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Featured Application: CONCERTS is aimed at Search and Rescue and related applications in
urban and indoor environments where mission completion time is critical.

Abstract: This paper proposes CONCERTS: Coverage competency-based target search, a failure-
resilient path-planning algorithm for heterogeneous robot teams performing target searches for static
targets in indoor and outdoor environments. This work aims to improve search completion time for
realistic scenarios such as search and rescue or surveillance, while maintaining the computational
speed required to perform online re-planning in scenarios when teammates fail. To provide high-
quality candidate paths to an information-theoretic utility function, we split the sample generation
process into two steps, namely Heterogeneous Clustering (H-Clustering) and multiple Traveling
Salesman Problems (TSP). The H-Clustering step generates plans that maximize the coverage potential
of each team member, while the TSP step creates optimal sample paths. In situations without prior
target information, we compare our method against a state-of-the-art algorithm for multi-robot
Coverage Path Planning and show a 9% advantage in total mission time. Additionally, we perform
experiments to demonstrate that our algorithm can take advantage of prior target information when
it is available. The proposed method provides resilience in the event of single or multiple teammate
failure by recomputing global team plans online. Finally, we present simulations and deploy real
hardware for search to show that the generated plans are sufficient for executing realistic missions.

Keywords: multi-robot systems; target search; multi-robot search; coverage path planning;
exploration

1. Introduction

This article tackles the problem of path planning and execution of multi-robot search
for a static target in urban and indoor environments with teams of heterogeneous robots. In
particular, the problem of an efficient search for a static target has a variety of applications
related to exploration and Coverage Path Planning (CPP). Search, exploration, and CPP
have received attention from the robotics community for a long time to equip robots with
the skills to quickly generate high-quality path plans for several tasks requiring the robot’s
field of view inspect a region or a portion of a region. These skills are critical to a variety
of important real-world tasks including map building [1-4], cleaning/covering indoor
areas [5,6], security, surveillance and information gathering [7-10], and reconnaissance or
search and rescue [11-13].

In traditional CPP, a robot or a team of robots must find the optimal paths such that
the sensor footprint, or Field of View (FoV), passes over the entire region or search polygon.
A common strategy for CPP and exploration is to find informative next viewpoints or
paths using sampling-based approaches to discover unseen regions of the map within
some defined search polygon. Static target search is a variation on Coverage Path Planning
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(CPP) or Exploration, depending on map knowledge, in which the searching agent(s) must
additionally detect some predefined target. This manuscript relates closely to the former,
where static map information is known a priori. Prior information about the target may
also be given. In situations without prior knowledge of the target (i.e., the target prior
is a uniform distribution over the search region), we posit that search for a static target
and CPP are similar. The team must generate plans optimally to have the FoV, or sensor
footprint, cover the entire region of interest. This is the baseline scenario for our simulation
and hardware experiments, wherein the target prediction model is uniform over unseen
space. In other scenarios, the team may be provided with prior information, for example to
search near buildings first in a Search and Rescue (SAR) mission while attempting to help
injured people or to leverage the most recent sensor data from a missing team member to
determine where on the map they may be lost.

The purpose of this manuscript is to further improve coverage and search speed for
situations when the mission completion time is critical, for example SAR or surveillance.
We propose an algorithm for generating efficient paths for heterogeneous robot teams,
which attempts to maximize the utility of each team member to complete the search in
minimum time.

An overview of the path-generation algorithm is given by Figure 1.

(c) Heterogeneous Clustering (d) Path Planning

Figure 1. Four steps to generate a path for each agent. (a) Given a static map, a search region can be
defined using a set of boundary points. (b) CONCERTS uses cell decomposition to generate a set
of waypoints, which, if visited, provide full sensor coverage over the high entropy regions. (c) We
perform a weighted clustering over all waypoints and assign sub-regions (clusters) to each agent
based on their coverage competency. (d) The next step solves instances of the single agent TSP [14] to
provide high-quality candidate paths to the utility function. The utility function selects a direction
along the TSP solution to maximize team information gain.

By uniquely combining an H-Clustering step with a TSP step, CONCERTS generates
high-quality sample paths for the information-theoretic utility function. We propose a
measure of heterogeneity, or coverage competency , which is a score based on the individual
robot’s FoV size and movement speed. The H-Clustering step takes advantage of coverage
competency and distributes waypoints to each robot to ensure they are assigned a search
region that represents their coverage skill with respect to their teammates. We also provide
a new metric, Waypoint Allocation Factor (WAF), to measure how evenly waypoints are
divided among agents based on their coverage competency score. We demonstrate our
algorithm has linear complexity with respect to the number of teammates and provide a
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complexity analysis. Furthermore, it is shown that CONCERTS is not only resilient to robot
failure by re-planning online to re-assign the failed robot’s search region, but also flexible
to use prior knowledge of target information.

Finally, we perform indoor experiments with three heterogeneous robots to validate
our algorithm’s performance in the real world.

Overall, we present CONCERTS (see Algorithm 1 and Figure 1), an algorithm for
heterogeneous robot teams capable of efficient target search. Our contributions are summa-
rized as follows:

*  We propose a novel method for sample path generation that uniquely combines H-
Clustering for waypoint assignment and TSP for optimal path generation to provide
an information-theoretic utility function with high-quality candidates for minimizing
search time while maintaining online planning speed.

*  We propose the metrics coverage competency and Waypoint Allocation Factor (WAF) to
capture an agent’s coverage ability to distribute regions equitably and improve search
time.

¢ We propose a new Heterogeneous Clustering (H-Clustering) algorithm that leverages
coverage competency to efficiently assign search regions to each member of the team
and validate that it results in an average of 25% reduction in search time.

*  CONCERTS is robust to team-member failure and re-plans online by monitoring team
progress to guarantee the proposed algorithm always provides paths for complete
coverage after the mission starts.

*  We show that our method outperforms a state-of-the-art CPP algorithm [7] by 9% in
coverage completion time. In situations without prior target information, CONCERTS
is a CPP algorithm if not terminated upon target object detection.

e  We deploy CONCERTS with a team comprised of two quadrupedal and one mobile
robot on the floor of a university building to demonstrate that they can find the target
rapidly.

This paper is organized as follows. Section 2 discusses related works. In Section 3,
we give background formulations. In Section 4, we formally introduce our problem and
describe our methods. In Section 5, we present our experiments with discussion and finally
Section 6 concludes our work.

Algorithm 1 Multi-Agent Search()

Input: M, u, SR

Entropy Map, Robot Pose, Coverage Competency
Output: P* = {pj,p3,...,pN} (A set of paths)

W < ExtractionUnknownRegions()

C = HeterogenousClustering(WV)

forn < 1to N do > for each cluster ¢, in C
rn = TravelingSalesmanProblem(cy)

end for

forn < 1to N do > for each agent
Pn = SamplingPaths(ry,)
fork < 1to |py| do > | Jn|: number of candidate paths

U(pk) = 1G(pk) — c(p¥) > pk: k-th candidate for n-th agent, Equation (8)

end for
pi = pk < U(ph) > Get the best path
P*(n) = p;, > Save the best path for n-th agent

end for

return P*

2. Related Works

For decades, CPP has received great attention for its relevance in navigation tasks.
Early solutions offered an offline planner given a static map. A traditional method is to
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decompose the coverage region into cells using Boustrophedon decomposition [15]. We
employ a similar cell decomposition to generate the set of waypoints for complete coverage.
A common strategy in this form of the problem is to break down the map and perform
simple back-and-forth behaviors. One alternative to such behavior is to generate the set
of points to visit and solve a Traveling Salesman Problem (TSP) for optimal visitation
order [6,11]. Ref. [16] instead finds the optimal order of visitation using mixed-integer
linear programming.

There are also several geometric approaches [5,17], which typically give global guar-
antees with respect to distance traveled during execution. However, such methods often
make assumptions about perfect omni-directional sensing. Traditional methods for path
planning are insufficient, however, when the goal is to operate in an online fashion to
handle robot failure or dynamic environments.

Sampling-based approaches are popular in mapping and exploration [2—4,9,18]. Such
methods account for sensor noise and environment complexity. Early work used
frontiers [19] to explore spaces. Frontiers are the boundaries between explored and un-
explored regions of the search polygon. The critical factor in information-theoretic-based
strategies [20,21] is how to generate subsequent observation paths; i.e., how to provide
quality candidates to the utility function. Early work [2] uses a laser range scanner to map
a previously unknown small environment. In [3,4], the authors leverage a utility function
based on Cauchy-Schwartz quadratic mutual information to more efficiently generate plans
to map 3D spaces. Ref. [9] proposes three planning structures for information-gathering
missions such as signal monitoring. Ref. [18] focuses on mission speed with MAVs by
taking a hybrid approach to frontier and sampling-based exploration strategies.

Ref. [7] addresses the problem of scalable CPP by efficiently generating path plans
with up to 150 agents in non-convex areas. The authors propose the robot team conducts
auction and conflict resolution steps to determine the region of space they will cover. We
benchmark our method against this path planner, which is state of the art in terms of
coverage completion time. Our method features agent autonomy for search execution, a
target prediction model, and automatic re-planning; however, when the target is static,
the path-planning algorithm is equivalently a CPP problem, and therefore we use [7] as a
state-of-the-art comparison in terms of mission completion time (see Table 1).

Table 1. Comparative Test.

Method Completion Time (s)
Guastella’s 3591.8 + 0.00
SCoPP 196.53 + 14.53
CONCERTS (ours) 180.22 4+ 21.23

There is an abundance of real-time algorithms for multi-robot teams in coverage
and exploration tasks. Studies have emphasized resilience to robot failure [22-24], man-
agement of energy [25-27] or communications [28-30] constraints, and heterogeneous
teaming [20,31]. Ref. [26] also considers an information-gathering mission; however, their
future work indicates increasing to # agents. Ref. [27] performs search and exploration with
UAVs, which are limited in both communication and battery life. They use a state machine
to help team members decide between exploring, meeting, sacrificing and relaying. They
leverage a frontier-based method. In [28], they consider a model of communication strength
between the agents and a central control strategy, and cleverly use a serial connection of
the robots to maximize their exploration area. Instead of constraining the team to constant
connectivity, [30] proposes a method of periodic communications at fixed intervals to
update the full team. In [13], an algorithm for solving Multi-robot Efficient Search Path
Planning (MESPP) for finding a non-adversarial moving target is proposed. This method
provides theoretical bounds on search performance. However, it only scales up to five
agents and does not provide resilience to robot failure.
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CONCERTS provides a significant boost in efficiency when compared with the authors’
previous work [20], which used a greedy sampling-based planner that resulted in overlap-
ping and inefficient paths. The purpose of this manuscript is to improve completion time in
multi-robot coverage and search tasks while maintaining online performance and achieving
robustness to agent failure—a common scenario during real robot deployment. Reducing
search time is critical for SAR or similar applications wherein small improvements in
response time may make significant differences for the search target. The proposed method
achieves this in three ways. First, by leveraging H-Clustering, each agent is assigned an
appropriately sized search region that reflects the team heterogeneity. Second, the proposed
method delivers high-quality candidate paths to the information-theoretic utility function
using the solution to a TSP in two directions along the assigned waypoints as sample
paths, as discussed further in Section 4.4. Finally, by incorporating each agent’s TSP-based
sample paths into a single information-theoretic utility function, final paths are selected
as to minimize FoV overlap of agents to search areas faster. Furthermore, the proposed
method manages this process while also maintaining robustness to agent failure.

3. Background
3.1. Target Estimation: Bayesian Filtering

We use Bayesian inference to recursively estimate target state x through sequential
observations from each of n agents, y'*"" in a probabilistic manner. This inference model
aims to predict the posterior distribution of target position at time k, namely p(xy). Bayesian
filtering uses a prediction stage and a correction stage with incoming sensing information.
Assuming that the prior distribution p(x;_1) is available at time k — 1, the prediction step
attempts to estimate P(x; |y} ) from previous observations as follows.

plalylit) = [ pCalv PG alyli o, M)

where p(xi|x;_1) is the target’s motion model based on a first-order Markov process. Then,
when the measurement yi”’ is available, the estimated state can be updated as

Py |1xe) p(xelyig—q)

plxdlye™) =
¢ Py lvik—1)

@

where p(y}"|yid ) = [ pyE"|xe) p(xelyt™ )dxe and p(yi"|x,) is a sensing model for a
multi-agent system that can also be decomposed to i-th agent’s sensing model p(y'|x).
For the correction stage, the measurements of all agents are used to modify the prior
estimate, leading to the target belief. If a static target is assumed, the target prediction
can be described as p(xg|xx_1) = N (x¢_1; X, X), only containing a noise term with the
previous target state.

3.2. Entropy Map (Search Map)

The entropy map is updated using sensor data of each robot at each instance. The
exploration begins under the assumption that the target exists in the search region. We use
a 2D occupancy grid map representation in which the search region is discretized into cells.
Each cell is assigned a probability of occupancy from 0 to 1. Cells with the value 0 are free
space, 0.5 are unknown and 1 are occupied. Local sensor measurements from each agent
are used to maintain a local 2D occupancy map, representing its FoV. Entropy map cells
are initialized as unknown (i.e., assigned the value 0.5) except those that are known to be
occupied by static obstacles. The entropy map M is constructed by cells with a type O, U, F
which represent occupied, unknown and free space, respectively. A cell’s occupancy status
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is used to measure the uncertainty of the target over the total search space (i.e., the map
entropy). Entropy is defined here as

H(My) = — ) (milog(mi) + (1 — mi)log(1 — mij)) ®)

M=

I
—

1

where ! is the occupancy variable at time step t and N denotes the total number of cells.
The search map is maintained in this way.

3.3. Target Prediction

In some scenarios, prior information about the target is given and is incorporated into
the entropy map using the target prediction model. This prediction model is based on
information that can be obtained in advance. For example, in a rescue mission, it might
be useful to take advantage of the fact that people are more likely to be near collapsed
buildings or the place where the accident occurred. If, on the other hand, a team of robots
is searching for a lost robot, it may be useful to consider that teammate’s last known
sensor information to determine candidate locations on the map. In this study, the above
situations are called context, c. Context is used to estimate the target’s location. A Gaussian
Mixture Model (GMM) is constructed with a finite number of contexts N, at time k using
the following equation

Nc

p(xelex) = Y p(xelci)p 2”1 (x[pi, Z) 4)

i=1

where 71;, y; and X; are a mixing coefficient, mean vector, and covariance, respectively,
for the i-th distribution. Each component’s density is a 2D Gaussian function of the form
as following.

G(xui,Zi)zmlezexv[ 1( — i)' (X*Vz)} ®)

A particle filter is employed to implement the prediction model. If one considers the
former scenario of searching near buildings after a disaster, a scene may have more than
one building. Then, there exist multiple i values representing each collapsed building.

4. Methods

In this section, we detail CONCERTS, a cooperative multi-agent target search algo-
rithm for solving the problem setting described above.

4.1. Overall Framework
Our search, presented in Algorithm 1 and described in Figure 1, is as follows:

Update entropy map using Bayesian filtering;

Generate waypoints from entropy map (Algorithms 2 and Al);

Perform Heterogeneous Clustering using coverage competency (Algorithm 3);
Solve the Traveling Salesman Problem over clustered waypoints for each agent;
Select optimal paths using an information-theoretic approach;

If re-plan conditions are met, repeat steps (2)-(5).

oG W=
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Algorithm 2 WaypointGeneration()

Input: M, pos
Output: W = {wq, w>, ..., w, } Waypoint Set
queuey <— O
W+ O
Initialize Visited[M,,—5] = False
co ~ M,,—o5 take the unknown cell
Engqueue(queuey, co)
Visited|co] = True
while gueuey, is not empty() do
¢ < DEQUEUE (queuey,)
for n. < neighborhood(c) do
if M[n.] = 0.5 and Visited[n;| = False then
w, Visited, I, <— GetWaypoint(M, n., Visited)
W.append(w)
Enqueue(queuey,, 1)
else if Visited[n;] = False then
Enqueue(queuey,, nc)
Visited[n.] = True
end if
end for
end while
return W (Waypoint Set)

> (Entropy Map, Current Pose)

> insert cg into queue,,

> pop from queuey,
> 4-adjacent cells
> M{[n|: occupancy value at 71,

Algorithm 3 HeterogeneousClustering()

Input: W, u1.4, SR1.p = {11, .., n } (normalized)

(Waypoints, Centroids(Robot Poses), Sensing Capabilities)

Output: A Partition C = {Cy,Cy,...,Cy}
cost— =0
Initiallize <
repeat

Ci = {w; : mida(wj, i) < ypdda(wj, py) forallh =1,.

.., n}

> assign all datapoints to the nearest cluster

I’l - |C1'7 Z‘LU]‘ECZ‘ w]
cost = Yy Ywec, |[7jd2(w, ;)|
Acost = |cost — cost™ |
if Acost < € then
C+C
break
end if
cost™ < cost
until MAXLOOP
return C

> update centroids if required

4.2. Waypoint Generation

Under the premise that we are given static map information a priori, the entropy map
can be used to identify unexplored areas. Algorithm 2 generates a set of waypoints that
divide these unexplored portions of the search polygon according to the size of the smallest
FoV. Assuming a square-shaped FoV, the number of cells corresponding to the FoV at each
moment can be calculated using map resolution. For example, for a square FoV with a
sensing range of 5 meters, 100 cells should be collected if the map resolution is 0.5.

Waypoints are found based on the number of cells inside the smallest FoV. Regions of
the same number of cells in the map are formed and then waypoints are found by taking
the average position of each cell in those regions. However, all cells assigned to a waypoint



Appl. Sci. 2022, 12, 8649

8 of 19

should be covered by the robot footprint when any team member visits that waypoint (i.e.,
complete coverage is performed if all waypoints are visited). To this end, when we collect
cells to generate waypoints, we restrict those cells which are within the FoV maximum
range and exclude those which are further away.

The output of the waypoint-generation algorithm is depicted in Figure 1b.

4.3. Heterogeneous Clustering

CONCERTS treats the waypoint assignment problem as a clustering problem. Tradi-
tional clustering methods partition a set of data into a predefined number of subgroups, K,
to minimize the sum of the distance squared between each data point and the centroid of
each cluster. These methods use unsupervised learning to determine cluster centroids. In
H-Clustering, K is equal to the number of teammates and cluster centroids are the positions
of each member of the team.

Then nearest neighbors are computed based on square distance to each centroid and
incorporate each robot’s coverage competency.

This formulation is flexible to various initial configurations because clusters are cen-
tered about robot initial position. When the robots are evenly distributed in the search
region, computed waypoints will easily be distributed among the K agents. However, some
situations arise in which robots start next to one another. If two agents with competency
gaps begin next to each other, then all the nearby points will be assigned to the more
competent teammate. To avoid this situation with only K’ clusters, we compute K — K’
new clusters when any agent is assigned fewer than some predefined minimum number of
waypoints.

In addition, nearby agents are given a new centroid. After clustering, we obtain the
waypoints assigned to each agent (centroid) in C.

Let W = {wy,wy, ..., wy} where w; is i-th waypoint extracted from the search map
(Algorithm 2) and let C = {cy,..., ¢} be a set of K centroids, which correspond to the
location of the agents. Suppose K’ (K’ < K) centroids are given as a constraint. The goal
is to obtain the remaining number (K — K’) of centroids and to assign each point to the
nearest centroid such that sum of weighted 2D Euclidean distance is minimized as follows.

K
min Y Y |lnja(w,))| ©)

K1 K ] e

where 77;d5 (-, ) is the weighted distance, which reflects the j-th robot’s sensing capability

using the normalized coefficient 7; and da(p,q) = /(g1 — p1)? + (92 — p2)? denotes 2D
Euclidean distance between two arbitrary points, p and g. We define coverage competency as
_ S Rmin _ . .

= SiRj' where SR = sensing range X moving speed (7)
where SR; is the sensing capacity of j-th agent and SR, is the minimum value of robot
teams, which is the product of a moving speed and sensing range of agent j. Because
we normalize this coefficient with SR,;;,, the minimum value of sensing capacity among
all agents, we can use it to consider the relative proximity between centroids and points.
In this way, we ensure that robots that are fast or have a large FoV are allocated more
waypoints than robots that are not.

4.4. Path Selection

After constructing and assigning a cluster of waypoints to each robot, we solve an
instance of the Traveling Salesman Problem (TSP) separately for each agent in parallel
using the Genetic Algorithm for solving TSP [14]. The TSP provides the optimal waypoint
visitation order with a starting and ending point at the cluster’s centroid (i.e., the robot’s
initial position). This optimal visitation order, however, is computed for each agent inde-
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pendently and therefore does not consider the effects of the team. Instead of simply using
the TSP solution for each agent, we consider that there are two possible directions along the
solution. These two directions are the sample paths we supply to the information-theoretic
utility function (see Figure 2). This approach provides better samples to the utility function
than may be generated by traditional or frontier-based methods. Next, the utility function
considers the sample paths for each team member sequentially and therefore ensures that
the team will choose paths that minimize overlap and maximize the new area searched.
By combining the TSP with the information-theoretic utility function, we have optimized
each agent’s individual path within their assigned cluster while also allowing the final path
selection to consider the full team effort.

Figure 2. Sampling paths along the TSP trajectory to calculate the Expected information gain. The
three agents each have two candidate paths, A and B. The stars represent robot initial position, shaded
rectangles denote the FoV of each agent at points along the path and the arrows represent the robot
path from its initial position. If Agent 1 (red) selects path B, then Agent 2 (blue) will choose path A to
reduce overlap and increase IG. It can be seen that Agent 2 in blue has a larger FoV and a higher
coverage competency, and therefore covers a larger region than Agent 3 in green.

We use an A* planner to generate obstacle-free paths and use B-spline to obtain the
spline function of it (parameterization). Then we re-parameterize them with respect to the
agent’s moving speed using a set of sampled points along the path. This re-parameterization
normalizes the process and ensures that the horizon is equivalent for each robot, regardless
of movement speed and FoV size. Using this approach, we compute the information gain,
denoted as IG(s), with the following equation:

Ns
IG(s) = Y_ H(FOV(s'))
i=1
N [ Ng ©)

= Zl Z% [mj log(m;;) + (1 —m;;)log(1 —mj)]
i=1[j=

where s’ denotes the i-th sampled point and m is a random variable representing occupancy,
while Ng and N, are the number of sampling points and the number of grid cells in the FoV
given the sampled points, respectively. Thus, The IG(s) is calculated by summing over
the FoV regions defined by sampled points through the path. The overall expected utility,
E[U], is then computed for the full team as
n
E[U(xly',y?, - y")] = 1 (IG(si) —c(si)) ©

i

where c(s;) denotes the traveling cost (traveling distance) to move along the path s;.
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4.5. Re-Planning

The central server monitors team progress to determine when online re-planning is
necessary. When a team member fails, finishes their given set of waypoints, or is given
new target information, it is desirable to perform re-planning. When a preset percentage of
the team covers their region, we generate a new set of waypoints over the full unexplored
search map and perform the full process again. This enables the team to continuously
search with all its resources. Similarly, if new target information is provided, then re-
planning should occur to ensure that the new regions of high entropy are explored with
high priority to find the target. On the other hand, re-planning is initialized if a robot loses
communication with the server or fails to move for an extended period of time. When
re-planning occurs, the process resets to waypoint generation (step (2) in Section 4.1) to
ensure that the team will robustly complete a search of the entire region until the target
is found. The scenario of teammate failure is depicted in Figure 3. Explicitly, re-planning
conditions are the following;:

*  Robot failure (stopped operating or lost communication);
*  New target information is acquired;
*  Predefined percentage of team completes their search over given waypoints.

By re-planning on these conditions, the proposed method is robust to failure and
ensures complete area search, even in situations when only one agent avoids failure.
Furthermore, by re-planning upon completion of some teammates, the method avoids
wasting resources.

PSS ST || ST )
Sy Y (Cpes
><\//*A7 /\/ " C' '. Fallure ><\’;A7 /\/ . EI N e 4‘. ><\/;A7 /\/
> N \//\ VL occured' % > \//D\ : 17, % > \//D\ L

Sk .

(a) (b) ()

Figure 3. Scenario with six agents. All paths are described in different colors and the effect of
coverage competency and H-Clustering is clear. Agent A has the highest competency score and
therefore has the largest search region while agent C has the smallest competency score and therefore
has the smallest region to cover. (a) Agent E (cyan) failure. Letters A-F are the starting position
of each of the 6 agents. (b) Re-planning step: Because the server has access to all robot plans, the
waypoints assigned to Agent E can be reassigned to nearby agents. Ellipses represent the assignment
of those waypoints to the agent of the same color. (¢) CONCERTS guarantees complete coverage by
solving a new TSP instance.

4.6. Waypoint Allocation Factor

We introduce a new metric called Waypoint Allocation Factor (WAF) to evaluate each
agent’s contribution of the search task according to the coverage competency. To compute
how evenly the area for coverage is allocated, we take a standard deviation of the total
swept area and divide by the coverage competency of the robot team. Specifically, we apply
the following equation:

WAF = Std(/\Aiﬂl‘) (10)

where A; denotes total swept area for agent i, 7; is the coverage competency , and A means
a normalizing constant. A value close to zero indicates that the waypoints were evenly
distributed among the team after competency considerations. We propose this metric to
effectively evaluate the area covered with explicit consideration of team heterogeneity.
Because it is a standard deviation, a value of 0 means that the search task was perfectly
assigned to account for the team heterogeneity.
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4.7. Computational Complexity

Computational efficiency is necessary to enable online planning even as the search
region and number of teammates increase. Here, we analyze the computational efficiency
of the proposed algorithm using the following parameters: number of grid cells N (map
size + resolution), number of trajectories to sample N;, and number of agents n. In detail,
the complexity of the waypoint-generation Algorithm 2 is O(Nj).

The clustering has time complexity O(inng,d) where i denotes a fixed maximum
number of iterations, n is the number of clusters and is equal to the number of agents,
1y is the number of waypoints generated, and d dimension of the data, where d is 2
in this setting. The complexity of the waypoint-generation method can be computed as
0 I\I]\; 3(’3 — and represents the worst case of decomposition (i.e., the search region is entirely
unknown and divided by the product of number of agents and the number of cells within
the smallest FoV, Np,v). The solution of the TSP with the genetic algorithm is of order
O(jngn?,) where j is the number of outer iterations of the genetic algorithm, ng is the
initial size of population, and 7y, is the number of waypoints. The sampling-based path
selection algorithm takes O(N; log N;) complexity. The resulting complexity of CONCERTS

is O(Ng + 2in g + njngn3, 2Ny log Ny).

5. Simulations, Experiments, and Results
5.1. Numerical Simulation Results

We present Python-based simulation results of our proposed approach to demonstrate
its scalability. Agent state is represented as s = [x, y, 6] and has two control inputs u = [v, w]
as per the equations of motion for a non-holonomic mobile agent. Variables x and y
represent Cartesian positions while 0 is yaw angle with respect to the same coordinate
frame. Variables v and w represent forward velocity and angular velocity in the local robot
frame. Each agent is equipped with a ray sensor which has a square FoV with limited
range. It is assumed that the search region and all static obstacles have a rectangular shape.
Obstacle positions are not known in advance. To achieve robust collision avoidance, we
use a dynamic window approach [32] to generate each agent’s control input. We tested
different initial conditions with a varying number of agents, and we show some example
scenarios with up to 50 agents in Figure 4.

-20

0 20 -200 -150 -100 50 0 50
x(m) x(m)

(a) (©)

Figure 4. Simulation results with a different number of agents in different size search regions. Agent
position is marked by a circle with crossed lines and each agent is given a matching path color. Black
rectangles are obstacles to be avoided by the agents. (a) 3-agent case (80 m x 80 m) (b) 10 agents
(160 m x 160 m) (c) 50 agents (400 m x 400 m).

5.2. Comparative Results

We benchmark CONCERTS against a state-of-the-art algorithm, SCoPP [7], an offline
CPP algorithm with the goal to minimize total coverage completion time with the results
shown in Table 1. For a fair comparison, the problem setting is the Python environment
with static map information given. CONCERTS is not given prior target information (i.e.,
uniform prior distribution of target location) and the search does not terminate until the
entire area has been explored. Furthermore, each trial uses the same number of agents, and
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all have the same skill level. The data in Table 1 is generated from 10 comparative trials
with 13 agents, as described in [7].

In such a setting, CONCERTS performs the same task as a CPP algorithm with the
goal of providing complete search as quickly as possible. In this setting, CONCERTS is
shown to outperform SCoPP by 9% in coverage completion time.

These results indicate that in scenarios where team heterogeneity cannot be exploited,
CONCERTS still is able to outperform a state-of-the-art method. This is a valid comparison
because search for a static target assumed to be in the environment has the same goal as
a CPP algorithm, i.e., in the worst case, to cover the entire region as quickly as possible.
Similar to SCoPP, our method scaled linearly with the number of agents and the slowest
step is the path-planning step. However, our method generates plans more quickly, and
experimental validation of online re-planning is provided. Finally, CONCERTS also is
scalable and is validated with up to 50 agents.

5.3. Gazebo-ROS Simulation

We validate our framework’s ability to transfer to robotic systems in human envi-
ronments with three high-fidelity Gazebo simulations. The implementation details can
be found in Figure 5. CONCERTS receives a static map, a search region, the number of
teammates and their initial positions. The search server manages the entropy map and
manages the path planning. Each agent is managed via ROS and receives a path before
executing the search. The first environment is a 10 m x 20 m simulation of an apartment
in the Anna Hiss Gymnasium Robotics Facility at The University of Texas. The second is
a 40 m x 50 m simulation of the area surrounding a home, and the final environment is a
100 m x 100 m town that has been struck by natural disaster. In the home outdoor envi-
ronment, the team performs robust search and initiates re-planning when one teammate
fails. This scenario is depicted in Figure 6. In (a), three agents begin the search and on the
left frame a top-down view of the map in Rviz is shown. Each of 3 agents is assigned a set
of waypoints in colors red, green and blue. Soon after starting, the blue agent fails, and
re-planning occurs to generate new waypoints and assign each agent to them. The new
clustering results are shown in in (b). Here, the yellow regions are those that have been
searched by the team. On the other hand, in the case of the disaster map, the team takes
advantage of prior target knowledge (see Figure 7). Figure 7a shows the visualization of
the four-robot search for an injured person. The team is searching for a missing person, and
it is given that the person is likely to be near a building. These contexts are represented as
particle filters, shown by the four red particle sets. This particle set represents a belief of
the target location and is updated based on the team sensor information using Equation (2).
When we use this prior information, our path planner is designed to visit waypoints close
to the target belief. As a result, as shown in Figure 7, it is shown that each first point of the
planned route is set as points near the building. The target location is given by the cyan
circles near the destroyed set of homes. Figure 7b shows a top-down view zoomed in over
the homes with the target location indicated in the Gazebo environment. In the case of
using such an initial guess, if the guess is correct, the target can be found early, but in the
opposite case, it may take a long time. Videos demonstrating these scenarios can be found
at the project website.
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Search Server

Entropy Map (Section 3.2) | ) Environ@ent

Initial Conditions

1. Static M Search Manager

. Static Maj

2. Sear: C;l Regﬁm —> Waypoint Generator (Section 4.2)
3. Team Size Heterogeneous Clustering(Section 4.3)|

TSP Solver (Section 4.4)

[ Path Selection (Section4.4) |

Figure 5. Block diagram detailing the implementation of the proposed method for simulation and real
robot experiments. CONCERTS generates the initial set of plans via the search server and ultimately
delivers a path to each agent. Each agent manages a full autonomy stack and performs search over

the environment.

(a) (b)

Figure 6. This figure depicts a side-by-side of the home outdoor environment with three-robot
searching. Yellow regions are those that have been covered by the agents. Dots in RGB represent the
waypoints assigned to each agent. In (a) the search begins with three agents. The blue agent fails
after a short time, then a re-planning step occurs. (b) depicts the results of the re-planning.

Target position

& &
(a)

(b)

Figure 7. The scenario with prior target information. Yellow regions are those that have been

covered by the agents. Colored dots and lines represent the waypoints and paths assigned to each
agent. Agent current position at that moment is marked by the white costmap ovelayed on the
yellow regions. (a) The Rviz interface of the four robots performing search. Red particles represent
contexts, or particle filters, to represent possible target locations. (b) A top-down view of the region
of destroyed homes where the target is found. The target location is given by the cyan circle in (a,b).

5.4. Effect of Coverage Competency

We validate the inclusion of coverage competency in the Gazebo-ROS simulation
environment and present our findings in Table 2. The table demonstrates that the inclusion
of coverage competency reduces search time by an average of 25% as shown in bold. The
results validate that we see a significant performance boost in our metric of interest when
coverage competency is considered. Each trial is set with different initial conditions to
demonstrate that including coverage competency outperforms in any general setting; how-
ever, for a fair comparison, identical initial conditions are considered for each individual
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trial with and without coverage competency . In all cases, it is confirmed that the search
time is significantly reduced by the H-Clustering step.

Table 2. Search Time (s) with and without coverage competency.

Map (# Robots) wlo CC WAF wee WAF
(Proposed)
Apartment (2) 124.8 +132 0.23 83.8 +22.4 0.07
Home
Outdoot (3) 72.8 + 85 0.31 58.1 + 12.4 0.12
Disaster (4) 2522 +21.2 0.37 189.8 + 29.6 0.18

Additionally, we investigate WAF to ensure that CONCERTS is effective at incorporat-
ing coverage competency. In Table 2, it is shown that WAF, as expected, is reduced with
the inclusion of coverage competency. WAF equal to zero indicates that the waypoints
were distributed perfectly with respect to coverage competency of the team. We note that
in Figure 8 that WAF slightly increases as the number of agents increases. This is expected
as a standard deviation, or WAF will tend to increase as the number of samples, or number
of agents, increases. Figure 8 displays WAF with and without consideration of coverage
competency during the H-Clustering stage. As expected, the WAF is lower, or the distribu-
tion is fairer, when agent heterogeneity is included. It is clear that regardless of the number
of agents, the WAF will be lower when coverage competency is considered and that the
overall mission time will be reduced. This implies that leveraging robot characteristics for
motion planning increases productivity from the perspective of the entire team.

Ultimately, these results indicate that, while CONCERTS outperforms than the state of
the art in area coverage with a homogeneous team, performance is further improved by
including coverage competency when the team is heterogeneous. WAF allows measure-
ment of the effectiveness of the inclusion of coverage competency, and it is clear based on
the results that by including the term that the efficiency of the search is improved. The
term validates the inclusion over 10 separate trials with randomized initial conditions,
suggesting that this is a general result.

0.6

0.5

0.44

0.3

0.24

Waypomnt Allocation Factor

0.14

2 3 5 10 25 50
Number of agents
Figure 8. We show analysis of the relationship of WAF and number of agents with and without
considering coverage competency in numerical simulations. In all cases, the blue dashed line, which
is the average value of WAF w/o CC, is larger than that of the case with CC. The box and whisker
plot represents the distribution over 10 trials when considering coverage competency and the black
line is the mean value.
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5.5. Real Robot Environment

The team is comprised of two Unitree Al quadrupeds with different sensor suites
and a Toyota HSR. One Al quadruped is equipped with a Velodyne Puck 3D LiDAR and
a RealSense D435. The other is equipped with a RPLidar A3 2D LiDAR and a Realsense
D435. Both quadrupeds have Intel NUC Mini PCs on board which communicate with the
robot hardware. The RPLidar A3 has a smaller FoV than the Velodyne Puck LiDAR and the
use of different sensors is to introduce heterogeneity within the team for two agents that
would otherwise have identical coverage competency scores. The HSR is equipped with
Hokuyo 2D LiDAR, RGB-D camera sensing and has an onboard Jetson TK1. All robots run
Episodic non-Markov Localization [33]. The central search server runs on a remote laptop,
and we use Robofleet [34] for efficient communication between the server and agents. The
search server receives pose and sensing information from each agent to compute potential
paths. Each agent decides the final path based on its own onboard path planner to avoid
un-mapped obstacles.

The search experiment is performed in the Aerospace Engineering Building at the
University of Texas at Austin while looking for a static volleyball. Figure 9a shows the
initial positions of the robot team members and corresponding waypoints. A snapshot of
the experiment is depicted in Figure 9b and actual paths are visualized in Figure 9c.

(©)

Figure 9. (a) Experimental validation for a three-robot search in the Aerospace Building fourth floor.

The red, green, and blue markers represent the clusters for each agent. (b) Mission completion with
Agent 2 converging to the target of interest. (a) yellow regions are those which have been explored,
while the white areas are regions of uncertainty. Target location is shown as a red box. The object
recognition is performed using the YOLO [35] algorithm to detect a target. (c) Trajectories of the robot
team are visualized in the map.

Figure 10 gives snapshots at five different moments during the three-robot search in
the Aerospace Engineering Building. The top row depicts the HSR, or Agent 1 in Figure 9.
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The second row is the A1 Quadruped with Velodyne Puck LiDAR and is Agent 2 in Figure 9.
This agent is the teammate that finds the target volleyball. Finally, the bottom row is the
other A1 Quadruped with the RPLidar A3 and is Agent 3 in Figure 9. The entire framework
is developed in ROS Melodic, and the search server is implemented using ROS actionlib
library. At initial planning or during re-planning, the search server generates a set of paths
for a robot team and then sends those to each agent (see Figure 5).

Video of experimental validation and simulations can be found at our project website
https:/ /sites.google.com/utexas.edu/concerts-coverage-competency /home (accessed 28
August 2022).

Experiments indicate that search performance is significantly impacted by the initial
setting. The main reason for this is that H-Clustering is computed using the initial positions
of the robots. For example, if the starting points of all robots are gathered, most waypoints
will be allocated to an agent has high coverage competency, leading to uneven distribution.
To overcome this undesirable situation, the proposed clustering algorithm flexibly tries
to find new centroids for certain agents as shown in the Equation (6). For example, we
use only one robot’s position as a fixed centroid for H-clustering out of three robots, and
clustering can be performed to find new centroids for the other two robots by setting
K = 3, K = 1. However, in this experiment, robots are distributed evenly throughout
the search region and, as a result, the distribution of waypoints neatly reflects coverage
competency scores.

(©)

Figure 10. Snapshots of three robot search experiments in the Aerospace Engineering Building.

(a) This row shows the HSR (Agent 1) at different instances performing its search for the target. (b) Al
with Velodyne Puck LiDAR (Agent 2) and in the final frame, it finds the target object (the last frame).
(c) The bottom row depicts the other Al with RPLidar (Agent 3) performing a search.

The proposed method has room for improvement using path planning with various
FoV shapes. In this manuscript, it is assumed that the FoV of each robot is square-shaped
based on a 360-degree laser scan. This assumption may not be suitable for a visual-based
target search task using a camera, which typically has a cone-shaped FoV. Therefore, search
efficiency can be further improved by considering the exact sensor FoV or by only updating
the entropy map according to the sensing source.

6. Conclusions

This article explores online search for a general heterogeneous multi-agent system.
First, we perform a clustering method which assigns some region of space to each agent
given their coverage competency then solves the TSP for each of those agents. We employ an
information-theoretic utility function for sampling-based optimization, which results in a
path for each of n agents.
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We perform baseline testing versus a state-of-the-art algorithm for CPP and verify
that our proposed method generates plans faster and results in a quicker overall area
coverage time by 9%. We then validate CONCERTS by deploying and executing search
in a high-fidelity Gazebo simulation of three different settings to demonstrate how our
method works with and without prior target information. Furthermore, we perform Gazebo
simulation tests to validate the inclusion of coverage competency for heterogeneous teams.
We observed that including coverage competency reduced search completion time by 25%.
In addition, as the number of team members of the robot increases, so does the impact of
including coverage competency . Specifically, when the team comprises 50 heterogeneous
robots then the impact of including coverage competency is doubled, as measured by
WAEF. The distribution of waypoints is two times closer to a perfect distribution than the
case without coverage competency . Finally, we demonstrate the efficacy of this proposed
method with real robot experiments in an indoor setting. Overall, results validate the
effectiveness and robustness of the proposed algorithm.

Several future works remain; however, current efforts are towards including a target
motion model for dynamic targets and performing continuous coverage. Additional future
works should involve outdoor field testing of CONCERTS with the addition of planning
using an RGB-D camera FoV to replace the square type. Finally, ongoing work should
include curiosity regions, where agents are encouraged to explore regions of the FoV that
do not match with static mapped obstacles.
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The following abbreviations are used in this manuscript:

CONCERTS  Coverage cOmpeteNCy-basEd taRgeT Search

TSP Traveling Salesman Problem
CPP Coverage Path Planning
FoV Field of View

SAR Search and Rescue

WAF Waypoint Allocation Factor

H-Clustering Heterogeneous Clustering
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Appendix A

Algorithm A1 GetWaypoint(M, cy, Visited)

Input: M, co, Visited > (Entropy Map, Current Cell, Visited flag)
Output: w > waypoint (average position of cells)
queuey <— O
S«
size = 0

Enqueue(queuey,, co)
Visited[co] = True
while gueuey, is not empty() do
¢ < DEQUEUE (queuey,)
for n, < neighborhood(c) do > 4-adjacent cells
if M[n.] = 0.5 and Visited[n;| = False then
S.append(n.)
Visited[n.] = True
size = size +1
Enqueue(queuey,, 1)
end if
if size > size;; then
w=AveragePos(S)
end if
end for
end while
return w(waypoint)
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