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The color variations present in histopathological images pose a significant challenge to computational 
pathology and, consequently, negatively affect the performance of certain pathological image analysis 
methods, especially those based on deep learning techniques. To date, several methods have been 
proposed to mitigate this issue. However, these methods either produce images with low texture 
retention, perform poorly when trained with small datasets, or have low generalization capabilities. 
In this paper, we propose a Deep Supervised Two-stage Generative Adversarial Network known as 
DSTGAN for stain-normalization. Specifically, we introduce deep supervision to generative adversarial 
networks in an innovative way to enhance the learning capacity of the model, benefiting from different 
model regularization methods. To make fuller use of source domain images for training the model, we 
drew upon semi-supervised concepts to design a novel two-stage staining strategy. Additionally, we 
construct a generator that can capture long-distance semantic relationships, enabling the model to 
retain more abundant texture information in the generated images. In the evaluation of the quality 
of generated images, we have achieved state-of-the-art performance on TUPAC-2016, MITOS-
ATYPIA-14, ICIAR-BACH-2018 and MICCAI-16-GlaS datasets, improving the precision of classification 
and segmentation by 5.2% and 4.2%, respectively. Not only has our model significantly improved 
the quality of the stained images compared to existing stain normalization methods, but it also has a 
positive impact on the execution of downstream classification and segmentation tasks. Our method 
has further reduced the effect that staining differences have on computational pathology, thereby 
improving the accuracy of histopathological image analysis to some extent.
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Histopathological images provide crucial information for understanding diseases and their effects at the cellular 
level1. Staining techniques significantly highlight and enhance the contrast of cellular and tissue characteristics 
under the microscope. However, this process may introduce certain disadvantages, leading to variations in 
stain texture. For instance, Fig. 1 reveals color inconsistencies within the same batch of sample data. Although 
pathology experts can interpret such fluctuations in color, these variations pose significant challenges for 
performance in digital image analysis conducted using machine learning algorithms.

In histopathological image datasets, the target domain consists of stain images with a consistent style, while 
collections lacking this uniform style form the source domain. The goal of stain normalization is to align the color 
distribution of source domain images with that of the target domain to mitigate the adverse effects of staining 
heterogeneity. This technique has been extensively applied in the preprocessing stage of image analysis2–5. 
However, the normalization process in these methods adopts conventional techniques by adjusting image colors 
to fit a specific template6,7. Despite these methods being based on mathematical models, there’s still a risk of 
significant errors if the chosen template is not representative enough.

Recently, Generative Adversarial Networks (GAN)8 have received extensive research attention for their 
application in stain normalization. DCGAN9 was the first to employ a Convolutional Neural Network (CNN) 
architecture to extend GAN, allowing for the stable training of higher resolution and deeper generative models. 
Since then, every successful GAN in the field of computer vision has relied on CNN-based generators and 
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discriminators. Among these methods, those based on Cycle-consistent Generative Adversarial Networks 
(CycleGAN)10 have been the most extensively researched. These methods can perform stain normalization 
without any template images and often achieve good results11. However, convolutional operators have a local 
receptive field that captures spatial local relationships in image data and extracts certain patterned features. 
To handle long-distance dependencies, CNNs need to go through a sufficient number of layers, which is 
inefficient and may lead to a loss of feature resolution and fine details. Consequently, ordinary CNN-based 
models are inherently less suitable for capturing the “global” statistics of input images. The effectiveness of 
self-attention12 and non-local13 operations in computer vision has proven this point. Recently, inspired by 
the huge success of Transformer14 in the field of Natural Language Processing (NLP), researchers have sought 
to introduce Transformer into machine vision15. The success of Vision Transformer (ViT)16, Data-efficient 
image Transformer (DeiT)17, and Swin Transformer18 in image recognition tasks demonstrates the potential 
application of Transformer in the visual domain. Models using Swin Transformer as the vision backbone have 
achieved state-of-the-art performance in image classification, object detection, and semantic segmentation. In 
light of this, combining the characteristics of CNN and Transformer, we use the Swin Transformer to construct 
our GAN’s generator, aiming to better preserve the consistency of structures and richness of texture details in 
histopathological images after stain normalization; while employing CNN to build the network’s discriminator, 
to endow the GAN with local perception capabilities.

On the other hand, GAN faces the challenge of significant differences between the source and target domains 
in the task of stain normalization. In one study, stain normalization was treated as an image colorization task, 
proving to have improved performance over methods based on CycleGAN19. However, such approaches require 
the output of image colorization as ground truth for supervised learning and, hence can only be trained on target 
domain images. This setup does not directly represent the goal of stain normalization, which is to normalize the 
color of source domain images to that of target domain images.

To benefit from supervised image colorization learning and incorporate source domain images into the 
colorization learning process, we propose a Deeply Supervised Two-stage Generative Adversarial Network 
(DSTGAN) for stain normalization. Inspired by the Deep Supervision (DS)20 concept, we introduce deep 
supervision into GANs to enable the model to learn hierarchical representations from multi-scale aggregated 
feature maps21, enhancing the model’s learning capacity. Additionally, to fully leverage the image data from the 
source domain, we draw upon a semi-supervised learning framework22 and design a Two-stage Staining (TS) 
strategy to further improve the model’s performance. We apply semi-supervised learning to the GAN, utilizing 
a two-stage staining approach in the source domain, where the result of the first colorization step serves as the 
ground truth for the second colorization, allowing the use of source domain images to enhance the learning of the 
colorization model without the need for paired ground truth images. In this paper, we focus on the application 
of DS and proxy-labeling23–26 from semi-supervised learning in GANs, to fully train the model utilizing source 
domain images. Furthermore, inspired by the successful application of Transformer in GANs27–29, we enhance 
our generator based on Swin-Unet30 to enable the model to establish long-range dependencies, applying it as a 
generator in GANs for the stain normalization task to better preserve the structural information of the images.

In this paper, we propose a novel generative adversarial network for stain normalization to address the issue 
of low-quality image generation present in current stain normalization methods. Specifically, our contributions 
are summarized as follows:

•	 We explore incorporating the Swin Transformer into the task of stain normalization to enhance the model’s 
ability to establish long-range dependencies, thereby preserving more structural and textural information in 
the images.

•	 Our model integrates semi-supervised concepts and is designed with an innovative two-stage staining strate-
gy to fully leverage source domain images for training the model.

Fig. 1.  Patch samples from the TUPAC-2016 (row one) and ICIAR-BACH-2018 (row two) datasets.
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•	 To enhance the learning capability and stability of the stain normalization model, we innovatively introduce 
deep supervision into generative adversarial networks. To the best of our knowledge, this work might be the 
first attempt to combine adversarial generative networks with deep supervision for the task of stain normal-
ization.

•	 Extensive experiments conducted on the TUPAC-2016, MITOS-ATYPIA-14, ICIAR-BACH-2018, and MIC-
CAI-16-GlaS datasets demonstrate that our proposed model can effectively handle histopathological datasets 
with different statistical characteristics (i.e., different staining appearances from various pathology centers) 
and outperforms the state-of-the-art techniques.

Related works
Stain normalization methods are typically divided into two categories: traditional approaches and deep 
learning-based approaches. Specifically, conventional stain normalization image processing methods heavily 
rely on domain experts’ knowledge when selecting reference templates, whereas the development of deep neural 
networks and generative models has offered new avenues for stain normalization.

Traditional methods employ a mathematical framework to match image features with carefully selected 
template images. The Reinhard method7 performs a set of linear transformations in the Lab color space and 
proposes a stain normalization approach that matches the mean and standard deviation of each channel of the 
image with those of the target. However, this method does not fully preserve the brightness of the background 
in the source image, which may ultimately reduce the contrast of the source image. Roy et al.31 presented an 
improved Reinhard method that can preserve all the color variations in the source image (including pinkish 
spots).The Adaptive Color Deconvolution (ACD)32 algorithm takes into account multiple priors of staining and 
can estimate the parameters for both color separation and normalization. It involves only pixel-level operations 
during the solving of the ACD model and its application process, which is efficient and suitable for the color 
separation and normalization of WSIs. The stain color adaptive normalization33 based on segmentation and 
clustering strategies for cell structure detection can automatically perform color separation and normalization 
for hematoxylin and eosin-stained histological slides. It can improve the contrast between tissues and the 
background without changing the color of lumens or the background, preserving local structures. The Macenko 
method6 uses a supervised pixel-level staining separation approach, requiring the addition of prior information 
in the training set. In contrast, the more advanced global stain normalization Vahadane method34 does not 
guarantee the preservation of all the color information in the source image.

The deep learning-based CycleGAN can address the aforementioned issues, but CycleGAN tends to obscure 
many features in stained tissues in real-world settings, and its potential for model generalization is not ideal. 
Therefore, Jose et al.45 summarized a new type of GAN method that retains the content of the source image 
while modifying the color style of the input image based on image style. Color transfer is considered more 
effective than traditional stain normalization methods46. It involves transferring the stain appearance of tissue 
images across different datasets to avoid color variations due to batch effects. Meanwhile, GAN represents a 
completely different strategy for stain normalization, and its effectiveness significantly surpasses that of 
classical stain normalization methods, making it the method of choice in recent years. Inspired by CycleGAN 
in an unsupervised setting, StainGAN11 transfers the stain appearance, achieving high visual similarity with 
the target domain. Kang et al. proposed StainNet36, a method over 40 times faster than StainGAN, capable of 
normalizing images of a 100,000 × 100,000 slide within 40 min, changing the color appearance of the source 
image’s staining matrix according to the color appearance of the reference image while preserving the structure 
of the illumination. Some supervised stain normalization methods19,47–50 are purely trained for target domain 
images. They normalize or color back certain transformation representations of target domain images (e.g. 
grayscale space) to their original staining appearance (e.g. RGB space). Although these methods can produce 
high-quality standardized results, their performance is limited by the limited number of target domain images 
available in the dataset. Moreover, the target domain coloring formulas do not completely resemble the goal of 
stain normalization between the source and target domains. To include source domain images in the model 
training, Colour Adaptive Generative Networks for stain normalisation of histopathology images (CAGAN)42 
designed a dual-decoder structure. This approach leverages the concept of consistency regularization, enhancing 
the learning of the coloring model with source domain images and achieving better performance, though it 
relies on a substantial amount of data support. Meanwhile, the Self-Attentive Adversarial Stain Normalization 
(SAASN)38 method normalizes the appearance of multiple stains to a common domain. Some researchers have 
proposed a method called MultiStain-CycleGAN39, which enables stain normalization for images from multiple 
different sources without the need for retraining or using different models. Additionally, other studies have 
applied GAN methods to fields such as digital pathology and dermatology (e.g., color constancy), framing the 
stain normalization task as an image-to-image translation problem to ensure pixel-to-pixel correspondence 
between the original and normalized images51. This unsupervised generative adversarial approach includes a 
self-attention mechanism, allowing for image synthesis with more detailed finesse. However, it falls short in the 
color consistency of the stain-normalized images. Some innovative approaches have also introduced a novel 
model named StainSWIN27, which leverages Swin Transformer18 modules to capture long-range dependencies, 
achieving relatively advanced performance. Table 1 presents the key findings, training datasets, and evaluation 
metrics of various stain normalization methods.

Although current deep learning-based methods perform excellently in color normalization, they can easily 
cause detail information loss in complex tissue structure images. This might be unacceptable for pathological 
diagnosis, as subtle structural changes often play a critical role in disease diagnosis. Moreover, existing stain 
normalization methods often rely heavily on a large volume of high-quality data, posing a significant challenge 
to the model’s learning capability when faced with small-volume datasets, which to some extent limits their 
practical applications. On the other hand, current GAN models based on CNNs mainly rely on local features, 
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which could potentially limit their ability to capture global characteristics of images and address global color 
shifts. This could, in turn, impact their generalization capabilities and the quality of the stain-normalized images.

Methodology
In this section, we first introduce how to utilize target domain images for supervised learning approaches to stain 
normalization. Then, we describe the semi-supervised TS strategy learned on source domain images to fully 
utilize the dataset images for training the model. Additionally, we incorporate the idea of DS into our model, the 
overall architecture of which is illustrated in Fig. 2.

Problem formulation
For a given histopathological image dataset I, we define the target domain with relatively uniform staining colors 
as a subset It, with the remaining images as the source domain, denoted as Is. The goal of stain normalization is 
to reduce the color variations among images in dataset I without altering the original texture and structure of 
the images so that all images in Is have the staining appearance of It. In this work, we construct our backbone 
network following the framework of pix2pix GAN52, which requires paired image data for training. Ideally, these 
image pairs consist of images of the same sample with different staining colors. However, obtaining such paired 
images is challenging in real-world datasets. Therefore, we follow prior work and use grayscale transformed 
images38,42 and their corresponding RGB images as the paired image data. Specifically, given an image i∈I, its 
grayscale transformed image is represented as xi, and then we train the model Gθ to colorize xi with the stain 
colors of It. Considering that converting the RGB image i to the grayscale image ximight lead to information loss, 
we apply content loss53 and structure similarity index measure (SSIM)54 loss to directly regularize the model. To 
incorporate source domain images into the model’s training, we have designed a semi-supervised TS strategy. 
Moreover, we introduce the idea of DS into the stain normalization model to learn hierarchical representations 
from multi-scale aggregated feature maps, thereby further enhancing the model’s performance.

Network architecture
Our proposed stain normalization model consists of one generator and two discriminators. The structure of the 
generator is shown in Fig. 3. Here, we draw inspiration from the Swin-Unet30 architecture to build our generator, 
which is a successful fusion of U-Net55 and Swin Transformer18. Unlike Swin-Unet, in the downsampling stage, 
we do not use the Patch Partition module but only use the Patch Merging module for downsampling until 
the image size is reduced to one thirty-second of its original size. During the network’s upsampling stage, we 
continue to use Skip Connection to reduce the loss of image information and employ Patch Expanding for 
2x upsampling, adding Skip Connection from the input at the output to retain more of the original texture 
information. To be more effectively applied to the task of stain normalization, we add a convolutional layer at 
the output and use the hyperbolic tangent activation function. To implement DS, we use Patch Expanding 4× 
and Patch Expanding 16× modules to perform 4x and 16x upsampling of feature maps, respectively, to restore 
the size to that of the original image. As for the discriminators, one is a color discriminator and the other is a 
texture discriminator. The color discriminator focuses only on whether the color of the image comes from the 
target domain during training; here, we use a 5-layer PatchGAN52 as our color discriminator. For the texture 

Method Key findings Training dataset Evaluation metrics

Macenko6 Introduced a histogram matching method for stain normalization; 
focuses on matching color distributions. Not mentioned Visual similarity

Reinhard7 Uses statistical matching in the Lab color space; effective for basic 
stain normalization tasks. Not mentioned Visual similarity

Vahadane34 Based on Non-Negative Matrix Factorization (NMF); provides 
robust stain decomposition and normalization.

MITOS-ATYPIA-14 
dataset35

Pearson correlation and Quaternion 
Structural Similarity Index

StainGAN11 Applies GANs for unsupervised stain normalization; performs well 
on complex datasets.

MITOS-ATYPIA-14 
dataset35

Structural Similarity Index, Feature 
Similarity Index for Image Quality 
Assessment, Peak Signal-to-Noise Ratio and 
Pearson correlation coefficient similarity

StainNet36 Uses deep learning to automate stain normalization without prior 
stain separation. Camelyon16 dataset37 Structural Similarity Index and Peak Signal-

to-Noise Ratio

SAASN38 Employs a self-attention mechanism to enhance stain normalization.
Duodenal biopsy dataset 
and MITOS-ATYPIA-14 
dataset35

Structural Similarity Index

MultiStain-CycleGAN39 Handles stain normalization across multiple stain domains without 
retraining; versatile for diverse datasets.

Camelyon17 dataset40 and 
SCC dataset41

Structural Similarity Index and Fréchet 
Inception Distance

CAGAN42 Incorporates adversarial learning to improve stain normalization 
consistency and quality.

TCGA-IDH dataset43, 
BreakHis dataset44, 
Camelyon10 dataset37 and 
Camelyon39 dataset40

Structural Similarity Index, Peak Signal-
to-Noise Ratio and Normalized Median 
Intensity

StainSWIN27 Leverages Swin Transformer for capturing long-range dependencies 
in stain normalization tasks.

MITOS-ATYPIA-14 
dataset35

Structural Similarity Index, Peak Signal-to-
Noise Ratio and Root Mean Square Error

Table 1.  Some key findings of the stain normalization method, the dataset used for training, and evaluation 
metrics.
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discriminator, we construct it with several convolutional layers and a fully connected layer, focusing only on 
whether the texture of the image is consistent with the original during training.

Supervised learning with target domain images
For target domain images It, we train our model using supervised learning. For convenience, let us denote any 
target domain image it (it∈It) in RGB format as xt, with its grayscale transformation denoted as yt. In this context, 
we describe the task of stain normalization as colorizing yt to xt using a GAN model with supervised learning. 
Specifically, the task of coloring the input image with the desired stain colors is accomplished by the generator 
G, while the discriminator D evaluates whether the color of the colored image originates from the target domain 
color distribution and whether its texture is consistent with the input image. Therefore, our model includes one 
generator and two discriminators, named color discriminator DC and texture discriminator DT according to 
their functions. At this stage, we take yt as the input to generator G and, adopting DS, train G to learn the color 
mapping from grayscale image yt to target domain image xt, that is, G(yt)i = x̂ti, where x̂ti ≈ xt. During this 
process, our color discriminator DC follows the traditional GAN philosophy, which means using a single input, 
assigns higher values to actual RGB images xt from the target domain, and lower values to the coloring results of 
G. Meanwhile, texture discriminator DT focuses solely on the texture information of the images generated by G. 
Conversely, G attempts to deceive DC and DT by generating images more similar to xt in both color and texture.

Regularisation
Since the input image xt can serve as the label during training in the target domain, we train the stain normalization 
model here using a supervised approach. The shape of the image is denoted as H×W×C. As the model employs 
DS, the supervised loss Lsup uses the sum of the L1 losses for each colored image to regularize the model:

	
Lsup =

m∑
i

ωi
1

HW C
|x̂ti − xt|� (1)

Where m is the total number of images predicted by the generator, x̂ti refers to the ith image after coloring, and 
ω is the weight assigned to each supervision.

We use the adversarial loss to evaluate the stained images, and for the adversarial loss LGAN against different 
discriminators DC and DT, we denote them respectively as LC

GAN  and LT
GAN :

Fig. 2.  Overall structure of the model. The generator uses as input the gray-scale transformations yt/s of 
the images in the target and source domains as input. Since we introduced deep supervision, the generator 
produces three normalized results. For the color discriminator, all output results from the generator need 
to be discriminated. For the texture discriminator, however, only the final output image from the generator 
is evaluated, and its deep texture difference Lcont is calculated. Specifically, we employ a two-stage staining 
strategy in the source domain, where the secondary generator processes the three outputs from the primary 
generator one by one, further enabling the generator to capture the texture details of the image.
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LC

GAN =
m∑
i

ωi{Ext∼pdata(xt)[log DC(xt)] + Eyt∼pdata(yt)[log(1 − DC(G(yt)i))]}� (2)

	 LT
GAN = Exs∼pdata(xs)[log DT (xs)] + Ext∼pdata(xt)[log DT (xt)] + Eyt∼pdata(yt)[log(1 − DT (G(yt)))]� (3)

Here, LC
GAN  utilizes DS where G(yt)i = x̂ti, while LT

GAN  using only the output image from the last layer of 
generator G to compute the loss. To enable the color discriminator DC to learn the color distribution of the target 
domain, we treat the target domain image xt as a positive example during training, while the network-generated 
image x̂ is treated as a negative example. As for the texture discriminator DT, both the target domain image xt and 
the source domain image xs are considered positive examples, while the network-generated image x̂ is treated 
as a negative example.

To retain richer structural features of the original image, we introduce the content loss53 Lcont to regularize 
our model. Specifically, we use the discriminator DT, which learns textural features, as a feature extractor to 
separately extract n deep features from the input image xt and the predicted image x̂t. Since we have extracted 
the same number of image pairs of the same size, we can calculate the distance between each pair of images to 
serve as the content difference between them:

	
Lcont(x̂t, xt) =

n∑
j

λj
1

CjHjWj
∥ψj(x̂t) − ψj(xt)∥� (4)

Where ψj  represents the jth feature map extracted by discriminator DT, CjHjWj is the shape of the corresponding 
feature map, and λ represents the weight assigned to the feature map.

Fig. 3.  The generator structure used in our model. The decoder section was augmented with 4x and 16x 
upsampling structures to support deep supervision. Where Conv denotes convolution and Tanh is the 
hyperbolic tangent activation function.
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In summary, the loss function for supervised learning using the target domain images is defined as:

	 Lt arg et = Lsup + Lcont + α(LC
GAN + LT

GAN )� (5)

Here, α is the weighting factor that controls the adversarial loss.

Two-stage staining strategy with source domain images
To fully leverage the dataset, we also incorporate images from the source domain into the model’s training. 
However, this is not a straightforward task. When training with target domain images, it’s possible to use the 
target domain images as labels, allowing for supervised learning. However the color appearance of the source 
domain images differs significantly from that of the target domain, and the output of the model after coloration 
of these images is unpredictable. This makes the strategy of supervised learning less effective when training 
the model with source domain images. Therefore, inspired by the idea of proxy-labelling in semi-supervised 
learning, we designed a TS (Two-stage Staining) strategy. This strategy utilizes proxy-labeling generated by the 
first-stage coloring of the generator as the label for the second-stage supervised learning, to achieve the purpose 
of training the model using source domain images. During the first stage of image coloration, due to the color 
difference between the input and output images, we employ the grayscale images of both and combine them with 
SSIM loss to regularize our model. This ensures that the proxy-labeling provided for the second stage coloring 
has richer textural information. Additionally, with the introduction of DS in our model, the generator is capable 
of producing multiple coloring results, providing the second stage of model training for stain normalization 
with abundant and higher-quality proxy labeling. This allows the model to further enhance its performance by 
utilizing extensive training on source domain images.

First stage regularization
Due to the lack of one-to-one corresponding labels when training the model with source domain images, to 
preserve as much of the original texture information as possible during the first-stage coloring, we regularize our 
model by calculating the structural similarity of the input and output grayscale images:

	
SSIM(x, x̂) = [2µ(x)µ(x̂) + C1][2σ(x, x̂) + C2]

[µ(x)2 + µ(x̂)2 + C1][σ(x)2 + σ(x̂)2 + C2]
� (6)

	
LSSIM =

m∑
i

ωi[1 − SSIM(ys, ŷsi)]� (7)

Where µ represents the average pixel value of the corresponding images, σ is the unbiased estimation of standard 
deviation. C1 and C2 are constants, which here are taken to be C1=(0.01)7 and C2=(0.03)2 respectively. ys and 
ŷs represent the grayscale images of the model’s input and output during the first stage, respectively. Since the 
model employs DS, ŷsi denotes the grayscale image of each colorized output produced by the generator.

To ensure that the color distribution of the model’s predicted images in the first stage aligns with that of the 
target domain images, we have added an additional regularization term, namely the histogram loss56. Specifically, 
we need to estimate the contribution of each pixel of the output image and the target domain image to histogram 
bins in the log-chromaticity space, to construct the corresponding histogram features Hs and Ht. This can be 
controlled by an inverse-quadratic kernel k for each pixel’s contribution:

	
k(Iuc, Ivc, u, v) = 1

1 +
(

Iuc−u
τ

)2 × 1
1 +

(
Ivc−v

τ

)2 � (8)

Where Iuc and Ivc represent the pixel intensities in the image log-chromaticity space, while u and v are 
hyperparameters, and τ is a decay parameter that controls the smoothness of histogram bins. By calculating 
the corresponding histogram features Hs and Ht using the kernel function, we are then able to construct the 
histogram loss Lhist:

	
Lhist = 1√

2

m∑
i

ωi

∥∥√
Ht −

√
Hsi

∥∥
2� (9)

Where ∥·∥2 denotes the standard Euclidean norm, and Hsi represents the histogram feature of each image 
output by the model in the first stage.
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Algorithm 1.  Obtaining a trained model of two-stage stain normalization

Similarly, we use Eqs.  (2) and (3) to calculate the GAN loss for the coloring performed by the model at 
this stage, denoted as L1

GAN . The content loss continues to be calculated using Eq. (4), referred to as L1
cont. 

Therefore, the loss function used for the first stage coloring with source domain images is:

	 L1
source = L

SSIM
+ L1

hist + αL1
GAN � (10)

Second stage regularization
To further enhance the model’s performance, we add second-stage coloring training for source domain images. 
Specifically, we use the grayscale image ŷ1

s  of the model’s first-stage colored image as proxy-labeling to employ 
supervised learning in the model’s second-stage coloring. Here, we continue to use the L1 loss to construct our 
loss function for this stage, LTS:

	
LT S =

m∑
j

m∑
i

ωi
1

HW C
|x̂2

sij − x̂1
si|� (11)

Since the model uses DS in both stages, i and j here represent the indices of the output images from the first and 
second stages respectively.

In the second stage of coloring, we continue to utilize the aforementioned GAN loss and content loss to 
regularize our model. Thus, the loss function we use for the second stage coloring with source domain images is:

	 L2
source = (LT S + L2

cont + αL2
GAN )e−βL1

source � (12)
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Here, to enable the model to adaptively learn based on the quality of proxy labeling, we have constructed an 
annealing function e−βL1

source  using the loss from the first stage of coloring to avoid poor local minima and 
enhance the stability of model training.

In summary, the loss function we use for regularizing the model with source domain images is defined as 
follows:

	 Lsource = L1
source + L2

source� (13)

The entire training process of the model is as shown in Algorithm 1.

Experiments
Dataset description
The tumor proliferation assessment challenge (TUPAC-2016) challenge dataset57 includes images of 73 breast 
cancer patients from three different pathology centers. These images were generated using a Leica SCN400 
scanner at a magnification of 40x, with a spatial resolution of 0.25 μm/pixel. Here, we select the image of the first 
patient in the training set as the target domain, with the remaining images serving as the source domain. The test 
set within the dataset is used to evaluate the model’s performance.

The mitos & atypia 14 (MITOS-ATYPIA-14) challenge dataset35 contains images at three different 
magnifications: 10X, 20X, and 40X. These images are scanned by two different scanners, the Aperio Scanscope 
XT and the Hamamatsu Nanozoomer 2.0-HT. In this paper, we use images scanned by the Aperio Scanscope 
XT from the training set as the source domain, while images scanned by the other scanner serve as the target 
domain, and we evaluate the model using the test set.

The ICIAR 2018 breast cancer histology (ICIAR-BACH-2018) grand challenge dataset58 is scanned by a 
LeicaDM 2000 LED microscope, with a spatial resolution of 0.42  μm/pixel. We select images with relatively 
balanced staining from the training set as the target domain, with the remaining images serving as the source 
domain. We continue to use the test set of this dataset to evaluate the model’s performance. Additionally, we 
use this dataset to verify the performance of the stain normalization model in downstream classification tasks.

The MICCAI’16 gland segmentation (MICCAI-16-GlaS) challenge dataset59 is scanned with a Zeiss MIRAX 
MIDI scanner at a 20X magnification. It includes 85 training images and 80 test images, where the test images 
are divided into a test part A with 60 images and a test part B with 20 images. All pathology images come with 
corresponding gland segmentation masks. In this paper, we combine the training set with test part A to form a 
new training set. For the stain normalization experiment, we select images with relatively uniform staining from 
the training set as the target domain, and the rest of the images as the source domain, while test part B is used 
to evaluate the model’s performance. To further assess the model’s impact on downstream tasks, we conducted 
gland segmentation experiments using this dataset.

Experiment setup
To evaluate the performance of the stain normalization model, we set up two sets of experiments: the quality 
assessment of stain-normalized images and the impact of stain normalization on downstream tasks.

Quality assessment of stain-normalized images
To evaluate the quality of images output by the model, we trained stain normalization models separately on 
the training sets of TUPAC-2016, MITOS-ATYPIA-14, ICIAR-BACH-2018, and MICCAI-16-GlaS, and 
then assessed the quality of stain-normalized images on the corresponding test sets. To confirm the model’s 
generalizability, we also designed cross-domain experiments, i.e., training on one dataset and testing on 
another. Specifically, we used the model trained on the MITOS-ATYPIA-14 dataset to test the quality of stain-
normalized images on the TUPAC-2016, ICIAR-BACH-2018, and MICCAI-16-GlaS datasets. Here, we selected 
the structure similarity index measure (SSIM)54, pearson correlation coefficient (PCC), and peak signal-to-noise 
ratio (PSNR)60 metrics to evaluate the quality of stain-normalized images. Since images have different color 
appearances before and after staining, we use images transformed into grayscale for quality evaluation.

The impact of stain normalization on downstream tasks
In this experiment, we separately evaluated the effect of stain normalization on classification performance 
and segmentation performance. Here, we uniformly performed stain normalization on images using a model 
trained on the MITOS-ATYPIA-14 dataset. For evaluating classification performance, we first applied stain 
normalization to all images in the ICIAR-BACH-2018 dataset, then trained a ResNet5061 classifier on its training 
set, and finally assessed classification performance on its test set. As evaluation metrics, we used accuracy, 
precision, and F1-score to measure the final impact of stain normalization on classification performance. For 
the assessment of segmentation performance, we first stain-normalized all images in the MICCAI-16-GlaS 
dataset and then trained a U-Net55 segmentation network on its training set, before evaluating segmentation 
performance on its test set. Here, we employed the dice similarity coefficient (Dice), intersection over union 
(IOU), and pixel accuracy (PA) as the evaluation metrics.

All experimental results are obtained using the PyTorch framework on an NVIDIA RTX 4090 GPU. In this 
paper, we resize all input images to a dimension of 256 × 256. To enhance the model’s robustness, we applied 
the same combination of data augmentation techniques during training, including Gaussian blur, contrast 
adjustment, and saturation adjustment. This approach is consistent with the image preprocessing steps used 
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in CAGAN. We use the same learning rate (lr = 0.0002) for both the generator and discriminator and train the 
model for 50 epochs with a batch size of 2 using the Adam optimizer. All experiments present the mean and 
standard deviation of 5 independent runs. Hyperparameters ω, λ, α, β are set to [0.1, 0.3, 0.6], [0.1, 0.2, 0.3, 0.4], 
0.5, 4, respectively.

Quality assessment of stain-normalized images
Quantitative comparison
For a fair comparison, we employ the same settings as existing methods and select the SSIM, PCC, and PSNR 
metrics to quantitatively evaluate the quality of the stain-normalized images. For these three metrics, higher 
values indicate that the textural information of the stain-normalized images is better preserved compared 
to the original images, the signal-to-noise ratio is higher, and thus the image quality is also better. Here, we 
compare traditional stain normalization methods with those based on deep learning. Specifically, traditional 
stain normalization methods include Macenko6, Reinhard7, and Vahadane34, while deep learning-based stain 
normalization methods comprise StainGAN11, SAASN38, and CAGAN42.

Quantitative comparisons of different methods across various datasets are shown in Tables 2 and 3. The SSIM 
metric considers three dimensions of an image: luminance, contrast, and structure; it focuses more on the visual 
effect and structural information of the image, aiming to simulate how the human eye evaluates image quality. As 
indicated in the tables, our proposed method achieves state-of-the-art performance in the SSIM criterion across 
all datasets, which is related to our utilization of SSIM loss on the grayscale images, LSSIM. The PCC metric, on 
the other hand, measures the linear correlation between corresponding pixel values of images before and after 
stain normalization, seeking to characterize the consistency of the image’s statistical distribution. Our method 
also achieves the best performance on the PCC metric and has a value very close to that of the SSIM metric, 
suggesting that images after stain normalization retain higher structural integrity and linear consistency when 
compared to the original images. Moreover, compared to currently advanced methods, our model also shows 
a significant advantage in the PSNR metric, indicating less noise in the stain-normalized images. In summary, 
the quantitative results of the within-domain comparison suggest that our proposed method outperforms both 
traditional and deep learning-based state-of-the-art methods. Additionally, Table 3 reports the time required to 
update parameters 10 times during training for GAN-based stain normalization methods (with a batch size of 
2) for readers’ reference.

In summary, our method achieved state-of-the-art performance in quantitative comparisons. Through 
analysis, it can be observed that methods based on linear models (e.g., Macenko, Reinhard, Vahadane) lack 
the ability to model nonlinear features effectively. While GAN-based methods introduce deep learning, they 
still face challenges in preserving high-frequency texture and structural information. StainGAN does not 
explicitly account for local texture details in high-resolution images, as its adversarial loss primarily focuses on 
global style matching rather than detail preservation. As a result, the generator may overlook high-frequency 
texture details, particularly when the GAN is undertrained or the dataset exhibits high diversity, leading to 
excessive texture smoothing. SAASN employs attention mechanisms to enhance local feature extraction, but 
it may overly focus on prominent regions while neglecting texture consistency in non-salient areas, resulting 

Method TUPAC-2016 MITOS-ATYPIA-14 ICIAR-BACH-2018 MICCAI-16-GlaS Time (s)

Macenko 16.108±0.017 19.231±0.031 22.108±0.236 19.714±0.397 –

Reinhard 15.088±0.051 17.401±0.111 21.752±0.068 18.650±0.252 –

Vahadane 15.057±0.010 20.520±0.002 23.547±0.006 25.665±0.061 –

StainGAN 25.732±0.444 24.419±0.519 26.493±0.528 24.196±0.521 2.208

SAASN 36.399±1.178 29.053±1.874 33.484±2.201 26.899±1.117 6.300

CAGAN 33.264±1.159 30.531±0.679 32.723±0.935 27.915±0.447 1.954

DSTGAN 39.130±0.844 37.628±2.635 38.399±1.750 34.147±0.892 3.274

Table 3.  PSNR comparison for different methods on each dataset, along with the time required for 10 training 
updates (in seconds) with a batch size of 2. Significant values are in bold.

 

Method

TUPAC-2016 MITOS-ATYPIA-14 ICIAR-BACH-2018 MICCAI-16-GlaS

SSIM PCC SSIM PCC SSIM PCC SSIM PCC

Macenko 0.524±0.001 0.773±0.001 0.769±0.003 0.891±0.002 0.866±0.001 0.951±0.002 0.798±0.007 0.944±0.003

Reinhard 0.492±0.001 0.752±0.001 0.772±0.001 0.885±0.001 0.871±0.001 0.967±0.001 0.936±0.002 0.980±0.002

Vahadane 0.508±0.001 0.750±0.001 0.793±0.001 0.909±0.001 0.905±0.001 0.973±0.001 0.951±0.001 0.983±0.001

StainGAN 0.833±0.013 0.912±0.020 0.844±0.012 0.924±0.006 0.923±0.009 0.961±0.005 0.897±0.034 0.964±0.013

SAASN 0.975±0.003 0.986±0.002 0.972±0.003 0.983±0.002 0.970±0.013 0.983±0.006 0.939±0.014 0.976±0.003

CAGAN 0.955±0.024 0.977±0.017 0.935±0.010 0.964±0.007 0.923±0.019 0.969±0.007 0.957±0.006 0.983±0.007

DSTGAN 0.985±0.001 0.992±0.001 0.984±0.002 0.991±0.001 0.984±0.003 0.992±0.001 0.975±0.003 0.990±0.001

Table 2.  SSIM and PCC comparison with different methods on each dataset. Significant values are in bold.
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in insufficient restoration of global texture information. CAGAN uses conditional GANs, which enhance 
flexibility in staining styles. However, this approach may introduce additional noise, especially in scenarios 
with imbalanced or insufficient training data. Under such conditions, the model tends to generate globally 
consistent styles at the expense of local details. Our proposed method introduces DS, which quickly learns the 
staining differences between two domains while retaining good texture information. Moreover, we utilized the 
concept of proxy-labeling in the source domain to design the TS strategy, making full use of the source domain 
dataset and to some extent overcoming the issue of small dataset sizes. Additionally, the generator built on the 
Swin Transformer architecture can capture global dependencies within images, enabling better preservation of 
detailed information in complex tissue structures.

Qualitative comparison
Here, we still use the existing methods and datasets mentioned in the quantitative comparison for a qualitative 
comparison, with the visualization of images before and after staining shown in Figs. 4 and 5. From the results, 
it can be observed that traditional staining normalization methods, such as the Macenko method, can generate 
images with more consistent colors, but the stained images tend to produce artifacts and accompany more noise. 
In contrast, images after staining normalization by the Vahadane method have better quality, but when there is 
a significant color difference between the source and target domain images in the dataset, the color consistency 
of the stained images is poor. For methods based on deep learning, there is much more flexibility in staining 
normalization, and the staining is more uniform. However, the StainGAN method based on CycleGAN tends to 
produce artifacts in the stained images, and the quality of the generated images is lower, which might be a more 
general issue with the CycleGAN model. In comparison, SAASN can generate better quality images, but the 

Fig. 4.  Staining normalization results for different methods on the TUPAC-2016 dataset (row one) and the 
MITOS-ATYPIA-14 dataset (row two). Blue boxes indicate regions with problematic image texture or color.
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stained-normalized images have a larger difference compared to the target domain. The more advanced CAGAN 
method introduces histogram loss, resulting in visually better staining consistency in the stained images but 
prone to edge artifacts, possibly due to the lack of constraints on image structure during training in the source 
domain. Since our method introduces structural similarity loss in the training within the source domain, it 
significantly retains structural information. Additionally, the design of the TS strategy in the training within 
the source domain further enhances the quality of the stained images. However, it is worth noting that GAN-
based methods exhibit varying degrees of white calibration issues in the visual results on the MICCAI-16-GlaS 
dataset (as shown in the second row), while Non-Negative Matrix Factorization (NMF)-based methods, such as 
Vahadane, handle this problem more effectively. This discrepancy could be attributed to the fact that GANs rely 
on global context and the learning capability of the generator. When blank regions are not explicitly handled, 
the generated results may “overfit” these regions, leading to erroneous staining of white areas. On the other 
hand, NMF-based methods leverage matrix decomposition, allowing for more direct control over the weighting 
of different components, thereby exhibiting greater robustness in processing white and uniform areas in input 
images. However, this also highlights a limitation of NMF methods: they may perform suboptimally in complex 
staining patterns, especially when dealing with nonlinear staining distributions, where GANs demonstrate 
greater flexibility.

To verify the generalizability of our model, we also conducted cross-dataset experiments. As shown in Fig. 6, 
we trained our model on the MITOS-ATYPIA-14 dataset and then tested it on the remaining three datasets. 
Here, we use SSIM and PSNR metrics to evaluate the quality of stain-normalized images, and we only make 
comparisons with deep learning methods. As can be inferred from the graph, our method achieves the best 

Fig. 5.  Staining normalization results for different methods on the ICIAR-BACH-2018 dataset (row one) and 
the MICCAI-16-GlaS dataset (row two). Blue boxes indicate regions with problematic image texture or color.
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SSIM and PSNR results in all three datasets. This is perhaps due to our use of a generator capable of capturing 
global semantic relationships, and the application of image grayscale conversion as input. This reduces color 
interference from different input images, thereby enhancing the proposed method’s generalization performance.

The impact of stain normalization on downstream tasks
In this experiment, we used the ICIAR-BACH-2018 dataset to compare the impact of various stain normalization 
methods on classification performance. This dataset contains pathological images of breast tissue in four 
categories: normal, benign, in situ, and invasive. This presents a more challenging task than simple binary 
classification. Moreover, the significant differences in staining styles of the dataset images also pose a challenge to 
the generalization capability of stain normalization algorithms based on deep learning. We first trained models 
using different stain normalization methods on the MITOS-ATYPIA-14 dataset, then applied these models for 
stain normalization on the ICIAR-BACH-2018 dataset, and finally performed the classification task using the 
stained dataset. For the classifier, we uniformly employed the ResNet50 network to conduct the four-category 
classification of the dataset, utilizing the same training and testing processes. The classification results are shown 
in Table 4.

From the results, it is apparent that due to the significant differences in the colors of the dataset images, the 
classification results using the original data were not ideal. However, after applying different stain normalization 
methods to process the dataset, there was a varying degree of improvement in classification performance, which 
proves the effectiveness of stain normalization methods. Among all the results, our method achieved the best 
performance, demonstrating that our method significantly improves classification performance.

Stain normalization in the segmentation task
In this experiment, we performed a segmentation task on the MICCAI-16-GlaS dataset and used different stain 
normalization methods as a preprocessing step. Specifically, we trained various stain normalization models 
on the MITOS-ATYPIA-14 dataset and then applied stain normalization to the MICCAI-16- GlaS dataset. 
To ensure fairness, we trained the U-Net network for the same number of epochs using the stain-normalized 
dataset and tested the segmentation performance on the corresponding test set. The experimental results are 
shown in Table 5.

Since the model primarily relies on color and texture differences in the tissue to complete the segmentation 
of glandular structures, this places high demands on the quality and color richness of the post-staining images. 
As seen in the table, the segmentation results obtained using the Macenko method as a preprocessing step were 
poor, which could be due to excessive noise introduced during the stain normalization process. In comparison, 
deep learning methods based on GANs achieved better results. However, even though StainGAN can generate 

Method Accuracy Precision F1-Score

Original 0.833±0.012 0.843±0.007 0.832±0.013

Macenko 0.853±0.022 0.861±0.024 0.851±0.022

Reinhard 0.835±0.017 0.841±0.015 0.833±0.019

Vahadane 0.858±0.012 0.863±0.013 0.857±0.013

StainGAN 0.860±0.013 0.864±0.012 0.858±0.013

SAASN 0.859±0.009 0.868±0.008 0.859±0.009

CAGAN 0.878±0.013 0.887±0.017 0.878±0.014

DSTGAN 0.885±0.013 0.896±0.012 0.884±0.013

Table 4.  Comparison of classification performance of different methods on iciar-bach-2018 dataset. Significant 
values are in bold.

 

Fig. 6.  Cross-domain comparison of SSIM (left) and PSNR (right) for different methods on each dataset 
(pretrained on MITOS-ATYPIA-14).
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images with more uniform colors, the stained images are prone to artifacts and lower image quality, which 
therefore constrains the segmentation performance. Relatively speaking, the SAASN and CAGAN methods can 
produce higher-quality images. Since images stained with CAGAN exhibit better color consistency and a higher 
PSNR index in cross-dataset experiments compared to SAASN, they achieved better segmentation performance. 
The method we proposed not only generates images with a more extensive color distribution visually but 
also exhibits higher image quality after stain normalization, thus effectively enhancing image segmentation 
performance and achieving the best results.

Ablation studies
We also studied the effectiveness of different loss functions and strategies within DSTGAN. Specifically, we 
analyzed the impact of histogram loss Lhist, SSIM loss LSSIM, content loss Lcont, the DS strategy, and the TS strategy 
on the quality of the stain-normalized images. Here, we utilized datasets with significant staining differences, 
TUPAC-2016 and ICIAR-BACH-2018, to perform both quantitative and qualitative analyses to verify the 
effectiveness of each component.

Quantitative comparison
Here, we continue to use SSIM, PCC, and PSNR metrics to measure the quality of the stain-normalized images. 
The experimental results are shown in Table 6. As can be seen from the table, due to the use of a generator built 
with the Swin Transformer, even if the model only uses the supervision loss from the target domain (Baseline 
model), it can still generate high-quality stain-normalized images. However, adding histogram loss Lhist in the 
TUPAC-2016 dataset led to a decrease in metrics, possibly because the staining style differences in that dataset 
are too large. To reduce the histogram distance between the target and source domain images, some areas were 
incorrectly stained, resulting in lower metrics. The inclusion of the SSIM loss LSSIM significantly improved the 
metrics (especially the SSIM metric), highlighting its importance in enhancing image quality. From a quantitative 
perspective, the content loss Lcont improved the signal-to-noise ratio of the images. The introduction of DS and 
TS strategies further amplified the efficacy of each component, enhancing the overall performance of the model.

Qualitative comparison
In this experiment, we demonstrate the stain normalization results on the TUPAC-2016 and ICIAR-BACH-2018 
datasets by sequentially adding different components, as shown in Fig. 7. From the qualitative results, we can 
observe that although the Baseline model without any components can achieve relatively good quantitative 
results, the color deviation in the images generated by the model is large. This was improved after the addition 
of histogram loss Lhist, validating the effectiveness of Lhist. However, at this stage, the stain-normalized images 
still exhibit obvious artifacts, likely due to the lack of constraints on image textures during training in the source 
domain. This issue was notably reduced after adding the SSIM loss LSSIM, which enhanced the image quality. 
The content loss Lcont further refined the texture information and color richness of the images by extracting 
deep semantic relationships, constraining the color and structural information of the images. From a qualitative 

TUPAC-2016 ICIAR-BACH-2018

SSIM PCC PSNR SSIM PCC PSNR

Baseline 0.972±0.007 0.984±0.004 34.490±1.068 0.969±0.002 0.987±0.001 33.560±0.874

Add Lhist 0.965±0.007 0.980±0.004 32.902±1.896 0.976±0.001 0.990±0.001 34.194±0.849

Add LSSIM 0.980±0.002 0.989±0.002 35.487±1.214 0.979±0.001 0.991±0.001 35.999±0.568

Add Lcont 0.979±0.002 0.989±0.001 35.972±0.685 0.979±0.002 0.991±0.001 36.303±0.525

Add DS 0.983±0.002 0.990±0.002 37.322±1.557 0.983±0.001 0.991±0.001 36.824±1.259

Add TS (DSTGAN) 0.985±0.001 0.992±0.001 39.130±0.844 0.984±0.003 0.992±0.001 38.399±1.750

Table 6.  Base line models are added sequentially with different loss functions or strategies on the 
TUPAC-2016 and ICIAR-BACH-2018 datasets with stained normalized results. Significant values are in bold.

 

Method Dice IOU PA

Original 0.818±0.003 0.726±0.004 0.824±0.006

Macenko 0.811±0.003 0.717±0.004 0.815±0.002

Reinhard 0.826±0.003 0.733±0.004 0.831±0.002

Vahadane 0.827±0.005 0.732±0.009 0.832±0.005

StainGAN 0.844±0.004 0.750±0.007 0.847±0.003

SAASN 0.848±0.002 0.753±0.003 0.855±0.004

CAGAN 0.850±0.008 0.741±0.010 0.858±0.007

DSTGAN 0.860±0.009 0.760±0.012 0.864±0.008

Table 5.  Comparison of segmentation performance of different methods on miccai-16-glas dataset. Significant 
values are in bold.
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perspective, the DS and TS strategies that we introduced resulted in more uniformly stained images post-
coloring and enriched the color and structure of the images, leading to a more realistic visual effect.

Limitations
Despite the good performance demonstrated by the method we proposed on the aforementioned four datasets, 
there are still limitations. First, because our model uses a generator built with the Swin Transformer, it requires 
a significant amount of computational resources and has a lengthy training time. Additionally, due to the 
introduction of the DS and TS strategies, the batch size we can train on a single NVIDIA RTX 4090 machine 
does not exceed 2. Furthermore, our model still suffers from training instability, resulting in a large standard 
deviation in the results of independent experiments. Lastly, the datasets we currently use are relatively small in 
volume, which to some extent impacts the performance that relies on large datasets for training, such as CAGAN, 
and thereby affects the fairness of the results. In future work, we plan to introduce techniques such as pruning 
and quantization to compress the model size, making it suitable for resource-constrained clinical devices. 
Additionally, we aim to address the challenge of multi-locus variations by adopting strategies like multimodal 
data fusion or adaptive feature extraction. To tackle the previously discussed issue of white calibration, we will 
consider refining the loss function or employing blank region masks to prevent the generator from performing 
unnecessary transformations in these areas. Finally, we will collect multi-source datasets from different hospitals 
and devices and conduct multi-center experiments to validate the model’s reliability and robustness in real-
world applications, further enhancing the stability of model training.

Conclusion
In this paper, we propose a Deep Supervision Two-stage Generative Adversarial Network (DSTGAN) for stain 
normalization, which effectively utilizes images from the source and target domains in the dataset and generates 
high-quality stain-normalized images. We constructed a powerful generator capable of capturing long-range 
dependencies using the Swin Transformer. Histogram loss was used to further constrain the color consistency 
of the images, and we introduced SSIM loss and content loss to regularize our model, enriching the texture 
information in the images. Additionally, we implemented deep supervision to further enhance the learning 
capability of the model, enabling it to generate high-quality images even in small-scale datasets. To fully utilize 
the images in the source domain, we designed a two-stage staining strategy, allowing the model to learn color 

Fig. 7.  Visualization results of the Base line model sequentially adding different loss functions or strategies on 
the TUPAC-2016 and ICIAR-BACH-2018 datasets.
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mapping relationships from unlabeled images in a semi-supervised manner. In the experimental stage, we 
conducted extensive evaluations of the model in four different datasets and evaluated the quality of the stain-
normalized images quantitatively and qualitatively, as well as analyzed the impact of the model on classification 
and segmentation performance. Experimental results suggest that our model not only generates high-quality and 
uniformly stained images, but also exhibits excellent generalizability, and effectively enhances the performance 
of classification and segmentation.

Data availability
The four datasets used in the paper are publicly available. The TUPAC-2016 dataset can be found at ​h​t​t​p​s​:​/​/​t​u​p​
a​c​.​g​r​a​n​d​-​c​h​a​l​l​e​n​g​e​.​o​r​g​/​​​​​; The MITOS-ATYPIA-14 dataset can be found at ​h​t​t​p​s​:​/​/​m​i​t​o​s​-​a​t​y​p​i​a​-​1​4​.​g​r​a​n​d​-​c​h​a​l​l​e​
n​g​e​.​o​r​g​/​​​​​; The ICIAR-BACH-2018 dataset can be found at https://iciar2018-challenge.grand-challenge.org/; The 
MICCAI-16-GlaS dataset can be found at ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​k​a​g​g​l​​e​.​c​​o​m​​/​d​a​t​a​s​​e​​t​s​/​s​​a​n​​i​8​4​/​​g​l​a​s​m​​i​c​c​a​i​2​​0​1​5​-​g​​l​a​n​d​-​s​e​g​m​
e​n​t​a​t​i​o​n.
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