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Abstract: Deep learning which is associated with the basics of 
Machine Learning has become popular over the years because of 
its fast paced adaptability and ability to handle complex problems. 
Prior to this technology breakthrough traditional methods of 
machine learning were used in applications of Image processing 
and pattern recognition, and analytics .With the advent of CNNs it 
has become easy to combat complex learning problems using the 
property of specificity and accuracy in CNN architectures and 
methodologies. This paper gives an introductory insights in CNNs 
like the feed-forward propagation networks and Back propagation 
Networks. The paper explains steps followed by CNNs  for 
classifying the input and generating a predefined output. It also 
explains evolution of multiple Image CNN architectures which 
find applications in multiple  domains of Computer Science like 
Image Processing & Segmentation, Pattern Recognition & 
Predictive Analytics, Text Analytics to name a few . 

 
Index Terms: Keywords: Deep Learning, Convolutional Neural 
Network (CNN),CNN Architectures 

 

I. INTRODUCTION 

Deep learning are machine learning algorithms used to deal 
with abstractions of data at high level by usage multiple non 
linear transformations in the model architectures. Deep 
learning is a method of Machine learning which trains and 
builds neural networks ,which ultimately help to solve 
complex problems. [1-3]. Deep algorithms used the basics of 
non linear transformations where as shallow algorithm use 
only predefined levels of data abstraction. There are 4 Major 
Neural Networks used in Deep Learning. Namely 
Unsupervised Pre-trained Networks (UPNs), Convolutional 
Neural Networks (CNNs), Recurrent Neural Networks, 
Recursive Neural Networks[3].  Out of these Convolutional 
Neural Networks (CNNs) are used in variety of Applications 
like Image Processing & Segmentation, Big Data Analytics, 
Speech Processing, Pattern Recognition, Textual and 
Predictive Analytics[1-7]. Hence they are most booming 
Deep learning architecture in these days and acquired lot of 
attention in Research as well. Here we will be considering 
various Image-Net CNNs for understanding.[1-3][17]. 
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II. CNN STRUCTURE 

A CNN architecture   basically consists of layers that are fed 
in forward manner and comprises of i)convolutional filters 
ii)pooling layers ii)activation [1-8][17] .After the last pooling 
layer CNN adopts several fully- connected layers that work on 
converting the 2D feature mapping of the previous layers into 
1D vector for classification. Some necessary functions 
include preprocessing, segmentation and classification  
also[7-11]. It basically adopts a feed forward propagation or 
Backward propagation methodology [fig. 1] . The basic 
neural network consists of single layer perceptrons .It consists 
of output nodes which are single layer and the inputs use 
series of weights and bias which are given to the outputs so 
that there will be unidirectional flow of data. As multiple 
perceptron’s come together they form a multilayered neural 

network, which follow the feed forward way. In a neural 
network, having back propagation the weights and biases of 
the neurons are updated  on the basis of the error at the output. 
Hence Back propagation calculates  the minimum value error 
function in weight space a rule called delta rule which is also 
known as  gradient descent[1,13]. The weights with  
minimized  error function can help then in finding solution for 
a problem.  

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1 Feed Forward Propagation in CNNs 
 

A. Convolution Layer 

This is the first layer in CNN it consists of an actual image or 
may be a matrix or any input from say Tensor Flow which 
would be having height, width and depth as parameter for 
consideration  which is called kernel size. Typical Kernel size 
is  3x3 or 5x 5 of depth 1 for gray scale images and depth of 3 
for color(RGB) images. The convolutional layers help in 
feature extraction as they slide over convolution kernel for the 
input images[17,18,20].  
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The operations mainly performed are taking the dot product 
of the input image and kernel and summation of both so as to 
reduce the size and map feature from the elements of image. 
The pixel selection and movement is known as stride . 
Multiple such mapping help in generation of compressed 
feature maps which fed into next layers[1-3][17]. 

B. Activation Layer 

Neural network are composed of neurons  and in deep 
learning they are also called as filters[17-22]. They work in 
line with  weight, bias and their respective activation 
function. Non linear activation function is used in deep neural 
networks to process more advanced, non-linear data since 
convolutional layers do not possess the property  of 
non-linearity. It’s the Activation function which decides the 

activation of the neuron which  eventually introduces 
non-linearity into the output of a neuron.They compute 
element-wise multiplications between a filter matrix and a 
matrix that contains a part of an image . The activation 
functions variants are linear function, sigmoid  function, tanh, 
ReLU (Rectified Linear Unit),Leaky ReLU, Softmax 
Function. The most significantly used activation function in 
CNNs is the ReLu and has gained its usage in variety of 
applications[1-10].  

 
Fig.  2 Derivatives of Activation Functions 

C. Max Pooling Layer 

Multiple CNN convolutions result in reduction of output. 
However a small filter say may lead to smaller output 
generation  [1-10][17-20]. But images may have a larger size 
than 32 pixels hence there arises the concept of pooling which 
is also called as Sub-sampling or Down- pooling. Therefore 
multiple layers of pooling help in abstraction , generalization 
and reducing the dimensionalities but keeping the critical 
information intact. Pooling is normally performed after 
non-linear activation, where the pooling layer helps reduce 
the number of parameters and avoids over fitting, and it also 
serves as a smoothing measure to eliminate unwanted noise. 
In addition we can use PCA(Principal Component Analysis 
)in pooling[4-10][17-22] . 

D. Fully Connected Layers 

Non-linear layers and pooling layers present in convolution 
layers allowed us to identify patterns in images hence comes 
the use of classification and regression. All neurons in the 
previous layer are connected to each neuron in next layer. 
Fully-connected layers do not preserve spatial 
information[1,17]. The fully-connected layer is followed by 

an output layer. We use  softmax for classification and 
regression tasks as generates  a well-performed probability 
distribution of the outputs. SVM(Support Vector 
Machines),DT(Decision Tree),KNN(k-Nearest 
neighbor),ANN(Artificial neural networks) are other 
classifiers which are used[1-17]. This process is followed by 
calculation of loss function i.e. difference between estimated 
and actual output values. Loss function is inversely 
proportional to accuracy and robustness. Lesser loss function 
eventually helps in greater accurate ,improved & optimized 
model could be generated. 

 

 

 
 
 

 

 
 
 
 
 
 
 
 
 

 
 
Fig.  3 Processes & Steps in CNN from I/p to O/p 

III. CNN ARCHITECTURE APPLICATIONS 

The CNN dataset considered in this paper is ImageNet, which 
basically finds enormous use in image or Text processing, 
pattern recognition and Natural Language processing. There 
are various CNN architectures like LeNet, AlexNet, 
GoogleNet ,ZFNet, VGGNet and ResNet.. LeNet is typical 
neural network architecture used in  handwritten digit 
recognizes patterns as one of the applications.it basically 
works on Gray scale images. AlexNet was introduced in 2012  
which uses ReLU as an activation function.It uses dropout 
instead of regularization to handle over fitting. Pytorch has 
one the implementation of AlexNet .VGGNet is a simple 
architecture which uses fewer number of 
parameters.GoogleNet  is called as Inception Module ,it has 
less error rates and greater number of parameters.ZFNet has 
more fine- tuned parameters as compared to others. ResNet is 
also called residual neural network by Kaiming .It calculates 
transformation using ReLU activation function.Table[] 
illustrates comparative analysis of all CNN ImageNet 
architectures[1-17]. 
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Table.1 Comparative Study of CNN Architectures. 

IV. CONCLUSION 

The CNNs as part of Deep Learning has brought 
revolutionary changes in Technology. If the CNNs are trained 
appropriately they can find solutions and applications in 
variety of fields. As per the comparative study of different 
CNN Architectures as told in the paper they can be used in 
classification and pattern recognition. Of course if CNNs are 
combine with break through methodologies may be 
supervised or unsupervised learning they can be used 
immensely in biometrics, Internet of things 
(IOT),radio-genomics, geo-spatial detections, medical 
analysis which will help in identifying real time problems and 
applied solutions. 
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