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Hyper Parameter Tuned Deep Learning Based 
Lenet Architecture For Detection And 

Classification Of Diabetic Retinopathy Images  
 

K. Yazhini, Dr. D. Loganathan  
 

Abstract: Diabetic retinopathy (DR) is a sickness appearing in the eye because of a rise in blood glucose level. Amongst the people under the age 
group of 70, half of the death is connected to diabetes. The earlier detection and medication could result in minimal loss of sight in various DR patients. 
When the signs of DR are detected, the seriousness of the disease needs to be validated for providing appropriate treatment. This study develops a new 
classification model for DR images by the use of deep learning based LetNet model. The proposed model involves a gradient descent (GD) based Hyper 
parameter tuned LeNet-5 model called GD-LeNet-5 model for the classification of DR images. The GD-LeNet-5 model involves a series of processes 
namely preprocessing, segmentation, feature extraction and finally classification. The presented model is tested using a DR dataset from Kaggle. The 
extensive experimental study clearly portrayed the superior outcome of the GD-LeNet-5 model with the maximum accuracy, sensitivity and specificity of 
72.80%, 51.50% and 81.82% respectively. 
 
Index Terms: Classification, Diabetic Retinopathy, Gradient, Kaggle, LeNet.   
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1. INTRODUCTION 
IN last decades, Diabetes has been considered as one of the 
threatening diseases in all over the world. Diabetes is caused 
when the glucose level is raised in blood which leads to 
severe blood vessel damage. A diabetes influenced individual 
is more vulnerable to kidney failure, loss of eye sight, bleeding 
teeth, lower limb confiscation, wounds in leg, nerve damages 
and several other factors. Additionally, it even causes heart 
attack as well as stroke. Based on the affected portion of a 
body which is due to diabetes, it is termed as Diabetic 
Retinopathy (DR). According to the survey of World Health 
Organization (WHO), the diabetes captures the seventh 
leading place under the list of fatal diseases [1]. In early 
1980's, there were about 100 million diabetic patients, but it 
has been increased gradually by four times and resulted in 
400 million. Also, it mostly occurs for the people in the age 
group of > 18 years from 4.8- 9.5%. Poor peopleare assumed 
to be the main sufferer for diabetes. In India, around 65.3 
million people have been affected by diabetes under the age 
group of 23–75. Therefore, it is measured that it might be 
raised to 105.6 million by 2030 [2]. A constant increase of 
glucose in blood level leads to damage of blood vessels. As 
the glucose is improved, it tends to puncture the blood vessels 
by causing a blood leakage into eye as well as weakening the 
eye sight. However, human body is genetically capable of 
recovering this issue.  If the brain identifies the blood leakage, 
then it enables the adjacent tissues to handle the current 
scenario. This type of function tends in irregular growth 
development of novel blood vessels but, the created vessels 
become fragile. It affects the eye vision of a human in a 
minimum duration. Therefore, it is more essential for adiabetic 
patient to undergo regular eye test and other remedies. Some 
of the predictive models has been used for eye test and to 
diagnose other disease at primary stage as Slit lamp bio 

microscopy, Optical Coherence Tomography (OCT), fundus 
imaging and so on. The severity of the diabetes could be 
identified by anomalies present in the body. Few substances 
denote the malfunctioning of the patient such as 
microaneurysms, hemorrhages, neovascularization, venous 
beading are main operation used to analyze the disease. 
Here, Micro aneurysms are said to be blood clots with the size 
of 100–120μmwhich are spherical in shape. The leakage of 
blood from a damaged blood vessel is termed as 
hemorrhages. The unusual developments on small blood 
vessels are named as neovascularization. Additionally, venous 
beading is defined as the middle extension of veins which is 
nearby occluded arterioles. A DR patient comes under the 
category of Non-Proliferative Diabetic Retinopathy (NPDR) as 
well as Proliferative Diabetic Retinopathy (PDR). Furthermore, 
based on the intensity of disease, an NPDR patient has been 
separated as mild/moderate/severe level patient.  
Generally, DR plays a major role among diabetic patients 
where patients could be saved from loss of vision by 
diagnosing the disease at the initial phase. If the presence of 
disease is found, then an individual must be monitored 
regularly to understand the growth of disease [3]. In order to 
resolve the limitations, an effective technique is applied for 
predicting and classifying the fundus images, which is more 
applicable for ophthalmologist to provide treatment for loss of 
vision problem that is caused due to DR. By default, the 
human eye is configured with optic disc as well as optic 
nerves. The process of detecting and classifying DR takes 
place by dividing the fundus images into various portions. 
Through the analysis of fundus image, the cause for damage 
could be identified. In [4], a novel method is proposed which 
helps to determine more number of attributes like foveal zone 
abnormalities, and micro aneurysms. Therefore, curvelet 
coefficients that are derived from fundus image as well as 
angiograms can be applied. The 3-stage classification such as 
Normal, Mild NPDR, and PDR has been obtained. In [5], DR 
images are classified according to the existence of micro 
aneurysms. Some of the datasets like DRIVE, ROC, and 
DIARETDB1 have been applied for this study. Thus, the 
technique has generated better values of sensitivity as well as 
specificity correspondingly. In addition, it uses Principal 
Component Analysis (PCA) to isolate the optic disc from 
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fundus image. By applying the improved MDD classification 
process, researchers could accomplish maximum detection 
possibility of exudates which is present closer to optic disc. In 
[6], it is deployed with SVM, Bayesian model, and PNN to 
identify the levels of DR from fundus images. Besides, 
DIARETDB0 dataset consists of 130 images which are applied 
for detection purpose. The part of blood vessels, exudates, 
and hemorrhages are captured from DR images that must be 
divided from other photography. Finally, accuracy retrieved by 
employing the presented model like PNN, SVM, and Bayes 
classification attains optimal result.  [7] has defined the 
verification of simulation outcome which is derived by the 
application of trained SVM classification. There are 3 kinds of 
public datasets, such as, MESSIDOR, DIARETDB1, and 
DRIVE. The accuracy of 95% could be achieved while 
classifying exudates as well as micro aneurysms when 
classifying the images of blood vessels. In [8], it describes 
that, by using local binary pattern features are used to forecast 
the exudate and produce the précised result. [9], has deployed 
a dual classifiernamed boot strapped decision tree (DT) which 
is suitable for classifying fundus images. Simultaneously, 2 
binary vessel maps have been built by minimizing the 
dimension of feature vectors. As a result, the proposed model 
generates a best accuracy. In [10], a novel methodology is 
applied as Gabor filter and SVM model for segmenting the DR 
images. Before classification, Circular Hough Transform (CHT) 
as well as CLAHE models is used as input images. The 
accuracy of 91% is obtained STARE database. In addition, [11] 
is composed with Multi-Layer Perception Neural Network 
(MLPNN) for the purpose of detecting DR. There are 9 
statistical features which have been obtained from 64-point 
Discrete Cosine Transform (DCT) process. In [12], 
morphological operation applies intensity of image as 
threshold for dividing the respective image. The procedure of 
isolating the parts of exudates is mentioned. [13] definedthe 
use of CNN structure including data augmentation model while 
classifying DR images. Here, Kaggle database has also been 
applied which is capable of producing partial accuracy. In 
[14],a set of error based system is applied for classifying the 
images. Therefore, it is sampled by using the dataset which 
has remote sensing images that is retrieved from afarming 
village near Feltwell (UK). According to the units of feature 
vectors, pixels are categorized as single one of 5 agricultural 
portions and 3 kinds of ensembles like E1, E2 and E3 has 
been formed. By using this technique, classification accuracy 
could be derived as maximum value for E1, E2 and 
E3ensembles. It is attempted to examine the macular 
irregularities from SD-OCT images under the application of 
reformed CNN. Subsequently, preprocessing level applies 
BM3D filter for eliminating the noise present in the image 
where it divides the images as 2 dimensional blocks and 
reunite the blocks to create 3D blocks according to the 
patterns. The low, mid as well as high level features has been 
filtered frequently from 18 layered remaining networks which is 
sampled under diverse kernel sizes of 3 × 3, 5 × 5, 7 × 7 and 
so on. Therefore, Accuracy, precision and recall are few 
parameters that have been applied as performance measures. 
Kernel size of 3 × 3 of recombined residual system attains 
optimal accuracy respectively. Based on the above review of 
recent works, this study concentrates to design an effective 
DR detection and classification model by the use of LeNet. 
The proposed model involves a gradient descent (GD) based 
Hyper parameter tuned (HPT) LeNet-5 model called GD-

LeNet-5 model for the classification of DR images. Here, 
contrast level adaptive histogram equalization (CLAHE) model 
is applied to increase the contrast level of the imag. Then, 
watershed segmentation takes place to segment the contrast 
enhanced image followed with feature extraction and random 
forest (RF) based classification. The presented model is tested 
using a DR dataset from Kaggle. The usage of HPT process 
helps to boost the outcome of the GD-LeNet-5 model. 

 
2 THE PROPOSED GD-LENET-5 MODEL 
The working principle involved in the GD-LeNet-5 approach is 
illustrated in Fig. 1. The input DR image undergoes 
preprocessing for improving the image quality to next level. 
Here, CLAHE) technique is applied to boost the contrast level 
of the image. Then, the watershed algorithm is applied to 
segment the preprocessed image. Afterwards, the GD-Le-Net 
based feature extraction is carried out for the extraction of 
useful feature vectors from the segmented image. At this point, 
the GD model is given to tune the hyperparameters of the 
LeNet-5 model. Atlast, the classification process takes place 
where the input image is classified into its corresponding class 
label to identify the presence or absence of DR and its 
corresponding stage. 
 
2.1 Preprocessing 
To achieve efficient contrast enhancement, CLAHE method is 
executed by avoiding further sound amplification. In many 
valued histograms, intensity values are verified with the use of 
CLAHE where everyone is depend upon individual image 
areas and histogram distribution occurs to avoid further 
extension and remapping of intensity values. In medical 
images, the proposed CLAHE method is made to raise the 
contrast level of the image. The processes involved in the 
CLAHE method are Input creation, normalization, grayscale 
mapping and gather output image.  
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
2.2 Watershed based image segmentation 
In the method supposes a figure as a topographic scene 
through boundaries as valleys. The altitude value of the view is 
usually observed with gray values to particular pixels or the 
gradient magnitudes. In terms of 3D depiction of the 
watershed transform, images are decayed utilize to gathering 
of catchment basins. Each local minimum, it has the root 
whose course of steepest drop end at the minimum is shown 
in Fig. 2. The watershed transform function provides entire 
image separation as sharing each pixel to a watershed or 

 

Fig. 1. Overall process of proposed method.  
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segmentation. Regarding noisy healthcare images, highest 
number of small segments is assumed as problem of over 
segment. On the off possibility that image segmentation is 
executed, feature extracting processes are essential. In the 
efficient feature extraction, it is vital to collect the voxel wise 
morph metric features to district features that can manage the 
higher dimensional features containing huge number of 
redundant data and noise due to predefined fault in register 
method. Utilizing the local features is minimized in this 
problem as to provide more useful features in classification 
method. The usual technique achieves the local features by 
utilizing earlier data, for instance set ROI, which inspect every 
voxel wise features in every set ROI. It is effective to represent 
DR images, while ROI features from various formats are 
increasing normally. It take different types of various DR image 
features from various layouts, a cluster method is executed for 
dynamically collecting the features. It shows that clustering 
method improves the discriminative intensity of achieved area 
features, and reduces the unhelpful contact from the 
registration fault. 

Let 𝐼 
 
(𝑣)  implies a voxel-wise cell depth value at voxel 𝑢 in 

the 𝑘th format to 𝑖th training subject, 𝑖 ∈  [1,𝑁]. In the ROI part 
to the 𝑘th pattern based on the combined partition and 

robustness metric,𝐷𝑅𝑀 (𝑣) gets completed from every 𝑁 
arranging subjects that implies the feature significance and 
spatial consistency quality into account. It can be represented 
as  

𝐷𝑅𝑀 (𝑣) = 𝑃 (𝑣)𝐶 (𝑣)                        (1) 
where 𝑃 (𝑣)is the voxel-wise Pearson Co-efficient (PC) from 

every separate N arranging subjects, and 𝐶 (𝑣) reveals the 
spatial steadiness among all features in the spatial region. 
Watershed segmentation is arranged on every processed 

𝐷𝑅𝑀 map to achieve the ROI region to 𝑘th pattern. Note that 

Gaussian kernel is used to smoothing every map𝐷𝑅𝑀  for 
removing over segmentation. Hence, the 𝑘th layout is split to 

end 𝑅  non covering areas; it should be observe that every 
layout gives the result in individual ROI region. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

2.3 LeNet-5 
LeNet-5 is a Multilayer Neural Network which have undergone 
training using backpropagation approach. It is simpler and 
requires fewer layers over other DL models. Upon integrating 
with proper optimizer and learning rate, it offers interesting 
outcome. It includes a set of 8 layers including the input and 
output layers. The conv layers is labeled as CVx, sub-
sampling (SS) layers is labeled as SBx, and fully-connected 
(FC) layers is labeled as 𝐹x, where x is the layer index. Layer 
CV1 is a conv layer with six feature maps (FMs). Every unit in 
every FM is attached to 5x5 region in the input. The size of 
FMs is 28x28 that avoids relation from the input from declining 

off the edge. CV1 have 156 weights, and 122,304 relations. 
 
 
 
 
 
 
 
 
 
 
 
 
SB2 layer is a SS layer which has six FMs of size14x14. Every 
unit in every FM is attached to 2x2 region in the equivalent FM 
in CV1. The 4 inputs to a unit in SB2 are additional after that 
multiplied with weight coefficient, and weight bias. The output 
is acceptedwith the sigmoidal function. The 2x2 accessible 
domain is non-overlapping; so FMs in SB2 contain half the 
number of rows and columns as FMs in CV1. Layer SB2 have 
12 weights and 5,880 relations. CV3 layer is a conv layer 
which has 16 FMs. Every unit in every FM is attached to 
various 5x5 regions at similar positions in a subset of SB2’s 
FMs. SB4 layer is a SS layer which has 16 FMs of size5x5. 
Every unit in every FM is attached to 2x2 regions in equivalent 
FM in CV3, identical direction as CV1 and SB2. Layer SB4 
have 32 weights and 2,000 relations. The CV5 layer is a conv 
layer which has 120 FMs. Every unit is attached to 5x5 region 
above every 16 of SB4’s FMs. Now, as the size of SB4 is 
also5x5, the size of CV5’s FMs is1x1.It refers to the amount of 
entire connection among SB4 and CV5. The CV5 is labeled as 
a conv layer rather than FC layer, as if LeNet‐ 5 input were 
completely larger; the FM dimensional will better than 1x1. The 
F6 layer have 84 units and is FC to CV5. It contains 10,164 
weights. The usual NN, units in layers up to F6calculates the 
dot product among their inputs as well as vector weight to add 
the bias. It is a weighted sum indicated as𝑎  to unit 𝑖, is and 
accepted with sigmoid squashing function for producing the 
state of unit 𝑖, indicated with 𝑥   

𝑥 = 𝑓(𝑎 )                                              (2) 
Squashing function is a scaled hyperbolic tangent and is 
represented as: 

𝑓(𝑎) = 𝐴 tanh (𝑆𝑎)                                     (3) 
where 𝐴 is the amplitude function and 𝑆 represents its slope at 
the origin. The constant 𝐴 is selected to be 1.7159. At last, 
resultant layer is created using Euclidean Radial Basis 
Function units (RBF), one to every class, by 84 every input. 
The results of every RBF unit 𝑦  are calculated as follows: 

𝑦 =∑(𝑥 −𝑤  )
 

 

                                (4) 

The easiest result of loss function used in this model is the 
Maximum Likelihood Estimation criterion (MLE) that is 
corresponding to the Minimum Mean Squared Error (MSE). 
The condition to set the training instances can be represented 
as 

𝐸(𝑊) = 
l

𝑃
∑𝑦  

 

   

(𝑍 ,𝑊)                          (5) 

where 𝑦   is the outcome of the 𝐷 ‐th RBF unit, specifically 

one that matching to the accurate class of input design 𝑍 . As 
the cost function is suitable to most cases, it is required to 
satisfy three essential properties. Initially, when it permits the 

 

Fig. 2. Watershed transform 

 

 

Fig. 3. Architecture of LeNet 
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parameters of the RBF to adjust, 𝐸(𝑊) have the trivial, but 
completely unacceptable. The result of every RBF parameter 
vectors is equivalent, and the state of 𝐹6 are constant and 
equivalent to that parameter vector. The network happily 
ignores the input, and every RBF outcomes are equivalent to 
0. This collapsing fact does not take place when RBF trainable 
parameters are not permitted to accept. In second issue, there 
is no trial among the classes. Such a competition is achieved 
with utilizing extra discriminative training condition, dubbed the 
MAP condition; identical to Maximum Mutual Information 
condition sometimes utilized to train HMMs. It is equivalent to 
maximize the following possibility of accurate class 𝐷  (or 

minimize the logarithm of the possibility of accurate class), 
provided that input image is appear from one of the classes or 
from a background class label. With respect to penalties, it 
implies that besides to pushing down the penalty of the 
accurate class similar to MSE condition, this condition also 
pulls up the penalties of the inaccurate classes as defined 
below: 

𝐸(𝑊)  =  
l

𝑃
∑(𝑦  (𝑍

 ,𝑊) +  log (𝑒  +∑𝑒   ( 
 , )

 

))

 

   

    (6) 

It is essentially lesser than initial term; so the loss function is 
positive. The constant 𝑗 is positive, and avoids the penalties of 
classes that are previously very large from being pushed. The 

posterior possibility of class label will be the ratio of 𝑒   
and𝑒  +∑ 𝑒   ( 

 , )
 . This discriminative condition avoids 

before mentioned ―collapsing effect‖ if RBF parameters are 
learned as it maintains the RBF centers apart from each other.  
To calculating gradient of the loss function in terms to every 
trainable parameter, every layer of the conv network gets 
completed by back‐propagation. It is a regular technique which 
should be slightly altered to get account of the weight 
distribution.  
 
2.4 Feature extraction GD based HPT method  
Optimization of model is one of the toughest challenges in the 
execution of ML results. The whole division of ML and DL 
hypothesis has been offered for model optimization. In 
general, the model optimization is defined as the procedure of 
often changing code of method for reducing reduces the test 
fault. But, DL optimize regularly involves fine-tuning elements 
that mainly control its performance. DL frequently referred to 
individual’s hidden elements as hyper-parameters is the 
important modules of some ML function. Hyper-parameters 
are sets that are tuned to manage the performance of ML 
technique. Theoretically, hyper-parameters are assumed 
orthogonal to learning method itself in the sense that, while 
they exist outside method, there is a direct connection among 
them. It is a procedure of choosing hyper-parameters for DL 
models. The DL techniques clearly define some particular 
hyper-parameters that can manage various aspects like 
memory or implementation cost. But, further hyper-parameters 
are described to adjust the technique to particular situation. In 
real time, practitioners usually use quite a bit of time for HPT 
to obtain the optimal action to specific method. Several hyper-
parameters are rate of learning, momentum, weights and 
batch size. This hyper-parameter performs as a knob that is 
tweaked in training method. To give optimal outcome, it is 
required to locate the best value of these hyper-parameters 
exist in the model. Here, GD model is applied for HPT in 
Xception model. GD is an optimized method generally utilized 
in the training process of ML techniques. An important aspire 

of training ML technique is to alter the weights 𝑤 to reduce the 
failure or cost. Here, cost indicates the way to calculate of how 
fit the method is doing and it is implied with the cost of J(w). 
So, reducing the cost function leads to best parameters. The 
GD technique is initiated by arbitrary method parameters and 
computes the fault to all iteration. It indicates the parameter 
model to travel nearby values which results in lowest cost. GD 
techniques multiply the gradients with the scalar identified as 
rate of learning to verify the subsequently point. The weights 
W and b can be determined as flows.   

𝑊 =𝑊 − 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 ∗ 𝑑𝑊                        (7) 
𝐵 = 𝑏 − 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 ∗ 𝑑𝑏                             (8) 

Where dw and db indicates as gradients to inform our 
parameters W and b to GD technique. When the rate of 
learning is tiny, subsequent training is more dependable, 
although it would get some time as stages to reduce the loss 
function are small. When the rate of learning is higher, next 
training cannot join or even depart. By this technique, the HPT 
takes place for Xception model which leads to better outcome. 
 
2.5 Random Forest based Classification  
Here, RF is comprised of many unique decision trees (DT) 
which are computed as an ensemble. Every tree present in RF 
produces a class prediction and a class that has major votes is 
declared as model’s prediction. The basic model in RF is 
effective than other techniques. In case of classification, the 
RF performs quite-well due to the presence of massive 
amount of comparative unrelated methods that has been 
operated as group of constituent techniques.The minimum 
association exist among these techniques are considered as a 
main key. If few trees are filled with error, then remaining trees 
would be accurate, thus a set of trees are capable of moving 
in applied direction.  
Therefore, a prerequisite for RF to compute in an optimal 
manner is:  

• It requires few original indicators in proposed system as 
the techniques are applicable to form such attributes 
than random analysis. 

• The detections named as errors occur due to the 
presence of single tree which should holds minimum 
connection with one another. 

 
3 EXPERIMENTAL VALIDATION 
 
3.1 Dataset used 
To understand the benefits of the presented GD-LeNet-5 
model, a detailed simulation process takes place against the 
DR dataset from Kaggle [15]. It holds 35,126 high quality color 
images with a resolution of around 3500x3000 in numerous 
varieties of imaging scenarios. A set of five classes exist in the 
dataset namely classes 0-4. A total of 25810 images were 
present under class 0, 2443 images under class 1, 5291 
images under class 2, 873 images under class 3 and 708 
images under class 4. 

TABLE 1 
DATASET DESCRIPTION 

Class Name DR Grades Number of Images 

Class 0 Normal 25810 

Class 1 Mild 2443 

Class 2 Moderate 5291 

Class 3 Severe 873 

Class 4 Proliferative 708 
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3.2 Results analysis 
Fig. 4 shows the segmentation results offered by the GD-
LeNet-5 model. The figure clearly portrayed that the GD-
LeNet-5 model effectively segments the input images in a 
clear way. Fig. 5 shows the classifier results offered by the 
GD-LeNet-5 model on the applied test image. Fig. 5a shows 
the original input image and the corresponding segmented 
image is shown in Fig. 5b. In line with, Fig. 5c shows the 
classifed image and it can be seen that the input image is 
classified inot the category of Normal. 

 
 

 
 

 
 
 
 

 
Fig. 6 depicts the classifier results offered by the GD-LeNet-5 
model on the applied test image. Fig. 6a shows the original 
input image and the corresponding segmented image is 
shown in Fig. 6b. In line with, Fig. 6c shows the classifed 
image and it can be seen that the input image is classified inot 
the category of Mild. 

 
Fig. 7 clearly portrays the generated confusion matrix for the 
GD-LeNet-5 model on the applied dataset. Then, this figure is 
transformed to an understandable format in the form of table 
as given in Table 2. By looking into the table, it is evident that 
the GD-LeNet-5 model classifies a set of 189 images as 
Normal, 116 images as Mild, 121 images as Moderate, 65 
images as Severe and 24 images as Proliferative. 
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The above table undergo manipulation and represented in the 
form of true positive (TP), true negative (TN), false positive 
(FP) and false negative (FN) respectively in Table 3. Table 4 
and Fig. 8 depict the classifier outcome offered by the GD-
LeNet-5 model on the applied dataset. Initially, the normal DR 
images undergo classification by GD-LeNet-5 model with the 
accuracy, sensitivity and specificity values of 66.28%, 94.50% 
and 56.50%. Next, the mild DR images undergo classification 
by GD-LeNet-5 model with the accuracy, sensitivity and 
specificity values of 75.62%, 58% and 82.95%.Subsequently, 
the moderate DR images undergo classification by GD-LeNet-

5 model with the accuracy, sensitivity and specificity values of 
73.05%, 60.5% and 78.02%. After that, the severe DR images 
undergo classification by GD-LeNet-5 model with the 
accuracy, sensitivity and specificity values of 74.64%, 32.5% 
and 91.84%. Atlast, the Proliferative DR images undergo 
classification by GD-LeNet-5 model with the accuracy, 
sensitivity and specificity values of 74.42%, 12% and 
99.80%.Finally, the superior nature of the GD-LeNet-5 model 
has been verified by undergoing a comparative study with the 
recent methods and the results are provided in Table 5and Fig. 
9. While evaluating the results of the classifier outcome based 
on accuracy, it is observed that the VggNet-16 model offers 
ineffective classification by offering a minimum accuracy of 
48.13%. At the same time, the LeNet-5 model tried to manage 
well and shows moderate classification by attaining a high 
accuracy of 70.15%. Simultaneously, the GD-LeNet-5 model 
has offered supreme classification by achieving a maximum 
accuracy of 72.80%.On measuring the classifier outcome with 
respect to sensitivity, it is observed that the LeNet-5 model 
offers ineffective classification by offering a minimum 
sensitivity of 70.15%. At the same time, the VggNet-16 model 
tried to manage well and shows moderate classification by 
attaining a high sensitivity of 86.37%. Simultaneously, the GD-
LeNet-5 model has offered better classification by achieving a 
maximum sensitivity of 51.50%.By determining the classifier 
results interms of specificity, it can be noted that the VggNet-
16 model shows worse outcome by offering a minimum 
specificity of 29.09%. Concurrently, the LeNet-5 model tried to 
control well and shows moderate classification by attaining a 
high specificity of 79.43%. At the same time, the GD-LeNet-5 
model has offered supreme classification by achieving a 
maximum specificity of 81.82%.  After examining the outcome 
offered by the series of experiments, it can be clearly noticed 
that the GD-LeNet-5 model has offered effective classification 
of DR images with the maximum accuracy, sensitivity and 
specificity of 72.80%, 51.50% and 81.82% respectively. 

 

4 CONCLUSIONS 
This study has developed a new classification model for DR 
images by the use of deep learning based LetNet model. The 
proposed model involves a GD based Hyper parameter tuned 
LeNet-5 model called GD-LeNet-5 model for the classification 
of DR images. The GD-LeNet-5 model involves a series of 
processes namely preprocessing, segmentation, feature 
extraction and finally classification. Firstly, the input DR image 
under preprocessing to enhance the quality of the input image. 
Here, CLAHE technique is applied to increase the contrast 
level of the image. Then, the watershed algorithm is applied to 
segment the preprocessed image. Afterwards, the GD-Le-Net 
based feature extraction is carried out to extract the useful 
feature vectors from the segmented image. At this point, the 
GD model is given to tune the hyperparameters of the LeNet-5 
model. Atlast, the classification process takes place where the 
input image is classified into its corresponding class label to 
identify the presence or absence of DR and its corresponding 
stage. To understand the benefits of the presneted GD-LeNet-
5 model, a detailed simulation process takes palce against the 
DR dataset from Kaggle. After examining the outcome offered 
by the series of experiments, it can be clearly noticed that the 
GD-LeNet-5 model has offered effective classification of DR 
images with the maximum accuracy, sensitivity and specificity 
of 72.80%, 51.50% and 81.82% respectively.  
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