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Abstract—Mobile sensor networks (MSNs) have been facilitating many applications in different fields for both event detection
and data collection purposes. Sensors are attached in mobile robots or vehicles to sense, measure or to detect events based on
specific applications. Flocking control algorithm have been developed and applied in leading robots in sensing areas to detect or
to build scalar maps. The group of robots or mobile sensors connect to each other based on a communication. All the mobile
sensors need to maintain their connections all the time while working in the field. Due to the energy limitation, the sensors have
limited communication range that cannot guarantee that the school of sensors connected all the time. This work proposes a new
method to overcome the problem by using a data processing method, called Compressed sensing, that allows the mobile sensors
can be separated sometimes and still can collect all sensing data needed to build a scalar map at each distributed mobile sensor.
In addition, simulation and experimental results are provided to clarify the algorithm.
Keywords—Flocking control algorithm; Mobile sensor; Data collection; Compressed sensing; Communication range.
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I.

INTRODUCTION

M

OBILE sensor networks (MSNs) support many different
fields with important applications [1, 2]. The networks
are integrations of mobile sensors (MS), control algorithms and
other dynamic factors which depend on specific purposes or
application scenarios. Monitoring temperature, humidity,
acoustic, vibration or detecting target or special events
(chemical leak, vehicle passing) are common in many fields of
our real world that can apply on the sensors.
Flocking algorithms provides benefits for mobile robots or
mobile sensors in working as groups to sense or to collect data
[3-6]. The advantage of the algorithm is to avoid obstacles.
When meeting some obstacles, the sensors can change their
directions to move around the obstacles. Based on a limited
communication range, denoted as R c , the sensors may get
disconnected sometimes and reconnected after passing over the
obstacles as shown in Fig. 1. In the algorithm, the robots or
mobile sensors are required to maintain their connections all
the time for building scalar maps [7, 8]. This process could be
affected by random obstacles in sensing fields.
Compressed sensing (CS) techniques [9, 10] are commonly
applied to sample and to reconstruct data effectively. Many
different kinds of data are considered to be able to use CS for
compression purposes. There are many algorithms have been
exploiting the integration between CS and data collection
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methods in both wireless sensor networks [11-13] and mobile
sensor networks [14-17] for energy saving purposes. The results
show significantly the effectiveness of such methods to be able
to reduce not only data transmission but also energy
consumption for sensor motion in such networks.
In this paper, an advanced Flocking control algorithm is
proposed to lead the MS in a sensing field. It is also a
combination of CS and the control algorithm but different to
other work. The MS are deployed to sample following the CS
sampling and recover data with a certain number of CS
measurements that is much smaller than the original data. The
algorithm also exploits the data correlation while the MS move
in the sensing field. It is not necessary to maintain the
connection all the time since the sensing data is often highly
correlated. The algorithm not only reduces data transmission
for the MS but also reduce the risk of disconnection since the
MS have limited communication ranges.
The remainder of this paper is organize as follows. Problem
formulation is addressed in Section II. The advanced algorithm
is proposed with details in Section III. The analysis, simulation
and experimental results are addressed in Section IV and V,
respectively. Finally, Conclusions and Future work are in
Section V.

II.

PROBLEM FORMULATION

Given a group of L distributed mobile sensors (MS)
working in a sensing field 2D with different kinds of data that
need to be observed, temperatures, vibration or humidity, etc.
The MS have some capacity of computation. They can store
data, calculate with some level of complexity, and also can
report the positions they can visit.
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The main purpose of building the distributed group is to
create a scalar map of sensing data from the field. The MS are
expected to collect data and to build a full map at each
distributed one. If anything happens to separate the group,
each MS can provide the full map at any time for observing
purposes.

1 0 1⋯ 1
𝛷=[ ⋮
⋱
⋮]
0 1 0 ⋯ 0 𝑀×𝑁
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(1)

where the non-zero entries in one row are the random positions
where the group of MS samples at a sampling time to create one
CS measurement at each MS.
After receiving 𝑀 CS measurements, each MS can apply the
CS recovery algorith as follow to be able to reconstruct all 𝑁
sensor readings.
𝑋̂ = 𝑎𝑟𝑔𝑚𝑖𝑛‖𝑋‖ , 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑌 = 𝛷𝑋
(2)
1

when 𝑋 is not sparse in carnonical basis but sparse in a proper
domain (𝛹 can be DCT or Wavelet), 𝛩 is considered sparse in
an appropriate domain.
𝛩̂ = 𝑎𝑟𝑔𝑚𝑖𝑛‖𝛩‖ , 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑌 = 𝛷𝛹𝛩.
(3)
1

The AFC algorithm shows the promising point, especially
when the group of MS gets separated as shown in Fig. 1. The
measurement matrix 𝛷 as shown in Eq. (1) can become sparser
and still satisfy the CS performance to be able to reconstruct all
data needed to build a scalar map at each MS.

III.

ADVANCED FLOCKING CONTROL ALGORITHM

In this section, a control algorithm called Advanced
Flocking Control (AFC) is proposed to lead mobile sensors
working in sensing fields for energy-efficient purposes. This
algorithm actually has two parts. The first one lead mobile
sensors moving in the sensing fields. The second one exploits
the mobility of the sensors and samples with fewer data to be
sent among the connected network for the energy efficient
purpose.
Figure 1. A group of mobile sensors are being led by the Flocking
control algorithm. The group at first is separated by the obstacle
2 and later reunited after passing the obstacle.
Figure 2.

As mentioned, CS techniques are integrated into each MS to
support the sampling process. All random points in a sensing
are that needs to be observed are considered as a data vector as
𝑋 = [𝑥1 , 𝑥2 , … 𝑥𝑁 ] . Sensing data is often highly correlated or
compressible. This satisfies the CS requirements to be
compressed. Assumed that MS 𝑖𝑡ℎ collect 𝑥𝑖 at its own and
share 𝑥𝑖 with the others through it neighbors. The neighbors
also collect their own data and share the data to the others.
After each MS receives all data from the group, this is linear
combination of all sensing data which can be called one CS
measurement.
The MS move round the sensing field following the AFC
algorithm. At each sampling time, the MS create one CS
measurement. 𝑀 sampling times create 𝑀 CS measurements
that way. Mathematically, the sampling process can be
calculated as 𝑌 = 𝛷𝑋, where 𝑌 ∈ 𝑅𝑀 includes M measurements
as linear combinations of X. The most important point is that CS
allows 𝑀 ≪ 𝑁 . The measurement matrices 𝛷 , also called
projection matrix or sensing matrix shows how the MS sample
the sensing field as.

As mentioned, we have a dynamic topology of an L-sensor
team based on an information graph 𝐺(𝑉, 𝐸). The vertex set V =
{1, 2, ..., L} present all the activemobile sensors. The edge set E=
{(i, j): i, j ∈ V}, i ≠ j} is defined by the communication links
between sensors based on a sensor communication range R c .
Let 𝑝𝑖 , 𝑣𝑖 ∈ 𝑅2 denote the position and velocity vectors of
the 𝑖𝑡ℎ robot. For simplicity, the kinematic motion of each robot
is modeled as a particle:
𝑝𝑖 = 𝑣𝑖
{𝑣 = 𝑢 , 𝑖 = 1, 2, … 𝐿
(4)
𝑖
𝑖
where 𝑢𝑖 is the control input vector of sensorith . Equation (4)
can be used to model mobile sensor that have omni-directional
motion capability such as the Rovio robots [18].
We define an actual neighborhood set of sensor ith at time 𝑡
as follows:
𝑁𝑖𝑎 (𝑡) = {𝑗 ∈ 𝑉: ‖𝑝𝑗 − 𝑝𝑖 ‖ ≤ 𝑟𝑎 , 𝑖 ≠ 𝑗}

(5)

where z𝑟𝑎 is an active range, and ‖𝑝𝑗 − 𝑝𝑖 ‖ is the Euclidean
distance. The superscript a indicates the actual neighbors of
sensor i that is used to distinguish with virtual neighbors in the
case of obstacle avoidance. The set of virtual neighbors of
sensor i at time t with 𝐾 obstacles is defined as
𝑁𝑖𝑣 (𝑡) = {𝑘 ∈ 𝑉𝑜 : ‖𝑝𝑖𝑘 − 𝑝𝑖 ‖ ≤ 𝑟𝑜 , 𝑉𝑜 = {1, 2, … 𝐾}}

(6)

where 𝑟𝑜 is the obstacle detection range, and 𝑉𝑜 is a set of
obstacles. 𝑝𝑖𝑘 is the position of sensor 𝑖 th projecting on the 𝑘 th
obstacle. For convenience from now on we just use 𝑁𝑖𝑎 and 𝑁𝑖𝑣
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by dropping 𝑡. The virtual neighbors are used to generate the
repulsive force to push the sensors away from the obstacles.
The moving obstacles are considered as the predators.
Mobile sensors in the team will work together with
neighbors to form a certain geometry formation (e.g. quasi
lattice formation) while avoiding collision with each other and
static/moving obstacles. The distributed collaborative control
law 𝑢𝑖 for each sensor is introduced in [3-8] consisting of three
𝑓
terms: formation control 𝑓𝑖 , obstacle avoidance 𝑓𝑖𝑜 , and
𝑛
navigation 𝑓𝑖 , namely,
𝑓

𝑢𝑖 = 𝑓𝑖 + 𝑓𝑖𝑜 + 𝑓𝑖𝑛 .

data. In addition, the MS can be disconnected sometimes that
does not affect the CS performance. They still pass the sensing
data to the connected ones and build CS measurements
themselves. The algorithm does not require to maintain all
sensor connection all the time as the previous ones do [5, 6] that
provides the flexibility for not only the sensors but also the
networks.

(7)

𝑓

The term 𝑓𝑖 is the pair-wise attractive/repulsive action
function to allow sensors to maintain a certain distance with its
neighbors as well as avoid collision among them. This function
is designed as:
𝑓

𝑓𝑖 = 𝑐1𝑎 ∑𝑗∈𝑁𝑖𝑎 𝜙𝑎 (‖𝑝𝑖𝑘 − 𝑝𝑖 ‖𝜎 )𝑛𝑖𝑗 + 𝑐2𝑎 ∑𝑗∈𝑁𝑖𝑎 𝑎𝑖𝑗 (𝑝)(𝑣𝑗 −
𝑣𝑖 ),

(8)

where ϕa is the action function defined in [5, 6]. The ‖ ‖σ is
1
defined as ‖𝑥‖𝜎 = [√1 + 𝜖‖𝑥‖2 − 1] with ϵ > 0 , unlike the
𝜖

Euclidean norm‖z‖, is differentiable everywhere.
During the scalar field exploration, one may have obstacles
distributed along the field, and the obstacle avoidance function
needs to be designed to enable obstacle avoidance capability of
mobile sensors. With this purpose the term fio in Equation (7) is
the repulsive action function to allow sensors to avoid
obstacles, and it is designed as:

Figure 2. 50 mobile sensors are deployed in a sensing area (300 ×
300) units with the communication range of 𝑅𝑐 = 60. They make
three connected groups. They share and pass sensing data to the
others through their neighbors. They may get all connected as
soon as they move closer to each other.

𝑓𝑖𝑜 = 𝑐1𝑜 ∑𝑗∈𝑁𝑖𝑣 𝜙𝑜 (‖𝑝𝑖𝑘 − 𝑝𝑗 ‖ ) 𝑛𝑖𝑘 + 𝑐2𝑜 ∑𝑗∈𝑁𝑖𝑣 𝑏𝑖𝑘 (𝑝)(𝑣𝑖𝑘 −

IV.

𝜎

𝑣𝑗 ),

ANALYSIS

(9)

where 𝜙𝑜 (. ) is a repulsive action function to allow sensors to
avoid obstacles defined in [3]. 𝑛𝑖𝑗 and 𝑛𝑖𝑘 are vectors along the
line connecting pj to pi and pik to pi , respectively. Matrices 𝐴 =
[𝑎𝑖𝑗 ] and 𝐵 = [𝑏𝑖𝑘 ] are the adjacency matrices defined by graph
[19].
Since the scalar field is very large comparing to the limited
sensing of each sensor, all mobile sensors need to move and
collaborate with each other to sample certain locations and
reconstruct the map of the field. To allow the sensor network to
travel to these certain locations, the navigation function is
designed as
𝑓𝑖𝑛 = −𝑐1 (𝑝𝑖 − 𝑝𝑡 ) − 𝑐2 (𝑝(𝑁𝑎 ∪{𝑖}) − 𝑝𝑡 ) ,

(10)

𝑖

where 𝑐1 and 𝑐2 are positive constants, and 𝑝(𝑁𝑎∪{𝑖}) is defined
as 𝑝(𝑁𝑎 ∪{𝑖}) =
𝑖

1
|𝑁𝑖𝑎 ∪{𝑖}|

|𝑁𝑎 ∪{𝑖}|

∑𝑖=1𝑖

𝑖

𝑝𝑖 , where |𝑁𝑖𝑎 ∪ {𝑖}| is the number

of sensors in sensor 𝑖 's local neighborhood including sensor
iitself. 𝑝𝑡 is a target location that the sensor network want to
move there to collect data. Certainly, the larger scalar field the
more target locations are needed to allow the sensor network to
cover the field.
The advanced part of the algorithm is when the targets are
random provided to lead the mobile sensors in the field. In this
case, the sensors follow and move to the random points for
sensing. This part supports all MS to be able to apply the
compressed sensing techniques to sample and collect sensing

A. Coverage Analysis
Being led by the AFC algorithm, the mobile sensors work as
a team-work to sample the area following random leaders. The
sensing area (S) with a fixed dimension could be fully sampled
depending on both the sensing range 𝑅𝑠 and the
communication range 𝑅𝑐 . As mentioned, there is not any
overlapped area sampled by more than one sensors due to the
lattice network and the assumption of 𝑅𝑠 ≤ 1/2 𝑅𝑐 . So, as we
increase 𝑅𝑠 and 𝑅𝑐 , the sensing area is more sampled at each
time instant 𝑡. But the power consumption also increases. We
prefer to minimize both 𝑅𝑠 and 𝑅𝑐 for the least power
consumption and have the coverage fully sampled by the
robotic network. At a time instant 𝑡, 𝐿 sensors can sample an
area as
𝐶𝑡 = 𝐿 × 𝜋 𝑅𝑠2 .

(11)

Generally, after 𝑀 time slots, the coverage sampled by 𝐿
sensors as 𝐶 = 𝑀 𝐿 𝜋 𝑅𝑠2 and 𝐶 ≫ 𝑆 . This shows that many
positions in the sensing area are measured more than once at
different times of sampling. Besides, since the readings from
those positions are often highly correlated, if there are a few
positions missed as shown in Fig. 2, the whole scalar map can
be still recovered by the CS recovery algorithm.
B. Energy Consumption Analysis
In this section, both data transmission and the number of
mobile sensors are also considered.
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Note that CS techniques allow to sample only a certain
number of CS measurement to be able to recover all original
data for building maps. As mentioned, the number of CS
measurements could be much smaller than the number of
random positions that need to be observed as 𝑀 ≪ 𝑁.
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that, the MS can reconnect to the others and continue to sample
at another sampling time.

In addition, the measurement matrix Φ could be much
sparser. It means that, either the communication range 𝑅𝑐 could
be reduce to save the energy consumption for sensors or the
number of mobile sensors (𝑀) can be reduced. There is a tradeoff between 𝑅𝑐 and 𝑀 that we can exploit more for doing
research in the future work.

V.

SIMULATION AND EXPERIMENTAL RESULTS

In this section, 50 mobile sensors are deployed in a sensing
area of 300 × 300 unit square with 1000 random positions that
need to be observed. Real temperatures [20] are considered as
sensing data to be collected at each MS. The MS have the same
communication range as 𝑅𝑐 = 60 units.
Figure 4. Temperatures that need to be observed to build a scalar
map at each MS.

Figure 5. Transformed coefficients from the original temperature
in Fig. 4. The large coefficients focus on the very first values. The
rest are small. They can be considered as zeros.

Figure 3. 50 MS are deployed in a sensing area (300 × 300) units
with the communication range of 𝑅𝑐 = 60 and the sensing
range 𝑅𝑠 ≤ 30 . There are three obstacles that make the group
separated.

As shown in Fig. 3, the mobile sensors following random
targets visit the sensing area and collect temperatures at their
current positions. When they move around an obstacle, they get
disconnected due to the limited communication range 𝑅𝑐 . After

The temperature as shown in Fig. 4 are dense in canonical
basis but they should be highly correlated since the
environments around are quite similar. DCT and Wavelet
basics are chosen to specify the sensing data in the CS recovery
algorithm. In Fig. 5, both the basics support the sensing data to
be sparse. There are only some large coefficients and the rest
can be considered as zeros. Note that the sparser the coefficients
the more compressible the data could be.
Rovio robots working as mobile sensors are also deployed
to provide experimental results. The groups of seven (“7”)
robots are led by the AFC algorithm can avoid obstacles. They
move through the obstacles and keep their connections
between each other as shown in Fig. 6.
After collecting a certain number of CS measurements, each
MS applies the CS recovery algorithm to recover all data from
the sensing area to build a scalar map. Normalize
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reconstruction error is chosen to evaluate the CS recovery
performance as:
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑅𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

‖𝑋−𝑋̂ ‖
‖𝑋‖

,

(12)

where 𝑋 represents all true value that need to be collected at
each MS. Vector 𝑋̂ represent the reconstructed data.

reconstruction error. Based on Fig. 7, DCT overcomes Wavelet
in sparsifying sensing data in the CS recovery performance.
The true map and the reconstructed map are provided in
Fig. 8. With only 300 CS measurements, the AFC algorithm can
reconstruct the full map of 1000 sensor readings at 1000 random
points. Both the values are very close to each other. It means
that the CS performance works well with either the number of
CS measurements or the chosen basis as DCT.

Figure 8. The true map and the reconstructed map with 300 CS
measurements at the error target of 0.075 (Normalized
reconstruction error).
Figure 6. Seven Rovio robots are deployed in a floor to move
following the AFC algorithm. Theses MS obviously can move as
shown in three snapshots and also can avoid obstacles.

VI.

CONCLUSIONS AND FUTURE WORK

In this work, an advanced control algorithm is proposed to
lead the distributed mobile sensors to collect sensing data. Each
distributed one can build a scalar map itself at energy-efficient
manner. The algorithm exploits the correlation of sensing data
and the mobility of the mobile sensors to apply compressed
sensing. The CS techniques allow the AFC algorithm to reduce
energy consumption for data transmission in the network. The
number of mobile sensors can also be reduced until the sparsity
of the measurement matrix satisfy the CS recovery
performance. Both simulation and experimental results are
provided to clarify the algorithm. In the future work, the tradeoff between the number of MS and the communication range
could be exploited more to be able to optimize the total energy
consumption. The correlation of sensing data is also a
promising point for further study.
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