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a b s t r a c t 

Fundus diseases classification is vital for the health of human beings. However, most of existing methods 

detect diseases by means of single angle fundus images, which lead to the lack of pathological informa- 

tion. To address this limitation, this paper proposes a novel deep learning method to complete different 

fundus diseases classification tasks using ultra-wide field scanning laser ophthalmoscopy (SLO) images, 

which have an ultra-wide field view of 180–200 ̊. The proposed deep model consists of multi-branch net- 

work, atrous spatial pyramid pooling module (ASPP), cross-attention and depth-wise attention module. 

Specifically, the multi-branch network employs the ResNet-34 model as the backbone to extract feature 

information, where the ResNet-34 model with two-branch is followed by the ASPP module to extract 

multi-scale spatial contextual features by setting different dilated rates. The depth-wise attention mod- 

ule can provide the global attention map from the multi-branch network, which enables the network to 

focus on the salient targets of interest. The cross-attention module adopts the cross-fusion mode to fuse 

the channel and spatial attention maps from the ResNet-34 model with two-branch, which can enhance 

the representation ability of the disease-specific features. The extensive experiments on our collected SLO 

images and two publicly available datasets demonstrate that the proposed method can outperform the 

state-of-the-art methods and achieve quite promising classification performance of the fundus diseases. 

© 2021 Elsevier B.V. All rights reserved. 
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. Introduction 

The eyes are called the windows of the heart and represent the 

rimary sense of the human-beings. Hence, fundus diseases affect 

he lives of people greatly. The three fundus diseases(i.e., Coats, re- 

initis pigmentosa (RP), diabetic retinopathy (DR)) have a great im- 

act on the vision as the analysis objects ( Aaberg and Shevchenko, 

019 ; Cohen and Gardner, 2016 ; Hamel, 2006 ). For example, the 

oats disease mostly occurs in adolescence (Aaberg et al., 2019), 

f not found and treated in time, it can easily cause retinal de- 

achment or even blindness over time. Therefore, many researchers 

re devoted to studying the methods of detecting fundus diseases, 
∗ Corresponding authors. 

E-mail addresses: 13823509060@163.com (G. Zhang), leiby@szu.edu.cn (B. Lei). 

i

p

t

ttps://doi.org/10.1016/j.media.2021.102031 

361-8415/© 2021 Elsevier B.V. All rights reserved. 
hich can further assist the doctors to make precise decisions. 

owever, most existing methods detected the fundus diseases us- 

ng the RetCam fundus images ( Coyner et al., 2019 ; Zhao et al.,

019 ), which only provides single angle scan that is difficult to 

etect the fundus diseases being located in the regions beyond 

5 ̊. To address this situation, some researchers selected the ultra- 

ide field scanning laser ophthalmoscopy (SLO) images ( Webb 

nd Hughes, 1981 ) as the studying objects ( Ashok and Murugesan, 

017 ; Haleem et al., 2014 ). The main reason of using the SLO im-

ges is that, they are with an ultra-wide field view of 180–200 ̊, 

here more fundus regions can be included via single scans image 

han the fundus images from RetCam. Thus, the cost and comput- 

ng resources can be greatly reduced. For instance, Pellegrini et al. 

roposed a fully automated artery/vein classification technique for 

he ultra-wide field view fundus images ( Pellegrini et al., 2017 ). 

https://doi.org/10.1016/j.media.2021.102031
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2021.102031&domain=pdf
mailto:13823509060@163.com
mailto:leiby@szu.edu.cn
https://doi.org/10.1016/j.media.2021.102031
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Fig. 1. Illustration of the selected diseased and normal SLO images. From left to right: Coats, RP, DR and Normal image, where the lesion regions are enlarged and the 

characteristics of different diseases are also illustrated. 
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hen et al. realized automatic dewarping of retinal images to im- 

rove image quality by using adaptive optics confocal SLO images 

 Chen et al., 2019 ). Nevertheless, these methods utilized the tra- 

itional hand-crafted feature information to complete certain task, 

hich are limited to improve the performance. 

In clinical practice, the Coats is characterized by expanded reti- 

al vessels with more permeable endothelial cells, RP appears with 

he black pepper pigmentation and the blood vessels are thin, 

hile the pathological changes of DR are expressed with bleeding 

pot, hard exudation, vein beading, and macular oedema. An ex- 

mple to illustrate the characteristics of the three selected fundus 

iseases using SLO images is shown in Fig. 1 . From Fig. 1 , we can

ee that the contrast of the lesion and other normal areas is low 

nd there are some similarities in the shape of lesions for different 

iseases. Such these problems put great challenges to computer vi- 

ion analysis tasks for SLO images. 

In addition, some lesion information appears to be very small 

ompared to the global image for SLO images, which causes the 

ackground regions to be more obvious than the target areas. In 

rder to extract discriminative features of the objects, many re- 

earchers tried to use the deep learning models to extract the 

igh-level features ( Badar et al., 2020 ; Matsuba et al., 2019 ). Na-

asato et al. employed the VGG-16 model ( Simonyan and Zis- 

erman, 2014 ) to extract the feature information for detecting 

entral retinal vein occlusion using ultra-wide field SLO images 

 Nagasawa et al., 2019 ). Due to the lack of leveraging the feature

nformation from the shallow layers, VGG-16 model is limited to 

xtract the discriminative features. In order to solve this problem, 

ome studies with relative complex deep neural network model 

ere proposed to detect the fundus diseases using SLO images 

 Cunefare et al., 2018 ; Hamwood et al., 2019 ; Meyer et al., 2017 ).

or example, Hamwood et al. proposed a fully convolutional net- 

ork (FCN) based on U-Net ( Ronneberger et al., 2015 ) architecture 

o determine the locations of cone photoreceptors within adaptive 

LO images ( Hamwood et al., 2019 ), where the feature information 

s fully used to improve the performance. However, these network 

odels tend to extract global features and ignore some important 

ocal contextual features, which is not conducive toexpressing se- 

antic features of the salient objects. For the reason that the local 

ontextual features can express texture information of the specific 

arget, which is vital for extracting discriminative features. Besides, 

he attention mechanism can enforce the network to focus on the 

alient target area to extract the features related to the specific dis- 

ase. 

To address the above-mentioned problems and improve the de- 

ection performance of fundus diseases for SLO images, we pro- 

ose a novel deep network model to extract high-level feature in- 

ormation and focus on the lesion objects. The proposed model 

onsists of the following modules: multi-branch ResNet-34 model 

 He et al., 2016 ), atrous spatial pyramid pooling (ASPP) module 

 Chen et al., 2017 ), depth-wise attention, and cross-attention mod- 

les. In detail, the ResNet-34 model is selected as the backbone to 

xtract features, where the residual connection enables the model 
2 
o learn the global and local feature information so that the ex- 

racted features are finer than those extracted using straightfor- 

ard networks. Due to the low contrast and the similar appear- 

nce amongst different diseases, a network with the capacity of ex- 

racting multiple deep features from different subnetworks can be 

eeded. Hence, in order to obtain more deep features, we design 

 multi-branch network by copying the path layer3 and layer4 of 

esNet-34 model (called Path 1 and Path 2). In addition, an original 

esNet-34 model is added to the whole framework to extract deep 

eatures that are used as the input of the depth-wise attention 

o retain the original deep feature from ResNet-34 (i.e., Path 3). 

he obtained deep high-level features are with small size, which 

ontain insufficient feature information. Thus, the ASPP module is 

sed to extract high-level contextual information by increasing the 

eceptive field with different dilated rates after layer3 and layer4. 

ecause the Path 3 uses the pre-trained parameters on ImageNet 

ataset, which can guide the network to learn the general shal- 

ow information quickly. Therefore, the devised depth-wise atten- 

ion module between multiple subnetworks can help the network 

o pay attention to the salient objects. For Path 1 and Path 2, the 

rained parameters of the last two feature extraction layers are dif- 

erent, which can cause the situation that the learned features can 

e redundant and complementary. To make full use of the features 

rom the two paths, we also design a novel attention mechanism 

i.e., cross-attention), which is conducive to enabling the network 

o focus on the lesion regions and appearance by learning the dif- 

erentiation and relationship amongst different diseases to avoid 

edundant information and realize information complementation 

y cross-connection fusion mode. 

In summary, the contributions of this paper are listed as fol- 

ows: 

• We develop a multi-branch network based on ResNet-34 model, 

which can extract more deep level features than single net- 

work. In addition, an ASPP module is leveraged to refine the 

extracted deep level features by expanding the receptive field. 
• A depth-wise attention module is devised to fuse the extracted 

high-level features, which is used to fuse the features from 

ASPP module and the last feature extraction layer of the origi- 

nal ResNet-34 model that enforces the network to focus on the 

salient targets of interest. 
• We also devise a cross-attention module that learns the dis- 

tinction and relationship amongst different diseases by channel 

and spatial attention strategy and integrates the extracted at- 

tention map via cross-fusion mode to gain the relevant features 

of specific-disease. 

The rest of this paper is organized as below. Section 2 describes 

he related work about multi-branch network and attention mech- 

nism in the medical image applications. Section 3 illustrates in 

etails the principle of the proposed method. The experimental re- 

ults are given in the Section 4 . Section 5 presents the discussions 

f this paper. Finally, Section 6 gives the conclusion of this paper. 
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. Related work 

.1. Multi-branch network 

To improve the representation ability of the extracted features, 

any researchers designed multiple networks to capture more fea- 

ures ( Chen et al., 2018 ; Fu et al., 2018b ; Ke et al., 2018 ; Lai et al.,

019 ; Li et al., 2018 ; Sun et al., 2019 ; Yu et al., 2018 ). For example,

un et al. utilized separate parallel reconstruction networks to ex- 

ract features and a deep feature sharing network was adopted to 

educe the number of network parameters to complete the multi- 

ontrast MRI data reconstruction ( Sun et al., 2019 ). To improve the 

rain MR imaging segmentation performance, ( Wei et al., 2019 ) 

roposed a multi-model, multi-size and multi-view (called M3Net) 

eep neural network, where three identical modules to segment 

ransaxial, coronal, and sagittal MR slices, respectively, and each 

odule consists of multi-size U-Nets and multi-size back propaga- 

ion neural networks. Fu et al. devised a novel disc-aware ensem- 

le network to handle automatic glaucoma screening, which inte- 

rated the deep hierarchical context information of the global fun- 

us image and the local optic disc region ( Fu et al., 2018a ). Yang

t al. developed an ensemble of multi-scale convolution networks 

o classify hematoxylin–eosin stained breast histopathological mi- 

roscopy images ( Yang et al., 2019 ), which converted each image 

o multiple scales, and then used the training patches cropped and 

ugmented at each scale to fine-tune the pre-trained three back- 

one networks, respectively. 

.2. Attention mechanism 

To enable the network to focus the object areas and extract 

he discriminative features, the attention mechanisms attracted 

reat interests of researchers ( Mou et al., 2019 ; Nie et al., 2019 ;

haikh et al., 2019 ; Zhang et al., 2019a ). For instance, Schlemper 

t al. developed a novel attention gate model for medical image 

nalysis, which could learn to suppress the irrelevant regions in an 

nput image while highlighting salient features for a special task 

 Schlemper et al., 2019 ). In order to eliminate influence of the irrel-

vant noisy areas, Guan et al. proposed to integrate the global and 

ocal cues into a three-branch attention guided convolution neural 

etwork to identify thorax diseases and achieved promising per- 

ormance ( Guan et al., 2020 ). Zhang et al. proposed an attention 

esidual learning convolutional neural network model for skin le- 

ion classification in dermoscopy images to address the issue with 

he lack ability to focus on semantically meaningful lesion parts 

 Zhang et al., 2019a ). In order to learn rich structural information, 

hang et al. designed an attention guided network to preserve the 

tructural information and guide the expanding operation, where 

he attention block is leveraged to exclude the noise and reduce 

he negative influence of background ( Zhang et al., 2019b ). 

. Methodology 

This paper proposes a novel multi-branch network based on 

esNet-34 model to extract high-level features, where two atten- 

ion mechanisms are devised to fuse the extracted features to ob- 

ain the discriminative features that are utilized to improve the 

lassification performance of the different diseases for SLO images. 

he proposed framework is illustrated in Fig. 2 . From Fig. 2 , we can

bserve that our proposed network architecture consists of four 

arts: the multi-branch network, ASPP, depth-wise attention, and 

ross-attention module. We will explain these modules in details 

n the following subsections. 
3 
.1. Multi-branch network and ASPP module 

With the improvement of image resolution and complexity, 

ore and more multi-branch networks were developed to extract 

ich feature information ( Ke et al., 2019 ; Lin et al., 2019 ; Liu et al.,

019 ). Inspired by ( Li et al., 2019 ), we propose a multi-branch net-

ork based on ResNet-34 model to accomplish the specific disease 

lassification task for SLO images. As shown in Fig. 2 , we can see

hat our multi-branch network consists of three paths: Path 1, Path 

, and Path 3. Alike ( Wu et al., 2019 ), we build another branch

etwork after layer2 by copying the layer3 and layer4 of ResNet- 

4 model, thus, the parameters can be shared before the layer3 so 

hat the total parameters of the whole network can be reduced. 

he Path 3 is the original ResNet-34 model that takes the origi- 

al SLO images as input to extract deep features. With the pro- 

osed multi-branch network, we can extract affluent deep features 

or the subsequent network modules. 

The atrous convolution theory is widely applied to maintain the 

eature resolution unchanged by increasing the receptive field in 

omputer vision tasks ( Chen et al., 2014 ). Let f out [ i ] represent the

utput feature and f in [ i ] denote input feature, the atrous convolu- 

ion can be defined as follows: 

f out [ i ] = 

K ∑ 

k =1 

f in [ i + d ∗k ] ∗ω [ k ] , (1) 

here d is the dilated rate, ω[ k ] denotes the k -th parameter of 

lter, and K is the filter size. From Eq. (1) , we can infer that we

an obtain different receptive fields with different dilated rates. 

For SLO images, the salient object areas are small in contrast to 

he background, therefore, a feature extractor with multi-scale is 

emanded to expand the reception field. Inspired by ( Chen et al., 

018 ; Yang et al., 2018 ), we recommend ASPP to accomplish the 

peration, where several atrous convolution layers with different 

ilation rates and these atrous convolution layers take the last fea- 

ure extraction layer of ResNet-34 model as the input. With the 

btained multiple scale features with different reception fields, we 

oncatenate these features together to gain the high-level contex- 

ual features. We define the F K , d ( f in ) as an atrous convolution and 

f in denotes the input feature. The mathematical definition of ASPP 

s represented as follows: 

 A = F 3 , 1 ( f in ) + F 3 , 6 ( f in ) + F 3 , 12 ( f in ) + F 3 , 18 ( f in ) , (2) 

The structure of ASPP is shown in Fig. 3 . From Fig. 3 , we can

ee that we add a point convolution layer with the kernel size 

f 1 × 1 after every atrous convolution layer and integrate these 

ulti-scale features by concatenation operation. Thus, we can ac- 

uire multi-scale contextual feature information with different re- 

eptive fields, further improve the classification performance for 

LO images. 

.2. Depth-wise attention module 

For SLO images, there exists much interference and the con- 

rast is very low between the objects and background. Therefore, 

n order to fuse the features from multi-branch networks and en- 

orce the network to focus on the salient target areas, inspired by 

 Schlemper et al., 2019 ), we devise a novel strategy, called depth- 

ise attention module. The depth-wise attention module takes the 

eatures from the original ResNet-34 model and ASPP modules as 

he input and output a fusion attention map F out , as shown in 

ig. 4 . We define the features from the original ResNet-34 model 

nd ASPP modules as F R and F A , respectively. To reduce the param- 

ters of network model, we select the pointwise convolution to ex- 

ract features, which is represented by P con v . Thus, the depth-wise 

ttention module can be expressed as follows: 

 att = σ2 ( p con v ( σ1 ( p con v ( F R ) + p con v ( F A ) ) ) ) , (3) 
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Fig. 2. Architecture of the proposed model. Path 1, Path 2, and Path 3 are employed to extract multiple features that are used as the inputs of the subsequent modules. 

ASPP module is utilized to express multi-scale features by different dilated rates so that the abstract feature information can be kept in the processing of encoding. The 

depth-wise attention module is designed to fuse the extracted features from the layer4 of Path 3 and the ASPP modules of Path 1 and Path 2. The cross-attention strategy is 

proposed to integrate the deep features from the Path 1 and Path 2 by channel and spatial attention mechanism via cross-fusion mode. 

Fig. 3. Structure of the proposed ASPP module. We take the last feature extraction 

layer of ResNet-34 model as the input of atrous convolution with different dilation 

rates. After pointwise convolution, the features are concatenated to get the ASPP 

feature F A . 

F

w

d

r

t

t

s

t

s

Fig. 4. Structure of the proposed depth-wise attention module. This module takes 

the features from layer4 of the original ResNet-34 model and two ASPP modules 

as inputs. These features are added after pointwise convolution, where the channel 

reduction rate is set to 4. After ReLU, pointwise convolution and Sigmoid, we get 

the attention map with the same size as the original input features. Finally, the 

extracted attention is multiplied by the features from ASPP module to obtain the 

final attention map. (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 
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 out = F att × F A , (4) 

here F att denotes the obtained attention maps. σ1 (·) and σ2 (·) in- 

icate the ReLU and Sigmoid activation function, respectively. F out 

epresents the final attention feature maps, which are followed by 

he global adaptive average pooling layer and fully connection layer 

hat output the prediction probability of the specific disease. Con- 

equently, we can utilize the depth-wise attention module to gain 

he discriminative high-level features by the way of deep supervi- 

ion. 
4 
.3. Cross-attention module 

There are different characteristics for different diseases. To learn 

he distinction and relationship of each disease for SLO images, an 

ttention mechanism that focuses on the salient features of each 

isease is needed. In ( He et al., 2020 ; Li et al., 2019 ; Woo et al.,

018 ), the authors proposed a channel and spatial attention to ex- 

lore the discriminative feature in view of channel and spatial. Fol- 

owing this view, we devise a cross-attention module to enforce 

he network to pay attention to the feature of specific disease by 

ointly using the channel and spatial attention strategy. As shown 

n Fig. 5 , the channel attention mechanism is similar to SENet 

 Hu et al., 2018 ). However, the SENet only uses a global pooling op-

ration, which is limited to express the high-level feature. Hence, 

e use the channel attention module with two pooling operations 

i.e. average and max) to express more high-level features. For the 

eason that the features from max pooling can reflect the impor- 

ance of most salient objects, which can compensate the features 

rom average pooling operation that encode global features infor- 

ation. To consider the importance of the different locations, the 

patial attention module is utilized to focus on the different places 

f the same channel so that the proposed network can express the 
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Fig. 5. Structure of the channel and spatial attention module. The feature map from the last feature extraction layer of Path 1 and Path 2 are chosen as the input of channel 

attention module. After average and max pooling layers, there are two branches to generate channel attention maps, which are fed into the shared Multi-Layer Perception 

(MLP) and then added, followed by a Sigmoid function to produce the attention weights that are multiplied by the original feature map to get the channel attention map. 

The gained channel attention maps are processed by a fully connection layer to generate the refined attention map with the half channel of the input channel attention map, 

which is the input of the spatial attention module. Afterward, we employ a pointwise convolution and sigmoid function to produce the spatial attention weights, which are 

multiplied by the refined channel attention map to get spatial attention map. � and � represent the element-wise addition and multiplication operations, respectively. (For 

interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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ttention maps with channel and spatial information, further en- 

ance the representation ability of the key features. 

Given a feature map F ∈ R 

C×H×W , we leverage the channel and 

patial attention modules to highlight the target areas and extract 

ich contextual information that can distinguish the categories of 

he different diseases. When the input feature is fed into the 

hannel attention, we adopt the global average pooling and max 

ooling layers to obtain two features: F C , A ∈ R 

C , F C , M 

∈ R 

C . Subse- 

uently, a shared multi-layer perception (MLP) and Sigmoid acti- 

ation function are used to generate the channel attention map 

t t C ∈ R 

C . The channel attention mechanism can be described as 

ollows: 

t t C = σ ( M 1 ReLU ( M 0 F C , A ) + M 1 ReLU ( M 0 F C , M 

) ) , (5) 

here σ (·) is the Sigmoid activation function. M 0 and M 1 are the 

eights of the MLP. After obtaining the attention weights At t C , we 

ombine it with the input feature map by multiplication operation 

o get the channel attention map F C . 

 C = F × At t c , (6) 

To restrain the interference of irrelevant areas, we further uti- 

ize the spatial attention module to enable the network to ex- 

ract the key features with the spatial position discrimination that 

an boost the feature representation for different diseases. We ap- 

ly the flatten and fully connection layers to the extracted chan- 

el attention maps F C to obtain the refined attention map F ′ ∈ 

 

( C/ 2 ) ×H×W , which is the input of the spatial attention module. As 

hown in Fig. 5 , the spatial attention mechanism can be expressed 

s below: 

t t s = σ ( P con v ( F S , A , F S , M 

) ) , (7) 

here P con v and σ (·) are the pointwise convolution and Sigmoid 

ctivation function, respectively. Similar to the calculation of the 

hannel attention map, we obtain the spatial attention map by us- 

ng the spatial attention weights At t s to multiply the input feature 

 

′ 
C 

: 

 S = F 
′ 

C × At t s , (8) 
5 
In order to enhance the contribution of the attention module 

or the prediction of specific diseases, we adopt cross-connection 

ode to fuse the attention features from the Path 1 and Path 2 

f the proposed multi-branch network. We define the channel and 

patial attention map for Path 1 and Path 2 as F 
path 1 

C 
, F 

path 1 
S 

, F 
path 2 

C 
,

 

path 2 
S 

, respectively. Thus, the proposed cross-attention F CA mecha- 

ism can be described as follows: 

 CA = stack 
(
F path 1 

C 
, F path 2 

S 

)
+ stack 

(
F path 1 

S 
, F path 2 

C 

)
, (9) 

here the stack (·) operation is the element composition in the 

iew of the last dimension. Thus, we can obtain rich features re- 

ated to the specific disease and suppress the features being irrel- 

vant to the targets by focusing on the appearance of the specific 

isease and abandoning the learned redundant information. Com- 

ared with the SENet, the advantage is that the cross-attention not 

nly utilize the channel attention information, but also makes full 

se of the spatial feature information. The difference from chan- 

el and spatial attention module is that the cross-attention module 

uses the channel attention map and spatial attention map from 

wo different subnetworks via cross-connection mode. Hence, the 

xtracted attention maps are more robust and discriminative by 

rossing connection mode from the two-branch networks than that 

f the single path. 

. Experiments 

.1. Implementation details 

.1.1. Database and evaluation metrics 

We choose Coats, RP, DR, and Normal SLO images as the cate- 

ories of classification task, for this reason that the Coats and RP 

re the common fundus diseases amongst teenagers and DR is a 

ommon fundus disease in elderly. Developing an automatic clas- 

ification system by analysing these diseases can enable the pro- 

osed network model to adapt to different age groups in clinical. 

ur SLO images are collected by Shenzhen Eye Hospital, which are 

aptured via Optos from January 2016 to November 2019. After 
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Table 1 

The data distribution of The Training and Testing sets. 

Coats RP DR Normal 

Training 188 379 318 437 

Testing 47 94 80 110 
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creening and labelling from two experts, we get 235 Coats images, 

73 RP images, 398 DR images, and 547 Normal images. Thus, we 

btain 1653 SLO images in total, which are randomly divided into 

raining and testing data according to the proportion of 4:1, thus, 

e get 1322 images for training and 331images for testing and 

he data distribution of training and testing sets are displayed in 

able 1 . Since the size of the original SLO images is 2600 × 2048,

hich is too large for deep neural networks, we resize the original 

mages to 4 48 × 4 48 as the input of the proposed network model 

fter weighing the pixel loss caused by compressing images. In ad- 

ition, we conduct colour augmentation by randomly changing the 

rightness, contrast and hue of the training images. Also, the data 

ugmentation is done by randomly horizontal and vertical flipping 

o enrich the diversity of the training images. We employ Accuracy, 

recision, Recall and F1-score to evaluate the classification perfor- 

ance of fundus diseases for SLO images. 

.1.2. Experimental setup 

We implement the proposed framework and perform experi- 

ents using Pytorch library. Only one NVIDA TITAN XP GPU is used 

o accelerate the speed in the processing of training and testing. 

he batch size of the training and testing are set to 16 and 1, re-

pectively. The maximum epoch is set to 120 and the learning rate 

s initialized to 0.0 0 01 that is multiplied by 0.1 every 30 epochs. 

e choose the Adam with the betas = (0.9, 0.997) as the opti- 

izer for the stage of training. The whole framework is trained in 

n end-to-end manner. To meet the clinical requirement, we use 

he pointwise convolution to extract features as much as possible. 

ence, the whole training process takes 1h40min and the testing 

ime for per SLO image is approximately 0.021 s. The cross-entropy 

unction is selected as the classification loss function. 

.2. Experimental results 

The classification results of different methods in terms of the 

valuation metrics are displayed in Table 2 . In Table 2 , the ResNet- 

8, ResNet-34 and ResNet-50 are developed by ( He et al., 2016 ). 

hese models are with residual connection that can leverage the 

hallow layers feature information, so that the network can pre- 

erve the global information while extracting deep features. There- 

ore, the ResNet models are chosen as the main studying tar- 

eted and compared networks. Besides, the Inceptionv3 model 

 Szegedy et al., 2016 ) is also selected as the compared network, 

or the reason that the Inceptionv3 consists of multiple branches 
Table 2 

The classification performances of different methods (%). 

Method Accuracy Precision Recall F1-score 

ResNet-18 88.82 88.55 88.24 88.29 

ResNet-34 90.33 90.04 89.85 89.93 

ResNet-50 85.50 86.27 83.17 84.32 

Inceptionv3 87.31 87.67 86.19 86.78 

SE-ResNet-18 91.24 91.84 90.21 90.92 

SE-ResNet-34 92.45 91.83 92.12 91.91 

SE-ResNet-50 92.15 91.29 91.48 91.39 

SE-Inceptionv3 91.54 90.53 91.62 90.89 

Proposed 95.47 95.41 94.22 94.75 
F

r

6 
hat has great ability of extracting features and is similar to our 

evised network architecture. SE represents the proposed SENet 

y ( Hu et al., 2018 ), which can be considered as a channel atten-

ion model. So, the SENet is also opted as the compared network. 

he SE-ResNet-18, SE-ResNet-34, SE-ResNet-50, and SE-Inceptionv3 

ndicate the ResNet-18, ResNet-34, ResNet-50 and Inceptionv3 are 

sed as the backbone of SENet, respectively. From line 1 to line 4 

f the Table 2 , we can observe that the ResNet-34 model achieves 

he best results amongst these compared backbone models. From 

ine 5 to line 8 of the Table 2 , we can see that the SE-ResNet-

4 acquires the best performance amongst these compared back- 

one models with squeeze-and-excitation mechanism. The results 

emonstrate that, the deeper the network, the classification per- 

ormance seems not better for SLO images. For the reason that 

he deeper network easily occurs over-fitting than shallower net- 

ork for a small dataset. Hence, we employ the ResNet-34 model 

s the backbone of the proposed framework. Besides, we devise 

 multiple stream networks based on ResNet-34 model so that the 

roposed architecture can not only extract rich deep-level features, 

ut also effectively avoid overfitting. To enable the network extract 

ulti-scale feature information and further improve the classifica- 

ion, the ASPP module is added to the last feature extraction layer 

f Path 1 and Path 2 of the proposed framework through setting 

ifferent dilation rates. The depth-wise and cross-attention mod- 

les are designed to enforce the network focus on the areas of 

nterest and enhance the feature extraction ability of specific dis- 

ase, further boost the classification performance. We can also see 

hat our proposed method obtains the best classification perfor- 

ance in all the evaluation metrics and achieves the highest accu- 

acy of 95.47%, which is 3.02% higher than the second-best model 

e.g., SE-ResNet-34) amongst the compared methods. These exper- 

mental results show that our proposed method is promising in 

he fundus diseases classification for SLO images. And the train- 

ng curves are shown in Fig. 6 , we can observe that the network 

ends to converge at the 80th epoch and the overfitting issue does 

ot occur, even if the data is relatively small. For the reason that 

e use multiple strategies to alleviate this issue, such as data aug- 

entation, adding dropout layer and using pre-trained parameters 

n ImageNet for Path 3. 

We plot the receiver operating characteristic (ROC) curves of the 

ompared nine methods on the test dataset that includes RP, DR, 

oats fundus diseases and Normal SLO images, which are shown 
ig. 6. The training curves. The left and right charts represent the accuracy and loss 

espectively. 
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Fig. 7. ROC curves on each disease of the compared models and proposed method. (a)-(d) indicate the results of the RP, DR, Coats fundus disease and Normal SLO images, 

respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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n Fig. 7 . We can see that the black line represents the proposed

ethod and achieves the best classification performance on all 

he predicted four classes. In addition, we can also observe that 

ur method obviously outperforms the other compared methods 

n terms of DR fundus disease from Fig. 7 (b). The reason is that

he characteristics of many SLO images of DR are similar to the 

ther classes, for example, the hemorrhagic spots of some DR im- 

ges are not obvious so that these images are easily predicted as 

P images. However, our devised two attention modules can en- 

orce the network to concentrate on the key target areas of inter- 

st, which guide our network to extract the related feature on DR 

isease and suppress the irrelevant features for DR disease. In ad- 

ition, we also observe that our method acquires the highest area 

nder curve (AUC) value compared with the other methods in all 

he predicted classes. 

In order to intuitively show the superiority of our proposed 

ethod, we also plot the radar chart using evaluation metrics 

ccording to the predicted four categories, which is displayed 

n Fig. 8 . We can observe that our method achieves the best 

erformance in terms of accuracy and F1-score, which proves 

hat the devised multi-branch network, depth-wise and cross- 
7 
ttention modules can boost the network to extract discrimina- 

ive feature for classifying the three diseases and normal SLO 

mages. Thus, our method can potentially assist the doctors to 

ake a decision on the disease that the patients suffer from. 

rom the first two figures in Fig. 8 , we can observe that the pro-

osed network gains the best classification performance on the 

ll evaluation metrics, which indicates that our method is quite 

romising to distinguish the characteristics of the DR and RP 

iseases. 

To illustrate the number of the predicted classes for the com- 

arative methods, we count the number of the predicted category 

hat is correctly predicted as itself and is wrongly predicted as 

ther categories, and plot the qualitative visualization histogram 

or the result, as shown in Fig. 9 . We can observe that the num-

er of the all classes that are predicted correctly by adding the SE 

odule is greater than that of the model without the SE module, 

hich demonstrate that the channel attention mechanism in SE 

odule can enhance the module to focus on the specific nidus ar- 

as. In particular, comparing the chart of the proposed and (f), we 

an observe that based on ResNet-34 model, the devised modules 

re integrated to the proposed framework can bring great gains for 
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Fig. 8. Radar chart on all evaluation metrics of different methods in terms of the all predicted classes. Acc, Pre, Re, F1 indicates the accuracy, precision, recall and F1-score, 

respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Table 3 

The classification results of the contrasted ablation network 

models on the testing dataset (%). 

Method Accuracy Precision Recall F1-score 

Res34 90.33 90.04 89.85 89.93 

MB 91.24 91.09 90.82 90.95 

MB-ASPP 91.84 91.65 91.14 91.37 

MB-ASPP-DA 92.75 92.37 92.47 92.40 

Proposed 95.47 95.41 94.22 94.75 
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redicting the specific category, especially for the category of Nor- 

al, RP and DR. 

. Discussion 

.1. Ablation study 

As mentioned above, our proposed network architecture con- 

ists of multi-branch network, ASPP, depth-wise and cross- 

ttention modules. Therefore, we conduct ablation experiments 

ith certain modules, which verifies that the devised module is 

ffective to improve the classification performance. In detail, we 

hoose several network structures as the compared networks as 

ollows: the single ResNet-34 model (called Res34), multi-branch 

etwork (called MB), multi-branch network with ASPP (called MB- 

SPP), multi-branch network with ASPP and depth-wise attention 

odule (called MB-ASPP-DA), multi-branch network with ASPP, 

epth-wise, and cross-attention modules (called proposed). Note 

hat, our proposed architecture is based on ResNet-34 model. 

ence, the ResNet-34 model is also selected as the backbone of 

he contrasted ablation network. The experimental results of the 

ontrasted ablation network models are displayed in Table 3 . 

From Table 3 , we can see that the results of the multi-branch 

etwork based on ResNet-34 model is superior to that of the sin- 

le ResNet-34 model, which benefits from the case that the multi- 

ranch can extract more deep-level features to express the charac- 

eristics of the specific disease. Following the last feature extrac- 

ion layers of the Path 1 and Path 2, the ASPP module is added to

ath 1 and Path 2, which causes that the classification results have 

een further improved. For the reason that, the ASPP enable the 

ulti-branch network to extract multi-scale features with differ- 
8 
nt dilation rates so that the spatial contextual feature information 

an be used to enhance the ability of extracting features. To ef- 

ectively fuse the features extracted by the multi-branch network, 

he depth-wise attention is devised to keep the global information 

hile enforcing the network to focus on the objects of interest. 

rom the rows 3 and 4 of Table 3 , we can see that the accuracy of

he network with the depth-wise attention module is 0.91% higher 

han that of the network without the depth-wise attention module, 

hich indicates that the depth-wise attention module is effective 

nd helpful to boost the classification performance on SLO images. 

From rows 4 and 5 of Table 3 , we can observe that the clas-

ification results of the network with cross-attention module is 

reatly superior to that of the network without cross-attention 

odule, and the accuracy of the former is 2.72% higher that of the 

atter. These results demonstrate that the cross-attention module 

an handle the deep-level features from Path 1 and Path 2, which 

nable the network to focus on the characteristics of specific dis- 

ase and repress the irrelevant features in a cross-fusion manner, 

urther improve the classification performance on the three dis- 

ases and normal SLO images. 
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Fig. 9. The qualitative visualization of the number of the predicted classes for different methods. (a)-(d) represent the predicted results of ResNet-18, ResNet-34, ResNet-50 

and Inceptionv3 respectively. (e)-(h) indicate the predicted results of SE-ResNet-18, SE-ResNet-34, SE-ResNet-50 and SE-Inceptionv3 respectively. The middle chart is the 

predicted results by our proposed model. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Table 4 

The comparison results of different attention strategies (%). 

Method Accuracy Precision Recall F1-score 

CAM 93.96 93.01 93.37 93.16 

SAM 93.35 92.15 93.35 92.63 

CSAM 94.56 94.00 93.49 93.73 

Proposed 95.47 95.41 94.22 94.75 
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We plot the confusion matrices of the contrasted ablation net- 

orks to indicate the devised modules can improve the classifi- 

ation intuitively, which is shown in Fig. 10 . We can observe that 

ur designed modules can greatly improve the predicted perfor- 

ance in terms of RP and DR fundus diseases. In addition, we 

lso implement the t-SNE visualization ( Maaten and Hinton, 2008 ) 

f the compared networks on the testing dataset, where the fea- 

ures learned by the last feature extraction layer of the compared 

etworks are visualized, which is displayed in Fig. 11 . We can 

ee that, every time a module is added to the proposed frame- 

ork, the separation effect will be better, which is consistent with 

able 3 . 

To illustrate the good ability of extracting features for the de- 

ised modules, we also conduct the experiments with the class ac- 

ivation maps (CAMs) by using the output features of the designed 

odules, which can verify that the extracted features are effective 

o distinguish the predicted class. The Grad-CAMs visualization is 

hown in Fig. 12 , where the white close boundaries in the column 

ne represent the approximate area of the lesions. As observed in 

he row one, all models focus on the location of optic cup, for the 

eason that the first row represents the normal SLO image, where 

here is no lesion so that all models can only learn the salient fea-

ures from optic cup in contrast to the whole images. For the dis- 

ased SLO images, each module is integrated to the devised frame- 

ork, which can enforce the framework to focus on the specific 

isease class. In particular, the proposed model shows strong su- 

eriority with respect to extracting the disease-related feature for 

he category of Coats. Hence, the proposed modules are effective 

nd can well learn the features of the salient areas and focus on 
m

9 
he features of the specific disease so that the target class can be 

redicted accurately. 

To show the superiority of the cross-attention module, we con- 

uct the comparison experiments in terms of only using channel 

ttention module (CAM) or spatial attention module (SAM), and 

tilizing channel attention before spatial attention module with- 

ut cross fusion (CSAM). The experimental results are reported in 

able 4 . We can see that the channel and spatial attention mod- 

les being fused via cross-connection mode achieves the best clas- 

ification performance, which indicates the cross fusion mode for 

ttention mechanism is effective. 

To further show the effectiveness of the designed cross- 

ttention module, we conduct the Grad-CAM visualization of the 

earned features in terms of different attention strategies, and the 

esults are shown in Fig. 13 . We can observe that the redundant 

eature information can be obtained by the SAM, CAM and CSAM 

nd the cross-attention can better recognize the regions that are 

elated to the specific disease. 

We also consider the influence on the results from the pooling 

ode in the attention module. To verify the effectiveness of the 
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Fig. 10. Confusion matrices of the compared network models on the testing dataset. The numbers in the confusion matrices denote the percentage of the predicted class. 

(a) – (e) represent the results of Res34, MB, MB-ASPP, MB-ASPP-DA and proposed methods, respectively. (For interpretation of the references to colour in this figure legend, 

the reader is referred to the web version of this article.) 

Fig. 11. The t-SNE visualization of the compared networks on the testing dataset. (a) – (f) represent the distribution of the original testing dataset, Res34, MB, MB-ASPP, 

MB-ASPP-DA and proposed methods on the testing dataset, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.) 

Table 5 

The comparative results of different pooling strategies (%). 

Pooling strategies Accuracy Precision Recall F1-score 

Max-pooling 94.86 94.59 93.50 93.98 

Average pooling 95.17 94.65 94.16 94.35 

Proposed 95.47 95.41 94.22 94.75 
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oint use of max-pooling and average pooling, we conduct a series 

f ablation experiments, and the results are reported in Table 5 . 

rom Table 5 , we can see that the proposed model achieves the 

est performance with both max-pooling and average pooling be- 

ng used. For the reason that the both two pooling strategies can 
10 
rovide more feature information for the subsequent attention op- 

ration than single pooling operation. 

.2. Validation 

To demonstrate that the proposed method is effective for clas- 

ifying the fundus diseases using SLO images, we conduct a group 

f comparative experiments on a public dataset that is collected 

y Tsukazaki Hospital [50]. This dataset contains 150 SLO images 

f RP and 223 SLO images of Normal fundus, which is divided by 

 ratio of 4:1 into training and testing dataset. The experimental 

etting is the same as the Section 4.1 . The experimental results are 
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Fig. 12. The visualization of Grad-CAM of the different devised modules. Row 1 to row 4 indicate the category of Normal, RP, DR and Coats, respectively. 

Fig. 13. The Grad-CAM visualization of the learned features with respect to different attention strategies. Row 1 to row 3 indicate the disease category of RP, DR and Coats. 
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eported in Table 6 , where the method abbreviations stand for the 

ame meaning as those in Table 3 . 

From Table 6 , we can see that the proposed method achieves 

he best performance by integrating these mentioned modules in 

ection 3 . Each module can improve the performance on detecting 

P using SLO images. In addition, we plot the ROC curves of the 
11 
ontrasted ablation networks to illustrate the effectiveness of the 

roposed modules and framework, which is shown in Fig. 14 . We 

an observe that our proposed method obtains the maximum AUC 

alue for the RP and normal SLO images, respectively. 

To show the generalization ability of the proposed model on 

ther modality of fundus images, such as colour fundus images. 
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Fig. 14. ROC curves on the public dataset from the Tsukazaki Hospital of the contrasted ablation networks. (a) and (b) indicate the results on RP and Normal SLO images, 

respectively. 

Table 6 

The comparison results of the used different modules on the 

public dataset (%). 

Method Accuracy Precision Recall F1-score 

Res34 92.00 91.67 91.67 91.67 

MB 93.33 92.75 93.89 93.16 

MB-ASPP 94.67 94.44 94.44 94.44 

MB-ASPP-DA 96.00 95.64 96.11 95.86 

Proposed 97.33 97.22 97.22 97.22 

Table 7 

The comparison results with the reported re- 

sults on the IDRID2018 dataset. 

Method Joint accuracy (%) Rank 

Our model 63.11 1 

LzyUNCC 63.11 1 

VRT 55.34 2 

Mammoth 51.46 3 

HarangiM1 47.57 4 

AVSASVA 47.57 4 

HarangiM2 40.78 5 
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e conduct the experiments on the Indian Diabetic Retinopathy 

mage Dataset (IDRID2018). We mainly do experiments for the 

ubchallenge-2, in which the purpose of this task is to evaluate the 

erformance of the designed networks for jointly recognizing the 

rading of diabetic retinopathy and diabetic macular oedema. The 

ataset for the subchallenge-2 consists of 413 training images and 

03 testing images. We use the same experimental settings to train 

nd test this dataset except that the size of the training images is 

et to 512 × 512. The comparison results with the competitors are 

hown in Table 7 . 

The joint recognition accuracy of the grading of diabetic 

etinopathy and diabetic macular oedema is 63.11%, which is the 

ame as the result of rank one that is reported on the offi- 

ial website of the competition ( https://idrid.grand-challenge.org/ 

eaderboard/ ). As reported in ( Porwal et al., 2020 ), we can see that

he methods of all competitors used external dataset to train their 

odels, further enhanced the final classification performance for 

ubchallenge-2. However, our method only uses the provided data 

n the site and the parameters of out proposed model to train 

he network and obtain the same ranking as rank one, which also 

emonstrates that our proposed architecture is with good general- 

ty, even for different modal data. 
12 
.3. Limitation and future work 

Although the proposed framework achieves the best perfor- 

ance for classifying the three fundus diseases and normal SLO 

mages in contrast to the compared network models, there exist 

ome limitations in this paper. These limitations are summarized 

s follows. Firstly, the number of the SLO dataset is insufficient 

or deep neural network to learn deep-level and discriminative fea- 

ures. To keep the dataset pure, we just conduct colour enhance- 

ent in the aspects of brightness, contrast and hue, which lacks 

f multiple transformations so that the network only learns lim- 

ted features. Secondly, the studied types of fundus disease species 

nly have RP, DR and Coats due to the difficulty of collecting data, 

hich causes the issue that the proposed algorithm cannot be 

idely applied in clinical. 

To address the mentioned limitations above, we need to 

trengthen the collecting and processing intensity of the SLO im- 

ges in future work. For instance, we can extend the dataset to ad- 

ress the problem of small dataset through various manners of en- 

ancing data, such as cropping, rotation, and flipping. We can also 

ollect SLO images from the multiple centers to address the prob- 

em of the less data, meanwhile, the types of the studied disease 

pecies can be increased with the data of multiple centers. Besides, 

xploring the data of multiple centers also enables the developed 

odel to robustly adapt to the data from different conditions, such 

s different machine models and medical staffs. 

In addition, the research of the subtypes of fundus diseases is 

 quite significant work for the diagnosis in clinical. For the rea- 

on that the subtypes of fundus diseases can reflect the changed 

ondition of the disease the patients suffer from, which can assist 

he doctors to control the deterioration of the disease in time by 

cientific treatment. 

. Conclusions 

In this paper, we propose a novel cross-attention multi-branch 

etwork based on ResNet-34 model to accomplish the classifica- 

ion task of the selected three diseases and normal images using 

LO fundus images. Specifically, the proposed framework mainly 

ncludes four parts: multi-branch network, ASPP, depth-wise atten- 

ion and cross-attention modules. The multi-branch employs the 

esNet-34 model as the backbone to expand the network branch 

o extract more deep-level features. Following the last feature ex- 

raction layer of the multi-branch network, the ASPP is utilized to 

xtract the multi-scale features via setting different dilation rates 

o gain the rich spatial contextual feature information. The depth- 

https://idrid.grand-challenge.org/Leaderboard/
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ise attention module is devised to fuse the features from the 

SPP module and another branch network with original ResNet-34 

odel so that the whole framework can preserve the global in- 

ormation while focusing on the target areas of interest. To make 

ull use of the extracted features from the multi-branch network 

nd enforce the network to highlight the characteristics of the spe- 

ific disease and suppress the irrelevant areas, we design a cross- 

ttention module to fuse the channel attention maps and spatial 

ttention maps from the Path 1 and Path 2 through the crisscross 

onnection manner. The extensive experimental results demon- 

trate that our proposed framework achieves quite promising clas- 

ification performance on the three fundus diseases and normal 

mages. Through the ablation studies, we can draw the view that, 

he developed modules can effectively boost the classification per- 

ormance. 
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