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Abstract: Multirobot information gathering in adversarial environments, where enemies can destroy detected
robots, presents unique challenges not addressed by existing algorithms designed for safe settings. The advent
of multirobot systems enables collaborative risk-avoidance behavior, exemplified in pursuit-evasion scenarios,
where concentrated robot groups enhance their ability to evade and overcome pursuing enemies. However,
current multirobot information gathering algorithms have not yet integrated this collaborative risk-avoidance
model, potentially leading to robot damage and reduced efficiency. This study adopts a decomposition-and-
grafting mechanism to separate the problem into two weakly coupled subproblems: task execution and task
allocation. For task execution, we propose an exact algorithm based on the branch-and-pricing method. Our
task execution algorithms are seamlessly integrated with a novel task map composition algorithm designed to
identify high-utility solutions with minimal computational overhead, addressing the task allocation problem.
Extensive simulations demonstrate that our algorithms significantly outperform benchmarks by increasing the
number of collaborative risk-avoidance activities conducted by robots during information gathering tasks in
adversarial environments. This research advances multirobot information gathering by incorporating

collaborative risk-avoidance, enhancing robot survivability and efficiency in hazardous settings.
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1 Introduction increasingly deployed in adversarial environments!!- 6],
where they face the risk of destruction by enemies.
Therefore, the focus of robotic information gathering is
shifting towards risk-avoidance behavior to ensure the
traditionally been studied in the context of safe safe retrieval of collected data.

environments devoid of adversarial elements!% 1. Recent research has demonstrated that deploying
However, as the field of robotics advances, robots are multirobot teams can enhance the risk-avoidance

Multirobot information gathering, a common task in
many real-world robotic  applications!!-3],  has
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capabilities of individual robots!”-8l. As the number of
robots working together in an adversarial environment
increases, so does the probability of successfully
overcoming enemy threats!®12l,  Leveraging this
characteristic® 191 we introduce a collaborative risk-
avoidance model to optimize the frequency of
collaborative risk-avoidance activities performed by
robots during information gathering tasks, ultimately
improving their ability to defend against adversaries.

Traditional — multirobot  information  gathering
strategies, often designed for safe environments, are
not well-suited for adversarial settings, where the
collaborative  risk-avoidance model is crucial.
Incorporating this model presents two main challenges.

(1) Curse of structure: The collaborative risk-
avoidance model introduces new constraints to
traditional problems, requiring a balance between the
completion cost of information gathering tasks and the
utility gained from collaborative risk-avoidance
activities. This balance complicates the structure of the
solution space.

(2) Curse of dimensionality: The strategies adopted
by robots for task execution and allocation impact both
the final utility and the feasibility of successfully
traversing assigned paths, thereby increasing the
dimensionality of the solution space.

To address these challenges systematically, a
decomposition-and-grafting mechanism!3! is adopted
to decompose this problem into two weakly coupled
problems, including the information gathering task
execution problem and the information gathering task
allocation problem.

For the information gathering task execution
problem, an exact algorithm is designed to yield
optimal solutions. This algorithm embeds the column
generation algorithm(14-16] into the framework of the
branch-and-bound algorithm!7-18] and uses it to
calculate the lower bound of the subproblem to
improve the convergence speed!9- 201,

For the information gathering task
problem, we propose a task map composition (TMC)
algorithm inspired by the iterated greedy approach.
This algorithm utilizes the minimum spanning tree
(MST) algorithm!2!- 221 to estimate the cooperative risk-
avoidance gain from different task assignment
strategies. It then greedily assigns the tasks that can
currently yield the highest cooperative risk-avoidance
utility.

The effectiveness and efficiency of the proposed

allocation

algorithms are validated through rigorous theoretical
analyses and extensive experiments. By comparing
with classic benchmark algorithms[23-261 there does not
appear to be a statistical difference between the
CPLEX (the optimal approach) and our proposed
algorithms. However, our algorithms demonstrate a
substantial reduction in execution time compared to
CPLEX.

The main intellectual contributions of this paper are
summarized as follows:

(1) It is the first work, to the best of our knowledge,
that develops a cooperative risk-avoidance model for
the multirobot information gathering problem, which
extends the previous basic form of the multirobot
information gathering problem.

(2) A decomposition-and-grafting mechanism!3! is
adopted in this paper to decompose the problem into
two weakly coupled subproblems, including the task
execution problem and the task allocation problem. For
the task execution problem, we design an exact
algorithm based on the branch-and-pricing method. For
the task allocation problem, we design an iterated
greedy algorithm with polynomial complexity.

(3) This paper performs both rigorous theoretical
analyses and simulation results, demonstrating that our
algorithms achieve comparable effectiveness and
efficiency to benchmark multirobot algorithms(23-26]
across various parameter settings.

2 Related Work

The recent growth in demand and complexity of the
multiagent information gathering systems has led to the
development of different approaches for an optimized
information gathering system. In this section, we
survey relevant academic and practical approaches for
such systems.

2.1 Multirobot information gathering system

The mechanisms learned from biological systems have
been applied to design the behavior of robots in
multirobot information gathering systems!27-351, This
type of research can be regarded as a mechanism-to-
behavior studyl¢l, as distinct from the behavior-to-
mechanism study mentioned previously.

Among these mechanisms extracted from the swarm
behavior emerged in biological systems, the “conflict-
free” mechanism is the most widely used. Utilizing this
mechanism, a multirobot information gathering system
was constructed(37- 381, In such system, no conflict will
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occur during the information gathering process,
improving the efficiency of multirobot information
gathering activity. Exploiting this mechanism,
information gathering strategies for unmanned aerial
vehicles (UAVs) were designed, where robots are
UAVs and the items fetched back are different sources
of information3: 401,

However, the goal of being “conflict-free” is quite
different from the goal of performing collaborative
risk-avoidance behavior studied in this paper. More
specifically, the phenomena where robots are in the
same area at the same time can improve the success
rate of avoiding danger when detected by the adversary
in environments/*-43], Combined with the above
analysis, the traditional study of multirobot information
gathering problems is not applicable to adversarial
environments,
behavior needs to be considered.

where collaborative risk-avoidance

In addition to the differences in the form of path
planning mentioned above, the introduction of
collaborative risk-avoidance behavior in adversarial
environments also results in different forms of utility
gained from information gathering activities. In the
traditional multirobot information gathering problem,
the corresponding utility gained by robots visiting
information gathering locations in environments is
usually fixed and does not change over timel37-38],
Unlike the traditional multirobot information gathering
problem, the utility gained by performing collaborative
risk-avoidance behavior with other robots at a
information gathering location is different and time-
varying. The reason for this phenomenon is that robots
may perform collaborative risk-avoidance behavior
with different numbers of robots when they visit a
information gathering location at different times,
resulting in different utilities.

In summary, the traditional multirobot information
gathering algorithms37-381 are not applicable to the
multirobot information gathering problem considering
the collaborative risk-avoidance behavior due to the
different forms of revenue -calculation and path
planning. In response to this situation, this paper
introduces the path planning constraints brought by
cooperative risk-avoidance behavior into the traditional
multirobot  information gathering problem and
systematically investigates cooperative risk-avoidance
strategies for multirobot information gathering
systems.

2.2 Collaborative risk-avoidance behavior of robot
in adversarial environment

Designing collaborative risk-avoidance behavior for
robots is an important issue that needs to be considered
seriously when adopting multirobot systems in
adversarial environments. The most representative
study in this area is the multirobot pursuit-evasion
problem, and we focus on this area of research in
Section 2.2.

In recent years, researchers have investigated the
multirobot pursuit-evasion problem from different
perspectives, including the optimization time as well as
the optimization success rate. For the former, Stiffler
and O’Kanel*! investigated how to maximize the time
spent in pursuit-evasion process, i.e., maximizing the
survival time of evaders. For the latter, Pierson et al.[43]
examined how to maximize the evasion success rate for
the evaders.

Through a series of studies on the multirobot pursuit-
evasion problems, researchers have noted that as the
number of evaders increases, the efficiency of evasion
increases. More specifically, the time it takes for the
pursuers to catch evaders is greatly increased*! and
the success rate of the evasion is also greatly
improved[#>- 461, Researchers have conducted in-depth
studies on this phenomenon from the perspective of the
environment, in which the multirobot pursuit-evasion
event takes place, and the results confirm that the
above conclusions hold true whether in two-
environments, three-dimensional
environments, or flow fields.

Existing
behavior neglect to exploit the mentioned feature,
missing the opportunity to improve the success rate of
risk-avoidance activity. For example, authors in Refs.
[47, 48] assumed that the number of evaders and
pursuers is fixed before the start of the entire activity,
ignoring the optimization of evaders involving in the
risk-avoidance activity. Chen et al.#¥! studied
situations where the number of evaders is known in
advance and will not change. In addition, Sun and
Tsiotras¥! also ignored the improvement in the risk-
avoidance success rate brought by the optimization of
the number of robots involving in the risk-avoidance
activity.

To sum up, this series of studies shows that the
number of robots participating in collaborative risk-
avoidance activity is closely related to the final risk-

dimensional

studies on multirobot risk-avoidance
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avoidance efficiency. At this stage, however, there is a
lack of methods to optimize the number of robots
involved in the risk-avoidance activity. To fill this gap,
this paper studies how to involve more robots in
collaborative risk-avoidance activity during the
information gathering process, with the aim of
increasing the success rate of risk-avoidance behavior
when detected by the adversary.

3 Problem Formulation and Analysis

To illustrate the research problem in this paper clearly,
we first introduce the motivation and problem settings
of multirobot information gathering problem
considering the collaborative risk-avoidance behavior
in Section 3.1. Next, we present the formal formulation
of this problem in Section 3.2. Finally, we analyze the
complexity of the problem in Section 3.3.

3.1 Problem statement for the cooperative risk-
avoidance problem in multirobot system

Designing a collaborative risk-avoidance strategy for a
team of robots in adversarial environments adds
additional constraints to the basic model of multiagent
collaboration problem.

Environment model. In the initial stage, robots need
to depart from the home location to information
gathering locations scattered in different areas
0 ={01,0,,...,0;} of the environment G, where [
represents the number of areas in G, as shown in Fig. 1.
Considering a model for the environment where robots
perform cooperative risk-avoidance behaviors, we
characterize it by a fully connected undirected graph
G =(V,E). Let V={vy}UV, be the set of locations in
the environment, vy is the starting point (return point)
of the robots, and V. ={v{,va,...,v,} is the set of
information gathering locations in the environment,
where m represents the number of information
gathering locationsBl, Let EC VXV be the set of
edges between all locations in the environment. Each
edge e;je E is associated with a travel time cost

@ g™

Home location

Fig. 1 Environment model.

cij € R* between locations v; and v;52.

Robot model. Let A = {ay,as,...,a,} denote the set of
robots, where n represents the number of robots, and let
6 denote the time cost needed to perform any
information gathering task. Robot a; € A departs from
home location vp to the k-th information gathering
location vy € V. to perform information gathering tasks
following the predetermined information gathering
strategy[>3:34, Due to the existence of the power limit,
robots need to return to home location vy within #,x
time steps after departing from this point, and then the
whole information gathering process ends[331,

Collaborative risk-avoidance behavior. During the
execution of information gathering tasks, some robots
may appear in the same area. Previous studies have
shown that in adversarial environments, the
collaborative risk-avoidance ability of robots will be
enhanced with the increasing number of robots in the
same areal®!1. The issue where robots perform
information gathering tasks in the same area in a
certain time period is defined as “collaborative risk-
avoidance behavior” in this paper. As shown in Fig. 2,
robots a;, a;, and a; carry out collaborative risk-
avoidance behavior when they perform information
gathering tasks at v,,, v,, and v; in the same area during
a certain time period, and their collaborative risk-
avoidance ability can be then enhanced®-11,

Information model. This paper discusses the case
where the information about information gathering
strategies adopted by each robot is known by all other
robots in a multirobot team. The reason for this case is
that all information gathering strategies are designed
prior to task execution and shared in real-time via
global communication6-3%1, Meanwhile, the focus of
studying this case is how to use such accurate
information to make more efficient decisions!6%- 611, The
opposite case where information is mutually unknown
in the multirobot team is also common in real-world
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(a) Spatial dimension

[ |
(b) Time dimension

Fig.2 Simple case to illustrate the cooperative risk-
avoidance behavior of robot. The determination of a
collaborative risk-avoidance behavior needs to consider two
dimensions, including the spatial dimension and the time
dimension.
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applications, it has a different emphasis on how to infer
information during performing tasks!%2. Both cases are
significant, and we will study unknown cases in future
work.

Optimization objective. The objective of the
multirobot team A is to maximize the number of
collaborative risk-avoidance activities performed while
executing information gathering strategies
(subsequently referred to as “collaborative risk-
avoidance utility”’). To provide a formal formulation of
the objective function, let us consider a information
gathering strategy m; adopted by robot ag;€A,
= {vo,egl,vl,elz,...,vj,ejk,vk,eko,vo}[“’ 641 We say that
robot a; € A performs a collaborative risk-avoidance
behavior with robot a; € A\{g;} if a; and a; perform
information gathering tasks in the same area during a
certain time period®-121, The associated collaborative
risk-avoidance utility is calculated as

(M

i s[4 J .
i {akh’max{tk’th} <min 1 +6.1} +5);
kh

0, otherwise

where t;'{ and t/i are start times for robots a; and a; € A
to perform information gathering tasks at the k-th and
the h-th information gathering locations v and v;, € V.,
respectively. The Boolean variable is used to indicate
whether information gathering locations v, and v, are
in the same area, if the proposition holds then ay;, =1
(i.e., A0;€ O,v, vy € O;), otherwise a;, =0. Given a
set of information gathering strategies
II ={ry,m,...,m,}, the collaborative risk-avoidance
utility gained by performing I7 is calculated as

DI IDIP IR @

i€A jeA\(i} keVe heVe\{k}

To enable further analysis of this problem, we
formulate the definition of the collaborative risk-
avoidance problem (CRAP) as follows:

Definition 1  Collaborative
problem Given an environment represented by an
undirected complete graph G, find a information
gathering strategy for the multirobot team A with the
maximum collaborative risk-avoidance utility.

risk-avoidance

3.2 Problem formulation for CRAP in multirobot
system

To provide a mathematical formulation of the problem,
we first introduce the following decision variables.
e For each robot a; € A and each edge ¢, € E, the

binary decision variable x;'ch =1 indicates whether robot

a; passes edge ey, in its information gathering path.

e For each robot a;€A and each information
gathering location v, € V, the binary decision variable
yj{ =1 indicates whether robot a; passes information
gathering location vy in its information gathering path.

The CRAP can be then formulated as follows:

max Y Y Z (3)

icA jeA\{i} keVe heVe\{

s.t., Z X =1,Ya; € A “
keVe
> xy=1,Ya;cA (5)
keVe
Zx;;h = Zx}'d = y};, Ya; € A,Yvi € Ve (6)
heV lev
Dk=1, VeV, )
i€A
t, >0, Va;€ A ®)
f+8+cro <16+ tmax, Va; € ANV € Ve )

t,’;+6+ckh—M(1—x;;h)<tZ, Ya; € A, Vv, v € Ve (10)

k]h < O, Yaj,a; € ANV, v EV (11)
kh-t,’(<t;;+6, Vai,a; e ANv v eV (12)

(l—rkh)+tk+6 , Ya; € A,Yvi, vy € Ve (13)

xi, €{0,1}, Ya; € A Vv,vp eV (14)

» €{0,1}, Ya;€e A,Nvp eV (15)

where M is a large integer, § is the duration of each
information gathering task, and ¢y, is the travel time
cost between locations v and vy,.

The constraints in Formulas (4)—(15) of CRAP can
be classified into three categories as follows:

e Flow constraint. Constraints in Formulas (4)—(7)
are flow constraints that describe whether information
gathering strategy Vr; € IT is feasiblel], Constraints in
(4) and (5) require that the resulted
information gathering path must be a self-loop (i.e.,
robots perform information gathering tasks from home
location vy and return to vy after completing all
assigned gathering  tasks)[06. 67],
Meanwhile, constraints in Formulas (6) and (7) require
that robot a; € A will leave from information gathering

Formulas

information
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location vy € V. after completing information gathering
tasks at v, and information gathering tasks in Vv € Ve
can be performed once and only once by robots!* 31,

e Time constraint. Constraints in Formulas
(8)—(10) are time constraints used to represent the task
start time, task execution time, task completion time,
etc. Constraint in Formula (8) represents the task start
time ) for robot g; € A, it is worth noting that 7 is the
time step when robot a; €A arrives at information
gathering location vy € V,[98-701, Constraint in Formula
(9) requires that robots must return to home location vy
within #y,x time steps from the start of performing
information gathering tasksl®2l. Constraint in Formula
(10) represents the start time of performing the
information gathering task in v, € V. after leaving from
Vi € Vo [71.721,

o  Cooperative risk-avoidance constraint.
Constraints in Formulas (11)—(13) are cooperative risk-
avoidance constraints proposed to determine the
cooperative risk-avoidance behavior. Constraint in
Formula (11) presents the cooperative risk-avoidance
utility r,’(’h ={0,1} gained by robots a; and a; € A in v,
and v, € V., where ay, 1s a Boolean variable used to
indicate whether information gathering locations vy
and v, are in the same areal®-!ll. Constraints in
Formulas (12) and (13) denote the determination of a
activity. More
specifically, if robot a;€A performs information
gathering tasks in vy €V, when robot a;j€A also
performs information gathering tasks in v, € V. within
the same area, then they generate the cooperative risk-
avoidance utility and r;jh = '
specific determination process is shown in Fig. 3. In
Case 1 7 < t;; <1 +6,and in Case 2 t;; <t <r,i+6.

collaborative risk-avoidance

1, otherwise r;fh =0. The

3.3 Property analysis

In this subsection, we discuss the complexity of CRAP.
Theorem1 The CRAP is NP-hard.
Proof This problem is clearly in NP, because one
can easily construct a set of feasible information

ti th+6
|
I
i i
— I
ty +6 th | |
Il
. L t)+6
(a) Case 1

gathering paths for robots and then verify its
collaborative risk-avoidance utility in polynomial
timel731,

The NP-hardness of CRAP follows from its single-
robot version (i.e., |A| = 1). To prove its NP-hardness,
we use a reduction from the Hamiltonian circuit
problem, which has been proven NP-completel7374],
Given any instance of the Hamilton circuit problem,
relative to a graph Gh:<Vh,Eh> with location set
and edge E"={(vi,v)): i,
vj € VM v; #v;}, we can construct an instance of CRAP

Vi ={v,va,... V) set
as follows.

First, we construct a complete graph G” = <V",Eh>,
where Eh = {(V,‘,Vj) VL,V € Vh,V,' * Vj}. If eij € Eh, then
the travel time cost function is

1 , Ve,'/' € Eh )
cii = ’
Y 2, otherwise

The “if and only if’ direction. Note that there is no
self-loop path in G”, because G" is an undirected
graph. Therefore, this construction can be performed in
polynomial time. Then, G” is a Hamiltonian circuit if
and only if the solution utility of this instance equals
|V"|. Thus, the CRAP is NP-hard. u

4 Task Execution Model

In this section, an exact information gathering task
execution algorithm is proposed. Considering the case
where information gathering locations are scattered
sparsely in an adversarial environment, there are few
information gathering tasks for robots, resulting in a
relatively small scale of problem input. Even if we take
an exact algorithm to obtain the optimal solution of the
problem, the time consumed is within an acceptable
rangel”- 761,

To obtain an exact solution for small-scale cases, we
address this problem with a column generation
algorithm!77- 78] embedded within a branch-and-price

(BP) algorithml!* 151, A series of acceleration
algorithms, such as the internal point stabilization
ti | ti+6
| \ |
\ \
L .
Lttt |
|' | : i
t) th+6
(b) Case 2

Fig. 3 Determination of cooperative risk-avoidance behavior.
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algorithml16-171" are then used to accelerate the
convergence of the algorithm.

4.1 Column generation

Let us begin with the definition of the master problem
(MP) and pricing subproblem.

4.1.1 Master problem

This section introduces a set packing formulationl?7. 78]
for the master problem, where each column
corresponds to a information gathering strategy. The
decision variable x,, is a binary variable with value 1
when information gathering strategy w is adopted, O
otherwise.

min ¢, X,
s.t., Zaiwxw= 1, ieV. (16)
weQ
D x=1 (17)
weQ
X =10,1}, weQ (18)

where Q is the set of all feasible information gathering
strategies. c,, is the total cost of executing information
gathering tasks following strategy w, and its value is

equal to Z Z Z Z —r;;"}'l. Coefficient a;,, =1 if

i€A jeA\(i} keVe heVe\(k) ] ) )
the robot visits information gathering location v; in

strategy w, otherwise a;, = 0.

Among them, Formula (16) corresponds to Eq. (7) in
the original problem, which is used to describe that a
feasible strategy must include all assigned information
gathering tasks. Equation (17) describes the number of
feasible strategies that can be selected in the final
solution.

4.1.2 Pricing subproblem
Each pricing subproblem is an elementary shortest path
problem  with constraint  (ESPPRC)
problem!!8. 191 Tet us construct the reduced cost
(RO)29T ysed in the pricing subproblem on the
auxiliary graph. If n; and mp are the dual values
corresponding to Egs. (17) and (18), the reduced cost is
rc(w) = ¢y — Z myy —mo =
ievA

. (ew=m)y! =m (19)

ievA

To provide a mathematical formulation of the
problem, we first introduce the following two decision
variables.

e For the feasible strategy we Q and each edge

resource

e;j € E*, binary decision variable x;; indicates whether
strategy w includes the edge ¢;; in the information
gathering path.

e For the feasible strategy weQ and each
information gathering location v; € V4, binary decision
variable y! indicates whether strategy w includes
information gathering location v; in the information
gathering path.

Through the definition of decision variables, the
pricing subproblem can then be written as follows:

min " (ci=m)y} — 70,

ievA
s.t., Zx;; =y, Vie VA (20)
jev
A
ZX;Z: Zx}fj, YheV (21)
ievA jevA
PETEDIE R (22)
ieyA ievA
5 >0 (23)

t}”+5+r§}—M(1 —x) <}, VG, j) e EA (24)

si<tl<e, VieVA (25)
€(0,1}, V(i,j) e EA (26)
yWelo,1), Viev4 (27)

where s; represents the required starting time for
visiting the gathering location v;. Formulas (20)—(22)
are flow constraints used to describe the information
gathering path of the individual robots. Formulas
(23)—(25) are time constraints used to ensure the
feasibility of information gathering tasks execution
strategy. Formulas (26) and (27) are decision variables.
4.1.3 Column generation algorithm
The column generation algorithm is embedded in a
branch-and-price framework!4. 77-781 that generates the
search tree, and the solution space is reduced by
forcing a portion of the base variables into non-base
variables for solving the lower bound corresponding to
nodes of the search treel!3-171. More specifically, each
node corresponds to the optimal solution of the
restricted linear master problem (RLMP). The details
are shown in Algorithm 1.

e Step 1: At the root of the search tree, RLMP is
initialized with a set of feasible strategies. The number
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of columns thus corresponds to the number of
information gathering locations in the environment. For
other nodes in the search tree, the algorithm uses the
set of the column in the last node considered to
initialize the RLMP, after removing columns that are
feasible due to branching.

e Step 2: Because the number of columns is very
large, we gradually add columns to the master problem
to construct a series of restricted master problems
(RMPs). The linear relaxation of each RMP can be
solved by a linear programming solver (e.g., CPLEX,
Gurobi).

e Step 3: Dual variables corresponding to the
current optimal solution of RLMP are used to define a
pricing subproblem. By solving this pricing
subproblem, a feasible solution with a negative value
of reduced cost is determined.

o Step 4: Next, these feasible solutions are added to
the current RLMP to obtain the next RLMP, which is
then solved to obtain a new dual variable. This iterative
process will be repeated until there is no solution with
a negative reduced cost. So far, we can find an optimal
solution for RLMP.

The above process is the specific operation process
of the column generation algorithm. In practice, the
column generation algorithm has a disadvantage, where
many iterations are often needed to prove optimality,
while the optimal value of the RLMP does not change
significantly from one iteration to the next. This
happens especially when the master problem shows
some degrees of degeneracy. Therefore, many
researchers have proposed stabilization techniques to
speed up the convergence speed of the column
generation algorithm.

Here, the interior-point stabilization technique
proposed in Refs. [16, 17] is used. This technique
exploits the solutions taken inside the optimal dual
polyhedron, rather than extreme points, because their
dual value tends to better approximate the true test
number. In practice, several dual solutions are
generated inside the polyhedron and a convex
combination of dual values is used within the pricing
subproblem.

4.2 Branch-and-price algorithm

Column generation is applied at every node of a search
tree generated by the branch-and-price algorithm. Let
us describe our search and branch strategies in this
section.

Algorithm 1 Column generation algorithm

1. Generate an initial set of columns £

2. while intermediate variable I" # @ do

3.  Solve MP(Q,)

4. I' « column(s) provided by the pricing subproblem
5.9 «<Q1Ur

6. End while

4.2.1 Search strategy
The search tree is explored according to a best-first
policy[7- 801 where subproblems are ranked according
to the value of their lower bound. The reason why best-
first is chosen over depth-first!8!-82] is that the latter
yields inferior results in preliminary experiments.
4.2.2 Branch strategy
The design of the branch strategy is the core of the
branch-and-price algorithm. An effective branch
strategy should cut off the decimal solution while
keeping the structure of the problem unchanged, and
generate a relatively balanced search tree at the same
timel83. 841, We use the commonly employed branching
strategy based on adapted Ryan-Foster rules (e.g., see
Ref. [85]). We look for two fractional routes sharing
the same pair of nodes v; and v; but with one route
using the edge ¢;; and not the other. It can be shown
that such routes can always be found. In each branch,
the shortest-path subproblem can be modified easily
(simply by removing edges from the underlying graph)
without breaking the structure of the problem.
4.2.3 Analysis of algorithm
Next, we prove that the proposed branch-and-price
algorithm is exact, i.e., it yields the optimal solution.
Theorem 2. The branch-and-price algorithm is
optimal.
Proof To achieve the optimum, the branch-and-
price algorithm should consider all possible states of

the problem and terminate in finite timel75- 761, u
5 Task Allocation Model
Through the decomposition-and-grafting

mechanism!13],  we decompose CRAP into the
information gathering task execution subproblem and
the information gathering task allocation subproblem.
Through the above research, we obtain the information
gathering task execution algorithms for individual
robots at different scales. In order to graft the results of
the above algorithms, this section proposes an efficient
algorithm called task map composition algorithm
Algorithm 2.
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Algorithm 2 Task map composition algorithm
.S« @;

.max « 0

fori=1—-|V|do

.S« SUiy};

. end for

TS

. while |S| > 1 do

.for i <|S| do
for j<ido

. temp « GAIN(M;, M ));
. if temp > max then

© 0 N AW~

—_ =
—_ O

—_
[\

. max « temp;
. ./\/ll* <—Mi;
CMF = M
. end if

. end for

—
|9

—_— = = =
~N N B

. end for

—_
oo

T TU{M;‘,M;};
.S« (5\{/\4?})\{/\4;};
.S HSU{MT,M;(R

T« S;
. end while

.S « SELECT(T);
.return S

—_
Nel

[SO RN NS R (]
N = O

NN
NN

5.1 Efficient task map composition algorithm

In this section, a heuristic algorithm named task map

composition is proposed to assign information
gathering tasks to multi-robot teams, with the objective
of improving the collaborative risk-avoidance utility.
The task map refers to a graph structure composed of
information gathering tasks assigned to a robot and its
task execution strategy.

During the execution of TMC algorithm, we need to
calculate the gain in collaborative risk-avoidance utility
from composing two task maps, and the exact gain is
calculated as

GAIN*(M,’,MJ') =V*WM; UM;) - V*(M;) - V*(Mj)
(28)
where V* indicates the exact gain function.

According to the rigorous theoretical analysis
proposed in Theorem 1, thus calculating the exact gain
in collaborative risk-avoidance utility is very time-
consuming{!3l, In order to speed up the calculation
minimum

process, we use the spanning tree

algorithm[21-22] to approximate the utility collected by
the path formed by points in clusters. Using this
approximation method, we can
approximate gain for composing two task maps

compute  our

GAIN(M;, M j) = V(M UM ) = V(M) - V(M) (29)
where V indicates the approximate gain function.

The pseudo-code of the TMC algorithm is then
presented in Algorithm 2, where S, max, T, temp, M;,
M;, M,* and Mj* are intermediate variables,
SELECT represents selecting strategy associated with
the maximum value. The details for the TMC algorithm
are as follows:

e Step 1 (Lines 1-6): Initialize a set of task maps
and construct the corresponding tree structure,
dendrogram, and data structure to store the process of
task map composition. More specifically, the
dendrogram is stored as a sequence of compositions
which are pointers in practice.

o Step 2 (Lines 7-23): Task maps are composed
iteratively, forming a tree structure until all information
gathering tasks are composed within a single task map.
In the process of composition, the corresponding tree
structure and its attributes are updated in real-time.

o Step 3 (Line 24): Task maps are selected from the
resulted tree structure by returning task maps with the
maximum collaborative risk-avoidance utility.

5.2 Analysis of algorithm

In order to demonstrate the theoretical properties of the
algorithm, a series of rigorous theoretical analyses of
TMC algorithm are performed in this section.

5.2.1 Completeness of TMC algorithm

The completeness property is used to describe solutions
computed by an algorithm that guarantees to complete
all the assigned tasks. Let us begin by proving the
completeness of TMC algorithm with Theorem 3.

Theorem 3 Completeness Task map composition
algorithm generates that all information gathering tasks
are included in the information gathering strategy it
outputted.

Proof TMC algorithm composes two task maps
together in Line 10 of the procedure. To speed up the
process of calculation in the mentioned process, TMC
algorithm adopts the minimum spanning tree algorithm
to construct the composed task map and approximate
its associated collaborative risk-avoidance utility. On
the one hand, the completeness of MST algorithm is
proven in Refs. [21, 22]. On the other hand, it can be
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learned from Section 3 that all locations in V. are
connected to home location vy in such an adversarial
environment G. Thus, TMC algorithm results a task
allocation strategy that
gathering locations in its output. u
5.2.2 Runtime complexity of TMC algorithm
To prove that TMC can find a task allocation strategy
within a polynomial time complexity, we will discuss
the runtime complexity of TMC.

Theorem 4  TMC algorithm returns a task
allocation strategy S in O(n*logn) time, where 7 is the

includes all information

number of information gathering tasks given as an
input to TMC algorithm.

Proof There are three main processes in TMC
algorithm: the initialization process, the composition
process, and the selection process. The time complexity
of these processes is discussed as follows:

Initialization process. The initialization process is
performed in Lines 1-6 of Algorithm 2. During this
process, TMC algorithm initializes a set of task maps
and constructs the corresponding tree structure,
dendrogram, and data structure to store the process of
task map composition. More specifically, the
dendrogram is stored as a sequence of compositions
which are pointers in practice. The runtime complexity
of the initialization process is O (n).

Composition process. The composition process is
performed in Lines 7-23 of Algorithm 2. During this
process, TMC algorithm runs the progressive task map
composition procedure on the current task maps with
O@n?) runtime complexity. To calculate the gain in
collaborative risk-avoidance utility by composing two
task maps, TMC algorithm runs the MST procedure for
each pair of task maps with O(nlogn) runtime
complexity. The complexity of the
composition can be then calculated as O(n*logn).

Selection process. The selection process is
performed in Line 23 of Algorithm 2. During this
process, TMC algorithm selects a set of task maps with
the maximum collaborative risk-avoidance utility from
the constructed tree structure. The runtime complexity
of the initialization process is O (n).

Hence, the runtime complexity of TMC is O(n*logn).

|

runtime

6 Experiment

In this section, a series of experiments are carried out
to test the proposed algorithms, and the effectiveness

and the efficiency of the proposed algorithms are
verified by comparison with classical benchmark.

6.1 Experimental setting

The experiments are implemented in Java 11 and tested
on an Intel (R) Core (TM) CPU i7-4770 at 3.4 GHz
and with 16 GB memory. All results are averaged over
5000 instances. Each record is statistically significant
at a 95% confidence level.

6.2 Benchmark algorithm

In experiments, we compare our proposed algorithms
against these benchmarks: the graph search (GS)
algorithm, the weighted nearest neighbor (WNN)
algorithm, the region-based path planning (RPP)
algorithm, the adaptive insertion (ADI) algorithm, and
the optimal result Cpl calculated by solver CPLEX. We
outline these benchmarks as follows:

e The graph search algorithm is an efficient method
to solve the path planning problem for individual
agents!?3, the idea of which is to use a total ordering of
vertices based on the calculated cost-to-arrival to find
an optimal path between defined start and goal vertices.

o The weighted nearest neighbor algorithm is a
conventional approach that has been used in previous
path planning problems for individual agents(26]. When
following this approach, robots will complete all
assigned information gathering tasks with the nearest
neighbor algorithm within the minimum time, and then
use the remaining time to perform as many
collaborative risk-avoidance activities as possible.

e The region-based path planning algorithm is an
efficient approach that has been used in previous path
planning problems for multirobot teams[?l. In this
approach, the entire environment is first split into a
certain number of parts based on the utility gained by
visiting different vertices. Robots then perform tasks
separately along the cyclic path formed by the vertices
in order of the highest to lowest utility.

e The adaptive insertion algorithm is a brand-new
model adopted to solve the multiagent path planning
problem!23!, The aim is to minimize the maximum time
spent by agents on their assigned tasks, which implies a
load-balancing task allocation concept.

e Cpl is the result returned by solving the CRAP
with the optimal solver CPLEX (version 12.6).

6.3 Optimization objective

By considering the optimization objective of this study,
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we define the following indices to evaluate the
performance of different approaches.

e Collaborative risk-avoidance utility. This index
is introduced to evaluate the proposed optimization
objective of maximizing the expected utility gained by
following the given information gathering strategy. The
calculation process of this index is shown in Eq. (2).

o Collaborative risk-avoidance proportion. This
index is also introduced to measure the solution quality
of information gathering strategies in another
dimension. Let p; denote the ratio of collaborative risk-
avoidance utility gained by a given information
gathering strategy to that gained by the optimal
information gathering strategy. Given a total of N test
instances, the collaborative risk-avoidance proportion

N
is calculated as Z pi/N.

° RobustneséT]This index is introduced to measure
the robustness of proposed algorithms in different
settings, including different numbers of information
gathering tasks V., different values of maximum
working time fy,x, and different numbers of robots |A|.

e Running time of algorithm. This index is
introduced to measure the scalability and
computational efficiency of our proposed algorithms
and other benchmark algorithms.

6.4 Test of the influence of the number of robots

In this section, we test the effectiveness of our
proposed TMC+BP algorithm and three other
benchmark algorithms for different numbers of robots.
Among these algorithms, Cpl is the result returned by
solving the CRAP with the optimal solver CPLEX
(version 12.6).

Parameter setting. The value of the maximum
working time fy.x of robots is set to 10, and the
number of information gathering tasks is set to 15. By
varying the number of robots from 2 to 6, we obtain a
line graph of the collaborative risk-avoidance utility
gained by adapting the TMC+BP algorithm and the
other three benchmark algorithms, as shown in Fig. 4.

Phenomenon. As the number of robots increases, the
collaborative risk-avoidance utilities gained by
following all these algorithms show an upward trend.
Furthermore, the TMC+BP algorithm outperforms the
other benchmark algorithms (i.e., RPP and ADI), and
the performance of the TMC+BP algorithm is close to
the optimal solution Cpl.

Reason. Due to the increase in the number of robots,

27
—a— Cpl
RPP 1
22 - —%— TMC+BP
—o— ADI

17r

12

Collaborative risk-avoidance utility (%)

2 3 4 5 6
Number of robots

Fig. 4 Test of the influence of the number of robots.

both the total amount of travel time for each robot and
the total amount of time for task execution decrease.
Meanwhile, the time interval that robots spend in
waiting at each information gathering location
increases, and thus the collaborative risk-avoidance
utility tends to increase. Since the ADI algorithm
considers the number of information gathering tasks to
be equally allocated among robots, the collaborative
risk-avoidance utility does not change much with the

number of robots.

6.5 Test of the influence of the maximum working
time

In this section, we test the effectiveness of our
proposed TMC+BP algorithm and the other three
benchmark algorithms for different values of fpgx.
Among these algorithms, Cpl is the result returned by
solving CRAP with the optimal solver CPLEX (version
12.6).

Parameter setting. The number of robots is set to 3,
and the number of information gathering tasks is set to
15. By varying the maximum working time from 6 to
10, we obtain a line graph of the collaborative risk-
avoidance utility gained by adapting the TMC+BP
algorithm and the other three benchmark algorithms, as
shown in Fig. 5.

Phenomenon. As the value of 7y, increases, the
collaborative risk-avoidance utilities gained by
following all these algorithms show an upward trend.
Furthermore, the collaborative risk-avoidance utilities
obtained by the exact algorithm Cpl and the TMC+BP

algorithm outperform the other benchmark algorithms
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Fig. 5 Test of the influence of the maximum working time.

(i.e., RPP and ADI), and the collaborative risk-
avoidance utility gained by following the TMC+BP
algorithm is close to the optimal solution Cpl. The
phenomena are similar under different datasets, and we
will not repeat them here.

Reason. As 1y, increases, robots have more time to
wait at some information gathering locations for a
greater collaborative risk-avoidance utility, and thus
the resulted collaborative risk-avoidance utilities
gained by following all these algorithms tend to
increase.

6.6 Test of the collaborative
proportion

risk-avoidance

In this section, we test the effectiveness of our
proposed TMC+BP algorithm and three other
benchmark algorithms under different settings. Among
these algorithms, Cpl is the result returned by solving
the CRAP with the optimal solver CPLEX (version
12.6).

Parameter setting. In Case I, the value of the
maximum working time fy,x of robots is set to 10, and
the number of information gathering tasks is set to 15.
In Case II, the number of robots is set to 3, and the
number of information gathering tasks is set to 15.

Phenomenon. As shown in Fig. 6, for Case I, the
collaborative risk-avoidance proportions gained by
following all these algorithms show a downward trend
with the growth in the number of robots. As for Case
I1, the collaborative risk-avoidance proportions gained
by following all these algorithms show an upward
trend with the growth in the value of #,,x. Furthermore,
we can learn from Fig. 6 that the collaborative risk-
avoidance proportion obtained by the TMC+BP
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Fig. 6 Test of the collaborative risk-avoidance proportion.

algorithm outperforms the other benchmark algorithms
(i.e., RPP and ADI).

Reason. As the number of robots increases, the total
travel time and task execution time become larger.
Although
gained by following these algorithms will grow, the
time interval that can be used for waiting at each
information gathering location decreases. Therefore,
the collaborative risk-avoidance proportion decreases,
and the phenomena in Case I emerge. As the value of

the collaborative risk-avoidance utility

tmax 1ncreases, the time interval that can be used for

waiting at each information gathering location
increases. Therefore, the collaborative risk-avoidance
proportion increases, and the phenomena in Case II

emerge.
6.7 Test of the running time

In this section, we test the efficiency of our proposed
TMC+BP algorithm and three other benchmark
algorithms for different numbers of robots. Among
these algorithms, Cpl is the result returned by solving
the CRAP with the optimal solver CPLEX (version
12.6).
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Parameter setting. The value of the maximum
working time f#y,,x of supervisors is set to 10, and the
number of information gathering tasks is set to 15. By
varying the number of robots from 2 to 6, we obtain a
line graph of the time to run the TMC+BP algorithm
and the other three benchmark algorithms, as shown in
Fig. 7.

Phenomenon. As the number of robots increases, the
runtime of Cpl tends to increase exponentially. The
runtime associated with the TMC+BP algorithm and
the other benchmark algorithms (i.e., RPP and ADI)
does not change significantly with an increasing
number of robots, and the corresponding value is
always stable within 10 ms.

Reason. As the number of robots increases, the
dimension of decision variables used in Cpl increases,
and thus the running time tends to increase
exponentially. The time complexity of the remaining
three algorithms is polynomial, and the running time
varies within a reasonable range.

7 Conclusion and Future Work

This paper introduces the collaborative risk-avoidance
problem for multirobot information gathering in
adversarial environments. We propose a collaborative
risk-avoidance model that enables robots to perform
tasks in the same area multiple times, improving their
risk-avoidance ability and survivability. The model
challenges, including increased
complexity of the solution space structure and
dimensionality. To address these challenges, we
decompose CRAP into two
execution and task allocation. We propose an exact
algorithm based on branch-and-pricing for task
execution and a task map composition algorithm for

introduces new

subproblems: task

107
106 ;/./././!
10°
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b RPP
3 b
§ 10 —¥— TMC+BP
2102k —e— ADI
101 .
100 ° . ::
- | | |
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Number of robots

Fig.7 Test of the running time.

task allocation.

Theoretical analyses and experiments demonstrate
the effectiveness and efficiency of our algorithm.
Compared to benchmarks, our approach significantly
increases the number of collaborative risk-avoidance
activities, achieves a higher risk-avoidance proportion,
exhibits better robustness, and requires less running
time than the CPLEX solver.

In the future, we will mainly explore the adaptation
of the collaborative risk-avoidance model to online
scenarios, in which the collaborative risk-avoidance
activity must be performed without the use of any prior
knowledge of other units.
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