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ARTICLE INFO ABSTRACT

Keywords: Pathological myopia is a severe eye condition that can cause serious complications like retinal detachment
Optic disc segmentation and macular degeneration, posing a threat to vision. Optic disc segmentation helps measure changes in the
MIU-net optic disc and observe the surrounding retina, aiding early detection of pathological myopia. However, these
MFE m"dulfe changes make segmentation difficult, resulting in accuracy levels that are not suitable for clinical use. To
Dual attention module . s .

Focal loss address this, we propose a new model called MIU-Net, which improves segmentation performance through

several innovations. First, we introduce a multi-scale feature extraction (MFE) module to capture features
at different scales, helping the model better identify optic disc boundaries in complex images. Second, we
design a dual attention module that combines channel and spatial attention to focus on important features
and improve feature use. To tackle the imbalance between optic disc and background pixels, we use focal loss
to enhance the model’s ability to detect minority optic disc pixels. We also apply data augmentation techniques
to increase data diversity and address the lack of training data. Our model was tested on the iChallenge-PM
and iChallenge-AMD datasets, showing clear improvements in accuracy and robustness compared to existing
methods. The experimental results demonstrate the effectiveness and potential of our model in diagnosing
pathological myopia and other medical image processing tasks.

1. Introduction Pathological myopia presents distinct alterations in the ocular fun-

dus, observable through fundus photography. These alterations en-

Myopia, is a prevalent condition characterized by the elongation
of the eyeball, resulting in light rays focusing in front of the retina
rather than directly on its surface. This leads to blurred vision when
looking at distant objects, necessitating the use of corrective lenses or
surgery (Patil, Shetty, Kale, Patil, & Sharma, 2024). Although often
considered a minor inconvenience, myopia can escalate into patholog-
ical myopia, a severe form of the condition associated with significant
ocular complications such as retinal detachment, macular degenera-
tion, and glaucoma. These potential complications pose a substantial
threat to vision and highlight the necessity for early and accurate
diagnosis (Li, Liu et al., 2023; Zhang et al., 2023).

* Corresponding authors.

compass peripapillary atrophy, posterior staphyloma, and diffuse and
patchy atrophy, posing significant challenges to the identification and
segmentation of the optic disc (Park, Ko, Park, Kim, & Choi, 2022;
Wan et al., 2024). The optic disc, serving as the exit point for the
optic nerve, precise segmentation of the optic disc plays an important
role in the diagnosis of ophthalmic diseases, as it allows for accurate
assessment of optic disc morphological changes, enhances retinal image
analysis, facilitates disease progression monitoring, and aids in diagno-
sis and treatment decisions, ultimately improving diagnostic accuracy
and patient management (Han, Liu, Chen, & He, 2022; Lupon, Nolla, &
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(2)

Fig. 1. (a), (b), and (c) show the fundus images and corresponding masks of pathological myopia, high myopia, and normal eyes, respectively.

Cardona, 2024). Fig. 1 shows the fundus images and their correspond-
ing masks under different health conditions. From the figure, it can be
seen that the optic disc in pathological myopia has already undergone
pathological changes, which are significantly different from those in
normal eyes.

Fundus photography, a cornerstone of ocular diagnostics, provides
a detailed view of the retina and its structures through a non-invasive
imaging technique. This method is instrumental in detecting and mon-
itoring diseases that affect the back of the eye, making it a significant
tool in routine eye examinations and supporting the early detection
and management of serious eye conditions (Li, Foo et al., 2023; Niu
et al., 2024). Advancements in automated image processing technolo-
gies have revolutionized medical imaging by providing consistent,
fast, and scalable analysis compared to manual segmentation. Auto-
mated methods such as those based on the U-Net architecture eliminate
variability due to individual expertise and fatigue, handle large vol-
umes of data efficiently, and make diagnostic services more accessible,
especially in underserved areas.

This paper introduces the enhanced MIU-Net model, which is tai-
lored for precise optic disc segmentation in the context of pathological
myopia. Our model integrates the multi-scale feature extraction (MFE)
module, the dual attention module, the focal loss function, and data
augmentation techniques, which significantly improve the performance
of myopic optic disc segmentation compared to other methods. The
contributions of this paper are manifold:

1. The integration of the MFE module allows for multi-scale feature
extraction, enabling the model to capture a broader range of
contextual information and finer details, which significantly im-
proves segmentation performance across different pathological
scales.

2. The dual attention module enhances segmentation clarity and
precision by prioritizing important features in both the channel
and spatial dimensions, thereby improving overall accuracy.

3. The use of the focal loss function effectively addresses the class
imbalance issue commonly found in medical image segmenta-
tion, particularly when background pixels greatly outnumber
optic disc pixels, resulting in improved accuracy. Additionally,
data augmentation techniques are applied to mitigate the prob-
lem of limited data and further enhance model performance.
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4. Experimental evaluations on the iChallenge-PM and iChallenge-
AMD datasets demonstrate substantial improvements, highlight-
ing the practical effectiveness and potential of the proposed
model in medical image processing tasks.

2. Related work
2.1. Traditional segmentation methods

Optic disc segmentation traditionally relies on image processing
techniques such as edge detection, region growing, thresholding, and
mathematical morphological operations. These methods generally re-
quire explicit prior knowledge and depend on high contrast and clear
boundaries within the images. For instance, Hoover, Kouznetsova, and
Goldbaum (2000) developed a method that utilizes edge detection to
identify candidate areas for the optic disc, followed by morpholog-
ical operations to fine-tune the disc boundaries. Although effective,
this method relies heavily on the image’s high contrast and clear
boundaries. Simultaneously, Foracchia, Grisan, and Ruggeri (2005) in-
troduced a technique based on mathematical morphology and grayscale
transformation, which shows improved robustness in handling fundus
images with uneven illumination. Marin, Aquino, Gegtindez-Arias, and
Bravo (2010) further developed a method based on elliptical fitting
and morphology, enhancing the accuracy of optic disc localization
across various backgrounds. These methods share common traits of
requiring precise parameter adjustments and a high dependency on
image quality.

As technology advanced, researchers began exploring more auto-
mated methods for optic disc segmentation. Mendonca and Campilho
(2006) proposed a method based on dynamic thresholding and edge
tracking that adapts to changes in image illumination and accurately
segments the optic disc area. While these methods can achieve good
segmentation results under specific conditions, they typically require
precise parameter adjustments and high-quality images, limiting their
application in complex or low-quality image scenarios.

2.2. Machine learning segmentation methods

As machine learning technology has evolved, methods for optic
disc segmentation have transitioned from traditional image process-
ing techniques to more advanced algorithms (Rauf, Gilani, & Waris,
2021; Tong et al., 2023). Compared to conventional methods, machine
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Fig. 2. Schematic diagram of MIU-Net, the meanings of the symbols in the diagram are explained in detail on the lower right.

learning approaches can automatically recognize and extract complex
image features by learning from large datasets, significantly reducing
reliance on manual feature engineering and image quality, thereby
enhancing segmentation accuracy. Li and Chutatape (2004) developed
a method based on image techniques combining Graph Cut technology
and Support Vector Machines (SVM) for the automatic recognition and
segmentation of the optic disc area. Cheng et al. (2013) proposed a
method based on superpixel classification that uses the k-means clus-
tering algorithm to optimize the initial stages of image segmentation
and integrates gradient-boosted random forest classifiers to enhance
the accuracy of optic disc detection. This method has been validated
across multiple public fundus image databases, demonstrating superior
performance compared to traditional approaches. Additionally, Zhang
et al. (2016) utilized the AdaBoost algorithm to enhance the feature
selection process, improving the accuracy and speed of segmentation.
Furthermore, Morales (Morales, Naranjo, Angulo, & Alcafiz, 2013)
adopted a combination of decision trees and K-Nearest Neighbours (K-
NN) techniques, which effectively handle the segmentation of the optic
disc and retinal vessels without additional computational burden.

However, despite many advantages over traditional image process-
ing techniques, machine learning methods exhibit certain limitations
when dealing with extremely complex or large-scale datasets compared
to deep learning approaches. Machine learning typically requires prede-
fined feature extraction and complex feature engineering, which can be
circumvented by the automatic feature learning inherent in deep learn-
ing methods. Moreover, deep learning approaches often achieve more
complex data representations through their deep network structures,
thus performing better across a broader range of applications.

2.3. Deep learning segmentation methods

The advent of deep learning has significantly transformed the field
of optic disc segmentation, introducing methodologies that substan-
tially surpass previous machine learning and traditional image pro-
cessing techniques. Deep learning methods, particularly those utilizing
convolutional neural networks (CNNs), have demonstrated exceptional
capabilities in learning hierarchical representations directly from raw
image data, thus eliminating the need for manual feature selection and
engineering (Choi et al., 2021; Yang et al., 2020).

One of the seminal architectures in this domain is U-Net, initially
introduced by Ronneberger, Fischer, and Brox (2015). This architecture
features a symmetric encoder—decoder structure that excels in medical
image segmentation tasks by efficiently capturing both contextual infor-
mation and fine details through skip connections. The U-Net has been

extensively adapted and improved for the specific challenges of optic
disc segmentation, demonstrating robust performance across diverse
datasets. Some researchers then integrated the attention mechanism
into the U-Net architecture. For instance, the Attention U-Net, proposed
by Oktay et al. (2018), modifies the U-Net architecture to include an
attention gate that suppresses irrelevant regions in an input image
while highlighting salient features useful for a specific task, thereby
enhancing the precision of segmentation. Following U-Net, advance-
ments such as the DeepLab model introduced by Chen, Papandreou,
Schroff, and Adam (2017), which incorporates atrous convolutions and
spatial pyramid pooling, have further refined segmentation capabilities.
This approach allows for more flexible receptive field sizes and better
incorporation of context, which is crucial for the accurate delineation
of the optic disc.

Furthermore, incorporating deep learning models tailored for spe-
cific imaging conditions, Fu et al. (2018) developed a deep learning sys-
tem that uses a path-based CNN architecture to address the challenges
posed by variations in imaging conditions, such as differences in illu-
mination and ocular pathologies. This approach significantly enhances
the adaptability and accuracy of optic disc segmentation under varied
clinical environments. Additionally, Transformer has achieved success
across various fields, and several studies have applied them to medical
image segmentation task. For example, Mehmood, Alsharari, Igbal,
Spence, and Fahim (2024) proposed RetinaLiteNet, a lightweight deep
learning model for optic disc segmentation. The model incorporates a
multitask learning approach using an encoder-decoder structure. In the
encoder, convolutional layers combined with multi-head attention cap-
ture both fine-grained local features and long-range dependencies. The
decoder further enhances feature extraction by integrating skip connec-
tions and a convolutional block attention module (CBAM). Tested on
DRIVE and IOSTAR datasets, RetinaLiteNet demonstrates competitive
performance with minimal computational requirements, making it ideal
for use in resource-limited environments.

These deep learning strategies collectively mark a significant ad-
vancement in the field of optic disc segmentation, offering superior
performance in terms of accuracy, efficiency, and automation.

3. Proposed method
3.1. Overall structure of MIU-Net

The MIU-Net architecture represents a sophisticated synthesis of
depth and precision, structured to address the intricate challenges

of optic disc segmentation in fundus images. At its core, the MIU-
Net harnesses the power of the U-Net architecture, renowned for its
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Fig. 3. Diagram of general convolution and MFE module convolution (d = 4).

proficiency in medical image segmentation. However, to specifically
tackle the nuanced features of the optic disc, MIU-Net goes several steps
further by incorporating two pivotal enhancements: the MFE modules
and dual attention module. Fig. 2 shows the structure of MIU-Net.

MFE modules are ingeniously embedded within the encoder of MIU-
Net. Each stage of the encoder is equipped with a MFE module that acts
as a multi-scale processing unit. These modules dissect the incoming
feature maps into subsets, process each subset at a different scale, and
then judiciously reintegrate them. This process ensures that the features
extracted encapsulate a rich, multi-scale contextual understanding, piv-
otal for delineating the diverse morphological variations of the optic
disc across patients with pathological myopia.

Complementing the depth of the MFE modules, the dual attention
module is meticulously integrated at each level of the encoder. The
dual attention module, comprising both channel and spatial attention,
refines the feature maps in a targeted fashion. It selectively amplifies
salient features that are crucial for identifying the optic disc while
simultaneously diminishing the influence of less pertinent areas. This
attentional focus is especially beneficial in enhancing the contrast
and definition of the optic disc against the complex backdrop of the
retinal fundus, ensuring that the encoder outputs feature maps with
heightened relevance.

3.2. MFE module

We show the difference between general convolution and MFE
module convolution in Fig. 3. As shown in the red box (b) in Fig. 3,
the MFE module employs a novel strategy for constructing hierarchical
connections, a departure from the traditional single-scale processing
found in general convolution layers, as depicted in red box (a) (Gao
et al., 2019).

The MFE module functions by partitioning the input feature map
into distinct subsets S,,S,,53,...,.5;, where i € {1,2,...,d}, each
representing a dimension. Before this partitioning, an initial 1 x 1
convolution is applied to the input feature map. This first 1 x 1
convolution is responsible for reducing the number of channels in the
input, lowering computational complexity while ensuring that impor-
tant features are retained for the multi-scale processing in subsequent
steps. These subsets are then intricately processed in sequence, except
for S|, each subset S; undergoes a 3 x 3 convolution, denoted K;(), with
its output Y; being element-wise added to the next subset before it is
passed through another convolution. This elegant cascading operation
ensures that each convolved output contains aggregated contextual
information from all previous scales in the sequence. We can use a
formula to express this calculation process. In this paper, the parameter
d which value is larger with the richer multi-scale features, is set to

control the dimension of multi-scale features. We will discuss this in

the subsequent experiments.

S; ifi=1;
Y, =4K(S) ifi=2; @
K;(S;+Y,_)) if2<i<d.

Once the outputs Y,,Y,,Ys,...,Y; are generated from the convo-
lutions, they are progressively combined to form a deep multi-scale
feature map. At this point, a second 1 x 1 convolution is applied
to fuse these outputs into a unified feature representation. This final
1 x 1 convolution helps merge the multi-scale features into a single
output feature map, ensuring that the rich contextual information gath-
ered from different scales is effectively integrated and that the output
matches the required number of channels for further processing. This
structure allows for a comprehensive feature representation, capturing
an extensive range of contextual details within a singular architectural
layer. Such a multi-faceted feature integration is especially benefi-
cial for tasks demanding high levels of detail recognition, such as
the segmentation of the optic disc, where variability in size, shape,
and boundary definition requires an algorithm capable of discerning
patterns across a spectrum of scales.

Within the MIU-Net model, the MFE module serves as a founda-
tional element that enriches the network’s feature learning capabilities.
By producing outputs Y; that each carry the integrated knowledge of
all preceding convolutions, the module provides a robust foundation
for precise segmentation outcomes. The MFE module differentiates
itself from the general 3 x 3 convolution by offering the network a
methodology to incrementally elaborate on the feature context, ulti-
mately leading to a segmentation model that is both powerful and adept
at accommodating the diverse challenges presented by retinal images
affected by pathological myopia.

3.3. Dual attention module

In the MIU-Net architecture, the dual attention module plays a
critical role in refining the feature representations produced by the
MFE modules. Dual attention module, depicted in Fig. 4, systematically
focuses the network’s processing capacity on relevant patterns within
the fundus images by emphasizing salient features and suppressing less
informative ones. This module operates in two sequential attention
stages: channel and spatial.

The channel attention mechanism first employs global average pool-
ing and global max pooling to compress spatial information, resulting
in two distinct feature descriptors. These descriptors capture the global
statistics of the feature maps from two different perspectives, ensuring
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Fig. 4. Diagram of the dual attention module.

a comprehensive understanding of feature relevance. They are then
fed through shared multi-layer perceptrons (MLPs) with one hidden
layer, where ReLU activation is used after the first fully connected (FC)
layer, fostering non-linear interactions between channel-wise features.
The two processed signals are merged by element-wise addition and
passed through a sigmoid activation function to obtain the final channel
attention map. This map selectively enhances certain channels while
diminishing others, according to the content of the feature map, effec-
tively enabling the network to focus on more meaningful features for
the optic disc segmentation task.

Subsequently, the spatial attention mechanism consolidates the re-
fined feature map by applying channel-wise max pooling and average
pooling, resulting in two distinct spatial context descriptors. These de-
scriptors are concatenated and convolved with a standard convolutional
layer, which captures the cross-channel interaction, highlighting where
the network should focus spatially. The output of this convolution is
then passed through a sigmoid function to generate the spatial attention
map. This map emphasizes specific spatial regions of the feature map,
further enhancing the details that are pertinent for the segmentation of
the optic disc while suppressing the less relevant areas.

The incorporation of the dual attention module into MIU-Net fol-
lows the MFE modules within the encoder. It ensures that as the multi-
scale features are hierarchically integrated within the MFE blocks, the
subsequent feature refinement is attentively guided, honing the focus of
the network on the optic disc. The ability of the dual attention module
to highlight discriminative features effectively addresses the challenge
of optic disc segmentation in pathological myopia, where variable
disc appearances and similar looking structures may complicate the
segmentation process. Thus, the dual attention module significantly
contributes to the MIU-Net’s performance by delivering a more targeted
and context-aware feature processing, which is crucial for achieving
high-precision segmentation in medical imaging tasks.

3.4. Focal loss

In training the MIU-Net model for optic disc segmentation, the
selection of an appropriate loss function is paramount, particularly in
addressing the significant class imbalance issue inherent in the task.
The cross-entropy loss is commonly used in deep learning area. It
measures the performance of a classification model whose output is
a probability value between 0 and 1. The cross-entropy loss can be
defined as:

L. (p;) = —log(p,) @

where p, denotes the predicted probability for the ground truth class.
For a binary classification scenario like optic disc segmentation, p,

equals the model’s estimated probability for the optic disc class if the
ground truth is ‘optic disc’.

However, the cross-entropy loss does not address class imbalance,
leading to a model biased towards the majority class. To this end, focal
loss is employed due to its effectiveness in modulating the contribution
of each sample to the loss based on the classification difficulty, thereby
providing a solution to the imbalance challenge. Focal loss modifies the
standard cross-entropy loss so that it reduces the relative contribution
to the loss of easy examples Lin, Goyal, Girshick, He, and Dollar
(2017). This allows the model to focus training more on hard, or easily
misclassified examples. The focal loss function can be expressed as:

Ls(p) = —a,(1 = p,)" log(p,) 3)

where «, is a balancing factor that adjusts the importance given to the
background class. y is the focusing parameter that scales the contri-
bution of each sample to the loss based on how well it is classified.
When y is higher, the suppression of loss for well-classified examples
is more pronounced. In this paper, y is set to 2, which has been found
effective in many segmentation tasks to adequately focus on hard-to-
classify examples, we follow this convention. We will discuss the impact
of ¢, on the segmentation performance of the model in subsequent
experiments and determine the optimal value.

For myopic optic disc segmentation, focal loss specifically alleviates
the domination of the majority class (background) by diminishing the
loss contribution from the numerous easy-to-classify background pixels.
This redirection of focus enables the MIU-Net to concentrate on the
more complex patterns and nuances of the optic disc, which are crucial
for achieving an accurate segmentation. The model is trained to become
sensitive to the variations and subtleties present in the optic disc,
thereby boosting its discriminative power between the disc and the
surrounding tissue.

4. Experiments
4.1. Dataset description

In order to verify the validity of the proposed method, two public
datasets are used in this paper: iChallenge-PM (Fang et al., 2023) and
iChallenge-AMD (Fang et al., 2022). iChallenge-PM comprises 1200
high-definition fundus photographs, which include a diverse represen-
tation of myopic pathologies. Each image is meticulously annotated to
delineate the optic disc and optic cup boundaries, providing a reliable
ground truth for segmentation model. Similar to the iChallenge-PM, the
iChallenge-AMD dataset also includes 1200 annotated fundus images
from patients at various stages of Age-related Macular Degeneration
(AMD), expert annotations are provided to mark the regions affected by
AMD-related changes, crucial for developing segmentation algorithms.
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Fig. 5. The effect of different data augmentation methods applied to the original image. (a) is the original image, (b), (c), (d), (e), and (f) are cropped image, randomly erased

image, grid-dropout image, colour-Jittered image, and rotated image respectively.

4.2. Implementation details

For both datasets, adjusting the images to a uniform resolution 512
% 512 to maintain consistency in input size for the MIU-Net. Moreover,
brightness and contrast normalization are applied across the dataset
to counteract variations in image acquisition conditions. The data is
divided into 80% training and 20% test sets.

In medical image analysis, especially in the field of ophthalmology,
annotated images of the optic disc are often very limited. Collect-
ing and annotating these images require considerable time and effort
from experts, resulting in typically small datasets. However, training
deep learning models usually requires large amounts of data to avoid
overfitting and improve generalization. To mitigate the issue of insuf-
ficient training samples, this paper adopts various data augmentation
techniques to increase the diversity of the training set, helping the
model learn more features and avoid overfitting. Additionally, data
augmentation can simulate diverse variations in optic disc morphology,
lighting, and noise, enhancing the model’s generalization ability to
effectively segment the optic disc in images from different patients
and under different imaging conditions. Examples of data augmentation
images are shown in Fig. 5.

The training and test of MIU-Net occur on a workstation equipped
with an NVIDIA GeForce RTX 3080 GPU, which provides the computa-
tional power necessary for deep learning tasks. The system also includes
an Intel Core i9 processor and 32 GB of RAM to facilitate efficient
data handling and parallel processing tasks. Experiments are conducted
using Python 3.10 and Pytorch 2.1 as the primary frameworks for deep
learning model development. These tools are selected for their robust
support for CNNs and ease of use in deploying complex models. The
model is trained using the Adam optimizer with an initial learning
rate of 0.001. The learning rate is scheduled to decay by a factor of
0.1 every 20 epochs to allow for more refined updates as the training
progresses. The total number of training epochs is set to 100, providing
sufficient time for convergence while avoiding overfitting. We use a
batch size of 16, which is selected to balance between optimizing
GPU memory usage and maintaining training speed. In terms of early
stopping criteria, we monitor the loss during training and apply early
stopping if the loss does not improve for 10 consecutive epochs, which
helps prevent overfitting.

4.3. Baseline models and evaluation metrics

To validate the effectiveness of the MIU-Net in optic disc segmen-
tation, it is essential to compare its performance against a selection of
well-established baseline models. Here are five suitable baseline mod-
els: U-Net (Ronneberger et al., 2015), SegNet (Badrinarayanan, Kendall,
& Cipolla, 2017), DeepLabv3+ (Chen, Zhu, Papandreou, Schroff, &
Adam, 2018), Attention U-Net (Oktay et al., 2018) and TransUNet (Chen
et al., 2021). For evaluating the performance of MIU-Net in optic disc
segmentation, it is essential to select metrics that accurately reflect the
efficacy of the model across various aspects of segmentation quality.
We select three appropriate metrics that can be used to evaluate the
performance: Accuracy (Acc), Intersection over Union (/oU), and the
F1 — score.

Acc measures the proportion of true results among the total number
of cases examined. It is a straightforward metric that indicates the
overall correctness of the segmentation results. Also known as the
Jaccard Index, IoU is a common metric for the evaluation of object
detection and segmentation models. It measures the overlap between
the predicted segmentation and the ground truth. The Fl-score is the
harmonic mean of precision and recall, offering a balance between
these two metrics. It is particularly useful when the classes are imbal-
anced, as it does not bias the model performance towards the majority
class. These metrics can be defined as follows:

Ace = TP+TN )
TP+TN+ FP+ FN

JoU=— TP (5)
TP+ FP+ FN

F1 — score = ___2arr 6)

2TP+ FP+ FN

where TP is true positives, TN is true negatives, F P is false positives,
and FN is false negatives.

4.4. Results and analysis
The segmentation results of different datasets are shown in Tables 1

and 2. The proposed MIU-Net achieves superior performance in op-
tic disc segmentation on the iChallenge-PM dataset, as evidenced by
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Table 1
Comparison of optic disc segmentation results on iChallenge-PM dataset by different
methods.

Dataset Method Acc IoU F1-score
U-Net 94.21 85.86 91.79
SegNet 93.16 84.36 90.46

iChallenge-PM DeepLabv3+ 95.69 88.74 93.78
Attention U-Net 95.75 88.43 94.48
TransUNet 95.42 87.96 93.24
MIU-Net (Proposed) 96.44 89.23 94.93

Table 2
Comparison of optic disc segmentation results on iChallenge-AMD dataset by different
methods.

Dataset Method Acc ToU F1-score
U-Net 94.36 84.31 91.32
SegNet 93.18 82.43 90.93

iChallenge-AMD DeepLabv3+ 94.43 84.27 91.47
Attention U-Net 94.97 84.69 91.65
TransUNet 93.88 83.65 91.07
MIU-Net (Proposed) 95.44 85.43 91.83

the highest scores in Accuracy (96.44%), IoU (89.23%), and F1-score
(94.93%). This success can be attributed to several key innovations.
The integration of the MFE module allows for enhanced multi-scale
feature extraction, capturing both global context and local details cru-
cial for accurate segmentation. Additionally, the dual attention module
enhances the model’s focus on important features by applying attention
mechanisms at both channel and spatial levels. This targeted focus
helps in distinguishing the optic disc from the background more pre-
cisely. Furthermore, the use of focal loss effectively addresses class
imbalance, ensuring that the minority class receives adequate atten-
tion during training, leading to improved segmentation performance.
Data augmentation improves the model’s robustness and generalization
performance.

Compared to other models, MIU-Net shows significant improve-
ments over U-Net, SegNet, DeepLabv3+, Attention U-Net, and Tran-
sUNet. For example, while DeepLabv3+ achieves an IoU of 88.74% and
an Fl-score of 93.78%, MIU-Net surpasses these results with an IoU of
89.23% and an Fl-score of 94.93%, highlighting its superior perfor-
mance in accurately segmenting the optic disc. MIU-Net builds upon
U-Net’s foundational architecture and incorporates advanced modules,
allowing it to overcome the limitations of traditional models. These
enhancements make MIU-Net a more powerful and precise tool for
medical image segmentation tasks.

On the iChallenge-AMD dataset, MIU-Net continues to demonstrate
outstanding performance, achieving an accuracy of 95.44%, which
is higher than Attention U-Net and DeepLabv3+, with accuracies of
94.97% and 94.43%, respectively. MIU-Net also achieves the highest
IoU of 85.43%, reflecting its ability to capture optic disc structures ac-
curately in the presence of age-related macular degeneration. Further-
more, with an Fl-score of 91.83%, MIU-Net shows a balanced perfor-
mance, effectively minimizing both false positives and false negatives.
These results confirm MIU-Net’s robustness and precision for optic
disc segmentation, particularly in challenging cases like AMD-affected
fundus images.

Across both datasets, MIU-Net consistently presents top-tier perfor-
mance, particularly in the IoU metric, which is a stringent measure
of segmentation accuracy. The high IoU scores corroborate the archi-
tectural enhancements of MIU-Net, specifically the integration of MFE
module and dual attention module, which contribute to its precise
delineation of the optic disc. The accuracy and F1l-score metrics across
both datasets indicate that MIU-Net excels in overall classification
correctness and in balancing the trade-off between precision and recall,
suggesting its potential for effective deployment in clinical settings for

Neural Networks 182 (2025) 106895

Table 3
The segmentation performance of MIU-Net after removing various modules.
Dataset Method Acc IoU F1-score
MIU-Net with cross-entropy loss 94.69 88.21 92.32
iChallenge-PM MIU-Net without MFE module 95.48 88.35 93.94
MIU-Net without dual attention module 95.24 87.76 93.62
MIU-Net without data augmentation 94.83 88.46 92.72
MIU-Net (Proposed) 96.44 89.23 94.93

aiding in the diagnosis and treatment planning of ocular conditions. In
summary, the consistent results across different datasets highlight the
model’s adaptability and generalization strength, affirming its value in
advancing medical imaging diagnostics.

4.5. Parameter research

To investigate the impact of different parameters on segmentation
performance, we conduct a comparative study using the iChallenge-
AMD dataset. The results, depicted in Fig. 6(a), show the effect of
varying the MFE module dimension d. As d increases from 2 to 4,
both IoU and F1-score improve, reaching their peak values of 85.43%
and 91.83%, respectively, at d = 4. This improvement is due to the
enhanced multi-scale feature extraction capability provided by higher
d values, which allows the model to capture more detailed and diverse
features of the optic disc. However, further increasing d to 5 results
in a slight decrease in performance. This indicates that an optimal
dimension of d is 4, which provides the best balance between detailed
multi-scale feature extraction and model complexity. Beyond this point,
the added complexity does not yield significant performance gains and
may introduce noise, thereby slightly degrading the model’s accuracy.

Similarly, Fig. 6(b) illustrates the influence of the balancing factor
a, on segmentation results. As a, increases from 0.1 to 0.5, there is
a noticeable improvement in both IoU and F1-score, with the highest
values of 85.43% and 91.83% achieved at ¢, = 0.5. This improvement
is attributed to the better balance between the positive and negative
class contributions, which helps the model to focus equally on both
the optic disc and the background. Increasing a, beyond 0.5 to 0.75
results in a slight decline in performance. This suggests that while
moderate balancing improves model performance by ensuring that
minority class examples (optic disc) receive adequate attention, overly
high «, values may lead to overemphasis on the minority class, reducing
overall performance due to insufficient learning from the majority class
(background). Thus, an optimal «, value is 0.5, providing the best
balance and enhancing segmentation accuracy and robustness.

4.6. Ablation study

In Table 3, the ablation study presented provides insights into the
contribution of specific components within the MIU-Net model for optic
disc segmentation, conducted on the iChallenge-PM dataset. Each row
represents a variant of the MIU-Net with a key component removed or
replaced, and the impact on performance is measured using accuracy,
IoU, and F1-score.

Replacing the focal loss with the standard cross-entropy loss results
in lower performance across all metrics compared to the proposed
MIU-Net. This change leads to a slight decrease in accuracy, IoU, and
Fl-score, which implies that focal loss’s ability to handle class imbal-
ance is significant for the task of optic disc segmentation. Omitting
the MFE module causes a noticeable drop in IoU to 88.35% from the
proposed model’s 89.23%, while maintaining a relatively high accu-
racy and Fl-score. This indicates that while the overall classification
accuracy remains high, the precision of the segmentation boundary, as
quantified by IoU, relies heavily on the multi-scale feature extraction
capabilities of the MFE module. Removing the dual attention module
results in a lower IoU of 87.76% and a slight reduction in the F1-
score to 93.62%, compared to the proposed MIU-Net. This suggests that
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Fig. 6. (a) and (b) show the impact of MFE module dimension 4 and balancing factor a,, respectively.

the dual attention module’s role in focusing the network’s attention
on salient features significantly enhances the segmentation’s precision.
From the results in Table 3, we can clearly observe that the model with-
out data augmentation performs poorly across all evaluation metrics,
which demonstrates the significant role of data augmentation in im-
proving the performance of optic disc segmentation model, especially
in cases with insufficient data.

Based on these findings, we can conclude that each component
of MIU-Net plays a vital role in its segmentation performance, and
removing any of them leads to noticeable performance degradation.
Specifically, the MFE module is essential for precise boundary detec-
tion, as evidenced by the drop in IoU when it is excluded. The dual
attention module also proves to be important for improving segmenta-
tion accuracy, as indicated by the reduction in both IoU and F1-score.
The focal loss function effectively handles the class imbalance issue
inherent in optic disc segmentation, with cross-entropy loss leading
to lower scores across all metrics when used as a replacement. Data
augmentation addresses the issue of limited training data, making the
model more resilient to variations in optic disc shape. It also helps the
model adjust to different lighting conditions and noise, significantly
enhancing its generalization capability and segmentation accuracy.

5. Conclusion

This study introduced MIU-Net, a novel deep learning architecture
for the segmentation of the optic disc in retinal fundus images, partic-
ularly those affected by pathological myopia and age-related macular
degeneration. The MIU-Net model incorporates advanced components
such as the MFE module, the dual attention module, the focal loss
function, along with data augmentation that collectively enhance its
performance on the challenging task of accurately segmenting the optic
disc.

The ablation study and comprehensive experiments conducted on
the iChallenge-PM and iChallenge-AMD datasets have demonstrated the
effectiveness of MIU-Net. The results indicate that MIU-Net outperforms
several established segmentation models, achieving superior accuracy,
IoU, and F1-score metrics. The integration of MFE modules significantly
improves the model’s ability to capture multi-scale information, while
the dual attention module effectively focuses the model’s attention on
the most relevant features for segmentation tasks. The use of focal loss
addresses the critical issue of class imbalance in the datasets, ensuring
that the model does not bias its predictions towards the more prevalent

class. Additionally, the use of data augmentation alleviates the issue
of insufficient data and improves the model’s robustness, leading to
stronger generalization performance.

In conclusion, MIU-Net stands as a testament to the potential of
integrating various enhancements within a U-Net based architecture.
Its design philosophy and proven efficacy offer a path forward for
future research in medical image analysis, opening avenues for even
more sophisticated models that could further streamline the diagnostic
process for ophthalmologists and enhance patient outcomes.
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