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Santrauka

Tikslus objekty ir aplinkos aptikimas yra vienas 1§ esminiy reikalavimy norint taikyti kompiuterinés
regos sistemas automobiliy pramonés, robotikos ar aviacijos srityse. Kompiuterinés regos sistemy
kokybé daro stiprig jtakg autonominiy transporto priemoniy veiksmams kelyje. Autonominéms
transporto priemonéms siekiant i§vengti eismo jvykiy, yra butina tiksliai identifikuoti kitus eismo
dalyvius ar Kklittis kelyje. Dél daugybés kelyje esanciy objekty ir aplinkos jvairovés vaizdo
segmentavimas iSlieka viena 1§ sudétingiausiy uzduociy kompiuterin€s regos srityje.

Siame darbe nagrin¢jami kompiuterinés regos vaizdo segmentavimo modeliai, jy architektiros ir
duomeny rinkiniai, siekiant sukurti efektyvig kelyje matomo vaizdo segmentavimo sistema.
Remiantis efektyviausiy kompiuterinés regos modeliy analize, realizuojamas vaizdo segmentavimo
algoritmas paremtas transformatoriaus neuroninio tinklo architektira. Eksperimentingje dalyje
apraSomos ir palyginamos atliktos sistemos modifikacijos ir jy jtaka vaizdo segmentavimo sistemos
tikslumui.
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Summary

The precise detection of objects and the surrounding environment is one of the essential requirements
for applying computer vision systems in the automotive, robotic, and aviation industry. The quality
of such systems has a strong influence on the actions of autonomous vehicles on the road. To avoid
traffic accidents, autonomous vehicles must accurately identify other road users and obstacles. Due
to the wide variety of objects and environmental conditions encountered on the road, image
segmentation remains one of the most challenging tasks in the field of computer vision.

This thesis examines computer vision models for image segmentation, their architectures, and the
data sets used, with the aim of creating an efficient system to segment road scene imagery. Based on
an analysis of the most effective existing models, an image segmentation algorithm built upon a
transformer-based neural network architecture is implemented. In the experimental section,
modifications applied to the system are described and compared, and their impact on the accuracy of
the image segmentation system is assessed.
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Santrumpy ir terminy sgrasas
Santrumpos:
mloU (angl. Mean Intersection over Union) — vidutiné persidengimo metrika;
ReLU (angl. Rectified Linear Unit) — aktyvacijos funkcija;

UML (angl. Unified Modeling Language) — modeliavimo ir specifikacijy kiirimo kalba.

Terminai:

Gilioji architektiira — neuroninio tinklo architektiira, turinti daug sluoksniy, daznai naudojama
sudétingoms problemoms spresti, pavyzdziui, vaizdui atpazinti ar nattraliajai kalbai apdoroti.

Gilusis mokymasis — masininio mokymosi sritis, kurioje naudojami neuroniniai tinklai ir kiti
algoritmai, siekiant iSmokti sudétingy duomeny reprezentacijy bei atlikti tikslias prognozes ar
klasifikacija.

Konvoliucija — matematiné operacija, naudojama konvoliuciniuose neuroniniuose tinkluose, taikant
jvairius filtrus jvesties duomenims, siekiant iSskirti reik§mingas vaizdo savybes.

Konvoliucinis neuroninis tinklas — dirbtinio neuroninio tinklo rasis, daznai taikoma kompiuterinés
regos uzduotims atlikti, tokioms kaip objekty atpazinimas, klasifikacija ir segmentavimas.

MasSininis mokymasis — dirbtinio intelekto sritis, suteikianti kompiuteriams galimybe automatiskai
mokytis i§ duomeny ir atlikti prognozes ar sprendimus, minimizuojant Zmogaus intervencija.

Mokomasis vektorius — duomeny ar savybiy masyvas, naudojamas modelio apmokymui ir
prognozems.

Perceptronas — dirbtinio neuroninio tinklo elementas, atliekantis skai¢iavimus pagal jvestis ir
Svorius.

Transformeris — dirbtinio neuroninio tinklo architekttiros tipas, paremtas démesio mechanizmu,
daznai naudojamas vaizdui atpazinti ar nattiraliajai kalbai apdoroti.

Vaizdo segmentavimas — procesas, kurio metu vaizdas suskirstomas j skirtingas dalis, i$skiriant
skaitmeniniame vaizde esancius objektus ar reikSmingas sritis.
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Ivadas

Kompiuteriné rega yra dirbtinio intelekto sritis, kuri moko kompiuterius suprasti Zzmoniy matomag
pasaulj. Neuroniniai tinklai yra taikomi objekty aptikimo bei klasifikavimo uzduotims atlikti. Objekty
ir aplinkos aptikimas vis labiau taikomas automobiliy pramonéje, aviacijoje ir robotikoje. Naujausios
kompiuterinés regos sistemos gali atpazinti vaizdinius duomenis grei¢iau ir tiksliau nei zmonés. Siy
sistemy panaudojimas padeda automatizuoti procesus jvairiose srityse. Inzineriniu poziliriu
kompiuterinés vizijos tikslas yra sukurti autonomines sistemas, kurios galéty atlikti uzduotis, kurias
atlieka zmogus, o daugeliu atveju tai daryti grei¢iau ir efektyviau.

Kelyje matomo vaizdo segmentavimas yra svarbi problema, norint taikyti kompiuterinés regos
sistemas autonominiuose automobiliuose ar savavaldziuose robotuose. Vaizdo segmentavimo
sistemos paskirtis yra kuo tiksliau aptikti ir identifikuoti kelyje esancius objektus, tokius kaip
automobiliai, péstieji, kelio Zenklai ir Kitas aplinkos detales. Autonominése transporto priemonése
kompiuterinés regos sistemy kokybé ir patikimumas yra kelyje esan¢iy asmeny saugumo klausimas.
Autonominio vairavimo sistemoms, tikslus supratimas apie kitus eismo dalyvius ar klititis yra butinas,
norint i$vengti galimy eismo jvykiy. Kelyje susiduriama su daugeliu kity eismo dalyviy, tikslus
objekty ir aplinkos aptikimas yra esminis reikalavimas norint realizuoti saugias ir efektyvias
autonominio vairavimo sistemas.

Tikslas ir uzdaviniai
Tikslas — sukurti kelyje matomo vaizdo segmentavimo sistema.

Uzdaviniai:

susipazinti su egzistuojanciais vaizdo segmentavimo sprendimais;
iSanalizuoti naudojamas technologijas, architektaras ir duomeny rinkinius;
sukurti ir apmokyti kompiuterinés regos vaizdo segmentavimo modelj;
iStestuoti vaizdo segmentavimo sistemos tiksluma;

ok wbdPE

iSanalizuoti ir palyginti sistemos tikslumg su rinkoje esamais sprendimais.
Dokumento struktara

Analitingje darbo dalyje yra pateikiama informacija apie kompiuterinés regos srities apzvalga,
naudojamus vaizdo segmentavimo algoritmus, kompiuterinés regos modeliy architekttras, duomeny
rinkinius ir praktinj sistemy panaudojima rinkoje. Projektinéje darbo dalyje yra pateikiama esminé
informacija apie kompiuterinés regos sistemos architektiira, kuria remiantis yra realizuota programy
sistema. Eksperimentinéje dalyje yra apraSomos atliktos kompiuterinés regos modelio modifikacijos,
eksperimentinés salygos ir gauti rezultatai.
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1. Analitiné dalis

Analitinés dalies skyriuje yra pateikiama informacija apie vaizdo segmentavimo problematika,
taikomus segmentavimo metodus, naudojamas architektiiras, duomeny rinkinius ir praktinj
kompiuterinés regos sistemy pritaikyma rinkoje.

1.1. Problematika

Svarbiausios kompiuterinés regos problemos, kurias bandoma kuo efektyviau iSspresti, yra vaizdy
klasifikavimas, objekty aptikimas ir vaizdo segmentavimas. Kompiuterinés regos sritis per trumpa
laikg pastebimai pagerino objekty aptikimo ir vaizdo segmentavimo rezultatus. Didelé dalis Siy
pasiekimy buvo pasiekta naudojant neuroniniy tinkly architektiiras. Skaitmeniniy statiniy vaizdy bei
vaizdo jra$y segmentavimas yra viena pagrindiniy kompiuterinés regos problemy. Zvelgiant j §ig sritj,
vaizdo segmentavimas yra priskiriamas prie aukSto sudétingumo uzduociy, kurios leidzia iSgauti
svarbig informacijg i§ skaitmeniniy vaizdy. Tikslus skaitmeninio vaizdo supratimas kompiuterinés
regos srityje yra labai svarbus, kadangi vis daugiau taikomyjy programy remiasi Sia informacija
vykdant tolimesnius sprendimus [1].

Kompiuterinés regos problemos kurj laikag buvo sprendZziamos naudojant skirtingus tradicinius
kompiuterinés regos ir masininio mokymosi metodus. Nepaisant ankstesniy metody populiarumo,
giliojo mokymosi revoliucija labai pakeité kompiuterinés regos problemy sprendimg. Dauguma
kompiuterinés regos problemy, tarp jy ir vaizdo segmentavimo yra sprendziamos naudojant giligsias
architekttiras, neuroninius tinklus. Naujos architektiiros gerokai pranoksta tradicinius masininio
mokymosi sprendimus tikslumo ir efektyvumo atzvilgiu. Norint taikyti kompiuterinés regos modelius
realaus laiko sistemoms, tokioms kaip autonominiai automobiliai ar savavaldziai robotai, vaizdo
segmentavimo procesas privalo biti efektyvus ir greitas. Kompiuterinés regos sistemoms tenka
spresti  objekty aptikimo, krypties sekimo, klasifikavimo, segmentavimo uZzduotis. Vaizdo
segmentavimas yra sudétingas procesas kurj apsunkina objekty judéjimas, didel¢ iSvaizdos jvairove
ar skirtingos formos. Objekty aptikimg tankiai apgyvendintose miesto zonose apsunkina tokie
veiksniai kaip objekty panaSumas, Seséliai, atspindziai. Vaizdo segmentavimo procese pagrindinis
démesys skiriamas skaitmeninio vaizdo padalijimui j skirtingus segmentus pagal vaizdo savybes.
Atliekant vaizdo segmentavimo uZzduotis yra naudojami skirtingi algoritmai, kurie iSskiria ir
sugrupuoja pikselius. Kiekvienas pikselis yra identifikuojamas ir panaSias savybes turintys vaizdo
pikseliai priskiriami konkre¢iam segmentui. Véliau Sie segmentai yra apibréziami ribomis, taip
i8skiriant skaitmeniniame vaizde esancius objektus nuo kity objekty ar fono. Tai yra viena i§ techniky,
leidZianti iSgauti prasmingg informacijg i$ skaitmeniniy vaizdy. Pagrindinis vaizdo segmentavimo
tikslas — i8analizuoti skaitmeninj vaizda ir identifikuoti objektus bei aplinkos detales. Atlikus vaizdo
segmentavimg galima suprasti, kad tam tikri objektai priklauso atskiriems segmentams. Atliekant
vaizdo segmentavimg, kai kontrasto skirtumas tarp fono ir skirtingy objekty yra didelis,
kompiuterinés regos modeliams yra lengviau i$skirti atskirus skaitmeninio vaizdo segmentus. Taciau
problema atsiranda tada, kai skaitmeniniuose vaizduose fonas yra chaotiskas ir skirtumai tarp objekty
ir fono néra dideli. Siuo atveju yra Zymiai sunkiau pasiekti gera segmentavimo sistemos tiksluma.
nustatyti skaitmeniniame vaizde esancius skirtingus objektus. Naujausi tyrimai rodo, kad gerai atlikta
skaitmeninio vaizdo klasifikacija, lemia geresnius vaizdo segmentavimo rezultatus [2].
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1.2. Srities apZvalga

Kompiuteriné rega yra kompiuteriy mokslo sritis, kurioje pagrindinis démesys skiriamas objekty
atpazinimui ir apdorojimui skaitmeniniuose vaizduose. Vaizdo segmentavimas yra skaitmeninio
vaizdo apdorojimo procesas, kurio metu skaitmeninio vaizdo dalys yra suskirstomos | atskirus
segmentus. Vaizdo segmentavimo metu kiekvienas skaitmeniniame vaizde esantis pikselis yra
identifikuojamas ir panasias vaizdo savybes turintys pikseliai sugrupuojami j tas pacias klases.
Kompiuterinés regos uzduotims atlikti yra naudojami giliojo mokymosi modeliai, neuroniniai tinklai
bei duomeny rinkiniai Siems modeliams apmokyti. Giliojo mokymosi modeliams duomeny rinkinys
ir neuroninis tinklas yra dvi svarbios dalys. Neuroninio tinklo bei duomeny rinkinio pasirinkimas ir
jo kokybé lemia sistemos tikslumg atlickant kompiuterinés regos uzduotis [3]. Nemazai moksliniy
tyrimy sriiy pasieké puikiy rezultaty nuolat tobulinant neuroninius tinklus. Giliojo mokymosi
modeliai naudoja neuroninius tinklus objektams aptikti, klasifikuoti, segmentuoti. D¢l dirbtinio
intelekto pazangos ir giliojo mokymosi bei neuroniniy tinkly naujoviy §i sritis pastaraisiais metais
sugebejo pralenkti Zzmones uzduotyse, susijusiose su objekty aptikimu, klasifikavimu, segmentavimu.
Vienas i§ veiksniy, skatinan¢iy kompiuterinés regos sistemy vystymasi, yra didelis generuojamy
duomeny kiekis, kuris naudojamas kompiuterinés regos modeliams apmokyti ir juos tobulinti.

1.2.1. Vaizdo segmentavimo metodai

Vaizdo segmentavimo metodus galima suskirstyti j tris skirtingas grupes: semantinio segmentavimo
(angl. semantic segmentation), objektinio segmentavimo (angl. instance segmentation) ir panoptinio
segmentavimo (angl. panoptic segmentation) (Zr. 1 pav.).

(a) Image

(c) Instance Segmentation (d) Panoptic Segmentation

1 pav. Vaizdo segmentavimo tipai

Semantinio segmentavimo algoritmai identifikuoja skaitmeniniame vaizde esan¢ius objektus ir
aplinkos detales. Objektinio segmentavimo algoritmai identifikuoja tik tam tikrus skaitmeniniame
vaizde esancius objektus be aplinkos detaliy. Panoptinio segmentavimo algoritmai yra patys
informatyviausi, kurie sujungia objektinj ir semantinj segmentavima. Sio tipo algoritmai identifikuoja
skaitmeniniame vaizde esancius objektus ir aplinkos detales bei papildomai iSskirig kiekvieng tos
pacios klasés objekta. Semantinio segmentavimo atveju skaitmeniniame vaizde esantys pikseliai yra
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klasifikuojami j skirtingas klases. Tam tikrai klasei priklausantys vaizdo pikseliai priskiriami
konkreciai klasei, neiSskiriant tos pacios klasés skirtingy objekty. Gatvéje esancios pés€iyjy minios
vaizdas semantinio segmentavimo atveju priskiriamas vienai pésCiyjy klasei, neisskiriant atskiry
zmoniy kaip objekty. Objektinio segmentavimo atveju vaizdo pikseliai klasifikuojami i skirtingas
kategorijas pagal pavyzdzius, o ne pagal klases. Sis segmentavimo algoritmas neturi supratimo apie
klase kuriai priklauso klasifikuojamas regionas, taciau gali atskirti persidengiancius ar labai panasius
objekty regionus pagal jy ribas. Naudojant §j algoritma gatvéje esanciai pésCiyjy miniai segmentuoti,
jis gali atskirti kiekvieng asmenj kaip atskirg objekta. Panoptinis segmentavimas yra placiai
naudojamas segmentavimo metodas, kuris i$skirig kiekvieng vaizde esantj objekta ir aplinkos detales.
Sio segmentavimo atveju vaizdas yra skirstomas pagal kategorijas, atskirus objektus ir aplinkos
detales. Panoptinio segmentavimo algoritmai yra naudojami autonominiuose automobiliuose, Kai
vaizdo sraute reikia uzfiksuoti daug informacijos apie aplinka.

Kompiuterin¢je regoje neuroniniai tinklai yra viena i§ svarbiy sudedamyjy daliy, atliekant vaizdo
segmentavimo uzduotis. Pastargj] deSimtmet] kompiuterinés regos uZduotims atlikti buvo
naudojamos neuroniniy tinkly architekttros, tokios kaip DenseNet, VGGNet, SegNet, AlexNet ar
ResNet. Dauguma iy architektiiry turi skirtingg sluoksniy skaiciy. Architektiiros, turin¢ios mazesnj
sluoksniy skaiciy, gali mokytis grei¢iau. Didesnj sluoksniy skai€iy turincios architektiiros mokosi
leGiau, tadiau jos gali pasiekti geresnj tiksluma, atliekant kompiuterinés regos uzduotis [4]. Siems
neuroniniams tinklams apmokyti yra reikalingi kokybiSki duomeny rinkiniai. Apmokant
kompiuterinés regos modelius yra naudojami tokie duomeny rinkiniai kaip Cityscapes, Pascal Voc,
Gta 5, Ade20k, Coco, CamVid, ar Mnist. Modeliai, kurie atlicka vaizdo segmentavimo uzduotis,
dazniausiai yra vertinami pagal persidengimo (angl. mean intersection over union) ir pikseliy
tikslumo (angl. pixel accuracy) metrikas, kurios leidzia nustatyti esamo modelio tiksluma.

Vaizdo segmentavimo uzduotims atlikti ilgg laikg buvo naudojami tradiciniai masininio mokymosi
metodai: slenkstinis, briauny aptikimo metodas, klasterizavimu grindziamas metodas bei dauguma
kity. Slenkstinis metodas tai vienas i§ papras¢iausiy lygiagretaus segmentavimo metody. Sis
segmentavimo algoritmas iSskirsto skaitmeniniame vaizde esancig informacija pagal nustatytg pilkos
spalvos slenkst]. Metodas yra pranaSus tuo, kad jis yra paprastas ir greitas. Skaitmeniniame vaizde
esant tarp objekto ir fono dideliam kontrastui, taikant §j metoda galima pasiekti puiky segmentavimo
efekta. Vienas iS $io metodo trikumy yra tai, kad taikant jj nekontrastingiems vaizdams galimi dideli
segmentavimo netikslumai [5].

Briauny aptikimo metodas buvo vienas i§ dazniausiai naudojamy algoritmy vaizdo segmentavimo
uzduotims atlikti. Apdorojant vaizda, $is metodas identifikuodavo skaitmeninio vaizdo taskus, kurie
turi zymiy vaizdo rySkumo poky¢iy. Taskai, kuriuose skiriasi vaizdo rySkumas, yra identifikuojami
kaip atskiry regiony briaunos [6]. Metodas buvo placiai naudojamas objekty aptikimo uzduotyse.
Vieni i§ briauny aptikimo metody yra Roberts, Sobel, Prewitt, Kirsch, Robinson, Marr-Hildreth, LoG
ir Canny (zr. 2 pav.).
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2 pav. Briauny aptikimo metodai [6]

Klasterizavimu grindziamame metode vienas i§ daznai naudoty metody yra K-vidurkiy (angl. K-
Means) algoritmas. Taikant k-vidurkiy klasterizavima, algoritmas sugrupuoja pateiktus duomenis j
atskiras grupes atsizvelgiant j duomeny atstuma iki grupés centry. Sis algoritmas susideda i3 dviejy
atskiry faziy. Pirmoje fazé¢je yra nustatomas grupiy skai¢ius, antroje kiekvienas duomeny taskas yra
priskiriamas prie arciausiai esancios grupés centro. Tradiciniy masininio mokymosi metody s€ékmé
sulétéjo tada, kai buvo pradéti naudoti giliojo mokymosi modeliai kompiuterinés regos uzduotims
atlikti. Norint pasiekti iSskirtinj naSuma atlieckant kompiuterinés regos uzduotis, giliojo mokymosi
modeliams reikia tik kokybisky duomeny, lyginant su tradiciniais masininio mokymosi metodais,
kuriems vien tik duomeny nepakanka.

1.2.2. Kompiuterinés regos modeliy architektiiros

Tarp skirtingy giliojo mokymosi modeliy konvoliuciniai neuroniniai tinklai pasieké puiky
efektyvumg atliekant tokias skirtingas kompiuterinés regos uzduotis kaip vaizdo klasifikavimas,
objekty aptikimas ar skaitmeninio vaizdo segmentavimas. Konvoliuciniai neuroniniai tinklai per
pastargji deSimtmetj tapo vieni i§ sékmingiausiy ir placiausiai naudojamy giliojo mokymosi
architekttiry, atlieckant kompiuterinés regos uzduotis. Konvoliuciniy neuroniniy tinkly architekttiros
vaizdo segmentavimo uzduotims atlikti naudoja kodavimo ir dekodavimo modulius (Zr. 3 pav.).
Kodavimo jrenginiai naudojami jvesties informacijai uzkoduoti. Si informacija yra siun¢iama per
tinklag, o veliau dekoderiai naudojami vaizdui i8Sifruoti atgal. Kodavimo jrenginiai gali biuti
konvoliuciniai neuroniniai tinklai, o dekoderiai gali buti pagristi dekonvoliuciniais arba
transponuotais neuroniniais tinklais, siekiant sukurti segmentavimo Zemélapj.
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3 pav. Kodavimo ir dekodavimo architekttra [7]

1989 metais pranciizy mokslininkas Yann‘as LeCun‘as sukiiré vieng i§ pirmyjy konvoliuciniy
neuroniniy tinkly, kurio pavadinimas yra LeNet-5. Sis neuroninis tinklas buvo sukurtas ranka
raSytiems skai¢iams atpazinti. LeNet-5 architektiiros atsiradimas atvéré kelig nuolatinei konvoliuciniy
neuroniniy tinkly sékmei, vykdant auksto sudétingumo kompiuterinés regos uzduotis, bei paskatino
mokslininkus i8tyrinéti konvoliuciniy neuroniniy tinkly galimybes, atliekant vaizdo segmentavimo
uzduotis [8]. Sios architektiiros dazniausiai susideda i$ trijy tipy sluoksniy: konvoliuciniy sluoksniy
(angl. convolutional layers), telkimo sluoksniy (angl. pooling layers) ir visiS$kai sujungty sluoksniy
(angl. fully-connected layers) [9]. Konvoliuciniai sluoksniai yra vieni i§ pirmyjy sluoksniy, esanéiy
konvoliucinio tinklo architektiiroje, ir yra naudojami i§gauti svarbias skaitmeninio vaizdo savybes i$
jvesties vaizdy. Siame sluoksnyje matematinés konvoliucinés operacijos atlickamos tarp jvesties
vaizdo ir tam tikro dydzio filtro. Atlikus Sias konvoliucines operacijas yra suformuojamas savybiy
zemélapis, kuris suteikia iSsamesnés informacijos apie vaizdg. Véliau Sis savybiy zemélapis
perduodamas Kitiems sluoksniams svarbioms jvesties vaizdo savybéms iSgauti. Telkiamieji
sluoksniai daugumoje atveju yra naudojami i§ karto po konvoliuciniais sluoksniais. Pagrindinis $iy
sluoksniy tikslas yra sumazinti suformuota savybiy zemélapj, tuo paciu sumazinant skai¢iavimo
sanaudas. Sis procesas atlickamas maZinant rysius tarp sluoksniy. Egzistuoja keletas nuo naudojamo
metodo priklausanc¢iy telkimo operacijy: didziausio elemento (angl. max pooling), vidurkio (angl.
average pooling) ir maziausio elemento (angl. min pooling). Telkiamieji sluoksniai konvoliuciniy
neuroniniy tinkly architektiirose yra naudojami tarp konvoliuciniy sluoksniy ir visiSkai sujungty
sluoksniy. VisiSkai sujungti sluoksniai yra naudojami neuronams sujungti tarp dviejy skirtingy
sluoksniy. Siame etape yra pradedamas klasifikavimo procesas. Sie sluoksniai dazniausiai yra prie$
iSvesties sluoksnj ir sudaro paskutinius kelis konvoliuciniy neuroniniy tinkly architektiiros
sluoksnius.

Kompiuterinés regos modelis AlexNet, paremtas konvoliucinio neuroninio tinklo architekttira, 2012
Tai konkursas, kurio metu mokslininky komandos vertina savo algoritmus, naudodamos didziulj
pazyméty vaizdy rinkinj ImageNet. Dalyviai taip pat rungtyniauja tarpusavyje, siekdami didesnio
tikslumo atliekant jvairias kompiuterinés regos uzduotis. AlexNet architektlira sudaro astuoni
sluoksniai: penki — konvoliuciniai, o trys — pilnai sujungti. Pirmieji du architektiros AlexNet (zr. 4
pav.) konvoliuciniai sluoksniai turi persidengiancius telkiamuosius sluoksnius. Treciasis, ketvirtasis
ir penktasis konvoliuciniai sluoksniai tiesiogiai sujungti vienas su Kkitu. Penktasis AlexNet
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architekttiros konvoliucinis sluoksnis turi persidengiantj telkimo sluoksnj, prijungta prie pilnai
sujungty sluoksniy.
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4 pav. AlexNet architekttra [10]

Pilnai sujungti architektiiros AlexNet sluoksniai turi po 4096 neuronus. Antrasis pilnai sujungtas
sluoksnis patenka j Softmax klasifikatoriy, turintj 1000 klasiy. AlexNet yra galingas modelis, galintis
pasiekti aukstg tikslumg iSbandant jj su sudétingais duomeny rinkiniais. Ta¢iau pasalinus bet kurj
konvoliucinj sluoksnj, modelio tikslumas smarkiai pablogéja [10]. Manoma, kad Sie neuroniniai
tinklai pasieké puikiy rezultaty kompiuterinés regos srityje dél savo architektiiroje naudojamy
konvoliuciniy operacijy.

Pastaruoju metu vaizdo transformatoriai (angl. vision transformers) pasirodé kaip konkurencinga
alternatyva ilgg laika naudotiems konvoliuciniams neuroniniams tinklams, atlieckant kompiuterinés
regos uzduotis. Transformatoriaus (angl. transformer) neuroninj tinklg sukiré ir pristaté mokslininkas
Ashish‘as Vaswani 2017 metais [11]. Sie neuroniniai tinklai $iandien savo efektyvumu ir tikslumu
varzosi su moderniausiomis konvoliuciniy neuroniniy tinkly architektiiromis. Naujausi tyrimai rodo,
kad sukurti s¢kmingus kompiuterinés regos modelius galima ir nenaudojant konvoliuciniy sluoksniy.
Viena i§ tokiy idéjy yra naudoti vaizdo transformatoriy neuroninius tinklus, kurie taiko démesiu
pagrista architektiirg jvesties vaizdams ir pasickia konkurencingg efektyvuma, atliekant jvairias
kompiuterinés regos uzduotis [12]. Vaizdo transformatoriy architektiiroje skaitmeninis vaizdas
pirmiausia suskaidomas j mazesnes dalis (zr. 5 pav.).
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5 pav. Vaizdo suskirstymas j dalis [13]

Sekanciame etape Sios vaizdo dalys paverciamos j vientisg vaizdy seka, kaip yra pavaizduota SeStame
paveikslélyje (zr. 6 pav.). Be to, kiekviena vaizdo dalis sekos sudétyje turi pozicinj Zyméjima.

6 pav. Vaizdy seka [13]

Sis neuroninis tinklas neturi supratimo, kurioje vietoje turi biiti kiekviena dalis, todél pozicinis vaizdo
daliy Zyméjimas padeda nustatyti skirtingy vaizdo daliy vietas. Be to, pozicinio Zyméjimo skaiciai
neuroniniam tinklui yra kaip mokomieji vektoriai [13]. Sie vektoriai kartu su vaizdo dalimis
perduodami | neuroninj tinklg (zr. 7 pav.).
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7 pav. Vaizdo transformatoriaus architekttra [13]

Remiantis moderniausiy architektiiry rezultatais, atlieckant vaizdo segmentavimo uzduotis su
ADE20K duomeny rinkiniu, zinoma, kad pirmaja vieta uzima FD-SwinV2-G transformatoriaus
neuroninio tinklo modelis. Sj modelj sudaro trys milijardai parametry. Atliekant semantinio
segmentavimo uzduot] su ADE20K duomeny rinkiniu, jis pasiekia 61,4 % tikslumo rezultata,
nustatydamas naujg rekordg Sioje uzduotyje [14].

1 lentelé. Modeliy rezultatai su ADE20K duomeny rinkiniu

Modelio pavadinimas Parametrai (mln.) mloU (%)
FD-SwinV2-G 3000 61,4
Mask DINO 223 60,8
ViT-Adapter-L 571 60,5
SwinV2-G 3000 59,9
ViT-Adapter-L 451 58,4

Pirmoje lentel¢je pateikti tiksliausi kompiuterinés regos modeliai, pasizymintys skirtingais parametry
dydziais ir pasicktais mloU metrikos tikslumo rezultatais. Sie modeliai pasiekia auks¢iausius
semantinio segmentavimo rezultatus, naudojant ADE20K duomeny rinkinj. Visi modeliai paremti
transformatoriaus neuroninio tinklo architektora. Antroje lenteléje pateikti kompiuterinés regos
modeliai su jy efektyvumo metrikomis, atliekant semantinio segmentavimo uZduotis, naudojant
Cityscapes duomeny rinkinj.
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2 lentelé. Modeliy rezultatai su Cityscapes duomeny rinkiniu

Modelio pavadinimas mloU (%)
HRNetVV2-OCR+PSA 86,9
HRNet-OCR 86,3
ViT-Adapter-L 85,8
SeMask 85,0
VOLO-D4 84,3

Remiantis antroje lenteléje pateiktais penkiy tiksliausiy kompiuterinés regos modeliy duomenimis,
matyti, kad pirmgja ir antrgjg vietas uzima HRNetV2-OCR+PSA ir HRNet-OCR modeliai, pasieke
atitinkamai 86,9 % ir 86,3 % tikslumo rezultatus. Sie modeliai sukurti remiantis konvoliucinio
neuroninio tinklo architektiros principu. Likusieji lenteléje pateikti modeliai sukurti remiantis
transformatoriaus neuroninio tinklo architektiiros principu [14, 15].

1.2.3.  Duomeny rinkiniai

Norint sukurti tikslius kompiuterinés regos giliojo mokymosi modelius, svarbu turéti kokybiskus
duomeny rinkinius, kurie lemia modeliy efektyvumg. Kokybisky duomeny trikumas yra viena i$
pagrindiniy kliti¢iy, stabdanc¢iy spartesne giliojo mokymosi pazangg. Dauguma masininio mokymosi
algoritmy mokosi 1§ daugybés jiems pateikiamy duomeny. Efektyviai veikiantys kompiuterinés regos
modeliai veikia dél didelio kiekio savarankiskai suzyméty skaitmeniniy vaizdy, naudojamy jy
apmokymo metu. Dabartiné giliojo mokymosi era pradéjo formuotis po reikSmingo jvykio, kai buvo
pristatytas ImageNet duomeny rinkinys. Sis duomeny rinkinys buvo naudojamas 2012 metais didelio
masto vizualinio atpazinimo i$Siikyje. ImageNet rinkinj sudaro daugiau nei 14 milijony suzyméty
didelés raikos vaizdy, priklausanéiy beveik 22 tikstanciams kategorijy [16]. Sis duomeny rinkinys
naudojamas testuojant kompiuterinés regos modeliy tiksluma atliekant vaizdo klasifikavimo ir
objekty aptikimo uzduotis.

Norint sukurti efektyvig kelyje matomo vaizdo segmentavimo sistemg, modelio apmokymui
reikalingi specifiniai $ios srities duomeny rinkiniai. Atliekant kompiuterinés regos modelio
apmokyma, duomeny rinkinyje turi bati tokie objektai ir aplinkos detalés kaip transporto priemonés,
péstieji, Saligatviai, kelio Zenklai, $viesoforai, pastatai ir daugelis kity objekty, matomy kelyje.
Efektyvus kelyje matomo vaizdo segmentavimas ir objekty aptikimas yra viena i§ svarbiausiy
uzduociy, realizuojant autonomines vairavimo sistemas. D¢l vis didéjanéiy duomeny kiekiy svarbu
atsirinkti kokybiskus duomeny rinkinius, siekiant sukurti efektyvig kelyje matomo vaizdo
segmentavimo sistemg. Trecioje lenteléje pateikti populiariausi anotuoti duomeny rinkiniai, skirti
kompiuterinés regos modeliy apmokymui.

3 lentelé. Duomeny rinkiniai

Pavadinimas Vaizdy skaicius
Cityscapes 25000
Mapillary Vistas 25000
GTAS 24 966
ADE20K 20000
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Atliekant kompiuterinés regos kelyje matomo vaizdo semantinio segmentavimo uzduotis, Cityscapes
yra vienas i§ populiariausiy duomeny rinkiniy. Sis rinkinys susideda i§ 5000 aukstos kokybeés tiksliai
suzyméty vaizdy ir papildomy 20 000 grubias anotacijas turin¢iy skaitmeniniy vaizdy. Vaizdai,
esantys Cityscapes duomeny rinkinyje, buvo jradyti 50 skirtingy Vokietijos miesty [17]. Sis duomeny
rinkinys yra vienas i§ dazniausiai naudojamy apmokant kompiuterinés regos modelius kelyje matomo
vaizdo segmentavimo uzduotims atlikti. Cityscapes rinkinj sudaro 19 skirtingy kategorijy, tokiy kaip
Saligatviai, keliai, automobiliai, sunkvezimiai, motociklai ar pastatai. Pastaraisiais metais atliekant
semantinio segmentavimo modeliy tikslumo bandymus, naudojant Cityscapes duomeny rinkinj, buvo
pasiektas geriausias 85,2 % tikslumo rezultatas.

Mapillary Vistas yra dar vienas didesnés apimties vaizdo segmentavimo duomeny rinkinys, kurj
sudaro apie 25 000 aukstos kokybés skaitmeniniy vaizdy, anotuoty j 66 objekty kategorijas. Sis
duomeny rinkinys yra 5 kartus didesnis, lyginant su Cityscapes duomeny rinkiniu, pagal suzymétus
aukstos kokybés vaizdus. Skaitmeniniai vaizdai duomeny rinkinyje buvo uZfiksuoti nepriklausomai
nuo oro saglygy, paros meto ar sezono. Vaizdams uZfiksuoti buvo naudojami mobilieji telefonai,
plansetiniai kompiuteriai ar veiksmo kameros. Kuriant §] duomeny rinkinj buvo atsizvelgta j objekty
jvairove, detaliy gausg ir geografinj mastg. Mapillary Vistas duomeny rinkinys sukurtas atsizvelgiant
1 1Saugus] susidoméjimg autonominémis transporto priemonémis ir siekiant sékmingai plétoti
efektyviausius kompiuterinés regos modelius, atliekant vaizdo segmentavimo uzduotis [18].

GTA 5 yra semantinio segmentavimo duomeny rinkinys, turintis 24 966 anotuotus sintetinius vaizdus.
Sis duomeny rinkinys yra i§skirtinis tuo, kad vaizdai, esantys rinkinyje, buvo i$gauti i§ kompiuterinio
7aidimo Grand Theft Auto. Sis rinkinys turi 19 semantiniy klasiy. Vaizdai esantys rinkinyje, yra
uzfiksuoti i§ vairuotojo vaizdo perspektyvos [19]. Apzvelgiant pastaryjy keliy mety semantinio
segmentavimo modeliy rezultatus, naudojant §j duomeny rinkinj, buvo rasti astuoni modeliai, i$ kuriy
geriausias pasiekia 73,8 % vidutinés persidengimo metrikos tikslumo rezultata.

ADE20K yra dar vienas populiarus semantinio segmentavimo duomeny rinkinys, susidedantis i$
daugiau kaip 20 000 anotuoty vaizdy. Duomeny rinkinyje yra 150 semantiniy kategorijy, tokiy kaip
dangus, kelias, zol¢, automobiliai ar Zzmonés. Jdomus faktas yra tai, kad bet kuriame ADE20K
duomeny rinkinio vaizde yra maziausiai 5 objektai, 0 didziausias objekty skaiCius viename vaizde
siekia 273 [20]. Sis duomeny rinkinys buvo anotuotas vieno eksperto, pateikiant itin i$samias vaizdo
anotacijas. Remiantis pastaryjy mety semantinio segmentavimo modeliy bandymais, galima teigti,
kad Sis rinkinys daznai naudojamas tikrinant moderniausiy kompiuterinés regos modeliy efektyvuma.
Testuojant kompiuterinés regos modelius su $iuo rinkiniu, buvo pasiektas geriausias 61,4 % vidutinés
persidengimo metrikos tikslumo rezultatas.

1.3. Taikymy apZzvalga

Kompiuterinés regos vaizdo segmentavimo sprendimai yra plac¢iai naudojami robotikoje, medicinoje
ir automobiliy pramongje, atlieckant skaitmeninio vaizdo apdorojimo uzduotis. Vaizdo
segmentavimas medicinoje sékmingai taikomas tiek diagnostikos, tiek gydymo sektoriuose.
Pritaikius kompiuterinés regos sprendimus kompiuterinés tomografijos ar magnetinio rezonanso
tyrimuose, galima efektyviai identifikuoti jvairias ligas i§ skaitmeniniy medicininiy vaizdy. Nepaisant
taikomi kompiuterinés tomografijos organy skenavimui, rentgeno nuotraukoms ir skaitmeninés
patologijos lasteliy segmentacijai.
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Vaizdo segmentavimo sprendimai taip pat naudojami daugelyje robotikos sri¢iy — nuo pramones iki
zemés tkio ir paslaugy sektoriaus. Kiekviena robotikos Saka vis labiau priklauso nuo kompiuterinés
regos sprendimy. Robotams reikia aiSkaus pikseliy lygio supratimo apie juos supancig aplinka, kad
jie galéty efektyviai atlikti tam tikrus veiksmus. Vaizdo segmentavimo sprendimai robotams padeda
suprasti juos supantj pasaulj taip, kaip jj mato zmogus. Automatizavimas ir robotika yra viena i$
pirmaujanéiy sri¢iy, praktiskai pritaikant naujausius kompiuterinés regos sprendimus [21].

Autonominése transporto priemonése taikomi kompiuterinés regos, masininio mokymosi ir kiti
pazangtis sprendimai. Vaizdo segmentavimas yra kritiSkai svarbus autonominiy transporto priemoniy
komponentas. Vairuodamas automobilj, vairuotojas turi atkreipti démesj j kelig, Saligatvius, kelio
zenklus, pésCiuosius ir visas Kkitas transporto priemones. Autonominiy transporto priemoniy
gamintojai, sieckdami uztikrinti sauguma, turi pasiriipinti visomis $iy sistemy stebéjimo ir analizés
galimybémis. Be to, kad galéty realiu laiku matyti, interpretuoti ir reaguoti j aplinkos scenarijus, §ios
transporto priemonés turi turéti itin detaly aplinkos vaizdg. Autonominés transporto priemonés atlieka
vaziuojamosios kelio dalies, transporto priemoniy, pés€iyjy ir kity aplinkos objekty segmentacija.
Efektyvis vaizdo segmentavimo sprendimai leidZia autonominéms transporto priemonéms saugiai
dalyvauti eisme. Remiantis JAV nacionalinés greitkeliy eismo saugumo administracijos atliktu
tyrimu nustatyta, kad 94 % visy eismo jvykiy jvyksta dél Zzmogiskojo faktoriaus klaidos [22].

Taikant kompiuterinés regos sistemas automobiliy pramongje, tie patys vaizdo segmentavimo
algoritmai gali biiti naudojami ir su kitomis sistemomis robotikos ir aviacijos srityse. PavyzdZiui,
atliekant NASA 2020 m. vykdyta misijg, robotas Perseverance naudojo kompiuterinés regos sistema
saugiam nusileidimui, aptikdamas pavirSiaus reljefg ir autonomiSkai pasirinkdamas saugiausig
nusileidimo vietg [23]. Semantinio segmentavimo algoritmy naudojimas gali padidinti aplinkos
aptikimo tikslumg [24]. Sickiant realizuoti visiSkai autonomines transporto priemones ateityje,
tikslios aplinkos aptikimo sistemos tapo neatskiriamais komponentais, uztikrinant tinkamga sudétingos
ir dinamiskos aplinkos steb¢jimg ir interpretavimg [25]. Semantiniai duomenys gali sumazinti roboto
priklausomybe nuo neapdoroty jutikliy duomeny ir iSoriniy GPS signaly, suteikdami papildomag
informacija apie aplinkg [26].

Naviguodami sudétingoje miesto aplinkoje, autonominiai robotai reikalauja tikslaus aplinkos
suvokimo ir patikimo marsruto planavimo, turédami ribotus skai¢iavimo resursus. Autonominio
roboto gebe¢jimas suprasti ji supancig aplinka yra pagrindas, leidziantis autonominéms sistemoms
spresti jvairias sudétingesnes problemas [27]. Autonominiy sistemy efektyvumas labai priklauso nuo
ju gebéjimo naviguoti sudétingose ir nestrukttiruotose aplinkose [28]. Naujausi kompiuterinés regos
algoritmai labai pagerino roboty navigacija, suteikiant galimybe¢ realiuoju laiku vykdyti svarbias
uzduotis: aplinkos suvokima, kliti¢iy aptikimg ir vengima, marSruto planavimg bei sekima [29].
Planuojant marsruta, kliti¢iy vengimas yra esminé robotikos uzduotis, nes autonominis roboto
veikimas reikalauja, kad jis pasiekty tikslg be susidarimy [30]. Objekty aptikimo strategijos turi gebéti
atpazinti tiek statines klititis, tokias kaip infrastruktiira ar stovin€ios transporto priemoneés, tiek
dinamines kliditis, jskaitant pés€iuosius ir judancias transporto priemones, nes kiekviena i§ jy kelia
objekty aptikimo sistema leidzia autonominiams robotams laiku reaguoti ir sumazinti nelaimingy
atsitikimy rizikg [31]. Tiksli kompiuterinés regos sistema yra butina siekiant uztikrinti saugy ir
efektyvy autonominiy roboty veikima, ypa¢ dinamiskoje miesto aplinkoje. Aplinkos supratimas per
vaizding informacija, naudojant kompiuterinio matymo metodus, masininj mokymasi ir jvairius
algoritmus, yra pagrindinis Siuolaikiniy sprendimy tikslas [32].

23



Autonominiy pristatymo roboty veikimas vieSose erdvése, kuriose gyvena ir dirba Zzmonés, reikalauja
gebéjimo atpazinti ir sekti saugius bei tinkamus marsrutus, siekiant uztikrinti efektyvy ir socialiai
priimting roboty judéjima [33, 34]. Didéjant roboty ir zmoniy sgveikai kasdienéje aplinkoje, saugumo
uztikrinimas tampa esminiu veiksniu [35]. Kompiuterinés regos sistemy taikymas autonominése
transporto priemonése padeda didinti jy efektyvumag, intelektualumg ir eismo saugumg [36].
Autonominiy roboty regos technologijy vystymasis yra reikSmingas zingsnis j priekij, leidziantis
geriau suprasti autonominiy sistemy galimybes ir jy poveikj Zzmoniy gyvenimui [37].

1.3.1. Perspektyviausi taikymai

Vaizdo segmentavimas yra vienas 1§ svarbiausiy skaitmeninio vaizdo apdorojimo procesy ir
pastaraisiais metais plac¢iai naudojamas automobiliy pramonéje bei robotikoje. Autonominis
vairavimas artimiausioje ateityje bus viena i§ revoliuciniy technologijy, kuri turés didele jtaka
kasdieniam Zmoniy gyvenimui. Vaizdo segmentavimo sistemos autonominiams automobiliams
suteikia aplinkinj pasaulio matymg ir yra kritiSkai svarbios realizuojant saugy autonominj transporto
priemoniy vairavimg. Viena 1§ didZiausiy mirties priezas¢iy yra automobiliy avarijos. Dauguma Siy
nelaimingy atsitikimy jvyksta dél Zmogiskojo faktoriaus klaidos. Kai kurios 1§ pagrindiniy mirciy
keliuose priezas¢iy yra i$siblaskymas, grei¢io virSijimas ir neapdairumas. Realizuojant autonominio
vairavimo sistemas yra siekiama i$spresti Sig didziule eismo jvykiy problemg. Kadangi autonominés
sistemos yra uzprogramuotos taip, kad vaziuotu efektyviai ir saugiai, jos sumaZzina, o kartais ir
pasalina zmogaus vairavimo poreikj, taip eliminuodamos minétas zmogiSkgsias klaidas [38].
Automobiliy pramoné yra labai perspektyvi sritis, jgyvendinant kompiuterinés regos vaizdo
segmentavimo sprendimus autonominése transporto priemonése. Kuo semantinio segmentavimo
procesas yra tikslesnis ir atliekamas per trumpesnj laikg, tuo autonomings transporto priemonés
tiksliau supranta jas supancig aplinkg ir gali priimti saugesnius sprendimus. Suteikiant autonominéms
transporto priemonéms aplinkinio pasaulio matymg taikant kompiuterinés regos sprendimus, galima
gauti daug privalumy, tokiy kaip didesnis saugumas kelyje, mazesnés islaidos, patogesnés kelionés,
didesnis mobilumas ir mazesné aplinkos tarsa [39].

Siuolaikinés pramoninés automatikos ir robotikos taikymas vis labiau priklauso nuo kompiuterinés
regos vaizdo segmentavimo sprendimy. Norint, kad robotai efektyviai ir saugiai veikty nezinomoje
aplinkoje, batinas tikslus aplinkos objekty supratimas. Efektyviis kompiuterinés regos modeliai
padeda robotams sgveikauti su jvairiais, anks¢iau nematytais objektais ir atlikti specifines uzduotis
[40]. Per ateinantj deSimtmetj dauguma pramoniniy veikly, reikalaujan¢iy nuolatinio Zmogaus
isikiSimo, gali biiti i§ dalies ar visiSkai automatizuotos. ISauges pramoneés sektoriaus susidoméjimas
kompiuterinés regos sprendimais turi ir daug privalumy. Pritaikius efektyvius kompiuterinés regos
sprendimus pramoniniuose robotuose, galima sumazinti gamybos sgnaudas, iSlaikyti pastovia
gamybos kokybe ir padidinti produktyvuma. Be to, Sie sprendimai suteikia didesn; gamybos
lankstumg ir leidZia greiiau reaguoti i darbuotojy trikumg. Efektyviai veikiantys kompiuterinés
regos modeliai skatina pasitikéjimg ir tolesnes investicijas j robotika bei kompiuterinés regos
sprendimus pramones sektoriuje.

1.4. Jgyvendinimo problemos

Norint sékmingai jgyvendinti kompiuterinés regos sprendimus, biitina naudoti kokybiskus duomeny
rinkinius, skirtus kompiuterinés regos modeliy apmokymui. Siandien vis dar susiduriama su
kokybisky duomeny trukumu. Duomeny trikumas yra viena i§ problemy, jgyvendinant efektyvius
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kompiuterinés regos sprendimus. Suzyméti ir anotuoti duomeny rinkiniai yra labai svarbiis norint
pasiekti didelj kompiuterinés regos modeliy efektyvuma. [gyvendinti standartinius kompiuterinés
regos sprendimus, kuriems apmokyti pakanka bendros paskirties duomeny rinkiniy, néra labai
sudétinga. Taciau susiduriama su akivaizdziai didesniais i$Stikiais kai norima pritaikyti kompiuterinés
regos sprendimus tokiose srityse kaip medicina. Daznai kyla sunkumy gaunant aukstos kokybés
skaitmeninius vaizdus, tokius kaip kompiuterinés tomografijos ar rentgeno nuotraukos, dél privatumo
apribojimy. Taip pat ne visais atvejais gaunami duomenys yra kokybiski, todél prastos kokybés ar
nesuzyméti duomeny rinkiniai reikalauja tolimesniy duomeny anotacijy. Todél Siandien vis dar
susiduriama su nepakankamu kiekiu kokybisky duomeny, norint apmokyti kompiuterinés regos
modelius specifinéms uzduotims atlikti.

Daug laiko reikalaujantys modeliy treniravimo procesai, modeliy persimokymo (angl. overfitting) ar
nykstanciy gradienty (angl. vanishing gradients) problemos yra taip pat vienos i§ i§sukiy, kuriant
efektyvius giliojo mokymosi modelius. Didelis tikslumas ir trumpas modeliy treniravimo laikas yra
pagrindiniai tikslai, siekiant sukurti efektyvius vaizdo segmentavimo sprendimus. Taciau giliojo
mokymosi architektiiroms modeliy treniravimas daznai yra daug laiko ir resursy reikalaujantis
procesas. Giliojo mokymosi architektiry kuréjai kaip vieng i§ sprendimy naudoja telkimo sluoksniy
(angl. pooling layers) integracija, taip siekiant sumazinti modeliy treniravimosi laikg. Modeliy
persimokymas yra dar viena problema, kuri atsiranda kai modelis per daug prisitaiko prie treniravimui
skirto duomeny rinkinio. Siuo atveju modelis tampa neefektyvus, atlickant modelio bandyma su
testavimo duomeny rinkiniu. Modeliy persimokymo problemos gali buti sprendziamos padidinant
mokymosi duomeny rinkinio apimtj, naudojant duomeny augmentacijg ar sumazinant esamo modelio
kompleksiskumg [41].

Nykstantys gradientai yra dar viena i§ pagrindiniy problemy giliose architektiirose. Nors gilios
architektiiros pasizymi puikiu naSumu, neiSsprendus Sios problemos sunku pasiekti efektyviy
rezultaty. Sigmoidiné funkcija yra viena i§ populiariausiy aktyvinimo funkcijy, naudojamy giliose
neuroniniy tinkly architektiirose. Sios funkcijos naudojimas apriboja giliyjy neuroniniy tinkly
mokymasi, nes sukelia nykstan¢iy gradienty problemg. Dél Sios problemos neuroninis tinklas mokosi
léCiau arba kai kuriais atvejais nesimoko visiSkai. Vienas i§ problemos sprendimy yra pakeisti
sigmoiding tinklo aktyvinimo funkcija j ReLU (angl. rectified linear unit). Sios funkcijos naudojimas
padeda iSvengti nykstanciy gradienty problemos, uztikrinant efektyvesnj neuroninio tinklo mokymasi
[41].
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2. Projektiné dalis

Programinés jrangos architekttiros specifikacijos skyriaus paskirtis yra sudaryti bendra supratima apie
kuriamos sistemos architektiiros sprendimus. Projektin¢je dalyje yra pateikiami esminiai
architektiiriniai sprendimai, kuriais remiantis yra realizuojama programy sistema. Projektinés dalies
informacija padeda suprasti programinés jrangos komponentus nesigilinant j programinj sistemos
koda. Architektiiros specifikacijos sudarymui panaudotas UML modeliavimo jrankis MagicDraw,
kuris leidzia atvaizduoti viding programy sistemos struktiirg. Skyriuje pateikiamos panaudojimo
atvejy, klasiy, veiklos ir seky diagramos. Kompiuterinés regos kelyje matomo vaizdo segmentavimo
sistemai sukurti naudojama transformatoriaus neuroninio tinklo architektura.

Naudojantis UML modeliavimo jrankiu, programy sistemos architektiira pateikiama Zemiau
nurodytomis diagramomis:

— Panaudojimo atvejy diagrama ir specifikacijos;

— Sistemos i$skaidymo j modulius ir klases diagrama;

— Veiklos ir seky diagramos;

— I8déstymo diagrama.

2.1. Funkciniai reikalavimai

Kelyje matomo vaizdo segmentavimo sistema turi suteikti naudotojams galimybe atlikti skaitmeninio
vaizdo semantinj segmentavimg. Sistema turi analizuoti pateiktus vaizdus, aptikti jvairius objektus ir
juos klasifikuoti j skirtingas kategorijas. Pasirinkus tinkamus vaizdo failus ir jvykdzius segmentavimo
procesa, sistema privalo pateikti ir iSsaugoti galutinj segmentavimo rezultatag. Kompiuterinés regos
sistema privalo atlikti Siuos funkcinius reikalavimus:

— Leisti nurodyti statinj ar dinaminj vaizdo faila;

— Atlikti statinio vaizdo semantinj segmentavima;

— Atlikti dinaminio vaizdo semantinj segmentavima;

— Pateikti segmentavimo rezultatg ir jj i§saugoti.

2.2. Nefunkciniai reikalavimai
2.2.1. Reikalavimai sistemos iSvaizdai

Kompiuterinés regos sistema bus sukurta su grafine vartotojo sasaja, kuri bus lengvai suprantama,
intuityvi ir patogi naudotis. Grafiné sasaja suteiks vartotojui galimybe nurodyti norimg failo tipg —
statinj arba dinaminj, taip pat inicijuoti vaizdo segmentavimo procesg vienu mygtuko paspaudimu.
Be to, sistema leis lengvai pasiekti ir perziiiréti iSsaugotus segmentavimo rezultatus, atveriant tam
skirta faily direktorija. Grafinés vartotojo sasajos sukiirimas leis uztikrinti patogy ir efektyvy
sistemos naudojima.

2.2.2. Reikalavimai panaudojamumui

Kompiuterinés regos vaizdo segmentavimo modelis turi buti lengvai ir aiSkiai panaudojamas
vartotojo, kuris yra pazenges masininio mokymosi ir kompiuterinés regos srityse. Sistemos
panaudojimas ir supratimas, vartotojui nurodant statinio ar dinaminio vaizdo failg, turi uztrukti ne
ilgiau kaip 10 minuciy.
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2.2.3. Reikalavimai vykdymo charakteristikoms

Kelyje matomo vaizdo segmentavimo sistemos tikslumas, atlickant testavimg su Cityscapes duomeny
rinkiniu, turi vir§yti 75 %, vertinant pagal kompiuterinés regos modeliy mloU tikslumo metrika.

2.3. Panaudojimo atvejai

Vaizdo segmentavimo sistema
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e i ' dinaminio vaizdo faila

Hal:l dotojas 1"=-,__
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skaitmeninio vaizdo
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8 pav. Panaudojimo atvejy diagrama

Siame poskyryje pateiktose lentelése yra i§samesné informacija apie kickviena sistemos panaudojimo
atvejj.

4 lentelé. Panaudojimo atvejis ,,Pasirinkti statinio ar dinaminio vaizdo failg*

Panaudojimo atvejis Pasirinkti statinio ar dinaminio vaizdo faila.

Tikslas/UZdavinys Naudotojas pasirenka skaitmeninj statinio arba dinaminio kelyje matomo vaizdo
failg, kuriam bus atliekamas vaizdo segmentavimas.

Dalyviai Naudotojas.

Pries salyga Pasirinktas failas turi bati tinkamo formato.

Suzadinimo salyga Naudotojas nurodo tinkama skaitmeninj vaizdo faila.

Po-salyga NurodZius tinkamga failg, naudotojas gali inicijuoti vaizdo segmentavimo
procesa.

Pagrindinis scenarijus Naudotojas pasirenka tinkamo formato skaitmeninj vaizdo faila. Sistema leidzia

inicijuoti vaizdo segmentavimo procesa.

Alternatyvus scenarijus Naudotojas nepasirenka arba pasirenka netinkamo formato failg. Sistema
pateikia klaidos praneSima apie nepasirinktg ar netinkama faila.
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5 lentelé. Panaudojimo atvejis ,,Atlikti statinio vaizdo segmentavima*

Panaudojimo atvejis

Atlikti statinio vaizdo segmentavima.

Tikslas/Uzdavinys

Atlikti skaitmeninio statinio vaizdo segmentavima nurodytam naudotojo failui.

Dalyviai

Naudotojas.

Pries salyga

Pasirinktas tinkamo formato statinis vaizdo failas.

SuZadinimo salyga

Pasirinkus statinj vaizdo failg, inicijuojamas vaizdo segmentavimo procesas.

Po-salyga

Naudotojas gali perzitiréti atliktg segmentavimo rezultata pasirinktam failui.

Pagrindinis scenarijus

Naudotojas pasirenka skaitmeninj statinio vaizdo failg ir inicijuoja
segmentavimo process.

Alternatyvus scenarijus

Naudotojas nepasirenka tinkamo statinio vaizdo failo. Sistema pateikia klaidos
pranesima apie netinkama failg.

6 lentelé. Panaudojimo atvejis ,,Nuskaityti skaitmenin] vaizda“

Panaudojimo atvejis

Nuskaityti skaitmeninj vaizda.

Tikslas/UZdavinys

Nuskaityti skaitmeninj vaizda i§ naudotojo nurodyto failo.

Dalyviai

Naudotojas.

Pries salyga

Nurodytas tinkamas skaitmeninis vaizdo failas.

SuZadinimo salyga

Faily sistemoje pasirenkamas tinkamas skaitmeninio vaizdo failas.

Po-salyga

Nuskaitytas skaitmeninis vaizdas i§ nurodyto naudotojo failo.

Pagrindinis scenarijus

I§ naudotojo nurodyto failo nuskaitomas skaitmeninis vaizdas, skirtas
tolimesniam vaizdo segmentavimo procesui atlikti.

Alternatyvus scenarijus

NenurodZius tinkamo vaizdo failo, tolimesnis vaizdo segmentavimo procesas
néra leidziamas.

7 lentelé. Panaudojimo atvejis ,,Atlikti semantinj skaitmeninio vaizdo segmentavima*

Panaudojimo atvejis

Atlikti semantinj skaitmeninio vaizdo segmentavima.

Tikslas/UZdavinys Atlikti semantinj segmentavima pasirinktam naudotojo skaitmeninio vaizdo
failui.
Dalyviai Naudotojas.

Pries salyga

Turi biiti pasirinktas tinkamas kelyje matomo skaitmeninio vaizdo failas.

SuzZadinimo sglyga

Inicijuojamas vaizdo apdorojimo procesas pasirinktam naudotojo failui.

Po-salyga

Atliktas semantinio segmentavimo procesas ir pateiktas segmentavimo
rezultatas.

Pagrindinis scenarijus

Pasirinktam naudotojo skaitmeninio vaizdo failui atliekamas semantinio
segmentavimo procesas.

Alternatyvus scenarijus

Neinicijavus vaizdo segmentavimo proceso, tolimesnis vaizdo apdorojimas
nevykdomas.

28



8 lentelé. Panaudojimo atvejis ,,Atlikti dinaminio vaizdo segmentavima*

Panaudojimo atvejis

Atlikti dinaminio vaizdo segmentavima.

Tikslas/Uzdavinys

Atlikti vaizdo segmentavimg naudotojo nurodytam dinaminiam vaizdo failui.

Dalyviai

Naudotojas.

Pries salyga

Pasirinktas tinkamas skaitmeninis dinaminio vaizdo failas.

SuZadinimo salyga

Naudotojas inicijuoja vaizdo segmentavimo procesg pasirinktam dinaminiam
vaizdo failui.

Po-salyga

Atliktas semantinio segmentavimo procesas ir rezultatai iSsaugoti atitinkamoje
sistemos direktorijoje.

Pagrindinis scenarijus

Atlikus segmentavima, naudotojas informuojamas apie sékmingg proceso
uzbaigima, o rezultatai iSsaugomi.

Alternatyvus scenarijus

Nepasirinkus tinkamo dinaminio vaizdo failo, segmentavimo procesas
nevykdomas.

9 lentelé. Panaudojimo atvejis ,,Pateikti vaizdo segmentavimo rezultatg*

Panaudojimo atvejis

Pateikti vaizdo segmentavimo rezultata

Tikslas/UZdavinys Pateikti rezultatg po atlikto vaizdo segmentavimo proceso naudotojo
pasirinktam failui.
Dalyviai Naudotojas.

Pries salyga

Pasirinktas vaizdo failas ir atliktas vaizdo segmentavimo procesas.

SuZadinimo salyga

Naudotojas inicijuoja vaizdo segmentavimo procesg pasirinktam skaitmeniniam
vaizdo failui.

Po-salyga

Pateikiamas galutinis rezultatas po atlikto vaizdo segmentavimo proceso.

Pagrindinis scenarijus

Atlikus vaizdo segmentavimo procesa, haudotojui pateikiamas galutinis
segmentavimo rezultatas.

Alternatyvus scenarijus

Neatlikus vaizdo segmentavimo proceso, naudotojas informuojamas klaidos
pranesimu.

2.4. Statinis sistemos vaizdas

Siame poskyryje esan¢iuose paveiksléliuose pateiktas bendras ir i§skaidytas j skirtingus modulius
sistemos architektiiros vaizdas (Zr. 9 pav.). Kompiuterinés regos kelyje matomo vaizdo
segmentavimo sistemag sudaro keturi pagrindiniai moduliai:

e Jvesties duomeny apdorojimo modulis Input preprocessing;
e Kompiuterinés regos modelio kodavimo modulis Encoder;

e Kompiuterinés regos modelio dekodavimo modulis Decoder;

e Grafings vartotojo sasajos modulis GUI.
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package che\[ Class Diagram ]J
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—device ~file_path s e _drop_paih_rate
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-output ith __Init__L)
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+_int_() operations +forward()
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+load_image()
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+display_image() —| c
+segment_media() =
+update_progress(} 1 ResultWindow Decoder
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+_init__{) -embed_dim -kwargs
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9 pav. Sistemos struktiira

10-ajame paveikslélyje pavaizduotas sistemos modulis Input preprocessing, skirtas paruosti pradinius
skaitmeninius jvesties vaizdus sistemos moduliui Encoder. Sis modulis atsako uZ jvesties vaizdy ir
anotacijy uzkrovimg, dydzio bei formato keitimg ir paruo$img tolimesniam vaizdo apdorojimo

procesui tinkle.

package Model[ Class Diagram ]/J

Input_preprocessing
LoadimageFromFile LeoadAnnotations Resize DefaultFormat
aitnbutes aitnbutes Hributes -
to_floatd2 -reduce_zero_label -img_;-:-:;llelj A cca” (\1
-color_type -file_client_args _multizcale mode f———
-imdecode_backend -imdecode_backend _ratio r‘angTa
-file_client_args — _keep_ ratio Collect
- ALy i attributes
operainans + i
" operaiions -keys
+__imit__() +__call_() +__init__{) -metya keys
+_cal__() +resize_img() —
+resize_seq() il
+__call__() +__init__|
— +_call__{)
"

10 pav. Duomeny paruo$imo modulis

11-ajame paveikslélyje pavaizduotas pagrindinis sistemos Encoder modulis, skirtas iSgauti jvairias
vaizdo savybes i§ jvesties vaizdy. Siame komponente vykdomos jvairios operacijos jvesties
vaizdams, o gauti duomenys perduodami j Decoder modulj, kuriame atlieckama pikseliy klasifikacija.
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Encoder
Mip DWConwv OverlapPatchEmbed
attributes aitnibutes attrnibutes
-in_features -dim -img_size
-hidden_features - -patch_size
-out_features ppEratan -stride
-act_layer +__init_{) -in_chans
-drop +forward() -embed_dim
operations 0.1 operations
+__init__{) +_init__{)
+forward() +forward()
= 0.1
1 1
Block 1
attributes =
1 -dim VisionTransformer
-num_heads attributes
Attention -mip_ratic Py g |mo_size
alirbutes 0.1 -gkv_bias i -in_chans
_dim -gk_gcale -num_classes
o [ -drop -embed_dims
-gkv_bias -attn_drop -num_heads
-gk_scale -drop_path -mip_ratios
-attn_drop -act_layer -depths
-proj: drop -nonn__layer -&r_rafios
-&r_rafio -sr_ratio -drop_rate
- . p—r—— -attn_drop_rate
S Iﬁﬂ;&é dmp_pmh_mt.e
operaans
+forward() LT
+forward_features()
+forward()

11 pav. Sistemos modulis Encoder

12-ajame paveikslélyje pavaizduotas sistemos Decoder modulis. Sis modulis priima skirtingy dydziy
savybiy Zemélapius i§ Encoder modulio, sujungia juos j vieng bendrg savybiy rinkinj ir kiekvienam

skaitmeniniame vaizde esanc¢iam pikseliui priskiria atitinkama klase.

x

| L
Decoder
~ MLP DHead
atinbuies 0.* 1 atirbuies
-imput_dim - -feature_strides
-embed_dim -kwargs
operaiions operaiions
+__init__{) +__imit__{)
+forward() +forward()

12 pav. Sistemos modulis Decoder

13-ajame paveikslélyje pavaizduotas sistemos grafinés vartotojo sasajos modulis GUI.
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SegmentationApp

-config_path
-checkpoint_path
-device

-palette

-model

GUI

SegmentationThread

+__init__({)
+clear_segmented frames()
+load_image()

+ioad video()
+display_image()
+segment_media()
+update_progress()
+open_media_directory()

-progress

-finished

-file_path

-model

-output_dir
-output_video_path

mt_p
+runi)

ResultWindow

-zegmented_image

-original_image_path

+_in'rt_(-j." i
+paintEvent()

13 pav. Sistemos modulis GUI

14-ajame paveikslélyje pavaizduotas kompiuterinés regos modelio veikimo principas. Proceso
pradzioje jvesties vaizdas, pries patenkant j sistemos kodavimo modulj, padalinamas j mazesnes dalis.
Sios vaizdo dalys patenka j pirmaji kodavimo modulio bloka Stage 1, kuriame vyksta vaizdo savybiy
iSgavimas. Po kiekvieno etapo iSgauti vaizdo savybiy zemélapiai perduodami j tolimesnius kodavimo
modulio blokus, kur vyksta sekantis vaizdo savybiy iSgavimo procesas. Atlikus vaizdo savybiy
i§gavima, i§ sistemos kodavimo modulio gaunami keturi skirtingy dydziy savybiy Zemélapiai. Sie
zemélapiai perduodami j sistemos dekodavimo modulj, kuriame jie padidinami iki vienodo dydzio ir
sujungiami ] bendrg savybiy visumga. Galiausiai, naudojant konvoliucinj sluoksnj, atlickamas pikseliy
klasifikavimas, priskiriant kiekvieng pikselj tam tikrai klasei ir spalvai. Proceso pabaigoje gaunamas
galutinis vaizdo segmentavimo Zemélapis, identifikuojantis jvairius objektus skaitmeniniame vaizde.
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Splitting into patches

Encoder
Stage 1 Feature Map Stage 2 Fe_ature Map Stage 3 Fgature Map Stage 4 Fgature Map

Upsampling Upsampling=—

Concatenated
Features

Final
Segmentation
Map

14 pav. Kompiuterinés regos modelio veikimo principas
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2.5. Dinaminis sistemos vaizdas

Siame poskyryje pateiktose veiklos ir seky diagramose pavaizduoti pagrindiniai kompiuterinés regos
kelyje matomo vaizdo segmentavimo sistemos panaudojimo atvejai. Diagramos pateikiamos Siems
panaudojimo atvejams:

— Pasirinkti statinio ar dinaminio vaizdo faila;

—  Atlikti statinio vaizdo segmentavima;

— Atlikti dinaminio vaizdo segmentavima.

Pateikti panaudojimo atvejai sudaro pagrindinj kompiuterinés regos kelyje matomo vaizdo
segmentavimo sistemos funkcionaluma.

2.5.1. Veiklos diagramos

Haudotojas Sistema

W Statinio vaizdo pasirinkimas
N Atidaryti faily
-.J sistemos langa |

Pasirinkti
statinio vaizdo
uzkrovima

Dinaminio vaizdo pasirinkimas

Pasirinkti
dinaminio
Jaizdo Nurodyti

uzkrovima sistemoje -
statinio ar Atvaizduoti
dinaminio pasirinkta
vaizdo faila statinj vaizda

sistemos lange

J, Murodytas statinis vaizdo failas

‘ Infermuaoti

Muredytas dinaminis vaizdo failas naudotojg
pranesimu
apie pasirinkta
dinaminio
vaizdo faila

15 pav. Veiklos diagrama ,,Pasirinkti statinio ar dinaminio vaizdo failg*
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Naudotojas

Sistema

Pasirinkti
statinio vaizdo

failo uzkrovima
-_

" Nurodyti faily |
sistemoje

statinio vaizdo
faila

[ Atvaizduoti

(Inicijuoti vaizdo

pasirinktg
statinj vaizda
pagrindiniame

segmentavimo
process
pasirinktam
statinio vaizdo
failui

lange

 Atlikti

segmentavimag
pasirinktam
statinio vaizdo
failui

Atvaizduoti
galutinj
segmentavimo
rezultaty

\Jf Atidaryti faily
2| sistemos langg

naudotojui

16 pav. Veiklos diagrama ,,Atlikti statinio vaizdo segmentavimg“

Naudotojas

Sistema

Pasirinkti
dinaminio
vaizdo failo
uzkrovima

sistemaoje
dinaminio
vaizdo failg

(Inicijuoti vaizdo
segmentavimo
procesg
pasirinktam
dinaminio
vaizdo failui

[ Atidaryti faily

( Nurodyti k)

= sistemos langa

Informuoti

naudotojg

pranesimu
apie seékmingai

uZkrauta faila

-

Atlikti

segmentavima
pasirinktam
dinaminio
vaizdo failui

Informuoti
naudotojg apie
atlikty
segmentavima
ir issaugoti faila

17 pav. Veiklos diagrama ,,Atlikti dinaminio vaizdo segmentavima‘
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2.5.2. Seky diagramos

: 1: chooges image or video

2. Openg file browser

|
]
|
i
|
3 Returns zelected file ﬂ
]
]
|
]
|
]
]
|
]
|

4: Shows selected file to user

18 pav. Seky diagrama ,,Pasirinkti statinio ar dinaminio vaizdo failg*

GUI Module Encoder Module Decoder Module

I I
| |
| 1: Chooses image file |

2: Sends image for feature extraction b+

3: Generates the final segmentation cutput
4: Returns the segmentation output 'H
5. Shows result to user B — == = = = — = — l ————— gmemation sutedt _ _ _

19 pav. Seky diagrama ,,Atlikti statinio vaizdo segmentavima*



GUI Module

I
1: Chooses video file

5. Shows message to user
E

2. Sends data for processing

Encoder Module

B

4: Returns and =gy

3. Generates segmentation output .

Decoder Module

es segmentation result

20 pav. Seky diagrama ,,Atlikti dinaminio vaizdo segmentavimg‘

2.6. I8déstymo vaizdas

il

Kompiuterinés regos vaizdo segmentavimo sistema gali biiti naudojama asmeniniame naudotojo
kompiuteryje, importuojant GitHub repozitorijos turinj j sistemoje jdiegta PyCharm integruota

kiirimo aplinkg. Rekomenduojami reikalavimai vartotojui kuris naudosis sistema:

— Ubuntu 20.04 operaciné sistema;
— 4 fiziniy branduoliy procesorius;
— 8 GB RAM operatyvioji atmintis;
— Nvidia grafinio apdorojimo procesorius su CUDA palaikymu.

GitHub repoziterija

aartifacts

Kelyje matomao vaizdo segmentavimo sistema

&

Ly
A
N

Operaciné sistema

Sistemos naudotojo kompiuteris

Faily sistema

aartifacts
Kelyje matomo vaizdo segmentavimo sistema

O

wartifacts 0
Skaitmeniniai vaizdo duomenys

21 pav. I8déstymo diagrama
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3. Eksperimentiné dalis

Eksperimentin¢je dalyje aprasomos atliktos kompiuterinés regos modelio modifikacijos,
eksperimentinés salygos ir gauti rezultatai. Skyriaus pabaigoje pateikiamas rezultaty apibendrinimas.

3.1. Duomeny rinkinys

Visi Siame skyriuje apraSyti eksperimentai ir sistemos apmokymai buvo atlikti naudojant placiai
zinoma Cityscapes duomeny rinkinj. Sis duomeny rinkinys naudojamas kompiuterinés regos kelyje
matomo vaizdo segmentavimo modeliy lyginamajai analizei atlikti. Naudojama duomeny rinkinio
dalis sudaryta i§ 5000 aukstos kokybés pikseliy lygyje anotuoty miesto vaizdy, kurie buvo uzfiksuoti
50 skirtingy Vokietijos miesty. Kiekvienas duomeny rinkinio skaitmeniniame vaizde esantis pikselis
priskirtas vienai i§ 19 skirtingy kategorijy, atspindin¢iy mieste esan¢ius objektus ir aplinkos detales.
Modelio apmokymui naudojamas duomeny rinkinys suskirstytas j tris skirtingas dalis:
—  Mokymo dalis (2975 vaizdai): Sis duomeny poaibis naudojamas kompiuterinés regos modelio
apmokymo metu;
— Validacijos dalis (500 vaizdy): Si duomeny rinkinio dalis naudojama modelio apmokymo
metu vertinti sistemos treniravimo progresa ir naSuma;
—  Testavimo dalis (1525 vaizdai): Sis duomeny poaibis naudojamas galutiniam modelio
tikslumo jvertinimui, pateikiant sistemai dar nematytus skaitmeninius duomenis.

22 pav. Vaizdai i§ Cityscapes duomeny rinkinio

Pateiktame 22-ajame paveikslélyje yra keletas pavyzdziy i§ Cityscapes duomeny rinkinio, Kuris
naudojamas modelio apmokymo ir testavimo metu. Pateiktuose paveiksléliuvose galima matyti
skirtingus objektus ir aplinkg mieste. Visa informacija apie naudojamg duomeny rinkinj ir pilng klasiy
sarasa, kuris buvo naudojamas kompiuterinés regos modelio apmokymo metu, yra viesai pasiekiama
internete.
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3.2. Kodavimo modulis

Sistemos kodavimo modulyje pagrindinis vaizdo savybiy iSgavimo tinklas paremtas
MixVisionTransformer architektiiros principu. Kiekvienoje apraSytoje sistemos modifikacijoje
naudojamas tos pacios architekttiros vaizdo savybiy iSgavimo tinklas, tik su skirtingais konfigiiracijos
parametrais. Siame poskyryije pateikiama i§samesn¢ informacija apie vidine tinklo struktiira.

MixVisionTransformer vaizdo savybiy iSgavimo tinkle jvesties vaizdas pradiniame etape
suskaidomas | mazesnius fragmentus, naudojant Overlap Patch Embedding modulj, kuris taiko 7x7
dydzio konvoliucinj filtra su Stride parametro reik§me 4. Sis procesas leidZia jvesties vaizda padalinti
1 persidengiancius fragmentus, kuriy kiekvienas pirmajame kodavimo modulio etape paver¢iamas ]
64 kanaly savybiy Zemélapj. Vélesniuose kodavimo modulio etapuose taikomas 3x3 dydzio
konvoliucinis filtras su Stride parametro reikSme 2. Naudojamas procesas leidZia sumazinti
rezoliucija ir padidinti kanaly skai¢iy. MixVisionTransformer tinklo mit_bl konfigiracijoje,
keturiuose vaizdo savybiy iSgavimo etapuose, gaunami skirtingo kanaly skaiCiaus savybiy
zemélapiai:

— 1 etapas (cl): 64 kanalai;

— 2 etapas (c2): 128 kanalai;

— 3 etapas (c3): 320 kanalai;

— 4 etapas (c4): 512 kanalai.

10 lentelé. MixVisionTransformer_b1 tinklo konfigtracijos parametrai

Parametras Reiksmé ApraSymas

Number of heads [1,2,5, 8] Démesio mechanizmy skaicius Kiekviename etape.
MLP ratio [4,4,4,4] Savybiy i$plétimo koeficientas.

Depth [2,2,2, 2] Transformatoriaus bloky skai¢ius kiekviename etape.
Spatial reduction ratio [8,4,2, 1] Erdvés sumazinimo koeficientas.

Pateiktoje 10-0je lenteléje nurodyti MixVisionTransformer vaizdo savybiy iSskyrimo tinklo
parametrai, naudojant mit_bl konfigtracijos nustatymus. Kickviename vaizdo savybiy iSskyrimo
etape naudojami du transformatoriaus blokai, kurie apdoroja jvesties duomenis ir iSskiria reikSmingas
savybes. Be to, kickviename transformatoriaus bloke naudojamas skirtingas démesio mechanizmy
skaiCius. Kiekvienas tinklo etapas, dydzio sumazinimui taiko skirtingg erdvés sumazinimo
koeficienta. Proceso pabaigoje iSgautiems vaizdo savybiy zemélapiams atliekama normalizacija.
Siame vaizdo savybiy i§gavimo tinkle pradiniai etapai iSgauna smulkias vaizdo detales, o vélesni
etapai — vis abstraktesnes ir aukstesnio lygio vaizdo savybes. Tolimesniame procese galutiniai vaizdo
savybiy zemélapiai, gauti i$ $io tinklo, perduodami j sistemos dekodavimo modulj, kuriame vykdoma
tolimesne pikseliy klasifikacija.
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3.3.  Pirmoji sistemos modifikacija

Siame poskyryje aprasoma modifikuota sistemos versija, kurioje naudojamas MixVisionTransformer
vaizdo savybiy iSskyrimo tinklas su mit_b3 konfigiiracijos nustatymais. Atlickant Siame poskyryje
aprasyta kompiuterinés regos modelio modifikacija, sistemos apmokymui buvo naudojami tik
Cityscapes duomeny rinkinio duomenys. Pagrindiniame vaizdo savybiy iSskyrimo tinkle
eksperimento metu naudojami konfigtiracijos nustatymai, kurie pateikti 11 lenteléje.

11 lentelé. MixVisionTransformer_b3 tinklo konfigtiracijos parametrai

Parametras Reik$mé Aprasymas

Number of heads [1,2,5,8] Démesio mechanizmy skaiéius kiekviename etape.
MLP ratio [4,4,4,4] Savybiy i$plétimo koeficientas.

Depth [3, 4,18, 3] Transformatoriaus bloky skaic¢ius kiekviename etape.
Spatial reduction ratio [8, 4,2, 1] Erdvés sumazinimo koeficientas.

3.3.1. Modifikacijos apraSymas

Atlikus sistemos kodavimo modulyje vaizdo savybiy iSgavimo procesg, sistemos dekodavimo
modulis gauna keturiy skirtingy dydZiy savybiy Zemélapius. Tolimesniame etape Siame sistemos
modifikacijos variante savybiy Zzemélapiai transformuojami j 256 matmeny erdve, naudojant MLP
modulius. Po $io proceso skirtingo dydzio savybiy Zemélapiai transformuojami j vienodg rezoliucijg
ir sujungiami j bendrg kanaly erdve. Tolimesniame dekodavimo modulio procese pritaikomi Depth
wise separable convolution sluoksniai. Galiausiai naudojant vieno pikselio konvoliucijos operacija
yra sukuriamas galutinis segmentavimo zemelapis.

3.3.2. Eksperimenty salygos

12-o0je lenteléje pateikti kompiuterinés regos modelio konfigiiracijos nustatymai, naudoti sistemos
apmokymo metu. Sioje sistemos modifikacijoje bendras kompiuterinés regos modelio parametry
skaiCius tinkle siekia 44,61 milijono. Klasifikavimas vykdomas j 19 skirtingy klasiy, identifikuojant
jvairius objektus ir aplinkg skaitmeniniuose vaizduose. Modelio mokymo procese buvo naudojami
512 x 512 pikseliy dydzio jvesties vaizdai. Modelio mokymosi grei¢io parametras buvo nustatytas
0,00005. Eksperimento metu modelio parametry atnaujinimui buvo naudojamas AdamW
optimizavimo algoritmas. Sistemos mokymosi iteracijy skai¢ius nustatytas 160 000. Kompiuterinés
regos modelio tikslumui vertinti pasirinkta vidutiné persidengimo metrika mloU. Eksperimento metu
naudojama CrossEntropyLoss nuostolio funkcija.

12 lentelé. Pirmosios sistemos modifikacijos konfigtiracijos parametrai

Parametras ReikSmé Aprasymas

Model Size 44,61 min. Bendras modelio parametry skaicius.

Training Image Size 512 x 512 Vaizdo dydis naudojamas modelio apmokymo metu.
Number of Classes 19 Klasifikuojamy klasiy skaicius.

Learning Rate 0,00005 Modelio mokymosi grei¢io hiperparametras.

Optimizer Adamw Optimizavimo algoritmas modelio parametry atnaujinimui.
Training Iterations 160 000 Modelio mokymo iteracijy skaicius.

Accuracy metric mloU Modelio tikslumo vertinimo metrika.
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Loss Function CrossEntropyLoss Nuostolio funkcija, matuojanti skirtuma tarp tikry ir modelio
prognozuojamy reikSmiy.

3.3.3. Rezultatai

23-ajame paveikslélyje pateiktas nuostolio funkcijos CrossEntropyLoss parametro pokytis,
kompiuterinés regos modelio apmokymo metu. I$ pateiktos informacijos galime pastebéti, kad
treniravimo proceso eigoje nuostolio funkcijos reik§mé nuosekliai mazéjo nuo pradinés 0,52 iki 0,15
ribos paskutinése modelio treniravimo iteracijose.
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23 pav. Pirmosios sistemos modifikacijos treniravimo procesas

13-0je lenteléje pateikiamos kickvienos klasifikuojamos klasés tikslumo metrikos. IS pateikty
duomeny galime matyti kiekvienos klasés tikslumg pagal persidengimo ir pikseliy tikslumo metrikas.
Pateikta pirmoji loU metrika nurodo, kaip tiksliai modelio spéjamos pikseliy reik§més sutampa Su
tikrosiomis reik§mémis. TreCiajame stulpelyje galime matyti, kiek tiksliai pikseliy kiekvienoje
klas¢je modelis suklasifikavo.

13 lentelé. Pirmosios sistemos modifikacijos tikslumo metrikos

Klasé IoU (%) Pikseliy tikslumas (%)
Road 96,80 98,63
Car 93,94 97,23
Sky 92,36 95,07
Vegetation 92,19 96,86
Building 90,84 96,66
Person 80,68 88,73
Bus 77,65 87,00
Sidewalk 76,82 86,02
Traffic Sign 76,28 82,97
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Bicycle 75,85 86,91
Truck 74,18 80,17
Traffic Light 67,62 78,79
Train 66,04 79,17
Motorcycle 64,85 76,83
Terrain 60,89 65,92
Pole 60,15 68,87
Rider 58,70 77,80
Wall 50,81 56,66
Fence 48,41 53,78

3.3.4. Kokybiné analizé

Pateiktame 24-ajame paveikslélyje yra kompiuterinés regos sistemos kokybiniai rezultatai.
Nuotraukose yra atlickamas kelyje matomo vaizdo semantinis segmentavimas su Siame poskyryje
apraSyta sistemos modifikacija. Kairéje nuotraukos puséje galime matyti originaly vaizda, viduryje
yra pateikiamos tikrosios objekty ir aplinkos lokacijos, deSin¢je nuotraukos puséje yra modelio atlikti
segmentavimo rezultatai.

24 pav. Pirmosios sistemos modifikacijos kokybiniai rezultatai

IS pateikty sistemos rezultaty galima pastebéti, kaip kompiuterinés regos modelis, turintis 44,61
milijono parametry, geba aptikti jvairius objektus ir aplinkg mieste. Pagrindiniai objektai ir aplinkos
detalés, tokie kaip automobiliai, keliai, Saligatviai ir Zmonés, trumpame nuotolyje aptinkami
pakankamai geru tikslumu. Taip pat i§ smulkiy detaliy galime pastebéti, kad kompiuterinés regos
modelis kai kuriais atvejais trumpame nuotolyje stokoja tikslumo atskiriant kelio ir Saligatvio ribas.

Apibendrinant galima teigti, kad $iame poskyryje aprasytas sistemos modifikacijos eksperimentas
parodé teigiamus segmentavimo rezultatus. Modelio apmokymo metu nuostolio funkcijos
CrossEntropyLoss reikSmeés nuosekliai mazéjo nuo pradinés 0,52 iki 0,15. IS pateikto modelio
mokymosi grafiko galima teigti, kad procesas buvo sékmingas. Analizuojant tikslumo metrikas,
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galima pastebéti, kad kompiuterinés regos modelis aptinka objektus ir aplinka, tokius kaip keliai,
automobiliai, pastatai ir augmenija aukstesniu nei 90% tikslumu. Taciau, kaip ir dauguma kity
semantinio segmentavimo modeliy, sistema prasCiausiai segmentuoja tokias klases kaip tvoros,
sienos ir stulpai. Siy klasiy aptikimas yra vienas sudétingiausiy dél esandiy objekty jvairovés ir
dydzio. Atlikta kokybiné modelio analizé patvirting, kad sistema geba sékmingai identifikuoti
pagrindinius objektus ir aplinkg trumpoje distancijoje. Apibendrinant galima teigti, kad atliktas
sistemos eksperimentas pademonstravo gerus vaizdo segmentavimo rezultatus. Modelis, turintis 44
milijonus parametry, pasieké 73,95 % vidutinés persidengimo metrikos tikslumo rezultats.

3.4. Antroji sistemos modifikacija

Antroje sistemos modifikacijoje apraSoma sistemos versija, naudojanti MixVisionTransformer vaizdo
savybiy iSskyrimo tinklag su mit_bl konfigliracijos nustatymais. Sistemos apmokymui buvo
naudojami tik Cityscapes duomeny rinkinio skaitmeniniai duomenys. Pagrindinio vaizdo savybiy
18skyrimo tinklo konfigiiracijos nustatymai pateikti 14 lentel¢je.

14 lentelé. MixVisionTransformer_b1 tinklo konfigtiracijos parametrai

Parametras Reik$mé AprasSymas

Number of heads [1,2,5,8] Démesio mechanizmy skaicius Kiekviename etape.
MLP ratio [4,4,4,4] Savybiy iSplétimo koeficientas.

Depth [2,2,2,2] Transformatoriaus bloky skai¢ius kiekviename etape.
Spatial reduction ratio [8,4,2,1] Erdvés sumazinimo koeficientas.

3.4.1. Modifikacijos aprasymas

Siame poskyryje apraytos sistemos modifikacijoje dekodavimo modulis sukurtas efektyviai sujungti
skirtingy matmeny vaizdo savybes, gautas i§ vaizdo savybiy iSskyrimo tinklo. Proceso pradzioje
gautos vaizdo savybés i§ sistemos kodavimo modulio konvertuojamos j bendrg savybiy erdve,
naudojant konvoliucinius sluoksnius, normalizacijg ir ReLU aktyvacijos funkcijg tiesiSkumo
pasalinimui. Sis procesas uztikrina, kad i§ sistemos kodavimo modulio gautos skirtingo dydZio vaizdo
savybés bty paruostos tolimesniam sujungimo etapui. Kai vaizdo savybés yra sujungtos j bendra
savybiy erdve, pradedamas hierarchinis savybiy sujungimo procesas. Proceso pradZioje maZziausios
abstrakcijos lygio mazos rezoliucijos savybés padidinamos naudojant bilinearing interpoliacijg, kad
atitikty aukStesnés rezoliucijos savybiy zemélapi, gautg 1§ sistemos kodavimo modulio.
Tolimesniame etape naudojamas démesio mechanizmas, $iy savybiy efektyviam sujungimui. Atlikus
hierarchinj savybiy sujungimo procesa naudojant démesio mechanizmus, gautas aukstos raiskos
savybiy zemélapis papildomai apdorojamas naudojant vieno pikselio konvoliucijos sluoksnj, siekiant
sugeneruoti galutinj segmentavimo Zemelapj, kuriame kiekvienam skaitmeniniame vaizde esan¢iam
pikseliui priskiriama atitinkama klasé.

3.4.2. Eksperimenty salygos

Pateiktoje 15-oje lenteléje yra kompiuterinés regos modelio konfigliracijos parametrai, naudoti
sistemos apmokymo metu. Sioje kompiuterinés regos modelio modifikacijoje bendras tinklo
parametry skaiCius siekia 17,16 milijono. Klasifikavimas atliekamas pagal Cityscapes duomeny
rinkinio standartg, suskirstant j 19 skirtingy klasiy ir aptinkant jvairius objektus bei aplinkg
skaitmeniniuose vaizduose. Modelio apmokymo metu buvo naudojamas 768x768 pikseliy jvesties
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vaizdo dydis su nustatyta mokymosi grei¢io parametro reikSme 0,00005. Treniravimo metu
naudojamas AdamW parametry atnaujinimo algoritmas. Pirminio apmokymo etape modelio
mokymosi iteracijy skai¢ius buvo nustatytas 160 000. Be to, atliktas papildomas bandymas apmokyti
modelj iki 200 000 iteracijy, siekiant jvertinti, ar tolesnis mokymosi procesas iSlicka efektyvus.
Kompiuterinés regos modelio tikslumo jvertinimui pasirinkta naudoti vidutiné persidengimo metrika
mloU. Modelio treniravimo metu naudojama CrossEntropyLoss nuostolio funkcija.

15 lentelé. Antrosios sistemos modifikacijos konfigiiracijos parametrai

Parametras Reik$mé ApraSymas

Model Size 17,16 min. Bendras modelio parametry skaicius.

Training Image Size 768 x 768 Vaizdo dydis naudojamas modelio apmokymo metu.

Number of Classes 19 Klasifikuojamy klasiy skai¢ius.

Learning Rate 0,00005 Modelio mokymosi grei¢io hiperparametras.

Optimizer Adamw Optimizacijos algoritmas modelio parametry atnaujinimui.

Training Iterations 200 000 Modelio mokymosi iteracijy skaicius.

Accuracy metric mloU Modelio tikslumo vertinimo metrika.

Loss Function CrossEntropyLoss Nuostolio funkcija, matuojanti skirtuma tarp tikry ir modelio
prognozuojamy reikSmiy.

3.4.3. Rezultatai

25-ajame paveikslélyje pavaizduotas kompiuterinés regos modelio nuostolio funkcijos
CrossEntropyLoss reikSmés pokytis treniravimo proceso metu. Pateiktame grafike matyti, kaip
sistemos nuostolio parametro reik§més nuosekliai mazéjo viso treniravimo metu, pasiekdamos 160
000 iteracijy ribg. Paskutinése modelio mokymosi iteracijose nuostolio parametras sumazéjo nuo 0,23
iki 0,11. Papildomas sistemos apmokymas iki 200 000 iteracijy nedavé teigiamo efekto, nes nuostolio
parametro reikSmés isliko nepakitusios.
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25 pav. Antrosios sistemos modifikacijos treniravimo procesas
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16-0je lenteléje pateikiamos kiekvienos klasifikuojamos klasés tikslumo metrikos. Lentelés
antrajame stulpelyje pateikiami sistemos persidengimo metrikos loU rezultatai, kurie rodo, kaip
tiksliai modelio prognozuojamos pikseliy reikSmés atitinka tikrasias reikSmes. Treciajame stulpelyje
pateikiamos pikseliy tikslumo metrikos, nurodancios kiek tiksliai modelis suklasifikavo pikseliy
kiekvienoje klaséje. Remiantis Siomis metrikomis, galima jvertinti modelio veikimo efektyvumg ir
gebéjima tiksliai atpazinti jvairius objektus bei miesto aplinka.

16 lentelé. Antrosios sistemos modifikacijos tikslumo metrikos

Klasé ToU (%) Pikseliy tikslumas (%)
Road 97,93 98,93
Sky 94,54 98,15
Car 94,46 98,01
Vegetation 92,43 96,84
Building 92,16 96,43
Sidewalk 83,39 91,63
Person 80,90 91,60
Bus 80,04 85,36
Truck 79,17 84,65
Traffic Sign 78,83 85,16
Bicycle 76,71 87,72
Traffic Light 70,19 81,64
Motorcycle 65,86 76,66
Train 64,97 69,36
Terrain 63,02 69,89
Pole 62,83 72,81
Fence 59,84 70,10
Rider 59,45 71,76
Wall 55,14 62,86

3.4.4. Kokybiné analizé

Pateiktame 26-ajame paveikslélyje yra atliktos sistemos modifikacijos kokybiniai rezultatai.
Nuotraukose yra atlickamas kelyje matomo vaizdo semantinis segmentavimas su Siame poskyryje
apraSyta sistemos modifikacija. Kairéje nuotraukos pus¢je galima matyti originaly vaizda, viduryje
yra pateikiamos tikrosios objekty ir aplinkos lokacijos, deSin¢je pus¢€je yra modelio atlikti
segmentavimo rezultatai.
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26 pav. Antrosios sistemos modifikacijos kokybiniai rezultatai

Pateiktame 26-ajame paveikslélyje galima matyti atliktos sistemos modifikacijos vaizdo
segmentavimo rezultatus ir gebéjimg aptikti jvairius objektus ir aplinkg mieste. Rezultatai yra gauti
su kompiuterinés regos modeliu kuris turi 17,16 milijono parametry. IS pateikty segmentavimo
rezultaty galima pastebéti, kaip sistema geba aukstu tikslumu aptikti jvairius objektus ir aplinkos
detales skaitmeniniuose vaizduose. Poskyryje apraSyta kompiuterinés regos modelio modifikacija turi
du kartus maziau parametry nei pirmoji sistemos versija, taciau pasiekia aukstesnj 76,41 % vidutinés
persidengimo metrikos tikslumo rezultatg. Galima teigti, kad Sis kompiuterinés regos algoritmas yra
efektyvesnis ir tikslesnis. Sios kompiuterinés regos modelio modifikacijos apmokymo metu nuostolio
funkcijos CrossEntropyLoss reiksmés nuosekliai mazéjo viso treniravimo proceso metu, kol pasieké
0,11 riba. I§ pateikto modelio apmokymo grafiko galima matyti, kad sistemos apmokymas iki 160
000 iteracijy ribos buvo efektyvus. Pateikti sistemos kokybiniai rezultatai rodo, kad sistema geba
pakankamai tiksliai aptikti pagrindinius objektus ir aplinkos detales mieste. Si kompiuterinés regos
modelio modifikacija aptinka kelig ir automobilius atitinkamai 97,93 % ir 94,46 % tikslumu. PanaSiai
kaip ir dauguma kity kompiuterinés regos modeliy, §i sistema labiausiai stokoja tikslumo aptinkant
tokius objektus kaip stulpai, tvoros ar sienos. Visumoje galima teigti, kad poskyryje pateikta
kompiuterinés regos algoritmo modifikacija yra pakankamai efektyvi ir tiksli aptinkant jvairius
objektus ir aplinkg. Si kompiuterinés regos modelio modifikacija, turinti 17,16 milijono parametry,
pasiekia 76,41 % tiksluma naudojant Cityscapes duomeny rinkinj.

3.5. Tredioji sistemos modifikacija

TreCioje sistemos modifikacijoje apraSoma kompiuterinés regos modelio versija, naudojanti
MixVisionTransformer vaizdo savybiy iSskyrimo tinklag su mit_b4 konfigiiracijos nustatymais.
Sistemos apmokymui buvo naudojami tik Cityscapes duomeny rinkinio duomenys. Pagrindinio
vaizdo savybiy iSskyrimo tinklo konfigiiracijos nustatymai pateikiami 17 lentel¢je.
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17 lentelé. MixVisionTransformer_b4 tinklo konfigiiracijos parametrai

Parametras ReikSmé ApraSymas

Number of heads [1,2,5, 8] Démesio mechanizmy skaicius kiekviename etape.
MLP ratio [4,4,4,4] Savybiy isplétimo koeficientas.

Depth [3,8, 27, 3] Transformatoriaus bloky skaic¢ius kiekviename etape.
Spatial reduction ratio [8,4,2, 1] Erdvés sumazinimo koeficientas.

3.5.1. Modifikacijos apraSymas

Sioje kompiuterinés regos modelio modifikacijoje naudojamas dekodavimo modulis su démesio
mechanizmais, siekiant efektyviai sujungti skirtingas vaizdo savybes, gautas 1§ pagrindinio vaizdo
savybiy i§skyrimo tinklo. Atliktoje dekodavimo modulio modifikacijoje vaizdo savybés i$ sistemos
kodavimo modulio konvertuojamos i vienoda 768 savybiy erdve, naudojant 1x1 konvoliucinius
sluoksnius, gruping normalizacijg ir ReLU aktyvacijos funkcijg. Taip siekiama uzZtikrinti, kad visi
vaizdo savybiy zemélapiai turéty vienodg kanaly skaiciy ir biity tarpusavyje palyginami tolimesniame
procese. Sistemos dekodavimo modulio modifikacijoje, hierarchiniame vaizdo savybiy sujungimo
etape, zemiausios rezoliucijos vaizdo savybés bilinearinés interpoliacijos biidu padidinamos iki
aukstesnés rezoliucijos, kurios véliau naudojamos sekan¢iame vaizdo savybiy iSskyrimo tinklo etape.
Sioje dekodavimo modulio modifikacijoje taip pat naudojami démesio mechanizmai. Pagrindiniai
atliktos modifikacijos komponentai atlieka Sias funkcijas:

— Vaizdo savybiy konvertavimg j bendrg 768 savybiy erdve;

— Hierarchinj vaizdo savybiy sujungimg naudojant démesio mechanizmus;

— Sujungty vaizdo savybiy apdorojimag taikant konvoliucinius sluoksnius;

— Galuting vaizdo pikseliy klasifikacija, generuojant segmentavimo Zzemeélapi.

Siame poskyryje aprasyta dekodavimo modulio modifikacija leidzia efektyviai sujungti jvairiy lygiy
vaizdo savybes, atpazinti svarbias vaizdo sritis ir pasiekti auks$tg segmentavimo tiksluma.

3.5.2. Eksperimenty salygos

Sio skyrelio 18-0je lenteléje pateikti kompiuterinés regos modelio konfigiiracijos nustatymai, naudoti
sistemos apmokymo metu. Paskutinéje atliktoje sistemos modifikacijoje bendras tinklo parametry
skaiCius virSija 95 milijonus. Eksperimento metu klasifikavimas vykdomas taip pat, kaip ir pries tai
aprasytuose eksperimentuose j 19 skirtingy klasiy, laikantis Cityscapes duomeny rinkinio standarto.
Kompiuterinés regos modelis buvo apmokytas naudojant 512x512 pikseliy jvesties vaizdus.
Mokymosi grei¢io hiperparametras nustatytas 0,00005. Sistemos treniravimui buvo naudojamas
AdamW optimizavimo algoritmas. Sistemos apmokymui buvo nustatyta 160 000 iteracijy. Vaizdo
segmentavimo modelio tikslumo jvertinimui naudojama CrossEntropyLoss nuostolio funkcija.

18 lentelé. Treciosios sistemos modifikacijos konfigtiracijos parametrai

Parametras ReikSmé AprasSymas

Model Size 95,29 min. Bendras modelio parametry skaicius.

Training Image Size 512 x 512 Vaizdo dydis naudojamas modelio apmokymo metu.
Number of Classes 19 Klasifikuojamy klasiy skaicius.

Learning Rate 0.00005 Modelio mokymosi grei¢io hiperparametras.
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Optimizer AdamwW Optimizacijos algoritmas modelio parametry atnaujinimui.
Training Iterations 160 000 Modelio mokymosi iteracijy skaicius.

Accuracy metric mloU Modelio tikslumo vertinimo metrika.

Loss Function CrossEntropyLoss Nuostolio funkcija, matuojanti skirtuma tarp tikry ir modelio

prognozuojamy reikSmiy.

3.5.3. Rezultatai

27-ajame paveikslélyje pavaizduotas sistemos modifikacijos nuostolio funkcijos CrossEntropyLoss
reik§més pokytis viso apmokymo proceso metu. Zvelgiant j pateikta grafika, galima matyti, kaip
nuostolio funkcijos reik§més mazéjo viso sistemos apmokymo metu, pasickdamos Zemiausig lygj ties
160 000 iteracijy riba. Galutinése sistemos apmokymo iteracijose nuostolio funkcijos reikSmé
stabilizavosi ties 0,10. D¢l to, tolimesnis treniravimas vir§ 160 000 iteracijy ribos nebuvo vykdomas.
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27 pav. Treciosios sistemos modifikacijos treniravimo procesas

Pateiktoje 19-oje lenteléje pateikiamos kiekvienos objekty ir aplinkos klasés tikslumo metrikos,

gautos taikant Siame skyriuje aprasyta sistemos modifikacija. Pirmame lentelés stulpelyje nurodyta

klasifikuojama klas¢, antrame stulpelyje procentiné persidengimo metrikos reikSmé ir tre¢iame
nurodyta, kiek tiksliai pikseliy kompiuterinés regos modelis tiksliai suklasifikavo.

19 lentelé. Treciosios sistemos modifikacijos tikslumo metrikos

Klasé IoU (%) Pikseliy tikslumas (%)
Road 97,67 97,81
Car 94,28 97,52
Sky 92,63 96,79
Vegetation 92,42 96,65
Building 90,84 96,36
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Bus 90,24 94,50
Train 85,34 89,59
Truck 85,11 93,91
Person 83,72 92,14
Sidewalk 82,75 90,44
Traffic sign 79,94 87,64
Bicycle 78,16 90,45
Motorcycle 73,21 86,68
Terrain 72,04 79,34
Pole 68,81 80,21
Traffic light 68,40 80,09
Rider 62,32 78,01
Fence 59,32 63,53
Wall 50,50 57,65

3.5.4. Kokybiné analizé

Pateiktame 28-ajame paveikslélyje pavaizduoti treCiosios sistemos modifikacijos kokybiniai vaizdo
segmentavimo rezultatai. Pirmame stulpelyje matomas tikrasis gatvés vaizdas, antrajame — tikrosios
objekty ir aplinkos ribos, 0 tre¢iajame stulpelyje yra sistemos modifikacijos segmentavimo rezultatai,
aptinkant jvairius objektus ir aplinkos detales skaitmeniniuose gatvés vaizduose.

28 pav. Treciosios sistemos modifikacijos kokybiniai rezultatai

Pateiktuose sistemos segmentavimo rezultatuose matyti, kaip kompiuterinés regos vaizdo
segmentavimo modelis, turintis daugiau nei 95 milijonus parametry, geba identifikuoti jvairius
objektus ir aplinkos detales gatvés vaizduose. Treciosios sistemos modifikacijos rezultatai rodo, kad
sistema geba pakankamai tiksliai aptikti pagrindinius objektus ir aplinkos detales kelyje. Si sistemos
modifikacija automobilius aptinka didesniu nei 97 % tikslumu, o kelig — didesniu nei 94 % tikslumu.
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Trecioji, didziausia kompiuterinés regos modelio modifikacija, turinti daugiau nei 95 milijonus
parametry, pasieké 79,25 % vidutinés persidengimo metrikos tikslumo rezultatg. IS sistemos
apmokymo proceso rezultaty matyti, kad kompiuterinés regos modelio treniravimas buvo efektyvus.
Siai kompiuterinés regos modelio modifikacijai, kaip ir daugumai kity kompiuterinés regos modeliu,
sunkiausia aptikti tokius objektus kaip tvoros ar sienos, kuriy klasés pasiekia zemiausias tikslumo
metrikas.

3.6. Sistemos modifikacijuy palyginimas

Siame poskyryje apibendrinami ir lyginami atlikty sistemos modifikacijy rezultatai, atsizvelgiant
kompiuterinés regos modelio dydj ir pasiektg vidutinés persidengimo metrikos tikslumo rezultata.
Pateiktoje 20-oje lenteléje yra kiekvienos kompiuterinés regos modelio modifikacijos tinklo dydziai
ir pasiekti vidutinés persidengimo metrikos tikslumo rezultatai.

20 lentelé. Sistemos modifikacijy palyginimas

Modifikacija Parametry skaicius tinkle (min.) mloU (%)
Pirmoji 44,61 73,95
Antroji 17,16 76,41
Trecioji 95,29 79,25

Pirmoji atlikta sistemos modifikacija pasiZymi vidutiniu modelio dydziu. Kompiuterinés regos
modelis sudarytas i$ 44,61 milijono parametry ir pasiekia 73,95 % vidutinés persidengimo metrikos
tikslumo rezultatg. IS visy Siame poskyryje atlikty sistemos eksperimenty, §i sistemos modifikacija
turi vidutinj parametry kiekj tinkle ir pasiekia maziausig tikslumo rezultatg, atliekant kelyje matomo
vaizdo semantin] segmentavima.

Antroji sistemos modifikacija yra pati maziausia, kompiuterinés regos modelis sudarytas i§ 17,16
milijono parametry ir pasiekia 76,41 % vidutinés persidengimo metrikos tikslumo rezultata. Sioje
sistemos modifikacijoje, dekodavimo modulyje yra naudojami démesio mechanizmai. Tai
pakankamai geras kompromisas tarp sistemos efektyvumo ir tikslumo. Salyginai nedidelis parametry
kiekis tinkle, nedidelés atminties ir skaiiavimo resursy sgnaudos. Pagrindiniy objekty ir aplinkos
detaliy aptikimas nedideliu atstumu pakankamai geras. I$ trukumy galima paminéti, kad dél nedidelio
parametry kiekio tinkle gali biiti ribotas geb¢jimas iSmokti sudétingas vaizdo detales. Taciau
jvertinant kompiuterinés regos modelio dydj, pagrindiniy objekty ir aplinkos detaliy aptikimas yra
pakankamai aukstas.

Trecioji sistemos modifikacija yra pati didziausia ir pasiekianti aukSCiausig bendrg vidutinés
persidengimo metrikos tikslumo rezultatg. Dél didesnio parametry kiekio tinkle $i sistemos
modifikacija geba aptikti daugiau jvairiy klasiy aukstesniu tikslumu. Si kompiuterinés regos modelio
modifikacija Sudaryta i§ daugiau nei 95 milijjony parametry tinkle. Modelis nors ir pasiekia
auks$ciausig vidutinés persidengimo metrikos tikslumg su Cityscapes duomeny rinkiniu, taciau $is
modelis turi ir pakankamai dideles atminties ir skai¢iavimo resursy sagnaudas.
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21 lentelé. Sistemos modifikacijy tikslumas skirtingose klasése

Klasé 1 modifikacija 2 modifikacija 3 modifikacija
Road 96,80 % 97,93 % 97,67 %
Car 93,94 % 94,46 % 94,28 %
Building 90,84 % 92,16 % 90,84 %
Person 80,68 % 80,90 % 83,72%
Sidewalk 76,82 % 83,39 % 82,75 %

Pateiktoje 21-oje lenteléje yra kiekvienos atliktos sistemos modifikacijos pasiekiamos tikslumo
metrikos, identifikuojant jvairius objektus ir aplinkos detales skirtingose objekty ir aplinkos klasése.
IS lentelés duomeny galima pastebéti, kad antroji sistemos modifikacija, naudojanti dekodavimo
modulyje démesio mechanizmus, yra pakankamai efektyvus vaizdo segmentavimo algoritmas.
Atsizvelgiant | esamg modelio dydj, kuris sudarytas i§ 17 milijony parametry, $i modifikacija su
Cityscapes duomeny rinkiniu pasiekia bendrg 76,41 % vidutinés persidengimo metrikos tikslumo
rezultatg. IS pateikty duomeny matyti, kad sukurtas kompiuterinés regos algoritmas lenkia kitas
sistemos modifikacijas beveik visose objekty ir aplinkos aptikimo klasése. Geresnj tiksluma pasiekia
tik trecioji sistemos modifikacija klaséje ,,Person , turinti keturis kartus daugiau parametry tinkle.
Antroje sistemos modifikacijoje automobiliai aptinkami didesniu nei 94 % tikslumu, o keliai —
didesniu nei 97 % tikslumu. Palyginus visas tris sistemos modifikacijas, akivaizdu, kad trecioji
pasickia auks¢iausig bendrg tiksluma, taciau reikalauja ir daugiausiai skai¢iavimo resursy. Antroji
modifikacija, turinti 17 milijony parametry tinkle, pasiekia 76,41 % vidutinés persidengimo metrikos
tiksluma, iSsiskiria maziausiu parametry kiekiu tinkle ir nedidelémis atminties bei skai¢iavimo
resursy sgnaudomis.

Pateiktoje 22-oje lenteléje yra sukurto kompiuterinés regos modelio antrosios modifikacijos
palyginimas su rinkoje esanCiais semantinio Segmentavimo modeliais, kurie buvo testuoti su
Cityscapes duomeny rinkiniu. Lenteléje pateikiami naudoti jvesties vaizdo dydziai, parametry
skaiCius tinkle, skai¢iavimo sgnaudos ir vidutinés persidengimo metrikos tikslumo rezultatai.

22 lentelé. Sistemos palyginimas su Kitais rinkoje esanciais modeliais

Modelis Vaizdo dydis Parametry skaicius (mln.) GFLOPs mloU (%)
CSFNet-1 1024 x 512 12,6 86,9 74,8
Sukurtas modelis 512 x 512 17,2 37,9 76,4
DSNet 2048 x 1024 37,5 226,6 82,0
DeepLabV3+ 2048 x 1024 43,5 1444.6 79,6
HRNetV2 + OCR 2048 x 1024 70,3 1206,3 81,6

I8 pateikty kompiuterinés regos modeliy rezultaty lenteléje galima pastebéti, kad antroji sistemos
modifikacija pasiZymi pakankamai nedideliu parametry skai¢iumi tinkle ir nedidelémis skai¢iavimo
resursy sanaudomis, pasieckdama 76,4 % tiksluma su Cityscapes duomeny rinkiniu. Pateikti modeliai,
tokie kaip DeepLabV3+ ir HRNetV2 + OCR, pasiekia geresnj bendra tikslumo rezultata, bet pasizymi
pakankamai didelémis skaiiavimo resursy sgnaudomis. Sukurtos kompiuterinés regos sistemos
rezultatai buvo pristatyti tarptautinéje konferencijoje 1IVUS 2025 metais ir publikuoti zurnale MDPI
Machines (zr. 1 ir 2 priedus).
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ISvados

Atlikus literatliros analiz¢ nustatyta, kad vaizdo segmentavimas skirstomas ] semantings,
objektinés ir panoptinés segmentacijos rusis. Atsizvelgiant j skirtingas segmentavimo rasis,
nuspresta realizuoti kelyje matomo vaizdo semantinio segmentavimo sistema.

Atlikus naudojamy technologijy, architektiiry bei duomeny rinkiniy analiz¢ paaiskéjo, kad
kompiuterinés regos srityje placiausiai taikomos konvoliuciniy neuroniniy tinkly, transformatoriy
ir jy hibridinés architektiiros. Kelyje matomo vaizdo modeliy mokymui daznai naudojami tokie
duomeny rinkiniai kaip Cityscapes, CamVid ir Mapillary Vistas.

Projekto metu buvo sukurtas kompiuterinés regos kelyje matomo vaizdo semantinio
segmentavimo modelis, paremtas transformatoriaus neuroninio tinklo architektiira. Sistemos
apmokymui naudotas Cityscapes duomeny rinkinys.

Atlikus kompiuterinés regos modelio antrosios modifikacijos testavimg su Cityscapes duomeny
rinkiniu, nustatyta, kad 17 milijony parametry turintis modelis pasieké 76,41 % vidutinés
persidengimo metrikos tikslumo rezultata. Antroji sistemos modifikacija pasiZymi maziausiu
parametry skai¢iumi tinkle, taciau, atsizvelgiant j kompiuterinés regos modelio dydj, pasiekia
pakankamai gerg tikslumg daugumoje objekty ir aplinkos klasiy. Nors treCioji sistemos
modifikacija pasizymi aukstesniu bendru tikslumu (79,25 %), d¢l Zymiai didesniy skai¢iavimo
iStekliy poreikio antroji modifikacija vertinama kaip efektyvesné pagal tikslumo ir resursy
sgnaudy santykj.

Palyginus sukurtg kompiuterinés regos modelj su kitais semantinio segmentavimo sprendimais,
nustatyta, kad antroji modifikacija, turinti nedidelj parametry skaiiy ir mazas skai¢iavimo
resursy sgnaudas, yra pakankamai efektyvus kelyje matomo vaizdo segmentavimo algoritmas.
Nors tokie modeliai kaip DeepLabV3+ ar HRNetV2+OCR pasizymi aukStesniu tikslumu, jy
skaiCiavimo resursy poreikis yra gerokai didesnis.
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Urban Road Segmentation with Transformers

Bartas Lisauskas’, Rytis Maskelifinas’
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Abstract

This paper introduces a transformer-based computer vision system for segmenting different urban road scenes.
Detection and understanding of objects in the environment is a critical task for autonomeus vehicles or advanced
self-driving robots. The approach integrates a MiT transformer-based backbone network for feature extraction
with a decoder that incorporates CNN depthwise separable convolution layers, to efficiently fuse features and
reduce computational cost. The system detects and separates different objects and environments into 19 semantic
classes, as defined by the Cityscapes dataset. The computer vision model consists of 44.61 million parameters and
reaches the mean intersection over union of the 73.95% accuracy metric with the Cityscapes dataset. The results
gathered demonstrate the good ability of the model to detect different objects and environments in urban road
scenes. The proposed computer vision system approach demonstrates the balance between good segmentation
accuracy and efficient network structure for more reliable autonomous solutions in complex urban environments.

Keywords
Computer vision, Deep learning, Image processing, Neural networks, Semantic segmentation

1. Introduction

Computer vision is a field of artificial intelligence that teaches computers to understand the world as
humans see it. Using deep learning models and digital image data, systems can accurately identify
and classify objects in various road scene environments, and based on that information, autonomous
systems can make further decisions. Today, computer vision systems help automate processes in various
domains. As with any rapidly evolving field, it is increasingly challenging to keep up with the latest
knowledge. Computer vision systems use neural networks to perform image processing tasks. One
such task is to extract useful information from digital images. Neural networks are applied to object
detection, classification, and segmentation tasks. From an engineering perspective, the goal of computer
vision is to develop autonomous systems that can perform tasks that human beings do, and often do so
more quickly and efficiently.

Image segmentation is one of the most important digital image processing techniques and has been
widely used in the automotive and robotics industries. Road scene segmentation is a critical problem
when computer vision systems are deployed for autonomous driving, pedestrian detection, and traffic
monitoring. In autonomous vehicles, the quality and reliability of computer vision systems are very
important for the safety of the driver and other road users. A precise understanding of traffic participants
or obstacles is essential to prevent potential accidents, and accurate object detection in environments
with many traffic users is a fundamental requirement to achieve safe, efficient, and reliable autonomous
driving. However, developing a system that can reach high precision remains a challenging task.

In recent years, the need for accurate segmentation of the road scene has grown significantly, es-
pecially within the automotive and robotics industries. Autonomous vehicles are highly dependent
on accurate understanding of the surroundings, pedestrians, and obstacles to ensure safe navigation.
According to a 2021 investigation conducted in the US by the National Highway Traffic Safety Ad-
ministration, the results showed that approximately 94% of all car accidents are due to human error
[1].

The automotive and robotics industries have a potential market for different computer vision systems.
The automotive industry is rapidly moving towards the realization of autonomous vehicle technologies.
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The integration of computer vision systems in self-driving cars is expected to continue to drive substan-
tial market growth. According to Forbes, in 2022, investments in the automotive industry to achieve
autonomous driving technologies exceeded 200 billion dollars. In addition, data from 2021 reveal that
more than 80 companies in the United States are actively testing more than 1400 different autonomous
vehicles. This information underscores the potential and critical importance of computer vision systems
in improving the efficiency and safety of autonomous transportation. Autonomous driving systems not
only aim to reduce human driving errors, but can also offer benefits such as more convenient travel,
increased mobility, lower operating costs, increased road safety, and reduced ecological footprints [2, 3].

This paper presents a computer vision system that is specifically developed for the segmentation task
of different road scene environments. The system performs a detailed image analysis by identifying
and classifying various objects and environments on the road and generating segmentation masks for
each detected element in the digital view.

2. Semantic Segmentation task and Modern Approaches

Computer vision is a field of artificial intelligence that focuses on the recognition and processing
of different objects and environments with digital images. Semantic segmentation is the process
of partitioning a digital image into different segments based on shared visual patterns, and it is a
fundamental and challenging task in the field of computer vision. During the segmentation process,
each pixel in the image is identified, and pixels with similar visual characteristics are grouped into the
same classes to differentiate objects from each other and from the background environment. During
the past decade, the rapid evolution of deep learning and neural network architectures has substantially
improved performance in these tasks, and deep learning models have become indispensable for extracting
and processing complex information. For deep learning models, architecture and data set are critical
components, and the choice and quality of these directly affect the accuracy of the systems in the
execution of computer vision tasks [4].

The path to modern semantic segmentation was introduced with early convolutional neural networks
(CNNs). In 1989, French scientist Yann LeCun proposed one of the first CNN architectures, it was called
LeNet-5. The computer vision model was built for the handwritten digit recognition task. This work
not only demonstrated the effectiveness of using CNN architectures for pattern recognition but also
paved the way for their application to more complex tasks, such as image classification. object detection,
or image segmentation. During the past decade, different CNN architectures have become the backbone
of the neural network of different computer vision applications due to their ability to learn hierarchical
representations directly from raw pixel data [5].

Although CNN architectures have been dominating the computer vision field for many years, a
proposed transformer architecture approach in 2017 by Ashish Vaswani changed the situation [6].
The Vision Transformers (ViTs) architecture demonstrated a new approach to the important feature
extraction process by processing images as sequences of patches and using self-attention mechanisms.
This demonstrated approach allowed models to capture long-range dependencies and global context
without the constraints that CNN architecture had with fixed-size convolutional filters. Compared with
many years used CNN architectures, transformer architectures dynamically focus on the most relevant
parts of the image, enhancing robustness to variations in scaling, rotation, or occlusions. In addition,
transformer-based models can scale better with larger amounts of data, making them a competitive
alternative for semantic segmentation tasks. where global scene understanding is critical [7, 8].

Modern semantic segmentation systems now often use these transformer-based methods with con-
ventional CNN techniques. Earlier demonstrated proposals, such as Fully Convolutional Networks
(FCNs), used a different approach by replacing fully connected layers with convolutional layers to enable
end-to-end pixel-wise prediction. When implementing systems in FCNs, encoder-decoder architectures
such as U-net introduced skip connections that recover fine-grained spatial details that were lost during
the downsampling process, while models such as DeepLabV3+ further advanced the field by using
dilated convolutions and spatial pyramid pooling to capture multiscale context effectively [9, 10].
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In addition, recent published approaches have combined the strengths of CNNs and transformers in
hybrid architectures. These models use the efficiency of CNNs for local feature extraction together with
the transformer’s ability to integrate global contextual information using self-attention mechanisms.
Using this type of combination allows for a more accurate segmentation process, particularly in complex
scenes such as urban road environments where precise object boundaries and contextual information
are essential [11].

In summary, the evolution from the proposed first CNN architecture model LeNet-5 to modern
transformer-based architectures today shows significant progress in the field of computer vision, per-
forming different computer vision tasks. Today's state-of-the-art models can achieve high-accuracy
results with different image segmentation tasks. Transformer-based architecture models has an advan-
tage with improved global context understanding by using self-attention transformer mechanisms. By
integrating of these advantages it is possible to reach good results in the semantic segmentation task,
which leads to more accurate and efficient computer vision systems.

3. Methods and Dataset

In this section all the details are provided about the structure of architecture, configuration settings for
training and evaluating phases of the computer vision model. In addition, more detailed information is
provided about the data set that was used for the training and evaluation steps.

3.1. Dataset

For the experiments which were made with the computer vision model, only the Cityscapes dataset
was used. This data set is widely known for benchmarking purposes for many computer vision models
in image segmentation tasks. The whole data set consists of 5000 high-resolution images, which were
recorded in 50 different cities across Germany. Each pixel in each image is annotated in one of 19
semantic classes such as road, vehicles, pedestrians, traffic signs, or sidewalks. The Cityscapes dataset
has three different data splits:

« Training set: 2975 images that are used in the training process of a computer vision model.

« Validation set: 500 images that are used during the training process to evaluate the model and
monitor performance during the training phase.

« Test set: 1525 images that are used for the final evaluation process phase, to gather information
on the accuracy metrics of the trained model with unseen images.

Figure 1: Sample images from Cityscapes dataset across different Germany cities.

In Figure 1, we can see the images provided from the Cityscapes dataset with different landscape
scenes in urban areas. All information on the data set used in the training and evaluation phases
of the model and the full list of semantic classes with annotation examples is publicly available at
https://www.cityscapes-dataset.com/.
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3.2. Configuration Details

The proposed computer vision transformer-based road scene segmentation model is implemented using
the mmsegmentation framework codebase. The model consists of an encoder-decoder architecture
and uses MiT b3 configuration settings in the encoder module [8]. The system encoder module is
pre-trained on ImageNet-1k dataset for better feature extraction task. To improve model accuracy
and generalization, in the training process, data augmentation techniques were applied using only a
Cityscapes dataset. In the training process, additional functionality was used for random horizontal
flipping, cropping, and scaling. The crop size of 512 x 512 pixels was chosen during the training phase.
At inference time, the entire image testing strategy was used to generate segmentation predictions. The
computer vision model was trained using an AdamW optimization algorithm with an initial learning
rate set to 0.00005. Due to GPU resource constraints, a batch size of 1 image was used in the training
process. The training schedule was set for 160 000 iterations. The performance of the model was
evaluated using the widely used mean intersection-over-union (mloU) accuracy metric.

3.3. Decoder

The decoder in the system receives four different sets of feature maps with different resolution from the
encoder after the feature extraction process. Later these feature maps are projected into a 256 lower
dimensional embedding space by using multi-layer perceptron modules. After this projection, different
features are resized to the same spatial resolution and concatenated along the channel dimension.
The combined feature map is processed by a depth-wise separable convolutional layer. This layer
first performs a spatial convolution on each channel independently and then applies a pointwise
1x1 convolution to fuse the information across different channels. Using this approach, an efficient
multiscale feature fusion process is possible. Finally, in the decoder part, a dropout layer is applied for

better regularization, and a 1x1 convolutional layer produces the final output of the segmentation map.

4. Results

This section provides results of the computer vision road scene segmentation model. In the following,
information is provided on the results of the model training process, global accuracy, and finer per-class
accuracy metrics. Qualitative visual results are also provided to better understand how the system is
capable of detecting different objects and environments with the road scene images.

4.1. Training Process

During the computer vision model training process, the training schedule was set to 160 000 iterations.

No further training process was conducted beyond 160 000 iterations line. Model training was performed
using AdamW optimizer and CrossEntropyLoss function. In Figure 2, the training phase graph is
provided to better understand how the model reduced the loss parameter during the training cycle.
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Figure 2: Graph with model training loss values over 160 000 iterations.

The information provided in Figure 2 is gathered from the training logs. It is clearly visible that the
model loss parameter was steadily decreasing throughout the training cycle, up to the 160.000 iteration
line. From the initial loss of 2.12 to the final phases, where it reached approximately 0.15 at the end of
the training cycle. The model best performance was reached at the 160 000 iterations line.

4.2, Per-Class Performance

The computer vision model segments scenes into 19 classes according to the standard of the cityscape
data set. In the table below, an intersection over union and accuracy metrics is provided for each class.

Table 1
Per-Class Performance Metrics
Class loU (%) Accuracy (%)
Road 96.80 98.63
Car 93.94 97.23
Sky 92.36 95.07
Vegetation 92,19 96.86
Building 90.84 96.66
Person 80.68 88.73
Bus 77.65 87.00
Sidewalk 76.82 86.02
Traffic Sign 76.28 82.97
Bicycle 75.85 86.91
Truck 74.18 80.17
Traffic Light 67.62 78.79
Train 66.04 7917
Motorcycle 64.85 76.83
Terrain 60.89 65.92
Pole 60.15 68.87
Rider 58.70 77.80
Wall 50.81 56.66
Fence 48.41 53.78

From the data provided in Table 1, it is clear that the system can detect objects and elements of the
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environment, such as roads, cars, the sky, vegetation, and buildings, with a high precision above 90%.

Road and car classes reach the highest accuracy metrics. Still, there is room for improvement in the
future with other vehicle classes that have medium accuracy results. In addition, classes with lowest
accuracy metrics are the most difficult to detect for many computer vision models. It is a challenging
task when a distinction is needed between the wall and the fence, but the accuracy can be improved
with additional data or the modified architecture with the bigger neural network.

4.3. Global Metrics

To obtain the overall performance accuracy results, the computer vision model was evaluated on the
Cityscapes validation set with 500 images to get the global accuracy results. The following global
accuracy metrics were collected:

+ Mean IoU (mloU): 73.95%
+ Mean Accuracy (mAcc): 81.79%
« Overall Accuracy (aAcc): 95.07%

The metrics provided demonstrate that the computer vision model, which has 44.61 million parameters,
is capable of reaching a global 73.95% mean intersection over the union accuracy metric. This metric
reflects the average overlap between the predicted segments and the ground-truth values in all classes.
It is used primarily to evaluate the performance of many computer vision models. Based on the data
provided, we can also see that the computer vision model reached the mean accuracy value (mAcc) of
81.79%. This metric represents the average classification accuracy per pixel for each class. In addition,
the overall accuracy metric (aAcc) of 95.07% was reached. This metric reflects the ratio of correctly
classified pixels to the total number of pixels in the Cityscapes validation set.

4.4. Qualitative Analysis

Figure 3 demonstrates an example of computer vision system capability to detect different objects and
environment in the images of the road scene. In the provided figure, the original images are on the left
side, and the results after the segmentation process are on the right side.

Figure 3: Example images with original one on the left, and segmented result on the right.

From this side-by-side images comparison, we can see that the system is capable to reach good
accuracy when detecting different objects and environment on the road scene images in close distance.
Objects or environments such as cars, roads, or pathways are detected with high accuracy. However,
it is worth mentioning that some challenges remain in accurately segmenting distant objects, which
leaves a potential direction for future improvements.
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4.5. Computational complexity

As shown in Table Z, computer vision model with 44.61 million parameters scales from 41.84 GFLOFs
at 512=512 resolution to 238.24 GFLOPs at 1024=1024 resolution, illustrating the trade-off between
computational cost and input resolution.

Table 2
Computational Complexity at Different Input Resolutions

Input Resolution GFLOPs Parameters (M)

512 = 512 41.84 44.61
768 = 768 110.76 44.61
1024 = 1024 238.24 44.61

5. Conclusion

The experimental results demonstrate that this transformer-based approach for road scene segmentation
achieves good accuracy results when detecting different objects and environment details with diverse
urban scenes, while keeping the architecture relatively lightweight. With 44.61 million parameters
in the network, the computer vision model can reach the accuracy metric of 73.95% mloU with the
Cityscapes validation set. The computer vision model uses the MiT transformer-based encoder as
the backbone component for feature extraction, and the CNN-based decoder incorporating depthwise
separable convolution layers to efficiently fuse features and reduce computational resources. The visual
results provided show that the system can accurately detect major objects and environmental elements
in a close distance. However, lower-accuracy classes with small or more distant objects indicate the
future area for improvements, suggesting that additional training data or architecture modifications may
enhance system performance in these challenging cases. To further improve segmentation accuracy
in future work, the computer vision model can be trained on additional road scene datasets such as
Berkeley Deep Drive, Mapillary Vistas, or CamVid, which together have tens of thousands of varied
urban driving images. The current results were obtained using only the 2975 images from the Cityscapes
training set, without any additional data. On the architecture side, it is possible to replace the current
CNN-based decoder with a custom attention-based fusion module designed to preserve fine spatial
details and capture long-range context. Early experiments indicate that an alternative approach can even
use the smaller feature extraction transformer network, reducing overall model size while improving
global segmentation accuracy results.
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Abstract: Accurate object detection and surroundings understanding are key requirements
when applying computer vision systems in the automotive or robotics industries, with
autonomous vehicles or self-driving robots. A precise understanding of road users or
obstacles is essential to avoid potential accidents. Due to many objects and the diversity of
the environment, the segmentation task of the road scene remains a challenging one. In
our approach, a transformer-based backbone is employed for robust feature extraction in
the encoder module. In addition, we have developed a custom decoder module in which
we implemented attention-based fusion mechanisms to effectively combine features. The
decoder modification is specifically designed to maintain fine spatial details and enhance
global context understanding, setting our method apart from conventional approaches that
typically use simple projection layers or standard query-based decoders. The implemented
model consists of 17.2 million parameters and achieves competitive performance with a
mean intersection over union (mloU) of 76.41% metric on the Cityscapes validation set.
The results gathered indicate the ability of the model to capture both global context and
fine spatial details critical to the accurate segmentation of urban scenes. Furthermore,
the lightweight design makes the approach suitable for deployment on memory-limited
devices.

Keywords: Computer Vision; Deep Learning; Image processing; Neural netw orks; Seman-
tic segmentation

1. Introduction

Neural networks are used to perform image processing tasks in computer vision. One
such task is to extract useful information from digital images. These networks are used
to perform object detection, classification, and segmentation tasks. From an engineering
perspective, the goal of computer vision is to create autonomous systems that can perform
tasks that humans do, and in many cases, do so faster and more efficiently.

Autonomous driving is likely to be one of the revolutionary technologies that will
have a very significant impact on people’s daily lives in the future. Image segmentation
systems provide autonomous cars with a view of the surrounding world and are critically
important in achieving safe autonomous vehicle driving. According to a study conducted
by the US National Highway Traffic Safety Administration, 94% of all traffic accidents
are caused by human error [1]. The realization of autonomous car driving aims to solve
this huge problem of car accidents. Since autonomous systems are programmed to drive
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efficiently and safely, they reduce, and sometimes even eliminate, the need for human
driving, thus eliminating the aforementioned human errors [2]. The automotive industry is
a very promising area for developing computer vision solutions in autonomous vehicles.
The more accurate the image segmentation process and the shorter the time it takes, the
more accurately autonomous vehicles will understand their surroundings and be able to
make safer decisions. The giving of autonomous vehicles a view of the world around them
using computer vision solutions can provide many benefits, such as increased road safety,
lower costs, more comfortable travel, greater mobility, or smaller ecological footprints [3].

With the rapid development of autonomous driving technology, an accurate visual
understanding of the surroundings is crucial to ensure road safety and efficient autonomous
vehicle navigation. Accurate detection and classification of objects such as pedestrians,
vehicles, and traffic signs are essential because it directly impacts the safety and efficiency of
autonomous driving systems. Image segmentation is one of the most important processes in
digital image processing and has been widely used in the automotive industry and robotics
in recent years. The field of computer vision, which is related to artificial intelligence, has
made great progress in the past decade, and today’s computer vision systems can recognize
visual data faster than humans. In the field of computer vision, the semantic segmentation
task remains one of the most challenging ones. The assignment of class labels to each
pixel and the classification task at the pixel level is a key approach that enables vehicles
to distinguish between different objects, roads, pathways, pedestrians and the remaining
environmental elements of the road.

As computer vision systems are widely applied in the automotive industry, the same
methods can be equally applied to a broader spectrum of autonomous systems in the
robotics or aerospace industries. For example, during the NASA Mars 2020 mission, to land
the Perseverance rover, a computer vision system was used for hazards and obstacle detec-
tion to land safely by autonomously selecting the safest landing position [4]. Autonomous
robots play an important role in various applications, where accurate perception and ef-
fective path planning are key requirements for achieving full autonomy. The perception
component is dedicated to understanding the surrounding environment, enabling these
robots to make informed decisions [5]. To have different fully autonomous vehicles in the
future, accurate perception systems have become indispensable components, ensuring a
reliable monitoring and interpretation of complex dynamic environments [6]. Moreover,
the use of semantic segmentation techniques can exhibit higher precision in detecting urban
environments [7]. Semantic data can help reduce the dependence of a robot on raw sensor
input and external signals such as GPS by providing useful environmental information
for navigation [8]. In fact, in this work the demonstrated approach for segmenting road
scene images from a driver’s perspective can also be used in other applications, such as
delivery or taxi robots, and various service robots, that need to accurately understand their
surroundings when navigating urban environments and avoiding obstacles. Among the
most noticeable applications is parcel delivery, with autonomous delivery robots emerging
as key components in the solution to different delivery challenges [9].

Autonomous robotic platforms operate in complex urban environments and require
pr@cise underst:mding and reliable path plmm.ing, while havi.ng limited pmcessmg re-
sources. Many computer vision models often require extensive computational power, and
this transformer-based system can offer a lightweight alternative, making it suitable for
deployment across different autonomous robotic platforms. The ability of the autonomous
robot to understand its working environment is the basis for solving more complicated
problems [10]. The demonstrated results in this work will show that the proposed approach,
which is effective in detecting objects at close distance, can be particularly advantageous to
use with autonomous self-driving robots. These robots generally operate at lower speeds
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compared to cars. While a car traveling at 60 km/h covers 100 meters in just a few seconds,
a robot may take up to 30 seconds to travel the same distance. So, for the robot, distant
objects in the environment are not as critical as they are for an autonomous car.

Autonomous systems and their effectiveness are highly dependent on their ability
to navigate a complex and unstructured environment [11]. Recent advances have further
improved robotic navigation by enabling real-time performance in critical tasks such as
environment perception, obstacle detection, obstacle avoidance, path planning, and path
tracking [12]. Within path planning, obstacle avoidance is a crucial task in robotics, as
autonomous robot operation requires that they reach their destination without collisions
[13]. Effective object detection strategies face static obstacles, such as infrastructure or
parked vehicles, and dynamic obstacles, including pedestrians and moving vehicles, each
presenting unique challenges to safe navigation. To prevent a potential collision with
pedestrians, an accurate detection system enables autonomous robots to intervene early,
reducing the risk of accidents [14]. So an accurate computer vision system is essential to
ensure the safe and efficient operation of autonomous robots, especially in dynamic urban
environments. The main solutions currently focus on understanding the environment
through visual information using various computer vision techniques, machine learning,
and algorithms [15]. The use of computer vision techniques enables robots to autonomously
understand their Sunt)undings, adapt their trajectory, and perform tasks such as mainte-
nance or exploration without human intervention. In addition, for autonomous robots
to navigate in urban environments, it is very important to navigate on designated paths,
such as footpaths or sidewalks, and avoid areas such as grass to ensure both safety and
social conformity. Robots deployed in public environments as autonomous delivery robots
operate in spaces in which people live and work [16]. For example, package delivery
robots must be able to identify and follow safe and appropriate routes that allow them to
navigate autonomously in a manner that is not only efficient, but also socially acceptable to
people sharing the environment [17]. Since robots increasingly share space with humans in
everyday environments, ensuring safety is paramount [18]. Computer vision applications
help impmve the efficiency of l‘rarlsportaﬁl}n systems, increase their level of mteuigenc@,
and improve traffic safety [19]. Moreover, the integration of computer vision with robotics
holds significant promise for environmental protection efforts by enabling more efficient
resource management and reducing urban environmental impacts [20]. In general, the
development of robotic vision is more than just a scientific curiosity or a passing trend. It
marks a significant step forward in what machines can do and this can strongly impact our
daily lives [21].

1.1. Evolution of Deep Learning Architectures

In 1989, French scientist Yann LeCun created one of the first convolutional neural
networks, it was called LeNet-5. This neural network was designed for a handwritten
digits recognition task. The emergence of the LeNet-5 architecture paved the way for the
continued success of conv olutional neural networks in performing high-complexity com-
puter vision tasks, and encouraged researchers to explore the capabilities of convolutional
neural networks in performing image segmentation tasks [22]. Among the different deep
learning models, convolutional neural nebworks have achieved excellent performance in
different computer vision tasks such as image classification, object detection, or digital im-
age segmentation. Convolutional neural networks have become one of the most successful
and widely used deep learning architectures in computer vision tasks over the past decade.

While for many years the convolutional neural network architectures was state of
the art choice to make a computer vision tasks, situation changed in 2017, when the
transformers architecture was introduced. Recently, vision transformers have emerged as a
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competitive alternative to the long-standing convolutional neural networks for computer
vision tasks. The transformer neural network was developed and introduced by the scientist
Ashish Vaswani in 2017 [23]. These neural networks today compete with state-of-the-art
convolutional neural network architectures in terms of efficiency and accuracy.

During the research, it was found that it is possible to create accurate computer vision
models without using convolutional layers as main components. One such idea is to use
the vision transformer neural network architecture for feature extraction, which applies
an attention-based mechanism to input images and can achieve competitive efficiency in
performing the computer vision semantic segmentation task [24]. The use of transformer-
based architecture over traditional convolutional neural network as a main component for
the feature extraction part is due to transformer architecture that improved the capability
of global context understanding. The use of self-attention mechanisms in transformers
architecture allows system to capture relationships in the image between distant regions.
This approach enables the network to integrate information throughout the image. It is
especially beneficial for semantic segmentation tasks that require full-scene understanding.
Transformers processes the images as a sequence of patches, which gives the opportunity
to model both global and local interactions without being constrained by convolutional
fixed-size kernels. So, the results can be more robust, particularly in situations where the
boundaries of the object and contextual cues are crucial [25].

Another important thing to use transformer architecture is robustness in variations.
Attention mechanisms can dynamically focus on the most relevant parts of the image,
making it more resilient to different changes like rotation, scaling, or occlusions. This adapt-
ability in complex road scenes helps, where noise or local variations hinder performance.
In addition, transformer architectures show improved performance as the data amount
increases, making them highly scalable for large datasets [26].

1.2. Modern Approaches to Semantic Segmentation

Semantic segmentation is the core task and remains one of the most challenging tasks
in computer vision, which involves the classification of every pixel in a digital image into a
corresponding class. It gives complete context of the scene by incorporating the category of
objects, the location and the shape of all elements of the scene, including the background
[27]. However, it is more challenging and usually more time-consuming than object de-
tection and requires more advanced techniques and more high-quality annotated training
data [28]. Over the years, modern approaches have been introduced to perform semantic
segmentation tasks. From early fully convolutional networks that started pixel-level predic-
tions to advanced encoder-decoder architectures, which integrate multiscale feature fusion
and context-aware processing [25,29]. Recently, the incorporation of attention mechanisms
and transformer-based models opened new capabilities to capture long-range dependencies
and global contextual information, pushing performance to new heights. The progression
of modern techniques is shaping state-of-the-art performance in the computer vision field.
Table 1 presents a systematic summary of these methods in the field of computer vision
image segmentation, including their core architectures, benchmark datasets, and mloU
results.
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Table 1. Comparison of different architectures

Method Architecture Dataset Result (mloU)
FCN Fully Convolutional Network PASCAL VOC 67.5
UNet Encoder-Decoder Cityscapes 83.6
DeepLabV3+ ASPP + Decoder Cityscapes 79.6
SETR Transformer Cityscapes 76.7
Mask2Former Hybrid CNN-Transformer Cityscapes 83.3

Fully Convolutional Networks (FCN) were among the first breakthroughs in the
semantic segmentation task. By replacing the fully connected layers of traditional CNNs
with convolutional layers, FCNs enabled end-to-end pixel-wise prediction, which allowed
models to generate spatially dense output by upsampling the low-resolution feature maps
from the convolutional layers. The evaluation of FCN showed that this method could
effectively segment images, establishing a solid baseline for subsequent models [29].

Building on the FCN framew ork, encoder—decoder architectures such as U-Net have
become a popular approach to segmentation tasks. U-Net uses a symmetric architecture
in which an encoder gradually reduces the spatial dimensions while capturing semantic
features, and a decoder progressively upsamples the features to produce a prediction at
the pixel level. Skip connections are used between the corresponding encoder and decoder
layers to help recover spatial details lost during downsampling. The demonstrated U-Net
approach is particularly effective for tasks that require precise detection of objects, such as
segmentation of the road scene [30].

A DeepLabV3+ model uses dilated convolution-based approach, to better capture
multiscale contextual information without losing resolution. Using this type of approach
increases the receptive field of convolutional filters, without additional parameters or loss
of spatial resolution. Using spatial pyramid pooling and encoder-decoder structure, the
DeepLabV3 + model can fuse features from multiple scales, which is critical for the complex
and varied environments encountered in road scenes [31].

Adaptation of transformer architectures is another trend. Although originally devel-
oped for natural language processing, it was later used in the domain of image segmen-
tation. Models such as SETR or SegFormer use the self-attention mechanism to capture
long-range dependencies and global context. The images in these models are partitioned
into patches and then processed as token sequences, enabling the network to model relation-
ships between distant regions. The global modeling capability is especially advantageous
for complex scenes, such as urban road environments, where contextual signals are critical
[32,33].

The integration of convolutional neural networks with transformer modules showed
a promising direction, combining the strengths of both architectures. Hybrid computer
vision models often use convolutional layers for efficient local feature extraction and are
combined with additional transformer layers to capture global context details through
self-attention mechanisms. The use of this approach can lead to improved segmentation
performance, especially in scenarios where both detailed spatial information and a wider
contextual understanding are necessary. The work incorporating the convolution technique
into visual transformers shows that using those two methodologies can yield competitive
performance in segmentation tasks [34].

The main purpose of this study is to develop a transformer-based semantic segmen-
tation approach, specifically designed for the road scene segmentation task, which takes
advantage of the latest advances in vision transformers. The paper is further organized
as follows. Section 2 describes our proposed semantic segmentation approach. Section 3
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presents the experimental results, and Sections 4 and 5 conclude the whole document with
a discussion and future directions.

2. Materials and Methods

In this section, we provide all the details about the implementation, structure of the
model, and configuration settings used to train and evaluate our tfransformer-based road
scene segmentation system. Also, we describe what other state-of-the-art computer vision
models mainly use, what we used on our approach, and how this approach is different, and
some advantages over the previous used implementations. In addition, we deseribe the
dataset in more detail and how the data are divided into training, validation, and test set
splits. In further sections we also explain in details about internal structure of the encoder
module, and our approach with using a decoder part of the system with attention based
fusion mechanisms for extracting and combining multiscale features. More details of what
was used in each component structure will be provided in further subsections.

Current state of the art computer vision delivered approaches for road scene seg-
mentation demonstrated significant success by using different types of architectures and
reaching competitive results. Methods that use transformer-based architecture typically
rely on standard feature fusion behavior, and often they use simple projection layers to
merge different features from different transformer-based encoder resolutions. Computer
vision models also introduced, such as RoadFormer, use a query-based decoder module to
iteratively update query features for mask predictions [35]. Although these demonstrated
approaches work well in many cases, sometimes they can struggle to maintain important
fine-grained details when working with complex road scene environments.

Our decoder module approach processes the data with attention-based fusion mecha-
nisms, providing competitive results on the road scene segmentation task with complex
urban scenes compared to other lightweight computer vision models that have a similar
amount of parameters in the network. The mechanism in the decoder part uses specialized
attention blocks to progressively fuse low-resolution decoder features with high-resolution
features from the encoder part. This can effectively emphasize the most relevant spatial in-
formation on multiple scales. Using this approach, it is possible to ensure that fine-grained
features of the encoder can be integrated together with high-level semantic features of
the decoder, giving accurate and competitive segmentation results when compared with
other introduced approaches. Also, the model instead of using traditional normalization
techniques uses group normalization, which normalizes over the feature channels instead
of making that on batch dimension. This can give better stability in the training process,
particularly in such scenarios where the batch size may be different, or in cases of high-
resolution feature fusion, where traditional methods such as BatchNorm may not be as
effective.

Also worth mentioning that while many existing approaches rely on standard different
scales feature fusion techniques, this approach can provide better control over which
features are fused, by use of attention blocks, which allow to adapt more effectively to the
different complexities of road scene segmentation. Using this approach gives competitive
results on segmentation accuracy, particularly in challenging road scene environments with
fine details.

2.1. Dataset

All experiments were made using the widely known Cityscapes dataset, which is used
for benchmarking a computer vision models on semantic segmentation task with different
urban scene images. The data set consists of 5000 high-quality finely annotated pixel level
high-resolution images recorded in 50 different cities across Germany. Each pixel in every
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image in the data set is annotated in one of 19 semantic categories, representing typical
elements of the urban road scene such as the road, car, pedestrian, sidewalk, or traffic signs.
The part of the data set of 5000 images is split into:

*  Training set consists of 2,975 images: This subset of data is used to learn the parame-
ters of the model during the training process.

¢ Validation set consists of 500 images: This part of the data is used during the training
process to configure the model, adjust hyperparameters and monitor the performance
of the model during the training phase.

*  Test set consists of 1,525 images: The last part of the data is used for the final
evaluation phase to evaluate the precision of the model in an unseen data set.

Figure 1. Sample images from the Cityscapes dataset, illustrating the diversity of urban scenes in
different cities across Germany.

In figure 1 we can see a couple of examples from the Cityscapes data set, demonstrating
different environment of urban conditions. All details about the data set used in the model
training process and the final evaluation, also about annotated classes, and examples of
annotations are publicly available at https:/ /www.cityscapes-dataset.com/ with the full
class list and additional details about other subsets.

2.2. Implementation Details

Our computer vision transformer-based road scene segmentation model is imple-
mented using the mmsegmentation framework codebase and uses a MiT as a backbone
network with attention-based fusing mechanisms in the decoder module. The systems
encoder module is pre-trained on the ImageNet-1k dataset for extracting robust visual
features, while the system’s decoder module is randomly initialized to learn task-specific
upsampling. To improve model robustness and generalization, in the training process,
data augmentation techniques were applied just using a Cityscapes dataset. We used addi-
tional functionality of random horizontal flipping, scaling, and cropping. The crop size of
768 x768 pixels was chosen during the training phase. At inference time, a sliding-window
strategy was used to generate full-size segmentation predictions.

The computer vision model was trained using an AdamW optimization algorithm
with an initial learning rate preset to 0.00005. In addition, the polynomial decay learning
rate schedule with the power parameter set to 1.0 was used, and the linear warm-up phase
was used up to 1500 iterations at the start of the training process. Due to GPU resource
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constraints and high-resolution input images, a batch size of 1 image was used in the
training process. The training schedule was set for 160 000 iterations, and additionally later
on was extended to 200 000 iterations to explore the possibility of further model’s accuracy
improvements. In the end, it was clear that no significant improvements were achieved
in the training cycle above 160 000 iterations. The best performing model checkpoint was
taken at 156 000 iterations. Model performance was primarily evaluated using the widely
used mean intersection-over-union (mloU) accuracy metric.

2.3. Encoder

In the system, the encoder backbone network is implemented using the MiT architec-
ture, with configuration settings named "mit b1" [33]. Using these configuration settings,
the input image is processed through a patch embedding module that divides the image
into smaller patches and projects them into a feature space. The first stage of the network
uses an OverlapPatchEmbed module with a fixed patch size of 7x7 and a stride parameter
of 4 The module is responsible for mapping each 7x7 image patch to 64-dimensional
embedding space and generating the initial feature map. The patch embedding can be
written down as:

XD = COI‘IV'_?X';{I)

where I is the input image. The output after this processing is then flattened and
normalized. The subsequent stages of the encoder network use patch embedding modules
with a set patch size of 3x3 and a stride parameter of 2. These network encoder stages
progressively reduce the spatial resolution, while increasing the number of channels. Using
the "mit b1" configuration, the embedding dimensions are preset to [64, 128, 320, 512] for
the four network stages. The encoder progressively extracts hierarchical features with
increasing channel numbers:

*  Stage1(cl): 64 channels;

s Stage 2 (c2): 128 channels;
*  Stage 3 (c3): 320 channels;
*  Stage 4 (c4): 512 channels.

Each of the stages is further processed by a sequence of transformer blocks. Using
the b1 network configuration, the depth of each block is [2, 2, 2, 2] for the four stages. In
addition, with each transformer block, the multi-head self-attention mechanism is used.
The attention computation can be written as:

Attention(Q, K, V) = softm (QKT)V
Ton e B, = aX ¥
Vi

where Q is a query, K is the key, and V is the value matrices received by linear
projections of the input features. In each stage, the number of attention heads used is [1, 2,
5, 8], and the MLP within each block expands the dimension of the feature by a factor of 4.

In each stage, spatial reduction ratios are also used with values [8, 4, 2, 1] to down-
sample the spatial dimensions during the self-attention processing step. By doing this, it
reduces the computational load while maintaining an essential global context.

After the processing step is performed through different transformer blocks, each
stage uses a final normalization layer, and the resulting feature maps are reshaped in the [B,
C, H, W] format. The final outputs of all four different stages are named c1, c2, ¢3, and c4.
These outputs capture a rich hierarchy of features that combine fine spatial details from the
early stages of the network with high-level semantic information from the deeper stages of
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the network. In a further step, all these generated feature maps from each encoder network
stage are passed to the decoder module for further processing.

2.4. Decoder

The following decoder module approach combines features from the encoder using an
attention-based mechanism. In this subsection, we propose an Attention-Guided decoding
module that fuses multiscale transformer features via hierarchical attention and residual
convolutional fusion. The decoder design lets the rich semantic information from deeper
layers be combined with the fine spatial details of shallower layers, and by doing so it
can achieve good accuracy and spatial precision. Figure 2 shows the complete model
architecture, mcludjng the encoder and the Attention-Guided decodjng module.

Attention-Guided Decoding Moduls

€4 (512 chanrels) [ 4 projection | 4 ipmample W

I (20 charrcls) ¥ Gl projoction [ Amenbonlock 4 [ amnsd | | FimcComa > funnpd —|

(=
— 1T
- [ :Fmoumz%g—b

¥
€2 {128 chamnels) | 3] C2_projection 13 Aeniianfiock 2 fume g2 A

MixvisionTransformer -

{Encodar) 1
L'“";’ E—

1 (54 chameie) ] C1_projection —>-| AdentionBiock_1 |—> #n_g1 | FuseComy Nese pi —|

® - Concatenation
@ - Residual Connection

Figure 2. Architecture diagram of a computer vision model with the proposed Attention-Guided
decoding module.

Using MiT as a backbone feature extraction network, the encoder part produces a
set of feature maps at different resolutions, typically named c1, c2, 3, and c4 from the
shallowest to the deepest network stage. Each feature map captures information on a
different scale. Although deeper features contain higher semantic information, shallow
features preserve detailed spatial information, which is critical for accurate segmentation
in complex road scenes.

The decoder first projects each of the feature maps in a common embedding space with
a fixed number of channels. This process is achieved by using a 1x1 pixel convolutional
layer, which is later followed by normalization of feature maps across channels to help
improve the consistency of feature representations. After that, the ReLU activation function
is also used to introduce non-linearity, by letting the network to learn more complex
patterns. This mentioned process not only standardizes the channel dimensions across
different scales but also improves the stability of the whole training process. Mathematically,
this projection can be described as follows:

pi= ReLU(GmupNonn (Convy (i) )), i €{1,2,3,4}.

In addition, in the decoder part, it uses an attention-based fusion mechanism. When
using separate 1x1 convolutional and normalization layers for upsampled decoder features
and corresponding encoder features, it generates an attention map that highlights the most
relevant spatial regions. This selective weighting approach helps the decoder focus on
important details. As a result, the integration of rich semantic features with fine spatial
details helps to achieve a more effective and accurate segmentation process in different
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road scenes. The attention block in the decoder part is a main component that serves to
fuse features from different scales. In this decoder implementation, the fusion process is
performed in a top-down approach. In the first stage, the deepest feature map p4 is first
upsampled to match the spatial resolution of p3. After that, the attention block receives
the upsampled p4 feature map (acting as a gating signal) and the p3 feature map from
the encoder backbone. Later, the attention block projects received both inputs using a 1x1
convolutional layer followed by a normalization layer. Specifically, the projections can be
formulated as follows:

g = GroupNonn(Convlﬂ{g}), Xy = GroupNonn(Conv-lx](x)),

where g is the gating signal(upsampled p4) and x is the encoder feature (p3). The
resulting outputs are then summed together, activated by the ReLU function, and further
processed by another 1x1 convolutional layer with the sigmoid activation function to
produce an attention map:

P= U(CroupNOrm (Convy 1 (ReLU(gq + x1 J}))

This produced map selectively weights the p3 features, suppressing less relevant
regions. The weighted encoder feature is concatenated with the upsampled p4, and a
convolutional module refines this fusion. Additionally, a residual connection is added by
adding the upsampled p4.

In addition, the fused features from the previous stage are up—sampled in the same way

as the resolution of p2 and fused with p2 using an analogous attention-guided procedure.

The same process is repeated once again with the highest-resolution pl feature map to
produce the final fused representation.

In this decoder approach, there are combined residual connections at each fusion stage.

These connections add the upsampled features back into the fused output, and by doi.ng

this, it ensures that essential spatial details are kept throughout the upsampling process.

By using residual connections at each stage, it helps in the training process to stabilize it by
maintaining a smoother gradient flow. In addition, it allows the model to take advantage
of the refined fused features and the original upsampled signals, thereby improving the
overall robustness of the segmentation process.

After the progressive fusion step, a dropout layer is applied to the refined feature map
for regularization. After this step, the final 1x1 convolutional layer is used to project the
features to the preset number of segmentation classes, generating the final segmentation
output. The final prediction can be written as:

Output = Convy g (Dmpout(Fused Feal'une})

This demonstrated decoder part approach can be effective for road scene segmentation
tasks due to its ability to preserve spatial precision by maintaining high-resolution feature
maps and integrating fine-grained details using the attention mechanism, which ensures
accurate distinction of road boundaries and different objects. The attention mechanism
used in the decoder module works as a gating function which merges context-rich deep
features with detailed shallow features. In doing so, it emphasizes the spatial regions
that are most relevant. In addition, the use of residual connections throughout the fusion
process helps with training stability and convergence, even when the model incorporates
multiple upsampling stages.

Overall, this decoder approach provides a robust and efficient capability for fusing
multiscale features, and when combined with the MiT backbone for feature extraction, it
can achieve competitive good accuracy in the road scene semantic segmentation task.
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Training Loss Comparison
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Figure 3. Training loss curves of our model versus U-Net and DeepLabV3+, showing faster conver-
gence and lower final loss.

The results show the efficiency of our proposed training approach. Although we
extended training to 200 000 iterations, we saw no further improvement beyond the 160
000 iterations line, so continuing past that point would not be cost-effective.

3.2. Per-Class Performance

Our computer vision model segments urban road scenes into 19 different classes
according to the standard of the Cityscapes data set. It uses the cross-entropy loss function
for optimization. For better understanding, we divide the classes into two different groups
based on the segmentation accuracy they reached, measured by the main intersection over
the union accuracy metric values. The first group of classes consists of reaching the highest
mloU accuracy, which is above = 76%, while the second group of classes indicates those
who reach the mean intersection over union accuracy far below the 76% line. It is worth
mentioning that despite training exclusively only on Cityscapes dataset, and without using
any additional datasets, the computer vision model is capable of reaching a pretty good
accuracy on semantic segmentation task while having less than 20 million parameters count
and detecting different classes such as road, cars, sidewalks, vegetation, or buildings.

In Table 2 we can see the first group of classes that reached the higher accuracy than
76%, ordered in descending order by the ToU metric for every class.

Table 2. Classes which have higher accuracy than 76% in descending order.

Class IoU (%) Accuracy (%)
Road 97.93 98.83
Sky 94.54 98.15
Car 94.46 98.01
Vegetation 92.43 96.84
Building 9216 96.43
Sidewalk 83.39 91.63
Person 80.90 9160
Bus 80.04 85.36
Truck 79.17 84.65
Traffic Sign 78.83 85.16
Bicycle 76.71 87.72
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The table above demonstrates that classes, such as road, car, sky, vegetation and
building, are reaching the accuracy above 90%. Others, like a bus, person, sidewalk, truck,
traffic sign, and bicycle, reach lower accuracy metrics, but still not bad, while keeping
in mind the lightweight model approach, the amount of data used, and how difficult
sometimes it can be to distinguish classes like traffic signs in different distance conditions.
In the following, Table 3 lists the classes with mloU below 76%, indicating that they are
more challenging to accurately segment.

Table 3. Classes which reach less accuracy than 76% and more difficult to detect.

Class ToU (%)  Accuracy (%)
Traffic Light ~ 70.19 81.64
Motorcycle 65.86 76.66
Train 64.97 69.36
Terrain 63.02 £9.89
Pole 62.83 72.81
Fence 59.84 70.10
Rider 59.45 7176
Wall 55.14 62.86

Table 3 indicates that classes such as motorcycle, train, traffic light, pole, terrain, fence,
wall, and rider reach lower precision metrics. These challenges may be likely due to the
inherent complexity and variability of these objects in different road scenes. In the future,
by using more data with bigger diversity, it is possible to get better accuracy results, and
for these classes, too. Here remains the challenge of detecting classes more accurately, such
as the wall or fence, because it is a challenging task when a distinction is needed between a
concrete wall, a building, or a fence for the model, and many state-of-the-art models lack
the accuracy of these classes. Overall, the computer vision model, considering that it has
17.2 million parameters, detects different main objects and the environment such as cars,
roads, and sidewalks with good accuracy, while the lower performance in certain classes
highlights opportunities for further future improvements.

3.3. Global Metrics

To evaluate the final performance of our computer vision model with the Cityscapes
validation set of data, we collected different accuracy metrics. The following accuracy
metrics were obtained after the final evaluation phase:

*  Mean loU (mloU): 76.41%
*  Mean Accuracy (mAcc): 83.66%
*  Overall Accuracy (aAcc): 95.87%

The above provided metrics demonstrate that the computer vision model, having 17.2
million parameters count, is capable of reaching global 76.41% of mean intersection over
the union accuracy metric. This metric reflects the average overlap between the predicted
segments and the gmund truth values across all classes, and it is mostly used for evalua ring
the performance of the most computer vision models. The data provided above also show
that the model reached the mean accuracy (mAcc) value of 83.66%. This metric represents
the average classification accuracy per pixel for each class. Lastly, the overall accuracy
metric (aAcc) of 95.87% is reached. This metric shows the ratio of correctly classified pixels
to the total number of pixels in the Cityscapes validation part set.
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3.4. Qualitative Analysis

In Figure 6 we can see an example image that shows a sample road scene where the
original image on the left is presented side-by-side with the segmentation output produced
by the system on the right side. From this side-by-side comparison, it is clearly visible how
the model can perform a semantic segmentation task on the road scene images detecting
different objects in the digital image with good accuracy. When making a comparison of
two images side-by-side, we can state that:

®  Accurate detection of close objects: The model is capable of detecting near-field
classes with pretty good accuracy like roads, cars, pathways, buses when these objects
are approximately in 50-100 meters distance.

¢  Challenges with distant objects: It is more challenging to detect distant objects like
traffic signs, indicating potential areas for further improvement.

*  Overall performance: Under ideal weather conditions, segmentation quality is pretty
good, the model clearly defines boundaries for different objects, although minor
inaccuracies can appear in more complex or distant regions.

Figure 4. Road scene example with the original image on the left, and the segmented one on the right.

The segmentation result provided above demonstrates that the computer vision model
developed can firmly detect and segment close objects, ensuring clear and detailed recogni-
tion of the main elements on the road. It should be mentioned that lower accuracy metrics
were reached for more distant objects such as traffic signs, poles, or traffic lights. This can
leave a possible area for improvement in the future. The main focus can be improving the
ability of the computer vision model to detect fine details in more distant regions. It can be
achieved by modifying the model architecture or by using additional data sets. By doing
that, it is possible to further enhance the performance of the system in different real-world
scenes on the road.

3.5. Model Robustness Analysis

To evaluate the robustness of our segmentation model, we also tested it on images
of a different data set (Mapillary Vistas) that were not used during training in any form
or shape. The examples below include a couple of images captured in an urban city area,
which highlights the model’s performance in a different environment, and as an example
another image taken on a highway to demonstrate model capability to accurately segment
unseen data across different scenarios.
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Figure 5. Segmentation results with unseen images from another data set.

In Figure 5, on the left is the original image and on the right is the corresponding
segmented result. The visual presentation demonstrates the ability of the model to detect
major objects and environment with good overall accuracy. It also indicates that there is
room for improvement in the segmentation of small objects, such as traffic signs or traffic
lights, and that the accuracy at larger distances could be improved. For example, in the
highway photo, where the distance is more than 100 meters, the model lacks the accuracy
to differentiate cars from the road, but with closer objects and environment, the accuracy is
good.

Table 4. Class Performance Metrics

Class IoU (%)  Accuracy (%
Road 96.72 98.29
Sky 93.05 96.60
Car 90.58 96.42
Vegetation 89.44 96.43
Building 89.18 94.64
Sidewalk 75.57 84.58
Person 67.59 83.94
TrafficSign ~ 62.63 69.76

As demonstrated in Table 4, the highest performance metrics have the main environ-
ment and object classes such as roads, cars, buildings, vegetation, which indicates a good
segmentation performance for these dominant regions. In addition, classes such as person
or traffic signs exhibit lower performance metrics, which can be attributed to their smaller
size and higher variability in appearance.

3.6. Computational Performance Analysis

The computer vision model, with 17.2 million parameters, was evaluated on a NVIDIA
GTX 1060 GPU, chosen specifically to represent the low end sector of Cuda capable devices
(released in 2016). The test was performed using a single image with a batch size of 1, with
different input resolutions. The computational performance metrics such as computational
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cost (GFLOPs), inference time (ms), and throughput (FPS) at different resolutions are
provided in the table 5, illustrating the model’s resource requirements under the different
conditions. As resolution increases, both computational cost (GFLOPs) and inference time
increase, while throughput (FPS) decreases. Specifically, at 256x 256 resolution, the model
requires 9.1 GFLOP and achieves 42.4 FPS with an inference time of 24 ms. With the
highest resolution of 2048x1024, the computational cost reaches 419.4 GFLOPs, and the
inference time increases to 769 ms. The data provided in the table demonstrate the trade-
offs between resolution, computation, and performance that must be carefully considered
when a different resolution is needed for resource-constrained applications.

Table 5. Computational Performance at Different Input Resolutions

Input Resolution GFLOPs Inference Time (ms) Throughput (FPS)

256256 9.1 24 42.4
512x512 37.9 37 269
10241024 176.4 120 8.3
2048x1024 4194 769 13

In Table 6, we present the computational performance of our segmentation model on
the NVIDIA Jetson Orin Nano 8GB embedded platform. Performance metrics are reported
in three different input resolutions, capturing inference speed (FPS) and GPU memory

usage.

Table 6. Model performance on Jetson Orin Nano 8GB

Input Size Inference Speed (FPS) GPU Memory Usage (MiB)

256256 52.89 54
320320 32.23 72
512x512 15.56 112

The results provided in Table 6 demonstrate that at the lowest resolution, the computer
vision model can achieve an inference speed of 52.89 FPS while consuming 54 MiB of GPU
memory. When using a higher resolution, the inference speed decreases to 32.23 FPS at
an input size of 320x320. At 512x512 resolution, the GPU memory consumption increases
to 112 MiB and 15.56 FPS is still acceptab le for many autonomous applica tions. However,
for applications that require higher input resolutions or faster inference speeds at larger
scales, a more powerful embedded device with greater computational resources may be
more appropriate than the Jetson Nano embedded platform.

4, Discussion

The experimental results of the computer vision road scene segmentation system
demonstrated pretty good accuracy and effectiveness when the model uses a transformer-
based MiT backbone as an encoder for feature extraction and attention-based mechanisms
in the decoder module. Duri.ng the t-raining log analysis, the results revealed that the
model, during the whole training cycle, was steadily reducing its loss parameter, and just
before reaching the final iterations, it demonstrated the best accuracy performance at the
156,000 iterations checkpoint. Furthermore, the training process confirmed that setting the
training schedule at 160,000 iterations was cost efficient and effective because an additional
experiment extending the training process was no longer effective. In addition, the per-class
performance metrics show that the main elements of the road scenes, such as the road,
cars, buildings, are segmented with pretty good accuracy, indicating the model’s good
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performance capability to detect and distinguish different objects and environment on the
road.

Creating a model that maintains a lightweight design with a low parameter count
while achieving competitive accuracy metrics is a tricky task. It is always necessary to
have a balance between accuracy and lightweight model design, because while a more
complex model can reach better accuracy metrics, it also has a significantly larger number
of parameters and is consequently not as lightweight. This balance is critical, as increasing
model complexity often improves performance, but can compromise the efficiency and
suitability of the model for deployment in memory-limited environments.

According to global evaluation metrics of the developed model, they validate the good
performance of the system capacity to detect and differentiate objects in digital road scene
images, achieving a mean IoU 76.41% metric with 17.2 million parameters in the network.
Despite its compact size, the computer vision system is capable of maintaining competitive
segmentation performance results, making it suitable for use in memory-limited resource
environments. The visual examples provided in Figure 6 show that the model is pretty
good at segmenting near-field objects within 50-100 meters distance, and classes like roads,
cars, and pathways are detected with good accuracy. However, it is worth mentioning that
more distant objects such as poles, traffic lights, traffic signs, also the fence class has less
precision with classes mentioned in the first group with higher accuracy metrics. So, these
lower-metric classes can be an avenue for future system enhancement by incorporating
additional training data or modifying the internal system architecture to capture small-
scale objects or environments in distant regions. In Figure 6, we provide qualitative results
with the original RGB image on the left, the ground truth masks in the middle, and the
segmentation results on the right.

Figure 6. Qualitative segmentation results. The left column shows the original RGB image, the
middle column shows the ground truth masks, and the right column shows the model’s segmentation
results.

According to other open-source computer vision proposed approaches, models such
as DSNet [36], HRNetV2 + OCR [37], DeepLabv3 + [37], CSFNet-1 [38], and EEEA-Net-C2
[39], have demonstrated good accuracy results on the Cityscapes dataset while maintaining
relatively low parameter count. And this demonstrated approach has 17.2 million param-
eters and reaches 76.41% mloU metric. This approach also demonstrates that by using a
transformer-based encoder for feature extraction and an attention-based mechanism to fuse
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multi-scale features, it is possible to achieve competitive accuracy with other models while
maintaining a lightweight design and good overall performance. This developed approach
can also add more knowledge to existing studies that transfomer-based architectures can
effectively segment complex urban scenes with models that have a low parameter count
and are capable of reaching good accuracy in road scene semantic segmentation tasks.
Table 7 shows details of several semantic segmentation models evaluated in the Cityscapes
validation set, including their input resolutions, parameter counts, GFlops, and mloU
values as reported in the literature.

Table 7. Comparison of Semantic Segmentation Models

Model Input Size Params (M) GFLOPs mloU (%)
EEEA-Net-C2 512x512 7.34 287 76.8
CSFNet-1 1024 %512 126 86.9 748
Ours 512x512 17.2 37.9 76.4
DSNet 20481024 375 226.6 82.0
DeepLabv3+ 20481024 435 14446 79.6
HRNetV 2+ OCR 20481024 70.3 1206.3 8l.6

The computer vision models in Table 7 are sorted by the number of parameters in
the network. From the data provided in the table, we can see that our approach has a
balance between segmentation accuracy, model size, and computational efficiency. The
proposed model has 17.2 million parameters and requires 37.9 GFlops at an input resolution
of 512x512. Models like EEEA-Net-C2 and CSFNet-1 represent lightweight architectures,
achieving mloU accuracy metrics of 76.8% and 74.8%, respectively. In comparison, a model
like CSFNet-1 has a slightly lower parameter count but a larger computational cost. A
model like DSNet gives good accuracy results and computational efficiency, but it has
more than twice as many parameters in the network. Also, models like DeepLabV3 +
and HRNetV 2 + OCR reach better accuracy results but at the expense of much larger
architectures. Models like HRNetV2 + OCR achieve higher segmentation accuracy, but
their architecture has roughly four times as many parameters and requires significantly
more computational resources compared to our approach. This comparison highlights
that the proposed approach offers a compelling trade-off by delivering good segmentation
performance in a lightweight architecture.

In Table &, we compare the Intersection-over-Union (IoU) per class of our lightweight
segmentation model against two much larger architectures: HRNet-W48 (65.9 M) and
DeeplLabV3-R101 (84.7 M). Despite having roughly one-quarter to one-fifth the number
of parameters, our approach achieves only marginally lower IoU scores across many
semantic categories. The side-by-side comparison makes it clear that although larger archi-
fectures can reach out slightly higher accuracy metrics, our transformer-based design with
attention-guided decoding module offers a compelling trade-off, maintaining competitive
performance while drastically reducing model complexity.
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Table 8. Per-class segmentation accuracy (IoU) compared across different netw ork architectures.

Class DeepLabV3-R101 (847 M) HRNet-W48 (65.9 M) Our (17.2 M)
Road 98.3 98.4 97.9
Car 95.4 95.6 94.5
Sky 94.2 95.2 94.5
Building 92.5 93.4 92.2
Vegetation 92.0 93.0 92.4
Sidewalk 85.7 86.4 834
Person 81.3 83.4 80.9
Traffic Sign 78.7 81.7 78.8
Bicycle 77.8 79.0 76.7
Traffic Light 69.8 724 70.2
Motorcycle 69.2 67.1 65.9
Terrain 63.3 66.7 63.0
Rider 63.9 62.3 59.5
Pole 58.9 69.3 628
Fence 627 66.4 59.8
Wall 53.5 59.7 55.1

In addition to the overall quantitative comparison, Table 8 shows that our transformer-
based encoder with the attention-guided decoding module matches the larger HRNet-W48
and DeepLabV3-R101 architectures almost exactly in large and homogeneous classes such
as road, car, building, and vegetal-ion, with IoU differences of less than 1.2 percentage
points. The results show that the global context modeling of the MiT backbone effectively
captures broad, texture-rich regions. However, all three architectures, including the larger
baselines, have the greatest difficulty accurately segmenting slender or distant objects, such
as poles, fences, and walls.

In summary, this demonstrated approach confirms that a computer vision system
based on the transformer neural network architecture with an attention-guided decoding
module can effectively capture contextual information for the road scene segmentation
task. While the model performs pretty well with near-field objects, future work can put
more attention on areas detecting more distant small-scale objects, because many models
are lacking this type of accuracy and it still remains the challenging task.

5. Conclusions

In this paper, we introduced an approach that uses a transformer-based neural network
architecture to segment road scene images, usi.ng the MiT backbone as a feature extractor
and an attention-guided decoder to effectively fuse multiscale features. Experimental
results with the Cityscapes dataset revealed that, despite the compact parameter count,
it can achieve a competitive mean loU 76.41% result, in different semantic segmentation
tasks of urban scenes. The conducted training process confirmed that the system is able to
converge reliably in 160 000 iterations, and the additional trai.njng process with the same
configuration and data set did not produce better accuracy results.

The model evaluation phase and visual data highlighted that the main objects in close
proximity can be detected with good accuracy, while the lower accuracy classes can be
an avenue for future accuracy improvement. In general, the primary design goal of this
approach was to develop a lightweight computer-vision road scene segmentation model.
This transformer-based segmentation model approach has only 17.2 million parameters,
which is remarkably low compared to many computer vision semantic segmentation
models. The demonstrated model can ensure a small memory footprint, making it well
suited for deployment on memory-limited devices.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network
FLOPS  Floating Point Operations per Second

FPs
GPS
loJ

Frames per Second
Global Positioning System
Intersection over Union

mAcc  Mean Accuracy
mlolU mean Intersection over Union

MLP
MiT

Multilayer Perceptron
Mix Transformer

NASA  National Aeronautics and Space Administration
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