ABSTRACT

any decision-and-control algo-
rithms have been proposed for
autonomous unmanned aerial

vehicles (UAVs). The nature of this prob-
lem, with large decision spaces and the
desire for optimal performance criteria,
indicates that closed-form analysis of any
approach is nearly impossible, suggesting
a simulation-based performance evalua-
tion of relevant scenarios. However, while
effective simulation practices have been
developed in the operations-research com-
munity, awareness of them in the decision-
and-control community may be lower than
desired for routine application. If applied
correctly, these simulation techniques could
have a major impact on the quality and
effectiveness of UAV algorithms. This paper
provides a concrete example that demon-
strates that the marriage of UAV decision-
and-control algorithms with proper simu-
lation techniques can be done effectively
and with great benefits for the UAV
algorithm researcher, both in terms of the
validity and quality of simulation results.
The example used in this case is a study
conducted for a stochastic UAV algorithm
design. In particular, the study is to find the
“optimal” sensitivity of a “future-gain”
factor that attempts to balance future and
present gains in a stochastic-approximate
dynamic-programming solution to the
problem faced by a team of UAVs searching
in an uncertain environment for targets. This
work can serve as a template for similar
simulation experiments in this area. Exper-
imental motivation and demonstration of
the results are given.

INTRODUCTION

Research on control of unmanned vehi-
cle systems has been increasing in recent
years, especially in the area of outer-loop
control of such vehicles, i.e. not the flight-
level dynamics of such craft, but the deci-
sion-making capabilities that would enable
these vehicles to complete complex tasks
autonomously. See, for example, [O’Rourke
et al. (2001)], [Hespanha and Kizilocak
(2002)], [Jin et al. (2003)], [Richards et al.
(2002)], [Castanon and Wu (2003)], [Cas-
sandras and Li (2002)] and references
therein. As can be seen in these examples,
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there are many complex factors involved
in creating planning algorithms for this
type of decision and control. Elements such
as obstacles, threats, the presence of multi-
ple vehicles of both friendly or hostile in-
tent, uncertainty in the environment (i.e.
unknown target locations, threat levels,
etc.), and multiple tasks per vehicle can
all contribute to a very complex problem.
This is also true in the prior work of the
authors of this paper ([Flint and Fernandez
(2005)], [Flint et al. (2004a)], [Flint et al.
(2003a)], [Flint et al. (2003b)], and [Flint
et al. (2002)]).

In all of these papers, the main focus of
the work is on the decision-and-control for-
mulations of the vehicle-control problem.
Given that actually fielding UAVs to vali-
date the theoretical contributions is often
prohibitively expensive and sometimes
not possible, all of the papers include some
simulation results instead. However, little
attention is paid to the simulations that ac-
tually produce the numbers that appear in
the papers. This is not a fault of the papers
or their authors, since they are written for a
target audience that is not interested in
those details. But, this can serve to gloss
over the important simulation aspects in
the production of these algorithms.

This paper’s contribution is to focus on
those aspects, and provide a guide (or a re-
minder, to those already familiar with the
topic) to UAV researchers about effective
simulation. An example problem is drawn
from the authors” cooperative-control re-
search, and the practices of applying a sim-
ulation study in support of the research is
given. While the cooperative-control prob-
lem is one that may be of interest if it were
by itself, the use of the simulation techni-
ques in support of the solution to the prob-
lem is the real focus of this paper. To this
effect, several good practices have been
highlighted throughout the paper. In par-
ticular, two specific simulation tools (de-
fined in [Law and Kelton (2000)]) are
applied to the current problem. The first
is a statistically sound random-number
generator (RNG). The second is a variance-
reduction technique called common random
numbers (CRN). By using these simulation
tools, statistically valid and precise conclu-
sions can be reached efficiently.

A motivating example is shown in
Table 1, which gives the results for five dif-
ferent replications (chosen randomly) from
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Table 1. Sample results from five replications. Each value is the number of targets (out of 10) that have been
discovered by the search team at or before the given simulation time (in seconds). Note the wide variance in

results between individual replications.

Simulation Time 300s 600s 900s 1200s 1500s 1800s 2100s 2400s 2700s 3000 s
Rep 1 0 0 1 4 4 5 5 6 8 9
Rep 2 0 1 3 4 5 5 7 8 9 10
Rep 3 0 0 1 2 2 3 4 4 5 5
Rep 4 1 2 2 4 5 5 5 5 5 6
Rep 5 2 3 5 7 8 8 8 8 9 10

one (single) simulation trial presented later in
the paper. Nothing differs between the replica-
tions but the randomness of the environment
within the simulation; the algorithm and the
parameters of the algorithm are not changing.
Because of the wide variance from replication
to replication, it can be very difficult within
an experiment to gauge whether any change
in performance of the search mission is due
to the factors under test, or whether it is just
due to random noise. The methods shown in
this paper can then be used as a template for
similar experiments in the area of cooperative
control or beyond.

The problem demonstrated is the computa-
tion of the sensitivity to a future planning weight
factor, which balances future and present gain
in an approximate dynamic-programming op-
timization. But, more importantly, this paper
presents and demonstrates simulation techni-
ques that make this experimental comparison
both efficient and accurate. The work presented
here identifies key aspects, methods, and prac-
tices for a sound and reliable simulation study
design.

The rest of this paper is organized as fol-
lows: In the summary section, the model and
solution methodology used to create the path
plans for multiple cooperating UAVs engaged
in the search of an uncertain and dynamic en-
vironment is reviewed. Then, in the next sec-
tion, the random-number generator and how
it is utilized in the simulator and in the simula-
tion study is discussed. In the following sec-
tion, the common-random-numbers scheme is
discussed and applied. The pilot simulation
section gives a small demonstration that tests
whether the techniques are effective in this
particular instance. Then, in the next section,

results of experiments using simulation are
presented. These demonstrate how effective the
techniques can be. The last section gives con-
clusions and a bibliography.

MODEL AND SOLUTION
METHODOLOGY

The model and algorithmic solutions un-
der consideration in this paper control the
path-planning decision processes of multiple
cooperating autonomous UAVs engaged in a
search of an uncertain and risky environment.
These solutions consist of methods to incorpo-
rate a priori and dynamic information about the
search environment into a computationally fea-
sible dynamic-programming (DP) solution
methodology [Bertsekas (2000)]. In implemen-
tation, this solution methodology has been iso-
lated from the simulator that is used to test it.
The simulator and the solution algorithm have
been coded in a custom, object-oriented C+ +
implementation. The simulator is of a fixed-
increment-time-advance type, which means
that the simulator advances simulation time
for fixed periods of time before providing the
advancing state of the world to the solution al-
gorithm. In this case, this constructive simula-
tion artifact generalizes well to the real-time
case for this study because the algorithm under
study is discretized in time such that, even
though real vehicles travel in continuous time
and space, they can make decisions only at dis-
crete points in time (which are termed decision
time steps).

The state of the environment, after discreti-
zation, is used by the DP algorithm to generate
a path plan. The state of the environment is
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represented internal to the solution algorithm
by: (1) an information base (in the form of cog-
nitive maps); and (2) the locations and head-
ings of the vehicles. Let the ideal state (i.e. the
one drawn from the best possible information
available to all vehicles-not necessarily the
truth state inside the simulator) of the environ-
ment be updated by every vehicle at every time
step, and be denoted by x}. The state perceived
by an individual vehicle is denoted by x;.
Under ideal conditions, every vehicle will per-
ceive the state as being the ideal state (x; = xy, )
but in the non-ideal case (which may arise be-
cause of, e.g., a limitation on communication
bandwidth) each vehicle may have a different
perception based on the information available
to it. (This has been well documented in previ-
ous work, and so will not be covered in great
detail in this paper. Please see [Flint and Fer-
nandez (2005)], [Flint et al. (2003b)], and [Flint
et al. (2004b)].)

Let J; be what is called the “cost to go,”
(which is accepted terminology, even though
the formulation is in this case based on gain
rather than cost). This represents the gain to
be had from making decisions, and traveling
the resulting paths, from time step k to some
terminal (or end-of-mission) time step N for a
planning vehicle. Then, the best path at time
step k can be found from taking the arguments,
at each time step, from expanding the dynamic-
programming recursion [Bertsekas (2000)],

Je(xx) =

max { Eue{g(xk, 1, wy)
e

+ T 1 (f (g, g, wi)) } - 1)

In this equation, the state at a time step k is x,
the vehicle assignments (or control) are uy, that
come from a set of possible assignments (2,
such as: turn left, turn right, ascend, descend,
or go straight. The stochastic elements are con-
tained in wy. The term g(xy, 1y, wy) is the single-
step gain. Note that x+1 = f(xy, ux, wx), which is
a function that produces the next state from the
current state, control, and stochastic elements.

For ease of presentation for the remainder
of this paper, let ®; represent the triplet [xy,
uy, wi], noting that the index of each member
is the same as that of ®. In (1), g(Py) represents
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the gain that can be had at the present time,
and Ji+1(f(Px)) represents the predicted gain
from future times.

By the recursion (1), in order to make the
computations necessary to calculate the opti-
mal cost to go at time k, the value must be com-
puted for not only the current state, but also for
all potential future states. However, perform-
ing this computation is often computationally
infeasible in practice. Following the work in
[Flint and Fernandez (2005)], the DP recursion
is computed exactly out to some fixed horizon
of r decision time steps, and then an approxima-
tion of the cost to go is substituted for the actual
cost to go at that point. The future cost to go
term is approximated by a value J( @), ie.

]k+r+1(f(q)k+r))'~\5]~(q)k+r)- )

Such an approach is often called approximate
dynamic programming. The optimization is then
performed on the approximate dynamic-pro-
gramming equation

Ji(xk) = maX{Ewk{g (P)

+ max Ewk{g(q)k +1)

Uk + 1€

+ ...+ max E{g(Pr+,)

Uy 4 €0
+J(f(@r+0))} 1) ®)

The approximate cost to go can be created by
letting

](f (Pr+r)) : <Z St ‘Dk> 4)

Vte®

where 5,(-) is a scoring function that approxi-
mates future gain based on several factors of
what is known about a target f. The value K,
is a scaling factor to ensure that the value is ap-
propriate given the single-step gains. This scal-
ing factor is very important to the performance
of the algorithm: it balances how much the
vehicles weigh present considerations with fu-
ture gain. The scoring function can be con-
structed in different ways, depending on the
insight and useful heuristics available in a
given modeling case. For example, in [Flint
and Fernandez (2005)], the scoring function is
defined as the combination of three modular
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functions, each of which contains information
important to the future gain of the vehicles.
Thus, the scoring function is given by

St(Px) = = (Z L(cbk)vl(@k)aM(q)k))' ()

Vte®

The value L(®y) is a length factor that deter-
mines how far away a potential target is. The
function I(®y) is an interference prediction fac-
tor or cooperation factor that attempts to pre-
dict the effect of other vehicles” actions on the
environment. The function M(®;) is a mission
position factor. This is high if accomplishing
the task puts the vehicle in a good position to
complete the other elements of the mission.
(For a more-detailed formulation, see [Flint
et al. (2003b)], and [Flint (2005)].)

The environment in which the vehicles are
searching is shown in Figure 1. Each vehicle is
equipped with a sensor that can detect targets
on the ground beneath it as it travels. In the
scenario shown, the vehicles are searching for
ten targets. The targets are given to the vehicles
as a suspected location, i.e. a coordinate pair,
shown as an ‘x,” as well as an uncertainty re-

x 10° Scenario using single (fixed) sensor
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Figure 1. The simulation environment, showing
several vehicles” paths.

gion (in this figure, a 10 km by 10 km rectangle)
that within which, if the target really exists, the
target is guaranteed to be. The sensor on board
a vehicle is modeled as a line 2000 m across
that sweeps the ground as the vehicle advan-
ces, essentially creating, for each simulation
time step, a rectangular footprint of size 2000
m by however far the vehicle carrying the sen-
sor travels in that simulation time step. A target
that falls within this footprint has some proba-
bility p of being detected. If detected, it has
some probability of being classified correctly.
A threshold for detection in both probability
of existence and probability of classification is
assigned such that for any target with probabil-
ities above that threshold, the target is consid-
ered found and is removed as a further search
candidate. The number of these targets found
during the course of a search mission is used
as the metric of success.

The actual location of the target, which the
vehicles do not know, is shown as a ‘+’ in Fig-
ure 1. The targets and their uncertainty areas
are placed randomly (with a uniform distribu-
tion over the the in-bounds region of the search
environment) between each replication of the
simulation. Aside from flat ground at an alti-
tude of zero, which will cause the vehicles
to crash if they contact it, there are no threats
present.

THE RANDOM-NUMBER
GENERATOR AND STREAM
MANAGEMENT

Certain fundamental assumptions must be
met for statistical methods to be employed in
the analysis of simulation results. One of the
most fundamental of these is the assumption
that any trials or replications are independent
of one another, or are at least dependent in a
predictable manner (which the CRN method,
given in the next section, will exploit). At the
core of this assumption is the method used to
generate the random numbers that are used
to determine the stochastic elements that ap-
pear in the simulation. Unfortunately, not all
random-number generators are statistically re-
liable, even those supplied with widely used
software. For instance, the standard specification
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for the generator in C++ (called rand ( )) allows
a cycle length as small as 32,767, after which the
random numbers will repeat themselves in ex-
actly the same order [Kernighan and Ritchie
(1988)]. Such a short cycle length is clearly in-
sufficient for any serious simulation work.
The danger of using a statistically questionable
random number generator is that it can intro-
duce a bias into the simulation results (by
breaking fundamental statistical assumptions)
that is extremely difficult to detect, and thus
remove. This point is worth summarizing suc-
cinctly: the results of any simulation study us-
ing a bad random number generator may not
be valid, and conclusions drawn from such
studies may be incorrect. Furthermore, it will
be nearly impossible to detect the problem un-
til a new study is conducted using a different
random-number source (e.g. real physics as in
live flights against real targets); this may result
in a very costly correction. In order for the
results of a simulation experiment to be valid,
every attempt to remove such bias must be
taken, and using a good random-number gen-
erator (RNG) is essential to accomplishing this
goal. For the simulation described in this paper,
a combined multiple recursive generator (CMRG)
(from the appendix of Chapter 7 of [Law and
Kelton (2000)] and in [L’Ecuyer et al. (2002)])
is used. This random-number generator has
proven good statistical properties. This CMRG
is a good choice for this simulation, since the
simulation is sufficiently complex to dominate

DYNAMIC PROGRAMMING

any extra computation this generator requires
over simpler, but less statistically well-behaved
ones. It has a cycle length of approximately
3.1 X 10°7, more than enough to guarantee that
each replication will be independent.

Another very useful characteristic of this
RNG is the fact that it has 10,000 streams, or
separate pools of random draws, that are
spaced 10'® apart. Each stream is essentially a
separate RNG, which uses a different seed
from any other. This allows each source of ran-
domness in the simulation to be assigned a sin-
gle stream, which is then used for variance
reduction, as discussed in the next section. As
the first step in this process, every place in
the simulation where random numbers are
used is identified. For the particular example
used in this paper, in each of these places some
information is given showing for what they are
used, the size of the vector in which they are
used, the distribution used, the method for
generating the distribution, and the stream in-
dex assigned to them. The streams are summa-
rized in Table 2.

It was possible to use stream 1 for the first
several draws because every replication used
the same quantity of random numbers for these
values, so that any commonness between the
values was maintained. This is not true for
the other values, since each was used a random
number of times during the simulation. Some-
what generously, ten streams were allocated
per replication so that future additions to the

Table 2. A description of the random numbers used in the simulation, along with information about the dis-
tribution, vector size, and stream assignment for each. Acc/Rej is short for Uniform with Accept/Reject, and is
used to place targets in arbitrarily shaped 2-D regions.

Use Description Distribution Gen. Meth.  Size  Str#
Random placement of targets 2-D uniform Acc/Rej 2 1
Random orientation of target uniform over 0 to 360 degrees Uniform 1 1
Placement of uncertainty area 2-D uniform within rectangle Uniform 2 1
Guessed position (in uncertainty area)  2-D uniform within rectangle Uniform 2 1
Resolve threat to vehicle threshold comparison Uniform 1 2
Sensor-detection check threshold comparison Uniform 1 3
Sensor-classification (true) check threshold comparison Uniform 1 4
Sensor-classification (false) check threshold comparison Uniform 1 5
Check for sensor false positive threshold comparison Uniform 1 6
Pick random track (for false positive) discrete uniform Uniform 1 7
Sensor error reject check threshold comparison Uniform 1 8
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simulations might have a few spare streams.
This meant that 1000 replications could be run
before exhausting the 10,000 available streams.
For each replication, there was assigned a base
stream value (or stream seed) that was differ-
ent for each replication. For each stream, the
stream seed was added to the assigned stream
index given in Table 2. On each subsequent
replication, the stream seed was increased by
ten, thus giving each replication an indepen-
dent stream of random numbers. Thus, for ex-
ample, in replication one, threat resolution uses
stream 2; in replication two, the threat resolu-
tion uses stream 12; and so on.

VARIANCE REDUCTION

In the course of simulation experiments on
the cooperative UAV problem, it is possible
(and, in fact, common, as shown in the motiva-
tional example given in Table 1), that the ran-
domness of certain elements in the scenario
would dominate the results, such that the dif-
ference in the success metric between any two
scenarios under test was small enough not to
be statistically significant. Thus, the effect of
what was being tested was lost in the noise of
the random environment. For example, one
factor that tended to dominate the performance
of the search team being studied was the ran-
dom placement of the targets at the start of
the search. If the targets were randomly placed
in areas that made them “easy” to find, then
any algorithm would perform well, and if the
targets are placed in areas that made them
“hard” to find, no algorithm would perform
well. The variance was such that the brute-
force method of just running more and more
replications of each scenario was becoming
impractical, in that it was very difficult to get
statistically significantly different results in a
reasonable amount of time, since the simula-
tion was complex enough that it took a non-
negligible amount of time to run replications.
This is compounded by the fact that a reduc-
tion in the statistical uncertainty requires a
quadratic increase in the number of replica-
tions required, (e.g. to get double the statistical
precision it would take quadruple the number
of replications). In order to do the comparisons

in a statistically valid manner while at the same
time being able to collect results in a reasonable
amount of time, the common-random-numbers
(CRN) method of variance reduction was
employed (see Chapter 11 of [Law and Kelton
(2000)]).

In this method, any two scenarios in which
a comparison was desired are run using the
same streams of random numbers. This indu-
ces a positive correlation between the results,
such that any differences in the performance
during the scenario are much more likely to
arise because of the item under test than be-
cause of a difference in the random numbers.
This allows the confidence intervals around
the mean performances to be shortened, such
that statistically significant differences between
scenarios can be shown. However, it is possible
that the method will “backfire,” or produce
larger confidence intervals, under certain con-
ditions. Given that a complete simulation study
generally takes a fairly large amount of time to
complete, it is desirable to know in advance if
any backfiring would occur. This is so that if
it does occur, one would know not to waste
time setting up a CRN scheme for the large
study. Thus, a smaller pilot test was conducted
first, using the CRN technique. If that test
showed the desired improvement in simulation
efficiency, the method would then be employed
to the larger and longer simulation study. This
is a good practice to follow in any complex
simulation study.

PILOT TEST

The pilot run consists of ten replications
with three distinct random-number stream
management methods, meanwhile varying a
parameter that is known to be directly pro-
portional to a success metric (in this case, aver-
age performance of the search). A replication
consists of running the simulator for 3000 sim-
ulation seconds, while recording the number
of targets found per time step, where the
time steps occur every 30 seconds. This pro-
vides 100 data points for each replication. The
three random-number stream management
methods are: (1) using the clock to seed the ran-
dom-number generator, (2) using the same

Military Operations Research, V14 N2 2009
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stream for the entire simulation, and (3) using
the streams assigned in the previous section to
implement the CRN system. The parameter be-
ing varied was the sensor-detection probability
(defined as p in [Flint et al. (2004a)]). The higher
this number, the better the sensor, and there-
fore, the better the average performance of the
search should be. This value is the threshold
against which the random numbers generated
from stream 3 are compared. Three classes of
sensor are defined for this test. Each of the
probabilities shown is conditioned on the sen-
sor having the opportunity to detect the target.

Good: p = 80% chance of target detection
OK: p = 70% chance of target detection
Bad: p = 50% chance of target detection

Using the clock to seed the random-number
generator is somewhat dangerous, statistically
speaking, since it is possible that the same seed
will be generated as in a previous trial. This
means that the replication will be exactly the
same as the previous trial, and the inclusion
of such duplicate replications can bias the final
results. However, for this experiment, steps
were taken to ensure that this did not hap-
pen. Thus, each trial has a different seed and
is completely independent of all others. The
one-stream-per-replication method can induce
some amount of correlation between results,
in that if there is a fixed number of random
draws at the start of the simulation, there will
be some common random numbers between
compared scenarios. The correlation will not
be as strong as in the CRN case, though, where
there are multiple, synchronized streams used.

A summary of the results of the pilot test is
given in Table 3. The value given for each style
of stream management and trial is the number
of time steps at which the paired-f test found a
statistically significant difference at a 95% level

Table 3. Pilot Test (10 replications): Number of time
steps where simulation (correctly) detected o = 0.05
level of statistical difference.

Type Good vs. Bad Good vs. OK
Clock Seed 32 1
1 Stream / Rep 31 0
CRN 38 32
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of confidence between the two sensor trials.
The paired-t test had 9 degrees of freedom with
the null hypothesis being that the means were
equal. The method performed similarly when
the difference between the scenarios (i.e. Good
vs. Bad) was pronounced, but the CRN method
did have a larger effect. But, as the difference in
scenario lessened (i.e. Good vs. OK), the power
of CRN is shown to be much more effective
than the other methods of random-number se-
lection. Thus, it does not appear to be backfir-
ing for this type of simulation, and it would
seem to provide some benefit in a more sophis-
ticated and larger simulation study.

USING COMMON RANDOM
NUMBERS IN A LARGER
SIMULATION STUDY

Following the definitions in [Flint et al.
(2004a)] and [Flint (2005)], unless otherwise
noted, the sensor parameters are: the probabil-
ity of accepting real detections is p = 0.8; the
probability of rejecting false classifications is
w = 0.95; the probability of accepting real clas-
sifications is = 0.8; and the probability of
rejecting false detection is vy, which is set such
that one false positive among the entire team
occurs on average every 60 simulation seconds.

A small designed experiment examined
the sensitivity of the search mission to the fu-
ture gain weight factor (K, as defined in Equa-
tion (4)). The values of K, tested were 0.02,
0.002, 0.0002, 0.00002, and 0. These values were
chosen to give a broad spectrum of possibility
for the optimal setting for this parameter. The
factor of 0 forces the algorithm to ignore com-
pletely the future component, and focus solely
on the shorter term. Each scenario is run
through 500 replications. The metric continues
to be the number of targets found by the team
during the search mission. The results of the
simulation study are summarized in Table 4
and Figure 4. Some results are also shown grap-
hically in Figures 2 and 3. These figures show
two of the comparisons made in Table 4. In
Figure 2, the K,, = 0.02 case is shown to be in-
ferior to the K, = 0.0002 case by a statistically
significant amount in the shaded region. In
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Table 4. Summary of simulation study, using K,, as
defined in Equation (4). Arrows indicate a result that
shows o = 0.05 level of statistical difference in favor
of the value pointed to by the arrow. Approx. equal
sign shows that there was not statistically significant
difference. Numbers in parentheses indicate number
of time steps where significance was detected (out
of 100).

K, 002 0002 0.002 0.00002
0002 <« (91)

00002 <« (82) ~(0)

000002 <« (87) ~(0) =~ (0)

0 <= @81) 148 10 (72

Figure 3, the cases are too similar to find any
statistically significant difference at all, which
is not surprising considering how similar the
results appear.

From the results, it is clear that the choice
of the future weight gain factor can signifi-
cantly affect the quality of the search mission.
Weighting the future too heavily can have a
negative impact on the results, since the value
for 0.02 is worse than the result for 0.002,
0.0002, and 0.00002. In fact, it would be better
to ignore the future altogether in this case than
to weigh it too heavily, as shown by the fact
that the 0 case is better than the 0.02 case. This
makes sense if one considers the fact that if the
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Figure 2. K, = 0.02 and K, = 0.0002 trial results;
there is a significant difference in the shaded
regions.
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Figure 3. K, = 0.002 and K,, = 0.0002 trial results;

there is no significant difference anywhere.

future is considered too heavily, then it domi-
nates actions in the present. In this case, be-
cause the future actions are more coarse than
the present actions, there is always a future in
the current model, and because realized gain
can be collected only by completing present
tasks, the overall performance suffers.

However, including a moderate value of K,
is shown to be superior to not including it.
From the results, it would seem that the opti-
mal value is in the range 0 < K, = 0.002. A
more exact value could be found by conducting
additional experiments.

In order to be confident in this conclusion,
a good practice would be to check the data to
ensure that CRN did not backfire. The data
used for the 0 vs. 0.02 simulation were manipu-
lated such that the paired-t test was conducted
using independent trials, rather than with

°
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e T EZ=A
S 65
5
k6 B
c
S 55
= 5
0 0.00002 0.0002 0.002 0.02

Future Gain Value

Figure 4. This shows how each of the scenarios
compares to each other one, using the mean number
of targets found out of 8. In this case, there are three
that are statistically not distinguishable from one an-
other (the top three) after 500 replications at oo = 0.05.
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Figure 5. Half-widths at oo = 0.05 level of confi-
dence of the paired-t test at various times during
the K, = 0 vs. K,, = 0.02 simulations.

CRN. This was done by pairing each replica-
tion result from one test with a replication re-
sult other than the correlated one, so that
each replication result was compared to a rep-
lication with a different stream. Since a good
RING was used, there is no correlation between
numbers from different streams and there is in-
dependence between the two runs. Figure 5
shows that CRN does indeed help, since this
shows that the half-widths are always smaller
in the CRN case than in the independent case.
This is further reinforced by the results in Table
5, where using the same number of replications
(and in fact, the same data,) it is possible to be
more confident of the difference between the two
averages in ten additional time steps in the CRN
case. So, it must be that the CRN does not back-
fire, and in fact makes a helpful difference.

CONCLUSIONS

Given the complicated nature of multiple-
UAV control algorithms and the fact that it is
currently much easier to analyze and tune
algorithms in simulation, simulation is a vital
tool. Several simulation-analysis methods were
studied in this paper. These include: a good
random-number generator, streaming of ran-
dom variables, and the common-random-num-

Table 5. Checking for backfire: Number of time
steps where simulation detected o = 0.05 level of
statistical difference.

K, 0 vs. 0.02
CRN 81
Independent 71
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bers variance-reduction scheme. These were
applied to the particular problem of discovering
at what value the future gain weight fac-
tor should be set in an approximate dynamic-
programming solution to a cooperative UAV
search problem. This problem illustrates the
potential for these methods to assist greatly in
making statistically safe conclusions, not only
for this problem, but for many others as well.
Toward this objective, several good-practice
guidelines were identified so that the work pre-
sented here can serve as a guide to others in
their simulation studies. This allows new and
effective courses of action to be identified and
chosen such that the development of UAV con-
trol algorithms is made much more effectively,
efficiently, and reliably.
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