


Fig. 1. (a) Unconditional GANs based retinal image synthesizer and (b)
conditional GANs based retinal image synthesizer.

where c is some kind of auxiliary information. During training,
the parameters of D and G are updated iteratively targeting to find
D∗ and G∗ given by Eq. 6 and Eq. 7 for uGANs and cGANs,
respectively:

G ∗; D ∗ = argmin
G

max
D

(
Ex∼px [logD (x)]

+ Ez∼pz [log(1 � D (G (z)))]
)

:
(6)

G ∗; D ∗ = argmin
G

max
D

(
Ex∼px ,c∼pc [logD (x; c)]

+ Ez∼pz ,c∼pc [log(1 � D (c;G (z; c)))]
)

:
(7)

In previous works (e.g., [14], [15], [16], [17]) gray scaled BV
trees were used as c (i.e., c 2 Rh×w×1). That means, in those
works G used both noise vectors and BV trees for generating retinal
images and D discriminated between the pairs of synthetic retinal
image and BV trees from the pairs of real retinal image and BV
trees (see Fig. 1 (b)). Contrary to cGANs based synthesizer, G
in uGANs based synthesizer generates retinal images only from
noise vectors z and D discriminates only between synthetic and real
retinal images (see Fig. 1 (a)). Although, uGANs based synthesizer
requires a simpler data processing step than the cGANs based
synthesizer, in the literature we have not found any uGANs based
retinal image synthesizer.

III. BALANCE BETWEEN GENERATOR AND
DISCRIMINATOR

By following the gradient-based training approach given in [1],
theoretically, we can reach the Nash Equilibrium point. In the
gradient-based approach [1], (see Algorithm 1 in Table I), first D
is trained for k times after which G is trained once. This training
process continues until it convergences. In this approach there is
only one hyperparameter, i.e., k to control the number of updates
of D, and no hyperparameter to control the number of updates
of G. Variations of this approach are also seen in the literature
where one hyperparameter, say r is used to control the number of
updates of G instead of D. In [1] for generating images of digits,
faces, animals, or vehicles, k = 1 was chosen because it was the
least expensive option. For some systems such as cGANs based
retinal image synthesizer in [14], updating G twice while keeping
k = 1 for each iteration was better. In our experiments, neither of
these settings worked well. With k = 1, the generated images lack
complex structures of BV trees, the macula or the optic disk (see
1st row of Fig. 3). On the other hand, with r = 2 while keeping
k = 1 the generated images were noisy (as shown in the 1st row of
Fig. 6). Therefore, we have decided to keep both hyperparameters

TABLE I
ALGORITHMS OF UGANS

Algorithm 1
for n iterations do

• For k times
– Prepare a mini-batch of retinal images f (x, x̂)mi=1 gkn where

m is the mini-batch size.
– Update D using mini-batch f (x, x̂)mi=1 gkn.

• Update G once using a mini-batch of noise vectors, f (z)mi=1 gn.

Algorithm 2
for n iterations do

• For k times
– Prepare f (x, x̂)mi=1 gkn.
– Update D using f (x, x̂)mi=1 gkn.

• For r times
– Prepare f (z)mi=1 grn.
– Update G using f (z)mi=1 grn.

for training uGANs based retinal image synthesizer as shown in
Algorithm 2 in Table I.

Finding the appropriate values of k and r is crucial for the
performance of GANs based system since they help to balance D
and G during training. If they are not properly tuned then G will end
up generating noisy retinal images without complex structures. Both
too small and too large values of k can prevent D from giving proper
feedback to G. If k is too small, D may not learn distinguishable
features between real and fake images and therefore the feedback
given to G will be quite random. If k is too large comparing to r ,
D may become so strong that (small) changes in the fake images
generated by G will not affect the predictions of D significantly
and therefore the feedback given to G will be too weak.

IV. EXPERIMENTS

A. Setup
All implementations were done using TensorFlow’s Keras API

and Python. A cluster machine with 23 nodes having two Intel
Sandy Bridge E5-2470, 8-core, 2.3GHz processors, 96 GB of
physical memory, and NVIDIA Tesla Kepler K20m having 4.63
GB Memory per node, was used. In total 1200 images, from the
public database MESSIDOR [19] were used. These images were
acquired by 3 ophthalmologic departments using a color video
3CCD camera on a Topcon TRC NW6 non-mydriatic retinograph
with a 45 degree field of view. The images were captured using 8
bits per color plane. Among those 1200 images 588 images were
960 � 1440, 400 images were 1488 � 2240 and 212 images were
1536 � 2304. In our experiments, all images were re-sized to the
same size (i.e., 256 � 256) by bicubic interpolation. After re-sizing,
rectangle images become square and retina become oval shaped.
Therefore, synthesized retina were also oval-shaped. In order to get
round shaped retina, either rectangle images need to be transferred
to square images by cropping dark background before re-sizing
at the pre-processing stage, or square shaped synthesized images
need to be transferred to rectangle images by re-sizing as a post-
processing task. Later approach was chosen here.

The RGB values of the re-sized images were re-scaled to the
range of the tanh activation function [� 1; 1]. Except that, no other
pre-processing was applied to the training images. As shown in
Fig. 2, there were images contained healthy retina as well as
retina with pathology (e.g., the bottom-right retina). The mini-
batch size was set to 32 (i.e., m = 32). Noise vectors were
drawn from the uniform distribution. A deep convolutional neural
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