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Many ophthalmic and systemic diseases can be screened by analyzing retinal fundus images. The 
clarity and resolution of retinal fundus images directly determine the effectiveness of clinical diagnosis. 
Deep learning methods based on generative adversarial networks are used in various research fields 
due to their powerful generative capabilities, especially image super-resolution. Although Real-
ESRGAN is a recently proposed method that excels in processing real-world degraded images, it 
suffers from structural distortions when super-resolving retinal fundus images are rich in structural 
information. To address this shortcoming, we first process the input image using a pre-trained U-Net 
model to obtain a structural segmentation map of the retinal vessels and use the segmentation 
map as the structural prior. The spatial feature transform layer is then used to better integrate the 
structural prior into the generation process of the generator. In addition, we introduce channel and 
spatial attention modules into the skip connections of the discriminator to emphasize meaningful 
features and accordingly enhance the discriminative power of the discriminator. Based on the original 
loss functions, we introduce the L1 loss function to measure the pixel-level differences between 
the segmentation maps of retinal vascular structures in the high-resolution images and the super-
resolution images to further constrain the super-resolution images. Simulation results on retinal image 
datasets show that our improved algorithm results have a better visual performance by suppressing 
structural distortions in the super-resolution images.

The retina is a thin, transparent, light-sensitive tissue located at the back of the eye, and it is the only organ 
in the body that can be viewed non-invasively using visible light. Doctors can analyze retinal fundus images 
to screen for and diagnose ophthalmic and systemic diseases1. The fundus imaging system or retinal camera 
is a sophisticated low-power microscope2. In telemedicine, medicine images such as retinal fundus are 
sometimes degraded during upload, transmission, and download3. Besides, most retinal diseases have no clear 
symptoms in the early stages. As a result, some retinal fundus images do not have the desired clarity to support 
the ophthalmologist in making an accurate diagnosis. Therefore, it is necessary to improve the quality of the 
retinal fundus image. Image super-resolution techniques have been introduced to enhance the resolution and 
clarity of retinal fundus images. Image super-resolution aims to reconstruct the corresponding high-resolution 
image from a low-resolution image4. Image super-resolution also plays an important role in video surveillance5, 
remote sensing technology6, and medical image process7. With the development of artificial intelligence, deep 
learning neural network techniques are widely used in image super-resolution8. The generative adversarial 
networks based on deep learning neural networks were proposed as a powerful framework to generate super-
resolution (SR) images with better visual perception9. Real-ESRGAN10 is a recently proposed super-resolution 
method based on generative adversarial networks. It uses a high-order degradation model to synthesize data 
for training. Compared to previous super-resolution methods based on generative adversarial networks, Real-
ESRGAN generates images with better visual perception when dealing with low-resolution(LR) images of 
general real-world degradation. However, the Real-ESRGAN method suffers from structural distortions when 
super-resolving images11. The retinal fundus images contain rich structural information and are therefore more 
prone to structural distortion. The structural distortions refer to the distortion of blood vessel shapes, as well 
as the misalignment or distortion of details on the generated super-resolution images. To solve the problem, 
we propose a retinal fundus image super-resolution based on the generative adversarial network guided with 
vascular structure priors.

1School of Electrical and Information Engineering, Beihua University, Jilin 132013, China. 2College of electronic 
science and engineering, Jilin University, Changchun 130015, China. email: jia_yanfei@163.com

OPEN

Scientific Reports |        (2024) 14:22786 1| https://doi.org/10.1038/s41598-024-74186-x

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-44448-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-44448-1&domain=pdf


In this paper, our main contributions are summarized as follows:

	1	� The retinal vascular structure information is essential for diagnosing retinal diseases, and the structure is 
distributed regularly on fundus images. Therefore, we first segment the input retinal fundus image using a 
pre-trained U-Net model to obtain its retinal vascular structure segmentation map. Secondly, we design a 
condition network and use the segmentation map as its input to introduce the structure to the generator. It 
can suppress the drawback of structural distortions of the SR images.

	2	� we propose to use the L1 loss function to measure the pixel-level differences between the segmentation map 
of the retinal vascular structure of the HR and SR images. It increases a quadratic constraint on the SR image 
to improve the quality of generated SR images.

	3	� we introduce channel and spatial attention modules into the skip connections of the Real-ESRGAN discrim-
inator to make the discriminator pay more attention to important features. It can improve the discriminative 
power of the discriminator. Based on the above improvements, it can reduce the structural distortions in SR 
images and improve the quality of super-resolution of retinal fundus images based on Real-ESRGAN.

Related work
In this section, we briefly review traditional super-resolution methods for retinal images and focus primarily 
on super-resolution techniques based on deep learning. For the traditional super-resolution methods, Thapa et 
al.12 reviewed several super-resolution methods for retinal images, including interpolation methods, frequency 
domain methods, regularization methods, and learning-based methods. They also compared the performance 
of these approaches in the context of retinal imaging. Jebadurai et al.13 proposed a learning-based single-image 
super-resolution algorithm that leverages the advantages of support vector regression and probability theory to 
minimize reconstruction errors. Their approach not only learns and develops a nonlinear functional mapping 
between low and high-resolution retinal images but also achieves minimal super-resolution reconstruction 
errors. Thomas et al.14 introduced a super-resolution method for fundus video images by exploiting natural eye 
movements during the examination. They used affine registration to reconstruct a motion-compensated super-
resolution image from lower-resolution video data. Additionally, Thomas et al.15 developed a fully automatic 
framework to reconstruct high-resolution retinal images with a wide field of view from low-resolution video 
data, effectively integrating complementary regions of the retina. Furthermore, Retinex theory16 and dictionary 
learning17 have also been applied to enhance the quality of fundus images.

Although traditional super-resolution reconstruction algorithms can improve the quality of low-resolution 
fundus images, the results often fall short of expectations due to limitations in the number of available fundus 
images and the technology employed. Consequently, researchers have turned to deep learning to design network 
models that achieve better super-resolution reconstruction of fundus images. Dong et al.18  first proposed a 
super-resolution convolutional neural network algorithm based on deep learning. It uses only a three-layer 
convolutional neural network to learn the mapping relationship between the low-resolution(LR) images and 
the high-resolution (HR) images in an end-to-end manner. This three-layer convolutional neural network is 
too shallow and makes it difficult to extract deep features19. To address this problem, Kim et al. later proposed 
two super-resolution methods: the deep recurrent convolutional neural network (DRCN)20 and the very deep 
super-resolution network (VDSR)21. The VDSR method has achieved excellent performance by introducing 
residual networks to train deeper network architectures. The DRCN method deepens the network with recursive 
structures to extract feature information of more layers while using recursive supervision and skip connections 
to alleviate the problem of gradient disappearance or gradient explosion due to network deepening. However, 
these methods only focus on high PSNR values and neglect the visual perceptual quality of the super-resolution 
(SR) images, resulting in blurred images with smoothed edges and textures.

Generative adversarial networks have been introduced into super-resolution methods to generate more 
realistic images. This method can improve the visual perceptual quality of SR images through adversarial learning. 
Generative adversarial networks were first proposed by Ian Goodfellow et al.22. Generative adversarial networks 
consist structurally of a generator and a discriminator. The generator takes an LR image as an input and generates 
an SR image as an output. The discriminator is to determine whether its input image is the high-resolution image 
or the SR image generated from the generator. Ledig et al.23 first proposed a super-resolution approach based 
on generative adversarial networks (SRGAN). Unlike previous SR works, it introduces a perceptual loss using 
high-level feature maps of the pre-trained VGG network combined with a discriminator that makes SR images 
perceptually hard to distinguish from HR images. However, the SRGAN method also introduces artifacts when 
recovering more detail. To address this issue, ESRGAN24applies a Residual-in-Residual Dense Block (RRDB) 
without batch normalization as a basic module in the generator. This basic module deepens the network to 
improve performance and avoid the artifacts introduced by batch normalization. The ESRGAN method also 
replaces the original discriminator with a relativistic discriminator25that tries to predict the probability that 
a real image is relatively more realistic than a fake one to improve the discriminative power. RankSRGAN26 
addresses the problem of being unable to reasonably assess the quality of the SR images in previous methods by 
using perceptual metrics to assess the perceptual quality of the SR images instead of just PSNR and SSIM metrics. 
It also proposes a super-resolution generative adversarial network with Ranker27. All of these approaches assume 
that the image degradation process is an ideal bicubic downsampling process, but this is not the same as real 
degradation. This degradation mismatch tends to make these above methods unsatisfactory when dealing with 
real-world degraded LR images.

Dwarikanath et al.28  proposed progressive generative adversarial networks (P-GANs) to generate a high-
resolution retinal fundus image from a low-resolution retinal fundus image. Prajapati et al.29  proposed an 
unsupervised SR method without explicitly estimating the degradation of LR images using direct mapping of LR 
to SR in an attempt to mitigate the above limitation. Recently, Wang et al.10 proposed the Real-ESRGAN method 
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to recover better real-world degraded LR images based on the ESRGAN method combined with a higher-order 
degradation model. It proposes to use a high-order degradation model to better model the degradation process in 
the real world. In addition, it accordingly uses a U-shaped discriminator30 with spectral normalization to enhance 
the training stability. However, while Real-ESRGAN performs well in super-resolution processing of real-world 
degraded images, it is prone to structural distortions in the generated images when super-resolution processing 
is performed on retinal fundus images, which are richer in structural information. Qiu et al.31  proposed an 
improved generative adversarial network (IGAN) for retinal image super-resolution. They designed an attention 
convolutional neural, constructed the pixel loss function to use the robust Charbonnier, removed the BN layer, 
and added multiple updated residual blocks to improve the performance of the generative adversarial network. 
Ma et al.11 proposed a structure-preserving super-resolution method with gradient guidance to alleviate the 
issue of structural distortions commonly existing in the super-resolution results of GAN-based methods. The 
additional supervision provided by gradient maps can better capture structural information. Although the 
gradient map can provide additional structural supervision to the super-resolution training process, it still 
has limitations. The gradient only reflects the differences between adjacent pixels. For retinal fundus images, 
where the colorful differences across the whole image are small, the gradient map is prone to noise unrelated to 
the structural information, and the gradient information is not obvious. In this paper, we replace the gradient 
map with a segmentation map of the retinal vascular structure for retinal fundus images to alleviate the above 
limitations.

Methods
Due to the superior image generation capability of generative adversarial networks, it can be applied to improve 
the quality of retinal fundus imaging to help doctors in retinal image analysis. Although the Real-ESRGAN can 
generate super-resolution (SR) retinal fundus images, the SR image contains structural distortions. To overcome 
the problem, we proposed an improved Real-ESRGAN. It contains three parts: our improved generator, our 
improved discriminator, and our designed new loss function.

Improved generator
The improved generator is shown in Fig. 1. Compared with the original generator of Real-ESRGAN, we added 
a branch that contains a pre-trained network (U-Net model), condition network, and our designed improved 
RRDB (Residual in Residual Dense Block). The distribution of retinal vascular structures in fundus images 
is regular, relatively constant, and semantically simple and clear. The above situation allows retinal vascular 
structures to be located using low-resolution information. At the same time, the boundaries of different tissues 
within the retinal fundus image are blurred, and the fine structures are not obvious, requiring more high-
resolution(HR) information to distinguish them. Therefore, we first downsample the input image to obtain deep 

Fig. 1.  The architecture of the proposed generator.
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features in the U-Net model. The deep features contain LR information that can provide contextual semantic 
information about the segmentation target in the whole image. Secondly, we use the upsample operation to 
obtain shallow features that contain more HR information to segment the segmentation target in the U-Net 
model finely. In addition, the skip connections used in the upsampling process combine the shallow features 
with the deeper features of the corresponding layer to obtain more accurate segmentation32. We train the U-Net 
model on the DRIVE (Digital Retinal Images for Vessel Extraction) dataset33 that is specifically designed for 
the segmentation of blood vessels in retinal fundus images and use the trained U-Net model as the pre-trained 
network in Fig. 1.

To better incorporate the features contained by the pre-trained network into the SR process, we input the 
vascular structure segmentation map into the condition network. The condition network consists of a 1×1 
convolutional layer, a ReLU activation function, and a 1×1 convolutional layer. The condition network is used to 
extract feature maps from the vascular structure segmentation map without changing the size. The outputs of the 
condition network are referred to as the prior conditions. In the end, we use the Spatial Feature Transform (SFT) 
layer to fuse the prior conditions with the feature maps obtained by the original generator network to improve 
the quality of super-resolution of retinal fundus images.

Compared with the original RRDB (Residual in Residual Dense Block) basic module in Real-ESRGAN, we 
add a Spatial Feature Transform (SFT) layer before each convolutional layer in the RRDB module. The SFT 
layer can make the prior conditions adequately combine with each intermediate feature map obtained in the 
feature extraction phase. Our proposed RRDB module with SFT layers is shown in Fig. 2. Low-level vision tasks 
such as SR require more spatial information of the image to be considered and require different processing at 
different spatial locations of the image. Therefore, we use an SFT layer to combine the feature maps obtained in 
the feature extraction phase with the prior conditions rather than directly concatenating or summing them. The 
SFT layer is used to learn a mapping function that outputs a modulation parameter pair based on some prior 
conditions. This learned parameter pair adaptively affects the output spatially using an affine transformation for 
each intermediate feature map in an SR network. The affine transformation is carried out by scaling and shifting 
feature maps:

	 SFT (F |γ, b) = γ × F + b� (1)

where F denotes the feature maps, whose dimension is the same as γ and b, and × represents element-wise 
multiplication. The SFT layer is shown in Fig. 3, which feeds the prior conditions into two separate combinations 
of two convolutional layers with a kernel size of 1× 1 to obtain γ and b, and then we modulate the input feature 
maps with γ and b, as shown in (1).

Improved discriminator
The discriminator discriminates whether the input image is the original high-resolution or super-resolution 
image. In the Real-ESRGAN, it uses a U-shaped network as the discriminative network. This architecture can 
provide detailed per-pixel feedback to the generator while maintaining the global coherence of super-resolution 
images by the global image feedback. It consists of three parts: the downsampling part, the upsampling part, 
and skip connections. However, the convolution operation extracts informative features by blending cross-
channel and spatial information in the downsampling part. Therefore, it also generates some redundant feature 
information.

To reduce the interference of redundant feature information, we introduce the channel and spatial attention 
modules into each skip connection to emphasize meaningful features. The spatial and channel attention modules 
are shown in Figs. 4 and  5, respectively. The channel attention module is used to obtain the weight of different 
channels. The more important the information contained in the channel, the greater the weight of the channel. 

Fig. 2.  The RRDB module with spatial feature transform layer.
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Fig. 5.  The architecture of the proposed discriminator.

 

Fig. 4.  Spatial attention module.

 

Fig. 3.  The architecture of spatial feature transform layer.
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The output feature maps of each skip connection with attention modules and each cascade module in the 
upsampling part are fused by an element-wise sum operation. The fused feature maps are used as the input 
feature maps of the next cascade module in the upsampling part.

The complete discriminator network is shown in Fig. 5. The left part is the downsampling part. The right 
part is the upsampling part, and the intermediate part is the attention part. We first use a 3×3 convolution 
to extract features in the downsampling part. Secondly, we use three identical cascade modules to realize the 
downsampling. Each cascade module includes a 4×4 convolution with a stride of 2, a spectral normalization 
layer, and a LeakyReLU activation function. The convolution reduces the scale of feature maps and increases the 
receptive field. Spectral normalization is used to improve training stability. The LeakyReLU activation function is 
used to improve the fitting ability of the network. The upsampling part includes three identical cascade modules. 
The cascade module consists of a bilinear upsampling operation, a 3×3 convolution, a spectral normalization 
layer, and the LeakyReLU function. The bilinear upsampling operation is used to increase the scale of feature 
maps. The convolution, a spectral normalization layer, and a LeakyReLU activation function are used to extract 
high-frequency features. At the end of the discriminator, we use two convolutions with a spectral normalization 
layer and a convolution. It can enhance important features and reduce the interference of the generated noise, 
which is useful for improving the discriminatory capability of the discriminator.

Construction of new loss function
Considering the retinal vascular structure segmentation map is a two-valued image, we use the L1 loss function 
to measure the pixel-level differences between the retinal vascular structure segmentation maps of the high-
resolution (HR) images and the super-resolution (SR) images. It is expressed as follows:

	
LL1−Seg =

1

WH

W∑
x=1

H∑
y=1

||Seg(IHR)x,y − Seg(G(ILR))x,y||1� (2)

where H and W refer to the height and width of the segmentation map of the retinal vascular structure of the HR 
image or the SR image, respectively. ILR and IHR represent the low-resolution (LR) image and the HR image, 
respectively. Seg( ) represents the operation of image segmentation using the U-Net model pre-trained on the 
DRIVE dataset. The introduction of this loss function is a secondary constraint following the introduction of the 
structural prior in the generator to constrain the SR images.

We use the proposed loss function and the original loss functions to construct a new loss function for the 
improved generative adversarial network. The new loss function of the generator and discriminator are shown 
in (3) and (4), respectively.

	 LossG =λadvLadv_G + λperLper + λL1LL1 + λL1−SegLL1−Seg � (3)

	 LossD =λadvLadv_D � (4)

where LossG and LossD are the loss functions of the generator and discriminator, respectively. They are used to 
measure the difference between the generated data distribution and the real data distribution. The coefficients in 
Equations (3) and (4) are set as λadv= 0.1, λper= 1, λL1= 1, λL1−Seg= 1. The LossG and LossD are the adversarial 
loss functions of the generator and discriminator, respectively. They are expressed as follows:

	
Ladv_G =

1

N

N∑
n=1

− log(D(G(ILR))) � (5)

	
Ladv_D =

1

N

N∑
n=1

− log(D(IHR))− log(1−D(G(ILR))) � (6)

where D and G express the generator and discriminator, respectively. N is the total number of samples in the 
training set. As shown in (7), this loss function is used to measure the pixel-level differences between the HR 
and SR images.

	
LL1 =

1

WH

W∑
x=1

H∑
y=1

||IHR
x,y −G(ILR)x,y||1� (7)

The perceptual loss function uses a pre-trained VGG19 network to calculate the gap between the HR and SR 
images on the feature space. The introduction of the perceptual loss function makes the SR images semantically 
closer to the HR images.

	
Lper(i,j) =

1

W(i,j)H(i,j)

W(i,j)∑
x=1

H(i,j)∑
y=1

||ϕ(i,j)(I
HR)x,y − ϕ(i,j)(G(ILR))x,y||1� (8)
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where ϕ(i,j) indicates the feature maps obtained by the j-th convolution layer(before activation) before the i-th 
max-pooling layer within the pre-trained VGG19 network. The values of (i, j) are (1, 2), (2, 2), (3, 4), (4, 4), (5, 
4). The perceptual loss function is shown in Equation (9) as follows.

	 Lper = α(1,2)Lper(1,2) + α(2,2)Lper(2,2) + α(3,4)Lper(3,4) + α(4,4)Lper(4,4) + α(5,4)Lper(5,4)� (9)

where the individual coefficients in (9) are: α(1,2) = 0.1, α(2,2) = 0.1, α(3,4) = 1, α(4,4) = 1, α(5,4) = 1.

Simulation and discussion
Datasets and metrics
We randomly selected 800 retinal fundus images as training images and 50 retinal fundus images as test images 
from the Diabetic Retinopathy dataset34 and the Fundus Image Registration (FIRE) dataset35. All experiments 
are performed between low-resolution images and high-resolution images for 4× enlargement. The resolution 
of the input images is 256×256, and the resolution of the output images is 1024×1024.

To quantitatively analyze the different methods, we use three evaluation indicators that are PSNR(peak 
signal-to-noise ratio), SSIM(structural similarity), and LPIPS(learned perceptual image patch similarity)36 to 
measure the quality of recovered images. The PSNR is expressed as follows:

	
PSNR = 10 log10

(
MAX2

I

MSE

)
� (10)

The MAXI  is the maximum value of image pixel coloration. The MSE is the mean squared error that is expressed 
as follows:

	
MSE =

1

mn

m−1∑
i=0

n−1∑
j=0

||I(i, j)−K(i, j)||2� (11)

where m and n represent the height and width of the image, respectively. I( ) and k( ) represent the high-resolution 
image and the super-resolution image, respectively. The SSIM is expressed as follows:

	
SSIM(x, y) =

(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
� (12)

where X and y represent the high-resolution image and the super-resolution image, µx and µy represent the 
mean values of x and y, σ2

x and σ2
y  represent the variance of x and y, and σxy represents the covariance of x and y 

, respectively. The LPIPS is expressed as follows:

	
LPIPS(x, x0) =

∑
l

1

HlWl

∑
h,w

||ωl ⊙ (ŷlhw − ŷlohw)||22� (13)

where x and x0 represent the high-resolution image and the super-resolution image, Hl and Wl represent the 
height and width of the output feature maps of the lth layer in a pre-trained AlexNet network, respectively. The 
ωl represents a learned weight vector. The ⊙ means the element-wise multiplication operation. The ŷlhw and ŷlohw 
represent the extracted features of the corresponding x and x0 of the lth layer at location (h,w), respectively. The 
higher the value of PSNR and SSIM, the better the image quality. The smaller the value of LPIPS is, the better the 
human perception of the image is.

Ablation study
To test the performance of different modules and the loss function proposed in this paper, we use our proposed 
modules and loss function to replace the corresponding modules and the loss function in the Real-ESRGAN10 
method. We use our designed discriminator to replace the discriminator of Real-ESRGAN and name it “Real-
ESRGAN with our designed discriminator”. We use our designed generator to replace the generator of Real-
ESRGAN and call it “Real-ESRGAN with our designed generator”. We add the L1 loss function to measure 
the pixel-level differences between the retinal vascular structure segmentation maps of the HR and SR images 
based on the original loss functions. We name it “Real-ESRGAN with our designed new loss function”. We use 
our designed generator and discriminator to replace the generator and discriminator of Real-ESRGAN and 
replace the original loss function of Real-ESRGAN with our designed new loss function to obtain our complete 
method. Firstly, We randomly select a retinal fundus image from the test images as the input image to test the 
performances of our proposed different modules. The low-resolution images obtained by downsampling the 
high-resolution image with the scaling factor of four and super-resolution images of different methods from the 
low-resolution image are shown in Fig. 6a. The high-resolution and partially enlarged images of super-resolution 
images are shown in Fig. 6b. By comparing with the local magnified images of high-resolution images in Fig. 6b, 
the image generated by Real-ESRGAN exhibits significant distortion in some vessel regions (indicated by arrow). 
The image generated by Real-ESRGAN with our designed discriminator shows a relatively blurred vessel region 
(indicated by arrow). Although the image generated by Real-ESRGAN with our designed new loss function has 
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less distortion in the vessel region, it contains a new vessel structure (indicated by arrow). The images generated 
by Real-ESRGAN with our designed generator and our complete method do not show significant distortion and 
are closer to the high-resolution images. Secondly, to quantitatively analyze the performance of our proposed 
modules, we test the above methods on 50 pairs of retinal fundus images. The average PSNR, SSIM, and LPIPS 
values for Real-ESRGAN and Real-ESRGAN with different modules and loss functions are shown in Table 1. 

Fig. 6.  The low-resolution image, high-resolution image, and super-resolution images. (a) the low-resolution 
image and super-resolution images; (b) the high-resolution image and partially enlarged images of super-
resolution image.
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Compared with Real-ESRGAN, the Real-ESRGAN with different modules and loss functions still has a larger 
PSNR value, SSIM value, and smaller LPIPS value. Our complete method has the largest PSNR value and SSIM 
value with the smallest LPIPS value. The larger the PSNR value and SSIM value, the smaller the LPIPS value, 
and the better the super-resolution image’s quality. Therefore, this shows that every proposed module or loss 
function is effective.

Performances for different methods
We randomly select two retinal fundus images from the test dataset. We use the Real-ESRGAN10, ESRGAN24, 
RankSRGAN26, P-SRGAN28, DUS-GAN29, IGAN31, and our proposed method to reconstruct the super-
resolution image. The low-resolution and super-resolution images of different methods are shown in Figs.  7 
and    8, respectively. The low-resolution images obtained by downsampling the high-resolution images with 
the scaling factor of four and super-resolution images of different methods from the low-resolution images are 
shown in Figs.   7a and  8a. The high-resolution and partially enlarged images of super-resolution images are 
shown in Figs. 7b and 8b. The super-resolution images of ESRGAN, P-SRGAN, and RankSRGAN are blurred. 
In Fig. 7b, the structures of both the main and branch vessels are significantly blurred in partially enlarged 
images of super-resolution images of ESRGAN, P-SRGAN, and RankSRGANN. Although the structures of the 
main vessels are clear, the structures of the branch vessels are not clear enough in the enlarged image of the 
super-resolution image of DUS-GAN. In Fig. 8b, there are structural distortions in the positions indicated by 
the arrows in the enlarged images of the super-resolution images of Real-ESRGAN. As shown as we see, our 
proposed method can inhibit structural distortions effectively. The super-resolution images of our method are 
clear and close to the original high-resolution images. The super-resolution images of our method are better at 
the recovery of fine structures than Real-ESRGAN.

In Figs. 8a and b, the structures of the main and branch vessels are significantly blurred in partially enlarged 
images of super-resolution images of ESRGAN, P-SRGAN, and RankSRGAN. The structures of the main vessels 
are clear in the super-resolution images of DUS-GAN and IGAN, but the structures of the branch vessels are 
also not clear enough. Especially, the structures of subtle branch vessels are clearer for our method than Real-
ESRGAN.

To quantitatively analyze the performance of different methods, we use three evaluation indexes (PSNR, 
SSIM, and LPIPS) to compare the ESRGAN method, P-SRGAN method, RankSRGAN method, Real-ESRGAN 
method, DUS-GAN method, IGAN method, and our proposed method. The average values of different methods 
are shown in Table 2. The average PSNR values of the ESRGAN method, P-SRGAN method, RankSRGAN 
method, DUS-GAN method, Real-ESRGAN method, IGAN method, and our proposed method are 32.5327, 
32.7224, 33.1178, 33.6180, 33.948,33.7210, and 35.1015, respectively. The average SSIM values of the ESRGAN 
method, P-SRGAN method, RankSRGAN method, DUS-GAN method, Real-ESRGAN method, IGAN method, 
and our proposed method are 0.8840, 0.8821, 0.8802, 0.8879, 0.8876,0.8882 and 0.9008, respectively. The average 
LPIPS values of the ESRGAN method, P-SRGAN method, RankSRGAN method, DUS-GAN method, Real-
ESRGAN method, IGAN method, and our proposed method are 0.3646, 0.3124, 0.2321, 0.081, 0.1554, 0.1872, 
and 0.1220, respectively. As shown in Table 2, our method has the largest average PSNR, followed by IGAN and 
DUS-GAN. Our method has the largest average SSIM value, followed by IGAN and DUS-GAN. Our method has 
the smallest average LPIPS value, followed by Real-ESRGAN and IGAN. Our method still has the largest average 
PSNR and SSIM value with the smallest LPIPS value. It shows that our method performs better in reconstructing 
images than other methods. We also test the parameters, floating-point operations(FLOPs), inference speed 
that is measured by FPS(Frames Per Second), and memory consumption. They are shown in Table 3. It can 
be observed that the parameters, floating-point operations, and memory consumption of our method are all 
relatively high, resulting in a slower inference speed. Although our method has a slower inference speed than 
others, it has a better performance in reconstructing images.

Conclusion
This paper proposes an improved retinal fundus image super-resolution method based on the generative 
adversarial network. For the generator, we first train the U-Net model on the DRIVE dataset and use the trained 
U-net model as the pre-trained network to obtain the retinal vascular structure segmentation map. Secondly, we 
design a condition network to transform the segmentation map into feature maps. Ultimately, we use the Spatial 
Feature Transform (SFT) layer to fuse the transformed features by the condition network and extracted features 
by the original generator network. For the discriminator, we introduce channel and spatial attention modules 
into the discriminator to improve its discriminative power. Moreover, we also improved the loss function to 
measure the differences between the generated and original images. We randomly select two low-resolution 
retinal fundus images as the input images of ESRGAN method, P-SRGAN method, RankSRGAN method, DUS-

Methods Average PSNR Average SSIM Average LPIPS

Real-ESRGAN 33.3948 0.8876 0.1554

Real-ESRGAN with our designed discriminator 34.2658 0.8952 0.1371

Real-ESRGAN with our designed generator 34.3494 0.8982 0.1332

Real-ESRGAN with our designed new loss function 34.1635 0.8949 0.1405

Our complete method 35.1015 0.9008 0.1220

Table 1.  Average performance for Real-ESRGAN and Real-ESRGAN with different modules.

 

Scientific Reports |        (2024) 14:22786 9| https://doi.org/10.1038/s41598-024-74186-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


GAN method, Real-ESRGAN method, IGAN method, and our proposed method. The images obtained by our 
proposed method are excellent in the recovery of fine structures. Our proposed method has the largest average 
PSNR value and SSIM value and the smallest average LPIPS value. These show that our proposed method 
performs better for recovering low-resolution retinal fundus images than other methods.

Although our method demonstrates strong capabilities in image super-resolution reconstruction, the 
algorithm is relatively complex, leading to a high number of parameters and significant computational 
requirements. Therefore, in future work, we will focus on reducing network complexity while ensuring the 
quality of the reconstructed images. This will, in turn, improve image reconstruction speed and make the model 
easier to deploy on servers with lower computational power.

Fig. 7.  The first low-resolution image, high-resolution image, and super-resolution images. (a) the low-
resolution image and super-resolution images;(b) the high-resolution image and partially enlarged images of 
super-resolution images.
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Methods average PSNR Average SSIM Average LPIPS

ESRGAN 32.5327 0.8840 0.3646

P-SRGAN 32.7224 0.8821 0.3124

RankSRGAN 33.1178 0.8802 0.2321

DUS-GAN 33.6180 0.8879 0.2081

Real-ESRGAN 33.3948 0.8876 0.1554

IGAN 33.7210 0.8882 0.1872

Our method 35.1015 0.9008 0.1220

Table 2.  Average values of performance index for different methods.

 

Fig. 8.  The second low-resolution image, high-resolution image, and super-resolution images. (a) the low-
resolution image and super-resolution images; (b) the high-resolution image and partially enlarged images of 
super-resolution images.
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Data availability
The Diabetic Retinopathy dataset is publicly available and can be accessed at https://tianchi.aliyun.com/data-
set/93926. (DOI: 10.1109/ACCESS.2020.2980055) . The Fundus Image Registration (FIRE) dataset used in this 
article is publicly available and can be accessed at https://projects.ics.forth.gr/cvrl/fire/. (DOI: 10.35119/maio.
v1i4.42)
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