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Abstract:  Glaucoma is a group of eye conditions that damage the optic nerve. The optic nerve sends visual 

information from eye to brain and is vital for good vision.As this nerve gradually deteriorates, blind spots 

develop in vision and the nerve damage is usually related to increased pressure in the eye. 

Elevated eye pressure happens as the result of a buildup of fluid that flows throughout the inside of the eye. 

This fluid is also known as the aqueous humour. It usually drains through a tissue located at the angle where 

the iris and cornea meet. This tissue also is called the trabecular meshwork. The cornea is important to vision 

because it lets light into the eye. When the eye makes too much fluid or the drainage system doesn't work 

properly, eye pressure may increase. 

 Self-Attention Generative Adversarial Networks (SAGAN) is used in Glaucoma Detection that involves the 

capabilities of self-attention mechanisms to enhance feature extraction in medical imaging. 
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I. INTRODUCTION 

Self-Attention Generative Adversarial Networks (SAGAN) is primarily a specific architecture that 

incorporates self-attention mechanisms into the traditional GAN framework. However, variations and 

extensions of SAGAN can be categorized based on their applications and modifications. Here are some notable 

types and variations: 

1. Standard SAGAN-The original model that integrates self-attention layers to improve feature learning and 

focus on relevant parts of the image, enhancing both the generator and discriminator. 

2. Conditional SAGAN-This variation conditions the GAN on additional information (e.g., class labels, textual 

descriptions) to generate images that align with specific categories, useful in applications like image-to-image 

translation. 

3. Progressive SAGAN-Incorporates a progressive training approach where images are generated at low 

resolutions initially and gradually increase in resolution. This can lead to higher-quality outputs and stability 

during training. 

4. Semi-Supervised SAGAN-Utilizes both labelled and unlabelled data for training. It enhances learning by 

leveraging the structure of the data while still benefiting from the self-attention mechanism. 

5. Multi-Scale SAGAN-Implements self-attention across multiple scales, allowing the model to capture 

features at different resolutions, which can be particularly beneficial in complex image datasets. 

    6. Style-Based SAGAN-Combines ideas from style transfer with SAGAN, allowing for the manipulation of 

style attributes in generated images while maintaining content consistency. 

     7.Dual SAGAN-Involves using two GANs in a dual setup where one focuses on generating images and the 

other on extracting features, enhancing the training dynamics and potentially improving performance. 
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     8.Hybrid SAGAN-Combines SAGAN with other architectures, such as Variational Autoencoders (VAEs) 

or existing convolutional neural networks (CNNs), to leverage their strengths for specific tasks. 

Applications of SAGAN Variants 

These variations of SAGAN can be applied in various domains, including  

Medical Imaging: For detecting conditions like glaucoma, retinal diseases, etc. 

Image Synthesis: Generating high-resolution images or creating artistic styles. 

Data Augmentation: Enhancing datasets with synthetic examples for better model training. 

These adaptations and extensions enable SAGAN to be a flexible and powerful tool in many fields, particularly 

where complex image generation and feature extraction are crucial. 

 SAGAN in Glaucoma Detection:  It incorporates self-attention mechanisms in its architecture, allowing the 

model to focus on relevant features in the input images. This is particularly useful in medical imaging, where 

subtle patterns can indicate conditions like glaucoma. 

 

Steps for Glaucoma Detection 

1. Data Acquisition 

Collect a diverse dataset of eye images (e.g., OCT, fundus) labelled as healthy or glaucomatous. Public datasets 

or clinical databases can be valuable sources. 

2. Data Preprocessing 

Normalization: Scale pixel values to a range (e.g., 0 to 1). 

Resizing: Standardize image sizes for consistent input. 

Augmentation: Apply techniques like rotation, flipping, and contrast adjustments to increase the dataset's 

variability. 

3. Model Architecture 

 Generator: Generates synthetic images that mimic the characteristics of glaucomatous eyes. 

Discriminator: Evaluates the authenticity of images (real vs.    synthetic) while employing self-attention layers 

to capture global dependencies. 

 Self-Attention Mechanism: Allows the model to focus on      important areas of the image, improving its 

ability to detect    features related to glaucoma, such as changes in the optic nerve head. 

4. Training the Model 

Train the SAGAN model using adversarial loss to simultaneously improve the generator and discriminator. 

Use a combination of standard loss functions (e.g., binary cross-entropy) and any specific loss metrics relevant 

to medical imaging. 

 5. Evaluation Metrics 

Assess model performance using metric such as accuracy, sensitivity, specificity, F1-score, and AUC-ROC. 

This helps gauge how well the model distinguishes between healthy and glaucomatous cases. 

 6. Visualization and Interpretability  

Implement techniques like Grad-CAM or attention maps to visualize which features or regions of the images 

the model focuses on. This can provide insights into the decision-making process of the model and enhance 

trust in its predictions. 

 7. Validation and Testing 

Validate the model on a separate test set to ensure it generalizes well to unseen data. Cross-validation can also 

be employed to assess stability and robustness. 
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 8. Deployment 

Deploy the trained model in clinical settings or as part of diagnostic tools. Ensure compliance with healthcare 

regulations and guidelines. 

 9. Continuous Improvement 

Continuously update the model with new data and feedback to improve accuracy and adapt to changes in 

population demographics or imaging technology. 

    II. ARCHITECTURE 

 

The SAGAN Self-Attention Module is a self-attention module used in the Self-Attention GAN architecture for 

image synthesis.  

 
                  Fig .1. SAGAN Architecture 

In the module, image features from the previous hidden layer x∈RCxN are first transformed into two feature 

spaces f, g to calculate the attention, where f(x) = Wfx, g(x)=Wgx. 

 

We then calculate: 

             βj,i=exp(sij)/∑i=1toNexp(sij) 

where sij=f(xi)Tg(xi) and βj, i indicates the extent to which  

the model attends to the ith location when synthesizing the jth region. Here, C is the number of channels 

and N is the  

number of feature locations of features from the previous hidden layer. The output of the attention layer 

is o=(o1,o2,…,oj,…,oN)∈RCxN , where, 

                   oj=v(∑i=1toNβj,ih(xi)) 

                         h(xi)=Whxi 

                         v(xi)=Wvxi 

In the above formulation, Wg∈RC¯xC, Wf∈RC¯xC, Wh∈RC¯xC and Wv∈RCxC¯ are the learned weight 

matrices, which are implemented as 1×1 convolutions. Here we choose  C¯=C/8. 

In addition, the module further multiplies the output of the attention layer by a scale parameter and adds back 

the input feature map. 

 Therefore, the final output is given by, 

                                 yi=γoi+xi 

where γ is a learnable scalar and it is initialized as 0. Introducing γ allows the network to first rely on the cues 

in the local neighbourhood. Since this is easier and then gradually learn to assign more weight to the non-local 

evidence. 

  

                                                                       RELATED WORK 

 

          In this model, Self-attention mechanisms is used in BaMSGAN, to significantly enhance the generation 

of anime faces. Self-attention introduces a critical element to this architecture, enabling the model to capture 

long-range dependencies and intricate spatial relationships within the input images. By implementing self-

attention, BaMSGAN can simultaneously focus on different regions of the image, effectively capturing the 

global contextual information. This capability empowers both the generator and discriminator to discern 

complex structures and connections within anime faces, a task often challenging for traditional convolutional 

architectures. 

 

          The integration of self-attention is pivotal for improving the quality of our generated anime faces. It 

ensures that the model comprehends and synthesizes anime features more cohesively, resulting in sharper and 

more realistic images. Furthermore, it enhances the discriminator’s ability to distinguish between real and 

generated images, thereby facilitating a more robust and stable training process. The inclusion of self-
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attention in BaMSGAN underscores our commitment to overcoming the limitations of earlier GAN 

architectures. It plays a central role in elevating the capabilities of our model, ultimately leading to superior 

anime face generation and the establishment of new benchmarks in the field. 

As for our training approach, we first extract a portion of the samples from the original dataset for edge-blur 

processing to create a blur dataset. Subsequently, the images from the original dataset serve as positive 

examples, while the generated images and images from the blur dataset are used as negative examples during 

training. Once the training converges, the images generated from the sampled portion are preserved as a 

memory dataset. 

    During the training process, we continually sample and randomly remove some memory data, which then 

serves as negative examples to further enhance the training of the BaMSGAN. The whole training process 

and model architecture are shown in the figure 

 

.  

 

 
 

Fig .2. An overall schematic of  BaMSGAN. 

(a) The overall architecture of our BaMSGAN. 

(b) Our BaMSGAN generator and discriminator hierarchy. 
 
 
The experimental results clearly demonstrate that the BaMSGAN consistently achieves superior performance, 

both in the short-term and long-term training, producing anime avatars that closely resemble real characters. In 

the edge-only group experiment, it’s evident that the image quality in the short-term is significantly lower than 

the BaMSGAN, and there’s a noticeable deterioration in image quality over prolonged training. In the memory-

only group experiment, it becomes apparent that without the additional training facilitated by the edge-blur loss, 

the BaMSGAN struggles to generate higher-quality images, with some images appearing missing or blurred. 
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    These ablation experiments highlight the indispensable role played by each component in our loss function, 

emphasizing their collective contribution to the BaMSGAN’s remarkable performance in anime face generation. 

 

    SAGAN is used  for enhancing the historical information and edge blurring for anime face generation. Our 

model introduces regularization operations to the original SAGAN to enhance the stability of SAGAN training. 

We selected a subset of images from the source dataset, applied edge detection using the Canny algorithm, and 

used Gaussian blurring to create a blurred dataset.  

 
  Additionally, we saved a portion of the images generated during the training process to construct a historical 

dataset. These two datasets are then employed as fake data to bolster training, resulting in improved performance 

in anime face generation. Experimental results demonstrate that our model outperforms DCGAN, WGAN, and 

SAGAN, generating clearer, higher-quality images and converging more rapidly. 

 

 

    In our future work, we aim to explore additional methods to enhance GAN performance in specific tasks 

through modifications to the loss function. We will also test our model on a wider range of datasets to enhance 

its generalization capabilities. Furthermore, we intend to investigate the potential impact of the blurred dataset 

on the overall image generation style. 

 
III.EXPERIMENTS AND RESULTS 

 A. Evaluating the Proposed Stabilization Techniques 

 
Fig.3. Training curves for the baseline model and models with the proposed stabilization techniques 

In the baseline model, SN is only utilized in the discriminator. When we train it with 1:1 balanced update for 

the discriminator (D) and the generator (G), the training becomes very unstable. It exhibits mode collapse very 

early in training.As shown in the middle sub-figures, adding SN to both the generator and the discriminator 

greatly stabilized the model “SN on G/D”. For example, the image quality as measured by Fréchet Inception 

distance (FID) and Inception score (IS) is starting to drop at the 260k-th iteration. When applying 

the imbalanced learning rates to train the discriminator and the generator, the quality of images generated by 

the model “SN on G/D+TTUR” improves monotonically during the whole training process. 

 

B. Self-Attention Mechanism 

 

Fig.4.  Comparison of Self-Attention and Residual  block 
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Several SAGAN models are built by adding the self-attention mechanism to different stages of the generator 

and discriminator. SAGAN models with the self-attention mechanism at the middle-to-high level feature maps 

(e.g., feat32 and feat64) achieve better performance than the models with the self-attention mechanism at the 

low level feature maps (e.g., fe  at8 and feat16). 

For example, the FID of the model “SAGAN, feat8” is improved from 22.98 to 18.28 by “SAGAN, 

feat32”.The attention mechanism gives more power to both generator and discriminator to directly model the 

long-range dependencies in the feature maps. Compared with residual blocks with the same number of 

parameters, the self-attention blocks also achieve better results. For example, the training is not stable when 

we replace the self-attention block with the residual block in 8×8 feature maps, which leads to a significant 

decrease in performance (e.g.: FID increases from 22.98 to 42.13).This comparison demonstrates that 

the performance improvement given by using SAGAN is not simply due to an increase in model depth and 

capacity. 

 
Fig.5. Visualization of attention maps 

In each cell, the first image shows three representative query locations with colour coded dots. 

              For example, in the top-left cell, the red point attends mostly to the body of the bird around it, 

however, the green point learns to attend to other side of the image. In this way, the image has a consistent 

background. 

       Similarly, the blue point allocates the attention to the 

       whole tail of the bird to make the generated part coherent. Those long-range dependencies could not be 

captured by convolutions with local receptive fields. 

       As shown in the top-right cell, SAGAN is able to draw              dogs with clearly separated legs. The blue 

query point shows that attention helps to get the structure of the joint area correct. 

C. SOTA Comparison 

 
Fig.6.Comparison of the proposed SAGAN with state of-the-art GAN models [19, 17] for class conditional 

image generation on ImageNet 

As shown in the above table, the proposed SAGAN achieves the best Inception score and FID. 

SAGAN can better approximate the original image distribution by using the self-attention module to model 

the global dependencies between image regions. 
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Fig .7.128×128 example images generated by SAGAN for different classes. Each row shows samples from 

one class 

 

    IV.CONCLUSION 

 SAGAN for glaucoma detection presents a promising advancement in the field of medical imaging and 
artificial intelligence. This approach enhances the accuracy and efficiency of identifying early signs of 
glaucoma by utilizing the power of generative adversarial networks and self-attention mechanisms 

The ability to analyse complex retinal images and focus on critical features can significantly aid 
ophthalmologists in making timely diagnoses, ultimately contributing to better patient outcomes. However, 
successful implementation requires high-quality datasets, rigorous validation, and careful consideration of 
clinical integration challenges. 

Overall, the combination of cutting-edge technology and medical expertise has the potential to transform 
glaucoma detection, leading to improved vision preservation and enhanced healthcare delivery. 
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