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Abstract—In the area of computer vision, artificial deep
neural networks have won plentiful contests in pattern
recognition and machine learning.Conventional architectures
used for dealing computer vision problems are heavily under
control on user features. But the new deep learning techniques
have provided a substitute for automatically learning problemrelated features. Thereforethe understanding of what type of
deep networks are suitable for a given problem set is a
challenging task.
Keywords—Convolutional Deep Belief Network(CBBN),Shared
Hidden Layer(SHL),ImageNet,Pooling.

I. INTRODUCTION
In computer vision, many problems are solved using machine
learning techniques. Image classification and object
recognition have generally been solved by using feature
detection algorithm like SIFT[42], SURF[25], HoG[26] etc.
These were normally followed by learning or classification
algorithms like Support Vector Machines (SVM[41]).
Subsequently, the result of these algorithms relies upon the
features used. This implies that advances in computer vision
algorithms were purely based on the available better group of
features. These components of features began to turn out more
complexity in result with difficulty with coming up better and
more intricate features. There are two stages to be taken after
in computer vision domain.One is feature design and second is
designing of learning algorithms,both of which were to a great
extent autonomous.
An Artificial Neural Network[43] is a data processing
archetype that is influenced by the working of biological
sensory systems, such as the brain process information. The
key component of this paradigm is the novel structure of the
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information handling framework. It is made out of an
extensive number of very interconnected handling components
(neurons) working as one to tackle particular issues. Learning
procedure of ANN is like humans, learning from a number of
examples. An ANN is designed for a particular application, for
example, pattern recognition or data classification, through a
learning procedure. Learning in this frameworks includes
changes in accordance with the brief associations that exist
between the neurons.
A Convolutional Neural Network (CNN) consist of more than
one convolutional layers with a subsampling layer and after
that took after by at least one completely associated layers as
in a standard multilayer system. All kinds of 2D data such as
image or speech signal can be processed with the architecture
of the convolutional neural network. This is obtained by
weight, local connection, and pooling.Neural network
systems, with their amazing capacity to get significance from
entangled or loose information, can be utilized to concentrate
designs and recognize patterns that are too unpredictable to
ever be seen by either people or other computational
strategies.
II. LITERATURE
A.Classification
CireşAn, Dan, Ueli Meier, Jonathan Masci, and
Jürgen Schmidhuber[7] explains about the implementation of
an automated system that can be capable to distinguish the
German traffic sign. The effective use of parameterized GPU
for the implementation of DCNN [9]increased the efficiency
up to 99.46%.Instead of using one DCNN for the entire
process, they combined various DNN that trained under
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different conditions into multiple columns. And hence it
achieves the highest accuracy even in the case of illumination
and contrast changes. This method can be adopted for
recognizing any other traffic signs. The building block of their
work is Multi-column deep neural network(MCD)[10]. It
replaces the convolutions with max pooling[11] layers in the
traditional architecture. According to the architecture,
preprocessed the input image by n different preprocessors and
a random number of segments prepared on every section
input. The averaging individual foresight of each DNN gives
the final prediction. Each DNN module contains a group of
convolutional and max-pooling layers. Convolutional layer
performs the 2D convolution and the results are passed
through the activation function. The use of max pooling layer
in place of subsampling layer differentiates DNN from CNN.
The size of the max pooling and convolutional kernels are
chosen in a way that the output maps to a 1D feature vector.
Dataset is preprocessed well before training. The random
limited esteem for using translation, rotation, scaling is
selected such a way that ±10% of the original size of the
image and ±5 degree for rotation. The different DNN column
is allocated with different weight. One input can be processed
in a different way. Finally, the result obtaining from each
DNN is averaged. This will reduce the average error. They
used a system with core i7–950 (3.33 GHz), 24 GB DDR3,
and four graphics cards of type GTX 580 and 9 DNN layer
structure for implementing this work. Which can be prepared
by using simple gradient descend. Each layer contains 25 net
for 5 different data. The output achieves the recognition rate of
99.46%.Comparing with individual DNN it is a drastic
achievement. Combining the individual DNN increases the
accuracy as well as increases the robustness to various type of
noise.
Imagenet is an image database composed by the
world net echelons in which each node is portrayed by
hundreds of images. Krizhevsky, Alex, Ilya Sutskever, and
Geoffrey E. Hinton[4] explains about the scope of DCNN in
the field of big data. Here CNN is used to classify the 1.2
million of the high-quality image into more than 1000
categories[12].It states they could achieve the lowest error rate
among existing method. The effective management of CPU
system reduces the time required for executing. To improve
the performance of the classifier in a large dataset, learn the
more powerful model and find the best method to reduce the
overfitting[13]. convolutional neural networks are the best
choice due to its efficiency in dealing with large datasets and
quality to reduce overfitting. It is a very improved GPU usage
of 2D convolution[14].
Zou, Yuexian, Lei Li, Yi Wang, Jiasheng Yu, Yi Li,
and W. J. Deng[3] is based on the wireless capsule endoscopy
images by using the ability of powerful learning capability o
DCNN it is used to separate the high semantic features from
WCE images. It has achieved the 95% of accuracy by training
the system with millions of images with various parameters. A
wireless miniature encapsulated video camera is used to
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capture images inside the stomach. The camera takes 50000 to
60000 images per 8 hours of study. It is noninvasive, painless
and disposable. By using these images the DCNN system
classifies the digestive organs into the stomach, small intestine
and colon. There exist several methods to classify these
organs-by using DCT and PCA [15], using Receiving
Operating Characteristic (ROC) curve analysis[16],
classification using boundary based on energy function [17].
But this work concentrates on the capacity of the DCNN for
classification.
The input is n number of 2D images of size n1 x
n2.Similarly, the output data is images of size m1 x m2.The
input is converted into output by applying convolution
kernal[18]. For each location of the input, the filter detects the
feature value. For each input map, the pooling function is
applied. Maximum pooling calculates the maximum value
overall a small neighborhood. But average pooling computes
the average of the neighborhood pixels. In fully connected
layer the output unit is connected to the input unit like a
traditional neural network. Sigmoid or tanh function is used as
the activation function. The final layer is acting as a classifier.
Stochastic gradient descent method is used to minimize the
error between actual output and obtained output. The input is 3
channel 96x96x3.first and second convolution layer 96 filter
of size 5x5.But the third convolution layer has 196 filters. For
the pooling layers, they used max pooling method of size
3x3.Initially, the weight of layer is set to zero mean Gaussian
distribution with standard distribution 0.01.but the weight of
fully connected layer is 0.1.They used mini-batch stochastic
gradient descent method for the training process with a weight
of 0.01. The momentum and weight decay are initialized to 0.9
and 0.004. The experiment is done in two steps. At first step,
the dataset is applied to the svm[41],scsvm for a comparative
study. The next step it s used the DCNN and verified that their
method achieved the highest accuracy.
B.Object recognition
Due to the reasons of variation in the expression,
occlusion, background face verification is a challenging
problem.Huang, Rongbing, Fangnian Lang, and Changming
Shu [8] Addressing the major problems like face verification
and similarity representation, which apply for a regularization
to learn nonlinear metric learning with CNN. Architecture can
extend to recognize with dataset other than low datset[19].
DConvNet has many advantages, which can learn optimal
shift-invariant local feature detectors[20] and frame
representations that do not change with geometric distortion.
Due to this reasons, DconvNet is used to implement nonlinear
metric learning. The architecture is a combination of similarity
distance metric learning and deep convolutional neural
network.
The first level is to detect the face from the given image.
Perform the dimensionality reduction on it.PCA[21] is suitable
for this application.Next step is the process of checking the
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similarity between available image sets.The dataset has been
pre-processed and stored in a lower dimension.By using
distance metric like Euclidean distance, Manhattan distance
we can able to find the image with minimum distance
value[22].But these are mainly concentrated on the
discrimination of the metric and do not have the robustness to
intra-personal variations.
Bai, Jinfeng, Zhineng Chen, Bailan Feng, and Bo Xu
[2] Explained about the technique used to extract the character
from the image by using DCNN. The architecture is built upon
shared hidden layers[23].It is implemented by using natural
feature extraction method. Softmax layer is followed by this
layer and it is language dependent[24]. By analyzing the
universal features and the specific features, the system will
finalize what the character is.This work explains about shared
hidden layer deep convolutional neural network for image
character recognition. The first few layers of the hidden layers
work as universal feature extractor for every language. But the
final layer is language dependent. Extracting character from a
video or image is a challenging problem due to blur, uneven
illumination, complex background, distortion etc. Due to the
resistive nature of deep convolutional neural network towards
distortion, scale and shift it gives a good result on character
recognition compared to another method. The SHL-CNN
architecture has the task of recognizing the English characters
and Chinese character.

C.Quality enhancement
Nguyen,
Kien,
Clinton
Fookes,
and
SridhaSridharan[5] explained the use of both supervised and
unsupervised learning technique together to improve the
learning capability. The architecture explains that replacing
the layers of the DCNN with the trained unsupervised learning
technique. For each step, the accuracy is estimated and
compared with the existing systems. Found that it increases
the recognition and classification accuracy and training
computational expense. The major element of a recognition
system is feature detection. The arrival of subjective feature
detection methods such as SURF[25] and HOG[26] increases
the accuracy of the learning algorithm.The deep learning
architecture allows the system to learn feature themselves
depending on the data.The deep learning architecture is
classified into two-supervised and unsupervised learning. Here
they are explaining about
Convolutional Deep Belief
Network and Deep convolutional neural network. This work
enhances the learning capability of DCNN[27] by using
CDBN[28]. Replace the earliest layer of the filter from the
DCNN with corresponding layers from the CDBN. This
reduces the computational expense and achieves competitive
classification performance. And also reduces the training time
from 7 days to 5 days. We can also try with other learning
approaches.
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The architecture that Dong, Chao, Chen Change Loy,
Kaiming He, and Xiaoou Tang [6]explained is to increase the
resolution of the image by applying convolutional neural
network. Taking a low-resolution image as an input image and
giving output as a higher resolution image using end to end
mapping between lower and higher resolution images. The
lightweight CNN structure explains the condition of
workmanship of renovation quality and achieves better
performance for practical good users. Image super-resolution
is one of the classical problems of computer vision. An image
that captured by a camera may have noise. Some cases that we
cannot go for retaking the image. So the need for image superresolution arises. There exist several methods for image superresolution
 Based on internal similarities[29,30,31]
 Mapping function between low and high resolution
pair[32,33,34,35]
 Sparse coding method[36,39,40]
In the proposed method it is the duty of the hidden
layer to learn the dictionaries or manifold to model the
patches. The patch extraction and aggregation is drafted in
convolutional layers,
so are associated with the optimization. The whole network is
named as a super-resolution convolutional neural network
(SRCNN).
The input is a lower resolution image. The first step is to
upscale the image into the desired size using bilinear or
bicubic interpolation method. The mapping from the lower
resolution image to higher resolution image is performed by
the hidden layer of the neural network. In Patch extraction and
portrayal removes the covering patches from the lowdetermination picture and speaks to each patch as a highdimensional vector. These vectors contain an arrangement of
highlight maps, of which the number equivalents to the
dimensionality of the vectors. The non-direct mapping will
nonlinearly map every high-dimensional vector onto another
high-dimensional vector. Each mapped vector is theoretically
the portrayal of a high-determination patch. These vectors
incorporate another arrangement of highlight maps. Recreation
operation adds up to the above high-determination patch savvy
portrayals to deliver the last high-determination image.
Contrasting the SRCNN and other methods, it is lightweight
and has super execution. To excerpt more information we
have to change the inner structure of the hidden layer.
Xu, Li, Jimmy SJ Ren, Ce Liu, and JiayaJia[1]
presented a work to make use of the DCNN to resolve the
deconvolution problem. By using these system problems like
noise, saturation, camera artifact problems can be resolved.
The first venture of the calculation is to find out the type of
degradation and then apply the hierarchical structure. The
hierarchy includes two trained supervised submodules with
proper initialization. In problems like image and video
processing, the main source of input is image or video
captured by the camera. It must contain unavoidable artifacts
such as noise, saturation, compression artifacts. Already there
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exists some model to remove those artifacts[37].The problem
of generative model is that it has strong assumption on a type
of noise.
The proposed calculation in light of the physical and
mathematical qualities of the noise. Using convolutional
neural network trained the system in such a way that will work
for any type of noise without the prior knowledge. The input
can give to the system without any preprocessing. Hidden
layer works in the context of pseudo inverse
deconvolution[38].It enables a practical system and, more
importantly, provides an empirically effective strategy to
initialize the weights in the network, which otherwise cannot
be easily obtained in the conventional random-initialization
training procedure. The final step is to perform deconvolution
to retain the original image. The first step in the network
architecture is to identify the need of using the exact kernel
structure for the deconvolution application along with the
convolutional neural network. It is suitable to use the onedimensional kernels to avoid the variation in the size of
weight. The second step is the process of supervised pretraining.Third step initialization of traditional neural network
comes. Outliers rejection deconvolution can be used to reduce
the noise. For that, another neural network is using.
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