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Automated Vehicle Research by Recognizing Maneuvering Modes using LSTM Model
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ABSTRACT

This research is based on the previous research that personally preferred safe distance, rotating
angle and speed are differentiated. Thus, we use machine learning model for recognizing
maneuvering modes trained per personal or per similar driving pattern groups, and we evaluate
automatic driving according to maneuvering modes. By utilizing driving knowledge, we subdivided
8 kinds of longitudinal modes and 4 kinds of lateral modes, and by combining the longitudinal and
lateral modes, we build 21 kinds of maneuvering modes. we train the labeled data set per time
stamp through RNN, LSTM and Bi-LSTM models by the trips of drivers, which are supervised
deep learning models, and evaluate the maneuvering modes of automatic driving for the test data
set. The evaluation dataset is aggregated of living trips of 3,000 populations by VTTI in USA for
3 years and we use 1500 trips of 22 people and training, validation and test dataset ratio is 80%,
10% and 10%, respectively. For recognizing longitudinal 8 kinds of maneuvering modes, RNN
achieves better accuracy compared to LSTM, Bi-LSTM. However, Bi-LSTM improves the accuracy
in recognizing 21 kinds of longitudinal and lateral maneuvering modes in comparison with RNN
and LSTM as 1.54% and 0.47%, respectively.
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(Fig. 1) General control architecture of the automated vehicles
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(Table 1) Maneuvering Modes

A. 8 longitudinal modes C. 21 longitudinal and lateral modes

1) stop 1) stop

2) rapid acceleration 2) rapid acceleration

3) rapid deceleration 3) rapid deceleration

4) acceleration by acceleration pedal 4) acceleration by acceleration pedal

5) coasting using acceleration pedal 5) coasting using acceleration pedal

6) coasting (at flatland) 6) coasting using acceleration pedal

7) deceleration by deceleration pedal 7) deceleration by deceleration pedal

8) deceleration by frictional force 8) deceleration by frictional force

B. 4 lateral modes 9) rapid acceleration lane change

1) stop, going straight 10) rapid deceleration lane change

2) turn right 11) acceleration lane change

3) turn left 12) coasting lane change

4) lane change 13) coasting lane change without acceleration
14) deceleration lane change by brake pedal
15) deceleration lane change by frictional force
16) rapid deceleration turn right
17) acceleration or coasting turn right
18) deceleration turn right
19) rapid deceleration turn left
20) acceleration or coasting turn left
21) deceleration turn left
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(Fig. 2> Supervised Learning for time-series data by RNN, LSTM, Bi-LSTM model
(For both models of (a) RNN, (c)Bi-LSTM, “input layer-2 hidden layer-output layer” in time
are described by updating hidden layer parameters, in case of (b) LSTM, one neuron
composed of input, 3 gates, one cell and output is described)
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(Table 2) input sensor parameters

sensor name description
accel_x longitudinal acceleration
accel_y lateral acceleration
avg_gyro_z average of vehicle rotation angle for 1sec by 10Hz
stv_gyro_z standardization of vehicle rotation angle for 10 Hz lsec
engine_rpm engine RPM
latitude latitude
longitude longitude
brake_state brake pedal state
pedal_gas_position acceleration pedal position sensor
cur_gear current gear
gps_speed gps speed
avg_network_speed average speed for 10Hz 1sec
stv_network_speed standardization of speed for 10Hz lsec
avg_steering_wheel average steering angle for 10Hz Isec
stv_steering_wheel standardization of steering angle for 10Hz 1sec
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<Table 3> maneuvering mode recognition performance comparison according to the clustering methods

Clustering methods model epoch training validation testing
1 |1 cluster 15-128-21 120 6.76% 10.73% 9.02%
2 |3 clusters by age group 15-128-21 117 5.97% 8.58% 9.73%
3 |5 clusters by similar driving data group*|15-128-64-64-21 123 5.78% 8.32% 8.06%
4 ; i‘;ters by similar driving driver 5 15¢ 51 159 | 578% 8.49% 7.45%
5 |22 clusters per each person 15-128-64-21 320 5.07% 7.21% 6.59%

*

similar driving is clustered according to the similarity of maneuvering distribution
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