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ABSTRACT

In this paper, a method of simplifying the propagation process to improve the performance in the trade-off
relationship between prediction accuracy and prediction time of vehicle trajectory prediction model based on
deep learning is proposed. In vehicle trajectory prediction tasks, it is possible to predict increasingly high
accuracy by using deep learning technology, but on the other hand, a trade-off problem occurred because of
the increasing the prediction time of the model according to increased complexity. To solve this problem,
various simplifying methods of propagation process were applied to the existing deep learning based
state-of-the-art vehicle trajectory prediction model and the prediction accuracy and prediction time were
measured through the experiments. In case of simplifying from the process to extract the Dynamic Motion
features of neighboring vehicles, the predicted time was reduced by 15.7% in the PC environment and 2.1% in

the embedded environment without any loss of the predicted accuracy.
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Table 1. Comparison result of predict accuracy.

Predict
Horizon(s) NON-LSTM(m) EGO-LSTM(mm) ALL-LSTM(m)
1 0.635 0.612 0.611
FDE 2 1.371 1.343 1.322
(Final 3 2291 2200 2225
Distance
Error) 4 3.477 3.367 3.396
5 4.964 4.856 4.840
1 0.847 0.400 0.398
ADE 2 0.975 0.804 0.793
(Average 3 1.366 1.258 1255
Distance
Error) 4 1.910 1.813 1.819
5 2.594 2.500 2.510

12.908 ms, TX2 X 37olx] 191.277 ms2] o=
AZHe Bk o]E 7o R A Dynamic
Motion =7] A4S 714-31%F EGO-LSTM &

do] o FA7 PC 3ol oF 157% W3k
10.884 ms, TX2 H.Eol|x] 2.1% <=3} 187.253 ms
o]t} & A}=k2] Dynamic Motion F+&7]2] A3}3}

2.7

[\S]
[\S)

_\
-

—8—NON-LSTM
——EGO-LSTM

RMS Error (m)

-
[N}

ALL-LSTM

0.7

0.2

1 2 3 4 5

Predict Horizon (s)

2] 5. Average Distance Error(ADE) H|3l 1=
Fig. 5. Comparison plot of Average Distance Error(ADE)

E 2. 5% vla A3
Table 2. Comparison result of inference time
PC TX2 Board
NON-LSTM(ms) 8.335 185.963
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