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ABSTRACT

Unregistered illegal facilities that do not qualify for chemical pro-
duction pose substantial threats to human lives and the environment.
For human safety and environmental protection, the government
needs to figure out the illegal facilities and shut them down. A new,
convenient, and affordable approach to detect such facilities is to
analyze the trajectories of hazardous chemicals transportation (HCT)
trucks. The existing study leverages a machine learning model to
predict how likely a place is illegal. However, such a model lacks
interpretability and cannot provide actionable justifications required
for decision-making. In this study, we collaborate with HCT experts
and propose an interactive visual analytics approach to explore the
suspicious stay points, analyze abnormal HCT truck behaviors, and
figure out unregistered illegal chemical facilities. First, experts re-
ceive an initial result from the detection model for reference. Then,
they are supported to check the detailed information of the suspi-
cious places with three coordinated views. We apply a visualization
that tightly encodes the geo-referred movement activities along the
timeline to present the HCT truck behaviors, which can help experts
finally verify their conclusions. We demonstrate the effectiveness
of the system with two case studies on real-world data. We also
received experts’ positive feedback from an expert interview.

Index Terms: Stay point, spatial-temporal analysis, hazardous
chemicals transportation, visual analysis.

1 INTRODUCTION

Chemicals are broadly used in many fields, including medical, in-
dustry, daily necessities, etc. Proper use of chemical materials can
benefit society, while illegal operations and transportation of chem-
icals, especially hazardous chemicals, may introduce safety risks
and even endanger the environment and human lives [64]. Gov-
ernments have devoted great efforts to finding out illegal facilities
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without qualification and registration by supervising the production
and transportation of chemicals [47, 48, 65].

One of the measures to supervise hazardous chemical transporta-
tion (HCT) trucks is to mandate the installation of GPS trackers
on these trucks [77]. Based on the truck trajectories, an intuitive
approach to finding illegal facilities is analyzing the stay points of
these trucks because the trucks need to stop for a while when loading
or unloading chemicals. Nonetheless, the prior works on stay point
analysis mostly focus on the location recommendation [66, 68, 76]
or transportation prediction [55, 71]. These studies cannot solve the
illegal chemical facility detection tasks in the HCT domain. Recent
research [77] infers the possibility of illegal loading and unload-
ing operations at suspicious stay points through a machine learning
model. However, the model can only provide a classification re-
sult of a place. Reliable detection and decision-making require
further human-in-the-loop analysis of the HCT trucks’ behaviors
and spatial-temporal contexts of the suspicious place.

When a stay point is detected, a comprehensive analysis workflow
is required to fulfill experts’ needs of inspecting the spatial-temporal
context of the stay point. Proposing an effective approach for reliable
detection and decision-making poses two challenges.

Finding suspicious facilities. Traditionally, government staff
needs to conduct in-person field inspections on the illegal facilities
that are reported through stay point detection. Analyzing the stay
points of HCT trucks considerably reduces efforts to find suspicious
facilities. To determine whether a stay point may be illegal, local
authorities can refer to a registered allowed list of chemical facilities
to check if that stay point is on the list. Simply filtering places that
are not registered can result in false positive identifications of ille-
gality at the large volume of stay points. The allowed list and Points
of Interest (POI) information on the available maps can be outdated.
For example, trucks may stop at a newly opened parking lot that has
not been registered on the allowed list, and such staying should be
allowed. Due to these reasons, simply filtering is not reliable, and it
is challenging to efficiently dismiss fake suspicious places. The map
context around the stay points offers rich information for inferring
the possible reasons behind the stop of trucks. An efficient approach
is required for supporting analysts to quickly go over a sheer amount
of stay points and determine whether a stay point is suspicious or
not based on an intuitive summary of the surrounding environment
and related spatiotemporal context.

Reasoning HCT trucks’ behaviors. The trucks’ behaviors, in-
cluding staying and moving activities, are important cues for dis-
covering illegal factories. For example, the staying duration can be
consulted to determine whether the truck is loading or unloading
chemicals or just stopping due to traffic congestion. The trucks’



movements also provide hints on whether the trucks take detours
to suspicious places. Moreover, the temporal patterns of the trucks’
stay points can reveal the regularity of transportation. Such behav-
iors demand a scalable and integrated spatiotemporal visualization
to support effective decision-making in locating illegal factories and
summarizing the patterns of unauthorized HCT activities.

To address the above challenges, we propose a visualization ap-
proach based on spatiotemporal stay point analysis. We collaborated
closely with domain experts to compile the design requirements for
HCT analysis and develop Helium, a novel visual analytic system
that assists the experts in detecting illegal chemical facilities based
on HCT trajectories. Helium comprises three coordinated views.
In the spatial view, experts can access an overview of suspicious
locations and investigate the surroundings of trajectories and stay
points. In the temporal view, a series of visualizations show the
POIs, staying duration distribution, and related trucks of the selected
stay points. In the activity view, Helium presents the truck’s trans-
portation activities by tightly combining geo-referred movement
activities and the timeline. We also report several cases based on
real data, and the results were confirmed by experts.

The contributions of this work are as follows: 1) We summarize
the domain requirements of detecting illegal chemical facilities by
deeply collaborating with experts. 2) We design a visual analytics
system named Helium that facilitates domain experts’ decision-
making for identifying illegal chemical facilities. The system em-
beds a novel design for spatial-temporal trajectory visualization,
which can reveal trucks’ transportation patterns. 3) We demonstrate
the effectiveness and efficiency of Helium through two case studies
conducted on real-world datasets and an expert interview.

2 RELATED WORK

2.1 Urban Data Visualization
Urban data visualization has long been studied and applied in various
urban applications [4, 13, 18, 75]. Existing urban visualizations can
be divided into spatial, temporal, and spatial-temporal based on
which characteristics are displayed and analyzed.

Spatial visualization aims to provide a spatial context and se-
mantics for urban data. Zheng et al. [75] further categorized spatial
visualization for urban data into point-, line-, and region-based.
The point-based visualization depicts location (e.g., houses [59],
stores [57], and station) with dot-like elements (e.g., circles [16, 28]
and glyphs [17]) according to their geographic positions. Based on
point-based visualizations, Kernel density estimation (KDE) is popu-
larly used to obtain a continuous and smooth geographic distribution.
The line-based visualization is suitable for plotting urban data with
linear characteristics, such as trajectories and bus routes [40,58]. The
region-based visualization is usually for space division, for example,
choropleth maps [27]. In our study, we leverage point-based visual-
izations for large-scale stay points and line-based visualizations for
the trucks’ behavior over urban space.

Temporal visualization enables time-oriented analyses of urban
data. To do that, urban data is encoded along various types of
timelines, such as radial [38] and linear [19], to reveal the temporal
variation. Due to the importance of geographic context, temporal
visualizations in urban analysis are oftentimes associated with spatial
visualization to provide in-depth analysis in a spatiotemporal context.
Such an association constitutes spatiotemporal visualization.

Spatiotemporal visualization demands the appropriate encod-
ings of multi-dimensional heterogeneous temporal and spatial infor-
mation. They can be divided into linked and integrated views [52].
In linked views, spatial and temporal information are visualized in
different views separately [11, 69, 70, 72, 73]. The views are coordi-
nated with flexible interactions to enable analysis. In this way, users
can fully unfold the spatial or temporal patterns. The disadvantages
of linked views are that users have to switch frequently between
different views and thus suffer from the context switching costs [7].

In integrated view, spatial and temporal visualizations are tightly
combined in the same view such that users can analyze spatial and
temporal patterns in the same context [15, 32, 61, 63]. Trajectory
visualization is the most related to our study. Each trajectory is
formed by a set of time-stamped locations connected in time order
and thus has spatial-temporal information. Linked views are popular
in revealing the temporal variation along trajectories. For example,
Lu et al. [41] coordinated a geographic map and a Sankey diagram to
investigate trajectories’ travel times along road segments. Ferreira et
al. [21] designed an interactive interface that enables users to query
taxi trips and reason spatial and temporal patterns.

No existing integrated visualization can tightly combine time-
dependent behavior and temporal variation in trajectories with ge-
ographic context. Such a combination is particularly intuitive and
effective in analyzing the transport behavior of trucks. To fill the
gap, we propose an integrated spatiotemporal visualization, which is
a two-dimensional coordinate system where geo-referred movement
activities can be tightly encoded along the timeline.

2.2 Stay Point Analysis

Stay points in trajectories reflect the staying patterns of mobility.
Stay point detection is commonly used in trajectory data prepro-
cessing and mobility pattern mining [29, 30, 74]. Analyzing stay
points is one of the most closely focused topics in urban comput-
ing [74] and visual analytics [13]. Li et al. [34] first introduced
an algorithm to detect stay points in a trajectory. Then, several
works [66, 67] utilize density clustering approaches to detect stay
points more effectively. Subsequent studies adopt such detection
methods for different applications in diverse scenarios.

Data mining methods on stay point analysis enable many appli-
cations to find hot spots and then properly adjust urban resources
[49,62,68]. Moreover, stay point analysis can help model movement
behaviors [14,43] and further infer the place semantics [6] or trip pur-
pose [36]. Similar to finding patterns, revealing anomalies through
stay point analysis also attracts researchers’ attention [25, 26, 77].
For example, Hu et al. [26] introduced SALON, a platform for uni-
versal stay point detection and presentation. They provided a case
about abnormal location discovery by straightforward filtering the
allowed list locations on stay points. Zhu et al. [77] further explored
the abnormal location detection problem. They proposed ICFinder
to classify whether loading/unloading events occur, and conclude the
illegality possibility of a suspicious location. However, these works
are limited in explanation and not enough for in-depth human-in-the-
loop analysis on stay point discovery of complex circumstances.

Visual analytics approaches, combined with data mining meth-
ods, empower flexible exploration on stay point analysis [5, 6, 46].
Andrienko et al. [5] proposed a framework that involves human
perception in mobility pattern extraction. When extracting signif-
icant places, they visualized the staying time of individual places
on maps and enabled users to make decisions with geographical
context. Based on vehicle GPS trajectory data, many studies utilize
visual analytics approaches for diverse purposes, such as trajectory
query [2, 21], traffic jam analysis [33, 56], and location placement
decision-making [37, 59]. A series of interactive visual analytics
systems [9,10,23] were proposed in VAST challenge [60] to support
experts’ visual exploration on finding vehicles’ abnormal activities.
In these works, the stay points are fixed sensor stations, so the place
semantics and locations of stay points are known. This is different
from our scenario because we need to figure out illegal facilities
among all the stay points with unknown place semantics. In our
work, a stay point in one trajectory is the location cluster where a
HCT truck stays in a small area for a period (see details in Sec. 3.1).
Previous work [6] has proposed approaches to infer personal place
semantics among stay points, but it is not suitable for the domain of
illegal chemical facility detection, since the goals are different.

To enable experts’ exploration in the detection pipeline, we pro-
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Figure 1: The relationship of illegal facilities, POIs, suspicious places,
allow list facilities, other places, and L/U locations.

pose a comprehensive visual analytics approach for reliable decision-
making, which is equipped with an existing classification model [77].
We first abstract the domain problem as stay point analysis and then
designed a novel visual analytics transportation system to assist
experts in detecting illegal facilities. The system tightly integrates
spatial and temporal analysis of stay points in transportation trajecto-
ries and enables experts to do reliable decision-making on suspicious
places that are potentially illegal facilities.

3 BACKGROUND

3.1 Background Knowledge
Hazardous chemicals have huge potential risks to human lives and
the environment [54]. Thus, hazardous chemical transportation
must be strictly supervised by the government. According to the
government stipulation, specialized trucks that transport hazardous
chemicals must be equipped with a positioning system supervised
by the government, like GPS [39, 77]. Through the logs of the
positioning system, government supervisors can monitor HCT truck
movements. These trajectory data provide a straightforward and
intuitive demonstration of the hazardous chemicals supply chain.
When a HCT truck loads or unloads chemicals, it stops somewhere
for a while. Therefore, if a truck came to/from illegal facilities, the
illegal positions should be among the stay points in the trajectories.
A stay point is the area where a truck stays in a small spatial range
for a period. We use the centroid position of the area to represent
one stay point in this work. Except for the places where a truck loads
or unloads chemicals, some of the stay points can be a parking spot,
petrol station, or rest area on the highway. To clearly distinguish the
identification of different positions in the problem, we use 5 terms
to describe a place (Fig. 1):

Point of Interest (POI): the place on the map without geographi-
cal significance but other functions, such as restaurants, etc. Several
stay points in HCT truck trajectories can belong to these positions.

Loading/Unloading (L/U) Location: the place where one HCT
truck loads or unloads chemicals. This may be a chemical produc-
tion factory, processing plant, or place where chemicals are used,
such as a school, scientific research institution, hospital, etc. Load-
ing/Unloading locations can be either legal or illegal. HCT trucks
usually take a U-turn in such places [77].

Allowed List Facility: the place where chemical production,
processing, storage, or use is registered and approved. They are
known POIs and also legal Loading/Unloading locations.

Illegal Facility: the place where chemical production, processing,
storage, or use is not registered or permitted. This is the illegal Load-
ing/Unloading location. Opposite to the allowed list facility, these
facilities are not qualified to handle chemicals, which, therefore,
need to be checked and shut down.

Suspicious Place: the place is possibly an illegal facility but re-
mains not verified. It is initially detected to be a Loading/Unloading
location by the model [77] and not near an allowed list facility. How-
ever, these two conditions are not enough to identify the place as
an illegal facility, because the model result has uncertainty (Fig. 1).
This kind of place is the target that experts need to analyze further.
For instance, if the model indicates a place has suspicious L/U activ-
ities, it is still not clear whether the place is an illegal facility or just
a newly opened parking lot that is not updated in the POI list.

Ideally, when experts find a suspicious place, they can check
it through the satellite view and street view of a map so that they
can judge the facility according to the images of the surroundings.
However, these views cannot be updated in real-time according to

the policy [22], making it inaccurate to only use maps for illegal
factory identification. Besides, some illegal facilities do not produce
chemicals or own obvious devices, but they will hoard chemicals
covertly, which is difficult to spot from the outside. Therefore,
inferring whether a place has anomalous loading or unloading events
is a better indicator of illegal activity.

3.2 Data
We preprocess the original HCT truck GPS data from Nantong, a city
that has a developed chemical industry in China, for the following
study and visualization. The data records 4243 trucks affiliated with
Nantong in October 2020. Except for trajectory data, we also hold
a POI list of Nantong for geographical range search. Moreover,
we possess an allowed list of chemical facilities provided by the
government, where the data includes facility names and locations.

We take apart the trajectory into segments at 0 a.m. each day,
because for safety, HCT trucks should be off the road between 0
and 6 a.m. on the next day, according to the government stipulation.
Each trajectory has a sequence of GPS points with longitudes, lat-
itudes, and timestamps. We utilize the classic stay point detection
method [34] and density clustering method [66] to extract stay points.
The default distance and duration threshold is 100 meters and 10
minutes. Experts can adjust the methods and parameters on demand.
Each stay point contains several original GPS points. With these
original GPS points, we can access the (a) start time, (b) end time,
(c) stay duration, and (d) turning angle of each stay point. We also
calculate the driving duration between each two near stay points.

4 METHOD OVERVIEW

In this section, we report the collaboration with domain experts, sum-
marize the user requirements, and introduce the overview structure
of the proposed visual analytics system.

4.1 Requirement Analysis
We collaborate with two domain experts on supervising HCT. Both
of them have rich experience in this domain. EA is an experienced
product director who has been participating in the HCT supervision
project for three years. EB is one leader of the project who has been
participating in the project for more than four years.

The design study follows the 9-stage methodology proposed by
Sedlmair et al. [50]. In Winnow and Cast stage, we presented
the intuitive spatio-temporal visual analytics cases on trajectory
data [21, 24, 41] to our collaborators, showing that the approach
is more intuitive and flexible compared to only relying on model
results. Then, in Discover stage, we learned the knowledge of HCT
supervision and abstracted the problem as stay point analysis. To fur-
ther explore the design requirements of the problem, we conducted
regular meetings with the collaborated experts for three months. The
experts provided typical cases in the past, showing how they found
illegal facilities by filtering stay points, which are L/U locations
classified by the model [77], from the allowed list facilities.

They also introduced the difficulty in finding suspicious places
among ambiguous stay point detection. We discussed iteratively
and proposed a three-stage analysis workflow to achieve the illegal
facility detection goals: in the first stage, experts need to locate a
suspicious place for further detailed analysis; then in the second
stage, they investigate the detailed information about the selected
stay points and make the initial judgment; and finally, they infer
the illegal chain through the relevant HCT behaviors and spatial-
temporal contexts. The workflow is not acyclic because experts can
combine the discovery in each stage as a reference for the conclusion.
We discussed iteratively and summarized the user requirements for
visual analytics as follows:

R1: Obtain the geographical distribution of the potential
illegal facilities. The model calculates the loading/unloading prob-
ability of each location cluster of multiple nearby stay points. Vi-
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Figure 2: The system architecture of Helium. Helium consists of four modules, namely, (a) data storage, (b) server, (c) model, and (d) visualization.
Experts can visually analyze suspicious places in Helium through flexible interactions.

sualizing model results can provide experts with visual guides to
the suspicious places that have possible illegality. Through effective
visualizations, experts can first investigate those areas with high
loading/unloading probability or dense suspicious places. The sys-
tem should also provide the surrounding geographical context of the
investigated places, like the POI information, which can help experts
infer the POI category of such places. Moreover, experts expected
a more flexible clustering method. The existing clustering in the
model was decided by a DBSCAN algorithm with fixed distance
and density parameters. Given that the distribution of chemical facil-
ities is diverse in different city areas, experts need to first manually
cluster stay points under some circumstances and then access the
loading/unloading probability.

R2: Summarize temporal patterns of HCT trucks’ behavior.
After selecting one suspicious place, for further analysis, experts
need to know the staying records of all the HCT trucks related to
that place. They hope to obtain the summary of staying records
per truck in an intuitive way because the same HCT truck usually
has constant temporal staying patterns. From such patterns, experts
can know when the suspicious place is often open for trucks and
how long trucks usually stay. This is important to exclude normal
POIs from suspicious places. For example, several HCT trucks
stay at a place for a while during mealtime. Although the place
seems suspicious according to the preliminary filtering, the historical
temporal information suggests that it might be a newly opened
restaurant, but the POI information is not updated.

R3: Abstract HCT trucks’ spatial behaviors related to the
suspicious place. Except for temporal patterns, experts also need to
observe the trajectory detail of the HCT trucks that have been to the
suspicious place. They require intuitive and effective visualizations
for trajectories. Through such visualizations, experts should access
the truck’s behavior patterns and know the HCT events.

R4: Correlate locations and verify the transportation chain
through historical trajectory data. With analysis being further,
experts might regard a suspicious place to be an illegal facility.
Under such circumstances, experts need to mine more clues with
the known information and collect gist for field investigation. The
HCT records of the trucks that have been to the regarded illegal
facility require more checking. The system should enable experts
to access all relevant milestone nodes in trajectories, including the
origin, loading/unloading places, and destination.

4.2 System Overview

Guided by the user requirements, we propose Helium, a visual
analytics system that enables experts to analyze illegal chemical
facilities. Helium consists of four modules: data storage, server,
model, and visualization system (Fig. 2).

The data storage module stores all the data, including the POIs,
the allowed list facilities, and the original GPS points of the HCT
truck trajectories that are affiliated with Nantong. The server module
includes data cleaning, geographical range query, and stay point
detection. Experts can configure the processing methods and param-
eters on demand. The model module provides the loading/unloading
probabilities of stay point clusters. Experts can adjust the input
cluster of stay points to model and obtain the new inference result in
real time. The visualization module contains three views, namely,
spatial view (Fig. 6 (a1)), temporal view (Fig. 6 (a2)), and activity

view (Fig. 6 (a3)). Experts can interact with these coordinated views
to explore suspicious places, analyze abnormal HCT truck behaviors,
and figure out illegal chemical facilities.

The data storage module is conducted on a cloud server. Functions
like geographical range query and stay point detection are partially
supported by JUST [35]. We implement the model by Python and
XGBoost [12]. The web-based visual analytics system is based on
React.js, Mapbox GL JS, D3.js [8] and G2.js.

5 MODEL

This section introduces the main idea of the loading/unloading detec-
tion model in ICFinder [77], why we choose it, and how we leverage
it in visual analytics.

The limited number of labels makes it impossible to train an ef-
fective classification model directly for identifying illegal hazardous
chemical facilities. Since the HCT trucks have to stop when load-
ing/unloading(L/U) hazardous chemicals, ICFinder [77] proposed
a detection method based on the stay points. In particular, the L/U
locations that are not on the allowed list have a high potential to
be illegal chemical facilities. There are two main parts in ICFinder,
Candidate Location Discovery and Illegal Facility Detection.

Candidate Location Discovery generates candidate locations
from HCT trajectories with three steps. First, noise filtering removes
the outlier GPS points in the HCT trajectories, i.e., the points would
be removed if the speed is higher than 130km/h. Second, stay point
detection extracts all stay points based on a spatial clustering algo-
rithm [34, 66]. Finally, location discovery generates the candidate
locations based on the DBSCAN clustering of the stay points [20].

Illegal Facility Detection detects illegal facilities with proba-
bility. It also comprises three steps. First, location labeling labels
the candidate illegal locations based on the allowed list and domain
knowledge. Second, feature extraction extracts behavior features
of HCT trajectories. Both legal and illegal chemical locations have
loading/unloading events, but many of their features are very dif-
ferent. Therefore, the extracted features should be shared at both
legal and illegal chemical facilities, but at the same time, are very
different from the Non-L/U locations. As a result, ICFinder extracts
two features, including duration and turning angle, and a context
feature, the embedding of delivering goods to detected L/U loca-
tions. Finally, illegality ranking employs XGBoost [12] to train a
classification model and then ranks the probabilities of candidate
locations to detect illegal facilities. The higher the probability value,
the more possible one place has loading/unloading events.

Combined with the known allow list, this classification model
is more straightforward in identifying L/U activities at stay points
than trajectory pattern mining models, like LEAD [39]. Moreover,
this model is quantitatively better than other related models and
has been verified in real usage scenarios [77]. Thus, we use the
model result and the allowed list as references for users to locate
suspicious places, which is an initial input for the following visual
analysis and exploration. Experts can adjust the model input through
manual clustering, which depends on domain knowledge and specific
geographical context, and then obtain a new result (R1).

6 VISUAL DESIGN

This section introduces the visual design of Helium. We first explain
design details about the three coordinated views and then introduce
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the interactive analyzing workflow of Helium.
6.1 Spatial View
The spatial view provides a geographical overview of stay points,
trajectories, and geographical contexts (Fig. 3).

The main component of this view is a map with several functional
layers. The map contains two styles for experts to choose on demand:
street style and satellite style (Fig. 3 (a, b)). We present correspond-
ing icons of different POI categories on the map. Experts can set
the visibility of POIs in the layer configuration panel (Fig. 3 (a3)) so
that they can be aware of the surrounding environment (R1).

We visualize L/U probabilities of stay points in a heatmap
(Fig. 3 (c)). The darkness of color encodes the value of L/U probabil-
ity. The redder one place is, the more probably L/U events occurred
in the place. We overlay the heat map on the map so that experts can
perceive the distribution of potential illegality and quickly locate
those suspicious places from the heat map visual guide (R1). We
also provide experts with a layer of original stay points, from which
experts can manually check the clustering results of the model and
adjust them if necessary. Given that L/U events can frequently occur
near the allowed list facilities, we also show allowed list icons in the
heatmap. Moreover, users can filter the places near the allowed list
facilities from the L/U probability heat map.

By default, we present trajectories in the original GPS locations
rather than map-matched locations (Fig. 3 (a2)). The reason is that
internal roads within the industrial parks cannot be well contained in
the road network dataset, which results in the flawed map-matching
near the stay points. Note that a “stay point” is not only a “point” but
can be a small area within which the moving range of HCT trucks
is smaller than the detection distance threshold [74]. The illegal
loading/unloading events are exactly hidden in such trajectories.
Therefore, these trajectories near or within the stay point area are
an essential reference for experts to judge the HCT trucks’ behavior
(e.g., turning details). Within trajectories, stay points are visualized
as markers with different styles according to their types (Fig. 3 (a1)).

6.2 Temporal View
The temporal view presents temporal statics about the staying events
in the focused suspicious place. After experts select one suspicious
place for further analysis, the temporal view will pop up from the left.
This view has three parts to display temporal information (Fig. 4).

Time distribution. A histogram visualizes the distribution of all
the stay points’ duration (R2) at the place (Fig. 4 (b)). Experts can
brush the distribution to filter for further analysis. For example, they
can decide the filtered duration according to the specific cases, such
as whether HCT trucks load or unload chemicals for a while or park
for a long period. By default, all the stay points will be selected.

Trucks’ statistics. Helium groups filtered stay points by HCT
truck IDs (R2). A lineup chart shows the rankings of HCT trucks’

U-turn

short long
Staying Duration

Staying Freqency

L/U Probability

Staying Duration Distribution
x: duration range y: num of staying

Trucks' Statistics

HCT Calendar

a

b

c

d

f

e

Figure 4: The temporal view in Helium. (a) The L/U probability. (b) The
distribution of stay points on staying duration. (c) Statistics about the
related HCT trucks. (d) When users select one truck, a HCT calendar
displays details about the truck’s staying behaviors per day. (e) When
users hover over one date, a card presents the staying events within
that day. (f) The visual encoding of the calendar unit.

stay frequency in the selected suspicious place (Fig. 4 (c)). Specifi-
cally, we provide two criteria for experts to rank: the quantities of
stay points near the suspicious place and the days staying events
occur at the suspicious place. With the ranking list, experts can
select trucks for further checking.

HCT calendar. After the selection of one truck, a calendar will
be visible (Fig. 4 (d)). The calendar presents the staying details
by dates, as the trajectories are taken into segments at 0 a.m. (see
Sec. 3.2). Considering the HCT truck’s behavior contains multiple
attributes, we choose the glyph-based visualization to present these
data since such designs are effective [37,58]. Each date unit is shown
as a rectangle, with three visual element encoding (Fig. 4 (f)).

First, the orange border visibility encodes whether the truck
makes a U-turn at this place. According to the domain knowledge,
when trucks load or unload chemicals in one place, most of them
will take U-turns at the chemical facility. If the turning angle of
trajectories in the suspicious place is acute, the rectangle will be
bordered. If the truck stays more than once on one day, the rectangle
will be bordered if one of the stayings has an acute turning angle.

Second, the color darkness of the rectangle encodes the sum of the
staying duration. The longer the duration is, the darker the rectangle
is. Third, the rectangle size encodes the frequency of the truck
staying at the suspicious place in one day. This design is motivated
by the findings that some trucks will stay in one place more than
once. Each unit is interactive. For example, the hover interaction will
pop up a tooltip (Fig. 4 (e)) about the staying temporal distribution
chart in one day, where the colored blocks represent the staying time.
The orange color encodes whether there is a U-turn during the stay.
Moreover, the click interaction can lead to the highlight trajectory
presentation of the day in both the spatial view and the activity view.

6.3 Activity View
The activity view visualizes trucks’ activities during hazardous chem-
ical transportation (Fig. 5). It consists of two parts: the transportation
activity chart (Fig. 5 (a)) and the staying cluster panel (Fig. 5 (b)).

The transportation activity chart tightly integrates the Eu-
clidean distance from each stay point to the suspicious place and
temporal interval events of trucks’ moving and staying. Such spatial
and temporal contexts can facilitate the understanding and reasoning
of trucks’ behaviors (R2, R3). Particularly, the tight connection
of relative distance and absolute time information can intuitively
demonstrate the moving and staying events, indicating whether the
suspicious place is an origin, destination, or passing-by place.

Alternative designs. To present such spatial-temporal contexts,
we have considered several alternative designs that can be divided



into linked views and integrated views.
Linked views. Some studies combine temporal visualizations with

maps to explore regular moving patterns [3, 42], but such linked
views require users to switch frequently between multiple views,
which increase the exploring costs [7].

Integrated views. Another idea is to encode the moving and
staying duration as charts or glyphs over the map. However, such
overlaid visualizations suffer from overlapping at one place if there
is more than one staying event. Moreover, the position of the mov-
ing duration presentation is hard to decide because, unlike staying
duration, moving duration describes the time interval of a trajec-
tory between two points rather than one single point. The Gantt
chart [1, 31] or flow-like designs [44] can clearly display the dura-
tion of moving and staying events but lack considerations on the
spatial distance presentation. Storyline-like visualization [53] can
present positions of different times, but such design more likely
encodes categorical locations rather than the numerical distance
vertical. Marey’s graphs employed for bus or train schedules can
address distance encoding [45]. In Marey’s graph, the y-axis plots
stations by distance, and the x-axis represents the timeline. The
distance between the two stations is reflected by their vertical dis-
tance. We adopt an extended design of Marey’s graph by considering
that stay points can appear in the trajectory as stations but are more
arbitrary, compared to sequential places.

Visual encodings. Motivated by the domain requirements and the
weakness of alternative designs, we design a transportation activity
chart (Fig. 5 (a)) to illustrate the spatial-temporal information of
trajectories in a 2D space. First, the horizontal axis is a timeline
of one day, where the start point represents 0:00, and the endpoint
represents 24:00. Second, different from the distance encoding of
Marey’s graph, the vertical axis plots stay points according to their
Euclidean distances to the suspicious place. Each stay point has
two timestamps: start and end staying. Thus, a staying event in one
stay point is visualized as a horizontal line segment. The start and
end horizontal coordinates of the line segment are decided by the
start and the end timestamps of staying. The slashes represent the
truck’s moving. To provide experts with an overview of the staying
events in the suspicious place, we present the distribution of staying
duration absolute time on the horizontal axis (Fig. 5 (a1)).

The staying cluster panel presents the HCT milestones among
trucks’ trajectories. According to experts, one HCT truck usually
has similar moving and staying patterns, such as frequent staying
places, every day. Thus, we cluster all of the truck’s stay points in
geographical locations by the DBSCAN approach to summarize the
HCT chain (R4). To access a proper number of stopovers, according
to our internal test, we choose the minimum samples as 5 and the
maximum distance between two samples as 100 meters in DBSCAN.
We rank the places by their occurring frequency in trajectories and
provide milestone labels, like origin, stopover, and destination, based
on their occurring orders in trajectories (Fig. 5 (b)). We also provide
the query results of whether the place is near the allowed list facilities

and the name of the nearest allowed list facility.
The transportation activity chart and the staying cluster panel

share the same color encoding. In the transportation activity chart,
the horizontal line segments representing the staying events are
encoded as the cluster color or grey in non-clustered locations. The
grey slashes represent the moving events. When experts select (hover
or click) the specific segment in the activity view (Fig. 5 (a2)), the
system will highlight the relative trajectory segments in the activity
view and spatial view (Fig. 5 (c)), as well as the calendar unit in the
temporal view. Besides, experts can locate the clustered place in the
staying cluster panel (Fig. 5 (b1, c1)).

6.4 Interactive Analysis Workflow

With the three coordinated views, the whole analysis workflow fol-
lows the Visual Information Seeking Mantra: “overview first, zoom
and filter, then details on demand” [51], introduced in detail below.

Locate the suspicious place. First, the expert can access an
overview of L/U probabilities from the heat map in the spatial view.
Then, experts can zoom in on the map to see details about a target
area, where all the individual stay points of this area are visualized
in different clusters. If the calculated cluster area is incorrect, for ex-
ample, stay points in different blocks are clustered together, experts
can manually cluster stay points by drawing a polygon on the map.
Moreover, experts can set the visibility of different layers (like POIs,
stay points, etc.) in the spatial view on demand.

Obtain related HCT trucks’ temporal patterns. When experts
choose one cluster, the temporal view will pop up. Experts can filter
a specific range of staying duration in the bar chart. All the stay
points in the cluster are selected by default. After that, Helium will
show the filtered trucks in the HCT truck panel. By checking the
HCT calendar of individual trucks, experts can know the number of
stays, the turning angles, and the staying duration at the suspicious
place. Then, they can investigate those suspicious records for further
spatial-temporal analysis in the activity view.

Check HCT activities in spatial-temporal contexts. Experts
can interact with the activity view by clicking and hovering. When
experts click one moving or staying event in the transportation ac-
tivity chart, Helium will navigate the viewport of spatial view to
the selected trajectory or stay point so that experts can check the
shape of trajectories, the positions, and the surroundings (Fig. 5 (c)).
When they hover over one staying event, a tooltip will show details
(Fig. 5 (a3)). Moreover, experts can access the details about trucks’
frequently staying places in the staying cluster panel and investigate
these places (Fig. 5 (b1,c1)).

7 EVALUATION

To demonstrate the effectiveness and usability of Helium, we eval-
uated the system with two case studies and an expert interview.
We run the system on a PC with a 1.80GHz Intel(R) Core(TM) i7-
10510U CPU and a 1920*1080 screen. We use a real-world HCT
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truck dataset, which includes 4,243 trucks’ 202,536 trajectories and
297,085 stay points (detected by [34], see Sec. 3.2) in one month.

7.1 Case Study
We invited experts EA and EB in Sec. 4.1 to join the case study. First,
we introduced the system including visual encodings, coordinated
views, and user interactions to both experts. After ensuring that
they were familiar with the system operation, we invited them to
explore Helium freely. They were encouraged to speak out about
their findings during the exploration. We recorded their findings in
the study and summarized them as follows. We provide the demo
videos for both case studies in the supplementary material.

7.1.1 In-depth Analysis of Suspicious Places
EA first filtered the stay points by the allowed list in the spatial
view (Fig. 6 (a1)). Then, she located one red area in the remain-
ing heatmap, which indicates the place had a high L/U probability
(Fig. 6 (a4)). “This region is filtered by the allow list but has a
high L/U probability, so it seems suspicious.” She opened the satel-
lite layer to investigate the environment and surroundings of the
suspicious place. However, there seems to be no apparent factory
buildings. To learn more information about this place, she clicked
the cluster of the stay points in this place. Then, Helium popped the
temporal view on the left (Fig. 6 (a2)). EA noticed that there were
137 stay points in this place, and these stay points had a distribution
of diverse staying durations. As shown in the truck’s statistics panel,
these stay points were mainly generated from 3 trucks. All of these
trucks had more than 20 days recorded staying in the place and high
staying frequencies. EA selected the first truck and investigated its
transportation activities in the activity view (Fig. 6 (a3)).

She found that the truck mainly stayed at this place during 0:00 -
6:00 and during 19:00 - 24:00. According to government law, during
such time, HCT trucks were not allowed to be on the street. To check
other staying activities, EA clicked one of the lines during 6:00 -
19:00 on the horizontal axis. The highlighted transportation activity
polyline illustrated that the truck started its HCT driving from this
place, and after visiting several allow list facilities (Fig. 6 (a5, a6)),
it returned to this place again. The other days also show the same

pattern (Fig. 6 (a7)). EA investigated the chemical-producing qualifi-
cations of these allow list facilities in an inner system affiliated with
the supervising department and found that all these facilities produce
resin or oil paint. She kept on checking other trucks and got similar
patterns. This pattern indicates all the related trucks transported
similar chemicals to the suspicious place. Thus, EA inferred “This
place might be an unregistered storage warehouse for resin or oil
paint. It requires a field inspection and further check.”

This case study shows that Helium can extend experts’ workflow
for in-depth analysis of suspicious places. After knowing the model
result, the interactive system enables experts to grasp trucks’ staying
behaviors and transportation details through visual patterns. The
human-in-the-loop analysis provides experts with more reliable and
reasonable justifications for decision-making.

7.1.2 Reconsidering Model Results

EB was attracted by a red area on the heatmap (Fig. 6 (b1)). After he
filtered the allowed list, the red area remained in the spatial view. If
EB followed the old filtering-based detection method, the detection
was done, and the place needs to be reported as an urgent warning
place for an in-person field survey. However, in Helium, EB could
keep on deeper analysis of the place.

EB zoomed in on the map and found that the initial area clustered
by the rule-based DBSCAN algorithm seemed not reasonable be-
cause some of the stay points in this cluster were on different sides
of a crossroad. Given that illegal L/U activities cannot occur on dif-
ferent sides of the road, he investigated the distribution of stay points
in the spatial view, and then he drew a polygon to manually make
a reasonable cluster. With the temporal view popped up, EB found
there were 11 trucks related to the place (Fig. 6 (b5)). Among these
trucks, he noticed that all of the trucks had a round 0.5-1 hour dura-
tion (Fig. 6 (b4)), and few staying frequencies (Fig. 6 (b5)). Then,
he selected several trucks and checked them in the activity view.
The chart showed that these trucks usually stayed at the suspicious
place for a while around 10:30 and 13:30, or during 16:30 to 18:00
(Fig. 6 (b6)). After checking the above content, EB tended to put
this place as a weaker warning for an in-person field survey, because
these patterns indicated the staying events at this place might be on



account of the meal time.
EB stated that he had gotten fake positive detection results from

the model before. Some of those places turned out to be newly
opened POIs (like restaurants, parking lots, or gas stations), or
streets that sometimes had traffic jams. If he can know the related
HCT trucks’ trajectories to such places, he could leave these places
as a lower priority for the in-person field survey. “Although we still
need to check these places in person, for safety, with what the system
reveals, we can leave more field survey opportunities and higher
priorities to the places that are difficult to judge just based on the
system, especially when we got lots of suspicious candidates.” He
admitted that field surveys required extra effort and working hours
and they preferred to finish them as efficiently as possible, and the
system could assist in multiple considerations for the model results.

This case study illustrates that Helium can assist experts in dis-
missing the possibly fake positive results from the classification
model. The transportation activity chart can provide experts with
embedded spatial-temporal information on HCT trucks’ trajectories
related to the suspicious place. With such information, experts can
make more granular inferences about suspicious places.

7.2 Expert Interview
After experts explored Helium, we interviewed them separately. We
collected experts’ feedback when they used the system during the
case study and summarized their comments.

Effectiveness. The experts both responded with positive feed-
back about Helium. They agreed with the system’s effectiveness
in finding illegal facilities because it can demonstrate the known
cases and find new suspicious alternatives for further analysis. 1)
EA was impressed by the visual analytics approach, “With the help
of this system, we can dig potential illegal facilities on the basis of a
more explainable and reasonable reference.” 2) EB mentioned that
Helium had provided necessary controls or adjustments of automatic
methods for domain experts so that they could fix some apparent
drawbacks in time. For example, due to the limitation of the cluster-
ing methods, some stay points cannot be clustered correctly. Helium
supports experts to manually cluster stay points based on their knowl-
edge about the place or real-world scenarios; for example, the stay
points related to one facility cannot be divided into a street or a river.
3) EA appreciated the whole workflow of Helium, “The visual ana-
lytics system provides a complete pipeline in finding and analyzing
the illegal places through HCT truck trajectories.” Although Helium
cannot absolutely conclude one place’s illegality, the coordinated
views in the system provide experts with a more comprehensive
decision-making context than a model inference result.

Intuitiveness. Both experts appreciated the intuitiveness of the
visualizations in the system. EA said, “The visual encoding of
date unit in the calendar can make me known the overview of daily
staying events.” EA also mentioned that the coordinated interactions
in the spatial view and activity view could avoid the visual clutter
and overlapping of the trajectory on the same road. Moreover, EB
thought highly about the activity view, “The chart in the activity
view requires some learning efforts, but it is beneficial to inspect
the behavior of the HCT truck in one day. With this chart, I can
intuitively access the staying duration, timestamp of staying, and
staying frequency of one trajectory.” EA agreed that the activity
view could clearly illustrate the HCT truck’s transportation event
sequence, “... the staying clustering panel indicates one truck’s
frequent HCT milestones, helping me summarize the HCT chains.”

8 DISCUSSION

Lessons Learned. The most important lesson we learned during the
collaboration with domain experts is not to filter information by prior
knowledge. As the second case illustrated, some suspicious places
might be fake positives, which increases the field survey cost. If EB
follows the traditional workflow, they will probably waste the efforts

for that field survey. It is important for users to explore and check
the original data flexibly when they access the result inferred by
automatic methods. Integrated visualizations act as good assistance
that can provide users the opportunity to investigate the suspicious
place in detail, combined with known spatial-temporal context.

Generalizability. First, Helium is a general visual analytics
system without a tailored design for specific cases. Although we
utilize the HCT data in Nantong during the design and development
process, the proposed visualization approach for illegal chemical
facility detection can also be applied in other cities. Second, the
visual analytics approach for stay point analysis is general for other
transportation visualization systems. Researchers can apply the
transportation activity chart (Fig. 5) to visualize the moving and
staying events in one trajectory, to summarize frequent staying be-
haviors based on the visual pattern of a horizontal line, and to check
transportation events from both spatial and temporal perspective. For
variable scenarios, the vertical axis can represent different meanings,
like distance to the destination or a specific place. For example, to
analyze whether a taxi takes a detour during the trip to the passen-
gers’ destination, the vertical axis of the transportation activity chart
can represent the distance to the destination.

Limitation and Future Work. There are several limitations to
this work. First, Helium lacks data about trucks’ affiliated companies
and HCT orders. These data can provide a more complete context
to infer the related chemicals of one suspicious place. However,
these data are sensitive and incomplete for now. Second, segmenting
trajectories requires more precise methods. We divide the trajectories
by 0:00 a.m. because HCT trucks are not allowed to drive on the
highway from 0:00 a.m. to 6:00 a.m. However, the trajectories can be
divided at a more fine-grained level, because a truck could have many
individual HCT drives in one day. How to do fine-grained trajectory
segmentation is worth further study. In the future, we will first
integrate more data if possible, like trucks’ affiliation to companies
and trucks’ HCT orders, for more comprehensive illegal chemical
facility detection and supervision. Second, we plan to explore more
usage scenarios of spatial-temporal activity visualization. Third,
we will further access trajectory segments from the original data by
semantic meanings, for example, dividing trajectories by allow list
facility or trucks’ affiliated companies.

9 CONCLUSION

This work introduces Helium, a visual analytics system for better
detection of illegal chemical facilities based on HCT truck trajectory
analysis. Through Helium, experts can explore suspicious places,
analyze abnormal HCT truck behaviors, and figure out illegal chem-
ical facilities. The system consists of a data storage and processing
server, a L/U inference model, and a web-based visualization inter-
face. In Helium, we propose a novel design to visualize HCT truck
trajectories, which can tightly combine the time-dependent behav-
ior and temporal variation in trajectories with geographic contexts.
We report two case studies and an expert interview to demonstrate
the effectiveness of Helium and the intuitiveness of visual designs.
This work provides the domain of HCT supervision with an intu-
itive visual exploration approach and a more reliable and reasonable
decision-making workflow, compared to their traditional one.
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