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Semi-Supervised Dual Stream Segmentation
Network for Fundus Lesion Segmentation

Dehui Xiang
Haiyun Liu, Xinjian Chen

Abstract Accurate segmentation of retinal images
can assist ophthalmologists to determine the degree
of retinopathy and diagnose other systemic diseases.
However, the structure of the retina is complex, and differ-
ent anatomical structures often affect the segmentation of
fundus lesions. In this paper, a new segmentation strategy
called a dual stream segmentation network embedded into
a conditional generative adversarial network is proposed to
improve the accuracy of retinal lesion segmentation. First,
a dual stream encoder is proposed to utilize the capabilities
of two different networks and extract more feature infor-
mation. Second, a multiple level fuse block is proposed to
decode the richer and more effective features from the two
different parallel encoders. Third, the proposed network is
further trained in a semi-supervised adversarial manner to
leverage from labeled images and unlabeled images with
high con dent pseudo labels, which are selected by the
dual stream Bayesian segmentation network. An annotation
discriminator is further proposed to reduce the negativ-
ity that prediction tends to become increasingly similar
to the inaccurate predictions of unlabeled images. The
proposed method is cross-validated in 384 clinical fundus

uoresceinangiographyimages and 1040 optical coherence
tomography images. Compared to state-of-the-art meth-
ods, the proposed method can achieve better segmenta-
tion of retinal capillary non-perfusion region and choroidal
neovascularization.
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|. INTRODUCTION

ETINOPATHY is one of the leading causes of vision
impairment and blindness worldwide [1]. Retinal cap-
illary non-perfusion (CNP) and choroidal neovascularization
(CNV) are typical fundus lesions. Fundus fluorescein angiog-
raphy (FFA) is often used to detect various ophthalmic dis-
eases and optic disc abnormalities [2], [3] since it provides
information about the structure and function of capillaries.
Neovascularization tends to occur at the edge of the non-
perfusion region. Ischemia and hypoxia induce the release of
vascular endothelial growth factor (VEGF), which enhance
the permeability of vascular endothelial cells and induces
neovascularization. At the cellular level, retina is supplied
by four layers of capillaries to meet the metabolic needs of
oxygen and nutrients. Different degrees of retinal capillary
occlusion will result in different degrees of hypofluorescence
on FFA images, which may lead to omission and wrong
evaluation of CNP areas in clinical practice. When the CNP
area develop to a certain extent, it will cause severe tissue
hypoxia and VEGF accumulation, which will further lead to
pathological neovascularization (NV) [4], [5], [6]. Because
the endothelial cells of the NV lack normal tight connec-
tions, they are easy to bleeding. CNV [7] is a major visual
threatening disease, involving subretinal neovascularization of
vertical and horizontal vectors. The CNV lesions in FFA
images often cannot completely correspond to the hyper-
reflective vascular tissues in optical coherence tomography
(OCT) images, which are often used for retinal and anterior
segment imaging. The presence of dense hemorrhage, pigment,
scar and pigment epithelium detachment (PED) may cause
fluorescence shielding effect, and make the CNV lesions
unclear. Whether CNV breaks through the retinal pigment
epithelium (RPE) layer, as well as the characteristics of
subretinal fluid indicate the sensitivity of anti-VEGF treatment.
Therefore, accurately measuring the size and distribution of
lesions can assist doctors to accurately determine the degree of
retinopathy, and can help doctors find other systemic diseases.
It can also help doctors find the causes to select appropriate
treatment plan.
However, there are great differences in the appearance,
blurred boundary, distribution, shape and size of the CNP
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Fig. 1. Fundus lesions in different fundus images. (a) Different sizes and
irregular shapes of CNP areas along the inferotemporal branch of retinal
vein are distributed in the FFA image. (b) The boundaries between CNP
and vessels are blurred and the contrast is low, because the pathological
changes of diabetic retinopathy originate from the occlusion of retinal
capillary microcirculation unit. (c) CNV in the OCT images and the
boundaries are also unclear since retinal edema with subretinal uid can
be seen around the CNV and RPE damage. (d) Small CNV is distributed
in the OCT image. CNV does not break through the RPE layer. The RPE
layer under the fovea is irregular and slightly elevated, and the underlying
Bruch s membrane is relatively intact.

or CNV even in the same patient’s fundus image, as shown
in Fig.1. The differences between different patients are even
more significant. The difference in the morphology of CNP or
CNV increases the difficulty of automatic segmentation and
requires the segmentation methods to have a strong ability
to segment different lesion regions. Patients with CNP or
CNV are often accompanied by fundus hemorrhage. When the
fluorescent agent is injected into the blood vessels, it may flow
into other areas of the fundus with the blood. It will result in
the leakage area in the captured FFA image being too bright.
The intensity interval of CNP is similar to that of the fovea
and optic disc. The intensity interval of CNV is also similar to
that of subretinal layers in OCT images. These factors increase
the difficulty of accurately segmenting these lesions.

In order to overcome the above difficulties, a dual stream
segmentation network (DSSNet) is designed to improve the
accuracy of fundus lesion segmentation. The motivation is
to effectively integrate two different networks and different
level representations. In addition, a semi-supervised strategy
is proposed to jointly learn the refined feature representations
from labeled data and selected unlabeled data. The main
contributions are as follows,

1) A dual stream encoder is proposed to utilize the capa-
bilities of two different networks. Retinal lesions may lead
to great changes and differences in the intensity, appearance,
blurred boundary, distribution, shape and size of the lesions
even in the same patient’s fundus images, as shown in Fig.1.
Therefore, it is important to extract more diverse and effective
features with enhanced ability of the network.

2) A multiple level fuse block (MLFB) is proposed to
decode the richer and more effective features from the two
different encoders. MLFB can integrate more fine-grained and
context information from low-level representations to high-
level representations and is concatenated with the decoder
of UNet for accurate segmentation. It is important to fuse
different level features with enhanced blocks, such that the
network can capture different shapes and sizes of the lesions.

3) A novel semi-supervised adversarial training (SAT) strat-
egy is proposed for fine-tuning. By considering the variances
of intensity distribution and appearance, the input images with
different contrasts are fed to the dual stream Bayesian seg-
mentation network to compute the uncertainty. The proposed
network is further trained in a semi-supervised manner to
leverage from labeled images and unlabeled images with high
confident pseudo labels, which are selected by the uncertainty.
The annotation discriminator is further added to distinguish
whether the image is from the labeled data set or the unlabeled
data set. The segmentation uncertainty is used to weight
the predicted probability map. Therefore, the SAT strategy
can reduce the negativity that prediction tends to become
increasingly similar to the incorrect predictions of unlabeled
images.

II. RELATED WORK

There are many methods for fundus lesion segmentation,
and many computer-aided diagnosis methods have been pro-
posed for the segmentation of CNP and CNV in fundus
images.

A. CNP Segmentation

In early stage, most methods were mainly based on semi-
automated methods. Jasiobedzki et al. [8] estimated the extent
of non-perfusion of each region by measuring the texture char-
acteristics through mathematical morphology. Kwong et al. [9]
used a variational texture segmentation model and a rapid
optimization strategy to segment the image into CNP and
non-CNP. Rasta et al. [10] used homomorphic filtering to
perform light correction and healthy capillary detection in
FFA images. Sivaswamy et al. [11] considered CNP as a
valley function and segmented CNP using a variance-based
region growing. Zheng et al. [12] proposed an unsupervised
texture segmentation model and used a total mutation energy
minimization algorithm.

In recent years, with the rapid development of deep learning,
it has been widely used in the field of medical image. Since the
proposal of Fully Convolutional Networks [13] (FCN), many
deep learning architectures for image semantic segmentation,
such as U-Net [14], DeepLab [15], have been proposed.
Joan et al. [16] used U-Net to segment CNP. Jin et al. [17] seg-
mented CNP using attention UNet. Tang et al. [18] proposed
a CE-Net to segment CNP in FFA images, but blood vessels
were included as CNP with manual annotation. We have pro-
posed a Double Path Discriminator - Generative Adversarial
Network (DPD-GAN) as the segmentation network for CNP
segmentation [19].
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Fig. 2. The proposed dual stream segmentation network.

B. CNV Segmentation

In recent years, some automatic segmentation methods
have been proposed for CNV segmentation in OCT images.
We have combined a neural network classifier and a con-
strained graph search algorithm to accurately detect reti-
nal surfaces and CNV [20]. The hand-craft features were
designed for the neural network classifier to obtain coarse
surfaces of retinal layers and the constrained graph search
algorithm was proposed to accurately detect retinal surfaces
and CNV. Xi et al. [21] proposed a learned local similarity
prior embedding active contour model for CNV segmentation
in OCT images. The local similarity prior with active contour
model and a local similarity fitting energy was developed.
Wang et al. [22] proposed a novel dynamic multi-hierarchical
weighting segmentation network for the simultaneous segmen-
tation of retinal layers and CNV. Meng et al. [23] proposed
a multi-scale information fusion network based on U-Shape
architecture for CNV segmentation in retinal OCT images.
However, these networks consisted of a single encoder and
were difficult to extract diverse features.

C. Semi-Superived Learning

Recently, semi-supervised learning has gained growing
interest in medical imaging since it is costly to obtain large
amounts of annotated medical images. GAN has often been
used for semi-supervised segmentation. The discriminator is
used to distinguish the prediction of the segmentation network
whether it is from the same or different distribution compared
to labeled images [24], [25]. Hung et al. [26] trained the fully
convolutional discriminator network only with the labeled data
and then computed a confidence map of unlabeled images. The
high-confidence regions in the confidence map were consid-
ered as the supervisory constraint to train the segmentation
network. However, the diversity of target regions may be
reduced. Peng et al. [27] extended the work of Qiao et al. [28]
and proposed a deep co-training method using two deep CNN
models for semi-supervised image segmentation to enforce

4
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the diversity of adversarial training on the prediction diver-
sity of segmentation models. Xia et al. [29] also introduced
an uncertainty-aware multi-view co-training framework for
uncertainty estimation using a Bayesian approach, where 3D
volumes into multiple views were permuted to enforce multi-
view consistency on unlabeled data. Inspired by these works,
a semi-supervised strategy is used to refine our model by
leveraging labeled images and unlabeled images.

I1l. METHOD

An overview of the proposed architecture is illustrated in
Fig.2, a new network is proposed for fundus lesion seg-
mentation. As shown in Fig.3, the framework consists of
the initial training stage, Bayesian inference stage and the
semi-supervised adversarial training stage. The three stages
share similar dual stream segmentation network architecture
to extract information from the coarse to the fine trained con-
ditional generative adversarial network (cGAN) framework.

A. Dual Stream Segmentation Network

In previous studies about multiple feature fusion [30], [31],
[32], [33], [34], [35], two stream deep fusion framework has
been proposed, but the two structures of the encoders were
similar. However, this may lead to the lack of diversity of the
extracted features in our task. Inspired by these works, a new
dual stream segmentation network is proposed as shown in
Fig. 2. To improve the segmentation performance, DSSNet
consists of two parallel different feature extractors to extract
and fuse diverse different level features, and a dual stream
decoder including the UNet decoder and MLFB.

1) Dual Stream Encoder: The encoder is an improved struc-
ture based on recent classification networks, such as the
residual network (ResNet) [36], DenseNet [37] and VGG [38].
As shown in Fig.2, the first stream decoder discards the fully-
connected layers and consists of the five convolution blocks,
convl X, conv2_x, conv3_x, conv4 X, convs_X, where the size
of output features is downsampled as 1/2 in width and height.
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Fig. 3. The proposed framework. (a) Initial training, (b) Bayesian inference, (c) Semi-supervised adversarial training.

The second stream encoder discards the fully connected layers
and consists of the five convolution blocks, followed by a
max-pooling layer to 1/2 downsampled input features in width
and height. The five blocks can also be denoted as convl_y,
conv2_y, conv3_y, conv4_y, convb_y, as shown in Fig.2(a).

2) Dual Stream Feature Fusion Block: In BiSeNet
[30], [31], the semantic branch and the detail branch
had different structures with different sampling operations.
The aggregation layer was only used to fuse both types of
feature representation in the bottleneck. However, low level
fine-grained features from the two branches were not merged.
DEU-Net used an attention mechanism for spatial information
and context information [33], but the attention block did not
improve the performance significantly. DEFU-Net fused the
feature maps by pixel-wisely summation [34]; however, it is
not reasonable to pixel-wisely add feature maps from the
contextual and spatial information. FCTSFN concatenated and
fused multi-scale image and interaction features [32]. D-UNet
performed 2D and 3D convolution in the two encoders and
conbined the 2D and 3D features with squeeze-and-excite
(SE) blocks [35]. Since our dual stream encoder consists of
two different networks, it is reasonable to concatenate the
corresponding level features. For each level of the encoders,
the two output features of the dual stream encoder are
concatenated and fused through a double convolutional block.
As shown in Fig.2(b), the dual stream feature fusion block
in Ith level is defined as

Fl‘use = DCov concat I:clonv x? l:clonv y ’ (1)
DCov = Covs 3(Covs 3(Fin)), 2
Covz 3 = ReLU (BN (convs 3(Fin))), ©)]

where Fi, is the input feature, and DCov is a double con-
volutional block. BN is batch normalization and convs 3 is
the 3 3 convolution operation. concat is a concatenation
operation. FC'Onv . denotes the output feature of the first stream
encoder in Ith level and FC'OnV denotes the output feature of
the second stream encoder in Tth level.

3) Multiple Level Fuse Block: In the UNet decoder, low
level fine-grained features are finally fused while there are
much noise and some high-level semantic features may be
suppressed. To address this issue, a multiple level fuse block
is proposed to fuse features from low-level representations to

high-level representations, which is beneficial to the fundus
lesion segmentation task. The dual stream encoder generates a

i 1 2 [
series of fused features as  Ff oo, Ffyses®** s Ffyse » Where

| indicates the number of levels. The size of the lower fused
feature map F} L, (2 times both in width and height) is

larger than that of the higher feature map F}USE. As shown
in Fig. 2(c), the neighbouring levels of the fused feature maps
are respectively fed into a1 1 convolutional layer. Dilation
convolutions with different rates are further used. The higher
level feature maps are upsampled to the same size of the lower
level feature maps. The neighbouring level fused feature maps
are concatenated and fed into a 3 3 convolutional layer
to generate the decoded feature map Fée'cf)ée MLFB can be

expressed as,

F3 311 21,
Covs 3 concat ’ ,
Up F3 39 21
+1 . 1=1;
Fdecode - I 1,1 (4)
Covs 3 concat  decode’ ,
p F3 39 2

| > 1.

where F; ,,, , is the feature map after the fused map Fluse iS

fedintoal 1 convolutional layer and a dilation convolution
with 3 3 convolution and the dilation rate is 11 2l (the
dilation rate is 1 when | > 4), and Up is the upsampling
operation with a bilinear interpolation. MLFB can integrate
more fine-grained and context information from low-level
representations to high-level representations.

4) Dual Stream Decoder: The dual stream decoder consists
of the deconvolution blocks (the blue boxes, a UNet decon-
volution block) in Fig.2(a), the dual stream feature fusion
blocks (the black boxes in Fig.2(a)) and MLFBs (the red
boxes in Fig.2(a)). Finally, the segmentation block is used
to concatenate the multiple level fused features with UNet
decoder features, in order to decode the richer and more
effective features. A two-channel image is generated through
al 1 convolutional layer.

B. Network Training

Motivated by the uncertainty estimation in Bayesian net-
works, the uncertainty is estimated with the Monte Carlo
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Dropout [29], [39], [40]. The uncertainty can not only mea-
sure the model confidence but also directly and quantita-
tively reflect the inaccurately segmented regions in labeled
and unlabeled images. In this work, we try to tackle the
semi-supervised training problem by utilizing the uncertainty
of different image contrasts to improve the segmentation
accuracy. The proposed semi-supervised training framework,
as shown in Fig.3, includes an initial network - the dual
stream segmentation network, a Bayesian network - the dual
stream segmentation network with random dropout and a fine-
tuning network - the dual stream segmentation network with
an additional annotation discrimination branch.

1) Initial Training: As shown in Fig.3(a), the cGAN frame-
work [41] learns a mapping S from fundus images to a
segmentation probability of fundus lesions, in which S is
our DSSNet. The segmentation discriminator Ds classifies
concatenated pairs of the image and prediction as being real
or fake constrained by the adversarial loss, which is calculated
from the discriminator Dg to penalize the generator S. Given
an image x p (x), and the corresponding manual label
y p (y), the adversarial loss in cGAN is used to match
the distribution of images to that of the target distribution,
and it can be expressed as,

S,D _
L&an (%2 ¥) = Ex p.y p@y) 109 Ds (v, )

+Ex px) log(l  Ds(S(x),x)) . (5)

The binary cross-entropy function is used in the segmentation

network to classify the foreground and background of each
pixel as

yilogy;+(1 yj)log 1 y; ,
i=1
(6)

where y; [0, 1] is the ith pixel in the segmented prediction
y = S(X). Vi [0,1] is the ith pixel in ground truth y.
H and W are the height and width of the image, respectively.
The dice loss is also introduced to optimize our proposed
network,

LSCE y’y = H W

2 ) YiY;
Lgice y'y :1 H W H W . (7)

A pixel-wise loss term L1 is used to penalize pixel-wise
segmentation errors and bring the prediction y closer to
ground truth y and stabilize GAN training,

Lf oY) =Ex ppoy py) Y S(X) 1 . (8)

Based on Eq. (5) - (8), the full objective function for cGAN-
based segmentation can be expressed as,

s = LN 0O +Lie VoY + Liice V1Y
+ 1Lf (x,y), (9
where 1 is the weight of the L1 loss ( 1 = 100). The initial

segmentation network S and the initial discriminator Ds play

a min-max game in respectively minimizing and maximizing
the objective function as
S,Ds

arg r%asxmsm Lo (10)

2) Bayesian Inference: The existing methods [29], [39],
[40], [42] estimate the uncertainty with an assumption that the
network outputs are corrupted by Gaussian noise or spatial
variabilities. However, the diversity of intensity distribution
and appearance largely affect the fundus lesion segmentation,
incorrect segmentation often occurs in the low contrast regions
and blurred boundary. It is very difficult and time-consuming
to collect images that depict the large variabilities, possible
intensity distribution and appearance. In order to address
these two issues, simulated input images may be used to
automatically generate large amounts of annotated images.
The contrast of the input image is randomly adjusted in T
(T = 20) stochastic forward passes on the model under
random dropout. A contrast adjustment is randomly applied to
a given input image x, and the adjusted image x is fed into the
Bayesian segmentation network to generate a segmented mask,
as shown in Fig.3(b). Bayesian segmentation network consists
of the dual stream segmentation network with the dropout
layer added after the feature fusion block. Such sampling
inference process is then repeated T times to generate a series
of predicted probabilities p1 x ,p2 X ,e*¢,pr x and
the uncertainty map is estimated by calculating the variance
of the predicted probability as

T

UG == B(x) 2,

T (11)

pt X
t=1
where fi (x) is the mean predicted probability defined as,

T
1
B (x) = T Pt X
t=1
The mean uncertainty of the input image x is defined as
H w
ux) = N ~ U (xi),

(12)

(13)

where N is the number of foreground pixels in the segmented
mask of the input image x without the contrast adjustment.
It is important to normalize the average uncertainty since the
intensities of lesions vary largely among different patients
and images. The uncertainty map U (x) generated by the
Bayesian inference can provide the trustworthy and untrust-
worthy regions in the segmented prediction. Meanwhile, u (x)
is used to select unlabeled images with high confident pseudo
labels for network fine-tuning with a threshold u¢, which is
determined by the uncertainty of the labeled image.

3) Semi-Supervised Adversarial Training: For cGAN seg-
mentation network, the segmentation discriminator in the
initial network, Bayesian segmentation network and the fine-
tuning network consists of three convolutional blocks with a
4 4 convolutional layer, batch normalization and LeakyReLU.
The segmented prediction or the label are concatenated with
the original image and then fed to the segmentation discrimi-
nator. The segmentation discriminator judges to be false when
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TABLE |

DETAILS ABOUT THE DATASET

FFA OCT
Hospital Beijing Shijingshan Hospital Beijing Tongren Hospital Total Shanghai First People’s Hospital
Scanner Heidelberg Spectralis HRA | Heidelberg Spectralis HRA | Heidelberg Spectralis HRA Heidelberg Spectralis OCT
Image size 512x512 512x512 512x512 512x496
Set A (images/patients) 93/22 100/50 193/72 540/32
Set B (images/patients) 91/21 100/50 191/71 500/31
Unlabeled (images/patients) 283/57 204/102 487/159 997/62

the segmented prediction is fed and judges to be true when
the label is fed.

Inspired by the work of Zhang et al. [24] and our previ-
ous work [19], a semi-supervised adversarial training (SAT)
scheme is proposed to further alleviate the negativity of
inaccurate pseudo labels from unlabeled images with high
confident pseudo labels, which are selected by the uncertainty.
As shown in Fig.3(c), the final network is refined by adding
another discriminator to distinguish whether the input image
is the labeled image or the unlabeled image. The labeled
image and unlabeled image are respectively concatenated
with their corresponding prediction and fed to the annotation
discriminator. The annotation adversarial loss is added to this
framework for fine-tuning with randomly paired labeled and
unlabeled images as

L& ai (%) = Ex ppo 10g Da (S (x), %)
+Ex pxy 10g(1 Da(S(x),x)) ,

where x is the unlabeled image and y = S(x) is the seg-
mented prediction of the unlabeled image x by using the dual
stream segmentation network. The annotation adversarial loss
in the cGANSs is used to match the distribution of unlabeled
images to that of the labeled image and improve performance
of the segmentation network with diverse training images.

The semi-supervised loss forces the framework to minimize
the error from high uncertainty regions of the segmented
prediction to obtain accurate segmentation. In order to obtain
the uncertainty constrained loss, the calculated uncertainty
map is processed and then applied to the original cross entropy
loss, L1 loss and dice loss with element wise multiplication,
functioned similarly as the spatial attention. The weighted
uncertainty function is formulated as

(14)

U) =1+ oU(x), (15)

where  is the weight of the uncertainty map U (x) for the
labeled image x ( y = 100). The similar weighted uncertainty
function U (x) is also defined for the unlabeled image x.

The uncertainty constrained cross entropy loss for the
labeled image x is formulated as

H w
U (xi) vilogy;

s —
Lbce y’y ’X - H W i1

+(1 yi - (16)
Similarly, the uncertainty constrained cross entropy loss for
the unlabeled image x can be defined as LbsCe V.V, X .

yi)log 1

The pixel wise loss term L is revised to penalize pixel
wise segmentation errors constrained by the uncertainty and it
is formulated as

L () = Ex pey o) UK S . (A7)

The similar weighted L1 loss LlS (x,y) can be defined for the
unlabeled image x.

The full objective function for cGAN-based segmentation
can be expressed as,

$.D5,Da _ | S.D
Lo = Laan (0 Y) + Lige VoY X +Lice VoY

e Y FLSe vy X + LS V.Y
+ LS Gy + LS (k)

S,Da
+ Lo (X, %).

+L

(18)

The fine-tunning segmentation network S and the discrimina-
tors Ds, Da play a min-max game in respectively minimizing
and maximizing the objective function as

S,Ds,Da
final '

arg max minL 19
g fmax mi (19)

IV. EXPERIMENTS

In this section, we test the performance of the fundus
lesion segmentation framework by performing comprehensive
experiments on our benchmark datasets. Additional details
about experiments and results are reported as follows.

A. Dataset

The study is approved by the Ethics Committee of Capital
Medical University. Details about the data are listed in Table I.
To improve the reliability of the experimental results, two-fold
cross-validation is used. The second group of experimental
data is used as test data when the first group is trained and
vice versa.

The FFA images are collected from Beijing Shijing-
shan Hospital and Beijing Tongren Hospital. After intra-
venous administration of fluorescein sodium, 55-degree FFA
(Spectralis HRA, Heidelberg Engineering, Germany) are cap-
tured. According to early treatment diabetic retinopathy study
(ETDRS) diabetic retinopathy severity scale, FFA images
are divided into nine quadrants. Images centered on the
macula (posterior pole) and any other mid-peripheral quad-
rants at early phase (20-60s) are chosen for further CNP
analysis. In early-phase FFA, the CNP is defined as an
area lacking of retinal vessels (including retinal arterioles,
venules and capillaries), with a sharp boundary with the
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TABLE Il
ABLATION EXPERIMENTS OF CNP SEGMENTATION

Network KC(%) FMI(%) MCC(%) Precision(%) Recall(%) Jaccard(%) F1(%) p ParaM)  Tr(h) Ts(s)
VGG16 54.57420.39 91.31+7.08 57.434+18.01  79.44412.95 52.01425.15 44.784+21.22  58.65+422.18 < 0.001 25.02 20.4 0.335
VGG19 55.834+20.06 91.6+6.85 58.56+17.79  80.55+11.63  52.594+24.66  45.83+21.01 59.77421.74 < 0.001 30.33 19.51 0.319
SEResNet50 71.65+14.08  93.594+5.78  72.694+12.97  82.74+13.42  70.24+16.89  61.37+16.31 74.64+14.23 < 0.001 77.89 33.8 0.461
ResNet101 72.04+13.44 93.64+5.72 73.05+12.45 83.31+12.44 70.62+16.37 61.76+15.87 75.05+13.58 < 0.001 94.46 16.21 0.435
ResNet50 72.224+13.24  93.64+5.69  73.234+12.19  83.21+12.87  70.76+16.31 61.91+15.68 75.24+13.38 < 0.001 75.41 12.63 0.22
DenseNet121 72.53+£12.7 93.754+5.39 73.53£11.6 83.74+11.06 70.74+16.59 62.18+15.51 75.45+13 < 0.001 54.47 1537 0.325
SEResNet50+DenseNet121 72.66+12.68  93.74+5.59  73.57+11.69  82.79+12.43 71.58+15.6 62.344+15.48 75.6+12.79 < 0.001 173.52 2043 0424
ResNet50+VGGI19 7277241285  93.62+5.72  73.65+11.79 82.3+14.13 72.38+14.55 624941532  75.71+12.93 < 0.001 181.35 14.29 0.23
ResNet50+DenseNet121 72.86+13.09 93.83+5.34  73.76+12.15 82.83+12.97 71.844+16.03 62.64+15.82 75.74+13.4 < 0.001 171 17.31 0.168
DenseNet121+VGG16 73.15+12.59  93.744+5.69  74.05+11.56  82.85+13.26  72.424+14.73  62.92+15.15  76.08+12.58 < 0.001 116.75 15.74  0.162
ResNet50+VGG16 73.26+12.18  93.67+5.64  74.18+11.18  83.67+12.22 72+14.92 63.03+14.73  76.23+12.26 < 0.001 170.74 17.91 0.387
ResNet50+VGG16+MLFB 73.83+11.64  93.661+5.65 74.584+10.79  82.44412.58 73.724+13.68 63.67+14.09 76.814+11.71 < 0.05 171.13 11.55 0.156
ResNet50+VGG16+MLFB+SAT(Ours) 74.17+11.08 93.68+5.44 74.78+10.35 80.5+12.75 75.83+12.83 64.07+14.04 77.15+11.24 - 171.27 50.43 0.23

adjacent vessels. Images that are not obscured by media opac- Index (FMI), Matthews Correlation Coefficient (MCC),

ities (e.g. cataract and vitreous hemorrhage) are included. The
FFA dataset consists of 384 manually annotated FFA images
of 143 patients with CNP and 487 unlabeled FFA images of
another 159 patients with CNP. About four FFA images are
chosen from a patient in Beijing Shijingshan Hospital. Two
FFA images are chosen from a patient in Beijing Tongren
Hospital. 384 FFA images are manually annotated by an
experienced retinal specialist. The FFA data set is randomly
divided into two groups, one group contains 193 FFA images,
and the other group contains 191 FFA images. The patients in
these two image groups are independent.

The OCT images are collected from Shanghai First People’s
Hospital. All the participants undergo spectral domain opti-
cal coherence tomography examination (SD-OCT, Spectralis,
Heidelberg Engineering, Germany). The scanning setting is
centered on the fovea at a rectangular angle of 20 15 , with
19 sections each including 100 average scans. The horizontal
line through the center of the fovea in each participant is
selected. The OCT data consists of 1040 manually anno-
tated OCT B-scan images of 63 patients with CNV and
997 unlabeled B-scan images of another 62 patients with
CNV. About 16 OCT B-scan images are chosen from the
OCT volume of a patient. OCT B-scan images are also
manually annotated by an experienced retinal specialist. The
CNV dataset is also randomly divided into two groups, one
group contains 540 OCT B-scan images, and the other group
contains 500 OCT B-scan images. The patients in these two
image groups are independent.

B. Implementation Details

All models are built in pytorch. The workstation is equipped
with a NVIDIA GeForce RTX 3090 GPU, and 24 Gb memory.
The batch size is set to 1 and 250 epochs are trained. Adam
optimizer is used for stably training and the initial learning rate
is 0.0002. Since there is large difference in the pose, contrast
and morphology of CNP or CNV between different patients,
data augmentation is uniformly random rotation between
[ 180 , 180 ], contrast adjustment between [0.9, 2.9], scaling
between [0.8, 2.0].

C. Evaluation Metrics

In order to quantitatively evaluate the algorithms, 7 evalua-
tion indicators': Kappa Coefficient (KC), Fowlkes Mallows

Lhttps://scipy.org/

Precision, Recall, Jaccard, F1 are used. F1 is mainly used
to measure the similarity between the segmented results and
ground truth. The number of the parameters (Para) is also
computed. The running time of training (Tr) and test (Ts)
is also computed. Two-tailed Wilcoxon test of F1l is per-
formed to compare the difference between our method and
related methods, and p < 0.05 is considered to be statistically
significant.

D. CNP Segmentation

1) Ablation Experiments: In order to prove that DSSNet
improves the CNP segmentation in FFA images, several
ablation experiments are performed. All segmentation models
are the generators and embeded into the cGAN framework.
All segmentation models are trained with Lpce, Lgice and L.
All backbones: VGG16 [38], VGG19 [38], ResNet50 [36],
ResNet101 [36], DenseNet121 [37] and SEResNet50 [50] are
pretrained on ImageNet.

The quantitative results of the ablation experiments for
CNP segmentation are shown in Table Il. As can be seen
in Table I, VGG16 performs the worst in terms of the
average F1 score. The best single encoder is DenseNet121, and
the average F1 score is 75.45. ResNet50 + VGG16 performs
the best as the dual stream encoder. Compared to VGG16, the
average F1 score of ResNet50 + VGG16 improves by 17.85,
and p < 0.001 shows that the improvement of ResNet50 +
VGGL16 is statistically significant. Compared to ResNet50,
the average F1 score of ResNet50 + VGG16 improves by 1.03,
and p < 0.001 shows that the improvement of ResNet50 +
VGG16 is statistically significant. These experiments show
that the dual encoder outperforms the single encoder for CNP
segmentation in FFA images. Therefore, ResNet50 + VGG16
is selected as the encoder of the generator in the cGAN
framework for the segmentation of CNP in FFA images.

With the MLFB, the average F1 score is 76.81. Compared
to ResNet50 + VGG16, the average F1 score improves by
0.58, and p < 0.05 shows that the improvement of MLFB
is statistically significant. With the SAT strategy, the average
F1 score reaches 77.15. Compared to VGG16, the average
F1 score improves by 185 (p < 0.001). Compared to
ResNet50, the average F1 score improves by 1.95 (p < 0.001).
Compared to DenseNetl121, the average F1 score improves
by 1.7 (p < 0.001). Compared to initial training, the average
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Fig. 4. Comparisons of the segmentation results of CNP. The green curves are ground truth and the red curves are segmented results by using
different networks. The blue arrows point to under-segmentation and the yellow arrows point to over-segmentation. (a) a FFA image, (b) a FFA
image with ground truth, (c) CGNet [43], (d) DenseASPP [44], (e) FCN32s [13], () FCN16s [13], (g) BiSeNet [31], (h) UNet [16], (i) DANet [45],
() PSANet [46], (k) PSPNet [47], (I) FCN [13], (m) FCN8s [13], (n) DeepLabV3 [15], (0) DUNet [48], (p) MFNet [23], (q) nnUnet [49], (r) CENet [18],
(s) DWNet [22], (t) attentionUnet [17], (u) Before, (v) The uncertainty map, (w) Our method. Many vessels and some normal regions are over-
segmented by many methods in (c)-(0). In (p)-(t), several small CNP can not be segmented around the large CNP.

F1 score improves by 0.34 (p < 0.05). p < 0.05 shows that
the improvement of SAT is statistically significant.

2) Comparison Experiments: In order to prove the effec-
tiveness of our method, state-of-the-art segmentation net-
works are compared. Three CNP segmentation networks

are UNet [16], attentionUnet [17] and CENet [18]. Two
CNV segmentation networks are DWNet [22] and MFNet
(ResNet34 as the backbone) [23]. 13 main stream net-
works are CGNet [43], DenseASPP (DenseNetl21l as the
backbone) [44], BiSeNet [31], FCN32s (VGG16 as the
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TABLE Il
QUALITATIVE EVALUATION RESULTS OF DIFFERENT METHODS FOR CNP SEGMENTATION
Network KC(%) FMI(%) MCC(%) Precision(%) Recall(%) Jaccard(%) F1(%) p ParaM)  Tr(h)  Ts(s)
2nd observer 98.86+4.37 99.89+0.38 98.94+3.93 98.14+6.73 99.99+0.26 98.12+6.75 98.91+4.26 - - - -
CGNet [43] 42.03+19.2 88.394+8 44.58+18.12 59.41426.1 46.15+21.35 3341£18.11  47.27+£2098 < 0.001 0.49 2.83 0.115
DenseASPP [44] 46.87+£17.21  88.93+7.98 48.88+£16.2 61.59+22.78  50.38+19.59 37.3£17.16 52.02+18.66 < 0.001 10.2 2.92 0.089
FCN32s [13] 48.45+18.41 88.78+8.68  49.52+17.74  60.22+18.41  52.59+23.39  39.63+18.92 54.01+£20.63 < 0.001 15.31 2.53 0.188
FCN16s [13] 54.87+£16.74  89.96+7.95 55.96+15.78  66.69+£15.19 57.72+£21.6 4496+£17.96 59.78+18.46 < 0.001 15.31 242 0.131
BiSeNet [31] 55.18+£17.97 89.84+7.31 56.66+16.77 62.82+2332  63.2+16.69 4535+18.5 59.99+19.2 < 0.001 12.8 1.67  0.094
UNet [16] 56.7+16.41  89.98+£7.41 58.72£15.01 66.48+22.71  63.9+18.14  46.45+17.44 61.39+£17.43 < 0.001 17.27 225  0.131
DANet [45] 58.5+15.05 90.6+7.28 59.574+14.23  67.48+19.36 62.4+15.6 4795+16.46 63.03+16.24 < 0.001 49.48 3.33 0.115
PSANet [46] 58.68+1548  90.66+7.18 59.82+14.5 67.49+20.13  62.994+15.29  48.15+£16.76  63.15+16.55 < 0.001 49.68 4.33 0.136
PSPNet [47] 58.74+15.27 90.71£7.1 59.894+14.37 67.59£19.68 62.97+16.01 48.18+16.79 63.19+16.39 < 0.001 48.63 3.75 0.115
FCN [13] 58.93+1546 90.76+7.18  60.08+14.59 67.98+20 62.861+15.84 48.38+16.76  63.36+16.57 < 0.001 35 3.42 0.188
FCN8s [13] 59.74+£15.34  91.13+7.07 60.91+14.22  71.84+£1493 60.56+19.16 49.11+£17.17 63.991+16.5 < 0.001 15.31 2.83 0.136
DeepLabV3 [15] 60.16+£16.16  90.93+6.87 61.42+14.78  67.37+£20.98 66.44+14.58 49.76+£17.46 64.48+17.13 < 0.001 41.68 2.85 0.105
DUNet [48] 64.14+15.04  91.8+6.31 6521+13.9  7091+1943  69.1+14.35 53.54+1691 68.03£15.79 < 0.001 31.19 292  0.157
MFNet [23] 67.39+15.53  92.82+6.15 68.71+14.31 80.06+15.03 66.36+18.95 56.89+17.62 70.76£15.94 < 0.001 26.18 12.5 0.295
CENet [18] 69.24+13.69  93.13+5.91 70.52+12.5 82.87+11.64 66.92+17.54 58.57+16.1 72.46+14.09 < 0.001 197.08 20.87 0.461
nnUnet [49] 69.14+13.49  92.754+6.57 70.44+12.14 81.41+13.13 68.31+16.85 58.54+15.43 72.54+13.3 < 0.001 41.26 10.00 0.167
DWNet [22] 69.77+£13.65 92.9746.15 70.83+12.69  80.34+14.65 69.54+16.43 59.28+15.9 73.07+13.79 < 0.001 9.163 20.2 0.209
attentionUnet [17]  70.16+13.91  93.19+£5.87  71.324+12.78  81.48£14.45 69.41+16.83 59.71£16.24  73.35+14.24 < 0.001 34.87 14.17  0.277
Ours 74.17+£11.08 93.68+5.44 74.78+10.35 80.5+12.75 75.83+12.83 64.07+14.04 77.15+11.24 - 171.27 50.43 0.23
TABLE IV
ABLATION EXPERIMENTS OF CNV SEGMENTATION

Network KC(%) FMI(%) MCC(%) Precision(%) Recall(%) Jaccard(%) F1(%) P Para(M) Tr(h) Ts(s)
VGG16 51.77427.83  98.3442.08 54.09427.24  77.17424.06  48.19428.79  40.1+24.45 524442788 < 0.001  25.02 28.57  0.151
VGG19 5578424.12 9833%2.11 5851%22.74 75424246  51.7£258  43.01%22.19 564742407 < 0.001  30.33 2487 0.166
DenseNet121 7419+182 9884%1.65 75.72%1644 81.09£19.63 750612037 62.4*19.64 747%1803 < 0.001 5447 4213 0.184
ResNet101 757242152 9897+1.51 7698%20.39  84.1£2036 755112282 65.26£22.15 76.16£21.41 < 0.00L 9446 3676 0.166
ResNet50 76.03£21.04 98.98%1.59 774%+19.52 8535+18.01 752+23.11 65.55+21.92 76.48+£209 < 0.001 7541 3045 0.156
SEResNet50 76.88£19039 98.88+1.85 78.15+17.88 8124+20.63 79.29£2021 66.26+20.83 77.36£19.09 < 0.001  77.89 2821  0.172
ResNet50+VGG19 77.28%1859 989+1.81 7848E17.11 81.76£18.76 79.3%£20.19 66.58%20.14 77.76£1833 < 0.001 18135 3442 0.16
SEResNet50+DenseNet 121 77.6£1838  989+1.83 78.79+17.01 8233%£1838 79.4612026 66.97+20.05 78.08+18.1 < 0.00l 17352 4346 0204
ResNet50+VGG16 77.67E17.71 9893+1.64  78.8%164  81.86£18.36 79.94119.08 66.86£19.3 78.15+1748 < 0.001 17074 339 0.174
DenseNet121+VGG16 77.85£17.99 9894%159 78.99%16.63 81.42%1934 80.56+18.71 67.24*1998 7832%17.76 < 0.00l 11675 4035 0.192
ResNet50+DenseNet121 7896£16.67 98.97+1.56 79.99%1534 8132%19.12 81.9%17.14  68.37£18.64 79.43%£1645 < 0.001 171 60.75  0.266
ResNet50+DenseNet121+MLFB 79.84£15.66 99.02£1.43 80.8+14.39 81.88%I18.18 83.09£1559 69.35£17.98 80.29+1548 < 0.001 17109 385 0.174
ResNet50+DenseNet121+MLFB+SAT(Ours)  80.84£14.89  99.11+1.2  81.77+£13.65 82.14E18.55 84.26+14.33 70.58+£17.6  81.25t14.74 B 17123 12225 0.496

backbone) [13], FCN16s (VGG16 as the backbone) [13],
FCN8s (VGG16 as the backbone) [13], FCN (ResNet50 as
the backbone) [13], PSPNet (ResNet50 as the backbone) [47],
PSANet (ResNet50 as the backbone) [46], DANet (ResNet50
as the backbone) [45], DeepLabV3 (ResNet50 as the back-
bone) [15], DUNet (ResNet50 as the backbone) [48], and
nnUnet [49]. All backbones are pretrained on ImageNet.
One case is shown in Fig.4. The quantitative results are
shown in Table IIl. The networks are sorted by the average
F1 score.

The 2nd observer (an experienced retinal specialist) is also
invited to annotate the FFA images. The consistency scores
between the two retinal specialists are shown in the first row of
Table 111. Compared to state-of-the-art automatic segmentation
methods, our method performs the best in terms of the average
scores of KC, FMI, MCC, Recall, Jaccard and F1. atten-
tionUNet performs the best among state-of-the-art methods.
Compared to attentionUNet, our method improves by 3.8 in
terms of the average F1 score. Our method statistically outper-
forms state-of-the-art methods with p < 0.001 in terms of the
average F1 score. In order to make an intuitive comparison
between the segmented results of DSSNet and the segmented
results of other networks, Fig.4 shows the segmented results
of different methods. Fig.4(u) shows the result of our method

before fine-tuning. As shown in Fig.4(c)-(0), many vessels,
fovea and some normal regions are over-segmented by many
methods. Some normal regions have a similar appearance or
texture to CNP. Most of these methods cannot deal with these
problems. In addition, under-segmentation of CNP is also
produced by using those previous methods since the contrast
between CNP and background is low. However, due to the full
extraction and use of the dual stream encoder, our method can
segment these regions more accurately.

E. CNV Segmentation

1) Ablation Experiments: To show the improvement of CNV
segmentation, ablation experiments are also performed. The
configuration is the same as Section 1V-D.1.

The quantitative results of the ablation experiments for
CNV segmentation are shown in Table I\V. The numbers
of the parameters and the time of training and test are
also shown. As can be seen in Table IV, VGG16 per-
forms the worst in terms of the average F1 score. The best
single encoder is SEResNet50, and the average F1 score
is 77.36. ResNet50 + DenseNet121 performs the best as
the dual stream encoder. Compared to DenseNetl21, the
average F1 score of ResNet50 + DenseNetl21 improves
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Fig. 5. Comparisons of the segmented results of CNV. The green curves are ground truth, and the red curves are segmented results by using
different networks. The blue arrows point to under-segmentation and the yellow arrows point to over-segmentation. (a) An OCT image, (b) An OCT
image with ground truth, (c) FCN32s [13], (d) CGNet [43], (e) FCN16s [13], (f) UNet [16], (g) DenseASPP [44], (h) FCN8s [13], (i) attentionUnet [17],
(1)) nnUnet [49], (k) BiSeNet [31], (I) CENet [18], (m) DANet [45], (n) DWNet [22], (0) PSANet [46], (p) PSPNet [47], (q) FCN [13], (r) MFNet [23],
(s) DeepLabV3 [15], (t) DUNet [48], (u) Before, (v) The uncertainty map, (w) Our method. The dark region in the CNV is often under-segmented by
many methods, such as, FCN16s, DenseASPP, FCN8s, attentionUnet, nnUnet, CENet, DANet, DWNet, PSPNet, FCN, DeepLabV3, DUNet. The
small CNV also tends to be incorrectly segmented by many methods except CENet and our method.

by 4.73, and p < 0.001 shows that the improvement of
ResNetb0 + DenseNetl121 is statistically significant. Com-
pared to ResNet50, the average F1 score of ResNet50 +
DenseNet121 improves by 2.95, and p < 0.001 shows that
the improvement of ResNet50+DenseNet121 is statistically
significant. Therefore, ResNet50 + DenseNet121 is selected
as the encoder of the generator in the cGAN framework for the
segmentation of CNV in OCT images. ResNet50 + VGG16
performs the best as the dual stream encoder when it is used to
segment CNP in FFA images; however, the average F1 score
is lower than that of ResNet50 + DenseNet121 by 1.28 for
CNV segmentation in OCT images (p < 0.001). It shows
that the combination of ResNet50 and DenseNet121 are more

appropriate to segment CNV in the OCT images due to the
characteristics of CNV or OCT images. Overall, the dual
stream segmentation network outperforms the single stream
segmentation network.

With the MLFB, the average F1 score is 80.29. Compared
to ResNet50 + DenseNet121, the average F1 score improves
by 0.86, and p < 0.001 shows that the improvement of
MLFB is statistically significant. With the SAT strategy,
the average F1 score reaches 81.25. Compared to VGGL16,
the average F1 score improves by 28.81 (p < 0.001).
Compared to DenseNet121, the average F1 score improves
by 6.55 (p < 0.001). Compared to ResNet50, the average F1
score improves by 4.77 (p < 0.001). Compared to initial
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TABLE V
QUALITATIVE EVALUATION RESULTS OF DIFFERENT METHODS FOR CNV SEGMENTATION

Network KC(%) FMI(%) MCC(%) Precision(%) Recall(%) Jaccard(%) F1(%) p Para(M) Tr(h) Ts(s)
2nd observer 95.8245.98  99.7640.74 96+5.48 94.48+8.55  98.0844.98 92.749.41 95.93+5.82 - - - -

FCN32s [13] 60.11422.75  98.3542.07 61.67421.94  65.95422.32 652442623 47.17421.48 60.84422.67 < 0.001 15.31 6.67  0.168
CGNet [43] 65.29+21.42 98.44+2.13 67.47+19.63  70.7£2321  70.924£2529 52.53+21.46 65.94+21.17 < 0.001 0.49 11.5 0.15
FCN16s [13] 66.46+21.54 98.58+1.94 68.17+20.16  75.04+20.2  68.04+£2525 53.84+21.26 67.08+21.39 < 0.001 15.31 833  0.174
UNet [16] 66.66123.14  98.3942.23  68.47421.82 72.034£23.75 71.46+26.02 54.61422.75 67.34422.84 < 0.001 17.27 942  0.072
DenseASPP [44] 67.59£20.68 98.59+2.01 69.49F19.02 75.11£21.8 69.42+2427 5496+21.15 68.19420.45 < 0.001 10.2 992 0.168
FCNSs [13] 68.17+21.48 98.64+1.89  69.96+20.01 77.274+20.25 69.69+25.29 55.85+21.43 68.79+21.34 < 0.001 15.31 6.5 0.178
attentionUnet [17]  69.53+22.21 98.674+1.87 71.27420.75 78.09422.15 71.03+£24.72 57.72422.46  70.11+22.02 < 0.001 34.87 312 0.165
nnUnet [49] 69.98420.63 98.76+1.74 71.95+19 80.05+20.96  70.69+24.08  57.81+21.4  70.54+20.5 < 0.001 41.26 11.17  0.176
BiSeNet [31] 71.03£19.45 98.6242.06 72.56+18 74.14+21.05 76.09+21.49  58.8420.27 71.65%£19.14 < 0.001 12.8 508  0.126
CENet [18] 72.07£18.81 98.66+1.91 73.6+17.3 77.2421.65  74.61£20.39 59.96+20.16 72.67+18.53 < 0.001  197.08 66.03  0.364
DANet [45] 72.86+£19.01 98.66+2.13  7424+175  769+19.63  76.2+20.86  60.98+20.25 73.45+18.65 < 0.001 49.48 1467 0216
DWNet [22] 729442033 98.76+1.85 7445+18.94 79.59+21.28 74.48+22.41 614242125 73.54£20.09 < 0.001 9.16 295  0.148
PSANet [46] 72.914+19.1  98.67+£2.11  743+17.64  77.38+19.71 76.01+21.26  61.14+20.5 73.5+18.73 < 0.001 49.68 833  0.122
PSPNet [47] 73.03£19.15 98.65+2.14 7442+17.57 76.34+20.17 774442021 61.27+£20.56 73.62+18.76 < 0.001 48.63 1033 0.138
FCN [13] 7375E£1827 98.72£1.97 75.05E17 78.12£19.46 764612043 61.91+£19.68 7433£17.95 < 0.001 35 9.5 0.204
MFNet [23] 74.01£19.42  98.89+1.41 7525+1841 78.661+21.91 75.96+20.72 62.46+20.33 7452+19.29 < 0.001 26.18 293  0.239
DeepLabV3 [15] 74.06+£17.88  98.74+2.02  7536+1639 76.89+19.73 78.05£19.11 6224+19.54 74.64+17.52 < 0.001 41.68 11.08  0.15
DUNet [48] 74521817 98.75+1.89  75.81£168  78.78£19.23 77.29+£20 62.89+19.8 75.08£17.85 < 0.001 31.19 1158 0.178
Ours 80.84114.89 99.11+1.2 81.77£13.65 82.14+1855 8426+1433 70.58E17.6 81.25+14.74 - 17123 12225 049

training, the average F1 score improves by 0.96 (p < 0.001).
p < 0.001 shows that the improvement of SAT is statistically
significant.

2) Comparison Experiments: In order to prove the effec-
tiveness of our method, the CNV segmentation networks are
evaluated as Section 1V-D.2. One case is shown in Fig.5. The
quantitative results are shown in Table V. The networks are
sorted by the average F1 score.

The 2nd observer (an experienced retinal specialist) is also
invited to annotate the OCT images, and the consistency
scores between the two retinal specialists are shown in the
first row of Table V. Compared to state-of-the-art automatical
segmentation methods, our method performs the best in terms
of the average scores of KC, FMI, MCC, Precision, Recall,
Jaccard and F1. DUNet performs the best among state-of-the-
art methods. Compared to DUNet, our method improves by
6.17 in terms of the average F1 score. Our method statistically
outperforms state-of-the-art methods with p < 0.001 in
terms of the average F1 score. In order to make an intuitive
comparison between the segmented results of DSSNet and
the segmented results of other networks, Fig.5 shows the seg-
mented results of different methods. Fig.5(u) shows the result
of our method before fine-tuning. As shown in Fig.5, the dark
region in the CNV is often under-segmented by many methods,
such as, FCN16s, DenseASPP, FCN8s, attentionUnet, nnUnet,
CENet, DANet, DWNet, PSPNet, FCN, DeepLabV3, DUNet.
The small CNV also tends to be incorrectly segmented by
many methods except CENet and our method, since the con-
trast between CNV and normal retinal layers is low. However,
our method can segment these regions more accurately.

V. DISCcUSSION AND CONCLUSION

In this paper, we present a novel deep neural network
framework with a semi-supervision strategy to automatically
segment fundus lesions such as CNP in FFA images and
CNV in OCT images. The results presented in the previous
sections have shown the effectiveness and advancement in
fundus image segmentation.

With the cGAN framework, a novel model is designed
with a dual stream encoder to extract diverse features and a
decoder to fuse these different features. For feature extraction,
we mainly introduce some classical pre-trained models such
as VGG16, VGG19, ResNet50, ResNet101, DenseNet121 and
SEResNet50 into our framework. A comparison of the per-
formance of the combinations on the CNP dataset is shown
in Table IlI. The results show the better performance of
ResNet50 + VGG16. ResNet50 + VGG16 is utilized as the
backbone in the task of CNP segmentation for better perfor-
mance. In addition, another comparison of the performance of
the combinations on the CNV dataset is shown in Table V.
The results show the better performance of ResNet50 +
DenseNet121. ResNet50 + DenseNet121 is utilized as the
encoder in the task of CNV segmentation for better perfor-
mance. From these experiments, we find that the dual stream
encoders perform better than the single stream encoders.
ResNet50 is still the one stream of the best combinations of the
encoders. The performance of ResNet50 is stable and superior
to other encoders in our two tasks; however, the performance
of DenseNetl121 is instable. DenseNet121 is the best single
encoder for CNP segmentation and ResNet50 + DenseNet121
is also the best dual stream encoder for CNV segmentation.
However, DenseNet121 is the moderate single encoder for
CNV segmentation. In addition, the best combination of the
dual steams is not the same in our two tasks; and therefore,
a dual stream encoder with ResNet50 is recommended for a
specific task.

In the decoder, the designed MLFB mainly fuses multi-
ple level features reversely with a concatenation operation.
Fusion of features from low-level representations to high-level
representations by using MLFB is beneficial to the fundus
lesion segmentation task. For the UNet decoder, features are
fused from high level semantic features to low level fine-
grained features by the skip connection. Complex structures of
networks may learn the differences between high-dimensional
features and extract more abstract features. Different structures
of the decoders make it possible to extract the diverse features,
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which is crucial to improve the segmentation performance.
As shown in Table Il and Table 1V, the ablation experiments
of MLFB demonstrate the effectiveness both in the tasks of
CNP and CNV segmentation.

The other main contribution is the improvement of the net-
work fine-tuning. The SAT strategy can improve the segmenta-
tion accuracy by leveraging from labeled images and unlabeled
images. In medical image segmentation tasks, unlabeled data
is generally abundant while it is expensive and tedious to
get reliable annotations of medical images from experienced
experts, which is one of the important factors restricting the
improvement of segmentation accuracy. Therefore, it is helpful
to use abundant unlabeled data combined with limited labeled
data to further improve segmentation performance. In medical
imaging, the images are often noisy, and the predicted results
for unlabeled images may be much more unreliable and noisier
without the annotations since there are great differences in the
intensity distribution, appearance, shape and size of tissues,
organs and lesions for the same patients in different time or
different patients. As shown in Fig.4(v) and Fig.5(v), the
uncertainty based on Bayesian theory is helpful to estimate
the difficult regions for labeled and unlabeled images. In some
regions, the initial segmentation may be inaccurate and mis-
leading. By considering the variances of intensity distribution
and appearance, the input images with different contrasts are
fed to the dual stream Bayesian segmentation network to com-
pute the uncertainty. The proposed network is further trained
in a semi-supervised manner to leverage from labeled images
and unlabeled images with high confident pseudo labels, which
are selected by the uncertainty. The annotation discriminator
is further added to distinguish whether the image is from the
labeled data set or the unlabeled data set. The segmentation
uncertainty is used to weight the predicted probability map.
Therefore, the SAT strategy can reduce the negativity that
prediction tends to become increasingly similar to the incorrect
predictions of unlabeled images. The ablation experiments
demonstrate that the proposed SAT strategy can improve the
accuracy of the fundus lesion segmentation.

Overall, comprehensive experiments demonstrate that the
proposed framework achieves significant performance in fun-
dus lesion segmentation. Compared to the state-of-the-art
methods, our method shows effective performance and rep-
resents an advancement in fundus lesion segmentation. As for
future studies, more efforts could focus on feature extraction
and semi-supervision. The data collection and data cleaning
of fundus diseases are also carried forward. Future work will
also aim to segment retinal images from various FFA and OCT
manufacturers.
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