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Abstract— Objective: Optical coherence tomography
(OCT) images can visualize retinal layers and fundus le-
sions. Retinal structure segmentation is of great signifi-
cance in early lesion detection and treatment guidance.
However, devices from different OCT manufacturers are
largely different from each other, which often leads to de-
graded results in image segmentation. Methods: To enrich
the diversity of multi-source domains in intensity distribu-
tions and image contrasts of multi-manufacturers’ OCT im-
ages, a kurtosis transformation method is proposed to gen-
erate a kurtosis-transformed image. To make the generated
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potential T-styles as different as possible from the source
domain styles, a mean style contrastive learning method is
proposed to maximize the distance between style features
of a kurtosis-transformed image and multi-source domain
images. To improve the diversity and independence of po-
tential T-styles in a high-level orthogonal space, variance
style orthogonalization is proposed to impose an orthogo-
nal constraint on the reparametrized variance styles. Mean
style features and variance style features are combined to
modulate an input image for the training of the segmen-
tation network. Results: Comprehensive experiments have
been performed on two OCT image datasets. Compared to
state-of-the-art methods, the proposed method can achieve
better segmentation. Conclusion: The proposed segmenta-
tion method can be trained on labeled OCT images from
multi-manufacturers’ devices and can be tested on unseen
manufacturer’s device, and has good domain generaliza-
tion performance in both retinal layer and lesions segmen-
tation tasks. Significance: The proposed method can be
used in routine clinical settings, when OCT images from
multi-manufacturers’ devices are available.

Index Terms— OCT Image Segmentation, Domain Gen-
eralization, Retina Segmentation, Kurtosis, Orthogonaliza-
tion, Contrastive Learning.

[. INTRODUCTION

CT [1] has emerged as a pivotal imaging modality for

non-invasive visualization of retinal structures. It can
provide high-resolution cross-sectional images and therefore it
has become an indispensable tool for the early detection and
monitoring of various ocular diseases. With the development
of medical image segmentation [2]-[4], the segmentation of
OCT images plays a critical role in the quantitative assessment
and management of these ocular diseases. In addition, it is
equally vital to perform segmentation of retinal layer and
lesion [5], [6] in OCT images, as it can provide critical insights
for clinical diagnosis of various ocular and systemic diseases.

Deep learning-based segmentation methods [7], [8] have
achieved remarkable success in medical image analysis, due to
their ability to learn complex patterns from large-scale anno-
tated datasets. However, OCT images acquired from different
manufacturers’ devices or using different imaging protocols
often exhibit substantial variability, and its distribution char-
acteristics also have diversity (shown in Fig.1), which leads
to significant domain shifts [9], [10]. This variability poses
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Fig. 1. Different intensity distributions and image contrasts of multi-
manufacturers’ OCT images. OCT images captured by three different
manufacturers’ devices (domains), (a) Cirrus; (b) Topcon; (c) Spectralis.
Varied histograms of different domain images, (d) Cirrus; (e) Topcon; (f)
Spectralis.

a major challenge to the generalizability and robustness of
segmentation models, as models trained on one domain often
fail to perform well on unseen domains.

To address these issues, research has focused on domain
adaptation (DA) [11]-[13] and domain generalization (DG)
[14]-[16] methods. DA methods attempted to align the dis-
tributions of source and target domains. The synthetic target
domain images were generated to train a segmentation model
and further alleviate the domain shift [17], [18]. They often
used adversarial learning [19], [20] or style-transfer techniques
[21], [22]. These approaches required access to target domain
data during training, which limited their applicability in clin-
ical scenarios where target data might not be available. In
contrast, DG methods aimed to improve model performance on
unseen domains by leveraging only source domain data. Some
DG methods used randomization-based strategies [23], [24] to
generate augmented data by applying random transformations.
Normalization-based methods [25], [26] were also a common
strategy in DG, and had achieved significant improvements
in multiple domain generalization tasks. Additionally, at the
level of feature representation, some generalized methods
focused on invariant feature representation [27]-[29] and
feature disentanglement [30]—[33], decomposing the features
of input samples into domain invariant and domain specific
components. There were also some commonly used strategies
such as ensemble learning [34], [35], meta-learning [36]—[38],
and self-supervised learning [39], which could enhance the
generalization ability to unseen domains.

In this paper, we propose a novel domain generalization
method to increase the diversity of kurtosis in the histogram
of the samples in the multi-source domains. Kurtosis is used to
describe the distribution of image intensities. OCT images with
high histogram kurtosis may have a concentrated distribution
that makes it easier for the model to capture the main features
of the retina. On the other hand, OCT images with low his-
togram kurtosis have a more uniform distribution of image in-
tensities, and the intensities appear relatively balanced, which
is more conducive to preventing the model from focusing too
much on local features and ignoring overall features of the

retina. Therefore, kurtosis transformation is applied to OCT
images from multi-source domains such that generalization
of the proposed segmentation framework can be improved.
A Mean Style Contrastive Learning (MSCL) method is pro-
posed to widen the distance between the generated potential
target domain styles (T-styles) and the multi-source domain
styles. A Variance Style Orthogonalization (VSO) method is
proposed to further improve the diversity and independence
of potential T-styles. Comprehensive experiments have been
performed with one in-house multi-source domain OCT image
dataset, and a publicly available multi-source domain OCT
image dataset. The experimental results have demonstrated
the superiority of our framework over state-of-the-art domain
generalization methods. The main contributions of our work
are summarized as follows,

e A kurtosis transformation method is proposed to generate
a kurtosis-transformed image for enriching the diversity
of source domains in intensity distributions and image
contrast. The interval with the highest kurtosis is selected,
assuming that its peak falls within the interval, and an
intensity mapping curve is chosen for the change of
intensity distributions and contrast of retina, such that in-
tensity distributions and contrast of retinal structures can
be modified for different manufacturers’ OCT images.

e A mean style contrastive learning method is proposed
to guide the generation of the desirable T-styles of the
unseen target domain. In order to make the generated
potential T-styles as different as possible from the source
domain styles, the contrastive representation learns the
style features of images by minimizing the similarity
between a kurtosis-transformed image and multi-source
domain images while the contrastive representation learns
the style features of images by maximizing the similarity
between kurtosis-transformed images in the same batch.

e Variance style orthogonalization is proposed to improve
the diversity and independence of potential T-styles in
a high-level orthogonal space. To improve the diversity
of style codes, a random style following the normal
distribution is sampled to generate potential styles not
present in the known source domains, such that domain
generalization of the network can be improved in unseen
target domains. By introducing an orthogonal constraint
to the reparametrized variance style, the task of generat-
ing T-styles for unseen target domain is transformed into
an orthogonal constraint problem within the high-level
orthogonal style space.

Comprehensive experiments on both the OCT retinal layer
segmentation dataset and the OCT retinal lesion segmentation
dataset have been performed, and the experimental results
showed that our method outperformed state-of-the-art domain
generalization methods on two OCT image segmentation tasks.

[1. RELATED WORK
A. Domain Generalization for Medical Image Analysis

DG [24], [26], [29] has gained significant attention in recent
years, particularly for its ability to improve model perfor-
mance on unseen target domains without requiring access to
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target domain data. This was particularly relevant in medical
image segmentation tasks, where domain shifts could occur
due to variations in imaging protocols, equipment, or patient
populations. Many methods have been proposed to address
these issues, including feature learning [40]-[43], adversarial
training [19], [20], data augmentation [44]-[46], etc.

Many methods have focused on learning domain-invariant
features [27], [30], [47] to mitigate domain shifts. The goal
was to extract features that were not specific to any par-
ticular domain, allowing the model to generalize better to
new domains. Lai et al. [29] proposed a domain-aware dual
attention network to alleviate the severe distribution shift
between the source and target domain. Hu et al. [48] em-
ployed the domain-discriminative features embedded within
the encoder to produce the domain code for each input
image. This process established a connection between multiple
source domains and the unseen target domain. Zhang et al.
[49] used shape-invariant learning to perform implicit shape
distribution alignment at the domain-level to learn shape-
invariant representation. Zhang et al. [50] unified the multi-
source domains into a global inter-source domain via a novel
feature statistics update mechanism. Although these methods
have shown a promising progress, they often struggled to
balance the trade-off between domain invariance and task-
specific feature learning, and therefore, they tended to produce
suboptimal performance on unseen target domains.

Adversarial training has proven effective in many domain
generalization tasks, where the goal was to align the feature
distributions between the source and target domains. Fick
et al. [51] used Cycle-GAN [52] to enrich the samples by
transforming images to another style. In our previous study
[53], adversarial learning of graph convolutional networks was
used to capture the underlying relationships among various
lesions.

B. Data Augmentation for Domain Generalization

Data augmentation has always been an effective method
for domain generalization. Traditional augmentation strategies,
such as rotation, scaling, and flipping, were commonly used
to increase the diversity of the training data [54]. For instance,
methods like Mixup [55], MixStyle [56] and Cutmix [57]
have been shown to improve model generalization by mixing
images or pixels from different domains to create hybrid
samples. Qi et al. [58] proposed a normalization-based method,
called NormAUG, which used normalization based on samples
from different domains to enhance the diversity of training
data. Guo et al. [59] transformed token features by perturbing
local edge cues while preserving global shape features to
enhance the model learning of shape information and the
generalization ability. However, while these methods increased
diversity, they might still fail to capture the complex domain-
specific variations presented in medical images, especially
when there was a large gap between source and target domains.

To better simulate the target domain, some methods explic-
itly aimed to generate target-like data. For example, contrastive
domain disentanglement and style augmentation (CDDSA)
[31] disentangled style and content representations, allowing

the model to generate new styles based on a combination
of learned style features. Similarly, dynamic style transfer
[60] dynamically altered the style of source images to mimic
potential target styles and bridge the gap between domains.
Zhou et al. [23] enhanced the diversity of source domain via
generating source-similar and source-dissimilar images based
on Bezier Curves [61] and developed a dual-normalization
network for effective exploitation. However, these methods
often assumed that the target domain style lay within the
distribution of source domains, which might not always hold
true for medical images.

Advanced data augmentation strategies have sought to ex-
plicitly sample styles that mimic potential target domain distri-
butions. For instance, Wang et al. [62] used a sampling-based
method named CrossSmooth to acquire semantic directions
from inter-class, and then used CrossVariance to obtain the
styles of different domains by sampling semantic directions. In
our previous study [53], Dirichlet sampling has been applied to
create pseudo-target domain samples by interpolating marginal
style features of the source domain. This technique enhanced
the diversity of generated styles and improved the general-
ization. Marginal style sampling methods further identified
marginal styles within the source domain distributions, which
were more likely to approximate unseen target domain styles.

Ill. METHOD
A. Problem Definition and Method Overview

For multi-source domain OCT image segmentation, K
subsets of OCT images are collected from different manu-
facturers” OCT devices. The multi-source domain datase}(Dls

e e

consists of K — 1 subsets, defined as D* = {Ds }k s
=1
k

where Ds}c denotes the k-th source domain dataset. D° =
{(aF,yF) }ZV:'“l, where ¥ denotes the i-th image from the k-th
source domain and y¥ denotes the corresponding segmentation
label. N, denotes the number of images in k-th source domain.
D' = {(aF 1 yE ) }j\z denotes the target domain dataset
and N denotes the number of images in target domain. D*
is not visible in the training stage.

The proposed multi-source domain generalization frame-
work for OCT image segmentation is shown in Fig.2. To enrich
the diversity of multi-source domains in intensity distributions
and image contrasts of different manufacturers” OCT images,
a kurtosis transformation method is proposed to generate
a kurtosis-transformed image. The sub-histogram with the
highest kurtosis is treated as the prominent interval of image
intensities, and an intensity mapping curve is chosen to change
intensity distributions and image contrasts, such that intensity
distributions and contrast of retinal layers or lesions can be
modified for different manufacturers’ OCT images. In order to
make the generated potential T-styles as different as possible
from the source domain styles, a mean style contrastive
learning method is proposed to maximize the distance between
style features of a kurtosis-transformed image and multi-
source domain images. In order to improve the diversity and
independence of potential T-styles in a high-level orthogonal
space, variance style orthogonalization is proposed to impose
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Fig. 2. Overview of our proposed framework. The source domain sample acf is fed into Kurtosis Transformation (KT) to obtain a‘cf and generate
mf_’q through histogram matching. Then, the transformed sample a”cf and the source domain sample m,’:’ are fed into the variance style extractor

_k,o
for Variance Style Orthogonalization (VSO) to obtain the variance style features f; , which are used to modulate the encoder with the mean style
features fik’”. The a‘cf and wf’ are fed into the mean style encoder for the Mean Style Contrastive Learning (MSCL) to obtain the ff’“. Finally,

_k,o

f; and fik"‘ are fed into the reconstruction decoder to obtain the final reconstructed image &%, which is then fed into the segmentation network

along with the source domain sample mf for training.

an orthogonal constraint on the reparametrized variance styles.
Mean style features and variance style features are combined
to modulate an input image for the training of the segmentation
network. In the following sections, we will elaborate the
proposed constraints for retinal layer/lesion segmentation of
unseen manufacturer’s OCT images.

B. Kurtosis Transformation

As shown in Fig.1, images acquired from different man-
ufacturers’ OCT scanners present significant differences in
image appearance and contrast since they are captured with
different cameras, different light sources and settings. The
corresponding histograms also show significant differences in
intensity distributions. Such distribution differences lead to
domain shift between sources and target domains and can
greatly degrade the performance of retinal structure segmen-
tation in fundus OCT images, which is more severe when
target domain is unseen. To mitigate domain shift and improve
the generalization of the retina segmentation model, it is
advisable to enrich the diversity of source domains in intensity
distributions and image contrasts. In our study, we find that
retinal structures present a concentrated distribution in the
histogram. In statistics, kurtosis is an indicator that describes
the degree of steepness of a distribution pattern; and therefore,
histogram kurtosis can be used to measure the concentration
of retinal structures in fundus OCT images, such that intensity
distributions and contrasts of retinal structures can be modified

for different manufacturers” OCT images.

For a fundus OCT image, intensities of retinal structure
often locate in an interval with high kurtosis of histogram.
When a new intensity mapping function is applied, the kurtosis
of an interval of histogram can be modified. A prominent
intensity interval detection method for the OCT image is
proposed to modify the kurtosis of the histogram distribution.
For a selected source domain image xkf € DSk intensities
are normalized to a fixed range [0, E}], thich is tkhen gi-
vided into M isometric sub-intervals, [0, E}?), [E}*, E5),
e [Ej\;AvE;;} To improve the random sampling and the
diversity of intensity transformation, the start and end of each
interval are added with a random value that is uniformly
sampled from an interval [—¢&, £]. For all pixels in each interval,
their kurtosis of histogram can be computed by

sk sk N, _
K5 — Nt (Nt +1) pi—p\*
mo— sk sk sk p )
(N *Z})(NW«Z —2)(Np —3) j=1 , (1)
sk
3(NE —1)

sk sk
(Nt =2)(Npi —3)

k
where N;i denotes the number of pixels in the m-th interval
of xf , and p; denotes the j-th intensity. p denotes the mean
intensity and p denotes the standard deviation of the intensities
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Fig. 3. Kurtosis transformation with multiple mapping curves.

in the interval. Eq.(1) can be approximated by
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In order to better adapt the model to unseen domains, we
need to enrich the diversity of kurtosis of the source images.
Therefore, a kurtosis transformation method is proposed to
generate a kurtosis-transformed image ¥ with a kurtosis
different from the original image z¥. As is shown in Fig.3, the
interval with the highest kurtosis is selected, assuming that its
peak falls within the interval, and an intensity mapping curve
is chosen for the change of intensity distributions and contrasts
of retinal structures. This process can be described as

M
B =" My o (), 3)
m=1
M= { LK}y
0, otherwise

where ¢,, denotes the m-th intensity mapping curve, which
can be defined by added some control points as

k
(1) If [0, E;*) is the interval with the highest kurtosis, a
piecewise linear function ¢1(p;) is applied to transform the
intensity distribution. Besides the start point (0, 0) and the end

k k k k
point (E;}, EIE) , a control point (Ef “ aER}) can be added
a two-piece linear function ¢i(p;), where a is the slope of
k
the first piece linear function. For pixel values in [0, E}*),
intensity distributions and image contrasts can be widened if
k k
a > E;* /E}: or else they become narrow. For pixel values in
k k
[Ey:_,, Ey;), intensity distributions and image contrasts can
be Wldened if a < (M —1)/M or else they become narrow.

&

(2 If [E}:_,, Eni] is the interval with the highest kurtosis,
a piecewise linear function ¢s(p;) is applied to transform
the intensity dlstrlbutlon Besides the start point (0,0) and

the end point (E I O ), two control points (E,:fl, aE;;)

and (Em , bEMf,) can be added a three-piece linear function

©2(p;), where a is the slope of the first piece linear function
and b is the sloEe of the third piece linear function. If
(b—a)Ey, > En Em‘ 1» intensity distributions and image
contrasts can be W1dened or else they become narrow for pixel
intensities in [E

m— 17 Em ]
B If [E}\jl;il, E M] is the interval with the highest kurtosis,
a piecewise linear function 3(p;) is applied to transform the
intensity dlstrlbutlon Besides the start point (0,0) a}cnd the
By, By
be added a two-piece linear function ¢3(p;), where a is the
slope of the first piece linear function. For pixel values in

end point ( ), a control point (E]\}}_l,aEfv}) can

k k
[Ef\}'[f17 E;ﬂ intensity distributions and image contrasts can

be widened if a < Ezj];_l/ E;é or else they become narrow.

Besides the above piecewise linear functions, other func-
tions such as exponential functions, logarithmic functions,
Bezier functions and B-spline functions can also be used as
the intensity mapping curves to modify intensity distributions
and image contrasts.

C. Mean Style Contrastive Learning

Our goal is to develop a generalized retinal structure seg-
mentation framework that can segment an unseen manufac-
turer’ OCT image by capturing and transferring the over-
all style of a multi-source OCT image. The above kurtosis
transformation method mainly focuses on transforming and
generating potential target domain images from existing source
domains, but it is challenging to fully randomly generate the
desirable style of the unseen target domain because the styles
of the multi-source domains largely differ from those of unseen
target domains. A key component is to find a suitable style
representation that can be used to distinguish different styles
and further guide the generation of the desirable styles of an
unseen target domain.

To this end, an mean style feature extractor is designed.
Instead of using features from a specific layer or a fusion of
multiple layers, our feature extractor projects mean features
of the last layer into a latent style space to encode style
cues. Specifically, the encoder of UNet is used as our feature
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extractor and an average pooling is used to project the kurtosis-
transformed image #¥ into an L-dimensional latent style code.
A branch of the contrastive learning scheme is potential T-style
representation learning. The mean style feature extractor needs
to be trained to obtain a reasonable style representation that is
in the form of the style code. However, the ground-truth style
code of unseen target domain is unavailable for supervised
training. In order to make the generated potential T-styles as
different as possible from the source domain styles, it is neces-
sary to widen the distance between the generated potential T-
styles and the multi-source domain styles. To achieve this goal,
a style contrastive learning strategy is proposed, and a new
contrastive style loss is designed as an implicit measurement
for the mean style feature extractor training.

When training the mean style feature extractor for the task
of multi-source domain generalization, histogram matching
is used to transform the cross styles between multi-source
domain images such that domain shift between K — 1 source
domains can be mitigated and the feature extractor is allowed
to extract desirable styles of the generated target domain
different from those of multi-source domains. Specifically,
for a selected source domain image =¥ € D , another

i
. ko
source domain image x? € D?® is randomly selected, and

their intensities are normalized to a fixed range [0, Efé;] The
histogram-matched image xfﬁq can be obtained by applying
the histogram matching method. The kurtosis-transformed
image #¥ and the histogram-matched image mf%q are re-
spectively fed into the encoder of the mean style feature
extractor. The mean style feature of #¥ can be obtained as
fFr = Er(2¥) and the mean style feature of z 7 can
be obtained as fF7U* = Er(zF79). fF* from the k-th
domain is treated as the reference style feature and ff * from
the [-th domain is treated as the positive style feature. The
contrastive representation learns the style features of images
by maximizing the similarity between f** and f* such
that the generated potential T-styles in each iteration can be
aligned. fF7%" is treated as the negative style feature. The
contrastive representation learns the style features of images
by minimizing the similarity between f** and fF~%" such
that the generated potential T-styles in each iteration can be
different from those of K — 1 source domains and make
the kurtosis-transformed image 4% present potential T-styles,
which are potentially similar to those of the unseen target
domains. The contrastive loss is defined to train our mean

style feature extractor as

K-1 K-1 i sk gl
sim(FI o

k=0 I=k+1
c¥=-— x

images and multi-source domain images. Variance style repa-
rameterization is further performed in a high-level orthogonal
space to further improve the diversity of potential T-styles. To
this end, a variance style feature extractor E? is designed
to project the kurtosis-transformed image ¥ into an L-
dimensional latent style feature as the mean style feature
extractor with a channel-wise variance layer, i.e., the variance
style feature of #¥ can be obtained as fzk 7 = E7 (&F). Note
that the variance style code ff’” obtained through transform-
ing in the current epoch may be the similar to the styles
presented in the source domain. To improve the diversity of
style codes, a random style following to the normal distribution
f ~ N(0,1) is sampled to generate potential styles not
presented in the known source domains, such that domain
generalization of the network can be improved in unseen target
domains. The variance style feature is mixed as

_k,o

fi =aff"+(1-a)faclol], 6)

where « is a uniformly random coefficient.

For each iteration in the above contrastive learning, the
mean style feature 2% of kurtosis-transformed images is treated
as the reference. As can be seen in Eq.(1), the standard
deviation of the intensities is also an important factor to affect
intensity distributions and contrasts of retinkfﬂ structures. To

_k,o
enhance the diversity of potential T-styles, f Z-l from the k-th

_l,o

domain is treated as the reference style feature and f, from
the [-th domain is treated as the negative style feature. A inter-
domain variance style function is designed to diversify the

visual styles of images by maximizing the distance between
_k,o _l,o

fi and f, such that the generated potential T-styles in
each iteration can be different between kurtosis-transformed
multi-source images. The inter-domain variance style function
is defined as

K—-1 K-—1 _k,o _l,o

Lfe:logz Z g e T 7

k=0 I=k-+1

To further improve the diversity of potential T-styles, vari-
ance style reparameterization is further performed in a high-
level orthogonal style space. If the two features are orthogonal,
more independent variance styles are probably produced and
diverse potential T-styles can be hence produced. Therefore,
by introducing an orthogonal constraint to the reparametrized
variance style, we can transform the task of generating T-styles
for unseen target domain into an orthogonal constraint problem
within the high-level orthogonal style space. Therefore, the or-
thogonal constraint is imposed on variance style sampling. The

logK—l K-1

k=0 l=k+1 k=0

(&)
where sim(-,-) is the cosine similarity, and 7 is the tempera-
ture scaling parameter.

D. Variance Style Orthogonalization

The above contrastive learning aims to maximize the dis-
tance between the mean style features of kurtosis-transformed

sim(FH 0 Kz‘l sim(fE TR fH

variance style fik’” of the source domain image z¥ is fed into
the variance style feature extractor £, i.e., fik’” = E° (2¥),

to obtain high-level features fik"r € F7. After fl €F
is obtained as Eq.(6), the mapped features f° and fF°
are imposed to maximize the differences between style vec-

tors of different domains, reparametrized and original styles.
l,0 2,0 —1,0
Lo (2, K-l 37 37 7 ’
fz' vai 07"'1]01' Jafi 7fi a"'vfi are stacked
into a matrix F}7 € R2X=2*L_ These variance styles should

be well-separated in the orthogonal style space, and the
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distance between styles of different domains, reparametrized
and original styles, should be maximized such that the learned
styles can be distinguishable. Each reparametrized variance
style extracted from a sample in the source domain forms a
bundle of styles with the original styles extracted from some
samples in other source domains. The orthogonal loss of L7,
can be expressed as

(o
Lor_

Fo(Fr)” H —lox _2)x(2K—2)

12 [|(72)
) ’

—Irxr

(®)
+

where [(ox_2)x(2K—2) denotes the identity matrix of size
(2K —2) x (2K — 2) and Iy, denotes the identity matrix
of size L x L. The first term promotes independence of the
variance styles to reduce redundant information and maximize
the information capacity of the high-level style space and the
second term encourages orthogonality of the variance styles,
thereby maximizing the inter-class distance of distinctive vari-
ance styles.

E. Style Transfer for Generalized Segmentation

Many previous domain generalization methods mainly fo-
cused on data augmentation from source domains. Apart from
the image-based method, style transfer is also performed in the
encoder of our segmentation network such that the model is
probably to see more reparametrized and orthogonal potential
T-styles. To this end, style transfer is applied to the features
of the original multi-source domain image in the encoder of
our segmentation network by using AdaIN [63] as

k
SZp ) | g ©)

o (fF)
where p (+) denotes the mean operation and o () denotes the
standard deviation operation.

To ensure the effectiveness of style encoding, the codes
produced by E* and E? are fed into our style decoder D,..
D, discerns the distinctive style characteristics of different
domains and reconstructs the generated target domain images.
This ensures that E* and E? do not generate randomly
high-dimensional style vectors in the high-level space. Conse-
quently, further constraints are imposed on the preceding mean
style feature extractor and variance style feature extractor, and
the reconstruction consistency loss is defined as

Lre = ||&F = &3]

fik’a = \f/z

(10)

where the style feature f* of 2% is obtained as f¥ = E#(2F)
without applying the average pooling. #¥ denotes the recon-
= Dy (£, 11

1 J

structed image as ¥ . After the variance

_k,o
style f, are sampled with the orthogonalization constraint,
style transfer is performed by using AdaIN [63] as
& _k,o fk f S
fee=f = + fir 1D

()

It is important to note that the gradients in Eq.(10) need to
be backpropagated to the mean style encoder, the variance

style encoder and the style decoder. In contrast, the gradients
from the aforementioned contrastive loss in Eq.(5) are only
backpropagated to the mean style feature extractor. To preserve
the semantic content of the source domain in reconstructed
image, #¥ is fed into our segmentation network and the
segmentation loss is defined as

L3¢ = Lpsc (3, yF) + Les (37, yF) (12)

where Lpsc denotes Dice similarity loss and Log denotes
Cross- entropy loss. 7% denotes the segmentation prediction
of #¥. For each image in the multi-source domain and its
transformed image, they are also fed into our segmentation
network and the segmentation loss is defined as

L9 = Lpsc (98, y¥) + Lee (9F,yF) + Lpsc (97, y¥)
+LCE (?957 yf) ’
(13)
where ¥ denotes the segmentation prediction of z¥ and ¥
denotes the segmentation prediction of Z¥.

Overall, the total loss is defined as

LtOtU«l = ing + L:(;g + )‘/ctLg + )‘geL(tTe + )\ZTLZT + A7‘ch07
(14)

“w o
where M\, A7,

A9 and A, are the weights.

IV. EXPERIMENTS
A. Dataset

The proposed method was evaluated on two OCT image
datasets scanned by multi-manufacturers’ OCT devices: a
retinal layer segmentation dataset from three clinical centers
and a publicly available retinal fluid segmentation dataset
(RETOUCH) [64]. The descriptions of the datasets were
shown in Table I. The fundus image datasets were collected
from different clinical centers.

1) Retinal Layer Segmentation Dataset: OCT images were
collected from four distinct clinical centers, in which OCT
scanners were scanned by four different manufacturers’ OCT
devices and therefore regarded as four domains. This dataset
consisted of 394 OCT volumes, where 94 volumes of 94
patients with age-related macular degeneration were acquired
with the Cirrus scanner (Zeiss) in Joint Shantou International
Eye Center, Shantou University and the Chinese University
of Hong Kong. 100 volumes of 100 patients with diabetic
retinopathy were acquired with the Spectralis scanner (Hei-
delberg) in fundus disease clinical center, school of ophthal-
mology and optometry and eye hospital of Wenzhou Medical
University. 100 volumes of 100 patients with myopia were
acquired with the VG200D scanner (SVision) in Beijing Ton-
gren Hospital. 100 volumes of 100 patients with age-related
macular degeneration were acquired with the Topcon 2000
scanner (Topcon) in Joint Shantou International Eye Center,
Shantou University and the Chinese University of Hong Kong.
For each volume, there were 128, 19, 1240, and 128 B-
scans with the size of 1389 x 926, 512 x 496, 1536 x 3936,
and 1024 x 1177 for Cirrus, Spectralis, Svision and Topcon,
respectively. The retinal layers were manually annotated by
an experienced expert. Besides vitreous and choroid, retinal
layers such as nerve fiber layer (NFL), ganglion cell layer and
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TABLE |
DETAILS ABOUT THE TWO DATASETS.
Dataset Domain No. Size Volume(B-scans) Scanners Class

Domain 1 1389 x 926 94(709) Cirrus Vitreous, Choroid,

Retinal Laver Domain 2 512 x 496 100(1000) Spectralis NFL, GCL-IPL,

y Domain 3 1536 x 3936 100(1000) Svision INL, OPL,

Domain 4 1024 x 1177 100(1000) Topcon ONL-ELM, MZ-RPE
Domain 1 512 x 1024 24(1568) Cirrus

Retinal Fluid Domain 2 512 x 496 24(711) Spectralis IRF, SRF, PED
Domain 3 512 x 650 22(1106) T-1000 and T-2000

inner plexiform layer (GCL-IPL), inner nuclear layer (INL),
outer plexiform layer (OPL), outer nuclear layer and external
limiting membrane (ONL-ELM), myoid zone to retinal pig-
ment epithelium (MZ-RPE) were annotated. Due to the heavy
annotation of retinal layers, about 10 B-scans were randomly
annotated from each OCT volume. All B-scans were resized
to the size of 512 x 512.

2) Retinal Fluid Segmentation Dataset: OCT images were
collected from three different manufacturers’ OCT scanners,
which were regarded as three domains. This dataset consisted
of 70 OCT volumes, where 24 volumes were acquired with
the Cirrus scanner (Zeiss), 24 volumes were acquired with
the Spectralis scanner (Heidelberg), and 22 volumes were
acquired with the T-1000 and T-2000 scanners (Topcon). For
each volume, there were 128, 49, and 128 B-scans with size of
512x1024, 512 x 496, and 512 x 650 for Cirrus, Spectralis and
Topcon, respectively. In this dataset, three different fluid types,
i.e., the intraretinal fluid (IRF), subretinal (SRF), and PED
(pigment epithelial detachments), were manually annotated.
All B-scans were resized to the size of 512 x 512.

B. Implementation Details

All models were tested on one NVIDIA RTX 3090 GPU.
The networks were trained for 120 epochs, with an initial
learning rate of 0.001. The Adam optimizer was used. The
batch size was set to 1. DeepLabv3+ [65] with ResNet101 was
used as the main framework for our segmentation network. In-
tensities in each B-scan were normalized to a fixed range [0, 1].
Three different intervals were set for kurtosis transformation
(M = 3). The slop a of the main interval the highest kurtosis
was set to a random number in [2,10] while the slop b of
other intervals was set to a random number in [0.1,0.5]. &, T,
AL AL, NS, and A, were set to 0.1. Data-augmentation was

te>

performed based on BigAug [54].

C. Experimental Results and Analysis

1) Comparative Methods and Evaluation Metrics: The lower
bound (Inter-domain) referred to training the encoder-decoder
segmentation network using all source domains, followed
by testing on an unseen target domain. This approach of-
ten resulted in degraded performance due to the significant
distribution discrepancy between the source (training) data
and the target (testing) data. Conversely, the upper bound
(Intra-domain) represented a scenario where each individual
domain was separately trained and evaluated through 4-fold

cross-validation without patient overlapping. The proposed
method was compared with several state-of-the-art approaches.
Data manipulation-based techniques, such as Mixup [55]
and Cutmix [57], operated at the image and pixel levels,
respectively. Style transformation methods, including Dual-
Norm [23], CDDSA [31], and MixStyle [56], modified the
style of images to improve domain generalization. Dynamic
convolution-based approaches, such as DCAC [48], leveraged
dynamic convolutions during training to adapt the model.
Methods like DoFE [30] focused on learning domain-invariant
features by utilizing prior knowledge of different domains.
Feature decomposition and recomposition served as the foun-
dation for DCANet [43]. DSC [53] sampled the styles of
potential target domains and aligned the graph semantic space
samples. UniAda [50] learned a domain-aware base model
and adapted it to out-of-distribution domains during inference.
MREFP [66] achieved domain generalization by facilitating the
learning of domain-agnostic semantic features. Additionally,
NormAUG [58], STEA [59] and CDSA [62] focused on
the correlation and features between multiple domains for
data augmentation. The segmentation performance of these
methods was evaluated using the Dice similarity coefficient
(Dice). Two-tailed paired Wilcoxon test of Dice was performed
to compare the difference between our method and related
methods, and p < 0.05 was considered to be statistically
significant.

TABLE Il
THE QUANTITATIVE COMPARISON (DICE) OF DIFFERENT METHODS IN
RETINAL LAYER SEGMENTATION DATASET.

Methods Domain 1 Domain 2 Domain 3 Domain 4 Avg
Upper bound 82.04 89.45 85.78 94.18 87.86
Lower bound 45.92 45.97 47.18 41.77 4521

DCAC [48] 68.79% 71.06% 69.29% 70.05% 69.80%
CDDSA [31] 67.33% 75.37% 60.161 77.71% 70.14%
DoFE [30] 72.554 71.84% 69.041 77.98% 72.85%
DCANet [43] 71.54% 74.85% 70.38% 79.73% 74.13%
Mixup [55] 73.40% 76.83% 70.00% 80.03% 75.06+
MixStyle [56] 72.08% 76.80% 70.09% 82.01% 75.24%
DualNorm [23] 73.53% 73.79% 73314 81.34% 75.49%
CDSA [62] 74.23% 74.72% 70.53% 82.71% 75.55%
Cutmix [57] 73.27% 76.63% 71.78% 82.40% 76.02%
DSC [53] 74.22% 79.52% 69.12% 81.32% 76.04
MRFP [66] 74.28% 77.92% 72.44% 81.33% 76.49%
SETA [59] 73.86% 76.16% 72.94% 83.06% 76.51%
NormAUG [58] 74.34% 78.93% 73.83% 81.32% 77.11%
UniAda [50] 74.20% 79.64% 73.42% 81.41% 77.17%
Ours 74.98 80.59 74.56 83.17 78.32

T denotes p < 0.001 of two-tailed paired Wilcoxon test.
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Fig. 4. Visual comparison in four domains between different DG methods for retinal layer segmentation. (a) Original image; (b) DCAC; (c) CDDSA;
(d) DoFE; (e) DCANet; (f) Mixup; (g) MixStyle; (h) DualNorm; (i) CDSA; (j) Cutmix; (k) DSC; (I) MRFP; (m) SETA; (n) NormAUG; (o) UniAda; (p)

Qurs;

2) Experiments on Retinal Layer Segmentation: Table 11
reported the segmentation performance on the retinal layer
segmentation dataset. The upper bound showed the highest
performance and achieved an average Dice score of 87.86
across the three domains, and the lower bound only reached
an average Dice score of 45.21. Due to the style differences
between different domains, a gap of 40+ was generated, but
our method improved the Dice score to 78.32. Compared to
other traditional data augmentation methods such as CutMix
[57] and Mixup [55], our method outperformed them by 3.26
and 2.30, respectively. For the recent enhancement method
NormAUG [58], Dice score of our method was improved by
1.21. p < 0.001 of two-tailed paired Wilcoxon test showed that
the superiority of our method for retinal layer segmentation
was statistically significant. Fig.4 showed a visual comparison
of our proposed method with 12 previous methods on four

target domains. This proved that our method outperformed
other DG methods in the task of retinal layer segmentation.

3) Experiments on Retinal Fluid Segmentation: Table III
presented the evaluation results in terms of Dice scores for
IRF, SRF, PED segmentation. The upper bound achieved the
highest performance, with an average Dice score of 62.21
across the three domains. In contrast, the lower bound only
achieved an average Dice score of 19.71 due to the large
domain shift. Compared to CutMix [57] and Mixup [55], our
method achieved an improvement of 2.87 and 3.12 respec-
tively. Compared to our previous method, the proposed method
achieved a performance improvement of 1.21 over DSC [53].
p < 0.001 of two-tailed paired Wilcoxon test showed that
the superiority of our method for retinal fluid segmentation
was statistically significant. The experiments demonstrated
that achieved better segmentation results.
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Fig. 5. Analysis of five parameters(AL', Ag,, AZ,., Arc, M) on Retinal Layer Segmentation.
TABLE IlI TABLE IV

THE QUANTITATIVE COMPARISON (DICE) OF DIFFERENT METHODS IN
RETINAL FLUID SEGMENTATION DATASET.

Methods Domain 1  Domain 2 Domain 3 Avg
Upper bound 61.45 66.65 58.53 62.21
Lower bound 21.79 13.36 23.98 19.71

DCAC [48] 44 47% 55.12% 55.94% 51.84%
DoFE [30] 41.83% 53.66% 61.85% 52.45%
DCANet [43] 48.63% 55.35% 57.14% 53.71%
CDDSA [31] 50.83% 55.83% 58.88% 55.18%
DualNorm [23] 53.57% 58.24% 56.51% 56.11%
NormAUG [58] 50.17% 58.34% 60.96% 56.49%
SETA [59] 58.09% 54.76% 57.94% 56.93%
CDSA [62] 56.36% 57.44% 59.05% 57.62%
MixStyle [56] 55.93% 56.47% 63.78% 58.73%
Mixup [55] 56.10% 57.10% 63.09% 58.76%
MREFP [66] 56.52% 58.25% 61.92% 58.89%
Cutmix [57] 56.88% 56.86% 63.30% 59.01%
UniAda [50] 57.24% 60.33% 63.62% 60.39%
DSC [53] 57.55% 59.74% 64.73% 60.67%
Ours 60.18 60.46 65.00 61.88

1 denotes p < 0.001 of two-tailed paired Wilcoxon test.

4) Analysis of Different Methods: Kindly note that the per-
formance of each previous method varied across different
target domains, due to differences in model generalization
capabilities. For example, although NormAUG [58] performed
better in retinal layer segmentation, it degraded in lesion
segmentation, while DSC [53] had good results in lesion
segmentation, but did not have significant advantages in retinal
layer segmentation. MRFP [66] and UniAda [50] performed
well in two datasets. Traditional data augmentation methods

ABLATION EXPERIMENTS OF THE RETINAL LAYER SEGMENTATION
DATASET (DICE).

Methods ~ Domain 1 Domain 2 Domain 3 Domain 4 Avg
Upper bound ~ 82.04 89.45 85.78 94.18 87.86
Lower bound ~ 45.92 45.97 47.18 4177 4521

Baseline 72.52 75.29 69.89 80.89  74.65

+KT 73.21 77.72 72.04 81.44 76.10
+MSCL 72.83 77.63 72.25 81.81 76.13
+VSO 72.65 77.72 71.75 8122 7584
+KT+MSCL  74.05 78.87 73.13 82.64 77.17
+KT+VSO 74.19 79.66 73.42 8232 7740
+MSCL+VSO  74.24 79.87 73.26 82.48 77.46
Ours 74.98 80.59 74.56 83.17 78.32

such as CutMix [57] and Mixup [55] have shown relatively
stable performance on both datasets, which might be attributed
to their significant data augmentation. Other methods such as
CDDSA [31] and DualNorm [23] did not show significant
advantages on either dataset. In summary, due to the different
semantic information of different tasks and differences in
datasets, as well as the different principles and focuses of
different methods, it was difficult for each method to achieve
significant advantages on both datasets.

D. Ablation Study

The proposed method consisted of three primary com-
ponents: Kurtosis Transformation (KT), Mean Style Con-
trastive Learning (MSCL), and Variance Style Orthogonal-
ization (VSO). Ablation experiments were performed on the
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retinal layer segmentation dataset to evaluate each component.
Baseline was DeepLabv3+ [65] with ResNet101.

1) Analysis of KT: Compared to the lower bound, the
baseline achieved a noticeable improvement in the network’s
generalization and the average Dice score improved by 29.44.
As shown in the 4th row in Table IV. After adding KT
compared to the baseline, it has been improved by 1.45. This
indicated that KT could simulate potential target domains
and improve the model’s generalization ability by generating
kurtosis-transformed samples that were different from the
source domain.

2) Analysis of MSCL: The 5th row of Table IV showed
the impact of adding only mean style contrastive learning.
Compared to the baseline, the average Dice score has been
improved by 1.48. The 7th row of Table IV showed the results
of adding MSCL after adding KT and the average Dice score
has been further improved by 1.04. Compared to just adding
KT, the average Dice score increased by 1.07. This indicated
that MSCL was able to generate mean style features that
are different from the source domains but more uniform to
facilitate the generation of more diverse styles.

3) Analysis of VSO: The 6th row of Table IV showed
the impact of adding only variance style orthogonalization.
Compared to the baseline, the average Dice score has been
improved by 1.19. The 8th row of Table IV showed the
results of adding VSO after adding KT. Compared to just
adding KT, the average Dice score increased by 1.30. The
9th row of Table IV showed the effect of adding MSCL and
VSO, which showed a significant improvement compared to
using them separately. This indicated that VSO improved the
diversity and independence of potential T-styles in a high-level
orthogonal space by imposing an orthogonal constraint on the
reparametrized variance styles. After combining KT, a more
significant improvement was achieved to a Dice score of 78.32.
This further demonstrated that each component of our method
was effective and proved the significant effectiveness of our
method in retinal layer segmentation tasks.

4) Analysis of different parameters: In order to further ex-
plore the scalability of the method, we conducted a series of
experiments on several major hyper-parameters. Fig.5 shows
the experimental results on retinal layer segmentation after
adjusting several major parameters:\¥, A7,, A9 and A, and
M. Initially set to (MY = 0.1,A%, = 0.1,A%, = 0.1, \,c =
0.1, M = 3), each parameter was increased or decreased
while keeping the others. The results indicated that the optimal
parameters for domain 1 were (A¥ = 0.1,\], = 0.1,\9,. =
0.1, A, = 0.1, M = 3), while the optimal parameters for

domains 2, 3, 4 and all domains were (A* = 0.1,\7, =
0.1,A9, = 0.1,\. = 0.1,M = 4), (M = 0.1,\7, =
0.1,A9, = 0.1,A. = 0.1,M = 3), (M = 0.1,\7, =
0.1,A9, = 0.1L,\c = 0.1,M = 4), (M = 0.1,)\7, =
0.1,A9. = 0.1, \,c = 0.1, M = 3), respectively. Therefore,

for parameters A\X, A\7,, A\J. and \,., independently increasing
or decreasing them had a certain degree of negative impact on
the segmentation results, which may be due to the imbalance of
each component in the total loss caused by the amplification
or decline of a single loss function. In terms of setting the

number of intervals M, theoretically, a larger M will lead to

a more refined interval kurtosis detection, and we attempted to
increase and decrease M. From the results, it can be seen that
reducing M significantly degraded the segmentation results,
while increasing M showed that larger M performed better in
domains 2 and 4, but performed less well in domains 1 and 3.
So finer interval kurtosis detection may not necessarily achieve
better results due to the diversity of domain distributions, and
larger M further increased training time and computational
burden. Therefore, under normal conditions, the parameters
were (MY = 0.1,A7, = 0.1,\9. = 0.1,\.. = 0.1, M = 3)
may be better.

V. CONCLUSION

Different manufacturers’ OCT devices produce the similar
fundus OCT images but deep learning models often fail to
cope with the different image appearances and contrasts since
distribution differences exist between these different manu-
facturers’ OCT images. The degeneration of deep learning
models becomes more severe when target domain is unseen.
To produce the T-styles of the potential target domain, we
need to generate more samples with richer style features for
deep learning models. Kurtosis transformation is proposed to
modify the distributions of multi-source domains and produce
diverse style features to improve the generalization perfor-
mance of the model in unseen domains. Then, MSCL is used to
generate mean style features that are different from the source
domains but more uniform to facilitate the generation of more
diverse styles. VSO is used to generate variance style features
with rich semantic information. With the help of more uniform
mean style features, reconstruction can be used to obtain
samples with more diverse intensity distributions and image
contrasts that are different from the source domains. Finally, by
modulating the segmentation network encoder with mean and
variance style features, and feeding diverse samples into the
network, the overall generalization performance of the model
can be therefore improved. Our method has not only achieved
significant improvements over traditional lesion segmentation,
but also achieved excellent results in the task of retinal layer
segmentation. In future work, we will further analyze the
distribution characteristics of samples from different domains,
and delve deeper into the potential connections and differences
between different domains to improve domain generalization.
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