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ABSTRACT

Navy personnel use the REMUS unmanned underwater
vehicle to search for submerged objects. Navigation inac-
curacies lead to errors in predicting the location of objects
and thus increase post-mission search times for explosive
ordnance disposal teams. This paper explores components
of navigation inaccuracy using discrete event simulation to
model the vehicle’s navigation system and operational per-
formance. The simulation generates data used, in turn, to
build statistical models of the probability of detection, the
mean location offset given that detection occurs, and the
location error distribution. Together, these three models
enable operators to explore the impact of various inputs
prior to programming the vehicle, thus allowing them to
choose combinations of vehicle parameters that reduce the
offset error between the reported and actual locations.

1 INTRODUCTION

Naval vessels have always been susceptible to mine war-
fare. Whether the threat is real or perceived, the end result
is the same: mine warfare disrupts the ability to project and
maintain forces away from home waters. The technology
involved in the construction and employment of mines has
not changed appreciably in the past few decades. However,
the United States Navy has placed a high priority on devel-
oping technology and tactics designed to counter the threat
of mine warfare. Since 1988, three U. S. warships have
encountered mines in the Persian Gulf. Mine warfare is
affordable and available to any country willing to invest
the time required to lay the mine-field.

In March 2003, during the second Gulf War, Navy
ships intercepted three tug boats in the vicinity of the Iraqi
port of Umm Qasar loaded with over 130 mines intended
for the harbor inner reaches (Eisman 2003). This incident
underscores the relative ease with which a country could
employ this rather primitive, yet effective, tactic.
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Mineman (U.S. Navy 1994) lists the following advan-
tages that mines have over other conventional weapons:

e  Mines lie in wait for the enemy with no reason-
able threat of counter-detection;

e Mines may win a conflict passively by causing the
enemy to alter tactics;

e Mines may force ships to travel longer, less reli-
able routes to deliver troops and materials;

e Mines are cost effective due to their relatively
primitive technology.

Our research focus is the accuracy with which the ve-
hicle estimates an object’s location. Operators are con-
cerned with the area that may have to be searched to clear
identified mines. Greater uncertainty results in more time
for divers to clear obstacles because of the increased search
effort required. The time allotted for a search effort is lim-
ited by several factors, including bottom time, the amount
of air carried, and diver fatigue, so using search area to es-
timate the time required to complete a mission is impor-
tant. The insight gained can help operators choose the best
configuration for the vehicle prior to putting it into the wa-
ter. Decreasing the location time by shrinking the search
area would save time, money and personnel.

Many components of the navigation system contribute
to uncertainty about the vehicle’s true location and thus the
location of the contact. Deciding which components affect
the error most severely, and which might be influenced the
most by human operators, is our primary interest. Time and
cost considerations prohibit gathering data from actual ve-
hicle runs. It is also difficult to isolate individual compo-
nents of the navigation system in an ocean environment.
Instead, we use simulation to explore how individual in-
puts contribute to position prediction error.

We seek to provide insight into three critical areas of
vehicle operation. First, what operating conditions provide
the largest probability of detection of a mine-like object?
Second, given that detection has occurred, how can the pre-
dicted mean offset location error be minimized? And third,
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once a predicted mean error is determined, how does the op-
erator establish a probability that the mine is actually inside
of a desired range? Insights into these three questions are
provided by building models that predict the probability of
detection and the mean location offset given that detection
occurs, and using the offset error distribution to establish a
probability that the mine is inside a desired range.

2 THE REMUS VEHICLE

The Remote Environmental Measuring UnitS (REMUS)
vehicle (Figure 1) is built by Hydroid Technologies and is
designed to collect hydrographic data in relatively shallow
water. The overall system is comprised of the vehicle,
various auxiliary equipment necessary to support its mis-
sion, and software programs designed to conduct pre-
mission planning and post-mission data analysis. During a
mission the vehicle collects side-scan images that can be
viewed, post-mission, and used to identify and locate ob-
jects (such as mines) on the ocean floor. Other data are col-
lected and saved that are important in assessing the accu-
racy of the ostensible location of the object. Theoretically,
returning to an object is an easy task for the explosive ord-
nance disposal (EOD) teams because the vehicle always
“knows where it is,” but in reality the task is made more
difficult due to inaccuracies in the navigation system that
result in errors in the reported location of the objects.

Figure 1: The REMUS in its Transportation Container

The vehicle is 7.5 inches in diameter, 40 inches in
length and weighs about 70 Ibs. It is equipped with internal
batteries and is capable of diving to depths up to 100 me-
ters for as long as 22 hours on one charge. It has side scan
sonar for its search function. Navigation is accomplished
primarily by the vehicle ranging with in-stratum trans-
ponders. Secondary navigation is done by dead reckoning
with an internal compass and Doppler velocity log. The
navigation system is discussed in more detail in Section
2.1. Onboard computers store mission-essential parameters
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and collect data for post-mission analysis, including salin-
ity, temperature, depth, optical backscatter, side-scan sonar
images, and vehicle location information.

2.1 REMUS Navigation Methods

The REMUS vehicle operates autonomously while per-
forming its mission and thus navigation error is an impor-
tant consideration. Understanding the vehicle’s navigation
methods and the potential sources of error provides insight
into the output from mission playback and assists operators
in interpreting collected data.

REMUS may switch between two navigation methods
during the course of a field survey: dead reckoning and
long baseline. (Ultra-Short Baseline is used when the vehi-
cle is finished with its primary mission and preparing for
recovery.) Mission design parameters may dictate that one
method is preferred, e.g., due to the vehicle’s proximity to
the transponders or by the ocean bottom composition. We
now describe the methods.

If an acoustic fix is not available, the vehicle navigates
by dead reckoning (DR). DR position is computed using
onboard speed and heading information. Speed is calcu-
lated using propeller rpm input and Doppler acoustic sig-
nals. The Doppler acoustic signal may only be used if the
vehicle is within 20 meters of the sea floor. Heading is
computed using an onboard magnetic compass. DR posi-
tion is computed by determining how far and in what direc-
tion the vehicle has traveled since the last update. This dis-
tance traveled is added to the last known position and the
new position is updated in the computer. Precise DR navi-
gation relies on accurate speed and heading information.

With long baseline (LBL), the most common method of
navigation, REMUS interrogates pre-positioned transponders
and receives a return signal. The vehicle then triangulates its
position based upon the length of time the signal takes to
make the round trip. Many variables affect the speed of
sound in water, so REMUS collects real time data on water
temperature, salinity and depth to calculate the speed of
sound and then calculates a distance based upon the time. Po-
sition is then fixed based on the triangulated range. LBL re-
quires a minimum of two transponders. If a signal is not re-
ceived from either one of the two transponders then the fix is
assessed as “bad” and no position updates occur. The vehicle
continues to navigate by DR between good fixes. The vehicle
may be set to interrogate at specified time intervals. The time
interval affects the maximum range because a signal must
depart and return prior to the next interrogation for the range
to be accurate. The maximum range for the transponders is
specified at 1500 meters, but ranges as long as 1700 meters
have been observed to work in favorable water conditions.

Triangulation of position is achieved when the lengths
of the three sides of a triangle are known (Stewart 1999).
As Figure 2 shows, since the distance between transducers
(C) is known, the REMUS can determine its position once
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it calculates its distance from each transducer (A and B).
REMUS may switch to DR if the fixes it receives are per-
ceived to be bad.

PE REMUS Vehicle

Transducers

C

Figure 2: Triangulation of Position
2.2 Sources of Error

There are five sources of navigation error in the REMUS
vehicle: compass error, effects of current, errors in trans-
ducer placement, errors due to motion of the transducers
after placement, and errors due to the uncertainty of the
vehicle’s attitude relative to the transducers.

Compass error is important because it is the primary
tool utilized during DR navigation. REMUS combines an
ordinary magnetic compass that is fairly accurate over long
distances with yaw-rate sensors that are more accurate over
short distances. This produces a heading input with more
accuracy than either would have produced individually.
The manufacturer claims that heading errors are reduced to
+ 0.1%, or about 0.36 degrees. This claim is difficult to
verify and not supported by data collected in support of
this work (Allen 2004); in the short term, heading errors
can reach 3% or up to 10.8 degrees to either side.

Current effects are another source of error. REMUS
operates primarily in ocean environments where the cur-
rent can push it off track or cause it to inaccurately assess
its position on the planned track. The net result is error in
the prediction of an object’s location. When the vehicle
approaches from the same orientation on consecutive runs
over a short period of time the error is predictable because
the current does not change direction or strength apprecia-
bly. Current is not constant, however, nor is it easily de-
termined at a specific location for use by the vehicle. Cur-
rents are often reported in a location in the vicinity of some
important navigation aid, but generally not in specific loca-
tions as might be necessary in order to apply correction to
the vehicle ahead of time, thus the vehicle’s position is
subject to uncertainty due to the effects of current.

Of all the variables, the operator has the most control
over transducer placement. The transducer is transported
to the drop area and positioned at the surface using GPS,
then dropped and allowed to sink to the bottom. It is held
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in place by an anchor attached to a neutrally buoyant line.
The transducer is allowed to float in the same stratum as
the vehicle. The transducer’s position is programmed into
the onboard computer and subsequently used to triangulate
REMUS’ position. Generally the position is programmed
into the vehicle prior to making the drop, but there is no
restriction that would prohibit inputting the position after
the drop occurs. Assuming that once the device is dropped
overboard it neither moves nor drags its anchor on the bot-
tom, a one-time placement error occurs if the operator is
not at the exact position for the drop. The accuracy of a
handheld GPS unit is quantifiable and contributes to the
transducer misplacement. Placement errors can also occur
because the anchor and transducer do not drop straight
down to the bottom—current and hydrodynamic effects
acting on the device are unpredictable as it descends.

Transducer motion is also a concern Once a trans-
ducer is placed on the ocean floor, it is affected by current
and wave action surges. Under best case conditions, a
small displacement of the transducer results in a small er-
ror in position fix. However, errors are magnified when the
vehicle operates with a small angle between the baseline
(an imaginary line joining the two transducers) and the ve-
hicle’s track. Current has the effect of displacing the
transducer from a vertical position off to one side with a
fairly constant magnitude. Wave action tends to displace
the transducer from side to side in a repeating manner. The
overall effect is that the transducer is rarely in the pro-
grammed position that the vehicle uses for calculations. In
the long run the alternating behavior mitigates wave ef-
fects, but in the short-term there can be substantial error.

The final consideration for position uncertainty in-
volves the vehicle attitude relative to the location of the
transducers. Consider first the distance from the vehicle to
the transducer. As the distance increases the likelihood that
the transponder “hears” the interrogation of REMUS or
that REMUS “hears” the return ping degrades, because the
intensity of sound decreases as range increases. The second
consideration is the vehicle’s relative aspect to the trans-
ponders. The location and construction of the sensors in the
vehicle’s nose mean it is more likely to receive a signal
when it is pointing toward the transponder than when it is
traveling away from the transponder. Recall that a good fix
is obtained only if a response is received from both trans-
ponders. The longer the vehicle navigates by DR without a
good fix, the higher the position uncertainty.

3 SIMULATION MODEL

We briefly describe the REMUS model developed to as-
sess navigational accuracy. For more detail, see Allen
(2004). The REMUS model utilizes Event Graph method-
ology (Schruben 1983) and the LEGO component frame-
work (Buss and Sanchez 2002) to design the simulation.
The REMUS model was implemented in Simkit, a Java-
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based API for implementing DES models using the LEGO
framework (Buss 2002).

The components making up the REMUS model repre-
sent the major pieces of the navigation system plus a few
objects that “listen” for prompts so that they may collect
data and conduct housekeeping functions. The full func-
tionality of the model is not separated into classes based
upon their use by the vehicle. Initially, we build a simple
model which incorporates only factors affecting DR, such
as compass error and current effects. A more complex
model incorporates factors related to the LBL navigation
method. Finally, the complete model is exercised in a typi-
cal mission involving sweeping a set area for a randomly
placed mine. Later models incorporate the earlier compo-
nents and add functionality. Names of components are
used to reference the name of the JAVA™ class in the
model (e.g., RemusMover is a class name in JAVA™),

3.1 Dead Reckoning Model

Dead reckoning is the default navigation method for the
vehicle when it is not receiving good fixes, and thus plays
a part in every version of the model. The event graph dis-
played in Figure 1 represents the model used to analyze the
vehicle’s navigation system while dead reckoning. The DR
version models vehicle movement as uniform linear mo-
tion using the RemusMover class. A CookieCutterSensor
models the vehicle’s side-scan sonar capability, and data
are generated using the RangeFinder component.

Move
Time
(has destination)

RemusMover
) un-
detection| detectio detection
CookieCutterSensor RangeFinder

Figure 3: Event Graph for Dead Reckoning Model

The RemusMover component monitors the vehicle’s
perceived position vs. ground truth while detecting obsta-
cles. As the vehicle transits it keeps track of its perceived
position in the operating space, which may differ from the
actual position. During mission playback the position in-
formation is accessible to the user. While collecting data
from the model, it is useful to be able to ascertain the mag-
nitude of the error. We accomplish this by keeping track of
the vehicle’s actual position and its perceived location.

Movement is initiated by the StartMove event in the
RemusMover class. All movement in this model is uniform
linear motion, so the vehicle is assumed to travel from
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point to point in a straight line. Recall that in DES, changes
in state (e.g., position, etc.) are performed when the time
reaches the next scheduled event. This presents a modest
modeling challenge in that the REMUS’ position is con-
stantly changing as it travels, but this challenge is over-
come by maintaining the positions (“real” and “perceived”)
implicitly rather than explicitly. The RemusMover main-
tains three state variables—position when movement be-
gan, time movement started, and velocity—which can be
used to calculate its position at any time between events.

The RemusMover component executes orders to move
from one point to another, and only the most recently de-
parted point and destination point are stored. Functionality
is added by using Simkit’s PathMoverManager class to co-
ordinate the vehicle’s path. Waypoints are passed to the
manager in the order in which the vehicle is expected to
transit, allowing complicated paths that reflect desired be-
haviors for REMUS. The PathMoverManager listens for an
EndMove event from the RemusMover, and then issues
orders to the RemusMover to move. Movement occurs if
the order is accompanied by an actual destination.

Compass error is passed to the RemusMover via the
test program as a maximum percent error. Each time the
mover is ordered to move, the compass error is calculated
and the real velocity of the vehicle is adjusted. Ideal veloc-
ity remains unchanged. The effect of current is imple-
mented through an adjustment to the real velocity while
leaving ideal velocity unchanged. The current adjustment
is passed to the RemusMover class via the test class in the
form of a vector consisting of x and y components, altered
by adding some randomly generated noise.

The sensor for the model is assumed to be a simple
cookie cutter sensor, meaning that as soon as the obstacle is
inside the range of the sensor detection occurs with probabil-
ity one. The detection range is adjustable. The detection and
undetection events from CookieCutterSensor in Figure 3 are
scheduled by the RemusSensorMediator. Detection events
are scheduled when the mover reaches the closest point of
approach with the target; undetection events are scheduled to
occur when the mover exits the sensor’s detection range. This
behavior models the way operators locate obstacles in the
side-scan images during post-mission analysis. A property
change is fired when a detection or undetection event is proc-
essed on the event list, and can be used to gather statistics on
the number of detections or times of detection, for example.

Finally, the RangeFinder class gathers data on the er-
ror in target location by listening for a detection event in
the CookieCutterSensor. The RangeFinder detection event
calculates the offset in predicted vs. actual target location
and outputs the data to a user-designated text file.

3.2 Transducer Model

The preferred navigation method utilizes transponders for
triangulation of position with DR between fixes. This re-
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duces the error in predicting obstacle location, but errors
still exist due to transducer placement errors and move-
ment. Figure 4 shows the event graph. Dashed lines join-
ing two events represent interrupt actions that remove the
event on the head of the edge from the event list.

un-
@ detection detection
CookieCutterSensor RangeFinder

(using transducers
&& not paused) .7 AN

- \

(cruising)

2.0 * pinglnterval

(cruising)

RemusMover (cruising)

Figure 4: Event Graph for Transducer Model

Many details of the RemusMover component remain
unchanged, but position fixes using the transducers are im-
plemented. The StartMove event schedules the first Fix
event if the vehicle is not paused and transducers are used
for navigation. The Fix event is scheduled after a delay de-
termined by the ping interval variable. A longer ping inter-
val means more time elapses (and more error accumulates)
between fixes. A shorter ping interval implies less error ac-
cumulates, but at the expense of more computing time.
Additionally, a shorter ping interval means that the vehicle
cannot operate as far away from the transducers because it
would have too long a wait for the return signal. The
StartMove event also schedules the EndMove event pro-
vided that the vehicle has an assigned destination.

The EndMove event represents the end of the vehicle’s
current leg. The vehicle either will stop or will be assigned
a new destination. The execution of the EndMove event
interrupts any scheduled Intercept or Fix event, but the ve-
hicle fixes its position immediately after the turn.. In actu-
ality the REMUS never stops attempting to fix its position,
even while turning or maneuvering to the next waypoint,
but our simplification is reasonable since the time to exe-
cute a turn in the simulation is essentially zero.
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Position fixes are developed and implemented in the Fix
event, which is initially scheduled by the StartMove event.
The first logic gate determines whether a good signal is re-
ceived from each of two transducers. As the distance be-
tween the vehicle and a transducer increases, the probability
that a good signal is returned decreases (see Allen 2004).
The Fix event implements this by comparing the range be-
tween the vehicle and each transducer to random draws from
an exponential distribution. Both transducers must return
good signals for the triangulation technique to work, allow-
ing the vehicle’s position to be calculated and the perceived
position to be updated. In either case the next Fix event is
scheduled with a delay equal to the ping interval.

The vehicle drives back toward the original track once
a position fix is executed. The vehicle’s position is pro-
jected onto the original track and the vehicle alters course
to intercept the track at a point two fix intervals farther
down the track. An Intercept event is scheduled by the Fix
event execution. Any prior Intercept events are interrupted
by the Fix event, as well. Eventually the vehicle will be in
a position where the ultimate destination is closer than the
point calculated for intercept. In this case, the vehicle is
given orders to move to the final destination. All these
tasks are executed only if the vehicle is actually moving.

The vehicle can travel any amount of time after a good
fix prior to executing another good fix. In the interim, it
uses DR to navigate. A course alteration is executed if the
vehicle reaches the track prior to the next fix occurring and
the vehicle is ordered to move to the final destination. This
behavior is handled by the Intercept event.

The vehicle uses transducers to triangulate its position.
Their behavior is implemented by use of the Transducer
component. Like the RemusMover component, the Trans-
ducer maintains a real and an perceived location. The per-
ceived location is the spot where the vehicle thinks the
transducer is located based upon pre-programmed informa-
tion. The real location reflects position uncertainty gener-
ated by drop error, current, and wave action effects.

Drop error, set at the beginning of each run, accounts
for uncertainties in operator use of GPS to position each
transducer. It is implemented by adjusting the perceived
location and storing the new location as the real location.
The current causes the transducer to be offset from its per-
ceived location proportional to the intensity of the current
and in the current’s direction. Hydrodynamic theory is
complicated and the detail possible in modeling this phe-
nomenon exceeds the intent of this work. Instead, we sim-
plify the transducer location errors to a bivariate normal
distribution, where the X axis is aligned with current direc-
tion. This distribution is chosen for its ability to provide
coverage in two dimensions and for the ease of adjusting
the variance in only one direction at a time.

As Figure 5 shows, increasing current intensity tends
to displace the transducer from its perfect vertical tending
position in the direction of current flow. Increased current



Allen, Buss, and Sanchez

intensities shift the mean more, and reductions in current
intensity shift the mean less. Wave action is modeled via
the standard deviation of the X component of the bivariate
normal. Higher wave height tends to cause more move-
ment in the transducer and the standard deviation is larger.
A bivariate normal with X and Y means and standard de-
viations of 0.0 feet and 1.0 feet, respectively, is used to
model a calm sea with no current. The current speed, cur-
rent direction, and wave height are fixed prior to each run.

real locations
(affected by current, waves) .- 1 )

current
direction

=

displaced location

\\ (affected by current)

ideal location
(unaffected by current, waves)

Figure 5: Transducer Current and Wave Action
4 EXPERIMENTAL DESIGN

Understanding how the model inputs and outputs are re-
lated is important, but improperly designed experiments
can lead analysts to draw erroneous conclusions. Exploring
every possible combination of input factors exhaustively
would require prohibitively large amounts of computing
time. However, limiting the number of inputs factors or
their levels might prevent complex interactions from being
discovered. Instead, we make use of Latin Hypercube
Sampling (LHS). These efficient designs are detailed
enough to uncover complex behaviors, and have been used
successfully in a number of simulation experiments (San-
chez and Lucas 2002; Kleijnen et al., 2004).

Implementing LHS in the REMUS model is fairly
straightforward. We randomly produce multiple LHS ma-
trices, and discard any for which the maximum pairwise
correlation exceeds 0.25. Typically, about 60 such matri-
ces are found from 10,000 candidates. The resulting matri-
ces can then be stacked. For example, if ten matrices are
stacked, each with ten design points, then the experiment
will have 100 total design points. This leads to lower pair-
wise correlations (usually < 0.05). The near-orthogonality
of the stacked designs also aids in interpreting the results.

5 ANALYSIS OF DEAD RECKONING MODEL

We begin by presenting results for the DR model. The
sensor detection range is set to 35 meters, or approximately
115 feet. This reflects the actual limitation of the side-scan
sonar onboard the vehicle. The vehicle will start from the
origin, (x, y) = (0, 0) with orders to move to the point (x, y)
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= (1000, 0). All dimensions are in feet. The vehicle has a
speed of 5 knots. An obstacle is placed at (x, y) = (500, 0).
These dimensions were picked in an attempt to mimic ac-
tual employment of the vehicle. No transducer field was
utilized for this model.

5.1 Probability of Detection

Of primary interest is whether or not the vehicle will detect
an object given a set of operating conditions over which
the operator has control. These include current direction
and speed to the extent that the vehicle can be operated to
take advantage of existing conditions. 100 LHS matrices
were produced and stacked to obtain 800 design points.
The four factors (each at eight levels) were the current di-
rection, current speed, and current noise as well as the
maximum compass error. Current directions were then
combined to three indicator variables corresponding to
non-zero current offsets.

A linear regression is not appropriate for modeling the
probability of detection because predicted probabilities
could be less than zero or greater than one. Logit regres-
sion provides a more realistic model for probabilities than
linear regression (Hamilton 1992). Using the JIMP™ soft-
ware, we fit the logit L as a function of the input terms
Xi,... Xy, estimating the S coefficients in:

L=B+BX +--+B_X, .

The expression P =1/(1+exp(L)) can then be used to pre-
dict the probability of detection as a function of the input
factors. Several models of L were fit, involving the current
speed, current noise, three current offset values, and inter-
actions as potential explanatory variables. Details are pro-
vided in Allen (2004). The best model for predicting the
probability of detection under DR navigation involved all
main effects and eight interactions. It was statistically sig-
nificant (p-value < .0001) with R-squared(U) = 0.683.
Here, R-squared(U) is not not the typical R-squared value,
but it does provide a measure of how the uncertainty ex-
plained by the model.

The fitted coefficients made intuitive sense, but
graphical displays make it easier to jointly examine their
impact. For example, Figure 6 is a contour plot of the pre-
dicted probabilities as a function of current speed and cur-
rent offset. The detection probability drops as current
speed increases, and the most rapid decrease occurs when
the current offset is approximately 90 degrees—in short,
when the current is perpendicular to the vehicle track and
acting to push the vehicle off track. Predicted probabilities
are acceptable with current speeds as high as one knot un-
der most current directions. It is obvious that operating the
vehicle in low intensity currents is desirable, but if current
intensity cannot be minimized then the vehicle should be
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operated with the current acting to push the vehicle from
behind or from ahead. Deciding between these two alterna-
tives is best explored by considering a model of the magni-
tude of location error given that detection has occurred.

Contour Plot
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> 95

Current Speed

0.6

Current Offset 160

Figure 6: Predicted Detection Probability Given Current
Speed and Current Offset for DR Navigation

5.2 Magnitude of Error Given Detection Occurs

A subset of the output data, corresponding to only those
repetitions in which detection occurs, are utilized for mod-
eling the magnitude of error. This model seeks to predict
mine location offset errors given that mine detection has
occurred. As Figure 7 illustrates, the data reveal some in-
teresting patterns in the perceived X and Y directions
(MineX and MineY, respectively) that must be considered
before attempting to build the model.

First, note that the upper and lower limit for the
MineY prediction is 115 feet. This corresponds to the
maximum range of the cookie cutter sensor and represents
a truncation point in data collection. Secondly, note that
“stripes” in the plot result from the way design points were
constructed. The factor levels were varied in discrete in-
crements for simplification, but in reality these levels are
continuous. Introducing more granularity in the model de-
sign points would fill the input space more evenly, but at
the cost of additional computational complexity. Recall
that the mine was placed at (x, y) = (500, 0) for the DR
model runs. The MineY distribution is effectively symmet-
ric about the Y axis but the MineX distribution is skewed
with a heavy right tail. See Figure 8 for more detail.

We fit several regression models (detailed in Allen
2004) to the data. A model containing main effects for
current speed and current offset indicators, a quadratic
term for current speed, and interactions between speed and
offsets provides an extremely good fit (p-value =.0000,
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Figure 7: Perceived Mine Location for DR Navigation
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Figure 8: Summary Statistics of Perceived Mine Lo-
cation for DR Navigation

adjusted R-squared = 0.98). The base case, represented by
the intercept condition, is when current direction is zero
degrees relative to the vehicle, or pushing directly from
behind. The current offset of 45 degrees is the only vari-
able that was not statistically significant. All of the coeffi-
cients make sense. For example, the positive coefficient for
current speed implies that as speed increases the predicted
offset will also increase. Additionally, when current offset
is at 180 degrees—pushing directly from ahead—the pre-
dicted offset increases. A contour plot (Allen 2004) indi-
cates that the gradient in predicted mean offset is quite
modest when the current offset is at most 45 degrees. The
gradient at 180 degrees is much steeper, and the predicted
offsets can be quite large for currents as low as one knot.
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6 ANALYSIS OF TRANSDUCER MODEL

We use a similar approach, incorporating factors for the
transducer drop error, ping interval, and sea state into the
design. Transducer drop error is dependent on GPS accu-
racy and operator proficiency. We model drop error with
an equivariant bivariate normal distribution, and imple-
ment the impact of wave action via the standard deviation
of the X component of the bivariate normal used for cur-
rent effects, according to the sea state level (zero to four).
(The REMUS does not operate in higher sea states.) This
creates a larger ellipse of uncertainty for the transducer’s
real location. Nominally, operators use a five second ping
interval because of a perceived tradeoff between navigation
accuracy and computing time onboard the vehicle. We
consider ping intervals of 2-9 seconds since we are inter-
ested in determining whether reducing (or increasing) the
interval would significantly improve (or degrade) accu-
racy. Our design involves 50 stacked LHS matrices.

The transducers are nominally placed at the locations
(0, -100) and (1000, -100). Other characteristics, such as
the sensor detection range, vehicle starting and ending po-
sitions, obstacle location, and vehicle speed remain the
same as in the DR experiment.

6.1 Probability of Detection

The output reveals that current speeds less than 0.86 knots,
or currents pushing directly ahead or behind the vehicle,
always detect the mine regardless of other factors. We re-
move these design points before continuing our analysis.

Once again, we use logistic regression to fit models for
predicting the probability of detecting the mine. A simple
model with seven main effects has an R-squared(U) of
0.55, but it can be improved slightly (R-squared(U)=.59)
by the addition of six interaction terms and the remaining
main effect. (Both models are statistically significant with
p-value = .0000.) The results are intuitive: the probability
of detection decreases as current speed increases, or as the
interval between fixes increases. We also find that high
sea states decrease the detection probability, but the impact
is mitigated if the ping interval is short.

Contour plots and other graphics again assist in inter-
preting the results. They show that when the REMUS uses
transducers, it can operate with reasonably high detection
probability in higher current conditions. As before, the
best performance occurs when the vehicle operates with
current either directly opposing or directly aiding its path.

6.2 Magnitude of Error Given Detection Occurs

Once again, the question about which direction is best is
addressed more effectively by modeling the mean offset as
a function of the input factors the operator can control.
Overall, the bivariate distribution of perceived location is
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lighter-tailed and more symmetric for the transducer ex-
periment than for the DR experiment. This means that
simple search area calculations are possible. Ideally, the
vehicle should be operated in low current conditions with
very little wave action. Smaller ping intervals improve de-
tection. The mean drop error is perhaps the one factor
most under the operator’s control, and pains must be taken
to accurately place each transducer. Detection is best when
the transducers are placed so the current direction and ve-
hicle path direction are the same. Overall, using transduc-
ers for navigation improves the vehicle’s performance.

7 CONCLUSIONS AND FURTHER WORK

By building and exploring models of the REMUS vehicle
and navigation methods, we found that operating the vehi-
cle with lower current speed improves both the prediction
probability of detecting a mine and the offset error given
the mine is detected. If higher current speeds cannot be
avoided, the model clearly illustrates that operating the ve-
hicle with the current pushing the vehicle either directly
from behind or ahead are the most advantageous for im-
proving prediction probability and offset error. Therefore,
operate the vehicle with current speeds as low as possible
and with current pushing the vehicle from behind to mini-
mize offset errors and maximize detection probability.

The results also suggest that dead reckoning simply
does not provide enough predictive power or accuracy to
be relied upon as the vehicle’s primary navigation method.
Operating the REMUS vehicle with transducers is clearly
the desired mode of operation. Our models show that de-
tection probability improves when transducers are utilized,
and experience in the field backs this up.

Our investigation provides additional insights, since
understanding the impact of factors under the operator’s
control can improve prediction accuracy and thus reduce
the amount of time necessary to locate the obstacle post
mission. Ideally, the vehicle should be operated in low
current conditions with very little wave action. The opera-
tor should endeavor to place the transducers with maxi-
mum accuracy, and use the smallest possible ping interval
as determined by the maximum distance the vehicle is ex-
pected to operate from the transducers. If noticeable cur-
rents are present, then the vehicle should be operated with
the current acting directly from ahead or behind to maxi-
mize probability of detection.

While the results of our study make intuitive sense, lit-
tle data exists for validation. Therefore, the model may be
used to gain insight into the effect of combinations of in-
puts on prediction accuracy, but caution should be main-
tained about the output being the “right” answer. As field
data become available over time, this type of analysis may
be the basis for a tool operators can use to predict the time
needed to search and relocate mines, even for more com-
plex missions like the “area sweep” model (Allen 2004).
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The REMUS vehicle is expected to have the capability
to obtain GPS fixes in the near future. The impact of this
technology has been hypothesized but not fully explored. It
is thought that GPS fixes would significantly improve the
accuracy of the vehicle, but since obtaining fixes requires
the vehicle to surface, hence lengthening the search opera-
tion, GPS is not a panacea. Implementing operational be-
havior of GPS into a simulation model such as the REMUS
model in this paper would go a long way toward answering
questions about how best to employ unmanned underwater
vehicles, and how much improvement can be expected.
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