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Abstract: In this computing era, researchers are aiming to mimic the human brain and one such field of research is Deep learning (DL). 

Computer vision which is an application of deep learning uses computer to derive meaning full information from images. These types 

of computer vision tasks are achieved by Convolutional neural network (CNN), a branch of DL that perform mathematical calculation 

on images for classification. Object detection and image recognition have been the main motivation for CNN. Many researches have 

been carried over CNN to create an architecture with less computational cost and high performance. This paper attempts to give a 

comprehensive survey of the main three architectures namely, GoogleNet, AlexNet, and LeNet. A detailed explanation of the various 

architectures is discussed. 
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_________________________________________________________________________________________________________

1. Introduction 

The creation of artificial intelligence (AI) focused heavily on 

rule-based systems that would make predictions using 

predefined sets of rules that had to be provided by a domain 

expert. As the scale and amount of data increased, these methods 

were replaced by a more data-driven approach i.e. machine 

learning. Machine learning is a collection of algorithms and tools 

that helps machines understand patterns within data and use this 

underlying structure to perform reasoning about the given task. 

Machine learning uses algorithms to parse data, learn from the 

data and make decisions based on what it has learned. Deep 

learning is analogous to machine learning and it can handle a 

large amount of data. More specifically, deep learning is 

considered an evolution of machine learning. It structures the 

algorithms in layers to create an “artificial neural network” that 

can learn and make intelligent decisions on its own. Deep 

learning is gaining popularity due to its supremacy in terms of 

accuracy when trained with huge amounts of data. Most modern 

deep learning models are based on specifically convolutional 

neural networks architecture. A convolution neuralnetwork is a 

class of deep neural networks, most commonly used for 

analyzing visual imagery. They have applications in image and 

video recognition, recommender systems, image classification, 

 Image segmentation, medical image analysis, natural language 

processing, brain-computer interfaces, and financial time series. 

Over the years, variants of CNN architectures have been 

developed leading to advances in the field of deep learning. 

Some of the architectures are LeNet, ResNet, AlexNet, 

GoogleNet, VGG-16, Inception-v1, Inception-v3 etc. In this 

review paper, we focus on efficient deep learning CNN 

architectures for computer vision namely, LeNet, AlexNet, and 

GoogleNet. These architectures have been used for object 

detections, and image recognition. Performance, computational 

cost, and application are the main factors for the explanation of 

these architectures, and the various layers in these architectures 

are demonstrated in detail. According to the performance of 

these architectures on detection tasks, they significantly 

outperforms. 

2. CNN Architectures 

2.1 GoogleNet 

 

Object detection is a process of identifying the object using 

object localization and image classification. Image localization 



Paper Title: CNN ARCHITECTURE 

 ISSN:-2581-6934 |Available at :www.jidps.com | pp :(17-21) 
18 

assigns a class label to an image. Object localization draws a 

bounding box around objects in an image. CNN architecture 

codenamed GoogleNet submitted to ILSVRC ImageNet 

competition based on object detection. When compared to the 

previous architecture submitted, GoogleNet is 22 layers deep 

and has 12 times fewer parameters. The main objective of this 

architecture is to increase the performance of the deep neural 

network by increasing their size both depth and width. But the 

bottleneck is that if the size of the neural network increases, the 

number of parameters increases, and also the computational cost 

increases. To solve these fully connected layers are converted 

into sparsely connected layers. Since numerical calculation for 

the sparse data structure is inefficient for today’s computer 

infrastructure, an architecture that uses sparsity on filters and 

utilizes computation on dense matrices is needed. The vast 

literature on sparse matrix computations [7] suggests that 

clustering sparse matrices with dense submatrices tends to give 

a competitive performance. 

 

The inception module begins as a case study to explore the 

hypothetical output of the network topology construction 

algorithm of spares structure and dense structure. The idea 

behind inception is to convert the sparse structure of the 

convolution network into the approximate dense structure. 

Inception architecture is first explored in [8] which explored to 

increase the representational power of the neural networks by 

implementing embedding internal complex structures within 

networks. The inception module is based on the Hebbian 

principle - neurons that wire together, fire together. The module 

consists of various convolutions such as 1x1, 3x3, 5x5, and max 

pooling. 1x1 learns the pattern across the depth of the images. It 

is also used for dimension reduction. 1x1 convolutions provide 

the additional benefits of decrease the height, width, and number 

of channels of the image. 3x3 and 5x5 are used to learn the 

spatial patterns across all dimensional components. The max-

pooling layer down samples the images 
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as they move through the networks. The concatenation layer 

combines the output and features from all the above filters to 

create a single output of the inception module. But the problem is 

the increase in computational cost. Computational cost is the 

result of mathematical operation that occurs in the convolution 

layers. Since 1x1 has the ability to 3 reduce the dimension, it is 

introduced before 3x3 and 5x5 and after the pooling layer. 

According to this, the computational cost is 12M smaller. All the 

convolutions use relu activations. There is 9 inception module in 

GoogleNet architecture. The design of the architecture is based 

on power and memory use. The input image dimension is 

224x224. The computational efficiency is achieved by reducing 

the dimensions of the input image while retaining spatial 

information. The first convolution layer uses a filter size of 7x7 

which is relatively larger when compared to other convolutions. 

The main aim of this convolution is to reduce the dimension of 

the input image without losing spatial information. Theinput 

image is reduced by a factor of four in the second convolution 

and a factor of eight before reaching the inception module. Max 

pooling layers are introduced between multiple inception 

modules to downsample the image as it’s fed forward through the 

network. The average pooling layer takes the mean from the 

features maps and reduces the size to 1x1. The dropout of 40% 

is applied before the linear layer to prevent the overfitting 

problems. The linear layer consists of 1000 hidden units based 

on the 1000 class label. The vanishing gradient problem was a 

bottleneck due to the 22 layer deep network. In order to solve this 

Auxiliary classifiers are used in between the architecture to 

calculate loss and add it to the total loss. Auxiliary classifiers are 

only used during training. Finally, the softmax layer is used as 

the output layer to provide the probability of the classes. The 

GoogleNet architecture performed well on the classification task 

in the ILSVRC 2014 classification challenge, where it came top-

first with a top 5 error of 6.67% without any external data 2.2

 2.2 AlexNet 

Convolutional Neural Networks (CNNs) have always been the 

go-to model for object recognition, they're strong models that are 

easy to control and even easier to train. They don’t experience 

overfitting at any alarming scales when being 

  

used on millions of images. The only problem: they’re hard to 

apply to high-resolution images. At the ImageNet scale, there 

needed to be an innovation that would be optimized for GPUs 

and cut down on training times while improving performance. 

ImageNet: a dataset made of more than 15 million high- 

resolution images labeled with 22 thousand classes. ImageNet 

even has its own competition: the ImageNet Large-Scale Visual 

Recognition Challenge (ILSVRC). This competition uses a 

subset of ImageNet’s images and challenges researchers to 

achieve the lowest top-1 and top-5 error rates (top-5 error rate 

would be the percent of images where the correct label is not one 

of the model’s five most likely labels). In this competition, data 

is not a problem; there are about 1.2 million training images, 50 

thousand validation images, and 150 thousand testing images. 

The authors enforced a fixed resolution of 256x256 pixels for 

their images by cropping out the center 256x256 patch of each 

image. The architecture consists of eight layers, five 

convolutional layers and three fully connected layers. But this 

isn’t what makes AlexNet special; these are some of the features 

used that are new approaches to convolutional neural networks. 

AlexNet uses Rectified Linear Units (ReLU) instead of the tanh 

function, which was standard at the time. ReLU’s advantage is 

in training time; a CNN using ReLU was able to reach a 25% 

error on the CIFAR-10 dataset six times faster than a CNN using 

tanh. Back in the day, GPUs were still rolling around with 3 

gigabytes of memory (nowadays those kinds of memory would 

be rookie numbers). This was especially bad because the training 

set had 1.2 million images. AlexNet allows for multi- GPU 

training by putting half of the model’s neurons on one GPU and 

the other half on another GPU. Not only does this mean that a 

bigger model can be trained, but it also cuts down on the training 

time. CNNs traditionally “pool” outputs of neighboring groups 

of neurons with no overlapping. However, when the authors 

introduced overlap, they saw a reduction in error by about 0.5% 

and found that models with overlapping pooling generally find 

it harder to overfit. AlexNet had 60 million parameters, a major 

issue in terms of overfitting. Two methods were employed to 

reduce overfitting. The authors used Data Augmentation for 

label- preserving transformation to make their data more varied. 
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Specifically, they generated image translations and horizontal 

reflections, which increased the training set by a factor of 2048. 

They also performed Principle Component Analysis (PCA) on 

the RGB pixel values to change the intensities of RGB channels, 

which reduced the top-1 error rate by more than 1%. The 

Dropout technique consists of “turning off” neurons with a 

predetermined probability (e.g. 50%). This means that every 

iteration uses a different sample of the model’s parameters, 

which forces each neuron to have more robust features that can 

be used with other random neurons. However, dropout also 

increases the training time needed for the model’s convergence. 

In the 2010 version of the ImageNet competition, the best model 

achieved 47.1% top-1 error and 28.2% top-5 error. AlexNet 

vastly outpaced this with a 37.5% top-1 error and a 17.0% top-5 

error. AlexNet is able to recognize off-center objects and 5 most 

of its top five classes for each image are reasonable. AlexNet 

won the 2012 ImageNet competition with a top-5 error rate of 

15.3%, compared to the second place top-5 error rate of 26.2%. 

2.3 LeNet 

 

Lenet was one among the earliest convolutional neural networks 

which promoted the event of deep learning. In general, Lenet 

refers to Lenet - 5 and is a straightforward convolutional neural 

network. The lenet-5 CNN architecture is made up of 7 layers, 3 

convolutional layers, 2 sub-sampling layers, and 2 fully 

controlled layers. 

The first layer is the input layer. The CNN architecture of Lenet 

input accepts only 32x32 grayscale images. The input passed to 

the first convolution layer. In this convolution layer, 5x5 filter is 

used and striding is set as one. For Example 

  

For Example: if a convolution network is set to 1, the filter will 

move one pixel (or) one unit at a time. For this purpose, striding 

is used in the first convolution layer. The input with these 

dimensions is passed to the next layer. The next layer is familiar 

with the MNIST dataset of images in 28x28 dimensions. In order 

for the dimensions of MNIST images to meet the requirements 

of the input layer, 28x28 and 6 feature maps are used in the first 

convolution layer. Once the convolution operation goes 

successfully, the input size sample is reduced to 6x28x28. The 

convoluted result is to be down sampled in the next layer. So we 

can go with the average pooling. Where the 28x28 with 6 

features maps is pushed to the average pooling, in this layer the 

filter size is 2x2 and stride kept as 2. Where the stride is kept as 

2, so it will move two pixels (or) two units at a time. so the size 

shall be reduced by half becomes 6 feature maps with 14x14 

after this operation (i.e: 6x14x14). The feature map of CNN is 

used to capture the results of applying the filters to an input 

image (i.e: at each layer, the future map is the output of that 

layer). Next, the convolution operation happens again in the next 

layer and the 6x14x14 gets restructured as 16x10x10 with 16 

feature maps available. The layer with 16x10x10 again goes to 

the down sampling operation. Here the filter size is 2x2 and the 

stride is 2, where the stride is kept as 2, so it will move two pixels 

(or) two units at a time. Where the layer is reduced to 5x5 with 

16 feature maps (i.e: 16x5x5). The next layer is a fully connected 

convolutional layer with 120 features maps and each filter size 

1x1. In this fully controlled layer, 120 units are connected to all 

the 400 nodes (i.e: in the previous layer 16x5x5=400). The next 

layer is also a fully controlled layer with 84 units. The final layer 

is a fully controlled output layer, where we get the possible 

values from 0 to 9 as an output. 
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Lenet - 5 was popularly used on a massive scale to routinely 

classify handwritten digits on financial institutions such as 

banks, etc… 

3. Conclution 

 

Over the last 10 years several CNN architectures have been 

presented. In that model architecture is a critical factor in 

improving the performance of different applications; various 

modifications have been achieved in CNN architecture from 

1989 until today. The systems described in this paper are the 

convolutional neural networks have been shown to eliminate the 

need for hand crafted feature extractors. There are many 

improvised versions based on CNN architectures like LeNet, 

AlexNet, GoogleNet, and many more that have advanced 

applications on object detection. This paper has outlined the 

basic concepts of convolutional neural networks structures, its 

architecture and explaining the layers required to build one and 

detailing how best to structure the network in most image 

analysis tasks to make up the CNN model. 
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