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Abstract: In the last century, scientists discovered several visual neurologicalfeatures. The optic nerve has
a local receptive field. The recognition ofa whole picture is composed of multiple local recognition points.
Different neurons have the ability to recognize different shapes, and the optic nerve has superposition ability.
The pattern can be composed of low-level simple lines. Later, people found that after the operation of the
concatenation, theprocess ofoptic nerve processing calculation can be well reflected. The LeNet-5, which was
invented by LeCun in 1998[1], can greatly enhance the recognition effect. This article mainlyfocuses on the
neural network evaluation, from neural networks to convolutional neural networks, convolutional layer, the
pooling layer, and the overall CNN structure.
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HEMPOHAbLL, TOPAMTAPEA APHAJIEAH HEMPOHbLL, YXENINEP:
KELLEMTY »X3HE TO/bLL TYCIHAIPY

AugaTna: byn malana HerisiHeH HelpOHZAbIL >Keninepai, HelpoHAbIL >KeninepfeH 6acTan yiora feiHri
HeMpoHAbIL >Keninepai, Yo LabaTbiH, 6ipikTipy LabaTbiH 6aranayra apHanraH. OTKeH racbipga ranbimgap
GipHelle BM3yanbl HeBPOMOrMANbIL, PYHKUMSNApAbl TanTbl. Kopy HepBiHiL >KeprifikTi peuenTiBTi Bpici
Gap. TyTac cypeTTi TaHy bGipHeLle >KeprifikTi TaHy HYKTenepiHeH Typaabl. SpTYpAi HelipoHaap apLUuib
chopManapabl TaHyra uabineTTi, an Kopy HepBi Cynepno3nLusHbIL LabineTiHe ne eKeHi Gaiiuanibl.

TYmHdi cB3gep: NN, CNN, Python, KoMnblOTepAik Kopy, MallunHanbIL, OubITY

HEMWPOHHBIE CETW A9 CBEPTOUYHbIX HEMPOHHbIX CETEN: PACLUVMPEHUE N
MoAPOBHOE OB BbACHEHWME

AHHOTaUMA: OTa cTaTbd B OCHOBHOM MOCBSALLEHA OLEHKE HEMPOHHbIX CETENR, OT HEMPOHHbLIX CeTel Ao
CBEPTOYHbIX HEMPOHHbIX CETel, CBEPTOYHOrO CNOSA, CNOS 06bEAMHEHNS. B NPOLLINOM BEKe yUYeHble 06HAPY>KNK
HECKO/MbKO BM3yaNlbHbIX HEBPONOTMYECKUX (PYHKUMIA. 3pUTeNbHbIA HEPB UMEET N0KabHOE peLenTMBHOE Mofe.
PacnosHaBaHue Lenoro n3obpa>keHns COCTONT M3 HECKONbKNX NOKabHbIX TOYeKpacno3HaBaHus. PasnnyHble

HepoHbl 06nafaldT CMNOCOGHOCTLIO pacno3HaBaTb pasNMyHble (QOPMbl, a 3PUTENbHbIA HepB 06nagaeT
CMOCOBGHOCTLHO Cynepno3nLinu.

Kntouesble cnosa: NN, CNN, Python, KoMnbloTepHOe 3peHne, MallHHOe 06y4yeHne
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INTRODUCTION
We know that the structure of a general
neural network is like this:

Figure 1.1 - structure ofgeneral neural networks

Then, what’s the relationship between a
general neural network and a convolutional
neural network?

In fact, the convolutional neural network is
still a hierarchical network, but the function and
form of the layer have changed. It can be said
that it is an improvement of the general neural
network [2]. For example, in the figure below
(fig 1.2), there are many levels that are not found
in general neural networks.

Figure 1.2 - A convolutional neural networkfor image
recognition
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1.1 CONVOLUTIONAL NEURAL

NETWORK HIERARCHICAL

STRUCTURE OF CONVOLUTIONAL

NEURAL NETWORKS

A standard convolutional neural network
generally includes the following hierarchical
network structures [3].

e Datainput layer / Input layer

e Convolution calculation layer / CONV
layer

 RelLU excitation layer/ ReLU layer

 Pooling layer / Pooling layer

* Fully connected layer / FC layer

1.2 DATA INPUT LAYER

The processing to be performed by the input
layer is mainly to preprocess the original image
data, including:

. De-average: Centers each dimension
of the input data to O, as shown in the follow-
ing figure. The purpose is to pull the center of
the sample back to the origin of the coordinate
system.

. Normalization: The amplitude is nor-
malized to the same range, as shown below,
which reduces the interference caused by the dif-
ference in the range ofvalues of each dimension.
For example, we have two dimensions of features
A and B, and the range of A is 0. To 10, and the
range of B is 0 to 10000. If the two features are
directly used, it is a good practice to normalize,
that is, the data of both A and B becomes 0to 1

. PCA/whitening: using PCA to reduce
dimensionality. Whitening is normalized to the
amplitude of each characteristic axis of the data

[4]
De-average and normalization effect (fig
2.1):
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Figure 2.1 - De-average and normalization effect

De-correlation and whitening effect (fig

Figure 2.2 - De-correlation and whitening effect.

1.3 CONVOLUTION CALCULATION

LAYER

This layer is the most important level of
convolutional neural networks and the source of
the name of the Convolutional Neural Network.
At this convolution level, there are two key
operations:

» Local association. Each neuron is seen as
a filter

* Window (receptive field) sliding, filter
for local data calculation

The relationship between depth, stride (the
length of the window sliding), and the padding
value (zero-padding) is as follows (Figure 2.3 - ):

Figure 2.3 - Stride, Depth and Neurons

What is the zero-padding? The following
picture (Figure 2.4 - ) is an example. For
example, if there is such a 5*5 picture (one grid
and one pixel), our sliding window takes 2*2 and
the step size takes 2, then we find that there is
still one pixel left to slide, so how?

Then we add a zero layer to the original
matrix (Figure 2.5 - ), so that it becomes a 6*6
matrix, then the window can just traverse all the
pixels. This is what the zero-padding does.
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Convolution calculation (note that there is
a circle of gray boxes around the blue matrix
below, those are the zero-padding mentioned
above (Figure 2.6 - ))

Figure 2.6 - Convolutional calculation (with zero-padding)

The blue matrix here is the input image,
and the pink matrix is the convolutional layer of
neurons, which shows that there are two neurons
(w0, wl). The green matrix is the output matrix
after the convolution operation, here the step size
is setto 2.
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The blue matrix (input image) performs a
matrix inner product calculation on the pink
matrix and adds the result of the three inner
product operations to the offset value b (such as
the calculation of the above figure: 2+(-2+1) -2)
+(1-2-2) + 1=2 - 3 - 3 + 1= -3), the calculated
value is an element of the green box matrix.

14 INCENTIVE LAYER

The excitation layer acts to nonlinearly map
the convolutional layer output. The excitation
function used by CNN is generally ReLU[5]
[6] (The Rectified Linear Unit), which is
characterized by fast convergence and simple
gradient, but is weak, and the image is as follows.

1.5 POOLING LAYER

The pooling layer is sandwiched between
successive convolutional layers to compress
the amount of data and parameters, reducing
overfitting. In short, if the input is an image,
then the primary role of the pooling layer is to
compress the image. Here We again expand the
specific role of the pooling layer:

1 Feature invariance, which is the
invariance of the features we often mention in

scale
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image processing. The pooling operation is the
resize ofthe image. Usually, the image ofa dog is
doubled. We can recognize that this is a dog. The
photo shows that the most important feature of
the dog remains in this image. We can judge that
the image is a dog in the image. The information
removed during image compression is just some
insignificant information, leaving Information is
a feature with scale invariance and is the feature
that best expresses images.

2. Feature dimension reduction, we know
that an image contains a lot of information, there
are many features, but some information does
not have much use or duplication for us to do
image tasks, we can remove such redundant
information, put the most The extraction of
important features is also a major part of the
pooling operation.

3. To some extent, to prevent over-fitting, it
is more convenient to optimize.

1.6 FULLY CONNECTED LAYER

All neurons between the two layers have the
right to reconnect, usually the fully connected
layer is at the end of the convolutional neural
network. That is, the connection with traditional
neural network neurons is the same [7] (fig 1.1)

2. CONCLUSION

A convolutional network is essentially
an input-to-output mapping that learns a large
number of mappings between input and output
without the need for any precise mathematical

expression between input and output, as long as
it is known. The mode trains the convolutional
network, and the network has the ability to map
between input and output pairs.

A very important feature of CNN is that it
is top-heavy (the smaller the input weight, the
more the output weight is, the more the output
weight is), which presents an inverted triangle
shape, which avoids the backpropagation in BP
neural network. The gradient is lost too fast [8].

Convolutional neural network CNN is
mainly used to identify two-dimensional graphics
of displacement, scaling and other forms of
distortion invariance. Since CNN’s feature
detection layer learns through training data,
when CNN is used, explicit feature extraction is
avoided, and learning is implicitly learned from
training data; and further, due to neuron weights
on the same feature mapping surface The same,
so the network can learn in parallel, which is
also a big advantage of convolutional networks
relative to the network of neurons connected to
each other. The convolutional neural network
has unique advantages in speech recognition
and image processing with its special structure
of local weight sharing. Its layout is closer to
the actual biological neural network, and weight
sharing reduces the complexity of the network,
especially multidimensional. The feature that
the input vector image can be directly inputted
into the network avoids the complexity of data
reconstruction during feature extraction and
classification.
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