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ABSTRACT. In this paper we consider the problem of determining amugitpath for an
unmanned aerial vehicle which needs to visit multiple targ€he objective is to minimize
the travel distance while maximizing the utility of the ¥&tion order. This is known as the
TARGET VISITATION PROBLEMand has several applications including combat search and
rescue, environmental assessment, and disaster relieft, We provide a mathematical
model based on integer linear programming and prove thatribtelem is\P-complete.
Then we describe the implementation of a genetic algorithnfifiding approximate solu-
tions. The heuristic is then hybridized by the implementanf a local search procedure.
Numerical results are presented demonstrating the eféeess of the proposed procedure.

1. INTRODUCTION

Path planning problems are among the most studied topigsdrations research [7, 8,
27, 36]. In fact, therRAVELING SALESMAN PROBLEM (TSP), arguably the most famous
of all optimization problems falls in to this class [33]. Img paper, we consider the prob-
lem of determining the optimal route for an unmanned aegdiicle (UAV) which needs
to visit multiple targets and return to its point of originhd objective is to minimize the
total distance traveled and maximize the utility of thetaison sequence. This is known as
the TARGET VISITATION PROBLEM (TVP) and has several applications including combat
search and rescue, disaster relief, and environmentasamsat [26].

Work on theTvp is limited. It was first posed in a paper by Grundel and Jeffdating
from 2004 [26]. In this work, the authors describe the problem and thplémentation
of a greedy randomized adaptive search procedure (GRASRpfputing approximate
solutions. The aforementioned paper was intended to peamdntroduction to the prob-
lem, not an extensive computational analysis. Insteadatlti@ors provide a combinatorial
formulation and examine the similarities betweentke and two other well-known prob-
lems, namely thefRAVELING SALESMAN PROBLEM [33] and theLINEAR ORDERING
PROBLEM[17]. We provide a similar analysis in a later subsection.

1.1. Motivation. As technologies advance, the use of unmanned aerial vel{idgk/s)
for civilian and military applications is increasing. digh applications include environ-
mental assessment and search and rescue. Moreover, UA¢sban used in military
applications for decades and help to ensure that coaliboces maintain a competitive
advantage in the global war on terrorism. Often times, p&hrpng for the particular
mission, be it civilian or military, is a non-trivial procesTwo important, often competing
factors are the overall distance traveled by the UAV and #wence in which various
“targets” or “points of interest” are visited [26]. Beforeowing on to the rigorous mathe-
matical formulation, we provide a simple example demotisigehe idea behind thevp
and motivating its use in several practical military andl@n applications. In [26], the
authors provide a similar example in the context of a UAV sillng an environmental
mishap, which we follow with a modification of the theme.

Suppose that the set of points in Figure 1(a) representaatialh of villages in which a
sought after terrorist is suspected of hiding out. The plain¢led “Origin” is the location
of the coalition force. Moreover assume the available ligiehce data suggests that the
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FIGURE 1. This example compares the optimal solution forike in-
stance with the relatedspandLoP solutions.

most likely hiding spot of the terrorist is point D, and theesed most likely location

is point A. In an application such as the one described, itafi-ktnown that the person
of interest moves frequently, and that the older the irgeflice date is, the less accurate
it becomes. Suppose the coalition force has the ability aada a miniature UAV from
the Origin and have it pass through a pre-established seagb@ints before returning to
the starting point. During its flight, the UAV is capable ofaimetering data back to the
coalition force helping to establish the known locationted terrorist they seek.

The remaining subfigures demonstrate the optimal solutidren various objectives
are considered. In Figure 1(b), only the overall distanaedted by the UAV is taken in to
account. Notice here that point D, the most probable lonaifdahe terrorist is visited last.
Clearly this is not a desirable visitation sequence. In Fégl(c), maximizing the pref-
erences in which the villages are visited is the only objectionsidered. This sequence,
while better than the previous is still long and could peghbp shortened a bit without
sacrificing too much time between visiting the highly prolyataypoints. The route given
in Figure 1(d) does precisely this. Here, a combination sfatice and preference is con-
sidered in the path planning. We see that this route providesptimal mixture of visiting
“high chance” waypoints quickly, so that the coalition fenmay act on the intelligence
they receive. This simple example demonstrates the impoetaf considering both dis-
tance and visitation sequence when solving a path planmoiggm for a UAV. As we will
see in the next section, when considered individually,ghe® objectives generalize two
well-studied problems in combinatorial optimization. Asurns out, both aréV"P-hard
which provides some indication as to the complexity of the.
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1.2. ldiosyncrasies. Before formally defining the problem statement, we intraaltioe
symbols and notations we will employ throughout this papemote a graplis = (V, E)
as a pair consisting of a set of verticésand a set of edges. Let the mapw : £ — R
be a weight function defined on the set of edges. We will deantedge-weighted graph
as a pair(G,w). Thus we can easily generalize an unweighted gi@ps (V, E) as an
edge-weighted grapftz, w), by defining the weight function as

1,if (i,j) € E,
Wi = .
’ 0, if (i,7) € E.

We use the symbolb*:= «” to mean “the expressioa defines the (new) symbal in
the sense of King [31]. Of course, this could be conveniemtignded so that a statement
like “(1 — €)/2 := 7" means “define the symbelso that(1 — ¢)/2 = 7 holds.” We will
employ the typical symba$* to denote the complement of the setfurther letA \ B
denote the set-differencd,N B¢. Agree to let the expressian«< y mean that the value
of the variabley is assigned to the variable Also, let|N| denote the cardinality of the
setN. We defineZ;, := {0,1,2,...,k} N Z, as the set of integers modulo Finally, we
will useitalics for emphasis andMALL CAPs for problem names. Any other locally used
terms and symbols will be defined in the sections in which tygyear.

1)

1.3. Organization. In this paper, we describe the implementation of a genegiorahm

for finding approximate solutions for thevp. The encoding scheme is based on random
keys [5]. The heuristic is then hybridized by the impleméotaof a local search pro-
cedure. Numerical results are presented demonstratingffthetiveness of the proposed
procedure. The remainder of the paper is organized as felldiext, we provide a math-
ematical model for thevp and prove that finding an optimal solutionA§P-complete.
Then, in Section 3 we describe a hybrid genetic algorithmsfuwing large instances.
Computational results are provided in Section 4 compafirgproposed heuristic to a
standard genetic algorithm and the optimal solutions agpced by a commercial integer
programming package. Finally, we provide some concludémgarks in Section 5.

2. PROBLEM DESCRIPTION

In this section we provide a formal description of theRGET VISITATION PROBLEM
and discuss complexity issues. We also discuss the sitiéltietween th&vp and other
combinatorial problems. What follows is a brief survey athature.

2.1. Related Problems. Here we briefly examine the similarities between th&RGET
VISITATION PROBLEM and two well-known problems in discrete optimization, ngntlee
TRAVELING SALESMAN PROBLEMand theLINEAR ORDERING PROBLEM

2.1.1. TRAVELING SALESMAN PROBLEM. TheTRAVELING SALESMAN PROBLEM (TSP)

is the most studied and widely recognized problem in opamatresearch [11, 13, 17, 33,
40, 41, 45]. It has been the focus of research for G@eyears and remains a challenge
even today. Given a graphl = (V, F), a subset of edges C F is said to be draveling
salesman touif it is a simple cycle ofG having lengthV|. In this context (and our’s) a
tour is a Hamiltonian cycle, but this easily generalizeseaeting on one’s definition of a
tour.

Suppose now that the graph is weightéd c), wherec;; represents the cost of travers-
ing arc(s, j) € F and thaiV’| = n. The objective is now to find a tour of minimum cost.
Then if we represent a tour as a permutatioof the nodes, then the goal is to firdthat
minimizes

n—1
Z(m) = Z Cr(i),m(i+1) T Ca(n),m(1)- (2)
=1
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The original integer programming formulation of thepris due to Dantzig, Fulkerson,
and Johnson (DSJ) [13] and continues to be a popular forionlatday. Letr : E +—
{0,1} be a decision variable associated with each arc. Then thef@®dilation of the
TSPis given as the followin@-1 integer program [13].

DSJ : max chijlﬁj (3)
i=1 j=1
subject to

wy=1,Yj€eV, 4)
7
injzl,ViEM (5)
=1
JFi
i€S jeS
Tij € {0, 1}, Vi,jeV. (7)

The DSJ formulation containg(n — 1) integer variables and™ constraints. While
minimizing the total tour cost, the sets of constraints ingdd (5) ensure that each node
is visited exactly once. Constraint set (6) prevents sulstdiy ensuring that feasible solu-
tions are biconnected [45]. The major drawback of the DS:ifdation is the exponential
number of subtour elimination constraints.

Another formulation of thaspthat is widely used in practice is due to Miller, Tucker,
and Zemlin (MTZ), and was first published in 1960 [35]. The Mi@mulation reduces
the number of subtour elimination constraints to be polyiatinbounded, at the expense
of increasing the number of decision variables. £ e’ — R be a bijection where

s; := the relative position of nodgin the tour. (8)

For example, if node is visited third in the tour, thers = 3. Thes; variables are
commonly referred to asequencing variableand can have many interpretations [15].
Without the loss of generality suppose that the depot, ontpafi origin is defined to be
nodel. Using the decision variables defined above and the sequgwrariables, we can
formulate the MTZrspas follows:

MTZ : max ZZCU:UU (9)
i=1 j=1
subject to

Y oay=1,YjeV, (10)
=
S my=1,VieV, (11)
j=1
j#i
yl—yj-i-n,CCUSTL—l,VZ,_]EV\{l},l#], (12)
ri; €{0,1}, Vi,j eV, (13)
yi €R, VieV\{l}. (14)

The MTZ formulation containg? decision variables, an@(n?) constraints. The sequenc-
ing variables used in this model allow considerable fleitipdnd the ability to model re-
lated problems easily. We take advantage of this for our édation of theTvp in the
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following section. It has been shown however that the MTZAfolation is weaker than the
DSJ formulation [39]; however, the model can be strengttidnydifting additional edges
as shown by Desrochers and Laporte [15].

These represent just a few of the formulations which have Ipeeposed for solving
TRAVELING SALESMAN PROBLEMS For extensive review and analysis of other formula-
tions, the reader is referred to [32] and [39]. As for the camafional complexity of the
TSP, it is well-known to beNP-hard. Further, nonmetric instances of th& cannot be
approximated within a constant factor unlgds= NP [17]. A thorough review of the
problem is available in [28].

2.1.2. LINEAR ORDERING PROBLEM The LINEAR ORDERING PROBLEM (LOP) is an-
other optimal sequencing problem. Given a 8ebf n items and a corresponding matrix
D = {d; ;}nxn, Which represents the preferences for ordering itdmefore itemjy, the
objective is to find an ordering of the items which maximizes preferences [9]. Appli-
cations abound including ranking athletes or sports teaamking preferences to obtain
ancestry relationships, and in economics [19]. In term&efratrixD, the optimal solu-
tion is a permutatiom of the rows and columns @ such that the sum of the values in the
upper triangle are maximized. Th®pP can represented as a combinatorial optimization

problem as follows:

n—1 n

max Z(TF) = Z Z dﬂ.(i)yﬂ.(j),

i=1 j=i+1
wherer (i) represents the item in positiagrof the permutation [26]. An equivalent graph
theoretical problem is to find an acyclic tournament in a cletepveighted graph in which
the sum of the arc weights is maximal [34].

An integer programming formulation for thevp can be computed as follows. Let

z: N x N +— {0,1} be defined as

1, if 7 is ordered beforg
R S if 7is or ered beforg, (15)
0, otherwise.
Then theLop admits the following integer programming formulation:
LOP : max Z dijxi]‘ (16)
(i.4)EN
subject to
Tij +xj; =1, Vi, j €N, a7
Lij +x.77€ + xp < 21 Vl,j,k € N7Z 75.772 7& ka] 7& ka (18)
x;; €{0,1}, Vi,j € N. (19)

TheLop formulation consists ofi? decision variables an@(n?) constraints. Constraint
set (17) ensures that each item is considered only onceettioscing the strict precedence
relation. The constraints in (18) ensure that the solutsoaciyclic. Not surprisingly, the
decision version of theopr is known to be\VP-complete, and the corresponding optimiza-
tion problem is\“P-hard [24, 25].

As we can see, thBARGET VISITATION PROBLEM combines attributes of both the
TRAVELING SALESMAN PROBLEM and theLINEAR ORDERING PROBLEM We are now
ready to formally define thevp and examine several math programming formulations.

2.2. TARGET VISITATION PROBLEM. An instance of thefARGET VISITATION PROB-
LEM consists of a selV = {1,2,...,n} of targets located at distinct points. There is also
an associated distance matiiX= {d; ; }.,nxm, Wherem := n + 1. Thed, ; entries rep-
resent the distances between nodgse N. Note that the distances may be asymmetric,
i.e.d; ; # d;; necessarily. Also, for all targeisthere is a valué, ; which represents the
distance from the UAVs point of origin to targetFurthermore, a matriR = {p; ; }nxn
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is provided where; ; represents the preference or utility of visiting targleefore targej.
This can be interpreted as the assumed “threat level” otivelemportance of visiting one
target before another. The intuition is that targets withhler priorities should be visited
earlier in the sequence.

As mentioned in [26], obtaining the values &f; is usually an easy task since literal
distance measures or other metrics such as travel time ailalale or are trivial to calcu-
late. However, deriving the values pf ;, the value of visiting target before targejyj is
not always so simple. There are several methods used byamipitanners when develop-
ing routes for thervp. The most common method, and the one we adopt in this paper, is
known as “target value reconciliation” [26]. In this methadjroup of experts offer a set
of pair-wise rankings for the targets from which the prefieee matrix is derived. More
specifically, for all targets andyj, each expert is to specify a preference of visiting tafget
before;j [10]. The value of; ; is simply the cumulative number of experts who prefer to
visit i beforej.

A feasible solution for ther'ARGET VISITATION PROBLEM is one in which the UAV
leaves its point of origin, visits all targets exactly onead returns to the origin. The
objective is to minimize the distance traveled while maximg the utility of the visitation
sequence [26]. Let be a permutation of the set of integéts. .., n + 1) N Z, such that
j =: m(i) implies that targej is thei"" position of the visitation sequence. With this, we
can formulate thavp as the following combinatorial optimization problem firs¢en in
[26]:

n—1 n n—1
Maximize Z () = {Z > pﬁ(i),ﬂ(j)} - {do,m) ) ey m (i) + dﬂ(n),o} (20)
i=1 j=it1 k=1

Permutation based models of combinatorial problems aemafseful for gaining an intu-
itive understanding of the problem. However, integer paogming models are usually the
most helpful for providing some of the formal propertiestod problem [37]. With this in
mind we now develop a linear integer programming formutafar theTvp.

The TARGET VISITATION PROBLEM can be conveniently described as a combinatorial
problem on a graph. Consider a doubly weighted directedrgfépd, p), whereV =
{0,1,2,...,n} is the set of nodes. Suppose thatrepresents the set of targets, hence
n = |N|. We include an extra node which represents the origin. Adsspyme without
the loss of generality tha¥ is a complete graph. For each eddgj) € FE, there is an
associated weight; ; which represents the distance from targeettargetj. Furthermore,
for each edgéi, j) € E, there is an associated valpg; which is the preference for the
corresponding target pair as described above. Now, 16t x V' — {0, 1} be a surjection
defined by
_— {1, ff i =m(k) = j = n(k+1), fork € Z,, 21)

0, otherwise,

wherer is defined as above. Said differently,; = 1 implies that(, j) € E is a link in
the tour. Next, we introduce another surjective functionV x V' — {0, 1} defined by

(22)

1, iff i = (k) = 5 ==(l), fork,l € Z,, such that < I,
Wi,j = .
! 0, otherwise.

Finally, we have a bijectiop : V — R, where

y; := sequence in which targeéts visited. (23)
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With this we can formulate th&eARGET VISITATION PROBLEM as the following integer
linear program.

TVYP1: max i ipiiji_’j - i idi,jxi,j (24)

i=1 j=1 i=0 j=0

i#£] i#£]
subject to
a;=1,VjeV, (25)
=0
i)
in"j =1,VieV, (26)
j=0
J#i
yi_yj+n'xi,j§n_17Viajev\{o}vi#jv (27)
Wy, j +’LUj71' <1, Vl,j S V,i 75_], (28)
Tij € {0, 1}, VZ,] S V, (30)
w;,; € {0, 1}, VZ,] S V, (31)
yi € R, VieV\{0}. (32)

This formulation has a total &2 — 5n + 4 constraints andn? — n — 1 integer variables.

Theorem 1. The integer programming formulatichVP1 is a correct formulation of the
TARGET VISITATION PROBLEM.

Proof. Notice that in graph theoretical terms, the objective oftke is to find a Hamil-
tonian cycle which is of minimum weight, but which also makies the visitation pref-
erences. This is accomplished by the objective function3®).( The2n assignment
constraints in (34) and (35) ensure that each target isediginly once in the tour. The
n? — 3n + 2 constraints in (36) are subtour elimination constraintd hance prevent
disjoint cycles from occurring in the tour.

The constraints in (28) ensure that only oneugf; or w;; is nonzero for all(z, j)
pairs. In order to ensure that ; = 1 only wheni is visited beforej, we have the)(n?)
constraints in (29). They insist that ; is nonzero only when; < y;. Finally, (38), (39),
and (40), define the proper domains for the variables useds,hsolution to the integer
programming formulatiorP1 characterizes a feasible solution to ther. On the other
hand, it is clear that a feasible solution to ther will define at least one feasible solution
to P1. ThereforeP1 is a correct formulation for theve. O

We have shown that formulation TVPL1 is correct formulationthe Tvp. However,
it is possible to formulate a more compact integer programgmiodel which reduces the
number of constraints by?. This model is based on the MTZ formulation for thep. It
is given as follows.
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TVP2: max z”: z”: Pi,jWi,j — z”: zn: di j i, (33)

i=1 j=1 =0 j=0
i#£j i#£j
subject to
a;=1,VjeV, (34)
=0
i#]
in"j =1,VieV, (35)
j=0
J#i
yi—yj+n-wi7j§n—1,Vi,jEV\{O},i;ﬁj, (36)
x5 <wij, Vi, j eV, (37)
w; ;€ {0, 1}, VZ,] ev, (39)
yi € R, VieV\ {0} (40)

Theorem 2. Formulation7 VP2 is correct.

Proof. Constraint sets (34) and (35) imply that the indegree andeguee, in the edge
induced subgraph of the solution set, has to be one for alhtltes. Constraint set (36)
and (37) together ensures that there cannot be subtourkisais just the MTZ based
formulation for TSP. In order to prove that; # w,;, let us consider constraint set (36). If
i is visited beforej, then we have; — y; < 0 and maximization of the objective function
ensures thaiv;; is one. Ifj is visited before, then we have; — y; > 0 and hencew;;
has to be zero. O

The TvP represents a set of combinatorial decisions that must be 3. Clearly,
for any asymmetric instance consistingofargets there are! possible routes to consider.
Now that we have an integer programming model fortke, we can examine the com-
putational complexity. It is not surprising that finding aptional solution is\“P-hard as
we will now show by proving that the recognition version of fhroblem is\VP-complete.
The recognition version of thevp can be stated as followsK{TvP) Given an instance
of the TARGET VISITATION PROBLEM, does there exist a tour of cost less than or equal to
K?

Theorem 3. The decision version of tiRRGET VISITATION PROBLEM (K-TVP) is N/'P-
complete.

Proof. To show this, we must prove that)(K-Tve € N'P; (2) SomeNP-complete prob-
lem reduces to KrvP in polynomial time.

(1) Clearly K-TvP € AP since any solution can be verified in polynomial time to be
feasible or not.

(2) To complete the proof, we show a simple reduction from thR@iHTONIAN CY -
CLE PROBLEMWhich is well-known to be\"P-complete [17]. LetG = (V, E) be
a graph in which a Hamiltonian cycle has to be determined.s€oat a complete
graphG = (V, E) with arc distancd if (i, j) ¢ E and0 otherwise. Furthermore,
construct the preference matrix such that = k, wherek € R, for all (4, j)
pairs. The objective of the decision problem1kp is to determine if a solution
exists with cost’ < k - n. A ‘yes’ instance of the AMILTONIAN CYCLE PROB-
LEM on G corresponds to a ‘yes’ instance for the# on G. Notice that the
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cost of the KTvp tour is simply the sum of the preference costs, k.en, as the
distance component of the objective function is zero.

To prove the converse, observe that the cost of amywiK+our is at least: - n.
Thus a ‘yes’ instance of Krvp would mean that all of the arcs in the tour have zero
cost. This implies all of the arcs in the Kvp tour are present in the graghand
also form a valid tour ir. This results in a ‘yes’ instance for thealiILTONIAN
CYCLE PROBLEM Thus the proofis complete.

O

As noted in [26], it might be the case that for a particulatanse of thervp, the terms
of one of the matrices in the objective function may dominthteother. However, both
distance and utility are important factors and should bemiequal attention in a solution.
Therefore, we use a simple balancing heuristic first giveshyndel and Jeffcoat in [26].
Let 7, be a random permutation of the targets to be visited. Fuyrtiedfiney € R such
thatR := yR. In order to normalize th® andR matrices, we adjust the particular value
of v so that

Y Y P ()
do,r, (1) + 07 doey ()0 (1) + Ay ()0
Then without the loss of generality, the parametean be used to weight either matrix if
it is determined that the one of the distance or preferenogonents is more important
than the other. Hence increasing the valuey gflaces more importance on the utility of
the visitation sequence relative to the total distancesteal/[26].
The complexity of thervp motivates the need for efficient heuristics since finding-opt

mal solutions for large instances is impractical. Therefar the next section we propose
the use of genetic algorithm for finding near optimal solusiéor theTvp.

~ 1. (41)

3. GENETIC ALGORITHM

Genetic algorithms (GAs) get their name from the biologpralcess which they mimic.
Motivated by Darwin’s Theory of Natural Selection [14], #eealgorithms evolve pop-
ulation of solutions, calledndividuals over severagjenerationsuntil the best solution is
eventually reached. Each component of an individual issdadlallele. Individuals in the
population mate through a process cattesssoverand new solutions having traits, i.e. al-
leles of both parents, are produced. In successive gemesatinly those solutions having
the besfitnessare carried to the next generation in a process which mirhefundamen-
tal principle of natural selectiosurvival of the fittesf20]. Figure 2 provides pseudo-code
for a standard genetic algorithm. Though the GA does comviergrobability to the opti-
mal solution, it is common to stop the procedure after soramfinating condition” (see
line 3) is satisfied. This condition could be one of several thimgduiding, a maximum
running time, a target objective value, or a limit on the nembf generations. For our
implementation, we use the latter option and the best solatfterMaxGen generations is
returned.

When designing a genetic algorithm for an optimization fgoh one must provide a
means to encode the population, define the crossover opesatb define thenutation
operator which allows for random changes in offspring tghekvent the algorithm from
converging prematurely. The encoding scheme we proposeifdBA is based on random
keys and follows exactly as described by Bean [5]. As meetiadn [5], GAs often have a
difficult time maintaining feasibility of solutions in suessive generations. This problem
is overcome by the use of random keys as an encoding mechémigime population.
Random keys work by encoding the solution vector using rendoembers. The feasibility
issue is then moved into the objective function, and subsetyiall offspring produced
are guaranteed to be feasible solutions.
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procedureGeneticAlgorithm

Generate populatioRy,

Evaluate populatiotiy

while terminating condition not meto
Select individuals fronP;, and copy toPy;
Crossover individuals fron®, and put inPj, 1
Mutate individuals fromP;; and put inPy_;
Evaluate populatio; ;1
Py Pyy1
Piyq1 0

10 end while

11 return best individual inP;,

end procedureGeneticAlgorithm

© 00N Ol kW N e

FIGURE 2. Pseudo-code for generic genetic algorithm.

For the GA implementation for thevp, we have the following definitions. As men-
tioned above, solutions are represented by a random vebbodetermine the visitation
sequence, a random deviate from a distribution which isoumifonto(0, 1) € R is gener-
ated for each target. The tour is determined by sorting théoa numbers and sequencing
the targets in descending order of the sort. For exampl@aagithere are = 3 targets to
visit. Then a chromosome such as

(.34,.71,.28)
would correspond to the visitation sequence
2—1—3.

The objective value of the sequence can be evaluated, thesrdeing the fithess of the
chromosome.

3.1. Evolutionary Mechanisms. In order to evolve the population over successive gen-
erations, we use a reproduction method which copies theibdisiduals in the current
generation to the next. We aptly refer to this set BEST set. This technique ensures
that the best solution is monotonically improving in evegngration [5]. To breed new
solutions, we implement a strategy knownpasameterized uniform crossovg4]. This
method works by selecting two solutions to serve as parémtsur implementation, one
parent is chosen at random from BEST set, and the other is chosen from the entire pop-
ulation (includingBEST). Then, for each target to be visited, a biased coin is tod$éuke
result is heads, then the allele of tBEST parent is chosen, otherwise the allele is taken
from the other parent. The probability that the coin landeeads is known a&rossProb,

and is determined empirically. Figure 3 provides an exarapéepotential crossover when
the number of targets isandCrossProb = 0.65.

CoinToss| T H H T H
Parentl | 0.56 | 0.81 | 0.22 | 0.7 | 0.86
Parent2 | 0.29 | 0.49 | 0.98 | 0.12 | 0.32

Offspring | 0.29 | 0.81 | 0.22 | 0.12 | 0.86

FIGURE 3. An example of the crossover operation. In this case,
CrossProb = 0.65.

Finally, the mutation operator is defined as follows. Indte& introducing random
perturbations to selected offspring, we instead replaet afsndividuals having the worst
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fitness with new solutions generated at random from the sasirgbdtion as the original
population. This replacement set is referred to asWiRST set. Using this method, we
are able to ensure that the GA does not converge prematiialyis a common method,
sometimes referred to asmigrationand appears throughout the literature [5, 22]. An
overall pictorial view of the generational evolution of theoposed GA is provided in
Figure 4.

Current Generation Next Generation

BEST —_, Copy BEST

Crossover

/’

Randomly Generate

WORST—

FIGURE 4. Graphical representation of generational evolution.

3.2. Local Search. In addition to the standard GA, we propose a hybridizatichiéque

to produce better solutions. In particular we implemetexchange local search on each
of the offspring produced by crossover operator. Pseudie-tar this heuristic is provided
in Figure 5. A2-exchange local search is a hill-climbing procedure whicingines pairs
of alleles and performs a swap. If the resulting swap in@gdse fitness of the individ-
ual, the swap is kept. Otherwise, it is undone an anotheripakamined. Such local
improvement methods abound in the literature and are usedhance methods such as
greedy randomized adaptive search procedures (GRASR)t§dB] search [18], and other
combinatorial optimization heuristics [1].

4. COMPUTATIONAL RESULTS

The proposed heuristic was implemented in ¢he programming language and com-
plied using GNUg++ version3.4.4, using optimization flagsd2. It was tested on 8C
equipped with a 1700MHz Int&l Pentiun® M processor and.0 gigabytes of RAM op-
erating under the Microsd®t Windows® XP Professional environment.

As a basis for comparison, we examine the results for theithydenetic algorithm
(HGA) with the standard genetic algorithm (GA). In additiave have implemented the
integer programming model for tTARGET VISITATION PROBLEM using the CPLEXV
version10 optimization suite from ILOG [12]. CPLEX contains an implemation of the
simplex method [29], and uses a branch and bound algoritbit¢gether with advanced
cutting-plane techniques [30, 38]. The instances weredessing the CPLEX default
settings. The algorithms were tested on a set of randomlgrgéed instances varying in
size from8-16 targetd. Due to the complexity of the problem, CPLEX was unable to
obtain optimal solutions for instances witlv| > 16. For each instance, the number of

The test problems may be downloaded frbtrt p: / / pl aza. uf | . edu/ cl ayton8/tvp.tar. gz.
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procedureLocalSearch(X)

1 X" X

2 f(X7) — f(X)

3 temp «— 0

4 while X is not locally optimaldo
5 for i = 1to|X|do

6 for j = 1to|X]|do

7 temp «— X (1)

8 X (i) — X(5)

9 X(j) « temp

10 if f(X)> f(X™) then
11 X" — X

12 else

13 temp «— X (i) /x undo swapx/
14 X(i) < X(j)

15 X(j) « temp

16 end if

17 end for

18 end for

19 end while
20 return (X™)
end procedureLocalSearch

FIGURE 5. 2-exchange local search.

“experts” used to derive the utility matrix i). Also, the matrices were balanced using
the heuristic described in Equation (41) above. For eadharnicg, the maximum distance
between the targets varied fro20 to 150 units. The distance matrix for each instance
was generated uniformly at random with some user definedrigmeklower bounds. The
instances were created using a simple problem generattiemvin C++. The instances
used in this paper are non-symmetric and non-metric; horvévis option is built in to
the generator. It is a reasonable assumption to have nomstmic instances, since in a
real-world scenario the matri® might represent other factors than simply the distance
between two targets such as an extra cost or risk associétedisiting a particular target.

In this casel;; # d;; necessarily. Furthermore, it is assumed that the UAV is lolepaf
traveling all cycles in the graph. Depending on the indialdapplication and factors such
as the number of targets and the size of the battlespaceyibmesasonable to impose a
hard constraint on the total distance traveled intkie tour. This would model problem
scenarios when battery consumption and fuel capacity @ieatr In the instances tested
we do not impose such constraints; however doing so would likety reduce the overall
CPLEX running time.

We mention here that in the instances considered, the fyrforctions have been nor-
malized by the distance function in order to avoid the dotidmeof one cost function by
the other. This justifies the cost of objective function. Bdyetter realization of this fact,
we made test runs on the instances solving bothtdreand LoP problems separately.
These results are included in Table 1. To further illustthig Table 2 provides the objec-
tive function value of the op, TvP, andTsPwhen one objective is considered and solved to
optimality. TheLoP solution (non-optimal component) corresponding totke optimal
route (optimal component) and thsp solution (non-optimal component) corresponding
to the optimal.op route (optimal component) have been presented. The nomalgtom-
ponents are weaker when compared to each component in theabpt/P solution. This
numerical evidence supports the claim that in order to firg lgjuality TvP routes, it is
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not advisable to decouple the problem into SImpiyRAVELING SALESMAN PROBLEM Or
LINEAR ORDERING PROBLEM but rather to consider both objectives in concert.

The alternative way of solving a biobjective optimizatiamlplem is by determining a
set of efficient solutions. An solution is efficient if bottetlost functions are dominated
by any other solution [42]. This is achieved by treating thalylem with a single objective
function and recursively solving the problem by recompyitime new costs based on the
cost obtained from the previous iteration. This howeveuass that the both the cost
functions involves with the same problem. In our case, weetane cost function to be
employed for arsp problem and another cost function forap problem and an efficient
algorithm for solving both the problems has to be designedHis purpose, which is
beyond the scope of this paper.

TaBLE 1. Comparative results of the optimal solutions to the corre
spondingTsp, LoP, andTvP for each instance. The absolute value of
theTspPsolutions are reported.

Instance LOP TVP TSP
Name  Targets Optimal | Optimal | Optimal
Solution| Solution| Solution

rand8-1 8 110.085 | 60.2766 31
rand8-2 8 197.139 | 115.944 55
rand8-3 8 335.74 | 195.333 76
rand8-4 8 59.2222 | 29.0074 20
rand8-5 8 646.16 314 221
randl0-1 10 259.926 | 157.404 74
randl10-2 10 247 208 21
randl0-3 10 734.569 | 520.679 149
randl10-4 10 720.167 | 532.5 97

randl0-5 10 565.781 | 365.125 105
randl2-1 12 208.29 | 124.179 56
randl2-2 12 491.677 | 318.38 104
randl2-3 12 646.772 | 420.959 142
randl2-4 12 944.093 | 594.546 169
randl2-5 12 640.055 | 472.354 89
randl4-1 14 204.414 | 137.609 39
randl4-2 14 549.708 | 405.774 72
randl14-3 14 897.804 | 631.711 153
randl14-4 14 292.389 | 176.631 65
randl14-5 14 976.921 | 679.625 131
randl6-1 16 518.62 | 381.934 63
randl6-2 16 706.98 | 431.531 164
randl6-3 16 571.735 | 415.339 99
rand16-4 16 707.22 | 421.658 162
randl6-5 16 364.152 | 249.939 68

4.1. Numerical Results. We begin by presenting some comparative results of the sreuri
tics. As Goncalves et al. correctly indicate, despite tlassive amounts of literature on
genetic algorithms, there is little knowledge of how bedtiwe the parameters for a given
application [23]. For all of the instances tested, the patans used for the genetic al-
gorithm (GA) and the hybrid genetic algorithm (HGA) are givie Table 3. It has been
shown in the literature that parameters similar to thosemmemented have been effective
when implementing a hybrid GA [6, 21, 22, 23]. Table 4 pres¢h¢ comparative results
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TABLE 2. The corresponding objective function values of each ef th
LOP, TSP, andTVvP are given for each instance. For each column, one of
the objectives is considered and the problem solved to @fityn The
solution of the remaining two problems is given when evaldatith the
optimal function value.

Instance LOPopt TVP opt TSPopt
Name Targets TSP LOP TSP LOP TSP LOP
rand8-1 8 -100 110.085 | -31 91.2766 | -31 91.2766
rand8-2 8 -174 197.139 | -77 192.944 | -55 161.486
rand8-3 8 -242  335.74 | -115 310.333 | -76  219.592
rand8-4 8 -39 59.222 | -29 58.0075 | -20 44.6444
rand8-5 8 -502  646.16 | -221 574 -221  501.84
rand10-1 10 -139 259.926 | -94 251.404 | -74  203.68

rand10-2 10 -55 247 -37 245 -21 195

rand10-3 10 -648 734.569 | -199 719.679 | -149 575.743
rand10-4 10 -401 720.167 | -120  652.5 -97 580

rand10-5 10 -344  565.781 | -123 488.125 | -105 391.979
randl2-1 12 -184 208.29 | -64 188.179 | -56 170.941
randl12-2 12 -328 491.677 | -110  428.38 | -104 392.211
randl12-3 12 =379 646.772 | -149 569.959 | -142 514.653
randl12-4 12 =721 944.093 | -279 873.546 | -169 674.352
randl12-5 12 -513 640.055 | -138 610.354 | -89 512.341
randl4-1 14 -150 204.414 | -48 185.609 | -39 170.287
randl14-2 14 -336  549.708 | -84 489.774 | -72 427.967
randl14-3 14 -707 897.804 | -157 788.711 | -153 670.773
randl4-4 14 -280 292.389 | -93 269.631 | -65 195.421
randl14-5 14 =774 976.921 | -176 855.625 | -131  708.104
rand16-1 16 -399  518.62 | -92 473.934 | -63 421.125
rand16-2 16 -671 706.98 | -185 616.934 | -164 564.846
rand16-3 16 -392 571.735 | -110 525.338 | -99  457.987
rand16-4 16 -693  707.22 | -178 599.658 | -162 565.597
rand16-5 16 -290 364.152 | -83 332.939 | -68 288.484

TABLE 3. Parameters used for the GA and HGA heuristics.

CrossProb = 0.7 Population SizeHopSize) = 2 * | N|
MaxGen = 10000 |BEST| = .1 x PopSize
|[WORST| = .2 x PopSize

of the HGA and standard GA applied 26 randomly generated instances. The number of
targets ranges frord to 16. Five instances were tested for each valué/of. The table
provides the instance name and the corresponding numbengefis. Next the optimal so-
lutions are provided along with the corresponding companiaime required by CPLEX.
We tested each of the heuristiz¥) times on each instance, and we provide the maximum,
minimum, and average solutions computed for each. Finallypbth heuristics, we pro-
vide the average computation time for &) runs as well as the average deviation from
the optimum.

Notice that for al6250 experiments, the hybrid GA computed optimal solutiep93%
of the time requirin@®.687 seconds of computation time on average. The compares favor-
ably with the average time required by CPLEX to compute thewgd solutions which was
601.428 seconds. We note here that a heuristic solution was usedasiagpoint for the
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computation of the optimal solutions for the instances ammig 16 targets. Without this,
the running time for CPLEX for these problems was on the ood&000 seconds. We
see also that the standard genetic algorithm performedmaad/ well, with an average
optimality gap of4.429%. In addition, the standard GA scaled well averaging lesa tha
one half second of computation time for all instances. Haxewe see that ultimately
the hybridized algorithm was the most robust of the two mashd-or the HGA, the in-
crease is the average solution time for the large instarscagguably offset by its stellar
performance. To the contrary, one might argue that giverertiore the performance of
the standard GA would match that of the hybrid method. Howerehe next subsection
we perform a probabilistic analysis on the time requiredefach heuristic to compute a
target value, and we shall see that this argument is ultignaterue.

4.2. Time-to-Target Plots. In this subsection, we investigate the empirical distiig
of the heuristic running times. It has been observed [2, #tH# solution times for sto-
chastic heuristics such as genetic algorithms, tabu seanchGRASP fit a two-parameter
shifted exponential distribution [3]. More specificallgt P : R — [0, 1] be a probability
measure on a Borel set. Then the probabilityoffinding a target solution intime units
is given byP(t) := e~ (t=#)/X 'whereX € R+ andy € R.

For each instance, we makeo runs of both the hybrid GA and the standard GA. The
runs are assumed to be independent since each was done ulifferent seed for the
random number generator. For each instance/heuristicthaialgorithms ran until they
calculated a target solution and the required computatioa tvas recorded. Then for
each instance, the running times for each heuristic wagdantdescending order. The
i sorted running timet; is associated with the probabilify := (i — )/100 and the
point z; = (p;,t;), foralli = 1,...,100 [16]. Thez; points were then plotted in what
is known as arime-to-Target Plo(TTTplot) using the publicly availablgerl software
tttpl ot s?by Aiex, Resende, and Ribeiro [3].

Since it is unreasonable to provide a TTTplot for each insarsted, instead we pro-
vide a representative subset all the instances in Figures ®etice that for all cases the
hybrid GA converges faster than the standard GA which isalized by the fact that the
HGA curves are completely to the left of the standard GA csiiweall the TTTplots. The
TTTplots imply that for a fixed amount of time, the hybrid medhas a higher probability
of reaching the target solution. For example, consider thefpr instancer and12- 1
shown in Figure 6. We see that given one second of computimg, the probability that
the hybrid GA will compute the optimal solution 6926, compared with a probability
of 0.443 for the standard GA. Likewise, for a fixed probability, thetihdicates that the
hybrid method will find the target solution quicker than timale genetic algorithm. Con-
sider the TTTplot for instanceand14- 2 in Figure 7. In order for the GA to compute
the target solution for a fixed probability 6f6, approximatelyl0.6 seconds of compu-
tation time are required. The hybrid GA requir282 seconds to find the target solution
with 60% success. The TTTplots particularly highlight the scalabénd robustness of
the hybrid genetic algorithm when tested on larger instamseindicated by the near ver-
tical plots of the HGA probabilities in Figure 8. The main piio be made here is not to
argue that the hybrid genetic algorithm outperforms thedded metaheuristic in terms of
objection function value. Of course, it has been shown thestandard genetic algorithm
will converge to the optimal solution with probabiliy What we have demonstrated is
that by enhancing the metaheuristic with the applicatioa tifcal search, we are able to
dramatically decrease the computation time required toeqe to the optimal solution.
We can conclude that for very large-scale instances of coatbiial problems such as the
TVvP, the advantage of using the hybrid GA enables us to find higtityyisolutions much
faster than the basic genetic algorithm. For problems inkglmilitary applications such

2pAvailable atht t p://ww. research. att.com ~ngcr/tttplots/.



TABLE 4. This table provides the numerical results for a set of oamg generated instances. The first columns provide inftionabout
the instance. Next, the optimal solution and required cdatfmn time is listed. Both the HGA and the standard GA were2f) times on
each instance, and we provide the maximum, minimum, anchgeesolutions computed by each forZiD tests. The average computation
time required by each heuristic to compute the best soligiaiso listed.
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Instance IP Model Hybrid GA Standard GA
Name  Targets Optimal Execution Max Min Avg. Avg. Avg. Max Min Avg. Avg. Avg.
Solution Time (s)| Soln Soln Soln  Time (s) Dew{) | Soln Soln Soln  Time (s) Dewq)

rand8-1 8 60.2766 0.01 60.2766 60.2766 60.2766  0.005 - 60.2766 56.3404 59.8895  0.054 0.642
rand8-2 8 115.944 0.02 115.944 115.944 115944  0.047 - 115.944 112.653 115.681 0.044 0.27
rand8-3 8 195.333 0.01 195.333 195.333 195.333  0.011 - 195.333  194.96 188.555  0.032 5.006
rand8-4 8 29.0074 0.02 29.0074 29.0074 29.0074  0.027 - 29.0074 25.8592 28.888 0.052 0.412
rand8-5 8 314 0.03 314 314 314 0.001 - 314 314 314 0.008 -
randl0-1 10 157.404 3.01 157.404 157.404 157.404 0.111 - 157.404 140.133 140.133 0.123 10.972
randl0-2 10 208 2.87 208 204 207.984  0.307 0.008 208 200 207.36 0.044 0.308
randl0-3 10 520.679 0.01 520.679 520.679 520.679  0.092 - 520.679 437.12 518.698  0.049 0.380
randl0-4 10 532.5 2.45 532.5 532.5 532.5 0.059 - 532.5  489.667 529.891  0.107 0.49
randl10-5 10 365.125 4.87 365.125 365.125 365.125  0.034 - 365.125 303.615 349.457  0.068 4.291
randl2-1 12 124.179 45.37 124.179 124.179 124.179  0.129 - 124.179 106.645 121.022  0.148 2.54
randl2-2 12 318.38 61.17 318.38  318.38  318.38 0.039 - 318.38 266.641 308.668  0.128 3.050
randl12-3 12 420.959 51.89 420.959 420.959 420.959  0.191 - 420.959 341.866 403.31  0.0951 4.193
randl2-4 12 594.546 16.44 594.546 594.546 594.546  0.427 - 594.546 487.099 580.956  0.137 2.286
randl2-5 12 472.354 14.68 472.354 472.354 472.354  0.305 - 472.354 409.102 456.735  0.131 3.307
randl4-1 14 137.609 303.55 137.609 137.609 137.609  0.792 - 137.609 110.948 128.208  0.225 6.832
randl4-2 14 405.774  370.01 | 405.774 397.503 405.741  2.128 0.008 | 405.774 334.807 383.21 0.29 5.561
randl14-3 14 631.711 184.82 631.711 614.917 631.644  2.795 0.011 | 631.711 508.412 594.765  0.267 5.849
randl14-4 14 176.631 301.71 176.631 172.789 176.603  3.148 0.016 | 176.631 146.979 164.377  0.250 6.938
randl14-5 14 679.625 2700.78 | 679.625 679.625 679.625 1.546 - 679.625 530.617 638.161  0.225 6.101
randl16-1 16 381.934  1353.77 | 381.934 376.039 381.62  8.954 0.082 | 381.934 298.207 351.275 0.351 8.027
randl16-2 16 431.531  2556.77 | 431.531 414.606 428.75 10.082  0.645 | 431.531 333 387.659  0.322 10.167
randl6-3 16 415.338 462.5 415.338 408.324 415.074 13.358 0.064 | 415.338 332.868 380.319  0.329 8.431
rand16-4 16 421.658  2810.45 | 421.658 409.171 419.305 12.903 0.558 | 417.109 314.109 386.355  0.397 8.372
randl16-5 16 249.939  3788.49 | 249.939 243.534 249.099  9.676 0.336 | 249.939 187.592 234.192  0.326 6.3
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as thetvp time is usually critical. Time spent searching for a goodioh can lead to
the loss of equipment or the death of personnel in the batidefin these cases, the advan-
tage of the hybrid method is clear. The quicker a solutionlmnomputed, the faster the
system can be deployed and the competitive advantage isedtan the battlefield.

rand12-1: target value = 124.179
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FIGURE 6. Time-to-Target plot comparing the Hybrid GA and standard
GA forinstance and12- 1. The target value is the optimal solution for

the problem.
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FIGURE 7. Time-to-Target plot for instangeand14- 2. As above, the
target values is the optimal solution.
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rand16-1: target solution = 362.8373
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FIGURE 8. Time-to-Target plot for instancesand16- 1. The target
value is.95 times the optimal solution.

5. CONCLUSION

In this paper, we studied the so-calle®RGET VISITATION PROBLEMWhose objective
is to plan the sequence for an unmanned aerial vehicle tbavgt of targets which min-
imizes the total distance traveled and maximizes the yiiftthe sequence. Until now,
the literature on this problem has been slight [26]. Thisgoagesents the first extensive
computational analysis for the problem. First we providedathematical model for the
TVP based on integer linear programming and proved that findingpdimal solution is
N'P-complete. To overcome the computational complexity, weedbed the implementa-
tion of a random keys based genetic algorithm for finding rogdimal solutions [5]. The
heuristic was then hybridized by the implementation of @leearch procedure. The nu-
merical results presented demonstrated the effectiverfebe proposed procedure. Out
of 6250 experiments, the hybrid heuristic calculated optimal sohs for over99.9% of
the trials in a fraction of the time required by the commdriciteger programming solver
CPLEX.

Since thervp is a relatively new problem in the literature, there are sgvdirections
for future research. Clearly other metaheuristics can emented and compared with
GA approach. However, due to the computational complexzitiyanced cutting plane
techniques such as branch and cut or branch and cut and paaklsnost like be a focus
in order to determine optimal solutions for large-scaléginses of the problem. Extensions
to the model proposed are also possible such as imposings&raim on the total distance
traveled and generalizing the model to include multipleieiels. Visiting mobile targets
would present other interesting challenges beyond the hpodsented in this paper.
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