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Abstract. Urban population in India has increased significantly from 62 million in 1951 to 378 million in 2011 in six
decades. It is estimated to reach 540 million by the year 2021. This reflects on likely pressure on urban transportation
system. The situation necessarily calls plans for balanced personal and public transport system. Mandatory trips bear
more importance in this regard owing to their higher share in urban trips. Mode share and their choice behaviour in
estimation of such trips play vital role in analysing and boosting sustainable transportation. Logit modelling approach
is the conventional method generally adopted for analysing mode choice behaviour, which is based on the principle
of random utility maximization derived from econometric theory. However, such models cannot address uncertainity
prevailing in the choice decisions. On the contrary, fuzzy logic bypasses the binary crisp derivations of the inputs and
accepts multivalued inputs in linguistic expressions, which make possible to resemble the human behaviour closely.
Therefore, the attempt here is to develop fuzzy logic based mode choice model for education trips, which constitutes a
good share in mandatory trips by covering various income groups of Indian society.
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Introduction

Industrialization in the recent years in developing econ-
omies like India has caused a large mass of people from
rural area to migrate and get settled in the vicinity of
the trade and commerce centres, thereby forming ur-
ban agglomerations. Consequently, the number of met-
ropolitan cities in India with a population exceeding one
million has increased from 35 in 2001 to 44 in 2011. It
is interesting to note here that nearly 65% of the urban
population is concentrated in class-I cities and 32% of
this further is in metropolitan centers itself. Owing to
good job potential along with the increased mobility
requirements have led to the intensive motorization in
the urban areas. Nearly 250 to 600 motor vehicles are
getting added daily in metropolitan centers in the coun-
try. Interestingly, these mainly comprise of two-wheel-
ers, three-wheelers and cars with significant growth in
two-wheelers. This has resulted into increase in traffic
congestion, environmental pollution, road accidents and
parking problems. The situation calls for probing and
understanding the mode choice phenomenon on part of
the urbanites, so as to formulate and initiate appropriate
transport policies.

In fact, mode choice analysis is the third phase of
sequential urban travel demand forecasting process af-
ter trip generation and distribution stages. It is generally
explained by three basic factors: characteristics of the
journey, socio-economic characteristics of the traveller,
and the transport system. Moreover, mode choice pre-
dictions bear importance in framing transportation sys-
tem policies and congestion mitigation strategies apart
from the impact on urban transport economics, road
space sharing, traffic congestion, road safety. In simple
terms, it does have an effect on traffic and travel quality.
The traditional models cannot deal effectively with am-
biguities, uncertainties, and vagueness prevailing in hu-
man decisions or perception of utility values. Therefore,
the use of soft computing techniques bears importance
due to their ability to handle quantitative and qualita-
tive measures under uncertainty. These have some simi-
larities to cognitive mechanisms applied by individuals
in the process of choice making and problem solving.
Fuzzy logic, as a soft computing tool can be employed to
address effectively the uncertainty prevailing in the deci-
sion process. Therefore, the research focus here has been
to tackle the urban transport mode choice behaviour for
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commuting educational trips, which are significant next
to work trips in a metropolitan environment through
fuzzy system.

1. Literature Base

In the recent past, researchers have sought to apply fuzzy
logic for mode choice modelling. Fuzzy logic theory was
initiated by Zadeh (1965). Mamdani and Assilian (1975)
adopted fuzzy logic in linguistic synthesis. In late 1980s
a group of Japanese authors made significant contribu-
tions to fuzzy set theory applications in machine con-
trol system and traffic and transportation. The process
to develop fuzzy rules from numerical data was put for-
ward by Wang and Mendel (1992), which was further
utilized by Kali¢ and Teodorovi¢ (1996, 2003) to solve
various transportation problems and specially the mode
choice analysis using fuzzy reasoning. Utility by travel
mode was represented through fuzzy system rather than
considering it as a deterministic concept by Teodorovi¢
(1999). Holland (2000) determined the modal split using
a fuzzy inference system, which was adopted to deter-
mine the preference for a given set of perceived journey
characteristics. A combined fuzzy-logit model using
knowledge-based approach came into picture from the
study done by Mizutani and Akiyama (2000). A study
later by the same authors concluded that logit-models
with fuzzy reasoning-based utility functions can describe
a human decision with vagueness explicitly. Vythoulkas
and Koutsopoulos (2003) advocated the use of fuzzy
logic in capturing steady state and long-term behavior
as well. The intuitive and interpretable nature of the rule
base makes Mamdani fuzzy inference system widely use-
ful as per Mendel (2001) and Jassbi et al. (2007). Fuzzy
based models have upper edge over the traditional logit-
models to address the uncertainty lying in the choice
making behaviour of travellers as per the observations of
Errampalli et al. (2011) in his research work. Murat and
Uludag (2008) concluded fuzzy logic based route choice
model to behave more realistically because of its charac-
teristics on modelling imprecision and uncertainty lying
in the human perceptions. Bataineh et al. (2011) com-
pared the two most famous clustering techniques: fuzzy
c-means algorithm and subtractive clustering algorithm
based on validity measurement of their clustering results
for highly non-linear functions. Another application of
fuzzy logic - subtractive clustering technique was dem-
onstrated by Pulugurta et al. (2014) in developing travel
demand models at different stages of four-stage mod-
elling. Fuzzy logic based mode choice models are also
advocated for better prediction over the traditional multi
nominal logit-model by Dell'Orco, Ottomanelli (2012)
and Pulugurta et al. (2013). Though the fuzzy logic based
model development is a time consuming process, it was
observed offering a significant flexibility in evaluating
any kind of sensitive policy pertaining to transit demand
by Kumar et al. (2013). Kompil and Celik (2013) came
up with the genetic-fuzzy hybrid approach for trip dis-
tribution modelling where simple fuzzy rule-based sys-
tem and a novel genetic fuzzy rule-based system (a fuzzy
system improved by a knowledge base learning process
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with genetic algorithms) were introduced. Although it
brings an additional computation cost, use of genetic al-
gorithms in fuzzy rule-based learning was observed to
increase the modelling performance considerably. The
hybrid approach using fuzzy logic with neural network
or genetic algorithm is now gaining due importance to
improve over the results in recent times.

In Indian metropolitan context, a huge diversity
prevails in socio-economic profiles and consequently in
the choice sets. Therefore, fuzzy logic plays significant
role in modelling the travel behaviour in our metropoli-
tan context.

2. Study Area and Database

Athwa zone, fast growing residential area of Surat, an
industrial city in South Gujarat region has been consid-
ered as the study area (Fig. 1). The city with 4.6 million
population covering 326 km? area is known for its jari,
diamond, textile, chemical and fertilizer industries. The
decadal growth rate of the city is above 60% since three
decades.

M

West zone

South west zone

Fig. 1. Study area — Athwa zone (South West) of Surat city

Athwa zone consists of 22 census wards to cover
87000 households in nearly 98 km? area. The wards are
further clubbed to form eight sub-zones for the study
purpose. Database has been developed through Home-
Interview Surveys carried with pre-designed question-
naire to capture travellers’ mode choice decisions. Nearly
650 filtered samples of 900 random household samples
covering all the sections of society are considered for
modelling purpose. Here, modal choice pertains to five
categories: walking, auto-rickshaw, school bus, two-
wheeler and cars/school vans in absence of desired city
bus services at present. The survey data of three major
attributes on income levels, trip length and travel com-
fort and convenience provides the platform for devel-
oping the model. Travel cost of the trip is considered
indirectly through the segregation of income groups for
their choice behaviour.
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3. Mode Share for Education Trips

The proportion of education trips among the routine
trips is found nearly 40% for all the three major income
classes of ‘Low, ‘Medium’ and ‘High’ Income Groups
(LIG, MIG and HIG, respectively). The mode share ob-
servations for them are mentioned in Table 1, wherein
the share of auto-rickshaw and two-wheeler is on higher
side. Share of non-motorized modes like walking and
cycling is negligible for middle and higher income
classes. Inadequate facilities for pedestrians and cyclists
and insecure feeling may be the possible reason behind
their lower share. Shared auto-rickshaws are preferred
by ‘Low’ and ‘Low Middle’ income groups. Walking is of
higher order for LIG category. Sharing of school bus is
observed more for higher MIG and HIG groups.

Table 1. Modal share observations

Two- Auto

Wheeler Rickshaw Bus Car  Wak Total

LIG 17.3 41.7 4.3 2.9 33.8 100.0
MIG 37.4 29.0 12.4 3.9 17.3  100.0
HIG 44.5 19.3 193 134 3.5 100.0

4. Development of Fuzzy Based Model

A large fragment of vehicular traffic is usually from edu-
cation trips after the work trips. Up to secondary level
of education, students are generally captive to travel
modes and choice decisions are by elders. However,
from secondary level onwards they have several alter-
natives available for the travel mode to commute their
education trips. The development and testing of fuzzy
inference system based models to capture the choice be-
haviour were carried out using the fuzzy logic toolbox in
the MatLab (version 7.6.0 R2008a).

4.1. Model Inputs and Outputs

Fuzzy Rule Based Mode Choice Model for Education
trips (FRB-MCM-E) is being developed here with the in-
put variables Household Incomes (HHIs), Trip Lengths
(TLs) and Comfort & Convenience (C&C) levels. Trip
lengths, child security, trip comfort and flexibility in
terms of service at the door steps etc. are observed to
bear importance in mode choice as revealed in the home
interviews and so form the base for inputs in the present
study. A small proportion of education trips are com-
muted by non-motorized modes such as walking and
cycling. For short trips, non-motorized modes are ob-
served to be preferred. Thus, trip length instead of travel
time is being preferred here in modelling. C&C reflect
on door-to-door service and protection from the sun
and rain etc. and they are rated in percentage as shown
in Table 2. Higher index is for better mode. The ratings
are based on degree of convenience, travel time, at door
service, inside comfort and safety, etc.

Five options in outputs are walking, auto-rickshaw,
bus, two-wheeler, and car/school van. Owing to very
less share of cycles, it is not considered as the possible
alternative in the present work. The availability of school
buses and auto-rickshaws for long trips and preference
to walking for short trips of pre-primary and primary
education level may be the reason behind small share
of bicycle trips.

Table 2. Assumed C&C index

Travel mode C&C index [%)]

Walking 20-30
Auto-rickshaw 30-40
Bus 40-50
Two-wheeler 50-60
Car/School van 60-70

4.2. Fuzzy Model Structure

The fuzzy model operates in three steps as mentioned
below and the respective fuzzy logic structure is depict-
ed in Fig. 2.
- fuzzification of crisp input variables through
Membership Functions (MFs);
- rule-based inference;
- defuzzification.

Defuzzification

Fuzzification

Fuzzy
inference

IF-THEN rules

Fig. 2. Fuzzy logic structure

4.3. Setting of Membership Functions

The data collected during home interview surveys per-
taining to household income, trip lenght, C&C etc. are
rather in crisp forms which need further fuzzification
through appropriate membership functions. The trian-
gular or Gaussian functions around a crisp value better
reflects the flexible boundary conditions for the inputs.
As the former function is simple and does not affect
the outcome much as reported in literature is adopted
here. The inputs are further categorized into reasonable
number of fuzzy sets to reflect on their likely impacts.
With this background, the model inputs - HHI, TL and
C&C - are labelled from ‘Very Low’ to ‘Very High’ as
shown in Fig. 3a to Fig. 3c. The model output which is
in form of Travel Modes (TMs) five in number forms the
triangular MF (Fig. 3d).

Later, either the left and/or right spreads as well as
overlapping of the triangular MFs are set to meet the
trend in the empirical data. The final ranges of the input
and output fuzzy sets are as shown in Table 3.
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Fig. 3. MFs of input variables: a - Household Income (HHI); b — Trip Length (TL);
¢ - Comfort & Convenience (C&C); d - Travel Mode (TM)
Table 3. MF of input variables Fig. 4 shows the typical schematic diagram of fuzzy
rule base development for fuzzy set “Very Low’ income.
Levels Range Similarly the rules have been formed for other fuzzy in-
Household Income (HHI)* come sets such as ‘Low’, ‘Medium, ‘High’ and “Very High’
with different combinations among input variables keep-
Very Low [0015] ing in view of field observations on modal choice. The
Low [10 20 30] rule base is constituted by 75 numbers of IF-THEN rules
Medium (20 30 40] for five income categories. A typical rule is IF Household
High [35 42.5 50] income is ‘Low’ AND Trip length is ‘Low’ AND Com-
Very High [45 85 85] ‘fort & convenience is ‘Very Low, THEN Mode chosep is
- h m ‘Walk’ Numbers of such rules are framed on appropriate
Trip Length (TL) [km] reasoning of mode choice.
Low [001.2]
Medium (0.8 5 10] 4.5. Defuzzification Process
High [7 18.5 30] As the output generated by fuzzy inference system can-
Comfort & Convenience (C&C) [%] not be used directly, it is necessary to defuzzify the fuzzy
Very Low [20 20 32.5] quantities 1nt.0 crllsp terms .for the application purpose.
Many defuzzification techniques have been proposed by
Low [27.5 35 42.5] researchers. The most commonly used method is Cen-
Medium [37.5 45 52.5] troid method in Mamdani inference mechanism. The
High [47.5 55 62.5] method calculates the weighted average of the elements
Very High (575 70 70] in the support set and analyses the combined shape of
- membership function, which gives us comparativel
Travel Mode (TM) b v gives u P vey
. good results.
Walking [0015] The output membership areas are determined by
Auto-rickshaw [0.51.52.5] the height of the membership function on the Y-axis as
School bus [1.5 2.5 3.5] dictated by the rule strength value obtained by MaxMin
Two-wheeler (2535 45] function approach. The centroids of 'Fhe areas marked
are computed for each of the competing output mem-
Car [3.55 5]

Note: * income is in thousands INR.

4.4. Fuzzy Rule Formulation

Fuzzy rule base for FRB-MCM-E is developed for five
income segments, each having 15 numbers of rules with
three levels of trip lengths and five levels of comfort &
convenience for one income category.

bership functions. Subsequently, centre of gravity is
computed using the weighted average values which is
depicted in MatLab rule viewer window.

The typical output value of 2.5 is for the three speci-
fied inputs of income (42500 INR), trip length (15 km)
and comfort & convenience level (45%) as shown in
Fig. 5 for the possible choice of school bus. Surface plots
for predicted travel mode by the developed model are
shown below in Fig. 6.
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Fig. 4. Typical fuzzy rule base for fuzzy set ‘Very Low’ income group
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Fig. 5. Typical MatLab snapshot of rule viewer window
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Mode
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Fig. 6. Surface plots for predicted travel mode

5. Analysis and Discussion
5.1. Calibration and Validation Results

Field observed and model predicted results are pre-
sented in Table 4 for calibration and validation datasets.
Accuracy level of 83% and 91% while calibrating and
validating the dataset respectively has been achieved

through the developed model. It can be inferred that the
developed model is able to map the mode choice making
behaviour on the basis of logical IF-THEN rules.

The comparison of observed modal split and the
one predicted by the developed fuzzy rule-based model
is shown in Fig. 7. The developed model is capable of
predicting the mode used for education purpose in an
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Table 4. Field observed and model predicted mode choice

Calibration
Predicted (No. of trips)
Walk Auto-rickshaw Bus Two-wheeler Car Total
Walk 25 5 0 0 0 30
Auto-rickshaw 8 45 6 0 0 59
Observed 5 ¢ 0 1 40 4 0 45
(No. of trips)
Two-wheeler 2 11 3 111 1 128
Car/School van 0 0 0 6 18 24
Total 35 62 49 121 19 286
Validation
Predicted (No. of trips)
Walk Auto-rickshaw Bus Two-wheeler Car Total
Walk 17 2 0 0 0 19
Auto-rickshaw 0 24 3 0 0 27
Observed 75 ¢ 0 0 19 0 0 19
(No. of trips)
Two-wheeler 0 2 1 46 0 49
Car/School van 0 0 0 3 6 9
Total 17 28 23 49 6 123
50 B Observed trips M Predicted trips 433 416
40
2 3 210 220 o
£ 20 127 156 N
« 6.1
" - e
04
Walk Auto-Rickshaw Bus Two-wheeler Car/School
Van

Fig. 7. Comparison of field observed and model predicted modal split

urban scenario. The developed model can be used to
assess the effectiveness of the transport policies before
implementation.

5.2. Mode Choices: Income Impact

As the vehicle ownership is a function of household in-
come, composition etc. the set of available alternatives
for travel mode varies among different socio-economic
classes of the society. Table 5 shows the observed and
predicted mode usage pattern for different income
groups considered in this study. Predicted values are
very close to the survey data. Walking share reduces

drastically with higher income group. Share of two-
wheelers are almost same for MIG and HIG. The share
of school bus is high for HIG, High comfort and safety
in school buses may be the reason behind it whereas
share of auto-rickshaw is high for MIG.

6. Sensitivity Analysis
6.1. Land-use planning: Reduction in Trip Length

Land-use planning if done in such a way that the academ-
ic institutions are properly placed with reference to the
residential neighbourhoods particularly for pre-primary

Table 5. Income wise comparison of observed and predicted modal split

Share of trips [%]

Mode LIG MIG HIG
Observed Predicted Observed Predicted Observed Predicted
Walk 20.4 34.7 15.9 15.3 5.3 3.5
Auto-rickshaw 36.7 24.5 21.2 26.0 16.4 17.0
Bus 6.1 8.2 12.2 14.3 22.2 24.0
Two-wheeler 30.7 30.6 46.0 41.8 43.8 444
Car/School van 6.1 2.0 4.7 2.6 12.3 11.1
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and primary schooling level, it encourage the non-motor
vehicle travel because of reduced trip lengths. Similarly,
it is important to note the locations for secondary and
higher secondary level of schooling. Strengthening the
infrastructure for non-motorized transport is possible at
Town Planning Scheme and Neighbourhood levels. In
effect, Share by walking and cycling is bound to rise and
reduction in auto trips resulting thereby in fuel savings,
pollution levels and traffic hazards.

Considering 50% reduction in trip length of the
data used as a typical hypothetical case, one can realize
the impact on the modal share. The share of auto-rick-
shaw, two-wheeler and car is likely to decrease specially
for LIG and MIG whereas the share of walking mode is
observed to increase considerably. People belonging to
higher income group are less likely to be affected by the
reduced trip lengths. It may be because of their status
issues and higher comfort and safety desired by them.
Results are comparable to reflect on the impact as shown
in Table 6.

Table 6. Income wise impact of land-use planning
on modal split

Share of trips [%]

Mode LIG MIG HIG
before after | before after | before after
Walk 204 51.0| 159 249| 53 3.5
Auto-rickshaw 36.7 224 | 212 20.1| 164 1538
Bus 6.1 8.2 122 143 | 222 234
Two-wheeler 30.7 184 | 46.0 38.6| 43.8 46.2
Car/School van 6.1 0 4.7 2.1 | 123 111

Summary and Conclusions

Modal choice is as such third stage process in urban
transportation planning package. Mode choice is as-
sociated with socio-economic, modal, trip and net-
work characteristics. Logit modelling in this regard is
a popular conventional approach based on crisp inputs.
In reality, it depends on the judgement by the travel-
ler perception and in linguistic expressions, wherein
the boundaries are not fixed and uncertainty prevails.
Hence, fuzzy rule-based mode choice model is consid-
ered as the better option to address the shortcomings
in crisp based modelling. The developed model (FRB-
MCM-E) finds applications in assessment of effective-
ness of policies such as strengthening the infrastructure
for non-motorized modes as well as improvement in
operational and functional features of existing travel
modes. Effective management of traffic flow on urban
roads and transportation system as a whole can be facili-
tated by these models with due considerations to various
income classes in fast growing Indian cities.
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