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Abstract:
 

This
 

study
 

aims
 

to
 

investigate
 

the
 

multi-modal
 

travel
 

behavior
 

and
 

obtain
 

quantitative
 

results
 

for
 

various
 

indicators
 

by
 

building
 

an
 

eqasim / MATSim
 

model,
 

using
 

Shanghai
 

as
 

the
 

study
 

area.
 

Travel
 

demand
 

is
 

mainly
 

generated
 

using
 

mobile
 

phone
 

signaling
 

data.
 

For
 

each
 

mode,
 

a
 

travel
 

cost
 

model
 

is
 

formulated.
 

Additionally,
 

an
 

MNL
 

(Multinomial
 

Logit)
 

model
 

is
 

integrat-
ed

 

into
 

eqasim
 

through
 

the
 

DMC
 

( Discrete
 

Mode
 

Choice)
 

module.
 

The
 

results
 

demonstrate
 

that
 

using
 

mobile
 

phone
 

signaling
 

data
 

to
 

generate
 

travel
 

demand
 

yields
 

a
 

high-quality
 

representation
 

of
 

travel
 

demand.
 

Users
 

prefer
 

public
 

transport
 

over
 

cars
 

when
 

travel
 

distances
 

are
 

similar.
 

Furthermore,
 

for
 

longer-distance
 

travel,
 

the
 

combined
 

bus
 

and
 

subway
 

mode
 

significantly
 

re-
duces

 

walking
 

distance,
 

travel
 

time,
 

and
 

travel
 

costs.
 

The
 

spatial
 

accessibility
 

of
 

public
 

transport
 

strongly
 

depends
 

on
 

the
 

availa-
bility

 

and
 

coverage
 

of
 

the
 

public
 

transport
 

infrastructure.
 

In
 

areas
 

where
 

public
 

transport
 

services
 

are
 

limited,
 

cars
 

can
 

comple-
ment

 

public
 

transport
 

by
 

providing
 

accessibility
 

to
 

areas
 

with
 

scarce
 

public
 

transport
 

options.
 

From
 

a
 

transportation
 

system
 

per-
spective,

 

car
 

trips
 

during
 

rush
 

hours
 

are
 

similar
 

to
 

public
 

transport
 

and
 

biking,
 

while
 

walking
 

is
 

consistently
 

used
 

throughout
 

the
 

day
 

due
 

to
 

the
 

shortest
 

travel
 

time.
 

Home-based
 

trips,
 

particularly
 

commuting
 

trips,
 

have
 

the
 

highest
 

share.
 

Understanding
 

these
 

travel
 

patterns
 

is
 

essential
 

for
 

optimizing
 

transportation
 

planning
 

and
 

effectively
 

addressing
 

peak-hour
 

travel
 

demand.
 

This
 

study
 

demonstrates
 

the
 

effectiveness
 

of
 

using
 

mobile
 

phone
 

signaling
 

data
 

for
 

studying
 

multi-modal
 

travel
 

behavior.
 

The
 

results
 

provide
 

valuable
 

insights
 

for
 

transportation
 

planners
 

and
 

policymakers
 

in
 

developing
 

efficient
 

and
 

sustainable
 

transportation
 

sys-
tems

 

that
 

meet
 

the
 

preferences
 

and
 

needs
 

of
 

travelers.
Key

 

words:
 

traffic
 

engineering;
 

multi-modal
 

travel;
 

mobile
 

phone
 

signaling
 

data;
 

eqasim / MATSim
 

simulation;
 

MNL(Multion-
mial

 

Logit)
 

model;
 

travel
 

behavior
 

analysis

1　 Introduction

Multi-modal
 

travel
 

refers
 

to
 

users
 

selecting
 

the
 

most
 

suitable
 

travel
 

mode
 

and
 

route
 

based
 

on
 

real-time
 

condi-
tions

 

during
 

different
 

stages
 

of
 

their
 

trip.
 

To
 

study
 

urban
 

traffic
 

travel
 

behavior
 

and
 

obtain
 

quantitative
 

analysis
 

re-
sults

 

for
 

indicators
 

like
 

travel
 

costs,
 

distances,
 

times,
 

and
 

activity
 

patterns,
 

researchers
 

typically
 

employ
 

travel
 

behavior
 

models
 

and
 

simulations[1-2] .
 

For
 

large-scale
 

ap-
plication

 

scenarios,
 

there
 

is
 

a
 

common
 

method
 

for
 

conduc-
ting

 

corresponding
 

analyses,
 

agent-based
 

simulations[3] .
Several

 

popular
 

travel
 

simulation
 

software
 

options
 

exist,
 

encompassing
 

traffic
 

network
 

modeling,
 

travel
 

be-
havior

 

modeling,
 

and
 

traffic
 

flow
 

analysis.
 

Examples
 

in-
clude

 

MATSim
 

( Multi-Agent
 

Transport
 

Simulation) [4] ,
 

SUMO
 

( Simulation
 

of
 

Urban
 

Mobility ) [5] ,
 

and
 

TransModeler[6] .
 

These
 

simulations
 

enable
 

the
 

analysis
 

of
 

complex
 

interactions
 

between
 

different
 

elements
 

of
 

the
 

transportation
 

system
 

and
 

users’
 

travel
 

choices,
 

leading
 

to
 

more
 

effective
 

transportation
 

solutions.
MATSim

 

stands
 

out
 

as
 

a
 

powerful
 

simulation
 

tool
 

ca-
pable

 

of
 

accurately
 

modeling
 

the
 

detailed
 

operation
 

process
 

of
 

a
 

transportation
 

system.
 

This
 

comprehensive
 

approach
 

enables
 

MATSim
 

to
 

simulate
 

travel
 

behavior
 

with
 

precision
 

and
 

capture
 

the
 

interactions
 

between
 

dif-
ferent

 

travel
 

modes
 

effectively.
 

One
 

of
 

MATSim ’ s
 

strengths
 

lies
 

in
 

its
 

ability
 

to
 

study
 

changes
 

in
 

travel
 

be-
havior

 

based
 

on
 

individual
 

travel
 

purposes
 

and
 

travel
 

times.
 

HÖRL[7]
 

introduced
 

eqasim
 

which
 

facilitates
 

a
 

seamless
 

path
 

from
 

raw
 

data
 

generation
 

to
 

mobility
 

simu-
lation.

 

It
 

can
 

handle
 

discrete
 

mode
 

choice
 

and
 

efficiently
 

simulate
 

large-scale
 

daily
 

activities[8] .
Although

 

a
 

lot
 

of
 

research
 

work
 

have
 

been
 

conduc-
ted

 

on
 

travel
 

behavior
 

analysis,
 

there
 

are
 

still
 

many
 

chal-
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lenges,
 

which
 

impact
 

our
 

understanding
 

of
 

multi-modal
 

travel.
 

Firstly,
 

a
 

significant
 

challenge
 

is
 

the
 

difficulty
 

of
 

integrating
 

data
 

from
 

multiple
 

sources
 

due
 

to
 

the
 

lack
 

of
 

standardized
 

data
 

formats
 

among
 

different
 

data
 

providers.
 

Secondly,
 

the
 

complexity
 

of
 

multi-modal
 

travel
 

models
 

is
 

another
 

hurdle.
 

Such
 

models
 

must
 

account
 

for
 

various
 

factors,
 

including
 

the
 

different
 

stages
 

involved
 

in
 

the
 

travel
 

process,
 

the
 

choice
 

of
 

travel
 

modes,
 

routes,
 

traffic
 

conditions.
 

These
 

uncertainties
 

can
 

significantly
 

impact
 

individuals’
 

travel
 

decisions.
 

To
 

address
 

these
 

challen-
ges,

 

researchers
 

need
 

to
 

develop
 

standardized
 

data
 

for-
mats

 

for
 

merging
 

data
 

from
 

diverse
 

sources.
 

Additional-
ly,

 

there
 

is
 

a
 

need
 

to
 

work
 

on
 

refining
 

multi-modal
 

travel
 

models,
 

incorporating
 

real-time
 

data
 

and
 

leveraging
 

agent-based
 

simulations.
Mobile

 

phone
 

signaling
 

data
 

has
 

emerged
 

as
 

a
 

valua-
ble

 

resource
 

for
 

studying
 

travel
 

behavior[9] .
 

It
 

an
 

replacs
 

the
 

traditional
 

use
 

of
 

census
 

data
 

to
 

generate
 

travel
 

de-
mand.

 

This
 

switch
 

allows
 

for
 

a
 

more
 

up-to-date
 

and
 

com-
prehensive

 

analysis
 

of
 

travel
 

behavior.
 

By
 

utilizing
 

mo-
bile

 

phone
 

signaling
 

data,
 

researchers
 

can
 

study
 

the
 

indi-
vidual

 

multi-modal
 

travel
 

process
 

and
 

analyze
 

the
 

factors
 

influencing
 

an
 

individual’s
 

travel
 

choices.
This

 

study
 

is
 

conducted
 

in
 

Shanghai,
 

employing
 

eqasim
 

as
 

the
 

underlying
 

simulation
 

framework.
 

The
 

fuse
 

mobile
 

phone
 

signaling
 

data
 

are
 

used
 

to
 

generate
 

travel
 

demand.
 

The
 

analysis
 

of
 

travel
 

behavior
 

is
 

approached
 

from
 

two
 

perspectives.
 

From
 

the
 

users’
 

perspective,
 

it
 

examines
 

travel
 

costs,
 

travel
 

distances,
 

and
 

spatial
 

ac-
cessibility.

 

From
 

the
 

system
 

perspective,
 

the
 

distribution
 

of
 

trip
 

starts
 

and
 

end
 

times,
 

shedding
 

light
 

on
 

peak
 

travel
 

periods
 

and
 

patterns,
 

and
 

the
 

relationship
 

between
 

trips
 

and
 

activity
 

types
 

is
 

explored.
 

This
 

research
 

contributes
 

to
 

a
 

more
 

comprehensive
 

understanding
 

of
 

multi-modal
 

travel
 

in
 

urban
 

transportation
 

within
 

the
 

studied
 

area.
The

 

remainder
 

of
 

this
 

article
 

is
 

structured
 

as
 

fol-
lows.

 

Section
 

2
 

presents
 

the
 

data
 

and
 

study
 

area.
 

Section
 

3
 

describes
 

the
 

eqasim
 

simulation
 

framework
 

and
 

re-
search

 

methodology.
 

In
 

Section
 

4,
 

the
 

results
 

are
 

presen-
ted.

 

Finally,
 

the
 

conclusion
 

of
 

this
 

work
 

is
 

provided.

2　 Data

2. 1　 Travel
 

demand
The

 

mobile
 

phone
 

signaling
 

data
 

is
 

provided
 

by
 

a
 

mobile
 

company
 

in
 

Shanghai.
 

Indeed,
 

the
 

use
 

of
 

mobile
 

phone
 

signaling
 

data
 

must
 

be
 

accompanied
 

by
 

rigorous
 

anonymization
 

measures
 

to
 

ensure
 

the
 

protection
 

of
 

sensi-
tive

 

user
 

information
 

and
 

maintain
 

privacy.
 

This
 

step
 

is
 

crucial
 

to
 

adhere
 

to
 

ethical
 

and
 

legal
 

standards.
 

After
 

an-
onymization,

 

data
 

pre-processing
 

becomes
 

essential
 

to
 

handle
 

redundant
 

and
 

erroneous
 

information
 

and
 

address
 

any
 

missing
 

data.
 

This
 

process
 

aims
 

to
 

obtain
 

valid
 

and
 

reliable
 

data
 

for
 

further
 

analysis.
 

The
 

processed
 

data
 

is
 

then
 

employed
 

to
 

generate
 

travel
 

demand.
 

The
 

workflow
 

for
 

data
 

pre-processing
 

and
 

travel
 

demand
 

generation
 

is
 

illustrated
 

in
 

Figure
 

1.
 

In
 

order
 

to
 

obtain
 

data
 

with
 

travel
 

modes
 

and
 

activity
 

types,
 

this
 

study
 

integrated
 

mobile
 

phone
 

signaling
 

data
 

with
 

resident
 

travel
 

survey
 

data,
 

ur-
ban

 

spatial
 

data,
 

etc.
 

to
 

construct
 

a
 

travel
 

stay
 

chain[10] .
To

 

accommodate
 

the
 

running
 

time
 

limitations
 

of
 

MATSim,
 

the
 

simulation
 

employs
 

a
 

small
 

sample
 

dataset,
 

and
 

some
 

configurations
 

are
 

scaled
 

down
 

to
 

match
 

the
 

sample
 

size
 

used
 

in
 

this
 

paper.
 

As
 

a
 

consequence,
 

the
 

a-
nalysis

 

utilizes
 

mobile
 

phone
 

signaling
 

data
 

collected
 

for
 

a
 

typical
 

work
 

day.
 

From
 

this
 

dataset,
 

a
 

total
 

of
 

400,000
 

trips
 

are
 

extracted
 

to
 

serve
 

as
 

the
 

travel
 

demand,
 

repre-
senting

 

a
 

1. 5%
 

sample
 

of
 

the
 

residents.

Fig. 1　 Data
 

convert
 

flow

2. 2　 Supply
 

data
The

 

area
 

within
 

the
 

outer
 

ring
 

road
 

of
 

Shanghai
 

serves
 

as
 

the
 

research
 

area
 

( Figure
 

2 ).
 

This
 

region
 

boasts
 

a
 

relatively
 

dense
 

distribution
 

of
 

base
 

stations,
 

en-
abling

 

the
 

observation
 

of
 

users’
 

location
 

shifts
 

with
 

a
 

minimum
 

accuracy
 

of
 

100
 

m.
The

 

road
 

network,
 

comprising
 

nodes
 

and
 

links
 

is
 

ex-

81



Y. Hu,
 

et
 

al / Journal
 

of
 

Highway
 

and
 

Transportation
 

Research
 

and
 

Development,
 

2024,18(1):17-26

tracted
 

from
 

the
 

OpenStreetMap
 

( OSM ) [11] .
 

Utilizing
 

the
 

General
 

Transit
 

Feed
 

Specification
 

( GTFS) [12]
 

data
 

standard,
 

we
 

incorporate
 

the
 

public
 

transport
 

routes
 

and
 

station
 

data
 

to
 

generate
 

the
 

GTFS
 

data.
 

This
 

data
 

is
 

then
 

integrated
 

with
 

the
 

road
 

network.
 

To
 

generate
 

the
 

multi-
modal

 

road
 

network
 

data,
 

which
 

includes
 

the
 

public
 

transport
 

network,
 

the
 

public
 

transport
 

vehicle
 

and
 

schedule
 

information,
 

we
 

employ
 

the
 

pt2matsim
 

pack-
age[13] .

Fig. 2　 Shanghai
 

road
 

network
 

topology
 

map

3　 Simualtion

3. 1　 eqasim
 

framework
Based

 

on
 

MATSim,
 

eqasim
 

introduces
 

new
 

function-
ality.

 

MATSim
 

is
 

an
 

agent-based
 

simulation
 

framework
 

in
 

which
 

each
 

agent
 

tries
 

to
 

maximize
 

its
 

daily
 

score
 

for
 

a
 

specific
 

activity
 

plan
 

using
 

an
 

iterative,
 

co-evolutionary
 

learning
 

approach.
 

In
 

eqasim,
 

the
 

Scoring
 

part
 

used
 

in
 

the
 

Replanning
 

phase
 

is
 

removed,
 

and
 

a
 

DMC
 

(Discrete
 

Mode
 

Choice)
 

extension
 

module
 

is
 

introduced[8] .
 

The
 

DMC
 

extension
 

provides
 

support
 

for
 

travel
 

mode
 

choice
 

u-
sing

 

a
 

discrete
 

choice
 

model.
 

As
 

a
 

result,
 

various
 

variables
 

related
 

to
 

different
 

travel
 

modes
 

can
 

be
 

taken
 

into
 

account,
 

such
 

as
 

travel
 

time,
 

waiting
 

time
 

and
 

travel
 

cost.
The

 

eqasim-java
 

package[7]
 

provides
 

utilities
 

for
 

the
 

discrete
 

mode
 

choice
 

model
 

(DMC).
 

The
 

main
 

components
 

of
 

this
 

model
 

are
 

depicted
 

in
 

Figure
 

3.
 

The
 

“Estimator”
 

as-
sesses

 

the
 

utility
 

of
 

each
 

mode
 

defined
 

in
 

the
 

DMC.
 

The
 

“Predictor”
 

calculates
 

or
 

predicts
 

the
 

“Variables”.
 

Fur-
thermore,

 

the
 

“Estimator”
 

encompasses
 

the
 

“Cost
 

model”
 

and
 

relevant
 

“Coefficients”
 

of
 

the
 

variables.
 

The
 

utility
 

can
 

be
 

calculated
 

using
 

a
 

Multinomial
 

Logit
 

( MNL)
 

model.
 

Once
 

calculated,
 

the
 

utility
 

is
 

passed
 

to
 

the
 

DMC
 

to
 

deter-
mine

 

the
 

probability
 

for
 

each
 

mode.
 

Subsequently,
 

a
 

travel
 

mode
 

is
 

selected
 

for
 

a
 

specific
 

agent.

Fig. 3　 Eqasim
 

structural
 

framework[7]

3. 2　 Travel
 

cost
 

model
Each

 

mode
 

necessitates
 

a
 

travel
 

cost
 

model,
 

which
 

quantifies
 

the
 

expenses
 

incurred
 

by
 

individuals
 

when
 

u-
sing

 

different
 

travel
 

modes.
 

The
 

travel
 

cost
 

calculations
 

for
 

each
 

mode
 

are
 

derived
 

from
 

pertinent
 

statistical
 

refer-
ences[14-15] ,

 

and
 

are
 

presented
 

below.
 

Equations
 

( 1)
 

and
 

(2)
 

outline
 

the
 

models
 

for
 

car
 

and
 

public
 

transport
 

(bus
 

and
 

subway)
 

respectively.
 

As
 

for
 

bike
 

and
 

walk,
 

their
 

travel
 

costs
 

are
 

assumed
 

to
 

be
 

zero.
 

xctc =ccar·dctd, (1)

xptc =

2. 0,
 

dbtd > 0
3. 0,

 

0 < dstd ≤ 6
 

km
4. 0,

 

6
 

km < dstd ≤ 16
 

km
5. 0,

 

16
 

km < dstd ≤ 26
 

km
6. 0,

 

26
 

km < dstd ≤ 36
 

km
7. 0,

 

36
 

km < dstd ≤ 46
 

km
8. 0,

 

46
 

km < dstd ≤ 56
 

km
9. 0,

 

dstd > 56
 

km

ì

î

í

ï
ï
ï
ï
ï
ï

ï
ï
ï
ï
ï
ï

, (2)

Where,
  

xctc
 represents

 

the
 

cost
 

value
 

of
 

the
 

car,
 

which
 

is
 

calculated
 

as
 

a
 

linear
 

function
 

of
 

distance
 

traveled,
 

and
  

ccar = 2. 37
 

CNY / km
  

is
 

the
 

unit
 

cost
 

for
 

car
 

trips;
  

xptc
  re-

presents
 

the
 

cost
 

value
 

of
 

the
 

public
 

transport,
 

which
 

is
 

calculated
 

based
 

on
 

distance-based
 

sectional
 

charges
 

for
 

both
 

bus
 

and
 

subway
 

travel;
  

dbtd
  denotes

 

the
 

cost
 

associ-
ated

 

with
 

the
 

bus
 

trip,
 

which
 

depends
 

on
 

the
 

distance
 

traveled,
 

and
  

dstd
  denotes

 

the
 

cost
 

associated
 

with
 

the
 

subway
 

trip.
3. 3　 Mode

 

choice
 

model
The

 

mode
 

choice
 

model
 

is
 

employed
 

to
 

elucidate
 

the
 

trade-offs
 

individuals
 

encounter
 

while
 

making
 

decisions.
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The
 

utility
 

formulations
 

for
 

each
 

mode
 

are
 

presented
 

in
 

Equation
 

(3)
 

to
 

(6).
 

These
 

functions
 

encompass
 

variables
 

and
 

parameters,
 

with
 

the
 

parameters
 

derived
 

from
 

DUAN[16]
 

based
 

on
 

the
 

RP
 

and
 

SP
 

surveys
 

conducted
 

in
 

Shanghai.
 

The
 

specific
 

parameter
 

values
 

are
 

detailed
 

in
 

Table
 

1.
 

Ucar =αcar +βcivt·xcivt +βctc·xctc, (3)
 

Upt =αpt +βpivt·xpivt +
βptc·xptc +βpaed·xpaed +βpwt·xpwt

 , (4)
 

Ubike =αbike +βbtd·xbtd, (5)
 

Uwalk =αwalk +βwtd·xwtd, (6)
Where,

  

Ucar,
  

Upt,
  

Ubike,
  

Uwalk
  represent

 

the
 

utilities
 

of
 

the
 

car,
 

public
 

transport,
 

bike,
 

and
 

walk,
 

respectively.
  

αcar,
  

αpt,
  

αbike,
  

αwalk
 denote

 

the
 

alternative
 

specific
 

con-
stants

 

for
 

each
 

mode,
 

representing
 

the
 

unobserved
 

factors
 

that
 

influence
 

mode
 

preferences.
  

βcivt
  and

  

βpivt
  are

 

the
 

marginal
 

utility
 

parameters
 

for
 

in-vehicle
 

time
 

for
 

each
 

mode.
  

βpwt
  is

 

the
 

marginal
 

utility
 

parameters
 

for
 

waiting
 

time.
  

βpaed
  is

 

the
 

marginal
 

utility
 

parameters
 

for
 

access / e-
gress

 

distance.
  

βctc
  and

  

βptc
  are

 

the
 

marginal
 

utility
 

pa-
rameters

 

for
 

travel
 

cost
 

for
 

the
 

car
 

and
 

public
 

transport,
 

respectively.
  

βbtd
  and

  

βwtd
  are

 

the
 

marginal
 

utility
 

parame-
ters

 

for
 

trip
 

distance
 

for
 

the
 

bike
 

and
 

walk,
 

respectively.
 

The
 

mode
 

choice
 

variables
 

x
 

include
 

in-vehicle
 

time,
 

waiting
 

time,
 

access / egress
 

distance,
 

travel
 

cost
 

and
 

trip
 

distance
 

with
 

the
 

units
 

of
 

measurement
 

as
 

minutes,
 

kilo-
meters,

 

and
 

CNY
 

(Chinese
 

Yuan)
 

respectively.
Table

 

1　 Discrete
 

mode
 

choice
 

of
 

model
 

parameters

Mode Parameter Calibrated

Car
 

αcar
 　 5. 500

 

3
 

βcivt
 ― 0. 044

 

4
 

βctc
 ― 0. 019

 

5

Public
 

transport
  

αpt
 　 7. 499

 

8
 

βpivt
 ― 0. 017

 

3
 

βptc
 ― 0. 019

 

5

βpwt
 ― 0. 133

 

0
 

βpaed
 ― 0. 477

 

4

Bike
  

αbike
 　 6. 999

 

8
 

βbtd
 ― 0. 292

 

2

Walk
  

αwalk
 　 8. 412

 

1
 

βwtd
 ― 0. 292

 

2

4　 Calibration

To
 

address
 

the
 

issue
 

of
 

the
 

increased
 

attractiveness
 

of
 

walking,
 

the
 

following
 

adjustment
 

is
 

made
 

to
 

the
 

walk
 

utility
 

formulation,
 

Equation
 

(7).
 

By
 

incorporating
 

this
 

penalty
 

term
 

into
 

the
 

utility
 

formulation,
 

the
 

model
 

can
 

more
 

accurately
 

account
 

for
 

the
 

increased
 

unattractive-
ness

 

of
 

walking
 

for
 

longer
 

distances,
 

making
 

it
 

a
 

better
 

representation
 

of
 

real-world
 

travel
 

behavior.

U′walk =Uwalk - exp ln(ω)·
xwtd

θwt

é

ë
ê
ê

ù

û
ú
ú , (7)

Where,
  

U′walk
  represents

 

the
 

adjusted
 

utility
 

of
 

the
 

walk.
  

θwt
  is

 

the
 

walking
 

distance
 

threshold,
 

we
 

chose
 

10
 

km
 

for
 

this
 

study.
 

This
 

threshold
 

means
 

that
 

for
 

trips
 

shorter
 

than
 

10
 

km,
 

the
 

penalty
 

term
 

is
 

close
 

to
 

zero.
 

ω
 

is
 

the
 

penalty
 

parameter
 

for
 

longer-distance
 

walking,
 

set
 

to
 

100
 

for
 

this
 

work.
 

This
 

parameter
 

determines
 

the
 

rate
 

at
 

which
 

the
 

penalty
 

term
 

increases
 

exponentially
 

as
 

the
 

walking
 

distance
 

exceeds
 

the
 

threshold
  

θwt
 .

Furthermore,
 

to
 

achieve
 

a
 

good
 

model
 

fit,
 

the
 

alter-
native

 

specific
 

constant
 

needs
 

to
 

be
 

adjusted.
After

 

completing
 

the
 

calibration
 

process,
 

the
 

mode
 

choice
 

model’ s
 

parameters
 

have
 

been
 

fine-tuned,
 

and
 

the
 

calibrated
 

values
 

are
 

presented
 

in
 

Table
 

1.
 

Addition-
ally,

 

Figure
 

4
 

displays
 

a
 

comparison
 

of
 

the
 

mode
 

shares
 

obtained
 

from
 

travel
 

survey
 

data
 

with
 

the
 

simulated
 

re-
sults.

 

The
 

graph
 

demonstrates
 

that
 

the
 

calibrated
 

curve
 

closely
 

aligns
 

with
 

the
 

reference
 

data,
 

indicating
 

a
 

good
 

fit
 

between
 

this
 

model
 

and
 

the
 

real-world
 

observations.
 

The
 

overall
 

trip
 

shares
 

for
 

each
 

mode,
 

based
 

on
 

the
 

cali-
bration

 

and
 

simulation,
 

are
 

as
 

follows:
 

car
 

( 22. 7%),
 

public
 

transport
 

( 39. 8%),
 

bike
 

( 28. 1%)
 

and
 

walk
 

(9. 5%),
 

respectively.
These

 

percentages
 

represent
 

the
 

proportion
 

of
 

total
 

trips
 

made
 

using
 

each
 

mode
 

based
 

on
 

the
 

calibrated
 

mode
 

choice
 

model.
 

The
 

high
 

level
 

of
 

agreement
 

between
 

the
 

calibrated
 

model
 

and
 

the
 

reference
 

data
 

indicates
 

that
 

the
 

mode
 

choice
 

model
 

is
 

performing
 

well
 

and
 

accurately
 

capturing
 

the
 

preferences
 

and
 

behavior
 

of
 

individuals
 

in
 

the
 

study
 

area.
 

It
 

can
 

now
 

be
 

reliably
 

used
 

to
 

simulate
 

multi-modal
 

travel
 

behavior
 

choices.

5　 Results
 

and
 

analysis

5. 1　 User
 

perspective
(1)

 

Trips
 

and
 

travel
 

cost
By

 

comparing
 

the
 

total
 

cost
 

across
 

different
 

modes,
 

researchers
 

can
 

gain
 

insights
 

into
 

how
 

cost
 

influences
 

us-
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Fig. 4　 Mode
 

share
 

calibration
 

for
 

travel
 

distance

ers’
 

mode
 

choice
 

decisions.
 

Figure
 

5
 

illustrates
 

the
 

cal-
culation

 

of
 

the
 

total
 

cost
 

of
 

a
 

user’s
 

trip
 

to
 

study
 

the
 

rela-
tionship

 

between
 

cost
 

and
 

mode
 

choice.

Fig. 5　 Trip
 

share
 

for
 

travel
 

cost

The
 

results
 

show
 

that
 

the
 

cost
 

of
 

car
 

trips
 

is
 

concen-
trated

 

between
 

10
 

and
 

30
 

CNY.
 

However,
 

when
 

the
 

cost
 

exceeds
 

50
 

CNY,
 

the
 

number
 

of
 

car
 

trips
 

decreases
 

sig-
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nificantly,
 

and
 

the
 

maximum
 

cost
 

observed
 

is
 

around
 

110
 

CNY.
 

This
 

suggests
 

that
 

there
 

is
 

a
 

range
 

of
 

cost
 

where
 

car
 

travel
 

is
 

preferred
 

due
 

to
 

its
 

better
 

travel
 

expe-
rience,

 

but
 

as
 

the
 

cost
 

increases
 

beyond
 

a
 

certain
 

thresh-
old,

 

travelers
 

are
 

less
 

inclined
 

to
 

choose
 

the
 

car.
 

The
 

comparison
 

between
 

car
 

and
 

public
 

transport
 

reveals
 

that
 

while
 

car
 

travel
 

provides
 

a
 

better
 

travel
 

experience,
 

it
 

comes
 

at
 

a
 

higher
 

cost.
 

This
 

trade-off
 

between
 

comfort
 

and
 

cost
 

influences
 

the
 

mode
 

choice
 

decisions
 

of
 

travelers
 

in
 

the
 

study
 

area.
The

 

cumulative
 

number
 

of
 

public
 

transport
 

trips
 

with
 

fares
 

of
 

2,
 

4,
 

6
 

CNY
 

amounts
 

to
 

145
 

000
 

trips.
 

When
 

comparing
 

these
 

results
 

to
 

the
 

data
 

in
 

the
 

report[15] ,
 

the
 

average
 

travel
 

cost
 

for
 

subway
 

trips
 

is
 

reported
 

as
 

4. 2
 

CNY,
 

and
 

for
 

bus
 

trips,
 

it
 

is
 

1. 79
 

CNY.
 

The
 

simu-
lated

 

results
 

are
 

consistent
 

with
 

the
 

report’ s
 

data,
 

dem-
onstrating

 

similar
 

performance
 

in
 

terms
 

of
 

the
 

average
 

travel
 

cost
 

for
 

public
 

transport
 

trips.
 

Additionally,
 

it
 

is
 

observed
 

that
 

public
 

transport
 

in
 

the
 

simulation
 

model
 

implements
 

fixed
 

fares
 

that
 

do
 

not
 

vary
 

based
 

on
 

the
 

trav-
el

 

distance.
 

This
 

is
 

in
 

line
 

with
 

real-world
 

public
 

trans-
port

 

systems
 

in
 

many
 

places,
 

where
 

passengers
 

pay
 

a
 

fixed
 

fare
 

regardless
 

of
 

how
 

far
 

they
 

travel.
For

 

non-motorized,
 

bike
 

trips
 

are
 

approximately
 

2. 5
 

times
 

more
 

than
 

walking.
 

However,
 

it
 

is
 

noted
 

that
 

the
 

simulated
 

percentage
 

for
 

bike
 

trips
 

is
 

slightly
 

higher
 

than
 

the
 

actual
 

data
 

of
 

16. 1%.
 

This
 

difference
 

can
 

be
 

attribu-
ted

 

to
 

the
 

assumption
 

made
 

in
 

the
 

model
 

that
 

non-motor-
ized

 

modes,
 

do
 

not
 

incur
 

any
 

monetary
 

charges
 

or
 

costs.
(2)

 

Travel
 

distance
The

 

analysis
 

of
 

travel
 

distance
 

provides
 

valuable
 

in-
sights

 

into
 

the
 

distances
 

covered
 

by
 

users
 

of
 

different
 

modes,
 

as
 

presented
 

in
 

Figure
 

6.

Fig. 6　 Travel
 

distance
 

distribution

The
 

average
 

travel
 

distances
 

for
 

each
 

mode
 

are
 

as
 

follows.
 

The
 

shortest
 

average
 

travel
 

distance,
 

approxi-
mately

 

2
 

km,
 

indicates
 

that
 

walking
 

is
 

preferred
 

for
 

short-distance
 

travel.
 

The
 

average
 

travel
 

distance
 

for
 

bi-
king

 

is
 

around
 

4
 

km,
 

making
 

it
 

another
 

popular
 

choice
 

for
 

short-distance
 

trips.
 

Both
 

bus
 

and
 

subway
 

modes
 

have
 

average
 

travel
 

distances
 

within
 

5
 

km,
 

suggesting
 

that
 

they
 

are
 

commonly
 

used
 

for
 

relatively
 

short
 

trips
 

as
 

well.
 

The
 

highest
 

average
 

travel
 

distances
 

are
 

observed
 

for
 

car
 

and
 

B&S,
 

at
 

approximately
 

7
 

km.
 

This
 

indicates
 

that
 

these
 

modes
 

are
 

more
 

commonly
 

used
 

for
 

medium-distance
 

travel.
To

 

gain
 

a
 

more
 

comprehensive
 

understanding,
 

the
 

observation
 

of
 

the
 

upper
 

quartile
 

is
 

essential.
 

The
 

upper
 

quartile
 

provides
 

insights
 

into
 

the
 

longer
 

travel
 

distances.
 

The
 

upper
 

quartile
 

for
 

walking
 

is
 

less
 

than
 

5
 

km,
 

most
 

walking
 

trips
 

are
 

short-distance.
 

For
 

bus,
 

subway,
 

and
 

biking,
 

it
 

is
 

around
 

10
 

km,
 

suggesting
 

that
 

a
 

significant
 

portion
 

of
 

trips
 

for
 

these
 

modes
 

covers
 

longer
 

distances,
 

up
 

to
 

10
 

km.
 

The
 

upper
 

quartile
 

for
 

car
 

and
 

B&S
 

shows
 

that
 

they
 

can
 

cover
 

distances
 

exceeding
 

20
 

km,
 

high-
lighting

 

their
 

suitability
 

for
 

longer
 

trips.
Based

 

on
 

the
 

report[15] ,
 

it
 

is
 

observed
 

that
 

the
 

transfer
 

rate
 

of
 

the
 

subway
 

in
 

the
 

entire
 

area
 

of
 

Shanghai
 

is
 

1. 75
 

boardings
 

per
 

trip,
 

and
 

the
 

average
 

distance
 

cov-
ered

 

by
 

subway
 

is
 

15. 91
 

km.
 

Since
 

the
 

study
 

area
 

is
 

a
 

subset
 

of
 

the
 

entire
 

Shanghai
 

area,
 

the
 

transfer
 

rate
 

and
 

average
 

distance
 

for
 

subway
 

trips
 

in
 

the
 

study
 

area
 

would
 

be
 

lower
 

than
 

the
 

reported
 

city-wide
 

values.
 

Further-
more,

 

the
 

report[15]
 

indicates
 

that
 

the
 

average
 

ride
 

dis-
tance

 

is
 

9. 0
 

km
 

for
 

traditional
 

taxi
 

rides
 

and
 

5. 0
 

km
 

for
 

online
 

car-hailing
 

services.
 

When
 

compared
 

to
 

the
 

simu-
lated

 

average
 

travel
 

distance
 

of
 

7. 0
 

km
 

for
 

car
 

trips,
 

the
 

results
 

are
 

consistent
 

and
 

reasonable.
(3)

 

Spatial
 

accessibility
The

 

spatial
 

accessibility
 

analysis,
 

as
 

visualized
 

in
 

Figure
 

7,
 

provides
 

valuable
 

insights
 

into
 

the
 

distribution
 

of
 

travel
 

times
 

reach
 

the
 

city
 

center.
 

For
 

car
 

travel,
 

the
 

results
 

indicate
 

that
 

the
 

travel
 

time
 

to
 

the
 

city
 

center
 

is
 

generally
 

less
 

than
 

30
 

min,
 

and
 

there
 

is
 

no
 

significant
 

clustering
 

or
 

dispersion,
 

making
 

it
 

a
 

well-accessible
 

mode.
 

The
 

report[15]
 

further
 

supports
 

this
 

finding,
 

showing
 

that
 

the
 

average
 

speed
 

of
 

the
 

expre-
ssway

 

network
 

during
 

rush
 

hours
 

allows
 

for
 

reaching
 

a
 

distance
 

of
 

20
 

km
 

within
 

30
 

min.
On

 

the
 

other
 

hand,
 

public
 

transport
 

accessibility
 

ex-
hibits

 

a
 

clear
 

pattern
 

along
 

public
 

transport
 

routes,
 

with
 

a
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Fig. 7　 Spatial
 

accessibility
 

for
 

the
 

car
 

and
 

public
 

transport

tendency
 

to
 

spread
 

outwards
 

from
 

the
 

city
 

center.
 

The
 

travel
 

time
 

along
 

these
 

routes
 

is
 

notably
 

lower
 

than
 

in
 

other
 

areas,
 

indicating
 

that
 

accessibility
 

is
 

heavily
 

de-
pendent

 

on
 

the
 

presence
 

and
 

efficiency
 

of
 

the
 

public
 

transport
 

infrastructure.
 

The
 

actual
 

reported
 

speeds
 

of
 

the
 

subway
 

(from
 

35
 

km / h
 

to
 

40
 

km / h)
 

and
 

buses
 

(13. 5
 

km / h)
 

during
 

rush
 

hours
 

are
 

lower,
 

and
 

the
 

simulation
 

results
 

align
 

with
 

these
 

values.
 

The
 

lower
 

speeds
 

of
 

pub-
lic

 

transport,
 

especially
 

during
 

rush
 

hours,
 

mean
 

that
 

longer
 

travel
 

times
 

are
 

required
 

for
 

the
 

same
 

distance
 

as
 

compared
 

to
 

car
 

travel.
 

This
 

effect
 

is
 

especially
 

promi-
nent

 

when
 

there
 

are
 

no
 

public
 

transport
 

stops
 

near
 

the
 

departure
 

place,
 

leading
 

to
 

longer
 

walking
 

distances
 

or
 

the
 

need
 

to
 

rely
 

on
 

other
 

modes
 

before
 

boarding
 

public
 

transport.
5. 2　 System

 

perspective
(1)

 

Travel
 

time
The

 

analysis
 

of
 

the
 

relationship
 

between
 

the
 

starting
 

and
 

ending
 

times
 

for
 

a
 

trip
 

for
 

four
 

modes,
 

as
 

depicted
 

in
 

Figure
 

8.
For

 

car
 

trips,
 

it
 

is
 

evident
 

that
 

there
 

are
 

significant
 

numbers
 

of
 

car
 

trips
 

during
 

the
 

morning
 

peak
 

hours
 

(8:00-9:00),
 

the
 

noon
 

peak
 

hours
 

( 12:00-13:00),
 

and
 

the
 

evening
 

peak
 

hours
 

(17:00-19:00).
 

These
 

pat-
terns

 

align
 

with
 

the
 

typical
 

rush
 

hours
 

observed
 

in
 

real-
ity,

 

where
 

many
 

individuals
 

use
 

cars
 

for
 

their
 

daily
 

com-
mute

 

to
 

and
 

from
 

work
 

or
 

school.
Public

 

transport
 

also
 

exhibits
 

similar
 

peak
 

hours,
 

re-
flecting

 

the
 

usage
 

patterns
 

during
 

the
 

busiest
 

times
 

of
 

the
 

day.
 

The
 

similarity
 

in
 

peak
 

hours
 

between
 

car
 

and
 

public
 

transport
 

further
 

underscores
 

the
 

importance
 

of
 

providing
 

efficient
 

and
 

reliable
 

public
 

transport
 

services
 

during
 

these
 

times
 

to
 

offer
 

an
 

attractive
 

alternative
 

to
 

car
 

travel.
Biking

 

demonstrates
 

a
 

time
 

distribution
 

similar
 

to
 

that
 

of
 

cars.
 

This
 

may
 

suggest
 

that
 

biking
 

is
 

perceived
 

as
 

a
 

viable
 

option
 

for
 

travel
 

during
 

these
 

busy
 

periods,
 

es-
pecially

 

for
 

shorter
 

distances
 

or
 

when
 

traffic
 

congestion
 

is
 

more
 

prevalent.
Despite

 

having
 

the
 

lowest
 

number
 

of
 

trips,
 

walking
 

shows
 

a
 

time
 

distribution
 

similar
 

to
 

other
 

modes,
 

indica-
ting

 

that
 

it
 

is
 

used
 

throughout
 

the
 

day.
 

Walking’ s
 

flexi-
ble

 

and
 

adaptable
 

allows
 

it
 

for
 

short-distance
 

travel
 

and
 

access
 

to
 

public
 

transport
 

stops.
(2)

 

Trips
 

and
 

activity
 

types
The

 

analysis
 

of
 

activity
 

types
 

and
 

their
 

connections
 

to
 

trips,
 

as
 

shown
 

in
 

Figure
 

9,
 

offers
 

valuable
 

insights
 

into
 

the
 

patterns
 

of
 

travel
 

behavior
 

in
 

relation
 

to
 

specific
 

activities.
Home-Based

 

Trips:
 

Trips
 

involving
 

home
 

as
 

either
 

the
 

origin
 

or
 

destination
 

( H-W,
 

H-E,
 

H-O,
 

W-H,
 

E-
H,

 

O-H)
 

constitute
 

a
 

significant
 

portion
 

of
 

all
 

trips.
 

These
 

home-based
 

trips
 

exhibit
 

noticeable
 

morning
 

and
 

evening
 

peaks,
 

indicating
 

the
 

influence
 

of
 

daily
 

routines
 

such
 

as
 

commuting
 

to
 

work
 

or
 

school.
Commuting

 

Trips:
 

Within
 

the
 

home-based
 

trips,
 

commutes
 

( H-W,
 

W-H)
 

stand
 

out
 

with
 

distinct
 

morning
 

and
 

evening
 

rush
 

hours,
 

reflecting
 

the
 

regular
 

movement
 

of
 

people
 

to
 

and
 

from
 

their
 

workplaces
 

or
 

educational
 

institu-
tions.

 

However,
 

no
 

noon
 

peak
 

is
 

observed
 

for
 

commutes.
Non-Commuting

 

Trips:
 

Trips
 

associated
 

with
 

non-
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Fig. 8　 Starting
 

time
 

and
 

ending
 

time
 

distribution

commuting
 

activities,
 

such
 

as
 

shopping,
 

entertainment,
 

etc. ,
 

show
 

noon
 

peak
 

trips
 

for
 

the
 

three
 

primary
 

modes:
 

cars,
 

public
 

transport,
 

and
 

bikes.
 

This
 

suggests
 

that
 

en-
tertainment

 

activities
 

like
 

shopping
 

and
 

contribute
 

to
 

the
 

increased
 

travel
 

demand
 

during
 

the
 

midday
 

period.
The

 

alignment
 

between
 

the
 

results
 

and
 

the
 

reality
 

validates
 

the
 

accuracy
 

and
 

reliability
 

of
 

the
 

mode
 

choice
 

model
 

in
 

capturing
 

the
 

connections
 

between
 

trips
 

and
 

dif-
ferent

 

activity
 

types.

6　 Conclusions

This
 

study
 

highlights
 

the
 

value
 

of
 

mobile
 

phone
 

sig-
naling

 

data
 

as
 

a
 

valuable
 

resource
 

for
 

generating
 

travel
 

demand
 

for
 

eqasim / MATSim.
 

It
 

sheds
 

light
 

on
 

the
 

multi-
modal

 

travel
 

behavior.
 

The
 

main
 

conclusions
 

obtained
 

are
 

as
 

following.

(1)
 

Feasibility
 

of
 

using
 

mobile
 

phone
 

signaling
 

da-
ta:

 

this
 

study
 

demonstrates
 

that
 

using
 

mobile
 

phone
 

sig-
naling

 

data
 

is
 

a
 

feasible
 

and
 

effective
 

approach
 

to
 

gener-
ate

 

travel
 

demand
 

as
 

input
 

data
 

for
 

eqasim / MATSim
 

sim-
ulation.

(2)
 

User
 

preference
 

for
 

public
 

transport:
 

individu-
als

 

show
 

a
 

preference
 

for
 

choosing
 

public
 

transport
 

over
 

cars
 

when
 

the
 

travel
 

distance
 

is
 

comparable.
 

Longer
 

trips
 

are
 

efficiently
 

covered
 

by
 

the
 

Bus
 

and
 

Subway
 

( B&S),
 

which
 

offers
 

cheaper
 

travel
 

costs
 

for
 

users.
 

However,
 

the
 

availability
 

and
 

coverage
 

of
 

public
 

transport
 

infrastructure
 

significantly
 

influence
 

users’
 

travel
 

choices,
 

as
 

public
 

transport
 

options
 

are
 

limited
 

to
 

areas
 

served
 

by
 

transpor-
tation

 

services.
 

In
 

contrast,
 

cars
 

provide
 

more
 

flexibility
 

and
 

can
 

avoid
 

these
 

restrictions.
( 3 )

 

System
 

perspective
 

on
 

travel
 

patterns:
 

the
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Fig. 9　 The
 

relationship
 

between
 

trips
 

and
 

activity
 

types

highest
 

percentage
 

of
 

trips
 

are
 

home-based,
 

especially
 

for
 

commuting
 

trips.
 

The
 

presence
 

of
 

significant
 

morning
 

and
 

evening
 

rush
 

hours
 

across
 

all
 

modes
 

is
 

primarily
 

driven
 

by
 

the
 

commuting
 

behavior
 

of
 

individuals.
 

These
 

peak
 

periods
 

are
 

a
 

result
 

of
 

the
 

regular
 

movement
 

of
 

people
 

to
 

and
 

from
 

work
 

or
 

school,
 

emphasizing
 

the
 

importance
 

of
 

efficient
 

transportation
 

solutions
 

during
 

these
 

times.
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