
Uni¯ed deep learning model for predicting fundus
°uorescein angiography image from fundus

structure image

Yiwei Chen *,†, Yi He*,†,§, Hong Ye*, Lina Xing*,†, Xin Zhang*,†

and Guohua Shi*,†,‡

*Jiangsu Key Laboratory of Medical Optics
Suzhou Institute of Biomedical Engineering and Technology
Chinese Academy of Sciences, Suzhou 215163, P. R. China

†School of Biomedical Engineering (Suzhou),
Division of Life Sciences and Medicine

University of Science and Technology of China
Hefei 230026, P. R. China

‡Center for Excellence in Brain Science and Intelligence Technology,
Chinese Academy of Sciences, Shanghai 200031, P. R. China

§heyi@sibet.ac.cn

Received 19 October 2023
Accepted 19 February 2024
Published 22 March 2024

The prediction of fundus °uorescein angiography (FFA) images from fundus structural images is
a cutting-edge research topic in ophthalmological image processing. Prediction comprises esti-
mating FFA from fundus camera imaging, single-phase FFA from scanning laser ophthalmoscopy
(SLO), and three-phase FFA also from SLO. Although many deep learning models are available,
a single model can only perform one or two of these prediction tasks. To accomplish three
prediction tasks using a uni¯ed method, we propose a uni¯ed deep learning model for predicting
FFA images from fundus structure images using a supervised generative adversarial network. The
three prediction tasks are processed as follows: data preparation, network training under FFA
supervision, and FFA image prediction from fundus structure images on a test set. By comparing
the FFA images predicted by our model, pix2pix, and CycleGAN, we demonstrate the remark-
able progress achieved by our proposal. The high performance of our model is validated in terms
of the peak signal-to-noise ratio, structural similarity index, and mean squared error.

Keywords: Fundus °uorescein angiography image; fundus structure image; image translation;
uni¯ed deep learning model; generative adversarial networks.
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1. Introduction

Retinal circulation imaging plays a crucial role in
both ophthalmic diagnosis and the study of eye
diseases.1,2 Widely used ocular angiography modal-
ities include fundus °uorescein angiography (FFA),3

indocyanine green angiography,4 and optical coher-
ence tomography angiography.5 Indocyanine green
angiography is mainly used to image choroidal blood
°ow, and optical coherence tomography angiogra-
phy fails to suitably show static leakage. On the
other hand, FFA is the most precise modality of
retinal circulation imaging. However, it requires the
administration of intravenous dyes, which may have
adverse e®ects, including symptoms such as nausea,
vomiting, syncope, shock, and, in the worst case,
death. Owing to their weakened physical condition,
the elderly population, which comprises most of the
individuals undergoing FFA, is the most susceptible
to such adverse e®ects.

Given the related risks, the frequency of FFA
examinations should be reduced. Thus, screening
diagnostic methods have recently been developed for
predicting FFA images from conventional fundus
structure images.6–17 The core of this algorithm
involves training a deep neural network to acquire
the ability to transform input fundus structure ima-
ges into FFA images. During the training process,
real FFA images are used to supervise the network.
Once the training is completed, the network can
convert fundus structure images into pseudo-FFA
images without the need for intravenous dyes,
thereby reducing the frequency of intravenous dyes
usage. These methods involve three tasks: predicting
FFA images from fundus camera images,6–14 single-
phase FFA images from scanning laser ophthalmos-
copy (SLO) images,14 and three-phase FFA images
from SLO images.15–17 However, the existing models
can only perform one or two of these prediction tasks.
Hence, di®erent approaches must be developed for
di®erent tasks, rendering the design, implementa-
tion, and debugging time-consuming.

To solve this problem, we propose a uni¯ed deep-
learning model that takes a fundus structure image
as the input and jointly performs the three predic-
tion tasks, avoiding the construction of di®erent
approaches for these tasks. This model is based on
image-to-image translation using conditional ad-
versarial networks (pix2pix)18 and self-attention.19

To demonstrate the improvements of our model, we
compared its FFA image predictions with the FFA

images generated by pix2pix18 and cycleGAN.20

Speci¯cally, we showed typical predicted FFA ima-
ges and compared the methods with regard to the
peak signal-to-noise ratio (PSNR), structural simi-
larity index measure (SSIM),21 and mean squared
error (MSE).

2. Materials and Methods

2.1. Deep learning model

The architecture of the proposed deep learning model
for FFA image prediction is shown in Fig. 1. A gen-
erator extracts features of the input fundus structure
image and synthesizes an FFA image based on the
extracted features. A discriminator distinguishes real
FFA images from synthetic FFA images. To improve
the prediction performance, we add a self-attention
module19 to the generator. The module architecture is
shown in the bottom-left block of Fig. 1. To train the
deep learning model, we utilize a loss function that
combines the L1 and adversarial loss functions, which
are determined by a least-squares generative adver-
sarial network.22

2.2. Datasets preparation

We prepared three types of datasets for predicting
FFA images from fundus camera images, single-
phase FFA images from SLO images, and three-
phase FFA images from SLO images. Because the
input and output of our deep learning model were in
the red–green–blue (RGB) format, being three-
channel images, we prepared our datasets to con-
form to this format.

For the dataset used to predict FFA images from
fundus camera images, the input was the latter, and
the output was a single-phase FFA image. The
fundus camera image was originally in the RGB
format, and the single-phase FFA image, which was
originally a grayscale image, was converted to RGB
format by separately copying the grayscale infor-
mation to the red, green, and blue channels.

For the dataset used to predict a single-phase
FFA image from an SLO image, the input was the
latter, and the output was the former. Both the
SLO and single-phase FFA images were originally
represented in grayscale and converted to RGB
format by separately copying the grayscale infor-
mation to the red, green, and blue channels.
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For the dataset used to predict a three-phase
FFA image from an SLO image, the input was the
latter, and the output was the former. The SLO
image, which was originally in grayscale, was con-
verted to RGB format by separately copying the
grayscale information to the red, green, and blue
channels. The three-phase FFA image, which was
originally composed of three grayscale images, was
converted to RGB format by copying the late,
venous, and arterial phases to the red, green, and
blue channels, respectively, as illustrated in Fig. 2.

After unifying the input and output image for-
mats for the proposed deep learning model, we de-
scribed the sources and divided the datasets. The
publicly available Isfahan MISP dataset,23 which
contains 58 fundus camera/FFA image pairs of 720
� 576 pixels, was used to predict FFA images from
the corresponding fundus camera images. Of the
image pairs, 50 were used as the training set, 4 were
used as the validation set, and the remaining 4 were
used as the test set. For prediction of a single-phase
FFA image from an SLO image, a nonpublicly

Fig. 2. Three-phase FFA image originally represented by three grayscale images and conversion into RGB image by copying the
late, venous, and arterial phases to the red, green, and blue channels, respectively.

Fig. 1. Architecture of proposed deep learning model (conv ¼ convolution, in ¼ instance normalization, relu ¼ rectified linear
unit, and transconv ¼ transposed convolution).

Uni¯ed deep learning model for predicting FFA image

2450003-3



available dataset was used. This dataset contained
97 image pairs of 512� 512 pixels captured using
the Spectralis HRA imaging platform (Heidelberg
Engineering, Heidelberg, Germany) at the Third
People's Hospital of Changzhou (Jiangsu, China),
with 75, 11, and 11 image pairs being used for the
training, validation, and test sets, respectively. For
prediction of a three-phase FFA image from an SLO
image, another nonpublicly available dataset con-
taining 66 image groups of 768� 768 pixels was
used. The dataset was also collected using the
Spectralis HRA (Heidelberg Engineering) at the
Third People's Hospital of Changzhou (Jiangsu,
China). Three-phase FFA images were obtained
during the arterial (11–15 s), venous (16–20 s), and
late (5–6min) phases. The 51 collected image pairs
were used for the training set, and the remaining 2
and 13 image pairs were used for the validation and
test sets, respectively.

We performed preprocessing before using the
datasets. First, we manually registered the paired
images via translation and rotation, which is essen-
tial for supervised learning with generative adver-
sarial networks. The training, validation, and test
sets were augmented to 2000, 160, and 100 image
pairs, respectively, by applying random cropping.
Examples of the manually registered and cropped
image pairs are shown in Fig. 3.

2.3. Model training and testing

The proposed model was trained using image pairs
with a batch size of 64 over 200 epochs. During
optimization, the generator and discriminator were

alternately optimized. The generator was optimized
with the L1 loss and its adversarial loss function,
whereas the discriminator was only optimized with
its adversarial loss function. The Adam optimizer
was adopted with an initial learning rate of 0.0002,
following a linear decay policy of multiplying by
0.1 every 50 epochs. The loss of our model in the
training process is showed in Fig. 4. From our per-
spective, we hold the view that the similarity metric
between the synthesized FFA and real FFA images
is an important basis for assessing the accuracy and
clinical relevance of the generated FFA images. To
ensure the accuracy and clinical relevance of the
synthesized FFA images, we trained our proposed
model a lot of times and chose the one with the
highest similarity metric. Once the model is trained,
the synthesized FFA images are stable. The trained
model was used to predict FFA images from the
corresponding fundus structure images.

3. Results

Image processing was performed using a computer
running 64-bit Python on the Linux Ubuntu oper-
ating system equipped with an Intel Xeon E5-2620
processor (2.10GHz), 32GB of memory, and an
NVIDIA GeForce GTX 1080Ti graphics card. It
worthy to note that the typical computation time of
processing one image group is 0.89s, so our tech-
nique is potential for real-time application in clinical
settings, which is much faster traditional FFA im-
aging techniques that takes about half an hour.

Figure 5 shows three typical examples for a
qualitative comparison of our model with pix2pix18

Fig. 3. Examples of manually registered and cropped image pairs for predicting FFA images.
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Fig. 4. The loss of our model in the training process (Dataset 1: fundus camera images to FFA images; Dataset 2: SLO images to
single-phase FFA images; Dataset 3: SLO images to three-phase FFA images).

Fig. 5. Three examples of qualitative comparison between proposed model and state-of-the-art methods (pix2pix18 and cycle-
GAN20). The red boxes enclose prediction artifacts.
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and cycleGAN.20 The ¯rst example is a fundus
camera image converted into an FFA image. The
second example is conversion of an SLO image into a
single-phase FFA image, and the third example is
conversion of an SLO image into a three-phase FFA
image. For each example, the input, real FFA, and
predicted images are shown. The predictions were
generated by our model, pix2pix,18 and cycleGAN.20

The FFA image predicted by our model had a higher
degree of similarity to the real image than the pre-
dictions of pix2pix18 and cycleGAN.20 For the fun-
dus-camera-to-FFA and SLO-to-single-phase-FFA
image conversions, the images from pix2pix18 and
cycleGAN20 exhibited prediction artifacts (red
boxes). For the conversion from the SLO image to
the three-phase FFA image, most images exhibited
prediction artifacts owing to °uctuations in the real
three-phase FFA images and the limited size of our
datasets. In this case, our model had similar perfor-
mance to pix2pix18 and outperformed cycleGAN.20

To con¯rm the high performance of our model,
we quantitatively compared the FFA images pre-
dicted by our model, pix2pix,18 and cycleGAN20

with regard to the PSNR, SSIM,21 and MSE, as
shown in Table 1. The real FFA images were the

ground truth. Our model achieved a higher mean
PSNR and SSIM21 and smaller mean MSE than the
other methods. This suggests that the FFA images
predicted by our model have a higher overall simi-
larity to the real FFA images than those predicted
by pix2pix18 and cycleGAN.20

4. Discussion

We propose a method for representing the three
phases of an FFA image as a single RGB image and
introduce a uni¯ed deep learning model to predict
FFA images from fundus structural images. The
RGB representation may be used in other applica-
tions. For instance, this representation can be used
for leakage detection. As shown in Fig. 6, leakage
often appears as red shades because it mainly
appears in the late-phase FFA image, which is
encoded in the red channel. In addition, the RGB
representation can be used in image classi¯cation
for retinal disease diagnosis. Because common
image classi¯cation methods often support only one
input image, the RGB format is a suitable repre-
sentation choice.

Fig. 6. Leakage images in RGB representation.

Table 1. Similarity metrics between real and predicted FFA images.

Fundus camera image to FFA image Metric Our model pix2pix18 cycleGAN20

SSIM 0.6237 0.6069 0.5662
PSNR 20.3488 19.6295 19.2347
MSE 838.9363 1033.7321 1363.5402

SLO image to single-phase FFA image Metric Our model pix2pix18 cycleGAN20

SSIM 0.5102 0.5042 0.3494
PSNR 16.6799 16.1639 12.7712
MSE 1963.4722 2120.7682 4304.5082

SLO image to three-phase FFA image Metric Our model pix2pix18 cycleGAN20

SSIM 0.4198 0.4123 0.3633
PSNR 14.7525 14.3044 12.9954
MSE 3054.3708 3377.9785 4945.2119
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The ophthalmology community considers FFA
imaging as the gold standard for diagnosing retinal
vascular diseases. However, this technique requires
injecting intravenous dyes into the human body,
which can lead to certain levels of toxic side e®ects
and, in severe cases, even pose a threat to life. As the
elderly population is the main target group for FFA
examinations, they are more prone to experiencing
adverse reactions due to their physical condition. An
important clinical signi¯cance of this technology lies
in its ability to provide FFA-style images of fundus
vasculature without the need for intravenous dyes
injection in elderly individuals. Therefore, this
technique can serve as a noninvasive diagnostic tool
for retinal diseases in the elderly.

As a potential way to integrate this technology
into existing diagnostic work°ows, we can ¯rst use
this technology for population screening. When the
screening results indicate a potential disease condi-
tion, further con¯rmation and precise diagnosis can
then be conducted using traditional FFA techniques.

At present, our dataset may not be su±cient to
fully investigate the limitations of our model in
predicting FFA images for speci¯c disease states
or patient demographics. However, we acknowledge
the possibility of potential limitations in certain
scenarios, and the investigation of these potential
limitations can be future research direction.

In order to address the scalability and adaptability
of our proposed model to accommodate future tech-
nological developments and evolving clinical needs,
several key considerations are taken into account.
First, our model is designed with a modular and
°exible architecture, allowing for easy integration
of new techniques and algorithms as they emerge.
This will ensure that the model can be updated
and adapted to incorporate the latest advancements
in arti¯cial intelligence and deep learning. Second,
establishing a robust and scalable infrastructure is
crucial. This includes ensuring su±cient computa-
tional resources and storage capacity, as well as
implementing distributed computing frameworks to
handle large-scale data processing. The use of cloud-
based solutions can also provide scalability and °ex-
ibility by allowing the model to scale up or down
based on demand. Third, continuous evaluation and
validation of the model's performance and accuracy
are necessary. Regular monitoring and feedback col-
lection from clinicians and domain experts will enable
timely adjustments and improvements to accommo-
date evolving clinical needs.

5. Conclusions

We introduce a uni¯ed deep learning model for pre-
dicting FFA images from fundus structure images.
This model is based on supervised learning and
combines the pix2pix18 architecture and a self-
attention module.19 The high performance of our
model is con¯rmed qualitatively and quantitatively
through comparisons with the state-of-the-art pix2-
pix18 and cycleGAN20 methods. The proposed model
can predict FFA images from fundus structure ima-
ges well in a uni¯ed architecture. In addition, it may
be useful for ophthalmic examinations with the gen-
erated FFA, especially for screening and diagnosis,
while avoiding frequent intravenous dye injections.
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