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This paper presents an algorithm for efficient search and rescue using a multi-agent system
of vehicles. The algorithm uses an artificial potential field combined with a time-varying
reward function for visiting various points within the search area. The reward function is
used to weight the attractiveness of these points in the potential field, and collision avoidance
terms are used to repel vehicles from each other, which has the additional effect of reducing
duplication of searching efforts. The algorithm generates velocity commands in real-time
based on communication with the other vehicles. This framework allows vehicles to react in
a dynamic environment, which is a significant advantage to simply following a-priori defined
trajectories. Simulation results are presented to demonstrate the ability of the algorithm to
cover the search area effectively. The algorithm is also compared to an exhaustive lawn-mower
search pattern. This comparison is done via a Monte Carlo simulation with randomized target
initial conditions and trajectories. The time to find the target improved by 16 and 30% in the
mean and median, respectively. Additionally, this paper presents a method for analyzing the
upper bound for time to find a target under the potential field guidance algorithm assuming a
radially expanding search area.

I. Nomenclature
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search component of potential

vehicle indices

= search weight

= Gaussian radial basis function index

= number of Gaussian radial basis functions
= reward

= position

= Gaussian radial basis function center

= Gaussian radial basis function width
reward rate gains

= boolean that indicates whether a point is observed
= collision avoidance component of potential
= collision avoidance weight

= number of vehicles

= total potential
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Vinax = maximum speed

v = velocity command

K = gradient descent step size
u = measurement radius

70 = initial reward

Ay = search area

P = search radius

Vs = target maximum speed
A = covered area

£0 = initial search radius
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II. Introduction

This paper presents an algorithm for optimal area coverage by a system of multiple aircraft applied to a search and
rescue mission. The main contribution herein is the development of a potential field guidance algorithm constructed to
efficiently guide each vehicle towards an unobserved portion of the search area while avoiding collisions with other
vehicles in the group and minimizing duplicated efforts. The guidance algorithm runs in real-time such that vehicles
may react to a changing environment. This characteristic has obvious advantages over a-priori trajectory planning
methods. The target of the search and rescue mission may be moving, and thus it is insufficient for vehicle positions to
converge to some steady state. This paper introduces a time-varying reward function associated with visiting certain
locations within the search area which is then used to optimize vehicle guidance commands. Simulation results are
presented to showcase the efficacy of the algorithm. Simulation results are compared between this guidance algorithm
and a baseline exhaustive search trajectory.

Distributed control of multi-agent systems has been an area of continued research interest for many years [1H3]. This
paper specifically addresses the search and rescue scenario, but distributed control of multiple aerial vehicles can be
applied to many other domains including cartography, reconnaissance, and package delivery. Some of the earliest work
on distributed multi-agent control involved the consensus problem [4}, S]], where each agent updates its own estimate of
some value based on its interactions with other agents in the system. Consensus is achieved when all agents’ estimations
converge to the same value. In [6H10], consensus algorithms were developed for various constraints on information
flow. A more complex problem in multi-agent control is formation control, where rather than converge to a single value,
each agent’s state may converge to a unique value to optimize a global objective function [11H13]]. Formation control
finds applications in formation flying, cooperative transportation, sensor networks, combat intelligence, surveillance,
and reconnaissance [14H16]. Other extensions to multi-agent control include game-theoretic approaches [[17H21]] and
adaptive control methods [22H24]].

In this paper, a potential field is constructed for each agent from two competing objectives: searching and collision
avoidance. These goals are analogous to two of the three basic rules of flocking developed in [[11] and presented in [25]]:

1) Flock centering - ensure that all agents remain close together

2) Obstacle avoidance - ensure that no agents collide with each other

3) Velocity matching - causes agents to move in the same direction and at the same speed
The obstacle avoidance rule is readily adapted. However, rather than drive vehicles towards the flock center, they
are driven towards points in the search space which represent (recently) unexplored locations. Additionally, velocity
matching does not need to be considered for the distributed search and rescue mission. The control input is computed
by finding the direction of steepest descent of the potential field. Potential field gradient algorithms were developed
for flocking in the body of work comprised of [25H29]. [28] introduced a differentiable, nonnegative, and radially
unbounded potential field to represent the distance between two agents. Potential field methods were previously applied
to multi-rotor aircraft guidance in large flocks in [30].

A similar framework to that of this paper is the coverage control problem first discussed in [31]]. There, it’s assumed
that there are enough vehicles to cover the entire space. Coverage control was extended to systems with insufficient
sensor range to measure all points of interest in [32,[33]] from a data fusion perspective. In [34], a method for a-priori
vehicle trajectory planning was developed for this problem. In [21], the coverage control problem was addressed using
graph theory (i.e., discrete state and action spaces). The present paper extends this research area further by presenting a
real-time, continuous, deterministic guidance law that allows vehicles to react based on information about each other
and their environment as opposed to simply following a pre-planned trajectory.

The paper is organized as follows: Section [[II| describes the potential field, section presents the guidance
algorithm, section [V] gives example simulation results, section|[VI|compares the potential field guidance algorithm to a
baseline exhaustive search trajectory method, section [VII| gives results for analyzing the time to find a target in a search
and rescue mission, and conclusions are drawn in section [VIII]

I1I. Potential Field Construction
The multi-agent search problem is composed of two objectives: efficiently searching the space and avoiding
collisions with other vehicles. The component of the potential field that drives each vehicle to efficiently search the
space is defined using a set of Gaussian radial basis functions (GRBFs). The GRBF centers are distributed over the
search area. A simple design choice is create a grid of the search area and use the grid vertices as the GRBF centers.
Another approach may be to use a higher density of GRBFs in regions of greater interest. The search component of the




potential of vehicle i is then
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where W; is the weight prescribed to the searching goal, j is an index for each GRBF center, m is the number of GRBFs
in the search area, r; is a time-varying reward for being within measurement range of the center of GRBF j, p; is the
position of the center of GRBF j, &; is the position of vehicle i, and ¢ is the GRBF width.

The purpose of the reward variables, r; are to increase the weights in the overall potential for areas of the search
space which haven’t been observed recently and decrease the weights for locations which have been observed recently.
Each r; is updated according to

I"‘j =Kr+(1 —a/j)—Kr_ajrj (2)

where K., and K, _ are reward rate gains and «; is given by
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where k = 1,.. ., n is the vehicle index and u is the vehicle measurement range. means that ; is 0 if no vehicle is

within measurement range of GRBF j and 1 otherwise. In conjunction with (2)), this means that the reward for visiting
p; increases at a rate of K., until a vehicle goes there. Once any vehicle is within measurement range of p;, this reward
begins to decrease as a first-order linear system with a steady-state value of 0 and bandwidth K,_.

The component of the potential field that drives each vehicle away from others is defined using the inverse of the
distance between the two agents and is given by
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where W, is the weight prescribed to the collision avoidance goal, and n is the number of vehicles involved in the search.
As the distance between agents approaches 0, V., approaches infinity. Thus, the collision avoidance component will
always dominate the potential when two vehicles get close enough to each other.
The collision avoidance term of the potential field may also be viewed as a deterrent for each agent against duplicating
the efforts of others. As a result of (), potential will be higher in areas which other vehicles are closer to. In seeking low

potential, vehicles will be driven away from areas of the search space that can be more efficiently searched by others.

IV. Guidance Algorithm
Each vehicle’s overall goal is to minimize its own potential, V; = V; + V... Therefore, a velocity command, v;, is
chosen to be in the direction of steepest descent of the potential function and saturated by a maximum speed, v,

aV; dV;
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[52]

where K is a control gain. The partial derivative of potential with respect to the agent’s own position is used instead of
considering all agents in the system because each agent only has authority over its own position and velocity. Thus, the
guidance algorithm is decentralized.

To calculate the partial derivative in (5), we express V; in terms of (I) and @) as
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Fig. 1 Example simulation vehicle trajectories

The guidance algorithm operates similarly to stochastic gradient descent (SGD) [33]], which is widely used to
efficiently optimize cost functions for fitting models to large amounts of data. In SGD, each gradient descent step
is done using a randomly sampled subset of the data to be fit. Because of this, the actual function being minimized
changes by a small amount each step. Despite this change, the gradient direction from the previous step is often very
close to optimal for the current step. In the guidance algorithm presented here, gradient descent of the potential field
happens continuously, and the potential field also changes continuously. Over the course of one infinitesimal time-step,
the change in potential the potential field is small, and thus the direction of the velocity command for any vehicle at
the previous time-instant is very close to the direction that would have been prescribed by the current gradient. By
continuously making these small adjustments, we ensure that vehicle trajectories over the course of a mission remain
close to optimal.

V. Example Simulation

This section presents the results of an example simulation of 10 vehicles with randomized initial conditions in a 10 x
10 search area grid. The grid is evenly spaced in both axes, resulting in 222 vertices used as GRBF centers. Each vehicle
has a measurement radius, 4 of 1 and a maximum speed, V;nqx, of 2. Figure [T|shows the trajectories of all vehicles over
the search area. The GRBF centers are represented as red circles. Figure[2]shows how the potential values and reward
values change throughout the simulation. Empirically, the average reward and average potential values converge to a
stable, steady-state value. Since neither the potential values nor the GRBF rewards grow unbounded, the search area is
well covered for the duration of the simulation. The parameters for this simulation are given in table [T}

VI. Baseline Comparison

An exhaustive lawn mower search pattern is considered as a baseline multi-agent guidance law to compare against.
The same environment and parameters from section[V]are used. Based on the GRBF distribution, the minimum distance
between GRBFs is 1 which is also the vehicle measurement radius value. So if a vehicle coincides with a GRBF center,
it can only observe that GRBF. The lawn mower pattern trajectories are generated as cubic splines that pass through each
GRBEF center. Cubic splines are used because the vehicle dynamics are assumed to perfectly track velocity commands,
and the cubic spline trajectories offer a continuous velocity. The trajectories are scaled temporally with the vehicles’
maximum speed. Once the end of the trajectory is reached, it is traversed again in reverse. This process repeats until the
target is found. A system of four agents was used in the test scenario. The total search areas was divided into quadrants,
and each agent is initialized in the northwest corner of its quadrant.
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Fig. 2 Example simulation results

Table 1 Example simulation parameters

Parameter Value
time-step 1/50
70 1
K+ 1
K, _ 0.5
W, 2
Wy 10
1) 2
K 5
u 1
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Fig. 3 Test scenario trajectories
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Fig. 4 Reward values under lawn mower search pattern

Figure [3a] shows the lawn mower pattern trajectories, and figure [3b]shows the corresponding potential-field based
trajectories for the first 24 seconds, given the same initial conditions.

Figure[ashows the GRBF reward values under the lawn mower search pattern, and figure[#b|shows the corresponding
average over all GRBFs. The maximum GRBF reward reaches a value of about 65 before that GRBF is observed, and
the average signal converges to about 25 with a small oscillation.

Figure[5]shows potential values and GRBF rewards for the potential field algorithm with the same initial conditions
as the lawn mower search pattern. Since the average potential and reward converge to constant values without
unbounded growth, full coverage of the search area can be inferred. In comparing figures [5b|and [5d]to figure ffa] and Ab]
respectively, note that the average GRBF reward under the potential field algorithm converges to about 23 (lower than
the corresponding value of 25 under the lawn mower pattern). This indicates that there is less time between observations
under the potential field algorithm than under the lawn mower pattern since the reward does not grow as large before an
observation occurs.

Also note that maximum individual reward values shown in figure [5b|reach a value of about 85. While this is higher
than the maximum of around 65 under the lawn mower pattern, note that there is a larger margin between these few
outlier GRBF reward values and the rest of rewards. This phenomenon occurs because the potential field algorithm
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Fig. 5 Example simulation results

naturally explores the edges of the search space less than the center regions. Since center regions have more overlapping
GRBFs, their attractive pull in the potential field is higher than the edge regions. This behavior is actually beneficial to
search and rescue missions since the search area should be designed with the highest probability of the finding the target
at the center. The potential field algorithm allows the space to be searched in a way that puts more effort into places
where the target is more likely to be whereas an exhaustive search weights all regions equally, which results in wasted
efforts and lower efficiency.

The benefits of the exhaustive search are maintained in the potential field algorithm by the time-varying reward
function. As a region goes unsearched, the probability of find the target there (and thus, the reward for searching there)
increases until a vehicle is drawn there. Thus the potential field guidance algorithm eliminates the inefficiency of the
exhaustive search while balancing the ability to search all regions.

A Monte Carlo simulation was carried out by randomizing target initial position within the 10 x 10 grid described
in section[V] At each time step, the target takes a positional step according to a zero-mean normal distribution with
standard deviation of 2 for both x and y directions. Each target initial condition and trajectory was run for both the
potential field guidance algorithm and the lawn mower search pattern. The simulation ended when the target fell within
the measurement radius of a vehicle. Thus the simulated time for each run is the time to find the target. The Monte
Carlo simulation contained 10,000 runs. Table shows the mean and median time to find values for each guidance
algorithm from the Monte Carlo simulation. The potential field algorithm exhibits a 16% improvement in the mean, and
a 30% improvement in the median over the lawn mower pattern.

Figure [6]shows histograms for the time to find of each guidance algorithm in the Monte Carlo simulation. The lawn



Table 2 Time to find statistics from Monte Carlo simulation
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Fig. 6 Histogram of Monte Carlo results

mower pattern times to find are more widely distributed between 0 and 20 seconds, while the potential field algorithm
results were highly concentrated in the 0 to 10 second range.

VII. Radially Expanding Search Area
Consider a scenario where the target has some a-priori known maximum speed. In this situation, it follows that the
search area should grow to accommodate the worst-case scenario of the target moving in a straight line at maximum
speed, in an unknown direction. This translates to a circular search area with a radius that grows at a rate equal to the
target’s maximum speed. The search area growth rate can then be expressed as

Ag = 27 pv (8)

where Ay is the search area, p is the search radius, and v, is the maximum target speed.
Conversely, the maximum rate of area coverage, A., by the multi-agent system is

AC = 2ﬂnvmax (9)

This information can be used to establish a bound on the maximum time to find a target before the search area grows
too large. As long as A, > Ay, it is possible for the vehicles to cover the entire search space. Substituting (8) and (@)
into this inequality yields

2pnvmax 2 2mpvy (10)

as the condition for total coverage. (I0) can be rearranged to give the maximum search area radius such that total
coverage is possible:

p < HlVmax (11)
v
Note that p evolves over time according to
0= po + Vst (12)

where py is the initial search area radius, and  is time. Substituting (I2) into (TT)) and solving for ¢ yields

HVmax PO
T Vs

13)



The right-hand side of (I3)) represents the upper bound for time to find the target. Up until this time, the multi-agent
system is able to completely cover the search area. Note that this bound is optimistic because the vehicles are not
likely to travel at their maximum speed at all times. It is also pessimistic because the target is not likely to travel at its
maximum speed in a straight line at all times. This bound can be used to select the number and types of vehicles used
for a search depending on the time since the target was last seen.

VIII. Conclusion

The potential field guidance algorithm presented shows some key improvements when compared to an exhaustive
search method. The Monte Carlo simulation performed for this paper shows an improvement in time to find a target in a
multi-agent, cooperative search and rescue mission of 16-30%. The time-varying reward function provides a way for
vehicles to dynamically weight the importance of searching certain regions, which keeps the majority of the search
focused on the locations where the target is most likely to be found.

Furthermore, the potential field method offers a mechanism by which to analyze the maximum time to find a target
via the radially expanding search area approach. This analysis can be used to help select the number and type of vehicles
to use for the mission.

Overall, the potential field guidance algorithm has the advantage of allowing for decentralized, real-time control of
a multi-agent system in a dynamic environment. This is in contrast to a-priori designed trajectories. In the a-priori
trajectory case, if a vehicle fails to follow its trajectory, search efficiency is lost, and a collision may even occur. Under
the potential field algorithm, when a vehicle fails, the remaining vehicles can dynamically distribute the workload to
maintain efficiency.
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