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Improved 3D-UNet for OCT retinal layer segmentation
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Abstract: Early diagnosis of glaucoma is crucial for preventing vision loss caused by the disease, and Optical Coherence
Tomography (OCT) offers a high—resolution imaging method for observing and analyzing retinal layer structures. This research
aims to enhance the accuracy of retinal layer structure recognition and segmentation in OCT images through an improved 3D-UNet
network architecture. Initially, a densely connected architecture is employed to enhance feature extraction capabilities, ensuring the
capture of rich information from shallow to deep layers, thereby improving the accuracy of retinal layer structure recognition.
Secondly, to effectively differentiate between highly similar retinal layer structures, this research integrates residual learning
mechanisms with Inception modules, improving model differentiation capability by deepening and widening the network. Lastly, for
precise high—resolution detail recovery, a novel upsampling method is adopted, significantly improving detail recovery quality
through refined adjustments in the upsampling process. Experimental results demonstrate that the proposed improved 3D - UNet
network exhibits higher precision and efficiency in retinal layer structure recognition and segmentation tasks compared to conventional
methods.
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Fig. 1 Architecture of the improved 3D—UNet network
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Table 1 Segmentation results of 3D OCT
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Fig. 2 Diagram of OCT segmentation
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