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Development of Free Space Detection by Sensor Fusion

BR BEL XM E FZ 7
Naohiro FUJIWARA Makoto OHKADO Ariya TERANI

Advanced Driver Assistance Systems (ADAS) are necessary for safe driving in complicated traffic
environments. In some ADAS applications, it is necessary to recognize the free space area using multi
sensors. In order to fuse and integrate the output of sensors, we need to handle the measurement
conflicts between different sensors. Conventional methods such as Bayesian Filter increase the unknown
or ambiguous information in the case of measurement conflicts between sensors. We propose an
algorithm to decrease unknown information caused by sensors conflicts. We provide experimental results
to compare the proposed method with conventional algorithms.

Key words :

Safety, Intelligent Vehicle, Road Environment Recognition, Sensor Fusion,

Free Space Detection

1. FAHLE

ZEE PRI R B T A 23N O iz £ 4 B~ 0 W] ¢
» 5, AEB (Autonomous Emergency Brake) % ACC
(Adaptive Cruise Control) 7 & @ ADAS (Advanced
Driver Assistance Systems) #RED & KA HEA TV 5.
EHITEETIE, S5 ZEMEEFMEEDR LD
728, LCA (Lane Change Assist) % B \ L — i Hi
VAT ADL) B, HHMEM 360 *OBBEEEHL,
RFTN 7T 7Rl - TU—F %175, X1
7 ADAS BREEDVRO 5N TV 5.

D& RERRETIE, TERKRD 5T W7z B LR
Ji OBIFEEEAIIM A, E PO EAT W R (7
)= ANR=R) BRESLELERD. 22T, T —A
N—2AFBTEEICEH L PS5 NE25, H—

DY yHDATIE, ryHORFOREIZLY A#kon
WA MEPERTLTLE Y. #lziE, mifft o9 Tig,
HL R ARk 2 & OB AT RETH 2 DITH L, it
TR R ISR EE T3 5. — 7, IV KL —
FITRFEZACIC T N R 7208, BT E5 k%
BIETAZ MLV, 0L REkLrHoREE
W) 72012, BEOREMY V2 HAaBbEDL LY
Ta—Va G sATwE VY kv ¥ T
—TVa il BEXZECEYYHAELEEZELL
METHIET, UNR M7 —AXR— ARHAFE
BHT&5%.

7N = AR=ZARJT LT HEO—DL LT,
Occupancy Grid Map (OGM) * ¥ 232 1F & h 5.
OGM i3t v HHTKRE EHILHBTH % Grid Map %
HwbdZeT, HBEy I oomNEESIHET

4

* () BEERMEOTHZET, /BBERITRHXE) 515,25, p.328-332 LW —#I1E L TE#

LZLWTESL., LMLGAH, 1ERkD OGM AWK T
VT ALTIE, AP HEE LK, Bvwoly
NBEHL D720, 7)) = AR=ATHINENE
HPIT 52 ENTE R, O X9 IR AR
LIHENG. ZORMEEDL HEL S EIEL L
BREARBTE R0, HEORED - AMEBHOHE
Web.

ZZTARTIE, MABERICB W CRMERE
KRS L 7)) —AXR-ZAEERBEMOFEL B &
5. BRI, vV EEHECLIZERDITL
Dempster-shafer B G VT R AL DES T L THE
LT 5. 28T, OGMAERTLVITY XL E LT
— 2 5 1% Bayesian Filter 122\ Tk X, 3 #
THER B DO BRE 2 R T 2 R_BFHEIZ OV TR
. 4T TIE, ABRH 2 7o ERERE BRI X D,
REFEOARNEZBGE L 7245 RISOWTORT.

2. Occupancy Grid Map

2.1 Occupancy Grid Map

OGM &, #HB A TIRICHEL, KT (L)
CED B TONLMHESRERTEAE /7Y — 2T 5
Fi:TH 5 (Fig. ). OGM 3L v oHED
%% &%, Path Planning 7% & OFREIRRT VT A 4
EOBAEDOFSH S, ARG KB T 2RE W%
FiEEZoTWE Y Y OGMAER TV TY) XA T
X, GrohirT—s &I~y TORBEEREZ DT
DY HINT 5.

p(m|z1, X1.0) (1)

miE~v 7, 2, 3R FToOR L LEETD
BUIE, x,, (3HF%) ¢ T FEmAE OB E T

ZZT, m QWY 5 REHIEY Y 7 LX) ofif
AT B, B 100 X 100 BV D< Y TOYE
HZENVIEER 7)) =D 2 00 RER DD, mD
KIEIE 21010 L 22 % 2D XD LI BRI % 221
LT () oFmMERE2iEET 22 L I3IERICH
WTHb, FOld, HXVELIIMETH S ENE
L, v 7 mOFRZER2HET HMEZ, £Lrvo
iR A HET LML EERZ 2 ). CoL &,

DENSO TECHNICAL REVIEW Vol.25 2020

#X OV OFRMERI,

p(m;|zy., x1.¢) ()
EREND. mBA YTy 7 RAiRFOLNVERT
Ty T miEgEEr mOEETHY,
m = {m;} 3)
LERHATESL, Z0oEXQE2HVT, vy T m
DOHBERIZL T oMY EL NG,
p(mlzl:t' xl:t) = H‘p(milzlzt' xl:t) (4)

e SNHRMERICHEZRET A2 ETHA S
7 =HHBIE NS,

R -H/H

-

i - W

Lo s

| -
B

0.0 Probability 1.0

Fig.1 Occupancy Grid Map
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Fig. 4 Sensor setup of test vehicle
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Yerr 1 [m] 0.21 0.31 0.32
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Fig. 7 Example: Output of OGM at Scene 2
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