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Hlavné sucasti autondmnych systémov

Vnimanie @ Planovanie Riadenie

Pocditacoveé videnie/

: o 5 ie misi Riadenie pohybu
Spracovanie obrazu Q= Planovanie misie Q pony

©, Lokaliz4cia, <o . _
A1 mapovanie / SLAM 7o Planovanie pohybu @S'edova”'e U7E]

D Planovanie ‘

Senzoricka fuzia a , : -1 Riadiaca loagika

: spravania 1l 9
sledovanie

D | : Reinforcement
eep learning Learring




£ HUMUSOFT

Hlavne sucasti autondmnych systemov

Vnimanie




P
I 7

£ HUMUSOFT

Komplexné vnimanie pomocou Al

Jazdny pruh / cesta

- Ciary a znacky na ceste

Semafory

Ini uCastnici
— Vozidla
— Chodci
— BicykKilisti
Ulohy

— Detekcia a predikcia spravania
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Pocitacove videnie v autondmnych systémoch
Klasifikacia Regresia
Sémanticka

Detekcia e
segmentacia
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Pracovny postup tvorby modelu Al
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Trénovanie
Al modelu
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Urychlenie popisovania

Natrenovany

Al model

et el 0 T D R R el el el Trénovanie

Data Popis

Manualne
overenie

Navrh
popisov
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Generovanie popisanych dat zo simulacie

Tradiény postup DL

Trénovanie

Natrénovany

Al model

e rrrrrrrrr

Data Popis

Trénovanie

Simulacia Automaticky popis
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Generovanie obrazkov rozneho casu dna (GANS)

Detaily trénovania

= 370 obrazkov
= CAMVID dataset
— Obrazky dna: 263
—  Obrazky sumraku: 107
= Na ucCenie sa nepouzivaju Casové informacie

Sumrak na den

Day Test Image 1 with Translated Dusk Image

Unsupervised Day-To-Dusk
Image Translation Using
UNIT

Perform domain translation between
images acquired during daytime and
dusk conditions using an

unsupervised image-to-image Den na sumrak
Link to Example



https://www.mathworks.com/help/images/unsupervised-day-to-dusk-image-translation-using-unit.html
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Triedenie sucCiastok pomocou robota

Pre-processing Post-processing

Al Model

Phject Matching with [l 6 DoF Object

Detection with
YOLOV3 CAD models Pose

Point Cloud
Reconstruction

RGB-D Image
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InSpekcia infrastruktury pomocou UAV

25 i Pl T

Bottom Facing Camera

Deep Learning for UAV
Low Fidelity Animation Virtual Lidar Sensor Infrastructure Inspection
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Vyuzitie Al pri spracovani dat z lidaru

Sémanticka segmentéacia Detekcia objektov

Cropped point cloud with overlaid semantic labels
buildings

vegetation

ground
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Segmentacia dat z lidaru pomocou Al
N
+ Pristupy e
— Voxely — transformaciou na voxely, mézeme wwe«| . | R R RRIEBEEEEEEEEE
pouzit 3D CNN o e
— Multiview — projekcia na 2D obrazky, vyuziva | o =

2D CNN, potreba obnovit 3D Strukturu

— Point-based — siet deep learningu sa priamo
aplikuje na jednotlivé body

 Podporované siete - ede D
— PointNet, PointNet++, SqueezeSeg v2,
PointSeg, SalsaNext [ unit ot
[o-{0-0-0-10] - 0-/0-0-0-}-0
“ X % T, % < £ & Y, K L
o, A, v Ny R T
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Predtrénované siete

PointNet++
segmentAeriallLidarVegetations

Input point
cloud
segmentAeriallLidarBuildings
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Car Truck

Detekcia objektov - PointPillars

— pointPillarsObjectDetector

 Feature Encoder

— konverzia na pseudoobrazok, rozdelenie do
mriezky — piliere, vyuziva PointNet

« 2D convolutional backbone

— spracovava pseudo-obrazok

* Detection head

Simplified
PointNet

— deteguje a vytvara 3D ohranicCenie

1111111

Creating
Pillars

Input point cloud

Output with bounding boxes

Feature Encoder 2D Convolutional  Detection
20 Backbone Head
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Sledovanie objektov

Segmentation Details

Confirmed Tracks

Vnimanie situacie A

i objectDetection
pointCloud 1 All Tracks

— Co sa deje okolo nas

— sledovanie polohy, rychlosti, velkosti,
orientacie

Kombinacia viacerych snimacov

— lidar, radar, kamera

Multi-object tracker
— Joint probabilistic data association (JPDA)

— Interacting Multiple Model (IMM) tracking
filter — konStantna rychlost a toCenie, aj pri
zmene jazdného pruhu

Sensor Fusion and Tracking Toolbox

21
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@ Planovanie
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Planovanie trasy pomocou Al

Binary Occupancy Grid

[ 4
m—
Inputs ~ mm—) Qulputs
O—
L 4

Output Layer

Binary Occupancy Grid

Y [meters]

Y [meters]

Input Layer

Hidden Layers

X Imeters]

X Imeters]

Trasa naplanovanav

Planovanie trasy pomocou
prijatelnom case

Definicia pociatocnej a
Al vzorkovania

konecnej polohy
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Siete planovania pohybu

Maotion Planning Networks (MPNet)

« Motion Planning Networks (MPNet)
— hladanie optimalnej trasy — Deep Learning | &
— generovanie vzorky medzi 2 stavmi
— vzorky sa vyuzivaju na planovanie (RRT?*)

* Architektura L 1% e

— modul kédovania mapy (vacsinou riedka)

— modul planovania — mapa, Start, ciel

Learned samples Uniform samples Learned + uniform samples

* ucCi sa s pozorovatelom (klasické planovace)
* Funkcie na

— trénovanie od zaciatku

— tvorbu vzoriek

2 4 6 8 10
X [meters] X [meters] X[meters]

*  State

— planovanie trasy % oon

24
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Planovanie trasy pomocou Al
Al + Planovanie vzorkami Al + Planovanie optimalizaciou

(Motion Planning Networks ) (Deep-Learning-Based CHOPM)

plannerRRT path
Uniform Sampler with Uniform Sampler

-
@ ¢

o
6090

0.4 i
0.2 0
v @ Y€
0.2 0
plannerRRT path li L i 12
with DL sampler 0.5 0 0.5 1
DiZka trasy s Al: y
0.8 m

E -0.2
-4

State Samples
q » Stat
®  Goal
n P WL
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Reprezentacia fixed-point dat v prostredi MATLAB
Control system Reinforcement learning system
4
+ ERROR OBSERVATIONS ACTION

_.( )7 CONTROLLER PLANT >

REFERENCE MANIPULATED r | Policy update

= VARIABLE Reinfnrcl_em ent
MEASUREMENT k 2

ENVIRONMENT
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Balansovanie loptiCky pomocou agenta RL

obsarvation

remard

isdone

Kinova Ball Balance

@

£ THUMUSOFT

obeervalion

action rewand

SO0

RL Agent

vzdialenost’ loptiCky a stredu
poloha a orientacia plochy
energia/sila regulatora

L #{q_plate
[ ey
Input Torques. »PV_ball  reward
0
Reward
n
W a q_Plate
—F ad d_Plate obs
| Plate Sensing . ebservation
- r _daint
| Ball
Initial Torque
™ Observation
Ball Sensing
.
k ) EndEfector | 8-DOF Joint ( Ball  done
—= isdane
o]
Word | | N 0090 O | " e By Done
- Xr.— ™ Spatial —
- N
.“ | 7 DOF Manipulator Caontact Force
Selact randaring option fram the block dialog
- E
Ball Position
4\ Ball Position - O X
SACAgent Training Progress
- File Tools View Simulation Help k]
800 Episode reward for riKinovaBallBalance with rISACAgent Episode number: YT
Start time 12.Dec-2025 1:00:31 o) - -@ ®ikbw® =4 - E:] - F ﬁ -
Duration: 04:14:04 1
o i Final result: Training finished after all
‘agents reached stop
iyl traiining criteria.
600} Training Information
Agent status
HSACAgent Training finished
500
2 ool Episode Information (rISACAgent):
é Episode reward: 735.0065
k] Average reward: 538.503
& a00r Episode QO: 24715
Evaluation Statisic  706.0547
More Details.
200+
Plot Options
[] Show EpisodeQ0
100 -
[")Show last N episodes
[V Show Evaluation statistic
0 e KK o KK e K e X KK K K
Episode reward Episode Q0
age rews Evaluation Statisti
Average reward * (MeanEpisodeReward)

0 800 1000 1200 1400
Episode Number

Ready Sample based T=10.000
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Automaticka parkovacia sluzba

| Auto Parking Valet Using MPC and RL in 3D Environment '

=Parking sParking
/ : Target Pose Target Pose
o . 3 {‘ Y R oo L} S Caontrols Contral Inputs
3 < ok 5 ’-?‘ \; Rt Vehicle Poss Vahick Pozs
oA N Ay ‘“r&ji,ﬁ’ BN WL,
i ] 3 Lidar Data Lidar Data
Controller ‘Wehicle Dynamics and Sensing

Copyright 2021-2023 The MathWaorks Inc.

PARKING

Adaptivny MPC
konStantna rychlost’ po trase

Reinforcement Learning
vykonanie parkovacieho manévru

ANUANRRRY  NNNNNANNY

poloha, natocenie vozidla/kolies
ukoncenie parkovania, kolizie
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Dakujem za pozornost



