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Can context-based prediction of behavior
improve the socially-compliant performance
of automated vehicles, accelerate their
societal adoption, and extend their ODD?



ODD Detection Integrity

Why It’s Hard to Detect ODD Boundaries
- Incomplete detectlon of critical attributes

- Off-board data and inference
for some conditions

» ODD forecasting must include
time buffer
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Prediction Systems and AVs

Safety and Efficiency

Potential to increase the social acceptance
(o) Comfort

of AVs and to accelerate their adoption

Feeling of respect and being understood by AVs




Prediction of vehicle lane change and
pedestrian crossing intentions






£ Universidad

How does Al compare to humans
in lane-change behavior prediction tasks?
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#9i de Alcals . .
Vehicle Motion Forecast

Only 4 individuals
outperformed the Al

Accuracy: 87.4 %
Average Al delay: 0.66 s
Average human delay: 1.08 s

Accuracy (%)

Al Anticipation time with respect to
average human capacity: 420 ms -

During weekends
Ocasionally
No driving license

Fitted curve

0.5 1 1.5
Delay to lane change starting point (s)
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Taking a step further in Behavior Prediction
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Taking a step further in behavior prediction

Use contextual information for further anticipation

Develop explainable predictors

Target new use cases: near crash & occluded pedestrians
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1. Anticipate behavior predictions using contextual information, as we (human drivers) do.
=  Predictions are based on Knowledge Graphs (KG). They are interpretable and explainable.

»  Bayesian inference is carried out as a downstream task on the grounds of the learned embeddings, allowing the implementation of a fully inductive
reasoning system based on Knowledge Graph Embedding (KGE).

2. Providing clear explanations of the predicted behaviors in understandable human natural language.
= Predictions will be explainable by combining KGs with Retrieval Augmented Generation (RAG) models.

| will change lane to the left to avoid the
high risk with the preceding vehicle.

Low Risk TTC
Left Following

High Risk TTC
Preceding

High Risk TTC
Right Following




Architecture Pipeline

yVelocity
r

P(e|h) = P(h)
P(e)

P(hle) =

Numerical Values . o
Bayesian Inference and Prediction

KG Generation

yVelocity
b

movingRight+

Response

movingStraight - Hugging Face The vehicle is expected to change to the left lane
i because there is a greater risk of collision with the
vehicle directly ahead. Changing to the less risky left
lane, where the Time-to-Collision (TTC) risk with both
mouingLeﬂ;- - - 4 the preceding and following vehicles is low, will ensure
[ i 7 i Y . safety. This maneuver minimizes the risk of collision,
2 delivering a safer direction for the vehicle to proceed.

Linguistic Cat i
inguistic Categories KG Embedding

Knowledge Graph Embedding RAG Explanation
RAG: Retrieval Augmented Generation




Linguistic Input Generation

 Lateral velocity
 Lateral acceleration
« TTC with:

» |eft preceding vehicle (LP)
Preceding vehicle (P)
Right preceding vehicle (RP)
Left following vehicle (LF)
Right following vehicle (RF)




Architecture Pipeline

yVelocity
r

P(e|h) = P(h)

P(hle) = =5

Numerical Values . o
Bayesian Inference and Prediction

yVelocity KG Generation
b

movingRight+

Response

The vehicle is expected to change to the left lane
because there is a greater risk of collision with the
= : vehicle directly ahead. Changing to the less risky left

ingLeft+ . N lane, where the Time-to-Collision (TTC) risk with both
movingLe: the preceding and following vehicles is low, will ensure
safety. This maneuver minimizes the risk of collision,

Linguistic Categories - B ol delivering a safer direction for the vehicle to proceed.
KG Embedding \ @OpenAI

Linguistic Input Generation Knowledge Graph Embedding RAG Explanation

movingStraight “~ | Hugging Face
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Knowledge Graphs csv I

» A Knowledge Graph is a type of database that structures knowledge in a way that is both human-interpretable and easily
analyzed.

» Example: <vehicle 741, INTENTION_IS, leftLaneChanging>
 Subject entity: vehicle 741
* Relation: INTENTIONL_IS
» Object entity: leftLaneChanging




Knowledge Graph csv
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P(hypothesis) = P(event|hypothesis)

Bayesian Inference and Prediction  rupothesisieven) = Plevent)

<vehicle, INTENTION_IS, LLC>
<vehicle, INTENTION_IS, LK>
<vehicle, INTENTION_IS, RLC>

hypothesis (h)

event | hypothesis (e|h)

Bayesian Inference using Embedding

<vehicle, LATERAL_VELOCITY_IS, movingStraight>
<vehicle, PRECEDING_TTC_IS, highRiskPreceding>

event (e)




Bayesian Inference and Prediction

Frame 008997

L | Bird eye view of the road scene

strsgneiotion 017 NN ARG |C (257

zeroAcceleration (—=0.04) lowRiskRightFollowing (—2) mediumRiskPreceding (7) _
. . lowRiskRightP di 19
Close-up.image.of the target vehicle  HEsSEhEErecesdngiliiii RLC (18%)
Explainable features LE aee-hhangeppoeaiotibies

Lane Change Prediction

= Prediction

| The red arrow indicates the direction of the
lane change prediction

S

Prediction




Bayesian Inference and Prediction
Frame 005040

straightMotion (0.09) nediumRis tFollowing (4 lowRiskLeftPreceding (; LLC (18%)
zeroAcceleration (0.04) |lowRiskRightFollowing {inf) lowRiskPreceding {(—=57) K (64
lowRiskRightPreceding (—-369) RLC (18%)
The right lane change is predicted even
| before the target vehicle has finished Larie Chanbe Prediction
overtaking the truck. e Predbon

Prediction




Architecture Pipeline
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The vehicle is expected to change to the left lane
because there is a greater risk of collision with the
= : vehicle directly ahead. Changing to the less risky left

ingLeft+ . N lane, where the Time-to-Collision (TTC) risk with both
movingLe: the preceding and following vehicles is low, will ensure
safety. This maneuver minimizes the risk of collision,

Linguistic Categories - B ol delivering a safer direction for the vehicle to proceed.
KG Embedding \ @OpenAI
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movingStraight “~ | Hugging Face
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RAG Explanation

Retrieval Module Augmentation Module

Embedded
Chunks

Embedded
Query

Generation Module
s LLM N
@ 0openAl Hugginsl’m Gemini




RAG Explanation

Prompt

You are an expert on vehicle lane change prediction tasks and must justify why the vehicle did one of the following maneuvers (left lane change, or right lane change, or kept
lane).

- Context (input): Natural text that describes the scene. The given inputs are: the target vehicle's lateral acceleration, lateral velocity, TTC (Time To Collision) risk with
(left preceding, preceding, right preceding, left following, right following) surrounding vehicles, and the target vehicle's predicted lane change maneuver.
(high TTC is the highest risk level, medium TTC is risky as well but is less than high, low TTC indicates no risk).

- Output: Justification of the lane change maneuver in clear and precise English with a maximum of 75 words.

- Command: State the main reasons contributing to the anticipated vehicle maneuver. Take the retrieved scenarios as supporting scenes. Follow the next example
while generating your output.

- Example:
Input: Explain the reason why the vehicle will make a left lane change, given the following prior information:
* The vehicle has zero lateral acceleration.
* The vehicle is moving straight.
* The TTC risk from the left preceding vehicle is low.
* The TTC risk from the preceding vehicle is medium.
* The TTC risk from the right preceding vehicle is low.
* The TTC risk from the left following vehicle is low.
* The TTC risk from the right following vehicle is low.
Output: (The vehicle will initiate a left lane change in response to the small gap with the vehicle directly ahead, which elevates the risk of the current situation. However, the
left lane presents a safer option because the Time-to-Collision (TTC) risk associated with both the preceding and following vehicles in that lane is low. This provides a more
secure gap for the maneuver. Consequently, transitioning to the left lane is the best option.)




RAG Explanation B

Query

= = 733 — : - Frame 00%078 Explain the reason why the vehicle will make a left lane change maneuver,
l . - e —— given the following prior information:
= — g - . T e * The vehicle is not accelerating in the lateral direction.
: * The vehicle is moving straight.
* The TTC risk from the left preceding vehicle is low.

straightMotion (—0.06) _ _ _ * The TTC risk from the preceding vehicle is medium.

* The TTC risk from the right preceding vehicle is low.
zeroAcceleration (-0.1) lowRiskRightFollowing (—8) mediumRiskPreceding (6) LK (35%) * The TTC risk from the left following vehicle is low.

* The TTC risk from the right following vehicle is low.

lowRiskRightPreceding (25) RLC (21%)

Lane Change Prediction

= Prediction

Response

Prediction

The vehicle is expected to change to the left lane because there is a
greater risk of collision with the vehicle directly ahead. Changing to the
less risky left lane, where the Time-to-Collision (TTC) risk with both the
preceding and following vehicles is low, will ensure safety. This maneuver
minimizes the risk of collision, delivering a safer direction for the vehicle to

proceed.



Architecture Pipeline

yVelocity
r

P(e|h) = P(h)
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P(hle) =
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Bayesian Inference and Prediction

KG Generation

yVelocity
b

/ Retrieval Module \\ Augmentation Module

e [ ((row )
Embedding Model Chunks ')x\ g Chunk +
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+/ “ Hugging Face & LanceDB Py weaviate
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movingRight+
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_ LLM .

Query;
Linguistic Categories 2
g g KG Embedding & —
55 C@OpenAI ¥ Hugging Face MmN} (Promat'+ Query + Context)

Knowledge Graph Embedding RAG Explanation
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Prediction of pedestrians’ crossing intentions

Attention: looking at driver

Motion activity: walk, stand, run, waive
Location: near/far from curb
Orientation: with respect to the road
Distance: near/far from ego-vehicle - '
Type: regular adult, child
Capability: regular, crutches, wheelchair ki
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Prediction of pedestrians’ crossing intentions

Prompt

You are an expert on the pedestrian behavior on the road and you are an
expert assistant for question-answering tasks.

- Context (input): Natural text that describes the scene. Linguistic inputs
describe the pedestrian state: orientation, gaze, action, proximity to the
road and distance.

- Output: Justification of the pedestrian crossing behavior in clear and
precise English with a maximum of 75 words and do not use conditional
words as may

- Command: Use the following pieces of retrieved context to answer the
question. If you don't know the answer, just say that you don't know.

- Example:
Input: Explain the reason why a pedestrian will not cross the street, given
the following prior information:

+ The pedestrian is looking at the driver f*pr eye contact

* The pedestrian is standing in a leftward direction

* The pedestrian is located at a near distance from the curb

* The pedestrian is far from the vehicle
OQutput: The \pedestrian will not cross the street because they are seeking
eye contact with the driver, indicating a need for assurance of safety
before crossing. Standing in a leftward direction suggests they are not yet
ready to cross, possibly waiting for the right moment or assessing the
vehicle's distance and speed. Being far from the vehicle, they might judge
it unsafe or premature to cross due to the distance, preferring to wait
until the vehicle is closer or has passed.

Query

Explain the reason why a pedestrian will cross the street, given the

following prior information:

» The pedestrian is looking at the driver for eye contact.
¢ The pedestrian is walking quickly in a leftward direction.
* The pedestrian is located at a near distance from the curb.

* The pedestrian is far from the vehicle

Pedestrian Features

Prediction
CrossRoad )
Activated Fuzzy Rules

At 45 frame Ped_p

Ped_left_run

Pedestrian Features

Prediction

NoCrossRoad Migi=Dis ok goleh

At 30 frame Activated Fuzzy Rules

Ped_vehDir

RAG Explanation

The pedestrian will cross the street because they
are seeking eye contact with the driver, indicating
an intent to cross safely. Their quick pace and
leftward direction suggest readiness to cross,
while being near the curb and far from the
vehicle provides a safe opportunity to do so.

RAG Explanation

The pedestrian will not cross the street because
their behavior and position signal no intention to
cross. Not seeking eye contact with the driver
and walking parallel to the driving direction
indicate the pedestrian's focus is on moving
along their current path, not on crossing. Being
far from the curb reinforces this lack of intent to
cross, as it shows a preference to remain on the
sidewalk.
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L0 1o Aleals Prediction of pedestrians’ crossing intentions

Pedestrians Expressive Features




£2% Universidad

L0 1o Aleals Prediction of pedestrians’ crossing intentions
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New use cases — Context-based

Prediction of near-crash

Prediction of occluded pedestrians
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Congested adjacent lane
Activation of braking lights
Free ego-vehicle lane

Fast approaching

Prediction of near-crash situation

e ool Glo =551

ronotn (SRR AT e @s.1%)
zeroAcceleration 'highRiskRightFollowingTTC | highRiskPrecedingTTC _
highRlskRightPrecedingTTc

RLC (14.26%)
SD (53.49%) N (46.51%)
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0% 1o Alls Prediction of near-crash situation

NO DATA
Track Name: insta_1, Frame: O

Contextual variables

o Congested adjacent lane

o Activation of braking lights
o Free ego-vehicle lane
o Fast approaching




gfi‘iij;dad MPC-based near-crash reaction

Frame Number: 0
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MPC-based near-crash reaction

Frame Number: O
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Prediction of occluded pedestrians
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T Prediction of occluded pedestrians

Video Name: 3tEZvtQZ18Q_004095, Ignore: No, Ego Vehicle: Ego Not Involved
Accident Type: pedestrian
Anomal?rDStcrt 46, Anomaly End: 82

Frame Accident Name: normal
Scene Start Anomaly Start
T |
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el e Prediction of occluded pedestrians
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e Prediction of occluded pedestrians
suwfiy A€ AlCala
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10 de Alonls Prediction of occluded pedestrians
suwfiy A€ AlCala




£ Universidad

i Prediction of occluded pedestrians

Presence of crosswalk

Presence of vegetation or other sight-occluding elements
Activation of braking lights in preceding vehicle
Preceding vehicle deceleration and velocity

Distance to preceding vehicle

Number of lanes

Free lane in front of preceding vehicle

Free ego-lane ahead
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Pedestrian

NesRedestrion
P 2 1% F

42
Ground true: NonePedestrian




{) Universidad Prediction of occluded pedestrians

Pedestrian Presence

@ o

No Pedestrian
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Prediction as a key for Optimal Interactions
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HMI strategies

Motion Behavior
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HOLISTIC AND ADAPTIVE INTERFACE DESIGN FOR HUMAN-TECHNOLOGY INTERACTION

This project has received funding from the European Union’s Horizon Europe research and innovation program with ID 101069538
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2022 - 2025

virtual @ vehicle

o #8% de Alcals
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2022 - 2025

Environment /
Situation

Vehicle HMI
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Pedestrian Behavior Prediction

External Sensing —

External Sensing — .
VRU Detection Competition Results and Ceremony IMI -
ire

o Track 1 [Top 1-3]:
© Queen Mary University of London [Leader: Chiang, Chiayen]

o The Hong Kong Polytechnic University [Leader: Hu, Fengqing]

Ext e Tra:k I;BFT(J)inglfj;]i\-Iersity [Leader: Jin, Zhiyu] ;e
VRU Intention/Prediction e L

o Kookmin University [Leader: Lee, Seungju]

e = |
(Road, Cars, Infrastructure) ogic

Simulated
System

o Southeast University [Leader: Ji, Yufei] MI
° i ‘ . a ¥in] wre
 Track 3 [Top 1]: >
o University of Alcala [Leader: Manzour Hussien, Mohamed]
o University of Alcala [Leader: MELO CASTILLO, Angie Nataly] MI -
- 1 i 1 . 7 -’ ic
Int 1S _ o Peking University [Leader: Zhang, Jinyan] 0g

Driver Intention/Behaviour o Tianjin Normal University [Leader: Zhou, Jianglin]
Prediction

The detailed prize information will be announced in ITSC 2023 workshop - 3rd Workshop On The
Prediction Of Pedestrian Behaviors For Automated Driving.
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* Leverage ADAS for shaping social norms and for accelerating
drivers’ adaptation to local traffic rules.

« Reinforcement of Injunctive norms.
« Development of AVs capable of negotiating with other road

users while abiding by the local social norms.
« Neuro-symbolic reasoning (traffic rules, social norms, common sense).

51
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miguel.sotelo@uah.es

www.invett.es/sotelo



