JIOJATOK A

Crnaiinu npe3eHTanii

MNpe3eHTaLifa aTecTauitHOT po60TH
VEIN G EREREIA

[locnip)XeHHA METOAIB KOMM KOTEPHOIO
30pYy 414 aganTauil ZoOMeHy nonepeaHbo
HaTpeHOBaHUX Moaeneun
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AKTyanbHICTb po60TH

ICHYe paA 3agay KOMM KOTEPHOMO 30pY, ANA AKUX BIACYTHI AaHI ANA HABYAHHS:
HaHi BaXxko oTpumaTu (AOPOXKHI aBapii), ToAi 3aCTOCOBYHOTb CUHTETUYHI AaHi.
[aHi He po3miveHi (Bifeo 3 pericTpaTopis), TOAI AaHi PO3MIYYHOTLCA BNACHOPYY.

O6upaBa pilueHHA NOTPebyOTb PECYPCIB | Yacy, 3aCTOCOBYBATH 1X 471 KOXHOI
HOBOI 3ajavi HeeeKTUBHO.

AnbTepHaTuBa — BUKOPUCTATKU JOCBIA MOAENi NPy BUPILWEHHI OAHIET 3agadi ang
IHLIOT CXO0XOI 3aaui.




CeMaHTMYHa cerMeHTauis

JlropguHa
Benocunep
®oH

CeMaHTUYHa cerMeHTalis B peanbHUX yMOBax

No More Discrimination: Cross City Adaptation of Road Scene Segmenters

B peanbHux ymoBax Mogesib AIeMOHCTPYE pe3ynbTarT ripwmn Ha 25-30%
CTBOpPEHHA HOBOI MoAeni 3aMmae 6arato yacy

Buxia: aganTadis mogeni 4O HOBOro JIOMeHy




ApanTauisg AOMeEHY

TpaHchepHe HaBYaHHS

PoaMiyeHi aaHi 3Haxo4ATHCA TiNbKKW ¥
BUXiZHOMY OOMEHI

TpaHCAyKTUBHE
TpaHcdepHe HaBYaHHS

Pi3Hi pomeHu, ane ineHTUYHe 3aBAaHHA

ApanTauis noMeHa

[MocTaHOBKa 3aaaui

® pO3rNAHYTU METOAM AOMEHHOI aaanTauil 4nA CeMaHTUYHOI cerMeHTauil, Aki

BWHWKAKOTb NpK LbOMY Npo6aemMu, AK Ui Npo6aeMu BUPILWYHOTD, WAAXM
BAOCKOHaNEHHS;

® 3anponoHyBaTW BNacHWi MeToA abo yAOCKOHaNEHHs iCHYKYOro,
eKCrnepuMeHTanbHo NepeBipuTn epeKTUBHICTb 3aNpoONOHOBAHOIO
MeTofa/BLAOCKOHaNeHHA Npu aganTauii LJOMeHy MiX pisHUMK JaTaceTamu
(GTA, Cityscapes, SYNTHIA).




[laTtaceTtu

SYNTHIA GTA

Cityscapes

Tun panux

CHHTETHYHI CHHTETHYHI

peaJibHi

Knacie

13 18

30

3o0paxeHb

200 000 24 966

25000

SkicTe aHoTaAIlA

BHCOKa BHCOKa

BHCOKa / HU3bKA

ApanTauis AOMeHy 3 reHepauiero NceBA0OMITOK
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MeTpuka gns ceMaHTUYHOI cerMeHTauil

P
(TP +FP +FN)

IoU =

Ae TP — KinbKiCTb NpaBuIbHO PO3Ni3HAHUX MIKCeNen, .. o404 lol: 0.7330 lol: 0.9264
FP — KinbKicTb nikcenen noMUNKOBO BigHECEHUX
[0 06°eKTy,
FN — KinbKiCTb nikcenei NOMUAKOBO BUNYYEHUX 3
06 eKTa

ooifiofon[on)) me ([0]0]0
CEEITaAD

B 1,if ¢ = argmaxp,(c|w, ),
alo)*x _

yt,n - pn(CIW: lt) > exp ('_k)
0, otherwise

3HauyeHHss MeHLLe exp(-k) He NnpuiiMaloTb y4acTi y aganTtadii Mmogeni




ApanTtauia goMmeHy ana SYNTHIA -> Cityscapes

Hopora

Tporyap

Bynisas

Mapkan

Csitinodop

Jopoxuiii 3naK

be3 anamranii

0.473

0.0

3 ananrauicio

0.538

0.0

Pocainumn

JlronuHa

Mamnna

ABTodYyC

MoTonmmka

Benocunen

bes anamranii

0.718

0.376

0.422

0.001

0.009

3 apanranicwn

0.722

0.481

0.677

0.002

0.045

OTpuMaHHA NCeBAOMITOK 3 HbanaHCyBaHHSAM KaciB

MNpobnema: npyM HaBYaHHI 3a nNceBAOMITKaMM
“‘CXMNAETLHCA” A0 NEBHUX KNaciB i irHOpye iHLWi.

Mozesb

pn(clw, It)
exp (=k)
p'n(ClWJ Ir) > exp (_kc)

0, otherwise

1,if ¢ = argmax




ApanTtauis gomeHy SYNTHIA -> Cityscapes 3 ypaxyBaHHAAM 6anaHcyBaHHs KnaciB

Jopora Tpotyap Bynieias Crina Mapkan Croen Ceitiodop Jopoxniii znak

EBes ananmauii | 0.172 | 0.197 | 0.473 | 0.011 0.0 0.191 0.03 0.091

3anantanieo | 0.002 | 0.145 | 0.538 | 0.016 0.0 0.189 0.009 0.078

BK 0.696 | 0.287 | 0.695 |0.121 | 0.001 | 0.254 0.119 0.136

Pocanun JIwanma [ENTS Mammna | Aprodye | Morounkn | Beaocnnen

Bes apanranii | (.718 0.376 | 0.047 | 0.422 0.09 0.001 0.009

3 ananranicio 0.722 0.481 | 0.063 | 0.677 | 0.047 0.002 0.045

BK 0.82 0.491 | 0.145 | 0.66 0.037 0.324

BuKopucTaHHSA nofibHOCTEN MiXK faTaceTamMmu

bygisni

el

Tpotyap

T gg—

BukopucTaeMoO 0co6nMBOCTI 306paxkeHb (gopora BHWU3Y, He6O 3Bepxy,
6yaiBni no Kpasx, Towo...)




ApanTtauis gomMeHy ana GTA -> Cityscapes 3 KapTamu Knacis

Iopora Tporyap bynisasn Crina [Mapkan Crogn Ceitnogop | Jlopomniii smak | Banramiska

Bes amamrauii | 0.44 | 0.121 | 0.386 | 0.133 | 0.087 | 0.199 | 0.155 0.059

bes kapr 0.567 | 0.168 | 0.437 | 0.148 | 0.095 0.259 0.101

3 wapramn 0.581 0.308 | 0.441 | 0.183 | 0.095 0.286 0.141

Pocannn Joinnna Mamuna Arroilive Moronnkn Beaocunen

Bes ananrauii | 0,449 0.371 0.312 | 0.012 | 0.108 0.029

Bes kapr 0.455 0.319 0.022 0.1 08

3 Kapramu 0.464 0.414 0.125 0.189

BUCHOBKM

3anponoHOBaHMI METOJ 3acTOCOBYE KapTu YacToT KnaciB Ans 6anaHcyBaHHS
knacie. Mae npocTy apxiTekTypy i NOPiBHAHO WBWAKO HaB4YacTbCs. Lle o3Havae,
WO WOro MoxHa obupatu y skocTi “baseline” npu BupiweHHi 3aga4y JOMEHHOI
ajanTauil gna ceMaHTUYHOT cerMeHTauil.

[Mopganblui gocnigXeHHs:

e 3acTOCyBaTW METOA ANSA IHWKUX 3ajay: BUABNEHHA 06'EKTIB, cermeHTauis
eK3eMnnsapie;

AOCNiAXXEHHA rinepnapameTpiB Ana 6anaHcyBaHHA KaciB;
AOCNiAXeHHA 3aCTOCYyBaHb KapT 4acToT Knacis;

NPOBEeCTH AOCNIAXEeHHSA 3anponoHOBaHOIo MeToay 3 pSA0M Moaenen
HENPOHHUX MepeX, AaTaceTiB | MeTPUK.
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JIOJATOK B

AnpoOariist pe3yiabTaTiB poOoTH

Short significant image description

Oleksu Turuta
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Eharkiv MNational Univerzity of Fadio Elecoonics (TURE)
Eharkiv, Ukrains
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Abstroce— The gosl is to captore & short description of the
image, to defect eszential objects and speech or fo react on them.
For instance, to suppert blind pecple / visually impaired peopls,
&8 autonomons car has to recognize environment, and robot has
to do some actions. For example to assist local mavigation for
blind or visuslly impsired people by providing (1) generic
feedback sbout exsential ohjects and obstacles and (2} description
of identified vsefuol objects. This appears fo be & very challenging
problem because the exizsting meathods refrieve more information
than we need at the moment.

We offer a method of describing essential objects that are
received in a reel fime. The existing methods of sezmentation and
recogmnition of objects allocate more information than necessary
(find the right =izm, see the traffic Light =igmal bypas: the
obstacle, pay attentiom). It is proposed fo gemerate activity
profiles and to form trainimg datasets for esch profile. The
datazet iz planned to be based on the rezults of segmentation and
image recoznition wsing pre-traimed networls and additionsl
information.

Egywords—object recogmiton, Dmage capiuring, compuser
vizion, degp CNN

I INTROIUCTHIN

In this paper, wa focus on the problem of retrieval of short
capturing of image, short scens of video, that contains eszentizl
objects. The zeneral problerm is that there is 2 need to extract
objactz zorted in order of importamce fom the video or to
clazzify the abjects in order of importance. A short description
of the image has to be received to read the names: of objects
vizible in the imzge. If 2 large mumber of abjects = recognized,
it will be imposzible to read aloud them online. Therefore, it is
naceszary to detarmine the list of essential objects.

Faor ohject recoznition we are uzing the axisting pretrained
networks, so we are focused more on claszification than on
detection. We consider srnall vwideo fFazment: i which
prefrained networks recognize objects, and then sutomatically
generzted metadats iz added. The dataset iz temporarily
znnotzatad at the frame level of 4 possible clazses. Finally, we
have to prepare online descriptions of essentizl objects, which
can be read aloud online.

We introduce the dataset based on combination of two
datazets - COCO[1] and 3 custom datazet The dataszet consists
of 1,301 frames zmmotzted with 4 classes We compars
different methods to retrieve the objectz. As a result, our modsl

Famal Yusifov, Yana Danisl
Dieparment of software enginesring
Eharkiv Mational University of Fadio Elecoonics (ITURE)
Eharkiv, Ukrains
{rarnal yusifov, vana daniielHE@nure ua

zllows to zalect essemtial objects for 2 particolar profile. We
create 2 short description of the imzge based on the importance
of the selected objectz. If necessary, the user receives wamings
or sound meszagzes shout the collected mformation.

In the next section, we discoss relsted papers and work, in
section 3 the challenging factors, dataszet formation features and
our assumptions are described, the section 4 iz devoted to
recoghition of exzantial objects, formation of custom profilas,
testing of the metwork and itz adzptation to real world
conditions.

IO. BELATED WORK

Object defection. Computer vizion can be used fo enable
purposefil navization and object identification. In the paper [2]
uthor suggests using QF.-~codes to denote objects. This method
iz efficient and allows easily and acoarately identify the object
Howvewer, it iz impossible to apply QF-codes to zll objects in
the rezl world.

Tao recognize objects in the image 22 B-bounding boxas, B-
CMM[3], Fast-CMM[4], YOLO[3] are used Segmentztion
methods are bazed on datasets with pixel-bazad markup and get
other models that zezment the object]]. These models also use
symthetic dats for lazming CHIY, for example, ROAD[T].

Imape to Speech converter. In the paper [B] it iz proposed
to choosza gne object generate its name or its corresponding
sound and then use stereo sounds to creste the effect of
spunding of an object from itz netoral enviromment. However,
if vou playhack the sounds of all objects one after one, the user
faces am information overload. This is caused by the fact that
system fries to notify the wuser about 2 biz mumber of
recognized objects.

IO. S¥YSTEM DESCRIPTION

A Challenge

The existing methods of object recogmition allow to
zenersta descriptions that consist of larze numbers of objects.
Dwe to thiz fact, there iz a need to determime only important
objects and potify the user about them. For example, 3-7
objects were recognized in the fame. These objects will be
relevant ahout £-3 seconds of video, z0 during this tims it will
b2 necessary to read aloud their names. For this time in total,
the list has replenished to 15 objectz. So the nzer will definitaly
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face the "mformation overload" camsed by the fact that the
system tries to inform the user about all the recosnized objects
at the came hme.

Obriously, reading the names of 13 objects withim 3
saconds 15 mpossible. Therefore i 1= necessary to determmea
and choose eszantial objects to be pronoumced.

B. Datasar

In this work, we used the COCO datazet[1] and prepared
our dataset armotated 1,301 frames with 4 classes. We dafime 4
achions. Annotations were done manually and afterwards. The
video 15 npped at a frame rate of 25fps and has a resolution of
240 by 320 pxels. About 20 hours of video are annotzted m
our dataset. The concept of 2 merarchy of objects 15 miroducad,
for example, traffic light and signal=, road szp-mdicator and
text mmde of i Classes of objects with the status are
determined - the color of signal of the traffic hight, the confent
of the pomter. As a result an metamce map of recogmized
ohjectz with antomztically semerated metadata 1= formed. Wa
divide the frames over frammpg, valdation and festme sefs
Evvery zot comtzims at least 1096 frames for each claz=

C. Assumptions

It:smumed,thatﬂ:&eu mmlimrm‘lmnmem,whmh
mam scene surfaces follow the Manhattan world
[9]. All the objects of mterast are adjacent to the zround plane.
These objectz can be recogmized uzing prefraimed modsls on
the basis of thew distinet geometry. The recogmized objects ara
divided mio several classes and melude objects like “chair™
“table,” “star up,” “sar down,” and “wall”. We suppose that
the sround plane can ke mitially observed and that the height
and rotation of the semsor remam constant when the sround

planecmntbesamTumasﬁl]hpﬂﬁ::mtﬁe
computations, 2 board wath real-time detection and feedback 1=
u=ad,

IV. FINDAMENTAL

A ESSENTIAL OBJECT RECOGNITION

The zalechon of the essembizl object 15 performed m
two stages. At the first stage, an excessive mumber of objects
iz allocated wsing the YOLO algornithm[?]. Then we increzse
the value of threshold, which leads to an merezse m the list of
certam objects. The next step 1= to selact the essanhial ohject
For ths we uze two types of classifiars. The first one 1= based
on Croogleleat [10], the sacond one 1s made on the basis of the
SV mathod

We have developed three profilez to evaluate the
performance of classifiers. The resulis of companng
performance of classifiers are showm im Table 1. Each profile
mdicates 2 specific task Profila 1 1= desizned to idemtify
dynamic obstacles. Profile 1 aims fo lughlizht the tablets and
determme the prionty of reproducmg the meenphions. Profile
3 1= made to determme z free chaw The resolt= m Tahble I
allow us to draw conclusions about the effectivensss of using
the clazzifier based on GooglelNet to determune dymamue
cbstacles. At the same time, SVM effectively determunes the
eszential objects for playback.

TABLEL EVALUATION OF THE EFFECTIVEMESS OF

SDECTFIC TASKS
—— Frofile:
Profiis | Prafils 1 Profiis 3
I 07e nT? 070
| SVRL | 065 | 077 | 0.8

Az z remult, we recerve profiles that allow users to sohee
special tasks,

B Adaptation gf the network fo real weather conditions

To merease the mumber of mems m the datasets, i 1=
allowed to add symthetic datz bazed on wvideo games[11]. In thes
case, the first siage uwses a pre-ttamed model and then the
modal trzins on the real and synthetic data. The approach that
allows the Comv Lavers to tram on the real data 1= proposed m
the paper[f]. Then the real data 15 frozen and used to tram
Comv Layers on the bazis of syothetic data. Fizume 1 zhows a
diagram of such a network.

Formally, for a real mmagze let us dencts X, ; as the
activation at the position (£, f) of the feature map from the

ezzantial recogmition model and also dencte 5; 2 am
activation at the same locabion of the featwre map from the

pretramed model, then the loss for tarpet gmded distillation can
e written a3,

(1)

1
L, =E§|Iu"

where N iz the mmmber of activation at the feature map,
|l i the Enclidian distance.

The resuliz of object recopnition based on comparter
vizon methods essenbizlly depend on the hightmz and for
outdoor navization, the savironmental state has zn additional
mflnence To mprove generalizahon we performed data
augmentation and dropout 10% of the total dataset of the
videos were shot in the same places, but under different

O s
cnasnnal Fodognon model T
data ™ Corv Layemn
stillghon o=s
Corv Layens
p—_—— pigy|  {fromen)
pre-trured masdal

Fiz 1. Dinstation of learming comrodution flters o synthetic dam, tking
ot accoumnt the pre-tramed modsl
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TAELEDL TESTING THE MODEL FOR. DIFFERENT DATASETS
Datasats
Methed N weathsr sld New waarher
Tirst set place new place
CH 075 081 057

awvironmental condifions and at different times of
the dav. To solve the problam of 1dentifyving chstacles, we use
the end-to-end learning approach based on imutation leaming.
Thiz approach allows you to use fower items m the dataset
than m remforcement learmng. For our datz set, we split the
90% of the frain set and approsumately 30-30 frames a=z test
zamples for sach clazs. We tram the model and perform three
expenments with different trpes of test set (Table IT).

1. Same weather zame place - the test set iz collected
in the zame weather and place, but at distinet times of the day

2. Wew waather old placs - the test set contains items
with eniries mads m the same placas, but with other weather
conditions

3. Maw weather new place - the test set iz made
alzawhers and with a different weather condriions.

Az a result, we obtam an evaluation of the quality Dfﬂb_]&ct

recogmtbon depending on the changs m location and weather

V. COMCLUSIONS

Ohject recogmition approaches often refnieve a buge amount
of ohjects fo create an image deseription. However, such a
number of objects can not be read aloud onlme. Feadmng the
olject lizt fakes more time than the tume it 15 changed or
supplemented. This fact makes this method of object
recopmtbion neffective to be used to help people with visual

Inm thi= paper we have prezentad the approach that allows ws
to zelect sssential objects fo be read aloud omline. For this
purpose, the markup of the datasst waz made with an
aszaszment of the mmportance of the object In addition, the
problem of determining the obstacle and the directon of the
obztacle bypass was zolved.

This method was fested for whan scemes m vanous
anvirommental and hghting conditions. The experiments wera
taken on the combination of twe datassts COC0 and custom

datazat. We faced the problem of recogmzing and clazafiims
the zame objects m the center of focus and at the edges. The
created prototype succeszfully recogmzes and sorts eszenfial
ohjects.

However, the protofype has zeveral lonzhons. Testees ara
used to focusme on 2 certan object fiom afar and navigation to
location close to the object, so the objects that are outside of
the center of aftention are offen wirecogmzed or musclaszifiad.

Zolution of thiz problem has practical application. Blind
people can wse thi= approach a5 an assistance for navigation to
obtzm mformation sbowt obetacles and desenpiions of ohjects.
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