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Abstract

This paper ams to compare the descriptive and predictive power of two classes of
datisticd estimation modds for multimodd network flows, viz. the logit mode
and the neurd network modd. The application concerns a large data set on
inter-regiond European freight flows for two commodity categories (food and
chemicads). After an expodtion of policy issues methodologicd and moddling
questions and the database, a variety of experiments is carried out. The results
show tha in generd the predictive potentid of neurd network modds is higher
then that of logit andyss The datistical results are dso usad to invedigate the
implications of various road tax sysems (eg., ecotaxes) on various segments of
the European road network




1. Changes in the European Freight Transport Scene

1.1 Introduction

After the completion of the European maket and with the widening of Europe towards

esgterly direction, mobility in general has shown a steady incresse in Europe. In particular,

cross-border transport has been a a risng edge with annua growth rates exceeding
sometimes 10 percent, a process reinforced by the current globdisation trends. The
integration of former segmented markets - and the related liberdisation in the European space

- has led to drastic changes in goods and passenger transport. It is expected that the demand

for dl forms of trangport in the EU will continue to rise up to the year 2010, so that a further

increase in goods transport of some 70 percent seems to be likely. This trend is explained by a

number of factors (see ECMT, 1995 and Banigter, et al., 1993):

- an upturn in economic and indudtrid activity;

- enlagement of the EU and co-operation with the European Free Trade Association
(EFTA); more trangt flows from the South of the EU and the developments in Eastern
Europe will lead to more trade, both intra-European and internationd;

- incressed globdisgtion and intemaiondisation of economic activity.

Europe will hence face a series of trangportation problems, which may hamper its competitive
postion. This cdls for a Europe-wide policy. Co-ordination at the European level regarding
the transport sector is necessary in order to cope with this growth, viz. a common transport
policy (CTP). One of the dements of the CTP is the development of Trans-European
Networks (TENSs), which will contribute to a more efficiently running transport sysem (eg.,
removing bottlenecks) and will induce more cohesion in the EU; goods people and
information will then travd more fredy.

As a reault, there is an increedng interest in the issue of intermodd competition and
complementarity. For surface transport in Europe, especialy the competitive position of rail
visavis road is a dake. This holds increasingly aso for commodity transport, It needs to be
added however, that the andyds of freight transport in Europe is fraught with many
difficulties, as freight is not a homogeneous commodity, but is composed of an extremdy
diversfied st of goods with specific haulage requirements and logidic needs. This means
that a commodity-specific gpproach is necessary to andlyse in depth the implications of
changes in network configurations. To offer a background scene, we will firg concisely
describe the rail and road network in Europe.

1.2 Rail Network

Initidly, European ral policy has emphassed the need for an efficient management of
ralway undertakings based on norma business principles (see Kiriazidis, 1994). But in 1991,
the EU recognised the criticd role of ral transport in stisfying the EU’s transport needs. The
following objectives were dated:

- introduce commercid principles in the rallway sector;

- dlow free access to nationd rallway networks,

- diminae the large capitd debts of railways undertakings,

- enable competition in trangport services across nationd borders.

To achieve these objectives, the EU implemented a plan to separate the rail management from
the provison of services. Although free access and compstition in the rallway sector can
generae condderdble efficiency gains, a disadvantage may be that some less profitable
services may be discontinued.




In the area of passenger transport, a high-speed European rail network is consdered as a
proper infrastructure provison that meets risng transportation demand and environmenta
sudanability conditions. The order of magnitude of distances and population digribution in
the European area is beieved to offer an ided condition for the development of this high-
poeed ral network. European rallway policy is largdy based on upgrading the exiding rall
network, where missing links between the nationa rail networks are connected and where the
exiging ral is upgraded to the conditions for high-speed ral (for example, the Channd
Tunnd ral link connects the rallways of Great Britan and the rest of Europe). A magor
difficulty in the devdopment of the high-gpeed ral network is the interoperability, in
paticular the technicd harmonisation. There have been nationd high-speed rall projects
developed with different engineering standards, for example, the high-speed rall sysem of
Germany (ICE) is dso suitable for heavy goods transport, while the French high-speed rall
(TGV) is developed for ‘light’ passenger transport. But dso in cases where dedicated high-
speed lines are developed, there is a gain for the freight sector, as the existing lines offer then
more free capacity for goods transported by ralil.

1.3 Road Network
Until 1983, the EU members protected their nationa transport sector and - as a result - the
progress towards a common transport policy was dow. But dowly, severa deps towards
liberdisation and deregulation in the transport sector have been taken. Before 1993, intraEU
trangportation was controlled by bilateral quotas and cabotage was only scarcely permitted. In
1993 dl quotas were abolished, but cabotage was ill limited. These limitations according to
plan will be removed in 1998. As mentioned before, the demand for transport services has
increased sharply and a magor part of this growth may be found in road transport. In order to
meet this increasing demand, a plan for a Trans-European road network has been developed.
The plan for the Trans-European road network incorporates existing national networks and
provides for the development of new networks where their absence causes isolation or
prevents the development of pat of the EU teritory. The following actions have been
recognised by the EU Commission:
- the condruction of missing sretches of roads and the improvement of the existing ones so
that they are fully accessble and coherent across the EU;
. the improvement of the interoperability of the network (harmonisation of technica aspects
like road 9gns and sgnds) in order to ensure its tota efficiency a the EU levd.

One of the objectives of this TEN is to offer border / periphera regions (and countries) the
necessary infrastructure conditions to grow due to a better connection with the rest of Europe.
This leads to greater socid cohesion, which will contribute to an efficent and competitive
economic area. But the bulk of transport flows goes through the main / centrd regions and if
insufficient investment is made in the core regions, these areas will become bottlenecks (eg.,
congestion and environmenta pollution). The EU is faced with the problem to find the right
balance between these two drategies.

A number of countries (i.e, Switzerland, Audria, etc) provide the main transport corridors for
the EU. They are facing reatively high transport costs, maintenance costs and externd cost
such as ar pollution and therefore they are in the mean time discouraging road transport and
promoting rail transport.

1.4 Concluding Remarks

The EU acknowledges the need for a TEN and is planning to condruct this by connecting the
exiging nationa trangport networks. This TEN should improve the accesshility of European
regions, while paying atention to environmentd redrictions The issue of centrd and




peripheral areas is dso important: invesments are mainly undertaken in the centrd aress,
because they contribute to the economic growth more than invesments made in periphera
aress. On the other hand, socid cohesion is necessary for economic growth and investment is
needed to connect the peripherd aress. Clearly, the TENs face interoperability problems
technicd, socid and fiscal harmonisation of the differences between EU member States.

A posshle way of monitoring the emerging EU flow petterns is the use of forecast /
sengtivity scenarios based on specific trangport models. The paper explores this research
direction by offering a comparative empiricad study of the peformance of two classes of
modes (viz. logit models and neurd neurd network modes) in the light of their applicability
in the European freight trangport sector.

The paper is then organised as follows. Section 2 illustrates the andytical approaches adopted
for the empirical anadlyss, while Section 3 describes the European database on freight flows.
Section 4 and 5 describe the results emerging from the calibration / training process for the
logit and neurd network modd, respectively. Section 6 offers a comparison of these results,
by implementing aso a sendtivity andyss based on different tax policy scenarios. Findly,
Section 7 will conclude the paper with some methodologica reflections.

2. Analytical Approaches to Transport Networks

In this section we will briefly describe two mgor promising andytica approaches to trangport
networks, viz. logit analyss and neurd networks analyss. They will be gpplied to our specific
case study of the European freight transport sector.

2.1 Logit Models

The early transportation gpplications of discrete choice modds were made for the binary
choice of travel mode (where the options are restricted to two choices) and were manly

focused on the estimation of a vaue for travel time, which was then used in order to caculate
the monetary vaue of travel time savings. In the 1970s research focused on the mode choice

with multiple options and other travel related choices such as trip dedtination. At present, the
logit mode has become a widdy adopted approach for modd split andyss of multiple
choices. Recent experiments using logit models and related spatiad interaction models in order
to map out the freight transport in Europe have been caried out by Tavasszy (1996), who

showed the suitability of logit models also for the goods transport sector (where data are often

more ‘fuzzy’ and incomplete compared to the passenger sector).

Logit models are discrete choice models, which are used for modelling a choice from a set of
mutualy exclusve and exhaudive dternatives. It is assumed that the decison-maker chooses
the dtenative with the highest utility among the st of dtenatives The utility of an
dternative is determined by a utility function, which congsts of independent attributes of the
dternative concerned and the relevant parameters. In a logit approach the concept of random
uti:: is adopted, which means tha the true utilities of the dternatives are considered to be
ranc om vaiables, i.e,

Un= f(X,,)+&n (1)
where:

U = the utility of dternative i for individud n;
S(X,,) = afunction of atributes s rdlated to dternaive i;
& = arandom disturbance term.




By maximisng then the dochedtic utility (1), the probability that an dternative is chosen is
defined as the probability that it has the highest utility among dl rdevant dternatives (see eg.
Ben-Akiva and Lerman, 1985, Cramer, 1991 and McFadden, 1977). Then the following
assumption is made concerning the random term:

1
F(e,,)=l+e_”£" U>0, —o<g, <o, V)
_ e ™ e
f(&',,)—- (1+e—m:,)2 (3)

For the sake of convenience, usudly the assumption is made that # = 1. The logit model has
become in the mean time a standard andytica tool in discrete choice moddling. The logit
modd adopted for our empirica analyss has the following form:

n - _PUS) )
T Y expUy)
where:
U;_" — Z ﬂzX:U z=1..n (5)

m = the mode of transport (m = rail or truck);
P = the probability of choosing the mode 7 from region i to region j (i # j);
U" = the utility connected with the mode m on the link (ij);

y

Xr, = the vector of dtributes z for mode m in the utility function for the link (ij) (in
our case the attributes are ‘cost’” and ‘time / ‘distance’);
B. = the vector of parameters related to the vector of attributes time and cost.
The logit mode can at present easly be estimated by means of standard statistical software.

2.2 Neural Networks

2.2.1 A brief historical introduction

The functioning of the human bran and nervous sysem, which is cgpable of performing
complex tasks (recognise a face, for instance), has inspired scientigts in developing a model of
computation known as pardld disributed processing, or atificia neura networks (ANN’). In
recent years NNs have become a popular andysis tool and have been widdy applied to the
area of trangport engineering, particularly in relaion to traffic control problems and accidents
(see Himanen et al., 1998). However, only a few experiments exist in the fidd of transport
economics (see Nijkamp et al., 1996 and Schintler and Olurotimi, 1998).

In 1943, McCulloch and Pitts proposed the first mathematicd mode of a neurd network’ and
proved that, theoreticdly, any logicd function could be represented with this connectionist

' ANN will be further referred to as NN.
% This neural network mode! consisted of neurons that can only have two values (i.e. binary) and did not have the
ability to learn




goproach. They dso introduced the concepts of threshold functions and weighted sums, which
are commonly adopted in NNs. About six years later, Hebb (1949) presented a mathematical
procedure for machine learning, the Hebbian learning; neurd pathways are srengthened each
time they are used. In 1962, Rosenblatt successfully developed a perceptron network modd; it
computes a weighted sum of the inputs, then subtracts a threshold vaue from that and

provides an output value. This mechanicad modd is capable of recognising the letters of the
English dphabet. Since the perceptron modds have a rather smple sructure, the learning
procedure used to tran these modds is smplified. Following this, much research on
perceptron models has been done. Different types of NN were aso sudied, for example the

multi-layer machine MADALINE, which diminaes the echoes on phone lines. In 1969,
Minsky and Papert marked a turning point in the devedopment and the study of NNs, when
they showed in their book that the perceptron network could not solve problems that were
non-linear separable. Severd researchers became disappointed and most of them left the fidd.

However, research on the multi-layer perceptron and error back-propagation dgorithm in the
1980's continued, which let to a renewed interest in NN. Cybenko (1988) showed that any
continuous function could be represented by a multi-layer NN with one hidden layer and even
any function with just two hidden layers. A further extenson was the principle of competitive
learning (see Kohonen, 1989), which is adopted in sdf-organisation and associative memory
models. These models are able to learn by itsalf without the need of corrections of an externd
teacher. The next subsection will describe such NN gpproaches in more detail.

2.2.2 Characteristics of a neural network

The knowledge and indgghts in the working of the human nervous sysem and the human brain
have ingpired theories of neurd network modeling. An NN is a network of neuron cels that

are connected with each other with axons and dendrites. The neuron cedls send dectrical
ggnds through these connections Andogoudy, in ,a NN dructure atifica neurons
(computationd ements) are connected with each other through a pre-determined pattern of
connections. Instead of dectricd sgnds a vaue (activation value) is sent through these
connections. Each connection has a numeric weight associated with it. Weights are the
primary means of long term dtorage in NNs and learning usudly takes place by updeting the
weights. Some of the units are connected to the externad environment, and can be designated
as input or output units. The weights are modified so as to bring the network’s input / output

behaviour more into line with that of the environment providing the inputs. The structure of a
generic NN can be divided in three levels (see eg. Reggiani et al., 1997):

= micro dructure: the activation / behaviour of a sngle neuron;

- meso Sructure the physica organisation of the neurons,

- macro gructure: the union of different meso structures to solve complicated problems.

The way the neurons are connected mainly determines the way it will behave and how it
needs to be trained. A widdly used type of NN is the feed-forward NN. In a feed-forward NN
each neuron is only connected to neurons in the next layer and there are no connections
between neurons from the same layer. If each neuron is connected with every neuron from the
next layer, it is cdled fully connected. These networks are relaively well understood and easy
to tran, snce dl computations are in one direction; from the input to the output layer and
there are no back-cycles or time lags. They will aso be used in our experiments illustrated in
Sections 5 and 6.

2.2.3 Training a neural network
During the learning process of the NN modd, the network will adjust its weights every time it
receives an input in order to learn and produce the right output. The weights contain the




‘knowledge, but they are not as easly understood as in the case of norma (linear) regresson
models. There are two learning methodologies: if the NN is presented both the input and the
desired output during its training process, it is called supervised learning’. In the case of
unsupervised learning, the NN has to decide on its own what the desired output should be and
when to stop the training procedure, since only inputs are provided. Relaed to this learning
rule, is the overfitting problem, which will be discussed later on (see eg. Fischer, 1998).

The mgority of the NN modes gpplied in empirical studies uses the supervised learning,
where the actua output of the NN is compared to the desired output. At the beginning of the
learning process, the weights are st randomly. The objective is to minimise the error of dl
processng eements by adjusting the weights. At each iteration, the modd adjudts its weights
in order to have the actua output closer to the desired output. When an acceptable network
accurecy is reached, the modd will stop the learning process.

With supervised learning = like in our sudy - , the NN is presented with input data and the
corresponding output data during the training process. This data set is often cdled the traning
set. This training process can take much time depending on the processing power, the amount
of data and the predefmed performance leve, a which the training process will stop. When no
further learning is required, the weights are fixed for testing and the trained NN modd can be
applied to new data. Some NNs are dlowed to adjust its weights when it is operating, so that
it will adapt to changing conditions.

The NN needs to be tested after training to see how well it can handle data, which it has not
yet seen. A test et is used for this purpose. If its performance is not reasonable, then it has not
been trained well. But it is dso possble that it has learned to map the training st exactly,
including incorrect information /noise, ingtead of the generd pattern. Then the NN modd has
to be trained dl over again.

This learning methodology is limited to sdf-organisng networks (recurrent NNs). These
NNs use no externd influences to adjugt their weights. Instead they interndly monitor their
performance. These networks look for regularities in the input sgnals and make adjustments
to its activation pattern. Depending on the gructure of the NN and on the learning rules, it
knows how and when to adjust. An unsupervised learning agorithm might be that, when a
neuron is activated by an externd input, the whole cluser of neurons to which it belongs
would have an increased activity leve. Also competition between processng eements could
foom a bads for learning. When competition for learning is in effect, only the weights
beonging to the winning processng dements will be updated. At present unsupervised
learning is not yet well understood and il the subject of research.

Many learning laws are commonly used in NN models and most of them are some sort of
vaidion of the Hebb's Rule The firgd and undoubtedly best known learning rule was
introduced by Hebb. His basic rule is that if a neuron receives input from another neuron and
if both have the same dgn, the weight of this connection should be increased. There is Hill a
lot of ressarch going on in learning laws and regulaly new idess show up, as our
understanding of neural processng grows.

In particular with the back-propagation learning, it is possble that the NN is learning ‘too
much’. In this case the NN sores the exact pattern between the inputs and the outputs it
receives during the training phase and will perfectly reproduce the desired output, given the
known input. But it will perfform badly, when it receives new, unknown inputs, because it is
not able to generdise from its ‘knowledge. This is cdled the over-fitting problem and one
method in order to avoid this problem is the cross-vdidation technique. During the training of
the NN, a different data set, the cross-vdidation s, is used to monitor its performance with

* There is also a third type of learning methodologies, viz. reinforced learning, where reinforcement is provided
instead of the desired output. This can also be seen as supervised learning with less informative feedback.




unknown inputsoutputs. When the average square error of the NN related to the cross-
vaidation set becomes worse, the training should be stopped at this point.

The gpplication of an NN modd may be considered as a process conssting of nine steps
(Turban, 1995). These steps are concisaly presented in Table 1.

%)
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Collect data

Separate data in a training and test-set

Define the dructure of the NN

Sdect a learning adgorithm

Determine the parameters and provide a start vaue to the weights
Trandorm data into fitting input

Sart learning (changing the vaues of the weights)

Stop learning and test

Implementation (application to new data)

Table 1. The neural network modelling process
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2.3 Concluding Remarks

Although the NN approach has been mainly applied in operatiiond sysems for pattern
recognition, i.e. optica character recognition, Speech recognition, etc, it is becoming an
interesting modelling gpproach to other fidds of research, for ingtance, in economics. The
avalability of powerful processng sysems and easy-to-use Software make it widdy
applicable. The advantage of NN over traditiona modelling gpproaches is that it is not limited
by methodologica redrictions, eg. the Independence of Irrdevant Alternatives (11A)
property. This means tha an NN modd can handle better complex problems than the
traditiond models. Data, especidly transportation data, often contan noise / incorrect
information, which can confuse the traditiond modeling approaches and prevent them from
correct cdibration. However, an NN can easly ded with this kind of data ‘corruption’, since
it can recognise the whole patterns from just a part. During learning, an NN is capable of
correcting the noise by adjusting the weights, so tha the totad error term is minimised.

A mgor disadvantage of the NN models is that they are generaly a ‘black box’. When an NN
Is trained and performs reasonably, it is not clear if or how a certain variable is correlated with
the output varigble. Knowledge that an NN has learned during the training process is not
gored in some specific region of the system, where it may be rerieved. Ingtead, this
knowledge is somehow represented in the weights of the connections. Because an NN is a
pardle didributed processng sysem, the vadue of the weights is not an indicator for a
possble corrdation. Schintler and Olurotimi (1998) showed that there may be some
connection between feedforward, backpropagation NNs and logit modes. In their work, they
demondtrated that a multi-layered feedforward NN can be considered as a binary logit model
with non-linearity in the parameters of the utility function. These parameters can be adapted
to the data, resulting in an ‘adaptive’ logit modd. By implementing a conceptud layer, where
inputs are presented to the NN as weights, adaptive dadticities of demand can be caculated
from the trained NN. This research indicates that NNs are perhaps not complete ‘black
boxes . Clearly, further research in this direction is needed to make the gpplication of NNs in
socid sciences more fruitful.




3. European Freight Flow Data

In Section 4 and 5, two dternative moddling approaches will be employed in order to anayse
the freight flow patterns between 108 regions in Europe. Two modes of transport, i.e. road
and ral mode, are conddered to peform a moda split andysis. Later in Section 6, a
sengtivity andysis based on policy scenarios will be presented.
In order to carry out the mentioned modd split andyss on a European leve, freight flow data
on a European level are needed for, which are mostly not available or not suitable. Mogt of the
times, national sources are incompatible in sructure, content and period concerned, and the
information is seldom up-to-date (COST 328, 1998). The data set used for the experiments
has been drawn from exising data on the nationd leve and some limited European data usng
agravity modd (NEA, 1994).
The data set* contains the freight flows and the attributes related to each link between 108
European regions. Furthermore, the flow digtribution in the matrices concerned refers to two
product groups, i.e. food referred to as data set A (for the year 1986) and chemica products
referred to as data set B (for the year 1990). The attributes considered are ‘time ' and ‘cost ’
(for data st A) and ‘cost’ and ‘distance’ (for data set B) between each link (ij) with reference
to the transport mode, viz. the road and rall mode. In particular, each observation of the data
st pertains to variables related to each link (ij). Since 108 areas have been considered, each
of the two data sets should idedly contain 11664 observations. However, data set A contains
findly 4409 obsarvations and data st B 2500 observations, because of the following
consderations:
- the intra-area freight flows are zero;
- for each link, only the transport movements towards one direction i — j have been
consdered,
- only the links where the flows and the attributes (of both road and rail) are different from
zero have been conddered (i.e, empty cells are excluded).

In order to test the models, each data set has been divided into two sub-sets. The first sub-set,
the cdibration set, has been used to calibrate the logit models and to train the NN models. The
second sub-set, the test set, has been kept apart for the purpose of testing the modes. The
traning of the NN mode required a further separation of the calibration set into a training st
and a crossvaidation set. This crossvalidation set has been used during the learning phase of
the adopted NN modd in order to overcome the over-learning. More precisdly, the data sets
have been randomly subdivided into the three sub-sets indicated in Table 2.

Data set A | Data set B
Calibration set 3439 1731
Training set 2992 1481
Cross-validation s&t 447 250
Tesd 970 769
Total 4409 2500

Table 2. The numbers of observations in each sub-set

It is evident, that relidble observation of dl data is fraught with many problems, owing to un-
religble trangport flow edimations due to different and deficient national data collection

4 The data set has been kindly provided by NEA Transport Research and Training, Rijswijk.




techniques, ambiguous regiond definitions etc. By no means the data used in the experiments
may dam pefect rdiability.

4. The Logit Model Experiments

As mentioned before, firgt the binary logit mode has been adopted to analyse the moda split
problem between road and ral in relaion to the interregiond freight flows of food and
chemicd products between 108 regions in Europe.

4.1 Calibrating the Binary Logit Model
The binary logit modd used for the expeiments has the following formulation:

exp(%t)
B P +exp® ®)
exp(qj )+exp(uy)
where:
Uij’ =ﬂl'X;,ij+ﬁ2'Xc2,ij &)
U; :ﬂ3'X|t,y+.B4'X;,y‘ (10)
P, = the probability of using the road mode from region i to region j (i # j),
U; = the utility connected with the road mode (),
U, = the utility related to the rail mode (t),
X', = theatribute ‘cost’ for mode m in the utility function for the link (ij),
X ';J = the attribute ‘time’ (data st A) / ‘distance’ (data set B) for mode m in

the utility function for the link (ij),

B,.f2 = the parameters related to the attributes ‘cost’ and ‘time’ / ‘distance,
respectively, for the road mode,

B3,B+ = the parameters related to the attributes ‘cost’ and ‘time’ / ‘distance,
respectively, for the rail mode,

The logxt models have been utilised in order to edimate the unknown parameters in the utility
function® using the cdibration set only. The edimated parameters resulting from the
cdibration stage are presented in Table 3.

The goodness-of-fit of the mode has been evauated using the t-test and the R? indicator (see
Table 3). The t-test vaues indicate that the parameters 8, ,f5: and gs (for the food freight

flows) and Bs (for the chemicd freight flows) are sgnificantly different from zero. Cleerly,

ral time (for the food sector) does not offer a sgnificant explanation. In our approach, the R’

test datidtic is caculated using the cdibration set and presented in Table 3 in order to evduate
the cdibration. According to the R* indicator, both logit models appear to be calibrated rather
well, dthough the reaults of the logit model for case B are less accurate.

° The statistical software, LIMDEP, has been used to estimate the binary logit model.




| Variables Coefficient| std error| t-ratio
ogit model A [Road cost (B1) -0.02424| 0.4481E-02 -5.410
Road time (B2) -0.00126| 0.4539E-03 -2.769
Rail cost (B3) 0.05781] 0.3069E-02]  18.836
Rail time (B4) 0.00046| 0.4395E-03 1.0451
Log likelihood value -1148.9
R’ 0.745
eitomadedB |c 0 s t (D) 0.3074E-02| 3,763E-05 -0.214
Ral cost (B3) 0.2795E-02| 1,759E-05 6.042
Log likelihood value -833.7
R 0.679

able 3. Calibration results of the logit models for data set A and B

Some further remarks are in order here. The overdl datistical results of the logit modd are
not extremely impresive. It should dso be noted that in our experiments logit modd B has
been cdibrated only with the ‘cost’ attribute, because the attributes ‘cost’ and ‘distance
appear to be highly correlated in this case. Next, ingpection of the log likelihood-test indicates
that when the ‘distance attribute is added to the logit modd, it will not improve the logit
modd sgnificantly. Apparently, this disance vaiable plays only a feeble explanatory role.
The resuilts of the binary logit model can now be used to make spatia forecasts on the basis of
various transport economic scenarios. For this predictive purpose, the test set, which is not
used in the cdibration dage, is employed. In order to andyse the gpatia forecasting
peformance of the binary logit modd, the datistical indicators R? and Average Reative
Variance (ARV)® will be used. The coefficient of determination R? is usualy adopted in the
cdibration procedure for logit modds, while the ARV is more commonly used for neurd
network models (see eg. Fischer and Gopal, 1994). However, the indicator ARV will here
aso be consdered for the logit model in order to carry out a proper comparison with the NN
approach. Both the R?* and the ARV indicators have been caculated and are presented in
Table 4. The probahilities of rall and road are used in cdculaing the datisticd indicators.

Logit
Food | Chemicals
ARV 0.183 0.311
R2 0.781 0.679

Table 4. Statistical indicators for both commedity groups using the test set

It should be noted that the ARV measure should idedlly approach zero, while the R? measure
should approach one, if the estimates tend to be accurate. Concerning the results presented in

® See Annex for the formulations of the statistical indicators.
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Table 3 and 4, the logit model applied to the food sector gppears to have an excellent
predictive ability, while the logit model for the chemicals performs moderately’.

5. The Neural Network Model Experiments

5.1 Introduction

In this section we will present the results of our NN gpproach. Reggiani and Tritapepe (1997)
describe a methodological  dtructure for the main NN modelling steps conssting of three
stages:.

- déefinition of network architecture;

- learning phase;

- forecaging phase.

As previoudy mentioned, in pardld with the logit approach the NN modeling approach has
aso been used to andyse the same moda plit problem with the same data set. Particularly,
two NN modes have been adopted, viz. modd (NN (A)) for the food sector and modd (NN
(B)) for the chemicd products The desgn of the network architecture will be given in
Section 5.2. In Subsection 5.3 the NN modes will be trained and evduated. Then the spatid
forecagting analysis of the two NN models will be performed and evauated in Subsection 5.4.

5.2 Definition of Network Architecture

A feedforward NN with at least one hidden layer is able to andyse most linear and non-linear
problems. Other NN, for instance recurrent NNs, are too complex and probably less efficient
for the moda split problem (i.e, a comprehensve learning procedure). Following the
majority of application of NNs, a feedforward NN has been implemented in our experiment.
The sructure has been determined by taking into account the number of observations and by
carying out a large number of experiments. The vdues of the parameters have been
determined by carrying out severd experiments as well.

After severd experiments, our two NN modds have been cdibraied with the following
sructure and parameter values (Table 5):

Neural Network Model A Neural Network Model B
Number of hidden layers ! 1
Number of hidden units 8 8
Learning rate 0.9
Momentum factor 0.05 0.9
Epoch sze l |
Initial weight values randomly between [-0.1;0. 1] | randomly between [-0.1;0. 1] |

Table 5. Neural network parameters

These NN modes will be cdibrated using the training set in the next subsection.

7 An explanation may be that the chemical data were transformed from a different geographical scale to make
them compatible with the food data.
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5.3 Training the Neural Network
In order to ease the training of the NN, the attributes time and cost, denoted by V; have been
transformed (in a vaue range between [0,1]) by means of the following functions

(-0.002-7;)

V] =exp (6.1)
The variables are defined as follows

TC/ : transformed rail cost for link (ij);

TT/ : transformed rail time / distance for link (ij);

RC/ : transformed road cost for link (ij);

RT/ : transformed road time /distance for link (ij);

7. : totd freight flow rdaed to link (ij);

Tyrmd : total road flow related to link (i),

p; : road mode probability for link (ij), in relation to the following relationship:

T = p T, (6.2)

Since NNs are able to learn reasonably even when incomplete and noisy data are provided (in
particular the chemicd daa), the NN modd for the chemicd commodity group has been
trained using the ‘cost’ and ‘distance’ attributes.

In order to cope with the overfitting problem the cross-vdidating technique has been used.
After the training of the NN models has been completed, its weights are fixed. This trained
NN modd will be used in the following subsections. The traned NN modes will be evauated
only by means of the statistical indicator ARV (see Nijkamp et al., 1996).

5.4 Spatial Forecasting Performance of the Neural Network Model

In this subsection, the predictive quality of the two NN modes will be evauated. The am is
to assess how well the modd learned to approximate the unknown input-output function for
arbitrary vaues of input vaues. The predictive qudity will be evduated - by means of the
performance measure ARV . by using the test set which had been set apart and not yet used
for the learning phase, as mentioned above. The result is the following (see Table 6):

NN (A)|NN (B)
ARV 0.176 0.299
Table 6. The results of the ARV indicator for the two neural network models

The ARV indicates that both NN modes perform well; however NN (A) offers better results
than NN (B), andogoudy to the ‘behaviour of the logit model depicted in Table 4. As
mentioned, a reason for this difference is likely the quality of the data used for NN (B), which
is probably less than the quality of data set A.
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6. Comparison of the Logit and the Neural Network Modelling Approaches

6.1 Comparing the Neural Network and the Logit M odels

In this section, the two dternative modelling approaches, viz. the logit and the NN modelling

approach, will be compared. In order to carry out this comparison, the test set that has been
kept gpart during the cdibration procedure has been used. Both the logit and the NN modes
have been employed to estimate the freight flows for each link (ij). In the presentation of our

empiricd results we focussed rather randomly on export and import flows to and from al
other European regions from three regions in The Netherlands (i.e. Breda, Eindhoven and

Maedtricht) for both product groups (food and chemicas), which is illustrated by Figures 2 -

25 (see Annex). In these figures the edimaies made by both modelling approaches are
presented as a percentage of the rea flow. Lack of space does not permit a detailed discussion
of dl reaults, but largdy sdf-explanatory. The generd conclusion is that the estimates made
by both the logit and the NN modes are dightly lower than the red freight flows, while the

NN modd is in generd more accurate than the logit modd. However, in some cases the logit

modd made more accurate estimates than the NN mode (eg., see Figure 7 and 8), while

Figures 6 and Figure 12 show that the estimates are higher than the red vaue.

The edtimates for the chemical trangport flows are less precise and smdler than the observed

flows, in comparison to the esimates made for the food sector. In conclusion, the predictive
performance of the NN modd is in generd dightly better than that of the logit model.

The ARV is a good measure for the goodness-of-fit of NN modeds and is a frequently used
test gatistic. This performance measure is cdculated using the test set only (see Table 7).

ARV
Logit NN
Food 0.183 0.176
Chemicals 0.311 0.296

Table 7. Comparing logit and neural network models by the ARV indicator

The vaues of the ARV indicator demongrate once more that the NN model for spatid flow
forecasting peforms overdl dightly better than the logit modds, Particularly, the NN mode
for food has the most accurate performance.

6.2 Sensitivity Analysis by Means of Policy Scenarios

Freight transport by road causes high socid costs (eg., pollution, road maintenance), which
might be charged to the transport sector. At present, because of severe problems on the road
trangport network (for example, congestion), governments are trying to reduce the road usage
by imposing policy measures that serve to increase the cost of road usage (see Verhoef, 1996).
An example of a Pigouvian policy for coping with environmenta externdities is the recently
increased tax on fue in the Netherlands. In so doing, the usage of the road transport network
IS made less attractive than other transport networks. What are the consequences of increasing
the transportation codts for freight flows using the road transport network? In this section, a
sendtivity andyss of policy scenarios will be caried out by means of the two moddling
approaches described above. Only the test set will be used for this anayss.

Clearly, dthough there is an agreement on a Common Transport Policy for the EU, the
nationd trangport policy Hill has dgnificant importance in the transport network development
in the EU. Because of this two different types of policy will be condgdered in our senstivity
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andyss, viz. a European tax policy and a national tax policy. The fird one means a cost
increase for the road mode for al the transport links (ij) between the 108 European regions
consdered. The last one will have the same cost increase, but only for the transport links (ij)
between the Dutch regions and the rest of the European regions. Since the problems on the
road transport network, in particular congestion on the mgor freight transport routes, are
believed to be increasing fast, we will vary the cost increase from 10% till 50%. The effect of
a draconian measure (i.e., 50% increase in cost) can be compared againgt a modest policy
messure. Table 8 presents the various scenarios consdered in this andyss.

A nationa tax policy, i.e. Dutch tax policy, will be denoted as Pi and a European tax policy as
P,. The percentages of increase in the road cog, i.e 10%, 20%, 30%, 40% and 50%, are
denoted as A, B, C, D and E, respectively.

Scenario
A B c D E
European tax policy 10% 20% 30% 40% 50%
Natiqnal tax pelicy 10% 20% 30% 40% 50%

Table 8. Percentage cost increase for the road tramspert flows related to the scenarios

Also here both a logit and a NN mode will be employed in order to predict the freight flows

related to the various policy scenarios. The same sdection of Dutch regions as in Subsection
7.1 will be used here in order to illustrate and compare the predictions made by the models

goplied. In this subsection, a comparison of the forecasting potentia of the models employed
for the two different scenarios (i.e, P1 and P2) and of the two commodity categories will be
carried out as illustrated by Figure 1.

P, PZ
L FOOd
...... -
| ] Modelling
approaCh
Food
: Chemicas
Logit
approaCh
Chemicis .
Zurc 1. Dimensions of comparison
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National Dutch tax policy and European tax policy

The relative estimated chemica freight flows are presented in Figures 6, 7, 8, 9 (Breda), 14,
15, 16, 17 (Eindhoven) and 22, 23, 24 and 25 (Maadtricht). These figures show that using the
logit model the etimated freight flows related to P; are more or less identicd to the freight
flow related to P,. The logit mode indicates that the consequences of P1 and P, are largdy
the same. In the case of P, we would expected smdler freight flows, since the competitive
advantage of The Netherlands, which has a lot of trangt freight flows, would decrease.
However the predictions usng the NN mode show that the estimated freight flows resulting
from a European tax policy are smdler that those of a nationa Dutch tax policy, as we would
have expected.

Food and chemical products
Comparing the estimated freight flows for both commodity, it seems that the estimates for the
food flows seem to be somewhat more sendtive to changes in the ‘codt’ dtribute than those
for the chemicd freight flows.

Logit models and neural network models

The NN modds show tha the freight flows rlated to a Dutch tax policy is samdler than the
flows related to a European tax policy. Although the estimates of both modeling approaches
are dightly sendgitive to changes in the cost atributes for the road mode, the logit mode
gopears to be dightly more sengtive than the NN modd, in generd.

6.3 Concluding Remarks

Our findings agopear to offer a wedth of new insghts. The results indicate that both modelling
approaches are somewhat sendtive to changes in the cogt attribute, while the logit modd is
dightly more sendtive overadl. The NN mode estimates gppear to be closer to the rea flows
in generd.

However, the above results may be consdered to be rather reliable and vdid, given the good
performance of the cdibration / test phase. Moreover, these results may offer a range of
plausible vaues to policy actors aming to evauate the impact of cost changes on flows.

It is dso noteworthy that on the one hand, the large amount of data a an aggregate leved
hampers a behavioura perspective inherent in logit models, but that on the other hand, the
type of architecture adopted in NN modes seems criticd for the vdidity of the results.
Consequently, the results of our mode may be used as a benchmark for the results of other
models.

7 Conclusons

This paper started with a concise review of European freight trangport policy. Although there
is a policy agreement among the members of the EU, the European Transport Policy is dill
not effectivdy and efficiently gpplied. Nationd policies gill have a srong influence, which
results in mgor differences between nationa transport networks in Europe in both operationd
and organistional aspects. In order to study the complexity of such networks, a logit
modelling approach is a well known and frequently applied procedure. On the other hand, the
gpplication of the NN moddling approach to trangport economics is rather new and
unexplored. An NN modd is able to study the input-output relations when it is presented a
traning data st with al observed inputs and the desired output. Two different learning
methods (supervised and unsupervised learning) can be used for this purpose. The cross-
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vaidation method can be used to let the NN modd know when to stop the learning procedure.

The advantages of applying NN models to transport economics are:

- NN modds are able to map out quite complex problems due to its unique architecture;

- overcoming noise in data can be done more properly, because the NN models consist of
pardlel processing units and hence are better in recognising a pattern in the data set.

Some noteworthy disadvantages of NN models are:

- it is not cetan that a NN modd has learned correctly, since it is not known when or
whether it reaches a globa minimum during the training procedure;

- the knowledge, which is dored in its weghts after the training is done, is not easly
understood.

From the sengtivity analyss carried out here, it is clear that the NN models are able to extract

more information than the conventiond discrete choice models, in the case of different policy

scenarios. On the other hand, the results also indicate that the logit modeling approach is

dightly more sengtive to changes in the cost dtribute, while the NN moddling approach

gppears to be fairly robust. Based on these findings, it seems likely that the NN modelling

aoproach is more suiteble for spatid forecasting of freight flows, while the logit moddling

gpproach is more suitable for tempora forecasting. However, the predictions made by both

models should be tested with more recent and accurate redl space-time (pooled cross-section

time-series) data to evauate the peformance more thoroughly. Clearly, to further understand

the posshiliies and limitations of goplying NN moddling gpproaches to trangport policy

issues, more studies need to be carried out. The experiments in this paper may thus be seen as

an exploratory comparison between the models investigated
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Annex Statistical Indicators and Figures

The Corrdation Coeffkient (R%)
The Statistica indicator R? is defined as:

,_20-9)
X *0

where
Y = the observed probability;

y = the probability, estimated by the adopted modd;
y = the average of the observed probability.

The R? indicator, with 0 € R <1 , is usudly used as a performance measurement for
(linear) regresson models. When the R? indicator approaches 1, it indicates a better
performance.

The Average Relative Variance (ARV)
The Statigica indicator ARV is defined as:

ARV:M (A2)
2=y

The ARV indicator is widdy used in the neurad network literature (see Fischer and Gopal,
1994) in order to test the performance of the traned NN models. This formulation of ARV
implies that if the estimated mean of the observed data is used to make predictions, ARV
would be equd to 1, Thus the ARV should idedly approach O.
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