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Abstract— Many operations require an area search function, including search-and-rescue, 
surveillance, hazard detection, structures or site inspection and agricultural spraying. 
Furthermore, these area search applications often involve varying vehicle and environmental 
conditions.  This article explores using memetic computing to optimize the behavior of a swarm 
of heterogeneous robotic vehicles executing a search area coverage task. Each vehicle is 
equipped with a sensing apparatus and the swarm must collectively explore an occluded 
environment to achieve a required probability of detection for each location in the search area.  
The problem is further complicated with the introduction of dynamic vehicle and environmental 
properties making adaptability a necessary requirement in order to achieve a high level of 
mission assurance using unmanned vehicles.  Memetic algorithms are well-suited for this type of 
application, as they can provide rapid, high-quality solutions for complex problems.  New 
memetic methods for search area decomposition, task allocation and path planning are presented, 
with simulated and real-world results utilizing the Boeing Vehicle Swarm Technology 
Laboratory. 

I. Introduction 
The search coverage problem for multiple heterogeneous vehicles is unique in that the 

task is defined in a general way, and must be divided into sub-tasks which are then allocated to 
each vehicle.  The space of these possible assignments is continuous, and increases exponentially 
with the size and complexity of the region, as well as with the quantity and amount of variation 
among vehicles, making the problem extremely difficult to solve optimally. In real-world 
applications such as automated surveillance and search-and-rescue, vehicle and environmental 
characteristics may be dynamic due to vehicle failures and changing weather conditions, so the 
optimization methods must be adaptable in real-time in order to maintain the required probability 
of detection. 

In recent years, there has been a marked increase in research interests and activities in the 
field of Memetic Algorithms (MA). The first generation of MA refers to hybrid algorithms, a 
marriage between population-based global search (often in the form of an evolutionary 
algorithm) coupled with a cultural evolutionary stage. These memetic methods have been shown 
to have greatly increased performance in both execution time and quality across many different 
problem domains [1-5]. 



The memetic algorithms presented here for task-allocation and path optimization are 
uniquely designed to operate in real-time, enabling adaptation to changing vehicle and 
environmental characteristics, while balancing the task-load between available resources and 
enabling the seamless control and optimization of swarms of heterogeneous vehicles. 

These algorithms have been tested in Boeing’s indoor rapid prototyping test-bed that 
provides a low cost means for technology integration, maturation and demonstration.  The test-
bed includes over 20 fully autonomous air and ground vehicles and utilizes a motion capture 
system for indoor localization.  The adaptive area coverage task allocation software has been 
integrated with the defined test-bed Ethernet interface through which it exchanges waypoint 
commands and vehicle condition and capability data with the vehicles.   

II.  Background 
As a highly complex problem, multi-vehicle search coverage has been greatly explored in 

literature [6-11].  Additionally, many of the problem sub-components have been analyzed, 
including area decomposition, task allocation, and path optimization.  The more general problem 
of collective robotics has also been greatly researched, but continuous environmental effects 
have rarely been considered [12-17]. 

Several mission planning architectures have been devised previously, typically consisting 
of a mission-interpreter, which reads a standardized representation of the mission tasks, a task 
allocation unit, and a planner.  These mission planner architectures, such as GRAMMPS, 
ALLIANCE, MARTHA, M+, and MURDOCH have rarely handled heterogeneous vehicles, and 
approach adaptability through continuous re-planning [12, 18-21].  Also, the task of search area 
coverage is largely unexplored by end-to-end mission planning architectures.  

For large continuous tasks, such as search area coverage, it is desirable to decompose the 
problem space to reduce the complexity of the problem.  Several methods have been devised to 
accomplish this, including grid division methods of various geometries, and Voronoi divisions 
[11, 22, 23].  These methods work well for uniform environments and simple sensing 
apparatuses, but they do not account for the interaction of the vehicle’s sensor with the 
environment. 

Task Allocation is concerned with finding the optimal matching of tasks to vehicles 
based on vehicle characteristics, task requirements, and a vehicle’s current load. Gerkey provides 
a good overview of several Multi-Robot Task Allocation architectures and analyzes their run-
time complexity and optimality [22].  Many of these architectures utilize market based methods 
where vehicles ‘bid’ on available tasks, and the vehicle with the lowest bid wins.  These methods 
are distributed and robust, but are often non-optimal, as they are greedy methods operating only 
on local information [24, 25]. 

III.  Mission Planning Architecture 
The problem of optimal search coverage using multiple heterogeneous vehicles can be 

decomposed into two coupled problems - that of high-level task allocation for each vehicle, and 
low-level route optimization for the allocated task.  At the highest level, vehicles must be 
coordinated to ensure that the total search space is covered in minimal time. This coordination 



takes the form of task allocation for each vehicle in the search space.  Here, the task of occluded 
search-area coverage is explored for multiple heterogeneous vehicles.  In scenarios where 
environments and vehicle capabilities are variable, the task allocation must be adaptable and 
efficient to handle these changing situations in real-time.  

Given a region to be searched and a vehicle with associated characteristics and 
capabilities, the task of planning a path through the region is extremely complex if all points in 
the region are to be considered as part of a possible coverage path for a vehicle.  In light of this, a 
method called Probabilistic Decomposition has been developed for dividing the search space 
based on the vehicle’s sensing characteristics to provide a set of points that, if all points in the set 
are included in the vehicle’s final path, guarantee that complete coverage is achieved, with an 
efficient set size. This set of points can then be used as an instance of the Traveling Salesmen 
Problem to find a tour through all points, thus covering the search space. 

At the lowest level, a single vehicle must plan an optimal path through an allocated 
search space, which is a sub-region of the total search space.  This optimal path is considered as 
the shortest route through the set of points that allows the vehicle's sensing apparatus to visit all 
points in the search space.  The path between these points can be optimized using many different 
algorithms, including graph search, and TSP solution methods.  At this level, the vehicle 
dynamics, vehicle sensing characteristics, and environmental effects can all be included to affect 
the optimal solution. With the inclusion of vehicle dynamics, the true value of a path is not only 
dependant on the distance between its points, but also the vehicle capabilities and characteristics 
of the vehicle’s control system.   

The traveling salesman problem is focused on finding the shortest tour through a fixed set 
of points.  This has been deeply researched in literature, as efficient solutions have wide ranging 
applications in domains such as vehicle routing and job-scheduling.  As an NP-hard problem, it 
is extremely difficult to solve large instances of the TSP exactly, so heuristic methods must be 
used. One of the most powerful heuristic algorithms is the Lin-Kernighan (LK) method, an 
iterative method that begins with a random tour, and performs pair-wise optimization by steps to 
arrive at local minima, and then repeats with a new random tour, always saving the best tour 
encountered [26].  Unfortunately, the time complexity of this algorithm is still unsuitable for 
real-time operation under problem sets larger than a few hundred points [27]. 

It has been shown that the time complexity of the LK method can be somewhat linearized 
at the cost of optimality by first clustering the point set, using the LK method to find a sub-tour, 
then merging the cluster sub-tours into a final tour [28-30].  The operation of the algorithm 
becomes very fast, in exchange for a reasonable drop in tour quality.   

The LK method has also been supplemented by genetic algorithms that perform a global 
search, while the LK method performs a local search.  By evolving initial tours instead of 
randomly generating them, the global search becomes more directed, and is able to converge on 
higher quality tours faster.  This is a young and exciting topic of research [31, 32]. 

At this level, the vehicle dynamics, vehicle sensing characteristics, and environmental 
effects can all be included to affect the optimal solution. With the inclusion of rich vehicle 
dynamics, the true value of a path is not only dependant on the distance between its points, but 
also the vehicle capabilities and characteristics of the vehicle’s control system.  Including the 



vehicle dynamics adds computational complexity to any algorithm, so a new memetic TSP 
solution method, Clustered Evolutionary Lin-Kernighan or CELK, is presented as a method to 
bring TSP solution into the real-time domain [33, 34].   

In environments and scenarios where vehicle capabilities and the environment may be 
variable, an arbitrator is used to detect changes in the vehicles and environment, and then decides 
if a re-plan should be executed.  These four components – decomposition, task allocation, path 
planning, and arbitrator - are combined into a mission planning architecture shown in Figure 1. 
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Figure 1 - Adaptive Mission Planner Architecture. 

IV.  Probabilistic Decomposition 
In order to decompose the search space, we introduce the probabilistic decomposition 

algorithm which iteratively divides a plane into a set of non-overlapping regions, or facets, that 
cover the whole plane, based on the characteristics of the facet vertexes.  The subdivision is 
constructed from a set of 2D points, or facet anchors, that lie at the center of each facet.  The 
borders of each facet lie equidistant from adjacent anchor points.  The set of facet vertices are 
known as the Voronoi diagram of a point set.   

The Probabilistic Decomposition algorithm begins by initializing the point set with the 
vertexes of the bounding region, as well as a point within the bounding region. The Voronoi 
diagram for the point set is then calculated, and the vertexes of each facet are examined, relative 
to the facet anchor, under a set of constraints.  If the facet vertex does not meet the constraint 
criteria, then the vertex is added as to the anchor point set, adding a new facet, and halving the 
size of the 3 (or 4, in the case of square facets) adjacent facets along the line between their 
anchors and the vertex, as shown in Figure 2.  This process is repeated for all vertices of all 
facets until no facets remain unconstrained, and the point set is complete.  This method has many 
desirable properties, most notably that the constraints can be arbitrarily related to the contents of 
the facet under examination.   



Figure 2 illustrates the constrained division algorithm. Cells are outlined as hexagons, 
sensor footprints are circular, and anchor points are located at the center of each cell and sensor 
footprint. 2a. shows the divisions using a simple triangular grid before further constraints are 
imposed.  The gray line in 2a shows a vertex under examination.  2b. shows the division after the 
vertex from 2a was added as a new anchor point, creating a new cell. 2c. shows the division 
resulting from an additional anchor point being added.  2d. shows the final division, with the area 
of highest sensor overlap shaded. 

a.  b. c.     d.  

Figure 2 - Constrained Division.   
 

Additional information can be included in the constraint set, such as the probability of 
observing the true state of points in the facet.  Given the probability that an vehicle’s sensor will 
detect the state of a point if it is fully visible, and given the probability of points being visible in 
the search space (which can correspond to various environmental phenomena, such as 
vegetation, weather conditions, etc.) a constraint can be constructed that ensures that the vehicle 
passing through the point set achieves an upper bound on the observability of points in the search 
space.  

The probability of observing the state of a given location is given by Equation 1. 

                    n
visobs PPP )](1[1 det--=                (1) 

Pobs represents the probability of observing the state of a location over the entire search 
sequence, also known as observability.  Pdet is a value which is related to the sensing capabilities 
of the vehicle, representing the probability of detecting the true state of a location if it is 
completely visible during a single pass. Pvis is the probability that a location will be visible.  
Finally, n represents the number of times that the vehicle’s sensor visits the given location.  The 
probability of observing the state of a given location increases with each pass of the sensor, so to 
bound the observability of each point, the appropriate number of passes that result in the 
observability falling below the desired threshold must be found.  This could be accomplished by 
simply passing an vehicle over the same point repeatedly, or more efficiently, the constrained 
subdivision method can be used to decrease the size of facets, so that the sensor footprint of an 
vehicle passing through a facet’s anchor overlaps the interior of neighboring facets, increasing 
the pass count, and increasing the observability of points in that cell without backtracking. In 
application, a maximum pass number is implemented to prevent large numbers of passes over 
areas of high occlusion.  Cells that meet the maximum pass count but still do not satisfy the 
observability constraint can be flagged as likely locations for targets. 



 

 

Figure 3 - Triangular Grid Initialized Division under Distance and Observability Constraints. 

V. Equilibrium Task Allocation 
The Task Allocator provides the functionality of allocating regions of the search area to 

each vehicle, according to each vehicle’s condition and capabilities.  This is accomplished 
through an iterative process, called Equilibrium Task Allocation, and also through a Hybrid 
Particle Swarm Optimization method that is applied to high-level assignments.  An initial 
assignment is produced by randomly assigning vehicles to a region.  If more than one vehicle is 
assigned to a region, the region is divided among the vehicles using a gradient-descent based 
method towards the equalization of the time-loading between all vehicles.  Once equilibrium is 
achieved, vehicles are swapped between regions, and the algorithm repeats until no more swaps 
are possible, at which point a new random assignment is generated, always keeping the best 
assignment. In this way, the total area search time minimized, as the amount of time that vehicles 
are idle is minimized. 

The load balancing method uses a gradient-descent based method to equalize the loads 
between vehicles allocated to a region.  Since the relationship between the size of a vehicle’s 
allocation and a vehicle’s loading may not be differentiable, equilibrium error is used, as 
calculated by finding the deviation of a vehicles’ loading from the swarms’ average load.  The 
load balancing method is described in [35]. 

VI.  Task Allocation Results 



The method for estimating the loads of the agents principally determines the value of the 
Equilibrium Task Allocation method.  Estimation methods can range in accuracy from heuristics 
to high-fidelity simulation of the vehicles.  Here two estimation methods are compared – a 
simple heuristic based on the standard deviation of the points in an agent’s allocation, and a 
simple path optimization method.   The heuristic method first calculates the centroid of an 
agent’s assigned path points, then sums the travel times between the centroid and every point in 
the path.  This provides a deterministic, precise method for assignment evaluation that has only 
O(n) complexity.  This heuristic method is compared to a single-pass path optimization, where a 
random path is generated and optimized to a local minimum.  The resulting cost of this path is 
used as the assignment value estimate.  Below, the two assignment estimation methods are 
compared in Tables 1 and 2.  Waste is taken as the amount of time agents idle, having completed 
their assigned tasks. 

In both situations, the heuristic method provides consistent results, while at the same time 
providing good estimates of cover time and minimizing waste.  Computationally, the heuristic 
method is also significantly faster. 

 

Table 1 - Cover Time of Two Agents, Differing in Mobility. 

 
Path Eval. - No 

Angle Path Eval. - Angle Heuristic 

 Cover Time Waste Cover Time Waste Cover Time Waste 

Average 2517.28 532.20 2410.85 332.18 2407.35 352.13 

Std. Dev. 188.09 269.52 124.36 183.96 47.84 72.24 

 
Table 2 - Cover Time of Two agents, Differing in Sensor Footprint. 

 

VII.  Equilibrium Task Allocation Efficiency 
The efficiency of the Equilibrium Task allocation method was evaluated in six scenarios, 

detailed in Table 3.  The environment size was held constant in each scenario. 

 
 
 

 Path Eval. - No Angle Path Eval. - Angle Heuristic 

 Cover Time Waste Cover Time Waste Cover Time Waste 

Average 3490.53 1099.83 2780.50 264.53 2727.10 158.38 

Std. Dev. 306.67 415.68 98.61 160.56 57.17 77.16 



 
 

Table 3 - Task Allocation Evaluation Scenarios. 
Scenario Agents Environment 

1 2, Identical Uniform 

2 2, Different Uniform 

3 2, Different Variant 

4 4, Identical Uniform 

5 4, Different Uniform 

6 4, Different Variant 

 
 
 

Table 4 - Equilibrium Task Allocation Performance. 
Scenario # Agents Single Multiple Speedup Efficiency 

1 2 3598.625 2013 1.787692 0.893846 

2 2 3598.625 2694 1.335793 0.667896 

3 2 3656 2799 1.306181 0.65309 

4 4 3598.625 1072.5 3.355361 0.83884 

5 4 3598.625 2005.5 1.794378 0.448594 

6 4 3656 2114 1.729423 0.432356 

 

Table 4 displays the results of these experiments.  For simple scenarios the efficiency of 
the Equilibrium Task Allocation algorithm is high, nearly 90% in some cases.  In more complex 
scenarios consisting of heterogeneous agents, the efficiency is necessarily lower.  The 
introduction of variant terrain does not greatly impact the quality of the task allocation, 
suggesting that the algorithm approaches the maximum efficiency for the scenario. 

VIII.  Clustered Evolutionary LK Algorithm 
A three-tiered memetic method has been developed, combining clustering, genetic 

algorithms, and the LK method to find good quality tours with a near linear time complexity.  
Given a point set, the set is clustered, by way of the Adaptive Resonance Theory method, into a 
maximum of M clusters, where M is chosen to be the number of points in the set divided by a 
fixed scalar, in order to maintain an average cluster size[36].  Sub-tours are then planned within 
each cluster, using a genetic algorithm-based LK method, called Evolutionary Lin-Kernighan, or 



ELK.  This algorithm is used to recoup some of the tour quality lost through clustering, and 
analysis has shown that there is also a speed benefit to using the algorithm.  Once sub-tours are 
found, they are merged back into a final tour using the method described in [4]. 

Utilizing the clustering method to maintain an average cluster size keeps the time 
complexity of each instance of the ELK method constant, giving the overall algorithm a linear 
time complexity, while maintaining good tour quality. Also, it allows for many levels of 
parallelism, as each sub-tour can be computed individually, and each trial tour within the sub-
tour optimization can also be optimized independently. 

In order to improve the ratio of tour quality to computational expense, an Evolutionary 
Lin-Kernighan method was developed.  This method uses a genetic algorithm to generate trial 
tours, which are then optimized to local minima using the LK method.  This scheme is not a new 
idea, and the development of useful genetic operators under similar architectures has been 
explored [37].   

The ELK algorithm begins by generating P random individuals, where each individual is 
a trial tour.  Each individual is then evaluated, which consists of applying the LK algorithm with 
intersection removal until a local minimum is achieved, and the total tour length is assigned to 
the individual’s fitness.  Roulette-wheel parent selection is then used to generate P children, 
where the probability of individuals being selected as parents is proportional to their rank in the 
population.  Reproduction is achieved through Cost Preserving Crossover and a Mutation 
Operator.  The cost preserving operator has been shown to have good performance at low 
computational expense [reference for recombination operators]. 

A fixed number of ‘Strangers’ or random individuals are introduced to the population at 
each generation.  The new individuals are evaluated, and Roulette-wheel survival is used to keep 
P individuals with an individual’s probability of survival being proportional to their rank in the 
population.  This process is repeated until an evaluation limit is exceeded.  Mutation is achieved 
by swapping edges with probability PgMut . 

IX.  CELK Results  
The tour quality of the ELK algorithm was compared to that of the LK algorithm alone, 

over 100 randomly generated points, averaged over 30 runs, each run consisting of 1000 
evaluations.  As can be seen in Fig. 4, the amount of tour improvement per evaluation is 
significantly greater using the ELK algorithm.   

Additionally, trial tours generated by the ELK algorithm were evaluated significantly 
faster, as LK needed to make fewer changes due to pre-optimized sections of their tours being 
inherited from the previous generation.  To study this effect, the two algorithms were compared 
by executing them for 1000 path evaluations on randomly generated tours of varying length.  An 
average was taken over 11 runs for each tour length.  The number of optimization iterations per 
path was recorded, as well as execution times for each run.  Figure 5 shows the average 
execution times of the methods on various tour sizes.  Figure 6 shows the average number of 
optimization iterations performed on each tour size under the two algorithms.  These figures 
show that the ELK method has a significant quality and performance advantage over the LK 
method alone.  Figure 4 shows that the ELK method produces higher quality paths in fewer 



iterations. Figure 5 shows the LK and ELK algorithms operating on Tours of increasing length, 
showing that the ELK algorithm has increasing benefits with path size.  Figure 6 shows the 
average optimization iterations necessary to converge to a local minimum for increasing tour 
sizes under the LK and ELK algorithms.  Note that the LK method increases iterations with tour 
size, while the ELK method holds relatively constant. 
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Figure 4 - LK vs. ELK Tour Quality. 
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Figure 5 - Performance Times of LK vs. ELK. 
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Figure 6 - LK vs. ELK Average Optimization Iterations.  

 

Clustering the point sets and performing optimization on sub-tours, then merging the sub-
tours into a final tour has been shown to linearize the run-time complexity of the ELK method, as 
shown in Figure 7.  
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Figure 7 - Time Performance of Clustered ELK and ELK on Various Path Sizes. 

 

X. TSP For Physical Vehicles 



When planning for real-world vehicles, it may be desirable to substitute the Euclidean 
distance objective function for a cost function that models the mobility of the vehicle.  In this 
way the total behavior of the vehicle can be optimized. Since the LK method is the underlying 
algorithm, only metrics should be used as the objective function [26].  As such, we must show 
that any valid objective function has the properties of symmetry, positivity, reflexivity and 
triangle inequality.   

For heterogeneous vehicles, a simple heuristic metric is proposed, estimating the time to 
cross the edge, given in equation 2.   The guidance speed is a positive scalar representing the 
average % of the vehicle’s maximum velocity that the vehicle travels under guidance.  The 
agility of the vehicle is also a positive scalar, representing a measure of the ability of the 
vehicles’ guidance system to execute turns without incurring extra time, as compared to a 
straight path.   The use of this heuristic allows the optimization of the path based on the vehicle’s 
kinematics.   
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Equation 2. – Physical vehicle heuristic. 

Given a possible edge ei, consisting of three points, aei, bei, and cei .   

Where d(a,b) is the Euclidean distance between points a, b, vmax is the maximum vehicle speed, 
a is the vehicles acceleration capability, � a,b,c is the angle between points a, b and c, cg is a scalar 
representing the guidance speed, ca is a scalar representing the vehicle agility. 

This heuristic has the property that the degenerate case of the heuristic simplifies to 
Euclidean distance.  Also, symmetry, positivity and reflexivity properties are trivial to 
demonstrate.  The triangle inequality does not hold for 3-point edges, though the effect of an 
edge change is localized to a small neighborhood of down-stream edges, allowing the effective 
use of LK optimization. To adapt the vehicle heuristic to the LK optimization method, the set of 
possible edges becomes all combinations of three points in the problem set.  In this way the 
algorithm can be directly applied to this instance of the TSP.   

XI.  Physical Vehicle Heuristic Results 
Fig. 8 shows the optimized path on a triangular grid of points using only Euclidean 

distance on the left, and the physical vehicle cost heuristic (right) detailed in equation 2.  Note 
the resulting straight path sections, which minimizes the coverage time for those point sequences 
through the conservation of momentum. 



  

Figure 8 – Path Optimization Comparison using Euclidean Distance (Left), Physical 
Vehicle Heuristic (Right).  

To evaluate the effectiveness of the vehicle mobility heuristic, a simulation was 
developed to model the behavior of a fixed wing air vehicle.  The mobility of such vehicles are 
well known and easy to model.  The path planning algorithm was tested over 30 runs each over 
the same environment using the vehicle heuristic and Euclidean distance as the cost. The results 
are shown in the table below. 

 
Physical Vehicle 

Heuristic 
Euclidean 
Distance 

Mean Time 3197.5 3398.7 

Table 4. Mean time to complete for two cost structures over 30 runs, physical vehicle 
heuristic and Euclidean distance. 

Analysis of variance on these results show that optimization utilizing the mobility 
characteristics is able to significantly improve the time of completion for a mobility-restricted 
vehicle.  The environmental and mobility characteristics of the vehicle greatly determine the time 
to complete, so there is great potential to optimize the path using this cost method. 

XII.  Boeing SWARMS Vehicle Swarm Technology Lab 
The above algorithms have been tested in Boeing’s Vehicle Swarm Technology Lab 

(VSTL) [38] on air and ground vehicles.  VSTL is a 100x50x20ft indoor rapid prototyping test-
bed that provides a low cost means for technology integration, maturation and demonstration.  



 

Figure 9 – Boeing Vehicle Swarm Technology Lab 

 

 

Figure 10 – Quadrotor (Left) and Tank (Right) Test Vehicles Use Boeing Common 
Hardware.    

 

Architecture— The overall VSTL test-bed architecture is comprised of hardware and 
software elements. Hardware elements include a high-accuracy, low-latency, vision-based, 
motion capture position reference system and a number of hardware vehicles under test. Each 
vehicle under test is equipped with its own on-board controller, health-monitoring, and 
communication sensor payload.  Communication between the various software elements is via 



either of two data buses. One bus is used for transmitting time critical vehicle position and 
attitude data. The second bus is used for transmitting health, condition, and capability data as 
well as vehicle commands. The interaction between these applications is through UDP Ethernet 
packets. The architecture also supports TCP for less time-critical data when accurate data 
delivery is required. 

The adaptive area coverage task allocation software has been integrated with the defined 
test-bed dual bus network interface through which it receives the vehicles position and 
capabilities data and sends waypoint commands waypoint commands to the vehicles. 

Vehicles—VSTL uses common RC vehicles equipped with  Boeing’s custom common 
electronic hardware.  The common hardware is a modular electronic board that allows easy 
integration of new types of vehicles and allows easy interoperability with other test-bed 
components.  The tests below have been conducted using quadrotors as air vehicles and tanks as 
ground vehicles shown in Figure 10. 

A. VSTL Test Results 
The following 2 scenarios have been tested with the above algorithms to demonstrate 

some of the algorithm capabilities.  Both tests have been done using the Divide and Swap Task 
Allocation method.  The search area size was 8x6 meters and flight height was 1.5 m. 

B. Two Air Vehicles Test with Different Speeds 
The first test included 2 air vehicles with different speeds in order to show the load 

balancing capability of the Equilibrium Task allocation.  The vehicles sensor radius was set to 
0.8 m, and vehicle speed was 0.6 m/s for one and 0.3 m/s for the other.  

Figure 11 shows the flight test results.  Vehicles 1 and 2 completed the search in 91.44 
sec and 85.75 sec respectively.  Thus although vehicle 1 speed is double that of vehicle 2, their 
search time standard deviation is only 4%.  Also notice the deviation of the actual flight path of 
vehicle 1 from the planned path in segments close to vehicle 2’s path due to collision avoidance 
between vehicles.  The vehicle however was still able to achieve its waypoints and guarantee the 
coverage. 

 



 

Figure 11 – Planned Waypoints and Actual Paths for Vehicles.  The Task Allocation Algorithm 
Assigned a Longer Path to Vehicle 1 Due to its Higher Speed in order to achieve equilibrium. 

 

C. Heterogeneous Vehicles Test  
This test was designed to demonstrate advanced features of the adaptive task allocation 

algorithm by including heterogeneous vehicles, a non uniform occlusion map, and dynamic 
vehicle capabilities.  The test included 2 air vehicles (quadrotors) and 2 ground vehicles (tanks) 
with different capabilities.  The quadrotors sensor radius was 1.2 m, and their speed was 0.6 m/s.  
The Tank’s sensor radius was 0.6 m, and their speed was 0.4 m/s.  Max number of passes was set 
to 3 for all vehicles. At 58.32 seconds from the beginning of the search, quadrotor 1 changed 
altitude to 0.75 m and sensor radius to 0.6 m which triggered a replan.  Figure 12 shows planned 
and actual paths as well as the occlusion map.  Vehicles have been assigned new paths after the 
replan which is indicated by the circle for every vehicle.  The vehicles adaptively completed the 
coverage of the whole area despite the sensor radius reduction of quadrotor 1. 
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Figure 12 - Planned and Actual Paths and the occlusion map.  Brighter regions indicate higher 
occlusion.  The planner waypoints are denser over occluded areas.  Quadrotor 1 waypoints are 

denser after the replan due to its sensor reduction. 
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Figure 13 – Heterogeneous Area Coverage Test in VSTL using 2 air and 2 ground vehicles.  
Area that has been covered is painted in black in the mission planner.  The Adaptive Mission 

Planner is able to complete the full area coverage in spite of a change in sensor radius of one of 
the air vehicles during execution. 

XIII.  Conclusion 
This paper presents novel area coverage algorithms that have been validated using 

Boeing VSTL hardware.  Even though the Multi-vehicle Search Area coverage problem is large 
and complex, several new memetic methods have been presented that decompose, allocate and 
optimize the exploration of a search area for multiple heterogeneous vehicles.  These new 
methods were shown to have good performance and quality, and as they are defined in a general 
way, these methods are applicable to many other problem domains.  The methods have been 
combined into a mission planner architecture that is able to adaptively control the behavior of 
multiple vehicles with dynamic vehicle capabilities and environments for mission assurance. 

The topic of mission planning architectures and optimization of swarms of autonomous 
vehicles is a young and exciting field with many opportunities for research.  More 
computationally efficient methods for decomposition may be useful, as well as the application of 
next-generation meta-learning architectures for path planning [39].  In addition to the existing 
collision avoidance, path de-confliction during planning can improve safety and efficiency.  
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