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Introduction
* Fluorescein Angiography (FA) requires injecting exogeneous dye

* might cause adverse effects ranging from nausea, to anaphylactic shock.
* To eradicate the need for FA we introduce an Attention-based Generative

network to synthesize Fluorescein Angiography from Fundus images.
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TABLE 1

Fréchet Inception Distance (FID)
Architecture Orig. Noise Blur Sharp Whirl Pinch
Ours + PL"+ FM- 24.6 21.6 (3.0)) | 30.0 (5.47) | 25.6 (1.01) | 40.0 (15.47) | 24.9 (0.31)
Ours + FM?2 20.7 2008 (0.1 235 (2.87) | 249 (4.2 27.8 (7.11) 19.5 (1.2))
Ours 47.5 43.1 (4.4)) 49.8 (2.37) 3005 (3.57) | 61.9 (14.57T) | 46.7 (0.8.L)
StarGAN-v2 |12] 27.7 35.1 (7.47) 32.6 (4.97) 27.4 (0.3)) 32.7 (5.07) 26.7 (1.0))
U-GAT-IT |11 24.5 26.0 (1.5T) 304 (5.97) 26.8 (2.37) 33.0 (9.57) 29.1 (4.67)
Fundus2Angio [39 30.3 41.5 (11.27) | 32.3 (2.0T) 34.3 (4.07) 38.2 (7.97) 33.1 (2.87)
Pix2PixHD [10] 42.8 53.0 (10.27) | 43.7 (1.1T) | 47.5 471 45.9 (3.17) 39.2 (3.6])

Kkernel Inception Distance (KID)
Architecture Orig. Noise Blur Sharp Whirl Pinch
Ours + PL1+ FM= | 0.00087 0.05045 0.00235 0.05162 0.05390 0.04575
Ours + FM? 0.00392 0.05390 0.00505 0.05301 0.05657 0.05341
Ours 0.00595 0.05237 0.00617 0.05298 0.05613 0.05419
StarGAN-v2 [12] 0.0011%8 0.05274 0.002335 0.05331 0.05539 0.05271
U-GAT-IT |11 0.00131 0.05610 0.00278 0.05533 0.05815 0.05719
Fundus2Angio [39 0.00184 0.05328 0.00272 0.05267 003278 0.04985
Pix2PixHD [10] 0.00258 0.05613 0.00254 0.05788 0.06029 0.05838

IPL = Perceptual Loss; FM = Feature-Matching Loss
2 FID: Lower is better; KID: Lower 1s better

The Proposed GAN architecture

m Residual Block
eeneraion

Attention
Block

Fine Generator

m Residual Block
Feature Map (Discriminator)

Real
Fake

Real
Fake

Fine Discriminator

1
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

Real
Fake

o

)

___________________

Coarse Generator

U1 Dok &

coarse Discriminator

-

Results

References

1.N. Mandava, E. Reichel, D. Guyer et al., “Fluorescein and ICG

Architecture || |

Noise | Pinch |

| Whirl |

angiography,” St Louis: Mosby, vol. 106, pp. 800—808, 2004.

StarGAN-v2 |

 UGATIT |

FundusZAngio |

| Pix2PixHD | | SRS

2.S. A. Kamran, S. Saha, A. S. Sabbir, and A. Tavakkoli, “Optic-net: A
novel convolutional neural network for diagnosis of retinal diseases
from optical tomography images,” in 2019 18th IEEE International
Conference On Machine Learning And Applications (ICMLA), 2019,
pp. 964-97/1.

3.J. Kim, M. Kim, H. Kang, and K. Lee, “U-gat-it: unsupervised
generative attentional networks with adaptive layer-instance
normalization for image-to-image translation,” arXiv preprint
arXiv:1907.10830, 2019.

4.S. A. Kamran, K. F. Hossain, A. Tavakkoli, and S. L. Zuckerbrod, “A
novel conditional GAN architecture for generating fluorescein
angiography images from retinal fundus photography,” Scientific
Reports, 2020.

5.W. Chen and J. Hays, “SketchGAN: Towards diverse and realistic
sketch to image synthesis,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2018, pp. 9416—9425.

6.J.-Y. Zhu, P. Krahenbuhl, E. Shechtman, and A. A. Efros, “Generative
visual manipulation on the natural image manifold,” in European
Conference on Computer Vision. Springer, 2016, pp. 597-613.

7.T. Dekel, C. Gan, D. Krishnan, C. Liu, and W. T. Freeman, “Sparse,
smart contours to represent and edit images,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018,
pp. 3511-3520.




