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Abstract

Analysis and modeling of mode choice behavior is essential in formulating appropriate
transport policies. Discrete choice models, based on the random utility theory, are widely
used in modeling the individuals’ choice behavior. Utilities of various modes depend
mainly on the modes’ characteristics, and the individual’s socioeconomic characteristics.
Many researchers have stressed the relevance of appropriate model specification on the
parameter estimates. As pointed out in many of the past studies, some of the important
aspects in the model specification are the choice set availability to the trip maker,
specification of the observed component of the utility, and the specification of the
unobserved component of the utility. Recently, several researchers have also pointed out
the effects of land use mix on the mode choice behavior of the individuals. Researchers
have also pointed out the effects of qualitative aspects of the modes on the mode choice
behavior.

Mode choice behavior of the trip makers residing in the smaller Indian cities has not
been studied much in the past. These cities are changing rapidly and in most of these cities
trip makers are shifting towards the private motorized modes for making the work and
shopping related trips. In this work, a study has been carried out to analyze and model the
mode choice behavior of the trip makers residing in the city of Agartala, capital of Tripura,
a north-east Indian state. Data required for the present study have been collected through a
household survey as well as through some field studies. Both the revealed preference (RP)
and the stated preference (SP) data have been collected through the household survey. Main
objectives of the present study are to understand and overcome the issues related to the
formulation and application of discrete choice models for smaller Indian cities; to find out
various important determinants of mode choice for work trips; to understand and model the
effect of mixed land use on mode choice for work and shopping trips as well as on other
travel parameters; to understand the effects of psychological factors and the error in travel
time data on choice modeling, using hybrid choice modeling approach.

Quantification of mixed land use observed in the smaller Indian cities is a major
hindrance in studying its impact on travel behavior. In this study, various existing mixed
land use indices, slightly modified indices, and a few new indices have been used to

iv
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quantify the mixed land use. A new index proposed in this study, termed as Area Index, is
found to be significant in explaining the modal preferences as well as the trip lengths.

When the choice models were estimated using the RP data, it has been found that in
case of many modes the modal attributes such as travel time and travel cost were either
insignificant or were having wrong signs. Socioeconomic characteristics such as income,
gender, vehicle ownership, years of education, possession of driving license, and the mixed
land use parameter ‘area index’ were found to be significant in explaining the observed
component of the preference heterogeneity towards various modes.

From the models estimated with the SP data, it has been observed that the
coefficient of comfort (interacted with income and gender) is higher for bus than motorized
three wheeler (MThW). This implies that the policy makers have to focus on this aspect of
transit so that people can be motivated to use the transit mode. From the elasticity analysis
of the parameters, it has been observed that cost parameter of bus is highly elastic
indicating higher sensitivity of the bus users towards the travel cost. Same is the case with
the users of motorized two wheeler (MTW) i.e., if any other competitive mode (in terms of
cost) is available there is a scope for modal shift. Results from mode choice analysts reflect
that modal share can be controlled by regulating fares. Further, regulating fare in
combination of increase in land use mix can bring desired modal share.

When the models have been estimated with the combined SP-RP data, there was a
significant improvement in the model performance when compared to the models estimated
with only SP data. Compared to the value of travel times obtained from the models
estimated with either RP or SP data, the value of travel times obtained from the MMNL
model seems to be realistic. The coefficients obtained from the estimation of hybrid choice
models are found to be statistically more significant than the parameters of the MNL
model, both estimated with the RP data. When latent variables like comfort of car,
flexibility of MTW, and flexibility of MThW were included in the model, the fitness of the
model improved considerably, adjusted p? increased to 0.83 compared to the base MNL
model (0.502). In hybrid choice model for travel time measurement error correction, there
was a significant improvement in the coefficient of travel time for MThW and MTW due to
which the value of travel time has increased from Rs 11.72/hour (from the MNL model
estimated using the RP data) to Rs 27.77/hour.
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Chapter 1

Introduction

Travel behavior analysis and modeling is essential in planning and the provision of urban
transport infrastructure. In most of the smaller Indian cities, with population less than five
hundred thousand, there have been significant changes in the trip making behavior of the
individuals. Factors such as growing geographical area, changing socioeconomic and land
use patterns, increasing number of motorized personal vehicles, absence of planned public
transportation system might be influencing the change in travel behavior observed in these
cities. According to a report of Ministry of Urban Development (MoUD), Govt. of India
(2008), in most of the small sized Indian cities there will be a significant increase in the
modal shares of private transport modes such as cars and motorized two wheeler (MTW)
(57% in 2007 to 72% in 2031). Also, the share of the public transport modes (5% in 2007)
and non-motorized modes (NMT) (38% in 2007) is decreasing in many of these cities.
According to this report, the percentage mode share of public transport for small cities was
very low and also predicted it to be much lower in the future (2% in 2031). Government of
India has recently started investing in improving the infrastructure, including the public
transportation facilities, of many of these cities. At this juncture it is important to
understand and model the travel behavior observed in these cities.

Disaggregate travel behavior analysis and modeling techniques are widely being
used in understanding the individual’s travel behavior. Discrete choice models, derived
based on the random utility maximization behavior, are widely used for this purpose. In the
context of smaller developing cities of India, there were no significant studies focused on
understanding the disaggregate travel behavior. In this study, disaggregate travel behavior
of Agartala's residents has been analyzed and modeled. As a part of this effort, a thorough
study of existing data collection methodologies and the associated problems, as well as the
state-of-art choice modeling approaches has been carried out. Finding out the important

determinants of travel behavior in the context of smaller Indian cities being the main
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objective, this study has also tried to address several issues associated to primary and the
secondary data used for choice modeling.

1.1 Need for the present study

Choice set determination is one of the important aspects of discrete choice modeling
framework. In the context of smaller Indian cities, determining the choice set available to
the trip makers, and getting the data corresponding to the attributes of various alternatives
is a major task. In general, choice set available to any trip maker (for work related trips) is
determined based on the socioeconomic characteristics such as the number of workers in
the household, number of vehicles owned by the household, and the availability of public
transport mode based on the details of the public transport network. But in case of the
present study area, the category of public transport mode covers variety of modes such as
cycle rickshaw, motorized three wheeler (MThW), and various types of buses. The former
two modes of this category offer greater flexibility/convenience and the attributes of these
modes are different from that of the buses. Also, the services offered by the MThW depend
on its driver as there are no fixed regulations on its use. In this scenario, based on the
socioeconomic characteristics and the network characteristics, it is difficult to ascertain the
choice set of any individual.

Another important aspect of travel behavior observed in smaller Indian cities is the
effect of mixed land use on travel behavior. In a majority of the small sized Indian cities, it
can be said that the land use is mixed. The land use mix in these cities can be scaled at
building level (such as the multi-functional buildings), street level (different buildings,
located on a street, with different functionalities), and ward’s level (coexistence of
residences, shops, schools, offices, recreational areas, and industries). Also, there exists
heterogeneity within a particular component of the mixed land use. For example, within the
residential component of the mixed land use people with various socioeconomic
backgrounds live together. One other peculiarity is that the extent of land utilized by
different land uses varies from very small areas such as an isolated shop of five square
meters to bigger areas such a shopping complex of 3000 square meter. Major difficulty in
handling such a kind of land use mix lies in developing the Geographic Information

Systems (GIS) based land use data base and its quantification. Due to the above difficulties
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with the data, there were no past studies that analyze the land use based travel determinants
in the context of Indian cities.

Also, in the smaller Indian cities road network databases are not available. In this
scenario it would be difficult to get the mode related data such as travel time and travel cost
of the non-chosen modes. So it is necessary to develop a transportation network and from
the network it is necessary to collect the data on the level of service (LOS) variables.
Complexities associated to the nature of various kinds of modes used as public transport
modes make it more difficult to collect the LOS data from the network database. In this
context, it is necessary to understand the complexities in collecting the LOS data from the
network database and to understand the implications of such data on the mode choice
behavior.

Many researchers have also pointed out that the attitudes and perceptions play an
important role in the mode selection process of an individual. In Indian cities, people have
certain perceptions about various modes and there seems to be significant variability in the
perceptions on various modes by a similar set of trip makers. The presence of flexible as
well as convenient public (more precisely Paratransit) transport services necessitates the
collection and usage of the attitudinal and perception data. In this context, it is necessary to
understand various discrete choice modeling approaches that also consider the attitudinal
and perception data as well as to analyze and model their implications on the mode choice

behavior.

1.2 Objectives and scope
Considering the need of the present study the following objectives are set for the present study;

1. To analyze the travel data collected from household survey and to address the
difficulties related to the network data

2. To analyze the interaction of land use and travel behavior

3. To find important determinants of travel behavior in the context of small sized
Indian cities

4. To understand the effect of attitude and perception on mode choice for work trips

5. To examine the sensitivity of different modeling approaches in finding the value
placed by the individual on various important modal attributes

3
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Coming to the scope, land use mixing at building level was not considered in this
study while preparing the land use database. Internal to external trips are also not
considered as the land use database is not available for the destinations of such trips. This
study is mainly concentrating on analyzing and modeling the work related trips, going from
home to work place. Trips made for the other purposes are considered only for analyzing
the effects of land use mix on travel parameters.

1.3 Organization of the Thesis

The thesis has been organized into eight chapters. Chapter 1 presents general introduction,
objectives and scope of the work. A state of the art review on literature has been presented
in Chapter 2. Chapter 3 deals with the methodology related to the modeling of travel
behavior, and hybrid choice models. Chapter 4 provides details on data collected for the
study which includes description and land use details of the study area, network
preparation, questionnaire details, and exploratory analysis of the sample data. Chapter 5
describes the effects of land use on trip length and mode choice behavior of the individual.
In Chapter 6, various travel behavior models prepared with Revealed Preference (RP),
Stated Preference (SP), and combined SP-RP data and the corresponding model results are
discussed. Chapter 7 deals with understanding the effect of latent variables in the mode
choice behavior as well as the effects of measurement error in travel time data obtained
from network using hybrid choice model. Finally, Chapter 8 provides the summary of the

work, important conlcusions, and future scope for research in this area.
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Chapter 2

Literature Review

Travel demand models are the key elements in planning transportation facilities in the
urban areas. Many cities in the developing countries are seeing rapid growth in the recent
past and started realizing the importance of planning in the provision of urban transport
infrastructure. In the developed countries, discrete choice models are widely being used in
travel demand forecasting. But, there are many constraints in using these modeling
approaches in the context of smaller Indian cities and requires thorough understanding of
these approaches. As a part of the present study, an extensive literature review of mode
choice modeling approaches has been carried out and discussed in the following sections.
The specific objectives of the present review were to identify various factors affecting the
mode choice of an individual and to understand the methodologies adopted by previous
researchers for modeling the travel behavior. Literature review is organized into six
sections. First section presents the literature related to the choice set determination in the
multi-modal choice context. Second section presents the literature that deals with the
effects of socio-economic parameters on mode choice behavior. Third section deals with
the literature that highlights the effects of land use on travel behavior. Fourth section
presents the literature that deals with the role of mode related attributes in mode choice.
Fifth section presents the literature on various data used for estimating the choice models.

In the final section a brief summary on the literature review is presented.

2.1 Choice-set availability

All the individuals in the sample may not be having same set of alternatives for making a
trip. Determination of choice set availability is crucial in mode choice modeling.
Assumptions on the choice set, such as all the modes are available to all the individuals
may underestimate the probabilities of the available modes. Manski (1977) has used a
probabilistic approach that models the choice set generation process as the joint probability

of selecting a choice set and selecting an alternative from this choice set. In this method the
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number of choice sets to be considered was quite high even though the total number of
alternatives available for an individual is limited. Swait (2001) has proposed a multivariate
Generalized Extreme Value (GEV) model to implicitly model the choice set availability
along with the choice probability. Martinez et al. (2009) have implicitly estimated the
choice set through elimination of alternatives. Bierlaire et al. (2010) have compared these
two techniques and found that the method proposed by Martinez et al. (2009) was a poor
approximation of the method proposed by Manski (1977). Srinivasan et al. (2007) have
analyzed the effects of choice set availability to the individuals in the context of developing
countries. They have considered two different approaches, namely, explicit and implicit
choice set availability to the sampled individuals. In case of implicit choice set availability,
unavailability of modes was indirectly captured using the variables such as vehicle
ownership and trip length. In case of explicit choice set representation, the utility values of
unavailable modes (found based on vehicle ownership) were set to negative infinity. They
have observed that the explicit choice set representation led to better parameter estimates.
This approach can be considered as deterministic explicit rule based choice set generation
approach. Enam and Choudhary (2011) have addressed the problem of choice set
availability using a probabilistic choice set generation model. Availability of a set of
alternatives to any individual has been modeled using the socioeconomic characteristics
and the trip related data.

From this limited review, it can be said that though comprehensive approaches
proposed by Manski (1977) and Swait (2001) could be used to model the choice set
availability, several researchers have adopted much simpler and practical approaches to

address the choice set related problems.

2.2 Socioeconomic variables

Socioeconomic characteristics of an individual, along with the mode’s characteristics, play
a significant role in the mode choice modeling. Several researchers have studied the
implications of socioeconomic characteristics on mode choice modeling. Socioeconomic
variables are generally added to the modal utilities to capture the observed component of
taste and preference heterogeneities. Socioeconomic variables and trip characteristics are

useful in accommodating the systematic preference and response heterogeneity within the
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logit modeling framework (Bhat, 1998; Train 2009). Bhat (1998) has also emphasized that
the researchers must strive to attribute most of the preference and response heterogeneity to
the systematic variations. Important socioeconomic characteristics include age, gender,
education, household size, household composition, and household income.

There were many studies carried out to understand the effect of gender on travel
behavior. Women usually tend to make trips less frequently than men (Hanson and Hanson,
1980; Kitamura and Kostynuik, 1986). Hanson and Johnston (1985) and Kostynuik and
Cleveland (1978) have reported that the trips made by women were shorter as compared to
men, and women tend to use public transit and walk modes and less car travel compared to
men. Hanson and Hanson (1980), Vance and Hedel (2007), Srinivasan and Rogers (2005),
and Simma and Axhausen (2004) have also obtained similar results. Best and Lanzendorf
(2005) have reported that women make more trips for maintenance activities such as
shopping and child care. Dissanayake et al. (2012) from a study carried out on Nagoya city
reported that females do not prefer rail as a mode of transport. Dissanayake et al. (2012)
from a study on four Asian metropolitan cities reported that male travelers in all the study
areas have shown greater propensities for using cars and MTW. In Kuala Lumpur, young
travelers have shown negative propensities for bus use. As was also found by Bhat (1998),
all the above studies indicate that gender can be used to model the systematic component of
preference heterogeneity. Gender is also found to be useful in explaining the intrinsic mode
preferences and systematic taste heterogeneity (Bhat, 1998). The response to the out-of-
vehicle travel time is significantly different across the respondents and this variation can be
explained using the gender. Response to the frequency of service was also found to be
varying across the respondents and the gender was found to be useful in explaining this
variation.

Newbold et al. (2005) have studied the travel behavior of Canadians aged 65 years
and above to find if their travel patterns were different from that of the younger Canadians.
They concluded that older Canadians undertake fewer trips and their reliance on private
automobile is also significant. Giuliano and Dargay (2006) reported that individuals in the
age group of 18-34 years tend to travel more than people older than 65 years. Cao et al.
(2009) from the data collected from Northern California reported that age was negatively

associated with the usage of car and walking, and biking trip frequency. This may reflect
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the mobility limitations or possibility of safety concerns. According to Dissanayake et al.
(2012), when people are older than 45 years, the corresponding parameter in the bus utility
function was significantly negative indicating that the travelers in middle and old age may
prefer to use taxi or private vehicles. In addition, Chintakayala and Maitra (2010) have
found that the age of the trip maker is useful in explaining the systematic response or taste
heterogeneity towards travel time.

Sun et al. (1998), in a study based on 1994 Portland activity based travel survey,
reported that the household size, income, vehicle ownership were positively associated with
the number of household trips and vehicle miles travelled (VMT). Simma and Axhausen
(2004), in a study carried out for Upper Austria, reported that the car owners make fewer
trips on foot and on public transport and more trips by car. Giuliano and Dargay (2006)
have reported that people prefer less costly modes due to the higher transport costs in Great
Britain. Per capita income is also lower in Great Britain compared to the United States.
Lower income and higher cost of car use combine to promote alternative modes in Britain.
Srinivasan et al. (2007) have found that the vehicle ownership was found to be significantly
influencing the sensitivity of the decision maker towards travel time. They have modeled
this effect by segmenting the decision makers based on the vehicle ownership and the
vehicle availability for making the trip. Cao et al. (2009) reported that with the increase in
income the utility for car increases and that with the presence of a driving license transit
utility is reduced. Dissanayake and Morikawa (2010), from a study on Bangkok
metropolitan area, identified household income, job status, and presence of school children
in the households as the key considerations leading to household’s decisions on vehicle
ownership, mode choice, and trip sharing. Walker et al. (2010), from a study carried out on
Chengdu, China, reported that car ownership increases the utility of car.

Cherchi and Ortuzar (2003) have suggested the use of socioeconomic variables
interacting with the LOS variables. They have analyzed the significance of socioeconomic
variables in capturing the taste heterogeneity (within the standard logit modeling
framework) when compared to the mixed logit model. They have concluded that the
inclusion of socioeconomic variables (in terms of linear in parameters) may help in only
improving the overall fit. They have found that the nested logit models with interaction

terms perform in a better way compared to mixed logit models though the mixed logit
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models explain the random taste heterogeneity as well. Pinjari and Bhat (2006) have also
mentioned that the taste heterogeneity for LOS variables may partly can be explained
through the socioeconomic characteristics of the individuals interacting with the LOS
variables.

From the above review, it can be said that the socioeconomic variables have
significant effect on travel parameters such as the total distance traveled, trip frequency,
vehicle ownership, and mode choice. Since VMT and trip frequency influence the mode
choice, it can be said that the socioeconomic characteristics have significant effect on the
mode selection. Socioeconomic characteristics can enter the models linearly or through
interaction with the LOS variables. Some of the socioeconomic characteristics are useful in
explaining the systematic preference heterogeneity when they linearly enter the model in
the form of alternative specific variables. Socioeconomic characteristics, when enter the
model through interaction with the LOS variables, are quite useful in explaining the

systematic taste heterogeneity.

2.3 Effect of land use on travel behavior

Land use pattern has been characterized wusing parameters such as the
population/employment density, land use mix, distance to facilities for shopping,
accessibility, street connectivity, centeredness, transit accessibility, and road way design.
Land use mix is one of the important measures of land use development pattern and it refers
to the diversity of land uses within an area. When diverse land use exists in a given area, it
is expected that trips originating from that area may have trip ends in the same area. Land
use mix is generally characterized using indices like entropy, dissimilarity index, Gini
coefficient, and Herfindahl index.

Most of the earlier studies have defined the mixed land use as the co-existence of
different land uses such as office space, retail space, residential area, institutional area, etc.,
in the same locality. According to Litman (2012), land use mix can occur at various scales,
including mixing at a building level (such as ground-floor for retail, with offices and
residential places in the above floors). Mixed land use can happen along the streets, within
neighborhoods, and mixing at housing types based on different demographic and income

classes. This type of mixing is commonly observed in urban areas of developing countries
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like India. In a mixed land use area, it is assumed that people are less likely to use car and
more likely to walk to their destinations. In most of the past studies, researchers have
attributed several transportation-related benefits to the mixed land use. As referred in
Cervero and Kokelman (1997), Cervero (1989a) has first measured the land use mix using a

factor called the ‘entropy’.
In(P;)
In())

Entropy= ,; P;x 2.1)

where, P; is the proportion of developed land corresponding to j™ land use category found
in the tract being analyzed. J is the total number of land uses considered in the proposed
study.

Since the entropy value is normalized with respect to natural logarithm of number
of distinct uses considered, the entropy value varies between zero and one. The value nearer
to one means land use is more diverse.

Cervero (1989b) pointed out that balancing the jobs and residential locations may
bring reduction in commuting times. Cervero (1991), in a study carried out on six urban
activity centers in United States, evaluated the effect of land use parameters on the travel
behavior of the employees of the suburban activity centers. He found that the transit share
was greater in mixed land use and multi-story buildings, and also the average vehicle
occupancy was higher in mixed use buildings. Land use mix was not significant in
explaining the percentage of work trips made using private automobile vehicles.

Frank and Pivo (1994) have used entropy index to describe the evenness of the
distribution of built square footage, among seven land use categories. It was found that the
increase in land use mix increases the use of transit and walk mode. They have also
suggested using land use mix parameters corresponding to the origin and the destination
tracts to get better result rather considering only for the origin. Cervero (1995) concluded
that the residential density has a greater influence on commuting mode choice (excluding
walking/cycling) compared to the land use mix. He has found that the car is the main
commuting mode for people who are living in the areas of low residential density than
those living in areas of high residential density. Messenger and Ewing (1996) have used
land use mix, overall density (residential + employment), job housing balance, commercial

jobs at zonal level, in modeling the transit share for work trips. They found that except the
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overall density, other measures have no impact on transit share for work trips. Cervero and
Radisch (1996) concluded that mix land use was a better predictor for mode choice for non-
work trips. Sun et al. (1998) reported that the land use mix and population density do not
affect the number of household trips but both of these variables have significant impact on
VMT.

Cervero and kockelman (1997), in a study carried out on San Francisco, reported
that land use parameters such as accessibility, land use mix, and land use balance have
significant impact on travel parameters such as VMT, automobile ownership, and mode
choice. They have proposed a new index called dissimilarity index for quantifying the land
use mix and found it to be better compared to the entropy index.

Dissimilarity Index = Zk%Z?%" (2.2)
where,
K = number of actively developed cells in a census tract.

Xik = 1 if central cell’s land use differs from that of a neighboring cell and 0
otherwise.

Compared to the census tract used as the analysis unit for entropy measurements,
finer cell of 200m x 100m size was used in computing the dissimilarity index. This helps in
getting more information about the type or intensity of mixing. Bhat and Gossen (2004)
have measured the land use mix using an empirical formula given below.
el e e

G

where r is the residential area in acres, ¢ is commercial/industrial area in acres, and o is the

Land use mix diversity = 1 — (2.3)

area of other land uses in acres. Land use diversity is O if the land use consists of only one
category and the value is one when the land use is equally divided among the three land
uses. Their study concluded that the mixed land use variable was not significant in
explaining the propensity to participate in recreational trips and also have suggested for
finer resolution in computing land use diversity.

Limtanakool et al. (2006) have concluded that the land use attributes like population
density, land use diversity (in terms of entropy), distribution of employment, services and

population across urban space, are important in explaining the variation in mode choice for
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medium and longer distance travel. Their analysis has confirmed that the spatial
configuration of land use and transport infrastructure has a significant impact on mode
choice. Furthermore, they found that most of the land use variables, included in the
expanded models along with the travel time, have stronger effects on mode choice. Their
findings suggested that the impact of land use may be underestimated if travel times are not
simultaneously considered. Cervero and Duncan (2003) have found that the land use mix
in and around the person's neighborhood, characterized using ‘mixed use entropy’, was the
strongest predictor for walking trips. Mixed use entropy was nothing but the entropy
measured within one mile radius of the origin of the trip. They have analyzed only the trips
that involve less luggage or goods. They also found that the land use pattern, characterized
using density, diversity, and design corresponding to the origin of the trip, significantly
influence the bicycle trips. Rajamani et al. (2003) have found that the land use mix,
characterized using ‘land use mix diversity’ (Bhat and Gossen, 2004), significantly
influence the walk trips made for non-work purpose. They also found that the street design,
measured in terms of cul-de-sac streets, results in more walking trips made for shopping.
Chapman and Frank (2007) have measured the land use mix in terms of entropy index and
found that the mixed land use decreases the VMT.

Vance and Hedel (2007), from a study carried out in Germany, have reported that
the urban form variables such as the commercial density, road density, and walking time to
public transit were significant in modeling the car usage and distance travelled. Zegras
(2007) reported that the land devoted to commercial and service purposes, in the zone of
trip origin, increases the likelihood of making home based non-work, non-school walk
trips, while percentage of vacant land has the opposite effect. Pinjari et al. (2007) have
characterized the built environment in terms of population density, employment density,
and the block density. Any change in these characteristics of the built environment
significantly affects the non-motorized commuting trips. Cao et al. (2009), in a study on
eight neighborhoods in north California, used accessibility indicators to the number of
establishments within specified distance to analyze the travel parameters. They found that
the number of business type establishments within 400m radius of residence was negatively
correlated with car travel and positively correlated with non-motorized trip frequency. They

have also found that the number of business type establishments within 800m radius have
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positive effect on transit trip frequency. From this study, it can be inferred that mixing the
land use tends to discourage the car trips and facilitates the use of transit and non-motorized
modes. Ewing and Cervero (2010), using the meta analysis of several studies, reported that
the land use mix measured in terms of distance to store has high elasticity value compared
to the other diversity measures when used for analyzing walk trips. Among the other land
use variables, intersection density has higher elasticity value.

Tracy et al. (2011) have used three different land use characteristics namely
density, diversity, and design, and tried to find their effect on non-motorized mode choice,
transit mode choice, personal vehicle choice, home based vehicle hours travelled, and home
based VMT. They used dissimilarity index to measure the land use mix and found it to be
more significant in non-motorized mode and transit choices. Tsai et al. (2012), based on a
study conducted on Sydney, reported that the land use density, road length, and
accessibility have positive impacts on public transport mode choice.

Matt et al. (2005) have suggested some general strategies which may reduce travel
by car. One of the strategies was to reduce the trip distance. They have also suggested that
reducing total number of trips may result in reduced car travel. From the literature review,
it is clear that the land use pattern has significant impact on trip frequency and the trip
distance. Reduced travel distance may increase the attractiveness of walking and cycling in
place of using the car. Some studies have reported the effect of mixed land use is
insignificant in explaining the personal vehicle mode choice (Cervero 1991; Frank and
Pivo, 1994; Cervero and Kockelman, 1997; Tsai et al., 2012). On the other hand, some of
the studies (Vance and Hedel, 2007; Cervero, 1995) have concluded that the residential
density, compared to land use mix, has good impact on personal vehicle as a mode of
travel, and the distance travelled. Limtanakool (2006) has emphasized the use of travel time
as an explanatory variable while studying the impact of mixed land use on travel behavior.

Another important observation from the literature is the use of different indices in
quantifying the land use mix. Hess et al. (2001) have pointed out specific drawbacks
regarding the Entropy and dissimilarity index. They pointed out that land use parameters
attributed to large tracts cannot capture the variations in land use mix that may affect travel

as well as the spatial intersection of different land uses. They have recommended a new
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measure for land use mix in terms of edge-contrast. Bhat and Gossen (2004) have
suggested for using finer resolution while measuring the land use mix.

From the above review it can be observed that in most of the past studies
Dissimilarity Index was computed for census tract, using a cell of 100 m X 100 m, and
entropy was also calculated for a census tract. In the context of smaller Indian cities,
smaller size land uses associated to the shopping and commercial usages and their
heterogeneity within a census tract (called as municipal wards), direct application of the
existing land use parameters in explaining the travel behavior may not yield promising

results.

2.4 Mode related attributes

Travel time and travel cost are the most commonly used mode related attributes in mode
choice modeling. Many other subjective LOS attributes such as the comfort, reliability,
frequency, safety, and convenience are also used in mode choice modeling (Hensher et al.,
2005). Many of the subjective attributes cannot be observed and even the travel time and
travel cost data are estimated from the network database. Some researchers have imputed
the unobserved travel times based on either limited number of observed data or network
skims (Hensher et al., 2005; Washington et al. 2014). McFadden (2000) reported that one
of the most common issues in disaggregate behavioral forecasting is the accurate
measurement of travel time and cost components at individual level. Steimetz and
Brownstone (2005) have used a method to correct the measurement error that employs
multiple imputations. This method can be used when one has accurate data for a sub-
sample of the observations. Enam and Choudhary (2011) have estimated the travel time
corresponding to the non-chosen modes based on the stated (by the decision makers) travel
times corresponding to the chosen mode. They have formulated a linear regression model
between the stated travel time of the chosen mode and the network O-D travel time. The
relationships have been developed for various predominantly used modes. In this study,
they have not estimated the travel costs corresponding to the non-chosen modes.

Some researchers have considered travel time to be a latent variable, and the latent
travel time has been modeled using the travel time estimated from the network and the

socioeconomic characteristics of the individual (Ben-Akiva et al., 2002; Bolduc et al.,
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2005; Walker et al. 2010). Walker et al. (2010) suggested using latent variable approach to
correct for measurement errors introduced in travel demand modeling. They treated true
travel time as latent variable and the model was estimated using hybrid choice modeling
framework. They concluded that the estimates with measurement errors in travel time tend
to significantly under estimate the value of travel time.

In addition, decision maker’s sensitivity towards the LOS variables was found to be
heterogeneous. Some of this heterogeneity can be explained using the socioeconomic
characteristics but its random component was also found to be significant and needs to be
considered to get meaningful estimates for the willingness to pay measures (Bhat, 2000;
Phanikumar and Maitra, 2007; Das et. al., 2009; Chatterjee, 2011). In the context of
developing countries, Srinivasan et al. (2007) reported significant difference in sensitivity
to travel time, cost, and vehicle availability observed across different user segments. They
modeled the sensitivity to travel time and cost for user groups segmented based on captivity
status and work distance. Sensitivity to travel time and cost also varies across modes, with
greater sensitivity to non-motorized and public transport modes. Effects of random
heterogeneity in the response towards the LOS variables can be captured in the mixed logit
framework.

Willingness to pay for travel time saving or value of travel time is of prime importance
for any mode choice model. This can be estimated when the responses to travel time and
travel cost are properly estimated. Value of travel time saving (VTTS) is an important
willingness-to-pay indicator with respect to the cost-benefit analysis in the context of
planning new transport system or for pricing (Hess et al., 2005). The ratio of estimated
travel time and travel cost parameters provides an estimate of value of travel time. In case
of models with fixed coefficient for travel time, researcher expects a negative sign for the
travel time coefficient. Models producing positive travel time coefficient are rejected on the
ground of model misspecification. In random parameter models or mixed logit models
(used to capture the heterogeneity in the response) various probability distributions have
been used to model the density of the response measure. The use of unbounded
distributions like normal distribution may lead to positive and negative travel time
coefficients. This means some share of population prefers higher travel time which is

inappropriate. The choice of distribution for coefficient plays an important role in the
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modeling process. Normal distributions are relatively easy to implement in both classical
and Bayesian methods and are widely used as the distribution for random parameter.

Lognormal distribution prevents the possibility of unexpected parameter sign since the
distribution contains positive values only. However lognormal distribution has some
disadvantages also. Many researchers have found that during simulation, the log normal
distribution has problems such as slow convergence or even no convergence. (Hess et. al.,
2005; Algers et al.,1998). Further, long right tail can lead to some unrealistically high
standard deviations (Sikka 2012). Hess et al. (2005) suggested the use of bounded
distributions such as triangular or Johnson’s Sg where bounds are estimated from the data.
Hensher et al. (2005) have recommended the use of constrained triangular distribution to
get non-negative WTP measure. Sikka (2012) has pointed out that the constrained
triangular distribution heavily depends on the mean. Besides the attributes of interest for
which the WTP needs to be calculated, the cost coefficient can also be randomly
distributed. But the resulting distribution of the WTP measure may have undefined
population moments (Daly et. al., 2012). Assuming a fixed parameter for cost coefficient
and letting the coefficients of interests to vary randomly for which the WTP measures
needs to be calculated lead to satisfactory estimates (Daly et. al., 2012).

Few researchers have estimated the value of travel time in the context of
developing countries. Phanikumar and Maitra (2006) have found out the value of in-vehicle
travel time to be between Rs 4.4/hr to Rs 4.87/hr for transit users in Kolkata. The variations
in the willingness-to-pay (WTP) have resulted from different specifications of the choice
models. The upper limit for the WTP has resulted from the mixed logit specification and
the lower limit has resulted from standard logit specification. In the mixed logit framework,
the random component of the response heterogeneity has been modeled using constrained
triangular distribution. The systematic heterogeneity in the response for in-vehicle travel
time has been explained using household income. Chintakayala and Maitra (2010), from a
study on Kolkata city, used stated preference data for modeling generalized cost of travel
for taxi and found that the value of travel time for taxi to be Rs 66.0/hr. In this case, they
have used mixed logit model to estimate the value of travel time.

Apart from the travel time, travel cost, subjective, and attitude related parameters

are also significant and sufficiently improve the models (Ben-Akiva et al. 2002; Yanez et
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al. 2010; Paix et al. 2011). Collection of the data on subjective parameters has been a
major constraint in utilizing these data in choice models. Many researchers have collected
the data on subjective factors in the form of ranking on a Likert scale (Srinivasan et. al.,
2007; Ahmed and Datta, 2006). Ahmed and Datta (2006) have collected the data in the
form of rankings and found that the level of service variables such as comfort, safety,
convenience, and reliability significantly influence the utility of paratransit mode.
Subjective and attitudinal variables were also analyzed using the structural equation
models considering these variables to be latent. Latent variables, unlike observable
variables, are not directly observed but rather inferred from variables that are observed.
One significant advantage of latent variable approach is that a large number of indicator
variables can be aggregated together to visualize an underlying concept. For including the
latent variables in choice models sequential and simultaneous approaches are available.
Ben-Akiva et al. (2002) have found that the parameter estimation by the later approach i.e.,
the simultaneous approach has been more efficient. Ben-Akiva et al. (2002) presented a
general methodology and framework for incorporating the attitude and perception data in
the choice model. Johanssen et al. (2006) studied the effect of attitude and personality
traits on mode choice by constructing sequential integrated choice and latent variable
modeling approach. They concluded that the flexibility, comfort, pro-environment friendly,
influence individual's mode choice. Kitrinou et al. (2009) have developed integrated choice
and latent variable (ICLV) models for residential relocation decision. They have found that
the addition of latent variables significantly influence the model outcome and considerably
improve the goodness-of-fit of the model. Raveau et al. (2010) have reported that empirical
performance of sequential and simultaneous approaches was not statistically different. Paix
et al. (2011) have used hybrid choice model to jointly estimate the choice and latent
variable for finding relationship between urban environment and travel behavior. They have
concluded that the hybrid choice models show a major improvement in the goodness-of-fit
of the model as compared to the classical discrete choice models. From a study on
Chengdu, Walker et al. (2010) considered the travel time to be latent and estimated a hybrid
choice model. They have modeled the latent travel time in terms of the network based
travel times. They found that the use of latent travel time had significant influence on the

value of travel time.
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From the above review, it can be said that the response towards the LOS variables such
as travel time and travel cost is heterogeneous and part of this heterogeneity can be
explained using the socioeconomic characteristics of the individual and the trip’s
characteristics. Mixed logit modeling framework can be used in estimating the random
component of the heterogeneity. Collection of data on travel time and travel cost is prone to
errors and there are different ways to correct these errors. Considering the travel time to be
latent and estimating the resulting hybrid choice model may yield better estimates for the
value of travel time. It can also be observed that the subjective and attitudinal factors also
play major role in mode choice modeling and hybrid choice and latent variable model needs
to be used for getting better estimates of the corresponding coefficients.

2.5 Data for model estimation

RP data has high reliability and face validity as these are the real choices made by the
individuals. Hence, RP data are particularly well suited for short term forecasting of small
departures from current state of affairs (Vonkova 2011). RP data collected on the attributes
and their levels are likely to be ill conditioned (i.e., being largely invariant, problem of
multi-collinearity) and the parameter estimates (other than constant terms) estimated using
these data are likely to be biased (Hensher et. al., 2005). On the other hand, the SP data set
attributes are likely to be of good condition and hence the associated parameter estimates
from models estimated using the SP data are likely to unbiased (Hensher et. al., 2005). SP
data has some specific advantages over RP data such as high variability, provision for
analyzing new proposed alternatives, new attributes, and level of attributes.

Strengths of both the data can be exploited if the models are estimated using the
combined SP-RP data. The process of pooling RP and SP data and estimating a model from
the pooled data is called data enrichment (Louviere et. al., 2000). This process was
originally proposed by Morikawa (1989) whose motivation was to use SP data to identify
parameters that RP data cannot, thereby improving the model’s efficiency. Later on many
researchers (Ben-Akiva and Morikawa, 1990;, Hensher and Bradley, 1993; Bradley and
Daly, 1994; Swait et al., 1994; Adamowicz et al., 1997; Brownstone et al., 1996; Bhat and
Casteler, 2002; Hensher et al., 2008) have used the combined SP-RP data for estimating

their models.
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Combining data sources requires consideration of differences in variance (scale)
associated with the unobserved influences on choice. Accommodating the scale difference
between data sources has been carried out by assuming the scale homogeneity within each
data source. Sequential estimation (Morikawa, 1989; Swait et al. 1994) or joint estimation
methods (Morikawa, 1989; Bradley and Daly, 1991; Hensher and Bradley, 1993) can be
used to find the differences in scale. Bhat and Castelar (2002) have reported that the joint
SP-RP estimation can induce state dependency, defined as influence of actual (revealed)
choice on the stated choice of the individual. They have examined the state dependence,
defined as @, (1 — 8,4rp), Where Squre =1 for RP observation, otherwise 0, and ¢ is the
parameter estimate of state dependence which can be fixed or random. State dependence
effect may be positive or negative. A positive effect may result in due to habit persistence
or inertia to explore another alternative. A negative effect could be the result of variety
seeking or result of latent frustration with inconvenience associated to the currently used
alternative. Bhat and Casteler (2002) and Hensher et al. (2008) have found that the model
estimated with unobserved heterogeneity and state dependence found to improve the model
parameters significantly.

From the above literature review, it can be seen that the scale heterogeneity must be
considered while combining the SP-RP data and the combined data results in a better
model. State dependency also needs to be considered to know the effect of RP choice on
the SP choices of the same individual. Consideration of unobserved heterogeneity also

sufficiently improves the model parameters estimated with the combined SP-RP data.

2.6 Summary of Literature review

Socioeconomic characteristics play significant role in capturing the systematic components
of the response (taste) and preference heterogeneity. In the cities of developing countries
like India it is difficult to collect the segmented sample so that the choice probabilities can
be estimated for different segments, separately. In Indian scenario it can be hypothesized
that the tastes vary across the individuals depending on the socioeconomic characteristics.
Very few researchers have attempted to understand this influence of socioeconomic
characteristics on travel behavior. Many researchers have also found that the mixed land
use has significant impact on mode choice directly or indirectly (through VMT and trip
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frequency). Given the mixed land use in Indian cities significant impact of land use on
travel behavior can be expected but the traditional indices may not be useful in quantifying
the land use mix. LOS variables associated to various modes govern the mode choice
behavior of the individuals. Researchers have resorted to different ways to collect/estimate
the data. Some researchers have used hybrid mode choice and latent variable models.

But most of these data cannot be collected from the individuals or estimated from
the network. LOS data, specifically the travel time and travel cost data on non-chosen
modes, cannot be collected from the individuals since these data are to be recollected (if
already that individual had used the mode in past) or to be guessed. Network (both road and
transit/paratransit networks) complexities makes it to difficult to guess the LOS data. The
same complexities make it to difficult to impute the LOS variable data from the digitized
road and transit/paratransit networks. Most of the cases the digitized road and
transit/paratransit networks are not available for many of the cities. Another problem
associated with many of the Indian cities is the flexibility (no specific routes or schedules)
of transit/paratransit networks and this flexibility makes it difficult to develop the digital

database.
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Chapter 3

Theory of Choice modeling

Evolution of discrete choice models, in terms of specification and estimation, has been
thoroughly reviewed in the chapter on Literature Review. Some of the important aspects of
formulation and estimation of choice models, mostly adopted from various previous
studies, are discussed in this chapter. Methodology adopted in identifying the choice set
available to the sampled individuals is briefly discussed in section 3.1. Basic formulation of
standard logit model is briefly described in section 3.2. Basics of mixed logit models are
briefly discussed in this section. Model specification and estimation of combined SP-RP
model is also discussed in this section. Hybrid choice model (Integrated Choice and Latent

Variable model) formulation and estimation is discussed in section 3.3.

3.1 Identification of choice set for an individual

Determination of choice set for an individual i.e., modes available to an individual for
making a trip, may not be easy to determine in the context of smaller Indian cities.
Difficulties associated to the determination of modes available to an individual have been
discussed in Chapter 4. To avoid any inconsistency, choice set was determined based on
predefined logical rules. Trips less than 100m were not considered in this study. MThW
and bus were considered to be available to all the trip makers for work trips. Though buses
run on some of the major routes, it has been assumed that the trip makers utilize access
modes to reach the bus routes. Walk and cycle-rickshaw were considered to be non-
available when trip length is greater than 3 kilometer. This has been decided based on the
trip length data obtained in the household survey. Cycle rickshaw was considered in the
choice set only for the individuals living within three km radius of the city center. Vehicle
ownership was the sole criterion for including bicycle, MTW, and car in the choice set. In
the households, where only one vehicle is available and if it was chosen for the work trip by
any member of the household, then that mode is considered to be non-available for the
other members. This is not a constraint for this study as most of the households have one

worker only.
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There can be many other criteria based on which the availability of public transport (run
by private people) and intermediate public transport, for making work trips, can be
determined. For example transport services run by private people are mostly governed by
the demand and are available only during the peak periods. In this study, this criterion is not
considered in determining the choice set availability. Choice set availability was also
revealed by the individual in the RP survey and it was found that there is a difference
between the revealed choice set and the rule based choice set.

3.2 Modeling of the travel behavior

Discrete choice models describe, explain, and predict the choices between two or more
alternatives, such as choosing between the modes of transport or choosing from various
brands of goods. Discrete choice models statistically relate the choice made by each person
to the attributes of the person and the attributes of the alternatives available to the person.
In the standard logit modeling framework, the probability of an individual choosing an
alternative is given as below;

Pr(i) = —2
ra) = Zleer

3.1)

where, Pr(i) is the probability of decision maker choosing an alternative i; V; is the
systematic component of the utility of alternative j. MNL model has three main drawbacks,
namely, inability to explain the unobserved component of the taste variation, unrealistic
proportional substitution across alternatives, and the inability to explain the correlation of
the unobserved factors which may result in case of panel data (Train, 2009).

Sample collected in the present study is not stratified based on the socioeconomic
characteristics. Given the wide variations in the socioeconomic characteristics of the
sampled individuals, it is expected to have unobserved taste heterogeneity among the
sampled individuals. Since the choice set contains many similar alternatives, proportional
substitution pattern may also not hold well. Also, in the present study, the choice model has
been estimated with both the SP and RP data. In case of SP data, there can be significant
correlations among the unobserved components of the modal utilities corresponding to

various choice scenarios.
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These drawbacks can be handled by either GEV class models such as the nested
logit model or more flexible mixed logit models. Mixed logit model generalises a standard
logit model by allowing a parameter (i.e., coefficient) associated with each observed
attribute to vary randomly across the individuals. In case of random parameter logit model,
the utility derived by person n from alternative j is specified as;

Unj = BnXnj + &n; 3.2)

where, X,,; are the observable attributes of the alternative and decision maker; f,
is a vector of coefficients of variables for person n representating the person’s taste; €,; is
the random term that is independently and identically distributed (11D) extreme value. Here
the coefficients vary across the decision makers in the population with density (). The
specification is same as for standard logit model except that B varies over decision makers

rather than being fixed. The probability conditional on f is given by;

Lni (.Bn) =

eﬁnxni

(3.3)

! .
Xj ePn¥nj

where, Lni (8,,) is the logit probability evaluated at parameter £3,,.
As the researcher does not observe f, and, therefore, cannot condition on S. The

unconditional choice probability over all values of 3,, is expressed as

Pri=J ( elnD ) f(B19) 8B (3.4)

Zjeﬁxnj

where, 6 refers collectively to the parameters of chosen distribution (such as mean and
variance of B).

A mixed logit model can also be used without a random-cofficient interpretation, as
simply representing the error components that create correlations among the unobserved
utilities for different alternatives (Train, 2009). The utility in this case is specified as;

Unj = a'Xpj + tn Znj+ & (3.5)
where,
Xy and Zy; are the vectors of observable variables related to alternative j,
o' is a vector of fixed coefficients,

Un 1S a vector of random terms with zero mean, and,
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&nj IS error component which is iid extreme value.

The terms in Z,; are error components that, along with &,; forms the stochastic
portion of utility. The unobserved component of the utility is p; Z;,;+ &,;, which can be
correlated over alternatives depending upon the specification of Z, In case of standard
logit model Zy; is zero and there is no correlation in the utility over the alternatives.

The unconditional choice probability as given in equation 3.7 cannot be calculated
exactly as the integral is not in closed form. Probabilities are approximated through
simulation for a given value of 6. For simulation, a value of B from f(f|6) is drawn and
logit formula Ly; (B,) is calculated. These steps are repeated and the results are averaged.
This average is the simulated probability and is given as (Train, 2009);

Poi =~ R Lui(B") (3.6)

where, R is the number of draws. P,; is the unbaised estimator of P, . Its variance
decreases as R increases and is positive so that In P,; is defined.The simulated probalities

are inserted into log likelihood function to get the simulated log likelihood.

3.2.1 Handling of SP data in mixed logit framework

Data from the SP survey contains repeated choice data from a single individual. The
number of choice situations can vary over people, and choice sets can vary over people and
choice situations. Mixed logit model with panel specification can handle the correlations
among the unobserved error components, mainly associated with the SP data. In case of
repeated choice data, as in case of panel data, utility from alternative j in choice situation t

by an individual n is given as (Revelt and Train, 1998);

Unjt = Bn Xnjt T Enjt (3.7)

where , £, Is iid extreme value over individual, alternative, and time.

Conditional on B, the probability that the person making the sequence of choices is the
product of logit formulas given below;

ePnxni l (38)

7
Y ePn¥nj

Lni(ﬁ) = {:1 I

The unconditional probability is the integral of this product over all values of £.
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Poi = [ Lui(B)f(B) 8B. (3.9)
The simulated probabilities and the simulated likelihood functions can be obtained
following the procedure discussed in the previous sub-section.

3.2.2 Handling of combined SP-RP data

When two sources of data, SP and RP, are used to estimate the choice models there will be
issues with the scales of the data. Combining two data sources involves imposing the
restriction that the common attributes (atleast one) have the same parameters in both the
data sources, i.e., B = B°° = B. Data enrichment includes pooling of two choice data
sources under the restriction that common parameters are equal while controlling for the
scale factors. Scales of the utilities, corresponding to the SP and the RP data would be
different as the unobserved variance may not be same in the utilities corresponding to these
data. Since it is difficult to identify both the scale parameters, it is conventional to fix the
scale of RP data set (\"" = 1) and estimate the A*", which represents the relative scale. The

corresponding choice model may be written as follows (Louviere et al. 2000);

exp [ARP (a;RP+BRP XRP +»y7;)]

RP = ; RP
i % jecRP exp[/‘lRP(ochP+BRP X{P +u)Z]-)] UE (3.10)
psP — exp[ASP (a;5P+B5P x7F +92;)] VieCSP (3.11)
e e R ) -

where, i is an alternative in choice sets C or C®, o’s are the data source-specific
alternative specific constants (ASCs) and B~ and B°" are the utility parameters for attributes
common to both the data sets, and 6 and ® are utility parameters for unique attributes in
each data set. ARP and ASP are the scale factors.

So the deterministic utility portion for a mode for both the RP and SP parts can be written
as

Vin = a®F + BRP XFP + wZ; + 257 (af” + BSPXFP + 6W;) (3.12)
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3.3 Hybrid choice model

In case of Hybrid choice modeling, this model consists of two parts, a discrete choice
model and a latent variable model. Each part consists of one or more measurement
equations. The integrated choice and latent structure explicitly models the latent variables
that influence the choice process. To specify both discrete choice and the latent variables,
two types of equations are required: a) Measurement equation which links the latent
variable to the indicator variables and b) a structural equation that links latent variable to
the explanatory variables. The structural equation for the latent variable model (for Figure
3.1) can be written as;

(LV)T]ilq = Zr Aitr Eirq +¢ ilq (3.13)

Measurement equations can be written as;

Iipq 3 ZlYilr Niig + 6 ipq (3.14)

where, & represents explanatory variables, ¢ and & is the error term normally distributed
with zero mean and standard deviation o, index i refers to an alternative, | to latent variable,
p to indicator and r to explanatory variable. The equation 3.13 results into one equation for
each latent variable and equation 3.14 results in one equation for each indicator (i.e., each
survey question). These measurement equations usually contain only the latent variables on
the right hand side. A and y are the coefficients to be estimated in the latent variable
model.

Considering the error components (g, ¢, ) are independent and the joint probability of the

observable variables y and I, conditional on the exogenous variable & is given as;

FOGUEABYEE20) = [, PUIEMB.Z) [UIEMAZ) [(lEm;v,Xe)dn (3.15)

The first term of the integrand corresponds to the choice model, the second term
corresponds to the measurement equation from the latent variable model, and the third term

corresponds to the structural equation of the latent variable model.
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Figure 3.1: Integrated Choice and Latent Variable Model (Adapted from Ben-Akiva et al., 2002)

3.4 Summary

Various theoretical concepts, mainly related to the choice models developed in the present

study, are discussed in the previous sections. The concepts covered in this chapter were

selected based on the hypotheses related to the travel behavior observed in the case of

smaller Indian cities.
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Chapter 4

Data Collection

Methodology adopted in collecting various data including the household travel data, land
use data, and various important statistics of the household data are presented in this chapter.
Household travel data have been collected using RP and SP surveys. Study area
description, RP questionnaire and the design of SP survey are explained in detail. Since the
database on road network is not available, data collection on LOS variables of non-chosen
mode is a challenge. Detailed methodology adopted in collecting these data is also briefly
explained. Developing land use database is also a major task in the context of developing
cities in India. Detailed methodology adopted in collecting the land use data has also been
discussed in detail. This chapter is organized as follows: Section 4.1 presents an overview
of the study area. Section 4.2 provides the land use details and land use data collection
methodology. Section 4.3 discusses the importance and procedure for preparation of the
present network data. Section 4.4 presents the questionnaire used for the collection of travel
related household data, which includes questionnaire for RP survey, SP survey, and the
questions related to attitude and perception. Section 4.5 provides exploratory analysis of the
household survey data with reference to the socioeconomic, trip purpose, and mode choice

related data of the sample.
4.1 Study area description

In this study, Agartala, the capital city of Tripura, a state located in north eastern part of
India, has been chosen as the study area (Figure 4.1). Agartala municipality consists of 35
municipal wards, divided mainly for administrative purposes. Agartala is the second
largest city in the north-east India, after Guwabhati, in terms of municipal area. According to
census data of the year 2011, the population of Agartala was 3,99,688. The average annual
rainfall of Agartala city is 220 cm.  The city is situated at 23°45'- 23°55N latitude and
91%15 - 91°20' E longitude, in the flood plain of Haora river. The climate of Agartala is of
tropical monsoon type with moderate temperature and high humidity. From the report

available with Govt. of Tripura, Department of Urban development, a socioeconomic
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survey shows that around 45% of the people have migrated to the city implying the
presence of employment opportunities. As per the city development plan for Agartala
(2006), in the year 2005, the expenditure and income levels in Agartala are much more than
the other urban areas of the state. The average household income per month was Rs 8506,
of which, the expenditure was Rs 6255 per month. Approximately, 10% of the income i.e.,
Rs. 850 per month was being spent by the household on transportation needs.

With respect to the road network and connectivity, the road network follows grid
iron pattern in the central part of the Agartala city. Percentage of road area, including the
local roads is about 6.2 % of the total area of the city. A majority of the roads in the city are
about 6-10 m wide and some roads have footpath facility but no cycling facility. Recently
there has been high growth in the vehicle ownership, which may be attributed to the recent
economic boom seen in the country. Vehicle population growth data presented in Figure
4.2 shows that there is a significant growth in car and MTW population and a decrease in
the growth of number of buses in Agartala city. This sharp increase in the percentage of
private vehicle ownership may be one of the reasons behind people shifting to private
modes from sustainable modes of transportation.

Figure 4.1: Location of the study area (Agartala)
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Figure 4.2: Percentage growth of vehicles in the recent years in Agartala

Figure 4.3 shows the boundary of the Greater Agartala Planning Area (GAPA) as decided

for the City development plan prepared for Urban Development Department, Govt. of
Tripura, by LEA Associates South Asia pvt Ltd., in association with CEPT, Ahmedabad.

Part of the GAPA bounded with the blue cordon line is considered as the study area for this

work.

Table 4.1 shows the land use composition details of Greater Agartala Planning Area

in the year 2001. The residential area is more as compared to the other land use types. Land

uses that induce travel such as commercial, industrial, and public utilities are relatively

smaller in terms of the land area occupied.
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Figure 4.3: Greater Agartala Planning Area (Source: City development plan-Agartala, May
2006)
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Figure 4.4: Composition of vehicles registered in Agartala city

Table 4.1: Land use details of Greater Agartala Planning Area in the year 2001

Land use Area(Ha) Percentage
Residential 2277.55 24.75
Commercial 50.75 0.55

Industrial 50.35 0.56

Public Utilities 18.5 0.2
Institutional 175.25 1.9
Government Function 70.5 0.76
Organized Open Space 24.55 0.26
Vacant Land 2205.75 23.97
Land under defense 79.5 0.86
Transport and communication 455.4 4.95
Agricultural 2257.75 24.54
Others (Including Forests, Water Bodies) 1532.15 16.7
Total 9200 100

* Source : Agartala City Development Plan, 2006
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Table 4.2: Land use details of the study area considered for the present work

Land use Area(Ha) Percentage
Residential 2217.58 34.38
Commercial & Industrial 37.84 0.59
Educational 62.39 0.97
Service 21.43 0.33
Social and others misc. 6.95 0.11
Others (Agricultural, forest, drains, river
and other water bodies etc.) 2048.33 31.75
Vacant Land 2056.192 31.88
Total 6450.71 100

The land use composition of the study area for the year 2010, given in Table 4.2, clearly
shows the dominance of residential area in the city. Area corresponding to commercial,
industrial, service, social and other land uses is considerably small. These details are
obtained from the field studies conducted as part of the present work. Description of the

land use data collection is given in the following section.
4.2 Land use details of the study area

Availability of the digitized land use map is a major problem in studying the effect of land
use mix on travel behavior of smaller Indian cities. In this study an effort has been made to
collect and digitize the land use details of Agartala city. Different land use data like
residential, commercial, industrial, service, educational, forest, agricultural, river, ponds,
social welfare centers, playgrounds and vacant land have been collected. Except forest,
agricultural, vacant, and water bodies, all the remaining land uses have been categorized
into five different types by suitably merging different land uses. Residential, commercial,
educational, service and others are the five land use types considered in the present study.
All the retail shops, including shopping complexes and the buildings with retail shops and
industries have been considered as commercial land use. Buildings meant only for office
use have been considered as service area. In order to avoid the complications in land use
map preparation, land use mixing at building level was neglected. When a particular
building is used for both commercial and residential purpose (for example, ground floor
shops and other floor for residential), that building area was considered as commercial. If

more than one floor is used for commercial purpose only, the area corresponding to ground
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floor was taken into consideration. During collection of land use data, GPS device
(Handheld Trimble JUNO-SB) was used for measuring the area of the big markets, offices
and shopping complexes. For isolated small shops, the location was digitized using the GPS
and the area was calculated using a measuring tape. ArcGIS10 software was used for
storing and analyzing the land use and travel data. Raster image of the study area, with
municipal ward boundaries, has been digitized and shown in Figure 4.5. Figure 4.6 shows
the comprehensive land use details of the study area. Figure 4.7 shows the land use details
of the study area after categorizing various land uses into five types, as mentioned earlier.
Chapter 5 deals with the methodologies adopted in extraction of the land use parameters
from the digitized map shown in Figure 4.7.

4.3 Network Data

It is general practice to collect the information about the travel time and cost of different
modes through network analysis (Bhat and Koppleman, 2006; Ortuzar and Willumsen,
2011). In case of Indian cities, this is a major problem as most of these cities do not have
digitized road network with relevent attribute information. Public transport network details
are also not available and most of the times public transport operates with flexible
schedules as well as routes. Data collection on para transit or intermediate public transport
modes is even more difficult. Parta transit modes include MThW and Jeeps, commonly
used for ferrying the passengers in the smaller cities and are operated by the private people.

In this study entire road network of the study area has been digitised. Raster images
of the road network (taken from google maps) have been digitized and the same was cross
checked with a sample road network developed using GPS. The prepared network data was
imported into TransCAD 5.0 software for network analysis. Average travel times of various
types of vehicles have been manually collected using the stop-watches from all the major
and minor road stretches of the network at different times of the day on different type of
roads (morning off-peak from 7 AM - 9 AM, peak hour from 9:45 AM to 11 AM, noon
off-peak 2 PM- 4 PM and evening peak 6 to 8 PM).
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Figure 4.5: Ward/zonal details of the study area, Agartala city
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Figure 4.6: Digitized land use map of the study area.
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Figure 4.7: Land use map showing the land details considered in the study area

Speeds estimated based on the link length and the average travel time were loaded
onto the links corresponding to the data collection stretches for different categories of
vehicles and for different times of the day. The resulting network is useful in getting the
travel related data for all the non-chosen alternatives. Mode related data like distance, travel
time from the origin to the destination have been collected using the digitized road network.
Taking travel time and distance data from the network essentially reduces the error as the
travel time and trip distance given by the individual (for the chosen mode) found to have

significant error as many individuals do not know the actual travel time and travel distance
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between their origins and destinations. For estimating the choice models, all the LOS data
have been taken from the digitized network. Table 4.3 shows few trip related data taken
from the network simulation. This table also shows the corresponding data of the chosen
modes given by the respondents. Data related to various modes such as car, MThw, and
MTW are provided in this table. From this table, it can be seen that there is a significant
difference between the two sets of data, specifically in case of public and intermediate
public transport modes. This difference is sufficient enough to have an impact on modeling.
Data collected from the network simulation have been compared with the actual travel
times (corresponding to few trips) and found that this data is more reliable. But, due to the
nature of the services operated by the public and intermediate public transit services
operated by the private people, there will be some differences in the actual and simulated
data. For example, private operators wait for passengers, sometimes even at the non-
designated stops, and this waiting times are completely random.

Figure 4.8 shows road network of Agartala city that was prepared for extracting the
travel related data. Further, Figure 4.9 shows the screen shot of network prepared in

TransCAD 5 showing the road network information.

Figure 4.8: Road network of Agartala City
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Figure 4.9: Screen-shot of road network prepared in TransCAD 5
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Table 4.3: Comparison of mode related data obtained from the network analysis and stated by the individual for the chosen mode in a

trip
Mode related data given by Mode related data from Network ~ Fercentage Percentage
respondent Simulation difference in difference in
SN Mode ) ) ~ travel time from  trip length from
Travel Time Distance Travel Time Distance network network
(min) (Km) (min) (Km) extracted time  extracted data
! Bus 45 8 23.016 6.875 195516 116.364
2 Bus 30 10 36.490 9.731 17.786 -2.764
3 Bus 40 20 29.538 18.764 -35.419 -6.587
4 Bus 25 12 40.988 10.930 39.007 -9.790
5 Bus 30 6 18.582 5.602 -61.447 -7.105
6 Auto 10 3 10.100 1.694 0.990 -77.096
7 Auto 15 3 8.450 1.210 -77.515 -147.934
8 Auto 20 4 15.320 3.602 -30.548 -11.049
9 Auto 10 6 12.120 3.512 17.492 -70.843
10 Auto 30 6 11.270 4.553 -166.193 -31.781
11 Auto 15 2 3.390 1.336 -342.478 -49.701
12 Auto 15 3 13.090 3.838 -14.591 21.834
13 Auto 30 6 27.100 3.033 -10.701 -97.824
14 Auto 15 3 9.430 2.175 -59.067 -37.931
15 Car 15 5 13.190 4.270 -13.723 -17.096
16 Car 10 5 7.530 5.902 -32.802 15.283
17 Car 5 2 2.530 1.213 -97.628 -64.880
18 Car 60 25 52.584 21.091 -14.103 -18.534
19 Car 15 8 12.310 5.500 -21.852 -45.455
20 MTH 10 25 6.260 1.989 -59.744 -25.691
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4.4 Questionnaire for the household survey

Questionnaire used in the present study has been prepared with a view to gather
comprehensive household travel related data. The travel survey has been prepared in line
with the standard household surveys conducted in the developed countries. The
questionnaire include all the essential requirements of a comprehensive household survey
such as household details, personal details, vehicle ownership, travel diary, SP survey,
perception and attitudinal survey (as  per report  on household
datacollection,www.public.asu.edu/~rpendyala/HouseholdTravelSurveyDataCollectionPlan

.pdf). Detailed questionnaire is given in the Annexure.

4.4.1 Questionnaire for the RP survey

RP data have high reliability and face validity as these data are related to the real choices
made by the individuals. Moreover, in real market situation, choices made by the
individuals are bounded by real constraints and this is captured in the RP data. These
constraints that affect the choices are not observed in the SP data. SP survey is widely used
for collecting travel behavior data, mainly for predicting performance of new alternatives
and hypothetical scenarios. Face to face interview was conducted for household data
collection. Surveyors were recruited for data collection and were given training on using
the questionnaire. A few students from NIT Agartala have also helped in collecting the

household data.

4.4.1.1 Household Details

This section contains information related to the household such as the address, family size,
status of the household (rented/owned), number of employed and unemployed adults,
monthly travel expenditure, and aggregated monthly income. Household location has also
been digitized using the location data collected with GPS. Figure 4.10 shows the locations
of households from where data have been collected. Also, detailed information about the
vehicles owned by the household, like number of vehicles owned, type of vehicles, usage of
vehicles, i.e., for private or public use, model and year of manufacture, odometer reading of

the vehicle, has been obtained.
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4.4.1.2 Personal Data Set

Personal data are obtained from the individual persons of the household. This contains
information like gender, age, educational status, monthly income, distance between the
workplace and home, most preferred mode, least preferred mode, monthly expenditure on
travel, etc. This section of survey also includes some questions related to the use of bicycle,
public transit, and walking mode, which helps the analyst to understand the reasons for

motivating or discouraging the commuters in using a particular mode.
4.4.1.3 Travel Diary

The information related to the trips made by the individuals like origin, destination,
purpose of the trip, mode of travel, length of the trip, travel time, fare/cost, waiting time,
activity duration and other modes available for making the same trip is obtained using this
part of the questionnaire.

4.4.2 Questionnaire for the Stated Preference (SP) Survey

From the past studies, it has been evident that the RP data have little variability i.e., the
attribute values do not vary much. Moreover, the attributes are highly correlated. Finalizing
the choice set for RP survey is very difficult, whereas the choice set ambiguity is not there
in case of SP survey. The purpose of the SP survey is to collect the data required for
efficient model estimation with as little bias as possible.

From the wvehicle composition data (see Figure 4.1), it can be seen that the
percentages of MTW, LMVs, and MThW are predominant while the share of bus is
negligible. In the proposed SP survey, it was decided to study the trip maker’s behavior
towards the three major modes i.e., MThW, MTW, car and public transport (bus), which is
being implemented as a part of INNURM (Jawaharlal Nehru National Urban Renewal
Mission) scheme, initiated by the Govt. of India.

A preliminary O-D survey was carried out to know the important factors influencing the
mode choice. Ranking data for a number of attributes such as travel time, cost, comfort,
accessibility (in terms of walking distance), convenience, availability, flexibility, traffic
congestion, bad road condition, safety, and distance were collected as a part of the

preliminary survey.
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Figure 4.10: Location of the households from where the data have been collected

After analyzing the preliminary data, convenience, availability of modes, comfort,
cost, travel time, and flexibility were found to be influencing the mode choice. The
availability of mode can be represented by the choice set used for the SP survey and
frequency of transit has been added in the SP survey. There were already some studies in
which convenience and comfort were represented as a single attribute. Hence, cost/fare,
comfort, travel time, and frequency (for only public transit) were selected as the attributes
in the design of SP survey.

SP survey was carried out for four motorized modes car, bus, MThW and MTW.
Four levels of attributes were considered in the SP survey, except for comfort which was
measured as a binary variable where two levels (comfortable and not comfortable) were
considered. For MThW, higher level of comfort represents the availability of seat, and less

number of co-passengers. For bus, higher level of comfort represents the availability of

43
TH-1310_09610410



seat, and no-standing scenario. Based on the fuel prices, travel cost is assumed to be
changing in case of car and MTW. In case of the other two modes fares are regulated by the
state government but more or less governed by the fuel prices in addition to the other
factors. The price of petrol was around Rs 65 at the time of survey and a decrease or
increase will sufficiently affect the cost of travel. Fuel prices are assumed to be Rs 50/liter,
Rs65/liter, Rs80/liter and Rs 100/liter. Travel times may change due to the increasing
number of personal vehicles which may lead to congested roads and this eventually results
in increased travel times. For travel time, four levels were considered assuming that speed
takes the values of 10/20/30/40 km/hr for bus/MThW. For MTW and car, speed was
considered as 10/25/40/55 km/hr. From the field data collected on speed it was found that
there is a difference in average speed between bus/MThW and MTW/car. For car, four
levels of travel cost were taken; Rs 3/km, Rs 6.5/km, Rs 8.0/km and Rs 10/km. For MTW,
the cost of the trip is considered as Rs1.33/km,Rs1.85/km, Rs 2.42/km and 2.85/km. Fares
for bus and MThW are provided in Tables 4.5 to 4.8. For bus mode four levels for
frequency (time between every buses) 5 min, 15 min, 30 min and 45 min have been
considered. Further, different trip lengths have been considered in the SP survey as the
average trip distance varies significantly for different modes as observed in the preliminary
survey. This type of design was considered so that it can improve realism of the SP task,
and individuals will not have face unrealistic scenario. Table 4.4 to Table 4.8 show the
attribute levels and their values used in the SP survey.

Block design method was used in formulating the SP questionnaire i.e., the number of
experiments are divided into sets (blocks), and the blocks were distributed over a number of
respondents. The success of this test depends on the assumption that preference across the
sample of respondents will be sufficiently homogenous such that respondent’s data can be
combined over the blocks of the experiment. Different SP questionnaires have been
designed for different choice sets and for different trip lengths. Sample questionnaire for
four modes with 3 km travel distance is given in the Annexure. Description of these

questionnaires is given below:

1) Choice set with Bus, MThW, Car and MTW: Minimum number of experiments

required for finding the main effects for four alternatives with 11 attributes are 45
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2)

3)

(M (Number of alternatives) * A (Number of attributes) + 1 =4 * 11 + 1 = 45). Two
attributes, cost and travel time, were considered for MTW and car. For bus, four
attributes cost, travel time, comfort and frequency, were considered. For MThW,
three attributes, cost, travel time, and comfort were considered. The master design
set for choice task is 4° x 2% i.e., 1048576 (Using LM L is number of levels,M the
number of alternatives and A the number of attributes). The design used in the
present study was carried out as fractional design with 64 runs for main effects only.
The blocks were prepared in such a way that each individual can see all the levels of
attributes, for which two extra attributes were added as blocking variables (Hensher
et al., 2005). 16 blocks were prepared with 4 experiments in each block so that the
respondent fatigue can be reduced. All the 16 blocks are to be combined to make the
experiment orthogonal and to estimate the main effects.

Choice set with alternatives (Bus, Car and MThwW) and (Bus, MThW and
MTW): Minimum number of experiments required for finding the main effects, for
three alternatives with 9 attributes, is 28. The master design set for choice task is 4’
x 22 i.e., 65536. The design was carried out as fractional design with 32 runs (8
blocks), for main effects only. Eight blocks were prepared each with 4 experiments,
for which an extra attribute was required as a blocking variable. 8 blocks need to be
combined to make the experiment orthogonal for estimating the main effects.
Choice sets with alternatives (Bus and MThW): Minimum number of
experiments required for finding the main effects, for two alternatives with 7
attributes, is 15. The master design set for choice task is 4° x 2% i.e., 4096. The
design was carried out as fractional design with 32 experiments (8 blocks), for main
effects only. Eight blocks were prepared, each with 4 experiments, for which an
extra attribute was added as a blocking variable. All the eight blocks need to be

combined to make the experiment orthogonal and to estimate the main effects.

In this way SP instruments, matching with the specific choice sets of the individuals,

could be administered. The block is so generated that each individual is shown four choice

experiments and each individual can see atleast once all the levels of attributes.

Orthogonality for main effects and all the two-way interactions was verified.
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Table 4.4: Orthogonal coding of the attributes considered for fractional factorial design

Modes\Attributes Comfort Cost Time Frequency
Car Constant -2 -1 1 2 2 -1 1 2
Bus 1 -1 -2 -1 1 2 2 -1 1 2 |2 -1 1 2
MThwW 1 -1 -2 -1 1 2 2 -1 1 2
MTW Constant -2 -1 1 2 2 -1 1 2

Table 4.5: Levels and values of attributes for 3 km trip length

Modes\Attributes Comfort Cost (Rs) Time ( min) Frequency(min)
Car Constant 9 20 25 30 | 35 45 7 18
Bus 1 -1 3 5 10 15 |45 6 9 18 5 15 30 45
MThwW 1 -1 3 5 10 15 |45 6 9 18
MTW Constant 4 5 7 9 35 45 7 18

Table 4.6: Levels and values of attributes for 6 km trip length

Modes\Attributes Comfort Cost (Rs) Time ( min) Frequency(min)
Car Constant |18 40 50 60 |65 9 15 36
Bus 1 -1 3 5 10 15 9 12 18 36 5 15 30 45
MThw 1 -1 5 8 15 20 9 12 18 36
MTW Constant 9 11 14 17 |65 9 15 36

Table 4.7: Levels and values of attributes for 9 km trip length
Modes\Attributes Comfort Cost ( Rs) Time (min) Frequency(min)
Car Constant | 27 60 70 90| 10 135 22 54
Bus 1 -1 5 10 15 20 | 135 18 27 54 5 15 30 45
MThw 1 -1 5 10 15 20 | 135 18 27 54
MTW Constant | 13 17 21 26| 10 135 22 54

Table 4.8: Levels and values of attributes for 12 km trip length

Modes\Attributes Comfort Cost ( Rs) Time (min) Frequency(min)
Car Constant | 36 80 95 120 | 13 18 29 72
Bus 1 -1 5 10 15 20 18 24 36 72 5 15 30 45
MThw 1 -1 10 15 20 25 18 24 36 72
MTW Constant | 17 23 28 34 | 13 18 29 72
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443 Attitudinal and perception related questions

Many researchers in the past have suggested that consideration of psychological factors,
generally considered as latent variables, may help in better understanding of the travel
behavior of the individuals. In order to understand the effect of latent variables, individuals
were asked some questions (agreement and disagreement statement) related to their attitude
towards various modes. Further, individuals were also asked to rate different modes based
on the attributes like flexibility, reliability, safety, and comfort. Table 4.23 provides the
perception ratings of different travel modes, and Table 4.24 provides the mean ratings of
agreement and disagreement statement related to the attitudes of the individuals.

4.5 Exploratory analysis of the sample data

Travel data have been collected through a household survey conducted in the study area
during March-September, 2012. Sample size, in terms of households, is about 1% of the
total number of households (1028 households) of the study area. In this section, statistics of
socioeconomic characteristics like age, gender, years of education, household size,
household income, vehicle ownership and driving license status of commuter is presented.
These statistics are useful in examining the variability of socioeconomic information, which

could be useful in formulation of the choice models.

4.5.1 Socioeconomic characteristics of the sample

The sample was found to be representing the overall travel patterns of Agartala residents. In
the collected sample, 30% of the trips were non-motorized and more or less similar figures
were given in a report (2008) of Ministry of Urban Development, Government of India as
well as in a report on comprehensive mobility of Agartala, 2008. Basic composition of the

sample data are given in Table 4.9.
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Table 4.9: Socioeconomic composition of the sampled data

Socioeconomic characteristic Value in Percentage
Gender
Male 73.38
Female 26.62
% of individual in the age category
Upto 20 3.95
20 -30 17.69
30-40 18.53
40 -50 24.08
50 -60 22.77
> 60 12.98
% of household having driving License
Having 49.5
Not Having 50.5
% of individuals (Years of education)
0 0.19
1to5 4.05
5t08 9.13
8-10 20.51
11to0 12 15.62
13-15 33.02
16to 18 17.31
19-21 0.00
More 0.19
Car Ownership 13.83
MTW ownership 44.21
Monthly household income (in Indian rupees)
0-2000 0.28
2001-10000 33.96
10000-20000 30.48
20000-50000 24.46
> 50000 10.82

Table 4.10: Descriptive statistics of the socioeconomic characteristics of the sampled data

Socio- Mean Median Mode Standard Minimum Maximum
economic Deviation
parameters
Income 28119.47  15000.00  10000.00 30689.93 2000.00 200000.00
Family size 4.17 4.00 4.00 1.99 1.00 18.00
Age 43.21 44.00 52.00 15.12 14.00 96.00
Years of
Education 12.50 12.00 15.00 3.37 0.00 22.00
Vehicle
ownership 0.65 0.00 0.00 0.80 0.00 6.00

From Table 4.9, it can be seen that the sample contains less female representation than

males. Further, 50.5 % of households are captive to public/para-transit modes as they are
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not having driving skills, as revealed in the choice set availability to the individuals. Car
ownership in the sample is 13.83% and MTW ownership is 44.21%. From Figure 4.11 and
Table 4.10, it can be seen that the average household income of the sampled individuals is
ranging between Rs 20000.00 to 30000.00 per month. The average income of the sampled
households is slightly higher than the income reported (8,506.00 rupees per month in the
year 2005) in a report of with Gowvt. of Tripura, Urban development department. Given the
socioeconomic changes happened after the year 2005, the rise in the average household

income seems to be meaningful.

30.00
25.00
20.00
15.00

10.00

...

0.00
200 | 500 | 100 | 150 | 200 | 300 | 400 | 500 | 700 | 900 | 150 | 200
0 0 00 | OO | OO | OO | OO | OO | OO | OO | OOO | OOO

B % of households| 0.28 | 9.50 |24.46(18.63|11.85(10.72| 6.59 | 7.15 | 5.55 [ 2.92 | 1.22 | 1.13
Monthly household income ( Rs)

% of households

Figure 4.11: Distribution of the household income in the sampled households

In the collected sample, the mode of the family size is about four persons (Figure 4.12). In
the sampled data, age of the persons is found to be distributed evenly between 30 to 60
years (Figure 4.13) with a mean age of 43 years (Table 4.10). From Figure 4.14 and Table
4.10, the average years of education were found to be 12.5 years and the sample contains
significant percentage of individuals with 13 to 15 years of education. From Figure 4.15, it
can be seen that about 50.6% of the households do not own private vehicles and the trip
makers of these households may be captive to the other modes of transport i.e., public

transit, intermediate public transit, and NMT modes.
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Figure 4.12: Distribution of family size in the sample data
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Figure 4.14: Distribution of years of education in the sampled individuals
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4.5.2 Exploratory analysis of the travel related data

4.5.2.1 Purpose of the Trips

In the household survey, thirteen different trip purposes were mentioned and the data were

collected accordingly. From the collected data a majority trip purposes were found to be

work, shopping, social and educational trips. Hence, all the trips were categorized into four

trip groups, work trip (41.46%), shopping trip (21.62%), educational trips (10.13%) and

others trip (26.79%).Trips made for the purchase of grocery, vegetables and other items

such as clothes, electronics goods and miscellaneous items were considered as shopping

trips. Trips such as visiting doctors, social trips, trips to cultural events, and entertainment

were categorized as other trips.
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Figure 4.16: Modal composition for (a) Work trips (b) Educational trips
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Figure 4.17: Modal composition for (a) Shopping trips (b) Other trips
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From Figure 4.16 (), it can be seen that MThW (29%) and MTW (26%) are the
predominant modes used for making the work trips. Bus (4%) and Jeep/van (1%) are less
frequently used as the commute modes. Car, bicycle, cycle rickshaw and walk modes have
got equal share in the work related trips. In case of the shopping trips (Figure 4.17(a)), walk
(36%) is the mostly chosen mode. MThW, MTW and cycle rickshaw were also commonly
used for making the shopping trips.

From Figure 4.16 (b), it can be seen that a significant portion of education trips
were made using NMT and transit (NMT 33% and transit 27%). Share of the transit mode
(Bus) was less in trip purposes like work trips, shopping trip and other trips. In case of
shopping trips, NMT mode was preferred (about 65%) compared to the 30% of work trips,
29% of social and other trips, and 33% of educational trips. This may be inferred shopping
trips are shorter and involved with not much luggage. This may be due to the availability of
the shops (of different nature) within the vicinity of the households.

4.5.2.2 Mode choice with respect to socioeconomic characteristics

Analysis of the effect of the socioeconomic characteristics on mode choice of the sampled
individuals is analyzed in this section. This analysis has been carried out as it would be
useful in finalizing the socioeconomic characteristics that would be useful for choice
modeling. This analysis has been carried out for work and shopping trips only. Analysis of
the effect of socioeconomic characteristics on work related mode choice is presented in the
following sub-section. Similar analysis for shopping related trips is presented in the ensuing

sub-section.
4.5.2.3 Mode choice for work trips

Data presented in Figure 4.18 and Table 4.11 clearly shows that higher income people
mostly own a car. Low income people generally own/use bicycle and walking modes. In
case of the work trips, share of MTW (25%) and MThW (33%) is high for households with
income less than Rs 40000.00 per month. With increasing income, the patronage for car is
found to be increasing. Among the households with more than Rs 50000.00 monthly
income, 38% of the trip makers use car and its share is highest compared to the other
modes.
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Figure 4.18: Distribution of work trips based on income

Table 4.11: Descriptive statistics of the income of the individuals using various modes for

work trips

Standard

Modes Mean Median Mode Deviation
Car 71515.15 70000.00 50000.00  39922.71
Bus 35370.37  20000.00 15000.00  39877.84
MThwW 2294554  15000.00 10000.00 20669.44
MTW 33618.78 30000.00 10000.00  25402.83
Bicycle 16052.63 10000.00 10000.00 16438.08
Cycle rickshaw 30785.71 30000.00 30000.00 25575.06
Walking 19137.93 12500.00 10000.00  16520.53
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Figure 4.19: Distribution of work trips based on age

Table 4.12: Descriptive statistics of the age of the individuals using different modes, for

work trips

Standard

Modes Mean Median Mode Deviation
Car 48.73 51.00 51.00 8.15
Bus 38.93 37.00 32.00 12.65
MThwW 43.50 45.00 50.00 11.78
MTW 43.86 45.00 52.00 10.66
Bicycle 42.09 42.00 42.00 11.69
Cycle rickshaw 45.79 46.00 62.00 13.62
Walking 47.29 47.00 52.00 11.61

From Figure 4.19, it can be inferred that MTW and MThW are the preferred modes for
making work related trips irrespective of the age of the sampled individuals. From the
sample, it has been observed that significant number of individuals aged between 50 to 60

years have made work trips using car.
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Figure 4.20: Distribution of work trips based on years of education

Table 4.13 Descriptive statistics of years of education of the individuals using different

modes for work trips

Average

years of Standard

Modes education  Median Mode Deviation
Car 15.71 16.00 16.00 2.02
Bus 13.63 15.00 15.00 4.35
MThw 12.24 12.00 15.00 3.61
MTW 14.06 15.00 15.00 2.58
Bicycle 10.36 10.00 10.00 2.85
Cycle rickshaw 13.63 15.00 15.00 2.85
Walking 11.07 12.00 15.00 3.49

From Figure 4.20, it can be seen that usage of car is increasing for making the work trips

with increasing years of education. From Table 4.13, it can be seen that people using walk

and bicycle as travel modes are less educated than the people choosing the other modes.
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Figure 4.21: Distribution of work trips based on vehicle ownership (MTW + Car)

Table 4.14: Descriptive statistics of vehicle ownership in case of work trips

Average

private Standard

Modes ownership  Median Mode Deviation
Car 1.21 1.00 1.00 0.73
Bus 0.85 1.00 1.00 0.77
MThwW 0.39 0.00 0.00 0.65
MTW 1.35 1.00 1.00 0.58
Bicycle 0.29 0.00 0.00 0.54
Cycle rickshaw 0.49 0.00 0.00 0.76
Walking 0.34 0.00 0.00 0.66

From Figure 4.21, it can be seen that people without any private vehicle ownership

prefer MThW rather than the other modes of transport. This may be due to the fact that

people

vehicle

TH-1310_09610410

are not having reliable public transportation mode and people without private

becoming virtually captive to MThW.
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Figure 4.22: Distribution of work trips based on the family size

Table 4.15: Statistics of sampled household size for various chosen modes

Average

family Standard

Modes size Median Mode Deviation
Car 3.98 4.00 4.00 1.44
Bus 4.70 4.00 3.00 2.88
MThwW 4.19 4.00 4.00 1.92
MTW 4.53 4.00 4.00 2.12
Bicycle 3.83 4.00 4.00 1.01
Cycle rickshaw 3.97 4.00 3.00 1.96
Walking 4.55 4.00 4.00 2.28

Figure 4.22 shows the mode wise frequency of trips with family size. The mean size of the
family is around 4 people. From Table 4.15, it can be seen that the individuals from the

smaller families are choosing bicycle as travel mode for work trips.
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Figure 4.23: Distribution of work trips based on the trip length

Table 4.16: Statistics of the sampled individuals’ trip length for various chosen modes

Modes Mean Median Mode Star)da}rd

Deviation
Car 4.46 3.40 12.00 3.73
MThwW 4.29 3.81 5.02 3.11
MTW 3.54 2.89 1.00 3.21
Bicycle 2.89 2.05 5.00 2.21
Cycle Rickshaw 1.56 1.41 0.51 0.92
Walking 0.90 0.55 0.19 1.12

As shown in Figure 4.23, individuals prefer bus as travel mode when trip length is more.
The mean trip length for walk trips is 0.9 km and for cycle rickshaw and bicycle it is
1.56km and 2.89km, respectively. This implies that there is considerable number of
workplaces near the residential locations within 1km buffer radius, which induces 9% of
walk trips with mean distance of 0.9 km. People are using motorized modes when the mean
trip lengths are around 3.5km. With respect to gender, it can be seen from the Figure 4.24
that female trip makers prefer cycle rickshaw and MThW as the modes of travel for work

trips. MTW and bicycle are preferred modes for male trip makers.
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Figure 4.24: Distribution of work trips based on gender

4.5.2.4 Exploratory analysis of mode choice with respect to socioeconomic data for
shopping trips

Figure 4.25 shows the frequency of trips versus income. People with income less than

Rs40000.00 prefer walk mode compared to the other available modes. As per the data

shown in Table 4.17, people using bicycle and MThW are having less monthly income.

People above 50 years of age have predominant share of walk mode. Share of MTW is high

when the age of the trip maker is less than 40 years (Figure 4.26).
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Table 4.17: Statistics of the sampled individuals’ income for various chosen mode

Average Standard
Modes Income(Rs) Median(Rs) Mode(Rs) Deviation
Car 72500.00 70000.00 30000.00 46343.58
Auto-
Rickshaw 19339.62 15000.00 10000.00 17098.07
MTW 36562.50 30000.00 50000.00 32755.41
Bicycle 18913.04 10000.00 10000.00 29076.78
Cycle
Rickshaw 30666.67 20000.00 15000.00 29349.83
Walking 25763.36 20000.00 15000.00 424028185.55
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Figure 4.26: Distribution of shopping trips based on the age of the sampled individuals
Table 4.18: Statistics of the sampled individuals’ age for various chosen modes

Average Standard

Modes Age Median Mode Deviation
Car 50.08 52.00 52.00 5.09

Motorized
Rickshaw 43.15 45.00 60.00 16.77
MTW 42.59 45.50 39.00 11.25
Bicycle 47.07 48.00 48.00 12.41
Cycle Rickshaw 49.50 52.00 62.00 17.53
Walking 51.34 53.00 55.00 13.16
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Figure 4.27: Distribution of shopping trips based on years of education
Table 4.19 Statistics of the sampled individuals’ educational level for various chosen

mode
Average
year of Standard
Modes education Median Mode Deviation
Car 15.75 15.50 15.00 0.97
MThw 11.30 12.00 15.00 3.46
MTW 13.83 15.00 15.00 2.43
Bicycle 10.61 10.00 15.00 3.56
Cycle Rickshaw 14.15 15.00 15.00 2.28
Walking 12.73 13.00 15.00 3.26

As opposed to the case of work trips, for shopping, the trip makers with 15 years of
education prefer walk and cycle rickshaw (Figure 4.27). People with less years of education
are choosing cycle and MThW for making the shopping trips. As can be seen from Figure
4.28, irrespective of the family size the share of the walking trips is high compared to the

other modes.
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Figure 4.28: Distribution of shopping trips based on family size

Table 4.20: Statistics of the sampled individual’s family size for various chosen mode

Average Standard
Modes family size Median Mode Deviation
Car 4.75 4.00 4.00 2.60
MThwW 4.11 4.00 4.00 2.70
MTW 4.34 4.00 4.00 1.91
Bicycle 4.04 4.00 4.00 1.13
Cycle rickshaw 4.07 4.00 4.00 2.15
Walking 4.08 4.00 3.00 2.09
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Figure 4.29: Distribution of shopping trips based on trip length
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Table 4.21: Statistics of the sampled individual’s trip length for various chosen modes

Average trip Standard

Modes length(km) Median Mode Deviation
Car 1.57 1.55 - 1.22
MThW 2.52 1.99 0.92 1.89
MTW 1.75 1.14 0.76 1.39
Bicycle 1.12 1.04 1.15 0.76
Cycle Rickshaw 1.08 0.90 1.69 0.62
Walking 0.69 0.51 0.51 0.56

From Figure 4.29 it can be seen that most of the trips undertaken by walk mode, trip
distance varies from 0-2 km. So it is clearly evident that people prefer walking while
making the shopping trips when the trip distance is small. This also indicates that the

presence of mixed land use reduces the average trip length.
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Figure 4.30: Distribution of shopping trips based on vehicle ownership (MTW + Car)

Table 4.22: Statistics of the sampled individuals’ vehicle ownership for various chosen

mode

Average private Standard

Modes vehicle ownership  Median Mode Deviation
Car 1.17 1.00 1.00 0.94
MThw 0.36 0.00 0.00 0.59
MTW 1.34 1.00 1.00 0.60
Bicycle 0.26 0.00 0.00 0.49
Cycle Rickshaw 0.37 0.00 0.00 0.66
Walking 0.55 0.00 0.00 0.81
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From Figure 4.30 it can be said that those who do not own private motorized vehicles tend
to use walk, cycle-rickshaw, MThW, and cycle as the modes of travel when making the

shopping trips.
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Figure 4.31: Distribution of shopping trips based on gender

Similar to work trips, female trip makers prefer MThW and cycle rickshaw in case of

shopping trips (Figure 4.31).
4.5.3 Data related to perception and attitude

With an interest to understand the effect of perception of trip makers towards different
modes, the questionnaire included a set of attitudinal questions. The questions were framed
in such a way so that latent variables such as comfort, reliability, safety and flexibility can
be estimated for each mode.

Six different modes, car, bus, MTW, MThW, bicycle, cycle-rickshaw were
considered in the present analysis and their attributes were measured using Likert scale
from 1 to 5 (extremely poor to excellent). Table 4.23 provides the mean rating by group for
each variable. The data shown in the table indicate that car is the most comfortable travel
mode compared to the other modes. In case of bus as travel mode, the level of comfort is
the minimum. In case of reliability of transit and IPT, the reliability (measured using the
statement ‘ability to arrive on time”) of bus as a travel mode is less than that of the MThW.

Out of all the modes, bus and bicycle are regarded as the least reliable modes. With respect
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motorized modes, safety (from accident), safety (protection from weather) is least for

MTW. Bus is rated to be least flexible mode.

Table 4.23: Mean perception rating for various modes

Perception attribute Car Bus MThw MTW  Bicycle Cycle
rickshaw
Comfortable in journey 411 2.99 3.23 3.73 3.00 3.57
Always Availability of
comfortable seats 3.78 313 3.39 3.69 3.09 3.63
Very easy accessibility 3.69 3.08 3.50 3.90 3.08 3.31
Ability to reach destination
in time 391 322 3.53 3.90 3.18 3.21
Can exactly calculate
travel time prior to trip 3.90 3.16 3.37 3.91 3.10 3.21
safety from accident 3.83 BI55 3.43 3.24 2.95 3.15
Safety from theft 3.92 3.18 3.35 3.69 3.17 3.17
Safety from weather 3.89 3.55 3.49 2.20 2.20 3.01
Ability to make more trips ~ 3.85 3.03 3.51 3.68 2.72 3.02
Can travel without
changing vehicles 394  3.09 3.40 3.93 3.93 3.16

Agreement/disagreement statement data were collected to measure the effect of attitudes

and perceptions on mode choice behavior. Table 4.24 shows the mean ratings of agreement

disagreement statements.

Table 4.24: Mean ratings of agreement/disagreement statements

SN Agreement/disagreement statement Mean
Rating
1 Personal vehicle (Car or MTW) is comfortable. 4.5
2 I am not comfortable when I travel with people I don’t know. 3.26
3 I always use the most convenient mode of transportation regardless of cost. 3.66
4 I always use the fastest route to destinations even if | have cheaper alternatives. 3.31
5 If fuel prices goes up further less likely to drive car to work. 3.01
6 If fuel prices goes further up less likely to drive MTW to work. 2.79
7 If | use public transport instead of car or two wheeler | have to cancel some of the activities. 3.68
8 It is hard to take public transport when travelling with children. 3.85
9 It is hard to take public transport with bags & luggage. 3.92
10 | know fully what buses | should take regardless of where | am going. 2.72
11 I need to have more flexibility to make many trips during working hours. 3.69
12 I don’t mind walking few minutes to destination. 3.96
13 People riding a bus help in reducing congestion. 2.99
14 Willing to pay more tax to improve bus service. 3.61
15  Bus is chosen when no other option is available. 3.70
16 Using bus service is cumbersome. 3.42
17  Idon’t like transferring vehicles in the route. 3.92
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18 I will put up with crowds if I can reach destination early. 2.79
19  Walking on the road is comfortable. 2.92
20  Comfortable in walking without footpaths. 2.16
21 Trees provide ample shade in the roads near my house 3.39
22 There are interesting houses to look at in the roads near my house 3.44
23 Comfortable in walking in local shopping areas 2.96
24 Shared MThW is comfortable. 2.74
25  1'would be willing to pay more if it would help environment 3.72
26 1 would be willing to switch to different mode if it helps environment 2.88
27  Use of bus will improve the environment. 3.54
28 | am willing to change to bicycle mode if proper bicycle facilities/infrastructure is available. 2.95
29 | am willing to change to walk mode if proper pedestrian facilities are available and trip length 3.76
is short.
30  Itissafe to walk in our locality during day time. 3.70
31  Itissafe to walk in our locality during night time. 3.55
32  Good footpaths are available in our locality. 2.05
33 Road facility to our locality is good. 3.46
34 Importance amenities, post office, bank etc nearby. 3.59
35  Good Para-transit (Motorized rickshaw/Mini-van) service is available to & from our area. 3.37
36  Frequent bus service is available to and from our area. 2.43
In order to understand the reason for not choosing bicycle and bus as travel modes,
questions were asked about the reasons behind not choosing these modes by ranking
suitable attributes. Figure 4.32 and 3.33, respectively summarize the perception ranking for
not choosing bicycle and bus as travel modes.
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Figure 4.32: Perception ranking for reasons not choosing bicycle as travel mode
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Figure 4.33: Perception ranking for reason not choosing bus as travel mode

In case of bicycle mode choice, socially not acceptable and less comfortable are the two
important reasons behind not choosing the cycle. In case of bus, unavailability from home,

reliability and less comfort are the reasons given by the individuals for not choosing it.
4.6 Summary

This chapter presented the data that were collected as a part of the household survey
conducted in the study area. Revealed preference questionnaire, with household details,
personal details, vehicle ownership, perception and attitude related questionnaire along with
SP survey completes the travel survey that was used in the subsequent chapters in
estimating various econometric models.

From the exploratory data analysis it has been observed that the share of transit
mode is higher (27%) for educational trips and percentage of NMT mode (65%) is higher
for shopping trips. In case of work trips, individuals with lower income are using bicycle
and walk modes. Individuals, with income less than Rs 40000.00 per month, prefer MTW
and MThW compared to the other modes. People in the age group of 50-60 prefer car as

travel mode. The mean lengths of walk, bicycle and cycle rickshaw trips are 0.9 km, 2.89
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km and 1.56 km, respectively. In case of gender, female trip makers prefer MThW and
cycle rickshaw whereas the male trip makers prefer motorcycle and bicycle.

In case of shopping trips, old people prefer walking as travel mode. In this case, the average
trip length by walking is 0.69 km which is less than that of work trip. Considering the mean
perception rating from the sample data, car is perceived to provide higher comfort and
safety. Reliability (measured as the ability to reach destination in time) of transit mode is
perceived to be the least. Flexibility and Reliability of MTW is higher but has poor
perception with respect to safety. Further, in case of bicycle mode choice, socially not
acceptable and less comfort are the two important reasons behind not choosing cycle. In
case of bus, poor accessibility from home, reliability and comfort are the reasons given by
individuals for not choosing bus.

70
TH-1310_09610410



Chapter 5

Analysis and modeling of mixed land use and its effects on travel

parameters

Land use mix is one of the important measures of land use development pattern. It refers to
the diversity of land uses within an area. When diverse land uses exist in a given area
(generally census tract or municipal ward), it is expected that many trips originating from
that area may have destinations in the same area. Land use mix is generally characterised
using various indices like entropy, dissimilarity index, gini coefficient, herfindahl index,
etc. The relationship between the land use mix and travel behaviour has been widely
studied and evaluated by the researchers. In this study, effect of mixed land use on travel
parameters has been studied in the context of smaller Indian cities. To understand the
relationship between the land use and travel parameters, land use mix must be quantified
using appropriate land use parameters. Various indices that quantify the mixed land use
have been formulated and some commonly used land use indices have been modified
suitably. Travel parameters related to work and shopping trips have been used to analyse
the effects of land use mix. Detailed analysis of land use mix quantification using various

existing parameters and the proposed new parameters is provided in the following sections.

5.1 Land use mix observed in the study area

Data collection methodologies, adopted in collecting the land use details of the study area,
have been discussed in the chapter on data collection. Figure 5.1 shows the land use
composition details observed in the Agartala city. From this figure, it can be observed that
the study area includes significant quantity of vacant land, agriculture land, and water
bodies. Once the vacant land and the land related to the water bodies and agriculture is
neglected, residential land use is predominant and the remaining land uses are relatively

small (Figure 5.2).
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Figure 5.1: Land use distribution observed in the study area
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Figure 5.2: Land use distribution of the study area after excluding the vacant land and the land

related to agriculture and water bodies
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Figure 5.3: Entropy index measured
for some of the census tracts of the
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Figure 5.4: 1000 m buffer created around a sampled

study area

5.2 Entropy Index

Entropy index is the most widely accepted and commonly used index for quantifying the
land-use mix. Entropy quantifies the homogeneity of land use in a given area. Entropy is

expressed as,

ln(P-)
Entropy= ¥,; Pj x— (I]) (5.1)

where,

P;j = the proportion of the area of j™ land use category found in the tract being analyzed,
and,
J = total number of land uses considered

Since the entropy is normalized using natural logarithm of the number of land uses,
its value lies between 0 and 1, where O represents homogenous land use, and one indicates

the tract of land is equally distributed across all the land use types.
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5.2.1 Limitations of entropy index

The main drawback of the entropy index is that it could not represent the intensity of land
use mixing properly. Entropy index takes the same value for two different scenarios having
different land use patterns if the proportion of land use mix is same. Also, when the above
discussed approach is used (in calculating the entropy for census tract or municipal ward as
shown in Figure 5.3) in quantifying the mixed land use observed in smaller Indian cities,
many households with varying travel behavior were characterized with similar entropy
value. This is resulting due to the fact that people with varying socioeconomic backgrounds
co-exist in the same census tract or municipal ward. To overcome this problem to some
extent, entropy index is measured for each sampled household instead of the census tract.
For this purpose, buffer of 1km radius (Figure 5.4) was created around each of the sampled
household. Entropy Index values were computed for the buffer area created around the
sampled households.

5.3 Dissimilarity Index (DI)

The dissimilarity index was used to compute the dissimilarity among the grid cells,
constituting a tract (Cervero and Kockelman, 1997). According to Cervero and Kockelman
(1997) dissimilarity index is calculated based on the points awarded to each actively
developed hectare cell on the basis of the dissimilarity of its land use from those of eight
adjacent hectare cells (see Figure 5.5a). The average of these point accumulations, across
all the active hectares in a tract, is the dissimilarity index for that tract. It is calculated using
the following equation;
Dissimilarity Index = ZR%Z?% (5.2)

where,
K = number of actively developed grid-cells in a census tract or municipal ward,
Xik =1 if land-use category of neighboring grid-cell differs from the central grid-cell, and
Xik = 0, otherwise,

In calculating the DI, tract of land is divided into actively developed land parcels of

uniform size known as cells. Thus, the DI presents more information about
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the type or intensity of mixing compared to the entropy index. The first step in calculating
the DI (D) is to find the points to be awarded to each cell based on the comparisons of the
land use of the subject cell with that of the eight neighboring cells. Figure 5.5(a) represents
a tract of land divided into cells with each cell representing a land use (R- Residential,
S=Service, C=Commercial). The central cell is surrounded by three commercial and three
service land uses which are different from its own land use. Hence, the central cell is
awarded 6/8 points. Similarly, for all the developed cells (i.e., cells without vacant lands)
DI was found out and averaged for the entire census tract. Similar to the entropy index, DI

approaches the value of 1 as the land use mix increases.

C|R|C C|R|C

C|R/|S C|R|C

S|S|R C|C|R
(@ (b)

Figure 5.5: Hypothetical land uses for awarding points to the central cell

5.3.1 Limitations of DI

As explained earlier, the points awarded to each actively developed cell play a major role
in the calculation of DI for a given tract of land. Points were awarded based on the
comparisons of the land uses of the eight neighboring cells with that of the subject/central
cell. As shown in Fig 5.5, two different land use configurations around a residential land
use, (a) having three commercial, three service and two residential land uses out of the
eight neighboring cells; (b) having six commercial land uses and two residential land uses
out of 8 neighboring cells; results in 6/8 points being awarded to the central cell.

The DI does not consider the type of land use of the adjacent cell, thus neglecting
one of the important determinants of travel behavior, namely, land use interaction between
the adjacent cells. Also, DI does not consider the mix of the land uses. Thus, the DI
represents the dissimilarity of the adjoining cells but doesn’t incorporate the information
about number of land use types around the central cell. To overcome this drawback, it is

necessary to incorporate the information of number of land use types around the cell as well
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as the interaction between the adjacent cells. A new measure, termed as ‘mix type index’, is
proposed in this study to consider the land use types around the central cell.

Another drawback of DI is the cell size, using which the census tract is divided. In
many of the past studies, a cell size of 100m x 100m was used in the calculation of DI.
Each cell of the census tract is allotted a land use type based on the dominant land use
observed in that cell. With reference to Figure 5.7(a), the cell in the top right corner would
be considered as residential land use as the residential area is dominant in that cell. In
smaller Indian cities like Agartala, within the residential zones many commercial and
educational establishments can be seen (Figure 5.7(a)). Hence, if bigger cell such as 100m
x 100m is considered, there is a possibility that the information related to such land uses
may be neglected. To represent these land uses, the cell size must be reduced so that small
area features would also get due importance.
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Figure 5.6: Points alloted to 100m x 100m cells for estimating DI at tract level ( Ward 22,
AMC) and estimated DI for the census tract
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Figure 5.7 (a): Points alloted to 100m x 100m cell 5.7(b): Points alloted to 10m x 10m cell
for estimating DI for estimating DI

In this study, 100m x 100 m, 50m x 50m, and 20m x 20m and 10m x 10m cell sizes
were used and the frequency of cells, attributed with different land uses, has been
computed. It has been observed that cell of 10m x 10m could capture the effect of minor
land uses in a reasonable manner. When 10m x 10m cell size is considered, there was a two
fold increase in the cells attributed with commercial land use. Figure 5.6 shows the DI
value measured for a census tract using 100m x 100m cell (Ward no 22, Melarmath). If
keenly observed from this figure (specifically the top right corner), it can be seen that many
cells are awarded with zero points. Figure 5.7 (a), 5.7(b) shows point allotted to a part of
this ward, one with 100 m cell size and other at 10 m cell size. Though the points attributed
to a 100m x 100m cell is zero (since all the neighboring cells are of residential land use)
when the same cell is further divided into 10m x 10m cells (7.b), some of the cells are
attributed with non-zero points. Table 5.1 shows frequency of dominant land uses
corresponding to different cell sizes. Further, instead of calculating the DI for a census
tract, various tract sizes such as 60m x 60m, 100m x 100m, 500m x 500m and 1km x 1km
have been tried. It was found that 500m x 500m and 1km x 1km tract sizes were relatively

better in capturing the effect of land use on travel behavior. More specifically, 1km x 1km
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tract was found to be useful in capturing the effect of land use on non-motorized trip
parameters. Hence, in further analysis 10m x 10m cell, and 1000000 square meters (1km X

1km) tract have been used.

Table 5.1: Frequency of dominant land uses corresponding to different cell sizes

Frequency of dominant land uses in the study area

Cell sizes
Commercial Residential Others Educational Service
100m x 100m 113 5180 22 115 37
20m x 20m 1880 80787 279 1991 721
10m x 10m 7425 243124 2593 6274 40039

5.4 Mix type index

As discussed earlier, DI has limitations in quantifying the land use mix of a census tract. To
overcome this, a new measure called “Mix type Index” is proposed in this study. This
measure allots points to each of the actively developed cells based on the mix of the land
uses in the surrounding cells.

Xk
(No.of distinct land uses in the study area)

Mixed type Index = % Yk (5.3)

Where, X is the no. of distinct land uses observed in the surrounding cells of k including it;

K is number of actively developed cells in a tract.

With reference to Figure 5.5, intensity of mixing is more in case of Figure 5.5(a) as
there are three types of land uses present in the eight adjoining cells. On the other hand, in
case of Fig 5.5(b), only two distinct land uses can be seen in the eight adjoining cells. Using
the proposed index for case (a), the points allotted to the central cell is 3/5 (3 types of land
uses present and five types of land uses considered in this study) and the points allotted in
case (b) is 2/5. It can be said that the new index is able to incorporate the land use mix and

also information about the differences in the land use around the central cell.

5.5 Area index
Hess et al. (2001) have explained the need to develop an index based on land use functional

and spatial complementarity. Land use functional complementarity ensures the
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consideration of origins and destinations that are likely to be linked by travel. Land use
spatial complementarity ensures that the land uses linked with travel are within adequate
proximity. It was assumed that the mode choice would be different for different purposes
inside the buffer zone of 1 km radius created around the trip origin (household in this case),
to the outside of the buffer zone, thereby incorporating the land use spatial complementarity
as well as functional complementarity. To adequately represent the spatial and functional

complementarity, a new index termed as ‘area index’ has been proposed in the study.

Area index for work trip is defined as the ratio of the work areas in the buffer zone to
the work areas in the whole study area, including that of the buffer zone. Commercial area,
service area, and industrial area were considered as work areas. It was considered that the
residential land uses are linked by travel to the work areas, thereby incorporating the land
use functional complementarity. The ratio, when close to 1 indicates that most of the work
places lie in the buffer zone, thus more non-motorized trips would be realized. The ratio
when close to 0 indicates that most of the work places are outside the buffer zone and more
motorized trips may be realized. Thus, area index explains the relationship between mode
choice behavior and the amount of particular land use area available in the vicinity of the
household. When area index was used for the analysis of shopping trips, the index value
was computed based on the shopping space available in the buffer zone and the total
shopping space in the study area. Area index values for the destinations of the trips have
also been computed based on the hypothesis that the work and shopping space available in

the vicinity of the destination influences the individual to make the non-home based trips.

5.6 Extraction of Land use data using ArcGIS

Land use parameters have been extracted by using ArcGIS software. Most of the procedure
discussed below has been used by Ma and Chen (2013), except slight modifications.
Figure 5.8 provides steps used in calculating DI and Mix type index. Detailed description of

the same is given below;

e All the land use layers were added to ArcGis10.
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The grid cell was used as the unit of land use in computing the dissimilarity
index. Therefore, a layer of grid cells was created over the entire study area.
The steps used to create the grids include: Arc Toolbox/Data Management
Tool/Feature Class/Create Fishnet. In the attribute table of fishnet layer,
there is an id no. (FID) for every cell. A separate field, uni_id, is added to
the attribute table in which same ids were inserted using field calculator
option. This is done to avoid any problem in spatial joining.

After creating the fishnet polygon layer, it was intersected with all the
collected land use layers separately, one by one, using the intersect operator
of the Arc Toolbox (Arc toolbox/analysis tools/overlay/intersect) of
ArcGis10.

On every intersected layer, the total land use area, falling on the each cell,
was calculated using the summarize option with reference to uni_id field of
the attributes of the intersected layers.

The attribute table of fishnet is then exported to MS Excel, where, dominant
land use was found out for every uni_id of fishnet, and a land use code was
given for each of the land uses. Using the VLOOKUP function available in
MS Excel, the first step of finding DI i.e. the points to be awarded to each of
the cells were calculated. This table was then exported to ArcGis10 and
joined to fishnet layer.

The next step was to find out the number of actively developed cells in a
given tract of land. To do this, another fishnet of bigger size was created
over the study area (in this study, 1000m x 1000m have been used). This
new fishnet layer was then intersected with the previous fishnet. The
attribute table of the new fishnet layer was exported to MS Excel. In the MS
Excel sheet, pivot table was used to calculate the number of developed land
uses falling in each tract of land i.e. the K value. Also ) (Xik/8) was
calculated for each cell of the tract. Finally, dissimilarity index was
calculated using the formula for DI. The same concept was applied for

finding the Mix type index, using slightly different commands of MS Excel.
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Add all land use data to the digitized
study area
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Create fishnet covering the entire study area

y

Intersect fishnet with every
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each of the intersected layers
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Export the land use data related to area of
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A
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calculating DI and Mix type
Index.

Figure 5.8: Steps for calculating DI and Mix type index

As mentioned earlier, entropy index was calculated for the municipal wards as well as for
buffer zones of 1 km radius. Steps followed in calculating the Entropy index and Area

index were given below:
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e All the land use layers were added in ArcGisl10.

e The layer of the household data which is a point shape files was added in ArcGis10.

e Buffer zones were created with a radius of 1km around the households.

e The new buffer layer was then intersected with every land use layer. Using the
summarize option, all the land use areas falling in the buffer were calculated for
every intersected layer.

e The attribute table of the household layer was then exported to MS Excel. In the MS
Excel, using the corresponding formula, Entropy Index and Area Index were

calculated.

5.7 Results and Analysis

The effect of socioeconomic and land use variables, on the travel parameters, is analyzed in
this section. Only work and shopping trips have been considered for this analysis. Work trip
indicates the travel from home to work, and the shopping trip indicates the travel from
home to shop. Data used for the present analysis contain 686 work related trip information
and 367 shopping related information. Return trips were not considered in the present
analysis. As mentioned earlier, two types of analysis have been carried out, namely,
studying the effect of land use parameter in explaining the variability of trip length (for
work trips, mean trip length = 2.96 km and standard deviation = 2.40 km; for shopping trips
mean trip length = 1.32 km and standard deviation =1.30 km), and to analyze the effect of
land use on mode choice for work and shopping trips. In analyzing the former, linear
regression models were prepared to understand the ability of land use parameters in
explaining the variability of the trip length. In the second analysis, the effect of land use
parameters on the utility of the various modes has been analyzed.
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Table 5.2 Correlation matrix between different land use parameters

. Mix type
Di(cell S1z€ Entropy DI(10 m X index(10 m  Entropy Area
of 100 min 10 mecellin Index at
Land use parameters (census x10mcell (1000 m o
census 1km x 1km . origin
tract) tract) tract) in 1km x buffer) (1000m)
1km tract)
DI(cell size of 100 1.00
m in census tract) '
Entropy (census 0.94 1.00
tract) ' '
DI(10 m x 10 m cell
in 1km x 1km tract) s 0.50 L00
Mix type index(10
mx 10 mcell in 0.62 0.62 1.00 1.00
1km x 1km tract)
Entropy
(1000 m buffer) 0.64 0.66 0.71 0.71 1.00
Area Index atorigin 5 74 0.71 0.80 0.80 0.90 1.00

(1000m)

5.7.1 Effect of mixed land use on trip length

A base linear regression model was prepared considering the socioeconomic characteristics
that are having strong influence on trip length for shopping and work purposes. In the
subsequent models, only one land use parameter entered the model at a time as the land use
parameters are correlated with each other (Table 5.2). Entropy measured using
conventional approach, and using a buffer zone of 1000m radius, DI measured using
conventional approach, using 100m x100m, and 10m x 10m cell sizes with 2000m x 1000m
tract size, mix type Index measured using 10m x 10m cell with 1000m x 1000m tract, area
index measured at origin and destination of the trip using 1000 m buffer, were considered
in this analysis. Further a variety of land use development pattern measures such as the
distance to transit, intersection density, centeredness, and road network length in a given

area were also tested. Description of variables used in modeling is given in the Table 5.3.
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Table 5.3: Description of variables used in modeling travel behavior.

SN

Variables

Description

rwWPN P

~N o

10
11
12

13

Age

Private Vehicle Ownership
Education

Gender

License

Family Size
Income

Bicycle Ownership

MTW Ownership

Time
Cost

Area Index

Entropy with buffer
Entropy index(census tract)
DI (census tract)

DI(10m cell over 1km?)
Mix type index (10m cell
over 1km?)

ASC Car

ASC Bus

ASC mrhw

ASC yirw

ASC Bicycle

ASC Rickshaw

ASC walk

Age in year

Number of private vehicles in a household
Years of education.

Dummy variable

1 for male respondent

0 for female respondent

1 for respondent having license

0 for respondent not having license
Number of members in the family
Gross monthly Code
household income

0-2000

2001-5000
5001-10000
10001-15000
15001-20000
20001-30000
30001-40000
40001-50000
50001-70000
70001-90000
90001-150000 11

>150001 12

Dummy Variable

1 for households having bicycle

0 for households having no bicycle

Dummy Variable

1 for households having Motorized Two
wheeler

0 for households having no Motorized Two
wheeler.

In vehicle travel time.

© 00 N OO O B~ W DN

[N
o

Fare or fuel cost

Land use parameters obtained from GIS
analysis.

Alternate specific constants for different
modes.

TH-1310_09610410
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In case of trip length for work purpose (Table 5.4), all the land use parameters were
found to be significant in explaining the variability observed in trip length data. Entropy
measured with 1000 m radius buffer, and DI measured using 10 m x 10 m cell with 1km X
1km tract, were found to be more significant than the conventional entropy index and
dissimilarity measured for census tract. When the area index for both the origin and
destination were considered, there was almost 395% increase in the model’s ability in
explaining the variability of trip length compared to the base model. It has been observed
that with increasing land use mix at destination, the trip length reduces. This is due to the
fact that with decrease in land use mix at the destination of the work trip, the destination
would be out of the CBD area (where mix is high), as a result trip distance is higher.
Further, when intersection density was considered there was significant improvement in the
model. The coefficient of land use mix and intersection density at trip origin is negative
which means an increase in intersection density and land use mix tends to reduce the trip
length. From the model, it can be seen that older people generally have shorter trip length.
Private vehicle ownership has significant effect in explaining the variability of trip length.
With increase in private vehicles in a household, the trip length increases. As shown in
Table 5.5, for shopping trips also land use parameters were found to have significant effect
on trip length. All the land use mix parameters were found to be significant, when entered
the model separately. In case of both shopping and work trips, older persons seem to go to
closer destinations (shorter trip length). Similar to work trip, both the coefficient of land use
mix and intersection density at the origin of the trip is negative, thereby reducing the trip
length. Apart from age, private vehicle ownership has a significant effect in explaining the

variability of trip length in the modeling.

5.7.2 Effect of land use on mode choice

To study the effect of mixed land use on mode choice, several binary logit models have
been formulated. From the literature review, it has been observed that the mixed land use
has significant impact on the probabilities of choosing non-motorized and public transit
modes. In this study also binary logit models have been estimated to find the probabilities
of choosing non-motorized and public transport modes. Models have been prepared for
work trips as well as for shopping trips. Choice analysis of non-motorized and motorized,

private motorized and public/intermediate public transport (IPT) has been carried out using
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BIOGEME software (Bierlaire, 2003 and Bierlaire, 2008). MThW, which carries
passengers on shared basis, has been considered as IPT. Finally, an MNL model has also
been estimated to understand the significance of various land use parameters on the mode
choice for work trips. MNL model has been estimated to understand the significance of
land use parameters in explaining the observed component of the preference heterogeneity
which otherwise is explained using the socioeconomic characteristics.

Result from the binary logit model estimated on motorized and non-motorized
modes for work trips is shown in Table 5.6. Sign of the coefficients in the model are
logically correct. Out of various socioeconomic variables tried in this study, years of
education, gender, license status, and private vehicle ownership were found to be
significant. As expected, having driving license, motorized vehicle ownership, and years of
education reduces the utility of non-motorized modes. With respect to gender, male
generally uses non-motorized modes. An increase in area index at origin and destination
was also found to be enhancing the utility of non-motorized travel. Even when controlling
for the socioeconomic characteristics, land use parameters have significantly improved the
model. (Goodness of fit improved by 24.46%).
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Table 5.4: Model for trip length per individual for work trips

Socioeconomic Base model Final model
parameters Base model with land use parameters includes Area
- - index at origin
Entropy DI Area Index Area Index Entropy DI(10 mx 10 Mix type Intersection L
; . . : . : and destination,
(census (cell size of at origin (at origin (1000 m mcell in 1km  index(10 m Density and intersection
tract) 100m in (1000 m and buffer) x lkmtract)  x 10 mcell (No. of densit
census buffer) destination) in 1km x intersections y
tract) (1000 m lkmtract)  in 1km x 1 km
buffer) tract)
Constant 4.144 4348 4354 4.447 4.847 4.94 4381 4.425 4.959 5.325
(10.296) (10.452) (10.687) (11.391) (12.113) (12.038) (11.21) (11.293) (12.534) (13.183)
-0.031 -0.03 -0.029 -0.022 -0.021 -0.025 -0.02 -0.02 -0.017 -0.016
Age (-3.516) (-3.548) (-3.396) (-2.618) (-2.559) (-2.962) (-2.338) (-2.322) (-2.037) (-1.891)
Private Vehicle 0.243 0.249 0.264 0.259 0.198 0.234 0.304 0.303 0.263 0.203
Ownership (1.924) (1.97) (2.094) (2.125) (1.629) (1.91) (2.48) (2.467) (2.191) (1.702)
Land use parameter -0.765 -1.054 -2.22 -2.051 -2.183 -2.33 -2.317 -0.032 -0.803
(Origin) (-1.878) (-2.746) (-6.656) (-6.166) (-6.189) (-6.351) (-6.289) (-7.908) (-1.947)
Land use parameter -1.014 -1.046
(Destination) (-3.773) (-3.972)
Interstzgt:'(i)nirgensny 0.025
9 (-4.942)
adj (R?) 0.023 0.027 0.034 0.093 0.114 0.084 0.087 0.086 0.120 0.15
% increase in adj (
R?) from base 0.000 17.391 47.826 304.348 395.652 265.217 278.261 273.913 421.739 552.174
model
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Table 5.5: Model for trip length per individual for shopping trips

Socioeconomic ~ Base model Base model with land use parameters Final model
parameters including Area
Entropy DI Area Index Entropy DI(10 m x Mix type Intersection index at origin and
(census (cell size of at origin (1000 m 10 m cell index(10 m  Density intersection density
tract) 100min (1000 m buffer) in 1km x x10mecell  (No’sof
census tract) buffer) 1km tract) in 1km x intersections in
1km tract) 1km x 1 km
tract)
Constant 2.377 2576 2571 2.698 2.894 2.781 2.816 3.315 3.283
(10.424) (10.739) (10.897) (-12.043) (11.42) (12.176) (12.223) (13.851) (13.762)
Age -0.022 -0.022 -0.022 -0.021 -0.022 -0.02 -0.02 -0.018 -0.018
(-4.814) (-4.853) (-4.891) (-4.689) (-4.839) (-4.6) (-4.601) (-4.137) (-4.193)
Land use -0.628 -0.668 -1.279 -1.043 -1.441 -1.442 -0.523
parameter (-2.512) (-2.843) (-6.072) (-4.284) (-5.952) (-5.962) (-2.161)
(Origin)
-0.023 -0.019
Intersection (-8.174) (-5.671)
Density (At
origin)
0.057 0.07 0.075 0.14 0.099 0.137 0.137 0.2000 0.208
adj (R?)
% increase in
adj (R?)from 0.000 22.807 31.579 145.614 73.684 140.351 140.351 250.877 264.912
base model
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Table 5.6: Non-motorized and motorized vehicle choice model for work trips

Socioeconomi  Constant Land use Socio- Base model with land use parameters
C parameters Only variables economic - . Final model
only(Area variables  Entropy DI Area Area Index Entropy DI(10 mx Mix type Intersection  Area index at
Index Origin only (census (cell size of Indexat  (atoriginand  (1000m  10mecellin  index(10 m  Density origin and
and tract) 100m in census origin destination) buffer) lkmx1km  x10mcell  (No. of destination,
Destination, tract) (1000 m (1000 m tract) inlkmx  intersection  jntersection
Intersection buffer) buffer) lkmtract)  sin1lkmx density
density 1 km tract)
Constant -0.653 -1.57 0.952 0.788 0.819 0.731 0.409 0.31 0.664 0.618 0.450 0.179
(NMT) (-7.34) (-6.96) (2.25) (1.83) (1.91) (1.68) (0.87) (0.69) (1.53) (1.42) (1.01) (0.37)
Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed
Constant
(Motorized
vehicle)
0.403 0.391 0.388 0.479 0.537 0.428 0.391 0.398 0.500 0.569
Gender (1.63) (1.57) (1.56) (1.87) (2.07) (1.68) (1.55) (1.58) (1.94) (2.17)
-1.38 -1.36 -1.36 -1.4 -1.42 -1.32 -1.42 -1.42 -1.49 -1.48
License (-5.05) (-4.99) (-4.96) (-5.02) (-5.07) (-4.73) (-5.09) (-5.08) (-5.33) (-5.25)
-0.36(- -0.369 -0.387 -0.424 -0.402 -0.423 -0.453 -0.451 -0.373 -0.387
Private 2.18) (-2.24) (-2.34) (-2.49) (-2.35) (-2.49) (-2.65) (-2.64) (-2.21) (-2.27)
Vehicle
Ownership
-0.0983 -0.105 -0.104 -0.131 -0.126 -0.122 -0.117 -0.117 -0.152 -0.15
Education (-3.35) (-3.53) (-3.52) (-4.21) (-4.04) (-3.95) (-3.85) (-3.85) (-4.72) (-4.57)
0.87 0.827 0.862 1.86 1.78 1.88 1.8 1.8 0.0251 1.01
Land use (2.51) (2.1) (2.32) (5.22) (4.96) (4.96) (4.68) (4.68) (5.39) (2.3)
parameter
(Origin)
0.771 0.528 0.512
Land use (3.02) (1.86) (1.78)
parameter
(Destination)
Intersection 0.0222 0.0169
Density (At (1.54) (2.97)
origin)
adj (p%) 0.07 0.099 0.188 0.191 0.193 0.223 0.225 0.219 0.215 0.215 0.227 0.234
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Table 5.7: Non-motorized and motorized vehicle choice model for shopping trips

Socioeconomic constant Land use Socioecono Base model with land use parameters
parameters variables mic
only variables Entropy DI Area Entropy DI(10mx10  Mixtype Intersection
(Intersectio only (census (cell size  Index at (1000 m m cell in index(10 m  Density
n density) tract) of 100m origin buffer) lkmx1km  x10mcell  (No of
incensus (1000 m tract) in 1km x intersection
tract) buffer) lkmtract)  sinlkmx
1 km tract)
Constant 0.531 -0.595 -0.357 -0.363 -0.372 -0.633 -0.838 -0.668 -0.707 -1.55
(NMT) (4.93) (-2.22) (-0.81) (-0.79) (-0.82) (-1.4) (-1.69) (-1.47) (-1.54) (-2.99)
Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed
Constant
(Motorized
vehicle)
0.399 0.399 0.398 0.459 0.454 0.462 0.464 0.632
Gender (1.25) (1.25) (1.24) (1.43) (1.41) (1.44) (1.44) (1.88)
-1.45 -1.45 -1.45 -1.59 -1.51 -1.58 -1.57 -1.66
License (-4.59) (-4.58) (-4.59) (-4.88) (-4.72) (-4.87) (-4.87) (-5.02)
-0.342 -0.342 -0.343 -0.355 -0.351 -0.364 -0.363 -0.364
Private Vehicle (-1.84) (-1.84) (-1.85) (-1.89) (-1.87) (-1.94) (-1.93) (-1.97)
Ownership
0.0288 0.0288 0.0288 0.0272 0.0283 0.0268 0.0269 -0.0241
Age (3.22) (3.22) (3.22) (3.04) (3.16) (3.00) (3.00) (2.62)
0.0192 0.0595 1.22 0.965 1.24 1.25
Land use (0.04) (0.14) (2.90) (2.1) (2.61) (2.64)
parameter
(Origin)
Intersection 0.023 0.0278
Density (Origin) (4.55) (4.81)
adj (p%) 0.045 0.083 0.163 0.159 0.159 0.176 0.168 0.173 0.173 0.206
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Table 5.8: Motorized Private and motorized public/ IPT choice model for work trips

Socioeconomic Constant Land use Socioeconomic Final
parameters only variables only ( variables only model
Intersection
density)
Constant 0.147 -0.534 -5.64 -5.91
(Motorized (1.41) (-2.51) (-5.95) (-6.08)
Private)
Fixed Fixed Fixed Fixed
Constant
(Motorized
Public/IPT)
0.951 1.02
Gender (2.01) (2.13)
2.56 2.53
License (6.89) (6.76)
1.10 114
Private Vehicle (4.03) (4.14)
Ownership
0.201 0.172
Education (3.54) (2.92)
0.0164 0.0135
Intersection (3.69) (1.89)

Density (Origin)

-0.000 0.024 0471 0.474
adj (p%)

Table 5.9: Motorized Private and motorized public/ IPT choice model for shopping trips

Socioeconomic Constant Only Socioeconomic
parameters variables only
Constant ?2'32%9) (_g'gg)
(Motorized Private) ' ’
Fixed Fixed
Constant
(Motorized
Public/IPT)
0.223
Education (1.86)
License 2.33
(3.37)
2.34
Private Vehicle (4.03)
ownership
Age -0.0425
(-1.80)
1.77
Gender (2.05)
0.018 0.517
adj (p?)
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Table 5.10: Multinomial logit model for work trips with different mixed land use

parameters
Model Mix type index
Variable Model Entroov with Entropy index DI DI (10 mcell (10 mcell over 1
description Area index bu?f{:r (Census tract) (Census tract) over 1km?) km?)
Param. t- Param t- Param t- Param. t- Param. t- Param. t-value
value . value . value value value
ASC car -0.134 -008 0320 019 0358 -022 -0494 -031 -0208 -0.13 -0.139 -0.08
ASC gys -4420 -6.64 -4440 -663 -4360 -6.60 -4360 -6.61 -4430 -6.65 -4.430 -6.65
ASC auto Rickshaw 0.000 0.00 0.000 0.00  0.000 0.00 0.000 0.00 0.000 0.00 0.000 0.00
ASC Motor cycle -1.280 -152 -0713 -08 -1500 -175 -1600 -1.91  -1200 @ -1.42 -1.140 -1.34
ASC Bicycle -0.131  -0.10 -0.201 -0.15 -0.021 -0.02 0.030 0.02 0.199 0.15 0.188 0.15
ASC Rickshaw -1.880 -206 -1920 -203 -1670 -184 -1700 -1.90 -1540 -1.67 -1.550 -1.68
ASC wai -0536 -068 -0485 -058 -0.253 -033 0268 -0.35 -0.010 -0.01 -0.028 -0.04
Land use Index 1.390 1.81 2420 2.75 1.320 0.88 2810 0.82 2000 2.52 2 060 2.56
Public
Land use Index 2720 3.24 3970 3.39 3.470 2.34 8.580 2.55 2300 2.71 2370 2.76
NMT

COSt Auto, Two-wheeler -0.134 -3.84 -0.137 -3.85 -0.123 -3-74 -0.125 ‘3-79 -0.136 '3-90 -0.136 '3-89
Cost Rickshaw -0.040 -2.18 -0.042 -225 -0.046 -252  -0.044 -241  -0.047 -255 -0.047 -2.54
Bicycle Own cq -1820 -171 -1880 -1.71 -1760 -168 -1.780 -1.70  -1.790  -1.69 -1.800 -1.69

Bicycle OWn giye  4.840 405 4740 399 4780 4.05 4.730 4.00 4.850 4.07 4.860 4,07
Education gickshaw 0.115 197 0124 213 0121 210 0.123 2.14 0.131 2.28 0.131 2.28

Family Size cor 0419 -214 0411 -206 -0405 -210 0401 -2.07 -0.398 -2.02 -0.400 -2.03
Family Size giyoe ~ -0.557 -266  -0.537 -2.60 -0544 -265 0534 -260 -0548 -261 0549  -262
Gender wax 1250 269 1200 259 1160 251 1170 253 1.180  2.54 1.180 2.54
Income car 0591 385 0618 395 0583 389 0593 394 0621 402 0.622 4.02
Income gys 0157 168 0155 1.65 0159 171 0158 170  0.155 1.66 0.155 1.59
License wotor cycle 3360 581 3460 578 3300 583 3330 587 3510 5.96 3.510 5.96
Income ek -0.196 -194 0187 -1.8 0190 -188 -0186 -185 -0188 -1.87  -0.188  -1.86
Time ayo, Two-wheeler ~ -0.024  -1.69  -0.024 -1.66  -0.025 -1.78  -0025 -1.75 -0.024 -167  -0.024  -1.66
Time cyee -0.069 -326 -0070 -3.22 0075 -3.39 -0075 -346 -0077 -341  -0.077  -3.40
Time wai -0.035 -200 -0.037 -211 -0.040 -224 -0.039 -224  -0.043 -2.38 -0.042 -2.37
MTWOwnership 4 750 950 -1690 -240 -1.690 -242 -1720 -245 -1.800 -259  -1800 229
Car
MTWOwnership 4 g3y 215 1750 223 1640 221 1680 226 1660 219 1.660 2.19
MTW
Initial Tog-Tikelihood -679.526 -679.526 -679.526 -679.526 -679.526 -679.526
Final log-likelihood -315.303 -314.429 -317.873 -317.061 -316.907 -316.743
Adjusted rho-square 0.499 0.500 0.495 0.497 0.497 0.497
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Results from the binary logit model estimated on non-motorized and motorized modes
for shopping trips are shown in Table 5.7. There was a significant improvement in the
model when land use parameters have entered the constants only model. When only
socioeconomic parameters entered the model the improvement in the model was relatively
better than the model with only land use variables. Similar to the work trip models,
socioeconomic parameters such having driving license, motorized vehicle ownership and
years of education reduces the observed preference heterogeneity of the non-motorized
modes. Male in general uses NMT modes more often than females. Even when controlling
for the socioeconomic characteristics, land use parameters have significantly improved the
model (goodness of fit was improved by 33 %). Coefficient corresponding to area index
for commercial area at origin was found to be significant, and implies a higher preference
for non-motorized modes with increase in mixed land use. Intersection density, measured as
number of intersections per 1000m x 1000m cell, was also found to be significant implying
an increase with increase in intersection density.

Result from the binary logit model estimated on motorized private and public/IPT
vehicles for work trips are shown in Table 5.8. It has been observed that the land use
characteristics have minimum effect on the utility of private vehicles for work trips.
Intersection density parameter has positive effect on the utility of private motorized
vehicles which is counter intuitive in nature. This may be due to the presence of more
number of upper middle class families, owning private vehicles, in mixed land use area.
Table 5.9 describes the result from mode choice model on private motorized modes and
public/IPT, for shopping trips. In this case, land use parameters were found to be
insignificant, when entered in the constants only model. Percentage increase in the years of
education has considerable effect on private mode choice. Further, driving license, age,
gender, and vehicle ownership also affects the utility of private vehicles.

Results from the multinomial model estimated (using the RP data) on seven modes
used for the work trips are shown in Table 5.10. Out of various land use mix parameters,
Area Index, Entropy with 1km buffer, and DI with 10m x 10m cell were found to be
significant and positive for public and non-motorized transport. Conventional DI and
entropy index were not able to capture the effect of land use mix on the choice of public

transport. However, conventional indices were significant in capturing the effect of mixed
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land use on NMT modes. In all further models formulated and estimated in this work using

the RP data area index is used to capture the effect of mixed land use.

5.7.3 Elasticity analysis

Elasticities between the trip lengths and various land use indices, as well as between the
probability of choosing non-motorized and public transport modes and the land use indices,
were calculated and shown in Table 5.11. The Aggregate elasticities are calculated using
the probability weighted sample enumeration (PWSE) technique, given below.

. _ b _
E)I(Jl = (Zqul Pig EXizq)/Zg=1 Piq (5.4)

ikq
where, P; refers to the aggregate probability of choice alternative i,

;iizq = BuXikq(1 — Pig), interpreted as the elasticity of the probability of alternate
i for decision maker g with respect to marginal change in the k™ attribute of the i
alternative (i.e. Xig) as observed by the decision maker g; P;, is an estimated choice
probability.

But in case of variables that appear in alternate specific forms in all alternatives,
then it becomes a combination of direct response and multiple cross response. An identical
change in variable such as area index will occur for the alternatives in which it appears as

an alternative specific variable. Elasticity in this case is given by:
p; = _
EXikq = Zg=lpiq [ﬁikXikq(l - Piq) - Zjiiﬁjkxjkq (P]q)] /Zgzl Piq (5.5)

Table 5.11: Elasticities of the travel parameters with respect to land use variables when
single land use parameter entered in the model

Land use parameters Trip length Non- Personal Non-Motorized
Motorized Motorized mode choice for
mode choice vehicle mode shopping trips
Work  Shopping for work choice for work
trip
Area Index(1000m 555, 9306 0.321 - 0.104
buffer)
Entropy(1000m buffer) -0.349 -0.241 0.495 -- 0.146
Dissimilarity -0.252 -0.371 0.315 -- 0.122
Index(10mx10m cell)
Mix-type index -0.269 -0.397 0.336 -- 0.131
Intersection Density -0.478 -0.857 0.535 0.157 0.369
94
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Table 5.12: Elasticities of mode choice with land use parameters, from MNL model

Modes Elasticity Elasticity  Elasticity Elasticity Elasticity( DI Elasticity(
(Area (Entropy  (Entropy (DI for 10m x 10m Mix type
index) 1000m ward) census grid) index 10m x
buffer) tract) 10m grid)
Cycle 0.029 0.050 0.037 0.030 0.011 0.02
Cycle Rickshaw 0.265 0.290 0.190 0.168 0.02 0.119
Walk 0.206 0.242 0.150 0.140 0.004 0.105
Bus 0.0003 0.063 0.065 0.053
MThW -0.06 -0.011 0.06 0.025

From the elasticities between the trip lengths and land use indices, it can be said that the
trip length for shopping and work trips and the land use parameters such as entropy index
measured using the buffer zones and mix type index are strongly associated. From the
elasticities between the probability of choosing non-motorized modes for work trips and the
land use indices, it can be said that the land use parameters have strong influence on the
utilities of non-motorized modes. Area index, which was used to measure the land use area
complementary, also has strong influence on travel parameters. An increase in area index
by 1 % increases the probability of choosing NMT modes by 0.321 %. Land use quantified
by entropy index (buffer) and intersection density has higher elasticity than area index. This
may be due to basic difference in the way the land use mix parameters were quantified.
Elasticity values estimated based on the MNL models are shown in Table 5.12. From the
results shown in the table, it can be seen that the probability of choosing walk and cycle
rickshaw increases with the increasing land use mix. In case of motorized modes, the
elasticity values are not strongly related. The elasticity of NMT is higher than public
transport modes. From the values shown in Table 5.12, it can be said that the modified land
use indices have significant impact on the mode choice including the choice of non-

motorized mode of transport.
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Table 5.13: Improvement of R?/p? (%) from existing conventional land use parameters

Land use parameters
using the conventional

Models

Improvement in R?/ p?

approaches Entropy index (1000m DI (10m Mix type Azig(;ggfx
radius) x10m) index radius)
DI (Census tract, . .
100x100m cell size) Trip length(Work Trip) 147.06 155.88 152.94 173.53
Entropy 'Sggt’; (Census i | ength(Work Trip) 211.11 22222 21852 244.44
DI (Census tract, Trip length(Shopping
100x100m cell size) Trip) 320 8267 8267 86.67
Entropy Index (Census Trip Length(Shopping 41.43 95.71 95.71 100.00
tract) Trip) ] - ) ’
DI (Census tract, NMT Mode choice
100x100m cell size) (Work Trip) LA 11.40 k40 15.54
Entropy Index (Census NMT Mode choice
tract) (Work Trip) 14.65 12.56 12.56 16.75
DI (Census tract, NMT Mode choice
100x100m cell size) (Shopping Trip) e 881 88 10.69
Entropy Index (Census NMT Mode choice 5.66 8.8l 8.81 10.69
tract) (Shopping Trip) ) ) ) )

Table 5.13 shows the improvements in the model performance in comparison to the model
estimated with the land use parameters obtained using the conventional approaches.
Inclusion of area index led to increased R? or p? for all the models, even when compared to
the models with entropy calculated using the buffers. In case of MNL model with the area
index or entropy calculated for buffer, there is a significant improvement in the adjusted

rho square value compared to the models with the conventional land use mix indices.

When the performance of different indices is compared in terms of the model
improvements, it can be said that area index quantifies the mixed land use effectively. Also,
area Index is comparatively easy to calculate and interpret as it is only the ratio of areas
associated to the nature of the trip. In case of shopping trips, the area index simply becomes
the ratio of the area of commercial space in the buffer zone to the total extent of the
commercial space in the study area. With the data on the extent of shopping space in the
study area one can quantify the effect of mixed land use in a better way than generally used

mixed land use variables.

5.8 Conclusions
In this study, the relationship between travel behavior and the land use variables has been

modeled in the context of smaller Indian cities. Travel behavior was quantified in terms trip
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lengths

choice

, motorized/non-motorized mode choice, motorized private and public/IPT mode

as well as the choice of individual modes. Land use mix has been measured using

entropy, area index, DI, and mix type index. Approach used in calculating the entropy and

DI was slightly different from that of conventional approach. Area index has been

calculated for origin and destination of trip and this index takes different values based on

the trip

10m x

purpose. In quantifying the mix using modified DI and Mix type Index, cell size of

10m and grid size of 1km x 1km have been used. Entropy measured with 1000m

buffer performed better than the entropy measured using the conventional method. The

following are the important conclusions drawn out of the present work on land use and

travel behavior interaction;

TH-1310_09610410

When slightly modified approach was used for calculating the entropy and DI, both
the land use parameters were able to quantify the land use mix and were
consistently having significant effect on the travel parameters.

The trip length of individuals, for both the shopping and work trips, was strongly
correlated to the land use mix variables, even when controlling the socioeconomic
characteristics. In case of work trips, entropy measured with 1000 m radius buffer,
and DI measured using 10 m x 10 m cell for 1km x 1km tract were found to be more
significant than the conventional entropy and dissimilarity indices measured for
census tract. When the area Index for both the origin and destination were
considered, there was almost 395% increase in the model’s ability to explain the
variability of trip length compared to the base model. The coefficient of land use
mix and intersection density at trip origin is negative which means an increase in
intersection density and land use mix tends to reduce the trip length. With respect to
socioeconomic variables, older people generally have shorter trip length. Private
vehicle ownership has significant effect in explaining the variability of trip length.
With increase in private vehicles in a household, the trip length increases.

All the land use variables were negatively correlated with the trip length for
shopping trips. In case of both shopping and work trips, older persons seem to go to
closer destinations (shorter trip length). Similar to work trip, both the coefficient of

land use mix and intersection density at the origin of the trip is negative, thereby
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reducing the trip length. Apart from age, private vehicle ownership has a significant
effect in explaining the variability of trip length in the modelling.

e From the estimated binary logit models, it can be said that along with the
socioeconomic parameters, land use parameters are also significant in explaining
the mode choice. Area Index values, for both origin and destination, were found to
be significant. Out of various socioeconomic variables tried in this study, years of
education, gender, license status, and private vehicle ownership were found to be
significant. As expected, having driving license, motorized vehicle ownership, and
years of education reduces the utility of non-motorized modes. With respect to
gender, male generally uses non-motorized modes. An increase in area index at
origin and destination was also found to be enhancing the utility of non-motorized
travel. Even when controlling for the socioeconomic characteristics, land use
parameters have significantly improved the model. (Goodness of fit improved by
24.46%).

e A significant elasticity exists (0.535) between the intersection density and the utility
of non-motorized modes, for work trips. This may be due to the availability of more
cycle rickshaws in the areas where the intersection density is high. In case of
shopping trips, land use mix measured by entropy and DI in conventional way was
insignificant. This clearly shows the disadvantages of entropy index measured for
census tract and DI measured using 100 m x 100 m cells for census tract. Land use
mix measured using a slightly different approach, could sufficiently capture the
variations in the mode choice.

e Similar to the work trip models, in case of shopping trips socioeconomic parameters
such having driving license, motorized vehicle ownership and years of education
reduces the observed preference heterogeneity of the non-motorized modes. Male in
general uses NMT modes more often than females. Even when controlling for the
socioeconomic characteristics, land use parameters have significantly improved the
model (goodness of fit was improved by 33 %). Coefficient corresponding to area
index for commercial area at origin was found to be significant, and implies a
higher preference for non-motorized modes with increase in mixed land use.

Intersection density, measured as number of intersections per 1000m x 1000m cell,
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was also found to be significant implying an increase in non-motorised mode
preference with increase in intersection density.

In case of motorised private and public/IPT mode choice for work trips the utility of
choosing private mode increases with the increase in the intersection density, which
IS counterintuitive. This may be due to the upper middle class people, owning
vehicles, residing in mixed land use area. In this case the effect of mixed land use
was found to be negligible. Same is the case with the shopping trips also.

In case of work trips, land use quantified by entropy index (buffer) and intersection
density has higher elasticity than area index. This may be due to basic difference in
the way the land use mix parameters were quantified. An increase in area index by 1
% increases the probability of choosing NMT modes by 0.321 %.

From the MNL models estimated on the mode choice for work trips, area index,
entropy with 1km buffer. DI with 10m x 10m cell, and mix type index with 10m x
10m were found to be significant. The coefficients are positive for public and non-
motorized transport which implies that the trip makers residing in the areas with
mixed land use prefer public and non-motorized transport. Conventional DI and
entropy indices were not able to capture the effect of land use mix for public
transport; but they were significant in capturing the effect of mixed land use on
NMT modes. It can be seen that the probability of choosing walk and cycle
rickshaw increases with the increasing land use mix. An increase in area index by 1
% increases the probability of choosing cycle rickshaw by 0.265%. In case of
motorized modes, the elasticity values with respect to choosing public transport are

not strongly related. The elasticity of NMT is higher than public transport modes.

From these conclusions, it can be said that the land use mix variables, along with some

of the other land use parameters, significantly influence the non-motorized transport mode

choice for work as well as for shopping trips. Any change in the existing mixed land use

pattern

TH-1310_09610410

further shifts people towards the personal mode of travel.
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Chapter 6

Estimation of choice models with RP, SP and combined SP-RP data

Choice models estimated using the RP data, SP data, and the combined data are discussed
in this chapter. Modeling methodology used in developing these models has already been
discussed in Chapter 3. Effects of mixed land use on travel behavior have been
incorporated in the models estimated with the RP data. Mixed logit models have been
estimated using the combined SP-RP data for motorized modes and these models (with
mixed logit formulation) have been used to analyze the unobserved heterogeneity and

correlations.
6.1 Mode choice models estimated with the RP Data

Models estimated with the RP data have been presented in this section. Several multinomial
logit models were estimated for work trips made using seven different modes; Car, Bus,
MThW, MTW, Bicycle, Cycle Rickshaw and Walk. As MThW mode is generally available
to all the individuals and is taken as reference mode for model estimation. In case of
modelling, determination of choice set for an individual is not straight forward and very
difficult in case of small cities like Agartala where no network data and LOS related
information was available. For example, the category of private motorized mode consists of
two completely different modes, namely, MTW and car. Similarly, the category of public
transport mode covers variety of modes such as cycle rickshaw, MThW, and various types
of buses. The first two modes of this category offer greater flexibility/convenience but the
travel attributes are different from that of the buses. Again the services offered by the
MThW depend on the driver as there are no fixed regulations on its use. In this scenario,
based on the vehicle ownership status and network characteristics, it is difficult to ascertain
the choice set of any individual. The choice set has been identified by applying specific
rules as given below;

1) Availability of MThW: MThW is available to all the individuals.

2) Availability of bus: Bus is available to all the individuals.
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3) Availability of cycle rickshaw: Cycle rickshaw is available to all the passengers within
the CBD area for trips shorter than 3km.

4) Availability of cycle: Based on cycle ownership

5) Availability of MTW: If the household has one MTW, it is available to the head of the
family.

6) Availability of Car: Again car is available to the head of the family only.

Modal split observed in the RP data, for work trips, is shown in Figure 6.1. For modelling
with RP data, as discussed earlier, only a subset of modes is available to the respondent.
After removing the incomplete data, there were 561 data available for estimating the

models. The following models have been estimated with the RP data.

1) Model with only modal attributes — Model 1
i) Model with modal, socioeconomic and land use characteristics — Model 2

iii) Mixed logit model on the formulation of model 2-Model 3

The objective in doing so was to understand the significance of socioeconomic
characteristics in explaining the observed component of the taste and preference
heterogeneities. Model 1 was formulated only with the modal attributes. After various
attempts, it has been observed that very few modal attributes, with logically correct signs,
were significantly entering the model. This may be due to the absence of variability in the
RP data as well as due to the correlations across the attributes. Model 2 has been
formulated to understand the relevance of socioeconomic and the land use characteristics
(explained in terms of ‘area index’) in explaining the preference heterogeneity. An attempt
has also been made, while formulating model 2, to explain the taste heterogeneity using the
observed socioeconomic characteristics of the individuals. None of the socioeconomic
characteristics were found to be significant in explaining the taste heterogeneity. Model 3 is
the same as model 2 but with additional error components and random parameters. This has

been done to understand the presence of unobserved heterogeneities.
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Table 6.1 shows the results of MNL models estimated with the RP data. Detailed analysis

Walking

Cycle 9%
rickshaw
10%

Bicycle
11%

26%

Jeep/Van 29%
1%

Figure 6.1: Modal share of the work trips in the RP data

of the results is presented in the following section.

6.2 Result from the models estimated with the RP data

MNL-1 was estimated by considering only mode related variables. Travel cost and travel
time are the most important parameters representing mode’s characteristics. Individuals
generally prefer a faster and cheaper mode of transport than slower and expensive modes.
Travel time captured from network data has been used in the model rather than user
specified travel time. In case of motorized modes, generic travel coefficient for MThW and
MTW was considered. An increase in travel time of MThW, MTW, cycle and walk mode

reduces the utility of the respective modes. Increasing travel cost, as expected, significantly

reduces the utility of the modes (MThW, MTW and cycle rickshaw).

TH-1310_09610410
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Table 6.1: Results from the models estimated with RP data

RP-modal attribute

RP-modal with
socioeconomic & land

RP-modal with
socioeconomic & land

Variable description only _1MNL use data- MNL use data- Mixed logit
@ @ ©)
coefficient  t-statistic coefficient t-statistic ~ coefficient  t-statistic

ASC car 1.000 2.88 -0.134 -0.08 0.392 0.15
ASC gus -3.100 -8.48 -4.420 -6.64 -5.110 -5.87
ASC vrhw - - - - - -
ASC mrw 2.200 10.45 -1.280 -1.52 -2.060 -1.44
ASC Bicycle 2.110 5.38 -0.131 -0.10 -0.433 -0.32
ASC Rickshaw 0.449 1.15 -1.880 -2.06 -2.240 -2.28
ASC wai 0.287 0.78 -0.536 -0.68 -0.861 -1.01
Area IndeXx pyyic 1.390 1.81 2.500 177
Area Index ywr 2.720 3.24 3.890 2.66
Cost mrhw mTw -0.095 -3.22 -0.134 -3.84 -0.199 -2.97
Cost Rickshaw -0.048 -2.86 -0.040 -2.18 -0.048 -2.39
Bicycle Ownership car -1.820 -1.71 -2.790 -1.62
Bicycle Ownership gicyce 4.840 4.05 4.910 4.03
Education gickshaw 0.115 1.97 0.130 212
Family Size car -0.419 -2.14 -0.548 -1.61
Family Size gicycle -0.557 -2.66 -0.566 -2.57
Gender wax 1.250 2.69 1.260 2.65
Income ¢y 0.591 3.85 0.767 3.24
Income g6 0.157 1.68 0.148 1.35
License wrw 3.360 5.81 5.000 3.10
Income i -0.196 -1.94 -0.182 -1.74
Time prhw, mTw -0.019 -1.53 -0.024 -1.69 -0.023 -1.52
Time cycle -0.066 -3.68 -0.069 -3.26 -0.075 -3.25
Time wai -0.046 -2.32 -0.035 -2.00 -0.038 -2.08
MTW Ownership car -1.750 -2.50 -2.310 -2.13
MTW Ownership yrw 1.630 2.15 2.550 1.86
Sigma (Travel cost,
M% 9 (MThW) -0.072 -2.12
E/Ir_rrci/rv()iomponent (Car, 2220 195

Initial log-likelihood -679.526 -679.526 -679.526

Final log-likelihood -401.155 -313.238 -312.286

Adjusted rho-square 0.393 0.498 0.501

103

TH-1310_09610410



Table 6.2: Elasticities of model parameters corresponding to the models estimated with the

RP data
Variable description RP-modal RP-model with RP-model with
attribute only - socioeconomic & socioeconomic &
MNL land use data- land use data-
MNL Mixed logit

Area Index gy 0.0003 0.019
Area IndexX mrhw -0.06 -0.06
Area Index cycle 0.029 0.027
Area Index cyge rickshaw 0.265 0.252
Area Index wak 0.206 0.288
Cost mrnw, -0.275 -0.340 -0.462
Cost mrw -0.155 -0.133 -0.119
Cost Rickshaw -0.615 -0.446 -0.504
Time mrnw -0.092 -0.104 -0.093
Time yrw -0.030 -0.021 -0.012
Time Cycle -0.314 -0.187 -0.176
Time wai -0.438 -0.291 -0.308

Another multinomial logit model (MNL-2) was estimated considering the
socioeconomic and land use variables along with the modal attributes. This model was
prepared to understand the ability of socioeconomic characteristics and land use
characteristics in explaining the observed component of the preference heterogeneity.
Socioeconomic parameters such as income, age, gender, vehicle ownership, driving license,
family size, and education were used to understand the preference heterogeneity in this
model. It has been found that the utility of car reduces with the MTW and bicycle
ownership. Household income has the positive effect on the utility of car. The utility of

MTW increases with the possession of driving license and MTW ownership.

From Chapter 2 it has been found that mixed land use parameters significantly
affect the mode choice behaviour, particularly the NMT modes. Mixed land use quantified
by area index, which is explained in detail in Chapter 5, has been used in this model. Area
index was introduced as a generic variable in the public and intermediate public transport
(IPT) modes (bus and MThW) as well as for NMT modes (cycle, cycle rickshaw and walk).

Coefficient of area index for both the public/IPT and NMT mode was positive and
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significant. This result calls for an important policy implication that can reduce the number
of private vehicle trips. Utility of these modes is high in the localities with mixed land use.
It may be due to the availability of various land uses that promotes public transport and
NMT modes. This model, when compared to MNL-1 (with only mode related variables),

offers better fit in terms of Rho-square value.

To know the effect of unobserved taste and preference heterogeneity mixed logit
model (Model 3) has been estimated and tabulated in Table 6.1. In this model, coefficient
for travel cost of MThW and MTW was considered as random following normal
distribution. Correlation across the alternatives has been studied in Model 3. This model
has confirmed the presence of both the unobserved taste heterogeneity (coefficient of cost
for MTW and MThW) and strong error term correlation for two modes, car and MTW.
Fitness of the model has improved by 27.48 % in comparison to the MNL model with only
the modal attributes. As expected, compared to model-2 there is also a significant change in

the coefficients of various attributes.

0.35
I =@ Car
0.3
% N —_— == Bus
€ 0.25
e Q. = MThW
.g 0.2
_g . == MTW
[S)
kS
Z 0.15 == Cycle
2 oa -
30 & ¢ =0—Cycle
a Rickshaw
0.05 T - - = — =" Walk
0
0 0.2 0.4 0.6 0.8 1
Area Index

Figure 6.2: Variation in the probabilities corresponding to various modes

From Table 6.2, the elasticity of cost for MTW (-0.119) is lower than that of the cycle rickshaw (-

0.504) and MThW (-0.462). Even the elasticity of travel time for MTW (-0.012) is much lower than

the elasticity of travel time for cycle (-0.176), walk (-0.308), and MThW (-0.093). From this, it can
105
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be inferred that the users of MTW are less sensitive for cost and travel time and they may not switch
to the other alternatives. When considering the effect of mixed land use on NMT modes, the
elasticity of area index was found to be higher for cycle rickshaw (0.252) and walk mode (0.288)
than cycle mode (0.027). Elasticity of area index in case of public transport, for bus is 0.019, and for
MThW is -0.06. From this it can be inferred that walk and cycle rickshaw are more sensitive to the
changes in the mixed land use. From Figure 6.2 (plot between area index and probability of
choosing different modes), it can be seen that the probability of choosing MThW and MTW mode
reduces with increase in area index. In case of MThW, the elasticity of choosing MThW reduces
when area index is more than 0.4. The probability of choosing bus does not increase when area
index increases. In case of NMT modes, it can be seen that with increase in area index, probability
of choosing NMT modes increases, as reported earlier. This result suggests that with increase in
area index, there will be increase in the share of non-motorized transport and decrease in
the share of motorized transport. So, it can be inferred that with increase in land use mix,

there will be increase in the probability of choosing NMT modes.

From the models estimated, it is evident that socioeconomic and land use parameters
explains the preference heterogeneity and plays a significant role in the mode choice
modelling. Coefficients of mixed logit model confirm the presence of both the unobserved
taste heterogeneity and correlation across two modes, car and MTW. Since all the mode
specific coefficients of LOS attributes could not be found out, models have been estimated

with the SP data and the details are presented in the following section.
6.3 Models estimated with the SP data

It is well known fact that the attributes in RP data has little variability, i.e., the attribute
value is not varied much. Moreover the attributes are highly correlated. Further, finalizing
the choice set of RP data is very difficult. Compared to the RP data, SP data have certain
advantages such as more variability in the attribute data, provision for new alternative, and
new attributes. SP data have certain advantages over the RP data being having more
variability; provision for analysing new proposed alternatives, new attributes and levels of
attribute. As can be seen from the previous MNL models estimated with the RP data, some
of the mode specific LOS variables are insignificant. As discussed earlier in Chapter 4, in
the SP survey cost, time, comfort and frequency of transit were collected for four motorized
modes namely car, bus, MThW and MTW. SP survey designs and the details of the
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collected data have been discussed in chapter 4. There were 2048 responses from the SP
survey for work trips and are used in the model estimation. Figure 6.3 shows the modal

split observed in the SP data.

21% Car

Bus
28%

Figure 6.3: Modal split observed in the SP Data

6.3.1 Model estimation with SP data

The following models have been estimated with the SP data;

) Base MNL model (SP-1)

ii) Mixed logit model with coefficient of travel time for bus as random parameter
with normal distribution. (SP-2)

iii) Mixed logit model estimated with panel data with travel time coefficient as
random parameter. (SP-3)

iv) Mixed logit model estimated with panel data with travel time coefficient as
random parameter with triangular distribution. (SP-4)

v) Mixed logit model with panel data structure with normal distribution

considering error components for car and MTW and for bus and MThW. (SP-5)

Table-6.3 shows the results from various models estimated with the SP data for four

modes, namely, car, bus, MThW and MTW. All the estimated parameters are having
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expected sign. From the MNL model (SP Model -1) estimated with the SP data, income
and gender were interacted with travel cost and comfort attributes, respectively. Comfort

parameter was measured for two modes, bus and MThW.

Table 6.3: Results from the models estimated with the SP data

Variable SP-1 SP-2 SP-3 SP-4 SP-5

description Param. tvalue Param. tvalue Param. tvalue Param. tvalue Param. tvalue
ASC car 2.590 6.17 2.610 5.91 3.28 4.76 2.798 5.56 3.480 6.23
ASC s -0.008 -0.04 0.184 0.77 0.17 0.54 - - 0.250 0.95
ASC MThwW - E - - - - - - - -
ASC vrw 1.860 9.47 1.880 8.51 2.00 6.73 1.939 8.80 2.620 7.20
Frequency gs -0.028 -6.61 -0.031 -5.97 -0.04 -5.73 -0.029 -7.17  -0.033 -5.76
Time cy -0.038 -2.06 -0.045 -2.30 -0.12 -1.95  -0.071 -2.13 -0.062 -2.73
Time gys -0.050 -8.60 -0.097 -5.47 -0.13 -4.95  -0.080 -8.06 -0.112 -5.51
Time mrhw -0.036 -7.14 -0.054 -5.22 -0.07 -4.63  -0.056 -7.30 -0.064 -5.57
Time mrw -0.041 -5.92 -0.048 -5.73 -0.04 412 -0.062 -5.46 -0.055 -5.33
SIGMA Time Bus 0.071 4.28 -0.10 -4.37 0.080 8.06 0.084 431
SIGMA Time Car -0.14 -1.84 0.071 2.13
SIGMA time mThw 0.029 1.69 0.06 2.83 0.056 7.30 -0.040 -2.64
SIGMA Time mTw 0.062 5.46
Cost car/inc -0.351 -4.20 -0.388 -4.31 -0.41 -3.38 -0.381 -4.15 -0.392 -3.50
Cost bus/inc -0.542 -6.92 -0.658 -6.10 -0.90 -5.87 -0.592 -6.78 -0.719 -6.12

Cost MThW/inc  -0.335 -583 -0.423 -5.55 -0.59 -540 0389 -598 -0453 -541
Cost MTW/inc -0561 -6.73 -0.784 -7.15 -1.12 -6.63 -0657 -719 -0981 -591
Cost * gen Car -0.098 -5.76  0.052 -4.12 -0.07 -360 -0053 -4.09 -0.066 -4.04
Cost * gen Bus -0.074 -3.30 -0.078 -2.90 -0.09 -248 -0079 -3.20 -0.094 -3.03
Cost*gen MThw -0.102 -6.10 -0.116 -5.30 -0.15 -479 -0114 594 -0.135 -5.01
Cost*gen MTW  -0.029 -156 -0.032 -1.46 -0.05 -178  -0032 -152 -0.051 -1.58

*
Comfort * gen 0561 266 0719 332 085 311 0627 325 0861 348

bus

Comfort * gen

MThW 0.312 1.80 0.402 1.99 0.69 2.55 0.404 2.19 0.549 2.34
*

Comfort 0149 540 0161 493 020 488 0161 560 0176  4.63

income bus

Comfort * inc

MThW 0.124 4.68 0.141 4.64 0.16 4.00 0.128 461 0.157 4.28

Error component -1.43 -7.16

(Car,Bus,MTW)

Error component

Car, MTW 1.640 3.61

Error Bus,

MThW -0.707 -0.77

Init log-likelihood -1793.736 -1793.736 -1793.736 -1793.736 -1793.736

Final log-likelihood -1224.746 -1216.631 -1201.056 -1203.051 -1178.683

Adjusted rho-square 0.306 0.309 0.317 0.310 0.330
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Income and gender were found to be significant in explaining the taste heterogeneity
towards the comfort of bus and MThW. Coefficients of the interactions are positive and the
parameters are statistically significant. Coefficient associated to the frequency of bus,
measured as time interval between the services, is negative and significantly affects the
utility of bus. With less frequency, the waiting time of the people increases, thereby

decreasing the utility of the bus.

In SP Model-2, a mixed logit model was estimated to check the presence of
unobserved taste heterogeneity towards travel time. The coefficient of the travel time is
considered as random variable following normal distribution. This model confirms the
presence of unobserved taste heterogeneity towards the travel time of bus and MThW. For
the other two modes, the parameters of the random coefficient were found to be
insignificant. The standard deviations of the random parameters for bus and MThW were

found to be statistically significant.

Since the SP data contains repeated observations from the same individual, a mixed
logit specification (SP Model-3) for repeated choices i.e., integral of the product of logit
probabilities, one for each observation, has been incorporated. Panel formulation captures
the correlation across the observations from the same individual. With the panel
specification, there has been significant improvement in the fitness of the model along with
the improvement in parameter estimates.

As evident from many of the past studies, the use of unbounded distributions like
normal distribution may lead to both the positive and negative travel time coefficients. In
order to avoid this constrained triangular distribution was used to model the random
parameter of the travel time and the revised model (SP Model-4) has been estimated. As
opposed to SP model-3, in this case random parameters of travel time, corresponding to all
the four modes, were found to be significant and confirm the presence of unobserved taste

heterogeneity.
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Table 6.4: Elasticities of model parameters corresponding to the models estimated with the
SP data

SP SP SP SP SP

Variable description 1401 (1) Model (2) Model (3) Model (4)  Model (5)

Frequency measured in

Time interval) sy -0.284 -0.288 -0.313 -0.279 -0.288
Time cyr -0.200 -0.098 -0.442 -0.310 -0.231
Time gys -0.361 -0.571 -0.655 -0.514 -0.605
Time mrhw -0.021 -0.005 -0.067 -0.033 -0.021
Time yrw -0.185 -0.212 -0.176 -0.262 -0.209
Costcar/inc -0.552 -0.263 -0.542 -0.564 -0.483
Costbus/inc -0.473 -0.523 -0.575 -0.484 -0.514
Costyrhw/inc -0.259 -0.277 -0.305 -0.276 -0.271
Costyrw/inc -0.359 -0.509 -0.620 -0.400 -0.517
Cost * gen (can -0.615 0.163 -0.466 -0.402 -0.421
Cost * gengg.s) -0.206 -0.194 -0.182 -0.207 -0.215
Cost*genmrhw) -0.244 -0.229 -0.244 -0.25 -0.250
Cost*gengue) -0.082 -0.090 -0.129 -0.089 -0.124
Comfort * income (s 0.212 0.205 0.246 0.216 0.216
Comfort * gen (pus) 0.116 0.137 0.151 0.122 0.156
Comfort * gen gurhw) 0.039 0.042 0.063 0.048 0.055
Comfort * inc vrhw) 0.108 0.101 0.106 0.102 0.111
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In order to study the correlation across the alternatives, a mixed logit model with
common error components (SP Model-5), has been estimated. The model confirmed the
presence of correlation across two modes, car and MTW along with the taste heterogeneity
confirmed by statistically significant standard deviation of travel time coefficient for bus
and MThW. Fitness of the model has also improved when compared to the previous

models.

0.6

0.5

\ == Car
0.3
X -
e
MThW
0.2 S

0.1

Probability of choosing modes

& < - -+

0 5 10 15

Fare of Bus in rupees for 3km travel

Figure 6.4 Probability of choosing travel mode with respect to increasing bus fare (with
SP-5 model).

The coefficient for comfort (interacted with income and gender) is higher for bus
compared to MThW, and so are the elasticities. This could lead to further policy decisions
of improving the comfort level of transit so that people can be motivated to use the transit
mode. Further, with increase in the frequency of trips of transit, the utility of bus mode
increases. From the taste heterogeneity towards the travel cost explained using the income
(coefficient of Cost/Income), it can be seen that the users of car and MThW are less
sensitive to the cost compared to the users of bus and MTW.

From the elasticity values presented in Table 6.4, it can be seen that high elasticity
exists between the cost and the choice probabilities. From the elasticities based on SP

Model-5 it can be seen that high elasticity exists between travel cost (interacted with
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income) and the probabilities of choosing bus (-0.514), MTW (-0.517) and car (-0.483).
The users of these modes may shift to other modes of transport if the travel cost is
increased. In case of car users, as most of the people are from middle income group, an
increase in price will force the users to the other available modes. This provides a very
good policy implementation scenario in which demand for mode could be controlled by
regulating the fares. The same is reflected in Figure 6.4 (based on SP-5 model), showing
the probability of choosing modes with respect to the bus fare, for 3 km trips. When the
fare of bus is increased from Rs 3 to Rs 10, the reduction in probability of choosing bus is
about 0.2. When the fare of bus is Rs 5, the probability of choosing both bus and MThW
modes are same, and with increase in further fare, the probability of choosing bus reduces
and MThW increases.

From these models, it can be concluded that the utility of transit can be increased which
will lead people getting motivated to shift to public mode of transport from the other modes
by regulating fare and improving comfort and reliability (combination of frequency and

travel time).
6.4 Models estimated with the combined SP-RP data

For travel related data, the RP data has issues related to correlation of attributes. The
cost/fare and travel time attributes in real market situation may be correlated and finding
both cost and travel time parameter for each mode is very difficult to determine. Further, if
looked carefully the possibility of correlation between travel time and travel cost parameter
is higher as fares are determined based on the trip length. Also, travel times are similar
across alternatives during peak hour period due to congestion. As such it is very difficult to
properly estimate time and cost parameter from RP data due to these limitations. As SP data
is hypothetical, it was decided to combine SP and RP data to get better parameter estimates.
In combining the data, cost parameter has been taken as common attribute for both the data
sets and travel time parameter was estimated only from SP data to avoid any problem due
to correlation. The estimated model parameters are confounded with the scale factors for
each data set. As a result data enrichment includes pooling of two choice data sources under

the restriction that common parameters are equal while controlling the scale factors.
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6.4.1 SP-RP modeling

Two different models have been estimated using the combined SP-RP data. The following
are the models estimated;
1) Multinomial logit model with interaction between LOS variables and
socioeconomic characteristics
2) Mixed logit model with panel formulation, error components and random

parameters.

While RP data was combined with SP data there was a significant improvement in
the model when compared to the models estimated with only SP data. From Table 6.5, it
can be seen that the value of A°" is greater than one and statistically significant i.e., error in
the model estimated with only the RP data has more variance. In the estimated models, the
signs of the coefficients are logical. From the estimated elasticity of combined SP-RP
model it can be seen that the elasticity of cost parameter for bus is higher than the other
modes.

Further, two mixed logit models have been estimated to check the effect of state
dependence i.e., the effect of revealed choice on stated choice of the individual. The first
model (shown in Table 6.6) does not consider the state dependency and is similar to the
mixed SP-RP model shown in Table 6.5 except the interactions between the LOS and
socioeconomic variables. To understand the effect of state dependence, the data file was
prepared in such a way that dummy Osate-effect Parameter is one when RP choice and the SP
choice are same for an individual. This parameter is very significant as it provides
information whether the individuals using a particular mode are willing to shift to other
modes. In this model, state dependency has been checked separately for all the four modes,
i.e., the dummy parameters are mode specific. The standard deviation characterizing the
unobserved taste heterogeneity for travel time, for bus, is significant in the model without
state dependency effect (Table 6.6). It can also be observed from the result shown in Table
6.6 that the state dependence is significant in case of both MTW and MThW users.
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Table 6.5: Results from the models estimated with combined SP-RP data

Variable description MNLSP-RP MMNL-1 SP-RP MNLSP- MMNL-1
Param. t-statistics Param. t-statistics RP SP-RP
Elasticity Elasticity
ASC car 2.680 6.60 2.650 6.62
ASC s -1.970 -8.90 -1.960 -8.81
ASC wirhw - - - -
ASC vrw 2.44 8.08 2.560 8.14
ASC carsp 0.976 2.05 1.290 2.24
ASC gussp -0.007 -0.09 0.104 0.93
ASC MThW SP - . v it
ASC virwsp 0.778 1.81 1.040 2.09
Frequency gy -0.012 -1.76 -0.013 -2.01 -0.115 -0.117
Time carsp -0.017 -1.32 -0.024 -1.61 -0.016 -0.024
Time gyssp -0.021 -1.78 -0.043 -2.02 -0.158 -0.262
Time mrhw sp -0.015 -1.78 -0.022 -2.05 -0.072 -0.087
Time prw sp -0.017 -1.75 -0.021 -2.00 0.068 -0.071
Cost(car)/inc -0.109 -2.93 -0.108 -3.31 -0.042 -0.044
Cost(bus)/inc -0.219 -1.80 -0.277 -2.08 -0.197 -0.215
Cost(MThW/inc -0.144 -1.77 -0.181 -2.03 -0.105 -0.107
Cost(MTW)/inc -0.285 -1.83 -0.375 -2.32 -0.239 -0.307
Comfort * income bus 0.063 1.73 0.068 1.93 0.086 0.083
Cost * gen car -0.021 -1.56 -0.029 -1.69 -0.195 -0.238
Cost * gengys -0.031 -1.52 -0.034 -1.65 -0.087 -0.085
Cost*genyrhw -0.041 -1.69 -0.050 -1.92 -0.093 -0.094
Comfort * gen bus 0.231 1.58 0.337 1.83 0.046 0.061
Comfort * gen prhw 0.126 1.28 0.206 1.57 0.014 0.018
Comfort * inc prmw 0.052 1.71 0.059 1.91 0.039 0.036
SIGMA Time Bus 0034 196
Error components
Car ’MTVF\’/) -0.684 -1.78
(Eézzrw‘ﬁ;“ﬁ\‘,’\?)ems 0.166 0.23
SP to RP scale factor 2.400 1.81 2.440 2.10
Init log-likelihood -2162.184 -2162.184
Final log-likelihood -1391.708 -1348.477
Adjusted rho-square 0.345 0.364

MTW being the cheaper and flexible mode, people are less willing to change it.
When the state dependency is incorporated in the model unobserved taste heterogeneity is
coming out to be insignificant. This model also shows a reduction in travel time and travel
cost sensitivity compared to the MMNL model without state dependency. The fit measures
in the model indicate improvement due to inclusion of state dependence factor, the adjusted
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p? value increases from 0.375 to 0.461.

Table 6.6: Result from the models estimated for state dependency effect

Variable description MMNL-2 without MMNL-3
interactions with state dependency
Param t value Param t value
Mode Constants
ASC car 2.650 4.98 2.560 4.77
ASC pys -2.440 -8.56 -2.500 -8.66
ASC mrhw - - - -
ASC ww 2.270 7.82 2.210 7.94
ASC carsp 0.609 2.44 0.750 2.13
ASC gussp 0.160 1.44 0.099 1.26
ASC MThw SP - - = -
ASC mrw sp 0.594 2.54 0.247 1.85
Comfort gy 0.579 2.56 0.370 2.05
Comfort yrw 0.424 2.52 0.287 2.03
Cost car -0.032 -2.72 -0.026 -2.20
Cost gus -0.088 -2.59 -0.055 -2.07
Cost mrhw -0.071 -2.56 -0.050 -2.06
Cost mrw -0.074 -2.63 -0.051 -2.08
Frequency gy -0.011 -2.44 -0.008 -2.00
Time car sp -0.019 -1.71 -0.013 -1.34
Time gys sp -0.041 -2.49 -0.013 -2.01
Time wrhw sp -0.021 -2.54 -0.012 -2.04
Time yrw sp -0.014 -2.28 -0.011 -1.88
SIGMA Time Bus 0.034 2.46
Error comp ( Generic) 0.414 2.53 0.280 2.06
SP to RP scale 3.630 2.58 4.090 2.08
State Dependence yrhw 0.696 2.08
State Dependence yw 1.190 2.08
Init log-likelihood -1957.991 -1957.991
Final log-likelihood -1204.359 -1034.056
Adjusted rho-square 0.375 0.461

Table 6.7: Value of travel time (VOT) in Rs/hour for different modes

Models VOT Car VOT Bus VOT MThW  VOT MTW
MNL (RP) 10.746 10.746
MMNL (RP) 6.934 6.935
SP Model-1 52.080 28.260 32.940 26.940
SP Model-3 90.120 41.760 44.460 34.740
SP Model-4 144.960 45.480 38.400 14.160
SP Model-5 76.560 47.940 43.680 20.580
SP-RP MMNL-1 108.620 48.620 38.740 20.480
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Table 6.8: Hourly wage rate calculated from VOT of different modes.

Ratio of
Average VOT from

Mode month?y Hveggéy model SP-RP |_\|/0 Ou;'rlj?/\;[:gee

salary(Rs) rate(Rs) MMNL-1 rate
Car 70000.00 336.54 108.62 32.27
Bus 20000.00 96.15 48.62 50.56
MThw 15000.00 72.12 38.74 53.72
MTW 30000.00 114.23 20.48 17.93

Results on value of travel time (VOT) estimated based on various models are shown in
Table 6.7. From the MNL model estimated using the RP data, the value of travel time
saving is Rs. 10.746/hr for MThW. From the SP MNL-1 the value of travel times are Rs.
52.08/hr for car, Rs. 28.26/hr for bus, Rs. 32.94/hr for MThW and Rs. 26.94/hr for MTW.
In case of SP-RP MMNL-1, value of travel time for car is Rs. 108.62/hr, for bus is Rs
48.62/hr and for MThW is Rs 38.74/hr and for MTW is Rs 20.48/hr. But in case of mixed
logit model with random term following triangular distribution the value of travel time has
increased compared to other SP models. In case of combined SP-RP model it seems that
the value of travel time is more reasonable than that of the other models. Though there is no
previous study in the study area to compare to value of travel time but it can be
approximately compared with the monthly wage of individual. In case of work trips, i.e.
going to work and return trip (not including work trip made during working hours) value of
travel time will be less than per hour wage rate. The Value of travel time calculated in all
the cases are less than the average hourly wage rate. Details of the value of travel time
corresponding to trip makers various chosen modes in terms of hourly wage rate are
provided in Table 6.8. The value of travel time estimated for modes other than car were
less. This might be because, in case of modes other than car people are giving more
importance to the cost parameter compared to the other attributes. Further, a low value of
travel time for other modes may be due to the reason that the individual has less income

and therefore prioritise his/her expenditure to consume goods/services other than travel.
6.5 Summary and conclusions
In this study, important determinants of travel behaviour have been analysed in the context
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of smaller Indian cities using the case study of Agartala. Discrete choice models have been

prepared to model the mode choice behavior for work trips. Utilities of various modes have

been formulated using the socioeconomic, land use and modal related attributes. The

following are the important conclusions drawn from the models estimated in this chapter.

1)

2)

3)

4)

TH-1310_09610410

From the models estimated using the RP data, it can be said that the socioeconomic
variables have significant effect on the utility of different modes. Availability of
vehicles or vehicle ownership is directly related to the increase in the utility of the
respective mode. The utility of MTW increases when the individuals have driving
license. Utility of NMT (Bicycle, Cycle Rickshaw and Walking) and public
transit/IPT modes (Bus and MThW) significantly increases in case of the
individuals living in the locality with mixed land use. The elasticity for area index
was found to be higher for cycle rickshaw (0.252) and walk mode (0.288) than cycle
mode (0.027).

From the models estimated with the SP data, it can be observed that the coefficient
of comfort (interacted with income and gender) is higher for bus than MThW. This
implies that the policy makers have to play with the comfort of transit parameter so
that people can be motivated to use transit mode. From the elasticity values
estimated from the SP models, it can be seen that a high elasticity value exists for
cost parameter in case of bus, indicating higher sensitivity of the bus users towards
the travel cost. Same is the case with the users of MTW i.e., if any other competitive
mode (in terms of cost) is available there is a scope for modal shift.

When the models are estimated with combined SP-RP data there was a significant
improvement in the model performance when compared to the models estimated
with only SP data. It can also be observed that state dependence has significant
effect on both MTW and MThW users.

Compared to the value of travel times obtained from the models estimated with
either RP or SP data, the value of travel times obtained from the MMNL model,
estimated using combined SP-RP data seems to be realistic based on VOT values

with respect to average incomes of the individuals using various modes.
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Chapter 7

Effect of latent variables on travel behavior

Mode choice has been mainly studied and modeled as a rational process based upon the
random utility theory. Traveler’s attitude and perception are some of the important
determinants of travel behavior recognized by the researchers for a considerable time.
Though there has been considerable interest in analyzing and modeling the effect of these
variables, not many works were carried out in this area. This may be due to two primary
reasons (Kuppam et al. 1999); detailed data regarding the trip maker’s attitudes and
preferences are not collected in traditional household survey; and difficulties involved in
forecasting these variables. Due to these reasons attitudinal data are not considered useful

from practical stand point.

In the area of mode choice modeling, various methods have been used by the
researchers to explicitly capture the effect of psychological factors. One method is to
include the psychological factors or the indicator variables (such as the responses to survey
questions related to the individuals’ attitudes and perceptions) directly in the utility
function. Ben-Akiva et al. (2002) rejected the use of indicator variables directly in the
choice model as they are highly dependent on the phrasing of survey questions besides the
difficulties in forecasting. Another method is to carry out factor analysis on the indicators
and use the fitted variables in the modal utility (YYanez et al. 2010). General framework of
this methodology is based on the assumption that each individual’s utility for an alternative
depends on a number of observable explanatory variables along with the unobservable
variables (Latent variables). Sequential and simultaneous estimations methods were used to
estimate the parameters involved in this modelling framework. Sequential method is a two-
stage approach where the structural equation model (SEM) is estimated first and then
entering the resulting latent variables in the choice models. However, Ben-Akiva et al.
(2002) have shown that sequential approach results in inconsistent and inefficient
parameter estimates. The latent variables contain measurement errors, and to get consistent
estimates the choice probability must be integrated over the distribution of factors obtained
from the factor analysis model. Alternately, this integrated model can be estimated
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simultaneously resulting in efficient estimates, but this method is computationally much
more demanding. For specification, apart from utility equation, this type of choice model
requires a) measurement equation that links the latent variables to its observable indicator
variables measured on a Likert scale and b) structural equation that links the explanatory

variables to the latent variables.

Latent variables are the factors related to the individual’s behavior and perceptions,
and difficult to quantify due to lack of proper measurement scale as different persons may
perceive them differently. Moreover, identification of the latent variables requires
supplementing a survey, either revealed or stated, with questions that capture user’s
perception about some aspects of the alternatives. Likert scale is commonly used to
measure the attitude and other social factors. Respondent might totally or partially agree, or
disagree with a given statement that represents the attributes being assessed. Attitude was
measured on a 5 point Likert scale.

Formulation and estimation of a hybrid choice model, formulated to understand the
effect of psychological factors on mode choice behavior, is presented in the following
sections. Maximum likelihood estimation method was used for model simulation where
likelihood function is defined over the joint probabilities of observing the choice and the
indicators of latent components. This estimation is done using PYTHON BIOGEME which
allows for estimation of latent variable model with simultaneous estimation (Bierlaire and
Fetiarison (2009)). In the following section, qualitative aspects of modes have been
considered as latent and the estimation of corresponding model is presented. In the ensuing
section, travel time is considered to be latent, to model the effects of erroneous network

skimmed travel time data.

7.1 Mode choice with latent variables

Data used in this work are taken from the Agartala Household survey which was discussed
in detail in the Chapter on data collection. Responses to the qualitative questions provided
important insights about the individuals’ opinions on travel mode. The respondent had to
rate his/her level of agreement on a five point Likert scale ranging from a total
disagreement (response of 1) to a total agreement (response of 5). Indicator variables were

grouped suitably based on prior assumptions to construct four latent variables, comfort,
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safety, flexibility, and reliability. Three explanatory variables education, age, gender were
used to model the latent variables. Figure 7.1 shows the grouping of indicator variables to

construct the latent variables.

In this analysis, two different models were estimated (a) Multinomial logit model
(MNL) as base model; and (b) an integrated choice and latent variable model. In the model
outlined in Figure 7.2, it is hypothesized that there is an underlying latent attitude among
individuals towards different travel modes which vary across the respondents. The structure
of the hybrid choice model is provided in the following section. Description of variables
used in the models is presented in Table 7.2.

Table 7.1: Observed mean perception rating for different modes

Perception attribute Car Bus MThwW  MTW  Cycle ricc;:lé %I:W
Comfortable in journey 4.11 2.99 3.23 3.73 3.00 3.57
Always availability of comfortable seats 3.78 3.13 3.39 3.69 3.09 3.63
Very easy accessibility 3.69 3.08 3.50 3.90 3.08 3.31
Ability to reach destination in time 3.91 3.22 3.53 3.90 3.18 3.21
Can exactly calculate travel time prior to trip 3.90 3.16 3.37 3.91 3.10 3.21
Safety from accident 3.83 3.55 3.43 3.24 2.95 3.15
Safety from theft 3.92 3.18 3.35 3.69 3.17 3.17
Safety from weather 3.89 3.55 3.49 2.20 2.20 3.01
Ability to make more trips 3.85 3.03 3.51 3.68 2.72 3.02
Can travel without changing vehicles 3.94 3.09 3.40 3.93 3.93 3.16
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Comfortable in journey

Comfortable seats are always available

Very easy accessibility

Ability to reach destination in time

Reliability
Can exactly calculate travel time prior to trip
Safety from accident
Flexibility
Safety from theft
Safety from weather
Safety

Ability to make more trips

Can travel without changing vehicles

Figure 7.1: Construction of latent variable as a function of indicator variables

Table 7.2: Description of variables used in modeling latent variable choice models

SN Variables Description

1 Age Age in years

2 Private Vehicle Ownership Number of private vehicles in a household
3 Education Years of education.

4 Gender Dummy variable

1 for male respondent
0 for female respondent

5 License 1 for respondent having license

0 for respondent not having license
6 Family Size Number of members in the family
7 Income Gross monthly Code

household income

0-2000

2001-5000
5001-10000
10001-15000
15001-20000
20001-30000
30001-40000
40001-50000

0 N oo o A W DN
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10
11

12
13

14
15

16
17

18

19

Bicycle Ownership

MTW Ownership

Time
Cost

Area Index
LVcomfort,,,

LVfleXyrw
LVflex prmw
LV Education
LV Age

LV Gender
ASC car
ASC g5
ASC MThw
ASC yimw
ASC Bicycle
ASC Rickshaw
ASC wai

50001-70000 9

70001-90000 10
90001-150000 11
>150001 12

Dummy Variable

1 for households having bicycle

0 for households having no bicycle

Dummy Variable

1 for households having Motorized Two wheeler

0 for households having no Motorized Two wheeler.
In vehicle travel time.

Fare or fuel cost

Land use parameters obtained from GIS analysis.
Comfort of car measured by indicator variable
Flexibility of MTW measured by indicator variable

Flexibility of MThW measured by indicator variable
Education in number of years used in structural equation

Age in number of years used in structural equation
Gender as dummy variable used in structural equation

Alternate specific constants for different modes.

7.1.1 Specification for structural equation model

Various specifications of structural equation model have been tried and the final model
used in the present analysis is shown below. Reliability and safety could not be modeled
using any of the socioeconomic characteristics. In the final model comfort related to car,
flexibility associated to MTW and MThW are found to be significant in explaining the
mode choice behavior. Socioeconomic variables that are significantly entering the SEM
were also found to be significant in modeling the systematic component of the preference
heterogeneity (from the previously estimated models). In the final SEM model, age, gender,

and education variables are used in modeling the comfort of car and flexibility of the MTW

and MThW.
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LVcomfortesr = Acar * education + Apcar * age + Aacar * gender + Cear (7.1)
LVflexpyrw = A mrw * education+i, yrw * age+is mrw * gender + C mrw (7.2)
LVflex mthw = A1 mThw * education + A, mthw * age + Az mthw * gender + C mthw (7.3)
where, A is the associated parameter to be estimated and ( is the error term normally
distributed with zero mean and standard deviation .

7.1.2 Specification for the measurement equations

Measurement equations explain the relationship between the latent variables and the
indicator variables. Following are the possible significant relationships between various
indicator variables and the latent variables associated to Car, MTW, and MThW. All the

relationships are found to be logically convincing.

Comfortable journey car(indicatory = Yacar * LVcomfort car + d1car (7.4)
Comfortable seat car(indicatory = Y2car * LVcomfort car + Socar (7.5)
Accessibility mrw (indicatory = Y1 mrw * LVFleX mrw + 61 mTw (7.6)
Ability to make more trips mrw (ndicator) = Y2 mrw * LVFleX yrw + 82 mtw (7.7)
Travel without changing vehicle pmrw (indicatory = Y3 mtw * LVFleX yrw + Samtw (7.8)
Accessibility mrhw (indicator) = Y1 mthw * LVFIeX mrhw + 61 mraw (7.9)
Ability to make more trips mthw (indicatory = Y2 mthw * LVFleX mrhw + 82 mrhw (7.10)
Travel with changing vehicle mrhw (indicator) = Y3 mthw * LVFleX mraw + 83 mrhw (7.11)

where, Y is the associated parameter to be estimated and o is the error term normally

distributed with zero mean and standard deviation o.
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Income

Education

Age

Gender

License

Motorcycle
ownership

Cycle
ownership

Family Size

Cost

Time

Area Index
NMT

Comfort (Car)

Flexibility (MTW)

Flexibility (vthw)

UBus

UMThW

Uwmth

UCycIe

UCche rickshaw

UWalk

Comfortable journey

Always availability of
comfortable seat

Very easy accessibility

Ability to make more trips

Can travel without
changing vehicles

Very easy accessibility

e

Ability to make more trips

Can travel without
chanaing vehicles

Choice

Figure 7.2: Schematic diagram of simultaneous latent variable and mode choice model
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7.2 Travel time as Latent variable

Travel time is one of the most important modal attributes used to capture the observed
component of modal utility. As discussed earlier, travel time data are estimated from the
road network database. Mcfadden (2000) reported that accurate measurement of travel time
and cost component at individual level is susceptible to bias and measurements taken from
individuals or users generally show systematic biases which affects disaggregate models.
Walker et al. (2010) suggested latent variable approach to correct the measurement error
which generally gets introduced in the travel demand modelling. They have treated true
travel time as latent variable and measured travel time as an indicator variable to latent or
true travel time. In this study a similar methodology has been applied to correct the
measurement error, if any, by estimating a hybrid choice model.

To determine the travel time more efficiently and accurately, travel time was
measured on different roads in the city and then loaded on the network (detailed
explanation is provided in chapter 3). As explained previously, in the small cities bus stops
and MThW stops are not defined properly and therefore calculation of travel time for a
particular trip contains error. Further, travel time corresponding to access and egress
components of the trip is not properly provided by the individuals. Keeping in view of the
above sources of error involved in travel time measurement, mode choice model was
estimated keeping the true travel time as latent variable which is a function of measured
travel time (indicator variable) from the network data. Out of various socioeconomic
characteristics only ‘years of education’ was found to be significant in modeling the latent
variable ‘true travel time’. The framework for error in measurement for travel time

correction is given in Figure 7.3.

7.3 Results and Discussion

Table 7.3 shows the result obtained from a basic MNL model and two hybrid
choice models with the specification described in Figure 7.2 and Figure 7.3. For
comparative analysis, same utility functions of the MNL model were used in the hybrid
choice model. The parameters were estimated with the extended version of software
package BIOGEME (2009).
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Figure 7.3: Framework for measurement error correction for travel time

Finding out right specification for the hybrid choice model is computationally intensive
process (La paix et al. 2011). After testing various specifications best model is presented in
Table 7.3. The first column in the Table 7.3 represents base model, second column shows
model for measurement correction for travel time and third column shows the effect of

psycological factors in mode choice behavior.

It can be seen from the results shown in Table 7.3, education, age and gender are
found to be statistically significant in explaining the latent variable ‘comfort car’.
Education, age, and gender are found to be significant in case of flexibility of MTW and
MThW. In the above cases, the socioeconomic characteristics have positive effect on the

latent variables which seems to be logically correct.
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Table 7.3: Result from the MNL and hybrid choice models

Variable description MNL Model Model with latent Model with
travel time perception latent
variables
Param t-statistic Param t-statistic Param t-statistic

ASC . -0.616 -0.39 -0.762 -0.48 -6.03 -1.36
ASC _ -4.420 -6.70 -4.360 -6.67 -1.55 -1.28
ASC virhw 0.000
ASC | ., -1.750 -2.17 -1.320 -1.60 -5.76 -1.73

Bicycle -0.197 -0.16 -0.072 -0.05 3.37 1.87
ASC o -0.597 -1.18 -0.324 -0.62 1.08 0.80
ASC . -0.196 -0.27 0.749 0.91 2.63 2.00
Age Bus
Area Index * Income wmt 0.375 4,01 0.353 3.66 0.389 3.63
Cost MTHw G -0.128 -3.87 -0.121 -3.57 -0.142 -3.81
Cost . chaw -0.040 -2.16 -0.048 -2.52 -0.040 -2.07
Bicycle Ownership y -1.700 1.77 -1.710 -1.60 -3.20 -2.21
Bicycle Ownership Bicycle 4.830 4.07 4.800 4.01 4.72 3.92
Education . 0.129 2.04
Family Size -0.398 -2.04 -0.373 -1.93 -0.661 -2.83
Family Size Bicycle -0.567 -2.74 -0.550 -2.63 -0.591 -2.75
Gender Walk 1.290 2.81 1.260 2.60 1.50 3.14
Income Car 0.588 3.95 0.596 3.95
Income Bus 0.166 1.71 0.161 1.68 0.212 2.12
License mrw 3.290 5.92 3.350 5.80 3.04 4.75
Income walk -0.299 -2.90 -0.303 -2.74 -0.232 -2.15
Time prhw, MW -0.025 -1.72 -0.056 -1.65 -0.029 -1.91
Time Cycle -0.066 -3.24 -0.113 -2.93 -0.0738 -3.23
Time Walk -0.037 -2.09 -0.112 -3.61 -0.034 -1.98
MTW Ownership Car -1.760 -2.52 -1.780 -2.50 -2.04 -2.21
MTH Ownership yrw 1.710 2.32 1.720 2.36 1.93 2.31
Comfort ¢y 1.82 291
Flexibility prhw 0.518 2.80
Flexibility yrw 1.05 2.35

Latent variable model

LV Education(Car) 0.260 9.62
LV Age(Car) 0.075 9.45
LV Gender(Car) 0.980 5.31
Comfortable journey (Car) 0.536 11.77
Comfortable seats(Car) 0.497 11.71
LV Education (yvrw) 0.291 12.67
LV Age (vTw) 1.07 6.77
LV Gender (mw) 0.051 9.76
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Easy accessibility (yrw) 0.524 15.42

Ability to make more trips (vtw) 0.558 15.44
Travelling without changing 0.553 15.44
vehicles (vrw)

LV Education (mThw) 0.228 11.08
LV Age (MThw) 1.01 6.24
LV Gender (MThW) 0.064 10.53
Easy accessibility (MThw) 0.518 14.67
Ability to make more trips (MThw) 0.501 14.67
Travelling without changing 0.516 14.67
vehicles (MThw)

VOT MThw, MTw Rs11.72/hr Rs 27.77/hr Rs 12.25/hr
Init log-likelihood -679.526 -15655.969 -37278.722
Final log-likelihood -315.526 -9406.292 -6309.949
Adjusted rho-square 0.502 0.397 0.830

When compared the results of hybrid choice model with the MNL base model, there
are significant changes observed in the values of the estimated parameters. This is due to
the absence of latent variable in the base MNL model that led to the underestimation of the
significance of most of the socioeconomic variables in explaining the preference
heterogeneity. The parameters obtained from hybrid choice models are statistically more
significant than parameters obtained from the base MNL model. Adjusted Rho square is
higher for hybrid choice model (0.83) than the MNL model (0.502).

Hybrid choice model with latent travel time variable was estimated with an
intention to correct the measurement error in travel time and to get a better estimate of
travel time co-efficient. Travel time is taken as generic in case of MThW and MTW. When
compared with the MNL base model, there are significant changes observed in the value of
estimated parameters corresponding to travel time. There was a significant improvement in
the coefficient of travel time for MThW and MTW due to which the value of travel time
has increased from Rs 11.72/hour to Rs 27.77/hour that can be considered nearer to the
actual VOT for this two modes. These values of travel time, obtained from the hybrid
choice model, are relatively higher compared to the result obtained from the mixed logit
models estimated with the RP data and SP-RP data. From these results, it can be said that
inclusion of latent variables in the choice model lead to better performance of models by

improving the model fit and also improving the coefficient estimates.
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Chapter 8

Summary and Conclusions

Mode choice analysis and modeling of the trip makers living in a small sized Indian
city, Agartala, capital of a north-east Indian state, has been carried out in this study.
In this process, this study has tried to address the issues related to the LOS variables
and the choice set availability. Using discrete choice modeling framework, this study
has addressed three important aspects of choice modeling. First is to analyze and
understand the effect of mixed land use on mode choice in the context of smaller
Indian cities. Second aspect is to determine the important determinants of mode
choice through an appropriately specified choice model. Third aspect is to understand
the effects of psychological factors and the error in travel time data on choice
modeling using hybrid choice modeling approach. Important conclusions drawn out

of the present study are also categorized into three parts and presented below.
8.1 Land use effects on travel behavior

In this study, impact of land use variables on travel behavior has been analyzed in the
context of smaller Indian cities. Travel behavior was quantified in terms of trip
lengths, motorized/non-motorized mode choice, motorized private and public/IPT
mode choice as well as the choice of individual modes. Land use mix has been
measured using entropy, area index, DI, and mix type index. Approach used in
calculating the entropy and DI is slightly different from that of the conventional
approach. Area index has been calculated for origin and destination of trip and this
index takes different values based on the trip purpose. In quantifying the mix using
modified DI and Mix type Index, cell size of 10m x 10m and grid size of 1km x 1km
have been used. Entropy measured with 1000m buffer performed better than the

entropy measured using the conventional method.

The following are the important conclusions drawn from the study on

interaction between land use and travel behavior:
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1. When slightly modified approach was used for calculating the entropy and

dissimilarity indices, both the land use parameters were able to quantify
the land use mix and were consistently having significant effect on the

travel parameters.

. Trip lengths of the individuals, for both the shopping and work trips, were

strongly correlated to the land use mix variables, even when controlling
the socioeconomic characteristics. In case of work trips, Entropy
measured with 1000 m radius buffer, and DI measured using 10 m x 10 m
cell for 1km x 1km tract were found to be more significant than the
conventional entropy and dissimilarity indices measured for census tract.
When the area index for both the origin and destination were considered
there was almost 395% increase in the model’s ability to explain the

variability of trip length compared to the base model.

. All the land use variables were negatively correlated with the trip length

for shopping trips.

Elasticity analysis shows that, an increase in land use mix (area index) by
1 % will reduce trip length by 0.23% and 0.326 % for work and shopping
trips respectively.

From the estimated binary logit models, it can be said that both
socioeconomic parameters and land use parameters are significant in
explaining the mode choice.

In case of non-motorized and motorized mode choice for work trips, land
use variables were found to be significantly influencing the goodness of fit
of the model. Area Index values, for both origin and destination, were

found to be significant.

. A significant elasticity exists (0.535) between the intersection density and

the utility of non-motorized modes, for work trips. This may be due to the
availability of more cycle rickshaws in the areas where the intersection
density is high. In case of shopping trips, land use mix measured by
entropy and DI in conventional way were insignificant. This clearly shows

the disadvantages of entropy index measured for census tract and DI
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measured using 100 m x 100 m cells for census tract. Land use mix
measured using a slightly different approach, could sufficiently capture
the variations in the mode choice.

In case of motorized private and public/IPT mode choice for work trips,
the utility of private mode increases with the increase in the intersection
density which is counterintuitive. This may be due to the upper middle
class people, owning vehicles, and residing in mixed land use area. In this
case effect of mixed land use was found to be negligible. Same is the case
with the shopping trips also.

From the MNL model estimated on the mode choice for work trips, Area
Index, Entropy with 1km buffer and DI with 10m x 10m cell, Mix type
index with 10m x 10m cell were found to be significant. The coefficients
are positive for public and non-motorized transport which implies that the
trip makers residing in the areas with mixed land use prefer public and
non-motorized transport. Conventional DI and entropy indices were not
able to capture the effect of land use mix for public transport; but they
were significant in capturing the effect of mixed land use on NMT modes.
It can be seen that the probability of choosing walk and cycle rickshaw
increases with the increasing land use mix. An increase in area index by 1
% increases the probability of choosing cycle rickshaw by 0.265%. In case
of motorized modes, the elasticity values with respect to choosing public
transport are not strongly related. The elasticity of NMT is higher than

public transport modes.

Overall, it can be concluded that the land use mix has significant influence on

the trips made by non-motorized modes and the public transport mode. From the

elasticity’s between the area index and the trip lengths associated to the non-

motorized and public transport modes, it can be said that any reduction in the land use

mix may lead to significant changes in the trip lengths.

8.2 Mode choice models

In this study, important determinants of mode choice behaviour have been

determined. Discrete choice models have been prepared to model the mode choice

TH-1310_09610410
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behavior for work trips. Utilities of various modes have been formulated using the

socioeconomic, land use and modal related attributes. The following are the

important conclusions drawn from the models estimated for mode choice behavior;

1.

TH-1310_09610410

From the models estimated using the RP data, it can be said that the
socioeconomic variables have significant effect on the utility of different
modes. Availability of vehicles or vehicle ownership is directly related to the
increase in the utility of the respective mode. The utility of MTW increases
when the individuals have driving license. Utility of Non-Motorized Transport
(Bicycle, Cycle Rickshaw and Walking) and public transit/IPT modes (Bus
and MThW) significantly increases in case of the individuals living in the
locality with mixed land use. The elasticity for Area index was found to be
higher for cycle rickshaw (0.252) and walk mode (0.288) than cycle mode
(0.027).

From the models estimated with the SP data, it can be observed that the
coefficient of comfort (interacted with income and gender) is higher for bus
than MThW. This implies that the policy makers have to play with the
comfort of transit so that people can be motivated to use transit mode. From
the elasticity values estimated from the SP models, it can be seen that a high
elasticity value exists for cost parameter in case of bus, indicating higher
sensitivity of the bus users towards the travel cost. Same is the case with the
users of MTW i.e., if any other competitive mode (in terms of cost) is
available there is a scope for modal shift.

When the models are estimated with combined SP-RP data, there was a
significant improvement in the model performance when compared to the
models estimated with only SP data. It can also be observed that state
dependence has significant effect on both MTW and MThW users.

Compared to the value of travel times obtained from the models estimated
with either RP or SP data, the value of travel times obtained from the MMNL
model, estimated using combined SP-RP data seems to be realistic based on
VOT values with respect to average incomes of the individuals using various

modes.
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Based on the elasticities calculated from SP-5 model, it can be said that mode
shift is influenced by fare of bus, MTW. Further, it has been observed that there is a
significance of bus fare on the choice probability corresponding to various modes.

Results from the mode choice analysis also show that modal share can be
controlled by regulating fares. From the elasticity values are reported in the thesis
from analysis of SP survey, the change in mode share can be controlled by
regulating the fare of the mode. Combination of both a) increase in mixed land use
b) Regulation of fare/ price can bring about desired modal share.

8.3 Hybrid choice models

To understand the effect of attitudinal factors on mode choice behavior, hybrid choice
models were estimated. Comfort, reliability, flexibility and safety are the latent
variables which were constructed by grouping relevant indicator variables. Further, in
order to accommodate the measurement error of the travel time data, this variable has
been considered as latent and a hybrid choice model has been estimated. The
following are the important conclusions drawn from the results of hybrid choice

models;

1. The parameters obtained from hybrid choice models are statistically more
significant than parameters obtained from the base MNL model. When
latent variables like comfort of car, flexibility of MTW, and flexibility of
MThW were included in the model, the fitness of the model improved
considerably, adjusted rho square increased to 0.83 than the base MNL
model (0.502).

2. In hybrid choice model for travel time measurement error correction, there
was a significant improvement in the coefficient of travel time for MThW
and MTW due to which the value of travel time has increased from Rs
11.72/hour (from the MNL model estimated using the RP data) to Rs
27.77/hour.

From these results, it can be said that inclusion of latent variables in the choice model

lead to better parameter estimates and improvement in the model fit.
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8.4 Research Contribution

Contribution of this thesis towards understanding the mode choice behavior of trip

makers of smaller Indian cities is briefly given below.

1.

Mixed land use indices have been modified and the modified indices were
found to be significant in quantifying the land use mix compared to the
conventional land use parameters.

In this work, a detailed land use database has been prepared for Agartala
city. This database would be useful for further research on the land use
effect on travel behavior.

Important determinants of travel behavior found through this study can be
used for formulating appropriate transport policies in the context of smaller

Indian cities.

8.5 Further scope of study

Based on the findings of the present study, it can be said that mixed land use, attitudinal

variable play major role in mode choice. To establish these findings, further studies can be

carried out on the following aspects :

i

TH-1310_09610410

In characterization of land use mix, DI can further be modified to account
for land use mix based on the location of the household. Land use mix in
multilevel buildings is neglected in this study hence further studies can be
taken up in this area.

Modeling of residential sorting effect may be carried out to understand the
actual effect of land use mix on mode choice.

This study provides overall understanding of mode choice behavior for
smaller Indian cities. There are many aspects such as modeling the choice
set availability, determination of LOS data of non-chosen modes which can
be taken up in further studies.

Modeling of travel time as latent variable may be carried out using the
travel time data obtained from the individuals as indicator variable.

Modeling the effect of land use mix for different trip purposes.
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

HOUSEHOLD DETAILS.

Annexure - A

1. Household ID

2. Zone

3. Head of the Family (Name)

4, Full Postal Address

[ Apartment
1 Hut made of Mud

Latitude Longitude
Landline:
5. Contact details Mobile:
E-mail :
[] Detached or single house  [1 Duplex
6. Type of Housing [ Triplex or 4-plex (] Row house

] Hut made of bamboo

Data related to Present & Five Year Back:

Present Five years back
7. Number of members in the family
8. Number of Active adults
9. Number of senior adults (Retired)
10. | Number of employed adults
11. | Number of unemployed adults
12. | Number of self employed
13. | Numbers of licensed drivers in the family
14. | Number of Members with disability
15. | Number of Full time student
16. [1 Owned [ Owned
Status of the household [ Rented L] Rented
LI Provided by LI Provided by
employer employer

TH-1310_09610410
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

Aggregated monthly household income without
17. | any deduction (in rupees) i.e. grosses income of
family or all the person staying together.

Increase in monthly household income without
any deduction in last five years (in rupees)

0- 2000 [1 2001 -5000
5001 - 10000 L1 10001 - 15000
15001 - 20000 [1 20001 - 30000
30001 - 40000 [1 40001 - 50000
50001 - 70000 [1 70001 -90000
90001 - 150000 L1 >150001

OOo0Ooooo

(1 No increase in income
(1 Decrease in income
L1 Increase in income
(Tick the appropriate amount
increase/decrease of income)

0- 500 1 501-1000
1001 - 2000 C1 2001 - 3000
3001- 5000 1 5001 -7000

7001 -10000 C1 10001 - 15000
15001 - 20000 C1 20001 - 30000
> 30000

Oooogd
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

Details of the vehicles owned by household

enclose the appropriate)

Vehicle Number 1 2 3 4 5
Passenger Car/ Van Passenger Car/ Van Passenger Car/ Van Passenger Car/ Van Passenger Car/ Van
Good Van Good Van Good Van Good Van Good Van
Truck Truck Truck Truck Truck
Motor Cycle/Scooter Motor Cycle/Scooter Motor Cycle/Scooter Motor Cycle/Scooter Motor
Bicycle Bicycle Bicycle Bicycle Cycle/Scooter
Type of Vehicle (Please Other Vehicle Type Other Vehicle Type Other Vehicle Type Other Vehicle Type Bicycle

Other Vehicle Type

Make of Vehicle (Eg:
Hyundai/Suzuki etc)

Model of vehicle
(Eg:i10/Swift etc)

Year of Manufacture

Month &Year of
Purchase/Ownership(or
vehicle registration

Running Vehicle?

number)
Petrol Petrol Petrol Petrol Petrol
Diesel Diesel Diesel Diesel Diesel
LPG/CNG LPG/CNG LPG/CNG LPG/CNG LPG/CNG
Fuel type Electric Electric Electric Electric Electric
Who pays for the cost of

Private or Business Use

Monthly use in (KM)

Owner’s name

Odometer reading(Total
Km reading)

Daily use in KM
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

Personal dataset.

Present and Five years back

SI.No Data Entity Data Data
. (Present) (Five Year Back Data)
1. | Household No X
2. | Person Name & Contact nos Name Contact No
3. | Gender X
4, | Age X
5. | Are you married?
6. | Age of child < than 14 years.(Write Age) ‘ | | | | |
7 (1 Four wheeler (1 Four wheeler
Do you have a license (Tick the Appropriate)? | [  Two wheeler [J  Two wheeler
[] None 1 None
8. | Areyou disabled?
9. [] Government (1 Government
Employer Type O Private O Private
L1 Self L Self
10. 1 Full time [ Full time
[ Parttime (1 Parttime
[ Self employed (1 Self employed
Employment Status [J Retired [0 Retired
(1 Home maker (1 Home maker
[1 Unemployed (1 Unemployed
[1 Others ---===-===----- [1 Others ---==-------
11. | Areyou a student? (Tick) 0 Yes [1No 0 Yes [INo
12. | Highest Educational Qualification
13. | Occupation
14, [(I1car [JBus (] Auto | CJCar  [dBus [ Auto
Mode of travel you use very frequently (Rank | [lyeep/Cruiser [ Motor Cycle | [lJeep/Cruiser [ Motor Cycle
it) (IBicycle  [IRickshaw [Walk | [IBicycle [Rickshaw [1Walk
15. [ICar [lBus ] Auto | L1Car  [dBus [ Auto
Mode of travel you don't use [JJeep/Cruiser [ Motor Cycle | [Jeep/Cruiser [J Motor Cycle
[IBicycle [IRickshaw [IWalk | [1Bicycle [IRickshaw [1Walk
16. Most preferred and least preferred travel mode Most preferred least preferred Most preferred least preferred
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

17.

If you are not using bicycle then please
rank the reasons for not using bicycle.
Rank all the parameters according to
preference, rank 1 as most suitable.

Inferior Good

Congested Roads

No Bicycle

Poor quality of Roads

Socially not acceptable
Difficulty in crossing intersection
Not Safe

Requires physical activity
Distance

Climate

Not Comfortable

No Bicycle facilities on the way to work
Time saving

hers please specify

18.

If you are using bicycle then please rank
the reasons for using bicycle

Rank all the parameters according to
preference, rank 1 as most suitable.

Fitness/ Health concerns

Pleasure/ Enjoyment

Environmental concerns related to Automobile use
Convenience/ Speed

Avoid driving in congested conditions

Limited Auto parking

Socially Safe

Flexible

Regular Habit of cycling

hers please specify

20.

Please rank the reason if you are not

choosing a bus as mode of transport?
Rank all the parameters according to

preference, rank 1 as most suitable.

Oo000o0ooeuoboofdboOobboobDboooooooon

Not Available

Not Reliable (Not able to arrive on time)
Not flexible

Less frequency

Not comfortable

Bus stop is far away.

No direct bus

] Takes more time
[1 Seats are not available

O]

Costly

21.

What may be done so that you may be
motivated to use bus?

Rank all the parameters according to
preference, rank 1 as most suitable.

1 More frequency

1 Better buses

L1 More reliable service

[ 1 Bus stop in our area
L1 Direct Bus

[1 Buses with fewer stops
[] Less fare

L1 Faster Buses

TH-1310_09610410

5|Page




AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

22. | Please rank the reasons for not choosing
walking?

Rank all the parameters according to
preference, rank 1 as most suitable.

[ Distance

[1 Too slow : Takes too long time
L1 Weather

[] Dislike walking

[ Difficult to carry things
L1 Inconvenience

(1 Fear of Crime

(1 No time

(1 Darkness

(1 No sidewalks

Others please specify

23. | Please rank the reasons for choosing
walking. Rank all the parameters according
to preference, rank 1 as most suitable.

L1 Exercise/ Health

[ For Pleasure/ | like to walk
[1 Walk the Dog

[1 Get outdoors/ Fresh air

(1 Walk to store

(1 Walk to work

Others please specify

30. | What is the one way distance between
home and work place?

33. | How much do you personally pay for
transportation?

(RS =------- /month)
(RS =------- /month)

(RS ==------ /month)
(RS ===--m-- /month)

37. | Afew new buses were introduced in last
year under JNNURM scheme.

Please rate the above statement from 0-5
scale.

1 - Totally disagree

2 — Disagree

3 — Agree somewhat

4 — Agree

5 - Fully Agree

[] Ride in the new bus is comfortable.

[1 Many people started using bus services instead of their
personal vehicle.

[1 The new bus service is reliable (Arrives at proper time).
[] The fare is reasonable.

[1 New bus service is providing better service.

39 | Your approx income (Monthly) without any
deductions.(in rupees)

Increase/decrease in monthly income in last five years.(in
rupees)

0- 2000

5001 - 10000
15001 - 20000
30001 - 40000
50001 - 70000
90001 - 150000

[1 2001-5000
[110001-15000
[1 20001-30000
[1 40001-50000
[170001-90000
[1 > 150001

ooooOoo

L] No increase in income
L] Decrease in income
UlIncrease in income
(Tick the appropriate amount increase/decrease of

income)

[0 0- 500 ] 501-1000

] 1001 -2000 [J 2001 - 3000
[0 3001-5000 [J 5001 -7000
] 7001 -10000 1 10001 - 15000
[1 15001 - 20000 1 20001 - 30000
1 >30000
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

Rate the following perception. Strongly disagree=1 Disagree= 2 Agree somewhat= 3 Agree=4 Strongly Agree =5
Sl.no. Statements Ratings
1. Personal vehicle (Car or Two wheeler) is comfortable. 1 2 3 4 |5
2. | am not comfortable when | travel with people | don’t know.
3. | always use the most convenient mode of transportation regardless of cost.
4, | always use the fastest route to destinations even if | have cheaper alternatives.
5. If fuel prices goes up further less likely to drive car to work.
6. If fuel prices goes further up less likely to drive motor cycle to work.
1. If | use public transport instead of car or two wheeler | have to cancel some of the activities.
8. It is hard to take public transport when travelling with children.
9. Itis hard to take public transport with bags & luggage.
10. | know fully what buses | should take regardless of where | am going.
11. | need to have more flexibility to make many trips during working hours.
12. | don’t mind walking few minutes to destination.
13. People riding a bus help in reducing congestion.
14. Willing to pay more tax to improve bus service.
15. Bus is chosen when no other option is available.
16. Using bus service is cumbersome.
17. | don't like transferring vehicles in the route.
18. | will put up with crowds if | can reach destination early.
7|Page
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

19. Walking on the road is comfortable.
20. Comfortable in walking without footpaths.
21. Trees provide ample shade in the roads near my house
22. There are interesting houses to look at in the roads near my house
23. Comfortable in walking in local shopping areas.
24, Shared auto is comfortable.
25. | would be willing to pay more if it would help environment.
26. | would be willing to switch to different mode if it helps environment.
27. Use of bus will improve the environment.
28. | am willing to change to bicycle mode if proper bicycle facilities/infrastructure is available.
29. | am willing to change to walk mode if proper pedestrian facilities are available and trip length is short.
Safety in Neighborhood.
30. It is safe to walk in our locality during day time.
31. Itis safe to walk in our locality during night time.
32. Good footpaths are available in our locality.
Accessibility of Neighborhood.
33. Road facility to our locality is good.
34. Importance amenities, post office, bank etc nearby.
35. Good para-transit (Auto/Mini-van) service is available to & from our area.
36. Frequent bus service is available to and from our area.

TH-1310_09610410
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

Please rate the travel modes as per the parameters given below:

Ratings.
Extremely Poor.
Poor.
Average.
Good.
Excellent.

A E Rl

Non-
Motorized
Two - Jeep/Crui (Three
Sl.no Parameter Car Bus Auto wheeler ser/Magic | wheeler)

Bi-Cycle

Comfortable in journey.

Always availability of comfortable seat

Very easy accessibility

Ability to reach the destination always in time

Can exactly calculate travel time prior to trip

Safety w.r.t accident

Safety from theft

Protection from weather

©|® NS G R wDI=

Able to make more trips in short time

-
o

Can travel without changing vehicles/stops.
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AGARTALA HOUSEHOLD TRAVEL SURVEY 2012

SP SURVEY FORM NO -0.1 (3KM)

M Write
the
g % CAR BUS AUTO MOTOR e
c RICKSHAW 7 CYCLE
= J_%) mode
GLJ A |
(%]
Freque
Cost Time(min) Cost Time Comfort ncy Cost Time Comfort Cost Time
1
Every
5 min
2
Every
' /= 30 min
3
Every
15 min
4
Every
45 min
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Time No of Travel Activity out of home Mode start-time End-time start-time(R) End-time(R)
Morning
Noon & Afternoon Car
For next tour go to next page "
Evening
Night Auto
Motor-cycle
Date of travel: / /2012 TRAVEL DIARY Tour - WorkTe | ==> | e
Rickshaw
Name of the Interviewee: Address: Contact No: Gender: M/ F Jeep
If you have not made any trips tick here. ] Walk
= =) < . = 2=
o £ S 5 s £ 3 | & L o Purpose S S5 s | S
< c $ w5 25 _ s | = 3 = 1. Work 2. Education 2 SB |8 |FE g
— S g og Destination R 2> = = | £ 5 = 3. Business 2 | 3 23 |5 =g
2 |& | 58 2 E | (Address with land Mark 128287 2| E | 2 |f |8% |5% 4. Shopping (including major & mi i s |2 £ES|2 |S2
= = L =5 (AddresswithlandMark) | o | & | 2 & & o+ = = 5 82 g 2 N - Shopping (.|nc_u ing major minor groceries) = e =35 |3 I’y
ks 5 s= 3 £ 5 5 S S8S o o % =y s & 55 B | + | 5. Social (Visit friend & relatives) 2 B ? Ss3 |z = o
o| 2 = SED =9 o | E| 24 (‘>} £ 5 2 28 |28 | o| S| 6Medical (Doctors appointment, visit to drug store etc) = £ 2 5 g 2 2
= w 2e3 o E £ &8 % .l o3 o ®© o5 & o S| o ini s £ 2 SQ |=a| 2F
ol £ = £EB g £ S| 2| 593 5 -l 5 S oo % o | £| 2| 7 Lunch/Dining/Coffee. S =5 FL|os5  2<
=l 8 S 29 S 2 g w8 8 = ° £ N 5 £k 2t | Z| & | 8 Recreation (Pleasure driving, visit to parks &play grounds) S g P 28 |E% 3@
= £ 23¢ S s S =238 3 g 2 w3 |28 |2 | 9. Pick up or drop some one. (Family member, friend or children) | 2 8 s R & 2
=2 § 20 S5 N = g | 5 3 s S 3 10.Religoius Events £ S °2 |k 29
%5 3w T 2L 2 c <3 2 g 1. Cultural Events 2 HCEJ & 2|2 =5
32 © 22083 E o = = 12. Vegetable Purchasing S 9o | B 8
€5 E: BIgra@ g |2 |= |= 3 25| |3
Y E~o If Others please write in the space below. o =
Place Time Time Time Low Cost O Car
Comfort O Bus
Less Travel Time O Auto
Flexibility (Easy to CJeep
5 change travel plan O] Motor
: Time i immediately) Cycle
Ime In Distance Distance Distance More safe )
Transfer - OIBicycle
No other alternative ;
—— — CIRickshaw
Rel|apll|ty(Ap|I|ty to ClWalk
arrive on time)
Place Time Time Time Low Cost
Comfort Ol Car
Less Travel Time O Bus
Timei Distance Distance | Distance Flexibility (Easy fo O Auto
ime in o
Transfer chaﬂge tre?ve/ plan eep
6 immediately) [ Motor
More safe Cycle
No other alternative OIBicycle
Reliability(Ability to CIRickshaw
arrive on time) ClWalk
Place Time Time Time Low Cost O Car
Comfort 0 Bus
Less Travel Time O Auto
. OJeey
Time in Distance Distance | Distance Flexibility (Easy to O Mc?tor
Transfer change travel plan
£ immediately) Cycle
More safe OBicycle
CIRickshaw
No other alternative CWalk
Reliability(Ability to
arrive on time)
Place Time Time Time Low Cost O Car
Comfort U Bus
Less Travel Time 0 Auto
Time in ClJeep
Transfer Flexibility (Easy to [ Motor
8. change travel plan Cycle
immediately) OBicycle
Distance Distance Distance More safe CIRickshaw
No other alternative OWwalk
Reliability(Ability to
arrive on time)
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