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Abstract

The efficiencies of urban transport systems in several cities are drastically affected due to difficulties imposed by rapid
urbanization and the proliferation of private modes of transport. The conventional four-stage travel demand modeling
approach provides an ideal platform to formulate strategies to rectify problems in urban transport. Trip generation is the
first stage in this exercise (where trip production and trip attractions are modelled), followed by trip distribution in the
second stage. The present work related to the development of models for trip generation and trip distribution necessitated
the use of census data related to the number of households in each zone since the available revealed preference (RP) data
compiled based on household interview surveys was partially incorrect. A review of the literature indicated that studies on
the use of sparsely available and partially inaccurate data such as revealed preference and zone-specific secondary data on
trip generation and trip distribution were limited. In the present study, the use of the initial trip generation regression models
developed based on existing household survey data resulted in prediction errors ranging between 26% and 32%. Modeling
efforts after applying corrections to zone-specific characteristics based on secondary data and the use of trip rate per
household later resulted in prediction errors of less than +5%. In the latter phase of work related to trip distribution
modeling, a log-linear regression model was developed based on a smaller refined set of the revealed preference data
obtained by eliminating erroneous data in a stage-wise manner. The use of the calibrated and validated model ensured that
the errors in predicted trip frequencies were less than 0.6%. Here, the information on the inter-zonal aerial distances that
formed part of the trip distribution model was obtained using GIS approaches that employed the moment area method,
which considered the intensity of land use at the sub-zone level. The combined strategy incorporates the use of GIS-based
approaches to determine inter-zonal aerial distances, and the use of the refined relationship between trip interchanges and
the inter-zonal aerial distances in the development of a reliable log-linear regression model for trip distribution contributed
towards attaining higher accuracies in travel demand estimation. The modeling approaches described herein do not rely on
the use of sophisticated technology, and time-consuming data processing. The study will provide the basic framework for
transport planners to formulate better strategies for travel demand modeling where available data is noisy and less reliable.

Keywords: Trip Distribution; Moment Area Method; Travel Demand Modeling; Log-Linear; Gravity Model; Regression Modeling.

1. Introduction

The urban transport scenario has undergone drastic changes over the past few decades. Transport planners are often
challenged to provide efficient transport systems that can address the evolving mobility needs of trip-makers. To provide
effective travel opportunities in the face of restrictions imposed by unchecked urbanization, it is required to exploit the
potential of better approaches that can assist in decision-making in the field of urban transport management.

The conventional four-stage travel demand modeling approach is a powerful tool that can effectively assist in
evolving strategies to rectify problems in urban transport [1]. Trip generation is the first stage in this exercise where trip
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productions and trip attractions to various zones of the city are modelled, followed by trip distribution in the second
stage, modal split in the third stage, and trip assignment in the fourth stage [2, 3].

The conventional four-stage travel demand modeling (TDM) process, a systems-based approach that gained
importance worldwide in planning urban transportation systems, evolved with systematic top-down sequential
procedures for travel demand forecasting [4]. However, the capability of models to replicate field observations will
depend to a large extent on the accuracy of the supporting data.

One of the most important challenges in this study was that since details on the origin-destination travel matrix that
describes the travel desires of the trip-makers were not available, it was imperative to synthesize the same using
secondary data sources as demonstrated by Brijs et al. [5], Priyanto and Friandi [6], and Bwambale et al. [7], and by
extracting relevant information from revealed preference (RP) data on inter-zonal trip movements based on household
surveys as reported by Hu [8], and Bourgeat [9]. In the present study related to Amritsar city, the available revealed
preference (RP) data on household interview surveys for modeling trip generation and trip distribution was found
partially incorrect.

The primary scope of the study was focused on the development of regression-based trip generation models for trip
attractions and trip productions by incorporating the use of secondary data such as Census data with details related to
households in each zone as in investigations performed by Yue et al. [10], Chmelik [11], and Hussein et al. [12]. The
present study also incorporates the development of a log-linear regression model, and its calibration and validation based
on a smaller refined set of revealed preference (RP) obtained by eliminating erroneous data so that inter-zonal trips
could be correctly synthesized.

As part of the development of a regression model for trip distribution, it was required to obtain details on the inter-
zonal aerial distances between centroids of various zones in the city. A similar approach was adopted by several
researchers including Mozolin et al. [13], Jin et al. [14], and Chmelik [11]. This was accomplished by downloading
digitized high-resolution images through google-earth and by overlaying them with supplementary information on land
use and ward boundaries. The layers of high-resolution images were processed using Gimp, and the geo-referencing of
these images was performed using QGIS.

The present study will assist transport planners in devising strategies to refine primary household survey data that
could be partially incorrect, inconsistent, and noisy to perform modeling exercises for trip generation and trip
distribution as part of travel demand modeling (TDM). The approach adopted in this study using noisy RP data and
secondary data such as Census data for modeling trip generation and trip distribution is unique in the absence of a
readily-available OD (origin-destination) matrix. The present work will provide the basic framework for extracting
details on inter-zonal aerial distances between centroids using google-earth maps and QGIS, a free public domain GIS
software.

2. Literature Survey

In the early stages of travel demand modeling, travel demand forecast was mainly based on the extrapolation of
trends and the use of growth factor methods. But the late 1940s proved that the travel desires of trip-makers traveling
from one zone to another zone in the city can be represented by an origin and destination (OD) matrix table and that the
land use characteristics play a major role in trip-making [15].

Trip productions and trip attractions in each zone of the city depend to a large extent on the zone-specific
characteristics or variables such as population, number of households, number of employees, number of students, vehicle
ownership, employment potential, commercial floor spaces, and the educational opportunities. The use of multiple linear
regression (MLR) models for the study of trip generation based on similar zone-specific variables was demonstrated by
Hill and Dodd [16] for Toronto city, and Modesto. Domencich et al. [17] suggested a regression model that considered
the influence of cost of travel by various modes, the service characteristics, and other socio-economic factors on trip
generation, trip distribution, and modal choice simultaneously. Wilson [18] pioneered the development of spatial
interaction models and explained trip generation and trip distribution based on the concept of entropy.

Thamizharasan and Rengaraju [19] and Chari et al. [20] performed studies using regression models for predicting
trip movements in Chennai and Hyderabad respectively. HATS [21] conducted an extensive study on trip attractions
for Hyderabad city. The main objective of the study was to investigate the influence of land use characteristics, and
socio-economic factors on travel demand. As part of this study, the trip production and attraction rates were computed
using the category-analysis method, and subsequently, multi-linear regression models were developed to model trip
generation. Sarna et al. [22] adopted the traditional four-stage planning process for the projection of transport demand
for New Delhi for the base year 1981, where trip generation modeling was performed using multi-linear regression,
while trip distribution was performed using the BPR calibration procedure. The study indicated that the road system
would be insufficient to handle future traffic, and the six most preferred transport networks were identified to improve
road-based transport systems.
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Bjorketun [23] performed studies on trip assignment using TransCAD, a GIS-based software. The database on the
road network and the origin-destination (OD) matrix were made available by the local authority for Linkdping city in
Sweden based on the centroid-to-centroid trips. The GIS software was found to provide a user interface that was highly
capable of modeling disaggregated trip assignment. Varagouli et al. [24] performed studies on the application of a
regression model to identify factors affecting inter-city travel demand for Xanthi in Northern Greece. Information on
travel time and travel costs for various modes on the road links was obtained based on roadside interviews at junctions
collected over one week during summer. The origin-destination travel matrix was computed and later verified against
field data.

Kitamura [25] performed studies on the application of a dynamic simultaneous equation system for the study of car
ownership, trip generation, and modal split based on household data for The Netherlands. In this study, trip generation
was analyzed using the linear regression model. The investigations indicated that trip generation was influenced by the
number of workers in a household, vehicle ownership, and household income. Sofia et al. [26] developed multiple linear
regression (MLR) models using the step-wise approach for modeling household trip generation based on socio-
economic factors for Al-Diwaniyah city in Iraq which comprised 60 zones spread over an area of 52 sq. km. The results
indicated that trip productions were influenced by the household size, gender of the trip-maker, the number of working
members, and the number of students in the household.

Mustafa and Zhong [27] proposed a GIS-based high-fidelity travel demand model (HFTDM) for the estimation of
traffic volume counts on important road sections of the area of Beresford, Bathurst in New Brunswick. The GIS-based
approach was adopted in the estimation of trip generation, trip distribution, and traffic assignment for private modes of
travel. The study revealed that the GIS approach could perform better in the estimation of traffic counts when compared
to traditional regression-based approaches, and ANN. Semeida [28] adopted the use of the multi-linear regression
method to identify and select the main variables that affected travel demand in North East Egypt, where subsequently,
the generalized logit model (GLM) was used to model mode-choice preferences. Chang et al. [29] developed and
compared numerous trip generation models. Out of all the approaches available, it was found that the regression
modeling approach and the category analysis method provided reliable and accurate estimates.

Urade et al. [30] developed models for estimating trip generation for four major categories of trips such as work
trips, education trips, business trips, and shopping trips based on studies performed in 4 major zones located in the IT
hub of Nagpur City. Mamei et al. [31] performed studies on modeling mobility in the regions Piemonte, Lombardia, and
Emilia Romagna in Italy. Details on the trips generated and the OD matrix were obtained based on call detail records
(CDR) and mobile position data. Individual trips were aggregated to construct the OD data for various origin-destination
pairs. The studies performed by Cordera et al. [32] indicated that the use of the gravity models which considered the
effect of spatial separation was capable of providing realistic estimates of the travel demand as demonstrated in the case
of regional railway lines of Cantabria (Spain).

Calvo et al. [33] adopted a geographically weighted regression (GWR) approach to analyze the influence of socio-
economic and land use factors in Metro-trips for Madrid in Spain. The study indicated that the number of Metro trips
could be increased significantly by improving sustainable travel facilities in the activity zones. Doustmohammadi et al.
[34] utilized the stepwise linear regression and the Bayesian linear regression approaches for developing trip generation
equations related to freight traffic in Birmingham using GPS Census data on truck movements, and details on employees.
The approach was considered appropriate for analysis related to cities with a population ranging between 200,000 and
1,000,000.

Machado and Quintanilha [35] adopted the use of a GIS-based approach to determine activity centers and zones that
generate a large number of trips in Brazil incorporating changes in land use. This approach was considered less tedious
when compared to the time and effort spent on traffic data collection. Yang et al. [36] demonstrated the use of a random
forest regression approach to model trip generation for resident and non-resident trip-makers of 36 zones in Nanjing
city in China using cell phone signals collected from 76,061 signal towers. The study indicated that the trip-making
characteristics of resident and non-resident trip-makers of the city varied significantly and that mixed land use influenced
trip generation.

Aboelenen et al. [37] adopted the traditional approach to determining trip generation developed for residential
apartments and villas in Qatar based on household surveys. The regression models relating trips generated to household
income, household size, vehicle ownership, and driving license had R-square values ranging between 0.54 and 0.65.
The study indicated that the number of employees, students, and the number of members holding driving licenses in
households influenced the trip generation.

Gebre and Quezon [38] too adopted the use of linear regression to develop trip generation models for work trips
dependent on public modes for Hawassa city in Ethiopia. The independent variables used in regression models included
household characteristics, socio-economic factors, and trip-making characteristics. The study indicated that trip
production was significantly influenced by monthly household income.
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Hussein et al. [12] demonstrated the use of the category analysis approach for trip generation in addition to the use
of ordered logit modeling as part of discrete choice modeling for the London Census Metropolitan Area (CMA) in
Ontario, Canada. The study indicated that although the predictions made based on the discrete choice modeling approach
were reliable, the category analysis method was more versatile, and could be easily adapted in trip predictions at the
disaggregate and aggregate levels.

Mohd Shafie et al. [39] developed a regression-based trip generation model incorporating information on land use
related to the location of petrol-pump stations that provided fast-food services and convenience stores in Penang State
and Klang Valley in Malaysia. The study revealed that the use of the independent variable related to the number of
restaurant seats provided better predictions when compared to the total floor area and the number of petrol-pump
stations. Moreover, it was observed that incorporating information related to population and socio-economic
characteristics further improved the accuracy of trip predictions.

Based on a review of literature, it was observed that studies on the use of sparsely available data such as revealed
preference data (where the available data on OD-matrix is only partially correct), supported by secondary data such as
Census data (with information on zone-specific characteristics) in modeling trip generation and trip distribution were
very limited.

3. Details on the Study Area

Situated at 31.63°N and 74.87°E with an average elevation of 234 meters, Amritsar is one of the most ancient cities
in India. The city lies on the main Grand Trunk Road (GT Road) connecting Delhi and Lahore in Pakistan. Amritsar is
considered the gateway for travellers coming to India by the land route from central Asia from ancient times. Among
all the famous places, the Golden Temple of Amritsar is a major tourist destination and pilgrimage center that attracts
thousands of people from around the world. It has an important place in the history and culture of the Sikh religion.
Figure 1-a, provides details on the location of Amritsar city in the State of Punjab, India, along with the location of
nearby cities (Website: Creative Commons-1, Website: Creative Commons-2) [40, 41]. Out of a total of 111 Traffic
Analysis Zones (TAZs) of Amritsar city, trip movements among 65 internal zones of the municipal area were considered
important in the study conducted by CES and Systra-MVA [42] as shown in Figure 1-b. A base map of the city with
details on place names was downloaded from google.maps [43] at a resolution of 1:5000. This base map was developed
by stitching together 515 screenshots downloaded from a google-base map [43] using a powerful image processing
software, Gimp at an optimum resolution of 1:5000. The boundaries of the 65 wards were then redrawn in Gimp using
details available from Website: MCA [44]. The wards defined by the city authorities were assumed to represent the
traffic analysis zones (TAZs) often mentioned as ‘zones’ in this study.
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Figure 1. a) Map of India showing the State of Punjab highlighted on the left along with the #Map of the State of Punjab on
the right showing the location of Amritsar City; b) Details on 65 zones of Amritsar city considered in this study

4. Basic Theoretical Aspects

A trip refers to a one-way person-movement from an origin zone to a destination zone. Trip production refers to the
number of trips originating from a zone, while trip attraction refers to the trips attracted by a zone. Trip generation is
the first stage in the travel demand estimation process where trip productions and trip attractions of various activity
zones of the study area are estimated. In the present study, a regression-based approach was adopted for modeling trip
generation.

The origin-destination (OD) trip matrix that represents the inter-zonal trips from one zone to another is the basic
data that can be used in trip distribution. According to the gravity model based on Newton’s concept of gravity, the
spatial distribution of trip interchanges (t;;) between an OD pair is proportional to the trip productions (O;) at i, and the
trip attractions (D;) at j, and is inversely proportional to a function of the spatial separation (Cj;) between the zones. The
gravity model proposed by VVoorhees [45] was one of the earliest models based on the above concept. The gravity model
can be derived as follows [45]:

tija 0 1

tijaD; @

tij a1/Cyj, or €))

tijo f(Cij) (4)
Hence,

t;ja 0. ;. f(Cij) ®)

tij = K.0.D;.f(Cyj) (6)

where, K is a constant of proportionality.
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5. Methodology Adopted

To perform a study on trip generation for a given study area, it is required to extract information on the trip
productions by summing up the trips in each row of the OD matrix, and the information on trip attractions by summing
up the trips in each column of the OD matrix. In this study, an alternative approach was adopted where information
gleaned from noisy RP data, in addition to secondary data was used to develop the OD matrix.

In the present study, the trip generation model was developed based on reliable information on zone-specific
characteristics such as population, number of households, household size, number of students, and the number of
employees in each zone for the 65 traffic analysis zones (TAZSs) of the city based on Census 2011 [46, 47] since available
data on the same recorded based on household interview surveys (HIS) were not accurate.

Also, the development of a reliable model for trip distribution requires dependable information on origin-destination
(OD) travel matrix. It was initially planned to use the revealed preference (RP) data obtained based on household
interview surveys (HIS) conducted by CES and Systra-MVA compiled by Kanthi [48] to determine the OD travel matrix.
Since the RP data collected was partly erroneous and noisy due to inconsistent sample sizes, and errors in data entry and
reporting, it was required to devise a strategy to eliminate the errors from the existing data to maintain consistency and
accuracy.

To obtain a reliable subset of data points as part of the OD matrix for Amritsar city using the RP data, it was first
required to search for a trend between trip interchanges (Tj) and the inter-zonal aerial distances (Cj;). This was achieved
by eliminating intra-zonal trips, and by eliminating data points lying very close to the x and y axes. The emergence of a
trend was checked, and further levels of refining were performed to obtain a reliable trend between T;; and Cj;. This part
of the study focused on the development of a linear regression model based on the gravity model.

As part of trip distribution modeling, it was also required to obtain reliable information on the inter-zonal aerial
distances (Cjj). Thus, it was required to obtain the coordinates of the zone-centroids using a digitized high-resolution
google-earth map using Gimp and QGIS software. In this exercise, since most of the larger zones had mixed land uses,
it was required to use the information on the intensity of activities at the sub-zone level based on visual observation
where weights were assigned at the subzone level. The moment area method was then used to compute the coordinates
of the zone-centroids for each of the zones.

The sections below provide details on the step-by-step approach adopted in the development of reliable trip
generation and trip distribution models. Figure 2 provides an overview of the overall methodology adopted in the present
study.

6. Modeling Trip Generation
6.1. Correction of Errors on Zone-Specific Characteristics Reported based on Household Survey

Modeling approaches related to urban transport planning and operation require reliable information on zone-specific
characteristics and household-based travel demand. Such information can only be attained based on a household
interview survey (HIS). It is also possible to extract information on zone-specific characteristics such as population,
number of households, number of students and employees, and so on using HIS. However, in the present study, the
desired sample-size criterion of 1 in 25 households (or 4% of the households) suggested by BPR [49] was not satisfied
for any of the zones. Also, 37 zones of the city had weighted average sample sizes of much less than the recommended
minimum sample size of 1 in 100 (or 1%) for the revealed preference data [49].

Also, in the case of the origin-destination (OD) matrix compiled by Kanthi [48] as shown in Table 1 using revealed
preference (RP) data collected based on the above-mentioned household interview surveys, it was observed that the
inter-zonal trips recorded were inconsistent with the expected trip interchanges. Closer scrutiny of the data forms
indicated errors in reporting of data by the respondents, in addition to errors in data entry. Additionally, as cited above,
the recommended desired sample-size criterion was not maintained in many of the zones. Table 2 provides details on
zone-specific characteristics such as population, number of households, and so on as reported by Kanthi [48] based on
household interview surveys undertaken by CES and Systra-MVA [42] in 2011, in addition to corrected zone-specific
characteristics based on Census [46, 47]. As part of applying corrections to data related to zone-specific characteristics,
it was proposed to supplement with details based on information on various wards/ zones obtained from Census [46, 47]
which was more reliable.
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Correction of errors on zone-specific characteristics using Census Data

b 4
Trip Generation Modeling
o Development of preliminary trip generation models using SPSS

o Identification of existence of errors in trip productions and trip attractions reported at
zone-level

o Computation of trip rate per household based on number of households in the zones as
per Census (2011) and total trips produced by the city as reported by PMIDC (2012).

o Assuming trip productions = trip attractions, due to non-availability of reliable
estimates on trip attractions

o Correction of reported trip productions and trip attractions of the zones based on trip
rate per household

o Development of revised trip generation models

'

e Preparation of digitized base-map using Gimp with details on land use.
e Geo-referencing of the Google Map layers using QGIS
¢ Determination of zone-centroids using moment-area method

e Computation of inter-zonal aerial distances using Euclidean formula based on
coordinates of zone centroids

Trip Distribution Modeling:

Development of a relationship between inter-zonal aerial distance (Cj;), and trip
interchanges (T;) based on gravity model using the underlying trend

'

Comparison of trip frequency distributions and verification of
reliability of predictions for the smaller dataset of 240 points and
the entire travel matrix of 4160 points

Figure 2. An outline of the overall methodology adopted in the present study

Table 1. Origin-Destination trips compiled by Kanthi [48]: Based on partially erroneous RP data

O/D 1 2 3 4 5 6 - 64 65 Oi
1 0 432 322 0 0 0 - 0 0 4873
2 124 0 87 120 52 210 - 387 219 9785
3 0 40 0 120 58 202 - 136 120 10199
4 0 73 105 0 1043 568 - 50 158 11490
5 0 47 128 365 0 1291 - 136 194 11623
6 0 160 115 599 1020 0 - 151 205 14556
7 15 0 209 160 205 415 - 62 73 15863
64 0 177 153 64 59 165 - 0 137 12186
65 0 108 194 57 104 145 - 80 0 14022
Dj 5186 11076 11748 11797 11493 15094 - 11356 15203 1045672
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Table 2. Details on zone-specific characteristics reported by Kanthi [48], and Census [46, 47]: Partial data

2 Population No. of Households Household-Size No. of Employees No. of Students Sample Size* (%)
N 2 (Kanthi, (Census, (Kanthi, (Census, (Kanthi, (Census, (Kanthi, (Census, (Kanthi, (Census, (Kanthi, (Census,
* 2012) 2011) 2012) 2011) 2012) 2011) 2012) 2011) 2012) 2011) 2012) 2011)
1 20828 19747 3433 3915 6.07 5.04 303 6474 5264 6547 0.379 0.400
2 17765 16684 3740 3490 4.75 478 1990 6011 5321 7299 0.788 0.839
3 22985 16119 4732 3443 4.86 4.68 1131 5481 6084 7841 0.365 0.521
4 19347 17587 3583 3681 54 478 1666 6128 5181 7016 1.396 1535
5 21208 24344 3900 4862 5.44 5.01 4144 9674 5063 9091 1.084 0.945
6 18235 17209 3802 3622 4.8 4.75 5541 6843 4754 5776 1.283 1.360
7 19081 20530 3388 4422 5.63 4.64 1438 8008 4527 7959 1.153 1.072
8 17673 14038 3027 2816 5.84 4.99 1487 5816 4685 5027 1.047 1.318
64 27627 19250 5133 4031 5.38 4.78 1994 7102 6375 8387 0.572 0.821
65 23317 16155 4115 3275 5.67 4.93 0 5450 6368 6414 0.678 0.978

* The sample size was computed based on data forms compiled for each zone.
* For a city with a population of 1.1 million, the minimum sample size is 1:100 and the desired sample size is 1:25 [50, 51].

6.2. Identification of Existence of Errors on Zone-Specific Trip Productions and Trip Attractions Reported

The traditional approach to trip generation modeling is based on the development of regression models to predict
trip productions and trip attractions as adopted in this study. Trip productions are computed based on the row-totals,
and trip attractions are obtained using the column-totals of the origin-destination matrix. The modeling of trip
productions and trip attractions is performed based on independent variables such as zone-specific characteristics.

In the present study, the zone-specific characteristics recorded as part of the household interview survey were not
accurate. Due to this reason, the corrected values of zone-specific characteristics such as population, households,
employees, students, and so on recorded in Table 2 based on Census [46, 47] were used in the development of regression
models.

However, while developing the regression models for trip generation using trip productions and trip attractions
based on Table 1, and the zone-specific characteristics as given in Table 2 using the statistical software SPSS, it was
observed that the adjusted R-square (R?g;) values for trip productions and trip attractions lay between 0.68 and 0.74.
This indicated that the predictions made at the zone level using these models could result in significant errors ranging
between 32% and 26%.

This also indicated that there could be inaccuracies in the reporting of values related to dependent variables such as
trip productions and trip attractions which were extracted from revealed preference data collected as part of a household
information survey compiled by Kanthi [48]. Due to this reason, it was required to determine the values of dependent
variables such as zone-specific trip productions and trip attractions based on alternative approaches.

The following are the important regression models developed as part of this exercise along with details on the values
of the adjusted R square (Ragj), F-test value, the significance of the F-test (F Sig), and the significance of the Student’s
t-test (t-sig) for the independent variables tested:

Prod = 0.847 Pop (R%gj = 0.691; F-test =146.02; F Sig = 0.00; t-sig = 0.00) )
Prod = 2.263 Nstud (RZ%qj = 0.735; F-test =181.07; F Sig = 0.00; t-sig = 0.00) (8)
Prod = 2.273 Nemp (R%q; = 0.686; F-test =142.70; F Sig = 0.00; t-sig = 0.00) 9
Prod = 4.138 No_HH (R?q; = 0.700; F-test =153.01; F Sig = 0.00; t-sig = 0.00) (10)
Attr = 0.846 Pop (R%qj = 0.684; F-test =141.82; F Sig = 0.00; t-sig = 0.00) (11)
Attr = 2.258 Nstud  (R%qj = 0.727; F-test =174.39; F Sig = 0.00; t-sig = 0.00) (12)
Attr = 2.268 Nemp  (R%qj = 0.678; F-test =138.01; F Sig = 0.00; t-sig = 0.00) (13)
Attr = 4.130 No_HH (R%qj = 0.694; F-test =148.17; F Sig = 0.00; t-sig = 0.00) (14)
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where, Prod = trip productions of the zones; Attr = trip attractions of the zones; Pop = population in the zones; Nstud =
number of students in the zones; Nemp = number of employees in the zones; and No_HH = number of households in the
zones.

In this exercise, the cross-correlations obtained using SPSS software were examined for correlations between the
dependent variables trip productions and trip attractions against the independent variables consisting of corrected zone-
specific characteristics such as population, number of employees, number of students, and number of households. It was
found that the cross-correlation (r) values between the dependent and independent variables ranged from 0.8 to 0.9.
Also, the cross-correlation (r) values between the independent variables were higher than 0.9 indicating that it would
be sufficient to use any one of the above-mentioned independent variables to predict the dependent variables. Hence, it
was not planned to develop multi-linear regression (MLR) models using various combinations of the independent
variables. A few simple examples are illustrated below.

For example, on using a regression model to predict the trip productions (Prod) with the number of students in the
zones (represented as Nstud) as an independent variable, the value of the regression coefficient for Nstud was obtained
as 2.263 as in Equation 8 mentioned above. However, by using a combination of independent variables such as the
population in the zones (denoted as Pop), and the number of students in the zones (represented as Nstud), the following
regression model with the related statistics can be obtained:

Prod = —0.083 Pop + 2.474 Nstud (R%gq = 0.731; F-test =89.278; t-sig Pop = 0.77; t-sig Nstud = 0.002) ~ (15)

Here, the coefficient for the independent variable Pop is found to have a negative value, which is not logically
correct. Also, the variable Pop failed in the t-test for significance with a value of 0.77. Additionally, the F-test value for
the model is found to have reduced to 89.278 when compared to the same for the regressions with independent variables
Pop and Nstud when used separately as in Equations 7 and 8.

Also, on using a regression model to predict the trip productions (Prod) with the number of employees in the zones
(represented as Nemp) as an independent variable, the value of the regression coefficient for Nemp was obtained as 2.273
as in Equation 9. But by using a combination of independent variables such as the population in the zones (denoted as
Pop), and the number of employees in the zones (represented as Nemp), the following regression model with the related
statistics can be obtained:

Prod = 1.161 Pop — 0.778 Nemp (R%qj = 0.686; F-test =72.00; t-sig Pop = 0.299; t-sig Nemp = 0.778) (16)

Here, the coefficient for the independent variable Nemp is found to have a negative value, which is not logically
correct. Also, the variables Pop and Nemp have failed in the t-test for significance with values of 0.299 and 0.778
respectively. Moreover, the F-test value for the model is found to have reduced to 72.00 when compared to the same for
the regressions with independent variables Pop and Nemp when used separately as in Equations 7 and 9.

Similar observations can be made while testing various other combinations of variables in the predictions for trip
productions, and trip attractions. Due to this reason, MLR equations were not developed as part of trip generation
modeling in this study.

6.3. Correction of Reported Zone-Specific Trip Productions and Trip Attractions based on Trip Rate per
Household, and Development of Revised Trip Generation Models

Because of the high errors in prediction as mentioned above, it was required to adopt an alternative approach in the
development of refined trip generation models. According to studies made by PMIDC [42, 52] in Amritsar city, the
total trips produced by 65%65 zones of the urbanized area of the city was reported as 1,045,672. Also, according to
Census [46, 47], the total households for the 65 zones of the city stood at 233,866. This indicated that the trip rate per
household was around 4.4712. The corrected zone-specific trip productions can then be computed by multiplying the
trip rate per household by the values of zone-specific households obtained from the Census [46, 47] as reported in Table
2. The trip productions in the zone were thus computed as,

Trip productions = Trip rate per household X Number of zone — specific households = 17)
4.4712 X Number of zone — specific households

Since reliable estimates of trips-attracted were not available as in the case of trip productions, it was required to
assume that the trip attractions in the zones were equal to the trip productions in the zones. This is true in the case of
Amritsar city as 98.36% of the total trips performed constitute work trips, educational trips, and shopping trips which
are home-based as indicated in surveys undertaken in 2011 [42, 52].

Using the details on corrected characteristics of the zones reported in Table 2, and the newly assumed trip
productions or, trip attractions of the zones (computed based on trip rate per household) as in Table 3, several regression
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models for trip productions and trip attractions were again developed using SPSS software. The details of these models
and the important statistical indicators are provided in Table 4. Here, it may be observed that regression models 1, 2,
and 3 that have adjusted R-square values greater than 0.95 can be employed to model trip generation. In these models,
the independent variables used include the zone-specific population (Pop), the number of students in the zones (Nstud),
and the number of employees in the zones (Nemp).

Table 3. Dependent and independent variables for developing regressions for revised trip productions and trip attractions
based on household trip rate (Partial)

Zone  Production (based on Attraction (based on Population No of Households ~ Household Size No of Employees  No of Students
No. trip rate per household) trip rate per household) (Census, 2011) (Census, (2011) (Census, 2011) (Census, 2011) (Census, 2011)
1 17505 17505 19747 3915 5.04 6474 6547
2 15605 15605 16684 3490 478 6011 7299
3 15394 15394 16119 3443 4.68 5481 7841
4 16459 16459 17587 3681 478 6128 7016
5 21739 21739 24344 4862 5.01 9674 9091
6 16195 16195 17209 3622 4.75 6843 5776
7 19772 19772 20530 4422 4.64 8008 7959
8 12591 12591 14038 2816 4.99 5816 5027
9 12564 12564 13511 2810 4.81 5196 6374
64 18024 18024 19250 4031 4.78 7102 8387
65 14643 14643 16155 3275 493 5450 6414
Total 1045672 1045672

Table 4. Summary of statistics for regressions to estimate trip productions and assumed trip attractions based on zone-
specific characteristics

Model. Dependent Independent R Adj. Std. F-Test F Coefficient t-test t-
No. Variable Variables R? Error Value Sig Value sig
Pro_Census Or
1 AL sssumed Pop 0999 00999 548302  58784.453  0.00 0.921 242455  0.00
2 Pro_Census O Nstud 0959 00958 3364314 1499083 000  2.339 38718 0.00
Att_assumed
3 Pro_Census Or Nemp 0995 0995 122133  11796.66  0.00 2.476 108.612  0.00

Att_assumed

The above multiple linear regression models were developed using SPSS [46, 47]; Pro_Census = Trip productions computed based on Census; Att_assumed = Trip
attractions assumed equal to the computed trip productions based on Census; Pop= Population in the zone as per Census; Nemp = Number of employees as per Census;
and Nstud = Number of students as per Census.

The total trip productions and trip attractions predicted based on zone-specific population (Pop) using model 1 were
equal to 1,042,925 which tallied closely with the actual total trips of 1,045,672 reported by PMIDC [42, 52] within an
average or mean absolute error (MAE) of 2.6%. This indicated that the alternative approach based on trip rate per
household adopted in determining zone-specific trip productions and trip attractions was acceptable.

7. Preparation of Digitized Images Using Land Use Data in QGIS, and Deriving Inter-Zonal
Aerial Distances

This section provides details on the preparation of a digitized google-earth base-map for the 65 zones of the city at
a scale of 1:5000, along with details on superimposing zone boundaries using Gimp software. It was also required to
superimpose details of the boundaries of the subzones using a land use map on the digitized google-earth base-map to
identify the density of activities. This exercise was followed by the computation of the area covered by the sub-zones,
the determination of the coordinates of the zone-centroids using the moment area method, and the computation of the
inter-zonal aerial distances between the zone-centroids using the Euclidean formula. The resulting details on inter-
zonal aerial distances computed will constitute an important input to the trip distribution model developed in the next
stage.

7.1. Creation of Digitized Base-Map Using Gimp, and Superimposing of Land Use Maps

To perform a comprehensive study on the various activity centers in the 65 zones assigned as the TAZs (Traffic
analysis Zones) of Amritsar city, a high-resolution google-earth base-map of scale 1:5000 encompassing 65 zones,
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covering an approximate area of 15x9 km was downloaded from Website: Google.maps [43]. 515 screenshots
downloaded from Website: Google.maps [43] were stitched together using an image processing software such as Gimp
(GNU Image Manipulation Program). This google-earth base-map also comprised information on the density of the
build-up areas of the city (See Figure 3-a).

Figure 3. a) Base map of Amritsar city with 65 wards/ zones, b) Amritsar city urban development land use map
Additionally, a map comprising details on the boundaries of these 65 zones/wards was downloaded from Website:

MCA [44] and superimposed on the base map to create a ward-boundary map in Gimp. Subsequently, a land use map
downloaded from Website: ADA [53] was used for reference to identify the type of land use (such as residential,
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commercial, industrial, recreational, religious, and educational land uses in addition to government-owned, and mixed
land use areas) in each sub-zone of the zones, and also to identify the boundaries of the sub-zones (See Figure 3-b).

The centroids of the sub-zones were then located on a separate layer in Gimp based on a visual inspection of the
density of activities and the location of major sub-activity centers in the sub-zones. Each sub-zone was assigned a
particular weight based on the density of activities and land use. Each of the image layers including the base map was
then saved in a .tif format.

7.2. Geo-Referencing of the Image Layers Using QGIS

To obtain the coordinates of the sub-zone centroids, and to obtain the land areas under each sub-zone, it was required
to geo-reference various layers of image files using GIS-based software namely QGIS. The .tif image layers in Gimp
were exported to QGIS and geo-referenced to create the modified geo-referenced .tif files.

These geo-referenced files were reloaded as raster files in QGIS and polygonized, and the .shp files were generated
for each of the layers.

The above geo-referenced .tif files and the .shp files generated by QGIS were again re-opened in QGIS, and the area
of the sub-zones was determined. The coordinates of the zone-centroids were then found using the “Moment Area
Method” in which the coordinates of the sub-zone centroids, the areas of the sub-zones, and the weightage given to each
sub-zone were used. The formula for the computation of X and Y coordinates of the zone-centroids is provided below:

X = (wia;xy + wyayx, + wiaszxs) / (wiaq +wya, + wias) (18)
Y = (wWia1y1 + wpa,y, +wsazys) / (Wiag + woa, + wias) (29)

where, X1, X2, X3, 1, Y2, Y3 = X and y coordinates of the sub-zone centroids of a zone; w1, W2, ws = weightage given to each
sub-zones 1, 2 and 3 of the corresponding zone respectively; a1, az, as= areas of the sub-zones 1, 2 and 3 respectively.

Table 5 gives the details on sub-zone activity centers and computations for the zone centroids. The inter-zonal aerial
distances between the zone-centroids were computed using a spread-sheet application using the Euclidean formula,

Distance = [(x; — x,)? + (3, — ¥,)?]'/? (20)
where (x4, y1) represents the centroid of the origin zone, and (xz, y2) represents the centroid of the destination zone.

Table 5. Details on sub-zone activity centers and zone-centroid computations: Partial data

Activity Center Sub- Zone Co-ordinates Zone-Centroid Co-
Ward obtained from QGIS ordinates
No. Sub- Type of Area ) Weighted
Zone Development (sq. Km) Weightage Area Xi yi X Y
a Residential 1.381 0.25 0.345 2539 5515
1 b Residential 0.370 1.00 0.370 2987 6136 3027 5688
o Residential 0.509 1.00 0.509 3387 5480
a Residential 0.181 1.00 0.181 4131 5227
b Industrial 0.139 0.75 0.104 4074 5527
2 3968 5711
c Educational 0.152 0.75 0.114 4157 5796
d Educational 0.698 0.25 0.175 3611 6266
a Residential 0.778 1.00 0.778 2565 4989
64 2091 5015
b Residential 0.912 0.50 0.456 1284 5060
a Residential 1.037 1.00 1.037 2314 3118
65 b Residential 1.021 0.50 0.511 1676 3586 1630 3641
o Residential 0.717 1.00 0.717 608 4437

Table 6 gives details on the inter-zonal aerial distances computed using the Euclidean formula.

1947



Civil Engineering Journal Vol. 8, No. 09, September, 2022

Table 6. Inter-zonal aerial distances based on centroid co-ordinates obtained from QGIS and the Euclidean formula: Partial data

O/D 1 2 3 4 5 6 7 8 9 . 64 65
1 0.000 0941 2698 3705 5243 5825 7.75%6  7.059  7.806 1.152 2478
2 0941 0.000 1.761 3148 4469 4954 6911 6179 6.896 2.001 3.122
3 2698 1761 0.000 2540 3102 3320 5308 4507 5.165 3.740 4.692
4 3705 3148 2540 0.000 1968 3.040 4582 4182 5152 4.834 6.173
5 5243 4469 3102 1968 0000 1218 2632 2232 3232 6.394 7.589
6 5825 4954 3320 3.040 1218 0.000 1.990 1.240 2127 6.949 8.003
7 7756 6911 5308 4582 2632 1.990 0.000 0.970 1.448 8.894 9.983
8 7.059 6.179 4507 4182 2232 1240 0970  0.000 1.028 8.177 9.199
9 7806 6.896 5165 5152 3232 2127 1.448 1.028  0.000 8.895 9.824
10 8355 7432 5682 5828 3923 2790 2.020 1728 0.701 9.422  10.293
11 7.772 6835 5074 5625 3.863 2649 2620 1.965 1.190 8.795 9.576
12 8454 7518 5757 6192 4359 3167 2702 2272 1.291 9.484  10.269
13 9.071 8143 6.387 6583 4671 3546 2598  2.459 1.440 10.126  10.961
14 9.171 8280 6577 6.233 4265  3.363 1727 2122 1.483 10.280 11.259
64 1152 2001 3740 4834 6394 6949 8894 8177 8.895 0.000 1.449
65 2478 3122 4692 6173 7589 8.003 9983 9.199 9.824 1.449 0.000

8. Modeling Trip Distribution

The next stage in the travel demand modeling (TDM) exercise is related to the estimation of the inter-zonal trip
distribution matrix or the trip-interchange matrix. Modeling of trip interchanges assumes great importance as it can
provide the platform for deriving answers to several questions in the field of urban transport planning and management.
The trip distribution matrix forms the basis for performing analyses related to modal-split modeling (where mode-
choices of trip-makers are modelled), followed by trip-assignment (where trips by various modes for each origin-
destination pair are assigned along selected routes). But the biggest challenge in the present study was that details on
the trip-interchange matrix were not available. An alternative approach was hence adopted where information extracted
from partially correct and noisy RP data, in addition to secondary data was used to build up the OD matrix. This section
provides details on various steps involved in the development of a reliable trip-interchange matrix using the regression
approach based on data related to traffic analysis zones (TAZ).

8.1. Development of a Suitable Relationship between Inter-Zonal Aerial Distance (Cijj), and Trip Interchanges
(Tij) based on the Gravity Model using the Underlying Trend

Based on the fundamentals of the gravity model proposed by Newton, and based on the contribution of researchers
in the field of transport modeling including VVoorhees [45], the gravity model as derived in Equation 6 can be reproduced
as: t;; = K.0;. Dj.f(Cij). where, tj = spatial distribution of trip interchanges from the origin zone i to the destination
zone j; O; = trip productions at zone i, D;j = trip attractions at zone j; Cjj = spatial separation between the two zones i and
j; and K = constant of proportionality. In the present study, it was proposed to adopt the use of a log-linear model based
on the following assumption to model the trip interchanges (Tj):

Tij = K.ProP.Att?. f(C;) o

where, Tj; = spatial distribution of trip interchanges from the origin zone i to the destination zone j; Pro = trip productions
at zone i computed based on trip rate per household as shown in Table 3; Att = trip attractions at zone j as in Table 3;
f(Cij) = a function of the spatial separation between the two zones i and j; and K = constant of proportionality.

To develop a regression model for trip distribution, it is necessary to have reliable information on origin-destination
(OD) data. However, the data on inter-zonal trip interchanges compiled by Kanthi [48] as in Table 1 in Section 6.1 based
on household interview surveys (HIS), was not reliable due to inconsistent sample sizes and errors due to data-entry and
reporting as mentioned earlier. Thus, it was required to extract a smaller set of real-life data that could effectively
describe the underlying trend in trip-making by eliminating extreme data points in the scatter plot.

In the search for an underlying trend between T and Cjj, the scatter plots and the resulting trend equations were
examined using SPSS at various stages of elimination of extreme data points. In the initial stage, the scatter plot for Tj;
Vs Cj; for 4225 data points representing 65x65 cells of the OD matrix (as in Table 1) did not show a clear trend. The
adjusted R square value for the cubic trend was quite low at around 0.066, while the quadratic and linear trends had
lower adjusted R square values of 0.063 and 0.048 respectively. Figure 4 provides details on the cubic trend at the initial
stage of filtering the dataset.
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Figure 4. Scatter plot obtained using all 65x65 data points of the original OD matrix

Various levels of corrections were performed where the scatter points lying very close to the x and y axes were
eliminated since these points would not contribute to the development of a meaningful trend. While deleting these
extreme data points in various stages, it was ensured that the scatter plot remained closer to the cubic function.

of 240 data points were identified that followed the underlying cubic trend with an adjusted R-square value of 0.983,
a high F-test value of 4679.306, and an F significance value of 0.00. See Figure 5. The details of the cubic trend followed
by the refined scatter plot along with the important statistical details are given below:

Tij = bo+ (byx Cij) + (bax CZ)+ (b3 x C} (22)
(Ragj = 0.983; F Sig = 0.00; t-sig for bo, by, b2, and bz = 0.00)

where, the values of regression coefficients are given as, bo = 723.91; b; = -160.14; b, = 12.81; and bz = -0.338; Tj; =
trip interchanges between origin zone i and destination zone j; and Cj= inter-zonal distance between centroids of origin
zone i and destination zone j.

Out of the 240 data points, 180 data points were set apart for calibration of the gravity model developed, while 60
data points were set apart for validation. The information on the 180 datasets related to inter-zonal trip interchanges
(Tij) obtained from Table 1 was compiled based on household interview surveys by Kanthi [48], the data on trip
productions in the zones (Pro), and trip attractions in the zones (Att) computed as in Table 3 based on trip rate per
household, and the inter-zonal aerial distances between zone-centroids (Ci) computed using GIS approaches as
summarized in Table 6, were then used to develop the following log-linear expression using SPSS software.

Ln (T;;) = —1.285x Ln(C;j + 1) + 0.344 x Ln (Pro) + 0.428 x Ln (Att) (23)
Tij = Pro®3** Att®?8 f(C;;) (24)

where, Tij= Trip inter-changes between origin i and destination j; Cj= Inter-zonal distance between origin i and
destination j; Pro= Production of zone i; Att= Attraction of zone j; and f(C;)) = 1/ (Cjj +1)?®. Here, K = constant of
proportionality = 1.

The above expressions developed using 180 datasets for calibration show that T is proportional to the trip production
in the zones (Pro) and the trip attraction in the zones (Att) and that it is inversely proportional to a function of the inter-
zonal distance (Cj). Thus, the formulation of the regression models developed above is logically correct and follows the
form of the generalized expression for the gravity model as in Equation 6.

The adjusted R-square value for the log-linear model was 0.99 with a high F-test value of 48354.475 and a very low
F Sig value of 0.00. The t-Sig values for the coefficients of all the variables Cj;, Pro, and Att were much lower than 0.05.
The low values of t-significance indicated that the coefficients were indeed meaningful. The above regression model as
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shown in Equation 24 was then used to predict the inter-zonal trip interchanges (T;;) for the 180 datasets kept apart for
calibration, and the 60 datasets set apart for validation. The results indicated that the average or mean absolute errors
(MAE) in the prediction of Tjj using the log-linear model were 15.18% and 16.06% respectively for the calibration and
the validation exercises. See Table 7.
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y =-0.3379x + 12.81x2 - 160.14x + 723.91

O Adjusted Rz =0.983
500

400
300
200

100

C;; (km)

Figure 5. Scatter plot obtained using 240 data points of the OD matrix

Table 7. Details on error computations for calibration and validation datasets for regression models developed using SPSS:
Tij Vs Cij, Pro, and Att: Partial data

Calibration (180 Datasets) Validation (60 Datasets)

(RC(:)sy)l(\lé)OI) Tj Cij Pro Att  Pre_Tj EA;,?Z v Ce”XNgél()R ow Tij Cij Pro Att Pre_Tj ;,?,Zr
23x49 526 0.649 14116 14630 845 60.51 19x21 611 0911 17393 14643 771 26.07
40x41 683 0.697 15220 14433 831 21.59 21x19 640 0911 14643 17393 782 22.19
45x47 529 0.714 15363 14357 821 55.12 42x40 664 0974 15386 15220 722 8.60
47x45 551 0.714 14357 15363 826 49.82 61x62 461 1.783 23139 19316 599 29.87
48x47 655 0.741 14330 14357 786 19.87 62x61 461 1.783 19316 23139 608 31.88
42x43 627 0.804 15386 13526 750 19.50 55x57 492 1804 16195 14782 468 4.89
43x42 584 0.804 13526 15386 758 29.71 57x55 494 1804 14782 16195 472 441
54x55 503 0.871 19262 16195 835 65.92 53%x51 506 1.837 12654 13955 414 18.26
42x46 525 0.883 15386 11183 654 24.54 23x42 481 1.898 14116 15386 436 9.39
31x65 61 12.214 20545 14643 66 8.41 65%50 100 8.658 14643 13454 93 6.96
15%65 61 12.247 20062 14643 66 7.48 2x18 78 8.86 15605 24637 120 53.54
1x16 63 12.744 17505 16280 62 0.86 18%2 91 8.86 24637 15605 116 27.10
1x30 61 12.808 17505 16892 63 3.81 29%64 84 9471 12976 18024 91 8.98
30x63 62 13.275 16892 16248 59 5.30 65x13 61 10.87 14643 25482 95 54.28
64x30 61 13.350 18024 16892 61 0.79 63x18 62 10.873 16248 24637 97 55.61
17x65 62 13.528 13056 14643 50 18.53 30x1 62 12.851 16892 17505 70 12.26
16x65 60 14.045 16280 14643 52 14.10 63x16 62 13.8 16248 16280 61 1.08

Average Absolute Error / MAE 15.18 Average Absolute Error /IMAE 16.06

Tij= Trip inter-changes between Origin ‘i’ and Destination j’; Pro= Production of zone i’;

Cij= Inter-zonal distance between Origin ‘i’ and Destination ’j’; Att= Attraction of zone §j’;

Pre_Tij= Predicted Trip inter-changes between i and j
Abs. Error = Absolute error between actual and predicted trip interchanges
Regression Model: Log Linear Model Tij = Pro %3 x Att®428/ C;;1-28
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Using the above-developed log-linear model, the inter-zonal trip interchanges for all the 4160 cells (total of 65 x 65
cells - 65 intra-zonal cells on the diagonal of the OD matrix) of the OD matrix were predicted. The total number of
predicted total trip productions for all the zones put together was 1,082,986 which tallied closely with the actual total
trip productions of 1,045,672 as reported by PMIDC [52] within an error of 3.57%. These errors were within a limit of
+5%. Hence, it can be said that the regression model developed is reliable and provides predictions close to actual
observations.

8.2. Comparing Trip Frequency Distributions and Verification of the Reliability of Predictions for the Smaller
Dataset of 240 Data-Points, and Also for the 4160 Data-Points of the Entire Travel Matrix

A comparison of the observed and predicted trip frequencies for various distance ranges for the city as shown in
Table 8 was performed to test the reliability of the model developed. Table 8 provides information on the percentage of
actual trip frequencies for various distance ranges for the smaller dataset comprising 240 data points along with
comparisons to the percentage of predicted trip frequencies. The average or mean absolute error between the observed
and predicted percentages of trip frequencies for various distance ranges is 0.42% as shown in Table 8. Figure 6 provides
a graphical representation of the same. Here, it can be observed that the differences between the observed and predicted
trip frequencies for various distance ranges for the smaller set of data points are much less than +3% as stipulated by
BPR [49].

Table 8. Trip frequency distribution and prediction errors for various distance ranges for the smaller set of data: Log-linear
Model (Partial)

Inter-zonal
Distance Range ~_ Mid-Range  Trip Frequency  Actual Trip Trip Frequency  Predicted Trip Error in Absolute Error in
ﬁ Distance (Km) Actual Frequency (%) Predicted Frequency (%)  Prediction (%) Prediction (%)
rom 0
0 05 0.25 0 0 0 0 0.00 0.00
0.5 1 0.75 6438 10.12 8620 13.59 -3.47 3.47
1 15 1.25 12241 19.23 13101 20.65 -1.42 1.42
15 2 1.75 7286 11.45 7141 11.26 0.19 0.19
2 25 2.25 6739 10.59 6093 9.60 0.98 0.98
25 3 2.75 1887 2.97 1549 2.44 0.52 0.52
13 135 13.25 0 0.00 0 0.00 0.00 0.00
135 14 13.75 247 0.39 224 0.35 0.03 0.03
14 145 14.25 0 0.00 0 0.00 0.00 0.00
14.5 15 14.75 60 0.09 50 0.08 0.02 0.02
Total 63645 100 63438 100 Average 0.42
Trip Frequency (%), Prediction Error (%) Vs Distance-Log Linear Model
2450 | |
—o— Trip frequency actual
19.50 =— Trip frequency predicted —
—a— Errors in prediction
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Figure 6. Trip frequency distribution and prediction errors for various distance ranges for the smaller dataset
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In the next step, it was proposed to compare the observed trip-frequency distributions for various distance ranges for
the 4160 inter-zonal cells of the OD matrix compiled based on household interview surveys to the trip frequencies
predicted using the log-linear model. Table 9 provides a summary of computations related to the trip-frequency
distributions. Here, it can also be observed that the average or mean absolute error between the observed and predicted
percentages of trip frequencies for various distance ranges for the 4160 data points of the entire OD matrix is 0.52%.
Additionally, the differences between the observed and predicted trip frequencies for various distance ranges for the
smaller set of data points are much less than +3% as stipulated by BPR [49]. Figure 7 provides a graphical representation
of the actual and predicted trip frequencies in addition to the errors in prediction.

Table 9. Trip frequency distribution and prediction errors for various distance ranges for the entire 4160 datasets (Partial)

Inter-zonal

Distance Range

Mid-Range

Trip Frequency

Actual Trip Trip Frequency

Predicted Trip

Errorin

Absolute Error

Distance (Km) Actual Frequency (%) Predicted Frequency (%) Prediction (%) in Prediction (%)
From To
0.0 05 0.3 5659 0.54 8075 0.75 -0.20 0.20
05 1.0 0.8 140045 13.39 116252 10.73 2.66 2.66
1.0 15 13 123324 11.79 135086 12.47 -0.68 0.68
15 2.0 18 82497 7.89 113678 10.50 -2.61 2.61
2.0 25 2.3 108921 10.42 117744 10.87 -0.46 0.46
13.0 135 133 267 0.03 238 0.02 0.00 0.00
135 14.0 13.8 781 0.07 436 0.04 0.03 0.03
14.0 145 143 0 0.00 0 0.00 0.00 0.00
145 15.0 14.8 0 0.00 100 0.01 -0.01 0.01
Total 1045672 100 1082986 100 Average 0.52
Trip Frequency (%), Prediction Error (%) Vs Distance- Log-Linear Model
2450 ‘ ‘
—o— Trip frequency actual
19.50 —&=— Trip frequency predicted |
—=— Errors in prediction
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Figure 7. Trip frequency distribution and prediction errors for various distance ranges for the entire 4160 inter-zonal data

It may also be observed in Table 9 that the predicted total trip production for all the zones put together for all distance
ranges is 1,082,986 which tallies closely with the actual total trip production of 1,045,672 as reported by PMIDC [52]
and that the prediction error is 3.57%. Thus, the predictions of trip interchanges using the log-linear regression as part
of the trip distribution exercise are considered acceptable, and within tolerable ranges.
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9. Conclusions

Because of the non-availability of reliable data on the origin-destination (OD) travel matrix, the present study
focused on the development of an alternative approach for modeling trip generation (involving trip production and trip
attractions) and trip distribution. The revealed-preference (RP) data for the 65 zones of the city compiled based on a
household interview survey (HIS) used in this study was also not completely dependable as the desired and the minimum
sample-size criteria were not fulfilled for a majority of the zones. Hence, it was necessary to extract necessary
information from the noisy revealed-preference (RP) data after correction of errors due to data entry and reporting.
Information based on secondary data such as the Census data was used in applying corrections to zone-specific
characteristics as part of the overall approach.

The initial phase of this study focused on trip generation modeling where regression models for trip productions
and trip attractions were developed as in Equations 8-14 with adjusted R-square (R%g;) values between 0.68 and 0.74
using corrected values of zone-specific characteristics such as the population, number of households, number of
students, number of employees, and so on. The trip production and trip attractions estimated using these models were
not accurate as they resulted in prediction errors ranging from 26% to 32%. This indicated that there could be
inaccuracies in the reporting of values related to dependent variables such as trip productions and trip attractions, which
were extracted from the revealed preference data collected.

The errors in the values of trip production and trip attractions used as dependent variables were then corrected using
a modified approach involving the computation of trip production and trip attractions based on trip rate per household.
The resulting regression models developed are given in Table 4. These models indicate that the independent variables
such as the population (Pop), the number of employees (Nemp), and the number of students (Nstud) in each zone have
a significant influence on the prediction of trip production and trip attractions when used separately in the regression
models. The high adjusted R-square values of more than 0.95 indicate that errors in the prediction of trip generation
could be contained within +/- 5%. This approach resulted in a significant improvement in predictions related to trip
generation. These regression models also indicate that an increase in the population of the zone by 1000 is likely to
increase the number of total trips produced by 921. A similar increase in the number of students is expected to generate
2339 trips, and an increase in the number of employees by 1000 is predicted to generate 2476 trips.

Similar studies using the multiple linear regression (MLR) approach for trip generation were performed by Sofia et
al. [26] for 70 zones in Al Diwaniyah city in Irag. Here, the independent variables such as the number of students per
household, car ownership, area of the dwelling, and so on were found to have a significant influence on the overall trips
produced. The approach using MLR involving several independent variables was found necessary as the inter-
correlation among independent variables was quite low. The adjusted R-square values of the MLR models were found
to range between 0.81 and 0.88.

Aboelenen et al. [37] also performed similar investigations on the use of regression models for trip generation for
residential areas in Qatar. The regression models with R-square values between 0.54 and 0.65 indicated that the number
of employees, students, and family members having driving licenses significantly influenced trip generation. Lafta and
Ismael [54] developed a trip generation model for 11 zones of the Al-Karada region in Baghdad city using an approach
involving the application of artificial neural networks (ANN) and MLR. The approach provided predictions with
accuracies ranging between 83.72% and 72.46%.

The present paper also deals with the implementation of the log-linear regression approach to developing a trip
distribution model for predicting the inter-zonal trip interchanges based on partially correct revealed-preference (RP)
data as a reliable origin-destination (OD) data was not available. To model trip distribution, it was required to extract a
smaller set of the actual data that could reveal the underlying trend in trip-making as explained in Section 8.1. As part
of this exercise, regression models relating the inter-zonal trip interchanges (Tj;) and the inter-zonal aerial distances (Cj)
between the centroids of the zones of the city were tested using SPSS software, which revealed that a cubic function
could probably fit the trend. After the elimination of data points close to the x and y axes and the extreme points in
various stages, a clear trend emerged for a set of 240 data points where the cubic function fitted the scatter plot with a
high adjusted R-square value of 0.983. The information on these 240 points concerning the corresponding trip
productions and trip attractions (obtained based on the trip generation models developed as in Table 4), in addition to
the information on the inter-zonal aerial distances (Cj;), were then used to develop the log-linear model formulated based
on the gravity model to predict the inter-zonal trip interchanges (T ). The calibration and validation exercises also
indicated that the average or mean absolute errors (MAE) in the prediction of Tijwere 15.18% and 16.06%, respectively.

The prediction error measured by comparing the percentage of trip frequencies for various distance ranges for the
smaller dataset of 240 points was less than 0.5%, as shown in Table 8. Similarly, in the predictions made for the entire
travel matrix of 4160 points (for the inter-zonal trips), the prediction error related to the percentages of trip-frequency
distribution was less than 0.6%, as in Table 9. This is much less than the allowable error of 3% as recommended by BPR
[49]. Also, the predicted total trip production was 1,082,986, which was very close to the actual value of 1,045,672
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tallying within a prediction error of around 4%. The results thus indicated that the approach adopted in identifying the
relationship between Tj;, and C;j; from the scatter-plot and the subsequent modeling using the log-linear regression based
on the gravity model was able to provide reliable predictions.

Similar studies were performed by Novacko et al. [55] on modeling trip distribution for Croatia where traffic counts
on road links were obtained using the entropy maximization approach, along with noisy data on the OD matrix partially
corrected using the fuzzy-logic approach, were used in obtaining the trip interchanges. The exponential form of the
gravity model was used in modeling trip distribution, and the accuracy of prediction was verified based on the GEH
statistic [56, 58]. Here, it can be seen that the trend followed by f(Cij) Vs Cij in the present study where f(Cy;)=1/(Cj; +1)1%%
as mentioned in Section 8.1 also follows the exponential form like the expression developed by Novacko et al. [55].

Zhou et al. [59] investigated the application of geographically and temporally weighted regression (GTWR)
modeling for trip distribution where factors such as land use related to the built environment were considered for studies
conducted in Hangzhou, China. The coordinates of 126 traffic analysis zones (TAZ), the density of land use activities,
the travel time, and the distance were considered in the computations. The data was further supplemented by information
on vehicular movements using license plate detectors. The estimated trip distributions using the GTWR model were
found to have R-square values close to 0.823 when compared to actual observations, while the gravity model formulation
was found to have R-square values close to 0.422. This indicated that the use of land use data as part of the GTWR
model provided better predictions, resulting in errors of close to 17.7%. In the present study, the coordinates of the
centroids of the TAZs were computed considering the density of land use as part of the moment-area method as described
in Sections 7.1 and 7.2. The gravity model based on the log-linear regression model provided predictions where errors
related to trip-frequency distributions for various distance ranges were within +/- 1%, while the errors related to the cell-
wise prediction of trip interchanges in calibration and validation were 15.18% and 16.06%. This indicates that the present
study provides reasonably accurate predictions using noisy RP data and secondary data, in addition to the use of land
use density data in identifying the centroids of TAZs.

In the modeling exercise related to trip distribution described in this study, a GIS-based approach was adopted to
prepare a high-resolution Google-Earth base-map of 1:5000. To locate the centroid of the activity centers/zones, it was
necessary to obtain details on land use and the intensity of activity of sub-zones of most of the larger zones. The use of
the moment area method in the determination of the coordinates of the zone-centroids assisted in the precise computation
of inter-zonal aerial distances between the zone-centroids using the Euclidean formula for the 65 wards of Amritsar
city. The inter-zonal aerial distances thus obtained were then used in developing the model for trip distribution based
on the Gravity model formulation. Merrett and Khalife [60] observe that the use of the above-mentioned classical
approach is indeed an effective strategy in handling data related to mixed land uses.

Thus, the combination of various strategies, including the use of GIS-based approaches to determine inter-zonal
aerial distances and the use of the refined relationship between trip interchanges and the inter-zonal aerial distances in
the development of a reliable log-linear regression model for trip distribution, contributed towards attaining higher
accuracies in travel demand estimation.

The present study will provide the basic framework for transport planners to formulate better strategies for travel
demand modeling where available data is noisy and less reliable. The approach to trip generation and trip distribution
modeling described in this study is considered more cost-effective since it does not rely on the use of sophisticated GPS
technology and the use of electronic sensors. The techniques adopted in the present study in the compilation of the
database are less time-consuming when compared to the efforts required to process cell-phone-related call record data
and video-graphic data.

One of the limitations of the present study is that intra-zonal trips were not considered in the modeling approach for
trip distribution modeling. Also, the inter-zonal aerial distances (Cjj) used in modeling trip distribution were based on
the shortest distances between the centroids of the TAZs, instead of the actual travel distances. It is also felt that the
additional use of stated preference (SP) data could assist in modeling future travel demand as well.
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