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ABSTRACT

Lane change in urban environments is a challenge for both human—driving and automated driving due to

their complexity and non—linearity. With the recent development of deep—learning, the use of the RNN

network, which uses time series data, has become the mainstream in this field. Many researches using RNN

show high accuracy in highway environments, but still do not for urban environments where the surrounding

situation is complex and rapidly changing. Therefore, this paper proposes a lane change possibility decision

network by adopting Attention layer, which is an SOTA in the field of seqZseq. By weighting each time step

within a given time horizon, the context of the road situation is more human—like. A total 7D vectors of x,

y distances and longitudinal relative speed of side front and rear vehicles, and longitudinal speed of ego

vehicle were used as input. A total 5,614 expert data of 4,098 yield cases and 1,516 non—vyield cases were

used for training, and the performance of this network was tested through 1,817 data. Our network achieves

99.641% of test accuracy, which is about 4% higher than a network using only LSTM in an urban environment.

Furthermore, it shows robust behavior to false—positive or true—negative objects.
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Table 1 Dataset Profile

Yield Non—Yield Total

Training 5,464 4,422 9,886

Validation 1,366 1,105 2,471
Test 546 313 859

Total 7,376 5,840 13,216
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=L~
4, 29 g%

4.1. 355 gHetrE

Table 2= /% BElg S5A1Z o Yol hyper
ot
712, LSTM layer= + 719 & Y
ALE3ISoH, JJrﬂ /\1 l°§ EﬂolEi?Jr vgf B ARgge R
ko]

parameter FES

67



SEERBEE

Table 2 Hyper—parameters for model training

Hidden dimension 32
Number of hidden layers 2
Batch size 64
Initial learning rate 0.01
Loss criterion Cross—entropy
Optimizer Adam
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Fig. 6 Lane change possibility decision result in urban environment (Red line: Ego vehicle / Blue line: Side—rear vehicle
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