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Abstract: Convolution neural network has been mostly used for
image classification in machine learning and computer vision. In
simple neural network, single layer’s feature may not contain
enough useful information to predict image class correctly [6].
Using a feed forward CNN, misclassification rate can be reduced
by some additional layers that contain acceptable information to
predict image class. Also gradient based learning algorithm can
be improved to synthesize complex decision that classify high
dimensional pattern such as object edges and shape. In this
paper, we make effort to modify standard neural network to
transfer more information layer to layer. Moreover, already
learned CNN model with training images are used to extract
features from multiple layers. In this experiment, MNIST and
CIFAR 10 dataset have been used to classify random images in
10 different classes labelled airplane, automobile, bird, cat, deer,
dog, frog, horse, ship and truck. In the addition, GPU can train
CNN faster without giving the preference to hardware.
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l. INTRODUCTION

The field of machine learning has grown exponentially

over the few decades, with the artificial neural network. We
have studied most popular machine learning algorithm,
Convolution Neural Networks, for image -classification.
Image classification is important topic in artificial vision
system and has drawn significant amount of interest in
recent times. Recently most researchers have started to
develop efficient neural network in new trend of machine
learning [2][3][4], which we call deep learning. In this
paper, we want to implement CNN for image classification.
Standard fully supervised convolution neural network will
be used throughout the paper. However, when input
dimensions in too large to use, the deep belief network takes
long time to train. Sharing weights by convolution network
solved this problem and improved the classification
performance of various dataset. The convolution neural
networks are inspired by animal visual cortex which is
responsible for detecting light in receptive fields. These
biologically inspired computational models are able to far
exceed the performance of artificial intelligence in common
machine learning tasks [1].
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CNN are primarily used to solve difficult image driven
pattern recognition tasks and with their precise yet simple
architecture used.

However, when lots of images are coming to train model,
it is too difficult problem to find feature from those. This is
the one of the reasons that deep neural network is coming.
Deep learning is form of machine learning that uses a model
of computing that is very much inspired by the structure of
brain. Deep learning comes in picture when the given neural
network doesn’t work well or its accuracy is unsatisfied.
Deep learning is advance model in machine learning, which
gives us more accurate output with compare to simple neural
network.

Convolution neural network is feed-forward neural
network, but if gradient based algorithms apply on it can
increase accuracy and get proper predicted output. Normally
in gradient based algorithm, cost function can be found by
its equation and after that applying learning rate gradient
decent will come out as output.

In this work standard dataset MNIST and CIFAR-10 used
to test developed algorithm. MNIST dataset has images of
0-9 digits and each image is in gray scale. CIFAR-10 has
images of 10 different classes which are based on animals
and automobile machine.

The specific contributions of this paper are as follows: we
have approached to use basics of convolution neural
network and gradient based learning algorithm on two
different dataset in section 2. Section 3 shows the
experiment result of proposed architectural parameter
change in CNN. Conclusion based on achieved result is
discussed in section 4.

1. APPROACH USED

2.1. Convolution Neural Network (CNN)

In machine learning, there are mainly three types of learning
supervised  learning,  unsupervised learning  and
reinforcement learning. CNN is mainly used in image
processing domain of machine learning.

In the CNN, there are three types of layers except input
and output layers has been created namely convolution layer
(C1) (C2), pooling layer (S1)(S2) and full connected layer
as shown in figure-1. First the neurons in input layer are
based on input parameter. When input parameter increases,
the accuracy of that model will also increase in simple
neural network. This same thing works on CNN.
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Figure 1 Simple architecture of CNN

The convolution layer’s parameters consist of a set of
learnable filter. Each filter contain features those can detect
edges and shape of object. Every filter is small spatially, but
extends through the full depth of the input volume. The new
feature map can be obtained by first convolving input with
learned filter and then applying an element-wise non-linear
activation function.

The pooling layer aims to achieve shift-invariance by
reducing the resolution of given map. Mainly, two types of
pooling operation can be used namely max pooling and
average pooling.

In the end dense layer has output prediction of
classification using soft-max function S(y;). Soft-max
function is based on normalized exponential function [3].
That function is given below:

eY|
S(Yi)zw (1)

Where yiis predicted result of last layer or output layer of
i"neuron. From this equation we have made prediction range
between 0 - 1. In image classification task, the different
numbers of class has been given in chosen dataset. Ideally
best prediction is 1.0 for single output node and probability
of rest of output nodes are zero [8].

2.2. Gradient based learning algorithm

Gradient based learning algorithm can be also called by
back propagation. In this method weights can be updated by
using simple gradient decent and cross entropy or minimum
loss of entropy algorithms [5].

Cross entropy D(S(yi),Li) is loss of the given neural
network. Using following function, we can find loss of that
neural network at that iteration time.

D(S(yi)1 L) = Z L Iog(si) (2)

where L; is pre-defined i label in dataset and S;is i neuron
output of soft-max function. L; is already labeled from
dataset. It has range in between zero to number of classes.
Cross entropy gives loss to train network with minimum loss
of entropy. To minimize loss following function:

D(S(y;).L
- - ZDE0)L) -

Where N is numbers of sample in given dataset. Above
equation is normalization of cross entropy to reduce loss.
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Normally, pooling layer is inserted in between successive

convolution layers. The main motto of pooling layer is, it
reduces special size of representation to reduce the amount
of parameters. It can also control over-fitting. Discarding
pooling layers have also been found to be important in
training good generative model.
Neural network has fully connected layer to convert two
dimension neurons to one dimension dense layer. Neurons
in fully connected layer have connection to all activations in
the previous layer. Their activations can hence be computed
with matrix multiplication with bias offset.

The general problem of minimizing loss with respect to a
set of parameters is at the root of many issues in computer
science [5]. Gradient decent is a first order iterative
optimization algorithm to find local minima of the function.
This is measured by gradient of loss function with respect to
learning rate. Gradient decent function is given as following:

W(updated) :W(previous) —aAF (4)
B(updated) = B(previous) —aAF (5)

where o is learning rate of model and AF is minimum
entropy loss and w is weight of CNN and B is bias of
CNNJ10]. With these procedures the parameters
fluctuated around average trajectory, but usually
convergence a second order method considerably fast with
compare to gradient decent. Back propagation is by far most
widely used neural network learning algorithm.

2.3. Dataset

Mostly newbie use MNIST dataset to understand how neural
network can be trained. In MNIST dataset 0-9 digits images
has been given as a binary image format or gray image
format. Size of every image is 28x28x1 where this is
represented as (width) x (height) x (depth). There are
separable files of train data and labels and test data and
labels. In train data 60000 images of digits and in test data
10000 images have been given with their considerable labels
or class number.  We have used MNIST dataset first to
understand how neural network works. Because MNIST
dataset has black and white 28x28x1 dimension images as
we have explain above.
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CIFAR 10 dataset contains 60000 colour images with
32x32x3 height, width and depth. There are 10 classes with
6000 images per each class. Dataset divide into 50000
training images and 10000 test images. Airplane,
automobile, bird, cat, deer, dog, frog, horse, ship and truck
are the 10 classes in the dataset.

. EXPERIMENT

In this work, python library theano has been used to train
neural network. This library is really good to train and study
neural networks. In theano, if we want to train our neural
network very fast using GPU, theano flags must be raisen to
gpu or cuda. The codes for GPU and CPU are different from
each other. In the addition, lasagne library is used in this
experiment to make code of neural network easy using
theano as backhand. Using lasagne library, it is easy to
configure CNN because it gives freedom to work on layer
and parameter modification.

First of all, training data with respect to labels is required
to train CNN and before loading dataset we need to divide
dataset in three parts: train data and train labels, validation
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data and validation labels, test data and test labels because
training data is used to adjust the weights on the neural
network. Validation set is just verified any increasing
accuracy in train dataset and also used to minimized over-
fitting. Test dataset is used to confirm the actual predictive
power of the network. Normally, the ratio of training,
validation and test dataset is respectively 5:1:1[9].

After dividing in three dataset we have standardize whole
data. Standardization works as, data is subtracted by mean
value of all data and after that the data is divided by
maximum value of the data. Before apply for training, the
data must be in 4 dimensions as respect to image sample
number, number of channels, number of pixels in height,
number of pixels in width. We have created three different
model of neural network (NN)and take accuracy upto 100
epochs for each.

Following different types of neural network comparison for
classification on MNIST dataset to classify 0-9 handwriting
digits using 50000 images as training set, 10000 as
validation set and 10000 images as testing set.4

Table 1 Effect on Accuracy by Changing Neural Network Model

Simple Neural Network | Multilayer Neural Network | Convolution Neural Network
Layer 1 Soft-max[10] Dense [800] Convl1[3 x3 x 16]
Layer 2 Dense [800] Pooll [2 x2]
Layer 3 Soft-max[10] Conv2[3 x3 x 32]
Layer 4 Pool2 [2 x 2]
Layer 5 Dense [256]
Layer 6 Soft-max[10]
Accuracy 92.61% 98.63% 98.72%
Time per epoch 0.26s 12s 33s

Using simple neural network we cannot classify some
handwritten digit images because of low accuracy. In mnist
dataset training, multilayer neural network and CNN
accuracy is same but when testing on real time CNN more
accurate with compare to multilayer neural network.
Following CNN comparison for classification on CIFAR-
10 dataset to classify 10 different classes using 50000

images as training set, 10000 as validation set and 10000
images as testing set.Here, network-1 is learned using 3 x 3
kernel to detect basic shape, network-2 is pre-defined simple
structure to learn. And in network-3 to detect high quality
shape using double convolution layer.

Table 2 Effect on Accuracy by Changing Network Parameters
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Network-1 Network-2 Network-3
Layer 1 Convl1[3x3x16] | Convl[5x5x32] Convl [5x5x16]
Layer 2 Pooll [2 x 2] Pooll [2 x 2] Conv2 [5 x5 x 16]
Layer 3 Conv2 [3x3x32] | Conv2[5x5x32] Pooll [2 x 2]
Layer 4 pool2 [2 X 2] Pool2 [2 x 2] Conv3 [5x5x 32]
Layer 5 Conv3[3x3x32] | Conv3[4x4x64] Conv4 [5 x 5 x32]
Layer 6 Pool3 [2 x 2] Pool3 [2 x 2] Pool2 [2 x 2]
Layer 7 Conv4 [3 x 3 x64] Dense [64] Dense [512]
Layer 8 Pool4 [2 x 2] Soft-max [10] Dense [256]
Layer 9 Dense [256] Soft-max [10]
Layer 10 Soft-max [10]
Accuracy 64% 71% 68%
Time per epoch 755 83s 92s
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In above neural network models, every dropout consider as
0.5 and every mini iteration batch has shuffled 500 images
from the dataset. Basically learning rate consider as 0.01 for
CNN. Learning rate basically use in gradient decent to reach
local minimum loss of the features. If learning we increase
learning rate to 0.1 or above it. The output of local minima
will be diverged and reduce accuracy of the model. If we
decrease learning rate to 0.001 and below it gives same
accuracy but with that number of epoch is increased and
also increased time period to train model.

In this experiment, we see power of GPU, table shows GPU
results. Its speed is 2 times more than speed of CPU. We
have used GPU GTX 980 to train model. If the GPU is
replaced by high features GPU, The time per epoch will be
also decreased. | have considered i7 CPU because it really
helps to speed up any neural network because of higher
cores available.

(AVA CONCLUSION

In this paper, we explored large convolution neural network
models, train for image classification in a number of ways.
We have compared every changed feature in CNN, how it
effects on accuracy. Change features list in CNN as given:
learning rate and number of epochs. In the end we have
shown best results of our experiment.

We evaluate and compare our strategy to different model
of CNNs on two benchmarks CIFAR-10 and MNIST. In
MNIST training model, accuracy achieved is above 98% to
predict any image of digits randomly. In CIFAR-10 training
model, achieved accuracy is above 70 % to predict some
random image of classes from CIFAR-10 dataset.
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