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The retinal image comparison of normal and DR. .

Diabetic retinopathy (DR) lesions are categorized based on the
progression of lesion development; ranging from mild to severe
stages. a) Microaneurysms (MA); b) Retinal Hemorrhage (HM); c)
Hard Exudates (HE); d) Soft Exudates (SE); e) Intraretinal Microvas-
cular Anomalies (IRMA) and Venous Beading (VB); f) and g) Neo-
vascularization (NV); h) Fibrous Proliferation (FP); i) Preretinal and
Vitreous Hemorrhage (PRH, VH) Barbara Davis Center for Diabetes
School of Medicine, 2024. .

The figure illustrates the various severity levels of DR in the pa-
tient’s retina: a) No DR; b) Mild NPDR; ¢) Moderate NPDR; d) Severe
NPDR; and e) PDR Karthik, 2019.

The confusion matrix. .

The ROC curve illustrate the trending of FPR and TPR as a function
of threshold.

ROC curve interpretation by curve reading. .

ROC curve interpretation by utilizing AUC.

The figure illustrate the two PR curve including raw PR curve and
interpolated PR curve, which is obtained by utilizing the 11-point
interpolation approach. .

The class distribution of these datasets reveals that class 0 (no
diabetic retinopathy) is the majority class, indicating an imbalance
issue. The total number of images in the training sets of APTOS
2019 is 3,662.

the cropped dark field images, a) images without cropping, b) im-
ages with cropping. .

The figure shows the result of ROI cropping from both eyes, a)
the left eye and b) the right eye. The macula and optic disc’s

ground-truth locations are represented by the red and green dots.
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The acceptance region of R1 and R2.

The figure illustrates components of the image that are used to
calculate the Dyiniercept and Dristance features. (left) The Dyiniercept
is the deviation between OD-M line and reference line on the y-
axis at x = 0. (right) The Drgiance is the distance from the center
of the image to the center of the macula. .

The example of background images which generate by covering
the optic disc and macula by the mean value of fundus image. .
The distribution of the synthetic samples generated by SMOTE in
the prior and posterior stage.

The architecture and attention mechanism of the Swin Trans-
former. a) The window shifting mechanism allow the model to
capture global and nearest neihbour context. b) Swin Transformer
architecture and blocks .

The agreement area of each R-criterion on Messidor dataset. .
The detection results of the proposed method on the IDRID
dataset. The three images above (a—c) showcase good quality
predictions, whereas the images below (d-f) exhibit poor quality
predictions. Where, cross sign (X) is a predicted location, the dot
sign (@) is a ground-truth location, the green color represents the
optic disc, and the red color represents the macula.

The detection results of the proposed method on the Messidor
dataset. The three images above (a—c) showcase good quality
predictions, whereas the images below (d-f) exhibit poor quality
predictions. Where, cross sign (X) is a predicted location, the dot
sign (@) is a ground-truth location, and the red color represents
the macula. .

The confusion matrix of proposed image screening method.
Example of image screening results: (a) True positive; (b-c) False

positive; (d) True negative; and (e-f) False negative.
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The template parmeter of optic disc. Heatmap depictes the sen-
sitivity of template dimensions via the AP score. The line plot
shows the impact of sampling. .

The template parmeter of macula. Heatmap depictes the sen-
sitivity of template dimensions via the AP score. The line plot
shows the impact of sampling. .

The optimal template for optic disc and macula. .

The qualitative result of macula detection, a) without ROI, b) with
ROI. Where, cross sign (X) is a predicted location, the dot sign (®)
is a ground-truth location, the green color represents the optic
disc, and the red color represents the macula. .

The confusion matrix of proposed model. .

The figure illustrates the ROC curve and AUC for each class, indi-
cating that the proposed model outperforms in classifying class 1
across a variety of threshold values. However, the other classes
exhibit constraints related to the threshold value, impacting their
lower classification performance. .

The PR curve and AUC for each class, which is more informative
than the ROC curve in context of imbalance dataset.

The confusion matrix of proposed model. .

The figure illustrates the ROC curve and AUC for each class, indi-
cating that the proposed model outperforms in classifying class 1
across a variety of threshold values. However, the other classes
exhibit constraints related to the threshold value, impacting their
lower classification performance. .

The PR curve and AUC for each class, which is more informative

than the ROC curve in context of imbalance dataset.
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The figure illustrates the data sampler strategies: a) the entire
training dataset; b) the training data in a batch with a sequen-
tial sampler strategy, which sequentially selects the data from
beginning to end; c¢) the training data in a batch with a random
sampler strategy, which randomly selects the data from the en-
tire dataset; and d) the training data in a batch with an imbalance
sampler strategy, which attempts to select the data from each
class. Each color represents data from a different class.

The t-SNE visualization of the DenseNet 161 model’s feature
space. The colors represent different classes; cyan is class 0; red
is class 1; green is class 2; orange is class 3; and yellow is class 4,
respectively. a) and b) illustrate the feature space of model with-
out tuning while ¢) and d) illustrate the feature space of model

with tuning. Moreover, a) and ¢) are the feature space of RGB

images while b) and d) are the feature space of grayscale images.

The t-SNE visualization of the Swin s model’s feature space. The
colors represent different classes; cyan is class 0; red is class 1;
green is class 2; orange is class 3; and yellow is class 4, respec-
tively. a) and b) illustrate the feature space of model without
tuning while ¢) and d) illustrate the feature space of model with
tuning. Moreover, a) and c) are the feature space of RGB images
while b) and d) are the feature space of grayscale images.
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