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Abstract : Predicting the trajectory of surrounding vehicles is important in developing safe and socially compliant self-driving
cars. For this reason, interaction-aware vehicle trajectory prediction with uncertainty is essential before making a robust

decision-making system and trajectory planner. In this paper, we present a probabilistic vehicle trajectory prediction algorithm,
which is scalable, interpretable and accurate. Using past trajectory and the properties of the surrounding vehicles, the proposed
model generates the distribution of the future predicted trajectory. Our model consists of a simple encoder-decoder architecture
based on multi-head attention. Like human drivers, the model can learn which vehicles to focus on for accurate prediction without
requiring supervision. Inter-vehicle interaction learning improves the interpretability of the prediction network. We demonstrate

our model’s performance using a challenging, naturalistic trajectory dataset, showing clear improvement in terms of positional

error on both longitudinal and lateral directions.
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Nomenclature y
X : a group of past trajectories and properties for the z
vehicles Q
Y : a group of future trajectories for the surrounding K
vehicles 14
I : a group of lane information d
Z : a group of encoded vectors we
X : properties and trajectory history for the vehicles W
Y : future trajectory for the surrounding vehicles
1 : lane information "
T : time step H
X : vehicle states and properties z
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rajectory prediction(-3 ), earning based model(8}s5 7] 1} %), Deep learning 3), Interaction("y
Traj diction(7d = ¢l|5), L based model(SH+57 7|1t 55, Deep | (F99). 1 (s

: future vehicle position, m

: encoded vectors

: queries at attention layer

: keys at attention layer

: values at attention layer

: the number of elements in the layer at attention layer
: weight matrix for query

: weight matrix for key

: weight matrix for value

: predictive mean of future position, m

: predictive variance of future position, m
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Subscripts

~.

: vehicle id
: lane id

: head id

.

: time
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Fig. 1 Proposed prediction architecture
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Table 1 Performance and computing time comparison of augmentation methods for test dataset. For computing time, the average and standard

deviation are shown together

Longitudinal Lateral Computing
position error (m) position error (m) time (ms)
Prediction horizon Is 2s 3s Is 2s 3s -
Linear 0.71 1.67 3.41 0.17 0.55 1.31 0.06+0

V-LSTM 0.72 1.94 3.81 0.13 0.31 0.65 1.2840.73
ED-LSTM 0.69 1.77 3.21 0.14 0.32 0.58 14.14+1.3
Proposed (N=2) 0.59 0.77 1.31 0.08 0.14 0.30 26.8143.17
Proposed (N=4) 0.43 0.47 0.89 0.04 0.06 0.11 27.07+2.99
Proposed (N=8) 0.54 0.58 1.09 0.07 0.11 0.18 26.03+1.27
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Fig. 3 An example of trajectory prediction with four surrounding vehicles. The blue vehicle indicates ego-vehicle. Yellow solid line with three
dots indicates true future trajectory, where dots represent positions at 1 second interval. Red dashed line indicates predicted future
trajectory. Their uncertainties are drawn as ellipses from blue color to red color in chronological order. The boundaries of ellipses

correspond to 3o.
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Attention of the vehicle 2 Attention of the vehicle 4
0.60
o- 0.30 0.59 0.08 0.03 0.01 o -2 0.27 0.27 0.11 0.07
[a) 0.8 =)
© © 0.45
8 ~- 019 023 0.31 0.15 0.12 0.6 8 ~- 0.06 0.25 0.16
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s s 0.30
'-E ~- 017 @21 0.52 0.06 0.04 -04 -g ~ - 0.01 0.05 0.07
(U] [0]
ﬁ ﬁ - 0.15
< -0.2 < :
m- 0.00 0.01 0.00 0.00 m- 0.07 0.03 0.12
0 1 2 3 . 0 1 >
Vehicle ID Vehicle ID
(a) (b)

Fig. 4 The attention matrix for four attention heads in Fig. 3 situation. The ego vehicle ID is zero. (a) The vehicle 2 is predicted to change
lane, (b) The vehicle 4 is predicted to keep the lane

200

200

-100 —ISO (I) 50 100 1_';0
x (m)

Fig. 5 Prediction results for robustness test on scalability. The number of the surrounding vehicles is 3, 7, 11, 21 from top to bottom figures.
The prediction network is trained only up to 10 surrounding vehicles. The blue vehicle indicates ego-vehicle. Yellow solid line with
three dots indicates true future trajectory, where dots represent positions at 1 second interval. Red dashed line indicates predicted future
trajectory. Their uncertainties are drawn as ellipses from blue color to red color in chronological order. The boundaries of ellipses
correspond to 3o.
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