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ABSTRACT

Travel behavior analysis is crucial for various applications such as urban planning, transportation
management, social behavior analysis, and business intelligence. Owing to the wide use of mobile
phones, the massive cellular signaling data (CSD) provides us with an unprecedented opportunity
to investigate people’s travel modes. However, it is challenging to explore such massive CSD due
to its intrinsic sparsity, large size, and complexity. To fill this gap, we propose TMSeer, a visual
analytics approach to help domain experts explore CSD and analyze city-level travel modes of people.
Specifically, we first design an unsupervised method that combines rule-based heuristics (RBH) and
Gaussian Mixture Model (GMM) to infer travel modes from CSD. We also take advantage of GMM’s
characteristics to assess the uncertainty of inferred results. Then, we present novel visualizations
to enable interactive multi-level exploration of CSD and in-depth analysis of travel modes: a map
view with heatmaps to show the spatial distribution of urban traffic, a region view with hybrid radial
diagrams based on clock and directional metaphors to display the traffic of different travel modes at the
regional level; and a path view to visualize the detailed paths of different modes between regions. In
particular, an enhanced Sankey diagram is designed to visualize the details of the movement, together
with the novel band design to show the efficiency of travel modes in the path. We conducted two case
studies and expert interviews with domain experts to evaluate our approach. The results demonstrate

the effectiveness and usability of TMSeer in analyzing travel modes of people and urban mobility.

1. Introduction

With the fast development of the economy and tech-
nology, there have been various transportation choices for
people to travel to different places. Even within the same
city, people can travel between two locations via walking,
driving, taking a bus, or the subway. The in-depth analysis
of such traveling behaviors is crucial for many downstream
tasks like transportation management, urban planning, social
behavior analysis, and business intelligence. For example, to
solve the traffic congestion problems within crowded cities,
itis necessary to first understand the detailed travel behaviors
of different people from different regions at various time
periods [21]. When policymakers and urban planners de-
sign new policies to encourage people to travel by public
transportation or bicycle instead of driving, they also need
to gain a deep understanding of the detailed travel behaviors
of people [4, 3]. When business owners want to find the best
locations for their business, the traveling modes of people
around the locations can also help them make the optimal
decisions [39].

Various research has been done to analyze the travel
modes of people. The most straightforward way to investi-
gate the travel behaviors of people is to collect people’s feed-
back on their travel preferences via questionnaires or online
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surveys [4, 3]. But such methods are often time-consuming
and only provide limited rough information on people’s
overall travel preferences. It cannot enable a detailed and
accurate analysis of people’s travel modes across various
regions and time ranges. Then, with the availability of taxi
data, more research studies have focused on analyzing the
taxi data to gain insights into the travel behaviors of crowds
within cities. For example, Ferreira et al. [24] provided in-
depth insight into mobility patterns by analyzing taxi trips.
Du et al. [19] delved into the travel patterns of online taxis.
Compared with the traditional questionnaire or survey-based
methods, such approaches can help decision-makers and
urban planners gain a detailed understanding of how people
travel within cities via taxi. However, they cannot enable a
comprehensive analysis of other travel modes like bicycles,
walking, and subways.

Given the wide usage of mobile phones, cellular signal-
ing data (CSD) emerge as a particularly suitable choice for
analyzing travel modes. The massive volume of CSD data
enables extensive population coverage, capturing mobility
patterns across diverse user groups and geographic areas at
a relatively low cost. This wide coverage makes CSD an
invaluable resource for studying travel behaviors on a large
scale. Previous studies have demonstrated the utility of CSD
in travel analysis. For example, Aguiléra et al. [1] measured
the quality of service of Paris transit system. Gundlegard et
al. [26] estimated the travel demand based on CSD. Chiou
et al. [12] analyzed the home and work locations, and travel
purposes of people. However, they can not achieve a detailed
analysis of people’s travel patterns according to the travel
mode. By collaborating with telecommunication companies
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Figure 1: Motivation lllustration. (A) Cellular signaling data as
the main data source. (B) The goal is to analyze four regional-
level urban travel modes: car, bus, riding, and walking. (C)
The three major challenges addressed in this study.

and employing proper data anonymization techniques, we
aim to gain deep insights into the overall travel patterns of
crowds within the city.

Fig. 1 serves as a motivation illustration, highlighting
the overall goal of this research: to analyze city-level travel
modes of urban residents at the regional scale using CSD.
However, this is a non-trivial task due to three major chal-
lenges, as outlined below. (1) Essential complexity in terms
of the data scale, data dimensions, and dynamic evolu-
tion. The analysis of large-scale, multi-attribute spatiotem-
poral data is a challenge. CSD is larger in scale and more
redundant. In addition to spatio-temporal attributes, the con-
sideration of travel modes increases the difficulty of multi-
variate data analysis. Each mode has its own set of attributes,
such as speed, capacity, and comfort, which contribute to
the overall decision-making process for travelers. (2) Signif-
icant diversity of different travel modes. The comparative
analysis of the efficiency of different travel modes lays a solid
foundation for optimal urban planning and traffic manage-
ment. However, the choices of different travel modes result
in an increasing difficulty of travel analysis. Multiple travel
modes span across different temporal and spatial scales. It
is challenging to effectively compare different travel modes
and discover the relationship between them. (3) Intrinsic
uncertainty in the travel mode identification. Inferring
the travel mode people adopted using CSD is extremely
challenging, due to the high spatio-temporal sparsity of
CSD. This leads to fewer spatio-temporal characteristics in
the trajectory. Although studies have been conducted using
CSD to identify possible modes of travel, the accuracy of the
identification is much lower than using GPS data [50, 11].
There is still potential to improve the accuracy. In other
words, there is a great deal of uncertainty in the identification
results. Due to these challenges, a fully automated analysis
of travel modes is relatively difficult, lacking considerable
experience and knowledge. Visual analysis, combined with
both advanced computational power and human cognitive
abilities, can be an effective solution for analyzing travel
modes.

To address these challenges, we propose TMSeer, a vi-
sual analytics system designed to support the interactive ex-
ploration of large-scale cellular signaling data and facilitate

city-level analysis of multiple travel modes. To manage the
data complexity stemming from large-scale, multi-attribute,
and dynamic CSD, TMSeer incorporates coordinated visual
components, including a hybrid radial diagram and interac-
tive filtering techniques. These allow users to explore high-
volume spatiotemporal data across multiple travel modes in
a scalable and organized manner. To address the diversity
of travel modes, we develop novel visualization designs
that support intuitive comparison across different transporta-
tion types. In particular, we introduce an enhanced Sankey
diagram with a band representation that enables users to
compare inter-regional travel efficiency, mode composition,
and flow structure at a glance. To mitigate the uncertainty in
travel mode identification, we propose a hybrid method that
combines rule-based heuristics (RBH) and Gaussian Mix-
ture Models (GMM) to infer travel modes from sparse CSD.
GMM provides probabilistic outputs, which are further vi-
sualized to help users assess the confidence level of inferred
results and focus on reliable insights. The contributions of
this paper are summarized as follows:

e We develop a visual analytics system, TMSeer, to
support the interactive exploration of large-scale CSD
and analysis of city-level traffic based on multiple
travel modes. An enhanced Sankey diagram is adopted
to facilitate the exploration of inter-regional paths.
Further, we propose a novel band design to show the
details of different travel modes in the paths.

e We combine RBH and GMM to identify travel modes
from CSD and take advantage of the outputs of GMM
to assess the uncertainty in inferred outcomes.

e We conduct case studies and expert interviews using
real-world CSD to evaluate our approach. The results
demonstrate its usefulness and effectiveness in facili-
tating intuitive and in-depth analysis of travel modes
within a city.

2. Related Work
2.1. Traffic Analysis of Travel Modes

The traffic analysis of traveling modes has been a hot
issue for urban planning and traffic management. A large
number of studies have been conducted on the mining of traf-
fic data, providing guidance for the revision of transportation
planning and policies, such as fare promotion [42] and bus
route planning [54].

The study of massive-scale human movement in cities
plays an important role in solving many of the problems that
modern cities face. Many researchers focus on the movement
of people within an urban area using various travel modes,
namely urban mobility. Some research in this domain often
focused on a single travel mode. Ferreira et al. [24] proposed
a visual analytics system to explore spatio-temporal patterns
of taxi movement within the city. Huang et al. [29] developed
a graph-based approach to model the structure of traffic and
discovered the hubs and backbone areas used by taxis, which
benefit traffic management. Additionally, Zhao et al. [62]
used the K-means++ algorithm to group people with similar
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mobility patterns when taking the subway. Alhumoud et
al. [2] uses CDRs to analyze human mobility patterns and
predict metro usage, demonstrating how mobile phone data
can enhance transport planning in emerging urban environ-
ments.

To broaden the scope, some researchers began to incor-
porate more travel modes. Zhong et al. [64] have enhanced
the ability to distinguish similar modes (e.g., bus vs. car)
through weakly-labeled integration of cellular/CDR with
transit telemetry. Chen et al. [10] enriched movement trajec-
tories with semantic information to identify intercity travel
patterns. Nevertheless, fine-grained identification of multi-
ple travel modes within urban areas, which involves more
complex and overlapping mobility behaviors, remained un-
derexplored. Another line of inquiry has examined interac-
tions between different modes. Ma and Knaap [38] studied
the impact of bike-share on rail transit ridership, finding it
depends on the position of the metro rail. Chen et al. [7]
unraveling the transit patterns between bus and subway. Yet,
it is not able to dynamically present the spatio-temporal
patterns between different travel modes, and it is not friendly
to data analysts who do not have relevant knowledge.

Recent advances have begun to bridge the gap between
single-mode analysis and city-scale multi-mode understand-
ing, However, the traffic analysis of multiple travel modes is
still in need of further research. There remains a shortage of
studies that leverage large-scale urban mobility data, such as
mobile phone signaling data, to jointly analyze and visually
compare city-level travel patterns across multiple modes.
Most existing approaches are either confined to a narrow
spectrum of travel modes or to dynamic and interactive ex-
ploration. In this paper, we address these gaps by using city-
scale CSD to analyze travel behavior across multiple modes,
supported by an interactive visual analytics framework. Our
approach enables the exploration of travel mode choices
under real traffic conditions and facilitates intuitive spatio-
temporal comparisons of multi-modal mobility patterns.

2.2. Identification of Travel Modes Based on CSD

Analysis of travel modes has always been a crucial com-
ponent of transportation planning and policy making [56].
As traditional traffic surveys [45] are time-consuming, there
have been many researchers working on automatic tech-
niques for travel modes identification. With the increasing
ubiquity of mobile phones, CSD have become a prominent
data source for travel mode identification due to their low
collection cost and broad population coverage. Unlike GPS
data, which provide high spatial accuracy but require user
consent and active tracking, CSD data are passively col-
lected by mobile network operators, making them suitable
for large-scale and cost-effective applications.

Since CSD record the location where the phone connects
to the cellular tower, the spatial accuracy of CSD is signif-
icantly lower than that of GPS data. Many researchers have
made efforts to this end. Early studies focused on extract-
ing motion characteristics suitable for the sparse and noisy
nature of CSD. For example, Chen et al. [9] designed a set

of domain-specific features suitable for CSD, while Ding et
al. [17] utilized several multidimensional mobility features
to extract interpretable motion characteristics from CSD.
Beyond handcrafted features, Jiang et al. [32] emphasized
the importance of data preprocessing by eliminating outliers
inraw CSD to enhance data quality before feature extraction.
They proposed a novel travel pattern recognition frame-
work based on deep neural networks, which modified the
traditional data cleaning methods. These studies generally
relied on heuristic or statistical features, such as travel speed,
acceleration, and trajectory similarity, which are sensitive to
data sparsity and often fail to generalize across diverse urban
environments.

In addition to feature engineering, researchers have long
incorporated external geographic data to compensate for
the limited spatial accuracy of CSD. For instance, public
transport route data were integrated to align bus trajectories
with inferred paths, significantly improving recognition ac-
curacy for public transit modes [11]. Similarly, online map
APIs have been widely adopted to infer travel modes by
matching coarse cell-tower sequences to road networks [44,
9]. However, reliance on these APIs introduces scalability
and adaptability constraints, as they are often commercial,
region-specific, and unsuitable for large-scale or real-time
applications. Shen et al. [48] proposed a map matching
technology based on deep reinforcement learning, which
can project coarse cell-tower sequences onto road networks
without commercial map APIs, substantially improving the
downstream separability of mode-specific trajectories. How-
ever, methods that leverage GIS data, such as fine-grained
maps or transport network layouts, often assume high data
completeness and precision, which may not hold in areas
with sparse base stations or complex road networks.

When it comes to data labels, the scarcity of mode-
annotated CSD has been a major obstacle to supervised
learning methods. To mitigate this, Chen et al. [9] employed
small-scale labeled data collected by volunteers to train
mode detection models. However, such datasets are limited
in scale and demographic representativeness. Unsupervised
methods, such as the PAM and k-medoids clustering algo-
rithms used by Chin et al. [11], were proposed to bypass
the need for ground truth. But these methods generally
exhibit low accuracy. Due to the challenges in limited la-
bels, recent work on CSD-based travel-mode identification
pushes toward label-efficient pipelines at city scale. Transfer
learning on real mobile phone signalling data (MSD) enables
fine-grained travel mode identification with minimal labels
and better cross-city generalization [30]. Also, integrated
frameworks fuse signalling with public data (surveys, net-
works, census) to infer multimodal choices while keeping
ground-truth demands low [37]. For transit-rich settings,
fine-grained metro-trip detection directly from cellular tra-
jectories shows that robust preprocessing and temporal reg-
ularization can recover station/line-level patterns without
GPS traces [35].

In summary, while prior research on CSD-based travel
mode identification has achieved notable progress, it still
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faces several persistent limitations. In particular, labeling
strategies often face inherent trade-offs between annotation
cost and model accuracy, which motivates the exploration
of effective unsupervised techniques suitable for large-scale
applications. Furthermore, the inherent uncertainty in iden-
tification outcomes remains a critical yet under-addressed
challenge. In this paper, we derived a set of features and
developed an unsupervised method that combines RBH and
GMM. Our method does not depend on map APIs and
can identify travel modes of large-scale CSD. We also take
advantage of the outputs of GMM to assess the uncertainty
of identification results. Combined with visual interactions
and domain knowledge, it aims to decrease the uncertainty
of mode identification results.

2.3. Traffic Data Visualization

Traffic data records the movement of the urban popula-
tion and generates a lot of multidimensional heterogeneous
data. Visual analytics is widely used to analyze traffic data.

The visualizations used in urban visual analytics studies
can be categorized as spatial, temporal, and other property
visualizations according to data properties [63, 16]. The
visualization of spatial context is the basis of urban ana-
lytics. Map-based visualizations enable urban analysis to
be performed in a geographic context. Data dots represent
geographic locations and spatial events [29], while lines
represent trajectories [20]. Heatmap is a smooth represen-
tation of aggregated geographically located objects [16, 23].
Glyph can summarize and combine complex data [58, 5, 22].
Recent systems further couple map-based exploration with
semantic urban functions and performance measures, e.g.,
SenseMap [8]. The flow map abstract and summarize mas-
sive crowd movement on a large spatial scale [34, 23]. Au-
tomated techniques like REA-FM improve the generation of
natural-looking flow maps via tree layouts [53]. Temporal vi-
sualizations display temporal features along a timeline. The
axis-based design is the most popular method thanks to its
simplicity and understandability [18]. The radial layout can
help to reveal the cyclic character of time [57]. What’s more,
urban data may also contain high-dimensional, relational,
and semantic information, including numerical properties,
categorical properties and textual properties. Prior research
has explored appropriate visual channels to encode these
attributes, such as parallel coordinate plot and matrix [54].
In addition, frameworks like Curio [41] coordinate attribute,
spatial, and temporal visualizations within a unified dataflow
framework. Beyond 2D layouts, a systematizes visual ana-
lytics for 3D urban data and discusses task—data—technique
alignments in city-scale scenarios [40].

Besides, uncertainty visualization has become increas-
ingly important due to the ubiquitous nature of uncertainty
in data. This study specifically focuses on uncertainty caused
by the model and parameters applied to the data analy-
sis. Uncertainty visualization involves three components:
identifying quantification, visual representation, and reduc-
ing uncertainty when possible. Uncertainty quantification

mainly uses statistics metrics, such as variance and probabil-
ity [15, 33], and confidence intervals [25]. Since uncertainty
varies with data types, it drives varied visualization designs.
Senaratne et al. [47] introduced space-time prisms with
uncertain markers to show the uncertainty of activity area.
Zeng et al. [60] encoded the uncertainty of emotion recog-
nition by the height of bars to explore influencing factors.
Deng et al. [15] utilized the saturation of colors to visualize
the reliability and uncertainty of cascaded inference results.
Recent work has examined cognitive impacts of uncertainty
encodings and task pressure in spatial decision-making [6],
and proposed congestion summaries that explicitly encode
uncertainty in city-wide traffic patterns [5]. Wang et al. [52]
encoded the effects of differential privacy noise in a grid-
based correlation view to reveal uncertainty in correlation
patterns. In addition, to reduce uncertainty, deductive rea-
soning [14] and interactive visualization systems [61] have
shown promise in improving interpretability and reducing
uncertainty.

In this study, the consideration of multiple travel modes
leads to a more complex visualization task. We extend the
original Sankey diagram to display the spatial time series
among locations.

3. Problem Analysis

The analysis of travel modes based on CSD is a complex
task that can rarely be solved using only automatic data
mining methods. Due to the large, complex, and dynamic
traffic data, these methods may not perform well without
the involvement of domain experts. Although automatic
and artificial intelligence technologies have made significant
progress, there is still no substitute for human judgment and
experience on some complex or subtle tasks. For example,
automatic methods are difficult to understand complex traffic
anomalies. Visualization as a bridge promotes the the collab-
oration between humans and Al [36].

In this section, we first surveyed the travel modes anal-
ysis from the transportation aspect and then analyzed why
existing methods can not solve the problem. We further de-
termined the limitations for using the existing transportation
visualization systems, and propose our solutions from the
visualization aspect.

3.1. Challenges of City-level Travel Mode Analysis

We tried to understand the difficulties of analyzing city-
level travel modes with existing methods. There have been
many studies devoted to mode identification, trajectory es-
timation and data mining. Due to the large, complex, and
dynamic traffic data, the data mining methods cannot per-
form well without the involvement of domain experts. There
are difficulties to analyze city-level travel modes with these
common methods.

We conducted in-depth interviews with three experts
(E1, E2 and E3). El is an urban planning expert from a
traffic planning bureau in Guangdong Province of China,
with over 5 years of experience studying data-driven solu-
tions for urban problems. E2 is an urban road design expert
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with over 2 years of experience and has been involved in
several large traffic planning projects, including integrated
transportation hub planning, and road network optimization.
E3 is a researcher who has long been engaged in intelligent
transportation research. We asked experts questions such as:
How do multiple travel modes move spatially? What are the
characteristics of travel behavior in different travel modes
in terms of time? What is the uncertainty in the analysis
process? By summarizing their feedback, we derived the
major challenges of city-level travel mode analysis from the
experts:

1) The scale of CSD and the diversity of travel modes
pose challenges for visualization. It is challenging to com-
pare travel modes from a spatio-temporal perspective and to
construct visualizations, which is difficult to describe by a
digital table or simple graph.

2) Travel is a dynamic process occurring over time, and
the notable features of how multiple travel modes changes
are different across different time and space scales. The ex-
isting visualization cannot support this dynamic comparison
well.

3) Trajectory sparsity and travel mode recognition model
bring uncertainty to the analysis. CSD cannot be mapped to
precise sections of road. It leads to the loss of some mobility
information, which hinders microscopic analysis of travel
behavior and brings great uncertainty to the recognition
result of travel mode.

3.2. Solutions

Visual analytics is a popular approach in facilitating
human-AlI collaboration which leverages the complementary
strengths of humans and Al to enhance the travel mode anal-
ysis [36], rather than replacing humans with Al. The combi-
nation of data visualization and urban computing methods
enables human in the loop, and promotes the efficiently
exploration of traffic data [16].

There have been many successful visualization systems
solving urban mobility problems. Overall, the spatial dis-
tribution can accurately be shown in these systems based
on the map, and users can check the travel behavior of
different travel modes in online systems. However, users
cannot obtain the mobility changes of multiple travel modes
at the same time. It is challenging to analyze the movement
of different travel modes across multiple regions. Therefore,
we have to draw on the visualization work and combine
the necessary visual elements to design the visualization
module of the travel modes analysis. Based on the challenges
and successful visualization concepts, we have proposed a
visual analytics system to deal with the difficulties raised
by experts. We conducted literature reviews on the related
studies and discussed with three domain experts (El, E2,
E3). From the feedback of these experts, we summarize a
set of system requirements as shown below.

R1. Provide visual cues of travel mode identification
results to facilitate more effective analysis. Firstly define a
form to present the uncertainty of travel mode identification
(R1.1). Moreover, visual coding for uncertainty is necessary

Visual Exploration Phase
1 ° y ~ e
(®)) Data 2 Tip 8 Control City Region
Cleaning Extrac panel level level
caning Extraction - i
CsD Trajectory Trip
~
s
Mode Identification |y : . Path
<3kM  Riding _GMM level
Car Walking g
Features RBH Bus Riding g (
Extraction Car g -
Riding gy | Bus g EE
Bus ———
23km g -
Path Analysis

O, DReg - cati
cgion || e Location ~
Selection Aggregation
Trajectory

Interpolation

O
Path Graph a8

Analysis Constructing

Figure 2: The system pipeline of TMSeer. In the data prepro-
cessing phase, raw data is cleaned and trips are extracted.
In the data modeling phase, mode identification and path
analysis are carried out. In the visual exploration phase, four
coordinated views with rich interactions are provided for travel
modes exploration.

to pay attention to correct results and combine expert knowl-
edge (R1.2).

R2. Obtain the global movements of the whole city
traffic. Analysts need to grasp an overview of urban traffic
in different regions. Regions with more or less traffic can be
discovered intuitively for further exploration.

R3. Implement a visual form to express the spatio-
temporal patterns for regional traffic. First, it is necessary
to explore different travel modes in the region (R3.1), such
as exploring the number of people leaving or arriving in the
region at different times of the day, and the travel modes used
by people. Second, the traffic between the focused region and
other surrounding areas is also noteworthy (R3.2).

R4. Visualize detailed information of movement
along paths between two focused regions. An interpolation
method that compensate for sparse trajectories can effec-
tively promote mobility analysis (R4.1). In addition, it is
necessary to visualize how it is actually used by different
travel modes. The comparison of paths can help to find
important or abnormal paths (R4.2), such as those with
lower travel efficiency.

We designed the system TMSeer, to address the afore-
mentioned requirements, combining multiple modeling meth-
ods and probability theory. As shown in Fig. 2, the analytical
pipeline consists of three phases, namely, data preprocess-
ing, data modeling, and visual exploration. In the data
preprocessing phase, we clean CSD and extract trips. In
the data modeling phase, we identify travel modes of trips
(R1.1) and handle path analysis requests (R4.1). In the
visual exploration phase, we implement our visual analytics
system, TMSeer, based on the Vue.js> front-end framework
and the Flask® back-end framework, which consists of
four coordinated views. The control panel provides visual

Zhttps://vuejs.org/
3https://flask.palletsprojects.com/en/3.0.x/
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encoding showing uncertainty (R1.2). The map view shows
an overview of the traffic density at the city level through
several types of heatmaps (R2). The region view displays
the traffic of different travel modes at the regional level with
hybrid radial diagrams based on metaphors (R3). The path
view provides detailed exploration for paths between two
regions (R4.2).

4. Data Description and Processing

In this section, we first describe the types of data used
in our approach and define the relevant terms. Then, we
introduce the data processing and data modeling.

4.1. Data Description

We mainly used two types of data collected in Foshan,
Guangdong Province, China. The detailed information is
described as follows:

Cellular Signaling Data (CSD). In order to ensure the
quality of communication services, telecommunication op-
erators need to record the location of their users and collect
a lot of data every day, which is called cellular signaling
data (CSD). The location of the cell station connected by
the phone is recorded, which can be seen as a kind of trajec-
tory data. The collected data contains trajectory records of
mobile phones and information on cell stations. Each record
of a trajectory is defined as tr = (pid, slo,t), where pid is
the encrypted mobile phone ID, sl/o denotes the location of
the connected cell station, and ¢ is the timestamp. The data
used in this work is provided by a large mobile phone service
company in China, covering the trajectories of 244,928 users
for the whole day of November 1st, 2020, which has been
stripped of identifying information. It is used for large-scale
urban travel mode exploration. In addition, a small-scale
CSD dataset was constructed from two sources. First, 10
individual volunteers participated in data collection over a
3-day period. Among them, 3 volunteers were assigned to
collect walking data, while the remaining 7 focused on bus
travel data. All volunteers installed a custom mobile appli-
cation that automatically recorded their connected cell tower
information and timestamps while the phone was online
and within coverage. Second, car travel data was collected
over the course of one month from a single taxi vehicle
using the same mobile application. The app continuously
captured base station connection logs without requiring any
manual input, ensuring consistent and passive data acquisi-
tion during regular driving. As a test set, the effectiveness
of the travel mode identification algorithm and trajectory
interpolation method proposed in this paper is evaluated.

Bus Route Data. The bus route data records detailed
information about all bus lines and bus stops in Foshan,
including the line name, stop name, and location. The data
used in this work comprises 1,342 bus routes and 38,480
stops.

4.2. Definitions
We introduce the following important concepts defined
in this paper:

e Travel mode refers to the method or means of trans-
portation used by residents to travel, such as walking,
riding, bus, car, and so on.

e A trajectory contains a set of locations of cell stations
connected by phone users for a certain period of time,
and consists of a sequence of records:

Tr = {locy,locy, ..., loc; } (1

where loc; = (pid;, slo;, t;) and [ is the record number.

e A trip refers to an individual route for the phone user
that moves from origin (O) to destination (D). A trip
includes the trajectory T'r,; from origin to destination
and the inferred travel mode.

e TripGraph is a directed graph, Gy = (N, E), to
represent a network of trips between the specified
origin and destination regions. It aggregates all trips
between the specific origin and destination regions.
The node n; represents the location of the cell stations
connected by phone users and the edge e; represents
the links between two physically-connected locations.

o A path, P = {e,e,,...,e,}, is a finite sequence of
edges from origin to destination in the graph Gy,
indicating a trajectory that is commonly employed by
people to travel from origin to destination.

e Duration refers to the time spent moving from one
location to another.

4.3. Data Preprocessing

Data Cleaning. Oscillation and drift problems are the
most prominent sources that result in the noise/outliers of
CSD. We first employ the data cleaning process provided by
Chen et al. [9] to remove data noise and obtain the trajectory
of each mobile phone.

Trip Extraction. In this step, we try to identify the
origin and destination of each trajectory and extract trips.
According to the characteristics of human mobility [11],
individuals generally remain in the same area for a while
after they finish a trip. We identify records as “moving” and
“stationary” based on the travel distances and duration. We
calculate the travel duration and distance between adjacent
trajectory points. If the interval time is more than 30 minutes,
we label the point as “stationary". For the rest of the points,
if the distance is more than 1 km [11], we label the point as
“moving". Otherwise, we aggregate the current point with
the next point and update the travel duration and distance
that will be further judged for its status. Finally, we extracted
930,867 trips.

4.4. Travel Mode Identification

We first introduce the extracted features and then de-
scribe the proposed identification algorithm. At last, we
show our methods for uncertainty assessment.

Feature Extraction. Table | shows the features we
adopted for mode identification. We first investigate the
characteristics of the traffic environment. As the public
network can effectively aid in mode identification [46], we
calculate the proximity to underlying bus route networks
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Table 1
Features used for mode identification.

Features Description
The proximity of real trips to

the bus route network.

proximity to_ bus _route

duration Duration of the entire trip.
Accumulated distance of all
traj dist sampling points during the
entire trip.
traj speed traj _dist divided by duration.

(proximity_to_bus_route). We introduce the buffer, which
is a kind of sphere of influence or service of geospatial
target [11]. We create buffer areas (size=200m, referring
to [11]) for the bus route network. Then we measure the
proximity to the bus route by calculating the proportion of
real trips that fall into the buffer. proximity_to_bus_route
reflects the overlap between trips and bus lines, which is
beneficial to the identification of the bus mode. Cooperated
with other features, we can identify bus separated from other
vehicles.

Then, we explore spatio-temporal characteristics of travel
behavior. In the time dimension, we consider the duration
of the trip. The choice of travel mode will affect the travel
duration of a trip to some extent. We check the distribution
of travel time of different travel modes and found obvious
differences, which can be used as the characteristics of travel
mode identification.

In the space dimension, we consider travel distance. Two
features can be extracted from the trip, including the Eu-
clidean distance between origin and destination (od_dist),
and the accumulated distance of all sampling points during
the entire trip (traj_dist). We finally adopt traj_dist as a
feature, as it can reflect the real trajectory of the trip and
its distribution difference is more obvious, making it more
conducive to travel mode identification. Then in the absence
of special cases such as congestion, the moving speed is the
most direct factor to infer the travel mode. Considering the
above two characteristics of moving distance, two kinds of
indicators can be calculated to measure the moving speed:
OD speed (od_speed) and trajectory speed (traj_speed).
We choose traj_speed to indicate the distance characteris-
tics, which can more comprehensively measure the moving
speed of the entire trip.

Mode Identification. We propose an unsupervised
method that combines RBH (Rule-Based Heuristic) [46] and
GMM (Gaussian Mixture Model) for travel mode identi-
fication. Specifically, We assume that every mobile phone
user adopts a single transportation mode in his/her trips.
As shown in Fig. 2, the RBH component refers to a sim-
ple distance-based rule: we use a 3 km threshold [46] to
segment all trips into two subsets. Trips longer than 3 km
are considered candidates for riding, bus, or car, while
those shorter than 3 km also include walking. No further
rule-based classification is applied within each subset. We
then apply GMM (Gaussian Mixture Model) separately to

each of the two subsets, leveraging its strength in modeling
elliptical clusters across diverse feature distributions. The
number of Gaussian components is set to 1 in each subset.
During clustering, GMM estimates the model parameters via
maximum likelihood, assigns data points to the most likely
mode cluster based on posterior probability, and calculates
the confidence of each assignment. For the classification task
in this paper, the probability-based GMM can well adapt
to the spatial and temporal feature distribution of different
travel modes, and obtain the probability that the results
belong to each travel mode, so as to measure the uncertainty
of the identification results. x is the features of a trip, which is
input into the model. K denotes the number of travel modes.
The distribution of x is:

K

P(x|©) = ) &y N(x; g 07) 2
k=1

where ® denotes all Gaussian model parameters, @, is the
prior probability of the k-th Gaussian model, Zszl a =1,
4, and o) are the mean and standard variance in type k,
respectively. The output of the model includes the cluster
label of each trip, as well as the probability of belonging to
each category. The introduction of probability in GMM can
effectively handle data in overlapping clusters and facilitate
uncertainty measurement.

Uncertainty Assessment. We use information entropy
as a metric for quantifying uncertainty [27]. By calculat-
ing the probabilities that the trip belongs to each mode of
travel obtained from the GMM, the uncertainty of the mode
identification result for each trip is determined (R1.1). The
equation is listed below:

H(x) = - )" P(x;)log, P(x,) 3)

where P(x;) denotes for the probability of trip x using
travel mode i. The lower H (x) indicates lower uncertainty,
meaning the result is more credible.

4.5. Trajectory Interpolation and TripGraph
Generation

To enable detailed path analysis of inter-regional travels,
we propose a graph-based approach to interpolate paths,
aiming to discover the main routes between different regions
and uncover potential patterns (R4.1). It consists of four
steps as shown below.

Location Aggregation. Considering the uncertainty in
the spatial coverage of CSD, we first aggregate the locations
of the neighboring cell stations to better extract the major
paths. First, we performed a K-means clustering of all the
cells C based on their latitude and longitude coordinates.
Here we chose K-means for three reasons: i) it performs well
when dealing with high-dimensional datasets [59], ii) the
clustering efficiency is high and meets the requirement of
real-time analysis of our system, and iii) it is credited with
implementation simplicity, and it has been used widely for
clustering in many domains [31]. In the following process,
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Figure 3: Schematic diagram of trajectory interpolation. Our
method is based on the historical trajectory movement infor-
mation of various travel modes. It searches potential paths
through graph construction and graph traversal algorithm to
realize sparse trajectory interpolation.

we replace each cell with its cluster center, and the trajectory
dataset represented by the cluster centers is defined as Cj,.
At last, an entire trip is simplified into a series of lines of
clustering centers. In this way, the clustered areas better
reflect the potential location of the phone, and the clutter in
the path is reduced.

Trajectory Interpolation. After aggregating locations,
it is possible that some portions of trajectories are still quite
sparse, which hinders the extraction of complete paths and
makes it not conducive to our analysis. Thus, we aim to
estimate the complete trajectories by designing a trajectory
interpolation method for CSD.

We assume that: 1) The same travel mode usually has
a common movement pattern when passing through a local
area. 2) The majority of people usually have similar move-
ment patterns between a pair of origin point and destination
point. Inspired by the trajectory interpolation or recovery
algorithms [13, 55, 51], we propose a simple trajectory
interpolation method for CSD.

We use C;, to interpolate. For each node in Cy, there are
a finite number of nodes that can be next connected, and
the features of trajectories through each next node can be
counted which is denoted as n. f. From this, we can naturally
reason that the closer the features of the current trajectory to
be interpolated are to n. f, the higher the probability that the
trajectory to be interpolated will actually pass through the
node. In addition to this, the more traffic that passes through
a particular node, the more likely that the unknown trajectory
will pass through that node.

Based on the above reasoning, we further extract the
features of the C,, including time consumption, traffic flow,
O;, D;, and travel mode. The probability density function
can be obtained using Kernel density estimation to fit the
continuous features. Given a pair of origin and destination
O, D to be interpolated, and its continuous features are
denoted as f. The probability of the corresponding feature
can be calculated by padding f. For O;, D;, we calculate the
proportion of origin and destination in O;, D, that is within
1000m of O, D. We assume that each feature is mutually
exclusive, the probability of selecting each next node can
be obtained by multiplying the probability values of each
feature. Also, we add positional constraints to ensure that the
interpolation is valid and the overall direction of the interpo-
lated path is consistent with the actual trajectory. A binary

tree is constructed by selecting the top two nodes with the
highest probability for each iteration. In the end, we obtain
an OD-determined network due to the existence of loops.
The probability of each path can be calculated based on the
Markov assumption. At last, a depth-first search algorithm
is applied to obtain the path with the highest probability as
our interpolation path. Fig. 3 shows the process of trajectory
interpolation. The pseudo-code is shown in Algorithm 1.

Algorithm 1: Trajectory interpolation algorithm

Data: start and end for the part to be interpolated
S, E, origin and destination of the trajectory
to be interpolate O, D, history trajectory C

Output: Interpolated trajectory 7T;

preprocess C using K-means — N;

Use KDE on each node to get f.pd f for continuous

features;

Peyrrent = S 5

G <« S,

while n_,,...,! = E do

for each node in n,,,.,,,;.next do

if node meet constrains then

: d
P(node) = [[7"/ [ ff_: Pad £ pd f(t)dt;
count the proportion of O;, D; within
1000m from O, D = Pyp.;

P(node) = P(node) X Pyp;

B normalize P(node);

identify the top two nodes in P(node) — ny, n,;

Reurrent < M15 125
createGraph(G,n

L current);
calculate all possible route with start .S and end E
in G — Paths;

for each path in Paths do
t Pl — H”ePath(P(n));
T; = Paths[arg max(P)];

Graph constructing. We construct the TripGraph G to
represent the network of trips between the specified origin
and destination regions. When generating G, the input is
C,. the aggregated points of all CSD sampling points be-
tween origin and destination regions. The vertices of output
graph G represent the cell station clustering centers, and the
edges represent the links between two physically connected
cluster centers. Here, edges are added when there exists at
least one trip moving from a vertex to another vertex. What’s
more, three kinds of weight are appended to the edges,
including the travel distance, the traffic volume, and the
travel time. When an edge is added in the graph construction
process, we calculate the traffic volume, average distance and
average time by going through all the trajectories segments.

Path Analysis. To study the role of paths in traffic, we
score the vertices by calculating the PageRank [43] for each
vertex in graph Gy, which is a widely used metric in graph
analysis. PageRank is originally developed to assess the
significance of a web page on the internet. By utilizing this
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Figure 4: Our visualization system, TMSeer, supports exploring urban mobility with four different traffic modes, i.e., walking,
riding, bus, and car. The control panel (A) shows the temporal distribution of traffic volume, the relationship between travel mode
features, and supports trip filtering. The map view (B) shows the spatial distribution of traffic and provides operations for region
selection. The region view (C) demonstrates the spatio-temporal mobility patterns in a focus region, and with other inter-regional
traffic. The path view (D) provides a detailed exploration of inter-regional paths and the comparative analysis of paths.

method, the score for the importance of a segment in a path is
calculated based on the principle that links to segments with
high scores will raise the score more significantly compared
to links to segments with low scores. If weight is based
on travel distance, a high PageRank shows a hub in the
path structure, which is the intersection of major roads.
When weight is based on flow, a high score indicates a
transportation hub that is actually used by traffic, which is
the distribution center of traffic flow. Lastly, if the weight is
based on travel time, a high PageRank shows congested seg-
ments. It helps to discover important or abnormal sections
in the path.

5. Visualization Design

This section describes a set of visualization techniques
that assist users in exploring city-level traffic and comparing
different travel modes.

5.1. Control Panel

The control panel (Fig. 4A) is designed to help users to
filter trips and provide cues for uncertainty (R1.2), facilitat-
ing better interaction with our system. At the top, a mode
selector (Fig. 4A,) is provided for users to select trips with
modes they are interested in. Then a radial chart (Fig. 4A,)
like a clock presents the change in traffic volume for each
hour of the day. Darker colors indicate more traffic. Users
can filter the trip by clicking the ring of the corresponding
period. In Fig. 4A;, users can filter trips by the uncertainty.
The line chart shows the distribution of uncertainty for all
mode identification results, with the horizontal axis repre-
senting the uncertainty and the vertical axis representing the
trip volume. Due to the wide range of data variation in the
vertical axis, we use a logarithmic axis to achieve a better
presentation. Also, we add two vertical gray lines to indicate
the locations of the median and the 95th percentile, which
can provide users with hints on choosing the appropriate
uncertainty filtering threshold. At the bottom (Fig. 4A,),
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the parallel coordinate graph shows the relationship between
the uncertainty of all mode identification results and feature
distribution. The color of the lines indicates the travel mode.
It helps users to analyze the identification results and infer
possible travel modes. Moreover, it can change with the
selected trips during the analysis procedure. After finishing
the parameters setting, users can click the submit button to
accomplish trip filtering.

5.2. Map View

TMSeer provides a spatial overview of the entire traffic in
the city (R2) through the map view (Fig. 4B), which consists
of three parts.

Firstly, a heat map (Fig. 4B5) is provided for all the con-
nected cell stations, showing the global traffic distribution.
After discussion with experts, we provide two heat maps
for origins and destinations separately, facilitating the traffic
exploration of inflow and outflow.

Besides, experts recommend presenting more informa-
tion about trajectories that heat maps cannot show. Thus,
trajectories are represented by lines connecting cell stations
and shown in the map view (Fig. 4B;). The thickness of
the lines indicates the volume of traffic flows. For better
visual effects, we aggregate cell stations in close proximity
and apply the edge bundling technique [28] to reduce visual
clutters.

To assist visual linkage and smoother operations, we
present path line (Fig. 4B;) in map view to provide a spatial
context for path analysis. We present each path with nodes
and colored lines. To avoid visual confusion, different colors
are used to represent different paths. We use two colors to
represent origin (green) and destination (orange) points sep-
arately. Additionally, animation is added in order to show the
continuous movements in the paths, which can effectively
reduce the confusion caused by path overlaps. Users can
choose to show or hide the graphs they want to explore by
clicking the toggle buttons (Fig. 4B,). Additionally, arbitrary
polygon box selection (Fig. 4Bs) operations are supported
for following region exploration.

5.3. Region View

After determining their region of interest from the map
view, users want to further investigate the mobility pattern
of the region (R3). The region view (Fig. 4C) is designed
to meet the exploration requirements, which consists of two
parts. We design a hybrid radial diagram (Fig. 4C,) to
provide the spatio-temporal distribution of different travel
modes for a focus region (R3.1), complementing the in-
ability of the map view. The region view also display pre-
liminary mobility patterns between the focus region and
surrounding region (R3.2). Users can choose multiple sur-
rounding regions according to their own interests and make
preferential choices among surrounding regions for sub-
sequent detailed investigation. We use a simplified hybrid
radial diagram (Fig. 4C,) to show the temporal distribution
of each travel mode, and apply a well-established layout
which is based on the relative positions in the map to ensure
a better visual effect.

Hybrid Radial Diagram Design. We use the hybrid
radial diagram design (Fig. 5SA) to show the mobility patterns
of the central region. Four colors are employed to encode
four travel modes throughout. To display residents’ pref-
erence for travel mode in the central region, we use a pie
chart (Fig. 5A-a) to show the proportion of travel modes and
adopt a stack radial area chart to show temporal patterns of
traffic mobility in the central region (Fig. SA-b). For spatial
patterns, we calculated the proportion of different travel
modes in eight directions, the direction of each trajectory
is represented using origin and destination direction. We
use a radial bar chart in each corresponding direction and
make it axis-symmetrical to avoid confusion and improve
visual effect (Fig. 5A-c). For the surrounding region, we
use the simplified hybrid radial diagram (Fig. 5B) to display
the mobility between the central region and the surrounding
region. Similar to Fig. 5A, we also use the pie chart and
stack area chart to show the distribution of different travel
modes and temporal patterns in the simplified diagram. The
radius of each diagram represents traffic flows between the
central region and the corresponding regions. Note that the
simplified hybrid radial diagram (Fig. 5B) shows traffic flow
between two regions while the central hybrid radial diagram
(Fig. 5A) indicates all traffic flow with origins or destinations
in the central region. Furthermore, users are allowed to
configure the central region as “O" or “D" (Fig. 4C,) to
explore the inflow or outflow of the central area. Users
can also select both origins and destinations to analysis the
overall traffic flow including inflow and outflow.

Layout. To visually map the region view to the map
view, we place each hybrid radial diagram based on its
original orientation and use a line to connect the surrounding
hybrid radial diagram to the central hybrid radial diagram
(Fig. 4C3). In this way, the layout of the region view is
consistent with the actual positions of the regions in the
map view, making it easy to be explored by users. We use
a force-directed layout to maintain the relative position of
each hybrid radial diagram while avoiding overlapping.

Alternative Designs. Before adopting the current cen-
tral hybrid radial diagram design (Fig. 5A) and surrounding
hybrid radial diagram design (Fig. 5B), we have considered
other alternative designs correspondingly. For example, as
for the central hybrid radial diagram design, we counted
the flow of different modes of travel over eight separate
distances in each of the four directions and used short lines
to represent the flow of each mode of travel (Fig. 5C).
However, after discussions with experts, it was felt that the
information in the different directions was more important
than the distance. The design was therefore discarded. As
for the surrounding hybrid radial diagram design, we used
a radial central symmetrical bar chart to show the traffic
flow of different travel modes every two hours (Fig. 5D),
but compared with Fig. 5B, it does not provide a visual
representation of the temporal distribution of total traffic
flow.
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Figure 5: (A) The central hybrid radial diagram design for the
central region shows the proportion of travel modes, temporal
patterns, and the proportion of travel modes in different
directions. (B) The surrounding hybrid radial diagram design, a
simplified version, shows the proportion and temporal pattern
between the central region and surrounding regions. (C) An
alternative design for the central hybrid radial diagram. (D)
An alternative design for surrounding hybrid radial diagram.

5.4. Path View

From the region view, users can explore the traffic modes
between pairs of regions, and further analyze details of the
paths from one region to another region (R4.2). We design
the path view for path analysis, comprised of two parts. The
path graph (Fig. 4D;) above displays how each path is used
by different travel modes. The bands (Fig. 4D,) below show
the travel efficiency of each path. After path extraction and
vertex score calculation in Section 4.3, all the trips between
two regions are constructed into a graph, representing the
traffic network between the two regions. The score of each
vertex is also calculated.

Path Graph. To support the analysis of the path us-
age for travel modes, a path graph is designed. As shown
in Fig. 6, we divide the graph into three parts: a network
on the left encoding the movement in the origin region
(Fig. 6A), a network on the right encoding the movement
in the destination region (Fig. 6C), and an enhanced Sankey
diagram in the middle showing the movement connecting
the two regions (Fig. 6B). For the origin and destination
networks, the size of the vertex represents the traffic passing
through, and the thickness of the edge represents the traffic
moving between the nodes. The dashed circles indicate the
approximate extent of the clusters. The location of the node
represents the relative location of the region geographically.
For the enhanced Sankey diagram, the rectangles of each
vertex (Fig. 6B ) show the volume of traffic passing through,
with height representing the volume and color representing
the travel mode. The color of rectangles indicates the scores
mentioned in Section 4.5. The darker color shows a higher
score for the vertex. What’s more, users can switch scores
calculated by different weights (Fig. 6E), which have dif-
ferent meanings. For example, in the selection of “hubs in
structure”, the nodes with darker colors are more likely to be

O e=En (F) nememm
Origin Destination
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o | ®w.— ©®
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Figure 6: The path graph design in the path view. (A) and (C)
show the movement in the origin and destination regions. (B)
shows the movement between two regions. (D) provides layout
selection for the enhanced Sankey diagram. (E) provides score
selection for vertexes. (F) shows detailed vertex composition,
including the number and score distribution of travel modes.

a transportation hub on a geographic road. In the selection of
“hubs in traffic”, we show the hubs actually used by traffic.
While in the selection of “congestion segments”, the darker
color indicates more congested areas. The thickness of the
edges (Fig. 6B,) indicates the traffic volume between two
nodes, with color indicating the average duration spent on
the path segment.

Layout. The path graph based on the enhanced Sankey
diagram allows users to obtain an overview of paths con-
necting two regions. As the path graph is complex, we im-
prove the layout of the enhanced Sankey diagram for better
analysis. For the arrangement in the horizontal direction,
we provide two kinds of options. First, travel is a kind of
spatio-temporal sequence. So we first decide the position of
nodes by the order of the trip. The vertex reached earlier is
placed in the previous column. Second, the relative positions
to the origin region can also make the layout clearer. We
sort the nodes by the distance to the origin region. For the
arrangement in the vertical direction, the nodes with more
traffic are placed at the top. Users can select the layout
(Fig. 6D) they want. In this way, the important information
stands out.

Parallel Band. To better compare different paths, a
parallel band design (Fig. 7) is proposed to show the travel
efficiency of each path. We first provide a bar chart (Fig. 7A)
on the left to show the traffic volume of different travel
modes that are encoded by the corresponding mode colors.
Then, we design bands (Fig. 7B) for efficiency comparison.
Fig. 7C shows the enlarged part of the band. For each
band, the above line with dark gray rectangle points on
the band indicates the partitioning path segments, with the
length showing the average distance of trajectories moving
from the previous node to the next. The line with light
gray circle points beneath the band displays the duration
information. The length between two circles shows the time
spent on the corresponding path segment. Also, the color of
the quadrangle shows the corresponding average speed. The
darker the color is, the higher the speed is. Finally, we place
the band representing the summary of all trips at the top, and
then the bands for different travel modes are arranged at the
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bottom. In such a manner, the efficiency of all travel modes at
different segments in the path is shown, including the speed,
duration, and distance.

Alternative Designs. To compare the different paths, we
considered several alternative designs for the parallel band
design. As shown in Fig. 7D, we first considered using the
length between nodes to represent the Euclidean distance
between cell station clustering centers. Meanwhile, we used
the height of the rectangle to represent time. We also used
the texture to fill the rectangle, with the tilt to represent
speed. However, the clustering of the cell station covered
a certain space range, and the Euclidean distance cannot
represent the actual distance. This could lead to the wrong
information. Next, we tried to add another rectangle on top
(Fig. 7E), with the height representing the relative actual
distance. However, experts said it was not intuitive and the
textures were confusing, making it difficult to capture useful
information. Thus, we directly represent the true distance by
the length, with additional points indicating nodes. We also
use the depth of color instead of the texture to indicate speed,
which is more intuitive.

5.5. Interactions

User interactions supported by TMSeer are summarized
as follows.

Filtering. Rich filtering operations are supported in the
control panel (Fig. 4A). Users can filter by travel mode, time
period, and identification uncertainty.

Linking. Linking connects all views in the system. For
example, the path view is generated by clicking the region
of interest in the region view. Users can double-click the
nodes of the enhanced Sankey diagram in the path view
(Fig. 4Dy), and the corresponding paths will show below.
Meanwhile, users can select a path to render it on the map
view (Fig. 4B).

Highlighting. Highlighting is employed to help users
focus on the information of interest. The selected regions
will be highlighted in the map view (Fig. 4B;). In addition,
when users hover on the nodes or edges of the enhanced
Sankey diagram, the connected nodes and edges will be

highlighted. Besides, the same segment belonging to differ-
ent travel modes in Fig. 7 will be highlighted in red lines
when hovering on it.

6. Evaluation

We first conducted quantitative evaluations for the pro-
posed mode identification method using a CSD dataset with
ground truth labels annotated by volunteers, then assessed
the effectiveness and usability of TMSeer through two case
studies and interviews with two aforementioned collabo-
rating experts (E1 and E2, who have been introduced in
Section 3). Section 6.3 reports the cases conducted by E1 and
E2 respectively and Section 6.4 reports the feedback from
all experts. The data used in this section is one-day CSD
covering the trajectories of 244,928 users for the whole day.

6.1. Mode Identification

This paper evaluates the effectiveness of the approach
using a test set collected by volunteers. The test set includes
data collected by 10 volunteers over three days and a taxi
over one month. We applied the methods introduced in
Section 4 to clean the raw data, extract individual trips, and
identify travel modes. After preprocessing, the final dataset
contains 24 walking samples, 88 bus samples, and 270 car
samples, resulting in a total of 382 trajectories used for
evaluation.

Baseline and metrics. We implemented the method
proposed by Chen et al. [9] as the baseline and compare our
model to it, noting that they exclusively employed GMM.
We used accuracy, precision, recall, and F1 score to assess
the performance of our method. To further verify the effec-
tiveness of the uncertainty assessment method, we evaluated
the mode identification results in different uncertainties.
Here we refer to the visual cues in Section 5.1, to filter the
results and verify the validity of our method. Specifically, we
filtered the results according to the 95th percentile and the
median and count the indicators separately.

Evaluation results. The left subfigure of Fig. 8 shows
the overall accuracy of baseline and our method. Compared
with the baseline, the accuracy of our methods is 63.74%,
which is higher. The RBH+GMM provides a performance
boost. The incorporation of RBH method can avoid some
errors. In addition, compared with all results, the accuracy
can be effectively improved by filtering trajectories based
on the uncertainty according to the system hints. At last,
by using the median of uncertainty as the threshold to filter
the mode identification results, our approach can achieve an
accuracy of 71.73%. This proves that our method can assist
to filter more reliable results based on uncertainty, which
facilitating the entire analysis process.

The right subfigure of Fig. 8 displays the F1 score of our
methods on each travel mode. It is shown that our method
performed well on car and bus modes among all the travel
modes in terms of the F1 score. However, it is relatively
more difficult to infer the walking mode. As shown in the
confusion matrix (Table 2), our method sometimes misclas-
sified walking as bus, since two of the volunteers’ walking
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Figure 8: The evaluation results of mode identification. Left:
comparison of the classification accuracy of all modes. Right:
F1 scores of each transport mode.

Table 2
Confusion matrix of mode identification results.
redicted Walking Bus Car Total Recall
Actual
Walking 3 21 0 24 12.5%
Bus 15 65 8 88 73.86%
Car 3 61 206 270 76.30%
Total 21 147 214 382
Precision 14.29% | 44.22% | 96.26%

trajectories were collected near bus stations. In general, our
method performs well.

6.2. Trajectory Interpolation

To evaluate the interpolation performance, we construct
a test set based on the CSD trajectories collected from both
volunteers and a taxi. Sparsity is simulated by randomly
removing a portion of location records from each trajectory,
while preserving the complete version as ground truth for
evaluation. Each trajectory spans no less than 10 minutes
in duration, and a total of 8,650 trajectories are extracted
for testing. This approach enables the creation of realistic
sparse trajectory data while ensuring accurate benchmarks
for comparison.

Baselines. Two existing models are implemented as
baselines, as shown below.

1) Hidden Markov Model (HMM): HMM is a classi-
cal probabilistic approach used to model serial data and
is widely used to estimate and predict the position during
human movement.

2) DeepTransport [49]: DeepTransport is a method us-
ing LSTM to infer the detailed trajectory of mobile phone
users, and reconstructs the trajectory by feeding individual
mobility records to the model.

Metrics. We use great-circle distance, i.e., the length of
the shortest path from one point on the sphere to another
point on the sphere, to measure the estimated error between
the true position and the interpolated position. The calcula-
tion formula is as follows:

a = sin?(A¢/2) + cos p; - cos ¢, - sin>(A1/2), 4)

C =2-atan2(\Ja, V1 — ), (5)

Table 3
Evaluation results of trajectory interpolation method.

Model Average Error (m)
HMM 304.35
DeepTransport 182.6
Our method 163.17

o@D o
[ Start Editing
| End Editing
| Clear Path

@ Trajctory

\
L

Figure 9: The traffic patterns in different regions. (A) The
main travel mode in Region a is the bus (orange). (B) Region
b has more bus trips (orange) and fewer car trips (pink), and
more traffic flow in the east. (C) Region c has fewer bus trips
and more car trips, compared with b, and more traffic flow in
the northwest. (D) Selected hot spot regions.

dist=R-C. 6)

where ¢ denotes the latitude, A is the longitude, and R
denotes the radius of the earth.

Evaluation results. The average error of different meth-
ods is summarized in Table 3. Our proposed method achieves
the lowest average error of 163.17 meters, outperforming
both HMM (304.35 m) and DeepTransport (182.6 m). This
demonstrates the effectiveness of our approach in trajectory
interpolation. However, we find that some individual inter-
polation results deviate from the overall error distribution
with larger error value. Through the analysis found that
this is because the limited by historical trajectories. After
analysis, we found that the historical trajectory provides rich
movement information, but also has limitations. Filtering
of historical trajectories may lead to a small scale and an
increasing sparsity of the filtered trajectories, resulting in
unsatisfactory interpolation result. In general, our method is
superior to the two baseline models.
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6.3. Case Study
6.3.1. Case I: Explore travel modes in different regions

One of El’s daily works is road capacity demand anal-
ysis, which needs to analyze the traffic in different areas.
So El tried to use TMSeer to explore travel modes in
different regions. First, he filtered trips for exploration in the
control panel. As he wanted to explore all travel modes in
different regions, so he selected all checkboxes (Fig. 4A,)
for all travel modes exploration. Then he observed that the
color change in some sectors was not obvious in the radial
chart (Fig. 4A,), indicating that the traffic volume did not
change much during the daytime. So he selected the all-day
traffic. Furthermore, he checked the uncertainty distribution
of the travel mode recognition results in Fig. 4A5, which
is important for the analysis. As shown in Fig. 4A;, the
number of trips dropped sharply near the uncertainty of 1.0.
The trips with uncertainty within 1.0 had a better mode
identification effect. Therefore, for a more accurate analysis,
he chose the trips for the full day with an uncertainty of
less than 1.0. After finishing the configuration, he clicked
the “submit” button, then the corresponding views were
updated. In the map view, after activating the origin and
destination heatmap by clicking the corresponding toggle
buttons (Fig. 4B,), he immediately found several hot spots
with more traffic (Fig. 9D).

As Region-a (Fig. 9D-a) was the densest in the city, he
selected Region-a for exploration and found that it was the
downtown area. After selecting Region-a, the corresponding
hybrid radial diagram showing travel patterns within Region
a was generated in the region view (Fig. 9A). He selected
both “O” and “D” checkboxes (Fig. 4C,), for analyzing all
trips that moved in and moved out of the region. As shown in
Fig. 9A,, it was observed that the orange area representing
the bus accounted for the largest proportion, indicating the
number of trips taking the bus was the largest. In addition,
the outer bars with the same color in different directions were
of similar length. E1 thought that Region-a in the downtown
attracted the people around it more evenly.

To explore the patterns of travel modes in the suburbs
around Region-a (Fig. 9D-a), thus he further selected an-
other hot spot, Region-b (Fig. 9D-b) for further analysis.
Figure 9B showed the corresponding hybrid radial diagram
summarizing the travel modes in Region-b. He was surprised
to find that the orange area Fig. 9B, was larger than that in
Fig. 9A; while the pink area (Fig. 9B,) was smaller than
Fig. 9A,. It indicated that there were more people using the
bus rather than using the car. In addition, the bars on the
right side (Fig. 9B5) were significantly longer. It showed that
more traffic flows were moving to or coming from the east.
He went back to the position of Region-b in the heat map
(Fig. 9D-b) and noticed a small hot spot in the east of Region-
b, which was not far. E1 explained that the long distance
from Region-b to the city center may cause the movement of
people in the suburban area to be more concentrated nearby.
“In short-distance travel, cost-effective and convenient buses
are more popular,” commented E1.

Finally, he wanted to explore whether the suburbs have
the same patterns. He found another hot spot, Region-c
(Fig. 9D-c), which was near Rregion-b and was also a
suburban area. Fig. 9C showed the pattern of travel modes
in Region-c. In contrast to Region-b, although it was also
close to the suburban area, Region-c had a different pattern
for travel modes. It can be seen that the proportion of the
orange area in Fig. 9C; was smaller than that in Fig. 9B,
and the pink area (Fig. 9C,) was larger, indicating fewer
trips using bus and more trips using cars. To explain this
question, he examined the other parts of the hybrid radial
diagram carefully. Immediately, he observed in Fig. 9C; that
the bar in the upper left was longer, indicating more traffic
in the northwest. He backed to Fig. 9D-c and found that
the northwest of Region-c is downtown. Perhaps because
Region-c was a little bit closer to the downtown than Region-
b, so there was more traffic to the downtown rather than
nearby, he explained. In his view, the advantage of bus travel
diminished as the distance increased. So the change in bus
and car proportion in Region-c might result from the long
distance to the downtown compared to Region-b (Fig. 9B),
which had more trips nearby. He commented, “Measures
need to be taken in Region-b, to optimize transportation
structure and to promote the usage of the bus. Such as opti-
mizing bus routes and implementing preferential policies.”

6.3.2. Case II: Analyze paths based on uncertainty

As E2’s daily work was devoted to the design and retrofit
of the road, she was interested in using TMSeer to analyze
the paths with different modes in Foshan City. First of all,
she selected four travel modes, all time periods, and did
not conduct any uncertainty filtering in the control panel
(Fig. 4A), to explore the complete travel pattern throughout
the day. After trip filtering, she further explored the map
view for an overview of traffic.

As E2 was familiar with this city, she had always been
interested in the hot spot region shown in Fig. 4B-a. E2
mentioned that, as a suburban area, there were many people
working in another neighboring city. So there was a lot of
cross-city travel, which is prone to cause traffic congestion
and electric bicycle accidents all year round. Thus, she
selected Fig. 4B-a as the first region. Then she chose an area
of about the same size across the bridge on the east side
as the second region (Fig. 4B-b) because it is common for
residents to commute to another city. After the two regions
were selected, the region view generated the corresponding
hybrid radial diagrams, showing the patterns of travel modes
in the first region (Fig. 4C,) and the traffic between two
regions (Fig. 4C,).

As shown in Fig. 4C,, she first noticed that the bus
(orange) and riding (blue) were the main travel modes be-
tween the two regions. Then she immediately pointed out
the obvious rise in the area chart in morning and evening
rush hours. She then switched the “O” and “D” checkboxes
to investigate inflow and outflow separately and found out
that outflow had its peak hours in the morning (Fig. 4C-a)
while inflow has its peak hours in the evening (Fig. 4C-b),
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which was in line with people’s commuting characteristics.
When she clicked the small hybrid radial diagram (Fig. 4C,),
the parallel coordinate graph (Fig. 4A,) in the control panel
changed to show the feature distribution of selected trips.
The path view (Fig. 4D) was also updated. From the parallel
coordinate graph (Fig. 4A,), she discovered that the duration
of the bus (orange) and car (pink) usually lasted longer, and
the speed of some riding trips (blue) was higher than the
normal bicycle. Thus she guessed that riding here was more
likely to include the electrical bicycle.

Furthermore, E2 turned to the path view (Fig. 4D) for
path analysis. She first checked the two node-link diagrams
on both sides, which represented the traffic flow within ori-
gin and destination regions. She found some big nodes with
thick edges, indicating more traffic volume here. She said,
“It might be backbones that many traffic had to pass through
for travel.” Then she turned to the enhanced Sankey diagram
to explore the paths connecting the origin and destination
regions. She tried different selections of layouts and scores
for the enhanced Sankey diagram. Of all the rectangles
representing nodes, she saw two particularly conspicuous
nodes (Nodes N and N, in Fig. 4D) with the darker colors
in the enhanced Sankey diagram, indicating that these nodes
were most likely to be hubs and congestion areas. To find the
reason for the congestion, she selected a pair of origin and
destination nodes with the most traffic (Nodes N, and N,
in Fig. 4D) passing through two nodes for further analysis.

As shown in the band graph (Fig. 4D,), E2 first observed
the highest flow on riding (blue) in the bar chart on the left.
Then she went through each band. The first two segments
were lighter in color than the last, indicating a lower speed.
This was consistent with the scores shown in the enhanced
Sankey diagram. What’s more, the line indicating the dura-
tion of riding was obviously shorter than others, especially
in the second segment. It showed that riding could be more
efficient than buses or cars. She then clicked the path to see
its location in the map view (Fig. 4B,), which corresponded
to the Guangfo Road. “In fact, traffic jams occur here all year
round and are in urgent need of control,” said E2.

She explained that because there were so many riding
trips, it could affect the efficiency of vehicles to some extent.
“Measures need to be implemented to achieve the separation
of motor and non-motor vehicles, which can effectively
improve travel efficiency and reduce traffic accidents,” said
E2.

Through this exploration process, she recognized our
system, which she felt was very meaningful to understanding
the traffic patterns of citizens and was helpful to her work.

6.4. Expert Interview

We conducted one-on-one interviews with domain ex-
perts (E1 and E2) and collected their feedback after the case
studies. The feedback is summarized as follows.

Visual Design. The experts confirmed that our system
is well-designed and user-friendly. They believed that the
system could be easily understood by users with different
backgrounds. In particular, both E1 and E2 praised the

hybrid radial diagram design in region view. “A summary
of the travel modes in a region is clearly given,” said E1. E2
added, “The function of selecting multiple regions facilitates
comparative analysis.” Besides, the experts also acknowl-
edged the smoothness of interactions.

Usability and Improvements. The experts praised our
system and thought the functions provided by TMSeer were
really helpful. E1 highly praised that TMSeer provides an
opportunity to comprehensively analyze the travel modes in
the city. E1 commented, “It is low-cost and efficient, which
can be a strong reference for urban planning.” E2 indicated
that path analysis can help to find areas or sections that
need to be improved. Apart from the aforementioned, our
experts also provided some valuable suggestions to improve
the usability of the system. E1 mentioned that medium- and
long-term analysis of transportation planning also played an
important role, such as in the past decade. “We hope to use
it to predict future traffic changes,” he suggested. E2 further
suggested a more concise visual presentation in the path
view, “It will help a lot when making reports.”

7. Discussion

In this section, we reflect on the implications of our work,
discuss the generalizability of TMSeer, and outline current
limitations and future research directions.

Implications. This study leverages large-scale CSD for
the city-level analysis of travel modes, which aims to gain
deep insights into the overall travel patterns of city-level
crowds. TMSeer comprises novel visualizations and travel
mode identification methods to facilitate the exploration
of multiple travel modes. The case studies show that our
approach can reveal insightful patterns of different modes
that can help urban planners and policy-makers with their
decision making of urban planning and other relevant poli-
cies. Our approach marks an initial effort to apply data
visualization and visual analytics techniques in support of
urban planning and decision-making, laying the groundwork
for future research in this direction.

Generalizability. TMSeer is designed for the analysis of
traffic patterns for travel modes using CSD. However, the
analytical pipeline and system architecture are also adapt-
able to other types of mobility data. For instance, GPS
data, despite offering finer spatial granularity, share a similar
spatiotemporal structure with CSD—such as trajectories,
origin-destination pairs, and speed profiles. This compatibil-
ity allows TMSeer to be extended to GPS data with minimal
modifications in the preprocessing phase, such as adjusting
for sampling intervals or spatial resolution. Nevertheless,
due to privacy concerns and access restrictions, large-scale
GPS datasets at the city level are not publicly available and
typically require coordination with government agencies,
which limits our current ability to evaluate this adaptation
empirically. In addition, smart card data can be incorporated
for analyzing public transit flows, offering another potential
application scenario. Beyond transportation analysis, TM-
Seer can also assist in business site selection, as different
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travel modes influence commercial activity in distinct ways.
Understanding mobility patterns around candidate locations
can support decisions such as facility placement and parking
allocation. Furthermore, the visualization designs in TMSeer
are applicable to a variety of domains beyond urban mobility.
For example, the hybrid radial diagram is well-suited for
presenting cyclical or time-based patterns in other fields,
while the enhanced Sankey diagram can be generalized for
analyzing complex flows and relationships in supply chains,
migration studies, and energy systems.

Trajectory Interpolation. Trajectory interpolation in
CSD is necessary, since the intrinsic sparsity of CSD affects
path analysis and sometimes introduces errors during graph
construction. Our aim is to better infer the route of the target
movement, rather than the actual location of the connected
cell station. In this paper, we interpolate the cellular signal-
ing data based on the historical trajectories. We assume that:
1) The same travel mode usually has a common movement
pattern when passing through a local area; 2) The majority
of people usually have similar movement patterns between
a pair of origin point and destination point. To ensure scal-
ability and real-time interaction, we selectively interpolate
only a subset of trajectories during the visual analysis phase.
This approach is also guided by practical considerations:
interpolating all CSD records would be computationally
expensive, and in some cases could distort key features (e.g.,
duration or frequency) relevant to travel mode identification.
Our strategy thus balances analytical accuracy with system
performance.

Limitations and Future work. While our evaluation
demonstrates the effectiveness of TMSeer, several limita-
tions remain that open up opportunities for future research.
First, the current analysis primarily focuses on traffic volume
and speed. Additional factors such as income levels, travel
cost, land use, weather conditions, and real-time congestion
are all critical for a more comprehensive understanding of
travel behaviors. Integrating these dimensions would en-
hance the interpretability and decision-making value of the
system, and we plan to explore them in future work. Second,
uncertainties remain in travel mode identification due to the
relatively coarse spatial resolution of CSD, which can limit
recognition accuracy compared to high-resolution GPS data.
Nevertheless, our enhanced unsupervised method, combined
with uncertainty assessments, has substantially improved
the reliability of the results. During expert evaluation, the
visual outputs were found to be both intuitive and practi-
cally informative. Third, this study is currently limited to
one-day CSD data, which constrains longitudinal insights.
In future work, we plan to incorporate multi-day or long-
term datasets to analyze differences in travel patterns across
weekdays, weekends, and special events, enabling broader
temporal evaluations of urban mobility. Fourth, the absence
of an open, city-scale CSD dataset with mode labels limits
direct benchmarking and cross-study comparability. Recent
CSD-based travel-mode studies still rely on operator/self-
collected data, while the publicly available benchmarks are

predominantly GPS-based, which differ in sensing modal-
ity and sampling from CSD. As future work, we plan to
curate a de-identified subset (subject to compliance) and
conduct cross-modality validation against public GPS-based
corpora. Finally, as large language models (LLMs) such as
GPT and DeepSeek continue to advance, we envision their
integration into TMSeer as intelligent assistants that can help
domain experts interpret patterns, formulate hypotheses, and
derive insights from complex mobility data. Such integration
could enhance the system’s interactivity, explanation capa-
bility, and accessibility for non-technical users.

8. Conclusion

In this study, we propose TMSeer, an interactive visual
analytics system to assist the analysis of traffic patterns for
multiple travel modes. We apply large-scale CSD to explore
multiple travel modes in the city, achieving the analysis of
overall traffic patterns. The proposed method can infer the
most likely travel mode adopted by a trip and assess the
uncertainties of the inferred travel modes. Intuitive visual-
izations together with coordinated views and interactions
enable multi-level exploration of large-scale cellular data.
We conduct quantitative evaluations, case studies and expert
interviews to demonstrate the effectiveness and usability of
TMSeer. In the future, we will extend TMSeer to support
long-term cellular signaling data exploration, and incorpo-
rate more factors, such as land use patterns, income, and cost,
to enable a more comprehensive analysis of city-level travel
behaviors.
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