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Abstract

In this work we analyze a special case of the prize-collecting vertex routing
problem which a variation of the orienteering vehicle routing having prof-
itable vertex collections, costs for each collection, and a maximum travel
cost restriction.

The problem is defined on an undirected graph G(V,E) with unique ver-
tices α and Ω preset as the source and sink vertices, respectively. Each vertex
vj ∈ G(V,E) has a corresponding profit value of Ij and collection cost rj,
where Ij, rj ∈ [0, 1] ∀ j ∈ V . Each edge ti,j ∈ E is a travel time from ver-
tices vi → vj and a collection time dj representing the time taken to collect
profit on vj. The sum of all travel times between vertices and profitable
collection times must not exceed the predefined parameter Tmax. Each ver-
tex may be profitably visited multiple times, however, the vehicle-specific
parameter S represents the vehicle’s effectiveness at servicing a vertex and
collecting profit which is represented as a collection percentage. This defini-
tion of profit-effectiveness is used in the context of unmanned aerial vehicle
(UAV) surveillance specifically in a sensor’s ability to collect information. It
is in this context of UAV routing for Intelligence, Surveillance, and Recon-
naissance (ISR) missions that this work is framed.

The problem is first put into context with a UAV, its equipment, area
of operation, and routing (mission) parameters. The Prize-Collecting Vertex
Routing (PCVR) model is introduced as an exact but computationally bur-
densome mixed integer program to generate the prize-collecting route. This
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is accompanied by a simulated annealing heuristic as a means to solve larger
problem instances efficiently without the restrictions of optimization models.
These methods are benchmarked alongside each other and provide further
insight into solution properties. A hardware-in-the-loop demo is provided,
and we finish with remarks and comments regarding the performance of these
approaches and relevance of this work in the field.
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1. Introduction

Prize-collecting models are specialized vehicle routing problems similar to
the orienteering problem with the exception that the prize-collecting models
include a cost term in the objective which is either based on travel location or
travel time. These models are useful in trucking and freight transfer, where
directed arcs in the graph represent a transfer job with a certain travel/fuel
cost, and the vertex arrival is completion of a job with a corresponding rev-
enue. In this example, the objective is to maximize total profit by completing
jobs with the best payouts less expenses within a given time frame. Having a
problem with multiple collections per vertex creates a graph with self-incident
vertices with diminishing returns by revisiting the same vertex which is dif-
ferent from traditional orienteering, prize-collecting, and traveling salesman
problem definitions.

In the less-conventional UAV example, vertices on the network repre-
sent areas of interest with a corresponding value to intelligence gathering
operations effectively representing a utility value for a mission or series of
concurrent missions. In determining whether to use edges or arcs, a directed
graph is appropriate for fixed-wing or low maneuverability aircraft whereas
an undirected network better serves more agile aircraft such as helicopters
and other rotor-based drones. Each aircraft is equipped with sensors to col-
lect information and its effectiveness is linked to factors such as weather,
terrain, resolution, and mode. This furthers the motivation for the inclusion
of the profit/sensor effectiveness parameter resulting in a decreasing profit
upon revisiting an area of interest.

1.1. Relevant Literature

The orienteering problem initializes with predefined start and end ver-
tices, a maximum allowed path length, and a set of candidate vertices with
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an associated value [1]. The objective in the orienteering problem is to create
a path along the network, limited in length, to maximize the values collected
between the start and end vertices. This is also known as the generalized [2] or
selective [3] traveling salesman problem and more intuitively, the maximum
collection problem [4]. Another popular variation is the team orienteering
problem [5] requiring multiple orienteering paths, with each path having a
different combination of start and vertices and/or path length restrictions.
An extensive literature review from Vansteenwegen et al. [6] covers all rel-
evant work related to orienteering prior to 2010 including exact algorithms,
stochastic heuristics, and deterministic heuristics. Golden et al. show that
the orienteering problem is NP-Hard [7], as it relates closely with the trav-
eling salesman and knapsack problems, while the team orienteering problem
is NP-Complete [8].

More recently, research has shifted to the time-dependent orienteering
problem allowing objective-improving visits to a vertex only if the visit falls
within a time window [9]. The time-dependent team orienteering problem
requires multiple orienteering paths to maximize the total collections across
the entire graph, with one schedule for the time-dependent collections across
all paths [10]. Given the added complexity to time-dependent orienteering
problem, simulated annealing heuristics have been shown to be an effective,
flexible, and efficient means for delivering approximate solutions [11] [12].

Another related NP-Hard problem is the privatized rural postman prob-
lem (PRPP) which considers a version of the traveling salesman problem
with profits along the edges [13]. The objective is to find a cycle throughout
the network passing through the source vertex while maximizing profits on
each edge, subtracting travel costs incurred for each traversal but without
limiting the total cycle length. The undirected capacitated arc routing prob-
lem with profits (UCARPP) [14] includes a fleet of capacitated vehicles, a
set of profitable edges and demand nodes along the graph, and a maximum
duration constraint for each vehicle. Instead of costs imposed on the objec-
tive from travel to demand vertices, vehicles are bound by their capacities
and route length. The prize-collecting PRPP [15] is a generalization of the
PRPP, focusing only on profitable collections minus displacement costs and
without the need to traverse each edge.

The clustered prize-collecting arc routing problem (CPARP) [16] is a
special case of the former problems which include predefined arc clusters
which either each cluster must have all or none arcs traversed. The time-
dependent prize-collecting arc routing problem (TD-PARP) [17] with costs
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varying over time, possibly representing varying travel costs throughout the
day due to congestion. Black et al. also include a concise table categorizing
the work in arc routing problems, some of which are covered above. The
problems in literature are differentiated by the number of vehicles considered,
number of collections permitted per arc, the presence of a route duration
constraint, capacity constraints on the vehicles, clustering, and whether or
not the graph used is directed.

An emerging topic in the military domain is the routing and logistics of
unmanned aerial vehicles, extending traditional optimization methods to con-
sider practical implementations. Examples of optimization problems framed
in the UAV context include theater distribution routing and scheduling [18],
target coverage maximization [19], coordination and control of multiple UAVs
[20] [21], priority-based target assignments [22], dispatching and loitering
policies [23], and platform sensor selection [24]. The popularity and extensi-
bility of these problems has led to the creation of universal routing framework
specifically designed for UAV route optimization [25]. One common consid-
eration across these pieces of literature is delivering accurate solutions in an
often limited time frame, bridging optimization methods to application. An
example of this is the maximum coverage stochastic orienteering problem
with time windows (MCS-OPTW) [26] utilized in dynamic reconnaissance
missions. Evers et al. considers an online approach, continually optimizing
throughout the route, balancing the expected percentage of time-sensitive
targets successfully reached versus the expected value of the foreseen tar-
gets.

1.2. Problem Definition

The initial formulation considers an AO discretized into a series of uni-
formly shaped microgrids representing areas of potential interest to intelli-
gence operations illustrated in Figure 1. The environment is translated to an
undirected graph G(V,E). Each vertex in V represents the centroid of each
microgrid with a corresponding prize, Ij where Ij ∈ [0, 1] ∀ vj ∈ V , which in
the context of UAV routing may be interpreted as the normalized expected
value or importance to the mission. The edges of the graph ti,j ∈ E captures
the cost to travel from vertices i→ j in V .

In the actual deployment of this work, prize values, or information gain
values, are provided as an input to the model. These information gain val-
ues have different interpretations depending on the mission directives. A
platform on a surveillance mission tasked with intelligence gathering surveys
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Imagery c©Landsat, Map data c©2015 Google

Figure 1: Discretization of the problem

areas of high interest, numerically represented as utility values. Information
gain values for support missions are interpreted as the relative demand for air
intelligence of blue force operations within the UAV’s AO. Information gain
values captures the relative priority of different cells within the operating
area. To generalize, ”information gain” values represent the magnitude of
vertex’s profit relative to other vertices within the transportation network.
In this interpretation, Ij is contained within [0, 1] but defining Ij ≥ 0 is
effectively the same.

A platform’s sensory equipment is imperfect, resulting in only partial
information collection at each vertex. The sensor effectiveness, denoted by S,
indicates the percentage of information collected at each visit. For example,
a platform with sensor effectiveness of S = .5 visiting a vertex x with Ix = 0.7
would only collect S ∗Ix = 0.50∗0.7 = 0.35 units worth of intelligence at this
visit, and the next arrival at x would result in 0.175 units collected. This
further complicates the formulation, allowing multiple collections of a single
vertex’s prize.

This problem considers aggressive routes as opposed to exhaustive routes,
where aggressive routing limits the amount of time spent in the AO so infor-
mation must be intelligently gathered. Exhaustive routing considers explor-
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ing a region with excessive search time requiring a route focused on efficiency
requiring a separate solution methodology. The entry and exit points for each
AO are a known input to the model, treated as source and sink vertices in
the problem, respectively.

2. Material and methods

The primary PCVR model is first introduced to solve the static prize vari-
ation of the problem formulated as a mixed binary program. The resulting
solution provides an optimal sequence of vertices on a route that maximizes
information gain for the parameters provided. The solution is then used in
a Stage 2 PCVR (S2-PCVR) model which minimizes the total cost of the
route since the PCVR model does not guarantee a shortest path between the
waypoints on the route.

2.1. Prize-collecting Vertex Routing Model

The graph G(V,E) contains the vertex set of all grid centroids with prize
values Ij and edge costs ti,j indicating the time to travel between two vertices.
The maximum time allotted to survey the operational area is set by Tmax.
The vertex set V also contains the source node α and sink node Ω, requiring
the route to originate from α and end with Ω before Tmax is reached.

Each vertex in the graph may be revisited multiple times to collect in-
telligence, which is controlled by parameter C. This limits the number of
profitable collections that may occur at the same vertex, forcing the model
to explore the entire space. Since the sensor effectiveness S results in par-
tial collections at each grid, it leads to a new parameter definition to allow
multiple collections defined as Ij,c which captures the cth prize collected at
vertex j, where Ij,c = S ∗ (Ij −

∑i
l=1 Ij,l) ∀ j ∈ V, c ∈ C. This manipulation

of the prize values is useful in the PCVR model and enables the solution to
adequately capture the correct objective values.

Another important parameter set is T , indicating the maximum number
of profitable collections a UAV may make which imposes a hard limit on the
number of waypoints in the route. Two sets of binary decision variables are
used in the formulation to build a feasible route and keep track of profitable
collections in the objective. The decision variable Xt,i,j identifies a traversal
along edge (i, j) with discrete time-step index t ∈ T . The decision variable
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Yj,c maintains the number of profitable collections at each vertex. The value
of

∑
c∈C Yj,c indicates the number of collections at each vertex j.

(PCVR) MAXIMIZE
∑
j∈N

∑
c∈C

Ij,c ∗ Yj,c − (1− Yj,c)rj,c (1)

∑
i∈N

Xt,i,k =
∑
j∈N

Xt+1,k,j ∀ k ∈ N, {t ∈ T |t 6= |T |} (2)∑
i∈N

∑
j∈N

Xt,i,j ≤ 1 ∀ t ∈ T (3)∑
i∈N

∑
j∈N

∑
t∈T

Xt,i,jti,j +
∑
j∈N

∑
c∈C

Yj,cdj ≤ Tmax (4)∑
j∈N

X1,α,j = 1 (5)∑
i∈N

XT,i,Ω = 1 (6)∑
c∈C

Yj,c ≤
∑
i∈N

∑
t∈T

Xt,i,j ∀ j ∈ N (7)

Xt,i,j ∈ {0, 1}, Yj,c ≥ 0 ∀ t, i, j, c (8)

The objective value in (1) aims to maximize information gain relative
to the prize values associated with each vertex and the number of times
each vertex was profitably collected. To differentiate this formulation from
an orienteering model, a penalty rj,c may also be imposed on the objective,
resulting in an additional implied cost for each prize collection. Constraint
(2) is a traditional flow balance constraint, requiring any vertex with an
inbound flow at time-step index t to have an outbound flow at time-index
t+ 1. Constraint (3) only allows one traversal at each time-index, and with
the flow-balance constraints they ensures the route generated is continuous
and also eliminates the need for sub-tour elimination constraints.

Constraint (4) relates an edge traversal from i→ j to its associated travel
cost ti,j. These edge costs are regarded as time which may not exceed Tmax for
the solution route. Additional costs such as fuel consumption may be added
with an additional constraint to ensure excessive fuel is not burned, but
these constraints are omitted since it is assumed the UAVs will be operating
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within their endurance limits and time is the only binding route duration
constraint. Constraint (5) is the source constraint which states that the
route must originate from the source location α at the first time index. The
sink constraint is conceptually similar, requiring the UAV to reach the sink
destination Ω at the end of the route. There are ultimately two ways to
reach the sink vertex, by either visiting Ω by another vertex (XT,i,Ω) or by
loitering at the sink vertex (XT,Ω,Ω). The loitering cost at the sink vertex,
tΩ,Ω, is set to zero to ensure feasibility of the model when determining the
most profitable set of Xt,i,j variables to set. The source and sink vertices are
unique since there are generally no prizes associated with them and the cost
to loiter at those vertices is zero to prevent infeasibilities.

Constraint (7) relates Xt,i,j to Yj,c, stating that the maximum number of
profitable collections on a vertex is limited to the number of times the vertex
has been visited. The binary requirement on the decision variables is shown
in (8).

The difficulty with modeling this problem is capturing the effect of sensor
effectiveness. Figure 2 shows the network decomposition for a four by four
area of operation. By setting C = 3 in the PCVR model, collections are
limited to three per vertex which results in the omission of optimal PCVR
routes with greater than three collections on a vertex. The decision space has
Tn2 + Cn variables and by adding an extra collection only adds n decision
variables with no additional constraints needed.

The decision variable Yj,c allows for an accurate representation of infor-
mation collection in the objective since the Ij,c coefficient is non-increasing
as you increase the cth index (i.e. Ij,1 ≥ Ij,2 ≥ . . . ≥ Ij,C), setting the Ij,c
with the largest collection first.

2.2. Solution Improvements

Optimality for the PCVR formulation requires a route that maximizes
the value of the route that meets the time constraints which means it may
not provide the shortest path between all waypoints. To avoid adding more
complexity to the initial formulation, a secondary formulation takes the solu-
tion to the PCVR and solves to find the shortest path for the most profitable
route. This Stage Two PCVR (S2-PCVR) model is formulated very simi-
lar to the PCVR formulation, but instead the objective minimizes the total
cost of the route which includes travel and search costs or more simply: a
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Figure 2: An example of a 16 vertex grid of a simplified UAV network, with C = 3,
illustrating the increased network size by including the sensor effectiveness term

traveling salesman binary program customized for this problem.

(S2-PCVR) MINIMIZE
∑
t∈T

∑
i∈V

∑
j∈V

X ′t,i,j(ti,j + dj) (9)

subject to∑
i∈V

X ′t,i,k =
∑
j∈N

X ′t+1,k,j ∀ k ∈ V {t ∈ T |t 6= |T |} (10)∑
t∈T

∑
i∈V

X ′t,i,j ≥
∑
c∈C

Yj,c ∀ j ∈ V (11)∑
i∈N

∑
j∈N

X ′t,i,j ≤ 1 ∀ t ∈ T (12)∑
j∈V

X ′1,α,j = 1 (13)∑
i∈V

X ′T,i,Ω = 1 (14)

X ′t,i,j ∈ {0, 1} ∀ t, i, j (15)

9



The new graph G′(V,E) contains only the vertices in the initial PCVR
solution and their corresponding edges, where G′(V,E) ⊂ G(V,E). The
new decision variable Xt,i,j serves as the new binary indicator for sequencing
the waypoints. The decision variable Yj,c from the PCVR formulation now
becomes the main input into the S2-PCVR formulation in constraint (11),
forcing the shortest path formulation to visit each waypoint from the PCVR
solution. The flow balance (10), single-traversal at each step (12), source (13),
and sink (14) constraints all remain the same from its parent formulation.

Although the S2-PCVR is a smaller and generally easier problem to solve
than a non-trivial parent PCVR problem, the S2-PCVR is still solving an NP-
Hard problem. Practical, real-world problem instances are too large to solve
using integer optimization leading to the creation of a traveling salesman
heuristic technique followed by a simulated annealing approach in Subsection
2.3 to both complement and replace these models.

2.3. Traveling Salesman Problem - Heuristic / Simulated Annealing Heuris-
tic

The Traveling Salesman Problem Heuristic / Simulated Annealing (TSP-
H/SA) is designed as both a solution improvement method to the PCVR
and a means for providing efficient and profitable routes on large problem in-
stances, outlined in Figure 3. The heuristic is broken into three independent
components: the Traveling Salesman Heuristic (TSP-H), Simulated Anneal-
ing (SA) objective improvement, and SA cost improvement. The TSP-H is
a lightweight, greedy heuristic which quickly delivers an initialization route.
The SA components focus on solution improvements given an initial route,
and together with the TSP-H forms a standalone route generation algorithm.

Figure 3: Flow chart of the emulation environment feeding data into the TSP-H / SA
Algorithm

The algorithm is constructed in this manner to allow the implementa-
tion, interchanging, and a parameter tuning of individual components with
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minimal overhead. This algorithm is also multi-threaded, allowing full uti-
lization of the computer’s processor. The algorithm implementation in this
paper utilizes the main thread for mission emulation and algorithm initial-
ization. Once a routing mission is created, the main thread runs the TSP-H,
creates a number of worker threads, each as an instance of SA, and executes
the algorithm until termination conditions are met. Each independent SA
instance iterates between the route cost component and the route objective
improvement, sharing only the best known solution between threads.

2.3.1. Traveling Salesman Problem Heuristic

The TSP-H is an implementation of a greedy solution generation heuris-
tic, commonly referred to as the nearest-neighbor approach. The vertices
within the macrogrid are ordered from highest to lowest, and a certain per-
centage of the most profitable vertices are selected as hotspots considered
along the route. The heuristic starts at the source vertex, and constructs
a route by traveling to the lowest cost waypoint with ties broken arbitrar-
ily. Once all hotspots are on the route, the heuristic terminates by traveling
directly to the egress point of the macrogrid. Once a complete route is gen-
erated, a feasibility and slack test is conducted to determine if the size of the
hotspot subset should be adjusted. If the route cost is infeasible, the least-
profitable vertices are removed, otherwise vertices are added to reduce all
slack. Once the maximally-sized hotspot vertex set is determined according
to this greedy algorithm, the route is then passed to the simulated annealing
component.

Figure 4 illustrates an example TSP-H solution generation procedure, as-
suming an 8 unit2 macrogrid with a total alotted mission time of 31.5 units,
complete sensor effectiveness (S = 1,) and route cost is computed using
Euclidean distances between grids. Initialization occurs in the left image
with 50%, or 32 most profitable microgrids, selected as candidate hotspots.
Given the source and sink nodes on the top and right edges, respectively,
the nearest-neighbor generates a suboptimal TSP solution given the corre-
sponding hotspots. This solution has an objective value of 13.79 units of
information collection, but the route cost is 43.796 units which exceeds to-
tal alotted mission time. After several iterations of modifying the hotspot
set size, the image on the right is an example of a maximally-sized hotspot
set with a feasible nearest-neighbor solution. The objective for this example
solution is 10.99 units of information collection and a route cost of 31.005
which is feasible.
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Map data c©2013 Google

Figure 4: TSP-H hotspot initialization (left,) feasibility test on candidate hotspots (cen-
ter,) and an example TSP-H solution (right)

Johnson et al. [27] show that the nearest-neighbor heuristic solution is
on average 25% longer than optimal, and the example solution provided
above is 22.3% longer than the shortest path between the selected hotspots.
In addition, the candidate hotspots chosen to be in the final route are not
typically representative of an optimal subset selection, since lower-valued
vertices are ignored even if they do not add significant cost to the route.
This solution is practically useful knowing that the highest-valued cells are
visited with some expectation on the route cost using minimal computational
resources.

2.3.2. Simulated Annealing: Overview

The SA component is broken up into two subclasses: the route cost (time)
improvement algorithm and the route objective (information collection) com-
ponents. Although these heuristics run independent of each other, they are
instances of simulated annealing superclass where their core functionality is
derived. There are options to reset the candidate solution back to the best
known solution once either a set number of iterations without improvement
have been reached, or once the candidate objective becomes a certain per-
centage worse than the best known solution.

The simulated annealing superclass also handles the logic of running both
the route cost and objective improvement instances together. Once the TSP-
H solution is complete, minimization of the route cost occurs and once com-
plete, maximization of the objective occurs. This process continues until
the terminating conditions are met. In the multi-threaded implementation
explored, each instance of the simulated annealing heuristics may have their
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own cooling schedules and restart parameters allowing the possibility of con-
servative and aggressive exploration of the solution space concurrently.

The cost improvement simulated annealing is an alternative to the S2-
PCVR formulation, eliminating the need for optimization software. The main
SA implementation has built in cooling schedules, parameter optimization,
and restart conditions. Having two different subclasses allows another model
or heuristic to call an SA instance improve its solution by improving only
the efficiency of the route, improving only the objective, or improving both
and agitating solutions between iterations. The cost improvement algorithm
keeps all points on the route but swaps them in order to find a quicker route.
The route objective improvement algorithm adds and deletes waypoints, but
unlike the cost improvement algorithm, it must maintain route feasibility. In
the case where both route cost and the objective are optimized, the route
recursively passes through each instance of the algorithm until the maximum
solve time is reached or the heuristic adequately converges to a solution. In
the multi-threaded implementation of the TSP-H/SA, each instance of the
simulated annealing runs independent of each other only sharing the best
known solution between threads. The best known solution is only accessed
during a restart event or in the beginning of a new cooling cycle.

The operations conducted at each cooling step do not necessarily involve
one vertex at a time. A set of probabilities O = {o1, o2, . . . , oZ} determines
how many how many waypoints are considered for each step where typically
Z = 10, representing the maximum possible number of waypoints to consider.
The probabilities are non-increasing (i.e. o1 ≥ o2 ≥ . . . ≥ oZ) to favor small
operations. This set is created by generating a string of Z non-increasing
numbers and normalizing their sum to 1. Once the number of waypoints
are chosen, the route cost improvement component cuts a series of consec-
utive waypoints from the route and places them randomly. The objective
improvement component is slightly more complicated since it uses the set
two different probabilistic sets to determine how many waypoints to add and
remove separately. Since the objective improvement component only accepts
time-feasible solutions, waypoints must often be deleted in saturated routes
to make room for feasible candidate solutions. The only bias introduced
to the solution procedure is when a waypoint is added when attempting to
improve the objective, placing it along the route at point with the lowest
impact to total route cost in an attempt to reduce cost infeasibilities.

Traditional simulated annealing methods involve moving to a higher en-
ergy state (worse solution) with probability P = exp(−∆E/kT ). In this
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implementation ∆E is the percent decrease in the objective value or the
increase in route cost of a candidate solution relative to the best known so-
lution multiplied by a factor of 100. Routes with improved solutions are
automatically accepted and checked against the best known solution across
all threads. Parameter k = 1 and T is the current temperature of the system
according to the cooling schedule. The energy state ∆E is the a function of
percent change rather than comparing objective values and route costs di-
rectly to avoid scaling the parameter k for specific graph types or maximum
allowed route lengths.

3. Results

In order to evaluate the performance of the PCVR model and the TSP-
H/SA heuristic we must run a series of computational experiments. The data
emulator and TSP-H/SA heuristic are developed in Java and the PCVR is
modeled using Concert Technology for Java utilizing the CPLEX 12.6 library.
Default optimization and solution parameters are used within CPLEX. All
experiments utilize 6 cores of an Intel Xeon E5645 Westmere-EP 2.4 GHz
processor on a Dell production server running RedHat Enterprise Linux 6.1
on the 2.6.32 Kernel. Each instance had 24GB of memory allocated, with
a maximum heap space of 23GB allocated to the JVM to ensure adequate
headspace. Every problem instance is permitted 30 minutes (1800 seconds)
of CPU time to generate a solution which does not include data emulation
or statistical computations.

Several key assumptions must be made in order to limit the scope of
the study and provide meaningful and comparable results. In this study,
macrogrid dimensions are fixed to 10 units by 10 units and the travel cost
incurred through routing are the Euclidean distances between microgrid cen-
troids. To avoid non-square microgrid sizes and ensure uniform microgrid
placement throughout the macrogrid, only vertex sizes of perfect squares are
considered. Adding more microgrids to the candidate problem results in a
greater density of smaller microgrids in the fixed 10x10 unit macrogrid space,
requiring scaling the loitering and search costs inversely with the number of
microgrids. Search cost is restricted to 30 units (Tmax = 30), all penal-
ties from visiting a microgrid are set to zero, sensor effectiveness is at 50%
(S = 0.50), and all prize values at each microgrid are generated uniformily on
[0,1]. All routes start at a source vertex located at (0,0) and must terminate
at the sink vertex located on (10,10) located in the opposite corner.
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The TSP-H/SA heuristic uses a linear cooling schedule for both the dis-
tance and objective improvement components. All restart conditions are
removed from the annealing process and the only terminating conditions for
each iteration are the ending temperature or maximum solve time for the
entire heuristic. The starting temperature is 25 degrees with a cooling rate
of 0.000125 degrees/iteration and the cooling terminates at 0.0001 degrees
across all threads. This high starting temperature permits a better explo-
ration of the solution space over 200,000 annealing iterations per each step
of the TSP-H/SA heuristic. This in effect acts as the restart conditions as
a new simulated annealing instance is created according to the procedure
outlined in Figure 3 above. Five of the six available threads execute the
SA component in parallel, while the main thread first initializes the TSP-H
solution and then manages all active threads and their solutions.

3.1. Small Problem Instances: PCVR vs. TSP-H/SA

The purpose of this section is two-fold: (1) to identify the computational
limitations of the PCVR model and (2) to compare the performance of the
PCVR model against the TSP-H/SA heuristic. The study consisted of testing
16, 25, 36, and 49 profitable vertices where instances of 64 vertices and up ran
into consistent memory issues using CPLEX. The size of the PCVR model
and solution quality is in part a function of the maximum number of allowed
collections per microgrid, so the parameter C is tested at 1, 5, and 10 for
each macrogrid. A maximum of 50 waypoints are permitted on a PCVR
route (T = 50) but if N ∗ C < 50, then T = N ∗ C to reduce presolve and
model reduction time within the CPLEX engine.

A total of 10 replications are made for each size of N considered. Each
replication utilizes the same macrogrid, and the TSP-H/SA heuristic and
three PCVR model instances with differing values of C are conducted inde-
pendent of each other resulting in 120 different routing instances. Although
1800 seconds are allocated for run time, CPLEX may converge to optimality
beforehand and these solutions and solution times are compared to those of
the TSP-H/SA heuristic’s best known solution within the solve time window.
Table 1 below captures the standalone performance of the PCVR model while
Table 2 the average relative percent difference of the TSP-H/SA heuristic so-
lution on the same problems.

The columns within Table 1 have the following meanings: N is the number
of vertices or microgrids considered, C is PCVR model parameter for the
maximum number of collections per vertex, |V | is the number of vertices
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represented in the PCVR where |V | = N ∗ c, Dvars are the total number of
decision variables, and Constraints are the total number of constraints in the
model. The term STPCV R is the average solve time across all replications
for each unique combination of N and C in seconds, IGPCV R is the average
integrality gap provided by CPLEX, and WPPCV R is the average number of
waypoints on the route.

Table 1: Computational results of the PCVR model on small problem instances varying
parameter C

Computational Results of the PCVR Model
N C |V| |E| Dvars Constraints STPCVR HW IGPCVR HW WPPCVR HW
16 1 16 240 4112 819 11.10 6.40 0.00% 0.00% 12.0 0.00

5 80 6320 320400 4053 167.57 89.34 0.00% 0.00% 13.3 0.68
10 160 25440 1281600 8053 945.47 434.32 1.06% 1.75% 13.1 0.53

25 1 25 600 15650 1303 119.35 36.01 0.01% 0.00% 14.5 0.61
5 125 15500 781875 6303 1704.45 216.69 15.22% 4.47% 16.1 0.63
10 250 62250 3127500 12553 1800.48 0.13 29.61% 5.83% 16.0 1.35

36 1 36 1260 46692 1839 1800.26 0.04 14.98% 3.33% 16.4 0.50
5 180 32220 1620900 9053 1800.43 0.07 49.60% 9.15% 16.7 1.75
10 360 129240 6483600 18053 1800.48 0.05 57.27% 9.50% 16.7 1.91

49 1 49 2352 117698 2502 1800.36 0.14 39.57% 5.45% 19.4 1.02
5 245 59780 3002475 12303 1800.77 0.14 79.57% 16.54% 17.1 3.10
10 490 239610 12009900 24553 1801.08 0.55 80.75% 17.48% 14.1 2.51

Table 2 compares the solution values of the TSP-H/SA model relative
to the PCVR model averaged across each replication for the problem size.
For example OTSPH/SA −OPCVR represents the average percent change of
objective values of the TSP-H from the PCVR solution, with the OTSPH/SA in
the numerator and OPCV R in the denominator. This trend continues for the
average percent differences in the route length, RLTSPH/SA −RLPCVR, and
the solve times STTSPH/SA − STPCVR. The value for STTSPH/SA represent
the time recorded when the best known solution was found since the only
terminating conditions for the TSP-H/SA heuristic was set only to solve time
in this study. The value of R counts the number of replications where the
PCVR model outperformed the TSP-H/SA heuristic with a total of 40 TSP-
H/SA runs, 10 for each value of N , are compared to 120 PCVR runs resulting
from each value of N and C. All half widths denoted HW are generated with
α = 0.05 using a Student’s T distribution with standard deviations based on
the sample.

Once the problem sizes grow from N = 36 and beyond, the PCVR model
no longer converges to optimality within the prescribed solve time with a
substantial theoretical gap in these cases. Although the mixed integer pro-
gram is computationally burdensome, there are 35 out of 120 cases where the
model provided a better solution than the heuristic right up until the thresh-
old where the problem sizes became too large for the PCVR model. The
dynamic search procedure in a few special cases can quickly find a strong set
of cutting planes that dramatically reduce the branch and cut tree structure
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Table 2: The computational results of the TSP-H/SA heuristic relative to the PCVR
model solutions above on identical problem instances

Computational Results of the TSP-H/SA Relative to the PCVR Model
N C OTSPH/SA −OPCVR HW RLTSPH/SA −RLPCVR HW STTSPH/SA − STPCVR HW R

16 1 5.10% 2.40% 9.59% 0.56% 8952.98% 5919.96% 1
5 -0.97% 3.13% 13.21% 1.30% 696.33% 616.34% 5
10 -0.81% 3.14% 13.44% 0.77% 68.47% 139.46% 5

25 1 1.94% 4.21% 10.03% 0.90% 202.39% 298.65% 2
5 -2.22% 3.42% 12.21% 1.04% -80.76% 17.05% 7
10 4.17% 4.30% 12.34% 1.39% -81.92% 17.15% 3

36 1 -0.98% 3.86% 10.10% 0.80% -82.70% 15.63% 6
5 12.30% 9.67% 11.09% 1.14% -82.70% 15.63% 2
10 16.69% 8.18% 11.46% 1.00% -82.70% 15.63% 0

49 1 4.30% 6.21% 11.70% 1.09% -79.44% 22.73% 2
5 27.94% 14.16% 16.70% 6.01% -79.44% 22.72% 1
10 29.06% 13.90% 14.25% 6.89% -79.45% 22.72% 1

and provide quality candidate solutions. This is in part responsible for better
PCVR solutions over the TSP-H/SA heuristic, and also allows CPLEX to
inconsistently handle some problems where N = {64, 81, 100, 121}.

The TSP-H/SA is does not intelligently search the solution space as ef-
ficiently as our mixed integer program, but it has no restrictions on the
maximum number of collections per vertex is less affected by longer route
lengths. Although the TSP-H/SA heuristic outperformed the PCVR model
in 85/120 possible comparisons, the model converged quicker than the heuris-
tic on the smallest instances. Although Tmax = 30 for all instances, every
TSP-H/SA solution was longer than every PCVR solution since the SA ob-
jective improvement component accepts all objective improving waypoints
into a route as long as it is time feasible. Any significant improvements
made by the distance improvement component is often quickly taken advan-
tage of my the next iteration of the objective improvement component, even
if it is a trivial or inefficient improvement in the objective.

As the problem sizes increase, the heuristic finds favorable solutions quicker
than the model, although not all of these solutions are better. One way to
make problems more tractable in the PCVR model is to reduce both param-
eters T and C to the tightest possible value but then there is a substantial
trade-off of tractability versus true optimality based on the problem defini-
tion. In this study, when C = 1, T = N which places a strong restriction
on the solution but for N equal to 36 and 49 with C = 1, the solution gaps
average 15.0% and 39.6%, respectively.

3.2. Large Problem Instances: TSP-H/SA

This section focuses on the TSP-H/SA on large problem instances with
N = {100, 400, 900, 1600, 2500, 3600, 4900, 6400, 8100, 10000}. Since there
are no benchmark cases available for this problem, we restrict our atten-
tion to the relative improvement of the heuristic based on the TSP-H initial
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solution, the SA solution after 5 minutes of run time, and the best known
solution after 30 minutes. A total of 25 replications are conducted for each
value of N each requiring a new macrogrid, resulting in a study of 250 total
replications across this study. The resulting statistics from these replications
are found below in Table 3. Table 4 shows the relative improvement of the
TSP-H/SA heuristic after five minutes of run time to the initial TSP-H so-
lution along with a comparison of the final best known solution relative to
the solution after five minutes.

The columns in 3 follow a similar convention to 2. The term OTSP−H
is the average objective of the initial TSP-H route, WPTSP−H is the aver-
age number of waypoints on the TSP-H route, OBKS is the average objec-
tive value of the best known solution and the best known solution’s average
number of waypoints and average time to find the best known solution are
WPBKS and STBKS, respectively.

Table 3: Computational results using the TSP-H/SA algorithm averaged across 25 repli-
cations for each value of N

Computational Results of the TSP-H/SA Heuristic on Large Problem Instances
N OTSP−H HW WPTSP−H HW OBKS HW WPBKS HW STBKS HW
100 6.02 0.4164 16 1.09 8.38 0.28 31.72 0.72 413.47 176.08
400 8.57 0.8896 20.04 1.95 15.01 0.53 59.92 1.70 662.26 187.63
900 7.64 1.2164 17.6 2.53 20.25 0.59 90.24 1.99 1494.78 156.42

1600 6.96 1.3664 16.08 2.78 24.62 0.68 112.52 2.56 1655.96 79.37
2500 5.62 1.7727 13.32 3.59 28.12 0.80 123.32 3.65 1647.46 65.22
3600 4.49 0.0014 11 0.00 29.42 0.76 130.64 2.90 1704.44 38.37
4900 5.98 0.0015 14 0.00 30.56 0.71 134.80 4.65 1655.04 57.56
6400 7.98 0.0019 18 0.00 31.17 0.87 135.72 5.02 1686.81 56.24
8100 9.98 0.0022 22 0.00 31.21 1.24 130.96 5.60 1697.18 36.64

10000 12.47 0.0021 27 0.00 30.95 1.25 124.92 6.92 1689.15 47.33

The values for OSA5 −OTSP−H in Table 4 represent the average per-
cent objective improvement of the simulated annealing iterations after five
minutes compared to the initial TSP-H solution. The best known solution’s
objective is compared to the simulated annealing’s objective after five min-
utes through OBKS −OSA5, capturing the average percent improvement of
the simulated annealing with an additional 25 minutes of run time. The half
widths are similary denoted HW with α = 0.05 using the same procedure.

Table 4: The average improvement of the initial solution to TSP-H/SA solution after five
minutes, and the TSP-H/SA solution after five minutes relative to the best known solution
of the TSP-H/SA after 30 minutes

Relative Solution Improvements of the TSP-H/SA Heuristic
N OSA5 −OTSP−H HW OBKS −OSA5 HW

100 39.62% 6.79% 41.62% 7.01%
400 80.46% 17.81% 85.84% 20.20%
900 181.86% 41.54% 203.72% 44.90%

1600 350.11% 144.66% 425.63% 174.99%
2500 486.58% 108.43% 638.24% 135.48%
3600 403.54% 22.53% 555.54% 17.06%
4900 265.96% 19.91% 410.69% 11.88%
6400 133.56% 17.37% 290.59% 10.93%
8100 72.57% 11.44% 212.79% 12.41%

10000 33.26% 7.72% 148.26% 9.99%
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The most interesting information of this study is the relative improve-
ment of the SA best known solution and the SA best known solution after
5 minutes of run time versus the initial TSP-H solution. The average per-
cent improvement of the SA improvement iterations are increasing from 100
to 2,500 vertices. Beyond 2,500 vertices, the relative improvement from the
TSP-H solution is still suitable, but the magnitude of the average relative
improvement is decreasing up to the 10,000 vertex problems. It is important
to point out that the TSP-H initial solutions on problems for N ≥ 3600
fails to find the maximum subset of high-ranking vertices in the predefined
iteration limit, so a default number of waypoints is chosen for a problem of
that size resulting in no variance among TSP-H solution waypoint counts.
This results in a less-profitable TSP-H objective which should allow a greater
chance for improvement in these problems. Although the cooling schedules,
number of parallel instances running SA, number of waypoints considered
for each SA temperature step, solve time, and initial solution quality play a
role in the quality of the best known solution, ultimately the problem size
becomes the major limiting factor. There is considerable memory overhead
storing all of the information contained within a macrogrid and the candi-
date routes, although no memory issues were reported even with the largest
problem sizes.

The inefficiencies of the SA components is apparent once route sizes ap-
proach 120 waypoints. The ”move” operation in the distance improvement
component and the ”add/remove” operations in the objective improvement
component require rebuilding a list that comprises the route. These oper-
ations occur at each temperature step, and every new list must be iterated
over to calculate the new route length and/or objective value. Operations on
larger routes take longer, meaning it also takes longer to complete a cooling
schedule within an SA component. Longer operations on large problem sizes
result in less exploration of the solution space which is shown in this study
for N ≥ 3600. Allocating solve time as a function of the problem size is one
means to achieve comparable results across most values of N . Introducing
metaheuristics to the SA components such as tabu or local neighborhood
search may create provide better solution exploration, but they also have
computational overhead and may bias solutions towards local optima if not
carefully implemented.
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4. Hypothetical Scenario Usage

An emphasis of this research is focused heavily on the applicability and
relevance in the military domain. This section aims to motivate a hypothet-
ical scenario where these models are used on actual hardware in the context
of a real-world situation. The issue of piracy off the coast of Somalia is cho-
sen as a less-controversial topic which may benefit from automated routing
of UAVs. A strong naval presence has been present off the coast of Somalia
which may benefit from adaptive surveillance routing of UAVs. The hypo-
thetical scenario is built around a suspected hijacking in the Gulf of Aden
requiring an immediate response by patrolling forces. Operational details of
the scenario are ported to the PCVR model which is executed in real-time.
The resulting solution is transmitted to the flight hardware, the prescribed
route is flown, and information is collected and processed along the route.

4.1. Motivating Background

The Gulf of Aden located between Yemen and Somalia in the Arabian
Sea is an integral part of the Suez Canal with an estimated 21,000 ships
traveling on the gulf each year [28]. Somali piracy attempts began to dra-
matically increase in 2005 in part due to the instability in the region due
to the ongoing Somali Civil War and economic hardship faced by fisherman
due to polluted waters [29] [30]. The pirates began to target merchant ves-
sels to deter commercial trading from the area, loot the cargo, or hold the
vessel, passengers, and cargo for ransom. Estimated losses due to piracy was
estimated upwards of $6.9 billion dollars (USD) in 2011 for global trade [28].
The proliferation of piracy is shown in Figure 5, illustrating the distribution
of attacks relative to trade routes and major ports in the area.

Combined Task Force 150 (CTF-150) is a US-led 25-nation coalition of
combined naval resources based in Bahrain initially tasked with maritime
security and counter terrorism in the area comprising 2.5 million square miles
around the Horn of Africa [31]. From 2002-2005, the task force was primarily
focused on threats regarding the Global War on Terrorism as part of Maritime
Security Operations under Operation Enduring Freedom - Horn of Africa
(OEF-HOA) [32]. Their directives included visit, board, search, and seizure
(VPSS) operations on suspect vessels to deter threatening activities such as
black market drug smuggling and arms trafficking. By 2006, CTF-150 was
primarily engaged in anti-piracy efforts off the coast of Somalia and within the
Gulf of Aden. The Maritime Security Patrol Area (MSPA) was established
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Adapted from- Planemad [CC BY-SA 3.0

(http://creativecommons.org/licenses/by-sa/3.0)], via Wikimedia Commons

Figure 5: A map covering Somali piracy from 2005-2010

in 2008 by United States Central Command (USCENTCOM) [33] within the
Gulf of Aden to promote stability and increase security of the region. The
MSPA outlines a suggested corridor for merchant vessels actively patrolled
by Coalition Navy warships and aircraft led by the commander of CTF-150.

Combined Task Force 151 (CTF-151) was established on January 12, 2009
as a direct response to Somali piracy [34]. This task force was created under
a series of mandates under the United Nations Security Council resolutions
with the sole purpose of combating piracy without geographic constraints,
operating under a different charter than CTF-150 [31]. Operation Atalanta is
a counter-piracy operation initiated by the European Naval Force launched in
December of 2008 to work cooperatively with CTF-151 in the Gulf of Aden,
Arabian Sea, and Indian Ocean [35]. The North Atlantic Treaty Organization
also established Operation Ocean Shield in August of 2009 [36] as part of
OEF-HOA to protect the relief supply transports provided by the World
Food Programme in the area which includes anti-piracy measures.

The most recent ongoing maritime successes in the fight against piracy are
most easily attributed to cooperative anti/counter-piracy operations of CTF-
151, Operation Atalanta, and Operation Ocean Shield which is shown in Ta-
ble 5 below. An alarming number of boardings, hijacks, and attacks/attempted
boardings occurred in 2011. The following years illustrate a dramatic reduc-
tion of piracy activity in the Horn of Africa, with piracy seemingly ineffective

21



as of 2013. The Office of Naval Intelligence routinely publishes weekly Piracy
Analysis and Warning reports detailing any piracy incidents and potential
threats in the area. Although it appears piracy has been practically elimi-
nated in the Horn of Africa, continued operations ensure it does not return
and destabilize the region.

Table 5: A table outlining the decline in piracy for the Horn of Africa from January 2011
through December 2nd, 2015 [37]

Summary of Horn of Africa Piracy Events
Vessels 2015 2014 2013 2012 2011

Hijacked 0 0 0 7 27
Boarding 0 0 0 1 17
Fired Upon/Attemped Boarding 0 2 9 24 122

Total 0 2 9 32 166

4.2. Hypothetical Scenario

Consider the scenario where a small container ship in the Gulf of Aden
has manually signaled distress using an Emergency Position-Indicating Radio
Beacon (EPIRB). On-board GPS tracking was disabled shortly after the
initial EPIRB broadcast. The last position update was approximately 30
minutes ago with a 2km precision from the last point of broadcast. The
emergency contacts on file from EPIRB registration are unresponsive and
the status of the the container ship is unknown. The features of this event
are characteristic of a Somali piracy hijack suggesting the need for military
intervention.

Coalition warships are presently out of range for immediate Search and
Rescue (SAR) and VPSS operations increasing the urgency for response. As
part of the European Naval Force (EU-NAVFOR) in Somalia under Opera-
tion Atalanta, the Spanish ship Galacia L-51 has been tasked as the first wave
of response to the possible hijacking. The Galicia L-51 amphibious assault
ship is outfitted with small, long-endurance ScanEagle UAV for autonomous
surveillance within the area of operation. EU-NAVFOR-ATALANTA com-
mand has advised the Galicia L-51 to deploy its ScanEagle in the Gulf of
Aden to fulfill information deficits, support ongoing missions, and ultimately
provide more information to interdiction forces regarding the possible loca-
tion of the distressed container ship. The last known location of the container
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ship in the Gulf of Aden is shown in the left image of Figure 6, while opera-
tional assets are shown in the right image relative to the distressed ship.

Imagery c©2015 Data SIO, NOAA, U.S. Navy, NGA, GEBCO, Landsat, Map data

c©2015 Google

Figure 6: The Somali coast with indicator symbol of a hijacked vessel of unknown status
(left) and an enhanced image in the area of operation of the hypothetical SAR operation
with military resources (right)

A area of 1200km2 is considered the immediate search area based on the
container ship’s last known location, the precision of EPIRB GPS location,
the time to dispatch resources, and the current weather conditions. The
operational area is expanded beyond this distance to account for lead times
in deploying resources, the unpredictability of pirates, and to establish better
situational awareness of the area outside of the MSPA corridor.

4.3. Scenario Execution

The scenario translates to an approximately 130000km2 area of operation
which extends from the mid-gulf to the Arabian Sea, touching both coasts
of Yemen and Somalia. This effectively becomes the macrogrid for plat-
form routing containing 16 microgrids available for platform tasking which
is presented in Figure 7. Mission parameters outline a maximum search time
of 13.5 hours which allows the ScanEagle to travel upwards of 2025km at
maximum operating speed. Search time within a microgrid is considered
negligible considering operating speed of the ScanEagle allows for reasonable
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sensor coverage of an area. The ScanEagle must originate from the Galacia
L-51 and proceed to a local military base at the end of its mission.

Imagery c©2015 Data SIO, NOAA, U.S. Navy, NGA, GEBCO, Landsat, Map data

c©2015 Google

Figure 7: An information gain overlay of the area of operation for the scenario capturing
the relative importance of information in each microgrid

The PCVR model is initialized with Tmax = 13.5, T = 48, C = 3, the
source vertex at the location of the Galacia L-51, and a sink vertex at the
military installation on the coast of Somalia. The operating conditions es-
timate sensor effectiveness to 40%, setting S = 0.40. The associated travel
times ti, j are based off estimates, using the Euclidean distances between mi-
crogrids divided by the maximum cruising speed of the ScanEagle. Although
the ScanEagle is a fixed-wing aircraft, its agility in a large operating envi-
ronment such as this suggest loiter times are cheaper on route cost rather
than visiting a nearby microgrid and returning.

The results of the PCVR model conducted on this graph using the out-
lined parameters are shown in the left image of Figure 8. The total in-
formation collection along this route results an objective of 3.3342 with an
estimated route duration of 13.4 hours. The S2-PCVR route shown in the
right has an identical objective value but an estimated route duration of 12.7
hours. The S2-PCVR model was able to save 42 minutes off the original
route by resequencing the waypoints at the end of the route and allow the
ScanEagle to loiter at the third last microgrid for an additional collection,
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since it has the highest value across the entire map.

Imagery c©2015 Data SIO, NOAA, U.S. Navy, NGA, GEBCO, Landsat, Map data

c©2015 Google

Figure 8: The prescribed PCVR route taking off from the Galacia L-51 and landing at a
base on the Somali coast (left) and efficient S2-PCVR solution (right)

A hardware demonstration of this scenario using the PCVR model was
conducted at the Lab for Autonomous and Intelligent Robotic Systems in
the Mechanical & Aerospace Engineering Department of the University at
Buffalo. A video demonstration including an overview of the laboratory may
be found in the working paper section of http://www.acsu.buffalo.edu/

~batta. This hardware demonstration establishes a proof of concept for this
research in the field using real-world assumptions.

5. Conclusions

This paper had introduced a new interpretation of the prize-collecting
and orienteering problems by incorporating partial and recurring collections
along the route. The PCVR model is formulated as a mixed integer program
to find exact solutions on small problem instances. Inexact solutions may be
generated through early termination of the program or reducing model pa-
rameters to reduce the size of the model. The S2-PCVR model is formulated
in similar notation, and takes the output of the PCVR model to generate a
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shortest path between those routes. The convergence to optimality of prob-
lems approaching 50 vertices slows dramatically in part due to the size of the
model as well as the complexity of the problem.

The TSP-H/SA heuristic was introduced to handle larger problem in-
stances and provide instantaneous results using a parallelized architecture.
The TSP-H component provides an initial route, finding a time-feasible sub-
set highly-valued of vertices within the graph and sequencing the waypoints
based on shortest distance. The TSP-H solution is then passed to a series of
worker threads which execute the simulated annealing to improve both the
route cost and objective value. The simulated annealing continually iterates
between independent cost improvement and objective improvement compo-
nents, serving as a means to agitate the solution, reset the candidate route
to the best known solution, and to allow the heuristic to complete multi-
ple cooling cycles. This procedure offers and aggressive solution procedure
to generate acceptable routes in a practical setting where solutions may be
needed at any time.

The PCVR and TSP-H/SA model were benchmarked against each other
on a set of small problem instances to understand limitations of the ap-
proaches and establish performance baselines. The TSP-H/SA outperformed
the PCVR on 85 of the 120 possible comparisons suggesting that the heuris-
tic is preferable on smaller problem instances. However, the randomness of
the simulated annealing procedure has no guarantees on convergence while
the PCVR model may appear slower, it is far more predictable as a mixed
integer program. The TSP-H/SA heuristic decisively surpasses the PCVR
model since the heuristic scales to larger problem instances. Although the
TSP-H/SA heuristic can load and solve graphs with over 10000 vertices,
there is a decreasing marginal return on solution quality for graphs larger
than 2500 vertices when considering the same solution parameters and solve
times.

A major contributing factor in this research is its relevance in field ap-
plications, reducing the number of limiting assumptions made by these ap-
proaches. The PCVR model and TSP-H/SA model are two methods to gen-
erate routes in a time-sensitive environment. A scenario regarding Somali
piracy was chosen to be the background for a hardware demonstration and
test case in which these solution procedures may be useful. Given the relative
importance of a series of grids within an area of operation, the PCVR model
was able to generate an information-maximizing route given the mission pa-
rameters. The performance of the model and heuristic in the computational
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study along with their relevance to autonomous UAV operation allows us to
conclude that our results are satisfactory.
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