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Abstract. With the development of GPS positioning technology, a large amount of
spatiotemporal trajectory data has been generated. Due to the complex structure of trajectory
data, which has irregular spatial shapes and continuous temporal sequence attributes, querying
massive trajectory data poses certain challenges. The pruning strategy of existing trajectory
similarity query methods is not very effective. Even after pruning operations, there are still a
large number of trajectories that need to undergo distance calculations to confirm whether they
are similar trajectories. This paper proposes multiple local pruning optimization schemes, which
maximally reduce the number of trajectories in the candidate set. Specifically, it starts with
region pruning in the index space, eliminating index spaces with distances greater than the
maximum similarity distance from the query trajectory. Then, it performs distance pruning
between trajectories, removing trajectories that do not meet the distance conditions. Finally, it
adds a termination condition: when the distance between the current index space and the query
trajectory is greater than the maximum similarity distance and the number of trajectories in the
result set is K, the loop is exited, and the query process ends. Tests on real datasets demonstrate
that the KTSS method outperforms current algorithms of the same type.
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1. Introduction

With the popularity of mobile devices and the development of location-based services, a large amount
of spatiotemporal trajectory data has been generated. Similarity queries involve searching for trajectories
similar to a given trajectory in massive datasets. This can help us understand the behavioral patterns and
trends of moving objects, and provide important references for fields such as traffic management and
urban planning.

In today's society, with the popularity of mobile devices and location technology, there has been
explosive growth in the accumulation of large-scale trajectory data. These trajectory data continuously
cover various aspects such as human mobility, traffic flow [1], logistics distribution [2], etc., providing
valuable information resources for urban management [3], traffic planning [4], intelligent transportation
systems [5], and other fields.
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Similarity queries involve searching for trajectories similar to a given trajectory in massive datasets,
which is important for multiple fields. Firstly, as cities expand and population mobility increases, traffic
management becomes more complex. Similarity queries can help better understand and optimize traffic
flow, improving urban traffic efficiency. Secondly, for the logistics industry, trajectory similarity queries
can achieve more intelligent and efficient distribution route planning, reducing logistics costs and
improving logistics efficiency. In addition, for personalized recommendations and location-based
services, precise similarity queries can provide users with information and services that better meet their
actual needs, enhancing user experience.

Due to the large number of trajectories and the complexity of trajectory similarity measurement, it is
extremely time-consuming and resource-intensive to find the top K trajectories similar to a given
trajectory by extracting all data from the database for trajectory similarity measurement one by one.
Key-value data storage systems such as HBase [6] are widely used in big data management because they
can achieve fast read/write throughput and fast lookup of row keys. However, most trajectory similarity
query methods currently have overly crude pruning strategies, leaving too many remaining trajectories
in the candidate set, making trajectory similarity search queries inefficient.

To address the above-mentioned problems, this paper proposes several pruning strategy optimization
methods based on KNN trajectory similarity queries to conduct KNN similarity trajectory queries more
quickly. Firstly, for the input query trajectory q, preprocessing is performed. The spatial index
representation of the trajectory is generated through the XZ* [8] indexing mechanism, and the trajectory
is simplified using the Douglas-Peucker algorithm. The combination of the two generates the key value
Key in the trajectory storage structure. When performing similarity trajectory queries, the impossible
index spaces that may exist with the query trajectory are first pruned through global pruning. Then, local
pruning is used to remove dissimilar trajectories from the remaining index spaces. Finally, the DTW
algorithm is used to calculate the distance between the query trajectory and the current retrieval
trajectory. The trajectories with the shortest distances to the query trajectory are retained and sorted
according to this distance, forming a collection of K trajectories closest to the query trajectory as the
result of a KNN trajectory similarity query. The innovations of this paper are summarized as follows:

(1) This work proposes a KNN trajectory similarity query model, KTSS, to improve the efficiency
of KNN similarity queries. When performing region pruning operations, the physical position of the
index space is considered. The characteristics of the DTW algorithm are applied to pruning operations,
and a termination condition is added to shorten the query time.

(2) The model is verified on real datasets. Through result comparison analysis, the KTSS model is
slightly better than current state-of-the-art algorithms.

2. Definitions

Definition 1 (Trajectory): A trajectory is composed of multiple trajectory points, denoted as t =
P1,---, Pn. Each trajectory point p consists of latitude and longitude, p; = (lat, Ing);p, is the starting
point, and p,, is the endpoint.

Definition 2 (Trajectory Similarity Measurement Method): This paper utilizes the Dynamic Time
Warping (DTW) algorithm to measure the similarity between two trajectory sequences. The
fundamental idea of DTW [7] is to dynamically adjust the correspondence between two trajectory
sequences to achieve one-to-one matching, calculating the cumulative distance between corresponding
points as the measure of their similarity. This is represented as:

D[[j] = d(ay b;) + min(D[i — 1][j], D[] — 1], D[i — 1][j — 1]) (1)

Definition 3 (Minimum Bounding Rectangle of a Trajectory): In this paper, the smallest area, parallel
to the coordinate axes, that contains all the points of a trajectory t, is referred to as the Minimum
Bounding Rectangle (MBR).

Definition 4 (Element): Includes root space and all its subspaces, and the subspaces of those
subspaces; each individual region is referred to as an element.
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Definition 5 (Enlarged Element): Starting from the bottom-left corner of an element, if the length
and width of the element are both doubled, the resultant area is called an Enlarged Element (EE).

Definition 6 (MinDIS(q,IS)) This calculates the minimum possible distance between the Index
Spaces (IS) and the query trajectory q. It is calculated as follows, where p is a point on the edge of the
MBR of the query trajectory, and d(p, EE)calculates the distance between p and the Enlarged Element.

MinDIS(q, IS) = quIE\l/[%)%{/\qd(p’ IS) )

Problem Definition (KNN Trajectory Similarity Query Problem): The task is to find the k trajectories
closest to a query trajectory from a dataset of trajectories, which constitutes the KNN Trajectory
Similarity Query Problem. In symbolic language: Given a set of trajectories T, a query trajectory q, a
positive integer k, and a distance function f, the KNN trajectory similarity query returns a subset T’ of
trajectories from T, containing k trajectories. The query result satisfies the following condition:

KNN_Quary(T,q,kf) = {t; e T'|Vt; € TAt; € T, f(t;, q) < f(t;, q)} (3)

Here, the length of the trajectory set T' is k, and all trajectories in T’ are included in the trajectory set
T. The function f(t;, q) calculates the Euclidean distance between a point and a trajectory.

3. Framework

Key-Value databases like HBase, commonly used for storing large-scale data, utilize key-value pairs to
store objects. However, in the dataset used in this paper, each trajectory consists of multiple trajectory
points. Therefore, appropriate key-value allocations are required for the trajectory data objects. This
paper employs the XZ* index to represent trajectories, utilizing a bijection function to generate index
values for key-value pairs in trajectory storage. In real-life scenarios, a trajectory data may contain
multiple trajectory points, and many of these points may be closely spaced. Redundant computations for
approximate duplicates consume time and waste computational resources. Hence, this paper employs
the Douglas-Peucker (DP) [9] algorithm to compress trajectory points as much as possible without
compromising accuracy, for trajectory simplification. Concurrently, multiple pruning methods are
combined for KNN trajectory similarity queries to shorten query times and enhance query efficiency.

4. Pruning Operations

Trajectories are two-dimensional data with spatial forms. The trajectories in the result set of a KNN
similarity query are usually similar in shape to the query trajectory. Therefore, starting from the query
trajectory itself and using it as the center for comparisons with surrounding trajectories can identify
some trajectories that can be pruned directly without needing to calculate the actual distance between
them. This involves identifying the necessary conditions for the similarity between the query trajectory
and candidate trajectories, eliminating as many unnecessary trajectory computations as possible to
improve retrieval efficiency. The following sections detail the pruning operations used in this study.

4.1. Pruning Operation 1

Pruning operation 1: If there exists a trajectory point p in trajectory t; such that d(p, t;) > €, then

trajectories t; and t, are not similar. Here, d(p,t;) = néltn d(p,x), where d(p,x) calculates the
XEL3

Euclidean distance between the two points, and ¢ is the maximum similarity distance.

Proof: f(t1,t;) = Dprw (1, t3). According to the DTW formula, Dy (tq, ;) = d(p, x). Here, the
trajectory point x in t, is the matching point for point p in trajectory t;, hence we have d(p,t,) <
d(p,x) Dprw (tq,t3). Since d(p, ty) > €, f(t1,t3) = Dprw (t1 > €), thus t; and t, are not similar.

Example: In trajectory t,, there is a trajectory point p, which matches with point x in trajectory t,.
We use the DTW method to measure trajectory similarity, requiring each point in one trajectory to match
with points in another trajectory for distance calculation. The DTW algorithm finds the optimal path
that minimizes the sum of distances between matched points. Since d(p, x) > &, it is impossible for
trajectories t; and t, to be similar.
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4.2. Pruning Operation 2

Pruning operation 2: Iteratively traverse the index space, calculate the MinDIS(q, IS) value, and if the
distance between the query trajectory q and the index space is greater than the maximum similarity
distance ¢, this index space can be pruned. While pruning, record the position of this index space; if the
next index space is completely contained within this recorded position, directly prune this index space
without needing to calculate the distance.

Proof: Each enlarged element is divided into four subspaces to form the index space. If the distance
d(IS, q) from the index space (Index Space, IS) to the query trajectory d (IS, q) > &, then all trajectories
within the index space are not similar to q. Because at least one trajectory point p exists in the index
space such that d(p,q) = d(IS,q), and since d(IS,q) > €, then f(p,q) = d(US,q) > ¢, thus all
trajectories passing through this space and the index space itself are not similar to q and therefore can
be pruned. Save the pruned index space's position, so if an index space to be checked is fully contained
within a recorded pruned space, it can be pruned directly without calculation. d(IS, q) calculates the
minimum possible distance from the track g to the index space IS, and if the index space to be calculated
is included in the recorded spatial location, then its distance from the track g must be greater than the
maximum similar distance €. Because the distance between the included index space to be calculated
and the track q is greater than the distance between the recorded spatial position and the track g, and
because the distance between the recorded spatial position and the track q is greater than the maximum
similarity distance ¢, the track in this index space must not be similar to the track g and can be pruned
directly.

4.3. Pruning Operation 3

Pruning operation 3: If the query trajectory q is similar to the candidate trajectory t, then the distance
d, from the start point of g to the start point of t must be less than or equal to the maximum similarity
distance &, and the distance d, from the endpoint of g to the endpoint of ¢ must also be less than or equal
to &; the sum d3 of d; and d, must also be less than or equal to €. Otherwise, the query trajectory q and
the candidate trajectory t are not similar.

Proof: The DTW algorithm used to measure trajectory similarity features matching trajectory points
between two trajectories to find an optimal path that minimizes their total distance. The DTW requires
that the starting and ending points of two trajectories correspond one-to-one. Thus, whether it's the
distance d; between starting points or d, between ending points, these will be part of the final DTW
result. If d; or d, exceeds €, further calculations of distances between other trajectory points are
unnecessary, and their total DTW distance will certainly exceed €. Therefore, if the distance d; between
starting points or d, between endpoints of q and t exceeds the threshold &, or if d3 > ¢, the two
trajectories are definitely not similar and can be pruned directly.

If the distance d, between the start point of the track q and the candidate track t, or the distance d,
between the end point is greater than the threshold €, the two tracks are not similar. At the same time,
the distance of d; + d, and d; must also be less than the threshold €. According to the previous text,
the distance of DTW algorithm consists of the distance sum of matched start and end points, end points
and other one-to-one corresponding trajectory points, so dz must be in the DTW result, so d; must also
be less than the threshold &, so that the track g to be investigated can be similar to the candidate track t.
If d3 > ¢, the trajectory g and trajectory t must not be similar, and the trajectory can be pruned directly.

4.4. Pruning Operation 4

Pruning operation 4: During the algorithm process, index spaces are sorted according to their distance
to the query trajectory q to form a priority queue, with shorter distances at the front of the queue.
Whenever a new index space is retrieved in order from the priority queue, first check if the distance
between the query trajectory q and the current index space exceeds the threshold ¢. If the number of
trajectories in the result set equals k and the distance between q and the index space exceeds the
threshold, end the entire query process immediately. Prune all remaining index spaces and stop further
comparison queries.
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Proof: The priority queue sorted by the distance between the query trajectory g and the index spaces
stores index spaces that have not yet been searched. With k trajectories already in the current result set,
if the distance between g and an index space exceeds the maximum similarity distance &, then the
distance of any trajectory point in any trajectory within the index space to g will be greater than or equal
to the distance from the index space to q. As the distance from g to the index space is calculated as the
minimum possible distance, any trajectory within an index space contained within a recorded space will
definitely have a distance to q that is greater than the maximum similarity distance €. Thus, all
trajectories within this index space are not similar to q and can be pruned directly.

5. Experiments

This section conducts extensive experiments on the proposed KNN trajectory similarity query method,
comparing and analyzing its performance against advanced trajectory similarity methods to validate the
effectiveness of the approach described in this paper.

5.1. Dataset

This work utilized a real-world vehicle trajectory dataset: the T-Drive dataset [10], which includes 7
days of Beijing taxi trajectory data from February 2 to February 8, 2008. Table 1 summarizes the
statistical data of the T-Drive dataset.

Table 1. T-Drive Dataset

Dataset Trajectory Points Number of Trajectories Dataset Size
T-Drive 17,662,984 314,086 752MB

5.2. Comparative Methods
The KNN Trajectory Similarity Search framework (KTSS) is compared with other leading methods.
Here is a brief introduction to the baseline methods:

DITA [11] is an advanced in-memory trajectory management platform that designs a distributed
indexing structure, refines index content, and shares index information among nodes to query trajectory
similarity.

DFT [12] stores trajectory data by partitioning between adjacent trajectory points in line segments
rather than based on the trajectory itself, reducing data redundancy and enhancing pruning performance.

JUST [13] optimizes spatial and temporal indexes and introduces an efficient indexing structure to
accelerate the query and retrieval of spatiotemporal data.

TRASS [8] proposes a trajectory similarity query method based on key-value data storage, leveraging
the advantages of key-value data storage combined with an efficient indexing structure to improve
retrieval efficiency.

5.3. Experimental Analysis

Table 2 reports the time taken for different methods to perform KNN trajectory similarity searches under
various values of k. The method used in this chapter, the KTSS method, is in bold font, while other
methods are for baseline comparison. The best-performing method is highlighted in bold black font, and
the second best is underlined. DITA and DFT take longer than KTSS because they build many indexes
in memory, and each query operation requires locating the trajectory's position using the index, while
KTSS directly extracts the trajectory's location. JUST takes longer due to the high number of candidate
trajectories requiring many distance calculations. Compared to the method used in this paper, the
TRASS algorithm has a more rudimentary local pruning method, resulting in longer query times. As the
query number k increases, the query times of all methods also increase but not significantly because
each similarity trajectory search starts from the query trajectory itself and expands outward, with many
trajectories already returned within the spatial range, so the number of iterations outward only increases
slightly. The performance of this chapter's method improves as the value of k increases because more
trajectories are returned, and the effectiveness of the local pruning optimization method becomes more
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apparent, improving performance by about 22% compared to the currently best method when the results
are optimal.

Table 2. DTW Algorithm KNN Similarity Query Time Table

K Query Time(ms)

DITA DFT JUST TRASS KTSS
50 6622 20723 6750 1774 1332
100 6913 21096 7181 2215 1724
150 7493 21656 7764 2759 2165
200 8289 22155 8604 3537 2952

6. Conclusion

This paper proposes a KNN similarity query method for large-scale trajectory data to facilitate faster
KNN similarity trajectory queries. Firstly, preprocessing is applied to the input query trajectory q,
generating a spatial index representation of the trajectory through the XZ* indexing mechanism.
Simultaneously, the DP (Douglas-Peucker) algorithm is used to simplify trajectory features. The
combination of these steps generates the key value Key of the trajectory storage structure Key-Value.
When conducting similarity trajectory queries, impossible index spaces that could contain trajectories
similar to the query trajectory are first pruned through global pruning. Then, local pruning is employed
to eliminate dissimilar trajectories in the remaining index spaces. Finally, the DTW (Dynamic Time
Warping) algorithm is used to calculate the distance between the query trajectory and the current
retrieved trajectories. These distances are sorted, and the top k trajectories with the shortest distances to
the query trajectory are retained as the result of a KNN trajectory similarity query. Through various
pruning methods, many similarity calculations between the query trajectory and dissimilar trajectories
can be omitted. Multiple experiments demonstrate that the performance of KTSS is slightly higher than
that of the compared algorithms.
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