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Retinal optical coherence tomography image classification
based on multiscale feature fusion

HAN Lu', BI Xiaojun®

(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. School of In-

formation Engineering, Minzu University of China, Beijing 100081, China)

Abstract: The retinal optical coherence tomography (OCT) image classification method based on deep learning has
problems such as low ability of network feature extraction and difficult classification of small target lesions. Therefore,
this paper proposes a dual branch multiscale feature fusion network. The gating attention mechanism is added to the
vggl6 network, and the deep features are transmitted to the shallow features as gating signals. The redundant features
are removed more fine-grained abstract information is obtained. Simultaneously, an atrous spatial pyramid pooling
(ASPP) module is introduced to increase the receptive field and capture the global context information in various pro-
portions without reducing the feature map resolution. The ASPP module increases the classification accuracy of small
target lesions. The experimental results show that the proposed method has achieved good results in the retinal OCT im-

age classification task, and the classification accuracy has reached 97.9%.
Keywords: retina; optical coherence tomography; attention mechanism; atrous spatial pyramid pooling; neural network;

image classification; deep learning; medical image
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