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Abstract 

Accurately identifying the optic disc (OD) and optic cup (OC) in retinal fundus images is essential for 

automated glaucoma detection. While conventional convolutional neural networks (CNNs) are 

successful at capturing local spatial information, they can frequently have problems understanding the 

broader context required for accurate boundary definition and object detection. The study presents an 

original TransNet that uses a GSO hybrid framework and implements K-fold cross-validation for the 

secure and adaptable diagnosis of glaucoma. Transformer-based global context modeling and CNN-

based local feature extraction are used in the proposed TransNet architecture for accurate segmentation. 

The Glowworm Swarm Optimization (GSO) algorithm continually changes essential hyperparameters, 

like the learning rate, dropout rate, and periodicity coefficients, to maximize convergence stability and 

minimize human interference. Cross-validation of K-folds allows better generalization and an accurate 

evaluation across a variety of data distributions. Based on experimental validation applying the Drishti-

GS1 and ORIGA retinal datasets, the proposed TransNet-GSO model improves the baseline CNN, U-

Net, and conventional TransNet architectures in segmentation accuracy and dice coefficient. The 

findings indicate that a reliable, data-efficient, and clinically feasible framework for automated 

glaucoma identification might be generated by integrating metaheuristic optimization with 

Transformer-based learning and cross-validation. With the help of the ORIGA datasets, our model 

achieves an accuracy of 0.99 for both the optic disk and the optic cup. 

 

Keywords: TransNet, Glowworm Swarm Optimisation, K-fold cross-validation, Fundus Image. 

 

1. Introduction 

Glaucoma is a degenerative optic nerve disorder and one of the leading causes of irreversible blindness 

worldwide.. Early detection is crucial because timely management can prevent or delay further visual 

loss. The cup-to-disc ratio (CDR) [1] is a crucial clinical indication for optic nerve damage, and retinal 

fundus imaging must be performed to identify glaucoma. Elevated intraocular pressure (IOP) gradually 

destroys the optic nerve fibers, leading to abnormalities in the retinal nerve fiber layer (RNFL) and 

changes to the cup-to-disc ratio (CDR). The optic disc, which represents the ONH's perimeter, remains 

relatively steady in size as the optic cup, the ONH's central depression, increases. Therefore, the area 

exhibiting these morphological changes is the region of interest (ROI) for glaucoma research.  
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After age 40, regular eye exams are required for early detection of glaucoma [2]. An effective and 

noninvasive approach for the early detection of glaucoma involves analyzing retinal fundus images 

captured by fundus cameras. The optic disc, recognized as the most prominent yellowish area of the 

retina, is crucial in identifying early signs of glaucoma. Changes in the shape of the optic cup can 

indicate the potential development of this condition. Ophthalmologists have historically examined 

fundus images by hand to look for indications of glaucoma in the optic nerve head. This manual 

approach is expensive, time-consuming, and subjective, reinforcing the need for automated diagnostic 

solutions. Accurate automated glaucoma diagnosis depends on the optic disc (OD) and optic cup (OC) 

being precisely split [3]. Because inter-observer variability and limited scalability make human 

segmentation hard, the development of reliable automated segmentation systems is required [4]. Deep 

learning [5], particularly convolutional neural networks (CNNs) [6,7,8,9], has transformed the 

paradigm of medical image processing. Architectures such as U-Net [10,11], Attention U-Net [11,12], 

and Dense U-Net [13,14] showed significant success in OD and OC segmentation by smoothly 

capturing local spatial hierarchies to improve boundary delineation [15].  

CNN-based algorithms generally fail to recognize global contextual dependencies, which may affect 

segmentation accuracy in challenging settings such as pathological disorders or insufficient image 

contrast [13]. Transformer-based systems [16,17,18] were recently used in medical imaging. TransNet 

[19] combines a CNN encoder and a Transformer module, successfully integrating local feature 

extraction and global context models. This hybrid framework improves border accuracy and 

segmentation precision. Deep learning models' efficacy is strongly dependent on an accurate choice of 

hyperparameters—such as learning rate, regularisation strength, and dropout rate which are typically 

selected by human modification, a time-consuming and often unsuccessful effort.  

 

Active contour models[20], morphological processes[21,22], and edge detection[23] were the most 

common segmentation methods for OD and OC. Despite their computational simplicity, these 

algorithms were highly sensitive to changes in lighting, contrast, and image imperfections, resulting 

in inconsistent segmentation results.Metaheuristic optimisation approaches [24] have increasingly 

been used for automated hyperparameter optimisation. Algorithms such as the Genetic Algorithm 

(GA) [25], Particle Swarm Optimisation (PSO)[26], Whale Optimisation Algorithm (WOA)[27], and 

Glowworm Swarm Optimisation (GSO)[28] effectively balance exploration and exploitation within 

complex parameter spaces. GSO's luciferin-based signalling mechanism provides a distinct advantage, 

allowing for adaptive neighbour selection and effective convergence to optimal solutions. CNN-based 

algorithms have achieved the best in retinal image segmentation [29]. Variants such as U-Net, Dense 

U-Net, and MobileNet-V3[30] demonstrate superior performance in terms of both speed and accuracy. 

Chen et al. (2024) [31] developed a comprehensive glaucoma screening system utilizing adversarial 

learning, boundary refinement, and a MobileNetV3 backbone for quick segmentation. Xiong et al. 

(2025) designed Multi-GlaucNet [32], a multitask deep learning network intended for immediate 

segmentation of the optic disc and retinal blood vessels, as well as detection of glaucoma.The 

architecture's interconnected elements provide complete retinal examination within a single, unified 

framework. A synopsis of the projected TransNet with GSO architecture for segmenting optic disc 

(OD) and optic cup (OC) in retinal fundus images, applying k-fold cross-validation. The architecture 

includes a Transformer module for global context representation, a CNN encoder for hierarchical local 

feature extraction, and a Glowworm Swarm Optimization (GSO) component for adaptive 

hyperparameter tuning. K-fold cross-validation enhances resilience and generalisation by reducing 

overfitting across data partitions. Hybrid CNN-Transformer architectures have recently emerged to 

capture both local and global contexts. Xia and Huang introduced a segmentation network that initially 

extracts local features via CNNs and subsequently utilizes a Transformer module to describe long-
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range interdependence. The addition of an ASPP (Atrous Spatial Pyramid Pooling) module optimizes 

multi-scale[9] representation of features, while CNN and Transformer features improve OD and OC 

segmentation accuracy. Metaheuristic optimization methods have been intensively studied for 

optimizing deep neural networks for medical image segmentation. PSO, GA, WOA, and GSO 

techniques have all been shown to improve model convergence and generalization. GSO, which 

simulates glowworm activity through luciferin-directed movement, maintains a dynamic balance 

between exploration and exploitation.  

This makes it particularly useful for optimizing hyperparameters in deep learning, including those in 

sophisticated hybrid architectures like TransNet. Deep learning-based glaucoma diagnosis has 

progressed considerably; yet, certain challenges persist with existing methodologies. The failure of 

most CNN-based segmentation networks to capture long-range dependencies results in inaccurate 

recognition of optic cup and disc boundaries in complex retinal images. Transformer-based models 

like TransNet have improved global feature extraction; yet, they remain susceptible to hyperparameter 

settings, which are often selected manually through trial and error. Because of a lack of adaptive 

optimisation methods, they exhibit reduced stability as they consistently perform across different 

datasets. Glowworm Swarm Optimisation (GSO) and other metaheuristic algorithms showed the 

potential for automated parameter adjustment; however, their application in improving Transformer-

based retinal segmentation networks remains primarily unknown. Many studies use single-split 

validation, which leads to overfitting and imprecise evaluations of performance.  

The automated glaucoma diagnostic system includes TransNet, GSO-based adaptive optimisation, and 

K-fold cross-validation, which are essential for achieving robust, precise, and generalizable 

segmentation. For precise segmentation of the optic disc (OD) and optic cup (OC) in retinal fundus 

images, we propose a hybrid TransNet–GSO framework combined with a k-fold cross-validation 

method.The proposed method combines the hierarchical local feature extraction capabilities of 

convolutional neural networks (CNNs) with the global contextual modeling power of Transformers 

within the TransNet architecture. Adaptive hyperparameter modification using the Glowworm Swarm 

Optimisation (GSO) algorithm provides optimal network convergence and improved segmentation 

accuracy.Applying k-fold cross-validation helps avoid overfitting and provides a comprehensive 

evaluation across multiple data segments, thereby overfitting and provides a comprehensive evaluation 

across several data segments, improving model resilience and generalizability.. Consequently, this 

integrated TransNet-GSO system seeks to attain enhanced segmentation precision, stability, and 

clinical dependability, presenting a viable instrument for automated glaucoma diagnosis and analysis. 

 

Fig.1.Graphical Abstract 

2. Methodology 

We have taken Fundus retina images, followed by preprocessing and normalization. The data were 

further passed through the Transnet Model. To minimize overfitting and learning rate, we have used 

the metaheuristic GSO optimization. The used datasets are tabulated below. 



International Journal of Applied Mathematics  

Volume 38 No. 9s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 15, 2025  2083 

2.1 Datasets: 

 Table 1 contains two publicly available Datasets, such as Dristi-GS1, ORIGA, and some collected 

images. Details on these datasets: 

Table 1: Collect the Fundus Image Dataset for OD and OC Segmentation 

Datasets No of 

Image

s 

Segmentatio

n 

/Classificatio

n 

Norma

l  

Glaucom

a 

Input Size Labelin

g  

Source 

Drishti-

GS1[33] 

101 Both 31 70 2896x194

4 

Label Aravind Eye 

Hospital, 

Madurai(India

) 

ORIGA[34

] 

650 Both 482 168 3072x204

8 

- Singapore 

Eye Research 

Institute 

Collected 

Images 

20 Both 15 5 528x542 - Kiran Medical 

Optics 

 

                                            Fig.2: Flow Chart of Our Proposed Model 

Figure 2 illustrates the flowchart of the suggested model. The main goal is to produce a pixel-wise 

label map of dimensions H × W from an input image, where H and W indicate the spatial dimensions, 

and C signifies the number of channels. Traditional convolutional neural networks (CNNs), like U-

Net, are designed to encode input images into high-level feature representations and subsequently 

decode these representations to reconstruct outputs at full spatial resolution. The suggested method 

incorporates Transformer modules in the encoder to improve feature representation. The model utilises 

self-attention mechanisms to effectively capture long-range spatial relationships, resulting in enhanced 

segmentation performance and superior contextual comprehension throughout the image. The input 

for the evaluation is delineated point by point below. In case of input images, the Optical disc and cup 

segmentation generally involves training two outputs (disc, cup); if we need both simultaneously, 

increase num_classes to 2 from our current single-channel setup.  

In the preprocessing segment, the changes of the image size are made to a fixed dimension of 256 x 

256 pixels, followed by normalizing the images to a range of [0, 1]. The Conversion of the grayscale 



International Journal of Applied Mathematics  

Volume 38 No. 9s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 15, 2025  2084 

masks to binary format [0 1] for the category disc and cup. When the data passed through the TransNet 

model, a transformer block is optionally added to the lightweight convolution encoder to capture global 

context. The decoder is symmetrical and features skip connections, along with upsampling. The final 

activation function may be either softmax for mutually exclusive classes or sigmoid for each mask 

channel, allowing for binary representation per channel. After that, we combine Dice loss and Binary 

Cross-Entropy (BCE), which is effective for handling unbalanced segmentation. For multi-class 

segmentation (such as disc and cup), use per-channel BCE plus Dice or categorical cross-entropy 

combined with soft-Dice. Every glowworm represents a set of candidate hyperparameters, specifically 

the learning rate (LR). Evaluation of each glowworm is done by utilizing its LR to train the model on 

the training data and assigning a score based on the validation set (using a metric such as the Dice 

coefficient). The fitness of each glowworm updates its luciferin value, and glowworms adjust their 

positions (learning rates) by moving toward brighter neighbors. Finally, the data evaluation is done to 

make predictions on the test set and calculate final metrics, use the best saved model and best LR. 

2.3 The algorithm of the Transnet-GSO model is shown below. 

Algorithm: 

Input: 

Dataset D={(xi,yi)} 

N_glowworm<-Population Size 

Max-iter<-Number of Iterations 

Lr-range<-[lr_min,lr_max] 

Wd-range<-[wd_min,wd_max] 
,p <-luciferin decay and enhancement coefficients 

 <-[.1,.5] 

Output: 

Best_model,M*,Best hyperparameters(lr,wd) and best dice score 

Procedure 

1 Preprocess datasets and split into x_train,x_val,x_test 

2.Initialize Population: 

For each glowworm Gi=1 to n) 

Gi.position={lri,wdi} 

Lri<-u(lrmin,lrmax) 

Wdi<-u(wdmin,wdmax) 

Gi.luciferin=0 

Gi.fitness= −  

For  iteration t=1 to max_iteration do: 

For each glowworm Gi: 

a: Train Transunet Model Mi 

Learning_rate=Gi.Position[0] 

Weight_decay=Gi.Position[1] 

(optimizer =adam(   with L2 regularization) 

b: Evaluate a validation set: 

fitnessi=dice(y_(xvalue) 

c: update luciferin 

li<-(1-p)*Li+  ,*fitnessi 

d: if fitnessi>best_fitness: 

saved M*,lr*,wd*,best_fitness 

for each glowworm Gi: 

find neighbor ni={Gj|Lj>Li} 

if Ni is not empty: 
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Choose Neighbour
iNkG  with probability (Lk-Li) 

s-random_uniform( )
max)min,  

update position  

Gi.position<-Gi.position+s*(Gk.position-Gi*position) 
],[ maxmin[ lrlrlr

ii   

],[ maxmin, WdWdwdi   

Output M*,lr*,Wd*,Best_fitness 

 

The proposed approach integrates Glowworm Swarm Optimisation (GSO) with TransNet, a hybrid 

convolutional-transformer segmentation model, to autonomously optimise two critical training 

hyperparameters: learning rate and weight decay. This facilitates the precise segmentation of the optic 

disc (OD) and optic cup (OC) areas from retinal fundus pictures. Manually selecting these 

hyperparameters frequently results in overfitting or suboptimal convergence. The GSO algorithm uses 

bioluminescent luciferin for communication to find brighter (more ideal) spots in the search space, 

similar to the behavior of glowworms. Each glowworm represents a particular combination of weight 

decay and learning rate. The Drishti-GS1 dataset's fundus images and segmentation masks are initially 

shrunk to 256×256 pixels for uniform input dimensions for the model. The images are then normalised 

to a range of [0,1] to enhance numerical stability during training.  

The masks are binarized, with 0 for background pixels and 1 for optic disc or cup pixels, which allows 

for obvious division between regions. The dataset has been split into training, validation, and testing 

subsets at a 70:15:15 ratio that allows for faster model training, parameter optimisation, and 

performance assessment. TransNet includes a Transformer encoder that captures global context 

through CNN-based feature extraction. The architecture of the model's encoder-decoder is similar to 

the U-Net. The encoder consists of multiple layers that incorporate pooling and convolution. The 

encoder consists of multiple layers that incorporate pooling and convolution. The transformer 

bottleneck improves contextual perception. The decoder uses skip connections in conjunction with 

upsampling algorithms. The Binary Cross Entropy (BCE) and Dice Loss are combined to reduce pixel 

imbalance and enable smooth boundary segmentation. 

DiceBCETotal +=                                                                                                                                                (1) 

This ensures that, during training, pixel accuracy and region overlap are maximized.The application 

of GSO to simultaneously maximize the learning rate (lr) and weight decay (wd) represents a 

significant breakthrough. 

],[ iii wdlrG = Where ]10,10[ 25 −−ilr ]10,10[ 26 −−iwd                                                                                        (2) 

The TransNet model is trained with suitable hyperparameters over several epochs. The Dice coefficient 

is calculated on the validation set to evaluate the brightness (fitness) of each glowworm. 

),()( valvali yyDiceGFitness =                                                                                                             (3) 

The brightness intensity, or fitness memory, is represented by luciferin and is updated as follows: 

)()()1()1( iii GxFitnesstxLtL  +−=+                                                                                                 (4) 

: Luciferin decay constant, : luciferin enhancement constant. 
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Each glowworm identifies the brighter (higher luciferin) glowing worms nearby. It interacts with one 

of them using a probabilistic method based on: 

 
−

−
=

iNk
ik

ij
ji

LL

LL
p

)(
,                                                                                                                 (5) 

The glowworm advances in the hyperparameter space toward the location of its chosen neighbor: 

)(1 t
i

t
j

t
i

t
i GGxGG −+=+                                                                                                                                             (6) 

Where ]5.0,1.0[  control is maintained between the step movements. 

We have attempted to implement a proposed model of TransNet–GSO for optic disc and cup 

segmentation. A transformer-based segmentation network (TransNet), along with the Glowworm 

Swarm Optimisation (GSO) algorithm and K-fold cross-validation, is suggested for precise 

segmentation of the optic disc (OD) and optic cup (OC) from retinal fundus pictures. Each input fundus 

image is enlarged to 256×256 pixels, normalised to the [0, 1] range, and enhanced by random flipping, 

rotation, scaling, and colour modifications to enhance the model's generalisation and robustness. A 

patch embedding module segments the preprocessed image into small, non-overlapping patches. Each 

patch is subsequently transformed into a series of tokens and input into the Transformer encoder. The 

encoder employs positional encoding and multi-head self-attention processes to efficiently capture 

long-range spatial correlations among the OD, OC, and adjacent retinal regions. The encoded 

characteristics are subsequently evaluated by a decoder that employs skip connections to get complex 

structure and boundary data.  

The decoder incrementally upsamples and incorporates multi-scale data, while two separate 

segmentation heads, one for the OD and another for the OC, generate probability maps with 

convolutional layers and sigmoid activation functions. The Glowworm Swarm Optimisation (GSO) 

method is used for automatically maximizing critical hyperparameters like learning rate, weight decay, 

dropout rate, loss weights, and segmentation thresholds. Each GSO agent indicates a prospective 

hyperparameter configuration, and its efficacy is determined using the aggregate Dice similarity 

coefficients of the OD and OC, combined with a geometric consistency penalty.GSO agents converge 

toward an optimal configuration that improves segmentation performance through iterative updates 

enabled by luciferin-based communication. The K-fold cross-validation technique is utilized to 

analyze models realistically and quantify performance metrics such as accuracy, F1-score, and Dice 

coefficient, which are used to evaluate model consistency. 

3. Experimental section 

3.1 Dataset and Preprocessing : 

The Drishti-GS1 and ORIGA datasets were employed for the testing, containing high-resolution 

fundus images as well as segmentation masks for the optic disc (OD) and optic cup (OC). Each image 

has been reduced to 256x256 pixels to maintain consistent input dimensions. The segmentation masks 

for the background, OD, and OC classes were converted into one-hot encoded format after normalizing 

the image's pixel intensities to the [0,1] range. This preprocessing method ensured the compatibility 

and numerical stability of the TransNet architecture. 

3.2 Selection of hyperparameters : The TransNet with GSO framework optimizes model 

performance and versatility by continuously changing the learning rate (lr) and weight decay (wd). 

Each agent denotes the particular combination of )(log10 lr  and )(log10 wd  that is randomly started 

within a given search area. The agents are evaluated by rapidly training the TransNet model on the 
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training dataset and confirming its validation accuracy. The agent with the highest validation accuracy 

is designated as the best choice at that time. Agents traverse the search space employing the efficient 

Glowworm Swarm Optimisation (GSO) approach. This approach involves changing the agents' 

positions using minute, random fluctuations. The hyperparameter combinations that increase 

validation performance are those to which agents converge after many iterations. After determining 

the best agent, the logarithmic data is transformed into actual learning rate and weight decay values. 

The TransNet model is fully trained on the fold, employing the most appropriate hyperparameters. 

This technique uses the optimal hyperparameters for each fold in cross-validation, minimizing both 

underfitting and overfitting. The pipeline enhances the accuracy and reliability of glaucoma diagnosis 

by using GSO, which automates hyperparameter tuning and avoids the need for manual trial and error.  

3.3 Training Configuration : 

The TransNet model was trained using 3-fold stratified cross-validation for the Origa datasets and 5-

fold cross-validation for the Dristi-GS1 dataset. This approach was employed to ensure that the 

distributions of optic disc (OD) and optic cup (OC) data remained consistent across all 

folds.  Glowworm Swarm Optimization (GSO) was employed to optimize the learning rate and weight 

decay for each fold, covering logarithmic ranges from to. The model was trained for twenty epochs 

with a batch size of sixteen, utilizing the Dice coefficient as the evaluation metric. The final TransNet 

model for each fold was trained using the Adam optimizer, with GSO determining the ideal learning 

rate over 20 epochs. The evaluation of segmentation performance used Dice scores for both OD and 

OC, whereas fold-wise metrics such as learning rate, training accuracy, and Dice scores were 

documented. The evaluation of segmentation performance utilized Dice scores for both OD and OC, 

whereas fold-wise statistics such as learning rate, training accuracy, and Dice scores were documented. 

All experiments were executed on GPU-accelerated hardware to guarantee efficient calculation. 

3.4 TransNet utilising GSO Object Detection: 

The TransNet model with Glowworm Swarm Optimization (GSO) is used to segment the optic disc 

(OD) and optic cup (OC) using the Drishti-GS1 dataset, which includes 100 high-resolution retinal 

fundus images. The dataset includes 70 training photos, 15 validation images, and 15 test images. 

Every image is automatically normalized and resized to 256 × 256 × 3 to provide uniform contrast and 

illumination. After twenty epochs of model training, the GSO technique improves the Dice coefficient 

by fine-tuning key hyperparameters such as learning rate and weight decay. Transformer blocks and a 

convolutional encoder-decoder structure are used in the TransNet design to capture contextual 

information at both the local and global levels. The TransNet model, improved with Glowworm Swarm 

Optimization, is used to segment the optic disc (OD) and optic cup. The optimized TransNet-GSO 

model performed very well, as shown by a mean Dice coefficient of 0.95, specificity of 97.2%, recall 

(sensitivity) of 95.4%, precision of 96.1%, and average training accuracy of 96.5% across five 

stratified folds. These findings indicate the model's ability to distinguish between OD and OC limits, 

establishing a solid platform for automated glaucoma detection and retinal structural evaluation. 

4. Results and Discussion 

The proposed hybrid-based segmentation technique was evaluated on the ORIGA dataset to determine 

its effectiveness in segmenting the optic disk and cup. The model attained an excellent 99.77% 

accuracy at a learning rate of 0.007416, suggesting strong prediction stability and convergence during 

training. A specificity of 0.92 suggests the model effectively differentiated between disk/cup and non-

disk regions, resulting in fewer false positives. Furthermore, the recall of 96.94% demonstrates the 

model's ability to correctly recognize most real optic disc and cup pixels. A Dice similarity coefficient 

of 93.15% confirms the substantial overlap between the predicted segmentation maps and the expert-

annotated ground truth, demonstrating the correctness of the hybrid optimization-based method. The 

visual results in Figure 3 show that the model successfully maintains the anatomical. 
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Fig. 3: Hybrid method using meta-heuristic segment Optic Disc and Cup a) Original 

Fundus Image b) Ground Truth c) Segmented Optic Disc(OD) and Optic Cup(OC). 

The segmentation accuracy of the proposed TransNet with Glowworm Swarm Optimization (GSO) 

architecture was tested for both the optic disc (OD) and the optic cup (OC) using two benchmark 

retinal datasets, Drishti-GS1 and ORIGA. Five-fold cross-validation on the Drishti-GS1 dataset 

consistently produced good training accuracy, ranging from 0.96 to 0.97, indicating that the model has 

successfully converged. Although the Dice values for OD and OC were poor (
1312 1010 −− − ), showing 

problems in precisely recognizing smaller anatomical structures due to class imbalance, the mean Dice 

coefficient (0.96) indicates strong segmentation performance overall. The ORIGA dataset was used to 

test the model's durability across diverse image scales, both cropped and uncropped. The model 

significantly improved the Drishti-GS1 results for cup boundary identification in cropped ORIGA 

images, with mean Dice scores ranging from 0.96 to 0.98 and a training accuracy of 97%. Uncropped 

images showed consistent performance, with accuracy exceeding 99%, precision ranging from 0.84 to 

0.96, and recall up to 0.98, demonstrating high generalization across folds. These results show the 

framework's robustness and adaptability to a variety of dataset features and preprocessing conditions. 

Table 2: Five-fold cross-validation from Dristi GS1 datasets using the Hybrid Method 

F

ol

d 

Learni

ng_Ra

te 

Training

_Accura

cy 

Mea

n_Di

ce 

Dic

e_B

G 

Dic

e_O

D 

Dic

e_O

C 

T

P 

TN FP F

N 

Re

cal

l 

Spec

ificit

y 

Pre

cisi

on 

F1_

Sco

re 

1 0.0081 0.9661 0.93

43 

0.9

832 

1.17

98 

6.5

703 

20

97

1 

66

93

47 

27

85

3 

27

25 

0.8

85

0 

0.96 0.4

295 

0.57

83 

2 0.0041 0.9736 0.95

99 

0.9

873 

1.18

82 

4.7

711 

12

22

3 

63

30

80 

81

3 

92

44 

0.5

69

3 

0.99

87 

0.9

376 

0.70

85 

3 0.0029 0.9667 0.94

89 

0.9

820 

1.34

31 

6.3

824 

15

22

1 

61

52

14 

17

03

3 

78

92 

0.6

58

5 

0.97

30 

0.4

719 

0.54

98 

4 0.0051 0.9712 0.96

17 

0.9

859 

1.01

69 

3.7

713 

11

65

8 

63

16

42 

25

47 

95

13 

0.5

50

6 

0.99

59 

0.8

206 

0.65

90 

5 0.002 0.9667 0.96

27 

0.9

821 

1.20

81 

6.7

980 

83

28 

63

10

78 

12

95 

14

65

9 

0.3

62

2 

0.99

79 

0.8

654 

0.51

07 

 

We illustrate the accuracy of the TransNet with the GSO model in optic disc and cup segmentation 

using the five-fold cross-validation data shown in Table 2. The Glowworm Swarm Optimisation 

(GSO) technique is used to dynamically modify each fold's learning rate. Training accuracy is 
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consistently high (between 0.96 and 0.97), indicating effective model convergence. A mean Dice 

coefficient of 0.93 to 0.96 shows that the predicted masks roughly match the ground truth.  

 

Table 3: Three-fold Cross-validation Cropped image from ORIGA Datasets using 

Hybrid Method 

F

o

l

d 

Learn

ing_R

ate 

Trainin

g_Accu

racy 

Mea
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Dic

e_

BG 

Dice
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TP TN F
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F

N 
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F1_

Sco
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0.97879
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8 
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98 
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8 
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42 
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68 
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1 
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8 
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06 
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4e-

01 
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0e-

14 
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47 
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5 
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23

6 

0.8
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31 
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819

2 

0.9

117

78 

0.9

004

14 

 

The three-fold cross-validation performance of the TransNet model in segmenting the optic disc (OD) 

and optic cup (OC) utilising the Glowworm Swarm Optimisation (GSO) method is presented.  Table 

3 summarizes our findings. The model consistently shows convergence across folds (0.001-0.038), 

with the learning rate determined independently for each fold. The training accuracy, which ranges 

from 97.8% to 99.0%, is consistently high, indicating that the network accurately identifies key retinal 

properties. The background class (Dice_BG = 0.99) dominates the mean Dice coefficients (0.96-0.98), 

demonstrating excellent overall segmentation efficacy.  

Table 4: Three-fold Cross-validation Uncropped images from ORIGA Datasets using Hybrid 

Method. 
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0.8
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0.9
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0.7
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05 

0.3

499

54 

640

324

4 

718
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8 

261
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450

67 

0.9
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0.7
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94
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We have provided an assessment of the performance of a retinal optic disc and cup segmentation model 

across three cross-validation folds in Table 4. Each fold was trained at its respective optimal learning 

rate to evaluate the model's generalisation ability. The training accuracy demonstrated a consistent 

learning pattern, maintaining an overall rate of 81% throughout folds. The mean Dice coefficient, 

ranging from 0.72 to 0.76, indicated a segmentation capability that was good to exceptional. The 

model's higher Dice scores for the optic disc compared to the optic cup showed that disc boundaries 

were more precisely identified. The model exhibited commendable performance in optic disc 

segmentation; yet, it requires further refinement for optic cup border detection. 

Table 5: Three-Fold Cross-Validation One-Stage Approach OD Segmentation Performance 

Analysis using Hybrid Method 

Fo

ld 

Learn

ing 

Rate 

TP TN  FP FN Recal

l 

Specifi

city 

Precis

ion 

F1 Accur

acy 

Dice 

1 0.005

773 

2806

47 

13889

332 

233

98 

279

35 

0.909

473 

0.9983

18 

0.923

044 

0.916
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2 0.007
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2527

67 

13931
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109

50 

262

06 
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15 
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3 0.002
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2850

67 

13794
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96 
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4 

0.969

447 

0.9951

24 

0.808

327 

0.881

585 

0.994
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0.881

586 

The performance assessment of the proposed model is demonstrated by three cross-validation folds, 

underscoring its consistency and reliability in segmentation accuracy, as illustrated in Table 5. The 

model's performance and convergence are influenced by slight fluctuations in the learning rate applied 

in each fold. It effectively differentiated between target and background regions, as demonstrated by 

specificity values surpassing 0.99 in all folds. When the total accuracy and Dice coefficients exceed 

0.88 in each fold, the segmentation outcomes are reliable and of satisfactory quality.  

Table 6: Two stage approach OD and OC segmentation from ORIGA datasets using the 

Hybrid Method 

OD 

Fol

d 

TP TN  FP FN Recall Specifici

ty 

Precisio

n 

F1 Accurac

y 

1 27956

3 

1388750

3 

2522

7 

2903

4 
0.9060 0.9982 0.9172 0.9116 0.9956 

2 27407

1 

1389250

7 

2022

3 

3452

6 

0.8880 0.9985 0.9315 0.9093 0.9958 
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0.8942 0.9988 0.9451 0.9190 0.9966 

OC 

Fol

d 

TP TN  FP FN Recall Specifici

ty 

Precisio

n 

F1 Accurac

y 

1 
384 5279550 2604 

4226

2 

0.00900

4 

0.999507 0.12851

4 

0.01683

0 

0.99157

4 

2 
36338 5244346 

3871

0 
5406 

0.87049

6 

0.992673 0.48419

7 

0.62226

9 

0.99171

5 

Table 6 shows the differences in detection accuracy, recall, and precision seen in the model's 

performance across numerous folds. These findings indicate the model's generality across different 

data segments. The model commonly displays robust specificity and high accuracy of more than 

0.99, indicating its dependable ability to identify non-target regions. Fold 1 has a balanced 

performance with high sensitivity and low false detections, which is demonstrated by a recall value of 

0.906, a precision of 0.917, and an F1 score of 0.911. Fold 2 has a steady F1 score of 0.909, owing to 

its somewhat lower recall (0.888) and higher precision (0.931).  Fold 3 displays a higher precision 

score of 0.945a and a better F1 score of 0.919, both of which indicate increased segmentation accuracy 

with fewer false positives. This means that the model correctly detects the majority of positive cases. 

Our model demonstrates high accuracy and specificity across multiple folds; however, its ability to 

identify and distinguish positive regions varies. Among the different folds, Fold 2 from the second set 

and Fold 3 from the first set exhibit the most reliable and balanced performance. We found that 

applying Glowworm Swarm Optimization (GSO) enhanced the TransNet architecture by continually 

modifying the learning rate, batch size, and dropout rate throughout the training phase. The TransNet 

with the GSO model excelled over other optimization methods, including PSO, Firefly, Whale, and 

Grey Wolf Optimizer (GWO), with the highest test accuracy of 0.9884 and a Dice coefficient of 0.5207 

among the metaheuristic variations tested. The adaptive modification of parameters using GSO 

enhanced the model's capability to identify subtle intensity differences between the optic disc and cup 

regions while also ensuring stability in convergence. 

Table 7: Performance Analysis of Different Deep Learning Models for Optic Disc and Optic 

Cup Segmentation 

Model   T

P 

T

N 

F

P 

F

N 

Precisi

on 

Reca

ll 

Specifici

ty 

F1 Accura

cy 

Resnet50+RF O

D 

 

1 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

2 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

3 21

3 

0 3 0 0.9861

11 

1.0 0.0 0.9930

07 

0.9861

11 

O

C 

1 21

1 

1 5 0 0.9768

52 

1.0 0.16666

7 

0.9882

90 

0.9769

59 

2 21

1 

0 6 0 0.9723

50 

1.0 0.00000

0 

0.9859

81 

0.9723

50 

3 21

0 

0 6 0 0.9722

22 

1.0 0.00000

0 

0.9859

15 

0.9722

22 



International Journal of Applied Mathematics  

Volume 38 No. 9s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 15, 2025  2093 

InceptionV3+RF O

D 

1 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

2 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

3 21

3 

0 3 0 0.9861

11 

1.0 0.0 0.9930

07 

0.9861

11 

O

C 

1 21

2 

0 5 0 0.9769

59 

1.0 0.0 0.9883

45 

0.9769

59 

2 21

2 

0 5 0 0.9769

59 

1.0 0.0 0.9883

45 

0.9769

59 

3 21

1 

0 5 0 0.9768

52 

1.0 0.0 0.9882

90 

0.9768

52 

MobileNetV3Large

+RF 

 

O

D 

1 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

2 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

3 21

3 

0 3 0 0.9861

11 

1.0 0.0 0.9930

07 

0.9861

11 

O

C 

1 21

1 

1 5 0 0.9768

52 

1.0 0.16666

7 

0.9882

90 

0.9769

59 

2 21

1 

0 6 0 0.9723

50 

1.0 0.00000

0 

0.9859

81 

0.9723

50 

3 21

0 

0 6 0 0.9722

22 

1.0 0.00000

0 

0.9859

15 

0.9722

22 

VGG19+RF 

 

O

D 

1 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

2 21

4 

0 3 0 0.9861

75 

1.0 0.0 0.9930

39 

0.9861

75 

3 21

3 

0 3 0 0.9861

11 

1.0 0.0 0.9930

07 

0.9861

11 

O

C 

1 21

1 

0 6 0 0.9723

50 

1.0 0.0 0.9859

81 

0.9723

50 

2 21

1 

0 6 0 0.9723

50 

1.0 0.0 0.9859

81 

0.9723

50 

3 21

0 

0 6 0 0.9722

22 

1.0 0.0 0.9859

15 

0.9722

22 
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We have evaluated the efficacy of four hybrid deep learning models for the segmentation or 

classification of the optic disc (OD) and optic cup (OC): ResNet50[35] combined with Random Forest 

(RF), InceptionV3[36] with RF, MobileNetV3Large[30] with RF, and VGG19[37] with RF, as 

presented in Table 7. The performance of each model is evaluated on three distinct levels. True 

Positives (TP), True Negatives (TN), False Positives (FP), False Negatives (FN), Precision, Recall, 

Specificity, F1 score, and Accuracy are some of the measures. All models, including ResNet50 with 

RF, InceptionV3 with RF, MobileNetV3Large with RF, and VGG19 with RF, exhibit comparable 

performance across all folds in the optic disc (OD) detection test. The models consistently identify 

optic discs with few false positives and no missed detections, evidenced by a precision of 

approximately 0.986, a recall of 1.0, and an accuracy nearing 0.986. The remarkable consistency and 

equilibrium between memory and precision are additionally corroborated by the F1 score (≈0.993). 

All models have precision values ranging from 0.972 to 0.977, while recall remains consistently near 

1.0, signifying adequate sensitivity and minimal false positives. The models remain operationally 

reliable; however, they exhibit somewhat reduced accuracy compared to OD segmentation, as 

indicated by the F1 scores (~0.986–0.988) and accuracy metrics (~0.972–0.977). 

Table 8: Performance Analysis of Transnet with Different Met heuristic Methods 

Model With Meta 

Heuristic 

Optimized 

Learning Rate 

Optimized 

Dropout 

Optimized 

Batch Size 

Test Dice 

Coefficient 

Test 

Accuracy 

 

Transnet+PSO : 0.001168 0.10 

 

6 0.8063 0.9805 

Transnet+Whale 0.000014 

 

0.29 10 0.0522 0.9711 

Transnet+Firefly[38] 0.000010 

 

 

    0.39 

 

7 0.0536 0.9685 

Transet+GWO[39] 0.000094 

 

0.49 14 0.4010 0.9711 

Transnet+Artificial 

Bee Colony[40] 

0.000032 

 

.23 8 1.0567 0.3332 

Transnet+Elephant 

Herding[41] 

0.000736 

 

.39 8 : 0.0005 0.2345 

Transnet+GSO 

(Proposed) 

0.002637 

 

.10 10 0.5207 0.9884 

 

The TransNet with PSO model demonstrated competitive efficacy, attaining consistent convergence 

and effective parameter optimisation as shown in Table 8. It achieved a Dice coefficient of 0.8063 and 

an overall accuracy of 0.9805, demonstrating its resilience and dependability in segmenting retinal 

structures. A comprehensive comparison was conducted across several segmentation models to 

validate our results. Models such as VGG-19 with SGDM, ResNet-101, InceptionV3, MobileNetV3-

Large, and DenseNet were evaluated. VGG-19 with SGDM achieved 91.77% on Drishti-GS1 and 

98.50% on ACRIMA, while traditional CNNs reached up to 96.64%. The proposed Transnet with GSO 

achieved superior accuracy (99%) and recall (0.88–0.96). For optic cup segmentation, it attained 85–

96% accuracy on ORIGA and RIM-ONE. With F1 scores between 0.62–0.92 and specificity above 

0.99, the TransNet–GSO hybrid framework demonstrated improved segmentation precision, 

sensitivity, and generalization over existing deep learning and traditional models. 
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Table 9: Performance Analysis OD and OC Segmentation: Existing Model with our 

Proposed Model 

Model Split Recall Specificit

y 

precissio

n 

F1 Accurac

y 

Datasets 

18–layer 

CNN[42] 

70 

trainin

g 

30 

testing 

- 97.39% 97.74%, - 96.64% ACRIMA 

DenseNet[43] - - - - - 75.50 5978 Fundus 

Images 

Collected 

active and 

transfer 

learning[20] 

2,072 

images 

trainin

g 

 91 %    8,433 

Collected 

Fundus 

Images 

VGG-

19+SGDM [44] 

70 

trainin

g 

30 

testing 

98.09% 49.17% 92.87% - 91.77% DRISHTI-GS

1 

99.10% 97.70% 98.30% - 98.50% ACRIMA 

ResNet-

101[45]+SGD

M 

Xception[46] 70 

trainin

g 

30 

testing 

0.9346 0.8580   0.8908 ACRIMA 

Yanbao[47]  0.7860 0.7654   0.7731 DRISHTI-GS

1, ORIGA 

Linear Vector 

Quantizer-

Artificial 

Neural 

Network[48] 

- 95.71 93.55   95.05 DRISHTI-

GS1 

83.33 86.10   85.38 ORIGA 

94.87 96.74   96.18 RIM-ONE 

Dynamic 

Support Vector 

Machine 

(DSVM)[49] 

- - - - - 97.2 RIM-ONE 

- - - - - 85.5 ORIGA 

Two-

dimensional 

Fourier-Bessel 

series 

expansion-

based empirical 

wavelet 

transform (2D-

FBSE-

EWT)[50] 

 0.970 1   0.990 Drishti-GS1 

 0.919 0.948   0.923 ORIGA 
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Proposed 

Method 

O

D 

1 0.9060 0.9982 0.9172 0.9116 0.9956 ORIGA 

2 0.8880 0.9985 0.9315 0.9093 0.9958 

3 0.8942 0.9988 0.9451 0.9190 0.9966 

O

C 

1 0.00900

4 

0.999507 0.128514 0.01683

0 

0.99157

4 

2 0.87049

6 

0.992673 0.484197 0.62226

9 

0.99171

5 

O

D 

1 0.88500

2 

0.960050 0.429522 0.57835

1 

0.96614

9 

Dristi-gs1 

 

2 0.56938

6 

0.998717 0.937634 0.70851

8 

0.97362

4 

3 0.65854

7 

0.973060 0.471910 0.54982

2 

0.96675

8 

4 0.55065

9 

0.995984 0.820697 0.65909

1 

0.97123

5 

5 0.36229

2 

0.997952 0.865427 0.51076

4 

0.96671

1 

5. Conclusion 

The proposed Transnet employs glowworm swarm optimization and K-fold cross-validation 

techniques to accurately segment the optic disc and optic cup for glaucoma classification from fundus 

images. Our model combines CNNs' ability to extract local features with Transformer modules' 

capacity to model long-range dependencies, while GSO adaptively fine-tunes key hyperparameters for 

optimal convergence and performance. Integrating GSO into the TransNet framework substantially 

enhances the model's ability to generalize across the Dristi-GS1 and Origa datasets. We use K-fold 

cross-validation to ensure accurate performance evaluation by reducing bias and overfitting, leading 

to consistent results across various data partitions and distributions. The proposed TransNet-GSO 

achieved remarkable segmentation results, with mean Dice coefficients up to 0.98 and accuracies 

exceeding 99% on the ORIGA and Dristi-GS1 datasets. We compare our model to several well-known 

models, including the 18-layer CNN, DenseNet, ResNet-101 with Stochastic Gradient Descent 

Momentum (SGDM), Xception, Linear Vector Quantizer-Artificial Neural Network, Dynamic 

Support Vector Machine (DSVM), and the 2D-FBSE-EWT based on Fourier-Bessel series expansion. 

Our model was tested on both cropped and uncropped images. The comparison shows that both one-

stage and two-stage methods perform strongly on the Origa and Dristi-GS1 datasets used in the staged 

approach. We plan to enhance the system by adding multi-scale attention mechanisms and adaptive 

loss weighting algorithms to further improve segmentation robustness. Additionally, integrating 

multimodal imaging data, including optical coherence. 
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