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Great potentials of robotic networks have been found in numerous applications such as environmental monitoring, battlefield surveillance,
target search and rescue, oil and gas exploration, etc. A networked multi-robot system allows cooperative actions among robots and can
achieve much beyond the summed capabilities of each individual robot. However, it also poses new research and technical challenges
including novel methods for multi-agent data fusion, topology control and cooperative path planning, etc. In this paper, we review recent
developments in cooperative control of robotic networks with focus on search and exploration. We shall first present a general formulation
of the search and exploration problem, and then divide the overall search strategy into different modules based on their functions. Methods
and algorithms are illustrated and compared following the classification of the modules. Moreover, a 3D simulator developed in our
laboratory is introduced and its application is demonstrated by experiments. Finally, challenges and future research in this area are

provided.
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1. Introduction

Due to the continuous development of advanced mecha-
tronic technologies, robotic networks become possible in
many applications including environmental monitoring,
battlefield surveillance, target search and rescue, intruder
detection and interception, and exploration of unsecured
regions, etc., see e.g., Refs. 1—8. A robotic network is formed
by a group of autonomous robots (or agents), each of which
is equipped with sensing devices to monitor a variety of
environment conditions such as obstacles, temperature,
pressure, humidity, acoustic intensity, acceleration, mag-
netism, lighting conditions, and so on. Each agent also
possesses a communication module by which its sensing
results and decision information can be propagated to some
other agents. The behaviors of agents are controlled by a
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human-accessible central station that can communicate
with all of them (so-called centralized control) or separately
by a computation unit installed on each one of them (so-
called decentralized control). Decentralized control methods
have been shown to be more suitable for large-scale net-
works with robots of low communication and computation
capabilities.”1°

In recent years, great attentions have been drawn by the
applications of robotic networks in search and exploration
such as target search and rescue, intruder detection and
interception, terrain and mineral exploration, forest fire
detection, etc.>''~1° Compared to the search and explora-
tion by a single robot that was addressed by some early
works,'®'” it is a much more complicated task for multi-
robot networks which requires novel methods for dynamic
data fusion, topology control, task allocation, coverage
control and path planning. In addition, centralized control
and optimization may not be feasible in practice and con-
fines the scalability of the network.'® Thus, decentralized or
distributed control has nearly become a must for large
scale networks, though only a suboptimal solution can be
obtained most of time. Other challenges include resource
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limitations (e.g, limited sensing region, communication
region, energy), switching communication topologies, net-
work constraints (e.g., limited bandwidth, delays and pack-
age drops), time constraints, unknown environment,
incomplete or uncertain location information, computational
complexity, obstacle and collision avoidance, nonholonomic
system dynamics, etc.

The purpose of this paper is to provide a review, to
the best of our knowledge, on recent developments and
ongoing research focused on cooperative control of robotic
networks in search and exploration. However, due to the
space limitation, it is impossible for us to review all relevant
works of the area. Readers may refer to? for a broader
view of research directions in robotic networks such as
formation, rendezvous and self-configuration, etc. The
remainder of this paper is organized as follows. Terminol-
ogy and problem formulation are presented in Sec. 2. An
overview of cooperative search and exploration methods is
provided in Sec. 3, which is followed by the demonstration
of simulator and experiment implemented on our labora-
tory platform in Sec. 4. Challenges and future research are
discussed in Sec. 5. Conclusions are drawn in Sec. 6.

2. Problem Formulation

On the start of reviewing methods and results, we need to
clarify the terminology and problem formulation for search
and exploration. Consider a set of N agents with synchro-
nous timing which are deployed to search or explore some
desired information about a geometrically bounded sur-
face region O (O € R? or R3). Each agent takes obser-
vations of environment and communicates with other
agents at discrete time steps denoted by positive integer k,
i.e., during the kth information processing cycle of time
interval [KT, (k + 1)T]. Note that communication and ob-
servation of an agent may not be carried out synchronously
at each time k. Each agent is assumed to have limited sen-
sing range and communication range. Thus, agent i at time
step k can only directly communicate with a subset of all
agents, i.e, N;(k), and observe a limited area 0;(k) C Q. The
agents in \V;(k) are called neighbors of agent i at time k and
N (k) may be time-varying due to the movement of agents,
i.e., the network topology may be switching from time to
time. An application example of unmanned aerial vehicle
networks in ground target search and terrain exploration is
shown in Fig. 1.

During search and exploration, agent i may keep a
knowledge map Q;(q) : O — S in storage registering the
environmental information at position q in O, where S C R
with R being the set of real numbers and Q;(q) denotes the
value of a concerned environmental quantity evaluated at
point g within Q. In the following, we denote by Q; the
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Fig. 1. Cooperative search and exploration in UAV networks.

entire map of agent i across all points in Q if q is dropped,
ie, Q;= {{0Qi(q),q} : g € O}. The set S is related to the
problem under consideration. For target search, S = [0, 1]
and Q; often denoted by a probability, represents the
confidence or belief of agent i in that a target is located
at point p. In exploration, S can be any subset of R and Q;
represents the estimated value of a certain environmental
quantity. Note that in a centralized control strategy, there
is only one map kept in the central station, and it can
be treated as the special case that Q; =Q;Vi#),
i,j=1,...,N. By taking observations from the environ-
ment, the map can be iteratively updated by detection
results and information sharing with other agents, which is
described by

Qi(k+1):g {Qj(k),,Z](k)} ’ (1)
JEN (k)u{i)

where Z;(k) = {z;(k,q),¥q € 0;(k)} denotes the set of
detection results z;(k, q) obtained by agent i at time step k.
Function g includes the fusion of measurements and in-
dividual knowledge maps of different agents.

According to the knowledge map @; or due to any
control command sent from the central station, agent i
makes a decision in a real-time manner on what reactions
should be taken such as alarming and attacking, and, more
frequently, on future path planning for complete search of
the entire region. The searching path of each agent can be
preplanned off-line or dynamically tuned on-line through
coordinated efforts. These control decisions must be from a
predefined decision set A which includes all admissible
actions associated with an event set B that includes all
events of possible occurrence during search and explora-
tion. For example, when an agent detects an obstacle
during search which is an event defined in 5, it first looks
up the decision in 4 associated to that event, say stopping
search and avoiding the obstacle, and then executes the
decision.
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The general control strategy for target search and
exploration can be formulated as the following optimization
problem:

;{})igH(Q(t), r(0:1t),t),

s.t. L,-(r,-(O:t))SZ[,Vi:1,...,N7
Di(rf(t))u(t)) = O7VI = 17 s 7Na
u;(t) € Uy(t),

(2)

where H denotes some desired performance index such as
the uncertainty of the knowledge map of an agent, the time
taken by the agents to discover all existing targets, the total
energy consumption to finish the search, etc. A is evaluated
after searching for a time length of ¢t and is related to the
knowledge maps of agents. To avoid confusion with the
discrete-time step k, we denote by t the continuous-time
index and assume k = |t/T|. The position of agent i at time
t is denoted by r;(t) and its trajectory from time 0 to t by
ri(0 : t). We define Q(t) = {Q(¢t),...,Qn(¢t)} and r(0 : t) =
{r1(0:t),...,ry(0: t)}. In the constraints, L;(r;(0 : t)) de-
notes the length of the trajectory of agent i up to time t
which may be bounded by L; due to limited energy; D;(r;
(t),u(t)) = 0 denotes the dynamic model of agent i which
may consist of some differential equations; u;(t) denotes the
control law of each agent which is usually constrained
within a set U;(t) due to the system limitations or for the
purposes of connectivity maintenance and obstacle avoid-
ance. There might be some other constraints dependent
on specific application conditions. For example, sensor’s
performance may be affected by environmental conditions
and may not be identical everywhere. Sound propagation is
susceptible to change with respect to water salinity and
temperature. Angle-of-arrival-based sensor generally is line-
of-sight only. Note that such an optimization problem is
usually NP-hard and one has to simplify the problem by, for
example, predefining the trajectory pattern, or using some
distributed methods to get a suboptimal solution to this
problem.

3. Overview of Search Algorithms

Based on the way of making decisions by each agent, two
classes of control strategies can be defined. If the control
decision of each agent is determined by a central station
without which no agent can work properly, the control
strategy is said to be centralized, otherwise, it is decen-
tralized. Specifically, if the control decision of each agent is
only dependent upon the information from itself and its
neighbors, the control strategy is said to be distributed.
The relations between the classes of control strategies are
shown in Fig. 2. In general, distributed control strategies
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Fig. 2. Classification of control strategies.

have a lot of advantages'? such as higher scalability (the
computation load of the whole network is a polynomial
function of the number of agents), easier to reconfigure
(the control decision of each agent does not depend on a
fixed communication topology) and more robust against
unexpected change (the rest of agents will not work
improperly when some agents break down). The closed-
loop system diagram of distributed control strategies is
shown in Fig. 3.

Basically, the information flow of all control strategies
must go through the following modules in sequence:
sensing, communication, decision and control (the
sequence of the communication and decision modules can
be changed according to requirement). Such classification
of the modules is based on the functions that the whole
system needs to accomplish in order to fulfill the overall
search task, and it is the way of functioning of each
module that differentiates one control strategy from
another. Although the four modules are relatively inde-
pendent in terms of functions, the functioning schemes of
different strategies at a specific module may not be
exchangeable. This is because the modules are correlated
based on information running through them. For example,
the information fusion and decision making at the decision
module is highly related to the type of detection results
obtained at the sensing module. The way of dealing with
an image taken by a camera sensor must be different from
the one with a signal strength taken by an acoustic sensor.
However, in most cases, if the strategies are not limited to
any specific type of sensor or application condition, their
functioning schemes at each module are exchangeable
based on different function performances to be achieved.
For example, at the decision module, agents may need to
do on-line path planning which is always formulated as an
optimization problem and they can select different op-
timization criteria according to different requirement of
performance.
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Being aware of such exchangeability and similarity of
functioning schemes of different strategies, we will intro-
duce and summarize the existing control strategies follow-
ing the division of modules, and classify them by their
similarities in functioning schemes at each module as
shown in Table 1, where some application conditions are
also included such as the target characteristics.

Closed-loop diagram of distributed control strategies.

3.1. Sensing module

Sensing module directly deals with the raw detection data
obtained by sensors. In this module, one needs to establish a
sensing model and carry out signal noise filtering, raw data
processing and fusion, etc. The sensing model is the key
function of this module and basically gives a translation from

Table 1. Comparison between some typical search methods.
Reference Sensing Target Connectivity Info. Agent Online path If
model characteristics maintenance sharing model optimization  distributed
20 Deterministic ~ Multiple & stationary No No Constant speed No No
21 Deterministic Single & stationary No No Physical model Yes No
22 Deterministic Single & mobile No No Constant speed No No
23 Probabilistic =~ Multiple & stationary No Yes Constant speed Yes No
24 Deterministic No No Yes Way points Yes Yes
25 Probabilistic ~ Multiple & stationary No Yes Way points Yes Yes
26 Probabilistic =~ Multiple & stationary No Yes Way points Yes No
27 Deterministic No No Yes Physical model Yes No
28 Probabilistic Single & mobile No Yes Way points Yes No
23 Deterministic Multiple & mobile No No Constant speed No Yes
29 Probabilistic No No Yes Way points Yes Yes
30 Deterministic No No Yes Physical model Yes Yes
31 Probabilistic No No Yes Way points Yes No
14 Probabilistic ~ Multiple & stationary No Yes Way points Yes Yes
32 Deterministic No No Yes Physical model Yes Yes
33 Probabilistic No Yes Yes Way points Yes Yes
34 Probabilistic No No Yes Physical model Yes Yes
35 Probabilistic ~ Multiple & stationary No Yes Way points Yes Yes
36 Probabilistic =~ Multiple & stationary Yes Yes Way points Yes Yes
37 Probabilistic ~ Multiple & stationary Yes Yes Way points Yes Yes
38 Probabilistic Single & mobile No Yes Way points Yes No
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the raw detection data to some environmental information
needed and a confidence or belief on the correctness of each
detection result. For example, in vision-based target search,
the sensing model gives not only detection results about
where the targets are located from the image but also the
associated probability of target detection and probability of
false alarm. Two types of sensing models can be classified:
deterministic and probabilistic, according to the belief of a
detection result. A sensing model is said to be deterministic if
the detection result is not a random variable given the true
environment condition, otherwise it is probabilistic. In
comparison, the methods assuming probabilistic detections
are more general for universal applications and more suit-
able for stochastic environments in the real world.

3.1.1. Deterministic sensing model

The target search problem has been studied in Refs. 2123,
where it is assumed that a target can be detected deter-
ministically by an agent within its sensing region. In Ref. 21,
the search problem for a stationary or slow moving target is
addressed which is to be identified as a decoy or friendly
asset. When an agent detects a target, another agent will be
assigned to make a second detection from perpendicular
direction to identify the target. On the other hand, the en-
vironment exploration problem is considered in Refs. 27
and 30. In Ref. 30, an uncertain density is used to model the
lack of information about the surveillance region. The
uncertainty associated with a point in the region is reduced
by certain amount due to sensed information acquired by
the agent closest to the point. The authors further extend
the results by considering the limit on sensing range for
each agent in Ref. 39. In Ref. 32, agents are deployed to
learn a parameterized model of a constant environment
field while seeking an optimal coverage configuration. The
measurements are assumed to be the true values of the field
parameters at sampling positions of agents.

3.1.2. Probabilistic sensing model

Probabilistic detections have been considered in Refs. 25,
26, 35—38, 40—42, where the whole surveillance region is
divided into a grid of cells and each cell is associated with
a probability of target existence within the cell. Each agent
can detect targets in each cell within its sensing region
independently in a certain probability. In these methods, the
binary detection model is assumed for each observation
over q € 0;(k), i.e,

1, if sensor reports : that a
zi(k,q) = target is present at q; (3)

0; otherwise,
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where q is treated as a cell rather than a point. z;(k, q) is a
random variable occurring with two key parameters, detec-
tion probability «;(k,q) = P(z;(k,q) =1]0(k,q) = 1) and false
alarm probability 3;(k,q) = P(z;(k,q) = 1|0(k,q) = 0), where
O(k,q)=1 (or 0) represents a target is present (or not
present respectively) within cell g at time step k. In this
case, the knowledge map of agent i is given by

I=1:k

where

wik) = J U (00,50}

I=T:k jeN (1)

The environment exploration problem is addressed in
Refs. 27—29, 31, 33 and 34. In Refs. 29 and 31, agents are
deployed to estimate the environment model, where each
agent measures the unknown model parameters by a sto-
chastic observation model with white Gaussian noises. The
same sensing model is assumed in Ref. 33 for seeking peaks
of an unknown scalar environment field. A similar gradient
climbing problem is considered in Ref. 27, where each agent
detects the field with a single sensor and the detection
result is the value of the field at the sensing position con-
taminated by noise. Sensor placement and motion coordi-
nation strategies are studied in Ref. 28 for target tracking
with range sensors in robotic networks. In Ref. 34, a
dynamic stochastic environment field is detected and esti-
mated by a group of agents, where the measurements of
the agents are spatially and temporally correlated. White
Gaussian process noises are also assumed for measurements.
In these methods, the following sensing model is assumed:

zi(k,ri(k)) = hi(r;, x(k)) + v;(k), (4)

where h;(r;, x(k)) may be a nonlinear function related to the
sensing position r;, x(k) is the state vector of environment
field parameters and v;(k) is the measurement noise. In this
case, the knowledge map of agent i is given by

Qi(k7 q) = hi(q’ )A(i (k))a
where X; (k) is the estimate of x(k) at time step k by agent i.

3.2. Communication module

The communication module is responsible for establishing
necessary communication links between agents for infor-
mation sharing. In this part, we do not want to discuss in
detail about the physical level problems such as power setting,
communication reliability, routing protocols, channel mana-
gement, etc, as these topics are out of the authors’ expertise.
Readers may find more discussions and results on these
problems in literature relating to network communications
such as Refs. 43—45. Our focus is on the application level
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problems such as what information should be commu-
nicated and which agents should be linked. As illustrated in
Sec. 2, it is the communication scheme that defines the
property of the overall control strategy, i.e., whether it is
distributed, decentralized or centralized.In this part, we
discuss two basic issues related to the communication
module: (i) determination on information to be commu-
nicated; (ii) connectivity maintenance.

3.2.1. Determination of communication information

To save energy consumption in communications, one should
determine the least necessary information to be commu-
nicated based on application needs. Generally, translated
detection results are preferred to raw sensing data since
detection results are abstracted information taking up less
storage space and requiring lower bandwidth for trans-
mission. For example, in Refs. 35—37, the raw sensing data
are translated to two different detection results, 0 (no target
detected) or 1 (target detected). In some cases, only com-
municating the detection results is enough to get the
desired performance. For example, in centralized control
strategies,”®*? detection results of each agent are sent to
the central station for information fusion, through which the
central station can promptly get knowledge of the places in
the surveillance region detected by all agents. However, it
may not be enough to achieve the desired performance in
some distributed control strategies such as Ref. 37, where
each agent also communicates their accumulated knowl-
edge map about the environment in order to make each
agent benefit from the information acquired by other agents
in addition to its neighbors. Besides the sensing infor-
mation, agents also need to communicate their positions
which will be utilized in the control module for cooperative
motion control.

3.2.2. Connectivity maintenance

Connectivity maintenance of the entire robotic network is
critical for efficient information sharing and cooperative
control. A network with high degree of connectivity is more
robust against accidental failures of some agents. In sta-
tionary networks, connectivity problem is more of a routing
problem, i.e, to find a path that can connect one agent with
any other in the network. However, in robotic networks,
connectivity maintenance is always formulated as some
constraints on the control of each agent, i.e,, to constrain the
movement of each agent within some limited space such
that certain degree of network connectivity is guaran-
teed.?”*® For example, in Ref. 46, based on the current
positions r;(k) and rj(k) of two neighboring agents i and j,
a pairwise constrained set for the motion control of the two

agents is defined as

ri(k) + r; ()

XIJ(k) = {qu_ 2 / SR&qERz )
where R, is the communication range of each agent. Thus, to
maintain the connectivity between each agent and all its
neighbors at each time step, one should constrain the con-
trol of each agent by

ui(k)E m XI'J(k)) vj:la"'7Na
JEN (k)

where u;(k) = ri(k + 1) — r;(k). If the movement of an agent
exceeds the constraint, there might be a chance for the
agent to lose connections with some agents and thus to
break the network connectivity. Unfortunately, not many
control strategies in the existing literatures have considered
this problem.

3.3. Decision module

In this module, the functions of information fusion and
decision making are realized. The function of information
fusion mainly deals with the fusion of detection results and
knowledge map sent from other agents into its own accu-
mulated knowledge map about the environment. The
function of decision making refers to the selection of a
control decision at each time from the given decision set A
based on the accumulated knowledge. Decision making is a
more application oriented function, where one needs to
define some rules beforehand that map each event to a
decision in A according to application background. When
the occurrence of a certain event is confirmed according to
the accumulated knowledge, a control decision must be
made following the rule and leave the control execution
problem for task accomplishment to the control module.
For example, when an enemy is confirmed to be present at
certain place by detection, an agent may be assigned to
track or destroy the enemy. The more challenging issue is
how to realize the fusion of information coming from
different agents since it may involve detection results from
heterogeneous sensors, correlated information from dif-
ferent agents, and its coupled influence on the control
module. Moreover, in distributed control strategies, the
information fusion schemes are also distributed, which
means each agent can only get local information but is
required to estimate the state of the overall environment.
This makes the distributed schemes much more compli-
cated to design.

Fusion of the detection results into the knowledge map
is a challenge only when the sensing model is probabilistic.
For the cell-based sensing model (3), a commonly used
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method for fusion of detection results is the Bayesian
method?2526:35-3841,42,

Qi(k+1,q)
(k. q)Qi(k, q)
a;(k, q)Qi(k, q) + Bi(k,q)(1 — Q;(k,q))’
if z;(k,q) = 1;
(1 —ai(k,q))Qi(k. q)
(1 —ai(k,q)Qi(k,q) + (1 = Bi(k,q))(1 — Qi(k,q))’
if zi(k,q) = 0;

Qi(ka q)

otherwise.

For the sensing model (4), many conventional filtering
methods can be used such as Bayesian filtering, Kalman
filtering, Particle filtering, etc.?”-2?313234

Fusion of the knowledge maps of different agents is more
complex since the correlation between individual maps is
usually hard to compute especially in distributed strategies.
Without the correlation information, the fusion is mostly
done by a weighted average combination of individual
maps.®**>37 For example, in Ref. 37, the maps of neigh-
boring agents are fused by a consensus-based protocol:

Qlk+1.9) =0k )+ Y 1 (Qka)~ Okq)).
JEN(K)

Such protocol will not only help each agent fuse information
from other agents, but also make their maps converge to
the same. Sometimes, agents do not communicate the maps,
but some parameters constitute the maps. For example, in
Ref. 29, the estimates of the environment state vector are
communicated by agents instead of the whole environment
field map. In such case, there have been many distributed
filtering methods for fusing correlated estimates which is a
very large scope that cannot be enclosed in this paper.*”~>*

In Ref. 25, a target within a cell can only be detected with
some probability and the probabilities of target existence
within all cells form a probability map. The detection results
of different agents are assumed to be independent and the
detection results of neighboring agents are fused by the
Bayesian rule at each time step in a distributed manner.
The same cell-based parablastic method for fusion update
by detection results is used for datafusion in Refs. 26,
35—38, 41 and 42 except that a centralized probability map
at the central station is required to be accessible by all
agents in Refs. 26 and 41. In Ref. 38, a single framework for
searching and tracking for a single mobile target is estab-
lished based on nonlinear representations of the target
position probability density function, where particle filtering
method is utilized for target tracking and fusion of detection
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results. In Ref. 29, the local measurement data of neigh-
boring agents are fused using a proportional-integral
average consensus estimator by information sharing, and
then filtered by Kalman filtering to estimate the parameters.
A similar consensus-based information fusion method is
used in Ref. 32 for agents to achieve the same parameter
estimate. In Ref. 31, the environment model parameter is
estimated based on Bayesian filtering and bounded error
assumption. In Ref. 27, the range-based detection results
with noises of all agents are collected by the central station
for estimation of the target position by extended Kalman
filtering. In Ref. 33, each agent maintains its own local
estimate of the environment field and updates the estimate
using collective measurements from itself and neighboring
agents by recursive least square method. In Ref. 42, detec-
tion results are exchanged between neighboring agents for
information fusion, where the number of historical obser-
vations that need to be diffused to neighbors from an agent
at each time is related to its information divergence which
is defined as the change of its probability map. In Ref. 35,
after the probability map update by measurement, each
agent transmits its probability map to its neighbors for map
fusion, which is fully distributed. However, in a network
which is not fully connected, each agent can only obtain
information directly from its neighboring agents. The lack
of information correlation makes the map fusion difficult
and only an intuitive fusion method is given in Ref. 35. In
Ref. 36, each agent only communicates the latest obser-
vations to neighbors for information sharing, but limited
field-of-view constraint is considered for target detection.
In Ref. 37, the nonlinear Bayesian update of the probability
map is transformed to be a linear update of a new infor-
mation map, which saves the computation load. A consensus-
like distributed information sharing scheme is proposed to
fuse the probability maps of different agents by ignoring
the correlation information. In Ref. 34, the estimation of a
spatio-temporal stochastic field is formulated as Bayesian
universal Kriging and a distributed algorithm is designed to
compute weighted least squares estimates, which combines
the Jacobi overrelaxation method with dynamic average
consensus algorithms. Then, a so-called distributed Kriged
Kalman filter is designed for predictive inference of the
spatial field and its gradient.

3.4. Control module

The function of this module is to realize the control decision
made by the decision module, where a common aspect in
the context of search and exploration is motion control and
path planning. Generally, motion control refers to the con-
trol of an agent to move from current position to a desired
position, which may involve the agent’s physical dynamics,
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while path planning aims to find out a path for each agent
to follow which goes across a sequence of desired way-
points in a given time horizon, where the agent’s physical
dynamics may be ignored. When a motion control scheme is
provided, path planning is often not necessary. Depending
on the assumptions, a control strategy may or may not put
the true dynamics of agents into consideration for the ease
of theoretic analysis. However, this is an innegligible issue in
the real applications of a control strategy, and thus is listed
as an index for comparing different control strategies as
shown in Table 1.

3.4.1. Motion control model

Motion control models can be in continuous-time formula-
tion or discrete-time formulation. When given in continuous-
time formulation, a motion model of agent is normally
coherent with its dynamic model. When given in discrete-
time formulation, it can be seen as a model for one step
ahead path planning. The physical dynamic model of an
agent is usually described by a set of differential equations
subject to limited velocity and acceleration. In Ref. 21, a two-
dimensional dynamic model is assumed for each agent with
constant speed and controllable heading maneuvering in a
fixed horizontal plane. A control law based on dynamic
inversion is utilized to make vehicles track the assigned
lanes while considering the maximum turn radius con-
straint. The search task of all robots is stopped if a target is
found. In Refs. 22 and 23, agents move at a constant speed
according to some predefined parallel line patterns without
considering the physical dynamic model of agents. However,
system parameters can be easily evaluated off-line in well-
defined patterns such as the minimum number of agents
required for task completion. In Refs. 24, 25, 35, 37 and 40,
the motion of each agent is described by a movement from
one cell to another. In Refs. 14, 28, 29, 31, 33 and 38, a
discrete-time motion model is assumed for the position
control of each agent which provides the waypoints along
a path. In Refs. 27, 30, 32 and 34, first-order integrator
dynamics are assumed for each agent.

3.4.2. Path planning schemes

Path planning has been widely studied in robotic networks
for different application backgrounds such as formation,>>~>’
flocking,>®~°° swarming,°’ gradient climbing?’ deploy-
ment,®? %> rendezvous,®® °° etc. Tens of different path
planning algorithms have been reported in the literature.
Some researchers divide them into two classes depending on
whether an algorithm considers the differential constraints
of the robots, and some classify them based on whether the
information about the search environment is completely

known (or static), and some generally sort into deterministic
and probabilistic approaches, and some simply consider
whether the approach is local or global.”>~°77°

Generally speaking, two main steps are involved in a
path planning scheme. The first step compiles the available
information into an effective and appropriate configuration
space O, and the second step uses a search algorithm to find
the optimal/sub-optimal path in O based on the pre-defined
criteria or constraints, e.g., system dynamics, path distance,
obstacles, and so on. Several main categories of the confi-
guration spaces are widely applied in search and explora-
tion, e.g., cell decomposition, roadmaps, and potential fields.
Cell decomposition-based approaches, including grid-based
method, use a set of representative areas to represent O,
such as convex polygons, and then describe the character-
istics of each cell. Grid-based approaches are usually
employed for low-dimensional problems and often need to
search repeatedly. The roadmap-based approaches describe
O in terms of how to get from one key location to another,
and the cost of getting between them. The potential fields-
based approaches represent O under the influence of vir-
tual force generated by goals (attraction) and obstacles
(repulsion), which have advantages in less computation and
disadvantages in being easily trapped into a local minimum
of the potential field. Many techniques are proposed to
over come the problem of getting stuck in a local minimum,
e.g., including techniques for escaping minima or with the
definition of potential field which has no or few minima.”?
Note that these approaches may be mixed, e.g.,, a Voronoi
graph can be configured with potential fields.”?

Once the information abstraction is built, a search algor-
ithm is applied. When the world is represented by graphs,
less sophisticated algorithms e.g., Djikstra’s algorithm and
Depth-First Search, and complicated algorithms, e.g, A*
algorithm, and D* algorithm, are widely used.

When optimization-based algorithm is considered, again,
we obtain a formulation similar to (2) stated in Sec. 2.
Hence, the traditional control strategies, such as dynamic
programming®’ and receding horizon optimization,®> can be
applied too. As mentioned in Sec. 2, the optimization pro-
blem (2) is generally NP-hard. Therefore, one must make
some simplifications or use distributed methods to get
suboptimal solutions of the trajectories r(0 : t). In some
search and exploration strategies, agents move according to
predefined patterns like parallel straight line search which
are determined off-line and can guarantee network con-
nectivity and collision avoidance so that path planning is
not a problem during search such as in Refs. 20, 22 and
73—75. In other strategies, agents must dynamically adjust
and optimize their path planning based on the real-time
updated knowledge, which may involve dynamic program-
ming, topology control and collision avoidance such as in
Refs. 25, 28—30, 34 and 37. In such dynamic path planning,
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a distributed design for solving the optimization problem
(2) is necessary for fast and efficient responses. A widely
used method is the gradient-based control method to find a
local optimum solution.?®3237:6276 Take the one step-ahead
planning scheme as an example. By ignoring the constraints,
the dynamic path planning problem at a given time step k
can be formulated as the following optimization problem:

min H(Q(k+1),r(k+1),k+ 1), (5)
r(k+1)

i.e, to find the optimal places for the agents to move to at
time step k + 1. The cost function H should be properly

designed such that ‘{)H(Q(kgrli)(}:j_kf) L:k1)

related to the information from any other agent j & N ;(k).
Thus, a distributed gradient-based one-step ahead planning
can be given as

for each agent i is not

OHQUk+ 1), r(k + 1),k + 1)
ori(k +1)

ri(k + 1) = ri(k) + G;(k)

where G;(k) is a positive gain parameter which is critical to
guarantee that r;(k + 1) can be reached by agent i at time
step k+ 1 when putting the constraints in (2) into con-
sideration. To further alleviate the computational load,
sampling-based algorithms are explored. These algorithms
represent the sampled configuration space . Typical
techniques include rapidly exploring random trees and
state-space navigation function with interpolation.”®

For the cell decomposition approaches, many works
have been reported. In Ref. 21, the whole surveillance
region is divided into lanes and each robot is assigned to
exhaustively search one lane for targets. Once an agent
completes the search within its current lane, its task
assignment is re-determined using dynamic programming.
In Ref. 24, based on a map of uncertainty within each cell in
the surveillance region, an information reward is defined
for each agent by visiting a cell. A distributed path planning
algorithm is proposed which gives a 2-step ahead path
planning for each agent that maximizes its predicted in-
formation reward along the path. In Ref. 25, the target
search problem is considered by using a similar method.
Each agent keeps a probability map of target existence
within each cell, based on which the information reward is
defined. Neural networks are used to learn and predict the
number of agents occupying a cell for the prediction of the
information reward by visiting the cell in future steps. In
Ref. 40, a software architecture is developed for cooperative
control of UAV networks, where the threat of environment,
probabilistic existence of targets and the cooperative path
planning are processed at a central station. The dynamic
programming approach is used for path planning with
considering the information gain as well as the threats. In
Ref. 42, a co-evolutionary approach of search path planning

)
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is proposed under constrained information sharing for multi-
agent systems. The communication bandwidth constraint
is considered and a distributed path planning scheme is
developed aiming at minimizing the team entropy over
target existence within each cell. In Ref. 36, the proposed
path planning algorithm aims to maximize the joint detec-
tion probability that a target is detected by at least one
agent. The algorithm is distributed and incorporates the
connectivity preservation for the network. In Ref. 37, the
path planning is formulated as a coverage control problem,
i.e., control the agents to maximize the collective sensing
coverage area measured by a time-varying density function,
which is related to the probability maps of agents and is
updated in real time. The probability maps of all agents
converge to be a same one that reflects the true target
existence or nonexistence within each cell. Topology control
is included to maintain network connectivity as a constraint
on the former coverage control.

Roadmap-based path planning approaches have been
considered in many papers, e.g., Refs. 30, 32, 35 and 39. In
Ref. 30, agents are controlled to maximize a single-step
uncertainty reduction integrated over the whole surveil-
lance region. The uncertainty function which denotes the
lack of information of each point in the region is updated in
real time. Each agent performs search within its Voronoi
cell and the deployment of agents finally converges to a
centroidal Voronoi configuration, where each agent is
located at the centroid of its Voronoi cell with perceived
uncertainty density. The control strategy is further modified
in the presence of constraints on robot speed and limit on
sensor range in Ref. 39. In Ref. 35, each agent chooses a
path, some number of time steps into the future that
maximizes the likelihood of the agent finding a target. The
receding horizon optimization is performed using the por-
tion of the probability map that lies in the agent’s Voronoi
partition. In Ref. 32, the robots are controlled to move
towards the estimated centroids of their Voronoi regions,
respectively, while also make their estimates of the sensory
distribution improve over time.

Potential field approaches are also widely applied. In
Ref. 30, the optimal trajectories of agents are selected to
maximize the expected value of the search by a fraction of
the uncertainty in the uncertain posterior distribution,
which is drawn from the uncertainty in the centralized
probabilistic state transition matrix of targets. In Ref. 33,
a distributed cooperative control method is proposed to let
robots reach peaks of an unknown scalar field. Each agent is
controlled to move towards a peak of the field using the
gradient of its estimated environment field while avoiding
collision and maintaining communication connectivity. In
Ref. 34, a similar path planning scheme is applied for gra-
dient climbing in a spatio-temporal stochastic field to esti-
mate a spatio-temporal field. In Ref. 27, a stable control
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strategy is proposed for groups of agents to move and
reconfigure cooperatively in response to a sensed environ-
ment, which aims to seek out local maxima or minima in
the environment field. The underlying coordination frame-
work uses virtual bodies and artificial potentials. In Ref. 29,
the problem of environmental modeling is addressed by
measuring and estimating the model parameters at each
time step. The motions of agents are controlled to maximize
their sensory information relative to current uncertainties
in the model. In Ref. 31, the path planning is formulated
as a sequential optimization problem, where each agent
sequentially determines its next sampling position by
maximizing the determinant of the new estimation error
covariance matrix.

4. Simulator and Experiment Development

4.1. Background

From the aforementioned discussion, it is generally difficult
to integrate many techniques into a unified physical plat-
form. However, simulation technologies have the potential
to overcome the difficulty and accelerate processing pro-
cedures in a cost-effective way. For multi-agent networks,
simulation technologies are especially important due to the
additional complexity involved in collaboration, networking
and communication.

2D simulation techniques have dominated the society for
many years, e.g., player/stage. However, 3D techniques are
attracting more and more attentions owning to the rapid
developments on GPU technologies. Some recent works on
robot have demonstrated the potential advantages of 3D
simulation, e.g., Virtual Robot Experimentation Platform (V-
REP),”” Modular OpenRobots Simulation Engine (MORSE) ,”®
AGI, Xplane, OpenSim,”® Delta3D,*>®! Microsoft robotics
studio and Gazebo®” (see Ref. 83 for details). In addition, the
new developments on serious games for the main purpose to
train, investigate, or advertise,®* also show the benefits of
simulation techniques. For example, VBS2 (Virtual Battle-
space 2)% is a realistic battlefield simulation system mainly
for military training purpose. It not only offers the ability to
operate land, sea, and air vehicles, but also creates new
scenarios of different perspectives. DARWARS Ambush!®® is
another PC-based, networked, multiplayer training simulator.
It provides military training on the basis of practitioners’
experiences, and includes capabilities to ensure the capture
and dissemination of lessons learned.

Recently, USARSim (Unified system for automation and
robot simulation),?” which was initially developed for urban
search and rescue simulation, attracts more attention
nowadays, as it is a high fidelity simulation tool based on

Unreal technology®®®® with user-friendly API and some

validated models. It accurately represents robot automation
and behavior, and renders user interface elements in both
local and remote environments. It has been applied in both
education”® (e.g, RoboCup rescue virtual robot compe-
tition’"?? and IEEE Virtual Manufacturing Automation
Competition VMAC”®) and research (e.g., sensor and motion
models of robots’* and localization?*%).

Based on USARSim, a hybrid multi-purpose simulation
platform for networked MAS (multi-agent system) under
different scenarios is developed in Nanyang Technological
University (NTU). The low-cost hybrid framework based on
a hierarchical structure integrates some mission packages
so that it can perform multiple tasks, e.g., formation flight,
collaborative search and exploration (especially, vision-
based approaches), collaborative tracking, and dynamic task
assignment, in various 3D environments, e.g., urban, rural,
foliage and indoor environments. Meanwhile, based on its
detailed modeled system dynamics with actuators and
sensors, the platform should enable the interaction between
real world and virtual world so that hardware-in-the-loop
simulation becomes possible. In addition, it can operate in
wireless network environments with several different
choices. Three implications of the hybrid simulation system
are the interaction between the real world and virtual en-
vironment systems, the combination of hardware and soft-
ware, and the hybrid algorithms used in MAS control.

4.2. Simulator platform and design methodologies

4.2.1. System architecture
Figure 4 provides the system architecture, which is roughly
divided into six portions, namely Real World, Transmission,
Control Console, Control Algorithms, and Virtual Network.
Virtual world is emulated by Unreal Engine,®® created by
Unreal Editor and further edited by Unreal Script. Unreal
Editor enables game developers to build their own levels
and create virtual environments which replicates real world
with the aid of other 3D editors, e.g.,, 3DS Max.””

We have implemented three different programming
interfaces: LabView, Matlab and OMNet++, whose control
flows are indicated in different colors in Fig. 4.

o The first interface LabView,’® acting as the console center
for both hardware and software, is the interface to Unreal
Engine and virtual environment. In fact, LabView com-
municates with the Unreal server to feedback sensor in-
formation, and sends commands to USARSim to control
the motions of vehicles. The Unreal Engine supports
multi-vehicle simulation, and each vehicle occupies one
socket channel, which is created by the controller (Lab-
View). Although some simple algorithms (including the
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Fig. 4. Design architecture of hybrid simulator.

communication and system dynamic control) can be im-
plemented in LabView directly (e.g., Mathscript), more
complex control algorithms need to be implemented .
using Matlab, ie, run Matlab Scripts in LabView via
Matlab server through the ActiveX technique (Windows
platform only). Other techniques, e.g., DLL (dynamic link
library), COM and DDE (dynamic data exchange), can be

also used to exchange data and send/receive commands
between LabView and Matlab.

The second interface Matlab directly communicates the
Unreal through TCP/IP command from the Instrument
Toolbox, which also provides the hardware interface.
Note that we can also call java’® or Winsock2 to perform
the same functionality. By Using Simulink together with

Fig. 5. Hardware for HIL simulation.



Un. Sys. 2013.01:121-142. Downloaded from www.worldscientific.com

by Dr Ben Chen on 07/04/13. For personal use only.

132 ] Hu, J. Xu & L. Xie

Fig. 6. Simulated Qud-rotor UAV and Helicopter.

Real-time Toolbox, we can run the simulation in a real-
time manner.

e The third interface OMNet++ connects to Unreal server
using socket programming. MiXiM provides TCP/IP socket
related functions for communication between OMNet++
and Unreal engine. This implementation provides more
flexibility in studying the behavior of networks.

To enable hardware-in-the-loop (HIL) simulation, some
hardware should be configured in the lab environments. For
localization in real world, ultra-wideband (UWB)-based tool
(e.g., Unisense system®), WiFi-based tool and vision-based
tool (e.g, Vicon systemP®) are used in indoor environments,
and Globe Position System (GPS) together with camera/IMU
is used in outdoor environments. In the virtual world, range
scanner sensor (sonar or IR) is used to measure the dis-
tance between vehicles and obstacles. Camera is used in
both real and virtual worlds for tracking and navigation.
Robots communicate betweeneach other through WiFi
802.11b, and connect with ground station through Zigbee
in Real World, and OMNet++ is used to simulate the cor-
responding virtual networks, which will be discussed in
Sec. 4.3.

4.2.2. Robot models
USARSim®” constructs a robot model by using chassis,
joints, parts, and attached items. We have developed several
new UAV models in the similar way, e.g.,, GAUI 330X Quad
Flyer UAV'°° and Xcell-60 helicopter. The simulated Quad
Flyer and the helicopter in UDK are shown in Fig. 6. Besides
the rotary-wing UAVs, some fixed-wing and flapping-wing
UAVs are also under development.'?!

As stated in Ref. 83, it is complicated to implement the
full dynamics of a physical UAV in UDK, although Unreal
Script provides the possibility. Hence, we can realize the

2http://www.ubisense.net/
bhttp://www.vicon.com

inner-loop control (rigid-body dynamics and internal stab-
ility) in Matlab while reflects the outer-loop control (Kin-
ematic model) in UDK. In other words, the inner-loop
guarantees the asymptotic stability and disturbance-rejec-
tion performance of the UAV, while the outer-loop responds
to the behavior request to achieve a certain flight trajectory
with a desired orientation. Figure 7 gives an example of the
hybrid configuration in UDK and Matlab/LabView. In ad-
dition, UDK provides simple embedded Al for the moving
objects, e.g., obstacle avoidance, edge detection, predefined
path following/tracking. We can use those properties to
define the moving cars on the road and pedestrians on the
cross, as well as the traffic control. Furthermore, the prop-
erties of PhysX Engine shall be considered.

4.2.3. Sensor and vision

Search and exploration algorithms cannot work without the
aid of sensing technologies. There are many classification
methods of sensors. The most commonly used is to classify
the main types of sensors into two domains: passive and
active. Passive sensors can only work when the natural
energy is available, e.g., visible and infrared spectrum
camera, sound detector, odometer, IMU (inertial measure-
ment unit, combination of accelerometer and gyroscope).
Active sensors use their own energy, e.g, radar (radio
detection and ranging), lidar/ladar (light/laser detection
and ranging) and sonar (sound navigation and ranging).
Some other classifications include proprioceptive sensors
(e.g, IMU and GPS) versus exteroceptive sensors (e.g.,
camera, laser scanner, radar), contact sensors (e.g., touch
probe) versus noncontact sensors (most of sensors), 1D
sensors (distance sensors), 2D sensors (e.g., single camera,
2D radar) versus 3D sensors (e.g., stereo camera, 3D laser
scanner and 3D flash lidar). Over 10 different sensors are
provided in USARSim and the hybrid platform, e.g., INS, GPS
and Range Scanner sensors (see Fig. 8), whose sensing data
can be easily obtained from the return messages from
Unreal.
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Fig. 7. Hybrid closed-loop control in a simulated UAV.

Among these sensors, vision-based sensors have attrac-
ted more attentions, e.g., (stereo/omni) camera. In LabView,
we can simulate camera feedback by embedding the Unreal
Client into the user interface (via calling Window API/
ActiveX component), directly capturing Unreal Client, or
using the image server (UPIS) to get camera pictures. The
communication mechanism between image server and
LabView is similar to what is introduced in Sec. 2.1 of
Ref. 83 with a different port. For Matlab implementation,
the Machine Vision Toolbox'%? together with the Camera
Calibration Toolbox is used.'”® Based on the latest
OpenCV,'%* we can implement the efficient algorithm with
different view angle. We can also extend the current 2D
SLAM to 3D SLAM using VSLAM, PTAM or RGBD-SLAM
algorithms through ROS (robot operating system).'’> Using
our recently developed depth sensor, we can simulate the
behavior of Kinect. Currently, we are actively developing the
radar, ladar/lidar and multi-mode camera (e.g., night mode).

MOtion Detector H GPS ‘ ‘ Sound ‘ ‘ RFID ‘ ‘ Encoder ‘

@ MU |—[Sensor || odometer | \)
‘?
‘Range ‘ ‘Camera ‘ w VIS|on

Stereo | Omni

Depth

Fig. 8. The sensor structure.

4.2.4. Environment maps

Both indoor and outdoor environments are created to
satisfy different requirements. Besides the maps of NTU
Sensor Network Lab (indoor), NTU Student Recreation
Centre and the sketch map of NTU,®® we also build several
maps in UDK, e.g, the urban and rural environments, as
shown in Fig. 9.

Note that it is not easy to develop a high quality and
large scale virtual world in Unreal, although there exist
some tools, e.g., the one based on 0SG & OpenFlight'°® and
the World Generator tool.'°” To build vivid environments,
we can further apply Google SketchUp,'°® CityEngine'’? or
Urban Pad,''” and create some scripts to export t3d files
such that some building models can be imported into UDK
via the aid of 3DS Max. Meanwhile, the GIS data from
OpenStreetMap.org is also useful for a fast prototype of the
real environments.

4.3. Network simulation

USARSim’s simple wireless simulator named Wireless
Simulation Server (WSS) captures some constraints of
wireless communication, e.g., limited range and multi-hop
routing,"'! however, it is not suitable if the network per-
formance is a critical research objective. In our current
implementation with LabView, we have coded some
parallel wireless modules based on some mathematical
formulations.

In order to model the complex behaviors of the net-
works, we apply OMNet++''? together with MiXiM, which
provides the infrastructure of wireless communication
network. We develop two different approaches to fully use
the functionality of OMNet++ so that some critical perform-
ance indexes, such as the package drop rate, transmission
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Fig. 9. Environment simulation.

delay and data rate, can be analyzed. One is to use the
mixed socket programming between Labview/Matlab and
OMNet++. The other uses C++ socket programming in
OMNet++ to control the Unreal directly. The most important
consideration is the synchronization of the various inde-
pendent modules into one coherent unit which can function
efficiently. This is achieved by the synchronization timer
and the blocking nature of the sockets. Note that for
Matlab/Simulink interface, an alternative option is the
Simulink-based toolbox TrueTime''® or PiccSim.''* For
example, if using TrueTime, we can create duplicated agents
and run them simultaneously with UDK. There are two key
issues to be solved. Besides synchronization, we also need
to extend the tool from 2D to 3D.

4.3.1. Mixed approach with socket synchronization

In this implementation, both the client and the server are
implemented in C++, and LabView acts as the mediator.
Figure 10 illustrates the main idea, where UAVs commu-
nicate with each other through wireless networks. The main
components of UAVs in OMNet++ sides are the communi-
cation modules. Upon initialization, UAV clients in LabView
send requests to establish connection with the relevant UAV
servers in OMNet++. Once this connection is established
data starts flowing between the two systems. Whenever a
UAV needs its neighbors’ information, a command is sent to
OMNet++. The corresponding UAV in OMNet++ then com-
municates with the neighbor UAVs through the simulated
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Fig. 10. Network structure of the simulator.

network and gets the required information. With this in-
formation in hand, a connection request is now sent by
the OMNet++ client to connect the LabView server. Once
accepted, the required information is transferred to Lab-
View through the socket connection. Meanwhile, if the state
information in LabView is updated, an “update” command
is also sent to OMNet++ to update the corresponding UAV’s
state in OMNet++. Note that the design of OMNet++ socket
and the detailed flowchart for message exchanges can be
found in Ref. 101. In the simulation, we can maintain the
socket connection throughout the duration of the execution,
which partially removes the overheads due to multiple
connection cycles as well as the possible de-synchronization
problem. However, such a connection may result in energy
waste and security problem for the physical systems.

4.3.2. OMNet++ socket control

In this implementation, Omnet++ acts as the client con-
nected to Unreal server directly to establish a channel
through which these socket commands are sent to control
the motion of the UAVs. The significance of this im-
plementation lies in the fact that it eliminates LabView as
the mediator and hence reduces overheads. However,
the control algorithm should be implemented in C++ too.
Most work is carried out in the application layer. The
mobility layer was also used in order to simulate the
movements of the UAVs. The timeline of each node is divi-
ded into time zones which are used for synchronization.
A workflow on how to implement formation control is
shown in Ref. 101.

4.4. Applications in cooperative control

The simulator has been applied in several projects since
2009.%% Besides the applications in Refs. 83 and 101,
several examples in cooperative control are presented to
illustrate the usage of the simulator.
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4.4.1. Cooperative formation control

and coverage control

Formation control and coverage control are widely applied
in outdoor search and exploration for improved performance.
We have implemented several formation scenarios,®*!0!
where the formation algorithm introduced in Ref. 115 is
applied. Some simple obstacleavoidance algorithms are also
integrated in order to avoid the collision with the buildings as
shown in Fig. 11.

Distributed coverage control using multiple UAVs often
involves problems of three types: target (point) coverage,
barrier (curve) coverage and area (surface) coverage. In the
example displayed in Fig. 11 we show an area coverage
scenario within a 500 m x 500 m area using the generalized
locational optimization approach.”?

4.4.2. Cooperative search and exploration

We give two examples here. One uses a modified cooperative
A* algorithm and the other applies the distributed search
algorithm introduced in Ref. 37. In the first example, two
UAVs are dynamically assigned to search targets at several
possible target positions and they are required to find the
actual target positions. They have range scanner sensors
to measure the distance between UAVs and obstacles.
Figure 12 shows the actual map of the indoor environment
and one scenario that a UAV finds the target. Figure 13
provides the UAV trajectories at different stages/time.

For the second example, two UAVs cooperatively search
two targets in a noisy environment with cars, trees, roads and
buildings. The target positions are unknown to UAVs,
although the UAVs have rough information about the en-
vironment, i.e., the rough size of the map. Each UAV is
equipped with a look-down camera with FOV of 45° and
hence has a partial view of the road as they fly around 10 m
high only. They also have a 180° scanner sensor. Once the
UAV detects a target through imaging processing, it is
required to hover over and track the target. Figures 14(b)—
14(d) shows three different situations when the position of
Target 1 is different. In Fig. 14(b), the target is on the way of
UAV1’s first round flying path. So the UAV1 can detect it very
quickly. In Fig. 14(c), UAV1 spends more time to look around.
In Fig. 14(d), Target 1 is actually not on the road. Hence the
UAV1 will search the whole road and try to locate the target.

5. Future Challenges and Remaining Work

Although lots of research efforts have been made in addres-
sing the issues in this area, fully implementable out-door
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formation control with constraints: fixed-wing UAVs

Fig. 11.

robotic systems are seldom evidenced at current stage.
Some of the major barriers obstructing the application of
multi-robot networks are limited wireless communication
bandwidth, unpredictable control interferences and low
positioning accuracy for fast moving agents, etc. Great
challenges remain and a lot more efforts are to be made in
tackling these issues.

5.1. Topology control

Topology control should be incorporated into the colla-
borative control for efficient and robust communication,

Fig. 12.

coverage control in an urban environment

Formation control and coverage control.

after a basic connectivity is maintained.
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Connection Maintenance.”” In order to get an efficient
connectivity maintenance algorithm, we can integrate
a certain distributed topology control algorithm with
necessary modifications, e.g., LINT (local information no
topology), LILT (local information link-state topology)
or CBTC (cone-based topology control),"'®''” into the
search and exploration algorithm, which could be much
less conservative than existing approaches. Note that the
static topology control algorithms, such as local minimal
spanning tree and R&M,"'®''” cannot be applied here
due to the huge communication load and constructive
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inefficiency. Regarding switching topologies and other
events (e.g., failure of UAVs, human interference), the
discrete-event system approach’'® and triggered control
technique can be applied. In addition, we can solve the
so-called complete coverage problem by using a switched
control mechanism. Regarding the real-time collision
avoidance, the augmented Lagrange multiplier method
may perform better than the penalty function approach.
Furthermore, the topology control algorithms can be used
to relax potential design conservatism with multi-hop
consideration.

e Efficient Routing. It is reasonable to use a joint algo-
rithmic and queueing approach to design the collabora-
tive search algorithm to optimize the service time (e.g.,
response time and wait time).!'® It is not a simple
extension of traveling salesman problem (TSP) for graph
theory. Instead, it is a combination of queueing theory,
combination algorithm and stochastic geometry.

e K-connectivity and Robustness. The communication
robustness is a critical issue for robotic networks, while
K-connectivity is a good approach to address the pro-
blem. As pointed out in Sec. 3.2, most cooperative control
strategies lack the consideration of this issue, which,
however, degrades their applicability in a real network.
Different from the conventional topology control methods
that satisfy the K-connectivity requirement for a station-
ary network, it is much helpful to develop a method that
can be adapted to a network with switching topologies.

5.2. 3D Environment

It is not easy to use one map to describe the 3D environ-
ment and targets, although multiple dimension probability
may be useful for multiple target problems. Due to the
effect of LOS (line-of-sight), the coverage problem under 3D
building environments is significantly different from 2D
case. Currently, a lot of methods have not considered the
effect of LOS, which can in fact substantially influence the
sensing performance. An instinctive approach for an agent
is to fly around the buildings.'?>'*' However, the search
task would be quite challenging for coordination of multiple
agents. For example, the agents located around an obstacle
need to not only find the optimal position for detection,
but also tune their views properly such that the shadow
area blocked by the obstacle is minimized. In addition, the
obstacle avoidance (0OA) algorithm is more complex. In our
view, OA should be developed as an independent mode
running in a middleware at a relatively high frequency to
the other outer-loop control algorithm. For a nonconvex
region, existing methods generally lack of computational
efficiency. A recent approach is based on Lloyd algorithm
and TangentBug (a local path planner with obstacle

avoidance behavior).'?? An extremum seeking scheme may
be useful for unknown environments with an embedded
terrain analysis algorithm.

5.3. Communication cost saving

Due to the limited wireless communication bandwidth, only
the necessary data should be communicated and the “talk”
frequency should be as low as possible. Hence, generally
only updated information is sent to neighbors. However,
because of the communication delay, the map information
may not be correctly updated or estimated. Therefore, effi-
cient and robust algorithm should be designed to satisfy
this requirement.

5.4. Concurrent control

Most existing results assume that the individual systems are
executed serially, i.e., sequentially with no overlap in time.
Hence, no concurrent update exists. However, if concurrent
updates with interleaving operations are allowed in an
uncontrolled manner, some unexpected, undesirable results
may occur. Some typical examples can be found in practical
systems. For instance, the system A updates its state at time
k, while using its neighbor B’s state at time k — 1 (the dirty/
delay read problem). However, at that time, B’s state actu-
ally changes, which can potentially affect the connectivity
(the lost update problem). Most time-critical systems need
to run transactions concurrently to meet their performance
requirements. Thus, without concurrency control such
systems can neither provide correct results nor maintain
their state consistently.

5.5. Time constraint

The time issue is often indirectly studied by considering the
traveling distance problem. Basically, we need to minimize
the time cost for the search task. Without the full global
information, the optimal solution seems to be impossible.
Some results, e.g,, Refs. 123—125, use the time as an ob-
jective function directly. It may be feasible to consider the
multiple objective optimization. A relevant problem is the
finite-time coverage problem, i.e., the convergence of the
gradient flow is finite time."*°

5.6. Nonholonomic system
Most existing results are based on holonomic systems, i.e.,

the number of independent control inputs is the same as
that of the controlled independent state variables, although
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many physical systems are actually nonholonomic. There
are several methods to solve this problem including

o Trajectory generation method. One of the best references
may be Ref. 127. This approach requires some way points
first and then generates the corresponding robot trajec-
tories along these points under the dynamics constraints
of robot. It is relatively easy to be applied with limited
capability.

o Adaptive control. The main idea is to find a proper Lya-
punov function to fit the robot dynamics.'*® Although it is
generally arduous to find such a Lyapunov function for a
complex system, there are some patterns for Dubin-car-like
systems. When considering the reaction to the environ-
ment, game-theoretic framework may be applied too.'’

e Linearization transformation with additional constraints.
This approach uses some nonlinear transformation to
convert a nonholonomic system into a holonomic-like
system with additional input/state constraints.

5.7. Simultaneous localization and tracking

In reality, a localization technique is often required to obtain
the target’s position. When the “global” positioning infor-
mation is unavailable, even the robot should estimate its
own position. The source used for localization may be
vision, bearing/strength signal, etc. The question is how to
incorporate the localization techniques into search and
tracking problem seamlessly. Under the assumption of full
connectivity/communication, it is possible to freely choose
different formation of UAVs for better localization of the
target. Another interesting problem is to localize the robots
themselves by exchanging bearing/distance information (it
would be difficult if only bearing information is available),
thus they may form a certain shape during flying.

6. Conclusion

This paper presented a review on recent research deve-
lopments in the field of cooperative control of robotic
networks for environmental search and exploration. Four
fundamental modules in the closed-loop control strategies
were defined based on their functions which constitute
the overall searching process. Then, different methods and
algorithms were introduced and compared following the
classification of the modules. Simulator and experiment
implementations on our laboratory platform were demon-
strated. Challenges and interesting directions for future
research and development of robotic networks in this area
were also highlighted.
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