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ABSTRACT

Choroidal neovascularization (CNV) is a hallmark of age-related macular degener-
ation (AMD), marked by the growth of abnormal blood vessels beneath the retina that can
severely impair vision. Optical Coherence Tomography (OCT), a non-invasive imaging tech-
nique, is widely used to detect CNV due to its ability to capture detailed cross-sectional im-
ages of the retina. However, the variability in lesion appearance and the presence of artifacts
make manual interpretation challenging and time-consuming. To address these limitations,
this study explored the application of deep learning models for automated CNV image de-
tection and CNV localization in OCT images. We compared several architectures widely
used for segmentation tasks: U-Net, Attention U-Net, DeepLabV3+, DeepLabV3++, Mask
R-CNN, and Mask R-CNN+, tested on a balanced dataset of 500 images. Among the tested
models, DeepLabV3++ achieved the highest performance with a CNV image detection ac-
curacy of 99.4% and a CNV localization F1-score of 0.80. These findings suggest that deep
learning can significantly enhance the efficiency and consistency of CNV diagnosis, paving
the way for its integration into clinical workflows to support early screening and treatment
of AMD.
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1. Introduction

Choroidal Neovascularization
(CNV) [1] refers to the abnormal growth of
blood vessels beneath the retina, which can
lead to vision impairment and is commonly
associated with conditions like age-related
macular degeneration (AMD). CNV in
optical coherence tomography (OCT) [2]
images is typically located beneath the reti-
nal pigment epithelium (RPE) or between
the RPE and the neurosensory retina, de-
pending on the type of CNV. In OCT, CNV
often appears as a hyperreflective, irregu-
lar, or fibrovascular lesion that disrupts the
normal retinal layers. It may be associated
with subretinal or intraretinal fluid, thick-
ening of the RPE-choriocapillaris complex,
and sometimes hemorrhage or exudates.
The OCT image enables detailed cross-
sectional imaging of the retina, allowing
clinicians to detect the presence, extent,
and activity of CNV. The characteristic
appearance of CNV on OCT includes a
serous retinal detachment, subretinal fluid
accumulation, or sometimes, intraretinal
fluid. In advanced cases, intraretinal or
subretinal hemorrhages may be present, ap-
pearing as darker, hypo-reflective regions.
The neovascular membrane may exhibit an
irregularly tortuous appearance, and cystic
spaces can develop in the retina or beneath
the RPE. Fig. 1 depicts examples of CNV
in OCT images.

Detecting and segmenting CNV in
OCT images is challenging due to several
factors. First, CNV lesions vary signifi-
cantly in size, shape, and appearance, mak-
ing them difficult to distinguish from other
retinal abnormalities or artifacts. Second,
the subtle and heterogeneous presentation
of CNV, including small hyperreflective
foci or mild RPE disruptions, can easily be
overlooked or mistaken for normal anatom-
ical variations. Third, associated features
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Fig. 1. Examples of healthy OCT Images with-
out CNV (top row) and OCT images with CNV
(bottom row). CNVs are in yellow highlights.

like subretinal fluid, hemorrhage, or ex-
udates can obscure the underlying CNV,
complicating accurate localization. Fourth,
the quality of OCT images, affected by
noise, motion artifacts, and resolution limi-
tations, further hinders precise detection.
Past studies on CNV detection are
limited due to the novelty of the OCT do-
main. The techniques used in these studies
are as follows. To the best of our efforts, we
found only one research study about CNV
image classification. Its brief details are as
follows. Ismail et al. [3] proposed an En-
semble Transfer Learning (ETL) model that
integrates DenseNet169 and InceptionV3 to
classify OCT images into CNV, Diabetes-
Related Macular Edema (DME), drusen,
and normal cases. The method compared
against the sole models and ensemble learn-
ing of different models. They discovered
that the proposed method achieved superior
performance, with an accuracy 0f 99.8%, on
a dataset 0f 4,000 OCT images (1,000 CNV,
3,000 non-CNV) from a public dataset.
Key innovations include adaptive fusion of
CNN/Transformer features and attention-
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driven lesion localization. Still, limitations
include small dataset size, lack of multicen-
ter validation, and high computational load,
potentially limiting real-world deployment.

For CNV segmentation, the follow-
ing studies are found. Xi et al [4] proposed
a multi-scale CNN with retinal layer infor-
mation to segment CNV in OCT images.
They tested their method on aset of 15 CNV
OCT images. Their method achieved a Dice
score of approximately 0.85 and high sen-
sitivity of approximately 90%. It outper-
forms traditional techniques. Zhang et al
[5] proposed MPB-CNN, a multi-scale par-
allel branch CNN for segmenting CNV in
SD-OCT images, leveraging parallel con-
volutions at different scales to capture fine
and coarse features. They compared their
method to three baselines: (1) U-Net, (2)
Fully Convolutional Network (FCN), and
(3) traditional graph-cut segmentation, out-
performing all with a Dice score of 0.876
and higher sensitivity (92.3%). The model
was tested on a clinical dataset of which
the size was unspecified with expert anno-
tations. Meng et al. [6] used an encoder-
decoder based multi-scale information fu-
sion network MF-Net based on U-Shape ar-
chitecture for CNV segmentation in reti-
nal OCT images, combining channel atten-
tion and spatial pyramid pooling to enhance
multi-scale feature learning. They obtained
Dice and Jaccard of 92.9% and 86.8%, re-
spectively, on a public dataset of 380 OCT
scans annotated by experts. However, their
performances were not significantly better
than the comparative methods and compu-
tational cost is high. Diao et al. [7] used a
Class Activation Map guided UNet (CAM-
UNet) to segment CNV. The proposed
method achieved the best IOU of only 66.38
for CNV segmentation on the public Duke
AMD dataset (with 384 OCT volumes).
The performance was moderately high and
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only slightly better than the comparative
methods. The study of Liu et al. [8] used
TSSK-Net, a weakly supervised framework
for CNV segmentation in OCT images us-
ing only image-level labels. They com-
bined token-semantic-supervised learning
and adaptive key-patch mining to localize
biomarkers. Compared to weakly super-
vised baselines like Class Activation Map-
ping (CAM) and Grad-CAM, while TSSK-
Net achieves superior CNV segmentation
performance. Still the average Dice score
reported was only 53.43% on two datasets
of atotal of 1,950 OCT images (with image-
level CNV/normal labels). The perfor-
mance of CNV remained below that of fully
supervised methods. Fu et al. [9] proposed
a deep-learning model integrating extreme-
point guidance, multi-scale feature learn-
ing, and edge-aware attention for CNV seg-
mentation in OCT scans. However, their
technique required a user to mark the four
extreme points of the lesion to enhance
boundary focus. Shen et al. [10] proposed
an attention graph convolutional neural net-
work, GA-U-Net, to segment both CNV
and retinal layer surfaces in OCT images,
utilizing graph attention U-Net as the back-
bone. They achieved Dice scores of 77.51%
and 78.00% for their two datasets. Their
method suffered from long training time as
most deep learning approaches do. Mori
et al. [11] used the SeResNet model with
Squeeze-and-Excitation (SE) blocks added
to a standard ResNet. They trained on
84,495 OCT images, with a final global av-
erage pooling layer feeding into a SoftMax
classifier. Their network achieved an over-
all classification accuracy of 99.0%, with
per-class Fl-scores ranging from 0.99 to
1.00. However, as a pure classification
model, it did not produce pixel-level le-
sion masks, this limited its utility when ex-
act CNV localization is required. Paul et
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al. [12] introduced OCTx, an ensemble
model combining VGG16, DenseNet201,
InceptionV3, and a custom CNN for multi-
class retinal disease classification using the
UCSD OCT dataset containing 84,000 im-
ages. The model achieved a high per-
formance of nearly 99.5% for classifying
CNV, DME, Drusen, and Normal cases.
However, OCTx focused solely on classi-
fication and did not provide lesion local-
ization. Additionally, the ensemble’s large
size and heavier inference led to slower de-
ployment.

Existing studies have several limita-
tions. For instance, CNNs are not well-
suited for dense prediction tasks, and Grad-
CAM is not designed for fine segmenta-
tion. MF-Net often struggles with sharp
and accurate boundary localization due to
its coarse multi-scale fusion strategy. Addi-
tionally, TSSK-Net has high computational
complexity and training difficulties, partic-
ularly in the context of medical image seg-
mentation or vessel extraction. While tra-
ditional U-Net is highly effective, it can
be outperformed by newer models that in-
corporate added complexity or features.
This work aims to provide a comprehensive
evaluation of modern deep learning mod-
els, as well as frequently used models for
precise segmentation and image classifica-
tion. We tested the performance of U-Net
[13], Attention U-Net [14], DeepLabV3+,
DeepLabV3++ [15], Mask R-CNN [16],
and Mask R-CNN+ across two tasks: CNV
image detection and CNV localization. Our
goal is to identify the optimal architecture
for this task using a balanced dataset of
OCT images. The performance of each
model is assessed based on classification
metrics (Accuracy, AUC, FNR, FPR) and
segmentation metrics (Precision, Recall,
F1-score).
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2. Methodology

The proposed framework for auto-
mated CNV detection and localization in
OCT images consist of three main stages:
noise removal, image classification, and
CNV localization. An overview of the pro-
cess is illustrated in Fig. 2.

Input: OCT images

Noise Removal

\
[ CNV Image Classification ]

N

Images without CNV Images with CNV

:

CNV Localization

Output: CNV locations

Fig. 2. A diagram depicting the procedures in
the methodology.

2.1 Noise removal

OCT images often suffer from vari-
ous types of noise due to motion artifacts
and limitations of imaging hardware, which
can negatively affect the performance of
segmentation algorithms. To address this,
we applied a median filtering technique
to reduce noise while preserving important
anatomical details. This step enhances im-
age quality and improves the reliability of
subsequent processing stages.

2.2 OCT image classification

This stage involves classifying OCT
images as either CNV-positive or CNV-
negative using deep learning models. We
employed several widely used based archi-
tectures: U-Net, DeepLabV3+, Mask R-
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CNN and their variants: Attention U-Net,
Mask R-CNN+, and DeepLab V3++. Brief
details about these models are as follows.

U-Net is a widely used segmenta-
tion model with an encoder-decoder struc-
ture that employs skip connections to retain
important spatial information. DeepLab
V3++ utilizes advanced convolution tech-
niques to capture detailed image features,
thereby improving segmentation accuracy.
Mask R-CNN is a two-stage model capable
of segmenting isolated areas, while Atten-
tion U-Net is an enhanced version of U-Net
that incorporates attention mechanisms, al-
lowing the model to focus on specific re-
gions. DeepLab V3++ is a refined ver-
sion of DeepLab V3+ that integrates com-
ponents from Mask R-CNN for more pre-
cise results. Additionally, Mask R-CNN+
employs extra layers from DeepLab V3+
to enhance segmentation. These models
were chosen for their strengths in captur-
ing fine-grained features, handling over-
lapping structures, and balancing accuracy
with computational efficiency.

Each model was trained on 80% of
the dataset and evaluated on the remain-
ing 20%. Several data augmentation tech-
niques, including rotation, shifting, zoom-
ing, and flipping, were applied during train-
ing to enhance model generalization. Train-
ing utilized the Adam optimizer with an
adaptive learning rate, a batch size of 16,
and early stopping based on validation per-
formance to prevent overfitting.

2.3 CNV segmentation

For images classified as CNV-
positive, we further localized the CNV
regions using the same set of deep learning
models. Segmentation probability maps
were generated, and a threshold of 0.5 was
applied to create binary masks. To reduce
false positives, we filtered out small noisy
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regions using a minimum area constraint.
After thresholding, small noisy regions
are filtered out by applying a minimum
area constraint to eliminate insignificant
connected components, thereby reducing
false positives in the mask predictions.
This ensures that only meaningful regions
are retained during evaluation.

We employed the six deep-learning
models used earlier in the OCT classifi-
cation step to segment the CNV regions.
The training protocol for segmentation mir-
rored that of classification. For U-Net and
DeepLab variants, we used a combination
of binary cross-entropy (BCE) [17] and
Dice loss [18]. For Mask R-CNN models,
the total loss combined classification loss,
bounding box regression loss, and mask
loss. Same data augmentation techniques
were used for this task. All models were
trained with the Adam optimizer, a learning
rate of 0.0001, and a batch size of 4. Train-
ing was halted if validation performance did
not improve for ten consecutive epochs.

3. Experiments

To evaluate the performance of the
proposed deep learning models, we con-
ducted experiments using retinal OCT im-
ages labeled with CNV obtained from Kag-
gle.com [19]. All images were initially in
JPEG format and were resized to 512x512
pixels for consistency. This dataset was uti-
lized to train the segmentation models in a
fully supervised setting, with manually cu-
rated annotations ensuring accurate lesion
delineation. For evaluation, we manually
selected 500 OCT images from the dataset,
including 250 CNV-positive and 250 CNV-
negative (normal) scans. Training was per-
formed using Google Colab on a personal
computing setup equipped with an NVIDIA
T4 GPU (16 GB VRAM). All experiments
adhered to a consistent preprocessing and
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resizing pipeline to standardize image in-
puts across models.

For evaluation schemes, CNV im-
age classification results were assessed us-
ing Accuracy, False Negative Rate (FNR),
False Positive Rate (FPR) defined in Egs.
(3.1)-(3.3). Area Under the ROC Curve
(AUC) [22] was also measured to evaluate
how well each model can distinguish be-
tween the two classes.

TP+TN
Accuracy = )
TP+TN+FP+FN
3.1)
FN
FNR= ————, 2
N FN+TP (3-2)
FP
FPR= ———, 3.3)
FP+TN

where TP is the number of CNV-positive
images that are correctly classified as CNV,
TN is the number of CNV-negative images
that are correctly classified, is the number of
CNV-negative images incorrectly classified
as CNV-positive, and FN is the number of
CNV-positive images incorrectly classified
as CNV-negative. It is worth noting that
unlike metrics such as Accuracy, FNR, and
FPR which are calculated directly from con-
fusion matrix counts, AUC is derived from
the overall ranking performance of the clas-
sifier and computed using numerical inte-
gration (e.g., trapezoidal rule) over the ROC
curve. As such, it does not have a simple
closed-form formula based on TP, FP, FN,
and TN, and is usually computed algorith-
mically. Thus the formula for AUC is omit-
ted.

To evaluate CNV segmentation per-
formance, we used Precision, Recall, F1-
score (also known as the Dice score), and
Intersection over Union (IOU), which are
mathematically defined in Eqs (3.4)-(3.7).

Ip

Precision = s
tp+fp

3.4
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tp
tp+ fn’
2 - (Precision - Recall)

Precision + Recall

(3.6)

Recall =

3.5)

F1 — score =

— p

S tp+ftfp
where #p is the number of CNV pixels that
are correctly classified as CNV, tn is the
number of non-CNV pixels that are cor-
rectly classified, fp is the number of non-
CNV pixels incorrectly classified as CNV-
positive, and fn is the number of CNV-
pixels incorrectly classified as non-CNV.

10U (3.7

4. Result

The following subsections show re-
sults of CNV image classification and CNV
segmentation

4.1 CNV image classification results

The raw classification results:
TN, FP, FN are presented in Table 1.

TP,

Table 1. Raw performance comparison of all
models concluded from a confusion matrix.

Model TP TN FN FP
U-Net 250 245 0 5
Attention U-Net 245 237 5 13
DeepLabV3+ 250 247 0 3
DeepLabV3++ 250 247 0 3
Mask RCNN 250 246 0 4
Mask RCNN+ 250 237 1 13

The results show that DeepLabV3+,
DeepLabV3++, and U-Net achieved perfect
or near-perfect results with minimal false
positives or false negatives, while Atten-
tion U-Net and Mask R-CNN++ exhibited
higher misclassification rates. The detailed
performance comparisons in AUC, Accu-
racy, FNR, and FPR are shown in Table 2.

DeepLabV3+ and DeepLabV3++
achieved the highest classification accuracy
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Table 2. Performance comparison of deep
learning models for CNV image classification
(in %). The bold numbers indicate the best val-
ues in categories.

Model AUC  Accuracy FNR FPR
U-Net 99.00 99.00 0.00 2.00
Attention U-Net ~ 96.40 96.40 2.00 5.20
DeepLabV3+ 99.40 99.40 0.00 1.20
DeepLabV3++ 99.40 99.40 0.00 1.20
MaskRCNN 99.20 99.20 0.00 1.60
Mask RCNN+ 97.20 97.20 040  5.20

and AUC, both with 99.40% accuracy,
0.00% FNR, and a low FPR of 1.20%.
Their superior performance is attributed
to their use of atrous convolutions, which
effectively capture multi-scale contextual
information of CNV without losing spatial
resolution.

4.2 Segmentation results

The comparisons of the segmented
regions from these deep learning models of
a selected case are depicted in Fig. 3. All
models were able to detect CNV regions
with varying edge clarity. Notably, seg-
mentation by Mask R-CNN models tended
to produce blockier edges compared to the
smoother outputs of DeepLabV3+ variants.
Fig. 4 presents the average precision, recall,
and F1-score for all models.

Here are observations. For precision,
DeepLabV3+ achieved the highest preci-
sion, indicating a low rate of false posi-
tives. The DeepLabV3++ is slightly less
but is still better than all others. For re-
call, Mask R-CNN, DeepLabV3++, and
Attention U-Net performed similarly and
achieved higher recall than the other mod-
els. In terms of F1-score and IOU, DeepLab
V3++ also showed the highest values.

4.3 Training time comparison
As the training time may be one of
the concerns in selecting the method to be
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DeeplLabV3+ DeeplLabV3++

Mask R-CNN Mask R-CNN+

F

Fig. 3. Illustration of CNV regions resulting
from comparative deep learning models.

used. We also provide here the comparison
of the training time. Fig. 5 depicts the run-
ning time for each model.

The graphs show that the training
time for DeepLab V3++ and Mask R-CNN
is comparable and significantly shorter than
that of other models. In contrast, Attention
U-Net, Mask R-CNN+, and DeepLabV3+
require moderately more training time,
while U-Net has the longest training time,
nearly four times that of DeepLabV3++
and Mask R-CNN. Considering both per-
formance and efficiency, DeepLabV3++ is
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Fig. 5. Models’ training time comparison.

recommended for practical use due to its
combination of high precision, competitive
F1-score, and short training duration.

5. Discussion and Future Work

This section presents an analysis of
model performance and outlines key chal-
lenges and future directions for improving
automated CNV detection and localization.
Fig. 6 shows examples of errors from each
model. Several recurring patterns were ob-
served. First, models such as Mask R-
CNN showed a tendency to misclassify nor-
mal anatomical textures as CNV, particu-
larly in images with subtle retinal irregulari-
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ties. This is likely due to over-sensitivity to
edge-like patterns. Second, simpler mod-
els like U-Net occasionally failed to de-
tect low-contrast or small CNV regions, un-
derscoring the importance of feature ex-
traction depth and spatial context. Third,
most models, especially those not employ-
ing multi-scale context or attention mech-
anisms, struggled to delineate precise le-
sion borders, leading to over- or under-
segmentation.

Fourth, different models sometimes
produced conflicting segmentations on the
same image, suggesting instability in pre-
dictions and the potential benefit of ensem-
ble approaches. Last, inconsistencies in im-
age formats (grayscale vs. RGB) affected
performance in some models, particularly
those pretrained on natural image datasets.

In this selected case, all deep learn-
ing models under-segmented the CNV re-
gion. The less bright CNV regions were of-
ten not detected by the models, as indicated
by the large red area representing false neg-
atives. These occurrences frequently ap-
pear near CNV boundaries. Additionally,
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Original

Ground Truth

Attention U-Net

DeepLabV3+

DeepLabV3++

Mask R-CNN Mask R-CNN+

Fig. 6. Illustration of pixel-level classification
outcomes for each model, highlighting true pos-
itives (green), false positives (blue), and false
negatives (red).

regions sharing similar characteristics with
CNVs, such as the Retinal Pigment Ep-
ithelium (RPE) layer, were also incorrectly
identified by the deep learning models. Sur-
prisingly, some areas that were clearly not
CNV were incorrectly classified as CNV, as
seen in the blue region. We believe these
misclassifications may result from data aug-
mentation artifacts or small, noisy back-
ground areas. These errors are particularly
concerning clinical scenarios because the
CNV size is one of the indicators of AMD
severity.

To address the identified limitations,
several remedies for improvement are pro-
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posed. Model fusion or ensemble meth-
ods that combine predictions from mul-
tiple architectures may yield more robust
and stable outputs, particularly in ambigu-
ous cases. Additional techniques can also
be explored. For instance, incorporat-
ing Conditional Random Fields (CRFs),
morphological operations, or shape pri-
ors may enhance the sharpness and accu-
racy of segmentation masks. Addition-
ally, exploring transformer-based or hy-
brid CNN-transformer models may offer
superior performance by improving long-
range contextual understanding. In terms
of explainability, tools such as Gradient-
weighted Class Activation Mapping (Grad-
CAM) [21] and SHapley Additive exPlana-
tions (SHAP) [22] could be integrated to vi-
sualize model decision-making, thereby in-
creasing clinical trust and interpretability.
For example, Grad-CAM can be used to
visualize regions of interest, while SHAP
can be applied to the metadata to explain
which other features influenced the model.
These strategies collectively aim to develop
a more accurate, reliable, and clinically de-
ployable system for CNV screening in reti-
nal OCT images.

6. Conclusion

This study presents a comparative
evaluation of deep learning architectures
for the automated detection and localiza-
tion of choroidal neovascularization (CNV)
in retinal OCT images. Given the clini-
cal significance of early CNV identifica-
tion in managing age-related macular de-
generation (AMD), the ability to automate
this process reliably is of growing inter-
est in ophthalmic diagnostics. @~ We im-
plemented and assessed several state-of-
the-art models—U-Net, Attention U-Net,
DeepLabV3+, DeepLabV3++, Mask R-
CNN, and Mask R-CNN+—on a balanced
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dataset comprising 500 OCT images. Clas-
sification performance was evaluated us-
ing accuracy, false positive/negative rates,
and AUC, while segmentation quality was
assessed using precision, recall, and F1-
score. Among the models, DeepLabV3-++
demonstrated superior performance in both
classification (99.4% accuracy, AUC =
0.994) and localization (F1-score = 0.80),
attributed to its effective multi-scale fea-
ture extraction and robust spatial localiza-
tion. Mask R-CNN also performed compet-
itively, particularly in precision and train-
ing efficiency, making it a strong candi-
date for real-world applications. While
the results are promising, challenges re-
main in handling subtle CNV features, re-
ducing false positives, and ensuring gen-
eralization to varied clinical data. Future
work will focus on ensemble approaches,
attention-enhanced architectures, and ex-
panded datasets to further refine the robust-
ness and reliability of these models for clin-
ical deployment.
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