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Abstract: Trajectory similarity search (TSS) is a common operation for spatiotemporal data analysis.
However, the existing TSS methods are mainly focused on GPS trajectories produced by moving
objects such as vehicles. Further, these corresponding optimization strategies cannot be directly
applied in the metro scenario because the metro passenger trajectory is totally different from the GPS
trajectory. To fill this gap, we systematically analyze the unique spatiotemporal characteristics of
metro passenger trajectories and propose a similarity search solution named PMMTss for the metro
system. The core idea of this solution has two key points: first, we design a multi-layer index based
on the spatiotemporal feature of metro trajectories, and all points of a trajectory are stored in this
index. Second, we design a parallel multi-way merging-based trajectory similar search method, in
which the candidate trajectory segments are merged and filtered. We evaluate this solution on a large
dataset (Shenzhen Metro data for 3 consecutive months, 6.976 million trajectories with 260 million
records). When lengths of input trajectories are 16, 32, and 64, respectively, the corresponding search
times are 0.004 s, 0.016 s, and 0.036 s, respectively. Compared to the baseline PPJion+, the query times
are reduced by 99.7%, 98.8%, and 97.6%, respectively.

Keywords: metro system; trajectory similarity; multi-way merging; smart card

1. Introduction

A modern metro system plays a crucial role in public transportation systems due to
its efficiency, punctuality, and comfort. As the urban population and the metro network
grows, the number of records collected by the automatic fare collection (AFC) system in
the metro is growing rapidly. In the case of the Shenzhen Metro system, as of January
2019, there are eight lines with a total of 166 stations, and the number of active smart cards
has exceeded 10 million. Every day, three million passengers choose the metro as their
traffic way on average. In detail, each record contains information such as smart card ID,
timestamp, station name, and the flag of entry or exit. The entire metro system collects
24 million records per day on average, the corresponding number of records produced in
each month is 690 million, and the corresponding number of records produced in six months
is 4.2 billion. These historical ticket records not only contain the trajectory of individual
passenger, but also contain the movement patterns of millions of passengers [1,2]. How to
manage and mine this valuable dataset is a popular research topic.

The ability to store and analyze this trajectory dataset is the foundation for the down-
stream applications [3,4]. For example, in an epidemic investigation, it is necessary to
quickly determine which passengers have a spatiotemporal intersection with a passenger
who is tested positive for COVID-19. However, it is a challenging task to conduct a similar-
ity search on a dataset with millions of passenger trajectories. Currently, the most existing
trajectory similarity research is focusing on GPS trajectories produced by moving objects,
such as vehicles and mobile devices. The corresponding indexes and filtering strategies are
designed according to the spatiotemporal features of GPS trajectories. However, these tra-
jectories produced by smart cards in metro transportation systems present totally different

Appl. Sci. 2023, 13, 7988. https://doi.org/10.3390/app13137988 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app13137988
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://doi.org/10.3390/app13137988
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13137988?type=check_update&version=2


Appl. Sci. 2023, 13, 7988 2 of 16

spatiotemporal features from GPS trajectories. Thus, it is hard to apply these GPS-oriented
solutions to trajectory similarity searches in metro transportation systems.

To fill this gap, in this paper, we design and implement a trajectory similarity search
solution for millions of metro passengers. The core idea of this solution has two points,
the first is a point-based multi-layer spatiotemporal index and the second is a parallel
multi-way merging-based search algorithm. Compared with the traditional method, our
solution does not generate complete trajectories in advance, all points in a trajectory are
scattered and stored in the spatiotemporal index. In detail, it first partitions all points into
different groups by station name in the first layer, then it further divides the timeline into
different intervals in the second layer and each point in a group is assigned to a particular
interval. As to the search algorithm, it is executed in multiple rounds. In the first round, a
group of tasks takes a query trajectory as input, and get candidate points from the index,
generating candidate trajectory segments. In other rounds, candidate trajectory segments
are merged by the same trajectory identity and the filtering strategy is conducted. Finally, a
group of trajectories is returned, each of which satisfies that the similarity between it and
the query trajectory is large than a predefined threshold.

To evaluate the proposed method, we design and conduct a group of extensive experi-
ments. We first implement PPJoin+ [5], the state-of-art string similarity search algorithm, as
the baseline for evaluation. Then, we conduct a systematic comparison between PMMTss
and PPJion+. Finally, we evaluate the effectiveness of the indexing and the filtering strategy
of PMMTss.

In summary, our key contributions are as follows.
First, we design and implement an effective similarity search method called PMMTss

for metro passenger trajectories. PMMTss has two key points, a multi-layer spatiotemporal
index, and a parallel multi-way merging-based trajectory search algorithm. PMMTss
provides a flexible search interface and implements a filtering strategy to speed up the
search process.

Second, we extend the PPJoin+, which is the state-of-the-art of string similarity search
algorithm, to support trajectory similarity search for metro systems.

Third, we evaluate the PMMTss on a large-scale real-world dataset, which contains
6.785 million trajectories collected from the Shenzhen Metro in three consecutive months.
The experimental results show that: (1) the lengths of sample trajectories are 16, 32, and 64,
respectively, and the corresponding search times are 0.004 s, 0.016 s and 0.036 s, respectively.
(2) Compared with the benchmark PPJion+, the search time is reduced 99.7%, 98.8% and
97.6%, respectively. In summary, our solution achieves a highly efficient search and low-cost
deployment simultaneously.

2. Background and Motivation

In this section, we first introduce trajectory similarity search in the metro transportation
system. Then, we discuss the different spatiotemporal characteristics between the metro
and GPS trajectories. Thirdly, we illuminate the reason why we choose PPJion+ as the
baseline experiment. Finally, we introduce the motivation of our research.

2.1. Trajectory Similarity Search in Metro System

Trajectory similarity search (TSS) is widely used in epidemic prevention and control
during epidemics. For example, in an epidemic investigation, it is necessary to quickly
determine which passengers have a spatiotemporal intersection with a passenger who is
tested positive for COVID-19. From the view of a technical perspective, it is a trajectory
spatiotemporal intersection (TSI), which is a subset of trajectory similarity search (TSS).

We take an example described in Figure 1 to illuminate the difference between tra-
jectory spatiotemporal intersection and trajectory similarity search. As shown in Figure 1,
there are three trajectories, including Tr1, Tr2 and Tr3, were produced by three different
passengers in the metro system. The y-axis and z-axis represent a plane for the metro
network, and the x-axis means the time dimension. Tr1 and Tr2 show the same travel
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pattern, they visit the same station sequence at different time stamps, while Tr1 and Tr2 do
not share the same travel pattern. Thus, the similarity score of TSS between Tr1 and Tr2 is
larger than that between Tr1 and Tr3. As we can see from Figure 1, Tr1 and Tr3 share two
common spatiotemporal points, which means that they almost simultaneously enter and
exit these two stations. However, Tr1 and Tr2 do not share any common spatiotemporal
point. Thus, the score of TSI between Tr1 and Tr3 is larger than that between Tr1 and Tr2.
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search (TSS).

2.2. Comparison between the Characteristics of Metro Trajectory and GPS Trajectory

There are significantly different characteristics between metro trajectory and GPS
trajectory. Details are listed in Table 1. The main reason for these differences lies in the data
sampling methods of the two trajectories. Specifically, GPS trajectories usually use posi-
tioning devices for high-frequency data recording, so each GPS trajectory usually consists
of thousands of trajectory points per trip. However, the metro trajectory is produced by
the smart card records collected by the automatic fare collection (AFC), and each trip of
metro trajectory has only two points, namely, the original and destination stations and the
spatiotemporal information. In addition, due to the precision of GPS positioning devices,
the GPS trajectory usually has serious noises, while the metro trajectory is very accurate.
Thus, it is hard to apply GPS-oriented solutions to trajectory similarity searches in metro
transportation systems.

Table 1. Characteristic differences between metro trajectory and GPS trajectory.

Density of
Trajectory Point

Noise
Level

Spatiotemporal Characteristics
of Trajectory Point

Semantic
Degree

Metro
Trajectory Sparse Low Limited in spatial

Limitless in temporal Weak

GPS
Trajectory Dense High Limitless in spatial

Limitless in temporal Strong
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2.3. The Baseline Based on PPJion+

Having systematically analyzed the characteristics of the metro trajectory and the
GPS trajectory, we believe that the trajectory similarity search for the metro system is more
similar to the string similarity when compared with the GPS trajectory similarity search.
This is because the location of a trajectory point in the metro system is a specific station.
Based on this feature, we can divide the timeline into different intervals. Then, we can treat
each point in a trajectory as a character in a string. Thus, we only need to compare the
time dimension when we measure the similarity of two different points. Further, we can
measure the similarity of two different metro trajectories.

Ref. [6] has conducted a comprehensive performance evaluation on different string
similarity search methods. The results show that PPJoin+ [5] is the best one among these
methods. PPJoin+ has designed three filtering strategies: length filtering, position-based
prefix filtering, and position-based suffix filtering, respectively. These filtering strategies
effectively reduce unnecessary calculations on candidate trajectories, accelerating the
search procedure.

Although GLTC [7] has studied trajectory similarity problems in metro transportation
systems, it did not adopt the solution of PPJoin+ because it is hard to apply PPJion+ to
the scenario of GLTC. PPJion+ was originally used to solve the string similarity search in
a string set. It designs a uniform index for a string set and three corresponding filtering
strategies. We can extend PPJion+ in trajectory similarity search if we take a point in
trajectory as a character in a string. However, the limitation is that PPJion+ can only handle
one type of trajectory produced by the same device. Meanwhile, GLTC involved two
types of trajectories: one is the trajectory produced by the smart card and the other is the
trajectory produced by the Wi-Fi signal of a mobile device. It is hard to build a uniform
index for different types of trajectories with totally different sampling rates and accuracy.

Therefore, we chose PPJoin+ as the baseline for evaluating our solution, PMMTss.

2.4. Motivation

We have extended PPJoin+ to support trajectory similarity search in metro scenarios
and performed a comprehensive evaluation on PPJoin+. The experimental results show
that it still takes several seconds for PPJion+ to perform the similarity search for massive
metro trajectories. For example, given a sample trajectory with a length of 64 points, it
takes 15 s to perform the similarity search among the 6.95 million trajectories. It shows
that there is great potential to improve the search performance of PPJoin+. We deeply
analyzed the execution procedure of the PPJion+, and we found that it produces a full
trajectory in advance; then, we build an index and searched for the target trajectory among
the trajectories. Although PPJion+ have designed a group of effective filtering strategy, it
still has to access all items in the trajectory set.

In summary, we try to explore a solution for trajectory similarity search for metro
scenarios. This solution can efficiently organize the trajectory and offer a fast and accurate
search service. This is the motivation for our study.

3. Related Work

Trajectory similarity search is a foundational operation for many spatiotemporal
analysis applications. It can be used for a real-time recommendation system [2,8,9] and
urban planning scenarios [3,10]. Many works [10–24] are devoted to further exploration of
the similarity of the trajectory.

Many works have been done on trajectory similarity search for different
purposes [12–14,16–24]. Generally, these works adopt a two-stage search solution. Be-
fore these two stages, it abstracts spatiotemporal features from the trajectory dataset and
builds an index for all trajectories. In the filtering stage, unnecessary computations are
pruned via this index. In detail, based on this index and a predefined similarity measure
function, the upper and lower bounds of similarity between the input trajectory and the
candidate trajectory can be inferred. In the refinement stage, these candidate trajectories
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are validated by the similarity measure function and a threshold. A candidate will be saved
in the final result if its similarity score is larger than the threshold.

Further, these index-based methods can be classified into three categories: spatial
partition tree [20,21], spatiotemporal grid [15,20], and distributed index, respectively [18,19].
The first category firstly builds a partition tree by the MBR (minimum bounding rectangle)
of the trajectory dataset, whose MBR does not intersect with the MBR of the target trajectory
and can be pruned. The second category firstly divides the time and space dimensions
into a set of uniform grids and assigns each grid with a unique geographical code. For a
given target trajectory, it can quickly identify a grid that has an intersection of the region
produced by the target trajectory. The third often builds a two-layer distributed index, the
global index and the local index. The search algorithm adopts the global and local index to
accelerate the filtering and refining stages. In order to handle a large volume of trajectory
datasets, a set of studies resort to big data technology to conduct trajectory similarity
searches. For example, a group of studies is implemented on Map Reduce [16,24], while
a group of studies is implemented on Spark [12,16,19,21]. Other parallelized trajectory
similarity search algorithms are implemented on CPU [15,18,23] or GPU clusters [22].

However, most studies of them take GPS trajectory as the research object, and few
works have been proposed to discuss trajectory similarity search in metro scenarios. In
addition, their corresponding optimal strategies of aforementioned solutions are designed
for GPS trajectory, it is hard to apply such kind of solution on trajectory similarity search
in the metro scenario. The reason is that metro trajectories have significantly different
spatiotemporal characteristics from GPS trajectories. For example, the sampling rate and
positioning accuracy, details already discussed in Section 2.1.

GLTC [7] has studied trajectory similarity join and data fusion in the metro transporta-
tion system. The differences between PMMTss and GLTC are two fold. Firstly, the problems
they addressed are different. PMMTss is to resolve trajectory similarity search while GLTC
is to address trajectory similarity join. The former is a kind of lightweight query on one
trajectory dataset, which takes a query trajectory and a threshold as inputs, and outputs a
set of similar trajectories. The latter is a compute-intensive task, which conducts pair-wise
trajectory similarity calculation across different trajectory datasets. Secondly, the similarity
measure functions are different. The trajectory similarity function of PMMTss is to measure
the same type of trajectories produced by smart cards, which is derived from Jaccard and
LCSS. It is an explicit method, which means that the more times they appear in the same
station at the same time, the more similar they are. The trajectory similarity function of
GLTC is to measure two different types of trajectories, one is the trajectory produced by the
smart card records and the other is the trajectory produced by the Wi-Fi signal records of
mobile devices. It is an implicit method, which needs to infer the possible route in advance,
and then the function can be applied.

Our study plans to fill this gap, it is one of the first to delicately design an index and
algorithm for trajectory similarity search in the metro system.

4. Problem Definition

The purpose of a metro trajectory similarity search is to find a group of passengers
whose trajectories have a high degree of spatiotemporal overlap with the target trajec-
tory. To help understand metro trajectory similarity search, the following definitions
are provided.

Definition 1. (Point): A point of a GPS trajectory is commonly represented by three fields, time,
longitude and latitude, P = {t, lon, lat}. However, in a metro trajectory, the longitude and latitude
of a point can be replaced by a station name s. In addition,σ is the flag, which represents the
passenger entering (σ = O) or leaving (σ = D) the metro station. The point of metro trajectory is
defined as follows:

P = (t, s, σ). (1)
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Definition 2. (Trajectory): A trajectory of a metro passenger is made up of a card ID and a series of
ordered points. Moreover, we can transform a point-based trajectory into a trip-based trajectory.
In the context of the metro scenario, each trip has an original point and a destination point, a trip
also can be called an OD (original destination). In this way, the trajectory can also be described as a
sequence of OD pairs. The trajectory of the metro passenger is defined as follows:

Tr =
{

cardId,
{

PO
1 , PD

2 , . . . , PO
n−1, PD

n

}}
. (2)

Definition 3. (Similarity of Point): How to measure the similarity of two different points is the
foundation to measure the similarity of two different trajectories. If two passengers appear at the
same metro station within the same time period, we assume that the points in different passenger
trajectories are similar. However, for the trajectory spatiotemporal intersection (TSI), ∆t is a
threshold with a relatively small value, typically around 10 min between the time intervals of two
adjacent metro trains. For trajectory similarity search, the value of ∆t is assigned a relatively larger
value, typically 2 h. In summary, Pi and Pj are similar if they satisfy the following conditions:{

si = sj∣∣ti − tj
∣∣< ∆t

. (3)

Definition 4. (Trajectory Similarity Measure Function): Given two trajectories Tro and Tri, their
similarity scores are shown in Equation (4). This measurement is derived from Jaccard [25] and
LCSS [26].

Sim(Tro, Tri) =
∑
|Tro |
k=1 dk

o→i
|Tro|

. (4)

The variable dk
o→i is a Boolean value that indicates whether the points of the trajectory are

similar or not. The rules for the variable dk
o→i are shown below:

dk
o→i =

{
0, Others

1, sk
o = sk

i and
∣∣∣tk

o − tk
i

∣∣∣< ∆t
. (5)

Definition 5. (Metro Trajectory Set): Each passenger produces a trajectory and all passenger
trajectories formulate a trajectory set. The trajectory set is denoted as the following equation:

TrSet = {Tr1, Tr2, . . . , Trn} (6)

Definition 6. (Metro Trajectory Similarity Search): Given a target trajectory Tro and a trajectory
set TrSet, a similarity measure function, and a similarity threshold ε, the metro trajectory similarity
search is to find trajectories from TrSet that satisfy the conditions of Equation (7).{

Tri ∈ TrSet
Sim(Tro, Tri) ≥ ε

(7)

The problem this paper attempts to address is defined as follows. Given a query
trajectory, a similarity measure function, and a threshold, our goal is to find a group of
trajectories from the metro trajectory set, each of which satisfies that similarity between
it and the query trajectory above the predefined threshold. Considering the trajectory set
contains 6.9 million passenger trajectories with 260 million points, we try to design and
implement a dedicated index and search algorithm for this large volume of the trajectory
set and can provide efficient TSS service.
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5. Method Design

Figure 2 shows the solution for trajectory similarity search in the metro scenario, this
solution has four stages, they are data collection, data ETL (extract, transform, and load),
index building, and searching, respectively.
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5.1. Data Collection and ETL

The data collection terminals of automatic fare collection (AFC) are deployed in each
metro station. All terminals are connected to the backend data center via a dedicated
network. A smart card record is being read if a passenger has their card punching when
enters or exits the metro station. Then, this record is submitted to a messaging middleware
such as Kafka, and then the data center gets this record and saves it in the big data platform.
As of January 2019, the Shenzhen Metro system has 166 stations and 4188 terminals.
The AFC system collects 2.91 million records daily on average. The original smart card
dataset has a few data quality problems. For example, some record fields are missing or
garbled due to different versions of terminals. In addition, there are inconsistent time
formats of records from different terminals. For this reason, the smart card dataset must
be preprocessed. These data pre-processing steps include removing redundancy, field
extraction, and formatting.

5.2. Index Building

In order to support a multi-way merging-based trajectory search, we first store all
points of trajectory set in an index. Figure 3 shows the structure of the multi-layer index.
The first layer is based on the spatial feature of the trajectory point, it partitions the trajectory
points by metro station. The second layer index is based on the time dimension, it further
partitions the trajectory points by time interval ∆τ. The third layer index is based on a flag,
which stands for the passenger entering or exiting a station.

Here are some considerations on the appropriate value of the ∆τ. In our tentative
exploration of the dataset, we found that the time interval between two consecutive trains is
between 2.5 and 15 min. Thus, we can fix the time interval to 15 min. However, considering
the time cost it takes for a passenger to walk from the gate to the metro train, we set ∆τ to
20 min as the time interval for the index in the Section 6.
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5.3. Trajectory Similarity Search

This section will introduce the query interface for trajectory similarity search, the
multi-way merging-based parallel search algorithm, and the design and implementation of
filtering strategies.

5.3.1. Search Algorithm Interface

The interface for the trajectory similarity search is as follows:

resList = PMMTss(SPCL, isFilter, threshold, N) (8)

where SPCL refers to a target trajectory, SPCL = Tro. isFilter is a Boolean variable that
controls whether filtering is turned on or not during the search process. threshold is a
threshold of trajectory similarity between the target and the candidate trajectory, it takes a
value between 0 and 1. N means that the number of most similar trajectories are returned.
Note that it means that all results are returned if N is assigned the value of 0. resList is the
output result set, each of which is a trajectory. Note that the length of the trajectory in the
returned result set is less or equal to |Tro|.

The following functions can be performed by PMMTss.

• isFilter = f alse, threshold = 0, N = 0. PMMTss is able to find all passengers who
have a trajectory intersection with Tro. This function is applicable to the COVID-19
epidemic investigation;

• isFilter = true, threshold = 0.5, N = 0. PMMTss can reveal people’s interaction
information, which is important for relationship prediction in social networks;

• isFilter = true, threshold = 0.8, N = k. PMMTss implements a KNN query for
Tro, which is a basic operation for mining similarity information of passengers by
leveraging passengers’ communication behaviors.
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5.3.2. Scheduling Algorithm

Given a target trajectory, firstly, PMMTss extracts candidate points from the multiple-
layer index for each point in the target trajectory. The process of extracting candidate
points is shown in Figure 4. Three points, including Pi = (t1, s1, O), Pj = (t2, s1, O) and
Pk = (t3, s1, O), are items in SPCL, and all of them have the same value of the s and σ
attribute. According to the definition of point similarity in Definition 3, we extract a set of
trajectory points from the index that is similar to each target point. The extraction is divided
into two stages, the filtering and refinement stages. In the filtering stage, a time range is
calculated by the target point and the predefined interval, through which the interval offset
in the index is located. Time range can fall in one or multiple time intervals, with the time
range of Pi falling in one time interval and the time range of Pj and Pk falling in two time
intervals. In the refinement stage, the candidate points in the range [ti − ∆t, ti + ∆t] are
extracted from the located time interval.

Appl. Sci. 2023, 13, x FOR PEER REVIEW  9  of  17 
 

The following functions can be performed by PMMTss. 

   , 0, 0isFilter false threshold N . PMMTss is able to find all passengers who have a 

trajectory  intersection with 
o

Tr  . This  function  is applicable  to  the COVID-19  epi-

demic investigation; 

   , 0.5, 0isFilter true threshold N  .  PMMTss  can  reveal  people’s  interaction  infor-

mation, which is important for relationship prediction in social networks; 

   , 0.8,isFilter true threshold N k  .  PMMTss  implements  a  KNN  query  for 
o

Tr  , 

which is a basic operation for mining similarity information of passengers by lever-

aging passengers’ communication behaviors. 

5.3.2. Scheduling Algorithm 

Given a target trajectory, firstly, PMMTss extracts candidate points from the multi-

ple-layer index for each point in the target trajectory. The process of extracting candidate 

points  is  shown  in Figure 4. Three points,  including  
1 1

( , , )
i
P t s O  ,   

2 1
, ,

j
P t s O    and 

 
3 1
, ,

k
P t s O , are items in SPCL, and all of them have the same value of the  s   and    

attribute. According to the definition of point similarity in Definition 3, we extract a set of 

trajectory points from the index that is similar to each target point. The extraction is di-

vided  into  two stages,  the filtering and refinement stages.  In  the filtering stage, a  time 

range is calculated by the target point and the predefined interval, through which the in-

terval offset in the index is located. Time range can fall in one or multiple time intervals, 

with the time range of 
i
P   falling in one time interval and the time range of  j

P   and 
k
P  

falling  in  two  time  intervals.  In  the refinement stage,  the candidate points  in  the range 

   [ , ]
i i
t t t t   are extracted from the located time interval. 

 

Figure 4. Extracting candidate points from index. 

The workflow of  the scheduler  is  illustrated  in Figure 5, which shows an  iterative 

search process. The input trajectory is SPCL, it has n points. The number of search rounds 

is k, in particular,     2
logk n . A group of tasks are being executed in a parallel way. Each 

task is represented by three attributes: an original point, an arrow and a destination point. 

The purpose of each task is to merge different candidate trajectory segments according to 

smart card identities. In the first round, each task extracts two candidate point sets from 

the index and produces a set of candidate trajectory segments. In the intermediate rounds, 

candidate trajectory segments are merged and filtered, generating new candidate trajec-

tory segments for the next round. In the last round, candidate trajectory segments with 

the same identity are combined, forming the final trajectory set. 

The details of the scheduler are described in Algorithm 1. 

Figure 4. Extracting candidate points from index.

The workflow of the scheduler is illustrated in Figure 5, which shows an iterative
search process. The input trajectory is SPCL, it has n points. The number of search rounds
is k, in particular, k = dlog2 ne. A group of tasks are being executed in a parallel way. Each
task is represented by three attributes: an original point, an arrow and a destination point.
The purpose of each task is to merge different candidate trajectory segments according to
smart card identities. In the first round, each task extracts two candidate point sets from
the index and produces a set of candidate trajectory segments. In the intermediate rounds,
candidate trajectory segments are merged and filtered, generating new candidate trajectory
segments for the next round. In the last round, candidate trajectory segments with the
same identity are combined, forming the final trajectory set.
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The details of the scheduler are described in Algorithm 1.
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Algorithm 1. Parallel Multi-Way Merging Scheduler.

Input: CSet contains n sets of candidate trajectory points.
Output: resList is a list of generated trajectories.
1 procedure Multi-wayMerging (CSet)
2 taskQueue← ∅
3 resList← ∅
4 for pointsSet ∈ CSet do
5 initialize a task by pointSet→ taskQueue
6 end for
7 while size(taskQueue) ≥ 2 do
8 loopCount← size(taskQueue)/2
9 for i = 1→ i = loopCount do
10 (task1, task2)← poll(taskQueue)
11 new MergeThread (task1, task2, taskQueue )
12 end for
13 synchronize the threads;
14 end while
15 resList← getTr(poll(taskQueue))
16 end procedure

5.3.3. Filtering Strategy

In this section, we introduce how the scheduler conduct merging and filtering opera-
tion. The purpose of merging is to combine different segments with the same identity. The
implementation of the merge thread is shown in Algorithm 2.

The filtering strategy is to prune unnecessary candidate trajectory segments by deriv-
ing a lower bound on the similarity score. In the implementation of the filtering strategy,
we use a variable (maxM), which stands for the maximum threshold of the number of
trajectory points that a candidate trajectory cannot match by target points, to determine
whether a trajectory satisfies filtering conditions. The formula for calculating maxM is in
line 3 of Algorithm 2.

Algorithm 2. Merging and Filtering for Candidate Trajectory Segments.

Input: task1, task2, taskQueue, isFilter, threshold.
Output: taskQueue.
1 procedure MergeThread (task1, task2, isFilter, threshold)
2 resTr ← ∅
3 maxM← blength(SPCL)× (1− threshold)c
4 TrSet1← task1
5 TrSet2← task2
6 SetC ← TrSet1 ∩ TrSet2 //cardId in TrSet1 and TrSet2
7 SetA← TrSet1− SetC
8 SetB← TrSet2− SetC
9 for cardId ∈ SetC do
10 total ← missCount(TrSet1, cardId) + missCount(TrSet2, cardId)
11 if isFilter == true & total > maxM then
12 Discard(TrSet2, cardId)
13 else
14 uTr ← TrSet1(cardId) ∪ TrSet2(cardId)
15 Tr(cardId, uTr)→ resTr
16 end if
17 end for
18 for cardId ∈ SetA do
19 total ← missCount(TrSet1, cardId) + maxMissCountInSet2
20 if isFilter == true & total > maxM then
21 Discard(TrSet1, cardId)
22 else
23 Tr(cardId, TrSet1(cardId))→ resTr
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24 end if
25 end for
26 for cardId ∈ SetB do
27 total ← missCount(TrSet2, cardId) + maxMissCountInSet1
28 if isFilter == true & total > maxM then
29 Discard(TrSet2, cardId)
30 else
31 Tr(cardId, TrSet2(cardId))→ resTr
32 end if
33 end for
34 if size(resTr) > 0 then
35 initializeTask(resTr)→ taskQueue
36 end if
37 end procedure

PMMTss adopts two filtering strategies: the first filtering strategy is to extract candi-
date trajectory points from the index by the spatiotemporal information of the target points.
The filtering algorithm is the second filtering strategy. The steps of the filtering algorithm
are as follows: first, it calculates the number of points where a candidate trajectory does
not overlap with the target trajectory. Second, it calculates the similarity score between the
candidate segment and the target trajectory. We remove the candidate segment if the score
is less than the lower bound. It means all derivatives of this candidate cannot satisfy the
filtering threshold.

In this way, trajectory segments that are impossible to become the members in final
results are deleted in the intermediate rounds, reducing the number of candidate trajectories
and computational costs for the next rounds.

6. Experiment
6.1. Experimental Setup

The experimental setup includes two parts: the first is data pre-processing and index
building, and the second is service deployment and performance evaluation. The first part
is a Spark cluster with one coordinator and five workers. Each node is equipped with the
same hardware and software configurations. Specifically, two CPUs with 32 cores (Intel (R)
Xeon (R) Silver 4216 CPU), memory size 32 GB (DDR4), one disk with 4 TB storage space,
and network bandwidth is 10 Gb. The version of Hadoop is 2.7.7 and the Spark version is
3.2, the OS is CentOS 7.6, and the JDK is 1.8. The search service is deployed and evaluated
on a single node, which has the same configuration.

6.2. Dataset

The dataset was collected from the Shenzhen Metro System for the three months from
November 2018 to January 2019. The dataset involves 6.97 million smart cards with a total
of 265 million records. Details of the fields in the dataset are shown in Table 2. A group
of ordered records produced by a smart card formulates a passenger trajectory, and all
trajectories formulate a trajectory set. The length of these passenger trajectories is 34 on
average, and 95% of the trajectory lengths were less than 100. The trajectory set includes
6.97 million passenger trajectories.

Table 2. Detail of passenger record field.

Field Value Description

card_no 6683 ***** Smart card ID
station Grand Theater Station Metro station name

deal_type entry Type of ticketing
deal_date 31 October 2018 22:45:59 Time of ticketing
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We first randomly select 4000 trajectories as samples out of 6.97 million trajectories
with a sampling rate of 0.05%. The lengths of these sample trajectories are from 4 to 64.
Then, we use these sample trajectories as target trajectories to evaluate the performance
of PMMTss.

6.3. Performance Evaluation and Result Analysis

In this subsection, we first make a comprehensive comparison of PMMTss and PPJoin+
with the same experimental conditions. Then, we discuss the weaknesses of the PPJoin+
algorithm and summarize the features and the advantages of the PMMTss. Finally, we
evaluate the effectiveness of the multi-layer index and the performance of the filtering
in PMMTss.

6.3.1. Performance Comparison between PMMTss and PPJion+

We first illuminate experimental results on the performance comparison between
PMMTss and PPJion+. Then, we introduce the problems encountered in the implementation
of the trajectory similarity search by PPJion+ and discuss the underlying reasons. Finally,
we summarize the design philosophy for PMMTss and PPJion+, respectively.

Figure 6a,c show the average searching time of PPJion+ and PMMTss for differ-
ent combinations of 〈|SPCL|, threshold〉. The search time of PPJion+ is between 500 ms
and 12,500 ms, whereas the search time of PMMTss is between 1 ms and 160 ms. Obvi-
ously, PMMTss is 43x–5370x faster than that of PPJion+. In detail, under the condition
of 〈|SPCL|, threshold〉 = 〈64, 0.8〉, PMMTss is 43 times faster than PPJion+. Under the
condition of 〈|SPCL|, threshold〉 = 〈4, 1〉, PMMTss is 5370 times faster than PPJion+.
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Focus on the performance of PPJoin+, Figure 6a shows that the search time for PPJion+
decreases as the threshold increases for longer trajectories (L16, L32, and L64) and that
the decrease is greater for longer trajectories. However, in the case of shorter trajectories
(L4 and L8), the decrease in the search time for PPJion+ goes from a sharp decrease to a
slower decrease as the threshold increases. Note that for thresholds above 0.8, the search
time of PPPJion+ for long trajectories is smaller than for short trajectories. The above
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performance reveals three characteristics of PPJoin+: (i) generally, the filtering strategy of
PPJoin+ is effective as the search time decreases with an increasing threshold; (ii) PPJion+
performs best when the trajectory similarity threshold is greater than or equal to 0.8; and
(iii) specifically, PPJion+ is better at searching long trajectories than short trajectories when
the threshold is greater than 0.8.

Based on the above experimental results and the algorithmic logic of PPJion+, we can
make a conclusion that the main reason for the above characteristics of PPJion+ is that
although three filtering strategies work well, PPJion+ still needs to access each item in the
trajectory set. It is very time-consuming to access all items in the trajectory set. In summary,
it is difficult to reduce search time by optimizing these filtering strategies. This is also
confirmed by the fact that the line in Figure 6a flattens out after a threshold greater than 0.8.

Focus on the performance of PMMTss. Figure 6c shows that the search timelines for
different trajectory lengths have a very similar shape, indicating that PMMTss has a stable
search performance for different trajectory lengths. Overall, the search time of PMMTss
can be kept in milliseconds for trajectories with different lengths. Compared to PPJion+,
PMMTss performs much better and the performance is more stable.

The main reason is that PMMTss has a highly efficient spatiotemporal index, which
keeps points in different space and time intervals. Given a target point, it can easily locate
and obtain the corresponding candidate points. It searches similar trajectories using points
rather than using trajectories in PPJion+. PMMTss avoids vigorous trajectory similarity
search, reducing unnecessary computation.

In addition, PMMTss first generates candidate trajectory segments and then performs
the filtering strategy during the search process, which ensures that the search time can
maintain a linear trend as the threshold increases. Moreover, PMMTss can deal with
the trajectory intersection problem, i.e., trajectory similarity search with a threshold of 0.
However, the three filtering strategies of PPJion+ cannot work if the threshold is set to 0.
Therefore, PPJion+ cannot perform a similarity search when the threshold value is 0, i.e., it
has no ability to address the problem of trajectory intersection.

6.3.2. Evaluation of Indexing and Filtering Effectiveness

In this subsection, we design a group of experiments to illustrate the effectiveness
of the multi-layer spatiotemporal index. In detail, it can sharply decrease the number of
candidate trajectories and speed up trajectory similarity search. Table 3 summarizes the
data volume and the corresponding execution times for PPJoin+ and PMMTss. In detail,
the first column means different combinations of trajectory length and threshold. The third
column represents the input size, which is the number of trajectories. The fourth column
means the number of involved trajectories: it takes the number of original trajectories as the
involved trajectories for PPJoin+, and takes the number of trajectories extracted by index as
involved trajectories for PMMTss. The fifth column stands for the number of trajectories
in the result set. The sixth column shows the ratio of the output size and the input size.
The seventh column means the corresponding execution time for a given combination of
trajectory length and threshold. Note that the execution time for PMMTss consists of two
parts: one is the time used to extract candidate points from the index, and the other is used
to perform merging and filtering candidate segments.

As shown in Table 3, both PPJion+ and PMMTss achieve more than 99% filtering
ratio of the trajectory set, i.e., finding a subset of trajectories that are highly similar to the
target trajectory from the input set in a million trajectories. The most significant difference
between PPJion+ and PMMTss is the number of trajectories involved in the algorithm.
We can make a conclusion that PMMTss has a very effective spatiotemporal index, which
keeps all points in it and directly locates candidate points, sharply reducing the number of
trajectories involved.
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Table 3. Running time and workload reduction of PPJion+ and PMMTss for sample dataset.

Condition Method # of Input
(Trajectory/Point)

n: # of Involved
(Trajectory/Point)

k: # of Output
(Trajectory)

Reduction
(k/n) Time (ms)

L64, threshold = 0.8
PPJoin+ 6,958,984 6,958,984 1 >99.99% 1614
PMMTss 6,958,984 65,130 1 >99.99% 65 (14 + 51)

L32, threshold = 0.8
PPJoin+ 6,958,984 6,958,984 1 >99.99% 1295
PMMTss 6,958,984 65,130 1 >99.99% 16 (8 + 8)

L16, threshold = 0.8
PPJoin+ 6,958,984 6,958,984 2 >99.99% 5792
PMMTss 6,958,984 65,130 2 >99.96% 8 (5 + 3)

L8, threshold = 0.8
PPJoin+ 6,958,984 6,958,984 3 >99.99% 2091
PMMTss 6,958,984 65,130 3 >99.94% 8 (6 + 2)

L4, threshold = 0.8
PPJoin+ 6,958,984 6,958,984 2 >99.99% 1959
PMMTss 6,958,984 65,130 2 >99.93% 7 (6 + 1)

To further explore time cost distribution at different stages for PMMTss, we conduct a
group of experiments with different query conditions. For simplicity, we denote ET as the
time cost used for extracting candidate points from the index, and denote ST as the time
cost used for the search phase, which consists of merging and filtering candidate segments.

Figure 7 shows the experimental results: the ratio of ET and total time is small when
the long trajectory with a low threshold, and the ratio of ET and total time is large when
the short trajectory with a high threshold.
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The value of ET increases from 6.5 ms to 20.1 ms when the length of the target
trajectory increases from 4 to 64. It means the multi-layer index-based extract method is
highly efficient and stable.

7. Conclusions

In this paper, we propose a solution for trajectory similarity search for metro scenarios.
The core idea consists of a multi-layer index and a parallel multi-way merging search
algorithm. Our method is significantly different from the existing trajectory similarity
search algorithms. It keeps points rather than trajectories in the spatiotemporal index, and
the candidate trajectory segments are merged and filtered out in the multiple search round.

We evaluate this solution on a large dataset (Shenzhen Metro data for 3 consecutive
months; 6.976 million trajectories with 260 million records). When lengths of input trajec-
tories are 16, 32, and 64, respectively, the corresponding search times are 0.004 s, 0.016 s,
and 0.036 s, respectively. Compared to the baseline PPJion+, the query times are reduced
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by 99.7%, 98.8%, and 97.6%, respectively. Moreover, our solution presents higher filtering
efficiency, lower deployment cost, and a flexible search interface.

Although our solution has achieved good results, there are still some limitations. For
example, we do not consider the route within the metro network when we measure the
similarity between two different trajectories. It is a very important factor, which could affect
the accuracy of trajectory similarity search. Thus, we plan to address this limitation in our
future work, so that we can adopt an RNN-based model [27] or a data fusion method [7] to
infer the route choices for passengers.

8. Patents

Wen Xiong, Wanbing Huang, and Liming Wang. A Parallel Multi-way Merging-based
Trajectory Similarity Search for Metro Passengers [P]. Yunnan Province: CN115344795AB.2022-
12-09. The invention patent has been granted.
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