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This paper presents a method for evaluating the amount of clutter in a region where
autonomous vehicles in a multi-agent system must operate based on LIDAR point cloud mea-
surements. The point cloud is used to generate an occupancy grid which is then projected onto
a 2D plane of vehicle motion, constituting an image. A series of Gaussian radial basis functions
(GRBFy5) is created, each centered at an occupied pixel in a 2D image, and summed together to
form the clutter field. The clutter field is a representation of the density and permeability of the
space at each coordinate. The clutter field is then approximated such that iso-clutter contours
are simple geometric objects so that intelligent machine assets can easily query the distance
between them and any given point in an environment. In this way, agents are able to determine
whether to enter into or steer away from areas of interest. Each vehicle has a clutter threshold
representing the clutter value of the space in which it can safely maneuver. The iso-clutter
contour corresponding to a vehicle’s clutter threshold is treated as the boundary of an obstacle
to be avoided. A simulation is presented where a multi-agent system is tasked with persistent
observation of a cluttered area. Each vehicle in the simulation has a different clutter threshold.
The vehicles use a potential field-based guidance algorithm, and an allocation of vehicles to
specific regions of the space emerges.

I. Introduction

This paper presents a method for quantifying clutter that could impede vehicle motion. It is shown how the clutter
values can be used in guidance of a multi-agent system to autonomously allocate vehicles in a persistent observation or
search and rescue (SAR) scenario. Clutter assessment was a part of NASA’s Autonomy Teaming and TRAjectories
for Complex Trusted Operational Reliability (ATTRACTOR) project. The objective of ATTRACTOR was to build a
foundation for trustworthiness and trust verification in multi-asset human-machine teaming in the operational context of
mission-critical planning and execution. To focus the project, the Design Reference Mission (DRM) for ATTRACTOR
is a multi-asset search and rescue mission governed by a team consisting of human and machine operators. A specific
instance of SAR Under the tree Canopy (SARUC) was the focus of a collaborative partnership between NASA and MIT
[1]] that was awarded the 2019 AUVSI XCELLENCE Humanitarian Award [2] for “locating humans and materials lost
in challenging and cluttered forest areas.” Figure [I| shows experimental flight results from the SARUC mission.

Unmanned Aerial Systems (UAS) show great promise for increasing the efficiency, pace, and efficacy of tasks and
operations performed for the greater good of society but are, more often than not, operated as first-person extensions
of a human operator. For autonomous SARUC systems, navigation through cluttered environments is an important
function. Just as humans would do, UAS should be able to assess whether or not they are capable of proceeding with
their assigned mission and calculating the probability of success via a confidence metric. Part of this confidence metric
[3] is characterizing the “clutter” ahead on their search trajectory and evaluating whether or not to fly into or around a
cluttered region. This demands measurements of density, permeability, and a self-assessment of an ownship’s size,
dynamics, and survivability.

Distributed control of multi-agent systems has been an area of continued research interest for many years [4-6]. This
paper specifically addresses a persistent observation/SAR 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 [7 8], 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’ estimates
converge to the same value. In [9H13]], consensus algorithms were developed for various information flow constraints.
A more complex problem in multi-agent control is formation control, where rather than converge to a single value,
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Fig.1 SARUC collaborative exploration of the NASA Langley Research Center forest by two vehicles [1]

each agent’s state may converge to a unique value to optimize a global objective function [14416]. Formation control
finds applications in formation flying, cooperative transportation, sensor networks, combat intelligence, surveillance,
and reconnaissance [17-19]. Other extensions to multi-agent control include game-theoretic approaches [20-24] and
adaptive methods [25 .

The paper is organized as follows: section [[I] describes how the clutter field is defined and evaluated, section
[ provides the guidance algorithm which uses the clutter field to autonomously allocate agents, section [[V]gives a
simulation example, and conclusions are drawn in section [V}

I1. Clutter Field Definition
The clutter field is defined over the space of vehicle motion such that every coordinate in that space has an associated
clutter value. The clutter value can be thought of as the probability of an obstacle existing at this location. A 2D plane
of vehicle motion is considered in this paper for clarity, but the clutter field can be defined for higher dimensional spaces
as well.
Given an occupancy grid projected over the plane of the vehicles’ motion, we define the clutter field using a
summation of Gaussian radial basis functions (GRBFs) centered at each occupied pixel,
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where Z is the clutter value, £ is the coordinate in the plane at which the field is being evaluated, A is a scaling parameter,
N is the number of occupied pixels, y; is the center of occupied pixel i, and ¢, is the GRBF width. Such an occupancy
grid can be obtained for example from LIDAR measurements. Contours of constant Z are referred to as iso-clutter
contours. To use the clutter field in a guidance law, the point on each iso-clutter contour corresponding to each vehicle’s
clutter threshold must be evaluated. The clutter threshold is the clutter field value above which the vehicle cannot safely
maneuver to avoid obstacles.

The surface in Eq. (I)) can quickly become complex with increasing N. Therefore, a simpler surface is fit to the
actual clutter field such that the minimum distance to approximate iso-clutter contours can be efficiently evaluated. The
clutter field is segmented based on local maxima, and a single multivariate Gaussian function is fit to each region. The
iso-clutter contours of a single multivariate Gaussian function are ellipses, the minimum distance to which can be
calculated quickly.



The clutter field is segmented using a maximum filter with a dilation parameter, 5. To implement the maximum
filter, the clutter field is represented as an image where Z(¢) is the pixel intensity at pixel position &. The filter dilates
the image and merges local maxima in Z which are closer than the distance, 8. Each segment is the set of points that are
closest to each local maximum. To perform this computation, Z(¢) must first be evaluated at each pixel coordinate.

After segmenting the field, points from each segment are randomly sampled with a probability equal to the actual clutter
value at that position. This sampling can be performed in practice with the NumPy function numpy . random. choice
[28]. The sample mean and covariance are used to fit the multivariate Gaussian for that segment. Finally, a scaling
parameter is calculated to fit the multivariate Gaussian for segment j to the true clutter field according to
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where A ; is the scaling parameter for segment j, N; is the number of samples, ) j is the sample covariance for segment
J»and f1; is the sample mean for segment j. Note that the sample mean and covariance, and thus A;, depend on the
dilation parameter, 3, used to perform the segmentation. The approximate clutter threshold for segment j is then
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and the total approximate clutter field is given by
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where c; is the centroid of region j.

The dilation parameter is chosen via a brute force minimization of the error function, Zf\i S NZ(ED - Z(&;, B)|| where
N, is the number of points at which the clutter field is evaluated. N, values for the dilation parameter are tested and the
result with smallest error is used to approximate the clutter field.

This process is described using psuedocode in algorithm [I]

Algorithm 1 Clutter field approximation algorithm

: Receive occupancy grid from an external perception system
: Choose N, values of ¢ at which to evaluate the clutter field to create an image to perform segmentation
: Evaluate Z(¢) according to Eq. at each of the N, values of &
forg=1,2,...,N, do
Find local maxima in the clutter field using the maximum filter with dilation parameter 8
ns <— number of local maxima returned by maximum filter
forj=1,2,...,nydo
Randomly sample Ny values of & in segment j with probability Z(&)
Find the sample mean and covariance of the sampled values of &
10: Calculate A () according to Eq.

11: Evaluate the approximate clutter field, Z(¢, ), according to Eq. @]) at each of the N, values of &
12: B argming ¥4 12(&) - 2(&. B
13: return Z(£, B)
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III. Guidance Algorithm

A. Potential Field Construction

The guidance algorithm used to autonomously allocate vehicles is a modification of the one first presented in [29].
The multi-agent guidance is has three objectives: efficiently search the space, avoid collisions with other vehicles, and
avoid entering regions where the clutter value exceeds the vehicle clutter threshold. To construct a guidance law that
balances these objectives, we define a potential field for each vehicle with terms for each objective. The total potential



of vehicleiis V; = Vi, + V,, + V;, where Vj; is the search component, V., is the collision avoidance component, and Vz,
is the clutter avoidance component.

The component of the potential field that drives each vehicle to efficiently search the space is defined using a set of
GRBFs. The GRBF centers are distributed over the search area. They can be equally distributed, or they can be used to
represent specific locations that must be continually observed. The search component of the potential of vehicle i is then
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where W, > 0 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, y;; is a boolean which is true if Z(p 7, B) < 7; where 7; is the clutter threshold of vehicle i, 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 § > 0 is the GRBF width. ¢ is a tuning parameter that should be chosen such
that there is some overlap in the GRBFs. If ¢ is too small, the potential field gradient will be small between GRBFs,
which will cause ineffective guidance commands. If ¢ is too large, the local minimum at each GRBF center will be lost,
and vehicles will be guided to a minimum at some location between GRBFs. Note that GRBFs centered at a location
too cluttered for vehicle i do not affect vehicle i’s potential.

The purpose of the reward variables, r; is 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

fj = Kr+(1 — Clj) — Kr_ajrj (6)

where K, K,._ > 0 are reward rate gains, and «; is given by
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where k = 1,...,nis the vehicle index and ¢ > 0 is the vehicle measurement range. Equation (7) means that a; is 0 if

no vehicle is within measurement range of GRBF j and 1 otherwise. In conjunction with Eq. (6), 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,_. Note that communication amongst all agents is assumed.

The component of the potential field that drives each vehicle away from others is defined using the inverse of the
distance between agents and is given by
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where W, > 0 is the weight prescribed to the collision avoidance goal, and 7 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 magnitude of W, controls the

distance at which the collision avoidance term begins to dominate the search term.

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 Eq. (), 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.

Finally, the term for avoiding areas that exceed the vehicle’s clutter threshold is
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where W, > 0 is the weight for avoiding cluttered regions, / is an index for each segment of the approximate clutter field

resulting from the segmentation step of algorithm [T} and d;; is the distance from vehicle i to the iso-clutter contour of

segment / with clutter value 7. The iso-clutter contour is found by setting Z(¢, 8) = 7; and solving for &. Let the set of &

that satisfies this condition in segment / be &;. Next, an objective function, E;(&;;) is defined

Ei(&r) = (& — &) (& — &ir) (10

Then
diir = ||& — argmin(E;(&17))|| (11)



B. Velocity Command

Each vehicle’s overall goal is to minimize its own potential, V;. The guidance algorithm generates velocity commands
in the direction of steepest descent of the potential function with magnitude proportional to the gradient and saturated by
a maximum speed, V;;qx-

The guidance algorithm operates similarly to stochastic gradient descent (SGD) [30], which is widely used to
efficiently optimize cost functions for fitting models to large amounts of data. In SGD, each gradient descent step uses a
randomly sampled subset of the data to be fit. Thus 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 the potential field
is small, and thus the commanded direction of travel for any vehicle at the previous time-instant is close to the direction
that would have been prescribed by the current gradient. By continuously making these small adjustments, vehicle
trajectories over the course of a mission remain close to optimal.

The velocity command is
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where K > 0 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 Eq. (I2), we express V; in terms of Eq. (5), Eq. (§), and Eq. (9) as
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The velocity commands can be computed by a global agent and then sent to each agent, or they can be computed on
board the individual agents. Note that communication amongst agents is required since the velocity command requires
knowledge of the state of each observation point and each other vehicle.

IV. Simulation Example

A. Clutter Field Approximation

This section provides a demonstration of algorithm|[I] An example 2D projection of a LIDAR point cloud is shown
in figure 2} The clutter field resulting from Eq. (I)) with §, = 50 applied to the point cloud projection in figure 2] is
shown in figure The clutter field is evaluated at N, = 289 points. The points are the vertices of a 64 x 64 grid with 4
unit spacing on each axis. Note that the iso-clutter contours have complex geometry. This prevents quick and efficient
proximity queries.

The next step is to separate the field into regions that correspond to local maxima. The simulation used N, = 32,
and the S value is 1. Because the local maxima of the original clutter field are sufficiently far from each other, the
maximum filter can preserve all the detail of the original field while still finding a good fit. If the shape of the original
field was more complex, a higher 8 would be needed to avoid overfitting in the segmentation of the field. Selection of 5
is performed automatically at line 12 of algorithm[T} Figuredshows the Voronoi diagram resulting from the three local
maxima. The Voronoi regions will each have a separate multivariate Gaussian function fit to the field within.

Figure [5a] shows the resulting approximate clutter field from fitting a multivariate Gaussian function to the original
surface in each of the Voronoi regions using Ny = 1000. Note that the iso-clutter contours are now ellipses. Efficient
proximity queries can be performed.

Finally, the clutter field approximation is validated by comparing it to the original surface. Figure [ shows the
surface resulting from the approximation error. The largest error is small compared to the clutter values.



Fig. 2 2D projection of a point cloud. Yellow represents occupied pixels, and indigo represents unoccupied

pixels
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Fig. 3 Clutter field

B. Guidance Results
This section presents the results of a simulation of three vehicles, each with different clutter thresholds. The goal is

for the vehicles to persistently observe the space over which the clutter field in section [I[V.A]is defined. The GRBF
centers are defined as the vertices of a grid with 8-unit spacing in both axes, resulting in 64 observation points. Each
vehicle has a measurement radius, y, of 8 and a maximum speed, v;,4x, of 8. The three vehicles have clutter thresholds,
71 =0.03, » = 0.12, and 73 = 1.0. All other simulation parameters are provided in tablem
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Fig. 5 Approximate clutter field

Figure[7|shows the trajectories of all vehicles over the search area. The GRBF centers are represented as gray circles.
The iso-clutter contours of the approximate clutter field are also overlaid. The vehicles self-allocate to cover the regions
of the space that they are best suited for, and no vehicles cross the iso-clutter contours of their clutter thresholds. Agent
1 has the lowest clutter threshold, and thus it self-allocates to the eastern region of the space. Agent 2 can visit all but
the most cluttered regions, and it self-allocates to the western region. Agent 3 can visit anywhere in the space, and it
self-allocates to patrol the center region which includes the most cluttered area.

Figure 8] shows how the potential values and reward values change throughout the simulation. Since neither the
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Table 1 Example simulation parameters

Parameter Value
time-step 1/60

ro 15
K. 1
K, 1
W, 50,000
Wi 100
W- 50

0 128

K 5

potential values nor the GRBF rewards grow unbounded, it is inferred that the search area is well covered for the duration
of the simulation.
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Fig. 8 Simulation results
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V. Conclusion

This paper presented a method to quantify and assess the density and permeability of cluttered regions in the
operational area of autonomous vehicle agents. Additionally, it was shown how the clutter assessment can be used in
a potential field-based guidance algorithm for persistent observation by a multi-agent system. It was shown through
simulation how the clutter field leads to emergence of self-allocating behavior of the agents. Vehicles remain mostly in
the regions best suited to the capabilities defined by their clutter thresholds even when no boundaries other than the
iso-clutter contours corresponding to individual clutter thresholds are defined. Note that these iso-clutter contours are
"keep-out" zones, not "keep-in" zones.

It should be noted that clutter fields combined with clutter thresholds inform where agents should travel on a macro
level and do not address physical collision avoidance with objects in the cluttered regions. A complementary lower-level
system such as [31}132] is needed to generate detailed navigation for conflict-free trajectories. The Clutter Assessment
guidance algorithm is a high-level system providing mission direction for the vehicles to travel.
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