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1. Introduction
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Micro-simulators(CalibrationX{5R)
4[a]lZdisaggregate, dynamic7Z:demand simulatorA X &R (supply lZFF &)
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OD matrix estimation
Path flow estimation
T B A A (spiess 1987). Fx/IN ZFE 7 E@ell 1991). L > b A B —& AL (Zuylen and Willumsen 1980)

dynamic
aggregate simulators(ashok and Ben-Akiva 2000)
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micro-sim® calibration(sevcikova et al. 2007)
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2. Aggregate

Path Flow

-stimation

The prior/posterior solution
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N : #0D pairs
d,:the largest possible #trips between OD pair n
C,:the set of available paths that connect OD pair n
dpi: #trips on path i € Cy, where dy, = Y, ¢, dni
p, P:probability density function, discrete probability function
X:the vector of network conditions
y:the traf fic counts
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Cn:the set of available paths that connect OD pair n

dyi: #trips onpathi € C,,where d, = Z dni

i ECy

S U E 7& EX —a— % %:l:ﬁl:l 1L p, P:probability density function, discrete probability function

x:the vector of network conditions
y:the traf fic counts

dn,i = Pn(ilx(d))dn (1)

ST hAE—
w(d) = 1ZlEC [dni In Py (i]x(d)) — dpi Indy;] + X3=1 dy Ind,y,
s.t. dp =2jec,dni foralln=1,2,..,N
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N : #0D pairs

dy:the largest possible #trips between OD pair n
Cn:the set of available paths that connect OD pair n
dyi: #trips onpathi € C,,where d, = Z dni

i{€Cy
p, P:probability density function, discrete probability function
x:the vector of network conditions

y:the traf fic counts

W(d|x) = Inp(y|x(d)) + W(d) (3)

AT 5 £ O BRRBRERdE KD % (Appendix B),

. eXp(Ani"'Fni)Pn(ilx(d))
= 4
Pn(l |X(d), y) ZjeC eXp(Anj'I'Fnj)Pn(j|x(d)) ’ @)
9 In p(y|x(d)) N dmj P (jlx(d)
where A,; = 9 i = » JECR P (Glx(@) 0o,

(5)
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. . eXp(Ani"'Fni)Pn(ilx(d))
Pn(l |X(d), y) B Zjecn eXp(Anj'I'Fnj)Pn(j|x(d)) ’

dlnpylxd) - _ N dmj  OPm(jlx(d))
adni ’ Fnl B Zm:l ZjECn Pm(j|x(d)) adni

where A,; =
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routel AN
t(d;) = (ﬁ) =12 (8)
‘ x(d)\  [td)
x(d) = | x2(d) | = [ t (dy) (9)
x3(d) dq
route? ylZroutel TOREER v,

ﬁﬁ(ﬁ%ﬂ =1 /7/)“,) IZULThokED

: _ exp(-t(dy))
Bi1X(@D) = Zrayremciayy (10

(J’l_dl)z (11)

2
207

p(ylx(d)) o exp |-

(oyis the standard deviation of the sensor data)

N : #0D pairs
dy:the largest possible #trips between OD pair n
Cn:the set of available paths that connect OD pair n

dyi: #trips onpathi € C,,where d, = Z dni
i{€Cy
p, P:probability density function, discrete probability function
x:the vector of network conditions
y:the traf fic counts
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3. Disaggregate Demand Calibration
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The prior/posterior solution
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Symbol Macroscopic Microscopic

n=12,..,N OD pairs Agents

Cy, Routes connecting OD pair n Plans available to agent n

i €Cy, A route connecting OD pairn A plan available to agent n

dni #Trips on route i € C, Stationary probability that
agent n chooses plani € C,

d, #Trips in OD pair n One (dn = X ec,, dni)

Supply sim

plan set {i}»* . network condition x% 4T %

Demand sim
agent nlZx LT, B,(i|X)ICEDZplan iZ4£KT 2
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TEHEN BT RN ZTD d,

Cn

: #Agents

:1 for each agent n
_ . S e :the s?t of availabl.e .plans for agentn _

(ﬁﬂ\;{% U l}_i_ [/ E-l_ E—) dpi : Statlona_lrly probabllhty that ggent_n chooses plan L _E Cn, .
p, P:probability density function, discrete probability function
x:the vector of network conditions
y:the traf fic counts

Algorithm 1 (Iterative dynamic traffic assighment)

1. Initialize cycle counter ¢ = 0.

free-flow7s &

2. Choose initial network conditions x°,x71, ...
3. Repeat for as many iterations as necessary:

(a) Increase ¢ by one.

b) Calculate expected network conditions x¢ from x¢~1,x¢72,... —

BETH, BHElFEAa L

demand sim

(b)
(c) Replanning. Forn =1,2,..,N, draw plan i§ from P,(i5|x¢). S
(d)

d) Network loading. Draw network conditions x¢ from p(x€|{i}¢).

supply sim
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Stationary Distribution
ST ETIILOHENREBICHIGT 5
,3() =P (i|y—c) ieC,n=12.,N (13
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n(x) = (xl{l}~H({l}))
x ~ E{x|x~m(x)}.

)
)
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N : #Agents

dn:1 for each agentn

Cn:the set of available plans for agentn

dy; : Stationary probability that agent n chooses plani € C,

p, P:probability density function, discrete probability function
x:the vector of network conditions

y:the traf fic counts

n(X)DEAFFE & E{x|x~m(x)}HD —E & n(x) DBEEASLITNIL, (13)1F

I,,(i) = [ B,(i|xX)m(x) dx

~ [ [RGile) + 228 (5| () iz

= P, (i]x°)

(17),(18)
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variation® &» 5 DTA sim T,
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N : #Agents

dn:1 for each agentn

Cn:the set of available plans for agentn

dy; : Stationary probability that agent n chooses plani € C,

p, P:probability density function, discrete probability function
x:the vector of network conditions
y:the traf fic counts

ST DagentnZ, YA XD/ ZTHBIINDEGTHDEEZD

Z ey \EN(ZT (1), 2T, (D)(1 = T (D)) K 5
i NI, (1), T (D (1 — [y (D)) /Z 14 5

T5¢. Z-o0llHEWTCPFELRBROEENLEHENEELZ ENTE D,

(network loading|Z (fvariationhZ N 5% HY)

— EHPARETILE . micro-simulationlC KB H D EIZ. HE S Dnetwork conditioniZ

KBNS fé:%f L H7x UM (Cascetta 1989)
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the prior solution(13)~(16)H 5.

exp(Ap; + Fni)Pn(ilfly)

I,(i|y) = T,
(W) Zjecn exp(Anj + Fnj)Pn(flxly)
N _
n(@3y) = | [ ntialy),
n=1
n(x|y) = p(x[{i}~TI({iD]y),

Xy = E{x|x~m(x|y)}.

(19)

N : #Agents

dn:1 for each agentn

Cn:the set of available plans for agentn

dy; : Stationary probability that agent n chooses plani € C,

p, P:probability density function, discrete probability function
x:the vector of network conditions

y:the traf fic counts




_ N : #Agents
Algorlthm 1 dn:1 for each agentn

cle s Cy: the set of available plans for agent n
1. |Initialize CyC|e counter c = 0. dy; : Stationary probability that agent n chooses plani € C,

C ey . 0 .—1 p, P:probability density function, discrete probability function
2. Choose initial network conditions x”, x4, ... x: the vector of network conditions

y:the traf fic counts

3. Repeat for as many iterations as necessary:
(a) Increase ¢ by one.
(b) Calculate expected network conditions x€ from x¢~1, x¢72, ...
(c) Replanning. Forn =1,2,..,N, draw plan i§ from P,(i5|x¢).
(d) Network loading. Draw network conditions x¢ from p(x€|{i}©).

Algorithm 2
1. Initialize the calibration and the DTA sim.

2. Repeat for as many iterations as necessary: a1
(a) Calculate all A, & Tyy;. How to Calibrate

(b) For all agents n = 1,2, ..., N,draw a new plan from a choice distribution scaled by exp(A,; + Ty)
[FIRE 2

How to Scale

(c) Load all agents on the network




4. Making the Framework Operational
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ddyp;
SIEREDE L i 5 dmj 0Py (jlx(d))
HB L THEELEDSAEN £ Pa(lx(@) 0dng

ADETE R EZZ R 5

_0lnp(ylx) _[dlnp(ylx,) 0%,
Ani = oI, (i]y) _< 0x )y ’aﬂn(ily)> (23)
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A proportional network ™ THOZE

_ alnp(ylx(d)
M

iz dmj 0Py (jlx(@)
m(] |x(d)) ddy;

m=1 jeC,

o 61np(y|7|y) . aln'p(ylfb,) 67|y
i = oM Gly) ‘< 0%y 'ann(ily)>’ (23)
N
xq(k) = 2 1(ak € i), (24)
n=1
N
Za()y = ) > A(ak € i)y (1), (25)
n=1ieCy
N\ 0Inp(ylx)y)
Ani = Z R (26)
<example>
2
(k) — %, (k
B =L s
Ya(k) — xa(k)|y
M= ) T e (28)

akei

Indicator Function 1, time step k




Rejection Samplingross200 " & 1) . HEXR A EBERYICHEIE
agent niZX L T7 7 VidtH S /-,
atﬁTéatR>—_>}T&_—<Paccept,n(i) THEIR 1- Paccept,n(i)réﬁfﬂ—a_ 2
ﬁfﬂz}gpaccept,n(i) =SV

Paccept,n(i) = exp(Ani)/Dpn, (29)
Dy, = max exp(Ay;) (30)
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Algorithm 3 (Calibration with the accept/reject estimator)

1. Initialize cycle counter ¢ = 0.
2 . Choose initial network conditions x9, x71, ....
3. Repeat for as many iterations as necessary:
(a) Increase c by one.
(b) Calculate expected network conditions xf, from x671 x€72
(c) Replanning. Forn=1,2,...,N, do:
(i) Run the demand simulator and obtain a plan i’.
(ii) Calculate A ScalinglE DEtE
(iii) With probability 1 — Pgeeepen (i), 0 to step 3(c(i)). — | Rejection Sampling

(iv) Retain the first accepted draw: i§ = i'.

(d) Network loading. Draw x¢ from p(x€|{i}°).
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h. Zurich Case Stuay
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60492 links, 24180 nodes
U O30kmUU N Z 8 - 7- Bl D A % Z &
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DTA sim & calibration
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Figure 8 MWSE Using All Counting Stations
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Figure 10 Validation Results—Measurement Reproduction
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KBTOIY FOE—DERH N : #0D pairs
dy:the largest possible #trips between OD pair n

HHRBEZERT D, HA Dagentd B/ N R — /ﬁy%—_’% Z 5o Cp: the set of available paths that connect OD pair n
o - i Htri [ € , = Z .
/\IEIOD"T—Z’C“Li\ HH0ODRTnIlRES & H d b‘él’( ixF 3, dni: #trips on pathi € C,, where d, pa dni
lECn i p, P:probability density function, discrete probability function
AN ~TG7 x:the vector of network conditions
ETCOODATIHERT 5 & Pold) = [n=a HlEC dm T s =% y: the traf fic counts

INERKICT B LD RdaRDD 7=, 8% B - TStirling’s approximation : InZ! - ZInZ — Z (for large Z) %
W5 &,

Wo(d) = InPy(d) = X714 ZiECn[dn Ind, —dpiInd, | EBBTE 5,
d W5 THD I L EZRL T Tho1Yiec, —dnilndp |3 T FAE—DEIZIRET 5,




SRR ODEJr"'r

ﬁ=1n = A LI L. BRIBERROZAND &
ie ﬁ nl
n- . dni
P(d) = B {m Hiecn(pn(qx(d))) }

EZR]T > kOB — (< the prior entropy function) D& H
Stirling’s approximation : InZ! - ZInZ — Z (for large Z) = FA\LN C.

W(d) InP(d)

ZZ o In Py (i]2(d)) = d; In ) +Zd Ind,

n=1ieCy
s.t. d, = Z dy; foralln=1,2,...,N
i €ECp

INnNaEZ77 7Y aTHRLABHS=0c, XM EEHINB,

N : #0D pairs
dy:the largest possible #trips between OD pair n
Cn:the set of available paths that connect OD pair n

dyi: #trips onpathi € C,,where d, = Z dni
i{€Cy
p, P:probability density function, discrete probability function
x:the vector of network conditions
y:the traf fic counts




%?ﬁaﬁ’—&i‘: D g'l':%‘: N : #0D pairs
P(y|d)P(d) d,: the largest possible #trips between OD pair n

P(d|y) = P(y) Cy:the set of available paths that connect OD pair n
1’6 P(y|d)P(d) dy;: #trips onpathi € C,,whered, = Z dni
i €Cp
= j P(y|x)P(x| d)P(d)dx p, P: probability density function, discrete probability function
x:the vector of network conditions

y:the traf fic counts

= P(y|x(d)P(d) — x|xdDBILK

E% T > b OB — («’the posterior entropy function) D&
Stirling’s approximation : InZ! - ZInZ — Z (for large Z)

w(dl|y) = InP(d|y)
=InP(y|x(d)) + In P(d)

s.t. d, = Z dy; foralln=1,2,...,N
i €Cp

INzZ77 702 aTRIBEHS=0 . R4)~O)HBHINS,



