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Abstract In the context of kidney transplant, histopathological images and deep
learning are powerful tools to help keep track of diseases related with transplant
rejection. However, the training of neural networks require huge amounts of data
that are not always available due to the lack of annotation. The use of synthetic
data to train algorithms has been proven effective even in medical imaging. We
aim at providing a pipeline composed of Generative Adversarial Networks to
produce high resolution glomeruli patches that can be used to train a segmen-
tation network. As it is still a work in progress, we focus in this article on the
second part of the pipeline : generating images from segmentation masks. We
use image translation techniques and in particular the Pix2Pix network. We show
that adding structure maps to the input and a regularizing loss helps mitigate the
issue of mode collapse and produce good looking results.

1 Introduction
Every year, thousands of patients around the world undergo kidney transplant surgery,

while other thousands die while on the waiting list. In this context, the study of kidney trans-
plant rejection is crucial in order to save more lives. Interstitial Fibrosis and Tubular Atrophy
(IFTA) and glomerulosclerosis are two pathologies associated with chronic kidney transplant
rejection. The study of these pathologies could lead to a better understanding of the mecha-
nisms behind transplant rejection, and thus help reduce the loss of transplanted organs. To do
so, researchers and practitioners can rely on Whole Slide Imaging (WSI) and the development
of digital histopathology. The objects of interest in these extremely high resolution images are
glomeruli, clusters of blood vessels allowing blood filtration. To this end, we need to detect
and segment glomeruli on patches extracted from the complete images.

Deep Learning has revolutionized the area of image processing, providing powerful tools
to automatically accomplish various tasks such as image recognition (Krizhevsky et al., 2012),
voice generation (van den Oord et al., 2016) or self-driving cars (Santana and Hotz, 2016),
with great success, sometimes outperforming humans (He et al., 2015; Mnih et al., 2015).
In the field of medical images, Deep Learning is closing the gap between clinicians and AI
performances (Liu et al., 2019) allowing them to process those images faster, with more ac-
curacy. However the application of Deep Learning on medical images comes with its own set
of limitations, one of the main being the lack of annotated data. This is in particular true for
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histopathological images and the challenge we are tackling. The segmentation of many WSI
requires expert knowledge and is an extremely time consuming task, and as a result an expen-
sive one. Moreover, privacy issues make it difficult for researchers to share their data, making
it difficult to collect large databases on which we could test the algorithms of the community,
providing a common reference to evaluate their performances.

To cope with the lake of data, new architectures and training procedures have been pro-
posed. A standard procedure in Deep Learning is to artificially augment the size of databases
is the use of random affine transformations (rotations, translations, scaling) on the training set
(Krizhevsky et al., 2012). In (Ronneberger et al., 2015), the authors propose a deep neural net-
work, U-Net, to segment medical images, as well as elastic transformations to augment their
database. U-Net can be train with less data while outperforming previous architectures on the
ISBI challenge. We will detail the architecture in section 3. In (Lampert et al., 2019), the
authors propose a procedure to learn the segmentation of glomeruli on images with different
staining. To go further, a new approach has aroused in recent years : training networks with
synthetic data (Nikolenko, 2019).

This approach has been made far more efficient with the introduction of Generative Adver-
sarial Networks (GANs) in 2014 (Goodfellow et al., 2014). Their goal is to learn an implicit
representation of a dataset distribution that can be sampled to produce new data. GANs are
composed of a pair of Neural Networks : a generator and a discriminator. The generator takes
random noise as input and output a data (an image in our case). The discriminator takes a data
(real or fake) as input, and outputs a digit indicating if the data is real or fake. Both networks
are trained together in a competitive manner, until G learns the data distribution and D is not
able to differentiate between fake and real data anymore. GANs have made quick progress
and took many forms, from Convolutional GANs (Radford et al., 2015) to Conditional GANs
(Odena et al., 2016). They are now able to synthesize high resolution images with astonishing
realism (Karas et al., 2018; Karras et al., 2018; Park et al., 2019). GANs still suffer from a few
drawbacks : they are notoriously difficult to train, require careful hyper-parameter tuning and
have difficulties to produce diverse results (Goodfellow, 2017; Lucic et al., 2018; Salimans
et al., 2017; Arjovsky and Bottou, 2017). Indeed, they have a tendency to focus on only a
few mode of the data distribution. This issue is known as mode collapse. Many tricks have
been proposed in the literature to solve it (Metz et al., 2016; Mao et al., 2019; Che et al.,
2016; Arjovsky et al., 2017; Srivastava et al., 2017), but they seem to work only with specific
architectures or datasets.

GANs have been used in medical images to help enhance the results of Deep Learning
methods on various tasks (reconstruction, registration, segmentation, detection...), as high-
lighted by the recent review (Yi et al., 2018). Conditional GANs and in particular the ones
performing image domain translation such as Pix2Pix (Isola et al., 2016) and CycleGAN (Zhu
et al., 2017) are popular in the field. The use of synthetic data to train classification or segmen-
tation algorithms in the medical field has been proven effective (Mahmood et al., 2018; Xiao
et al., 2019; Frid-Adar et al., 2018; Hou et al., 2017; Senaras et al., 2018). Our aim in this paper
is to propose a new pipeline able to generate high resolution synthetic glomeruli patches. We
validate our results by two different means : a perception study with experts, and the training
of a U-Net with our synthetic data. 1

1. The first part of the pipeline and the complete analysis of the results are still a work in progress and will not be
shown in this version of the paper. The conclusion will be modified accordingly.
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FIG. 1 – Example of glomeruli patches with associated segmentation masks.

2 Materials

We have at our disposal 10 annotated WSI from different patients and with different stain-
ing, distributed between training, testing and validating set. We extracted patches centered
around glomeruli from those images with the corresponding annotation, which is a segmen-
tation mask. See figure 1 for examples. These patches are usually used to train a U-Net for
segmentation purposes (Lampert et al., 2019). In this article, we will use the training set to
train GANs and then use the produced synthetic data to train the network from (Lampert et al.,
2019). To simplify the problem and ease the conduct of our experimentations, we focused on
only one staining. In the end, we have 660 pairs of glomeruli and mask with a 256*256 size.

Glomeruli patches are difficult to synthesize because the size of the object of interest is
large with respect to the size of the image. we have to reproduce the global structure and local
patterns. Thus we can not process it as a stochastic texture only. To do so, GANs are promising
tools that may help us captures semantic information at different scale levels.

In order to use our synthetic data to train a U-Net, we need to generate a glomeruli patch
and the corresponding mask at the same time. To do so, we first imagined to seperate the
problem into two parts : generating a new mask, then generating a new glomerulus with respect
to this mask. In this article, we focus on the second step. To generate a glomerulus that respects
the constraints imposed by a mask, we use Pix2Pix (Isola et al., 2016), as it takes a semantic
label map as input and outputs the corresponding image. However Pix2Pix severely suffers
from mode collapse, has already mentioned in the original paper. As a result, the generator
always outputs the same image, even when feed with different inputs, as highlighted by figure
2.

In order to tackle the issue of mode collapse, we propose to add information to the input of
our generator, in the form of structure maps. Those structure maps are binary images obtained
by thresholding the glomeruli images, as show in figure 3. Our input is now the concatena-
tion of a mask and a structure map. By this mean we give more constraints to the generator
and completely avoid mode collapse during the image translation phase, as will be shown in
the Results section. The issue is not completely solved as we merely moved the burden of
generating diversity to a structure and mask generation phase.
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FIG. 2 – Illustration of mode collapse. The generator always outputs the same texture content,
no matter the input.

FIG. 3 – Example of glomeruli patches with associated structure map.

3 Methods

3.1 U-Net description
U-Net (Ronneberger et al., 2015) is a network with two branches : one that performs

data compression with downsampling layers and the other that upscale the data back to its
original resolution, just like auto-encoders (Rumelhart et al., 1986). The difference between
auto-encoders and U-Net is the presence of skip connections that connect the two branches,
allowing information to flow from one side to the other. See figure 4 for details on the original
architecture.

3.2 GAN description
A GAN is composed of two networks : a generator (G) and a discriminator (D). We

denote pdata the distribution of the data and pg the distribution learned by G. We note pz the
distribution from which we sample a random vector z, used as input for G. G and D play a
zero sum game, described by the following equation (Goodfellow et al., 2014) :

min
G

max
D

L(D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (1)

Theoretically there exists a optimum for this game when pg = pdata, but it is notoriously
difficult to find, especially with the stochastic gradient descent techniques used to train neural
networks.

3.3 Generating images using a U-Net : mode seeking Pix2pix
Pix2pix is an image translation model, a type of Conditional GAN that takes a label map as

input and produce an image as output. It uses a U-Net as generator and can be used to generate
images from sketches. The GAN equation is then modified. G now learns a mapping from
an image x to an image y. In our case, x is the concatenation of a mask and a structure map.
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FIG. 4 – Original U-Net architecture. (Ronneberger et al., 2015)

In the Conditional GAN framework, D usually receives as input the concatenation of x and
y, in order to give poor rating to an image that does not correspond with the condition, not
matter how realistic it may be. However not feeding x to D helps reduce mode collapse, so we
only feed y as for classic GANs, at the price of a slight loss in visual quality. It gives us the
following modified equation :

min
G

max
D

LcGAN (D,G) = Ex,y∼pdata(x,y)[logD(y)] + Ex∼pdata(x)[log(1−D(G(x)))] (2)

The authors also found that adding a L1 distance between the output of G and the real
image from the dataset helps to reduce blurring :

LL1(G) = Ex,y∼pdata(x,y)[||y−G(x)||1] (3)

To that we add a regularizing loss inspired by Mode Seeking GANs (Mao et al., 2019). It
aims at reducing mode collapse in the case of conditional GANs by penalizing the generator if
it produces similar images for two different condition masks x1 and x2 :

Lms(G) = Ex1∼pdata(x1),x2∼pdata(x2)
||x1 − x2||1

||G(x1)−G(x2)||1
(4)

Which gives us the expression of our optimal generator :

G∗ = argmin
G

max
D

LcGAN (D,G) + λLL1(G) + µLms(G) (5)

We set λ = 10 and µ = 10. We train both our networks with the Adam optimizer, with the
following parameters : learning rate = 0.0002, β1 = 0.5 and β2 = 0.999, batch size = 1. The
complete model of G and D is given in the appendix.
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FIG. 5 – Results from our modified Pix2Pix tested on real structure maps and masks. First
row : input structure maps, second row : input masks, third row : results.

FIG. 6 – First row : results when training with no regularizing loss. Second row : results
when training with no structure maps. In both cases, mode collapse still occurs and the visual
quality of the generated samples is not convincing enough.

4 Results

4.1 Images generated by our mode seeking Pix2Pix

We visually selected twelve epochs with appealing results during training and tested the
generator on unseen data. Those data are real masks and structure maps coming from the
test set. We show in figure 5 four randomly selected samples from the results. As can be
seen here and in the appendix, the images are of very high visual quality and mode collapse
is non-existent. The texture created by the generator perfectly matches the structure given as
input.

4.2 Ablation study

The use of structure maps and the Lms term are both mandatory to obtain good results. We
trained two different models, one using only masks and Lms and the other using masks and
structure maps but not Lms. As we show in figure 6, both models collapse and output poor
looking results.

We add results obtained when feeding the discriminator with the condition as mention in
section 3. The mode collapse effect is not as prominent as in 6, but still visible, especially near
the center of the image.
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FIG. 7 – Results when feeding the condition to the discriminator. Mode collapse is still an
issue in this case, even if not highly visible.

5 Conclusion

In this article we exposed the first part of a work in progress. We showed how we can
modify an existing image translation model (Pix2Pix) to produce high quality images and alle-
viate the mode collapse issue. This improvement is made possible by two key ingredients : the
use of structure maps to give more constraints to the input of our generator and a regularizing
loss term to stabilize the model convergence. This constitutes the second part of our planned
pipeline.

The first part of the pipeline is still worked on and will be crucial to our application. We
have now to synthesize masks and structure maps of enough quality to feed our modified
Pix2Pix, but also with enough diversity so that we can use the images produced by the complete
pipeline as a training set.

When the pipeline is complete, we will be able to validate our method by two different
means. First a perception study with histopatholgy experts to see if our images can fool the hu-
man eye, then a quantitative study to check if a segmentation network trained by our synthetic
images can generalize well on real images.
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Appendix 1 : Model description
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Layer Output shape Number of parameters
input (1, 256, 256, 2) 0
conv2d (1, 128, 128, 64) 1664
leaky ReLU (1, 128, 128, 64) 0
conv2d (1, 64, 64, 128) 205184
leaky ReLU (1, 64, 64, 128) 0
conv2d (1, 32, 32, 256) 819968
leaky ReLU (1, 32, 32, 256) 0
conv2d (1, 16, 16, 512) 3278336
leaky ReLU (1, 16, 16, 512) 0
conv2d (1, 8, 8, 512) 6555136
leaky ReLU (1, 8, 8, 512) 0
conv2d (1, 4, 4, 512) 6555136
leaky ReLU (1, 4, 4, 512) 0
conv2d (1, 2, 2, 512) 6555136
leaky ReLU (1, 2, 2, 512) 0
conv2d (1, 1, 1, 512) 655513
ReLU (1, 1, 1, 512) 0
deconv2d (1, 2, 2, 512) 6555136
dropout (1, 2, 2, 512) 0
concatenation (1, 2, 2, 1024) 0
ReLU (1, 2, 2, 1024) 0
deconv2d (1, 4, 4, 512) 13108736
dropout (1, 4, 4, 512) 0
concatenation (1, 4, 4, 1024) 0
ReLU (1, 4, 4, 1024) 0
deconv2d (1, 8, 8, 512) 13108736
dropout (1, 8, 8, 512) 0
concatenation (1, 8, 8, 1024) 0
ReLU (1, 8, 8, 1024) 0
deconv2d (1, 16, 16, 512) 13108736
concatenation (1, 2, 2, 1024) 0
ReLU (1, 16, 16, 1024) 0
deconv2d (1, 32, 32, 256) 6554368
concatenation (1, 2, 2, 512) 0
ReLU (1, 32, 32, 512) 0
deconv2d (1, 64, 64, 128) 1638784
concatenation (1, 2, 2, 256) 0
ReLU (1, 64, 64, 256) 0
deconv2d (1, 128, 128, 64) 409792
concatenation (1, 2, 2, 128) 0
ReLU (1, 128, 128, 128) 0
deconv2d (1, 256, 256, 3) 9603

TAB. 1 – Pix2Pix generator model
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Layer Output shape Number of parameters
input (1, 256, 256, 3) 0
conv2d (1, 128, 128, 64) 4864
leaky ReLU (1, 128, 128, 64) 0
conv2d (1, 64, 64, 128) 205184
leaky ReLU (1, 64, 64, 128) 0
conv2d (1, 32, 32, 256) 819968
leaky ReLU (1, 32, 32, 256) 0
conv2d (1, 32, 32, 512) 3278336
leaky ReLU (1, 32, 32, 512) 0
reshape (1, 524288) 0
linear (1, 1) 0

TAB. 2 – Pix2Pix discriminator model

Appendix 2 : Additional results
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FIG. 8 – Batch of 48 randomly selected results.
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FIG. 9 – Second batch of 48 randomly selected results.
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