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The Detection Algorithm of Pathological Fundus Image

Based on PCANet and SVM

YANG Deguo MA Lanping NIE Yu
( College of Computer Science and Engineering Northwest Normal University Lanzhou Gansu 730070 China)

Abstract: To address the problem of small training data set of fundus images the combination of unsupervised prin—

cipal components analysis networks ( PCANet) and supervised support vector mochine ( SVM) algorithm is used to

detect diabetic retinopathy fundus images containing exudates and normal fundus images by extracting retinal exu-

date features from color fundus images. Before performing exudate feature extraction on fundus images image pre—

processing is first performed on fundus images to reduce interference with exudate feature extraction including re—

dundant background removal channel separation histogram equalization vessel removal and optic disc removal. The

unsupervised PCANet does not require labels for training and is combined with SVM to both save training time and

achieve accurate classification of fundus images with a small training data set. The experimental results show that the

PCANet + SVM model has a certain improvement in accuracy sensitivity and specificity value compared with related

methods.

Key words: image enhancement; image detection; unsupervised; the neural network ( : )



