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JIOIATOK A
CJIAVIIV IPE3EHTALIT

XapKiBCbKUU HAUIOHOAbHUU YHIBEpCUMEM PAgioeAeKMPOHIKU
AmecmauitHa poboma Mazicmpa

AOCAIQKEHHA MEMOQIB QAR PO3POBKU NPO2PAMHOI
CUCMEMU BU3HQYEHHS BEKMOPY HONPABAEHOCMI 06AUYYS
HQ 306PQXKEHHI

BukoHaB: cmygeHm 2pynu IM3m-18-2 Pakosa A. O.

KepiBHUK: npodeccop Binoyc H. B.

Pucynok A.1 — Cnaiin 1

Mema pobomu

% Aocaigumu Memogu BU3HQUEHHS
BEKMOPY HONPABAEHOCMI 06AUYYS.

R/
0’0

CmBopumu QO0QQMOK 3gamHul
BU3HQUYOMU NOAOXEHHSA 20A0BU AIOQUHU
QA BNPOBAQXKEHHA U020 y cucmemu
MOHIMOPUH2Y PYXIB.

Pucynox A.2 — Cnaiig 2



[TocmaHoBKa 3agaui

N : : : 2
%* gocaigumu icHyloui nigxogu Ma Memogu NOWyKy BeKmMopy

HANPSAMKY 06AUYYS;

%* exkcnepuMeHMaAbHO NepPeBiPUMU MOXAUBOCMI LUX MEMOQIB HQ

30 HGCmMmynHUMU KpumepiQMu: MOYHICMb BU3HOYEHHS BEKMOPY,
LUBUQKiCI"nb po6omu, MQKCUMQAbHUU Kym pO3ni3HOBOHH9',

S , ; :
%* cmBopumu goOgOMOK QASl PO3NI3HOBOHHA MQ NEepPEeBIPKU PYXiB

20AOBU  AIOQUHU 3  BUKOPUCMOHHSAM  0BPQHO20  cepeg
QOCAIgKeHUX BapiaHMIB MEMOQy.

Pucynok A.3 — Craiin 3

Cnocobu onucy
HaNPAMy 0BAUYYS

[ToAOKeHHS KGMepu
BigHOCHO 2cOAOBU

Mompebye 3HAXOQXKEHHSA
nepeMiweHHa ma obepmy KamMepu Pre.
BiQHOCHO 20A0BU AKOQUHU.

Pucynok A.4 — Crnaiin 4



Cnocobu onucy
HaNnPaMy 0bAUYYS

BigxuAneHHa 20A0OBU BIQ
NOAOXEHHSA aHdQC

Kym HQ akud 20A0OBQ
BIQXUAGEMbBCA  BiQ NOAOXEHHS
aHPAC 30 MPLOMA HACMYNHUMU
HaNPAMKAaMU:

% pitch (HoxuA BHU3 / B2OpY)

roll  (HaxuA go AiBoz2o [/
NEQOBO20 NAEYQ)

% yaw (hoBopom).

o
%

*

Pucynoxk A.5 — Cnaiig 5

Kinect

Bukopucmosytouu Kinect, MOXXHQ BU3HOYOMU MiCUE3HOXOQKEHHS
MOYOK 3YAEHYBOHHS AKOQCbKO20 ckeAnema. Kinect € BIgMiHHUM
BOPIQHMOM QA PO3NI3HOBOHHSA HANPESMYy O0BAUYYA  AKOQUHU,
HOKAQQQAKOMbCH

OQHQOK HQ BUKOPUCMAQHHS  Ui€i
HACMYNHiI OOMEeXeHHS:

% KOMepa MOXe OgQHOYQCHO Bigcme»(yBomu He BiAnbwe wecmu

Atogeu

% KOMepy HEMOXAUBO BUKOpUCMOBYBOMU HQ BingumOMy

noBimpEI

Pucynok A.6 — Cnaiin 6

mexHoAOo2iT
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[ligkoQu QO BU3HQUYEHHA BEKMOPY HONPAMY 0OAUYYS

Memogu 3QCHOBQHI HQ Memogu, wo 6a3yiombea HQ
CNIBCMAQBAEHHI  OpieHMUPIB BUKOPUCMOQHHI HeUPOHHUX
06AUYYS 3 MOQEAAID. Mepex ma OouiHKmMb No3y

20A0BU 30 30BHIWHICMIO.

3D

Pucynok A.7 — Crnaiin 7

O6paHi Memogu

o

» Landmark-based method - HaoAeXumb QO MemogQiB, WO
6Q3ytombCca HQ CNIBCMQABAEHHI MOQeAi 3 OpiEHMUPAOMU HQ
QBOMIPHOMY 306PQXKEHHI.

R/
0.0

FSA-Net € npegcmaBHUKOM MemogQy pPezpecii  ma
BUKOPUCMOBYE NAQBHY CmyniHYamy pez2pecilHy cxemy.

% ResNetdS0 noegHye kaacudikayilHUl ma pezpecilHul Nigxig

OoAd CMBOPEHHA CNN dgKka BU3HQUYQE NOAOXKEHHS 20A0OBU 6€3
NnoNnepegHLBLO20 3HOXOQXKEHHA ONOPHUX MOYOK.

Pucynok A.8 — Cnaiin 8



BukopucmaHi gamacemu

BIWI 300W-LP AFLW?2000

Pucynok A.9 — Cnaiin 9

PozaagaHymi paoHiwe Memogu OyAUu QOCAIQXKeHi 3Q

HaQCMyNnHUMU NOKAQ3HUKOMU:

% MOouYHicmb pobomu Memogy;
< WBUQKicMb pobomu;

%  MOKCUMQAbHUU Kym pO3Ni3HABAHHS.

Pucynox A.10 — Cnaiin 10

44



PesayAbmamu nepeBipKU MOYHOCMI MEMOQIB

BIWI dataset

Yaw Pach Rotl

MAE

mLandmark detector based

AFLW2000 ompumaHul vy
PEeaAbHUX YMOBQX, ge
OCBIMAEHHS, po3MuUMicMb Ma
gKicCmb  300PQXEHHS  QyXe
PI3HI.

B ResNet 50 m FSA-Net

BIWI ompuMaHuU B
AQBOPOMOPHUX YMOBOQX,
MOMy 300PQXEeHHS Mamb
OQHQOKOBE OCBIMAEHHS mMAa
gocumb xopouwly aKicme.

AFLW2000 dataset

Yaw Pitch Roll

MAE

mlandmark detectorbased ®ResNetS0 m FSA-Net

Pucynok A.11 — Cnaiig 11

PesyAbmamu nepeBipKU WBUQKOCMI MEMOQIB

Ne Hazga MmeTomy CepeHA MBIIKICTH BIKOHAHHA
1 Landmark-based detector 75 Mc

2 ResNet 50 105 mc

3 FSA-Net 133 mc

Pucynok A.12 — Cnaiig 12
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PesyAbmamu nepeBipKU MOKCUMOABHO20 Kymy

PO3NI3HOBAHHS

MaKcumanbHUm KyT

Yaw

Pitch Roil

mLandmark detectorbased M ResNet50 ® FSA-Net

Pucynox A.13 — Cnaiin 13

[Tpo2paMHQ peaAi3auis gogamKy 3 BIQCMeEXeHHS

PYXiB 20A0BU AHOQUHU

Pucynox A.14 — Cnaiig 14
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BucHoBKU

*,
0.0

®,
0.0

3a pe3yAbmamaMu gOCAIQKEHHA MEMOQU 3QCHOBAQHI HQ pezpecii NOKA3aAU
3HOYHO KPAWY MOYHICMb MQa HE3AQAEXHICMb MOYHOCMI Big OCBIMAEHHSA MAa
4OCMKOBOI 3aKpUMOCMi 06AUYYS.

Bci Memogu, a B ocobauBocmi Memog 3aCHOBAHUU HQ ONOPHUX MOYKAX
NOKQ3QAU NOIPWEHHSA B PO3NISHOBOHHI 2PAHUYHUX KymMIiB Yepe3 HEe3HAQYHY
BigMiHHICMb Xapakmepucmuk 0bAUYYSA.

AOCAIQKEHHA NOKA3YE, WO MemMOQu 3HAXOQXEHHS NO3U 20A0BU AKOQUHU
MOXYyMb KOHKYPYBOMU 3Q MOYHICMIO 3 MemogaMu, €Ki 3QCHOBQHI Ha
BUKOPUCMAQHHI 2AUBUHHUX gamuukiB. lMpu upoMy Memogu pobomu 3
npocmuM RGB 306paxeHHAM Malomb 3HQUYHO MeHWe oBMexeHb 3a MicueM

BUKOPUCMAQAHHA.

Pucynok A.15 — Crnaiin 15

[TuMAHHA QAR NOQAALUWO20 QOCAIQKEHHS

o
°o

*,
°n

*,
L 4

36iAbWEHHS QiaNA30HY KymMiB HO SKOMYy Memogu 3HAXOQXKEHHS

BEKMOPY 3gOMHi hpauytosamu

OnmuMizayia aAzopuMMIiB MEMOQIB, WO 3QCHOBAOHI HO pezpeci,
QA NOKPQWEHHS  NOKA3HUKIB  WBUQKOCMI 3  Memoto

BUKOPUCMAQHHSA QAZ0PUMMIB Y PEXUMI PEQABHO20 Yacy

IHMezpauis QogamKy BIQCMEXEHHS PYXiB 20A0BU AKOQUHU Y

KOMNAEKCHiI cucmeMu MOHIMOPUH2y PyXiB

Pucynox A.16 — Cnaiin 16



JIOJATOK B
JICTAHT KOJIY

def check_pivot(cur_result, two_last):
return two_last is not None and two_last[@] is not None
and (is_pivot_point(cur_result, two_last, @)
or is_pivot_point{cur_result, two_last, 1)

or is_pivot_point(cur_result, two_last, 2))

def pivot_matches(pivot_point, points_file):

line = points_file.readline()

if line:
lines = line.split()
print(line)
yaw = float(lines[8]) - pivot_point[8]
pitch = float(lines[1]) - pivot_point[1]
roll = float(lines[2]) - pivot_point[2]
if abs(yaw) < 10 and abs(pitch) < 18 and abs(roll) < 18:
return [8, O, @]
else:
return [yaw, pitch, roll]
else:

return None

def draw_cursor(img, yaw, pitch, roll, size = 78):
pitch = pitch * np.pi / 188
yaw = -(yaw ¥ np.pi / 18@)
roll = roll * np.pi / 180

height, width = img.shape[:2]
tdx = width / 2
tdy height / 2

%1 = size * (cos(yaw) * cos(roll)) + tdx

vyl = size * (cos(pitch) * sin(roll) + cos(roll)} * sin(pitch) * sin(yaw)) + tdy

%2 = size * (-cosf{yaw) * sin(roll)) + tdx

v2 = size * (cos(pitch) * cos(roll) - sin(pitch) * sin(yaw) * sin(roll)) + tdy

®x3 = size * (sin(yaw)) + tdx

y3 = size * (-cosf{yaw) * sin(pitch)) + tdy

x4 = size ¥ (sin(roll)) + tdx
yd = tdy

cv2.arrowedline(img, (int(tdx), int(tdy)), (int(x3), int(y3)), (@, 255, @), 2)
cv2.arrowedline(img, (int(tdx), int(tdy)), (int(x4), int(y4}), (255, @, @), 2)

return img
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Abstract

Context. The direction of the human face vector is an indicator of human aftention. It has many applications in our
daily lives, such as human-computar intaraction, teleconferencing, virtual reality and 2D sound rendering. Bloreowver,
datermining the position of the head can be used 0 compare the exercizes performed by a person with a certain
standard. Depth-camera based systams have significant drawhbacks such as accuracy decreasing on the direct sunlight
and necessity of additional equipment. The recognition from the two-dimensional image becomas more widespread and
eliminates difficulties related to depth cameras which allows them to be used indoors and outdoors.

Objective. Tha purpose of this work it to investigate methods of detarmining tha orientation of the face vector for
developing a human motion tracking application.

Methods. Thiz paper investigates and compares axisting methods for determining the vector of the face i terms of
obeerving many people at the sama time. Particular attention i3 paid to the methods proposed in the last 3 years, which
are bated on the comparison of a three-dimensional model with a two-dimensional projection and the creation of

regression CIMM model

Eesults. According to the rasults of the study, regression-based methods showed significantly better accuracy and

indepandence from light and partial face closure.

Concluzions. Fetearch shows that methods of finding a person's haad postura by two-dimensional image can
compate with accuracy of methods based on the use of depth sensors. Bloreover, methods working with a simple RGE

image have far fewer restrictions on tha place of use.

Kevwords: Face orientation vectar, recognition, deap learning, convalutional naural natwork.

Abbreviations
CINM it a convalutienal nearal natwaork,
FPS 13 2 Framas per Second;
MAE is a Mean absolute arror;
PAM iz a parameterized appearance modals;
RGED is F.GB image with depth information.

Nomenclature
a;, f= I o is a value of the angle on the i-th frame;
(£ €, is & focal center,
. 1= 1,mn i3 an absolute error;
F, and f_focal lengths in the x and v directions;
k iz a flexibility degree,
M is an amount of obsarvations in experiment;
nf = L9 are elemeants of the rotation vector;
Fo0 = L3 are elements of camera translation vector,
L, I, W are the position of the object in threa-
dimensional space;
X, ¥ are the coordinates of the points in the image;
X b= L n i the real value,
Yo = 1 ds the predicted value,

Introduction

Human face direction as a part of entire body pose
datermines positioning in exact time fame. Which means
that saquence of face vectars it a move, thus ability to
datect human face vector allows us to determine the
accuracy of the exercises, which in turn is useful for
rehabilitation institutions, fitness centers, enteriainment
facilities.

In recent years, methods for recognizing the face, its
individual parts and looks have evolved in several
different directions. In order to recognize human
movement i games, the Kinect optical system was
developed, which has gained popularity due to its high
recognition accuracy. But this system has significant
restrictions on use, such as the maximuom nuomber of
people in the image and the inability to use it in direct
sunlight. In parallel, a different direction of recognition
was developed from two-dimensional images without the
use of dapth sensors. Thiz area iz alio divided into
different methods, but in recent years, CINMN-based
metheds have shown the best results in accuracy and
speed of image analysis,

Different approaches to determining the vector of face
rotation use different metrics. There are two mais ways to
express the position of the head: the positon of the
Camiera relative to the head, the deviation of the head from
the position full face.

In & compuater vision, position of the object means its
relative oriantation and camera position. You can change
the pote by moving the subject relative to the camera or
the camera relative to the subject. If we want to express
the position of the head so that the goal is to find the pose
of the object when we have a calibrated camera and we
know the location of n 3D points on the object and the
corresponding 10D projections in the imaga.

A 3D hard object has only two types of camera
movement, Translation - moving the camera from its
current 30 location (X, ¥, Z) to a new 3D location (X ',
T, Z " is called a broadcast. As you can see, the
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translation has 3 degress of freedom - yvou can move in
the X, ¥ or £ direction. The translation is representad by
a vector equal to (X -3, V' -V, Z'-I). You can also
rotate the camera around the X, Y, and £ axes. Therefore,
rotation zlso has three degrees of feedom. You can
rapresent it using the Euler angles (tarn, step and slopal,
the 3 x 3 rotation matriz, or the direction of rotation (ie
the axiz) and angla.

To calculate the 30 position of an object in an image,
vou nead the following mformation:

- 1D coordinates of multiple points. You need to
position multipls points on the image (Fig. 1). In the case
of the face, you can choose the corners of the eyes, tha tip
of the nosa, the comers of the mouth, atc.

Figure 1 - Matching dots on 2D and 3D

= 3D locations of the same points. You need three-
dimenzional multi-point placements in an arbitrary frame.
Simce it is not possible to obtain an accurate three-
dimenzional model of any head from a single image, a
generalized human head model is used.

Indicators that determine the position of the head
when using the second way of expressing the position is
the angle at which the head deviate: from the fromtal
position in the following three diractions: pitch, roll, vaw
(Fig. 1. While the first method iz suitzble for determining
the position of any object relative to the camera, the
second method can only be used to determine the position
of the head. Usoally the second method is uzed in
methods that are based on the creation of a CWM model.

Figure 2 - Head rotation diractions.

Ome of the well-known technologies that play a crucial
role in datermining human postures and head postures is
the Kinect camera devalopad by Microsoft. The Kinect
camera has a clear advantage over other 3D cameras,
because it gets more accurate dapth information and

works fast enough. Uzing Kinect, you can track up to six
people at 2 time, as well a3 get motion analysis with an
extraction function that allows you to datermine the
lecations of the articulation points of the homan skeleton.
Extremely useful indoors, it cannot be used cutdoors
because the infrared depth 2anzor is extremely sensitive to
sunlight. Mlethods based on the uze of information
obtzined with the help of depth sensors allow to achieve
accuracy in which the deviation from the real data is no
maore than two degrees [1].

The limitations on using Kinect, force us to look for
ways to recognize a perzon's head bazed on 3 two-
dimenszionzl image of an RGE camera. Historically, there
have heen zevaral basic approaches to face modeling:
discriminatory, oriented approaches, and parameterized
appearance models, or PAR. Fegardless of the approach
chosen, each method uses a face detector to obtain a
region of the face image that will be further analyzed.
Thera are several approaches to the problem of face
recognition, some based on the implementation of the
Viola-Jones algorithem [I], the wavelet ransform [3], or
the principal component mathod.

1 Froblem statement

Easad on the study of existing systems: and methods
that perform the definiton of the face vector on the
images, wea can describe some reguiremsnts for the
constraction of a system that will allow usz to recognize
and compare the pasture of the human head in the image
and streaming video.

The main criterion by which existing methods should
be compared is the accuracy of vector calculation and the
stability of operation in different lighting conditions and
video quality. Also, the distance to a person should not
affect the quality of the definition of the vector az well az
gender, age, the pretence of glasses or unusual hairstyles.
Consideration should also be givem to the results of
different methods in the case of partial covering of the
face by another body part or hair.

A gystem that monitors many peopla at the same time
in real time has some requirements for image processing
tpead. So the world standard of the frame rate iz 14
frames per second, that i3, the processing speed of one
frame should be zpproximately 40 ms. Thiz will maka it
possible to compare as guoickly as possible the fast
movements most often observed in sports.

If the above raquirements are not met, the system
cannot be considered as gualitative and nead: to be
refined or to find new appreaches of solving the problem.

1 Review of the literature

In recent years, methods that directly take ID (face
landmark) face points using desp learning tools appeared
[4]. They have become dominant zpproache: to the
analyszis of face rotation due to their flexibility and
resistance to extrema posture changes.

Facently, rasearche: that use deep neural nstwork:
became leaders in the accuracy of the evaluation of head
postures. J. Park and 5. Kwon used desp neural networks
such a3 Lenet to evaluate comtinuous head postura [3].
Massimiliano and Angelo explored the rale of adaptive
Eradient mathods for improving CININ performance in the
evaluation of head postures [§]. The above works build
thair core unit using less than five collapsible layers and
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extract more expressive festures Fom the training
datazets. Eumear et 3l modified the Googlellat
architecture to jointly predict facizl landmarks snd head
posturas. ¥u et al. adapted the global and local CIH
facial feztures for coarse-to-fine head posture evaluation.
They used the global natworks to predict the origmal head
posture and the local networks to update the postures
gocording to the correat form. B, Huang et al coeated a
method of estimating head postures wsing two-stage
groups with averaged top-k regression [7].

3 Materials and methods

Face landmark bazed methods that detect relative to
camera head position are guoite widespread and are
commonly used with face-landmark detactors [B,9]. The
search of the pose iz performed by determining the
distortion applied to the 3D model. To achieve this, a
landmark detector need: to find dozens of dots on the
face, such 2z mouth corners, eve corners, jaw silhousttes,
and more. Many algorithmz have besn developed and
implamented in  OpenCV. Identifying 3 perzon's
lzndmarks beginz with identifying the person: i the
image and their extents (bounding box). The fastest and
eaziest way 1o detect faces in OpeaCW iz still to uze the
associated  cascade  classifiers  usmg  the ov
CascadeClazsifer class provided in the core moduls. The
tag detector will work around the detected mdividuals,
starting from the bounding box.

Omca we zaf the landmarks on the face, we can try to
datermine the direction of the face. 2D face orientztions
esgentially correspond to the shaps of the head. Therafore,
in view of the three-dimensional model of the human
head, we can find approximate corresponding three-
dimenzional points for a mumber of faces (1).

Xy fo O exv/Mm f2omy Gy [
{_1-: :(n f, rj.)['f; T I“) (n

1/ o 0 ] Fiu Ta ] £ '1

In the abowe formulz U, V, W are the poszition of the
object m three-dimensional space, and x, v are the
coordinates of the points in the image, f, and f focal
lengths in the x and ¥ directions, £, and c, are focal

center, v, are element: of the rotation vector, r, are

elements of camera translation vector. OpenCV provides
implamentation for finding retation and moving with its
cib :: solvePnP functions calib3d module.

Smece the general model iz commonly uzed, this can
lead to position recognition errors in case of zignificant
differances between the test subjects' head and the model.
Another problem in the application of this method
dapends on the accuracy of datermining the anchor points
of the individual. If 2 significant part of the poimts is
abzent, it i= impossible to calculate the coordinates of the
head.

The newest amd more advanced methods of
datermining the posture of the head are methods bazed on
the training of neural networks. Face detectors are trained
on images of a person with different discrete poses and
combine the output: of a nomber of classifiers. Thesa
enisting methods of estimating head postures are usually
taught based on the claszification of bin-pozes or
regressipn in one pose. Classification-based method: are

performed by comparing the image with the label: of
discrete poses, while regression-based methods directly
output vahies of contimuous postare. However, these
methods are unlikely to nse classification and regression
loss at the same tima. Classification-based methods are
more robust to changes in non-ideal conditions. Their
labals are true, accepting angular intervals (usually greater
than 10 ®), so the comresponding labels are a bonleneck for
frther improving accuracy. Fesression-based methods
may more accurately predict head posmre, but their
effectivensss depends on the initial head poszition and
varigtions in head postare, and perform poorly in non-
ideal conditions.

Nonlinear regreszion methods uss a training set to
create nonlinear mapping from images to poses, and T
iz part of thess methods. Becanss CHMs have the ability
to reduce size and extract feamres sutomatically, they
have achieved good results in various areas. The use of
CMI haz gzreatly improved the acooracy of head
estimation, but  excellent performance i only
demonstrated in the same type of imzge: and conditions
that are found in the training set dus to the mtense
owverload of the training set.

FEA-Met [10] iz representative of the regression
method and uses 3 smooth stepped regression schame
Existing methods of finction sggregation process the
input data az 3 set of features and thus ignore their spatial
relation on the featore map. The method offers 2 fine-
egrained mapping of the structore for spatizl grouping of
features before aggregation.

FE5A-Met performs spatial grouping of features bhefore
submitting them to the aggregation process. The
developers of this method claim that due to this methad
they achieve accuracy that exceeds the capabilitiss of
systems based on FGED image processing, that is,
images from cameras with depth zenzors.

FasMetid [11] combines a classification and
regrassion approach to create a CMIT that determines the
position of the head without first finding anchor points.
The FesMet30 uses three separate lozszes, one for each
comer. Each loss is a combinztion of two components: 2
classified postore and a regression componsnt Ay
network can be used and complemented by three fully
connected layers that predict angles.

The idea behind this approach is that, uzing the
classification, a softmax layver and cross-entrapy are used,
thus the network learns to clearly predict the adjacent
posture. With three cross entropy losszas, one for each
Euler angle, we have thrae siznals that are transmitted to
the network to enhance lezmming. In order to get claarar
forecasts, the expectation of each owtput angls for the
resulting output class iz calculated.

Then, regreszion losses are added to the network,
namealy the mean square error losz to improve the
forecasts. There are three terminal losses, one at each
angla, and each iz 2 linear combinztion of both the
corresponding classification and the regression losses.

In order to maks progres: in the prediction of image
intensities, we need to find real datasets that contain
accurate postare annotations, multiple images of different
people, differant lighting conditions, and a siznificant
wvariety of poses. We identify two very differant datasets
that meet these requiraments.
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The BIWT dataset [12] is collected in the laboratory by
recording RGB-D videos of different people with
different head postures using a Kinect v2 device. It
contains approximately 15,000 frames and rotation angles
of = 75 * for yaw, & 60+ for pitch and # 50« for roll. This
dataset is commonly used as a benchmark for estimating
postures using depth methods, which confirms the
accuracy of their labels. Examples of images from the
BIWI dataset are shown in figure 3,

Figure 3 - An example from a BIWI dataset.

Another 300W-LP data set [13] is a 300W extension
that standardizes multiple alignment databases with 68
landmarks, including AFW, LFPW, HELEN, IBUG, and
XM2VTS. This dataset offers synthetically advanced data
to prepare landmark models. This is a collection of
popular twvo-dimensional datasets that bave been grouped
and re-annotated.

A face model is created for each image, and the image
is distorted to change the rotation of the face, allowing us
to create many poses from the front face. Synthetics of the
set make it possible to create images with different values
of deviation in all three directions and at the same time to
receive the most accurate marks, which significantly
affects the quality of the trained CNN models.

We propose to use head direction estimation methods
to track head pose in real time. Considering the possible
methods of comparison of head positions, two methods
ware identified. frame-by-frame comparison, comparison
of reference points. The first method is much simpler in
terms of implementation, but it has significant drawbacks,
First, the accuracy of this method depends on the speed of
the face vector search method, if this speed is more than
40 ma (interval between frames when recording FPS 24
video), then some frames will be skipped, which will lead
to a false negative scenario. Also, the person performing
the exercises can change the pace of movement,
Therefore, the fact of performing the exercise should not
be associated with time.

The reference point method simplifies the process of
recording the reference exercise, because from now we do
not have to record every position of the head, but only
those positions in which the movement changes direction.
This method wacks the vector by which the face moves in
time, Since the vector of the head can be represented as
h = (r,p.y), where r is the angle of the head along the z
axis, p is the angle of the head along the x axis, y is the
angle of the head along the y axis, the reference point is a
head direction vector in which the way it flows changes
its direction. The reference point can be found by the
following formula,

k< hll-'anll’;'ﬂl'-laq-]l (2)

Where a is the value of the angle on the i frame and £
is a flexibility degree. If the inequality holds for at least
one of the metrics, the position is stored as a reference
point. Flexibility degree is needed to avoid recording
reference points caused by variations in vector estimation.

4 Experiments

The methods discussed earlier were investigated by
the following criterias:

- accuracy of the method;

- speed of work;

- maximal recognition angle.

The accuracy of the method of determining the
position of the head is usually calculated in MAE (Mean
absolute ervor). In statistics, the mean absolute error
(MAE) is a measure of the difference between two
continuous variables. Consider the scatter plot of x points
where point { has coordinates (x{ y¢). Mean absolute error
(MAE) is the average vertical distance between each point
and an identical line. MAE is also the average horizontal
distance between each point and an identical line. MAE ia
given by the following formula:

. Bo‘l'_"'t v - ZI‘-;IO;I
n

n

MAE 3)

Mean absolute error is the mean value of absolute
errors |e,| = |y, = x|, where y, is the predicted value and
X, is the real value, n is amount of observations.

The experiment was performed using two different
datasets: BIWI, AFLW2000,

Speed was tested on frames obtained fom a
conventional camera with FPS 24, The calculations were
performed using an Intel core i7 processor, RAM 16Gb.

The maximum recognition angle was investigated
using a BIWI data set containing approximately 15,000
frames, and rotation angles = 75 * for vaw, = 60+ for pitch
and = 50+ for roll.

After the desired mathod was found we performed the
experiment on flexibility degree to determine the most
appropriate value that will help us to reduce amount of
false reference points but not skip relevant points.
Considered flexibility degrees were in interval between 1
and 2 degrees with step of 0.25,

§ Results
Experiments mentioned above exposed next results,
Comparisons of the main yaw, pitch, roll, and mean ervor
values when using the BIWT data set are presented in
figure 4.

:l I
(

®Landmark detector based W ResNet 50 = FSANat

W dataset
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Yaw "eh WAl

Figure 4 - The results experiment using BIWI dataset
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The same experiment was performed with the
AFLW2000 data set (Fig. 5). The main difference
batween these datasets is that BIWT is a laboratory-made
data set, 10 the images have the rame {llumination and
good quality. AFLW2000 [14] is a real-time data set
where the brightness, blurring and image quality are very
different.

AFLW 2000 dataset

X I
" Hue Ban Buw ll-

Yow acy Nt MAL

O Landmark detector based B esNet 50 W FSA Nt

Figure § - The results experiment using AFLW2000
datasat

Speed test was performed under the same
circumstances using same pictures for each method. The
rate of calculation of postures for one frame and one face

in the frame is shown in Table 1.
Table 1 - Speed test
Ne | Method Average execution speed
1 | Landmark-based detector | 75 mas
2 | ResNet 50 )5 ma
3 | FSA-Nat 3 ma

The results of the accuracy of angle recognition
depending on its value are shown in figure 6.

Maximal angle
o
Yaw Prech moll
B Landmerk delecior besed B ReNeL 50 mFSA-N

Figure 6 = Maximal angles of recognition

This coefficient was tested by next indicators: parcent
of correctly detected points, extra points.

lexibility degres
wo > - .
. P—— ".‘
ke 5 Al 0 k
o et oty ) gl poiniy
Figure 7 - Flexibility degree test results

6 Discussions

The data obtained during the experiment shows that
methods that are not based on the search for key points
show quite good results, even on the AFLW2000 dataset
The average error for the landmark-based method is 15.8,
whick means an error of 15.8 *. While ResNet 50 and
FSA-Net allow for accuracy of 64 * and 42 °*
respectively. This leads us to believe that the potential of
CNN-based methods is higher than key point methods.

Based on the results we have obtained during the
speed test, the most accurate FSA-Net method shows the
worst result of 133 ms, which is 3 times higher than the
desired processing speed of 40 my. If we use this method,
we will be able to compare every fourth frame in the
video. Such a low speed is due to the large number of
image processing steps and is highly dependent on the
speed of the face detector, which no method can do
without.

All methods almost equally well recognize all
available angles of the dataset. However, the landmark-
based method showed the least accurate recognition of the
difference between the boundary angles, whick is due to
the hidden part of the reference points when turning the
head. For landmark-based maethods, the lack of a large
part of the points due to overlapping of the face with other
parts of the body or the headpiece makes it impossible o
determine the angle.

According to the research, algorithms that are not
based on facial landmark have shown much baetter
accuracy results, especially on a real-time and poor
lighting conditions. The 2* difference for the
classification regression models is a very important step
in improving the accuracy of face vector recoguition.
FSA-Net, which delivers 98.8% accuracy (based on an
arror of 4.2* from 360 *), is the best candidate today for
use i human head monitoring systems,

A method proposed to determine reference points
shown that with flexibility degree close to 1* $5% of all
reference points are detected but too many extra points
are recorded because of variations in head vector
estimation. With flexibility degree equal to 1.25 or 1.5
accuracy stays the same while amount of extra points
decreases. These values must be considered as most

appropriate.

Conclusions

According to the results of the study, regression-based
maethods showed significantly better accuracy and
independence of accuracy from light and partial face
closure. All methods, and in particular the method based
on reference points showed detericration in the
recognition of boundary angles due to the slight
difference in the characteristics of the face. This i a
window for the possible improvement of the method of
operation in the conditions of tracking the person turned
10 the camera at an angle greater than 70 °,

Significant optimization requires the speed of the
FSA-Net method because at it works 2 times more slowly
than landmark-based. Because the process of determining
the posture of the head is multi-step, optimization can be
performed both in the step of finding faces in the image,
using faster detectors, and in the step of finding poses.

Also further optimization is required by reference
points search algorithm to decrease amount of extra points
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which don't make algorithm less sccurate but need more
ipace to hold exercise moves.

Feiearch shows that methods of finding a person's
head posture can compats with accuracy based on the use
of depth penscrs. However, mathods of working with a
simpls ROB image bave far fewar restrictions on the
placa of use,
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JoCTDEEHHA METOTIB AT PO3POOKH MPOrPaMHOi CHCTEMH BH3HAYEHHA BEKTOPY
HaNpaBIeHoCT! OOMHIHA Ha 300paKeHH

Paxoma A. O, - crymeswr xadexpr nporpamel Dexemepil, Mapxizceemit mamicwmamsmmli  vRizepoRTET

pazioenerTpoRing, Xapxie, Yepaixa

Bizoye H. B. - xasn. Texn Wayve, Jouewt, npodecep kadeapn mporpasnol imcenepli, Napriscsuml samionans

viieepcirer pasioenexrporicn, Xapkis, Yepalna,

Amoramia

Axvyansmicrs. Hampasiox Bexropy moackkoro ofmmerex, il € IRIERATOPOM VEATE mROZMERE, e Gexmiv
JACTOCYRAHE B HAMIOMY OOBCAIKIEHMOMY EHTTL, TAEHX IK BISeMOTIE MOTEHE 3 KOMOOTEpOM, Tensxontepesuil
sipryansna peamsmicts | 3D - peraepiar 1eviy, Taxom BEHIRATENAT DONCKEHRE FONOEN Moze SyTH BEEOPMCTIRD SR
NOpPIEEANAT ENEOHYEINID: 130 THHOM BIPAE 3 NEEHIDE 8TATOHOMNE.

CHcTeME Hi OCHOE] rAMSMNHNN KAMED MLOTH CYTTCEL HEZOMIKH, Taxi IX IMICKENEI TOMHOCT B jamexmocti mig
NPIMOTO COHTMHOTG CEITNA Ta Hesbriamicts JogatEoEoro oSnammamms. PormiINaEimnt JEOEMMIPROTO ofpamemnt
safyeaer Bce Glusimoro DOMIMPENAT T3 YCYEAE TPYOHOIN, mop't:ami @ rousSidloEne KAMepaMM, DO JOSEQONIC
BHECPHCTOEYEATH X ¥ mpsngimensi 7a ®a BigEpsTOMy DoRiTRL,

Mera. Mers mamol pofoTh - JOCTIINTHE METOSH EEINITENET opienTam] EexTops ofmmmen anx polpols nporpass

BIACTEREHNT PYRY IO THIH.
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Merogn. ¥ ui poforl RocrimeyoTsct Ta MopIEMOIOTHCE (CHYION], METOZN BRIKITENRT EexTopa ofmers 3 TowEn
10PY COOCTEpEEENRE 34 SaraTema moasum ognotacks. Ocofmues YEAra NPHILTICTRCE METOIAM, JAOPOOOHORANIDY 21
ocrammi 3 poxn, Axi GaIvieTRCE HA TmOpIEKAINE TREEEMipHOl MoZeni 3 SECEMMIPHON TPOGEOIO0 T CTEOpRNE]
parpaciied sozeni CHM.

PerviauTaTh. 31 peIvAMTATAME SOCTUDKGWNS, perpeciiiin MeTomM MOKIZANM INAWHO EpAOTY TOWMICTR TA
HEJATREHICTS BIT CEITHS T4 TACTROROTO 3AXpuTTR ofmirres.

Bucwonkn. JocnmiTeamss DOKAIVIOTH, MO MATOIH NOMVEY HAOPEMEY OSMETHIE MOIMIGE 34 JROMIpIMAM
10SPLKENEEM MOEVTh KOHKYPVEATH 38 TOMEICTIO 3 MATOSAME HI ocHoml mmxopmcTamnz Tatemxis romSmme Oxpiu
Tora, METomE pofors i3 opocras ROB -100pLei et M0 Th INATHD seNrl oS CXeNiT Mog0 MICRT ERKOPHCTANNT,

Kmewoni cmona: Beerop manpagnencct ofmowes, posmismazansy, rmefoks WAEwamms, iroprrona mefipomma

BEdpEA,

YK 004,83

Heenegopanue MeTOJ0B J714 paspadoTKH MporpaMmMHOf CHCTEMEL ONpeaeIeHHs
BEKTOPA HANPABIEHHOCTH JTHIA HA H300pLKeHHH

Pasoms A. 0. - cTVIENT Eadegps mporpaseamodl mwxemepsn, Xaphkomckmll NAMEORATRMEIE YHEERPCHTET
PAnMOATEXTPONRAKE, NAPKEOE, Y KPR,

Benoye H. B, - xamg. vmexm. Waye, momewst, npodeccop xadenaps mporpausimodl soveemepmm, Napacocm
HALMOHANEHAIE VIIERpCHTET PATHOsnRKTpONIONY, Mapsxos, YEpamea.

Annoramun

ARTYAIRROCTE, HITPIRTEHNEE EEETOPL WEIOREMECKOTO [HLA, EOTOPOR IEMGATCE HMINKATOPOM EHIDIANIET
WENOREED, MMERT MHOKECTEO mpHEMenennit & wamell nopcegHEEROM MMINM, TAENX EAK EjamuogeficTESN Wenomena c
EOMMLICTEPOM, TETEEONGEPERNINE, EHPTVAMLNAT PeamsocTs ¥ 3D - pemmepinr Eved, TOCKE OOpeTeTesE:
MOMOKEHNT FOMOER Modmer OwTH MCOOMBIOBANG IMH CPIEHEHMN ERIMOMHISNME WenOBEKOM VEPLKHeRM ©
OTPESRTERNEIM STATOROM,

CHCTEMED HA ocHOB® PUvOMHNME KAMep HMEIOT CYMIECTEEHHME HEZOCTATEHE, TAKHEE KIX CHICKEHIE TOMMOCTH O0J
MpAOMBIM COMHEMHMM cEETOM B HeoSxommtocTs Jomommmremsmero ofopvmomamms. PacnormaEINME JEVMEPHOTO
wrofpakenns momywaer Ece SonMmes PACTPOCTPANENNE H VCTPARIET TPYSHOCTH, CEDMAKEME ¢ rIvORKEMME
RAMEPIME, WTO NOIBOMAET HCMONBIOEITE M B MOMEIIEHNN B H3 OTXPLITOM EOIEVER,

Heas. Uens mawsod paSors: - BCCTRZOEATE METONE ONpPESETEHNS OpHENTANH FeKTopd mHma amx paspaborim
RpOrpasULl 0 TEIEEHEAHNT TEICKERIT TeN0RaK,

Merogs, B sroil pafiore Mocnezyniorcs  CPAENMELOTCA CVIMECTEVIOUINE METOSM ONPEIETENET BEXTOPS THOA C
TOMKH IpEREE HAOMODENET 14 MHOTEME MOIZRMH OoINOEpeMemmo. Ocofos ERNMAWME VIEMWETCE METOTAM,
CPEANCKERNEIM 33 MOCTETHEE 3 rogl, OCHOEAHEKE K3 CPAENENIN TPEXMEpHON MOZEMN ¢ JEVMEpHORE mpoexmmei n
COTTANME perpeccromnod soaens CHN,

Pexvawrarst, [To pesyisrarass HOCIESOBANEA, PECPECCHOHNEE METOE TOKIIATH IHANMTEIRHO TYHLEIYID TOMHOCTE
¥ HEJAEMCHMOCTS OT CEATE M YACTHUROTO SaXPEITIEE THOA,

Buinogst. MHecnezoBamss DoRaIRIEAIOT, WT0 METOSM NOHCKA RANPAEMENNE NTHIA WENOBEEA N0 EEVMEpHOMY
Erofpakerne MOryT KOREYPEPOELITE N0 TOUHCCTH ¢ METORAME Hi OCHOBE HCHOAMIOBANRES ZaTukce rayvimms. Kpoue
Tora, Merogs paforst ¢ mpocTms FUGE-miofpamcexmeM MMENT INITHTENLHEO MENMIDNE OTPIHNYEHIEN [0 MECTY
HEROALIOELHRA,

Eamieshie cAoBa; BerxTop HAMpAENERHOCTH NI, picmolHiEanme, rmyvdokos ofyieRne, CEEPTOMHAT HelfpoHHLT
CETH.
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