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ABSTRACT
A RECOMMENDED NEURAL TRIP DISTRIBUTON

MODEL

TAPKIN, Serkan
Ph.D., Department of Civil Engineering

Supervisor: Prof.Dr. Ozdemir Akyilmaz

January 2004, 167 pages

In this dissertation, it is aimed to develop an approach for the trip distribution
element which is one of the important phases of four-step travel demand modelling.
The trip distribution problem using back-propagation artificial neural networks has
been researched in a limited number of studies and, in a critically evaluated study it
has been concluded that the artificial neural networks underperform when compared
to the traditional models. The underperformance of back-propagation artificial
neural networks appears to be due to the thresholding the linearly combined inputs
from the input layer in the hidden layer as well as thresholding the linearly combined
outputs from the hidden layer in the output layer. In the proposed neural trip
distribution model, it is attempted not to threshold the linearly combined outputs

from the hidden layer in the output layer. Thus, in this approach, linearly combined

iii



inputs are activated in the hidden layer as in most neural networks and the neuron in
the output layer is used as a summation unit in contrast to other neural networks.
When this developed neural trip distribution model is compared with various
approaches as modular, gravity and back-propagation neural models, it has been

found that reliable trip distribution predictions are obtained.

Keywords: Trip Distribution, Gravity Model, Back-Propagation Artificial Neural

Networks, Neural Trip Distribution Model, Modular Neural Network
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0z
SEYAHAT DAGILIMI iCIN YENI BiR SINiR AGI

MODELI

TAPKIN, Serkan
Doktora, insaat Miihendisligi Boliimii

Tez yoneticisi: Prof.Dr. Ozdemir Akyilmaz

Ocak 2004, 167 sayfa

Bu calismada, dort basamakli ulasim talep modellemesinin en Onemli
unsurlarindan biri olan seyahat dagilim modeli icin yeni bir yaklasim modelinin
gelistirilmesi amaclanmistir. Cok smirli sayida mevcut olan ¢alismalardan yola
cikilarak, geriye yayilma yapay sinir aglar1 kullanilarak seyahat dagilimlarini hesap
etme problemi ele alinmig ve geriye yayilma yapay sinir aglan ile elde edilen
neticelerin yetersiz oldugu goriilmiistiir. Geriye yayilma yapay sinir aglar
kullanilarak yapilmis olan calismalarda, bahsedilen sinir agi tipinin mimarisinden
dolay1, agirliklandirilmis girdileri toplayan noronlar, bu sonuglari lineer olmayan bir
esik fonksiyondan gecirmekte ve bu islem hem sakli katmanda ve hem de cikti
katmaninda olmak iizere iki defa yapilmaktadir. Bu modellerde, ¢ikti katmaninda

bir kez daha esik fonksiyonundan gecirilen agirliklandirilmis girdiler, hata



fonksiyonu sonucu hesap edilen degerlere etkimekte ve bu degerler oldugundan
farkl bir hale gelmektedir. Onerilen yeni sinirsel seyahat dagilimi modelinde bu
sorun, girdi katmani degerlerinin, gizli katmandan sonra, bu katmandan ¢ikan esik
fonksiyonundan gecen degerlerle bir kez daha carptirilip, bu yeni agirliklandirilmis
degerlerin ise tekrar bir esik fonksiyonundan gegirilmemesiyle coziimlenmigtir.
Gelistirilen bu sinirsel seyahat dagilim modeli ile, bu yaklasima benzer modiiler
modelden, gravite modelinden ve geriye yayilma yapay sinir aglarindan ¢cok daha iyi

ve giivenilir seyahat dagilimi tahminleri yapilabildigi gozlemlenmektedir.

Anahtar Kelimeler: Seyahat Dagilimi, Gravite Modeli, Geriye Yayilma Yapay Sinir

Aglari, Sinirsel Seyahat Dagilim Modeli, Modiiler Sinir Ag1
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CHAPTER 1

INTRODUCTION

Continuing expansion of cities with the development of societies and
technology through the ages make the existing transportation systems inadequate to
meet the increasing demands due to the difficulty and the complexity of the daily
movements of goods and people. In order to provide the flow of traffic freely and
safely from one place to another without encountering any congestion problem, it
might be necessary to improve the existing facilities or to provide new facilities.

The first thing that should be tried is to look for alternatives of improving the
existing facilities. Building of new facilities is always the case that should be well
studied. In other words, it may not be desirable to introduce new facilities which
may be due to the harmony already established in the existing system or which may
not be desirable to disturb it. In general, with the increase of travel demand, there is
a growing interest to preserve the nature and the environment and this problem is
particularly crucial in the urban areas. Second thing that should be focused on is the
factor of economy. Construction of new facilities needs very large expenses. It is
often argued that the resources required for new transport facilities would return

higher community benefits if they were invested in other types of services.



Construction of a new facility needs long span of time and generally, this type of
improvement is included in the long-range plans.

All these points show the necessity of a comprehensive transportation
planning within a regional area. The society demands increasing care and
professional competence in the planning and operation of all transportation systems.

Transportation planning is the study of present transportation patterns in
relation to present population, economy and land use of an area, the estimation of
future transportation patterns related to prediction of future population, land use and
economy, the design of alternative transportation networks and facilities, the
evaluation of alternatives and the adoption of a transportation plan with proposals for
its implementation, scheduling and financing.

During the last decade, neural networks have been used as alternative tools to
traditional planning efforts. In these studies, some important ideas and application
procedures are developed which are all discussed in this thesis.

This dissertation is arranged in the following manner; in the second chapter, it
is aimed at familiarising the neural network practitioners with spatial interaction
modelling and transportation planning, the aim of the inclusion of the third chapter
into the thesis is to acquaint the transportation planners with the basic concepts of
neural networks, in the fourth chapter, neural network background in transportation
engineering is presented and a recommended neural network approach is proposed,
chapter five is dealt with the analyses of various approaches as well as the
recommended approach and finally, summary of the study and conclusions are drawn

in chapter six.



CHAPTER 2

SPATIAL INTERACTION THEORY AND

TRANSPORTATION PLANNING

2.1 General Information on Spatial Interaction Theory

Over the past decades, a number of modelling approaches have been
developed to apprehend the spatial processes associated with the development of a
transportation system. All these approaches, commonly known as spatial interaction
modelling efforts are aimed at determining the mobility of individuals over space
that results from their utilities. Such activity related movements, which are in the
form of trips undertaken to achieve particular objectives, as getting to work, are all
derived from the utilities of individuals. These purpose-oriented trips largely
determine the spatial mobility over spatially separated origins and destinations.

Thus, spatial interaction models can be regarded as mathematical descriptions

of those spatial flows. These models serve a dual purpose upon their calibration: one



is to predict flows between origins and destinations and the other is to analyse the
marginal changes in those predicted flows.

The starting point for spatial interaction modelling is a matrix of flows
between a set of origins and a set of destinations, which can be labelled as i and j
respectively. Thus, the task is to represent the number of trips 7;; between any i and j,
as a function of origin-destination characteristics (i.e. zonal attributes) and the spatial
separation between those origins and destinations.

Essentially, spatial interaction models contain three basic elements:
a measurement of the spatial separation between origins and destinations;
a measurement of the propulsiveness of each origin; a measurement of the
attractiveness of each destination.

Each of the above-mentioned elements can be measured in different ways
depending on the type of spatial interaction being modelled. Usually, distances
between origins and destinations are used to measure spatial separation although cost
and time can also be used. Regardless of how spatial separation is measured, it is
one of the most important determinants of spatial interaction patterns. For example,
while an individual is likely to choose a supermarket close to home, it may not
always be the one that is the most attractive. A supermarket farther away but offering
a wider range of products or cheaper prices might be more attractive. This trade-off
between zonal attributes and separation is the essence of interaction modelling.

Propulsiveness of origin and attractiveness of destinations can be described
by the zonal attributes (i.e. origin and destination characteristics) such as population,

income and employment as can be seen in Table 2.1. These attributes together with



zonal separation can be used for spatial interaction modelling to determine the

number of zonal movements (trips).

Table 2.1 Possible measures of origin propulsiveness and destination attractiveness

Type of spatial interaction | Origin Attributes Destination Attributes
Trips, Population, Employment,
Communication, Household, Establishments (size),
Migration, Income, Land use,
Others Car Ownership Parking charges,
Preferences, Others
Others

2.2 A Family of Spatial Interaction Models

In order to predict the level of interaction between origin-destination (O-D)
pairs, it is necessary to have the following information about the zones: a measure of
origin propulsiveness, a measure of destination attractiveness and a measure of
spatial separation. Different levels of information available on propulsiveness,
attractiveness and separation results four different forms of spatial interaction
modelling which are collectively referred to as a “family of spatial interaction

models” [1].



2.2.1 The Unconstrained Model

If spatial separation is known but no information on how many trips originate
at each origin and how many trips terminate at each destination is available, the latter
two values need to be estimated within the model by surrogate variables. The
appropriate model in such a situation is known as an unconstrained model with the

following general form [2]:

_ alyya2 Alyyr A2 Aqg 36
T, =kVOVS L VIWIWE WA 2.1

where;

T,;= number of trips that begin at origin i and end at destination j

V.= origin attribute that is a surrogate for the number of trips beginning at i

W, = destination attribute that is a surrogate for the number of trips ending at j

d ;= spatial separation (assumed here to be measured by distance) between origin i

and destination j

The number of origin and destination variables included in the model depends
on the type of spatial interaction being modelled and the information available. Here
the number of origin variables is denoted by i and the number of destination
variables is denoted by j. In some situations, there might only be one origin attribute

and one destination attribute in the model. The parameters &, A and f reflect the

influence of each of the exogenous variables in the model. For example, if V, were



population, it would be expected that &l would be positive: as the population of an
origin increased, a greater volume of interaction would emanate from it, with
everything else being equal.

Similarly, # would normally be negative: as the distance between any two

zones increases, the volume of interaction between them decreases, everything else
being equal. The exact rate at which interaction decreases or “decays” as distance
increases, is a matter for empirical evaluation. It might be interesting to estimate
these parameters in different systems and to compare spatial behaviour in different

systems and over time. For instance, the value of the distance-decay parameter, [,

has been shown to vary across different economic systems, over time, by income
group and by gender [3]. Generally, the deterrence of distance for interaction is less
in more developed economies and there is a gradual reduction in distance-decay over
time as transportation facilities improve and as knowledge about different locations
increases. Finally, the parameter k in the model is a scale factor that simply
balances the units on both sides of the equation and is of no great behavioural

importance.

2.2.2 The Production-Constrained Model

If spatial separation and the number of trips emanating from each origin are
known but no information on the number of trips that terminate at each destination is
available, the appropriate model for this situation is known as a production-

constrained model which has the form [2] as:
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where;

O, = total number of trips beginning at origin i
O, replaces the surrogate origin propulsiveness variables in the unconstrained

version. The model essentially distributes the number of trips from an origin in
proportion to the relative attractiveness of each destination as measured by the
numerator of the above equation. The denominator acts as a constraint on the

predicted trips so that [2];

ZTH = O, for every origin 2.3
J

where T;is the predicted value of 7;; from the model. Alternatively, the model can

also be represented as [2]:

_ Ay A2 A 1B
T,=AOW WE. . Wid] 24
where;
-1
_ Myys A2 A 3B
A= DWW W d] 2.5
J



Production-constrained forms of spatial interaction models are encountered
very frequently, particularly in retailing where estimates of the number of trips
leaving each origin can be obtained from census population data. The models are
used to discover the characteristics of stores that attract consumers and to predict the
proportion of people in each residential neighbourhood shopping at each store. Once
such a store’s potential market and its impact on the sales at existing stores are
known, then the model can be used to estimate sales at a variety of possible locations
to aid in the optimal strategy to attract more customers to a store. For example, more
customers would be attracted to a store if the number of parking spaces were doubled

or if parking charges were reduced slightly.
2.2.3 The Attraction-Constrained Model

If spatial separation and the numbers of trips terminating at each destination
are known but there is no information about the number of trips beginning at each
origin, then an attraction-constrained model is the most appropriate one since the
known inflow totals into each destination and a set of surrogate variables are used to
represent the total number of trips beginning at each origin. The model has the

general form [2] as:

- Vive.Lvedy
Ty veveLrdf
J

2.6



where;

D = total number of trips terminating at destination j
D replaces the destination attractiveness surrogates in the unconstrained

model. The attraction-constrained model is the complement of the production-
constrained model. In this case, the model allocates the number of trips terminating
at a destination across the various origins in proportion to the relative propulsiveness
of each origin as measured by the numerator of the above equation. The denominator
again acts as a constraint on the predicted trips but in this case the constraint is on the

number of predicted trips into each destination so that [2];

DT, =D, for every destination 2.7

where T; again represents the predicted value of 7; from the model. Alternatively,

the model can also be represented as [2]:

T,=BDVI V. . Vrd] 2.8

J

where;

-1
= alyy a2 Y
Bj = |:2V11 Vi V. ;"”dij } 20

10



The terms A, and B; in the production-constrained and attraction-constrained

equations are sometimes referred to as “balancing factors” since they constrain the

row and column totals of the predicted flow matrix respectively.

Attraction-constrained spatial interaction models are generally used less

frequently than production-constrained models. However, they are found useful in

some applications [2]. Such applications are:

to estimate the demand for housing in different residential neighbourhoods due to
the location of a new enterprise.

to analyse geographic patterns in student enrollments where the total number of
students attending a university is known.

to determine the characteristics of places that affect the number of students
attending from different origins.

to derive “expected” numbers of students enrolling from each origin (the
predicted trips from the model).

to identify areas from which the university is drawing more students than

expected, given the characteristics of these areas.

Obviously, these applications could easily be extended to retailing or any

other area where there is competition to attract individuals.

11



2.2.4 The Production-Attraction Constrained Model (or Doubly

Constrained Model)

If the total number of trips beginning at each origin, and the total number of
trips terminating at each destination are known, then the production-attraction
constrained, or doubly constrained model is the most appropriate one. This has the

form [2] as:

— B
T, = AO,B,D,d! 2.10

where;

-1
— B
A —{ZBijdij} 2.11
J

and

-1
- B
B, = {z A0.d} } 2.12
J

The A, and B, terms have to be estimated iteratively and they ensure that the

constraints in equations 2.3, 2.4 and 2.5 are met.

The doubly constrained model allocates trips to the cells of the flow matrix
(the origin-destination links) given row and column totals. It does this solely on the
basis of the distance between origins and destinations. Its use has mainly been

confined to transportation applications where the total numbers of commuters

12



leaving each residential neighbourhood are known and the total numbers of
employment opportunities in each destination are also known. What is unknown,
and can be predicted from the model, is the distribution of trips between origins and
destinations.

Although a detailed discussion of the nature and methods of calibrating
spatial interaction models is beyond the scope of this dissertation, it is worth
mentioning very briefly how the parameters in a spatial interaction model might be
estimated.

In order to use a spatial interaction model to answer questions such as those
discussed above, it is necessary to obtain values for the model’s parameters. If the
purpose of the model is to obtain information on the way either origin or destination
characteristics affect spatial interaction patterns, the model must be calibrated with
some known flow data. This is done by finding the values of the parameters that
maximise some criterion, such as the accuracy with which the model replicates the
known flow pattern. Parameter values that are far from their expected values will
tend to produce very poor estimates of the flows, while those close to their expected
values will tend to produce estimates that are more accurate. It is sometimes useful
to determine how sensitive are a model’s predictions to variations in the parameters
used to derive the predictions.

If flow data are not available, model calibration as described above is
impossible and “educated guesses” have to be made for parameter values. This
could be done, for example, by surveying the results of previous calibrations of
similar models. However, in practice this is impeded by difficulties and should be

avoided where possible as it is rare to find exactly the same spatial interaction model

13



with the same combinations of explanatory variables being used in different
applications. In addition, it appears that the parameters of spatial interaction models

are quite context dependent [4].
2.3 Other Forms of Spatial Interaction Models

The forms of spatial interaction models described above are referred to as
“global” models because they provide a single set of parameter estimates for the
whole flow system being analysed. For instance, in each of the above-mentioned
models, a single estimate of distance-decay is obtained when the model is calibrated.
In most circumstances, it would be useful to obtain more detailed information on the
flow system and to obtain separate distance-decay parameter estimates for each
origin in the system or for each destination. This is quite easy to achieve by
calibrating what are known as origin-specific models. An origin-specific form of the

production-constrained model is given in the following form [2]:

T, = AOW W20 W aVal? 2.13

where;
_ A7 A2() Aq(0) 7 B
A= D WOWE W Od] 2.14
J
In this model, each parameter is specific to origin i so that the spatial

distribution of a parameter can be mapped to examine any spatial patterns in the

14



behaviour represented by that matter. Interestingly, there is a long history of
estimated origin-specific distance-decay parameters exhibiting spatial patterns in
which centrally located origins have less negative parameter estimates than
peripheral ones [5]. The interpretation of such a pattern has provoked intense debate
at times, but it appears that the distribution is due to a miss-specification bias which
can easily be eliminated by the addition of a variable measuring the proximity of a
destination to all the other destinations [6]. The models that result are termed
“competing destination models” and have been shown to remove the previously
observed spatial pattern of origin-specific, distance-decay parameters. It is
interesting to note that the miss-specification of spatial interaction models became
evident only when local forms of the models were calibrated [2].

For completeness, a destination-specific form of the attraction-constrained

model described previously, is [2]:

le — B./.D _Vilﬂl(.i)v_lzﬂ(j) .... Vl_:p(_/')df(j) 2.15

J i

where;
-1
B, :{ZVJ’“”V&”“” ..... V. ;‘”(j)dif‘j)} 2.16

2.4 Spatial Interaction Modelling in Urban Transportation Planning

Attempts at understanding regularities in patterns of spatial flows began with

the observation that the movement of people between cities was analogous to the
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gravitational attraction between solid bodies. That is, greater numbers of migrants
were observed to move between larger cities than smaller ones, ceteris paribus (other
things being equal), and between cities that were closer together than between cities
that were farther apart, ceteris paribus. This led to the proposal of a simple
mathematical model to predict migration flows between origins and destinations
based on the Newtonian gravity model.

However, there was no theoretical justification for this form of model until
Wilson [7] derived doubly constrained gravity model based on entropy-maximising
principles.

This model has been extensively used by planners to analyse an individual
segment or a link of a metropolitan transportation system. These efforts experienced
by planners are found not to be adequate, and the model is often misleading when
perceived from the point of view of long-range planning efforts of transportation
facilities. This systems approach to transportation planning and development, where
flows in transport networks are analysed in an integrated manner, is considered
necessary for a proper comprehensive and coordinated transportation plan. This
approach is commonly termed as a continuous, coordinated and comprehensive
transportation planning process with the well-known four-step procedure of trip
generation, trip distribution, modal split and traffic assignment. Since the essence of
spatial interaction modelling is to predict level of interaction between zones, then the
zonal interaction in this four-step planning process can be described by the number
of trips distributed between pairs of zones.

The four-step planning process can also be termed as segmental aggregate

demand modelling. In this modelling, trip generation is concerned with the number
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of trips per time period made to or from a given areal unit or zone (regardless of the
trips’ origins or destinations), trip distribution is involved with finding the zones to
or from which the generated trips are directed, mode choice is related with the
determination of the particular mode of transportation used for the zone-to-zone
trips, and finally, trip assignment is dealt with the particular route selected by

travellers going between each pair of zones on each mode of transport.

2.5 Trip Distribution Models

An important step in the sequential four-step procedure is to distribute the
zonal trips between all pairs of zones i and j, where i is the trip-producing zone and j
is the trip-attracting zone of the pair. The rationale of trip distribution is that all trip-
attracting zones j in the region are in competition with each other to attract trips
produced by each zone i. Everything else being equal, more trips will be attracted by
zones that have higher levels of attractiveness. However, other intervening factors
affect the choice of j as well. Consider, for example, the case of two identical
shopping centers (i.e., of equal attractiveness) competing for the shopping trips
produced by a given zone i. If the distances between zone i and each of the two
centers are different, shoppers residing in zone i will show a preference for the closer
of the two identical centers [8]. Thus the intervening difficulty of travel between the
producing zone i and each of the competing zones j has a definite effect on the
choice of attraction zone. In the shopping center example above, distance is used as
a measure of the difficulty of travel, but other measures of this effect may be used,

such as travel time or some generalised cost that includes travel time, out-of-pocket
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cost and so on. When applying a specific model for predictive purposes, care must be
taken to use the same measure of impedance that was employed to calibrate the
model.

Obviously, there are a multitude of reasons why one destination would be
chosen over another in the trip distribution analysis. Among these are: better
highways between certain locations, lack of jobs in certain zones, dangerous
neighbourhoods that must be traversed and so forth. Generally speaking, then, traffic
distribution can be considered as a function of: (a) the type and extent of
transportation facilities available, (b) the pattern of land use in an area, including the
location and intensity of land use, (c) the various social and economic characteristics
of the population.

The measure of separation between zones most commonly used for trip
distribution is roadway travel time, calculated from the computerised transportation
networks. Most transportation planning efforts use peak-period travel times as a
measure of zonal separation for home-based work and home-based school models.
Recent studies have tried to incorporate travel cost and transit travel time into the
separation measure. Cost has been considered in an attempt to estimate effects on
trip distribution of parking costs, vehicle operating costs and tolls.

Many mathematical models have been developed to describe and predict the
distribution pattern of trips. They are generally divided into two groups: (1) growth-
factor methods and (2) theoretically based methods. In the first group, there are four
basic types of models. These can be stated as the Detroit, Fratar, the uniform and the

average-factor methods. In the second group, the most well known two models are
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the gravity model and the intervening opportunities model. These approaches are

explained briefly below.

2.5.1 Growth-factor Methods

Growth-factor methods work on the argument that the future number of trips
between a pair of zones can be found by proportioning the relative increases (growth)
in trip ends in those zones. This proportioning process is iterative in nature. That
means, a first proportion is worked out based on initial conditions, new trip end totals
are computed, a new proportion established and so on until some stable numbers are
obtained. Mathematically, this process is described below.

The initial growth factor for zone i, F;, is computed by dividing the

forecasted trips by actual trip ends:

T
k _ ©i
F, =

1

2.17

For the whole study area, the trip ends over all zones are summed to get the

corresponding area-wide growth factors, F

Frf =4 2.18

Total trip ends in zone i are obtained through:
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th=d  i#j 2.19

On the other hand, the Detroit models are as follows:

. FF,

f =1, 2.20
F
F»k_IF.k_]

k _ k=1 "1 J

=t 221

where k denotes the k th iteration, 7, denotes the predicted trips, ¢/ denotes

actual trip ends, F* denotes corresponding area-wide growth factors.

In these models, the number of trips between zones i and j increases in
proportion to the growth of trip ends in the origin zone (i) and the growth of trip ends
in the destination zone (j).

Another growth-factor method is the Fratar model. This model is often used
to estimate external trips, that is, trips that are either produced and/or attracted
outside the boundaries of the region under study from outlying areas whose character
is not explicitly analysed.

The Fratar model begins with the base-year trip-interchange data. Usually
this model does not distinguish between productions and attractions and considers
the interzonal trips irrespective of their direction [9]. Since no distinction is made

between productions and attractions, the trip generation of each zone is denoted by
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T,. The following trip balance equation provides the necessary relationship between

the trip generation of a zone i and the trip interchanges that involve zone i:

T.=3T, 2.22

The estimate of the target-year trip generation 7 (¢), which precedes the trip-
distribution phase, is computed by multiplying the base-year trip generation, 7" ,(b)

by a simple growth factor, namely G;. This growth factor is based on the anticipated
land-use changes that are expected to occur within the zone between the base year

and the target year. Thus;

T,(t)=G,[T, (b)] 2.23

Subsequently, the Fratar model estimates the target-year trip-distribution
T, (z) that satisfies the trip balance (equation 2.22) for that year. Mathematically, the
model consists of successive approximations and a test of convergence in an iterative
procedure. During each iteration, the target-year trip-interchange volumes are
computed based on the anticipated growth of the two zones at either end of each
interchange. The implied estimated target-year trip generation of each zone is then
computed according to equation 2.22 and compared to the expected target-year trip

generation of equation 2.23 [9]. A set of adjustment factors, R;, are then computed

by:
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T,()
R =————
" T/(current)

2.24

If the adjustment factors are all sufficiently close to unity, the trip balance
constraint is satisfied and the procedure is terminated. Otherwise the adjustment
factors are used along with the current estimate of trip distribution Q; (current) to
improve the approximation. A comparison of equations 2.23 and 2.24 shows that the
adjustment factors used in all but the first iteration and the original growth factors
applied during the first iteration play the same mathematical role. Their
interpretation, however, is not the same: The growth factors constitute a prediction of
the actual growth of each zone between the base year and the target year, but the
subsequent adjustment factors are merely mathematical adjustments that facilitate the
convergence of the solution to the predicted zonal trip generation [9].

The basic equation employed by the Fratar model to calculate the portion of

the target-year generation of zone i that will interchange with zone j is:

(Tij (current))Ri

z (T,.j (current))R ;

J

T, (new) =

g

T.(¢) 2.25

This equation is similar to that of the gravity model, which will be presented
later in this chapter. The expected trip generation of zone i is distributed among all
zones so that a specific zone j receives its share according to a zone-specific term
divided by the sum of these terms for all “competing” zones j. When equation 2.25

is applied to all zones, two estimated values result for each pair of zones: The first
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represents the portion of the generation of zone i chosen to the interchange due to the
influence of zone j (or Tj;), and the second is the portion of the generation of zone j
chosen to the interchange due to the influence of zone i (or 7).

An asymmetric form of the Fratar model begins with a base-year trip table in
the production-attraction format. In this case the sum of each row represents the
base-year productions, whereas the sum of each column represents the base-year
attractions of the corresponding zone. Each zone is given two growth factors: one
associated with the expected growth in residential activity (and therefore
productions), whereas the second captures the zone’s non-residential growth (i.e.,
attractions).

Uniform growth factor method can be summarised in a compact form as:

G
E= Z—T' 2.26

22T
Tf =T/ xE 2.27

where;

E = Uniform Growth (Adjustment) factor

T.° = Trip generation output for future
T _ .
T; =Total trips today

T,/ = Flow from i to j in future

23



The steps that should be followed are straightforward. First the uniform
growth factor will be calculated. Then this factor will be applied to all current flows.

Also the average growth factor method can be presented mathematically as:

k-1 i _ i
Ei = Tk_] - Z Tk_l 2.28
i ij
ET+E
le" = Tl:/,"*‘ % I:(’f/) 2.29

where;

E!™' = Average growth (adjustment) factor
T =Total trip generation at i in future date
T”'= Total trips for iteration k at i

Tij" = Flow from i to j for iteration k (represents future)

The steps that should be followed to calibrate the model are: (1) run a trip
generation model; (2) determine the first estimate of “average growth factors”; (3)
apply the first set of average growth factors to all current flows; (4) check for
closure.

The Fratar and Detroit models are considered to have better mathematical
expressions and to be computationally more efficient than the uniform growth and
average growth factor models. In any case, the growth-factor models find most
applications in estimating trips from external to internal or other external zones since

there are no land-use data available for the external areas outside the study region.

24



These models are advantageous in that they: (1) are simple, inexpensive and
easy to apply; (2) are well-tested; (3) require no distance variables; (4) need no
calibration; (5) can be applied to peak directional flows; (6) are useful in updating
origin-destination surveys.

However, the disadvantages are: (1) only a single growth factor for each
zone, and assumed stable to the horizon year; (2) inability to account adequately for
major changes in land use or interzonal activity; (3) no explicit term relating to any
form of travel cost, time or other impedances; (4) zones having zero interchanges in
the base will show zero interchanges in the horizon year; (5) errors in the original

distribution due to sampling or other factors will be carried forward and magnified.

2.5.2 Theoretically Based Models

The gravity model, as its name implies, gets its name from the fact that it is
conceptually based on Newton’s law of gravitation, which states that the force of
attraction between two bodies is directly proportional to the product of the masses of
the two bodies and inversely proportional to the square of the distance between them

or;

F,=Gx— "2 2.30
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where;
Fj, = the gravitational force between bodies 1 and 2
M = mass of body 1
M, = mass of body 2
d;> = distance between bodies 1 and 2

G = a constant

When analysing this model, travel researchers noted an interesting analogy,
especially in regard to shopping travel: M; might represent the “mass” of trips
available at, say, a residential area; M, the “mass” or attractiveness of a shopping
area; d;, the distance between the two areas; and F;, the number of trips between the
two areas. These interpretations would imply through the gravity model that the
greater the size or attractiveness of the two areas (masses) and the less the distance
between them, the more would be the number of interarea trips. This was found to
resemble many real world situations [10]. For example, the volume of long-distance
telephone calls between cities may be modelled in this manner, with the population
sizes of the cities replacing the masses of particles and the distance between cities or
the cost of telephone calls taking the place of d;; . The application of this concept to

trip distribution takes the form which can be expressed as:

T, = k—L 2.31
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where;

T, = number of trips produced in zone i and attracted to zone j

k = a specific zone-to-zone adjustment factor for taking account the effect on

travel patterns of defined social or economic linkages

P ;= number of trips produced by zone j
A, = number of trips attracted to zone i
d; = distance between zone i and zone j

¢ = an empirically determined exponent that expresses the average area-wide

effect of spatial separation between zones on trip interchange

Equation 2.31 states that the interchange volume between a trip-producing
zone j and a trip-attracting zone i is directly proportional to the magnitude of the trip
productions of zone j and the trip-attractiveness of zone i and is inversely
proportional to a function of the impedance d;; between the two zones.

In this model, the interzonal volume is the dependent variable; the
productions, attractions and impedances are the independent variables; and the
constants k and ¢ are the parameters of the model that must be estimated through
calibration using base-year data.

However, the parameter k can be eliminated from equation 2.31 by applying
the trip-production balance constraint, which states that the sum over all trip-
attracting zones i of the interchange volumes that share j as the trip-producing zone

must equal the total productions of zone i, or;
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A=DT, 2.32

After carrying out some mathematical operations, the classical form of the

gravity model can be obtained as:

A, /dl.jc

T =P 2.33
v ZiAj/d;i

J

The bracketed term is the proportion of the trips produced by zone i that will
be attracted by zone j in competition with all trip-attracting zones. Note that the
numerical value of this fraction would not be affected if all attraction terms were
multiplied by a constant. This implies that the attraction terms can measure the
relative attractiveness of zones. For example, one employment zone may be said to
be twice as attractive as another, based on the number of employment opportunities
available.

The gravity formula can be written alternatively as:

A F,

_ ity
Ty =P,

Z AJ’ Fij
i
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where;

Fy=— 2.34

where Fj; is known as the travel-time (or friction) factor [9].

Finally, a set of interzonal socioeconomic adjustment factors K; are
introduced during calibration to incorporate effects that are not captured by the
limited number of independent variables included in the model. The resulting

gravity formula becomes:

A FK,;

T, =P —"1—"— 2.35
D AFK,
j=1

where;

T, =number of trips produced in zone i and attracted to zone j
P, = number of trips produced by zone i

A; = number of trips attracted to zone j

F; = travel-time factor

K, = a specific zone-to-zone adjustment factor
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This gravity modelling is known as the unconstrained gravity model where
row totals and column totals are not constrained. As this is required, constrained
gravity models can be used instead of unconstrained models.

The calibration of the gravity model in the form of equation 2.33 involves the
determination of the numerical value of the parameter c that fixes the model to the
one that replicates the base-year observations. Hence knowledge of the proper value
of ¢ fixes the relationship between the travel-time factor and the interzonal
impedance.

Unlike the calibration of a simple linear regression model where the
parameters can be solved by a relatively easy minimisation of the sum of squared
deviations, the calibration of the gravity formula is accomplished through an iterative
procedure: An initial value of ¢ is assumed and equation 2.33 is applied using the
known base-year productions, attractiveness and impedances to compute the

interzonal volumes 7). These results are then compared with those observed during

the base year. If the computed volumes are sufficiently close to the observed
volumes, the current value of c¢ is retained as the calibrated value. Otherwise an
adjustment to ¢ is made and the procedure is continued until an acceptable degree of
convergence is reached. Most commonly, the friction-factor function F rather than
the parameter c is used in the calibration procedure.

In urban transport planning, once the minimum time paths are established
from each zone centroid (center) to all others to obtain the current zone to zone travel
times (distances, or any other cost element), the gravity model would be calibrated to
distribute the trips using the total trip attractions and trip productions of each zone

obtained from trip-generation analysis.
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In spite of the common use of the gravity model, there are some advantages
and disadvantages. Some of the advantages of the gravity model are: (1) it accounts
for competition of trips between land uses by emphasising trip attractions versus
productions; (2) it is sensitive to changes in travel times between zones, is able to
recognise trip purposes as affecting zonal interchanges; (3) it is easy to understand
and therefore easy to apply in particular areas [9, 11].

Shortcomings of the gravity model are: (1) it is very unlikely that the travel-
time factors by trip purpose would remain constant throughout the urban area to the
horizon period; (2) the changing nature of travel times between zones with time of
day makes the use of single values for the travel time factors questionable; (3) it
tends to overestimate short trips and underestimate long trips; (4) it usually focuses
on impedance (or zonal separation) which lacks a behavioural basis explaining the
choices made by individuals among alternatives; (5) it does not include variables that
reflect the characteristics of the individuals or households who decide which
destinations to choose in order to satisfy their activity needs [9,11].

In its original application, the interzonal impedance was measured only in
terms of highway travel time which fails the incorporation of the effect of the
presence of other modes of travel explicitly. However, this can be eliminated by
incorporating additional variables, such as parking and toll charges, in the expression
of impedance. The term “generalised cost” is often used in place of impedance to
show up this practice. Moreover, measures of composite impedance have been
considered that combined travel times and costs associated with all modes providing
services between pairs of zones, including transit and, more recently, non-motorised

modes. In some instances, the generalised costs of the various modes would be
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weighted by the expected proportions of trips that each attracted. As another
approach would be the use of composite utility which is computed by certain choice
models. Alternative to gravity modelling, a more recent practice has been to abandon
in favour of more behaviourally based destination choice models [9].

The use of K-factors to adjust for discrepancies between the observed base-
year trip-length frequency distribution and that resulting from the use of the final
friction factors alone has been an interest for two reasons. The first reason is related
to difficulties arising from attempts to interpret the effects captured by the K-factors
and the second has to do with the question of whether these effects would hold true
between the base and target years. The need for the K-factors has been explained in
detail in [9] as capturing special conditions between some zonal pairs such as the
need to cross a river. Other findings showed that K-factors were needed to rectify a
mismatch between the types of jobs in which residents of producing zones were
engaged and the type of employment available in the trip-attracting zones. For
example, workers in zone i could be sent by the gravity model to jobs in zone j
because the latter is closer to i than a third zone. To minimise this difficulty, some
gravity-model applications resort to stratifying jobs by industry and employment
type or income at the cost of added computational load. Experience has also shown
that the causes of the problem may be rooted in historical and cultural factors that are
unique to the local area. A good understanding of local conditions and their
likelihood to persist over time can provide invaluable insights that can potentially aid
the modeller in interpreting and applying K-factors with good judgement [9].

Despite all these shortcomings, the gravity modelling has extensively been

employed in most urban transportation planning packages.
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The distance variable involves two choices: a physical measure of distance,
travel time, or the cost of travel; or a mathematical distance decay function. The

best-known distance decay functions are power functions of the form [12]:

_ -B
! (d” ) =dy 2.36

and exponential functions in the forms of Equation 2.37 and Equation 2.38.

fld;)=e? 2.37

Fld,)=de™ 2.38
where S is an empirical constant representing the severity of the inhibiting effects of
distance (d;) on trip making. Other things being equal, the higher the value of beta,

the faster the fall in the number of trips with distance. The second negative
exponential function presented above produces a distance decay that is less rapid as
distance increases, allowing for a situation where the number of trips actually
increases over short distances, but then decreases thereafter. One disadvantage of
the power function form is that when distance is zero, this function equals zero, and
the gravity model will predict infinite number of trips [13]. When a study concerns
region-to-region, city-to-city or zone-to-zone trips, the intra-region, intra-city or
intra-zonal trips are usually excluded from the spatial interaction modelling analysis
and the distance for these trips will be zeroes. Applying a power distance decay

function or a type of exponential functions to such problems may cause the gravity
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model to produce infinite trips in these intra areas. A common practice to deal with
the problem is to assign some very large values to these distances so that the
inhibiting effects is so big that no trips will be distributed within these areas.

The traditional family of gravity models consists of unconstrained and
constrained gravity models including unconstrained, production constrained,
attraction constrained and fully constrained gravity models.

These traditional gravity models can be listed as follows:

1) Unconstrained gravity model
2) Production constrained gravity model
3) Destination constrained gravity model

4) Doubly constrained gravity model

Among the above-mentioned models, the fully constrained gravity model is
the most widely used one in terms of accuracy and pattern recognition [14]. Other
gravity models have some problems such as inconsistency, miss-specification, multi-
collinearity or data distortion associated with the transformation of the equations into
a linear relationship and operational form [15].

As an alternative to the gravity model, the intervening opportunities model is
also available. This model is based on an attractively simple hypothesis that there is
a constant probability that a traveller will be satisfied at the next opportunity. The
even simpler assumption is that the number of trips from an origin to a destination
zone is proportional to the number of opportunities at the destination zone and

inversely proportional to the number of intervening opportunities [12].
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To compute intervening opportunities, the order of destination zones away
from any origin zone should be identified. The number of trip origins at zone i (0O;)
multiplied by the probability of a trip terminating in j is given in the following

equation as [16]:

T, =0, (P(VjH )_ P(Vj )) 2.39
T, =0,(e™ ju—e™";) 2.40
where;

P(Vj)=total probability that a trip will terminate before the j th possible
destination is considered,

V, = subtended volume or the possible destinations already considered, that

is, reached before reaching zone j,

L= constant probability of a possible destination being accepted if it is
considered

The above equations 2.39 and 2.40 are the usual statement of the intervening
opportunities model.

One of the main differences between intervening opportunities model and the
gravity model is that the former has a probabilistic where the latter has a

deterministic structure.
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CHAPTER 3

BASIS OF ARTIFICIAL NEURAL NETWORKS

3.1 General

A human brain is composed of different regions, where each region is
responsible for the accomplishment of complex tasks. It has always been an
important area of research to understand the functioning of the brain. In one of the
major attempts to understand the brain, the idea of neurons as structural constituents
of a brain was introduced [17]. These neurons are organised as a biological network
with soma (cell body), dendrites and synapses. The soma is the body of the neuron
and dendrites are connections to synapses. It is estimated that there are 10 billion
neurons and 60 trillion synapses and dendrites in a human brain [18]. Thus, the brain
has a truly amazing number of neurons with massive interconnections between them.

Each neuron is analogous to a logical processing unit where inputs are

received and processed as outputs. It is this input and output structure that
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constitutes the essence of artificial neural networks. When a number of processing
units are interconnected, an artificial neural network is formed. In this dissertation,
artificial neural networks and neural networks are used synonymously.

The development of artificial neural networks dates back to the 1940s. One
of the first abstract models of a neuron was presented by McCulloch and Pitts [19].
Hebb [20] put forward a learning rule in 1949 that explained the way a network of
neurons learned. Some other researches followed this idea through the next two
decades. Minsky [21] and Rosenblatt [22] were two of the most important
researchers who pursued Hebb’s ideas. Rosenblatt is distinguished with his
formulation of the perceptron learning algorithm. Widrow and Hoff developed an
important variation of perceptron learning during the same time span, which is called
the Widrow-Hoff rule [23]. In 1969, Minsky and Papert [24] has put forward the
theoretical limitations of single-layer neural network models in their milestone book
called “Perceptrons”. This book had a pessimistic perspective on neural networks so
the research taking place about artificial neural networks fell into an indefinable era
for nearly 20 years. In the year 1977, Anderson et al. [25] and in 1980, Grossberg
[26] carried out important works on psychological models. In addition, Kohonen
[27] developed associative memory models.

In 1980s, a renewal in the neural network approach can be seen. Hopfield
[28] initiated the basic idea of energy minimisation with artificial neural networks
theory. Later, with his paper, this idea gained great momentum in optimisation
applications. The term ‘“connectionist” had been made popular by Feldman and
Ballard [29]. Connectionism, sometimes, also named as “subsymbolic processes”,
that have become the study of informative and artificial intelligence systems

stimulated by neural networks [30]. Connectionism lays emphasis on the capability
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of learning and discovering representations, unlike symbolic artificial intelligence. In
the light of the above-mentioned facts, connectionism has become a common
foundation between traditional artificial intelligence and artificial neural networks
research.

In the mid 1980s, the book ‘“Parallel Distributed Processing”, written by
Rumelhart and McClelland [31] produced great impacts on biological, information
and computer sciences. Rumelhart, Hinton and Williams [32] developed the back-
propagation learning algorithm. This important algorithm suggests a powerful
solution for training a neural network. The success of this approach was
demonstrated by the NETtalk system, which is developed by Sejnowski and
Rosenberg [33]. This system converts English text into highly intelligible speech. It
is an interesting note to consider that the idea of back-propagation had been
developed by Werbos [34] and Parker [35] independently.

The essence of neural networks stemmed from the basics of a biological
neuron. The biological neuron is the basic unit of the brain and is working on a
principle of a logical processing unit. The types of neurons are mainly:
1) Interneuron cells, which process locally and have their input and output
connections at about 100 microns; 2) Output cells that connect different regions of
the brain to each other, namely, connect the brain to muscles or connect other organs
to brain [36].

The operation of the neuron is a complicated and not fully understood
process, although the basic details are relatively clear. The neuron accepts many
inputs, which are all added up in some manner. If enough active inputs are received
at once, then the neuron will be activated and transmit a signal; otherwise the neuron

will remain in its inactive quiet state.
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3.2 Basic Concepts of Artificial Neural Networks

The influence of the synapses, coupled with the incoming signal into the
soma (cell body), can be modelled by a linear combination of the inputs to the
processing unit. The more influential the synapse, the larger the signal, the less
influential the synapse, the smaller the signal.

This basic model, which is analogous to a biological neuron, is shown in
Figure 3.1. This model, which is called a perceptron simply performs a weighted
sum of inputs (a linear combination), compares this to a threshold value in the
processing unit and turns on if this value is exceeded, otherwise it stays off. Since
the inputs are passed through the model neuron to produce the output once, the

system is known as a feedforward one.

input

multiplicative weight

body adds its inputs,
then thresholds

> output

input

Figure 3.1 Outline of the perceptron model
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Notationally, each input X; is modulated by a weight W; and the total input is

expressed as:

> XW, 3.1

This input signal is further processed in the processing unit by an activation
function to produce the output. The activation function, which is a threshold
function, can be linear, as a straight line, or non-linear, as a sigmoid function.

Generally, a neural network is represented by a set of nodes and arrows,
which corresponds to the fundamental concepts in graph theory. A node corresponds
to a processing unit, and an arrow corresponds to a connection between those units.
As illustrated in Figure 3.2, some nodes are connected to the system inputs and
others are connected to the system outputs for information processing. In neural

network terminology, this framework is called neural network architecture.

Neural Network
.>
INPUT
(Problems, Data) OUTPUT
> > (Solutions,
> Results)
.>
. Output layer
Input layer Hidden layer

Figure 3.2 Neural information processing as depicted in Fu [40]
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The architecture of a neural network refers to its framework as well as its
interconnection scheme. The architecture is often specified by a number of layers
and a number of nodes per layer. The types of layers are:

a) The input layer is the one that includes input units, which specify the set of input
data (instance) presented to the network for processing. For example, each input unit
may be designated by an attribute value possessed by the instance. Referring to
Figure 3.2, the first row of nodes do not process information. They simply distribute
information to other units. Schematically, input units there are drawn as circles as
distinguished from processing elements like hidden units.

b) The hidden layer is the one that includes hidden units. These hidden units are
processing units and called hidden because they are internal to the network and
whose output has no relation with its surroundings.

c) The output layer is the one that includes output units which are associated with
possible values to be assigned to the instance under consideration.

According to the connectivity, a network can be either feed-forward or
recurrent where the connections can either be symmetrical or asymmetrical. These
can be listed as:

a) Feed-forward networks: All connections point in one direction (from the input
toward the output layer)

b) Recurrent networks: There are feedback connections or loops

c) Symmetrical connections: If there is a connection pointing from node i to node j,
then there is also a connection from node j to node i, and the weights associated with
the two connections are equal, or notationally, W;; = W;;

d) Asymmetrical connections: If connections are not symmetrical as defined above,

then they are asymmetrical.
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According to the way the perceptrons are architectured; a neural network can
be single layered perceptron as can be seen in Figure 3.1 or multi layer perceptron as
in Figure 3.2.

Neural networks attack problems by self-organisation and self-learning. They
derive their intelligence from the mutual behaviour of simple computational
mechanisms of individual neurons. The computational advantages of neural
networks can be summarised as [32]:

a) Knowledge acquisition under noise and uncertainty: neural networks can carry out
generalisation, abstraction and extraction of statistical properties from the data.

b) Flexible knowledge representation: neural networks can build up their own
representation by using self-organisation techniques.

c) Efficient knowledge processing: neural networks can carry out computations in a
parallel manner which is known as parallel-distributed processing.

d) Fault tolerance: through distributed knowledge representation and redundant
information encoding, the system’s performance degrades slowly in response to
erTors.

If a formal and universally accepted definition for neural networks is to be
given, it can be stated as follows:

“An artificial neural network is a parallel distributed processor that has a
natural propensity for storing experiential knowledge and making it available for
use” [35].

A connection between nodes in different layers is called an interlayer
connection. A connection between nodes within the same layer is called an
intralayer connection. A connection pointing from a node to itself is called a self-

connection. In addition, a connection between nodes in distant (nonadjacent) layers

42



is called a supralayer connection. The term connectivity refers to how nodes are
connected. For example, full connectivity often means that every node in one layer
is connected to every node in its adjacent layer. A high order connection is a
connection that combines inputs from more than one node, often by multiplication.
The number of the inputs determines the order of the connection [37].

Connection weights can be real numbers or integers. They can be confined to
a range. They are adjustable during network training, but some can be fixed

deliberately. When training is completed, all of them should be fixed.

3.3 Types of Artificial Neural Networks

There are various ways of classifying the neural networks. Generally these
classifications are based on processing units and interconnection configured, the
learning algorithms used or the forms of transmitting information in the network.
Any given network, classified as above, can either be a feedforward or a recurrent
network.

The information about the inputs propagates through the network in a forward
direction from one layer to another until the output information is achieved. Later,
the output information is used as the input to the network, which propagates again
through the network in the forward direction, which presumably yields better
estimates about the output. Whereas in recurrent networks, the processed
information, either from the output or the hidden layer is recursively used, that is

they are fed back to the network as a part of their inputs.
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Whether the specific case is a feedforward or recurrent network, the networks
can be either single layer perceptron or multilayer perceptron models. Here, the
examples for these types of models are discussed.

¢ Adaptive Linear Element (ADALINE) is a single layer perceptron and
feedforward network that accepts several inputs and produces one output.

e Multiple Adaptive Linear Element (MADALINE) is a multilayer
perceptron and feedforward network, composed of more than one adaptive linear
elements.

* Back-propagation network is a multi layer perceptron and feedforward
network that employs the back-propagation algorithm which uses the gradient
descent technique with the error propagated backwards.

¢ Hopfield, Kohonen and Adaptive Resonance Networks are all recurrent
and multilayer perceptron models each of which can be used in various disciplines.

¢ Hybrid networks are those composed of certain networks each performing
its own function. These models could both be feedforward or recurrent, depending on
the type of the network configured. Examples for these can be parallel network
models and differentiation models.

All these models can be used as classifiers or function-approximating models.

3.4 Neural Networks As Function Approximators

As is known, a function is a mathematical model where dependent and
independent variables are related through some constants. In order to understand the

interactions among those variables, the values of the constants should be determined
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by calibrating the model. Once the model is calibrated, it should be tested to validate
its general applicability.

Dependent variables, independent variables and calibration of the model
correspond to input data, output data and training the network in neural network
terminology respectively. The trained network should also be tested for its
generalisation.

Neural networks that approximate a function exhibit some unique properties.
They can learn from input data, recognise new data from previous data and then if
properly trained, they can generalise. One unique aspect of a neural network is that
no assumptions are made regarding the variables used, whereas they learn and
recognise by the way the values are associated with the input data. This advantage is
due to the hidden layers that play an important role in training and transforming data.
Another unique aspect of a neural network is to handle nonlinear and/or complex
functions analysed. For example, any mathematical model selected for a particular
problem such as a logistic or a regression model depends very much on the
distribution of the data, the relationships among the variables involved and the nature
of the problem in question. In contrast, neural networks do not require information
about the structural form of the model, since no assumptions are made regarding the
distributions of the data. A neural network to approximate a function should first be
trained by input and output data. The training of neural networks requires some
decisions regarding the number of hidden layers and number of neurons in those
layers. There is no any general theoretical procedure to determine the number of
layers. However, it has been shown that neural networks with single hidden layers

may approximate any functional relationship to a desired level of accuracy [38,39]
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whereas, the number of neurons in a hidden layer is usually determined by a trial and
error procedure.

In order to train a network, an input set associated with an output set is
required. This output set are called target output values. Together with input set,
target values specify a pattern. The presentation of all patterns to the network during
the training process is called a cycle.

The networks are trained essentially by sequentially altering the connection
weights among the neurons after each pattern is presented to the network. This
process continues until an error term of the computed output value with the target
output value is minimised. This error term is generally the average sum squared
error. The networks become better approximators as more patterns are presented to
the network during the training process where an error term is minimised. In
comparing and contrasting neural networks with traditional function approximating
approaches, neural network models have some advantages over them.

To validate the general applicability of a trained network, it should be tested
by a set of patterns which are different than those used in the training process. This
testing procedure is simply representing a set of patterns to the network and
comparing the output values with target values to reach decisions about
generalisations of networks. Thus, in this procedure the connection weights among
neurons are not altered as in the training process.

A network which is feedforward and multilayer perceptron as mentioned
above employs supervised learning in the sense that network is trained on a set of
input output pairs and weights are adjusted to minimise the error of outputs and then

another set of input output pairs is used to test the effects of training.
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In summary, because of the unique properties mentioned above, neural
networks generally perform better in approximating a complex function than those

traditional techniques such as curve fitting.

3.5 Back-propagation Network Model

A single layered perceptron with an input and output layer classifies a set of
inputs by comparing the sum of those weighted inputs with a threshold value.

Notationally this can be expressed as:

SWX, =6 3.2

i=l

where W, are the connection weights, X, are the inputs and @ is the threshold value.

If a threshold is considered as an offset added to the weighted sum, an
alternative way of writing above expression is by using a bias neuron which is an

extra input to the network with a weight associated. This can be expressed as:

@:imx—m 33

i=1

where W, is the node weight associated with the bias neuron.
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Schematically, such perceptron can be shown as:

W,

Activation
function

Output

Figure 3.3 Linear perceptron architecture

Single layer perceptrons are generally used to classify linearly separable
inputs. When nonlinearly separable conditions exist, it is necessary to use multilayer
perceptrons.

Linear separability refers to the case when a linear hyperplane exists to place
one class on one side of the plane and those on the other. On the other hand, many
classification problems are not linearly separable. To handle this problem, a
multilayer perceptron is needed. In contrast to single layer perceptrons, back-
propagation neural networks are multi-layered perceptrons that can be used to

approximate any complex function.
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As in all networks used to approximate functions, a back-propagation model
has one input layer, one output layer and one hidden layer. Each layer is fully
connected by means of the weights associated with the neurons.

Input values coupled with the weights associated with the neurons in the
hidden layer is in fact a linear combination of the input variables. After this linear
sum is activated with a threshold function in the hidden layer, the hidden layer
outputs are produced. These outputs are again linearly combined with those
connection weights between the hidden and output layers. This sum is further
activated with a threshold function in the output layer to produce an output to be
compared with the target output value.

The sigmoid type of functions (s-curve) are generally used as threshold
functions. Using an error term, the initial weights are adjusted with propagating the
error between the output and target value backward as in gradient descent technique.
That is why this type of multilayer perceptron networks are named as back-
propagation networks. Those adjusted weights are again used with the inputs for the
next step of the training process. This procedure continues until an acceptable
minimum error term is obtained between the output and target values. An

architecture of a back-propagation network model is presented in Figure 3.4.
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Output

Input (i) Hidden (j) Output (k)

Figure 3.4 Back-propagation architecture

For this model, linearly combined inputs are:
y; =2 Wy X, =W, 3.4

where W, are the connection weights between input and hidden layers, X, are the

input values, W, is the bias value which is always equal to one with a negative

connection weight.

50



This y; value is thresholded with a sigmoid function as:

0. = 3.5

where O; are the outputs from hidden layer.

Linearly combined outputs from the hidden layer is,
2 =2 W, 0, -W, 3.6
i=1

where W, are the connection weights between hidden and output layers, Wy is the

bias value which is always equal to one with a negative connection weight.

This z; value is further thresholded with another sigmoid function as:

1

b 3.7
I+e™*

0,

where O, are the outputs from output layer to be compared with target values.

A general shape of the sigmoid function is shown in Figure 3.5. Since a
sigmoid function produces the values between zero and one, it plays a very important

role in the back-propagation network.
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Figure 3.5 A sigmoid transfer function used in back-propagation network

As can be seen from the above figure, after being put through the sigmoid
function, the range of the output value is compressed to values between 0 and 1.0.
For large negative net input values, the neuron output approaches 0; for large
positive values, it approaches 1.0.

A major use of the sigmoid function is that it has a very simple derivative.

This fact makes the implementation of the back-propagation algorithm much easier.

If the following sigmoid function is considered,

= 3.8
Y 1+e™

its derivative is,
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which can be further simplified as;

The derivative of the sigmoid function is therefore a simple function of the
outputs. Derivative is the slope of the tangent of a function at a specified point
mathematically. In addition, this slope is the marginal rate of increase or decrease in
outputs. The shape of the first derivative of the sigmoid transfer function in terms of
outputs is shown in Figure 3.6. It can be seen that when the sigmoid function
approaches zero or one, its derivative reaches a minimum value of zero whereas
when it equals to 0.5, its derivative reaches its maximum value of 0.25. This means
that the amount of change in a given weight is proportional to the derivative of the

sigmoid function.
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Figure 3.6 The shape of the first derivative of the sigmoid transfer function

The back-propagation algorithm trains the hidden layers by propagating the
output error back through the network and adjusting the weights at each layer.
Therefore, it is an error-feedback method. An error term is the difference between
the value of the output produced by the network and the value of the desired (target)
output. Most back-propagation neural networks use the average sum squared error
that can be defined as the total sum of squared errors on a neuron-by-neuron basis
over the whole set of patterns and divided by the number of patterns.

This error term can be expressed as:

E =05 (T,-0,) 3.10
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where T,, is the target output and O,, is the output produced by the network.

The essence of the training process is to minimise the average sum squared
error over all training patterns. To minimise the overall mean squared error between
desired and target output values for all output units over all input patterns, the
weights are iteratively adjusted through a gradient descent algorithm that is referred
to as a generalised delta rule. A gradient descent algorithm searches for the solution
along the negative of the gradient (i.e. steepest descent). Through a gradient descent,
the amount that the weights are to be adjusted for each input is determined by the

derivative of the error function with respect to the weights as follows:

AW, = —(CONSTANT)(B—EJ 3.11
oW,

i

The gradient descent is generally slow and so is the speed of the convergence
of the network when the training rate which is the constant term in the above
equation is small. However, if a selected training rate is too large, the gradient
descent will frequently oscillate widely. This event will slow down the convergence
speed and increase the training time. Including another factor as a momentum term
will allow for faster training probably with little oscillations. Proper determination
of the momentum term will therefore improve the training time while enhancing the
stability of the process. The above-mentioned procedure will continue for all the

patterns presented to the network.
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Since the weighted sum of the inputs are activated through the sigmoid
transfer function which produces an output between O and 1, all those input and
output values should be normalised. Although there is no general theoretical rule for
normalisation, the logical approach is to divide them by the largest values in any
given pattern.

The formal presentation of the back-propagation algorithm as given in
Fu [40] is presented below.
¢  Weight Initialisation

First, the weights and node thresholds will be set to small random numbers.

It is important to note that the threshold is the negative of the weight of the bias unit.
In addition, the activation level of the bias is fixed to one.
¢ Calculation of Activation

Activation level of input unit is determined by the instance that it is presented
to the network. The activation levels O, ’s are determined according to the
architecture given in Figure 3.4 and corresponding formulae.
¢  Weight Training

The procedure will start at the output units and work backward to the hidden

layers recursively. The weights will be adjusted according to the formulation below:

W, (t+1)=W,(t)+ AW, 3.13

where W, (r) is the weight from unit 7 to unit j at time ¢ (or fth iteration) and

AW, is the weight adjustment.
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The change in weight is computed by:

AW, =15,0, 3.14

where 77 is a trial-independent learning rate (O <7 <1). The learning rate 7 is a
constant and it represents a measure of the speed of convergence of the current

weight vector to the ideal weight vector. J; is the error gradient at unit j.

Convergence is sometimes made faster by including a momentum term as:

W, (e +1)=W,()+75,0, +aW,(t)-w,(-1)) 3.15

Jt

where & is a momentum factor with the range O<a<I.

The error gradient is given for the output units by:

§,=0,(1-0,)r,-0,) 3.16

J

where T, is the desired (target) output activation and O, is the actual output

activation at output unit j.

The error gradient is given for the hidden units by:

§,=0,01-0,)> 5w, 3.17

J
k

57



where o, is the error gradient at unit k to which a connection points from the
hidden unit j .

The iterations will be repeated until the appearance of convergence in terms
of the selected error criterion. Iteration consists of presenting an instance,
calculating activations and modifying weights.

As a summary, back-propagation uses the generalised delta rule that is a
gradient descent algorithm. The error back-propagation process has three major
steps. In the first step, an input vector with associated weights is passed forward to
the activation of the network as a whole. The movement is that the weights vector in
the first layer connects the input units to the hidden units and the second layer
connects the hidden units to the output units in the output layer. The sigmoid transfer
function ranges the activation of a unit between zero and one. The first step also
generates an error between the output of the network and the desired output (target)
values. The second step computes the error factor and propagates this factor
successively back through the network (error passed backward). The third step
computes the changes for the connection weights and the biases, and updates the
weights. The goal of the learning process in the generalised delta rule is to minimise
the overall mean squared error for all input patterns by adjusting weights through
successive learning iterations. This learning and adjusting process continues until
the error is minimised to a satisfactory level so that the network model maps an input

vector to an output vector.
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CHAPTER 4

DEVELOPMENT OF THE NEURAL TRIP

DISTRIBUTION MODEL (NETDIM)

4.1 Neural Network Background in Transportation Engineering

During the past decade, numerous studies have been conducted in
transportation engineering using neural networks. These studies are documented in
tabular form and presented in the Appendix A. In these tables, the application fields,
the authors, a brief description about the studies, type of the network used in the
study, the comparison model and finally the results that have been concluded are all
briefly discussed. As can be seen from the tables, although there are various works
related with the spatial interaction modelling, traffic control and freeway flows, there
are few studies about neural network applications to trip distribution. These are,
namely, “Spatial Interaction Modelling Using Artificial Networks” by Black [14],

“A Neural Network Approach to Modelling and Predicting Intercity Passenger
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Flows” by Ji-Rong Xie [12] and “Trip Distribution Forecasting with Multilayer
Perceptron Neural Networks: A Critical Evaluation” by Mozolin, et al [41].

In the work by Black [14], an artificial neural network using the traditional
unconstrained gravity model components is proposed as an alternative to the fully
constrained gravity model. Traditional gravity model components are defined as
trips produced, trips attracted and distances between production and attraction
centers. The gravity artificial neural network model proposed by this author is
basically a back-propagation network with three layers. The input and hidden layers
contain three neurons whereas the output layer has one neuron as well as bias
neurons attached to the hidden and output neurons. Such a network architecture
(structure) has 16 connection weights to be estimated during the training process.

To compare the proposed model with the constrained and unconstrained
gravity models, the data of commodity flows between nine regions were used. Inputs
of the two models were flow production, flow attraction and distances between the
nine flow regions. Input to the proposed model included regional flow production,
flow attraction and the interregional distance between the origin and destination
region. All input data normalised to ranges O and 1 by using total production and
attraction flows (row and column totals of the flow matrix) and the longest distance
as normalised factors. Normalised input values are fed to the proposed network
resulted outputs as normalised flows and error is minimised by the back-propagation
algorithm.

By comparing root mean squared errors (RMSE) obtained from the models,
Black concluded that the application of the proposed model yields errors less than 30

% to 50 %. Based on this comparison, he argued that the errors of the proposed
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model are as much as 50 % less than those general models. He further stated that the
accuracy of the modelling improved as it is moved from the unconstrained gravity
model to the fully constrained gravity model to the proposed model.

The work by Ji-Rong Xie is an extension of the work by Black in the sense
that, using the similar neural network architecture, the predictive abilities of the
neural and classical models were evaluated. She used the same normalisation
procedure for the inputs like Black. The flows were assigned to a partial railroad
network, flow maps were produced, and the assigned flows and the generated flow
maps are further evaluated through statistical analyses.

In her dissertation, the actual Amtrak passenger flow data were used to
predict and analyse regional Amtrak passenger flows and flow patterns. She stated
that relatively little research effort has been directed toward Amtrak passenger flows
though a great number of items in the literature were devoted to the analysis of
region to region or city-to-city travel flows of people and goods by highways and by
air. The data set, she used, included all zero flow values. She argued that the most
studies and research efforts on traffic flow modelling and forecasting excluded the
zero values in the diagonal cells for intra-city or intra-regional flows and those in the
off-diagonal cells for inter-city or inter-regional flows. She further argued that this
might be due to the inclusion of zero values in modelling are of little interest,
whereas these values should also be predicted as well, and it would be interesting to
compare the predictive capabilities of different models using the data set with these
values.

In this study, a back-propagation neural network model method with the

gradient descent search algorithm was used to predict monthly inter-city Amtrak
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passenger flows between a sample of stations in order to evaluate the model’s
predictive ability. A gravity model-based regression model, a gravity model-based
log-normal regression model and a fully-constrained gravity model were used for
comparison with the neural network model as well. The predicted passenger trips
were assigned to the railroad network and flow maps were generated for further
analyses of the network flow patterns and the link flow volumes. The relative order
of importance of all variables in the neural network model was also studied. The
temporal stability of the neural network model was addressed by cross validating
twelve months of Amtrak passenger flow data. Her findings were based on the
neural network trained with a sample size of 3104 cases and tested with a data set of
97x97 cases, and the resulting root mean squared errors were compared with the
other three models.
In her work, she summarised the findings as given below:

® When compared with the gravity model, the neural network ranked second in
terms of the lowest root mean squared error, and it predicted only 78.6 % of the
actual flows. However, the neural network outperformed the gravity model by
accurately predicting 98.7 % of the actual origin-destination pairs with zero flows
and by producing smaller root mean squared error with origin-destination pairs of
small flows. These origin-destination pairs consisted of 9144 cases out of the 9409
cases. The neural network model missed many origin-destination pairs with small
flows, but had a tendency to predict large flows well. The group root mean squared
error and the percent root mean squared error for the volume groups of 100-800 and
over were slightly smaller for the gravity model than for the neural network model.

The gravity model overestimated many actual zero values and small values, and
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underestimated the large flows slightly. Given that the data were not normally
distributed and the relationships were nonlinear, the regression methods did not fit
well.

e The flow assignment using the actual origin-destination flows was used in
comparison with the flow assignments using the predicted origin-destination
passenger flows from the four models under study. The flow assignment using the
neural networks estimates gave up the best results on all counts including the total
flows assigned, the total passenger miles travelled, and the average link flows
assigned. The assignment using the gravity model estimated flows yielded the
second best results, followed by the assignments using the regression estimates and
log-normal regression estimates. By using the regression estimates, a great over-
assignment of the total flows and total passenger miles travelled is done. On the
other hand, using the log-normal regression estimates makes a great under-
assignment of the total flows and total passenger miles travelled. These indicate that
all predictive models tended to predict the origin-destination trips of longer length.
This is especially the case for the neural network model.

e Further analyses were converged on using regression methods with the
output of the assignments stated above. The regression using the assigned link
volumes based on the neural network predictive results yielded the best results
compared with the results of other three regressions based on the estimated model
flows. The regression based on the neural network estimated flows yielded the
lowest standard error of estimate, the highest R’ of 0.977, and the mean link flow
10967 that is closest to the true mean link flows. The regression using the assigned

link volumes based on the fully constrained gravity model predictive results, yielded
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the second lowest standard error of estimate, the second highest RZ, the second best
mean link flows and the smallest intercept value. Taken as a whole, statistics
indicate that the neural network yielded the best assignment results, the gravity
model was second best, the regression model ranked third and the log-normal
regression model was last.

¢ The projecting ability of the models was also considered through an analysis
of the predictive results with the link volume groups. The gravity model predicted
flows yielded the best assignment results on link flow volumes between 20000 and
80000, the neural network yielded the second best results for this volume group; both
models tended to overestimate and as a result over-assigned the flows for this link
group. For the links with flow volumes between 10000 and 19999, and the volumes
between 1 and 5000, the neural network predicted flows yielded the best assignment
results. For the link volumes between 5000 and 9999, the results of the assignments
are indefinite between the gravity and neural network predicted flows. For all link
volume groups, the assignments using regression and log-normal regression
predicted flows were worse than the assignments using the estimated flows from the
gravity or neural network model.

e It was found that the input variable attraction was coupled with the largest
weights (in absolute value); production was associated with the second largest
weights and distance ranked the third. All weights coupled with the bias were large.
Larger output weight magnitude may be due to several reasons. The one that was
most evident with this study was the larger input variable values. Further, the
magnitude of the weights related with the order of importance of the neuron. The

variable associated with the largest weights added up the most to the model.
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e All possible neuron combinations displayed that for simple single neuron
models, the order of importance was attraction, production and distance. This order
of importance was conserved in the multivariate models with an arrangement of
different neurons. The typical gravity type model with three neurons of classical
variables: production, attraction and distance created the best result among all other
single-neuron or multivariate models in this study. The relative importance of the
variables in multivariate regression models ranked approximately similar to the
relative importance order determined by the approach of all possible combinations of
neurons for the neural networks. However, it is difficult to explain exactly or
naturally the minor differences between the above two rank orders. This is simply
because the regression method is not a perfect alternative for all possible
combinations approach.

e Temporal stability showed that the neural networks were generally as stable
as the regression methods with temporal data, but had an intention to overestimate
the flows. The predictions of Amtrak passenger flows for twelve months by both
models followed the data and the seasonal patterns very well. While both models
were almost equally stable with temporal data, the neural network model
outperformed the regression model by producing a smaller root mean squared error
and flow estimates of more accurate values for each of twelve months. The root
mean squared errors from the neural network model were improved by 38% to 51%
over the root mean squared errors from the regression model and the average root
mean squared error over the twelve months was improved by 44%. In summary, the

neural network model in this study achieved a level of temporal stability and
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generalisation analogous to the regression model but with a much a higher
correctness of predictive ability than the regression model.

In conclusion, she stated that the application of the neural networks to large
data sets produced satisfactory performance results, the neural network greatly
outperformed the regression methods by yielding much smaller errors and more
accurate predictions given the advantage of no distributional or data requirement,
the total root mean squared error from the interaction modelling by the neural
network model was the second best compared with the total root mean squared error
from the fully-constrained gravity model and the neural network model outperformed
the fully-constrained gravity model in terms of root mean squared error for some
volume groups.

M. Mozolin et al. researched the performance of multilayer perceptron neural
networks and doubly-constrained gravity models for commuter trip distribution.
They stated that a number of modelling approaches had been developed to distribute
trips, freight or information among origins and destinations but one of the more
successful one was the spatial interaction or gravity modelling where the matrix of
flows were related to a matrix of interzonal impedances.

Since several studies [14, 42, and 43] have proposed the neural network
architecture as a means to model the complexity of spatial interaction, the authors
aimed in this study to compare the performance of a perceptron neural network
spatial interaction model with that constrained gravity model. This comparison was
conducted empirically on journey-to-work patterns in the Atlanta metropolitan area.
The authors found the approach as differing significantly from others in several

respects. These differences are:
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e First of all, they consider the models in a predictive mode. In other words,
calibration was executed on observed, base-year data, while testing was performed
on data for the projection year.

e Second, the authors baseline model was a doubly-constrained gravity model.
This differs from Fischer and Gopal [42] who chose the less accurate unconstrained
spatial interaction model, and estimated the parameters by ordinary least squares
regression which is considered less precise.

e Finally, they applied an adjustment factor to flows predicted by the neural
network output to satisfy production and attraction constraints, and thus made it
possible to unambiguously interpret any inconsistency with flows predicted by the
baseline doubly-constrained model in terms of relative performance of the models.

In this research, network weights were adjusted only after all examples in the
training set had been processed. The algorithm which was used provided quick
convergence so the speed of neural network training was increased significantly.
With this algorithm, the network mapped the function that best fitted the relationship
between dependent variables (production, attraction and travel impedance) and the
independent variables (flows). The mapping function was not bounded to either a
power or exponential functional form as in the traditional models.

Networks with 5, 20 and 50 hidden nodes were tested in this study. Networks
of larger sizes had not been used due to the excessive computational requirement of
their training. Each network configuration was processed five times, each run
starting with a random set of initial weights and a training set drawn randomly from

the full data set.
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The neural network model was further identified as follows. Since, in most
instances, weights were changed according to the specific learning rule stated above,
no momentum term was needed and the learning rate must be specified only for use
with the gradient descent method. A 0.1 learning rate was used all throughout the
analysis. Experiments with different rates led to highly similar weight estimates and
learning speeds. Initial weights were randomly drawn from a uniform distribution
within the range of [-0.01, +0.01].

All three network inputs were scaled by dividing the value observed for each
example by the input’s maximum value in the set. Whereas input scaling was
optional, scaling of the output was required for successful learning. Scaling to fit the
output within the [0.1, 0.9] range was usually utilised. However, because the
networks were tested on data other than those used for training and validation, and
that total flows had increased between base and prediction years, the interval was
scaled to 0.75.

All networks were trained for a maximum of 100000 iterations. The authors
trained and verified all networks on the 1980 data, while the testing was conducted
on the 1990 data. Thus, the origin and destination totals found out by summing the
flows predicted by the model are usually not equal to the actual origin and
destination totals.

At the county level, a total of 225 data vectors were obtained. For each
network processed, the training set was formed by randomly selecting 112 vectors
without replacement, while the remaining 113 vectors were used for validation. In
one experiment, the full set of vectors was used both for training and validation. The

network weights that minimise validation error served to test the model on the 400
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interactions from the 1990 trip matrix. At the census-tract level, the training set was
selected by simple random sample without replacement of 200 examples from the
121104 origin-destination pairs in the 1980 tract-to-tract trip matrix. This was also
true for the validation set. The optimal set of network weights was then tested on all
257049 vectors from the 1990 tract-level trip matrix.

This study compared the achievement of multilayer perceptron neural
networks and doubly-constrained models for commuter trip distribution. Although
Black [14] and Fischer and Gopal [42] noted that a neural network may perform well
enough to estimate actual spatial interaction flows by using iterative proportional
fitting procedure, M.Mozolin et al. emphasised that the neural network models might
fit the data better but their predictive accuracy was poor in comparison to that of
doubly-constrained models. They further claimed that their experiments produced
evidence that the predictive accuracy of neural network spatial interaction models
was inferior to that of doubly-constrained models with an exponential function of
distance decay. They pointed to the several likely causes of neural network under-
performance, as including “model non-transferability, insufficient ability to
generalise and reliance on sigmoid activation functions”. Future research was also
proposed to use other perceptron formulations (i.e. spatial structure as neural network
input) and other neural networks (radial basis functions, for instance) to predict
spatial interaction flows with high level of accuracy.

In conclusion, they stated that while neural networks may perform better than
conventional models in modelling spatial interaction for the base year, they fail to

outperform doubly-constrained model for predicting purposes and current perceptron
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neural networks do not provide an appropriate modelling approach to predict trip

distribution over a planning horizon.

4.2 Development of Neural Trip Distribution Model

In his work, Black concluded that the accuracy of modelling is improved as
one moves from the unconstrained to the fully constrained and to neural network
gravity models. This conclusion seems limited within the context of the size of data.
It can be stated from the conclusions drawn in the latter two studies that gravity
modelling outperforms the back-propagation neural network model.

As discussed previously, a back-propagation neural network, which is a
multilayer perceptron network, consists of one input layer, one hidden layer and one
output layer. Linearly combined weights from input layer are thresholded with a
sigmoid in the hidden layer and information received from the hidden layer is further
thresholded with another sigmoid function. Sigmoid output nodes tend to generate
S-shaped surfaces.

Due to the nature of sigmoid functions, over this S-shaped surface, the slope
of the function for the two inputs (variables) all other things being equal (ceteris
paribus) start from zero, reaches a constant and then decreases to zero again as can
be seen from Figure 2.5 of the second chapter of this dissertation. In other words, the
marginal rate of increase in one of the variables ranges between zero values. This
contradicts the theory of spatial interaction phenomena. For example, marginal
changes in flow decreases as distance increases. That is, it would not be expected

that the marginal changes in flow would start from zero, then will reach to a constant
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value in a gradual manner, then will decrease again to zero. Thus, it seems
appropriate not to threshold the information received from the hidden layer with a
transfer function in the output layer. This type of approach would probably eliminate

the underperformance of neural networks used for distribution of trips.

4.3 Modular Neural Networks

One category of neural networks where sigmoid activation functions are not
used in the output layer is modular neural networks developed by Jacobs et al [46].
In such networks, linear combination of the outputs from the hidden layer is not
thresholded with any functions in the output layer.

The modular neural networks developed by Jacobs et al. [46] are composed of
multiple different expert networks and a gating network that decides which of the
experts should be invoked for each training case. This approach can be useful in
approximating discontinuous function. For example, if the data suggest a
discontinuity in the function being approximated, then it would be more accurate to
use a separate model on each side of the discontinuity than to fit a single model
across the discontinuity. The role of the gating network is to divide the training data
set into different subsets (or more generally, to divide the input space into different

subspaces), each best dealt with by a distinct expert network.
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Figure 4.1 A system architecture of modular neural networks (Jacobs et al.) [46]

Each expert network is a feedforward network (a perceptron or a radial basis
function network), and all experts have the same input and the same number of
outputs. The gating network is also feedforward, typically receives the same input as
the expert networks, and has the number of outputs equal to that of the expert

networks. The overall output of the system Y is given by:

Y=> g0, 4.1
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where O; is the output vector of expert i, and g; is the corresponding gating strength

produced by output unit 7 of the gating network:

8, =exp(Xi)/Zexp(Xj) 4.2
j

where X; is the total weighted input received by output unit i of the gating network.

Since,

> g =1 4.3

i

then, g; can be regarded as the probability of selecting expert i. Note that g; is
produced in each inference cycle in contrast to other weights, which are fixed during
inference.

As long as the system behaviour is described by a set of continuous functions,
it can be trained by gradient descent. The overall output error is propagated
backward to the expert and gating networks. The weights inside both networks can
be adjusted accordingly.

Multiple expert networks may cooperate or compete to solve a particular
problem. Their interaction manner is very much influenced by the following error

criterion:

2

E= 4.4

T—ZgiOi
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where T is the desired output vector, O; is the actual output vector from the i th
expert network, and g; is the gating strength representing the proportional
contribution of expert i to the combined output vector. The strong combination
between the experts due to the linear combination of their outputs causes them to
cooperate and tends to produce solutions in which many experts are used for each
case.

In modular neural network architecture, which can be seen in Figure 4.1, the
gating network is used to determine the proportional contributions of the inputs to the

output.

4.4 Neural Trip Distribution Model (NETDIM)

An alternative formulation to the modular network is a one where the outputs
from hidden layer can be expressed as linear combination of inputs from the input
layer. In other words, the input layer is connected to the outputs (activation levels)
of hidden layer as well as to the hidden layer. The architecture of this proposed
approach is presented in Figure 4.2.

As common to neural networks, there is a bias neuron connected to neurons
in the hidden layer, but in contrast, this bias neuron is not connected to the output
neuron in the output layer. Needless to say, this bias neuron has a value of 1 whose

connection weight is negative as shown in Figure 4.2.
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Layer 1 Layer 2 Layer 3

Figure 4.2 Schematical representation of the recommended NETDIM

The connection of the input layer to the activation levels of the hidden layer
corresponds to the replacement of connection weights between hidden layer and
output layer with the input variables. This implies that the outputs of hidden layer
has relation with the external environment that is the input layer and the output layer.
Since this is the case, the hidden layer here is termed Layer 2 whereas Layer 1 and
Layer 3 are those, the input and output layers, respectively. This is a significant

deviation from most of the neural network architectures. As connection weights
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between the second layer and the third layer are replaced by the input variables, then
the only weights to be optimised are those connection weights between the first layer
and the second layer. The linearly combined inputs are thresholded in Layer 2
through a sigmoid transfer function in the nodes of the second layer yielding a single
set of activation levels. These activation levels are multiplied by their associated
input variables which are further combined linearly in the output layer. Thus the
output neuron acts as a summation unit rather than a thresholding unit.

When the above architecture is used in distributing the trips, Layer 1 receives
input variables A (Attractions), P (Productions), d (distances) which are the
traditional components of gravity modelling. Layer 2 activates the linear
combination of those input variables and Layer 3 yields the zonal trip as an output.

The mathematical description of the recommended approach is stated below.

The input variables are linearly combined as,

y;, =AW, +dW,, + PW,, -W, V jnode in Layer 2 4.5

This y; value is thresholded with a sigmoid function in the Layer 2 resulting

activation levels as outputs,

0. = V j node in layer 2 4.6

These outputs are further combined linearly with the input variables yielding a

zonal trip as output:
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T, = AO, +dO, + PO, 4.7

The connection weights between input and second layer can be optimised with

the following error function:
E=[r-1.] 4.8

where;

E = error function

T = target value (actual output)
T = calculated value

The gradient descent that is used in optimising the weights is:

AW = —n{a—EJ 4.9

where;
n =trial-independent learning rate (0 < 77 <1 )

oE . . . . .
——— = derivative of the error function with respect to the connection weights

ow
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CHAPTER 5

ANALYSIS OF VARIOUS APPROACHES USING THE

DIFFERENT SIZED NETWORKS

In this chapter, the predictive capabilities of the recommended neural trip
distribution model (NETDIM) as well as back-propagation neural network, modular
neural network and unconstrained gravity model are discussed. The basis of this
discussion is to demonstrate the prediction performance of these models by
comparing their levels of prediction rather than to illustrate how well the models
predict a given set of data. The prediction performances are compared with the Root
Mean Squared Error (RMSE) values. The lesser the Root Mean Squared Error, the
better the estimates are. RMSE values can be obtained by the following standard

formula:
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5.1

where;
N = number of observations,

X i = Predicted values, and

X = Observed values

In order to demonstrate the prediction performance of these models, three
computer programs are developed. Two of these programs, used for neural trip
distribution model (NETDIM) and modular approach are written in FORTRAN, and
a program used for the unconstrained gravity model is developed in the source code
of Matlab software. In addition, the Neural Network Toolbox of Matlab is used for

the same purpose for the back-propagation neural networks.

5.1 Data Acquisition and Generation of Different Sized Networks

In order to demonstrate the predictive capability of the recommended
NETDIM, it is compared with the back-propagation, modular and gravity models
using different sized networks. For this purpose, thirty node-sized network is chosen
and the data sets regarding the zonal trips and distances are taken from the Bursa
Transportation Master Plan [47] which is shown in Table 1 and Table 2 in Appendix

B. Each data set corresponds upper most left-hand portion of the original full set of
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flow and distance matrices in that Plan. As there would always be problems common
to all types of data such as symmetry of matrices, these problems are neither
examined nor addressed in this work. The data sets are purely used for hypothetical
purposes.

A thirty node-sized network is found sufficient in generating different sized
networks to illustrate the salient features of those compared models. The networks
with 3, 6, 9, 12, 15, 18, 21 and 24 nodes are generated from that thirty node sized
largest network. This generation is simply done by assigning the upper most left
hand and lower most right portions of the flow and distance matrices of that large
network to those smaller ones. Thus, each any sized network is associated with two
sets of data. The ones that correspond to the upper most left hand portions are used
for training (i.e. calibrating) and those correspond to the lower most right portions are
used for testing the models. This is shown schematically as in the Figure 5.1.

The generated small networks are in fact the sub networks of that large one.
In the data sets associated with those sub networks, the row and column totals of
zonal trips are the trips produced and trips attracted, respectively. The trip
productions and attractions together with the distances are used as inputs whereas
zonal trips are used as outputs for both training and testing the models.

The generation of the sub networks from that large one has nothing to do with
the computational requirements of the models. This is solely done to illustrate the
predictive performances of the models regarding the various sized networks. This is a
significant departure from those previous works discussed in Chapter 3 in which one

type of network with a specified size is used in both training and testing procedures.
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5.2 Training and Testing the Models

For the clarity of discussion, the term neural network is hereafter called a
neural model to distinguish this type of network from a transport flow network.

In this section, the training and testing phases for back-propagation neural
model approach, NETDIM, modular neural approach and gravity models are

discussed.

5.2.1 Training and Testing of Back-Propagation Neural Models

For training the back-propagation neural models, the inputs and outputs are
normalised by using the longest distance and the total flow as normalising factors.
The training and testing processes are performed by using the Neural Network
Toolbox of Matlab. The distances and flow values are normalised outside the Matlab
environment.

Distances are normalised by dividing the elements of the distance matrix with
the element having the maximum value in that matrix. Whereas, the zonal flows as
well as the trip productions and trip attractions are normalised by dividing these
values with the total flow value. For illustrative purposes, only the normalisation
procedure for a three-node sized network is presented below.

Flow data of a three-node sized network corresponding to the upper most left-
hand portion of the original full set of flow matrix to be used for training are given

below in Table 5.1.
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Table 5.1 Flow data of a three-node sized network used in training

3275|1500 | 400 | 5175
1550|3800 | 1025 | 6375
525 | 975 | 2525 | 4025
Ai | 5350 | 6275 | 3950 | 15575

W N =

The above flow values are all divided by the total flow value of 15575

resulting the following normalised flow values depicted in Table 5.2 such as,

Table 5.2 Normalised flow data of a three-node sized network used in training

0.2103 [ 0.0963 | 0.0257 | 0.3323
0.0995 | 0.2440 | 0.0658 | 0.4093
0.0337 [ 0.0626 | 0.1621 | 0.2584
Ai | 0.3435 | 0.4029 | 0.2536 | 1.0000

W =

Distance data of the same three-node sized network corresponding to the
upper most left-hand portion of the original full set of distance matrix which will also

be used for training are depicted in Table 5.3 below.
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Table 5.3 Distance data of a three-node sized network used in training

1/0.26|0.85|0.85
210.85(0.19]0.85
310.85]0.85|0.20

The distances are divided by the maximum element which is 0.85 resulting

the following normalised distance values as,

Table 5.4 Normalised distance data of a three-node sized network used in training

1 | 0.3059 | 1.0000 | 1.0000
1.0000 | 0.2235 | 1.0000
3 | 1.0000 | 1.0000 | 0.2353

[\®)

For testing the back-propagation model, the flow and distance data used
corresponds to the lower most right hand portion of the original full set of flow and
distance matrices. These data presented below as flow and distance matrices

respectively are,
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Table 5.5 Flow data of a three-node sized network used in testing

28

29

30

Pj

28

18200 | 1725

900

20825

29

1625

625

125

2375

30

950

175

450

1575

i|20775 2525

1475

24775

Table 5.6 Distance data of a three-node sized network used in testing

28 | 29 | 30

281 0.50

2.35

242

29(235(0.3

1

2.06

30| 2.42

2.06

0.33

The normalised values are found as,

Table 5.7 Normalised flow data of a three-node sized network used in testing

28

29

30

Pj

28

0.7346

0.0696

0.0363

0.8406

29

0.0656

0.0252

0.0050

0.0959

30

0.0383

0.0071

0.0182

0.0636

i|0.8385

0.1019

0.0595

1.0000

Table 5.8 Normalised distance data of a three-node sized network used in testing

28

29

30

28

0.2066 | 0.97

11

1.0000

29

0.97

11

0.1281

0.8512

30

1.0000 | 0.8512

0.1364
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Since, the training of the back-propagation network is performed by Matlab, a
brief description about the software and the data input is given below.

First, the network weights and biases are initialised by the Matlab software
internally. At this point, the network is ready for training. The network can be
trained for function approximation [48]. The training process requires a set of
examples of proper network behaviour namely network inputs and targets. These
inputs and targets are named as p and t respectively in the input files of Matlab that
are used in this dissertation. During training, the weights and biases of the network
are iteratively adjusted to minimise the network performance function. The default
performance function for networks is the mean square error (MSE). The mean
square error is the average squared error between the network outputs and the target
outputs [48].

The gradient descent algorithm is used in the training of the back-propagation
model. There are two different ways in which the gradient descent algorithm can be
implemented: incremental mode and batch mode. In the incremental mode, the
gradient is computed and the weights are updated after each input is applied to the
network. In the batch mode, all of the inputs are applied to the network before the
weights are updated.

In the batch mode, the weights and biases of the network are updated only
after the entire training set has been applied to the network. The gradients calculated
at each training example are added together to determine the change in the weights
and biases [48].

The user of the Toolbox has to be very careful when selecting the step size, in

other words, the learning rate. This is often necessary to ensure smooth convergence.
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It has been shown in some of researches that a large step size may cause the network
to become paralysed [40]. When network paralysis occurs, further training does very
little for convergence. On the other hand, if the size is too small, convergence can be
very slow. Some researchers have suggested to vary the step size adaptively during
training [40].

Some techniques have been used to accelerate the convergence of a gradient
descent technique like back-propagation. Newton’s method uses the information of
the second order derivatives. Quasi-Newton methods approximate second-order
information with first-order information. Conjugate gradient methods compute a
linear combination of the current gradient vector and the previous search direction
(momentum) for the current search direction [40].

In this work, the Levenberg-Marquardt training algorithm has been used.
Like the quasi-Newton methods, the Levenberg-Marquardt training algorithm was
designed to approach second-order-training speed. This algorithm appears to be the
fastest method for training-moderate sized neural networks (up to several hundred
weights) [48]. Therefore, it served very well for the purposes of this work.

At this stage, it is important to mention about the input data file format. This
input format shows how the Toolbox processes the data.

First of all, basic information about the neural model should be supplied to
the Toolbox by implementing “newff” command option so that the network selected
is a feedforward one. Then, the number of hidden neurons (changing between 10 and
30 for the 8 cases analysed) is presented to the Toolbox. After this, number of hidden
layers as 1 is fed into the system. Then the user of the Toolbox has to mention the

connections between the input-hidden and hidden-output layers. For all of the cases,
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the logarithmic-sigmoid function is used. Finally, the training algorithm is set as

Levenberg-Marquardt.

In the table below, for the eight different sized networks, the number of

hidden neurons, the number of hidden layers, type of thresholding functions, the

training algorithm, the goal and the minimum gradient for training and testing the

neural model are presented.

Table 5.9 Neural network training and testing parameters

Network Size | Hidden Hidden Thresholding | Training | Goal | Minimum
Neurons | Layers function | Algorithm Gradient
3 node 10 1 logsig Im 107 1070
6 node 10 1 logsig Im 10" 101
9 node 10 1 logsig Im 107 1010
12 node 10 1 logsig Im 10° 1070
15 node 25 1 logsig Im 10° 10710
18 node 25 1 logsig Im 10° | 10
21 node 25 1 logsig Im 10° 101
24 node 30 1 logsig Im 10° | 107

where logsig represents logarithmic-sigmoid function and Im represents

Levenberg-Marquardt training algorithm.
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There are four training parameters associated with the Levenberg-Marquardt
algorithm. These are namely as: show, epochs, goal and minimum gradient. There is
no learning rate parameter as in the gradient descent algorithm in the Levenberg-
Marquardt algorithm. The learning rate is multiplied with the negative of the
gradient to determine the changes to the weights and biases. The larger the learning
rate, the bigger the step. If the learning rate is made too large, the algorithm becomes
unstable. If the learning rate is set too small, the algorithm takes a long time to
converge. The Matlab software does the necessary modifications for the learning
parameter and momentum factor internally. Therefore, this eliminates the trial and
error procedure so the user of the Toolbox gains more flexibility and time [48].

The training status is displayed for every show iteration of the algorithm. The
training stops if the number of iterations exceeds epochs. If the performance
function, which is mean square error (MSE), drops below goal, the training stops
again. In addition, the same criteria will hold if the magnitude of the gradient is less
than the minimum gradient [48].

Normalised flow and distance values are fed into the system as input data.
Finally, normalised target flow values are also fed to the system. These input
parameters are fed into the system with a standard format that is unique to the
Toolbox [48].

After the training has finished, the testing phase started with the simulation
command option of the Toolbox. Simulated normalised values which are the test
results are multiplied with the associated total flow values in order to obtain the

predicted flow values. Then the RMSE values are calculated.
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5.2.2 Training and Testing of NETDIM and Modular Model

Approaches

A similar procedure as discussed previously is performed to normalise all
input and output data used to train and test the NETDIM and modular model
approaches.

The training of the modular neural model and NETDIM is performed with
two different computer programs developed. These programs are essentially ones
based on minimising an error function with the gradient descent algorithm and
adjusting the connection weights accordingly.

Training is performed incrementally in the sense that the inputs are presented
to the neural model in an iterative manner. Each input set is consisting of trips
produced, trips attracted and distance as impedance factor is presented to the model,
error is minimised and weights are adjusted in that iteration. This iterative procedure
continued until all input sets are exhausted. Once all input sets are used, one cycle is
completed. The next cycle starts with the adjusted weights in the last cycle and this
process continued until a level of accuracy is obtained in the RMSE values.

In the training and testing phases of NETDIM and modular neural models,
a desired level of accuracy is reached by employing a momentum factor of 0.1 for all
network sizes up to 18 node-sized network. However, a problem related with a local
minimum is encountered after this sized network is trained. To avoid this problem,
the momentum factor is changed as 0.6 for training and testing the rest of the

networks.
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As the number of neurons in hidden layer of both NETDIM and modular
models are determined by the number of input variables, there is no need to change
the number of neurons in the so-called hidden layer of modular model and Layer 2 of
NETDIM. Since the number of input variables used in this work is three, the number
of neurons is fixed which gives the user a flexibility in carrying out multiple runs of
the programs.

Testing of input sets are performed with the trained model whose connection

weights are those adjusted weights from the last iteration of the last cycle.

5.2.3 Calibrating and Testing the Gravity Model

The essence of the back-propagation algorithm is based on presenting the
patterns successively one after another to the network. This results in zonal trips as
output values, which provide any information about the row and column totals. In
other words, equal row and column totals cannot be obtained within the environment
of the algorithm. Since our aim is to compare the level of predictions of all the
models, unconstrained gravity model is chosen rather than constrained gravity model.

The unconstrained gravity model in the form as discussed in Chapter 1 is
calibrated for all those sized networks with the algorithm given in Dickey [11]. This
algorithm is programmed in the source code of Matlab software. The basis of this
algorithm is to calibrate Fj; factors using the trips observed and trips calculated for a
predetermined time interval. This calibration is performed iteratively until ratio of

trips observed to trips calculated are sufficiently close to one.
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In this work, the time intervals are obtained by dividing the maximum
distance value of a distance matrix associated with a network size with the size of the
network. For example, the maximum distance value which is 0.85 in the distance
matrix below is divided by 3 which is the size of the network resulting in time

intervals as, 0.19-0.41, 0.41-0.63, 0.63-0.85.

Table 5.10 A sample distance matrix

1/0.26|0.85|0.85
210.85(0.19|0.85
310.85]0.85|0.20

5.3 Testing Results for all Models

In the following discussion, the test results (i.e., the predicted flow values)
only for a three-node sized network are presented below for the back-propagation
neural model, NETDIM, modular and gravity model approaches. The other flow
values for different sized networks can be found in Appendix C.

The predicted flow values obtained through the simulation of back-

propagation neural networks are given below with the RMSE value as 2436.

92



Table 5.11 The predicted flow values obtained through the simulation of back-

propagation neural networks

28 29 | 30 Pj

28| 10946 | 1332 | 1332 | 13610
29| 991 | 723 | 139 | 1853
30| 991 60 | 404 | 1455
Ai| 12928 | 2115 | 1875 | 16918

The predicted flow values obtained through testing of NETDIM network are

given below with the RMSE value 2865.

Table 5.12 The predicted flow values obtained through testing of NETDIM network

28 29 30 Pj
28 | 25018 | 2182 1269 28469
29| 4830 | 2426 188 7444
30 | 4029 200 2457 6686
Ai | 33877 | 4808 3914 42599

The predicted flow values obtained through testing of modular network are

given below with the RMSE value as 5827.
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Table 5.13 The predicted flow values obtained through testing of modular network

28 29 30 Pj

28| 17961 | 9085 | 8590 | 35636
29 (10388 | 3392 | 3145 | 16925
30 [ 10051 | 3231 | 2994 | 16276
Ai [ 38400 | 15708 | 14728 | 68836

The predicted flow values obtained through testing of unconstrained gravity

model are given below with the RMSE value as 5567.

Table 5.14 The predicted flow values obtained through testing of unconstrained

gravity model

28 | 29 | 30 Pj
28 | 1778 | 2085 | 1312 | 5175
29121902568 | 1617 | 6375
30 | 1383|1622 | 1021 | 4025
Ai | 5350 | 6275 | 3950 | 15575

5.4 Comparison of Results

The RMSE values of the trained neural networks which indicate the

prediction performance of the tested models are given in Table 5.15. The network
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sizes varying between three and twenty-four are shown in the first column, whereas

RMSE values are presented in the other columns. These RMSE values versus

network sizes are also depicted graphically in Figure 5.2.

Table 5.15 Test results of trained models

Network NETDIM Modular Gravity Back-
Size propagation
3 node 2865 5827 5567 2436
6 node 2743 3050 4353 7185
9 node 1956 2506 2754 2641
12 node 1264 1287 2137 22672
15 node 1465 1561 2007 2206
18 node 1233 1330 1803 9721
21 node 1184 1225 1611 869
24 node 1004 1048 1672 1181
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As can be seen from Table 5.15 and as well as from Figure 5.2 NETDIM has
the lowest RMSE values for different sized models. Although RMSE values are
obtained with testing of network sizes of three nodes and twenty-one nodes, the back-
propagation seem to be lesser than those of NETDIM. When the whole set of the
values is examined, it can be seen that there are significant fluctuations in RMSE
values. The fluctuation indicates that simulation results obtained through use of back-
propagation model are highly unpredictable. In other words, one cannot depend the
predictions on the simulation results. In addition, when RMSE values of NETDIM
are compared with those of the modular neural network, it can be seen that NETDIM
has the lowest values. Therefore, it can be stated that NETDIM performs better than
back-propagation and modular neural models in predicting the zonal trips regardless
the size of networks. It can be further stated that NETDIM has better predictive
performance than the gravity model.

At this point, it seems necessary to state some major points about those values
given in Table 5.15 in order to illustrate the prediction levels of each model. These
are:

a) There is a continuous decrease in the RMSE values for the NETDIM approach
except the fifteen-node network. For example, three-node network has RMSE
value of 2865 whereas twelve-node network has RMSE value of 1264 with a
drop of about 56 %. However, for fifteen-node network, there is an increase in
RMSE values in the range of 16 %. This 16 % increase when compared to 56 %
decrease can be regarded as a slight increase. After this slight increase, the
decrease in RMSE values further continues. For twenty-four-node network, the

RMSE value drops to 1004 where this decrease is about 32 %.
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b)

c)

d)

A similar trend in the RMSE values of the modular network with NETDIM can
be observed. There is a continuous decrease in the RMSE values of the modular
network approach except for the fifteen-node network. For example, the three-
node network has RMSE value of 5827 whereas the twelve-node network has an
RMSE value of 1287 with a drop of about 78 %. However, for fifteen-node
network, there is an increase in RMSE values in the range of 21 %. This 21 %
increase when compared to 78 % decrease can be interpreted as a slight increase.
After this slight increase, the decrease in RMSE values further continues. For the
twenty-four-node network, the RMSE value drops to 1048 where this decrease is
about 33 %.

Just like the NETDIM and modular networks, there is a continuous decrease in
the RMSE values of the gravity model except for the twenty-four-node network
with a slight increase of about 4 % that can be considered a negligible increase.
When the RMSE results related with back-propagation neural networks are
analysed, it can be easily seen that there is no increasing or decreasing trends in
the values. These values are fluctuating as the network size varies. For example,
the three-node network has the RMSE value of 2436 whereas the six-node
network has the RMSE value of 7185 where the increase is 195 %. Then the
nine-node network has the RMSE value of 2641 where the decrease is 63 %.
Whereas for the twelve-node network, the RMSE value of 22672 is a drastic
increase in the RMSE value nearly about 750 % increase. Then, for the fifteen-
node network, the RMSE value of 2206 shows a sudden drop again. Similar
fluctuations in the RMSE value can also be seen from the Table 5.15 for other

sized networks.
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From the experience gained by training and testing the neural models in this
work, there seems that there are three main advantages of the NETDIM and modular
approach over the back-propagation approach due its architecture. These can be
stated briefly as:

1) The final optimised weights found by NETDIM and modular approaches do not
vary from those found if the training phase is performed once more with the same
input data.  However, this is not true for the back-propagation neural models. In
contrast, the final optimised weights found by back-propagation approach after a
training phase is completed do vary for next training phases. This obviously
introduces fluctuations in the RMSE values.

2) Since the number of neurons is kept constant as 3 (equal to the number of input
parameters), optimum number of neurons in the second layer does not need to be
determined by the trial and error procedure used in training phases of back-
propagation model approach.

3) The momentum factor is the only factor that should be changed in the training
phase in contrast to changing parameters as goal achievement and minimum gradient
as in back-propagation neural models. This gives a flexibility in the use of the
NETDIM and modular model approaches as it is not required to change any
parameter that speeds up the process time except the momentum factor.

In summary, it can be said that NETDIM gives the best, the modular approach
provides the second best, the unconstrained gravity model furnishes the third best
results and back-propagation neural networks gives the least reliable estimates. Thus,
it can be concluded that the NETDIM performs better than all the other three models

for all network sizes.
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CHAPTER 6

SUMMARY AND CONCLUSIONS

In this dissertation, a neural trip distribution model (NETDIM) as a
recommended approach has been developed and the predictive performance of this
model compared with back-propagation neural, modular neural and unconstrained
gravity models. The objective of this work was to illustrate the predictive
performances of these models by comparing their levels of prediction rather than to
demonstrate how well they predict a given set of data. The comparison of the levels
of prediction of the models were based on the Root Mean Squared Errors of the
predicted and the observed zonal trips for various sized networks.

For the generation of different sized networks, a thirty-node sized network
was chosen and the data sets regarding the zonal trips and distances were taken from
the Bursa Transportation Master Plan. As the data sets are used solely for
hypothetical investigation, any problem related with the acquired data set of a chosen

network is neither questioned nor addressed.
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The networks with various nodes each corresponding to a particular sized
network are generated from the thirty-node sized largest network. This generation is
simply done by assigning the upper most left hand and lower most right portions of
the flow and distance matrices of that large network to smaller ones. The upper most
left hand portions are used for training and calibrating, the lower most right hand
portions are used for testing purposes.

Test results of trained neural models and calibrated gravity model for various
sized networks show that NETDIM has the lowest, the modular model has the second
lowest and gravity model has the third lowest values in terms of RMSE. The
significant fluctuations of RMSE values obtained through the analysis of the back-
propagation model indicate that this model has the least predictive capability. Thus,
it can be said that NETDIM performs better than the other models in predicting zonal
trips regardless the network sizes.

From the experiences gained in this work with the neural models, it may be
concluded that there are three advantages of NETDIM over other neural models
which deserve mention. These are:

¢ The final optimised weights found by NETDIM and modular approaches do
not vary than those found if training phase performed once more with the
same input data in contrast to the back-propagation neural models

e The optimum number of neurons in the second layer do not need to be
determined by a trial and error procedure used in training phases of back-

propagation model approach.
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¢ The momentum factor is the only factor that should be changed in the training
phase in contrast to changing parameters as goal achievement and minimum

gradient as in back-propagation neural models.

As a summary, it can be said that NETDIM provide better level of predictions
than modular approach, unconstrained gravity model and back-propagation neural
network. Thus, it can be concluded that NETDIM has better predictive performance
than all the other three models for all network sizes.

Despite the efforts devoted to the analyses of all of the approaches discussed
in this dissertation, there are major areas that still need to be researched. First,
NETDIM should be compared with the doubly-constrained gravity model rather than
the unconstrained one using different sized networks than those used in this research.
Second, as back-propagation has the least predictive capabilities than the other neural
models due to the fluctuations in predicted values, other neural models should also be
used in the analyses, such as radial basis models. Third, NETDIM trained with a
small sized network should also be tested with a large sized network to decide upon

its potential applicability.
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APPENDIX - C

PREDICTED FLOW VALUES FOR ALL SIZED

NETWORKS

The test results for the 3, 6, 9, 12, 15, 18, 21 and 24 sized networks will be
presented for back-propagation neural networks, NETDIM, modular and gravity

model approaches.

a) Three-node sized network

The test results for three-node sized network are presented below for back-
propagation neural networks, NETDIM, modular and gravity model approaches.
The predicted flow values obtained through the simulation of back-

propagation neural networks are given below with the RMSE value as 2436.
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Table C.1 The predicted flow values for three-node sized network obtained through

the simulation of back-propagation neural networks

28 29 | 30 Pj

28| 10946 | 1332|1332 | 13610
29| 991 | 723 | 139 | 1853
30| 991 60 | 404 | 1455
Ai| 12928 | 2115 | 1875 | 16918

The predicted flow values obtained through testing of the NETDIM network

are given below with the RMSE value as 2865.

Table C.2 The predicted flow values for three-node sized network obtained through

testing of the NETDIM network

28 29 | 30 Pj
28 | 25018 | 2182 | 1269 | 28469
29 | 4830 | 2426 188 | 7444
30| 4029 | 200 | 2457 | 6686
Ai | 33877 | 4808 | 3914 | 42599

The predicted flow values obtained through testing of the modular network

are given below with the RMSE value as 5827.
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Table C.3 The predicted flow values obtained for three-node sized network through

testing of the modular network

28 29 30 Pj

28 | 17961 | 9085 | 8590 | 35636
29| 10388 | 3392 | 3145 | 16925
30 | 10051 | 3231 | 2994 | 16276
Ai | 38400 | 15708 | 14728 | 68836

The predicted flow values obtained through testing of the unconstrained

gravity model are given below with the RMSE value as 5567.

Table C.4 The predicted flow values for three-node sized network obtained through

testing of the unconstrained gravity model

28 | 29 | 30 Pj
28 | 1778 | 2085 | 1312 | 5175
292190 | 2568 | 1617 | 6375
30| 1383|1622 | 1021 | 4025
Ai | 5350 | 6275 | 3950 | 15575

b) Six-node sized network

The test results for six-node sized network are presented below for back-
propagation neural networks, NETDIM, modular and gravity model approaches.
The predicted flow values obtained through the simulation of back-

propagation neural networks is given below with the RMSE value as 7185.
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Table C.5 The predicted flow values obtained for six-node sized network through

the simulation of back-propagation neural networks

25 26 27 28 29 | 30 P;
25| 4575 | 337 | 6209 | 7788 | 1340 | 186 | 20435
26| 583 |1696| 1108 | 1421 | 316 | 187 | 5311
27| 6541 | 955 | 8998 [23795| 772 | 564 | 41625
28 | 19090 | 2061 | 29577 | 18603 | 1174 | 551 | 71056
29| 637 | 346 | 1717 | 902 [ 1799 | 817 | 6218
30| 624 | 285 | 577 | 667 | 578 [1285| 4016
A; | 32050 | 5680 | 48186 | 53176 | 5979 | 3590 | 148661

The predicted flow values obtained through testing of NETDIM network are

given below with the RMSE value as 2743.

Table C.6 The predicted flow values obtained for six-node sized network through

testing of the NETDIM network

25 26 27 28 29 | 30 P;

25| 5416 | 167 | 3257 | 2358 | 1275| 170 | 12643
26| 191 (2090 450 | 817 | 200 | 31 | 3779
27| 3060 | 386 | 6795 | 4629 | 4177 | 586 | 19633
28 | 2317 | 704 | 4658 | 8733 | 637 | 500 | 17549
29| 866 | 166 | 2292 | 643 |2292| 518 | 6778
30| 113 | 25 | 335 | 359 | 298 |1127| 2257
A; [ 11962 | 3538 | 17787 | 17540 | 8879 | 2932 | 62639

The predicted flow values obtained through testing of the modular network

are given below with the RMSE value as 3050.
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Table C.7 The predicted flow values obtained for six-node sized network through

testing of the modular network

25

26

27

28

29

30

25

3707

1024

4594

4547

1313

797

15982

26

1027

884

1717

2337

518

313

6797

27

4616

1721

7332

6486

2306

1407

23867

28

4587

2352

6511

10166

2061

1673

27350

29

1301

512

2275

2024

712

435

7258

30

808

317

1421

1682

445

486

5159

16046

6809

23850

27243

7354

5110

86413

The predicted flow values obtained through testing of the

gravity model are given below with the RMSE value as 4353.

unconstrained

Table C.8 The predicted flow values obtained for six-node sized network through

testing of the unconstrained gravity model

25 26 | 27 | 28 | 29 30 P;
25| 5397 [ 1371 (1000 | 850 | 508 | 2375 | 11501
26| 1465 (2594 | 716 | 609 | 364 | 1702 | 7450
27| 1071 | 718 [1382| 445 | 16 | 1244 | 4876
28 922 | 618 | 451 | 1135| 291 | 1134 | 4551
29| 542 | 364 | 16 | 286 | 511 | 856 | 2575
30| 2449 (1642 1198|1078 | 826 | 10807 | 18000
A; | 11846 | 7307 | 4763 | 4403 | 2516 | 18118 | 48953
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¢) Nine-node sized network

The test results for nine-node sized network are presented below for back-
propagation neural networks, NETDIM, modular and gravity model approaches.
The predicted flow values obtained through the simulation of back-

propagation neural networks are given below with the RMSE value as 2641.

Table C.9 The predicted flow values obtained for nine-node sized network through

the simulation of back-propagation neural networks

22 | 23 24 25 26 27 28 29 | 30 P;
22 (1041 | 244 | 390 | 271 | 147 | 314 | 264 | 142 | 93 | 2906
23| 250 | 1204 | 562 | 409 | 201 | 400 | 405 | 166 | 121 | 3718
24| 925 [ 2810 | 2494 | 1540 | 1344 | 2564 | 4567 | 954 | 445 | 17643
25| 491 [ 1207 | 1603 | 2440 | 833 | 3595 | 5869 | 2063|1049 | 19150
26| 155 | 220 | 524 | 324 | 887 | 467 | 779 | 229 | 145 | 3730
27| 903 | 1415 1960 | 2238 | 1442 | 4522 | 7562 | 2241|1643 | 23926
28 | 498 | 1443 | 2212 | 2457 | 1551 | 5165 | 8921 | 1554 | 1566 | 25367
29| 144 | 167 | 386 | 445 | 209 | 683 | 447 |1613| 424 | 4518
30| 134 | 187 | 359 | 326 | 212 | 202 | 219 | 840 |2646| 5125
A; [ 4541 | 8897 | 10490 | 10450 | 6826 | 17912 | 29033 | 9802 | 8132 | 106083

The predicted flow values obtained through testing of NETDIM network are

given below with the RMSE value as 1956.
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Table C.10 The predicted flow values obtained for nine-node sized network through

testing of the NETDIM network

22 | 23 24 25 26 27 28 29 30 P;
222206 | 419 | 383 333 &7 | 500 | 714 72 38 | 4751
23| 381 [2026| 1597 | 403 | 158 | 514 | 606 126 | 56 | 5867
24| 344 |2773| 5839 | 1436 | 661 | 1951 | 2507 | 321 | 103 | 15933
25| 245 | 409 | 1480 | 6277 | 359 | 3960 | 3059 | 1429 | 224 | 17443
26| 79 | 168 | 630 | 418 |2155| 697 | 1096 | 235 | 67 | 5546
27| 356 | 447 | 2005 | 3964 | 630 | 7670 | 4370 | 4913 | 706 | 25060
28 | 501 | 446 | 2619 | 3072 | 1068 | 4419 | 9453 | 903 | 642 | 23123
29 74 | 124 | 337 | 925 | 206 | 2413 | 842 | 2435 | 511 | 7867
30| 53 62 194 | 237 | 78 | 445 | 518 | 286 |[1117| 2991
A; [ 4239 | 687515084 | 17065 | 5402 | 22568 | 23165 | 10718 | 3464 | 108581

The predicted flow values obtained through testing of the modular network

are given below with the RMSE value as 2506.

Table C.11 The predicted flow values obtained for nine-node sized network through

testing of the modular network

22 | 23 24 25 26 27 28 29 | 30 P;
22| 463 | 345 | 785 | 658 | 199 | 8&71 770 | 213 | 134 | 4436
23| 338 | 403 | 996 | 800 | 323 | 1053 | 1182 | 259 | 163 | 5518
24| 759 | 982 | 2767 | 2161 | 954 | 2832 | 3454 | 706 | 445 | 15059
25| 653 | 810 | 2221 | 3194 | 855 | 3840 | 4104 | 964 | 581 | 17221
26| 197 | 327 | 979 | 854 | 565 | 1299 | 1795 | 342 | 206 | 6564
27| 857 [ 1056 | 2882 | 3805 | 1289 | 5622 | 5468 | 1508 | 911 | 23400
28| 760 | 1188 | 3522 | 4075 | 1785 | 5479 | 8539 | 1486 | 1128 | 27962
29| 208 | 258 | 713 | 948 | 337 | 1498 | 1473 | 405 | 246 | 6086
30| 135 | 168 | 465 | 590 | 209 | 935 | 1155 | 254 | 244 | 4155
A; | 4370 | 5537 | 15331 | 17086 | 6517 | 23429 | 27940 | 6136 | 4056 | 110401

144



gravity model are given below with the RMSE value as 2754.

The predicted flow values obtained through testing of the unconstrained

Table C.12 The predicted flow values obtained for nine-node sized network through

testing of the unconstrained gravity model

22 23 24 25 26 27 28 29 30 P;
22 | 7197 | 1443 | 902 | 813 | 304 | 2251 | 592 | 452 | 1121 | 15075
23 | 1491 | 3109 | 603 | 543 | 203 | 1504 | 395 | 302 | 749 | 8899
24 | 966 625 | 1259 | 283 | 131 974 318 | 391 | 252 | 5199
25 | 864 559 | 281 | 1015 | 198 872 285 | 350 | 451 | 4875
26 | 327 212 | 132 | 201 | 629 826 94 277 1 2699
27 | 2290 | 1481 | 926 | 834 | 781 | 10652 | 726 | 1068 | 816 | 19574
28 | 603 390 | 303 | 273 89 727 795 | 1169 | 376 | 4725
29 | 484 313 | 391 | 353 | 276 | 1124 | 1230 | 1808 | 722 | 6701
30 | 1124 | 727 | 236 | 426 1 805 370 | 677 | 2811 | 7177
A; | 15346 | 8859 | 5033 | 4741 | 2612 | 19735 | 4805 | 6494 | 7299 | 74924
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d) Twelve-node sized network

The test results for twelve-node sized network is presented below for back-propagation neural networks, NETDIM, modular and
gravity model approaches.

The predicted flow values obtained through the simulation of back-propagation neural networks are given below with the RMSE
value as 22672.

Table C.13 The predicted flow values obtained for twelve-node sized network through the simulation of back-propagation neural networks

19 20 21 22 23 24 25 26 | 27 28 29 30 P;
19| 73288 | 2444 1 314 | 233 483 391 92 | 724 | 679 114 72 | 78835
20| 2309 | 113870 | 87739 | 31 306 586 455 101 | 808 | 789 127 79 207200
21| 152 1 616 | 370 84 238 223 50 | 305 | 233 55 41 2368
22 313 77 1 661 | 1054 | 766 406 94 | 772 | 703 116 73 5036
23| 224 293 95 |1044| 898 1 1148 | 223 | 1663 | 2014 178 98 7879
24| 489 492 216 | 278 | 127140 | 233 147 | 321 | 107 | 183 223 252 1130081
25| 502 551 195 | 475 188 520 169 | 410 1 1194 | 127140 26 |131371
26| 92 100 54 95 232 50 650 1 737 | 668 283 114 | 3076
27| 672 709 273 | 571 | 1100 | 11380 | 127140 | 1085 | 220 | 6608 | 23988 | 12608 | 186354
28 | 684 793 236 | 699 | 1176 | 836 22 30 | 150 | 1393 | 265 |24215| 30499
29 106 117 60 110 173 670 2 273 1 751 4404 1 6668
30( 65 70 42 67 90 282 477 101 | 187 | 245 1183 | 736 | 3545
A; | 78896 | 119517 | 89528 | 4715 | 132674 | 16045 | 131230 | 2781 | 5675 | 15460 | 158076 | 38315 | 792912
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The predicted flow values obtained through testing of NETDIM network are given below with the RMSE value as 1264.

Table C.14 The predicted flow values obtained for twelve-node sized network through testing of the NETDIM network

19 20 21 | 22 23 24 25 26 27 28 29 30 P;
193824 | 662 | 255 | 386 | 346 | 571 644 | 481 | 784 | 1110 | 377 | 350 | 9791
20| 664 | 4248 | 728 [ 1135 385 | 577 | 638 | 482 | 776 | 1111 | 374 | 349 | 11466
21| 251 | 650 | 266 | 297 | 238 | 451 517 | 365 | 626 | 845 | 298 | 267 | 5070
22| 387 | 1126 | 312 [2635| 537 | 578 | 595 | 451 | 720 | 1039 | 349 | 326 | 9055
23| 342 | 379 | 235 | 528 | 2711 | 3037 | 637 | 343 | 702 | 744 | 305 | 264 | 10226
24| 562 | 568 | 443 | 572 | 3243 | 8667 | 1203 | 838 | 1260 | 1331 | 554 | 433 | 19674
25| 640 | 634 | 514 | 590 | 648 | 1213 | 9253 | 582 | 4514 | 1826 | 1679 | 462 | 22554
26| 480 | 480 | 364 | 449 | 346 | 830 | 583 |2435| 769 | 1190 | 368 | 273 | 8566
27| 775 | 767 | 620 | 710 | 709 | 1270 | 4556 | 772 | 10420 | 2113 | 6163 | 933 | 29808
28 | 1103 | 1103 | 840 | 1031 | 747 | 1347 | 1841 | 1226 | 2127 | 10852 | 1214 | 962 | 24393
29| 373 | 369 | 294 | 343 | 304 | 550 | 1567 | 362 | 5553 | 1152 | 3170 | 441 | 14479
30 354 | 353 | 270 | 329 | 270 | 445 | 465 | 277 | 891 921 444 | 1164 | 6182
A; [ 9755 | 11338 | 5141 | 9006 | 10483 | 19536 | 22499 | 8615 | 29141 | 24234 | 15295 | 6223 | 171265
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The predicted flow values obtained through testing of modular network are given below with the RMSE value as 1287.

Table C.15 The predicted flow values obtained for twelve-node sized network through testing of the modular network

19 | 20 | 21 | 22 | 23 24 25 26 27 28 29 30 P;
193344 | 801 | 307 | 395 | 281 | 191 86 7 84 13 32 9 5549
20| 803 [ 3606 | 1074 | 1299 | 377 | 257 115 10 113 17 42 12 | 7725
21| 297 | 1037 [ 1669 | 481 | 80 54 22 2 22 3 8 3 3679
22| 394 | 1293 | 496 |2528| 675 | 460 121 10 124 18 45 13 6176
23| 277 | 371 | 81 | 668 |2611| 2867 | 600 | 271 | 591 347 | 222 | 63 8969
24| 197 | 264 | 58 | 475 |2992| 7207 | 1293 | 938 | 1274 | 1239 | 480 | 136 | 16552
25| 89 | 120 | 24 | 126 | 634 | 1308 | 7774 | 315 | 4775 | 2174 | 1831 | 400 | 19571
26| 7 10 2 10 | 274 | 908 301 |2328| 691 | 1361 | 380 | 82 | 6354
27| 89 | 119 | 24 | 131 | 632 | 1304 | 4832 | 731 | 9737 | 2615 | 5181 | 1157 | 26552
28| 14 19 4 20 | 378 | 1290 | 2238 | 1463 | 2659 | 11357 | 1473 | 1207 | 22121
29 31 42 8 44 | 220 | 457 | 1723 | 373 | 4826 | 1346 | 3105 | 716 | 12893
30| 9 12 3 12 | 62 130 | 377 81 | 1078 | 1106 | 718 |2295| 5882
A; | 5552|7693 | 3749 | 6189 | 9216 | 16432 | 19482 | 6530 | 25973 | 21597 | 13517 | 6092 | 142021
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The predicted flow values obtained through testing of unconstrained gravity model are given below with the RMSE value as 2137.

Table C.16 The predicted flow values obtained for twelve-node sized network through testing of the unconstrained gravity model

19 20 21 22 23 24 25 26 27 28 29 30 P;
19 | 9052 | 1402 | 947 | 712 | 236 | 2368 | 584 | 541 | 1171 | 779 | 1836 | 1098 | 20726
20 | 1465 | 2823 | 541 | 406 | 135 | 1352 | 334 | 309 | 668 | 445 | 1048 | 627 | 10153
21 | 1013 554 | 1319 | 285 51 465 227 | 185 | 120 | 231 720 | 430 5600
22 | 795 434 298 | 1415 | 276 492 240 | 195 | 268 | 565 202 120 5300
23 | 270 147 55 282 | 685 623 109 | 276 | 140 78 259 178 3102
24 | 2400 | 1311 | 441 | 447 | 553 | 11385 | 660 | 964 | 628 | 1527 | 851 509 | 21676
25 | 609 333 221 | 224 99 679 864 | 1262 | 369 | 246 152 91 5149
26 | 591 323 188 | 191 | 264 | 1038 | 1322 | 1930 | 556 | 376 233 139 7151
27 | 1195 653 115 | 245 | 125 633 362 | 520 | 3395 | 754 726 178 8901
28 | 814 445 225 | 529 72 1574 | 246 | 360 | 772 | 3829 | 585 350 9801
29 | 1937 | 1058 | 710 | 190 | 239 885 154 | 225 | 750 | 591 | 8776 | 1110 | 16625
30 | 1225 669 449 | 120 | 174 560 97 142 | 195 | 374 | 1175 | 3319 | 8499
Aj | 21366 | 10152 | 5509 | 5046 | 2909 | 22054 | 5199 | 6909 | 9032 | 9795 | 16563 | 8149 | 122683
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e) Fifteen-node, Eighteen-node, Twenty-one-node and Twenty-four-node sized networks

The test results for fifteen-node, eighteen-node, twenty-one node and twenty-four node sized networks are presented below for
back-propagation neural networks, NETDIM, modular and gravity model approaches respectively.

The corresponding RMSE values for the relevant sized networks can be found below the estimated flow matrices.
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Table C.17 The predicted flow values obtained for fifteen-node sized network through the simulation of back-propagation neural networks

16 17 18 | 19 | 20 (21| 22 23 24 25 26 27 28 29 | 30 P;
16| 14874 | 504 | 896 | 445 | 650 | 14| 541 | 602 | 3835 | 3727 | 490 | 5854 | 1466 | 635 | 42 | 34575
17| 358 | 3285 | 20 | 146 | 145 | 1 | 197 | 6700 | 251 429 | 86 | 656 | 778 | 183 | 3 13238
18| 470 9 835 | 76 | 59 | 1| 14 6 191 976 2 120 112 | 61 1 2933
19| 478 154 1 |[1863|1260| 3 | 181 | 408 | 202 149 1 882 | 495 6 1 6084
20| 815 162 16 |1202(1272| 1 | 3308 | 338 | 293 | 200 1 864 | 508 9 1 8990
21| 133 10 1 1 577 | 2 1 32 78 124 1 1071 | 18745 | 1 1 20778
22 751 187 | 37 | 182 |2567| 1 | 472 | 635 287 130 1 528 397 | 32 1 6208
23| 542 | 6098 | 34 | 432|409 | 1 | 612 | 6485 81 626 | 272 | 689 | 961 | 114 1 17357
24| 1040 | 673 17 | 526 | 747 | 1 | 423 | 796 | 2021 | 4415 | 730 | 1087 | 1109 | 345 | 4 | 13934
25| 1170 | 690 4 172 | 448 | 2 | 39 | 1519 | 6178 | 2699 | 373 | 723 | 1084 | 426 | 12 | 15539
26| 777 86 1 1 1 1 1 294 | 453 198 [ 1374| 800 | 695 | 182 1 4865
27| 7796 | 350 15 | 576 | 697 | 7 | 342 | 586 | 7889 | 6558 | 476 | 15695 | 10095 | 491 | 639 | 52212
28| 1763 | 603 | 50 | 405 | 432 | 2 | 369 | 837 | 2966 | 2941 | 386 | 5572 | 11115 | 395 [ 1311 | 29147
29| 601 145 3 42 | 66 | 1| 51 109 191 78 142 | 2844 | 692 |3588| 11 8564
30| 84 75 1 1 5 1 1 79 587 122 | 79 167 | 923 9 111 | 2245
A; | 31652 | 13031 | 1931 | 6070 | 9335 | 39 | 6552 | 19426 | 25503 | 23372 | 4414 | 37552 | 49175 | 6477 | 2140 | 236669

RMSE = 2206
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Table C.18 The predicted flow values obtained for fifteen-node sized network through testing of the NETDIM network

16 17 18 19 20 21 | 22 23 24 25 26 27 28 29 30 P;
16| 6470 | 1931 | 897 | 1208 | 464 | 387 | 508 | 848 | 575 | 524 | 486 | 543 | 581 426 | 414 | 16261
17| 1911 | 2751 | 374 | 355 | 352 | 318 | 371 | 1513 | 887 | 656 | 362 | 626 | 454 | 363 | 319 | 11613
18| 892 | 374 |1387| 1139 | 735 | 252 | 448 | 417 | 383 380 | 400 | 403 | 496 | 344 | 361 | 8411
19| 1203 | 355 |1155| 3232 | 587 | 304 | 377 | 377 | 410 | 437 | 448 | 463 | 554 | 398 | 409 | 10709
20| 466 | 352 | 746 | 589 | 3530 | 621 | 923 | 407 | 411 429 | 444 | 455 | 549 | 390 | 404 | 10717
21| 389 | 318 | 250 | 303 | 591 | 225 | 318 | 331 397 | 431 | 421 | 455 | 520 | 389 | 387 | 5723
22| 511 372 | 451 | 379 | 920 | 324 [2033| 539 | 430 | 414 | 431 | 438 | 533 377 | 391 | 8545
23| 840 | 1495 | 411 | 374 | 402 | 329 | 531 | 2972 | 2520 | 503 | 365 | 501 459 | 353 | 349 | 12404
24| 573 886 | 379 | 408 | 409 | 395 | 426 | 2559 | 6095 | 717 | 595 | 683 | 657 | 427 | 374 | 15583
25| 524 | 655 | 378 | 436 | 428 | 430 | 413 | 506 | 720 | 6335 | 403 | 2892 | 1006 | 1180 | 378 | 16683
26| 486 | 362 | 399 | 448 | 444 | 420 | 430 | 367 | 597 | 404 |1767| 497 | 764 | 361 | 329 | 8076
27| 542 | 624 | 401 | 462 | 453 | 454 | 436 | 502 | 684 | 2893 | 495 | 6950 | 1112 | 4269 | 649 | 20928
28| 580 | 453 | 493 | 553 | 547 | 519 | 531 | 460 | 657 | 1003 | 763 | 1110 | 7076 | 795 | 643 | 16182
29| 425 360 | 342 | 397 | 389 | 387 | 375 | 354 | 427 | 1156 | 359 | 4124 | 790 | 2707 | 426 | 13017
30| 416 | 321 | 362 | 410 | 404 | 388 | 392 | 352 | 377 | 381 | 331 | 650 | 647 | 434 | 963 | 6827
Aj | 16231 | 11607 | 8425 | 10694 | 10654 | 5751 | 8511 | 12505 | 15571 | 16662 | 8070 | 20788 | 16199 | 13213 | 6795 | 181676
RMSE = 1465

152




Table C.19 The predicted flow values obtained for fifteen-node sized network through testing of the modular network

16 17 18 19 | 20 | 21 | 22 23 24 25 26 27 28 29 30 P;

16 | 5934 | 2044 | 1075|1365 305 | 116 | 452 | 954 | 493 349 | 28 351 67 157 | 70 | 13761

17 | 2007 | 2812 | 417 | 202 | 157 | 59 | 302 | 1627 | 976 | 693 56 | 646 82 289 | 76 | 10402

18| 1053 | 416 |2425|1487| 979 | 209 | 591 | 449 | 231 95 89 11 40 10 | 8092

8

19| 1340 | 202 | 1489|3084 | 645 | 245 | 299 | 227 117 48 4 45 20 5 7776
5
1

21| 113 59 | 208 | 243 | 934 | 1684 | 405 | 63 33 12 12 5 1 3774

6

20 301 157 | 984 | 648 |3282| 945 | 1076 | 309 159 65 61 8 27 7 8036
1
8

22| 445 | 303 | 593 | 299 | 1075 | 409 [2221 | 3581 300 69 6 67 29 8 6413

23| 929 | 1614 | 446 | 225 | 306 | 64 | 575 | 2768 | 2405 | 430 | 211 | 401 218 179 | 47 | 10816

24| 486 | 981 | 233 | 117 | 160 | 33 | 300 | 2435 | 5035 | 748 | 614 | 698 | 654 | 312 | 82 | 12888

25| 346 | 700 | 96 | 48 66 12 | 70 | 438 752 | 5213 | 183 | 2880 | 1172 | 1297 | 258 | 13530

26| 28 56 8 4 5 1 6 213 | 610 | 180 |1933| 421 848 | 284 | 56 | 4653

27| 349 | 655 | 90 | 45 | 62 | 12 | 68 | 410 | 704 | 2891 | 428 | 6003 | 1348 | 3808 | 766 | 17640

28| 67 83 11 6 8 1 8 223 | 661 | 1179 | 864 | 1351 | 6574 | 914 | 762 | 12714

29| 152 | 286 | 39 | 20 | 27 5 28 179 308 | 1272 | 282 | 3722 | 891 | 2951 | 621 | 10782

30| ©68 76 10 5 7 1 8 48 82 255 | 56 | 755 | 749 | 626 |[2289| 5035

A; [ 13618 | 10445 | 8125 | 7799 | 8017 | 3798 | 6409 | 10922 | 12866 | 13500 | 4679 | 17500 | 12637 | 10937 | 5060 | 146312

RMSE = 1561

153



Table C.20 The predicted flow values obtained for fifteen-node sized network through testing of the unconstrained gravity model

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 Pj
16 | 10131 | 1315 | 763 | 946 | 273 | 2132 | 663 | 610 | 1058 | 1031 | 2239 | 1312 | 540 | 666 | 1222 | 24901
17 | 1378 | 2705 | 403 | 501 | 144 | 1128 | 351 | 322 | 560 | 545 | 1185 | 694 | 286 | 352 | 646 | 11200
18 | 810 409 922 | 222 72 663 124 | 230 | 179 | 258 702 411 | 245 | 167 | 462 5876
19 | 999 504 221 | 1389 | 163 537 252 | 187 | 388 | 118 353 207 | 241 71 140 5776
20 | 305 154 76 172 | 524 703 96 178 | 115 75 262 153 | 230 92 93 3228
21 | 2156 | 1088 | 631 | 514 | 637 | 12716 | 565 | 866 | 649 | 351 871 510 | 386 | 327 | 433 | 22700
22 | 681 344 120 | 246 88 574 664 | 1018 | 363 | 268 241 141 | 248 | 210 96 5302
23 | 660 333 235 | 191 | 173 926 | 1072 | 1643 | 587 | 432 389 228 | 188 | 339 | 155 7551
24 | 1073 542 171 | 373 | 105 651 359 | 550 | 2922 | 923 732 429 | 128 | 114 | 208 9280
25 | 1089 550 256 | 119 71 366 275 | 422 | 961 | 4589 | 642 441 | 172 | 45 1 9999
26 | 2287 | 1154 | 675 | 342 | 239 880 240 | 367 | 737 | 621 | 7645 | 1152 | 839 | 585 | 736 | 18499
27 | 1387 700 409 | 207 | 145 533 145 | 223 | 447 | 441 | 1192 | 2716 | 509 | 447 | 523 | 10024
28 | 624 315 266 | 264 | 238 320 279 | 201 | 146 | 188 949 556 | 2922 | 385 | 223 7876
29 | 708 358 167 77 87 344 218 | 333 | 119 45 609 450 | 354 | 1929 | 377 6175
30 | 1315 664 468 | 143 89 461 100 | 154 | 220 1 776 533 | 208 | 382 | 1689 | 7203
Ai | 25603 | 11135 | 5783 | 5706 | 3048 | 22934 | 5403 | 7304 | 9451 | 9886 | 18787 | 9933 | 7496 | 6117 | 7004 | 155590
RMSE = 2007
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Table C.21 The predicted flow values obtained for eighteen-node sized network through the simulation of back-propagation neural
networks
13 | 14| 15 16 17 | 18 | 19 | 20 (21| 22 | 23 24 25 26 27 28 29 | 30 P;

13|1615| 6 1 37 1 1 1 4 9 3 1 129 166 1 210 36 1 1 2223
14| 31 |157| 13 67 1 1 1 1 3 1 1 25 124 1 72 501 1 1 1002
15| 1 2 [1102] 40 1 1 2 1 4 1 1 81 182 1 39 205 1 1 1666
16| 72 | 25 | 62 (23038 733 | 558 | 712 | 873 | 5 | 552 | 1011| 2691 | 2955 | 162 | 6245 4 146 | 10 | 39854
17| 14 | 9 14 | 906 (3769 5 43 | 48 [ 34 | 25 | 403 [ 108 161 25 752 32 28 8 6384
18| 1 1 1 924 9 | 374|110 | 60 1 34 | 53 188 28 1 43 424 1 1 2254
19| 11 | 13| 9 981 | 48 | 549 |3463| 376 | 1 36 | 67 | 2820 | 710 9 195 264 9 11 | 9572
20| 13 [ 88 | 43 | 1190 | 74 | 416 | 327 |3639| 13 | 552 | 76 | 1989 | 1946 7 269 195 19 | 18 | 10874
21| 41 1 1 448 1 1 1 45 1 1 1 71 546 | 153 | 6278 149 1 5 7745
22| 5 5 4 | 1467 | 37 | 23 | 65 |1088| 1 |3684| 154 | 553 621 7 111 175 3 6 8009
23| 70 (102 73 | 864 [ 436 | 24 | 74 | 52 |181] 108 |3580| 395 360 99 | 1002 901 126 | 154 | 8601
24| 67 [ 85 | 73 | 7093 [ 531 | 367 | 650 | 560 180 | 480 | 191 [ 6299 | 44497 | 423 | 9888 | 37230 | 458 | 107 [109179
25| 339 (292 380 | 2786 | 494 | 113 | 1023 | 974 |301| 267 | 413 (53856 | 8377 | 448 | 32747 | 79531 | 636 | 242 (183219
26| 4 15] 4 57 22 6 7 5 130 9 34 | 211 823 3299 1008 829 27 | 23 | 6413
27| 156 | 66 | 95 | 3524 [ 603 | 52 | 475 | 462 | 82 | 298 | 1460 ( 6363 | 75033 | 647 | 9828 | 99897 |2345| 431 (201817
28| 140 | 17 | 27 97 | 148 | 16 | 14 | 26 | 9 9 | 884 | 1948 | 1159 | 865 | 44748 | 8194 | 849 | 809 | 59959
29| 1 9 8 180 | 33 13 2 3 5 2 18 | 544 120 33 | 1816 941 (3332 9 7069
30| 1 1 1 114 1 1 1 1 4 1 1 19 141 1 732 642 3 42 | 1707
A; (25828941911 (438136942 | 2521 | 6971 | 8218 | 864 | 6063 | 8349 | 78290 [ 137949 | 6182 | 115983 |1230150 | 7986 | 1879 | 667547

RMSE = 9721
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Table C.22 The predicted flow values obtained for eighteen-node sized network through testing of the NETDIM network

13 | 14 | 15 16 17 | 18 | 19 | 20 |21 | 22 | 23 24 25 26 27 28 29 | 30 P;

132188 | 133 | 61 320 | 82 | 36 | 68 | 60 | 22| 51 | 101 | 196 | 260 | 62 | 346 | 300 | 98 | 35 | 4420

14| 126 (1277 99 | 274 | 72 | 33 87 | 65 | 22| 48 | 90 174 | 230 | 55 253 190 | 67 30 | 3192

15| 62 | 97 [1123| 308 | 79 35 (123 | 86 | 23 | 51 | 100 [ 195 | 258 | 60 | 284 | 212 | 73 32 | 3203

16| 274 | 164 | 256 | 7344 1393 | 466 | 1156| 703 | 48 | 606 | 1173 | 1855 | 1725 | 332 | 2206 | 1837 | 484 | 119 | 22139

17| 70 | 48 | 66 | 1335 (2267 | 100 | 155 | 145 | 24 | 141 | 826 | 609 | 518 | 100 | 628 | 446 | 145 | 41 7663

18| 40 | 31 39 | 596 | 123 [ 1383 | 529 | 281 | 25 | 147 | 167 | 245 199 | 52 | 247 185 66 | 29 | 4383

19| 57 | 53 | 97 | 1080 | 147 | 754 |2671| 277 | 33 | 154 | 210 | 334 | 271 64 | 338 | 251 85 32 | 6909

20| 51 43 | 69 | 647 | 139 | 328 | 280 2899|274 | 424 | 233 | 367 | 297 | 69 | 371 275 | 92 | 34 | 6892

21 29 | 28 | 36 | 224 | 58 | 39 | 84 [ 132 |146| 77 | 77 116 95 33 116 88 40 | 24 | 1442

22 46 | 36 | 45 | 610 | 145 | 141 | 166 | 419 | 54 | 1457 | 263 | 367 | 256 | 62 | 322 | 237 81 32 | 4737

23| 76 | 53 | 74 | 1008 | 851 | 120 | 195 | 214 | 25 | 234 | 2158 | 1643 | 538 | 166 | 669 | 713 | 152 | 44 | 8934

24| 146 | 94 | 141 | 1598 | 567 | 147 | 316 | 343 | 31 | 316 | 1742 | 5162 | 1227 | 441 | 1526 | 1877 | 335 | 77 | 16085

25| 195 | 124 | 189 | 1517 | 479 | 122 | 264 | 286 | 30 | 226 | 561 | 1255 | 5456 | 314 | 2928 | 2294 | 724 | 103 | 17067

26 53 | 39 | 51 309 | 99 | 40 | 66 | 70 | 22| 59 | 186 | 481 339 | 1132 542 | 847 | 143 | 39 | 4516

27| 275 | 143 | 220 | 2064 | 607 | 160 | 351 | 381 | 33 | 304 | 743 | 1655 | 3020 | 533 | 6699 | 3179 | 3399 | 227 | 23992

28| 262 | 120 | 182 | 1860 | 473 | 133 | 286 | 310 | 30 | 246 | 862 | 2189 | 2586 | 887 | 3391 | 8547 | 871 | 266 | 23502

29| 81 44 | 60 | 453 | 142 | 48 88 | 94 |23 | 77 | 169 | 367 | 715 | 142 | 2703 | 825 |[2538| 134 | 8704

30( 50 | 33 | 42 | 236 | 69 | 33 | 49 | 52 |21 | 45 84 168 | 225 | 66 | 394 | 484 | 136 | 925 | 3114

A; | 4080( 2560 2850 21782( 7793| 4118| 6935| 6818| 885| 4663 9745| 17380( 18214| 4570| 23964| 22787| 9529| 2222| 170893

RMSE = 1233
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Table C.23 The predicted flow values obtained for eighteen-node sized network through testing of the modular network

13 | 14 | 15| 16 | 17 | 18 | 19 | 20 | 21 | 22 | 23 24 25 | 26 | 27 28 | 29 | 30 P;
13794 | 307 | 133 | 281 | 109 | 30 | 47 | 32 | 9 30 | 98 168 | 309 | 46 | 407 | 220 | 186 | 94 | 3300
14| 308 | 585 | 273 | 276 | 107 | 29 132 | 55 | 20 | 32 | 104 | 177 | 326 | 45 | 283 | 109 | 92 | 56 | 3010
15| 132 | 270 | 622 | 276 | 107 | 29 (233 | 97 | 36 | 32 | 104 | 177 | 326 | 45 | 283 | 109 | 92 | 56 | 3025
16| 288 | 281 | 284 | 7330 |1885(1073 1604 | 705 | 270 | 799 | 1427 | 1419 | 1187 | 181 | 1407 | 681 | 458 | 222 | 21501
17| 109 | 107 | 108 | 1850 [1018| 288 | 254 | 220 | 84 | 289 | 866 | 934 | 781 | 119 | 888 | 342 | 289 | 105 | 8649
18| 30 | 29 | 29 | 1053 | 288 [ 616 | 616 | 489 | 136 | 338 | 345 | 343 | 213 | 32 [ 242 | 93 | 79 | 29 | 5001
19| 47 | 132 | 234 | 1567 | 253 | 613 {1203 | 507 | 194 | 304 | 310 | 308 | 191 | 29 | 217 | 84 | 71 | 26 | 6288
20| 32 | 55 | 99 | 694 | 221 | 490 | 511 {1249 408 | 617 | 369 | 367 | 227 | 35 | 259 | 100 | 84 | 31 | 5846
21| 9 20 | 36 | 262 | 83 | 135|193 | 403 | 363 | 233 | 100 | 99 58 9 67 26 | 22 | 8 | 2125
22| 30 | 32 | 32 | 787 | 290 | 339|306 | 617 | 236 | 842 | 477 | 474 | 214 | 33 | 249 | 94 | 79 | 29 | 5159
23| 96 | 101 | 102 | 1361 | 841 | 335 | 303 | 357 | 98 | 462 | 1304 | 1722 | 675 | 276 | 768 | 657 | 250 | 91 | 9800
24| 166 | 175 | 177 | 1376 | 922 | 339 | 306 | 361 | 99 | 467 | 1751 | 3726 | 1319 | 715 | 1501 | 1727 | 489 | 178 | 15797
25| 311 | 327 | 330 | 1168 | 782 | 213 | 192 | 227 | 59 | 214 | 696 | 1338 | 3914 | 375 | 3328 | 2425 [1092| 340 | 17332
26| 46 | 45 | 45 [ 176 | 118 | 32 | 29 | 34 | 9 32 | 281 | 717 | 371 | 824 | 698 | 1223 | 285 | 88 | 5053
27| 410 | 284 | 287 | 1387 | 893 | 243 | 220 | 259 | 68 | 250 | 794 | 1526 | 3337 | 708 | 5873 | 3091 [2338| 732 | 22698
281221109 | 110 | 671 | 344 | 94 | 84 | 100 [ 26 | 94 | 679 | 1756 | 2431 | 1240| 3089 | 8679 [1269| 870 | 21867
29| 181 | 90 | 90 | 439 | 282 | 77 | 69 | 82 | 21 | 77 | 251 | 483 | 1063 | 280 | 2269 | 1232 (1013 | 324 | 8322
30| 95 | 57 | 57 | 219 | 106 | 29 | 26 | 31 8 129 | %4 181 | 341 | 90 | 731 | 869 [ 334 | 516 | 3811
Ay |3305(3006 (3046 (211738647 | 5003 | 6328 | 5825 (2144 |5139|10051|15917 (172835082 |22559 (2175985203796 | 168584

RMSE = 1330
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Table C.24 The predicted flow values obtained for eighteen-node sized network through testing of the unconstrained gravity model

13 14 15 | 16 | 17 18 19 | 20 21 22 23 24 25 | 26 | 27 28 29 | 30 Pj
13 | 11077 ] 1401 | 772 | 703 | 358 | 2031 | 579 | 463 | 1160 | 1369 | 2310 | 1252 | 861 | 867 | 846 | 1414 | 813 | 124 | 28400
14 | 1458 | 3069 | 414 | 378 | 192 | 1090 | 311 | 249 | 623 | 735 | 1240 | 672 | 462 | 466 | 454 | 759 | 436 | 67 | 13075
15| 820 | 423 | 951 | 223 | 108 | 613 | 166 | 216 | 189 | 361 | 573 | 310 | 181 | 229 | 394 | 266 | 98 | 80 | 6201
16 | 756 | 390 | 226 | 1186 157 | 689 | 187 | 243 | 327 | 237 | 364 | 283 | 292 | 150 | 177 | 165 | 55 | 115 | 5999
17| 395 | 204 | 112 | 161 | 479 | 507 | 68 | 156 | 76 152 | 362 | 196 | 118 | 66 | 103 | 106 | 64 1 3326
18 | 2119 | 1093 | 602 | 669 | 481 |12565| 630 | 934 | 975 | 759 | 719 | 354 | 299 | 244 | 410 | 528 | 177 | 368 | 23926
19| 598 | 309 | 162 | 180 | 64 | 624 | 700 |1039| 296 | 198 | 274 | 149 | 138 | 113 | 195 | 361 | 121 | 32 | 5553
20| 501 | 259 | 220 | 244 | 153 | 969 |1088|1615| 439 | 308 | 426 | 231 | 147 | 175 [ 302 | 562 | 188 | O 7827
21| 1172 | 605 | 180 | 308 | 70 | 944 | 290 | 410 | 2748 | 835 | 537 | 291 | 185 | 138 | 189 | 787 | 264 | 126 | 10079
22| 1377 | 711 | 342 | 221 [ 139 | 731 | 193 | 286 | 831 | 4203 | 950 | 515 | 208 | 94 2 1392 | 700 | 106 | 13001
23| 2358 | 1217 | 550 | 346 [ 335 | 703 | 271 | 402 | 543 | 965 | 8181 | 1087 | 805 | 426 | 735 | 840 | 281 | 230 | 20275
24| 1324 | 683 | 309 | 278 | 188 | 359 | 152 | 226 | 305 | 541 | 1126 | 2490 | 452 | 444 | 591 | 472 | 158 | 129 | 10227
25| 929 | 480 | 184 | 293 | 116 | 378 | 144 | 146 | 198 | 223 | 851 | 462 |2709| 252 | 243 | 359 | 120 | 161 | 8248
26| 912 | 471 | 227 | 147 | 63 | 246 | 115 | 171 | 143 98 439 | 442 | 246 | 1764|496 | 294 | 99 | 128 | 6501
27| 914 | 471 | 401 | 177 | 101 | 424 | 203 | 302 | 201 2 777 | 604 | 243 | 510 | 1319] 507 | 170 | 227 | 7553
28 | 1476 | 762 | 261 | 160 | 100 | 528 | 365 | 542 | 812 | 1444 | 859 | 465 | 347 | 292 | 489 |17940|1269 | 363 | 28474
29| 878 | 453 | 100 | 55 | 63 | 183 | 127 | 188 | 282 | 752 | 298 | 161 | 120 | 101 | 170 | 1315 |2084 | 194 | 7524
30| 139 72 84 | 120 | 1 395 | 34 0 139 | 118 | 252 | 136 | 167 | 136 | 235 | 389 | 201 | 607 | 3225
Ai 12920313073 | 6097 | 5849 | 3168 | 23979 | 5623 | 7588 | 10287 | 13300 | 20538 | 10100 | 7980 | 6467 | 7350 | 28456 | 7298 | 3058 | 209414
RMSE = 1803

158




Table C.25 The predicted flow values obtained for twenty-one-node sized network through the simulation of back-propagation neural networks

10 11 12 13 14 15 16 17 18 19 | 20 | 21| 22 23 24 25 26 27 28 29 30 P;
10 | 4090 [ 167 | 251 | 195 | 109 | 44 | 1147 | 696 | 137 | 190 | 234 | 9 | 225 | 290 156 293 [ 241 | 504 | 433 | 262 | %4 9767
11 | 245 | 7984 | 291 | 291 | 380 | 320 | 1269 | 312 | 23 71 24 1 24 312 228 175 85 151 347 | 335 | 136 | 13004
12| 136 | 682 |3010| 74 | 226 | 76 | 450 83 5 120 | 17 1 7 71 154 321 44 | 400 226 79 32 6214
13| 26 305 59 | 1951] 52 38 353 71 1 3 1 1 1 283 9 165 1 387 364 55 20 4146
14| 19 571 | 606 | 38 [ 805 | 28 297 44 1 38 15 1 1 129 81 370 1 379 25 44 2 3495
15| 300 | 423 54 35 40 | 1443 338 66 1 42 80 1 1 273 16 245 1 307 1 51 2 3720
16 [ 1158 | 964 | 272 | 62 55 59 31276 692 | 845 | 618 | 347 | 34 | 611 | 1430 | 1605 | 810 56 917 247 | 133 | 34 | 42225
17 | 720 52 116 | 56 44 52 | 1005 |4991 | 71 | 114 | 125 | 14 | 137 | 789 308 279 82 | 407 338 | 138 | 28 9866
18 | 46 6 8 1 1 1 473 32 [ 720 [ 295 | 227 | 15| 45 217 393 143 1 346 2 31 1 3004
19| 65 486 | 115 1 65 | 108 | 939 | 137 | 275 |5033| 170 | 33 | 155 81 24 399 1 10 50 13 1 8161
20 | 106 | 512 8 1 3 43 574 | 152 | 209 | 172 | 5009 | 104 | 291 70 24 165 1 10 6 32 1 7493
21| 2 1 1 1 1 1 164 3 4 27 | 125 |233] 20 2 128 1 1 8 1 1 1 726
22 1 1 8 1 1 1 519 | 106 | 67 93 | 371 | 29 |3324| 118 244 19 1 34 1 31 1 4971
23 | 306 75 220 | 50 54 62 | 1072 | 610 | 128 [ 187 | 178 | 23 | 246 | 4677 | 324 80 202 | 328 496 | 217 | 22 9557
24 297 | 408 | 310 | 44 66 55 | 1209 | 357 | 289 [ 176 | 264 | 5 | 363 | 647 | 7934 | 308 | 301 | 259 864 | 365 | 49 | 14570
25| 510 | 334 | 309 | 257 | 289 | 283 | 584 | 298 | 100 | 40 61 1 68 323 294 | 9814 [ 292 | 1543 | 1534 | 434 | 251 | 17619
26| 74 174 | 44 1 1 1 54 87 1 1 1 1 1 49 311 62 |2478 | 399 553 | 112 | 14 4419
27 (542 | 832 | 445 | 213 | 88 69 533 | 491 | 46 35 40 3 40 | 661 724 780 | 486 | 9213 | 2383 | 483 | 452 | 18559
28 ( 222 | 134 | 42 37 24 27 255 60 20 30 33 1 28 262 | 1757 | 1653 | 814 | 2159 | 19533 | 779 | 656 | 28526
29 [ 179 36 95 78 28 32 | 435 | 120 | 14 19 41 1 23 64 226 374 | 121 | 1234 | 583 |3954| 58 7715
30| 44 326 10 10 2 2 188 14 1 1 1 1 1 22 269 | 445 17 481 413 74 | 377 | 2699
A; | 9088 | 14473 | 6274 | 3397 | 2334 | 2745 | 43134 | 9422 | 2958 [ 7305 | 7364 | 512 | 5612 | 10770 | 15209 | 16901 | 5227 | 19476 | 28400 | 7623 | 2232 | 220456
RMSE = 869

159




Table C.26 The predicted flow values obtained for twenty-one-node sized network through testing of the NETDIM network

10 11 12 13 14 15 16 17 18 19 | 20 21 22 23 24 25 26 27 28 29 30 P;
10 | 2146 | 821 | 489 | 242 | 189 | 145 | 1327 | 1209 | 268 | 401 | 275 | 130 | 266 | 943 690 | 1425 | 246 | 1455 | 406 583 | 212 | 13868
11 | 827 | 3342 | 1639 | 457 | 681 | 652 | 737 380 | 148 | 182 | 144 [ 96 | 143 | 336 464 927 | 182 | 753 240 338 | 218 | 12893
12| 481 | 1553 | 1132 276 | 528 | 328 | 458 251 | 126 | 174 | 124 | 93 | 123 | 229 313 551 | 145 | 463 180 225 | 157 | 7910
13 | 246 458 | 281 [ 919 | 329 | 177 | 235 159 | 103 | 112 [ 99 80 | 100 | 150 178 276 | 112 | 321 178 219 | 142 | 4874
14| 193 661 | 527 | 324 | 625 | 290 | 242 160 | 105 | 176 | 121 [ 99 | 104 | 158 191 301 | 114 | 244 125 150 | 122 | 5035
15 | 147 641 | 332 | 176 | 292 | 684 | 233 158 | 103 | 254 | 148 [ 109 | 102 | 155 186 292 | 112 | 236 121 148 | 122 | 4751
16 | 1377 | 751 | 468 | 230 [ 237 | 229 | 6699 | 1871 | 959 | 1433 | 511 | 212 | 617 | 1234 | 909 710 | 154 | 754 289 342 | 186 | 20173
17 | 1203 | 392 | 254 | 158 | 159 | 157 | 1780 | 1246 | 298 | 266 | 236 | 134 | 299 | 1013 | 872 686 | 159 | 702 236 309 | 149 | 10707
18 | 269 151 | 127 | 104 [ 105 | 104 | 907 294 | 562 | 620 | 478 | 144 | 328 | 357 304 205 | 102 | 208 114 137 | 104 | 5726
19 | 402 184 | 175 | 112 | 175 | 253 | 1376 | 265 | 644 | 1430 | 503 | 194 | 305 | 314 260 178 92 179 100 126 96 7362
20 [ 278 146 | 124 | 99 [ 120 | 147 | 508 236 | 494 | 506 [ 1473 | 353 | 634 | 369 301 200 97 201 107 135 | 100 | 6627
21| 133 98 94 80 99 | 110 | 217 135 | 142 | 191 | 320 | 88 | 204 | 147 136 111 78 110 77 96 83 2748
22 | 269 145 | 124 | 100 [ 104 | 102 | 609 299 | 335 | 306 | 629 | 213 | 922 | 492 399 197 98 202 108 134 | 101 | 5886
23 [ 928 333 | 227 | 146 | 154 | 152 | 1174 | 997 | 353 | 309 | 360 | 143 [ 482 | 1699 | 1858 [ 568 | 282 | 578 426 271 | 141 | 11582
24| 693 463 | 313 | 174 | 186 | 181 | 889 878 | 301 | 256 | 296 | 131 | 394 | 1924 | 3862 | 972 | 615 | 985 | 1010 | 425 | 178 | 15127
25| 1461 | 936 | 566 | 273 [ 299 | 289 | 702 694 | 201 | 176 | 197 | 108 | 194 | 583 981 | 3864 | 301 | 2688 | 1512 | 1065 | 285 | 17375
26 | 248 184 | 146 | 112 | 114 | 111 | 156 159 | 102 | 93 97 78 98 287 612 302 | 858 | 512 862 293 | 137 | 5559
27| 1495 | 761 | 471 | 317 | 240 | 232 | 746 710 | 203 | 176 | 198 | 107 | 198 | 593 997 | 2704 | 516 | 4899 | 1781 | 2492 | 570 | 20404
28 | 407 240 | 177 | 173 | 122 | 119 | 287 232 (111 ] 99 [ 106 | 76 | 106 | 432 | 1023 | 1520 | 881 | 1785 | 6081 [ 966 | 614 | 15556
29 | 571 336 | 224 | 215 | 148 | 146 | 337 302 | 135 | 126 | 134 [ 95 | 133 | 272 420 | 1015 | 288 | 2310 | 927 | 1272 | 310 | 9717
30 [ 216 223 | 160 | 144 [ 123 | 123 | 193 151 | 105 | 97 | 101 [ 82 | 101 | 145 184 287 | 139 | 553 598 312 | 314 | 4353
A; | 13990| 12819| 8050| 4829( 5029| 4730| 19815| 10796 5799 7383| 6551| 2764| 5853| 11832| 15141| 17290| 5571| 20136| 15478| 10039( 4339| 208235
RMSE = 1184

160




Table C.27 The predicted flow values obtained for twenty-one -node sized network through testing of the modular network

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 P;
10 | 2800 | 473 | 312 | 77 44 14 | 789 | 1367 | 119 | 183 | 81 14 85 | 735 | 325 | 1107 | 69 | 1034 | 103 | 399 | 80 | 10208
11| 478 (37811913 | 245 | 573 | 476 | 251 | 148 | 15 22 10 2 10 91 | 133 | 454 24 291 29 112 | 67 9124
12| 307 |1864 2021 157 | 751 | 244 | 161 95 10 29 6 1 7 58 92 | 292 16 187 19 72 | 43 6432
13| 76 241 | 159 [ 1889 | 337 | 48 40 24 2 4 2 0 2 15 22 75 4 95 19 74 30 3156
14| 43 560 | 753 | 334 | 1592 269 | 48 28 3 39 6 2 2 21 31 105 56 6 22 13 3939
15| 14 | 466 | 246 | 48 | 270 [1234| 40 24 2 105 | 17 5 2 17 26 88 4 47 18 11 2687
16 | 834 [ 262 | 173 | 42 52 43 | 6562 | 1604 [ 747 | 1009 | 181 | 56 | 281 | 702 | 338 | 225 12 229 36 88 32 | 13508
17 | 1366 | 146 | 96 24 29 24 | 1517 | 1842 | 203 | 91 67 21 | 141 11029 | 587 | 391 21 366 36 141 | 28 8167
18| 117 15 10 2 3 2 698 | 200 | 1449 851 | 522 | 84 | 291 [ 228 [ 109 39 2 37 4 14 3 4680
19| 183 22 30 4 39 | 105 | 953 91 | 861 |2033| 337 ( 105 | 139 | 109 | 52 19 1 17 2 7 1 5109
20 ( 81 10 6 2 6 17 172 68 | 530 | 338 | 2131 481 | 591 | 153 | 73 26 1 25 2 9 2 4724
21| 13 2 1 0 2 5 52 20 83 | 102 | 467 | 856 | 179 [ 23 11 4 0 3 0 1 0 1825
22 85 10 7 2 2 2 265 | 141 | 294 | 139 | 588 | 183 | 1336 ( 309 | 149 28 1 27 3 10 2 3584
23| 727 89 58 15 21 17 657 1018 | 228 [ 108 | 151 | 24 | 306 (19701713 | 237 98 221 114 85 17 7873
24 ( 330 | 134 ] 95 22 32 26 324 | 596 | 112 | 53 74 12 | 151 | 1757|4130 | 460 | 340 | 430 413 | 165 | 33 9691
25| 1133 | 459 | 303 | 77 | 109 | 90 218 | 401 | 41 19 27 4 28 | 245 | 464 | 4186 | 84 | 2141 | 794 | 828 | 120 | 11773
26| 68 24 16 4 5 4 11 21 2 1 1 0 1 98 | 333 82 | 1129 217 500 | 134 | 19 2671
27 | 1067 | 297 | 196 | 98 58 49 224 | 377 | 38 18 25 4 28 | 231 | 437 | 2159 | 225 | 5049 | 945 |[2879| 422 | 14829
28 | 107 30 20 20 6 5 36 38 4 2 3 0 3 120 | 424 | 807 | 522 | 953 | 6034 | 587 | 436 | 10155
29 ( 392 | 109 | 72 73 21 18 82 138 | 14 7 9 1 10 85 | 160 [ 796 | 132 | 2747 | 555 |2025| 313 | 7760
30 79 65 43 30 13 11 30 28 3 1 2 0 2 17 32 116 19 404 414 | 314 (1261 2885
A; | 10302 9058 6529| 3164| 3964 2703| 13128| 8269| 4760| 5153| 4707| 1854| 3597| 8014| 9643| 11697( 2710| 14576| 10032 7984| 2935| 144779
RMSE = 1225

161




Table C.28 The predicted flow values obtained for twenty-one-node sized network through testing of the unconstrained gravity model

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 | 30 P;
10 12635 | 1291 | 753 | 825 | 266 | 1793 | 582 | 616 | 1173 | 1076 | 2081 | 1167 | 760 | 691 | 826 | 2015 | 567 | 173 | 458 | 350 | 29 | 30127
11 1363 | 3567 | 411 | 450 | 145 | 979 318 | 336 | 640 587 1136 | 637 | 415 | 377 | 451 | 1100 | 310 | 94 250 | 191 | 16 | 13773
12 812 420 [ 1240 | 268 | 102 | 452 135 | 146 | 233 256 720 287 | 287 | 164 | 196 | 307 93 62 126 90 | 32 | 6428
13 884 457 | 267 | 1308 | 161 | 463 138 | 150 | 203 338 451 253 | 215 | 217 | 101 179 65 50 74 71 | 33 | 6078
14 300 155 107 | 169 | 531 | 582 90 126 80 221 250 140 | 181 | 55 79 117 75 24 49 46 2 3379
15 1895 980 | 443 | 457 | 546 | 13562 | 620 | 922 | 764 | 1080 | 616 345 | 237 | 312 | 286 | 573 | 208 | 160 | 238 | 226 | 106 | 24576
16 597 309 | 128 | 132 | 82 601 623 | 927 | 264 242 304 171 187 | 147 | 68 453 165 | 39 103 79 7 5628
17 653 338 | 144 | 148 | 119 | 926 959 | 1427 | 406 372 468 263 | 112 | 226 | 105 | 697 | 253 | 60 122 | 121 | 10 | 7929
18 1202 621 | 222 | 194 | 73 741 263 | 392 | 2529 | 644 713 343 | 147 | 138 | 121 | 968 | 352 | 227 | 358 | 163 | 15 | 10426
19 1114 576 | 246 | 326 | 203 | 1058 | 244 | 363 | 651 | 4250 | 799 380 | 230 | 103 | 174 | 1085 | 606 | 115 | 602 | 255 | 22 | 13402
20 2142 | 1107 | 687 | 433 | 228 | 599 305 | 454 | 716 794 | 9035 | 1001 | 554 | 593 | 609 | 673 | 245 | 163 | 332 | 173 | 8 | 20851
21 1248 645 | 285 | 252 | 133 | 349 178 | 265 | 359 393 1040 | 2951 | 416 | 486 | 302 | 392 143 | 95 229 | 139 | 5 | 10305
22 829 429 | 291 | 219 | 175 | 428 199 | 116 | 156 242 587 425 13021 | 304 | 186 | 354 168 | 59 120 44 1 8353
23 724 374 | 160 | 212 | 51 309 150 | 223 | 141 104 604 476 | 292 | 1776 | 272 | 347 126 | 44 104 77 | 11 | 6577
24 924 478 | 204 | 105 | 79 302 74 111 133 188 662 315 | 191 | 291 | 2706 | 340 161 56 195 | 156 | 10 | 7681
25 2070 | 1070 | 292 | 172 | 107 | 557 454 | 676 | 970 | 1076 | 672 377 | 334 | 341 | 312 | 16642 | 1270 | 532 | 1259 | 418 | 51 | 29652
26 624 322 95 67 73 216 176 | 263 | 377 643 261 146 | 169 | 132 | 158 | 1358 | 2350 | 176 | 180 | 195 | 20 | 8001
27 206 107 68 56 25 181 45 67 265 133 189 106 64 50 60 618 191 | 1197 | 512 | 329 | 33 | 4502
28 527 272 | 134 | 80 49 258 115 | 132 | 402 668 370 246 | 126 | 115 | 200 | 1408 | 188 | 492 | 4774 | 554 | 64 | 11174
29 466 241 111 88 54 284 102 | 152 | 212 328 224 173 54 98 | 185 | 542 | 236 | 367 | 643 |4525| 71 | 9156
30 34 17 34 35 2 115 7 11 17 24 9 5 2 12 11 57 21 31 64 61 | 43 612
Ay 31249 | 13776 | 6322 | 5996 | 3204 | 24755 | 5777 | 7875 ] 10691 | 13659 | 21191 | 10207 | 7994 | 6628 | 7408 | 30225 | 7793 | 4216 | 10792 | 8263 | 589 | 238610
RMSE = 1611

162




Table C.29 The predicted flow values obtained for twenty-four-node sized network through the simulation of back-propagation neural

networks

7] 8 9 J10] 11 12131415 16 | 17 [ 1819 [ 20212223 [ 24 ] 25 [26] 27 [ 28 [29][30] P
7 (621 [ 508 1 403 | 79 | 279 | 56 1 1 1 165 2 1 1 3 25 2 1 16 391 1 399 26 |452| 4 3438
8 [223]3620] 344 | 54 [ 630 160 2 | 5 | 3 [ 331 14 | 4 [ 290 | 72 (28|32 [ 22 | 461 | 394 | 4 | 513 | 88 |845| 28 | 7906
9 [253]822 (4320 [1449[ 619 262 11 | 3 [ 12 | 768 [ 261 | 13 [ 52 |31 [ 1 |21 [50]320] 75 | 41 |560 | 2 |59 | 2 |10688
10 [ 163 [ 247 [ 1731 [4218] 260 [ 162 48 | 14 | 11 | 810 [ 1032 30 [208 [236] 1 [106]| 108 375 | 330 [ 131 | 199 | 44 [172] 9 | 10645
11279 [ 361 [ 504 [271 [ 9488 [220 222273 (233 278 [ 640 | 1 [ 57 [ 70 | 1 | 21 [221| 74 9 [ 32 9 [436 [521] 4 [14225
12127124 74 | 29 | 212 [3208] 8 [491] 51 | 68 4 9 10792144 10] 9 [2697] 16 | 36 1 4 1 | 4905
1B 2] 2 4 3 | 8 | 7 [2235]167] 1 1 3 (37827225417 2 3 (56 1 1 2 1 | 2840
14| 1 2 1 1 | 401 [ 924|115 [1004] 39 | 46 1 L[ 17 1t J15]32]34] 1 1 1 18 1 1 1 | 2659
15[ 1 2 4 121400 30 1 |64 [1175] 1 2 [ 3435 ]1w]s56] 8 1 2 | 47 1 1 4 | 2 | 1866
16 | 264 | 391 | 823 | 599 | 281 | 231 | 81 34 | 63 [42874| 997 | 737 | 895 [ 381 | 5 | 385 | 614 | 305 151 | 58 67 7 445 1 4 | 50692
17 9 [ 18132 ]622]204 | 7 | 7 | 2] 6 |715]4784|33 15| 14| 1| 14309 742|635 [ 32]358 ] 1 18| 1 | 8769
18 1 1 2 1 1 311913183591 ] 8 [587]635[217] 1|43 4 1 1 | 35 1 1 1 | 13 | 2198
19 3 |33 42 |70 40 [20[34] 2] 7 |755] 18 [280]4713] 78 | 1 [ 19 | 8 | 68 | 15 [ 32| 2 1 | 22 [1038] 7375
20 11 67 26 92 7 65 23 | 24 13 101 16 | 361 | 69 (4599 32 | 576 | 64 94 32 37 3 1 109 | 11 | 6433
21 5 | 6 1 1 1 1120 4 1 1 1 1 1 [267] 3] 1 1 1 1 |46 | 1 1 10 | 28 | 423
22 7 31 12 16 8 49 | 31 36 | 34 | 319 10 119 | 11 [ 264 | 6 [3497| 31 40 20 42 2 1 55 33 | 4674
23] 14 93 [ 119 100116262 [ 17| 8 [ 14 [ 890 | 751 [ 62 [ 194160 2 [ 151 [2851] 129 | 774 [110] 303 | 43 [146 | 3 | 8158
24| 46 [405] 619 [197] 69 [226] 9 | 4 | 8 [ 200 | 605 [ 18 [237 (375 1 [294 ]398 (7594 5 [451| 2 33 [539] 1 [12336
25 [ 530 | 404 | 683 | 442 12 353 57 | 29 | 54 | 387 | 589 3 49 | 54 1 27 | 217 3 8107 | 275 | 251 50 | 541 | 16 (13134
26 1 [ 4] 29 303 [21[48 3544 1 29 |25 [ 32|42 134|026 424 55 [3201] 82 | 577 | 12| 1 | 4793
278721599 647 [232] 52 [2821 94 [ 14a [ 36 [ 176 [ 559 5 [ 63 [ 8a | 1 | 47 [367] 13 | 226 [ 421 [10101] 147 [ 188 | 539 [ 15765
28| 78 [362] 996 [801 ] 56 [ 70 | 27 | 6 | 14 | 28 | 433 | 5 |42 [ 47 | 1 | 28 |791] 133 | 567 | 848 | 671 [18988| 902 | 402 | 26296
29 [ 292 [1196] 31 42 166 4 2 3 8 3 14 6 114 | 100 | 14 | 48 35 94 679 12 | 240 | 613 |4100| 91 | 7907
30 4 | 7 1 1 1 1 1 1 1 1 1 5 [38 222912 1 1 1 1 [ 192 [ 287 [ 32 [ 148 789
A; 13807 (9305115489362 (14563 | 6434|3122 (2237|1847 |49510(10774|2377 (7567 | 7273|203 |5544 (6262 (10901 |13424 (5930 (1401221351 (9180|2381 (228914

RMSE = 1181
163



Table C.30 The predicted flow values obtained for twenty-four-node sized network through testing of the NETDIM network

7 8 9 10 11 12 13 | 14 [ 15 | 16 17 18 (19 | 20 | 21 [ 22 | 23 24 25 26 27 28 29 30 P;

7| 586 | 834 | 637 | 609 | 710 | 402 | 281 | 254 | 255 | 615 | 327 | 176 | 207 | 178 | 134 | 176 | 318 | 478 | 818 | 232 | 1009 | 494 | 578 | 247 | 10554
8| 878 | 1344 | 839 | 773 | 920 | 540 | 298 | 320 | 315 | 730 | 400 | 189 | 227 | 188 | 135 | 187 | 372 | 774 | 1436 | 282 | 1350 | 620 | 823 | 338 | 14278
9| 662 | 842 | 1695 | 1636 | 1109 | 640 | 342 | 273 | 211 | 1512 | 756 | 346 | 503 [ 357 | 183 | 255 | 675 | 582 | 1053 [ 246 | 1101 | 379 [ 505 | 273 | 16137
10| 629 | 779 | 1652 [ 2369 | 992 | 605 | 324 | 261 | 201 | 1497 | 1376 | 354 | 505 | 356 | 183 | 350 [ 1113 | 853 | 1616 | 330 | 1627 | 510 | 720 | 291 | 19492
11| 737 | 934 | 1124 | 998 | 3631 | 1840 | 581 | 844 | 800 | 873 | 499 | 205 248 | 197 | 133 | 197 | 438 | 594 | 1094 | 250 | 893 | 314 | 444 | 301 | 18169
12| 400 | 526 | 622 | 589 | 1733 | 1222 | 352 | 623 [ 408 | 561 | 325 | 173 [ 234 | 169 | 127 | 169 | 303 | 409 | 665 | 199 | 564 | 241 | 298 | 215 | 11128
13| 281 | 297 | 341 | 323 | 573 | 356 |1004 | 410 [ 238 | 307 | 215 | 142 | 154 | 136 | 108 | 137 | 204 | 243 | 358 | 155 | 406 | 239 | 291 | 197 | 7116

14| 254 | 316 | 272 | 261 | 810 | 622 | 406 | 722 | 368 | 319 | 218 | 145 [ 238 | 166 | 136 | 144 | 217 | 262 | 391 | 158 | 321 | 172 | 207 | 170 | 7296

15| 255 | 312 | 211 | 202 | 775 | 412 | 237 | 369 | 767 | 305 | 214 | 142 | 327 | 201 | 151 | 140 [ 211 | 253 | 376 | 154 | 308 | 166 | 203 | 169 | 6858

16| 639 | 749 | 1584 [ 1555 | 892 | 581 | 307 | 320 | 306 | 6472 | 2050 | 1127 [1595| 618 | 296 | 743 [ 1402 | 1066 | 831 | 210 | 864 | 362 | 440 | 258 | 25267
17| 331 | 398 | 753 [ 1355 | 498 | 330 | 215 | 218 | 214 | 1930 | 1362 | 377 | 343 | 306 | 187 | 379 [ 1154 | 1038 | 813 | 217 | 822 | 308 | 397 | 206 | 14151
18| 176 | 189 | 341 | 349 | 207 | 174 | 142 | 145 | 142 | 1044 | 369 | 611 | 704 | 551 | 196 | 400 [ 446 | 398 | 272 | 141 | 274 | 156 | 189 | 143 | 7762

19| 206 | 226 | 502 | 504 | 249 | 235 | 154 | 238 | 328 | 1515 | 342 | 737 [1536| 594 | 262 | 385 [ 403 | 344 | 239 | 126 | 238 | 136 | 173 | 132 | 9802

20( 177 | 188 | 358 [ 358 | 199 | 170 | 136 | 166 | 201 | 608 | 307 | 576 | 598 [1529| 432 | 723 | 460 | 390 | 264 | 133 | 263 | 146 | 185 | 138 | 8702

21( 134 | 136 | 183 | 183 | 134 | 128 | 109 | 136 | 152 | 291 | 186 | 192 | 254 | 387 | 113 [ 264 | 202 | 189 | 152 [ 105 | 151 | 104 | 132 | 112 | 4131

22( 176 | 187 | 256 | 350 | 199 | 170 | 137 | 143 | 140 | 722 | 379 | 410 | 386 | 716 | 280 [1010| 597 | 507 | 262 | 134 | 266 | 147 | 184 | 139 | 7894

23| 314 | 366 | 666 | 1093 | 434 | 302 | 202 | 214 | 209 | 1332 | 1147 | 450 | 398 | 452 | 201 | 591 | 1893 [ 2108 | 695 | 372 | 699 [ 530 | 359 | 196 | 15226
24) 486 | 785 | 586 | 861 | 596 | 415 | 241 | 260 | 251 | 1047 | 1062 | 404 | 343 | 388 | 187 | 510 | 2193 | 4241 | 1156 | 776 | 1154 | 1182 | 554 | 251 | 19930
25| 864 | 1491 | 1077 | 1653 | 1105 | 691 [ 360 | 396 | 379 | 821 | 831 | 273 | 238 | 263 | 151 | 261 | 714 | 1161 [ 4005 | 394 | 2821 | 1664 | 1241 | 382 | 23234
26( 231 | 280 | 246 | 330 | 251 | 200 | 154 | 157 | 154 | 211 | 217 | 140 | 127 | 133 | 105 | 134 | 376 | 761 | 391 [ 996 | 626 | 1010 | 383 | 191 | 7803

27] 1079 | 1407 | 1134 | 1676 | 906 | 582 [ 410 | 322 | 309 | 858 | 843 | 274 | 237 | 262 | 149 | 265 | 719 | 1166 | 2848 | 639 | 4876 | 1911 | 2687 | 713 | 26273
28] 502 | 626 | 379 | 512 | 315 | 240 [ 236 | 169 | 163 | 359 | 306 | 154 | 135 | 144 | 103 | 145 | 540 | 1191 [ 1673 |1042| 1909 | 5964 | 1134 | 770 | 18712
29( 578 | 799 | 493 | 699 | 437 | 297 | 287 | 204 | 201 | 429 | 389 | 187 | 173 | 183 | 131 | 183 | 358 | 540 | 1174 | 376 | 2474 | 1077 | 1429 | 399 | 13497
30( 243 | 327 | 270 | 289 | 300 | 217 | 196 | 171 | 169 | 259 | 206 | 144 | 132 | 138 | 112 [ 139 | 199 | 253 | 373 [ 191 | 669 | 726 | 395 | 363 | 6481

A; (1081614336 1621919527 (17976 |11370| 7111 | 7339 | 688024615 | 14328 | 7928 (9841 (8611 (4197 [ 7886 | 15508 | 19801 | 22958 | 7859 (25687 | 18557 13951 | 6595 | 319895
RMSE = 1004

164




Table C.31 The predicted flow values obtained for twenty-four-node sized network through testing of the modular network

7 8 9 10 11 12 | 13 | 14 | 15 16 17 | 18 | 19 | 20 | 21 | 22 | 23 24 25 26 27 28 29 30 P;

7 |1830( 1771 | 704 | 468 | 457 297 | 110 [ 97 | 78 | 203 [ 127 | 10 | 16 6 1 7 75 | 149 | 578 | 33 | 772 | 125 | 643 | 163 | 8719

8 [ 1788|2493 | 740 | 492 | 528 (343 | 71 (112 | 90 | 213 [ 134 | 11 17 7 1 7 79 | 321 | 1240 [ 45 | 950 | 154 [ 791 | 199 | 10823
9 | 712 | 741 | 2603 | 1963 | 666 | 415 | 91 | 49 | 14 | 853 [ 535 | 121 [ 190 | 75 11 | 28 [ 305 | 145 | 559 | 22 | 540 40 204 | 68 | 10951
10| 474 | 494 | 1970 | 3317 | 444 | 288 | 60 [ 33 9 716 (1501 99 | 156 | 62 9 67 [ 740 [ 290 | 1121 [ 53 | 1006 | 74 381 | 65 | 13431
11| 467 | 535 | 674 | 447 | 4452 (2148 | 217 | 571 | 457 | 194 [ 122 | 10 | 14 6 1 6 69 | 104 | 403 | 16 | 238 17 90 52 | 11310
12 295 | 338 | 408 | 283 [ 2090 (2368 137 | 801 | 224 | 122 | 77 6 20 4 1 4 44 72 255 | 10 | 150 11 57 33 | 7810

13| 110 | 71 90 60 213 | 138 |2236( 329 | 37 26 16 1 2 1 0 1 10 14 56 2 70 11 59 22 | 3575

14| 97 | 111 49 32 557 [ 805 | 327 | 1908 | 257 | 32 20 2 29 4 1 1 14 22 83 3 40 3 15 9 4421

15| 78 89 14 9 447 | 226 | 37 | 257 (1391 26 16 1 86 | 11 3 1 11 17 67 2 32 2 12 7 2842

16 217 | 226 | 902 | 755 | 203 | 132 | 28 | 35 | 28 | 6830 |1589| 690 | 937 | 136 [ 39 [ 226 [ 622 [ 268 | 167 7 164 20 62 21 | 14302
17| 128 | 133 | 534 | 1493 | 120 [ 78 | 16 | 21 16 [ 1500 (2109 182 | 72 | 51 15 | 119 [1085| 566 | 352 | 14 | 315 23 119 | 20 | 9082

18| 10 10 119 98 9 6 1 2 1 643 | 180 |1688| 902 | 517 | 72 [ 274 | 205 | 88 27 1 25 2 9 2 | 4890

19| 16 17 190 | 155 14 21 2 29 | 86 | 884 [ 72 | 912 (2319|307 | 89 | 116 | 87 37 12 0 10 1 4 1 5379

201 6 7 76 62 6 4 1 4 11 | 128 | 51 | 525 | 308 (2403 | 484 [ 581 | 126 | 54 17 1 15 1 6 1 4877

21| 1 1 11 9 1 0 0 1 3 36 14 | 71 | 86 | 470 | 990 [ 163 | 16 7 2 0 2 0 1 0 1885

22| 7 7 28 67 6 4 1 1 1 213 | 119 | 277 | 116 | 578 | 167 [1477] 283 | 122 18 1 17 1 6 1 3516

23| 75 78 302 | 731 68 44 | 10 | 14 | 11 | 583 (1077|206 | 86 | 125 | 17 | 281 |2229| 1865 | 199 | 79 | 178 84 67 12 | 8420

24| 154 | 328 | 148 | 295 | 105 | 74 | 15 | 22 | 18 | 259 | 578 | 91 | 38 | 55 7 | 125 11920] 4893 | 410 | 312 | 367 | 344 | 139 | 24 |10722
25| 598 | 1270 | 572 | 1144 | 408 [ 265 | 58 [ 8 [ 69 | 161 [ 361 | 28 | 12 | 17 2 19 [ 205 | 411 [ 4729 [ 64 [2159 | 696 | 820 | 98 | 14252
26| 33 45 22 53 16 10 2 3 2 6 14 1 0 1 0 1 79 | 304 62 (1249 178 | 444 | 114 | 14 | 2655

27| 807 | 984 | 558 [ 1037 | 243 | 158 | 73 | 42 [ 33 [ 161 [ 327 | 26 | 11 16 2 18 | 186 | 372 [ 2183 | 185 [ 5479 | 820 [ 3215 | 386 | 17321
28| 132 | 160 41 71 18 12 | 12 3 2 20 24 2 1 1 0 1 88 | 351 [ 707 | 464 | 824 [ 6407 [ 528 | 391 | 10265
29| 639 | 778 | 201 | 373 87 57 | 58 | 15 12 58 | 117 9 4 6 1 6 67 | 134 [ 788 [ 113 [ 3055 [ 499 | 2393 | 305 | 9774

30| 162 | 195 67 64 50 33 | 22 9 7 19 20 2 1 1 0 1 11 23 94 13 | 366 | 370 [ 305 |1495| 3330

A; | 8835( 10879 11023| 13482| 11208 7924| 3585( 4443| 2859( 13885( 9202| 4971 5423| 4857( 1912 3528| 8557( 10629| 14127| 2690( 16954| 10151| 10042| 3386194550
RMSE = 1048

165




Table C.32 The predicted flow values obtained for twenty-four-node sized network through testing of the unconstrained gravity model

7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 Pi

11921 | 1722 | 980 | 713 | 352 | 1803 | 566 | 430 | 1141 | 1284 | 2905 | 1555 | 869 | 863 | 760 | 1238 | 743 | 166 367 302 | 35 242 601 668 | 32226

1802 | 3025 | 505 | 368 | 181 929 | 291 | 222 588 662 1497 | 801 | 448 | 445 | 392 | 638 | 383 85 189 155 | 18 124 310 344 | 14402

1053 | 519 | 1005 | 213 | 106 | 543 | 170 | 179 188 290 579 310 | 185 | 195 [ 317 | 204 | 106 | 46 102 82 30 104 108 120 6754
10 | 777 383 | 216 | 1232 | 153 605 | 190 | 200 289 196 350 265 | 285 | 132 | 167 | 193 70 47 48 97 33 62 154 84 6228
11| 391 192 109 | 155 | 519 | 529 67 79 63 128 317 170 | 113 67 71 126 54 14 32 32 2 41 49 55 3381
12 | 1926 | 949 | 540 | 593 | 509 | 13728 | 622 | 874 979 648 756 285 | 166 | 259 | 421 | 637 | 232 | 154 160 163 | 109 | 206 509 276 | 25701
13 ] 599 295 168 | 184 64 616 | 752 | 1057 | 298 180 269 144 | 133 | 101 | 129 | 320 | 117 43 95 78 9 99 155 221 6126
14 | 474 233 184 | 202 79 900 | 1099 | 1544 | 435 262 393 211 | 152 | 148 | 188 | 467 | 170 37 139 114 | 13 144 160 533 8281
15| 1187 | 585 182 | 276 59 953 | 292 | 411 | 3059 | 1001 | 538 288 | 207 | 111 | 196 | 761 | 277 | 144 526 155 | 20 104 673 345 | 12350
16 | 1336 | 658 | 281 | 187 | 120 | 631 177 | 248 | 1002 | 3811 851 456 | 163 | 105 | 203 | 1204 | 863 | 125 356 173 | 13 219 979 814 | 14975
17 | 2919 | 1438 | 542 | 322 | 287 | 711 | 256 | 359 520 822 | 8267 | 1298 | 709 | 390 | 635 | 805 | 293 | 128 180 107 | 37 135 299 392 | 21851
18 | 1627 | 802 | 302 | 255 | 160 | 279 | 142 | 200 290 458 1352 | 2467 | 240 | 398 | 501 | 316 | 164 71 171 127 | 21 75 167 218 | 10803
19 | 945 466 187 | 284 | 111 270 | 137 | 150 217 170 767 249 |3100 | 249 | 158 | 391 143 78 88 26 1 32 226 159 8604
20 [ 917 452 193 | 128 64 257 | 102 | 143 113 107 412 404 | 243 | 1759 | 427 | 291 52 30 114 51 14 145 182 202 6802
21 | 829 408 | 322 | 167 76 430 | 132 | 186 206 212 689 522 | 158 | 438 [ 1401 | 486 | 177 97 318 126 | 10 40 178 197 7805
22 | 1335 | 658 | 205 | 191 123 643 | 326 | 458 790 1249 | 864 325 | 388 | 296 | 481 | 17753 | 1257 | 421 932 381 | 24 879 1650 | 846 | 32475
23 | 828 408 | 110 | 72 54 242 | 123 | 172 297 924 325 174 | 146 | 54 181 | 1298 |2433 | 219 161 143 | 19 331 802 486 | 10002
24 | 204 100 53 53 16 178 50 41 170 148 157 84 89 34 110 | 480 | 242 | 1028 | 439 393 | 22 381 414 217 5103
25 | 448 220 | 116 | 54 35 182 | 109 | 154 616 417 218 199 98 130 | 356 | 1053 | 177 | 435 | 4996 | 661 | 47 | 496 430 178 | 11825
26 | 407 201 104 | 120 39 206 99 140 202 225 143 164 32 64 156 | 477 | 174 | 431 733 | 4366 | 103 | 1073 | 543 280 | 10482
27| 39 19 31 34 2 113 10 13 22 14 41 22 2 15 10 25 19 20 43 85 15 80 32 33 739
28 | 301 148 121 71 46 240 | 116 | 163 125 262 167 89 37 170 | 46 | 1014 | 369 | 386 506 | 989 | 90 | 1886 | 1067 | 547 8956
29 | 674 332 112 | 158 50 534 | 164 | 162 724 1054 | 333 178 | 232 | 192 | 183 | 1713 | 807 | 377 395 450 | 32 960 | 2102 | 1533 | 13451
30 | 784 386 131 90 58 304 | 245 | 569 389 919 458 245 | 171 | 223 | 212 | 921 | 512 | 208 171 243 | 35 516 1607 | 9256 | 18653
Aj [ 33723 | 14599 | 6699 | 6122 | 3263 | 25826 | 6237 | 8154 | 12723 | 15443 | 22648 | 10905 | 8366 | 6838 | 7707 | 32811 | 9834 | 4790 | 11261 | 9499 | 752 | 8374 | 13397 | 18004 | 297975

RMSE = 1672
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