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The necessity of creating a model of recognition of gestures
based on convolutional neural network that effective not only
in pattern recognition, but also in terms of learning speed and
resource intensity, is substantiated. In this regard, the work
solved the problem of optimization of hyperparameters and
the selection of the best optimizer backpropagation errors. To
implement the tasks, a model was created that can recognize
hand gestures, both from a single image and from streaming
video. When choosing an optimizer, two adaptive methods
were tested - Adadelta and Adam. The experiments confirmed
the high efficiency of Adadelta, however, when compared with
Adam, it showed more than twice as long network training.
Keywords: hyperparameter, convolutional neural network
(CNN) , adaptive methods

Introduction. Model optimization is one of the
challenging tasks in the development and implementa-
tion of machine learning solutions. According to [1],
hyperparameters are settings that can be configured to
control the behavior of a machine learning algorithm.
General speaking, hyperparameters are outside the
model, but they are in a direct connection with it. A fea-
ture of the hyperparameters is that they are specific to
the type of machine learning model that needs to be op-
timized. In some cases, the parameter is modeled as a
hyperparameter, because it cannot be studied from the
training set. A striking example of such a situation is the
settings that control the capacity of the model (a set of
functions that the model can represent). If the deep
learning algorithm studies these parameters directly
from the training set, then it will probably try to opti-
mize this data set. As a result, it can lead to retraining
the model. Examples of hyperparameters are the follow-
ing: speed of model learning (a hyperparameter that can
be used to optimize model capabilities); the number of
hidden units (a key parameter for regulating the repre-
sentative ability of the model); convolutional kernel
width (the hyperparameter affects the number of param-
eters in the model, which, in turn, affects its through-
put), etc.

The criteria for defining the hyperparameters are
very abstract and flexible. Data science specialists usu-
ally spend a lot of time setting up hyperparameters to
achieve the best performance for a particular model. In
many cases, the hyperparameter optimization is consid-
ered as a global optimization of a black-box error func-
tion f whose evaluation is expensive [2]. Solving this
problem is very challenging due to high complexity of
the function f'and depends on the current task.

In this context, our goal was to create a gesture
recognition model based on a convolutional neural net-
work (CNN), effective not only in pattern recognition
but also in terms of learning speed and resource intensi-
ty. In this connection, the optimization problems of hy-
per-parameters and the selection of the best back-
propagation optimizer were solved.

During the experiments, we used our own database
containing six gestures: "fist", "one", "palm", "let-
terSH", "two", "zero." The total number of video files is
7674. The model was built using the Keras library and
the TensorFlow framework. In the process of learning,
preprocessing was carried out: the image of the hand
was segmented and transferred to the grayscale format,
after which the Canny edge detector was used to high-
light the hand contours. The processed images were
normalized and fed to the input of CNN with three co-
agulation layers and three fully connected. The last lay-
er was the Softmax classifier whose number of neurons
is equal to the number of object classes. When choosing
an optimizer, two adaptive methods were tested -
Adadelta and Adam.

Experimental Setup. CNN solves two problems:
(1) determining the attributes of objects (2) determining
the probability of the object belonging to a particular
class.

In the convolutional core layer, a linear transfor-
mation is applied to each pixel of the image, revealing
the characteristic features of this class of images. The
kernels are matrices of weights of odd sizes, whose val-



88 BICHVK CXIAHOYKPATHCbKOIO HALIOHANBHOIO YHIBEPCUTETY imeni Bonogumupa Oans Ne 5 (253) 2019

ues are set so that any spatial or color features can be
detected. At the output, we have feature maps, whose
number is equal to the number of applied convolution
kernels. Convolution can be presented as
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where w is the core of size m X m, y are the inputs from
the previous layer, f is the activation function of neu-
rons.
The size of the output from the convolution layer
is calculated by the formula:
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where ny, is the size of the input data from the previous
layer, p - padding, k is the size of the core, s is the step
size with which the core is shifted in the image.

Convolution kernels form feature maps equal to
their number. In our case, three convolutional layers
were used, which yielded 16, 32, and 64 feature maps,
respectively. The use of three convolutional layers
seems to be optimal in terms of the quality of training to
a small number of parameters. The number of parame-
ters for a convolutional layer is defined as:

p=d*k+*w+b, 3)

where d is the depth of the input data (the number of
channels), k is the core, w is the weights, b is bias. For
example, for the first convolutional layer, this will look
like, that is, 160 parameters. For the second layer, that is
4640 parameters.

The result of the convolution must be passed
through the nonlinear activation function. Nonlinearity
can be written as an expression:

vy = () “4)

In our case, the activation function was the Recti-
fied Linear Unit ReLU [3]:
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where x; is the input data of the i-th channel, g; is the
coefficient controlling the slope at negative values.
ReLU is significantly superior to other functions in the
gradient damping resistance, and the learning rate ac-
cording to [4] is six times faster than the hyperbolic tan-
gent.

The feature maps formed on each layer are fed to
the max-pooling sub-sampling layer.

The max-pooling layer with a 2x2 filter follows

each convolution layer, enhances the features identified
on the previous layer and reduces the dimension of the
input data and, as a result, the number of parameters.
Max-pooling is calculated as:

1+1
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where H and W are the height and width of the
downsampling filter, x is the input data.

The size of the output from the max-pooling layer
is defined as:

n —k
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Max-pooling has no options for training. In order
to prevent retraining, in which the trained model too
closely matches a given data set, losing the ability to
generalize, a dropout is used in the developed neural
network [5]. Dropout enables to exclude random neu-
rons in a certain layer with a predetermined probability.
The excluded neuron returns the value 0. The probabil-
ity that a neuron of the current epoch will remain in the
network isg =1 —p.

This approach does not allow the neural network to
simply remember the correct answers, but gives flexibil-
ity in recognizing patterns that are not included in any
of the training datasets. Individual nodes are excluded
from the network with an established probability of
0.25, that is, at each iteration 25 percent of random neu-
rons will be excluded from the operation of the network.

The second part of the created network is a multi-
layered perceptron and is intended for training the hand
gesture classifier on the identified features. Data from
the last down sampling layer is fed to the Flatten layer,
thereby transforming into a one-dimensional vector.
Since 64 1313-size trait cards are received from the
Flatten input, the first layer of the fully connected part
of our network consists of 10816 neurons.

The next layer is fully connected and contains 256
weights, which is quite enough to solve the problem,
without requiring a lot of resources. As a result, the
number of parameters on this layer is 10816,256 + 256
= 2769152 parameters.

The calculation of the values of neurons for a fully
connected layer occurs by the formula:

X =) woy +b, (8)
k=0

where wj, is the weight from the k-th neuron of the /-1

layer to the i-th neuron of the current layer /, b is the
offset of the current layer, y is the incoming data from
the previous layer.

The last layer of the network with the number of
outputs equal to the number of recognized categories,
implements the softmax activation function.
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Softmax assigns a value, represented by a non-
negative real number, to each class, expressing the
probability of belonging:

S, =P(y=ila), 9)

where y is the output class numbered as 1...n, a is a vec-
tor of dimension 7.

The sum of all output signals expressing the prob-
ability of belonging is equal to one. The output value of
the i-th neuron corresponds to the probability that the
correct answer is i

e’

i n

s (10)
where 7 is the number of classes. The value of S; is al-
ways positive and is in the range (0, 1).

The created CNN consists of two parts: a) three
blocks of alternating convolutional and subsampling
layers that form the input feature vector for learning; b)
three fully connected layers.

Convolutional layers apply a 3x3 convolution ker-
nel and form 16, 32, and 64 feature maps, respectively.
Feature maps pass through subsampling layers with a
max-pooling of 2x2, each time halving the data dimen-
sion.

The classifying part of the network consists of a
flatten layer, each node of which corresponds to one
value of the feature vector, and two fully connected lay-
ers dense. The last layer is the output and implements
the softmax function.

CNN training. Network training is based on the
backpropagation algorithm. Backpropagation can be
viewed as a differentiation of a complex function with
the search for derived loss with respect to variables. The
loss function is categorical cross-entropy [6]:

H(y.9) == ylogJ, =-ylogy - (1= y)log(l-$). (11)

where y is the desired result, j is the actual result, be-

tween which it is necessary to minimize the cross entro-
py. For a training sample of size m, the minimization of
the cross entropy between the predicted and real values
is:

E(w) = —%i[yi log, +(1- y,)log(1 - )],

i=1

(12)

where m is the number of classes. In case the output
signal is close to the expected one, the value of the loss
function is close to zero:

limE =0.
a5 (13)

Depending on the results of calculating the loss
function, the parameters change at each iteration as:
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where « is the learning rate.
Changing the values of weights will be carried out
through the gradient descent:

Aw, = —aa—E.
ow,

i

(15)

Thus, the task of training the classifier S is to min-
imize the loss function in the space of weights:

min E(S(X,W)M), (16)

where X is the feature space, W is the network weights,
M is the set of classes. Based on this, it is necessary to
calculate the loss function gradient

VE(S(X,W)M). (17)

Choosing an optimizer. When choosing an opti-
mizer, two adaptive methods were tested - Adadelta [8]
and Adam [7].

Adadelta is essentially an extension of another
AdaGrad optimizer [9], which had a problem with re-
ducing learning speed. The problem arose due to the ac-
cumulation of the sum of squares of gradients, as can be
seen from the AdaGrad formula itself:

Wy =Wy —

g (18)

where wy is the value of the parameter w in step N, Gy
is the diagonal matrix containing the sum of squares of
updates of the partial derivatives of the parameter w
from the beginning of work to N, is the smoothing pa-
rameter for avoiding division by zero.

In Adadelta, instead of the total sum of updates,
the averaged square of the gradient is used, for which
the exponentially decaying running average is used. The
exponentially average is calculated as:

E[g*]y = 7E[g’ ]y, + (1= 7)gy, (19)

where ¥ is the attenuation coefficient in time.
Due to the mean of the squares of the gradients

looks like
RMS =\/E[g°], +¢&

(20)

this rule of weights update for Adadelta takes the
form:
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The second tested optimizer of gradient descent
was the Adam adaptive inertia method. It calculates
adaptive learning rates based on the first and second
gradient moment scores. The estimate of the first mo-
ment is calculated from the previously obtained partial
derivative values, as a moving average of gradients. The
estimate of the second moment is calculated on the basis
of the squares of the gradients of the values of the latter
values for the weight

m, = ﬂlmt—l +(1_ﬂl)gt’
v, = ﬂz"H +(1_ﬂ2)gr2’

where B, is the exponential decay rate for the first mo-
ment, B, is the exponential decay factor for estimating
the second moment. Due to the fact that the moment es-
timates are initialized with zeros, and the values of the
coefficients B; and B, are recommended by the authors
close to one (0.9 and 0.999, respectively), the shift to
zero is preserved. To prevent this, to change the pa-
rameters use:

A — m[)
g 1_ﬂ1p '
A — vp
b .
1-57

Recalculation of parameters is made according to
the formula:

W}? = Wpfl _—mp, (22)

where € = 10" is introduced to prevent possible division
by zero. In our case, the learning rate @ = 0.002. A sig-
nificant increase in speed reduced the effectiveness of
network training and increased the number of incorrect
answers. Decreasing speed made the network long-
learning.

The experiments performed show a sufficiently
high Adadelta performance, however, when compared
with Adam, it showed more than twice the network's
long learning ability.

Having error values, we calculate the partial deriv-
ative of the objective function E with respect to each
output of the neuron. To calculate the loss derivatives
for the variables in the embedded equation, the chain
rule is applied:

OE _OE 0y, OE 9 , y,/
ax; - ay; ax; - ay; ax; (f(xij))_ f( ;])

For a convolutional layer, the backpropagation
procedure looks like:
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In the max-pooling layer, an error from the previ-
ous layer passes through a single maximum value. Since
this layer does not train the network, the error passes
through it unchanged.

For the softmax layer, it is necessary to differenti-
ate the loss function J with respect to z;:

oJ Ologyp, 1oy,
oz, ;yk oz, ;yk P, 0z,
N 1, .. R N
==y.(1-3)-2 5 ﬁ—(—ykyi)=—y,-(1—y,-)+2yk(y,-):
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The experiments confirmed the high efficiency of
Adadelta, however, when compared with Adam, it
showed more than twice as long network training. As a
result of experiments on a test subset with a size of
1,535 images, recognition accuracy of 94% was
achieved.

Conclusion. In this work, we performed optimiza-
tion hyperparameter manually that is exhausting and
unexpanded. To address these challenges, the algo-
rithms such as Grid Search and Random Search that au-
tomatically infer a potential set of hyperparameters and
attempt to optimize them could be used. In the course of
testing with gesture recognition, a high degree of correct
network responses was obtained in real-time on a
webcam, including people who did not participate in the
creation of an image database. Future work will focus
on the development of the effective method for automat-
ic optimizing hyperparameters of deep learning algo-
rithms.
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Cipsix P.B., Ckapra-bauayposa 1.C., bino6opoagosa
T.O. 3abe3neyenns emnipu4yHoi onTumizauii rimepmapa-
MeTpiB 3ropTKOBOI HelHPOHHOT Mepe:ki

Ob6rpynmosano neoOXioHicms cmeopentss Mooeni po3ni-
3HABAHHS HCECMIB HA OCHOBI 320pMKOBOI HelUPOHHOI Mepedici,
eexmueHo He MINbKU 8 MOYHOCMI PO3NIZHABAHHI 300pa-
JHceHb, ane Ul 3 MOuYKU 30py WEUOKOCMI HABYAHHS | BUKOPU-
CMAaHHs 00UUCTIOBAILHUX pecypcis. Y 36'a3Ky 3 yum 6 cmammi
npeocmasneHo eupiuleHHs 3a60ayi onmumizayii cinepnapa-
Mempig i 8ubOpy HAUKpaAwj0eo ONMUMizamopa NOMUIOK 360-
POMHO20 nowiupenHs. [nsa peanizayii 3a60aHHs cmeopera mo-
delb, 30amHa po3Ni3HA8AMU HceCmu PYK AK N0 0OHOMY 30-
6pascennio, max i no nomoxogomy eioeo. Ilpu eubopi onmu-
Mizamopa Oyau npomecmosani 06a A0ANMUGHUX Memooy -
Adadelta i Adam. Excnepumenmu niomeepounu 8ucoxky eghex-
muenicme Adadelta, oonax, y nopisusanui 3 Adam, 6in nokazas
60614l OLIbUWIULL YAC HAGUAHHS MEPEICL.

Kitodosi croBa: einepnapamemp, 3eopmxosa HellpoHHa
Mepeokca, a0anmusHi Memoou

Cupsak P.B., Ckapra-bannyposa U.C., benodopono-
Ba T.A. OOecneyenne 3MNUPHYECKON ONTHMHU3ALUU T'H-
nepnapamMeTpoB CBePTOYHOI HeHHPOHHOT ceTH

ObocHogana Heobxo0uUMOCms CO30aHUL MOOeU PACHO-
3HABAHUSL HCECMOB HA OCHOBE CEEPMOYHOU HEUPOHHOU cemu,
IpPexmusHoil He MOTLKO 8 MOYHOCMU PACNO3HABAHUU U300~
PadiceHull, HO U C MOYKU 3PEHUs. CKOPOCMU OOYYeHUs U Uuc-
NOL306AHUS 6LIYUCTUMENLHIX Pecypcos. B cesasu ¢ smum 6
cmamve npeocmasieno peuleHue 3a0auu OnmumMusayuu u-
nepnapamempos u 6bloopa HAULyHUlec0 ONMUMU3AMOPA
owubox 06pamnozo pacnpocmpanenus. s pearusayuu 3a-
dauu co30aHa mMooenb, CHOCOOHASL PACNO3HABAMb HCECbl PYK
KaK no 0OHOMY U300paANMCEHUI0, MAK U N0 NOMOKOBOMY BUOEO.
IIpu evibope onmumuzamopa Ovliyu NPOMECMUPOBAHbL O8d
aoanmusnvix memooa - Adadelta u Adam. Dxcnepumenmot
noomeepounu vlcokyio 3pgexmusnocmv Adadelta, oonaxo,
no cpasuenuio ¢ Adam, on noxasan 60soe Oonvbuiee pems
obyyenue cemu.

Kniouesvie cnosa: cunepnapamemp, — ceepmounas
HelpOHHAs cemb, a0anmueHble Memoobl.
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