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Abstract
A feedback simulation model based on radial basis function neural networks is newly developed in
this research to analyse the interaction between urban densities and travel mode split. The changes of
populations, road mileages, travel mode split, and so on of the enlarging urbanized areas of different
cities in China are studied for the trainings of the radial basis function neural networks constituting the
proposed feedback model. Furthermore, the effect of different development policies for Beijing on
distinct indicators of the urban density and trip shares of various travel modes is also evaluated by the
newly developed model. It is found that stopping the quick urban sprawl of Beijing is the most
important for the sustainable development of its urban transport. It is confirmed that the newly
developed model is able to rationally explain the interactive correlation between urban densities and
travel mode split of a city for its different development plans.
(Received, processed and accepted by the Chinese Representative Office.)
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1. INTRODUCTION
In the past decades, many cities especially in developing countries have experienced dramatic
changes in both land use and transport [1, 2] which have been recognized to actively interact
with each other [3-5], mainly owing to the power of urban economy [6]. The interaction
between the systems of land use and transport is a dynamic process which involves changes
over spatial and temporal dimensions between these two systems [7]. Understanding the
interaction between land use and transport is critical for the urban and transport planning,
especially in the case of a rapidly growing city with its quick urban motorization [8]. Till
now, many efforts have been successively made to analyse the impacts of a wide range of
factors on mediating the relationship between urban land use and transport, including
settlement size, mix of land use, transport accessibility and so forth [9-14]. It has been proved
that land use change can modify travel patterns to induce more changes in urban transport
systems and, on the other hand, transport system evolution is able to create new accessibility
levels that encourage changes in land use [10]. This interactive relationship is also referred to
as the “land use transport feedback cycle” which can be described through some variables
regarding geographical features and activity locations, demographic and economic
characteristics, transport variables, and characteristics of urban mobility demands [7].
Different approaches and techniques such as cellular automata, structural equation modelling
and geographic information systems have been applied to try to explain the nature of this
feedback cycle in theory [8, 10, 11].
Though valuable research findings are continually obtained, debates about urban form
sustainability have always been increasing, focusing on shapes, sizes, densities, energy
consumption and so on of cities, their correlations with travel patterns and the solutions for
challenging urban sprawl and decentralization [15-20]. The urban land use characteristics of a
city, such as the urban densities of its population, roads, etc., which are closely associated
DOI:10.2507/IJSIMM14(2)CO9
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with the travel frequency [21], and their correlations with the travel behaviours of the trip
makers in the urban area of the city still ought to be further analysed for the sustainable urban
and transport development [22, 23]. In particular, the dynamic feedback mechanism of the
interaction between the densities of urban population, roads, rail lines, etc. and the shares of
the urban trips completed by different travel modes need much more intensive studies. As a
result, this research makes an attempt to develop a new feedback model from an integrated
perspective to dynamically simulate the continual interaction between the urban densities and
travel mode split of a city.
In order to clarify the interrelation between the densities of urban population, buildings,
roads, etc. and the choice ratios of various travel patterns, functions which are capable of
properly explaining the corresponding nonlinear mappings in input-output pairs of data are
indispensable especially for the dynamic feedback analysis. One widely applied approach to
seek such a function is approximation which can be achieved by either parametric or
nonparametric statistical procedures [24, 25]. In contrast to parametric analyses relying on the
assumptions about the shape or form of the underlying population distribution, nonparametric
studies make fewer assumptions about the distribution of measurements in the same
population [24, 25], and therefore, have been more and more extensively applied especially in
recent years. Furthermore, as a nonparametric approach, an artificial neural network can be
considered as a universal approximator [26] and it possesses the self-learning capability [27].
Therefore, the complexity of seeking the rational functions can be reduced by constructing
and learning the nonlinear mappings through the neural network trainings with examples.
However, the approximations to the learning situations by conventional neural networks often
lead to very high-dimensional interpolation problems with scattered data [28]. Consequently,
radial basis function (RBF) neural networks [27, 29] have been put forward to solve such
issues. Owing to its faster learning capability compared with other feedforward networks [27]
as well as its ability of solving the high-dimensional interpolation problems [29], a RBF
neural network is usually regarded as a good candidate for an approximation problem.
As a result, RBF neural networks are used as the foundations of the newly developed
feedback model in this study. In other words, the iterative feedbacks between different trained
RBF neural networks which are utilized in the new model to explain the effect of the urban
densities on travel mode split or that in reverse never stop until the outputs of all these RBF
neural networks become stable. In this way, the dynamic feedback mechanism of the
interaction between the urban densities and the travel mode split is interpreted by the
proposed model in simulation from the perspective of integrating the artificial neural network
analysis and the feedback modelling study. In addition, the officially released annual
statistical data about the urban areas, populations, roads, etc. of different cities in China are
used as the examples to train the RBF neural networks applied in the newly developed model
in this research.
The remaining parts of this paper are organized as follows. As the base data of the
feedback modelling work in this research, the annual statistical data for different cities in
China are introduced in Section 2. Next, Section 3 develops the new feedback simulation
model based on the RBF neural networks. Thereafter, the impacts of various policies on the
interaction between the urban densities and the travel mode split in a study area are analysed
in comparison in Section 4. Finally, Section 5 provides the conclusions of this research and
discusses some future research issues.

2. DATA COLLECTION
As the biggest three megacities in China, Beijing, Shanghai and Guangzhou all have not only
obtained quick urban growths but also increased evidently in motorization in the past
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approximately 30 years. Such changes are clearly demonstrated by the rapid increases of the
urbanized areas and the road mileages shown in Fig. 1 and Fig. 2, respectively. It is indicated
in Fig. 1 that the urban areas of Shanghai and Guangzhou have both increased by about 5
times from around 200 square kilometres (km2) to about 1,000 km2 from the end of 1980s to
the beginning of 2000s. By contrast, though the area of the urbanized region of Beijing has
increased by only approximately 3 times, the urbanized area has increased to about 1800 km2
in 2012 from originally around 600 km2 in 1989. Moreover, as presented in Fig. 2, during the
same time period, the mileages of the roads in the urban regions of Beijing, Shanghai and
Guangzhou have increased from approximately 1,500 km, 1,600 km and 800 km to
correspondingly about 8,000 km, 4,900 km and 7,000 km. In other words, the increases are
more than 5 times, over 3 times and nearly 9 times, respectively. Moreover, it is also noticed
in Fig. 1 and Fig. 2 that both the area of the urbanized region and the total mileage of all the
urban roads of Guangzhou have obtained significant increases from 2000 to 2001.

Figure 1: Changes of the areas of the urbanized regions in different cities.

Figure 2: Changes of the road mileages of the urbanized regions in different cities.

In this research, the increases of the areas, populations, road mileages and rail mileages of
the urbanized regions in Beijing, Shanghai and Guangzhou and the changes of the trip shares
of various travel modes taken by the residents in the urban areas of these three megacities
have been investigated according to the data officially released annually in the statistical
yearbooks published from 1990 to 2013 for these cities. The missing values of some of the
statistical data for certain years are estimated based on the tendencies revealed by the existing
data. Accordingly, it is able to model in the next step the feedback correlation between the
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densities of the populations, roads and rail lines in the urbanized regions of these three cities
and the travel mode split in the same areas. Fig. 3 illustrates the changes of the proportions of
the trips made by bus in the urban areas of Beijing, Shanghai and Guangzhou. It is clearly
shown that the shares of the bus trips in the urban areas of Beijing and Guangzhou have both
been generally increasing from 1989 to 2012 while the ratio of the trips by bus in the
urbanized region of Shanghai has, on the contrary, obtained an overall decrease in the same
years.

Figure 3: Changes of the shares of the bus trips in the urbanized regions of different cities.

3. MODELLING STUDY
In a conventional RBF neural network whose basic architecture is explained in Fig. 4, the
Gaussian function and the least squares (LS) criterion are usually used as the activation
function and the objective function, respectively [27, 30, 31]. The RBF for a neuron in the
hidden layer of the neural network has a centre and a radius which is also called a spread.
With a larger spread, a neuron at a certain distance from a point has a greater influence. Each
hidden neuron represents the Gaussian activation function and computes the distance between
the input vector pattern and the centres to determine the weights from the hidden layer to the
output layer. The parameters of a neuron are adjusted iteratively by minimizing the LS
criterion.

Figure 4: Basic architecture of a traditional RBF neural network.

Similar to the architecture of a general RBF neural network, the architecture of combined
RBF neural networks with the same input layer but different hidden layers is provided in Fig.
5. It is indicated in this figure that the elements of the input layer can be divided into various
sets from I1 to II. Moreover, different hidden layers are represented by the variables from h1
to hJ. In addition, distinct sets of outputs from O1 to OJ result from the work of
corresponding hidden layers through the respective sets of weights from hw1 to hwJ. Such
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architecture makes it possible to establish a feedback loop by adding another set of hidden
layers from the outputs to the inputs at present. In this way, all the current outputs constitute
the new input layer. The newly added hidden layers are responsible to make respective
estimations in correspondence to different sets of the elements in the old input layer.

Figure 5: Architecture of combined RBF neural networks.

If the urban densities compose the same set of the inputs to each of different RBF neural
networks and the share of the trips by a certain travel mode is the output of one of these RBF
neural networks, the feedback loop can be formed when each urban density indicator is the
output of one of the RBF neural networks taking the travel mode split as their common input.
In this work, all the utilized RBF neural networks are trained according to the previously
explained annual statistical data of the areas, populations, road mileages, rail mileages and
shares of trips by different travel modes for the urbanized regions of Beijing, Shanghai and
Guangzhou. The loop between different sets of the trained RBF neural networks which either
take urban density indicators as their inputs and output the trip shares by different travel
modes or have the converse inputs and outputs is used in this work to establish a new
feedback model for the simulation of the interaction between various urban densities and
travel mode split.

Figure 6: Framework of the proposed feedback model based on RBF neural networks.

Fig. 6 presents the framework of the new feedback simulation model developed in this
study. DM and MN in this figure stand for the Mth indicator of the urban density and the trip
share of the Nth travel mode, respectively. Moreover, the Nth hidden layer from the urban
densities to the share of the trips by the Nth travel mode through the weights HWN and the Mth
hidden layer from the travel mode split to the Mth urban density through the weights LWM are
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correspondingly represented by HN and LM. There are totally (N+M) RBF neural networks
which are first of all trained by the previously explained annual statistical data and thereafter
included into the iterative feedback simulation process of the newly developed model in this
research. In general, the continuing interaction between the urban densities and the travel
mode split is iteratively simulated until the difference of the outputs of each included RBF
neural network in its successive iterations become small enough to meet certain convergence
criteria.
In this work, the iteratively feedback simulative evaluations on the effect of the interaction
between urban densities and travel mode split on their changes under the influence of a certain
measure for the urban and transport development stop when the following convergence
criterion is met:
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where Mi denates the evaluated share of the trips by the k travel mode in the ith iterative
simulation, Dil is the evaluated density of the lth index in the ith iteration, and ε represents a
small positive number which is set to be 0.10 in this work.

4. CASE ANALYSIS
In this research, the interaction between the densities of population, roads and rail lines in the
urbanized area of Beijing and the shares of the trips by different travel modes in the same
urban region is studied by the newly developed feedback model for different cases with
distinct development policies applied for five years. Each of the RBF neural networks used to
establish the new model has its own test error smaller than 5.00 % after its training process.
The contents of different cases are explained as follows.
Case 1: Follow current trends; do nothing option. All the changes (e.g., the annual increases
of urbanized area and population) keep their present tendencies.
Case 2: Encourage trips by public travel modes. 20.00 % of the car trips today are shift to bus
and rail evenly; the other tendencies are the same with those in Case 1.
Case 3: Decelerate urban sprawl. The annual increase of the urbanized area slows down by
20.00 % while the other trends are the same with those in Case 1.
The purpose of Case 1 in this study is to find out what will happen if we continue our
actions at this time. Case 2 and Case 3 try to explore the effect of taking additional efforts to
change the travel pattern choices of trip makers at present and the current densities of urban
land uses respectively on the improvement of sustainable urban and transport development of
Beijing.
Fig. 7 provides the application procedure of the newly developed feedback model with the
new initial inputs according to the details of different policies applied in various cases for the
predictive analyses of the urban densities and the travel mode split. The iteratively simulative
evaluations on the influence of the interaction between the densities of urban population,
roads, etc. and the trip shares of different travel modes upon the changes of the densities and
the trip shares continue if the iteration has been made for only once or has not been
converged, as illustrated in Fig. 7. Before the start of a new iteration, the urban densities
outputted from some of the RBF neural networks utilised in the newly proposed feedback
model are taken as the inputs of the other RBF neural networks used in this new model.
Meanwhile, the other RBF neural networks output the travel mode split which is inputted into
the RBF neural networks output the urban densities. This is the exact meaning of the “Take
Outputs as the Inputs” shown in Fig. 7.
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Figure 7: Application procedure of the newly developed model.

The convergence processes of the iteratively simulative evaluations by the proposed
model on the interaction between urban density and land use are shown in Fig. 8 for different
cases. The vertical and horizontal axes in this figure represent the Max(MD) explained in
Section 3 and the number of the iterations, respectively. It is obvious that the Max(MD) of the
simulative evaluation for each case decreases very quickly in the first several iterative
analyses. Thereafter, though the decreases for each of the cases becomes apparently slower,
the previously determined convergence criterion (i.e., 0.10) in this research still can be
steadily reached within certain iterations. With the iterative evaluation process converged, the
outputs of the model application become stable. Such outputs are able to rationally reveal the
changes of the dynamically interactive urban density and travel modal split under the
influence of applying certain urban and transport policies.

Figure 8: The convergence processes of the iterative evaluations.

Table I presents not only the predicted values of various indicators of the urban density
and the shares of the trips by different travel modes in the urban area of Beijing for different
cases after the convergences of the iteratively simulative evaluations on the interaction
between the urban densities and the travel mode split but also the current values of the same
variables. It is shown in this table that if all the changes in the urbanized region of Beijing
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keep their current tendencies (i.e., Case 1), in comparison to the values of the same variables
at present, the densities of the population and the rail lines in this area will both be mildly
decreased after five years while the density of roads in the same region will obviously
increase. As a result, more people are going to make their trips by bus because of less traffic
congestions owing to the rapid increase of the roads in a relatively short time period.
Nevertheless, it is also revealed in Table I that the car trips induced by the quick increase of
the road density will be evidently increased at the same time. Furthermore, the share of the
rail trips will be reduced due to the decrease of the density of rail lines, and the ratio of the
trips by taxi will also decrease because of the increases of the trips by car and bus.
Table I: Changes of the values of distinct variables for various cases.
Variables
Current
values
Case 1
Case 2
Case 3

Density of
Density
population
of roads
(1,000 people/km2) (km/km2)

Density of
rail lines
(km/km2)

Car trip
share
(%)

Bus trip Rail trip Taxi trip
share
share
share
(%)
(%)
(%)

14.10

6.26

0.35

38.67

33.57

19.93

7.83

12.90
12.91
13.46

12.59
12.60
12.99

0.34
0.34
0.36

41.35
37.46
34.34

36.69
38.89
37.76

16.43
18.21
23.31

5.53
5.44
4.59

In contrast, if people are encouraged to make their trips by bus and rail (i.e., Case 2), the
share of the trips by car in the near future will, in fact, not be reduced as desired in
comparison to its current value, as indicated in Table I. This is because of not only the low
densities of the population and rail lines but also the high density of the roads, though some
policies applied to improve public transport priority will, in some degree, increase the
densities of the population and roads in the urbanized area. However, if the sprawl of the
urbanized area of Beijing can be sufficiently decelerated (i.e., Case 3), obviously more
percentage of the trips by car will be successfully transferred to both bus and rail. Therefore,
though successfully controlling the urban sprawl of Beijing is not easy [32, 33], it is crucial at
this time to stop the quick sprawl of the urbanized region of Beijing for the sustainable
development of its urban transport. This has also been suggested by some studies (e.g., the
work of Zhao [34]) from different perspectives.

5. CONCLUSIONS
In view of their abilities of fast learning and efficiently solving high-dimensional interpolation
problems, RBF neural networks are used in this work to newly develop a feedback simulation
model with combining the artificial neural network analysis and feedback modelling study to
analyse the interactive correlation between urban densities and travel mode split. All the RBF
neural networks utilized in this research are trained based on the annual statistical data about
the urban densities and trip shares of different travel modes for different Chinese cities.
Various policies have also been comparatively studied by the proposed model to explain the
effect of the interaction between urban densities and travel mode split on the sustainable
urban and transport development of Beijing for its different development scenarios. It is
confirmed that the newly developed feedback simulation model is capable of rationally
interpreting the interactive relationship between urban densities and travel mode split.
In this study, only the annual statistical data from three megacities in China have been
used for the trainings of the RBF neural networks which are applied to establish the feedback
model. Various kinds of data from more types of cities in different countries in the world
ought to be collected and utilized in future work to improve the validity and applicability of
the proposed model. In addition, both the suitability of generalization capability of a RBF
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neural network and the appropriateness of its robustness are also very necessary to be
analysed in the future for the proposed feedback simulation model in consideration of the
characteristics of specific urban and transport issues.
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