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Abstract:

Knowledge of origin-destination (OD) and travel time (TT) on a freeway
corridor is essential information for transportation planning and/or traffic
management purposes. Specifically, with the capability of short-term traffic pattern
estimation / prediction on dynamic OD demands and travel times, one can
pre-determine desirable traffic control and/or management strategies. Therefore, it is
one of the kernel components in modern advanced traffic management and
information systems (ATMIS). State-of-the-art methods on the dynamic estimation
of OD demands usually assume that the assignment matrix is pre-specified or equal to
some constants. Various linear based models in the literature were constructed
based on the above simplified assumptions, which is not applicable to real-world
dynamic OD estimation problems.

In redlity, for the case of dynamic estimation of OD demands on a freeway
corridor, the assignment matrix that correlates the proportion of OD flows
contributing to a specific downstream link flows is time-varying in nature and
unknown in advance. Moreover, the elements in the assignment matrix are actualy
function of actua travel time or experienced travel time of specific OD pairs. Inthis
present research, we employed the travel time estimation model proposed by Suzuki
et al., (2000) to estimate path travel time, and integrated the travel time estimator into
the Extended Kalman Filter framework to estimate dynamic OD demands.



Due to the difficulty in obtaining real-world freeway OD demand and travel time
data, therefore the data needed in the numerical analysis were collected using
simulation experiments under three types of traffic patterns on a hypothetical one-way
freeway segment, with totally 15 OD pairs being investigated. On the other hand,
traffic flow pattern may be changed due to the effect of traffic incident, so we also
considered the effect of incident on the dynamic estimation of OD demands. In
summary, there were totally six test scenarios in the numerical analysis. Besides,
most Kalman filter based models usually assume that the transition equation is an
autoregressive (AR) form; however this assumption is not suitable in non-stationary
state transition dSituations.  In the present research, we have proposed the
autoregressive integrated (ARI) model to relax the above assumption.  Thus we were
using three types of integrated models (i.e., KFAR, KFARI, and EKF models) with
different transition equation forms and various assumptions on the assignment matrix.

These three integrated models are different between transition equation and
assignment matrix. The ARI form isincorporated in both KFARI and EKF models,
and the AR form is used in KFAR model. In addition, only the measurement
parameters are updated in accordance with on-line measurements of travel times in
the EKF model, and those parameters in the assignment matrix are assumed to be
predetermined constants in KFAR and KFARI models. Besides, al the transition
eguations in the three models are considered to be linear, but the measurement
eguations are nonlinear in nature.

To evaluate the proposed models, RMSE values were calculated and Chi-square
tests were conducted to evaluate various models stated above. In the issue of travel
time estimation, the results were promising in view of most travel time estimates are
statistically indifferent from the observed ones, there were only two OD pairs
unacceptable in high traffic demand with incident situations. Based on the results
indicated in the numerical analysis, if we assume that the assignment coefficients in
the assignment equation is also an unknown system state vector in Extended Kalman
Filter model, it provides more accurate estimates than those of the linear Kalman
Filter model no matter incident happens or not. In addition, since the system state
variable is non-stationary in general, therefore an ARI form of the transition model
outperforms the AR based models. According to the number of statistically
acceptable OD pair estimates demonstrated in the numerical analysis, it is found that
the proposed EKF model generally provides desirable time-varying OD estimates in
al designed traffic and demand conditions.
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Function Network, RBFN)* %z {7 pf fF 5 B + i3 ; & AR RE DR
T o R K =t g A s (Multilayer Perception Network, MLPN) £ 5 4% 2
IR e

g2 5 A (2002,2003) % i HE A SRRV H B @ S BoR (TR 29
BIEFAIMAL AR SR A IMBERES PRI ELAFERLR
ﬁﬁ&%ﬁa’ﬁwﬁéﬁﬁ#§$&ﬁﬁ TR O RAE TR 29
Pl RS L g~ R RA S AR - SR THERRLER AT
BTV - R R TR KRRE #&%J »EEA GRS o THAT T TR R
BT LH2ZIFRAR P AT RE - Fe BEEEIRFRELRE

FRTOARES SR G AL R T R A AR AR

(4 —+ P ipit 2% (Kaman Filtering) :
Lee(1998) 1+ P it Ho\ ik 7k (F R RV AR R 0 T PER R S RSN 1 2
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FoF ORGSR

A SRR EF RO SR RET  Pg B F R IR G 2
%2 2x% o Taranto(2000)5.d W B 2 n€ ~ S L A2 @ A % il ¥k
ﬁ%@Eﬁm%ﬂﬁwWN%W’Tﬁd4W&ﬁﬁyﬁﬁWﬁﬁﬁﬁﬂ°

Chen £2 Chien(2001) /2 45 iR & W & B T ML RZ T > B+ PRk
st PUERECTT U BLAD L IE g o 4 B (7R ST 7 AR 129

AT REN o MBETIG AH 2 TR IR R E o

(5)  fm s 34
Jarjees(1997) 1 * 2 & 4 8w i ke FF TR 0 5d Z AR

ad

MR EFREFRETFIER B SRS RSB EE ) T BTG o
Yamane(1999) 1] * p &+ & ey o b R P B BRI BREAE R 1,%%:! %
B w2 R R 7R 7P 2 4t i B IER] o 2 fh » Maruyama(2000) B 55
PR (AVL)Z T 3 # Bfe s > U ES B L AL > e
i % (TPFRY o

(6) = fice Eﬁ?fst;“ (Non-parametric Regression) :

%72 i B ARIT Bh(neighbor) sndF > 10 2 2 iR TR 4 1SR
AkenFaled BELL 2 ZHPED M AR PAER > 0 SE R A6
AR TR BN L T o T R H HOT ARIT BL DO R AR G AR

S0 FIB G S Hed RSB R4 Hi I 0SS 0% (7 pE TR (You and

(7) 2 g ficss (Traffic Simulation)

LU BHRBENRY THER T R T 50 % S BRI AR 7
BT MR RN o B R VHERE T RE RN LA
PRs T 2 v kiR gk iy BRSNS REARAT AR D AP 0 2 HHE
Hp IR R A 4 #0332 4% BE(You and Kim,1998) -
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>

¥R RaEkEE e

8) Hiws =i

Suzuki ¥ 4 (2000) > "1 BB R 2 0 5R) AT 2 T i R B R
Bk T 20k S VR 0 L BB L PERE U T R PRI i
B Rz BT T e (TP o

Sun £2 Yang(2001) Rz (TR A L FREBF S L GERET A A &
FRERLRALRIFEGELAGETOE R A FERFRAL A
SHAFe 5 B2 A4 i3t o

233 | %

AFTEELRR AR AR 2 M 25 R Aot ddi
‘'L (Assignment Matrix) ¥ - dpi%fhlics B R 2 TR | & T R55%k
B Suzuki %A TR 2 R RGN RS L AFET 2 R T T

Suzuki A F N2 N FLE AT RGREEFREF AT -
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3.1

3.1.1
(System State Equation)
(Measurement Equation)
(Transition Equation)
(Autoregressive Model, AR)
(State Variable)
31

N +
+
w(t)w ety |0 0
o
£(t)

A

3.1
31
X(E+D) =FO)XE) +WE) e, (3.1
Z() =a®) X)) + V() e (3.2)

20



x(t) t

£(t) t(t+1)
2(t) t
a(t) t
w(t) t
v(t) t

Q) w() wv() white noise
Elw®w()]=0
E[vtyv()]=0

2 w) v()

Ew®]=0  Ew®w0)|=Qms(t.)
Ev®]=0 E[v®)v()T]=R@)s(t.I)
3 wt) v
E[wt)v(t)]= Elw®E[v(H)]=0
@ x(0)

E[x(0)] = x(0)
E[(x(©) -x(@)x(©) -x(©) ] =P(0)
t
(1) t (t-1)
(Smoothing) 2 t
(t+1) (Prediction) €) t
(Filtering)

21



(Recursive) t x(t)*
x(t+1)° z(t+1)
x(t+1)* x(t+1)*
R(t+2) 3.2 RO R+
x(t+1)° z(t+1) x(t+1)*
N
f(t) f(t+N-1)
t—l*‘itﬂit+lﬁ}7t+24+t+34’
Rk REEE | | x(t) X(t+1) X(t+2) X(t+3)
A T i T 1 T i
4‘!-“% AR B TR I AR M R 4‘!-“%
% AR B A3t e R(t-1) L x(@)" L R+ L it+2)" | e
i A / A
b ¥ E 3 b
EREMELE z(t-1) z(t) z(t+1 z(t+2)
3.2
3.1.2
t (1) = X(t) - x(t)
PO =EROIOT] e (3.3)
x(t)
RE+D =FORM) e (3.4)

X(t)

22



X(t+1) 31  (34)

FURI R TS O R 10 T (3.5)
EX(t+D]=fO)EX®)]+EW®)]=0 s (3.6)
Pt+D) =ERE+DXA+DT| e (3.7)
X(t+Dx(t+1)T

= (FOX () +wO) NEOX®) +w(O)
=f(O)X()X() FO)" +FR)XE)W(t)" +w(t)X(t) £(t)" + wt)w(t)"

.......................................... (3.8)
P+ =f)POFE)" + Q) e, (3.9)
(Kalman Gain Matrix)
K(t) = P(t) a(t)" [a(t)P() a(t)” + REO)] " oo (3.10)
X)) = KO 'XU) +K@{0)Z({E) e, (3.11)
32)  (3.11)
X(t)' =[K®)T +K®at) - 1xt) + KO X({t) +KOV() oo (3.12)
ER®) =0 E[R®|=0 E[v(t)]=0
(3.12)
KO  =1-K@0at) e (3.13)
(3.13) (3.11)
= [f ~Kamko + Kft)z(t) .......................................... (3.14)
= k(1) + K(t)[z(t) —a®)(t)"]
XM =% —x@t) X(t) =x(t) -xt) (3.14)
X)) =[I-K@®a®)K{A) +KEOVE) e, (3.15)

23



P(t)" = E:'i(t)*'i(t)*T] ..........................
(315)  (3.16)

................ (3.16)

P = E|T-K®a)R) [KO) " 1-K®a) +vO K]

+Kahﬁﬂﬂ0ja—K0haﬁ#qﬁfkafﬂ

ER(t) vt)"]= E[v(t)i(t)-T] 0 e
(3.18) (3.17)

P(t)" =[I-K®a®)P®) [I-K®a®)] +KOROKE)'
(3.10)

P(t)" =[I-Ka®)P(t)
=P(t) —K(t)a(t)P(t)

(3.4)

(3.9)

(3.10)

(3.14)

(3.21)

20" PO
3.3

() =f(t-Dx(t-1"
P(t) =f(t-DP{t-D'f(t-1)" +Q(t-1)
K(t) = P(t) a(t)" [a(t)P(t) a(t)” +R()]"
()" =%(t) +K(O)[z(t) -a)x(t)"]

P(t)" = P(t) — K(t)a(t)P(t)"

24
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................ (3.18)

................ (3.20)

................ (3.21)

................ (3.22)



ik

x(0)* =x(0) > ARG EIA P(0)" =P(0)
t=1
> () =f(t-Dx(t-1"

P(t) =f(t-)P{t-1)"f(t-1)" +Q(t-1)

4

K(t) = P(t) a(t) fa(t)P(t) a(t)” + R(t)|

4

5 k()" =X(t) +KO[z(t) -a@)x(t)"]

PM)* = P(t) —K(D)a()P()

t=t+1

«— o

i

3.3

25



3.2

20 PO

z(t) x(t)
XE+D = FOXE) +WE) e (3.23)
z() =at) ' x(M)+ V() e, (3.24)
f(t)  a(t)
f(t) a(t)
(Linearization)

(Extended Kalman Filtering, EKF)(Norton, 1986)

0
X!
o [xt+n] [f®) o], . [1 0],
x(t+1)—{9(t+l)}—{ 0 Jx (t){o Jw () N (3.25)
wt)  w(t)
2®)=[a®)" OKM+V({H) e, (3.26)
x(t)  8(t)
U N CCOR, 10 N (3.27)
TOET 160K ) T (3.28)

h(x'®),w®)  g(x'(t),v()

SX(t+1) = H({t)S X'(t) + h(X'(t), W(t)) = A(R'(£),0) rrrrrerererreerrrrrrsrreen (3.29)
5 2(t) = G(1)S X'(t) + GR'(E), V() = GR'(£),0) errrrrrrererereeeerrrssreeeeen (3.30)
SXM) =X()=K(1) e (3.31)
Sz =2()=Z(t) e (3.32)

26



H(t) (. 1)

__oh
HE); = ox'(t),

%(0)
G(t) (i, )

_0Y;
GOy = ox'(t),

%(0)

f(t) H(t) a(t)

1996)

X'(t)” = h(x'(t), v(t)

.......................................... (3.33)

.......................................... (3.34)

P(t) =H({t-)P(t-1)"H({t-1)" +Q(t-1)

K(t) =Pt) GO [GHPE) GO +R(®)|

X =% +KO)zt)-GOR ()]

P(t)" = P(t) —K(t)G(t)P()

.......................................... (3.35)
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33

3.3.1
(Static Travel Time) (Dynamic Travel Time)
(Time Interval)
(Discretize)
(1)
(Historical Travel Time) (2) (Predicted Travel Time)
3 (Instantaneous Travel Time)
(Link Travel Time) (Path Travel Time)
I t
J t

28



3.3.2

Suzuki(2000)
t () =tt |t ., tt, (t 3.36
L=t - i) (3.36)
t, (t) i t j
At
(3.36)
1
(I-11)) t tt;y; (1)
L tt; ()
dan [)
2
1 t,(t) =tt, jl(t —W] +t (1)
3
: ; ttj—l,j(t)
YR (L)
tt, () -
ttj_zyj_l(t—Tj (i-2j-9

29



e, ot tu®
t i At

At

4
ttjflyj(t)
i, | t—m
e At ttj—l,j(t)
tti’j(t)ztti'j_z t— At +ttj_2’j_1 t_—At +ttj_1’j(t)
5

tt; | () =1t;,,(0) +tt g, (0) +.nee + ttj—z,j—l(.) +1t, (t)

(¢)

3.4 2 5 t
23) (34) (4,5)
tty o (t) = th, 4 (t—3) + 1ty o (t —1) +tt, 5 (1) (4,5) 1
(34) 2

30



%

(1.2) 2,3) (3.4 4,5) (5,6)
a3

1 tt (1) tt5(@) tt;,(D) tt,s(@) tt; 6D

t-3 | t,(-3) (-3 | t,t-3 | tt-3

t-2 tti,z(t - 2) ttz,s(t - 2) t'[3,4 (t - 2) tt4,5(t - 2) tts,s(t - 2)
t-1 tt,,(t-1) ta(t-0 |(t,(t-D ) tt (-1 | tt(t-1)
t ttl,z (t) ttz,s (t) tt3,4 (t) tt4,5 (t) tts,e (t)
3.4
333
(Time-mean Speed)
(Space-mean Speed)
(Spot Speed) (3.37)
(3.38)
N
DU
o =1
u, = N e (3.37)
u, = N, (3.398)

M=
~—+
o d

I
iy

31



(3.39)

32

(3.39)

1%~5%



4.1

21

4.1 1)

2
K(t) F
+ +
.t
- +
tt. (t X
B 0 A XOL | pefay
4.1
(Time Series Models)

33




(Autoregressive Model, AR Model)

(Moving Average Model, MA Model) (Autoregressive

Integrated Model, ARl Model)

n
X(t+1 = if(r)x(r)+w(t) .......................................... (4.2
X(t) t (nx1)
f(r) r (nxn)
w(t) t (nx2) Q(t)
p AR(p)
(Stetionary)
(Non-stationary)
(Difference)
A'X(t+1) = Zt:f(r)Adx(r)+w(t) .......................................... (4.2
A'x(t) d (nx1
f(r) r (nxn)
w(t) t (nx1) Q(t)
p AR(p)
m
z(t) = Zt:a(r)Tx(r)+v(t) .......................................... (4.3)



2(t) t (mx1)

a(t) (nxm)
v(t) t (mx1) R(t)
u

a(t)

(Dimension)

(Augmented State Vector)

(s-1
X; (t)
X, () = % (t:_l) .......................................... (4.4)
X (t—s+1)

S p u
S=mMax(P,U) e ————— (4.5
XE+D =FOXO)+WE) e (4.6)
ZO) = A@R)T X)) +V(E) s (4.7)
AXE+D) =FOAXED) + W) e, (4.8)
ZO)=A®)TXMO) +VE) e (4.9)
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(4.6) (4.9

X(t) [(nxs)x1]
AX (1) [(nxs)x1]
F(t) [(nxs)x (nxs)]
A(t) [(nxs)xm|
W (t) [(nxs)x1]
X PO
X(0)" =X(0)
P(0)" = P(0)

X(t) =FX(t-1)"

P(t) =FP(t-1)'F" +Q

K (t) = Pty AT [A@PE) A +R®)[
(1) =X () + KOzt - AQX ()]
P(t)" =P(t) -K({)AMP()

36



4.2

0|

a(t)

A'X'(t+1) = Zt:f "(NAYX'(r) +WwW'(t)

r=t—p+1

f 0
wl?

2(ty=[a"() o) +v()
(4.12)

z(t) = g(x'(t)) + v(t)
oz(t)
ox'(t)

G; ()

_ oz(t)
~oX(t)

= g; ®

a; (t)

i
Ut (
ui,i+l(t) I'H—l( )

37

.......................................... (4.10)

(Random Walk Process)

.......................................... (4.11)

.......................................... (4.12)

.......................................... (4.13)
(4.13) g(xX'(t))

.......................................... (4.14)

.......................................... (4.15)



| ()i +1)

i+l

ui,i+1(t) t (i,i+1

t, ,;(t)
At

t (1) =tt, j_l(t - j+tt ) —— (4.16)

(4.16)
a(t)
«y
X(0)" =X(0)
P(0)" = P(0)
2
X(t) =FX(t-1*
©)
P(t) =FP(t-1)"F" +Q
4 A(t)
)
K (t) = Pt A®)T [AGPE) A®D)T +RM)]"
(6)
(1) =X +K OO -AQX) ]
(7
P(t)" =P(t) —K({t)AM)P)

4.2

A(t)

A(t)
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¥

e

AR % &

%
&

z(t)

y

tt, ()
HATEE 1S

A(t) Delay

4.2
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4.3

4.3

TR —————————————>

0] Ys

o
4.3
5
1 tt,=2( )
2ty =6( )
3 tty,=4( )
1 60% 40%
2 80% 20%
3 20% 80%
G % Y2
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5.1
DYNASMART
5.1.1
5.1
5-2

5.1
5.2 5.4
5.5

DYNASMART-P0.927.0

25

15

5.1
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-1

~—~
P
£ ol 9| 9| 9 ©
s/ S S| 8| g S
| | | | -
'S
N—r
()
ﬂmOOOOO
=| O & | &| &
£ S| o8| &| & ©
| N S S NS
>
N—r
M| o S| S|
3
Sl ol v o ¥| 1
N—r
N| M| | 1| ©
| N| M| <] 10

5-2

14
16
20
25

11
16

11

10

11
12

13
14

15
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5.1.2

1) (2 ©)
) 1.4
112 (Incident)

5.2
r AEHRL
&R E
U swene
%
@ FFHRE
T mnw !
2 U swene
H\\_l:;
r AEHRL
HE LRI
 aEnes
5.2
oD
oD X(0) P(0)
F(t) Q(t)
oD DYNASMART-P
oD
5
300 60
48 360

60
60



3 180 205 o5
33% 67%
AR(p) ARI(p,d) ARI (p,d)
5.3
RARET A FRra O
Eﬁ@ﬁ%*ﬁﬂ R
AR Model PR KFAR

» GHFPLERER N KFARI

A REHFE B

ARI Model

JE P GEIE)
PR RER EKF
53
EKF KFAR KFARI
5-3
5-3
KFAR KFARI EKE
AR ARI ARI
X(t)
w
F
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KFAR KFARI EKF
z(t)
a a(t) a(t)
v(t)
513
(Root Mean Square Error,
RMSE)
Q) (Root Mean Square Error, RM SE)
RMSE
1
K 2
z (Q< — 0O )2
RMSE=|KL | e (5.1)
K
& k
0, k
K
2
Ok &
Zz Ho
25> Xoam Ho %°
K -0 2
4% = z(eK T (5.2)
e &
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5.14

DYNASMART-P
54
ALEAEF(142) ALEAE T (304)
v v
s BARET R s
DYNASMART-P& A 4 1« % RIE T DYNASMART-P & 7% 4 4
v ,
BFHELL FFHELZ B it
1. § %4 850D 1. E &4 0D f%%%ﬁM)
N R - A . ¥ - A <R R ~
2. J:. T[’Eﬁ;—%iﬁnmi ZJZ. T[’Eﬁ;—%iﬁomi 2_‘:'2%]7}&4_]‘3%_&?

3. BB Tk E

3. BT %

A A

Bt PR AR X
KFAR
KFARI

1A 40DM G B
QREBLAGRER

FeB MR PR R K

R &1
REBLYRER
(ARBE X))

EKF

A

R &1
REBLYRER
(ART# )

B AP

5.4

48




5.2

521
SAS IMP OD AR(p)
ARI (p,d)
5-4 5-5 AR(0) ARI(0,0)
w(t)
5-4 AR(p)
AR(p)

1 AR(@) | x =0.556x_, +42.303
2 AR(3) | X =0.417x_,+0.291x_, +9.533*
3 AR(0) | x =57.173
4 AR | x =0.410x_, +31.776
5 AR(0) | x =85.256
6 AR@Q) | x =0.517x_,+27.792
7 AR(0) | x =26.010
8 ARQ) | x =0.273x_, +0.402x%,_, +14.324*
9 AR(3) | x =0.342x_, +0.364%_, +8.592*
10 AR(3) | x =0.184x_,+0.413x_, —0.121x,_, +13.524
11 AR(D | x =0.295x_, +46.012
12 AR(D | x =0.603x_, +31.462
13 AR@) | x =0.798x_, +13.632
14 AR(3) | x =0.370x_, +0.312x_, + 4.076**
15 AR(QD | x =0.967x_,+3.276

* B SAS for Windows

1998
*ox AlC SBC AR(3)

AR(3)
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55 ARI(p,d)

AR (p,d)
1 ARI(10) | x =0.556x, +42.303
2 ARI(2]1) | x =0.445x_, +0.209x_, +0.346x _, +0.315
3 ARI(0,0) | % =57.173
4 ARI(10) | x =0.410x_, +31.776
5 ARI(0,0) | % =85.256
6 ARI(10) | x =0517x_, +27.792
7 ARI(0,0) | % =26.010
8 ARI(30) | x =0.273x_, +0.402x_,+14.324*
9 ARI(31) | % =0.266x_,+0.140x,_, +0.302x_,+0.293x,_, —0.230
10 ARI(30) | X =0.184x_, +0.413x_, —0.121x_, +13.524
11 ARI(L,0) | % =0.295x_, +46.012
12 ARI(1,0) | X =0.603x_, +31.462
13 ARI(11) | X =0.605x_, +0.395x_,—0.110
14 ARI (1) | x =0510x_, +0.490x_,—0.273
15 ARI(0]) | % =x_,+0.141
5.2.2
5-6 57 58
5-6
oD 1 2 3 4 5 6 7 8
RMSE | 001 | 002 | 003 | 004 | 005 | 002 | 002 | 0.04
P 000 | 000 | 000 | 000 | 001 | 000 | 001 | 001

7% > ylosar =64.00
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(

)

oD 9 10 1 12 13 14 15
RMSE 0.05 0.01 0.02 0.04 0.01 0.04 0.01
7° 0.01 0.00 0.00 0.01 0.00 0.01 0.00
2% > yossar = 64.00
5-7 RMSE
oD 1 2 3 4 5 6 7 8
KFAR | 936 | 1800 | 832 | 800 | 848 | 1009 | 428 | 7.60
KFARI | 807 | 770 | 819 | 654 | 807 | 673 | 406 | 7.18
EKF 807 | 769 | 820 | 653 | 807 | 673 | 406 | 7.8
5-7 RMSE ()
oD 9 10 1 12 13 14 15
KFAR | 1053 471 7.45 9.27 3361 | 3843 1.06
KFARI 7.72 4.35 6.95 7.91 7.66 7.75 1.05
EKF 7.72 435 6.94 7.91 7.65 7.74 1.05
5-8
oD 1 2 3 4 5 6 7 8
KFAR | 41.86 | 271.65 | 56.76 | 53.03 | 39.53 | 76.60 | 32.60 | 63.67
KFARI | 3275 | 3854 | 56.50 | 38.11 | 36.65 | 37.93 | 30.45 | 55.95
EKF | 3275 | 3850 | 5651 | 38.11 | 36.64 | 37.93 | 30.43 | 55.94
27> y%0es.47 = 64.00
5-8 ()
oD 9 10 11 12 13 14 15
KFAR | 9263 | 44.63 | 4213 | 4847 | 537.04 | 144966 | 0.56
KFARI | 4253 | 3583 | 3517 | 37.09 | 39.39 | 3472 0.55
EKF 4255 | 3578 | 3513 | 37.05 | 39.28 | 3461 0.55

2% > yossar = 64.00
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523

2 3 5-9
510 511
5-9
oD 1 2 3 4 5 6 7 8
RMSE | 001 | 029 | 042 | 056 | 049 | 029 | 043 | 057
7° 000 | 036 | 071 | 098 | 064 | 082 | 140 | 177
7% > yP0ssar = 64.00
5-9 ()
oD 9 10 1 12 13 14 15
RMSE 0.49 0.01 0.04 0.08 0.02 0.06 0.02
7° 0.94 0.00 0.02 0.04 0.01 0.03 0.00
2% > yossar = 64.00
5-10 RMSE
oD 1 2 3 4 5 6 7 8
KFAR | 1001 | 1750 | 7.39 | 894 | 7.37 | 1016 | 448 | 7.30
KFARI | 860 | 852 | 720 | 767 | 741 | 639 | 436 | 691
EKF 858 | 859 | 723 | 766 | 742 | 639 | 435 | 6.97
5-10 RMSE ()

oD 9 10 1 12 13 14 15
KFAR | 10.61 5.18 6.72 8.22 3339 | 3821 1.14
KFARI 7.40 4.95 6.55 7.36 7.81 7.84 1.13
EKF 7.36 4.98 6.54 7.35 7.84 7.87 1.12
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5-11

oD 1 2 3 4 5 6 7 8
KFAR | 4846 | 259.71 | 44.75 | 66.06 | 29.86 | 7825 | 3570 | 58.75
KFARI | 3758 | 46.84 | 4352 | 5245 | 30.85 | 34.68 | 34.88 | 51.73
EKF | 37.38 | 4757 | 4383 | 52.34 | 30.94 | 34.66 | 34.83 | 5261
77> y%0es.47 = 64.00
5-11 ()
oD 9 10 1 12 13 14 15
KFAR | 9412 | 5410 | 3455 | 3857 | 534.77 | 1407.36 | 0.63
KFARI | 39.03 | 4658 | 3149 | 3274 | 4373 | 33.80 0.62
EKF 3856 | 47.09 | 31.38 | 3275 | 4413 | 34.04 0.62
27> y%0es.47 = 64.00
5.2.4
KFAR 5
KFARI EKF
KFARI EKF KFAR
6
KFARI EKF

10 5.5 oD

EKF KFARI

EKF KFARI 5.6

5.5 5.6 36
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5.3

531
DYNASMART
oD SASIMP AR(p)
5-12  ARI(p,d) 5-13
5-12 AR(p)
AR(p)
1 AR | x, =0.550x,_, +59.778
2 AR(3) | x =0525x_, +0.400x, , +6.212*
3 AR(0) | x =79.663
4 AR(@D) | x =0.526x,_,+35.936
5 AR(@D) | x =0.560x, , +52.852
6 AR(1) | x =0.384x,_, +49.688
7 AR(0) | x =36.476
8 AR(0) | x =64.485
9 AR(3) | x =0.321x_, +27.063*
10 AR(1) | x =0.404x,_,21.540
11 AR(1) | x =0.487x,_, +46.661
12 AR(3) | x =0.305x%_, +0.395x,_, +8.408*
13 AR | x =0.495x,_,+0.387x_,+5.108*
14 AR(3) | x =0.408x,_, +6.272*
15 AR(1) | x =0.963x_, +5.087
5-13 ARI(p,d)
ARI (p,d)
1 ARI(L0) | x =0.550x,_, +59.778
2 ARI(2]) | x, =0535x,_, +0.015%,_, + 0.450x, , +0.403
3 ARI(0,0) | x =79.663
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5-13 ARI(p,d)

()

ARI (p,d)
4 ARI(1,0) | x, =0.526x_, +35.936
5 ARI(1,0) | x, =0.560x,, +52.852
6 ARI(L0) | x, =0.384x,_, +49.688
7 ARI(0,0) | x, =36.476
8 ARI(0,0) | x =64.485
9 ARI(2]) | x, =0.356x,_, +0.222x,_, +0.422x_, —0.150
10 ARI(11) | x =0.465x,_, +0.535x_,—0.018
11 ARI(1,0) | x =0.487x_, +46.661
12 ARI(31) | x =0.275x_, +0.239x,_, +0.485x,_, —0.345*
13 ARI(2]) | x, =0.500x_, +0.082x,_, +0.418x,_, —0.317
14 ARI (21 | x =0.379x,_, +0.283x,_, +0.339x,_, —0.423
15 ARI(01) | x =x_ +0.180
532
o>-14 5-15
5-16
5-14
oD 1 2 3 4 5 6 7 8
RMSE 0.01 0.39 0.39 0.41 0.41 0.14 0.22 0.45
x° 0.00 0.67 0.59 0.5 0.43 0.23 0.40 1.09

7% > ylosar =64.00
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5-14

()

oD 9 10 1 12 13 14 15
RMSE 0.61 0.01 0.03 0.05 0.02 0.04 0.02
7° 1.47 0.00 0.01 0.02 0.01 0.01 0.01
2% > yossar = 64.00
5-15 RMSE
oD 1 2 3 4 6 7 8
KFAR | 37.12 | 7370 | 1324 | 48.02 | 4347 | 3470 | 7.09 | 9.60
KFARI | 1085 | 892 | 786 | 7.16 | 945 | 739 | 593 | 7.04
EKF 1085 | 890 | 785 | 717 | 945 | 741 | 593 | 7.03
5-15 RMSE ()
oD 9 10 1 12 13 14 15
KFAR | 5047 | 5022 | 1660 | 66.32 | 27.78 | 6045 | 69.59
KFARI 7.18 5.26 7.22 7.38 8.91 8.90 1.43
EKF 7.20 5.28 7.22 7.40 8.92 8.90 1.44
5-16
oD 1 2 3 4 5 6 7 8
KFAR |390.00 | 8793.29 | 92.64 | 899.26 | 1188.64 | 499.28 | 60.11 | 63.38
KFARI | 4283 | 37.14 | 37.16 | 32.62 | 35.80 | 32.63 | 46.28 | 36.89
EKF | 4283 | 3699 | 37.12 | 32.65 | 3581 | 32.77 | 46.28 | 36.85
27> y%0es.47 = 64.00
5-16 ()
oD 9 10 11 12 13 14 15
KFAR | 2958.19 | 1387.18 | 175.02 | 4772.58 | 309.23 | 2731.21 | 3371.72
KFARI | 27.77 | 3632 | 2754 | 2383 | 4272 | 3022 0.71
EKF 2795 | 3660 | 2752 | 2393 | 4279 | 30.26 0.72

2% > yossar = 64.00
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533

517 518 5-19
5-17
oD 1 2 3 4 6 7 8
RMSE | 766 | 461 | 480 | 554 425 | 376 | 2.98
7° 5455 | 2643 | 2812 | 35.09 | 25.64 | 165.82 | 98.10 | 38.84
7% > yP0ssar = 64.00
5-17 ()
oD 9 10 1 12 13 14 15
RMSE 3.48 0.03 0.14 0.25 0.07 0.20 0.05
7° 40.98 0.04 0.23 0.40 0.09 0.29 0.04
2% > yossar = 64.00
5-18 RMSE
oD 1 2 3 4 6 7 8
KFAR | 3595 | 7282 | 1329 | 4845 | 4328 | 34.00 | 6.94 | 1127
KFARI | 1370 | 27.26 | 807 | 10.82 | 1412 | 1449 | 7.02 | 10.10
EKF 12.03 | 1832 | 748 | 941 | 11.78 | 1240 | 6.68 | 9.66
5-18 RMSE ()
oD 9 10 1 12 13 14 15
KFAR | 5080 | 50.61 | 17.34 | 65.82 | 2757 | 60.36 | 69.96
KFARI | 26.55 9.91 7.41 12.30 8.65 8.79 1.29
EKF 18.42 5.98 7.69 9.51 8.49 8.55 1.28
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5-19

oD 1 2 3 4 5 6 7 8
KFAR | 368.10 | 8437.86 | 92.74 | 916.36 | 1170.25 | 485.55 | 65.41 | 94.95
KFARI | 66.29 | 580.12 | 38.26 | 68.13 | 73.51 | 109.06 | 69.08 | 80.85
EKF | 51.04 | 204.26 | 33.47 | 54.01 | 5323 | 7757 | 64.04 | 73.98
77> y%0es.47 = 64.00
5-19 ()
oD 9 10 1 12 13 14 15
KFAR | 6573.34 | 1419.32 | 189.83 | 4644.15 | 304.25 | 2716.60 | 3401.30
KFARI | 142792 | 27218 | 2899 | 6039 | 39.99 | 29.38 0.58
EKF 37931 | 57.94 | 3117 | 3829 | 3854 | 27.80 0.57
27> y%0es.47 = 64.00
5.3.4
15
13 6( 2 3) 5.7
5.8
6 9
3 2
6 9 2
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5.4

54.1
oD
60 OD 5-20 5-21
5-20 AR(p)
AR(p)
1 ARQ) | x =0.852x_, +7.319
2 AR(3) | x =0.430x_, +0.409x_, +4.610*
3 AR(1) | x =0.889x_, +5.272
4 AR(@D) | x =0.880x_,+6.992
5 AR®) | x =0.910x_, +14.899
6 AR() | x =0.797x_,+6.176
7 AR(1) | x =0.870x_, +4.208
8 AR | x =0.824x_ +7.958
9 AR | x =0.824x_, +10.685
10 AR() | x =0.862x_, +4.928
11 AR(1) | x =0.850x_,+8.498
12 AR | x =0.904x%_,+8.981
13 AR(®D) | x =0.800x_,+8.510
14 AR() | x =0.929x_, +7.013
15 AR() | x =0.917x_,+11.346
5-21 ARI(p,d)
ARl (p,d)
1 ARI(0]) | x =x_—0.112
2 ARI(11) | x =0.514x_, +0.486x,_, —0.004
3 ARI(0]) | x =x_+0.010

62



5-21 ARI(p,d) ()

ARl (p,d)

4 ARI(0]) | x =x_—0.014

5 ARI(0]) | x =x_ —0.505

6 ARI(11) | x =0.620x_, +0.380x_, —0.169

7 ARI(0]) | x =x_ —0.068

8 ARI(11) | x, =0.974x_, +0.026x_, —0.043

9 ARI(0]) | x =x_—0.119

10 ARI(2]) | x =0.684x_, +0.008x_, +0.308x_,—0.128

1 ARI(11) | x =0.672x_, +0.328x_, —0.093

12 ARI(0]) | x =x_,—0.173

13 ARI(11) | x =0.573x_,+0.427x_, +0.012

14 ARI (0] | x =x_—0.207

15 ARI (0D | x =x_—0.129

5.4.2
5-22
523 524
5-22
oD 1 2 3 4 5 6 7 8
RMSE | 007 | 045 | 087 | 099 | 09 | 027 | 065 | 0.78
1’ 005 | 101 | 354 | 381 | 287 | 085 | 404 | 4.05

7% > y%0es,50 = 77.93
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5-22 ()
oD 9 10 1 12 13 14 15
RMSE 0.73 0.01 0.05 0.10 0.02 0.07 0.02
7° 2.53 0.00 0.04 0.07 0.01 0.05 0.01
27> yomss =T77.93
5-23 RMSE
oD 1 2 3 6 7 8
KFAR | 906 | 852 | 1012 | 887 | 1877 | 582 | 643 | 6.80
KFARI | 873 | 781 | 995 | 818 | 1808 | 6.13 | 639 | 6.79
EKF 923 | 841 | 922 | 918 | 1857 | 530 | 680 | 7.00
5-23 RMSE ()
oD 9 10 1 12 13 14 15
KFAR | 10.19 6.02 7.81 10.05 5.61 5.62 0.29
KFARI 9.65 5.48 8.11 9.62 6.06 6.08 0.26
EKF 9.04 5.15 7.91 8.71 7.01 7.00 0.30
5-24
oD 1 2 3 6 7 8
KFAR | 95.00 | 99.10 |102.03 | 60.62 | 121.60 | 95.21 | 62.18 | 61.98
KFARI | 9292 | 88.48 | 106.99 | 61.55 | 128.74 | 83.94 | 75.08 | 58.06
EKF | 81.75 | 97.39 | 79.77 | 60.96 | 86.03 | 43.37 | 63.14 | 50.68
27> yomss =T77.93
5-24 ()
oD 9 10 11 12 13 14 15
KFAR | 9044 | 49.08 | 6424 | 4995 | 51.72 | 2267 0.03
KFARI | 8142 | 4650 | 7346 | 5206 | 5124 | 2204 0.03
EKF 6260 | 3368 | 5015 | 37.93 | 5464 | 2336 0.03

7% > y%0es,50 = 77.93




54.3

2 3 5-25
526 527
5-25
oD 1 2 4 5 6 7 8
RMSE | 070 | 610 | 643 | 670 | 645 | 296 | 297 | 354
7° 256 | 47.36 | 51.00 | 51.71 | 44.31 | 20.05 | 15.17 | 18.17
7% > y%0es,50 = 77.93
5-25 ()
oD 9 10 1 12 13 14 15
RMSE 3.22 0.03 0.15 0.30 0.07 0.23 0.06
7° 13.75 0.03 0.26 0.55 0.08 0.40 0.05
27> y%0es50 = 77.93
5-26 RMSE
oD 1 2 4 5 6 7 8
KFAR | 1211 | 11.93 | 1048 | 11.88 | 2797 | 766 | 791 | 7.32
KFARI | 1154 | 1851 | 1085 | 7.79 | 2415 | 1813 | 804 | 7.02
EKF 1140 | 11.08 | 10.18 | 938 | 2324 | 651 | 835 | 7.15
5-26 RMSE ()
oD 9 10 1 12 13 14 15
KFAR | 12.74 6.03 8.31 10.80 6.42 6.48 0.32
KFARI | 21.88 6.69 7.71 10.83 6.41 6.44 0.27
EKF 11.93 6.99 8.01 10.05 7.44 7.44 0.31
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5-27

oD 1 2 3 4 5 6 7 8
KFAR |198.59 | 23852 | 107.97 | 110.14 | 409.19 | 247.27 | 94.45 | 63.83
KFARI |185.26 | 351.23 | 149.87 | 56.64 | 295.78 | 1239.23 | 113.28 | 59.03
EKF | 133.43| 198.41 |103.17 | 63.35 | 144.20 | 69.51 | 96.01 | 49.94
27> yomss =T77.93
5-27 ()
oD 9 10 1 12 13 14 15
KFAR | 20217 | 62.86 | 102.66 | 8386 | 64.48 | 2450 0.03
KFARI | 31532 | 69.44 | 6231 | 6857 | 5885 | 2471 0.03
EKF 325.08 | 64.92 | 5394 | 47.95 | 6347 | 26.27 0.03
27> yomss =T77.93
5.4.4
KFAR KFARI 6
EKF
KFAR KFARI
7 EKF 6
EKF KF 5.10

5.11
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5.5

5-28
EKF
KFAR KFARI EKF
KFAR  KFARI
5-28
KFAR KFARI EKF
10 15 15
2 15 15
9 9 11
9 15 15
0 6 10
5 8 9
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6.1

Suzuki
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6.2
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DYNASMART

DYNASMART
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