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Abstract— Recent development of underwater Terrain Relative Navigation (TRN) provides an enabling capability for
low-cost navigation on underwater vehicles. High performance
TRN systems have been demonstrated using both high-accuracy
inertial navigation systems (INS) and high-quality sonars such
as multibeam echosounders. Moving to systems with lowercost sensor equipment would enable a broader range of TRN
applications. This paper considers the performance trade-offs in
moving to sonars as low-cost as altimeters, as well as in moving
to lower-accuracy inertial systems. The effects of translational
and orientation uncertainty on the TRN estimate are explored,
and the results of these studies are validated through field trials
on the Monterey Bay Aquarium Research Institute (MBARI)
Dorado Autonomous Underwater Vehicle (AUV). The field trials
demonstrate success on both DVL and altimeter-based TRN
configurations.

I. I NTRODUCTION
Terrain Relative Navigation (TRN) provides a drift-free
navigation tool for underwater vehicles, yielding a powerful alternative to current navigation methods which include
resurfacing for GPS, using high-accuracy inertial sensors, or
deploying transponder arrays. TRN generates vehicle position
estimates by correlating terrain measurements with stored terrain maps. The concept was initially developed with TERCOM
(Terrain Contour Matching) for over-land application on cruise
missiles. The TRN algorithm consisted of batch correlation of
altimeter measurements [1].
The achievable performance of any terrain navigation system is determined primarily by two factors: terrain variability
and sensor capability. Starting with TERCOM, large terrain
variability has been recognized as an important component
to ensuring the successful convergence of terrain navigation
algorithms, and research has been done in characterizing
terrains according to their suitability for TRN [2]. Once the
terrain is set, the performance then depends on the quality of
the sonar sensors used for terrain measurements and the inertial sensors used for vehicle state measurements. This paper
examines the effects of these sensor choices on underwater
TRN performance.
High quality results have been achieved in underwater
TRN using high-accuracy inertial sensors and/or high-quality
sonar sensors such as multibeam echosounders, utilized in
batch correlations similar to those used in TERCOM. Nygren

demonstrated that, with accurate knowledge of relative beam
placements, the TRN correlation surface converges to a Gaussian as the number of measurement beams increases [3]. He
thus was able to achieve high performance by correlating large
sonar measurement patches, created by combining several
pings from multibeam sonar. Similar success using batch
correlation of multibeam sonar measurements has also been
demonstrated on the HUGIN AUV [4].
While these successes are promising for underwater TRN,
using systems with lower-cost instrumentation, if feasible,
would significantly increase the range of possible applications.
For example, promising results using a DVL instead of a
multibeam sonar were recently demonstrated on the Swedish
AUV62f system [5]. In the limit, altimeters could replace
multibeam sonars for range measurements, and lower grade
inertial untis and attitude reference systems could be used.
However, the degradation in accuracy associated with these
lower-cost instruments will affect the overall accuracy achievable in the TRN solution as well as the details of the employed
algorithm.
In any TRN system, there are five primary error sources: (1)
error in the stored terrain map values, (2) depth bias associated
with the reference level of the map, (3) range measurement
errors, (4) translational uncertainty between measurements
due to inertial drift, and (5) orientation uncertainty of the
measurements due to attitude uncertainty. Moving to lowercost sonars, inertial units and/or attitude measurement systems
primarily affects the latter two of these error sources. The goal
of this paper is to explore the performance trades resulting
from these two error effects and to validate the analysis
through field trials.
This paper is organized as follows. Section I details the terrain navigation estimation filter employed. Section II discusses
the performance trades in moving to low-cost configurations,
showing results from both numerical and analytical studies.
Finally, Section III demonstrates success of terrain navigation
in field trials for a sample configuration using a DVL and
a high-accuracy inertial sensor. Success is also demonstrated
for an altimeter-based system, using sonar data from the same
field trials.

II. TRN F ILTER I MPLEMENTATION
The performance studies and field trials presented in this
paper utilize a system model described by the following
equation pair:
xt = xt−1 + ut + wt

(1)

yt = h(xt ) + δz(xt ) + et

(2)

Equation 1 models the state propagation, where xt is the
vehicle state at time t (North and East positions), ut is the
change in vehicle state measured by an INS/DVL unit, and
wt ∼ N (0, Σw ) is the inertial measurement uncertainty. The
sonar measurement is modeled by Equation 2, where yt ∈ RN
is the N projected sonar measurements of terrain depth, h(xt )
is the corresponding map terrain depths associated with vehicle
state xt , δz is a depth bias term, and et ∼ N (0, Σe ) is the
combined map and sonar measurement uncertainty.
The depth bias term must be included in the measurement
equation to account for variations in tide levels between the
time of map creation and vehicle deployment. In order to
avoid a fully three dimensional search, the depth bias term
is replaced by its maximum likelihood estimate given by [2]:
δẑ(xt )mle

=

1 XX
yi,t − hi (xt )
tN t i

=

ȳ − h̄(x)

(3)

Note that while the state propagation equation is linear
with respect to the vehicle state, the measurement equation
is in general nonlinear due to the nonlinear nature of the
physical terrain (h(x)). This nonlinear character is clearly
seen in Figure 1, showing a sample measurement probability
distribution for a single DVL measurement. Because of these
nonlinearities, configurations using DVL and/or altitude sensors will require a full Bayesian, non-parametric representation
to track the vehicle state estimate. A conventional EKF will
likely be inadequate.

PMF filter equations are:
X
p̃(xt ) =
p(xt |xt−1 , ut )p(xt−1 )

(4)

x

p(xt )

=

αp(yt |xt )p̃(xt )

(5)

where p(xt |xt−1 , ut ) describes the vehicle motion probability
distribution, p(xt−1 ) is the prior belief of the vehicle state,
p(yt |xt ) is the measurement probability or likelihood function,
and α is a normalization constant.
The motion update step (Equation 4) is performed by a shift
and a discrete convolution according to the INS uncertainty.
The inertial uncertainty is modeled by a Gaussian distribution,
with the covariance determined by the INS drift rate and the
vehicle distance traveled. The measurement probability in the
measurement update (Equation 5) is given by:
N
1 X
(yi,t − hi (xt ) − δẑ(xt ))2
p(yt |xt ) = α exp − 2
2σe i=0

!

(6)
where IID Gaussian noise with covariance σe2 has been assumed for the error et in Equation 2.
Both Particle Filters (PFs) ([6],[7]) and PMFs ([5], [8])
have been successfully implemented for underwater TRN and
trade studies comparing these two implementations have also
been performed. The studies show the PMF to be more robust
and accurate than the PF, whereas the PF allows higher
dimensional search without the computational expense of the
PMF [9]. In the current implementation, the filter operates over
a two dimensional space (North and East), promoting use of
the more robust PMF implementation. In future applications,
it may be necessary to perform higher dimensional searches
thereby requiring a PF implementation.
III. TRN P ERFORMANCE T RADES F OR L OWER -C OST
S ENSORS
Reducing the quality of the sonar, inertial unit and/or the
attitude measurement system increases two dominant error
sources which may affect the TRN solution: (1) uncertainty
in relative translation and (2) uncertainty in the orientation
of sonar range measurements taken at different ping times.
This section considers each of these error sources separately,
assessing the effect of unmodeled and modeled error for
different sensor configurations. In order to remove the effect of
terrain choice on TRN performance comparisons, the following studies were all generated for the same terrain and vehicle
track shown in Figure 2.
A. TRN Performance under INS Drift

Fig. 1. Measurement probability surface obtained with a single DVL ping
in Monterey Canyon.

For this work, a Point Mass Filter (PMF) algorithm was
chosen to perform the non-parametric state propagation. The

The primary effect of vehicle translational uncertainty in
TRN is the addition of relative position uncertainty between
sonar measurements. If this uncertainty is not accounted for,
it can quickly degrade the performance of batch correlation
algorithms, like Nygren’s Correlator Method, as the inertial
drift rate increases. Thus, using lower-accuracy inertial sensors requires the incorporation of inertial uncertainty into

TABLE I
INS D RIFT EFFECT ON TRN C ONVERGENCE . C ONVERGENCE IS
CONSIDERED ∆|Σx | < 0.05m2 .
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Fig. 2. Terrain map and vehicle trajectory utilized for the performance studies
in Section III. The map is a physical terrain map of Monterey Canyon. The
image shown was generated using MBSystem. UTM North is plotted on the
y-axis, and UTM East is plotted on the x-axis, both in meters. The vehicle
trajectory, overlaid on the map in black, covers 600 meters.

an estimator. As discussed in Section II, the inertial drift
uncertainty is incorporated into the TRN filter through the state
propagation equation (Eq. 4) . However even when included
in the estimator, higher inertial uncertainties will decrease the
overall TRN performance. The relative measurement position
uncertainty serves to lessen the confidence of each measurement, thus increasing the time to convergence. Furthermore,
the addition of uncertainty into the overall estimator will result
in lower achievable estimator accuracy.
These effects are demonstrated in Table I, showing convergence distance and final estimator accuracy over varying drift
rates for 10-beam multibeam, DVL and altimeter sonar sensors. Altimeter measurements were created by averaging the
middle two beams of the multibeam sonar measurements. The
results shown were generated in simulation for the trajectory
shown in Figure 2 and include no attitude uncertainty in order
to separate the effect of these uncertainties. The table shows
that large drift rates can significantly increase the convergence
distance and final covariance of the estimator.
The table further demonstrates that these effects are larger
for the systems using altimeter and DVL sonar for terrain
correlation, rather than multibeam. Indeed, it is expected that
systems using sonar sensors with fewer beams per measurement will be more effected by inertial drift. There are two
explanations for this effect. First, for a fixed inertial drift rate,
a smaller number of beams per measurement results in a larger
ratio of relative uncertainty per sonar beam. As an example,
consider the difference between systems using an altimeter
and a N-beam multibeam sonar. After acquiring the same
number of measurement beams, the altimeter-based system

will have relative uncertainty between every beam whereas the
multibeam-based system will have uncertainty only between
every Nth sonar measurement.
In addition, systems using simpler sonar sensors are more
prone to inertial uncertainty effects due to their typically
slower convergence rates. It is clear that for a given vehicle trajectory, reducing the number of sonar beams per
measurement will require the vehicle to travel farther before
estimator convergence. This relationship can be clearly seen
by comparing the convergence distances for each of the
sonar sensors in Table I for a given INS drift rate. Since
inertial uncertainty is proportional to distance traveled, longer
convergence distances will result in increased uncertainties in
the system for the same inertial drift rate. Thus even with highaccuracy inertial sensors, simply utilizing lower-cost sonars
such as an altimeter can cause translational uncertainty to
impact TRN performance.
In moving to lower-accuracy inertial sensors with high drift
rates and/or sonar sensors with fewer beams per measurement,
inertial translation uncertainty will need to be incorporated in
an estimator. Once accounted for, the additional uncertainty
will result in lowered estimator convergence performance,
particularly for systems with fewer-beam sonar sensors. Results like those shown in Table I can be used to trade TRN
performance for reduced-cost sensors for a particular vehicle
trajectory.
B. TRN Estimate Sensitivity to Attitude Uncertainty
In addition to the performance degradation caused by increased motion uncertainty, the move to lower-cost sensors
can cause reduced TRN performance due to potentially higher
attitude uncertainties. Most current applications of underwater
terrain navigation assume attitude errors to be negligible and
thus exclude them from the estimation. For high-accuracy
inertial systems, this assumption will generally hold, however
in using lower-cost inertial sensors, attitude errors can become
significant. If these errors are not accounted for or estimated
in the TRN filter, they can cause biases in the TRN estimates.
The following analysis develops a tool for estimating the

magnitude of the effect of having a constant bias in the vehicle
attitude measurement.
A bias in attitude effectively results in sonar range projection errors. Singh et al. demonstrated and developed this
relationship for multibeam sonar in evaluating the accuracy of
bathymetry map generation [10]. For TRN, projection errors
effect the measurement equation as shown in Equation 7:
y + δy = h(x + δx) + e

(7)

where δy and δx are the vertical and horizontal projection
errors, respectively. (The depth bias, δz(x), is omitted here and
in the following results for brevity). The projection errors are
∂y
∂x ∂y
∂x
δα and δy = ∂α
δα, where ∂α
, ∂α are the
given by δx = ∂α
sonar sensor projection sensitivities to changes in attitude and
δα is the specific attitude bias . These projection sensitivities
are purely functions of the sonar beam configurations and
increase linearly with range.
For small projection errors, the measurement equation can
be approximated by a linearization about the vehicle state, x:
y ≈ h(x) +

∂h
δx − δy + e
∂x

(8)

Inserting the projection sensitivities, the resulting measurement equation is:


∂h ∂x
∂y
−
y ≈ h(x) +
δα + e
∂x ∂α ∂α
≈ h(x) + ∆(x)δα + e
(9)
Equation 9 shows that the attitude bias results in an extra
error term in the measurement equation, given by ∆(x)δα.
If not modeled or estimated, this error can result in biased
estimates from the TRN filter.
As noted earlier, as the number of measurement beams increases, the likelihood surface will approach a unimodal Gaussian. Thus, the converged TRN estimate can be approximated
by linearizing the measurement equation for some sufficient
number of measurements about the unbiased estimate x̂:

y

∂h
∂∆(x)
δx − ∆(x̂)δα −
∂x x̂
∂x
≈ h(x̂) + Jδx − ∆(x̂)δα + e

≈ h(x̂) +

δxδα + e
x̂

(10)

→
−
∂h
−
∂→
x

where J =
is the terrain gradient matrix, and ∂∆(x)
∂x has
x̂
been assumed small compared to the remaining terms. Finding
the least-squares estimate for the bias, δx, results in:
δ x̂ =
=

−1 T −1
(J T Σ−1
J Σe [(y − h(x̂)) + ∆(x̂)δα]
e J)

δ x̂true + δ x̂error

(11)

The sensitivity of the estimate to attitude errors is then given
by Equation 12:
δ x̂error
−1 T −1
= (J T Σ−1
J Σe ∆(x̂)
e J)
δα

(12)

A similar expression can be used to predict the bias when the
depth bias is also estimated, and has been ommitted for brevity.
Note that these results assume no INS translational uncertainty
between measurements to distinguish these effects.
As Equation 12 illustrates, the TRN estimation bias due
to attitude error is a function of both the sensor projection
sensitivities, ∆(x̂), and the terrain gradients associated with
the vehicle track over the map (J). Thus for a particular TRN
configuration and vehicle track, the sensitivity of the estimate
to attitude error can be estimated. Table II shows an example
of the TRN estimate sensitivities for different sonar sensors
over the vehicle track in Figure 2, at 20 meter altitude.
TABLE II
TRN E STIMATE S ENSITIVITY TO ATTITUDE E RROR
Roll (m/o )

Pitch (m/o )

Yaw (m/o )

10-beam
Multibeam

North
East

0.24
0.25

0.25
0.25

0.00
0.00

DVL

North
East

0.21
0.29

0.30
0.34

0.02
0.00

Altimeter

North
East

0.25
0.25

0.25
0.25

0.00
0.00

For the sensors shown, the sensitivities of the estimate to roll
and pitch errors are a factor of 100-1000 times more significant
than the sensitivity to yaw. Furthermore, the differences in the
sensitivities between sonar sensors is noticeable but not greatly
significant. Thus it appears that the sonar sensor selection
has only minor effects on the overall estimator sensitivity
to attitude error. Rather, the expected estimation bias will
primarily be a function of the terrain gradient, the sonar
range, and the magnitude of the attitude error determined by
the inertial measurement sensor. For a given sensitivity, the
degradation in TRN performance is purely a function of the
expected attitude errors and will thus increase when moving
to lower-cost, lower-accuracy inertial sensors.
Results like those in Table II, generated for a particular
terrain and vehicle trajectory, can be utilized to determine
the effect of attitude uncertainty on TRN performance. If the
predicted biases are significant for a given inertial sensor,
it may be necessary to incorporate attitude uncertainty into
the estimator either by modeling it or by adding it as an
estimation parameter. Addition of attitude error to the TRN
estimation variables will require higher-dimensional search
capabilities and thus may require moving to particle filter TRN
implementations as discussed in Section II.
It should be noted that the sensitivity estimates obtained in
this section are approximate and conservative, and thus will
be less accurate predictions for both terrain which is locally
highly nonlinear and large attitude errors.
IV. F IELD T RIAL R ESULTS
The TRN algorithm described in Section II has been implemented and demonstrated in field trials on the MBARI Dorado

mapping AUV in Monterey Bay, California. The mapping
vehicle, pictured in Figure 3, carries a 200 kHz multibeam
sonar, 110 kHz and 410 kHz sidescan sonars, and a 2-16 kHz
subbottom profiler. The vehicle is capable of generating terrain
maps with 30 cm vertical precision, and lateral resolutions
ranging from two meters to less than one meter [11]. The
terrain maps shown in this paper, including the one utilized in
the field trials, were generated with this system.
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Fig. 3.
Picture of the MBARI Dorado mapping AUV, just prior to
deployment. The black antenna seen is used to acquire a GPS position fix
prior to diving.

The terrain navigation was implemented using DVL sonar
measurements from the mapping vehicle’s integrated Kearfott
INS and RDI 300 kHz DVL (SeaDevil). The SeaDevil navigation system has an inertial drift rate of 0.05% of distance
traveled, CEPR, provided the DVL acquires bottom lock at
the surface and retains it throughout the mission [12]. For this
field trial, the DVL was able to continuously aquire bottom
lock due to the shallowness of the test site (< 100m depth).
Additionally, the INS provides a heading reference, roll and
pitch accuracies of 0.03 degrees RMS. This high-accuracy INS
was utilized in lieu of a lower-cost system in order to provide
a truth comparison for the resulting TRN estimates.
The algorithm is capable of running in real-time at 10Hz
on a 2GHz processor for a search area of 100x100 meters
at 1 meter resolution. However, the following results were
computed offline.
In April, 2008, the described low-cost TRN configuration
was implemented at Portuguese Ledge in Monterey Bay,
California. Figure 4 shows the terrain map for this site along
with the INS-predicted and TRN estimated vehicle tracks. The
map utilized has 1-meter resolution. As seen in the figure, the
majority of the terrain is very flat, with depth variations of
only ∼ 5m every 1000m. Aside from these flat regions, the
terrain does have some relief in the South-East region of the
map due to a rock cropping. This region covers an area of
800x700m and has a maximum height of 20 meters above the
surrounding terrain.
The analysis methods in Section III were applied to this
vehicle track in order to ascertain the expected performance
costs associated with the particular sensor configuration. Due
to the high accuracy INS used, translational uncertainty should
have little effect on the estimate. As noted in Table I, an

Fig. 4. Portuguese Ledge terrain map used for the field trials presented in
this section. UTM North is plotted on the y-axis, and UTM East is plotted on
the x-axis, both in meters. The Kearfott INS-predicted trajectory is overlaid
on the map in black, and the terrain navigation position estimate is plotted in
red on top of this. Note that the TRN prediction converges close to the INS
estimate for the entire trajectory. The total vehicle track covers ∼ 32km and
represents approximately 6.5 hours of data.

inertial drift rate of 0.05% should exhibit good estimator
convergence properties, for both DVL and altimeter-based
systems. However, the altimeter-based TRN system is expected
to have longer convergence rates due to the reduced number
of beams per measurement.
Table III shows the predicted attitude sensitivities for this
particular trajectory, for both DVL and altimeter-based sonar
systems. Note that the altimeter measurements used for this
study and in the presented field trials were generated by
averaging the DVL sonar beams. In accordance with the
results in Section III-B, the terrain navigation estimate is most
susceptible to bias from unmodeled roll errors. Sensitivity to
pitch error is small but notable, and yaw errors once again
seem to have little to no effect on the estimate. According to
these predictions, the limiting inertial sensor requirement for
this dive is roll accuracy, which has a sensitivity of 0.72m/o .
For the Kearfott INS system used in this field test, the angular
accuracy is approximately 0.03o , resulting in a maximum TRN
estimate bias of 0.0216m for roll error. This result indicates
that for both DVL and altimeter-based TRN algorithms, there
should be no significant estimation bias due to attitude bias.
TABLE III
TRN E STIMATE ATTITUDE S ENSITIVITY FOR P ORTUGUESE L EDGE D IVE
Roll (m/o )

Pitch (m/o )

Yaw (m/o )

DVL

North
East

0.72
0.07

0.22
0.17

0.04
0.03

Altimeter

North
East

0.41
0.11

0.12
0.26

0.01
0.00

Figure 5 illustrates the TRN estimate convergence results
in North, East and Depth using DVL sonar over a search
area of 100x100m around the INS estimates. The vehicle
was traveling at ∼ 1.5 m
s , with a measurement update rate
of 0.1Hz. The convergence results shown omit measurements
taken in the North-West region of the map, where the vehicle
crosses the canyon edge. The steepness of the terrain in this
region resulted in poor, particularly noisy sonar returns.

(a) Field trial results using DVL for terrain correlation. The estimation biases
for North, East and Depth are plotted versus vehicle distance traveled. The red
shows the Minimum Mean Square Error estimate (MMSE), and the blue shows
the Maximum Likelihood estimate (MLE) The final ML bias estimates are:
x̂N orth = 0m with σN orth = 1.57m, x̂East = 0m with σEast = 1.28m,
and x̂Depth − 17.35m with σDepth = 0.01m.

such a large depth bias reiterates the importance of including
depth in the TRN estimation.
The convergence plots shown can be characterized by
several long regions of slowly growing or nearly constant covariance interspersed with fast, abrupt covariance reductions.
The nearly constant covariance trends correspond to cases
when the vehicle is flying over the flat region of the map
which contains little useful terrain variation for navigation.
For some of these regions, the estimate covariance actually
increases as a result of significantly low correlation certainty
compared to the inertial drift uncertainty. On the other hand,
the sharp reductions in covariance can be traced to times when
the vehicle crosses the rock-cropping in the South-East corner
of the map, which provides significant terrain variation to
reduce estimate uncertainty. So even though the TRN estimator
does not converge until after 9.5km or 1.75 hours, the actual
convergence occurs within 5 minutes upon the vehicle entering
the regions with significant relief.
Figure 6 shows the estimator convergence results for the
same field trial using altimeter sonar. The final maximum likelihood bias estimates are x̂N orth = 4m with σN orth = 2.8m,
x̂East = 1m with σEast = 3.21m, and x̂Depth − 17.36m
with σDepth = 0.04m, with convergence occurring after ≈
30.8km of travel. The lower accuracy of the terrain navigation
estimates using altimeter sonar versus those achieved by using
DVL is a result of using sonar measurements with only one
beam. The longer convergence time is also expected given
the reduction in total measurement beams. In fact, for both
the DVL and altimeter based systems, the results match the
expected performance based on low translational uncertainty
and attitude sensitivities.

(b) Closer look at the estimation bias results for North, East and Depth, showing
convergence near 9.5km traveled.
Fig. 5.
sonar

TRN estimator convergence results at Portuguese Ledge using DVL

The final maximum likelihood bias estimates for the DVLbased system are x̂N orth = 0m with σN orth = 1.57m,
x̂East = 0m with σEast = 1.28m, and x̂Depth − 17.35m with
σDepth = 0.01m, with convergence occurring after ∼ 9.5km
of travel. The seemingly large depth bias estimate is due to
several factors including tidal variations between when the
map was made and the dive date, but primarily is due to preexisting offsets on the vehicle depth sensor. The existence of

Fig. 6. Field Trial results using altimeter measurements for terrain correlation.
The final ML bias estimates are: x̂N orth = 4m with σN orth = 2.8m,
x̂East = 1m with σEast = 3.21m, and x̂Depth − 17.36m with σDepth =
0.04m.

V. C ONCLUSION
The cost benefits in using lower-cost sensor systems for
terrain navigation will be counteracted by some level of
decreased performance. This performance degradation arises

primarily due to the added effect of two error sources: vehicle
translational motion uncertainty and attitude uncertainty.
The primary concern with increased translational uncertainty is additional relative uncertainty between terrain measurements. Numerical studies demonstrated that as the motion
uncertainty increases between measurements, the achievable
accuracy of the estimator diminishes and convergence time is
increased. Furthermore, these effects are more significant for
systems using fewer-beam sonars.
In addition to motion uncertainty, increased attitude uncertainty caused by using lower-accuracy inertial sensors has
potential to degrade estimator performance by introducing estimation bias. An analytical formulation was developed giving
a conservative prediction of the terrain navigation estimate
sensitivity to constant attitude errors. The sensitivity was found
to depend primarily on the terrain gradient underneath the
vehicle track and the sonar measurement range magnitude,
and seemed relatively independent of the sonar sensor used.
The results and tools from both of these studies can be
utilized to generate performance trades for new low-cost configurations over different trajectories. Indeed, the developed
analysis was used to predict performance in field trials in
Monterey Bay, California. The results from the field trial
demonstrated success on both altimeter and DVL-based TRN
configurations, in-line with these predictions.
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