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APPLICATION OF THE MACHINE-LEARNING ALGORITHM FOR
HUMAN EMOTIONS RECOGNITION

Zhaksylyk N.B. !, Daribayev B.S.?

1Al-Farabi Kazakh National University, Almaty, Kazakhstan

Abstract

Modern methods of deep learning of neural networks are to find the minimum of some continuous error function.
Currently, various optimization algorithms are known that use different approaches to update model parameters. This
article is devoted to the analysis of convolutional neural networks with a teacher, as well as the most common optimization
methods for learning deep networks in order to recognize the human emotion in the picture. Learning with a teacher is
one of the ways of machine learning, during which the test system is forcibly trained with the help of “stimulus-reaction”
examples. During the analysis, activation functions such as ReL. U, sigmoid were used. And also, categorical_crossentropy
was chosen to find errors in the network. And they minimized the error by updating weights to correctly output the
response using the Adam optimizer. Corrected a network error using the Dropout regulator.

Keywords: Multilayer perceptron, neural network, activation function, weighting factors, tensors, convolutional
neural network, gradient descent.

Annomayus
H. B. XKaxcoinog X, 5.C. Japubaes *
INPUMEHEHHUE AJI'OPUTMA MAIIUHHOI'O OBYYEHMS JIJIsA
PACIIO3HABAHMS DMOLII YEJIOBEKA
Kazaxcxuii Hayuonanvhboiii Yuusepcumem um. anv-@apabu, o. Anmamei, Kazaxcman

CoBpeMeHHBIE METOBI TITyOOKOro 00y4eHHs HEHPOHHBIX CETEeH 3aKIII0YaroTCs B HAX0XKICHMH MUHUMYMa HEKOTOPOH
HenpepbIBHOW (YHKIMU OIMOKH. B Hacrosiiee BpeMsi U3BECTHBI Pa3iHYHBIC aJITOPUTMBI ONTUMH3AIMH, KOTOPHIE
UCIIONB3YIOT pa3HbIe ITOAXO/BI I OOHOBJICHHS ITapaMeTpOB MoJienH. JlaHHas cTaThsl MOCBSIICHA aHAIN3Y CBEPTOYHBIX
HEHUPOHHBIX CeTell ¢ yuHTeseM, a TakKe, Hauboliee pacrpoCcTpaHEHHBIX METOI0B ONTHMHU3ALUHN I 00y4eHs TITyOOKHX
cereld 9ToOBI PacIo3HATh AMOIMIO YeJIOBeKa Ha KapTuHKe. OOydeHne ¢ yduTelneM — OIWH U3 CIOCO0OB MAIIMHHOTO
0o0ydeHus, B XOle KOTOPOrO HCIIBITYyeMas CHCTeMa MPUHYIUTENBHO 00y4aercsi ¢ MOMOIIBI) NPHMEPOB «CTHMYII-
peaktmsiy. B mportecce aHanmu3sa ObITH WCTIONB30BAHBI aKTHBAMOHHBIE QyHKIMK Takue Kak ReLU, sigmoid. A rtaxke,
JUTSL HAXOXIEHHs OIMIMOKK B ceTH BBIOpanu categorical_crossentropy. I MUHHMH3HPOBAIH OIIHOKY OOHOBJISISI BECOBBIE
K03(hHIMEHTHI Ui KOPPEKTHOTO BBIBOAA OTBETA C HOMoOMIbI0 ornrumuzatopa Adam. VcmpaBmsuin ommbKy cetd
ucrons3ys peryausarop Dropout.

KnroueBble ciaoBa: MHOrOCIOWHBIN TEpCENTPOH, HEHpPOHHAs CeTh, AKTUBAIMOHHAs (DYHKIHS, BECOBBIC
KO03((HUIMEHTHI, TEH30PbI, CBEPTOYHASI HEHPOHHAS CETh, IPAANCHTHBIHN CITYCK.
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Anoamna
H. B. JKaxcouoig X, 5.C. Japubaeg *
AIJAM SMOIIMOHAJIAPBIH AHBIKTAY YIIIH MAIIIUHAJIBIK OKbITY
AJTOPUTIMIH NAMJTAJIAHY
Yanv-Dapabu ameimoaszer Kazax ¥nmmuix ynusepcumemi, Anmamvl K., Kazaxcman

HetipoHapIK keminepi TepeH OKBITY/BIH 3aMaHayH dJIicTepi KeiOip Karenikrep QyHKIHMSCHIHBIH MHHUMYMBIH Ta0y
0ok TaObuTaBl. Kasipri yakbITTa MOJENb MapaMeTpIIepiH KaHAPTY YUIH OpTYPJIi TOCUTICPAl KONJAHATHIH dPTYPIIi
OHTAMNIAHABIPY adropuT™Maepi Oenrizi. byn mMakama MyraliMHIH KeMeTiMeH KOHBYJIBCHSUIBIK HEHPOHIBIK JKEIIep/I,
COHBIMEH KaTap CYpETTEri aJaMHBIH SMOLMSCHIH TaHy YIIiH TEpeH JKeNiJiep/i OKBITYIbIH OHTaHIaHIbIpy OAiCTEpiH
Tanjgayra apHajgraH. MyraTiMMeH OKBITY - MAalIMHAJIBIK OKBITYIBIH Oip o1ici O0JbIN TaObUIa !, OHBIH OapbICBIHAA TECT
KyHecl «bIHTaTaHABIPY-peakuysh MbIcaapbl HeTi3iHae MOKOYpii Typae okpiThutanbl. Tannay kesinge ReLU, sigmoid
CUSKTBI OeliceHnipy QyHKIusapbl KonmaHeuiasl. Conmaii-ak, JKeliaeri karenepai Taldy yiiH categorical crossentropy
tagnanapl. Onap Adam oHTalIaHABIPYIIBIHBIH KOMETIMEH KayanThl TYPbIC HIBIFApy YIIiH CAIMaKTHI )KaHAPTY apKbUIbI
KaTeHi a3aiTThIK. Dropout perTerimriHiH KeMeriMeH JKeNiiK KaTeHi T1ypBICTaAbIK,.

Tyiiin ce3mep: Kem kabaTTbl mepuenTpoH, HEUPOHIBIK Keii, OenceHaipy (QYHKIMACHI, canMak (akTopiapsl,
TEH30pJ1ap, KOHBYJIbCUSUIBIK HEWPOHIBIK e, TPaJUEHTTIH TYCYI.

Introduction

People communicating with each other constantly analyze any human manifestations. It is no secret that
one of the important aspects of the analysis is human emotions. Therefore, the creation of modern technology
of machine systems is relevant application of methods for automatic recognition of emotions.

One of the common ways of recognizing human emotions by another person is the analysis of visual
information. Based on this, it can be understood that the automation of this process should be obvious based
on the use of computer vision methods, which is implemented using modern technology of neural networks.

Computer vision is a branch of science where theory and methods are studied, as well as algorithms for
analyzing images of objects [1]. This technology is the creation of machines that can detect, track and classify
objects. As a scientific discipline, computer vision refers to the theory and technology of creating artificial
systems that receive information from images.

Automatic recognition of emotions is quite widespread. For example, recently, Kia Motors introduced [2]
a system that can assess the mood of a person in a car and adjust the atmosphere in the cabin for him.

Such artificial systems are well-implemented using convolutional neural networks. At present, the use of
convolutional neural networks allows one to recognize human emotion with various methods of data analysis.
For example, one can recognize a person’s emotion with the help of an audio recording implemented by Reza
Chu [3]. Using this technology, we implemented a network that can recognize the emotion in the picture.

In order to recognize human emotion, a convolutional neural network (CNN) [4] was used, which was
trained based on Kaggle [5] data, where gray images with 1 channel are stored in 48x48 pixels format. For 2
reasons, we used this particular method and not a simple multilayer perceptron [6]:

» The percentage of accuracy on the verification data is greater. Due to this, the computer determines the
emotion of a person in our case better in our cases.

* The concept of total weights.

Let's look at it better to understand the above-mentioned pluses of the CNN. First, let's see how version 2
of the usual multilayer perceptron works.

A multilayer perceptron consists of an input, hidden (there may be several of them, depending on the task),
output layer (Figure 1).

Input Layer Hidden layer Output Layer

Figure 1. The structure of neural networks
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As you can see, each node (neuron) in each layer is interconnected. The binding strands of neurons are
called synapses, which have their own weights (weighting factors). In machine learning, weights are usually
marked with the letter “w”, and “X” is the input data that is transmitted to the first layer. To get a response
from the output layer, in each layer, all neurons must perform several operations and transfer data to the last
layer.

Accordingly, each neuron is 1 pixel of the picture. If we multiply the width of 48px by the height of 48px,
then we get the value 2304. Our input layer would have 2304 neurons and since each neuron in each layer is
interconnected, we would have many weighting factors. And this is not beneficial for us since it would require
a large amount of resources. Conversely, convolutional neural networks are limited by the number of weights.
And this has become the main reason for the success of the CNN in the recognition of large objects such as
pictures, audio, video, etc. Since our emotions are tensors (48x48 matrix), we used this method to train our
model.

To date, the best results in image recognition are obtained with their help. On average, the recognition
accuracy of such networks exceeds conventional perceptron by 10-15%. CNN is the core technology of Deep
Learning.

The main difference between a fully connected layer and a convolutional layer is the following: multilayer
perceptron layers study global patterns in the space of input features (for example, in the case of emotions from
the Kaggle set, these patterns involve all pixels), while convolutional layers study local patterns (Figure 2).

Input image Multilayer
perceptron

Convolution Relu Max-Pooling

Figure 2. Convolution operation

Input layer

The input data are gray images of the type JPEG, size 48x48 pixels. If the size is too large, the computational
complexity will increase, respectively, the restrictions on the response speed will be violated, the determination
of the size in this problem is solved by the selection method. If you select a size too small, then the network
will not be able to identify key signs of faces.

If you look at Figure 2, you can see that a picture with human emotions is a picture of only 1 channel
(48x48x1). The input layer takes into account the two-dimensional topology of the images and consists of one
map (matrices), the map can be one, if the image is presented in shades of gray, otherwise there are 3, where
each map corresponds to an image with a specific channel (red, blue and green).

The input data of each specific pixel value is normalized to a range from 0 to 1, according to the formula:
f (p, min, max) = &
max— min

where,
f —normalization function.
p — specific color value in pixels from 0 to 255.
min — minimum pixel value — 0.
max — maximum pixel value — 255.
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Convolutional layer

Convolution is applied to three-dimensional tensors, called feature maps, with two spatial axes (height and
width), as well as with the depth axis (or the axis of the channels). For black and white images, as in the Kaggle
dataset, the depth axis has a dimension of 1 (shades of gray). The collapse operation extracts patterns from its
input feature map and applies the same transformations to all patterns, producing an output feature map. The
size of the output card can be calculated using this formula:

(w,h)=mW —kW +1,mH —kH +1
where,
(w, h) — calculated convolution card size.
mW — width of previous map.
hW —height of previous map.
kW — core width.
kH — core height.

The core is a filter or a window that slides over the entire area of the previous map and finds certain signs
of objects. Since we trained the network on many faces in order to recognize human emotion, one of the cores
could give the greatest signal in the process of training in the mouth, eyebrow, eye and nose (Figure 3).

< o [1 (3]s [1]s

- 2 [20flo Jo [of1
o [1 [ ]2 ]2]s ~T1To
11[12]12] 12273 EERE

— o1z ]s5 [2]2
o[1]o0

0 [0 totetolo

Figure 3. The convolution operation and obtaining the value of the convolution card

The kernel glides over the previous map and performs the convolution operation and transfers the values to
the activation function, then, the characteristic maps are created (new matrix), the formula:

(f*g)Im.n]=2y | fIm—k,n—I]*g[k,I]
where,

f — source image matrix.
g — convolution core.

Relu was chosen as the activation function, since it does not lead to problems with attenuation or increasing
gradients. And also, for the hidden layers of the perceptron, we used Relu, and the output was Sigmoid.

f(s) = max(0,s) — activation function Relu.

The operation of this function is simple, as you can see this, the function displays 0 if the value passed to
the function is s < 0, and if s = 0 returns the same value.

Having performed the activation function, we transfer the resulting matrix to the subsample layer
(Figure 4).

The purpose of the layer is to reduce the dimension of the maps of the previous layer. If some signs were
already detected in the previous convolution operation, then such a detailed image is no longer needed for
further processing, and it is compressed to a less detailed one. In addition, filtering already unnecessary parts
helps not to retrain.

During scanning by the core of the subsample layer (filter) of the map of the previous layer, the scanning
core does not intersect, unlike the convolutional layer. Usually, each card has a 2x2 core, which allows you to
reduce the previous card convolution layer by 2 times.
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25 [12 3211
2 |55 |32 88| Max-Pooling(2x2) |55 | &8

22 135 |78 | 22 35 73
2312 |3 |1

Figure 4. Layer subsampling

In our problem, there will be 3 convolutional layers of 1 subsample layer for each and a multilayer
perceptron with 1 hidden layer.

As you can see after reducing the size, we transfer the reduced image size to the input of the multilayer
perceptron without losing important information.

After receiving the vector data, we carry out the training. The essence of training is to reduce the function
of loss. This is implemented using the backpropagation method. First, we find the exit error by the formula:

E=(d-y)°
where,

d — expected result.
y — output.

The output is calculated using the Sigmoid activation function. The sigmoid is expressed by the formula:

where,

n — number of neurons.

As we said above, in order for the network to work correctly, we must reduce losses. This is implemented
using the gradient descent method [7]. For this we will use the Adam optimizer [8, 9]
During the first experiment, we obtained results of loss and network accuracy (Figure 5a, Figure 5b):

Training and validation loss Model accuracy
L] ® Training loss 0.7071__ train
—— Validation loss Test
164 0.65
0.60
L4 0.55 s
2 ~
@ £ 0.50 4
E| 3
12 2 g.as 4
0.40 1
104 0.35
0.30
T T T T T T T T T T T T T T
0 5 10 15 20 25 30 [} 5 10 15 20 25 30
Epochs Epoch
Figure 5.

a) Losses on training and validation data in the 30" epochs.
b). Accuracy on training and validation data in the 30™" epochs

Increasing the number of epochs from 30 to 50, we got the following results (Figure 6a, Figure 6 b):
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Training and validation loss Model accuracy

LJ @ Training loss —— Train
— Validation loss 0.7 4 Test
1.6 1

0.6 -
1.4

1.0 1 0.4 1

0.8 4

0.3 4

Epochs Epoch

a) b)

Figure 6.
a) Losses on training and validation data in the 50" epochs.
b). Accuracy on training and validation data in the 50" epochs

Entrance training model we are faced with retraining. This term means that our network recognizes emotion
on the training data well, however, the accuracy on the validation data did not rise. Due to this, the method of
thinning (Dropout) was used.

Retraining is a problem for many neural networks. Due to fact that the network begins to memorize training
data, our network will begin to learn excessively. Any method that we use to prevent retraining is called the
regularization method.

One of these regularization methods is loss (thinning), which is used in deep networks by including drop-
down layers. This layer does not contain neurons; accordingly, it does not calculate anything. Instead, it
temporarily disconnects some neural from the previous layer. Such a layer will be temporarily active in the
learning process. When we use the network for prediction, the drop-down layer does not work.

Conclusion

During the study, we achieved 60% accuracy in recognizing human emotions on validating data. This is
not a bad result for not more data. By further increasing our data, we will improve prediction accuracy.

The given approach to automatic recognition of emotions can be effectively applied in various intelligent
human-machine systems.
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