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Abstract-A deep learning-based convolutional artificial neural networks structured a new 

image classification method approach was implemented in the study. Sample application was 

carried out with Diabetic Retinopathy disease. Obtaining information about the blood vessels 

and any abnormal patterns from the rest of the phonoscopic image and assessing the degree of 

retinopathy is the problem itself. To solve this problem developed methodology and 

algorithmic structure of this new approach is presented in the study. An approach called care 

model was used in this study different from the classical CNN structure. The care approach is 

based on the idea that the best solution will be taken from the new data obtained by rescale 

the available data according to total number of pixels before the average data pool is created 

and then CNN processes will continue. In the care model approach, all data is multiplied by 

the number of elements by the number of epoch time eight tensors. The purposed care model 

includes VGG19 image classification model and developed mathematical model presented. 

Pre-trained model and all image dataset taken from kaggle and keras for implementation of 

case study. The purposed model provides train accuracy 87%, test accuracy 88%, precision 

93% and recall 83%.  

Keywords: Deep learning, neural networks, python, image processing, eye disease, care 

model. 

1. Introduction 

Deep learning health practices constitute a multidisciplinary field of study. Although 

computer image classification is now inevitably included in our daily lives, it requires the 

interpretation of software with health applications by expert healthcare professionals [1,2]. 

Today, when the state of the technology, data processing speed and data processing capacity 

are taken into account [3,4], disease diagnosis with image processing stands as a hot topic in 

front of many researches [5] in academia and private sector researchers [6,7]. 

1.1 Motivation  

Each year in the world, diabetic retinopathy has caused for 12% of all new cases of blindness. 

Therefore, today, the medical doctors are trying to diagnose this disease using several 

methods. Because this disease can occur in diabetics with the rupture of the vessels and blood 

accumulation behind the eyes, even if they sleep at night without showing much symptoms. 

Diabetic retinopathy can be detected using the following methods such as Visual acuity test, 

Pupil dilation, Ophthalmoscopy, Fundus Fluorescein angiography, Retinal vessel analysis and 

Optical coherence tomography. 

___________________________ 

*Corresponding Author:Ismail Topaloglu (+903762189532) 



2 
 

Email:itopaloglu@karatekin.edu.tr 

 

 

Each of these methods is diagnosed by using different methods in itself and by analyzing the 

information obtained as a result of patient follow-up and time-consuming studies by the 

doctor. With a deep learning-based approach developed in this study, instant eye retina 

pictures of the patient are uploaded to diagnose a certain risk and disease. It is possible to 

provide a diagnosis with a few snapshots without the need for much time. The motivation for 

this study has been explained above. 

1.2 Literature Review 

In the definition of many hazards encountered in the field of bio-medicine, image processing 

is now used in the literature [8,9] in the diagnosis of brain tumour [10,11], cancer [12,13], 

microorganism detection [14,15], eye diseases [16,17], MRI imaging [18,19], lung, liver and 

other diseases. Deep learning is focused on computer programs that simulate human brain 

functions. Deep learning history, in 1943, McCulloch and Pitts used mathematics and neural 

reasoning to mimic thinking. It is focused upon the creation of an algorithm-based 

computational model [20]. In 1958 a supervised algorithm for the detection of teaching 

patterns was developed on the basis of a two-layer Rosenblatt neural computer network [21]. 

Ivakhnenko and Lapa used models with activation features of complex equations in 1965 to 

develop deep - learning algorithms [22]. In 1988, Fukushima, He suggested Neocognitrona 

hierarchical and multi-layered nerve network used to identify the compose and other patterns 

[23]. The Cresceptron process, which performs dimensional object recognition, was 

automated by Weng, Cohen and Herniou in 1992 for three mixed scenes [24]. Vapnik is using 

Cortes and Vector Support networks to identify two related category data in 1995 [25]. A 

paradigm called Long Short-Term Memory (LTSM) was suggested for learning in 1997 by 

Hochreiter and Schmidhuber to save knowledge for a long time with repeating back growth 

[26,27]. Deep Learning field which is one of the major research era that gained attention. 

Crafted by Google's analysis team in a 2012 study contains 16,000 processors and over a 

billion ties. The efficiency of algorithms for the identification of artificial designs is human 

[28]. Facial Recognition by adding 120 million R-CNN parameters to tag users in images 

automatically uses the technologies of deep learning called DeepFace in 2014 [29]. Deep 

learning as a neural artificial network based on biological nervous system information 

processing techniques uses proven algorithms. Computers must then specify the meaning and 

model of each result. 

Machine learning and Google Brain science team research is one of the most popular methods 

for deep learning, and has been developed by engineers [30]. TensorFlow is one of the most 

popular tools for deep learning. Artificial intelligence open source, a library for artificial 

learning and TensorFlow uses data flow graphs to construct a multi-layered and large-scale 

artificial neural network, used in vision, discovery, classification, understanding and 

predictive applications [31]. This experiment is also used in TensorFlow particularly for deep 

learning. 

With the rapid entry of deep learning into our lives with the developing technology, the 

processing of big data and the development of its models have started. These models 

generally consist of deep artificial neural networks, convolutional neural networks, artificial 
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neural networks and other models. The open-source image processing models using these 

networks are models such as googleNet, VGG16, VGG19, ResNet and Inception [32,33]. 

Another difficulty seen in the studies in the literature is related to the image data. The fact that 

each of the images obtained is in separate pixels, the drawing angles are different, the use of 

special lenses in some of them and their different resolutions reduce the quality of the work. 

The situations mentioned above appear as noise in image datasets in analysis. For this, it is 

necessary to undergo a series of processes before using the ready image datasets. These 

operations are carried out to make image datasets trainable with certain criteria. In this case, it 

directly increases the quality of the work done [34,35]. 

Deep learning and image processing models have been used actively for the last ten years in 

the diagnosis of eye diseases. Disease detection has become possible by using image datasets 

that can provide certain features with pre-trained models [36,37].  

In this study, the sample application was carried out on such an eye disease. Models used in 

image processing and classification studies generally consist of many layers. These layers 

consist of Convolution layers, direct connected layers, maximum pool layer and softmax 

layers in CNN applications. A classification problem is created with a loss function, pre-

trained classification model, pre-trained label model, general classification model and ready 

image data sets [38,39]. 

The data used in classical CNN structures is not pre-processed in many methods and many 

unrelated data are involved in processing, which prolongs the processing times. This is the 

weakness of classical methods [40,41]. However, in practice, processing is done directly on 

the picture without the need for any intermediate processing. In this case, it provides 

convenience. In fact, the care model, as used in this research, operates by prioritizing 

precision and accuracy in diagnosis and classification. This gave better results than most 

classical models in the literature. 

1.3 Contribution 

 In this study, a solution has been sought for the above classical structure with a new 

perspective with care model approach. In this study, Deep learning based convolutional neural 

network structured new image classification approach for eye disease identification was 

realized. In practice, firstly, pre-trained models, configurations, weight functions, lost 

functions, ReLU functions, pre-trained model data and pre-trained label data are defined in 

the python environment. Subsequently, manual image data was read and image categorization 

was performed. With the CNN algorithm, data are trained, extracted and new data models are 

created. Unlike other applications in the literature, in this study, the picture pixels were 

retrained and pooled, taking into account the total number of pixels, by means of a model 

called care model in CNN structure. The best performing result has been selected. The results 

are evaluated and classified by the decision-making function. 

2. Methodology  

In classical CNN method include several steps to obtain best solution for one analysis. It 

clearly visible in figure 1, convolutional neural network (CNN) scheme for healthy or sick 

decision. In this study methodology can be explained in easy way. Input image dataset need 

some pre-processing applications after that image data trained for the neural network. Then 

decision function classified image healthy or sick. Newly produced trained image data 
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compared with pre-trained image data. That’s why classification function select best solution 

in every analysis.  

 

Figure 1. 

In this study, 512 x 512 x 3 input shape image data processed for VGG19 model. This image 

processing model creates 25.782.356 image parameters to train. Although the VGG19 model 

uses 224*224*3 data input type, a data type of 512*512*3 was chosen in this study to 

increase the number of image parameters to be trained. The main purpose here is to increase 

the quality of the input image and to increase the quality of the prediction to be obtained after 

this training. Data shape has been converted 14 x 14 x 2048 by image processing model with 

batch process. At this stage, classical CNN, image data is trained with convolutional and 

dropout operations by dint of many layers. Care model is applied to these newly trained image 

datasets. 14 x 14 x 2048 output data shape has been converted 1D 2048 then 128. Total 

parameters created from this model is 25.782.356, trainable parameter is 22.308.983 and non-

trainable parameter is 3.473.373 

2.1. Image Dataset  

The data comes from a rivalry from Kaggle web site [42]. But it's an atypical data collection 

from the Kaggle. Data were already cleaned at most Kaggle dataset and very little was 

achieved by the data scientist. That's not the case for this dataset. All the pictures are shot by 

humans, cameras, and varying sizes. This data is incredibly noisy for the pre-processing 

portion which requires many pre-processing phases for all images to be in a useful format for 

model training. The training data contains 45,231 images that are expanded during pre-

processing. You will find the datasets used in the study in the opened github folder [43]. The 

image dataset used, the newly created trained dataset and the sample work have been 

uploaded to this folder. 

Image dataset a big collection of high-resolution retina photos taken under various imaging 

situations for each subject, there is a left and right field. Pictures are identified with a subject 

id and a left or right arrow. The photographs in the collection are from various camera models 

and types, which can impact how the left and right sides seem visually. Some photos depict 

the retina as it might appear anatomically. Others are depicted as they might appear via a 

focusing microscope lens. Both the photos and the labels in the dataset contain noise. Photos, 

out of focus, underexposed, or overexposed images are all possibilities. 

2.2. Image Pre-processing 

In the study image pre-processing is vital to obtain best solution. The pre-processing includes 

four steps in the purposed method. Firstly, resizing all images for the 512 x 512 size for input 

shape, then creating a column of images that are not black and test it column indicating if the 

image is pitch black or not. Then rotates all images based on a specified degrees for train and 

test after that converts each image to an array and depends each array to a new array based on 

the image column equalling the image file name. Cropping and resizing images process 

provide extra detailed images for the network. Images having no colour space or completely 

black images removed from the dataset. Rotating images provide more trainable data that 

have known sick.   
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As can be seen clearly from figure 2, it can be seen before and after the pre-processing 

operations on the pictures. If explained step by step, rotating and cropping black and white 

areas of images which are unnecessary for analysis. Secondly image resizing and adjusting for 

analysis.  

Figure 2. 

3. Deep Learning Model 

First, we take a 512 x 512 input image and multiply it with another feature detector with a 

span of 1, and multiply it with the linear activation function to obtain the best features from 

the input image in deep learning model. Here, we use a 3 x 3 feature detector and multiply it 

with a huge matrix of 512 x 512 input images to reduce the size of the image matrix. After 

that, we apply "Max pooling", so we put a 14 x 14 pixel box in the upper left corner, then find 

the maximum value in that box, and then just reduce the value. Then, move the box to the 

right by two steps. Here, we perform maximum pooling to reduce the size of 32 different 

feature maps, resulting in 32 pooled feature maps. To obtain the best accuracy in the train and 

test set, we added 3 convolutional layers-the first 32 feature detector with a 3 x 3 matrix. The 

second is a 3 x 3 matrix with 64 feature detectors, and the third is a 3 x 3 matrix with 128 

feature detectors and I added a maximum pool to each convolutional layer. Now, we put each 

merged feature map into a column, so basically you only need to get the numbers from the 

merged feature map row by row, and then put them in a long column, you can get it for the 

artificial neural network a huge input vector.  

Now we make two fully connected layers with dense embedding with an output dimension of 

128 and a linear activation function. We use classification cross entropy to calculate the loss, 

so use the softmax activation function to calculate the error in the output layer, and use the 

Adam optimizer to propagate back through the network again and again to adjust the network 

and optimize performance. After that we train the dataset of Starter level, Pre-intermediate 

level, Intermediate level, Upper-intermediate level and Serious level with a target size of 512 

x 512 batch size of 10 and also the test set of Starter level, Pre-intermediate level, 

Intermediate level, Upper-intermediate level and Serious level with a target size of 512 x 512 

batch size of 2 and with 50 epoch and we get train accuracy 87%, test accuracy 88%, 

precision 93% and recall 83% on test set. It can be seen in figure two deep learning model 

algorithm. Main difference is care model approach from the other CNN research. Care model 

approach is explained in detail in related caption. 

 

Figure 3. 

3.1. Artificial Neural Network and Care Model Approach Mathematical Architecture 

The artificial neural network approach can generally be explained by equations Eq. 1, Eq. 2 

and Eq. 3. The care model approach mentioned in this study can be explained with Eq. 4, 

Eq.5, Eq.6, Eq.7 and Eq.8. Also, can be seen schematically in figure 3. 
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( ) max(0,max) maximumpoolingr x                    (3) 

x is input image, n is number of hidden layers, fi is i
th

 activation function and F(x) is output of 

network in Eq.1, x, y, z are location of pixels, h
k 

is convolution filter, Wk is weight of k
th

 

kernel and m, n, w are height, width and depth respectively in Eq.2. r(x) is ReLU function of 

maximum pooling in Eq.3. 
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Weights can be seen in Eq.4, M is map of newly produced image data with filtered, G is 

global average pool newly created by using M, GAPnew is newly extended global average pool 

and  is coefficient of new pixel size based on total pixel size.  

Unlike the classical CNN structure, the care model approach is presented mathematically. The 

sample application obtained with this model and the algorithm of the model are presented 

within the study. While filtering the image data trained with the filter defined in the CNN 

structure, this filtering is performed at the input in the care model approach and new trainable 

data is created on the basis of the total number of pixels. 

3.2. Care Model Approach 

The care model approach chart is presented in figure 4. A data repository is created by 

training 512 x 512 x 3 input image data in a 5 layer structure together with the initial and 

trained data for 5 times. Here a tensor of N x 8 for each element is created in the background. 

After filtering and training processes, image data pooling and retraining processes are 

performed. A new trained image repository is created and filtered by taking into account all 

the pixel value of the image data in the care model approach discussed after this staging. 

Consequently, after the predetermined loss function and optimization process, numerical 

estimation and classification process is performed according to a classification function at the 

output. 

 

Figure 4. 

3.3. Eye Disease Identifying Software (EDIS) 

Eye Disease Identifying Software (EDIS) has been interfaced with PyQt5 and Qt designer in 

python environment. The main libraries used in the background are Keras, TensorFlow, 

Numpy, Pandas and PyQt5 tools. Eye Disease Identifying Software (EDIS) analyse images 

based on CNN care model approach. Although the designed program is aimed to diagnose all 
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diseases that can be found with deep learning in the eye, the sample application in the first 

stage was made on diabetic retinopathy disease. Although the interface design is not very 

effective in the python environment, working as an open source TensorFlow as backend with 

the facilities provided by keras has been made very successful. In the designed interface, 

under the file menu, there are open, close, save, print and exit parameters. The eye health 

menu recommends the ophthalmologists in the environment, based on a map, if the disease is 

detected in the image analysed to the user. A care model based deep learning analysis is 

performed in Analyse image. Analysis reports of the images entered in the Results section can 

be accessed. For now, two analysis reports are presented. These are generated by a function 

that determines the disease state and disease prediction numerical ratio and disease level as a 

result of the analysis. The interface of the developed program can be seen in Figure 5. If the 

disease is detected while analysing, the software activates the ophthalmologist search button. 

 

  

Figure 5. 

 

Analysis results are reported in two groups for now as a final report. The first is the estimation 

of whether there is a disease in the analysed picture and the determination of the level of the 

disease. Second, the subject of this study is the visualization of the pictures analysed after the 

care model on the basis of the care model. The first case can be seen in figure 6 and the 

second case can be seen in figure 7, respectively.  

 

Figure 6. 

The image analysis report of the initial state consists of the image name, the disease class, if 

any, and the analysis estimate numerical data. This situation can be seen in figure 5. In the 

second case report, the analysed image has the disease class, if any, the numerical data of the 

probability of the disease, and the care model data. The most important feature of the care 

model approach analysis representation is that it can be seen how the processes performed are 

viewed by the computer. 

 

Figure 7. 

Expressing the algorithm that gives the solution of a problem or gives the solution of an 

applied method, not in a specific programming language but in almost everyday speech is 

called pseudo code. In this study, pseudo code is given in figure 8. Each sub-process outlined 

in the Code and its mathematical operations are not entered. In general, the logic of the 

working of the program has been tried to be given clearly. 

 

Figure 8. 

4. Results and Discussion  

The results are considered as evaluation metrics, hardware, memory and time, which are 

generally accepted and defined in the literature [19]. Evaluation metrics consist of three parts. 
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These are precision, recall and accuracy. Accuracy of model investigated for both test and 

train process. It is very important pre-processing for neural network. In this way, cropping the 

black and colourless areas in the picture, saving the process from unnecessary processing load 

and can work directly for the target in the image. The number of untrained elements remained 

at 13% of the total element. Figure 9 show that training curve of purposed model. Total loss is 

less than 1 almost in every iteration. Validated and trained data loss in every epoch can be 

seen in figure 9.  

 

Figure 9. 

 

4.1. Evaluation Metrics  

The purposed model provides train accuracy 88%, test accuracy 87%, precision 93% F1 0.83 

and recall 83%. 

1

*
, , , 2*

TP TP TP P R
P R ACC F

TP FP TP FN TP FP TN FN P R
   

     
      (9) 

P is precision, R is recall, ACC is accuracy, F1 shows the harmonic mean of Precision and 

Recall values. TP is true positives, TN is true negatives, FP is false positives and FN is false 

negatives respectively in Eq.9.  

Accuracy is a widely used metric to measure the success of a model, Precision is a value that 

shows how many of the values we estimate as Positive are actually Positive, and Sensitivity 

(Recall) is a metric that shows how much of the operations we need to predict as Positive.  

The reason why it is a harmonic average instead of a simple average is that we should not 

ignore extreme cases. If there was a simple average calculation, the F1 Score of a model with 

a Precision value of 1 and a Recall value of 0 would come as 0.5 and this would mislead us. 

The main reason for using the F1 Score value is not choosing an incorrect model in data sets 

that are not evenly distributed. In addition, F1 Score is very important to us as we need a 

measurement metric that includes not only False Negative or False Positive, but also all error 

costs. 

Table 1. 

  

Table 1 show that evaluation metrics of purposed method. It can be seen in the table 1 that 

care model gave very good values at the output, as 4 input layers and 0 output layers. Also 

Figure 10 show that confusion matrix of purposed model.  

 

Figure 10. 

4.2. Hardware 

Nvidia Tesla K80 CUDA Cores Graphic Cards (GPU) used for this study. This hardware 

provides us for calculation and implementation of all process 4992 CUDA cores and 2x 

GK120 GPUs.  
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4.3. Memory 

GPU has 24 GB memory and test platform has approximately 77 GB free memory for the 

implementation of the study. It is inevitably clear that more computational capacity and more 

free space are needed for the targeted study. 

4.4. Time 

The total processing time was 2349.8 seconds. This equates to approximately 39.16 minutes. 

There are things that can be done both on the hardware and on the data side to shorten the 

processing time. On the data side, datasets containing only eye images with less noise and a 

stronger computation capacity on the hardware side will reduce the processing time. 

5. Conclusion 

In this study, a deep learning-based convolutional artificial neural networks structured a new 

image classification method approach, which can be used to identify eye diseases, was 

implemented. Care model approach implemented via using eye disease identifying software 

(edis) in python environment. Developed model approach explained in mathematically and 

has been realized in the study. Case study has been carried out diabetic retinopathy disease 

image. Image data of this disease have been taken from the kaggle site. Better results have 

been obtained with the newly developed model approach. The results were discussed in depth 

in the study and presented. The purposed model provides train accuracy 88%, test accuracy 

87%, precision 93% F1 0.83 and recall 83%. 

5.1. Future outlook 

The applied model can be developed by doing the following. By using very high-resolution 

images in image datasets, improving the sampling process, improving the data in pre-trained 

models, ensuring there is no leaking between training and validation sets and age 

normalization.  
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Figure 10. Confusion matrix of purposed model 

 

Table 1. Evaluation metrics of all model 

Class 

Number/Layer 

Train 

Accuracy 

Test 

Accuracy 

Precision F1 Recall 

0 88 87 93 0.83 83 

1 56 44 36 0.27 39 

2 27 31 29 0.23 29 

3 22 17 16 0.13 23 

4 1   1 1 0.01 1 

 


