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The Optic Disc (OD) and Optic Cup (OC) are the key parameters in eye health assessment which is manual and time-consuming. With the help of computer-aided 

systems, this assessment can be automated and work as an advisory opinion for doctors. Here, accurate segmentation of the OD and OC is essential as the ratio 

of these parameters used in various eye diseases such as glaucoma diagnosis. One of the computer-aided systems is a Convolutional Neural Network (CNN) U-Net 

[1] that uses eye fundus images of the same size. The variety of images size caused by different eye fundus cameras [2] is aligned using an image resizing tech-

nique where the image interpolation occurs. In this research, we applied the three most common interpolation methods, such as bilinear, nearest neighbour, and 

bicubic, and evaluated the impact on Optic Disc and Optic Cup segmentation caused by these interpolation methods.  

 Bi-linear interpolation, which uses the weighted average 

of the 4 nearest neighbours to produce the output.  

 Nearest Neighbour interpolation, which selects the value 

of the nearest point and does not consider the values of 

neighboring points at all, yielding a piecewise-constant inter-

polant. 

 Bi-cubic interpolation, which uses the weighted average of  

the 16 nearest neighbours to produce the output.  

The cropped and resized by different interpolation methods i-

mages were used to train a convolutional neural network U-

Net. Optic Disc and Optic Cup segmentation results were eva-

luated by Dice similarity coefficient (Table 1).  
  

Table 1. OD and OC segmentation results by Dice score. 

The visual examples together with Dice score of the worst and 

the best Optic Disc and Optic Cup segmentation obtained by 

training CNN on resized by different interpolation images are 

shown in Image 1. Here, white circle indicates the ground truth 

label, blue – segmented Optic Disc and green – segmented Op-

tic Cup. 

CONCLUSIONS 

The experiment has shown that applied interpolation method has an impact on OD and OC segmentation. In OD segmentation case, applying Bi-cubic interpola-

tion for image resizing, a Dice score above 0.95 is achieved for 80% of test images out of 50, applying Nearest Neighbour and Bi-linear interpolation methods - 

for 56% and for 26% of images respectively. In OC segmentation case, applying Bi-cubic interpolation for image resizing, a Dice score above 0.75 is achieved for 

64% of test images out of 50, applying Nearest Neighbour and Bi-linear interpolation methods - for 34% and for 22% of images respectively.  

RIM-ONE REFUGE DRISHTI 
Interpolation  

OD OC OD OC OD OC 

Bi-linear 0.92 0.82 0.90 0.73 0.93 0.82 

Nearest Neighbour 0.94 0.80 0.91 0.76 0.95 0.84 

Bi-cubic 0.96 0.84 0.93 0.79 0.96 0.85 

For this experiment, the publicly available images with their corresponding ground truth of RIM-ONE (159), REFUGE (800) and DRISHTI (101) datasets have been 

used. By applying image augmentation techniques, such as image rotation by an angle of rotation from 0° to 45°, zooming by 20%, horizontal and vertical flipping,  

Worst Case  Best Case   

BI-LINEAR Interpolation 

   OD Dice = 0.79     OC Dice = 0.06       OD Dice = 0.94      OC Dice = 0.85  
    

NEAREST NEIGHBOUR Interpolation 

   OD Dice = 0.91     OC Dice = 0.13       OD Dice = 0.95      OC Dice = 0.55  
    

BI-CUBIC Interpolation 

    OD Dice = 0.93     OC Dice = 0.81       OD Dice = 0.98     OC Dice = 0.95 
    

 

 

 

the number of images was increased to 2000 for each dataset.  

The images were cropped by the area of OD and resized to size 

of 128 x 128 pixels by three different interpolation methods:  

Image 1. Visual examples of OD and OC segmentation 
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