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ABSTRACT--- Computerized fundus image analysis is a well-

established research area in the field of medical imaging. The 

cause of noise in fundus images is due to many factors like the 

low lighting conditions, adverse illumination effects, camera 

malfunctioning, etc. The presence of noise may lead to data loss 

and sometimes to the wrong data interpretation. Classifying the 

fundus images into either good quality or bad quality is very 

important as the good quality fundus images can be directly sent 

for processing without any preprocessing, hence reducing the 

computational time and the bad quality images can be forwarded 

for the required preprocessing stages. In this paper, we are using 

a convolutional neural network (CNN) to assess the quality of 

fundus images automatically. We use No-reference image quality 

assessment technique (IQA) classify the fundus images into good 

quality or bad quality based on their quality. A Mean Opinion 

Square (MOS) of 12 image quality assessment participants is 

taken for labeling the 300 fundus images based on their quality. 

The participants have rated the fundus images on the scale of 0-

10, where the 0-rating is given for very bad quality fundus 

images, and 10-rating is given for the very good quality fundus 

images. The experimental study has proven that the classification 

result of the proposed CNN outperforms the best-known blind 

image quality assessment algorithms, namely, DIVINE, 

BLIINDS-II, and BRISQUE when trained on the public 

databases LIVE, TID2013 and on our fundus image dataset.  
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I. INTRODUCTION 

Medical imaging is used widely nowadays for diagnosing 

various diseases. Noise is a factor that is unavoidable in 

digital images due to many reasons. There can be many 

different types of noises introduced in digital images which 

makes it difficult to process them further. Noises are 

introduced due to improper lighting conditions, 

malfunctioning of digital sensors, slow shutter speeds, high 

sensitivity modes, etc. As the quality of medical image plays 

a very crucial role in further decision making, assessing its 

quality becomes the first step in image processing. By 

preprocessing only the poor quality images to enhance their 

quality reduces the great amount of computational cost and 

time.  

Automated image quality assessment (IQA) techniques 

have the advantages of speed and accuracy in comparison to 

the manual image quality assessment. There are three 

categories of IQA methods, namely, 1) Full-reference 

Methods 2) Reduced-reference Methods 3) No-reference 

Methods. These three methods consider different image 

quality assessment metrics for their assessment.  

The Full-reference IQA methods use the metrics like 

Feature Similarity Index Metrics (FSIM) [1], Peak Signal to 

Noise Ratio (PSNR) and Structural Similarity Index Metrics 

(SSIM). The Reduced-reference IQA methods use the 

metrics like Peak Signal to Noise Ratio (PSNR), Modified 

Structural Similarity Index (MSSIM) and Lubin’s Sarnoff 

model [2] [3], etc. The No-reference methods use most of 

the Full-reference metrics and Natural Scene Statistics 

(NSS) based features [4]. 

Machine learning techniques are extensively used for 

feature extraction and classification of the data. The 

Convolutional Neural Network (CNN) is a category of the 

algorithm in machine learning which is widely used for 

image segmentation and image classification since past 

recent years. These categories of algorithms are also known 

as Deep Learning algorithms.  

CNN has several sets of convolutional layers. Between 

every set of the convolutional layer, there is a pooling layer 

as shown in Fig. 1. In between each set of the convolutional 

layer and in the pooling layer we have an activation 

function. The convolutional layer runs a filter on an input 

image and alters the individual pixel intensities. Activation 

function determines the state of neurons and fires the signal  
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to the next connected neuron. Pooling layer is used to reduce 

the convolution responses to a lower dimension. This layer 

can be implemented with different types of pooling 

functions like Max pooling, Min pooling, Average Pooling, 

etc.  

 

 
Figure 1: A common architecture of CNN 

 

We have implemented a class of CNN known as 

VGGNet-16 [5] to classify the fundus images based on their 

quality. The aim is to classify the good quality fundus 

images from the bad quality fundus images. Only, the 

classified bad quality fundus images are taken up for the 

further preprocessing stages to enhance their quality. Great 

amount of computation time is saved as good quality fundus 

images are not considered for further preprocessing and can 

be directly used for feature extraction. The accuracy of 

classifying the good quality fundus images from the bad 

quality fundus images using VGGNet-16 is found to be 

exceptionally well when compared to DIVINE [6], 

BLIINDS-II [7] and BRISQUE [8] algorithms.  

II. RELATED WORK 

Generally, different approaches to IQA are classified by 

the amount of information known about the original, 

undistorted reference image input to the algorithm. The full 

reference (FR) approaches to IQA require an undistorted 

reference image and have full access to the whole reference 

image. The reduced reference (RR) approaches require only 

the partial information, typically a set of extracted features 

of the distortion-free reference image. In no-reference IQA 

techniques, the specific information available about the 

reference image is not used, and it is assumed that a 

distortion-free reference image is not available for image 

assessment [9]. 

No-reference IQA algorithms fall under two categories: 

The distortion-specific algorithms and general-purpose 

algorithms. The former categories of algorithms know that 

there is a specific type of distortion in the images and the 

later does not know about the type of distortion available, 

and in this case, there may be more than one type of 

distortion available [9]. 

IQA algorithms may also consider the human visual 

system (HVS) evaluation methods for better accuracy [10] 

[11] [12] [13]. But since the lack of undistorted reference 

image, no-reference IQA methods may not precisely use 

HVS. The commonly used quality metrics for no-reference 

IQA are PSNR, SSIM, FSIM and Natural Scene Statistics 

(NSS) based features [14].  

PSNR gives the ratio between the maximum intensity of 

the original image and the noise introduced. The higher 

PSNR value means the image quality is high and vice versa 

[15] [16]. The SSIM measure is more accurate compared to 

PSNR. It highly correlates with the quality human visual 

system. SSIM models any distortion in the image as by 

combining luminance distortion, loss of correlation, contrast 

distortion [11] [15]. The FISM algorithm considers the fact 

that HVS interprets the image by considering the low-level 

features. In this method, the low-level features of an image 

are extracted compared with the low-level features of the 

reference image. More difference between comparison 

indicates that the quality of the image is not good [17] [18]. 

NSS deliberates the fact that all the natural scenes hold 

some statistical properties. These properties are transformed 

by the distortion making the scenes un-natural. By using the 

scene statistics, NSS algorithms attempt to recreate the 

original scene without any reference [19]. NSS uses both 

wavelet transform and DCT transform [7] to extract the 

features. 

Image quality assessment experiments require training 

data as well as testing data. Training data should have 

distortion specific images as well as images having more 

than one type of distortion. As the human visual system is 

considered to be the best IQA method, human subject 

opinion plays an important role in building the training data-

set.  

The LIVE database [20] comprises 779 labeled images. 

These images are formed using the original 29 source 

reference images, and every image is subjected to 5 different 

types of known distortions at different distortion levels. The 

best known full-reference image quality assessment 

database till date is TID2013 [22]. This database has 3000 

test images derived from 25 reference color images.  

There are various algorithms available for No-reference 

IQA like DIVINE, BLIINDS-II, and BRISQUE which were 

considered to be the best in the recent days. These 

algorithms were tested on the LIVE database for their 

performance. The latest introduction of Convolutional 

Neural Network for IQA has been proven to outperform all 

the previous No-reference IQA algorithms [23] 

Overfitting is a problem in machine learning where the 

neural network starts to adapt to the data set given during 

the training. It mainly occurs due to the less amount of 

training data. This feature is called overfitting. Overfitting 

causes the network to classify the new test data wrongly. 

This problem of overfitting is easily eliminated using 

methods like “Dropout” [24].  

There are various activation functions available for the 

neurons to fire. Most significant among all are Sigmoid, 

Tanh, Linear function, a Step function. Activation functions 

fall under two categories: Linear Activation Function and 

Non-Linear Activation Function. Rectified Linear Unit 

(ReLU) is one activation function which is most used in the 

world right now. Almost all CNN and Deep learning 

algorithms use ReLU for activating the neuron. It is a Non-

Linear activation function, and it also reduces the 

computational cost compared to other activation function 

[25]. 
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III. METHODOLOGY 

We have built a data set of 300 fundus images for testing 

the efficiency of our CNN for classifying between good 

quality fundus images and bad quality fundus images. This 

data-set has various quality fundus images ranging from 

extremely good quality fundus images where we can see all 

the retinal structures to extremely bad quality fundus images 

where not even a single retinal structure is visible. There 

were 12 human participants to rate these fundus images in 

the range of 10 to 100 where 10 is the rating given to the 

extremely bad quality fundus images and 100 being the 

rating given to the extremely good quality fundus images. A 

Mean Opinion Square (MOS) of the rating is taken for every 

image, and a MOS fundus image dataset is created to train 

our CNN.  

The Table 1 shows the different levels of implemented 

CNN architecture which is a 224 × 224 × 64, 112 × 112 × 

128, 56 × 56 × 56 × 256, 28 × 28 × 28 × 512, 14 × 14 × 14 × 

512, 1 × 1 × 4096, 1 × 1 × 4096, 1 × 1 × 4096 structure. The 

input is fixed-size 224 × 224 locally normalized RGB 

image. The convolution in all the layers is performed using 

3 × 3 filters, and the convolution stride is fixed to 1. In some 

of the convolution layers, we also use a 1 × 1 convolution 

filter to carry the effect of a linear transformation of the 

input channels. Max-pooling in between the convolution 

layers is performed over a 2 × 2 pixel window, with a stride 

of 2.  

Every convolutional layer in the architecture has a 

different depth. These convolutional layers are followed by 

the three Fully-Connected (FC) layers at the end as shown in 

Fig 2. The first two fully-connected layers have 4096 

channels each and the third layer is an output layer which 

performs a 2-way classification and thus contains 2 channels 

(one for each class, i.e., good-quality fundus image or bad-

quality fundus image). The final layer is the soft-max layer 

[5].  

The CNN is trained in an iterative process over a number 

of epochs. In deep learning, one epoch is the time duration 

in which every sample from the training set has been used 

once. We have used 100 epochs with early stopping. The 

optimizer used for CNN is Adam, and no dropout layers are 

used in the architecture. The network learning rate is set to 

1e-4 with exponential decay. 

 

 
Figure 2: Different layers of the implemented CNN 

Table 1: Implemented CNN architecture [5] 
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IV. RESULTS AND CONCLUSION 

The performance of the proposed algorithm is evaluated 

based on the LIVE and TID2008 datasets. The Spearman's 

rank correlation coefficient (SRCC) and Pearson correlation 

coefficient (PCC) accuracy matrices are used for the 

performance evaluation of the implemented CNN with the 

DIVINE, BLIINDS-II and BRISQUE algorithms. The 

following Table 2 lists the accuracy of CNN over the other 

algorithms on different databases. It evident that our CNN 

outperforms during the classification of fundus images 

based on their quality compared to the other three image 

quality assessment algorithms. 

 

Table 2: Accuracy of CNN in fundus image classification 

 
 

The following Fig 3 shows that our CNN performs 

extremely well during convergence in adjusting the weights 

of the network. 

 

 
Figure 3: The CNN Convergence Graph  

(Blue line - training loss Orange line - Validation loss) 

 

Following Fig 4 and Fig 5 shows the fundus images being 

classified into good quality images and bad quality images 

by our CNN. 

 

 
Figure 4: Good Quality Fundus Images 

 
Figure 5: Bad Quality Fundus Images 
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