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Abstract—This paper proposes a technique to translate Topcon
to Eidon fundus photography using a multimodal image-to-
image translation technique based on the BicycleGAN model.
The proposed approach aims to address the limitations of Topcon-
type fundus photography and leverage the advantages of Eidon-
type fundus photography, which captures high-resolution images
of the retina using a confocal scanning technique. To this end,
we constructed a dataset comprising 475 pairs of Topcon and
Eidon fundus images from the same subjects, and we used
it to train the proposed model. We evaluated the generated
Eidon-type fundus images qualitatively and quantitatively using
various image quality metrics, including SSIM, MSE, PSNR
and FID. Our results demonstrate that the proposed technique
can effectively translate Topcon-type fundus photography to
high-quality Eidon-type fundus photography. This technique
could potentially enhance the diagnosis and treatment of retinal
diseases by providing high-resolution images that capture fine
details of the retina.

Index Terms—Image-to-Image translation, Generative Adver-
sarial Model, Fundus Photography, Eidon, Topcon

I. INTRODUCTION

Deep learning-based artificial intelligence models have
shown remarkable performance in medical diagnosis and im-
age analysis [1], [2]. The field of ophthalmology, which relies
heavily on medical images, has also witnessed significant
improved performance with the use of artificial intelligence
models [3]-[6]. In particular, fundus photography, which is
used in ophthalmology to examine the interior surface of the
eye, has been extensively studied using deep learning-based
methods [4], [7]-[10].

Fundus photography is a medical imaging technique that
is used to examine the interior structure of the eye. Medical
professionals can examine the vitreous humor, retina, choroid,
optic disc, and other structures within the eye through fundus
photography, and use this information to diagnose conditions
such as glaucoma, cataracts, vitreous hemorrhage, diabetic
retinopathy, and hypertensive retinopathy [11]. Fundus pho-
tography can be divided into two main types: wide-field and
posterior pole imaging. Of these, posterior pole imaging is the
most commonly used for diagnosing ophthalmic conditions,
and is the focus of this study. In particular, Topcon and Eidon
devices are widely used for posterior pole fundus photography.
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Eidon-type fundus photography is particularly advantageous,
as it uses a True-color confocal scanning technique that
captures high-resolution images of the retina with a white
light-emitting diode of 440-650 nm wavelength, which can be
obtained rapidly and automatically without a mydriatic agent.
The sensor also detects all colors of 500-700 nm wavelength to
reflect the actual color of the retina. These advantages provide
higher diagnostic resolution compared to Topcon-type fundus
photography.

Recently, the multimodal image-to-image translation tech-
nique using the BicycleGAN model [12] has been proposed,
which has shown promising results in various applications,
such as image colorization, style transfer, and super-resolution.
In the field of ophthalmology, there have been studies using the
generative model for image enhancement, segmentation, and
synthesis [13]-[15]. However, to the best of our knowledge,
there has been no study on the translation of Topcon-type
fundus photography to Eidon-type fundus photography using
the BicycleGAN model.

In this paper, we propose a novel application of the Bicy-
cleGAN model for fundus photography, specifically for the
translation of Topcon to Eidon type. The proposed tech-
nique is motivated by the advantages of Eidon-type fundus
photography, which uses a confocal scanning technique and
captures high-resolution images of the retina. We trained the
proposed model on a dataset of 475 pairs of Topcon and Eidon
fundus images collected from the same subjects. The generated
images were evaluated both qualitatively and quantitatively
using various metrics, including SSIM, MSE, PSNR and FID.
The results demonstrate the effectiveness of the proposed
technique in generating high-quality Eidon-type fundus images
from Topcon-type fundus images.

II. RELATED WORK
A. Generative Adversarial Networks

Generative Adversarial Networks (GANs) [16] is a type of
deep neural network architecture that consists of a generator
and a discriminator. The generator is responsible for generating
new data samples that are similar to the training data, while
the discriminator is responsible for distinguishing between
the generated data and the real data. During the training
process, the generator tries to generate data samples that can
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Fig. 1. Qualitative evaluation results using a 3x7 image grid. Each row shows a Topcon image (input), a Real Eidon image (Ground Truth), and a Generated
Eidon image (Fake), respectively.

fool the discriminator, and the discriminator tries to correctly
classify the real and generated samples. The training process
continues until the generator generates data samples that are
indistinguishable from the real data by the discriminator.
GANSs have been used in various applications, such as im-
age generation, image-to-image translation, and style transfer.
There have been many variations of GANs proposed in recent
years to improve their stability and quality of the generated
data, including Conditional GANs (cGANSs) [17], Wasserstein
GANs (WGANSs) [18], and Progressive GANs (PGANSs) [19].

B. Multimodal Image-to-Image Translation: BicycleGAN

In this paper, we employ BicycleGAN [12], a generative
model that generates diverse and realistic images from a
sketch, to perform image translation from Topcon to Eidon
fundus photography. BicycleGAN resolves the mode collapse
problem of many-to-one mapping in image-to-image transla-
tion by training the mapping network, enabling it to generate
diverse styles of images. In this study, we utilize the Topcon
fundus photography as the encoder input of BicycleGAN and
train the model by comparing the Eidon fundus photography
with the decoder output.

I1I. EXPERIMENTS
A. Datasets

We randomly split the dataset of 475 Topcon and Eidon
image pairs into two sets: a training set of 400 pairs and a
validation set of 75 pairs. The training set was used to train
our BicycleGAN model, and the validation set was used to
evaluate the performance of the model during training. All
images were resized to a resolution of 1024 by 1024 pixels
and were processed to have a square shape of the retinal area
using cropping and zero padding techniques. The dataset was
collected in collaboration with the Yangsan Pusan National

University Hospital, as there was no available open dataset
that included pairs of Topcon and Eidon fundus images.

B. Methods

For the proposed image translation task from Topcon to
Eidon fundus photography, we used the BicycleGAN model
implemented in PyTorch framework. The training was per-
formed on a single RTX-2080Ti GPU and the model was
trained for 20,000 epochs with a batch size of 2. We used
the real Topcon fundus images as the generator input and the
ground truth images were the corresponding real Eidon fundus
images. We did not use the conditional option in the model.
The learning rate was set to 0.0002 with learning rate decay
applied every 100 iterations. We used an image size of 256
by 256 for the training process.

C. Qualitative Evaluation

To visually evaluate the generated images, we used a 3x7
image grid in Figure 1. Each row of the grid shows a Topcon
image (input), a Real Eidon image (ground truth), and a
Generated Eidon image (fake), respectively. Figure 1 presents
the visual comparison results between the Real Eidon images
and the Generated Eidon images. As shown in the figure, the
generated images closely resemble the real images in terms of
color, texture, and other visual features. However, some small
details, such as the blood vessels and optic disc, are not as
clear as in the real images. Overall, the qualitative evaluation
results demonstrate the effectiveness of the proposed technique
in generating high-quality Eidon-type fundus images from
Topcon-type fundus images.

D. Quantitative Evaluation

To quantitatively evaluate the performance of the proposed
technique, we used several image quality metrics, including
SSIM, MSE, PSNR and FID.
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TABLE I
QUANTITATIVE EVALUATION RESULTS

[ Metric | Real Eidon vs Fake Eidon | Topcon vs Real Eidon | Topcon vs Fake Eidon |

SSIM 0.4896 0.3343 0.3357
MSE 70.63 81.84 82.04
PSNR 20.96 13.26 13.97
FID 37.86 - -

The results indicate that the proposed technique generates
images that have high visual quality and are structurally similar
to the real Eidon images. However, the quantitative evaluation
results also suggest that further improvements are needed,
particularly in terms of image details such as blood vessels and
optic disc. Overall, the proposed technique has great potential
for use in medical image processing and diagnosis, but further
research is needed to improve its accuracy and applicability
in real-world clinical settings.

IV. CONCLUSIONS

In this paper, we performed image-to-image translation
between different types of fundus images (Topcon and Eidon).
We collected a total of 475 pairs of data in two different
forms, which were manually collected by clinicians since there
is no publicly available fundus dataset that includes Topcon
and Eidon pairs. To achieve this task, we used the Bicycle-
GAN model, which is a generative adversarial network-based
model. We used Topcon images as input and Eidon images
as labels. The generated Eidon-type fundus images showed
similar patterns to the real images, including blood vessels,
fundus shape, and pathological features. This study confirms
the potential of GAN models in medical image processing
and diagnosis. However, additional research is necessary to
improve the resolution of important information, such as the
optic disc shape. Furthermore, the similarity between the gen-
erated images and real Eidon images has yet to be evaluated by
a reliable metric. In future research, technical verification and
clinical evaluation are required to determine the applicability
of the proposed technique in real-world clinical settings.
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