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A B S T R A C T
Travel behavior analysis is crucial for various applications such as urban planning, transpo
management, social behavior analysis, and business intelligence. Owing to the wide use of
phones, the massive cellular signaling data (CSD) provides us with an unprecedented oppo
to investigate people’s travel modes. However, it is challenging to explore such massive C
to its intrinsic sparsity, large size, and complexity. To fill this gap, we propose TMSeer, a
analytics approach to help domain experts explore CSD and analyze city-level travel modes of
Specifically, we first design an unsupervised method that combines rule-based heuristics (RB
Gaussian Mixture Model (GMM) to infer travel modes from CSD. We also take advantage of G
characteristics to assess the uncertainty of inferred results. Then, we present novel visuali
to enable interactive multi-level exploration of CSD and in-depth analysis of travel modes:
view with heatmaps to show the spatial distribution of urban traffic, a region view with hybri
diagrams based on clock and directional metaphors to display the traffic of different travel mode
regional level; and a path view to visualize the detailed paths of different modes between reg
particular, an enhanced Sankey diagram is designed to visualize the details of the movement, t
with the novel band design to show the efficiency of travel modes in the path. We conducted tw
studies and expert interviews with domain experts to evaluate our approach. The results demo
the effectiveness and usability of TMSeer in analyzing travel modes of people and urban mob

duction
he fast development of the economy and tech-
re have been various transportation choices for

travel to different places. Even within the same
e can travel between two locations via walking,
king a bus, or the subway. The in-depth analysis
veling behaviors is crucial for many downstream
ansportation management, urban planning, social
alysis, and business intelligence. For example, to
affic congestion problems within crowded cities,

ary to first understand the detailed travel behaviors
t people from different regions at various time
1]. When policymakers and urban planners de-
olicies to encourage people to travel by public

ion or bicycle instead of driving, they also need
ep understanding of the detailed travel behaviors

4, 3]. When business owners want to find the best
or their business, the traveling modes of people
locations can also help them make the optimal

39].
s research has been done to analyze the travel
eople. The most straightforward way to investi-

vel behaviors of people is to collect people’s feed-
eir travel preferences via questionnaires or online
onding author.
yzh25@mail2.sysu.edu.cn (Y. Zeng1,);
sysu.edu.cn (S. Gu1,); chenshw39@mail2.sysu.edu.cn (S.
ang@ntu.edu.sg (Y. Wang); zenghp5@mail.sysu.edu.cn (H.
): 0000-0002-0339-0361 (H. Zeng*,)
authors contribute equally to this work.

surveys [4, 3]. But such methods are often time-consu
and only provide limited rough information on pe
overall travel preferences. It cannot enable a detaile
accurate analysis of people’s travel modes across v
regions and time ranges. Then, with the availability o
data, more research studies have focused on analyzin
taxi data to gain insights into the travel behaviors of c
within cities. For example, Ferreira et al. [24] provid
depth insight into mobility patterns by analyzing taxi
Du et al. [19] delved into the travel patterns of online
Compared with the traditional questionnaire or survey-
methods, such approaches can help decision-maker
urban planners gain a detailed understanding of how p
travel within cities via taxi. However, they cannot en
comprehensive analysis of other travel modes like bic
walking, and subways.

Given the wide usage of mobile phones, cellular s
ing data (CSD) emerge as a particularly suitable choi
analyzing travel modes. The massive volume of CSD
enables extensive population coverage, capturing mo
patterns across diverse user groups and geographic ar
a relatively low cost. This wide coverage makes CS
invaluable resource for studying travel behaviors on a
scale. Previous studies have demonstrated the utility of
in travel analysis. For example, Aguiléra et al. [1] mea
the quality of service of Paris transit system. Gundleg
al. [26] estimated the travel demand based on CSD.
et al. [12] analyzed the home and work locations, and
purposes of people. However, they can not achieve a de
analysis of people’s travel patterns according to the
mode. By collaborating with telecommunication comp
ng et al.: Preprint submitted to Elsevier Page 1 of 18
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ofotivation Illustration. (A) Cellular signaling data as

ta source. (B) The goal is to analyze four regional-
travel modes: car, bus, riding, and walking. (C)
ajor challenges addressed in this study.

ying proper data anonymization techniques, we
deep insights into the overall travel patterns of

hin the city.
serves as a motivation illustration, highlighting
goal of this research: to analyze city-level travel
rban residents at the regional scale using CSD.
his is a non-trivial task due to three major chal-
utlined below. (1) Essential complexity in terms
a scale, data dimensions, and dynamic evolu-
nalysis of large-scale, multi-attribute spatiotem-
is a challenge. CSD is larger in scale and more
In addition to spatio-temporal attributes, the con-
of travel modes increases the difficulty of multi-

analysis. Each mode has its own set of attributes,
eed, capacity, and comfort, which contribute to
decision-making process for travelers. (2) Signif-
sity of different travel modes. The comparative
the efficiency of different travel modes lays a solid
for optimal urban planning and traffic manage-
ever, the choices of different travel modes result
asing difficulty of travel analysis. Multiple travel
n across different temporal and spatial scales. It
ing to effectively compare different travel modes
er the relationship between them. (3) Intrinsic
y in the travel mode identification. Inferring
mode people adopted using CSD is extremely
g, due to the high spatio-temporal sparsity of
leads to fewer spatio-temporal characteristics in
ry. Although studies have been conducted using
ntify possible modes of travel, the accuracy of the
on is much lower than using GPS data [50, 11].
till potential to improve the accuracy. In other
e is a great deal of uncertainty in the identification
e to these challenges, a fully automated analysis
odes is relatively difficult, lacking considerable
and knowledge. Visual analysis, combined with
ced computational power and human cognitive
an be an effective solution for analyzing travel
ress these challenges, we propose TMSeer, a vi-
ics system designed to support the interactive ex-
f large-scale cellular signaling data and facilitate

city-level analysis of multiple travel modes. To mana
data complexity stemming from large-scale, multi-attr
and dynamic CSD, TMSeer incorporates coordinated
components, including a hybrid radial diagram and in
tive filtering techniques. These allow users to explore
volume spatiotemporal data across multiple travel mo
a scalable and organized manner. To address the div
of travel modes, we develop novel visualization de
that support intuitive comparison across different trans
tion types. In particular, we introduce an enhanced S
diagram with a band representation that enables us
compare inter-regional travel efficiency, mode compos
and flow structure at a glance. To mitigate the uncertai
travel mode identification, we propose a hybrid metho
combines rule-based heuristics (RBH) and Gaussian
ture Models (GMM) to infer travel modes from sparse
GMM provides probabilistic outputs, which are furth
sualized to help users assess the confidence level of in
results and focus on reliable insights. The contributio
this paper are summarized as follows:

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

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

• We conduct case studies and expert interviews
real-world CSD to evaluate our approach. The r
demonstrate its usefulness and effectiveness in
tating intuitive and in-depth analysis of travel m
within a city.

2. Related Work
2.1. Traffic Analysis of Travel Modes

The traffic analysis of traveling modes has been
issue for urban planning and traffic management. A
number of studies have been conducted on the mining o
fic data, providing guidance for the revision of transpor
planning and policies, such as fare promotion [42] an
route planning [54].

The study of massive-scale human movement in
plays an important role in solving many of the problem
modern cities face. Many researchers focus on the mov
of people within an urban area using various travel m
namely urban mobility. Some research in this domain
focused on a single travel mode. Ferreira et al. [24] pro
a visual analytics system to explore spatio-temporal pa
of taxi movement within the city. Huang et al. [29] deve
a graph-based approach to model the structure of traffi
discovered the hubs and backbone areas used by taxis,
benefit traffic management. Additionally, Zhao et al
used the K-means++ algorithm to group people with s
ng et al.: Preprint submitted to Elsevier Page 2 of 18
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atterns when taking the subway. Alhumoud et
CDRs to analyze human mobility patterns and

tro usage, demonstrating how mobile phone data
e transport planning in emerging urban environ-

aden the scope, some researchers began to incor-
e travel modes. Zhong et al. [64] have enhanced
to distinguish similar modes (e.g., bus vs. car)
eakly-labeled integration of cellular/CDR with

etry. Chen et al. [10] enriched movement trajec-
semantic information to identify intercity travel
evertheless, fine-grained identification of multi-

modes within urban areas, which involves more
d overlapping mobility behaviors, remained un-

d. Another line of inquiry has examined interac-
en different modes. Ma and Knaap [38] studied
of bike-share on rail transit ridership, finding it

n the position of the metro rail. Chen et al. [7]
the transit patterns between bus and subway. Yet,
ble to dynamically present the spatio-temporal
tween different travel modes, and it is not friendly
lysts who do not have relevant knowledge.
advances have begun to bridge the gap between
e analysis and city-scale multi-mode understand-
ver, the traffic analysis of multiple travel modes is

of further research. There remains a shortage of
t leverage large-scale urban mobility data, such as
ne signaling data, to jointly analyze and visually
ity-level travel patterns across multiple modes.
ing approaches are either confined to a narrow
f travel modes or to dynamic and interactive ex-
n this paper, we address these gaps by using city-
to analyze travel behavior across multiple modes,
by an interactive visual analytics framework. Our
nables the exploration of travel mode choices
traffic conditions and facilitates intuitive spatio-
omparisons of multi-modal mobility patterns.
tification of Travel Modes Based on CSD
is of travel modes has always been a crucial com-
transportation planning and policy making [56].
nal traffic surveys [45] are time-consuming, there
many researchers working on automatic tech-
travel modes identification. With the increasing
mobile phones, CSD have become a prominent

e for travel mode identification due to their low
cost and broad population coverage. Unlike GPS
h provide high spatial accuracy but require user
d active tracking, CSD data are passively col-
obile network operators, making them suitable

ale and cost-effective applications.
SD record the location where the phone connects
lar tower, the spatial accuracy of CSD is signif-
er than that of GPS data. Many researchers have
ts to this end. Early studies focused on extract-
characteristics suitable for the sparse and noisy
SD. For example, Chen et al. [9] designed a set

of domain-specific features suitable for CSD, while D
al. [17] utilized several multidimensional mobility fe
to extract interpretable motion characteristics from
Beyond handcrafted features, Jiang et al. [32] empha
the importance of data preprocessing by eliminating ou
in raw CSD to enhance data quality before feature extra
They proposed a novel travel pattern recognition f
work based on deep neural networks, which modifie
traditional data cleaning methods. These studies gen
relied on heuristic or statistical features, such as travel s
acceleration, and trajectory similarity, which are sensi
data sparsity and often fail to generalize across diverse
environments.

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

When it comes to data labels, the scarcity of m
annotated CSD has been a major obstacle to supe
learning methods. To mitigate this, Chen et al. [9] emp
small-scale labeled data collected by volunteers to
mode detection models. However, such datasets are li
in scale and demographic representativeness. Unsupe
methods, such as the PAM and k-medoids clustering
rithms used by Chin et al. [11], were proposed to b
the need for ground truth. But these methods gen
exhibit low accuracy. Due to the challenges in limit
bels, recent work on CSD-based travel-mode identifi
pushes toward label-efficient pipelines at city scale. Tr
learning on real mobile phone signalling data (MSD) en
fine-grained travel mode identification with minimal
and better cross-city generalization [30]. Also, integ
frameworks fuse signalling with public data (surveys
works, census) to infer multimodal choices while ke
ground-truth demands low [37]. For transit-rich set
fine-grained metro-trip detection directly from cellula
jectories shows that robust preprocessing and tempora
ularization can recover station/line-level patterns w
GPS traces [35].

In summary, while prior research on CSD-based
mode identification has achieved notable progress,
ng et al.: Preprint submitted to Elsevier Page 3 of 18
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ral persistent limitations. In particular, labeling
ften face inherent trade-offs between annotation
odel accuracy, which motivates the exploration
unsupervised techniques suitable for large-scale

s. Furthermore, the inherent uncertainty in iden-
utcomes remains a critical yet under-addressed
In this paper, we derived a set of features and
an unsupervised method that combines RBH and
r method does not depend on map APIs and
y travel modes of large-scale CSD. We also take
of the outputs of GMM to assess the uncertainty
ation results. Combined with visual interactions
n knowledge, it aims to decrease the uncertainty
entification results.
c Data Visualization

data records the movement of the urban popula-
nerates a lot of multidimensional heterogeneous
l analytics is widely used to analyze traffic data.
ualizations used in urban visual analytics studies
gorized as spatial, temporal, and other property
ns according to data properties [63, 16]. The
n of spatial context is the basis of urban ana-

p-based visualizations enable urban analysis to
ed in a geographic context. Data dots represent
locations and spatial events [29], while lines

rajectories [20]. Heatmap is a smooth represen-
gregated geographically located objects [16, 23].

summarize and combine complex data [58, 5, 22].
tems further couple map-based exploration with
rban functions and performance measures, e.g.,
[8]. The flow map abstract and summarize mas-
movement on a large spatial scale [34, 23]. Au-

chniques like REA-FM improve the generation of
king flow maps via tree layouts [53]. Temporal vi-
s display temporal features along a timeline. The
design is the most popular method thanks to its

and understandability [18]. The radial layout can
al the cyclic character of time [57]. What’s more,
may also contain high-dimensional, relational,

tic information, including numerical properties,
properties and textual properties. Prior research

ed appropriate visual channels to encode these
such as parallel coordinate plot and matrix [54].
, frameworks like Curio [41] coordinate attribute,
temporal visualizations within a unified dataflow

. Beyond 2D layouts, a systematizes visual ana-
D urban data and discusses task–data–technique
in city-scale scenarios [40].

s, uncertainty visualization has become increas-
rtant due to the ubiquitous nature of uncertainty
is study specifically focuses on uncertainty caused
del and parameters applied to the data analy-
tainty visualization involves three components:
quantification, visual representation, and reduc-

ainty when possible. Uncertainty quantification

mainly uses statistics metrics, such as variance and pro
ity [15, 33], and confidence intervals [25]. Since uncer
varies with data types, it drives varied visualization de
Senaratne et al. [47] introduced space-time prisms
uncertain markers to show the uncertainty of activity
Zeng et al. [60] encoded the uncertainty of emotion r
nition by the height of bars to explore influencing fa
Deng et al. [15] utilized the saturation of colors to vis
the reliability and uncertainty of cascaded inference re
Recent work has examined cognitive impacts of uncer
encodings and task pressure in spatial decision-makin
and proposed congestion summaries that explicitly e
uncertainty in city-wide traffic patterns [5]. Wang et a
encoded the effects of differential privacy noise in a
based correlation view to reveal uncertainty in corre
patterns. In addition, to reduce uncertainty, deductiv
soning [14] and interactive visualization systems [61
shown promise in improving interpretability and red
uncertainty.

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

3. Problem Analysis
The analysis of travel modes based on CSD is a com

task that can rarely be solved using only automatic
mining methods. Due to the large, complex, and dy
traffic data, these methods may not perform well w
the involvement of domain experts. Although auto
and artificial intelligence technologies have made signi
progress, there is still no substitute for human judgme
experience on some complex or subtle tasks. For exa
automatic methods are difficult to understand complex
anomalies. Visualization as a bridge promotes the the c
oration between humans and AI [36].

In this section, we first surveyed the travel modes
ysis from the transportation aspect and then analyzed
existing methods can not solve the problem. We furth
termined the limitations for using the existing transpor
visualization systems, and propose our solutions fro
visualization aspect.
3.1. Challenges of City-level Travel Mode Ana

We tried to understand the difficulties of analyzing
level travel modes with existing methods. There have
many studies devoted to mode identification, trajecto
timation and data mining. Due to the large, complex
dynamic traffic data, the data mining methods canno
form well without the involvement of domain experts.
are difficulties to analyze city-level travel modes with
common methods.

We conducted in-depth interviews with three e
(E1, E2 and E3). E1 is an urban planning expert f
traffic planning bureau in Guangdong Province of C
with over 5 years of experience studying data-driven

tions for urban problems. E2 is an urban road design expert

ng et al.: Preprint submitted to Elsevier Page 4 of 18
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2 years of experience and has been involved in
ge traffic planning projects, including integrated
ion hub planning, and road network optimization.
earcher who has long been engaged in intelligent
ion research. We asked experts questions such as:
ultiple travel modes move spatially? What are the
tics of travel behavior in different travel modes
f time? What is the uncertainty in the analysis
y summarizing their feedback, we derived the

lenges of city-level travel mode analysis from the
scale of CSD and the diversity of travel modes
nges for visualization. It is challenging to com-
modes from a spatio-temporal perspective and to
isualizations, which is difficult to describe by a
e or simple graph.
el is a dynamic process occurring over time, and
features of how multiple travel modes changes
t across different time and space scales. The ex-
lization cannot support this dynamic comparison

ectory sparsity and travel mode recognition model
rtainty to the analysis. CSD cannot be mapped to
tions of road. It leads to the loss of some mobility
n, which hinders microscopic analysis of travel
nd brings great uncertainty to the recognition
avel mode.
tions
analytics is a popular approach in facilitating

collaboration which leverages the complementary
f humans and AI to enhance the travel mode anal-
ather than replacing humans with AI. The combi-
ata visualization and urban computing methods
man in the loop, and promotes the efficiently
of traffic data [16].
ave been many successful visualization systems
an mobility problems. Overall, the spatial dis-

an accurately be shown in these systems based
p, and users can check the travel behavior of
avel modes in online systems. However, users

ain the mobility changes of multiple travel modes
time. It is challenging to analyze the movement

t travel modes across multiple regions. Therefore,
draw on the visualization work and combine

ary visual elements to design the visualization
the travel modes analysis. Based on the challenges
sful visualization concepts, we have proposed a
lytics system to deal with the difficulties raised
. We conducted literature reviews on the related

discussed with three domain experts (E1, E2,
the feedback of these experts, we summarize a
m requirements as shown below.
ovide visual cues of travel mode identification
acilitate more effective analysis. Firstly define a
sent the uncertainty of travel mode identification
reover, visual coding for uncertainty is necessary

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

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

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

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

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

We designed the system TMSeer, to address the
mentioned requirements, combining multiple modeling
ods and probability theory. As shown in Fig. 2, the anal
pipeline consists of three phases, namely, data prepro
ing, data modeling, and visual exploration. In the
preprocessing phase, we clean CSD and extract tri
the data modeling phase, we identify travel modes o
(R1.1) and handle path analysis requests (R4.1). I
visual exploration phase, we implement our visual ana
system, TMSeer, based on the Vue.js2 front-end fram
and the Flask3 back-end framework, which consi
four coordinated views. The control panel provides

2https://vuejs.org/
3https://flask.palletsprojects.com/en/3.0.x/
ng et al.: Preprint submitted to Elsevier Page 5 of 18
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howing uncertainty (R1.2). The map view shows
w of the traffic density at the city level through
es of heatmaps (R2). The region view displays
f different travel modes at the regional level with

ial diagrams based on metaphors (R3). The path
des detailed exploration for paths between two
4.2).

Description and Processing
section, we first describe the types of data used
roach and define the relevant terms. Then, we
he data processing and data modeling.
Description

inly used two types of data collected in Foshan,
g Province, China. The detailed information is
s follows:
r Signaling Data (CSD). In order to ensure the

communication services, telecommunication op-
d to record the location of their users and collect
ta every day, which is called cellular signaling
). The location of the cell station connected by
s recorded, which can be seen as a kind of trajec-
The collected data contains trajectory records of
nes and information on cell stations. Each record
ory is defined as 𝑡𝑟 = (𝑝𝑖𝑑, 𝑠𝑙𝑜, 𝑡), where 𝑝𝑖𝑑 is
ted mobile phone ID, 𝑠𝑙𝑜 denotes the location of
ted cell station, and 𝑡 is the timestamp. The data
work is provided by a large mobile phone service
China, covering the trajectories of 244,928 users

ole day of November 1st, 2020, which has been
identifying information. It is used for large-scale

el mode exploration. In addition, a small-scale
et was constructed from two sources. First, 10
volunteers participated in data collection over a
od. Among them, 3 volunteers were assigned to
king data, while the remaining 7 focused on bus
. All volunteers installed a custom mobile appli-
automatically recorded their connected cell tower
n and timestamps while the phone was online
coverage. Second, car travel data was collected

ourse of one month from a single taxi vehicle
same mobile application. The app continuously
ase station connection logs without requiring any
ut, ensuring consistent and passive data acquisi-
regular driving. As a test set, the effectiveness

el mode identification algorithm and trajectory
n method proposed in this paper is evaluated.

oute Data. The bus route data records detailed
n about all bus lines and bus stops in Foshan,
he line name, stop name, and location. The data
is work comprises 1,342 bus routes and 38,480

itions
roduce the following important concepts defined

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

• A trajectory contains a set of locations of cell st
connected by phone users for a certain period of
and consists of a sequence of records:
𝑇 𝑟 = {𝑙𝑜𝑐1, 𝑙𝑜𝑐2, ..., 𝑙𝑜𝑐𝑙}

where 𝑙𝑜𝑐𝑖 = (𝑝𝑖𝑑𝑖, 𝑠𝑙𝑜𝑖, 𝑡𝑖) and 𝑙 is the record nu
• A trip refers to an individual route for the phon

that moves from origin (O) to destination (D).
includes the trajectory 𝑇 𝑟𝑜𝑑 from origin to destin
and the inferred travel mode.

• TripGraph is a directed graph, 𝐺𝑇 = (𝑁,𝐸
represent a network of trips between the spe
origin and destination regions. It aggregates al
between the specific origin and destination re
The node 𝑛𝑖 represents the location of the cell st
connected by phone users and the edge 𝑒𝑖 repr
the links between two physically-connected loca

• A path, 𝑃 = {𝑒1, 𝑒2, ..., 𝑒𝑛}, is a finite sequen
edges from origin to destination in the graph
indicating a trajectory that is commonly employ
people to travel from origin to destination.

• Duration refers to the time spent moving from
location to another.

4.3. Data Preprocessing
Data Cleaning. Oscillation and drift problems a

most prominent sources that result in the noise/outli
CSD. We first employ the data cleaning process provid
Chen et al. [9] to remove data noise and obtain the traje
of each mobile phone.

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

We first introduce the extracted features and the
scribe the proposed identification algorithm. At las
show our methods for uncertainty assessment.

Feature Extraction. Table 1 shows the feature
adopted for mode identification. We first investiga
characteristics of the traffic environment. As the p
network can effectively aid in mode identification [46
er: calculate the proximity to underlying bus route networks
ng et al.: Preprint submitted to Elsevier Page 6 of 18
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ed for mode identification.

eatures Description

_𝑡𝑜_𝑏𝑢𝑠_𝑟𝑜𝑢𝑡𝑒 The proximity of real trips to
the bus route network.

𝑢𝑟𝑎𝑡𝑖𝑜𝑛 Duration of the entire trip.

𝑎𝑗_𝑑𝑖𝑠𝑡
Accumulated distance of all
sampling points during the
entire trip.

𝑗_𝑠𝑝𝑒𝑒𝑑 𝑡𝑟𝑎𝑗_𝑑𝑖𝑠𝑡 divided by 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛.

_𝑡𝑜_𝑏𝑢𝑠_𝑟𝑜𝑢𝑡𝑒). We introduce the buffer, which
of sphere of influence or service of geospatial
. We create buffer areas (size=200m, referring
r the bus route network. Then we measure the
to the bus route by calculating the proportion of
hat fall into the buffer. 𝑝𝑟𝑜𝑥𝑖𝑚𝑖𝑡𝑦_𝑡𝑜_𝑏𝑢𝑠_𝑟𝑜𝑢𝑡𝑒

overlap between trips and bus lines, which is
to the identification of the bus mode. Cooperated
features, we can identify bus separated from other
e explore spatio-temporal characteristics of travel

n the time dimension, we consider the 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
The choice of travel mode will affect the travel
a trip to some extent. We check the distribution

me of different travel modes and found obvious
, which can be used as the characteristics of travel
tification.
pace dimension, we consider travel distance. Two
n be extracted from the trip, including the Eu-
tance between origin and destination (𝑜𝑑_𝑑𝑖𝑠𝑡),
umulated distance of all sampling points during

trip (𝑡𝑟𝑎𝑗_𝑑𝑖𝑠𝑡). We finally adopt 𝑡𝑟𝑎𝑗_𝑑𝑖𝑠𝑡 as a
it can reflect the real trajectory of the trip and
tion difference is more obvious, making it more
to travel mode identification. Then in the absence
ases such as congestion, the moving speed is the

t factor to infer the travel mode. Considering the
characteristics of moving distance, two kinds of
can be calculated to measure the moving speed:
(𝑜𝑑_𝑠𝑝𝑒𝑒𝑑) and trajectory speed (𝑡𝑟𝑎𝑗_𝑠𝑝𝑒𝑒𝑑).
𝑡𝑟𝑎𝑗_𝑠𝑝𝑒𝑒𝑑 to indicate the distance characteris-
can more comprehensively measure the moving
e entire trip.
Identification. We propose an unsupervised
t combines RBH (Rule-Based Heuristic) [46] and
ussian Mixture Model) for travel mode identi-

pecifically, We assume that every mobile phone
s a single transportation mode in his/her trips.
in Fig. 2, the RBH component refers to a sim-
e-based rule: we use a 3 km threshold [46] to
l trips into two subsets. Trips longer than 3 km
ered candidates for riding, bus, or car, while
ter than 3 km also include walking. No further
classification is applied within each subset. We
GMM (Gaussian Mixture Model) separately to

each of the two subsets, leveraging its strength in mod
elliptical clusters across diverse feature distributions
number of Gaussian components is set to 1 in each s
During clustering, GMM estimates the model paramete
maximum likelihood, assigns data points to the most
mode cluster based on posterior probability, and calc
the confidence of each assignment. For the classificatio
in this paper, the probability-based GMM can well
to the spatial and temporal feature distribution of diff
travel modes, and obtain the probability that the r
belong to each travel mode, so as to measure the uncer
of the identification results. 𝑥 is the features of a trip, wh
input into the model. 𝐾 denotes the number of travel m
The distribution of 𝑥 is:

𝑃 (𝑥|Θ) =
𝐾∑
𝑘=1

𝛼𝑘𝑁(𝑥;𝜇𝑘, 𝜎2𝑘)

where Θ denotes all Gaussian model parameters, 𝛼𝑘
prior probability of the k-th Gaussian model, ∑𝐾

𝑘=1 𝛼𝑘
𝜇𝑘 and 𝜎𝑘 are the mean and standard variance in ty
respectively. The output of the model includes the c
label of each trip, as well as the probability of belong
each category. The introduction of probability in GMM
effectively handle data in overlapping clusters and fac
uncertainty measurement.

Uncertainty Assessment. We use information en
as a metric for quantifying uncertainty [27]. By cal
ing the probabilities that the trip belongs to each mo
travel obtained from the GMM, the uncertainty of the
identification result for each trip is determined (R1.1
equation is listed below:
𝐻(𝑥) = −

∑
𝑖
𝑃 (𝑥𝑖) log𝑏 𝑃 (𝑥𝑖)

where 𝑃 (𝑥𝑖) denotes for the probability of trip 𝑥
travel mode 𝑖. The lower 𝐻(𝑥) indicates lower uncert
meaning the result is more credible.
4.5. Trajectory Interpolation and TripGraph

Generation
To enable detailed path analysis of inter-regional tr

we propose a graph-based approach to interpolate
aiming to discover the main routes between different re
and uncover potential patterns (R4.1). It consists o
steps as shown below.

Location Aggregation. Considering the uncertai
the spatial coverage of CSD, we first aggregate the loc
of the neighboring cell stations to better extract the
paths. First, we performed a K-means clustering of a
cells 𝐶 based on their latitude and longitude coordi
Here we chose K-means for three reasons: i) it perform
when dealing with high-dimensional datasets [59], i
clustering efficiency is high and meets the requirem
real-time analysis of our system, and iii) it is credited
implementation simplicity, and it has been used wide

clustering in many domains [31]. In the following process,

ng et al.: Preprint submitted to Elsevier Page 7 of 18
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ofchematic diagram of trajectory interpolation. Our

based on the historical trajectory movement infor-
various travel modes. It searches potential paths
aph construction and graph traversal algorithm to
se trajectory interpolation.

each cell with its cluster center, and the trajectory
resented by the cluster centers is defined as 𝐶𝑘.
entire trip is simplified into a series of lines of
centers. In this way, the clustered areas better
potential location of the phone, and the clutter in
reduced.
tory Interpolation. After aggregating locations,
le that some portions of trajectories are still quite
ich hinders the extraction of complete paths and
ot conducive to our analysis. Thus, we aim to
e complete trajectories by designing a trajectory
n method for CSD.
ume that: 1) The same travel mode usually has
movement pattern when passing through a local
e majority of people usually have similar move-

rns between a pair of origin point and destination
ired by the trajectory interpolation or recovery
[13, 55, 51], we propose a simple trajectory
n method for CSD.
𝐶𝑘 to interpolate. For each node in 𝐶𝑘, there are

mber of nodes that can be next connected, and
s of trajectories through each next node can be
ich is denoted as 𝑛.𝑓 . From this, we can naturally
the closer the features of the current trajectory to
ated are to 𝑛.𝑓 , the higher the probability that the
to be interpolated will actually pass through the
dition to this, the more traffic that passes through
node, the more likely that the unknown trajectory
rough that node.
on the above reasoning, we further extract the
the 𝐶𝑘, including time consumption, traffic flow,
d travel mode. The probability density function
ained using Kernel density estimation to fit the
features. Given a pair of origin and destination

e interpolated, and its continuous features are
𝑓 . The probability of the corresponding feature
ulated by padding 𝑓 . For 𝑂𝑖, 𝐷𝑖, we calculate the
of origin and destination in 𝑂𝑖, 𝐷𝑖 that is within
𝑂, 𝐷. We assume that each feature is mutually
the probability of selecting each next node can
d by multiplying the probability values of each
so, we add positional constraints to ensure that the
n is valid and the overall direction of the interpo-

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

Algorithm 1: Trajectory interpolation algorithm
Data: start and end for the part to be interpolated

𝑆, 𝐸, origin and destination of the trajector
to be interpolate 𝑂, 𝐷, history trajectory 𝐶

Output: Interpolated trajectory 𝑇𝑖preprocess 𝐶 using K-means →𝑁𝑘;
Use KDE on each node to get 𝑓.𝑝𝑑𝑓 for continuo
features;
𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑆;
𝐺 ← 𝑆;
while 𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡! = 𝐸 do

for each 𝑛𝑜𝑑𝑒 in 𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡.𝑛𝑒𝑥𝑡 do
if 𝑛𝑜𝑑𝑒 meet constrains then

𝑃 (𝑛𝑜𝑑𝑒) =
∏𝑓∈𝑛.𝑓 ∫ 𝑓+𝑝𝑎𝑑

𝑓−𝑝𝑎𝑑 𝑓.𝑝𝑑𝑓 (𝑡)𝑑
count the proportion of 𝑂𝑖, 𝐷𝑖 within
1000m from 𝑂,𝐷 → 𝑃𝑂𝐷.;
𝑃 (𝑛𝑜𝑑𝑒) = 𝑃 (𝑛𝑜𝑑𝑒) × 𝑃𝑂𝐷;

normalize 𝑃 (𝑛𝑜𝑑𝑒);
identify the top two nodes in 𝑃 (𝑛𝑜𝑑𝑒) → 𝑛1, 𝑛
𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝑛1, 𝑛2;
𝑐𝑟𝑒𝑎𝑡𝑒𝐺𝑟𝑎𝑝ℎ(𝐺, 𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡);

calculate all possible route with start 𝑆 and end 𝐸
in 𝐺 → 𝑃𝑎𝑡ℎ𝑠;

for each 𝑝𝑎𝑡ℎ in 𝑃𝑎𝑡ℎ𝑠 do
𝑃𝑖 =

∏𝑛∈𝑝𝑎𝑡ℎ(𝑃 (𝑛));
𝑇𝑖 = 𝑃𝑎𝑡ℎ𝑠[argmax(𝑃 )];

Graph constructing. We construct the TripGraph
represent the network of trips between the specified
and destination regions. When generating 𝐺𝑇 , the in
𝐶𝑘, the aggregated points of all CSD sampling poin
tween origin and destination regions. The vertices of o
graph𝐺𝑇 represent the cell station clustering centers, a
edges represent the links between two physically conn
cluster centers. Here, edges are added when there ex
least one trip moving from a vertex to another vertex. W
more, three kinds of weight are appended to the e
including the travel distance, the traffic volume, an
travel time. When an edge is added in the graph constru
process, we calculate the traffic volume, average distanc
average time by going through all the trajectories segm

Path Analysis. To study the role of paths in traffi
score the vertices by calculating the PageRank [43] fo
vertex in graph 𝐺𝑇 , which is a widely used metric in
analysis. PageRank is originally developed to asses
is consistent with the actual trajectory. A binary significance of a web page on the internet. By utilizing this

ng et al.: Preprint submitted to Elsevier Page 8 of 18
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Our visualization system, TMSeer , supports exploring urban mobility with four different traffic modes, i.e., wa
and car. The control panel (A) shows the temporal distribution of traffic volume, the relationship between travel
d supports trip filtering. The map view (B) shows the spatial distribution of traffic and provides operations for
he region view (C) demonstrates the spatio-temporal mobility patterns in a focus region, and with other inter-re
path view (D) provides a detailed exploration of inter-regional paths and the comparative analysis of paths.

e score for the importance of a segment in a path is
based on the principle that links to segments with
will raise the score more significantly compared
segments with low scores. If weight is based
istance, a high PageRank shows a hub in the

ture, which is the intersection of major roads.
ght is based on flow, a high score indicates a
ion hub that is actually used by traffic, which is
tion center of traffic flow. Lastly, if the weight is
avel time, a high PageRank shows congested seg-
elps to discover important or abnormal sections
.

lization Design
ction describes a set of visualization techniques
sers in exploring city-level traffic and comparing

avel modes.

5.1. Control Panel
The control panel (Fig. 4A) is designed to help us

filter trips and provide cues for uncertainty (R1.2), fac
ing better interaction with our system. At the top, a
selector (Fig. 4A1) is provided for users to select trip
modes they are interested in. Then a radial chart (Fig.
like a clock presents the change in traffic volume for
hour of the day. Darker colors indicate more traffic.
can filter the trip by clicking the ring of the correspo
period. In Fig. 4A3, users can filter trips by the uncer
The line chart shows the distribution of uncertainty
mode identification results, with the horizontal axis
senting the uncertainty and the vertical axis representi
trip volume. Due to the wide range of data variation
vertical axis, we use a logarithmic axis to achieve a
presentation. Also, we add two vertical gray lines to in
the locations of the median and the 95th percentile,
can provide users with hints on choosing the appro
uncertainty filtering threshold. At the bottom (Fig.
ng et al.: Preprint submitted to Elsevier Page 9 of 18
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coordinate graph shows the relationship between
inty of all mode identification results and feature
. The color of the lines indicates the travel mode.

ers to analyze the identification results and infer
avel modes. Moreover, it can change with the
ps during the analysis procedure. After finishing
ters setting, users can click the submit button to
trip filtering.
View

r provides a spatial overview of the entire traffic in
2) through the map view (Fig. 4B), which consists
rts.
a heat map (Fig. 4B3) is provided for all the con-
stations, showing the global traffic distribution.
ssion with experts, we provide two heat maps
and destinations separately, facilitating the traffic
of inflow and outflow.

s, experts recommend presenting more informa-
trajectories that heat maps cannot show. Thus,
are represented by lines connecting cell stations
in the map view (Fig. 4B7). The thickness of

ndicates the volume of traffic flows. For better
cts, we aggregate cell stations in close proximity
he edge bundling technique [28] to reduce visual
ist visual linkage and smoother operations, we
h line (Fig. 4B1) in map view to provide a spatial
path analysis. We present each path with nodes
lines. To avoid visual confusion, different colors
represent different paths. We use two colors to

rigin (green) and destination (orange) points sep-
ditionally, animation is added in order to show the
movements in the paths, which can effectively
confusion caused by path overlaps. Users can

show or hide the graphs they want to explore by
e toggle buttons (Fig. 4B2). Additionally, arbitrary
x selection (Fig. 4B5) operations are supported

ng region exploration.
on View
etermining their region of interest from the map

s want to further investigate the mobility pattern
on (R3). The region view (Fig. 4C) is designed
exploration requirements, which consists of two
design a hybrid radial diagram (Fig. 4C2) to

e spatio-temporal distribution of different travel
a focus region (R3.1), complementing the in-

he map view. The region view also display pre-
obility patterns between the focus region and

g region (R3.2). Users can choose multiple sur-
egions according to their own interests and make
l choices among surrounding regions for sub-
tailed investigation. We use a simplified hybrid
ram (Fig. 4C4) to show the temporal distribution
vel mode, and apply a well-established layout
sed on the relative positions in the map to ensure

Hybrid Radial Diagram Design. We use the h
radial diagram design (Fig. 5A) to show the mobility pa
of the central region. Four colors are employed to e
four travel modes throughout. To display residents’
erence for travel mode in the central region, we use
chart (Fig. 5A-a) to show the proportion of travel mode
adopt a stack radial area chart to show temporal patte
traffic mobility in the central region (Fig. 5A-b). For s
patterns, we calculated the proportion of different
modes in eight directions, the direction of each traje
is represented using origin and destination direction
use a radial bar chart in each corresponding directio
make it axis-symmetrical to avoid confusion and im
visual effect (Fig. 5A-c). For the surrounding regio
use the simplified hybrid radial diagram (Fig. 5B) to d
the mobility between the central region and the surrou
region. Similar to Fig. 5A, we also use the pie cha
stack area chart to show the distribution of different
modes and temporal patterns in the simplified diagram
radius of each diagram represents traffic flows betwee
central region and the corresponding regions. Note th
simplified hybrid radial diagram (Fig. 5B) shows traffi
between two regions while the central hybrid radial dia
(Fig. 5A) indicates all traffic flow with origins or destin
in the central region. Furthermore, users are allow
configure the central region as “O" or “D" (Fig. 4C
explore the inflow or outflow of the central area.
can also select both origins and destinations to analys
overall traffic flow including inflow and outflow.

Layout. To visually map the region view to the
view, we place each hybrid radial diagram based
original orientation and use a line to connect the surrou
hybrid radial diagram to the central hybrid radial dia
(Fig. 4C3). In this way, the layout of the region vi
consistent with the actual positions of the regions
map view, making it easy to be explored by users. W
a force-directed layout to maintain the relative posit
each hybrid radial diagram while avoiding overlappin

Alternative Designs. Before adopting the curren
tral hybrid radial diagram design (Fig. 5A) and surrou
hybrid radial diagram design (Fig. 5B), we have consi
other alternative designs correspondingly. For examp
for the central hybrid radial diagram design, we co
the flow of different modes of travel over eight se
distances in each of the four directions and used shor
to represent the flow of each mode of travel (Fig.
However, after discussions with experts, it was felt th
information in the different directions was more imp
than the distance. The design was therefore discarde
for the surrounding hybrid radial diagram design, we
a radial central symmetrical bar chart to show the
flow of different travel modes every two hours (Fig
but compared with Fig. 5B, it does not provide a
representation of the temporal distribution of total
flow.
ual effect.
ng et al.: Preprint submitted to Elsevier Page 10 of 18
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A) The central hybrid radial diagram design for the
on shows the proportion of travel modes, temporal
nd the proportion of travel modes in different
(B) The surrounding hybrid radial diagram design, a
ersion, shows the proportion and temporal pattern
e central region and surrounding regions. (C) An
design for the central hybrid radial diagram. (D)
ive design for surrounding hybrid radial diagram.

View
e region view, users can explore the traffic modes
irs of regions, and further analyze details of the
one region to another region (R4.2). We design

ew for path analysis, comprised of two parts. The
(Fig. 4D1) above displays how each path is used
t travel modes. The bands (Fig. 4D2) below show
fficiency of each path. After path extraction and
e calculation in Section 4.3, all the trips between
s are constructed into a graph, representing the
ork between the two regions. The score of each
so calculated.
raph. To support the analysis of the path us-

vel modes, a path graph is designed. As shown
we divide the graph into three parts: a network
t encoding the movement in the origin region
a network on the right encoding the movement
nation region (Fig. 6C), and an enhanced Sankey
the middle showing the movement connecting

gions (Fig. 6B). For the origin and destination
he size of the vertex represents the traffic passing
d the thickness of the edge represents the traffic

tween the nodes. The dashed circles indicate the
te extent of the clusters. The location of the node
the relative location of the region geographically.
hanced Sankey diagram, the rectangles of each
. 6B1) show the volume of traffic passing through,
t representing the volume and color representing
ode. The color of rectangles indicates the scores
in Section 4.5. The darker color shows a higher

he vertex. What’s more, users can switch scores
by different weights (Fig. 6E), which have dif-
nings. For example, in the selection of “hubs in

Figure 6: The path graph design in the path view. (A) an
show the movement in the origin and destination region
shows the movement between two regions. (D) provides
selection for the enhanced Sankey diagram. (E) provides
selection for vertexes. (F) shows detailed vertex compo
including the number and score distribution of travel m

a transportation hub on a geographic road. In the select
“hubs in traffic”, we show the hubs actually used by t
While in the selection of “congestion segments”, the d
color indicates more congested areas. The thickness
edges (Fig. 6B2) indicates the traffic volume betwee
nodes, with color indicating the average duration spe
the path segment.

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

Parallel Band. To better compare different pa
parallel band design (Fig. 7) is proposed to show the
efficiency of each path. We first provide a bar chart (Fig
on the left to show the traffic volume of different
modes that are encoded by the corresponding mode c
Then, we design bands (Fig. 7B) for efficiency compa
Fig. 7C shows the enlarged part of the band. For
band, the above line with dark gray rectangle poin
the band indicates the partitioning path segments, wi
length showing the average distance of trajectories m
from the previous node to the next. The line with
gray circle points beneath the band displays the du
information. The length between two circles shows th
spent on the corresponding path segment. Also, the co
the quadrangle shows the corresponding average speed
darker the color is, the higher the speed is. Finally, we
the band representing the summary of all trips at the to
the nodes with darker colors are more likely to be then the bands for different travel modes are arranged at the

ng et al.: Preprint submitted to Elsevier Page 11 of 18
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ofhe parallel band design in the path view. (A) The

ft shows the volume of travel modes. (B) The band
avel efficiency by combining distance and duration.
larged part of the band. (D, E) Two alternative

such a manner, the efficiency of all travel modes at
gments in the path is shown, including the speed,
nd distance.
ative Designs. To compare the different paths, we
several alternative designs for the parallel band
shown in Fig. 7D, we first considered using the
een nodes to represent the Euclidean distance

ll station clustering centers. Meanwhile, we used
of the rectangle to represent time. We also used
to fill the rectangle, with the tilt to represent
ever, the clustering of the cell station covered

pace range, and the Euclidean distance cannot
he actual distance. This could lead to the wrong
n. Next, we tried to add another rectangle on top
with the height representing the relative actual
owever, experts said it was not intuitive and the
re confusing, making it difficult to capture useful

n. Thus, we directly represent the true distance by
with additional points indicating nodes. We also
th of color instead of the texture to indicate speed,
ore intuitive.
actions
teractions supported by TMSeer are summarized
ng. Rich filtering operations are supported in the
el (Fig. 4A). Users can filter by travel mode, time
identification uncertainty.

g. Linking connects all views in the system. For
he path view is generated by clicking the region
in the region view. Users can double-click the
he enhanced Sankey diagram in the path view
, and the corresponding paths will show below.
, users can select a path to render it on the map
4B1).
ghting. Highlighting is employed to help users
he information of interest. The selected regions
hlighted in the map view (Fig. 4B1). In addition,
s hover on the nodes or edges of the enhanced
gram, the connected nodes and edges will be

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

6. Evaluation
We first conducted quantitative evaluations for th

posed mode identification method using a CSD datase
ground truth labels annotated by volunteers, then ass
the effectiveness and usability of TMSeer through two
studies and interviews with two aforementioned co
rating experts (E1 and E2, who have been introduc
Section 3). Section 6.3 reports the cases conducted by E
E2 respectively and Section 6.4 reports the feedback
all experts. The data used in this section is one-day
covering the trajectories of 244,928 users for the whol
6.1. Mode Identification

This paper evaluates the effectiveness of the app
using a test set collected by volunteers. The test set inc
data collected by 10 volunteers over three days and
over one month. We applied the methods introduc
Section 4 to clean the raw data, extract individual trip
identify travel modes. After preprocessing, the final d
contains 24 walking samples, 88 bus samples, and 27
samples, resulting in a total of 382 trajectories use
evaluation.

Baseline and metrics. We implemented the m
proposed by Chen et al. [9] as the baseline and compa
model to it, noting that they exclusively employed G
We used accuracy, precision, recall, and F1 score to
the performance of our method. To further verify the
tiveness of the uncertainty assessment method, we eva
the mode identification results in different uncerta
Here we refer to the visual cues in Section 5.1, to filt
results and verify the validity of our method. Specifical
filtered the results according to the 95th percentile an
median and count the indicators separately.

Evaluation results. The left subfigure of Fig. 8
the overall accuracy of baseline and our method. Com
with the baseline, the accuracy of our methods is 63
which is higher. The RBH+GMM provides a perform
boost. The incorporation of RBH method can avoid
errors. In addition, compared with all results, the acc
can be effectively improved by filtering trajectories
on the uncertainty according to the system hints. A
by using the median of uncertainty as the threshold to
the mode identification results, our approach can achie
accuracy of 71.73%. This proves that our method can
to filter more reliable results based on uncertainty,
facilitating the entire analysis process.

The right subfigure of Fig. 8 displays the F1 score
methods on each travel mode. It is shown that our m
performed well on car and bus modes among all the
modes in terms of the F1 score. However, it is rela
more difficult to infer the walking mode. As shown
confusion matrix (Table 2), our method sometimes mi

sified walking as bus, since two of the volunteers’ walking

ng et al.: Preprint submitted to Elsevier Page 12 of 18
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atrix of mode identification results.
ed

Walking Bus Car Total Recall

3 21 0 24 12.5%

15 65 8 88 73.86%

3 61 206 270 76.30%

21 147 214 382

14.29% 44.22% 96.26%

were collected near bus stations. In general, our
rforms well.
ectory Interpolation
luate the interpolation performance, we construct
ased on the CSD trajectories collected from both
and a taxi. Sparsity is simulated by randomly
portion of location records from each trajectory,

erving the complete version as ground truth for
Each trajectory spans no less than 10 minutes

, and a total of 8,650 trajectories are extracted
. This approach enables the creation of realistic
ectory data while ensuring accurate benchmarks
ison.
es. Two existing models are implemented as

as shown below.
den Markov Model (HMM): HMM is a classi-
ilistic approach used to model serial data and
sed to estimate and predict the position during

vement.
pTransport [49]: DeepTransport is a method us-
to infer the detailed trajectory of mobile phone
reconstructs the trajectory by feeding individual
cords to the model.
s. We use great-circle distance, i.e., the length of
t path from one point on the sphere to another
e sphere, to measure the estimated error between
sition and the interpolated position. The calcula-
la is as follows:

𝜙∕2) + cos𝜙1 ⋅ cos𝜙2 ⋅ sin2(Δ𝜆∕2), (4)
√ √

Table 3
Evaluation results of trajectory interpolation method.

Model Average Error (m)

HMM 304.35

DeepTransport 182.6

Our method 163.17

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

dist = 𝑅 ⋅ 𝐶.

where 𝜙 denotes the latitude, 𝜆 is the longitude, a
denotes the radius of the earth.

Evaluation results. The average error of different
ods is summarized in Table 3. Our proposed method ach
the lowest average error of 163.17 meters, outperfo
both HMM (304.35 m) and DeepTransport (182.6 m)
demonstrates the effectiveness of our approach in traje
interpolation. However, we find that some individual
polation results deviate from the overall error distrib
with larger error value. Through the analysis found
this is because the limited by historical trajectories.
analysis, we found that the historical trajectory provide
movement information, but also has limitations. Fil
of historical trajectories may lead to a small scale a
increasing sparsity of the filtered trajectories, result
unsatisfactory interpolation result. In general, our met
superior to the two baseline models.
𝑛2( 𝛼, 1 − 𝛼), (5)

ng et al.: Preprint submitted to Elsevier Page 13 of 18
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Study
e I: Explore travel modes in different regions
E1’s daily works is road capacity demand anal-
needs to analyze the traffic in different areas.

d to use TMSeer to explore travel modes in
gions. First, he filtered trips for exploration in the
el. As he wanted to explore all travel modes in
gions, so he selected all checkboxes (Fig. 4A1)

el modes exploration. Then he observed that the
ge in some sectors was not obvious in the radial
4A2), indicating that the traffic volume did not

ch during the daytime. So he selected the all-day
thermore, he checked the uncertainty distribution
el mode recognition results in Fig. 4A3, which
nt for the analysis. As shown in Fig. 4A3, the
trips dropped sharply near the uncertainty of 1.0.
with uncertainty within 1.0 had a better mode
on effect. Therefore, for a more accurate analysis,
he trips for the full day with an uncertainty of
.0. After finishing the configuration, he clicked
it” button, then the corresponding views were
n the map view, after activating the origin and

heatmap by clicking the corresponding toggle
g. 4B2), he immediately found several hot spots
traffic (Fig. 9D).
ion-a (Fig. 9D-a) was the densest in the city, he

egion-a for exploration and found that it was the
area. After selecting Region-a, the corresponding
al diagram showing travel patterns within Region
rated in the region view (Fig. 9A). He selected
nd “D” checkboxes (Fig. 4C4), for analyzing all
oved in and moved out of the region. As shown in
t was observed that the orange area representing
ounted for the largest proportion, indicating the
trips taking the bus was the largest. In addition,
rs with the same color in different directions were

ength. E1 thought that Region-a in the downtown
e people around it more evenly.
lore the patterns of travel modes in the suburbs
gion-a (Fig. 9D-a), thus he further selected an-
pot, Region-b (Fig. 9D-b) for further analysis.
showed the corresponding hybrid radial diagram
ng the travel modes in Region-b. He was surprised
the orange area Fig. 9B1 was larger than that in
hile the pink area (Fig. 9B2) was smaller than

t indicated that there were more people using the
than using the car. In addition, the bars on the
Fig. 9B3) were significantly longer. It showed that
c flows were moving to or coming from the east.
ack to the position of Region-b in the heat map
and noticed a small hot spot in the east of Region-
as not far. E1 explained that the long distance
n-b to the city center may cause the movement of

he suburban area to be more concentrated nearby.
istance travel, cost-effective and convenient buses
opular,” commented E1.

Finally, he wanted to explore whether the suburbs
the same patterns. He found another hot spot, Reg
(Fig. 9D-c), which was near Rregion-b and was a
suburban area. Fig. 9C showed the pattern of travel m
in Region-c. In contrast to Region-b, although it wa
close to the suburban area, Region-c had a different p
for travel modes. It can be seen that the proportion
orange area in Fig. 9C1 was smaller than that in Fig
and the pink area (Fig. 9C2) was larger, indicating
trips using bus and more trips using cars. To explai
question, he examined the other parts of the hybrid
diagram carefully. Immediately, he observed in Fig. 9C
the bar in the upper left was longer, indicating more
in the northwest. He backed to Fig. 9D-c and foun
the northwest of Region-c is downtown. Perhaps be
Region-c was a little bit closer to the downtown than Re
b, so there was more traffic to the downtown rathe
nearby, he explained. In his view, the advantage of bus
diminished as the distance increased. So the change i
and car proportion in Region-c might result from the
distance to the downtown compared to Region-b (Fig
which had more trips nearby. He commented, “Mea
need to be taken in Region-b, to optimize transpor
structure and to promote the usage of the bus. Such as
mizing bus routes and implementing preferential polic
6.3.2. Case II: Analyze paths based on uncertaint

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

As E2 was familiar with this city, she had always
interested in the hot spot region shown in Fig. 4B-
mentioned that, as a suburban area, there were many p
working in another neighboring city. So there was a
cross-city travel, which is prone to cause traffic cong
and electric bicycle accidents all year round. Thu
selected Fig. 4B-a as the first region. Then she chose a
of about the same size across the bridge on the eas
as the second region (Fig. 4B-b) because it is comm
residents to commute to another city. After the two re
were selected, the region view generated the correspo
hybrid radial diagrams, showing the patterns of travel m
in the first region (Fig. 4C2) and the traffic betwee
regions (Fig. 4C4).

As shown in Fig. 4C4, she first noticed that th
(orange) and riding (blue) were the main travel mod
tween the two regions. Then she immediately pointe
the obvious rise in the area chart in morning and ev
rush hours. She then switched the “O” and “D” check
to investigate inflow and outflow separately and foun
that outflow had its peak hours in the morning (Fig.
while inflow has its peak hours in the evening (Fig. 4
ng et al.: Preprint submitted to Elsevier Page 14 of 18
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in line with people’s commuting characteristics.
licked the small hybrid radial diagram (Fig. 4C4),

l coordinate graph (Fig. 4A4) in the control panel
show the feature distribution of selected trips.

iew (Fig. 4D) was also updated. From the parallel
graph (Fig. 4A4), she discovered that the duration
(orange) and car (pink) usually lasted longer, and
of some riding trips (blue) was higher than the
ycle. Thus she guessed that riding here was more
clude the electrical bicycle.
more, E2 turned to the path view (Fig. 4D) for
is. She first checked the two node-link diagrams
es, which represented the traffic flow within ori-

stination regions. She found some big nodes with
s, indicating more traffic volume here. She said,
e backbones that many traffic had to pass through
Then she turned to the enhanced Sankey diagram
the paths connecting the origin and destination
e tried different selections of layouts and scores

hanced Sankey diagram. Of all the rectangles
g nodes, she saw two particularly conspicuous
es 𝑁1 and 𝑁2 in Fig. 4D) with the darker colors

nced Sankey diagram, indicating that these nodes
likely to be hubs and congestion areas. To find the
the congestion, she selected a pair of origin and
nodes with the most traffic (Nodes 𝑁𝑂 and 𝑁𝐷passing through two nodes for further analysis.

wn in the band graph (Fig. 4D2), E2 first observed
flow on riding (blue) in the bar chart on the left.
ent through each band. The first two segments

r in color than the last, indicating a lower speed.
onsistent with the scores shown in the enhanced
gram. What’s more, the line indicating the dura-
ng was obviously shorter than others, especially
nd segment. It showed that riding could be more
an buses or cars. She then clicked the path to see
in the map view (Fig. 4B1), which corresponded
gfo Road. “In fact, traffic jams occur here all year

are in urgent need of control,” said E2.
plained that because there were so many riding
ld affect the efficiency of vehicles to some extent.
need to be implemented to achieve the separation

and non-motor vehicles, which can effectively
avel efficiency and reduce traffic accidents,” said
h this exploration process, she recognized our
ich she felt was very meaningful to understanding
atterns of citizens and was helpful to her work.
rt Interview
ducted one-on-one interviews with domain ex-

nd E2) and collected their feedback after the case
e feedback is summarized as follows.
Design. The experts confirmed that our system
igned and user-friendly. They believed that the
ld be easily understood by users with different

ds. In particular, both E1 and E2 praised the

hybrid radial diagram design in region view. “A sum
of the travel modes in a region is clearly given,” said E
added, “The function of selecting multiple regions faci
comparative analysis.” Besides, the experts also ack
edged the smoothness of interactions.

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

7. Discussion
In this section, we reflect on the implications of our

discuss the generalizability of TMSeer, and outline c
limitations and future research directions.

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

Generalizability. TMSeer is designed for the analy
traffic patterns for travel modes using CSD. Howeve
analytical pipeline and system architecture are also a
able to other types of mobility data. For instance,
data, despite offering finer spatial granularity, share a s
spatiotemporal structure with CSD—such as traject
origin-destination pairs, and speed profiles. This comp
ity allows TMSeer to be extended to GPS data with mi
modifications in the preprocessing phase, such as adj
for sampling intervals or spatial resolution. Neverth
due to privacy concerns and access restrictions, large
GPS datasets at the city level are not publicly availab
typically require coordination with government age
which limits our current ability to evaluate this adap
empirically. In addition, smart card data can be incorpo
for analyzing public transit flows, offering another pot
application scenario. Beyond transportation analysis
Seer can also assist in business site selection, as diff
ng et al.: Preprint submitted to Elsevier Page 15 of 18
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es influence commercial activity in distinct ways.
ing mobility patterns around candidate locations

t decisions such as facility placement and parking
Furthermore, the visualization designs in TMSeer
ble to a variety of domains beyond urban mobility.
le, the hybrid radial diagram is well-suited for
cyclical or time-based patterns in other fields,
nhanced Sankey diagram can be generalized for
omplex flows and relationships in supply chains,
tudies, and energy systems.

tory Interpolation. Trajectory interpolation in
essary, since the intrinsic sparsity of CSD affects
is and sometimes introduces errors during graph
n. Our aim is to better infer the route of the target

, rather than the actual location of the connected
. In this paper, we interpolate the cellular signal-
sed on the historical trajectories. We assume that:
e travel mode usually has a common movement

en passing through a local area; 2) The majority
sually have similar movement patterns between

rigin point and destination point. To ensure scal-
real-time interaction, we selectively interpolate

et of trajectories during the visual analysis phase.
ach is also guided by practical considerations:
g all CSD records would be computationally
and in some cases could distort key features (e.g.,
frequency) relevant to travel mode identification.
y thus balances analytical accuracy with system

ce.
tions and Future work. While our evaluation
tes the effectiveness of TMSeer, several limita-
in that open up opportunities for future research.
rrent analysis primarily focuses on traffic volume
Additional factors such as income levels, travel
se, weather conditions, and real-time congestion

ical for a more comprehensive understanding of
viors. Integrating these dimensions would en-
nterpretability and decision-making value of the
d we plan to explore them in future work. Second,
es remain in travel mode identification due to the
oarse spatial resolution of CSD, which can limit
accuracy compared to high-resolution GPS data.

ss, our enhanced unsupervised method, combined
tainty assessments, has substantially improved
ity of the results. During expert evaluation, the
uts were found to be both intuitive and practi-

mative. Third, this study is currently limited to
SD data, which constrains longitudinal insights.
ork, we plan to incorporate multi-day or long-

ets to analyze differences in travel patterns across
weekends, and special events, enabling broader

valuations of urban mobility. Fourth, the absence
, city-scale CSD dataset with mode labels limits
hmarking and cross-study comparability. Recent

travel-mode studies still rely on operator/self-
ata, while the publicly available benchmarks are

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

8. Conclusion
In this study, we propose TMSeer, an interactive

analytics system to assist the analysis of traffic patter
multiple travel modes. We apply large-scale CSD to ex
multiple travel modes in the city, achieving the analy
overall traffic patterns. The proposed method can inf
most likely travel mode adopted by a trip and asse
uncertainties of the inferred travel modes. Intuitive v
izations together with coordinated views and intera
enable multi-level exploration of large-scale cellular
We conduct quantitative evaluations, case studies and e
interviews to demonstrate the effectiveness and usabi
TMSeer. In the future, we will extend TMSeer to su
long-term cellular signaling data exploration, and inc
rate more factors, such as land use patterns, income, and
to enable a more comprehensive analysis of city-level
behaviors.
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