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Abstract - It is very important to predict the required kinetic energy of the vehicle for driving in the near future in order to
improve the driving efficiency of the powertrain. If powertrain control is performed in consideration of future driving
situations, energy efficiency and drivability, as well as gear-shifting performance of the transmission, can significantly
improve because precise power requirements for future vehicle behavior can be used at the right time. One of the most
important factors in estimating future vehicle behavior is predicting vehicle speed. However, it is quite difficult to predict the
future speed of a vehicle accurately due to certain factors, including the driver’s habits, geometric information of the road
ahead, and traffic flow. Due to trends concerning recently released vehicles, including advanced driving assistance
systems(ADAS), such as high-precision navigation with 3D map information and front radar and camera, it is now possible
for a powertrain controller to utilize high-quality information that provides driving context to predict future vehicle behavior.
In this study, we will be introducing a new, generative deep learning structure that continuously predicts future vehicle speed
profiles in real time through a CNN-based, conditional VAE model that utilizes past driving data, current driver’s
manipulation, and road traffic information. It is found that the prediction accuracy of the vehicle speed significantly
improved with the new Al approach proposed in this paper.

Key words : Vehicle speed prediction(X} % <= <] =), Predictive gear-shifting(%ll S 7] ©] ¥ <£5), Powertrain control(Z}
Y E 21 A|o), Generative deep learning(Ad @ #11d), CVAE(Z4 vljgoo]Ad L E 213 1), Neural network
(FEUES D)

Nomenclature U :conditions clueing in Y, vehicle front situation
X : input data points in some high-dimensional space X, Q :posterior probability density function of z given X
past driving data P : probability density function defined over z
X :inferred X from generation model 19 :parameters learned from data X for O
Y : future data points in some high-dimensional space Y, 0 : parameters learned from z with reparameterization for
future vehicle speed profile P
Y :inferred Y from generation model KL : kullback-leibler divergence
: latent variables in high-dimensional space z sampled N :normal distribution
according to some probability density function I :identity matrix
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: standard deviation of latent variable z

: mean of latent variable z

: noise variable sampled from (0, 1) to make z
differentiable wrt 9 by reparameterizing

: 202, which can be interpreted as a weight factor
balancing between log(P) and KL(Q[|V'(0, 1))

: hidden layer of deep neural network

Subscripts

: convolutional neural network
: recurrent neural network

LSTM
CVAE

: long short term memory

: conditional variational Auto encoder
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Deep Learning
Network

Measured Vehicle Signals
(Speed APS, Gear, Torque, >
Engine RPM, Brake, etc.)

Predicted
VehicleSpeed

Connectivity Signals
(Navigation,Radar, Camera, =
V2X-Trafficlight signal, etc.)

Fig. 1 Deep learning network structure in concept for
vehicle speed prediction
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Fig. 2 The principal of vehicle speed prediction
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Fig. 6 The graphical model of a conditional VAE while
training to forecast the future
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24 O} 4= T2MA0| ¢ GIOIEIY CVAE
Ay 2y 7y
1 21 MER g
o 74 vlo|El & B854 ¢
e A 919 Aalx ¢
Aol 7] BAH £ A0
Ago] Fold &7 AL
aoie. £ AR vl§- whel
eSS AAA s &
3ho] % 409 o] vl g3l
_T_

o
o

QH
4 £y

1
N

oo o N R

&
o do Ho o

)
jin)
o

r—?ﬂlﬂﬁ:r—{o

= o
)
e
)
i)

2
oo
2
N oE o

T 1 1o 4

g
ol
ol
NERT

Eﬂ!ﬂl
=
9o

i
_?L
o N &

H

N

r_“l %
olr

5% 39le. 53]

Bs 4yt

}‘é f%}tﬂi T 5= C.’:_]‘ﬂ‘(Normal) T3 =7,
o] HEYA Foh= v EMild) T =
A 55 7Hdste] 7R wEaL A=A F
Aah= ~FE|(Sporty) T Ao TS oMW
A EE AT & 84411 STt

o] 841]17ke] F3Y tloE & 6:42] W& = 85 Hlo]H
oF H|2~E dHlo|H = HEste] 0.1% (HH o2 o]E3shd
A1 25.6% HolZ Zehfo] Mk 128%% 0.1% U=
T/dE Akge] #A Fe siE x=, 22 9 12.8%
T 0.8% TR A E vl Sl meatel yR st
o ¢F 170RH71 €] g5 dlolE €} oF 11097 9] B A E ]
o]l & A 33T

Table 19 11702] A& =2 FA =
Bl X9} Table 291 5719 Al& 2 A5
v skeith

Fig. 9= T}% oo = A4 E AEF4 A1 7]dk
o] R15H (a2} =1 (b)o] 72=E HERATE tlolH X
7}l o] HEFH S5 A wric} dlo]e o] o]
7H1272 Z7) il 0.1% IFH 0.7 12.8% Aol flo]
Bl X= AF8-shA Zol7} 1280] &2 ZH7ZEe] Su=2S ]
& ufjuie} S o] o7t vt "ok t =y A g7
5 & A wjnttt dlog o] Hol7t 2w ¥ F7fst
o2 HF E99 dolrh 169 4T, olE 0.8% 114 9]

© o nE M 1X M oo

@ o,
ri B Mo
o=

N

_]

]

% il
Fe rQL'

Apege] A 74 3)
A vlele U

Table 1 Past driving sensor signals of deep learning for
vehicle speed prediction

Item

Sensor signals

Sampling rate

Past driving
data
(12.85):
Xe R128><11

Current vehicle speed

Acceleration pedal position

Brake signal

Brake pressure

Steering angle

Engine RPM

Relative distance to front car

Relative speed to front car

Transmission gear

Current road slope

Current road curvature

Table 2 Front information sensor signals of deep learning for

vehicle speed prediction

Item Sensor signals Sampling rate
Relative distance to the front car
Front Relative speed to the front car
. . The moment
information : | Front road slope .
5 of prediction
UER Front road curvature
Traffic light status

input :
convid

output :

(None, 128, 11)
(None, 128, 16)

o |

(None, 128), (None, 5) I

concat

[owou- |

(None, 134) |

v

v

input :

convld
output :

(None, 128, 16)
(None, 64, 32)

input :

dense
output :

A 4

(None, 134)
(None, 256)

v

input :
convid
output :

(None, 64, 32)
(None, 32, 64)

input :
reshape
output :

L 4

(None, 256)
(None, 4, 64)

L 2

input :
convid

output :

(None, 32, 64)
(None, 16, 128)

Convid | [nput:
Trans

output :

A 4

(None, 4, 64)
(None, 8, 128)

v

input :
convid

output :

(None, 16, 128)
(None, 8, 64)

Convid | input:
Trans

output :

A 4

(None, 8, 128)
(None, 16, 64)

v

input :
dense

output :

(None, 512)
(None, 256)

Convid | input:
Trans output :

(a) Structure of encorder

(None, 16, 64)
(None, 16, 1)

(b) Structure of decoder

Fig. 9 The network structures of encoder Q (left) and decoder
P (rights) used for the conditional VAE for vehicle
speed prediction
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Table 3 Cases of driving situation to generate vehicle speed

profiles
Cases | Initial speed [kph] | Road curvature [m] | Relative speed [mv/s]
#1 0 (stop) o (straight road) not following
#2 50 (driving) o (straight road) not following
#3 0 (stop) 10 (curvy road) not following
#4 50 (driving) 10 (curvy road) not following
-10
#5 50 (drivi ©o i
(driving) (straight road) (decel. following)
10
#6 50 (driving) 00 (straight road) .
(accel. following)
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Fig. 12 Generated vehicle speed profiles according to
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