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Abstract

Purpose: Diabetic retinopathy (DR) is characterized by retinal lesions affecting people having
diabetes for several years. It is one of the leading causes of visual impairment worldwide.
To diagnose this disease, ophthalmologists need to manually analyze retinal fundus images.
Computer-aided diagnosis systems can help alleviate this burden by automatically detecting
DR on retinal images, thus saving physicians’ precious time and reducing costs. The objective
of this study is to develop a deep learning algorithm capable of detecting DR on retinal fundus
images. Nine public datasets and more than 90,000 images are used to assess the efficiency of the
proposed technique. In addition, an explainability algorithm is developed to visually show the
DR signs detected by the deep model.

Approach: The proposed deep learning algorithm fine-tunes a pretrained deep convolutional
neural network for DR detection. The model is trained on a subset of EyePACS dataset using
a cosine annealing strategy for decaying the learning rate with warm up, thus improving the
training accuracy. Tests are conducted on the nine datasets. An explainability algorithm based
on gradient-weighted class activation mapping is developed to visually show the signs selected
by the model to classify the retina images as DR.

Result: The proposed network leads to higher classification rates with an area under curve
(AUC) of 0.986, sensitivity = 0.958, and specificity = 0.971 for EyePACS. For MESSIDOR,
MESSIDOR-2, DIARETDBO, DIARETDB1, STARE, IDRID, E-ophtha, and UoA-DR, the
AUC is 0.963, 0.979, 0.986, 0.988, 0.964, 0.957, 0.984, and 0.990, respectively.

Conclusions: The obtained results achieve state-of-the-art performance and outperform past
published works relying on training using only publicly available datasets. The proposed
approach can robustly classify fundus images and detect DR. An explainability model was devel-
oped and showed that our model was able to efficiently identify different signs of DR and detect
this health issue.
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1 Introduction

Diabetic retinopathy (DR) is one of the leading causes of visual impairment worldwide with a
global prevalence of 4.8% DR blindness.' The incidence of diabetes is increasing, with signifi-
cant variations across ethnic and racial groups worldwide. DR is characterized by retinal lesions
in people having diabetes mellitus for several years. This disease is detected by a systematic
examination of the fundus of the eye. At the initial stage, DR appears with no symptoms, but
its progression can lead to a progressive loss of visual acuity and blindness. The earliest signs of
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Fig. 1 Examples of (a) a normal retina and (b) a DR damaged retina.

DR appearing on the retina are microaneurysms (MA) because of abnormal blood leakage from
retinal vessels. MA are very small and appear as red dots with sharp margins. When blood ves-
sels are broken by abnormal swelling, bleeding creates hemorrhage (HM), which is similar to
MA but larger and clearly visible in the retina image. More capillary leakage can create exudates
(EX), a fluid rich in protein and cellular elements. They are often arranged in yellow spots and
located in or adjacent to the outer plexiform layer. A simple comparison between normal retina
and retina with DR is shown in Fig. 1. Figure 2 shows an example of these signs. It takes a
considerable amount of time, resources, and money to manually diagnose DR. A computer-aided
diagnosis (CAD) system reduces work for the clinicians, saves time and money, and improves
use of available resources. Machine learning and deep learning can be efficiently used to develop
such a CAD system.

Various approaches have been proposed for DR detection, however, detecting DR in the
retinal fundus images is still a challenging task. The limitations are mainly due to the spherical
shape of the eye, leading to a brighter region in the center of the retina and dark regions in the
borders. Nonuniform lighting, low contrast, small lesions (MA), and the presence of objects in a
normal retina that have similar attributes to EX, HM such as optic disc and blood vessels, makes
the task of identifying EX, MA, and HM very difficult. Furthermore, the attributes of EX, MA,
and HM are characterized by different shapes that can be lost depending on the image processing
algorithm used during preprocessing.

In a previous work,” machine learning and computer vision techniques were used to extract
DR signs. LBP,? LTP,* and LESH?® are used to extract the features histogram and support vector
machine (SVM) is used to classify EX, MA, and HM. Tests on MESSIDOR dataset® achieve an
area under curve (AUC) score of 0.931 for LESH, 0.916 for LTP, and 0.897 for LBP. The score is
interesting, but this technique requires a feature extraction step. It is also time-consuming during
the SVM process because the feature vectors are very large. In deep learning, a CNN model is
learned in an end-to-end manner. It automatically learns the characteristics and has exceptional
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Fig. 2 Different signs of DR on fundus images: (a) EX, (b) HM, and (c) MA.
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classification performances. In 2014, Simonyan and Zisserman’ proposed a CNN model called
VGGNet, which contains 19 layers and discovered that depth is critical to improve the results.
Based on these results, deeper models such as Inception® and ResNet’ were proposed, showing
incredible efficiency in many computer vision tasks. Mansour'® combined deep learning and
machine learning techniques for DR detection. The author applied multiple techniques for fea-
tures extraction. An adaptive learning-based Gaussian mixture model was used for background
subtraction and connected component analysis was used for region of interest localization.
Alexnet,'!' CNN, and spatial invariant feature transform'” were used for features extraction.
Principle component analysis'® and linear discriminant analysis (LDA)!* were used for feature
selection. For DR classification, the author used SVMs. EyePACS dataset was used for training
and testing. The best performing technique was Alexnet with LDA, which gives an accuracy
(ACC) of 97.7%.

Chalakkal et al.'® presented a framework for detecting Macular Edema on fundus retinal
images. The authors used a CNN for features extraction and k-NN-based classifier. They com-
bined three datasets (MESSIDOR, IDRID, and UoA-DRlﬁ) to give a total of 1903 retinal images
used in their experiments. The best CNN model for features extraction was an InceptionResnet-
v2 with k-NN classifier achieving a sensitivity (SE) of 0.623, a specificity (SP) of 0.930, and
an ACC of 0.853.

Gulshan et al.'” applied deep learning techniques for detecting DR. They used an Inception
V3" architecture. Tests conducted on EyePACS'® and MESSIDOR-2° datasets show very inter-
esting results. For EyePACS and MESSIDOR-2, the AUCs were 0.991 and 0.990, respectively.
So far, this study remains the benchmark for all research in DR because of the highest score
obtained. In this study, the authors use a private dataset named EyePACS-1 with around 120,000
fundus images. This makes the network more efficient by training it on a larger amount of data.
Voets et al.”” tried to reproduce the work above. They used the same CNN but could not achieve
similar performances. They obtained an SP of 67.2% (resp. 44.0%) and an SE of 68.2% (resp.
64.8%). This is mainly due to nonavailable training data that were used in the previous work.!”
Using image normalization techniques, they managed to increase the performance of their algo-
rithms and obtained an AUC of 0.94 (resp. 0.82). Roy et al.?! built discriminative and generative
pathology histograms and combined them with feature representations extracted from fully con-
nected CNN layers. They used random forest (RF) for classification.”> The authors used
EyaPACS' dataset for training and testing and they show interesting results with a quadratic
kappa score = 0.86. This method produces robust features. For classification, the model based on
SVM outperforms the RF?? classifier because overfitting can easily occur with RF. RF also needs
the number of trees as input. In a similar study,? the authors provided an innovative method for
red lesion (HE) detection based on combining both deep learning and domain knowledge.
Features learned by a CNN are improved by incorporating hand-crafted features. Ensemble vec-
tor of descriptors is subsequently used to detect true lesion candidates using an RF classifier.*?
The performance of this method on a per-lesion basis on DIARETDB 1** and E-ophtha® datasets
achieved an AUC = 0.893 and SE = 91.09% for the DIARETDBI dataset and an AUC =
0.9347, SE = 97.21% for the E-ophtha dataset. Lin et al.’® used CNN to detect DR using
a sample of 21,123 interpretable fundus photographs obtained from EyePACS'® dataset. They
excluded images with low quality, thus the dataset was expanded to 33,000 images by rotating
and flipping. 30,000 images are randomly selected as the training set and the remaining 3000
images used as the testing set. The system achieves an ACC, SE, and SP of 81.80%, 68.36%, and
89.87%, respectively. Doshi et al.”” used an ensemble learning based on three CNNs with five
convolutional layers to detect DR. The quadratic kappa scores on EyePACS for the three models
are: model 1 = 0.3066, model 2 = 0.35, and model 3 = 0.386. The kappa score for the hybrid
model is 0.3996. Wang et al.?® used a CNN termed Zoom-in-Net, which mimics the zoom-in
process of a clinician to examine the retinal images. Zoom-in-Net generates attention maps and
predicts the disease level. It was validated on EyePACS and MESSIDOR® datasets and achieved
a kappa score of x = 0.857 (resp. k = 0.849). In a similar study,”” Brown et al. used an auto-
mated diagnosis of plus disease in retinopathy of prematurity using deep convolutional neural
networks (DCNNSs). The study includes 5511 retinal photographs; the algorithm achieved aver-
age AUCs of 0.94 and 0.99 for the diagnoses of normal and plus disease, respectively. On an
independent test set of 100 images, the algorithm achieved 91% ACC and the quadratic kappa
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scores k2 = 0.92. Grinsven et al.** presented a CNN with nine layers inspired by OxfordNet’ to
detect HM on color fundus images. They selected 6679 images from EyePACS dataset for
training. MESSIDOR dataset was used as an independent set for testing. The model achieved
an AUC of 0.972 for MESSIDOR and 0.894 for EyePACS test set. Colas et al.*! proposed a
deep convolutional network for detecting DR lesions. They trained the DCNN model on
70,000 images and tested on 10,000 images from the EyePACS dataset. Their model achieved
an SE = 0.962, an SP = 0.666, and an AUC = 0.946. Zeng et al.*> presented two CNN mod-
els: monocular Inception V3 model and a binocular model. The authors trained these CNNs
with a transfer learning technique and they customized the loss function by combining cross
entropy loss and contrastive loss in order to guide the gradient descent. They used 28,104
images for training and a test set of 3510 images obtained from the EyePACS dataset.
Monocular Inception V3 gives an AUC of 0.938 and the binocular model has an AUC of
0.949. Chalakkal et al.*® presented a deep learning approach based on CNN. The authors used
an unsupervised CNN that evaluates the field definition and content in the retina images. The
model was tested on 7007 images from seven different public datasets including 3000 images
from the EyePACS dataset. The model achieved SE, SP, and ACC of 0.983, 0.951, and 0.974,
respectively. The study of Li et al.>* combines deep learning and a machine learning approach.
They used 34,124 training images and 1000 for validation and tested on 53,572 images from
the EyePACS dataset. The experimental results of the proposed method achieved an ACC of
0.861.

For all these studies, we see very interesting scores due to many reasons; first, the large
number of images in the datasets used for training the algorithms; second, optimization of hyper-
parameters applied to CNN; third, the training methods are end-to-end or transfer learning. End-
to-end learning generally means omitting any hand-crafted intermediate algorithms and learning
straight from the sample data set to solve a particular problem. Transfer learning has also proven
effective in processing large datasets because it gives very interesting results even if the transfer
of data knowledge is between two different types of datasets. But the use of this technique can be
difficult, especially with medical datasets that can be unbalanced.

In this paper, we propose an approach to perform transfer learning and fine-tuning, which
will allow us to take advantage of the pretrained weights on millions of images and adjust them to
our task. We empirically analyze the impact of the fine-tuned fraction of the final results. Then
we propose to use a cosine learning rate decay with warm up to customize all the pretrained
weights from the ImageNet™ dataset and make them progressively fit our data. The proposed
model can be used as a baseline to detect DR on fundus retinal images. Tests are conducted on
eight publicly available datasets: EyePACS,'” MESSIDOR,® MESSIDOR-2,° DIARETDBO,*
DIARETDBI1,** STARE,*’ E-ophtha,” IDRID,* and UoA-DR.** Average ACCs, SEs, SPs,
and AUCs are computed in a 10-fold cross-validation scheme. We compare our work with recent
approaches and demonstrate that the proposed approach is able to achieve higher scores in
DR detection across multiple datasets. Testing with multiple datasets helps benchmark the
generalization performance of the proposed algorithm and makes it more robust to real-life
conditions.*° It is worth mentioning that this work relies only on available public datasets, while
many high-performing techniques proposed in the literature use proprietary data (hundreds of
thousands more images) to achieve equivalent scores to ours. Finally, to explain the results of the
proposed deep model, we developed a technique based on gradient-weighted class activation
mapping (Grad-CAM) to visually show the signs selected by the model to classify the retinal
images as DR and analyze the misclassification results.

2 Proposed Approach

The proposed approach is based on a DCNN Inception-Resnet-v2. In the first step, we fine-tuned
the original DCNN by customizing the fully connected layers (see Sec. 2.1). In the second step,
we train this fine-tuned CNN on the EyePACS dataset by applying a cosine learning rate decay
with warm up. Finally, the learned model was tested on eight public datasets. Figure 3 shows
the pipeline of the proposed approach.

Journal of Medical Imaging 044503-4 Jul/Aug 2020 « Vol. 7(4)



Chetoui and Akhloufi: Explainable end-to-end deep learning for diabetic retinopathy detection. ..

10x 20x 10x
Original FC layers

Convolution New customized part
Max pool l l l l

Avg pool

Input image

g‘ma‘ Transfer learning with cosine
@ Dropout -
@ Fuly connected learning rate decay warmup )
@ Softmax Teston :
Residual -EyePACS
-MESSIDOR Normal DR
o : - ‘ -MESSIDOR-2
Original __ Fine-tuned __ Training on Learned _, _DiaretDB0O
DCCN | DCNN | EyePACS dataset model _DiaretDB1
-STARE
-E-ophtha
-IDRID
-UoA-DR

Fig. 3 Proposed approach for DR detection.
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Fig. 5 The customized network with Stem module.

2.1 Transfer Learning and Fine-Tuning

Our proposed CNN model is Inception-Resnet-v2. It consists of a combination of two recent
networks, a residual network and a recent version of an inception architecture. Several
studies used the residual network in their experiments and achieved state-of-the-art ACCs in
various computer vision and medical imaging classification tasks.*!~* The residual blocks solve
the problem of “vanishing gradient” by allowing the gradients to flow directly through the skip
connections, thus reducing the vanishing effect.* In addition, inception modules allow for
deeper networks without overfitting and more efficient computation.® The inception modules
included in our model have a set of filters with different scales, 1 X 1, 3 X 3, and 5 X 5, that
are merged with concatenation in each branch. The split-transform-merge architecture of the
inception module has a powerful representational ability in its dense layers. Inception modules
and residual blocks make the proposed network hybrid and robust. The core module of the
network includes Inception-Resnet-A, Inception-Resnet-B, and Inception-Resnet-C blocks
as shown in Fig. 4. The full customized network architecture with a Stem module is shown
in Fig. 5.

The model architecture consists of two main parts. The first part of Inception-Resnet-v2 is a
feature extraction that learns global, invariant, and high-level features. The convolution part on
the top has 5 convolutional layers, each one followed by batch normalization, 2 pooling layers,
43 inception modules, and 3 residual connections. The second part deals with classification.
It consists of fully connected and Softmax layers. We customize this second part by removing
the fully connected part of the model and build one customized to our number of classes of
normal versus DR. We also added global average pooling and two fully connected layer with
the rectified linear unit (ReLU) function as activation. We added a dropout layer with 25%
dropout probability to minimize overfitting. Finally, a Softmax layer gives normalized class
probabilities for the output being “normal” or “DR.” We tested nine configurations:

1. IncRes-v2-WF. We use a pretrained model without fine-tuning.

2. IncRes-v2-1FT, IncRes-v2-2FT, IncRes-v2-3FT, and IncRes-v2-AllFT. We fine-tuned the
weights of the network by gradually unfreezing the lower layers of the convolutional part
of the CNN (the last block, the last two blocks, the last three blocks, and all the convolu-
tional blocks).

3. IncRes-v2-FTCDW, IncRes-v2-FTCD, IncRes-v2-FTED, and IncRes-v2-FTSD. We fine-
tuned all the weights of the network by performing back-propagation on all the layers with
a cosine learning rate decay with warm up, cosine decay, exponential decay, and step
decay, respectively.
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Fig. 6 Sample fundus images in MESSIDOR and MESSIDOR-2 datasets.

3 Datasets

3.1 MESSIDOR and MESSIDOR-2

MESSIDOR® contains 1200 color images of the eyes’ retinal fundus acquired by 3 ophthalmo-
logical departments. They used a 3 CCD camera on a Topcon TRC NW6 nonmydriatic
retinograph with a 45-deg field of view (FOV) with resolution of 1440 x 960, 2240 x 1488,
and 2304 x 1536. Figure 6 shows some fundus images of the MESSIDOR dataset. The
MESSIDOR-2 (Ref. 6) is an extension of the original MESSIDOR database for DR. It contains
1748 retinal images. The images were acquired with a Topcon TRC NW6 nonmydriatic fundus
camera with a 45-deg FOV. The two datasets come with multiple resolutions (see Table 1).

3.2 E-Ophtha

The dataset® consists of 381 compressed images of which 148 have MA and 233 are healthy.
Images were acquired at more than 30 screening centers around France. There are no separate
testing and training datasets provided. The variety of image quality and resolution of
2048 x 1360 makes it the most challenging publicly available dataset. Figure 7 shows some
fundus images of the E-ophtha dataset.

Table 1 Public datasets used for training and testing in our study.

Name No. of images Resolution Uses
EyePACS 88,702 1440 x 960, 2240 x 1488, 2304 x 1536, DR grading EX, HM, and
4288 x 2848 MA detection

MESSIDOR 1200 1440 x 960, 2240 x 1488, 2304 x 1536 EX, HM, MA, and abnormal
blood vessels detection

MESSIDOR-2 1748 1440 x 960, 2240 x 1488, 2304 x 1536 EX, HM, MA, and abnormal
blood vessels detection

DIARETDBO 130 1500 x 1152 EX, HM, MA, and abnormal
blood vessels detection

DIARETDB1 89 1500 x 1152 EX, HM, MA, and abnormal
blood vessels detection

E-ophtha 381 2048 x 1360 MA detection

STARE 400 605 x 700 EX, HM, MA, and abnormal

blood vessels detection

IDRID 516 4288 x 2848 EX, HM, MA, and abnormal
blood vessels detection

UoA-DR 200 2124 x 2056 EX, HM, MA, and abnormal
blood vessels detection
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Fig. 7 Sample fundus images in the E-ophtha dataset.

3.3 DIARETDBO and DIARETDB1

DIARETDBO* contains 130 color fundus images of which 20 are normal and 110 contain signs
of the DR (hard EX, soft EX, MA, HM, and neovascularization) with a unique resolution of
1500 x 1152 pixels. DIARETDB 1?* consists of 89 retinal images. The fundus images were cap-
tured with a 50-deg FOV digital fundus camera. The data correspond to practical situations and
can be used to evaluate the general performance of diagnosis methods. This data set is referred to
as “calibration level O fundus images.” Figure 8 shows some fundus images of DIARETDBO and
DIARETDBI datasets.

3.4 STARE

This dataset® is comprised of retinal color images acquired by a TRV50 fundus camera (Topcon
Corp., Tokyo, Japan) at a 35-deg field with 605 X 700 pixels resolution images. It contains 397
images in 14 disease categories including emboli, branch retinal artery occlusion, cilio-retinal
artery occlusion, branch retinal vein occlusion, central retinal vein occlusion (CRVO), hemi-
CRVO, background DR, proliferative diabetic retinopathy (PDR), arteriosclerotic retinopathy,
hypertensive retinopathy, coat’s disease, and macroaneurism. Figure 9 shows some fundus
images of the STARE dataset.

Fig. 8 Sample fundus images in DIARETDBO and DIARETDB1 datasets.

Fig. 9 Sample fundus images in the STARE dataset.
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Fig. 10 Sample fundus images in the IDRID dataset.

3.5 IDRID

This dataset contains 516 images with a variety of pathological conditions of DR. The images
were acquired using a Kowa VX-10 alpha digital fundus camera with a 50-deg FOV and all are
centered near the macula. The images have a resolution of 4288 x 2848 pixels. Medical experts
provided the diagnosis for each image and evaluated the presence of DR and a retinopathy grade
from O (normal) to 4 (severe). Figure 10 shows some fundus images of the IDRID dataset.

3.6 UoA-DR

The UoA-DR'® dataset was created as part of the University of Auckland research, which aims to
establish an automatic diagnostic system that could screen patients affected by DR. This data-
base has been developed in partnership with three Indian hospitals: Al-Salama Eye Hospital,
Dr. Tony Fernandez Eye Hospital, and Giridhar Eye Institute. The ophthalmologists from these
hospitals acquired retinal images from their patients, collecting a total of 200 images. The photos
were taken in JPEG format using a Zeiss VISUCAM 500 fundus camera with an FOV of 45 deg
and a resolution of 2124 X 2056 pixels. The dataset is categorized into three classes: healthy,
nonproliferative DR, and PDR. Figure 11 shows some fundus images from the UoA-DR dataset.

3.7 EyePACS

This dataset contains more than 88,702 high-resolution images under a variety of imaging con-
ditions. These retina images were obtained from a group of subjects, and for each subject, two
images were obtained for left and right eyes, respectively. The images come from different cam-
era models and sizes, which can affect the visual appearance of left versus right. Figure 13 shows
a sample of images from EyePACS. This dataset is unbalanced as normal images with label “0”
represent a large class, whereas PDR images represent a small portion of the dataset images.
Figure 12 shows a sample fundus images in the EyePACS dataset.

Table 1 gives an overview of each dataset. Fifteen fundus images are excluded because no
circular mask was detected. We split EyePACS into 79,897 images for training and 8790 for
testing. Figure 13 shows a diagram of the EyePACS dataset distribution. According to
Refs. 26 and 32, we defined the patient as having DR if the DR stage is between 2 and 4 (mod-
erate, severe, and proliferative). Images labeled 0 and 1 are classified “normal” and relabeled
with 0, images with labels of 2, 3, and 4 are classified as “DR” and relabeled with 1. For the
unbalanced classes, we use the class-weight technique. This technique the asymmetry of cost

Fig. 11 Sample fundus images in the UoA-DR dataset.
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Fig. 12 Sample fundus images in the EyePACS dataset.
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errors directly into account during the model training on the EyePACS dataset. We used the
MESSIDOR datasets to detect the presence of DR (Ex, HM, and MA) using DR labeling as
in the work of Chalakkal et al.,'> Wang et al.,”® and Grinsven et al.* The detection of diabetic
macula edema is not considered in this work since the EyePACS used for training does not have
grades for macular edema.

The nine datasets contain fundus images with the sphere of the retina surrounded by black
margins. These black regions were cropped and the images were resized to 299 x 299 pixels
(input size of our deep CNN). All training and testing images were normalized by subtracting
the average and dividing by the standard deviation computed on all the pixels of an image.

4 Experimental set Up

4.1 Training

At the beginning of the training, CNN’s parameters are usually random values, and therefore,
far from the final solution. The use of a high learning rate can lead to numerical instability.
In our study, we use a small learning rate at the beginning and then switch back to the initial
learning rate. Based on the gradual warm-up strategy proposed by Goyal,*® we linearly increase
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the learning rate from O to the initial learning rate. In other terms, we use the first B batches to
warm up (10 data epochs), the initial learning rate is L, and at batch e, 1 < e < B, we set the
learning rate to L - %. Once the warm up is performed at batch e, we decay the learning rate with
a cosine annealing by following the cosine function given by’

1 ern
ci-1 [1 +cos(7)] L (1)

where T represent the total number of batches. This scheduling, called “cosine” decay, decreases
the learning rate slowly at the beginning, which then becomes almost linear decreasing in the
middle, and slows down again at the end to improve the model’s ACC. In other words, the
learning rate increases linearly from O to the initial value with the warm-up steps, then switches
to a cosine decaying. An Adam optimizer was used to train from scratch with a momentum of 0.9
used for fine-tuning. The initial learning rate for all nine configurations is 1 x 1073, which will
be the warm up at each layer. The experiments are carried out for 100 epochs with a batch size of
64. The proposed method was implemented using Keras/Tensorflow*® on an NVIDIA Quadro
P6000* and Intel Xeon 2.1GHzx16 CPU with 32 GB DDR2 RAM.

4.2 Metrics

The images of the eight datasets were organized into two classes labeled as 0 (normal) and
1 (DR). All the experiments are evaluated in terms of SE, SP, AUC, and ACC. The SE and
SP show the performance of the method with respect to both the DR and normal classes.
ACC is used as a statistical measure of how well a binary classification test correctly identifies
or excludes a condition. An AUC-receiver operating characteristic (ROC) curve is a perfor-
mance measure widely used for medical classification problems. ROC is a probability curve
and AUC represents the degree or measure of separability. It shows how much the model is
capable of distinguishing between DR or normal. The ROC curve is plotted with true positive
rate (TPR) against the false positive rate (FPR) where TPR/SE is on the y axis and FPR is on
the x axis. These metrics are defined in the following:

TP

TPR/SE = TP EN 2)
TN
P=—
S TN +FP’ )
TP + TN
ACC_TP+FN+TN+FP’ @)
FPR = 1 — SP, 3)

where TP is the true positive rate and represents the number of positive cases that are labeled
correctly, TN is the true negative rate and means the number of negative cases that are labeled
correctly, FP is the false positive rate, the number of positive cases that are labeled falsely, and
FN is the false negative rate for the number of negative cases that are labeled falsely.

5 Resulis

5.1 Performance of DR Detection

In this section, we present the performance of the models by reporting the ACC, AUC, SE, and
SP metrics. Table 2 gives the test scores for the nine configurations tested on the EyePACS
dataset. The results show that IncRes-v2-FTCDW achieved better results with AUC = 0.986
and ACC =0.979. An interesting AUC with 0.971 was achieved by IncRes-v2-FTCD.
IncRes-v2-FTED has a good AUC with 0.964 while the other models achieved 0.914 and
0.908 for IncRes-v2-2FT and IncRes-v2-3FT, respectively. IncRes-v2-WF scored 0.841 and was
the worst among the other models in the classification of referable DR. Figures 14 and 15 show
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Table 2 Performance measures using the nine configurations on the EyePACS dataset.

Model AUC ACC SE SP

IncRes-v2-WF 0.841 0.854 0.877 0.799
IncRes-v2-1FT 0.937 0.881 0.908 0.887
IncRes-v2-2FT 0.914 0.905 0.897 0.902
IncRes-v2-3FT 0.908 0.884 0.785 0.896
IncRes-v2-All 0.943 0.966 0.913 0.876
IncRes-v2-FTCDW 0.986 0.979 0.958 0.971
IncRes-v2-FTCD 0.971 0.954 0.922 0.969
IncRes-v2-FTED 0.964 0.962 0.918 0.946
IncRes-v2-FTSD 0.961 0.945 0.914 0.943

Note: The values in bold show the best performing model results.

the learning curves [(a) ACC and (b) loss] for the nine configurations. We can see the curves of
IncRes-v2-FTCDW and IncRes-v2-FTCD showing the good performance of these models and
their stability during training and validation compared to the other tested models. Figure 16
represents the AUC of the ROC for the nine configurations. We can see that the ROC curve
of IncRes-v2-FTCDW is the highest, followed by the ROC curve of IncRes-v2-FTCD. The
ROC curves of IncRes-v2-FTSD and IncRes-v2-FTED are almost identical because there is
a difference of only 0.003 in their scores. IncRes-v2-WF has the lowest curve (this model was
not fine-tuned).

We tested the best model IncRes-v2-FTCDW with different values of learning rates and drop-
outs to find the optimal value. Table 3 summarizes the comparison of these values. A learning
rate of 0.0003 and a dropout of 0.25 achieved the highest AUC = 0.986 on the EyePACS test set
and an ACC of 0.978 on the validation set.

We selected the best model IncRes-v2-FTCDW, which achieved a high score on the
EyePACS dataset (see Table 2) and tested this model on eight other datasets. For MESSIDOR,
the model obtained an AUC = 0.963 and ACC = 0.944. An interesting score was obtained on
MESSIDOR-2 with AUC = 0.979 and ACC = 0.962. The model gives an AUC of 0.986 and
0.988 for DIARETDBO and DIARETDBI, respectively. The AUC scores of STARE, IDRID,
E-ophtha, and UoA-DR were 0.964, 0.957, 0.984, and 0.990, respectively. The remaining results
of other metrics such as SE, SP, and ACC are shown in Table 4. Figure 17 shows the ROC curves
for the nine datasets. UoA-DR achieved the highest AUC with 0.990 and the minimum AUC was
obtained by IDRID with 0.957.

5.2 Explainability of DR Detection

To explain the results of the deep model and see what DR signs led to the classification of the
retinal image as DR, we use Grad-CAM.>® This technique does not require any changes to our
proposed model architecture. It uses the gradient information flowing into the last convolutional
layer in order to obtain a localization map highlighting the importance of each pixel of the input
image and its contribution to the final classification. To compute Grad-CAM, the gradient of the
score for a specific class c, before the Softmax layer, is calculated and the global average pooled
to obtain a neuron importance weight af by the following equation:

) 1 ay°
“i:ZZZ%g’ ©)
i J L

where Z is the number of pixels in the feature map, y¢ is the gradient of the score for class c,
and A* represents the feature map of the last convolutional layer.
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Fig. 14 Learning curves for training with the nine configurations: (a) ACC and (b) loss.

A weighted combination of forward activation maps followed by ReLU is obtained by
the following equation:

L& acam = ReLU <Za;Ak). )
k

The result is a coarse heatmap using ReL.U activation, which allows to focus on the features
that have a positive influence on the class of interest.

Figure 18 shows samples of TP and TN of the EyePACS dataset using Grad-CAM to localize
(EX, HM, and MA) on retinal images. Similar results are shown for MESSIDOR and
MESSIDOR-2. The proposed model detects HM, MA, and EX on retinal images as signs of
DR (Fig. 19). This includes images having EX near macula, which are classified as DR as
in the work of Mateen et al.,>' because EX are among the signs of DR.%>>* DIARETDBO and
DIARETDBI1 (Fig. 20), STARE (Fig. 21), IDRID (Fig. 22), E-ophtha (Fig. 23), and UoA-DR

Journal of Medical Imaging 044503-13 Jul/Aug 2020 « Vol. 7(4)



Chetoui and Akhloufi: Explainable end-to-end deep learning for diabetic retinopathy detection. ..

! 1
: 1
- 1
aN O\ AP T o I 1
N\ > SIS = S
0} ¥ ;6{\" \ X Y. ANAYAY VARV v |
\. 1
1 X ‘ \ } |
1] V) Y 1
08! /- - AL = R O E T D === =g VA== ==t====
\7\ 7/
07 \ /
\ -IM.RQI-MZ/JA
0.6 \ o nchas-v2-1FT
3 \ /
g 0.5 \ wilincRes-v2-2FT
S \ V;
< \ Y IncRes-v2-ALL
0.4 A T B A i i e v vyt ikl mheke ) mhtiie -l nbied
\ 11\\/\,\/\_\/\,\/\m 1
1 1 o ncRes-v2-FTED
\ 1
0.3 \ ! 1
\ 1 : . IncRes-v2-FTCOW
1
1
0.2 A W (ncRes-v2-3FT
0.1 W IncRes-v2-FTCD
B IncRes-v2-FTSD
o
0 10 20 30 40 50 60 70 80 90 100
Epoch
(@)
3
- ncRes-v2-WF IncRes-v2-ALL

| ! mincResv2-1FT  WEMIncRes-v2-FTED
1
1
25 | 1
| : mincRes-v2-2FT  MEMIncRes-v2-FTCOW
|
I ! —ncRes-v2-3FT

W IncRes-v2-FTCD

W IncRes-v2-FTSD

Fig. 15 Learning curves for validation with the nine configurations: (a) ACC and (b) loss.

(Fig. 24) are also shown. We can see that the heatmaps are located around the signs of DR, such
as EX, MA, and HM. This explains the efficiency of the proposed deep learning approach in
detecting DR signs and its high performance in DR classification.

5.3 Comparison with Other Deep Networks

We compared our results to some of the recent works on DR classification presented in Sec. 1.
Since not all of the works use the same metrics and dataset, it can be difficult to compare their
performances. Tables 5 and 6 summarize the performance comparison with state-of-the-art
methods using two popular datasets, EyePACS and MESSIDOR-2.

We can see that our work outperforms many state-of-the-art techniques on different metrics.
We are only surpassed by the work of Gulshan et al.'” However, in this later work, they used a
large private dataset having more than 120,000 images (91% training images are proprietary).
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Learning rate Dropout Val ACC Test AUC
0.0001 0.25 0.964 0.972
0.0001 0.50 0.971 0.934
0.0002 0.25 0.968 0.961
0.0002 0.50 0.969 0.962
0.0003 0.25 0.978 0.986
0.0003 0.50 0.974 0.980

Note: The values in bold show the results for the best performing parameters.

Table4 Performance measures on nine datasets using the model with cosine learning rate warm-
up (IncRes-v2-FTCDW).

Datasets ACC AUC SE SP

EyePACS 0.979 0.986 0.958 0.971
MESSIDOR 0.944 0.963 0.934 0.898
MESSIDOR-2 0.962 0.979 0.967 0,891
DIARETDBO 0.984 0.986 0.969 0.984
DIARETDBH1 0.971 0.988 0.968 0.901
STARE 0.957 0.964 0.889 0.912
IDRID 0.976 0.957 0.971 0.947
E-ophtha 0.984 0.984 0.968 0.922
UoA-DR 0.955 0.990 0.950 0.960

Note: The values in bold show the best performing model results.
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Fig. 17 ROC curves for the nine datasets.

(a) (d)

Fig. 18 Examples of true positive and true negative on EyePACS: (a) TP for EX and HM detected
near the optic disc, (b) TN with no sign of DR, (c) TP includes EX, HM, and MA located on the right
of the retina, and (d) TP for detected HM.

Our work uses only publicly available datasets. Still, we have the best SE for the largest available
dataset EyePACS (see Table 5), meaning that we have a better performance in measuring the
proportion of actual positives that are correctly identified as such (e.g., the percentage of people
who are correctly identified as having DR).

Table 7 summarizes some state-of-the-art techniques tested on the DIARETDBI1 dataset. We
can see that our proposed architecture gives the best AUC score. In addition, these comparative
works, cited in Sec. 1, mostly tested their models on a limited number of datasets.®” Even though
the work of Gulshan et al.'” has the best AUC using nonpublic images, they reported their results
on two datasets only (EyePACS and MESSIDOR-2). This work gives a larger analysis on nine
datasets and can help in benchmarking more techniques for DR detection.
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Fig. 19 Examples of true positive and true negative on MESSIDOR and MESSIDOR-2 datasets:
(a) TP for EX near macula, (b) TP includes detection of MA, (c) TP for EX detection, and (d) TN
with no sign of DR.

Fig. 20 Examples of true positive and true negative on DIARETDBO and DIARETDB1 datasets:
(a), (b) TP includes detection of MA and HM, (c) TN with no sign of DR, and (d) TP includes detec-
tion for soft EX, MA, and HM.

5.4 Analysis of Misclassifications

Using the best proposed model IncRes-v2-FTCDW, 184 images of the EyePACS test set
were misclassified, 67 for MESSIDOR, 20 for MESSIDOR-2, 3 for DIARETDBO, 4 for
DIARETDBI, 7 for E-ophtha, 12 for IDRID, 17 for STARE, and 9 for UoA-DR. Table 8 shows
the error rate for each dataset. In each test set, we find some low-quality images such as being too
bright, having camera artifacts, being dark or blurred, having a low contrast, etc. In the EyePACS
dataset, 25% of the images were considered as ungradable by Rakhlin et al.>* due to their low
quality, such as being out of focus or overexposed (see Fig. 25). These images show the com-
plexity of DR classification in the presence of low-quality images.

Figure 26 shows examples of FP and FN on the tested datasets. For example, Fig. 26(a)
represents an FP from EyePACS. Here, the retinal image has artifacts, pale areas, and the details
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Fig. 21 Examples of true positive and true negative on STARE dataset: (a) TP including the detec-
tion of EX and HM, (b) TP includes detection of MA, (c) TN with no sign of DR, and (d) TP including
the detection of HM.

(c)

Fig. 22 Examples of true positive and true negative on IDRID dataset: (a), (b) TP includes detec-
tion of EX and HM, (c) TP includes detection for hard EX and HM, and (c) TN with no sign of DR.

of the retina are not clear. In this case, the model detected the noise as hemorrhages and classified
the image as DR. The same occurred in Fig. 26(d). In addition, this image has a red region that
leads the model to classify it as DR. Figure 26(g), for example, was classified as DR (FP)
because it contains noise with the same color and shape as EX. The same is true for Fig. 26(m)
from DIARETDBI. Figures 26(b) and 26(c) are FNs from EyePACS. We can see that the images
are too bright and the model is not able to detect signs of DR. In the opposite, Figs. 26(e) and
26(f) from EyePACS and (1) from DIARETDBO are too dark making it difficult to see the signs
of DR. For Fig. 26(j) from the MESSIDOR-2 dataset, its low contrast makes the signs of DR
nonvisible and leads to it being an FN. Figure 26(i) from EyePACS and Fig. 26(k) from E-ophtha
are blurred. The details of the retina are difficult to see except for the optic disc and some blood
vessels, thus the models classify these images as normal. Figure 26(h) from EyePACS is an FP.
This image is unfocused (underexposed) making it difficult for the model to get the right
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(c)

Fig. 23 Examples of true positive and true negative on E-ophtha dataset: (a), (b) TP includes
detection of MA and hemorrhage, (c) TN with no sign of DR, and (d) TP includes detection for

soft EX and MA.

Fig. 24 Examples of true positive and true negative on UoA-DR dataset: (a), (b) TP including the
detection of EX and HM, (c) TN with no sign of DR, and (d) TP includes detection for EX and MA.

Table 5 Performance comparison with state-of-the-art methods using EyePACS.

Model ACC AUC SE SP Training images Source

Gulshan et al.'” — 0.991 0903  0.981 128,175 9% public 91% proprietary
Voets et al.?° — 0.940 0.838 0.901 57,146 100% public
Grinsven et al.%° — 0.890 0.942 0.806 6679 100% public
Rakhlin et al.5* — 0.923 0.920 0.920 81,670 100% public

Lin et al.?8 0.861 0.920 0.732 0.938 33,000 100% public

Zeng et al.®? 0.949 0.950 0.807 28,100 100% public

Ours 0979 0986 0.958 0.971 71,056 100% public

Note: The values in bold show the best performing model results.
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Table 6 Performance comparison with state-of-the-art methods using MESSIDOR-2.

Model ACC AUC SE SP

Gulshan et al."” — 0.961 0.939 0.961
Voets et al.?° — 0.800 0.900 0.760
Rakhlin et al.> — 0.970 0.990 0.710
Pratt et al.>® 0.750 — 0.300 0.950
Gargeya et al.%® — 0.940 0.930 0.870
Ours 0.962 0.979 0.967 0.891

Note: The values in bold show the best performing model results.

Table 7 Performance comparison with state-of-the-art methods using DIARETDB1 dataset.

Model AUC ACC SE SP
Gondal et al.%’ — — 0.870 —
Shan et al.%® 0.913 — — 0.916
Quellec et al.>® 0.954 — — —
Ours 0.988 0.971 0.968 0.901

Note: The values in bold show the best performing model results.

Table 8 Misclassification error rate for each dataset.

Datasets Number of test images Error (%)
EyePACS 8790 2.1
MESSIDOR 1200 5.6
MESSIDOR-2 1748 3.8
DIARETDBO 130 1.6
DIARETDBH1 89 29
E-ophtha 439 1.6
IDRID 516 24
STARE 397 43
UoA-DR 200 45

Fig. 25 Examples of ungradable images in the EyePACS dataset.
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(n) (0) (P)

Fig.26 FP images and FNimages in nine datasets: (a), (d), (g), and (h) FP: EyePACS; (b), (c), (e),
(f), and (i) FN: EyePACS; (j) FN: MESSIDOR-2; (k) FN: E-ophtha; (I) FN: DIARETDBO; (m) FP:
DIARETDBH; (n) FP: IDRID; (0) FP: UoA-DR; and (p) FP: UoA-DR.

classification. Figure 26(n) from IDRID is an FP. We can see that the bad illumination makes the
retina looks as if there is bleeding. Figures 26(0) and 26(p) from UoA-DR are FPs. We can see
that the poor illumination and blur make the retina looks as if there is bleeding and the details are
not easy to see. We can arguably conclude that the misclassifications are mainly due to the bad
quality of the images in the dataset, which shows that the proposed model has a very interesting
performance overall.

6 Conclusion

In this work, we propose an end-to-end deep learning architecture for DR detection. We devel-
oped and fine-tuned a DCNN to increase the performance of detecting DRs. The proposed
method uses transfer learning and cosine learning rate decay with warm up during training.
The proposed network was trained on one public fundus image dataset (EyePACS) and tested
on nine public datasets. Our work uses only publicly available datasets, which helps in future
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benchmarking with other developed techniques for DR detection. We show that the proposed
approach can robustly classify fundus images and detect DRs. The obtained results on these
datasets show the higher performance obtained by our network and its generalization ability
across multiple datasets. An explainability model was developed and showed that our model
was able to efficiently identify different signs of DR and detect this health issue. The obtained
results outperform past published works relying on training using only publicly available data-
sets. Future work includes testing with other deep architectures and the use of more images for
training. In addition, the approach will be adapted to the classification of other types of medical
images and diseases.
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