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Abstract

Glaucoma is a globally prevalent blinding eye disease, and the optic nerve damage it causes is irre-
versible. Early diagnosis and intervention are crucial for protecting patients’ visual function. This
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study proposes a rapid glaucoma screening method based on virtual spectral technology of fundus
color photographs. The fundus color images are converted into hyperspectral images using the
MST++ neural network, and the spectral features of the optic cup/optic disc region are classified
and identified by the VGG16 deep learning model. Public datasets such as iChallenge and Messidor
are adopted to systematically verify the feasibility and accuracy of the method. The results show
that the classification model based on spectral features achieves an accuracy of over 95% in distin-
guishing between glaucomatous and healthy eyes, and also exhibits excellent discriminative ability
in multi-disease classification tasks. This method has the advantages of low computational com-
plexity, low equipment requirements, and simple operation, making it particularly suitable for
large-scale screening and primary medical care scenarios, and possesses significant clinical appli-
cation value and promotion prospects.
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Figure 1. Color fundus images of three different eye diseases from the iChallenge database. From left to right are glaucoma,
age-related macular degeneration, and pathological myopia
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Figure 2. Color fundus images of diabetic retinopathy from the Messidor database. From left to right are fundus images of a
healthy eye, early-stage diabetic retinopathy, middle-stage diabetic retinopathy, and late-stage diabetic retinopathy
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Figure 3. Preprocessing process of color fundus images, where (a), (b), and (c) correspond to the original image, the image
with height and width cropped to 512 x n and 482 x n respectively, and the preprocessed image
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Figure 4. Partial network structure of the MST++ neural network. The left side shows the internal structure of MST++, and
the right side shows the internal structure of SST, including two main modules: Encoder and Decoder
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Figure 5. Output fundus spectral images of healthy eyes and original color images after network training. Fundus spectral
images from 400 nm to 700 nm with a spectral interval of 10 nm are arranged from left to right and top to bottom, and the
corresponding fundus color image is shown in the lower right corner
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Figure 6. Selection of key regions in fundus spectral images
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Figure 7. Structure diagram of the VGG16 network
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Figure 8. Comparison of color fundus images between healthy eyes and glaucoma eyes. Panel (a) shows healthy eyes and
panel (b) shows glaucoma eyes, with four groups of different fundus images presented in each panel
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Figure 9. Comparison of fundus spectral images between healthy eyes and glaucoma eyes. Panel (a) shows the healthy eye
group and panel (b) shows the glaucoma eye group. Fundus spectral images from 400 nm to 700 nm with a spectral interval of
10 nm are arranged from left to right and top to bottom, and the corresponding fundus color image is shown in the lower right
corner
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Figure 10. Comparison of fundus spectra in four key regions between glaucoma eyes and healthy eyes, namely the optic
cup/disc region (OD region), fovea region (F region), inferior temporal vessel region (I region), and superior temporal vessel
region (S region)
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Figure 11. Comparison of fundus spectra in four key regions between glaucoma eyes and healthy eyes after spectral subtraction.
The red line represents the OD region, and the other three lines represent the F, I, and S regions respectively
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Figure 12. Binary classification results of fundus spectra between glaucoma and healthy eyes from the iChallenge database.
The upper panel shows the loss function during training, and the lower panel shows the accuracy
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Figure 13. Confusion matrix of the test set for binary classification of fundus spectra between glaucoma and healthy eyes from
the iChallenge database
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Some extension of Receiver operating characteristic to multi-class
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Figure 14. ROC curve of the test set for binary classification of fundus spectra between glaucoma and healthy eyes from the
iChallenge database
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