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A B S T R A C T

Domain shift is a problem commonly encountered when developing automated histopathology pipelines.
The performance of machine learning models such as convolutional neural networks within automated
histopathology pipelines is often diminished when applying them to novel data domains due to factors arising
from differing staining and scanning protocols. The Dual-Channel Auto-Encoder (DCAE) model was previously
shown to produce feature representations that are less sensitive to appearance variation introduced by different
digital slide scanners. In this work, the Multi-Channel Auto-Encoder (MCAE) model is presented as an extension
to DCAE which learns from more than two domains of data. Experimental results show that the MCAE
model produces feature representations that are less sensitive to inter-domain variations than the comparative
StaNoSA method when tested on a novel synthetic dataset. This was apparent when applying the MCAE, DCAE,
and StaNoSA models to three different classification tasks from unseen domains. The results of this experiment
show the MCAE model out performs the other models. These results show that the MCAE model is able to
generalise better to novel data, including data from unseen domains, than existing approaches by actively
learning normalised feature representations.
1. Introduction

The introduction of digital whole-slide scanners has given rise to
the field of digital histopathology. Alongside digital histopathology, the
volume of digital tissue images has grown enormously. In order to pro-
cess this wealth of data, numerous image analysis algorithms have been
produced (Gurcan et al., 2009). However, many of these algorithms are
dataset specific, meaning they may not perform well if they are applied
to datasets that are significantly different to those for which they were
created. Image preprocessing is very important in histopathology due
to the inter-domain differences, such as inter-scanner differences and
differences in staining protocols.

Although digital whole slide scanners have enabled the production
of enormous datasets that are useful for data mining and machine learn-
ing, the differences in the underlying capture technology can result
in very different colour distributions in the final images even when
digitising the same tissue specimen. This can lead to a requirement
for specific models to be trained for each scanner. Modern machine
learning methodologies such as convolutional neural networks typically
capture colour and texture information in the initial layers of the net-
work (Krizhevsky et al., 2012). Different slide scanners can introduce
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significant variance in colour, therefore a neural network that has been
trained only on data from one scanner will likely suffer from perfor-
mance degradation if applied to data captured using a different type
of scanner (Ciompi et al., 2017). Global colour transformations have
been used to normalise the colour distributions of images from different
scanners but these often introduce artefacts due different proportions
of anatomical structures (Janowczyk et al., 2017). This problem could
be avoided by calibrating a model based upon data obtained by the
same tissue specimen being digitally captured by the different scanners,
however this type of data is very rare. Even when this data can be
acquired, tissue registration (or image alignment) between scanners can
be difficult due to differences in the underlying capture technology that
can mean a simple linear translation in the 𝑥 and 𝑦 axes is not sufficient
to achieve a whole slide alignment.

In this work these challenges are tackled by extending an ear-
lier method developed by the authors called the Dual-Channel Auto-
Encoder model (DCAE) (Moyes et al., 2019) to model data that, the-
oretically, could derive from 𝑁 domains through the development of
the Multi-Channel Auto-Encoder (MCAE) model. The aim of this paper
vailable online 27 September 2022
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is to describe a model that can learn features from multiple domains
so that it can have domain-invariant knowledge that is applicable in
unseen domains. The major contributions of this work are:

• The development of a novel auto-encoder model based on dual-
channel auto-encoders to learn domain-invariant feature rep-
resentations from 𝑁 domains of histopathology images. This
methodology enhances the expanding area of classification mod-
elling within digital histopathology to account for inter-scanner
(or inter-laboratory) variations that might restrict the generalisa-
tion of automated digital histopathology analysis.

• The development and publication of a novel, synthetic dataset
in which images of the same tissue have been transformed such
that they appear to have been produced under different scanning
and staining conditions. This dataset will be useful for the de-
velopment and evaluation of novel methodologies for analysing
histopathology image data that are better able to generalise across
image domains.

The rest of this paper is organised as follows: Section 2 provides a
eview of the relevant literature and an outline of the context in which
his work is proposed. Section 3 outlines the methods used to develop
he synthetic dataset, which is the first contribution of this paper.
he second contribution of this work is the proposed MCAE which is
utlined in Section 4 and utilises the synthetic dataset from Section 3.
n Section 5 the quality of the synthetic dataset is evaluated in terms
f its suitability for use in further experiments. Additionally, the MCAE
s evaluated and compared with the StaNoSA model (Janowczyk et al.,
017). The paper concludes with a discussion in Section 6.

. Background

During the staining process, the individual standards and protocols
f each laboratory can lead to deviations in average colour intensity of
tains and overall image appearance (Ciompi et al., 2017). Additionally,
actors such as ambient temperature, time in staining solution and
mproper clearing can all affect the end result with respect to tissue
taining. In a similar fashion to the inter-scanner variances, these
ifferences in staining conditions can result in dramatically different
olour distributions across domains and therefore cause problems for
mage processing algorithms. A common approach to normalising the
tain colours of an image is to first apply stain separation. Given a
issue section stained with hematoxylin and eosin, stain separation
ims to decompose the single image stained with hematoxylin and
osin into two images where each contains only a single stain. Global
olour transformations can then be applied to each single-stain image
eparately to normalise the colours to that of another domain Magee
t al. (2009). Some stain separation algorithms are limited by the need
or expert parameter definition (Macenko et al., 2009a). The more
ressing problem is that there are very few datasets available to obtain
uch information because the process of producing a dataset where each
pecimen has been stained with hematoxylin and eosin as well as each
ndividual stain is time consuming, meaning normalisation methods
ased on stain separation can be unreliable.

Deep learning has provided radical improvements in the achiev-
ble results of many histopathology-related tasks including cell seg-
entation, tumour detection, mitosis detection and colour normali-

ation (Janowczyk and Madabhushi, 2016; Sirinukunwattana et al.,
016; Komura and Ishikawa, 2018). Generative adversarial networks
GANs) (Goodfellow et al., 2014) are a type of deeply-learned model
hat enable the sampling of novel data points given a dataset of real
xamples. GANs are comprised of two differentiable models — the
enerator and the discriminator. The discriminator learns a function
hat maps observed data points (e.g. images) to scalar values and
pdates its parameters such that the values assigned to observations
ampled from the set of real images are maximised whilst the values
2

assigned to observations drawn from the generator function are min-
imised. The generator function approximates the real data distribution
by conditioning the observations 𝑥 on latent variables 𝑧. Producing
artificial or ‘‘fake’’ samples is achieved by sampling from this condi-
tional distribution 𝑝𝑚𝑜𝑑𝑒𝑙 = 𝑝(𝑥|𝑧). The parameters of the generator are
updated in the direction which maximises the score assigned to the
fake samples; thus an adversarial minimax game is defined where the
discriminator tries to minimise the score assigned to samples drawn
from the generator and the generator is trying to maximise the score
indirectly. Conditional generative adversarial networks (cGANs) (Isola
et al., 2017) are a modification of the traditional GAN formulation
where the generator receives additional information about the sample
to be generated. For example, given a task of generating hand-written
digits from the MNIST dataset, the observations are conditioned on
some representation of the class 𝑦 (e.g. a one-hot vector) as well as
the latent variable 𝑧, i.e. the generator is modelling 𝑝(𝑥|𝑦, 𝑧). A method
for mapping colour appearances between domains of histopathology
images called Stain Style Transfer (Cho et al., 2017) used cGANs
with an additional feature-preserving loss to enable mapping of stain
colour appearance without corrupting the underlying tissue structure
of transferred images.

Cycle-consistent generative adversarial networks, or CycleGANs
(Zhu et al., 2017) are a type of cGAN but rather than conditioning the
generative process on a class label, it is conditioned on an image. These
models are useful as they are able to learn transformations between
domains of images without requiring the datasets to be aligned or
corresponding in any way. CycleGANs have proven highly effective
in a number of colour normalisation scenarios within the scope of
histopathology images. The StainGAN model (Shaban et al., 2019)
uses a CycleGAN to map between domains in the MITOS-ATYPIA
dataset (Roux et al., 2014) containing pairs of tissue images where
each pair corresponds to images of the same tissue specimen that have
been captured using different digital slide scanners. When measuring
structural similarity (SSIM) between synthetically transferred images
and the corresponding ground truth image, StainGAN was found to be
more effective than many traditional methods such as those presented
in Reinhard et al. (2001), Macenko et al. (2009b), Khan et al. (2014),
Vahadane et al. (2016). This demonstrates that CycleGANs are effective
at transferring the colour appearance of images from different scanners.
Another CycleGAN-based model called the Transitive Adversarial Net-
work (TAN) (Cai et al., 2019) proposed an extension of StainGAN that
used a more efficient generator and was able to map between domains
in the MITOS-ATYPIA dataset more accurately whilst using much less
time to process each sample. CycleGANs were augmented with self-
attention in Zhang et al. (2019) and a structural consistency loss in the
Self-Attentive Adversarial Stain Normalisation (SAASN) (Shrivastava
et al., 2019) model was found to outperform StainGAN on a large
custom dataset of duodenal biopsy slides which originated from one of
three sites with significant variation in stain colour distribution across
sites.

The DCAE (Moyes et al., 2019) was shown to be effective at learning
a normalised representation of digital images of tissue slides that had
been captured using two different scanners. However, this learning
process required the same tissue specimen be captured using both
scanners and then spatially aligned. Such a dataset is expensive and
time consuming to produce. In this work, the DCAE model is adapted to
model three domains, thereby becoming the MCAE model and its effi-
cacy is evaluated on a novel synthetic dataset. This dataset is generated
using a CycleGAN with self-attention; however, unlike many existing
methods that use data with relatively low colour variance between
domains, the source domains for this dataset are selected to have very
high variance between domains. This is beneficial because it enables
the evaluation of the MCAE model across a wider variety of tissue
image appearances and thus provides insight into the performance of

the model on novel data.
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Fig. 1. Example 128 × 128 images from the NCT-CRC dataset.

3. CycleGAN generated synthetic dataset

Training and evaluating models that are invariant to the effects
of staining and scanning becomes much easier when the problem of
image alignment can be mitigated. By using cycle-consistent generative
adversarial networks (CycleGANs), tissue images from one domain can
be mapped to another whilst the underlying tissue structure remains
approximately the same.

This section discusses a method for generating a dataset that is
aligned by default using self-attentive, cycle-consistent, generative ad-
versarial networks. A brief introduction of CycleGANs will be presented
in Section 3.1, followed by a description of the different data domains
used to train the models in Section 3.2. The architecture and training
procedure of the models will be discussed in Section 3.3 and, finally,
the approach used to generate the synthetic data points is discussed in
Section 3.4. The code and dataset discussed in this section has been
made publicly available (Andrew et al., 2022a).

3.1. Cycle-consistent adversarial networks

The goal of a CycleGAN is to map an image from one domain
to another, for example: horses to zebras, summer to winter or art
to photos (Zhu et al., 2017). In the context of this work, a domain
will refer to images that have similar appearance characteristics, such
as those created using the same staining and scanning protocols and
methods. Therefore, mapping from domain A to domain B refers to the
process of adjusting the appearance of images in domain A to match
the appearance of those in domain B without affecting the underlying
tissue structure.

3.2. Data domains

The proposed generated dataset aims to depict the same tissue from
a variety of staining and scanning conditions. Therefore the input data
used to train the CycleGAN models should come from a variety of
sources. In this section, a brief description of these data sources is
presented.

NCT-CRC. This dataset (Kather et al., 2018) contains 100,000 non-
overlapping tissue image patches stained with hematoxylin and eosin.
The dataset is derived from 86 colorectal tissue slides captured at
20× resolution that have been split into 224 × 224 pixel patches and
contains a variety of healthy and cancerous tissue. Patches have been
divided into a number of anatomical classes, for example, adipose,
background, mucosa, smooth muscle and tumour. There are two ver-
sions of this dataset, one in which the slides have been normalised
using Macenko’s slide colour normalisation method (Macenko et al.,
2009b) and the other which has not. In this study the dataset with
normalisation is omitted in order to preserve as much of the natural
variance as possible. Fig. 1 shows example patches from this dataset.
The desired output size of the generated dataset is 128 × 128 pixels,
thus to transform this dataset to the correct size without affecting the
magnification; a 128 × 128 pixel patch is extracted from the centre of
each image.
3

Fig. 2. Example 128 × 128 images from the TCGA-COAD dataset.

Fig. 3. Example 128 × 128 images from the NTSPH dataset.

TCGA-COAD. The Cancer-Genome Atlas (TCGA) is a repository of
cancer-related data (NIH, 2008). This includes thousands of digital
tissue slides from a variety of anatomical locations and of varying
diseases. In order to match the approximate anatomical location of the
NCT-CRC dataset, the TCGA-COAD (Kirk et al., 2016) project is selected
for these purposes as it contains colorectal tissue images under a
variety of staining and scanning conditions as well as varying diagnostic
status. A single slide was selected that contained a large proportion of
clean, undamaged tissue. This slide was downloaded and divided into
approximately 20,000 non-overlapping patches, each 128 × 128 pixels
in size. The slide was captured at 20× resolution and was selected by
manually comparing the colour appearances with the NCT-CRC dataset
images and attempting to maximise the colour differences. Fig. 2 shows
examples of patches derived from the selected TCGA-COAD slides.

NTSPH dataset. The third dataset used in this study is sourced from
the Second People’s Hospital of Nantong (NTSPH), China. It contains
18 hematoxylin and eosin stained tissue images of colorectal tissue
captured at 20× resolution. The tissue in this dataset demonstrates very
strong staining characteristics as can be seen in Fig. 3 alongside high
average brightness. Although the tissue type is the same as the NCT-
CRC and TCGA-COAD datasets, the variance in staining and capture
appearances is large, making this dataset very useful for the purposes
of capturing and normalising tissue-image colour variation.

Figs. 1–3 highlight the diverse colour spectra found across the
hematoxylin and eosin stained images from different centres. The NCT-
CRC dataset heavily features dark purples and reds/purple whilst in
contrast the NTSPH dataset is primarily comprised of bright pinks and
blue/purple pixels. The colour spectra of the TCGA-COAD data are in
stark contrast again featuring more light blues and pinks. Despite all
three datasets consisting of colorectal tissue, stained with hematoxylin
and eosin, and extracted at the same magnification resolution, the
resulting images are distinct to each dataset.

3.3. CycleGAN architecture

The architecture used to generate the synthetic dataset follows the
structure defined in Self-Attentive Adversarial Stain Transfer model
(Shrivastava et al., 2019). This model is a CycleGAN structure similar
to that of StainGAN (Shaban et al., 2019); however each convolutional
layer in the generator and discriminator networks are followed by a
self-attention layer (Zhang et al., 2019). The self-attention element
provides less reliance on local receptive field of neurons than tradi-
tional GANs and enables long-range dependencies to be learnt. The
self-attention creates a balance between the model’s ability to cap-
ture long-range dependencies whilst maintaining computational and
statistical efficiency. For this work, the generator and discriminator
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Fig. 4. CycleGAN model architectures.

architectures are adjusted to improve performance but in general re-
semble those defined in Shrivastava et al. (2019). These adjustments
include reducing the number of convolutional and self-attention layers
as well as changing the number of features learned at each layer.
Fig. 4 depicts the architectures used for the generator and discriminator
portions of the CycleGAN.

The generator architecture follows the U-Net encoder–decoder pat-
tern with skip connections between corresponding layers. Input images
of size 128 × 128 pixels are downsampled by three convolutional
layers, each of which are followed by spectral normalisation and the
ReLU activation function. This results in a 16 × 16 × 256 feature map
that is subsequently processed by 6 residual layers (He et al., 2016),
leaving the spatial and channel dimensionality of the feature maps
the same. Finally, three transpose convolutional layers upsample the
feature maps, doubling the spatial dimensionality at each layer. The
final output of the generator is an RGB image of 128 × 128 pixels in
size.

The discriminator model receives 128 × 128 pixel RGB images as
input. The discriminator is comprised of 6 convolutional layers each
with the ReLU activation function and spectral normalisation. Self-
attention layers are added after the third and fourth convolutional
layers as these have relatively low spatial dimensionality (16 × 16
pixels).

For the work in this paper, these models are slightly adjusted to
improve memory efficiency by only adding self-attention layers after
convolutional layers with relatively small spatial dimensions. This still
allows for the benefits of capturing the long-range spatial dependen-
cies via the self-attention layers but avoids the large memory costs
incurred when applying self-attention to feature maps with large spatial
dimensionality.

3.4. Data generation

The final dataset 𝑋 produced by the CycleGAN is comprised of
20,000 triplets of tissue-image patches. Each triplet represents the
same tissue structure but with the colour appearance of the domains
discussed in Section 3.2. To achieve this, two CycleGAN models are
trained independently; the first mapping between the domains of the
TCGA-COAD and NCT-CRC datasets and the second mapping between
4

the domains of the TCGA-COAD and NTSPH datasets. Given the trained
Fig. 5. Triplet generation: Appropriate generators from each CycleGAN model are
selected (depicted as purple circles) and used to map real patches from TCGA-COAD
domain (A) to domains for the NCT-CRC dataset (B) and NTSPH dataset (C).

Fig. 6. Example triplets from the synthetic dataset. (a) real images from TCGA-
COAD, (b) synthetic images (TCGA-COAD ↦ NCT-CRC), (c) synthetic images (TCGA
↦ NTSPH).

models, the dataset is generated by mapping every real image patch in
the TCGA-COAD dataset onto the domains of the NCT-CRC and NTSPH
datasets using the appropriate generator from each CycleGAN model.
Fig. 5 illustrates the process of generating the dataset. Fig. 6 shows
example triplets in the dataset generated through the process illustrated
in Fig. 5. Any image patch in 𝑋 can be referenced using a triplet index
𝑖 and a domain index 𝑑 ∈ {𝐴,𝐵, 𝐶}. For example, 𝑋𝑖,𝐴 refers to the
image patch for domain A in the 𝑖𝑡ℎ triplet.

4. Multi-Channel Auto-Encoder

This section will outline the methodology behind the proposed
Multi-Channel Auto-Encoder model and how it relates to the synthetic
dataset established in Section 3. The core idea of the Multi-Channel
Auto-Encoder model and Dual-Channel Auto-Encoder model (Moyes
et al., 2019) is that there exists some representation of histopathology
images where some change in the staining or scanning conditions of
an image does not correspond to a change in the representation of
the images, i.e. the representation is invariant to scanning and staining
parameters. It was shown in Moyes et al. (2019) that the DCAE model
is able to learn a representation of histopathology images that is more
invariant to scanner-induced colour variance compared to a similar
method called StaNoSA (Janowczyk et al., 2017). This was achieved
by training a series of auto-encoders, one for each domain and using
a combination of a feature similarity loss and a cluster-based loss to
maximise similarity between the features of image-patches representing



Medical Image Analysis 83 (2023) 102640A. Moyes et al.

d

p

b
A
t

p
c
p
w
1
E
a
1
n
i
o
c
e

4

l
e
b
t
i
o
f
t
T

𝐿

s

p
t
s

d
i
l
e
f
c
o
c
m
i

4

t
t
S

a

w

5

S
a
s
l
m
r
e

the same tissue from each of the encoders. In this section, a brief
outline of the Multi-Channel Auto-Encoder model is given but more
details are available in Moyes et al. (2019). The MCAE model can
be decomposed into a set of encoders 𝐹 = {𝑓𝐴, 𝑓𝐵 , 𝑓𝐶} and a set of
ecoders 𝐺 = {𝑔𝐴, 𝑔𝐵 , 𝑔𝐶}.

Following the same process as the DCAE model, the encoding
rocess for the MCAE model involves dividing the 𝑖th image patch for

domain 𝑑, 𝑋𝑖,𝑑 into a set of overlapping 8 × 8 sub-patches and applying
the encoding function 𝑓𝑑 to each sub-patch. The encoding function
maps each 8 × 8 sub-patch into a 10-dimensional feature vector. For
the 𝑖th triplet 𝑋𝑖,∶, the tensor 𝐙 ∈ R3×𝐽×10 represents the encoded
feature representation of each image the triplet, where 3 corresponds
to domain A, B or C, 𝐽 is the total number of 8 × 8 patches that can
e extracted from each image and 10 is the size of the feature vectors.
reconstruction of 𝑋𝑖,𝑑 is formed by applying the decoder function 𝑔𝑑

o every feature vector in 𝐙𝑑,∶,∶.

4.1. Model architecture

Given 𝑁 disjoint data domains, the MCAE model requires 𝑁 auto-
encoders. These auto-encoders process an image in a patch-by-patch
fashion and each of these patches are typically 8 × 8 pixels. Each 8 × 8
ixel patch is mapped onto a 10-dimensional feature vector by the en-
oder and this feature vector is mapped to a reconstruction of the 8 × 8
ixel patch by the decoder. Each encoder is a multi-layer perceptron
ith 192 nodes in the input layer (8 × 8 pixels and 3 colour channels),
00 neurons in the hidden layer and 10 neurons in the output layer.
ach neuron in the hidden and output layers use the hyperbolic tangent
ctivation function. The decoders have a symmetrical architecture, with
0 nodes in the input layers, 100 neurons in the hidden layer and 192
eurons in the output layer; however the sigmoid activation function
s used on the output of the decoder in order to map back to the range
f the RGB space. The specific architecture used for the MCAE model is
hosen so as to remain as close as possible to previous work in Moyes
t al. (2019), Janowczyk et al. (2017).

.2. Reconstruction loss

The primary training signal of the MCAE model is the reconstruction
oss. For any 8 × 8 pixel sub-patch, the reconstruction loss quantifies the
rror between the original sub-patch and the reconstruction of it formed
y the auto-encoder. Minimising this reconstruction loss ensures that
he features produced by each of the encoding functions in 𝐹 are
nformation-rich. This is because the encoder functions act as a form
f compression while the decoders act as decompression. The only way
or the decoders to accurately reconstruct the original sub-patch is if
he feature vector has captured key information about the sub-patch.
he reconstruction loss for the 𝑖th triplet is defined as follows:

𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 =
1

3 × 𝐽 × 192
∑

𝑑∈𝐷

𝐽
∑

𝑗=1

192
∑

𝑘=1
(𝑥𝑑,𝑗,𝑘 − �̂�𝑑,𝑗,𝑘)2 (1)

where 𝑥 is the real image sub-patch and �̂� is the reconstructed sub-
patch of 𝑋𝑖,∶, 𝐷 = {𝐴,𝐵, 𝐶} is the set of domains, 𝑗 indexes each of the
8 × 8 × 3 sub-patches in each image and 𝑘 indexes each pixel in the
sub-patches, and recalling the number of neurons in the output layer is
192.

4.3. Feature loss

Given that each image patch in the 𝑖th triplet represents the same
tissue with different colour characteristics, it follows that this is also
true for each of the 8 × 8 sub-patches. In order to learn a representation
of images that is invariant to changes in colour characteristics, a feature
loss is used. This feature loss quantifies the differences between the
5

encoded feature representations of sub-patches using the mean-squared
error. For the 𝑖th triplet, this is calculated as per Eq. (2) (recalling that
the size of the feature vectors is 10.

𝐿𝑓𝑒𝑎𝑡𝑢𝑟𝑒 =
1

2 × 10 × 𝐽

𝐽
∑

𝑗=1

10
∑

𝑧=1
(𝑍𝐴,𝑗,𝑧 −𝑍𝐵,𝑗,𝑧)2 + (𝑍𝐴,𝑗,𝑧 −𝑍𝐶,𝑗,𝑧)2 (2)

Minimising this loss function alongside the reconstruction loss en-
ures that the encoded representations in 𝐙 are feature rich (due

to minimisation of the reconstruction loss) and colour appearance
invariant (due to the feature loss).

4.4. Cluster loss

The centre loss (Wen et al., 2016) has been shown to improve
the performance of classification algorithms by bringing the feature
representations of separate instances of the same class closer to each
other than to the feature representations of instances of other classes.
This is problematic in this work as there are no class labels to utilise;
therefore these labels are approximated through pseudo-labels that are
derived from a K-Means clustering algorithm that has been fitted on
randomly sampled feature vectors from patches of images in domain A
(TCGA-COAD) and is re-fitted at the end of each training epoch. The
cluster loss can be calculated as per Eq. (3)

𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = ‖𝑍𝐴,𝑖,𝑗 − 𝜇𝑖,𝑗‖
2
2

+ ‖𝑍𝐵,𝑖,𝑗 − 𝜇𝑖,𝑗‖
2
2

+ ‖𝑍𝐶,𝑖,𝑗 − 𝜇𝑖,𝑗‖
2
2

(3)

where 𝜇𝑖,𝑗 is the centroid corresponding to the K-Means determined
seudo-label for 𝑍𝐴,𝑖,𝑗 that represents the encoded feature representa-
ion of the 𝑗th patch of the image for domain A in the 𝑖th triplet, and
o on for 𝑍𝐵,𝑖,𝑗 and 𝑍𝐶,𝑖,𝑗 .

Both the feature loss defined in Section 4.3 and the cluster loss
efined in this section behave similarly, in that they are both explicitly
nfluencing the feature representations of certain patches. The feature
oss brings the feature representations of patches that are spatially
quivalent within triplets closer together. The cluster loss brings the
eature representations of patches that are categorically equivalent
loser together. Due to the cluster loss being based on the average
f many similar features vectors of patches belonging to the same
lass, it presents a slower moving, more robust direction in which to
ove when compared to the feature loss. Following the previous work

n Moyes et al. (2019), 𝑘 = 10 for all experiments in this work.

.5. Combined objectives

The overall objective function of the MCAE model is defined
hrough a summation of the reconstruction loss defined in Section 4.2,
he feature loss defined in Section 4.3 and the cluster loss defined in
ection 4.4.

rg min
𝑊

𝐿 = 𝐿𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 + 𝐿𝑓𝑒𝑎𝑡𝑢𝑟𝑒 + 𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟 (4)

here 𝑊 is the set of all model parameters for all auto-encoders.

. Experimental evaluation

The experimental evaluation in this work is split into three parts. In
ection 5.1, the quality of the CycleGAN-based colour normalisation
pproach is evaluated in order to determine its validity for use in
ubsequent experiments. Next, in Section 5.2, the similarity between
earned feature representations is compared for the MCAE and StaNoSA
odels. Finally, in Section 5.3, the quality of these learned feature rep-

esentations is evaluated on three different classification tasks (Kather
t al., 2018; Borkowski et al., 2019).
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5.1. Synthetic dataset evaluation

In this section, the CycleGAN-generated, synthetic dataset will be
evaluated with respect to the quality of colour normalisation between
the domains discussed in Section 3.2.

Many existing methods that make use of CycleGAN-based models
evaluate their approaches on the MITOS-ATYPIA dataset because it
contains images of the same tissue specimens captured by different
digital slide scanners. However, the colour distributions between do-
mains in the MITOS-ATYPIA dataset are relatively similar. In this work,
the effectiveness of CycleGAN-based models is demonstrated on data
with much larger variance in colour distributions due to significant
variations in the staining and scanning processes. Previous work (Be-
jnordi et al., 2015) has used the normalised median intensity (NMI)
to measure colour similarity before and after colour normalisation,
however this approach requires the use of nuclei segmentation masks;
which are not available in this work. Instead, similarity measures
based on the hue–saturation–density (HSD) space are used. The HSD
transform is the hue–saturation-intensity (HSI) colour transformation
applied to optical density images rather than RGB images. Much like
the HSI colour space, the HSD colour space transforms tissue images
into two colour components — hue and saturation, as well as a den-
sity component which represents the underlying tissue structure. The
chromatic components of the HSD space are defined by the 𝑐𝑥 and 𝑐𝑦
attributes, from which the hue and saturation values are derived. The
𝑐𝑥 component for each pixel is calculated as per Eq. (5).

𝑐𝑥 =
𝐷𝑅
𝐷

− 1 (5)

where 𝐷𝑅 is the red optical density value at the pixel and 𝐷 is the
average optical density value of the pixels across each colour channel
(R, G, and B). The 𝑐𝑦 component for each pixel can then be calculated
as per Eq. (6).

𝑐𝑦 =
𝐷𝐺 −𝐷𝐵
√

3 ⋅𝐷
(6)

where 𝐷𝐺 is the pixel-wise green optical density value, 𝐷𝐵 is the pixel-
wise blue optical density value and 𝐷 is the pixel-wise average optical
density value.

The HSD colour space (Van der Laak et al., 2000) has been used in
existing colour normalisation algorithms (Geijs et al., 2018; Bejnordi
et al., 2014) where the density channel is fixed and the hue and
saturation values are transformed across domains. Therefore the HSD
space provides the opportunity for evaluating colour normalisation
quality. The HSD-based evaluation strategy is based on the following
two criteria:

1. Colour normalisation: a mapping from domain A to domain
B will be deemed as successful if the 𝑐𝑥 and 𝑐𝑦 components
(corresponding to hue and saturation) of the synthetic images of
domain B (i.e. images from domain A that have been normalised
using the CycleGAN generator) match the components of the real
images from domain B.

2. Density similarity: throughout the mapping process, the under-
lying tissue structure of images should remain the same. If the
density components of synthetic images roughly match those of
the real images, then it can be assumed that the tissue structure
has been preserved.

5.1.1. Colour normalisation
The quality of colour normalisation achieved by the CycleGAN is

determined through analysis of the 𝑐𝑥 and 𝑐𝑦 components of the HSD
space corresponding to hue and saturation respectively. As discussed
in Section 5.1, the CycleGAN-based colour normalisation from a source
domain (e.g. the domain of the TCGA-COAD dataset) to a target domain
(e.g. the domain of the NCT-CRC dataset) will be deemed successful
if the distribution of hue and saturation components for the synthetic
6

Fig. 7. Distributions of 𝑐𝑥 and 𝑐𝑦 components of the real and synthetic data
distributions.

output images (e.g. the domain of the TCGA-COAD dataset ↦ the
domain of the NCT-CRC dataset via CycleGAN generator) matches the
real target domain more than the real source domain.

In Fig. 7(a), pixels are randomly sampled from images in the real
domains of the NCT-CRC and TCGA datasets and finally images from
the synthetic ‘NCT-CRC GAN’ domain. The ‘NCT-CRC GAN’ domain
refers to real images from the TCGA domain that have had their appear-
ance normalised to match the domain of the NCT-CRC dataset using
the CycleGAN generator. These randomly sampled pixels are plotted
in Fig. 7(a) according to their corresponding 𝑐𝑥 and 𝑐𝑦 components.
The significant overlap of the red and green data-points in Fig. 7(a)
demonstrate that the distribution of 𝑐𝑥 and 𝑐𝑦 components in the ‘NCT-
CRC GAN’ domain match the ‘NCT-CRC Real’ domain much more
closely than the original TCGA-COAD domain. This suggests that the
CycleGAN architecture described in Section 3.3, is able to successfully
map the colour appearance of images between domains with very
different staining conditions.

A similar approach has been taken to produce Fig. 7(b). How-
ever, in this figure, the pixels are randomly sampled from the real
NTSPH domain, the real TCGA domain and finally the synthetic ‘NTSPH
GAN’ domain, which similarly refers to images from the real TCGA-
COAD dataset that have had their colour appearance mapped using
a CycleGAN generator to match the colour appearance of the real
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Table 1
Mean and standard deviation of SSIM values calculated between the
density components of source and target domains within triplets.
Source Target Mean Std

A B 0.818682 0.119560
A C 0.852628 0.047245
B C 0.865696 0.055421

NTSPH domain. It can be seen in Fig. 7(b) that the transformation of
component distributions from the TCGA to NTSPH domains has not
been as successful as with the NCT-CRC domain in Fig. 7(a). Examining
Fig. 7(b) shows that the real NTSPH domain is extreme in both 𝑐𝑥 and
𝑐𝑦 values. This observation concurs with the visual properties of the
NTSPH dataset seen in Fig. 6. For example, the images from the NTSPH
domain are largely pink and purple which reside near an extreme of
the unravelled hue line in the HSD space, and therefore have extreme
values in the 𝑐𝑥 axis. Additionally, the colours observed are ‘strong’
and so have high saturation values seen on the 𝑐𝑦 axis. It appears the
CycleGAN has struggled to fully translate these values which suggests
the model may not be totally sufficient when it comes to the task of
normalising tissue image appearance between domains with very large
discrepancies in colour distribution. Despite the imperfect mapping of
appearance from the TCGA to NTSPH domains, the purpose of this
dataset is to present images of the same underlying tissue but with
significant variation in their colour appearance. With this in mind, the
colour appearance normalisation results appear to be adequate with
respect to the hue and saturation components of the HSD space. In
Section 5.1.2, the quality of the normalisation process will be evaluated
with respect to the similarity of the density component.

5.1.2. Density similarity
Within the synthetic dataset, images of the same tissue should differ

only by their colour appearance. The degree to which the CycleGAN-
based normalisation procedure has altered the underlying tissue struc-
ture can be measured by evaluating the similarity of the density compo-
nents across domains for images of the same tissue. Ideally, the density
component would be the same across domains.

Table 1 shows the average similarity scores of the density channels
between domains for structural similarity index (SSIM). In general, the
differences in the density channels are relatively low. For example, the
SSIM score of 0.852628 between domains A and C suggests a high
degree of similarity between the density channels. The SSIM score of
0.818682 between domain A and B suggests there is less similarity
between the two domains. These observations are also reflected in the
images in Fig. 8 where it can be seen the density images are more
similar between domains B (NCT-CRC) and C (NTSPH) than between
domains A (TCGA-COAD) and B.

Fig. 8 depicts two real images from the TCGA domain followed
by corresponding synthetic images. Each image is accompanied by a
visualisation of its density channel. Visually, it can be seen that the
density channels have a very similar structure, implying the overall
structure is relatively consistent. However, there are some obvious
differences in the overall intensity, for example, the synthetic images
from the NCT-CRC domain appear brighter than the TCGA and NTSPH
domains; especially in areas containing nuclei. This suggests the over-
all generative process has not entirely preserved the tissue structure.
Despite these differences, the overall structure of the density channels
remain similar. Combining this with the good colour normalisation
results shown in Fig. 7 and the example triplets in Fig. 6 leads to the
conclusion that the CycleGAN-generated synthetic dataset has achieved
its primary purpose of depicting the same tissue specimens from a
variety of stain colour appearances.
7

Fig. 8. Example triplets from the synthetic dataset (‘H+E’ columns) and their corre-
sponding density components (‘Density’ columns). The ‘TCGA-COAD’ images are real,
the ‘NCT-CRC’ and ‘NTSPH’ images are synthetically generated using the CycleGAN and
the real ‘TCGA-COAD’ image. Visually, the tissue structure appears to have been mostly
preserved in the ‘H+E’ images, but the ‘Density’ images suggest that some degradation
of tissue structure has occurred during the normalisation process.

5.2. Domain invariance

This section explores the efficacy of the MCAE and StaNoSA models
on the CycleGAN-generated synthetic dataset. The performance of the
MCAE model will be evaluated with respect to how much the feature
maps vary across the domains, where a low variance is desirable. For
these experiments, the synthetic dataset is divided into train and test
sets following an 80%–20% split, resulting in approximately 16,000
and 4,000 image-patch triplets for each set respectively. In this section,
domain A refers to the TCGA-COAD dataset, domain B refers to the
synthetic NCT-CRC dataset and domain C refers to the synthetic NTSPH
dataset.

5.2.1. Experimental setup
Both the MCAE and StaNoSA models are trained for 300 epochs

using the Adam optimiser (Kingma and Ba, 2014) using a learning
rate of 0.0002. For the MCAE model, three auto-encoders are defined
and each is trained in tandem using image triplets from the training
subset of the synthetic dataset described in Section 3. This results
in three trained auto-encoders, one for each domain in the synthetic
dataset. For the StaNoSA model, each domain in the synthetic dataset is
preprocessed according to the steps outlined in Janowczyk et al. (2017)
that includes global contrast normalisation and ZCA whitening of each
8 × 8 RGB patch. The StaNoSA model is trained on the training subset
of the synthetic dataset using the TCGA-COAD domain only. This is in
line with the training instructions outlined in Janowczyk et al. (2017)
where the auto-encoder is trained on a single domain.

5.2.2. Feature similarity results
Once the training process is complete, the triplets contained in

the testing set are mapped to the feature space using the appropriate
encoding function for each domain. For each triplet, the Mahalanobis
distance is then calculated between each pair-configuration (A and B, A
and C, B and C). The distributions of these distances are shown in Fig. 9
which shows that the MCAE model produces feature vectors which are
more similar across domains than the StaNoSA model. When comparing
features from domain A with those from domain B, the MCAE model
achieved an average distance of 2.71 compared to 4.38 for StaNoSA.
Comparing domains A and C yields average distances of 2.91 and
4.30 for MCAE and StaNoSA respectively. Finally, comparing domains



Medical Image Analysis 83 (2023) 102640A. Moyes et al.
Fig. 9. Distributions of Mahalanobis distances between feature vectors in different
domains for the StaNoSA and MCAE models.
Note: the MCAE distributions contain more outliers than the StaNoSA distributions. This
figure has been cropped for improved visualisation but all quantities stated regarding
these distributions include these extreme values.

B and C gives 3.48 for MCAE and 4.35 for StaNoSA. These results
demonstrate a significant improvement in feature similarity when using
the MCAE model over StaNoSA. It is likely that this is due to the
active-feature normalisation approach taken in the MCAE model where
each auto-encoder is actively learning feature representations that are
domain-invariant whereas the StaNoSA model relies on global contrast
normalisation and ZCA whitening to reduce the impact of the inter-
domain variances. It is worth noting that although the average distance
between features is lower for the MCAE model, it does create more
outlier values in the range [0, 120]. This suggests that the active feature
normalisation may introduce some degree of instability in features for
certain images.

5.3. Tissue classification

In Section 5.2, it was shown that the MCAE model produces fea-
ture representations that are statistically more similar across domains
than the StaNoSA model. In this section, the usefulness of the fea-
ture representations is evaluated with respect to three separate tissue
classification tasks; 1. NCT-CRC dataset with 9 distinct tissue classes
(approximately 100,000 images), 2. a lung tissue dataset (Borkowski
et al., 2019) with 3 classes (15,000 images), 3. a colon cancer dataset
(Borkowski et al., 2019) with 2 classes (10,000 images). These three
tasks were chosen as they vary by pathology, origin, and class number.
Furthermore, the MCAE, StaNoSA and the DCAE, have never seen
data from the colon and lung dataset. This will examine whether a
basic domain-invariant understanding can enable the encoders to elicit
meaningful features from new, unseen domains.

Three standard classifiers are considered in this experiment, multi-
layer perceptron (MLP), support vector classifier (SVC), and XGBoost.
These classifiers are chosen as they vary by fundamental methodology
and are well established in a variety of classification tasks. Experiments
were conducted in Python 3.9 and sklearn’s implementation of the
classifiers. MLflow was used to manage experimental runs and an
overview of the full experimental runs and analysis are available: (An-
drew et al., 2022b). Datasets were randomly divided by a 80%–20%
training-testing split and repeated through 5-fold cross-validation.

The efficacy of the MCAE, DCAE, and StaNoSA models will be
determined by mapping images from the relevant dataset into feature
maps using the encoder portion of the MCAE, DCAE, or StaNoSA models
as feature extractors. The feature extractor models will be frozen and
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identically structured classifiers will be trained on top of them using the
training subset. Given that the feature extraction models are frozen for
this experiment, their performance on this task can be used to estimate
how well each model generalises to new data.

5.3.1. Training process
MCAE, DCAE and StaNoSA models are trained on each of the

domains in the synthetic dataset described in Section 3. An MCAE
model is produced by training on all 3 domains at once. For DCAE, 3
models are produced by training on each possible pair of domains (AB,
AC, BC) and for StaNoSA, 3 models are produced by training on one
domain at a time. For each trained model, the decoder portions are
discarded and the encoders are selected for use as feature extractors.
Each model is trained for 100 epochs using the Adam optimiser and a
learning rate of 0.0002.

Once the encoders have been trained as per their respective proto-
cols, 3 classification datasets are transformed into each of the respective
feature spaces and 3 classifiers are trained on each of the transformed
datasets. Datasets are transformed by first dividing each image in
the dataset into 8 × 8 sub-patches, each of which is mapped to the
feature space using the relevant encoder. Any preprocessing such as
ZCA whitening is applied prior to feature extraction with the encoder.
The feature vectors for each sub-patch are summed over each image
in the dataset such that each image is represented by a single 10-
dimensional feature vector. The classifiers are then trained using these
image-level feature vectors as input alongside the relevant ground truth
labels.

Note that every available encoder is tested as part of the follow-
ing experiments. For the MCAE model, although a single model was
trained, this model contains 3 encoders (one for each of the domains)
and as such, each of these encoders are evaluated separately. Similarly
for the DCAE model there are 6 encoders (3 models and 2 encoders
per model). Because there is no inter-domain training for the StaNoSA
model, only 3 encoders are available. In the results in Section 5.3.2,
f1 scores are averaged over the encoders for a given model. This is
important as certain encoders may be better or worse suited to novel
domains due to correlations in their colour distributions thus giving less
robust results. By averaging over each encoder, the results indicate the
overall ability of the given model to generalise to new domains.

Given the 12 encoders (3 for MCAE, 6 for DCAE and 3 for StaNoSA),
the 3 classification datasets and the 3 classifiers, 108 experiments
are done in total, with each experimented being repeated via 5-fold
cross-validation.

5.3.2. Results
The full experimental results with extended granularity to each run

and additional metrics can be found in the GitHub repository (An-
drew et al., 2022b). However, mindful of space, the key findings are
presented in the main body of this paper. Tables 2–4 present the
average f1 score for each classifier starting with the relevant encoder
for feature elicitation. MCAE generally performs the best in most of
the experiments (with the exception of the MLP model for the lung
and colon datasets). The results of this experiment suggest that the
features produced by the MCAE model are indeed useful and able
to extract useful information about the tissue structures contained in
histopathology images. The methodology underpinning in the DCAE
and MCAE significantly outperforms the StaNoSA model across all
dataset and models.

Given the results from Tables 2–4 are taken as the average over
5-fold cross-validation (and the DCAE further over different domain
pairs), the standard deviation for each classifier, encoder, and dataset
are presented in Tables 5–7. The results show that in general the
MLP, as a classifier, is significantly less consistent in its performance
compared with SVC and XGBoost. It is notable that this was the only
classifier where either DCAE or StaNoSA were able to outperform
MCAE based models ( Tables 3–4). In general, the classifiers generally
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Table 2
Summary of the f1 score for each classification model different encoders for the
NCT-CRC dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.331804 0.377023 0.269767
DCAE 0.616478 0.599723 0.535119
MCAE 0.620738 0.599852 0.565263

Table 3
Summary of the f1 score for each classification model starting with the different
encoders for the lung dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.333136 0.528870 0.455735
DCAE 0.723412 0.806611 0.799957
MCAE 0.622465 0.811241 0.802298

Table 4
Summary of the f1 score for each classification model different encoders for the
colon dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.442983 0.641454 0.589402
DCAE 0.614127 0.797639 0.800078
MCAE 0.580587 0.800511 0.804332

Table 5
Summary of the standard-deviation of the f1 scores for each classification model
over all iterations of the experiment different encoders for the NCT-CRC dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.025390 0.027815 0.032394
DCAE 0.024818 0.032710 0.037174
MCAE 0.022305 0.029236 0.007385

Table 6
Summary of the standard-deviation of the f1 scores for each classification model
over all iterations of the experiment different encoders for the lung dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.053328 0.012291 0.003095
DCAE 0.103813 0.005103 0.011062
MCAE 0.193919 0.007058 0.009452

Table 7
Summary of the standard-deviation of the f1 scores for each classification model
over all iterations of the experiment different encoders for the colon dataset.
Classifier/model type MLP SVC XGBoost

StaNoSA 0.114713 0.032827 0.035709
DCAE 0.122355 0.008490 0.022511
MCAE 0.231736 0.005873 0.004423

performed the most consistent (and with greatest performance) when
starting with the MCAE encoder. This suggests that the MCAE has
been able to provide domain invariant feature representation due to
its multi-domain learning.

It is important to reminder ourselves that although Table 6 shows
that StaNoSA was quite consistent, the modelling performance was
generally quite poor (f1 score between 0.33 and 0.53) whilst the MCAE
was relatively more consistent than DCAE whilst achieving very high
performance (f1 score between 0.62–0.81) as shown in Table 3.

6. Conclusion

This work presented the Multi-Channel Auto-Encoder which is a
novel extension of the Dual-Channel Auto-Encoder model that makes
use of more than two data domains. Additionally, this work demon-
strated that the active feature normalisation approach used by the
MCAE model is superior to other statistical normalisation methods
like ZCA whitening. The multi-domain knowledge garnered by the
9

f

MCAE enables strong feature representation even from unseen domains.
The DCAE has less interdomain knowledge after training and would
primarily be useful if the two domains were known and well estab-
lished a priori. However, in the context of enabling mass digital image
nalysis on histopathology images across multiple centres world-wide,
he MCAE provides great stability and generalisability.

A limitation of the MCAE and DCAE models is that they require
ligned data from multiple domains in order to learn normalised feature
epresentations. In order to alleviate the impact of this limitation, a
ovel synthetic dataset was generated using a self-attentive CycleGAN
ased on the work outlined in Shrivastava et al. (2019). This dataset
as generated by fitting 2 CycleGAN models to 3 domains of unaligned

issue image data. The trained CycleGANs were then used to produce
novel dataset of aligned tissue image triplets where each triplet

epresents the same tissue patch but with the staining appearance of
ther domains.

In Section 5.1, the synthetic dataset was evaluated with respect
o the quality of appearance normalisation and suitability for use in
urther experiments. It was shown in Section 5.1 (Figs. 7, 8 and Table 1)
hat the CycleGAN models are able to capture and transfer the colour
ppearance of different tissue domains.

In Section 5.2, the abilities of the MCAE and StaNoSA models
o produce domain-invariant feature representations were evaluated
n the synthetic dataset. Using the Mahalanobis distance metric, the
CAE model is able to produce features that vary much less across

omains than the StaNoSA model. This is likely due to the active
eature normalisation approach in the MCAE model that uses feature-
ased loss functions to actively encourage the learning of normalised
eature representations of images as opposed to the StaNoSA model,
hich makes use of preprocessing techniques such as global contrast
ormalisation and ZCA whitening in order to reduce the impact of
nter-domain variances.

The MCAE’s primary focus is directed towards the development of a
tain invariant system. The tissue structures within the histopathology
mages could additionally be characterised by textural information in
ddition to the colour information. Unlike the MCAE model, CycleGANs
se convolutions and therefore account for texture as well as colour.
lthough the MCAE model can learn textural features, it is likely to
e less efficient in doing so compared with a CNN. In the present
ork the MLP architecture of the MCAE was chosen to allow for a
etter comparison to the StaNoSA method, allowing us to highlight the
enefits of active feature normalisation over traditional approaches like
CA. Future work may consider adjusting the MCAE model to include
onvolutions that would likely improve the model’s performance and
peed.

In Section 5.3, the ability of the MCAE, DCAE, and StaNoSA models
o generalise to new datasets and new tasks was evaluated using three
ifferent classification tasks. The MCAE, DCAE, and StaNoSA models
ere used as pre-trained feature extractors, the outputs of which were

ed into separate classification modules where MLP, SVC and XGBoost
ere considered in this work. The results showed that the classifiers

hat used MCAE as a feature extractor generally outperformed the
odels using StaNoSA and DCAE with respect to f1-score.

These results suggest that the active feature normalisation approach
sed in the MCAE model results in features that generalise better to
ovel tasks. This in particular is present in the fact that the lung and
olon datasets did not derive from a domain on which the MCAE was
rained. Furthermore, the MCAE provided the foundation for more con-
istent classification over multiple folds whilst achieving high perfor-
ance in comparison with the DCAE and StaNoSA. Despite promising

esults, the MCAE model is limited by the lack of convolutional layers.
xplicitly extracting patches and processing them with fully connected
ayers is slower than using standard convolutions and so the exact
rchitecture used in this paper is not recommended. Instead, the con-
ept of active feature normalisation should be applied to convolutional

eature extractors.
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Future work will involve adapting the MCAE model to utilise convo-
lutional layers which would allow for greater computational efficiency
when processing image data and also present the opportunity to include
textural information in the normalisation process. This would allow
an improved representation of tissue to be learned that would better
account for spatial dependencies. Additionally, it would be beneficial
to develop a novel stain augmentation method that can be used to sim-
ulate various staining and scanning conditions on-the-fly, thus reducing
the need to use CycleGANs to synthesise the data beforehand.
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