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Abstract

This paper describes the methodology for analyzing of parameter-driven models for
time series of count data generated from latent process that characterize the correlation
structure. These models result in very complex likelihoods. A modified EM algorithm is
proposed which we replace the marginal expectation with the conditional expectation
given y in the E step of the EM algorithm. We illustrate our method by traffic flow data.
Through the data collected by the detectors mounted on the road, we can estimate,
smooth and predict the traffic condition about the network, this information is critical to
signal control and traffic queue management.

Keywords: Parameter-driven model; Monte Carlo Expectation-Maximization algorithm;
Time series count Data; Traffic flow forecast.

- “Ff B

B AIAADFAERL L O A R KT L AR T
BT 2 A A Ll Bk o 42 - 0 FRLIE ] A T2 R P W
RUAPME 2 ERFALZL - o F R Ao § sk BLIEIA] ) AR ER G R
BRI 7 5 iha 4 o SRR R R F A > B IR D IRER T B
o - BRI AT e AT BB - BRGVERIE §ORET R B
AREEFR A RET LR FR RO TR A R F R -
P a1 B



ST

$CPEE B S| FREIA > Cox B 1981 & 3% JM-PEE B SR A & A J;Ff N
W] % %%+ (parameter-driven) 2 % 3 & (observation-driven) = 5% o & L% ¥
T BB I S R AR AEL DT A ﬁﬁi%@.ﬁ_—\t’ s -
% D AR T DA LA A Rk RIS AL o B AR TR S A
BERPAES 6 0 35 (B IRAR R AR hAR @ % o T 0 B Rl S BN o B 2
B R FHF N 0 F A Cox HrH IR AAEEEE A ST § ek
% 14t ¢ > Chan {r Ledolter(1995)# 1 11 * — Fi § # it ff # #rifAz 4 2 - mpLipl i@ -
FAF A+ w2 Jﬁpxﬁﬁ Blpt RiF - e R leen™ 2 o 2 £ H B * 5
SRR - BEEHY ELRE AT EEF'M_’—no Flp > KAT G M4 B L F RS
B PN 2“ ZEE P EP A #,leiﬁq.]ﬁjjﬁ,ﬁiéijg%
7R ;}éijﬁﬂﬁgaiﬁ 'E‘*i—’ﬂ?-"im“s DES N X Sr;r,.g_ﬂ’} | % j%gn Y A L SR
——%—?‘\%}:‘ B8 T HRAHAZHFTNES o

5

T

3.1 #3F

BV R, A - m E R A ] Bl TR A L B nF i

A2 o AT Y aE 2 S v (parameter-driven) #5800 R EF3E B B R TR 2 B i
o3 REHE D AAEEL T By B dco i A A Glic o @ 4
W % e B fi A2 (latent process)#T A 4 e Bk W, 2 - ded TAE- pE A v fE

BB AR LB AR AL g o ¢ B REAW | BmREY ) is ed By E
A A AT A A afh e Bl T8 B 40T

lodh, =W, +a'U, (1)

HY g fi- pxl gde B A Ui - 2pxlEL SRk o

BAW R - R AR A Ra Y E RN Rl F W i e g

Y4 ~Poiss@n )

He {4} 5- 2% 8 =expW, +aU,) csfic >



W, = pW,; + &) 3)
A9 le) s - midEiid f BARRENO) - 05 - wils R &3
T 42N (1) > (3)¢ enfadic s BB 4o 9= (p’o_tz’ar)o

I FR I A AT N R TR N Y R AR
S R ka;m;wmﬁ, ﬁwya\ﬁ TR A A R Sl o FIH 4 A

32 * ¥ — %2 EM % ¥ /% (The Modified EM Algorithm)

X = (Xp, Xpon Xy) R4 - 2B mER Pz ETH
Y= (Y, Y, Yy) A SRR TR

W= W, W, W) &2 A BR e 3enT 4> 75 d 2 F 4 (missing

values) o (v, W,) 555 & 8 5% % & S Bcv 12 4 7 &

f, (Yo, W W) = exp(—exp(W, +a U, ) x (exp(W, + U ))" 1y,! (4)
B X £ FIW, 8 B4t A& 4 chstiicpt 02 & fic(log-likelihood) # 12 4 71 & T 58

1,0)=>"" logf, (v, W,W,,)
=" (~exp(W, +aU,) + yW, +yaU,) —nlog(c?)/ 2 ©)
_Zt 1(\Nt 1) /20-

N

Hoo W, & e e B 0 2 e TR T A e (W, ~ N(0,62/(1-p2)) -



B LA AP T oz BT AARL S 4 T (missing data) 0 3% T R

- FREERF TR T L i skl (dy) = Iogj f,(yW|@)dW = 2k x F ¥

A

L(Oly)sd 4 @7 - 2 H > Ft A5 T EM G 2 0 B

&
w
Pz

KB (Oy) d * Eh S TT EIL(0) Bk e B EMFE 2 ¢ hE - SinE 4FiE

B ZTUTS [
E step: From Q(016) =E,(1,(8)|y);

M step: Maximize Q(e|f).

E,oly) 27§ Y=yp@if 29 E;m 0

PoBERSET1(0) 2 X ¥

4 1B

Bebrin Sl o Y =y L EpE gﬁﬁr\rlx(ﬂy) ZAEFyPiEE DY E E9(0|y) v e d

WY AEEH Y ER S RE > AT - H A e LA EM F Y T R fE
HAFD? L By B e FE P E - b
PehiEAey 0 BB AnEd p A PT RS DFERN 0 BT
BB R B R i B AR

B ET QT‘;J EM /% & %38
T

g-ﬁ °o ILTF E‘T‘/A’I
HE L LA 0, = (9, 07,04) WA
a’ﬁ.‘;‘ﬁ 2 TheE step: #4c » A er 2 & enfp 3 &
Qe 10)=>" (~exp(c™” /201~ p*)exp(a’U) + y,a'U)) -nlog(c?) /2 (6)
_(Z::1 (1_p(f)2(1+1))o.j(")/(1 (")2) szt lp(") 2(")/(1_p(")2)
zzn 1— (r)2(t) Z(r)/ 1— (r)2 2 2
+p 2, A=p )0/ A=-p"7))) 20, .

# 23 TheM step: Qo0 ) s m o T

P (Hl)’f\_"of (r+1) =Ry ﬁ&‘ﬁ"\' Q( ° |9 (r)) g X R %\ =N

p(r+1) _ [zllp(r)gj(r)/(1_p(f)2)]/[zt":1 (1_p(')2(!))o_:(')/(l_p(l')Z)] . (7)



O_j(wl) _ (Z::l (1_ p(r)z(ul))o_j(r) /(1_ p(r)z) (8)

[P0 (1= p N LY, W= p )02 i p I
t=1 t=1

o™ g Q(e|0") sk i ¥ ip#¥ lterative Reweighed Least Square (IRLS)

P
w4 # |p"-p"|<error,| o2 -6 [<errorand| ' — " |<error
CURE U
ﬁﬁf 5 {5 %# ¥ (p G ) _( (r+1) r+1)’ a(rﬂ),),.

HI 6 w2

P R BERE B SEDEY AP AR OTAELA

1(0) E4* ) 0(/opo0 ,, “r % > 2 k& % B f- % et

Var (6)=174(9) -

3.3 IR
§ 31 & R Qfe@) 0 M EHiE- EREtD T o WY EARheT
E,(4]y) exp(u, E) (wxjy( forallt ©)

Fltw Al EM O F B R Sl 2 Y o R RGBS A RIT R
P A F T e AR N IER S NH e EET Gl 0 R A AT S AT

E, (4

N+l

y)= expl, + —A£107 ) -pZ@ PV, (¥> (10)

iﬁg')ﬁfﬁiiﬁ&\’;ﬁifﬁ’;?u? b N ASE .
AR T AR BRSNS RREL TG A R G2 1Y BRE
ﬁﬁ_'f /niliﬁﬁ.r_ R }:‘Fj{,’g"‘, Mo k2 4, ’H? fﬁ—ij"y‘(m"“% ]F"F &_’%&é—@
AT NIE I T RS B AR



i 1(d E, (1) kB Y @&
HE LY, t=1..,N )

Y = E,(4) —exp(@U, + 6°/2(1-p%) fort=1,..,N. (11)

B 2 (T Y, 121)

E,(4,.,) =exp(@U, , + 6°/2(1- p")) (12)

3 2(* AR kA2 #A )

B 14lr W, ~ N[O,a%_lbz)jfrgt ~N(0,62) > = £

W, =pW,_, +¢, t=1..,N
PFEIW, t=1..,N» & xR

%22 {1* Y, ~ Poisson(@pW, +&U,)) fort=1..,N %+ $Y, t=1.. N -
HA3 1% 5 ~N©062), *3+EW, =W, +g,for t=N+1.. N+,

2 Y, ~ Poisson(exp(W,,,, +@U,,,)) » ™4+ RIERY,,, 121 -

P REE OIS QAR
41 TR

HAJHmgw A "E%;FK”}; RUPE TR EF L 7 THEHWT FR
i%\'ﬁg;'é‘mﬁg{g ‘_%":‘f‘fﬁ‘;ﬂ L—Frﬁ;#ﬁ‘*#ﬁgmﬂ% Flp R B ‘g‘,ﬁx,ﬁa
FRE FF UL RN o SRR RER R TFAE L U R 0 R BLED
AL E - BT ?g\lé,i,.m;b% sEEzEpe Al B ITS chi B ¢ € & 12

Al

Pe%
SR ELSE & L EILRTE

MR L e T AL E D RTMS 8] % (Remote Traffic Microwave
Sensor)#7ic & 8 F| > BLIPI BE S ATH P 0 ERAeE LA -t F R o BRI
% 2005 & 4 7 25 5.7 = 14:13:28 3| 16:59:57 2 F e/ & T3 o Ak behp 1%
AT AREREY S QE I ARG 0 ZE AL E 10 T BRERE o d 3
Fh- R A AT E AR ang 2 R D A R FI AL B B AE
i B LR R E A S



MEER=E

. N N
DR

-~

B ag At o

AT AL o

Bl 137 penibd S auid s
R 1 RS RIS

T - B fplk e
3 3 (Occupancy) » 3+ & — ELPFRF T 975 B dmid B 1 R BL AT TC OpE 1B 3

8 - . .
7 - Y .
6 - o 000000 000ssses s0s o oo
° 5 - 000000000 0000000000 00000 o o .
g
E 4 [+ 00 c0e0000000 000000000 o o o - - -
-
3 lwooe sococssoce soossssscse . . . .
2 leoes sosocssee . . o . ..
1 beoos sscee oo .
O 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1
occupancy
ML kg F-md AR
t=1,...,200
8 -
6 L
(5]
g
= 4
-

B2 2 i g R

100
time t

150 200

(- B 460200 £ % 5 FH)



42 FHAH
R SR WA T B R B A T Y F R B 3 o 194k

GAESD)Y kR R LU =) AL R F SR LERE - S

wRFHS 0 B L B EM R E 2 RARIE R A piroy ddsds B E 0508 o i
AThS R FR Y AR S HOA TR o Rk B2 T B o s (temporral

dependence) ™ - ¥ £1F (a, ) & 5 (0.682636,2.550254 ) -

Q(o[f) e1dx + fEfrif i chlk * %02 7 3+ (approximate ML estimates)® d = 7] 2

P=0.707559 » &2 =0.332942 > & =(0.350308 ,2.580916 )

(0.022361)  (0.014899) (0.025593) (0.129316)
FEELN licE G R E L o d 2 AR (9)47HE o

LB R AW 34 G 0 B Y ABLR ARG o g RGN hP AR A

SRR TR BB HERR ey 3 AT

t=1

B RURR AUS £ G2 2R BT A B Bt HT R T 00 L

=1.181:

o
Zuzzzw o FLR T OLF TN Sk 1 AR T g ] i i 2 hT s
n

t=1

L B RANRT ik R RE AW, R o




Bl 3 AR E SR A (- B4 400 £ )

B3 & B A BB EE o j7d BUY nF A £ FAO 2 LR 3T
3BT BRI M R FAC B 2R ST

3000 1

2500 |

=
2000 - /

1500

cumulative tr

1000
®* volu

wl meth

200 400 600 800 1000

3000 r
2500
2000
1500 | g
1000 L /

* volu
w0l // meth

/
0 *

200 400 600 800 1000

cumulative tr

W4 LR A

R LR

B4 B4 A B B R HIBE - 2B %74
Leni % g1 252 2eh 4

B RE T 2 R TR TR 2

GBS R o B ARTERT 0k p BB W, hA 2t o



"‘F‘?E Weo BRI R PN TR B P 0t Al B 0 £ 1% i A EM iR
& f"* o BB AEAL S - B IF R A w FE R ATEAR 0 I AEA T T
4L e AFE TR TR EE R BRI ISEL A 4 > @ L
R [ AR rz R “F 3 E E R eniREE T A
WREERA S LR T LR R A ek o

1. Cox, D.R., Statistical analysis of time series: some recent developments (with
discussion), Scandinavian Journal of Statistics, Vol. 8, 1981, pp. 93-115.

2. Cho, H.J., and M.T. Tseng, A novel computational algorithm for traffic signal
control SoC, WSEAS Transactions on Mathematics, Issue 1, Vol. 5, 2006, pp. 123-128.

3. Chan, K.S., and J. Ledolter, Monte Carlo EM estimation for time Series models
involving counts, Journal of the American Statistical Association, Vol. 90, No. 429, 1995,
pp. 242-252.

4. Freeland, R.K., and B.P.M. McCabe, Analysis of low count time series data by
Poisson autoregression, Journal of Time Series Analysis, Vol. 25, No.5, 2004, pp.
701-722.

5. Louis, T.A., Finding the observed information matrix when using the EM
algorithm, Journal of the Royal Statistical Society Series B (Methodological), Vol. 44,
No. 2, 1982, pp. 109-286.

6. Meng, X.L., and D.B. Rubin, Using EM to obtain asymptotic variance-
covariance matrices: The SEM Algorithm, Journal of the American Statistical
Association, Vol. 86, No. 416, 1991, pp. 899-909.

7. Zeger, S.L., A regression model for time series of counts, Biometrika, Vol. 75,
1988, pp. 621-629.

10



