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ABSTRACT Automatic vehicle identification (AVI) data, Integrated Circuit (IC) card data and Global
Positioning System (GPS) data offer an emerging and promising source of information for analysis of
traffic problems. Research on insights and information from AVI data for transport analysis has made little
progress in developing specific applications especially. The emergence of multi-source data provides us
with a new perspective for multi-mode transportation. This paper proposes a multi-mode traffic demand
forecasting method based on AVI data, metro IC card data, and taxi GPS data. The paper extracts traffic
origins and destinations (OD) information of travelers from the multi-source data and uses the extracted
data for traffic zone division. Finally, a multi-mode traffic forecasting model is established on this basis.
GPS data of taxi trips are selected as the clustering data and k-means algorithm was adopted to divide traffic
zones in Shenzhen. Moreover, the research applies the principle of convex hull to outline the boundary of the
cell. Additionally, this paper establishes the multi-mode transportation forecasting model by integrating the
correlation between various transportation modes into the deep learning model for prediction. The results
show that the multi-mode demand forecasting model has higher accuracy and better forecasting results
comparing it with the single-mode demand forecasting model which is referring to the conventional four-step
procedure. The result demonstrates that effective traffic and travel data can be obtained from multi-source
data, providing an opportunity to improve the analysis of complex travel patterns and behaviors for travel
demand modeling and transportation planning. Furthermore, the substantive contribution of this research
is that it provides strong empirical evidence for the existence of correlation among multi-mode travels and
travel demand.

INDEX TERMS Multi-mode transportation, multi-source data, k-means algorithm, multi-mode traffic
demand forecasting.

I. INTRODUCTION
The traditional traffic demand analysis model is usually based
on a single traffic pattern. With the increasing diversifica-
tion of traffic demand, urban traffic planning is gradually
transitioning from a single mode to a multi-mode transporta-
tion system that supports and influences each other [1]. The
research on multi-mode traffic demand analysis is not only
to explore the correlations among different transportation
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modes and the characteristics of traffic demand, but also to
establish a foundation for the implementation of transporta-
tion planning and management based on multi-mode traffic.

With the diversified development of transportation modes,
the structure of urban travel is increasingly complicated
and diversified. Multi-mode transportation has become a hot
research field. However, the analysis of multi-modal traffic
demand has several major challenges.

1) With aspect of data, most data used in past research
were from travel diaries, face-to-face interviews, and
telephone interviews. Li et al. [2] pointed these data
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are not accurate, it may lead to underestimate of travel
because respondents may forget some travels.

2) Data sparsity is a problem. The single data source can-
not provide the accurate information and even some-
times will miss value. For example, not all vehicles will
contribute GPS data. In a period, only a few vehicles
(such as taxis) on the road will contribute data. How to
estimate the travel time of the road without GPS data
coverage is a big difficulty [3].

3) The single-mode traffic demand forecasting method
cannot adapt to the modern multi-mode transportation
system, and the single data source cannot fully reflect
citizen travel characteristics, how to collaborative com-
puting of heterogeneous data is a new topic. Traditional
machine learning problems are difficult to adapt to the
complex modern traffic conditions, such as Natural
Language Processing mainly analyzes text data, and
image vision mainly based on image data [4], [5].

A. RELEVANT STUDIES
AVI technology, GPS, and radio-frequency-based technolo-
gies have made it convenient to collect real-time traffic infor-
mation from a wide range of advanced sensor sources. This
allows advanced traffic pattern analysis and forecasting for
important transportation management and planning [6]–[11].
However, in the big data era, traffic information extraction is
a biggest roadblock for analyst to promote traffic information
service.

Dong et al. [6] pointed new traffic data acquisitionmethods
could be roughly classified into four categories:

1) Sensor-based traffic information collection technolo-
gies, such as inductive loop detectors, microwave
radar, laser radar, magnetometers, and ultrasonic detec-
tors [6].

2) Video-based traffic information collection technolo-
gies, such as license plate recognition (LPR) sys-
tems [12], [13].

3) Radio-frequency-based traffic information collection
technologies, such as radio frequency identification
(RFID) dedicated short range communications (DSRC)
and Call detail record (CDR) [6], [14], [15].

4) Location-based traffic information collection technolo-
gies, such as GPS-equipped floating cars [16]–[18].

AVI data, GPS data, and IC card data offer an emerging
and promising source of traffic information for researchers
to analyzing traffic phenomena [15]. AVI data, GPS data,
and IC card data cover large geographic areas, yield large
sample sizes. Therefore, many traffic information can be
acquired in real-time. Their positioning accuracy is especially
appropriate for the analysis of commute traffic [19]. Alvarez-
Garcia et al. [20] proposed a forecasting model of line end
point based on Hidden Markov chain by using GPS data.
Papinski et al. [21] used GPS data to solve the problem of
personal travel path selection. Castillo et al. [22] proposed an
optimization method for the reconstruction and forecasting

of travel matrix by using AVI data. Zhan et al. [15] used IC
smart card to identify the travel pattern of citizens.

Collaborative computing of heterogeneous data can be
used to identify OD and travel trajectories of commuters.
They can also be used to divide Traffic Analysis Zones
(TAZ) and extract activity data needed for trip generation
and trip distribution. These are the first two steps of the
conventional four-step approach which is used to build travel
demand forecasting models for transportation management
and planning. The conventional traffic zone division approach
will apply geographical information, land use characteris-
tics, economic characteristics, and social characteristics to
divide the research area into many zones. Traffic division
approaches are generally classified into following several
approaches: graph theory [23]; mathematical programming
[24]; graphical and numerical simulation [25]; clustering [6],
[26] and so on.

These approaches have its own characteristic. For example,
the graph theory approach depends on building a subgraph
for traffic zone division, however, it is too difficult to solve
and explain this problem. For these division approaches, they
have a common dilemma for travel demand forecastingwhich
is obtaining travel data for trip generation and distribution.
Travel surveys need to take a lot of resources to carry out.
Additionally, data from travel surveys have limited samples
and may be inaccurate. However, Multi-source data cannot
only provide a significant opportunity to improve the state of
practice, but also make up for the problem of data sparsity
mentioned before.

Furthermore, Traffic demand forecasting is an important
part of traffic planning. The design of urban road network,
the design of urban road network for traffic policy-making,
and the management of traffic policy-making system are
closely related to traffic demand forecasting.

Seyedabrishami and Shafahi proposed and applied the
expert knowledge-guided algorithm to integrate knowl-
edge into the fuzzy inference system of adaptive network
to deal with the uncertainty of demand estimation [27];
Vliet et al. [28] proposed a new traffic demand forecast-
ing approach which applied more traditional data collection
approaches and make traffic demand forecasting be more
effective; Zhou et al. [29] pointed out the important role of
the back propagation network (BPN) in the travel demand
forecast and analysis. They proposed new algorithm for con-
ventional four-step procedure. However, these approaches
cannot solve the challenges mentioned in Section I. They
are limited to solve the problem of single mode traffic and
the single data source cannot fully reflect commuters travel
characteristics.

B. OBJECTIVES AND CONTRIBUTIONS
To date, research on insights and information to be gleaned
from multi-source data for transportation analysis has been
slow, and there has been little progress on development of
specific applications. This research preprocessed AVI data,
GPS data, and IC card data in Shenzhen, and extract travel
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related information of different traffic modes to identify
the travel spatio-temporal pattern of individual. Moreover,
the research used an unsupervised classification approach
to extract OD matrix for different modes of transportation.
Finally, this paper also proposes a deep learning approach to
predict the traffic demand in an aggregation way and was
compared with single sparse data, which provides a new
perspective for multi-mode traffic demand forecasting.

II. PROBLEM AND METHODOLOGY
For analyzing travel spatio-temporal pattern of individual, a
primary task is to divide travel zones which is an important
step in four procedure steps, however, dividing travel zones
from multi-source data is a challenge in the following two
aspects: 1) multi-source data include the data of travelers
when they stay or move with all kinds of travel modes, e.g.,
taxi,bus, subway and private car. Vehicular trips must first be
imputed from the raw data for further travel behavior analy-
sis; 2) multi-source data are collected from multiple applica-
tions with different sample rates and at low-resolution. This
hinders dividing travel zones. Once the different trip patterns
are analyzed, the research then selects high resolution trips for
dividing travel zones by k-means algorithm. Furthermore, the
research builds amulti-mode transportation neural network to
compare with the single mode transportation neural network
and the result is used to provide strong empirical evidence
for the existence of correlation amongmulti-mode travels and
travel demand.

A. VEHICULAR TRIPS DETECTION
It is more complex to extract individual travel OD from IC
data and AVI data in all data. Once the transaction type of
IC card is swiped, it can be determined whether IC extracts
data from subway or bus, and extract individual travel OD
record to map station data crawled from AMAP. For aspect
of AVI data, the research suppose that a user starts a new trip if
there is no record for at least 7440 seconds before the current
one, that is, tcurrent − tprevious ≥7440 seconds. Furthermore,
the research drops out the trips with records. At this point,
the records of each user have been partitioned into a sequence
of trips, Finally, the research extract travel OD from it.

For aspect of GPS data, a number of methods have been
proposed to derive the travel mode from trajectory data, most
of them process the high-resolution GPS traces or utilizing
sophisticated learning methods which require gold labels of
travel modes for model training. For simplicity, the research
identifies the trip as a taxi trip if its average speed is between
20 km/h and 100 km/h.

B. TRAFFIC ZONE DIVISION
Enriching the information of multi-source data help us to
comprehensively understand the travelers travel behavior and
characteristics. According to the analysis of multi-source
data, this research selects high-resolution travel mode data
to divide traffic zones. In order to make full use of the advan-
tages of big data to divide multiple traffic zones with appro-

priate size, the research choose k-mean clustering method,
and use the principle of convex hull to divide the boundary of
the cell. Finally, the research marks the serial number for it.

C. THE EXISTENCE OF CORRELATION AMONG
MULTI-MODE TRAVELS
On the basis of the divided traffic zones, the social and
economic data of each traffic zones, such as GDP, population,
number of students and employment, are used to predict the
generation and attraction of travelers in each traffic zones.
The travel demand of each traffic area is predicted through
the combination of the traffic impedance between each traffic
zones and the travel generation and attraction of each traffic
area. The commonly used formula is as follows:

Ai =

∑
j

Bj · Uj · f (dij)

−1 (1)

Bj =

[∑
i

Ai · Ti · f (dij)

]−1
(2)

Xij = Ai · Bj · Ti · Uj · f (dij) (3)

where Xij is travel demand from zone i to zone j, Ti is total
amount of travel generation in zone i. Uj is total amount of
travel attraction in zone j. Ai and Bj are operational param-
eters. dij is traffic impedance. f (dij) is traffic impedance
function. a is model parameter.

The traditional method of trip distribution prediction
mainly selects the generation, attraction and impedance
between zones as the independent variables of the traffic
demand forecasting model. Moreover, it is only limited to
the forecasting of a single traffic mode. Vliet et al. [28]
have pointed out that the accuracy of traffic forecasting
can be improved by adding multi-modes transportation data.
Although there is a certain correlation between travel demand
and a variety of travel modes in reality, these conclusions
have not been verified. This research uses the traditional
traffic zones demand forecasting structure for reference to
consider the single mode demand forecasting model based
on the deep learning algorithm. For example, the research
takes the generation and attraction of private cars and the
impendence between traffic zones as the input of the model,
and the travel demand of private cars as the output.

The research then establishes a multi-mode transportation
model. Based on the original model, this research considers
adding other transportation mode OD information to provide
more features for the model to learn in order to improve the
prediction accuracy. The prediction accuracy improvement
which is compared to the original model can provide strong
empirical evidence for correlation amongmulti-mode travels.

III. DATA DESCRIPTION AND PREPROCESSING
Our current research used data from Shenzhen on Septem-
ber 1, 2016, including IC card data, taxi GPS data and AVI
data of Shenzhen. In this research, the study analyzed IC card
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TABLE 1. Taxi Gps data format.

data totaled 3.71 million records (including only metro), taxi
GPS data totaled 46.78 million records, and AVI data totaled
more than 13 million records.

A. TAXI GPS DATA DESCRIPTION
Table 1 shows the format of raw GPS data obtained from
vehicle terminal data collection. YueXXX is the unique iden-
tity code of a local license plate; DATE stands for date of
car trips; Time Stamp is the exact time of the GPS record;
Long stands for longitude of the vehicle position, which
provides information on the vehicle; Lat stands for latitude
of the vehicle position; Event ID is the ID of the initial event;
STATE is used to record whether the vehicle have passengers;
V stands for speed of the vehicle; DEG is the Direction of the
vehicle.

These rawGPS data were pre-processed to improve system
efficiency and performance of the query function. Prepro-
cessing of data included data quality analysis, cleaning and
conversion. For any GPS data, the study only chooses the
valid data, including local license plate, date of car trips, time,
longitude, latitude and whether to carry passengers.

In order to ensure the accuracy of data calculation and
avoid the interference of wrong data or redundant data, it is
necessary to clean the data. The trajectory data is very similar
in form to the GPS data which shown in table 2. In this study,
the approach of extracting GPS data information is divided
into the following steps:

1) Vehicle information classification and extraction;
2) Vehicle trajectory can be simplified into OD informa-

tion;
3) Exclude data from outside the research area;
4) Collate all taxi OD information.

The visualized results of the partial trajectories after pro-
cessing are shown in figure.1.

As shown in figure. 2, the OD points of taxi trip were
largely concentrated in LuoHu district, FuTian district and
Nanshan district in the south of Shenzhen. Additionally, many
taxi trips were concentrated in the southern region. In the

FIGURE 1. Visualized results of taxi trajectories.

TABLE 2. Simplified trajectory information.

FIGURE 2. Nuclear density analysis results of taxi OD.

subsequent division of traffic zones, this is a problem that
needs to be paid attention to. Due to a small area in the
southern region, many trips were concentrated. If the division
of residential areas was not elaborate enough, it may lead to
too many trips in the region.

From the perspective of the trajectory line, the blue line
shown in the figure.3 (a) was the trajectory line of medium
and short distance trips, while the yellow and orange lines in
the figure.3(b) were the trajectory line of long distance trips.
It can be clearly seen that the taxi performs both short distance
trips and long distance trips. However, in this research area,
it mainly undertook medium and short distance trips. The
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FIGURE 3. Trajectory line of taxi trips. (a) Short distance trips trajectory.
(b) Long distance trips trajectory.

following research will further explore the characteristics of
taxi trips.

B. IC CARD DATA DESCRIPTION
The IC card data in Shenzhen not only included the IC card
data of metro trips, but also included the IC card data of bus
trips. The research object of this paper did not include the
transportation mode of bus. Therefore, the IC card data of
bus were excluded from the IC data. The form of raw IC card
is shown in table 3.

IC card data cleaning, the most important task, had these
rules:

1) Reserving the following data fields for this research,
including record encoding, card logic encoding, record
time, event ID, station name, vehicle number and other
data fields were removing when preprocessing.

2) Retaining data collected within the ShenZhen, our
study area.

3) Keeping data record of ShenZhenmetro from 7 o ’clock
to 11 o ’clock.

C. PRIVATE CAR AVI DATA DESCRIPTION
The AVI data includes almost all types of motor vehicles in
Shenzhen. Including special vehicles such as police cars and
taxis. The purpose of this research is to extract private car trip
records from the checkpoint data, explore the characteristics
and rules of private car trip, and was compare with other
transportation modes.

Different from the previous two kinds of data processing,
this data processing approach is relatively complex. Because
the traditional approach of extracting OD from vehicle iden-
tify data is to take the records of ‘‘origin’’ and ‘‘destination’’
of a vehicle as the origin and destination points respectively.
However, this extraction approach would make it impossible
to correctly identify multiple trips made by a vehicle.

As shown in figure.4, if the vehicle had passed a vehicle
identify bayonet (I+ 1), with a long stay, and then the vehicle
passed the vehicle identify bayonet K, apparently interval
time between the vehicle identify bayonets is far greater than
the vehicle driving time interval t, according to the actual sit-
uation, the vehicle passed bayonet (I + 1) can be regarded as
finished the trip at a time. However, the traditional extraction
approach will include vehicle identify K in this trip, resulting
in the previous completed trip cannot be identified.

TABLE 3. The form of Ic card data.

FIGURE 4. Vehicle trips record of bayonet.

In this situation, the research optimized the traditional
extraction method and used the driving time between vehicle
identify to determine whether a trip has been completed.

The method of extracting AVI data information was
divided into the following steps:

1) Vehicle information was extracted by classification;
2) Vehicle trip time was used to distinguish trip destina-

tion:
The driving time was used to determine the destination of

a trip; the research took the trip time of all vehicles between
any two vehicle identify bayonets data record. Most of these
records were the normal trip time of vehicles between the
vehicle identify bayonets. However, many abnormal values
were also included, which far exceed the normal trip time.
These abnormal driving times were mainly caused by the
long stay after completing a trip. In order to explore the
distribution of trip time between vehicle identify bayonets,
the research extracted all the driving time and made a box
plot in figure.5.
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FIGURE 5. Car trip time box plot.

TABLE 4. Avi record of vehicle.

In figure.5, the upper limit of the box diagram was 7440
seconds, and the trip time between vehicle identify bayonets
greater than 7440 seconds is considered an outlier. Therefore,
this research took 7440 seconds as the threshold to judge
whether a trip is completed or not. If the time between two
vehicle identify bayonets was greater than 7440 seconds,
the vehicle was identified as having completed a trip at the
upper vehicle identify bayonet. As shown in table 4, the driv-
ing time of the vehicle from the second vehicle identify bay-
onet to the third vehicle identify bayonet far exceeds 7440s,
the vehicle was considered to have completed a trip from the
bayonet I to bayonet II.

According to the comparison, 841228 trip records were
extracted by the traditional extraction approach, while
1507470 trip records were extracted by the extraction
approach based on the discrimination of vehicle driving time,
which greatly improved the accuracy and completeness of
data extraction compared with the traditional method.

IV. TRAVEL CHARARCTERISTICS ANALYSIS AND TRAFFIC
ZONE DIVISION
A. TEMPRORAL AND SPATIAL CHARARCTERISTICS
ANALYSIS OF MULTI-MODE TRANSPORTATION TRAVEL
In urban transportation system, different modes of trans-
portation undertake different transportation functions due to
their transportation characteristics. Moreover, residents in

FIGURE 6. Box plot of different transportation modes. (a) Box plot of
metro trips. (b) Box plot of private car. (c) Box plot of taxi.

multi-mode traffic environment tend to make combined and
diversified travels. In the extracted data, metro card and pri-
vate car trip was far more than taxi trip. This showed that in
the transportation structure of Shenzhen, taxi trips account
for a relatively small proportion, while metro and private cars
trip account for a relatively large proportion. Based on the trip
records of the three transportation modes, this section made
a comparative analysis of the travel rules and characteristics
of the three transportation modes.

The travel distance of transportation is often an important
index to judge the transportation task undertaken by amode of
transportation. This section will use the results in Section 2 to
analyze and compare travel distance distribution of various
transportation modes.

Due tomany outliers in the process of data processing, such
as GPS data report point error or drift data interference, many
vehicles trip data appeared thousands of kilometers abnormal
trip. Considering the large amount of data, this research
used the box plot for analysis and comparison. The research
classifies the metro trip records, private car trip records and
taxi trip records in Shenzhen. Since the geographic location
information of the trip records was longitude and latitude
coordinates, the research needed to convert the longitude
and latitude to calculate the Euclidean distance from the
original to the destination. Finally, it obtained the trip dis-
tance box plot of different transportation modes which shows
in figure 6:

As shown in figure.6, the metro trip distance was gen-
erally less than 31 kilometers, with the upper and lower
quartile being 15 kilometers and 4.5 kilometers respectively.
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FIGURE 7. Multi-mode transportation trips distance proportion.

Considering that the distance in this research is not the
actual trip distance and the distance of OD was the straight-
line distance from the original and destination in the data,
the actual trip distance values should be greater than this
length. Generally, the short distance trips in big cities is
about 4-6km. A small portion of the metro trips took short
distance trip, while most of them take medium and long
distance trips. Additionally, the trip distance of private cars
was generally less than 30 kilometers and the upper and
lower quarter points of the box plots were 13 kilometers and
2 kilometers respectively, indicating that the use of private
cars in ShenZhen was relatively flexible. Private cars play an
important role in short, medium and long distance trips. The
difference between taxis andmetros and private cars trips was
the most obvious. According to the results of the box plots,
most taxi trips were below 13.3 km, with the upper and lower
quarter points being 6 km and 1 km. most of the taxi trips are
short and medium distance.

However, the box plots showed only a general distribution
of the data. If the research wanted to make a more detailed
comparative analysis of different transportation patterns, it is
difficult to rely on box plots alone. In this paper, the trend of
the distance proportion in the total trip of different transporta-
tion modes was presented, as shown in the figure 7:

It can be clearly seen from the figure.7 that with the gradual
increase of distance, the trip volume of the three transporta-
tion modes decreased relatively. However, the decline of taxi
was much larger than that of private car and metro. This was
consistent with the reality. Taxi trips were priced according to
the trip distance. The larger the trip distance of taxi, the higher
the price. On short and medium trip, taxis were favored by
travelers because they are convenient and quick and relatively
free to origins and destinations. The proportion of metro in
short distance trip was relatively small. The proportion of
metro in medium and long-distance trip was relatively large.
However, private car trip distance was relatively stable and its
trip volume was always in a moderate state with the change
of distance.

In addition to distribution difference in trip distance,
the distribution difference in time of the three transporta-
tion modes is also significant. As shown in the figure.8,
the research made statistics on the number of trips in different
traffic modes from 7 o ’clock to 23 o ’clock on September 1.

FIGURE 8. Multi-mode traffic trips distance proportion.

For the analysis of multi-mode spatio-temporal pattern,
this research had the following important information, which
would be used as the basis for the division of TAZ in the
section 3.3 and traffic demand forecast:

1) From the perspective of space, the trip distance of taxi
was shorter than that of the other twomodes of transportation.
It also focuses on short trips.

2) From the perspective of time, subway and private cars
were affected by the trip time, while taxi trips were not
affected by the time.

B. THE CLUSTERING METHOD OF TAZ DIVISION
The concept of TAZ is put forward from the field of traffic
planning. Its purpose is combining the generation and attrac-
tion of traffic demandwith the social and economic indicators
of the region to show the spatial and temporal distribution of
traffic demand flow between TAZ and or simulate the traffic
state of the road network.

The division of TAZ is an important step in traffic plan-
ning. The traditional division of TAZ is mainly divided by
administrative area or geographical restrictions and a series
of division principles should be followed at the same time.
According to the traditional division method, when division
of traffic areas are intensive more, the accuracy is higher.
However, the workload of traffic investigation, analysis and
evaluation will also increase. It is difficult to balance the
accuracy and workload. With the continuous development
of transportation system technology, vehicle GPS, vehicle
identify camera and other equipment continue to emerge,
providing a more rapid and efficient data means for traffic
analysis. It has become a hot issue in the field of transporta-
tion to study and predict the traffic behavior law by using the
big data generated by traffic.

The research considered using GPS, IC card data and vehi-
cle identify data, using k-means clustering method to divide
Shenzhen traffic zones.

K-means algorithm is a clustering algorithm. The so-called
clustering refers to the classification of relatively close data
samples into the same cluster according to some similar-
ity rules [25]. In general, the similarity between objects is
measured by distance. The evaluation of clustering results
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is usually based on whether there is enough differentiation
between classes in the clustering results and whether different
objects are closely related under the same category.

K-means algorithm is very efficient for clustering big data
and has good portability. However, the disadvantages are also
obvious. Obviously, k-means algorithm needs to determine
the size of k value which is the number of traffic zones.
The results of selecting different k-value clustering are quite
different. When the k-value is large, the zones will be too
small, which will not only bring more workload to the follow-
up data processing and analysis, but also lead to the fact that
the travel volume of some zones is too small or appear many
travel behaviors do not conform to the reality. A small value
of k will lead to a lack of fine division of the area and too
many travels volume in the area.

The k-means algorithm is mainly divided into the follow-
ing steps:

1) Given the number of classification groups k;
2) Randomly selecting k initial clustering centers from

data objects;
3) The distance of other objects to each center is cal-

culated and classified into the class cluster with the
smallest distance;

4) According to the clustering results, the center of each
class is recalculated. The calculation process of the cen-
ter is to calculate the average value of each dimension
of all objects in this class;

5) All objects are reclassified according to the newly iden-
tified K clustering centers;

6) Repeating this process until the cluster center was
essentially unchanged.

The selection of k value is directly related to the effect of
clustering and has a great impact on the subsequent analysis.
In this paper, elbow rule and contour coefficient were used to
optimize the k value of clustering to improve the clustering
effect. Elbow method was used to quickly and efficiently
divide the appropriate quantity range of the traffic area. Fur-
thermore, the number of the TAZ would be accurately and
objectively evaluated by more in-depth and specific contour
coefficient method.

Elbow method was calculated by taking the sum of the
distortion degree of the category as the cost function. The sum
of the distortion degree of the category is usually measured
by the Sum of the Squared Error (SSE), which shown in the
following:

SSE =
k∑
i=1

∑
x∈ci

dist(ci − x)2 (4)

where k is number of clustering centers, is the ith cluster
center and denotes Euclidean distance.

With the concept of error sum of squares, the researchers
can find the kth center of mass mathematically. The objective
function is set to be SSE. Moreover, in order to minimize it,
the research take the derivative of it and set its derivative to

FIGURE 9. Result chart of elbow mothed.

zero:

∂SSE
∂ck

=

∂
k∑
i=1

∑
x∈ci

(ci − x)2

∂ck
= 0 (5)

where k is number of clustering centers, is the ith cluster
center.

The best center of mass to minimize SSE is the arithmetic
mean of all objects in the cluster.

The elbow method also takes the error squared and SSE as
the cost function.When the category increases gradually, SSE
will gradually decrease. When k value of data with degree of
differentiation reaches a certain critical point, the degree of
distortionwill be improved greatly, SSE significantly reduced
and then gradually smooth. SSE relation between k is shown
in figure.9, forming an ‘‘elbow’’. ‘‘Elbows’’ location near the
critical point is the best k value in the range. In figure.9, when
the number of zones was more than 100, the decrease of error
SSE was very small and the whole image tends to be flat. The
paper set the number of TAZ between 20 and 70.

As mentioned above, elbow method had its drawbacks.
This approach took SSE as a cost function. However, when
the k value of clustering increases to a certain degree or even
extreme to a sample divided into a small area that SSE is
0 and the clustering effect is evaluated as the best, which
is the extreme point of its evaluation. Silhouette coefficient
approach better compensates for this. It considers the clus-
tering cohesion and separation. Through the approach of
Silhouette coefficient, the clustering results are evaluated
by comparing the Silhouette coefficient. The value range of
the silhouette coefficient is [−1,1]. When the value of the
coefficient is closer to 1, it indicates that the object is more
closely related to the homogeneous class cluster and has
a higher discrimination with the surrounding class cluster,
therefore, the evaluation effect is better. The calculation steps
of Silhouette coefficient are as follows:

1) Calculating the average distance between object i and
other samples of the class cluster s1, s2 . . . sk , ai is
called intra-cluster dissimilarity. When ai is smaller, t
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FIGURE 10. Silhouette coefficient graph.

the object is easier to be assigned to the class cluster.
The mean of the intra-cluster dissimilarity of all objects
in class cluster M is called the cluster dissimilarity of
cluster M.

2) Calculating the average distance bij of all samples
from object i to some other cluster N, which is
called the dissimilarity between object i and N.
Define the inter-cluster dissimilarity of object i: bi =
min{bij, bi2. . . . , bik}. The larger bij is, the less the
object belongs to other class clusters.

3) According to the intra-cluster dissimilarity and inter-
cluster dissimilarity of objects, the calculation formula
of contour coefficient is defined as:

S(i) =
bi − ai

max{ai, bi}
(6)

where ai is intra-cluster dissimilarity, bi is inter-cluster dis-
similarity of object i.

According to the Section 3.2.3 mentioned, the range of the
number of zones had been locked between 20 and 70 cells.
Additionally, the Python language was used to classify the
number of different cells to calculate their Silhouette coeffi-
cient values, as shown in figure.10:

As shown in figure.10, when the clustering value was
around 21, 34, 51 and 63, the Silhouette coefficient was the
largest and the cohesion and separation of classification per-
formance can achieve a better effect. Considering Shenzhen
city on September 1 on the same day the travel volume of each
transport modes, if number of TAZ was too little, it would
cause too much proportion in travel and further affect the
subsequent model forecasting. Therefore, the research would
select 34 traffic zones based on silhouette coefficient.

C. THE CLUSTERING METHOD OF TAZ DIVISION
When citizens travel by different transportation modes, their
travels will have different characteristics in time and space.
Therefore, according to their characteristics, GPS data was
selected to divide the TAZ. The main reasons are following:

FIGURE 11. Distribution of taxi trip OD points.

FIGURE 12. Results of k-means clustering.

1) When dividing the TAZ, researchers paymore attention
to the trip generation of the TAZ. However, the trip gen-
eration of TAZ at different times is different. Therefore,
if the travel information provided by the data is greatly
affected by time, it will affect the TAZ division when
researchers use data-driven method to divide. Accord-
ing to analysis in section 3.1. Taxi trip is quite different
from the other two modes trip, which is reflected in
stability time distribution.

2) The metro has fixed routes, and the nodes of routes
are mainly composed of 137 metro stations. Although
private cars trip freely, they record the trajectory by
vehicle identify points. Therefore, their data coordi-
nates are also fixed at more than 2000 vehicle identify
points. By comparison, the OD of the taxi distribution
from a certain extent reflects the urban spatial distri-
bution of travel demand which is shown in figure.11.
The trajectory of taxi is more random than other two
modes, Therefore, it is more reasonable to useGPS data
to divide traffic zone.

According to the elbow method and contour coefficient
method used above, the number of traffic zones, i.e., the
clustering k value, is set at 34. Cluster all taxi trip starting
and ending points, and the clustering results are as figure.12:

By comparing division results which is shown in fig-
ure.12 with trip heat map which shown in figure.12. The
heat map was simple according to the trip density analysis.
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FIGURE 13. Result of boundary division.

TABLE 5. Distribution matrix of metro trips from 7:00-8:00.

It was found in heat map that the OD distribution of area
was intensive in the southern area, the system divided it into
the populated TAZ, smaller TAZ. In the northern area OD
distribution was relatively sparse, the area divided in heat
map is larger. The clustering results can fully reduce the large
difference in OD distribution between the TAZ caused by the
over-concentration and over-dispersion of trip density. At the
same time, this division method also avoided the problem
of excessive trips in the southern region. It was found that
clustering results have a good effect, which can objectively
consider the distribution differences of trip between different
TAZ and solve the problem of large OD matrix value differ-
ence and large number of outliers in the forecasting model.

There are many methods for dividing zones. This paper
proposed a boundary division method based on convex hull
[26]. The convex hull refers to a set of points on a given plane,
and the smallest convex polygon surrounding the set of points
is obtained, which is the convex hull. In this paper, the class
clusters formed by the divided samples were regarded as a set
of points s1, s2, s3 . . . sk , where k is the cluster number of the
TAZ. The result is shown in figure.13.

D. OD IDENTIFICATION
The paper defined the TAZ as zones 0-33. The travel demand
per hour is studied and the time of the travel demand gener-
ation (based on the departure time) was taken as the attribute
to divide the time period. Considering the limitation of the
metro opening time, it wass divided into 16-hour segments
from 7:00 to 23:00 of the day of September 1, and OD
was extracted for each hour segment. The OD distribution
matrix of metro was obtained as table 5. Additionally, the OD
distribution matrix of private cars and taxis were also similar
to this.

TABLE 6. Model parameters.

FIGURE 14. The structure of the single mode forecasting model.

V. TRAFFIC DEMAND FORECASTING MODEL
A. EVALUATION METHODOLOGY AND PARAMETERS
To testify the existence of correlation among multi-mode
travels and travel demand. Comparative experiment was also
conducted.Multi-mode traffic demand forecastingmodel was
established. The python libraries and google cloud were used
to build our models. The research uses the NVIDIA Tesla
P100, CUDA8.0 and cuDNN 5.1.

The experimental environments parameter settings are
shown in table 6.

B. INTRODUCTION TO MULTI-MODE TRAFFIC DEMAND
FORECASTING MODEL
In the traditional traffic zone demand forecasting methods
mentioned in section II. Based on the divided traffic zones,
the social and economic data of each traffic zone were col-
lected. Moreover, the travel demand of each traffic zone
was predicted by combining the traffic impedance of each
traffic zone with the trip generation and attraction of each
traffic zone. In this paper, the single-mode demand fore-
casting model was based on deep learning algorithm [30],
[31], and the forecasting structure of traditional traffic zone
demand forecasting was used for reference, taking private
car forecasting as an example. The model was established
by taking the private cars generation and attraction of TAZ,
the distance between TAZ as the input of the model, and the
trip demand of private cars as the output. The structure of the
model is shown in figure14:

Since the data in this study was not large and the com-
plexity of the model was moderate, two hidden layers were
selected. For the selection of the number of neurons in the
two hidden layers, if the number of neurons in the hidden
layer is too small, the number of samples will not be sat-
isfied; if the number of neurons in the hidden layer is too
large, the generalization ability of the model will be poor.
Therefore, the study used empirical formula to determine
the approximate selection number of neurons in the hidden
layer, and then select the neural network structure with the
minimum error by selecting part of the data set for testing.
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FIGURE 15. Test results of neurons with different structures.

FIGURE 16. Single mode transportation neural network structure.

The empirical formula is:

t =
√
m+ n+ a (7)

Where t is the number of hidden nodes s; m is the number
of nodes in the input layer; n is the number of output layer
nodes; a is a constant, usually 1 minus 10.
According to the empirical formula, the number of neurons

in the hidden layer was set as 1 to 12, and the number of
neurons in the two hidden layers was taken as the object
to obtain the forecasting errors of all the different structure
models through traversal, which was 144 times in total. Some
samples were taken as test data and compared. According to
the result, the research will choose the most appreciate neural
network structure. The result is shown in figure.15 as follows:

As shown in the figure.15, After calculation, the 70th
similar neural network model structure could achieve the
minimum loss. Therefore, the 70th neural network structure
with 5 neurons in the first hidden layer and 10 neurons in
the second hidden layer was finally selected which is shown
in figure.16. This single mode traffic demand forecasting
model would be used to compare with the multi-mode traffic
demand model in the next section.

FIGURE 17. The result of batch size test.

FIGURE 18. The result of traffic demand test.

The research selected part of the sample data to select
different batch size through comparing their Mean Squared
Error (MSE). The result of batch size test is shown in fig-
ure.17.

After comparison, the study finally chose 256 as the final
batch size. In addition, the research also used the dropout
method. Finally, the trained model was applied to the test set,
and the result is shown in figure.18.

The calculated result of MSE (Mean Squared Error) was
0.002017, with a small error value, and good forecasting
results have been achieved.

C. RESEARCH ON MULTI-MODE TRAFFIC DEMAND
FORECASTING MODEL
In this research, the single-mode demand forecasting model
has achieved good results. On this basis, this study further
upgraded the model. There were some limitations to pre-
dict a travel pattern information based on its own informa-
tion. The travel patterns of road network were complex and
diverse. Furthermore, the single model ignored the correla-
tion between travel patterns. In order to make it learn and
improve the forecasting accuracy, this research considered
adding information on other traffic patterns related to the
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FIGURE 19. The structure of the multi-mode forecasting model.

FIGURE 20. Multi-mode transportation neural network structure.

predicted object based on the original model to provide more
features for the model [28].

In this section, the dimensions of input data were increased
compared with single-mode traffic demand forecasting. The
research took private cars as the forecasting object. Moreover,
the travel demand data of taxi and metro trips were added to
the input nodes of the network as input values. Additionally,
the correlation between various traffic modes was added to
the model. The structure of the multi-mode forecasting model
is shown as figure.19:

Neuron structure also adds two dimensions to the single-
pattern forecasting model. Similarly, the empirical method
and the traversing method were used to obtain the optimal
neural network structure model. The first hidden layer was
determined with 5 neurons, and the second hidden layer was
determined with 6 neurons, as shown in figure.20:

Based on the determination of neuron structure, the
research selected the batch size for model which was shown
in figure.21:

The Loss function still chose MSE, which iterates faster.
Moreover, batch size is selected to 256, which is a reasonable
batch size. Finally, the model was trained, and the trained
model was tested with a test set. The test results are shown
in figure.22:

FIGURE 21. The result of batch size test.

FIGURE 22. The result of multi-mode traffic demand test.

The calculated result of MSE is 0.00176, and the value
was smaller and more accurate than the single-mode trans-
portation forecasting. Certainly, it is difficult to accurately
compare the performance of the two models based on this
index alone, and more evaluation indicators would be intro-
duced in the following sections for comprehensive evaluation
and comparison. It had certain limitations to predict a traffic
pattern only by the information of the transportation mode
itself. The traffic patterns of road network were complex
and diverse, and the single forecasting model ignored the
correlation between them. Based on the original model, this
research considered adding the information of other trans-
portation modes related to the predicted object to provide
more features for the model, which also proved indirectly
that the fusion of multi-mode traffic data was beneficial to
improve the accuracy of traffic demand forecasting.

D. MODEL EVALUTION AND COMPARISON
The single mode traffic demand forecasting model only con-
siders the generation and attraction of the traffic zones and
the traffic impedance as the influencing factors of the travel
demand, while the multi-mode traffic demand forecasting
model comprehensively considers the influence of the other
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TABLE 7. Model results comparison table.

two modes of traffic demand. This section will compare the
two prediction models.

In the process of model fitting, the loss function was
MSE. Loss is a kind of error function composed of actual
value and forecasting. In addition to using loss function to
fit the model, the function could also be used to evaluate
the model. Commonly used evaluation indexes include: MSE
(mean squared error), MAE (mean absolute error), MSLE
(mean squared logarithmic error), andMAPE (mean absolute
percentage error).

Different evaluation indexes have their advantages and
obvious defects. For example, MSE index will expand the
impact of larger values, making the samples with larger val-
ues play a more important role in model evaluation. MSLE is
an improvement based onMSE, which weakens the influence
of the maximum error band by logarithm function.

Different evaluation indexes have their own advantages
and disadvantages. This research combined different evalu-
ation indexes to evaluate the models more comprehensively.
The evaluation results are in VIII:

It can be seen that the accuracy of multi-modal traffic
demand forecasting model hads been improved in all aspects,
and the results of different indicators showed the advantages
of multimodal traffic demand forecasting model in demand
forecasting.

This research showed that the correlation between different
traffic modes was helpful to optimize the demand forecasting
model. The original single mode traffic forecasting model
could use more data features for learning, which greatly
improves the prediction accuracy because it increased other
related traffic modes for travel demand prediction. Further-
more, it provided strong empirical evidence for the existence
of correlation among multi-mode travels and travel demand.

VI. DISCUSSION
Traffic zone division and travel demand forecasting play
important roles in the accurate calibration of travel demand
forecasting models. Traffic zones are an important compo-
nent of traffic surveys, growth forecasting, trip generation and
trip distribution. Several common rules in the conventional
traffic zone division approach [29]. These include: 1) tak-
ing rivers and mountain as the natural and administrative
boundaries; 2) maintaining the consistent characteristics of
social, land-use and economic activity in one traffic zone; and

3) selecting appropriate traffic zone sizes. In general, zones
are larger in the suburbs where traffic volume is low and
smaller in urban/ Central Business District areas where traffic
volume is high. However, the conventional method of traffic
zone division is not a theory-driven approach that cannot
reflect the latest or even real-time traffic patterns and con-
sistent characteristics within a traffic zone. Our data-driven
approach had shown that that GPS data, IC card data and AVI
data are emerging and promising data sources for traffic zone
division. The proposedmethod offered improved flexibility in
selecting the desired number of zones and reasonable division
accuracy.

Moreover, our research also proposed a deep learning
method to predict the traffic demand in an aggregation way
and compare with single sparse data, which provided a new
perspective for traffic demand forecasting and provide strong
empirical evidence for the inexistence of correlation among
multi-mode travels.

Our future research will address the following limitations
and challenges:

1) Our current approach did not take into consideration
geographical boundaries (rivers, railways) and admin-
istrative boundaries. In the future, we will develop
a refined method of traffic zone division which
will combine geographical boundaries, administrative
boundaries and geographic information systems (GIS)
through a post-processing.

2) Multiple transportation modes used by a same traveler
affects feature data extracted from the multiple data.

3) The forecasting model lacked a certain interpretability,
and it could not give a clear explanation of what kind
of correlation exists between various data.

4) Due to the limited available data, the research com-
bined the spatial and temporal characteristics of various
data to select the data of taxis for dividing the TAZs.
In the future, the research will collect more useful
and relevant information, such as citizen acceptance of
different transportation modes, relevant traffic policies
and commuters travel taste heterogeneity, to divide the
community, which will be more reasonable [32]–[35].

VII. CONCLUSION AND RECOMMENDATION
This paper proposed a data-driven to extract travels’ OD
information from multiple data, and to use the extracted data
for analyzing the characteristics of multiple transportation
modes.Moreover, the research proposed a k-means clustering
algorithm to classify TAZ. It based on characteristics of mul-
tiple transportation modes to divide the ShenZhen into a total
of 34 traffic zones using another k-means clustering algo-
rithm. Furthermore, it proposed amachine learningmethod to
predict the traffic demand in an aggregation way and compare
with single sparse data, which provided a new perspective
for traffic demand forecasting and provide strong empirical
evidence for the inexistence of correlation among multi-
mode transportations. At present, there are a few researches
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of multi-mode traffic demand forecasting. This research put
forward some ideas on this research field. However, there are
still many deficiencies. The following are some aspects worth
further expanding and deepening in this research:

1) In this research, AVI data, taxi GPS data and IC card
data were selected as data sources for multi-mode traf-
fic demand forecasting, and metro, taxi and private
car were selected as three transportation modes. Future
researches can be further deepened in the selection
of transportation modes, such as establishing a more
comprehensive multi-mode traffic demand forecasting
model with bus and other transportation modes and
exploring the complex non-linear spatial and temporal
relations among regions and multiple transportation
modes.

2) In terms of temporal dimension, data of September 1 in
Shenzhen city were selected in this research. Traffic
data analysis work is very complicated due to the large
amount of data, which requires patient data processing.
In the future, if there are sufficient data sources, we can
consider processing the data of a week or even a month.
More data can make the model better and the forecast-
ing accuracy will be greatly improved.

3) As for the division of TAZ, k-means algorithm was
adopted in this paper, which has advantages and dis-
advantages. The advantage lies in its efficient divi-
sion, while the disadvantage lies in many problems
such as selection of initial center of mass and k value.
The improvement methods adopted in this paper can-
not completely solve these problems, therefore, other
classification algorithms can be considered for later
research.

4) For the forecasting method, the multi-layer perceptron
model with multiple hidden layers is adopted in this
paper, and better forecasting models such as Convo-
lutional Neural Networks can be considered in the
future. In addition, the form of input and output of
the model can be changed. For example, the distri-
bution of OD matrix can be considered as an image,
and the forecasting of OD matrix as an image recog-
nition process, which can be further studied in the
future.
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