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Abstract

The big number of evolutionary planners for Unmanned Aerial Vehicles

(UAV) that have been developed demonstrates the good acceptance that the

evolutionary techniques enjoy within the UAV community. However, the

minor or nonexistent statistical characterization of the results obtained by

the majority of the planners not only makes it difficult to assess their ac-

tual performance but also to justify the selection and/or parameterization of

their supporting algorithms. To fill the gap, this paper proposes a method

for comparing the planners performance by jointly employing several general

and problem-specific quality indexes, which take into account the complex-

ity and particularities of the problem. The generality of the performance

metrics adopted, which are able to deal with any multi-objective dominance

definition, makes them equally applicable to multi-objective planners with

different relation operations (such as Pareto dominance, weighted objectives

aggregation, and others). The specificity of the other indexes, which con-

sider the types of solutions preferred by the problem experts, makes them
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especially attractive to characterize their planners’ behavior. The paper also

shows how to analyze the results of the quality indexes graphically in or-

der to identify, for a particular UAV planning problem, the best planners

within a set of 36 variants (based on Genetic Algorithms, Particle Swarm

Optimization and Differential Evolution).
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1. Introduction

Unmanned aerial vehicles (UAVs) are aircrafts without onboard pilots

that can be remotely controlled or fly following preplanned routes [24]. They

can also fly autonomously, if they are able to generate and adapt their tra-

jectories to their mission and environment properties. Although the type of

civil or military task of the UAVs determines the properties considered by

the planner, the path generation/updating is often formulated as an opti-

mization problem, where the feasibility of any route depends on the mission,

environment and UAV physical constraints; while its optimality depends on

the planning criteria (such as minimal path length or destruction risk).

The inherent NP-completeness [37] of the path generation problem bene-

fits from the use of efficient heuristics capable of finding feasible suboptimal

routes in an appropriated length of time. The versatility of many evolution-

ary heuristics such as Genetic Algorithms (GA, [10]), Particle Swarm Opti-

mization (PSO, [15]) and Differential Evolution (DE, [29]), as well as their

good performance in many real world optimization problems, have made
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them an attractive choice to tackle UAV planning problems [27, 22, 14, 46,

31, 43, 39, 38, 45, 25, 28, 33, 3, 12, 26, 1, 17, 36, 35, 18, 2].

The stochasticity of these randomized optimizers, a positive quality to

avoid local optima, often makes them find different suboptimal solutions in

consecutive runs. Moreover, the relation operations applied to compare two

solutions (trajectories) defined by multiple objectives/criteria usually induce

only a partial order in the search space, making the evolutionary algorithms

return a set of equally suboptimal solutions instead of a single one. Hence, the

performance of the algorithms should be based on a statistical comparison, in

compliance with the relation operation used by the algorithm, of the results

obtained in multiple runs [16].

Although the issue of performance assessment of randomized multi-objective

optimizers is not new in the evolutionary heuristic literature [9, 34, 47], the

results of the majority of the UAV planners are characterized by either the

lack of a statistical analysis [27, 22, 46, 31, 39, 38, 45, 25, 28, 33, 3, 36,

26, 17, 35, 18] or by only a minor one [14, 43, 12, 2]. This situation makes

difficult to determine the actual performance of these planners and justify

the parameterization of their evolutionary algorithms. This study makes two

contributions to the UAV research: 1) it demonstrates the use of statistical

analysis of the results obtained by multi-objective randomized planners and

2) it shows how such analysis can be used to perform algorithm tuning.

The performance comparison approach presented in this paper makes use

of:

• Multiple performance metrics, belonging to two complementary groups

of quality indexes that highlight general and specific properties of the
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planners. The general metrics group consists of two quality indexes

based on the statistical Pareto front ranking procedure presented in

[16], because it is in compliance with any dominance definition. Hence,

this type of analysis can be applied to many planners (as well as to

other types of problems) incorporating the relation operation used in

the evolutionary algorithm to compare two solutions within the metrics

of this first group. The specific metrics group takes into account the

fact that although multiple trajectories can be equally good according

to the evolutionary heuristic, the final path followed by the UAV has

to be selected according to the expert preferences. Therefore, the two

metrics within this second group are quality indexes directly related to

the problem and expert preferences.

• Multiple graphical representations of the results of the performance

analysis carried out over the results obtained for different evolutionary

planners, such as those based on GA, PSO and DE techniques. These

graphical representations have been carefully designed to be able to ef-

ficiently compare the results of many variants of the same planner and

visually determine, at a glance, the best planners within a group.

This paper also demonstrates the applicability of our approach in the

performance comparison of 36 variants of the planner that tackles the of-

fline single UAV problem presented in [1]. The feasibility and optimality

of any route in this complex multi-objective problem depends on the UAV

maneuverability and on the positions of the UAV obligatory passing points,

prohibited flying zones (Non Flying Zones, NFZ), and Air Defense Units

(ADU). The formal properties and positions of those elements constitute a
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scenario and their variations change the landscape of the values of the con-

straints and optimization indexes. Therefore, the selected problem under

different scenarios is itself a good test bench to compare the performance of

different evolutionary algorithms.

Finally, we want to underline that our selection of metrics does not in-

tend to exclude the complementary insight that other statistical analysis

could bring to the study of the heuristics performance. Nevertheless, we be-

lieve that it is a well-balanced choice between the types of metrics that the

evolutionary community and domain expert prefer, which let us graphically

compare the performance of many planner variants simultaneously, as illus-

trated by the analysis of 36 variants of the planner in 4 scenarios over the

selected problem.

This paper is organized as follows. Section 2 summarizes the types of

analysis presented in different UAV evolutionary planners. Section 3 presents

the different performance metrics and graphical representations that we use

to compare different path planner variants. Section 4 describes the selected

problem and GA, PSO and DE based planner variants used to demonstrate

the applicability of our comparison methodology, and analyze the results of

the comparison. Finally, the conclusions are drawn in Section 5.

2. Related Work

The development of many UAV planners based on GA [27, 22, 14, 46,

31, 43, 39, 38, 45, 25, 28, 33, 3, 12, 26, 1], PSO [17, 36, 35, 18] and DE

[2] shows the versatility of the evolutionary techniques for these types of

problems. However, the assessment or comparison of the actual performance
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of these planners is not straightforward due to several factors. On one hand,

they differ in their heuristic properties (parameters to tune the algorithm

behavior, operators to evolve the solutions or the multi-objective relation

applied to compare pairs of solutions), the representation of the trajectories,

and the constraint/objective functions used to define the UAV mission as

a multi-objective optimization problem. On the other hand, they usually

converge on the limitations of the statistical analysis of their results, which

often ignores the stochasticity and/or optimality diversity that their multi-

objective evolutionary algorithms introduce.

Regarding the performance analysis limitation issue, the planners in the

following papers are inadequately characterized, as they only present the re-

sults obtained in a single run: [27, 31, 39, 38, 45, 25, 28, 3, 26, 17, 36, 35, 18]

only show the evolution of the best objective value or the best solution,

[22, 33] go slightly further complementing the previous analysis with a repre-

sentation of the best Pareto front [41], and [46] complements the representa-

tion of the solution evolution with the generation numbers required to obtain

feasible and best solutions.

The situation improves in the multi-run statistical analysis of the fol-

lowing planners, which use the weighted sum of the objective values as the

relation operation to compare two solutions in the planner: [14] shows the

best value at the end of the algorithm in multiple runs, [43] represents the

mean of the optimal value of multiple runs for different iteration number and

parameterizations of the algorithm, [12] shows the best and mean values of

multiple runs for different generations as well as how the best values are af-

fected by the difficulty of the scenario, and [2] represents the best and worst
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values obtained over multiple runs for different iteration numbers. That is,

the analysis of these planners is based on the best, mean and worst values,

which are common strategies to characterize the behavior of evolutionary

algorithms for mono-objective (and optionally also constrained) problems

[13, 23, 40, 42, 44]. However, the analysis of all these planners ([14, 43, 12, 2])

lack their usually accompanying statistical tests (such as t-test, Wilconxon,

Man-Whitney or t-student) that determine if there is a significant difference

in the results obtained by several planner parameterizations. Moreover, the

best, mean and worst values of the aggregated values of the objectives are not

valid for planners with other relation operations, and these quality indexes

cannot maintain the partial order imposed by the weighted sum relation.

To overcome these limitations, as well as to determine the best parameter-

ization of a GA based planner and the iteration number (specific generation

of the GA) up to the planner was able to improve the solutions, the study in

[1] combines one quality index based on the statistical Pareto front ranking

procedure presented in [16] with one quality indicator related to the final

expert preferences. This article details and extends the analytical approach

followed in [1], by 1) explaining how the statistical analysis in [16] can be

carried out for any relation operation, 2) introducing a new quality indica-

tor based on the statistical Pareto front ranking procedure presented in [16]

to complement the one that was already being used, and 3) including two

improved final expert preference quality indexes. Besides, this article also

illustrates how a massive comparison of 36 variants of a planner (based on

GA, PSO and DE) can be 1) easily interpreted with a carefully designed

graphical representation and 2) used to infer some relevant characteristic of
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the problem/planner.

3. Comparison Performance Metrics

The stochasticity associated with multi-objective evolutionary meta-heuristics

creates planners that do not necessarily obtain the same final set of solutions

in all their executions. Hence, a systematic comparison of the performance of

the planners with different parameterization or heuristics requires applying

several statistical procedures to the results obtained in Nr runs of each plan-

ner variant. Additionally, when the performance analysis includes a big set

of variants, it is useful to employ a graphical representation that facilitates

the interpretation of the comparison results at a glance.

This section presents the comparison metrics and the graphical represen-

tation we propose to achieve both objectives. The metrics are organized in

two groups: the first (Section 3.1) is associated with the general quality indi-

cators that can also be used in other problems, and the second (Section 3.2)

is associated with the particularities of the planning problem under test and

directly related to the final expert preferences. The three types of graphi-

cal representations used to summarize the results of the all the metrics are

explained in Section 3.3.

3.1. General Metrics

Our first group of metrics is based on the dominance ranking procedure

presented in [16] that compares two sets of solutions exploiting the relation
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(rel) operation1 applied by the evolutionary algorithm for comparing two

possible solutions a and b, using the values fk(a) and fk(b) of their violation

constraint indicators and objective functions. In other words, the selected

general metrics employ a procedure (stated in the Appendix) that compares

two sets A and B of solutions (to determine if a set dominates the other)

using the same relation rel operation that is applied by the algorithms that

generate A and B to compare the solutions ai ∈ A against the solutions

bj ∈ B. This procedure makes the two general quality indexes in this section

applicable to the performance comparison of any pair of meta-heuristics that

implement the same relation operation because they are based on a multi-

run comparison of the solutions of the best sets of solutions returned by each

meta-heuristic.

The first metric is the Statistical Front-Dominance Ranking Procedure

(SFDRP) presented in [16], which measures the results of algorithm A and

B to see if they are statistically different by comparing the best solution sets

Al and Bm obtained by each algorithm in Nr executions. The method counts

the number (♦
B1:Nr

Al
) of times that each of the Nr best Pareto fronts obtained

by algorithm A is dominated by each of the Nr best Pareto fronts obtained

by algorithm B and vice versa (♦
A1:Nr

Bl
). That is, the method makes ♦

B1:Nr

Al
=

∑
m=1:Nr

Ic (Al is dominated by Bm) and♦
A1:Nr

Bl
=

∑
m=1:Nr

Ic (Bl is dominated by Am),

1The relation operation used in the variants of the planner selected to demonstrate the

applicability of our approach (see section 4.1.3) is the non-standard dominance evaluation

function based on goals, priorities and Pareto sets [8]. In other planners or problems, it is

the comparison of the weighted sum of the objectives with a penalization term associated

with the constraints violation, the basic Pareto dominance definition, or other.
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where Ic(·) is the indicator function that returns 1 if the input condition is

true and 0 otherwise. Then, it applies the non-parametric Mann-Whitney

rank test [19] to the vectors [♦
B1:Nr

Al
+1,♦

B1:Nr

A2
+1, ...,♦

B1:Nr

ANr
+1] and [♦

A1:Nr

Bl
+

1,♦
A1:Nr

B2
+ 1, ...,♦

A1:Nr

BNr
+ 1], and when the test finds a statistical significant

difference in the medians of those vectors, we can use the median to infer

which of the two algorithms is usually less dominated by the other. This

procedure is extended to groups of variants of evolutionary algorithms by

comparing all pairs of variants in the group.

The second metric, one of the contributions of this article, calculates if

the results obtained by algorithm A are usually better than the results ob-

tained by algorithm B when both algorithms are initialized with the same

population and immigrants (i.e. new possible solutions randomly generated

every generation). To perform this new comparison, which we call Indi-

vidual Ranking Procedure (IRP) hereafter, we generate Nr different ini-

tial populations and immigrant sets, run all the planners once for each of

them, and count the number (⋆
A1:Nr

B1:Nr
) of times that the best front of plan-

ner A for the i-th initial population dominates the best front of planner B

for the same i-th initial population and vice versa (⋆
B1:Nr

A1:Nr
). That is, the

method makes ⋆
A1:Nr

B1:Nr

=
∑

l=1:Nr
Ic (Bl is dominated by Al) and ⋆

B1:Nr

A1:Nr

=
∑

l=1:Nr
Ic (Al is dominated by Bl). This procedure is extended to groups

of variants of evolutionary algorithms, comparing all possible pairs of vari-

ants in the group.

In order to apply these general quality indexes to the results of any pair

of evolutionary algorithms, we only need to include the relation rel operation

used by the heuristic to compare pairs of solutions in the process outlined in
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the Appendix to compare sets of solutions. Therefore, we can directly apply

them to the results of the planner variants under comparison in Section 4,

whose relation operator is the non-standard dominance evaluation function

based on goals, priorities and Pareto sets [8]. However, as SFDRP and IRP do

not provide information about the goodness of the results of the algorithms,

because they only inform us about the relations among their outcomes, we

believe that it is useful to complement this information with the obtained

from other statistical comparisons.

Some quality indicators for multi-objective problems that provide infor-

mation about the goodness of the solution are attainment functions [9], hy-

pervolumes [47], and R indicators (IR#, [11, 30]). However, as they are

designed for specific relation operations (attainment functions and hypervol-

umes for the basic Pareto dominance definition [41] and IR2 for objective

weighted sum approaches), they cannot be applied to other relation opera-

tions2 before being adapted. That is, these performance metrics are not as

general as SFDRP and IRP. Besides, the options that construct the optimal

solution inversely to compare the solutions of the planner against it (such

as the index that measures the probability of convergence to the optimum

in [20]) can be difficult to carry out in complex planning problems3. There-

2For instance, to apply them to the relation operation used in the variants of the

planner in Section 4, the different priority levels presented in Table 1 should be taken into

account in the attainment, hypervolume of IR# calculations.
3For example, finding the optimal solution of the problem under test in Section 4 is not

an easy task due to the UAV physical constraints and the complex landscapes of the UAV

detection and destruction probabilities, which depend on the terrain, radar cross section

and missiles properties.
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fore, we have decided to complement the SRDRP and IRP results with some

quality indicators that take into account the characteristics of the problem

and the experts’ preferences.

Finally, it is important to highlight that the interpretation of SFDRP and

IRP is different by definition. In short, SFDRP lets us identify the planners

that, when initialized with any population, obtain at least as good results as

the others, while IRP let us detect the planners that usually improve further

a given initial population and immigrant set.

3.2. Problem Dependent Metrics (PDM)

To complement the metrics presented in the previous section, we use some

meaningful quality indicators for the planner variants under test that take

into account the experts’ preferences. Such preferences allow the selection of

the final solution eventually used by the UAV. Hence, this makes the quality

indicators within this group dependent on the problem solved by the variants

of the planner. However, these Problem Dependent Metrics (PDM) can be

easily adapted to other planners (and problems), considering their own final

experts’ preferences.

From the PDM perspective, the solutions of the planning problem used

to illustrate the applicability of our metrics in Section 4 have to:

1. Fulfill multiple constraints.

2. Simultaneously minimize the path length and the probability of de-

struction of the UAVs.

3. If they are equally valid regarding the path length and probability of

destruction, simultaneously minimize the probability of detection and

flight altitude.
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That is, the planner variants under comparison are facing a constrained

multi-objective multi-level priority optimization problem.

Taking into account the priority levels of the problem, our third metric

is related to the solution feasibility, because constraints, considered as first

level priorities objectives, need to be fulfilled by the optimal solution. Hence,

we measure the number of best sets obtained by the Nr executions of each

planner variant that fulfill the constraints at a given generation. Note that

this quality index can be applied to other constrained problems too. However,

we place it in the PDM section, because not all the problems have constraints

and the results can be easily represented along the results associated with

the following PDM.

The fourth metric is related to the experts’ preferences associated with

the second priority level, that contains both the path length and the de-

struction probability. In dynamic environments, it is equally important to

minimize both: a shorter trajectory has a lower chance of finding an un-

expected threat and the already known unsafe regions have to be avoided.

Besides, addressing them at the same level using the relation operator pre-

sented in Section 4.1.3 reduces the number of discontinuities in the search

space and allows the algorithm temporarily improve one of the objectives

in spite of worsening the other. However, the path with the lowest destruc-

tion probability is selected by the experts as the final solution, because it

is the safest path regarding the available information about the ADUs. As

the path length and destruction probability are placed at the same priority

level and the relation operator makes them compete in a Pareto fashion, the

solution with the lowest destruction probability is the one with the highest
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(worst) path length. Therefore, incorporating the final experts’ preferences,

this metric calculates the mean of the worst4 path lengths of the solutions

in the best front of the Nr executions algorithm, excluding those best fronts

that do not fulfill the constraints.

Finally, it is worth noting that although these two PDM are similar to

some of the quality indexes used in the multi-run statistical analysis of some

of the planners analyzed in Section 2, we do not use the information that they

provide as the only source to determine which sets of solutions or heuristic

parameterization are the best. Instead, we treat their results as complemen-

tary information that helps us, along with the results given by the generic

metrics, to carry out the comparisons. Besides, we do not use the sum of

the values of the different objectives to calculate these metrics. Instead, we

develop expert preference compliant PDM.

3.3. Graphical Representation

In order to facilitate the interpretation of the performance comparison

of many variants of a planner over different scenarios, we summarize the re-

sults of the 4 metrics applied to different subsets of planner variants using

the 3 types of graphics presented in Figures 3-6. This section explains how

to interpret these graphics correctly, as they can be slightly difficult to un-

derstand initially due to the different types of information they combine by

4In some cases, the best feasible Pareto front contains a unique solution that simultane-

ously has the minimal kill probability and path length. When that happens, the solution

with the worst and best path length of the best front is the same. Therefore, calculating

always the mean of the worst path length works well for the case of multiple solutions in

the best front as well as for this particular case.
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means of color and intensity scales. We will demonstrate its high utility in

the exhaustive comparison of 36 planner variants presented in section 4.4.

The graphics in the first row of Figures 3-6 summarize the SFDPR results

for different subsets of algorithms and scenarios. In each cell of each graphic

we represent when the algorithm in the Y axis is better (less dominated, in

white), equivalent (no statistically different, in gray) or worst (more domi-

nated, in black) than the algorithm in the X axis. Hence, the best algorithms

within each compared set (graphic) are those represented with lighter rows,

as they are less dominated and/or not significantly different to the others.

The graphics in the second row of Figures 3-6 summarize the IRP results

for different subsets of algorithms and scenarios. Each cell in each graphic

represents the number of times that the algorithm in the Y axis dominates

the algorithm in the X axis (⋆
Y1:Nr

X1:Nr
) by means of a double-colored scale that

also shows if the number of times that algorithm Y dominates algorithm X

is bigger or smaller than the number of times that algorithm X dominates

algorithm Y, using warm colors for the first case (⋆
Y1:Nr

X1:Nr
≥ ⋆

X1:Nr

Y1:Nr
) and cold

colors for the second one (⋆
Y1:Nr

X1:Nr
< ⋆

X1:Nr

Y1:Nr
). That is, the best algorithms

within each compared set (graphic) are those represented with warm colored

rows, as they will dominate the others more often when initialized with the

same population. Besides, darker warm colored rows identify better algo-

rithms than lighter warm colored rows, as the number of times that the first

ones dominate the rest is bigger.

The graphics in the third row of Figures 3-6 summarize the PDM results

for different subsets of algorithms and scenarios. The generations of each

planner where at least one of the Nr best fronts does not fulfill the constraints
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are represented in dark red5, while those that fulfill them are represented

by a blue scale, associated with the mean path length, that employs light

blue shades for its lower (better) values and dark blue shades for the higher

(worse) ones. Hence, within each graph, redder rows identify the planners

whose constraints are usually fulfilled later, and lighter blue lines show those

planners that, in average, achieve better final preferred solutions sooner.

4. A Case Study

In order to demonstrate the utility of our approach, we selected the offline

single UAV planner presented in [1], implemented 35 new versions of it, and

used them over 4 different scenarios to obtain the best sets of solutions for

the planner variants in multiple runs. Then we applied the comparison per-

formance indexes to these best sets of solutions, and interpreted the graphic

representation of the results of the comparison.

The following sections present relevant aspects of the problem and plan-

ners, the properties of the algorithms supporting the planner variants under

test, the scenarios used to obtain the data, and the comparative results.

4.1. The problem

In short, the selected military UAV route planning problem is formulated

as an optimization problem where the 3-D routes, compactly codified as cubic

spline curves [7], are evaluated according to 10 objective functions. These

5We only show when the number of constrained best sets is smaller than Nr (dark red)

because in the majority of the cases the third metric was equal to Nr and this way of

proceeding lets us include the information of the third and fourth metric in a single graph.
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Figure 1: 3D cubic spline path codification

functions are related to the UAV physical constraints; the overflown terrain;

the disposition and characteristics of the existing NFZs and ADUs; and the

priority levels and goals associated with the objective functions within each

mission. In this section we describe their main characteristics (see [1] for

further details, including the objective function equations) and the relation

operator (or dominance evaluation procedure) used to compare two possible

solutions in the planners and to obtain the results of the performance indexes

in the comparison.

4.1.1. Path Codification

The trajectories optimized by the UAV are represented as lists of 3-D

floating points, coded in the 3-D absolute Cartesian space (x, y, z), that define

the cubic splines to be followed by the UAV. This list contains some fixed

points that the UAV is obliged to bypass and some undetermined points,

called waypoints hereafter, whose feasible and optimal values are calculated

by the planner for the selected scenario, mission, and objective functions.

The number of waypoints between two fixed points is determined by the

planner based on that fixed point distance and kept constant during the

optimization. As an example, Figure 1 shows the cubic spline curve for

the list (S,W1, IF,W2,W3, E), where S, IF and E stand for the fixed start,

intermediate and end points; andWi for the i-th waypoint with undetermined
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(xWi, yWi, zWi) values that have to be optimized by the planner. Note how

the trajectory connects all the points of the list, a property associated with

cubic spline curves.

4.1.2. Objective Functions

To guide the optimization process, the planners evaluate the objective

functions over the 3-D continuous-spline curves, discretized in as many 3-D

Cartesian points as necessary to ensure that the distance between two con-

secutive discretized points is smaller than a given threshold. Besides the

3-D points of the discretized curve, the objective evaluation process takes

into account the properties of the elements that appear in the optimiza-

tion scenarios: the terrain, NFZs, ADUs and UAV. The feasible trajectories

are constrained by some properties of the UAV (turning radius, maximum

climbing and diving slopes, and initial fuel payload), the map limits, the

map altitude and the NFZs regions. Their violation is measured, either as

the number of times that the constraints are not fulfilled or as the distance to

the fulfillment, by the corresponding constraint violation indexes that appear

at the top of Table 1. The optimal trajectories minimize the path length ratio

(path length normalized by the length of the straight trajectory), the flight

altitude, and the probabilities of destruction and detection accumulated by

the UAV trajectory when it bypasses areas with ADUs. These minimization

indexes are presented at the bottom of Table 1.

The equations of the constraints and objective index can be found in [1],

which also presents the expression of a coordination constraint not included

in Table 1. This is so because the performance analysis of this article is

only carried out for the offline single UAV problem due to the fact that the
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Table 1: Objective functions, and dominance evaluation function priorities and limits

Constraint Violation Conditions

Name Turning Radius Slopes Fuel (kg) Map Altitude Map Limits
NFZs

(m)

Level 1st 1st 1st 1st 1st 1st

Min 0 0 0 0 0 0

Max ∞ ∞ ∞ ∞ ∞ ∞

Minimization Indexes

Name Path Length Ratio Destruction Probability Detection Probability Flight Altitude (m)

Level 2nd 2nd 3rd 3rd

Min 1 0 0 25

Max ∞ 1 1 5000

performance of the online and/or multi UAV planner versions highly depend

on the performance of its offline single version.

4.1.3. Dominance Evaluation Function

The evolutionary heuristics require a relation operator or dominance

evaluation function to rank/sort a set of solutions (trajectories) of a multi-

objective constrained problem based on their objective functions. We main-

tain the method applied in [1]: the non-standard multi-objective Pareto-

based dominance function proposed in [8], which supports the setting of

goals for each objective function and their organization into priority levels.

In short, it determines if a solution dominates/outperforms another in the

higher possible level where the decision can be taken, using within each level

the basic Pareto dominance definition over the values that fulfill the limits

and over the distance to the limited region for the values that do not.

The selected levels and limits6 are presented in Table 1. The constraint

6In our current setup, all the maximum limits except the one associated with the flight
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violation conditions are placed in the first priority level. The minimizing

objective indexes are located at lower priority levels: the second level con-

tains the path length ratio and destruction probability, and the third level

contains the detection probability and flight altitude. With this setup and

dominance evaluation function: 1) feasible solutions are automatically bet-

ter than unfeasible ones, 2) unfeasible solutions are basically compared in

a Pareto fashion, and 3) feasible solutions also compete in a Pareto way,

firstly according to their lower path length and destruction probability, and

secondly according to their lower flight altitude and detection probability.

By means of the use of the selected relation operator we can easily re-

organize the priority levels of the objective functions according to different

mission setups. Nevertheless, any reorganization changes the behavior of the

planner. For instance, in the selected setup the flight altitude and destruc-

tion probability directly compete, facilitating the search of a solution with

good values in both objectives. However, by prioritizing NFZ fulfillment over

flight altitude, the heuristics can be captured in local regions separated by

the NFZ regions. Finally, it is worth highlighting that the developed PDM

are associated with the selected priority setup presented in Table 1.

4.2. Evolutionary Heuristics

In this section we show the optimization planners under test that we use

to illustrate the performance comparison. They are developed using GA,

altitude have been released because during the initial experiments carried out for our new

PSO and DE based planners we realize that our previous setup introduced discontinuities

in the search space, making the transitions through the different regions harder.
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PSO and DE to evolve a population of routes coded as spline trajectories.

They modify the values of the 3-D waypoints of the list accordingly with the

selected 10 objective values, the dominance evaluation method in [8], and

some operators characteristic of the randomized heuristic they are rooted

in. Hence, they basically differ in the way they evolve their populations.

Therefore, the performance comparison that we carry out over the solutions

of the different planners can help us to determine if some operators (or their

parameterization) are better for the selected problem than others.

The characteristics of all the planners, obtained as variants of GA, PSO,

and DE by modifying some of the parameters/operators of each algorithm,

are summarized in Table 2. It is worth highlighting that the selection of the

modifiable parameters under study was originally bigger7 but as the changes

of the values of a few parameters did not introduce any significant difference

in the results of the comparison, we eliminated them to facilitate the graphic

visualization8. Besides, we do not claim that the selected variable parameters

are the only that need to be analyzed. However, as our performance indexes

can handle as many evolutionary planner/parameter variants as desired, we

just show how our comparison methodology works by applying it to this big

set of 36 planner variants.

7In the PSO case, we also analyzed the influence of maintaining the values of the

optimizing waypoints between the limits of the map when the PSO moved any of them

outbound by means of an elastic or an inelastic reflection of their values [21]. In the DE

case, we also analyzed the influence of the immigrants existence and the possibility of

doing dithering instead of jittering in the mutation step [29].
8Note that as the number of planner grows, the sizes of the cells of the graphs and the

letters of their axis have to be reduced.
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Table 2: Analyzed bio-inspired heuristic variants

GA-#: NSGA-II variants PSO-#: OMOPSO variants DE-#

# Immig.
SBX Xover &

#
Stand. Stand.

Immig.
Stand.

#
Mutation Bin. High.

Polin. Mut. Select. Param. Mutat. Selec. Jitter Xover Param.

1 ✓ 1 ✓ ✓ ✓ 1 All ✓ ✓

2 2 ✓ ✓ ✓ ✓ 2 All ✓

3 ✓ ✓ 3 ✓ ✓ 3 All ✓

4 ✓ 4 ✓ ✓ ✓ 4 All

5 ✓ ✓ 5 All ✓ ✓ ✓

6 ✓ ✓ ✓ 6 All ✓ ✓

7 ✓ 7 All ✓ ✓

8 ✓ ✓ 8 All ✓

9 ✓ ✓ 9 Best ✓ ✓

10 ✓ ✓ ✓ 10 Best ✓

11 ✓ 11 Best ✓

12 ✓ ✓ 12 Best

13 ✓ 13 Best ✓ ✓ ✓

14 ✓ ✓ 14 Best ✓ ✓

15 15 Best ✓ ✓

16 ✓ 16 Best ✓

4.2.1. Genetic Algorithms (GA)

We consider that the 4 GA based planners are NSGA-II [5] variants,

because they use its tournament selection and recombination method (which

ranks the solutions by Pareto fronts and crowding distance). They all differ

from NSGA-II, in replacing the basic Pareto dominance definition with the

dominance evaluation function of [8].

The 4 GA variants are characterized by changing the values of two pa-

rameters. The first parameter is related to the inclusion or not inclusion

of immigrants. The second parameter makes the GA planner use the SBX

crossover [4] with ηc = 0.9 and Polinomial mutation [6] with ηm = 0.9, or

the 1-point crossover and 2 level incremental mutation presented in [1]. All
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the possibilities are presented in the first group of columns of Table 2: the

first column (#) shows the labels within the group of the GA variants, and

the second (Immig.) and third (SBX Xover & Polin. Mut.) column respec-

tively mark with ✓ those variants that include immigrants, or use the SBX

crossover and Polinomial mutation.

Finally, note that our performance comparison confronts the GA planner

presented in [1] (labeled as GA-4 in this paper) with a more standard GA

version closer to NSGA-II (labeled as GA-1) and two intermediate configu-

rations. Besides, we only compare 4 GA variants, because we believe GA-4

was already well tuned9 for the problem in [1] using SRDRP and a PDM,

and it is considered in this paper as the baseline to compare against with the

other GA planners.

4.2.2. Particle Swarm Optimization (PSO)

The selected 16 PSO based planners are developed around OMOPSO

[32]. Again, the use of the goal prioritized dominance evaluation function [8]

makes the analyzed variants distinct from OMOPSO.

The 16 PSO variants are characterized by the changing values of 4 pa-

rameters, related to the method that selects the global best solutions, the

values of their parameters, the inclusion/exclusion of immigrants, and the

mutation applied. That is, in some variants the standard OMOPSO tour-

nament (which selects the global best from the global best archive using a

ranking of the solutions based on Pareto fronts and crowding distance) is

9The comparison in [1] analyzed the influence of the population sizes, number of chil-

dren, and probabilities of crossover and mutation in the planner performance.
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substituted by a random selection of any solution only placed in the best

Pareto front of the global best archive. In others, the limits of the stan-

dard PSO parameters (wmin = 0.4, wmax = 0.4, ci,min = 2.0, ci,max = 2.0)

are reduced to wmin = 0.1, wmax = 0.3, ci,min = 0.1, ci,max = 1.0. We also

try variants that include (or do not) immigrants in every generation of the

algorithm. Finally, the OMOPSO standard mutation (which maintains 1/3

of the swarm, uniformly mutates another 1/3, and non-uniformly mutates

the remaining) is substituted by the 2 level mutation in [1]. All these possi-

bilities are shown in the second group of columns of Table 2: the first column

(#) shows the labels within the group of the PSO variants, and the second

(Stand. Selec.), third (Stand. Param), fourth (Immig.) and fifth (Stand.

Mut.) column respectively mark with ✓ those variants that use the standard

OMOPSO selection, employ standard PSO parameters, include immigrants,

and call the standard mutation method.

Finally, note that PSO-4 is the closer to OMOPSO as it is the variant that

uses all the standard methods and standard parameters without immigrants.

4.2.3. Differential Evolution (DE)

The selected 16 DE based planners are developed around the classic DE

structure (mutation + crossover) presented in [29]. Again, in all of them we

include the goal prioritized dominance evaluation function [8].

The 16 DE variants are characterized by the changing values of 3 param-

eters in the mutation and 1 parameter in the crossover. The first variation

is related to the selection mechanism of the base mutation vector: it can be

randomly chosen either among all the solutions or among the solutions of the

best Pareto front. The second variation is related to the selection of the values
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(a) Scenario 1 (S1) (b) Scenario 2 (S2) (c) Scenario 3 (S3) (d) Scenario 4 (S4)

Figure 2: Scenarios

of the mutation parameter F : for each solution and variable, the values are

set to a unique and fixed value (Ffix) or the obtained jitter, randomly gener-

ating their values using an uniform distribution between Fmin and Fmax. The

third is related to the possible values of Ffix, or Fmin and Fmax: we parame-

terize the planner with either higher (Ffix = 0.8, Fmin = 0.1, Fmax = 0.8) or

lower (Ffix = 0.2, Fmin = 0.1, Fmax = 0.4) values. Finally, the last variation

depends on the crossover method: the planner uses either binary or 1-point

crossover. All these possibilities are presented in the third group of columns

of Table 2: the first column (#) shows the labels within the group of the DE

variants; the second (Mutation Selec.) column respectively identifies with All

and Best, the base mutation vector selection among all or the best; and the

third (Mutation Jitter), forth (Bin. Xover) and fifth (High. param) column

respectively mark with ✓ those variants that do jittering to select the values

of F , use binary crossover, and use high parameterization values for Ffix, or

Fmin and Fmax.

4.3. Scenarios

The scenarios used to analyze the performance of the evolutionary plan-

ners are presented in Figure 2. The big dashed blue circles mark each ADU
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maximum distance of detection, while the small red solid circles represent

their maximum shoot down risk distance. Hence, each circle represents the

areas that can increment the probabilities of detection and destruction, al-

though they do not necessary do it because these probabilities also depend on

other factors, such as the radar cross section and the presence of mountains.

The brown rectangles show the NFZs regions. Labels S, E, IF identify the

start, end and intermediate fixed points of the UAV. One of the final trajec-

tory obtained by a planner is represented with solid black lines. Although no

isometric views of the scenarios are shown in Figure 2, the planners search

for 3-D routes.

Finding the optimal path in these scenarios is a difficult task for the plan-

ners. In scenario S1 (Figure 2a), there is a little corridor (of 8 km) between

the upper two ADUs, where the destruction probability is zero, that the

planner has to find. In scenarios S2 and S3 (Figures 2b-2c) the planner has

to determine the trajectories in a confined area with many ADUs where the

destruction probability area has a complex shape. Finally, scenario S4 (Fig-

ure 2d) presents a more realistic and less academic setup with multiple NFZ

and ADUs located around the intermediate points that the UAV has to visit.

As each scenario imposes a different landscape in the constraint/objective

functions, it allows us to analyze the utility of the quality indicators under

different circumstances.

4.4. Planner Comparison Results

In order to compare the performance of all the planners in each of the

scenarios shown in Figure 2, we first generated Nr = 50 pairs of initial

populations (with 100 solutions each) and immigrant sets (with 250*5 solu-
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tions). Then, we obtained for each planner variant and scenario, the results

of Nr = 50 optimizations, using a population size of 100 solutions, start-

ing each optimization with one of the initial populations, and when required

incorporating 5 immigrants of its accompanying immigrant set in each iter-

ation. We ran each optimization during 250 iterations and stored the set of

best solutions (best Pareto front) during all the iterations. In other words,

for each scenario we used the same initial population and, when required,

the same immigrant set (divided in 5 immigrants per iteration) in each of

the Nr = 50 optimizations of the 36 planners10.

Next, we calculated the quality index values at different iteration steps

for 4 different subsets of planners: GA-based planners, PSO-based planners,

DE based planner, and a subset of the best planners within each group. The

results of each subset of planner comparison are presented in Figures 3-6,

whose graphs are respectively sorted in columns and rows according to the

scenarios (S1, S2, S3, S4) and the metrics (SFDRP, IRP, PDM). Due to

a lack of space, SFDRP and IRP are only presented at iteration I = 250,

except for the GA-based planners. SFDRP results were obtained with a 5%

confidence. While the blue scale of PDM depends on the scenario, the color

scales of the SFDRP and IRP graphs are always the same. Finally, in order

to identify the planner variant within each graph, we only show their label

(#) in Figures 3-5, and the initials of the type of evolutionary technique (G

10Note that although we only ran 50 optimization with each planner variant, SFDRP

does not really compare the solution obtained by two planners equally initialized, as it

compares 1 front of A against 1 equally initialized front of B and 49 not equally initialized

fronts of B.
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1 2 3 4

4

3

2

1

Algorithm X

A
lg

or
ith

m
 Y

 

 

⋆
Y
1
:
N

X
1
:
N
≥

⋆
X

1
:
N

Y
1
:
N

⋆
Y
1
:
N

X
1
:
N

<
⋆

X
1
:
N

Y
1
:
N

50

25

1

0

1

25

50

(e) S1-IRP, I = 250

1 2 3 4

4

3

2

1

Algorithm X

A
lg

or
ith

m
 Y

 

 

⋆
Y

1
:
N

X
1
:
N
≥

⋆
X

1
:
N

Y
1
:
N

⋆
Y

1
:
N

X
1
:
N

<
⋆

X
1
:
N

Y
1
:
N

50

25

1

0

1

25

50

(f) S2-IRP, I = 75
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(g) S3-IRP, I = 75
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(h) S4-IRP, I = 75
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(k) S3-PDM, I = 75
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Figure 3: GA Comparison

for GA, P for PSO and D for DE) followed by the label (#) in Figure 6. In

the following, we analyze the results of the comparisons for the 4 subsets of

planners.

4.4.1. Comparison of GA-based Planners

The SFDRP and IRP graphs of the GA planner variants, collected in

Figure 3, are related to different iteration values (stated as I = # in the label

of each graph) because their usual behavior at I = 250 was the presented in

scenario S1: the grey SFDRP graph shows no significant difference among

any variant, the IRP graph with similar intensity in the warm and cold colors
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(b) S2-SFDRP
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(c) S3-SFDRP
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(d) S4-SFDRP
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(e) S1-Each 225
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(f) S2-IRP

1 2 3 4 5 6 7 8 9 10111213141516
16
15
14
13
12
11
10

9
8
7
6
5
4
3
2
1

Algorithm X

A
lg

or
ith

m
 Y

 

 

⋆
Y
1
:
N

X
1
:
N
≥

⋆
X

1
:
N

Y
1
:
N

⋆
Y
1
:
N

X
1
:
N

<
⋆

X
1
:
N

Y
1
:
N

50

25

1

0

1

25

50

(g) S3-IRP
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(h) S4-IRP
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Figure 4: PSO Comparison

shows that the number of times that algorithm Y dominates algorithm X is

similar to the number of times that algorithm X dominates algorithm Y.

Hence, we analyzed the differences of S2, S3, and S4 at lower iterations (I =

75). The lighter rows in their SFDRP graphs for GA-2 and GA-4 in scenarios

S2 and S4, and for GA-2 in scenario S3 mean that the selected algorithms

are better than the remaining ones. The yellowish IRP rows in scenarios S2

and S3 associated with the best rows of SFDRP imply that although the

number of times that the Y algorithm dominates the X algorithm is bigger

than the other way around, the number of times that it happens is really

small. The reddish IRP rows in scenario S4 imply that the number of times
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that GA-2 and GA-4 dominate the others is bigger than the case when the

same variants dominate the rest in scenario S2.

The PDM graphs show that the constraints were satisfied at iteration 10

in all the scenarios but S4. Besides, the similarity within the rows of each

PDM graph at the final iterations show really small differences among the

mean normalized path length of the final selected solutions provided by each

GA variant.

The overall conclusion extracted from Figure 3 is that all the GA versions

have a similar performance at generation 250, although GA-2 and sometimes

GA-4, which use the non-standard mutation and crossover of [1], are slightly

better in early iterations. Therefore, the GA-based planners can initially

benefit from the special genetic operators that we have developed, although

they do not necessary benefit from the inclusion of immigrants.

4.4.2. Comparison of PSO-based Planners

The graphs of the PSO planner variants, collected in Figure 4, show

some interesting patterns. The SFDRP behavior at iteration 250 changed

dramatically every 4 rows and the behavior was roughly maintained every 4

rows (i.e. under the same selection and parameterization). The first 4 rows

are usually dark, the second 4 lighter, the third 4 dark or light depending on

the scenario, and the last 4 lighter again. The changes within the immigrants

(every 2 rows) and mutation (every 1 row) parameterization have a smaller

overall influence. Hence, and according to SFDRP, the PSO variants with

standard selection and standard parameters (1-4) are the worst, some PSO

variants with selection among the best and standard parameters (9-12) are

good for some problems, and many PSO variants with lower parameters (5-8
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& 13-16) are in general, good. The IRP red columns of S2, S3 and S4 (which

also appears lighter in S1) clearly show that the PSO variants with standard

selection and standard parameter (1-4) are the worst. Besides, the warmer

colors that usually appear in the last 4 rows show that some variants with

selection among the best and low parameters (13-16) are at least as good as

a few of the 5-12 variants.

The PDM graphs also show the 4 row pattern, which is especially signifi-

cant in scenario S4, where unconstrained solutions are still found in the last

generations for the standard parameter variants (1-4, 9-12).

The overall conclusion extracted from Figure 4 is that the versions with

the standard selection and parameters of OMOPSO (1-4) are usually the

worst, while some versions with selection among the best and low parameter

values (13-16) usually belong to the best group of versions. This can be due

to the fact that the standard selection and parameters variants (1-4) create

many solutions that do not fulfill the constraints (and in some cases, not

even finding any feasible solution in the last generation). On the contrary,

using the selection among the best with low parameters (13-16) makes the

algorithm slowly improve all the solutions towards feasible optimal regions.

Finally, the set of best PSO planners for each scenario is different, although

PSO-16 (with selection among the best, low parameter values, no immigrants,

and OMOPSO standard mutation) always belongs to the set.

4.4.3. Comparison of DE-based Planners

Although the patterns presented in the graphs of the DE comparison,

collected in Figure 5, are weaker than in the graphs of the PSO comparison,

they do exist and allow us to identify good DE variants. The last 8 rows of
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(b) S2-SFDRP
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(c) S3-SFDRP
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(d) S4-SFDRP
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(e) S1-IRP
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Figure 5: DE Comparison

SFDRP/IRP/PDM are usually lighter/warmer/less red & lighter blue than

their corresponding counterparts in the first 8 rows. Hence, selecting the base

vector among the best instead of randomly among all the population lets the

DE planners find better solutions. The same type of behavior is usually

observed among each even variant and its previous (odd) one. This implies

that planners with lower mutation parameter values are better than their

corresponding counterparts with higher values. The influence of the other

parametric variations (jittered/fixed values of F and crossover method) is

not that clear.

Hence, the overall conclusion is that the versions of DE with low muta-
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tion parameter values and selection among the best are usually better than

their counterparts. Unsurprisingly, this behavior is somehow similar to the

observed behavior in the PSO case, where the best planners are usually found

among the PSO-versions with low parameter values and selection of the base

vector of the global best among the best11. Finally, note that there are two

DE variants that can be usually considered among the best ones in all the

scenarios. They are DE-10 and DE-14, which select the base vector among

the best, use binary crossover, have low mutation parameter values, and fixed

or jittered mutation parameters.

4.4.4. Comparison of Selected Planners

The results of the comparison of the best planners selected for each prob-

lem are presented in Figure 6. The order is as follows: first the GA-based

planners (G#), next the PSO (P#) and finally the DE (D#).

We again observed some really strong patterns in the graphs in this sec-

tion. The final white/warm rows associated with the DE based-planners in

the SFDRP/IRP graphs imply that the selected DE planners usually obtain

better solutions than the selected GA and PSO ones. Moreover, the clearly

11We can establish some indirect relationship although the mutation parameter values

and selection of the base vector, and the low parameters values of PSO and selection of

the global best among the best influence differently DE-mutation and PSO-velocity &

position update. On one hand, selecting among the best solutions in both cases makes

the population tend towards the better (and therefore feasible) solutions. On the other

hand, using lower parameter values decrements the possible changes of the solutions. We

believe that the combined behavior is helping the planners to reach feasible regions and

stay within them.
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Figure 6: Selected Planners Comparison

lighter rows of the DE planners in the PDM graph shows that the solutions

are significantly better. These graphs also show that 1) in scenarios S1, S2

and S3 the selected GA variants are better than the selected PSO variants,

and 2) in scenario S4, the selected PSO variants are better than GA-4 but

similar to GA-2.

Therefore, and according to the applied quality indexes that we have used

to compare the algorithms, the finally selected DE variants are the best ones,

followed by the GA ones in the majority of the cases, and in a few cases by

either one GA variant or some PSO ones. Nevertheless, this observation

does not imply that PSO is necessary the worst algorithm for the problem or
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that DE is the best, because other variants/parameterization of any of them

could present different behaviors. That is, the presented methodology let us

determine the best variants in a given set of possibilities.

5. Conclusions

In order to compare the performance of multiple UAV planners, we pro-

pose the combined use of some general based metrics capable of dealing with

different relation operation definitions, and some problem specific metrics

that consider the final preferences by the experts. Besides, we complement

the performance indexes with 3 graphic representation of their results that

allow us to compare the performance of many UAV planners at a glance.

The applicability of our comparison approach is analyzed over the results

obtained for different scenarios by a comprehensive set of 36 evolutionary

based planner variants that tackle the problem in [1]. Its utility is demon-

strated by the results of the comparison over 4 different scenarios, which help

identify 1) the best usual variants of the whole set of planners for each sce-

nario and 2) the set of parameters whose values improve/degrade the overall

performance of each planner type.

Besides, the systematic analysis presented in this study can also be used

to carry out performance evolution studies based on SRDRP & IRP graphs

at different iterations. This type of study allows us to evaluate if the best

variants are always the same during different generations of the algorithm,

and when it is not the case, analyze if the application of different techniques

during different phases of the algorithm lets the planner find the solution

quicker. Furthermore, the results of this type of study can be used to develop
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new parallel versions of the planners that evolve, using a group of the best

identified algorithms, different subpopulations of solutions. As an immediate

future study, we are also planning to use fuzzy logic capable of automatically

selecting the best algorithm/solution. Rules would be based in the metrics

used in this study, which have proven to be useful for a decision maker.

Finally, it is worth highlighting that the generality of the SRDRP & IRP

metrics and their graphs, supported by the inclusion of the relation opera-

tion used in the evolutionary algorithms in the step that compares sets of

solutions of different variants of the algorithm, makes them directly appli-

cable to compare the performance of other planners and/or path planning

tasks, or even for other multi-objective optimization problems. Additionally,

although the PDM have been designed for the selected problem, the compari-

son method proposed here can also be easily adapted to consider the experts’

preferences for other types of planning tasks or problems.

Appendix A. Comparison of two Sets of Best Solutions

This appendix shows the procedure that compares two sets A and B of

solutions returned by the multi-objective meta-heuristics by comparing all

the solutions ai ∈ A and bj ∈ B using the relation (rel) operation applied

by the evolutionary algorithm for comparing ai and bj by means of the val-

ues fk(a
i) and fk(b

j) of their violation constraint indicators and objective

functions.

The comparison is based on the following facts:

1. In general, the results of comparing solutions ai and bj according to rel

using fk(a
i) and fk(b

j) can be: ai is better than (dominates) bj , bj is
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better than (dominates) ai, ai and bj are equal (∀k fk(a
i) = fk(b

j)), or

none is better than the other (i.e. they do not dominate each other).

For instance, in the weighted sum function case: ai is better than bj

when
∑

k wkfk(a
i) is better than

∑
k wkfk(b

j). None is better when

∃rfr(a
i) 6= fr(b

j) but
∑

k wkfk(a
i) =

∑
k wkfk(b

j). In the basic Pareto

dominance definition case, ai is better than bj when either ai strictly

dominates bj (∀k fk(a
i) is better than fk(b

j)) or when ai dominates bj

(∃r fr(a
i) is better than fr(b

j) and ∀k 6= r fk(b
i) is not worse than

fk(b
j)). They are not comparable when ∃r fr(a

i) is better than fr(b
j)

and ∃k fk(b
j) is better than fk(a

i).

2. The elements (trajectories) ai of a set A of best solutions (best Pareto

front) returned by the planner are 1) not worse than any other solution

found by the algorithm and 2) not better than others in the returned

set A.

The generalization of the comparison of the elements ai and bj in the

sets A and B of best solutions (returned by two different runs of the planner

or two different randomized planners) to the comparison of the sets them-

selves, creates a best set comparison procedure that returns three different

possibilities:

1. Set B is worse than (dominated by) set A. This happens when ∀bj ∈ B,

1) ∃ai ∈ A where either ai is better or equal to bj and 2) 6 ∃ai ∈ A where

bj is better than ai.

2. Set A is worse than (dominated by) set B. When ∀ai ∈ A, 1) ∃bj ∈ B

where either bj is better or equal to ai and 2) 6 ∃bj ∈ B where ai is

better than bj).
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3. None is worse than the other, meaning that they neither dominate nor

are dominated by the other set.

This procedure is the basis of the two general quality indexes that we

have presented in Section 3.1 to perform a multi-run comparison of sets of

best solutions returned by pairs of planners.
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