KIDATA

TOOLING

The Data Kit for
Automotive Al

Probabilistic Trajectory Forecast of
Vulnerable Road User

Hannes Reichert, Konrad Doll,
Manuel Hetzel | TH AB

6 move

: -pwait;t
il leﬁ 1.0 'f"&ght pstart;t
= = Pstop;t
s gD ‘?0'5 Pmowe;t
4 - =00 0.0 !&0.0 — Pleft;t
=1 0 -2-10 _2t_1 0 _nght;t
t/s . t/s /s .
z Basic Movement Detection
~ 2
)
)

Trajectory
Forecasting

Fig.1: Trajectory forecasting. The future trajectory of a VRU is -2
forecasted based on past observations (© TH Aschaffenburg).
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Abstract

In the context of driver assistance, an accurate
and reliable prediction of a VRU trajectory Is
mandatory to reduce the risk of VRUs In traffic.
We propose using probabilistic forecasts to
model Inherent uncertainties for reliable
systems.

Fig.5: Ensemble of probabilistic trajectory forecast.
(© TH Aschaffenburg).

* Unimodal forcaster from [1] does not take
the 1ssue from Fig. 4 into account, resulting
In unreliable forecasts

 In[2] a multi-modal ensemble is proposed
to resolve this issue (see Fig. 5)

Evaluation
[2] contributes two new metrics for evaluation

SRR
' of probabilistic forecaster:
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Fig.2: Probabilistic trajectory forecast of a cyclist in 0.5s, 1.5s, and 2.5s
in the future (© TH Aschaffenburg).

Fig.6: Confidence estimation for arbitrary points and distributions.
(© TH Aschaffenburg).

Reliability
Modeling Uncertainty by « The idea of “reliability” conveys information
Probabilistic Forecasts about whether the user can rely on the
forecast for decision making
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Fig.3: Unimodal trajectory forecasting
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Fig.7: Reliability evaluation by calibration plots. (© TH Aschaffenburg).
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» Method form [1] adds uncertainty estimates
to deterministic forecasts

« Simple neural network

» Trained on future ground truth (GT)
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Sharpness
« Sharpness is defined as the forecasted area
In m?2 of confidence regions

positions only in ego coordinates * For downstream tasks like planning: the
* Learns uncertainty from data (semi- smaller, the better
" Unimodal Ensemble Trajectory Based
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. 9 Fig.4: Example trajectories for cyclists.
) L Despite similar observed trajectories References:
2 /m °z/m (black.llnes), the future trajectories are [1] S. Zernetsch, H. Reichert, V. Kress, K. Doll and B. Sick, "Trajectory Forecasts
very different (© TH Aschaffenburg).
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Multi-modality is needed!
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For more information contact:
hannes.reichert@th-ab.de
konrad.doll@th-ab.de
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