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were validated visually by the fifth author (MDA), who is a
fellowship-trained retinal specialist. This strategy allowed us
to use a larger set of training examples, since the Messidor-
1 dataset contains 1200 images, while DRIVE contains only
40. In addition, employing Messidor-1 images increases the
variability of the data in training time, since they contain more
diverse colors and texture.

However, Messidor-1 also contains images with different
grades of diabetic retinopathy (grade 0 to 4), while in DRIVE
only 7 images display signs of mild diabetic retinopahty (grade
1). This led to a poor generalization of our vessel segmentation
technique, which produced incorrect segmentations for images
in a later stage of diabetic retinopathy. For this reason, only
images from Messidor-1 with grades 0, 1 and 2 were used
in this work, reducing the number of example pairs to 946.
This dataset was randomly divided into training (614 pairs),
validation (155 pairs) and test (177 pairs) sets, which were
downscaled to 256× 256 before training the model.

For the encoder network q, our model assumes that the
posterior probability of the encoder q(z|v) follows a nor-
mal distribution on a N -dimensional space, with mean µ(v)
and standard deviation σ(v), i.e. z ∼ N (µ(v), σ(v)). The
dimension N of the latent space was set to 32. For back-
propagating the gradient through the encoder network, the re-
parameterization trick proposed by Kingma and Welling [25]
was used.

Table I shows the architectures for both the encoder and
decoder, where Cn stands for a 3×3 Convolutional layer with
n filters followed by a Batch-Normalization layer [26], Dn is
the same but the Convolutional layer is applied with stride
2 to downsample the activation map, Un doubles the size of
the activation map before applying a Cn block, and Fn is a
Fully-Connected layer with n units. All blocks are followed
by a Leaky ReLU [27] activation function except for the last
layers. The outputs of the encoder (µ(v), σ(v)) are followed
by a linear activation function while the output of the decoder
is followed by a sigmoid activation function. Finally, Dcode

is a F64 followed by a F1 with a sigmoid as the activation
function.

The discriminator D in Eq. (2) classifies 16×16 patches of
31×31 pixels and the generator G in Eq. (2) is a U-Net. Both
D and G have the same architecture as in the work of Isola et
al., see [12] for further details. After a hyper-parameter search,
both α and γ in Eqs. (2) and (4) were set to 100. The model
was implemented with Keras [28].1

Regarding the training process, we monitored D’s loss on
the validation set and stopped training when the loss stopped
increasing. The accuracy achieved by the Discriminator at
distinguishing real and synthetic pairs was approximately 0.5.
After training, the generator took approximately 17.35s. to
generate a set of 100 images.

III. EXPERIMENTAL EVALUATION

The proposed technique can be employed to generate as
many synthetic retinal images as the user requires. To sim-
plify the evaluation of our results, we generated a fixed

1Code to reproduce our experiments will be made available upon
publication of this work.

Fig. 6. Random samples of eye fundus images and corresponding vessel
networks generated by our model.

dataset containing the same amount of image pairs (vessel
network/retinal image) as in our initial training dataset (614
pairs), and performed experimental qualitative and quantitative
comparisons on them. This dataset will be denoted as Syn-
thetic Dataset (SD). For quality comparison with real image
pairs, we considered two different datasets: 1) The set of
images used during training, containing 614 real retinal images
and corresponding vessel trees extracted from the Messidor-
1 database, denoted Training Real Dataset (TrainRD); 2)
The held-out test set, that was not used during training, and
contains 177 real retinal images and associated vessel trees,
denoted Test Real Dataset (TestRD).

As the model outputs pairs of images with 256 × 256
resolution, every real image was downscaled to the same size
in order to perform a meaningful comparison. Although these
resolutions are lower than those of currently acquired retinal
images, Gulshan et al. [29] showed that it is possible to obtain
state-of-the-art results in diabetic retinopathy classification
with eye fundus images of size 299 × 299, which is close
to the output resolution of our model.

A. Subjective Visual Quality Evaluation

For visual evaluation, in Figure 6 we show some of our
synthetically generated retinal images, together with the asso-
ciated vessel networks. The global consistency of the image
is correct, since the model learned to introduce visual content
only in the circular Field of View. Also, the optical disk and
the macula appear correctly located. The vessel network 2 also
shows high plausibility, with the two main arcades displaying

2Note that the synthetic vessel trees contain continuous values in [0,1], due
to our model minimizing the cross-entropy loss. These vessel networks can
be considered as probability maps, and thresholded appropriately if a binary
vessel network is needed for some further application.
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TABLE I
ARCHITECTURE OF ENCODER AND DECODER NETWORKS.

Encoder D64 C64 D128 C128 D256 C256 D512 C512 D512 C512 D512 C512 D512 C512 D512 F32 µ
F32 σ

Decoder F512 U512 U512 U512 U512 U256 C256 U128 C128 U64 C64 U64 C64 C1

Fig. 7. Comparison of randomly selected synthetic images with the training pair that is closest with respect to the vessel network. For each set of images,
from the leftmost column to the last: synthetic eye fundus image; corresponding synthetic vessel network ṽ; training vessel network closest to ṽ with respect
to the Mutual Information distance; and corresponding training eye fundus image. The generated vessel networks are clearly different from the closest ones
on the training set, indicating that the model did not simply memorize the training examples.

a thicker caliber than the rest of the vascular segments. It is
worth noting that our model also learned to insert the optical
disk at the confluence of these arcades. Likewise, color and
illumination were generated in a consistent manner.

In the case of machine learning-based generative methods,
it is useful to verify that the model has not simply memorized
the training data. This can be accomplished by analyzing
the distance between the real images used for training and
the synthetic ones. If the method did not memorize, it is
expected that synthetic images will display visual differences
with respect to the training set.

We proceed by extracting a synthetic vessel network ṽ from
SD and finding the vessel network v in TrainRD that is
closest to ṽ. To perform this matching, we apply the Mutual
Information (MI) measure, widely used in medical image
registration [30]. This metric allows us to quantify the amount
of information overlap between v and ṽ by computing the
following:

MI(v, ṽ) =
∑
vi∈v

∑
ṽi∈ṽ

p(vi, ṽi)log
( p(vi, ṽi)

p(vi)p(ṽi)

)
, (11)

where vi, ṽi are pixel intensities in the vessel tree images.
Finally, we visually compare the real retinal image associated
to v and the synthetic image related to ṽ. An example of this
experiment is shown in Fig. 7, where it can be appreciated that
the generated retinal images, although sharing a similar vessel
network, were markedly different in terms of global appear-
ance. This verifies the assumption that our model generalizes
properly and did not trivially memorize the examples in the
training set.

B. Quantitative Quality Evaluation
Objectively verifying the degree of realism of synthetically

generated images is known to be a challenging task when no

reference is available [31]. In the case of generative models,
it is also well known that a specific quality measure should
be used for each application [32]. Accordingly, to report a
quantitative image quality analysis, we employ the Image
Structure Clustering (ISC) metric proposed in [33]. This is a
no-reference quality metric that is trained on an independent
dataset of retinal images, previously annotated by retinal
specialists who indicated whether the quality of the images
was good enough to evaluate the image for the presence of
diabetic retinopathy.

The ISC score estimates if there is a correct proportion of
pixel intensities corresponding to the relevant retinal anatomi-
cal structures, i.e. the vessel tree, the optical disk, the macula
and the background. It achieves this goal by decomposing a
retinal image, assigning each pixel to one out of 5 clusters
in the space of responses to Gaussian derivatives of several
orders. Responses are aggregated into histograms, and a clas-
sifier is trained on these histograms’ counts in order to decide
if a retinal image contains a reasonable visible proportion of
such structures, under the assumption that the lack of presence
of one of these clusters is an indicator of low quality, see [33]
for the technical details.

The ISC score was computed on the retinal images from
the entire SD and on TrainRD , which contained the same
amount of images. Both quality score distributions were nor-
mal according to the Kolmogorov-Smirnov test. The resulting
data was therefore expressed as mean ± standard deviation,
and compared with the unpaired Student’s t-test. All p-values
were two-tailed and p < 0.05 was considered significant.
Statistical analyses were performed using GraphPad Prism 7
(Graphpad Software Inc.) software. The results are reported in
Table II, and show that, even if the synthetic images obtained
a statistically significantly lower quality score (p < 0.00063),
a large fraction of the image quality present in the training
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TABLE II
ISC QUALITY MEASURE ON REAL/SYNTHETIC IMAGES.

Mean ISC score Std. dev.

Real Images 0.9832 0.1117

Synthetic Images 0.9671 0.0307

dataset was preserved while generating new retinal images.

C. Retinal Vessel Segmentation Using Synthetic Training Data

One of the main motivations for the present work is the
growing need for annotated data in the automated medical
image analysis area. The technique introduced in this paper
provides pairs of synthetic images and corresponding vessel
trees. It is thereby meaningful to evaluate if the generated
images could potentially be applied for segmenting the vessel
tree from eye fundus images.

To verify how the synthetically generated data performs in
this task, the segmentation model described in section II-E
was trained first using real data, and afterwards using only
synthetic data for performance comparison. The considered
dataset was the publicly available DRIVE dataset [20]. For a
fair comparison, and due to the low resolution of the produced
synthetic images, DRIVE images were downsampled to a
resolution of 256× 256.

We trained both on real and synthetic images. In the
experiment with real images, the remaining 20 images in
DRIVE were used to train. In the experiment with synthetic
images, 20 images and corresponding vessel maps were ex-
tracted from SD . The selected pairs where those achieving
highest ISC scores. In both cases, 20 images were used for
testing the model. Since the training process of this model
is not deterministic due to the stochastic gradient descent,
for a robust evaluation in both cases 11 different models
were trained separately, and the resulting performance figures
were averaged. The resulting average ROC curves, built from
varying the decision threshold, are displayed in Fig. 8. The
models trained with real images obtained an average AUC of
0.887 ± 0.004, while when using only synthetic images, the
average AUC was 0.841± 0.009.

The results from these experiments are encouraging. The
performance of the vessel segmentation model when trained
with synthetic images is well above a baseline random model,
and when allowed a fraction of false positives approximately
greater than 0.35, the resulting system shows greater sensitiv-
ity than the same segmentation model trained with real images.
However, results should be interpreted with caution. First, the
obtained vessel segmentation performances are well below
state-of-the-art results on this dataset, something probably due
to the considered reduced resolution. Second, we observed a
decrease in performance when combining synthetic and real
images for training. This seems to hint at a possible lack of
quality in the resulting images, especially the vessel maps,
which sometimes show certain inconsistencies, e.g. as vessel
interruptions.
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Comparison of real and synthetic average ROC curves

Trained with r = 20 AUC = 0.887± 0.004

Trained with sy = 20 AUC = 0.841± 0.009

Fig. 8. ROC curves for models trained using 20 synthetic (sy) images (blue)
and 20 real (r) images (red). FPR refers to False Positive Rate and TPR to
True Positive Rate, where a False Positive is the incorrect declaration of a
background pixel as vessel pixel, and a True Positive represents the correct
declaration of a vessel pixel as belonging to a vessel. Bands represent 3 ×
standard deviation from the mean performance at a given decision threshold.

D. Exploring the Latent Space

Generative models produce latent spaces that allow us to
better understand the underlying structure of our training data,
as well as how good our model is in generalizing to new inputs.
In this section, we provide an exploratory analysis of the latent
space structure our model learned, in terms of the techniques
presented in Section II-D. Every real image employed in this
section was extracted from the TestRD set, which was not
used during training.

An example of interpolation between two points in the
latent space is shown in Fig. 9. In this case, we selected two
vessel tree images v1 and v2 from TestRD , corresponding
to images with the optical disk on the left and on the
right respectively. These images were mapped by the encoder
into their corresponding latent representations p(z1|v1) and
p(z2|v2). A set of intermediate points was computed following
Eq. (8). Those intermediate representations were then used to
generate synthetic vessel networks and corresponding retinal
images, displayed in Fig. 9. We can appreciate how the vessel
networks clearly change from one point to another, which is
yet another indicator that the model did not simply memorize
the training examples. Moreover, the transition between left
and right optical disk is sharp, indicating that the model
successfully captured the knowledge that valid vessel networks
only contain one optical disk. Also, the color and texture of
the eye fundus images varies smoothly, even on the sharp
transition between left and right-located optical disk.

Next, in order to analyze if the latent space captures the
semantic properties of the vessel networks, we performed two
visual analogies. In the first case, three retinal network images
v11, v12, and v21 were chosen such that: 1) v11 contains
relatively few visible vasculature and the optical disk to the
left; 2) v12 contains relatively much visible vasculature and
the optical disk also to the left; 3) v21 contains relatively less
visible vasculature and the optical disk on the right. We then
apply the encoder q to obtain their associated latent repre-
sentations q(z11|v11), q(z12|v12), and q(z21|v21). Finally,we
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Fig. 9. Interpolation between the latent representation of a vessel tree with the optical disk on the left and another with the optical disk on the right.

: :::

(a)

: :::

(b)

Fig. 10. Vessel networks from the first 3 columns (v1, v2 and v3) of both Figs.
(10a) a (10b) were encoded from test set vessel networks. The vessel network
from the last column (v4) is the result of applying the same transformation
between v1 and v2 to v3. In Fig. (10a), the relationship that was successfully
captured by the model was the increase in the amount of visible vessels. In
Fig. (10b), the true relationship was the change in the position of the optical
disk.

compute a fourth latent representation z22 associated to z21
in the following sense: z22 should have the same relationship
with respect to z21 as z12 has with respect to z11. This means
that the decoded vessel network image should maintain the
optical disk on the right, while showing a larger amount of
visible vessels. We thus apply Eq. (10) to obtain z22, and
synthesize the corresponding vessel network and associated
retinal image. The results of this experiment are shown in
Fig. (10a). As expected, the generated images contained a
more visible vasculature, while the optical disk’s position was
preserved.

In our last experiment, we tested if we were able to
disentangle the latent factors related to the position of the
optical disk. For that, we selected three vessel tree images
od11, od12, and od21 such that: 1) od11 contains the optical
disk to the right; 2) od12 contains the optical disk to the left;
3) od21 contains the optical disk on the left. After application

of the same strategy as before, we should expect to synthesize
a retinal image that preserves the amount of vasculature,
but translates the optical disk to the right. As shown in
Fig. (10b), our model successfully displaced the optical disk
while keeping the amount of visible vessels, implying that it
correctly disentangled the latent space direction related to the
optical disk’s location.

IV. LIMITATIONS AND FUTURE WORK

Generative models are always limited by the information
contained within the training set, and how it captures the
variability of the underlying real world data distribution.
In this sense, the proposed technique was only trained on
614 healthy macula-centered retinal images, extracted from
a single database (Messidor-1). Even with such a relatively
small training set, our technique shows a remarkable capabil-
ity of generating realistic synthetic images that substantially
differ from the examples the system observed during training.
Nevertheless, this reduced training set limits its capability to
generate, e.g., optical disk centered images, or pathological
instances. Overcoming this obstacle is the first natural ex-
tension of our work. A first alternative could be to train a
one-class classifier with synthetic healthy images, and treat
pathology as an anomaly discovery problem. A more general
approach would involve addressing the diagnosing problem by
implementing Class-Conditional Adversarial Models, such as
[34] or [35], in which the training data comes with annotations.
These kind of models can generate points in the data manifold
corresponding to a particular label. In this way, not only
diagnosing systems but many applications can be enhanced
by newly generated images, annotated with information of in-
terest. For instance, a compelling problem to investigate would
be to employ generated retinal images to replace missing
or corrupted images within longitudinal studies. This could
be achieved by means of a model that learns to interpolate
between different time points within a large dataset.

There are other limitations of the proposed approach that
should be object of future research. First, the size of the
synthetic images (256 × 256) is far from the resolution
provided by images produced by current retinal fundus image
acquisition systems. Also, although the generated images and
associated vessel networks have an overall consistent appear-
ance, and they seem to be reasonably useful to train a vessel
segmentation model without manual vessel annotations, the
realism of the synthetic vessel maps still does not reach that
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of real vasculatures. The generated synthetic vessel networks
often exhibit abnormal interruptions, unusual width variation
along the same vessel, and there does not seem to be a clear
distinction between veins and arteries.

Most of the above drawbacks can be attributed to the amount
of available data and computational resource restrictions,
and not to a limitation intrinsic to the proposed technique.
Therefore, in the future, the introduction of clinical labels or
annotations in the context of a large scale high-resolution data
collection will be the first natural extension of our model,
as a part of the more general goal of producing realistic
and interesting synthetic images that can be employed to
train models to solve more complex retinal image analysis
tasks. These may involve locating different areas of the retinal
anatomy, or performing diabetic retinopathy diagnosis, to
name a few.

In general, the availability of an additional set of training
examples that can be efficiently generated on-demand could
greatly impact the size and capacity of the models the reti-
nal image analysis community train. These new annotated
examples can be applied to validate novel retinal image
understanding techniques, or to supplement existing datasets
by expanding them with meaningful data. In addition, the
proposed approach is not limited to retinal imaging. In our
case, we employed the vessel tree as a proxy that serves
as a guide for the model to learn to locate all parts of the
anatomy consistently while generating plausible texture. The
same methodology could be applied to different medical image
analysis problems in which there exists such an intermediate
structure.

V. CONCLUSIONS

In this work, a generative model capable of synthesizing
new vessel networks and corresponding eye fundus images
was presented. This model learns the underlying structure of
the manifold of plausible retinal images from examples of
pairs of vessel networks and eye fundus images . Once trained,
it can generate both synthesized vessel networks and retinal
images, that are shown to contain rich visual information and
to be different from the training examples. The method is
capable of generating realistic vessel geometries and retinal
image texture, while keeping the global structure consistent.

Notably, the user is only required to sample from an N -
dimensional predefined prior Gaussian distribution p(z) to
generate a new pair of images. Additionally, we provided vi-
sual experiments demonstrating that the latent space associated
with our generative model contained a well-defined semantic
structure. Furthermore, our results show that it is possible to
exploit that structure in order to gain more control over its
output.
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