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Abstract : In regard to the vehicle safety services, vehicle trajectory prediction is one of the key technologies to
estimate when and where the vehicle could be located. The development of the vehicle trajectory prediction algorithms
using traditional physics-based models, such as kinematic and dynamic models, often required building a system model
with complex equations, as well as gathering sensor noise statistics. In this paper, we proposed a vehicle trajectory
prediction algorithm based on a deep neural network(DNN). The input data to the DNN were the driving status
information defined in SAE J2735 basic safety message(BSM), while the output layer consisted of longitudinal and
lateral trajectory predictions. The adaptive moment estimation(Adam) was used to enhance the learning speed. Through
simulations, we compared the performance of the DNN-based approach with that of the traditional approach, and the
results showed that the proposed method resulted in improved accuracy and precision of the vehicle trajectory
prediction.
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Input layer

Hidden layer Output layer

Fig. 1 Simple neural network
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Table 1 Basic safety message information

Position latitude, longitude
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Steering angle
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Part [ Speed
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v, vehicle velocity of vehicle body x-axis (m/s)
v, :vehicle velocity of vehicle body x-axis (m/s)
a, :acceleration of vehicle body x-axis (m/sz)

a, :acceleration of vehicle body y-axis (m/s?)

v :yaw rate (degree/s)
0 :steering angle (degree)
g

: standard deviation of parameters
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Table 2 Minimum curves for design speed

Design velocity (kph) Minimum curve radius (m)
120 710
110 600
100 460
90 380
80 280
70 200
60 140
50 90
40 60
30 30

Table 3 Noise specifications of in-vehicle sensors

Parameter Noise Unit
Velocity 0.3 m/s
Acceleration 0.002 m/s’
Yaw rate 0.5 deg/s2
Steering 0.2 deg
S}= Lane marker AlX& 2pkel] F2HAZI ) 919}
2 Ao g Algg el oM S T8t
o] % 286,20071 9] Hlo|E] A& A AL A |
a2 7HAIRE Bt 2 71g 51| Table 37} 2
o] e wug A galg
42 T AlLE[2 74
Shgol $hu¥l 4= o5 DNN 2¥lo] s 4
Z87] 919 ABdol A Bl T mre

A 2o A9 84S 55U K-City = 417
Sk 73 =22 T3] 9514 0SM(Open
street map)= ©]-&3to] AR e THF A7) =&
£ PreScan®l| A] A2 A8kt 38 Al vbE] 2.1= Fig. 5
o} o] K-City 9] o] Ea2 = Agsie]on A

f“\-/(

Driving
direction

Fig. 5 Driving simulation environment



Deep Neural Network 7|2t2| X|2F

ohz o= Fastgnt @ W Faske] A4 )
8 4

Al
o] 216,000 7 ©] T}

AIEEHOW é P £ —E— A

63 A& =
N o= ‘/]r‘ro%’ﬂ @j g E%O}ﬁ‘ﬂr 7y 3k
of gt 73 Agjet Hut 3 £ d 2 34
HE7Z 2 Table 40l YERASI T

DNN A& d& EdS 535l Al&49 o] 5 A%
B2RE 2 FFAA x, y = ol 5SS AEEE
R oS3 2
X, = R(—cos(l,/R)) ®)
+p = Rsin(l,/R) 9

[lﬂk _

[cos(@t) —sin(et)} [XH,
Yi+k

sin(6,) cos(6,)

A7 0= xbFe] AA WAl Xy, Yine

Global 327 2] x, y o] Folth whebA 2] (10)

¥ o) xpeke] AR WS ALgsle] Abe R
A 2Fe] x, y ol 5o 2 ¥ gta| o) gt}

S A3} = Table 5ol Bt AlF 2. 2KHMean absolute
error, MAE)®} 3 =3 2|(Standard deviation, STD) =
LFER 21T DNN 7|Rbe] A= oS3t 7] & i 3t
9] H]uLE 913l A] Kinematic model 2} Dynamic model
& Foll AbEE H FA%E AR CTRY 29
7|9ke] A& oS A3} v alst gt

AR T BE T A CTRV 2ES o] &
1q1 T} DNN 298 A}-8-3F 29 Atfr o s
3 F3 AR o= A= el -7 A,
C,EolA 2] A= o= Ax}s} v)mwste] 77+ B, Doll
Aol Aaprt doj & gRle = =, 3% $-o o
ZHDNN 7|0k o] 5 A vte] 79 77 Aol A ©F0.6 m,
VB, DA oF3m o] o] 3 2 A7k urelsic,

g

Y

i\

ox Y

Jﬂ tlo

Fd 2 &

Table 4 Driving scenarios in simulation environment

Driving distance

Average velocity

Radius of curve

Section (m) (mis) (m)
A 106 17.93 200 - 260
B 450 11.68 47 - 249
C 250 17.23 147 - 200
D 200 26.68 >280
E 210 20.60 145 - 217

Table 5 Vehicle trajectory prediction result comparison

1 sec 2 sec 3 sec
Section| Model | MAE | STD | MAE | STD | MAE | STD
(m) | m) | (m) | (m) | (m) | (m)
A DNN | 0.11 | 0.03 | 0.20 | 0.06 | 0.63 | 0.17
CTRV| 023 | 0.05 | 0.44 | 0.23 | 0.60 | 0.46
B DNN | 029 | 0.37 | 1.18 | 1.38 | 2.91 | 2.92
CTRV| 0.62 | 030 | 1.71 | 1.15 | 3.67 | 2.59
c DNN | 0.14 | 0.05 | 0.30 | 0.26 | 0.99 | 0.66
CTRV| 034 | 0.10 | 0.63 | 0.39 | 0.94 | 0.86
D DNN | 035 | 033 | 1.33 | 1.57 | 3.14 | 2.97
CTRV| 044 | 036 | 1.35 | 1.53 | 3.83 | 2.83
E DNN | 0.16 | 0.06 | 0.43 | 0.76 | 0.97 | 1.30
CTRV| 043 | 0.14 | 0.65 | 0.59 | 1.14 | 1.65
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DNN 1-s Prediction DNN 2-5 Prediction DN 3-s Prediction

X (m) X (m) X (m)
CTRV 1-s Prediction CTRV 2-s Prediction CTRV 3-s Prediction

O Reference O Reference
+  2-s Prediction +  3-s Prediction

Fig. 6 Trajectory prediction results for the section B
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