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ABSTRACT: Image segmentation is essential in medical image analysis for glaucoma screening. Accurate delineation
of the optic disc (OD) and optic cup (OC) in retinal fundus images is required for reliable clinical assessment. Manual
segmentation is time-consuming and suffers from interobserver variability, which leads to inconsistent results. To
address these limitations, this study proposes ASPP Inception Attention U-Net (ASPPIAU-Ne), an enhanced encoder-
decoder architecture that integrates Atrous Spatial Pyramid Pooling (ASPP), Inception modules, and attention gates for
feature selection in skip connections. The ASPP module is applied after the encoder to capture multi-scale contextual
information and improve the representation of global and local structures. Attention gates suppress irrelevant features
in skip connections and enhance important anatomical regions. In the decoder, Inception modules improve feature
reconstruction and reduce upsampling artifacts. The proposed model is evaluated on DRISHTI-GS and REFUGE for
optic disc, optic cup, and background segmentation. On the REFUGE dataset, the model achieves Dice scores of 88.8%
for OD and 86% for OC with an IoU of 79.8% and 75.4%. On the DRISHTI-GS dataset, it achieves Dice scores of
80.2% for OD and 87.5% for OC with an IoU of 69.6% and 78.2%. For boundary evaluation, ASPPIAU-Net achieves
Hausdorff Distance (HD) of 4.17 for OD and 3.94 for OC on REFUGE and 5.60 for OD and 5,61 for OC on DRISHTI-
GS, indicating improved boundary alignment. For clinical consistency, the model achieves an MAE for VCDR of 0.005
on REFUGE and 0.086 on DRISHTI-GS. Overall, ASPPIAU-Net shows robust and balanced performance through
multi-scale contextual learning and attention-based feature refinement. The model improves segmentation quality,
particularly for the optic cup, and provides a reliable framework for automated glaucoma screening.
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1 Introduction
Deep learning has been widely used in the medical field, including image segmentation. Image

segmentation is an image processing technique that segments parts based on certain characteristics from
the background [1]. Image segmentation is often used in the medical world to separate the optical part of
the retinal image. Optics in retinal images consist of the optic disc and optic cup. The optic disc is an area
on the retina that consists of retinal nerve vessels, while the optic cup is a concave area inside the optic

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMES
https://www.techscience.com/
https://doi.org/10.32604/cmes.2026.083951
https://www.techscience.com/doi/10.32604/cmes.2026.083951
mailto:anita_desiani@unsri.ac.id


2 Comput Model Eng Sci. 2026;147(3):45

disc. In the medical world, optic segmentation of retinal images can be used in detecting diseases, one
of which is glaucoma. Glaucoma is a chronic, neurodegenerative, and irreversible disease [2]. Glaucoma
detection can be done by observing abnormalities in the optic cup and optic disc directly. This observation
can be done by the optic cup and optic disc segmentation, which separates the optic cup and optic disc from
other parts of the retinal image. The manual segmentation process takes a long time and is subjective [3].
Therefore, an automatic approach is needed to segment the optic cup and optic disc using deep-learning
image segmentation.

Image segmentation consists of binary segmentation and semantic segmentation. Binary segmentation
divides an image into two classes, with a main object as a feature and other objects considered as background,
while semantic segmentation is the process of partitioning an image based on the similarity of pixels in a
region with other regions by labeling each pixel in the image. In the optic cup and optic disc segmentation,
the approach used is semantic segmentation. If the segmentation is done in binary, then the segmentation of
each part is done separately, and the segmentation results of each part are combined as the final result. This
process can affect the final segmentation result because the model cannot learn and consider the boundary
between the optic cup and optic disc directly, which causes the final result to overlap the two optic parts. The
semantic segmentation approach is carried out because semantic segmentation can allow the model to learn
the boundary between the optic cup and optic disc areas and learn the various sizes between the optic cup
and optic disc images, which can reduce the risk of overlap.

The semantic segmentation approach can be implemented by applying a Convolutional Neural Network
(CNN), which effectively extracts image features. U-Net is a popular CNN architecture applied to image
segmentation [4]. U-Net has a “U” shaped architecture consisting of encoder and decoder parts connected by
a bridge [5]. The encoder process gradually reduces feature resolution and extracts image features, while the
decoder gradually restores feature resolution and reconstructs features extracted at the encoder stage. The
bridge connects the encoder and decoder sections. The U-Net architecture contains numerous feature maps,
enabling it to effectively extract and learn features from images [6]. Although the U-Net is popularly used in
segmentation, too deep a U-Net network can cause loss of feature details in the feature learning process in
the U-Net encoder.

The encoder in U-Net extracts hierarchical features through successive downsampling operations.
These operations are commonly implemented using max pooling [6]. While this strategy effectively captures
dominant semantic features, repeated spatial reduction may lead to the loss of fine-grained spatial details,
which can affect segmentation accuracy. To address this limitation, multi-scale contextual feature extraction
is required to enrich feature representation at deeper layers. To address these issues, multi-scale feature
learning has been introduced in various studies. Atrous Spatial Pyramid Pooling (ASPP) has been introduced
to capture multi-scale contextual information by employing parallel atrous convolutions with different
dilation rates. By expanding the receptive field without concurrent spatial downsampling, ASPP facilitates
the network’s aggregation of broader contextual information while maintaining spatial resolution [7].

On the other hand, decoder U-Net is responsible for restoring spatial resolution via upsampling
operations, which are typically implemented using transposed convolution [8]. This mechanism restores
spatial dimensions and refines features extracted during the downsampling process [6,8]. However, despite
its effectiveness, transposed convolution can introduce reconstruction artefacts that degrade segmentation
quality [9]. These artifacts can affect the smoothness and consistency of the predicted boundaries. Moreover,
conventional convolution layers applied after upsampling may not sufficiently capture feature variations
across multiple spatial scales during reconstruction. To overcome these limitations, it is considered a
potential strategy to enhance feature refinement and improve segmentation performance by incorporating
a multi-scale feature extraction mechanism in the decoder, such as the Inception module [10].
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Inception is a block of Google-Net architecture that uses kernels of different sizes in the convolution
layer that can capture features at various scales and directions efficiently [10]. Inception uses different kernels
that are 1 × 1 and 3 × 3 in size. The use of different kernels in inception blocks aims to learn more detailed
features with different scales and combine the transposed convolution features that can help reconstruct
image features in more detail [10]. Adding inception blocks to the decoder can reduce the checkerboard
pattern produced by the transposed convolution layer.

The U-Net architecture effectively preserves spatial information through skip connections that transfer
feature maps from the encoder to the decoder, thereby improving localization accuracy. These connections
help retain fine-grained details that could be lost during downsampling. However, all features from the
encoder are passed directly to the decoder without any selection mechanism, which can introduce irrelevant
background information [11]. This limitation is more critical in retinal image segmentation because the optic
disc and optic cup occupy relatively small regions. To address this, Attention Gates selectively emphasize
relevant features and suppress less important information in the skip connections [12]. By guiding the
network to focus on relevant regions, attention gates can improve segmentation performance, especially for
structures with subtle boundaries, such as the optic cup.

Based on these limitations, this study proposes a novel architecture, namely ASPPIAU-Net, which
integrates Atrous Spatial Pyramid Pooling, Inception modules, attention gates, and U-Net into a unified
framework to enhance segmentation performance. The ASPP module is incorporated into the bottleneck to
enhance multi-scale contextual feature representation. Inception modules are embedded into the decoder
to improve feature reconstruction and reduce artifacts caused by transposed convolution. Furthermore,
attention gates are applied to the skip connections to selectively emphasize relevant features from the encoder
while suppressing irrelevant background information, thereby improving the model’s ability to focus on
important regions during feature fusion. Additionally, the proposed model simultaneously segments the
optic cup and optic disc, allowing for more precise learning of the boundaries between the two structures.

The main contributions of this study are summarized as follows:

1. Proposing a novel hybrid architecture, ASPPIAU-Net, which integrates U-Net, ASPP, Inception, and
attention gates into a unified segmentation framework.

2. A dual multi-scale learning strategy is introduced, where ASPP enhances contextual feature extrac-
tion at the bottleneck, while Inception modules improve feature reconstruction in the decoder. In
addition, attention gates are applied to skip connections to refine feature selection and suppress
irrelevant information.

3. Simultaneously performing semantic segmentation of the optic cup and optic disc enables the model to
learn inter-structure boundaries more effectively.

4. A comprehensive performance evaluation was conducted using multiple metrics, including accuracy,
sensitivity, specificity, Dice score, IoU, and Hausdorff Distance (HD).

The remainder of this paper is organized as follows. Section 2 reviews the related work relevant to this
study. Section 3 presents the proposed method in detail, including the model architecture and preprocessing
techniques. Section 4 describes the experimental setup. Section 5 provides the results and discussion.
Finally, Section 6 concludes the paper by summarizing the main findings and suggesting directions for
future work.

2 Related Work
Deep learning, particularly Convolutional Neural Networks (CNNs), has been widely applied for

optic cup and optic disc segmentation in retinal images. Among various architectures, U-Net has become
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one of the most popular models due to its encoder–decoder structure and strong capability in extracting
hierarchical features. Several studies have employed the U-Net for optic segmentation tasks with promising
results. Xiao et al. used a U-Net model with a small kernel to segment the optic disc, reporting strong
performance with an accuracy of 95.98%, F1-score of 90.45%, and IoU of 94.77%. However, their approach
focuses only on optic disc segmentation, without considering the optic cup, which limits its ability to capture
the relationship between the two structures [13]. Desiani et al. applied a U-Net-based approach for retinal
semantic segmentation and reported performance metrics including accuracy, sensitivity, specificity, and
IoU exceeding 90%. However, the evaluation is presented only as overall performance, without explicitly
distinguishing between optic disc and optic cup regions [14]. Tadisetty et al. used a U-Net model to
segment the optic cup and optic disc, achieving a Dice score above 90% for the optic disc. However, their
approach relied on binary segmentation, in which the optic cup and optic disc were segmented separately.
Consequently, the Dice score for the optic cup was relatively low, below 65% [4]. Similarly, Joshua et al.
implemented the U-Net for binary segmentation and obtained high Dice scores above 95%. Nevertheless,
their Intersection over Union (IoU) results were limited, reaching 88% for the optic disc and 79% for the optic
cup [15]. These results suggest that binary segmentation approaches may have difficulty accurately capturing
the relationship between the optic cup and optic disc.

Several studies have incorporated multi-scale feature extraction techniques into the U-Net to improve
segmentation performance. One widely used approach is atrous spatial pyramid pooling (ASPP), which uses
parallel atrous convolutions with different dilation rates to capture contextual information at multiple scales
while preserving spatial resolution (6). Kedari et al. integrated ASPP into the U-Net and reported precision,
recall, and Dice scores below 82% for optic cup and optic disc segmentation [16]. Xia et al. applied ASPP
and achieved a high Dice score of 97.18%; however, the intersection over union (IoU) remained suboptimal
at 83.42%, indicating that further improvements are needed [17].

In addition to enhancing the encoder, several studies have focused on improving the decoder stage.
The decoder usually employs transposed convolution for upsampling, which can result in reconstruction
artifacts, such as checkerboard patterns, that affect segmentation quality. To address this issue, the Incep-
tion module was proposed as a multi-scale feature extraction mechanism in the decoder. Tulsani et al.
incorporated Inception modules into the U-Net architecture, achieving IoU and Dice scores above 90% for
both the optic cup and the optic disc. However, their method performed segmentation separately for each
structure [18]. Neto et al. proposed a U-Net with Inception for semantic segmentation and achieved Dice
scores above 80% for both regions. Nevertheless, the intersection over union (IoU) remained below 75%,
and the evaluation metrics used were limited [2]. Desiani et al. used a modified U-Net with Inception blocks
in both the encoder and decoder for semantic segmentation. The model achieves high performance. It has
accuracy and specificity above 90%. However, the results of IoU remain below 60% [19].

Attention mechanisms have been widely explored as a means of improving feature representation by
enabling the model to focus on relevant regions. Xiao et al. [20] introduced an attention-based U-Net model
that achieved an accuracy of 90.4%, a precision of 88.6%, and a Dice score of 88.1%. Using attention enhances
the model’s ability to emphasize important features. However, this method is limited to single-structure
segmentation because it only focuses on the optic disc and ignores optic cup segmentation. Although
previous studies have demonstrated promising results, several limitations remain. Many approaches still
rely on binary segmentation, which limits the model’s ability to learn the spatial relationship between the
optic cup and optic disc. Furthermore, existing methods often improve only one part of the architecture,
either the encoder or the decoder, rather than addressing both simultaneously. These limitations underscore
the necessity of a comprehensive approach that incorporates multi-scale feature learning in both the
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feature extraction and reconstruction stages to attain more precise and robust segmentation. Comparison of
state-of-the-art methods is presented in Table 1.

Table 1: Comparison of state-of-the-art methods in retinal image optical segmentation.

Study Methodolgy Advantages Limitations

Xiao et al.
(2025) [20]

Attention based
on U-Net

Achieved good performance
with an accuracy, precision,

and dice above 85%

Limited to a single structure,
no OC segmentation

Desiani et al.
(2024) [19]

U-Net
Inception with
residual blocks

Achieved good performance
with accuracy and specificity

above 90%
IoU below 60%

Xiao et al.
(2024) [13]

Simple CNN
U-Net

High accuracy (95.98%),
strong optic disc

segmentation

Only limited to the optic
disc, not for the optic cup

segmentation

Desiani et al.
(2024) [14] U-Net

High segmentation
performance (Acc, Sen, Spe,

IoU > 90%)

Evaluation reported only as
overall metrics; no separate
analysis for optic disc and

optic cup

Tadisetty
et al.

(2023) [4]
U-Net

High Dice score (>90%) for
optic disc, showing strong

performance for prominent
structures

Low Dice for optic cup
(<65%); Segmentation
performed separately

Kedari et al.
(2023) [16]

Modified U-Net
with ASPP

Improved contextual
information through

multiple dilation rates

Overall performance was
still below 82%

Xia et al.
(2022) [17] U-Net Excellent Dice score (97.18%) IoU remains moderate

(83.42%)

Neto et al.
(2022) [2]

U-Net
Inception

High dice score for both
regions (>80%)

IoU below 75% and limited
evaluation metrics

Tulsani et al.
(2021) [18]

U-Net with
inception

modules in
decoder

High Dice and IoU (>90%)
for both OD and OC

Segmentation performed
separately

Joshua et al.
(2019) [15] U-Net Excellent Dice score (>95%)

IoU remains limited (88%
OD, 79% OC), binary

segmentation

3 Method
The method used in this study consists of data description, data preprocessing, ASPPIAU-Net archi-

tecture implementation, and performance evaluation. The flow of methods used in this study can be seen
in Fig. 1.
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Figure 1: Flowchart of retinal image optical segmentation study methods with ASPPIAU-Net architecture.

3.1 Data Description
In this study, the data used are retinal images from the Drishti-GS dataset and the Refuge dataset, each

of which consists of images and ground truth. The Drishti-GS dataset consists of 101 retinal images collected
from Aravind Eye Hospital, which were labeled by glaucoma experts. The Refuge dataset consists of 400
images from China, which are labeled by trained ophthalmologists from Zhongshan Ophthalmic Center
affiliated with Sun Yat-sen University. The Drishti-GS and Refuge datasets can be accessed on the Zenodo
website [21]. The publicly available versions of both datasets are provided in a pre-cropped format with a
resolution of 800 × 800 pixels. Each dataset includes annotations for three classes: optic cup, optic disc, and
background. Fig. 2 shows examples of the images and corresponding labels used in this study.

Figure 2: Retinal image and labeled area: (a) drishti-GS dataset, (b) refuge dataset.
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3.2 Data Augmentation
Data augmentation is a technique that increases the amount and diversity of data by modifying existing

data. Increasing the diversity of the training data can improve the performance of the model during the
evaluation stage. The study used a combination of flipping rotation and median filter techniques. Flipping is
a simple augmentation technique that flips images horizontally or vertically, and rotation rotates images by
a certain angle to introduce additional geometric variation. A median filter replaces the value of a pixel with
the median value of its surrounding pixels. These techniques introduce data variation and reduce noise in
the images. Data augmentation in this study is shown in Fig. 3.

Figure 3: Data augmentation in this study.

3.3 Image Enhancement
This study involved a series of image quality enhancement steps before the primary process. First,

gamma correction was applied with a gamma value of 1.2 to adjust pixel intensity and proportionally enhance
image contrast [22,23]. Contrast Limited Adaptive Histogram Equalization (CLAHE) was applied with a clip
limit of 2 with a grid size of 16 to prevent excessive contrast enhancement while improving local intensity
distribution. This process enhanced visual details without causing saturation. The images were resized from
800 × 800 pixels to 128 × 128 pixels to ensure uniform input dimensions for the model and to reduce
computational complexity while preserving essential structural information. The final stage involved image
normalization to scale pixel intensity values into a uniform range before being used as input to the model.
Image normalization was performed by min-max normalization. The image enhancement stages are shown
in Fig. 4.

Figure 4: Image enhancement on retinal image segmentation.
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3.4 ASPPIAU-Net
The proposed ASPPIAU-Net is a modified U-Net architecture that integrates an ASPP module after

the final max pooling operation in the encoder and incorporates an Inception module within each decoder
block. The ASPP module is positioned at the bottleneck stage to improve the representation of multi-scale
contextual features at the deepest feature level. Employing atrous convolutions with different dilation rates
enables the module to aggregate broader contextual information from the pooled feature maps before they
enter the bridge layer. The decoder is enhanced by applying an Inception module after each transposed
convolution operation. This design aims to refine the reconstructed features and reduce the checkerboard
artefacts that are commonly produced by transposed convolutions. Furthermore, Attention Gates are
incorporated into the skip connections between the encoder and decoder to selectively filter feature maps.
This mechanism allows the network to emphasize relevant regions, such as the optic disc and optic cup,
while suppressing irrelevant background information, thereby improving feature fusion and segmentation
accuracy. The ASPPIAU-Net architecture can be seen in Fig. 5.

Figure 5: ASPPIAU-Net architecture in this study for retinal image optical segmentation.

ASPPIAU-Net consists of four encoder and decoder blocks connected by a bridge. The input image
has a size of 128 × 128 and undergoes feature extraction in the encoder stage. Each encoder block employs
convolutional layers with filter sizes of 16, 32, 64, and 128, respectively, followed by batch normalization and
ReLU activation. The convolution operation plays an important role in extracting local features from the
input image using a stride of 1, as defined in Eq. (1).

di j =
m−1
∑
y=0

m−1
∑
z=0
(ty+iq ,z+ jq × ky ,z) + bn (1)

where di j is the i-th row and j-th column convolution result matrix entries, where i = 1, 2, 3, ..., m and
j = 1, 2, 3..m, ty+iq ,z+ jq is the y + iq-th row, z + jq-th column input matrix entries. ky ,z is the y-th row, z-th
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column kernel matrix entry. bn is the bias in the n-th filter. i is the row of the convolution result matrix, j is
the column of the convolution result matrix, m is the n-th kernel height, and q is the stride. Furthermore,
max pooling with a pool size of 2× 2 and a stride of 2 is applied at the end of each encoder block. This reduces
the spatial dimensions of the feature maps progressively while preserving the most relevant features [6]. After
the last encoder layer, the max pooling output is processed by the ASPP module, which captures features
at various scales and retains important information from the pooling process. The ASPP block used in the
ASPPIAU-Net architecture is shown in Fig. 6.

Figure 6: ASPP Block of ASPPIAU-Net architecture in this study for retinal image optical segmentation.

The ASPP module employs five parallel branches. One branch applies global average pooling, followed
by a 1× 1 convolution, batch normalisation, and ReLU activation, and then upsampling. Another branch uses
a 1 × 1 convolution. The remaining three branches use atrous convolutions with dilation rates of 6, 12, and 18.
The outputs of all the branches are concatenated and undergo further processing using a 3 × 3 convolution
with 256 filters, followed by batch normalization and ReLU activation. These features are then forwarded to
the bridge layer for spatial upsampling via transposed convolution, after which they enter the decoding stage.

The decoder path progressively reconstructs the segmentation map through four stages, using 128, 64,
32, and 16 filters, respectively. Each stage consists of a transposed convolution for upsampling, followed by
convolutional layers with a 3 × 3 kernel, batch normalization, and rectified linear unit (ReLU) activation.
Additionally, Inception blocks are incorporated at each decoder stage to enhance multi-scale feature repre-
sentation. Each Inception block comprises four parallel processing paths, including max pooling followed
by a 3 × 3 convolution, 1 × 1 convolution, and 3 × 3 convolution operations. The outputs of all paths are
concatenated to form the final feature representation. The number of filters within each Inception block
is adapted according to the corresponding decoder stage, following the progression of 128, 64, 32, and 16
filters. Fig. 7 illustrates the general structure of the Inception block used in the proposed architecture.
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Figure 7: Inception block of ASPPIAU-Net in this study for retinal image optical segmentation.

In this architecture, skip connections are implemented using attention-gated feature concatenation.
Specifically, feature maps from the encoder are first refined using an attention gate, which suppresses
irrelevant responses and highlights relevant features, before being concatenated with the corresponding
decoder features. This mechanism helps preserve important spatial information while reducing noise from
irrelevant features. The decoder path progressively reconstructs the segmentation map using convolutional
layers with 128, 64, 32, and 16 kernels, respectively. In the final stage, pixel-wise classification is performed
using the softmax activation function. This function converts the network’s output into probability values
for each class, enabling the model to estimate the likelihood that a pixel belongs to a specific class. These
probability values are then used to compute the loss during training. To optimize prediction results, this study
employs the categorical cross-entropy loss function, which is commonly used for multi-class segmentation
tasks. This function measures the difference between the predicted probability distribution and the ground
truth labels. The categorical cross-entropy and Dice loss function are given in Eqs. (2) and (3) [24].

Lcc = −
N
∑
i=1

yi log si (2)

LDL = 1 − 2 ∣X ∩ Y ∣
∣X∣ + ∣Y ∣

(3)

Lcc denotes the result of categorical cross entropy, N denotes the number of classes, yi denotes the true
value of label i, si is the probability value for class i generated from the softmax function, LDL denotes the
result of the dice loss function, X denotes as segmented ground truth, and Y denotes as predict mask.

4 Experimental Setup

4.1 Dataset Details
This study uses two datasets: Drishti-GS, containing 101 images, and REFUGE, containing 400 images.

Each image is annotated with three labels: optic disc, optic cup, and background. The datasets are split into
training, validation, and testing sets with a ratio of 64%, 16%, and 20%, respectively. The Drishti-GS dataset
was divided into 64 training images, 16 validation images, and 21 testing images, and the REFUGE dataset
was divided into 256 training images, 64 validation images, and 80 testing images. The training sets from
both datasets were merged into a single training set, and the validation sets were combined. However, the
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test sets were kept separate for each dataset to ensure a fair evaluation across different data distributions.
Retinal optic images consist of three labels: 0 for the optic disc, 1 for the optic cup, and 2 for the background.

4.2 Implementation Platform
The proposed model was implemented using TensorFlow 2.0.0 with the Keras API. The exper-

iments were conducted on a system equipped with an NVIDIA RTX 3060 GPU, an Intel Core i5
processor @2.90 GHz, and 16 GB RAM on the Windows operating system.

4.3 Training Details
The training procedure is designed to ensure robust model performance and generalization. The dataset

is divided into training, validation, and testing sets with a ratio of 64%, 16%, and 20%, respectively. The
training and validation sets from both datasets are combined, while the test sets are kept separate to maintain
fair evaluation. To improve the model’s ability to generalize and reduce overfitting, data augmentation is
applied to the training set. The augmentation techniques include gamma correction, hazy augmentation,
and geometric transformations such as flipping and rotation. As a result, the number of training samples is
increased to 5120 images.

The model was trained for 50 epochs with a batch size of 32, employing the Adam optimizer with a
learning rate of 0.001. The model was trained using a combination of Dice loss and categorical cross-entropy,
which was selected based on preliminary experiments due to its effectiveness in addressing class imbalance.
The dataset was divided into training and validation sets, and the model’s performance was monitored by
performing validation at the end of each epoch. A data augmentation technique was applied to improve
generalization and used early stopping to mitigate overfitting. Model selection was based on the highest
validation Dice coefficient, and the weights of the best-performing model were saved. To evaluate model
stability, the training process was conducted using multiple random seeds, and all evaluation metrics were
recorded for each run. The complete set of training hyperparameters is summarized in Table 2.

Table 2: Training hyperparameters in this study.

Parameter Value
Optimizer Adam

Learning Rate 1e−4
Batch Size 32

Epoch 50
Loss Function Dice + Categorical Cross Entropy
DropOut Rate 0.2
Weight Decay 1e−5
Early Stopping Patience = 10

4.4 Performance Evaluation
In this study, performance evaluation is carried out using a confusion matrix, which compares the

model’s predictions with the actual labels in order to assess its overall performance. Several evaluation metrics
are then calculated based on this matrix, including accuracy, sensitivity, specificity, dice score, and IoU.
Accuracy reflects the overall correctness of the predictions [25]. Sensitivity measures the model’s ability to
correctly detect object labels, and specificity assesses its ability to identify non-object labels. The dice score



12 Comput Model Eng Sci. 2026;147(3):45

evaluates the balance between sensitivity and specificity. IoU measures the similarity between the predicted
segmentation and the ground truth based on the overlap of object boundaries. Hausdorff Distance (HD)
measures the maximum distance between the boundary of the predicted segmentation and the ground truth,
reflecting the largest boundary error [26,27].

The measurement module utilizes the segmentation results of the optic cup (OC) and optic disc (OD) to
calculate the vertical cup-to-disc ratio (VCDR), which serves as a critical quantitative indicator for glaucoma
diagnosis. The calculation of CDR is defined in Eq. (4) [28,29].

CDR =
Vcu p

Vd isc
(4)

where Vcu p and Vd isc denote the vertical diameters of the optic cup and optic disc, respectively. A VCDR
value greater than 0.6 is commonly considered a potential indicator of glaucoma.

5 Result and Discussion

5.1 Quantitative Performance Evaluation
The proposed model is evaluated on independent testing datasets to assess its generalization capability.

The segmentation performance is quantified using the accuracy, sensitivity, specificity, dice score, IoU, and
Hausdorff Distance (HD). To provide further insight, additional experiments are conducted by varying
architectural components under consistent training settings, ensuring a fair comparison. The results on the
Refuge dataset are presented in Table 3.

Table 3: Comparison of performance evaluation of each component on the refuge dataset.

Method Acc. Sen (%) Spe (%) Dice (%) IoU HD

OD OC OD OC OD OC OD OC OD OC
U-Net 98 88 87 98.9 99.4 88.2 84.8 78.9 73.6 4.65 4.26

U-Net ASPP 97.9 87.7 85.4 99 99.5 88.2 85.1 79 74.1 4.27 4.09
U-Net Inc 97.9 88.7 86.9 98.8 99.4 88.2 84 78.9 72.5 4.52 4.28
U-Net Att 97.9 87.5 87.2 98.9 99.4 88 84.5 78.6 73.2 4.32 4.14

U-Net ASPP Att 97.9 90 83.5 98.7 99.5 88.3 84.5 79 73.2 4.47 4.16
U-Net Inc Att 98 88.8 85.2 98.9 99.6 88.6 85.6 79.6 74.8 4.43 3.83

U-Net ASPP Inc 97.9 88.6 85.5 98.9 99.5 88.3 85.4 79 74.5 4.30 3.97
U-Net Aspp Inc Att 98.1 87.7 87.9 99.1 99.5 88.8 86 79.8 75.4 4.17 3.94

As shown in Table 3, all of the tested U-Net model variants demonstrated high and relatively stable
performance in the optic disc and optic cup segmentation tasks on the Refuge dataset. The baseline U-
Net model achieved an accuracy of 98%, with Dice scores of 88% and 87% for the optic disc and optic
cup, respectively, as well as an intersection over union (IoU) of 78.9% and 73.6%, respectively. Adding the
ASPP, Attention, and Inception modules, either individually or in combination, yielded varying performance
improvements across several metrics, particularly for the optic cup, which is more challenging to segment
than the optic disc.

The ASPP module generally enhances the model’s ability to capture multi-scale context, as evidenced
by increased intersection over union (IoU) and reduced Hausdorff distance (HD) values. Meanwhile, the
Inception module improves feature representation, leading to an increase in the Dice score, especially for the
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optic cup. The model’s ability to focus on important areas is enhanced by the Attention module, although the
overall improvement is not very significant. Combining these three modules yields the most optimal results.
The U-Net ASPP Inception Attention model performed best overall with an accuracy of 98.1%, the highest
Dice score of 86% on the optic cup, and an IoU of 75.4%. Additionally, the model achieved a lower HD score
of 3.94, indicating improved accuracy at segmentation boundaries. These results demonstrate that integrating
ASPP, Inception, and Attention enhances the model’s ability to capture complex features, especially in smaller,
more challenging optic cup structures compared to optic discs.

Based on the experimental results in Table 4, all of the tested U-Net model variations demonstrated
fairly good performance in the optic disc and optic cup segmentation tasks. Accuracy ranged from 95.4% to
96.2%. The baseline U-Net model achieved Dice scores of 78.5% and 87.4% and an intersection over union
(IoU) of 64.6% and 77.6%, respectively. This indicates that the baseline performance is already quite stable,
particularly for the optic cup compared to the optic disc. The addition of modules such as ASPP, Inception,
and Attention had varying effects on model performance. The Inception module generally demonstrated a
more consistent contribution than the others, improving the Dice score and IoU, especially for the optic disc.
Meanwhile, ASPP provided the capability to capture multi-scale context; however, in some combinations,
performance decreased, especially when combined with Attention alone. The attention module itself does
not always significantly improve performance and sometimes lowers evaluation metrics, indicating that the
feature-focusing mechanism is not yet optimal without robust feature extraction support.

Table 4: Comparison of performance evaluation of each component on DRISHTI dataset.

Method Acc. Sen (%) Spe (%) Dice (%) IoU HD

OD OC OD OC OD OC OD OC OD OC
U-Net 96.1 79.9 83.5 97.7 99.2 78.5 87.4 64.6 77.6 5.77 5.78

U-Net ASPP 95.8 78.6 80.4 97.5 99.4 77 86.3 62.6 75.9 6.08 6.19
U-Net Inc 96.2 78.5 83.2 97.9 99.2 78.5 87 68.5 77 5.72 5.79
U-Net Att 95.7 78.6 77.9 97.4 99.5 76.5 85.1 62 74 6.51 6.48

U-Net ASPP Att 95.5 80.6 67 97 99.4 76.6 76.1 62.1 61.4 7.01 6.91
U-Net Inc Att 95.5 76.4 77.9 97.4 99.5 75.4 85.1 60.5 74.1 6.46 6.37

U-Net ASPP Inc 95.4 78 76.2 97.2 99.4 75.6 83.8 60.8 72.1 6.94 6.78
U-Net Aspp Inc Att 96.1 82 80.5 97.6 99.4 80.2 87.5 69.6 78.2 5.60 5.61

In this experiment, the U-Net ASPP Inception Attention model was the best, achieving an accuracy of
96.1%, the highest Dice score of 87.5% for the optic cup, and an IoU of 78.2%. This model also produced
the lowest Hausdorff distance values, 5.60 for the optic cup and 5.61 for the optic disc, indicating the most
accurate segmentation boundary quality compared to other models. Overall, these results demonstrate that
combining the three modules can improve segmentation performance, especially for complex optic cup (OC)
structures. However, not all combinations yield consistent improvements across every metric. Despite these
improvements, however, the intersection over union (IoU) values remain relatively moderate, particularly
for the optic disc (69.6%) and optic cup (78.2%), indicating that the predicted segmentation regions do not
fully overlap with the ground truth. This suggests that the model may struggle to accurately capture fine-
grained boundaries, especially in regions with low contrast and ambiguity. The sensitivity values support
this limitation, showing improvements of 82% for the optic disc and 80.5% for the optic cup. However, these
values also indicate that some regions are still missed during segmentation. Therefore, further enhancements,
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such as incorporating boundary-aware loss functions or refining feature extraction mechanisms, may be
necessary to improve region overlap and segmentation precision.

5.2 Ablation Study on Dilation Rate
To further analyze the impact of architectural configuration, an ablation study is conducted on various

dilation rate settings within the ASPP module. This analysis aims to identify the most effective configuration
for capturing multi-scale contextual information. An ablation study to evaluate the effect of various dilation
rate settings can be seen in Table 5.

Table 5: Ablation study of various dilation rates on ASPPIAU-Net.

Dataset Dilation Rate Dice (%) IoU HD

OD OC OD OC OD OC

Refuge

1, 3, 12, 18 87.5 82.5 77.9 70.3 4.58 4.32
1, 6, 12, 24 88.1 84.1 78.8 72.6 4.45 4.29

1, 2, 4, 8 88.3 84 79.1 72.5 4.92 4.26
1, 6, 12, 18 88.8 86 79.8 75.4 4.17 3.94

Dhristi-GS

1, 3, 12, 18 78.3 87.5 64.3 77.8 5.33 5.47
1, 6, 12, 24 76.9 84.8 62.6 73.6 6.56 6.60

1, 2, 4, 8 79.4 86 65.8 75.5 6.17 6.29
1, 6, 12, 18 80.2 87.5 69.6 78.2 5.60 5.61

An ablation study of various dilation rate configurations in the ASPP module shows that the choice
of dilation rates significantly impacts segmentation performance in both datasets. For the Refuge dataset,
configurations 1, 6, 12, and 18 achieve the best overall performance with the highest Dice scores of 88.8%
on optic disc and 86% on optic cup, and the highest IoU values of 79.8% optic disc and 75.4% optic cup.
Additionally, this configuration produces the lowest Hausdorff distance (HD), particularly for the optic cup
(3.94), indicating more precise boundary delineation. While other configurations, such as (1, 2, 4, 8), yield
competitive Dice and IoU values, they result in higher HD, suggesting less precise boundary segmentation.

A comparable pattern is evident in the Drishti-GS dataset, where the configuration dilation rate 1, 6,
12, 18 once more delivers optimal equilibrium across all assessment metrics. This configuration achieves
the highest Dice score for the optic disc (80.2%) and maintains strong performance for the optic cup
(87.5%), along with the highest IoU values (69.6% for optic cup and 78.2% for optic disc). Furthermore,
it produces lower HD values compared to most other configurations, indicating improved boundary
accuracy. In contrast, configurations with smaller dilation rates (1, 2, 4, 8) or larger dilation gaps (1, 6,
12, 24) tend to produce inconsistent results by either missing fine details or failing to capture sufficient
contextual information.

Overall, these results suggest that a balanced dilation rate configuration, such as (1, 6, 12, 18), is
more effective in capturing multi-scale contextual features without sacrificing spatial detail. This balance is
particularly important for segmenting the optic cup, which has more complex spatial boundaries. Therefore,
the selected configuration is used as the optimal setting for the proposed model in subsequent experiments.
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5.3 Loss Function Analysis
In addition to architectural design, the choice of loss function is crucial for segmentation performance.

A comparative analysis of different loss functions was performed to determine the most suitable training
strategy for the proposed model, as shown in Table 6.

Table 6: Comparison of performance evaluation of various loss functions on ASPPIAU-Net.

Dataset Loss Function Acc Loss Dice IoU

Refuge
CCE 97.9 0.0654 90.76 83.7
Dice 97.9 0.0203 90.99 84.05

CCE + Dice 98.1 0.0601 91.38 84.67

Dhristi-GS
CCE 96.2 0.1232 88.25 80.36
Dice 95.9 0.0407 87.46 78.8

CCE + Dice 96.1 0.1278 88.52 79.95

Note: *Bold values indicate the best results for each evaluation.

A comparison of different loss functions reveals that the choice of loss function significantly impacts
segmentation performance across both datasets. On the Refuge dataset, the combination of categorical cross-
entropy (CCE) and Dice loss achieves the best overall performance, with the highest accuracy (98.1%), Dice
score (91.38%), and intersection over union (IoU) (84.67%). While Dice loss alone yields slightly better
overlap metrics (Dice and IoU) than CCE, the combined loss provides more balanced optimization by
leveraging both pixel-wise classification and region overlap. This results in superior overall performance.
A comparable pattern is evident in the Drishti-GS dataset. The CCE + Dice combination again produces
competitive results, achieving the highest Dice score (88.52%) and maintaining stable accuracy (96.1%).
While CCE alone slightly outperforms Dice loss in terms of IoU (80.36%), the difference is marginal, and the
combined loss demonstrates better consistency across metrics. In contrast, Dice loss alone results in slightly
lower performance, particularly in IoU. This indicates that relying solely on region-based optimization may
not be sufficient for capturing detailed structures in more challenging datasets.

Overall, these results suggest that combining CCE and Dice loss provides a more robust training
strategy, balancing pixel-level accuracy and region overlap. This is particularly beneficial for medical image
segmentation tasks, where accurate classification and precise boundary delineation are both essential.

5.4 Training Analysis
To evaluate the training behavior of the proposed model, the learning curves are first analyzed in terms

of accuracy and loss. These metrics provide a general overview of model convergence and training stability
throughout the training process. The accuracy and loss curves are presented in Fig. 8.

Based on Fig. 8, the model was initially set to train for 50 epochs. However, the training process
stopped early, around epoch 25, due to the implementation of early stopping with a patience value of 10.
This indicates that the model did not show significant improvement in validation performance beyond this
point. In Fig. 8a, training and validation accuracy both increase rapidly during the early epochs and begin
to stabilize around epoch 5. Training accuracy continues to improve slightly, reaching nearly 99%, while
validation accuracy stabilizes at around 97%–98%. The small gap between the two accuracies suggests that the
model generalizes well without significant overfitting. Similarly, the loss curves in Fig. 8b show a consistent
decrease in both training and validation loss. Training loss decreases steadily throughout the epochs, while
validation loss drops rapidly in the early stages and then stabilizes with minor fluctuations. The absence of
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significant divergence between the two losses further indicates that overfitting is well controlled. Overall, the
early stopping mechanism effectively prevents the model from training beyond the optimal point, ensuring
efficient convergence while maintaining good generalization performance. Additionally, the Dice coefficient
and IoU curves that are related to the same experiment are shown in Fig. 9.

Figure 8: Graphs of (a) accuracy and (b) loss of segmentation of the optic cup and optic disc in this study.

Figure 9: Graphs of (a) IoU and (b) Dice of segmentation of optic cup and optic disc in this study.

As shown in Fig. 9, both the Dice and IoU curves exhibit a rapid increase during the initial epochs,
suggesting that the model swiftly learns to identify the primary structure of the target regions. After epoch
10, improvement becomes more gradual, suggesting the model refines finer details rather than learning new
coarse features. Throughout the training process, the training and validation curves for both Dice and IoU
remain closely aligned, with only a small gap between them. This indicates good generalization performance
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and suggests that the model does not suffer from significant overfitting. Validation Dice stabilizes at
a high value (around 0.97), and IoU reaches approximately 0.94–0.95, confirming strong segmentation
performance. Overall, these results demonstrate that the model achieves stable convergence and maintains
consistent performance across the training and validation sets. This further supports the effectiveness of the
proposed approach for accurate segmentation.

5.5 Feature Map Analysis
To further analyze how the model learns hierarchical representations, Fig. 10 visualizes feature maps

from selected layers of the encoder, bottleneck, and decoder. For clarity, only a subset of feature maps
is presented because visualizing all channels would be impractical due to the high dimensionality of the
feature space.

Figure 10: Feature maps of the proposed ASPPIAU-Net model at different stages: (a) encoder, (b) bottleneck (ASPP),
and (c) decoder.

As shown in Fig. 10a, the encoder layers primarily capture low-level visual features, such as edges,
intensity gradients, and fine vessel structures. The activations preserve spatial similarity to the input image,
indicating that the network focuses on local patterns. These features are essential for identifying retinal
boundaries and subtle variations in vessel thickness. This information serves as the basis for learning
higher-level features. Fig. 10b shows that the feature maps at the bottleneck stage exhibit more abstract
and compressed representations. The incorporation of the Atrous Spatial Pyramid Pooling (ASPP) module
enables the model to capture multi-scale contextual information by applying dilated convolutions with
different receptive fields. Consequently, the feature maps no longer resemble the original image; rather, they
encode semantic information related to larger anatomical structures, such as the optic disc and optic cup
regions. This multi-scale aggregation allows the network to balance local details and global context effectively,
which is essential for accurately segmenting retinal images.

As shown in Fig. 10c, the decoder layers progressively reconstruct spatial information from the encoded
features. The feature maps become smoother and more structured, indicating refinement of segmentation-
relevant regions. Through successive upsampling and convolution operations, the decoder integrates low-
and high-level features, enabling the model to recover fine-grained details, such as the delineation of the
boundary between the optic disc and cup. This reconstruction process plays a critical role in improving the
precision and continuity of the segmentation output. Overall, these visualizations confirm that the proposed
ASPPIAU-Net effectively learns hierarchical and multi-scale representations, contributing to its superior
segmentation performance.

5.6 Qualitative Segmentation Results
The segmentation results for each architecture in the ablation study can be seen in Fig. 11.
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Figure 11: Sample of (a) original image, (b) ground truth, (c) baseline U-Net, (d) U-Net ASPP, (e) U-Net Inception, (f)
U-Net ASPP Inception, (g) ASPPIAU-Net.

Based on Fig. 11. The baseline U-Net generally produced segmentation results that followed the ground
truth structure. However, there were differences in the thickness of the boundaries and the size of the cup
area in some parts. U-Net + ASPP showed no significant improvement over the baseline model. Minor
artifacts were still visible in some areas, and the boundary improvements were inconsistent. As a result,
adding ASPP alone did not lead to noticeable visual changes. U-Net Inception shows a more stable optic
disc and cup shape in maintaining proportions, although the precision of the cup boundary is not yet fully
consistent with the ground truth. ASPPIAU-Net produced the segmentation closest to the ground truth. The
boundaries look smoother and more proportional, with less over-segmentation and under-segmentation.
Overall, combining ASPP, Inception, and attention gates provides more stable results than using separate
modules or the U-Net baseline.

5.7 ROC Analysis
To provide a more comprehensive evaluation of the model’s performance, particularly in terms of class

separability, ROC curve analysis is performed. The ROC curves for the three classes are presented in Fig. 12.

Figure 12: The ROC graphs of ASPPIAU-Net on optic disc and optic cup segmentation: (a) Refuge dataset, (b) Drishti-
GS dataset.
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Based on Fig. 12, the curves are located close to the top-left corner. This indicates excellent classification
performance across all classes. The model achieves high true positive rates (TPR) at very low false positive
rates (FPR), demonstrating strong discriminative capability. The optic cup class attains the highest Area
Under the Curve (AUC) values, suggesting that the model effectively identifies this relatively small, low-
contrast region. The background class also shows consistently high AUC values, reflecting the model’s ability
to distinguish foreground structures from irrelevant regions. Meanwhile, the optic disc class exhibits slightly
lower AUC values compared to the other classes, possibly due to similarity in intensity and boundary
overlap with surrounding retinal structures. The consistent shape of the ROC curves across different
experimental settings indicates the robustness and stability of the proposed model. Overall, these results
confirm that the ASPPIAU-Net model provides strong classification performance, which supports the earlier
quantitative evaluation.

5.8 CDR Analysis
A quantitative analysis was conducted to evaluate the model’s ability to estimate the vertical cup-to-

disc ratio (VCDR) by comparing the ground truth values (VCDR_GT) with the model’s predicted results
(VCDR_Pred). The absolute difference between the two was calculated as the absolute error, representing
the degree to which the prediction deviates from the reference value. The evaluation was performed on two
different test datasets to assess the consistency of the model’s performance. The results of the absolute error
calculations for the Refuge and Dhristi-GS datasets are presented in Tables 7 and 8.

Table 7: Absolute error of VCDR calculation on the refuge dataset.

Images Vcdr_GT Vcdr_Pred Absolute Error
Img_0.png 0.54 0.55 0.012
Img_1.png 0.562 0.411 0.150
Img_2.png 0.847 0.740 0.106

⋮ ⋮ ⋮ ⋮

Img_78.png 0.387 0.408 0.0204
Img_79.png 0.45 0.545 0.092

Mean ± std. 0.05 ± 0.04

Table 8: Absolute error of VCDR calculation on the Drishti-GS dataset.

Images Vcdr_GT Vcdr_Pred Absolute Error
Img_0.png 0.538 0.596 0.057
Img_1.png 0.7 0.803 0.103
Img_2.png 0.706 0.660 0.046

⋮ ⋮ ⋮ ⋮

Img_19.png 0.714 0.508 0.205
Img_20.png 0.736 0.71 0.025

Mean ± std. 0.086 ± 0.056

Based on Table 7, the absolute error values show relatively small variations across images in the Refuge
dataset. Some samples exhibit very low errors, indicating that the model’s predictions are close to the ground
truth. However, there are also cases with higher deviations. Overall, an MAE of 0.05± 0.04 was obtained. This
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low mean value suggests that the model is accurate in its estimation of VCDR on this dataset. Meanwhile,
the small standard deviation indicates that the model’s performance is stable and does not vary significantly
across samples. Based on Table 8, the absolute error values in the Drishti-GS dataset tend to vary more
than in the Refuge dataset. The evaluation results show an MAE of 0.086 ± 0.056. Compared to the Refuge
dataset, the higher mean error value indicates that the model’s prediction error rate has increased in this
dataset. Additionally, the larger standard deviation suggests greater variation in the model’s performance
across samples, potentially influenced by image complexity or differences in data distribution.

5.9 Discussion
This study proposes a combination of U-Net architecture with ASPP, Inception, and attention gates,

namely ASPPIAU-Net, for optic cup and optic disc segmentation in retinal images. The performance results
using the ASPPIAU-Net architecture are compared with architectures in other studies in the optic cup and
optic disc segmentation in retinal images. A comparison of the performance results of ASPPIAU-Net and
other architectures on the Refuge Dataset can be seen in Table 9.

Table 9: Optic cup and optic disc segmentation results with ASPPIAU-Net architecture on the refuge dataset.

Method Dice IoU

OD OC OD OC
FCN [30] 91.3 84.8 84.03 73.6

EO-Protoseg [31] – – 88.21 73.70
U-Net [32] 89.53 88.7 – –

ASPPIAU-Net 88.8 86 79.8 75.4

As shown in Table 9, ASPPIAU-Net performs competitively in segmenting the optic disc and optic
cup (OC) on the REFUGE dataset. The model achieves Dice scores of 88.8 and 86.0 for the OD and
OC, respectively, with corresponding intersection over union (IoU) values of 79.8 and 75.4. Compared
to FCN [30], ASPPIAU-Net shows lower OD performance in both Dice and IoU. However, it achieves
competitive results on OC segmentation. This indicates an improved capability in capturing finer and more
localized structures. Examples of these structures include the optic cup. Similarly, ASPPIAU-Net exhibits
lower performance in optic disc segmentation when compared to EO-Protoseg [31], suggesting limitations
in modeling global structural consistency for larger anatomical regions. When compared to U-Net [32],
ASPPIAU-Net does not outperform the baseline consistently across all metrics. U-Net achieves higher OD
Dice performance, but ASPPIAU-Net shows competitive or slightly lower performance overall. This indicates
that the integration of Atrous Spatial Pyramid Pooling (ASPP) does not uniformly enhance segmentation
accuracy across both anatomical structures. However, ASPPIAU-Net maintains relatively stable performance
in optic cup segmentation. This suggests that multi-scale feature extraction contributes more effectively to
localized structure representation than to global boundary refinement. In general, ASPPIAU-Net’s perfor-
mance is comparable to existing methods on the REFUGE dataset, but it doesn’t demonstrate significant
superiority. These results highlight the need for further refinement in boundary-aware feature learning to
enhance global structural consistency while maintaining strong local feature representation. This would
improve the model’s overall robustness for clinical retinal image analysis. A comparison of performance
results on the Dristhi dataset can be seen in Table 10.

As shown in Table 10, ASPPIAU-Net performs competitively on the Drishti-GS dataset, especially for
optic cup segmentation. The model achieves Dice scores of 80.2 and 87.5 for the optic disc and optic cup,
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respectively, with corresponding intersection over union (IoU) values of 69.6 and 78.2. While ASPPIAU-Net
shows lower OD performance compared to BEAC-Net [33], it has a higher OC Dice score. This indicates that
the model is more effective in capturing finer, more localized anatomical structures, particularly the optic
cup. Its strong performance in optic cup segmentation suggests that multi-scale feature extraction via Atrous
Spatial Pyramid Pooling (ASPP) improves sensitivity to small or complex regions by enhancing contextual
representation. However, ASPPIAU-Net achieves lower IoU for optic disc segmentation when compared
to EO-Protoseg [31], indicating limitations in capturing precise global boundaries of larger structures.
Similarly, compared to DeepLabV3 [32], performance differences are inconsistent across OD and OC
metrics, suggesting that architectural enhancements do not uniformly translate into improved segmentation
across all anatomical structures. ASPPIAU-Net shows substantially lower performance than SegFormer
across all metrics, particularly in Dice and IoU scores for OD and OC [34]. This suggests that transformer-
based architectures, like SegFormer, are more effective at modeling long-range dependencies and global
contextual information. This leads to more accurate and balanced segmentation results. Overall, the results
reveal a clear imbalance in performance between optic disc and optic cup segmentation. ASPPIAU-Net
performs relatively better on optic cup structures. This suggests that, although ASPP improves multi-scale
contextual learning, it has a greater impact on smaller or more complex regions. Global boundary modeling
for larger structures, such as the optic disc, remains challenging. Despite these limitations, ASPPIAU-Net
demonstrates competitive performance among CNN-based methods, especially for optic cup segmentation.
Further improvements are needed to refine global boundaries and achieve more balanced performance
across both anatomical structures.

Table 10: Optic cup and optic disc segmentation results with ASPPIAU-Net architecture on the Dristhi dataset.

Method Dice IoU

OD OC OD OC
BEAC-Net [33] 86.14 80.8 83.85 76.33

EO-Protoseg [31] – – 86.80 71.78
Deeplab V3 [32] 77.86 84.34 – –
Segformer [34] 90 92 82 86
ASPPIAU-Net 80.2 87.5 69.6 78.2

6 Conclusions
This study proposes ASPPIAU-Net, a deep learning architecture for optic disc (OD) and optic cup

(OC) segmentation that integrates multi-scale contextual learning within an encoder–decoder framework.
The method is designed to address challenges in retinal fundus image segmentation, particularly boundary
ambiguity and anatomical variability, which directly affect the reliability of glaucoma-related measurements
such as the vertical cup-to-disc ratio. Experimental results on the REFUGE and DRISHTI-GS datasets
demonstrate that ASPPIAU-Net delivers competitive and consistent performance in terms of accuracy,
sensitivity, specificity, Dice score, intersection over union (IoU), and Hausdorff distance (HD). HD validation
further supports the model’s boundary-level precision, which is essential for reliable clinical segmentation.
On the REFUGE dataset, the model demonstrates consistent OD and OC segmentation performance, with
improved structural representation and boundary coherence. Multi-scale contextual features enhance the
model’s ability to capture global context and fine boundary details, resulting in more reliable overlap and
reduced boundary deviation, as reflected by HD. Similarly, on the DRISHTI-GS dataset, ASPPIAU-Net
demonstrates strong generalization ability by maintaining balanced performance across both structures.
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The model performs particularly well in optic cup segmentation; multi-scale features contribute to the
improved delineation of small, complex regions. However, improvements are not uniform, especially for
optic disc segmentation, where achieving global consistency remains challenging. Overall, ASPPIAU-
Net provides a robust, clinically relevant segmentation framework that effectively balances region-level
accuracy and boundary precision. Future work should focus on enhancing global boundary consistency and
computational efficiency to support large-scale clinical deployment.
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