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Using Fuzzy Evaluation Decision Model to Assess the Operation 
Scheme of Taxi in Shanghai Pudong Airport

In order to investigate the decision of the airport taxi driver 
whether to return to carry passengers, we established a fuzzy 
evaluation decision model based on the analytic hierarchy 
process, combined with the application analysis of Shanghai 
Pudong Airport. Based on the selection and quantification of 
decision indicators, we used the AHP method to calculate the 
weights to eliminate indicators and optimize the indicator system. 
Then, a two-level fuzzy evaluation model was established, 
and the Bayesian discriminant verification model was more 
reasonable. Finally, based on the data analysis of Shanghai 
Pudong Airport, combined with 16 different airport decision-
making situations, the model was used to obtain the no-load 
return trips and the membership of waiting passengers. We 
compared and selected the larger membership value as the 
decision. Besides, the dependence of the model was analyzed, 
and it was found that the main dependent factors for decision-
making were the number of flight arrivals and the driver’s arrival 
time. After solving the above, we provide relevant basis for the 
decision of airport taxi drivers.

Keywords: Fuzzy evaluation; AHP; Airport taxi; Bayesian 
discriminant 
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1. Introduction 

When taxi drivers arrive at an airport or a large-

scale transportation hub, they will decide 

whether to stay in the storage pool or wait for 

passengers, and whether to stay will cause 

changes in the driver's income. At this time, the 

driver needs to take into account the compre-

hensive determinate and uncertain factors [1]. If 

the waiting time is too long, it will cause time cost 

loss. If the driver chooses to return to the urban 

area empty, it will lose the potential passenger 

income and pay additional empty charge. In ad-

dition to the time cost of waiting in line, which will 

affect the decision-making of taxi drivers, it may 

also be related to factors such as the size of the 

airport city, the peak flow of people, rainy and 

snowy weather, the arrival density of flights in a 

certain period of time, etc. [2-4], with different cor-

relations and different effects. Therefore, it is of 

great significance to study the decision-making 

strategies of taxi drivers' influencing factors. 

Taxi as one of important part of urban transpor-

tation system, the current decision road for taxi 

drivers have a lot of research, for example: 

Loukas Dimitriou et al.[3] for large-scale data set 

from New York City were analyzed, visualization 

and rendering, so as to provide evidence that 

showed the advanced dynamic mapping tool de-

ployment in estimating the taxi operation best 

strategy advantage. Bao Feng[5] taking hongqiao 

comprehensive transportation hub as an exam-

ple, introduced the determination method of the 

scale of taxi arrival and departure passenger 

points in the supporting facilities of hub transpor-

tation. Yong Han et al. [6] optimized the parame-

ters of the traditional DBSCAN clustering algo-

rithm and the taxi passenger point data cluster-

ing analysis, analysis of the research area of the 

taxi passenger point distribution, different dates, 

taxi passenger area in the different periods of 

time and space distribution of change, reflected 

the laws of the city dweller, looking for customers 

to provide the reference for the taxi driver. Ac-

cording to the characteristics of airport taxi pas-

senger flow data, Sirui Lin [7] constructed an ap-

propriate model, designed an appropriate data 

mining algorithm, and predicted the taxi capacity 

demand based on the real-time information in 

the current database, so as to reasonably dis-

patch and allocate airport taxi resources. Bingjie 

Wang et al. [8] used the analytic hierarchy pro-

cess to conduct qualitative and quantitative anal-

ysis on the relevant factors affecting the driver's 

decision-making, and established the optimal 

decision-making model for taxi drivers to maxim-

ize their benefits. Jing et al. [9] constructed a mo-

bility pattern classification model suitable for taxi 

OD (original destination) point data, and used 

DBSCAN algorithm to classify time series into 

different mobility patterns based on the proximity 

index calculated using the improved similarity 

measure. Xu et al. [10] studied the researcher flow 

model, focusing on the travel modes of taxi pas-

sengers by examining the data sets of three ma-

jor cities. Through statistical analysis, it is found 

that the lognormal distribution with power law tail 

can best approximate the displacement and du-

ration of taxi trip in the investigated cities. 

Maguire et al. [11] analyzed the changes of driv-

ers' psychological pressure on driving intention. 

However, most of the above studies were path 

decision analysis of taxi drivers. However, there 

were relatively few quantitative studies on 

whether taxi drivers choose to stay or not to take 

passengers and seek to maximize drivers' bene-

fits. Some of them were only analyzed through 

spatial and temporal OD [12], without clearly dis-

cussing the degree of influencing factors. 

Therefore, based on the existing taxi GPS data 

analysis method [13], this paper has taken Pu-

dong Airport in Shanghai, China as an example 

to collect flight data and GPS data of 10,000 

taxis in the urban area of Shanghai. This paper 

analyzed the decision-making factors and influ-

encing mechanism of taxi drivers, established a 

decision model based on AHP, and designed 

some basic situation simulation and gave the de-

cision scheme, thus providing relevant basis for 

the study of taxi drivers' decision to stay. 

2. Articulate our metrics 

2.1 Selection and quantification of indicators 

Before establishing an airport taxi decision-mak-

ing model, this article does not consider the as-

sumption of the influence of psychological 
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factors on the driver. The driver’s emotions will 

cause changes in the decision-making [14]. 

Therefore, the influencing factors of taxi deci-

sion-making are first selected as the indicators 

of the decision-making model, and the quantita-

tive indicators are conveniently substituted into 

the calculation. The following is the selection and 

quantification of each decision index. 

Number of arriving flights Measuring the im-

pact of the number of flights on arrival as a per-

centage of the total number of flights on that day,

iO   represents the number of flights that the 

driver arrived in the time period and can get：

( )3 24

1

1, 2, , 24i

i

i

O
W i

O
=

= =


 

The impact of online car hire. With the in-

crease in the number of online taxis such as "Didi 

Taxi" and "Uber", there is increasing competition 

pressure for airport taxis to return to urban areas 

to solicit passengers. Assume that for the same 

city, the impact of network rides is always the 

same. Suppose the impact of online car hire is 

1W ，and  1 0,1W    measures the impact from 

large to small. 

The impact of the number of taxis in the stor-

age pool. The ratio of the number of taxis arriv-

ing to the total number of taxis on the day of the 

driver's decision at the airport describes the de-

gree of influence of the number of vehicles in the 

pool[15], let iC  denote the number of vehicles in 

the airport pool at the driver's -thi period：  

( )2 24

1

1, 2, , 24i

i

i

C
W i

C
=

= =


 

Consideration of weather factors. Weather 

data is one of the important influencing factors 

on the airport's passenger flow. The weather in 

spring and autumn is suitable for flight, and the 

severe weather in summer and winter may can-

cel some flights and delay. As the weather gets 

worse, the need for passengers to take a taxi in-

creases[2]，Set up
 5 0,1W 

for this，to indicate the 

severity of the weather. And represent 

( ) ( ) ( ) ( )( )0.2 0.4 0.6 0.8  good normal worse very poor， ， ，  

Consideration of time factor.[1] Every evening 

(after 22.00), buses and other traffic are closed. 

At this time, the willingness of passengers to 

choose a taxi increases. Checked the daily flight 

number from Pudong Airport, Beijing Interna-

tional Airport, Wuhan Tianhe Airport, etc., and 

found that the flight has morning and evening 

peaks. Daily 8:00 to 23:00 is the peak time of 

flight departure, 11:00-23:00 is the peak period 

of flight arrival. So choose morning and evening 

time effects. 

Comprehensive city facts. Drivers also need to 

take into account the factors they will face during 

the cruise of the city, such as loss of fuel costs 

when they go back without load, congestion in 

the city, or whether there are major events (ma-

jor events, traffic control). Therefore, we se-

lected: crude oil prices, major events or events, 

and congestion in the city as the influencing fac-

tors.  

The impact of congestion in the city. Meas-

ured by the traffic congestion coefficient [6], de-

fine o to describe the impact of urban traffic, and 

measure the degree of influence of urban con-

gestion coefficient on decision-making. 

2.2 R-type Clustering analysis of influencing 

factors 

The R-type clustering method can study the sim-

ilar relationship between variables, and aggre-

gate each variable into several categories ac-

cording to the relationship between the variables, 

so that the main factors affecting the system can 

be easily found [16]. The similarity measure 

adopted in this paper is the correlation coefficient, 

and the specific method is as follows: Let the 

value of the variable 
jx be 
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( ) ( )1 1 219 1,2, ,11
T

n

j j jx x x R j =， ，，  . Then we 

can use the sample correlation coefficients of the 

two variables
jx  and

kx   as their similarity meas-

ure as: 

( )( )

( ) ( )

1

1

22 2

1 1

n

ij j ik k

i
jk

n n

ij j ik k

i i

x x x x

r

x x x x

=

= =

− −

=

 
− − 

 



 

 

The variable clustering method is used to clas-

sify the above influencing factors. The specific 

process is as follows: 

In the longest distance method, two types of dis-

tances are defined as ( )  
1 2

1 2
,

, max
j k

jk
x G x G

R G G d
 

=  

Among them: 1jk jkd r= − or 2 21jk jkd r= − . At this 

time, ( )1 2,R G G is related to the similarity meas-

ure between the two variables with the smallest 

similarity. Finally, the correlation coefficient be-

tween the factors is used as the output parame-

ter to obtain the decision influencing factors un-

der three types of decision indicators. 

3. The decision index system based on AHP 

3.1 AHP system construction 

The decision problem is broken down into three 

levels. The uppermost layer is the target layer M, 

that is, the decision-making layer that chooses to 

leave the airport or continue to wait [16]; the low-

est layer is the factor layer, that is, the nine influ-

encing factors P1 to P9; the middle layer is the 

quasi-side layer including the comprehensive ur-

ban impact A1 and the airport comprehensive 

Three factors affect A2, time and climate, A3, as 

shown in Fig.1. 

 

Taxi driver decision system

Impact of the city Impact of the airport
Time and 

climate reasons

Online

 car

traffic 

jams

Number 

of 

flights 

arriving

Number 

of 

taxis 

waiting

Weather 

impact

Morning 

and 

evening 

travel 

peak

Seasonal

effect
Big

 event

The 

price 

of 

gass

Target layer M

Feature layer A

Factor layer P

 
Fig 1  Hierarchy of taxi driver decision system 

 

The first-level factor weight set is defined as 

( )1 2 3, ,A a a a=  , and the second-level indicator's 

sub-weight set is ( )1 11 12 13 14, , ,A a a a a=  ,

( )2 21 22 23, ,A a a a=  and ( )3 31 32 33, ,A a a a=  . 

According to the data in [1] combined with com-

mon sense, a first-level judgment matrix is con-

structed.  

Target layer：

1 1 3 1 2

3 1 3 2

2 2 3 1

 
 
 
  

     City influence：

1 1 2 1 1 2

2 1 2 1

1 1 2 1 1 2

2 1 2 1

 
 
 
 
 
 

 

impact of the airport：
1 3 2

2 3 1

 
 
 

    Temporal Climate Impact：

1 1 2 1 3

2 1 2 3

3 3 2 1

 
 
 
  

 

First, calculate the cubic root 
iW  obtained by the product iM of each row of the judgment matrix
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P , and let the vector ( )1 2 3, ,iW W W W=  be the nor-

malized data obtained from the data analysis to 

obtain the feature vector ( )1 2 3, ,W W W W=  . 

According to the above steps of calculating the 

weights, the indicators of the three types of fac-

tors are calculated respectively, and the second-

level weight sets are obtained as follows:  

( ) ( )1,2,3, , 1,2,3i ij n
A a i j n= =  =  

Therefore, MATLAB software is used to program 

to quantify the impact of each decision index on 

the taxi driver's decision. The weight of each 

decision factor is represented in a histogram to 

visually compare the weight relationship of each 

index. 

 

Fig 2 Histogram of the weight of each indicator 

 

According to the analysis of weights and the ac-

tual situation of taxi driver decision-making, only 

the main influencing factors can be considered 

to simplify the influence system in order to make 

a decision. It can be known from the calculation 

results of the weights that two factors with 

smaller weights, such as the impact of major ac-

tivities and the impact of oil prices, can be elimi-

nated. At this point, an optimized indicator sys-

tem for taxi drivers' decision impact is obtained, 

as shown in Table 1. 

 
Table 1 Optimized decision impact indicator system 

Evaluation System 

Impact of the city 
Online car 

traffic congestion 

Impact of the airport 
Number of flights arriving 

Number of taxis waiting 

Time and climate reasons 

Weather impact 

Morning and evening travel peak 

Seasonal effect 

 

4. Decision model based on fuzzy evaluation 

Establish an evaluation set (target layer)

( )1 2V v v= ， ， determine the evaluation set 

according to different goals to determine the 

ownership of the sample, and combine this 

driver selection, the evaluation set is as follows: 
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V=（Leave the airport，Waiting in line） 

Determine the participating elements (element 

level) ( )1 2 3, ,A A A A=  The main factors affecting 

the taxi driver's decision are as follows: 

A=（Comprehensive urban impact，Comprehen-

sive impact of the airport，Temporal Climate Im-

pact) 

Establish the participating factor set (factor set)

( ) ( )1 2, , ,i nP A P P P=  . According to different 

goals, different influence factors are selected to 

establish the factor set ( ) ( )1 2, , ,i nP A P P P= ，

which is the decision index. Based on the results 

after excluding indicators, the participating 

factors are determined as follows: 

P（Urban impact）=（Impact of online car hire，

Indoor congestion） 

P（Impact of the airport）=（Flight arrivals，Num-

ber of vehicles in the storage pool） 

P（Temporal Climate Impact）=（Time，Weather 

impact，Solar terms effect） 

Due to the strong subjective factor of member-

ship function. And the results obtained by differ-

ent functions are not the same, so the general 

extreme membership function is used. The 

membership function of the positive and nega-

tive indicators for the driver's stop-and-wait deci-

sion is as follows: 

1

1

0

i MAX

i
MIN i MAX

MAX

MIN

P P

P
F P P P

P

P P

 



=  

 

     
1

1

0

i MAX

MAX i
MIN i MAX

MAX MIN

MIN

P P

P P
F P P P

P P

P P

 


−
=  

−
 

 

The membership function of the positive and 

negative indicators for the driver's decision to 

leave the airport is as follows: 

2

1

0

i MAX

MAX i
MIN i MAX

MAX MIN

MIN

P P

P P
F P P P

P P

P P

 


−
=  

−
 

     
2

1

0

i MAX

i
MIN i MAX

MAX

MIN

P P

P
F P P P

P

P P

 



=  

 

 

 

Perform a first-level comprehensive evaluation 

of each factor, and substitute the index data p 

into the membership function of the two deci-

sions according to the positive and negative of 

the index. Let ijkR
 represent the membership of 

index i to decision
j

 in case k .According to this, 

the membership matrix expressions of each in-

dicator for the two decisions are as follows: 

( ) ( )1,2, , 1,2, ,7; 1,2ijk n m
R i n j k


= = =；  

The second-level fuzzy evaluation mainly re-

flects the importance of the relative influence be-

tween the factors. By multiplying the weight ma-

trix obtained from problem one and the result of 

the first-level fuzzy evaluation, the same 

situation can be obtained for two kinds of deci-

sions. Let ikB denote the membership of case i in 

the case of decision k  ,and let
jA  denote the 

weight of decision index j .Can get:： 

( )1, 2ik j ijkB A R k=  =  

In fuzzy comprehensive evaluation, the principle 

of maximum membership is used to compare the 

membership of two decisions in the same situa-

tion. Choose the decision plan where the larger 

data is located. Let 1iB  denote the degree of 

membership of case i  to the no-load return de-

cision, and let 2iB denote the degree of member-

ship of case i to the decision to wait for a pas-

senger. Can get: 

( )

( )

( )

1 2

1 2

1 2

No-load return

Driver selection strategy Either case

Waiting for passengers

i i

i i

i i

B B

B B

B B




=
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5. Case Study Based on Shanghai Pudong 

Airport 

We combined the design of 16 kinds of index 

data in the fourth part of the article, taking taxi 

drivers in Shanghai Pudong Airport as an exam-

ple, collecting relevant data, applying fuzzy eval-

uation decision model, and quantitatively dis-

cussing the decision-making schemes of Shang-

hai Pudong Airport taxi drivers，and analyzed 

the rationality of the model.  

5.1 Data analysis 

5.1.1 Time distribution characteristics of flig- 

hts at Pudong Airport 

According to the intent, the taxi driver can ob-

serve the number of flights arriving within a cer-

tain period of time. The landing time of each flight 

and the number of passengers landing on the 

flight are conducive to the driver's decision. 

Therefore, from the Shanghai Airport official 

website, the number of flights arriving and de-

parting from Pudong Airport during the three 

days from September 12 to 14, 2019 was col-

lected. The proportion of the number of flights ar-

riving or departing at each time period in the day 

of the day is calculated in the line chart, as 

shown in Fig.4. 

 
Fig 4 Stem map of  arrival and departure f lights at Pudong Airport in each period  

 

Focusing on the number of flights arriving at the 

airport and selecting the peak value of departure 

flights, from the perspective of taxi drivers who 

are preparing to make decisions at the airport, 

they are more concerned about the peak period 

of landing flights. Observe that the time period 

with the largest red-blue drop is between 12:00 

and 14:00. At this time, there are the most pas-

sengers leaving the airport and the least passen-

gers arriving at the airport. At this time, the driver 

may consider waiting in the waiting area. 

 

5.1.2 Analysis of spatial clustering character-

istics of airport taxis 

The following will reflect the GPS data of multiple 

groups of taxis near Pudong Airport at 16:00 in 

the coordinate system to analyze the distribution 

of taxi density around Pudong Airport. It could be 

seen from the information that Shanghai Pudong 

Airport is located at 31 degrees 09 minutes north 

latitude and 121 degrees 47 minutes east longi-

tude. It analyzes the distribution around the air-

port during the peak period with graphics. 

 

 
Fig 5 Distribution map of taxi locations during peak hours 
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The general practical significance of the picture 

above is: At the time of flight arrival and depar-

ture, the public's demand for distribution is high, 

and the spatial distribution of taxis in this sense 

is in high agreement with the demand. It shows 

that taxis have become one of the im-

portant components of roadside public 

transportation in the hub airport. 

5.1.3 K-means cluster analysis of taxi locati- 

ons in Shanghai 

Further use K-Means [17] to explore the distribu-

tion of taxi locations in the urban area of Shang-

hai, so as to understand the characteristics of 

taxis in Shanghai. The following Fig. is the loca-

tion distribution map of all taxis in Shanghai at 

16:00 on February 20, 2019 using cluster analy-

sis. 

 

 
Fig 6 Taxi location distribution clustering results 

 

Combining the actual situation and clustering re-

sults, the following conclusions were obtained: 

（1）The red scatter cluster center is Shanghai 

Bund, and there are many attractions with attrac-

tive attractions distributed around it. The crowd 

of people is high and the demand for traffic is 

correspondingly increased. Therefore, taxis 

have a higher density distribution in this space. 

（2）The green scatter cluster center is a com-

mercial core area. While meeting the shopping 

needs of urban residents, it has also formed a 

high-density concentrated area. Taxi transporta-

tion methods play an important role in meeting 

the travel needs of such people. 

（ 3）The blue scattered dots represent the 

gathering area of the science and technology 

park, which is the core area of Shanghai's high-

tech industrial zone. Other modes of transporta-

tion in this area have a higher alternative to taxis, 

so compared with other taxi density centers, the 

concentration density of technology parks is low. 

5.2 Data analysis-based instance setup 

Based on the data of Shanghai Pudong Airport, 

due to the complex decision-making situation 

faced by taxi drivers, several typical actual situ-

ations were selected for quantitative analysis 

based on data analysis[15]. Set the size of differ-

ent indicators for the main factors affecting the 

decision.，See the table below for specific data: 

 

Table 2 Typical example decision index size 

Setting indicators Typical data Unit 

Size of  storage pools  300,600 Each 

Number of flights arriving at the airport 2，6 % 

Impact factors for onl ine car impact system  0.25,0.75 \ 

Impact factors for seasons and weather 0.2,0.6 \ 

 

The combination of pairwise indicator data can get 2*2*2*2=16 typical reference situations. In 
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summary, a data matrix is constructed to repre-

sent the prerequisites for airport decision-mak-

ing under each combination, and the matrix 
ijP  

represents the value of the j-th index in the i-th 

case.  

5.3 Model solving 

By giving different data sizes to different decision 

indicators, 16 types of indicator data are com-

bined, and the actual membership de-retention 

membership is calculated using MATLAB.  

 

Table 3 Part of the actual situation of the degree of membership  

Actual situation type Membership to departure airport  Membership in leaving decisions 

1 0.4564 0.3971 

2 0.5024 0.3511 

3 0.4839 0.3696 

4 0.5299 0.3236 

5 0.1735 0.6779 

6 0.2195 0.6319 

7 0.201 0.6504 

8 0.247 0.6044 

9 0.5331 0.3204 

10 0.5791 0.2744 

11 0.5606 0.2929 

12 0.6066 0.2469 

13 0.2501 0.6013 

14 0.2961 0.5553 

15 0.2776 0.5738 

16 0.3236 0.5278 

 

According to the degree of membership in the 

above table, the taxi driver can determine which 

detention plan should be selected. The table be-

low shows the results of some detention plans. 

 
Table 4 Driver decisions in different situations 

Actual situation type Final decision Actual situation type Final decision 

1 No-load return 9 No-load return 

2 No-load return 10 No-load return 

3 No-load return 11 No-load return 

4 No-load return 12 No-load return 

5 Stay waiting 13 Stay waiting 

6 Stay waiting 14 Stay waiting 

7 Stay waiting 15 Stay waiting 

8 Stay waiting 16 Stay waiting 

 
5.4 Bayesian model-based rationality test 

The driver's decision is divided into stop and wait 

or leave without load. This decision is regarded 

as a 0-1 classification problem. Bayesian theory 

is introduced [18]. Combining the characteristic 

attribute values of relevant factors that influence 

decision making, a naive Bayes algorithm 

classifier is designed to make decisions based 

on the relevant factors. 

Let 1 2{ , , , }mx a a a= L  be an item to be classified，

Where each a   is a characteristic attribute of 

x  .Category collection 1 2{ , , , }.nC y y y= L   Ac-

cording to Bayes' theorem： 

( | ) ( )
( | )

( )

P A B P B
P B A

P A
=  
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Calculate the conditional probability of the deci-

sion label, that is, whether to choose to wait or 

leave without load: 

1 2( | ), ( | ), , ( | )nP y x P y x P y xL  

The result of the naive Bayesian classification 

decision is a decision classification label that 

satisfies the following formula 

1 2( | ) max{ ( | ), ( | ), ( | )}k nP y x P y x P y x P y x= L ， 
kx y  

The first fourteen sets of data from the results of 

the secondary fuzzy discriminant model are 

used as the original training data for naive Bayes 

discrimination. Using the last two groups as test 

data, the driver's behavior of leaving the station 

is recorded as 0, and the behavior of waiting and 

waiting is recorded as 1.Using MATLAB to de-

sign a Bayesian classifier, the expression value 

corresponding to each influencing factor is the 

characteristic attribute of each case,0, 1 is the 

set of categories. The formulas discussed in the 

above classification methods can be calculated 

by the program. After calculation, the classifica-

tion results of the last two types of test data are 

1, 1, and the corresponding classification results 

are stay-wait, which is consistent with the results 

of the second-level fuzzy discrimination model, 

which illustrates the rationality of the model. 

6. Evaluation of the model 

6.1 Model advantages 

The full use of R-Means cluster analysis, K-

Means and other cluster analysis has greater 

scalability and efficiency for data preprocessing, 

which is conducive to strengthening the effec-

tiveness of data analysis. 

The selected indicators of taxi drivers are more 

representative, and the indicators with less influ-

ence are excluded, so that the decision-making 

psychology of airport taxi drivers can be summa-

rized more accurately. 

The model and conclusions in this paper are not 

only applicable to the decision-making problem 

of airport taxi stop, but also can be used to study 

the decision-making strategies of other wide-

ranging hubs, such as the related traffic arrange-

ments at train stations and passenger stations. 

6.2 Disadvantages of the model 

The use of analytic hierarchy process will carry 

a certain subjective will, and the possible results 

obtained will be different from the actual deci-

sion-making results of taxis at sea airports. 

Because the research is Shanghai Pudong Air-

port, only one case is selected for discussion, 

and it does not cover the research of different re-

gions and airports of different sizes. 

7. Conclusion 

This article first explores the impact mechanism 

of taxi driver decisions and determines the rele-

vant impact indicators that affect the decision of 

taxi drivers arriving at the airport. After screen-

ing some indicators, the analytic hierarchy 

process is used to obtain the weight of the 

relevant indicators. After comparing 16 empir-

ical examples in Shanghai, the fuzzy decision is 

used to discuss the decision-making strategies 

of airport taxi drivers. The most important factors 

that can determine whether the taxi driver stays 

at the airport are the number of arriving flights, 

the number of vehicles in the storage pool, and 

the effect of morning and evening time. The fac-

tors that have a greater impact on airport taxi 

drivers are the impact of the weather on the day, 

the congestion in the city, and the impact of 

online car hire. The factors that have less impact 

on airport taxi drivers are the seasonal impact of 

the year, the impact of major events, and the im-

pact of automobile oil prices. If there are a large 

number of vehicles in the car storage pool, the 

proportion of flights is small, due to the large 

number of competitive vehicles at the airport. 

Taxi driver will choose to return to the city to 

solicit guests. As the number of flight arrivals 

has a great influence on drivers' decision-making, 

and the impact of online ride-hailing is relatively 

small, the main criterion of drivers' decision-mak-

ing is still waiting when there are a large number 

of flights at the airport, that is, when the propor-

tion of flights is large.  
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