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Intra- and Inter-Slice Contrastive Learning for Point
Supervised OCT Fluid Segmentation

Xingxin He

Abstract— OCT fluid segmentation is a crucial task for diag-
nosis and therapy in ophthalmology. The current convolutional
neural networks (CNNs) supervised by pixel-wise annotated
masks achieve great success in OCT fluid segmentation. However,
requiring pixel-wise masks from OCT images is time-consuming,
expensive and expertise needed. This paper proposes an Intra-
and inter-Slice Contrastive Learning Network (ISCLNet) for
OCT fluid segmentation with only point supervision. Our
ISCLNet learns visual representation by designing contrastive
tasks that exploit the inherent similarity or dissimilarity from
unlabeled OCT data. Specifically, we propose an intra-slice
contrastive learning strategy to leverage the fluid-background
similarity and the retinal layer-background dissimilarity. More-
over, we construct an inter-slice contrastive learning architecture
to learn the similarity of adjacent OCT slices from one OCT
volume. Finally, an end-to-end model combining intra- and
inter-slice contrastive learning processes learns to segment fluid
under the point supervision. The experimental results on two
public OCT fluid segmentation datasets (i.e., AI Challenger and
RETOUCH) demonstrate that the ISCLNet bridges the gap
between fully-supervised and weakly-supervised OCT fluid seg-
mentation and outperforms other well-known point-supervised
segmentation methods.

Index Terms— Optical coherence tomography, fluid segmenta-
tion, convolutional neural network, weakly-supervised learning,
contrastive learning.

I. INTRODUCTION

HE macula is the area of the retina responsible for central
vision. Macular edema caused by fluid accumulation is a
common reason for visual impairment [1]. Frequent causes of
macular edema include age-related macular degeneration and
diabetic retinopathy [2]. Diagnosis and therapy of these retinal
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diseases depend on the accurate segmentation and quantitative
analysis of macular fluid.

Optical coherence tomography (OCT) is a non-invasive and
rapid retinal imaging technique [3], [4] that generates three
dimensions cross-sectional images with high resolution. OCT
has become a standard tool for accurate segmentation and
quantitative analysis of macular fluid in the clinic [5]. How-
ever, the manual analysis of fluid is subjective, labor-intensive,
and prone to errors. Therefore, computer-aided systems have
been proposed to assist ophthalmologists in segmenting retinal
fluid. Early OCT segmentation systems with conventional seg-
mentation methods include threshold-based [6], graph-based
[7]1, [8], or machine learning approaches [9] that use hand-
crafted features. However, those conventional methods are
sensitive to image quality, requiring domain knowledge, and
lacking generalization.

Unlike conventional methods that use elaborate hand-crafted
features, the convolutional neural network (CNN) automat-
ically learns to extract image features. Several CNN-based
methods have been proposed to perform segmentation tasks,
e.g., FCN [10], UNet [11], SegNet [12], and DeepLab [13].
Also, some studies have been conducted to segment OCT
fluid based on CNN in an end-to-end manner [14]-[16]
and achieved great improvement compared with conventional
methods. However, the success of CNN-based segmentation
models heavily rely on large-scale training datasets with
fully-annotated masks that are time-consuming and expensive
to obtain.

Recently, weakly-supervised segmentation methods have
been studied to reduce the human effort in training CNN-based
semantic segmentation models [17]-[23]. Those works train
a CNN-based segmentation model with various forms of
weak supervision, e.g., tags of which object appearing in an
image [17], [18], bounding boxes for each object [19], [20],
and partial mask annotation, such as points or scribbles [21]-
[23]. The idea of weakly-supervised segmentation also has
been applied in OCT segmentation [24] with tag supervision
to segment geographic atrophy lesions. Since the tags and
bounding boxes cannot directly provide dense masks with
accurate location information of objects, the typical tag and
bounding box supervised segmentation model usually consider
generating pseudo masks (proposals) and then train a reg-
ular segmentation model with the proposals. However, such
proposal-based methods may introduce two sources of errors:
1. the error of generating proposals; 2. the error of learning
a segmentation model with these proposals. Unlike the tags
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Fig. 1.
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Examples of retinal fluids in OCT slices with manual annotations. (a) The original OCT slice with fluids; (b) The full mask annotation; (c) The

point annotations. In (b) and (c), the red, green, and blue contours denote IRF, SRF, and PED, respectively. The point annotations are enlarged in this figure

for better visualization.

and bounding boxes, partial labels can provide a few reliable
groundtruth. Learning directly from partially annotated labels
can avoid the error of generating proposals. Besides, the point
label only needs a single click of each class in the image,
which is easy to obtain as tags in OCT fluid segmentation,
where only a few fluid types appeared in an OCT slice. There-
fore, we choose point annotations as supervision for our retinal
OCT fluid segmentation to minimize the human effort. Fig. 1
shows examples of B-scan slices, representing the appearance
of three types of fluid, i.e., intraretinal fluid (IRF), subretinal
fluid (SRF), and pigment epithelial detachment (PED) with the
manually segmented annotations and the point labels.

The point annotation cannot provide sufficient information
about the fluid for training. Compared with full masks, two
folds of information are missing in point labels: 1. The point
annotation only lies in a tiny region inside the fluid region
without any extension, shape, or boundary information of the
fluid; 2. A complete OCT volume is composed of a series
of B-scan slices [25]. The fluid region is spatial continuous
between adjacent OCT slices, but point annotation hardly
provides inter-slice continuity information.

To exploit the fluid-related information from the OCT image
itself, we employ the contrastive learning paradigm, which
discovers visual features through learning the similarity and
dissimilarity of unlabeled data [26]. Within an OCT slice,
it displays retinal tissues and lesions through different optical
reflections. The background region above the retinal layers is
the vitreous body that contains 98%-99% of vitreous fluid with
little solid matter [27]. Thus, the pathological fluid regions
show high similarity to the background with low reflection
in OCT images. In contrast, retinal layers have a relatively
high reflection that is distinct from fluid and background
(Fig. 2). Therefore, we conduct an intra-slice contrastive
learning strategy to learn the intrinsic fluid-background sim-
ilarity and retinal layer-background dissimilarity of an OCT
slice. Besides, we construct an inter-slice contrastive learning
architecture to learn the consistency between nearby slices.
As a result, an Intra- and Inter-Slice Contrastive Learning Net-
work (ISCLNet) is composed for retinal OCT fluid segmenta-

tion supervised by point annotations. The experimental results
on two public OCT fluid segmentation datasets demonstrate
that our proposed ISCLNet is an effective weakly-supervised
retinal OCT fluid segmentation method that narrows the gap
between weakly-supervised segmentation and fully-supervised
segmentation, and outperforms other well-known weakly-
supervised segmentation methods.

In summary, our contributions are as follows:

1. We propose a novel and effective point-supervised retinal
OCT fluid segmentation method, namely Intra- and inter-Slice
Contrastive Learning Network (ISCLNet) with point annota-
tions.

2. We propose an intra-slice contrastive learning strategy to
leverage the intrinsic local similarity and dissimilarity within
an OCT slice.

3. We construct an inter-slice contrastive learning architec-
ture to learn the inter-slice continuity of adjacent OCT slices.

The rest of the paper is organized as follows: Section II
introduces the related works, including CNN-based methods
for OCT fluid segmentation, weakly-supervised segmenta-
tion methods, and contrastive learning methods for weakly-
supervised segmentation. Section III describes the proposed
methodology, including inter-slice contrastive learning strat-
egy, inter-slice contrastive learning architecture, and the entire
end-to-end framework. Section IV exhibits the experimental
results. Sections V and VI present the discussion, conclusion,
and possible future works.

II. RELATED WORKS
A. CNN-Based OCT Fluid Segmentation

Many CNN-based segmentation methods have been suc-
cessfully applied to OCT fluid segmentation. Most current
OCT fluid segmentation methods are based on UNet [11].
Specifically, studies in [28] and [29] employed the UNet to
achieve macular segmentation. To improve the performance
of UNet for segmenting OCT fluid, Rashno et al. [30] imple-
mented a graph shortest path technique as post-processing to
refine the predictive results. Tennakoon et al. [31] proposed
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an adversarial training strategy to regularize the segmented
results. Considering the structural relationship between retinal
layers and fluids, Xu et al. [32] designed a two-stage fluid
segmentation framework. They firstly trained a retinal layer
segmentation network to extract retinal layer maps. Then,
they utilized the layer maps as the constrain to train a UNet
in the second stage. Similarly, other studies [33], [34] con-
ducted a graph-cut-based method to obtain the retinal layers
segmentation maps and then combine the maps to train a
UNet. To further improve the ability of the OCT segmen-
tation method, a study in [15] constructed a UNet-based
architecture to simultaneously segment retinal layers and fluid
trained on a dataset with well-annotated pixel-wise retinal
layer and fluid masks. In [35], Mahapatra et al. introduced
a GAN-based method to generate pseudo OCT images as
data augmentation to improve OCT retinal fluid segmentation.
In [36], Bekalo et al. adopted an encoder-decoder segmenta-
tion architecture combined with the skip-connect operation and
atrous spatial pyramid pooling (ASPP) module [37] to improve
retinal fluid segmentation. Besides, another work in [38] also
introduced the ASPP module to a UNet-like segmentation
method with residual and inception modules.

The excellent performance of current OCT fluid segmen-
tation methods heavily relies on the dataset with pixel-wise
annotations. However, it is hugely time-consuming and expen-
sive to obtain such labels.

B. Weakly-Supervised Segmentation

Since weak supervisions cannot provide dense location
information about the object, a popular learning strategy
of weakly-supervised segmentation methods is to generate
pseudo masks from the weak labels and then train a regular
segmentation model with generated pseudo masks [22], [39],
[40]. Some works employed standard segmentation techniques
(e.g., graph-cut [22] or random-walk [39]) to access the
pseudo masks. Pu et al. [40] trained a super-pixel-based graph
neural network to obtain the pseudo masks from points or
scribbles. However, the pseudo-label-based weakly-supervised
segmentation method may produce two folds of error: 1. the
error of pseudo labels generating labels; 2. the error of learning
segmentation with the pseudo labels.

To avoid errors in proposal generation, another learning
strategy for weakly-supervised segmentation trains the seg-
mentation model directly on partial annotations [21], [23],
[41]-[47]. Some trained segmentation models with additional
parameters and tasks to enhance the CNN model [23]. The
others used prior knowledge in the form of constraints to guide
the segmentation during training [41]-[44]. Prior knowledge
is beneficial for medical segmentation problems, where infor-
mation about the target region is often known beforehand.
The existing weakly-supervised methods have demonstrated
the possibility of reducing manual efforts while enhancing the
segmentation, but their adaptation in OCT fluid segmentation
has not been explored.

C. Self-Supervised Learning for Medical Image Analysis

Self-supervised learning exploits representations from unla-
beled data via self-supervised learning tasks. Therefore, self-
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supervised learning can boost medical image analysis with
limited manual labels. The core problem of self-supervised
learning is designing self-supervised tasks.

Jigsaw puzzle [48] pretext models are widely used for
learning representation from unlabeled medical images [49]—
[52]. To handle the 3D medical images (e.g., CT and MRI),
Zhuang et al. [53] proposed a 3D version of the jigsaw puzzle
task, named Rubik’s cube recovery task, to extract represen-
tations from unlabeled 3D CT volumes. Similarly, Rubik’s
Cube+ [54] and Rubik’s Cube++ [55] methods further
improve the Rubik’s cube recovery pretext task.

Besides, contrastive learning, as a special set of self-
supervised learning, is another promising direction in medical
image analysis, which exploits representations via learning
the similarity and dissimilarity of unlabeled data. In [56],
Jamaludin et al. adopted a siamese CNN with a contrastive
loss function to recognize whether a pair of MRI scans belong
to the same patient. In [57], Zhang et al. utilized two CNNs5s to
encode features of CT images and textual reports, respectively.
Then a contrastive loss learns to match the paired image and
medical report.

In [58], Lei et al. leveraged the anatomical structure
by predicting the relative position regression between any
two patches from a CT volume. Chaitanya et al. [59]
proposed a global contrastive learning strategy to extract
the similarity across MRI volumes and a local contrastive
learning strategy to exploit distinctive representations of
local regions. Nguyen et al. [60] proposed two self-supervised
learning tasks. One task aims to predict the spatial location of
a patch in a CT scan. Another task aims to predict the order
of slices in a CT volume. In general, the above methods do
not consider the detailed biological structure inside medical
images. Thus, those methods are challenging to implement to
the specific OCT fluid segmentation problem.

D. Contrastive Learning for Weakly-Supervised Segmentation

The general idea of contrastive learning is to exploit rep-
resentative features by learning the intrinsic similarity and
dissimilarity of the unlabeled data [61]. Some works have
employed contrastive learning for weakly-supervised semantic
segmentation. For example, Qian ef al. designed a contrastive
learning process [45] to minimize the distance between fea-
tures with the same class and maximize the distance between
features with different classes to improve segmentation with
point supervision. Araslanov et al. [62] proposed a contrastive
learning strategy to tackle local inconsistency, semantic inac-
curacy, and incompleteness of CAM [63]. Wang et al. pro-
posed a contrastive learning task to force the scale equivariant
of CAM [64] to enhance the pseudo label generation. Inspired
by the contrastive learning and considering the biological char-
acters of OCT images, we propose to learn the inherent intra-
and inter-slice similarity and dissimilarity from unlabeled OCT
images to bridge the gap between point-supervised OCT fluid
segmentation and fully-supervised OCT fluid segmentation.

III. PROPOSED METHODS

We propose to learn visual features through intra- and
inter-slice contrastive learning from unlabeled OCT images

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on February 26,2022 at 07:57:00 UTC from IEEE Xplore. Restrictions apply.



HE et al.: INTRA- AND INTER-SLICE CONTRASTIVE LEARNING FOR POINT SUPERVISED OCT FLUID SEGMENTATION

Dissimilar

Similar

Fig. 2. The intra-slice similarity and dissimilarity.

to bridge the gap between fully-supervised and point-
supervised retinal OCT fluid segmentation. Within an OCT
slice, we propose an intra-slice contrastive learning strategy
to learn the fluid-background similarity and retinal layer-
background dissimilarity. Between OCT slices, we construct
an inter-slice contrastive learning architecture to learn the
inter-slice similarity that preserves the continuity between
adjacent slices. Finally, an end-to-end framework including
intra- and inter-slice contrastive learning is proposed to learn
OCT fluid segmentation with point supervision. We detail each
step of the proposed method in the following sections.

A. Problem Formulation

Given a training dataset D = (xlj , y{ , p{ ), where x{ is the
i'" slice of an OCT volume j, yij denotes the full masks,
and p{ denotes the corresponding point labels, we want to
learn a segmentation model f(.) with learnable parameters
0, such that oWxH*C — f(xijlé') € [0, 1] gives the label
probabilities at each pixel for each predictive class C. The
parameter updating of € is learned from the point labels p{ .

B. The Framework

The entire framework of ISCLNet is shown as Fig. 3.
In the training phase, two OCT slices x] and x/,, from the
same OCT volume j are inputted into two weight-shared
segmentation backbones f(.). The segmentation backbones
output their segmentation predictive probability map 0{ =
f (xi] ) and 0{ w=1r (x{ 4)» respectively. Then, we select the
fluid region according to the probability map o by using a dif-
ferentiable region selection operation (Equation 1, see details
in Section III-C). Finally, intra-slice contrastive learning is
performed with the selected fluid and background patches.
Also, the similarity is enforced by learning the inter-slice
similarity of both features and predictive probability maps.
In the inference phase, since the two segmentation backbones
are weight-shared, we use one of them to predict retinal fluid
segmentation in OCT images.

C. Intra-Slice Contrastive Learning

Intra-slice contrastive learning aims to learn the
fluid-background similarity and tissue-background
dissimilarity within an OCT slice (Fig. 2). That is to
construct a loss function [linsra(Xfiu, Xiay, Xpac), Where
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X flu> Xlay> Xpac denote the fluid region, the layer region, and
the background region, respectively.

To evaluate the intra-slice term, we extract the fluid region
and the tissue region according to the prediction from the
segmentation model. For simplicity, we use 0" *7*C = f(x)
to denote the output (i.e., the predictive probability map) of
the segmentation model with a single OCT slice x as input
where H and W denote the height and width of input images.
C denotes predictive classes with C = 0 being the background
and tissue (non-fluid) class, C = 1,2, 3 being three different
fluid types. Specifically, the fluid region extraction process can
be expressed as:

C
X = »_(softmax(Bo)), © x (D
h=1

Equation 1 indicates the probability of selecting a location
on an OCT slice x as representing class h. f € (0, 400)
controls how much uncertainty is permitted, i.e., as f — 400,
the values returned become close to either O or 1.

Furthermore, as we have extracted the fluid region x 7/, from
an OCT slice x, the residual regions in x should be non-fluid
regions (i.e., regions without fluid, which including retinal
layered tissue and vitreous body). We denote these non-fluid
regions as Xigybac = X — Xy

To obtain the layer region from non-fluid regions X;qypac,
we apply a simple Otsu segmentation method [65] to the input
slice x to obtain a rough mask my,, € {0, 1} of the layer
region. Therefore, the layer region can be expressed as X;qy =
my,y O Xiaybac-

Until now, we have the retinal fluid region Xy, and the
retinal layer region Xy, containing intensities of the predictive
fluid and tissue region. Then, we randomly take fluid blocks
b 7, from the fluid region x 7, and layer blocks by, from the
layer region X4y. As for the background block by,y, since the
region above the retinal layer is the vitreous body filling with
vitreous fluid, we randomly crop blocks from the top of an
OCT slice as reference background blocks by,

Consequently, we compute the similarity between the his-
tograms of contrastive blocks (i.e., by, and by,y) as:

lintra = DKL(bflqubac) - DKL(blay”bbac)» (2)

where Dk computes the Kullback—Leibler divergence [66]
of two distributions.

With the contrastive learning loss function /j,r4, @ CNN
model can learn visual representation by maximizing the
similarity between fluids and background region and mini-
mizing the similarity between layers and background regions.
The learned representation enables the segmentation model to
distinguish the fluid and the retinal layer.

D. Inter-Slice Contrastive Learning

The idea of inter-slice contrastive learning is based on the
assumption that if a CNN received similar samples as input,
their representations should be similar. Thus, we construct a
contrastive learning architecture based on a siamese neural
network [67] to learn the inter-slice continuity. The proposed
architecture is shown as Fig. 3. Two weights shared backbones

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on February 26,2022 at 07:57:00 UTC from IEEE Xplore. Restrictions apply.



1874

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 31, 2022

.

intra

I Segmentation backbones “ g
! 1
1 I Predictive Roo
f robabili cenon
, Encoder Decoder probability Selection
1 map
! ; I
! ' 5 e |
| ! : ! :
. . 1
Weights Weights
Inputs : sharing sharing | Outputs
; : R :
1 1 P I
1
1 : Predictive o
o egion
Encoder Decoder probability Selection
1 1 map
! —
\ .
N o mmmemem= - - ’
lpce lintra

Inter-slice loss

Fig. 3. Outline of our proposed ISCLNet method. Two OCT slices from the same OCT volume are inputted into two weight-shared segmentation backbones.
The segmentation backbones output their segmentation predictive probability map, respectively. Then, we select the fluid region according to the predictive
probability map by using a differentiable region selection operation (Equation 1). Finally, intra-slice contrastive learning is performed with the selected fluid
and background patches. Also, the similarity is enforced by learning the inter-slice similarity of both features and predictive probability maps.

TABLE I

SEGMENTATION RESULTS COMPARED WITH STATE-OF-THE-ART METHODS ON Al CHALLENGER AND RETOUCH DATASET: MEAN (STANDARD
DEVIATION) OF 10-FOLD CROSS-VALIDATION. THE BEST RESULTS IN THIS TABLE ARE LABELED IN BOLD. (UNIT: %)

Dataset AI Challenger RETOUCH

Model Label DSC IRF PED AUC DSC IRF SRF PED AUC
Lower Baseline point  59.72(2.40) 70.05(1.62) 4938(3.17)  88.05(4.58) | 39.41(2.14) 20.34(1.21) 57.404.09) 40.48(1.13) 95.06(0.53)
CRF loss [43] point  65.80(0.73) 72.58(1.47)  59.03(0.02)  88.85(6.06) | 40.76(2.90) 16.94(2.77)  63.17(1.80)  42.16(4.14)  96.44(0.34)
SCRL [47] point  65.30(1.45) 72.632.73) 57.98(5.63) 91.31(4.50) | 41.51(6.46) 23.08(6.81) 61.554.61) 39.91(7.97)  97.50(0.77)
Chaitanya et al. [59]  point  67.52(3.09)  68.102.67)  66.95(3.51)  96.89(2.01) | 40.07(2.61) 22.25(2.89) 58.02(2.83) 39.952.11)  94.68(1.91)
ISCLNet point  71.29(0.94)  73.16(0.05)  69.42(1.88)  99.51(0.02) | 44.38(2.89) 25.70(2.69) 57.98(3.19) 49.46(2.79)  97.65(1.33)
Upper Baseline full_ 75.68(2.39)  78.76(239) 72.60(241) 96.64 (3.31) | 53.56(2.78) 43.72(3.92) 71.81(2.66) 45.13(1.77) _ 97.88(0.74)

receive two adjacent slices x{ and x TABLE II

i+t

from the same patient

J and predict the segmented maps, respectively, where ¢ is the
distance of two adjacent slices. We enforce the similarity of
the central features between the Encoder and the Decoder and
the final respond map. Thus, we have two loss functions to
enforce the similarity:

N —t

tx (N —1) )

N
linier = D Ay +15), 4 =

i=1

Iy = (E(x)) — E(x],,)*, )
where E denotes the encoder of backbone model. N denotes
the number of slices of a OCT volume. The /; enforces the
continuity between inter-slice encoded feature maps.

Is = |lo] — o] Il 5)

The I; constrains the inter-slice predictive probability maps
to be similar. Here /1 controls the weight of the similarity.
When the spatial distance of two slices is far, ¢ is large. 4 is
small, and /;,;. does not constrain the far away slices. When
two slices are nearby, ¢ is small and A large, encouraging the

slices to be similar.

WILCOXON RANK-SIGN TEST OF COMPARED METHODS

Comparison Median Difference of DSC  p-value

Lower Baseline vs. ISCLNet 11.70% 0.006
CREF loss vs. ISCLNet 5.36% 0.006
SCRL vs. ISCLNet 5.97% 0.006
Chaitanya et al. vs. ISCLNet 3.97% 0.006

E. Loss Functions

The whole framework of ISCLNet is shown as Fig. 3.
We optimize the learnable parameter § and impose three
requirements on the network output: (1) It should respect
labeled pixels in point labels p; (2) The segmented fluid patch
must be similar with the background patch and dissimilar
with the retinal layer patch (i.e., the intra-slice contrastive
learning); (3) The inter-slice feature and output should be
similar (i.e., the inter-slice contrastive learning). Considering
these requirements, we formulate the task as the following loss
function:

I = lpce (07 p) + lintra + linter > (6)

where /¢, denotes the cross-entropy between the predictive
probability map o and the point label p. Thus, an end-to-
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TABLE III

ABLATION EXPERIMENTAL RESULTS: MEAN (STANDARD DEVIATION) OF 10-FOLD CROSS-VALIDATION. THE BEST RESULTS IN THIS TABLE ARE
LABELED IN BOLD. (UNIT: %)

Dataset Al Challenger RETOUCH
Method DSC IRF PED AUC DSC IRF SRF PED AUC
Intra-Slice
Sim  Dissim
v X 66.40(1.76)  74.07(0.31)  58.73(3.21)  91.49(4.67) | 40.78(2.00) 24.21(1.74) 58.78(0.58)  39.36(3.68)  95.81(0.81)
X v 67.02(1.78)  70.59(3.25)  63.46(0.32)  97.63(4.83) | 41.08(1.25) 20.80(1.61) 57.91(0.77) 44.54(1.37) 94.72(1.12)
v v 68.29(2.27)  69.68(3.33)  66.90(5.58)  95.93(3.32) | 42.85(2.00) 23.07(0.80) 59.00(0.16)  46.48(5.03)  96.30(0.34)
Inter-Slice
Fea Seg
v X 64.31(3.48)  69.62(3.08)  59.00(4.70)  98.51(1.01) | 41.27(2.75) 22.26(1.20)  60.53(2.58) 41.02(4.47)  96.23(0.35)
X v 66.64(2.55)  75.60(3.26) 57.68(8.37)  97.35(0.75) | 41.50(6.46) 23.78(6.81) 51.91(4.61) 48.79(7.97)  96.78(0.77)
v v 67.82(1.47)  71.52(1.82)  64.12(0.07)  99.38(1.39) | 42.57(4.00) 21.62(1.03) 56.11(3.85) 49.97(7.12) 97.20(0.21)
ISCLNet 71.29(0.94)  73.16(0.05)  69.42(1.88)  99.51(6.62) | 44.38(2.89) 25.70(2.69) 57.98(3.19) 49.46(2.79)  97.65(1.33)
TABLE IV

SEGMENTATION RESULTS OF ALTERING BACKBONES: MEAN (STANDARD DEVIATION) OF 10-FOLD CROSS-VALIDATION.

THE BEST RESULTS IN THIS

TABLE ARE LABELED IN BOLD. (UNIT: %)

Dataset Al Challenger RETOUCH
Method DSC IRF PED AUC DSC IRF SRF PED AUC

Plain UNet 59.72(2.40)  70.05(1.62)  49.38(3.17)  88.05(4.58) | 39.41(2.14) 20.34(1.21) 57.40(4.09) 40.48(1.13)  95.06(0.53)
ISCLNet-UNet 71.29(0.97)  73.16(0.05)  69.42(1.88)  99.51(6.62) | 44.38(2.89) 25.70(2.69) 57.98(3.19) 49.46(2.79) 97.65(1.33)
Plain UNet++ 65.80(2.23)  72.58(2.27) 59.03(2.19)  88.85(1.32) | 40.76(2.96) 16.94(3.30) 63.17(2.51) 42.16(3.06)  96.30(0.27)
ISCLNet-UNet++  71.81(1.68)  81.68(3.01) 61.94(0.35) 98.53(4.43) | 42.85(2.00) 23.07(0.80)  59.00(0.16)  46.48(5.03)  96.44(0.34)
DeepLab 58.90(3.93) 70.07(3.69) 47.73(4.16)  96.22(2.67) | 33.94(2.53) 19.65(2.42) 42.63(2.57) 39.55(2.61)  92.35(2.27)
ISCLNet-DeepLab ~ 68.13(2.54)  76.89(2.22)  59.38(2.86)  98.30(1.06) | 36.94(2.62) 21.86(1.49) 4527(2.57) 43.59(3.80)  93.62(1.47)

TABLE V

end OCT fluid segmentation model is built, which learns to
segment OCT fluid directly from the point supervision.

IV. EXPERIMENTAL RESULTS
A. Dataset

The Al Challengerl dataset and the RETOUCH dataset [68]
are used in the experiments. The AI Challenger dataset is
well annotated at the pixel level for SRF and PED fluids. The
dataset comprises training, validation, and test parts containing
70, 15, and 15 cases, respectively. Each case contains 128 OCT
slices, with a resolution of 512 x 1024. It should be noted
that only the training and validation datasets’ annotations have
been released so that the following experiments are evaluated
on the validation dataset.

The RETOUCH dataset includes three training sets from
different OCT devices, including a total of 70 volumes, with
24 volumes acquired with Cirrus (Zeiss), 24 volumes acquired
with Spectralis (Heidelberg), and 22 volumes acquired with
T-1000 and T-2000 (Topcon). For each volume from these
three devices, the numbers of B-scans were 128, 49, and
128 with resolutions of 512 x 1024, 512 x 496, and 512 x 885,
respectively. Three different fluid types, i.e., the IRF, SRF, and
PED, are manually labeled and provided as ground truth. Then,
three testing datasets with 14 volumes acquired with three
devices were released to validate the proposed method. The
RETOUCH organizers evaluated the results upon submission
by the research teams, and hence, the ground truth of the
RETOUCH test data remains unknown to the public. There-

1 https://www.challenger.ai

SEGMENTATION RESULTS ON Al CHALLENGE DATASET OF DIFFERENT
SUPERVISION STRATEGIES: MEAN. (UNIT: %)

Method supervision ~ DSC
CAM [I@II image 44.08
UNet point 59.72
ISCLNet point 71.29

fore, we implement 10-fold cross-validation on the RETOUCH
training dataset split on the case level in our experiments.

To generate point labels for training. We randomly select a
pixel from the ground-truth masks. Then the selected pixel
combined with its 4-connected pixels are treated as point
labels. Each fluid category has a point label in our experiments

B. Experimental Setting

Since the various resolutions of raw slices from different
OCT devices, the input size is resized to 512 x 496. We per-
form standardization and normalization to input OCT images.
Also, we conduct data augmentation strategies on each OCT
image by random horizontal flipping. We optimized the net-
work with Adam optimizer [69] on randomly drawn OCT sam-
ples from the dataset. The initial learning rate is set to 1073,
and the weight decay factor is set to 10™*. We train the net-
work for 60 epochs, and the batch size is set to 8 due to hard-
ware limitations. The whole framework is built on PyTorch
1.7.0 [70]. All experiments are performed under an Ubuntu
20.04.1 LTS operating system with CPU Intel Core 17-8700K
3.70 GHz, GPU NVIDIA GeForce GTX 1080 Ti, and RAM
of 32 GB. The network has 5.32 MB trainable parameters.
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Fig. 4. Visualized segmentation samples of with and without intra-slice learning. The five lines exhibit the visualized segmentation results of five individual
OCT cases with different segmentation methods. Point, the lower baseline method that utilize point supervision to train the segmentation model directly;
Sim, backbone method combined with fluid-background similarity learning; Dissim, backbone method combined with fluid-retinal layer dissimilarity learning;
Intra, backbone method combined with bot similarity and dissimilarity learning; Full, the upper base line method that train the backbone model with full
masks; GT, the groundtruth masks. The segmentation results are resized for better visualization. Since fluid regions in the first three lines are too small to be
observed, we zoom in on those fluid regions to yellow boxes. Colors indicate different fluid types (i.e., blue refers to SRF, red refers to IRF and green refers

to PED, respectively).

TABLE VI

SEGMENTATION RESULTS ON Al CHALLENGE DATASET OF TWO POINT
SELECTION STRATEGIES: MEAN. (UNIT: %)

Method supervision DSC
ISCLNet Central Point 42.62
ISCLNet Random Point  71.29

The network’s training time was 6 hours, and the inference
time was 5.37 seconds per OCT volume with 128 slices.
During inference, we did not use any post-processing oper-
ations and model ensemble techniques. The Dice Similarity
Coefficient (DSC) score is used to evaluate the segmentation.
The source code of our proposed ISCLNet will be released at
https://github.com/Iphxx6222712/ISCLNet.

C. Comparison of the State-of-The-Art Methods

We compare our ISCLNet with the state-of-the-art point-
supervised segmentation methods. We choose the UNet as

the segmentation backbone. The UNet trained with point
annotations is set as the lower baseline method and the
UNet trained with full masks is set as the upper baseline
method. We compare our ISCLNet with state-of-the-art point-
supervised segmentation methods [43], [47]. All compared
methods are trained with the same backbone and training set-
ting. Table I exhibits the segmentation results on average DSC
scores of all fluid types and DSC scores for each fluid type
(IRF, SRF, and PED). Also, the average classification AUC of
all fluid types is exhibited. The experimental results demon-
strate that all compared methods improve the point-supervised
segmentation baseline. Our ISCLNet achieves the best results
(71.29% on average DSC score on the Al Challenger dataset
and 44.38% on the RETOUCH dataset, respectively).

We further performed the Wilcoxon rank-sign test of
our method between each compared method to demonstrate
whether the improvement of our method is statically signifi-
cant. The test results are reported in Table II. Here, we set the
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Fig. 5. Visualized segmentation results of adjacent OCT slices from the same case. Each line exhibits the different methods’ visualized segmentation results.
Point, the lower baseline method that train segmentation model with point label; Intra the combination of baseline method and intra-slice contrastive learning;
Intra and Inter, the combination of intra-slice and inter-slice contrastive learning; GT, the groundtruth masks.

significance level a = 0.05. All p-values from comparisons
allow us to determine the significance of the improvement of
our method. Furthermore, since we performed significant tests
four times, the Holm-Bonferroni correction is needed to further
determine the significance of multiple comparisons to avoid
the type I error. After correction, we have the adjusted signif-
icance level a* = a x (1/N) = 0.05 x (1/4) = 0.0125. The
p-values of our experimental results are still smaller than a*.
Therefore, we can accept the hypothesis that the improvement
of our proposed method is statically significant (i.e., we reject
the hypothesis Hp: median difference of DSC = 0).

D. Ablation Experiments

To explore the contribution of each part of the ISCLNet,
we investigate the impact of intra- and inter-slice contrastive
learning. To this end, we compare the OCT image fluid
segmentation results with and without each part of ISCLNet.

1) Effect of Intra-Slice Contrastive Learning: As shown in
Fig. 4, the point-supervised model hardly segments the fluid
with appropriate extension, shape, and boundary. With the
learning of fluid-background similarity, the segmented fluids
have better extension and shape but cannot fit the boundary
well. Besides, we can obtain results with the fluid-retinal layer
dissimilarity to fit the boundary, but the extension and shape
are not aware of the fluid region. Then we combine similarity
and dissimilarity learning as intra-slice contrastive learning.
We can achieve nearly the same results as fully-supervised
segmentation with appropriate extension while fitting the
boundary well. As a result, intra-slice learning improves the
average DSC score from 59.72% to 68.29% (Table III). Also,

intra-slice learning improves the average DSC score from
39.41% to 42.85% on the RETOUCH dataset.

2) Effect of Inter-Slice Contrastive Learning: Although
the intra-slice information has been learned, the inter-slice
continuity can not be ensured (Fig. 5). We try to learn
the inter-slice similarity. As a result, inter-slice contrastive
learning enhances inter-slice continuity, thus improving fluid
segmentation. Combining intra- and inter-slice learning, i.e.,
the ISCLNet achieves higher performance on average DSC
score and DSC score of SRF and PED from 59.72%, 70.05%
and 49.38% to 71.29%, 73.16% and 69.42%, respectively on
the AI Challenger dataset. The segmentation performance on
average DSC score and DSC score of IRF, SRF, and PED from
39.41%, 20.34%, 57.40%, and 40.48% to 25.70%, 57.98%,
49.46%, respectively, on the RETOUCH dataset. (Table III).
It can be observed from Fig. 5 that our inter-slice contrastive
learning further improves the point-supervised method com-
pared with the intra-slice contrastive learning alone. However,
when combining intra- and inter-slice contrastive learning,
the visualization results show some anti-regularizing effects
(e.g., line 3, row 3 of Fig. 5), i.e., the segmentation model
is unaware of the fluid boundary. These results are expected.
The point label only provides supervision information of a
tiny region in the fluid. Therefore, a plain point-supervised
segmentation model only focuses on the central region of
fluid and has no chance to fit the boundary. Compared
with plain point-supervised learning, our contrastive learning
method encourages the model to learn comprehensive and
effective representations of fluid and non-fluid regions. Those
representations improve the point-supervised model to achieve
a complete segmentation and try to fit the boundary. However,
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boundaries in OCT images are difficult to recognize, even for
an ophthalmologist. As a result, with the point label only, our
proposed method may not achieve satisfactory results around
the boundary region.

E. Compared With Other Supervision Strategies

The image-level label is the easiest annotation to obtain.
Many works have demonstrated the possibility of training
segmentation methods with the supervision of image labels.
Proposal-based methods have been widely studied in image
tags supervised segmentation. Most of them adopt a feature
maps activation technique (i.e., class activation map, CAM)
[63]. CAM allows inspecting class-related pixels of images
that have contributed more to the final output of the model.
Usually, those regions with high contributions can be high-
lighted and used to generate pseudo segmentation maps to train
weakly-supervised segmentation methods. In our setting, the
burden of obtaining a single point for each fluid class is almost
the same as the image label. At the same time, the point label
can improve the segmentation baseline dramatically (from
44.08% to 59.29%) (Table V) on the Al Challenger dataset.
Therefore we chose the point label as the weak supervision
for our method.

F. Compared With Different Point Selection Strategies

In the above experiments, we train segmentation models
with point labels generated by randomly selecting pixels from
the ground-truth masks. It is interesting to explore other point
selection strategies. In the clinic, an intuitive point selection
strategy is to mark the central region of fluids since central
fluid regions usually have a clean texture and can be easily
recognized. Hence, to imitate the annotation in a clinical
context, we experimented with point labels located in the
center of fluid regions. Note that the size of central point labels
is the same as random point labels. The experimental result
(Table VI) demonstrates that central point labels have a huge
performance drop compared with random point labels. One
reason is that all fluid central areas have highly similar con-
texts, and the center point label leads the model to be sensitive
to the central region of fluid and ignore other non-central and
complicated fluid regions. As a result, the central point label
is worse for learning a segmentation model with the same
annotation cost.

G. Effect of Annotation Density

To understand how our method helps the deep learning
method reduce dependencies on manual annotations. We fur-
ther perform our proposed ISCLNet with different annota-
tion densities. The graph (Fig. 6) demonstrates that a plain
OCT fluid segmentation model can be improved with the
increase of label density. Meanwhile, our proposed method
boosts the plain OCT fluid segmentation model in all settings.
However, with higher label densities, our proposed method
yields more marginal improvements. One reason is that our
proposed contrastive learning method tries to supplement the
missing information of point labels (e.g., the extension, shape,
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Fig. 6. Segmentation performance with different annotation densities of our
proposed method.

and boundary of fluids). Therefore, our method may not be
effective for cases where manual annotations are fine enough
to provide that information. In addition, the previous section
illustrates the importance of annotating non-central regions,
which may also explain why higher annotation densities,
including more of these regions, produce better results.

H. Combine With Different Backbones

Our ISCLNet can combine with any CNN-based seg-
mentation backbones. Here, we employ the UNet++ [71],
an improved version of UNet, and DeepLab [13], which
is widely used in natural image semantic segmentation as
alternative backbones. The experimental results (Table IV)
show that the segmentation performance of UNet++ does not
outperform the UNet on the RETOUCH dataset. One reason
is that the RETOUCH dataset is collected from three different
devices. The regular UNet or UNet++ is hard to handle the
samples from different data sources. In addition, the results of
the DeepLab model are worse than a UNet or UNet++ on
datasets used in our setting. One reason is that the two OCT
fluid segmentation datasets are quite small compared to other
natural image segmentation datasets. Therefore, utilizing a
model with a huge number of parameters (e.g., ResNetl121) as
the encoder on a small dataset may easily fall into overfitting,
resulting in deteriorating performance. Therefore, to apply our
method to a practical dataset, one can choose an appropriate
backbone network to adapt to other datasets.

V. DISCUSSION

Recently, the CNN-based segmentation method has
achieved great success in several applications. However, the
training of CNN-based segmentation models heavily relies
on pixel-wise manual segmentation masks. The obtaining of
segmentation masks is time-consuming and expensive. This
work concentrates on reducing the human labor in training a
CNN-based segmentation model for OCT fluid segmentation.
Instead of pixel-wise masks, our method only needs a single
point of each fluid category as the supervision. The point
label only provides limited information about the object,
which is insufficient for training a pixel-wise segmentation
model. We consider learning inherent features from the OCT
image itself through contrastive learning. Contrastive learning
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discovers the feature pattern by exploiting the similarity and
dissimilarity of OCT samples. Specifically, we propose an
intra-slice contrastive strategy to learn the fluid-background
similarity and retinal layer-background dissimilarity within an
OCT slice. Moreover, we propose an inter-slice contrastive
architecture to learn the continuity of adjacent OCT slices.
Finally, an end-to-end model named Intra- and inter-Slice
Contrastive Learning Network (ISCLNet) is built to predict
retinal fluid.

Although our ISCLNet achieved good segmentation results
validated on two public OCT fluid segmentation datasets, lim-
itations still exist. The intra-slice contrastive learning is based
on the observation that the fluid region has the same reflection
characters as the background since both are filled with liquid.
The inter-slice contrastive learning is based on the similarity
of adjacent OCT slices. However, in the clinic, the outpatient
ophthalmologist would not save all OCT slices. They only
focus on one to three slices. The inter-slice contrastive method
may be hard to apply to incomplete OCT data. Given this
limitation, one of our future directions is to learn from
incomplete 3D OCT data where only a few slices are available.

VI. CONCLUSION

This paper proposed an Intra- and inter-Slice Contrastive
Learning Network (ISCLNet) that learned the inherent sim-
ilarity and dissimilarity of OCT images to improve the
point-supervised OCT fluid segmentation. The ISCLNet
learned the intra-slice fluid-background similarity and the
fluid-retinal layers dissimilarity within an OCT slice. Fur-
thermore, an inter-slice contrastive learning architecture was
built to learn the similarity among adjacent OCT slices. With
the intra- and inter-slice contrastive learning, we trained a
CNN-based OCT fluid segmentation network with only one
point for each fluid type as supervision. Experimental results
on two publicly available OCT fluid segmentation datasets
demonstrated that our ISCLNet outperformed other well-
known point-supervised segmentation methods. Our segmen-
tation method helped ophthalmologists obtain a rapid, accurate
prediction of fluid regions that reduced the burden of manual
quantitative analysis of several fluid-related retinal diseases.
However, our method relied on complete OCT volumes that
might be difficult to access in the clinic. In the proposed work,
we considered learning from incomplete 3D OCT volume with
only a few available OCT slices.
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