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Abstract

This paper describes the basic control, navigation,

and mapping methods and experiments a hovering

autonomous underwater vehicle (AUV) designed to

explore flooded cenotes in Mexico as part of the

DEPTHX project. We describe the low level control

system of the vehicle, and present a dead reckon-

ing navigation filter that compensates for frequent

Doppler velocity log (DVL) dropouts. Sonar data

collected during autonomous excursions in a lime-

stone quarry are used to generate a map of the

quarry geometry.

1 Introduction

The DEPTHX (DEep Phreatic THermal eXplorer)

project is a three-year NASA-funded effort whose

primary objective is to use an autonomous vehicle

to explore and characterize the unique biology of

the Zacatón cenote. Zacatón, the world’s deepest

known limestone sinkhole, is a water-filled cavern

that is at least 300 meters deep. The depths of Za-

catón are geothermally heated with a high sulfur

content and a lack of sunlight or dissolved oxygen,

making this an ideal place to search for exotic mi-

crobial life (Gary 2002). The robotic exploration

and search for microbial life in Zacatón is an ana-

log mission for the search for life in the liquid water

ocean beneath the frozen surface of Europa.

The DEPTHX robot (Figure 1) is a hovering au-

tonomous underwater vehicle (AUV) designed to

explore flooded caverns and tunnels while build-

Figure 1: The DEPTHX AUV Clementine deployed in a

test tank at Austin Research Laboratory.

ing 3D maps, collecting environmental data, and

obtaining samples from the water column and cav-

ern walls. To accomplish these tasks, the vehicle

is equipped with a Doppler velocity logger (DVL),

a ring laser gyro-based inertial navigation system

(INS), a depth sensor, and an array of 54 narrow

beam sonar transducers. In the Zacatón mission,

the vehicle will use all of these sensors together

to perform simultaneous localization and mapping

(SLAM). This paper presents a preliminary field re-

sult where the INS, DVL, and depth sensor are used

together to generate a dead reckoned position esti-

mate and the sonar array is used to create a map

based on that estimate. This technique was used

to autonomously map a limestone quarry in Austin,

Texas during field tests conducted in January of

2007.
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The paper is organized as follows: Related re-

search activities in using AUVs for science and

mapping are briefly discussed in Section 2. Then

we provide a description of the instrumentation of

the DEPTHX vehicle in Section 3. This is followed

by a description of our implementation of a Kalman

filter to merge DVL and IMU measurements, allow-

ing for high performance dead reckoned position es-

timation even in cases where the DVL frequently

drops out (Section 4). An overview of the vehicle

control system is provided in Section 5. Experimen-

tal results are presented in Section 7, followed by

some conclusions and a discussion of future work

in Section 8.

2 Related Work

There are more than 1000 commercial underwater

vehicles in operation today, performing tasks as di-

verse as archaeological excavation to drill-rig main-

tenance to oceanographic survey (Whitcomb 2000).

There are a variety of techniques employed for

determining the position of underwater vehicles –

unfortunately GPS does not work underwater – and

they can be divided into those that utilize emplaced

infrastructure and those that do not. (See Leonard

et al. (1998) for a comprehensive survey.)

When accurate position is needed underwater,

most AUVs and many human-driven remotely op-

erated vehicles (ROVs) rely on a surveyed array of

acoustic beacons, known as a long base-line (LBL)

array. Acoustic beacons provide a fixed frame of

reference for positioning the vehicle (Whitcomb

2000). Yoerger et al. (2007) have shown detailed

sea-floor mapping of subsea vents using an LBL ar-

ray with the Autonomous Benthic Explorer.

Over large distances, or in underwater caves and

tunnels, the performance of LBL systems is un-

known due to signal attenuation, reverberation and

multipath. Without a fixed LBL infrastructure, an

AUV uses a combination of depth sensors, inertial

sensors, and Doppler velocity sensors to compute

a dead reckoned estimate of its position while at

depth. With high accuracy attitude and depth sen-

sors the uncertainty in the AUV’s 3D pose (roll,

pitch, yaw, x, y, z) is primarily in x and y. Most un-

derwater navigation systems are based on a Kalman

Filter which combines Doppler velocity and inertial

measurements (Larsen 2000). These systems report

navigation errors as low as 0.015% of distance trav-

eled, however error accrues drastically in situations

where the DVL is unable to make accurate velocity

measurements. Kirkwood et al. (2001) have devel-

oped an AUV for multi-day under-ice arctic survey.

Eventually the dead reckoned estimate will drift

from true, and when the accumulated error exceeds

what is required for the application, a correction

must be made by (re)observing a known reference.

A common approach is to surface and obtain posi-

tion from a GPS. If LBL or surfacing is not an op-

tion, the position error can be bounded by simulta-

neous localization and mapping (SLAM) (Williams

et al. 2000) (Dissanayake et al. 2001). (Williams

and Mahon 2004) provide an example of near-

bottom mapping with sonars and cameras of coral

reefs using SLAM. Roman (2005) uses multibeam

sonar maps to do SLAM over varied topography.

3 Vehicle Description

The DEPTHX vehicle is a hovering AUV that

has been specifically designed for exploration of

flooded caverns and tunnels. It has an ellipsoidal

shape that measures approximately 1.5 meters in

height and 1.9 meters in both length and width (Fig-

ure 2). Its dry mass is 1500kg. Four large pieces

of syntactic foam are mounted on the top half of

the vehicle, passively stabilizing the vehicle roll and

pitch. The vehicle can move directly in the remain-

ing four degrees of freedom (forward, starboard,

down, and heading) using six thrusters driven by

brushless DC motors. The cruising speed of the ve-

hicle is about 0.2 meters per second. The vehicle is

powered by two 56-volt Lithium-Ion battery stacks

with a total capacity of 6.2 KWh, enough to supply

the vehicle during an four-hour exploration mission.

The DEPTHX vehicle has a full suite of un-

derwater navigation sensors, including a Honey-

well HG2001AC INS, two Paroscientific Digiquartz

depth sensors, and an RDI Navigator 600kHz DVL.

The two depth sensors are tared, or zeroed with re-

spect to atmospheric pressure, at the start of each
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Figure 2: A model of the DEPTHX vehicle structure and

components. Eleven pressure vessels house computing,

batteries, sensors, and science instruments. Diameter is

approximately 2m. c©Stone Aerospace, 2006.

day. The DVL is mounted to the front of the vehicle

facing forward and tilted down 30 degrees from hor-

izontal, a nonstandard configuration for this instru-

ment. The usual DVL configuration points straight

down so that it can achieve lock on the ocean floor.

In our application, it is difficult to predict the rela-

tive direction to surfaces useful for DVL lock. The

top 280 meters of Zacatón is known to be a chimney

with a diameter of approximately 80 meters (Fair-

field et al. 2005), so the forward-looking configu-

ration should allow the DVL to lock on to one of

the vertical walls in most situations. This config-

uration can cause the DVL to lose bottom lock in

more wide-open waters, such as the quarry that is

the subject of this paper. Loss of bottom lock can

also occur at extremely short ranges, or when pass-

ing over highly irregular terrain.

For our purposes, the raw roll, pitch, and yaw

measurements provided by the IMU and the depth

measurements provided by the depth sensors are ac-

curate enough to be considered absolute measure-

ments of those quantities. The task of determining

the location of the vehicle is then reduced to the two

dimensional problem of estimating its position in

the lateral plane (x and y).

For mapping, the vehicle has an array of 54 2◦

beam-width sonars that provide a constellation of

range measurements around the vehicle. This array

is in the shape of three great circles, a configura-

tion that was arrived at after studying the suitabil-

ity of various sonar geometries for the purposes of

SLAM (Fairfield et al. 2005). The sonars have long

ranges (some 100m and others 200m) and the accu-

racy of the range measurements is fairly high (about

10cm), however the low resolution, update rate, and

point density makes the mapping problem signifi-

cantly more difficult than it is with ranging sensors

like a laser scanner that provide fast, accurate, high-

resolution range images.

4 Dead Reckoning Localization

The concept of dead reckoning from DVL velocities

is straightforward: integrate the velocities to obtain

a position estimate. Here we lay out the details of

how this is done on the DEPTHX vehicle.

4.1 Dead Reckoning with DVL Velocities

The raw DVL measurement is a vector specifying

the velocity of the DVL in the DVL’s own coor-

dinate frame. Using the notation of Spong et al.

(2006), we denote this vector by v
dvl
dvl. We actually

want to know the velocity of the origin of the ve-

hicle frame (which is located at the centroid of the

vehicle) represented in the world frame, which we

denote by v
w
v . To get this, we first compute the ve-

locity of the vehicle in the vehicle frame:

v
v
v = Rv

dvlv
dvl
dvl − ωv

v × o
dvl.

Here, Rv
dvl is the constant rotation matrix describing

the orientation of the DVL relative to the vehicle

frame; ωv
v = [ωx ωy ωz]

T are the angular velocities

in vehicle frame (as measured by the IMU); and o
dvl

is the position of the DVL in the vehicle frame (or

lever-arm.) It is then a simple matter to rotate the

vehicle frame velocities into the world frame

v
w
v = Rw

v v
v
v ,

where Rw
v is the rotation matrix describing the ori-

entation of the vehicle relative to the world frame,

as measured by the IMU. The x and y components

of v
w
v are then numerically integrated to get the new

dead reckoned x and y position estimates using Eu-

ler’s method.
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4.2 Patching DVL Dropouts

As discussed above, the forward-looking configura-

tion of the DVL together with uneven bottom con-

ditions causes it to frequently lose bottom lock in

open water situations. During these times, no DVL

velocity measurements are available, making it im-

possible to update the dead reckoned position esti-

mate. Another unfortunate symptom of losing bot-

tom lock is that the last few DVL measurements be-

fore and the first few measurements after the loss of

lock are likely to be noisy. In order to filter out these

measurements, we used a simple first difference fil-

ter to discard DVL measurements which indicated a

change in speed of more that 0.05 m/s – the vehicle

does not have a very high acceleration.

Our approach to solving this dropout problem

involves using the velocity estimates provided by

the IMU to continue the dead reckoning solution

when DVL measurements are unavailable. How-

ever, since the IMU velocity estimates result from

integrating measurements from the IMU accelerom-

eters, they are subject to significant drift. To address

this problem, we use a Kalman filter to estimate the

drift of the IMU velocity estimates during the times

when the DVL measurements are good (i.e., when

the DVL has a lock).

We implement this with two independent and

identical Kalman filters. One filter is used to esti-

mate the IMU velocity and drift in the world frame

x direction, the other is used to estimate the same

parameters in the y direction. The state of each fil-

ter is q = [v, d]T , where v is the world frame ve-

hicle velocity in the relevant direction, and d is the

associated IMU drift term. If we define qk to be the

value of the state at the time t and qk+1 to be the

value of the state at the time t + ∆t, then the state

transition model that maps (qk, ak) to qk+1 is

qk+1 =

[

1 ∆t

0 1

]

qk+

[

1
0

]

ak+wk , Fkqk+Gak+wk,

where the process noise wk is assumed to be white,

zero-mean, and Gaussian with covariance matrix Q.

The DVL provides a measurement of the velocity v,

so the measurement model is

yk =
[

1 0
]

qk + νk , Hkqk + νk,

where the measurement noise νk is assumed to be

white, zero-mean, and Gaussian with variance R.

From here, the filter is implemented using the stan-

dard Kalman equations (see, e.g., (Maybeck 1979)),

with the small caveat that prediction steps are exe-

cuted whenever an IMU measurement is received

(about 50 Hz) and update steps are executed when-

ever a valid DVL measurement is received (about 4

Hz).

5 Vehicle Controller

The DEPTHX vehicle has a three-level control sys-

tem that is used to guide the vehicle on its mission.

The lowest level, aptly named the low level control

system (LLCS), employs velocity feedback from

the DVL and IMU in order to generate the thrust

necessary to track a desired vehicle frame velocity

command. The middle level, named the navigator,

issues velocity commands to the LLCS in order to

achieve the immediate goal. In this paper, the im-

mediate goal is to drive the vehicle to a specified

waypoint, however the navigator also is capable of

executing more general behaviors such as wall fol-

lowing and obstacle avoidance. At the highest level

is the system executive that, among other things, is-

sues a series waypoint commands to the navigator

in order to accomplish the overall mission.

5.1 Low Level Control System

The LLCS performs two basic functions: it uses ve-

locity feedback to convert a vehicle frame velocity

command into the vehicle frame thrust needed to

track that velocity and it implements a mixing ta-

ble in order to convert the vehicle frame thrust com-

mand into the necessary shaft torque 1 commands

to each of the individual thrusters.

Velocity feedback is implemented in four inde-

pendent loops, one for each of the vehicle’s four

degrees of freedom. Each loop contains an experi-

mentally tuned PI controller. Note that this structure

1The relationship between shaft torque and thrust is very

nearly linear, and we rely on the DriveBlokTM controller pro-

duced by MTS Systems Corp to implement the desired shaft

torque on the brushless DC thruster motors.
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assumes that the components of vehicle frame ve-

locity are not coupled by the dynamics of the vehi-

cle, an assumption which not true. In particular, the

forward and sideways velocity components of the

vehicle will be highly coupled when the vehicle si-

multaneously rotates and moves in the lateral plane.

Hence we can enforce the decoupled assumption by

simply avoiding these type of motions, a restric-

tion which is compatible with the slow, deliberate

types of missions that the vehicle will undertake. In

practice, however, the controller performs well even

when such coupling motions are executed.

The thrust mixer maps the vehicle frame thrust

command vector Fv = [Fω, Fx, Fy, Fz]
T into a

vector of n individual thruster commands T =
[τ1, τ2, τ3, . . . , τn]T , where n is the number of

thrusters. It is implemented as a matrix multipli-

cation, i.e., T = MFv, where M is computed as

follows. First, let A be the 6 × n matrix whose ith

column is given by

Ai =

[

pi × Di

Di

]

,

where pi is a vector describing the location of the

ith thruster in the vehicle frame, and Di is a vec-

tor describing the positive thrust direction of the ith

thruster in the vehicle frame. Now let B be the

4×n matrix that is the bottom four rows of A. B is

the matrix that maps the individual thruster thrusts

T into the resulting vehicle frame thrust vector Fv.

Assuming that the rows of B are linearly indepen-

dent, M can then be found by taking the pseudoin-

verse of B:

M = BT
(

BBT
)

−1
.

Note that in the nominal case, the number of

thrusters is n = 6. However, this formulation al-

lows the mixing matrix to easily be recomputed in

the event of thruster failure.

6 Mapping

In the DEPTHX mission to Zacatón, the vehicle

will employ a sophisticated SLAM system that

uses 3D evidence grids as maps and uses a Rao-

Blackwellized particle filter to simultaneously esti-

mate the most likely combination vehicle trajectory

Figure 3: Velocity tracking performance of the LLCS for

various commanded velocity pulses. The duration of the

leading and falling edge transients is on the order of 4

seconds.

and world map (Fairfield et al. 2007). In this paper,

we present a simplistic method of generating a map

of an explored area. Namely, we assume that the

dead reckoned position estimate described above is

correct and we use that estimate to determine the

locations of points on the quarry walls sensed by

the array of mapping sonars. By manually using

GPS to measure the starting location of the vehicle,

the resulting map can be registered into UTM coor-

dinates. The details of our implementation of this

process are described here.

First, the dead reckoned position estimate is com-

bined with the IMU roll, pitch, and yaw measure-

ments and the depth sensor measurement to gen-

erate a full 6-DOF pose estimate for the vehicle.

This is represented by the homogeneous transfor-

5



mation matrix Hw
v . We also represent the pose of

each mapping sonar relative to the vehicle frame as

a homogeneous transformation matrix. Specifically,

Hv
si describes the 6-DOF pose of the ith sonar trans-

ducer relative to the vehicle frame. These matrices

are constant and computed in advance. The sonar

coordinate frames are defined such that the x axis is

aligned with the axis of the sonar beam. So given

a sonar range measurement ri, we can compute the

world frame location of the sensed point as

[

pw
i

1

]

= Hw
v Hv

si









ri

0
0
1









.

With this relationship, the mapping process is sim-

ply a matter of driving in a survey pattern while

maintaining the vehicle pose estimate and comput-

ing the points pw
i as the sonar range measurements

are received. These points are filtered to eliminate

surface reflections and other noise. Below, we de-

scribe building a simple map from the point cloud

data.

We can then insert the sonar point cloud into a

kd-tree (Bentley 1975), and use the ANN library

(Mount and Arya 1997) to implement a simple

weighted k-nearest neighbor algorithm to build a

regularly sampled map.

7 Experimental Results

7.1 LLCS Results

The plots in Figure 3 demonstrate the typical per-

formance we have observed for the low level con-

trol system. The vehicle tracks velocity commands

well after a transient period of about 4 seconds. This

performance should be sufficient to execute the an-

ticipated DEPTHX missions.

7.2 Dead Reckoning Results

Figure 4 shows the performance of the dead reck-

oning system described in Section 4 during a long

raster mission to map the quarry. This mission had

a total path length of over a kilometer, at the end of

which the positioning error was 3.16 meters. This

Figure 4: Dead reckoning localization performance over

raster scan mission of quarry.

gives a respectable dead reckoning accuracy of less

than half a percent of distance traveled. It should

be noted that GPS fixes used as ground truth in

this experiment were taken using a hand held non-

differential GPS receiver from a moving boat, so it

is likely that the dead reckoning estimate is actually

more accurate than the “ground truth”.

The red dots in Figure 4 denote locations where

the DVL failed to achieve bottom lock. During

this 6300 second mission, the vehicle was without

DVL measurements for a total of about 780 sec-

onds. Some of these dropout periods were as long

as sixty seconds. Given this DVL performance,

it would have been impossible to achieve any sort

of dead reckoning estimate without patching in the

IMU velocities as estimated by the Kalman filter.

7.3 Mapping Results

In order to produce a map of the quarry, the vehi-

cle performed several overlapping survey missions,

designed to provide sonar converage of all the navi-

gable regions of the quarry. We then concantenated

all the data points from these missions, and used the

nearest-neighbor approach described above to build

the regularly sampled map shown in Figure 5.

8 Conclusions and Future Work

This paper demonstrates the most basic capabilities

of the DEPTHX vehicle, a hovering AUV designed
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Figure 5: A map of quarry geometry generated using weighted k-nearest neighbor interpolation. Background image

courtesy Google, c©Europa Technologies, 2007.

to explore and map flooded cenotes in Mexico as

part of the DEPTHX project. We have demonstrated

the ability to do basic motion control, achieve de-

cent position estimates from dead reckoning with

unreliable DVL data, and use the mapping sonars

to generate a map. During the first half of 2007,

more sophisticated capabilities will be developed

and tested in a series of missions to the La Pilita

and Zacatón cenotes in central Mexico. These abil-

ities include more sophisticated motion control, in-

cluding the ability to maneuver in close proximity

along the cavern walls, scanning the walls for suit-

able locations to take a solid sample. In the area

of localization and mapping, the vehicle will use

its dead reckoned position and its sonars to build

a 3D map – but it will also use this map to simulta-

neously localize itself, which allows the vehicle to

correct for the gradual drift in the dead reckoned po-

sition. The dead reckoning capability demonstrated

by our experiments in the quarry is a key element

of the performance of the DEPTHX Simultaneous

Localization and Mapping (SLAM) system, which

is described in (Fairfield et al. 2007).
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