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Abstract: The presence of abundant spatio-temporal information based on the location of mobile
objects in publicly accessible GPS mobile devices makes it crucial to collect, analyze, and mine such
information. Therefore, it is necessary to index a large volume of trajectory data to facilitate efficient
trajectory retrieval and access. It is difficult for existing indexing methods that primarily rely on data-
driven indexing structures (such as R-Tree) or space-driven indexing structures (such as Quadtree) to
support efficient analysis and computation of data based on spatio-temporal range queries as a service
basis, especially when applied to massive trajectory data. In this study, we propose a massive GPS
data storage and indexing method based on uneven spatial segmentation and trajectory optimization
segmentation. Primarily, the method divides GPS trajectories in a large spatio-temporal data space
into multiple MBR sequences by greedy algorithm. Then, a hybrid indexing model for segmented
trajectories is constructed to form a global spatio-temporal segmentation scheme, called HHBITS
index, to achieve hierarchical organization of trajectory data. Eventually, a spatio-temporal range
query processing method is proposed based on this index. This paper implements and evaluates the
index in MongoDB and compares it with two other spatio-temporal composite indexes for performing
spatio-temporal range queries efficiently. The experimental results show that the method in this
paper has high performance in responding to spatio-temporal queries on large-scale trajectory data.

Keywords: GPS trajectory data; trajectory segments; greedy algorithm; spatio-temporal index; Hilbert
curves; trajectory spatio-temporal query

1. Introduction

With the widespread use of GPS intelligent terminals, the advancement of navigation
and positioning technology, and the rapid development of mobile Internet, the geographic
location, movement status, and related attributes of data collected by positioning devices at
different moments during the movement of mobile objects in geospace, namely, trajectory
data, are being generated at an unprecedented scale and speed [1,2]. As one of the world’s
leading transportation platforms, Didi Taxi (DDT) has more than 550 million registered
users, generates more than 106 TB of vehicle trajectory data every day, and processes more
than 40 billion routing requests [3]. In such datasets, a trajectory is an ordered sequence
of locations that can be arranged in chronological order as T = {p1, p2, p3, . . . pn}, where
pi = {x, y, t, o}, (x, y) is usually the spatial dimensional information (latitude and longitude
coordinates) of the trajectory point, t is the temporal dimensional information (sampling
time) of the trajectory point, and o is the descriptive information about other relevant
attributes or features that may be present in addition to the spatiotemporal characteristics
of the trajectory point [2,4]. Figure 1 illustrates the motion paths of each moving object in
three-dimensional time–space as well as their actual motion paths in the two-dimensional
space plane for different time intervals.
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Massive spatio-temporal trajectory data provide unprecedented information for under-
standing the changing patterns of human activities in geospace and cyberspace, facilitating
the development of location-based social networks, intelligent transportation systems, and
urban computing [5,6]. At the same time, the surge in data volume, the dynamic time-
varying nature, and complex road networks bring challenges to the efficient management
and query of massive trajectory data [7]. In addition, due to the different behavioral charac-
teristics and overall laws of the mobile objects themselves, the trajectory data generated by
them are characterized by very uneven spatial and temporal distribution, which further
affects the efficiency of trajectory data indexing and querying.

The spatially efficient indexing representation and processing framework is crucial
for trajectory data management. Currently, most solutions for storing and indexing tra-
jectory data rely on R-Tree [8] and variants of R-Tree [5,9]. For indexing spatio-temporal
trajectory data, their temporal information is generally involved as the third dimension
in the construction of the R-Tree, and the whole trajectory or trajectory segment is stored
in the minimum bounding rectangle (MBR) for indexing [10]. However, maintaining this
indexing structure is quite complicated. On the one hand, when trajectories radiate over a
wide spatial range and a long time span, whether indexing trajectory points or trajectory
segments, there are bound to be too large boundaries of individual MBRs as well as a large
number of overlapping or redundant MBRs, which makes the MBR-based approach very
inefficient and less scalable [8,11]. On the other hand, queries for large trajectory datasets
focus on specific geographic regions and time intervals rather than individual trajectories.
Thus, there may be thousands of trajectories in a given spatio-temporal region that overlap
with the query range. However, since the intermediate nodes of R-Tree allow directory
rectangles to cover and overlap, multiple paths and multiple nodes need to be traversed
during data retrieval, and the time cost of the query blows up [12].

As the comprehensive requirements of applications become more and more prominent,
the full-time mobile object data model and its indexing methods are being intensively
investigated, and hybrid indexing methods are becoming a development trend [13]. Aiming
at the above problems, we hope to divide trajectories by predefined spatio-temporal
granularity; group sub-trajectories that are close to each other spatially and temporally; and
provide efficient, flexible, and scalable trajectory indexing and storage strategies. Therefore,
this paper proposes the HHBITS hybrid index model (Hash and Hilbert combined B+-Tree-
based Index for Trajectory Segmentation) for non-relational databases (NoSQL), a massive
trajectory data organization and management strategy that combines Hash tables, Hilbert
curves, and B+-Tree, to obtain the required spatio-temporal trajectory data with the most
efficient query processing.
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2. Related Work
2.1. Spatio-Temporal Index of Trajectory

To enhance the efficiency of spatio-temporal retrieval of trajectories, the most valid
method is to construct a high-performance spatio-temporal index and develop a storage
management system for trajectory data. At present, the construction of efficient spatio-
temporal indexes for massive trajectory data mainly relies on data-driven and space-
driven methods.

The core of data-driven spatio-temporal indexing methods is based on the realiza-
tion of the deformation and extension of the traditional two-dimensional spatial indexing
structure [14]. Among them, the use of R-Tree or its variants to index trajectories is more rep-
resentative. Wang et al. [15] proposed a distributed trajectory R-Tree, which realizes parallel
spatio-temporal querying of massive trajectories through flexible and scalable data parti-
tioning and indexing strategies. Kang et al. [16] implemented a distributed spatio-temporal
trajectory segmentation and query framework in a cloud environment, and constructed
a distributed spatial R-Tree based on segmented trajectories for scalable trajectory query
processing in terms of both memory processing and graph storage access. However, when
building an R-Tree to manage large amounts of trajectory data in distributed platforms such
as Spark and Hadoop, there can be problems with indexes consuming large amounts of
memory as well as large numbers of serialization and deserialization operations, which can
severely impact index performance and query efficiency. Moreover, with the continuous
movement of mobile objects in spatio-temporal dimensions, the trajectory data increase
exponentially, and the R-Tree must be updated as the trajectory data are updated. When
confronted with new trajectory data, these spatial data management systems based on
Spark and Hadoop usually need to rebuild the index from scratch to achieve excellent
query efficiency, which is highly time-consuming.

Spatial-driven spatio-temporal indexes are widely used because of their easy imple-
mentation and maintenance, and show far better performance than R-Tree in the face of
highly concurrent access and operations. A common approach is to use the GeoHash
algorithm to meet the needs of high-frequency updates and organization of trajectory data,
as well as common trajectory query operations [17–19]. Qian et al. [14,20] extended the
GeoSOT spatial partitioning model to realize multi-level spatio-temporal grid indexing of
trajectories and provide efficient trajectory query support. In GCOTraj [21], a large spatio-
temporal data space is partitioned into multi-dimensional grid cells, and the data blocks
are sorted by space-filling curve (SFC)-based and Graph-Based Ordering (GBO) methods,
which significantly improves the querying efficiency. TripCube [9] maintains a complex
indexing structure when trajectory data increase dramatically through a flexible trajec-
tory partitioning strategy and a cube-shape-based indexing structure, and demonstrates
superior query efficiency when faced with large vehicle trajectory data for a given road
network. This space-driven spatio-temporal index structure is easy to build and maintain,
with high query efficiency and low memory overhead, but it is difficult to dynamically
adjust the index structure according to the denseness of the data without predicting the
spatio-temporal distribution of the data, which makes it less flexible and scalable.

2.2. Storage and Querying of Trajectory

For the purpose of storing massive trajectory data in a single-computer environment,
researchers have explored this issue and proposed corresponding solutions. They ex-
tended the traditional RDBMS to provide efficient data storage management and complex
query processing support by optimizing the system’s native indexing and querying mech-
anisms [22,23]. Additionally, TrajStore [24] and SharkDB [25], which are designed for
trajectory data storage, have also appeared accordingly.

Nowadays, high-performance storage and computation is an important means of
researching and solving challenging problems in various fields [26]. Distributed storage
and parallel computing frameworks represented by Hadoop, HBase, Spark, and Flink
are gradually being used [27]. Bakli et al. [28] implemented HadoopTrajectory based on
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Hadoop, which provides efficient trajectory indexing support and spatio-temporal parallel
computing by extending HDFS. Qin et al. [29] proposed a storage and partitioning model
for massive trajectory data management for HBase and implemented a co-processor-based
multi-level index structure to accelerate spatio-temporal queries. Subsequently, to handle
the similarity query problem of large-scale trajectory data, DFTHR [30], a distributed
trajectory similarity query framework based on HBase and Redis, was proposed that
ensures efficient trajectory query processing. Li et al. [31] extended Geomesa to implement
TrajMesa, which supports the storage management of massive trajectories with multiple
trajectory query functions. Furthermore, some distributed trajectory analysis systems
based on Spark have received attention. For example, TrajSpark [32], DITA [33], and
UlTraMan [34] are dedicated to efficient parallel processing and iterative computation of
trajectories in memory.

3. Methodology
3.1. Trajectory Segmentation Method
3.1.1. Data Model Definition

In this study, a complete GPS trajectory is divided into multiple smaller trajectory
segments and distributed to different partitions for organization. Each partition is the
minimum boundary for spatio-temporal queries, and the trajectory segments are used for
index construction and query processing. In accordance with the indexing and querying
requirements of trajectory data, a data model based on segmented trajectories is designed
(Figure 2).
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Figure 2 gives the definitions of four data entities and their relationships in the data
model, which can be described as follows:

1. Point: Since GPS trajectories are described as spatio-temporal points, Point is the
basic component of this data model. The spatio-temporal attribute with latitude as x,
longitude as y, and timestamp as t is denoted as (x, y, t);

2. PointList: a sequence of trajectory points. This study expresses the trajectory segments
by means of the PointList class. PointList consists of multiple Point objects, which are
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internally organized and sorted according to a timestamp-ascending data structure,
denoted as follows: {Pointi}N (i = 1,2,. . .,N);

3. MBR: the minimum bounding box of a trajectory segment. The MBR class focuses on
operations related to trajectory segments, which are processed as basic spatio-temporal
units, such as MBR merging in the trajectory-optimized segmentation algorithm and
the construction and maintenance of the HHBITS index, which will be described in
detail later on. The MBR consists of the PointList corresponding to the sub-trajectory
segment and the diagonal vertices representing that MBR, denoted as (PointList,
Pointa, Pointb);

4. MBRList: MBR sequence. MBRList is defined as a container data structure for organiz-
ing MBRs in a chained table to facilitate batch manipulation and processing of MBRs,
denoted as {MBRi} N (i = 1,2,. . .,N).

3.1.2. Segmentation for Trajectory Optimization Based on Greedy Algorithm

Most of the raw trajectory data contain a large number of noise points due to various
factors such as GPS device failures, sensor errors, transmission errors, and storage errors.
Their existence will lead to unsatisfactory trajectory segmentation and ultimately affect
the efficiency of storage and indexing. Therefore, the DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) algorithm is utilized for noise point removal before
trajectory segmentation and index construction.

The DBSCAN algorithm is a density-based clustering algorithm that can be used to
identify anomalous points in high-dimensional data. Its clustering principle can be simply
interpreted as partitioning high-density point regions into clusters and effectively filtering
out low-density point regions, where the density of noise points is less than the density
of any cluster class. As shown in Figure 3, the density of cluster A and cluster B of the
trajectory is greater than that of the surrounding, while the density of the region where
the noise point P5 is located is less than that of cluster A and cluster B, so the DBSCAN
algorithm can also be used for identifying anomalous points in the trajectory data. The
DBSCAN algorithm requires the specification of two parameters, ε and minPts, where
ε defines the radius of the neighborhood of the point and minPts defines the minimum
number of clusters in the clustering.
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The following are the general steps for anomaly cleaning of single trajectory data
using the DBSCAN algorithm:

1. Select an unvisited trajectory point p as the starting point;
2. Calculate the number of data points in the ε-neighborhood of point p. If the number is

greater than or equal to minPts, mark p as a core point and create a new cluster;
3. Add point p to the current cluster and add all unvisited data points within the

ε-neighborhood of p to the current cluster;
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4. Perform the following operations on each data point q in the current cluster:

(1) If q is a core point, add all unvisited data points within the ε-neighborhood of
q to the current cluster;

(2) If q is not a core point but lies within the ε-neighborhood of another cluster,
mark q as a boundary point and add it to the current cluster;

5. When there are no more data points that can be added to the current cluster, the
current cluster is considered a complete cluster;

6. Select the next unvisited data point as the starting point and repeat steps 2 to 5 until
all data points have been visited;

7. Mark the remaining unallocated data points as noise points and clear them.

The general steps for trajectory noise point removal using DBSCAN are given above,
but since the focus of this paper is on the segmentation, indexing, and storage of trajectories,
it will therefore not be discussed in more detail here. For the code implementation of
DBSCAN and related parameter settings, refer to Github [35]. In addition, the DBSCAN
method does not yield optimal trajectory cleaning, which is chosen in this paper to ensure
the quality of the trajectory segmentation as much as possible.

In this paper, segmented spatio-temporal indexing of trajectory data is realized by
MBR approximation of spatio-temporal objects. However, the choice of MBR construction
method greatly affects the indexing efficiency. As shown in Figure 4, spatio-temporal
trajectories with longer time intervals have better data compression, but there may be a
large MBR, which results in a large amount of blank space, leading to a lower efficiency of
the spatio-temporal query. Spatio-temporal trajectories with shorter time intervals have
smaller MBRs and a higher efficiency of the spatio-temporal query, but with poorer data
compression capability [36]. Therefore, the goal of optimizing trajectory segmentation is
to make a trade-off between MBR size and query efficiency, ensuring that trajectories are
segmented according to the specified number of segments, while keeping the MBR size
within a reasonable range and minimizing redundant and overlapping MBRs as much
as possible.
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In this study, the greedy segmentation algorithm [37] is utilized in conjunction with the
data model defined in Section 3.1 to achieve maximum N-segment segmentation of a single
long trajectory, with the process described in Figure 5. Although the greedy segmentation
algorithm cannot guarantee obtaining the global optimal solution, it can ensure that the
segments have sufficient length while minimizing the size of the segmented trajectory
segment MBR to achieve a local optimal solution. Additionally, the time complexity of the
algorithm is relatively low and the actual performance is close to the optimal solution; thus,
it is a favorable choice for trajectory segmentation in this study [36].
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1. The greedy segmentation method will be applied independently to each trajectory,
executed in three main steps:

2. Select two consecutive points in the trajectory sequence in turn as diagonal vertices to
create the MBR sequence;

The merging of neighboring MBRs is considered and the respective sub-trajectory
points are distributed into the newly created MBR after merging. In this case, the merging
of neighboring MBRs is achieved by means of a predefined merging trade-off criterion [38]:

Norm
(

MBRi, MBRj
)
= V

(
MBRmerge

)
−V(MBRi)−V

(
MBRj

)
(1)

where V is the computational function of MBR size, and MBRi and MBRj are two con-
secutive MBR objects in the current MBR sequence. The MBR merge operation based on
this criterion is listed in Algorithm 1, which selects the MBR corresponding to the current
minimum merge tradeoff criterion value for merging;

3. The merging operation in step 2 is performed cyclically, and the merging process is
terminated when the number of trajectory segments reaches the division limit.
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This workflow is shown in Algorithm 1.

Algorithm 1: Trajectory Segmentation Algorithm.

Input: Trajectory = {point1, point2, . . .}, Trajectory ID TID, segment length N
Output: Segments = Map < TID, MBRList = {MBR1, MBR2, . . .}>
1: MBRList←∅.
2: for i in range(1, n) do
3: create new Points pt1 =Point(pointi−1 .x, pointi−1 .y), pt2 =Point(pti .x, pti .y);
4: create new MBR MBR =MBR (pt1, pt2);
5: MBRList.add(MBR).
6: end for
7: MBRMergeNorm←∅.
8: for each MBRi ∈MBRList and MBRj = MBRi .next() do
9: norm < Norm(MBRi, MBRj), i, j >← getMergeNorm(MBRi, MBRj).
10: MBRMergeNorm.add(norm);
11: end for
12: Segments←∅.
13: while MBRList.size() > N do
14: MBRindex[a, b]← getMin(MBRMergeNorm).
15: create new MBR MBRnew = runMerge (MBRa, MBRb);
16: MBRList.replace(a, MBRnew), MBRList.remove(MBR)b
17: MBRMergeNorm.update();
18: end while
19: return Segments.Put(TID, MBRList);

The greedy segmentation algorithm is applied to each trajectory independently. There-
fore, this study utilizes Spark for parallel processing of trajectory segmentation.

3.2. Trajectory Spatio-Temporal Index Construction

We propose the HHBITS trajectory spatio-temporal index structure in this study to
provide efficient trajectory spatio-temporal query support. For temporal indexing, the
joint Hash table provides indexing support for real-time incremental trajectory databases
by partitioning uniform intervals in time and sorting and encoding them according to an
ascending data structure. For spatial indexing, a combination of space-filling curve and
spatial adaptive division is used to realize the reduced dimensional spatial representation
of segmented trajectories and to avoid data skewing. This section describes the HHBITS
index structure in detail.

3.2.1. Time Index Based on Hash Table

The spatial division of the radial region of the trajectory is definable, whereas time is
infinitely extended, and the trajectory grows infinitely with the spatio-temporal changes
of the moving object [39]. Therefore, segmentation is performed in both spatial and
temporal dimensions as well as distributing the trajectory segments into corresponding
spatio-temporal units to improve query efficiency and alleviate the data skewing problem.

A common partitioning method is to treat the temporal dimension as the third dimen-
sion of space, enabling synchronous three-dimensional spatial partitioning, and utilizing
three-dimensional space-filling curves to encode the partitioning results. However, this
method has two drawbacks. Firstly, constructing high-dimensional and high-precision
space-filling curves requires more complex encoding computations, resulting in increased
time overhead. Secondly, considering that trajectory segments are usually uniformly dis-
tributed in time, performing uniform temporal partitioning can significantly reduce the
workload of individual nodes [40]. Therefore, in this study, the partitioning and encoding
were performed separately in the temporal and spatial dimensions, and the codes were
organized using the same index tree, in order to provide efficient trajectory management
support while preserving the spatiotemporal distribution characteristics of the trajectories.
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We form trajectory partitions in terms of time intervals and divide spatio-temporal
trajectories that are in the same interval into the same partition. By encoding the partitions,
a simple and efficient hash table is combined to establish the correspondence between the
partitions and the codes, and the construction of the time index is realized, as shown in
Figure 6, where each Value of the hash table is the sequential value obtained by arranging
each trajectory time partition in chronological order. Assuming that T0 is the time corre-
sponding to the earliest trajectory partition in time phase, and dt is the time interval of
temporally adjacent trajectory partitions, a simple ascending data structure is adopted to
organize the uniquely corresponding time span values in the partition. dt should be set
according to the temporal characteristics of the original trajectories, query requirements,
and practical application experience for comprehensive consideration.
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Subsequently, the trajectories in each independent partition will be converted from
trajectory points to MBR sequences by the greedy segmentation algorithm, and a joint
Hash table is used to maintain and update the MBR sequences of all the partitions for
temporal indexing, which facilitates pruning the querying task by finding the spatio-
temporal trajectory segments in a specific interval through the unique partition identifiers,
as shown in Figure 6. When a trajectory partition has a time span of dt and its corresponding
time interval is [T, T + dt], MBR sequences that are in the same interval are selected to be
partitioned into that partition to form a collection of MBR sequences, and a new partition
node is created to receive the new MBR sequences.

3.2.2. Spatial Index of Trajectories under Adaptive Partition of Space

A space-filling curve is a one-dimensional continuous curve that traverses a multidi-
mensional space. It has shown high performance in spatial indexing and spatial partitioning
for various data types [41]. Commonly used space-filling curves include the Z curve and
Hilbert curve [42]. The Z curve has local proximity, although it also has serious spatial
mutability, i.e., the subspaces coded by neighboring numbers may not be adjacent to each
other, and its coding cannot effectively reflect spatial distance [41]. The Hilbert curve has
optimal spatial aggregation and discrete approximation abilities, and adjacent subspaces
in space are adjacent and continuous on the curve; thus, it can realize the mapping from
multidimensional space to one-dimensional space well [43], as shown in Figure 7.

Compared with the Z curve, the Hilbert curve shows a better spatial clustering effect
and does not present a “spatial mutation” phenomenon. Furthermore, the Hilbert curve, as
a variant of the Peano curve, has a simpler and more effective implementation (instead of
cutting the space into 9 squares of the same size, it is cut into 4 squares of the same size) as
well as a wider range of applications [39]. Therefore, the Hilbert curve was chosen as the
basis of the coding algorithm in this study.



ISPRS Int. J. Geo-Inf. 2024, 13, 197 10 of 22
ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 10 of 22 
 

 

 

Figure 7. Hilbert curve. 

Compared with the Z curve, the Hilbert curve shows a beCer spatial clustering effect 
and does not present a “spatial mutation” phenomenon. Furthermore, the Hilbert curve, 
as a variant of the Peano curve, has a simpler and more effective implementation (instead 
of cuCing the space into 9 squares of the same size, it is cut into 4 squares of the same size) 
as well as a wider range of applications [39]. Therefore, the Hilbert curve was chosen as 
the basis of the coding algorithm in this study. 

The traditional Hilbert coding uses the idea of gridding each grid as the spatial extent 
of the partition, but when the data in the space are unevenly distributed, it may lead to 
the existence of a sub-region with overly dense data, thus generating the problem of par-
titioned data skew. When new data are loaded into the region, the index update and 
maintenance will become more complex, and the I/O cost of the query and the size of the 
candidate set increase, which leads to a reduction in the efficiency of the query [44]. 

In summary, non-uniform spatial division is considered according to the distribution 
density of trajectory segments, as shown in Figure 8. The adaptive division of regional 
space is realized by preseCing the threshold of the regional data volume to achieve the 
purpose of balancing the data volume of each region, which effectively reduces the search 
space and improves the query efficiency. In order to avoid the high I/O overhead of trans-
miCing the complete dataset in the computation process, we sample the data at a sampling 
rate of 1% to determine the initial order of the Hilbert [42], and dynamically construct the 
Hilbert mesh based on this initial order and the local quadrature. We construct the Hilbert 
laCice dynamically based on this initial order and local quadrature. 

 
Figure 8. Correspondence between non-uniform spatial divisions and Hilbert curve. 

However, MBR objects that are unevenly distributed in space may span multiple di-
vided grids, and deciding which grid they belong to is the boundary data problem. Usu-
ally, for such data spanning boundaries, there are specified grids and replication methods 
[45]. The specified grid method involves selecting one of the multiple grids that the object 

Figure 7. Hilbert curve.

The traditional Hilbert coding uses the idea of gridding each grid as the spatial extent
of the partition, but when the data in the space are unevenly distributed, it may lead to the
existence of a sub-region with overly dense data, thus generating the problem of partitioned
data skew. When new data are loaded into the region, the index update and maintenance
will become more complex, and the I/O cost of the query and the size of the candidate set
increase, which leads to a reduction in the efficiency of the query [44].

In summary, non-uniform spatial division is considered according to the distribution
density of trajectory segments, as shown in Figure 8. The adaptive division of regional space
is realized by presetting the threshold of the regional data volume to achieve the purpose
of balancing the data volume of each region, which effectively reduces the search space
and improves the query efficiency. In order to avoid the high I/O overhead of transmitting
the complete dataset in the computation process, we sample the data at a sampling rate of
1% to determine the initial order of the Hilbert [42], and dynamically construct the Hilbert
mesh based on this initial order and the local quadrature. We construct the Hilbert lattice
dynamically based on this initial order and local quadrature.
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However, MBR objects that are unevenly distributed in space may span multiple
divided grids, and deciding which grid they belong to is the boundary data problem.
Usually, for such data spanning boundaries, there are specified grids and replication
methods [45]. The specified grid method involves selecting one of the multiple grids that
the object spans. The copy method copies the objects that span the grids to each grid, but
this causes data duplication, causing the results of query-type operations to be erroneous
due to large bias. Thus, for the spatio-temporal range query, for avoiding the overhead
caused by additional storage and de-duplication operations brought by the subsequent
filtering step of the replication method, and considering that we have achieved the optimal
segmentation of the trajectory through the greedy algorithm to minimize the blank space
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of the MBR of the trajectory segments, which improves the spatial utilization, this study
adopts the specified grid method, and guarantees the correctness of the results by paying
attention to the boundary selection subsequently.

The complete spatial adaptive partitioning and Hilbert coding process is shown in
Algorithm 2.

Algorithm 2: Adaptive Data Segmentation Algorithm Based on Space-Filling Curve Coding.

Input: MBRList = {MBRi} N (i = 1,2,. . .,N), initially selected level Nini, highest level Nmax,
threshold Pmax
Output: Physical Partition = GridList
1: GridList←∅.
2: SubdivideGridList←∅.
3: GridList← regularGridSplit(MBRList, Nini);
4: for each gridi ∈ GridList do
5: if (gridi . capacity() > Pmax) then
6: SubdivideGridList.add(gridi);
7: GridList.remove(gridi);
8: end for
9: TempGridList← ∅.
10: while SubdivideGridList.size() > 0 and Nini < Nmax do
11: TempGridList← subdivide(SubdivideGridList).
12: Nini ++;
13: SubdivideGridList.clear();
14: SubdivideGridList← selectSubdivide(TempGridList, GridList);
15: end while
16: return GridList;

The initial Hilbert curve order (Nini) needs to be determined before spatial adaptive
partitioning can be performed. In this paper, the value of Nini is calculated from the
perspective of range query. In particular, retrieving spatial objects that intersect with
a specific query window (r◦ × r◦) is a typical requirement for neighborhood queries in
practical business applications. We assume that the maximum spatial span of the study
region is R◦. If the spatial region represented by the Hilbert coding is to cover the study
region, it should satisfy 2Nini × r ≥ R, Nini ≥

⌈
log2

R
r

⌉
, and Nini should be normalized and

used as the starting order of the Hilbert curve.
At the first division, based on the set initial Hilbert curve order (Nini), the two-

dimensional space is uniformly divided into a 2Nini × 2Nini grid. Subsequently, statistics on
the number of MBR objects in each Hilbert grid are obtained. If the data contained in a
grid cell are less than or equal to the set threshold value (Pmax), then encoding is performed
directly according to the direction of the Hilbert curve; however, if the data contained in
a grid cell are greater than or equal to the set threshold (Pmax), then iterative subdivision
is performed in that grid cell alone to construct a locally finer grid. When the number of
subdivision orders reaches the pre-set maximum order (Nmax) or the data contained in a
single grid cell are less than the threshold Pmax, then the subdivision is stopped. Pmax can
be selected based on hardware performance and network speed or the size of the most
frequently queried study area. For most applications, a value size of a few thousand to tens
of thousands is an appropriate choice [46].

3.3. Trajectory Storage and Query

In this paper, the dense spatio-temporal trajectory data are divided into relatively small
groups involved in trajectory spatio-temporal index construction by refining the spatial
units, and a spatio-temporal query framework for large-scale trajectory data oriented to
NoSQL is designed based on the relational organization model of temporal Hash and
Hilbert coding (Figure 9). The main idea is to organize segments of trajectories by spatio-
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temporal coding, and to process spatio-temporal range queries of trajectories by using the
compound index structure (improved B+-Tree) built into the database system.

ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 12 of 22 
 

 

be selected based on hardware performance and network speed or the size of the most 
frequently queried study area. For most applications, a value size of a few thousand to 
tens of thousands is an appropriate choice[46]. 

3.3. Trajectory Storage and Query 

In this paper, the dense spatio-temporal trajectory data are divided into relatively 
small groups involved in trajectory spatio-temporal index construction by refining the 
spatial units, and a spatio-temporal query framework for large-scale trajectory data ori-
ented to NoSQL is designed based on the relational organization model of temporal Hash 
and Hilbert coding (Figure 9). The main idea is to organize segments of trajectories by 
spatio-temporal coding, and to process spatio-temporal range queries of trajectories by 
using the compound index structure (improved B+-Tree) built into the database system. 

 
Figure 9. Framework of trajectory segment index for NoSQL. 

3.3.1. Storage of Segmented Trajectory Data with MongoDB 

In mature spatial databases, R-Tree indexes are usually used to manage trajectory 
data, and efficient temporal indexing mechanisms are lacking. In contrast, this paper uti-
lizes temporal Hash with Hilbert coding to organize spatio-temporal trajectory data, 
whose one-dimensionality is easier to manage compared to the complex R-Tree. There-
fore, in this paper, the index is ported to the MongoDB database. Primarily, the conversion 
from trajectory point sequence to trajectory segment sequence is achieved by the greedy 
segmentation algorithm in Section 3.1, which minimizes the blank space of the MBR of the 
trajectory segments and improves the space utilization and query accuracy. Subsequently, 
the temporal Hash code and Hilbert encoding of segmented trajectories are calculated ac-
cording to the temporal indexing model in Section 3.2. Finally, the segmented trajectory 
dataset is imported into the database and the compound index is constructed on its tem-
poral hash code and Hilbert coding fields. Compared to building separate indexes on 
these two columns, the composite index is realized by only one B+-Tree, which is able to 
sort the second index column based on the sorting of the first index column, and has a 
more efficient query performance, which can accelerate the spatio-temporal query pro-
cessing on the same segmented trajectory data table. Since Hilbert coding under uneven 
spatial segmentation is a spatial segmentation coding technique similar to a quadtree, this 
paper utilizes Hilbert-Tree for description. In summary, range requests normally sup-
ported by R-Tree can then be transformed into query processing for temporal Hash tables 

Figure 9. Framework of trajectory segment index for NoSQL.

3.3.1. Storage of Segmented Trajectory Data with MongoDB

In mature spatial databases, R-Tree indexes are usually used to manage trajectory
data, and efficient temporal indexing mechanisms are lacking. In contrast, this paper
utilizes temporal Hash with Hilbert coding to organize spatio-temporal trajectory data,
whose one-dimensionality is easier to manage compared to the complex R-Tree. Therefore,
in this paper, the index is ported to the MongoDB database. Primarily, the conversion
from trajectory point sequence to trajectory segment sequence is achieved by the greedy
segmentation algorithm in Section 3.1, which minimizes the blank space of the MBR of the
trajectory segments and improves the space utilization and query accuracy. Subsequently,
the temporal Hash code and Hilbert encoding of segmented trajectories are calculated
according to the temporal indexing model in Section 3.2. Finally, the segmented trajectory
dataset is imported into the database and the compound index is constructed on its temporal
hash code and Hilbert coding fields. Compared to building separate indexes on these two
columns, the composite index is realized by only one B+-Tree, which is able to sort the
second index column based on the sorting of the first index column, and has a more efficient
query performance, which can accelerate the spatio-temporal query processing on the same
segmented trajectory data table. Since Hilbert coding under uneven spatial segmentation is
a spatial segmentation coding technique similar to a quadtree, this paper utilizes Hilbert-
Tree for description. In summary, range requests normally supported by R-Tree can then be
transformed into query processing for temporal Hash tables and Hilbert-Tree and B+-Tree
indexes. This design facilitates the parallelization of range query processing, and this
parallelism can be used for both multiple range queries and single-query processing.

3.3.2. Trajectory Spatio-Temporal Query

The HHBITS index supports all the spatio-temporal query processing operations
mentioned in this paper, the more common and important of which are query operations
based on specific spatio-temporal boundaries. The spatial range and the time interval
are provided as inputs, and the target is to find all the trajectory objects within the range.
Combined with the spatio-temporal index model in Section 3.2 of this paper, the spatio-
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temporal range query of a trajectory is divided into two phases, i.e., the filtering phase of the
HHBITS index and the refinement screening phase. Figure 10 shows the general framework
of the “filtering and refinement” model for spatio-temporal range query processing of
trajectories. The filtering phase uses a relatively low computational cost to find a candidate
set of possible trajectory segments; the refinement phase identifies the final query results
from the indexed coarse filter candidate set.
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Among them, the spatio-temporal filtering phase based on HHBITS can be divided
into 4 sub-stages:

1. Temporal layer filtering, regardless of the query conditions oriented to a specific point
in time or a specific time period, can be indexed and filtered by the temporal Hash
table, which maps the temporal range of the query to a specific temporal Hash value
or a list of temporal Hash values;

2. Spatial layer filtering, which computes a Hilbert grid encoding set from the Hilbert-
Tree based on the given spatial query boundaries;

3. Generating an indexed filter statement based on the filtering results obtained in
steps 1 and 2, with filter conditions constructed by combining the corresponding
spatio-temporal encoding sets;

4. Delivering the indexed filter statements to the trajectory segment storage table and
returning the indexed execution results to await subsequent processing.
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In the precise screening phase, the spatio-temporal information of the trajectory seg-
ments is extracted from them by traversing the indexed filtering results, and the trajectory
segments that are accurately included in the spatio-temporal query boundaries will be
screened and returned.

4. Experiments and Results
4.1. Data Description and Experimental Platform

For verifying the feasibility of the hybrid spatio-temporal index structure of trajectories
proposed in this paper, this study implements a large-scale GPS trajectory data organization
structure and its range query method based on uneven spatial segmentation and trajectory-
optimized segmentation based on the MongoDB database, and uses the GPS trajectory
dataset from Microsoft GeoLife [47]. The GPS trajectories in this dataset consist of a series
of time-stamped points, each of which is represented by various attributes such as its
latitude, longitude, and altitude, and contain a total of 18,670 complete GPS trajectories and
about 24.9 million trajectory points. In addition, the dataset spans the period from April
2007 to August 2012. The experiments were conducted using Java (JDK1.8) to implement
the trajectory-optimized segmentation, partitioned HHBITS construction, and trajectory
spatio-temporal query algorithms, with MySQL version 8.0.30, MongoDB version 4.4.0,
and Spark version 3.1.2, and were run on a computer configured with an Intel(R) Core(TM)
i7-9750H CPU @ 2.60 GHz and 16 GB RAM on a Windows 10 64-bit operating system.

4.2. Performance Analysis

In this subsection, the evaluation experiments will be conducted based on the experi-
mental environment in 4.1 with real datasets. The experiments are mainly divided into two
parts: validation of the effect of trajectory segmentation based on the greedy algorithm and
experiments on spatio-temporal querying of trajectories based on the HHBITS index.

4.2.1. The Effects of Segmentation Optimization

The segmentation optimization uses the greedy merging method (as described in
Section 3.2), which aims to minimize the MBR size of the trajectory segments while main-
taining a fixed number of trajectory segments. Through the characterization of the dataset,
we noticed that the time span of trajectories with more trajectory point records is usually
contained in the interval of 12 to 24 h, while the time span of trajectories with fewer trajec-
tory point records is usually contained in the interval of 0 to 6 h. Therefore, the experiments
choose to apply the optimized segmentation method to two different types of trajectories,
i.e., long trajectories (spanning more than 12 h) and short trajectories (spanning up to 6 h).
We randomly selected 100 trajectories from each of these two types and evaluate the segmen-
tation results by the ratio of the sum of the MBR sizes of the segmented trajectory segments
(optimized method/conventional method). Among them, the optimization method is the
greedy segmentation algorithm used in this paper. The conventional trajectory segmen-
tation method uses the common trajectory equal interval segmentation method, which
means that the trajectory is uniformly divided into a number of trajectory segments with
the same number of sub-trajectory points. The number of sub-trajectory points contained
in each trajectory segment is

[
Pall
N

]
+ 1, where Pall is the number of sub-trajectory points

contained in the trajectory and N is the segment length. In some cases, the segment located
at the end of the time series contains a different number of sub-trajectory points than the
other segments. As shown in Figure 11, both long and short trajectories can effectively
reduce the MBR size after segmentation optimization. In addition, the results obtained by
applying the optimized segmentation method on long trajectories are better than those on
short trajectories, especially when the length of the trajectory segments is high.
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In this study, the results of trajectory optimization segmentation are used for the
construction of indexes to realize the efficient organization of massive GPS trajectory data.
In order to verify the query performance based on trajectory optimization segmentation,
3544 trajectories and about 5 million point objects are selected from the original trajectory
dataset for the construction of R-Tree, and the spatial query comparison experiments with
the conventional trajectory segmentation method are conducted; the results are shown
in Figure 12. Due to the optimization of the trajectory segmentation rules, the sum of
the bounding box volume of the generated trajectory segments and the area covered and
overlapped by the non-leaf nodes of the R-Tree as well as the perimeter are as small as
possible, which improves its spatial utilization, reduces the search paths in spatial querying
and candidate trajectory segments, and shortens the querying time effectively.
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In addition, this study also examines the query accuracy of the trajectory optimization
segmentation method under different segment lengths, and the ratio of the trajectory
segments that are truly included in the query range to those returned by indexed coarse
filtering is referred to as the query accuracy ratio. The same dataset as the previous
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experiment is selected and query tests are conducted under R-Tree with a spatial window
of 0.05◦ × 0.05◦ to measure the query accuracy and data compression effect of the method,
as shown in Figure 13. The results show that the spatial query accuracy of the optimized
segmentation method is always higher than that of the conventional segmentation method,
and with the increase in the number of trajectory segments, the conventional segmentation
method introduces too much blank space, which causes a large number of erroneous values
to be loaded into the result set, and the data compression effect is poor. The optimized
segmentation method reduces the blank space by minimizing the MBR size of the trajectory
segments, which effectively reduces the results that are not within the query range, and
the data compression effect is ideal. Therefore, the optimized segmentation method has a
better data compression effect and ensures higher query accuracy while supporting efficient
trajectory query retrieval.

ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 16 of 22 
 

 

Figure 12. The comparison between basic segmentation and optimized segmentation in spatial 
query with different segment lengths: (a) index-filtering stage; (b) traversing the refinement stage; 
(c) total time consumption for spatio-temporal range query. 

In addition, this study also examines the query accuracy of the trajectory optimiza-
tion segmentation method under different segment lengths, and the ratio of the trajectory 
segments that are truly included in the query range to those returned by indexed coarse 
filtering is referred to as the query accuracy ratio. The same dataset as the previous exper-
iment is selected and query tests are conducted under R-Tree with a spatial window of 
0.05° × 0.05° to measure the query accuracy and data compression effect of the method, as 
shown in Figure 13. The results show that the spatial query accuracy of the optimized 
segmentation method is always higher than that of the conventional segmentation 
method, and with the increase in the number of trajectory segments, the conventional seg-
mentation method introduces too much blank space, which causes a large number of er-
roneous values to be loaded into the result set, and the data compression effect is poor. 
The optimized segmentation method reduces the blank space by minimizing the MBR size 
of the trajectory segments, which effectively reduces the results that are not within the 
query range, and the data compression effect is ideal. Therefore, the optimized segmenta-
tion method has a beCer data compression effect and ensures higher query accuracy while 
supporting efficient trajectory query retrieval. 

 
Figure 13. The comparison of query accuracy between basic segmentation and optimized segmen-
tation with different segment lengths. 

4.2.2. Trajectory Spatio-Temporal Query 

To evaluate the impact of the number of trajectory segments on the spatio-temporal 
query, the same dataset as the previous experiment is selected for the experiment, with 
the maximum number of segments per trajectory increased from 10 to 100 for the data 
import and query test, and the interval is 10. The minimum code length is 5 and the max-
imum is 12. The threshold of spatial split is 2000. The query range is the space area that 
corresponds to 0.5 0.5°× °  and the time interval is 1 month. The experimental results are 
shown in Figure 14. 

Figure 13. The comparison of query accuracy between basic segmentation and optimized segmenta-
tion with different segment lengths.

4.2.2. Trajectory Spatio-Temporal Query

To evaluate the impact of the number of trajectory segments on the spatio-temporal
query, the same dataset as the previous experiment is selected for the experiment, with the
maximum number of segments per trajectory increased from 10 to 100 for the data import
and query test, and the interval is 10. The minimum code length is 5 and the maximum is
12. The threshold of spatial split is 2000. The query range is the space area that corresponds
to 0.5◦ × 0.5◦ and the time interval is 1 month. The experimental results are shown in
Figure 14.

As observed in Figure 14, as the maximum number of segments of a single trajectory
increases sequentially, the import time of the segmented trajectory data increases, and the
relationship with the maximum number of segments of a single trajectory is positively
proportional. The main reason for this is that the larger the maximum number of segments
of a single trajectory is, the more segments are written to MongoDB in the identical batch.

In terms of query efficiency, the total number of MBRs increases when the maximum
number of segments per trajectory is sequentially increased, and the efficiency of maintain-
ing and updating the indexes in memory and utilizing the indexes for temporal and spatial
queries gradually decreases. The query performance degradation is caused by two factors.
The first factor is the increase in the number of MBR spatio-temporal objects that need
to be parsed when splitting the trajectory into more segments. The second factor is that
the Hilbert-Tree becomes more complex as the size of the MBR scales up, which increases
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the construction and retrieval time of the indexes and makes the query statements very
large and complex, and their processing cost increases dramatically, resulting in a longer
execution cycle for a complete spatio-temporal query process. Additionally, as shown in
the experimental results in Section 4.2.1, larger trajectory segment lengths are less effective
in segmentation when applied to short trajectories, with a certain degree of decrease in
the blank space reduction effect, while the effect on long trajectories is not significant.
Meanwhile, larger segment lengths result in more MBR objects that need to be organized
and analyzed, exacerbating the complexity and time overhead of index filtering and exact
querying. Moreover, as shown in Section 3.1.2, greedy segmentation does not guarantee
to obtain the global optimal solution, so the maximum number of segments for a single
trajectory can be flexibly selected according to the degree of knowledge of the dataset and
the management requirements. Above all, to ensure efficient query processing and index
update maintenance, the maximum number of trajectory segments is chosen to be 20 in the
subsequent spatio-temporal query experiments and index scalability validation.
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This paper examines trajectory-based spatio-temporal range queries. It attempts to
find trajectory segments including certain activities within predefined spatio-temporal
boundaries. For performing query efficiency metrics and testing the performance of
indexed queries under different spatio-temporal dimension scales, activities using different
spatio-temporal ranges are chosen to analyze the execution runtime; spatio-temporal query
windows with ranges 0.1◦ × 0.1◦, 0.2◦ × 0.2◦, 0.5◦ × 0.5◦, 1◦ × 1◦, 1.5◦ × 1.5◦, and 2◦ × 2◦

are selected and denoted as query ranges 1, 2, 3, 4, 5, and 6, respectively; and querying
experiments are conducted at four different time intervals. The number of experiments
is 50. The query time is recorded as the average time of 50 queries, including two parts:
(1) index filtering time and (2) precision screening refinement time. In addition, we compare
this with three other common methods of composite indexing, which are implemented
through two independent indexes. One method, the R-Tree index (a built-in spatial index
in MySQL), is based on the spatial location information of trajectory segment and the
B+-Tree index on its start and end time, which we denote as method 2. The other approach
is achieved by 2D location index (a built-in spatial index in MongoDB) on the trajectory
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segment with a B+-Tree index on the start and end time, which we denote as method 3.
For the last method, we choose to encode the trajectory points with the utilized Hilbert
curves [48], and subsequently construct a B+-Tree in the encoded field, which is similar
to the Z3 indexing in GeoMesa, and we identify it as method 4. Moreover, the method
proposed in this paper is denoted as method 1.

Figure 15 illustrates the query performance based on spatio-temporal thresholds. The
performance of the HHBITS index is much better in terms of effectiveness test results when
performing trajectory query processing. The proposed index saves about 40% time on
average compared to three other spatio-temporal composite indexes for trajectory data.
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According to Figure 15, the features and advantages of this paper’s method in trajec-
tory spatio-temporal querying can be observed. On the one hand, the running time of the
query becomes longer with the increase in the spatio-temporal range and data size, because
it needs to access a large number of partitions storing MBRs to obtain all the trajectory
segments that satisfy the query conditions, but it always maintains a better performance
in spatio-temporal querying with good scalability. Second, when a user accesses a small
range of trajectories, the search is pruned according to the spatio-temporal boundaries and
fewer trajectory partitions are accessed. If the desired trajectory segments are located in
the same partition, the query is more effective. On the other hand, the increase in query
range has less effect on the query efficiency of the HHBITS index and more effect on the
composite index. This phenomenon suggests that for method 2 and method 3, which are
regular types of composite index structures, they can only filter data in one dimension
(spatial or temporal) at a time, while data in other dimensions can only be filtered later.
With the expansion of the query area, a large number of records must still be filtered after
the first filtering of the main index; for method 4, it can filter latitude, longitude, and
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time at the same time, which reduces the number of three-dimensional queries in one
dimension. However, due to the limited precision of space-filling curves, the method with
trajectory points as index units still needs a large amount of time for traversal refinement
to obtain accurate query results after the index coarse filtering. Although the HHBITS
index is encoded separately in the temporal and spatial domains, it is compatible with
the database’s built-in compound index structure, providing better support for trajectory
queries than existing methods. The HHBITS index is particularly adept at dealing with a
large range of spatial–temporal queries for trajectories.

4.2.3. Index Scalability Validation

To verify the flexibility and scalability of the index, we chose to complete the construc-
tion of the index in three datasets of different sizes, and examined the time consumption of
the method in this paper for index construction, updating, and maintenance in the same
study area and different data densities. The dataset overview and experimental results are
shown in Table 1. Among them, the time spans of the D1, D2, and D3 datasets are from
April 2007 to December 2009, April 2007 to October 2010, and April 2007 to August 2012,
respectively. The sample data were preloaded into the memory and waited for processing,
and the time overhead covers the spatio-temporal encoding computation of segments of
trajectories and the overhead of the persistence of B+-Tree indexes in MongoDB. In addition,
we chose to complete the index construction supported by the D1, D2, and D3 datasets
sequentially by incremental building, and the time difference between the completion of
index construction of the two neighboring datasets is the time overhead of performing
index updates.

Table 1. Description of experimental datasets.

Name Number of
Trajectories Number of Trajectory Points Index Construction Time (s)

D1 3542 5,096,851 0.773
D2 9092 13,321,696 2.203
D3 18,670 24,876,978 4.234

The experimental results show that the HHBITS index has excellent performance
when facing datasets of different sizes. When the data density of the research area changes
dramatically, the update and maintenance of the index can also be completed in a short
time, showing good flexibility and scalability.

5. Conclusions and Discussion

With the aim of efficiently processing massive GPS trajectory datasets that contain
spatio-temporal information and are unevenly distributed, this paper explores how to pro-
vide efficient trajectory data indexing and query support. To this end, this paper proposes
a hybrid spatio-temporal indexing structure based on trajectory-optimized segmentation
and uneven space division. Initially, the greedy algorithm is used to realize the optimized
segmentation of trajectories to reduce the blank space and improve the space utilization
of the index and the accuracy of the query. Subsequently, by combining temporal Hash,
Hilbert coding under uneven spatial segmentation, and the database’s built-in compound
index, this paper applies this indexing model to the non-relational database MongoDB.
The advantages of this index are that it can adapt to the spatial and temporal distribution
of data, is easily integrated with existing database systems, and provides efficient range
querying capabilities through standard SQL. In addition, the cost of index updates is low.
For data update, it is only necessary to add or delete data table records. Through experimen-
tal comparisons, the HHBITS index proposed in this paper significantly outperforms the
composite spatio-temporal index based on R-Tree and B+-Tree for range queries, especially
when the query has a large spatio-temporal boundary.
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In future research, we plan to conduct a more in-depth study of the greedy segmen-
tation algorithm to explore the optimal solution computation method of segment length
that can be applied to various types of trajectory data. We also plan to optimize the greedy
segmentation algorithm so that it can automatically identify trajectories of different lengths
for classification and select different segment lengths for different types of trajectories. In
addition, we plan to perform parallel construction and real-time maintenance of indexes
in a distributed environment and integrate with distributed NoSQL to provide scalable,
high-performance, and highly fault-tolerant trajectory indexing and storage strategies.
More comparisons with existing solutions such as HadoopTrajectory and GeoMesa will be
made to better evaluate the performance of the proposed solution.
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