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VRAS: Naši roboti

7

(a) A scene from SemanticKITTI with its GT semantic segmenta-
tion (1st column) showing that our method S- 2:0 � T {1,2,3} (3rd
column) can segment cars (blue), side-walks (brown) and drivable
area (pink) better than the supervised baseline based on Cylinder3D
(2nd column). Correct and incorrect segmentation are indicated by
green Xand red 7 respectively. Both methods utilize 20% of human-
labeled data.

(b) A scene from Argoverse showing that student S- 5:0 �T {3,4,5}

can be robust to severe occlusions. Some of the rightly detected
boxes do not contain GT vehicle points since they correspond to
vehicles occluded in the current frame and partially occluded in the
past frames, as it can be observed in the ring of camera images.
While they are hard to detect due to the small number of points,
our student succeeds in detecting them thanks to the knowledge
distilled by the Concordance of teachers.

Fig. 5: Qualitative results. Examples of (a) 3D semantic segmentation and (b) object detection.

threshold (CT) for all pseudo-samples. The comparison is
depicted in Fig. 6. Models with the proposed selection criterion
outperform models with only CT across different confidence
thresholds.

Fig. 6: Ablation on PL’s selection strategies. Detection
performance as a function of threshold ✓ and influence of
our proposed confidence-guided criterion over the standard
confidence-based threshold (CT) [19], [39], [33]

VI. CONCLUSION

We propose a novel pseudo-labeling framework that lever-
ages spatio-temporal information from unlabeled sequences
of point clouds. We demonstrated its merit in two 3D per-
ception tasks on publicly available datasets. The reported
performance gains stem from: (i) A better selection of the
final pseudo-labels via the concordance of multiple teachers
operating at different temporal ranges; (ii) A novel pseudo-
label confidence-guided criterion. Thanks to the privileged
information available in the different temporal ranges, the
Concordance of teachers delivers strong pseudo-labeled sam-
ples. Using manual labeling of only 20% of training data,
our method achieves state-of-the-art performance in semi-
supervised 3D semantic segmentation and competes even with
methods that use the full set of labels on this task. By the na-
ture of our pseudo-labeling framework, the proposed approach
is complementary to other techniques that use sequential data,

and can thus be combined with them to further boost the
performance.
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VRAS: DARPA SubT Challenge: Motivace

Motivation • New Challenges: from automated 
rescue missions (TRADR) to 
autonomous	
• Put UAV underground	
• Traversing terrain on steroids
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VRAS: DARPA SubT Challenge: Motivace

Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

`

DARPA SubT challenge 
2018-2021

explore 
find
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VRAS: DARPA SubT Challenge: Urban Circuit (2. kolo)

T. Rouček et al.: DARPA Subterranean Challenge: Multi-Robotic Exploration of Underground
Environments, MESAS 2019
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VRAS: DARPA SubT Challenge: Finále

T. Rouček et al.: System for Multi-Robotic Exploration of Underground Environments
CTU-CRAS-NORLAB in the DARPA Subterranean Challenge, Field Robotics 2022
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VRAS: DARPA SubT Challenge: Finále
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M. Petrĺık et al.: UAVs Beneath the Surface: Cooperative Autonomy for Subterranean Search and Rescue
in DARPA SubT, IEEE T. on Field Robotics 2024
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VRAS: Pohyb v náročném terénu
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VRAS: Pohyb v náročném terénu: Aktivńı odhad mapy

K. Zimmermann et al.: Learning for Active 3D Mapping, ICCV 2017
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VRAS: Pohyb v náročném terénu: Aktivńı odhad mapy

M. Pecka et al.: Controlling Robot Morphology from Incomplete Measurements, IEEE TIE 2017
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VRAS: Pohyb v náročném terénu: Aktivńı segmentace

T. Peťŕıček et al.: Simultaneous Exploration and Segmentation for Search and Rescue, JFR 2019
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VRAS: Pr̊umyslové nasazeńı: Pr̊uzkum plynového potrub́ı

https://youtu.be/DAURGa8qJug  

3.2 Plánování mise

3.2.1 Definice trasy

P�ed exekucí mise v terénu probíhá p�ípravná fáze, která se snaûí maximáln� vyuûít
p�edem dostupná data o oblasti, kterou se bude projíûd�t. Tato p�ípravná fáze vyûaduje
p�ipojení k Internetu a trvá �ádov� jednotky minut, tj. je moûné ji provád�t jak mimo
terén, tak i v terénu.

Hlavním vstupem pro plánování mise jsou data o poloze plynovod�. Po dohod� s
GasNet obdrûíme data dané oblasti ve formátu DGN. Zdrojová data GasNet jsou v sou-
�adném systému S-JTSK (EPSG:5514). Tato data transformujeme do systému WGS84
(EPSG:4326) transformací EPSG:5239 a exportujeme ve formátu KMZ �i KML. V˝öe
popsan˝ proces transformace dat je moûné provést nap�íklad v programu QGIS.

KMZ soubor s umíst�ním plynovod� je na�ten pomocí programu kmz_to_waypoints
(obr. 8). V tomto programu operátor ur�í trasu mise, její po�áte�ní bod, po�adí bod�
na trase a koncov˝ bod. V˝stupem tohoto programu je seznam waypoint� ve formátu
GPX. Pro budoucí ú�ely by bylo moûné generovat trasu z dat i jin˝mi zp�soby nap�íklad
vyty�ením oblasti v map�, kterou chceme projet.

Obrázek 8: Rozhraní pro definici trasy ze souboru KMZ. Úseky plynovodu ze
souboru KMZ se zobrazí na mapovém podkladu. Uûivatel v po�adí ozna�í úseky, které
chce aby robot projel. Tuto trasu lze následn� exportovat ve formátu GPX.

Popsan˝m postupem je moûné definovat pouze trasy vedoucí po plynovodu. Pro ú�ely
testování je moûné GPX soubory vyráb�t i jin˝m zp�sobem - nap�. ru�ním zadáním
trasy ve webové verzi Mapy.cz a exportem trasy do GPX. V�töina laick˝ch mapov˝ch

18 Obrázek 16: Ukázka trasy a její úpravy podle anal˝zy p�ehlednosti silnice. Lze
vid�t i jednotlivé úrovn� dle ohodnocení p�ehlednosti daného úseku silnice: úrove� 0 je
nejlepöí pro p�ejíûdení, úrove� 14 nejhoröí. Modrá �ára zna�í zadanou trasu (tj. trasu
plynovodu po p�edzpracování daty z mapového podkladu), zelená pak trasu p�epo�ítanou
tak, aby se vyh˝bala nep�ehledn˝m úsek�m. Ob� trasy jsou po v�töinu �asu shodné.
Rozdíly jsou p�iblíûeny ve spodní �ásti obrázku.

36
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Technologický demonstrátor pro GasNet s.r.o.
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VRAS: Pr̊umyslové nasazeńı: Pr̊uzkum plynového potrub́ı

Technologický demonstrátor pro GasNet s.r.o.
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VRAS: Pr̊umyslové nasazeńı: Pr̊uzkum plynového potrub́ı

Technologický demonstrátor pro GasNet s.r.o.
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VRAS: Simulace

Simulačńı modely pro Gazebo
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VRAS: Simulace

Simulačńı modely pro Gazebo
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VRAS: Simulace

M. Pecka et al.: Fast simulation of vehicles with non-deformable tracks, IROS 2017
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VRAS: Aktuálńı projekty: XSCAVE

EU Horizon projekt s Tampere U (FI), Aalto U (FI), Ume̊a U (SE), FZI (DE), Toshiba Europe (UK)
Algoryx Simulation (SE)
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VRAS: Aktuálńı projekty: Kolibriq

Projekt s Lockheed Martin a VZLÚ Praha
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PINN

Physics-Informed Neural Network
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PINN: Motivace

Ćıle:

Spolehlivá navigace v nestrukturovaném venkovńım prosťred́ı

Odhad chováńı robota na komplexńım terénu jen z palubńıch senzor̊u

Model použitelný pro mnoho r̊uzných úloh
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PINN: Myšlenka

R. Agishev et al.: MonoForce: Self-supervised learning of physics-aware grey-box model for
predicting the robot-terrain interaction, IROS 2024
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PINN: Myšlenka
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PINN: Myšlenka

R. Agishev et al.: MonoForce: Self-supervised learning of physics-aware grey-box model for
predicting the robot-terrain interaction, IROS 2024
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PINN: Běžné p̌ŕıstupy

Dva hlavńı směry:

White-box modely

Black-box modely
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PINN: White-box modely

State of-the-art approaches: Learning the white-box model

Suffers from: 

• oversimplifications (e.g. assumes rigid terrain)

hheightmap

heightmap

z x ≈ Δh

lidar

Reality is often different

[von Stryk SSRR 2020] https://ieeexplore.ieee.org/document/9292574V. Salansky et al.: Pose Consistency KKT-Loss for Weakly-supervised Learning of Robot-Terrain
Interaction Model, IEEE RA-L 2021
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PINN: Black-box modely

camera

∂∥x − x⋆∥
∂x

camera

estim. trajectory
xz

real robot trajectory
x⋆

∥x − x⋆∥

θc
∂∇conv(z)

∂θc

estimated 
trajectory

real  
trajectory

𝛁conv(  )z
control

u

State of-the-art approaches: Learning the black-box model

[Jitendra Malik ICRA 2023] https://arxiv.org/pdf/2211.03785.pdf

Suffers from:
• poor generalization + extreme training/testing distribution mismatch  

(dangerous training data missing)
• simulation bias (e.g. trained on simulator )

J. Malik et al.: Learning Visual Locomotion with Cross-Modal Supervision, ICRA 2023
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PINN

Sťredńı cesta
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PINN: Běžné p̌ŕıstupy (cca od 2023)

Dva Tři hlavńı směry:

White-box modely

Black-box modely

Grey-box modely (PINN)
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PINN: Př́ıklad: Balistická ǩrivka

Křivka je definována diferenciálńı rovnićı a počátečńımi podḿınkami:

~a = −µ‖~v‖~v − ~g

µ = 0.03; ~s0 = (0, 0); ~v0 = (200, 200)
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PINN: Př́ıklad: Balistická ǩrivka

Neexistuje closed-form řešeńı pro výpočet ~st , je nutné použ́ıt numerickou
integraci.
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To zvládne neuronka!
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PINN: Př́ıklad: Balistická ǩrivka: Black-box

loss = ‖~̂s − ~strain‖2
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PINN: Př́ıklad: Balistická ǩrivka: Black-box

loss = ‖~̂s − ~strain‖2 +
∑
‖~w‖2
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PINN: Př́ıklad: Balistická ǩrivka: Grey-box

loss = ‖~̂s − ~strain‖2 +
∑
‖~a− (−µ‖~v‖~v − ~g)‖2
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PINN: Grey-box modely

camera

𝛁conv(  )h

∂∇physics(f)
∂f

∂∥x − x⋆∥
∂x

camera

estim. trajectory
xfhz

𝛁geom(  )z 𝛁physics(   )f

control u

real robot trajectory
x⋆

∥x − x⋆∥

θg θc
∂∇geom(z)

∂θg

∂∇conv(h)
∂θc

model

estimated 
trajectory

real  
trajectory

K, R, t
heightmap+ visual f. forces

R. Agishev et al.: MonoForce: Self-supervised Learning of Physics-aware Model for Predicting
Robot-terrain Interaction, IROS 2024
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PINN: MonoForce

z

∇MonoForce Predictor
estimated 
trajectory

real  
trajectory
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—

terrain estimation (shape + properties)
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controlu

fi(x |z, u)
forces

state
x

∇Physics Engine

·x = v
·v =

1
M ∑

i

fi(x |z, u)
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τ

modelM, J, pi

ODE solver∇
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loss

Architecture detail

End-to-end differentiable

camera image
ray-depth  

predictions
visual 
features

vertical 
projection

Substantial geometrical + physical priors

R. Agishev et al.: MonoForce: Self-supervised Learning of Physics-aware Model for Predicting
Robot-terrain Interaction, IROS 2024
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PINN: MonoForce

Architecture detail

∇Control

trajectory  
shooting,
planning,  
mpc….

GPU: 1M x realtime (1k traj/ms)

Substantial geometrical + physical priors
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PINN: MonoForce

estim. trajectory
xz

𝛁 h
fh

𝛁 z

𝛁p
f

real robot trajectory
x⋆

∥x − x⋆∥

estimated 
trajectory

real  
trajectory

K, R, t

end-to-end differentiable, real time,  
image conditioned simulation

106 ×

camera 
recalibration

θgθc

parameter 
learning

u

control, RL 

planning

model  
identification

heightmaps forces contacts terrain properties
Interpretable 
 Intermediate: 

Outputs
self-supervision

onboard 
camera

What do we offer to robotics community?

https://github.com/ctu-vras/monoforce 
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ROUGH Dataset
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https://cyber.felk.cvut.cz/vras

Martin Pecka
peckama2@fel.cvut.cz
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