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An approach to merging railway ticket records into
origin-destination pairs based on sparse matrix
characteristic
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Abstract: This work describes a data merging method under the background of railway tickets data
integration. Origin-destination (OD) pairs are fundamental data in transportation engineering, and are
widely used in various applications. For example, predictive OD pairs of the long-term future are the
basis of optimizing transportation network design. Optimization of transportation plans also relies on
existing OD pairs. The size of an OD matrix is always huge in a real transportation system. Each
element of the matrix, i.e. an OD pair, is accumulated by numerous passenger tickets or freight invoices.
The size of an OD matrix is huge in real transportation systems. In a railway system, each element of
the matrix, i.e. an OD pair, is accumulated by numerous passenger ticket or freight invoices. In 2013,
China railway system transported 2.075 billion passengers. In other words, an equivalent number of
tickets were sold. Each ticket consists of information on the name of origin and destination, train
number, and seat class etc. Similarly, a railway freight invoice consists of information on the name of
origin and destination, freight category (e.g. coal, oil, grain, and ore), and volume etc. Obviously, the
tickets usually contain some identical fields of information. For example, two tickets can share the
same origin and destination. Researchers use only particular fields of the tickets for different analysis
purposes. Consequently, an effective approach is needed to merge the ticket records based on interested
keywords and creates the corresponding compressed OD matrix. A simple direct merging method costs
a lot of computations. This work proposes an effective and efficient approach, named origin-associated
merging, to merge ticket records based on the sparse matrix characteristic. For experiments, 30 samples
are created according to the characteristic of China railway passenger flow, ranging from 200
thousands to 6 million records with a step of 200 thousands records. The experimental results show that
the time using origin-associated merging is about 1% of that of direct merging. It is worth mentioning
that the number of passenger tickets in China railway system is approximately 6 million per day.

Key words: data integration; rail transportation; OD pair; sparse matrix; ticket records

0 Introduction

Data merging is an important method in data processing. With the progress of information
technology, the scale of data has been rapidly expanded, especially in areas involved in computer
applications. The work of Ying™ proposes a method to merge and integrate catalog data in
merged university libraries. Chen!® gives a preliminary study on patterns of library network
construction and data integration since university merging of China. In the paper of Zhang"®,
several issues are discussed including the integration of bibliographic data and merging of data to
export, splitting bar code number, unifying the length of bar code number, deleting duplicate
records and merging data. However, works on the merging of OD data in railway passenger tickets
or freight invoices has not been found explicitly.

An optimization of passenger or freight train plan depends on the analyses of current or
annual prediction of OD datal®!. While the optimization of railway network design usually
depends on the prediction of OD data ten years later®l. At present, China railway operation
mileage is over 100 thousands kilometers, among which the length of high-speed railway is over
11,000 kilometers, covering thousands of stations. There have been 4894 passenger trains
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including 2660 high-speed trains(EMU) in China railway system since July 2014™. According to
statistics, in the past year, 2.075 billion passengers travelled by China railway™. It should be
noted that 2.075 billion tickets does not impose the same amount of OD pairs. In general, an OD
pair consists of a great number of passengers. To merge 2.075 billion tickets into the needed OD
pairs, one ticket is compared to another by their origin station names and destination station names
respectively. An estimated comparison times will exceed 100 trillion, which is hard to realize on
computers. For a large-scale railway network such as China railway network, only a few pairs of
stations present passenger demands. In other words, for a given station, passengers travel to only a
few stations. For instance, assuming 2000 stations in the railway network, at a given station A, the
passengers can travel to all the other 1999 stations in theory. In reality, they actually travel to only
a small number of stations among the 1999 stations. From the matrix point of view, the railway
OD matrix is quite sparse. Based on this sparse characteristic, this paper proposes an
origin-associated OD records mergence approach.

The rest of the paper is organized as follows: Section 1.1 describes the direct merging method.
In Section 1.2 we provide a complexity analysis of direct merging. In Section 2.1 we illustrate the
origin-associated merging method, with a complexity analysis in section 2.2. Numerical analyses
utilizing both methods are described in section 3.

1 Direct merging method

A typical train ticket contains information of the name of origin and destination, train number
(which implicitly determines the type of train), class of service (hard seat, hard sleeper, or soft
sleeper etc), and date etc. Assuming that there are N ticket records to be merged, the direct
merging method is described as follows.

1.1 Description of the direct merging algorithm

Let S™ be a set of N ticket records. Without loss of generality, we assume that each

record only consists of origin and destination stations. Let S™%® stores the OD pairs after
merging the records. We assume that each OD pair is comprised of three fields: origin, destination,

and number of tickets. Firstly, empty the set S™", move the first record r, of S™ into
S™"% name this record as OD pair h, and set the field of number of tickets as 1. Secondly,
compare the second record r, of S™ with h, of S™". If the origin of r, is the same of
that of h, and the destination of r, is the same of that of h,, merge r, into h, and increase
the number of tickets of h, by 1. If either the origins or destinations are different, move r, into
S™"% and set the number of tickets of h, as 1. Continue moving and comparing records. When
it comes to the record I, , assuming there are already m OD pairs in S™%, compare r, with
the elements of S™%successively. If the origin of I, is the same of that of h, in S™*“and
the destination of r, is the same of thatof h,, merge r, into h, and increase 1 to the number
of tickets of h,. If either the origins or destinations are different for all m OD pairs in S™%,
add r, to S™9 andnoteitas h,,, . setits field of number of tickets as 1. Repeat the above

operations until all records in S™ are compared. The detailed algorithm is illustrated in the flow
chart (Fig. 1).
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Fig 1. The flow chart of direct merging algorithm

90 1.2 Complexity analysis
Assume there are M origin-destination pairs after merging N ticket records. Define the
reduction ratio & as @ = M/N . Apparently, the record r, does not need to be compared, so
the computation time is 0. The last record r, will be compared M times in the worst case,

while it needs to be compared only once in the least case. Therefore, as an approximate estimation,
95  the average times of comparison a record is about (1+ M)/4, and dealing with N records needs



100

105

110

115

120

mEEHiEXEﬁ http://www.paper.edu.cn

a total comparison time of N(1+M)/4, i.e, the complexity /3, of the direct merging algorithm

is
L =N@1+M)/4 @
We can infer from (1) that the computation time of this algorithm grows linearly with respect
to the number of records when M is a constant.

2 Origin-associated merging method

There will beY x (Y —1)station pairs for a railway network with Y stations theoretically,
but for a large-scale network, not all station pairs have traffic demands. For example, China
railway network consists of 5,544 stations in 2007 with 520,000 freight OD pairs'®. Each station
has only 93.8 OD pairs on average. In other words, for a certain freight origin, the number of
corresponding destinations is less than two percent of all stations. It is obvious that the railway OD
matrix is highly sparse. Utilizing this characteristic, we can first compare the origins of two
records, if their origins are same, compare their associated destinations. In this way the number of
comparison times can be effectively reduced. Based on this idea, we propose a novel merging
approach named origin-associated merging method. The algorithm is described as follows.

2.1 Description of the origin-associated merging algorithm

Let F be a set of all origins. The size of the setis Y . Let D(i) be a set of all possible
destinations of origini. Let n,‘;(i) be a variable of the number of tickets whose origin is
theithelement in F and whose destination is the kthelement in D(i) . Firstly, empty the set
F , copy the origin of the first record r, of S™ to F, copy its destination to D(1) and set

nlD(l) =1. When it comes to record I, in Si”“,assuming there are already N, originsin F,
compare the origin of r, with that of all n; origins. If the origin of r, matches the ith
element of F, compare the destination of r, with each elements of D(i) respectively. Stop

comparing when the destination of I, matches the hth elementin D(i). Increase the value of

h

Ngg by 1. If no matching element is found, add the destination of r, to D(i) and set

n‘,f((ii))‘+l =1. However, in the case where the origin of r, does not match any elements of F,
add the origin of 1, to F and increase the value of n; by 1. Meanwhile, add its destination to

D(n, ). Repeat the above operations until all records of S Mt are compared. Detailed algorithm

is shown in the following flow chart.



125

130

DERFEXES

http://www.paper.edu.cn

Define an empty set F, move the origin of the first record to
F, n&1; Define an empty set D(1), move the origin and
destination of the first record to D(1), and set the

corresponding number of tickets ng(l) =1

n=ng1, add this
originto F, define an
empty set D(ny)

Add the destination of
re to D(ng), and set the
corresponding number

olf tickets
Moy =1

!

Define set S™, move all
remaining records to it, k=0

Let k=k+1, take the kth record ry in

Sinit

Is the origin of ry in F?

s the destination of r in D(i
and match the hth element?

Increase the number of tickets of the

corresponding destination in D(i) by 1 ,i.e.,
ntoo=nd.+1
D(i) D(i)

Add the destination of ry
to D(i), and set

\D(i)\+1 _
No iy =1l

Are all records in

S compared?

2.2 Complexity analysis

Skip the first record r,. The origin of the last record I, will compare Y times in the

worst case, while it needs only one comparison in the least case. An average comparison time is
the mid-value of the two extreme values, i.e. (1+Y)/2. Consequently, the average comparison

time of the origin of all elements in S™" is (1+Y)/4. The origins of all N records needs a

comparison time of N(1+Y)/4. Now assume each origin is associated with D destinations.

-5-

Fig 2. The flow chart of origin-associated merging algorithm
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Given a certain origin U € F, suppose there are N, records with origin U, among which the

destination of the first record need not be compared; for the last record, its destination needs to be
compared D times in the worst case, but only once in the least case. In this analogy, for any
record, the average comparison time should be the mid-value, that is (1+ D)/2 . Therefore, for

all N, records, the average comparison time is (1+ D)/4. We can infer that the complexity

3, of this method is
B, =N[@+Y)/4+@1+D)/4] (2)
Clearly, the relative efficiency « of the two algorithms is
_ B> _N[@+Y)/4+(@1+D)/4] Y+D
yoa NL+M)/4 M
Suppose N = 6,000,000 (which is roughly equal to the number of tickets sold per day in

China railway), M =200,000 , Y =2000 , and D =100 , then a ~1% . Apparently,
origin-associated merging method improves the merging efficiency significantly.

(3

3 Numerical Analyses

We observed from our work supported by China Railways Corporation that, in recent years,
freight stations with lower freight demands have been closed and the number of freight stations in
operation has reduced to about 3,239. In addition, the number of OD pairs is 336,384, which
suggests that each station is associated with about 104 OD pairs. As for rail passenger
transportation, the number of stations with an departure or arrival volume over 10,000 passengers
per year is about 2,100. The number of the OD pairs of these stations is about 200,000. On
average, each station is associated with about 95 OD pairs. In conclusion, the OD matrix of China
railway network is highly sparse.

For the convenience of analysis, we may neglect some stations whose transportation
demands are low, so we can assume there are 2000 major passenger stations, labeled from
A0001~A2000. The origins of the records are generated randomly from A0001to A2000. In
theory, for a certain station, there should be 1999 OD pairs. Without loss of generality, We assume
that each origin is associated with 100 destinations. We also assume the destinations are randomly
picked from 100 stations, labeled by B0001~B0100. In fact, BO001~ B0100 should be parts of
A0001~ A2000. We separate the notations of origins and destinations for the convenience of
analysis, without loss of logical reasoning. According to the above hypothesis, we generate 30
samples. The numbers of records in these samples are 200,000, 400,000, 600,000, 800,000, ------ ,
6,000,000 respectively.

3.1 Analysis of records reduction ratio

We adopt direct merging and origin-associated merging approaches respectively to do
computations on the samples described above. All experimental analyses are done on a personal
computer with Intel(R) Core(TM) i5 processor, CPU frequency at 3.19GHz, and a memory of 4G

bytes. The computational results are shown in table 1.
Tab. 1 Major computational results

No. N M ] Time_1/(s) Time_2/(s) a
1 200000 126242 0.63 98 1 1.02%
2 400000 172681 0.43 296 4 1.35%
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3 600000 189789 0.32 524 6 1.15%
4 800000 196185 0.25 673 8 1.19%
5 1000000 198557 0.20 872 10 1.15%
6 1200000 199385 0.17 1054 11 1.04%
7 1400000 199697 0.14 1239 14 1.13%
8 1600000 199835 0.12 1449 15 1.04%
9 1800000 199871 0.11 1639 18 1.10%
10 2000000 199897 0.10 1843 20 1.09%
11 2200000 199912 0.09 2057 22 1.07%
12 2400000 199914 0.08 2303 24 1.04%
13 2600000 199915 0.08 2510 26 1.04%
14 2800000 199919 0.07 2671 29 1.09%
15 3000000 199914 0.07 2926 32 1.09%
16 3200000 199915 0.06 3082 35 1.14%
17 3400000 199910 0.06 3336 37 1.11%
18 3600000 199911 0.06 3540 39 1.10%
19 3800000 199912 0.05 3715 39 1.05%
20 4000000 199923 0.05 3864 42 1.09%
21 4200000 199913 0.05 3987 42 1.05%
22 4400000 199915 0.05 4222 44 1.04%
23 4600000 199922 0.04 4410 46 1.04%
24 4800000 199924 0.04 4577 47 1.03%
25 5000000 199929 0.04 4820 49 1.02%
26 5200000 199923 0.04 4977 51 1.02%
27 5400000 199925 0.04 5251 52 0.99%
28 5600000 199928 0.04 5622 55 0.98%
29 5800000 199921 0.03 5824 55 0.94%
30 6000000 199916 0.03 5906 59 1.00%

170
The forth column of table 1 is the reduction ratio, which is calculated by the value of the third

column over that of the second column, i.e. & =M/N Take the number of records as the

horizontal axis, reduction ratio as the vertical axis, we can obtain the curve of reduction ratio
shown in figure 3.
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Fig. 3 Reduction ratio of railway passenger ticket records

Figure 3 indicates the reduction ratio € becomes smaller and approaches 0 as the number of
tickets grows. This feature will be more evident if we set the merged OD pairs as vertical axis
shown in figure 4. It can be easily seen that as the number of records exceed 1 million, the

180  corresponding value of the y-axis saturates at 200,000.
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3.2 Calculation time analysis using direct merging
We can draw the calculation time curve using the data in column 5 of table 1 (Fig. 5). The
185  calculation time grows linearly as the number of records grows, which meets our theoretical
formulation N(1L+M)/4. Since the structure of passenger flow depends on the population

distribution and passenger train plan in a region, M is approximately a constant within a given
period.
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3.3 Calculation time analysis using origin-associated merging

We can draw the calculation time curve using the data in column 6 of table 1 (Fig. 6). The
calculation time also grows linearly as the number of records grows, which basically meets our

theoretical formulation N[(1+Y)/4+ @+ D)/4]. It will take about 1 second to merge every

195 100,000 records. For a give railway network and a stable population distribution, Y and D are

roughly constants. Of course, Y and D will change slowly as the scale of railway network
expands and the incomes of residents grow.
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Fig. 6 Computation time of origin-associated merging
200 Because the computation speed of the origin-associated merging is nearly 100 times faster
than direct merging, log scale representations can be more intuitive. Hence we plot a time curve
with a log-scale y-axis in figure 7.
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Fig. 7 Comparison between the computation times of two methods
In the figure above, the red curve represents the direct merging method and the blue one is
the other method. It is not difficult to find that the vertical interval between the two curves is
approximately constant. This further confirms the accuracy of (3).

4 Conclusion

Based on the sparse matrix characteristic, this paper proposes the merging methods to
generate railway OD pairs. The first method, namely the direct merging method, compares the
records origin by origin, then destination by destination. Then we refined the direct merging
method considering the sparse characteristic of the OD matrix, and proposed a second method,
namely the origin-associated merging method. Origin-associated merging significantly enhances
the merging performance. The computation speed rises roughly 100 times compared to direct
merging. The approach in this work issues from the demands of the optimization for railway
transportation operation and management. Nevertheless, the underlying method can also be
applied in different transportation systems, such as highway transportation systems, urban
transport management and traffic control, and urban rail transit. We believe that this method can
achieve a similar good performance as long as the corresponding OD matrix has a highly sparse
feature. Take the railway freight transportation as an example. A railway freight invoice record
includes information of the name of origin and destination, freight category (e.g. coal, oil, grain,
and ore), car type, volume, and cars needed etc. In railway network design problem, researchers
only care about the volumes between two zones or stations. While for the design of a coal
transportation rail line, besides the origin and destination, people also need the information of
freight categories in the records. Moreover, in the researches of railway empty car distribution, the
interested fields of information are the origins, destinations and railcar types. In general, when
dealing with the design of transportation network, traffic plan and etc., we frequently encounter
the problems of merging huge quantities of passenger or freight transportation records according
to different needs. The raw records often come in tens of thousands, and even in millions.
Repeated mergence of data will consume a lot of time, so researchers are trying various techniques
to find efficient merging methods. Approaches to merging records according to the interested
fields have become an important research topic in large-scale transportation systems. This work

-10 -
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can be used as technical support for further research works.
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