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Abstract |In order to improve the weakness that the conventional travel model hardly analyzed

the whole process of individual activity trip and the relation of every trip stage, a simulation

model of commuter’s activity chain was established. The statistical methods, such as correlation
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analysis, were applied to study all the relevant factors, which affected the commuter’s activity
choices of 2434 valid samples. Then a two-stage nested logit model based on the activity starting
and lasting periods. Furthermore, combined with the specific types’ selection and time sequences
of the activities, the commuter’s activity choices were simulated with Monte Carlo method. The
results indicate that the two-stage nested logit model has higher fitting degree and better
integrity, and can better characterize the dual influences of the time and property of individual’s
trip activity. The research can provide a new approach for dynamic simulation of individual’s

activity chain.

Key words Transportation engineering; activity chain nested logitmodel; montecarlo simulation

0 Nested Logit

Ben-Akiva Bowman Bhat

Miller
Boston Portland CEMDAP 1
TASHA 1-31 Kuppam
STATA
[4]
logistic 2
logit Nested Logit
[5~7]
Arentze Timmermans Charypar  Nagel
2 Nested
[8.9] Logit
2.1
2009
2 434

77



2016 2

NL |4

1

Fig.1 Simulation flow chart of commuter’s activity chain
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Tab.1 Two stage activity classifications Tab.2 Types of commuter’s complex activity chain

Bgp I{omc—>Pickup—> ork—Home
A Home— Work— Returnhome
1 Beforework 1 Entertainment ™ e ork"HOme
2 Atwork 2 Shopping Arp Home— Work"Pickupg’Home
3 Aferwork 3 Returhome Afs Home— Work—Shopping=—Home
4 x3 BEP:Beforework+Pickup; Atr=Atworkt Returnhomes
—12 4 Pickup

Arp=Asterwork ™ Pickups Ars=4 fterwork™Shopping.
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Tab.3 Explanatory variables and their values

Ss f=1 f=2
Popu popu:1 3 popu:2 3
Workers Workers™—1 i
Prechild Prechila=0 Prechila=1
bikes
Cars
. income=1 2 income=2 2 4 income=3 4 6
Income . .
income=4 6 8 Income=S 8
Sex Sex=0 Sex=1
Carcer=1 Career=2 / Carcer=3 /
Career Carcer—4 Career=3
Carcer=0 Carcer =5
license license=0 license=1
Gge ag=1 30 39 ag=2 40 59
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3
IC i.=0 1C i=1
Cducate Cducate=1 Cducate=2 Cducate=3
Peak Pear=0 Peak=1
tway tway:1 tway:2 tway:3
tiime
dtime
2 Beforework
1 AFS Bcforcwork Atwork Aftcrwork
AFS AFp IOgit IOgit 4 5
4 1
Tab.4 Calibrating results of the model at layer 1
Activily z P>z 95%
App Peak -0.742 1.517 -0.490 0.225 -3.714 2.231
time -0.008 0.030 -0.003 0.184 -0.067 0.050
fs 2.725 1.207 2.260 0.024 0.360 5.091
bikes -17.819 2 588.473 -0.010 0.195 -0.509 0.506
; 2 4.888 1.391 3.510 0.000 2.161 7.615
way 3 0.910 1.227 0.740 0.158 -1.494 3.314
3 0.161 1.580 0.100 0.219 -2.935 3.257
Carcer 4 0.406 1.241 0.330 0.244 -2.027 2.839
5 -3.260 2.253 -1.450 0.148 -7.677 1.156
_Cons 15.590 2 588.473 0.010 0.095 -5057.730 5 088.905
Ars
_Cons AFP
Peak Peak=0 Js f=1 bikes bikes=0
tway tway:1 Career Career=2
5 2
Tab.5 Calibrating results of the model at layer 2
Ac!ivily z P>z 95%
Beforework (base outcome)
Atwork
Cars -1.058 1.192 -0.890 0.375 -3.393 1.278
Sex 0.689 0.924 0.750 0.456 -1.121 2.499
ic -0.868 1.011 -0.860 0.390 -2.849 1.113
Peak -5.467 1.690 -3.240 0.001 -8.778 -2.155
[ 2 3.314 1.483 2.240 0.025 0.408 6.220
way 3 -2.067 1.461 -1.410 0.157 -4.932 0.797
time 0.013 0.038 0.340 0.731 -0.062 0.088
Qiime 0.075 0.016 4.780 0.000 0.044 0.106
_Cons -1.666 0.985 -1.690 0.091 -3.596 0.264
Afterwork
Cars -0.221 0.643 -0.340 0.731 -1.482 1.040
Sex -1.245 0.514 -2.420 0.015 -2.252 -0.238
ic 0.858 0.610 1.410 0.159 -0.337 2.053
Peak 0.687 0.737 0.930 0.351 -0.757 2.132
p 2 2.973 0.860 3.460 0.001 1.287 4.658
hnd 3 -0.392 0.676 -0.580 0.562 -1.718 0.934
time 0.095 0.027 3.500 0.000 0.042 0.148
Qiime 0.063 0.014 4.420 0.000 0.035 0.091
Logsum -0.190 0.086 -2.210 0.027 -0.359 -0.021
_Cons -3.622 0.946 -3.830 0.000 -5.476 -1.768
7COnS logsum 1 2
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Tab.6 Individual information of the 4 samples

fs bikes Cars  Sex Carcer e Qiime time fway Peak

12 1 1 o 5 0 120 30 3 1

2 1 1 0o 1 4 1 10 50 2 1

301 1 0 0 4 1 105 15 1 0

4 2 1 1 1 4 o0 5 25 3 1
7 4

Tab.7 Cumulative probability of the 4 samples

activity choices

P1=Bgp  Pr=P1tAtr P3=PytArp Ps=P3tArs
1 0.000 624 0.000 806 0.055 886 1
2 0.009 532 0.010 474 0.872 711 1
3 0.002 195 0.577 383 0.630 197 1
4 0.892 247 0.892 374 0.968 119 1
8 4

Tab.8 Activity choices results of the 4 samples

1 2 3 4
0.165 021 0.760 604 0.371 38 0.379 541
AFS AFP ATR BEP

2

|1 || Home P W 9 Shopping P Home
| 2 || Home P Wor |1 Praup P Hone
|3 || Home [ Wor |1 Reurmtome [ Woc |9 Home
Home M Pickup M Worc H Home

3

~

Fig.3 Simulation results of individual’s activity

chain
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