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Abstract—It's considered the problem of image processing which is used in diagnostic systems when it is
necessary to process the results of ultrasound, computed tomography and magnetic resonance imaging. For
the solution of this problem it's often used artificial neural networks especially convolution neural
networks. It’s considered the structure of convolutional neural networks especially types of layers. In the
paper it is analyzed the creation of convolutional neural networks based on autoencoders. It's considered
the features of such neural network, the algorithm of learning and the important parameters which
determine the function quality of image processing. The possible improvement of such topology is
possible with help of restricted Boltzmann machine which can be used for pre-learning.

Index Terms—Image; recognition; autoencoders; neural network; layer; convolution; perceptron;

training.
I. INTRODUCTION

Computer Vision problems are among the better
studied problems of machine learning. The most
common dilemma of these methods is the choice of
features that is used to train the classifier. The best
realization of classifier is use of neural networks
(NN). The classifiers are tested on a very popular
digit recognition benchmark Modified National
Institute of Standards and Technology (MNIST).

The aim of this work was to implement deep-
learning algorithms to supply a stable learning of
basic NN, which solves the problem of classification.

Autoencoders are simple learning NN which aim
to transform inputs into outputs with the least possible
amount of distortion. While conceptually simple,
they play an important role in machine learning.

More recently, autoencoders have taken center
stage in the “deep architecture" approach [1] where
autoencoders, particularly in the form of Restricted
Boltzmann Machines (RBMS), are stacked and
trained bottom up in unsupervised fashion, followed
by a supervised learning phase to train the top layer
and ne-tune the entire architecture.

A digital image can be defined as the numerical
representation of a real image. This representation
can be coded as a vector or a bitmap (raster). In the
first case it describes the primitive elements (lines or
polygons) which compose the image, in the second
case the image is composed of a matrix of points,
called pixels. Their color is defined by one or more
numerical values. In colored bitmap images the
color is stored as level of intensity of the basic
colors, for example in the RGB model there are
three colors: red, green and blue.

The algorithm can be lossy (JPEG) or lossless,
i.e. without loss (GIF, PNG). This type of images is
generated by a wide variety of acquisition devices,
such as scanners, digital cameras, webcams, but also
by radar and electronic microscopes.

The convolution [4] is an operation that is
performed on a mono-color bitmap image for
emphasizing some of its features. The convolution
matrix is also called Filter.

A Filter can be thought as a sliding window
moving across the original image. At every shift it
produces a new value, this value is obtained by
summing all the products between the filter elements
and the corresponding pixels. The values obtained
from all the possible placements of the filter above
the image are inserted in an orderly fashion in a new
image.

II. PROBLEM STATEMENT

Let X be set of described objects, Y the set of
numbers (or names) of classes. There is a known
target dependency is reflection y*: X — Y, the
meaning of which is known only on the objects of
the final training sample:

X" = {(xljyl),...,(xmaym)}”

where X™ set of elements of the training sample by
dimension m.

It is necessary to construct an algorithm capable
of determining the affiliation of an arbitrary object
x eXtotheclassy €Y.

The mathematical model of a curved layer in a
simplified form can be described by the following
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formula x' = f (x'#k'+5'), where x! is the
output layer /; f{+) is activation function; &' is bias
ratio, the symbol * denotes the operation of the
convolution of the input x"' with the core #. While
fill out the formula in the standard form, will get:
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Fig. 1. Scheme of convolutional layer

Aggregating layer acts independently on each
section depth entry, and reduces its spatial
dimensions. Formally, the layer can be described as

follows x' = f (al -subsample(xl’1 ) +b1) ,
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where x' is the layer output /; £ () is activation
function «',b’ are coefficients; subsample(:) is

sampling operation of local maximum values.
Scheme of the aggregate layer is shown on Fig. 2.
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Fig. 2. Scheme of aggregation layer /

After several convolutional and maximizing
aggregation layers that are used to select a special
area, placed a classifier, which is implemented with
fully connected layers, and solves the problem of
classification of the selected area. As a classifier in
this paper it’s considered: auto-encoder, Softmax,

fuzzy deep learning classifier. The fully coated layer
can be described by the equation

n
I -1, -1, -1
xj—f(zxj w; +b; J’
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/.. . . .
where x; is jth output of layer [; /'(.) the activation
function; bj’.’] is jth layer displacement ratio /; wé.’] is
ith, jth element of the matrix of weight coefficients

[ — 1 layer; n is the number of neurons in the full-
fledged layer.

III. CONVOLUTIONAL NEURAL NETWORKS

Convolutional Neural Networks (CNN) [6] are
powerful classifiers which can be used in many
tasks. They are extremely suitable when the number
of training pattern and their dimensionality are
particularly high. This is why they are often used in
computer vision dealing successfully with digital
images.

To train a CNN the classic supervised approach
based on back-propagation is used. This approach
allows the network to learn how to discern a pattern
from another based on the training set. In CNNs the

receptive field feature maps

inputimages /

features extraction module

convolution

subsam pling

sigmoidal function is commonly used as the
activation function of all the layers (including the
neural network). In this section a general definition
of a convolutional neural network has been
provided. However, there are many variants
depending on the task CNN:

— without final neural network;

— with a final neural network with one or more
hidden layers;

— with an even number of layers in their features
module.

— with only convolutional layers.

In the dissertation will continue to talk about
CNNss referring to their general definition, even if it
is important to understand that there are many
researchers who can call with the same right
convolutional neural networks slightly different
architectures (Fig. 3).

features array  neural network

convolution  subsampling convelution

Fig. 3. A complete example of a CNN architecture with seven layer, or commonly called LeNet7

A Convolutional Neural Networks receives in
input p mono-color bitmap (for example, can receive
the three channels R, G and B of a colored image);
then the input is given to a feature extraction module
which releases an array of features consisting of m
elements; finally this array is delivered to a full
connected neural network that generates the results.

Fully connected AEs and DAEs both ignore the
2D image structure. This is not only a problem when
dealing with realistically sized inputs, but also
introduces redundancy in the parameters, forcing
each feature to be global (i.e., to span the entire
visual field). However, the trend in vision and object
recognition adopted by the most successful models
[2], [3] is to discover localized features that repeat
themselves all over the input. CAEs differs from
conventional AEs as their weights are shared among
all locations in the input, preserving spatial locality.
The reconstruction is hence due to a linear
combination of basic image patches based on the
latent code.

For a mono-channel input x the Ilatent
representation of the kth feature map is given by

hk = o (x - Wk + bk), (1)

where the bias is broadcasted to the whole map, o is
an activation function (used the scaled hyperbolic
tangent in all our experiments), and denotes the 2D
convolution. A single bias per latent map is used, as
required each filter to specialize on features of the
whole input (one bias per pixel would introduce too
many degrees of freedom).
The reconstruction is obtained using

y=c(th~Wk+c), )

keH

where again there is one bias ¢ per input channel H

identifies the group of latent feature maps W
identifies the flip operation over both dimensions of
the weights. The 2D convolution in equation (1) and
(2) is determined by context. The convolution of an
m X m matrix with an n X n matrix may in fact result
inan (m + n—1) x (m + n — 1) matrix (full
convolution) orin an (m —n + 1) x (m —n + 1) (valid
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convolution). The cost function to minimize is the
mean squared error (MSE):

B©) =3 (-7’

Just as for standard networks  the
backpropagation algorithm is applied to compute the
gradient of the error function with respect to the
parameters. This can be easily obtained by
convolution operations using the following equation:

8E(6k) =x-8h* +h* -8y
ow

where 6/ and oy are the deltas of the hidden states
and the reconstruction, respectively. The weights are
then updated using stochastic gradient descent.

IV. AUTOENCODERS

Today, the most innovative method of reducing
the dimensionality of the analyzed vector space is
the application of an autoencoder. Autoencoder
(autoassocator) — a special architecture of neural
networks allowing to apply learning without a
teacher when using the method of errors back
propagation.

The simplest architecture of the auto-encoder is
shown on Fig. 4 — direct propagation network
without feedbacks, most similar to a perceptron and
containing an input layer, an intermediate layer and
an output layer.

h'.\',u':"::'

Layer L,

Layer Ly

Fig. 4. Autoencoder architecture

The main goal of training an autoencoder is to
ensure that the input vector of the characteristics
causes a network response equal to the input vector.
That is, the problem of the functioning of the auto-
encoder is reduced to finding the approximation of
such a function so that the response of the neural
network is equal to the value of the input
characteristics to within a given error value.

Auto-encoders can be stacked to form a deep
neural network. A good way to get good parameters
for the stack of auto-encoders is to use greedy layer-
wise training. In order to do this, first train the first
layer on the input sample in order to get the
parameters WD 12 pD p(12 Then it's necessary
to use the first layer to convert the input sample into
a vector consisting of data from the hidden layer
neurons. Then needed will train the second layer
with this vector to obtain the parameters
W(z.l)’ W(z.z)’b(z.l)’b(z.z)‘

These steps are repeated for successive layers
using the output of each preceding layer as an input
to the next.

This method trains the parameters of each layer
individually, without affecting the parameters of the
rest of the model. To get better results after this
learning phase, fine-tune the error propagation
method to improve the results of the model settings
work of all layers of the model together. When using
the stack of autoencoders to solve the classification
problem, autoencoders are discarded with the last
layer (decoder) and send the output of the last layer
to the softmax classifier. The error gradients of the
softmax classifier will then be extended back to the
coding layers of the model.

Formulation of the research task. The analysis of
the scientific and methodical apparatus made it
possible to identify certain contradictions in theory
and practice.

To solve practical problems, it is necessary to
improve the quality of object recognition on images.
At the same time, in order for practical problems to
be solved, existing methods and neural network
models of object recognition on images need
modification.

Thus, the purpose of the study is the development
of a new intelligent imaging system based on
autoassociators. The scientific task of the study is
the development of a method for recognizing objects
based on the use of the deep learning network
model. It can be concluded that, along with the
advantages in neural networks has its disadvantages,
as any approach. First of all, this concerns the need
to create a training sample, without which the
network cannot be used. First of all, this concerns
the need to create a training sample, without which
the network cannot be used.

Today, the issue of creating effective training
samples is under-researched. For most scientific
studies, large samples are used (NORB, Caltech 101,
Pascal). But if it is a question of solving a specific
applied problem, there is uncertainty about how
certain parameters of the training sample affect the
learning quality and network recognition, what
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automation methods are used to create the sample,
and what algorithms and methods to use.

For neural network algorithms, as for any other,
speed of execution is critical, but, unfortunately,
most modern models are not designed for fast
processing. Therefore, the critical issue is the
acceleration of the work of neural networks.

Also, most models based on neural networks are
not capable of independently isolating individual
objects in the image and require preliminary
segmentation and preliminary processing of the
input image at the input of the network

For the searching optimal values of structural
parameters (number of layers and neurons in every
layer) and weighting coefficients it is used genetic
algorithm.

V. MODIFIED NATIONAL INSTITUTE
OF STANDARDS AND TECHNOLOGY

The Modified National Institute of Standards and
Technology [5] data set of handwritten digits is a
very popular benchmark for image recognition tasks.
It has a training set of 60.000 examples, and a test
set of 10.000 examples. Considered the quality of
digit classification on the MNIST data set using the
provided test set. The classification accuracy will be
expressed as a ratio of correctly classified digits to
the size of the test set. Because of its popularity the
MNIST data set is a de facto standard benchmark for
learning methods.

The first stage of training convolutional network
is the initiation of weight coefficients. In the general
case, if the convolutional neural network uses the
layers of convolutions, aggregates, and fully-
coherent layers, then only the nuclei of the
convolution of the coil layers and the full-coated
layers should be initiated. If the network is also used
in the convolutional layers, it is also necessary to
initiate their weighting factors. To train the
convolutional neural network in this work, a
normalized initialization is used, which is called the

initialization of Glorot -y [ _ V6 Vo
\/nf +n] \/nj +n/+1

where U is uniform distribution on a segment; n,

the number of neurons in the current layer of the
network; 7., is the number of neurons in the next

layer of the network. The use of normalized

initialization leads to a decrease in the saturation of
the neurons and the error signal extends much better.
The greedy layerwise training protocol can be
summarized as follows: to construct a deep
pretrained network of n layers divide the learning
into n stages. In each stage exploited an unsupervised
training algorithm: in the first stage train an
autoencoder on the provided training data sans labels.
After training the resulting autoencoder will learn the
features of this data. Next necessary map the training
data to the feature space (in practice by cutting out
the last layer of autoencoder so that inputs are
mapped to hidden layer activations — features). The
mapped data is then used to train the next stage
autoencoder. The training follows layer by layer until
the last one. The last layer is trained as a classifier
(not as an autoencoder) using supervised learning.

VI. CONCLUSION

It's considered the solution of image processing
problem based on stacked autoincoders and
determined the approach of structural-parametric
synthesis of this neural network. It's proposed to use
genetic algorithm. It permits to improve the
efficiency of image processing problem solution.
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B. M. Cunerna3zos, C. B. Koctiouenko. JliarnocTuuna cucrema Ha 6a3i aBToeHKO1epiB

PosrisHyTO TpoOsieMy oOpoOKM 300pa)keHb, sKa BUKOPHUCTOBYETHCS B JIAarHOCTHUHUX CHCTEMax, KOJH HEOOXITHO
00pOOJIATH Pe3yNbTAaTH YIbTPAa3BYKY, KOMII I0TepHA TOMOrpadis Ta MarHiTHO-pe30HaHCHA ToMorpadist. i BUPIIIICHHS
miei mpoOJieMH YacTO BUKOPUCTOBYIOThCS INTYYHI HEHpPOHHI MepexKi, OCOOJMBO 3rOPTKOBI HEHPOHHI Mepexi.
Po3risiHyTO CTPYKTYpY 3rOPTKOBHX HEHMPOHHHX MEPEX, OCOOJMBO THUIH IIapiB. Y poOOTI MpoaHai30BaHO CTBOPEHHS
3TOPTKOBUX HEWPOHHUX MEpex Ha 0a3i aBToeHKoJepiB. PO3rissHYyTo 0co0NMBOCTI Takoi HEHPOHHOI MEPEeXi, allrOPUTM
HaBYAHHS Ta BAXKJIMBI MapaMeTpH, 110 BU3HAYAIOTH SIKICTh (PYHKIIT 00poOKH 300pakeHb. MOXKIIMBE MOJIMIISHHS TaKol
TOIOJIOTIi MOXJIUBE 32 JIOIOMOI'0OF0 0OMEXeHOT MalMHu bonbliMana, sIky MO)KHa BUKOPHCTOBYBATH LIS MTONIEPETHHOT O
HaBYaHHSI.

Karwudosi cioBa: 300pakeHHs; pO3Mi3HABaHHS, aBTOEHKOZEP; HEHpOHHAa Mepexka; Iap; 3rOpTKOBa; IEpCENTpOH;
HaBYaHHSI.
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PaccmoTpena mpoOsiemMa 00OpaOOTKM H300pa)KCHUMH, KOTOpasl HMCIOIL3YeTCs B JUATHOCTUYECKUX CHCTEMax, Korua
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