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ABSTRACT
It has been shown that unpaired image-to-image translation
methods constrained by cycle-consistency hide the informa-
tion necessary for accurate input reconstruction as impercep-
tible noise. We demonstrate that, when applied to histopathol-
ogy data, this hidden noise appears to be related to stain spe-
cific features and show that this is the case with two immuno-
histochemical stainings during translation to Periodic acid-
Schiff (PAS), a histochemical staining method commonly ap-
plied in renal pathology. Moreover, by perturbing this hidden
information, the translation models produce different, plausi-
ble outputs. We demonstrate that this property can be used
as an augmentation method which, in a case of supervised
glomeruli segmentation, leads to improved performance.

Index Terms— digital pathology, image-to-image trans-
lation, cycle-consistency, self adversarial attack

1. INTRODUCTION

One of the greatest obstacles for the effective application of
deep learning techniques to digital pathology is the shortage
of high-quality annotated data. The annotation process itself
is time consuming and expensive as expert domain knowledge
is required for most complex annotations and alternative ap-
proaches such as crowd sourcing are limited by the need of
specific task design and intensive training [1]. The problem is
complicated by tissue appearance variability, which can oc-
cur due to different stainings, patients, procedures between
different laboratories, and/or the microscope and imaging de-
vice [2]. All of this imposes a domain shift to which deep
models are very sensitive [3], making their application diffi-
cult in clinical practice.

Due to their ability to produce high quality visual outputs,
Generative Adversarial Networks (GANs) [4] have recently
been applied to medical imaging in general and digital pathol-
ogy. Finding use in histopathology to reduce intra-stain vari-
ance [5]; for virtual staining [6,7]; and for augmentation [8,9].
Virtual staining has shown that an unpaired image-to-image
translation GAN is able to translate between stains. The same
tissue can be (artificially) stained in multiple stainings, which

is hard (or even impossible) in realty [6]. CycleGAN is the
most popular and promising unpaired image-to-image trans-
lation approach [10, 11]. Nevertheless, the less obvious lim-
itations of such methods are rarely addressed in the medical
imaging literature [6]. For example, such models produce re-
alistic translations between very different stains, which leads
to the question: how is the model able to place stain related
markers that are not present in the original stain? This article
moves towards answering this question.

The computer vision community has recently shown with
natural images that the cycle-consistency of CycleGANs ren-
ders them prone to self-adversarial attack [12]. The Cycle-
GAN (Fig. 1) is composed of two translators: one from stain-
ing A to B, GAB , and another from B to A, GBA. The cycle
consistency enforces that the output of GBA matches the in-
put of GAB . To achieve this, each translator is forced to hide
imperceptible information in its output. Our first contribu-
tion is to show that the hidden noise has a specific meaning
in histopathology - it encodes stain-related markers. By per-
turbing this hidden noise, differently positioned stain-related
markers are produced in the translated image (leaving the un-
derlying tissue structure untouched).

This is exploited to introduce a new augmentation tech-
nique that increases the variability of stain-specific markers in
histopathological data, with the goal of increasing a model’s
robustness when trained for non-stain-related tasks. We show
that this increases the generalisation performance of a su-
pervised deep learning approach for glomeruli segmentation,
which forms this article’s second contribution.

We explore the mapping between Periodic acid-Schiff
(PAS), a routine staining in renal pathology that is applied for
general diagnostic purposes, and two immunohistochemical
stainings (CD68 for macrophages and CD34 for blood vessel
endothelium), which are performed for research or specific
diagnostic purposes. Separate CycleGAN models are trained
to translate between PAS stained tissue patches and each of
the immunohistochemical stainings.

Section 2 of this article presents adversarial attacks in
stain transfer; Section 3 presents the new augmentation
method and its evaluation; and Section 4 our conclusions.
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Fig. 1: CycleGAN approach (with PAS and CD68 staining examples). Framed images are translated, i.e. ‘fake’.
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Fig. 2: Generating variation by adding noise, the images are reconstructions of CD68/CD34→ PAS +N (0, σ)→ CD68/CD34.

2. STAIN TRANSFER SELF ADVERSARIAL ATTACK

Given samples of two histopathological stains a ∼ A and
b ∼ B, the goal is to learn two mappings (translators) GAB :
a ∼ A → b ∼ B and GBA : b ∼ B → a ∼ A. In order to
do so, two adversarial discriminators DA and DB are jointly
trained to distinguish between translated and real samples, i.e.
DA aims to distinguish between real samples a ∼ A and B
translated to A (a′ = GBA(b), b ∼ B), while DB performs
the equivalent task for b ∼ B and b′ = GAB(a), a ∼ A. In
addition to the adversarial loss [4, 10], the learning process
is regularised by a cycle-consistency loss Lcyc that forces the
generators to be consistent with each other [10], such that

Lcyc(GAB , GBA) = Ea∼A[‖GBA(GAB(a))− a‖1]
+Eb∼B [‖GAB(GBA(b))− b‖1]. (1)

In addition to the Haematoxylin counterstain (common
to all the stainings studied herein) that highlights cell nuclei,
CD68 marks a protein exclusively produced by macrophages,
and CD34 stains a protein specific to the endothelial cells
of blood vessels. PAS, as a chemical reaction staining gly-
colysated proteins in general, can highlight some parts of
macrophages (co-located but not overlapping with CD68),
the basal lamina of blood vessels (co-located with CD34),
and other structures not highlighted by either CD68 nor
CD34 that contain glycolysated proteins. During translation
from PAS to CD68, the model could choose not to produce
macrophages (which would be a valid CD68 sample) but

DCD68 would easily discriminate real/fake images based on
this absence, and therefore the model is biased to deduce
their position from information present in PAS. Conversely,
i.e. CD68 → PAS, the model should induce the presence of
glycolysated proteins, for which CD68 is not specific. As
such, the translation process is a many-to-many mapping
(equivalent arguments can be made for PAS↔ CD34).

The cycle-consistency constraint Eq. (1), Fig. 1 forces
compositions of translations (A → B → A) to accurately
reconstruct the input. Taking CD68 → PAS → CD68 for
example, macrophages in the reconstructed image should be
in the same locations as those in the original, which implies
that the intermediate PAS image contains additional infor-
mation defining these macrophage positions. Bashkirova et
al. [12] recently showed that information necessary for per-
fect reconstruction takes the form of imperceptible low am-
plitude, high frequency noise in order to fool the discrimina-
tor, and recent literature [12, 13] names this a self-adversarial
attack. Since PAS does not contain information specific to
macrophages/blood vessels this is likely to be the case.

2.1. Dataset

Tissue samples were collected from a cohort of 10 patients
who underwent tumor nephrectomy due to renal carcinoma.
The kidney tissue was selected as distant as possible from
the tumors to display largely normal renal glomeruli, some
samples included variable degrees of pathological changes
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Fig. 3: Effects of additive Gaussian noise with the same standard deviation, the images are reconstructions of CD68/CD34→
PAS + N (0, σ)→ CD68/CD34
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Fig. 4: Proposed augmentation approach.

such as full or partial replacement of the functional tissue
by fibrotic changes (“scerosis”) reflecting normal age-related
changes or the renal consequences of general cardiovascu-
lar comorbidity (e.g. cardial arrhythmia, hypertension, arte-
riosclerosis). The paraffin-embedded samples were cut into
3 µm thick sections and stained with either PAS or immuno-
histochemistry markers CD34 and CD68 using an automated
staining instrument (Ventana Benchmark Ultra). Whole slide
images (WSIs) were acquired using an Aperio AT2 scanner
at 40×magnification (a resolution of 0.253 µm/pixel). All
glomeruli (healthy, partially sclerotic, and completely scle-
rotic) in each WSI were annotated and validated by pathology
experts using Cytomine [14]. The dataset was divided into 4
training, 2 validation, and 4 test patients.

For CycleGAN training, 5000 random 508 × 508 pixel
patches were extracted from the training patients and scaled to
the range [−1, 1]. The model’s architecture (9 ResNet blocks)
and training details were taken from the original article [10].

2.2. Results and Analysis

Figure 2 shows that translation output (i.e. reconstructed in-
put, Brec) variance is directly proportional to the level of ad-
ditive noise and Fig. 3 shows that different translations result
from varying noise of the same standard deviation.

As such, they give evidence to support that when translat-
ing between immunohistochemical and histochemical stains,
imperceptible noise is present in the intermediate translation
and this contains information about stain-related markers (this
is related to macrophages marked in brown, and blood vessel

endothelium marked in red in CD68 and CD34 respectively).
Thus, changing the encoded noise changes the reconstruction
of stain related markers. This noise can be perturbed by intro-
ducing additive zero-mean Gaussian noise to the intermediate
translation [12]. The amount of stain related characteristics
can be controlled through the Gaussian’s standard deviation.
The physical accuracy of the resulting stain-related markers
remains an open question, but the fact that they are positioned
in plausible locations opens the possibility of exploiting them
to reduce a model’s sensitivity to such stain related markers.

It should be noted that the amount of additive noise is stain
dependent: a standard deviation, σ, of 0.3 produces realistic
CD68, but a noisy CD34, output. As the translation process
hides non-overlapping inter-stain information, the intermedi-
ate stain likely determines which information is encoded.

3. SELF ADVERSARIAL ATTACK AUGMENTATION

CyleGANs are unsupervised and unpaired, therefore training
them does not require additional annotation effort but does re-
quire additional stain samples. PAS is a routine stain so these
should be readily available. The fact that intermediate rep-
resentations contain imperceptible noise related to stain fea-
tures can be used to increase the variance of existing datasets
by randomly perturbing the noise. CycleGAN is incapable
of performing geometrical changes [10,11], so cannot change
the morphological structures in these images, e.g. it will not
remove glomeruli. Thus, it is safe to use as an augmentation
technique in supervised problems related to morphologically



Stain
Baseline Noise Augmented

F1 Precision Recall F1 Precision Recall

CD68

10% - 53 0.739 (0.018) 0.754 (0.047) 0.728 (0.034) 0.767 (0.036) 0.832 (0.053) 0.713 (0.044)
30% - 159 0.812 (0.026) 0.839 (0.038) 0.788 (0.038) 0.828 (0.026) 0.848 (0.065) 0.812 (0.017)
60% - 317 0.831 (0.024) 0.812 (0.037) 0.852 (0.014) 0.856 (0.017) 0.888 (0.026) 0.826 (0.021)
100% - 529 0.853 (0.018) 0.849 (0.024) 0.858 (0.020) 0.878 (0.007) 0.899 (0.023) 0.858 (0.010)

CD34

10% - 57 0.837 (0.017) 0.770 (0.033) 0.919 (0.009) 0.839 (0.035) 0.778 (0.061) 0.913 (0.008)
30% - 170 0.877 (0.012) 0.841 (0.030) 0.917 (0.012) 0.890 (0.011) 0.867 (0.023) 0.916 (0.009)
60% - 341 0.882 (0.008) 0.840 (0.015) 0.927 (0.005) 0.901 (0.007) 0.884 (0.019) 0.919 (0.010)
100% - 568 0.888 (0.015) 0.849 (0.033) 0.931 (0.010) 0.903 (0.006) 0.888 (0.014) 0.919 (0.009)

Table 1: Quantitative results, standard deviations are in parentheses, # of glomeruli training patches follow the data percentages.

consistent structures, in this case glomeruli segmentation.
The proposed augmentation process is described in Fig.

4. Let us denote PAS as A and an immunohistochemical stain
as B. During supervised training of a model on B (e.g. for
glomeruli segmentation), each sample bi is first translated to
PAS, A′, using the trained CycleGAN generator GBA, with
a probability of 50%. Next, zero-mean Gaussian noise with
standard deviation σ is added to the intermediate translation,
which is translated back toB usingGAB , where σ ∈ (0, εstain]
with uniform probability. The value εstain is determined for
each staining separately. As such, the input is altered by the
arbitrary appearance of stain related markers and the super-
vised model is forced to be less sensitive to their appearance.

The U-Net [15] gives state-of-the-art performance in
glomeruli segmentation [16] and is adopted herein. The
architecture and training details are the same as in [16].

3.1. Dataset

The U-Net training set comprised all glomeruli from the 4
training patients - 529 for CD68 and 568 for CD34 - and 3685
and 3958 tissue patches respectively (to account for the vari-
ance of non-glomeruli tissue). The validation sets (2 patients)
were composed of 524 and 598 glomeruli patches, and 3650
and 4168 negative patches for CD68 and CD34 respectively.
Patches are standardised to [0, 1] and normalised by the mean
and standard deviation of the training set. To evaluate the aug-
mentation’s effect with few data samples, each training set is
split into 5 folds containing 10%, 30%, and 60% of each class
taken at random. A separate random 10% subset of the train-
ing data is extracted to choose εstain. All models are trained
for 250 epochs, the best performing model on the validation
partition is kept, and tested on the 4 held-out test patients. The
average F1-score and standard deviation is reported.

3.2. Choosing the Level of Noise

As with all augmentation techniques, a parameter value must
be chosen. In this case it is the noise level εstain. Since the
problem being addressed is supervised, εstain can be optimised
experimentally, however, it could be chosen by manually val-
idating the reconstructions. A grid search was conducted on

a separate dataset partition containing a random 10% subset
of each class. The range εstain ∈ [0.01, 0.05, 0.1, 0.3, 0.5, 0.9]
was tested by averaging 3 repetitions. It was found that
adding noise in the range that produces realistic output im-
proves upon the baseline (εCD68 ≤ 0.3 and εCD34 ≤ 0.1),
confirming that the parameter can be chosen manually. Nev-
ertheless, the best value should be determined for each stain
to maximise F1 score and these were found to be εstain = 0.05.

3.3. Results

Table 1 presents the baseline and noise augmented results
with varying amounts of data. The proposed augmentation
improves F1 scores unanimously due to increased precision.
Recall does not improve since no new task-specific infor-
mation is added, e.g. glomeruli shape or positional variance.
Since stain related markers are not indicative of glomeruli in
general, the model should largly ignore them. However, fi-
brotic and sclerotic glomeruli are present, to which the model
can wrongly associate a specific pattern or marker. For ex-
ample, fibrotic changes are associated with CD68 positive
macrophages [17] and a loss of CD34 positive vascular struc-
tures. Overemphasising immunohistochemical variations via
augmentation biases the model to other properties, decreasing
recall but disproportionately increasing precision.

4. CONCLUSION

This article studies CycleGAN self-adversarial attacks in
translating immunohistochemical stainings to PAS. It presents
evidence that imperceptible noise induced by cycle consis-
tency relates to immunohistochemical markers. Perturbing
this hidden information causes these markers to appear in
different, plausible locations although their physical meaning
remains an open question. This finding is used in an augmen-
tation method to increase segmentation accuracy by reducing
false positive rates and therefore increasing F1 scores. We
also found that the translations result in rich and realistic
images, which may provide cellular information and future
work will take this direction by investigating their physical
meaning, in addition to analysing different reference stains.
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