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A B S T R A C T

Automatic retinal image analysis has remained an important topic of research in the last ten years. Various
algorithms and methods have been developed for analysing retinal images. The majority of these methods use
public retinal image databases for performance evaluation without first examining the retinal image quality.
Therefore, the performance metrics reported by these methods are inconsistent. In this article, we propose a deep
learning-based approach to assess the quality of input retinal images. The method begins with a deep learning-
based classification that identifies the image quality in terms of sharpness, illumination and homogeneity, fol-
lowed by an unsupervised second stage that evaluates the field definition and content in the image. Using the
inter-database cross-validation technique, our proposed method achieved overall sensitivity, specificity, positive
predictive value, negative predictive value and accuracy of above 90% when tested on 7007 images collected
from seven different public databases, including our own developed database—the UoA-DR database. Therefore,
our proposed method is generalised and robust, making it more suitable than alternative methods for adoption in
clinical practice.

1. Introduction

Image quality assessment (IQA) in image processing has remained
an important area of research over the past decade and IQA techniques
specific to the field of retinal image analysis have been well researched
[1–13]. Recently, retinal images have been used to build many auto-
matic pathology screening procedures. However, it has been reported
that approximately 10% and 21% of the retinal images taken using
fundus cameras for dilated and non-dilated pupils, respectively, are
unsuitable for medical screening or diagnosis and, therefore, they
cannot be used in automatic retinal screening systems (ARSS) [6]. To
increase the robustness of ARSS, the IQA of the input retinal image has
to be performed at the time of image capturing. If not, the performance
metrics may be inconsistent [3,14,15]. Retinal image quality may be
affected by various artefacts, such as dust or eyelashes on the fundus
camera lens, out-of-focus imaging, bad illumination or blurring. These
artefacts affect the image sharpness, illumination and homogeneity.
Additionally, to use a retinal image for ARSS, it must cover appropriate
parts of the retina and highlight important structures related to the
pathology automatic screening. This aspect of retinal image quality is
referred to as ‘field-definition’.

Certain restrictions related to the field definition of the retinal
image are stated by various health boards worldwide [16,17].

According to the recommendation by the Health Technology Board for
Scotland [17], the retinal images used for automatic screening must be
centred on the macular region and contain the optic disc (OD). If the
image is to be used for diabetic retinopathy screening or grading, then
the fovea (central region of the macula) should be at least two optic disc
diameters (ODD) away from the edge of the image and the OD and the
temporal arcades need to be completely visible. The New Zealand
Ministry of Health has presented similar restrictions that should be
followed while using a retinal image to screen diabetic retinopathy
[16]. The retinal image quality assessment (RIQA) should thus be
performed as a preliminary step in any automatic retinal image analysis
(ARIA) techniques. In this article, we have developed a novel method to
determine the retinal image quality and this proposed RIQA technique
analyses retinal image quality and content. It follows a two-stage
classification approach: exploiting the advantages of supervised classi-
fication and then exploiting the advantages of unsupervised classifica-
tion. The deep learning-based first stage analyses the quality of the
input image, while the unsupervised second stage analyses the content/
field definition of the input image. Since the deep learning-based first
stage classification follows a transfer learning approach, pre-trained
deep convolutional neural networks are employed, which helps reduce
the number of training samples. The content analysis ensures that suf-
ficient information is available in the input retinal image to be classified
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as a medically suitable retinal image (MSRI) that can then be used to
triage and/or diagnose various pathologies, such as diabetic retino-
pathy.

The main contributions discussed in this article are as follows:

1. A new RIQA method is introduced based on image quality and field
definition.

2. A combined two-level classification, based on deep learning and
unsupervised classification, is introduced for analysing the quality
in terms of sharpness, illumination, homogeneity, field definition
and content of the input retinal image.

3. Transfer learning using pre-trained deep convolutional neural net-
works [18] is used in the first stage. This approach helps to reduce
the number of retinal images needed for training. Transfer learning
also leads to faster convergence and better classification perfor-
mance.

4. New metrics based on the field definition of the retinal image that
are required for diabetic retinopathy screening are introduced.

In this article we discuss the state-of-the-art IQA techniques used in
retinal image analysis, the various databases used in this study, the
proposed IQA method, the performance and comparison of the pro-
posed method with other methods, and the conclusions and future di-
rections of this work.

2. Recent advancements in retinal image quality assessment

The RIQA methods can be categorised into two classes—segmen-
tation-based and histogram-based IQA methods. In Fleming et al. [1],
the visibility of the vessels in the macular region is taken as a quality
measure. The images are graded into four categories—excellent, good,
fair or of inadequate clarity—based on the visibility of retinal vessels
within one ODD around the macula. Also based on the field of view
(FOV), there are three classes: excellent, good and inadequate. This
classification is based on the positioning and visibility of the macula
and OD in the image. An image is graded as inadequate quality if either
the image clarity or the FOV is determined inadequate; otherwise, the
image is classified as of adequate quality.

Giancardo et al. [2] discussed a method for estimating the image
quality of a retinal image by using 33 features extracted from each
image. Of these 33 features, 18 are extracted from the segmented ret-
inal vessels. For vessel segmentation, they used a method proposed by
Zana and Klein [19]. The vessel image is divided into 18 sections ob-
tained by sampling the region of interest (ROI; fitted ellipse using
Hough transform). The area of the vessels pixels in each window is
determined and normalised. The other 15 features are extracted using
histogram analysis by taking five bins per RGB colour channel. The
classification is performed using support vector machine (SVM) and K-
nearest neighbour (KNN)–based classifiers.

Karnowski and colleagues [3] have discussed a method based on
setting two separate thresholds—quality threshold (TQ) and optic nerve
confidence (TC). According to this method, the performance of an ARIA
system may be improved by selecting input images satisfying the
thresholds TQ and TC. The authors determined the quality threshold
based on the retinal vessel density obtained using a method described
by Giancardo et al. [2]. An SVM classifier is trained on images cate-
gorised into three classes: poor, fair and good quality. A hard threshold
set empirically at 0.40 is used to identify images with insufficient
quality to be graded into any of the other three classes. Tobin and
colleagues [20] developed a previous method focusing on the OD, in
which its location is identified using a feature-based likelihood ratio
(FBLR) method. For each pixel in the segmented vessel image, four
features are identified and a training set is formed to create a Gaussian
model. The OD is located by computing the maximum a posteriori es-
timation (MAP) and the optic nerve head is detected by using a su-
pervised classification approach and principal component analysis

(PCA)-derived features. The TC value was based on the Euclidean dis-
tance between the locations of the two OD obtained using the two
methods and they compared the effect of varying TQ between 0.4 and 1,
while restricting the TC to be above a certain value. A TQ value of 0.6
resulted in the best screening performance [20].

A hybrid method based on the combination of the segmentation
method and the global image information (in turn based on the histo-
gram and intensity properties of the retinal image) has been discussed
by Sevik et al. [4]. This article treated the RIQA problem in two steps.
First, 177 features were extracted from the retinal images, including
both the segmentation-based features; the inferior, superior, nasal and
temporal (ISNT) quadrant features [21] obtained from the segmented
vessel image and the global features; Zernike moments [22]; Haralick
texture features (a gray-level co-occurrence matrix (GLCM) feature)
[23]; and edge histogram and colour-related features. Sevik et al. [4]
also developed a retinal image database (Diabetic Retinopathy Images
Database (DRIMDB) [24]) exclusive to the IQA problem. Using these
features, the performance of various machine learning–based classifiers
can be compared. Second, the images that passed the quality screening
are analysed for medically suitable retinal image (MSRI) criteria, which
requires the OD and fovea to be within an acceptable distance from the
retinal image centre-line.

Abdel-Hamid and colleagues [5] discussed a RIQA method based on
multi-resolution analysis specific to diabetic retinopathy screening. In
this method, they evaluated the RIQA based on five clarity and content
features, namely sharpness, illumination, homogeneity, field definition
and outliers. The wavelet transform was used to determine the sharp-
ness and illumination features. To assess homogeneity, both the wavelet
and specific retinal saturation channel were analysed. Field definition
and outliers were assessed using the same sharpness, illumination fea-
tures and colour information, respectively. Alternative RIQA methods
are discussed in other studies [6–8,25].

After the success of deep learning–based methods in the field of
image classification, there are a few deep learning–based methods
proposed for the IQA problem [10–13]. The advantage of these methods
is that there is no need for extracting or defining the features. The deep
convolutional neural network automatically identifies and extracts the
deep features from the input images. Additionally, the performances of
these methods are superior to traditional machine learning–based IQA
methods. One such deep learning–based IQA method specific to the
retinal images was discussed by Yu and colleagues [9]. They used
convolutional neural network (CNN)–based features, along with the
unsupervised saliency map-based features. With the help of these fused
features, the SVM-based classifier categorises the images into high-
quality and poor-quality images. They reported an overall accuracy of
95.42% after testing on 2200 (1101 high-quality and 1099 low-quality)
images randomly picked from the Kaggle database [26]. These images
were classified manually by professionals to provide a ground-truth
benchmark. As performance of an automatic system can significantly
vary by proper selection of the training and testing datasets, the re-
ported performance cannot be considered a generalised one. They have
not tested their method on other public databases [9].

In Zago et al. [27], another deep learning–based method to assess
retinal image quality was discussed. They used a pre-trained network
(Inception-v3 [28]) to classify the retinal images based on the image
quality completely. They utilised two databases–DRIMDB [24] and
ELSA-Brasil [29]—to train and validate their method and have reported
an area under the receiver operating characteristic (ROC) curve (AUC)
of 99.98% and 98.56%, respectively.

Since the performance of most of the above reviewed methods are
based on a specific set of parameters or features of different databases, a
fair comparison cannot be achieved. Apart from the technique detailed
by Zago et al. [27], other methods rely on specific datasets for their
training and testing and are not generic. Our approach is different from
the reviewed method [27], although it does use pre-trained deep con-
volutional neural networks (DCNN) for the first level of classification.
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We propose a deep learning–based two-level classification approach for
RIQA. We have experimented with six different pre-trained DCNN to
implement three different RIQA approaches and assessed the perfor-
mances of the methods after testing on images from various public
databases.

3. Retinal IQA–related databases

There are many public retinal image databases available that may
be used freely for research purposes. However, the number of appro-
priate public databases are limited for the specific RIQA problem. We
have used seven public databases for the development and performance
evaluation of the proposed approach.

3.1. DRIMDB database

The DRIMDB was created by Sevik et al. for developing and testing
their method [4]. This database contains 216 images obtained from the
Retina Department of Ophthalmology, Medical Faculty at Karadeniz
Technical University in Turkey. The images were taken using a Canon
CF-60UVi Fundus Camera using 60 FOV and were then stored in JPEG
files at ×570 760 pixels resolution. The images are classified into three
classes: 125 good (MSRI), 69 bad (not MSRI) and 22 outlier (non-ret-
inal) class images. The classification was conducted by an expert oph-
thalmologist [4].

3.2. DR1 and DR2 databases

The Diabetic Retinopathy databases (DR1–DR2) were developed by
Pires et al. [7]. The DR1 dataset contains 5776 images, with an average
resolution of ×640 480 pixels taken using a TRC-50X mydriatic camera
with a maximum resolution of one megapixel (MP) and a FOV of 45 .
The images were collected by the ophthalmology department in the
Federal University of Sao Paulo, Brazil. The images are classified into
three classes: 1300 good quality (no blur and centred on macula), 1392
poor quality (contains blur) and 3084 periphery images (retinal images
not centred on macula). The DR2 dataset consists of 920 12.2MP
images, with a resolution of ×867 575. The images are also classified
into three classes: 466 good quality (centred on macula), 194 poor
quality (with blur centred on macula) and 260 periphery images (not
centred on macula). The images were captured using a TRC-NW8 re-
tinographer with a Nikon D90 camera.

3.3. HRF database

The high-resolution fundus image (HRF) database was developed by
Kohler et al. [30] and contains 18 pairs of images. In each pair, one
image is of good quality (no blur) and the other is of poor quality
(decreased sharpness and presence of blur). The images were taken
using a Canon CR-1 fundus camera with a FOV of 45 . The resolution of
the images varies from ×3888 2592 to ×5184 3456 pixels.

3.4. MESSIDOR database

The methods to evaluate segmentation and indexing techniques in
the field of retinal ophthalmology (MESSIDOR) database [31] consists
of 1200 good-quality digital colour retinal images taken by a colour
video 3CCD camera on a Topcon TRC NW6 non-mydriatic retinograph
with a FOV of 45 . The images have a resolution of ×1440 960,

×2240 1488 or ×2304 1536 in TIFF compression format. Although this
is the most comprehensive retinal image database used by researchers
worldwide, we recently found that there were 13 pairs of duplicated
images in this database (hence there are only 1187 images). There were
also some grading inconsistencies in this database, which the database
providers have acknowledged recently. Additionally, all of the images
are graded as of good quality by the database providers; however, not

all the images are of MSRI quality.

3.5. UoA-DR database

The University of Auckland diabetic retinopathy database (UoA-DR)
[32] was developed through research collaboration between the Uni-
versity of Auckland and Al-Salama Eye Hospital, India, and other col-
laborating hospitals [33]. This database consists of 200 high-quality
images captured using a Zeiss VISUCAM 500 fundus camera with a FOV
of 45 and a resolution of ×2124 2056 pixels in JPEG format. All of the
images were de-identified and no linked patient-related information.
The optic nerve head centre, optic nerve head, macula, fovea and the
retinal vessels of all of the 200 images in this database were manually
segmented by a specialist ophthalmologist who acted as the first ob-
server and by an optometrist as the second observer. Additionally, all of
the 200 images of this locally created database are graded according to
the severity of the diabetic retinopathy based on the International
Clinical Diabetic Retinopathy scale [34], by a specialist ophthalmolo-
gist from the Government Medical College, Thrissur, India [35].

The manually segmented features, such as retinal vessels, OD and
fovea, for the 200 retinal images may be used to benchmark the per-
formance of new ARIA methods in the future. This database can be
downloaded for free with certain access rights mentioned in Ref. [36].
Similar to the MESSIDOR database, not all of the images marked as high
quality are of MSRI quality.

3.6. Kaggle diabetic retinopathy database

The Kaggle Diabetic Retinopathy database was developed to test the
performance of various algorithms developed as part of an online dia-
betic retinopathy (DR) detection competition [26]. The database con-
sists of around 80,000 images that are divided into training and testing
sets. We randomly selected 3000 images from this database to test the
proposed algorithm's performance. The images had different resolutions
and were captured by different fundus cameras under a variety of
imaging conditions. Left and right retina images have been provided for
each patient and the images are classified into five different classes—no
DR, mild, moderate, severe and proliferative DR—according to the se-
verity of DR. For the purpose of validating the proposed RIQA ap-
proach, we manually classified the randomly selected 3000 retinal
images into two grades of quality: 1997 good (with no blur and centred
on macula with OD visible) and 1003 poor quality (with blur and/or
decreased sharpness, not centred on macula, OD or macula not visible,
or outlier images), according to the conditions given in Ref. [16].

3.7. IDRiD database

The Indian Diabetic Retinopathy Image Dataset (IDRiD) [37] was
developed recently as part of the ‘Diabetic Retinopathy: Segmentation
and Grading Challenge’ workshop at the IEEE International Symposium
on Biomedical Imaging (ISBI-2018). The database consists of 516 good-
quality images that may be used to evaluate the performance of algo-
rithms developed for automated detection and grading of diabetic re-
tinopathy and diabetic macular oedema. Images were acquired using a
Kowa VX-10 alpha digital fundus camera with a FOV of 50 and all are
centred near to the macula. The images have a resolution of

×4288 2848 pixels and are stored in JPEG file format. Not all images
marked as high quality are of MSRI standards.

4. The proposed classification method

Our proposed method consists of two stages for classification: a deep
learning–based first stage and an unsupervised second stage of classi-
fication, for analysing the quality and field definition of the retinal
images, respectively. The block diagram of the proposed method is
shown in Fig. 1. In the first level, a pre-trained DCNN is used to classify
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the images into two classes, low quality and good quality, using three
different approaches. In the second stage, we applied an unsupervised
classification technique to detect the important structures (e.g., OD,
macula, fovea) in the images classified as good quality in stage 1. Using
the modified metrics for identifying the MSRI, the good-quality images
were further classified into high-quality MSRI and low-quality images.
The high-quality MSRI can be used for ARSS, while the low-quality
images cannot.

4.1. Deep learning–based stage-1 classification for quality evaluation

In stage 1 of classification, we utilised a deep learning–based ap-
proach to classify the retinal images into two classes: low-quality and
good-quality images. We experimented with six different pre-trained
CNNs for this task.

4.1.1. Training and validation sets
We used images from one particular database (DR1 [7]) to create

the training set and the images from all the other databases were in-
cluded in the validation set. This was to verify the generalised attributes
of the proposed approach on different databases. From the 2692 images
in the DR1 database, we selected 1500 images. These comprised of 800
good-quality images centred on the macula without any blur and 700
low-quality images with blur that were not centred on the macula and/
or outlier images. Employing a selected number of images from a par-
ticular database in the training set was adapted to test the robustness of
the system. This approach was also adopted by Agurto et al. [38], to
verify whether the same trained classifier system could be used to
classify images from different databases without the need for retraining.
This scenario made our approach more likely to be endorsed for clinical
practices.

The inclusion criterion of images in the training set was based on
the visual inspection of images that could clearly identify the two se-
parate classes (i.e., high-quality MSRI and low-quality images). The
periphery images from the DR1 database (which are not centred on the
macula) are not included in the training or validation sets, as they are
not labelled according to the image quality measure (high-quality/low-
quality). All other images, including the images obtained from other
public databases, are included in the validation set and the outlier
images (non-retinal images) from different databases are considered
low-quality images for this study. The validation set consisted of 7007
images, of which 5009 images were of high-quality. The division be-
tween the training and validation sets is shown in Fig. 2. The validation
set was not introduced to the system until the DCNN were trained and
their hyper-parameters were tuned. The validation and training sets

Fig. 1. Block diagram of the proposed RIQA method.

Fig. 2. Deep learning–based level 1 classifica-
tion: Split-up of images between training and
validation sets.

Fig. 3. AlexNet [39] architecture.
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were mutually exclusive.

4.1.2. Architectures of the DCNN used
We experimented with six different pre-trained DCNNs—AlexNet

[39], GoogLeNet [40], ResNet50 [41], ResNet101 [41], Inception-v3
[28] and SqueezeNet [42]—to create stage 1 classifiers. The DCNN
architectures used in this article are shown in Fig. 3–Fig. 6.

AlexNet [39] is the first reported successful CNN architecture that
won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
in 2012. AlexNet has five convolution layers, three pooling layers and
two fully-connected layers with approximately 60 million free para-
meters.

GoogLeNet (Inception-v1) [40] is a more complex DCNN archi-
tecture and it was the winner of the ILSVRC in 2014. It has two con-
volution layers, two pooling layers and nine inception layers; each of
the inception layers consists of six convolution layers and one pooling
layer. The inception layer used in GoogLeNet was Inception-v1 (Fig. 4).

ResNet [41] is a CNN architecture based on residual models. Re-
sNet50 has 50 layers and ResNet101 has 101 layers (Fig. 5). ResNet
architecture can solve the vanishing gradient problem that is common
when increasing the number of layers in a CNN architecture. ResNet
architecture was the winner of the ILSVRC in 2015.

Inception-v3 [28] is a modified version of its predecessor, Goo-
gLeNet (Inception-v1). Inception-v3 has a newly defined and structured
inception architecture compared to the original inception architecture
used in GoogLeNet (Fig. 4). By using additional ×1 1 convolutional
layers before the large convolutions in the Inception-v3 architecture,
the number of computations is reduced by approximately a factor of ten
compared to the original inception architecture [28].

SqueezeNet [42] is a small CNN architecture that achieved AlexNet-
level accuracy on ImageNet with fewer parameters. It was also 500

times smaller than AlexNet and introduced a new module, the Fire
module. This module consisted of a ‘squeeze’ convolution layer and an
‘expand’ convolution layer (Fig. 6).

4.1.3. Training process based on transfer learning
Transfer learning [18] is common in the image processing domain.

Pre-trained DCNN, which are trained on large datasets like ImageNet
[43], are used in other classification and object detection problems. In
these methods, the weights of the pre-trained DCNN are used as initial
settings for the related classification or object detection task. Recently,
CNN trained on natural images from the ImageNet are used effectively
in medical image recognition applications using transfer learning
[44–50]. A transfer learning–based approach [18] is followed to retrain
a DCNN. The DCNN used in this step are pre-trained on 1000 common
image classes available in the ImageNet dataset [43]. We fine-tuned the
pre-trained DCNN by modifying the last few layers of the DCNN and
reduced the number of output classes from 1000 to two (a binary
classification). The initial weights for our specific task (RIQA level 1
classification) are copies from pre-trained DCNN layers previously
trained on the ImageNet dataset with more than one million images.

There are three options to train DCNN such as AlexNet [39], Goo-
gLeNet [40], ResNet50 [41], ResNet101 [41], Inception-v3 [28] and
SqueezeNet [42]. The DCNN can be either ‘trained from scratch’, ‘fine-
tuned from a pre-trained model’ or using ‘off-the-shelf’ CNN features of
a DCNN pre-trained on ImageNet, and we only train the final layers to
fit the new classification problem. We have used the ‘fine-tuning’ ap-
proach in the proposed level 1 deep learning–based classification stage.
The main reason for selecting the ‘fine-tuning’ option is due to the
limited number of images (approximately 8500 images) available for
training/validation in the RIQA specific problem. Another reason is the
larger distance or variation between the source (the type of images on

Fig. 4. GoogLeNet [40] architecture.
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which the CNNs are pre-trained) and the target (fundus retinal images).
Tajbakhsh et al. [44] demonstrated that, the transfer learning in these
scenarios using ‘fine-tuning’ is the best option. Compared to the ‘train
from scratch’ option, which requires a sufficiently large number of la-
belled retinal images to train millions of free parameters in the DCNN,
the ‘fine-tuning’ option is optimal for this specific research problem.
The option using the ‘off the shelf’ features and training only the last
classification layer has its limitations, as this needs other machine-
learning models, such as SVM and random forest classifiers, trained on
the CNN extracted features to perform the final classification [51–53].
This further increases the system complexity and the results are inferior
compared to the end-to-end fine-tuning approach in the image classi-
fication tasks, as in Refs. [44,50]. All models are trained for 100 epochs
with early stopping criteria. Other hyper-parameters are solver: sto-
chastic gradient descent; minibatchsize: 10; momentum: 0.9; and step
learning rate schedule with a base learning rate of 0.0001 decreased by
a factor of 10 when validation error reaches the minimum and remains
constant. The initial learning rate η and momentum γ are tuned through
an extensive set of trial and error experiments.

An = 0.0001 provided a proper convergence for the specific task
for all the CNN used in this study. Further, = 0.9 helped in increasing
the speed of convergence. The grid search–based hyper-parameter
tuning process is explained in Fig. 7 and it is clear that the combination
of = 0.0001 and = 0.9 provides a better validation accuracy for the
classifier.

4.1.4. Deep learning approaches
Three approaches were followed using each DCNN. In the first ap-

proach, the DCNN—AlexNet (AlexNet-T), GoogLeNet (GoogLeNet-T),
ResNet50 (ResNet50-T), ResNet101 (ResNet101-T), Inception-v3
(Inceptionv3-T) and SqueezeNet (SqueezeNet-T)—were trained on all
1500 images in the training dataset and were then used to classify the
entire set of images in the validation set into two classes (good quality
and low quality).

Fig. 5. ResNet [41] architecture.

Fig. 6. SqueezeNet [42] architecture.

Fig. 7. Hyper-parameter tuning: Contour plot showing validation accuracy for
various η and γ values.
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In the second approach, ‘n’ subsets of training images from the full
training dataset were created. In each of the training subsets, 60% (900
images) of the full dataset (1500 images) were selected randomly with
replacement. Those ‘n’ subsets were used to independently train ‘n’
classifiers and AlexNet (AlexNet-EB1), GoogLeNet (GoogLeNet-EB1),
ResNet50 (ResNet50-EB1), ResNet101 (ResNet101-EB1), Inception-v3
(Inceptionv3-EB1) and SqueezeNet (SqueezeNet-EB1)–based classifiers
were built. After the training, the images from the validation set (7007
images) were classified by the ‘n’ classifiers independently to introduce

‘n’ decisions and then the majority voting procedure was used to decide
the final classification result (Fig. 8).

In the third approach, we implemented an image subsampling
method in which the training dataset was split into ‘n’ number of
training subsets. The first subset was formed by randomly selecting 900
images (60%) from the full training dataset. To create the second
training subset, we first classified the entire 1500 images of the original
training set by the classifier trained on the first training subset. Then,
the misclassified samples were selected first and then the remaining

Fig. 8. Deep learning–based second approach (EB1).

Fig. 9. Deep learning–based third approach (EB2).
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images randomly selected from the full training dataset to create the
next subset. This procedure was repeated to create the subsequent
subsets until the ‘n’ number of subsets were obtained. AlexNet
(AlexNet-EB2), GoogLeNet (GoogLeNet-EB2), ResNet50 (ResNet50-
EB2), ResNet101 (ResNet101-EB2), Inception-v3 (Inceptionv3-EB2)
and SqueezeNet (SqueezeNet-EB2) were built using this approach. After
creating ‘n’ different independent classifiers, the images from the vali-
dation set (7007 images) were classified and a majority voting was
performed to reach the final decision (Fig. 9). For the second and third
ensemble-based approaches, ‘n’ was 50.

The training accuracy and loss were monitored and the trained
classifiers were used to classify the images in the validation set. Fig. 10
shows the training accuracy and loss for GoogLeNet-EB1.

4.2. Unsupervised level 2 classification for field definition

In the level 2 stage of classification, we used an unsupervised

method as discussed in our recently published work [54] to auto-
matically detect and segment the OD and macula from the retinal
images (Fig. 11).

This method can accurately detect the OD and fovea in the retinal
images. The method automatically detects the OD using histogram-
based template matching and maximum sum of vessel information in
the retinal image. OD detection is performed in two steps: coarse OD
and fine-tuned OD detection. For detecting the fovea, each retinal
image is split into three horizontal strips and the strip containing the
detected OD is selected as the preferred region of interest; the contrast
of this horizontal strip is enhanced using a series of image processing
steps. The macula region is detected in this strip using various mor-
phological operations and connected component analysis. For the de-
tection of the OD, we have considered the vesselness information in a
retinal image. The vessel segmentation is performed using a method we
have previously discussed [55]. Most state-of-the-art methods (e.g.
Refs. [1,2]), have considered the vessel visibility in the retinal image as

Fig. 10. Training accuracies and loss for GoogLeNet-EB1–based method using the first training subset (plotted for the first 17 epochs).

Fig. 11. Block diagram of the automatic detection and segmentation of the optic disc and macula [54].
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the most important criterion related to the retinal image quality. Since
we have used retinal vessel segmentation as an important step in the OD
centre detection, in the images with less vessel visibility, there is a
higher chance of classifying these images as low quality.

The OD, macula and fovea are located in the images classified as
good quality. The relative position of OD and fovea is then used to
create an MSRI metric that is capable of classifying the good-quality
images into MSRI high-quality images and low-quality images. The
MSRI metric used in this study is a modified version of the method by
Sevik et al. [4] and is defined in terms of an upper and lower bound for
the expected region of OD (EROD). These bounds are defined as fol-
lows:

= +L y ODD1EROD c (1)

=U y ODD1EROD c (2)

Where yc is the retinal image centre-line along the horizontal x-axis and

1 ODD is the length of one OD diameter. In addition to this, the EROD is
further divided into three vertical sections corresponding to the three
expected regions of the macula (EROM), in which each section has a
width of 3 ODD. These bounds are defined as follows:

= +L x ODD1.5EROM c (3)

=U x ODD1.5EROM c (4)

where xc is the retinal image centre-line along the vertical y-axis. Based
on the relative location of the detected OD and fovea concerning the
EROD and EROM, respectively, the MSRI metric is defined as:

=MSRI y y| |OD c OD (5)

=MSRI x x| |macula c macula (6)

where yOD is the y component of the detected OD location and xmacula is
the x component of the detected macula location.

Once the detected OD is within the defined LEROD andUEROD, and the
detected fovea is within the defined LEROM and UEROM regions, the re-
spective image is classified as a MSRI high-quality image. These upper
and lower bounds are presented in Fig. 12. Ideal values for MSRIOD and
MSRImacula for an MSRI high-quality image is near zero, which indicates
that the detected OD is located near the horizontal centre-line yc and the
detected macula is near the vertical centre-line xc.

5. Experimental results

The programming and computations were performed using a com-
puter with Intel Core i7, a 3.60 GHz processor with 16 GB RAM and
NVIDIA Quadro K620 GPU support. The proposed method was tested
on images from seven different public databases. The performance of
the proposed approach is reported based on the sensitivity (SE), spe-
cificity (SP), positive prediction value (PPV), negative prediction value
(NPV), overall accuracy (Acc) and AUC.

The performance of the level 1 classifier was analysed using ROC
(Fig. 13) and the performance of the proposed approach is reported in
Table 1. The values for SE, Acc, PPV, NPV and AUC for various ap-
proaches are reported for a SP of 0.60. A low SP is selected because with
the level 1 classifier, we are analysing the quality measure of the retinal
image. The main goal of the level 1 classifier is thus to identify the high-
quality MSRI images and, therefore, a high SE value is desirable.

Fig. 12. Optimal boundaries of ERODs and EROMs for level two classification.

Fig. 13. ROC curves for various DCNN based classifiers.
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GoogLeNet-T and GoogLeNet-EB1–based methods had better per-
formance metrics compared to the other approaches (Table 1). How-
ever, the GoogLeNet-EB1–based method with high SE values (0.995)
and AUC (0.9144) was selected as the preferred level 1 classifier. The
confusion matrix for GoogLeNet-EB1 is shown in Fig. 14, in which the
total number of misclassified images are 821. The misclassified high-
quality MSRI images—false negatives (FN)—are only 22, while the low-
quality images wrongly classified as high-quality MSRI images—false
positives (FP)—are 799. A higher number of FP results in a reduced
specificity measure of 60%. The level 1 classifier was successful in
identifying the retinal images with insufficient clarity and imaging ar-
tefacts. Additionally, the level 1 classifier identified the outlier images
(non-retinal images) with 100% accuracy. The majority of the FP
images had sufficient clarity to be classified as a high-quality retinal
image; however, the image either lacked adequate field definition to
include the necessary retinal structures or the retinal structures present
were not within the specific bounds defined in Eqs. (1)–(4).

Level 2 classification handles this issue successfully. The images
classified as good quality were analysed by an unsupervised level 2
classifier. On this level, specific structures inside the images and their
relative locations were specified. Out of 5786 images classified as good

quality by the level 1 classifier, only 762 images were classified as low
quality by the level 2 classifier. The confusion matrix for the level 2
classifier is shown in Fig. 15.

Among those 762 images classified as low quality, 703 images were
true negative (TN), while 59 images were FN (Fig. 16). A majority of
these FN images were from the UoA-DR (28 images), MESSIDOR (8
images) and IDRiD (7 images) databases. Even though these images
were labelled as high quality by the database providers, they are not
labelled as MSRI high quality according to the guidelines given by
various public sector health agencies like the Health Technology Board
of Scotland [17] and the New Zealand Ministry of Health [16]. The OD
and macula in these images are either out of the pre-defined EROD and
EROM regions or they are not visible in the fundus image; this is why
these images were classified as low quality by the proposed un-
supervised level 2 classification stage. Out of the 96 FP images obtained
after level 2 classification, most of these images contained OD and fovea
within the L UEROD EROD and L UEROM EROM limits.

However, the reason for the misclassification is due to the low SP
value of the level 1 classification stage. There is a trade-off between the
SP value of the level 1 classifier and the number of FP images after level
2 classification. The number of FP after level 2 is only 1.9% (96 images)

Table 1
Performance of different deep learning–based approaches.

Method SE SP PPV NPV Acc AUC

AlexNet-T 0.9482 0.60 0.8106 0.7862 0.8106 0.8891
GoogLeNet-T 0.9831 0.60 0.8436 0.9410 0.8529 0.8971
ResNet50-T 0.9514 0.60 0.7888 0.8867 0.8145 0.8644
ResNet101-T 0.9091 0.60 0.7985 0.8170 0.8041 0.8415
Inception-v3-T 0.9408 0.60 0.7862 0.8651 0.8074 0.8495
SqueezeNet-T 0.9503 0.60 0.7893 0.8848 0.8145 0.8825
AlexNet-EB1 0.9535 0.60 0.7919 0.8922 0.8184 0.8891
GoogLeNet-EB1 0.9956 0.60 0.8619 0.9819 0.8828 0.9144
ResNet50-EB1 0.9619 0.60 0.7968 0.9111 0.8268 0.8787
ResNet101-EB1 0.9683 0.60 0.8000 0.9254 0.8326 0.8787
Inception-v3-EB1 0.9693 0.60 0.7912 0.9253 0.8248 0.8860
SqueezeNet-EB1 0.9397 0.60 0.7867 0.8633 0.8074 0.8799
AlexNet-EB2 0.9619 0.60 0.7913 0.9093 0.8216 0.8945
GoogLeNet-EB2 0.9789 0.60 0.7969 0.9481 0.8345 0.8981
ResNet50-EB2 0.9704 0.60 0.7976 0.9293 0.8313 0.8829
ResNet101-EB2 0.9524 0.60 0.8221 0.9002 0.8449 0.8701
Inception-v3-EB2 0.9789 0.60 0.7901 0.9467 0.8281 0.8864
SqueezeNet-EB2 0.9366 0.60 0.7848 0.8565 0.8041 0.8737

Fig. 14. Confusion matrix for GoogleNet-EB1–based level 1 classifier. Fig. 15. Confusion matrix for level 2 classifier.
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of the total number of images (Fig. 15). The majority of FP images are
from DR2 and Kaggle databases and the OD and fovea are visible within
the defined EROD and EROM regions (Fig. 17). Accordingly, they are
classified as high quality.

The images are classified either MSRI high-quality or low-quality

images. Out of the 7007 images in the full testing set, 4928 out of 5009
(labelled MSRI high quality) are classified as MSRI high-quality images,
and 1902 out of 1998 (labelled low quality) are classified as low quality
(Table 2). The confusion matrix in Fig. 18 displays the overall classi-
fication performance of the proposed method.

Fig. 17. False positive images: Misclassified low-quality
images by level 2 classification stage. The first row shows
images from DR1 database. The second and third rows show
images from DR2 database, while the fourth row shows
images from Kaggle database. The region between the two
blue dotted lines represents EROM, and the region between
the two yellow dotted lines represents EROD.

Fig. 16. False negative images: Misclassified high-quality images by level 2 classification stage. The first two rows show images from UoA-DR database; the third row
shows images from MESSIDOR database and the fourth row shows images from IDRiD database.
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6. Discussion

Our proposed method has the second highest value for SE next to
the method by Fleming et al. [1] (Table 2). However, the method re-
ported in Ref. [1] has a lower SP value and has been tested with only
1039 images. Conversely, our proposed method has a higher SP value
and has been tested with 7007 images. The recently reported RIQA
method based on deep learning [27] reported a specificity of 98%,
which is the maximum SP value among the reported methods. They
used only 1058 images for the training and validation of their method.
Using the (GoogLeNet-EB1 + unsupervised level 2) classification ap-
proach, we achieved a SE, SP and Acc of 97.6%, 97.8%, and 97.68%,
respectively, on the 216 images from DRIMDB database (Table 3). Five
images (two low quality and three high quality) were misclassified. We
were unable to test our method on the ELSA-Brasil database, as the
images were unavailable. Together, the proposed method achieved SE,
SP and Acc values of over 95%, which outperforms the other methods
on average. The proposed method performs well upon testing on retinal
images from seven different public databases and it can be considered
as the preferable generalised method.

The performance of the proposed method was the best when tested
on the DR1 database (Table 3). This is understandable, as the system is
trained on images from the DR1 database—this is thus an intra-data-
base performance. When we compare the inter-database performances,
the proposed method achieves significant classification success. It
achieves over 90% in SE, SP and Acc when tested on five public data-
bases (excluding UoA-DR and HRF databases). After testing on UoA-DR
and HRF databases, the SE achieved was less than 90%. In the UoA-DR
database, even though the images are labelled as high quality by the

Table 2
Performance comparison with state-of-the-art methods.

Method Year Database used No: Images Performance

Fleming et. al. [1] 2006 Local 1039 SE: 99.1%
SP: 89.4%

Hunter et. al. [25] 2011 Local 200 SE: 100%
SP: 93%
Acc: 94%

Yu et. al. [6] 2012 Local 1884 SE: 99%
SP: 80%
AUC: 0.981

Pires et. al. [7] 2012 DR2 854 AUC: 0.955
Sevik et. al. [4] 2014 DRIMDB, DIARETDB1 254 SE: 98%

DRIVE
Abdel-Hamid et. al. [5] 2016 DR1 2692 AUC: 0.927
Welikala et. al. [8] 2016 UK Biobank 800 SE: 95.33%

SP: 91.13%
AUC: 0.9828

FengLi et. al. [9] 2017 Kaggle 2200 SE: 96.63%
SP: 93.10%
Acc: 95.42%
AUC: 0.9819

Gabriel et. al. [27] 2018 ELSA-Brasil, DRIMDB 1058 SE: 94.55%
SP: 98%
AUC: 0.9927%
κ: 0.88

Proposed 2019 MESSIDOR, DR1-DR2 7007 SE: 98.38%
DRIMDB, HRF, UoA-DR SP: 95.19%
Kaggle, IDRiD Acc: 97.47%

Fig. 18. Confusion matrix for the proposed method.

Table 3
Performance of the proposed method on different retinal image databases.

Database SE SP Acc

DR1 0.998 0.981 0.9883
DR2 0.991 0.912 0.968
HRF 0.888 1 0.944
UoA-DR 0.85 – 0.85
MESSIDOR 0.989 – 0.989
Kaggle 0.991 0.936 0.973
IDRiD 0.981 – 0.981
DRIMDB 0.976 0.978 0.977

Fig. 19. An example image from IDRiD database which is classified as MSRI
high-quality by the proposed method. The detected OD and fovea are marked
by yellow and white circles respectively.
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database provider, they do not conform with the MSRI standard. Hence,
the reported low SE value is due to the level 2 classification stage,
which analyses the content of such incorrectly labelled ground-truth
images (location of OD and fovea). In the HRF database, two out of 18
high-quality images were misclassified. All low quality images in the
HRF database were correctly classified; hence the SP is 1.

As mentioned in Ref. [27], most works [1,6,25] in the field of RIQA
have used the same database images for both training and testing their
algorithms. This makes their results biased and less generalised and,
consequently, unreliable for practical clinical settings. Our proposed
method has combined the advantages of both supervised and un-
supervised classifications to obtain superior performance across various
databases. The method also takes advantage of using pre-trained DCNN
under transfer learning in medical imaging [27,44]. The transfer
learning assists the proposed method to obtain superior classification
performance over the ‘training from scratch’ methods.

Fig. 19 portrays an image classified as MSRI high-quality from the
IDRiD database using the proposed method. Both the detected OD and
fovea are inside the EROD and EROM regions, respectively. Conversely,
Fig. 20 shows images that were originally classified as good quality by
the deep learning–based level 1 classification, but were then classified
as low quality by level 2 classification stage—either the detected OD
was outside the EROD, the detected fovea was outside the EROM, or
both.

7. Conclusions

This article presents a deep learning–based approach for RIQA
evaluation. Level 1 classification is based on a deep learning approach,
while level 2 classification is based on unsupervised learning. The level
1 classifier assesses the quality of the input retinal images, whereas the
level 2 classifier analyses the field definition—the images are classified
as either MSRI high-quality or low-quality images based on the two-
level classification. Our proposed method with a SE, SP and Acc of
98.38%, 95.19%, and 97.47%, respectively, outperforms the other
state-of-the-art methods in RIQA evaluation. The proposed method uses
a deep learning approach and eliminates the need for classical image-
specific learning features, which is the main concern of the traditional
RIQA classifiers. The transfer learning approach using pre-trained
DCNN also helps the system to be less dependent on the number of
retinal images required in the training phase. Since we can use the pre-
trained models (GoogLeNet, trained on millions of images) for the
classification problem, we have the additional advantage of faster
convergence and better classification performance. Additionally, our
method is more generalised and robust and does not require training
with different databases. This ensures that our proposed method is
more suitable to adopt in clinical practice. The unsupervised level 2
classification stage helps to analyse the field definition of the input

retinal images, which is significant in DR screening.
The proposed RIQA method can be used alongside other retinal

image–based pathology detection algorithms. This method will help in
screening MSRI images to build automatic screening systems for dif-
ferent retinal image–based pathologies, such as diabetic retinopathy,
hypertension and glaucoma. The proposed system could also be used at
the time of image capturing by the specialist ophthalmologist/opto-
metrist or by any technician or photographer. The system may auto-
matically guide the clinician in deciding whether image recapturing is
required or not. This attribute can be employed in the field of tele-
medicine, in which the person capturing the retinal images might not be
an imaging expert. The system can also be integrated with many ARSS
systems as a pre-processing unit that could reject images with low
quality for further processing. In low-quality images, many vital but
subtle signs of DR and glaucoma are hidden due to poor contrast and
blur; these images might be labelled as normal by the ARSS. Therefore,
our proposed system, if used at the pre-processing stage, can reject such
images and request a repeat of the imaging procedure of the same
subject, thereby reducing the risk of misclassification.
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