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Abstract - Trip generation modelling is a fundamental part of transportation planning, especially in fast-growing Tier 2 cities
where there is a limited amount of data available. This study introduces and compares household trip generation models for
Sangli-Miraj—Kupwad Municipal Corporation (SMKMC), India, based on the household survey data collected from 1,294
households. A comparative modelling framework: Multiple Linear Regression (MLR), Generalized Linear Model (GLM),
Generalized Additive Model (GAM), and Quantile Regression was done in R to test linear, nonlinear, and distributional behavior
of travel. The most important factors contributing to household trip generation were found to be household size and household
vehicle ownership. Based on the results of the performance evaluation, the Generalized Additive Model (GAM) showed the best
performance (AIC = 4329.25; RMSE = 1.26), which is highly capable of capturing the nonlinear relationship while keeping the
model interpretation. Quantile regression additionally showed behavioural differences between the trip generation levels. The
results from the sensitivity analysis indicated that household size is more influential on the generation of trips by households
than vehicle ownership, and the results of the scenario analyses showed that the proposed model is applicable to forecast future
travel demand under different scenarios of urban growth. The results suggest that the combination of interpretable statistical
models with nonlinear modelling offers a solid and practical way to model trip making on the household level in data-limited
urban settings. Though the study has been limited to considering a single year data set and selected socio-economic data, the
proposed framework gives valuable support to the forecasting of travel demand and transportation planning in Tier-2 cities of
the Indian scenario.

Keywords - Household size, Multiple Linear Regression, Trip generation, Urban transportation planning.

land use transformation, and digital life, which the older
models cannot handle [7, 8].

1. Introduction

To planners and engineers, note “pulse is not a mere
academic study, but the pillar of transportation planning in the
present day,” and the science, which aims at quantifying it, is
called trip generation modelling - the initial and most

Across time, researchers have tried to close this gap. In
Jericho City, [9] in Palestine was developed based on multiple

conclusive step in predicting travel demand [1]. Since the
inception of the four-step travel forecasting framework in the
mid-20th century, trip generation has been recognized as the
initial and essential phase, influencing subsequent stages such
as “trip distribution, mode choice, and traffic assignment.” [2].

Older methods of trip generation, developed decades ago
based on a small number of surveys and fixed assumptions, do
not work well in the modern, dynamic, and data-driven world
[3-6]. Urban mobility has become representative of
complexity layers - of income distribution and work patterns,

OSOE)

linear Regression. The analysis showed that the family size,
employment, and education were strong predictors of trip-
making- almost 70 percent of the household travel behavior
was explained. A decade later, took this tradition to
Hyderabad, India, where modern computation with the use of
R software was used to analyse survey data in an efficient
manner and visualize the correlations between socio-
economic and spatial variables [10]. The similarity between
the two studies, in spite of the geographical and time gap, was
that they all aimed at shedding light on the patterns of daily
movement.

AT This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)


http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:adnya8111@gmail.com

Adnya S. Manjarekar et al. / IJCE, 13(7), 276-296, 2026

But with the growth of cities, the growth of data, there is
a question that steams silently in the air; can linear Regression,
with its simplicity, nevertheless, tell the whole story of urban
travel? Some argue it is not the most precise due to newer
techniques such as artificial neural networks and spatial
regressions [7, 11]. Some argue that the value of Regression
is that it is transparent - it can explain why mobility occurs,
not just how [12]. This debate is more than statistical; it
reflects the larger struggle to balance innovation with
interpretability in urban analytics [13-18].

The use of regression and machine learning methods for
trip generation modelling has been successfully tested in
recent studies. But the empirical studies conducted so far have
involved almost one model, certain notional outputs, or big
cities; very little attention has been devoted to comparing a
number of models based on the same data about households.
Furthermore, studies addressing household trip generation in
Indian bi-nuclei urban systems remain limited, leaving
uncertainty regarding the most appropriate modelling
approach for such urban contexts. This presents a challenge
for the fast-growing Tier-2 cities in India, where data is scarce,
but there is a pressing need for transparent and robust planning
tools. Recognizing this, the proposed study takes a multi-
model approach, using a dataset of 1,294 household samples
from  Sangli-Miraj-Kupwad ~ Municipal ~ Corporation
(SMKMC). Unlike previous studies, which have used only
one of the regression or machine learning models, the novelty
of the present study is that four regression models were

systematically compared, using a common household survey
dataset. Furthermore, a review of recent trip generation studies
is provided, and a comparative study is conducted to place the
model proposed in this study into the perspective of the recent
literature and to assess the best model available for the
household trip generation modelling in a bi-nucleus urban
system.

2. Literature Review
2.1. Chronological Review of Literature

The history of literature on trip generation modelling has
passed through several phases of development, beginning with
the pioneering ideas on the statistical and Regression
approaches, passing through improving econometric and
disaggregated models, and finally leading to the incorporation
of computational and machine learning algorithms. The
preliminary studies focused on the learning of the household
and zonal features, the permanence of models, and model
transferability. Gradually, more detailed discrete choice
models, count data models, and combined land and socio-eco
factors were included in the studies, enhancing the predictive
power and relevance in different urban settings. Recent
articles show an influx of the exploitation of big data, proxy
data, and state-of-the-art Al, including neural networks,
gradient boosting, and graph neural networks, which enable
improved spatial-temporal modelling and interpretability in
transportation planning. The detailed overviews are explained
in Table 1.

Table 1. Chronological findings

Description

Early research focused on establishing the basis of trip generation modelling using linear
Regression and category analysis. Research explored aggregation biases, structural
relationships in trip generation, and the use of disaggregate Poisson models to overcome
issues with linear models. These studies brought attention to household trip-making and

Progress was made with the use of generalized linear models, ordered probit, and discrete
choice models for trip generation. Focus on research to overcome overdispersion,
temporal stability, and inclusion of behaviour theory. Models based on tours and activities
were created, taking into account the chaining and scheduling of trips and research on the

The possibility of the use of multiple cross sections was investigated to enhance the
temporal stability and prediction. Also, four-step model weaknesses, such as doing work
on logit trip generation models and adding hierarchical and piecewise Regression, were
emphasized. Time and place validation and transferability, as well as improved data

During this time, efforts were directed at improving models through the inclusion of
socio-economic, household, and land-use attributes. Comparisons of alternative
Regression and count data models were made to assess their performance. There was also
a shift towards rule-based decision tree models and an improved categorization
framework for databases to improve predictive accuracy and practicality in developed and

Year Research
Range Direction
Foundational
1968- Statistical and
1980 Regression
Models
non-negativity and discreteness in trip counts.
Advancements in
1989-  |Econometric and
1997 Disaggregate
Models
relationship between Accessibility and induced travel.
Temporal
2004— Stability and
2010 Model
Performance
Enhancement aggregation, were important themes.
Integration of
2011- Socioeconomic
2016 and Land Use
Variables
developing environments.
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Emerging Data The literature began to explore using big data, proxy data, and new machine learning
2017— Sources and neural networks and boosted trees for trip generation modelling. Attention was paid to
2019 Machine integrating multiple data sources for hierarchical and computational graph-based models.
Learning There were also efforts to improve spatial transferability problems and benchmarking
Applications models in different cities.
The recent studies center on using state-of-the-art machine learning techniques like
Advanced - - L
2020 Computational CatBoost, gradient boostmg d_eC|S|_on trees, _graph ngur_al networks, anq neuro—fu_zzy
- systems. These are superior in trip generation predicting power and interpretation,
2025 Techniques and . . : : .
D ; especially at the local level. Theory-driven and data-driven models in urban and emerging
eep Learning - - i .
areas, temporal stability, and policy-relevant applications are also discussed.

2.2. Descriptive Analysis

Literature on Trip generation modelling in terms of
mathematical models involved, their application in
transportation planning, and the historical development of the
models throughout history. The studies reviewed use a wide
range of approaches, including classical Regression and
category analysis, and some of the most sophisticated machine
learning and neural network techniques, and were

implemented in different geographical settings, such as
developed and developing nations. The comparative analysis
brings out the merging of socio-economic and land use
variables, time stability issues, and practical viability of
models in practical transportation planning, which gives
insight into the development and present state of trip
generation modelling. Table 2 shows details about all studies.

Table 2. Summary of literature review

models; transferability is

limited. ownership modeled

ownership and trip generation

Study Model Accuracy Variable Integration Methodological Evolution | Practical Applicability
owweigﬁ:s \gll,tth e;;?grur;egifnarler Socio-demographic Ordered response probit Applied in Nairobi and
[2] poulp P variables with car models for joint car Dar-es-Salaam with a

transferability focus

CatBoost outperforms ANN

[3] | with near-perfect accuracy in Household and trip

Comparison of CatBoost and

Application in urban trip
production and attraction

marginal gains from ML included

L characteristics integrated ANN models .
lorin city modelling
Regression, ANN, and FES Socio-economic variables Linear Regression compared Application in Lagos
[4] models show similar R2; with ANN and fuzzy expert | metropolis trip generation

systems estimation

Linear Regression is
competitive with ML models;
spatial heterogeneity is
important.

(5]

are considered

Socio-economic variables
with spatial heterogeneity

ML models benchmarked
against linear Regression

State-specific models for
context-sensitive planning

ANN highest accuracy for
[7]1 |household data; Regression is
best for dormitory data

Socio-economic and trip
characteristics included

ANN, Poisson, negative
binomial, and linear
Regression compared

Integrated with the
VISUM simulation for
urban planning

Review highlights challenges
[8] |in multimodal trip generation

modelling emphasized

Land use and socio-
economic variables

Proposes a framework for
multimodal trip generation
modelling

Discusses classical and
emerging ML approaches

ANN outperforms regression
[11] | models in diverse provincial

contexts included

Household characteristics
and development status

Proposed ANN as an
alternative for provincial
trip generation

Compared linear, Poisson,
negative binomial, and ANN
models

Multivariable regression
[16] | models with acceptable R2;
limited land use impact

Socio-economic and land
use variables included

Developed for a
Palestinian city with
transferability suggestions

Regression models developed
for mixed land use

MLR models with proxy data

[17] show strong predictive power

data integrated

Electricity consumption,
land use, and household

Applied in Sri Lanka for
trip generation and
attraction

Use of high-frequency proxy
data for updating variables

Category analysis superior in

Socio-economic variables

Regression, tobit, Poisson, Applied to the Seoul

work trips

[18] | performance for home-based

used; traveler behavior is
less incorporated

ordered logit, category,
multiple classification
compared

metropolitan area
transport planning
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Disaggregate analysis

Socio-economic variables

Statistical methods for

Early foundational work

[19] | preferred over aggregate for ) sampling variation and on trip generation
- . included .
trip generation aggregation methodology
Household-level models show . . . Disaggregate household _— -
. - Socio-economic variables Applied in longitudinal
[20] | temporal and spatial stability ) models are preferred over
included household travel surveys
over 7 years zonal models
C_Zombmgd generatlop- Accej55|blllty.and Combined gravity and Applle_d at the aggregate
[21] distribution model with behavioral variables ; level with supply-demand
. . . - generation models
microeconomic consistency integrated feedbacks
Dlsaggregate _qusson mOdeIS Household characteristics | Poisson regression applied to |Applied in the Netherlands
[22] | provide a statistical basis and . . : .
. : included shopping and personal trips transportation study
avoid negative forecasts.
. Land use and socio- . . .| Demonstrated with British
GLM framework improves | economic variables were | Generalized linear modelling | -, i .
[23] AR . ) ) . | rail trip data; applicable to
category analysis reliability | modeled with a negative | applied to category analysis ;
. . urban trips
binomial
Hierarchical tree-based Socio-economic variables | Tree-based models compared | Applied to trip generation
[24] models address OLS . . . ;
S included with OLS regression forecasting
limitations
Joint estlmat_lon on multiple Socio-economic variables |Alternative forecasting models| Applied in an urban area
[25] cross-sectional surveys . - L . . .
. included with multi-period data with multiple survey points
improves forecast accuracy.
Negative binomial and Progression from linear to N
. . . : Forecasting in the Toronto
ordered logit models Individual-level data with | truncated normal, Poisson, - .
[26] ) . : ; - s X region with temporal
outperform simple linear socio-economic variables | negative binomial, ordered S
. validation
models logit
Ordered probit models better | Socio-economic variables | Linear Regression, log-linear,
[27] | replicate trip patterns than included: trip purpose negative binomial, and Applied to the US NHTS
linear and count models differentiation ordered probit were compared
Panel analysis reveals time- Socio-economic variables | Panel data analysis for time- Applied to national
[28] series effects on trip Y household trip surveys in

generation by purpose

with time effects included

series trip generation

Korea

Cumulative logistic regression

Life cycle, area type, and

Logistic Regression applied to

Applied to the US survey

[29] | models show good predictive accessibility variables . - data with a temporal
. improve temporal stability -
accuracy improve models transferability focus
The integrated intervening Socio-demographic Nonlinear generation-
[30] opportunities model socioeconomic, and supply | distribution model for transit Applied in Montreal for

outperforms the gravity model

for transit trips.

variables included

trips

morning peak transit trips

Joint models on multiple

Socio-economic variables

Models estimated on pooled

Applied in the Greater

[31] | cross-sectional datasets yield ; . Toronto Area over
included cross-sectional data )
smaller forecast errors. multiple years
Decision tree models Socio-economic and Rule-based decision tree Suitable for
[32] | sensitive to demographics; | demographic variables at aooroach microsimulation
validated transferability the individual level hp frameworks
The _multlmoda_l trip . . . . . . Applied in the District
[33] generation r_nodel includes Socm-egonom!c and land | Site-level trip generation with of Columbia urban
mode choice and local use variables integrated mode choice modelling
developments
context.
Hierarchical flow network Multi-layered socio- Introduced computational Demonstrated in the
[34] integrates multiple data economic and behavioral | graph and back-propagation | Beijing subnetwork for
sources effectively data integrated for trip generation travel demand estimation
An adaptive neuro-fuzzy Socio-economic variables Neuro-fuzzy system Developed for the
[35] |inference system outperforms compared with multiple linear | Palestinian urban area

traditional Regression.

included

Regression

trip generation
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Random tree regression with . Data-driven modelling with Case study in Nanjing,
Land use and social ; .
[36] | LBSN data captures land use . social network and cellular | China, for urban and non-
. ; network data integrated
impact on trips data local travelers
Machine learning models . . . . . Forecasting for ferry
[37] | identify GDP and population Socio economic variables | ML '.“e”“.’ds applleq to time transport demand between
Sk integrated series trip generation data
as key trip drivers ports
Gradient boosting d(_a0|5|on Socio-economic and urban | Introduced GBDT for trip Applleq to the Beijing
[38] tree outperforms linear . . . . : residential travel census
. planning variables included generation forecasting
Regression data
OLS models identify . . . . Application in the
employment and Socio-economic and land OLS regression applied to ; -
[39] . . X . . . Medellin Metropolitan
establishment area as key for use variables included service trip generation .
. - Area, Colombia
service trips
Mult_lple plecewise Handles categorical, binary, Piecewise regression is Encouraged for trip
Regression fits data more . . - .
[40] . and continuous variables proposed for nonlinear generation and related
accurately than previous - . X .
flexibly relationships modelling
methods.
ANN outperforms MLR with Socio-economic and ANN with logistic sigmoid | Applied in Baghdad city
[41] higher R2 and lower error household variables transfer function compared to for trip production
metrics included MLR forecasting
Boosting trees best among ML Socio-economic, Explainable ML models .
. . . Big data approach for
[42] | models for population inflow | demographic, and land use compared for nonlinear !
R h travel demand modelling
estimation variables analysed effects
Emerging machine learning | Socio-economic and land . . Comparative overview of
L X Transition from regression .
[43] models show promise in use variables are : data collection and
. ; . . - and category analysis to ML . .
developing countries increasingly integrated modelling techniques

In the last 50 years, trip-generation studies have shifted
away from simple aggregate OLS modelling to more elaborate
count, econometric, and machine-learning models.

The importance of disaggregated household models and
socio-economic predictors was put forward in early work.
Since the 1980s-2000s, Poisson/Negative-Binomial and
ordered models have been suggested by researchers to deal
with count distributions and prevent inadmissible forecasts;
hierarchical and tree-based models have been suggested as
ways of addressing non-linearity and heterogeneity.

Since 2010, an increasing amount of research has been
conducted to demonstrate that machine learning (ANN,
GBDT, CatBoost, Random Forest) and hybrid methods can be
particularly more predictive when large, high-frequency, or
multi-source data (LBSN, electricity consumption, panel
surveys) are available.

Simultaneously, comparative studies again and again
reveal a pragmatic trade-off, where ML methods are more
accurate but may lack interpretability as well as transferability
across contexts; count/econometric models (Poisson/NegBin)
are more appropriate to trip count distributions, but still need
to be careful with overdispersion and spatial heterogeneity.
Recent reviews also emphasize that Tier-2 city settings and

280

data limitations are underrepresented: most of the state-of-the-
art ML performance is observed in large cities, and smaller
cities are less explored and, in many cases, have interpretable,
transparent models to plan decisions.

2.3. Comparative Analysis of Existing Trip Generation
Models

Table 3 shows a comparative analysis of recent trip
generation studies that have been published in the last five
years (2020-2025). Based on the review, it can be concluded
that trip generation modelling is widely used, and
conventional regression models, nonlinear regression
techniques, and machine learning approaches are all used
extensively.

The most consistent variables for all study areas were
household size, income, vehicle ownership, employment, and
land-use characteristics. While a few studies showed
increased predictive accuracy for machine learning
algorithms, most studies concentrated on a single modelling
approach or particular trip types. The present study, however,
evaluates four commonly used statistical regression
techniques in a systematic manner to assess the suitability of
the models for the household trip generation in the bi-nuclei
urban system of Sangli-Miraj-Kupwad, using a common
household survey data set.
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Table 3. Comparative analysis of existing household trip generation models

L - . - Comparison with the
Citation|  Study Area Model Used | Significant VVariables Key Findings Present Study
characlt_ear?sdt;gssePoints The best results in terms The present study
R ’ of prediction accuracy (R2| concentrates on socio-
.. . andom Forest + | of Interest (POIs), . . .
[36] Nanjing, China : > 0.93) were obtained | economic variables of the
OLS public transport from land h hold. i d of
stations, and highway rom fand-use ousehold, instead o
’ characteristics. land-use variables.
entrances
dPopuIatlon-, GBDT improved The present study
emographic dicti f b tatistical
_ characteristics prediction performance by|  compares statistica
[38] Beijing, China GBDT + OLS S approximately 12% over | regression models instead
occupation, income, - :
transbort ownershi OLS based on RMSE and of machine learning
pl P, MAE. algorithms.
and use
Multiple Piecewise The present study
Multiole Household size, Regression improved compares several
[40] Cairo. Eqvot PiecevSise household income, car prediction accuracy statistical regression
» EQYP Rearession ownership, employees,| compared with multiple |models rather than a single
g gross floor area regression and cross- nonlinear regression
classification models. model.
. . Household size and age The present study
MLFJ;;Ip::SI;igﬁr?ar significantly influenced | develops household trip
[15] Kumasi. Ghana (MLR% + Ordinal Age, household size, | student household trip | generation models for the
' Loaistic gender, trip purpose | generation, while OLR | general population rather
Re ress?on (OLR) showed better predictive than student travel
g capability. behaviour.
. . Spatial-MGAT achieved
Spatial Multi- POI density, SOCI0= 46 Jowest prediction error The present gtudy mod_els
. - demographic household trip generation
New York City, | Graph Attention o among the compared : . .
[44] . characteristics, road - without incorporating
USA Network (Spatial- models by effectively .
network, transport : . spatial graph-based
MGAT) S capturing spatial '
facilities : . learning.
interactions.
. . T ravel d!stance, trip C.OSt’ The present study extends
. . Travel distance, trip | income, journey duration, .
Multiple Linear : : - conventional MLR by
. . cost, monthly income, | and vehicle ownership . .
[10] | Hyderabad, India Regression - . S . comparing multiple
journey duration, significantly influenced L )
(MLR) . . . - - statistical regression
vehicle ownership trip generation (R? = models
0.646). '
. The overall trip model The present Stl.de
Household size, . a compares multiple
achieved Rz =0.691, . .
employed persons, improving to R2 = 0.722 | regression techniques and
[16] Jericho, Palestine | Multivariable students, income, aftgr incogr orating land- evaluates model
S inear Regression|vehicle ownership, age : : performance to identi
14 TAZ Linear Regression| vehicl hi porating f identi
use variables, while the . -
groups, land-use . . the most suitable trip
. education trip model -
variables . T generation model for an
achieved R2 = 0.969. . ) .
Indian bi-nuclei context.
SVM with an RBF kernel The present study
Patna Urban Linear Rearession Population (trip achieved the highest compares statistical
[45] Agglomeration, |+ Supporthector production), prediction accuracy (R* = regression models,

India (100 TAZs)

Machine (SVM)

employment (trip
attraction)

1.00 for trip production
and Rz = 0.95 for trip

whereas this study
evaluates machine

attraction).

learning algorithms.
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Linear Regression

United States + Random Forest

[5] (NHTS dataset)

Household size, young
children, household
income, vehicle
ownership, age,

The present study
develops household trip
generation models using

household survey data

Linear Regression
remained competitive
(weighted R2 = 0.321) and

(Australia); Seattle

and Chicago (USA) Regression +

Random Forest

+ CatBoost . . outperformed other .
education, public X from a single urban
X models in 23 of 51 states. .
transit use region.
. . Random Forest achieved This study evaluates
Negative Population, household . - . . .
Sydney, - . . the highest prediction | pedestrian trip generation
Binomial size, household : - ) .
Melbourne, . ; : accuracy, while Negative | across multiple cities,
. Regression + income, vehicle . . .
[46] Brisbane - ) . Binomial Regression | whereas the present study
Bayesian ownership, station

density, land use, POls,
network connectivity

performed well for over-
dispersed pedestrian trip
generation data.

focuses on household trip
generation in a bi-nuclei
urban system.

2.4. Research Gap

The literature on trip generation modelling shows two
simultaneously occurring initiatives: the growing use of
advanced data-driven techniques, such as machine learning
and spatial models, to enhance predictive performance and the
need for more interpretable and operational models in data-
limited urban settings. Although advanced models can
perform better, they typically demand large, diverse datasets
and are opaque, making them difficult to apply for planning in
smaller and new urban areas. Conversely, legacy methods,
based on Regression, while interpretable, suffer from their
inability to represent complex relationships and variations in
travel behavior. This leaves a key challenge for developing
modelling approaches that meet the needs of simplicity,

interpretability, and rigorous analysis. Despite these
developments, there has been very little research to
systematically compare various statistical modelling

techniques for household trip generation across multiple cities
in Tier-2 India, with a common dataset. The current research
mostly uses only one modelling tool, and it is not clear
whether linear modelling, nonlinear modelling, or distribution
modelling is more appropriate for data-limited urban settings.
This paper fills this gap by adopting a multi-modelling
approach using Multiple Linear Regression (MLR),

Generalized Linear Model (GLM), Generalized Additive
Model (GAM), and Quantile Regression to understand the
linear, nonlinear, and distributional features of trip generation
behavior with local data.

3. Details of Study Area

The two cities of Sangli and Miraj, which are very historic
cities of Maharashtra, have transformed into major
metropolitan cities since they were established in the Middle
Ages and ancient India. The princely state of Sangli (which
was earlier under the Maratha Empire) was ruled by the
Patwardhan family since 1782 [47]. Sangli was a significant
city throughout the Maratha and British periods, famed for its
agricultural wealth, notably turmeric, and the sugar industry
[48]. The strategic position, large tract of agricultural land, and
the prosperous industrial sector of the region have a demand
for a thorough approach to the governance of municipalities
[49]. Figure 1 shows the Sangli-Miraj-Kupwad Municipal
Corporation (SMKMC) area that was established in 1998 to
manage the rapidly developing urban agglomeration
composed of the twin cities of Sangli and Miraj, as well as the
neighboring town of Kupwad. In the 2011 census, Sangli-
Miraj-Kupwad region had a population of 502,793, with an
area of 118.18 square kilometres.

Location of Study Area

i, ‘Sangli Mira}

[ Sangli Miraj Kupwad Muncipal Area
[ sangli

[ Maharashtra

[ STATE_BOUNDARY

0 500 1,000 km
_——

Fi§. 1 Sangli miraj kupwad municipal corporation area
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4. Methodology

The aim of the project is to create a trip generation model,
which is founded on individual trips which start at the
residential area of the study area. The required data was
obtained through a survey of households by use of a

questionnaire. The data obtained was then analysed
statistically, that is, correlation and four model analysis, in R-
software. The output of the model may be capable of
forecasting the trips that will be created by similar residential
land use in future. Figure 2 shows the methodology used in
this study.

Objectives of Study
To develop a linear regression model for predicting household trip
generation.

I

Number of Trips & Factors Affecting Trip Demand
Identify dependent and independent variables

4

Data Collection - Questionnaire
In-person household surveys using a questionnaire to collect all
necessary data.

{

Data Analysis - Excel / R Software
Process data in Microsoft Excel, perform correlation and
regression analysis in R.

4

Trip Generation Regression Models
Develop MLR, GLM, GAM, and Quantile Regression models

Fig. 2 Methodology

4.1. Data Collection

The dependent variable of the chosen study area is the
number of trips that are generated in each residential zone. A
detailed household survey was carried out to get the required
data by conducting home-based interviews on 1,294
households. The survey was aimed at getting specific travel
data of people living in these households to know what factors
contributed to the generation of trips. As the source of most
trips is usually the household, the home-based trips were
singled out and examined. The gathered data was put to the
purpose of creating an Origin-Destination (O-D) matrix,
which allowed for evaluating the travel behavior of the study
area. To achieve representative spatial and socio-economic
coverage of the study area, a multistage stratified sampling
approach with proportionate allocation was used. The Sangli
— Miraj — Kupwad Municipal Corporation was first divided
into 12 Traffic Analysis Zones (TAZs), and the sample size
was proportionately divided among the zones according to the
number of households in each zone. The zonal sample was
then proportionately distributed across the 74 municipal
wards, giving each ward the same size in terms of the number
of households. The medium-sized household (3-4 people)

283

accounted for 66.5 percent of the population sample and
therefore was the largest household size in the study. The
proportion of all households that owned at least one private
vehicle was 84.5% of the total, with a high level of
dependency on private transport for commuting to work. In
terms of types of trips, the most important trips were also
household trips (38.7% work trips; 18.5% shopping trips),
indicating that the primary motives for travel were
employment, education, and essential trips. Moreover, the
private area is the largest occupation, and a two-wheeler is the
most popular mode of transportation among the employees,
both male & female. The following features indicate that the
survey data are reasonably representative of the demographic
and travel behavior differences that can be used to formulate,
compare, and test valid models of household trip generation.

The questionnaires were conducted by direct household
interviews, hence ensuring that comprehensive and
dependable information was collected by residents.

The questionnaire was made in a structured format to
gather information that pertains to both dependent and
independent variables that affect the generation of a trip.
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e Several independent variables were also contained in the
questionnaire and they included: Age and gender of
individuals, Occupation and monthly income, Type and
nature of dwelling unit, Vehicle ownership, Approximate
distance of travel and travel time, Cost of trips per day
and frequency of travel, Mode of transport used and
purpose of trip and Accessibility, satisfaction, and
willingness to shift or pay more to have improved
transport facilities.

The questionnaire gathered a large number of socio-
economic and travel-related variables, but household size,
vehicle ownership, and household income were considered for
model development. These variables were chosen because of
their theoretical importance in household trip generation
studies, exploratory correlation analysis, and their statistical
significance in the initial model estimation. The variables
chosen gave the best explanatory power in terms of model
simplicity, with no over- or under-identification of the model.

5. Data Analysis and Model Development
5.1. Multiple Linear Regression (MLR)

The data was initially tabulated and purged in Microsoft
Excel, and then, extensive statistical analysis was performed
with the help of the R software environment. R was selected
due to its effectiveness in working with massive data sets,
statistical calculations, and visualization of the relationship
between variables.

The analysis was mainly aimed at analyzing the variables
that have an impact on generating trips, where the number of
trips (ntrip) was used as a dependent variable, and the
independent variables included the household size (hhsize),
number of cars owned (numcars), and income. Data analysis
was initiated using Exploratory Data Analysis (EDA) to know
the structure and distribution of the variables. R was used to
create the measures of mean, median, range, and standard
deviation of each variable with the help of the summary () and
describe () functions. Frequency distributions and graphic
representations (histograms and scatter plots) were developed
to determine the trends, distribution, and possible outliers in
the data. Then a correlation table was created to determine the
strength and direction of the relationships between the main
variables, in this case, the number of trips, the number of

people in a household, and the number of cars. This step
assisted in establishing the variables that were closely related
to the trip generation behavior. After the exploratory analysis,
a multiple linear regression model was constructed in order to
measure the relationship between the independent and
dependent variables. The R regression model was given as
follows:

ntrip= B0+ B1(hhsize) + B2(numcars) + B3(income) + &

B0 indicates the intercept, B1, B2, and B3 indicate the
regression coefficients, and ¢ is the random error. The model
was tested by the coefficient of determination (R2) and
adjusted R2, which determines the level at which the
explanatory variables can predict the number of trips
generated. The given analytical framework allows grasping
the effect of socio-economic and household factors on the
number of generated trips in a certain region, such as family
size, vehicle ownership, and income, etc. A regression model
can therefore be used as a basis for trip generation modelling
in transport planning and policy analysis.

5.1.1. Descriptive Statistics

Table 4 shows the descriptive statistics of all the
variables in the dataset, which were obtained using the
summary () command. The number of trips (ntrip) was
between 1 and 10.5, the mean number of trips was 5.19 trips
per household, and the median was 4.5, which indicates the
household trips were moderate. The number of persons living
in households (hhsize) ranged between 1 and 7, with a central
tendency of 3.39, which implies that the majority of the
households were small to medium-sized family households.
Numcars, which was vehicle ownership, was between 0 and 5
vehicles, and the mean was 1.55, indicating that most of the
households had one vehicle. There was a broad distribution of
household income (income), %2,000 to 750,000 per month,
with an average income of 237,341, which implies that the
socio-economic status of households was very different. Other
household attributes like the number of working members
(numwork) and number of driving members (numdrive) also
had means of 1.56 and 1.55, respectively, which are consistent
with the mean household size and number of cars, which
supports the correlation between employment, mobility, and
frequency of travel.

Table 4. Descriptive statistics and frequencies output

Statistic | ntrip | hhsize | numtot4 | num5to21 | numadult | numwork | numdrive | income | numcars
Min. 1.000 | 1.000 0.000 0.000 0.000 0.000 0.000 200 0.000
1st Qu. | 4.000 | 3.000 0.000 0.000 0.000 1.000 1.000 25000 1.000
Median | 4.500 | 3.000 0.000 1.000 0.000 2.000 1.000 33000 1.000
Mean 5.193 | 3.395 0.299 0.887 0.178 1.564 1.554 37341 1.554
3rd Qu. | 6.500 | 4.000 0.000 2.000 0.000 2.000 2.000 45000 2.000
Max. 10.500 | 7.000 2.000 4.000 2.000 4.000 5.000 750000 5.000
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5.1.2. Graphical Representation

The graphical outputs created with the help of R Software
that helpful to understand the features and interdependencies
between the most important variables of the study. The scatter
plot of Household Size vs. Number of Trips, as illustrated in
Figure 3, indicates that a positive relationship exists between
the Household Size and the Number of Trips. There is also a
tendency to increase the number of trips generated by
household size, which means that the larger the household, the
higher the travel activity.

The distribution of points in various household sizes also
indicates that there is variability in traveling behavior, which
is indicative of the disparity in the socio-economic status, trip
purpose, and vehicle accessibility among similar groups of
households. The histogram of Income Distribution illustrated

in Figure 4 indicates a very skewed rightward distribution
where a significant percentage of households are between the
lower to middle-income range, and only a percentage of
households record very high-income levels. This is a skewed
distribution common in the socio-economic data and points to
a high level of income inequality among the research
population. The majority of the concentration at lower income
levels can also reflect on travel behavior, especially mode
choice and frequency of travel.

These plots, combined with the descriptive and
Regression analyses, can be used to indicate that household
size and vehicle ownership are key factors in influencing the
trip generation, whereas income, albeit not distributed equally,
helps explain the differences in the travel behavior of
households of various groups.

Household Size vs Number of Trips
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Fig. 3 Household size vs number of trips
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5.1.3. Regression Model Development

In the current research, the multiple linear regression
analysis was used to determine the statistical correlation
between the number of trips generated (dependent variable)
and the key household variables, including household size,
number of cars owned, and household income (independent
variables). Regression analysis is a powerful instrument in trip
generation research because it enables researchers to measure
the degree to which changes in socio-economic and
demographic factors will affect travel.

The predictor variables data were collected using detailed
household surveys, and the response variable, the total number
of trips, was also recorded using the same data. A multiple
regression model was created with the help of the R software
environment to determine the contribution of each
independent variable to trip generation. Table 5 shows the
model equation, which is as follows:

Table 5. Regression coefficients

Explanatory Variable Pé rameter Standard Error (S.E.) of the T-statistics
stimate estimate
Household Size 1.168280 0.038105 30.659
Number of Cars (Bncar) 0.491105 0.043999 11.162
Income 0.001657 0.001161 1.427
Constant 0.401905 0.136041 2.954

Yi=0.4019+1.1683* X1 +0.4911* X, +0.001657* X3

Where,

Yi = Number of Trips

X1 = Household Size

X2 = Number of Cars (motorized vehicles)
Xz = Income

Interpretation of the coefficient of household size:

e Forevery 1 person increase in a household, the trips will
increase by 1.16 for the household.

e Interpretation of the coefficient of the number of cars:

e Foraunitincrease in car ownership, the trips will increase
by 0.49 for the household.

Interpretation of the coefficient of income:

For a unit increase in the income, the number of trips
increases very marginally, which is about 1.64e-03. However,
this is an incorrect way to interpret income, because income,
being an important socio-demographic characteristic, will
affect the number of trips for the household. The income value
has to be scaled down to match the other values in the dataset.

Yi=0.4019+ (1.1683x3.39) + (0.4911x155) +
(0.001657x37.341)
Yi=5.19

The model predicts an average of 5.19 trips per
household, closely aligning with the observed mean from
survey data.

5.1.4. Regression Statistics and Goodness of Fit

In order to test the effectiveness and consistency of the
developed trip generation model, it is necessary to consider
the regression statistics and goodness-of-fit indicators. Table
6 below gives the calculated regression statistics and explains
their relevance in the model developed.

Table 6. Regression statistics

Goodness of fit measures:

Regression Sums of Squares (SSR) 2406.084
Residual Sum of Squares (SSE) 2231.11
Total Sum of Squares (SST) 4637.2

R?2 0.5188

Adjusted R 2 0.5177

Number of Cases 1294
Evaluations of the developed regression model

performance were done based on several goodness-of-fit
measures. The Regression Sum of Squares (SSR) was
2406.084, with the Residual Sum of Squares (SSE) of
2231.11, and a Total Sum of Squares (SST) of 4637.20. These
values imply that the model is able to explain a significant
amount of the total change in the number of trips created. The
calculated Coefficient of Determination (R?) is 0.5188, which
is about 51.88 per cent of the variability of trip generation that
can be accounted for by the independent variables, which are
the number of household size, the number of cars, and income.
The adjusted R2 (0.5177), which reflects the number of
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predictors, shows that the model has a high level of
explanatory importance, and it has no risk of over-fitting. The
regression results indicate a statistically dependable yet fairly
powerful model fit with a sample size of 1, 294 households.
This means that the chosen household traits are a significant
representation of trip generation behavior in the study region,
which justifies the appropriateness of the multiple linear
regression method applied in this analysis.

5.2. Generalized Linear Model (GLM)
5.2.1. Graphical Representation

Visual graphical analysis was performed to help
investigate the relationship between the explanatory variables

Household Size vs Trips
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and trip generation. The scatter graph in Figure 5 of
Household Size on Trip Numbers confirms that the
relationship is positive, linear, and there is a positive
association between trip generation and household size.
However, the data points do have a little 'noise' in them,
suggesting that there could be some variation and non-
linearity in its relationship. It can be observed in the vehicle
ownership histogram that most of the households own
between 1 and 2 vehicles, and that the number of households
with 2+ wvehicles gradually declines. This distribution
indicates the impact of motor vehicle ownership on trip
generation. To sum up, the visualization validates the
importance of household size and vehicle ownership for the
trips generated.
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Fig. 5 Household size and number of cars

5.2.2. Regression Model Development

Trip generation was modelled using a Gaussian
Generalised Linear Model (GLM) and an identity link
function. This model is the same as multiple linear Regression,
but can be expanded to more sophisticated ones. A functional
form of the model:

ntrip=f0+PB1(hhsize)+B2(numcars)+e

The model was fitted using the maximum likelihood
estimation approach, and diagnostic tests were performed for
the statistical significance of the model. To determine
multicollinearity of explanatory variables, the Variance
Inflation Factor (VIF) was calculated, which is very close to
1, indicating the absence of multicollinearity.

5.2.3. Results and Diagnostics
The results of the estimated GLM show that household
size and vehicle ownership are significant factors influencing
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trip generation at the 1% level. Household size (1.17) implies
that an increase in the number of family members is associated
with an increase of trips by about 1.17 trips per day.

Similarly, the coefficient on ownership of own cars (0.50)
indicates that for every additional car, the number of trips goes
up by approximately 0.5 trips per day. The standardized
coefficients also show that, compared to vehicle ownership
(0.23), household size (0.62) is a better predictor of trip
generation, and thus the most important. Model fit is
satisfactory, there is a significant reduction in residual
deviance, and the Akaike Information Criterion (AIC) is
4387.2. However, the Breusch-Pagan test indicates that there
is evidence of heteroscedasticity (p < 0.001). To correct for
this issue, robust standard errors were used to draw accurate
statistical conclusions. The model was validated with a train-
test split, resulting in an RMSE of 1.28 and an MAE of 1.05,
suggesting reasonable model performance for travel behavior
applications.
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Fig. 6 Diagnostic plots for GLM

Figure 6 below shows diagnostic plots, which show that
the residuals are mostly centered on zero, with a slight pattern
that suggests a bit of non-linearity. The Q-Q plot is relatively
normal with some departures at high values. The scale-
location plot shows an increasing spread of residuals, so
heteroscedasticity is present. There are no influential
observations in the plot of residuals vs leverage. The model is
good, with heteroscedasticity corrected for by using robust
standard errors.

5.3. Generalized Additive Model (GAM)
5.3.1. Graphical Representation

Figure 7 shows the plot of household size and trip
generation, which shows a positive but nonlinear relationship,
implying the growth in trip generation is not linear over all
household sizes. This finding suggests that it is important to
adopt a flexible approach to model this relationship. There is
a relatively linear positive effect of vehicle ownership on trip
generation.

Nonlinear Effect of Household Size

Effect on Trips
(@)
1

T
-+ 5 6 7

Household Size
Fig. 7 GAM smooth effect of household size

5.3.2. Model Development

To model the potential nonlinear effects, a Generalized
Additive Model (GAM) was used with the family set to

Gaussian and link set to identity. This model features a smooth
term for household size and a linear term for wvehicle
ownership:
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ntrip=p0+s(hhsize)+B1(numcars)+e

The smooth function allows the model to model the
possible nonlinearities between household size and trip
generation.

5.3.3. Model Results and Interpretation

The GAM indicates that the smooth function of
household size is highly significant (p < 0.001), with an
effective degree of freedom (edf = 3.756), which suggests the
trip generation process is indeed nonlinear. This does establish
that the impact of household size varies at the household level
to which it applies and is not necessarily linear. The number
of vehicles remains a significant linear predictor (coefficient
= 0.48), implying that household trips increase by almost 0.5
trips per household for each additional vehicle. The GAM
provides a better model fit than the GLM. The drop in the AIC
(GLM: AIC =4387.2, GAM: AIC =4329.2) indicates that this
isan improved fit. Similarly, the prediction performance of the
models is improved by decreasing the RMSE from 1.28
(GLM) to 1.26 (GAM) or the MAE from 1.05 to 1.04. The

deviance explained by the model is around 54.1%, which
further suggests that the GAM model is a better predictor than
the linear model.

In summary, our findings show that travel behavior is
indeed nonlinear in relation to household size, and the GAM
offers a better and more realistic model of household travel.

5.4. Quantile Regression Model
5.4.1. Graphical Representation

Figure 8 quantile regression coefficient plots show the
variation in the effects of explanatory variables across
quantiles. The coefficient of household size increases (from
low to high quantiles), suggesting that it has a greater effect
on high-trip households. By contrast, the coefficient of vehicle
ownership shows a decreasing trend, which implies that it
affects households with low trip generation more. The shaded
confidence bands show increasing variability at higher
quantiles, suggesting that there is some degree of variability
in travel behavior across different levels of travel demand.

Quantile Regression Coefficients
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Fig. 8 Quantile regression coefficient variation

5.4.2. Model Development

Three quantile regression models were estimated (25th,
50th, 75th percentiles) to capture varying effects at varying
levels of trips generated. The model will be:

ntrip=p0-+f1(hhsize)+p2(numcars)

This is more specific than mean-based models because it
allows estimation of the effects of explanatory variables over
all percentile levels of the conditional distribution, and thus
provides a more detailed understanding of the behaviour.
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5.4.3. Model Results and Interpretation

The results reveal that the explanatory variables have
quantile-specific effects. Household size is a progressively
stronger influence, with the coefficient ranging from 1.00 at
the 25th percentile up to 1.36 at the 75th percentile; in other
words, the higher the trip-generating household size, the
greater the influence. The coefficient for ownership of
vehicles is decreasing, on the other hand, from 0.67 at the
lower quantile to 0.43 at the higher quantile. This indicates
that having a car is more important for households with lower
travel demand. The median model's RMSE equals 1.32, and
its MAE equals 1.05, indicating that the model has a
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reasonable fit to the data. However, the utility of this type of
model is the finding of a heterogeneity in behaviour and not
necessarily its prediction accuracy. In general, the results
show that trip generation behavior is heterogeneous with
respect to demand and cannot be explained by mean-based
models such as GLM and GAM.

Table 7. Comparative analysis of trip

6. Comparative Analysis of Developed Models

A comparative evaluation of the four modelling
approaches was conducted to assess their effectiveness in
explaining household trip generation behavior.

eneration models

Key Nature of -
Model Type Variables | Relationship AIC |RMSEMAE Key Findings Role
MLR Linear hhsize, Linear - - - Basic rela}tlonshlp Baseline
numcars established
GLM Lmee.lr hhsize, Linear 43872 1.28 | 1.05 S_tat_ls'tlcally ro_bust, Refm_ed
(Gaussian) numcars significant variables baseline
GAM Nonlinear | Shsize), | Nonlinear - jo5q 51 4 o5 | 1.04| ~CAPIUrEsnONInEar i) pjoe
numcars (hhsize) behavior, best fit
Quantile Distribution- hhsize, Varies across Reveals behavioral Supporting
h . - 1.32 | 1.05 .
Regression based numcars quantiles heterogeneity Model

Table 7 shows a comparison of the trip generation results
of the four models. The results indicate that while MLR and
GLM have a good model fit and significance of variables, the
linear association fails to explain the complexity of travel
behaviour.

The GAM outperforms MLR and GLM with a lower AIC
and better accuracy, indicating the presence of nonlinear
effects. Quantile regression, while not enhancing prediction
performance, adds valuable insights about the impact of
variables across different demand levels. In conclusion, the
GAM is the most appropriate, with quantile regression
offering insights into behaviour.

6.1. Sensitivity Analysis and Scenario Testing

To assess the effect of the significant explanatory
variables on household trip generation, a sensitivity analysis
was performed with the chosen Generalized Additive Model
(GAM). The analysis was done with a representative baseline
household, which assumed the median household size (3

persons) and median vehicle ownership (1 vehicle). The one-
factor-at-a-time design was used; the one factor being changed
as the other factors were kept constant, and the change in each
factor was tested on its effect on the predicted household trips.

This household size sensitivity analysis (Table 8 and
Figure 9) shows that household size is the major factor that
influences household trip generation.

The nonlinear response observed in the GAM suggests
that there are varying effects of household size within each of
the household categories. The decline in the marginal
increases for larger-sized households indicates saturation in
trip-making behaviour, while the higher participation and
travel demand increases for medium-sized households are
reflected in the rapid growth in their predicted trips. This
proves that the linear relationship between household size and
trip generation could lead to under- or over-estimation of
travel demand for some types of households, showing the
benefit of the GAM over conventional regression models.

Table 8. Sensitivity analysis of household size on household trip generation

Household Vehicle Predicted Household Change in Predicted Percentage Change
Size Ownership Trips Trips (%)
2 1 3.26 0.00 0.00
3 1 4.26 1.01 30.92
4 1 5.85 1.59 37.28
5 1 6.88 1.03 17.61
6 1 6.98 0.09 1.35
7 1 6.61 -0.37 -5.31
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Fig. 9 Effect of household size on predicted household trip generation

The sensitivity analysis of vehicle ownership shows a
steady positive relationship between vehicle ownership and
household trips (Table 9 and Figure 10). The answer is not
greatly different depending on the different vehicles people
own, and it seems like each vehicle addition added in a similar
amount of travel demand, unlike with household size. The

result confirms the significance of private vehicle ownership
as a measure of household mobility and Accessibility, and
indicates that further expansion of private vehicle ownership
will lead to a rise in travel demand, unless accompanied by
effective public transport and travel demand management
measures.

Table 9. Sensitivity analysis of vehicle ownership on household trip generation
Household Vehicle Predicted Household Change in Predicted Percentage Change
Size Ownership Trips Trips (%)
3 0 3.78 0.00 0.00
3 1 4.26 0.48 12.72
3 2 4.74 0.48 11.28
3 3 5.23 0.48 10.14
3 4 5.71 0.48 9.21
Sensitivity of Household Trip Generation to \ehicle Ownership
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Fig. 10 Effect of vehicle ownership

on predicted household trip generation
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Another way to demonstrate the usefulness of the
developed model for transportation planning is through
scenario testing (Table 10 and Figure 11). Of the scenarios that
were evaluated, the scenario of Combined Growth resulted in
the largest projected increase in the number of household trips,
revealing that the simultaneous growth in household size and
vehicle ownership has a significantly larger impact on travel
demand than either growth alone. By contrast, the Small
Household Scenario saw the reduction of trips predicted,

showing that the travel demand of households was sensitive to
the changes. The results show that the proposed GAM is
effective in predicting household trips and useful for decision-
making support when assessing the future growth scenarios of
the city, when forecasting the travel demand in the presence
of shifting socio-economic conditions, and when providing
evidence for transportation planning in bi-nuclei urban
systems.

Table 10. Scenario testing using the Generalized Additive Model (GAM)

Planning Scenario Hous_ehold Vehicle_ Predicted Household Change in_ Percentage
Size Ownership Trips Predicted Trips | Change (%)
Baseline 3 1 4.26 0.00 0.00
Residential Growth 4 1 5.85 1.59 37.29
Higher Vehicle Ownership 3 2 4.74 0.48 11.26
Small Household Scenario 2 1 3.26 -1.01 -23.69
Combined Growth 4 2 6.33 2.07 48.55

Scenario Testing Using the Generalized Additive Model

6.33

Average Predicted Household Trips

Residential Growth

Baseline

Higher Vehicle
Ownership

Planning Scenario

Small Household Combined Growth
Scenario

Fig. 11 Comparison of predicted household trips across planning scenarios

6.2. Policy Implications, Scenario Analysis, and Practical
Recommendations

The household trip generation models developed are
useful tools for evidence-based planning in bi-nuclei urban
systems. Household size and vehicle ownership were found to
be the most important variables influencing household trip
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production, and their consideration is important in
transportation planning. To illustrate the applicability of the
modelling framework proposed in this study, the policy
implications,  planning  scenarios, and  actionable
recommendations resulting from the study findings are
summarized in Table 11.
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Table 11. Policy implications, scenario analysis, and actionable recommendations

Key Finding

Planning Scenario

Expected Impact

Policy Implication

Actionable
Recommendation

The size of the
household has a
significant impact on
the number of trips
generated.

Development of new
high-density
residential areas
resulting in larger
household
populations.

Growth in
household trip
production and
travel demand.

Increased access
requirements for
road capacity, public
transport, and local
access.

Incorporate household
growth projections into
transport master plans and
infrastructure investment
decisions.

Vehicle ownership
significantly
influences household
trip generation.

Increase in private
vehicle ownership
due to socio-
economic
development.

Higher private
vehicle trips,
traffic congestion,
parking demand,
and emissions.

Greater need for
sustainable mobility
policies and demand

management.

Improve public transport
services, strengthen parking
management, and promote
non-motorized transportation
infrastructure.

The best predictive
performance was
obtained by the use
of the Generalized
Additive Model

Adoption of
advanced statistical
models for travel
demand forecasting
by planning agencies.

More precise
estimation of
household trips
and better
forecasting.

Better-informed
transportation
planning and

evidence-based
policy making.

Adopt the GAM framework
for household trip
forecasting, traffic impact
assessment, and long-term
transportation planning.

(GAM).

7. Limitations and Future Research

Limitations in the present study should be noted while
interpreting the results of the study. Firstly, the developed trip
generation models are based on household survey data
collected for the Sangli — Miraj — Kupwad Municipal
Corporation, and hence their applicability to other urban areas
is to be verified before their wide-scale implementation.
Second, socio-economic and household characteristics are
more often analysed in the study, while land-use
characteristics, built-environment attributes, and emerging
modes of transport like ride-sharing, micro-mobility, and
telecommuting were not explicitly accounted for, as survey
data for these are not available. Third, the study compares four
statistical regression models and does not explore the more
advanced machine learning techniques and deep learning.
New mobility services, built environment data, and real-time
mobility data should be introduced to enhance the predictive
power of household trip generation models in the future.
Finally, a comparative analysis of statistical, machine
learning, and hybrid modelling techniques for various urban
settings would further highlight their generalizability and
applicability for transportation planning purposes.

8. Conclusion

This research shows that a multi-model approach can be
applied to model household trip generation in SMKMC, with
nonlinear and distributional models offering more insights
than linear models. Household size and car ownership are the
strongest trip generation factors. In the various models tested,
the GAM offered the best overall performance, able to capture
nonlinear relationships without reducing the interpretability of
the model. Quantile regression also reveals differential
impacts of variables at different trip levels, suggesting
behavioural differences. The principal contribution of this
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study is a systematic comparison of four complementary
statistical modelling approaches with a common household
survey case data representing a Tier-2 Indian city, which can
assist in identifying the most suitable and interpretable model
for modelling household trip generation. The results indicate
that linear models may underestimate travel patterns. The
distributional and nonlinear models provide a better fit to
urban travel patterns, particularly in rapidly developing Tier-
2 cities. The results of the sensitivity analysis showed that a
household's size has a higher impact on a household's trip
generation than vehicle ownership, and the results of the
scenario analysis showed how the proposed framework can be
used in practice to evaluate future urban travel demand under
various urban growth scenarios. Future research should
include land-use, activity-based information, new modes of
transport (ride sharing and micro mobility), and data from
multiple years to enhance transferability, temporal stability,
and policy usefulness. Study limitations include: only a single
year of cross-sectional data available, which means that
temporal variability and broader behavioural functions can
only be inferred; and that very limited socio-economic data are
available to further inform the interpretation of temporal
variability. Additionally, the study did not include count-
based models or spatial models. Further research can consider
additional socio-economic and land-use variables, count-
based and spatial models, and cross-validate the findings with
more years of data to enhance the accuracy and the utility of
the model. In general, it is concluded that the suggested
modelling approach is a combination of model comparison,
sensitivity analysis, and scenario testing that is more
comprehensive in understanding household travel behaviour
than a single modelling approach. Based on these findings,
this paper presents an operational approach to provide a
decision support structure for travel demand forecasting and
transportation planning in rapidly urbanizing Tier-2 cities.
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