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ABSTRACT 

In this work, a Deep Learning (DL) technique utilizing a 3D ResNet18 model supplemented with a 

Convolutional Block Attention Module (CBAM) was proposed to successfully extract volumetric 

characteristics while prioritizing the most informative spatial areas for classification. The data comprised 

labeled Optical Coherence Tomography (OCT) volumes processed with normalization, resizing, 

augmentation, and balanced splitting to minimize data leakage. The experimental results indicated that the 

model obtained stable performance, with validation and test AUC values of 0.9640 and 0.9495, 

respectively, and corresponding accuracy rates of 87.88% and 85.59%. Additionally, a comparison with 

previous models further validated the effectiveness of the current model. These results confirm that the 

framework can reliably achieve high sensitivity and specificity in separating glaucoma from normal cases. 

Keywords-OCT scans; glaucoma detection; 3D ResNet18; CBAM 
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I. INTRODUCTION 

OCT is a non-invasive technique that enables the 
visualization of high-resolution cross-sectional retinal 
structures, allowing the detection of morphological changes 
that are not visible with traditional approaches [1]. OCT has 
become more advanced with its ultra-high-resolution version, 
which gives better scans and reduces time [2]. Additionally, the 
Anterior Segment OCT (AS-OCT) is utilized for the 
characterization of the anatomical structures and helps identify 
possible risk factors [3, 4]. 

Despite these advantages, the OCT imaging technique still 
has challenges. For example, manual evaluation by experts, 
while effective, is time-consuming, subjective, and prone to 
inter-observer variability. Moreover, OCT can capture only a 
part of the eye, causing a limited assessment. To prevent this 
limitation, OCT has been enhanced by a whole-eye imaging 
technique which enables the examination of the full ocular. As 
there are many complications regarding eye diseases, there is a 
need for early detection. The integration of Artificial 
Intelligence (AI) into ocular imaging can handle large amounts 
of data and plays a significant role in the diagnosis and 
management of ophthalmological diseases like glaucoma with 
high accuracy [5, 6]. 

Glaucoma is a neurodegenerative disease that results in 
irreversible blindness and vision loss due to the death of 
Retinal Ganglion Cells (RGCs). Although there are many 
clinical examinations for this, OCT imaging - particularly 
Spectral Domain OCT (SD-OCT) - is widely utilized for 
glaucoma diagnosis offering high accuracy [7]. Specifically, 
this method evaluates different parameters, which are crucial 
for glaucoma detection, like the Retinal Nerve Fiber Layer 
(RNFL) thickness, macular parameters, and Optic Nerve Head 
(ONH) morphology. DL techniques, such as 2D and 3D 
Convolutional Neural Networks (CNNs), may directly learn the 
features from OCT images. 2D CNNs are able to process B-
scans and make predictions of the volume, while 3D CNNs are 
capable of capturing spatial context directly from the 
volumetric OCT data [8]. The OCT imaging approach has the 
ability to visualize Aqueous Humor Outflow (AHO), providing 
valuable insights for monitoring Intraocular Pressure (IOP) 
regulation, and serves as an effective therapeutic intervention 
[9]. 

Various ML and image processing models have been 
applied to detect glaucoma through OCT images, including 
CNNs, Recurrent Neural Networks (RNNs), as well as self-
organizing maps for automated feature extraction and 
classification of OCT scans. Ensemble learning approaches, 
residual networks, and Fully Convolutional Networks (FCNs) 
have presented excellent performance in glaucoma detection. 
Additionally, segmentation-based techniques, such as 
superpixel classification, thresholding, edge-based 
segmentation, and fuzzy morphological algorithms, have been 
adopted. Furthermore, advanced customized models, like 
Inception-v3 and ResNet, have been evaluated on publicly 
available OCT datasets, enabling the automatic detection of 
glaucoma. All these computational approaches represent a wide 

range of frameworks that aim at enhancing automated 
glaucoma detection [10, 11]. 

Authors in [12] evaluated several DL models in order to 
improve the proposed model's accuracy and demonstrated that 
their proposed method achieved better performance in both 
classification and segmentation of brain tumors. In [13], a 3D 
computational microscopy framework called Optical 
Coherence Refraction Tomography (OCRT) was investigated. 
The physics-based model utilized refraction-aware iterative 
reconstruction algorithms to accurately recover volumetric 
tissue structures. Synthesized as well as biological datasets 
were evaluated, achieving higher resolution 3D reconstructions 
and reduced artifacts, indicating the advanced imaging 
capabilities of OCRT. Similarly, authors in [14] devised a non-
invasive, label-free 3D Doppler-OCT (D-OCT) method for 
tumor spheroid detection. This dynamic contrast algorithm 
exploited temporal speckle changes to visualize cellular 
activity and subsequent tissue microstructural changes while 
maintaining spatial and temporal resolution. 

In [15], a 3D CNN framework was proposed, driven by 
attention to detect glaucoma from 3D volumetric OCT images. 
This approach drew attention over relevant portions of the 
retina and increased the analysis of the relationship between 
structure and function. It was tested on datasets containing 
healthy retinas and retinas that were diagnosed with glaucoma, 
with the results revealing improved eye health diagnosis and 
stronger structure-function correlations compared to 
conventional measures. Additionally, authors in [16] 
incorporated sequential 2D OCT scans into volumetric 3D 
images, enabling depth-resolved reflectivity profiles from both 
human retina and skin to provide microstructural information. 
Following that, in [17], a novel 3D SD-OCT method was 
utilized for the detection of fluid-filled regions in the macula. 
The authors quantified retinal texture and applied classification 
algorithms that had been validated on datasets of patients. The 
goal was to provide a better diagnostic accuracy compared to 
the standard method of 2D analysis. 

A technique for automated segmentation of the optic disc in 
3D OCT images was utilized in [18], incorporating geometric 
constraints and image intensity characteristics. An accurate 
delineation of optic disc boundaries was based on segmentation 
results from a graph and was validated using expert annotations 
on glaucoma and healthy datasets. Similarly, a 3D spectral 
OCT retinal vessel segmentation methodology was applied in 
[19], employing intensity, gradient, and structural features. The 
results revealed effective vessel extraction and generated 
detailed 3D vascular maps from the scans based on human 
retina imaging, demonstrating an accurate volumetric analysis 
of retinal structures obtained from OCT data. Authors in [20] 
introduced a 3D OCT synthetic data generation method using 
Active Shape Models that preserve the statistical and textural 
properties of real-world datasets, even in cases of diabetic 
macular edema, with the aim of providing benchmarks and 
augmentation for deep learning. Apart from these, a motion 
correction framework was created based on optimized image 
registration and orthogonal scans that reduced errors in retinal 
thickness and vascular mapping in healthy and glaucomatous 
eyes [21]. Similarly, in [22], a two-stage thin-plate spline 
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correction for axial artifacts in SD-OCT scans was introduced, 
significantly increasing the accuracy of 3D retinal 
reconstructions and alignments with reference surfaces. 

Authors in [23] developed a lightweight CNN model for the 
detection of macular edema in OCT images. Deep OCT used 
prior analysis, including BM3D denoising, flattening retinal 
layers, and cropping to achieve strong performance metrics and 
generate feature activation maps that outline potential areas of 
pathology. A forward-looking resonant fiber-optic endoscope 
was examined in [24] for fast retina 3D imaging, containing 
advanced imaging capabilities, such as resonant scanning 
frequencies, providing the user the opportunity to select, and 
imaging the tissue in real-time at 40 kHz with swept-source 
OCT. Improvements in resolution, speed, and penetration were 
highlighted in [25] through the use of broad-bandwidth light 
sources and fast-speed detection, which allowed for deeper 
retinal and choroidal visualization with less motion artifacts 
throughout 3D OCT. 

Beyond biomedical applications, authors in [26] 
demonstrated the use of OCT in art conservation by employing 
en-face systems at 850 nm and 1300 nm to non-invasively 
image paintings. High-resolution B- and C-scans revealed 
varnish, paint layers, and under-drawings that would allow 
conservators to view preparatory layers without damaging the 
paintings. In [27], a deep ensemble CNN capable of automating 
the segmentation of all three retinal fluid types in OCT images 
was presented. It was evaluated on the RETOUCH dataset, 
effectively segmenting cysts (fluid) in pathologies, such as 
macular edema and age-related macular, while it also 
outperformed prior methods with an increase in overall 
accuracy of 1.8%. Finally, authors in [28] developed a non-
rigid 3D motion correction framework for OCT angiography, 
able to align axial layers and vascular features, which was 
robust even in pathological cases. 

Studies on 3D OCT imaging for disease detection provide 
valuable insights into the rapid advancements of imaging 
systems, computational algorithms, and DL frameworks. 
However, several research gaps remain. A major limitation is 
the usage of small, disease-specific or synthetic datasets, 
causing issues of data imbalance, less generalization, and 
reduced clinical applicability. Additionally, while 
computational imaging models and high-speed OCT hardware 
have improved resolution and acquisition speed, their high cost 
and computational requirements restrict real-time deployment 
in clinical practice. To address these challenges, the current 
study presents a DL framework using a 3D ResNet-18 
architecture to capture spatiotemporal and volumetric features 
from OCT data. The network was further enhanced by the 
integration of Convolutional Block Attention Module (CBAM) 
and a classification head was utilized to map the extracted 
representations for glaucoma detection. 

II. METHODOLOGY 

A. Dataset Description 

This study employed 3D OCT volumes, which were saved 
in .npy format. Each file corresponded to a single OCT volume 
with the labels "Normal" or "Glaucoma". "Normal" represents 
a retinal structure that is healthy, while scans from patients 

diagnosed with glaucoma belonged to the "Glaucoma" class. 
Data leakage was prevented by incorporating a patient 
identifier in every filename, which ensured that all scans from 
the same patient appear only in one subset. The dataset was 
divided as a patient-wise split: 80% train, 14% test, and 6% 
validation. This division ensured that the model was evaluated 
on completely unseen patients. This led to an imbalance in the 
dataset since normal and glaucoma cases were not equally 
distributed. For this reason, augmentation and minority class 
oversampling was applied to balance the sample size of 
training data [29]. 

B. Pre-Processing 

OCT scans were preprocessed to make the data clean, 
uniform, and ready for training. Each scan was normalized by 
scaling its pixel values to the range [0, 1], which made training 
more stable and prevented calculation errors. All scans were 
then resized to 1 × 64 × 64 × 128 using interpolation, since the 
original scans had different dimensions. To improve robustness 
against variability in imaging conditions and patient anatomy, 
data augmentation was applied on the training set using the 
TorchIO library. This included random affine transformations 
(scale factor 0.9 - 1.1 and rotations up to ± 10°) to simulate 
geometric variability, random flips along spatial axes to mimic 
mirrored anatomy, and random Gaussian noise was added to 
the scans to imitate the type of noise that usually appears 
during the image capturing process. 

C. Proposed Model 

Figure 1 illustrates the proposed model, which combines a 
3D ResNet18 backbone with a CBAM, to classify glaucoma 
from OCT volumes. Next, a preprocessed 1 × 64 × 64 × 128 
OCT scan was taken, with the three axes indicating the retinal 
volume and the single channel showing grayscale intensity. 
The model started with a 3D convolutional preprocessing block 
using sequential normalization, ReLU configuration, and a 7 × 
7 × 7 kernel with stride 2 and padding 3, followed by a max-
pooling layer, while keeping important spatial features that 
reduce the size. 

 

 

Fig. 1.  Proposed architecture of 3D RCBAM. 
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The main feature extraction was performed using the 3D 
ResNet18 backbone, which contains four residual stages with 
increasing filter sizes (64, 128, 256, and 512) and skip 
connections that help secure the information. After feature 
extraction, the CBAM module used channel attention and 
spatial attention to identify the most important areas and 
patterns in the OCT images that are related to glaucoma. The 
refined features were then passed through a Global Average 
Pooling (GAP) layer to create a 512-dimensional vector of 
attributes that was supplied to a Fully Connected (FC) layer 
and had a SoftMax activation to classify the input. The model 
was trained with an optimization process that updates weights 
to reduce classification errors, allowing it to effectively capture 
both large and small details in the scans while focusing on the 
areas that are most important to glaucoma detection. 

D. 3D ResNet18 

Figure 2 depicts the 3D ResNet18 model adapted from the 
standard 2D ResNet18 designed for medical imaging tasks 
such as OCT scans. The 3D ResNet18 uses three-dimensional 
convolutions that also store features across height, width, and 
depth, securing volumetric historical data compared to the 2D 
version. The input was an OCT volume represented as a tensor 
of dimensions 1 × 64 × 64 × 128 (channels × depth × height × 
width), which was reduced, creating a feature model with a size 
of 64 × 32 × 32 × 64. The network started with an initial 
convolutional block based on a 7 × 7 ×7 3D convolution with 
stride 2. 

 

 

Fig. 2.  3D ResNet18 model. 

The core of the network was organized into four residual 
stages, each containing multiple residual units. A residual unit 
consisted of two 3 × 3 × 3 convolutional layers, each followed 
by batch normalization and ReLU activation. ResNet is defined 
by its use of unique skip connections, which help the input of a 
block, x, to bypass the convolutional layers and connect right to 
the output of the residual layer. The process of transformation 
can be defined mathematically as: 

� =  ���, �	 + �    (1) 

where f(x, w) represents the residual mapping learned by the 
convolutional layers with weights w, and y is the output of the 
block. 

By addressing the issue of vanishing gradients, this 
approach made it simpler to train more complex networks 
quickly. Conv1 generated 64 feature maps of size 32 × 32 × 64, 
Conv2_x kept 64 feature maps, Conv3_x grew to 128 feature 
maps, Conv4_x grew to 256 feature maps, and Conv5_x 
generated 512 feature maps. Following the last residual stage, 
the 3D feature maps were reduced into a small vector structure 
using GAP, giving a 512-dimensional feature vector. The 3D 
ResNet18 utilized this vector as the high-level volumetric 
feature. 

E. CBAM 

CBAM was placed after the ResNet backbone, to 
strengthen the extracted features. The mechanism worked in 
two stages: channel attention followed by spatial attention 
(Figure 3). The Channel Attention Module (CAM) focused on 
identifying the most informative feature channels. For an input 
feature map � ∈ 
�×�×�×� , both GAP and global max 
pooling were performed along the spatial axes. The resulting 
descriptors were then passed through a shared Multilayer 
Perceptron (MLP), their responses were merged using element-
wise addition, and a sigmoid function was applied to obtain the 
channel attention map. 

����	 = � � �������������	�
+��� �� �������	�!  (2) 

 

 

Fig. 3.  CBAM model. 

This process reduced the influence of less relevant channels 
while emphasizing the most significant ones. After this, Spatial 
Attention Module (SAM) highlighted the important regions 
within the feature maps. To achieve this, the average-pooled 
and max-pooled maps were merged and then processed through 
a 7 × 7 convolution layer. A sigmoid function was used to 
create the spatial attention map: 

�"��	 = �� �#×#�$���������	;  � �������	&	� (3) 
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where �#×#  is the convolution operation and [;] means 
concatenation along the channel axis. The refined feature map 
was obtained by combining both channel and spatial attention 
outputs: 

�' = �"�����	 ⊗ �	 ⊗ �����	 ⊗ �	  (4) 

where ⊗ denotes element-wise multiplication. 

In order to identify less abnormal changes in OCT areas, 
CBAM ensured that the network chose specific retinal tissues 
while minimizing the effect of background or duplicate data. 

F. Classification Head 

The CBAM was used to change the features when the 
network output was converted into a 512-dimensional vector 
format. In an FC layer, the two output neurons indicated 
normal and glaucoma cases. These logits were turned into 
useful probabilities using a softmax activation function. The 
definition of the probability pattern over the two classes is: 

� �� | �	  =  *+,
∑ *+./.01

    (5) 

where zi denotes the logit that comes with the i-th class. Adding 
the exponential values of each logit, the factor of two ensures 
that the output probabilities are equal and lies between 0 and 1. 
The class with the higher probability will be used to make the 
final prediction. After mapping new features identified from 
OCT scans, this classification head also helps with accurate 
glaucoma detection. 

III. RESULTS AND ANALYSIS 

The proposed model demonstrated strong performance in 
detecting glaucoma, as presented in Table I. The model 
achieved an AUC of 0.9640 on validation and an AUC of 
0.9495 on testing. The AUC metric indicates the capability in 
classification between normal and glaucoma classes. AUC 
values close to 1.0 indicate high-quality classification outputs. 
Accuracy was used to determine the proportion of correctly 
classified samples among all cases, while the F1-score 
provided a balance between how many predicted positive cases 
were actually positive (Precision) and how many actual 
positive cases were correctly predicted (Recall). 

TABLE I.  CLASSIFICATION METRICS FOR VALIDATION 
AND TESTING SAMPLES 

Metric Val (mean ± std) Test (mean ± std) 

AUC 0.9640 ± 0.015 0.9495 ± 0.036 

F1-score 0.7600 ± 0.018 0.7460 ± 0.046 

Accuracy 0.8788 ± 0.020 0.8559 ± 0.040 
 

The results illustrated in Table I are presented as mean ± 
std, where the mean is the average value of runs and the 
standard deviation shows how much the results changed 
between runs. The accuracy was 0.8788 ± 0.020 on validation 
and 0.8559 ± 0.040 on testing, which is a good overall 
correctness. The F1-score was 0.7600 ± 0.018 on validation 
and 0.7460 ± 0.046 on testing. Overall, these results indicated 
that the model is accurate, stable, and reliable, with some 
changes between runs. 

Figure 4 illustrates the confusion matrices of both the 
validation and testing samples. The predicted class is shown on 
the x-axis in both images, while the actual class is given on the 
y-axis. In Figure 4(a), the model correctly classified 19 Normal 
and 68 Glaucoma samples. However, it misclassified 3 Normal 
samples as Glaucoma and 9 Glaucoma samples as Normal, 
giving a total of 99 validation samples. In Figure 4(b), the 
model correctly classified 47 Normal and 143 Glaucoma cases, 
while it misclassified 6 Normal images as Glaucoma and 26 
Glaucoma images as Normal, resulting in a total of 222 test 
images. From these results, it is clear that most cases were 
along the correct predictions. 

 

(a) 

 

(b) 

 

Fig. 4.  Confusion matrices for: (a) validation and (b) test samples. 

To further validate these findings, a comparison of the 
proposed model with previous OCT models is presented in 
Table II. 

TABLE II.  AUC COMPARISON OF PROPOSED MODEL WITH 
EXISTING OCT-BASED GLAUCOMA DETECTION 

METHODS 

Model AUC value 

2D-ResNet18 (ONH-OCT) [8] 0.943 

3D-DenseNet121 [8] 0.960 

AG-OCT [15] 0.938 

3D-ResNet18 + CBAM (proposed) 0.9640 
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The comparative analysis demonstrated that the proposed 
3D-ResNet18 model with a CBAM provided enhanced 
capabilities in automated glaucoma assessment based on OCT 
data. Previous studies utilizing 3D-CNN-based approaches to 
detect glaucoma from OCT data noted AUC values ranging 
from 0.938 to 0.96. The proposed model provided greater 
evidence of discrimination abilities, reporting a 0.9640 AUC on 
the validation set and a 0.9495 AUC on the testing set. This 
improvement reveals that the model took advantage of 
volumetric information and attention-based feature refinement 
to increase sensitivity to subtle changes in the structure 
associated with the disease of glaucoma. 

IV. CONCLUSION 

This study combined a 3D ResNet18 model with the 
Convolutional Block Attention Module (CBAM) to classify 
glaucoma from volumetric Optical Coherence Tomography 
(OCT) scans. The results demonstrated strong performance 
achieving a validation AUC of 0.9640 and a testing AUC of 
0.9495, as well as high accuracy and F1-score values. The 
confusion matrices on both validation and testing datasets 
confirmed that the model could effectively separate the two 
classes, with a small number of misclassifications. A 
comparison with previous models further validated that the 
proposed model offers a more reliable and accurate solution for 
glaucoma detection. 

Future work should focus on training the model with bigger 
and more varied datasets collected from different devices and 
different groups of patients. This will make it more general and 
reliable. Using this framework in real-time clinics and hospitals 
with easy-to-use interfaces can help doctors check OCT scans 
more quickly and make faster decisions. The diagnosis can 
become more accurate if the OCT scan results are combined 
with other medical information, such as patient history or 
genetic data. 
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