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Abstract— Road network persistent surveillance requires a
swarm of unmanned ground vehicles (UGVs) to repeatedly surveil
a sequence of places called viewpoints on a road network and
detect randomly occurring events and problems at viewpoints.
In most existing work, UGVs are responsible for detection
but not handling emergencies like extinguishing fires, capturing
intruders, or managing pollution. Hence, existing methods fail
to perform both persistent surveillance and emergency handling.
This work copes with both and proposes a cooperative dual-task
path planning method for multiple UGVs. UGVs first treat
all the viewpoints as candidates and compute their rewards to
select their targets. Emergencies have a higher reward, allowing
UGVs to solve dual tasks and prioritize emergencies. A heuristic
protocol is then employed to choose appropriate UGVs for
emergencies. Local path planning is finally considered when
UGYVs plan paths to targets to avoid deadlock and backtracking.
Thus, a necessary and appropriate subswarm of UGVs with
the nearest distance to emergencies are selected to handle
them, while others continue surveilling viewpoints for potential
emergencies, avoiding any long delayed handling of emergencies.
The performance of the proposed method is evaluated in three
road networks. The simulation and analysis results demonstrate
its superiority over the state-of-the-art surveillance methods.

Index Terms— Dual-task, multi-robot systems, road network
path planning.

I. INTRODUCTION

OOPERATIVE surveillance with mobile robots intends
Cto update environmental status and ensure safety, which
is a fundamental mission of multi-robot systems and widely
applied in epidemic prevention [1], territory guarding [2],
disaster management [3], and environment monitoring [4],
[51, [6], [7], [8]. A significant amount of work has been
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done to solve surveillance problems whose aims are to keep
environmental security and acquire situational information.
They are classified into persistent and adversarial ones [9].

A. Persistent Surveillance

Persistent surveillance requires robots to visit important
positions called viewpoints as frequently as possible and
is applied in crowd movement surveillance [10], precision
agriculture management [11], environment monitoring [7]
and data acquisition [12]. In this problem, there are events
appearing at viewpoints randomly and unpredictably. However,
their appearance time intervals are considered persistent and
statistical [13]. Persistent surveillance aims to drive robots to
detect events before they disappear by frequently surveilling
the environment [14] and reducing the time interval between
two consecutive visits for each viewpoint. Thus, the main eval-
uation criteria for such tasks are time and moving cost [15].
These methods share a common feature: mobile robots per-
form persistent cyclic visits to viewpoints with deterministic
strategies. They assume that the environmental status changes
over time [16]. Hence they work in a stable environment
without considering emergency handling.

Existing persistent surveillance methods are divided into
distributed and centralized ones. The former enables each
robot to make its own independent decision, including reac-
tive [17], learning-based [18], and auction-based methods [19].
Reactive methods use locally shared information to make
decisions, such as ant colony [20] and greedy strategy [21].
Although these methods are computationally efficient, they
can easily fall into local optima [22]. Learning-based ones
use probabilistic models, such as Markov decision [18] and
Bayesian learning [23]. They combine such models with
reinforcement learning [24] and allow robots to adjust their
strategies to dynamic environment changes. However, they
require significant training cost [9]. In auction-based meth-
ods, robots negotiate with others to exchange viewpoints for
surveillance [25]. The learning and auction methods are much
more complex than reactive ones [26]. Centralized methods
require a coordinator to assign viewpoints and paths to all
robots. They can be classified into cognitive coordinated [26],
cyclic [27], and partition-based [28] ones. In cognitive coor-
dination ones, a central coordinator has global information
and assigns the next target viewpoint to robots with the
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shortest path to the final target. Such approaches suit small
to medium-sized teams as they consider all environmental
viewpoints [22]. However, as the problem scale increases, their
performance rapidly declines. The partition-based ones divide
environment into sub-areas such that an equal number of
robots surveil their respective areas. The cyclic ones are based
on graph theory and operational research. The coordinator
computes the minimal-cost cycles to visit all viewpoints.
Then, robots are assigned along the path and repeat the same
surveillance route. The cyclic ones perform well in weakly
connected and large-scale environment because of their better
use of offline planning [26].

Unmanned ground vehicles (UGVs), viewed as mobile
robots, have been increasingly used in road network appli-
cations [29], [30], [31], [32] due to their safety, mobility, and
efficiency advantages. Persistent Surveillance with UGVs on a
road network is a novel research direction recently presented
in [33]. It has two single-robot surveillance versions [22],
[34]. In this problem, a group of UGVs cooperate to surveil
viewpoints on a road network. Unlike previous persistent
surveillance problems, it considers the detection ability of
UGVs. It allows UGVs to identify a viewpoint’s status as long
as it is within its detection range. It plans a path with a certain
coverage along the network without traversing all the view-
points. They propose a heuristic cognitive architecture-based
path planning method (HCPS), consider the duplication of
targets and trajectories among UGVs, and develop three rules
for UGVs’ decisions. However, HCPS focuses on persistent
surveillance without considering emergency handling.

B. Adversarial Surveillance

Persistent surveillance minimizes the visiting time inter-
val to monitor the environment as frequently as possible.
This principle leads to deterministic and periodic surveil-
lance routes. Adversarial surveillance focuses on unpredictable
movement patterns and prevents intruders from invading, con-
taminating, and damaging the environment [9]. Adversarial
surveillance is widely used in infrastructure guards [35] and
perimeter defense [36]. In these strong confrontation scenarios,
intruders can decide when and where to attack by analyzing
a surveillance strategy adopted by robots [37]. Therefore,
adversarial surveillance methods adopt non-deterministic
strategies to avoid being easily predicted by intruders.

Sak et al. [38] study adversarial robots on undirected graphs,
where they need to ensure that a viewpoint in an environ-
ment is not invaded. The probability of detecting an intruder
successfully becomes the main evaluation criterion for such
problems. The defenders need to maximize the probability
for intruders to be detected at viewpoints [37]. A game
theory-based approach treats such problems as an adversarial
game [39]. A robot performs the optimal strategy by cal-
culating its payoff matrix, which is used for reinforcement
learning [40]. Some methods also use time as an evaluation
criterion. Alam et al. [41] set the objective of defensive robots
to minimize the time between visits to each pair of viewpoints
in undirected graphs. Hernandez et al. [35] focus on visiting
viewpoints in irregular time intervals. The perimeter defense
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Fig. 1. A forest fire scene for persistent surveillance and emergency handling
with multi-UGVs. The black dots and dotted lines represent viewpoints and
feasible edges on the road network, and the blue circles represent the detection
range of UGVs. They need to surveil these viewpoints to complete persistent
surveillance cyclically. The red dots indicate emergencies where fires are
present, and UGVs cooperate in prioritizing them.

problem is a typical adversarial surveillance one where robots
defend a perimeter of a high-security area [36]. A number of
intruders move from the outside towards the perimeter, and
a group of defensive robots have to detect the intruders and
kill them as they reach the perimeter. To avoid being identi-
fied/found by intruders, defenders can move probabilistically,
forward and backward, or stand still [42], [43], [44]. This
randomness makes intruders unable to predict their trajectory
well. Some studies also consider the problem as a task assign-
ment. The location and timing of intruders’ appearance on the
perimeter are the tasks to assign. Like a perimeter defense
problem, it has been systematically studied from single [45]
to multiple intruders [46] and linear perimeters [47] to circular
areas [48], [49]. The latest work models a perimeter defense
problem as a spatiotemporal multitask allocation problem [2],
and the use of its proposed method can protect territory with
fewer defenders than intruders. Nevertheless, the above studies
fail to consider defenders’ persistent surveillance when intrud-
ers may appear in viewpoints instead of along the perimeter.

C. Dual-Task Surveillance

Our literature review suggests that existing methods fail
to simultaneously perform persistent surveillance and handle
emergencies as dual tasks. According to [9], there is a gap in
surveillance studies when a robot considers handling emergen-
cies during its surveillance duty. The dual-task environment
in this work is modeled as weighted viewpoints and paths
based on the work [33], as shown in Fig. 1. Unmanned
ground vehicles (UGVs) surveil in a road network environment
such as an urban street, park, and campus. They move along
roads, while other areas outside of the roads are obstacles
[50]. UGVs move along the paths with sensors to detect
multiple viewpoints inside their detection range. Considering
the real scene, such as forest fire management [51], terrorist
attack [52] and personnel rescue [53], several emergencies
may suddenly appear at viewpoints. UGVs surveil viewpoints
to detect emergencies and cooperate to recognize them, and
then immediately handle them. For example, multiple UGVs
work together to extinguish a large fire with their combined
water volumes in fire extinguishing. After the emergencies are
handled, the viewpoint returns to its normal surveilled status.
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In the dual-task surveillance problem, UGVs are not only
required to surveil for potential emergencies but also to handle
them. Multiple UGVs must handle emergencies cooperatively
if a single UGV is not enough for emergencies occurring
at a viewpoint. For example, UGVs detect and extinguish a
sudden emergent large fire with their equipped water volumes.
However, UGVs using existing methods treat emergencies as
surveillance. Only if the previous UGV has consumed its
equipped item volume and left, other UGVs come one by
one to handle the rest. For divisible emergencies that can be
handled separately, e.g., litter picking, this leads to a slow
response to emergencies. For indivisible emergencies like fires,
the existing method may fail to handle them.

In order to enable existing methods to solve the dual-task
surveillance problem, the user can divide the emergencies at
a viewpoint into several separate surveillance tasks. UGVs
can then handle emergencies as surveillance tasks at a sin-
gle viewpoint. However, the emergent nature of emergencies
prevents them from being considered simply as a combination
of multiple surveillance tasks since:

1) Competition between surveillance and emergencies may
cause UGVs to constantly surveil viewpoints for more rewards,
leading to delayed or no handling of emergencies, i.e., emer-
gency starvation. Rewards gained from relatively long-term
non-surveilled viewpoints may be greater than or equal to
those to handle the emergencies. In this case, if an envi-
ronmental status changes fast, emergency starvation turns
out to be serious because performing surveillance can have
higher rewards than handling emergencies. In addition, UGV’s
surveillance objective function drives them to run more dis-
tance to surveil more viewpoints on the path, thus spending
more time and causing emergency starvation; and

2) Algorithms can reduce emergency starvation by increas-
ing the rewards of emergencies. However, UGVs lack
cooperation. UGVs farther away may take over the tasks of
UGVs who are closer to emergencies, causing the delays to
handle emergencies. More specifically, to avoid conflicts, when
enough UGVs have chosen emergencies as their targets, other
UGVs that are closer to the emergencies will not choose them
again. Thus, UGVs responsible for the emergencies may not
be the closest ones.

Therefore, the methods in the existing literature cannot
solve the proposed dual-task problem well. The algorithm
for solving the problem needs to avoid emergency starvation
and, even more so, drive the most appropriate UGV swarm
to handle emergencies cooperatively. This work proposes a
cooperative dual-task path planning method to fill this gap.
It intends to make the following novel contributions with
respect to the state of the art:

1) Proposing and formulating a new dual-task problem in
which UGVs must perform both persistent surveillance and
emergency handling;

2) Developing a heuristic path planning method capable of
effectively solving the dual-task problem. It employs dual-
task surveillance priorities, enabling UGVs to handle both
tasks without any manual intervention.

Section II reviews the background road network persistent
surveillance. A dual-task problem is formulated in Section III.
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TABLE I
ALL NOTATIONS USED IN THIS WORK

fi | Detection probability dmin | Length of the least-cost path

d; ‘ Distance between UGV and viewpoint Pm ‘ Minimum reward coefficient
d ‘ Detection range Pn ‘ Normal reward coefficient
d ‘ Observation limit Db ‘ Backtrack probability

Symbol Description Symbol Description

| G | Road network | R’ | Number of UGVs arriving at v; |
| wi | Viewpoint | F; | Synthetic negative sensing probility |
| e | Edge | At; | Detection time interval |
| w; | Weight for viewpoints | t | Time point |
| pi | Emergency’s position | ti | Last complete surveillance time |
| N | Number of viewpoints | ui(t) | Surveillance uncertainty |
| M | Number of edges | tn | Time normalizing parameter |
‘ K ‘ Number of emergencies ‘ At; ‘ Emergency interval ‘
‘ H; ‘ Number of emergencies appear at v; ‘ i; ‘ Emergencies’ detected time ‘
| R | Number of UGVs | @i(t) | emergency degree |
| v | UGV’s constant speed | P | Rewards for viepoints |
| pr | Position of rth UGV | Oi | Observable viewpoints |
| 6 | Movement direction |« | Emergency’s priority |
| d¢ | Time step | pe | Reward coefficient |
\ \ \
\ \ \
\ \ |
\ \ |
\ \ |

I ‘ UGV’s inventory Si ‘ ‘Whether emergencies have been handled

Section IV presents the design of a cooperative dual-task path
planning method. The performance comparison between it and
the state of the are is given in Section V. Finally, Section VI
concludes this article.

II. DUAL-TASK PROBLEM FORMULATION

This section defines a dual-task problem for a swarm of
UGVs that perform persistent surveillance and emergency
handling while moving along the road network. This problem
is formulated as a new combinatorial optimization prob-
lem based on a road network, UGV model and dual-task
effect model. Table I contains all notations used in this
work.

A. Road Network Environment

A road network environment is abstracted as a weighted
undirected graph G = (V, E, W, D) consisting of N discrete
viewpoints and M edges in a two-dimensional region Q C R?.
V = {vy, ..., vy} is the set of viewpoints surveilled by UGVs.
E = {ey, ..., ey} denotes the set of all edges that a UGV can
move among viewpoints without turning. W = {wy, ..., wy}
is the weight of each viewpoint and represents the importance
of viewpoints. D = {dy, ..., dy} is the set of edge lengths,
i.e., actual distances between pairs of viewpoints.

B. UGV Model

R homogenous UGVs move along road network G. Accord-
ing to the assumptions in a surveillance problem [9], the speed
of each UGV is constant. The physical influences of turning
and backtracking are not considered. The size of UGV is
negligible compared to the length of an edge. The position
of the rth UGV at time ¢ is denoted as p,(t) = [x, (1), y, ()]
r € {l1,2,... R}, following the kinematics:

pr(t+d) = pr(0) +6:(1) - v-d; (1
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@ UGV @ Observable viewpoints @ Outside viewpoints @Partially sensible viewpoints

Fig. 2. The black dot is UGV. Green circle is the detection range d . Blue
circle is the observation boundary d. Green dots are viewpoints within d, i.e.,
observable viewpoints. Blue dots are partially sensible viewpoints between
d and d. Red dots are outside viewpoints that exceed d and not detectable.
UGV arrives at v; where it can fully surveil the state of O1 and O;. In turn,
UGV at O and O; can surveil v; without reaching v;.

where p,(t) represents the position of the »th UGV at time t,
d; is a discrete time step, and 6, (¢) is the vector of a movement
direction with 0 < 0,(t) < 2. v is the constant speed of UGV
moving on 6, (¢) and is a scalar. The ‘dot’ here means a simple
scalar multiplication.

UGV has an omnidirectional 360-degree sensor that can
surveil the target’s viewpoint status as long as it is within the
detection range. This ability is represented as the probability of
a viewpoint v; being accurately surveilled, which is modeled
as a piecewise function related to the distance between UGV
and its target viewpoint:

1, d,’fdv
fi = (d—dl)/(c?—c?)—H, d<di<d
0, di>3

where f; is the detection probability at v;, d; is the Euclidean
distance from UGV to v;, d is UGV’s detection range, and
d denotes UGV’s observation boundary. As shown in Fig. 2,
UGV at v; can surveil surrounding observable viewpoints O;
within d with a probability of 1. It decreases between d and
d and eventually drops to O at the observation boundary d.

Definition 1 (Observable Viewpoints): are a collection of
viewpoints within detection range d from viewpoint v;.

When multiple UGVs surveil the same viewpoint v;, the
negative probability that all UG Vs fail to detect v; is expressed
by the joint probability [54] as

R
Fr=]]0-1) 3)

r=1

where f/ is the detection probability of the rth UGV to v;.
1— f/ is the negative detection probability. They are multiplied
to compute the probability that all UGVs do not surveil i.
If one UGV’s detection range contains v;, i.e. 3 fl.’ > 0, then
F, <1.

The detection time interval At; for viewpoint v; is described
as the time gap between its current visit time ¢ and last
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surveillance time #; at v;:
At =t —t;. “4)

UGVs persistently surveil viewpoints’ status to reduce their
non-confidence levels in a road network over long periods.
Thus, its effect needs to reflect the surveillance’s dynamic
nature and is positively correlated with detection time interval
and negatively with detection probability. Based on the above
analysis, the uncertainty u; of viewpoint v; is used to measure
the effectiveness of persistent surveillance and expressed as

0, 3i € R such that fr=1
ui(t)y=11, ui(r) > 1 (%)
w; - At; - Fi/t,, otherwise

where w; is the importance weight of v;. f,, is an expectation
interval to normalize the uncertainty as a dimensionless vari-
able and can be estimated by max w; - At; - F;. When t, is
relatively small, the uncertainty grows fast with time. Consid-
ering the real scene, a viewpoint’s maximum allowable interval
At; between two visits should be constrained according to the
environment types, such as 1 hour for warehouse monitoring.
Otherwise, the system fails to detect events appearing at v;.
u;(t) = 0 only if fr = 1, which means that the viewpoint v; is
within the detection range of at least one UGV, and At; = 0.

C. Dual-Task Effect Model

In the road network environment, dual tasks may arise
at the viewpoints. A UGV can detect viewpoints’ status
in its detection range; while emergencies can only be han-
dled when UGVs reach the viewpoints according to realistic
scenarios like catching criminals and extinguishing a fire.
P ={p1,..., px} is a set of viewpoints where emergencies
appear, and K is the number of emergencies. The road
network environment with emergencies is abstracted as G =
(V,E,W,D, P).

H; is the number of emergencies co-appearing at the view-
point v;, and is denoted as

K
Hi=2"[pj=vi] 6)

Jj=1

where [x] = 1 when condition x is satisfied; otherwise 0.

UGVs have equipment capable of handling emergencies in
a road network G. Once emergencies appear, UGVs detect
and share their positions, then arrive at the position to han-
dle the emergency. Emergencies are handled once necessary
UGVs have reached. UGVs have limit to handle emergencies,
meaning that a UGV can only use its equipment to cope with
one emergency. After its equipment is used, it cannot handle
a new emergency, which is described as:

0, no equipment

I, = (7

1, otherwise
where I, denotes whether the rth UGV can solve an
emergency.
Considering realistic scenarios, emergencies may appear at
the same viewpoint v;, i.e., H; > 1, and are divided into
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two categories. One is indivisible emergencies such as forest
fires [51] where multiple UGVs need to meet at the target
viewpoint to deal with the fire simultaneously. Otherwise, for
example, if a UGV first puts out part of the fire, the fire may
soon grow up.

RI
Si=1>_ 1> H] ®)
r=1

where S; defines whether H; indivisible emergencies have
been handled at v;, and R’ is the number of UGVs arriving at
v;. [x] = 1 when condition x is satisfied; otherwise 0. S; = 1 if
enough UGVs whose I, = 1 arrive at emergency locations,
meaning that these indivisible emergencies are handled. When
the number of UGVs arriving at emergencies is less than H;,
emergencies cannot be well handled, and thus S; = 0.

The other one is divisible emergencies such as litter picking
in public places [55], [56]. When a UGV detects such litter,
it fills its bin as much as possible and leaves without waiting
to meet other UGVs. Other UGVs arrive at different moments
to pick up the remaining litter. A divisible emergency that
appears at v; can be resolved if UGV r has passed through it.

UGVs aim to immediately handle emergencies at viewpoint
v; in the dual-task problem. Thus, the evaluation criterion is
modeled as the emergency degree and needs to consider the
number and type of emergencies, which are expressed as:

@) =1-S5)-H 9

where i1; (¢) denotes the emergency degree of viewpoint v; at
time ¢. 1; (¢) is positively related to the number of emergencies
as H;. For indivisible emergencies, «;(t) equals 0 or H;,
depending on whether all needed UGVs arrive at v;, i.,e., S; =
0 or 1. For divisible emergencies, S; = 0, and i; (t) = H;.

The performance of the proposed dual-task problem is
measured by the risk level:

1 J
c= l;(ui(r)) + ; i (1). (10)

D. Dual-Task Problem Formulation

A dual-task problem is defined as: given R homogenous
UGVs, the sensing ability f;, number of emergencies H; at
vj, a road network G = (V, E, W, P), and UGV moving
speed v, UGVs plan their paths to minimize the uncertainty
and emergency degree at all viewpoints. It is assumed that
the uncertainty of all viewpoints at the beginning of the task
is 1 and the emergency degree is 0. The dual-task problem is
formulated as follows:

(1)

by finding a group of trajectories T = [Ty, ..., Ty, ..., TR]
of R UGVs to minimize C, where T, is the trajectory of
the rth UGV and represented by a sequence of viewpoints
traversed by it, i.e., T, = (vg, Vb, ...), Where vy, vp, ... € V,
1 <r < R, subject to (1), (2) and (7).

The surveillance problem has been proved NP-hard by
reducing it to a traveling salesman problem [33]. The proposed

f =arg m%n(C)
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dual-task surveillance problem includes surveillance problems
and thus NP-hard. Theoretically, there is no optimal solution of
polynomial time complexity for an NP-hard problem. Research
shows that the heuristic method is an effective means for
solving the NP-hard problem [21]. It can be combined with
online planning to handle dual-task surveillance timely. Thus,
we propose a rule and emergence mechanisms-based heuristic
method to solve the new problem.

III. COOPERATIVE DUAL-TASK PATH PLANNING

The cognitive architecture [57] is widely used in solving a
surveillance problem. There is a centralized coordinator plan-
ning on the global graph to decide which vertex to move to.
It knows all viewpoint statuses and assigns the target viewpoint
with the highest reward for robots. Each robot then chooses the
shortest path to its assigned targets. This architecture allows
UGVs to consider all viewpoints and thus has an advantage
in finding global optimal paths. Considering the advantages of
cognitive architecture in dynamic planning [57], we propose
a Cooperative Dual-task Path planning method (CDP) to
solve the dual-task problem based on it. Its basic process
for a UGV is: 1) Select all the viewpoints as candidates.
2) Compute candidates’ rewards with their risk level and
update the shortest path from the UGV to them. 3) If the UGV
is not in the closest swarm to a candidate with emergencies,
clear its reward such that it will not choose the emergencies
as its target. 4) Select the UGV’s target viewpoint with the
maximum reward. 5) The UGV moves one step to approach
its target viewpoint according to the shortest path. 6) UGVs
replan their targets and paths when they reach a viewpoint. The
proposed method considers all the viewpoints in the graph,
which is widely used in dynamic path planning [57].

A. Target Viewpoint With Dual-Task Priorities

UGVs first select a target viewpoint. Determining a target
viewpoint requires the consideration of three factors: the
reduction of uncertainty, the resolution of emergencies, and the
moving time consumption [16]. Dual-task priority is applied
in calculating the decision reward to ensure that the highest
priority is given to emergencies. The combined reward is built
as follows:

Pir = Z up(@®) +o - I - i (1) — Dec * dmin/V - w;
keO;

(12)

where P/ represents the reward for UGV r selecting the
viewpoint v; as its target. O; is the observable viewpoints [33]
and defined in Definition 1, ux(¢) is the uncertainty of the
viewpoint v; belonging to O;; o is the dual-task priority
weight to ensure that the emergency has a higher priority. p. is
a reward coefficient for the path’s cost in calculating a view-
point’s reward. dpi, is the shortest path distance. When the
target viewpoint v, has emergencies, the shortest path’s desti-
nation is exactly v;. However, when there is no emergency, the
destination is one of v;’s observable viewpoints O; because a
UGV only needs to reach one of O; that can surveil v;. The
shortest path between any two viewpoints is calculated using
the Floyd-Warshall algorithm [58]. It considers a graph G with
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Algorithm 1 Computing Observable Viewpoints and o

Algorithm 2 Computing the Closest Swarm of UGVs

Input: The set of viewpoints V, detection range
d, k=0
Output: the set of observable viewpoints O;, o
1 for each viewpoint v; do

2 for each viewpoint v; do
3 djj < distance between v; and v;;
4 if d;j < d then

5 Oix = vj;

6 k=k+1;

7 end

8 end

9 if kK +1 > o then

10 | a=k+1;
1 end

12 k=0.
13 end

viewpoints V numbered 1 through N and defines a function
F(i, j, K) that returns the shortest path length from v; to v i
via intermediate viewpoints vy € {v;---vg}. When all the
possible v; € {v] - - - vy} are considered, the shortest path with
multiple edges is updated and obtained according to the recur-
sive formula: F(i, j, K) = min(F(i, j, K—1),F(, K, K—1)+
F(K, j, K — 1)). The calculation processes of the observable
viewpoints and « are given in Algorithm 1.

When p. is large, UGV mainly considers moving short
distances to maximize the reward. Therefore, closer viewpoints
will be more likely to be selected. When p, is small, UGV
focuses more on the risk level of the global viewpoint.
According to the analysis in [33], the reward coefficient
represents the degree of adjustment to the global and local
road network persistent surveillance performance. Therefore,
an adaptive adjustment function is similarly implemented for
Pc to optimize the performance of the dual-task path planning.

Pn,
Pc =
[ Pm,

where p,, and p, are respectively the minimum and normal
reward coefficients, umax is the allowable uncertainty, and
Uy, is the current maximum uncertainty. When the maximum
uncertainty in the environment is greater than u,,, or UGVs
discover emergencies, the weight of path cost decreases from
Pn t0 pp. The algorithm drives UGVs to the viewpoint with
the maximum risk level. There is p,, < p, < 1, and
pm —> 0, pp = N/ty.

Um < Umax A H; =0

Um > Umax VYV H; > 0

13)

B. Closest Swarm of UGVs to the Target Viewpoint With
Emergencies

Multiple UGVs may select the same target viewpoint and
cause a waste of surveillance performance. Inspired by [33],
a location dispersion rule is utilized to resolve the target
conflict during persistent surveillance: All viewpoints within d
around a viewpoint that the UGV has selected have a reward of
0 to the other UGVs. However, this rule fails to consider emer-
gencies because emergencies appearing at a viewpoint may

Input: Current target viewpoints of other UGVs Q,
k = 0, Pyin = 0o, waitinglist = 0
Output: the closest swarm of UGVs
1 Q <« current target viewpoints of other UGVs;
k = 0, Pyin = 0o, waitinglist = 0 ;

2 for each viewpoint v; do

3 Clear waitinglist;

4 for r'th UGV’s target v; € Q do

5 if v; = v; then

6 Compute P; /;

7 k=k+1;

8 Add (/, P/.’/) to waitinglist;

9 end '

10 end

11 if kK = H; then

12 Sort waitinglist by reward;

13 ', Pf /) < H; th element in waitinglist;
14 if P/ > Pl.r/ then

15 ‘ Remove v; from UGV r’’s target;
16 end

17 else

18 | P =0.

19 end
20 end
21 end

require more than one UGV to handle. A heuristic protocol is
employed for each UGV to compute a swarm of the nearest
UGVs to handle the emergencies. UGVs compete for target
viewpoints and finally find the closet subswarm by reward
calculation. This protocol is implemented in Algorithm 2 and
its output is the closest swarm.

A UGV first obtains target viewpoints v; € Q of other
UGVs, calculates the times k that its target viewpoint is the
same with others, and adds the record to the waiting list, which
stores the index of the UGV with the repeated target and its
reward. If k = H;, the currently selected viewpoint v; has been
allocated enough UGVs to handle it. Selecting this viewpoint
as the current UGV’s target will create a new conflict, and
the UGV needs to compete with the r'th UGV, which has the
lowest reward in the waiting list. If the competition fails, then
Pl.’ = 0; Otherwise, v; is removed for r’ and it will reselect
the target viewpoint in the next decision. When all UGVs have
calculated their viewpoints’ rewards in a time step, a subswarm
of UGVs with the closest distance actively select the target
viewpoint and handles emergencies.

C. Next Viewpoint to Visit

After UGVs select the target viewpoint and optimize the
selection result by Algorithm 2, they compute the shortest
path to the target viewpoint and decide which viewpoint to
visit. Considering the environment’s dynamics in uncertainty
and urgent degree, a UGV moves one step along the shortest
path. It recalculates its target viewpoint and shortest path when
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Algorithm 3 Cooperative Dual-Task Path Planning

Input: Task duration T, number of UGVs R, time
step dt, v,t,,initial positions pg
Output: Trajectories of UGV r
1 Load: Undirected graph G = (V, E, D, W, P), function f;
Observable viewpoints of each UGV r, «a;
(Algorithm 1)
2 for each ¢ in T, at intervals of dr do

3 ui(t), u;(t) < update uncertainty and emergency
degree of each viewpoint using (5,9);

4 if the rth UGV arrive at a viewpoint then

5 Compute p. through (13);

6 Gain other UGVs’ target;

7 Compute least-cost path and its length;

8 Compute P/ through (12);

9 if H; > 1 then

10 L Computing the closest swarm;

(Algorithm 2)

11 else

12 L Location dispersion;

13 Umax < find(max P/")

14 6, (t) <travel direction to vpax

15 if 6, (¢) reverse from old direction then

16 L Backtracking repression;

17 else if 6,(r) = 0 then

18 L Deadlock release;

19 Compute p,(t + dt) using (1).

reaching the next viewpoint. During this period, two rules are
considered as follows.

1) Deadlock release: When a UGV always stays at a
viewpoint, it is defined as a deadlock. It occurs when the path
cost is greater than the reward or when multiple viewpoints
have equal rewards. To release UGVs from a deadlock, the
adjacent viewpoint with the maximum reward is selected as
the target viewpoint for the next step.

2) Backtracking repression: Due to the dynamical uncer-
tainty of the viewpoint state, a UGV is likely to move back
and forth on the road network. When UGV’s moving direction
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Flowchart of the proposed CDP. Q, represents the target viewpoints of the rth UGV.

b = 1, dg =1V H; >0 (14)
0.4/dg, dg>1VI. =0

where d, is the edge degree of the viewpoint v;. When UGV
has only one direction to move or needs to handle emergencies,
it is unavoidable to backtrack. Otherwise, it will choose the
adjacent viewpoint with the highest reward as the next target
viewpoint with probability. The probability parameter setting
of 0.4 is according to [33].

If a UGV arrives at a viewpoint with indivisible emergen-
cies, it waits there for the arrival of other UGVs. Otherwise,
it continues to surveil viewpoints.

Fig. 3 and Algorithm 3 show the proposed method’s
flowchart and pseudocode, called Cooperative Dual-task Path
planning (CDP). CDP starts with the initialization of a map
and UGVs. Then, CDP computes targets for UGVs to generate
trajectories by the following steps: At each time step ¢, UGV
determines whether it has reached a viewpoint and, if so,
it makes a new decision: UGV calculates reward coefficient
pc and gains other UGVs’ targets to compute viewpoints’
reward. Considering UGVs’ cooperation, UGV chooses the
closest swarm or location dispersion to resolve target conflicts
according to whether it needs to handle emergencies. After
reward computation, UGV selects the direction of the shortest
path to the viewpoint with the maximum reward. If the selected
direction triggers a backtrack or deadlock, it selects a new
direction to repress the backtrack or get released. Finally,
it moves to the next viewpoint in the planned direction. Its
complexity is determined by steps 7 and 8, where the shortest
path and reward are calculated. The complexity of finding the
shortest path is O(N?), as the Floyd-Warshall algorithm is
employed. Considering the number of observable viewpoints
of viewpoint v; as n;, the shortest path needs to be calculated
N - n; times. Therefore, the worst complexity of CDP is
O(max(n;) - N%) < O(N%).

The proposed algorithm CDP has two types of parame-
ters. The first type includes environmental and UGV model
parameters such as map, UAV speed and detection range.
They do not affect the ability of CDP. The other type includes
those directly affecting the cooperation among UGVs, e.g.,
UGV’s cooperation range d'; all viewpoints within d’ around
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a viewpoint that the UGV has selected have a reward of 0 to
the other UGVs. A reasonable setting for d’ can improve UGV
cooperation efficiency and make the algorithm find better solu-
tions that can be close to the optimal solution (no guarantee
since the problem is NP-hard). Our deeper experiments and
analysis indicates that when the optimal cooperation range d’
equals UGV’s observation boundary d, the proposed algorithm
performs relatively the best. Relative materials are given in
Section X of the Supplementary File.

IV. SIMULATION RESULTS

The performance of the proposed CDP is tested by sim-
ulation using various road network models, detection range,
dual-task priority weight o and emergency types to illustrate
its feasibility. The state-of-art surveillance method is compared
in terms of the method’s accuracy for solving the dual-task
problem with various UGV numbers and emergencies’ appear-
ing cycles. The simulation results and analysis demonstrate
the proposed method’s superiority in solving the dual-task
problem.

A. Scenes and Performance Criteria

As shown in Fig. 4, the experiment considers three different
road network environments, marked as M;, M,, and Ms3.
M, is a small-scale map with strong connectivity. It contains
49 viewpoints, which are evenly distributed, 10m apart, cov-
ering an area of 3600m>. M, simulates a real-world irregular
road network and contains 64 viewpoints, covering an area
of 4940m?. M3 is a large-scale map with several obstacles,
containing 263 viewpoints, covering an area of 26600m?. The
viewpoints in all the maps are numbered sequentially from top
to bottom and from left to right. The blank in M| and M, is
the same as the obstacles in M3, where UGV cannot reach.

Emergencies appear cyclically and randomly in the environ-
ment with a cycle of 1y and a UGV’s equipment I, is refilled
in every cycle. In My and M>, for every ¢y = 200s, there are
2 viewpoints each with 2 emergencies appear. In M3, for every
tr = 200s, there are 2 viewpoints each with 3 emergencies
appear. The divisible emergency type is marked as E| and the
indivisible emergency type is marked as E».

All simulations default conditions are under Eq, d = 2(?,
di = 1s, T; = 1200s. v = 1m/s, 4 UGVs in M; and M>,
v = 10m/s, 6 UGVs in M3, and t, = 1000s. The other
parameters are umax = 0.80, p, = 0.01 and p,, = 0.001.
All the viewpoints’ weights are 1.

The method’s performance for solving the dual-task prob-
lem is measured according to the average risk level (Cy)
and the successfully handled emergencies ratio (C3). C; is
calculated by the formula (11). C; is the ratio of successfully
handled emergencies’ number H to the total emergencies’
number H;. The calculation formula is C, = H,/H;.

B. Results and Analysis

The feasibility of the proposed CDP is first illustrated
in the following contexts. Then the accuracy is compared
with the state-of-the-art road network persistent surveillance
method [33] and its modified variation. All the simulation
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1l

(a) Mj: small-scale map (b) Ma: irregular road network

[T

(c) M3: large-scale map

Fig. 4. Three different road network environments. The red dots represent
the viewpoints and the blue segments represent the edges.

results in this section are obtained from MATLAB 2018b on
a desktop computer with an Intel Core i7-10750H (2.6 GHz),
Corsair DDR4 (16GB) memory, and Nvidia Geforce GTX
1650Ti (4GB) graphics card. Considering the randomness of
the heuristic method, the performance criteria C1 and C> in
this section are the averages of consecutive calculations.

1) Feasibility: The feasibility means that UGVs can surveil
all viewpoints’ statuses and simultaneously handle emergen-
cies. Figs. 5 and 6 show the behavior of UGVs planned by
the proposed CDP and the surveillance effect qualitatively.
As shown in Fig. 5, UGVs cooperatively surveil all viewpoints
and handle emergencies in the road network environment.
Since the detection range of UGV is considered, when some
viewpoints are less than the detection range from their neigh-
bors, UGV can detect the status of all viewpoints without
traversing them.

As shown in Fig. 6, The variation of the average risk
level further illustrates the execution of the method. In the
beginning, UGVs persistently surveil viewpoints, causing the
risk level to decrease. When emergencies appear, the risk level
suddenly increases. UGVs first detect emergencies and then
travel to handle them with higher priority. When emergencies
are handled, the risk level falls to a low level and UGVs
continue to surveil viewpoints until new emergencies appear.
As the detection range increases, the risk level decreases in a
shorter time because emergencies can be detected by UGVs
more quickly.

As shown in Table I, different dual-task priorities affect the
method’s performance in handling dual tasks. In the results
under o = 1, 3, the environment is high-risk and UGV cannot
handle all emergencies. This is because a set of viewpoints
with high uncertainty probably has a greater reward than
handling emergencies at a viewpoint. Thus, UGVs focus on
reducing the viewpoint’s uncertainty and ignoring emergen-
cies. It is considered that the dual-task priority has a lower
bound @ = max |O;| + 1, which means even if all observable
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Fig. 5. The trajectories of 4 UGVs under E1, M, d = 10 cm. Different
color trajectories represent different UGVs.
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Fig. 6. Average risk level under different detection ranges. All the above
results are obtained under conditions of Ej in Mj.

TABLE I
DIFFERENT DUAL-TASK PRIORITY RESULTS

Dual-task priority Ch Co

a=1 292 033

a=3 2.12  0.83

a=26 1.56 1

a=29 1.62 1
TABLE III

DIFFERENT EMERGENCY TYPES RESULTS (C/C>3)

Emergency type  Divisible emergency (E1) Indivisible emergency (E2)

G1 1.35/1 0.79/1
G2 1.81/1 1.45/1
G3 1.23/1 0.99/1

viewpoints around a viewpoint have an uncertainty of 1,
UGVs still prioritize emergencies. Map M3 has max |O;| = 5,
so in the results under « = 6,9, UGVs can prioritize all
emergencies and keep the environment at a low risk level.

Table III and Fig. 7 show the performance of the proposed
CDP for different emergency types. All emergencies can be
handled, and a low risk level is maintained in three maps.
Compared to the risk level convergence curve for divisible
emergencies in Fig. 6, Fig. 7 remains at a level (e.g., 2, 4, 6) for
a longer time because UGVs need to wait for other UGVs to
handle emergencies. In contrast, divisible emergencies do not,
and UGVs can continue to surveil viewpoints. Thus, divisible
emergencies have a lower risk level than indivisible ones,
as shown in Table III. The above results show that the method
is feasible for solving the dual-task problem.
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Fig. 8. 4 UGVs represented with different colors are surveilling a road
network with dynamic obstacles. The black squares represent obstacles. The
viewpoints’ color indicates their risk level.

CDP can successfully address dynamic obstacles: 1) UGVs
cannot pass through obstacles. 2) UGVs cannot surveil view-
points obscured by obstacles. For the first case, CDP’s UGVs
in the last version can directly update the road network map
and re-plan paths to avoid obstacles. As shown in Fig. 8§,
a dynamic obstacle stops the passage of UGV r; to its
target v;. Then, CDP drives r; to recompute vi’s reward
without considering the path having an obstacle. Thus, r; does
not pass through obstacles and reselect targets for a higher
reward because a longer path to avoid obstacles reduces v;’s
reward. For the second case, CDP’s UGVs compute rewards
considering obstacles. As shown in Fig. 8, a dynamic obstacle
exists between vy and v3. When a UGV selects vy as a
target, it does not compute the reward of surveilling v3 within
its detection range. It cannot pass a road to surveil vy by
arriving at v3. Thus, surveilling vy’s reward is low, and UGVs
prioritize to surveil areas without obstacles. Besides, based
on their sensor model, UGVs do not consider viewpoints
obscured by obstacles. The experimental results are given in
the Supplementary File.

Considering practical applications, more simulation results
and analyses are given in the Supplementary File, including
the optimal number of robots, homogeneous UGVs, UGV
model assumptions, fuel level, sensing failures, noise, and
transmission delays.

2) Accuracy: The accuracy means the proposed CDP can
handle the dual-task problem with minimum average risk level
and maximum success in handling emergencies. Our CDP
has been compared with six other state-of-the-art surveil-
lance algorithms, including the heuristic cognitive persistent
surveillance algorithm (HCPS) [33], the heuristic pathfinder
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TABLE IV

THE PROPOSED METHOD COMPARED WITH OTHER SURVEILLANCE
SOLUTIONS IN VARIOUS UGV NUMBERS (C1/C»)

UGV number R=1 R=2 R=3 R=4 R=5 R=6
HCR 3.22/0.25 2.64/0.48 1.85/0.71 1.60/0.78 1.40/0.96 1.30/0.96
HCR-m 3.21/0.25 2.35/0.50 1.71/0.73  1.37/0.84 1.07/0.96 1.04/0.98
HPCC 3.21/0.25  2.28/0.50  1.69/0.75 1.07/1 0.80/1 0.88/1
M,y HPCC-m 3.21/0.25  2.20/0.50  1.67/0.75 0.76/1 0.56/1 0.61/1
HCPS 3.23/0.25 2.32/0.50 1.62/0.75 1.00/0.92  0.83/0.98 0.73/1
HCPS-m 3.21/0.25 2.21/0.50  1.64/0.75 0.70/1 0.55/1 0.51/1
CDP 3.21/0.25 2.16/0.50 1.55/0.75  0.54/1 0.45/1 0.31/1
HCR 3.80/0.21  2.99/0.43  2.29/0.68 1.94/0.78 1.88/0.78 1.72/0.87
HCR-m 3.79/0.22  2.82/0.48 2.25/0.68 1.72/0.89 1.51/0.90 1.33/0.96
HPCC 3.73/0.21 2.84/0.49 2.15/0.72  1.80/0.98 1.45/1 1.34/1
M, HPCC-m 3.67/0.23  2.58/0.50 2.11/0.72 1.51/0.95 1.25/1 1.19/1
HCPS 3.58/0.25 2.83/0.49 2.09/0.72 1.76/0.94 1.43/0.97 1.271
HCPS-m 3.68/0.22  2.64/0.50  2.09/0.75 1.43/1 L.171 1.05/1
CDP 3.68/0.23  2.55/0.50 1.84/0.75 1.08/1 0.96/1 0.75/1
HCR 5.24/0.17 4.73/0.29 4.33/0.38 3.85/0.50 3.42/0.59 3.26/0.62
HCR-m 5.24/0.17 4.60/0.32 4.12/0.45 3.54/0.56 3.35/0.65 3.13/0.71
HPCC 5.29/0.17  4.32/0.33  3.34/0.50 2.56/0.67 2.04/0.83 1.08/1
M HPCC-m 5.25/0.17 4.29/0.33  3.19/0.50 2.48/0.67 1.98/0.83 0.94/1
HCPS 5.21/0.17  4.18/0.33  3.36/0.50 2.64/0.67 1.85/0.83 1.18/1
HCPS-m 5.18/0.17 4.12/0.33  3.16/0.50 2.45/0.67 1.69/0.83 0.83/1
CDP 5.12/0.17 4.00/0.33  3.03/0.50 2.37/0.67 1.54/0.83 0.69/1

conscientious cognitive (HPCC) [57] and the heuristic con-
scientious reactive (HCR) [26]. The other three methods are
the modifications of HPCC, HCR and HCPS for dual tasks,
respectively, named HPCC-m, HCR-m and HCPS-m. HCPS
allows UGVs to identify a viewpoint’s status as long as
it is within the detection range and plans the path with
certain coverage along the network without traversing all the
viewpoints. HPCC and HCR are recognized as efficient and
classical algorithms in the field of UGV surveillance. When
solving the dual task problem, UGVs of these algorithms
treat emergencies as surveillance tasks and occupy a unique
viewpoint for surveillance. However, the viewpoint where
the emergencies appear should be shared rather than unique
such that multiple UGVs can handle the emergencies quickly.
Therefore, the comparison with these original algorithms
cannot sufficiently illustrate the advantages of our proposed
algorithm, CDP, in the cooperative handling of emergencies.
For this reason, we convert emergencies of HCR-m, HPCC-m
and HCPS-m into shared surveillance tasks for UGVs.

Table IV compares the experimental comparison results of
proposed algorithm CDP to six surveillance algorithms (HCR,
HCR-m, HPCC, HPCC-m, HCPS, and HCPS-m) in various
UGV numbers and maps. C; and C» are performance criteria
that indicate the average handling level of dual tasks and
UGVs’ ability to respond to emergencies; Low C; means that
the dual-task surveillance is handled well and the environment
is safe; Cp = 1 means that the emergencies are all handled.
Their definitions are given in Sec.IV-A.

Firstly, comparison results with the algorithm X €
{HCPS, HPCC, HCR} and its variant X-m illustrate that
the dual task problem is new and differs from classical
surveillance in that multiple UGVs are required to handle
emergencies. X treats emergencies as unique surveillance.
UGVs need to come one by one, and each can only handle a
part of the emergencies, leading to a slow response. However,
UGVs of X-m share their surveillance targets and can travel
to emergencies simultaneously for quick handling. Thus, the
performance of algorithms X is weaker than their modified
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TABLE V

THE PROPOSED METHOD COMPARED WITH OTHER METHODS IN
VARIOUS EMERGENCIES’ APPEARING CYCLE (C;/C3)

tr 300s 250s 200s 150s 100s

HCR 1.94/0.78  2.33/0.68  2.53/0.69  2.86/0.57  3.32/0.41
HCR-m 1.72/0.89  2.04/0.75  2.29/0.71 2.70/0.61 3.23/0.44
HPCC 1.80/0.98  2.00/0.87  2.41/0.72  2.64/0.62  3.22/0.44
HPCC-m  1.51/0.95 1.79/091  2.25/0.89  2.54/0.71 3.15/0.54
HCPS 1.76/0.94  1.88/0.82  2.36/0.78  2.68/0.69 3.36/0.4
HCPS-m 1.43/1 1.58/0.95 2.28/0.87  2.48/0.83  3.19/0.51
CDP 1.08/1 1.44/1 1.65/0.96 2.10/0.87  2.71/0.69

variants X-m. Secondly, the comparison results between the
algorithm X-m and the proposed algorithm CDP emphasize the
advantages of our algorithms over other solutions: 1) HCPS-
m does not handle two types of competition: competition
between surveillance and emergencies and competition among
UGVs, leading to delayed or non-handling of emergencies.
In contrast, our CDP provides a dual-task priority weight «
in Algorithm 1 to ensure that the emergency has a higher
priority than surveillance. CDP also selects a necessary and
appropriate subswarm of UGVs with the nearest distance to
handle emergencies instead of just sharing the emergencies,
since the more distant UGVs may take over the tasks of UGVs
who are closer to emergencies. 2) HPCC-m drives UGVs
to arrive at every viewpoint for surveillance and emergency
handling. However, our CDP considers UGV’s detection range,
meaning that UGVs can surveil a viewpoint at its near view-
points. CDP plans paths for UGVs to traverse only partial
viewpoints, thus saving traveling time. 3) HCR-m selects only
neighboring viewpoints as path-planning targets. Therefore,
UGVs only handle emergencies appearing at their neighbors,
making the emergencies easily delayed and thus less effective
than our CDP. Thirdly, the comparison results of different
maps and UGV numbers indicate that our CDP is more
suitable for complex scenarios with more emergencies and
big UGV numbers. When R = 1, the performance is similar
among the six methods. As the number of UGVs increases,
CDP has the lowest risk level and can handle all emergencies.
Besides, the advantage of CDP is obvious in the irregular
map M, and the large map M3. This is because more UGVs
and complex environments require more effective UGV swarm
cooperation strategies. In summary, the accuracy of our CDP
is best with the lowest C and highest C>. With the increased
number of UGVs and more complex maps, CDP’s accuracy
advantage is more obvious. The above results are obtained
under 7y = 3600s and ¢y = 300s.

Comparison results under shorter emergencies appearing
cycles better indicate our CDP’s accuracy advantages for solv-
ing dual tasks. Table V presents the proposed CDP compared
with other methods under various emergences’ appearing
cycles ty in map M>. When ¢ty > 250s, only our CDP has
C> = 1, which means that only CDP can handle all the emer-
gencies within the cycle. When ¢y < 250s, emergencies appear
so fast that UGVs of all the methods do not have enough
time to handle emergencies, thus C> < 1. In these extreme
environments, our CDP still performs the best. It handles at
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least 15 percent more emergencies than the six compared
methods, and has the lowest average risk level Cj.

V. CONCLUSION

This work has investigated a new problem of simultaneously
performing persistent surveillance and emergency handling by
detection-capable UGVs on a road network, which is named a
dual-task problem. We present a novel method to solve it. The
simulation results demonstrate its feasibility and advantages in
surveilling viewpoints and handling emergencies.

The CDP proposed in this paper needs UGVs’ global
communication and pre-known maps. It is thus limited in
the case of no communication and unknown environments.
A reasonable solution to the communication constraint is to
establish protocols for UGVs to meet periodically to exchange
information, or to have specific UGVs traversing among
UGVs as messengers. A viewpoint buffer and task assignment
mechanism can be set up for unknown maps to expand the
viewpoints set each UGV is responsible for dynamically.
When UGVs traverse all viewpoints once, the map is known,
and the presented method can work again. Our future work
tends to focus on dynamic road network environments, such as
dynamic viewpoints and obstacles, which pose new challenges
to the method. How to use recent methods [59], [60], [61], [62]
to handle a large-scale dual-task problem and more application
scenarios [63], [64], [65] should also be investigated.
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