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Figure 1: The TrajectoryCurer interface displaying the dataset after area clipping in Usage Scenario 2. (A) Data View records all
transformation operations and lists detected quality issues organized by the six-category taxonomy. (B) Trajectory View presents
trajectory-level feature distributions and enables wrangling operations such as filtering and segmentation. (C) Point View illustrates
point-level characteristics including speed and spatiotemporal intervals, with raw data in tabular format. (D) Map View renders
trajectories in their geographical context and supports spatial operations such as clipping and point editing.

ABSTRACT

Trajectory data record spatiotemporal information and related at-
tributes of moving objects. High-quality trajectory data can accu-
rately reflect behavior patterns, providing a reliable foundation for
traffic management, logistics optimization, and smart city planning.
However, existing research on trajectory data quality management
remains limited, lacking interactive tools for addressing quality is-
sues and making it difficult for users to explore and resolve prob-
lems in trajectory datasets. To address this gap, we present Trajec-
toryCurer, an interactive visual analytics system designed for tra-
jectory data quality management. Through expert interviews and
synthesis of preprocessing operations from 30 relevant articles on
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trajectory visualization and management, we construct a taxonomy
of 19 trajectory data quality issues across six dimensions. Based
on this taxonomy, we design a multilevel visualization approach
encompassing Trajectory View, Point View, Map View, and Data
View, enabling users to observe and address quality issues across
multiple dimensions through an integrated interface. We demon-
strate the effectiveness and usability of TrajectoryCurer through
two usage scenarios and expert evaluations.

1 INTRODUCTION

As global trajectory data continues to grow exponentially, it has
become increasingly crucial in various domains, including urban
computing [15], human behavior analysis [38], and environmental
assessment [14]. 2D georeferenced trajectory data, such as GPS
traces from vehicles [53], vessels [37], and mobile devices [54],
constitutes the predominant form of trajectory data in urban com-
puting and transportation applications. However, quality issues in
trajectory data are widespread [60], compromising data usability
and potentially leading to significant losses in downstream applica-
tions and related fields. For instance, inaccuracies in location in-
formation, such as GPS drift, can lead to misjudgments about con-



gested areas, potentially affecting critical decisions such as emer-
gency vehicle routing.

Currently, trajectory data quality management primarily relies on
scripting and GIS tools, which lack interactive features and require
significant manual efforts. While interactive data quality manage-
ment for tabular data has made significant progress [39], with tools
like Profiler [27] and CoWrangler [13] demonstrating capabilities
in handling conventional data quality issues such as missing values
and duplicates, these solutions are insufficient for trajectory data.
Trajectory data presents more complex quality challenges due to its
inherent spatiotemporal sequence integrity and continuity. Beyond
typical data quality issues, trajectory data faces unique challenges
including timestamp jumps, GPS drift, and semantic inconsisten-
cies. Common quality management operations such as trajectory
segmentation, filtering, and attribute computation require special-
ized approaches that existing tools cannot adequately address.

In this paper, we propose TrajectoryCurer, an interactive visual-
ization system for managing trajectory data quality. Through our
initial design attempts, we identified two major challenges. First,
the spatiotemporal characteristics of trajectory data are complex
and diverse. Data records not only include timestamps and spatial
coordinates but also encompass various trajectory attributes, such
as speed and direction, as well as semantic information about the
trajectories, such as activity types and traffic patterns. The implicit
relationships and dependencies among these data elements compli-
cate the systematic organization and classification of trajectory data
quality issues. Second, although methods exist for handling trajec-
tory data, leveraging trajectory data analysis to support diverse and
effective data processing operations remains challenging. Ensuring
data integrity and accuracy while providing a user-friendly interac-
tive experience requires further exploration.

To address these challenges, we first systematically review var-
ious preprocessing operations for trajectory datasets from research
on trajectory visualization and management, and then construct a
taxonomy of 19 trajectory data quality issues. Based on this taxon-
omy, we develop an interactive visualization system that supports
automated quality issue monitoring, multidimensional trajectory vi-
sualization, and data wrangling tasks. To evaluate its effectiveness
and usability, we conduct two usage scenarios. The results indi-
cate that TrajectoryCurer effectively facilitates trajectory data qual-
ity management. In summary, our main contributions include:
• A taxonomy of 19 trajectory data quality issues across 6 dimen-

sions, synthesized from 30 research papers and expert interviews.
• A diagnostic framework that formally maps quality issue types to

visualization components (Tab. 1), enabling systematic detection
at both trajectory and point levels.

• TrajectoryCurer, an interactive system integrating quality diag-
nosis with wrangling operations, bridging the gap between tra-
jectory visualization tools (which assume clean data) and general
wrangling tools (which lack spatiotemporal semantics).

2 RELATED WORK

Research on combining visualization technology with trajectory
data preprocessing mainly involves three directions: 1) trajectory
data visualization, 2) data profiling for trajectory data issue detec-
tion, and 3) trajectory data transformation. In the following, we
introduce related work from these aspects.

2.1 Trajectory Data Visualization

Trajectory data visualization techniques have become essential for
analyzing and understanding complex dynamic trajectories such as
traffic flows and collective movements. Andrienko et al. [5] estab-
lish the theoretical framework for exploratory spatiotemporal anal-
ysis, underscoring the critical role of extracting behavioral patterns
and flow dynamics from complex movement data. Existing visual-

ization techniques can be broadly divided into two categories: map-
based visualization and attribute visualization.

Map-based visualization is fundamental for rendering trajec-
tories and presenting their spatiotemporal information. The Space-
Time Cube (STC) [29] visualizes three-dimensional spatiotemporal
paths by introducing a vertical time axis. Hurter et al. [23] introduce
edge bundling techniques to resolve visual clutter caused by over-
lapping trajectories. To support deeper analysis, TrajGraph [20]
transforms taxi trajectories on city streets into graph structures to
reveal traffic patterns through graph analysis algorithms. Seman-
ticTraj [4] enhances interactivity by associating trajectories with
semantic tags, enabling natural language queries and helping users
understand urban mobility patterns through both spatial and seman-
tic perspectives. Overall, map-based visualization provides an in-
tuitive interface for trajectory data management, allowing users to
directly observe and manipulate trajectory data in a spatial context.

Attribute visualization focuses on representing temporal and
multivariate attributes of trajectories. Scheepens et al. [47] propose
composite density maps to extract multivariate features from trajec-
tory aggregations, effectively simplifying complex movement data
into density fields. 3D visualization techniques such as ribbons and
tubes are frequently employed to represent multidimensional tra-
jectory attributes. For instance, stacking-based visualization [51]
utilizes 3D ribbons with varying widths and colors to depict spa-
tiotemporal evolution alongside attribute characteristics, while On-
Tube [46] integrates multivariate visual channels onto tube surfaces
to display geographic paths together with attributes such as speed
and acceleration. Additionally, TrajectoryLenses [31] reduces data
complexity and improves analysis efficiency by allowing users to
quickly focus on specific regions or time periods within large-scale
data through interactive filtering and focus+context techniques. Dy-
namic and real-time feedback plays an important role in trajectory
data processing visualization. For example, incremental visual-
ization [28] enables users to view the step-by-step effects of each
data transformation in real time, helping them understand how data
transforms from its original state to the final result.

While existing techniques have made significant progress in tra-
jectory visualization, they provide limited support for exploring and
analyzing data quality issues. Therefore, effective trajectory data
quality management requires both map-based and attribute visual-
ization working in conjunction, enabling users to identify and re-
solve quality issues from multiple perspectives.

2.2 Data Profiling for Trajectory Data Issue Detection

In data management, data profiling has become indispensable, espe-
cially when dealing with massive datasets, as it provides systematic
support for data quality assessment [1, 21]. Data profiling refers
to the in-depth analysis of a dataset to extract statistical features,
patterns, and potential problems in preparation for subsequent data
cleansing, transformation, and analysis [1, 27]. However, although
data profiling has been widely applied to tabular data, these meth-
ods cannot be directly applied to trajectory data due to the high
dimensionality and spatiotemporal nature of trajectory data (e.g.,
varying sampling frequency and positioning accuracy). Specialized
profiling methods for trajectory data remain scarce.

Most existing trajectory data analysis methods focus on data
mining and pattern recognition [3, 9,10,50]. For example, research
in trajectory data mining [58] addresses tasks such as path discov-
ery, anomaly detection, and trajectory clustering [17]. However,
these approaches typically assume that trajectory data have been
cleaned and transformed, and therefore lack profiling analysis for
raw trajectory data. Similarly, although some tools employ data
profiling for data quality management (e.g., Profiler [27], CoWran-
gler [13]), they primarily target tabular data. Tools specifically de-
signed for automated profiling and quality detection of trajectory
data remain in early stages of development.



For quality assessment of trajectory data, existing studies mainly
focus on data cleaning and error detection, such as rule-based dirty
data taxonomy and geographic data quality assessment [6, 34].
More recently, T-Assess [60] proposed an automated trajectory data
quality assessment system with criteria spanning validity, com-
pleteness, consistency, and fairness. Although these studies have
contributed to detecting and quantifying data errors, they primarily
focus on automated assessment without providing interactive visu-
alization for exploration or integrated wrangling capabilities. Our
work aims to present a system that combines comprehensive trajec-
tory data profiling with interactive visual analytics, enabling users
to not only detect data issues at both trajectory and point levels but
also directly perform cleaning and transformation operations within
a unified interface.

2.3 Trajectory Data Transformation
Data wrangling is the process of transforming raw data into a struc-
tured, clean, and analysis-ready format [13]. This task is partic-
ularly complex for trajectory data because raw trajectory data of-
ten suffer from quality issues such as missing values, noise, errors,
and duplicates. The first step in trajectory data processing is usu-
ally data cleaning, where algorithms identify and correct outliers,
gaps, or duplicate records [34]. Beyond cleaning, data wrangling
includes transformation and filtering to meet the requirements of
downstream analysis or visualization [19].

Trajectory data require more complex preprocessing steps than
tabular data due to their inherent spatiotemporal properties. Prepro-
cessing operations can be categorized by attributes, including the
number of data points [3,30], the velocity [3], the overall velocity of
the trajectory [3,16], distance [16,30,48], time [4,16,30,36,41,48,
51], region [3,16,20,31,36,41,48,51], and direction [2,41]. Various
preprocessing methods exist for these attributes, including condi-
tional filtering [3, 16, 36], enrichment [30, 51], compression [3, 31],
aggregation [2, 22] and segmentation [30, 59].

Modern data wrangling tools have introduced various automated
and semi-automated data transformation techniques. For exam-
ple, CoWrangler [13] is a real-time data wrangling recommenda-
tion system that automatically recommends the next best operation
and corresponding code snippet based on data quality issues and
analysis needs. Foofah [25] helps analysts perform data cleaning
and transformation by synthesizing transformation programs from
user-provided examples. These tools greatly reduce the burden of
manual operations and minimize errors caused by human factors.
Similarly, ArcKarma [12] automatically generates conversion pro-
grams from user-supplied examples to clean and transform geodata.
However, for trajectory data, existing methods still require writing
specialized code or performing numerous cumbersome operations,
while lacking visualization support to assist wrangling tasks.

3 FORMATIVE STUDY

We conducted a formative study to systematically identify qual-
ity issues in trajectory data and understand how they are addressed
through preprocessing. Our study focuses on 2D georeferenced tra-
jectory data that records spatial coordinates and timestamps of mov-
ing objects on or near the Earth’s surface. This scope encompasses
common trajectory sources such as GPS-equipped vehicles, mo-
bile phones, and location-based services, while excluding 3D tra-
jectories involving altitude variations (e.g., aircraft, drones) that re-
quire fundamentally different visualization and quality assessment
approaches. Through a literature review and case analysis, we de-
veloped a taxonomy of data quality problems.

3.1 Identifying Quality Issues in Trajectory Data
Trajectory data contain complex spatiotemporal attributes, making
raw trajectory data often unusable directly due to many quality is-
sues, such as inaccuracies in acquisition equipment, data loss, and

non-uniform data formats. Therefore, before trajectory data can be
used in analysis and visualization, these quality issues need to be
addressed. In addition to addressing quality issues, users also per-
form various data operations (e.g., filtering, transformation) based
on their specific needs. We surveyed N = 30 articles that deal
closely with trajectory data to systematically identify trajectory data
quality issues and categorize them, as well as to identify user-driven
data preprocessing steps.

To understand the key challenges in trajectory data quality and
preprocessing needs, we conducted a comprehensive literature re-
view of 30 research papers focused on trajectory data visualization,
processing, and analysis. These papers span a range of applica-
tions, including urban mobility analysis, traffic monitoring, and hu-
man behavior modeling. Our review aimed to extract the types of
quality issues commonly encountered in trajectory datasets.

Our analysis followed a dual-path approach to 1) identify in-
herent data quality issues and 2) extract user-initiated preprocess-
ing operations. We collected literature from 2013 to 2025 using
databases including IEEE Xplore, ACM Digital Library, and DBLP.
This collection encompasses prominent journals and conferences in
Visualization, Geographic Information Science, and Urban Science
such as TVCG, IEEE VIS, and IJGIS. The search utilized com-
binations of keywords including trajectory, data, cleaning, trans-
formation, quality, visual analytics, wrangling, preprocessing, and
processing. One researcher first identified and coded mentions of
data quality issues (e.g., missing values, GPS drift, outliers) related
to trajectory data in each article to form preliminary results. Si-
multaneously, the researcher identified common user-driven opera-
tions. Another researcher then reviewed and checked the prelimi-
nary results. The two researchers discussed and supplemented the
results collaboratively when encountering disagreements or omis-
sions. Subsequently, the first researcher further summarized and
categorized the quality issues and operations obtained from each
article through semantic analysis [26]. The second researcher re-
viewed the categorization results and discussed any contradictions
with the first researcher. With these initial results, we also con-
ducted interviews with two experts who have over 5 years of expe-
rience analyzing and visualizing trajectory data. We discussed with
them the handling of trajectory data quality issues in their work
and common processing operations. These interview results were
integrated into our findings. The formative analysis informed the
taxonomy of trajectory data quality issues and the summary of user-
driven operations.

3.2 Survey Findings
Based on the literature survey and expert interviews, this section
presents two findings: a taxonomy of trajectory data quality issues
and a summary of user-driven preprocessing operations.

3.2.1 Taxonomy of Trajectory Data Quality Issues

Our analysis revealed that trajectory data suffer from a wide variety
of quality problems due to noisy sensors, signal loss, irregular sam-
pling, and human or device errors. We extracted 19 specific types of
quality issues from the literature and classified these issues into six
major categories, inspired by general data quality dimensions [55]
but extended to address spatiotemporal characteristics.

Each identified issue was mapped to one or more standard data
quality dimensions, resulting in a structured taxonomy (see Tab. 1).
We adopt six widely acknowledged dimensions from the data qual-
ity literature, including completeness, uniqueness, effectiveness,
consistency, conciseness, and accuracy, and adapt them to the con-
text of spatiotemporal trajectory data. Below, we describe each di-
mension with representative examples.

Completeness refers to the presence of required information in
trajectory records, e.g., whether trajectory points and attributes are
complete and free of defects [35]. If the percentage of missing



points is high or the missing parts are atypical, analysis results may
be biased or misleading. Completeness problems in trajectory data
usually originate from unstable GPS signals or device failures that
result in missing position records, as well as records that start too
late or end too early so that part of the trip is not captured. Common
completeness issues include missing spatiotemporal points, miss-
ing speed attributes, and large time intervals between consecutive
points, which indicate sparse sampling or data loss. For instance,
some trajectories lack the necessary spatial or temporal resolution
to accurately reflect movement paths [11].

Uniqueness indicates whether each data entry appears only
once. In trajectory data, duplication may appear as repeated spa-
tiotemporal points (duplicate samples), repeated timestamps, or du-
plicate trajectories from system logging errors or merging artifacts
from multiple sources. Duplicate data not only increases storage
and processing overhead but also biases analysis results. For exam-
ple, in GPS logs, if a record of the same vehicle at the same time
and location is stored twice, the dataset contains duplicate points.
In traffic flow analysis, this can lead to double counting of vehicles
or distance traveled, thus overestimating traffic volume [24].

Effectiveness focuses on the meaningfulness and validity of data
values, such as whether they fall within reasonable limits and meet
required patterns [60]. Common effectiveness issues include ge-
ographic coordinates outside valid ranges (e.g., latitude exceeding
±90◦), incorrectly formatted or disordered timestamps, and motion
parameters that defy physical laws (e.g., negative velocity or values
exceeding reasonable limits). These problems reflect acquisition
errors or transmission noise in trajectory data, which significantly
hinder efficient analysis or visualization [33].

Consistency emphasizes the internal coherence of data formats
and semantics. High consistency means that all trajectory records
follow a uniform specification and reference system and do not con-
tain contradictory information. Typical consistency issues include
different parts of the data using inconsistent coordinate systems or
units (e.g., one part using latitude and longitude, another using pla-
nar coordinates without conversion), time fields using different time
zones or formats, and inconsistent sampling frequencies across dif-
ferent devices [45]. These inconsistencies may lead to difficulties
in data alignment and misinterpretation in downstream analysis.

Conciseness means that trajectory data are compact and free of
redundancy, expressing complete motion information with the min-
imum amount of data [43]. A common conciseness problem in tra-
jectory data is the presence of numerous redundant or over-sampled
points in dense intervals, which often result in consecutive identical
or near-identical points, inflating data volume without contributing
new information. For example, moving objects may record po-
sitions at high frequency even when stationary, generating many
duplicate stationary points, or may record excessive points during
nearly linear motion. Other examples include excessive redundant
attribute logging.

Accuracy captures the degree to which data values (e.g., posi-
tion and time) reflect real-world values [57]. For trajectory data,
this often manifests as positioning measurement errors and random
noise, which cause sampling points to deviate from the true path.
In more extreme cases, obvious distortion anomalies occur, which
can be caused by brief interruptions in satellite signals or equipment
malfunctions. Furthermore, inaccurate speed computations or mis-
matches during map matching are also common accuracy problems
that affect trajectory alignment with road networks.

This classification enables us to understand not only the nature of
quality issues but also how they impact downstream analysis. The
taxonomy serves as the foundation for designing targeted profiling
and wrangling mechanisms in our system.

3.2.2 User-Driven Data Preprocessing
In addition to addressing data quality issues, trajectory data prepro-
cessing often involves operations driven by users’ specific analyti-
cal goals. These user-driven operations are not necessarily triggered
by incorrect or faulty data, but rather by task-oriented requirements
that precede effective visualization or modeling. Through our lit-
erature review and scenario analysis, we identified several typical
types of user-driven preprocessing operations.

Object-level filtering allows analysts to select trajectories of
particular entities (e.g., a single taxi or all vehicles in a fleet). This
supports fine-grained tracking or comparisons across categories.

Spatial filtering or clipping limits the dataset to a region of in-
terest (e.g., only trajectories within a city center or near a specific
landmark). Analysts may want to focus on areas with high conges-
tion, critical infrastructure, or environmental sensitivity.

Temporal filtering enables analysts to restrict the dataset to a
specific time range (e.g., selecting only daytime trajectories or ex-
cluding weekends). Such operations allow users to focus on rele-
vant time windows for their analysis, such as rush hours in traffic
studies or specific event periods in crowd movement analysis.

Trajectory segmentation or aggregation manipulates trajecto-
ries based on semantic or temporal criteria. For example, users may
want to segment long trajectories into sub-trips based on dwell time
thresholds, or aggregate multiple trips by the same vehicle for sta-
tistical analysis.

These user-driven operations highlight that data wrangling is not
limited to quality repair–it also supports exploratory focus. There-
fore, our system is designed to provide both automatic quality is-
sue detection and interactive operations to meet these flexible, user-
defined goals, as further discussed in the system design require-
ments in Section 4.

4 REQUIREMENTS

To inform the system design, we conducted interviews with three
experts who have extensive experience in trajectory data analy-
sis and wrangling. We held weekly meetings with them to share
our initial ideas and design artifacts generated through the iterative
design process over a nine-month period. Through these discus-
sions, we established the scope of our system: focusing on data
cleaning and transformation operations (e.g., removal, segmenta-
tion, filtering, imputation) that address the quality issues identi-
fied in our taxonomy (Section 3), rather than downstream analytical
tasks such as clustering or advanced feature extraction that typically
consume already-cleaned data. Additionally, we held discussions
with two experts in geographic information science to gather their
insights and feedback. During these sessions, we presented our
concepts and design prototypes, engaging in in-depth discussions
to understand their needs and collect suggestions for improvement.
Through multiple rounds of discussions, we iteratively extracted
and summarized the following five design requirements.

R1: Trajectory-Level Quality Visualization. The system
should provide efficient identification and visualization of quality
issues at the trajectory level, such as excessively short trajectories
and sparsely distributed samples. Specifically, it should: (1) present
an overview of trajectory-level feature distributions (e.g., trajectory
length, point count, duration) to help users quickly locate problem-
atic trajectories; and (2) support detailed visualization of individual
trajectory attributes to facilitate in-depth inspection. This addresses
the current inefficiency of manual checking or script-based exami-
nation of trajectory features.

R2: Point-Level Quality Visualization. The system should
support visualization and detection of quality issues at the point
level. Specifically, it should: (1) provide an interface for view-
ing point attributes, including location, timestamp, speed, and spa-
tiotemporal intervals; (2) automatically detect and flag potential
anomalies such as outliers, duplicate points, and missing values;



Table 1: Our taxonomy categorizes 19 types of trajectory quality issues by data objects and quality dimensions, where empty intersections
indicate no observed issues. The specific System Views supporting each issue are marked in brackets (DV: Data View, TV: Trajectory View, PV:
Point View, MV: Map View).

Completeness Uniqueness Effectiveness Consistency Conciseness Accuracy

Sample
Missing latitude,
longitude, or timestamps
[DV, PV]

Duplicate locations
or timestamps
[DV, PV, MV]

Inconsistent coordinate
systems or timestamp formats
[DV, PV]

Deviation from
other locations
[DV, PV, MV]

Interval
Missing samples
(excessively-long intervals)
[DV, PV, MV]

Incorrect sample order
Sparsely-distributed samples
[DV, PV, MV]

Jittering
(excessively-short intervals)
[DV, PV, MV]

Densely-distributed
samples
[DV, PV, MV]

Speed Missing speed
[DV, PV]

Anomalous speed
[DV, PV, MV]

Inconsistent speed units
[DV, PV]

Inaccurate speed calculation
[DV, PV]

Other attributes Missing attributes
[DV, PV]

Inconsistent attribute types
[DV, PV]

Inaccurate attributes
[DV, PV]

Trajectory Duplicate trajectory
[DV, TV, PV, MV]

Excessively-short trajectories
[DV, TV, PV, MV]

Map-matching Missing map-matching
[DV, MV]

Inaccurate map-matching
[DV, MV]

and (3) visually distinguish between normal and anomalous points
to assist in rapid identification. This requirement emerged from
experts’ experiences with tedious manual inspection of individual
data points.

R3: Geographical Feature Visualization. The system should
display trajectory data through a map interface to support analysis
of geographical characteristics. Specifically, it should: (1) render
trajectories in their spatial context; (2) support interactive opera-
tions, including zooming, panning, and trajectory selection; and (3)
provide real-time visual feedback when data are modified, enabling
users to assess processing outcomes in their geographical context.

R4: Data Cleaning and Transformation Operations. The
system should support diverse wrangling operations for trajectory
data, including: (1) corrective operations for quality issues, such
as removing noise points and segmenting trajectories at anomalous
points; (2) transformation operations for analytical needs, such as
spatial clipping, temporal filtering, and attribute-based filtering; and
(3) batch operations for common tasks, such as deduplication and
missing value imputation.

R5: Provenance Support. The system should support iterative
data quality management by: (1) preserving wrangling operation
history; (2) allowing users to revert to previous data states; and (3)
triggering quality reassessment after each operation. This ensures
transparency and traceability throughout the cleaning process.

5 TRAJECTORYCURER

TrajectoryCurer comprises four views: Data View provides a com-
prehensive display of the dataset list after each operation, along
with an overview and detailed information regarding data quality
issues (R5). Trajectory View focuses on trajectory-level features
of the dataset (R1), including anomaly ratios, point counts, total
duration, total distance, and dynamic changes in trajectories. Point
View showcases the characteristics of point-level features (R2):
speed, time interval, and distance interval, and presents the raw data
in tabular format. Map View illustrates the geographical distribu-
tion of trajectories (R3), enabling users to intuitively observe and
analyze spatial information on the map. Each view supports data
processing operations on trajectory data (R4), enabling users to ef-
ficiently explore and optimize data from various perspectives. The
interface design is directly guided by the taxonomy. Specifically,
we provide a formal mapping between the 19 types of quality is-
sues and the specific visualization components used for their detec-
tion (see Tab. 1). The system utilizes Python for data detection and
processing, and employs Vue3 and TypeScript integrating Mapbox
GL JS [42], D3.js [7], and ECharts [32] for geospatial rendering

and interactive visualization.

5.1 Data View
Data View (Figure 1A) primarily consists of two components to
facilitate understanding of trajectory datasets.

Dataset List Panel (Figure 1A1). The panel presents a list of
datasets generated after each operation, naming them based on the
operation’s title and relevant details. This facilitates documentation
of the content and outcomes of each operation, enabling users to
effectively track the history of data processing. Users can click on
dataset names to swiftly revert to the data state of that step (R5).

Issue Panel (Figure 1A2). The panel employs a tree structure to
systematically present detailed information regarding quality issues
(R5). The primary categories correspond to six data objects within
the classification system, including sample (individual data points’
timestamps and geographical coordinates), interval (the gaps and
continuity between successive points), other attributes (additional
data attributes, such as direction and semantics), speed, trajectory,
and map-matching. Under each primary category, specific issues
are enumerated and visualized through bar charts that depict their
frequency and proportion, helping users intuitively understand the
severity of these issues. Users can access relevant information as-
sociated with an identified issue by clicking on it (Figure 6). Upon
resolution, issues will be marked as resolved.

Furthermore, this panel enables users to customize detection
rules, such as adjusting the system’s default threshold for anoma-
lous speed from 140 km/h to 120 km/h, to accommodate the re-
quirements of various application scenarios. This design not only
aids users in understanding the quality issues within the dataset but
also significantly enhances the flexibility and adaptability of data
management.

5.2 Trajectory View
Trajectory View (Figure 1B) focuses on trajectory-level features,
including the number of anomalous points, the proportion of
anomalous points, the total number of points, total duration, and
total distance (R1). It comprises two components.

Trajectory Feature Visualization Panel (Figure 1B1). The
panel summarizes the distribution of features, helping users under-
stand key trends and potential anomalies. Through charts, users can
rapidly identify trajectories with a high frequency of anomalies or
those exhibiting abnormal lengths (either excessively short or long),
providing critical guidance for subsequent data cleaning and analy-
sis. Additionally, users can filter trajectories through slider adjust-
ments or by inputting specific ranges, enhancing the flexibility and



Figure 2: Filtering features in the trajectory feature visualization
panel. (A) The distance threshold is given to filter trajectories that
meet the specified range. (B) The slider is dragged to filter trajecto-
ries with at least 5 points.

specificity of the analysis (Figure 2) (R4).
Trajectory LineUp Panel (Figure 1B2). Inspired by Line-

Up [18], the panel enables in-depth analysis and detailed manage-
ment of individual trajectories. Its sorting functionality allows users
to flexibly order trajectories based on key characteristics, such as
the number of anomalies, the total number of points, total dura-
tion, and total distance. This sorting mechanism not only aids users
in swiftly identifying trajectories with significant features but also
establishes a clear prioritization for subsequent analyses. Icons be-
low the panel title offer various operational options for trajectories,
including deletion, segmentation, and filtering (R4). Each row vi-
sualizes the specific characteristics of individual trajectories using
bar charts, while pie charts illustrate the proportion of anomalies
within each trajectory, enabling users to quickly assess individual
trajectory performance and focus on those of research interest or
requiring further attention.

This design enables rapid identification of quality issues across
the trajectory, interval, and sample levels. For example, when a
high proportion of anomalous points is detected in the pie chart
for the trajectory with T id 4, the user can click on this trajectory
for further analysis. In the temporal-spatial distribution panel, by
analyzing features such as speed, time interval, and distance in-
terval for the points in the trajectory, the user can determine that
the anomalies primarily stem from excessively large sampling time
intervals (Figure 3B). Specifically, the temporal-spatial distribution
panel visually indicates that the sampling time intervals are concen-
trated around 600 seconds, as corroborated by the “timeinterval”
column in the raw data table (Figure 3D). Furthermore, the sam-
pling distance intervals do not show a significant increase, which
is also reflected in the trajectory path rendered in Map View (Fig-
ure 3C). In handling complex trajectory datasets, the LineUp panel
demonstrates its unique advantages through careful examination of
individual trajectories.

5.3 Point View

Point View (Figure 1C) focuses on point-level features, including
point speed, time intervals, distance intervals, and the raw data for
each point (R2).

Speed Distribution Panel (Figure 1C1). The top of the panel
presents a histogram showing the speed distribution of all points
in the dataset. Points with a speed of -1 are marked as conflict
points, indicating that multiple locations correspond to the same
timestamp, which violates the principle of spatiotemporal consis-
tency and is classified as anomalous data. Points with a speed of 0
may represent stationary points, but this requires further verification
using information from adjacent points; a single point with a speed
of 0 cannot be definitively identified as a stationary point. Based on
actual needs and regulatory requirements, TrajectoryCurer defaults
to classifying speeds exceeding 140 km/h as anomalous points to
balance data quality with the complexity of driving behavior.

Temporal-Spatial Distribution Panel (Figure 4). The middle
section integrates a scatter plot with two histograms. The coor-

Figure 3: The trajectory LineUp panel interacts with other panels to
examine a single trajectory. (A) The trajectory with T id 4 is high-
lighted in the panel. (B) The scatter plot displays features such as
speed, time interval, and distance interval for the points in the tra-
jectory with T id 4. (C) The map view visualizes the trajectory, with
orange and blue segments indicating interval anomalies and normal
data, respectively. (D) The raw data table shows the values of rele-
vant features for the trajectory with taxi id 4.

dinate system of the scatter plot is based on two key parameters
from the trajectory data: time interval and distance interval. To
mitigate potential visualization issues arising from extensive data
ranges, both X and Y axes feature a dual-scale design. Each point
in the scatter plot is positioned according to its corresponding time
and distance interval values, thereby providing a visual represen-
tation of the distribution of trajectory data in both temporal and
spatial dimensions. Based on a predefined speed threshold, points
are categorized into “normal speed” and “abnormal speed,” with
distinct color coding for each category. Histograms are embedded
along the X and Y axes, with the histogram on the X axis reflect-
ing the distribution of distance intervals of trajectory points, while
the histogram on the Y axis displays the distribution of time inter-
vals. This design enables users to rapidly understand the distance
and time interval distributions of trajectory data, thereby inferring
the sampling frequency of the trajectory data. To intuitively present
the detection results, histogram bars corresponding to anomalous
intervals are highlighted in orange.

Anomalous Interval Detection. The detection is based on an
automated approach. The system flags points with intervals less
than or equal to zero as anomalies. A distance interval of zero may
indicate a stationary point in the trajectory, while a time interval of
zero represents duplicate or conflict points. These specific types of
points are separately quantified, allowing users to quickly focus on
them. For data with intervals greater than zero, the system employs
an Interquartile Range (IQR) method based on optimal knee-point
detection to identify outliers. In the IQR method [52], the detection
sensitivity is controlled by a scaling coefficient k, which adjusts the
threshold range relative to the data’s quartile distribution. To deter-
mine the optimal k, we set a reasonable search range. The minimum
value is set to 0.75, based on half of the empirical value of 1.5, to
ensure the algorithm begins with a strict standard. The maximum
value is set to 5 or 10, which is sufficient to cover extreme cases
that may appear in the dataset. Within this predefined range, the al-
gorithm iterates through different k values, calculating and record-
ing the corresponding number of outliers. This process generates
a curve where the number of outliers decreases rapidly as k gradu-
ally increases, then slows abruptly, and finally becomes nearly flat.
The system employs a curvature-based analysis method to identify



Figure 4: The temporal-spatial distribution panel visualizes the spa-
tiotemporal distribution of points. The top histogram displays the dis-
tribution of distance intervals for all points (A), while the left histogram
shows the distribution of time intervals (B). The central scatter plot
maps each point based on time and distance intervals, using color
coding to distinguish points with abnormal speeds (C). Both the X
and Y axes feature dual scales.

this transition point from rapid decrease to a flat slope, and the cor-
responding k is determined as the optimal threshold. Finally, the
system uses this optimal k to calculate the upper and lower outlier
bounds, and any data point falling outside this range is flagged as
an anomaly.

Raw Data Table (Figure 1C3). The bottom section of the raw
data table serves as one of the core components for data presen-
tation and interactive operations (R3). Its design is inspired by
Tableau [49]. The table employs a paginated layout, with each tra-
jectory corresponding to a separate page, and each row of data rep-
resenting a point within the trajectory, encompassing key attributes.
Users can select data types via icons located beneath the header bar,
enabling operations such as deletion, filtering, trajectory segmenta-
tion, and unit conversion. Furthermore, the system supports basic
table editing functionalities, including modification of data values
and addition or deletion of columns (R4).

Interactions (Figure 5). Users can select individual points in the
scatter plot or click on bars in the histograms to highlight a category
of points. Additionally, users can click on specific trajectories in the
trajectory LineUp panel or Map View, prompting TrajectoryCurer
to display the distribution of those trajectory points in the scatter
panel. These operations not only facilitate real-time updates of the
scatter plot and histogram but also synchronize with the raw data
table and geospatial trajectory rendering. Through this multi-view
linkage approach, users can gain a deeper understanding of the spa-
tiotemporal characteristics of trajectory data.

5.4 Map View

Map View (Figure 1D) visualizes 2D georeferenced trajectory data,
supporting real-time updates and allowing users to interactively ex-
plore specific information by zooming, panning, and clicking on
trajectories and points displayed on the map (R3). To facilitate
quality diagnosis, anomalous points and segments representing in-
terval issues are highlighted in orange upon inspection (Figure 6C,
Figure 3C). This explicit visual indication enables users to perform
targeted repairs on anomalies directly within the geospatial con-
text. The functionalities of Map View include the ability to switch
the map background, insert and delete points, segment trajectories,
remove drawn content, and crop trajectories within a selected area,
among others (R4). These features support efficient analysis and

Figure 5: The interactions of the Temporal-Spatial Distribution Panel
include viewing points that appear most frequently within the range of
sampling intervals in the dataset (A). Additionally, users can examine
points with speeds exceeding 180 km/h (B) and select specific tra-
jectories to display the feature distribution of their points (C).

enhance user interaction.

6 USAGE SCENARIOS

We present two usage scenarios to illustrate the functionality, flex-
ibility, and usability of TrajectoryCurer. These scenarios demon-
strate the performance of TrajectoryCurer in practical applications.

6.1 Data Cleaning for Quality Issue Resolution

Emily, a geospatial data analyst, selects a subset of trajectory data
from the T-DRIVE dataset [56], which comprises GPS trajectories
of taxis in Beijing from February 2 to February 8, 2008, as the
dataset for her research analysis. Although Emily possesses some
programming expertise, she aims to optimize the selected data in
a more exploratory manner while minimizing the amount of code
required, thereby ensuring high data quality. Consequently, she opts
to utilize TrajectoryCurer for this optimization process.

Emily uploads the original dataset to TrajectoryCurer, which
quickly displays the dataset name in the dataset list panel and con-
ducts a quality assessment. Emily observes that only a single tra-
jectory is displayed as T id1. . . 100 in the trajectory LineUp panel.
Upon examining the raw data table, she discovers that the dataset is
stored in a single file, causing TrajectoryCurer to interpret it as one
complete trajectory. Consequently, Emily chooses to segment the
trajectories by taxi id. The dataset list panel updates, generating a
new dataset named T cut taxi id. The LineUp panel displays 100
trajectories, and the raw data table is divided into 100 pages.

Emily’s attention remains focused on the raw data table, where
she discovers that the columns for timeinterval, distance, and
cal speed (the speed calculated from the distance and time inter-
val) are empty, indicating that the dataset only has taxi id, time, lat,
and lng attributes. She performs a one-click operation, and Trajec-
toryCurer promptly fills in the missing values (R4). The issue panel
indicates that the missing speed and attribute values are successfully
addressed, thereby enhancing the completeness of the dataset.

Subsequently, Emily notices the duplicate points in the issue
panel and clicks on that issue, causing the duplicate points to be
highlighted in both Point View and Map View. After reviewing
and confirming, she clicks the delete button in the raw data table.
TrajectoryCurer automatically retains the first point among the du-
plicates. Emily also applies the similar procedures to conflict points
and noise points (Figure 6).

Next, Emily observes that the issue panel indicates the presence
of excessively short trajectories. She examines the trajectory fea-
ture visualization panel and discovers that the minimum number of
points is two and the minimum total distance is zero. Looking at
the trajectory LineUp panel, she notes that the bar for the trajectory
with T id 8 exhibits a significantly lower height and discovers that
it contains only 5 points with a total distance of just 13.77 meters.



Figure 6: The detected quality issues in the samples include dupli-
cate points with the same timestamp and coordinates (A), conflicting
points with the same timestamp but different coordinates (B), and
noise points with coordinates outside the Beijing area (C).

Considering that this is a week-long trajectory dataset, and after an-
alyzing the total distance histogram, Emily finds that most trajecto-
ries have a total distance exceeding 400 kilometers. Therefore, she
determines that the minimum total distance threshold should be set
to greater than 400 kilometers. She then filters the trajectories by
inputting this value (Figure 2A).

Emily also notes the issue of unreasonable speeds. She checks
the histogram of cal speed in Point View and observes an unusually
high label value under the last bar. Upon checking, she finds that
the speeds of these points exceed 180 km/h, which is clearly unrea-
sonable (Figure 5B). Therefore, she decides to remove these outlier
points by segmenting the trajectories. Ultimately, Emily success-
fully addresses various data quality issues using TrajectoryCurer,
significantly enhancing the quality and reliability of the dataset and
providing a solid foundation for subsequent analysis work.

6.2 Data Transformation for Analysis Requirements

After cleaning the dataset with TrajectoryCurer, Emily refocuses
on her analysis needs. She aims to analyze travel trajectories in
Haidian District, Beijing, during weekends. She finds that Trajec-
toryCurer offers various preprocessing options and decides to con-
tinue using it to generate a trajectory dataset that aligns with her
research requirements.

Initially, the previous data cleaning operations disrupted the se-
quential order of certain taxi identifiers (taxi id). For example,
when segmenting the trajectories associated with taxi id 1, the
resulting sub-trajectories are renamed as 1#1, 1#2, and so forth.
Emily first re-numbers and sorts the cleaned dataset to ensure the
continuity and uniqueness of the taxi id values.

Subsequently, she utilizes the area clipping tool within Map
View and uploads the geographical boundary data file for Haid-
ian District, Beijing. TrajectoryCurer updates the clipped dataset in
real time and renders the clipped area and trajectories in Map View
(Figure 1).

Next, Emily selects the function to filter data points and notices
a weekend option, finding TrajectoryCurer highly convenient for
data filtering. After she clicks it, the weekend trajectory data is ex-
tracted. Given the previous operations of area clipping and trajec-
tory extraction, the number of trajectory points has significantly de-
creased. Emily recognizes that an insufficient number of trajectory
points may compromise the representativeness of the data and the
accuracy of her analyses. She decides to utilize the point number
slider to set a filtering condition, retaining only those trajectories
that contain at least five sampling points (Figure 2B).

Emily also notices inconsistent units in the data: time is in sec-
onds, distance in meters, and speed in km/h. This unit configuration
is preset by the system to facilitate analysis of trajectory dataset
characteristics. To ensure consistency in data units and facilitate
subsequent analysis, she converts the speed from km/h to m/s.

Finally, Emily exports the optimized dataset. Through these op-
erations, she experiences TrajectoryCurer’s powerful capabilities in
identifying and addressing data quality issues, as well as its ef-
ficiency and flexibility in trajectory data processing. The system
significantly simplifies data preprocessing complexities, enhancing
work efficiency and providing a reliable foundation for subsequent
analysis.

7 DOMAIN EXPERT INTERVIEW

We conducted one-on-one interviews with five domain experts:
three professors and two doctoral students specializing in Human-
Computer Interaction, Geographic Information Systems, and Data
Science, all with extensive experience in trajectory data processing.
After presenting the system’s design philosophy and demonstrat-
ing the workflow, the experts interacted with TrajectoryCurer and
replicated the usage scenarios.

The experts unanimously acknowledged that trajectory data
quality issues are prevalent and significantly impact practical appli-
cations. One expert emphasized that in urban traffic flow analysis,
GPS drift and discontinuous timestamps can lead to misjudgments
that affect traffic planning and emergency vehicle routing. A GIS
expert noted that quality issues not only compromise analysis ac-
curacy but also substantially reduce efficiency, as manual check-
ing consumes considerable time and increases labor costs. The ex-
perts praised TrajectoryCurer’s interactive visualization capabilities
for intuitively displaying multidimensional trajectory characteris-
tics and quality issues. They found the automated detection and
refinement operations highly practical, enabling rapid identification
and correction of common problems. As one expert remarked, “The
system has a gentle learning curve. Complex cleaning tasks that
were previously tedious can now be completed through a few in-
teractive operations.” The experts particularly valued the explicit
mapping between functional modules and the 19-issue taxonomy,
describing it as “a professional checklist that transforms data clean-
ing from fragmented empirical judgment into a systematic verifi-
cation process.” The experts also suggested optimizing large-scale
data handling to reduce potential latency and integrating advanced
AI techniques to enhance accuracy in complex scenarios. These
insights will guide future system optimization.

8 DISCUSSION

We discuss the lessons learned from designing TrajectoryCurer,
comparisons with existing workflows and tools, limitations, and fu-
ture work.



8.1 Lessons Learned
We learned two lessons during TrajectoryCurer’s development.

First, expert interviews revealed that assessing trajectory quality
solely by outlier count is insufficient. Trajectory length, outlier pro-
portion, and outlier distribution are equally critical. For example,
a short trajectory may consist entirely of outliers, while a longer
one with more outliers but a lower proportion may actually have
superior quality. To address this, we added pie charts alongside the
outlier bar charts in the LineUp view to visualize outlier proportions
together with absolute counts.

Second, the high point density in trajectory data makes it diffi-
cult to discern distributions in scatter plots. Reducing point trans-
parency proved ineffective. We realized that not all points require
equal attention, so we adopted color-coding to highlight speed out-
liers and implemented selective hiding of out-of-range points when
users select specific categories (Figure 5). This design improves
both visualization clarity and user focus.

8.2 Comparison with Existing Workflows and Tools
To systematically evaluate the efficacy of TrajectoryCurer, we
compare it against three mainstream workflows: Scripting (rep-
resented by Python), GIS Tools (represented by QGIS [44]),
and General Wrangling Tools (represented by Profiler [27] and
CoWrangler [13]). Adopting the evaluation methodology of Ridge-
Builder [40], we strictly delimit our assessment scope to the tra-
jectory quality taxonomy (see Tab. 1) and design requirements (see
Section 4) proposed in this paper. Based on the extent to which
each baseline supports the functions within this scope, we define
four evaluation levels:
• Direct Support: The baseline provides native configurations

that cover all functionality of TrajectoryCurer.
• Indirect Support: The baseline can fully replicate the function-

ality but relies on manual coding or complex configuration com-
binations, imposing strict requirements on user expertise.

• Limited Support: The baseline covers only a subset of the func-
tional space supported by TrajectoryCurer.

• Not Supported: The baseline’s configuration or underlying data
model cannot support functions in this dimension.
We elaborate on three aspects: quality issue detection, visualiza-

tion and interaction, and wrangling operations (Figure 7).
Quality issue detection. Scripting is comprehensive but re-

quires manual coding. GIS Tools specialize in the spatial geometric
dimension and excel at identifying geographic and map-matching
anomalies but lack support for temporal sequences and physical
logic. General Wrangling Tools are restricted to numerical con-
straints, failing to detect spatial and sequence anomalies. In con-
trast, TrajectoryCurer covers all the issues in the taxonomy.

Figure 7: This matrix displays the functional commonalities and dif-
ferences between TrajectoryCurer and three mainstream workflows
used in practice. These workflows include Scripting (represented by
Python), GIS Tools (represented by QGIS [44]), and General Wran-
gling Tools (represented by Profiler [27] and CoWrangler [13]). The
comparison covers three core dimensions: Quality Issue Detection,
Visualization Interaction, and Wrangling Operations. The colors en-
code the level of support.

Visualization and interaction. Scripting is typically limited to
generating static charts, lacking dynamic interactivity. GIS Tools
and General Wrangling Tools specialize in spatial and statistical in-
teractions, respectively, but neither supports coordinated linking be-
tween maps and charts. In contrast, TrajectoryCurer achieves mul-
tidimensional exploration and interaction through the deep linking
of Data View, Point View, Trajectory View, and Map View.

Wrangling operations. Scripting offers flexibility but requires
programming skills. GIS Tools specialize in geometric editing but
rely on embedded scripting for some operations, while General
Wrangling Tools handle numerical cleaning but lack spatiotemporal
semantics. In contrast, TrajectoryCurer integrates these functions
directly into the visual interface, providing direct support without
requiring coding.

8.3 Limitations and Future Work

Despite TrajectoryCurer’s effectiveness, several limitations warrant
discussion. First, testing was conducted on a limited set of trajec-
tory datasets. While these encompass common quality issues, the
system may experience performance degradation with large-scale
data, affecting real-time interaction responsiveness. Second, our
classification framework of 19 trajectory quality issues lacks sys-
tematic evaluation. It remains unclear whether this taxonomy com-
prehensively covers user-encountered challenges or whether the de-
tection rules are appropriately designed. Third, we deliberately pri-
oritized 2D visualization to ensure operational precision for urban
ground traffic, as 3D techniques often introduce occlusion and inter-
action complexity that hinder precise cleaning; however, this limits
applicability to scenarios involving altitude-varying trajectories [8].
Fourth, the system supports basic repair operations (deletion, seg-
mentation, imputation) but lacks advanced techniques such as tra-
jectory reconstruction or map-matching-based correction.

Additionally, while we provide qualitative comparisons against
mainstream workflows, our evaluation lacks quantitative evidence
of performance gains. Future work will include user studies com-
paring TrajectoryCurer against scripting-based and GIS-based ap-
proaches to measure task completion time, error rates, and effi-
ciency improvements. We also plan to empirically validate how
different cleaning configurations affect downstream tasks such as
map-matching accuracy, stay-point detection, and trajectory clus-
tering, acknowledging that cleaning involves trade-offs between
noise removal and preservation of rare but meaningful behaviors.

9 CONCLUSION

We propose TrajectoryCurer, a visual analytics system designed
for comprehensive profiling and transformation of raw trajectory
data. Based on a literature review and expert interviews, we devel-
oped a taxonomy of 19 data quality issues across six dimensions
and a corresponding set of preprocessing operations. The system
integrates automated anomaly detection, multidimensional visual-
ization, and interactive cleaning and transformation functionalities
through four coordinated views: Data View, Trajectory View, Point
View, and Map View. Validation through real-world scenarios and
expert evaluations demonstrates that TrajectoryCurer significantly
enhances preprocessing efficiency and provides flexible tool sup-
port for data exploration, diagnosis, and preparation. The source
code is available at https://xiaodan-miao.github.io/Traj
ectoryCurer/.
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