
A Declarative Grammar for Interactive Trajectory Visualization:
Interaction as First-Class Component

Shifu Chen* Xiaodan Miao† Dazhen Deng‡

School of Software Technology, School of Software Technology, School of Software Technology
Zhejiang University Zhejiang University Zhejiang University

Zikun Deng§ Di Weng¶ Yingcai Wu||

School of Software Engineering, School of Software Technology, State Key Lab of CAD&CG,
South China University of Technology Zhejiang University Zhejiang University

     "selections": {
        "start_lens": "lens.start"
       }

    "queries": [
        { 
          "id": "Q1", 
          "source"："traj_data", 
          "type": "filter",
          "condition": ["start_lens"] 
        }
     ]

A1

     "selections": {
        "start_lens": "lens.start",
        "end_lens": "lens.end",
        "pass_lens1": "lens.pass",
        "pass_lens2": "lens.pass"
       }

     "encodings": [
         {  
            "id": "background", 
            "source": "traj_data", 
            "style": {"color": "#dae2f9"}
            "annotations": { ... }   
        },
        { 
          "id": "route1", 
          "source": "Q1", 
          "style": {"color": "#81602e"}，
          "annotations": { ... }
        },
        {
           "id": "route2",
           "source": "Q2", 
           "style": {"color": "#d9bf99"}，
           "annotations": { ... }
        }]

    "queries": [
        { 
          "id": "Q1", 
          "source"："traj_data", 
          "type": "filter",
          "condition": [
             "start_lens",
             "end_lens", 
             "pass_lens1"
           ] 
        },
        { 
          "id": "Q2", 
          "source"："traj_data", 
          "type": "filter",
          "condition": [
             "start_lens",
             "end_lens", 
             "pass_lens2"
           ] 
        }]

"startpoints": {
    "source": "$T.distance[0]",
    "type": "point"
    "style": { ... }
 }

A2

"endpoints": {
    "source": "$T.distance[1]",
    "type": "point"
    "style": { ... }
 }

B

    "queries": [
        { 
          "id": "Q1", 
          "source"："traj_data", 
          "type": "filter",
          "condition": ["start_lens", "end_lens"] 
        }
     ]

     "selections": {
        "start_lens": "lens.start",
        "end_lens": "lens.end",
       }

Figure 1: Using TrajGram to create trajectory visualization with lens interactions. First, display the trajectories and add a lens
(start lens) for filtering by starting points (A1), then add another lens (end lens) for intersection filtering by ending points (A2).
Further, two sets of filter lenses share the start lens and end lens, each having a unique lens (pass lens1, pass lens2) for filtering
trajectories based on their path choices (A3). The selection-query-encoding chains link each component’s declaration.

ABSTRACT

Trajectory visualizations play a crucial role in urban computing, sup-
porting tasks from analyzing road networks and vehicle movements
to informing transport policy. However, creating such visualizations
faces usability and flexibility limitations in trajectory visualization
scenarios: limited usability due to insufficient trajectory-specific
specialization, and limited flexibility due to tightly-coupled interac-
tions that are not treated as first-class components. To address these
challenges, we first conduct a systematic review of prior work and
define a comprehensive design space for interactive trajectory visu-
alization across three key dimensions: transformation, display, and
interaction. We then present TrajGram, a declarative grammar built
upon this design space that streamlines the creation of diverse inter-
active trajectory visualizations. TrajGram enables rapid prototyping
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with rich interactions grounded in real-world traffic analysis needs,
while remaining extensible for complex scenarios. We demonstrate
the effectiveness, usability, and learning curve of TrajGram through
two usage scenarios and a user study.

Index Terms: Trajectory Visualization, Urban Visual Analytics,
Declarative Visualization

1 INTRODUCTION

In the rapidly evolving realm of urban computing, trajectory visual-
ization has emerged as a pivotal technique, serving a broad spectrum
of applications, including movement analysis [7] and the design of
transportation networks and public transit systems [19, 63]. The
effective visualization of trajectories allows for the distillation of
complex mobility data into actionable insights, which influences the
decision-making processes of diverse urban planning and optimiza-
tion scenarios that involve the analysis of trajectories.

However, building interactive trajectory visualizations remains a
challenging task, primarily due to the interconnected nature of data
transformation, visual representation, and user interaction. Trajec-
tory visualizations can take diverse forms—from simple polylines
to complex aggregated representations like heatmaps—each requir-
ing different data processing approaches. Meanwhile, interactive
operations often trigger display changes that necessitate underlying
data transformations: selecting trajectories in one view may require



aggregating data for another view, filtering by time may need re-
computing spatial distributions, and changing visual encodings may
demand restructuring the data pipeline. This intricate relationship
between interaction, transformation, and display creates implemen-
tation complexity where interactions cascade through the entire
system, making it hard to develop cohesive interactive experiences.

While modern geospatial libraries like deck.gl [1] and Map-
box.gl.js [2] excel at rendering polylines on map as trajectories, they
provide limited support for incorporating interactions. As an alterna-
tive, libraries like D3.js [13] offer flexible interaction capabilities,
but they require developers to manually orchestrate the relationships
between transformation, display, and interaction components. This
manual coordination demands significant coding effort and metic-
ulous adjustment, which impedes swift and efficient creation and
poses challenges to rapid deployment and iterative design.

In this study, we propose a declarative grammar tailored for in-
teractive trajectory visualization to address this inconvenience. Our
approach is inspired by the success of declarative grammars in the
visualization community, such as Vega-Lite [47] for chart rendering
and Rigel [15] for data transformation, which have proven effective
for rapidly prototyping interactive interfaces. By using such gram-
mars, developers can specify complex visualizations and interactions
through concise configurations, avoiding low-level event-handling
code and lowering the barrier to entry.

However, existing declarative grammars do not treat interaction
as first-class components, which restricts their ability to capture
complex interactive behaviors in trajectory visualization [64]. Addi-
tionally, trajectory data has unique characteristics and visualization
needs that existing grammars do not fully support. This motivates
the design of a domain-specific grammar that treats interaction as
first-class components and is optimized for trajectory visualization.

To systematically understand how interaction relates to the other
components, we conducted a comprehensive review of existing work
and identified a design space comprising three key dimensions: 1)
Transformation – manipulating trajectory data to support visualiza-
tion; 2) Display – transforming trajectory data into visual represen-
tations that convey movement and multidimensional attributes; 3)
Interaction – enabling user participation in modifying transformation
and display components. Based on this, we present TrajGram, a
domain-specific grammar for web-based interactive trajectory visual-
izations. TrajGram abstracts away low-level implementation details,
allowing both novice and experienced users to focus on crafting
interactive visualizations. Our contributions are as follows:
⋄ A structured design space for interactive trajectory visualization,

grounded in an extensive literature review.
⋄ TrajGram, a declarative grammar that treats interaction as first-

class components and supports rich interactions through coordi-
nated encoding, interaction, and transformation components.

⋄ Use cases that recreate prior visualization examples using Traj-
Gram, demonstrating its usability and extensibility.

2 RELATED WORK

We review prior work related to trajectory visualization creation.

2.1 Geospatial Visualization

Geospatial visualization enables the analysis of complex spatial
relationships, patterns, and trends by illustrating them within their
geographic context. Within the realm of geospatial visualization [16,
20], point-based visualizations [23, 32, 40, 61] represent individual
data events as distinct markers, line-based visualizations are usually
used to depict trajectories [26, 33], road networks [25, 35], or traffic
flows [10], and region-based visualizations [53, 56, 62] aggregate
data across areas to highlight spatial phenomena at a larger scale.

Trajectory visualization employs diverse representation strategies.
Individual trajectories are commonly represented as polylines with

visual attributes such as color, width, or texture encoding trajectory-
specific data [24,41]. Graph-based representations [25] model trajec-
tories as networks of connected nodes and edges, enabling structural
analysis of movement patterns. Density-based visualizations [5, 35]
aggregate trajectories into heatmaps that reveal traffic density pat-
terns and hotspots. Point-based annotations are frequently used
to indicate key locations [6, 33] or movement directions [37, 54],
providing contextual markers that enhance trajectory interpretation.

To support higher-level analysis, many techniques incorporate
transformations. Systems aggregate trajectories by underlying road
networks to produce road heatmap reflecting traffic patterns [5, 35],
while tools like TrajRank [41] allow for custom route segmentation
and aggregate trajectories within them to facilitate route ranking.

2.2 Interactive Analysis for Trajectory Data
Interactivity plays a key role in trajectory visualization, enabling
users to selectively explore and analyze subsets of trajectory data
through various tools and techniques.

Many systems adopt fixed-form selection tools for ease of use. For
example, TrajectoryLenses [33] provides lens-based filters targeting
trajectory start points, endpoints, and paths, while TrajRank [41]
offers paired lenses for filtering and cropping trajectories between
locations. Rectangular marquees are also common: Liu et al. [36]
use them to filter trajectories intersecting a selected area, and Shamal
et al. [5] extend this interaction for more targeted filtering tasks.
Beyond fixed-form tools, free-form approaches have been explored.
FromDaDy [27] supports brushing-based selection, and TripVista
[24] enables sketch-based direction filtering at intersections.

While these systems offer a range of interaction designs,
most are tightly coupled with specific implementations, limiting
code reuse and making them difficult to adapt for new contexts.
Hence,developers often need to build interactive trajectory visualiza-
tions from the ground up, resulting in high development costs. To
address this, TrajGram introduces a declarative approach for build-
ing interactive trajectory visualizations. By allowing users to specify
visualization and interaction logic through a high-level grammar,
TrajGram streamlines prototyping and promotes reuse, enabling
more efficient and iterative development.

2.3 Libraries and Grammars for Trajectory Visualization
Visualization libraries [1–3, 12, 13, 39, 46, 59] and declarative gram-
mars [14,29,31,39,42–44,47–49,51,52,64,68] have gained traction
in the visualization community for providing structured frameworks
to define visual representations and interactions, significantly accel-
erating the design and implementation process.

Geospatial libraries [1–3] primarily focus on at trajectory render-
ing rather than the integration of interaction, transformation, and
representation. General-purpose libraries such as D3.js [13] can
accomplish complex interactive logic and support sophisticated co-
ordination, but their interactions are difficult to reuse and require
extensive custom code to handle the cascading effects. Libra [64]
enhances reusability, learnability, and usability for general visualiza-
tion as a framework by treating interactions as first-class citizens, but
still requires substantial implementation effort when dealing with
trajectory visualization. Declarative grammars, rooted in declarative
programming, focus on defining what a visualization should express
rather than how it is rendered [30]. In visualization, this paradigm
allows authors to specify visual encodings and interactions at a
higher abstraction level, decoupling design intent from implemen-
tation logic. Vega and Vega-Lite [47, 48] exemplify this approach,
supporting interactive visualizations with concise specifications.

However, general grammars are not always well-suited for tra-
jectory visualizations. Their broad scope often limits their ability
to handle the complex, domain-specific requirements of trajectory
data, resulting in verbose and intricate specifications that require
significant expertise to use effectively. In contrast, domain-specific



Table 1: Design space for interactive trajectory visualization, summarizing 21 surveyed papers across three dimensions: transformation (filtering,
segmentation, aggregation), display (path-based, network-based, area-based), and interaction (spatial, temporal, attribute-based).

Papers
Transformation Display Interaction

Filter Segment Aggregate

AL-Dohuki et. al. [5]
Liu et. al. [37]
FromDaDy [28]
RoseTrajVis [4]
Krueger et. al. [32]
SemanticTraj [6]
Tominski et. al. [54]
TrajectoryLenses [33]
TrajRank [41]
TripVista [24]
Liu et. al. [36]
SmartAdP [35]
Wang et. al. [58]
Huang et. al. [26]
VATT [17]
Wang et. al. [55]
Zhou et. al. [67]
Daae et. al. [18]
VAIT [38]
Roeland et. al. [50]
Andrienko et. al. [9]

Spatial Temporal Attribute Path-based Network-based Area-based Point Line Area

declarative grammars [29, 31, 42, 43, 51] trade generality for simplic-
ity, enabling more accessible authoring of complex visualizations
within targeted domains. Inspired by this trend and building upon
Libra [64]’s efforts at the library level, we propose a declarative
grammar specifically designed for trajectory visualization that el-
evates interactions as first-class components, which simplifies the
creation of complex trajectory visualization with interactions.

3 DESIGN SPACE

To ground our declarative grammar, we first establish a design space
for trajectory visualization. Although trajectory visualization has
been studied in urban analytics [20, 66] and traffic visualization [8,
16], existing literature predominantly focuses on visual forms (e.g.,
line-based, network-based or area-based visualizations) while the
underlying transformation processes and interaction mechanisms
are frequently underexplored. To address this gap, we conducted a
comprehensive survey of prior work to synthesize a focused design
space that captures these underexamined aspects.

3.1 Methodology

To ensure consistent screening and coding of prior work, we first
define the scope of interactive trajectory visualizations analyzed
in this section: a trajectory describes the movement of an object
through geographic space, typically represented as a sequence of
time-ordered points [65], each with spatial (location), temporal
(timestamp), and contextual (e.g., road ID) information. Given
their multi-point structure and geospatial nature, trajectories can be
visualized on maps as polylines showing individual paths, networks
abstracting common routes and flows, or area-based visualizations
revealing spatial patterns through statistical summaries. When such

visualizations incorporate interactive features, we refer to them as
interactive trajectory visualizations.

Guided by the above definition, we surveyed published papers that
use map-based approaches to visualize trajectory data. We focused
on innovative techniques, when encountering papers with similar
visual forms or interactions, we retained only one representative
paper to ensure distinct innovations. In total, we collected 21 papers,
primarily from 3 journals (IEEE TVCG, JOV, IEEE TITS) and 3
conferences (IEEE VIS, EuroVis, PacificVis), from 2009 to 2025.

Based on these seed papers, we established a preliminary de-
sign space. Following the standard pipeline for interactive vi-
sualization [21]—data transformation, visual representation, and
interaction—we derived three key components: transformation, dis-
play, and interaction.

We then expanded our analysis by incorporating additional exam-
ples cited in the seed papers, as well as visualizations from online
libraries, open-source projects, and GIS platforms [22]. For each vi-
sualization, we analyzed its operations across 3 components. When
finding new functions that did not fit existing categories, we revised
the component definitions accordingly. Through multiple iterations,
we refined and finalized the design space.

3.2 Taxonomy
Following the methodology described in subsection 3.1, we orga-
nized our findings into three key dimensions: transformation, dis-
play, and interaction, as summarized in Table 1.

3.2.1 Transformation
Transformation encompasses operations that process trajectory col-
lections to extract meaningful information. We identify three main
types: filtering, segmentation, and aggregation.



These transformations operate on three fundamental basis types:
spatial basis, using geographic or coordinate-based criteria (direc-
tions, regions, boundaries, proximity); temporal basis, employing
time-related criteria (intervals, durations, temporal patterns); and
attribute-based basis, leveraging trajectory properties or metadata
(speed, direction, semantic labels, user characteristics).

Filtering retains or discards entire trajectories based on specified
criteria. Spatial filtering can select trajectories by origins, destina-
tions, or routes through specific regions [33]. Temporal filtering
retains trajectories within certain time periods or exceeding duration
thresholds [32,33]. Attribute-based filtering constrains by properties
such as average speed [4] or direction [24].

Segmentation divides trajectories into sub-trajectories according
to spatial, temporal, or attribute-based boundaries. Spatial segmen-
tation extracts portions within designated regions [5] or segments
based on traversed roads [35, 37]. Temporal segmentation isolates
segments within specific time windows [32]. Attribute-based seg-
mentation identifies portions with particular characteristics, such as
exceeding speed limits [6].

Aggregation combines multiple trajectories or segments into
composite representations through binning. Spatial aggregation bins
data into geographic elements, such as road-based heatmaps [5, 35]
or grid-based density visualizations [5, 18]. Temporal aggregation
bins trajectories into time intervals [4, 32] to reveal temporal pat-
terns. Attribute-based aggregation groups trajectories by shared
characteristics [4, 5, 37] such as speed or transportation mode.

3.2.2 Display
Display refers to fundamental approaches for visualizing trajectory
data in map-based contexts. We focus on map-based visualizations
since non-map-based representations fall outside our scope. We
examine three complementary perspectives: representation types,
visual channels encoding trajectory attributes, and layout algorithms
optimizing spatial arrangement:

Path-based display visualizes trajectories as polylines, typically
used for analyzing specific trajectories and comparing routes. It
leverages polyline visual channels to encode trajectory attributes.

Network-based display transforms trajectory data into node-edge
structures, including origin-destination (OD) matrices and road net-
work visualizations. It utilizes node and edge visual channels, with
representative layout algorithms such as edge bundling to reduce
visual clutter.

Area-based display employs spatial aggregation to reveal move-
ment intensity and distribution. Heatmaps [5] show density as color
gradients across geographic grids. Representative algorithms include
kernel density estimation for generating continuous density surfaces.

3.2.3 Interaction
Interaction techniques in trajectory visualization exhibit tremendous
diversity in form, from sketching [24] to lenses [33] to rectangu-
lar marquee tools [5], plus general interface elements like sliders,
switchers, or chat panels, with potential for multimodal or collabora-
tive interactions.

This diversity makes comprehensive categorization infeasible,
and such categorization is counterproductive for grammar design
since users naturally classify interaction forms differently. Hence,
rather than categorizing by form, we focus on what parameters
an interaction actually gives for subsequent computation. These
parameters, crucial for grammar construction, are relatively stable
across three primary types:

Spatial interaction inputs geometric parameters such as points,
lines, or areas for subsequent spatial computations. Point-based
interaction uses the mouse position (a point) for clicking or hov-
ering on trajectories. Line-based interaction leverages user-drawn
lines to filter or highlight trajectories based on path similarity. Area-
based interaction enables users to define a geographic area to trigger

region-based transformations. Temporal interaction inputs tem-
poral parameters such as time ranges, duration values, or temporal
patterns for time-based computations. Attribute-based interaction
inputs attribute values or ranges such as speed thresholds, direction
values, or categorical attributes for attribute-specific computations.

4 DESIGN FRAMEWORK AND SCOPE

In this section, we establish the theoretical foundation for our inter-
active trajectory visualization grammar based on systematic analysis
of the design space. This framework bridges the gap between the
conceptual design space presented in section 3 and the concrete
grammar specification detailed in section 5.

4.1 Interactions as First-Class Components

Interactions as first-class citizens is proposed in Libra [64], where
interactions may be named by variables, passed as arguments to pro-
cedures, returned as results of procedures, and included in data
structures. In our declarative grammar, treating interactions as
first-class components means that interactions are declared inde-
pendently as reusable components within the data pipeline, at the
same level as reusable visualizations in the declarative specification.
Following this, we treat interactions as independent components
in our framework, establishing an interaction → transformation
→ display pipeline. This approach establishes a clear interaction
paradigm where user interactions trigger data transformations that
are immediately reflected through updated visual encodings. While
interaction can be extended to encompass broader event types at
the library—such as background data updates or even events that
modify visualization configurations—our grammar design focuses
on mouse-based events. By maintaining this structured flow, we
ensure consistent behavior across different visualization types while
reducing system complexity.

4.2 Grammar Scope

Our framework establishes a foundational architecture for coordi-
nating transformation, interaction, and display components with
interaction as first-class citizens. Rather than pursuing comprehen-
sive coverage, we implement representative operations within each
component to demonstrate the framework’s effectiveness, with the
design allowing for future extensibility to additional use cases.

Interaction. Given the breadth of possible interactions in trajec-
tory visualization, our interaction design focuses primarily on spatial
interactions, as temporal and attribute-based interactions are already
well-established and easily integrated through existing visualization
libraries such as ECharts [11]. Therefore, our interaction component
emphasizes map-based interactions that are anchored to interactive
geographic elements, which serve as the foundation for user engage-
ment with trajectory visualizations. This focus allows us to simplify
the interaction component into a focused selection that concentrates
on filter through direct manipulation of geographic elements.

Transformation. We primarily focus on trajectory filtering oper-
ations, which represent the most fundamental data manipulation in
trajectory visualization. Additionally, we support basic segmentation
and aggregation operations commonly required for trajectory analy-
sis. These operations provide sufficient coverage to demonstrate the
coordination mechanisms.

Display. We focus on two representative visualization types:
common polyline representation and specialized road heatmap vi-
sualization. Polyline representation serves as the fundamental form
where trajectory point coordinates directly determine path positions,
while road heatmap demonstrates more complex scenarios requiring
data transformation during value assignment. These two types ef-
fectively illustrate different complexity levels in the display pipeline
while covering the most essential trajectory visualization needs.



4.3 Data Format
Trajectory data used in visualization include two types of attributes:
trajectory-level attributes, such as average speed or travel distance,
and point-level attributes, such as instantaneous speed. We define a
standard input format where each trajectory is a list item contain-
ing overall attributes and a sequence of points. Each point records
its location, time, and related attributes. For faster positioning, we
pre-compute each point’s spatial and temporal ratios relative to the
start, along with trajectoires’ full travel distance and duration.

Additionally, basic map information can be imported as container
data to define geographic elements that serve as containers: road
network data can be input as road segments, each with a unique
identifier and geometric path, plus optional attributes like speed
limits or road names; area division data can be input as GeoJSON
files containing polygon geometries that define area boundaries and
centroids, each with a unique identifier. When such container data
is imported, trajectory points should be pre-processed with map
matching to accelerate subsequent visualization operations, each
point should contain container IDs in its attributes.

5 GRAMMAR OF TRAJGRAM

Building on our systematic analysis of the design space and the iden-
tified principles for display and interaction, we formalize a grammar
structured into three parts: the general specification, common gram-
mar elements, and the core components of the specification. Lastly,
we introduce a library extending grammar’s capabilities.

5.1 General Specification
For our abstract grammar notation, we follow the convention of
Ren et al. [45], where := denotes assignment, ? indicates optional
elements, + represents one or more occurrences, and ∗ denotes
zero or more. Throughout this section, each component defined
in our formal notation corresponds directly to JSON structures in
the practical specification, implemented as either objects or arrays
based on their semantic role and cardinality constraints.

At the highest level, a general specification defines the over-
all structure for trajectory visualizations, implementing our design
principles through a systematic decomposition of functionality. For-
mally, the general specification is defined as a tuple:

general :=(map,data+,selection∗,query∗,container∗,encoding+)

This specification comprises six core components that realize our
design framework: Map defines the visual and interactive foundation
for displaying trajectories, including settings such as the initial zoom
level and center point of the map. Standard interactions—zooming,
panning, and dragging—are supported by default. Data specifies
the trajectory datasets to be imported, following the standard format
described in subsection 4.3. Container, encoding, selection, and
query realize the design established in section 4.

Following our established interaction paradigm, selections trigger
queries that filter and transform trajectory data, while encodings
translate both raw and processed data into visual presentations. This
creates the selection → query → encoding pipeline that enables
dynamic, interactive trajectory visualizations where user interactions
with geographic elements directly influence the displayed results.

5.2 Common Grammar Element
Our grammar includes several elements that are universally applica-
ble across components and maintain consistent function globally.

Iteration Characters. Trajectory data visualization requires dis-
tinct iteration mechanisms for different data types: trajectory data
iteration operates at two levels—iterating through individual trajec-
tories in a collection, and sequentially through points within each tra-
jectory. Aggregated data iteration traverses container-based results,
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$T.distance[0]

$T.time[1]
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Time Ratio
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Figure 2: The expression $T.distance[0.5] specifies the midpoint Pi
along a trajectory. Assuming uniform motion between two original
points P1 and P2, the position and time of Pi are interpolated.

where containers can be imported road networks, area divisions,
dynamically generated grid cells, or virtual networks abstracting
spatial relationships into nodes and edges. For example, $T repre-
sents each trajectory within a collection, enabling trajectory-level
operations; $P denotes each point within a trajectory, supporting
point-level operations.

Built-in Functions. Common tasks such as calculating move-
ment metrics, performing statistical analyses, and manipulating
spatial data are fundamental to most analysis workflows. To reduce
code complexity, we integrate commonly used built-in functions
that apply operations across trajectory collections. For example,
distance($T) calculates the distance for each trajectory by summing
distances between consecutive points.

Positioning determines the precise location of a conditional point
along a trajectory. Since trajectories consist of discrete sampling
points rather than continuous paths, locating points not explicitly
stored in the data (e.g., a trajectory’s midpoint) requires interpolation.
We connect discrete points into a continuous representation across
spatial, temporal, and attribute dimensions. For spatial and tem-
poral estimation, we assume uniform motion between consecutive
sampling points, as illustrated in Figure 2. For attributes, continu-
ous values (e.g., numerical) are estimated via linear interpolation
based on the distance between neighboring sampling points, while
discrete values (e.g., categories) adopt the nearest neighbor’s value.
This continuous representation is accessible through $T.distance
and $T.time (Figure 2).

Predicates. Trajectory analysis requires selecting data subsets
based on complex spatial, temporal, and attribute relationships be-
yond simple value comparisons. To enable users to express such
conditions—involving geographic containment, temporal sequences,
and multi-dimensional constraints—without extensive geometric and
temporal calculation code, we incorporate predicates for geographic
relationships (e.g., point-area containment, line-area intersection),
temporal constraints (e.g., temporal order), and attribute conditions
(e.g., value comparison). For example, line.pass(area) determines
if a trajectory intersects with a given geographic area.

5.3 Query Specification
The query specification encompasses a range of data transformation
methods, and it is defined by a tuple:

query := (id,source, type,basis,set?)

where Source declares the target data; Type declares the transforma-
tion to apply—filtering, segmentation, or aggregation per the design



segmentation
aggregation

roadnetwork
trajectory

Figure 3: Segmentation and aggregation for road heatmap construc-
tion. Trajectories are first segmented by road network, then aggre-
gated per segment (network edge). The heatmap reflects traffic
flow—darker segments indicate higher trajectory density.

space; Basis defines detailed criteria for the transformation; and Set
specifies additional attributes to attach to the results.

5.3.1 Filtering
For filtering, the basis parameter specifies constraints to select rel-
evant trajectories. Following our design principle that interactions
primarily target filtering, these constraints fall into two types:

Static constraints specify fixed criteria, including temporal (e.g.,
trajectories starting within a certain hour range) and attribute con-
straints (e.g., distance range). For example, distance($T)>20km
retains only trajectories exceeding 20 kilometers.

Dynamic spatial constraints implement our selection-driven
interaction paradigm by binding geographic elements with spatial
predicates. These constraints reference geographic objects (regions,
points) and apply spatial predicates (intersects, inside) to dynam-
ically filter trajectories. For example, $T.startpoint.inside(Area)
filters trajectories whose starting points fall within a specified area.

5.3.2 Segmentation
For segmentation transformations, the basis parameter defines the
grouping methods that partition trajectory points within individ-
ual trajectories. The methods divide trajectory points into multiple
groups, each containing a series of continuous points. A method
can be a built-in function (evenT (n) or evenD(n)) or an expression
that defines grouping criteria. The expression processes each trajec-
tory point according to the specified criteria, and continuous points
satisfying the same criteria are grouped together. We also provide
specialized methods, such as segmenting trajectories according to
road networks, administrative area divisions, or regular grid cells.

The set parameter for segmentation adds new attributes to each
trajectory segment produced from the grouping, such as transporta-
tion mode, speed statistics, or temporal characteristics. For example,
to create a flow field visualization, trajectories are first segmented
using a grid-based basis that groups trajectory points within spatial
cells. Set then adds vector attributes calculated from each segment’s
start and end points, including the direction and magnitude.

5.3.3 Aggregation
For aggregation transformations, trajectory data or trajectory seg-
ments are aggregated into containers that serve as spatial or concep-
tual units for analysis. These containers can be either physically
existing entities such as grid cells, administrative area divisions, or
road network segments, or abstract constructs such as network nodes
and edges in flow maps. We categorize containers into two types:

those that represent internal properties of the container (e.g., traffic
density within a road segment), and those that represent relationships
between containers (e.g., flow volumes between regions).

The basis parameter defines the grouping methods that combine
trajectory segments across multiple trajectories to transform them
into different output types such as road segments, network edges and
nodes, or grid cells. The grouping strategy can be based on spatial
proximity, temporal overlap, or shared attributes of the trajectories.

The set parameter for aggregation determines what aggregated at-
tributes are generated for the combined trajectory segments, such as
summary statistics, flow measurements, or density calculations. For
example, to construct a road network heatmap as shown in Figure 3,
trajectories are first segmented by road segments using the basis
parameter to define the road-based grouping criteria. Then, sub-
trajectories corresponding to the same road segment are aggregated
using basis to specify how segments should be grouped spatially.
Finally, set adds aggregated attributes (e.g., traffic volume or average
speed) to the results, which are then encoded with color.

5.4 Encoding
Encodings define the display method for all visual elements on the
map. By default, elements on the map will move or change size as
the user interacts with the map, such as zoom or pan. Each encoding
scheme would retrieve data from its source and display it with a
certain style on the map, which is defined by a tuple:

encoding := (id, type,source,style,annotation∗)

Type declares the input data type and the corresponding rendering
type as an integrated specification, where the data structure and
visualization method are inherently coupled. Source declares the
data to visualize, which can be input data or the query results.

5.4.1 Encoding Style
Style declares the encodings of visual variables. Each visual variable
is declared with an expression , linking the data field and the visual
variable with mapping methods. In our encoding grammar, these
variables are either static or gradient:

A static expression assigns the visual variable a constant value
and can be applied universally across all representation types.
For example, linear(speed($T), [0, 10], [20, 60]) maps the average
speed of each trajectory to a number using linear scaling between
domain values [0, 10] and visual range [20, 60]. A gradient expres-
sion, however, is specifically designed for polyline representations,
allowing for dynamic styling along the trajectory where visual at-
tributes such as color or opacity change continuously in response to
the properties of individual trajectory points. This gradient encoding
capability is unique to path-based representations as they preserve
the sequential structure of movement data, enabling the visualization
of temporal or spatial variations that unfold along the trajectory path.
For example, gradient($P.speed, [0, 10], [#b35a00, #d6d632]) cre-
ates a color gradient that varies continuously along the trajectory
based on point-level speed values, mapping speeds from 0 to 10 onto
a color range from orange to yellow-green.

5.4.2 Additional Annotation
Annotation defines the additional shapes attached to visual elements.
Similarly, annotation is defined by a tuple:

annotation := (id, type,source,style?)

where type declares the annotation’s shape; source determines the
specific location where the shape will be positioned; style, an op-
tional attribute, adds visual variables to enhance the appearance of



the shape. We accommodate common design elements within our
grammar, such as text, marker, and fundamental geometric shapes.

Furthermore, we provide specialized positioning capabilities for
polyline representations that leverage their sequential trajectory
structure: annotations’ source can utilize the positioning methods
(Figure 2) to determine their precise location along the trajectory
path. Annotations can be oriented in two modes: default setting
arranges annotations horizontally, with center point located at the
position specified, while the follow mode, specifically designed for
polylines, aligns the annotation’s orientation along the polyline.

5.5 Selection
It is important to note that our selection grammar primarily focuses
on spatial selection (map-based) within the design space. While
temporal and attribute-based selections are common in multi-view
coordinated trajectory visualizations, these other non-map visual-
izations often take various forms. Users can achieve temporal and
attribute filtering by creating their own time-based or attribute-based
views that pass filter conditions to queries’ basis.

5.5.1 Definition
In our grammar, a selection comprises three fundamental elements
that provide flexibility for defining custom selection behaviors:

selection := (type,predicate?, trigger?)

The type refers to the shape editor type, which refers to the mech-
anism for creating and modifying shapes on the map. It encapsulates
both the geometric form and the interaction methods for shape ma-
nipulation. We integrated a set of general tools for drawing and
editing points, lines, and areas. The spatial predicate defines the
spatial relationship between the shape created by the shape editor
and the trajectory data. In our grammar, we consider trajectories as
lines and trajectory points as points in predicates. The trigger con-
dition defines when the selection will occur. Each time a triggering
event happens, the resulting shape will update. Then, all downstream
components of this selection will be updated accordingly.

5.5.2 Simplified Usage
To simplify the grammar usage, we have made several design de-
cisions. First, we simplify commonly used predicates for intuitive
usage. For example, within area shapes, using start as a predi-
cate represents $T.distance[0].inside(Area), while pass represents
$T.pass(Area). Second, we offer intuitive naming conventions that
reflect the interaction patterns, such as mouse.click and mouse.hover
for different mouse events, while lens.start combines a draggable
circular shape (lens) with a simplified spatial predicate (start). Third,
we make spatial predicates and trigger conditions optional in the
grammar, as many shape editors come with sensible defaults that
cover the most common use cases.

5.5.3 Customed Usage
Developers have the flexibility to craft their own selection compo-
nents through additional coding to create and edit shapes and equip
them with spatial predicates to cater to unique scenarios.

For example, when creating a lasso selection tool, a developer
needs to implement the drawing logic that captures mouse gestures
and constructs a polygon shape, and override the geometric output
method in the inherited class, then he can optionally set built-in
default spatial predicates and trigger conditions for common use
cases. Once the developer completes the implementation, the de-
fined component becomes available for use within our framework by
simply including its name in the ”selections” field of the JSON spec-
ification, which activates the tool’s functionality. For interactions
that involve continuous drawing and modification, we recommend

implementing toggle buttons to enable and disable edit mode, pre-
venting conflicts with other direct manipulation operations. This
approach preserves user creativity and ensures diverse interaction
possibilities while eliminating the burden of maintaining complex
downstream processing logic.

5.6 Library Support & Performance
To enhance user experience and expand capabilities for external vi-
sualization tools, TrajGram includes a library with a grammar parser
and programming interfaces. The parser converts JSON specifica-
tions into component instances, and programming interfaces are used
to retrieve and modify instance properties, while components emit
signals when updated. This bidirectional communication enables
synchronization with external systems. For additional customiza-
tion, we provide standard classes to extend for new component types,
which can then be declared within JSON configurations.

We conducted performance evaluations to quantify rendering
efficiency across data scales. The experimental environment con-
sisted of Google Chrome with Intel i7-12700K and RTX 4060Ti at
2560×1440 resolution. We used Hangzhou taxi trajectory data
(average 288 points per trajectory, 1 million total / 6,563MB),
sampled at five scales: 10, 100, 1K, 10K, and 100K trajectories.
Each trajectory is rendered as a styled polyline with circles at
its endpoints. The largest dataset caused browser memory over-
flow. We measure two types of rendering time: 1) initial rendering
when data is first transferred to the WebGL buffer, and 2) refresh
time after map interactions. For initial rendering (10 trials per
size), mean times were 16.00 ms (SD=2.10), 102.66 ms (SD=15.66),
1,284.27 ms (SD=172.27), and 11,174.82 ms (SD=880.21) for the
first four sizes. For refresh time (30 trials per size), mean times were
consistently low at 0.13–0.14 ms across all sizes.

6 QUALITATIVE EVALUATION

In this section, we evaluate TrajGram’s effectiveness, learning curve,
and usability through two usage scenarios and a user study. We did
not run a controlled comparative study because the implementation
effort differs substantially: reproducing Figure 1.B in D3.js would
require roughly 550 lines, versus about 90 lines in our grammar.

6.1 Usage Scenarios
We introduce two usage scenarios for constructing interactive tra-
jectory visualizations to demonstrate the effectiveness of TrajGram.
The first scenario is derived from actual requirements in an enterprise
project, while the second scenario is adapted from a paper [33].

Trajectory Filtering through Lens Interactions. An urban an-
alyst needs to explore trajectory patterns in a city transportation
dataset. Using TrajGram, he begins by seeking an overview of trajec-
tory distributions and key locations: he first configures a background
encoding to render all trajectories with appropriate styling, along
with annotations highlighting starting and ending clusters. This
establishes the foundational view for subsequent interactive explo-
ration. To enable focused analysis, the analyst then incorporates
interactive lens components for spatial filtering: he instantiate a
selection component of type lens.start that manifests as a reposi-
tionable circular lens on the map interface. A filter query component
is then linked to this lens selection, creating a drag-filter interaction
chain where lens repositioning triggers dynamic query execution.
The filtered results are visualized through two parallel pathways:
an encoding component that highlights matching trajectories on the
map, and a statistics component that computes and displays rele-
vant metrics. This establishes drag-filter-highlight and drag-filter-
statistics interaction chains (Figure 1.A1) that provide immediate
visual and quantitative feedback during lens manipulation. The mod-
ular architecture facilitates seamless extension through additional



  "queries": [
    {
      "id": "Q1",
      "source": "traj_data",
      "type": "filter",
      "condition": [...]
    },
    {
      "id": "Q2",
      "source": "Q1",
      "type": "segmentation",
      "operator": "road",
      "set": {
        "$path": "[...$P]",
        "road_id": "first($P).road_id"
      }
    },
    {
      "id": "Q3",
      "source": "Q2",
      "type": "aggregation",
      "operator": "$T.road_id",
      "set": {
        "$path": "$R[first($T).road_id]",
        "volume": "count($T)",
        "speed": "avg(speed($T))"
      }
    }
  ],

  "encodings": [
    {
      "id": "E0",
      "type": "trajectories",
      "source": "Q3",
      "styles": {
        "color": ...，
      } } 
   ]

A1

A2

B

Figure 4: A road network heatmap system with TrajGram embedded. (A1) A combined area-line chart controls the color style of E0, currently
highlighting high-volume roads. (A2) Three bar charts with a slider control Q1 conditions, filtering taxi trajectories by distance (< 10km), weekdays,
and morning hours (6–10 am). The top-right inset shows an alternative color encoding based on roads’ average speed. (B) The map view displays
real-time heatmap results from three linked queries: filtering (Q1), segmentation (Q2), and aggregation (Q3), with Q3 rendered via encoding E0.

lens components (lens.end and lens.pass) that connect to the same
query infrastructure for intersection filtering. This enables sophisti-
cated multi-criteria filtering based on trajectory origins, destinations,
and intermediate waypoints. To support comparative analysis of tra-
jectory subsets, the analyst can instantiate parallel chains that share
common start/end lens (Figure 1.A2) selections while maintaining
independent pass-through lens components. Each chain connects to
distinct encoding components with differentiated visual styling, en-
abling simultaneous analysis of divergent trajectory patterns within
the same interface (Figure 1.B).

Dynamic Road-Network Heatmap. A visualization researcher
needs to develop a road network heatmap system for studying urban
traffic dynamics. He decide to use TrajGram for the heatmap visual-
ization and data processing and develop a custom control interface
that integrates with the framework (Figure 4). After importing the
trajectory data, he establishes a transformation pipeline (Figure 4)
consisting of three sequential queries: a filter query for trajectory
selection, a segmentation query that groups trajectories by road seg-
ments, and an aggregation query that merges segments and calculates
traffic statistics. An encoding component renders the final heatmap
visualization from the aggregated results. For the interactive control
interface, the researcher develops a custom control bar with inter-
active charts to modify filter conditions and encoding parameters.
The expert then uses the library to establish communication between
these charts and framework components. For instance, changes in
Figure 4.A1 update the color settings in the encoding component
E0, while charts in Figure 4.A2 monitors the results from the query
component Q3 to trigger corresponding updates.

6.2 User Study

We conducted a user study on TrajGram’s usability and learnability.

6.2.1 Study Setting
Since directly writing complete JSON configurations can be cumber-
some for users, we prepare an authoring tool based on our grammar
that participants can use in reproduction process. The tool consists
of a grammar editor and a visualization preview: the grammar editor
offers two switchable modes—a card-based editor (Figure 5) and a
JSON editor, while the visualization preview renders the results.

Participants. We recruited 12 participants who majored in com-
puter science, with 5 females (P1-5) and 7 males (P6-12). P1-11
had data visualization backgrounds, understand trajectory visualiza-
tion, and were familiar with D3.js and declarative visualization tools
(Vega-Lite or ECharts); while P12 had no visualization experience.

Procedure. After an initial tutorial on the grammar and author-
ing tool, participants independently reproduced the target visual-
ization with assistance available upon request. Upon completion
of the task, participants completed post-study questionnaires using
7-point Likert scales to assess four key dimensions of usability: 1)
learnability of grammar within each component, 2) learnability of
inter-component relationships, 3) iterability of creation, and 4) ease
of use. The study concluded with a semi-structured interview to
gather participants’ feedback on their experience, including their
perceptions of the grammar structure and details, the authoring tool,
and any challenges encountered during the implementation process.

6.2.2 Results and Findings
The reproduction task involved 2 queries, 3 encodings, and 4 selec-
tions, and all 12 participants completed it within 15 minutes. We
analyze the learning curve and usability by triangulating Likert-scale
ratings (Figure 6) with participants’ interview feedback.

Learning Curve. Participants reported a low learning burden:
10 out of 12 grasped the pipeline and core concepts within 15–20
minutes and started writing valid specifications. Among compo-



Figure 5: Card-based mode of authoring tool. Users can add new
cards by clicking buttons, where each card represents a component.
Users can configure internal content to modify component settings,
and connect cards with lines to represent their relationships.

nents, Selection received relatively lower learnability ratings, which
participants (P9) attributed to our new abstraction over interaction,
while Query and Encoding were perceived as SQL-like and simi-
lar to Vega-Lite, respectively. For inter-component relationships,
participants (P1–11) generally found the pipeline consistent with
common visualization workflows, which may reduce the learning
burden. Participants also spoke positively of the authoring tool: most
participants primarily used the card-based editor and found it helpful
for understanding the JSON-based grammar. P9 and P12 noted that
“It makes relationships clear, while the JSON format is less intuitive.”
Importantly, all participants confirmed the consistency between the
two representations. This also suggests that the authoring tool can
serve as a useful bridge before users become fluent in the grammar,
further supporting the learnability of our approach.

Usability. Overall, participants gave high ratings for ease of use
and iteration support. P1 and P6 noted that, compared to Vega-Lite,
the clearer separation of pipeline stages can improve extensibility
and iterability, albeit at the cost of some conciseness. Our D3.js re-
production attempt suggests substantial overhead for implementing
comparable behaviors in a general-purpose toolchain. Consistently,
some participants (P1, P2, P6) commented that similar trajectory-
specific behaviors may be non-trivial to achieve in Vega-Lite or
ECharts without advanced features. Together, these remarks suggest
that TrajGram’s trajectory-oriented abstractions can reduce author-
ing overhead and provide distinct usability benefits.

Figure 6: 7-point Likert ratings (1–7) of inter-component and 3 inner-
component learnability, iterativity, and uasbility (mean ± SD).

7 DISCUSSION AND LIMITATIONS

This section discusses the implications and limitations of TrajGram.
While the design space primarily focuses on 2D trajectory visual-

ization, the underlying categorization can be extended to accommo-
date 3D trajectory visualization to a certain degree.

A Pioneering Declarative Grammar for Trajectory Visualiza-
tion. To the best of our knowledge, TrajGram is the first declarative
grammar designed for trajectory visualization. Declarative grammar
has been widely adopted in charting [47] and tree visualization [34]
but not yet been explored in trajectory visualization. TrajGram in-
troduces this paradigm to trajectory data and offers a practical and
extensible solution for both academic and industrial use.

Toward Artificial Intelligence for Spatiotemporal Visualiza-
tion. This work serves as a first step toward artificial intelligence for
spatiotemporal visualization. While AI-driven visualization showed
promising results in the context of tabular data [57,60], its extension
to spatiotemporal data remains underexplored due to the data’s in-
herent complexity [20]. By articulating a structured design space,
our study provides a foundation for future research that integrates
machine learning with trajectory and spatiotemporal visualizations.

Limitations. While TrajGram offers a flexible and extensive
approach to trajectory visualization, it also has several limitations.
First, the system faces scalability pressure in both data processing
and rendering when handling large-scale trajectory datasets. The
data-processing bottleneck can be mitigated by deploying queries on
a Node.js backend and streaming reduced results to the client, help-
ing preserve interactive latency. The rendering bottleneck, however,
remains due to browser memory limits when the dataset exceeds
available memory; future work could address this with progressive
rendering. Second, as a proof-of-concept system, the current imple-
mentation supports a relatively limited set of data transformation,
visual encoding, and interaction functions. As more are introduced
in future development, the detailed grammar specifications may need
to be iteratively updated and extended.

8 CONCLUSION AND FUTURE WORK

In this study, we introduce a declarative grammar TrajGram to ad-
dress the challenge of developing interactive trajectory visualizations.
Our approach begins with an extensive review of existing trajectory
visualization techniques and visual analytics approaches. We clas-
sify and summarize them and condensed a design space containing
three dimensions (interaction, transformation, and display). Leverag-
ing this, we propose a declarative grammar that allows users to easily
and intuitively design and create interactive trajectory visualizations.
The usability, learning curve, and effectiveness of TrajGram are vali-
dated through usage scenarios, user study and performance analysis.
In the future, we aim to enrich the specific functionality within our
framework by expanding the repertoire of transformation operations,
display techniques, and interactions.
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