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ETC is the Electronic Toll Collection System which has been introduced on expressway in Japan. We focused on vehicle detector data
in ETC. We are studying the vehicle classification using vehicle detector data with aiming at advance of vehicle detector in ETC. We have
proposed the method for vehicle classification by combining features extracted from vehicle detector data, using Boosting algorithm.

In this report, we examined features for vehicle classification. Examined content was effective in vehicle classification.
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Figure 1. Configuration of ETC lane
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Figure 2. Example of vehicle shadow

3. BHEEoHE

WL EESEEDOD D EEEAINT S,

ATEOWE, {#E, & ES, mgEtE, EFrEs,
B, B OREEE W CERRHIR 21T o 7208, {H
&, BEH L, Ai#gmEMEE, L TFmMEE) oIkt
T HEINENBERR 2720, BRIVT D, T72, BEEOBIRE R
WEL LTHL7-0, {HOG HiE, Haar-like &} %
BT 5, LER-T, AU FIORTHEELZ VW5,
(3-1) HEE®

AR IR ST & S2 A B X T, S1-S2 O HE OB E)
Wifilt,, [s1Z S5, BE L2B88im e AV, RO)E

ot

Y Hl OB E v[m/s]| BT D,
v=D/ty, (€]
D : S1-S2 [ o B[ m]
HFOBREZ AT, K@)V HEELmZH LTS,
L=vXt, 2
t, : Sl DI ERE][s]

(3-2) E#HHF?

HHI X A YORMNIH LT, HELD XA YRRENT
TXEEZ R L2 il b, 2T, XA YRENL
FTUVER RO RERFNE BT 5, F—HE\IBIT 5571
YHEAEL, FF—ETHDHI b, BEFENOIEICLY ¥
AV ERET S, XA YOKEHEKE T 5,

(3-3) HOG 26

JRPITRE IR PN O R EE AR O 7 [N 6t 9 B SR & RRIRE & 5
HH0T, EEOMEAHHMEL LT+ 208 TE D,
PUFIZ HOG #aE ot FIRZ =7,

(3-3-1) HEODIERIL

HEHE R OHERICL 7Y v VEEN R
DORERRED T8, K 200X #iE 50pixel ([ZIERLT 5,
(3-3-2) BEOAERELAEAROEH

HEE O AR Em & Al T MeEX3), LRI,
7k, BEEORMREZEE 1, AEEZEE 0 LT 5,

m(x,y) = \/fx(x. )+ fy(x, y)? 3

8(x,y) = tan"t £ (x, )/ f, (x, ) (4)
fGoy) =L(x+1,y) —Lx—1,y)
fy) =L,y + 1) —Llx,y—1)
L:HEE  xy: LB pixel OFERE
RE ST AT llA & RKRFFHEID OABETH Y, 00 ~360°
OFATHEM SN D, — B T, REIZENC X0 %t
G EFOBERWIR L CHO ARG M EREICT H201Z,
0° ~180° IZZHEL THWS, LML, HZIIMIAZLEIN /e
W=, AR EEBRETICEOEEH NS,
(3:3:3) I TELIZABRARER TS LDOERK
HETEE A T A, 2 RG) LV ERT 5, 2, BV
1% 20 X 5pixel &%,

v.(6") Zx leyY("'(x' 3'7))59 0(xy) ®)
L=]
&JZ{O (i #))
c AEEDOENL 0 ALEOAR I
(3-3:4) TAvI ZLDEHIE
HOG F##iv, 2 (6) TR 5, 70k, 7u v 7 1L3X3 &
nET 5,

vp(c,607) = ve(6) ©)

(e Zgva60)) +1

b:FEDT v

1: BREELT - B2 (30 - ¥R 2 AREL - HA - H#

401



Tk 27 £E BAAXRFHEIFE Fii#ESTFRE

(3-4) Haar-like 152

2 OO RBETHIRE O FEE DA R E ST 5L DT,
HEORER L HEFEOEBENFHNE &5,

Haar-like FF&H(r1, r2) %, X(7) & W HH T 5, 725, HOG
FEMER & [RIBRICRE 200 X #t SOpixel (ZHLE & ERHE L CTHW
5, Fiz, BEFRLZHEE 1, AEZEZEE 0 &5,

H(r1,r2) = S(r1) — S(r2) 7
r: RETEE S@) : r DKM

AWFECIE, RO r1 KO 12 128\ T, Figure 3 O

45— N5,

rl rl ri
"

(a) (b) () (d)

Figure 3. Pattern of local areas
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Table 2. Processing time of vehicle classification [ms/vehicle]
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Table 3. Rate of vehicle classification using previous features [%]
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