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Abstract: These days, convolution neural networks are at the pinnacle of their growth. This paper's goal 

is to examine how a classification model behaves in order to automatically identify  

diabetic eye damage. Four distinct pooling layer types with four different activation functions are used 

to test a Convolution Neural Network model with four convolution layers and two fully connected 

layers. The model's output is assessed using several evaluation parameters while utilizing the same layer 

of various types. Different outcomes have been noted based on different pooling layer and activation 

function combinations. 
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I. INTRODUCTION 

One of the most persistent complications that causes diabetics to lose their vision is diabetic 

retinopathy. It is a leading cause of irreversible blindness and requires prompt treatment with 

appropriate diagnosis. Numerous technical methods have been developed for the automatic diagnosis 

of diabetic retinopathy using fundus pictures. However, in a variety of image identification applications, 

deep learning models have reached the state-of-the-art [1-4] accuracies.The unique multilayer 

architecture of Convolutional Neural Networks (CNN), a type of deep feed forward artificial neural 

network, makes them ideal for image classification. architecture. Numerous technical implementations 

employing CNN have demonstrated efficacy in the diagnosis of diabetic retinopathy [5-8]. Significant 

improvements to the current large-scale neural network were made possible via the ImageNet Large 

Scale Visual Recognition Challenge (ILSVRC). Various CNN iterations have been developed and their 

effectiveness demonstrated on the image platform [9–11]. Using various CNN types, including AlexNet, 

VggNet, GoogleNet, and ResNet, Wan S. et al. [12] have examined the effectiveness of diabetic 

retinopathy image classification. Additionally, Garcia G. et al. [13] demonstrated how well several CNNs 

performed in detecting diabetic retinopathy.For the identification of diabetic retinopathy, a combined 

method utilizing CNN and the circular Hough transform is used [14], and much more research is being 
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conducted to improve it. achievements. In particular, CNN is better suited for processing visual 

information due to the spatial organization of its components. 

The basic building blocks of this multilayer perceptron network are pooling, shared weight, bias, and 

local perceptive field. Activation function, pooling, convolution, and more layers remains an essential 

component of the network. CNN's pooling is a crucial component, and all neural networks, including 

CNN, include activation functions as their fundamental building blocks. Converting the total weighted 

input into its output is the activation function's main duty. The fundamental terms for the operation and 

flow of the neural network are activations and thresholds since they are necessary for the activation of 

neurons. Only the activation function allows for backpropagation and non-linear transformation, which 

enables the network to learn and carry out challenging tasks. 

Neural networks employ a variety of activation function types, and as this is the most prevalent, a 

thorough explanation and Here, types can be omitted [16,17]. Thus, the focus of this paper is on the 

pooling layer discussion. Learned filters are applied to the input image during the CNN convolution 

process, producing feature maps that show the exact locations of the input's features. This greatly 

expands the data's aspect, although the fine information might not be helpful for additional processing. 

In this case, pooling can be used as a down sampling approach, lowering the input signal's resolution 

without affecting the representable, significant, huge feature elements. 

It is applied separately to every convolutional feature map. It is typically used following the application 

of a nonlinear activation function to the convolution layer's convolved output, which can be utilized 

repeatedly throughout the model. As a statistical summary of the values that are close to that location, 

it generates a single value at that specific location. For instance, it will produce one number out of four 

(a matrix with four values), allowing a 4x4 matrix to be pooled into a 2x2 matrix. layer of pooling is used 

in the network to gradually decrease the spatial size representation of the feature maps that are 

produced, as well as the number and calculation of parameters. The layers of convolution and in CNN, 

the output layer is a one-dimensional layer, whereas the pooling levels are regarded as two-dimensional 

layers. Neurons are placed in a two-dimensional array on the planes that make up each two-dimensional 

layer. The following is a summary of the main purposes of pooling layers. 

Extraction of Invariant Features: 

When extracting a region's maximal feature value, invariant feature extraction also extracts the 

dominant feature value, producing positional or rotational characteristics of that role. Thus, the 

invariant features of the picture matrix can be extracted using pooling. 

Dimensionality and Parameter Reduction: The dimension of convolved feature maps decreases 

successively in each pooling by choosing a single value from each collection of values, or by aggregating 

the responses over an entire neighborhood. The number of parameters is also decreased by the 

reduction of dimensions by pooling. 

Lowering Computational Costs: By using pooling to selectively extract feature maps, the dimensions and 

parameter numbers are decreased, which eventually saves computational time and space. Lastly, 

pooling significantly lowers calculation complexity. 
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Prevents Over-fitting: Over-fitting occurs when a model is so tailored to the training data that it fails to 

appropriately generalize the test and validation data, giving 99% or 50% accuracy on the test dataset but 

100% accuracy on the training set. Overfitting is lessened with pooling. 

I provide a brief overview of this paper in this part. The theoretical elements of the technique are 

presented in section II of the next section, followed by the model description in section III and the 

dataset description in section IV. Section V and VI include further details on the experimental setup and 

interpretation of the results, respectively, while Section VII brings the work to a close. 

II. OVERVIEW THEORY 

Convolution networks use a variety of pooling techniques.  In pooling, two hyper parameters—filter size 

(f) and stride (s)—should be taken into account in place of parameters.  Where stride is the size required 

to traverse the input both vertically and horizontally, filter size, also known as pool size, is the dimension 

of pooling regions.  For both dimensions—height h and width w for the filter size and vertical step a and 

horizontal step b for the stride—the parameters can be supplied as a vector of two positive integer 

values or as a scalar of a single value.  To prevent pooling regions from overlapping, the stride dimension 

must be smaller than the pooling dimension. 

In mathematical terms, if the pooling layer's allowed size is w1 x h1 x d1 and the filter size f and stride s 

are used, the pooling layer's output size will be computed with the aid of equation (1). 

 

 

Max Pooling and Average Pooling are the two most popular forms of pooling. The highest value from the 

area of the picture that the kernel covers in max pooling is produced. Similarly, average pooling yields 

the mean of all the values from the area of the image that the kernel covers. Max pooling, also known as 

noise suppressor pooling, reduces dimensionality and discards noisy features, yielding a better 

performance than average pooling. CNN also uses min pooling and root mean square pooling for 

pooling. These pooling methods can occasionally perform poorly during value selection by losing the key 

characteristics; hence, a variety of pooling techniques are created and implemented. The following are 

some pooling approaches that are discussed:  

Lp Pooling: This method of pooling is based on intricate biological cells. It can be thought of as a more 

generic form of average and maximum pooling [18, 19]. Conceptual Analysis shows that it is a more 

effective generalization technique than max pooling. Equation (2) or (3) can be used to mathematically 

represent it.  
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The pooling output at location ( i,j) of the kth feature map is represented byx m,n,kwhile the input feature 

value at location (m,n) of the kth feature map is represented by R i,j The pooling region (i,j) is denoted by 

Ri,j. In this case, p = 1 or 2 or ∞. It functions as average pooling if p=1 and as maximum pooling if p=∞.  

 

Mixed pooling:Yu et al. [20] proposed mixed pooling, which is a combination of maximum pooling and 

average pooling. The random Dropout and DropConnect techniques served as the model for this pooling 

procedure. In contrast, the DropConnect technique, which is a generalized version of the Dropout 

method created to address its shortcomings, performs remarkably well. Thus, in this mixed pooling 

approach, a stochastic pooling technique that employs max pooling and average pooling at random 

during CNN training takes the role of the deterministic max pooling. Equation (4) represents the 

mathematical formulation.  

 

Depending on whether max or average pooling is chosen, λ is either considered as 0 or 1. The values y 

and x are assumed to be the output pooling value and the input value for pooling. Here, average pooling 

can be replaced by min pooling to be used with max pooling and termed as axmin pooling. The 

mathematical representation is given in equation (5).  

 

 
 

A variety of pooling layers are available for use. Likewise, CNN employs many activation functions, there 

are both non-linear and linear activation functions accessible from The network can learn complex 

structural data with the aid of these nonlinear transformations, hence it is preferable to apply them. 

Below is a discussion of a few activation functions:  

 

Sigmoid Function: For many years, the sigmoid function has been one of the most often utilized 

activation functions for neural networks.  The function with the sigmoid curve is this one.  or s-shaped 

curve, which is another name for the logistic function. It can be defined mathematically as shown in 

equation (6). 

 
Depending on the user's preference, the function converts the input to a value between 0 and 1 or 

between 1 and -1. 

 

Function of the hyperbolic tangent (tanh):  This feature is a kind of logistic function that is scaled and 

shifted, similar to a sigmoid function.  Equation (7) provides the mathematical representation for it. 

 
 

Due to its superior performance and ease of use, this function is increasingly favored over the sigmoid 

function over time. However, both of these functions have the drawback of saturation, which obstructs 
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adaptive learning and significantly reduces effective learning, particularly for deep, larger network 

models. To get around this, the Rectified Linear function was created. 

 

Rectified Linear Unit (ReLU) Function: The ReLU function is the most well-known CNN activation 

function. The diminishing gradient is solved using a straightforward linear function.  

the sigmoid and tanh function issue. It gives 0 to a negative value and reacts promptly to a positive 

value. Equation (8) provides the mathematical representation of it.  

 

 
 

It is a straightforward function that speeds up network learning and facilitates easy convergence. Its 

training capability, linear behavior, representational sparsity, and computational simplicity  

The primary benefits of the ReLU layer, which is now the default activation function in CNN, are deep 

network models. Some locations experience the dying ReLU issue, in which nodes are unable to activate 

at all and consistently provide a zero output. The Leaky ReLU function is taken into consideration in 

order to get around this.  

 

Leaky Re LU and Parametric Re LU Function: Rather than setting all values to zero, the Leaky Re LU 

retains a tiny range for negative values. It resolves the issue of dying Re LU. and performs faster than Re 

LU. It can be mathematicallyrepresented as in equation (9) 

 

 
One kind of leaky ReLU is the parametric ReLU (PReLU), which is mathematically specified and uses a 

parameter to determine the slope rather than a preset slope.as seen in equation (10):  

 

 
 

There are numerous additional activation functions that are frequently employed in neural networks. 

 

III. MODEL DESCRIPTION 

 

This CNN model consists of two fully connected layers, five activation functional layers, four convolution 

layers, four pooling layers, and a softmax layer at the end. 

TYPE ACTIVATIONS LEARNABLES TOTAL 

LEARNABLES 

Image Input 256x256x3 Weights 15x15x3x32 

Bias 1x1x32 

21632 

Batch Normalization 242x242x32 Offset 1x1x32 

Scale 1x1x32 

64 
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ReLU 242x242x32  0 

Max Pooling 121x121x32  0 

Convolution 115x115x64 Weights 7x7x32x64 

Bias 1x1x64 

100416 

Batch Normalization 115x115x64 Offset 1x1x64 

Scale 1x1x64 

128 

ReLU 115x115x64  0 

Max Pooling 57x57x64  0 

Convolution 53x53x128 Weights 5x5x64x128 

Bias 1x1x128 

204928 

Batch Normalization 53x53x128 Offset 1x1x128 

Scale 1x1x128 

256 

ReLU 53x53x128  0 

Max Pooling 26x26x128  0 

Convolution 24x24x128 Weights 3x3x128x1… 

Bias 1x1x128 

147584 

Batch Normalization 24x24x128 Offset 1x1x128 

Scale 1x1x128 

256 

ReLU 24x24x128  0 

Max Pooling 12x12x128  0 

Keras Flatten 1x1x18432  0 

Fully Connected 1x1x100 Weights 100x18432 

Bias 100x1 

1843300 

ReLU 1x1x100  0 

Fully Connected 1x1x2 Weights 2x100 

Bias 2x1 

202 

Softmax 1x1x2  0 

Classification Output   0 

A layer of activation function and pooling measuring 121×121×32 comes after the first layer of 

convolution, which is 242×242×32. The second convolution layer is then 115 x 115 x 64 in size.  

It is followed by a 57×57×64 pooling layer and an activation function layer. The activation and pooling 

layers are 26×26 ×128 in size, and the third convolution layer is 53×53×128. Lastly, the activation layer 
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and pooling layer come after the fourth convolution layer, which measures 24 by 24 by 128. 12 x 12 x 

128. Two fully connected layers are then utilized. A layer of activation function comes after the first fully 

linked layer, which is 1×1×100 in size. The second fully connected layer is of size the output layer and 

1x1x2. For every convolution layer, the stride is 1×1, and for every pooling layer, it is 2×2. The model 

uses its several layers to learn the features of the photos, which are immediately fed into the layer. We 

used the publicly accessible HRF dataset and a dataset gathered from an eye hospital to assess our 

model. The information on the CNN model and its layers is clearly displayed in Table I.  

 

IV. DATASET DESCRIPTION 

 

Here is a new dataset including fundus photos called REHLC dataset. The dataset was gathered from the 

ISO 9001:2008 Super Specialty Ruby Eye Hospital & Lasik Center. Eye Hospital), registered under 

registration number 1617/2013, is situated in Berhampur, Ganjam district, Odisha, and is run by 

technician BhabaniSankarRath, Dr. Praveen Subudhi, and Dr. B.N.R. Subudhi (Retd. Professor and HOD of 

Dept. of Opthalmology, M.K.C.G. Medical College, Berhampur). A fundus camera with an optical 

resolution of 8–14 microns and a field of vision of 40 degrees is used to take pictures. Male and female 

diabetic patients between the ages of 30 and 65 have their fundus images gathered and classified as 

either diseased or non-diseased. of retinopathy caused by diabetes. Of the 102 diabetic fundus photos 

in the collection, 51 are of patients with the disease and 51 are not. This benchmarking uses the HRF 

dataset [21], another publicly available dataset that includes fundus photos of healthy individuals, 

patients with diabetic retinopathy, and patients with glaucoma. Each class has 15 samples. For this 

experiment, we have only taken pictures of healthy people and people with diabetic retinopathy.  

V. EXPERIMENTAL SETUP 

Four different types of pooling layers—max pooling, min pooling, Lp pooling, and mixed pooling—are 

taken into consideration when conducting the experiment in the model.  There are four categories for 

every pooling.  various activation functions, including the Leaky ReLU function, the ReLU function, the 

Hyperbolic Tangent function, and the Sigmoid function.  Every combination is put to the test in the 

model, and the outcomes are examined.  Stochastic Gradient Descent (SGD) is used to optimize back 

propagation in the network.  The REHLC dataset that was gathered is split in half for testing and training.  

Lastly, the HRF dataset is tested using the combination that produces the best result overall. 

The human brain's neurons and recognition system serve as the foundation for artificial neural 

networks. Better results are obtained with more experience, and exposure increases with experience. is 

necessary. In a similar vein, more data is required for model training in order to obtain a good model. 

Therefore, data augmentation can be used to improve the model's quality and adaptability. The quantity 

and caliber of the training set determine the system's quality. This issue can be resolved by creating or 

manufacturing new data using the preexisting data; this process is known as data augmentation. This 

technique uses pre-existing datasets to essentially enhance the amount of samples in the dataset [22–

23]. The fundamental principle of data augmentation is to use changes to the labeled data without 

impairing the labels' semantic meaning.  hue, brightness, and contrast adjustments, geometric 

alterations, or by incorporating some  noise are various augmentations that can be used.  There are two 

different kinds of augmentations: online augmentation, sometimes known as augmentation on the fly, 
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and offline augmentation.  While online augmentation increases the number of picture appearances 

during the training process, offline augmentation increases the number of training images prior to the 

training beginning [24].  The mini-batches that are fed into the model undergo the changes.  Here, the 

dataset is subjected to online augmentation. 

 The model is implemented in Python with an epoch of 1500 iterations and a learning rate of 0.001. 

 

VI. RESULT ANALYSIS 

 

The outcomes of testing the model with four activation functions and four pooling layers are displayed 

in Tables II through V. The following criteria are taken into account for evaluation:  

Accuracy: A classifier's ability to accurately categorize all data is gauged by its accuracy, which is 

specified mathematically in equation (11).  

 

 
 

where TP and TN stand for the true positive and true negative numbers, respectively, and N is the  

Total number of class levels 

 

Sensitivity: It shows how well a classifier works to Correctly categorize the impacted subjects. It is 

specifically employed to quantify the percentage of true positives that are accurately identified. 

Equation (12) has the calculation formula for it:  

 

 
Specificity: Specificity is used to quantify the percentage of negatives that are accurately identified. It 

details how well a classifier performs in categorizing typical subjects.  

 

accurately and is computed using equation (13)  

 

 
 

Precision: This is the model's positive predictive value, or PPV, which is determined using equation (14) 

as a guide. 

 
Recall that equation (15) is used to determine the negative predictive value, or NPV. 
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F1-Score: The harmonic average of accuracy and recall is represented by this statistical classification 

analyzer, demonstrating that the classifier is accurately detecting actual threats without being Afraid 

about false alarms. It has a maximum value of 1 and a minimum value of 0. Equation (16) provides the 

formula that can be used to compute it.  

 
In this case, r is the negative predictive value and q is the positive one. 

 

The accuracy and additional parameters for max pooling and with four activation functions are displayed 

in TABLE II. Likewise, the results are displayed in TABLES III, IV, and V. of various parameters, 

respectively, for mixed pooling, Lp pooling, and min pooling. Since the value for p in this case is 2, Lp 

pooling is also known as L2-pooling. It is possible to refer to the mixed pooling as maxmin pooling since 

it combines max pooling and min pooling. SGD is chosen as the optimization method for back-

propagation weight updates for all combinations. The table shows that different pooling layers within 

the same model cause a noticeable variance in the final values.  

Due to disparities in the model's output, the impact of different activation functions is also easily 

discernible.  

 

TABLE II. RESULT FOR MAX POOLING 

 

Activation 

Layer 

Acc Sen Spe PPV NPV F1 score 

ReLu 68.62 69.23 68.00 69.23 68.00 69.23 

Leaky ReLu 78.43 88.46 68.00 74.19 85.00 80.70 

Tanh 70.58 76.92 64.00 68.96 72.72 72.72 

Sigmoid 72.54 76.9 68.00 71.4 73.91 74.07 

 

TABLE III. RESULT FOR MIN POOLING 

 

Activation 

Layer 

Acc Sen Spe PPV NPV F1 score 

ReLu 66.66 61.53 72.00 69.56 64.28 65.30 

Leaky ReLu 54.90 38.46 72.00 58.82 52.94 46.51 

Tanh 47.05 11.53 84.00 42.85 47.72 18.18 

Sigmoid 43.13 19.23 68.00 38.46 44.73 25.64 

 

TABLE IV. RESULT FOR LP POOLING 

 

Activation 

Layer 

Acc Sen Spe PPV NPV F1 score 

ReLu 58.82 65.38 52.00 58.62 59.09 61.81 
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Leaky ReLu 47.05 46.15 48.00 48.00 46.15 47.05 

Tanh 88.23 88.46 88.00 88.46 88.00 88.46 

Sigmoid 47.05 0 96.00 0 48.00  

 

 

Leaky ReLU activation outperforms other activation functions when max pooling is used as a pooling 

layer in the model with these four activation functions. However, in the event that  

Compared to other activation functions, the ReLU activation function provides greater accuracy when 

min pooled. The hyperbolic tangent function produces higher accuracy in the L2 pooling, whereas the 

maxmin pooling produces the maximum accuracy in the model mentioned above.  

This model's Maxmin pooling and ReLU activation function perform admirably and produce a good 

classifier. Since the parameter is twofold in the case of maxmin pooling and other pooling layers, the rise 

in parameter causes the accuracy value in maxmin pooling to increase. When maxmin pooling is used, 

both the max and min values from the feature map are selected, doubling the pooling features. This rise 

This parameter aids in the model's learning in contrast to alternative combinations. However, as TABLE 

VI demonstrates, it does not achieve a reasonable accuracy when applied to the HRF dataset. According 

to this investigation, the model may react differently for various datasets. Therefore, optimization 

techniques can be used to obtain a more generic mode.  

 

TABLE VI. RESULT USING HRF DATASET 

 

 

Maxmin 

Pooling 

Activation 

Layer 

Acc Sen Spe PPV NPV F1 score 

ReLu 73.33 66.66 80.00 76.92 70.58 71.42 

 

 

VII. CONCLUSION 

This study examines various methods for automatically classifying diabetic retinopathy fundus images 

and demonstrates the analytical behavior of a CNN model on distinct grounds. Four different pooling 

layer types with four different activation functions are selected for this. Every pooling method is applied 

in conjunction with every unique activation function, and the outcomes of each combination are 

examined. Compared to other combinational methods, the ReLU function and mixed pooling offer 

superior accuracy for this model and dataset. Additional parameter fine-tuning and the application of 

various optimization strategies for back-propagation may also produce different or better outcomes, 

which might be used as the basis for this paper's future research.  
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