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State of the technology




Are robotaxis ready?
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Are robotaxis ready?

SF Chronicle / MassTransit Survey — May 2026

How do you feel about autonomous vehicles?

900  Survey of 1,077 registered voters in San

() Fielded May 5-11, 2026

A good thing
42%

! Mixed feelings

39%

A bad thing
18%

Unsure

2%

Francisco

Sources: SF Chronicle / MassTransit (2026), GrowSF Pulse Poll (2025).

WAYMO RECALLS OVER
3,500 VEHICLES AFTER
ROBOTAXI ENTERED

FLOODED TEXAS ROAD

GrowSF Pulse Poll — July 2025

Do you support or oppose autonomous vehicles/robotaxis in San Francisco?
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Software Defined Vehicles

Vehicle where core functions are governed by software, not fixed hardware

Enables continuous evolution through remote updates & upgrades

Decouples applications from hardware, making vehicles more flexible and adaptable

Acts as a digital mobility platform, integrating cloud and services

L i

VVehicle software projected to grow from 100M — 1B lines of code this decade
Duplicated efforts, fragmented platforms, and talent shortage slow down innovation

Non OEMs & Big Tech entering the market with software-first approaches, creating risks of vendor Iock-in..

NEW BUSINESS MODELS

ENABLING NEW VALUE STREAMS AND MEETING NEW CHALLENGES
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Challenges ahead




Real-world traffic
probability Occurrence

Current challenges for a massive deployement of AV,
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Al vs human

Complexity management:

Tahrir square, El Cairo (Egypt)

1. RULE-BASED VEHICLES 2. SOFTWARE-DEFINED VEHICLES

3. AI-DEFINED VEHICLES
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Real-world traffic

probability Occurrence

Current challenges for a massive deployment of AV
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Which are the pillars for a trustworty Al?

Trustworthy L]

Artificial Intelligence

Human agency Technical Privacy and data Transparency Diversity, Societal and Accountability
and oversight robustness governance non-discrimina- environmental | ~ 1
@ and safety | 5 ﬁj) A tion & fairness | wellbeing
[ 4 c"
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Subsection 5.2 Subsection 5.3 Subsection 5.4 Subsection 5.5 Subsection 5.6 Subsection 5.7 Subsection 5.8
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Diaz-Rodriguez, N., Del Ser, J., Coeckelbergh, M., de Prado, M. L, Herrera-Viedma, E., & Herrera, F. Connecting the dots in trustworthy Artificial .
Intelligence: From Al principles, ethics, and key requirements to responsible Al systems and regulation. Information Fusion, 101896. 2023




Current challenges for a massive deployement of AV,
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0ld challenges still ahead: the long-tail distribution
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Zhou, W, Cao, Z, Deng, N,, Liu, X., Jiang, K., & Yang, D. Long-Tail Prediction Uncertainty
Aware Trajectory Planning for Self-driving Vehicles. arXiv e-prints, arXiv-2207, 2022
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Accidents

Normal Driving Safety Critical Near-Miss Events

BEWARE OF g
INVISIBLE COWS ‘

MOST OF THE MAUNA KEA ACCESS ROAD BELOW HALE POHAKU
IS OPEN CATTLE RANGE, AND THE COWS FREQUENTLY CROSS THE
ROAD. DARK COLORED COWS ARE_OFTEN INVISIBLE IN DARKNESS
AND/OR FOG. USE EXTREME CAUTION AND DRIVE VERY SLOWLY B
IR THIS OPEN RANGE. i i
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Generalizable and explainable Al: general thoughts

IN-DISTRIBUTION (SEEN DURING TRAINING)

see Sl

Correct prediction and safe planning
Drivable road detected — proceed

OUT-OF-DISTRIBUTION (UNSEEN CONDITION)

® Incorrect prediction and unsafe decision
Flooded area predicted as drivable — vehicle proceeds

Adaptation inspired by Reuters coverage of the Waymo flooded-road recall (2026)
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Solutions g &F 25
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Rare signal-to-noise ratio: 6

Large variance:

AT A A A
TERTF RS EL

E [:v' 5-] = 2 2. Reasoning from A
E?[p] *
2 s
a“l « S

3. Reducing the size of B

Liu, H. X., & Feng, S. Curse of rarity for autonomous vehicles, Nature communications, 2022

Perturbed (OOD) 1|

T. Guo, T. Banerjee, R. Liy, and L. Su, “Building Real-time Awareness of Out-of-
distribution in Trajectory Prediction for Autonomous Vehicles,"” arXiv:2409.17277, 2024,

True trajectory

—

Predicl;dn'ajeclory
History trajectory
Crafted history
Unexpected debris

Target agent
(crated history)

‘ Ego agent

0 Other agent




Real-world traffic
probability Occurrence

Current challenges for a massive deployment of AV
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s it manageable the dependency of HD maps?
Can standalone AVs “survive™

The Case for Alternatives to HD Maps

Why heavy reliance on HD maps limits the deployment of autonomous vehicles Why IOOk for
alternatives? ]
.\gj High Cost fE] Constant Updates @ Scalability Limits . . Real-time
Creating HD maps is The world changes Only a fraction of roads @ perception
expensive and labor-intensive faster than maps are HD-mapped L=d Adapt to unseen
0 situations
~$1 ,000 [£] Construction & roadworks 8¢ ¥o Q :
k d
Flmmagpe %55 Temporary lane changes "] Learn &.
LIDAR / camera data collection generalize B
Manual & semi-automatic labeling [¢] Dynamic traffic & signage o Driveninew . .
Validation & QA J environments
B Afew cities Gl Highways only g .
L]
Re ality . [ Limited geographic coverage Q Scalable
@c ~ 5 HD Map % globally
onstruction cones m '
- No per-road
o Temporary detours < > -> 0 Altered lane layout 0 mapping cost . .
0 Unexpected pedestrians 0 Missing detour . Robust to
® €3 Unmapped objects r‘ 4 changes
New signage
v signeg €D Outdated signage C J 9

Handles works,
detours, weather
Consequences of HD map dependency

Slow deployment Q Limited Localization High OPEX for ﬂ Q Autonomy needs perception, learning
(speed to market) Q,c:) coverage failures & maintenance and adaptability — not static maps.

Al-based summary of HD maps challenges




Tackling trustworthy decision-
making challenges
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Dynamic maps =

World modelling using probabilistic grids

[/t\ A S l
autoplal = L C S C
Connected and automated driving CENTRE FOR AUTOMAT /AND ROBOTICS - ISEJO SUPERIOR DE INVESTIGACIONES CIENTIFICAS

LiDAR-based Perception Framework

Sensors: Tasks involved:
- 1 Ibeo Lux: 4 layers, 100° - Obstacle-ground point cloud classification .
-2 VLP16: 16 layers, 360° - Dynamic Occupancy Grid (DOG)

- Classified Occupancy Grid (COG)
- Road users object-level tracking

Environment semantic representation

?\ S ‘.,‘"" i = 5 .
autopia., “CSIC Jre - v
Gcted aid atanated drving CONSE O SUPERIOR DE INVESTIGACIONES CIENTIFICAS In-view map - = | Ene
St i i o XN, 2 Geometric prediction OSM Map Sensor data
e | d == = : .
=

i " ° 4
| |

|

Evidential Semantic Lane-grid for Unknown Space Analysis

and High-level Representation of Dynamic Occupancy Grids

DL model

V. Jiménez-Bermejo, V. Trentin, A. Artufiedo and J. Villagra

BeyondFormer

Unseen area prediction
(a) (b)
Out-of-view Map Prediction == N -

Jiménez, V., Godoy, J., Artufedo, A., & Villagra, J. Object-level semantic and velocity feedback for dynamic occupancy grids. IEEE Transactions on Intelligent Vehicles, 2023. . . . .
Jiménez, Trentin, Artunedo & Villagra. Evidential Semantic Lane-Grid for Unknown Space Analysis and High-Level Representation of Dynamic Occupancy Grids. IEEE Transactions on Intelligent Vehicles, 2024 . . . . .
Hortelano, Jiménez-Bermejo & Villagra. LOGIC+: LIDAR-Only Geometric-Intensity Confidence Grids for Drivable Area Estimation. IEEE Open Journal of Intelligent Transportation Systems, 2026 . . . . . . .



How do we contribute to AV cha

Human-like planning
Safe-by-design context-aware amotion planning relying on primitives
emulating human-cognition principles

P

Fail-degraded navigation & control

Skills-graphs, contract-based safety, scalable/generalized risk
assessment and decision-making methods

&%

v

Dynamic Occupancy Grid
L] :

Collective trustworthy perception
Semantic occupancy grids shared via V2X among vehicles

Evidential Semantic Lane-grid and Occupancy Grid
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Interaction-aware motion prediction

Spatio-Temporal and
Multimodal Motion Grid

Scenario extracted from InD dataset

grou wth Around trﬁth
posifion / vehicle body

Traffic sitl
. road
e there

ML-Guided Markov Chains for Motion Prediction b

Trentin, M3, Villagra & Al-Ars. Learning-enabled multi-modal motion prediction in urban environments, IEEE IV, 2023

Trentin, Artufedo, Godoy & Villagra, Multi-Modal Interaction-Aware Motion Prediction At Unsignalized Intersections. IEEE Transactions on Intelligent \Vehicles, 2023
Trentin, Jiménez-Bermejo, Medina-Lee, Artufiedo & Villagra. Handling the Hidden: Occlusion-Aware Motion Prediction for Autonomous Vehicles. IEEE Open Journal of Intelligent Transportation Systems, 2026.

Jetection




IAMPZ: Interaction aware motion planning and prediction =

........................

Motion
Prediction

Digital
map

Motion
Planning
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Medina-Lee, Godoy, Artunedo & Villagra. Speed profile generation strategy for efficient merging of automated vehicles on roundabouts with realistic traffic. [IEEE Transactions on Intelligent Vehicles, 2022

Medina-Lee, Trentin, Hortelano, Artufiedo, Godoy & Villagra. 14 (MP) *: Framewark for Online Motion Planning Using Interaction-Aware Motion Predictions in Complex Driving Situations. IEEE Trans. on Intelligent Vehicles, 20. .
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Hurman-in-the-loop decision-making

Co-driver architecture (Da Lio"15)

Automotive

Sensors "
motor Bias
(dogsal stream) cortex (automation levels)
’
/
sensory
cortex 0.9
A :
/\1 0.8
ja SR 07°E
- =D =) - 2

Action Selection
(basal ganglia)—"

&
ndidate mer

=)
W oL
1

Validity level
separation

V&  Manual Driving d Driving ) i : ;
= Lon. Comfort Lat. Comfort Safety Utlity Length

0
oro}boilum Highest (((/.;\))\J = f::\
/ — . 2 r=~ O
J Motor Output Primitive sensorimotor ac| ., — o P el

Salient situations <---""

SHENN -

Artunedo, Villagra & Godoy. Jerk=limited time-optimal speed planning for arbitrary paths. IEEE Transactions on Intelligent Transportation Systems, 2021
Medina-Lee, Artufiedo, Godoy & Villagra. Merit-Based Motion Planning for Autonomous Vehicles in Urban Scenarios. Sensors, 2021.
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Medina-Lee, Artufiedo, Godoy, Trentin & Villagra. Self-configuring Motion Planner for Automated Vehicles Based on Human Driving Styles. IEEE Intelligent Vehicles Symposium (IV), 2024.




Human-like planning
Safe-by-design context-aware amotion planning relying on primitives
emulating human-cognition principles

Fail-degraded navigation & control

Skills-graphs, contract-based safety, scalable/generalized risk
assessment and decision-making methods
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Scalable fail-degraded navigation =

Autonomous navigation today Destination
e — e
Start f ﬁ il j
=

B>
B>
>
N

. Context adaptation scalability

Good/Yes
Moderate/Partial . Vehicle state adaptation scalability
Poor/No Development process scalability . . .
=3 Includes Computational scalability
Situation aware fail-degraded system > Challenged by

=3 Addressed by

Monitoring and Adaptation (ill) Safety argumentation
representation (I1) )

Holistic Safety adaptation Adaptation
representation models (IlI-A) ety UER]
Internal-state (II-A3, 11-B4) Context
representation representation
(1-A1, 1-B1) (1I-A2, 1-B2) Coverage of Systematic
adaptation factors Development

Handling Holistic dependencies Scalability w.r.t. Handling Computational Reconfiguration Safety case
interconnections considerations scenario space uncertainties cost transition safety (I11-C) development scalability
(n-B3)

DSM [11]

Graph-based DSM[11] Ontologies DRA [37-40] Representation/model 'ODD-based Ontologies

methods [25] [82, 84] extensions [35,55,121] [83] 82, 84] Safety argument

patterns and
automation [171,172]

.ﬁ‘él'ﬁﬁ:fi:ﬁl Sknpie ssfety,model saf for | Gradual
y [E.!., RSS, [152] a mar‘umem r ual parameter

reconfiguration [171] change [161,162]

Hossam, Villagra, Navas & Milanés. Scalable Fail-Degraded Systems for Autonomous Vehicles: A
Survey. [EEE Transactions on Intelligent Transportation Systems, 2025



Taxonomy for monitoring and awareness

@
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XY

Representations

Sensors

Perception

Awareness

Decision &
Action

(Current state of the world Mission objectives, priorities,
and the system) safety goals & requirements

Internal Sensors External (Environment) Sensors
(platform, health, state, localization, etc) (environment, other agents, infrastructure, etc)

Self-perception Environment perception
(platform state, health, capabilities, confidence) (obstacles, terrain, traffic, context, risks, other agents)

< oy
< L

Environment information Environment information
for Self-perception for Scene representation

Self-awareness Context-awareness
(health, resources, upabih‘\ie)s. degraded state, (environment, traffic, mission context, ODD, etc)

Situational-awareness
(combined understanding of self + context + mission state)

Risk-awareness
(risk estimati inty, safety margin)

5 5 Goals & Values




Autopia approach for monitoring, awareness and pl

RUN-TIME:
| TAXONOMY

Generalized
risk-aware
situation awareness
and planning
(Fail-degraded
Navigation)

Losses,
Hazards &
Constraints

t

Context, ‘

DESIGN-TIME: SAFETY & CAPABILITY ENGINEERING

STPA (System-Theoretic Process Analysis)

UCAs List

Control Loss Scenarios
—»  (foreach |—P 2
Structure compo ) List
Safety Goals & Requirements

(constraints, safety requirements)

STPA Outputs (design-time artifacts)

Skill Graphs (Capability & Behavior Modeling)

« Skills (behaviors, functions)
* Preconditions
« Effects
N + Dependencies
O - ,() + Degraded modes
+ Recovery options

Capability / Skill Model <-
ilable skills, d ies, d d modes, recovery options)

System state, execution outcome, performance metrics

+ Safety constraints & requirements
+ Hazard model & unsafe states
» Risk model & criticality
. f
Sefetyisnvelopes Design feedback
& evolution
Operationalize
(derive models & constraints) Defines & configums
Situation Goals & Values
8 Representations (Mission & Safety Goals)
(Current state of the world Mission objectives, priorities,
and the system) safety goals & requirements
=
Operational Risk Models Skill / Capability Models Behavior Prediction Models
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STPA: guiding principles

Ideal Stage for STPA

ification  \/3lidation
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constraints

|

Control

structure

|
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component

I

Loss
scenarios list

Final output

System goals and requirements

(e.g., safety requirements)

* Most effective during design and development stages, reducing late redesign and mitigation costs

« System-theoretic safety approach

* Models safety as a control problem and analyzes the system as a whole to prevent losses

» Structured derivation of safety requirements:
 Identifies hazards, unsafe control actions (UCAs), loss scenarios, and safety constraints.
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Existing approaches struggle to capture low-probability/high-impact collision scenarios caused by uncertainty

Particle-based Collision Probability Estimation

propagation and complex multi-agent interactions

« Effective probabilistic representation of traffic participants uncertainties
Accurate simulation of uncertainty distribution in the presence of collisions

e Calculate Density nper ig

Hossam, Trentin, Jiménez-Bermejo, Villagra, Navas & Milanés. A Particle-Based Collision Probability Estimation Framework for Uncertainty-Aware Risk Evaluation in Autonomous Vehicles. IEEE Access, 2026
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Risk-aware monitoring and decision-making: main principles

e e R T L T S e o B e A T T e e e SR

Estimate rare-events
probabilities
Probability of each behavior type

L; (Hg" | k) P(6%)
> Li (HE | 61) P(6r)
(Bayesian likelihood)

Generate EV
trajectory samples

Sample ego trajectories

Pr; (6; | H*) =
Tego = {Tm}%zl J 0 )

Estimate other agents’
behaviors

Predict behavior within each
sub-space

nl=t | Ok, 3, HLB)

— '

—

Find worst-case behaviors per behavior
sub-space and EV trajectory
0r° (4, Tm) =
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2) Collision Events Probability Map
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: behaviors simulations
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(Gaussian truncation + Survival theory)
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3) Trajectory Optimization
Generate trajectory
I candidates

T = {Tm} =

¥

Compute severity and risk

Risk acceptance
criteria

Distance-based threshold

Race (Tm) £ 74 - diraveted(Tm)

per candidate
Instantaneous risk at time t
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Accumulated risk along trajectory
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: Find optimal (safe) or minimal risk candidate
|

I
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|

fi 3 T  Ruco (Trm) < 74> devaveled(Tin) Else (no safe trajectory exists)
7* = argmin J (7,,) 7% = argmin Reee (7m)
Tm Tm
________________________________________________________________________________
j : behavior sub-space index Pc';,f,yj : collision probability at time ¢ Tm : candidate trajectory

k : behavior hypothesis index in sub-space j P.:ikj
H!™ : observation history up to time ), Pure

: probability of severity level 1 Tu
: survival probability at time ¢

: planning horizon
Ast :

traveled distance at time step ¢

EV Traveled Distance (m)

Probabilistic framework that enables interpretable run-
time reasoning about risk over the full planning horizon

Unified representation of collision and injury risk, allowing

consistent handling of nominal interactions, rare critical
events, and inevitable collision situations

Risk is represented across multiple severity levels aligned
with automotive safety definitions — risk-constrained
planning + minimum-risk maneuver selection

Collision probability between EV and lead vehicle for behavior k=4

100

(3]
o

Collision Probability

o

Time (s)




Risk-aware monitoring and decision-making: first results =
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Hossam, Artufiedo, Villagra, Risk-aware Monitoring and Decision-making framework for Autonomous Vehicles, to be submitted to IEEE Transactions on Intelligent Vehicles, 2026
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Autopia in numbers

%\
autopia).

Connected and automated driving

Since 2020:

Funding: 4.5M€+ funding secured — 6 national/regional, 8 EU projects + 5 industry contracts

Scientific activity: 82 scientific publications — 32 journals, 31 conferences, 3 books, 16 book chapters (64 co-authors / 12
countries)

Innovation: TRL7 validated prototypes — road vehicles (2), bus (1), military platoon (1), semi-autonomous excavator (1)
Knowledge transfer: 1.5ME€ industrial contracts, 2 patents (1 with Renault)
Education: 9 PhDs (4 completed / 5 ongoing), 25+ MSc/BSc theses

Team growth: 6 — 18 members

Jorge Villagra Jorge Godoy  Antonio Artufiedo Juan L. Hortelano  Marcos Moreno  Abdallah Hossam Chema Barbera Ignacio Lopez Davide Miceli
AL et o
9 A
'h AT
Permanent staff PhD students Management

Vinicius Trentin ~ Victor Jimenez  (Clara Gomez Miguel Beteta Gabriel Delgado  David Redondo  Diego Aceituno  Arantxa Garcia ~ Barbara Villalba

Post-doctoral researchers R&D engineers




Thanks for your attention
https://autopia.car.upm-csic.es
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