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Abstract: Convolutional Neural Networks have proven to be the state of the art approach for doing image
processing in the field of Deep Learning. CNN has proven to be particularly successful in classification of
objects. CNNs have certain fundamental drawbacks that have been addressed in Capsule Networks. The Capsule
Network architecture was introduced by Sabour et al.,[2], which contrivances use of Capsules instead of standard
CNN architecture. These Capsules capture the position of the object and are impervious to spatial domain issues.
The key component of this paper is to give an expression to compare both the networks in a form of digit
classifier application which represents the classification in the form of visualization.
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1. Introduction

Convolutional Neural Networks has been a ground-breaking invention in the area of image processing.
It has inculcated the liberation of deep learning in the area of image processing. However, the years of
advancements have fallen short in solving some major issues with CNNs. These issues include the
adversaries. These adversaries represent the vulnerability of CNN in classifying the disintegrated
individual features. Another adversary is classifying an object if it is in a different spatial domain or
orientation like rotation. The vector of parameters was the term coined first by Geoffery Hinton in
2011, which turned out to be the backbone of Capsule Networks [1]. Later Capsule Networks were
introduced in 2017 which gave expression to term capsules [2]. Results asserted to be considerably
better than CNN on highly overlapped digits. More considerable improvements were made in 2018 by
Hinton et al [3]. This gave ideology of how capsules liberate the concept of pose matrix. This pose
matrix locates the position of vectors in the given training set. Since it is trained with individual
position of images, misplacement of features doesn’t affect the classification. Human brain is capable
of perceiving an object with position in space. Since the misplacement of objects does not affect
interpretation of objects, similar is the case with Capsule Network. The network is also impervious to
the disintegrated features. Assuming that if a person sees an image of a human with swapping of
sensory organs, the humans are capable of identifying the image with perception of nearby features.
Similar is the case with Capsule Networks. All of these improvements were possible because of EM
Routing Mechanism as proposed by Hinton. This paper focuses on bringing out the differences of both
the networks. The application implemented in this paper is directed towards an end-to-end application
and gives clear distinction of classification achieved with both networks on similar images in the form
of graphical visualization.

2. Literature Review

In 2011, A.Krizhevsky & S.D. Wang along with Geoffrey Hinton developed Transforming Auto-
Encoders [1]. Auto-Encoder tends to learn a representation in a hidden layer that helps in rejection
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noise. In this paper a simple capsule-based ideology is implemented to imitate different viewing
conditions of an implicitly defined visual entity. Later in 2017, Hinto.et.al developed Dynamic
Routing between Capsules [2]. The paper represented a discriminatively trained set of capsules which
overpowered the existing convolutional neural network. Instantiation parameters were the key findings,
which provided an easy way for recognizing whole objects by recognizing just their parts. If a capsule
could learn to display the pose of its visual or optical entity in a vector dimension that is related in a
linear fashion to the real world representations of pose used in computer graphics, there is an easy and
exceedingly selective test for whether the visual entities represented by two active capsules, have the
correct spatial association to initiate a higher-level capsule say the authors.

In 2018, Geoffrey Hinton, Nicholas Frost & Sara Sabour worked on Matrix Capsules by using EM
Routing [3]. Authors are making a postulation that each capsule in one layer is activated because it is
part of some representation in the preceding layer. Authors assume there are some latent variables that
demonstrate which entire information came from, and infer the prognostication that each matrix
association came from the higher-order feature in level. This comes down to an unsupervised learning
problem which authors tackle with an algorithm called Expectation Maximization.

3. Methodology

Convolutional Neural Network :

Convolutional Neural Network abbreviated as CNN is a Deep Learning algorithm developed for
image processing operations. It was developed by Yann LeCun.et.al [4]. It was developed for
handwritten digit recognition. It consists of Convolution Layers and Max Pooling [5] Layers.

Figure 1 : Convolution Neural Network (Source : Arc - Convolutional Neural Network - An Introduction to Convolutional
Neural Networks - Towards Data Science)

A. Convolution Layer :
The layer is responsible for applying the filters to the input image. The filters help in feature extraction
of the image. These features are then convolved into a matrix.

B. Max Pooling Layer :
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Selection of important features in an image and reduction in feature size is done using Pooling Layers.
Max Pooling and Average Pooling [6] are commonly considered forms of Pooling. Max Pooling
extracts the maximum values from the section of the images covered by the filter. Average Pooling
reinstate the average of all the features from the section of the images overlapped by the filter.

C. Fully Connected Layer :
The fully connected layer is a final layer in any CNN. It holds the values of the flattened image in a
single column vector. This same vector is passed to the backpropagation [7] algorithm.

Capsule Network :

The Capsule Net was developed for solving issues in the CNN. The capsule net was proposed by
Geoffery Hinton. The main issues of CNN were Pooling, Detection based on presence, drastic failure
when subjected to noise, adversary of disintegrated features and spatial domain.

● Pooling issues commonly faced are Invariant in nature, loss of useful data and information
gained isn’t appropriately shared.

Figure 2 : Translation Invariance (Source : Kendrick - Capsule Networks Explained - kndrck dot co)

● Prediction based on Presence is another issue where there is mere presence instead of deriving
relationships of features.

● Subjecting noise promotes misclassification [8].
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Figure 3 : Misclassification (Source : Attacking Machine Learning with Adversarial Examples - OpenAI Blogs)

● Spatial Understanding

Figure 4 : Invariability in Spatial Understanding (Source : Nick Bourdakos -Understanding Capsule Networks — AI’s
Alluring New Architecture)

CNNs inappropriately classify the images if they are not trained in different directions. Since that is
going to require a lot of data and will increase space and time complexity of the algorithm. So
considering these all issues the capsule network is implemented.
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Figure 5 : Depiction of Pose Matrix and Activation Probability

Each capsule as given in figure 5 contains Pose Matrix [9] and Activation Probability [10]. The pose
matrix is responsible for capturing the position of the features in the image.

The proposed architecture :

Figure 6 : Basic Capsule Network (Souce : Dynamic Routing Between Capsules)

The Capsule Network consists of one Convolution Layer followed by Primary Capsule Layer. Next
are 2 layers of Convolution Capsules followed by a Class Capsule Layer.

4. Implementation

Figure 7 : Implementation



International Journal of Intelligent Communication, Computing and Networks
Open Access Journal (ISSN: 2582-7707)
https://doi.org/10.51735/ijiccn/001/27

14

1. Input Canvas :
This box in the single page application will be providing a platform for giving the input. It gives
mobility to the user for drawing the number. This image later is converted to an SVG element in the
backend. The application takes the pixel values of the image. The user is supposed to draw 0-9
numbers only, since its digit recognition.

2. Validation :
This is the common process in deep learning. The validation phase ensures by validating the input
with the data of the trained model. Validation is also referred to as a prediction mechanism. The
validation gives metrics to the developer to find whether the model is under the phase of overfitting or
underfitting.

3. CNN Model :
The model has been trained in the PyTorch framework. The framework is developed for training deep
learning models. The CNN Model has been trained over MNIST dataset [11]. MNIST is a dataset of
handwritten digits. The parameters of the model are 2 convolutional layers with relu activation
function, 2 max pooling layers and 2 fully connected layers. Finally the output is attained with the
softmax function.

4. Capsule Net Model :
The model is trained using the PyTorch framework. The parameters of the model are one convolution
layer with relu activation function, one primary capsule layer, 2 convolution capsule layers and final
class capsule layer. This final class capsule layer contains pose and activation values taken from the
transformation matrix as proposed by Hinton.et.al [3].

5. Single Page Application :
The application is developed in the Flask framework. Flask is a microservice framework developed for
building fully functional websites and single page applications. The application in this proposed
system displays the graphical visualization of both networks. The graphs are constructed using seaborn.
Seaborn is a library based on the matplotlib library of Python.

5. Results

The system implementation is divided into three phases:

1. Input given by the user which can be any integer or alphabet.

2. Prediction of the input using a Convolutional network.

3. Prediction of the input using Capsule Network.
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Figure 8 : The Single Page Application designed for end-to-end application.

The figure 8 is the single page application of the system, from where one can draw any integer or
alphabet on the blank canvas as an input to the system. The Predict CNN button will give you the
output of prediction done by Convolutional Neural network. The Predict Capsule button will give the
output of the prediction done by the capsule network. Clear is for redrawing the input if the user needs
to change its input.

Figure 9 : The digit has been drawn in the canvas and the visualization is representing a digit classified by Capsule Network.

The figure 9 is the prediction done by Capsule network where the user has written 3 as an input to the
system. After writing the input, the user clicks on Predict Capsule and the system thereby will generate
the output for it. Graph indicates the output as 3.
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Figure 10 : Visualizations of both Capsule Network and Convolutional Neural Network are shown side by side
for comparison.

The figure 10 shows the comparison of the output using both the networks. In the above figure we can
see the accuracy of the input given to the system. Capsule network gives the accurate output while
Convolutional neural network gives mixture of output. The reason why we see absolutely zero value
in CNN graphs is because we have trained the model with Negative Log Likelihood (NLL) Loss
optimizer that computes the difference of lowest value in graph with highest probability.

Figure 11 : Represents the visualizations of Capsule Network and Convolutional Neural Network when inaccurate input
through canvas is given.
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The figure 11 shows the input given to the system, which is an integer. i.e. 1. Now the user can see the
comparison for both the network, for a human brain it is very easy to understand that the given input is
1. But the convolutional neural network still can’t give the accurate answer. The above figure shows
the comparison of both the networks. Here the user can see that the result obtained by the capsule
network gives better accuracy than the convolutional neural network.

6. Conclusion
This paper is outlining highly to give distinct differences of the Capsule Network system proposed by
Geoffery Hinton and his students. The Capsule Network is successful in many areas to highlight the
issues of CNN. This paper is considered to be an end-to-end implementation of a system that
highlights the most succinct differences of Capsule Network and CNN. The problem of max pooling is
definitely solved in this system and many improvements are to be made.
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