 image slices from 32 paired samples
of H&E and P63-stained tissues. The results showed that XAI-CycleGAN
produced high-quality images with better structural preservation and
reduced artifacts compared to existing methods. Moreover, a survey in-
volving histopathologists rated the generated images with an average
realism score of 4.94 out of 6.

In a similar research, Biswas et al. [96,97] proposed a method for
transforming hyperspectral H&E images to Verhoeff’s van Gieson (EVG)
images. The paper claims to be the first to transform hyperspectral H&E
images to EVG at pixel level. They state that routine H&E cannot separate
elastic and collagen fibers because both take on a similar pink color and
pattern. In contrast, EVG stains elastic fibers deep blue and collagen an
orchid color. However, EVG is complex and time-consuming. Thus, they
developed a modified CycleGAN model to convert H&E to EVG.

First, they redesign CycleGAN with asymmetric, modality-aware
generators and discriminators so it can translate from sixty-one band hy-
perspectral H&E to three-channel EVG and back while preserving stain
detail. Next, they make identity loss workable across the channel mis-
match by temporarily expanding EVG and by reducing H&E to three
domain-guided basis channels, which stabilizes training. Finally, they
add a supervised refinement after the unpaired unsupervised stage. This
was achieved by training on a small set of carefully registered image
pairs. With this, they were able to reduce noise, suppress false elastic
fibers, and improve the realism of the synthesized EVG.

The dataset consisted of hyperspectral H&E and whole-slide EVG
images from pancreatic tissues. Ground truth images were prepared
through image registration to align hyperspectral H&E images with
EVG images. Experiments revealed that the proposed method produced
realistic and less noisy EVG images.

In a related study, Ling et al. [98] introduced a lightweight
Self-supervised Disentanglement Network (SDN) for stain transfer.
Traditional methods, such as GAN-based models, struggle to general-
ize to unseen staining domains. In comparison, SDN employs a unique
approach of separating an image into stain features and content fea-
tures. This approach allows the model to transfer staining styles between
domains by swapping stain features while keeping the image’s content
intact. Thus, the SDN can perform style transfer even to domains unseen
during training. During inference, the input image is split into stain and
content features. Then, stain features from a reference image are com-
bined with the content to generate a new image with the target staining
style.

The evaluation was performed on two publicly available datasets:
MITOS-ATYPIA-14 and CAMELYON17. SDN showed better performance
in stain transfer compared to state-of-the-art methods. Additionally,
the model enhanced downstream classification tasks by improving AUC
scores on unseen datasets without requiring additional tuning.
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Additionally, Yan et al. [99] introduced a Prior-Guided GAN (PG-
GAN) to convert H&E-stained images into virtual Masson trichrome-
stained images. Masson trichrome staining is preferred for assessing liver
fibrosis because it highlights important collagen fibers for accurate eval-
uation of fibrosis. They used Contrastive Unpaired Translation (CUT) as
the model backbone of the PG-GAN. CUT was chosen over CycleGAN
due to its better stability, faster training, and ability to avoid over- or
under-staining. The model was trained in two stages. The first stage in-
volved training both the encoder and decoder to extract and reconstruct
structural features. In the second stage, the decoder was fine-tuned for
stain normalization. In addition, pathology feature loss was introduced
to focus the network on histological structure to improve translation
accuracy.

The data consist of 72 cases of liver biopsies with varying fibrosis
stages, resulting in 255,297 H&E and 214,850 Masson trichrome image
patches. Pathologist evaluations showed high accuracy and consistency
between the virtual and real stains.

Elsewhere, Liu et al. [100] proposed a method for virtual fluo-
rescence translation using a ¢cGAN. The cGAN framework predicted
fluorescence images across different channels, including nuclei, mem-
brane, and cytoskeleton. The generator used a U-Net architecture with
channel attention layers to enhance feature learning. In contrast, the
PatchGAN discriminator focused on evaluating smaller image patches
for detailed accuracy. The technique produced realistic virtual fluo-
rescence imaging, which could be extended to multi-label imaging by
combining predicted channels.

The data used consisted of images from mouse kidney tissue sections.
The proposed method outperformed CycleGAN and BiCycleGAN in
quantitative metrics such as SSIM, PSNR, and MAE.

In [101], a method for improving epithelial tissue segmentation in
H&E images using immunofluorescence (IF) guidance was presented.
The authors used IF staining to create labels and then mapped them onto
post-IF H&E images (terminal H&E). However, the IF process alters tissue
appearance, making applying these labels to conventional H&E images
hard. To fix this, the authors used a CycleGAN to transform conventional
H&E images to terminal H&E. As a result, a segmentation model trained
on terminal H&E could perform well on conventional H&E without extra
human annotations.

They used nine WSIs from lung and breast cancer tissues to test the
model. It performed well on terminal H&E with a Jaccard index of 0.733,
but struggled with conventional H&E due to staining differences.

Similarly, Zeng et al. [102] introduced an automatic diagnostic
framework for Nasopharyngeal Carcinoma (NPC) that digitally stains
H&E images into Epstein-Barr Encoding Region (EBER) images. EBER
staining is a technique for detecting Epstein-Barr Virus (EBV) in NPC di-
agnosis. They employed a Pathology-Fidelity GAN (PF-GAN) model to
achieve this transformation. Compared to conventional GANs, PF-GAN
employs pathology-fidelity constraints to ensure that the transformed
images retain their original pathological features. This model excels
at distinguishing between tumor and non-tumor regions while reduc-
ing issues like staining overflow and distortion, which often occur in
traditional staining processes.

The data used for training and testing were obtained from Peking
University Shenzhen Hospital and comprised 232 WSIs collected be-
tween 2020 and 2023. The performance of PF-GAN was evaluated
against CycleGAN and CUT. PF-GAN achieved the best performance,
with an RMSE of 0.01174, an SSIM of 0.8981, and a PSNR of 38.63.
Additionally, when added into the overall diagnostic framework, PF-
GAN demonstrated high classification accuracy, achieving an F1-score
of 0.9143 and outperforming both traditional GANs and fully supervised
models.

In a related work, Wang et al. [103] introduced CytoGAN, a GAN
model designed for virtual staining in cytopathology images. They were
able to use CytoGAN to transform H&E images to Papanicolaou staining
and vice versa. The authors highlight that many existing stain transfer
techniques fail to preserve the fine details of cellular structures while
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producing realistic images. CytoGAN takes a different approach by us-
ing a GAN with two important features: a structure preservation module
and a stain adaptive module. The first keeps the layout of cells intact
with a U-Net-like design and an attention mechanism. The adaptive
module separates stain features from structural information, making it
easier to transfer staining styles. While many GAN-based models strug-
gle with cell size variations and background noise, CytoGAN maintains
fine cytological details and adapts well to different imaging conditions.

To train and test the model, they used a dataset of WSIs from 139 pa-
tients, gathered over seven years. CytoGAN was compared with 11 other
stain transfer models, including CycleGAN, StyleGAN, and StainGAN,
and consistently produced better results in both structure preservation
and stain accuracy. The evaluation included both numerical measure-
ments and expert reviews from pathologists. CytoGAN reached the
highest MSSIM (0.993) and PSNR (34.5) scores, making it the top per-
former among tested models. In an endometrial cancer classification
task, it also helped improve accuracy by 20%.

Similarly, Hou et al. [104] developed a multi-model pipeline to
generate virtual panCK stains from H&E-stained images for cancer di-
agnosis. The framework consists of three main models: Mask R-CNN,
Marker-DGAN, and CK-DGAN. The pipeline begins with Mask R-CNN,
which segments key structures in H&E images, identifying cytokeratin-
rich cell membranes and cytoplasm. This segmentation is important
because cytokeratin distribution determines panCK staining patterns.
The segmented regions are then used as inputs into Marker-DGAN, a
modified dual-CycleGAN model designed to reconstruct the cytokeratin
distribution while preserving structural details. Marker-DGAN improves
upon standard CycleGAN by employing structure-preserving loss, iden-
tity loss, and a novel dynamic loss to ensure that only cytokeratin-
positive regions are stained. In the final step, CK-DGAN refines the
virtual stain by adding hematoxylin information to improve clarity and
make the output closely resemble real panCK-stained images. They ex-
plain that the use of these three models is necessary because virtual
stains generated from a single model often fail to maintain cytokeratin
specificity, leading to inaccurate staining patterns.

The dataset used for training and evaluation consisted of 45 WSIs
from the HPH cohort and 1000 WSIs from the publicly available
CAMELYON17 dataset. A total of 40,000 image patches were extracted
from these WSIs for training and testing. The proposed method achieved
FID = 157.74, SSIM = 0.681, and recall = 0.578, outperforming
CycleGAN and other existing virtual stain models. Moreover, a blind
test conducted by pathologists showed that virtual panCK stains were
97.8% diagnostically accurate, closely matching chemical panCK. In tu-
mor budding assessment, the framework demonstrated 95.1% accuracy,
compared to 24.4% for CycleGAN.

In a related work, Li et al. [105] introduced a weakly supervised
framework for virtual immunohistochemical (IHC) staining to overcome
limitations in existing deep learning-based staining methods. Deep learn-
ing models have been proposed to generate virtual stains, but they often
struggle to preserve essential pathological features from consecutive
tissue slices.

To address this, the researchers developed a multi-layer Weakly
Pathological Consistency Constraint (WPCC) that employs consecutive
slices to maintain accurate pathological relationships. Since different re-
gions of a tissue slice may have varying levels of alignment, the model
applies adaptive weights to adjust the supervision strength at different
layers of the network. This ensures that well-aligned regions contribute
more to training, while less-aligned areas have a reduced influence.
Additionally, a major challenge in GAN-based models is the instabil-
ity of the discriminator, which weakens over time and provides poor
feedback to the generator. To solve this, the study introduced a discrim-
inator contrastive regularization loss that allows the discriminator to
better differentiate between real and generated images across multiple
layers. Furthermore, PatchNCE loss helped the generator preserve local
pathological features by enforcing consistency between patches in input
H&E and generated IHC images.
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The dataset used for training and evaluation consisted of two pub-
licly available sources: BCI (Breast Cancer Immunohistochemical) and
MIST. In total, the study utilized 20,090 images. On the BCI dataset, the
proposed model achieved PSNR of 19.132, SSIM of 0.499, FID of 50.1,
and KID of 9.8, outperforming CycleGAN, CUT, and Pyramid Pix2Pix in
most metrics. Similarly, on the MIST dataset, the model outperformed
existing methods across multiple stain types.

A method for high-resolution medical image transformation of H&E-
stained images into Immunohistochemistry (IHC) stained images was
presented in [106]. The proposed Patch alignment-based Paired medical
image-to-image Translation (PPT) model addresses several key chal-
lenges in medical imaging, including the misalignment of paired images.
This misalignment often occurs in clinical settings where images are
obtained from adjacent tissue sections. Thus, to create image pairs, ad-
ditional image registration algorithms are required. To overcome these
issues, the authors employ a combination of techniques, including the
FocalNCE loss for bidirectional contrastive learning. This enhances the
consistency between the input H&E and the output IHC images. They
also introduce a patch alignment loss to ensure better synchronization
between paired image patches. Additionally, they employ content and
frequency loss to refine the fine details in the IHC-stained images and
achieve more accurate and high-quality results.

The dataset used in this study includes the first high-resolution paired
H&E to IHC dataset of canine lymphoma, called the HIT dataset. It
comprises two sets of paired images: H&E-CD3 and H&E-PAX5.

The model was tested on various datasets, including public breast
cancer datasets. The results of these experiments show that the PPT
model outperforms existing state-of-the-art methods. For instance, the
PPT model achieved the highest PSNR (17.79), FID (78.54), and LPIPS
(0.2988) on the PAX5 dataset. Furthermore, expert evaluation from
veterinary pathologists confirmed the model’s potential for clinical
application.

In another study, Fan et al. [107] developed a methodology for vir-
tual staining using Mueller Matrix Guided GAN (MMG-GAN). The model
transformed H&E-stained tissue images into Masson Trichrome (MT)-
stained images. MT staining offers better contrast, particularly for fi-
brous tissue structures, which makes it more effective than H&E staining
for highlighting connective tissues. The model employs Mueller matrix
Microscopy (MMM) polarization data to capture structural features not
visible in traditional bright-field images.

MMG-GAN improves upon CycleGAN, which struggles with non-
bijective staining relationships. This enhancement allows better learning
of the complex mapping between H&E and MT stains. The model was
trained on 14 sets of intestinal epithelial tissue slices, with 1400 H&E
and MT images in total. The evaluation results revealed that MMG-GAN
outperformed other models, achieving pixel similarity scores between
0.8 and 0.9.

Similarly, Guan et al. [108] presented GramGAN, an unsuper-
vised multi-domain stain transfer model designed to virtually transform
histopathological images from one stain to another while maintaining
tissue structure. It transforms an image from one staining type (for
example, standard H&E) to another by passing it through a series of
Style-Guided blocks, each equipped with a style encoding dictionary that
stores the characteristics of all staining styles. The architecture gradually
adjusts the image style toward the target stain, and its multi-domain de-
sign allows a single network to handle multiple stain types without the
need to train a separate model for every pair of stains.

The model was trained and tested on kidney and lung tissue datasets.
It was also tested on the segmentation of the glomeruli. In qualita-
tive and quantitative evaluations, experimental results showed that
GramGAN outperformed other stain transfer models like CycleGAN,
StarGAN, and UGATIT. It also improved glomeruli detection and seg-
mentation. When H&E-stained images were virtually transformed into
PASM-stained images, glomeruli segmentation accuracy increased, with
mAP@[0.50:0.95] scores rising from 0.623 to 0.679 for detection
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and from 0.545 to 0.612 for segmentation. Domain shift analysis
also confirmed that the virtual GramGAN stains closely matched real
stains.

In a similar research, Li et al. [109] proposed Confusion-GAN, a
method designed to transform stains from H&E to immunohistochem-
istry (IHC) staining. Confusion-GAN uses unsupervised learning which
eliminates the need for paired images, often required in other meth-
ods. Furthermore, it focuses on preserving pathological information and
texture details through two key innovations: a Patch-level Pathology
Information Extractor (PPIE) and a Multi-Branch Discriminator (MBD).
The PPIE, combined with Multiple Instance Learning (MIL), extracts es-
sential features at the patch level for accurate staining. Moreover, a dual
spherical loss is used to refine the classification of pathology patches. In
addition, the MBD includes a confusion discriminator that forces the
generated images to match the real distribution and improve visual
fidelity.

The dataset used for training and testing consisted of images from
three sources: the BCI dataset for HER2 staining, the MIST dataset for
ER staining, and a newly introduced Hepatocellular Carcinoma (HCI)
dataset. Results showed that Confusion-GAN outperformed other unsu-
pervised methods like CycleGAN, UGATIT, and DCD, achieving an FID
of 77.3, LPIPS of 0.570, and SSIM of 0.2300 on the HCI dataset. In
classification experiments, using generated GPC3 images increased AUC
from 55.6% to 88.9%. In addition, pathologists could not distinguish be-
tween real and generated images, which confirmed the high quality of
the stains.

In a recent research, Denholm et al. [110] introduced a virtual
histology technique that converts H&E-stained renal biopsy WSI into
PAS-like images using a CycleGAN-based model trained on unpaired
data from many centers. Model development includes a human-in-the-
loop selection phase, in which visually promising training checkpoints
are shortlisted, and an expert renal pathologist selects the final network
based on the accuracy of key PAS features, thereby ensuring histologi-
cal authenticity. The realism of the virtual stains is further supported by
an “imitation game,” in which pathologists have difficulty consistently
distinguishing real from synthetic PAS images. Segmentation on virtu-
ally stained H&E slides produced Dice scores that are slightly reduced
but comparable to those on real PAS, and the method is evaluated pri-
marily against this real-stain baseline rather than through head-to-head
comparison with alternative virtual staining approaches.

2.8. Hybrids

This section presents articles that perform two or more tasks, either
within a single model or with more than one model.

For example, Meng et al. [111] developed a technique that performs
both stain transformation and virtual staining. The main target was
virtual staining using an improved Pix2Pix. However, in order to cre-
ate the required image pairs, stain transformation was performed using
CycleGAN. This transformed H&E images into their corresponding un-
stained autofluorescence images. The process created image pairs that
were then used to train the Pix2Pix model. This method provides a new
way to create a paired dataset.

The CycleGAN model was improved by introducing domain consis-
tency loss and input buffers to enhance its ability to produce realistic
unstained images. The team further optimized the generator using
depth-wise separable convolution layers to eliminate common artifacts
in synthetic images.

In contrast, their Pix2Pix model replaced the vanilla U-Net generator
with a new Parallel Feature Fusion Network (PFFN) to better preserve
tissue textures in the virtual staining process.

A dataset of 400 H&E-stained images and 80 autofluorescence images
was used. Experiments showed improved performance over previous
techniques. In addition, the virtual staining achieved 97% accuracy
based on doctors’ assessments and produced a 95% accuracy when tested
on a VGG16 classification model.
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Similarly, Yang et al. [112] proposed a Cascaded Deep Neural
Network (C-DNN) framework for virtual stain transfer. However, before
performing the transformation, they conducted a virtual staining process
to obtain image pairs.

Thus, the model was designed to transform H&E-stained images into
special stains such as PAS. However, to obtain image pairs required for
training, they used a pretrained network to stain autofluorescence im-
ages into H&E. After the image pairs are obtained, a second network is
then trained to transform H&E stains into PAS stains.

The dataset contained approximately 25,000 image patches, taken
from autofluorescence and histochemically stained images of kidney
tissue sections. The experiments show that C-DNN produced highly ac-
curate PAS images with better structural similarity and color accuracy
than standard methods.

Similarly, Vasiljevié et al. [113] developed HistoStarGAN, a model
for multiple stain transfer in histopathology. The model combines stain
transfer, normalization, and stain-invariant segmentation in a single
framework. It extends the StarGANv2 [44] model by adding a seg-
mentation module to preserve biologically important structures across
various stainings. The architecture comprises a generator, discriminator,
mapping network, style encoder, and segmentation module, all trained
together in an end-to-end manner. During training, the mapping net-
work generates a stain-specific style by transforming a random latent
code. This style is then injected into the generator to produce diverse
stain translations. In addition, the segmentation module is trained in
a supervised manner so that features such as glomeruli remain intact
throughout transformations.

The training was based on a synthetic stain variation dataset created
using CycleGAN. The dataset contains 512x512 pixel histopathological
images from renal pathology, covering five staining types: PAS, Jones
H&E, Sirius Red, CD34, and CD68.

The results showed that HistoStarGAN outperformed earlier mod-
els such as UDA-GAN in stain-invariant segmentation. Moreover, the
model could generalize to unseen stainings without additional training.
However, minor issues like artifacts and normalizations challenges were
noted, particularly in synthetic data generation.

In related work, Franchet et al. [114] developed a technique for
reducing stain-induced bias in Al-driven histological image classifi-
cation. They developed AugmentHE, a stain augmentation technique,
and HEnorm, a deep learning-based normalization method. AugmentHE
separates hematoxylin and eosin channels, modifies their color and con-
centration, and then recombines them to generate augmented images.
This approach expands the range of color appearances in training data,
improving the robustness of models.

Table 5
Comparison of datasets for stain processing.
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In contrast, HEnorm ensures color consistency across images before
training. It employs a U-Net model trained on hematoxylin-extracted
images (extracted from H&E) to reconstruct the original stain appear-
ance while maintaining tissue structure. This normalization process
aligns images with a reference stain, preventing the model from rely-
ing on color variations. The method is speedy, processing images up
to 78 times faster than conventional techniques, making it suitable for
large-scale digital pathology applications.

The dataset used for the evaluation was the histological classification
of breast cancer. Results showed that models trained with AugmentHE
and HEnorm achieved better classification accuracy than conventional
approaches. AugmentHE increased color dispersion by 81%, reducing
the visibility of staining differences between datasets. The best per-
forming models (using the HEnorm combined with AugmentHE and
Vahadane’s normalization combined with AugmentHE) reached an AUC
of up to 0.85, outperforming standard augmentation and normalization
methods.

3. Datasets and trends of research

In this section, we present details of some famous benchmark
datasets, outline key research trends, and pinpoint specific gaps in the
literature that remain unaddressed.

3.1. Famous datasets

This section summarizes several widely used datasets for benchmark-
ing digital stain processing models. Table 5 provides an overview of
some publicly available datasets commonly used in stain processing
research.

1. CAMELYON16/17: These datasets are collections of H&E WSIs
of lymph node sections [115]. These datasets were designed to
detect breast cancer metastases in lymph nodes. Moreover, the
dataset is used for metastasis segmentation and the development
of computer-aided diagnosis tools, such as stain normalization
and digital staining.

Over time, the dataset has evolved to become more compre-
hensive. CAMELYON16 was released in 2016 and contained 399
WSIs, with pixel-level annotations for metastases. It was the first
large publicly available dataset with expert annotations. In con-
trast, the CAMELYON17, released in 2017, expanded on this by
providing 1000 WSIs from five medical centers.

Moreover, the CAMELYON16 provides pixel-level annota-
tions of metastases, which support tumor segmentation tasks. In

Dataset Tissue type Staining type Data size Resolution Image format
CAMELYON16/17 [115] Breast (lymph node H&E 1400 WSIs total 40x; pixel size 0.243 pm/pixel Whole Slide Images (WSIs),
metastases) (CAMELYON16: 400 format: .tif
WSIs from 2 centers;
CAMELYON17: 1000 WSIs
from 5 centers)

MITOS-ATYPIA-14 [26] Breast tissue H&E 1420 image patches 20x and 40x; each Microscopy image patches
patch is 2048x2048 px; extracted from WSIs format:
0.23-0.25 pm/pixel tif)

MoNuSeg [116] Breast, liver, kidney, H&E 44 image patches (30 train- 40x; each patch is 10001000 Image patches from WSIs;

prostate, bladder, colon, ing, 14 testing), totaling pX format: .tif
stomach, lung, brain 28,846 annotated nuclei
MIST [117] Breast carcinoma H&E and IHC For each biomarker, >4000 20x; each patch is 1024x1024 Aligned H&E-IHC image
(HER2, ER, PR, train + 1000 test aligned px; 0.4661 pm/pixel patches from WSIs; format:
Ki67) H&E-THC image pairs .png
NCT-CRC-HE-100K [118] Colorectal cancer and H&E 100,000 non-overlapping 20x; each patch is 224x224 px; Image patches from WSIs;

normal colorectal tissue
Breast carcinoma tissue
(HER2)

BCI[119] Paired H&E and

HER2 THC

patches in 9 tissue classes
4870 paired H&E-HER2
THC patches

format: .tif
Image patches from WSIs;
format: .png

0.5 um/pixel
20x; each patch is 1024x1024
px; 0.46 um/pixel
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contrast, CAMELYON17 focuses on slide-level labels to evaluate
model performance across various clinical settings.

One advantage of CAMELYON16/17 is its size and quality.
The pixel-level annotations performed by expert pathologists that
it contains are rare in histopathology datasets. This makes it
a valuable resource for training and validating deep learning
models.

However, it has some challenges. The WSIs are very large
and may pose computational challenges in data processing and
model training. In addition, class imbalance, where metastatic
regions are much smaller than normal tissues, can complicate
model learning. Also, despite being multi-center, its staining pro-
tocols and scanner types are still limited compared to the full
range of clinical variability, which can affect the robustness of
the model when applied to unseen data.

2. MITOS-ATYPIA-14 [26]: This dataset contains labeled images of
breast tissue stained with H&E. It includes examples of mitotic
figures and nuclear atypia, which are useful for training and
testing computer models that detect cell division and abnormal
cellular features in cancer diagnosis.

According to the official dataset description, MITOS-ATYPIA-
14 comprises 284 frames at 20x magnification and 1136 frames
at 40x magnification. The images were acquired using two dif-
ferent whole-slide scanners: the Aperio ScanScope XT and the
Hamamatsu NanoZoomer. Using different scanners at multiple
magnifications offers a natural variation in image quality and ap-
pearance that reflects what is commonly seen in clinical practice.

However, the dataset has its limitations. Although it offers
many images, the total count may still be insufficient for training
highly complex deep learning models without the risk of overfit-
ting. Additionally, the annotations, although detailed, are subject
to inter-observer variability, which can introduce noise into the
training process.

3. MoNuSeg: This dataset was introduced to enhance the develop-
ment of robust and generalizable algorithms for nuclei instance
segmentation in histopathology images [116]. It consists of H&E-
stained image patches from The Cancer Genome Atlas (TCGA)
and covers various organs and disease types. MoNuSeg is mainly
used for nuclei instance segmentation, which identifies and delin-
eates individual nuclei in complex tissue images. It is also suitable
for related applications such as digital stain normalization and
testing model generalization across tissues and centers.

The dataset was first released alongside the MoNuSeg 2018
challenge, comprising 30 training images with 21,623 annotated
nuclei from 7 organs, and 14 test images including two unseen
organs, summing to 44 images with over 28,000 labeled nuclei.
Since then, no major expansion of the dataset has been reported,
although it has inspired further studies.

What sets MoNuSeg apart from many other datasets is its di-
versity in organ types and scanning centers, which makes it more
applicable for training general-purpose segmentation models.

However, on the other hand, it is relatively small, especially
regarding image count and size, compared to modern deep learn-
ing standards. Although it spans multiple organs, each organ
is represented by only a few samples, which may limit model
resilience in cross-organ generalization.

3.2. Trends

After reviewing several papers on the topic, we were able to find
certain recurring patterns, some of which are summarized in Table A.6.
Fig. 5 illustrates the distribution of articles based on the taxonomy
presented in Section 2.1. As shown, most papers focus on stain trans-
formation tasks (40%), closely followed by virtual staining (38%).

In addition, in Fig. 6, we present the most commonly used model
for digital staining. As explained in Section 2.2, the most used is
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Fig. 6. The famous models used and their percentage of usage.

CycleGAN (25%), followed by Pix2Pix (13%), and cGAN (10.7%). Other
identifiable trends are listed as follows.

1. Combining Digital Stain Processing with Downstream Tasks: The

ultimate test for deep learning-based digital stain processing
models is their performance on downstream tasks such as can-
cer detection, prediction, and segmentation. Thus, most reviewed
studies included downstream task evaluation in their analysis.
For models focusing on stain normalization or augmentation,
downstream performance is often the only practical evaluation
method. In contrast, virtual staining and stain transformation
models are typically evaluated using both downstream perfor-
mance and additional image similarity metrics, as outlined in
Section 2.3.

2. Expert-Assessed Evaluation: We also observed that many papers

involve experienced pathologists in evaluating model perfor-
mance. This approach resembles a human-in-the-loop system. For
example, a pathologist may be presented with both Al-generated
and chemically stained slides. A well-performing deep learning
model should ideally make it difficult for the pathologist to dis-
tinguish between them. Metrics such as Cohen’s Kappa score
and SSIM are commonly used to measure the agreement and
perceptual similarity between real and virtual stains.
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3. Use of new loss functions: As mentioned in Section 2.2, the basic

loss functions used in GANs are adversarial loss, cycle consistency
loss, and pixel reconstruction loss. However, using only these
three often results in hallucinations and artifacts. As a result, re-
searchers have explored other variants of loss functions to add to
the mix. These loss functions include the perceptual loss used in
[28], which helps preserve important structural features by com-
paring high-level representations instead of pixel-wise values.
Another loss function is the identity loss used in [41] to ensure
color fidelity and maintain input-output consistency. Other loss
functions are the Structural Similarity (SSIM) loss, style loss, and
patch-wise contrastive loss [12,25,49].

. Common Generators and discriminators: From the reviewed ar-
ticles, we observed that the most commonly used generator
architecture in GAN-based models is the U-Net. This model
uses an encoder—decoder structure with skip connections directly
linking corresponding layers between the downsampling and up-
sampling paths. These skip connections are useful for preserving
spatial resolution and fine tissue structures, which are important
in histopathology. However, they can also carry over background
noise or imaging artifacts, especially if the early features are not
properly filtered.

PatchGAN is often chosen for discriminator design. Instead of
judging the image as a whole, PatchGAN evaluates small over-
lapping patches. This allows the model to emphasize texture
and fine-grained details in local regions. Although this approach
helps improve visual quality at the patch level, it may miss
broader structural coherence across large tissue areas, affecting
consistency in medical interpretation.

. Use of proprietary data: Most articles surveyed employed local
datasets, often collected from hospitals, alongside public bench-
mark data to evaluate model performance. From the surveyed
papers, 80% of them use such private data either as a stan-
dalone source or in combination with publicly available datasets.
Additionally, 70% of the surveyed papers strictly use private
information that is not available online.

This dual approach (using public and private data) provides
readers with the benefit of understanding how models perform
on standardized datasets and in real-world, small-scale clinical
settings. However, these local datasets are frequently not pub-
licly accessible, posing a reproducibility challenge. As a result,
researchers with limited resources may be confined to using only
public datasets, which can limit their ability to directly compare
their models with others in the literature.

4. Open research challenges

This section presents some of the less explored areas in digital stain
processing.

1. Explainability: This is important in digital stain processing be-

cause it directly impacts the trust and adoption of Al-powered
tools in clinical practice. Pathologists need to understand how
and why a model makes certain predictions. Despite its impor-
tance, only a few works have explored explainability in digital
staining [58,61,94]. In future studies, researchers should focus
on improving the transparency and interpretability of models.
One approach could involve developing post-hoc explainability
techniques like saliency maps or activation heatmaps to visualize
which parts of the input image contributed most to the output.
Moreover, interactive models that allow pathologists to query the
system and receive understandable explanations for predictions
could improve trust.

. Employment of Diffusion Models: These models are a class of
generative models that iteratively transform noise into struc-
tured data through gradual denoising. They have recently gained
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attention for their ability to generate high-quality images in var-
ious domains, including digital pathology [120]. Compared to
GANS, diffusion models offer certain advantages regarding image
quality and training stability [121,122]. Despite their potential,
diffusion models face challenges. They require large and diverse
datasets to achieve optimal performance. This can be a limi-
tation in the medical domain, where annotated data is often
scarce. Additionally, they need huge computational resources for
training and inference. Future research direction should focus
on improving efficiency and reducing the computational bur-
den. One approach is using domain-specific knowledge, which
involves incorporating expert insights about tissue characteristics
and staining patterns into the model. This can guide the model to
learn more efficiently with smaller datasets. Additionally, trans-
fer learning using pre-trained models from similar domains can
also be employed to reduce the need for extensive data and
computational power.

. Absence of Real-Time or In-surgery Deployment Studies: This

remains a research gap in digital stain processing. In clinical
settings such as cancer surgery or biopsy assessment, timely de-
cisions depend on immediate tissue evaluation. Thus, fast and
reliable virtual staining is highly valuable. However, only a few
studies have attempted to address this need, [109,123]. Most
models are still designed for offline retrospective analysis. Future
studies should focus on developing lightweight and low-latency
architectures suitable for deployment on clinical imaging devices
and validating their performance in real-time workflows under
surgical or diagnostic constraints.

. Inadequate Quality Detection: Issues such as hallucinations and

artifacts remain a significant challenge in digital stain processing.
Virtually stained images are often used in clinical decision-
making. Therefore, undetected distortions or fabricated struc-
tures can lead to misinterpretation and potential diagnostic errors
[124]. Although the risk is well-recognized, only a few studies
have addressed it directly. For example, Huang et al. [125] pro-
posed AQuA as a framework to quantify anatomical and visual
accuracy.

In contrast, many other studies continue to rely on subjective
evaluation by experts. Future work should focus on developing
standardized automated methods for hallucination and artifact
detection. Additionally, evaluation metrics that account for both
visual quality and clinical reliability should be developed.

. Limited Multi-modal Integration: The employment of multi-

modal data, such as proteomics and cellular-level features, is
essential for advancing machine learning-based stain processing.
Recent studies have demonstrated that combining histopatho-
logical images with proteogenomic or text data can enhance
predictive accuracy in identifying histological patterns associ-
ated with disease progression [126-128]. However, works in this
area are scarce. Researchers should focus on developing robust
algorithms that seamlessly employ diverse data types, such as ge-
nomic or textual pathology reports, with imaging data. This will
provide more precise and holistic pathological assessments.

. Federated Learning (FL): Although current approaches to digi-

tal stain processing predominantly rely on centralized machine
learning models, there is a notable gap in exploring the poten-
tial of federated learning in this domain. FL supports privacy-
preserving, decentralized learning, making it valuable in digital
pathology, where data security and patient confidentiality are es-
sential. In contrast to traditional methods, FL enables the collab-
oration of multiple institutions or healthcare providers without
sharing sensitive medical data, thus facilitating the development
of more robust and generalized virtual staining models. Recent
studies in FL have shown promising applications in areas such
as medical imaging [129-131], but its use in the virtual staining
pipeline remains underexplored.
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5. Conclusions

This paper reviews works that employ deep learning, mostly
generative adversarial networks, for processing stains in pathology. We
define stain processing as the tasks performed before downstream rou-
tines such as classification and segmentation. The articles analyzed
show that using GANs for tissue staining offers several advantages over
traditional chemical methods.

Our paper also presented a taxonomy of the field by classifying the
works into normalization, augmentation, virtual staining, stain transfor-
mation, and hybrids. Moreover, we outlined key trends in digital stain
research, which include: combining stain processing with downstream
tasks, expert-assessed evaluation by pathologists, use of novel loss func-
tions (such as perceptual and identity losses) to reduce artifacts, the
dominance of U-Net generators paired with PatchGAN discriminators,
and reliance on both benchmark and proprietary datasets.

Finally, we identified future research directions in digital stain pro-
cessing. These include improving model explainability through saliency
maps and interactive tools, employing diffusion models, developing
lightweight architectures for real-time or intraoperative deployment,

Table A.6
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creating automated quality detection methods to flag hallucinations and
artifacts, and employing multi-modal data such as spatial proteomics
and genomic profiles.
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Appendix A. Appendix section

This table summarizes the studies that employ ML for stain processing. In the “Data Avail.” column, we indicate a letter “H” if only part of the data is
available online (or if the authors require emails and forms to be sent before sharing their data). A letter “F” if the full data used is available online, and
a letter “N” if the data is not available online. The dataset weblinks were accessed on March 1, 2025.

Method Model Task Data Data link Dataset size

avail.

Ziaei et al. 2020 [21] stainGAN Normalization F https://mitos-atypia-14.grand- 310 H&E patches
challenge.Org/Donwload/

Salehi et al. 2020 [22] Pix2Pix Normalization F https://mitos-atypia-14.grand- 12,720 H&E patches
challenge.Org/Dataset/

Zheng et al. 2020 [23] CapsNet Normalization H https://camelyonl7.grand- 1223 slides
challenge.Org/Data/

Patil et al. 2021 [11] DenseNet Normalization H https://camelyon17.grand- 530 WSIs
challenge.Org/ & https://
monuseg.grand-challenge.Org/

Runz et al. 2021 [24] CycleGAN Normalization F https://heidata.uni- 14,114 tiles
heidelberg.de/dataset.xhtml?
persistentld =doi:10.11588/
data/8LKEZF

Mao et al. 2021 [25] SGNet Normalization N 49,000 patches

Perez et al. 2022 [12] StainCUT Normalization F https://mitos-atypia-14.grand- 424 slides
challenge.Org/Donwload/

Zhao et al. 2022 [13] RestainNet Normalization N 424 images

Kweon et al. 2023 [132] MS-SST Normalization N

Nazki et al. 2023 [28] MultiPathGAN Normalization N 4350 patches

Jeong et al. 2023 [29] SBD Normalization H https://paip2019.grand-
challenge.Org/Dataset/ & https:/
/camelyon17.grand-challenge.

Org/Data/

Hetz et al. 2024 [30] CycleGAN Normalization F https://zenodo.org/records/ 2M slides
7418555 & https://camelyonl7.
grand-challenge.Org/Data/

Du et al. 2025 [31] DSTGAN Normalization F Four dataset links are provided ~ 100K patches
in the original paper

Wagner et al. 2021 [32] HistAuGAN Augmentation F https://camelyonl7.grand- 50 WSIs
challenge.Org/Data/

Vasiljevic et al. 2021 [33] CycleGAN, starGAN Augmentation N 5296 patches

Bayat et al. 2021 [34] cGAN Virtual staining N 46 WSIs

Li et al. 2021 [35] Pix2Pix Virtual staining N 1521 images

Kaza et al. 2021 [77] cGAN Virtual Staining N 35,000 patches

Kaza et al. 2022 [36] cGAN Virtual Staining N 400 WBCs

Zhang et al. 2022 [86] Pix2Pix Virtual Staining N 140 WSIs

Zhang et al. 2022 [38] GAN Virtual Staining N 5832 tissues

Kaza et al. 2022 [37] cGAN Virtual Staining N 77,600 patches

Soltani et al. 2022 [39] UTOM Virtual Staining N 146,003 patches

Boktor et al. 2023 [40] Pix2Pix Virtual Staining N 21,000 patches

Salido et al. 2023 [52] CycleGAN Virtual Staining N 13,436 pathes

Martell et al. 2023 [41] CycleGAN Virtual Staining F https://zenodo.org/records/ 36,000 tissues
7981075

Tomczak et al. 2023 [42] GAN Virtual Staining N 14,036 images

(continued on next page)
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Method Model Task Data Data link Dataset size
avail.
Abraham et al. 2023 [45] CycleGAN Virtual Staining F https://github.com/tmabraham/ 5436 tiles
qOBMtoHE
Shi et al. 2023 [46] MulHiST Virtual Staining N 11,643 patches
Min et al. 2023 [47] GAN Virtual Staining N 420,000 patches
Khan et al. 2023 [48] Pix2Pix Virtual Staining F https://etsin.fairdata.fi/dataset/ 81 slides
4be10dd9-b0f8-401a-a74b-
7dfe154d0b38/data
Martell et al. 2023 [49] CycleGAN Virtual Staining N 220 patches
Wang et al. 2023 [50] UBMSVStain Virtual Staining N 12,294 patches
Koivukoski et al. 2023 [51] CycleGAN, Pix2Pix Virtual Staining F https://etsin.fairdata.fi/dataset/ 66,000 tiles
46d0ef41-a101-49c¢7-91fd-
b5579be0958d/data
Fang et al. 2024 [54] CellGAN Virtual Staining N 7319 cells
Koka et al. 2024 [55] cGAN Virtual Staining N 40 images
Wong et al. 2024 [56] Pix2Pix Virtual Staining N 1159 image pairs
Zhu et al. 2024 [57] Pix2Pix Virtual Staining N 627 image pairs
Yoon et al. 2024 [58] E-CUT Virtual Staining N 100 tiles
Asaf et al. 2024 [59] DCLGAN Virtual Staining H https://biomisa.org/index.php/ 3824 patches.
downloads/
Fan et al. 2024 [60] CycleGAN Virtual Staining N 27,000 patches
Chen et al. 2024 [61] U-Frame Virtual Staining N 117 image pairs
Boktor et al. 2024 [62] CycleGAN Virtual Staining N 2500 patches
Li et al. 2024 [63] SCPAT-GAN Virtual Staining N 8594 patches
Azam et al. 2024 [64] Pix2Pix Virtual Staining N 12,058 patches
Yang et al. 2024 [65] cGAN Virtual Staining N 451 images
Xu et al. 2025 [66] CycleGAN Virtual Staining F https://github.com/wwxb2012/ 2020 patches
digital_staining_knowledge_
distillation
Li et al. 2025 [67] cGAN Virtual Staining N ~59,758 images
Zhang et al. 2025 [68] Diffusion model Virtual Staining N 1549 images
Lui et al. 2025 [69] Cytoland Virtual Staining N
Park et al. 2025 [70] cGAN Virtual Staining F https://doi.org/10.57760/ ~ 230K patches
sciencedb.24217
Mercan et al. 2020 [71] c¢GAN & CycleGAN Transformation N 18 WSIs
Burlingame et al. 2020 [72] cGAN Transformation F https://gitlab.com/eburling/ 12,258 H&E and IF tiles
SHIFT
Wang et al. 2020 [73] CycleGAN Transformation N 5500 images
Levy et al. 2021 [74] CycleGAN Transformation N 574 WSIs
Picon et al. 2021 [75] DenseNet Transformation N 1755 image tiles
Lo et al. 2021 [76] CycleGAN Transformation N 4318 images
Thebille et al. 2021 [78] CycleGAN, Fixed-Point GAN Transformation F https://github.com/imsb-uke/ 4396 images
bias-transfer-microscopy
de Haan et al. 2021 [79] CycleGAN with others Transformation F https://github.com/ 7800 patches
kevindehaan/stain-
transformation
Hong et al. 2021 [80] Pix2Pix Transformation N 371 images
Wieslander et al. 2021 [81] LUPIL Transformation H https://www.ai.se/en/project/ 192 images
adipocyte-cell-imaging-challenge
Lahiani et al. 2021 [82] CycleGAN Transformation N 50 WSIs
Liu et al. 2021 [83] PC-StainGAN Transformation N 716 images
Cetin et al. 2022 [84] StainGAN Transformation N 38 WSIs
Lysik et al. 2022 [85] Pix2Pix, CycleGAN Transformation N 10 HE-PAS slides
Zhang et al. 2022 [89] MVFStain Transformation N 28,568 patches
Zeng et al. 2022 [90] Semi-Superv. Transformation N 30 slides
Zingman et al. 2023 [92] CycleGAN Transformation F https://osf.io/byf27/ 54,600 tiles
Duan et al. 2023 [93] GAN Transformation N 3896 images
Sloboda et al. 2023 [94] XAI-CycleGAN Transformation N 110,564 slices
Biswas et al. 2023 [96] CycleGAN Transformation N 23 images
Ling et al. 2023 [98] SDN Transformation F https://mitos-atypia-14.grand- 1016 slides
challenge.Org/Dataset/ & https:/
/camelyon17.grand-challenge.
Org/Data/
Yan et al. 2023 [99] PG-GAN Transformation N 470,147 patches
Liu et al. 2023 [100] cGAN Transformation N 5160 images
Wiedenmann et al. 2024 [101] CycleGAN Transformation N 9 WSIs
Zeng et al. 2024 [102] PF-GAN Transformation N 232,303 patches.
Wang et al. 2024 [103] CytoGAN Transformation N 139 WSIs
Hou et al. 2024 [104] Mask R-CNN, GANs Transformation H https://camelyonl7.grand- 52,000 patches
challenge.Org/Data/
Li et al. 2024 [105] GAN Transformation H https://drive.google. 20,090 images
com/drive/folders/
146V99Zv1LzoHFY1XvSDhKmfIIL-
joobp
Zhang et al. 2024 [106] PPT Transformation F https://github.com/coffeeNtv/ 3584 image pairs
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Table A.6 (continued)
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Method Model Task Data Data link Dataset size
avail.
Fan et al. 2024 [107] MMG-GAN Transformation N 3080 images
Guan et al. 2024 [108] GramGAN Transformation H https://dx.doi.org/10.21227/ 83,027 patches
p7pw-y957

Li et al. 2024 [109] Confusion-GAN Transformation N 100 WSIs

Denholm et al. 2025 [110] CycleGAN Transformation N ~2140 images

Meng et al. 2021 [111] CycleGAN, cGAN Virtual Staining, N 480 images
Transformation

Yang et al. 2022 [112] C-DNN Virtual Staining, N 25,040 patches
Transformation

Vasiljevié et al. 2023 [113] HistoStarGAN Transformation, N 30,249 patches
Virtual Staining

Franchet et al. 2024 [114] U-Net Augmentation, N 64,000 images
Normalization

Data availability [23] Y. Zheng, Z. Jiang, H. Zhang, F. Xie, D. Hu, S. Sun, et al., Stain standardization

No data was used for the research described in the article.
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