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Abstract: Trajectory big data is suitable for distributed storage retrieval due to its fast update speed
and huge data volume, but currently there are problems such as hot data writing, storage skew, high
I/O overhead and slow retrieval speed. In order to solve the above problems, this paper proposes a
trajectory big data model that incorporates data partitioning and spatio-temporal multi-perspective
hierarchical organization. At the spatial level, the model partitions the trajectory data based on the
Hilbert curve and combines the pre-partitioning mechanism to solve the problems of hot writing and
storage skewing of the distributed database HBase; at the temporal level, the model takes days as the
organizational unit, finely encodes them into a minute system and then fuses the data partitioning to
build spatio-temporal hybrid encoding to hierarchically organize the trajectory data and solve the
problems of efficient storage and retrieval of trajectory data. The experimental results show that the
model can effectively improve the storage and retrieval speed of trajectory big data under different
orders of magnitude, while ensuring relatively stable writing and query speed, which can provide an
efficient data model for trajectory big data mining and analysis.

Keywords: trajectory data; spatio-temporal coding; distributed columnar storage; Hilbert partition;
HBase write hot

1. Introduction

As a very important spatio-temporal big data, trajectory data contain temporal, spatial
and attribute information, which not only has the characteristics of multi-source, massive
and fast update, but also presents the complexity of multi-dimensional, semantic and
spatio-temporal dynamic correlation [1]. At present, traditional relational spatial databases
fail to meet the storage and query needs of large-scale spatial data [2], so distributed,
non-relational spatial databases are born [3]. However, the traditional big data technologies
in the existing distributed storage systems use a direct-write columnar storage mechanism
and traversal of massive data retrieval [4], both of which have some degree of problems in
big data processing techniques. Among them, the direct columnar storage mechanism leads
to data “write fever” and data skewing, and the storage efficiency is low, which cannot
meet the storage requirements of large-scale spatial data. At the same time, in the process of
data retrieval, the traversal of data tables causes problems such as high overhead and slow
retrieval speed of I/O computation. Although the above problems can be solved by using
spatial data division and hierarchical organization, there are still many problems when
taking into account the temporal continuity and spatial proximity of data objects. Therefore,
in order to effectively balance the integrity, spatial proximity and data structure flexibility
of trajectory data [1] and meet the needs of balancing the data among distributed nodes,
the targeted organization and management of data from temporal and spatial perspectives
is an important objective for the efficient storage and query of massive data [4].

In recent years, to improve the organization and management of spatial big data,
many scholars have conducted a significant amount of research in the field of spatial data
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partitioning. Geohash coding and spatially filled curves are two commonly used methods
for effective data dimensionality reduction partitioning. Geohash, as a spatial partitioning-
based indexing model, is widely used for the indexing and retrieval of spatial data [5]. The
literature [6–8] used Geohash strings as partitioning keys to partition and index large-scale
geographic data, which effectively improved the data retrieval efficiency and accuracy; the
literature [9] developed Geohash-Grid Tree for searching integrated data in heterogeneous
data sources to cope with the data retrieval problem in mobile sensing environments. All
the above studies have been validated effectively in terms of retrieval speed, but the data
volume of the storage nodes cannot be balanced and the storage efficiency has not been
illustrated accordingly.

Space-filling curves mostly use Hilbert curves and Z-curves to achieve data parti-
tioning by dimensionality reduction. Generally speaking, Hilbert curve data have good
clustering characteristics, but the mapping process is complicated. In contrast, Z-curve
data have slightly worse clustering properties, but the mapping process is simple. In
the literature [10], a new multi-level spatio-temporal grid index GeoSOT ST-index was
constructed based on Z-curves to organize the trajectory data hierarchically, but it failed to
take into account the uneven distribution of trajectory data.

In contrast to the wide application of Z-curves, there are relatively few studies us-
ing Hilbert curves for spatial data partitioning. Cao [4] and Wu [11] et al. used Hilbert
curves to partition the space into small cells to cover the region of interest where the
trajectory dataset is located with a grid, and mapped the trajectory data into different
cells for retrieval. Based on the state view, Jiang et al. [12] proposed an efficient coding
algorithm JFK-3HE and a decoding algorithm JFK-3HD to reduce the complexity of coding
and decoding and improve the efficiency of coding and decoding of 3D Hilbert curves.
Jiang and Wu et al. [12,13] focused on the study of 3D Hilbert curve cascade evolution and
coding efficiency, and Jia et al. [14] improved the 2D Hilbert coding and decoding algorithm
from the perspective of accounting for data skewing, but none of them fundamentally
changed the status quo of data skewing. Yang et al. proposed an adaptive spatial partition-
ing method and Geohash coding point pair filtering strategy, which combine to accelerate
the computational efficiency of the K function, but the repeated coding increases the time
overhead [15]. Wu et al. used the state vector and its hierarchical evolution and degradation
function to implement the computation of the neighboring lattice element Hilbert code and
improved the computational efficiency of the linear octree neighboring lattice element [16].
Yang et al. designed an iterative method based on the non-uniform Hilbert space-filling
curve fast generation algorithm based on the iterative method, which can generate more
lightweight non-uniform Hilbert curves [17]. Meanwhile, in spatial data partitioning, the
above methods fully consider the spatial information of spatio-temporal trajectory data,
but fail to fully utilize their temporal information.

Data access speed is the key to judge whether the data index is satisfactory [18]. Grid
indexing based on spatial partitioning has been widely used in recent years due to its
simplicity of construction [19]. The literature [20,21] combined Geohash encoding with an
HBase key-value storage structure based on the key-value storage structure of distributed
databases [20,22] to construct fine and accurate indices with deepening grid hierarchy
division. The literature [23] abstracts mobile data objects, constructs multi-level storage
hierarchies and innovates storage and I/O mechanisms to improve I/O performance
in managing data. The literature [24] builds a highly scalable distributed computing
framework based on the multidimensional aggregated pyramid model, which supports the
efficient interaction visualization under different queries in spatio-temporal and attribute
multidimensions. All of the above indexing methods have efficient query performance
in spatio-temporal dimensions [25], but have complex hierarchical partitioning, high I/O
computational overhead and the problem of complex index construction.

In order to address the above problems, this paper focuses on exploring good spatial data
partitioning strategies [26] by combining various big data processing frameworks [27–29] to
construct a proven spatio-temporal hybrid index. Under the distributed computing frame-
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work Spark, the algorithmic process of Hilbert curve division of regions is studied to ensure
the storage of spatio-temporal data in spatio-temporal nearest neighbors and to balance
the data volume of each region; the spatial division scheme is extended to the temporal
dimension, the slices are divided by days and the time is finely encoded into minutes to
form a global spatio-temporal subdivision scheme. On this basis, this paper proposes a
data storage model based on spatio-temporal multi-angle hierarchical organization. The
model associates spatio-temporal data with the help of spatio-temporal cubes [30], which
makes it easy for data mining [31] and visualization display [32]; meanwhile, it designs row
keys to create spatio-temporal hybrid encoding, stores multidimensional spatio-temporal
data down to a distributed HBase database and combines it with a pre-partitioning mecha-
nism [33] to allocate storage resources to solve the problems of write heat and data skewing,
which achieves efficient trajectory big data storage and retrieval. The model shows good
query performance in both exact point query and spatio-temporal range query and can
provide an effective support model for trajectory big data mining and analysis.

2. Study Area and Dataset
2.1. Study Area

Xiamen is located in the south of Fujian Province, with a topography sloping from
northwest to southeast, and is divided into six municipal districts. Among them, Siming
District is the center of a multi-functional district and is adjacent to Huli District to the
north, which is extremely rich in travel data. Jimei District and Haicang District have been
important ports since ancient times and undergo a relatively dense travel of people. The
former Tongan District was divided into two and split into Tongan District and Xiangan
District, which has an extensive territory but fewer neighborhoods under its jurisdiction
and the lowest density of people travel. The six districts of Xiamen city present sparse and
dense crowd activities due to their functions and location characteristics, and the data of
people travel in the study area are shown in Figure 1. From Figure 1, it can be seen that the
person travel data in Xiamen are densely distributed in each neighborhood, and the data
distribution reflects the neighborhood distribution of Xiamen city.
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Figure 1. Example of experimental data.

2.2. Experimental Data

This experiment uses Xiamen city cruiser order data, selected from 31 May 2019, with
a total of 248,161 data, each datum being a data object. The spatial dataset ranges from
117.908136◦ E to 118.337183◦ E and from 24.425163◦ N to 24.817838◦ N. The cruiser order
data belongs to the OD data in the trajectory data, and each data object includes the O-point
and D-point time information, spatial information and attribute information of the order, as
shown in Table 1. Each cruiser order datum has problems such as data drift and incomplete
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latitude and longitude information during the collection process due to the equipment.
Due to the fact that this study mainly focuses on the cruiser order information within
Xiamen, it is necessary to screen out the data whose OD point location information is
not within the study area. Therefore, the data are firstly cleaned to screen out the objects
with data drift, incomplete latitude and longitude information, and the longitude and
latitude information of boarding and alighting vehicles not within the study area, and
then the latitude and longitude are corrected to complete the coordinate conversion. The
processed data contained a total of 241,556 pieces of information, and the cleaning efficiency
reached 97.34%.

Table 1. Data content.

Serial Number Field Name Field Meaning Example

1 CAR_NO License plate number 87a1f63390dcb590b94bea32e66e6d2a
2 GETON_DATE Boarding time 31 May 2019 14:14:00
3 GETON_LONGITUDE Boarding longitude (WGS84 GPS Standard) 118.1061
4 GETON_LATITUDE Boarding latitude (WGS84 GPS Standard) 24.47037
5 GETOFF_DATE Disembarkation time 31 May 2019 14:24:00
6 GETOFF_LONGITUDE Downtime longitude (WGS84 GPS Standard) 118.115031
7 GETOFF_LATITUDE Dismount latitude (WGS84 GPS Standard) 24.470555
8 PASS_MILE Metered kilometers 2.2
9 NOPASS_MILE Empty kilometers 1.2

10 WAITING_TIME Waiting time 333

3. A Data Storage Model Incorporating Data Partitioning and Spatio-Temporal
Multidimensional Hierarchical Organization

To effectively organize and manage spatio-temporal big data, this paper proposes a
data storage model that incorporates data partitioning and a spatio-temporal multi-angle
hierarchical organization, as shown in Figure 2. Under the Spark computing framework, the
model first preprocesses the dataset to meet the requirements of application scenarios. Next,
the spatial data partitioning is completed based on Hilbert curve hierarchical decomposition
in space; the temporal partitioning is performed by day and finely coded in a minute
system, forming a coding method from overall to local subdivision. The data are organized
hierarchically from spatial and temporal perspectives to build a mixed temporal and spatial
coding index. Finally, according to the principle of distributed storage and combined with
the pre-partitioning mechanism, HBase data records are matched to the corresponding
region area.

3.1. Principle of Hilbert Curve Space Partitioning

Both Hilbert curves and Z-curves recursively divide the filled region using a quadratic
pattern to fill a two-dimensional or even a high-dimensional space with one-dimensional
continuous straight lines [34]. Based on the extension direction of the Hilbert curve, similar
entities have spatial proximity in the multidimensional space and uniquely encode the
recursive region, as shown in Figure 3a. Distinct from the Hilbert curve, the Z-curve has
spatial proximity in the local region, and the spatial jump is exceptionally evident when
crossing the local region, as shown in Figure 3b.

As shown in Figure 4, according to the distribution of the dataset, some of the object
numbers are organized into a grid, and it can be seen that due to the richness of urban
land use types, different functional areas present different spatio-temporal clustering and
dispersion of population, showing a non-homogeneous and dense distribution.
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Figure 4. Distribution of the number of objects in the partial data grid (the data in the grid represent
the number of objects in each area).

Considering the scope of the spatial dataset and the number of stored nodes, an initial
low-order Hilbert curve is chosen to divide the entire study area into 2k × 2k primed
grids. As shown in the left side of Figure 5, the number of objects within each grid is
counted, and the Hilbert curve coding rule is used to code all the objects in the space
within each grid, establishing a one-to-many relationship between the initial Hilbert grid
coding and the spatial objects. According to the initial order to determine the number of
objects in the grid standard value, and according to the order of the initial fraction, Hilbert
encoding will be the number of objects in space with the standard value in turn to do the
judgment. As shown in Figure 6a,b, the areas exceeding the subgrid subdivision Hilbert
grid is established until it is around the standard value or does not exceed the maximum
number of decomposition levels to generate a new code and the number of objects in the
grid. Considering that the number of objects in some of the grids is much smaller than the
standard value, the grids can be further combined to generate new spatial data division
regions, as shown in Figure 6c. Since the coding order follows the direction of the Hilbert
curve extension, the number of objects in each partition can be relatively balanced while
ensuring the spatial proximity of data objects in the same area. The process of the spatial
data partitioning algorithm based on Hilbert curve hierarchical decomposition is shown in
Figure 5, and the final number of divided regions and storage nodes is much smaller than
the number of spatial objects.

In order to fully verify the spatial proximity when dividing regions in space using
Hilbert curves, the results of dividing regions in space by Z-curves were compared. As
shown in Figure 7a,b, the Z-curve is no different from the Hilbert curve in spatial hierarchy
division, but due to the difference of encoding rules between the two space-filling curves, it
can be seen by comparing Figures 6c and 7c that after the deep division and spatial region
merging, and the formation of the irregular spatial region, the spatial region result of the
Hilbert curve proximity is a complete region, while the Z-curve spatial region is fragmented
and spatial spanning occurs between adjacent codes.



ISPRS Int. J. Geo-Inf. 2022, 11, 621 7 of 16

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 7 of 16 
 

 

Hilbert encoding will be the number of objects in space with the standard value in turn to 

do the judgment. As shown in Figure 6a,b, the areas exceeding the subgrid subdivision 

Hilbert grid is established until it is around the standard value or does not exceed the 

maximum number of decomposition levels to generate a new code and the number of 

objects in the grid. Considering that the number of objects in some of the grids is much 

smaller than the standard value, the grids can be further combined to generate new 

spatial data division regions, as shown in Figure 6c. Since the coding order follows the 

direction of the Hilbert curve extension, the number of objects in each partition can be 

relatively balanced while ensuring the spatial proximity of data objects in the same area. 

The process of the spatial data partitioning algorithm based on Hilbert curve hierarchical 

decomposition is shown in Figure 5, and the final number of divided regions and storage 

nodes is much smaller than the number of spatial objects. 

 

Figure 5. Spatial data partitioning algorithm flow based on Hilbert curve hierarchical 

decomposition. 

 

Figure 6. Hilbert curve hierarchy principle. (a) Three dimensional representation of spatial region 

divided by Hilbert curve, (b) Two dimensional representation of spatial region divided by Hilbert 

curve, (c) Two dimensional representation of merged spatial regions. 

In order to fully verify the spatial proximity when dividing regions in space using 

Hilbert curves, the results of dividing regions in space by Z-curves were compared. As 

shown in Figure 7a,b, the Z-curve is no different from the Hilbert curve in spatial 

hierarchy division, but due to the difference of encoding rules between the two 

Figure 5. Spatial data partitioning algorithm flow based on Hilbert curve hierarchical decomposition.

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 7 of 16 
 

 

Hilbert encoding will be the number of objects in space with the standard value in turn to 

do the judgment. As shown in Figure 6a,b, the areas exceeding the subgrid subdivision 

Hilbert grid is established until it is around the standard value or does not exceed the 

maximum number of decomposition levels to generate a new code and the number of 

objects in the grid. Considering that the number of objects in some of the grids is much 

smaller than the standard value, the grids can be further combined to generate new 

spatial data division regions, as shown in Figure 6c. Since the coding order follows the 

direction of the Hilbert curve extension, the number of objects in each partition can be 

relatively balanced while ensuring the spatial proximity of data objects in the same area. 

The process of the spatial data partitioning algorithm based on Hilbert curve hierarchical 

decomposition is shown in Figure 5, and the final number of divided regions and storage 

nodes is much smaller than the number of spatial objects. 

 

Figure 5. Spatial data partitioning algorithm flow based on Hilbert curve hierarchical 

decomposition. 

 

Figure 6. Hilbert curve hierarchy principle. (a) Three dimensional representation of spatial region 

divided by Hilbert curve, (b) Two dimensional representation of spatial region divided by Hilbert 

curve, (c) Two dimensional representation of merged spatial regions. 

In order to fully verify the spatial proximity when dividing regions in space using 

Hilbert curves, the results of dividing regions in space by Z-curves were compared. As 

shown in Figure 7a,b, the Z-curve is no different from the Hilbert curve in spatial 

hierarchy division, but due to the difference of encoding rules between the two 

Figure 6. Hilbert curve hierarchy principle. (a) Three dimensional representation of spatial region
divided by Hilbert curve, (b) Two dimensional representation of spatial region divided by Hilbert
curve, (c) Two dimensional representation of merged spatial regions.

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 8 of 16 
 

 

space-filling curves, it can be seen by comparing Figures 6c and 7c that after the deep 

division and spatial region merging, and the formation of the irregular spatial region, the 

spatial region result of the Hilbert curve proximity is a complete region, while the 

Z-curve spatial region is fragmented and spatial spanning occurs between adjacent 

codes. 

 

Figure 7. Z-curve hierarchy principle. (a) Three dimensional representation of spatial region 

divided by Z-curve, (b) Two dimensional representation of spatial region divided by Z-curve, (c) 

Two dimensional representation of merged spatial regions. 

3.2. Multi-Level Spatio-Temporal Coding Model Based on Hilbert Curve Partitioning 

To achieve efficient data retrieval and good visual analysis of spatio-temporal data 

trajectories, the mainstream data structures mostly use spatio-temporal cubes [30]. The 

spatio-temporal cube as a normative space to manage spatio-temporal objects has the 

advantage of storing data objects as well as connections between objects, which can 

organize, store and analyze geospatial big data in data integration [35]. To cope with 

accurate object localization and event detection, a continuous deepening of the grid 

hierarchy division and an establishment of multi-level indices are mostly used to achieve 

fine indexing, such as the spatio-temporal cube with internal structure representation 

[36]. However, when dealing with multiple object queries, it is necessary to retrieve them 

from a larger range to facilitate improved retrieval efficiency. Therefore, a multilevel 

spatio-temporal coding model based on Hilbert curve partitioning can be borrowed from 

the data organization model of the spatio-temporal cube, where the X and Y axes 

represent geographic space and the Z axis represents time. The model first performs 

coarse-grained spatial region division, and then organizes data from multiple temporal 

scales. 

At the spatial level, according to the Hilbert curve coding principle, the spatial area 

is divided according to the extension direction of the Hilbert curve, so the neighboring 

objects are stored in the same area, and the study area is divided into irregular areas with 

relatively balanced data volume by fully taking into account the dense degree of data 

objects and spatial location relationship. At the temporal level, people travel intensively, 

which can generate a large amount of data every day, so the data are organized in days. 

The time structure of the collected data types in hours, minutes and seconds is converted 

into a minute system, coded as 0-1439, and specified to use a four-digit representation to 

unify the data structure. 

The data without Hilbert curve-based partitioned multi-level temporal coding 

model as shown in Figure 8a are not organized and can only be written into the database 

in the order in which they are collected, and the pre-partitioning mechanism of the 

distributed database HBase cannot be used. As shown in Figure 8b, after spatial domain 

partitioning and temporal multi-scale organization, each data object has data partitioning 

and temporal coding. Then, according to the pre-partitioning mechanism, the storage 

location of the partitioned region is set so that the neighboring regions are stored in the 

same node. The multi-level spatio-temporal coding model based on Hilbert curve 

Figure 7. Z-curve hierarchy principle. (a) Three dimensional representation of spatial region divided
by Z-curve, (b) Two dimensional representation of spatial region divided by Z-curve, (c) Two
dimensional representation of merged spatial regions.

3.2. Multi-Level Spatio-Temporal Coding Model Based on Hilbert Curve Partitioning

To achieve efficient data retrieval and good visual analysis of spatio-temporal data
trajectories, the mainstream data structures mostly use spatio-temporal cubes [30]. The
spatio-temporal cube as a normative space to manage spatio-temporal objects has the ad-
vantage of storing data objects as well as connections between objects, which can organize,
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store and analyze geospatial big data in data integration [35]. To cope with accurate object
localization and event detection, a continuous deepening of the grid hierarchy division
and an establishment of multi-level indices are mostly used to achieve fine indexing, such
as the spatio-temporal cube with internal structure representation [36]. However, when
dealing with multiple object queries, it is necessary to retrieve them from a larger range
to facilitate improved retrieval efficiency. Therefore, a multilevel spatio-temporal coding
model based on Hilbert curve partitioning can be borrowed from the data organization
model of the spatio-temporal cube, where the X and Y axes represent geographic space and
the Z axis represents time. The model first performs coarse-grained spatial region division,
and then organizes data from multiple temporal scales.

At the spatial level, according to the Hilbert curve coding principle, the spatial area is
divided according to the extension direction of the Hilbert curve, so the neighboring objects
are stored in the same area, and the study area is divided into irregular areas with relatively
balanced data volume by fully taking into account the dense degree of data objects and
spatial location relationship. At the temporal level, people travel intensively, which can
generate a large amount of data every day, so the data are organized in days. The time
structure of the collected data types in hours, minutes and seconds is converted into a
minute system, coded as 0-1439, and specified to use a four-digit representation to unify
the data structure.

The data without Hilbert curve-based partitioned multi-level temporal coding model
as shown in Figure 8a are not organized and can only be written into the database in the
order in which they are collected, and the pre-partitioning mechanism of the distributed
database HBase cannot be used. As shown in Figure 8b, after spatial domain partitioning
and temporal multi-scale organization, each data object has data partitioning and temporal
coding. Then, according to the pre-partitioning mechanism, the storage location of the
partitioned region is set so that the neighboring regions are stored in the same node. The
multi-level spatio-temporal coding model based on Hilbert curve partitioning does not
perform uniform subdivision in the spatial domain and uses coarse-grained partitioning,
as well as divides time slices by days in the temporal domain and uses minute-based fine-
grained coding. The objects stored in the same partitioned region have spatial connectivity,
which facilitates the analysis of trajectory data within a region. The entire time cycle of
urban data is divided into day-based organization, and a space-time cube is constructed for
each time slice with minute-based fine-grained coding, which fully considers the temporal
characteristics of the data and the temporal information can be fully expressed. The scalable
cube storage processing method can meet the demand of highly dynamic trajectory spatio-
temporal data management with high scalability, which not only improves the storage
efficiency, but also enhances the data expression and spatial association effect.
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3.3. HBase RowKey Design

The distributed database HBase is a highly reliable, column-oriented, scalable dis-
tributed database mainly used to store unstructured and semi-structured loose data [37]. If
data are stored centrally without intervention, this will lead to write heat problems and
needs to be combined with a pre-partitioning mechanism to allocate storage space in ad-
vance. The Hilbert curve is used to divide the spatial regions with relatively balanced data
volume and assign the same storage node for the neighboring regions. Additionally, design
RowKey and storage table are used according to the characteristics of HBase key-value
storage. The data partition coding and temporal coding based on the Hilbert curve partition
multilevel spatio-temporal coding model are effectively combined to uniquely mark each
data object. The literature [38] designed three RowKey structures, time–space, space–time
and mixed space–time, and proved that time–space RowKey and space–time RowKey have
better query performance only in a single information dimension, while mixed space–time
RowKey has better query efficiency in both space-time dimensions, effectively proving the
advantages of the mixed space–time index. For this reason, the RowKey encoding structure
in this paper is expressed in the way of year, month and day + division area encoding
value + user ID + time and minute to ensure the uniqueness of RowKey values in each
table. As shown in Figure 9, the storage table structure consists of RowKey, Column Family
and Time Stamp, and the column family includes car number CAR_NO, area code M(O),
passenger boarding longitude and latitude, passenger alighting longitude and latitude,
boarding and alighting time and matched into the specified region pre-partition according
to the rules. Therefore, according to the above temporal and spatial mixed row key design,
it can meet the retrieval demand of precise query of trajectory and temporal and spatial
wide range query.
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4. Validation Experiments and Analysis of Results
4.1. Experimental Environment

The distributed computing cluster consists of one Master node and two Slave nodes.
Each server is configured with a CUP Intel Core i7-9700 @ 3.00 GHz octa-core, 16 GB of RAM
and CentOS 6.9 under Linux. JDK, Spark, Hadoop, HBase and Zookeeper frameworks
are installed on each node separately, and the versions of each framework are shown in
Table 2. Firstly, the data partitioning is completed according to the Hilbert curve spatial
partitioning principle in Section 3.1. To verify the improvement of the multi-level spatio-
temporal coding model in both write speed and retrieval speed, this study designs two
comparison experiments. The first one is the speed comparison of HBase table data pre-
partitioned write and automatic partitioning write schemes, the second one is the speed
comparison of different batches of data based on different retrieval conditions under the
two write schemes.
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Table 2. Framework version.

Frame Name Version Number

JDK JDK1.8
Spark Spark-2.2.0-bin-2.6.0-cdh5.14.0

Hadoop hadoop-2.6.0-cdh5.14.0
HBase hbase-1.2.0-cdh5.14.0

Zookeeper zookeeper-3.4.5-cdh5.14.0

4.2. Hilbert Curve Space Partition Determination

Different from GPS trajectory data, OD trajectory data only record the starting and
ending position of each data object without considering the trajectory’s morphological
characteristics, and only mark the valid OD trajectory. The aggregation indices of the
dataset are calculated as −807.435044, −933.402774 and −927.308349. When comparing the
three data, it can be seen that the data aggregation degree is the lowest and the dispersion
degree is the highest when the trajectory data are labeled with O point data. In order to
achieve the effective labeling of data and make full use of data distribution to divide data
hierarchy, the starting position is chosen to label each data object as the basis for data
partitioning. According to the data distribution and the number of storage nodes in the
study area, the initial partitioning order is selected first. The standard value of the number
of objects in the grid is obtained from the ratio of the total number of objects to the number
of initial order grids, which is recorded as Equation (1), and the standard value of 2774 is
calculated according to Equation (1). The grids are coded in turn, the number of objects
in the grid is calculated while the grids are compared with the standard value in turn to
find the grids that need further subdivision. Through several experiments, the statistics of
experimental results are shown in Table 3.

N0 =
N
2k0

(1)

where N0 is the standard value of the number of grid objects; N is the total number of data
entries; 2k0 is the number of grids.

Table 3. Summary of experimental results.

Serial Number K Value Edge Number of Grids Number of Grids Greater
than Standard Value

1 3 8 8 × 8 8
2 4 16 16 × 16 18
3 5 32 32 × 32 22
4 6 64 64 × 64 6
5 7 128 128 × 128 1

When divided to the cumulative order of 7, there is only one grid in which the amount
of data is greater than the standard value, but because the amount of data is very close to
the standard value, there is no need to perform hierarchical division to avoid unnecessary
computational overhead; therefore, all the grid codes and object numbers of the cumulative
division level of 7 are obtained. The grid division is based on the maximum minimum
longitude and maximum minimum latitude of the spatial dataset range, and there is the
problem of there not being data in some grids and of the number of objects being much
smaller than the standard data volume of the grid. Therefore, it is necessary to reorganize
the spatial area by Hilbert curve coding. The standard value is still used as the division
criterion, and the grid data are accumulated and divided into the next region when the
standard value is exceeded. A total of 84 redefined regions are finally obtained, and the
Hilbert curve partitioning is shown in Figure 10a. Meanwhile, the Z-curve partitioning
results are compared, and it can be seen from Figure 10b that the number of partitions is
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lesser, but some regions completely overlap, and there are even small regions within large
regions, and the partitioning results do not have reference ability.
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The Hilbert curve is used to ensure the proximity between the divided spatial data,
follow the principle of one-to-many spatial regions, avoid the dense division of the whole
spatial range by using the hierarchical decomposition of a few subgrids, effectively reduce
the calculation and sorting time of Hilbert curve coding of spatial objects and greatly
improve the computational efficiency. By calculating the average data volume in the
division region and the size of spatial objects in the subgrid, the appropriate parameters of
hierarchical decomposition are determined to achieve the relative balance of spatial data
volume in each division region.

4.3. Write Speed Comparison Analysis

Experiment 1 does not set up pre-partitioning, and RowKey is encoded as data
order; Experiment 2 sets up pre-partitioning according to the dataset and the number
of storage nodes, and RowKey is encoded using the Section 3.3 row key design struc-
ture, including two types of Hilbert curve and Z-curve. In the above experimental envi-
ronment, the two schemes are used for 50,000, 100,000, 150,000 and 250,000 large batch
writing experiments.

The experimental results are shown in Figure 11. After dividing the region according
to the space-filling curve, the write speed of setting pre-partitioning is within the storage
limit of region partitioning, and the data write speed is maintained in a relatively stable
state as the data batch increases; the data write speed of not setting pre-partitioning is
close to a linear increase with the increase in data batch. At the order of 50,000, the data
write speed without pre-partitioning is better than the write speed with pre-partitioning,
which is mainly because, at a small order of magnitude, HBase first completes resource
allocation and then deposits data in a slightly higher time than the direct write speed. As
the order of magnitude increases, the write speed with pre-partitioning is significantly
better than that without pre-partitioning, which effectively avoids the computation time
consumption caused by HBase’s continuous self-partitioning. The experimental results
show the advantages of the spatial data partitioning strategy in this paper in terms of
storage resource allocation and improving the write heat problem.
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4.4. Comparative Analysis of Search Speed

After completing each batch-level data entry in Experiment 1, the retrieval efficiency
is explored in three cases, which are single track object data retrieval with fixed row keys,
range track object data retrieval with fixed row keys and regional track object data retrieval
with fuzzy row keys. The average value is taken for multiple experiments to compare the
query speed. From Figure 12, it can be seen that the retrieval speed of the designed row key
combined with the pre-partitioning mechanism is significantly improved than that without
the pre-partitioning mechanism under all three query conditions.
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When retrieving data from a single-track object with fixed row key, one is randomly
selected from all data objects at each batch level and queried under two writing schemes,
respectively. As shown in Figure 12a, under the design row key without combining the
pre-partitioning mechanism, there is a significant query speed fluctuation by querying only
one data. On the contrary, under the design row key combined with the pre-partitioning
mechanism, the query speed is not only effectively improved, but the query speed is also in
a relatively smooth state, and there is no significant difference between the retrieval speed
of the two space-filling curves. As shown in Figure 12b, when retrieving the range data
with fixed row keys, this experiment randomly selects 20 adjacent data under each batch
level data for verification, and the retrieval speed is significantly improved. As shown in
Figure 12c, in the query of regional data with fuzzy row keys, the partition code retrieval
of each batch-level data can be randomly selected for verification, and 430, 392, 366 and



ISPRS Int. J. Geo-Inf. 2022, 11, 621 14 of 16

432 objects corresponding to 3440, 3136, 2928 and 3456 data are selected for query speed
comparison, respectively. As can be seen from Figure 12, the retrieval speed is significantly
improved, and the query gap time of different levels of data volume is also reduced, which
fully proves the effectiveness of the spatio-temporal hybrid retrieval method in this paper.
Meanwhile, the results of the Hilbert curve dividing spatial regions and constituting row
keys are slightly better than those of the Z-curve. In summary, the Hilbert curve is better
than the Z-curve both in dividing spatial regions and in constructing mixed spatio-temporal
indices comparing multiple retrieval modes.

5. Conclusions

In order to solve the problems of hot data writing, storage skew, high I/O overhead
and slow retrieval speed in the process of distributed storage and retrieval of trajectory
big data, this paper proposes a spatio-temporal multi-angle hierarchical organization data
storage model incorporating data partitioning. The model is based on the Spark computing
framework, exploring the algorithmic process of dividing data regions by Hilbert curves,
organizing data from spatio-temporal multi-levels, constructing spatio-temporal hybrid
indices and allocating storage resources in combination with a pre-partitioning mechanism.
The experiments are conducted with Xiamen city cruiser OD data as an example for model
computation and validation analysis, and the results show that the model can effectively
improve data storage and retrieval speed with relatively stable write and query speed under
different orders of magnitude and application scenarios, as well as provide an effective
data support model for trajectory big data mining and analysis.

The proposed spatio-temporal multidimensional hierarchical data storage model with
fused data partitioning in this paper has carried out validation studies using only a single
data source. Therefore, the next step will be to fuse multiple sources of data, such as public
transportation and cabs, to further improve the retrieval efficiency of the data model in
multi-application scenarios and extend the usability of the model.
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