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Abstract—Automatic and accurate classification of retinal 

optical coherence tomography (OCT) images is essential to assist 
ophthalmologist in the diagnosis and grading of macular diseases. 
Clinically, ophthalmologists usually diagnose macular diseases 
according to the structures of macular lesions, whose 
morphologies, size, and numbers are important criteria. In this 
paper, we propose a novel lesion-aware convolutional neural 
network (LACNN) method for retinal OCT image classification, 
in which retinal lesions within OCT images are utilized to guide 
the CNN to achieve more accurate classification. The LACNN 
simulates the ophthalmologists’ diagnosis that focuses on local 
lesion-related regions when analyzing the OCT image. Specifically, 
we firstly design a lesion detection network (LDN) to generate a 
soft attention map from the whole OCT image. The attention map 
is then incorporated into a classification network to weight the 
contributions of local convolutional representations. Guided by 
the lesion attention map, the classification network can utilize the 
information from local lesion-related regions to further accelerate 
the network training process and improve the OCT classification. 
Our experimental results on two clinically acquired OCT datasets 
demonstrate the effectiveness and efficiency of the proposed 
LACNN method for retinal OCT image classification. 
 

Index Terms—optical coherence tomography, convolutional 
neural network, attention network, retinal lesion, image 
classification.  
 

I. INTRODUCTION 
ACULA is the central part of the retina and is mainly 
responsible for the central vision. The healthiness of 

macula might be affected by a number of pathologies, including 
age-related macular degeneration (AMD), choroidal 

 
   This work was supported in part by the National Natural Science Foundation 
under Grant No. 61771192, the National Natural Science Foundation for Young 
Scientist of China under Grant No. 61501180, China Postdoctoral Science 
Foundation funded Project No. 2017T100597, and National Natural Science 
Foundation of Hunan Province Grant No. 2018JJ3077. Leyuan Fang and 
Chong Wang contributed equally to this work.  

L. Fang, C. Wang, and S. Li are with the College of Electrical and 
Information Engineering, Hunan University, Changsha, 410082, China. (email: 
fangleyuan@gmail.com; chongwang@hnu.edu.cn; shutao_li@hnu.edu.cn). 

H. Rabbani is with the Medical Image & Signal Processing Research Center, 
Isfahan University of Medical Sciences, Isfahan, 81745319, Iran. (email: 
h_rabbani@med.mui.ac.ir). 

X. Chen and Z. Liu are with the First Hospital of Hunan University of 
Chinese Medicine, Department of Ophthalmology, Changsha, 410082, China. 
(email: 564259166@qq.com; 2548088962@qq.com). 

 
neovascularization (CNV), and diabetic macular edema (DME) 
[1]–[5]. AMD is a degenerative retinal disease that is the main 
leading cause of severe visual impairment in older adults [2]. 
The common clinical characteristic of AMD is the presence of 
drusen, which is the asymptomatic deposition of extracellular 
material located between the retinal pigment epithelium (RPE) 
and the inner collagenous layer of Bruch’s membrane [3]. The 
advanced stage of AMD, also termed as CNV [4], typically 
results in irreversible macular lesions, such as subretinal and 
intraretinal fluid accumulation, RPE detachment and fibrotic 
scars. DME is characterized by fluid-filled cysts and hard 
exudates within the retina, as well as retinal thickening, which 
are caused by abnormal leakage from damaged retinal blood 
vessels [5]. Clinical diagnosis and grading of macular diseases 
rely on the detection of the macular structures of lesions or 
abnormalities, (e.g., drusen, scars, fluid, cysts, and exudates), 
whose morphologies, size, and numbers can be used to 
determine the types of eye diseases by ophthalmologists. 
Therefore, it is essential to investigate the macular lesions for 
the clinical diagnosis and treatment of ophthalmic diseases. 

Optical coherence tomography (OCT) allows in vivo 3D 
cross sectional imaging of human tissue at micrometer 
resolutions [6]–[8], which has been widely employed in diverse 
medical applications [9]–[11], especially for diagnostic 
ophthalmology. High resolution OCT imaging technique 
enables the sensitive detection of multiple retinal cell layers and 
quantitative assessment of these macular lesions within retina 
[12]–[14]. Examples of various macular lesions of retina in 
spectral-domain OCT (SD-OCT) images are shown in Fig. 1. In 
the clinical diagnosis, ophthalmologists need to manually 
identify these lesions at each cross-section of the OCT volume 
and then make diagnostic decisions of the diseases. Such 
manual analysis is time-consuming and demanding for expert 
graders, which is also prone to yield subjective results. 
Consequently, an automatic and reliable computer assisted 
OCT image analysis technique is required for efficient 
diagnosis of eye diseases. 

During the past decades, numerous OCT classification 
algorithms have been developed [15]–[24], which generally 
consist of the following key components: image preprocessing 
(e.g., image denosing [25], [26] and curvature correction [19], 
[27]), feature extraction (e.g., local binary patterns (LBP) 
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Fig. 1. SD-OCT B-Scans of the retina showing Drusen, CNV, DME and Normal 
macular, respectively. (a) drusen (red arrows); (b) fibrotic scarring (yellow 
arrow) and subretinal fluid (green arrow); (c) hard exudates (orange arrow) and 
fluid-filled cysts (blue arrow); (d) normal retina with clear retinal layer 
boundaries. 

[15], [17], [18], histogram of oriented gradients (HOG) [19], 
scale-invariant feature transform (SIFT) [21], and bag of words 
(BoW) descriptor [16]), and classifier design (e.g., support 
vector machine (SVM) [15], [17], [19], [21], Bayesian 
classifier [18], and random forest [16], [24]). Very recently, 
deep learning [28], [29] has demonstrated to be a very powerful 
technique in the fields of computer vision and pattern 
recognition. One of the typical deep learning model, called as 
convolutional neural network (CNN) [28], [30], can 
automatically learn a hierarchy of abstract features from large 
training datasets. Several recent works have extended the CNN 
framework to retinal OCT image analysis, such as retinal layers 
segmentation [31], [32] and OCT image classification [33]–
[37]. In [35], the CNN has been applied to surrogate-assisted 
OCT images classification. In [36], the wavelet-based CNN is 
introduced to extract deep wavelet features and then the random 
forests classifier is utilized for the classification of the macular 
OCT images. In [37], the U-Net architecture is first used to 
segment the OCT images, and then the segmented images are 
used for the diagnosis of retinal diseases. In addition, a new 
CNN-based technique, known as transfer learning [38], is 
introduced to discriminate macular diseases with significantly 
fewer training OCT images, while still demonstrating 
promising results [39], [40]. 

Ophthalmologists can easily identify the salient areas 
(usually corresponding to lesions) in an OCT image mainly due 
to the attention mechanism of the human visual perception 
system [41]. The human visual attention mechanism is that one 
selectively focuses on parts of the visual space to capture 
salient information where it is needed, instead of processing the 
whole scene at a time [42]. Based on the feature-integration 
theory of attention [43], regions in a scene are marked as 
saliency depending on the difference with their surroundings. 
Such saliency reflected in OCT images is lesions, which always 
attract most ophthalmologist’s attention during their clinical 
diagnosis. Therefore, it is natural to incorporate the lesion 
attention mechanism into the OCT classification models. 

In this paper, we propose a novel lesion-aware convolutional 

neural network (LACNN) method for retinal OCT image 
classification. Motivated by the ophthalmologist’s diagnosis 
process, we firstly design a lesion detection network (LDN) 
which can detect various kinds of macular lesions and create 
the corresponding attention maps. The detected attention maps 
are used to softly weight the convolutional feature maps of the 
classification network and enable the proposed LACNN model 
to focus on the most relevant information, such as macular 
lesions. Guided by the lesion-related information, the 
classification network utilizes the information from local 
lesion-related regions to achieve efficient and accurate OCT 
classification.   

Note that, the strategy of attention-based CNN has been 
previously applied to several other medical image analysis 
problems [44]–[48]. In this paper, we propose a LACNN 
method for retinal OCT image classification, in which the 
macular lesions detected by the LDN are used to guide the 
classification network to focus on more discriminative 
information from local lesion-related regions. Specifically, the 
main contributions of our paper are described as follows. 

1. We propose an attention-based CNN method for retinal 
OCT image classification. To the best of our knowledge, 
this is the first time that an attention model is introduced 
in the field of OCT image analysis.  

2. In order to utilize the lesion information, the LACNN 
proposes a lesion-attention module, which can 
effectively enhance the features from local lesion-related 
regions while still preserving the meaningful structures 
in global OCT images. 

3. Without any image preprocessing tricks, the LACNN 
method achieves desirable classification results, which 
can be considered as an effective computer-aided 
diagnosis tool for clinically OCT-based eye disease 
diagnosis. 

The remainder of this paper is organized as follows: Section 
II describes related works, including the CNN model and CNN 
based OCT classification method. The proposed LACNN 
method is introduced in Section III. Experimental results on 
clinical OCT datasets are shown in Section IV. Section V 
concludes this paper and suggests future works. 

II. RELATED WORK   

A. CNN Model   
CNN has been successfully applied to a variety of computer 

vision and image processing applications, including image 
classification [30], [49], object detection [50], [51], and image 
segmentation [52], [53]. The typical CNN comprises several 
convolutional (Conv) layers, nonlinearity, pooling layers, and 
fully connected (FC) layers, which are described as follows. 

The convolutional layer is the most important component of 
CNN. For each convolutional layer, a set of two-dimensional 
(2D) kernels are learned to express local spatial connectivity 
with the previous layer, which generates multiple convolutional 
feature maps by conducting the convolution operation between 
the input signals with these kernels:  

 
1

,( ),l l l l
j i i j j

i

σ −= ∗ +∑X X w b   (1) 
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Fig. 3. The lesion detection results of LDN. Top row: original retinal OCT 
images of various macular diseases. Middle row: The legion-related regions 
coarsely annotated by ophthalmologists. Bottom row: The attention maps 
generated by the LDN. Note that, the LDN can effectively detect various kinds 
of lesions, such as (a) drusen, (b) scars, (c) cysts and subretinal fluid, and (d) no 
response for normal macula. 

where ∗  represents the 2D convolution operation, ,
l
i jw and l

jb
are the learnable kernel weight matrix and additive basis, 
respectively. Ml

j
N C× ×∈X  denotes the output feature maps of 

the convolutional layer l, which is interpreted as a set of M×N 
local descriptors of C channels. 

1l
i
−X refers to the input feature 

maps of the previous layer l-1. Usually, each kernel is 
convolved with all the feature maps of the previous layer and 
creates a 2D output. Outputs of all kernels are stacked together 
to create the 3D output feature map. Convolutional layers are 
usually followed by a non-linear activation function σ . The 
rectifier linear units (ReLU) [30] is the mostly used activation 
function due to its fast convergence, which is defined as: 
 ( ) max( ,0).x xσ =   (2) 

To reduce computation complexity and improve translation 
invariance, a pooling layer is often applied after convolutional 
layers, which fuses nearby spatial information in the same 
feature map with the max or averaging operations [29]. By 
stacking a series of convolutional layers interleaved with 
non-linearity and pooling layers, CNN is capable of capturing 
hierarchical representations as powerful image descriptions. 

After several convolutional and pooling layers, one or more 
fully connected layers are used to integrate all features of the 
previous layer into a feature vector. Finally, softmax function 
[28] is used to transform the last feature vector into probability 
distribution of outputs. 

B. CNN Based OCT Classification   
In ophthalmology, CNN has been recently applied for the 

detection of diabetic retinopathy from fundus photographs [54], 
segmentation of retinal layers [31], and quantification of 
macular fluid in OCT images [55]. For the retinal OCT 
classification, CNN is expected to extract high-level features 
from original OCT images [33], [39], [40]. Formally, given an 
input OCT image x, the output of CNN can be computed by a 
series of convolutional, pooling, and FC operations:  
 ( ) ( ),k f= +x Wx ba  (3) 
where f represents a composite function, which is obtained by 
multiple linear and nonlinear operations, and ka  denotes the 
class score for class k. W and b are the weight and bias 
parameters, respectively. As described in Section II-A, the 
softmax function is used to produce the probability distribution 
of outputs that the image x belongs to each class:  
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where K is the number of the output classes. CNN is usually 
trained with backpropagation rule [56] and stochastic gradient 
descent (SGD) algorithm by minimizing the cross-entropy error 
between the probabilistic outputs and the one-hot labels: 
 

2
1 1

1 ( ) log ( | ) ,
m K

CLS i i
i k

L l k p k
m

λ
= =

= − Ι = +∑∑ Wx  (5) 

where m is the number of samples in per mini-batch, il  denotes 
the class label of image ix , ( )Ι ⋅ is an indicator function which 
equals one if il  is equal to k, and

2W is the regularization term 
of weights with the decay factor λ . Once the optimization is 
completed, the trained CNN can be used to predict the label of 
test image *x based on the maximum probability *( | )p k x : 
 * *

1,2,...,
( ) arg max ( | ).

k K
Class x p k

=
= x  (6) 

III. PROPOSED LACNN METHOD FOR OCT CLASSIFICATION  

Clinically, ophthalmologists usually diagnose macular 
diseases according to the structures of different macular lesions. 
Motivated by the ophthalmologist’s diagnosis process, we 
propose the lesion-aware convolution neural network (LACNN) 
method for retinal OCT image classification. In this section, we  

Fig. 2. Outline of the LDN for macular lesions detection. Values inside the bracket refer to the kernel size and the number of feature maps, and value outside the 
bracket represents the number of stacked layers with same structures. For example, there are two convolutional layers with same structures (kernel size 3×3, 64 
feature maps) and one max-pooling layer (kernel size 2×2, 64 feature maps) in Conv-1 block. The Conv, Contrast and Deconv represent the convolution block, local 
contrast processing block, and deconvolution block, respectively.  
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Fig. 4. The framework of LACNN for retinal OCT image classification. 

introduce the proposed LACNN method, which utilizes the 
information from local lesion-related regions to improve the 
retinal OCT classification. We will first describe the lesion 
detection network (LDN) for macular lesions detection in 
Section III-A. Then, we illustrate the architecture of LACNN in 
Section III-B. Section III-C presents the training process of 
LACNN.  

A. Lesion Detection Network   
To utilize the local discriminative information of various 

macular lesions for the retinal OCT classification, we firstly 
need to accurately detect them from OCT images. However, as 
indicated in [15], manually designed features or rules are hard 
to detect and identify the complex structures of lesions due to 
the co-existence of multiple lesions, high variabilities of lesion 
in shape, size and magnitude, and the existence of blood vessels. 
Therefore, we design a deep learning based lesion detection 
network (called as LDN) to effectively detect various kinds of 
macular lesions. The LDN aims to obtain attention map when 
we train the network for the task of lesions detection. In this 
way, the network’s prediction is based on the macular lesions, 
which we expect the network to focus on. We achieve this by 
making the network’s attention trainable in an end-to-end 
fashion. The outline of LDN is shown in Fig. 2 and is described 
below in detail.  

The LDN is a CNN model for the salient lesions detection 
[57], which consists of convolution blocks, local contrast 
processing blocks, and deconvolution blocks. All of the blocks 
are organized in a 4 × 5 grid, in which each column of the grid 
processes resolution-specific features.  

The first row of the LDN comprises five convolution blocks 
derived from VGG16 [58] (Conv-1 to Conv-5), and these 
blocks contain two or three convolutional layers with 3 × 3 
kernel followed by one max pooling layer which down-samples 
the feature maps by a factor of 2 (e.g., 224 × 224, 112 × 112, ..., 
7 × 7). The rightmost block of the first row generates global 
feature GX representing the global context of input image by 
using three convolutional layers with 3 × 3 kernel.  

The second row is a set of five convolution blocks (Conv-6 
to Conv-10), which are connected to the Conv-1 to Conv-5 
blocks in the first row, respectively. The aim of these blocks is 
to extract multi-level local convolutional features
{ }1 2 5, , ...,X X X . Each of these convolution blocks has a 3 × 
3 kernel with 128 channels.  

The third row comprises five local contrast processing 
blocks (Contrast-1 to Contrast-5). Since the macular lesions are 
usually different with their surrounding areas in contrast, and 
result in distinctive features of lesions within CNN, the local 

contrast processing block is adopted along each resolution level 
to capture the local contrast information and improve the 
capability of lesions detection. This is achieved by subtracting 
the value of 3 × 3 average pooling from its local convolutional 
feature maps:  
 AvgPool ,( )i i i= −C X X  (7) 
where iC (i = 1, 2, …, 5) denotes the local contrast features and
AvgPool( )⋅ is a 3 × 3 average pooling operation. 

The last row has a set of deconvolution blocks (Deconv-2 to 
Deconv-5), which are used to increase the spatial resolution of 
the feature maps from 7 × 7 (bottom right) to 112 × 112 (bottom 
left). The deconvolution block firstly concatenates the 
information of local convolutional feature iX , local contrast 
feature iC , and the up-sampled feature 1i+U of previous 
deconvolution block. The combined feature is then fed into a 
deconvolutional layer, which increases the spatial resolution of 
feature maps by a factor of 2: 
 1Deconv ,( , , )i i i i+=U X C U  (8) 
where iU is the resulting up-sampled features and Deconv( )⋅
represents a deconvolutional layer with a stride of 2 and a 5 × 5 
kernel. The leftmost block of the last row extracts the final local 
feature LX by using a convolutional layer with a 1 × 1 kernel.  

The extracted global feature GX and local feature LX are 
separately mapped into categorical scores by a convolutional 
layer with 1 × 1 kernel and 2 channels in the Score block. The 
obtained scores are fused together by means of element-wise 
summation and finally incorporated into a softmax layer to 
compute the salient lesions probability. For an input OCT 
image, the LDN outputs an attention map at half of the input 
resolution (we resize back to input size with bilinear 
interpolation), in which each spatial location represents the 
probability for each pixel of input image belonging to lesions or 
not. The loss function for LDN is defined as the binary 
cross-entropy loss: 

 
1 {0,1}

1 ˆ( ) log ( ),
n

LDN j j
j c

L y c p y c
n = ∈

= − Ι = =∑ ∑  (9) 

where n is the total number of pixels of input image, jy and ˆ jy
are the truth and predicted labels at the pixel location j, 
respectively. The LDN is trained by using a small amount of 
OCT images with extra lesion-level annotations to control the 
attention map learning process. Some lesion detection results of 
the LDN are illustrated in Fig. 3. As can be observed, the LDN 
is able to detect various kinds of complex lesions which are 
close to their ground truths, while still has no responses on 
normal retina OCT image.  
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Fig. 5. The detailed architecture of LACNN. Values inside the bracket refer to 
the kernel size and the number of feature maps, and value outside the bracket 
represents the number of stacked layers with same structures. 

B. The Architecture of LACNN  
The architecture of LACNN is illustrated in Fig. 4. Basically, 

the LACNN is constructed by a series of lesion-attention 
modules, convolutional layers, and pooling layers. In each 
lesion-attention module, the feature maps from previous 
convolutional layers and attention map from LDN are the 
inputs, and lesion-aware feature maps are the output. The 
lesion-attention module is detailed as below. 

Given an OCT image x, G(x) is denoted as the convolutional 
feature maps from a convolutional layer. To exploit the 
information of lesions to guide the OCT classification network, 
we use the attention map iW generated by LDN to softly weight 
the representation G(x), and obtain a local compact 
representation L(x): 

 ( ) ( )i,c i,c i⊗=L G Wx x ,  (10) 
where i ranges over all spatial positions, { }1, 2, ...,∈c C is the 
index of the feature map channel, and ⊗ denotes the 
element-wise product. As in (10), the attention map can be 
considered as a feature selector, which enhances the 
discrimination of meaningful features and suppresses trivial 
features from convolutional layers. Note that, since the pooling 
layer among different modules will change the spatial 
dimension of convolutional feature maps, we down-sample the 
attention map to match the spatial resolution of the 
representation G(x) in each module. 

Furthermore, the local weighted CNN feature maps 
(corresponding to different kinds of macular lesions) are 
integrated with the original CNN feature maps, which has the 
following two reasons. Firstly, even though lesions are very 
important for diagnosing the diseases, other information from 
the whole OCT images (e.g., lesions in different positions, 
morphology of retinal layers, and layer thickness) may still be 
beneficial to the OCT image classification. Secondly, since no 
lesions exist in normal macula, the attention maps with values 
close to zero (see Fig. 3 (d)) can reduce the values of feature 

maps to zeros, and lead to uniform categorical probability 
distribution in  (4), thus losing the discriminative ability for the 
whole network. Therefore, similar to the residual learning [59], 
we introduce an identical mapping structure to fuse the local 
weighted CNN feature maps with original CNN feature maps. 
Specifically, we calculate outputs H(x) of the lesion-attention 
module as follows: 

 ( ) ( ) ( )i,c i,c i,c= +H L Gx x x , (11) 
where the operation L(x) + G(x) is performed by a shortcut 
connection and element-wise summation. The obtained H(x) 
consists of the information from both local lesion-related 
features and global OCT image, which is expected to improve 
the OCT classification. Compared with the typical CNN, the 
main contribution of the proposed LACNN lies on our 
lesion-attention module, which can extract discriminative and 
meaningful features while still preserve the useful structures in 
global OCT images.  

Adopting a series of lesion-attention modules can gradually 
refine the feature maps, and thus CNN features become more 
and more discriminative for specific lesions as network goes 
deeper. The final class decisions for LACNN with input OCT 
image x can be obtained according to (6). Note that, our 
lesion-attention module can be easily adapted to any 
state-of-the-art network structures. In our work, we use VGG16 
[58] as baseline network to construct the LACNN architecture. 
Specifically, we incorporate the lesion-attention module into 
VGG16 before each pooling layer since the Max-pooling 
operation will further preserve discriminative features. The 
detailed architecture of LACNN is shown in Fig. 5. In addition, 
we have also attempted to insert lesion-attention module into all 
layers of VGG16 (also detailed in the experimental part), which 
does not show significant performance improvement, but 
greatly creating more computation cost.  

C. Training Strategy of LACNN 
In this paper, we adopt a two-stage training scheme for 

LACNN, and the overall training procedure is presented below. 
In each stage, we use the model with the highest accuracy on 
the validation set for testing. 

Stage I. We firstly independently train the LDN using a 
small amount of roughly annotated lesion-level OCT datasets 
to minimize the loss LDNL in (9). 

Stage II. Once the LDN is optimized in Stage I, the weight 
parameters of the LDN are fixed when training LACNN. When 
the attention map is obtained by LDN, we feed it into the 
LACNN and finally train the LACNN by minimizing the 
classification loss CLSL according to (5). 

IV. EXPERIMENTAL RESULTS  

A. Clinical Datasets  
To evaluate the effectiveness of the proposed LACNN 1  

method, we have validated it on two publicly available OCT 
datasets (UCSD dataset [39] and NEH dataset [34]).  

The UCSD dataset is used for 2D slice-based classification 
and composed of 84484 OCT B-scans (8866 drusen, 37455 
 
1Source code of the proposed LACNN method will be freely released on the 
website: https://sites.google.com/site/leyuanfang/home.  
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CNV, 11598 DME, and 26565 normal) acquired from 4686 
patients at the Shiley Eye Institute of the University of 
California San Diego (UCSD). All of the images (Spectralis 
OCT, Heidelberg Engineering, Germany) were selected from 
retrospective cohorts of adult patients without exclusion criteria 
based on age, gender, or race. The final OCT scans are obtained 
by a horizontal foveal cut from original standard image format 
according to manufacturer’s software and instructions. More 
details about the dataset can be found in [39]. To develop the 
LDN for macular lesion detection, we randomly select 2500 
B-scans (500 drusen, 500 CNV, 500 DME, and 1000 normal) 
from the UCSD dataset to establish the lesion-level datasets. 
Since our LDN is designed to automatically discover macular 
lesions instead of accurately segmenting them, accurate 
pixel-level annotations for lesions are not required. In the 
lesion-level datasets, each OCT B-scan is coarsely annotated to 
delineate the lesion regions (using bounding polygons) by two 
ophthalmologists from the department of ophthalmology at the 
first affiliated hospital of Hunan university of Chinese 
medicine (HUCM). Fig. 3 (the second row) displays some 
examples of the annotated lesions from each class B-scan. Note 
that, the images in lesion-level datasets are excluded from the 
UCSD datasets when training the LACNN.  

The NEH dataset is used for 3D volume-based classification 
and comprises 148 SD-OCT volumes (48 dry AMD, 50 DME, 
and 50 normal), acquired by Heidelberg SD-OCT imaging 
systems at Noor Eye Hospital in Tehran (NEH). Each volume 
contains a number of B-scans (ranging from 19 to 61). The 
original axial resolutions of the B-scans are 3.5 μm with the 
scan-dimension of 8.9 × 7.4 mm2. More details about the 
scanning protocols for this dataset can be found in [34].  

B. Experimental Settings  
The LDN is optimized by using Adam optimizer [60] 

training on randomly selected samples from the lesion-level 
datasets. The network is individually trained until convergence 
is reached. Convergence is determined by calculating the 
performance on the independent validation set (100 B-scans 
randomly selected from the lesion-level datasets) at regular 
intervals during training. At each iteration, the mini-batch size 
is set to one B-scan. The number of epoch is set to 10 and the 
initial learning rate was set to 10-5. To improve robustness of 
the network, we perform data augmentation strategies on each 
B-scan of the lesion-level datasets by horizontally flipping and 
rotating between +15 and -15 degrees. 

For training the LACNN, we optimize the network using 
Adam optimizer with batch of 24 images per step and an initial 
learning rate of 10-5. The weight decay factor λ in (5) is set to 
0.0002. At each iteration, the loss of the model was recorded, 
and at every 10 iterations, the performance of the neural 
network was assessed using an independent validation set. The 
maximum number of iterations is chosen to 10 epochs. The 
training is stopped when the accuracy on the validation set no 
longer increased. During training of both LACNN and LDN, 
we resize the original OCT images to 224 × 224 as input. The 
Xavier algorithm [61] is used for weight initialization of the 
two networks. 

Classification performance is evaluated based on the 
following evaluation metrics: accuracy (ACC), sensitivity (SE), 
precision (PR), specificity (SP), and area under the ROC curves 

(AUC), each of which are computed for independent class. In 
our four-class classification problem, the sensitivity for 
independent class is the prediction accuracy, and the specificity 
is defined in the same way for each class label, where the 
negative samples are the samples not in the considered class. 
Due to the imbalance of samples among different classes, the 
overall sensitivity (OS), overall precision (OP), and overall 
accuracy (OA) are also computed. The OA is defined as: 

correctly classified samplesOverall Accuracy = 
total number of samples .       (12) 

The proposed LACNN method is implemented using the 
Tensorflow framework [62] with NVIDIA Cuda v8.0 and 
cuDNN v5.1 accelerated library, and is coded in Python and 
MATLAB. All experiments are performed under an Ubuntu 
16.04 operating system on a machine with CPU Intel Core 
i7-7700K 3.60 GHz, GPU NVIDIA GeForce 1080 Ti, and 16 
GB of RAM.  

C. Compared Methods  
For the retinal OCT image classification problem, the 

proposed LACNN method is compared with other well-known 
classification methods: HOG-SVM [19], Transfer learning [39], 
VGG16 network [33], and MCME [34]. The HOG-SVM is a 
machine learning based method which utilizes the multiscale 
histogram of oriented gradients (HOG) descriptor to extract the 
feature vector from each B-scan and trains multiple binary 
SVMs with linear kernel for OCT classification. The other 
three approaches are based on deep leaning. By using the 
InceptionV3 architecture pretrained on the ImageNet dataset 
[30], the transfer learning method freezes all of the 
convolutional layers and only retrains the last fully connected 
layer to recognize OCT images among drusen, CNV, DME and 
normal macula. The VGG16 is a plain network for comparison 
purpose, which consists of multiple convolutional and pooling 
layers, and three fully connected layers. The MCME method 
utilizes the multi-scale convolutional mixture of expert 
ensemble model for 3-D OCT classification. In our experiments, 
the hyper-parameters for VGG16 were set to the same as that of 
LACNN (batch size = 24, initial learning rate = 10-5, weight 
decay factor λ = 0.0002, number of training epochs = 10), as 
described in Section IV-B. We implemented the transfer 
learning method based on the public codes 2, in which the 
number of training epochs was set to 10 for a fair comparison 
with other methods, and all the other hyper-parameters were 
kept unchanged (batch size = 256, initial learning rate = 10-3).   

D. Results on UCSD Dataset  
We firstly validated the proposed LACNN method on the 

UCSD dataset. In our experiments, we sequentially divided the 
whole UCSD datasets into η  subsets. In each experiment, 
LACNN model was trained with one subset and tested on the 
remaining ( 1)η − subsets. The experiments were repeated η  
times with each of the η  subsets used exactly once as the 
training set and the final experimental results were averaged 
over all the experiments. 

Table Ⅰ shows the quantitative results of different methods on 
the UCSD dataset (η  = 6). As can be observed, deep learning 

 
2 Codes can be downloaded at: https://data.mendeley.com/datasets/rscbjbr9sj/2 
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TABLE I 
CLASSIFICATION RESULTS (IN PERCENTAGE) ON UCSD DATASET. EACH OF THE FOUR ROWS GIVES THE CLASSIFICATION METRICS FOR INDIVIDUAL CLASS 

DRUSEN, CNV, DME AND NORMAL, RESPECTIVELY. THE BEST RESULTS IN THIS TABLE ARE LABELED IN BOLD 
Methods Classes ACC SE PR SP AUC OA OS OP 

HOG-SVM [19] 

Drusen 90.2 ± 0.4 29.5 ± 3.5 52.6 ± 4.0 97.0 ± 0.8 81.3 ± 0.9 

78.1 ± 0.7 65.3 ± 0.9 71.8 ± 1.3 
CNV 85.7 ± 0.2 87.6 ± 2.1 82.0 ± 1.1 84.0 ± 1.5 92.2 ± 0.2 
DME 91.4 ± 0.2 53.8 ± 2.1 74.6 ± 0.8 97.2 ± 0.2 87.3 ± 0.5 

Normal 89.1 ± 0.8 90.4 ± 1.2 78.1 ± 2.0 88.4 ± 1.4 94.6 ± 0.4 

Transfer Learning [39] 

Drusen 87.2 ± 0.7 70.7 ± 1.6 42.0 ± 1.7 89.1 ± 0.9 89.2 ± 0.7 

79.5 ± 1.0 77.9 ± 0.4 73.1 ± 1.1 
CNV 86.9 ± 1.1 76.2 ± 3.3 93.9 ± 0.7 95.9 ± 0.7 96.1 ± 0.3 
DME 91.6 ± 0.7 75.5 ± 3.2 66.9 ± 4.4 94.1 ± 1.3 93.8 ± 0.5 

Normal 93.3 ± 0.2 88.9 ± 1.3 89.5 ± 1.0 95.2 ± 0.6 98.1 ± 0.1 

VGG16 [58] 

Drusen 90.7 ± 1.0 54.7 ± 6.5 54.5 ± 5.3 94.7 ± 1.7 88.7 ± 0.7 

83.2 ± 1.2 76.2 ± 0.7 76.4 ± 1.5 
CNV 91.0 ± 1.2 86.6 ± 3.9 93.2 ± 1.5 94.7 ± 1.5 97.2 ± 0.3 
DME 92.8 ± 0.5 70.9 ± 4.7 74.6 ± 4.7 96.2 ± 1.1 93.6 ± 0.6 

Normal 91.8 ± 0.3 92.6 ± 3.4 83.3 ± 2.6 91.5 ± 2.0 97.2 ± 0.2 

LACNN 

Drusen 93.6 ± 1.4 72.5 ± 7.9 70.0 ± 5.7 95.9 ± 2.1 93.4 ± 1.5 

90.1 ± 1.4 86.8 ± 1.3 86.2 ± 2.3 
CNV 92.7 ± 1.5 89.8 ± 4.5 93.5 ± 1.3 95.1 ± 1.6 97.7 ± 0.5 
DME 96.6 ± 0.2 87.5 ± 1.5 86.4 ± 1.6 98.0 ± 0.3 97.4 ± 0.4 

Normal 97.4 ± 0.2 97.3 ± 1.0 94.8 ± 1.1 97.4 ± 0.5 99.2 ± 0.2 

 

 
Fig. 6. Examples of classification results of the proposed LACNN. We present 
the predicted categories and the corresponding probability scores. (a) Correctly 
classified cases; (b) Inaccurately classified cases.  

based methods (e.g., transfer learning, VGG16, and LACNN) 
achieve a better performance than HOG-SVM method. In 
addition, by introducing lesion-attention modules, the LACNN 
achieves much improvement in terms of all quantitative metrics 
compared with the transfer learning and plain VGG16 network. 
Specifically, when using one sixth of the OCT data (about 
13000 images) for training, we achieve an OA of 90.1%. For 
each individual class of the Drusen, CNV, DME and Normal, 
the gains (on the sensitivities) of the LACNN over its 
counterpart without lesions attention are about 17.8%, 3.2%, 
16.6% and 4.7%, respectively, which demonstrates the 
effectiveness of utilizing macular lesions information to guide 
CNN for OCT classification. Moreover, the LACNN also 
outperforms the transfer learning method with the 
improvements of about 10% in OA, and significant 
improvement of ACC, SE and SP for individual class can also 

TABLE II 
CLASSIFICATION RESULTS (IN PERCENTAGE) TOGETHER WITH AVERAGE TEST 
TIME (IN SECOND/VOLUME) ON NEH DATASET. THE BEST RESULTS IN THIS 

TABLE ARE LABELED IN BOLD 
Methods OS OP F1-score AUC Test Time  
Transfer 

Learning [39] 84.33 ± 6.19 87.00 ± 5.99 84.20 ± 6.20 94.51 ± 3.47 0.0009 

MCME  
(l3-l2-l1) [34] 97.30 ± 2.49 97.76 ± 2.11 97.38 ± 2.45 99.30 ± 1.39 0.0074 

MCME 
(l4-l3-l2-l1) [34] 99.36 ± 1.33 99.39 ± 1.21 99.34 ± 1.34 99.80 ± 1.19 0.0082 

LACNN 99.33 ± 1.49 99.39 ± 1.36 99.33 ± 1.49 99.40 ± 1.34 0.0206 

 
be observed. This demonstrates that the LACNN can exploit 
the discriminative lesion features to achieve high performance 
when only very limited number of samples is available.  

Fig. 6 shows examples of correctly (a) and inaccurately (b) 
classified cases, together with the corresponding probability 
score for each class. From Fig. 6 (a), we can see that guided by 
the lesions information the LACNN can correctly classify OCT 
images with high confidence scores. From Fig. 6(b), we can 
find that some misclassification cases happen between Drusen 
(with small lesion areas) and Normal. The reason might be that 
it is particularly difficult for the LDN to detect the lesion of 
drusen with small areas. Another misclassification cases 
happen between CNV (with lesions of subretinal fluid) and 
DME, because both of them contain severe fluid accumulation 
with similar visual characteristics.  

It should be noted that the average training and test time for 
LACNN is about 0.0095 and 0.0012 second per B-scan, 
respectively. For the plain VGG16 network, the training and 
test time is about 0.0087 and 0.0011 second per B-scan, 
respectively. This shows that the time complexity of LACNN is 
similar to that of VGG16, but the LACNN can achieve 8.3% 
performance gain (in OA) compared with the VGG16.  

E. Results on NEH Dataset  
We also evaluated the proposed LACNN method on the 

NEH dataset. In order to achieve fair comparison with [34], we 
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TABLE III 
CLASSIFICATION RESULTS (OA IN PERCENTAGE) OF DIFFERENT LESION ATTENTION STRATEGIES. THE BEST RESULT IN THIS TABLE IS LABELED IN BOLD 

Methods LACNN-1 LACNN-2 LACNN-3 LACNN-4 LACNN-5 LACNN-A VGG16 LACNN 
OA 89.2 ± 1.2 88.9 ± 1.2 88.0 ± 1.1 87.8 ± 0.8 85.4 ± 2.1 87.3 ± 1.9 83.2 ± 1.2 90.1 ± 1.4 

 

 
Fig. 7. Comparison of the learning efficiency between three CNN models 
(Transfer learning, VGG16, and LACNN). (a) Training loss; (b) Validation 
loss; (c) Validation accuracy. 

performed 5-fold cross validation and utilized the diagnostic 
strategy adopted in [34]. In our experiments, the diagnostic 
thresholds for the transfer learning, MCME, and LACNN 
methods are all chosen to 25%, which can almost obtain their 
best results. We augmented the NEH dataset by horizontally 
flipping and rotating between +15 and -15 degrees to alleviate 
overfitting. In addition, a dropout factor of 70% was used in the 
first two FC layers of LACNN and the weight decay factor λ for 
LACNN was set to 0.002. Other experimental parameters for 
LACNN and transfer learning methods (e.g., batch size, 
learning rate, number of training epochs) were kept unchanged 
as described in Section IV-B. 

The classification results are shown in Table II. As can be 
observed, the proposed LACNN method outperforms the 
transfer learning method and the simple version (l3-l2-l1) of 
MCME method with the improvements of about 15% and 2% 
in OS, respectively. In addition, the LACNN method achieves 
competitive performance in comparison with the best version 
(l4-l3-l2-l1) of MCME method, which demonstrates the 
effectiveness of utilizing macular lesions information to guide 
CNN for the classification of 3-D OCT volumes. Although the 
time complexity of LACNN is higher than that of the other 
evaluated methods, the proposed LACNN is an end-to-end 
model, and the test time of 0.0206 second per OCT volume can 
still meet the requirement of the clinical diagnosis for the eye 
diseases. Note that, in this experiment, we directly transfer the 
LDN (trained on lesion-level samples from UCSD dataset) to 
create attention maps for OCT images in NEH dataset, and 
higher performance of LACNN can be expected if more 
macular lesions from NEH dataset are utilized in the training 
process of LDN.  

F. Learning Efficiency during Training  
In this section, the learning efficiency of different deep 

learning models are compared on UCSD dataset. To achieve a 
fair comparison, the mini-batch size in each method is set to 24  

 
Fig. 8. Effect of different numbers of training samples for HOG-SVM, Transfer 
Learning, VGG16, and LACNN on UCSD dataset. 

and the number of maximum epochs is selected to be 10 to 
ensure reliable convergence for each method. Other parameters 
(e.g., learning rate) are kept as the same as that in Section IV-B. 
Similar to [39], additional 1000 B-scans (250 Drusen, 250 CNV, 
250 DME and 250 Normal) independent of the training dataset 
are used as validation set. Fig. 7 depicts the learning process of 
three models in terms of (a) training loss, (b) validation loss, 
and (c) validation accuracy over the training steps. Plots are 
normalized with a smoothing factor of 0.6 to clearly visualize 
the trends.  

In comparison to VGG16 network, the training and 
validation losses of LACNN start with a rapid descent and then 
reach the convergence soon, which demonstrates that the 
proposed LACNN method can significantly accelerate the 
network training process. This also shows that the detected 
macular lesion information can guide the network to pay more 
attention to important and discriminative features while 
ignoring insignificant and trivial features. In addition, we can 
observe that the LACNN also learns faster than transfer leaning 
methods and exhibits considerably lower validation error, 
verifying that the information introduced by lesion-attention 
modules is more beneficial to the OCT classification, compared 
with the transferred knowledge from natural image domain. 

G. Effect of Different Numbers of Training Samples  
In this section, the effect of different numbers of training and 

test samples on each method is analyzed on UCSD dataset. The 
parameters for all the methods are kept the same as that in 
Section IV-B. In this experiment, the overall accuracy, overall 
sensitivity, and overall precision are used here, and η  varies 
from 2 to 10 (from 1/2 to 1/10 of the whole samples for training) 
for the UCSD dataset. The results are shown in Fig. 8. As can 
be observed, the performances of all methods generally 
improve as the numbers of training samples increase. More 
importantly, the proposed LACNN method consistently 
provides superior performances over the other compared  
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TABLE IV 
CLASSIFICATION RESULTS (IN PERCENTAGE) OF THE LACNN INTEGRATED WITH DIFFERENT CNN ARCHITECTURES. THE BEST RESULTS IN THIS TABLE ARE 

LABELED IN BOLD 
Methods Classes ACC SE PR SP AUC OA OS OP 

AlexNet [30] 

Drusen 90.0 ± 1.9 58.5 ± 7.3 51.5 ± 5.2 93.9 ± 2.9 87.8 ± 2.7 

81.5 ± 2.8 75.2 ± 2.7 76.9 ± 1.4 
CNV 90.4 ± 1.3 84.5 ± 4.3 94.0 ± 2.2 95.3 ± 1.4 96.9 ± 0.6 
DME 92.2 ± 1.1 69.8 ± 4.8 75.9 ± 4.7 95.7 ± 1.7 93.0 ± 1.3 

Normal 90.9 ± 1.3 91.5 ± 7.8 86.2 ± 3.3 90.7 ± 3.4 97.0 ± 0.4 

LACNN-AlexNet  

Drusen 93.5 ± 1.3 74.7 ± 5.3 67.4 ± 9.4 95.6 ± 2.3 94.3 ± 0.6 

89.4 ± 1.8 85.5 ± 1.3 84.8 ± 2.5 
CNV 93.0 ± 1.6 89.4 ± 4.9 94.8 ± 1.4 95.9 ± 1.3 97.9 ± 0.4 
DME 95.6 ± 0.6 82.6 ± 5.3 85.0 ± 5.9 97.6 ± 1.1 96.3 ± 0.5 

Normal 96.2 ± 0.4 96.3 ± 1.3 92.1 ± 1.2 96.2 ± 0.7 98.8 ± 0.2 

Inception [63] 

Drusen 93.7 ± 0.7 77.3 ± 9.7 66.3 ± 4.9 95.5 ± 1.1 94.8 ± 1.0 

87.8 ± 2.5 85.5 ± 1.5 83.3 ± 2.7 
CNV 92.8 ± 1.6 88.4 ± 5.1 95.5 ± 1.9 96.4 ± 1.8 98.1 ± 0.3 
DME 94.6 ± 2.3 82.9 ± 5.8 80.2 ± 5.2 96.4 ± 3.3 96.8 ± 0.8 

Normal 95.1 ± 0.8 93.3 ± 4.4 91.3 ± 3.2 95.9 ± 1.8 98.8 ± 0.3 

LACNN-Inception 

Drusen 94.9 ± 1.1 78.8 ± 5.7 68.8 ± 4.3 96.7 ± 2.1 96.0 ± 0.7 

92.1 ± 0.9 89.3 ± 1.6 87.6 ± 2.9 
CNV 94.5 ± 1.0 92.3 ± 3.6 96.9 ± 1.3 96.4 ± 1.5 98.6 ± 0.4 
DME 97.1 ± 0.5 88.9 ± 1.2 90.1 ± 3.6 98.3 ± 0.5 97.9 ± 0.4 

Normal 97.5 ± 0.3 97.2 ± 1.1 94.5 ± 1.7 97.7 ± 0.6 99.3 ± 0.2 

 
methods under all the different numbers of training samples. In 
particular, when small number of training samples are used, our 
proposed LACNN method has more advantages over other 
methods. When we use a half of data (almost 42000 B-scans) 
for training, we achieve an average overall accuracy of 93.3%. 

H. Comparison of Different Lesion Attention Strategies   
In this subsection, we compare different lesion attention 

methods to prove the effectiveness of the proposed attention 
strategy. Table III shows the overall accuracy values obtained 
by different attention methods on UCSD dataset. Here, the 
LACNN-i (i = 1, 2 … 5) refers to method that only inserts the 
lesion-attention module before i-th pooling layer of VGG16 
network, respectively. The LACNN-A represents method that 
inserts the lesion-attention module after all of convolutional 
and pooling layers. In this experiment, we set η  to 6.  

From Table III, we can see that adopting lesion-attention 
modules can improve the classification performance to some 
extents, compared with the plain VGG16 network, and the 
proposed strategy (in LACNN) indeed outperforms other 
methods. In addition, we can also observe that integration of 
lesion information in shallow layers performs better than that in 
deep layers. Our explanation is that shallow layers capture fine 
features with rich spatial information while deeper layers 
encode abstract features with less detailed structural 
information. Therefore, the shallow features weighted by 
attention maps are more discriminative for classification. 
However, inserting too many lesion-attention modules may 
conversely bring in redundant information, which greatly 
degrades the performance and increases the computational cost 
(e.g., LACNN-A).  

I. Integration with Different Architectures 
We next investigate the effect of integrating the 

lesion-attention modules with other state-of-the-art CNN 
architectures, e.g., AlexNet [30] and InceptionV3 [63] on 
UCSD dataset. When the baseline network is the AlexNet, we 
include the lesion-attention modules before the pool1, pool2, 
conv4, conv5, and pool5 layers. When using InceptionV3 as 

baseline network, we incorporate the lesion-attention modules 
into InceptionV3 before each inception block. By making these 
changes for above CNN architectures, we can construct 
LACNN-AlexNet and LACNN-Inception models, respectively. 
In this experiment, η  is also set to 6 and the LACNN-AlexNet 
is trained using Adam optimizer with initial learning rate of 10-4 
and mini-batch size of 32. For the LACNN-Inception network, 
optimization is performed using Adam with initial learning rate 
of 10-4 and a mini-batch size of 12 images due to limitation of 
computation memory. For each considered CNN model, the 
original OCT images were resized to the input size of each 
model. 

The results on UCSD dataset are shown in Table IV. As can 
be seen, significant performance improvements can be 
achieved when lesion-attention modules are incorporated into 
both architectures. In particular, the LACNN-AlexNet achieves 
an overall accuracy of 89.4%, which is superior to its plain 
counterpart AlexNet (75.2%). The LACNN-Inception 
outperforms the Inception by a margin of 4.3% (OA) at 
minimal increases in computational cost. The results show that 
our LACNN can be effectively applied on different CNN 
architectures. We also note that the performance growth of the 
LACNN-Inception over its plain counterpart is less than that of 
the LACNN-AlexNet. One of the reasons might be that the 
Inception network is deeper and wider than AlexNet, and thus it 
will be harder to be optimized. 

V. CONCLUSIONS  
In this paper, we proposed a novel lesion-aware 

convolutional neural network (LACNN) method for retinal 
OCT image classification. Compared with the previous 
networks, the proposed LACNN adopts attention mechanism to 
focus on salient macular lesion-related regions within an OCT 
image. In addition, guided by the lesion-related information, 
the classification network can utilize the information from local 
lesion-related regions to achieve more efficient and accurate 
OCT classification. The experimental results on two clinical 
OCT datasets demonstrated the superiority of the proposed 
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LACNN method over several well-known classical and deep 
learning methods. 

In this paper, we utilized the information of various kinds of 
macular lesions for improving retinal OCT image classification. 
However, the proposed LACNN framework can be easily 
applied to any other complex macular diseases, such as macular 
hole (MH), which is characterized by full- or partial-thickness 
macular hole located in macula. Therefore, in our future works, 
we will investigate the applicability of the proposed LACNN 
model for classifying OCT images from other pathologies (e.g., 
macular hole, macular telangiectasia, and central serous 
retinopathy).  
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