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(Abstract I
Background: Screening is the primary method used to detect cystoid macular edema in conditions that threaten vision,
such as diabetic retinopathy and age-related macular degeneration. However, the interpretation of imaging data relies
heavily on the expertise of ophthalmologists, leading to subjective factors. The integration of computer-aided diagnos-
tics as a secondary tool has helped to decrease diagnostic uncertainties among doctors. Therefore, the refinement of
these systems, particularly in terms of more precise segmentation and disease detection, is crucial. In this study, two
well-known convolutional neural networks (CNNs), U-Net and SegNet, were utilized for segmenting intraretinal fluid
in optical coherence tomography (OCT) images for diagnosing cystoid macular edema (CME). Determining the most
suitable architecture for this task can alleviate the burden on ophthalmologists during CME screenings and triage.

Methods: CNNs are employed in segmentation to categorize individual pixels in an image based on self-learned
weights. In this study, we utilized 80 OCT images of cystoid macular edema (CME) along with their respective masks
obtained from the Liaquat University of Medical and Health Sciences dataset. We evaluated the efficacy of automatic
segmentation conducted by U-Net and SegNet with various configurations in the task of intraretinal fluid segmentation
relevant to CME diagnosis.

Results: Out of the two suggested architectures, U-Net demonstrated superior performance, achieving an accuracy of
0.9984, a dice coefficient of 0.8478, and requiring less training time compared to SegNet. In contrast, SegNet achieved
an accuracy of 0.9961 and a dice score of 0.5502.

Conclusion: Depending on their setup, both networks can accurately segment OCT images of CME, with U-Net typi-
cally demonstrating quicker training times and higher accuracy levels. )
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Introduction

Cystoid macular edema (CME) is a common pathologic sequel
of the retina and can manifest in various pathological situations
like intraocular inflammation, central or branch retinal vein oc-
clusion, age-related macular degeneration (AMD) and diabetic
retinopathy (DR) [1]. DR and AMD have become primary con-
tributors to irreversible blindness in patients with the projected
number of individuals to experience vision loss doubling in the
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next three decades [2]. Optical coherence tomography (OCT)
offers excellent visualization of cystoid fluid by utilizing non-in-
vasive, low-coherence light to capture optical reflections from
internal structures within biological tissues [3, 4]. The effective-
ness of OCT in visualizing CME is highlighted by its ability to
distinguish cystoid fluid from surrounding retinal tissues due to
lower optical scattering [5-7]. While conventional OCT-based
assessments in CME-related disorders typically focus on mea-

Sci Set J of Opthamology & Eye Care 2024



suring foveal thickness, recent research indicates that CME can
occur without macular thickening in certain retinal conditions
[8]. Additionally, measurements of macular thickness may be
less accurate in the presence of subretinal fluid [9, 10]. In fact, it
is challenging to manually measure the macular thickness due to
time and labour constraints.

To address this issue, researchers have explored fully automated
segmentation techniques to detect and quantify microstructur-
al changes in retinal OCT images. Various artificial intelligence
(AI) algorithms, including deep learning (DL) models, have been
developed to process OCT images and other ophthalmic imag-
ing modalities for disease classification, staging, and feature ex-
traction [11-14]. Fully convolutional neural networks (FCNs) like
U-net and SegNet have shown promise in segmenting retinal fluid
from OCT images, with some models achieving high accuracy
in segmenting intra-retinal cystoid fluid and subretinal fluid [15-
17]. DL methods have also been used to measure fluid volume for
clinical trial assessments and segment nerve fibre layer thickness
and ellipsoid zone disruption [18, 19]. These advancements in Al
technology hold potential for improving the diagnosis and man-
agement of various eye diseases, including DR and AMD.

Image segmentation enables a more precise and straightforward
examination of cystoid fluid and retinal abnormalities. It plays a
crucial role in computer-assisted screening for CME by allow-
ing for accurate differentiation and classification of lesions from
the background. Ongoing research is focused on enhancing the
accuracy of CME image segmentation through the utilization
of various architectures, functions, and methods. The primary
objective is to enhance the analytical capabilities and precision
of computer-assisted diagnostic systems for CME diagnosis and
classification. This study represents an initial step towards this
goal by evaluating two commonly used and reputable segmen-
tation Convolutional Neural Networks (CNNs), U-Net and Seg-
Net, customized for our CME OCT image dataset. The aim is to
precisely isolate the areas of cystoid fluid in OCT images. By
training both networks with different activation units and loss
functions, we aim to determine which CNN performs better on
this task, comparing the results against segmentation labels cre-
ated manually by experienced specialists.

Methods

We endeavored to carry out the study following the Transparent
Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis Standards [20]. To accurately present the
essential terms and findings, we referred to the recently intro-
duced Consolidated Standards of Reporting Trials-Al extension
(designed for reporting clinical trials involving AI) [21].

OCT images and their associated masks for CME segmentation
were obtained from the publicly accessible Liaquat University
of Medical and Health Sciences (LUMHS) database [22]. These
data were used to train two segmentation networks, namely
U-Net and SegNet, for the purpose of CME segmentation. Sub-
sequently, the performance of these two trained networks was
compared against each other.

Dataset
The LUMHS dataset is a publicly accessible dataset containing
OCT images and ground truth labels for CME [22]. All 80 im-

Page No: 02 /

www.mKkscienceset.com

ages within the dataset were sourced from databases at LUMHS
and the Institute of Ophthalmology, Jamshoro. These images
were organized and classified under the guidance of medical
professionals at LUMHS who are skilled in identifying CME
and its progression, providing authoritative CME diagnoses.
Each pixel in the OCT images was assigned a specific clinical
class corresponding to a particular disease, essential for seman-
tic segmentation. Manual binary image masking was carried out
using the Image Segmentation tool in MATLAB software, which
offers various tools (such as flood fill and freehand drawing) for
manually selecting regions of interest in the images. This pro-
cess was crucial for training our models to detect and isolate
CME, as well as validating the accuracy of the digitally selected
ROIs for CME.

The mask image designates pixels with a value of "1" as the
foreground representing CME, while pixels with a value of "0"
indicate the background. These serve as the ground truth labels
for the input CME image, which the model must accurately pre-
dict. Although a team of medical experts annotated the images
for CME labeling, the potential for subjective bias exists as no
external expert participated in the annotation process. To expe-
dite training, the images were resized to 224 x 224 pixels and
saved in JPEG format during preprocessing. Contrast enhance-
ment and speckle reduction were omitted during preprocessing
to assess the networks' capacity to independently and authen-
tically learn image features. Additionally, re-annotation was
avoided to prevent bias, given the absence of external annotators
and blinding.

The 80 images were split into three subsets: training, validation,
and test, with allocations of 70%, 10%, and 20%, respectively.
Data augmentation was omitted to reduce computational ex-
penses and prevent additional noise in the original dataset. Our
focus was solely on evaluating the performance of the U-Net and
Seg-Net segmentation networks in segmenting CME, rather than
creating a broadly applicable model for deployment. Normal-
ization of the three subsets was conducted using the mean and
standard deviation of the training set, assuming that the test set
adequately represents the training set and thus shares the same
mean and standard deviation.

Hardware and Software

In this study, Python 3.6.8 was utilized as the programming lan-
guage, along with the TensorFlow and Keras libraries for DL
tasks. The testing environment consisted of a LINUX-based PC
equipped with an Intel Core 17-7740X CPU running at 4.30GHz,
32 GB of RAM, and a GeForce GTX 1080 Ti graphics card op-
erating at a clock speed of 33 MHz. The Nvidia driver version
employed was 390.59. Statistical analysis was conducted using
MATLAB R2015a.

U-Net

Developed in 2015 at the University of Freiburg's Computer Sci-
ence Department, U-Net is a CNN designed to deliver rapid and
accurate image segmentation across various biomedical appli-
cations. It is structured with a contracting path to capture con-
text and an expanding path for precise localization. The encoder
takes the input image and applies two unpadded convolutions,
an activation unit, and a max pooling operation with a stride
of 2 for downsampling, repeated four times before transitioning
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to the decoder. The steps in the expanding path mirror those in
the contracting path, involving upsampling of the feature map,
concatenation with the corresponding feature map from the
contracting path, and two convolutions with activation. U-Net's
unique feature is the merging of the map from the contraction
path, distinguishing it from other networks. The expanding path

aims to combine precise localization with contextual informa-
tion from the contracting path to generate an accurate segmen-
tation map. The final layer produces an output containing the
segmentation result. The U-Net architecture depicted in Figure
1 was utilized in this study for intraretinal fluid segmentation.
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Figure 1: The architecture of the U-Net segmentation network used in this study

SegNet

SegNet is a CNN that shares a similar overall structure with
U-Net and was developed by members of the University of
Cambridge's Computer Vision and Robotics Group for multi-
class pixel-wise segmentation. This network is based on the
VGG-16 network layout but has been modified for pixel-wise
segmentation tasks. SegNet is known for its ability to achieve
high performance scores while utilizing less memory compared
to U-Net. The architecture of SegNet differs from U-Net in terms
of the number of convolutional layers. In SegNet, the initial two
steps involve two convolutions followed by batch normaliza-

tion and activation before pooling, while the subsequent three
steps consist of three convolutions each. The decoder section of
SegNet mirrors the encoder but involves upsampling instead of
downsampling and a final 1x1 convolution for pixel-wise classi-
fication. A key innovation of SegNet is the reuse of pooling indi-
ces, where the decoder uses the max pooling indices memorized
from the encoder to upsample input feature maps. This approach
reduces the memory requirements of the system compared to
U-Net, which transfers the entire map. The SegNet architecture
depicted in Figure 2 was utilized in this study for segmenting
intraretinal fluid.
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Figure 2: The architecture of the Seg-Net segmentation network used in this study
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Network Training, Validation, Testing and Results Extraction
Throughout the process of constructing the segmentation mod-
els, we trained the U-Net and Seg-Net networks using the pro-
vided 80 OCT images and masks. We made modifications to the
kernel size (3% 3, 5% 5, and 7 x7) and learning rate (10-3, 10-5,
and 10—-6), as well as experimented with activation functions
(ReLU and PReLU) and loss functions (dice and cross-entropy).
While the original architectures of both networks utilize ReLU
and cross-entropy, recent studies have suggested the use of PRe-
LU for improved accuracy and dice loss for addressing pixel im-
balance [23, 24]. Additionally, we conducted training for 1,000
epochs in U-Net and 2,000 epochs in SegNet due to the latter
requiring more time to stabilize.

We employed 64 pairs of OCT images and masks for training
and validation, as per our initial dataset division. The model
aims to optimize the training data by reducing the loss function,
while the validation set helps fine-tune the parameters. During
each training epoch, the model is saved if its validation score
surpasses the previous one, and the training data is shuffled to
eliminate any presentation order bias. Subsequently, we evaluate
each segmentation model using a test set comprising 16 pairs of
OCT images and masks.

Every trial is conducted with the goal of creating a model that
outperforms its predecessor on the test set. We tested various
combinations of batch size, kernel size, dropout rate, and learn-
ing rate until identifying the optimal configuration for each
network based on its original architecture. Subsequently, we
assessed the results obtained from different loss and activation
functions.

The segmentation evaluation metrics assess the accuracy of cor-
rectly segmented image pixels compared to the ground truth.

Various standard evaluation metrics, such as accuracy, preci-
sion, recall, and dice score, were computed. True positives (TP)
represent correctly identified foreground (white) pixels, while
false positives (FP) are incorrectly detected pixels. True nega-
tives (TN) are accurately segmented background (black) pixels,
whereas false negatives (FN) are erroneously segmented pixels.
Due to the class imbalance issue in CME segmentation, where
there are fewer foreground pixels compared to background pix-
els, achieving high accuracy, such as 90%, may still struggle
to accurately classify the class. Therefore, the dice coefficient
(F1-score) is commonly used for color image segmentation,
measuring the similarity between manually segmented ground
truth images and automatically segmented images. The dice co-
efficient, also referred to as the overlap index, is calculated using
the formula 2xTP/(2xTP+FP+FN) and ranges from 0 to 1, with 0
indicating no overlap and 1 indicating complete overlap between
predicted and ground truth images.

Results

In evaluating the performance of U-Net and Seg-Net on the
LUMHS image subsets, optimal configurations for U-Net in-
cluded a learning rate of 10-5, a 3 x 3 kernel size, a batch size of
8, and a 50% dropout rate. The average dice scores for testing
output images and training times for each activation-loss pair
in the U-Net architecture are detailed in Table 1. Conversely,
Seg-Net demonstrated superior performance with a 5% 5 kernel
size, a learning rate of 10—6, a 50% dropout rate, and a batch
size of 32. Table 2 presents the average dice score in the train-
ing set and training duration for the Seg-Net architecture. Figure
3 visually compares manually delineated segmentation masks
with the predicted segmentation masks generated by U-Net and
Seg-Net using their most effective configurations for intraretinal
fluid segmentation.

Table 1: presents the experimental outcomes of U-Net. Each row represents an experiment utilizing a distinct combination
of activation and loss functions. The fourth and fifth columns display the average dice score with standard deviation in the
test set and the training time of the model in hours, respectively.

Experiment Activation Unit Loss function Average dice score Training time (h)
1 PReLU Cross-entropy 0.742+0.130 5.97
2 PReLU Dice 0.743+0.132 5.97
3 ReLU Cross-entropy 0.749+0.131 3.95
4 ReLU Dice 0.751£0.136 3.95

Table 2: displays the experimental findings of Seg-Net. Each row corresponds to an experiment employing a unique combi-
nation of activation and loss functions. The fourth and fifth columns indicate the average dice score with standard deviation

in the test set and the duration required to train the model in hours, respectively.

Experiment Activation Unit Loss function Average dice score Training time (h)
5 PReLU Cross-entropy 0.680+0.146 8.78
6 PReLU Dice 0.693+0.144 8.78
7 ReLU Cross-entropy 0.680+0.147 6.96
8 ReLU Dice 0.693+0.149 6.96
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Figure 3: illustrates the comparison among the manually annotated segmentation mask, the segmentation mask generated by U-Net

in its optimal configuration, and the segmentation mask produced by Seg-Net in its optimal configuration for cystoid macular ede-

ma segmentation. The first two rows display the original image and its corresponding manual label from the test set. The third row

exhibits the segmentation output of Seg-Net's most effective configuration, while the fourth row showcases the segmentation output
of U-Net's top-performing configuration.

Intraretinal Cystoid Fluid Segmentation

Table 3 displays the performance measurements of U-Net and
Seg-Net segmentation models on the LUMHS dataset, utilizing
the most effective configurations. U-Net achieved an accuracy

0f 0.9984, precision of 0.8401, recall of 0.8893, and a dice score
0f 0.8478. On the other hand, SegNet's segmentation resulted in
an accuracy of 0.9962, precision of 0.7505, recall of 0.4989, and
dice score of 0.5502.

Table 3: U-Net and Seg-Net performance on intraretinal fluid segmentation in cystoid macular edema

Accuracy Precision Recall Dice score
U-Net 0.9984 0.8401 0.8893 0.8478
Seg-Net 0.9961 0.7505 0.4989 0.5502
Discussion tions. It is worth noting that the choice of different loss functions

The examination of intraretinal fluid in CME is important for
identifying and treating various ocular conditions such as AMD
and diabetic macular edema [25]. Therefore, the segmentation
of intraretinal fluid and the measurement of cystic spaces are
crucial for detecting retinal pathology and assessing its severity
[25]. In our research, where we compared the effectiveness of a
deep U-Net and a Seg-Net segmentation network, we observed
that both models could accurately segment intraretinal fluid for
diagnosing CME. However, our deep U-Net exhibited superior
performance in the task of CME segmentation.

The use of PReLU as an activation function was found to nota-
bly prolong the training process for both networks without of-
fering a substantial benefit in terms of improving segmentation
accuracy. This effect was particularly noticeable in the perfor-
mance of the U-Net model, which saw a training time increase
of approximately 51.2%. While the intention behind transferring
feature maps from the encoder to the decoder in U-Net was to
slow down training, adjusting the learning rate and employing
heavier filters in SegNet models led to even longer training dura-
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did not impact training times. In terms of test time, all models
successfully segmented test images in under a second.

In the comparison of label accuracy, U-Net demonstrated supe-
rior performance over SegNet in almost all configurations, with
the smallest variance being 7.07% in dice scoring. The majority
of subpar segmentation results, characterised by lower dice co-
efficient values, were observed in images with minimal contrast
between the lesion and the background, as well as in images
containing multiple dark areas. SegNet has a tendency to miss
sharp edges, leading to rounded segmentation maps. By exam-
ining the dice scores in Table 1 for each model individually, we
can observe that the largest difference among different versions
of U-Net is as minimal as 1.21%, whereas the difference in Seg-
Net is 1.91%, as depicted in Table 2.

From a clinical perspective, our results could lay the ground-
work for future investigations into the creation of Al-assisted
systems for screening CME and classifying diseases that pose a
threat to vision, such as DR and AMD. In these conditions, the
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accurate segmentation of intraretinal fluid is crucial for charac-
terising features in these systems to aid in diagnosis, monitoring,
and the development of personalised management strategies and
follow-up plans [26-28]. These Al systems have the potential to
overcome current challenges in CME diagnosis and treatment,
including a lack of specialists and subjective differences in the
clinical recognition of essential DR diagnostics [26-28].

Limitations

However, our system faced a potential limitation due to the input
images. With only 80 CME images available, the segmentation
models may have been constrained in achieving their maximum
performance potential. We exclusively utilized high-quality
OCT images from the LUMHS dataset, but variations in images
could arise from differences in devices. Additionally, the select-
ed photographs, while of acceptable quality, may not accurate-
ly represent reality, potentially leading to the loss of features in
lower-quality images. Lastly, concerns exist regarding the quali-
ty of the provided ground truths (i.e., segmentation masks creat-
ed by CME experts) due to the lack of information on annotators'
qualifications and the consensus process for addressing inter-ob-
server variability in annotation. The ground truths utilized may
have been of suboptimal quality and questionable reliability.

Future Work

In upcoming studies on CME, it is essential to advocate for in-
creased collaboration among regions and hospitals to collect
a more diverse range of CME images using different types of
equipment. Rather than relying solely on images from a single
geographic area, datasets should be expanded to encompass im-
ages from various regions, populations, and ethnicities to cap-
ture a wider array of features for CME diagnosis. Additionally,
we will explore more rigorous, quantitative criteria for image
screening and create preprocessing modules to automate and
standardise image screening. Furthermore, it would be intrigu-
ing to analyse and visualise the features learned by segmentation
networks in future research endeavours.

Conclusion

We have successfully developed two convolutional neural net-
works for segmenting intraretinal fluid in CME OCT images,
achieving high accuracies. Through our recommended archi-
tectures, we have determined that the U-Net outperforms the
SegNet in segmenting our CME OCT datasets. The SegNet re-
quires longer training time and demonstrates a lower dice score,
posing a risk of smoothing edges and potentially compromising
subsequent diagnoses. While U-Net is a widely used model for
medical image segmentation, it did not yield the best results in
segmenting intraretinal fluid in our OCT CME images, primarily
due to the characteristics of our CME OCT image collections.
To enhance segmentation accuracy, adjustments to the size and
diversity of the OCT datasets would be necessary.

Our present research focuses on evaluating the performance of
two established segmentation networks based on their setups for
the crucial task of segmenting CME in diagnostics and disease
classification. The objective is to offer a benchmark for future
researchers looking to create segmentation-based systems for
CME diagnosis and screening. In the upcoming period, it will
be beneficial to compare various segmentation methods and
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networks, including GAN and attention-gated U-Net, using the
identical CME OCT dataset to identify the most effective seg-
mentation network for precise CME segmentation.
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