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Abstract. Pathological examination is the gold standard for the diagnosis of
cancer. In general, common pathological examinations include hematoxylin-
eosin (H&E) staining and immunohistochemistry. H&E staining examination
has the advantages of short dyeing duration and low cost, which is the most
common one in the clinical practice. However, in some cases, the pathologist is
hard to conduct an accurate diagnosis of cancer only according to the H&E
staining images. Whereas, the immunohistochemistry examination can further
provide enough evidence for the diagnosis process. Hence, the generation of
virtual Ki-67 staining sections from H&E staining sections by computer assisted
technology will be a good creative solution. Currently, this is still a challenge
due to the lack of pixel-level paired data. In this paper, we propose a new
method based on Cycle-GAN to generate Ki-67 staining images from the
available H&E images, and our method is validated on a neuroendocrine tumor
dataset. Massive experiment results show that the addition of skip connection
and structural consistency constraint can further improve the performance of
Cycle-GAN in unpaired pathological image-to-image transfer tasks. The quan-
tification evaluation demonstrates that our proposed method achieves the state of
art and reveals significant potential in clinical virtual staining.
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1 Introduction

As the gold standard for pathological diagnosis, pathological slices have significant
application value in clinical and scientific research. The pathologists perform the
pathological diagnosis and evaluation through microscopic examination of the patho-
logical section, which is time-consuming and laborious. The digitization of patholog-
ical slices is considered to be an important turning point in the development of
pathology [1]. The stained slices can be obtained with a full-scale digital image
(WSI) through a professional scanner, making the transmission and storage of patho-
logical slices safer and more convenient.
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Hematoxylin-eosin staining (H&E) is a common pathological examination and is
widely used in clinic [2]. It has the advantages of high efficiency and low cost. The
cells and tissues components can be clearly identified by the pathologists, and the
cancer can be initially diagnosed and graded. However, there still need enough contrast
to differentiate some low-grade cancer areas, which can be diagnosed with immuno-
histochemistry staining (IHC). IHC is a molecular-level staining [3]. It uses the prin-
ciple of antigen-antibody binding, and the chemical reaction can bind the chromogen
with labeled antibody to intracellular antigen. Meanwhile, the Ki-67 protein is a cel-
lular marker and can be used in IHC, which is a proliferating cell-associated antigen,
and can be used for qualitative and quantitative studies of cancer based on its staining
results. However, Ki-67 IHC examination takes a long time and has a high cost. Hence,
the generation of virtual Ki-67 staining sections from H&E staining sections by
computer assisted technology will be a good creative solution.

In recent years, the deep convolution neural networks (DCNN) have received more
and more attention in many aspects of medical image analysis, such as X-ray [4], CT
[5], PET [6] and MRI [7, 8], which makes better use of contextual information and
extracts powerful high-level features. Furthermore, it is also suitable for the analysis
and mining of pathological data with large data volume. At present, the application of
deep learning in the analysis of pathological slices mainly focuses on three aspects: the
segmentation and detection of cells or tissues, the classification of tissue levels, and the
classification of cancer grades. However, the most current DCNNs belong to super-
vised learning, which requires a lot of annotation information. Therefore, artificial
intelligence pathological slices analysis has not been applied in clinical practice, and
further research is needed.
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Fig. 1. Examples of H&E and Ki-67 staining image. (a) and (c) are the H&E staining patches;
(b) and (d) are the corresponding Ki-67 staining patches.

Generating virtual Ki-67 staining images from H&E staining images is a chal-
lenging task due to three reasons: first, most of the DCNN-based image synthesis
methods require a large number of registered image pairs, like Pix2pix, which is
infeasible to obtain paired H&E/Ki-67 staining images in clinical practice; second, the
image appearance between two different image modalities can be significantly different.
For instance, hematoxylin principally stains cell nuclei blue or dark-purple, and eosin
stains the extracellular matrix and cytoplasm pink, however, in Ki-67 staining image,
Ki-67-positive tumor cells will be stained to be brown, and the Ki-67-negative ones
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will be colored blue, as shown in Fig. 1; third, the field of view between two different
modalities can be different, and some voxels in one modality might not have corre-
spondences in the other modality. At present, most of the available rough paired
pathological images stained from two adjacent slices in the same part. In addition,
currently there are few rigidly paired HE and IHC images, because the processes of de-
staining and re-staining will destroy the original tissue structure of the slice.

In this paper, we explored the potential of deep learning in unpaired image-to-
image transformation in the field of histopathological analysis. We propose a new
method to generate virtual Ki-67 staining images from H&E staining images. First, we
employ the combination of structural similarity constraint and mean squared error
constraint as cycle loss to improve the synthesis quality of virtual staining images.
Second, the skip connections are added between the encoder and decoder of generators,
which provide more texture information under different resolutions for the stain
transformation process. In addition, the experimental results demonstrate that our
method can achieve better virtual Ki-67 staining image synthesis results both quali-
tatively and quantitatively compared with Cycle-GAN.

2 Related Work

The generation of virtual Ki-67 staining images is similar to some natural image related
tasks like style transfer, image synthesis, image super-resolution. For these tasks,
generative adversarial networks (GANs) [9], has gained more and more attention from
the researchers. The GAN contains two sub-networks, one is generator and the other is
discriminator. Under the specific constraint, the generator is employed to generate fake
similar data which then is used to fool the discriminator; the discriminator is trained by
both real data and fake similar data, which is employed to differentiate the fake similar
data from the real data. The generator and the discriminator compete against each other.
Once the discriminator cannot distinguish the authenticity of the image, it means that
the generator has learned to model the distribution of the input data appropriately. Not
only natural image processing, but GAN is also a pretty hopeful approach for patho-
logical image analysis.

At present, the common GANSs include conditional generation adversarial Network
(CGAN), Pix2pix and cyclic adversarial network (Cycle-GAN), etc. CGAN is based on
the GAN network and adds conditional constraints to the generator and discriminator.
The condition can be labels or other modal information [10]. The Pix2pix network can
be used to translate pixel-level paired images, which can convert the image’s expres-
sion while ensuring semantics [11]. The Cycle-GAN can be used to do style transfer
between unpaired images, such as horses to zebras, and apples to oranges [12].

In general, most available clinical data is lack of the semantic annotations, and
different modality data are not rigidly registered. Hence, Cycle-GAN shows significant
potential in clinical pathological image analysis. Currently, stain normalization is the
most common uses of Cycle-GAN in pathological image processing. Stain normal-
ization can be also regarded as a basic simple form of staining transfer, which mainly
focuses on reducing the staining variance among slides caused by different staining
protocols and scanners.
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3 Method

Generally, the design idea of GAN is one-way from the perspective of information
flow. In the absence of unpaired images, GAN may cause different H&E staining
images to be mapped to the same KI-67 staining image. Compared with GAN, Cycle-
GAN is one of the state-of-the-art unpaired image synthesis algorithms, which intro-
duces two cycle consistency losses. It contains two generators Gy -xis7 and Gis7-ro-
ur and two associated adversarial discriminators Dyr and Dgis7.

3.1 Overview

Based on the Cycle-GAN basic concept, our framework, as depicted in Fig. 2, transfer
the H&E staining domain to the Ki-67 staining domain, without the need of paired
images from both domains. It consists of two generator and discriminator pairs: the
first pair (Gpgio-xis7 and Dgis;) and the second pair (Ggis7.o-ne and Dgg).
The generator Gy s-kis7 tries to map images from domain H&E to domain Ki-67,
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Fig. 2. An overview of our framework. Real H&E gets fake Ki-67 through Gyg._0-kis7, and then
gets reconstructed H&E through Ggis7.40.pe. Similarly, real Ki-67 gets fake H&E through
Gris7-10-uE> and then gets reconstructed Ki-67 through Gy .-xis7. There are two discriminators,
among which Dpygr can discriminate the authenticity of H&E; Dg;s7 can discriminate the
authenticity of Ki-67.
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Gyr.io-xis7: SHE — Skis7; While the generator Ggis7.o-g tries to map images from
domain Ki-67 to domain H&E, Gis7.io-te: Skis7— Sug. The discriminator Dy g7 tries
to verify if images come from the real domain Ki-67 or the fake generated ones.
Similarly, the discriminator Dy, tries to verify if images come from the real domain
H&E or the fake generated ones.

In the encoder part of each generator, the staining images with the size of 288 X
288 x 3 is cropped from whole slice image as input. The encoder starts with a con-
volution with a kernel size of 7 x 7 and stride of 1. In order to maintain the spatial
continuity of features, there does not exist any pooling operation, which is instead by
the convolution with a stride of 2. It is worth to note that each convolution layer, as
shown in Fig. 2, is a series of operations, i.e. convolution with a kernel of 3 x 3,
instance normalization, and ‘Leaky ReLLU’ activation layer. Thus, the input image is
down-sampled from 288 x 288 to 36 x 36 after three convolutions with the stride of 2.
The following part architecture is feature extractor which consists of ten residual
convolution blocks, as shown by red arrow in Fig. 2. In the decoder part, it aims to
recover the resolution of the feature map from 36 x 36 to 288 x 288, deconvolution
with the kernel of 3 x 3 and strider of 2 is adopted to up-sample the feature
map. Finally, the virtual staining image is obtained by a 7 x 7 convolution and a ‘tanh’
activation function. In addition, the skip connections are added between the encoder
and decoder at the same resolution, thus more low-level features are integrated into the
finally recovered feature map, and the fusion of features of different scales is also
achieved in this process.

3.2 Loss Function

The overall optimization function used to train the designed framework includes a
combination of adversarial loss, cycle consistency loss and structural cycle consistency
loss based on the structural similarity index (SSIM), which is as followed:

L= ‘cadv + i‘ccycle + ﬁ‘cssim

where L4, is the adversarial loss; L. is the cycle consistency loss, and 4 is a
regularization parameter for consistency loss; Ly, is the structural cycle consistency
loss, and f3 is the associated regularization parameter.

Adversarial Loss, is employed to match the distribution of the generated images to
that of the target domain, and match the distribution of the generated target domain

back to the source domain as Logy = Lo3E + LX7 where £L8YE and £57 are defined
as
H&E
Léan = Esyee ~p(sucr) 108 Drgr(Sner)]

+ Esger ~p(sisr) 102 (1 — Drge(Grisr—10-E(Skis7)))]
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and,

'Cgfc?;] = ]ESK167 ~ p(Skie7) [IOg Dxig7 (SKi67)]

+ Es, o ~p(sues) 10€ (1 — Dxis7(Gug—10-kis1(Suge))))

Cycle Consistency Loss. To alleviate the lack of ground truth images for the fake
images generated in a particular domain, the image is mapped back to its source
domain using the reverse mapping function. This loss component ensures that the
reconstructed images preserve similar structure as in the source domain. In addition,
this loss goes in both directions forward and backward cycles to assure stability, which
is given as

Leyete = Eser ~p(sier) || Grie—ro—kier(Gkior—10—nE (Skis?)) — Sier|l ]

+ Esper ~p(uce) | Gki6T-t0—1E(GrE-10-Ki67(Snecr)) — Suecell ]

Structural Cycle Consistency Loss. In some cases, the reconstructed images are
likely to have a distinct color distribution than any of the sub-domains. Therefore,
minimizing the L1 distance between the source and the reconstructed images alone is
not an effective way to ensure cycle consistency. We introduce the structural cycle
consistency loss to our model to regulate the structural changes between the input and
output images. This loss is calculated based on the SSIM which has been used for
assessing the image quality in many related studies [13]. The SSIM is defined as
followed,

(Znu)auy + cl) (2O'xy + Cz)

SSIM (x,y) =
(uﬁ + 1 +C1) (Gﬁ + 03 +02>

where p,, p, are the mean of a fixed window (N X N) centered as the pixel, oy, oy are
the standard derivations, o,, is the covariance. ¢; and ¢ are stabilizing factors that
prevent the denominator from being zero. Hence, the structural cycle consistency loss
can be formulated as:

Lysim = 2 — SSIM (G —10—kis7(Gkis1—10—HE (Ski67) ) , Ski67)
— SSIM (Gki67—10—HE(GHE—t0—ki67(SH&E) ) s SHEE)

4 Dataset and Implementation

4.1 Dataset

In this work, our model is validated on a neuroendocrine tumor dataset which is
collected from Peking University Shenzhen Hospital. During data collection, two slices
were consecutively cut at the same site of each patient for pathological examination,
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one of which was stained with H&E dyes, and the other was processed with Ki-67
antibody. These slices were saved in the archives of the Department of Pathology,
Peking University Shenzhen Hospital. The head of the Department of Pathology
approved the use of the samples in this study. The samples were anonymous, and all
patient-related data and unique identifiers were deleted. These procedures are carried
out under the supervision and approval of the Ethics Committee of Peking University
Shenzhen Hospital.

Our experiment dataset consists of 180 pairs H&E and Ki-67 staining images with
the size of 6000 x 6000, which are basically similar in tissue structure but not pixel-
level matched. All of the images were scanned at 40 x with Slide Scanner Systems. We
divide the total of the 180 pairs images into training and test set with 150 pairs and 30
pairs respectively. For the testing sets, the consecutive slide images are registered to
each other using an alignment technique that constructs a coarse pose transformation
matrix to perform an initial alignment of the tissue, then dynamically warps the Ki-67
to the respective H&E staining image. Due to memory limitations, all high-resolution
training images were split into 288 x 288 tiles with 144 overlap at 20x magnification
factor. After tiling, our training dataset contains about 60000 H&E 288 x 288 RGB
tiles and 60000 Ki-67 288 x 288 RGB tiles.

4.2 Implementation Details

All the parameters in the convolutional layers are initialized according to Xavier et al.’s
work [14]. The parameter values of A =5, § = 5 are chosen for the model, and Adam
optimizer [15] is utilized to minimize the loss. Meanwhile, the batch size is set to 4, and
the learning rate is set as 0.0002 initially and decreases using exponential decay with
the decay rate of 0.9 and the decay epoch of 2. The network is trained on a computer
with Intel Core i7-6850 k CPU, 128 GB RAM, and three NVidia GTX 1080-Ti GPUs.

5 Results and Evaluation

5.1 Improvement of Details Expression

We evaluate and compare our method to several variants of Cycle-GAN architecture by
measuring four different evaluation metrics, i.e. SSIM [13], multi-scale structural
similarity index (MS-SSIM) [16], Peak Signal to Noise Ratio (PSNR) and Mean
Absolute Error (MAE), between the reconstructed H&E staining images and source
H&E staining images.

Four evaluation metrics value of different methods that are calculated at different
epochs are presented in Fig. 3. Compared with the other three Cycle-GAN variants, our
proposed method shows a significant improvement. Meanwhile, the variant, Cycle-
GAN with skip connection, and the variant, Cycle-GAN with structural cycle consis-
tency loss, also achieve a relatively equal improvement, which means that both the skip
connection and structural cycle consistency loss can further improve the quality of
generated images on detail expression. In addition, more intuitive results are shown in
Fig. 4.



144

S. Liu et al.

MS_SSIM

8

1 3 5
EPOCH

——CycleGAN

——CycleGAN+Skip
Connection

e CycleGAN+SSIM

CycleGAN+Skip
Connection+SSIM

——CyclcGAN

——CycleGAN+Skip
Connection

CycleGAN+SSIM

= CycleGAN+Skip
ConnectiontSSIM

MAE

5
EPOCH

EPOCH

——CycleGAN

——CyeleGAN+Skip
Connection

= CycleGAN+SSIM

CycleGAN+Skip
Connection+SSIM

——CycleGAN
= CycleGAN+Skip
Connection

——CycleGAN+SSIM

= CycleGAN+Skip
Connection+SSIM

Fig. 3. Four evaluation metrics value of different methods at different epochs. CycleGAN + skip
connection: Cycle-GAN with skip connection; CycleGAN + SSIM: CycleGAN with structural
cycle consistency loss; CycleGAN + skip connection + SSIM: CycleGAN with skip connection

and structural cycle consistency loss (our proposed).
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Fig. 4. The columns from left to right correspond to original image, reconstructed image, and
residual map; the rows from I to IV correspond to CycleGAN, CycleGAN + skip connection,
CycleGAN + SSIM, and CycleGAN + skip connection + SSIM (our proposed).
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5.2 Generation of Virtual Ki-67 Staining Image

Since our original data is not pixel-level paired, the spatial structure and pixel-level
evaluation strategy are not suitable for this task. Several mainly correlated features are
selected from the second layer of resnetl8, then the average value of each channel
feature is calculated, so that the generated staining image can be expressed by a
channel-level vector. Then the perceptual hash algorithm [17] is employed to calculate
the correlation between the generated staining image and the referenced staining image.
The visual comparison is shown in Fig. 5, where the image generated by our proposed
method is obviously superior to the others’ results. Furthermore, the quantification
evaluation result is presented in Table 1. Our proposed method achieves the state of art
with the P-hash performance of 0.7767.

) ’ T @ ®

Fig. 5. Experiment results with different methods. (a) original H&E image; (d) referenced Ki-67
image; (b) generated Ki-67 image by CycleGAN; (c) generated Ki-67 from CycleGAN + skip
connection; (e) generated Ki-67 from CycleGAN + SSIM; (f) generated Ki-67 from CycleGAN +
skip connection + SIM (our proposed).

Table 1. Perceptual hash based on resenetl8 of different methods.

Methods P-hash

CycleGAN 0.7366 £ 0.2015
CycleGAN + Skip connection 0.7544 + 0.2097
CycleGAN + SSIM 0.7545 £ 0.1939
CycleGAN + Skip connection + SSIM | 0.7767 £ 0.1870

6 Conclusion

In the paper, we presented a method for the virtual staining task based on an improved
Cycle-GAN. Our experiments revealed that our method significantly outperforms the
state of the art. The visual appearance of different methods can be seen in Fig. 5. It
clearly shows that the generated staining images are very similar to the referenced
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staining image. However, due to the lack of pixel-level paired data, we cannot guar-
antee that each pixel in the H&E staining images is correctly mapped to the real Ki-67
staining domain, and there is still more room for improvement, for example, the
generated Ki-67 staining image should keep same pathological presentation with the
source H&E staining image. Hence, there are still certain challenges in clinical
application and popularization.
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