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Abstract : This paper proposes the LSTM(Long short-term memory) model, which offers the advantage of considering
data sequence, for estimating the yaw rate value based on the dynamic motion of the vehicle in the camera sensor as
represented by the steering angle data. In addition, the use of data table in the learning data resolves the time lag
problems caused by the different output cycles of the sensors. For learning, the input value was selected from the image
data and output from the camera sensor to the coefficient value of the road model and the vehicle steering angle. The
target value was selected as the yaw rate value. We have completed the yaw rate forecasting model by learning Many to
One LSTM predictive models connected with the LSTM and Fully-Connected-Layer(FC) series. The results were
confirmed by test-data after completion.

Key words : Lane keeping assistance system(X31 %] A]2=28l), Yaw rate prediction(2.7}4: %= of =), Long short-term
memory(“g ©+7] =3H21 7 "), Steering control(Z= &k A ©])

Nomenclature Yy : memory block output
J : yaw rate, rad/s h, : the value passed to the memory block for ‘t+1’
i : prediction yaw rate, rad/s ;’/ Ezg (;meuzvbeliagsht
5 : steering angle, rad e 1
@ - lateral offset W.,  :RNN input data weight
¢ - heading angle W,,  : RNN output weight
o . curvatute W : LSTM input z, weight of f,
o - curvature rate w, : LSTM input z, weight of C,
z,  input data W : LSTM input z, weight of ¢,
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w, : LSTM input z, weight of o,

U, : LSTM input h,_, weight of f,

U, : LSTM input h, _, weight of a

U : LSTM input h,_, weight of 4,

U, : LSTM input h,_, weight of o,

by :LSTM f, bias

b, :LSTM C bias

b, : LSTM i, bias

b, :LSTM o, bias

C, : LSTM cell-state at the ‘t” time
Subscripts

LKAS :lane keeping assistance system

IMU  :inertia measurement unit sensor

RNN  :recurrent neural network

LSTM : long short-term memory

MSE  :mean square error

CNN : convolution neural network

RMSE : root mean square error
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Table 1 The collected data table

Time(ms)| Cy (o Ccy cy ) "
0 0 0 0 0 0 0
10 0 0 0 0 |-001043|-0.04747
20 0 0 0 0 |-001043|-0.04782
30 0 0 0 0 |-001043|-0.04869
40 0 0 0 0 |-001043| -0.0473
50 0 0 0 0 |-0.01043|-0.04695
60  |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01043 | -0.04835
70 |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01054 | -0.04835
80  |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01054 | -0.04957
90  |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01065 | -0.04992
100 |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01077 | -0.05009
110 |-0.00977 | 3.49E-05 | -0.00156 | 1.37E-07 | -0.01088 | -0.05027
120  |-0.01367 | 3.49E-05 | -0.00156 | 1.35E-07 | -0.01099 | -0.05009
130 |-0.01367 | 3.49E-05 | -0.00156 | 1.35E-07 | -0.01122 | -0.04852
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Timedms) | Cy | G <, Cy | o | w
Data(t-9) 0 0 0 0 0 0 0
Data(t-8) 10 0 0 0 o -0.01043 | -0.04747
Data(t-7) 20 0 0 0 0 -0.01043 | -0.04782
Data(t-6) 30 0 0 0 0 -0.01043 | -0.04869
Data(t-5) 40 0 0 0 0 -0.01042 | -0.0473
Data(t-4) 50 [i] 0 [i] i} -0,01043 | -D.04695
Data(t-3) [51) -0.00077 | 949E-05 -0.00156 | .97E-07 -0.01043 | -0.04835
Data(t-2) 70 -0.00977 | 3496-05 -0.00156 1.376-07 -0.01054 | -0.04835
Data(t-1) 80 .0.00977 | 349E-05 -0.00156 1.37E-07 -0.01054 | -0.04957
Data(t) I -0.00977 | 349E-05 -0.00156 1.37E-07 @ -0.01065 | -0.04992 | Target Data |
100 -0.00977 | 3496-06 -0.00156 | 37E-07  -0.01077 | -0.05009
110 -0.00077 | 2 49E-05 -0.00156 |.97E-07 -0.01088 | -0.05027
120 -0.01367 | 3496-05 -0.00156 | 35E-p7 -0.01099 -0.05009
130 -0.01367 -0.00156 -0.04852

3.49E-06

1.356-07 -0.01122

Fig. 8 The input data and the target data indicated in the data configuration
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