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Abstract—Mobile contact exhibits user co-traveling events
within the same transportation tool, which is crucial for resident
profiling, face-to-face interaction detection, etc. In this paper, we
investigate urban user mobile contact detection with cellular sig-
naling traces, which is cost-efficient to enable large-scale detec-
tion. Specifically, we develop a data collection platform to collect
substantial user signaling traces, covering different types of road
scenarios within a city. With the collected traces, we perform
systematic data analysis to reveal several technical challenges,
which are sparsity of signaling trajectory, remote base station
noise, and fuzzy matching difficulties. To address challenges, we
propose a mobile contact detection method named MoCo. In MoCo
framework, we first conduct data denoising to remove the noise
from remote base stations. Then, we devise a spatio-temporal filter
to eliminate unlikely mobile contact traces in both spatial and
temporal domains, reducing the computational overhead. Finally,
we design a detection network that integrates the submodules of
data alignment, feature encoder, spatio-temporal representation
learner, and user mobile contact detector. Extensive evaluation
results demonstrate the superiority of MoCo in comparison with
state-of-the-art baselines. Robust experiments show that MoCo
can work efficiently in different transportation modes and urban
densities.

Index Terms—Mobile contact detection, cellular signaling trace,
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I. INTRODUCTION

MOBILE contact is one of the interactions between in-
dividuals, where users exhibit similar spatio-temporal

behaviors, such as co-traveling in the same vehicle or being
in close physical proximity. Understanding how users engage in
mobile contact is essential for various activities and applications,
including public health, public security, and urban planning [1],
[2]. Particularly, in public health, it aids in contact tracing
and exposure notifications during disease outbreaks, allowing
health authorities to identify and notify individuals potentially
exposed to contagious diseases, helping control infection spread.
In public security, it supports surveillance of gatherings and
events, enabling authorities to monitor for safety threats, and
facilitates emergency response by assisting rescuers in locat-
ing and aiding individuals in need. For urban planning and
behavioral studies, mobile contact data provides insights into
mobility patterns, enabling optimized infrastructure and traffic
management, and advances social interaction studies that reveal
community dynamics and behaviors [3], [4].

Fig. 1 illustrates an example scenario of urban mobile contact,
people who carry mobile devices such as smartphones and travel
together in a shared vehicle are considered mobile contact users.
During movement, their mobile devices establish connections
with base stations (BS) and nearby devices. Detecting mobile
user contact behaviors is an effective solution to quickly identify
individuals with close physical connections.

Several studies in the literature have explored the detection
of human-to-human interaction [5], [6], [7], contact between
human objects [8], [9], [10], and contact tracking [1], [11],
[12]. For example, Wang et al. [7] proposed a human-to-human
interaction detection dataset and benchmark by leveraging a
Transformer-based model. Lim et al. [8] designed an efficient
and reliable human-object interaction detection network. Zhang
et al. [1] developed a contact tracing method for healthcare
workers using low-energy Bluetooth beacons. However, these
methods primarily focus on detecting interaction or contact
from video frames, which may not be effective in detecting
mobile contact behaviors between users in natural environments
for two reasons. First, video surveillance is not universally de-
ployed in cities. Second, users have extensive spatial movement
ranges, making continuous signal collection challenging and
limiting the use of video frames for detection. However, existing
contact-tracing methods are designed for small-scale scenarios.
These limitations motivate us to leverage ubiquitous data, such
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Fig. 1. Illustration of urban user mobile contact.

as wireless signals, to enable large-scale detection of mobile
contact between users. In recent years, research has extensively
investigated wireless sensing using cellular signals [13], [14],
[15], [16], [17], [18], WiFi [19], [20], [21], [22], [23] and
mmWave signals [24], [25]. However, most of the work focuses
on sensing individual user status and does not adequately con-
sider the correlation between user contacts.

The extensive application of cellular signal data has the po-
tential to facilitate the detection of mobile contacts among a
large number of users in a cost-effective manner. Unlike video
surveillance and detailed GPS data, cellular signaling traces are
collected passively and cover almost all mobile phones [26].
However, there are several challenges in using cellular data
for urban user mobile contact detection. First, to ensure the
applicability of the detection approach to all cellular networks,
we can only rely on cellular signaling traces that record the
user’s association with a specific BS and the time of association.
These traces are universally accessible on all network systems.
However, the temporal and spatial distribution of the cellular
signaling traces is sparse as a result of the extensive coverage
of the BS, making it difficult to characterize the routes taken by
users. Second, complex network management and scheduling
rules result in variations in BS associated with users and the times
at which these associations occur, even when users are traveling
along the same route. This disparity makes it challenging to
match the asynchronous mobile contact traces. Third, the coarse-
grained nature of the cellular signaling traces means that when
users travel closely together in different vehicles, their cellular
BS trajectories exhibit similar patterns, further complicating the
detection of mobile contacts between users.

To address these challenges, one possible approach is to
initially map the BS trajectories of users on the road map and
then compare their travel times. However, using mapmatching
methods for mobile contact detection may not be efficient for
several reasons. (i) Map matching algorithms mainly focus on
matching cellular BS trajectories of individual users with actual
road routes, disregarding the fact that mobile contact events are
closely associated with both travel time and movement routes.
(ii) The map matching process is laborious and susceptible to
significant errors if there is even a slight deviation in mapping
users’ routes. Therefore, we develop an end-to-end model for the
detection of mobile contact using cellular signaling traces of two

users. This method can eliminate the need for precise mapping
of user routes on the road map, thus avoiding map matching
errors.

This paper focuses on the detection of mobile contacts be-
tween urban users using cellular signaling traces. The study
begins by developing a mobile application to collect cellular
signaling data and establishing a data collection platform with
20 Android-based mobile devices. Then a comprehensive data
collection campaign is carried out that includes various urban
roads and types of vehicles. The collected traces are subjected
to extensive data analysis, which reveals several technical chal-
lenges related to the scarcity of moving trajectories, interference
from remote BS, and challenges in achieving accurate matching.

Based on the insights obtained from the data analysis, we
propose a new framework called MoCo, i.e., Mobile Contact
detection. This framework consists of three main technical
components. First, the Data Denoising module aims to elim-
inate noise from remote BS using the Density-Based Spatial
Clustering of Applications (DBSCAN) algorithm. Second, the
Spatio-Temporal Filter module removes unlikely mobile con-
tact traces in both the spatial and temporal domains to reduce
computational overhead. Finally, the Detection Network module
is responsible for detecting mobile contact behavior by incorpo-
rating data alignment, feature encoding, representation learning,
and behavior detection. To assess the performance of MoCo, we
conduct extensive experiments using data-driven approaches.
The results demonstrate the effectiveness of MoCo with an
average F1-score of 87.13%, exceeding the performance of the
existing baselines. Furthermore, robust experiments validate the
efficiency of MoCo across different transportation modes such
as cars, subways, and buses. In summary, the main contributions
of this paper can be summarized as follows.
� To the best of our knowledge, this is the first work to study

the mobile contact detection of urban users. To support
our research, we develop a platform to collect a significant
amount of cellular signaling traces across a wide range of
cities.

� We perform a systematic data analysis on the collected
cellular signaling traces. With data-driven insights, we
design a novel framework MoCo, which comprises three
components for data denoising, spatio-temporal filtering,
and mobile contact detection, respectively.

� To evaluate the effectiveness of our proposed MoCo, we
collect three different data sets from the real-world cel-
lular network, including cars, subways, and buses. We
demonstrate that MoCo outperforms existing state-of-the-
art baselines and exhibits robustness in various transporta-
tion modes.

The remainder of this paper is organized as follows. We
describe the system and define our research problem in Sec-
tion II. In Section III, we detail our data collection scheme. In
Section IV, we perform a data analysis and highlight several
challenges. After that, we elaborate on the design of MoCo in
Section V. We conduct extensive experiments in Section VI, and
discuss the limitations of our work in Section VII. Finally, we
review the related work in Section VIII and conclude the paper
in Section IX.
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II. SYSTEM DESCRIPTION AND PROBLEM DEFINITION

A. System Description

The widespread use of mobile phones has allowed cellular
data to be used to detect mobile contacts on a large scale. When
a user carries a mobile phone with a SIM card, the cellular
networks can record information about the user’s network ac-
cess, including the BS they are connected to, their data usage,
and their phone call history. If a user frequently accesses the
Internet while traveling, more detailed log information can be
collected. However, even without considering the user’s specific
networking behavior, the network can still collect basic cellular
signaling data for each user reliably.

To ensure that the proposed method can be applied to various
cellular systems, we utilize the basic cellular signaling trace as
the detection evidence for this research. These traces consist of
information such as <user ID, BS ID, timestamp>, which are
recorded each time a user connects to a new BS. It is important
to note that for the cellular service provider, the BS ID can be
linked to the geographical location of the BS, represented by
longitude and latitude.

B. Problem Definition

Mobile contact detection can be categorized into human-to-
human contact (e.g., face-to-face conversations and fighting),
human-to-object contact (e.g., picking up items), proximity-
based contact (e.g., detection through wifi and BS connectivity).
This paper focuses on proximity-based contact, specifically
detecting mobile contacts among urban users who exhibit similar
spatio-temporal traveling behaviors. We aim to identify events
where users are co-traveling within the same transportation
tool. Particularly, we leverage cellular signaling trace data to
achieve mobile contact detection, which records the connections
between mobile devices and BS at overlapping time intervals as
users move through the urban environment. We formulate the
problem as follows.

Definition 1 (Cellular Signaling Trace/BS Trajec-
tory): A cellular signaling trace or BS trajectory is
a sequence of timestamped BS generated by a mobile
user. We denote the traces of two users ui, uj ∈ N
by Si = {(bsi1, ti1), (bsi2, ti2), . . . , (bsim, tim)} and Sj =

{(bsj1, tj1), (bsj2, tj2), . . . , (bsjm, tjm)}, respectively, where N is
the set of users, bsim is the m-th associated BS by user ui, tim
represents the timestamp of user ui when connecting to bsim.

Definition 2 (Mobile Contact Detection Problem): Given a
set of user cellular signaling trace S = {S1, S2, . . . , S|N |} and
a set of users N = {u1, u2, . . . , u|N |}, the primary goal of this
problem is to detect mobile contact events between users by
comparing the similarity scores of their cellular signaling traces.
The detection model outputs 1 if a pair of traces (Su,Sj) belongs
to two users with mobile contact; otherwise, it outputs 0.

Solving the problem directly is difficult for several reasons.
First, users have asynchronous BS trajectories in both space
and time due to different mobility behaviors. Second, even if
users have the same routes and encounter mobile contact events,
they may connect to different BS due to network scheduling

Fig. 2. Cellular signaling data collection platform. (a) is the running interface
of the data collection APP. (b) is the platform overview.

variations caused by user requests and BS loads. This makes it
difficult to identify mobile contact behaviors accurately. Third,
when users travel closely in different vehicles, their sequential
BS trajectories may show similar patterns, making the detection
process more complex.

It is important to note that the problem and proposed solutions
in this paper can be adapted to address the specific issue of
identifying user sets engaged in mobile contact events with a
target user. To simulate user mobility events, we provide vol-
unteers with mobile phones during vehicular travel, considering
instances where user (device) pairs travel together in the same
vehicle as mobile contact behaviors.

III. DATA COLLECTION

In this section, we first introduce the data collection platform
and then describe our data collection campaigns.

A. Cellular Signaling Data Collection Platform

To support our research, we develop and execute a data
collection campaign using an Android app that focuses on col-
lecting cellular signaling data. This app ensures that user privacy
is not compromised while providing accurate information on
mobile contacts. The app is built on Android 10 and uses the
Android.Telephony API to collect details about the network
association, the Android.Location API to retrieve user position
data, and the I/O API to store the data for offline analysis. The
size of the data collection app is 2.64 MB.

Fig. 2(a) illustrates the procedure of running the application,
displaying real-time information on the collected data. The
user’s GPS information, specifically the longitude and latitude,
is gathered to facilitate offline analysis. To obtain accurate GPS
data as ground truth, we collect GPS data points at one-meter
intervals for precise location references. As only data related
to BS communication and GPS are collected, the power con-
sumption is minimal during operation. In practical applications,
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the data sampling rate can be flexibly adjusted to align with the
operator’s standards. It can also be adjusted to accommodate
specific application requirements with different user mobility
patterns, transportation modes, and urban environments.

The cellular signaling data includes the operator-related
fields [16], [27], i.e., mnc, mcc, cid, lac, tac, psc, pci, rsrp,
rsrq, sinr, rssi, cqi, asulevel, and neighbors. In partic-
ular, the cell identification (cid) represents the unique identifier
for a cell. The unique device identifier (tac) is used to identify
a specific device. The cellular signal strength is measured by
the received signal strength indicator (rssi). The neighboring
cellular stations are recorded along with their corresponding
field values. When a user connects to a new BS, a cellular
signaling sample is collected and assigned a timestamp for
temporal analysis. It is important to note that the cid field can
be used to determine the location of the cellular tower, and this
information is obtained through cooperation with the respective
operators. After consulting with network operator engineers, it
has been verified that the data collection format and granularity
align seamlessly with real operator data collection systems. We
rely on our own collected data to establish the ground truth for
mobile contacts.

B. Data Collection Campaign

We conduct an extensive data collection campaign intending
to include all types of urban roads and vehicles.1 Specifically,
we focus on three main road conditions. 1) In urban areas, roads
can be bidirectional and range from 4 to 8 lanes wide. These
roads experience heavy traffic and have dense BS deployments.
Vehicles on these roads tend to move slowly, with speeds ranging
from 10 to 30 km/h, due to traffic congestion and traffic lights.
2) In suburban areas, roads are typically bidirectional and range
from 4 to 6 lanes wide. Traffic on these roads is lighter and the
density of BS is medium. As a result, vehicles can move at faster
speeds, ranging from 30 to 60 km/h, without experiencing traffic
congestion. 3) On highways, which are bidirectional urban roads
with 8 lanes, vehicles can reach speeds of 80 to 110 km/h. Along
these highways, BSs are only sparsely deployed. In addition, our
data collection campaign includes three transportation modes:
cars, subways, and buses.

To reduce the amount of human labor, we install a data
collection app on 20 mobile phones. These phones have been
distributed to a group of volunteers who travel in 2 to 4 vehicles,
maintaining a close distance under normal driving conditions.
Within each vehicle, mobile phones can simulate the user’s
mobile contact events. Fig. 2(b) illustrates the data collection
platform, which consists of 20 mobile phones (Huawei Honor
9 or XIAOMI 6X) running the app. Considering that cellular
access in a target area is typically provided by multiple operators,
we use SIM cards from two different operators for trajectory
and signaling data collection to ensure the generalization of the
collected data. It should be noted that our proposed method is

1The data collection campaign has been discussed with the network operator
engineers from the mobile operator to ensure that the campaign aligns with their
standards. It is worth noting that the differentiation of RRC states is unnecessary
for our data collection in this paper. All collected data are obtained in the RRC
Connected State by maintaining device connection with the serving cell.

Fig. 3. Data collection in different road types.

not limited to the coverage of a single BS. Among these phones,
8 devices are equipped with OP (operator provider) 1 SIM card,
while the remaining 12 devices have OP 2 SIM cards. Fig. 3
shows the distribution of data collection areas within a city,
taking into account different types of roads. Data are collected
while users are traveling in cars. After disregarding devices that
exhibited abnormal data collection behaviors, we were able to
collect a total of 63, 136, and 42 user (device) trajectories in
urban, suburban, and highway environments, respectively. These
trajectories accumulated 115, 85, and 11 hours of data, covering
distances of 2,112, 3,132, and 960 kilometers, respectively.
Furthermore, we collected 874 and 2,303 trajectory pairs under
bus and subway transportation modes, which lasted 13.3 hours
and 45.6 hours, respectively.

C. Data Ethics and Privacy

To address the potential data privacy and security concerns,
we take strict measures throughout the data collection and pro-
cessing stages. In the data collection stage: i) We obtain explicit
consent from volunteers. Participants were fully informed of
the research objectives, the type of data to be collected, and the
purpose of the data. ii) All phone numbers and user identifiers of
participating volunteers are encrypted to prevent any association
with individual users. iii) The data collection app collects data
only when actively in use, and all data collection activities
comply with strict security and privacy policies.

In the data processing stage: i) User IDs are hashed into global
identifiers, making it impossible to trace back to individual users.
ii) Only signaling data from BS switching rather than GPS data
are used. The data is sparse and contains significant location
noise, thus preventing user precise tracking and protecting user
privacy. iii) Data processing is conducted exclusively on the
network operator’s secure servers, with access restricted to
authorized researchers. iv) To obtain crucial information, such
as BS IDs and GPS coordinates, we collaborate closely with
service providers and obtain explicit permissions. Additionally,
our findings do not disclose sensitive or personally identifiable
information.

IV. INSIGHTS OF DATA ANALYTICS

A. Challenges

Sparsity of Moving Trajectory: The GPS information has a
high level of detail, but BS-based user routes are limited due
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Fig. 4. CDFs of traveled distance between two adjacent samples.

Fig. 5. CDFs of elapsed time between two adjacent samples.

to the density of BS deployed. Fig. 4 illustrates the Cumulative
Distribution Functions (CDFs) of the distances traveled by users
between two consecutive samples, using GPS data from the
collected samples.2 Users can travel a significant distance from
their previous location when a new cellular signaling sample is
collected. For OP 1 and OP 2, the median distances traveled are
approximately 140 and 250 meters, respectively. Furthermore,
more than 20% of the distance values exceed 400 and 800 meters
for OP 1 and OP 2, respectively, and some distances even exceed
1,600 meters. Travel distances under OP 1 are generally shorter
than those under OP 2, which is expected considering that OP 1
has a higher density of BS in the same geographical areas.

Fig. 5 presents the CDFs of the time elapsed between two
consecutive samples for the two operator networks. Similarly,
we observe long time intervals between samples, with median
elapsed times of up to 13 and 24 seconds for OP 1 and OP
2, respectively. Moreover, more than 20% of the elapsed times
exceed 40 and 80 seconds for OP 1 and OP 2, respectively.

Noise of Remote BS: The wireless coverage of BS typically
spans from a few hundred meters to several kilometers. Fig. 6
illustrates the distribution of associated BS’ locations for 20 mo-
bile phones during a single trip. The black solid line represents
the route taken, the red points indicate the associated BS that are
close to the route, and the blue points represent the associated
BS that are far away from the route. The network connection
does not strictly adhere to the principle of connecting to the
closest BS. In some cases, users establish connections with BS
that are considerably distant. This phenomenon is common in
urban areas with challenging terrain or when nearby BS are over-
loaded, while remote BS offer better service. Consequently, this

2It is important to note that our collected dataset presents fine granularity due
to our focus on scenarios where vehicles are in close proximity. This presents
the most challenging scenario for distinguishing between mobile contact and
non-mobile contact events, thereby ensuring the robustness of our model.

Fig. 6. Location distribution of BS associated by one specific user.

Fig. 7. CDFs of distance between the user and the BS.

Fig. 8. CDF of separated distance between different vehicles.

introduces significant noise from remote BS when characterizing
user-moving routes.

Additionally, Fig. 7 shows the CDFs of the geographical
distance between users and the associated BS in two different
operator networks, further confirming the presence of noise from
the remote BS. It is apparent that for both networks, 80% of
the distance samples are less than 1,000 meters. However, the
remaining 20% of the samples exhibit a long-tailed distribution
that spans a wide range from 1,000 to 10,000 meters. These
relatively long-distance samples directly represent the noise
from remote BS, which can significantly impact the accuracy
of identifying actual moving trajectories and detecting mobile
contacts.

Difficulties of Fuzzy Matching: One possible approach to
detecting mobile contact events of the user involves matching
the trajectories of user motion. However, when there are sparse
sequential BS trajectories in both the spatial and temporal
domains, fuzzy matching becomes necessary. However, fuzzy
matching faces challenges due to complex driving conditions.
Fig. 8 illustrates the CDFs of the separated distances between
different moving vehicles during trips. It is clear that when
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Fig. 9. An example illustrating the difficulty of fuzzy matching.

Fig. 10. CDFs of distances between GPS location and associated BS location
for two users.

different vehicles follow the same route, the separation distances
can be quite small. In particular, the median distance is only
600 meters, with 80% values evenly distributed within a range
of 1,200 meters. This observation suggests that it is common
for the separated distance between vehicles to be smaller than
the granularity of spatial trajectory collection, resulting in very
similar sequential BS trajectories. As a result, achieving effective
fuzzy matching poses significant challenges.

Fig. 9 illustrates the sequential BS trajectories of three users.
In this particular scenario, user 1 and user 2 are traveling to-
gether, while user 3 is in a different vehicle. The figure clearly
shows that the BS trajectories of the three users appear visually
identical, regardless of the specific travel conditions. This high-
lights the difficulties in achieving accurate fuzzy matching per-
formance, as similar trajectories can arise from closely related
motion circumstances, making it challenging to differentiate
between them.

B. Implementation Directions

The main idea behind mobile contact events is that users travel
together on the same route at the same time. This motivates
us to utilize both spatial and temporal data to perform fuzzy
matching. In particular, we synchronize the timing to compare
the spatial disparities between mobile contact and non-mobile
contact events, and vice versa. The differences in spatial dis-
tance between the trajectory GPS location and the associated
BS location for mobile contact users and non-mobile contact
users are shown in Fig. 10, with synchronized time. The figure
illustrates the CDFs of the distances of the BS associated with the
two types of users. To determine the synchronized BS location,
we interpolate using the closest temporal sample. This is done
because the user is still within the communication range of the

Fig. 11. CDFs of time interval for two users with and without mobile contact
arriving in same area.

Fig. 12. Design overview of MoCo.

previous BS when no new sample is collected. A clear gap in the
distance is observed between the two curves, indicating that the
distances for mobile contact events are significantly smaller than
those for non-mobile contact events. For example, the median
distances for mobile contact and non-mobile contact events are
500 and 900 meters, respectively. Additionally, 80% of distances
are smaller than 1,500 and 2,400 meters for mobile contact and
non-mobile contact events, respectively.

Similarly, when spatial information is synchronized, we can
analyze the temporal differences between the two types of travel.
Fig. 11 shows the CDFs of the time intervals for two users:
one with mobile contact and one without mobile contact, both
arriving in the same area. It can be observed that the time
interval samples for users with mobile contact are much smaller
than those for users without mobile contact. These noticeable
differences in spatial and temporal trajectory patterns serve as
compelling evidence for differentiating between mobile contact
and non-mobile contact behaviors. This information plays a
crucial role in guiding our model design.

V. DESIGN OF MoCo

A. Design Overview

In Fig. 12, we present an overview of the design of MoCo,
which consists of three main components: data denoising,
spatio-temporal filter (ST-Filter) and the learning network.
Specifically, the data denoising component utilizes the DB-
SCAN algorithm to reduce the impact of distant BS. Due to
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the computational requirements of detecting mobile contacts
on a large scale, we devise the ST-filter component to elimi-
nate unlikely mobile contact trajectories by using spatial fuzzy
matching for trajectories within the same period. For the final de-
tection, we integrate four sub-modules into the learning network:
data alignment, feature encoder, representation learner, and de-
tector. These modules are responsible for aligning trajectories,
encoding spatio-temporal features, learning feature embeddings,
and calculating similarity between users’ traces, respectively.
We then provide detailed explanations for each component.

B. Data Denoising

As mentioned above, BS noise is commonly present in the se-
quential trajectories of users, which can obscure the underlying
movement patterns of the users. To address this issue, we denoize
data by eliminating remote BS using the DBSCAN algorithm,
which is a clustering algorithm known for its effectiveness in
outlier detection [28]. Based on the insights obtained from the
data in Fig. 7, where more than 80% of the associated distances
are less than 1,000 meters, we empirically set this distance as
the threshold. This allows us to cluster the associated BS into
two sets: close BS that are in proximity to the user’s actual
geographical locations and remote BS that are considered as
noise because they are far away from the user’s routes. It is
important to note that the association durations with remote BS
are short and account for only a small proportion of the total
sequential BS trajectories. Therefore, filtering out these remote
BS noises does not affect the characterization of the user’s
movement routes. The workflow of the data denoising algorithm
is summarized in Algorithm 1, where ε represents the radius of
the neighborhood and MinPts is the threshold for the number
of core points. The selection of MinPts is determined by the
density of the BS deployment, with a larger value chosen for
denser deployments. In this paper, we set the value of MinPts
as 5 based on data-driven analysis and experiments. The value
ofMinPts should be flexibly adjusted based on the distribution
of the spatial BS, to ensure the effectiveness of data denoising.

It is worth noting that the data filtering process is an optional
component, and that operators have the flexibility to decide
whether to employ it for remote BS detection. Since the data
format of our collected data is consistent with that of operator-
collected dataset. The data denoising step can seamlessly extend
to operator-collected datasets as well. Specifically, in cases
where remote BS noise affects the characterization of user
trajectories, operators may opt to utilize the filtering process.
Conversely, operators may choose not to use this process in
situations where user trajectories can be identified without any
interference from remote BS noise.

C. Spatio-Temporal Filter

To identify mobile contacts on a large scale, a commonly used
approach involves making n(n−1)

2 comparisons to find pairs of
trajectories among n users. This means that the time complexity
is O(n2), which indicates that the computational workload in-
creases exponentially as the number of users in the system grows.
To solve this problem, we suggest using an ST-Filter. This filter

Algorithm 1: Data Denoising.
Input: Sequential BS trajectories S of all users.

Neighborhood parameters (ε, MinPts).
Output: Sequential BS trajectories Ŝ of all users.

1: Initialize Ŝ to be ∅.
2: for i = 1, 2, . . . , |N | do
3: Calculate the cluster

C=DBSCAN((Si), (ε,MinPts)).
4: for j = 1, 2, . . . , |C| do
5: if Cj is the cluster that contains core object. then
6: Ŝi = Ŝi ∩ Cj

7: end if
8: end for
9: end for

identifies pairs of user trajectories that have high spatio-temporal
similarity and directs them to the final detection network. As a
result, we can significantly reduce the computation time required
to detect mobile contacts in a large-scale scenario.

To begin with, we extract pairs of user sub-trajectories that
have overlapping periods. We discard trajectory pairs if the
duration of their overlap is less than five minutes. This is because
we assume that mobile contact events typically last more than
five minutes and we do not consider shorter events in our system.
Next, we propose a spatial fuzzy matching method for spatial fil-
tering. Instead of directly matching BS identifiers, we calculate
the spatial similarity based on the number of similar pairs of BS
using the longest common sub-sequence (LCSS) algorithm [29].
Through data-driven analysis, we determine a distance thresh-
old of 1,500 meters for the LCSS algorithm. If two BS are
within this predefined distance threshold, they are considered
to be a pair of similar BS. Let A = {a1, . . . , ai, . . . , an} and
B = {b1, . . . , bj , . . . , bm} represent the trajectories of users A
and B during overlap time periods. Here, ai and bj denote the
GPS locations of the BS at the indexes i and j, respectively.
Let Ai and Bj refer to the prefixes of A and B, respectively,
and let LCS(Ai, Bj) denote the number of longest common
subsequences (LCS) between Ai and Bj . Therefore, the number
of similar pairs of BS can be calculated as

LCS(Ai, Bj)

=

⎧⎪⎪⎨
⎪⎪⎩

0, if A = φ or B = φ
1 + LCS(Ai−1, Bj−1), if dist (ai, bj) < γ
max(LCS(Ai−1, Bj),
LCS(Ai, Bj−1)), otherwise;

(1)

where dist(ai, bj) is the spherical distance between ai and bj ,
and γ is the distance threshold used to determine similar BS.
The empirical value of γ is set to 1,500 meters, based on the
data-driven findings shown in Fig. 7. Using (1), we can calculate
the spatial similarity between the trajectories A and B, which
were both collected within the same time frame.

simi(A,B) =
LCS(An, Bm)

min(n,m)
, (2)
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Algorithm 2: ST-Filter Component.
Input: Sequential BS trajectories S of all users. The spatial

similarity threshold λ.
Output: A collection of all potential user pairs S ′.

1: Initialize S ′ to be null.
2: for SA in S and SB in S and SA != SB do
3: Calculate the overlap time period ΔW .
4: Calculate the spatial similarity simi(A,B) in the

same time period ΔW using (2).
5: if ΔW > 5 minutes and simi(A,B) > λ then
6: Add (SA, SB) to S ′.
7: end if
8: end for

where n and m represent the length of trajectories A and B,
respectively.

Fig. 14 plots the CDFs of spatial similarity scores of all pairs
of trajectories for mobile contact and non-mobile contact events.
We have two main observations. First, the spatial similarity
scores of mobile contact events are notably larger than those
of non-mobile contact events, indicating that the spatial simi-
larity score is an efficient indicator to differentiate two types of
events roughly. Second, we can observe that all the similarity
scores under mobile contact events are larger than 60%, which
can be selected as the spatial similarity threshold to determine
whether further detection is required for the candidate pairs of
trajectories. This threshold value enables the exclusion of 90%
proportions of non-mobile contact trajectories. The ST-Filter
workflow is summarized in Algorithm 2.

Setting an appropriate temporal and spatial threshold is essen-
tial for accurately identifying co-traveling events, meanwhile
achieving a trade-off between detection accuracy and compu-
tational efficiency. (i) Temporal Threshold. Shorter temporal
thresholds might include transient interactions that do not truly
represent meaningful contact events. For instance, vehicle en-
counters within one or two minutes may not reflect sustained
interactions necessary for defining co-traveling behavior. Con-
versely, longer temporal thresholds may overlook some short-
distance trips with mobile contact events, thus reducing the
robustness of our findings. To balance these considerations, we
set the temporal threshold to 5 minutes to filter out trajectory
pairs with duration overlap below this value. This threshold
effectively filters out inconsequential interactions while still
capturing meaningful contact events indicative of co-traveling
behavior. (i) Spatial Threshold. A smaller threshold might lead to
false positives by misclassifying unrelated interactions as mobile
contacts, increasing computational load and processing time.
While a larger threshold may lead to false negatives, where
actual interactions are overlooked. With these considerations
and data-driven insights, we set the spatial threshold to 60% to
exclude 90% of non-mobile contact trajectories.

D. Learning Network

The ST-Filter is used to obtain the potential mobile contact
trajectories, which are then used by the learning network for final

detection. The architecture of the learning network, as shown in
Fig. 13, comprises four sub-modules: data alignment, feature
encoder, spatio-temporal representation learner, and detector.

Data Alignment: Before learning the underlying trajectory
information, we perform data filling and segmentation to align
the sparse trajectory data and synchronize it with the granular-
ity of the system time. Specifically, since users maintain their
connection to the previous BS until switching to a new one, we
customize the trajectory data at the second level and fill in the
temporal-empty locations with the positions of the previous BS.
Subsequently, we align the BS trajectories of all user pairs based
on the timestamp and divide them into multiple sub-segments
with a uniform length ofω, which represents the time granularity
of system detection. This granularity can be adjusted to meet the
requirements of the upper-layer application. Finally, we obtain
a set of trajectory pairs that are ready to be inputted into the
learning model.

Feature Encoder: The one-hot embedding encoding tech-
nique is conventionally applied to encode spatial feature vectors,
where the geographical location of BS is encoded to a high-
dimensional binary vector. However, the dataset used in this
paper contains a substantial number of BS (3,261 in total), which
can lead to sparsity issues when feeding binary vectors encoded
by BS into the model directly. As a result, the model cannot
learn the relationship between BS. To deal with the problem, we
use the Bing Maps Tile system to embed the exact position of
BS, where we first map the latitude and longitude into a grid
and then encode the unique ID (quadkey) [30]. In this system,
the entire world is projected onto a flat plane via the Mercator
projection. The map gridding technique is not constrained by
travel distance and remains applicable across different cities. To
improve the performance of map retrieval and display, the plane
is cut into tiles (i.e., grids) of 256× 256 pixels each. We consider
that latitude α and longitude β are in the WGS (World Geodetic
System) 84 datum when mapping the GPS coordinates into grids.
In this way, the GPS coordinate (α, β) can be converted into
the Cartesian coordinate (x, y) in the spherical-projected plane,
which is calculated as

x =
β + 180

360
× 256× 2l,

y =

(
1

2
− 1

4π
log

1 + sin(α× π/180)

1− sin(α× π/180)

)
× 256× 2l, (3)

where l is the scale level of the map.
Therefore, the Cartesian coordinate (x, y) can be converted

to a grid tile coordinate (X , Y ) by dividing them by 256. The
grid division operates similarly to a quadtree, where each grid
can be identified by a quadtree key (or quadkey for short). The
quadkey is a base-4 number with a length equal to the scale
level of the map. For instance, at the 17th level of the map,
a GPS coordinate (28.174688, 112.923602) can be mapped to
the quadkey “13212022010231212”. The advantage of using
a quadkey is that it can maintain the proximity of coordinates
within a grid. Different locations within a grid share the same
quadkey, which helps alleviate the sparsity problem. In addition
to spatial features, temporal features also play a crucial role in
the learning model. Based on data-driven analytics, the patterns
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Fig. 13. Learning network framework of MoCo.

Fig. 14. CDFs of spatial similarity scores.

of BS switching differ significantly between mobile contact and
non-mobile contact events. To encode the temporal sequences
of BS switching, we employ the one-hot embedding approach.
This approach assigns a value of “1” to switching positions and
“0” to non-switching positions.

Spatio-Temporal Representation Learner: To understand the
spatio-temporal representations of encoded features, we inte-
grate two neural networks into our learning model. In particular,
we use long-short-term memory (LSTM) [31] and multilayer
perceptron (MLP) for spatial and temporal embedding feature
learning, respectively. The reasons for choosing this architec-
ture are listed below. First, LSTM shows good performance in
sequence modeling due to its powerful ability to retain long-
term dependencies and capture patterns across multiple time
steps [32]. We choose LSTM to learn features from spatial
BS signals due to the inherent sequential nature of the BS
signals [33], [34]. Second, although the BS signals are spatial
features, it is essentially also caused by the temporal BS switch-
ing sequences, with a strong temporal correlation, rather than
just spatial features, so LSTM can work well. Third, recent works
also demonstrate the advantages of MLP in learning time-series
data due to time-step-dependent characteristics [35]. This time-
step-dependent linear model, despite its simplicity, proves to be
highly effective in modeling temporal patterns. Conversely, even
though recurrent or attention architectures have high representa-
tional capacity, achieving time-step independence is challenging
for them [36]. As shown in Fig. 13, the LSTM network is used
to capture spatial correlations among candidate trajectories. The
inputs to the LSTM network are the quadkey sequences of two

trajectories, where each element is a quadkey tuple. The LSTM
cell can be calculated at each step t as follows:

ft = σ(Wfxt +Wfht−1 + bf ),

it = σ(Wixt +Wiht−1 + bi),

C̃t = tanh(WCxt +WCht−1 + bC),

ot = σ(Woxt +Woht−1 + bo), (4)

where ft, it, ot, C̃t are forget gate, input gate, output gate,
and modulated input, respectively. xt is the spatial embedding
vector. Wx and bx are the weights and biases of each neuron,
respectively. σ(·) is the Sigmoid function. Then, the memory
cell Ct and hidden state ht are updated as

Ct = ft � Ct−1 + it � C̃t,

ht = ot + tanh(Ct), (5)

where ht is the output of LSTM at step t, � is the Hadamard
product operator. Here, we use a two-layer LSTM, where the
outputs of each time step in the first layer are used as the inputs
of the second layer. Thus, for each quadkey sequence Qi, the
LSTM cell takes the embedding of the Qi, the memory state,
and hidden state at step i− 1 as inputs, i.e.,

h1
i , C

1
i = LSTM(Qi, h

1
i−1, C

1
i−1),

h2
i , C

2
i = LSTM(h1

i , h
2
i−1, C

2
i−1). (6)

To learn the temporal features, we utilize a one-layer MLP and
input the one-hot encoding vectors of a pair of user trajectories.
Consequently, the representation of the output from the MLP-
based component can be expressed as follows.

H = φ(XiWH + bH),

Ti = WTH + bT , (7)

where H and φ represent the hidden layer and the activate
function, respectively. In addition, Wi and Ti denote the input
and output of the user i, respectively.

Detector: After the fully connected network (FCN) and soft-
max layer, the similarity scores between the user trajectories
can be computed. The total score, which is the sum of the
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mobile contact score and non-mobile contact score, is equal
to 1. The cross-entropy loss function [37] is used to train the
model. It should be noted that, for the classification problem,
there is limited prior knowledge about the correlation between
categories. Therefore, the cross-entropy loss function, which
focuses solely on the category of the sample, is more suitable
than the biased mean square error (MSE) loss function. The
calculation of the cross-entropy loss function is as follows:

L = − 1

N

∑
i

[yi ∗ log(pi) + (1− yi) ∗ log(1− pi)], (8)

where pi is the predicted probability of user pair i having a
mobile contact, yi ∈ {0, 1} is a mobile contact indicator, with yi
= 1 if the pair of users has a mobile contact, otherwise, yi = 0.
N represents the overall count of the training user pair samples.
In the inference phase, we identify the mobile contact status
based on their score values, where the highest score is chosen
as the ultimate detection outcome.

VI. PERFORMANCE EVALUATION

A. Evaluation Methodology

Experiment Setup: To evaluate performance, we use the data
set we collected, which comprises 241 user trajectories and
spans a total duration of 211 hours, covering a distance of 6204
kilometers within the city. Specifically, we employ the ST-filter
component to identify trajectory pairs with a high probability of
mobile contact, resulting in 1,627 trajectory pairs. Subsequently,
we populate the trajectory data and divide it into multiple
sub-segments, each with a time granularity of 10 minutes. This
process yields a total of 15,208 data samples, consisting of 6,438
labels indicating mobile contact and 8,770 labels indicating
non-mobile contact. We evenly distribute the extracted samples,
assigning 80% for model training and the remaining 20% for
testing. The error in the testing set represents the generalization
error of the final model in realistic scenarios. Importantly, the
distribution of positive and negative samples in the training and
testing datasets aligns with that of the complete dataset, ensuring
more reliable results for assessing the model’s capability.

We implement MoCo using Python 3.11.3 and PyTorch 2.0.1,
an open-source machine learning framework. The experiments
are carried out on a CPU server equipped with 8 cores and 16 GB
of memory. The proposed model is trained for 160 epochs using
a batch size of 64. We utilize the Adam optimizer with a learning
rate of 0.0001.

Baselines: To demonstrate the superiority of the proposed
MoCo, we design and implement the following baselines, in-
cluding traditional algorithms and deep learning models.

1) Classic Models:
� Spatial Longest Common Sub-sequence (S-LCSS). S-LCSS

is a trajectory similarity-matching approach based on the
LCSS algorithm. It calculates the trajectory similarity of
mobile contact training samples, and the similarity scores
achieved are typically around 88.9%. Thus, trajectory pairs
with similarity scores larger than this threshold are classi-
fied as mobile contact trajectory pairs.

Fig. 15. Overall performance comparison.

� Spatio-Temporal LCSS (ST-LCSS). ST-LCSS is a classifi-
cation algorithm that considers both spatial and temporal
thresholds. The spatial threshold is derived from the S-
LCSS, while the temporal threshold is determined by our
observation that mobile contact users usually connect to
BS located in a similar area within 93 seconds. Trajectory
pairs that meet the spatial similarity and temporal threshold
are considered mobile contact trajectory pairs.

2) Deep Learning Models:
� LSTM [38]. It is a variant of the recurrent neural network

widely used to capture long- and short-term temporal cor-
relations.

� MLP. MLP is a basic class of feedforward neural networks,
and we use a hidden layer for this baseline.

� DPLink [39]. It is an end-to-end deep learning-based
framework that aims to match the user identity from het-
erogeneous mobility data.

� DeepTUL [40]. An attentive recurrent network model is
used to solve the trajectory-user link task. It combines
multiple features and learns the multi-periodic nature of
user mobility from trajectories.

� AttnTUL [41]. A hierarchical spatio-temporal attention
neural network, which jointly encodes the local trajectory
transitional patterns and global spatial dependencies for
trajectory-user linking.

Performance Metrics: We calculate four basic conditions, i.e.,
true positive (TP), false positive (FP), false negative (TN), and
false negative (FN), from which the subsequent three metrics
are derived to assess the model’s performance.
� Precision: Precision measures the proportion of correctly

detected mobile contact trajectory pairs of all identified
user pairs, that is, TP

TP+FP .
� Recall: Recall measures the proportion of correctly iden-

tified mobile contact trajectory pairs from the entire set of
ground-truth mobile contact pairs, i.e., TP

TP+FN .
� F1-Score: The F1-score reconciles the precision and recall

metrics, which can be calculated by 2 × Precison×Recall
Precision+Recall .

B. Overall Performance Comparison

We conduct comprehensive comparisons of the overall perfor-
mance between MoCo and other baselines. Fig. 15 presents the
metric scores obtained by different models. The test samples are
divided equally into 10 groups, and error bars are calculated to
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ensure statistical reliability. We have the following two main ob-
servations. First,MoCo consistently outperforms other baselines
significantly across all metrics. For example, the average F1-
scores for MoCo, AttnTUL, DeepTUL, DPLink, MLP, LSTM,
ST-LCSS, and S-LCSS are approximately 0.87, 0.80, 0.79, 0.78,
0.69, 0.53, 0.58, and 0.53, respectively. This indicates thatMoCo
can improve performance by 8.04%, 10.12%, 12.98%, 15.94%,
64.15%, 50%, and 64.15% compared to the respective baselines.

We analyze the limitations of different models as follows.
S-LCSS exhibits the lowest precision scores since it relies
on a simple spatial threshold and does not consider temporal
dynamics to detect mobile contact events. While ST-LCSS
incorporates temporal information, it does not fully leverage
the potential of machine learning algorithms, thereby lacking
in-depth feature learning capabilities. Although LSTM and MLP
have deep learning structures to handle spatial and temporal
dynamics, respectively, their independent focus on either spatial
or temporal aspects often hinders accurate modeling of com-
plex spatio-temporal interactions between users. DPLink uses
trajectory features for user linkage but depends on predefined
features, which limits its adaptability in detecting mobile contact
under varying real-world conditions. DeepTUL incorporates an
attention mechanism to handle the periodic nature of mobility
better, its performance can degrade in scenarios with sparse data
or irregular user movement patterns in diverse environments.
AttnTUL builds over a graph neural network (GNN) to achieve
trajectory-user linking. While GNN is powerful in handling
structured data like graphs, the sparse and intermittent nature
of BS trajectory data poses challenges. The BS trajectory data
is less structured and discontinuous compared to the dense,
well-defined graph connections. As a result, graph models may
struggle to capture meaningful contact events from sparse data.

The advantages of MoCo are summarized as follows: MoCo
is specifically designed to handle sparse BS trajectory data,
which makes it highly effective in environments where user
mobility data is sparse, such as in mobile contact detection
for co-traveling in vehicles. Moreover, with adaptive spatio-
temporal learning capabilities, MoCo excels in capturing diverse
mobility patterns and urban environments.

C. Performance Under Different Road Types

Next, we study the performance of all models on various
road types, namely urban, highway, and suburban. To facilitate
understanding, Fig. 16 visualizes the mobility route and BS
association example of users under different road types within a
city, where various points of interest are distributed. The black
line, red circle, and pink circle denote the route, associated BS,
and actual BS deployment, respectively. We can observe that the
BS distribution is uneven in different road types, thereby leading
to irregular BS switches under such a complex road environment.
Particularly, the switching frequency in urban areas is more
frequent than that in suburban and highway.

As shown in Fig. 17, the proposed MoCo outperforms all
baselines with a significant margin across different road types.
For example, in the context of the highway environment, the av-
erage F1-Scores for AttnTUL, DeepTUL, DPLink, MLP, LSTM,

Fig. 16. Mobility route and BS association example of users in different road
types, including urban, suburban, and highway.

Fig. 17. Performance under different road types.

ST-LCSS, and S-LCSS are approximately 0.77, 0.76, 0.74, 0.65,
0.49, 0.56, and 0.53, respectively, while MoCo achieves a score
of 0.83. Moreover, for all models, the best performance can be
achieved in the suburban areas while urban areas yield the worst
results. The reason lies in that the BS density in urban areas is
larger than that in highway and suburban environments, which
can result in more BS switching cases. As a result, there is a
greater disparity in the associated BS for mobile contact users,
while non-mobile contact users are closer geographically due to
slow traffic, resulting in more similar associated BS. This blurs
the distinction between mobile contact and non-mobile contact
events, leading to a degradation in detection performance. How-
ever, MoCo demonstrates significantly better performance than
other baselines across all types of roads.

We further provide some insights into specific challenges of
different road types as well as how MoCo effectively addresses
these variations. i) Urban: Urban areas often present challenges
such as high population density, intricate road layouts, and fluc-
tuations in mobility velocity caused by traffic congestion. MoCo
demonstrates its effectiveness by utilizing a spatio-temporal
filtering module to efficiently eliminate noise and irrelevant
mobile contact traces. ii) Highway. Highways are generally
characterized by high velocities and extended, uninterrupted
roadways. The effective data denoising techniques and feature
alignment of MoCo facilitate precise detection of user inter-
actions even in fast-moving highway scenarios. iii) Suburban:
Suburban regions typically have a lower population density. The
design of spatio-temporal filtering and feature encoding inMoCo
can effectively capture mobile contact events in the sparsely
populated suburban.
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Fig. 18. Effectiveness of the ST-Filter.

TABLE I
ABLATION EXPERIMENT RESULTS

D. Ablation Experiment

In this subsection, we perform several ablation experiments to
validate the efficacy of each component in MoCo. We first evalu-
ate the effectiveness of ST-Filter, and Fig. 18 shows the running
time with different data sizes of user pairs. We can observe that
ST-Filter significantly reduces running time regardless of the
data size increment. Specifically, the running time of MoCowith
ST-Filter is about 10.8 minutes with 1,500 user pairs, which is
85.6 minutes for MoCo without ST-Filter. Furthermore, the gap
becomes more obvious as the number of user pairs increases,
demonstrating the stability of MoCo.

The ablation experimental results of all metrics after removing
the LSTM and MLP components are presented in Table I. It
shows that the detection performance decreases rapidly after re-
moving these components. Specifically, the F1-Score decreases
from 0.8713 to 0.7927 and 0.8212 after removing the LSTM
and MLP components, respectively. Moreover, when the LSTM
component for spatial feature extraction is absent, the model’s
performance decreases more significantly, as indicated by these
performance metrics. This suggests that spatial differences can
better capture mobile contact behaviors than temporal infor-
mation. The ablation experiments demonstrate that spatial and
temporal feature learning components have significant impacts
on mobile contact detection.

E. Robustness Analysis

1) Performance Under Different Transportation Mode: We
then investigate the robustness of the MoCo model when users
travel with other transportation modes, such as the subway and
bus. We collect two additional datasets specifically for subways
and buses to evaluate their performance in these scenarios.
The bus dataset consists of 874 trajectory pairs, which last
13.3 hours, while the subway dataset includes 2,303 trajectory
pairs, lasting 45.6 hours. The same experimental setup as before
is used for these datasets. Fig. 19 illustrates the loss curves
for three transportation modes, the convergence trend of bus
and subway results is similar to that of the car. Fig. 20 further
illustrates the average F1-Score achieved by different models for

Fig. 19. Loss curves under different transportation modes.

Fig. 20. F1-Score under different transportation modes.

Fig. 21. Results under different density of areas.

the two transportation modes. Similar trends and observations
can be made as in the previous experiments. In particular,
MoCo demonstrates superior performance compared to other
baselines, indicating a clear advantage. It is worth noting that the
performance ofMoCo exhibits improvement when applied to the
subway and bus dataset, with the F1-score increasing from 0.87
to 0.96 and 0.93, respectively. This enhancement is expected
due to the regular schedules typically followed by subways and
buses, resulting in longer time intervals between non-mobile
contact trajectories (e.g., the time gap can range from 2 to 8
minutes in our datasets).

2) Performance Under Different Area Density: To further
evaluate MoCo’s performance in areas with varying densities of
users and BS, we categorize the urban dataset into high-density
and medium-density areas. High-density areas include regions
like shopping malls and cultural squares, with high concentra-
tions of users and densely deployed BS. Medium-density areas
such as universities and theaters, exhibit moderate user and
BS densities. User mobility in these areas is less congested
compared to high-density areas. Fig. 21 shows the F1-score
results of MoCo under these two types of areas. MoCo con-
sistently outperforms other baselines in both high-density and
medium-density areas. This highlights MoCo’s robustness and
scalability in larger urban environments.
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TABLE II
PERFORMANCE UNDER DIFFERENT TIME GRANULARITIES

F. Impact of Time Granularity ω

In this subsection, we assess the impact of time granularity
ω on the performance of mobile contact detection. The results
of Recall and F1-Score achieved by different schemes with
varying time granularity ω are presented in Table II. We observe
that MoCo consistently outperforms the other baselines with
different values of ω. Moreover, most schemes exhibit improved
performance as ω increases. This can be explained by the fact
that a largerω enables the model to capture more spatio-temporal
features within the specified time window, thereby enhancing the
efficacy of the detection process.

The scalability of MoCo with different ω values offers op-
portunities for optimizing real-time mobile contact detection.
By adjusting ω based on specific use cases and computational
constraints, MoCo can strike a balance between detection ac-
curacy and computational efficiency. For scenarios prioritizing
real-time responsiveness, smaller ω values can be used to re-
duce computational overhead without significantly comprising
detection accuracy. Conversely, for applications requiring fine-
grained temporal analysis, larger ω values can be employed to
capture fine-grained events with higher precision.

VII. DISCUSSION

A. Data Collection Impacting Factors

We discuss some factors that can arise during data collection
and their impact on model performance.
� Road Condition. During data collection, if users are stuck in

congestion,MoCo can still determine whether mobile users
are traveling together based on the distance between users
and the BS, as well as the time interval between connections
to the BS.

� Signal Strength. In MoCo, GPS signals are collected as
ground truth for training purposes. Therefore, in GPS-
denied environments, the performance of MoCo remains
unaffected as it is designed to exclusively rely on signals
from BS. However, in weak BS signal environments, where
the BS signal may be too weak to be reliably detected
or captured by the data collection system, there is a risk
of missing or incomplete data records that can potentially
affect detection performance.

� Transportation Mode. Essentially, MoCo is versatile and
can be applied to different transportation modes, including
low-speed mobility scenarios involving motorcycles and
electric bicycles. In addition, as high-speed train settings

are characterized by fixed driving tracks and large time gaps
between trains, MoCo can exhibit superior performance in
accurately identifying co-traveling users.

� Device Restriction. Current restrictions on background
applications of mobile devices running Android or iOS pri-
marily include limitations on background services, broad-
cast activities, and network bandwidth. Specifically, device
constraints on background services and broadcast activ-
ities do not greatly impact the essential communication
process. Operators can still collect BS signals to ensure
that the quality of MoCo remains unaffected. However,
if the available bandwidth is restricted, data transmission
between sampled data from BS to the back-end servers may
become slow or intermittent, thereby impacting the overall
sampling process.

� Battery Consumption. In MoCo, the battery consumption
of mobile devices mainly depends on user preference for
device setting, BS deployment density, and mobility mode.
User device settings such as high screen brightness and fre-
quent network connection result in more battery consump-
tion. While dense urban environments might have more
BS to improve signal strength and reduce energy-intensive
handovers, network congestion, and signal interference
may increase energy consumption. High mobility and fre-
quent BS handovers will increase battery consumption due
to the energy required for maintaining a stable connection.

B. Limitations

To the best of our knowledge, there is currently no comparable
dataset available that includes ground truths for mobile contact
detection, necessitating the collection of our dataset. We conduct
a thorough data collection campaign to gather an adequate
amount of cellular signaling traces. However, manually col-
lected data are still limited compared to the extensive coverage
and various travel scenarios present in urban environments. We
have considered using the cellular operator’s signaling traces to
obtain a larger amount of data. A significant challenge arises as
the operator data does not include the ground truth for mobile
and non-mobile contacts. This means that ground-truth data have
to be collected manually. Therefore, we have developed a data
collection platform to collect research data, which allows us
to circumvent the constraints imposed by the operator’s data
system.

We have discussed with network operator engineers about
the data collection campaign to ensure that the data format in
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our platform aligns with that of the cellular operator system to
guarantee the applicability of our methodology. We exclusively
utilize the signaling trace, which has a granularity that allows
data collection across all cellular networks. Recognizing poten-
tial limitations in our manually collected data scale due to cost
and time constraints, we have implemented several measures
to mitigate the impact of the limited data scale. First, we con-
sider multiple transportation modes, various road structures, and
different BS densities. Second, our data collection efforts span
various periods. Thus, while still limited in scale, our collected
data captures a wide range of scenarios and provides a diverse
representation of real-world situations for effective evaluation
of mobile contact detection.

However, MoCo may have potential limitations in generaliz-
ing to all urban mobility patterns and environmental conditions.
First, the current dataset may not fully capture areas with extreme
user densities, such as large-scale public gathering events or
sparsely populated regions, which could impact MoCo’s accu-
racy and adaptability. Second, certain urban environments may
have signal obstructions that were not fully represented in the
collected data, potentially affecting MoCo’s performance under
such untested conditions. To address these limitations, we plan
to collaborate with network operators to fully evaluate our model
using the extensive volume of privacy-free cellular association
traces. This collaboration will facilitate further optimization
of our model to enhance its generalization and suitability for
real-world deployment.

C. Cross-Operator Detection

Due to the commercial issue, each country generally has
different cellular operator companies that implement their own
BS, and users can select different operator services according
to package benefits. Therefore, it is necessary to detect mobile
contact events when the user signaling traces are from different
operator data systems. In this paper, to achieve convincing data
analysis results, we have collected data with SIM cards from the
two largest operators in our country. For performance evaluation,
to examine the adaptability of MoCo, we do not differentiate the
operator traces, and the results are calculated based on the mixed
traces. The result demonstrates that when the operator system
data is available, our proposed MoCo can work with satisfactory
detection performance. However, due to privacy or commercial
concerns, cellular operators are often reluctant to share data.

To this end, federated learning can be adopted to empower
data infusion in this case without exchanging raw data [42].
To achieve this goal, the federated learning framework should
be designed to enable secure data infusion in the components
of the spatio-temporal filter and detection learning network.
Furthermore, parameter aggregation algorithms in federated
learning should be carefully investigated to avoid degradation
of detection accuracy compared to raw data exchange results,
which remains an open problem.

VIII. RELATED WORK

In this section, we review the related work in three categories,
i.e., human contact detection and tracing, mobile sensing with
wireless networks, and trajectory mining.

A. Human Contact Detection and Tracing

Detecting and tracing human contact or interaction is im-
portant for a variety of services, such as public security and
pandemic-related services [1], [5], [7], [11], [43], [44]. Wang
et al. [7] proposed a human-to-human interaction detection
dataset and benchmark by leveraging a Transformer-based
model. Lim et al. [8] designed an efficient and reliable human-
object interaction detection network. Wang et al. [43] proposed
a consistency-sensitive graph network to understand human
interactions. These existing works mainly focus on human inter-
action or contact detection from video frames. However, these
techniques cannot work effectively to detect mobile contact
behaviors between users due to the limited availability of video
surveillance and the challenge of detecting mobile contact with
limited video frames.

For contact tracing, Yi et al. [11] proposed a COVID-19
contact tracing system based on measurements of the state infor-
mation of the cellular network channel. Zhang et al. [1] proposed
a healthcare worker contact tracing method utilizing low-energy
Bluetooth beacons. The authors of [44] discussed some privacy
issues with a mobile phone app, which is designed to help health
officials track exposures after an infected individual is identified.
However, these works focus on small-scale contact tracing and
have privacy concerns, with difficulties in large-scale urban user
mobile contact detection.

B. Mobile Sensing With Wireless Networks

In the literature, some studies have focused on wireless sens-
ing, for example, using cellular signal data [13], [15], [16],
[17], [18], WiFi signals data [19], [20], [21], [22], [23], [45]
and mmWave data [24], [25]. For individual user sensing, Qi
et al. [13] proposed a user trajectory tracking system using LTE
signaling data, which integrates filtering techniques and a map
matching algorithm to locate a user. Zhao et al. [14] proposed
a framework to infer user transport modes in terms of public
transportation or private cars on an urban scale with cellular data.
Fang et al. [15] proposed a human mobility sensing system to
recover mobility traces from the scarce cellular billing data. To
identify the most likely route given a sequence of cell towers,
Shen et al. [16] presented a DL-based map-matching framework.

For urban scale detection, the authors [17] designed a frame-
work to delineate trade areas for urban commercial districts
with cellular networks. Wang et al. [18] used mobile crowd
sensing to build the city-wide mobile network signal map. In
addition, many existing works focus on mobile sensing with
WiFi data, such as indoor localization [19], human activities
recognition [21], and object tracking [23]. However, most of
these efforts focus on sensing individual user states or urban-
scale attributes, while rarely considering the correlations among
users, e.g., detecting the user mobile contact behaviors as studied
in this paper.

C. Trajectory Mining

In recent years, some trajectory mining and similarity com-
putation approaches have been applied to various applications.
Trajectory similarity computation can be divided into two
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categories, i.e., traditional distance-based methods and learning-
based methods. Traditional methods include dynamic time warp-
ing (DTW), longest common subsequences (LCS) [29], edit dis-
tance with real penalty (ERP), etc. However, these methods come
with several significant limitations, such as high computational
complexity due to point-wise matching and inapplicable to data
with low sampling rates and noise. To this end, some advanced
learning-based methods have been proposed in recent years [46],
[47], [48], [49], [50], [51]. For example, Zhou et al. [49] designed
a graph-based residual LSTM network structure for trajectory
similarity computation. Cao et al. [50] proposed a novel hash
learning method to encode the trajectories into binary hash codes
and compute trajectory similarities by Hamming distances.
However, these works are mainly based on fine-grained GPS
trajectories, which cannot be applied directly to sparse cellular
trajectories.

IX. CONCLUSION

In this paper, we have proposed MoCo for urban user mobile
contact detection of users based on cellular signaling traces.
Specifically, we have integrated three major technical compo-
nents in MoCo, i.e., data denoising, spatio-temporal filter, and
detection learning network, to remove the noise of remote BS,
eliminate unlikely mobile contact trajectories in both spatial and
temporal domains, and learn spatio-temporal mobile contact be-
haviors for final detection, respectively. Extensive experiments
on the real-world data have demonstrated the efficiency and
robustness of MoCo. Our future work lies in two major folds.
First, we will collect more data traces in different environments
to evaluate the performance of MoCo, and leverage the insights
to further optimize its performance. Second, we will cooperate
with mobile operators to fit and implement MoCo on a Big Data
platform in a production environment to perform specific mobile
contact detection tasks.
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