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What is Fundus Fluorescein Angiography ? 

● Retinal Degeneration

● Intravenous Fluorescent dye

● Affordable and wide-spread

● Complications: Nausea, Vomiting, Anaphylactic Shock, 

Death
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Current Solution: SD-OCT

● A tool used for viewing the morphology of the 

retinal layers

● Differential diagnosis conducted by an expert

● Expensive

● Not available in developing countries 
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Proposed Architecture 3

❖ Conditional Generative Architecture

❖ Two Generators, GCoarse GFine  

❖ Four Discriminators D1Coarse D1Fine D2Coarse D2Fine

❖ Multi-scale inputs & outputs (Spatial Dimension)

❖ Perceptual loss for GFine , GCoarse

❖ Feature-matching loss for D1Coarse D1Fine D2Coarse

D2Fine

❖ Attention Block for retaining Manifold features
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Proposed Blocks 4

❖ Encoder: Convolution followed by BatchNorm, Leaky ReLU

❖ Decoder: Separable Convolution followed by BatchNorm, 

Leaky ReLU

❖ Discriminator Res-block : Separable Convolution

❖ Generator Res-Block: Two branches, i) Convolution with 

Dilation ii) Separable Convolution 

❖ Attention Block : Convolution followed by BatchNorm, 

Leaky ReLU x2
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Perceptual and Feature Matching Loss 5

Here,

Lperc = Perceptual loss

Lfm = Feature-matching loss

Fvgg = VGG encoder

X  = Real fundus 

Y = Real Angio 

G(x)  = Fake Angio

N = No. of features from 

discriminators

M = No. of features from encoders
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Adversarial Loss 6

Here,

Ladv (G) = Generator loss

Ladv (D) = Discriminator loss

Ladv (G,D) = Adversarial loss

ƛ = Weight multipliers

X  = Real fundus 

Y = Real Angio 

G(x)  = Fake Angio
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Hyperparameters 

Batch size, b = 4

Epochs, e = 100

Learning rate, ɑ= 2e−4 , β1= 0.5, β2= 0.999

Weight multiplier, ƛ𝑓𝑚= 1 , ƛ𝑟𝑒𝑐= 10, ƛ𝑝𝑒𝑟𝑐= 10, ƛ𝑎𝑑𝑣= 10 
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Dataset

● Data: Hajeb et al [1]

● 17 Normal and Abnormal Fundus-Angio pairs

● Fundus resolution : 576x720x3

● Angio resolution : 576x720x1

● 50 random crops : Total image 50x17 = 850

[1] SH. Hajeb, H. Rabbani, MR. Akhlaghi, “Diabetic Retinopathy Grading by Digital Curvelet Transform", Computational and 

Mathematical Methods in Medicine, vol. 2012, Article ID 761901, 11 pages, 2012.1607-1614, July 2012.
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Qualitative Evaluation - 1 9
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Qualitative Evaluation - 2 10
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Quantitative Evaluation - 1 11
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Quantitative Evaluation - 2 12
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Future Direction

❖ Synthesizing other modalities of opthalmological images

❖ Cross-domain information fusion 

❖ Retinal vessel segmentation using GAN
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Thank you
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