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Abstract

Retinopathy of Prematurity (ROP) is a serious retinal condition that affects preterm babies and, if
ignored, can result in irreversible blindness. The challenges are related to variability and
inconsistency among observers in diagnosing ROP, so the development of an automated system for
ROP prediction becomes imperative. While various methods have been explored for automated ROP
diagnosis, dedicated models with satisfactory performance have been lacking. This study aims to
address these gaps with the objective to construct a multi-channel dense Convolutional Neural
Network (MCD-CNN) which is tailored for ROP prediction, suitable for large-scale infant
screening. The process involves utilizing CLAHE pre-processing, image labelling, image denoising,
making and image generation for retinal vessel prediction in fundus images. The multi-channel CNN
uses the feature selection method to extract and choose features from pre-processed pictures. The
findings show that the suggested model attains a noteworthy 97.5% accuracy, 98% sensitivity, and
98.5% specificity. Significantly, this outperforms both pre-trained models and deep learning
classifiers. Overall, the study contributes to improving ROP diagnosis and fostering accessibility to
healthcare, particularly in remote areas.
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1 Introduction

Retinopathy of prematurity (ROP) is a condition affecting premature infants, characterized by abnormal
development and contraction of cellular membranes in the vitreous cavity and along the sides of the
retina. Left untreated, ROP can progress to severe stages causing retinal detachment and permanent
blindness (Ju et al., 2013; Kavitha, 2020). Preterm baby survival rates have grown dramatically as a
result of advancements in newborn medical treatment consequently raising the prevalence of ROP
worldwide. This trend is particularly notable in developing nations like India (Singh et al., 2018).
Worldwide, there are around 14.38 million preterm births each year, with 23 per cent occurring in India.
ROP caused serious visual impairment in almost 5000 newborns in India in 2010, leaving 2900 infants
with visual impairment attributable to ROP. ROP accounts for around 10% of cases of visual impairment
worldwide (Honavar, 2019). ROP is more likely to occur in infants born weighing less than 2000 grams
or with incubation age of less than 32 weeks. Approximately 5000 of the approximately 490,000 babies
born in India with gestational ages < 32 weeks require therapy for recurrent open pneumonia (Razzak et
al., 2018; Sakthivel et al., 2019). The prevalence and severity of ROP are significantly influenced by the
administration and duration of oxygen treatment, in addition to incubation age and less birth weight
(Kulkarni et al., 2018; Mumtaj Begum., 2022).

2 Related Works

Developing an automated approach to predict ROP during baby mass screenings is imperative, given
the increasing incidence rate and the considerable variability and inconsistency among observers in ROP
diagnosis (Zou et al., 2019; Chatterjee et al., 2024). By using artificial intelligence to estimate retinal
pigment epithelial pressure (ROP) from non-invasive fundus pictures of preterm neonates, pediatric
ophthalmologists may diagnose preterm infants earlier and with less stress thanks to indirect
ophthalmoscopic exams (Arora, 2024; Jelena et al., 2023). Deep Convolutional Neural Networks
(DCNNSs) have become essential instruments in recent medical advances and have found wide use in
automated diagnosis (Bhatkalkar et al., 2020). To classify Retinopathy of Prematurity (ROP) from
fundus pictures, Hemelings at al., (2019) constructed a computerized system that used two pre-trained
networks, a quicker region-based convolutional neural network and ResNet 101 Even with an astounding
accuracy of 90.3%, the Faster-RCNN system's computational load rose as a result of the added
parameters. In different research, (Taha et al., 2015) predicted ROP plus illness with a maximum
accuracy of 91% using U-Net for vascular segmentation and a pre-trained network trained on Inception
Version 1. However, the employed pre-trained network lacked ROP specificity, leaving room for further
enhancement (Venugopal, 2023; Choi & Zhang, 2022; Alamer et al., 2023; Bobir et al., 2024).

There are five phases in which ROP might present itself, ranging from first stage (early stage) to final
stage 5 leading in permanent blindness (Reid & Eaton, 2019). Three anterior-posterior zones (designated
I to 1) that are focused on the optic disc and indicate the damaged site are further characteristics of the
disorder (Yi et al., 2019; Ahmad et al., 2024). The phrase "plus disease" refers to the aberrant dilatation
and twisting of retinal blood vessels that characterize the course of ROP (Rani & Rajkumar, 2016).
Management of Type 1 ROP (zone | plus disease at all stages), zone | with third stage ROP, and zone 11
with 1 or 2 stages are all required according to the Early Treatment of ROP (ET-ROP) protocol (Jelena
et al., 2023). On the other hand, Zone | at stages 1 or 2 and Zone 111 at stage 3 without further illness are
required for periodic tests in Type 2 ROP (Litjens et al., 2017; Kutlu et al., 2021). Therapy with laser
photocoagulation is advised for stage 3 ROP in zones 1 or 2 since it has been shown to provide better
results and cause less discomfort (Hu et al., 2018; Trivedi et al., 2023). In cases of stage 4 and 5 retinal
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detachments, (Wang et al., 2018) suggested vitrectomy. Even with a successful surgical procedure,
newborns may still have poor visual results; the repetition likelihood of retinal objectivity is around 5%
in Stage 4 and 22% in Stage 5, respectively (Zhao et al., 2019). According to (Kim et al., 2019), it's
critical to diagnose ROP within a 7-10-day window to reduce problems and improve visual acuity by
early identification and the best possible treatment. Also, (Pugalendhi et al., 2021) devised a smart
camera based for ROP detection.

Significant advancements are made by the article in the following important areas:

1) The study introduces the use of multi-channel CNN for accurate prediction of retinal vessels in
fundus images. This method is associated with the existing approaches showcasing its
effectiveness in delineating retinal structures.

2) A novel multi-channel network combining CNN architecture with image generation is devised
for predicting ROP in photos of an infant's fundus. This model aims to efficiently capture
ROP-specific features and deliver accurate predictions.

3) The study conducts a comprehensive performance comparison between the proposed model and
several pre-trained networks. This comparison provides insights into the relative efficacy of the
developed model against established architectures commonly used in image classification tasks.

Overall, the contributions outlined in the paper encompass advanced segmentation techniques for
retinal vessels, the innovation of a specialized hybrid model for ROP prediction, an in-depth analysis of
ROP-specific features, and a comprehensive evaluation against prevailing pre-trained networks. The
combined goal of these efforts is to improve the precision and comprehension of ROP diagnosis through
the use of fundus imaging.

3 Methodology

This study introduces an automated Retinopathy of Prematurity (ROP) screening system employing
multi-channel dense CNN (MCD-CNN) models. The primary aim is to enable telemedicine-based ROP
screening and improve hospital cooperation. This segment delineates the methodologies employed in
constructing the ROP detection datasets, the development and assessment of MCD-CNN models and
the creation of automated ROP screening systems. Figure 1 illustrates the proposed model.

Dataset Details

This work considers the HYDROPDB dataset which is composed of temporal and posterior fundus
image views of premature infants. The images are captured using RetCam (US and clarity MSI) and Neo
(healthcare centre, Bangalore). This camera is employed by many institutes all over the work. It is used
for image segmentation/prediction with ground truth values to provide the essential image structure for
stage and zone detection. The dataset has 12 subsets and 600 plus samples for prediction.

Pre-processing

The images were subjected to pre-processing using MATLAB 2020a before their input into the CNN.
To highlight differences in pigmentation between the avascular and vascular retina, contrast-limited
adaptive histogram equalization (CLAHE) was first done to improve picture contrast. Further, to
minimize the image input size and enhance the visibility of darker and more pronounced features like
vessels and demarcation lines, the green channel was removed from the picture. The picture was
subjected to a Wiener filter to remove the distortions caused by CLAHE. All of the photographs were
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reduced to 1, 1470 pixels before CNN training so that they would match the dimensions of the images
in the dataset that was used to train the model. Figure 2 exemplifies these pre-processing stages.

In this study, we utilize the sparse representation-based denoising toolbox developed to reduce noise
in the ROP images. For clarity, an example is provided in Figure 2d, where the figure represents the
original image and showcases the denoised image. Then masking stage of the denoised picture is denoted
by I in this instance, and the binary image that results is lor 0.

Online available dataset for

Py

10% for 70% for - 20% for
validation training testing
Training labels Testing labels 1

Input images Input images

Pre-processed image

!

Validation labels | Pre-processed image

Training MCD-CNN Trained model
v
Trained model — Predicted labels evaluated with
test labels for measuring testing
l accuracy

Output is compared with training
labels for the computation of
training and validation.

Figure 1: Workflow of the PROPOSED model

Figure 2a: Healthy Figure 2b: Pre-processed Figure 2c: Figure 2d: Image
Image Image Using CLAHE Denoised Image Mask
Method

Multi-channel Dense CNN

Convolutional neural networks (CNNs) are computational models that utilize multiple layers (channels)
to learn increasingly abstract representations of data. Convolutional, pooling and fully linked layers
make up a standard CNN design. Convolutional layers consist of trainable filters or kernels (denoted as
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'k") with associated weights (w). Using these filters to convolve the picture and maybe adding biases (b),
convolutional layers produce multiple feature maps each representing the output of a specific filter.
Non-linear downsampling is carried out via pooling layers, which keep task-relevant data while
eliminating unimportant features. The produced characteristics are mapped to output neurons by fully
linked layers, where each neuron represents a judgment class. Figure 3 shows the model design of the
MCD-CNN that was employed in this investigation. Gradient descent is a common approach used in
MCD-CNN models to learn the parameters (6 = [w,b]). Additionally, various techniques exist to enhance
MCD-CNN performance.

1x 1470
Input 1 —
CNN Fully Connected (FC) Layer
: Network 1 —
Predicted
Fusion | |—p|FC Layer FC Layer| Class
_________________________ . Layer 1 > 2 => FC3 (softmax
' —p function)
1
NN i 1x712 1x 356
I#
1
|
- ey 1x3
1 x 1470 1x 2940

Figure 3: Proposed MCD-CNN Architecture

Among these are ensemble approaches, dropout, batch normalizing, whitening, data augmentation,
and contrast normalization. These techniques serve to improve MCD-CNN performance by enhancing
its learning capabilities, robustness, and generalization. To train and evaluate the MCD-CNN model, the
alternative pictures are subjected to contrast normalization and whitening in this study. Additionally, a
multi-channel technique inspired by ensemble methods is employed. Unlike traditional ensemble
methods where multiple learners are trained separately and their outputs are combined, Only the
MCD-CNN model is trained in this method. On replacement photos of each category, the trained model's
outputs are averaged to provide an ensemble-like effect. The formula for this ensemble-like averaging
process can be expressed as follows:

p(i) = £ XK [L; = | wherei=12,..,n (1)

Here's a breakdown of the elements within the equation (1): The number of categories is denoted by
n, and the number of test image substitutes is K. The MCD-CNN model's prediction label for the j*th
replacement picture is denoted by L_j; the square brackets, [-] indicate an indicator function, meaning
that if L; = i is true, [L; = i] equals 1; otherwise, it equals 0. In this case, p(i) represents the likelihood
that the original picture will be placed in the i*th category. The final result for a particular test picture is
calculated by averaging the outputs produced on replacement photos of each category by the trained
MCD-CNN model. This averaging technique aggregates the MCD-CNN model's predictions based on
the substitute images, simulating an ensemble-like effect without the need for training multiple models.
Certainly, the equation provided demonstrates the ensemble-like averaging process applied to obtain the
final output from MCD-CNN model predictions on substitute images. The formula uses the average of
the MCD-CNN model's predictions on replacement photos from different categories to calculate the
final output for a test image. Each prediction is weighed according to how likely it is that the original
image will fall into a particular group.
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4 Numerical Results and Discussion
This section gives an extensive analysis of various prevailing approaches with the anticipated model:

Discussion

This study investigated the efficacy of CMD-CNN in identifying ROP stages 1-3 in pictures of the retinal
fundus. The research findings are summarized as follows: MCD-CNN exhibited a high accuracy in
screening for retinal pictures with stages 1-3 ROP when trained and tested within the same population
and camera setting (See Figure 4). The MCD-CNN was trained using datasets from online resources.
Notably, the dataset represented typical demographics observed in lower-income countries which have
distinct characteristics in neonatal care and disease prevalence. When evaluated on outside samples
whose attributes were different from those of the initial training dataset, the performance of the trained
MCD-CNNs decreased. This study highlights the promising potential of MCD-CNN in accurately
screening for stage 1-3 ROP within specific populations and camera settings. However, further
investigation and evaluation are required to determine the practical applicability and effectiveness of
these Al-based screening systems in real-world ROP screening scenarios.

The second key finding emphasizes the challenges faced by trained MCD-CNNs when examined
using outside samples whose properties differ from those of the initial training dataset. The third key
finding underscores that combining populations for training can enhance both internal and external
performance. The better performance of the combined model indicates that the training data's degree of
heterogeneity—which takes into consideration other picture attributes in addition to quantity—may have
had a role in improving performance. Notably, the MCD-CNN exhibited robust classification
performance for different stages despite learning unique features from each population or camera.

Figure 4: Stages of ROP (1-5)

Evaluation Metrics

It appears you have provided explanations and formulas for several evaluation metrics commonly used
in assessing classification models. These metrics are essential for quantifying the performance of deep
learning models, particularly in classification tasks like the identification of ROP zones. Here's a
breakdown of these metrics:

Accuracy (ACC): calculates the percentage of all samples that were accurately predicted shows in
equation (2).

TP+TN
TP+TN+FN+FP

Accuracy = *100% 2
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False Positives (FP), False Negatives (FN), True Positives (TP), and True Negatives (TN).

Precision (Prec): shows the percentage of accurately detected positive cases out of all the cases that
were expected to be positive shows in equation (3).

TP
TP+FP 100% 3

Recall (Sensitivity): calculates the ratio of all actual positive cases to all accurately anticipated
positive instances shows in equation (4).

Precision =

TP
Recall = ———*100% (4)

F1 Score: serves as a balanced indicator of precision and recall by representing the harmonic mean
of the two shows in equation (5).

TN
verp + 100% )

Area Under the Curve (AUC) - Receiver Operating Characteristic (ROC) Curve: It gauges a model's
capacity to trade off TP (sensitivity) and FP (1-specificity) to determine how well it separates into groups
(like ROP zones) in equation (6). The AUC is between 0 and 1, where higher values indicate better
model performance.

F1 — score =

FPR = £ (6)
TN+FP
These indicators offer a thorough assessment of the model's functionality, offering insights into its
accuracy, ability to detect positive instances, and trade-offs between true positives and false positives.
The ROC curve, along with the AUC, is particularly useful in analyzing the model's discrimination

ability across various thresholds as in Figure 5.

ROC

True positive rate

o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False positive rate

Figure 5: ROC Curve

Training and validation accuracy

o] e

Training accuracy
—— Validation accuracy

0 20 40 60 80 100
Epochs

Figure 6: Training and Validation Accuracy
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Figure 7: Training and Validation Loss

Results and Discussion

The objective and methodology of the study aimed at identifying ROP zones in preterm newborns using
deep learning techniques. Here's an outline of the study's key aspects: 1) The primary goal is to develop
models capable of accurately identifying ROP zones in preterm newborns using fundus images;
2) Utilizing datasets trained on MCD-CNN distinct classifiers to predict ROP zones from fundus images.
To evaluate the performance and trends in the data, this study uses AUC, precision, recall, and F1 score.
Next, the model utilizes a multi-channel classifier to combine the outputs of individual classifiers,
providing an overall accuracy result. The execution is done utilizing an Intel Core i7 PC with 2.7 GHz
and 8 GB RAM for data processing leveraging an open-source deep learning library, for model
development and evaluation. Additionally, this work uses MATLAB 2020a an open-source web tool,
for creating and sharing reports that integrate code, graphics, equations, and text. It looks like this
strategy entails creating and assessing deep learning models for accurate ROP zone identification in
preterm newborns, utilizing appropriate metrics (See Figure 6 and Figure 7) and computational
resources.

The methodology and results of the study focused on predicting the severity of ROP using different
deep-learning models and other techniques as in Table 1. The study suggests that the anticipated
technique, particularly the voting classifier, combining predictions from different DL models, enhances
prediction accuracy for ROP severity compared to individual models. The MCD-CNN model exhibited
superior performance among individual models. The ROC curves and thorough comparison analysis
shed light on how successful the suggested approach is.

Table 1: Performance Evaluation of Various Existing with Proposed Approaches

Models Accuracy (%) | Recall (%) | Fl-score (%) | Precision (%) | AUC
MCD-CN 97.5 98 98.5 97 98
VGG-19 96 97 95 95.5 97
VGG-16 88 96 76 94 96
Inception-V3 72 94 40 85 76
DenseNet 76 67 88 66 77
MobileNet 86 86 85 81 87

The stages of ROP has been examined using a variety of statistical techniques to evaluate the
outcomes of different texture metrics A Receiver Operating Characteristic (ROC) curve and group mean
comparisons using a t-test are included. To compare sample means and show the likelihood of a mean
difference, Student's t test is computed.
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Using the p-values from the 2-tailed Student's t-test and the AUC value from the ROC curve, the
pertinent features are found. The student’s t-test is the standard statistical method used to determine the
significance of a mean difference. Student's t distribution can be used to estimate the corresponding
value of p once the value of t has been established.

Table 2: Student’s t-test Pair Wise Comparison Statistical Result Analysis between AUC of the

Classifiers
MCD-CNN vs VGG19 vs MCD-CNN vs DenseNET vs
DenseNET DenseNET VGG19 MobileNET
MSE Error 0.00954 0.0256 0.0120 0.0102

Significance Level P<0.05 P<0.05 P<0.05 P =0.793

Confidence Interval (CI) 0.0901-0.125 0.0691-0.0162 0.0796-0.0190 -0.0179-0.032
95 %
Significance Level P <.05 P <.05 P <.05 P =0.793
Difference in AUC curve 0.08 0.03 0.12 0.02

The pairwise comparison in Table 2 between the MCD-CNN vs DenseNET, VGG19 vs DenseNET,
the comparison of MCD-CNN and VGG19 reveals that both models' confidence intervals exclude the O
value at p < 0.001, indicating that the AUC difference is statistically significant in both scenarios.
Conversely, the pairwise comparison of the AUC values of DenseNET and MobileNET reveals no
statistically significant difference, since the Confidence Interval (Cl) includes a value of 0 with a non-
significant p value of 0.793. Thus, various statistical results significantly prove that the MCD-CNN and
VGG -19 classifier has higher classification accuracy. Thus, various statistical findings clearly
demonstrate the higher classification accuracy of the MCD-CNN and VGG-19 classifiers.

Performance evaluation comparison

100 I MCD-

CNN
80 Bl VGG-19
VGG-16
B Inception
V3
Il Dense...
40 I Mobile...

60

Values (%)

20

Accuracy Recall F1-score Precision

Evaluation metrics

Figure 8: Performance Analysis

The study evaluated accuracy, recall, F1 measure, and AUC as part of the trained module's
performance assessment. This work intends to focus on further algorithm development, exploring
additional methodologies, and expanding the training dataset to continue improving the accuracy and
robustness of the ROP detection system. Overall, the study demonstrates the potential of employing the
MCD-CNN classifier to enhance the automatic identification of ROP in newborns, paving the way for
potential advancements in medical diagnostics for ROP, particularly in resource-constrained settings
Performance Analysis shown in figure 8.
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5 Conclusion

It appears that the study focuses on employing MCD-CNN to automatically identify ROP in newborns
aiming to address the shortage of ophthalmologists and the need for accurate diagnosis, especially in
rural areas with a high prevalence of premature infants. Here's a summary of the key points achieved by
the anticipated MCD-CNN: Developing a system for accurate identification of ROP in preterm infants
using classifiers trained with dense learning. This work employs a customized CNN to train a dataset
specifically for detecting ROP zones with infants in preterm period. An overall accuracy of 88.82% was
achieved by employing an MCD-CNN classifier which aggregates predictions from multiple models.
The above system thus enhances the prediction of premature retinopathy fundus images using dense
network model to be used for intelligent portable screening device.

Acknowledgement

Funding: The authors gratefully acknowledge the financial support provided by AICTE for the project
AICTE - RPS File No-8-76/FDC/RPS (POLICY -1) dt. 09.02.2022. Thanks to M/s Aravind Eye
Hospital, Coimbatore for the extended support in terms of valuable insights towards the process and
modelling of the system.

References

[1] Abramoff, M. D., Garvin, M. K., & Sonka, M. (2010). Retinal imaging and image
analysis. IEEE reviews in biomedical engineering, 3, 169-208.

[2] Ahmad, A. S., Ahed, A., Al-smadi, M. K., & Al-smadi, A. M. (2024). Smart Medical
Application of Deep Learning (MUNet) for Detection of COVID-19 from Chest Images.
Journal of Wireless Mobile Networks, Ubiquitous Computing, and Dependable Applications
(JOWUA), 15(1), 133-153.

[3] Alamer, L., Algahtani, I. M., & Shadadi, E. (2023). Intelligent Health Risk and Disease
Prediction Using Optimized Naive Bayes Classifier. Journal of Internet Services and
Information Security, 13(1), 01-10.

[4] Arora, G. (2024). Desing of VLSI Architecture for a flexible testbed of Artificial Neural
Network for training and testing on FPGA. Journal of VLSI Circuits and Systems, 6(1), 30-35.

[5] Bhatkalkar, B. J., Reddy, D. R., Prabhu, S., & Bhandary, S. V. (2020). Improving the
performance of convolutional neural network for the segmentation of optic disc in fundus
images using attention gates and conditional random fields. IEEE Access, 8, 29299-29310.

[6] Bobir, A. O., Askariy, M., Otabek, Y. Y., Nodir, R. K., Rakhima, A., Zukhra, Z. Y., Sherzod,
A. A. (2024). Utilizing Deep Learning and the Internet of Things to Monitor the Health of
Aquatic Ecosystems to Conserve Biodiversity. Natural and Engineering Sciences, 9(1), 72-83.

[7] Chatterjee, P., Siddiqui, S., Granata, G., Dey, P., & Abdul Kareem, R. S. (2024). Performance
Analysis of Five U-Nets on Cervical Cancer Datasets. Indian Journal of Information Sources
and Services, 14(1), 17-28.

[8] Choi, J., & Zhang, X. (2022). Classifications of restricted web streaming contents based on
convolutional neural network and long short-term memory (CNN-LSTM). Journal of Internet
Services and Information Security, 12(3), 49-62

[91 Hemelings, R., Elen, B., Stalmans, I., Van Keer, K., De Boever, P., & Blaschko, M. B. (2019).
Artery—vein segmentation in fundus images using a fully convolutional network. Computerized
Medical Imaging and Graphics, 76, 101636.
https://doi.org/10.1016/j.compmedimag.2019.05.004

[10] Honavar, S. G. (2019). Do we need India-specific retinopathy of prematurity screening
guidelines? Indian journal of ophthalmology, 67(6), 711-716.

179


https://doi.org/10.1016/j.compmedimag.2019.05.004

Prediction of Premature Retinopathy Fundus Images Using Dr.B. Aruna Devi et al.
Dense Network Model for Intelligent Portable Screening Device

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Hu, J., Chen, Y., Zhong, J., Ju, R., & Yi, Z. (2018). Automated analysis for retinopathy of
prematurity by deep neural networks. IEEE transactions on medical imaging, 38(1), 269-279.
Jelena, T., & Srdan, K. (2023). Smart Mining: Joint Model for Parametrization of Coal
Excavation Process Based on Artificial Neural Networks. Arhiv za tehnicke nauke, 2(29),
11-22.

Ju, R. H., Zhang, J. Q., Ke, X. Y., Lu, X. H, Liang, L. F., & Wang, W. J. (2013). Spontaneous
regression of retinopathy of prematurity: incidence and predictive factors. International journal
of ophthalmology, 6(4), 475-480.

Karri, S. P. K., Chakraborty, D., & Chatterjee, J. (2017). Transfer learning-based classification
of optical coherence tomography images with diabetic macular edema and dry age-related
macular degeneration. Biomedical optics express, 8(2), 579-592.

Kavitha, M. (2020). Wideband Slotted Rectangular Patch Antenna for Short Range
Communications. National Journal of Antennas and Propagation (NJAP), 2(2), 1-7.

Kim, J., Tran, L., Chew, E. Y., & Antani, S. (2019). Optic disc and cup segmentation for
glaucoma characterization using deep learning. In IEEE 32nd international symposium on
computer-based medical systems (CBMS), 489-494.

Kulkarni, S., Gilbert, C., Zuurmond, M., Agashe, S., & Deshpande, M. (2018). Blinding
retinopathy of prematurity in Western India: characteristics of children, reasons for late
presentation and impact on families. Indian pediatrics, 55, 665-670.

Kutlu, Y., & Camgozli, Y. (2021). Detection of coronavirus disease (COVID-19) from X-ray
images using deep convolutional neural networks. Natural and Engineering Sciences, 6(1),
60-74.

Lee, C. S., Baughman, D. M., & Lee, A. Y. (2017). Deep learning is effective for classifying
normal versus age-related macular degeneration OCT images. Ophthalmology Retina, 1(4),
322-3217.

Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, F., Ghafoorian, M., & Sanchez,
C.1. (2017). A survey on deep learning in medical image analysis. Medical image analysis, 42,
60-88.

Long, J., Shelhamer, E., & Darrell, T. (2015). Fully convolutional networks for semantic
segmentation. In Proceedings of the IEEE conference on computer vision and pattern
recognition, 3431-3440.

Mumtaj Begum, H. (2022). Scientometric Analysis of the Research Paper Output on Artificial
Intelligence: A Study. Indian Journal of Information Sources and Services, 12(1), 52-58.
Pugalendhi, A., & Ranganathan, R. (2021). Development of 3D Printed Smartphone-Based
Multi-Purpose Fundus Camera (MultiScope) for Retinopathy of Prematurity. Annals of
Biomedical Engineering, 49(12), 3323-3338.

Rani, P., & Rajkumar, E. R. (2016). Classification of retinopathy of prematurity using back
propagation neural network. International Journal of Biomedical Engineering and
Technology, 22(4), 338-348.

Razzak, M. I., Naz, S., & Zaib, A. (2018). Deep learning for medical image processing:
Overview, challenges and the future. Classification in BioApps: Automation of decision making,
323-350.

Reid, J. E., & Eaton, E. (2019). Artificial intelligence for pediatric ophthalmology. Current
opinion in ophthalmology, 30(5), 337-346.

Roy, A. G., Conjeti, S., Karri, S. P. K., Sheet, D., Katouzian, A., Wachinger, C., & Navab, N.
(2017). ReLayNet: retinal layer and fluid segmentation of macular optical coherence
tomography using fully convolutional networks. Biomedical optics express, 8(8), 3627-3642.
Sakthivel, M. V., Kesaven, M. P., William, M. J. M., & Kumar, M. S. M. (2019). Integrated
platform and response system for healthcare using Alexa. International Journal of
Communication and Computer Technologies (IJCCTS), 7(1), 14-22.

180



Prediction of Premature Retinopathy Fundus Images Using Dr.B. Aruna Devi et al.
Dense Network Model for Intelligent Portable Screening Device

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]
[38]

[39]

Singh, H., Kaur, R., Gangadharan, A., Pandey, A. K., Manur, A., Sun, Y., & Kumar, P. (2018).
Neo-bedside monitoring device for integrated neonatal intensive care unit (iNICU). IEEE
Access, 7, 7803-7813.

Srinivasan, P. P., Kim, L. A., Mettu, P. S., Cousins, S. W., Comer, G. M., lzatt, J. A., & Farsiu,
S. (2014). Fully automated detection of diabetic macular edema and dry age-related macular
degeneration from optical coherence tomography images. Biomedical optics express, 5(10),
3568-3577.

Sui, X., Zheng, Y., Wei, B., Bi, H., Wu, J., Pan, X., & Zhang, S. (2017). Choroid segmentation
from optical coherence tomography with graph-edge weights learned from deep convolutional
neural networks. Neurocomputing, 237, 332-341.

Taha, A. A., & Hanbury, A. (2015). Metrics for evaluating 3D medical image segmentation:
analysis, selection, and tool. BMC medical imaging, 15, 1-28.

Trivedi, J., Devi, M. S., & Solanki, B. (2023). Step Towards Intelligent Transportation System
with Vehicle Classification and Recognition Using Speeded-up Robust Features. Archives for
Technical Sciences, 1(28), 39-56.

Venugopal, R. M. (2023). Efficient Hybrid CNN Method to Classify the Liver Diseases. Journal
of Wireless Mobile Networks, Ubiquitous Computing, and Dependable Applications, 14(3),
36-47.

Wang, J., Ju, R., Chen, Y., Zhang, L., Hu, J., Wu, Y., & Yi, Z. (2018). Automated retinopathy
of prematurity screening using deep neural networks. EBioMedicine, 35, 361-368.

Xu, X., Lee, K., Zhang, L., Sonka, M., & Abramoff, M. D. (2015). Stratified sampling voxel
classification for segmentation of intraretinal and subretinal fluid in longitudinal clinical OCT
data. IEEE transactions on medical imaging, 34(7), 1616-1623.

Yi, X., Walia, E., & Babyn, P. (2019). Generative adversarial network in medical imaging: A
review. Medical image analysis, 58, 101552. https://doi.org/10.1016/j.media.2019.101552
Zhao, J., Lei, B., Wu, Z.,, Zhang, Y., Li, Y., Wang, L., & Zhang, G. (2019). A deep learning
framework for identifying zone | in RetCam images. IEEE Access, 7, 103530-103537.

Zou, B, Liu, Q., Yue, K., Chen, Z., Chen, J., & Zhao, G. (2019). Saliency-Based Segmentation
of Optic Disc in Retinal Images. Chinese Journal of Electronics, 28(1), 71-75.

Authors Biography

Dr.B. Aruna Devi, an academician and a researcher, Dr.N.G.P Institute of Technology, with
research interests primarily in domain of Pattern Recognition, Embedded Systems, Robatics,
and Remote Sensing with emphasis on Artificial Intelligence, Biomedical Analytics and
Learning - Recognition for Assistive Computer Vision. She serves as a PhD guide with active
scholars. She has an Indian Patent Grant and a Germany Patent Grant to her credit. She has
published various books chapters and research papers in leading journals and conference
proceedings and Project Funding from government agencies. She has peer reviewed many
international journals and an active member in various professional societies.

Dr.S. Jaganathan over 2 decades of experience in Electrical Engineering domain, has major
roles on research & development, teaching, Promotion activities, and technical consulting. His
major publications include 9 Patents (including International patents), 36 research articles
published in reputed International Journals, 50 research articles published in various
International Conferences, and 3 Book/Book chapter Publications. As a Recognized research
Supervisor of Anna University has 7 research scholars pursuing Ph.D and one completed . He

‘ has received the “Best Researcher Award" in the International Scientist Awards on Engineering,

Science, and Medicine. Received grants from CSIR, IEEE, TNSCST, IE, and AICTE and
Completed 6 Industrial Projects. Industrial projects include Renewable Energy, Motor
Monitoring, Embedded system, and Medical applications.

181


https://doi.org/10.1016/j.media.2019.101552

Prediction of Premature Retinopathy Fundus Images Using Dr.B. Aruna Devi et al.
Dense Network Model for Intelligent Portable Screening Device

Dr. Parag K Shah graduated in medicine from N.D.M.V.P. Samaj’s Medical College, Nasik,
D.N.B from Aravind Eye Hospital, Madurai. After completing his residency program in Aravind
Eye Hospital, Madurai he joined as a Retina Fellow at Aravind Coimbatore. Since completing
his fellowship, he is working as a Consultant in the Retina Department of Aravind Eye Hospital,
Coimbatore and has developed the Pediatric Retina and Ocular Oncology Service. His main
areas of interest are Retinopathy of Prematurity, Retinoblastoma and Intraocular tumors. He has
many publications and presentations in this field.

Dr. Narendran Venkatapathy is the Chief Medical Officer of Aravind Eye Hospital &
Postgraduate Institute of Ophthalmology, Coimbatore. He graduated in medicine from Madras
Medical College, DO and DNB from Aravind Eye Hospital, Madurai. He has done observership
in India and abroad like Cornell University, New York, Johns Hopkins — Wilmer, Wills Eye
Hospital, Philadelphia and Julies Stein Eye Institute, LA. He has numerous contributions at state
level, national level and international level conferences. He has successfully organized national
& state conferences including AIOC, TNOA, VRSI. Dr. Narendran has over 60 publications in
national and international, Collaborative research projects and various training programs for
postgraduates and medical officers. He is Member of Task Force of ROP (Govt. of India) &
Queen’s Diamond Jubilee Trust, UK. He has appointed as the Local appraiser for several
institutions / Hospitals for DNB Programmes.

182



