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Abstract

Trajectory data from GPS and sensors are increasingly available, necessitating effective
preprocessing techniques for data mining. To systematically review the methods and
models for trajectory data preprocessing, we conducted a systematic literature search in
IEEE Xplore, Association for Computing Machinery Digital Library (ACM DL), Scopus, Web
of Science, and Transport Research International Documentation published over the past
several decades, using keywords related to trajectory data preprocessing. The studies were
screened and selected based on predefined inclusion and exclusion criteria. We included
138 studies, summarizing techniques in data cleaning, compression, segmentation, and map
matching. Key algorithms and their performance are compared. This review synthesizes
current preprocessing methods and identifies future research directions, including real-time
processing, semantic labeling, and privacy protection.

Keywords: trajectory data preprocessing; data cleaning; trajectory segmentation; trajectory
compression; map matching

1. Introduction

Trajectory data has gained significant importance across various domains, including
smart transportation, urban planning, and location-based services. Advances in technolo-
gies such as satellite navigation systems, geographic information systems (GISs), sensor
networks, wireless communication, and the mobile Internet have led to the generation of
large volumes of spatiotemporal trajectory data. These massive datasets provide a solid
foundation for applications in intelligent transportation, smart logistics, and academic
research. However, raw trajectory data often contains errors, noise, and inconsistencies,
which complicate analysis and hinder the extraction of meaningful insights. Therefore,
effective trajectory data preprocessing is essential for ensuring the accuracy and reliability
of analytical outcomes [1].

As the cornerstone of trajectory mining, trajectory preprocessing plays a critical role in
converting raw data into a structured format suitable for in-depth analysis and mining [2—4].
The preprocessing pipeline typically includes data cleaning, compression, segmentation,
and map matching [5,6]. Trajectory data frequently includes inaccuracies, outliers, and
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redundancies that can distort interpretation. Data cleaning, the initial step, involves
detecting and removing outliers, correcting inconsistencies, and imputing missing values.
This process enhances the data quality and supports trustworthy subsequent analysis.
Data compression techniques are applied to reduce storage and computational demands
while preserving essential information. By minimizing the data volume without substantial
information loss, compression facilitates efficient transmission and analysis—especially
vital when handling large-scale trajectory datasets. Data segmentation partitions trajectories
into meaningful segments according to criteria such as time intervals, distance thresholds,
or semantic labels. This division allows for a focused examination of specific segments,
aiding in the identification of movement patterns, behaviors, and events—such as transport
modes, trip duration, origins, and destinations. Common segmentation methods include
clustering, threshold-based approaches, and probabilistic models. Map matching aligns
trajectory points with an underlying road network or digital map. This process corrects
spatial inaccuracies caused by GPS drift, multipath effects, or signal loss. Accurate map
matching is crucial for reliable visualization and advanced analytical tasks, including route
planning, traffic analysis, and location-based services.

Although there are many different approaches to trajectory preprocessing [7—12], there
is no comprehensive review to summarize the entire technical system. To the best of our
knowledge, this article is the first comprehensive overview of trajectory preprocessing
techniques. This paper covers the entire scope of trajectory preprocessing, with a focus on
methods and techniques. Existing surveys on trajectory data preprocessing have provided
good summaries and classifications of existing methods. However, given the significant
advancements made in this field over the past decade, these papers may not cover the
latest technological developments. Therefore, the previous classifications of these methods
may no longer accurately reflect the current state of the field and need to be to be re-
summarized and updated. There are also some papers that focus on specific subfields of
trajectory processing, such as surveys on trajectory compression methods or map matching
techniques, but they are not comprehensive enough. Therefore, we believe that this article is
a novel contribution and holds significant importance for the development of higher-level
applications in trajectory management and mining. Additionally, this paper discusses
the challenges and open research questions in trajectory data preprocessing and provides
insights into potential future directions in this field. Table 1 compares and contrasts
previous surveys with our own, highlighting the new areas covered in our work.

Table 1. Summary of contributions relative to previous trajectory data preprocessing surveys.

Survey

Data Cleaning Data Compression Data Segmentation = Map Matching Datasets
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v
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SR
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(Huang et al., 2021) [18]

(Hashemi and Karimi, 2014) [19]

L

(Sousa et al., 2020) [20]

v v

This Survey

Vv Vv v Vv Vv

The remainder of this paper is structured as follows: Section 2 details our systematic
review methodology. Section 3 provides an in-depth discussion of core preprocessing tech-
niques, covering data cleaning (e.g., outlier detection and imputation), compression (e.g.,
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line simplification and semantic compression), segmentation (supervised, unsupervised,
and semi-supervised), and map matching (geometric, topological, probabilistic, and ad-
vanced methods). Section 4 summarizes public datasets, Section 5 explores future research
directions, and Section 6 concludes the study.

2. Overview of Research Methods
2.1. PRISMA Declaration
This system evaluation strictly follows PRISMA 2020 (Preferred Reporting Items

for Systematic Reviews and Meta-Analyses) Guide. The research protocol has not
been registered.

2.2. Retrieval Strategy
Our system searched the following electronic databases:

IEEE Xplore;

ACM Digital Library;

Scopus;

Web of Science;

Transport Research International Documentation.

SO IR S

The search time range is from 1 January 1973 to 31 August 2025. The search key-
words include the following: trajectory data, GPS trajectory, preprocessing, data cleaning,
compression, segmentation, and map matching.

2.3. Inclusion and Exclusion Criteria

The inclusion criteria are as follows: peer-reviewed papers published in English;
focusing on trajectory data preprocessing methods; and provides an algorithm description
or evaluation.

The exclusion criteria are as follows: Non-English; only abstract; non-trajectory data
(such as images and text); and only involves applications rather than preprocessing methods.

2.4. Literature Screening and Data Extraction

Two authors independently conducted title/abstract screening, full-text evaluation,
and data extraction. Disagreements can be resolved through discussion or a third author’s
decision. The extracted information includes the following: author, year, method type,
algorithm name, performance indicators, etc.

2.5. Literature Screening Process

This systematic review was conducted in accordance with the PRISMA 2020 statement.
The checklist has been completed, and the results of the literature search and the study
selection procedure are detailed in the PRISMA flow diagram (Figure 1).

2.6. Substantiation of Comprehensive Coverage

To substantiate our claim of being a comprehensive review, we employed a systematic
and reproducible search protocol. The search strings used were of the following form:
(“trajectory” OR “GPS”) AND (“preprocessing” OR “cleaning” OR “compression” OR
“segmentation” OR “map matching”). This ensured broad coverage across all key sub-
topics. Furthermore, Table 1 has been designed as a quantitative comparison to prior
surveys. It demonstrates that, while previous works often focus on one or two aspects of the
preprocessing pipeline (e.g., compression alone, or map matching alone), this review is, to
the best of our knowledge, the first to systematically integrate and compare methods across
all four foundational pillars: cleaning, compression, segmentation, and map matching.
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Figure 1. PRISMA flow diagram.

3. Trajectory Data Preprocessing Methods

Trajectory data contains rich spatio-temporal feature information, from which a large
number of valuable patterns and knowledge can be extracted for intelligent transportation
services. However, at the same time, the existence of poor data quality and some unique
features in trajectory data greatly increases the difficulty of trajectory mining tasks. There-
fore, it is necessary to use some algorithms to preprocess the trajectories in order to improve
the quality of trajectory data, as is shown in Figure 2. Trajectory data preprocessing is a
crucial step in trajectory data mining because it can have a significant impact on the quality
and accuracy of subsequent analysis. It involves data cleaning, trajectory compression,
segmentation, interpolation, and map matching.

3.1. Data Cleaning

Different types of trajectory data are inaccurate due to sampling accuracy, data format,
sensor noise, and record point offset. The main purposes of data cleaning are as follows:
These steps are typically applied in a logical sequence (1—4) to progressively refine data
quality, though the order may be adjusted based on specific application needs:

1.  Removing outliers: Outliers are data points that are significantly different from the rest
of the data. They can be caused by errors in the GPS tracking device or environmental
factors. Removing these outliers can improve the accuracy of the data.

2. Interpolating missing data: Sometimes, GPS tracking devices may lose signal or
malfunction, resulting in gaps in the data. Interpolation generally estimates missing
data points based on neighboring data points.



Electronics 2025, 14, 4694

5of 39

3.  Smoothing data: Smoothing involves averaging out small variations in the data to

remove noise. This can be carried out using a moving average or a low-pass filter.

4. Aligning data: If the GPS device and the data processing software are not synchro-

nized, there may be time delays or offsets in the data. Aligning the data involves
adjusting the timestamps to ensure that they are accurate.

Raw Trajectory Data
Noisy, Incomplete,

Redundant
Data Clean
Remove Noise & Impute Missing
. _—
Outliers Values

|

Data Compression
Reduce Complexity &
Storage Cost

l

Data Standardization
Ensure Consistent
Format

!

High-Quality Trajectory

Data]
|
v v v v
Accurate Semantic
Positioning & Road Network ; Trajectory
R Information . .
Map Analysis . Visualization

; Extraction

Matching

Figure 2. The significance of trajectory preprocessing.

3.1.1. Removing Outliers and Duplicates

Abnormal data can greatly affect the accuracy and computational efficiency of tra-
jectory compression and mining. Therefore, it is necessary to employ methods to elimi-
nate outliers before trajectory compression. The main methods for eliminating outliers
are mainly filtering such as median or mean filtering [21-25], particle filtering [26], and
machine-learning-based method [27,28].

Mean and median filters are fundamental techniques for smoothing trajectory data
and removing isolated outliers. The mean filter replaces each point with the average value
of its neighbors within a surrounding window. While simple, this method is sensitive
to extreme outliers, which can skew the average and cause abnormal fluctuations in the
processed trajectory. The median filter, which selects the middle value in the sorted window,
offers stronger robustness against such extreme outliers [29]. In dense trajectories with
infrequent noise, both filters are effective. However, their local and memoryless nature
means they cannot utilize the motion context; consequently, they often fail to produce
satisfactory results when dealing with consecutive noisy points or when the trajectory
undergoes legitimate rapid changes.
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The Kalman filter (KF) is employed when the trajectory cleaning task must account
for the underlying dynamics of the moving object, a scenario where simple filters are
inadequate. Unlike mean and median filters, the KF is a recursive estimator that combines
a dynamic model (predicting the object’s state, e.g., position and velocity) with a measure-
ment model (incorporating noisy GPS observations) [13]. This structure allows it to smooth
the trajectory based not only on current and past measurements but also on predictable
motion patterns, making it particularly advantageous for handling continuous noisy points
and providing optimal estimates in linear Gaussian systems. However, a key limitation of
the standard KF is its assumption of linear motion; it struggles with the highly nonlinear
dynamics typical of urban vehicle trajectories, such as sharp turns or stops.

Unlike the Kalman filter, particle filters do not require the dynamic model to be linear.
As a result, particle filters have been widely applied in nonlinear and non-Gaussian systems.
Particle filters approximate the actual probability distribution based on measurements by
adjusting the weights of each particle and the positions of sampling points. During the
prediction phase, each particle is propagated according to the state transition equation to
obtain the predicted particles. Then, calculate the importance weights of the predicted
particles and perform the normalization and importance sampling process. This makes it
highly effective for complex motion patterns, such as those constrained to a road network
or involving maneuvering [30].

Machine-learning-based method: These methods often employ algorithms such as
regression and classification to process and clean data. These algorithms and techniques
automatically clean and process data by learning patterns, features, and rules from the
data. Zhang et al. proposed a vehicle trajectory data cleaning method using Support Vector
Machines (SVM) and decision trees [31]. Li et al. proposed a data-driven trajectory cleaning
method that extracts main paths from a large number of historical trajectories and derives
a smooth path skeleton as anchor points. Safe zones are set around the skeleton anchor
points to detect and clean abnormal data based on the reference of the safe zones [32].

3.1.2. Data Interpolating

Data interpolating refers to the process of estimating missing or irregularly sampled
data points to create a complete and uniformly sampled trajectory. This step is crucial to
ensure the accuracy and continuity of the trajectory data for further analysis and processing.
Currently, research on data interpolation for trajectory data cleaning involves various
techniques and methods. One commonly used approach is geometric-based interpolation,
such as linear interpolation [33], spline interpolation [34], and polynomial interpolation [35].
These methods estimate the missing data points by fitting a curve or a line through the
available data points. Another approach is trajectory interpolation based on spatio-temporal
features. Algorithms in this category utilize techniques such as time series analysis and
Kalman filtering.

Several research studies have extensively explored and compared these data inter-
polating techniques in the context of trajectory data cleaning. For instance, Markovsky
and Dorfler proposed a data-driven dynamic interpolation and optimal approximation
method [36]. Guo et al. proposed a time-based kinematic interpolation method that esti-
mates interpolated positions and velocities by establishing the acceleration function of a
moving object within one cycle. Based on the kinematic equations, the velocity function
and position function are derived, allowing for the estimation of interpolated positions and
velocities [37]. These studies provide valuable insights into the strengths and limitations of
different data interpolating techniques for trajectory data cleaning, aiding researchers and
practitioners in selecting appropriate methods for their specific application scenarios.
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3.1.3. Data Smoothing

Data smoothing techniques aim to remove discontinuity and irregularity from trajec-
tory data, transforming discrete trajectory segments and sampling points into a continuous
trajectory sequence to represent the underlying trajectory more smoothly. The main goal of
data smoothing, on the other hand, is to improve the visual appearance of the trajectory,
making it smoother and more continuous for further analysis and applications. In terms of
data smoothing techniques, one commonly used method is the moving average filter. This
technique effectively eliminates high-frequency noise and reduces the impact of outliers.
Other smoothing techniques include low-pass filtering [38], Savitzky-Golay filtering [39],
Gaussian smoothing [40], and exponential smoothing [41]. The Kalman filter is widely
used for trajectory data smoothing, as it estimates the true trajectory based on a dynamic
state model and noise measurements.

3.1.4. Data Aligning

Data alignment technology focuses on unifying trajectory data from different sources
or formats for further analysis and processing. Currently, there are several main tech-
niques used for trajectory data alignment: time alignment, spatial alignment, and
format alignment.

Time alignment involves adjusting the timestamps of different trajectory data to a
unified time reference system. Common methods include timestamp synchronization and
time calibration. One of the most challenging problems in such techniques is how to achieve
online time series alignment, especially when there are overlapping regions and temporary
stops in the trajectories [42,43]. Therefore, it is necessary to use incremental computing and
real-time updating algorithms, as well as machine learning and deep learning techniques
such as Bayesian estimation, to further improve the effectiveness and performance of
online alignment.

Spatial alignment focuses on adjusting the spatial coordinates of different trajectory
data to a common coordinate system. Common techniques include coordinate transforma-
tion and projection transformation. Common spatial alignment methods include nearest
neighbor alignment, feature matching alignment, grid alignment, and geometric transfor-
mation alignment. The most challenging problem in spatial alignment technology is how
to achieve large-scale alignment of multi-source data. This is because different trajectory
data exhibit inconsistencies in spatial distribution, such as offsets or displacements, and
the processing of massive data also imposes certain requirements on the efficiency of al-
gorithms. Chen et al. proposed a large-scale parallel sub-trajectory alignment method
based on parallel processing, which achieved efficiency and scalability of data alignment
algorithms in large-scale trajectory processing platforms [44].

Format alignment involves converting trajectory data of different formats into a unified
data format. This may include renaming fields, unit conversion, and data type conversion.
In format alignment, one of the important problems that such algorithms need to solve is
how to correctly understand the semantics of the data using artificial intelligence algorithms
and find the corresponding relationship of the correct fields.

3.2. Trajectory Compression

Large-scale trajectory data occupies significant storage capacity, and the presence of
substantial redundant information also considerably undermines the efficiency of trajectory
mining. The primary goal of compressing trajectory data is to identify effective and
precise approaches that reduce both storage and computational demands while maintaining
analytical integrity. Commonly employed trajectory compression techniques can be broadly
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grouped into three types: compression through line generalization, compression under
road network constraints, and compression based on semantics [14,15,45].

3.2.1. Line-Simplification-Based Trajectory Compression

Line-simplification-based trajectory compression is the most commonly used compres-
sion method. The advantages of this type of algorithm are as follows: (1) the minimal data
constraints, (2) the simplicity and easy implementation, and (3) the lightweight deployment.
Therefore, it is suitable for trajectory compression scenarios with limited resources. It treats
the trajectory as a sequence of line segments composed of key feature points and uses
line simplification methods to compress the trajectory. Line-simplification-based trajectory
compression can be divided into offline and online compression:

1.  Offline compression is a static compression based on global trajectory characteris-
tics, which compresses the entire trajectory data after it has been read. A classic
example of this approach is the Douglas—Peucker algorithm [46]. The algorithm uses
the segmented and simplified lines to replace the original trajectory (as shown in
Figure 3a—c). This splitting process repeats recursively for each new segment until all
deviations fall below the threshold or only endpoints remain. The final simplified
trajectory consists of key points such as T1, T5, T10, and T14. The Douglas—Peucker
algorithm greatly recognizes the data information of special nodes and has a better
performance in both compression rate and accuracy. However, the disadvantage of
this algorithm is the high time complexity.

Threshold

(d) First break point of Sliding Window  (e) Second break point of Sliding Win-dow

(g) First break point of Opening Window
measured by TSmax

(f) Final compression trajectory of Slid-ing
Window

(h) Final compression trajectory of BOPW (i) Final compression trajectory of NOPW

Figure 3. Trajectory compression algorithm based on line segment simplification. (a-c) Douglas—
Peucker (DP) Algorithm (Offline): (a) First Split: The algorithm begins by connecting the first (T1) and
last (T'14) points of the original trajectory. It then finds the intermediate point (T5) with the maximum
perpendicular distance to the segment T1-T14. (b) Recursive Splitting: If the distance exceeds a
predefined threshold, T5 is retained as a key point. The trajectory is split into two segments (T1-T5
and T5-T14), and the process repeats recursively for each new segment. (c) Final Result: The recursion
continues until all points deviate less than the threshold. The final compressed trajectory consists
of the key points {T1, T5, T10, and T14}, which preserve the original shape. (d—f) Sliding Window
Algorithm (Online): (d) Window Expansion: A sliding window starts from T1 and expands one point
at a time (T1-T2, T1-T3, ...). For each window, the perpendicular distance of all intermediate points
to the segment connecting the start and end points is calculated. (e) Triggering Compression: When a
point (T6) causes the error to exceed the threshold, the sub-trajectory from the start (T1) to the previous
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point (T5) is approximated by the segment T1-T6. Point T6 becomes the new start point. (f) Final
Result: The process repeats, yielding the compressed trajectory {T1, T6, T11, and T14}. (g-i) Opening
Window Algorithm (Online): (g) Time-Synchronous Distance: Similar to Sliding Window, but uses
Time-Synchronous (TS) distance (considering both spatial and temporal gaps) instead of perpen-
dicular distance. The first point (T6) that exceeds the TS threshold is found. (h) BOPW Result: The
Bottom-Up Opening Window (BOPW) variant compresses the trajectory to {T1, T6, T11, and T14}.
(i) NOPW Result: The Normal Opening Window (NOPW) variant, more sensitive to turning points,
produces a more accurate compression {T1, T5, T10, and T14}. The blue line is the final compressed
path, the red dashed line is an auxiliary line used to calculate the maximum distance.

Hershberger improved the Douglas—Peucker algorithm by introducing the concept
of the path hull data structure [47]. Two arrays are used to store the two convex hulls
of the subchain: the left stores CH (Vi...Vm), and the right stores CH (Vm. ... Vj). Each
time, it is only necessary to search for the trajectory points within the convex hull. By
searching for the trajectory points within the convex hull each time, Meratniaand and de
By denote a top-down time-ratio algorithm (TD-TR) [48]; this algorithm considers another
important extra dimension of trajectories, time. And a more accurate time-ratio distance-
measuring technique is used to replace the previous perpendicular distance. The author
also applied the time-ratio distance-measuring technique to online compression algorithms
in this paper and proposed Opening Window, which will be described in next part. Cheng
Long et al. proposed direction-preserving trajectory simplification (DPTS) [49]. DPTS
constructs a graph from the original trajectory and identifies a shortest path to produce a
compressed trajectory with minimal directional error. Lately, Bashir et al. proposed two
compression methods based on urban road networks [50]. They created a compressed
lookup lexicon using intelligent mining paradigm to store information about dynamically
selected points of interest (POI). This lexicon efficiently computes key patterns using the
relative geographic positions of spatial vertices relative to the origin in Euclidean space
within a POL Their method attains linear-time compression by retaining only trajectory
data near POls, rendering it highly suitable for real-time and mission-critical applications.

2. Online compression is a dynamic compression based on local trajectory features,
which compresses trajectory data in real time. The most representative algorithm for
online compression is Sliding Window [51] and Opening Window [52]. The main idea
of the Sliding Window algorithm is to compress trajectories through increasing the size
of the window until the error for the potential segment is greater than the threshold.
A sliding window with a unit of 1 is defined from the start point of the trajectory,
and the size of the window is gradually increased until there exists a trajectory point
within the window whose distance to the approximated line segment is greater than
the error threshold. Then, the trajectory within the previous window is compressed,
as shown in Figure 3d—f. Due to the Sliding Window algorithm’s inability to look
ahead and lack of a global view like offline algorithms, the compression accuracy is
somewhat lacking.

The Opening Window algorithm is a modification of the Sliding Window algo-
rithm [48]. It replaces the vertical Euclidean distance with time-synchronous distance (TS),
which takes into account the temporal dimension. This concept is depicted in Figure 3g.
In order to improve the accuracy of trajectory compression, Meratnia proposed two al-
gorithms, BOPW and NOPW, as shown in Figure 3h,i. The experimental results have
demonstrated that the NOPW algorithm outperforms the BOPW algorithm in terms of
trajectory compression accuracy when dealing with trajectories that have unique turning
points. As a result, the NOPW algorithm not only achieves real-time compression but also
guarantees superior accuracy.
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Potamias et al. proposed the STTrace algorithm using the velocity and direction of
the two closest sampled points in the approximate trajectory as the reference, and a joint
safe area is constructed with a threshold [52]. Muckell et al. proposed the SQUISH [53]
and SQUISH-E [16] algorithms. These algorithms initialize a priority queue with a size
of k. Then, they add trajectory points to the queue, and, once it reaches its maximum
capacity, the point with the smallest error will be removed, and the priority of each re-
maining point will be recalculated. SQUISH-E, as an enhancement of SQUISH, aims to
improve the data compression rates. Liu et al. introduced the Bounded Quadrant System
(BQS) algorithm [54]. This algorithm uses the convex hull optimization technique and
bounded quadrant method to compress trajectory. Li et al. proposed an error-bounded line
simplification algorithm, called ROPW, for trajectory compression [55]. This algorithm is
based on the ideas of the Sliding Window algorithm and the Opening Window algorithm,
using the Perpendicular Euclidean Distance as the error measurement criterion. They also
proposed a reverse Opening Window algorithm based on the backward traversal of the
trajectory, and added strategies for jump and acceleration, greatly improving the efficiency
of the algorithm. Recently, several scholars have conducted performance evaluations on
various line-simplification-based compression algorithms [56,57].

3.2.2. Road Network Constrained Trajectory Compression

Road network constrained trajectory compression is to map the trajectory to the road
path based on the road network structure and then compress those map matching points.
These methods can significantly reduce the issues caused by sampling errors and generate
trajectory representations that are more in line with natural semantics. The nonmaterialized
algorithm is one of the earliest compression algorithms based on the road network struc-
ture [58]. It converts the mapped trajectory data to a sequence of vertices, then constructs a
Snapping Configuration Graph (SCG) to find a road-snapped trajectory under tolerance e.
Note that this compression algorithm provides the temporal information separately from
the spatial information. Lerin et al. improved the nonmaterialized algorithm by adopting
the shortest path algorithm (SPA) and following path algorithm (FPA) to encode a trajectory
path formed by a sequence of links [59]. The shortest path is calculated by the Dijkstra
algorithm. If the trajectory is consistent with the shortest path, only the first link and the
last link are retained. The main objective is to minimize the number of links in the trajectory
encode and reduce the storage requirements.

Kelleris et al. proposed the Map-Matched Trajectory Compression (MMTC) algo-
rithm [60,61]. This method replaces sub-paths by the shortest path with the minimum
information loss, so as to make the approximate trajectory and the original trajectory have
a high similarity. A cost-optimization solution is calculated by the Minimal Description
Length (MDL) model to optimize the objective function composed of the compression ratio
and similarity. MMTC is a lossy compression method that includes two types of algorithms:
offline algorithm and online algorithm. The offline algorithm is more time-consuming,
while the online algorithm has a better running efficiency, but the compression ratio is not
as good as the offline algorithm.

Song et al. proposed the PRESS (Paralleled Road-Network-Based Trajectory Com-
pression) compression system [62], which decomposes the original trajectory into a spatial
sequence and a temporal sequence for compression. For spatial compression, a lossless
algorithm called Hybrid Spatial Compression (HSC) was proposed. It first uses the shortest
path to achieve the first-level compression and then decomposes the trajectory into FST
sequences. The Huffman code is used to encode the FST, where, the more frequent the FST
is, the shorter the corresponding code is, achieving the second-level compression. Note that
the PRESS framework has no limit on road matching distance, so there is no upper bound
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on the matching distance between the final trajectory points and road segments. In addition,
PRESS is a spatial lossless compression algorithm, which means its compression ratio is
limited and it does not support online compression. The COMPRESS (Comprehensive
Paralleled Road Network Based Trajectory Compression) system is a further development
of the PRESS system, which proposes different strengths of lossless spatial compression
algorithms to meet different application requirements [63]. Koide et al. proposed a trajec-
tory compression and pattern-matching algorithm called CiNCT, which is more suitable for
sparse path data, based on COMPRESS [64]. Zhao proposed Compressing Spatial-temporal
Trajectories by Pattern Mining (CLEAN) [65]. CLEAN integrates spatial and temporal
compression at the same time. CLEAN designs a frequent spatial compression and encodes
the long trajectories to shorter paths to reduce space costs. Finally, on top of the space
compression algorithm, a time-domain compression algorithm with a bounded error was
designed, which reduces both the space and time costs.

With the application of trajectory compression in the field of mobility, more and more
research has focused on distributed online compression based on map matching [66,67].
Among them, a representative work is proposed by Chen et al., who introduced an online
trajectory compression framework called TrajCompressor in a mobile environment. As
a result, it improved the performance of trajectory compression [68]. To enhance the
computational performance of map matching in TrajCompressor, Chen et al. leverage
the theory of edge computing and offload the computation tasks of map matching and
trajectory compression to nearby drivers’ smartphones, in order to meet the requirements
of computational capability, lightweight design, and low latency for online trajectory
compression [69].

3.2.3. Semantic Trajectory Compression

Semantic Trajectory Compression is a compression method that reconstructs trajecto-
ries into a brief semantic text using meaningful states and events, such as street intersections,
points of interest, and public transport links. It extends the concepts of road-network-
constrained compression in moving object databases and technologies used in wayfinding
assistance. The compressed semantic trajectories are easier to read, but the compressed
network query is not supported because of the losing of the original longitude and latitude.
Schmid and Richter proposed a Semantic Trajectory Compression algorithm (STC) with the
major advantage of being human-readable and having a significantly improved compres-
sion ratio [70,71]. However, embedding trajectories in the semantic geographic context will
increase the time of compression and decompression. In addition, STC does not support
the construction of a spatial index and subsequent query which is important to trajectory
management. And the LBS application supported by the STC is also limited because it lacks
information on the original longitude and latitude. Although STC achieves a high trajectory
compression rate, the algorithm lacks the detection of trajectory motion characteristics.
Therefore, when there are situations like U-turns or back-and-forth movements in the
trajectory, it cannot identify turning behaviors in the compressed trajectory. To address this
issue, Feng et al. proposed an enhanced semantic trajectory compression based on road
semantics and motion characteristics (EHSTC) [72].

Su et al. proposed the STMaker system using a partition-and-summarization approach
to summarize the individual trajectory [73]. STMaker uses routing features and moving
features to describe the road and motion behavior of a moving object, which involves
the grade of road, road width, direction, speed limit, number of stay points, and number
of U-turns. In the period of the trajectory partition, the trajectory is divided into several
sub-tracks according to the previously extracted features. Each sub-trajectory has similar
features inside, but the characteristics between sub-tracks are quite different. In each
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segment, the most representative features are selected to describe the driving process of
this segment. In the summarization stage, the characteristics of each segment and each
segment are combined to describe the driving process of the trajectory. Since the output of
STMaker’s framework is a summary of the original trajectory rather than a transformation
(such as semantic trajectory), the data volume is significantly reduced, which makes it easier
to store and communicate. Despite the smaller data volume, the information conveyed
by STMaker is strategically concentrated in the most “interesting” parts of the trajectory,
which is more meaningful to humans. Subsequently, Su conducted a further comparative
analysis on the collective behavior of historical trajectories on the same route based on
STMaker, selected the most interesting features, and generated brief textual descriptions
based on these features [74].

Semantic-based trajectory compression improves the readability of trajectories. How-
ever, when the compression ratio is high, the compression process may result in the loss
of important semantic features from the original trajectory. To address this issue, Liu
et al. proposed an enhanced semantic trajectory compression method called Stop-enhanced
Trajectory Semantic Compression (STSS). This method divides the trajectory into motion
segments and stop segments by extracting stop features. It establishes the relationship
between the stop segments and motion segments thresholds through function fitting. By
doing so, it reduces information loss during the compression process at high compres-
sion rates, thus enhancing the usability of the trajectory [75]. In addition, there are also
some novel approaches to achieve trajectory compression, for example, trajectory com-
pression based on vehicle motion pattern recognition [76], trajectory compression based
on finite element method [77], and compression methods based on historical trajectory
references [78,79]. The overview of trajectory compression methods is shown in Table 2.

Table 2. Overview of trajectory compression methods.

Classification Algorithm Time Complexity Error Metric Article
Perpendicular (Douglas and Peucker,
_ 2
Douglas-Peucker O(N ) Euclidean distance 1973) [46]
Perpendicular (Hershberger and
Path Hull O(NlogN) Euclidean distance Snoeyink, 1992) [47]
Offline :
. . L Merat d de By,
Compression TD-TR e) <N2> Time-ratio distance ( erazg(l)?;)a[rzllg] e by
Euclidean distance,
DPTS O(N) direction, speed (Long et al., 2013) [49]
CTEV O(N) Euclidean distance (Bashir et al., 2022) [50]
. 1 . Perpendicular
2
Compression Sliding Window e) (N ) Euclidean distance (Keogh et al., 2001) [51]
based on line . . ) Time-synchronous (Meratnia and de By,
segment Opening Window O (N ) distance 2004) [48]
simplification Time-synchronous
STTrace e} (N2> distance, direction,  (Potamias et al., 2006) [52]
speed
Online Time-synchronous
Compression SQUISH O(Nlog(B)) distance, direction, ~ (Muckell et al., 2011) [53]
speed
Time-synchronous
SQUISH-E O(Nlog(%)) distance, dgection, (Muckell et al., 2014) [16]
spee
BQS O(N) Euclidean distance (Liu et al., 2015) [54]
Perpendicular .
ROPW O(N) Euclidean distance (Lietal., 2021) [55]
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Table 2. Cont.
Classification Algorithm Time Complexity Error Metric Article
- Perpendicular (Cao and Wolfson
2 7
Nonmaterialized o (NM > Euclidean distance 2005) [58]
Shortest Path 0] (N2> Euclidean distance (Lerin et al., 2012) [59]
A weighted average .
MMTC O (NzlogN> of network distance (Ke1218{135) e[t681.6/12]009,
and time distance !
Time synchronized
network distance,
PRESS O(N) network (Song et al., 2014) [62]
synchronized time
difference
) Time synchronized
Road-network—cc_)nstramed network distance,
compression COMPRESS O(N) network (Han et al., 2017) [63]
synchronized time
difference
CiNCT O(B) Bit-wise rank value (Koide et al., 2018) [64]
Time synchronized
network distance,
CLEAN 0 (N2 + leog(N)> network (Zhao et al., 2020) [65]
synchronized time
difference
TrajCompressor oM) Euiﬁ?eear;d(licilsltlsice (Chen et al., 2019) [68]
VTracer oM) Euii?eeair;décilsl’:;l;ce (Chen et al., 2019) [69]
Average (Richter et al., 2012;
STC 0] (N2> spatio-temporal Schmid et al.,
distance 2009) [70,71]
P dicul
EHSTC o (N2> Euclicnn distar o (Fengeetal,, 2013) [72]
] ) STMaker 0 (Nz) N/A (Su et al., 2014) [73]
Semantic Compression
STSS o(x?) Hoﬁggﬁzghm (Liu et al., 2021) [75]
SATC o(x?) Eufggg‘;"cﬁ(s’;ice (Ta et al., 2016) [80]
ROCE O(N) pometosesment  (vin etal, 2022) [81]

N represents the number of trajectory points, 3 represents the buffer size, A represents target compression ratio, M
represents the number of line segments or edges in a trajectory, B represents a bit vector that controls the size of
the internal blocks.

Line simplification algorithms (e.g., Douglas—Peucker, and Opening Window) gener-
ally offer a lower computational complexity and are well-suited for resource-constrained
environments or applications requiring rapid online processing, such as the real-time track-
ing of vehicle fleets in urban transport. However, their primary limitation lies in ignoring
underlying network constraints, making them less accurate for map-based applications.

Road-network-constrained methods (e.g., MMTC and PRESS) inherently produce
semantically meaningful paths aligned with the road network, making them ideal for
navigation systems and transportation analytics. The trade-off is their higher computational
cost due to map-matching and path search operations, and their dependency on the
availability and accuracy of digital road networks.

Semantic compression techniques (e.g., STC and STMaker) achieve the highest com-
pression ratios and generate human-readable outputs, which are valuable for trajectory
summarization and mobility pattern analysis. Their drawbacks include the loss of original
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coordinate information, which hinders certain spatial queries, and increased computational
complexity during the semantic annotation phase.

In practical applications, the choice of algorithm is heavily influenced by the tar-
get domain. Urban transport systems often prioritize online compression with road-
network awareness (e.g., TrajCompressor). In contrast, UAV or robotics trajectories, which
may not follow a predefined network, can benefit more from direction-preserving or
speed-aware line simplification (e.g., DPTS and STTrace). For large-scale human mobil-
ity analysis, semantic compression offers an excellent balance between storage reduction
and interpretability.

3.3. Trajectory Segmentation

One of the key steps for trajectory preprocessing is segmentation, where a raw trajec-
tory is divided into several meaningful segments or phases. If trajectory segmentation is not
performed, the trajectory recorded in the time sequence will become an infinitely extended
trajectory line, which is not conducive to subsequent analysis and mining. There are three
types of existing trajectory segmentation methods: supervised trajectory segmentation,
unsupervised trajectory segmentation, and semi-supervised trajectory segmentation.

3.3.1. Supervised Trajectory Segmentation

In supervised trajectory segmentation, the goal is to segment a trajectory based on
prior knowledge or labeled data which relies on human experience or subjective criteria,
such as time and speed threshold, acceleration, direction, distance, similarity, stop point,
and point of interest. In addition, it uses labels available in the training data as input.
The labeled data consists of pre-segmented trajectories, where each segment is labeled
with a specific activity or behavior. Threshold setting is an important metric in supervised
trajectory segmentation, such as time threshold, speed threshold, distance threshold, error
threshold, etc. Stay Point Detection (SPD) algorithm is a simple and easy-to-use algorithm
for identifying stop points in mobile trajectories [82]. This algorithm identifies stop points
by setting a time threshold and a distance threshold, and the trajectory between two stop
points is a segment. The implementation of this algorithm is based on the following two
assumptions: (1) when people stay in one place for a period of time, their movement speed
will decrease; and (2) the movement trajectory between adjacent stop points should be
relatively continuous—that is, the distance and time between them should be close enough.
WHS-II defines an error threshold [83]. The sequence error value is generated by calculating
the deviation between the generated points and the actual points in a sliding window, and
the extracted sequence error values are used to create a training dataset. Then, a binary
classifier is used to classify each error signal sample into segment points and non-segment
points. Finally, the trajectory segmentation points are determined by a voting mechanism.

Supervised segmentation may achieve high accuracy but requires labeled data, which
can be time-consuming and expensive to obtain. Supervised segmentation methods with
targeted criteria settings can achieve the desired effects in specific problems. In addition, in
supervised segmentation methods, the criteria threshold is pre-set, and different thresholds
can result in significant differences in the accuracy and efficiency of segmentation, which
can also lead to poor transferability and compatibility of segmentation methods. If it is
set too large, it may lead to missed judgments, while, if it is set too small, it may lead to
misjudgments. Therefore, it is necessary to adjust and optimize the threshold according to
the specific dataset and application scenario.

3.3.2. Unsupervised Trajectory Segmentation

In unsupervised trajectory segmentation, the goal is to segment a trajectory based
on the characteristics of the raw data, without any prior knowledge or labeling. Unsu-
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pervised segmentation algorithms mainly include clustering-based segmentation, cost
function segmentation, interpolation segmentation, and semantic segmentation. Clustering
algorithms are commonly used for unsupervised trajectory segmentation. The algorithm
cluster points in the trajectory that are similar to each other in terms of some criterion or
attribute. Cost-function-based trajectory segmentation calculates the distance or similarity
between trajectories by defining a cost function and divides the trajectories into different
segments based on the minimum value of the cost function. Interpolation-based trajectory
segmentation is more suitable for denser trajectory data and divides trajectories into differ-
ent segments using methods such as linear interpolation and random-walk interpolation. In
comparison, unsupervised segmentation does not require prior knowledge or labeled data.
It can segment the trajectory according to the designed loss function and other methods,
which is more universal than the supervised segmentation method:

1.  Clustering-based segmentation. In earlier research, unsupervised trajectory segmenta-
tion algorithms were mostly based on clustering, such as clustering based on distance,
speed, acceleration, density, direction, etc. Among them, TRACLUS is one of the
representative algorithms for unsupervised trajectory segmentation methods, which
is a distance-based clustering algorithm [84]. It proposed three distance properties:
perpendicular distance, parallel distance, and angle distance. Approximate trajectory
partitioning is achieved by using the Minimum Description Length (MDL) to partition
trajectories. SMoT is a time-based clustering algorithm, which extracts stop points and
move points from a trajectory based on the stop time in the trajectory, and then divides
a trajectory into multiple stop and move segments [85]. CB-SMoT is a speed-based
clustering algorithm [86], and its most significant difference from the SMoT algo-
rithm is that CB-SMoT adds speed as a segmentation criterion on the basis of SMoT,
which not only considers the spatial and temporal relationships between trajectory
points, but also takes into account the influence of speed. Therefore, the CB-SMoT
algorithm can identify stop points and move points more accurately. DB-SMoT is a
direction-based clustering algorithm [87]. It clusters trajectories by computing the
magnitude of the direction changes. SMoT, CB-SMoT, and DB-SMoT do not require
any labels or prior knowledge to perform clustering operations. Time, speed, and
direction are only the metrics they use to calculate clustering, not labels for clustering.
Leiva et al. proposed a well-known Warped K-Means model to achieve unsupervised
trajectory segmentation through sequential clustering algorithm [88]. By minimizing
the criterion function with the Sum of Quadratic Error (SQE) which incorporates
rigid temporal constraints in the trajectory segmentation step, WKM achieves a more
efficient and accurate trajectory segmentation. As is known, K-means algorithm has
the advantages of low complexity and high robustness that can quickly converge to
local minima. However, it requires the number of priori clusters k to be an input
parameter, which limits its application and development in multiple scenarios. Buchin
et al. presented an algorithmic framework that can efficiently segment trajectories
according to feature combination analysis [89,90]. This framework uses a greedy
strategy for segmentation to obtain an optimal solution for monotone criteria, which
is similar to the principle of clustering algorithms. It ensures that the trajectory is
divided into as few segments as possible and maximizes the length of each individual
piece. In addition, they proposed two routines, TEST and FURTHEST, to segment
three-dimensional trajectories, respectively. In univariate attribute criteria, it segments
trajectories based on the criteria of location, velocity, and heading. In combinations
of attribute criteria, they present two different ways of combining criteria, namely,
Boolean combinations and linear combinations. In addition, three more complex
criteria have been added on the basis of the univariate attribute criteria, which are
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curvature, sinuosity, and curviness. The proposed method can improve the robustness
of the trajectory segmentation algorithm.

2. Cost-function-based segmentation. The cost function is commonly used in unsu-
pervised trajectory segmentation, mainly to calculate the distance, correlation, and
similarity of trajectories. Yan et al. proposed an unsupervised trajectory construction
platform, namely, SeTraStream [91]. This method uses a sliding window strategy to
achieve online trajectory segmentation. Firstly, the feature vectors of the new incoming
batch of raw trajectories are extracted to form the corresponding matrix, and the new
batch of trajectories is buffered into a segmentation queue, waiting for segmentation
processing. Secondly, the earliest trajectory that completes segmentation is dequeued
and a candidate division point is placed at the end of the original batch as shown
in Figure 4. Then, the new batch of trajectory Wr is compared with the previous
batch of trajectory matrix WI to calculate the correlation between these two feature
vectors with an RV-coefficient function which is a generalization of the correlation
coefficient for matrix data. This process is called short-term changes seeking. If the
short-term changes do not trigger the threshold of the segmentation algorithm, the
comparison window is doubled and long-term changes are sought to find a division
point. If no long-term changes are detected, segmentation stops until the next new
batch of trajectories is buffered into the queue and the trajectory segmentation process
is restarted.

Division Pointl Division Point2

I

Candidate o |
new

Division Point }

|
I

(o] < < Ve
I

Figure 4. SeTraStream segmentation method.

Junior et al. proposed a Greedy Randomized Adaptive Search Procedure for Unsu-
pervised Trajectory Segmentation (GRASP-UTS) [92]. The core idea is to achieve a higher
homogeneity within segments by applying the Minimum Description Length (MDL) prin-
ciple. Note that the biggest advantage of GRASP-UTS is that it no longer limits the features
of trajectory segmentation, so it can overlay any features on the original trajectory to meet
the trajectory segmentation needs of different applications. Xu and Dong introduced an
algorithm named TS-TF, which leverages multiple motion attributes for effective trajectory
simplification [93]. The process begins with trajectory segmentation, where the Pearson
correlation coefficient is applied to assess similarity in movement features—including lon-
gitude, latitude, speed, acceleration, and heading—between consecutive points. This helps
detect sensitive variations and identify potential segmentation locations. Subsequently, a
merging phase is conducted to refine the segmentation result by optimizing the minimum
description length (MDL) criterion, thereby preventing over-segmentation and enhancing
the overall coherence of the compressed trajectory.

3.  Interpolation-based segmentation. Trajectory interpolation is one of the commonly
used methods for trajectory segmentation. Etemad defined an octal window (Sow),
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which is a sub-trajectory with seven trajectory points, and proposed a trajectory
segmentation algorithm based on interpolation called Octal Window Segmentation
(OWS) [94]. In octal window, new estimated trajectory points can be created using
interpolation techniques, and an error signal can be created by comparing the actual
position and estimated position of the moving object. By evaluating the error signal,
we can determine whether there has been a heterogeneous change in the trajectory of
the moving object. The advantage of this algorithm is that it can adapt to different
application scenarios by selecting different interpolation algorithms, which can im-
prove the flexibility of trajectory segmentation. After OWS, Etemad extended Sow
to a sliding window, which modified the window size to a configurable parameter
with a minimum value of 7, and named the algorithm Sliding Window Segmentation
Algorithm (SWS) [95]. The author analyzed the segmentation performance of the
SWS algorithm under different window sizes. The generation of error signals and
trajectory segmentation are realized through different interpolation techniques, such
as linear interpolation, cubic interpolation, random walk interpolation, and kinematic
interpolation. At the same time, the robustness of different interpolation techniques is
also analyzed. Highlighted that SWS can endure more noise to some extend by having
the forward and backward extrapolation mechanisms. Therefore, the algorithm has a
high robustness to noise.

Semantic-based segmentation. Apart from speed, acceleration, direction, and trajec-
tory similarity, the metric for trajectory segmentation also includes transportation
semantic and mode. Inspired by the deep semantic image segmentation in com-
puter vision applications, deep semantic segmentation has been applied to trajectory
segmentation. By extracting the motion feature sequence information of GPS raw
trajectories, such as geographic location, traffic patterns, user behavior, trajectory
relationships, and other feature vectors, the trajectory is segmented and assigned
corresponding semantics for each segment. One of the representative methods is
Convolutional Neural Network (CNN) schemes for trajectory segmentation, firstly,
with an extraction of continuous, overlapping, and equidistant trajectory segments for
segmentation, and extracting features such as position, velocity, and acceleration for
each segment. Then, transportation modes are recognized through a CNN framework.
This method has high segmentation efficiency, but, in cases where traffic patterns are
more complex, the uniformly fixed segmentation method will lead to a decrease in
accuracy. To address this issue, a Bayesian Temporal Convolutional Network (BTCN)
is proposed for unsupervised, uncertainty-aware GPS trajectory segmentation [96].
The BTCN algorithm can capture the uncertainty of different traffic patterns in the
trajectory segmentation process. Specifically, this method uses a convolutional neu-
ral network to map GPS trajectory points into a one-dimensional space and uses a
variational autoencoder to capture the latent distribution between trajectory points,
improving the representation ability of trajectory points. Then, Bayesian inference
is used to estimate the posterior distribution of trajectory points, and Monte Carlo
dropout sampling is used for variational inference. This method can more accurately
capture the uncertainty in the trajectory segmentation process, improving the accu-
racy of segmentation. However, this method requires a large amount of computing
resources and time and is not suitable for online trajectory segmentation applications.

3.3.3. Semi-Supervised Trajectory Segmentation

In semi-supervised trajectory segmentation, it combined both supervised and un-

supervised methods. Some trajectories are labeled by an expert, while others are seg-
mented using an unsupervised algorithm. Both supervised and unsupervised methods
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have their own advantages and disadvantages. Supervised methods heavily rely on
domain experts’ professional knowledge, making it difficult to obtain high-quality
labeled datasets. Unsupervised algorithms can achieve automatic trajectory segmenta-
tion, but have a lack of semantic relevance. Therefore, some scholars have proposed a
semi-supervised trajectory segmentation method that combines the advantages of both
supervised and unsupervised methods. Semi-supervised segmentation can achieve a
higher accuracy than unsupervised segmentation while requiring less labeled data than
supervised segmentation.

Junior et al. introduced the RGRASP-SemTS algorithm [97], which uses a reactive
greedy randomized search strategy for semi-supervised semantic trajectory segmentation.
The method employs a limited amount of labeled data to guide the segmentation of
unlabeled trajectories. It identifies optimal segmentation points by adjusting segment
boundaries and uses unsupervised criteria such as the minimum description length (MDL)
to assess internal segment consistency. Simultaneously, supervised cues including semantic
landmarks help measure the similarity across labeled segments, leading to locally optimal
segmentation. Dabiri et al. developed a semi-supervised convolutional autoencoder (SECA)
for trajectory segmentation [98,99]. The process first splits the trajectory uniformly, then
merges segments sharing the same traffic pattern via online detection. Subsequent change
point detection differentiates patterns and triggers re-segmentation. The outcome is a set
of segments, each representing a distinct traffic pattern, which serves as input for traffic
pattern recognition.

In conclusion, the choice of trajectory segmentation method depends on the specific
application and available resources. Supervised segmentation may be useful when labeled
data is available and when the goal is to achieve high accuracy. Unsupervised segmentation
may be more appropriate when there is no prior knowledge or labeling available and
when the goal is to discover unknown patterns or structures in the data. Semi-supervised
segmentation may be useful when there is a limited amount of labeled data available, and
when the goal is to balance accuracy and efficiency. The overview of map segmentation
methods is shown in Table 3.

Supervised methods (e.g., SPD, WS-II) can achieve a high accuracy for specific, well-
defined tasks like stop-point detection. Their major limitation is the reliance on labeled
data, which is costly to acquire. They are best suited for applications where clear rules or
thresholds exist, such as segmenting commuter trips based on dwell times.

Unsupervised methods (e.g., TRACLUS, GRASP-UTS, and Warped K-Means) offer
greater flexibility for discovering unknown patterns without pre-labeled data, making
them applicable to exploratory data analysis in new domains like UAV flight path analysis
or animal movement studies. Their challenge lies in parameter tuning and the potential
lack of semantic meaning in the resulting segments.

Semi-supervised approaches (e.g., RGRASP-SemTS, and SECA) strike a balance, lever-
aging small amounts of labeled data to guide the segmentation of large unlabeled datasets.
This makes them highly practical for real-world scenarios where some expert knowledge
is available but full manual labeling is infeasible, such as in large-scale transportation
mode identification.

The segmentation choice depends on data availability and the analysis goal. Robotics
and autonomous systems, which often operate in structured environments with clear state
changes, may effectively use cost-function or interpolation-based segmentation. For urban
computing, semi-supervised methods are increasingly popular due to their ability to incor-
porate domain knowledge (e.g., known landmarks) while scaling to city-wide datasets.
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Table 3. An overview of map segmentation methods.

Classification Method Time Complexity Segment Metric Article
Supervised trajectory SPD O(N) Time and distant threshold (Zheng et al., 2011) [82]
segmentation WS-TI O(N) Error threshold (Etemad et al., 2020) [83]
TRACLUS O(NlogN) Distance (Lee et al., 2007) [84]
SMoT O(NlogC) Time (Alvares et al., 2007) [85]
CB-SMoT O(NlogC) Speed (Palma et al., 2008) [86]
DB-SMoT O(NlogC) Direction (Rocha et al., 2010) [87]
Warped K-Means O(Nd) Criterion function (Leiva and Vidal, 2013) [88]
Location, heading, speed, . . .
Unsupervised segmentation OMNIog)  _ vlocity curvature 0t 80
trajectory segmentation 4 '
SeTraStream O(N) Correlation of features (Yan et al., 2011) [91]
GRASP-UTS O(mN) Homogeneity of features (Soares Junior et al., 2015) [92]
TS-MF O(N) Similarity of multiple (Xu and Dong, 2022) [93]
OWS O(N) Error signal (Etemad et al., 2019) [94]
SWS O(N) Error signal (Etemad et al., 2021) [95]
BTCN O(mN) Transportation mode (Markos et al., 2021) [96]
Semi-supervised RGRASP-SemTS O(mN) Homogeneity of features (Junior et al., 2018) [97]
trajectory segmentation SECA O(N) Homogeneity of features (Dabiri et al., 2019) [98]

N represents the number of trajectory points, C represents candidate stop, d represents the sample vector
dimension, and m represents the total number of iterations.

3.4. Map Matching

Due to transmission errors, sampling errors, low-frequency sampling, and device
malfunctions of trajectory collection equipment, there is a problem of deviation between
the original trajectory data and the true path data, and even the phenomenon of a large
distance gap between two consecutive sampling points, which exacerbates the difficulty of
path reconstruction and seriously affects the effectiveness of subsequent data mining and
analysis. Therefore, in the trajectory data preprocessing stage, map matching technology is
necessary for relocating the original trajectory points, correcting the sampling data to the
actual road, and obtaining a trajectory consistent with the actual driving path. The accuracy
of map matching is closely related to the accuracy of device positioning, sampling rate, and
the complexity of the road network topology. Early map matching methods mainly include
geometric-based matching methods and topology-based matching methods [17,18]. These
methods have simple ideas, which are easy to implement, and focus on high sampling
rates and online matching. However, they are easily affected by positioning errors and
sampling frequency. Therefore, they are more suitable for scenarios with a high sampling
frequency and small positioning errors. Recently, map matching algorithms have focused
more on challenging scenarios such as low sampling frequency and high positioning errors,
such as WIFI or mobile signal positioning. In order to solve the problems brought by
new application scenarios, various probability-based matching methods and advanced
matching methods have been proposed [19,100,101]. Table 4 summarizes the classification
of these map matching techniques.
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Table 4. An overview of map matching techniques.

Classification Method Time Complexity Article
PTP, PTC, CTC O(N) (Bernsteilré 9&1(1)1)61[ ]Ii)(z)i“nhauser,
PTP, PTC, CTC O(N) (White et al., 2000) [103]
Geometric-based model RRF O(N) (Taylor etal., 2001) [104]

Global Map-Matching

(@) (MNlogzMN> for Fréchet dist,
O(MNlogMN) for weak

(Brakatsoulas et al., 2005) [105]

Fréchet dist
MPM 0(S) (Alt et al., 2003) [106]
MM 0 <N2> (Quddus et al., 2003) [107]
Topology-based model GeoTrackMapper O(NlogN) (Chawathe, 2007) [108]
ATMM 0O (N3> (Zhao et al., 2018a) [109]
HFTMM o (N2> (Yu et al., 2022) [110]
MHT-MM N/A (Pyo etal., 2001) [111]
. (Marchal et al., 2005; Schuessler and
Adaptation MHT-MM N/A Axhausen, 2009) [112,113]
Probability-statistics- MDP-MM 0 (NkleogM> (Chen et al., 2014) [114]
based model
ST-CRF O(NSlogs) (Liu et al., 2016) [115]
MCM O(MlogM) (Li et al., 2023) [116]
PMHT-MM N/A (Wang et al., 2023) [117]
HMM 1) (NM2> (Newson and Krumm, 2009) [118]
OHMM 1) (NMZ) (Goh et al., 2012) [119]
FMM O(MNIlogN) (Yang and Gidofalvi, 2018) [120]
oM2 0 (NM2> (Xie et al., 2020) [121]
INC-RB 0 (NleogM) (Luo et al., 2020) [122]
ST-Matching o (NkleogM> (Lou et al., 2009) [123]
Advanced model VMM 0) (NkleogM> (Yuan et al., 2010) [124]
STP-IWC O(N) (Teng and Wang, 2019) [125]
AMM 0 (NkZ) (Hu et al., 2023) [126]
HRIS 0O (NkM2> (Zheng et al., 2012) [127]
HMM + RCM kM2 agadeesh and Srikanthan, 2017) [128]
O(N &
DeepMM N/A (Zhao et al., 2019) [129]
TMM N/A (Jin et al., 2022) [130]
L2MM N/A (Jiang et al., 2023a) [131]

N represents the number of GPS points in the trajectory, k represents the average number of candidate points
per GPS point, M represents the total number of edges or intersections in the road network, and S represents the
number of segments.

3.4.1. Geometric-Based Methods

This method is based on geometric principles and analyzes the relationship between
point to point, point to segment, and segment to segment. By using features such as
distance, angle, and shape similarity, the trajectory points are matched with map data
optimally. The geometry-based model algorithm is relatively simple to implement, but
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the disadvantage is that it does not consider the correlation between the collected points
and the connectivity between roads, resulting in a low matching accuracy and poor model
stability. This method is suitable for road sections with a high sampling frequency and
dense sampling points, but performs poorly in sparsely sampled road sections.

A representative model in this field is the point-to-point, point-to-curve, and curve-
to-curve matching method proposed by Bernstein et al. [102]. Subsequently, White et al.
expanded this class of algorithms and conducted in-depth analysis and road tests [103].
This algorithm matches the sampling points to the nearest road network node, finds the arcs
connected to these nodes, and calculates the projection distance from the sampling points
to the candidate road segments, then selects the nearest road segment as the matching
segment. Therefore, this method is highly sensitive to the spatial road network data
generation method, and the more data points there are of the map shape, the easier the
matching becomes. Taylor et al. proposed a segment-to-segment method using the road
reduction filter (RRF) algorithm [104]. For each trajectory sampling point, a candidate point
set is generated on the road network, and, then, the road segments generated by these
candidate points are compared with the road segment trajectory formed by the sampling
signal, selecting the closest segment as the matching result. The most representative model
in geometric-based matching methods is the global matching algorithm based on the
Fréchet distance proposed by Brakatsoulas et al. [105]. This algorithm first finds a potential
matching path that minimizes the sum of Fréchet distances between sample points and
the path. Unlike the Euclidean distance or Hausdorff distance, the Fréchet distance is a
spatial-temporal curve similarity distance. Therefore, this method is more suitable for
comparing the similarity between two curves and has a higher matching accuracy.

3.4.2. Topology-Based Method

Topology-based matching methods use the multiple features of the road network
topology to constrain the potential matching set of sample points and calculate the topolog-
ical relationship between sample points and adjacent road segments. This method places
emphasis on the road network structure and connectivity, and incorporates an analysis of
similarity between the historical sample data and road topology. As a result, it improves
both the matching efficiency and accuracy, particularly in complex geographical environ-
ments such as intersections and roundabouts. However, the algorithm requires accurate
road network data and historical sample data, making it susceptible to the influence of data
sparsity and sampling errors.

In this type of research, Alt et al. proposed a simple topological matching method,
which uses information such as the vehicle history data, relationship between trajectories,
and road topology features to constrain the candidate matching of sample points [106].
Although this algorithm improves the matching efficiency, it is susceptible to collection
noise and data sparsity, and may lead to incorrect matching in complex road conditions.
Quddus et al. introduced a weighted topological matching approach that integrates trajec-
tory direction, GPS point proximity to roads, and correlation metrics [107]. The method
assigns corresponding weights to these features and identifies the road segment with the
highest aggregated weight as the matched segment. This strategy aims to minimize input
requirements, streamline computational steps, and support efficient matching.

In order to improve the generality of map-matching algorithms, Chawathe designed
an enhanced model that can be applied to various segmented map-matching methods [108].
This model implements three different levels of map matching: Point Match, Local Match,
and Segmented Path Match. Based on these algorithms, the author established a map-
matching system called the GeoTrackMapper system. This system dynamically compares
the features of the next sample point and adjusts the previous path-matching results based



Electronics 2025, 14, 4694

22 of 39

on the comparison results. Test results have shown that segmented map-matching methods
have a higher matching accuracy for long paths compared to Point Match and Local Match.
Zhao et al. developed an enhanced topological map-matching algorithm grounded in the
Dempster-Shafer theory [109]. This framework addresses the inherent uncertainty and
unpredictability in map matching by computing belief probabilities for all candidate points
associated with each GPS observation.

Topological map-matching algorithms are particularly suitable for high-frequency
sampling scenarios. Among these, Yu et al. introduced an enhanced High-Frequency
Trajectory Map Matching (HFTMM) algorithm [110]. This approach first partitions the tra-
jectory into segments and then performs map matching on each segment by incorporating
road network topological features. The method significantly enhances the accuracy and
efficiency of matching.

3.4.3. Probability-Statistics-Based Model

The model based on probabilistic statistics utilizes multiple features of the sampled
points, such as the position, direction, velocity, etc., to calculate the matching degree be-
tween the trajectory data and candidate points on the map using probabilistic statistical
theory. The most representative method is based on confidence intervals and multiple
hypothesis techniques. Based on multiple hypothesis techniques, multiple road segments
are first selected within the confidence interval and added to the candidate road segment
set. Then, a score is calculated for each candidate road segment, and the road segment with
the highest score is selected as the final match. The advantage of this matching method
is that, even if there are errors in the information of a sampled point, it will not have a
significant impact on the subsequent matching. Therefore, in complex road environments,
the overall performance of probabilistic algorithms is superior to topological algorithms. In
addition, the model can provide a measure of uncertainty for the localization result through
the calculation of confidence intervals, which helps users evaluate the reliability of the
localization result. A wider confidence interval indicates a higher uncertainty in the match-
ing result. However, probabilistic model methods require complex probability calculations,
which have a higher computational complexity. The derivation of model algorithms is also
difficult, making them less easy to understand. Therefore, such map-matching algorithms
are slower in processing large-scale data and more challenging to implement.

Pyo et al. proposed the multiple hypothesis technique for online map matching using
a GPS device and a dead reckoning (DR) device [111]. They calculated the probability
of each hypothesis using likelihood functions, generated pseudo-measurements around
GPS locations based on surrounding roads, and restructured the multiple hypothesis
tracking (MHT) into a single target problem. Hypothesis pruning was then performed
on hypotheses with probabilities below a threshold to reduce their number. To mitigate
the impact of deviations between GPS/DR sensor outputs and pseudo-measurements on
algorithm performance in map matching, a biased Kalman filter was used to estimate
the biases, leading to improved matching accuracy. However, Pyo et al.’s work primarily
focused on the accuracy of localization rather than algorithm speed, resulting in suboptimal
performance when matching large-scale data.

In contrast, Marchal et al. and Schuessler and Axhausen emphasized the computa-
tional performance of the algorithm, ensuring that it could rapidly process large amounts
of data within reasonable errors and even achieve real-time trajectory visualization on the
map [112,113]. The core idea of this algorithm is to establish an initial set of paths through
topological search and always maintain a set of candidate paths as GPS feedback data.
When encountering intersections, each subsequent link is added as a new link at the end of
the routing. A scoring function is established to continuously update the matching scores
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of candidate paths with newly linked segments. Therefore, achieving a balance between
the matching accuracy and computational speed is the key challenge that such algorithms
need to address.

For low-sampling-rate trajectories, the MDP-MM algorithm employs a multiple hy-
pothesis technique (MHT) to track several candidate routes for each GPS point during
matching [114]. The optimal route is selected based on the lowest evaluation score, with
spatial proximity serving as the main criterion. However, the number of candidate routes
can grow exponentially, making MHT computationally expensive for large-scale applica-
tions. To mitigate this, MDP-MM retains only the non-dominated route at each candidate
location, thereby pruning inferior options and significantly enhancing algorithmic effi-
ciency. Liu et al. have proposed a novel spatial-temporal conditional random field (ST-CRF)
method for low-frequency GPS map-matching, which outperforms existing approaches in
performance and robustness while solving the label-bias problem [115].

To improve the robustness of map matching, Li et al. developed the Multiple Can-
didate Matching (MCM) algorithm [116]. This approach identifies the longest common
subsequence between the actual trajectory and possible matched routes. In contrast to
earlier MHT-based methods, MCM eliminates the need for historical data to score candidate
paths or pretrained probability models. Instead, it retains plausible historical matching
candidates and uses the structural continuity between roads and trajectories to constrain
computation. By pruning infeasible paths, the algorithm achieves a balance between
matching accuracy and operational efficiency.

Wang et al. were the first to apply the MHT technique in the field of airborne INS
platform positioning [117]. They proposed the PMHT-MM framework to assist INS in
eliminating position errors caused by long-term inertial navigation biases and drift. The
PMHT-MM algorithm operates in a batch processing mode and seeks to maximize the
posterior probability density function p(X|Z) and the maximum expected iteration by
collecting the measurement set Z over multiple sampling periods T.

In addition to confidence intervals and the probability calculations of the multiple
hypothesis technique, there are other probability statistical techniques that can be applied in
map-matching models. For example, Bayesian inference methods can be used to calculate
the probability distribution of multiple candidate points to determine the best matching
result [132]. Markov Chain Monte Carlo (MCMC) methods can provide more compre-
hensive positioning information by estimating the posterior probability distribution of
vehicle positions [133]. Based on Conditional Random Field (CRF) methods, it is possible
to model the relationship between observation points, candidate points, emission proba-
bility, and transition probability. The model parameters can be optimized using methods
such as maximum likelihood estimation, and map matching can be performed through
inference and decoding. Additionally, particle-filter-based map-matching algorithms are
also utilized [134,135]. These methods can further enhance the accuracy and robustness of
map-matching models.

3.4.4. Advanced Model

With the development of map-matching algorithms, the consideration of feature
factors has gradually diversified. In particular, addressing the issues of low sampling
frequency and high fault tolerance in early algorithms has become the focus of optimization.
In order to adapt to new challenges, various advanced map-matching models have been
proposed, including HMM models, maximum weight models, deep learning models, and
local path inference models. Currently, advanced models are the mainstream in map-
matching models and a key research direction for the future. Advanced map-matching
algorithms take into account more comprehensive trajectory information, including the
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speed, direction, angle, road network topology, sampling frequency, and noise in historical
data. Therefore, these advanced map-matching algorithms generally have a higher accuracy,
but their common drawback is the higher algorithm complexity. We have categorized and
summarized representative map algorithms proposed in the past two decades and found
that HMM models are the most widely used method in advanced models, followed by
maximum-weight-based models and deep-learning-based models:

1.  The HMM model performs well in sequential modeling and road network connectiv-
ity, which is why it is widely used. In the HMM-based map-matching algorithm, the
observation sequence represents the trajectory sample points, and the state sequence
represents the potential matching path points. The key of this algorithm is to trans-
form the map-matching problem into the decoding problem of HMM, to find the state
sequence with the maximum joint probability, which means selecting the maximum
probability value and its corresponding previous state at each time step, and, finally,
obtaining the optimal state sequence corresponding to the maximum joint probability
value. The most representative research in this field is the algorithm proposed by
Newson et al. [118]. They assumed that the absolute difference between the Euclidean
distance of adjacent sampling points and the path distance between two matched
points follows an exponential distribution, and designed the transition probability
based on this assumption. The smaller the difference, the higher the transition prob-
ability. This method uses the Viterbi algorithm to calculate the sequence of vehicle
travel paths.

The OHMM algorithm is an online map-matching algorithm that uses the variable
sliding window method (VSW) to ensure the accuracy of online matching [119]. This
algorithm assumes that the measurement error of GPS sampling points follows a normal
distribution. On the other hand, Yang et al. assumed that the distance between observation
points and candidate matching points follows a Gaussian distribution and proposed the
FMM algorithm [120]. This algorithm adds an Upper Bounded Origin Destination Table
(UBODT) in the preprocessing stage, which transforms the search for the optimal path into
a hash search process for the shortest path. In the matching stage, the path matching is
achieved through two steps: candidate search and optimal path inference. Additionally, a
penalty mechanism is introduced to reduce the weight of long paths, addressing the issue
of backward movements in the HMM algorithm.

OM2 is an offline map-matching algorithm that consists of three steps: preprocess-
ing, map-matching, and post-processing [121]. These steps are responsible for trajectory
simplification, offline matching, and accurate intersection mapping, respectively. This
algorithm adopts the same assumptions for observation probability, transition probability,
and probability distribution as Newson’s algorithm. INC-RB is an online map-matching
algorithm. Unlike OHMM, this algorithm assumes that the measurement error of GPS
sampling points follows a Gaussian distribution [122].

2. The maximum-weight-based map-matching algorithm converts the map-matching
problem into a problem of minimizing distance weights. By establishing a scoring
system, this system evaluates each candidate path based on multiple features and
selects the optimal path with the highest score. Compared to the HMM model, the
advantage of this method is its higher flexibility in handling complex paths. However,
a drawback of weight-based map-matching algorithms is that they require higher
data quality for the collected point data. Therefore, data preprocessing is needed to
improve the data quality.

The ST-Matching algorithm has the same observation probability and initial proba-
bility as the HMM algorithm, but the calculation of the state transition probability and
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weight is different [123]. The calculation of state transition probabilities in the ST-Matching
algorithm includes a measure of the difference between the velocity vector and the average
velocity vector, which improves the matching accuracy. However, the weight calculation
in this algorithm uses a simple summation method, ignoring the mutual influence be-
tween candidate points. Once a node is misclassified, it will lead to continuous errors in
subsequent nodes.

To address the above issues, Yuan et al. proposed an Interactive Voting-based Map
Matching (IVMM) algorithm that considers the relationships between all sampling points
to find the optimal path [124]. Firstly, a distance weight matrix is defined for each sampling
point to evaluate the mutual influence between all candidate points, where larger distances
correspond to smaller weights. Then, an optimal route passing through each candidate
point is determined. Finally, the final matching route is selected through voting among
these routes.

Teng and Wang proposed a real-time vehicle map-matching algorithm called STP-IWC,
which improves positioning accuracy and reduces time lag by integrating spatio-temporal
proximity and an improved weighted circle [125]. This algorithm first develops an STP
method, which reduces the positioning time by dynamically and adaptively refining the
optimal candidate matching road, and then identifies the best matching road to improve
positioning accuracy by enhancing angle similarity and introducing new weighted values
using the improved IWC method.

In scenarios with uneven sampling errors, the AMM algorithm proposes an adaptive
map-matching algorithm [126]. It establishes a synchronous evaluation model between the
sampling points and candidate points to automatically adjust the calibration observation
data and filter out low-quality sampling points based on different measurement errors,
thereby improving the matching accuracy.

3. Deep-learning-based map-matching algorithms have become popular in recent years.
The map-matching algorithms based on the HMM model or weight-based methods
do not take into account the potential value of historical trajectories, including the
historical trajectories of the same vehicle and the trajectories of other vehicles passing
through similar road segments. With the rise of deep learning algorithms, researchers
have approached the problem from a data-driven perspective. By using deep learning
methods, the large-scale trajectory data can be maximally utilized in the map-matching
process. This approach reduces the impact of sampling frequency and trajectory noise
on the matching results, greatly improving the accuracy of map matching. However,
a drawback of these algorithms is that they require a large amount of labeled data to
train the model parameters, and obtaining labeled training data is not always easy.

Initially, the introduction of these algorithms simply added information from historical
trajectories, such as the HRIS algorithm [127]. The HRIS algorithm is proposed to infer
possible routes for low-sampling-rate trajectories by leveraging information from historical
trajectories. With the development of deep learning models, more and more improved
models have been applied to map matching. Jagadeesh and Srikanthan extended the widely
used HMM matching method and supplemented it with a route choice model based on a
multinomial logit model [128]. This algorithm uses a multinomial logit path choice model to
re-evaluate the partial paths generated by the online map-matching method based on HMM.
Zhao et al. proposed a DMM algorithm, assuming that the spatial noise of the sampling
points follows a Gaussian distribution [129]. The algorithm uses embedding techniques,
an attention-enhanced sequence-to-sequence model, and trajectory data augmentation to
improve the accuracy of map matching.

To tackle data sparsity and limited labeled data in training, Jin et al. introduced the
TMM model, which performs map matching efficiently with minimal supervision [130]. The
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model operates under the assumption that spatial noise in each coordinate follows a zero-
mean Gaussian distribution. It synthesizes trajectory data using road network information
and available labeled trajectories. These generated trajectories are used to pretrain a
deep learning model, which is later fine-tuned with real labeled data. A Transformer
architecture is then applied to further enhance matching accuracy. By capturing both
internal correlations among GPS points and external relationships between input and
output trajectories, the TMM algorithm achieves strong matching performance.

Similarly, Jiang et al. proposed two representation enhancement methods from the
perspective of data augmentation to learn high-quality representations of low-quality
data [131]. This algorithm has a good robustness to low sampling rates, uneven sampling
rates, and noise, and performs well with a small amount of training data.

Geometric and topological methods are computationally efficient and perform well
in high-frequency sampling scenarios with open, well-defined road networks, making
them suitable for real-time applications in urban transport. However, their accuracy
drops significantly with decreasing sampling rates or in complex road environments like
intersections and overpasses.

Probability-based models (e.g., HMM and MHT) significantly improve robustness
to noise and low-sampling-rate data, establishing themselves as the de facto standard for
matching vehicle GPS data in city environments. The primary trade-off is their higher
computational complexity, especially for the offline, global versions.

Advanced models, particularly those based on deep learning, show great promise
in handling extremely challenging conditions, such as noisy data from mobile phones or
complex urban canyons, by learning matching patterns directly from large-scale historical
trajectories. Their current limitations include a dependency on large, diverse training
datasets and reduced interpretability compared to probabilistic models.

The application context is critical: High-frequency logistics tracking can be effectively
handled by fast topological algorithms. In contrast, UAV trajectory matching over rural or
unstructured areas may require more robust probabilistic methods that can handle larger
positional errors. The emerging deep-learning-based methods are particularly suited for
large-scale mobility service platforms that possess vast amounts of historical data and
require a high matching accuracy across diverse conditions.

3.5. Interplay and Boundaries Between Preprocessing Tasks

While we have categorized methods into cleaning, compression, segmentation, and
map matching for clarity, the boundaries between these tasks are often fluid and synergistic
in practice. It is crucial to distinguish between their core, mutually exclusive functions and
their overlapping applications.

Core Functions: The primary objective of compression is to reduce data volume,
whereas segmentation aims to partition data into meaningful units. Map matching’s core
role is spatial correction.

Boundary Cases and Overlaps: A key boundary case is Road-Network Constrained
Compression (Section 3.2.2), which explicitly integrates map matching as a foundational
step. Similarly, Semantic Trajectory Compression (Section 3.2.3) and Semantic Segmentation
(Section 3.3.2) both rely on extracting meaningful features (e.g., stops and modes) from the
trajectory, blurring the line between compression and segmentation. Understanding these
interconnections is vital for designing effective, multi-stage preprocessing pipelines.

4. Public Dataset

Currently, there is a wide range of publicly available traffic trajectory datasets, obtained
from diverse sources such as GPS devices, mobile applications, and transportation agencies.
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However, the quality and consistency of these datasets can vary due to factors like data
collection methodologies, sensor accuracy, and data processing techniques. Furthermore,
the recorded fields in these datasets may differ, including information such as latitude,
longitude, timestamp, speed, and heading. Additionally, the time of data collection can
vary, ranging from real-time streaming data to historical data spanning months or years. In
order to present each dataset more clearly, Table 5 compares the geolocation, data objects,
classification, content, format, data sources, and production years of representative publicly
available datasets in various traffic trajectory domains. It also provides download links for
the datasets.

Table 5. Openly available datasets.

Dataset Download Address Object Geography  Classification Field Format Source Year
https:/ /www.microsoft. Urban Position
com/en-us/download/ . China, USA, P coordinates,

Geolife  details.aspx?id=52367 peticle,  Republicof  geivi time, trans-  plt Sensors, - 007-2012
(accessed on 22 edestrian — Korea, Japan q % y portation phones
November 2025) ata mode, etc.

https:/ /www.microsoft.
com/en-us/research/

e o Taxi Position
T-Drive p gbllcatl()ﬂ/ t—d{n N Vehicle Bel]mg, trajectory coordinates,  txt Sensors 2011
trajectory-data-sample/ China data time., etc
(accessed on 22 T
November 2025)
https:/ /wwwl.nyc.gov/
site/tlc/about/tle-trip- Taxi Position
_IPgiC- record-data.page Vehicle ﬁ?{WUYS(A)Ark’ trajectory coordinates,  parquet Sensors 2009-present
(accessed on 22 4 data time, etc.
November 2025)
Vehicle
trajectory
data on
S http:/ /www.scenarios.cn . highway Mileage,
Fl}é[:‘flg)cr (accessed on 22 I\jgg;c;te;i an China ramps, time, lane, video SaAn\}era, 2019-2020
November 2025) straight etc.
roads,
intersections,
etc.
https://catalog.data.gov/ .
dataset/next-generation- Hl}‘?.h‘fvay Position
NGSIM simulation-ngsim-vehicle-  Vehicle USA ‘tlrea'égtf)r coordinates, txt Sensors 2004
trajectories (accessed on 22 dazaset y time, etc.
November 2025)
: Position
https:/ /www.highd- Cologne ‘I,{el}%iké‘l'\e’ay coordinates,
HighD dataset.com/ (accessed on  Vehicle Ger rr%an)’/ trajectory velocity, ) csv UAV 2017-2018
22 November 2025) dataset acceleration,
lane, etc.
. : i Urban Position
e /magc ol
MAGIC e Vehicle Casnal vehicle velocity, csv UAV 2020
g\algi;e:rsfbegrzlo 25) ma trajectory acceleration,
data lane, etc.
https:/ /open.toronto.ca/
dataset/bike-share- Shared Shared Origin—
BikeShare toronto-ridership-data/ bike Toronto, UK bicycle ride destination, csv APP 2017-2020
(accessed on 22 data time, etc.
November 2025)
https: . ..
. N Aircraft Origin—
OpenSky //opensky-networkorg/  ragt Global trajectory destination,  csv ADS-B 2012-present
Network  (accessed on 22 data time. etc.

November 2025)

A Framework for Comparative Evaluation and Benchmarking

To guide future research in algorithm selection and development, we propose a stan-
dardized framework for the comparative evaluation of trajectory preprocessing methods.
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1. Datasets: Utilizing diverse public datasets to cover various scenarios (e.g., GeoLife for
urban pedestrian and vehicle trajectories, T-Drive for taxi data, HighD for highway
driving, and UAV datasets for free-moving objects).

2. Unified Metrics: Adopting a core set of metrics for each task. For example, eval-
uating compression algorithms should always report the Compression Ratio and
Synchronous Euclidean Distance (SED). Map-matching algorithms should be com-
pared on Accuracy and Running Time under different conditions.

3. Testing Dimensions: Crucially, methods must be evaluated across dimensions
as follows:

(1) Varying Sampling Rates: From high-frequency (1 s) to low-frequency (5 min).

2) Induced Noise Levels: Adding synthetic Gaussian noise or outliers to
test robustness.

(©)] Road-Network Density: Comparing performance in sparse rural networks
versus dense urban grids.

5. Discussion

In the era of big data, preprocessing massive trajectory data remains a complex and
systematic challenge. As identified throughout this survey, existing methods in cleaning,
compression, segmentation, and map matching each exhibit specific limitations that hinder
their scalability, accuracy, and applicability in real-world scenarios. Below, we synthesize
these challenges and propose future research directions that directly address the gaps
identified in earlier sections.

(1) Efficient Computation for Large-Scale Trajectory Processing

As noted in Sections 3.2 and 3.4, many trajectories’ compression [20,136] and map-
matching algorithms suffer from high computational complexity, making them impractical
for real-time or city-scale applications. To overcome these limitations, future work should
investigate distributed and parallel computing frameworks such as Spark, Flink, and
GPU-accelerated platforms. These technologies can help scale trajectory compression
(Section 3.2.1) and global map-matching algorithms (Section 3.4.4) to support real-time
streaming applications in intelligent transportation and location-based services.

Therefore, future researchers can explore technologies such as parallel computing,
distributed computing, and high-performance computing to improve the computational
capacity of trajectory data preprocessing. The computational demands of preprocessing
massive-scale trajectory data (e.g., from city-wide vehicle fleets) necessitate parallel and
distributed computing. We believe that adopting a distributed processing architecture
can effectively improve the scalability of trajectory preprocessing computational perfor-
mance. Among them, MapReduce, as a model used in the Hadoop distributed processing
architecture, offers significant advantages in handling large datasets.

In the context of trajectory data preprocessing, Hadoop’s distributed system architec-
ture has facilitated the transition from traditional trajectory data processing to big data
platforms. There have been significant developments in trajectory data processing on the
Hadoop platform, particularly in map matching, data cleaning and data clustering. Various
works of literature has explored the improvement of traditional clustering methods using
the Hadoop distributed architecture.

Apart from the MapReduce model in Hadoop, there are other distributed process-
ing architectures similar to MapReduce that can be used for trajectory data preprocess-
ing. Two notable examples are the Spark platform and the Flink architecture. Spark is a
general-purpose parallel computing framework similar to Hadoop MapReduce, utilizing
in-memory distributed datasets, making it particularly well-suited for optimizing iterative
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workloads, which is especially important for trajectory data pattern mining. Flink’s unified
stream and batch architecture has become the new standard for real-time stream processing,
particularly suitable for millisecond-level response scenarios such as intelligent transporta-
tion. Stream processing is becoming increasingly important in the field of trajectory big
data processing, especially for handling real-time trajectory data that cannot be stored in
advance, such as intelligent transportation and location-based service recommendations.

Furthermore, GPU-based parallel architectures have also been utilized for trajectory
data processing. Researchers have explored the use of GPU-based distributed architectures
for compression, map matching, and other applications. Additionally, GPU-based parallel
architectures have shown promise in accelerating trajectory data indexing, clustering, and
pattern mining, such as using the Fréchet distance for sub-trajectory clustering. Future
work should focus on establishing reproducible benchmarking frameworks to quantify
the performance of these parallel paradigms under realistic data loads (e.g., city-wide V2X
settings). The development of a ‘data-rate-latency—resource’ design map that outlines
achievable performance targets for different preprocessing modules remains a critical and
open research objective for the community.

(2) Deep-Learning-based Preprocessing

Current trajectory segmentation and map-matching methods often rely on hand-
crafted features and strong assumptions—such as Gaussian noise in HMMs or fixed
thresholds in segmentation—which limit their adaptability across diverse environments
(Sections 3.3 and 3.4).

Deep learning approaches, such as spatio-temporal transformers, graph neural net-
works, and semi-supervised autoencoders, can learn robust representations directly from
data, reducing the dependence on heuristic models. These are particularly promising for
low-sampling-rate trajectories (Section 3.4.3) and complex urban networks where tradi-
tional models degrade. Future work should also focus on interpretable deep learning
to enhance model transparency in critical applications such as traffic management and
urban planning.

Transformers and graph neural networks are reshaping the paradigm of trajectory
processing, breaking through the sequence modeling limitations of traditional RNNs
and CNNs. Spatio-temporal Transformers capture long-range dependencies through self-
attention mechanisms, while Graphormer directly models the topology of mobile networks.
However, several significant challenges remain to be addressed in future research, such as
data representation, multimodal fusion, limited labeled data, and interpretability.

The temporal sequential nature of trajectory data necessitates a suitable representation
format for deep learning models. In future work, there is a need to design effective input
representations to capture the temporal and spatial characteristics of trajectories. In addi-
tion, trajectory datasets can be extensive and complex, requiring significant computational
resources to train deep learning models. Developing efficient algorithms and architectures
that can handle the scale and complexity of trajectory data is another challenge.

More critically, labeled trajectory data for training deep learning models may be
scarce or expensive to obtain. Developing semi-supervised or unsupervised learning
techniques in trajectory data preprocessing will be an important research direction in the
future. Furthermore, deep learning models often lack interpretability, making it difficult to
understand the reasoning behind their predictions. Developing new techniques to enhance
the interpretability of deep learning models for trajectory data preprocessing has significant
practical application value.

With the advancement in the utilization of large-scale models, such as those used
in natural language processing, for semantic description of trajectories, by leveraging
these models, key keywords and semantic information can be extracted from trajectory



Electronics 2025, 14, 4694

30 of 39

data. Resolving semantic conflicts and modeling trajectories can then be combined to
obtain a topic-based distribution of keywords that describe user locations. Generating
trajectory descriptions using text generation techniques will be a crucial research direction
in this context.

The shift towards deep learning requires concrete input-representation paradigms
and strategies to address the “black-box” problem. For example, the input-representation
paradigms are as follows:

Spatio-temporal Tokenization: A trajectory is treated as a sequence of tokens, where
each token is an embedding of a spatio-temporal point [latitude, longitude, and timestamp].
This sequence can be fed directly into Transformer models.

Road-Graph Embeddings: For map matching and network-constrained tasks, the road
network is preprocessed using a Graph Neural Network (GNN) to generate node/edge
embeddings. Trajectory points are then contextualized with these graph embeddings.

Semantic Embedding Tiers: Beyond raw coordinates, input feature vectors are en-
riched with derived semantic features such as [speed, acceleration, heading change, and
stop_likelihood], forming a multi-tiered embedding that captures motion context.

(8) Semantic Trajectory Tagging with Context Awareness

While semantic compression and segmentation methods (Sections 3.2.3 and 3.3.2)
improve interpretability, they often fail to capture dynamic contextual factors such as user
activity, transportation mode transitions, or environmental conditions.

Future systems should incorporate multi-source data fusion and temporal context
modeling—using techniques from NLP and computer vision—to infer richer semantics
and support more accurate trajectory summarization and querying [137]. This is essential
for applications such as the personalized travel recommendation and human mobility
analysis, where semantic ambiguity remains a major barrier (Section 3.3.3). In future
studies, semantic annotation still faces the following challenges:

Label ambiguity and variability: Trajectories can exhibit ambiguity and variability in
terms of their semantic interpretation. For example, a trajectory segment can represent
both walking and running, depending on the user’s speed. Similarly, a trajectory passing
through a shopping mall can correspond to various activities like browsing, purchasing,
or window shopping. Dealing with such ambiguity and variability poses a challenge in
accurately labeling trajectories.

Contextual information integration: Trajectory semantics often rely on contextual
information such as geographical features, temporal patterns, and environmental factors.
Integrating this contextual information with trajectory data is essential for accurate semantic
labeling. However, capturing and effectively utilizing these contextual factors is a complex
task that requires advanced data fusion and integration techniques.

Labeling scalability and efficiency: As the volume and velocity of trajectory data
increase, scalable and efficient methods for semantic labeling become crucial. Traditional
manual labeling approaches are not feasible for large-scale datasets. Therefore, there is a
need to develop automated and scalable techniques that can handle massive amounts of
trajectory data in real time or near real time.

Transferability and generalization: Trajectory semantic labeling models trained on one
dataset or geographical region may not generalize well to different datasets or regions due
to variations in user behavior, transportation infrastructure, and cultural factors. Develop-
ing transferable and generalizable labeling models is essential for practical applications
that operate across diverse datasets and locations.

(4) Trajectory Data Privacy in the Era of Cloud and Al
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As trajectory data are increasingly used in cloud-based and Al-driven services, pri-
vacy risks escalate. Existing methods seldom address the trade-off between data utility
and privacy, especially when dealing with sensitive locations (Section 3.1) or published
trajectories (Section 3.2).

Future research should develop privacy-aware learning techniques, federated learn-
ing frameworks, and lightweight cryptographic schemes that allow for useful analysis
without exposing raw user data [138]. Special attention should be paid to trajectory data
publishing in cloud environments, where privacy guarantees must be maintained without
compromising analytical value.

Data privacy protection in trajectory data preprocessing involves several aspects.
Firstly, one manifestation is the development of privacy evaluation systems and person-
alized protection mechanisms. This includes assessing the privacy protection level and
ensuring performance quality in protecting trajectory data. Additionally, providing person-
alized privacy protection modes based on different semantic environments of trajectory
data is crucial. Secondly, the challenge lies in encryption techniques for handling sensitive
location information. With the presence of multiple mobile terminals and frequent location
updates, the performance of encryption can be affected. Optimizing encryption techniques
to ensure the efficient and secure protection of sensitive location data is a key challenge.
Another aspect is the need to balance the protection of sensitive and non-sensitive data,
and find the right balance between protecting sensitive data and maintaining the quality of
published data. It is important to consider the semantic features of trajectory data and the
backgrounds of potential attackers to effectively handle both types of data. Another future
research is the improvement of privacy protection in the context of cloud data services.
As location data is often outsourced to cloud service providers, ensuring the privacy and
integrity of user data becomes crucial. Encryption techniques specific to cloud service
providers and techniques for verifying the integrity of retrieval results are areas of interest.

Overall, the manifestation of data privacy protection in trajectory data preprocessing
involves evaluation systems, personalized protection, encryption techniques, and handling
sensitive and non-sensitive data. The challenges include performance optimization, bal-
ancing protection and data quality, and addressing security issues in data mining and
cloud services. Future research focuses on privacy protection in trajectory data mining and
enhancing privacy protection in the context of cloud services.

6. Conclusions

In this paper, we have presented a review of papers on the topic of trajectory data
preprocessing published over the past several decades. Based on this, we provide a
comprehensive summary of the main techniques and algorithms used in trajectory data
preprocessing in recent years, focusing on trajectory data cleaning, data compression,
data segmentation, and map matching. The aim of this article is to assist researchers in
quickly and comprehensively understanding the key technologies involved in trajectory
data preprocessing. Furthermore, we explore the emerging trends and propose potential
research topics in the field of trajectory preprocessing. Specifically, we highlight the research
prospects and key technological challenges in trajectory preprocessing, such as efficient
computation, deep-learning-based preprocessing, semantic trajectory tagging, and data
privacy protection. This provides insights and solutions for future research in this field.
These proposed discussions and analyses aim to attract more researchers to delve into the
field of trajectory preprocessing.
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TD-TR

DPTS Direction Preserving Trajectory Simplification

CTEV Compression Technique Enhanced Version

POI Points Of Interest

TS Time-Synchronous

BOPW Before Opening Window

NOPW Normal Opening Window

STTrace Sampling Trajectory Threshold Race

SQUISH Spatial Quality Simplification Heuristic

SQUISH-E Enhanced Spatial Quality Simplification Heuristic

BQS Bounded Quadrant System

ROPW Reverse Order Processing Window

SCG Snapping Configuration Graph

FPA Following Path Algorithm

MMTC Map-Matched Trajectory Compression

MDL Minimal Description Length

PRESS Paralleled Road Network Based Trajectory Compression

COMPRESS Comprehensive Paralleled Road Network Based Trajectory Compression

CiNCT Compressed-Index for Network Constrained Trajectories

VTracer Vehicle Tracing

STC Semantic Trajectory Compression

EHSTC Enhanced Semantic Trajectory Compression

SATC Semantic-Aware Trajectory Compression

GR-B Gpstrajectory Compression

STSS Semantics Based Trajectory Segmentation Simplification

ROCE Region Based Online Trajectory Compression with Error Bounded

SPD Stay Point Detection

WS-II Wise Sliding Window Segmentation

TRACLUS Trajectory Clustering

SMoT Simplification Method of Single Stop Segment of Trajectory

CB-SMoT Clustering-Based Simplification Method of Single Stop Segment of Trajectory

DB- SMoT Direction-Based Simplification Method of Single Stop Segment of Trajectory

SQE Sum Of Quadratic Error

WKM Warped K-Means Model

SeTraStream Semantic-aware trajectory construction over streaming movement
Greedy Randomized Adaptive Search Procedure for Unsupervised

GRASP-UTS

Top-Down Time-Ratio

Trajectory Segmentation
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TS-TF Trajectory Segmentation Based on Multiple Motion Features
OWS Octal Window Segmentation

SWS Sliding Window Segmentation

CNN Convolutional Neural Network

BTCN Bayesian Temporal Convolutional Network

RGRASP-SemTS

Reactive Greedy Randomized Search Strategy for Semi-Supervised
Semantic Trajectory Segmentation

SECA Semi-Supervised Convolutional Autoencoder
MM Map Matching
MHT Multiple Hypothesis Tracking
ATMM Advanced Topological Map Matching
HFTMM High-Frequency Trajectory Map Matching
MHT-MM Map-Matching Method Using the Multiple Hypothesis Technique
MDP-MM Map-Matching Algorithm for Large-Scale Low-Frequency Floating Car Data
ST-CRF Spatial And Temporal Conditional Random Field
MCM Multiple Candidate Matching
PMHT-MM Probabilistic Multiple Hypotheses Tracking Map Matching
MCMC Markov Chain Monte Carlo
HMM Hidden Markov Map Matching
OHMM Online Map-Matching Based on Hidden Markov Model
FMM Fast Map Matching, An Algorithm Integrating Hidden Markov Model
OoM2 Off-Line Map-Matching
INC-RB Incremental Route Inference Algorithm With Rollback
ST-Matching Spatial Temporal Map-Matching
IVMM Interactive Voting-Based Map Matching
STP-IWC Spatio-Temporal Proximity and Improved Weighted Circle
AMM Adaptive Online Map Matching
HRIS History-Based Route InferenceSystem
DMM Deep-Learning-Based Map-Matching
TMM Transformer-Based Map-Matching
L2MM Learning To Map Matching with Deep Models
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