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ABSTRACT 
In Telemedicine applications, the use of non-mydriatic ocular fundus photography has given rise to indispensable applications of 
portable fundus cameras. Non-mydriatic image quality is more susceptible to distortions, such as uneven illumination, color 
distortion, blur, and low contrast. Such distortions are called generic quality distortions. This paper proposes an algorithm based 
on three characteristics of the human visual system—likelihood estimation method, blind deconvolution, and dehazing method 
using linear transformation to detect illumination and contrast distortion, blur, and colour distortion, respectively. The human 
vision system, to assess the image quality of non-mydriatic photography, especially for low-cost ophthalmological telemedicine 
applications. The Generic feature of the image deal with global distortions, such as uneven illumination, blurring effects from being 
out of focus, and low contrast. The proposed method shows enhance in all the quality metrics when compared with original image. 
In blind deconvolution, there are two approaches. In the first approach it simultaneously restores the true image and point spread 
function. In the second approach the maximum Likelihood estimate of parameters like point spread function and covariance 
matrices. as the PSF estimate is not unique. The main advantage is it has low computational complexity and also helps to obtain 
blur, noise and power spectra of the true image. In linear transformation method, the transmission map is expected using a linear 
transformation model which has less computational complexity, and the atmospheric light is obtained with an additional channel 
method based on a quad-tree subdivision by using the ratio of grays and gradients in the region. With those information, we can 
easily get the haze-free image through the atmospheric scattering model. 
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INTRODUCTION 

 

In retinal photography, Ophthalmological early detection prevents both vision mutilation and the 

consequences of untreated eye disease. Non-mydriatic ocular fundus photography seems to be a hopeful 

solution, especially for retinal disease, when combined with telemedicine because it does not require pupil 

dilation and it can be done with a portable fundus camera. Portable digital fundus photography differs from 

conventional fundus photography because it is done with the camera fixed to operator's hands rather than being 

on a permanent fixture. However, such operating conditions can be vulnerable to problems with the quality of 

the digital retinal image, such as uneven luminance, fluctuations in focus, and patients' movements. Hence, 

evaluating the image quality of portable fundus camera imaging-systems is of such  great importance. The 

valuation of fundus image quailty involves a computer-aided retinal image analysis-system that is designed to 

assist ophthalmologists to detect eye diseases such as age-related macular degeneration glaucoma and diabetic 

retinopathy. The objective quality evaluation of fundus images, which plays a major role in automatically 
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selecting diagnosis-accessible fundus images among the outputs of digital fundus photography, is a descendant 

of subjective quality evaluation. Subjective quality evaluation is performed by qualified ophthalmologists who 

grade the quality of fundus images by comparing differences in the images to be graded with  excellent quality 

images, based on their prior knowledge of excellent image quality. Such prior knowledge is acquired either from 

the human visual system (HVS), which is a complex biological system [8], or from technical training in 

ophthalmic analysis. Based on their prior knowledge, ophthalmological experts can grade fundus image quality 

with confidence; however, their subjective evaluation is as laborious in practice as it is  expensive and time-

consuming. 

Research related to the objective consideration of fundus image quality has been conducted for decades. 

The methods proposed in these studies can be classified into two major categories: generic feature-based 

methods [1]–[3]. Generic feature-based methods deal with global distortions, such as uneven 

illumination,blurring effects from being out of focus, and low contrast. Lee and Wang [4] presented an explicit 

template that was mathematically approximated by a Gaussian model to extract images of desired quality from a 

set of images. Convolution of the template with the intensity histogram of a retinal image was computed as 

generic quality. Fasih et al. [5] developed a generic retinal image quality estimation system that employed just 

noticeable blur (JNB), an HVS characteristic [6], combined with texture features [7]. 

Retinal image quality assessment apply low-level HVS characteristics to generic quality assessment and 

propose an integrated HVS-based generic quality assessment algorithm as a starting point. Generic quality 

involves three parameters: illumination, contrast, blur and color distortion[20]. Three low-level characteristics of 

the HVS, including maximum likelihood estimation, blind deconvolution, linear transformation, were employed 

to evaluate the three parameters from this respectively. 

The rest of the paper describes the proposed algorithm and presents the results of tests of the algorithm on 

proprietary and public datasets, and compares these results with ophthalmologists' subjective evaluations. 

 

Proposed Methodology: 

The proposed method consists of Human visual system(HVS),which is based on three characteristics: 

maximum likelihood estimation, blind deconvolution ,linear transformation. The performance of the method is 

improved when compared to the traditional methods.The input image is the retinal image which is under test. 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

 

Fig. 1: Flowchart of the proposed method 

 

Algorithm: 

• The major methodological steps presented here are outlined in the flowchart. 

• The irrelevant background was removed in the preprocessing step using canny edge detection. 

• The proposed HVS-based algorithm focuses on the three sub-models :maximum likelihood estimation 

method,blind deconvolution and dehazing using linear transformation. 

• The machine learning step was devoted to evaluating the algorithm’s capability of binary classification 

of images which is done by support vector machine(SVM). 

 

A. Preprocessing: 

Preprocessing was designed to trim redundant background from the original images.In order to obtain the 

trimming mask,we combine boundary detection and background thresholding. The boundary detection was 

aimed at detecting the furthest edge using canny edge detection inside the foreground area and drawing a 
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circular mask, with the center at the image center and the radius at the furthest edge. The background area was 

cropped and removed by this circular mask. 

 

B. Maximum likelihood estimation method(MLE): 

The Maximum likelihood estimation method was employed for non uniform illumination and contrast. 

Nonuniform illumination affects the overall contrast of the image[8-11]. The contast can be enhanced by various 

method which  have time consuming and complex algorithm[12-14].This method shows improvement in all the 

quality metrics when compared with original image . Input image is first decomposed into three channels (red, 

green and blue).Then histogram stretching is performed on individual channels.With the assumption that each of 

R, G and B channel is Rayleigh distributed. , histogram stretching is done with respect to Rayleigh distribution 

 

Algorithm: 

• The scale parameter is estimated from given image. So the histogram stretching is adaptive. The scale               

parameter (𝜃) is estimated. 

• The estimated values are used in histogram stretching with respect to Rayleigh distribution of R, G, and 

B components. 

• The  image is non-uniformly illuminated because  there are dark and bright patches in the image, so 

stretching is performed locally on small patches of image is preferred than global stretching 

• Histogram stretching performed on each color channel with respect to Rayleigh distribution is given by 

the following  

𝑖out = 𝑖min + [2 ∗ 𝛼2∗ ln (1𝑝𝑖 (𝑖))]1/2 

where 𝑖out is pixel value in transformed image, 𝑖min is minimum pixel value in the transformed image, 𝛼 is 

parameter value, and 𝑝i(𝑖) is cumulative distribution function of pixel values of input image 

• The R,G,B channels of the image  is concatenate. The non uniform illumination corrected image is 

obtained. 

 

C.Blind deconvolution: 

The blur of the image can be treated with CPBD,adaptive histogram,JNB .But they can only enhance the 

edges which results in unreliable for the good quality[15-19]. Blind deconvlution work for the deblurring 

process which gives a beter result comparing to the traditional method. It has two approach. In the first approach 

it simultaneously restores the true image and point spread function.this begins by making initial estimates of the 

true image and PSF. The technique is cylindrical in nature. Firstly we will find the PSF estimate and it is 

followed by image estimate. This approach is insensitive to noise. In the second approach the maximum 

Likelihood estimate of parameters like PSF and covariance matrices.as the PSF estimate is not unique other 

assumptions like size,symmetry etc. The algorithm is follows: 

• Convert the input image in gray scale and define the blur kernel. 

• Deconvolve with different sized psf to determine best psfsize for restoring image and have manual 

guess for PSF. 

• Deconvolving at varying values of Disk radius and number of  blind deconvolution iterations. 

 

D.  Linear Transformation Method(LTM): 

When the light falls on the image, it results on image color distortion[20].  The scattering model use linear 

transformation estimation for free hazing the images. There are three steps according to the atmospheric 

scattering model. They are 

• Atmospheric light estimation is performed through grayscale transformation to find . Then, the quad-

tree subdivision is adopted to obtain the retinal  region, , and finally, the atmospheric light is obtained by 

calculating the average gray of the retinal region.  

• A transmission map is estimated by calculating the minimum color channel of to obtain . Then, the 

linear transformation algorithm is used to estimate the rough transmission map, , and finally, the Gaussian blur 

method is used to refine the rough transmittance function to obtain .  

•  Image restoration with parameters and is used to recover the haze-free image based on the atmospheric 

scattering model. 

 

E. Machine Learning: 

SVM is an excellent classification and deterioration tool, which uses support vectors that are qualified from 

the training dataset to expect the testing dataset. It is a common practice to renovate the innovative feature space 

into a higher dimensional space using kernel functions, such as a polynomial function, or a radial based function 

(RBF). Rather than regarding the quality assessment of retinal images as a classification problem and solving it 

by SVM, we can also recommend, or select, retinal images whose generic quality is excellent 
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Generic overall quality assessment integrating three partial class indicators was performed by  SVM-based 

classification which showed both high sensitivity  and specificity. In contrast, SVM does not have such a hitch 

for it can make over data into higher dimensional spaces where the non-linearly separable problem can be 

resolved linearly. The SVM-based overall quality classification testing on DRIMDB, LOCAL1, and LOCAL2 

achieved performance above the AUC of 0.90, 0.81, and 0.94, respectively, indicating the adaptation of the 

HVS-based algorithm to different pixel size.  

 

RESULTS AND DISCUSSIONS 

 

This section illustrates the results of the quality assessment of retinal images. All these images have been 

graded by the three ophthalmologists, such that each retinal image has three partial quality grades and the 

overall quality grades: Ilumination/contast (0: acceptable/high contrast; 1: unacceptable/low contrast), Blur (0: 

not noticeable; 1: noticeable), color (0:acceptable ; 1: unacceptable), and Overall (0: good generic quality; 1: 

bad generic quality). Both the partial and overall quality assessments belong to a binary classification problem; 

the                                                                                                                                                        

Sensitivity= TP/(TP +FN) 

Specificity=TN/(TN+FP) 

Accuracy(AUC)=Sensitiity*Specificity 

criteria commonly used in the evaluation of binary classifiers are the sensitivity and specificity defined by 

the number of true positives (TP), true negatives(TN), false positives (FP), and false negatives (FN) 

 

Figures and Tables: 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 1: Feature Vector Based Performance Of Partal(Illumination/Contrast,Blur,Color)And Overall Quality Classifier 

SVM classifier Category sensityvity Specificity AUC 

Illumination/contrast Acceptabe/high contrast 0.879±0.0746 0.979±0.0746 0.939±0.0746 

Unacceptable/low 

contrast 

0.809±0.0546 0.779±0.0743 

Blur Not noticeable 0.838±0.0783 0.879±0.0846 0.922±0.0746 

Noticeable 0.865±0.0646 0.679±0.0446 

Color Acceptable 0.826±0.0795 0.859±0.0746 0.963±0.0746 

Unacceptable 0.809±0.0446 0.579±0.0446 

SVM based overall Good 0.875±0.0722 0.879±0.0746 0.870±0.0646 

Bad 0.829±0.0646 0.879±0.0746 
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Conclusion: 

This paper aimed to assess the generic quality of the retinal images more than ever for portable fundus 

camera applications in non-mydriatic ocular fundus photography.An algorithm is proposed to assess image 

quality using a human visual system with three partial quality factors: illumination and contrast ,blur and color 

distortion. The characteristics are:maximum likelihood estimation, blind deconvolution and linear 

transformation. The sensitivity of the distortion-specified classification was 97%,97.09% and 90% respectively. 

The HVS based feature vector to  predict low contrast is levelheaded and effective where the table shows 

the quality classifications achieved balanced performance. This feature also can detect typcal noise 

contamination suh as salt noise, guassian noise ,pepper noise with a pure specificity.  
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