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Abstract 

Retinal detachment (RD) is a severe condition that causes a decreased visual acuity and 

blindness if left untreated timely. The early screening and identification of retinal detachment 

can ameliorate the successful rate of visual results and RD. The manual screening of retinal 

detachment is a labor-intensive and time-consuming task.  This paper is concerned with pre-

trained deep learning networks for feature extraction and classification. Deep learning models 

need large amounts of training data since they involve a large number of parameters. This is a 

serious problem in medical informatics where the amount of data available is very less and 

the amount of ground truth data is a small fraction of the same. The domain of Retinal 

Detachment (RD) is no different. Typical public domain databases related to RD typically 

have few hundred images, which typically lead to fitting issues for deep learning models. In 

this work, we investigate the role of transfer learning for feature extraction and classification 

of RD and Non-RD color fundus images. We have also analyzed the performance of different 

deep neural networks through fundus imaging to detect (RD) eyes and Non-RD eyes. The 

deep convolutional networks such as AlexNet, InceptionV3, GoogleNet, VGG19, DenseNet, 

and ResNet50 were trained and tested on publically available datasets of RD and Non-RD 

fundus images. A ResNet50 framework through transfer learning shows the best 

classification performance in terms of Accuracy, Sensitivity, Specificity, Precision, and F1 

score values of 99.50%, 99.00%, 99.99%, 99.99%, and 99.49%, respectively, and best for 

detecting RD and Non-RD fundus images compared to other learning models. This study 

inferred the promising results for a diagnostic system for retinal detachment with relatively 

high sensitivity and specificity.  

Keywords:  Retina; Fundus images; Retinal detachment; Image classification; Convolutional 

neural network;

 

1.  Introduction 

Retinal detachment (RD) is a serious condition that occurs when the neurosensory retinal layer 

is separated from the underlying retinal pigment epithelium (RPE) [1]. Retinal detachment is 

the most serious concern for acute ophthalmologic health centers. If this serious disorder is 

treated timely, the probability of successful treatment of RD is remarkably very high [2], [3]. 



The exact statistics of RD is unknown, but in western countries like the United States, 

Netherlands, and Scotland, the annual rate of occurrence of RD cases is 12.05 to 18.2 per 

100,000 patients with a peak occurrence of 52.5 per 100,000 patients of age in the range of 55 

to 59 years [4],[5],[6],[7] and in Eastern countries like India, Singapore, Korea, and China, the 

yearly incidence rate of RD cases is 7.98 to 17.9 per 100,000 patients [8],[9],[10],[11],[12] of 

age in the range of 60 to 69 years. Hence, early diagnostic and timely treatment is the clue to 

preclude visual disability and vision impairment. 

RD classified into three categories namely Rhegmatogeneous RD (RRD), Tractional RD (TRD) 

and Exudative RD (ERD). Rhegmatogeneous RD is the most common and major reason of 

vision loss, it happens due to the separation of neurosensory retinal from the RPE as a results of 

holes and tears presents in the retina [13]. Tractional RD is a severe ocular complications, 

which refers to the separation of retinal from RPE because of the traction produced by 

proliferative membrane present over the surface of the retina [14].  ERD occurs when the fluids 

accumulate behind the retina, it can push the retina away from the RPE and cause detachment 

[15]. In ERD, there is no holes and breaks presents on the retina. 

Although identification of RD in the primary stage is quite arduous, it starts with symptom 

lessens but gradually increases at the retina's periphery [16]. The early RD symptoms perceived 

by the patients are curtains, flashes, and floaters, and 17% of RD patients point these changes to 

aging or problems with their contact lenses or glasses. As a result, patients hardly visit a doctor 

until symptoms exaggerate or visual acuity drops [17]. Due to this negligence, the best 

treatment timing can be missed and resulting in vision loss. Accordingly, it is essential to 

develop applicable screening techniques to identify the RD at an early stage. 

Subsequently, an experienced ophthalmologist is required to detect RD and examine the whole 

retinal area through dilated fundus. The manual diagnostic and screening of RD are labor-

intensive and time-consuming. So these challenges obstruct the execution of RD screening, 

mostly in large populated or under developing areas where very few ophthalmologists are 

present. Most of the works trained deep learning (DL) networks with captured images through 

conventional fundus cameras. The fundus camera is a specific low power microscope attached 

to the camera which used to scan the retina, optical nerve and lens. The fundus imaging is the 

process which takes the serial photography of the interior of an eye through the pupil. The 

fundus color imaging provides 30
o
-75

o
 views [18]. Due to this, it is suitable for observation of 

the posterior pole and optic nerve [19]. Figs 1 and 2 delegate the RD and non-RD fundus 

images.  



 
Fig 1 Sample non-RD fundus images 

 

                             
Fig 2 Sample RD fundus images 

 

Encouragingly, Convolutional Neural Networks (CNN) have shown exemplary achievements in 

the field of medical research, especially in the area of ophthalmology [20], [21]. The CNN can 

directly exact the information from the original labeled images without human intervention. 

Therefore, we designed a pre-trained DL architecture for identifying the RD and Non-RD 

fundus images of this work.  

The most important motivations of the work are as follows: 

Firstly, the early diagnosis of RD is both time-consuming and labor intensive which is only 

performed by experienced ophthalmologists to examine the entire parts of the retina through a 

dilated fundus. Due to these challenges, the implementation of RD screening in the large 

populated areas or under developing areas is quite challenging because of few ophthalmologists 

being available. Therefore, in this study, we aim to design a medical support system which can 

aid ophthalmologists in automatic early RD detection  using retinal color fundus .  

Secondly, deep learning  methods use a large amount of data for training the network and to 

avoid the issue of over-fitting problem, since they involves a large number of hyperparametres. 

This is a severe problem in medical informatics where the amount of data is typically very less 

(and the amount of ground truth data is an even smaller fraction of the same). Transfer learning 

is a viable modality to address this issue. In the transfer learning, one uses large pre-trained 

model which comes from similar problem domains. Such an approach mostly keeps some part 

of the original structure of the pre-trained model, and performs end-to-end training over a small 

RD RD 



number of parameters. An important issue with transfer learning is the ready availability of 

large number of such pre-trained model. Model Zoo [22] and Hugging face [23] for instance, 

give a choices of over 6000 models. First, characterization of model for a particular problem is 

an unsolved research problem. There have been only a handful of recent approaches which are 

beginning to address these issues [24], [25], [26]. These have evolved only in recent times, 

around 2020 or so.  These works have their own limitations which the authors have recognize. 

Even if one had an all-pervasive metric to evaluate the pre-trained models, it is not practically 

feasible to evaluate all these models and choose one from among such a large number of 

models.  In such situations, one has to take recourse to an empirical study of the suitability of 

the certain subsets of such models with certain generic properties. Each model has its own 

unique properties and limitations. Our paper is an attempt at this empirical evaluation for a 

specific task namely, RD. To the best of our knowledge, no other related work addresses these 

issues. 

The specific contributions of this paper as follows. 

 

● We have implemented a different pre-trained model such as Alexnet, InceptionV3, 

Googlenet, VGG19, DenseNet and ResNet50 for prediction and classification of RD 

using transfer learning. 

● We achieved encouragingly better results in terms of accuracy, sensitivity, specificity, 

precision and F1-score as compared to other pre-trained network which signifying the 

effectiveness of the proposed work.  

● The experimental, performance, and comparative analysis has been presented with the 

recently reported works. 

The outlines of the manuscript are as follows. In Section 2, we analyze the related works. 

Materials and methodology are reported in section 3. In section, 4 gives a detailed description of 

the experimental results. In the final section 5, concluded our work and future line of works are 

presented. 

 

2. Related work 

DL has recently shown outstanding performance to identify retinal detachment and non-

retinal detachment using fundus images. This section briefly presents the relevant works of 

RD diagnosis in a recent couple of years.  

Li et al. [27] presented a hybrid deep learning method based on ultra-wide-field (UWF) 

fundus images to detect retinal detachment and macula-on/ off retinal detachment fundus 

images. The first model is used to detect the detached retinal images, and the next model is 

used to identify the macula on/off retinal detachment fundus images. The two models were 

trained using traditional convolutional neural network architecture Inception and ResNetV2.  

Masumoto et al. [28] developed ensembles models of deep learning networks, including 

UWF pseudocolor images to differentiate non-retinal detached eyes and RRD eyes. This 

study trained nine pre-trained models such as VGG19, VGG16, ResNet50, InceptionV3, 

Xception, Inception ResNet V2, Dense Net169, Dense Net201, and Dense Net12. 



Ohsugi et al. [29] recommended a DL model consisting of several layers of CNNs. The 

convolution layer 1 (conv1) is the first layer used to exact the target’s feature quantities using 

a convolutional filter. The max-pooling layers (MP1, 2, 3) and rectified linear unit reduce the 

position sensitivity and permit extra genetic recognition. The fully connected layers (FC1, 

FC2) are the last layers to eliminate the spatial information from the target’s feature 

quantities.  

Gao et al. [30] introduced a direct segmentation of Pigment epithelium detachment (PED) 

and Neurosensory retinal detachment (NRD) using spectral-domain optical coherence 

tomography images through a novel approach of double-branched and area-constraints fully 

convolutional networks (DA-FCN). In the first stage of training, the datasets are extended 

using mirroring images to overcome the problem of over fitting. Then double-branched 

systems are constructed to learn deep representation and shallow coarse from OCT images. In 

the next training stage of the model, joint supervision mechanisms are presented. The 

performance matrixes are Dice similarity coefficient (DSC), True positive volume fraction 

(TPVF), and Positive predictive value (PPV), shows a better result as compared to traditional 

methods. 

Moura et al. [31] have contributed an automatic characterization and identification of the 

SRD using OCT images. This work designed four visualization modules using representative 

parameters to help the doctors diagnose macula edema (ME). This study is classified into five 

steps: In the first step, retinal boundaries are delimited; for enhancing the important 

characteristics of SRD edema and reject noise preprocessing is applied in the second step; in 

the third step, identification and segmentation of sub retinal fluid. The retinal layer is elevated 

and detached in the fourth step. In the final step, SRD edema is analyzed using 

complementary derived biomarkers and dissimilar visualization modules that offer an 

instinctual characterization and quantization of analyzing this type of edema through the 

specialist.  

The section summarizes that all these studies have been reported for diagnosis of RD fundus 

images using CNNs regardless of that having some significant imperfections; despite being 

magnificent images handling models. Hence, this study was made to analyze the performance 

of deep neural networks in RD detection. 

 

3.  Methodology  

 

The CNN, which uses hierarchical neural networks to examine the data, comprises many 

layers and extracts higher-level features from the raw images than other neural networks. 

Several pre-trained popular deep learning networks are Alexnet, InceptionV3, GoogleNet, 

VGG19, DenseNet, and ResNet-50. These pre-trained networks are feature extractors as well 

as classier in many medical imaging problems. We have implemented all these pre-trained 

architectures to classify the RD and Non-RD fundus images in this work. At first, we have 

collected both RD and non-RD fundus images from various online sources and created a 

dataset. Then these database has been trained by pertained architectures using the Transfer 



Learning (TL) approach. Once the networks have been trained, then it is tested by both RD 

and non-RD images. Fig. 3 shows the workflow of the classification model. 

 

Fig 3 Workflow of the classification model. 

3.1 Transfer Learning (TL) 

TL is a method of machine learning that mainly focuses on storing gained knowledge from 

new tasks and applying it to related tasks that have been solved already [32]. TL has become 

quite popular in Deep Learning (DL) as it trains deep neural networks using comparatively 

limited data. It is an optimization that provides rapid progression during the modeling of the 

second related task. TL is a technique that reuses the trained model on similar predictive 

problems. It is used to stimulate the training of DL networks either by feature extraction 

scheme and weight initialization strategy. TL has several advantages like providing the better 

performance of neural networks, less training time, and it doesn't require a huge amount of 

data, especially the RD images. Fig.4 shows the procedure of TL in RD and non-RD image 

training. 

 

Fig.4 TL approach in RD and non-RD images training 

3.2 Convolutional neural networks 

CNN is a subfield of DL, and it has the excellent capability of classification, feature extraction, 

and pattern recognition of the input images. CNN architecture consists of the input layer, 

convolutional layers (CL), Max-Pooling layers (MPL), Fully Connected Layers (FCL), and 

output layers. The Feature extraction is performed by using several layers such as 

convolutional layers and max-pooling layers, and a fully connected layer performs the 



classification.  The CL uses many convolution filters for extracting the features from raw input 

images. The extracted feature from convolutional layers is mapped into the feature space using 

Rectified Linear Unit (ReLU) activation function. In this work, the pre-networks such as 

AlexNet, InceptionV3, GoogleNet, VGG19, DenseNet, and ResNet50 were trained and tested 

on publically available datasets of RD and non-RD fundus images using TL. The following 

sub-sections were present the description of each pre-trained network. 

3.2.1 AlexNet 

AlexNet architecture is the most commonly used and very simple version of the CNN model. It 

comprises eight layers of the CNN model, namely five CL, two FCL, and one soft-max layer. 

Out of five CL, two are normalization layers, and the remaining three are pooling layers. Every 

CL contains 11×11 convolutional filters and a non-linear ReLU activation function rather than 

a sigmoid function. The input layer is fixed to 227×227×3 dimensions. The main aim of 

AlexNet architecture is to classify an enormous amount of datasets into 1000 different 

categories of images. This architecture has across 60 million parameters. The less 

computational time is one of the best advantages of the AlexNet model than other similar 

architectures. 

3.2.2 InceptionV3 

InceptionV3 architecture is 48 layer deep convolutional neural networks. This architecture is 

more computationally efficient in terms of economic cost and the number of parameters. This 

architecture has several advancements, including factorized convolutions, dimension reduction, 

label smoothing, parallelized computations, auxiliary classifiers, and regularization. Factor 

convolutions are used to reduce the computational efficiency and also the number of 

parameters. Additional classifiers are used to improve the model's convergence and also reduce 

the vanishing gradient problem. InceptionV3 architecture is classifying the 1000 different 

classes of ImageNet datasets. It has around 7 million parameters which are very few 

parameters as compared to AlexNet. 

3.2.3 GoogleNet 

The GoogleNet architecture is a very deep model as compared to other state-of-the-art 

networks such as Alexnet, InceptionV3, and ZF-net. The GoogleNet architecture comprises 22 

layers of inception modules in which nine inception modules, four max-pooling layers, four 

CL, three average pooling layers, FCL, and three soft-max layers are present. In addition, it 

uses ReLU activation in all CL and dropout regularization in FCL. The dropout layer is used 

during training to prevent the network from over fitting. The GoogleNet was designed to 

increase computational efficiency as compared to the other networks. The architectural details 

of GoogleNet are as follows: an average pooling layer having filter size 5×5 and stride 3, 1×1 

CL contains 128 filters for reduction of dimension and ReLU activation, FCL having 1025 

outputs and ReLU activation, dropout regularization with 70% of dropout ratio, and a soft-max 

classifier with 1000 different classes output. 

3.2.4 VGG19 



VGG19 is a variation of VGG, which comprises 19 layers such as 16 CL, 5 MPL, 3 FCL, and 

one soft-max layer. There are some other versions of VGG, namely VGG16, VGG11. The 

input size is set to 224×224×3 that is given to the input of this network. The preprocessing of 

this architecture is to subtract the RGB value of each pixel and evaluate it over the whole 

training set.  This architecture is performing spatial padding to conserve the spatial dimension 

of the images. The non-linear ReLU layer makes the architecture classify better and reduces 

the computational times than previous models. It is composed of 144 million parameters.  

3.2.5 DenseNet 

DenseNet architecture is one of the recent developments in deep neural networks for image 

classification. DenseNet is developed basically to improve the decreased accuracy of the neural 

network caused by vanishing gradient problems. In DenseNet, each layer is connected to every 

layer in a feedback fashion except for the input layer. For the N layer, there must be N(N+1)/2 

connections. Each layer uses the feature map of its previous layers as input by using composite 

operation. The combined process comprises CL, batch normalization layer, pooling layer, and 

non-linear activation layer. There are different versions of DenseNet such as DenseNet 201, 

DenseNet160 and DenseNet 121. Some of the DenseNet model benefits are diminishing the 

vanishing gradient issue, decreased number of parameters, and feature reuse. 

3.2.6 ResNet50 

The ResNet50 architecture is an intense and powerful backbone model as compared to other 

models. ResNet50 architecture is composed of 5 stages, each having a convolutional block 

and identity block. Each convolutional block and identity block consists of 3 convolution 

layers each. ResNet50 has 23 million trainable parameters. The shortcut connection of 

ResNet50 alleviates the vanishing gradients problem. The ResNet50 model consists of input 

layers of 224×224×3 pixel size, CLs then pooling layers. CLs use the 7×7 kernel filters for 

feature extraction at all possible levels. The pooling layers are used to diminish the spatial 

dimension of the featured map. The featured map is fed to a classifier layer, i.e., FCL, to 

classify the extracted features from the input images into a particular class. The ResNet50 

was designed to increase computational efficiency as compared to similar networks. The 

main advantage of using ResNet50 is having fewer parameters resulting in the network's load 

reduces compared to other network architectures. It mitigates the vanishing gradients problem 

and also strengthens the feature propagation.  

The current study is focused on applying transfer learning to pre-trained models of CNNs to 

achieve optimal performance parameters.  

4. Experimental analyses  

This section presented the detailed information of experimental analysis based on 

repositories, system configuration, training of networks, testing, and result indicators of the 

proposed study. 

 

4.1 Datasets 

 



The fundus images of RD and Non-RD eyes is collected from publically available 

repositories (RIADD 2021[33], Retinal image bank [34], Kaggle [35], DrishtiGS [36], Jan 

Odstrcilik et al. [37], Cataract image dataset [38] and Google images [39] are used in this 

study. A total of 1627 images have been used in these repositories, out of which 1227 images 

in RD and 400 images in non-RD classes, as stated in Table 1. The dimension of images is 

fixed to the pixel size of 224×224×3. 

 

 

 

 

 

 

 

 

 

 

 

Table 1 Detail of datasets  

 

Datasets Image Category No. of Images 

RIADD 2021 [33] RD images 638 

Retinal image bank [34] RD images 368 

Kaggle [35] RD images 54 

DrishtiGS [36] RD images 114 

Jan Odstrcilik et al. [37] Non RD images                                  15 

Cataract image dataset [38]                           Non RD images                                  300 

Kaggle [35] Non RD images                                  38 

Google images [39] Non RD images                                  100 

 Total  1627 

 

4.2 System configuration, training and testing 

The proposed work is written and implemented in MATLAB 2021a and executed using 

Windows 10 of DELL, 64 GB RAM Nvidia GPU. The pre-trained network is tested for 

publicly available databases of RD and Non RD fundus images. The whole datasets have been 

split into training and testing sets. A total of 1427 images are taken for training applications 

and 200 images are taken for testing of DL networks. For training the network feature 

extraction is performed using stochastic gradient descent (SGDM) algorithm, Max epoch size 

is 5, mini batch size is set to 5, learning rate is 0.001 and validation frequency is set to 50. The 

output layer size is taken 2 for two classes namely RD and Non RD images. In testing phase, 

the images are applied at the input of trained CNNs. After that, CNNs extract the features from 

the test images and classify them into suitable classes using pooling layers and soft-max layers. 

Table 2 shows the parameters used for training the networks and samples training and testing 

training images are given in Figs 4 and 5 respectively.  



 

Table 2 Training network of GoogleNet 

 

No. of 

Layers 

Optimizer Mini-batch 

size 

Max 

epochs 

Learning 

rate 

Validation 

frequency 

Output 

size 

177 SGDM 5 5 0.0001 50 2 

 

 

 

Fig 4 Sample training images  

 

 
Fig 5 Sample testing images 

 

4.3 Results 

This section represents the different pre-trained networks in diagnostics of RD and Non-RD 

fundus images. This work is validated using performance parameters like sensitivity, 



specificity, accuracy, F1 score, precision and Receiver Operating Characteristics (ROC), and 

confusion matrix. These performance metrics are used to verify the performance of each 

network.  

4.3.1 Accuracy 

Accuracy is an intuitive performance measure and defined as the ratio of correctly predicted 

observation to the total number of observations. It is represented in equation (1).  

Accuracy = (TP+TN)/ (TP+TN+FP+FN)                         (1) 

Where, TP shows true positive, TN shows true negative, FP shows false positive and FN shows 

false negative. 

TP means correctly predicted positive value i.e. the actual class value is true and predicted 

class value is also true. TN means correctly predicted negative value i.e. the actual class value 

is false and predicted class value is also false. FP and FN occur when the actual class 

contradicts the predicted class. FP occurs when the model predicts the positive class 

inaccurately and FN occurs when the model incorrectly predicts the negative class.  

4.3.2 Sensitivity (Recall) 

Sensitivity is a proportion of correctly classified the true positive classes. The expression for 

sensitivity as shown in equation (2). 

Sensitivity = TP/ (TP+FN)                                          (2) 

4.3.3 Specificity  

Specificity is a fraction of correctly identified the true negative classes. It is represented in 

equation (3). 

Specificity = TN/ (TN+FP)                                          (3) 

4.3.4 Precision 

Precision measures the ratio of accurately predicted positive cases to total predicted positive 

cases. It is expressed in equation (4). 

Precision = TP/ (TP+FP)                                              (4) 

4.3.5 F1-score 

F1 score is defined as weighted average of recall and precision. In this way, it takes both false 

positive and false negative values. It is used to measure the test accuracy of the model. It is 

represented in equation (5). 

F1score = 2*(Recall×Precision) / (Recall+Precision)    (5) 

4.3.6 Receiver Operating Characteristics (ROC) 

ROC is a graphical plot between true positive rates against false positive rate. ROC is a 

graphical approach for showing the performance of classification models at different 

thresholds. True positive rate and false positive rate are stated in Eq. (6) & (7). 



TPR = TP/ (TP+FN)                                                     (6) 

FPR = FP/ (FP+TN)                                                     (7) 

 

 

4.3.7 Confusion matrix 

Confusion matrix is M×M matrix used for capturing the classification performance of a 

classifier with respect to test images. It is a technique for summarizing the no. of correct and 

incorrect prediction with count values and broken down by each part.  

4.4 Performance analysis  

The performance analysis of the proposed methodology is executed using six pre-trained 

models, namely Alexnet, InceptionV3, GoogleNet, VGG19, DenseNet, and ResNet50. For 

training the model, 1227 images are taken for training purposes, and 400 images are taken to 

test the DL network. The performance metrics like accuracy, sensitivity, specificity, F1 score, 

and precision has been evaluated as stated in Table 3. The confusion matrix and ROC curve 

are also analyzed for the performance of these networks Alexnet, InceptionV3, GoogleNet, 

VGG19, DenseNet, and ResNet50 as shown in Figs 6 and 7 (a), (b), (c), (d), (e) and (f). The 

ResNet50 is more reliable in detecting the RD and Non-RD fundus images than other pre-

trained models. So the pre-trained ResNet50 can be used in detecting the RD fundus images 

in real-time applications. 

 

 

Table 3 Performance indicators of pre-trained models 

Pre-trained 

network 

Accuracy Sensitivity Specificity Precision F1 score 

AlexNet 97.25 98.00 96.50 96.55 97.26 

InceptionV3 98.00 98.00 98.00 98.00 98.00 

GoogleNet 97.50 97.00 98.00 97.98 97.48 

VGG19 98.50 98.50 98.50 98.50 98.50 

DenseNet 98.25 96.50 99.99 99.99 98.21 

ResNet50 99.55 99.00 99.99 99.99 99.49 

 



   
                                   (a)                                                                      (b)                                                                

  
                                    (c)                                                                      (d) 

  
                                   (e)                                                                        (f) 

Fig 6 Confusion matrices of (a) AlexNet (b) InceptionV3 (c) GoogleNet (d) VGG (e) 

DenseNet (f) ResNet50 



  

                               (a)                                                                     (b) 

     

                                     (c)                                                                          (d) 

 
                                (e)                                                                         (f) 

Fig 7 ROC curve of (a) AlexNet (b) InceptionV3 (c) GoogleNet (d) VGG (e) DenseNet (f) 

ResNet50 



4.5 Comparative analysis 

This portion represents the comparative study of classifying RD and Non-RD fundus images. 

The comparisons are made with different datasets and other traditional methods. For the 

analysis of this study, the performance indicators such as accuracy, sensitivity, specificity, 

precision, and F1 score are compared with the ResNet50 pre-trained DL networks. The 

achieved performance metrics of the ResNet50 model are better as compared to other existing 

DL networks Li et al.[18], Ohsugi et al. [19], Gao et al. [20], Masumoto et al. [21], and 

Moura et al. [22], as presented in Table 4. Li et al. [18] achieved marginally good 

performance matrices in terms of sensitivity, specificity, and accuracy. The specialist Moura 

et al. [22] produced marginally poor sensitivity as compared to the proposed model. 

Likewise, the ResNet50 model produced better performance results than other existing 

approaches.   

 

Table 4 Comparative analysis 

 

Author  No. of 

images 

(Datasets) 

Accuracy Sensitivity Specificity Precision F1 

score 

Li et al.[18] 11087 95.0 93.5 95.3 - - 

Ohsugi et al.[19] 831 - 97.5 89.3 - - 

Masumoto et al.[21]  1418 - 97.3 91.5 - - 

Moura et al.[22] - - 89.3 94.9 - - 

This study 

(ResNet50) 

1627 99.5 99.0 99.5 99.5 99.4 

 

4.6 Discussion 

This work mainly concentrated on the effective solution for the classification and prediction 

of RD related ocular diseases.  This study describes the performance and comparative 

analysis of RD detection based on retinal fundus images with proposed work to conventional 

CNNs architectures. This study has been implemented on 1627 retinal fundus images. Most 

of the studies [27], [28], [29], [30], and [31] have taken datasets from different sources for the 

training and testing of their methodologies. This work has used datasets from different 

sources such as RIADD 2021[33], Retinal image bank [34], Kaggle [35], DrishtiGS [36], Jan 

Odstrcilik et al. [37], Cataract image dataset [38], and Google images [39]. We have used the 

transfer learning approach to effectively train the DL models based on RD images 

insufficient amount. Out of which, the ResNet50 model shows promising results as compared 

to other DL models in terms of accuracy sensitivity and specificity with 99.5%, 99.0% and 

99.5% respectively. The performance results represents that the ResNet50 model obtains the 

impactful framework for diagnostic of RD eye. Some strength of this work is to easily extract 

some essential features from the training datasets, reduce the network’s load on the training 

architecture and also eliminates the problem of vanishing gradients. Hence, the ResNet50 

model can directly use for clinical trials for detecting the RD. 



 

5. Conclusion and future woks 

This paper presents the performance analysis of different deep neural networks in retinal 

detachment detection using transfer learning. The networks such as AlexNet, InceptionV3, 

GoogleNet, VGG19, DenseNet, and ResNet50 have been trained and tested with online 

retinal fundus datasets. The performance and comparative analysis have been reported based 

on various performance indicators, especially receiver operating characteristics and confusion 

matrix. Based on this experimental study, the ResNet50 network provides the best results in 

RD and non-RD detections. So the transfer learning-based ResNet50 architecture may use for 

clinical applications to reduce the burden of health care professionals on RD detection. 

The future work of this study as follows, 

⮚ It enhances the performance of deep networks in RD detection by employing the 

processing techniques like ROI extraction. 

⮚ Apply the feature engineering for RD images for effective feature extraction of deep 

models 

⮚ A large benchmark dataset will examine the deep models by collecting RD images 

from various eye hospitals. 

⮚ Develop an end-to-end system for RD detection by proposing a novel deep 

architecture.   
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