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Abstract. Mobile Crowdsensing (MCS), also known as
participatory sensing, refers to the process of utilizing the
collective power of mobile devices (such as
smartphones and wearables) to collect and share data
about the environment, user behavior, and other
phenomena. MCS leverages the ubiquity of mobile
devices and their embedded sensors to create dynamic
and large-scale sensing networks. Participants willingly
contribute data from their devices, which are often
equipped with sensors like Global Positioning System
(GPS), cameras, accelerometers, and microphones.
The collected data is aggregated and analyzed to gain
insights into various aspects of urban environments,
healthcare, transportation, and more. MCS offers real-
time data collection, wide geographical coverage, and
the potential for crowd-driven insights. Sparse Mobile
Crowdsensing (SMCS) is a specialized variant of MCS
that deals with the challenges posed by intermittent and
irregular data collection from mobile devices. In SMCS
scenarios, participants contribute data sporadically due
to factors like device availability, user engagement, or
incentives. The sporadic nature of data collection leads
to gaps in the dataset, requiring innovative techniques
for data imputation, prediction, and analysis. SMCS aims
to overcome the limitations of sparse data to still provide
valuable insights and meaningful applications. This
paper provides a comprehensive and detailed study of
the MCS and SMCS framework, the relevant research
work carried out in sparse mobile crowdsensing, and at
the end, we provide open research problems with the
help of future research in this domain.
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1 Introduction

In today's interconnected world, smartphones and
mobile devices have become an integral part of our

lives, serving as more than just communication
tools. These de-vices are equipped with an array
of sensors that can capture data about our
environment, movements, and interactions.

Mobile crowdsensing harnesses this collective
power by enlisting a multitude of individuals to act
as distributed sensors, revolutionizing data
collection and analysis. This paradigm offers
unique advantages over traditional wireless sensor
networks (WSNs), which are built using static
sensor nodes. Mobile crowdsensing capitalizes on
the widespread adoption of smartphones to create
a dynamic and flexible network of data collectors.
Instead of relying solely on specialized sensor
nodes, mobile crowdsensing taps into the sensors
embedded within smartphones, such as GPS,
cameras, accelerometers, and microphones. This
empowers individuals to contribute real-time data
about their surroundings, enabling applications
ranging from urban planning and environmental
monitoring to healthcare research and disaster
response [1].

Mobile crowdsensing has various advantages
when compared to traditional wireless sensor
networks. Unlike static sensor nodes in traditional
WSNs, the "sensors" in mobile crowdsensing are
carried by people who move through diverse
environments. This mobility allows for data
collection across wider geographic areas and
varying contexts.

Mobile crowdsensing leverages the sheer
number of smartphones in use, making it inherently
scalable. Traditional WSNs often require careful
deployment and management of sensor nodes,
limiting their scalability. Mobile devices come with
a rich variety of sensors, enabling the collection of
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diverse data types beyond what traditional WSNs
can offer. This includes image, audio, and video
data, enriching the information collected. Mobile
crowdsensing networks form dynamically based on
the movements and interactions of users.
Traditional WSNs are usually designed with a fixed
topology, which can be harder to adapt to changing
conditions. Mobile crowdsensing places users at
the center of data collection. Participants willingly
contribute data from their personal devices, which
requires addressing privacy concerns and
ensuring proper incentives for participation. Mobile
crowdsensing excels at providing real-time data
due to the continuous movement of users.

Traditional WSNs might have delays due to
factors like energy management and infrequent
data aggregation. While traditional WSNs often
optimize for energy efficiency due to limited power
resources, mobile crowdsensing must consider the
energy im-pact on participants' devices, potentially
affecting user experience. Traditional WSNs can
provide highly controlled environments for data
collection, ensuring data quality. In mobile
crowdsensing, data quality control becomes more
complex due to the dynamic and diverse nature of
contributors. Mobile crowdsensing revolves
around harnessing the collective power of a large
number of individuals' mobile devices to gather
data about their surroundings and then utilize this
data for various applications. Mobile crowdsensing
treats smartphones and other mobile devices as
distributed sensors. These devices are equipped
with a variety of sensors, such as GPS, cameras,
accelerometers, and microphones, which can
capture information about the environment, user
behaviors, and other relevant phenomena [2].

In mobile crowdsensing, individuals voluntarily
contribute their device-generated data to a shared
pool. This data can include location information,
images, audio recordings, sensor readings, and
more. User participation is a key aspect of
crowdsensing, and proper incentives are often
provided to encourage involvement. The data
collected from multiple users' devices is
aggregated to create a comprehensive and holistic
view of the phenomenon under consideration.
Aggregation can happen in real-time or
periodically, and it involves combining data from
various sources to generate meaningful insights.
Mobile crowdsensing networks are dynamic in
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nature, as they form based on the movements and
interactions of users. These networks can expand
or contract depending on the density of participants
in different areas. Different types of data collected
from various sensors and devices can be fused to
create a more accurate and complete
understanding of the environment. Data fusion
techniques help mitigate errors and enhance the
overall quality of the collected information. Since
mobile crowdsensing involves collecting data from
individuals' personal devices, privacy and security
are paramount.

Techniques like data anonymization,
encryption, and access control are employed to
protect users' sensitive information. Ensuring the
quality and reliability of the collected data is a
significant challenge in mobile crowdsensing.
Mechanisms for data validation, error detection,
and outlier removal are implemented to maintain
data accuracy. To encourage user participation,
incentive mechanisms are often employed. These
incentives could include monetary rewards,
gamification, reputation systems, or simply
contributing to a cause that users care about.
Mobile crowdsensing can be applied across
various domains, including urban planning,
transportation management, environmental
monitoring,  disaster response, healthcare
research, and more. The collected data can
provide valuable insights and support informed
decision-making in these areas. Since mobile
crowdsensing involves continuous data collection
on users' devices, energy consumption is a
crucial concern.

Balancing the need for data collection with the
impact on device battery life is essential to ensure
a positive user experience. The collected data is
analyzed using various data processing
techniques, such as machine learning, data
mining, and statistical analysis, to extract
meaningful pat-terns, trends, and insights. The
interpretation of the data is often domain-specific
and depends on the application's objectives. In
essence, the basic theory of mobile crowdsensing
revolves around leveraging the ubiquity of mobile
devices, the willingness of individuals to contribute
data, and the potential for meaningful insights that
can be derived from the aggregated information.
This approach has the power to transform data
collection and analysis across a wide range of
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fields, offering valuable benefits to society,
research, and decision-making processes.

The main contributions of this paper are
outlined as:

— Basic concept of MCS and various domains
where MCS finds its application.

— The challenges faced in MCS that led to the
development of SMCS.

— Some of the common characteristics shared
by MCS and SMCS and also the unique
features of SMCS as well as a comparative
study on the various features of MCS
and SMCS.

— Key functionalities and research issues
identified for the various stages in the life cycle
of MCS and SMCS.

— Key techniques used in SMCS and the
advancements in the area of SMCS research.

— And finally, the open
required to be addressed.

research problems

The rest of the article is organized as follows:
we provide the various applications of mobile
crowdsensing from the literature in Section 2; we
identify the need for development of sparse mobile
crowdsensing from the broader paradigm of mobile
crowdsensing in Section 3; we provide the
common features of MCS and SMCS as well as the
unique features of SMCS in Section 4; we provide
the key functionalities and research issues in each
phase of MCS and SMCS life cycle in Section 5;
we provide a detailed study of the key techniques
and advancements in SMCS research in Section 6;
and finally, we conclude the survey in Section 7.

2 Applications of MCS

Mobile crowdsensing finds application in various
domains where real-time data collection from a
large  number of individuals can provide
valuable insights.

Table 1. Some notable applications of MCS

Application

Description

Urban Planning and
Management

Traffic congestion, air
quality, noise levels,
public transport usage

Environmental
Monitoring

Air quality, temperature,
humidity, pollution
levels [3]

Traffic Monitoring and
Management

Traffic patterns,
congestion points, road
conditions [4]

Healthcare and
Wellbeing

Physical activity, sleep
patterns, health metrics

Disaster Response and
Management

Real-time information
during emergencies [5]

Civic Engagement and
Participatory Sensing

Reporting potholes,
litter, urban concerns

Social Sciences
Research

Human behavior, social
interactions, cultural
trends [6]

Tourism and Cultural
Heritage

Tourist movements,
personalized
recommendations,
managing visitor flows

[7]

Retail and Marketing
Insights

Foot traffic patterns,
store layouts, marketing
strategies [8]

Smart Energy
Management

Energy consumption
patterns, energy
efficiency

Wildlife Monitoring and
Conservation

Tracking animal
populations, migratory
patterns, habitat
changes

Agriculture and
Precision Farming

Soil conditions, crop
growth, pest
infestations [9]

Air Quality
Management

Pollution levels, health
risks [10]

Public Safety and
Crime Prevention

Reporting incidents,
suspicious activities,
safety concerns [11]
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These applications highlight the versatility and
potential of mobile crowdsensing to provide
insights, inform decision-making, and create
innovative solutions across various sectors. As
technology continues to advance, the scope of
mobile crowdsensing is likely to expand
even further.

3 Sparse Mobile Crowdsensing

Sparse mobile crowdsensing refers to a situation
where the data collection process is not continuous
or uniform but rather sporadic and irregular. In this
approach, only specific users or devices contribute
data at certain times or locations, which creates
gaps or sparsity in the collected data. The
development of sparse mobile crowdsensing is an
ongoing area of research and innovation, as it
requires addressing both technical and user-
related challenges. As technology advances, more
efficient algorithms, improved energy-saving
strategies, and better user engagement tactics are
likely to emerge, enhancing the overall
effectiveness of sparse mobile crowdsensing
approaches [12].

The development of sparse mobile
crowdsensing from the broader mobile
crowdsensing  paradigm involves  several

considerations. Mobile devices have limited battery
life. In sparse mobile crowdsensing, it is important
to optimize data collection schedules and
transmission protocols to minimize energy
consumption while still capturing valuable
information. Since data collection is not
continuous, ensuring the quality of the collected
data becomes crucial. Techniques to verify and
validate data, as well as incentivizing users to
provide accurate information during their limited
participation, are essential. Task assignment to
users becomes more challenging in sparse
crowdsensing scenarios. Efficient algorithms are
needed to match tasks with available users, taking
into account their locations, capabilities, and
willingness to participate.

Encouraging users to participate in sparse
crowdsensing  requires  effective  incentive
mechanisms. Gamification, monetary rewards,
social recognition, or providing useful insights
derived from the collected data can motivate users
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Fig. 1. Sparse Mobile Crowdsensing (SMCS) framework

to contribute despite the sporadic nature of the
tasks [13]. Understanding the spatio-temporal
patterns of user participation is the key in sparse
mobile crowdsensing. Analyzing when and where
users are more likely to contribute data can help
design better data collection strategies. Advanced
machine learning and Al techniques can be
employed to predict when and where data is
needed the most. Predictive models can help guide
data collection efforts and prioritize certain areas
or times for better coverage [14]. Due to the
sparsity of data, techniques like data fusion and
interpolation are used to estimate values in regions
or time intervals where data is missing. These
techniques help create a more complete and
continuous dataset for analysis. Sparse mobile
crowdsensing must address privacy concerns, as
data might be collected from users' personal
devices. Implementing privacy-preserving
techniques and ensuring secure data transmission
are critical. Figure 1 gives a layout of the
SMCS framework.

4 Features of MCS and SMCS

Mobile crowdsensing and sparse mobile
crowdsensing share many common
characteristics, but sparse mobile crowdsensing
introduces certain unique features due to its
intermittent and irregular nature. Some of the
common characteristics shared by both concepts
are summarized below:
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Table 2. Comparative study of MCS and SMCS

Paradigm MCS SMCS
Participation Massive Medium
Sensed areas High Low
Cost of sensing High Low
Spatio-
Less . .
tempor_al Considered Highly considered
Correlation
Sensing Sensing Data and
Data Sources Data Inferred Data

Utilization of Mobile Devices: Both mobile
crowdsensing and sparse mobile
crowdsensing leverage the widespread
availability of smartphones, tablets, wearables,
and other mobile devices to collect and
transmit data.

User Participation: In both cases, users
actively participate by contributing data using
their mobile devices. This can involve sharing
sensor readings, photos, videos, location
information, and more.

Data Variety: Both concepts allow for the
collection of diverse types of data, such as
environmental measurements, traffic patterns,
noise levels, and other contextual information.

Data Transmission: Data collected by
participants is transmitted to a central server or
platform for processing, analysis, and storage.

Scalability: Both mobile crowdsensing and
sparse mobile crowdsensing can scale up to a
large number of participants, enabling the
collection of data from various geographic
areas and time periods.

Real-Time Capabilities: Both approaches
can offer real-time or near-real-time data
collection and analysis, providing
timely insights.

Community Engagement: Both concepts can
engage communities and individuals in data-
driven decision-making processes for urban
planning, environmental management,

disaster response, and more. While both
mobile crowdsensing and sparse mobile
crowdsensing share foundational
characteristics, sparse mobile crowdsensing
utilizes the spatio-temporal correlation to
gather the missing data from the data collected
from different sensing sub-areas. Some of the
unique features of SMCS are:

Intermittent Participation: Sparse mobile
crowdsensing involves sporadic and irregular
user participation. Users contribute data only
at certain times or locations, leading to gaps in
the data collection timeline.

Data Sparsity: As a result of intermittent
participation, there are gaps in the collected
data, making the dataset more sparse
compared to continuous data collection.

Task Dynamics: Task assignment and data
collection schedules can be more challenging
in sparse mobile crowdsensing due to the
unpredictable nature of user participation.

Energy Efficiency Focus: Given the sporadic
nature of data collection, energy efficiency
becomes a critical concern in sparse mobile
crowdsensing to ensure that users' devices are
not overly burdened by participating in data
collection tasks.

Data Fusion and Interpolation: Techniques
like data fusion and interpolation are
commonly used to fill in gaps in the collected
data and provide a more complete dataset
for analysis.

Incentive Mechanisms: Incentivizing users to
participate in sparse crowdsensing is
especially important due to the irregularity of
their  involvement.  Creative  incentive
mechanisms are needed to
motivate participation.

Predictive Modeling: Predictive models may
be developed to anticipate when and where
data is needed the most, aiding in optimizing
task assignments and data collection efforts.

Privacy Concerns: While privacy is a concern
in both concepts, sparse mobile crowdsensing
might need to address privacy issues more
strategically due to the intermittent nature of
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data collection, ensuring that users' privacy is
maintained even during their infrequent
participation. Table 2 presents a comparative
study of MCS and SMCS.

5 Key Functionalities and Research
Issues of MCS and SMCS

The life cycle of MCS and SMCS involves several
stages, from initialization to data collection,
processing, and analysis. Table 3 presents an
overview of the life cycle for both concepts.

The research issues mentioned for both MCS
and SMCS highlight the challenges and
opportunities at each phase of the life cycle. These
issues often require interdisciplinary collaboration,
involving aspects of computer science, human-
computer interaction, data analysis, privacy, and
domain-specific knowledge. Addressing these
issues contributes to the successful
implementation and utilization of both MCS and
SMCS paradigms.

6 Key Techniques and Advancements
in SMCS Research

Sparse Mobile Crowdsensing (SMCS) faces
challenges in both sensing area selection and
inferring missing data. Determining where and
when to activate data collection tasks in SMCS is
complex due to participants' intermittent
contributions. Selecting the right sensing areas is
crucial to ensure meaningful insights and coverage
in data-sparse regions. Inaccurate sensing area
selection can lead to biased or in-complete data,
affecting the validity of analyses and decision-
making based on the collected data. SMCS data
often contains gaps and missing values due to
participants' irregular contributions. Inferring the
missing data accurately is challenging, especially
when traditional interpolation or imputation
methods may not be directly applicable. Accurate
inference of missing data is essential for
maintaining data continuity and ensuring that
analyses and applications are based on as
complete and representative a dataset as possible.
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6.1 Sensing Area Selection

Sensing area selection in SMCS involves
determining where and when to activate data
collection tasks based on participant availability,
task priorities, and the areas of interest. Since data
collection is intermittent, selecting the right sensing
areas becomes crucial to maximize the utility of
collected data. Different factors and re-search
frameworks have been considered in existing
studies in selection of the sensing areas, such as
characteristics of participants in sensing task, cost
of sensing, type of sensing task, urban scenarios,
and so on. Table 4 presents an outline of the
relevant research work on sensing area selection.
The challenges in sensing area selection are given
below:

— Data Sparsity: lrregular data contributions
lead to gaps in the collected dataset, making it
challenging to ensure sufficient coverage in
sensing areas.

— Uncertain Availability: Participants’
availability for data collection varies, making it
difficult to predict when and where data will
be contributed.

— Task Prioritization: Assigning priorities to
different data collection tasks be-comes crucial
to focus efforts on areas of higher importance.

— Contextual Variability: Participant context,
such as location and activity, constantly
changes, requiring real-time adaptability in
sensing area selection.

Privacy Concerns: Balancing the need for
accurate sensing with participants' privacy
concerns requires careful consideration.

Approaches to Sensing Area Selection:

— Predictive Modeling: Develop predictive
models based on historical data to estimate
when and where participants are likely to
contribute. Machine learning algorithms can
capture patterns in participants' behaviors and
predict their future contributions.

— Context-Aware  Algorithms: Leverage
contextual information, such as participants'
locations, schedules, and routines, to make
informed decisions about optimal
sensing areas.
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Table 3. Overview of life cycle of MCS and SMCS

Section Key Functionalities

Research Issues

- Define problem or task.

- Specify objectives, data types,
desired outcomes.

Problem Definition & Task
Design

- Task formulation: Designing
meaningful tasks.
- Incentive mechanisms: Motivating
participants.

- App usability: Designing user-

- Develop apps/platforms. friendly apps.

Data Collection Setup

- Configure sensors and parameters. - Sensor calibration: Ensuring

accurate readings.

Data Collection - Collect data from devices.

- Data accuracy: Addressing
inaccuracies.
- Data completeness: Encouraging
comprehensive data.

- Transmit data to a server.

- Aggregate data from multiple
participants.

Data Transmission &
Aggregation

- Data transmission efficiency:
Optimizing battery use.
- Data fusion: Combining diverse
data types.

Data Quality Control - Detect and correct erroneous data.

- Anomaly detection: Identifying
outliers.
- Data validation: Ensuring quality
and reliability.

Data Processing & Analysis

- Data analytics methods: Choosing

- Process aggregated data using suitable techniques.
analysis techniques.

- Real-time analysis: Performing
meaningful analysis.

Application & Decision-Making - Apply insights to specific problems.

- Actionable insights: Ensuring
effective decision-making.
- Use case adaptation: Adapting
insights.

Feedback & Improvement

- Feedback mechanisms: Collecting

- Gather participant feedback for constructive feedback.
enhancement.

- Iterative improvement: Refining
the process.

- Process optimization: Adapting to

Continuous Monitoring & - Continuously monitor and evolve the changes.

Evolution process.

- Scalability: Handling growth in
participants and data.

Task Coordination Algorithms: Algorithms
can coordinate data collection tasks to maximize
coverage  while  considering participants'
availability, task priorities, and historical patterns.

— Dynamic Heatmaps: Generate dynamic
heatmaps that visualize areas with high
participant density or data contributions, aiding
in identifying suitable sensing areas.

Incentive Mechanisms: Design effective
incentive structures that encourage
participants to contribute data from specific
areas or at specific times.

Geo-Fencing and Triggers: Implement geo-
fencing mechanisms that trigger data
collection when participants enter predefined
areas of interest.\
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Table 4. A summary of pertinent research on the choice of sensing area

SI.  Ref. . Approach/
No No Research Framework Aim Method Dataset
Greedy approach
Multiple sensing costs To maximize the information gleaned and Pareto Parking, Flow,
1. [15] P 9 from the gathered data while minimizing optimization Traffic,
for SMCS : -
the overall cost of the sample selection Humidity
Sensing area diversity To preserve the quality of sensed data Optimization
2. [16] and malevolent pres - the q y of P ; Taxispeed
L while minimizing sensing costs selection
participants
. o To guarantee the accuracy of
3. [17] Online task distribution oo 0 4’ jata and to lower the necessary Query-By- Temperature,
with quality assurance - Committee Air quality
number of assigned tasks
Temperature,
4. [18] Cost-efficient senst;rd0 c?z:tgr:rrw];eteotlr:)?/vifiﬁgarfggssar Query-By- Humidity, Air
) distribution of work - y Committee quality,
number of assigned tasks :
Taxispeed
Matrix completion as To lower the cost of sensing s?:ﬁ? dplzllri]r? Traffic. Air
5. [19] the foundation for and guarantee the accuracy of al orithmg uali,t
SMCS missing data 9 quality
Multimodal Urban To deal with the choice of Reinforcement Temperature,
6. [20] . . : . L ; Humidity, Air
Sensing sensing region for various task situations Learning quality
Temperature,
7. [21] Task userrecruitment To improve the inferred data's accuracy Relnforcgment Humldlpy, Alr
Learning quality,
Taxispeed
[22]  Selection of sensing To guarantee the accuracy of sensed Reinforcement Tempe_r aturf_e,
8. ; Humidity, Air
area data Learning ;
quality
. . . . . Deep Temperature,
9. [23] Selection of sensing  To onvgr the price of data sensing while Reinforcement  Humidity, Air
area raising the calibre of data sensed ; ;
Learning quality
Time-critical I . .
10. [24] metropolitan To maintain current selection model Relnforcgment Air quality
. sensing area Learning
environment
Guara_nteed quality To cut down on unnecessary information Mobile Edge Air quality,
11. [25] gathering of sparse d ch he righ b . X d
data and choose the right user base Computing Taxispee
Participants not Temperature
12. [26] interested to undert_ake To lower the price of data sensing Subarea Division Humidity, Air
the sensing task in Learning ;
g quality
critical areas
Feedback Loop: Continuously gather context-aware algorithms, to enhance the
feedback from participants about their accuracy of sensing area selection.

preferences and contribute to decisions
regarding sensing area selection.

Hybrid Approaches: Combine multiple
techniques, such as predictive modeling and

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 605-617
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Privacy-Preserving Techniques: Employ
techniques that respect participants' privacy
while still providing accurate location-
based data.
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Table 5. A summary of pertinent research on inferring missing data

Sl.  Ref. . Approach/
No. No Research Framework Aim Method Dataset
) - Compressed
13. [27] Traffic copod;g(;ns on the To infer the missing data Sensing Traffic
To utilize wireless sensor
14. [28] Real Wireless Sensor networks to gather Compressed Self-collected
' Network architecture and compress large, dispersed Sensing data
signals.
To reconstruct the noise map
15. [29] Metropolitan Noise Map from randomly selected Comprgssed Seli-collected
. o Sensing data
and insufficient samples
16. [30] MCS architecture To reduce the excess load on the Compre_ssed Noise complaints
users Sensing
o To create a low-cost sensing
17. [31] Monl'ﬁ)rrl;r;% t;f sltjzzt”et of the incentive system that Cosrr; %ﬁﬁsed Air quality
quality targets users and works well 9
o To create a low-cost sensing
18. [32] Monitoring th_e state of the incentive system that Comprgssed Air quality
urban air quality Sensing
targets users and works well
L . . To keep sensing costs and signal Bayesian .
19. [33] Configuring Signal mappings o Compressed Signal map
quality in balance Sensi
ensing
To retrieve the unsampled data . o
. . Matrix Traffic, Air
20. [19] Extensive MCS deployment and lower t_hg_ sensing data completion quality
acquisition cost
) Temperature,
21, [34] \Vireless SensorNeworks ) joqice the missing data kNN algorithm Humidity,
Voltage
22. [35] Envwonmen_tal Crowd To deduce the missing data kNN algorithm Temperat_ure, Alr
Sensing quality
23. [36] The Internet of things To deduce the missing data in loT Gaussian Temperature
mixture model
Use high- Random forest SPECT,
24, [37] bandwidth technology to To deduce the missing data . Promoter,
. L model algorithm
infer missing data Lymphography
25. [38] Signal strength maps To improvise maps Random forest Signal map

of signal strength

model algorithm

— Participant Engagement Strategies: Involve
participants in the decision-making process,
allowing them to express their preferences for

sensing areas and influencing data
collection efforts.

6.2 Missing Data Interference

Missing data inference in Sparse Mobile

Crowdsensing (SMCS) refers to the process of
estimating and predicting data values for the
periods or locations where data is not collected due

to participants' sporadic contributions. Given the
intermittent nature of data collection in SMCS,
missing data inference becomes crucial for
maintaining data continuity and ensuring the
usability of collected data. Table 5 presents an
outline of the relevant research work on missing
data inference. The challenges in missing data
interference are given below:

— lIrregular Sampling: SMCS data might not
follow a regular time interval or spatial grid,
making traditional interpolation methods
less applicable.

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 605-617
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Approach/Method used in Missing
Data Inference

Random forest model...

Guassian mixture...
kNN

Matrix completion = Count

Bayesian Compressed...

Compressed Sensing

0 1 2 3 4 5 6 7

Fig. 3. Comparison on Approach/Method used in
Missing Data Inference

Dataset in Sensing area Selection

Air quality
Taxispeed

Traffic
Flow B Count

Parking

Humidity

Temperature

0 2 4 6 8 10 12

Fig. 4. Comparison on Datasets used in Sensing
Area Selection

Dataset in Missing Data Inference

Signal map
Lymphography
Promoter
SPECT

Voltage
Humidity m Count
Temperature
Air quality

Noise complaints
Self-collected
Traffic

T T T
0 1 2 3 4 5

Fig. 5. Comparison on Datasets used in Missing
Data Inference

— Uncertainty: Predicting missing data involves
dealing with uncertainty due to the sporadic
nature of contributions and the potential for
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various external factors

data availability.

— Diverse Data Types: SMCS data can include
various sensor readings (e.g., location,
temperature, images), each requiring specific
techniques for accurate inference.

affecting

Approaches to Missing Data Inference:

— Temporal and Spatial Interpolation: These
methods estimate missing data points based
on neighboring observed data points.
However, due to irregular data sampling,
specialized interpolation techniques that
account for variable time intervals or spatial
distances might be needed.

— Time-Series Forecasting: Predictive
modeling using time-series forecasting
techniques (such as ARIMA, LSTM, or
Prophet) can help predict future data points
based on historical patterns. These models
capture trends and seasonality, providing
accurate predictions even with missing data.

— Contextual Information: Utilizing contextual
information like user behaviors, location
history, and environmental factors can
enhance the accuracy of missing data
predictions. For example, a user's previous
patterns might help predict their future
contributions.

— Machine Learning: Data-driven machine
learning models can learn patterns from
available data and use them to infer missing
values. These models can handle complex
relationships and interactions among different
data attributes.

— Hybrid Approaches: Combining multiple
technigues, such as leveraging both temporal
patterns and contextual information, can yield
more accurate predictions, especially in
scenarios with sparse data.

— Probabilistic Modeling: Bayesian methods or
probabilistic models can capture uncertainty in
missing data inference, providing not only
point estimates but also confidence intervals.

Figure 2 presents a graphical representation
comparing the approaches/methods used in
sensing area selection. Among the relevant work
presented in the sensing area selection problem,
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reinforcement learning method has been used
more compared to the other methods. Figure 3
shows that compressed sensing method has been
used more missing data inference problem
compared to the other methods, among the related
papers presented.

Figure 4 shows the graphical comparison on
the dataset used by the researchers in the relevant
papers in sensing area selection problem. Figure 5
shows the graphical comparison on the dataset
used by the researchers in the relevant papers in
missing data inference problem.

Some of the open research problems in the
domain of SMCS are:

— Developing more accurate and efficient
techniques for filling in missing data gaps in
SMCS, especially when data is sporadic,
remains a significant challenge.

— Finding innovative ways to protect participants'
privacy while collecting and sharing data in
SMCS remains a top concern. Balancing the
need for data accuracy with privacy is an
ongoing challenge.

— Designing algorithms and strategies for
scheduling data collection tasks to maximize
data coverage while considering participant
availability, energy constraints, and task
priorities is a complex optimization problem.

— Designing effective and fair incentive
mechanisms that motivate participants to
contribute data, even when contributions are
sporadic, is an open area of research. This
involves finding the right balance between
rewards and user engagement.

— Investigating how to seamlessly integrate data
from diverse sensing modalities, including
mobile devices, traditional sensors, and
remote sensing technologies, is an open
research problem.

7 Conclusion

Sparse Mobile Crowdsensing (SMCS) is a variant
of Mobile Crowdsensing where data contributions
are sporadic and irregular, often due to participant
availability or specific task requirements. Unlike
traditional MCS, which assumes continuous data

collection and sufficient participant availability,
SMCS focuses on balancing the cost and quality of
sensed data, addressing real-world challenges
such as data delays, sensor malfunctions, and
noise. Ensuring data quality in SMCS is crucial for
meaningful insights, with recent research
leveraging deep learning techniques to overcome
these challenges.
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