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Abstract: In order to determine the regulations of the
development of taxi supply under entry regulations in Chinese
cities, an improved neural network model is applied to find the
particular years when the government artificially puts new taxis
into the market, and then extract the political influence from
the taxi supply. The model is also utilized to study the
relationships between the adjusted taxi supply and non-policy
factors. A case study of Nanjing city is conducted. The results
show that 2001 and 2007 are the particular years that the
Nanjing government artificially put new taxis into its taxi
market, which is in accordance with the five-year plan of
China and the local development plans. The results also show
that the
performance in expositing the evolution of adjusted taxi supply

improved neural network model has a good
related to non-policy factors.
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he taxi is gradually becoming a supplement to public
T transport due to its convenience, flexibility and door-
to-door services. A number of studies have been conduc-
ted on different kinds of regulations with respect to the
U™ and the development of taxi fleet size’” .
However, most of the current literature about the regula-
tion of the taxi market comes from developed areas whose

taxi market

environments are quite different from those of mainland
China. In China, entry regulation came into effect in the
late 1990s. Despite limiting entry to the taxi industry, the
government may artificially increase several hundred new
taxis in one year as a result of the necessity of the urban
development plans or for some occasional events ( like
holding an international sporting event). Such a particular
year is described as a policy year for the taxi industry.
The development of taxi supply is also influenced by
many non-policy factors, which can be divided into four
parts, namely socioeconomic indices, scale and layout in-
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dices, other trip mode indices and tourism indices. But
some newly-added number of taxis by the government as
mentioned above cannot be explained by these factors.
Thus, influence factors relevant to taxi supply involve
two aspects: policy factor and non-policy factors ( see
Fig. 1).

This paper concentrates on the analysis of the relation-
ship between the taxi supply and influence factors. It uti-
lizes an improved back-propagation neural network mod-
el. The model attempts to find out the policy years of the
taxi industry and then investigate the relationship between
the taxi supply and non-policy factors. A case study of
Nanjing city is performed.

1 Modeling

A back-propagation (BP) neural network has advanta-
ges of self-learning, self-adapting and robustness. A
three-layered BP neural network can be used to simulate
' However, it has a poor speed of
constringency, and it is easy to get stuck in a locally opti-

nonlinear functions

mal solution. In order to overcome such disadvantages, a
method combining the genetic algorithm ( GA) with a BP
neural network is used'”. As a heuristic stochastic search
algorithm, the GA does well in global searching, which
can optimize the weights and thresholds in the BP neural
network. Based on the improved BP neural network, this
paper focuses on the identification of policy years and the
relationship between the taxi supply and the influence fac-
tors. The process of the model is described below.

1.1 Normalization of data

Fifteen non-policy factors are scaled to the same range
between 0 and 1 as
_ X, — min( X))
H5 =2 (max(X,) - min(X,))

(D

where X, is the value of the j-th factor in the i-th year;
max(X;) is the maximum in the data set of the input sec-
tor X;; and min(X;) is the minimum in the data set of the
input sector X.

The normalization of the taxi supply, which makes the
value in a fixed interval [0, 1], is given by

_N,-N,
MENL N,

max

(2)
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Fig.1 Influence factor:

where N, is the taxi supply of the i-th year; N, is the taxi
supply of one year when the taxi market is in a free entry

condition; and N_, is the maximum taxi quantity based
R0

on the logistic model
1.2 Model description

Fig.2 depicts the parallel distributed network which
consists of three parts: an input layer, one hidden layer
and an output layer.

In the input layer, fifteen non-policy factors after nor-
malization procedures {u;, py, --- ;s } are put into the
input layer. The input layer has 15 nodes. In the hidden
layer, the k-th hidden node v, is expressed as

15
v, = tanh( ZMifWE'j}c) +b) k=12 ..,p (3)
j=1
where p is the number of hidden nodes; wijL) is the weight
between the j-th node in the input layer and the k-th node
in the hidden layer; b\, is the threshold value of the k-th-
hidden node. Here the hyperbolic tangent function is se-

lected as the nonlinear activation function. The number of

s relevant to the taxi supply

hidden nodes is determined by the method of trial-and-er-
ror, and it is found that the best number is 31 (p =31).
In the output layer, there is only one node 7i,. The out-
put is expressed as
14
A, =log(( Y vwe +b7) (4)
k=1
where w(” is the weight between the k-th node in the
hidden layer and the node in the output layer; b” is the
threshold value of the output neuron. Here the logistic
sigmoid function is selected as the activation function.
The optimization of weights and thresholds based on
the GA is as follows:
Step 1 According the established neural
network, we use the real number form to encode the

to

initial population A by a complete set of parameters w;,
D ow? b b ). Here the GA is run with a
population size of 50 and the number of evolution
generations is set to be 200.

Step 2 Evaluate the fitness of all chromosomes by
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Fig.2 Basic architecture of the neural network used in this study
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constructing the corresponding neural network. The
objective function is described as

e (5)

A2
(n; - n;)

M=

i=1

where n, is the desired output; 7, is the actual output;
and N is the number of years in the training data set.
Step 3 Conduct the selection operation. We use
the roulette wheel selection based on the ranking
algorithm. After conducting the selection operator, the

intermediate population is created by extracting
chromosomes from the current population. The
selection probability for the individual m is
fm
P = (6)
zfm

m=1

where M is the number of chromosomes and f,, is the fit-
ness of individual m.

Step 4 Execute the crossover operation. According to
the crossover probability p_( Assume that p, =0.7), the
parent individuals produce a new generation through line-
ar crossovers. The chromosomes a,, and a, conducting the
crossover process at i is expressed as

p =, (1 =b wb
a,,=a,,( ) +a } 7

a,=a,(1->b) +a,,b

mh

where b is the random number located in the interval (0,
1).

Step 5
tion parent individuals are randomly chosen based on the
mutation probability p, ( Assume that p, =0.01). The

Implement the mutation operation. The muta-

variation process for the gene a,, is given as

_ {amh + (amh - amax)f( g)
" amh + ( amin - amh)f( g)

r=0.5

r<0.5 )

s Qi 18 the lower limit

of a,,; r is the random number located in the interval (O,
1); f(g) =r(1 -g/G,,..); g is the current number of iter-

where a,,. is the upper limit of a

ations; and G, is the maximum number of generations.

Step 6 Examine whether the fitness degree exceeds
the given precision requirement (It is set to be 10%) or the
number of generations attains the presumed maximum
value. If it does not satisfy, repeat step 2 to step 5 until
the terminal condition is met.

The learning process of the optimum BP neural network
is as follows:

Step 1 The BP neural network weights and threshold
values are initialized as the chromosome of the best fit-
ness population member based on the GA.

Step 2 Calculate the values of the hidden layer and
the output layer as presented in Eqgs. (3) and (4).

Step 3 The mean square error function is adopted as
the error function, which is defined as

FeYes3Xo-it O

i=1 i=1

Step 4 The error in the output layer is propagated
backward to hidden layer neurons, and then to input layer
neurons revising the weights and threshold values by the
Levenberg-Marquardt method.

Step 5 Repeat step 2 to step 4 until the error is re-
duced to a predetermined convergence tolerance or the it-
eration number attains the maximum iteration number
( Assume that the target error is 10 ~° and the maximum it-
eration number is 10").

2 Case Study

Nanjing is selected as the study area, and the data
source in this paper comes from the statistical yearbook of

Nanjing'""' .

2.1 Identification of policy years of taxi industry

Nanjing began to implement entry regulations in 1997,
and in the later three years there were no big events or ex-
igent requirements for an expansion of the taxi market.
Thus, it is assumed that there is no policy year of the taxi
industry from 1997 to 1999. The identification procedure
is as follows:

Step 1 Data from the year t -3, -2, ¢t -1 is put in-
to the improved neural network model for training, and
the data from the year ¢ is used for identifying whether the
year t is a policy year ( The year 2000 is the first testing
year) . If the relative error between the desired output and
the actual output exceeds 5%, the year ¢ is identified as a
policy year of the taxi industry and go to step 2; if not,
go directly to step 3.

Step 2 The difference value between the desired out-
put and the actual output can be seen as the newly-added
taxi quantity in one policy year. As the local government
may artificially put several hundred taxis one-off or in
batches” ™, the newly-added number is rectified as
Mlesired _ Nac&ua]

O

50 x50

(10)

where N is the desired output of the taxi quantity and
N*““" is the actual output of the taxi quantity. After exclu-
ding these newly-added taxis, the remaining number of
taxis is the adjusted taxi quantity from such a policy year
to the last testing year 2011. And then go to step 3.

Step 3 Examine the year ¢. If the year ¢ is the last
testing year, 2011, the process of identification is over;
if not, let #=¢+1 and return to step 1.

Tab. 1 shows the results of the identification of the pol-
icy years. The years 2001 and 2007 are the policy years
of the taxi industry. Referring to the five-year plan of
China and the local government reports about the taxi in-
dustry, it is noteworthy that the results of identification
are basically in accordance with these development plans.
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Tab.1 Indentification of the policy years of taxi industry in Nanjing

Year 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
Taxi supply 8597 8956 8877 9216 9098 9055 9262 9997 10151 10364 10593 10644
Desired output 8597 8456 8377 8716 8598 8555 8762 9497 8951 9164 9393 9444
Actual output 8788 8453 8308 8395 8772 8655 8525 8754 8859 9010 9304 949%
Relative error/ % -2.22  5.62 0.82 3.68  -2.02 -1.17 2.70 7.82 1.03 1.68 0.95 -0.55
Artificially increasing quantity 500 700

Adjusted taxi supply 8597 8456 8377 8716 8598 8555 8762 8797 8951 9164 9393 9444

*Note: Relative error = w x100% .
desired

At the beginning of 2001, according to the 10th five-
year plan (2001—2005), the local government of Nan-
jing decided to prioritize the tourism industry and encour-
age Nanjing to be an international tourism city. When
tourists (especially foreigners) are in an unfamiliar tourist
city, they may choose taxis as their main trip mode. Be-
sides, the statistical yearbook of Nanjing indicates that the
number of tourists ascended visibly during the 10th five-
year plan. Therefore, it is reasonable that the local gov-
ernment put 500 new taxis into the taxi market in 2001,
and 2001 should be a policy year. When it comes to the
11th five-year plan (2006—2010), the major plan of lo-
cal government was primarily to develop two rural areas
(Jiangning District and Pukou District), which are ex-
pected to become centers of technological research and in-
novative startups. But these two districts lag behind in
transport infrastructure, and it may be a reason for the
government to add 700 new taxis in 2007, and 2007 can
be regarded as a policy year. The adjusted values of the
taxi quantity, excluding the political influence, are pres-
ented in the last column of Tab. 1.

2.2 Interaction between taxi supply and non-policy
factors

After subtracting the political influence, it is more ac-
curate to get the interplay between the development of the
adjusted taxi supply and the non-policy factors based on
the established model once again.

The normalized data from 1997 to 2008 constitute the
training set and the remaining normalized data ( from
2009 to 2011) are used in the testing phase. The input
vector is represented by fifteen normalized non-policy fac-
tors. Accordingly, the output vector represents the nor-
malized values for the adjusted taxi quantity. The training
parameters are as follows: The population size N is 50;
the number of evolution generation is 200; the crossover
probability p_is 0.7; the mutation probability p, is 0.01;
and the training precision is 10 °. The outputs and rela-
tive errors of the testing data are shown in Tab. 2.

Tab.2 Simulation results and errors of testing data

Year Desired output Actual output Error/%  Average error/ %
2009 10 364 10 296 0.66

2010 10 593 10 563 0.28 0.43

2011 10 644 10 682 0.36

In Tab. 2, based on the trained neural network model,
the actual output simulated with the testing input data
shows good agreement with the adjusted taxi quantity.
Compared with the original BP neural network and the
ARMA time series forecasting method''” ( The average er-
rors are 1.46% and 2.99%, respectively.), the model
developed in this paper has a better performance in find-
ing the relationship between adjusted taxi quantity and
non-policy factors.

Besides, the model can be utilized to calculate the pre-
dicted values of 15 non-policy factors from 2012 to 2015,
and then forecast the taxi supply of Nanjing. The predic-
ted values of the taxi supply in the next four years
(2012—2015) are 10 763, 10 842, 10 895 and 10 847,
respectively. Overall, future taxi supply will continually
experience a slow increase trend, while fluctuating within
a narrow range. It is just in accordance with the charac-
teristics of the taxi market in Nanjing under strict entry
regulation.

3 Conclusions and Future Work

Since the late 1990s, the majority of Chinese cities
have regulated their taxi markets. Meanwhile, the local
government still artificially adds some new taxis for the
necessity of the urban development plans. In this paper,
an improved neural network model is utilized, and a case
study of Nanjing city is performed. First, the model is
applied to identify the policy years of the taxi industry
and then adjust the taxi quantity to exclude the political
influence. The identified results are in accordance with
the five-year plan of China and the local government re-
ports about the taxi market. Thus, 2001 and 2007 can be
seen as policy years of the Nanjing taxi market. Then the
interactions between the adjusted taxi supply and non-pol-
icy factors are studied based on the model once again.
The simulation results exhibit that the model has a good
performance in finding the relationship between the adjus-
ted taxi supply and non-policy factors. In the future, we
will establish a demand model of the taxi market and ex-
plore the demand-supply relationship in the taxi industry,
and try to predict potential policy years of the taxi indus-
try.
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