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Georgios Salavasidis, Andrea Munafò, Stephen D. McPhail, Catherine A. Harris,3

Davide Fenucci, Miles Pebody, Eric Rogers and Alexander B. Phillips4

Abstract5

The desire to conduct research in the Arctic on an ever-larger spatio-temporal scales has led to the6

development of long-range autonomous underwater vehicles (AUVs), such as the Autosub Long-Range7

1500 (ALR1500). Whilst these platforms open up a world of new applications, their actual use is limited8

in GPS-denied environments since self-contained navigation remains yet unavailable. In response, this9

study evaluates whether terrain-aided navigation (TAN) can enable multi-month deployments using10

basic navigation sensors and sparse bathymetric maps. To evaluate the potential, ALR1500 undertakes a11

hypothetical science-driven mission from Svalbard (Norway) to Point Barrow (Alaska, USA) under the12

sea ice (a mission over 3200 km). Therefore, a simulated environment is developed which integrates a13

state-of-the-art model of water circulation, error models for heading estimation at high latitudes and an14

Arctic bathymetric map. Recognising that this map is constructed based on sparse depth measurements15

and interpolation techniques, a bathymetric uncertainty model is developed. The performance of the TAN16

algorithm is examined with respect to the type of the heading sensor utilised and a range of vertical17

map distortions, calculated using the developed bathymetric uncertainty model. Simulations show that18

unaided navigation experiences an error of hundreds of kilometres, whereas TAN provides acceptable19

accuracy given a moderate map distortion. By degrading the quality of the map further, it appears that20

the navigation filter may diverge when traversing large regions subject to interpolation. Therefore, a21

Rapidly-exploring Random Tree Star (RRT∗) algorithm is used to design a new path such that the AUV22

traverses reliable and rich in topographic information areas.23
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I. INTRODUCTION27

The Arctic is the most rapidly changing environment on the planet [1], which has both28

local and global implications [2]. The rapidly receding ice cover together with an increase29

in maritime traffic and exploitation of marine resources are leading to a growing demand for30

accurate environmental prediction systems and weather forecast products in the Arctic [3].31

Environmental models heavily rely on ocean observations [4], both in situ and from remote32

satellite sensing [5]. However, the Arctic presents a number of unique observing challenges [6]33

causing a significant gap in the Arctic observing systems and hindering the reliability in34

predicting the environmental dynamics [4]. Real-time (or near real-time) in situ observations,35

such as collected by Argo floats [7] or research ships, are limited due to the sea ice cover, whereas36

satellite services provide data of low resolution and accuracy due to, for example, difficulties in37

distinguishing snow and ice from clouds [8].38

As a result, the dynamics of the physical environment in the Arctic and of the ecosystems39

within are currently poorly understood [9]. However, emerging maritime technologies can provide40

new cost-effective opportunities for obtaining subsea measurements and bridging the gap in41

knowledge [10]–[12]. For example, autonomous underwater vehicles (AUVs) are particularly42

useful mobile platforms for carrying science payload and collecting data from areas previously43

inaccessible unaffected by harsh weather conditions above the water [13]–[15].44

In the open ocean, AUVs have been widely utilised for scientific, industrial and military45

purposes [16]–[19]. However, the Arctic poses new technological challenges for these vehi-46

cles [20]–[22]. The use of AUVs under the ice is currently extremely limited because the ice-cover47

restricts surface access preventing the vehicles from using satellite services for communication48

and navigation. As a result, the vast majority of the reported deployments in the Arctic have49

been short-term, i.e. lasting from few hours to few days (per deployment), typically because of50

the significant energy required by the navigation and science sensors (e.g. see [23], [24]), or51

short-range in the vicinity of an external acoustic-based support system [25], [26]. Consequently,52

basin scale experiments are currently only possible with manned submarines [27].53

In response to the increasing demand for conducting subsea measurements on ever-larger54

temporal and spatial scales, long-range propeller-driven AUVs have been developed, such as the55
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Tethys [28] and the Solus [29]. Similarly, the National Oceanography Centre (NOC) in the UK56

has developed the Autosub Long-Range 6000 (ALR6000) [30] and the Autosub Long-Range57

1500 (ALR1500) [31], which are specifically designed for basin scale under-ice operations.58

These platforms combine the extreme range already achievable by underwater gliders [32] with59

increased manoeuvrability, position control and payload capacity of large flight-style AUVs. By60

using high energy density lithium primary cells and minimising the energy consumption within61

all sub-systems, the vehicles can achieve a multi-month endurance [33], [34]. This capability62

coupled with the ample flooded space available and the increasing availability of low-power63

sensors have provided these vehicles with a variety of payload options and use cases.64

However, deploying AUVs for a prolonged period of time in ice-covered environments comes65

with its own challenges. One key problem is the AUV navigation since GPS positioning is66

unreachable and long-range vehicles are normally limited to a small number of low-power67

navigation sensors causing an unaided navigation system to experience rapid error growth [35].68

This problem further escalates during missions in extremely high latitudes, where heading sensors69

experience degraded performance [23], [33], and/or whilst operating mid-water column where70

the navigation that is influenced by water currents is presently the weakest [36].71

To enable long-range missions under the sea ice with the ALR vehicles, a terrain-aided72

navigation (TAN) system has been developed providing a computationally feasible solution in73

real-time on processing boards with limited resources [34], [37], [38]. The system relies on basic74

low-power motion sensors and low-informative sonars to obtain bathymetric observations, such75

as the NOC’s single-beam echo-sounder specifically developed and optimised for the ALR1500.76

Bathymetric observations are then correlated to a pre-existing bathymetric map in order to77

determine the vehicle’s position within that map [39].78

Whilst TAN has proven effectiveness [39]–[43], real-time applications are limited in number79

and typically rely on power-demanding sensors and high-resolution bathymetric maps (varying80

from a sub-meter resolution to up only few metres). Large scale, high-resolution bathymetric81

maps are rarely available though, particularly in remote deep oceans, and the reliance on energy-82

expensive sensors severely limits the AUV endurance. Therefore, currently the TAN applications83

are in majority short, ranging from hundreds of metres to few kilometres, and are concentrated84

in areas where detailed bathymetric maps pre-exist.85

In contrast to the above, it was demonstrated in Salavasidis, et al. [33] that the TAN system86

of the ALR vehicles can deal with low-quality bathymetric grid maps and strong time-varying87
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water currents, despite using basic low-power sensors. The performance of the navigation system88

was evaluated using field data collected during three multi-day deployments of the ALR6000 in89

the Southern Ocean (with the longest mission, named M44 and shown in Fig. 1, exceeding 7690

hours and covering ≈ 200 km range at depths of over 3500 m). This dataset forms a unique91

test case for assessing the TAN performance under extremely challenging conditions. Despite92

traversing areas with low topographic information during M44 and ignoring speed over the93

ground measurements, the TAN system limits the localisation error to within a few hundreds of94

metres by using a 50 m resolution bathymetric grid map (see A-C and G-I subplots in Fig. 1), as95

opposed to a dead-reckoning (DR) solution which experiences an error of over 40 km in three96

days (≈ 76 hours) without bottom-lock information. To further evaluate the system performance97

under progressively degraded map quality, new bathymetric grid maps were generated with98

resolutions similar to the size of grid cells in typical digital bathymetric models of the world’s99

oceans (100-400 m cell size [44]). Note that for generating these new grid maps significant100

bathymetric information was discarded by sub-sampling the original 50 m resolution map (see101

D-F subplots in Fig. 1 for M44). Despite this challenging setup, the navigation filter exhibited102

robust and relatively accurate behaviour during the total length of ≈ 370 km of all three missions103

in the Southern Ocean [33].104

Given these promising results, this work assess in simulation whether TAN can be used in105

the Arctic for basin scale operations with ALR1500, where the bathymetric map is constructed106

using sparse measurements and interpolation. Therefore, a simulated environment of the Arctic107

is developed which integrates the Nucleus for European Modelling of the Ocean (NEMO) [46],108

a state-of-the-art model of ocean circulation; error models for heading estimation at high109

latitudes [33]; and a coarse bathymetric map of the Arctic Ocean, as constructed by the110

International Bathymetric Chart of the Arctic Ocean (IBCAO) project [47]. Recognizing that111

large regions of the map are subjected to pure interpolation, a bathymetric uncertainty model is112

developed which assigns a degree of reliance to each grid cells of the Arctic map. Using the113

resulting simulator, the TAN performance is evaluated with respect to several factors: a) the type114

of the employed heading sensor (which can be either a magnetic compass or a gyrocompass); b) a115

range of vertical distortions applied to the reference map (according to the developed bathymetric116

uncertainty model); and c) the characteristics of the pre-designed path of the vehicle.117

The remainder of the paper is structured as follows: Section II presents the navigational118

challenge of crossing the Arctic with ALR1500. Section III briefly discusses the TAN system119
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Fig. 1. ALR6000 deployment in the Southern Ocean in 2017 [33] and the bathymetric grid map of the area [45]. A: Bathymetric

grid map of 50 m resolution constructed using ship-mounted multibeam sonar observations and spline interpolation (for gaps

of up to 10 grid cells wide). B: Grid showing the number of ship-mounted sonar observations that fall within each bathymetric

grid cell in A. C: Grid showing the vertical standard deviation of the ship-mounted sonar observations that fall within each

bathymetric grid cell in A. This subplot illustrates one of the error sources in bathymetric models when using a grid representation

of the seafloor. D: Bathymetric grid map of 400 m resolution constructed after sub-sampling the original grid map in A. E:

Grid showing the vertical error introduced by sub-sampling the grid map in A to construct the grid map in D. To facilitate

direct comparisons, the low-resolution grid map is re-scaled back to original resolution via bi-linear interpolation. F: Histogram

enumerating grid cells that fall into range of vertical error (expressed as root mean square error) introduced by sub-sampling

the grid map in A to construct the grid map in D. G: AUV path as estimated using DR navigation (black) or TAN (red/blue

for 50/400 m resolution grid map, respectively) during M44 when ignoring speed over the groud measuremens (water-relative

navigation). The vehicle’s baseline position, shown in green, is intermittently recorded by the ship’s ultra-short baseline (USBL)

positioning system. The path estimates are visualised over the original bathymetric grid map. H & I: TAN estimation error, with

respect to the USBL measurements (when available), over distance travelled with the corresponding 3-σ bound in the north and

east directions during M44 (when employing the original bathymetric grid map or the degraded one).

and develops an uncertainty model for the bathymetric map of the Arctic Ocean. Following,120

Section IV details the simulated environment of the Arctic which is used in Section V to121

numerically evaluates the TAN performance with respect to the several factors. To improve122

the navigation performance, Section VI uses a Rapidly-exploring Random Tree Star (RRT∗)123
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algorithm [48] to optimise the path of the vehicle. Finally, Section VII summarises the work124

presented and provides future research directions.125

II. PROPOSED ARCTIC CROSSING126

To assess the potential for TAN to address the localisation challenge for Arctic Basin scale127

AUV operations, a hypothetical mid-water column crossing (i.e. navigation relative to the water128

mass) from Svalbard (Norway) to Point Barrow (Alaska, USA) is considered as shown in Fig. 3.129

This equates to a nominal range of 3200 km operation in a GPS-denied environment.130

This route for the vehicle is designed to fulfil two basic requirements: maximising the distance131

from heading sensor-dependent critical regions (the Magnetic North Pole when using a magnetic132

compass and the Geographic North Pole when using a gyrocompass) and avoiding traversing the133

featureless terrain of the Canada Basin (yet keeping the path relatively short), which is particularly134

important for successfully applying TAN [49]. This route is also similar to that undertaken by135

British submarine Tireless in March 2007, which enabled the thickness characteristics of the136

ice cover to be measured during the winter immediately preceding the exceptional ice retreat of137

summer 2007 [27].138

The ALR1500 operates at a constant forward speed (0.6 m/s) and depth (1000 m) in the139

simulated environment of the Arctic, as detailed in Section IV. The minimum navigational140

requirement for this mission is to maintain the positioning error bellow 100 km throughout the141

entire route. This allows the AUV to maintain sufficient accuracy during the transit to avoid142

danger, and to surface in an ice-free area of the Barrow coast (which depends on the seasonal143

ice extent) for recovery.144

A. ALR1500: a long-range AUV for polar operations145

ALR1500 [31] is a novel flying-style propeller-driven AUV designed based on the proven146

architecture of ALR6000 [30], [50], [51] (see Fig. 2), but with significantly extended en-147

durance [33]. The vehicle can be powered by Bobbin-type lithium-thionyl chloride primary148

cells, which have very low self-discharge rates making them suitable for long-range deployments.149

ALR1500 is able to carry 28 battery packs with each in 7s8p cell configuration, resulting in a150

total potential energy over 107 kWh [33], [34]. This translates into a range of over 6000 km151

(see [33], [34]) when operating at the optimum forward speed (≈ 0.5 m/s) and using the basic152

navigation sensor suite (described in Section II-B).153
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Fig. 2. Autosub Long-Range 1500 front and Autosub Long-Range 6000 behind.

B. ALR1500: navigation system and sensor suite154

The navigation sensor suite of ALR1500 is limited to a small number of low-power sensors155

normally including: a GPS module to obtain position fixes when at the surface; a 6-axis magnetic156

compass/attitude module for heading estimation; a conductivity, temperature and depth (CTD)157

probe to calculate the operating depth using the UNESCO pressure-to-depth conversion algorithm158

[52]; and two acoustic doppler current profilers (ADCPs) facing upwards and downwards. The159

downward-facing ADCP is used to estimate velocity (bottom- or water-relative) and to provide160

range-to-bottom measurements when operating near bottom, whilst the upward-facing ADCP is161

primarily used for avoiding collision with the sea ice from above. To level the velocity vector162

in a local horizontal reference frame, the downward-facing ADCP is integrated with tilt sensors,163

micro-electro-mechanical system accelerometers. Moreover, ALR1500 can further be equipped164

with the a north-seeking fiber-optic gyrocompass (FOG) for more reliable heading estimation.165

Assuming the use of the Octans gyrocompass, which requires approximately 18 W [53], the166
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projected range of the vehicle drops to approximately 3600 km [33], which is still sufficient for167

traversing the Arctic Basin.168

For navigation, ALR1500 dead-reckons using a 2D motion model (piecewise constant169

velocity), a process which is initialised by GPS whilst the vehicle at the surface, and several170

algorithms for real-time sensor calibration [13], [38]. However, the unavoidable errors in the171

motion sensors result in an unbounded error growth. The main error sources are the water172

currents (if unobservable) and the inaccuracies in heading estimation. The former introduces a173

substantial positioning drift when the speed of the vehicle is of the same order as the current174

velocity, whereas the latter becomes important during operations at high latitudes where heading175

sensors have degraded performance [23], [33]. Fig. 3 shows the regions where the heading176

sensors are expected to be unreliable (note that the highlighted no-go zones are by no means177

an exact quantification of the regions to be avoided, but rather a visualisation of the areas with178

high risk). Multi-day experiments in the deep Southern Ocean have shown that the DR error179

for the Autosub Long-Range family of vehicles is approximately 1% of distance travelled (DT)180

when using speed estimates over the ground [38], whereas the error is proportional to the speed181

of the water currents when navigating relative to the water column [37].182

For applications requiring enhanced navigation accuracy, or where the long-term error may be183

significant, ALR1500 can use TAN techniques to limit the navigation error [34]. Deployments184

near the seabed can benefit from using range measurements available by the downward-facing185

ADCP [38]. For deployments out of the ADCP’s bottom tracking range, ALR1500 can further186

be integrated with a bespoke 4000 m range 12 kHz single-beam echo-sounder developed in the187

NOC. To minimise the energy requirements, the echo-sounder has been designed to function at188

a low repetition rate (of the order of minutes), and has been optimised to have low quiescent189

power demand and minimum possible volume to fit in the ALR1500.190

C. Crossing the Arctic Ocean with ALR1500 and Dead-Reckoning Navigation191

Fig. 3 with simulated crossings of the Arctic (detailed in Section IV) shows that DR navigation1
192

may experience an error up to 420 km at the surfacing location (Point Barrow) when using a193

gyrocompass, whereas the error may grow up to 2400 km by using the magnetic compass for194

heading estimation. By isolating the navigation error sources, it appears that the drift caused by195

1The interested reader is referred to [34] and [38] for an in-depth description of the ALR1500’s DR algorithm.
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the water currents, as obtained by the NEMO model for a certain (but random) spatio-temporal196

instance at 1000 m depth during winter months, is approximately 40 km. Hence, the DR error197

appears to be in the majority driven by the heading errors in these simulated experiments at198

this specific operating depth. However, note that the these simulated experiments are configured199

in a way aiming to realize the worst possible navigation scenario, hence heading errors may200

have significantly been overestimated due to the intrinsic difficultly to predict the performance201

of heading sensors in Arctic (further details are given in Section IV-B). This worst-case setup202

essentially provides an estimate of the upper error bound for DR navigation, provided that the203

spatio-temporal instance of the NEMO model is a good representation of the typical water204

currents present in the Arctic Ocean. Given this, it is to be expected that the actual DR error205

for this specific path will always fall within a circle centred at the true position of the vehicle206

(Point Barrow) with radius specified by the calculated navigation error, which is 420 km when207

using a gyrocompass and is 2400 km when using a magnetic compass.208

Based on these results, it is clear that there is a high risk for permanent vehicle loss under209

ice when using DR. Therefore, alternative navigation solutions must be investigated.210

III. TERRAIN-AIDED NAVIGATION IN THE ARCTIC OCEAN211

The TAN system developed in the NOC for sensor-limited AUVs uses the Rao-Blackwellised212

particle filter (RBPF) for state estimation [34], [54], [55]. This is because of its ability to213

represent an arbitrary state posterior probability density function (i.e. dealing efficiently with214

non-linearities) whilst maintain the computational demand reasonably low. The latest is achieved215

by modelling and estimating a relatively low-dimensional state vector [37].216

A. Process Model217

For real-time applications, the filter state tracks the northing and easting position of the vehicle,218

which are recorded in radians of latitude and longitude (LL), respectively. The state vector also219

includes velocity biases in north and east direction. For well-calibrated navigation sensors, the220

bias sub-state effectively tracks the speed of the water currents in order to compensate for the221

water flow when accessing only water-relative velocity measurements. However, these velocity222

biases can also capture the impact of a slow-varying heading bias, provided that the vehicle223

maintains a relatively steady direction of motion (which further allows us to reduce the error224

complexities and keep the dimension of the estimation problem low).225
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Fig. 3. One possible route (≈ 3250 km) to traverse the Arctic Ocean with ALR1500. The designed path maximises the distance

from sensor-critical latitudes whilst avoiding the morphologically flat Canada Basin. The black line shows the demanded (true)

path, whereas the red and green lines represent the paths estimated by DR navigation when using a magnetic compass or a

gyrocompass for heading determination, respectively. The simulation setup aims at approximating the worst possible navigation

scenario (see details in section IV-B).

Velocity biases are modelled as a random walk with low-intensity Gaussian step per direction,226

whilst the vehicle’s motion is modelled by a discrete Markov process that relies on 2D227

kinematics. This propagates position estimates forward in time by integrating water-relative228
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velocity, uk = [uNk , u
E
k ]T , expressed in a local north-east-down navigation frame. The latter229

is obtained by rotating body frame velocity measurements provided by the downward-facing230

ADCP. The mathematical expression for the discrete-time process model is given by [37]:231  xk+1

bk+1

 =

 I2×2 F (xk)

02×2 I2×2

 xk

bk

+

 F (xk) 02×2

02×2 02×2

 uk

02×1

+

 ηx
k

ηb
k

 ,
with: F (xk) = ∆t

 R−1
e 0

0
(
Re · cos(xLatk )

)−1

 (1)

where xk = [xLatk , xLonk ]T is the LL position in radians at time k; bk = [bNk , b
E
k ]T is the232

velocity bias vector with components in north and east direction (expressed in m/s); ∆t is233

the position propagation period, during which uk and bk are assumed to be constant; F (xk)234

is a transformation matrix used to convert the north and east displacement during ∆t to235

the corresponding displacement in LL; Re is the radius of Earth in metres; and the vectors236

ηx
k = [ηLatk , ηLonk ]T and ηc

k = [ηNk , η
E
k ]T correspond to the process noise. ηx

k represents model237

mismatches expressed in radians and follows normal distribution N (0, Qx
k ). Similarly, ηb

k is238

used to account for spatio-temporal variations in the velocity biases and follows N (0, Qb
k). The239

intensity of this noise is typically low and it is expressed in m2/s2. Note that by vanishing the240

noise terms and the velocity bias, the process model in (1) becomes the exact position propagation241

model used by the ALR1500 for dead-reckoning.242

B. Observation Model243

The NOC’s single-beam echo-sounder can realize range measurements at approximately one-244

minute repetition rate even when operating mid-water in deep oceans. The sonar beam orientation245

is normally perpendicular down towards the seabed and here we also assume, for simplicity, that246

the vehicle is perfectly stabilised in pitch and roll (otherwise each range measurement must be247

compensated for the attitude of the vehicle and the beam orientation to find where the beam248

precisely hits the bottom [37]). Then, the water depth (zk) at time k can be computed on-board249

the vehicle, which is located at xk, as the sum of the derived operating depth (dk) and the250

measured range (rk): zk = rk + dk; with all quantities expressed in metres.251

Bathymetric observations can be modelled using a function that relates zk to the water depth252

at xk:253

zk = h̄(xk) + ωk, (2)
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where h̄(xk) provides the true water depth at xk and ωk is the observation noise, assumed254

to follow N (0, σ2
ωk

), aiming to represent the combined effect of the errors in rk and dk [34].255

However, in reality the true bathymetry h̄(·) is unknown and only a non-linear terrain model, h(·),256

is available for use (typically in the form of a uniform grid map). Hence, h(·) represents the true257

seabed to some varying degree of accuracy and the vertical deviation of each grid cell from the258

reality constitutes an error. This spatially varying error can be expressed as: m(x) = h(x)−h̄(x);259

and for this study m(x) is assumed to follow N
(
0, σ2

m(x)
)

as per [37] and the results in Fig. 1.260

While this assumption is perhaps simplistic, results have shown the navigation filter is robust to261

complex map errors, including large biases that are hard to be explicitly modelled.262

Given the above assumption, the following discrete time function can be used to model263

bathymetric observation:264

zk = h(xk) +

ωk+m(xk)︷︸︸︷
ζk ,

(3)

where h(·) relates the bathymetric map at xk to the on-board observation zk and ζk aims to265

capture the overall impact of the errors in the bathymetric map together with those in the266

sensors involved. Given the assumptions of normality and statistical independence between the267

error sources, ζk follows N (0, σ2
zk

) with σzk to be given by:268

σzk =
√
σ2
ωk

+ σ2
m(xk), (4)

hence σzk is dependent on the quality of the employed bathymetric map and the accuracy of the269

sensors involved. Further details about modelling errors and quantifying uncertainties are given270

in the following subsection (III-C and III-E). Note also that although more complex sensor error271

models can be considered, it is to be expected that unmodelled error will have negligible effect272

when compared to errors in sparse bathymetric maps.273

C. Arctic Ocean Bathymetry274

The bathymetric map of the Arctic Ocean is obtained from the IBCAO project. Using an275

accumulated database containing all available bathymetric data north of 64◦ and state-of-the-art276

oceanographic techniques, IBCAO has constructed a grid model of the Arctic Ocean. This grid277

is compiled from a mixture of data sources ranging from single- and multi-beam soundings278

with available metadata from past and modern expeditions to spot soundings with no available279

metadata, digitised contour maps (isobaths), published hydrographic charts, and depth models.280
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The constant increase of bathymetric data, e.g. from icebreaker cruises and declassified echo281

soundings acquired by submarines, has led to the latest release that consists of a terrain model282

on a polar stereographic projection with a grid cell spacing of 500 m × 500 m (or a re-projected283

version with 30 arcsec × 30 arcsec). However, the pace at which the Arctic Ocean is getting284

mapped is very slow and only 11% of the Arctic Ocean is actually covered by multi-beam285

surveys [47]. Regions where no bathymetric measurements exist are filled using interpolation.286

Sources of error (and thus of uncertainty) in bathymetric maps are typically grouped into287

three wide categories [56], [57]: Type 1 - depth measurement errors (e.g. uncompensated biases288

and positional inaccuracies) and temporal changes (ageing of sounding data); Type 2 - errors289

introduced when processing available depth measurements with gridding algorithms to create290

grid models (e.g. numerical errors, errors introduced by averaging/smoothing and interpolating,291

see e.g. A-C subplots in Fig. 1); and Type 3 - errors due to the terrain variability within each292

grid cell and between the available depth measurements. Therefore, the uncertainty associated293

with each grid cell depends on that in the depth measurements and the gridding techniques294

utilised, together with the topographic variability. High-resolution grid models are primarily295

affected by Type 1 errors, whereas low-resolution maps containing large regions with depth296

values subjected to interpolation can be massively affected by errors of Type 2 and Type 3.297

Fig. 4 shows schematically the vertical uncertainty of a bathymetric map.298

A common and widely used approach to quantifying the vertical bathymetric uncertainty is to299

use a single global (i.e. space-invariant) measure of deviation, such as the root mean square error300

(RMSE) or standard deviation statistics [58]. While this oversimplified error representation can301

be adequate for easily accessible shallow waters where high resolution maps can be developed302

(predominantly affected by errors of Type 1), it is insufficient to account for the spatial variation303

of the map error in remote deep oceans where the map resolution dramatically decreases.304

The IBCAO grid map contains large areas where depth values are filled via interpolation, or305

using digitised isobaths derived from classified mapping missions (for which the data quality is306

unknown). This inevitably introduces large errors of Type 2 and Type 3 that, in addition, can307

significantly vary with space and thus requiring complex space-varying error representations.308

Although developing such models can be a very challenging task [58], particularly for the Arctic309

Ocean [59], they are necessary to avoid underestimating or overestimating the map errors, in310

which cases TAN would either fail (case underestimation) or experience degraded performance311

in well-mapped regions (case overestimation).312
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Fig. 4. Vertical bathymetric uncertainty (dashed-line) in 1D representation. The bathymetric map error is represented by the

deviation of the model surface (red line) from the true seafloor (black line). The overall map uncertainty is a combination of

uncertainties in depth measurements (e.g. sonar measurements) and the uncertainty associated with the gridding algorithm (e.g.

spatial interpolation). Notice that measurements acquired from deeper waters are experiencing higher errors and uncertainties.

The map also experiences increased uncertainty in wide regions unconstrained by depth measurements, where interpolation

techniques are used to create the model surface.

1) Quantifying the Uncertainty in the Arctic Bathymetry Map: For the purpose of the crossing

the Arctic Ocean using TAN, a standard deviation grid map is constructed quantifying the

vertical bathymetry uncertainty in the IBCAO grid map. This effectively assigns an error standard

deviation to each grid cell of the bathymetric map based on the source identification (SID) grid

compiled by the IBCAO project. The SID grid allows the users of the IBCAO map to identify

the dominating source used to derive the depth value of each grid cell. Given seven data sources,

the SID grid contains seven codes distinguishing between data sources, which are categorized

as: land (code 0); multi-beam sonar data (code 1); single-beam sonar data (code 2); Olex2 data

(code 3); contour lines from digitised maps (code 4); and other gridded bathymetric compilations

(code 5) [47]. Grid cells subject to interpolation are originally labelled with a NaN ; however,

2A seafloor mapping, navigation, and fishery system manufactured, by a Norwegian company, to interface with both single

and multi-beam echo sounders.
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for notation simplicity, they will be labelled with code 6. For the subsequent analysis, it is

convenient to define a function which relates grid cells with the associated source code as:

code(x) = {0, 1, 2, 3, 4, 5, 6},

where, code(x) gets the code value that corresponds to the grid cell at x.313

Fig. 5 shows the SID grid after having compactly grouped the source data in order to show314

that the Arctic Ocean is primarily subjected to interpolation.

Fig. 5. SID grid map provided by the IBCAO project [47]. Sources of data are further grouped for easier visualisation. Note

that sounding data of only a few grid cells wide are not distinguishable due to the map scale.
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315

Grid cells corresponding to land are set to zero standard deviation. This can mathematically316

be expressed as:317

σm(x) = 0 · h(x), ∀ x s.t. code(x) = {0}, (5)

where h(x) is the depth value of the terrain model at x and x corresponds, in this particular318

case, to a land surface
(

code(x) = {0}
)
.319

For the grid cells with depth values constrained by sonar measurements,
(

code(x) =320

{1, 2, 3}
)
, the uncertainty is calculated following the sonar error model developed in [60]. This321

work evaluated the quality of old (pre-1969) and new (post-1968) deep ocean single- and multi-322

beam measurements using a collection of high-quality depth measurements from multi-beam323

surveys overlapping with the archival under evaluation dataset. Although the errors in sounding324

data appeared to be not truly Gaussian (e.g. due to the presence of outliers), the vast majority of325

the detected errors followed distributions close to normal. Based on this, the error in the archival326

sounding data has been expressed via a zero-mean Gaussian distribution and standard deviation327

that takes into account the uncorrelated errors in travel time, the sound velocity, and the terrain328

morphology (to additionally consider that archival sonar data may have been georeferenced329

inaccurately). Using the results from this study, the uncertainty of the depth values derived from330

sounding data is computed by:331

σm(x) =

√
%2 +

(
ξ · h(x)

)2
+
(
γ · s(x)

)2
, ∀ x s.t. code(x) = {1, 2, 3}, (6)

where s(x) is the slope of the grid cell at x for which the depth value is derived using sonar332

measurements (code(x) = {1, 2, 3}). {%, ξ, γ} are parameters calculated in [60] by fitting the333

standard deviation of the sounding data to best-fit a Gaussian quantile-quantile analysis over the334

middle 95% of the data. For the post-1968 sounding data, the results obtained from the fitting335

process are: {% = 1 m, ξ = 0.005 (0.5%), γ = 200 m}, which are hereafter used. For the slope336

calculation, the neighbourhood method is used [61].337

Judging the quality of the depth values derived from digitised contour maps and other depth338

models,
(

code(x) = {4, 5}
)
, is not straightforward. In reality contour lines are typically339

interpolations based on, for instance, underlying sparse ship track data. Hence, contour maps are340

accurate only where the contour lines intersect with track lines. Therefore, without accessing341

source data and associated metadata, it is challenging to produce error estimates. Moreover,342

old manually created contour maps have also inherited the styles of the cartographer who drew343
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them, which further complicates the determination of uncertainty. Although the IBCAO project344

aims to minimize the use of digitised contour maps and depth models, there still exist depth345

values computed using these depth sources. A simple approach for quantifying the uncertainty346

in the contour-derived grid cells could be to assume a vertical error of up to 5% of the derived347

depth [59]. However, given that depth values based on these sources can be highly unreliable,348

it is preferred to treat them as if they were computed via interpolation (worst case scenario—349

discussed next).350

Topographic interpolation techniques and the associated uncertainties have been a subject of351

particular interest in the geostatistical community over the years, a detailed review of various352

approaches can be found in [61]. However, the calculation of the impact of interpolation in353

large scale bathymetric maps yet remains a challenge. Studies indicate that the interpolation354

uncertainty predominantly and inversely depends on the terrain complexity [62], followed by355

the density and the spatial coverage of the available sonar measurements nearby. Interpolation356

techniques introduce lower errors in areas of low relief due to the higher degree of spatial357

dependence (autocorrelation) between depth measurements and the depth of nearby cells358

requiring interpolation. The opposite holds in areas of complex terrain morphology, where359

interpolations introduce greater errors as the interpolation-derived cells can deviate more from360

nearby depth measurements. Therefore, morphometric parameters, such as slope and curvature,361

can be used as predictors of the magnitude of the uncertainty introduced by interpolations.362

For the IBCAO map and the grid cells subject to interpolation, a conservative uncertainty model363

is developed. As the spatial dependence reduces with distance (or, alternatively, the variogram364

increases), grid cells requiring interpolation experience growth in uncertainty proportional to the365

distance from grid cells constrained by sonar measurements (referred to as reference cells). The366

rate of the uncertainty growth is defined by the maximum expected terrain slope in the Arctic367

(worst-case scenario). Excluding land and very shallow water environments, it appears that the368

maximum slope, smax, is 59◦ and is located along the Lomonosov Ridge. The uncertainty of369

a grid cell subject to interpolation inherits the uncertainty of the closest reference cell and is370

further increased (assuming statistical independence) proportionally to the distance between the371

two grid cells and the maximum expected terrain slope, which can mathematically be expressed372
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as:373

σm(x) =

√(
σm(xj)

)2

+

(
dist(x,xj)

3
· tan(smax)

)2

,

∀ {xj ,x} subject to: code(x) = {4, 5, 6} and code(xj) = {0, 1, 2, 3},

(7)

where xj refers to location of the closest reference cell to the grid cell subject to interpolation at374

x and dist(x,xj) corresponds to the distance between the interpolated cell at x and the reference375

cell at xj , expressed in metres. It is further assumed that the uncertainty of the interpolated grid376

cells can be expressed by a zero-mean normal distribution with intensity computed using the377

3-σ rule of the maximum expected error {dist(x,xj) · tan(smax)}. Note that grid cells with378

depth values derived from contour maps and depth models are treated as if they were subjected379

to interpolation.380

Having defined the standard deviation for each possible source of depth data, the full standard381

deviation model can be summarised as:382

σm(x) =


0 · h(x), if code(x) = {0}√
%2 +

(
ξ · h(x)

)2
+
(
γ · s(x)

)2
, if code(x) = {1, 2, 3}√(

σm(xj)
)2

+
(

dist(x,xj) · tan(smax)/3
)2, if code(x) = {4, 5, 6},

with code(xj) = {0, 1, 2, 3}

(8)

However, by constructing the entire bathymetric uncertainty grid map, it appears that the383

bathymetric uncertainty model penalises heavily even those grid cells subject to interpolation384

that are relatively close to the reference grid cells. This results in extreme values of uncertainty385

in large regions where depth values are unconstrained by sonar measurements. To make the386

bathymetric uncertainty grid map realistic, a set of lower values for the maximum terrain slope387

is considered (in addition to the maximum of 59◦). For example, Fig. 6 shows the bathymetric388

uncertainty grid map calculated for smax = {5◦, 15◦, 30◦, 59◦}.389

2) Placing an Upper Uncertainty Bound: Despite the reduction in the value of the terrain390

slope, unrealistically large uncertainties are still present. To eliminate these values, an upper391

bound for the bathymetry uncertainty needs to be placed. This error bound is possible and392

justifiable thanks to advances in satellite technology and satellite-derived bathymetry.393

It has been demonstrated that the sea surface gravity anomalies, derived from satellites394

observing variations in ocean surface height relative to the reference ellipsoid, can be used to395

provide a general view of the shape of deep ocean basins [63]. The so-called satellite altimetry-396

derived bathymetry is a source of absolute bathymetric information with global coverage and397
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Fig. 6. Bathymetric uncertainty grid map computed for several values of the terrain slope when treating grid cells values based

on bathymetric contour lines and other bathymetric models as if they were derived by interpolation.

can be used to coarsely fill gaps between sparse bathymetric measurements. Gravity anomalies398

measured over the Arctic Ocean can be correlated with the seafloor topography to provide a399

bathymetric evaluation in inaccessible areas. As such, gravity data has been used in IBCAO400

compilation process to check for potentially unmapped features or large offsets specifically in401

regions with sparse bathymetric data [64]. Therefore, it is unrealistic to expect massive vertical402

uncertainties, similar to those shown in Fig. 6, and thus an upper bound can be place. Here, it is403

assumed that the depth error cannot exceed 20% of the depth value of each grid cell. Although404

the resulting uncertainty potentially captures all errors in the IBCAO map, the upper bound of405

40% of the depth is also considered as a worst-case scenario. Fig. 7 compares the two resulting406
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bathymetric uncertainty grid maps, which are generated by propagating errors proportionally to407

the extreme 59◦ terrain slope (hence forming the worst possible scenario for the IBCAO map).

Fig. 7. Comparison between the resulting bathymetric uncertainty grid maps when placing a vertical error bound at 20% or at

40% of depth of each grid cell. Both grids are computed using 59◦ terrain slope and treating grid cells based on bathymetric

contour lines and other bathymetric models as if they were grid cells subject to interpolation.

408

D. Distorting the Arctic Bathymetric Map409

To evaluate the performance of the TAN algorithm under realistic conditions, it is assumed410

that the true terrain of the Arctic Ocean, h̄(x), is represented by the original IBCAO map,411

which remains unknown to the AUV during the simulated crossing. Instead, what is known to412

the vehicle is a terrain model, h(x), which is created by distorting the true terrain map according413

to the developed bathymetric uncertainty model using the following expression:414

h(x) = h̄(x) +m(x), (9)

where the error m(x) for each grid cell is sampled from N
(
0, σ2

m(x)
)

and σm(x) is defined415

by (8). After applying the error to each grid cell, the resulting h(x) passes through a 2D Gaussian416

smoothing filter to remove high discontinuities, a common practice when generating bathymetric417

maps [47].418
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E. Likelihood Function Design419

As discussed in section III-B, the noise in bathymetric observations can be modelled as420

N (0, σ2
ωk

). Exploiting the error independence in the sensors involved, σωk
can be computed421

by:422

σ2
ωk

= σ2
s(rk) + σ2

d(dk) = (K1 · rk)2 + (K2 · dk)2

= (3.3× 10−3 · rk)2 + (10−2 · dk)2,
(10)

where σs(rk) corresponds to the error standard deviation in the measured range and σd(dk)423

represents the uncertainty in the derived operating depth, both varying proportionally to the424

measured quantity [34]. The constants K1 and K2 in (10) are defined empirically using field425

data collected from past experiments using these sensors. The maximum expected error in the426

vehicle’s depth is approximately 0.1% of dk (K1 = 3.3 × 10−3 using the 3-σ rule of thumb),427

while preliminary analysis using data collected from recent deep water (≈ 3000 m) experiments428

in the Celtic Sea (June 2018) suggest that the echo-sounder error can be approximately up to429

3% of the measured range.430

For the bathymetric map, the uncertainty model of the Arctic Ocean given in (8) is utilised.431

The RBPF algorithm uses h(x) to calculate the water depth at each particle location, whist432

h̄(x) is used to generate bathymetric observations along the true vehicle path, which are then433

corrupted by sensor noise samples from N (0, σ2
ωk

).434

The weight of each of the N considered particles, {xi
k, i = 1, ..., N}, is computed using the435

following likelihood function:436

p(zk|xi
k) = α · exp

(
− 1

2σzk

(
zk − h(xi

k)
)2)

, (11)

where α is a normalisation constant and σzk , based on (4), given as:437

σzk =

√
σ2
ωk

+ max

{
σ2
m(x1

k), ..., σ2
m(xN

k )

}
, (12)

where the maximum σm(x) among all particles is used to form the likelihood function. By438

selecting the maximum standard deviation to weight all particles, the RBPF algorithm adopts a439

conservative behaviour dependent on how reliable is the entire region where particles are spread440

out. In the event of traversing regions poorly mapped, this conservative setup will results in441

little trust on bathymetric observations and the filter will mostly perform time updates (particle442

time propagation). For a detailed description of the navigation filter, including mathematical443

formulation and parameters setup, readers are referred to [34], [37].444
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IV. SIMULATION DETAILS445

To evaluate the AUV navigation under the degraded performance of the heading sensors at446

high latitudes and the influence of the water currents, a simulated environment of the Arctic is447

developed in this section.448

A. Arctic Water Circulation449

To simulate the navigation drift caused by the water flow in the Arctic whilst operating mid-450

water column (i.e. far out of the ADCP’s bottom-tracking range), the simulator is integrated with451

the NEMO model of the water circulation in the Arctic. Among other oceanographic parameters,452

NEMO provides a 3D grid of the water currents parametrised by location, depth and time. The453

spatial resolution of 0.083◦ in latitude and longitude is selected, which corresponds to the highest454

available resolution. Fig. 8 shows a random spatio-temporal instance of the water currents in455

the Arctic Ocean provided by the NEMO model at several depths. It can be inferred from this456

figure that currents weaken with depth.457

To simulate therefore an ADCP providing water-relative velocity, the true (demanded) velocity458

vector is offset by the water current vector provided by the NEMO model at the true position459

of the vehicle (after first scaling the current vector by a factor of two to capture cases where460

the model may underestimate the true water speed).461

B. Error Models for Heading Estimation in the Arctic462

To simulate the errors in both heading sensors, models capturing the key sensor-dependent463

error sources are incorporated in the simulator. These error models have been developed in464

previous research and can be found in [33], [34]. The error model for the Octans gyrocompass465

incorporates error sources dependent on the operating latitude (distance from the Geographic466

North Pole) and the positioning error in latitude. This model was developed in conjunction467

with the sensor manufacturer and suggests that satisfactory performance can be obtained up468

to 88◦ latitude [53]. Therefore, the route shown in Fig. 3 keeps the minimum distance from469

the Geographic North Pole over 550 km (corresponding to an operational latitude below 85◦).470

For the magnetic compass, the error model has an identical form, however the error terms in471

the model are significantly scaled causing larger errors as the position error increases and as472

approaching sensor-dependent critical regions (Magnetic North Pole). Therefore, the path shown473
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Fig. 8. A spatio-temporal instance of the water currents in the Arctic Ocean obtained from the NEMO model with respect to

several depth layers (85 m, 500 m, 1000 m, and 1500 m). .

in Fig. 3 approach as close as approximately 500 km to the Magnetic North Pole, whilst trying474

to avoid the flat terrain of the Canada Basin.475

To apply heading errors in simulation, the true heading is deviated by the 3× RMSE computed476

by the heading error model (effectively computing the maximum expected error by the three-477

σ rule of thumb). By applying heading errors this way, heading measurements are constantly478

biased towards a certain direction (east or west) during the entire mission. Although this may479

significantly overestimate the true error governing the heading sensors in the Arctic, it most480

importantly simulates the worst case scenario. Furthermore, a stochastic term (Gaussian noise)481

is also added to each heading measurement to represent potentially unmodelled noises, e.g.482
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variations in the magnetic field because of crustal anomalies and solar storms (although these483

would probably be better described by an error impulse—with a tail over minutes or hours—with484

Poisson occurrence distribution).485

V. CROSSING THE ARCTIC OCEAN WITH ALR1500 AND TERRAIN-AIDED NAVIGATION486

Using the simulated environment developed previously, this section evaluates the performance487

of the TAN algorithm with respect to several factors, such as the vertical bathymetric uncertainty488

in the IBCAO grid map. By varying the value of the maximum considered terrain slope (smax)489

and the upper bathymetric uncertainty bound, five different configurations of the bathymetric490

uncertainty grid map are considered:491

• smax = 5◦ and uncertainty bound at 20% of depth (config.1);492

• smax = 5◦ and uncertainty bound at 40% of depth (config.2);493

• smax = 15◦ and uncertainty bound at 40% of depth (config.3);494

• smax = 30◦ and uncertainty bound at 40% of depth (config.4);495

• smax = 59◦ (calculated maximum) and uncertainty bound at 40% of depth (config.5).496

A set of R = 10 experiments (crossing repetitions) is performed for each configuration of497

bathymetric uncertainty grid map. Each simulation run generates a new terrain model h(x)498

using (9). The navigation algorithm is evaluated in terms of position accuracy and estimation499

uncertainty (refer to Table I for the summary of the key simulation parameters and performance500

measures). Initial experiments assume that ALR1500 uses a magnetic compass for heading501

estimation. If the navigation error exceeds the maximum acceptable error (100 km), it will502

be assumed that TAN has failed. In such an event, new simulation runs will be performed using503

the Octans gyrocompass for heading determination.504

Table II summarizes the simulation results using suitable performance measures described in505

Table I (refer to Salavasidis, et al. [38] for definitions). No divergence is recorded for the first506

three configurations of the bathymetric uncertainty grid map. For the least uncertain configuration507

(config.1), the maximum instantaneous error (max. RMSE) among all simulation runs is 30 km,508

while the error averaged over mission length and all 10 simulation runs (RMSE10) is just509

under 2 km. For config.2, the RMSE10 grows to 4 km whilst the maximum instantaneous error510

among all simulation runs increases to 71 km. Surprisingly, the maximum instantaneous error for511

config.2 is double than the same error for config.3, although in the latter scenario the bathymetric512

uncertainty grid map is constructed using a higher value for the maximum terrain slope. One513
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TABLE I

SIMULATION PARAMETERS & PERFORMANCE MEASURES

number of simulation runs R = 10 (20 in section VI)

number of particles N = 1000

position propagation period ∆t = 1 sec

forward speed 0.6 m/s

operating depth 1000 m (min. distance from bottom 100 m)

sonar measur. repetition rate 60 sec

RMSER RMSE averaged over time and R simulation runs

RMSER
k RMSE at time k averaged over R simulation runs

max. RMSE maximum instantaneous RMSE among R simulation runs

potential explanation could be the relatively small number of simulation runs, which causes this514

discrepancy in the maximum instantaneous error.

TABLE II

TAN PERFORMANCE WHEN USING MAGNETIC COMPASS

- RMSE10 max. RMSE Divergence

config.1 2 km 30 km 0

config.2 4 km 71 km 0

config.3 4 km 36 km 0

config.4 4 km 69 km 1

config.5 4 km 40 km 2

TAN performance measures calculated over 10 simulated crossings of the Arctic for each considered configuration of the

bathymetric uncertainty model when using a magnetic compass for heading estimation. Unsuccessful runs (filter divergence) are

excluded from the calculations.

515

The first three sets of experiences are considered successful as the maximum instantaneous516

error among all simulation runs is under 100 km. Furthermore, Fig. 9 shows the averaged time-517

indexed error (RMSE10
k ), which is the RMSE at k averaged over the all 10 simulation runs, and518

the 3-σ confidence bounds3 for config.2 and config.3 experiments. It is clear that the navigation519

3The uncertainty in position is visualised as if the particles were always distributed following a bi-variate normal distribution

uncorrelated in latitude and longitude, although this assumption may occasionally be invalid (when the state posterior probability

density function is highly multimodal) [37].
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filter never underestimates the error in position as the latter always falls within the uncertainty520

bounds.
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Fig. 9. Navigation error with the corresponding 3-σ bound in the north and east direction over distance travelled for config.2

and config.3. Quantities averaged over 10 simulation runs when using a magnetic compass for heading estimation.

521

Notice also that in the majority of the mission the TAN performance appears to be similar522

for both experiments, except two distinct instances at approximately 2000 km and 2500 km523

of DT. This is where the state posterior probability density function is temporarily bimodal524

(two peaks) causing the increase in the navigation error (as the point estimates fall between525

the two modes). Moreover, while the filter always converge to the true mode, the approximated526

bimodal state posterior density at 2000 km of DT for the config.2 experiments is the reason for527

the—unexpectedly—higher error peak compared to the config.3 experiments.528

By distorting the bathymetric map further (config.4 and config.5), one divergence for config.4529

and two divergences for config.5 are recorded (note that the performance measures reported in530

Table II are calculated after excluding the unsuccessful runs). Therefore, particularly for these531

two configurations of the bathymetric uncertainty grid map a new set of 10 experiments is532

performed whilst using the Octans gyrocompass for heading estimation. Table III summarises533
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the navigation results.

TABLE III

TAN PERFORMANCE WHEN USING GYROCOMPASS

- RMSE10 max. RMSE Divergence

config.4 4 km 91 km 2

config.5 3 km 39 km 2

TAN performance measures calculated over 10 simulated crossings of the Arctic when using the Octans gyrocompass for heading

estimation. Unsuccessful runs (filter divergence) are excluded from the calculations.

534

Despite using the gyrocompass, the TAN algorithm appears to be unable to provide a reliable535

navigation solution as two divergences are recorded for each of the two configurations of the536

uncertainty grid map. To show the effect of the heading sensor on the TAN performance, Figs. 10537

and 11 present the averaged time-indexed error (RMSE10
k ) with the associated estimation538

uncertainty for each heading sensor for the config.4 and config.5 experiments, respectively.539

In the majority of the mission length, the TAN algorithm exhibits similar performance for540

both heading sensors. This implies that the map errors together with the terrain morphology541

are the key factors driving the estimation accuracy of TAN. The performance of the RBPF542

algorithm appears to be significantly decreased in three distinguishable instances, marked as A,543

B, and C in Figs. 10 and 11. Moreover, Fig. 12 shows the exact location of these three instances544

on the bathymetric uncertainty grid map for config.5, together with the path estimated by the545

TAN algorithm (averaged over the successful runs) when using the gyrocompass. Two out of546

all three recorded divergences occurred in C when using a magnetic compass, whereas using547

the gyrocompass three out of all four divergences occurred in B. Also, a single divergence was548

recorded in A for both heading sensor as ALR1500 traverses a large region with high bathymetric549

uncertainty.550

Fig. 13 shown the behaviour of the particle filter at these three particular instances. The551

left-hand side plots, which are marked with a minus superscript, show the causes driving the552

navigation filter to a degraded performance (or even to a divergence), whereas the right-hand side553

plots with a plus superscript refer to the time instance after which the filter recovers and converges554

to the true position (thus the figure represents only successful runs). Plots corresponding to the555

instance A (A− and A+) show the vehicle traversing a large region with high bathymetric556
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Fig. 10. Navigation error with the corresponding 3-σ bound in the north and east direction over distance travelled for config.4.

Quantities averaged over the successful simulation runs when using either a magnetic compass or the Octans gyrocompass for

heading estimation.

uncertainty. Therefore, as the likelihood function flatten to avoid using unreliable bathymetric557

features, the navigation filter is unable to compensate for the drift caused by the errors in the558

motion sensors. This made the filter to diverge one time for each heading sensor for the most559

uncertain configuration of the bathymetric map (config.5). The rest divergences occurred in B560

and in C. Closer examination at these particularly locations revealed that the presence of multiple561

local minima whilst traversing regions with high bathymetric uncertainty cause the navigation562

filter to approximate a multi-modal state posterior probability density function (e.g. see instance563

B− in Fig. 13) . As a result, in five occasions (for both heading sensors) the filter eventually564

performed false convergence without the ability to recover.565

The conjecture that map errors primarily drive the TAN performance can be verified by566

observing Fig. 14. This figure shows an example of the vertical distortion applied to each grid567

cell of the “true” Arctic bathymetric map h̄(x) along the true path of the vehicle in order568

to create h(x), which is subsequently utilised by the TAN algorithm. It appears that the map569
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Fig. 11. Navigation error with the corresponding 3-σ bound in the north and east direction over distance travelled for config.5.

Quantities averaged over the successful simulation runs when using either a magnetic compass or the Octans gyrocompass for

heading estimation.

errors are at the highest level in the three instances (A, B, and C) where TAN experienced570

difficulties to estimate reliably the vehicle’s position. Notice also that map errors for config.4571

and config.5 experiments can sometimes be comparable, despite that the value of the maximum572

terrain slope used for the config.5 experiments is almost double than the one used for the config.4573

experiments. However, when saturating/bounding the map uncertainty based on the depth value574

(see Section III-C2), identical standard deviations may eventually be obtained. Therefore, the575

effect of using high smax is primarily noticeable in the deep part of the ocean (e.g. see Fig. 14576

at approximately 200-500 km and 1800-2500 km of DT).577

VI. IMPROVING TAN PERFORMANCE VIA PATH-PLANNING578

It was postulated in the previous section that the TAN performance can be improved by579

avoiding traversing large regions with high bathymetric uncertainty. This concept has already580

been exploited by generating tracks along areas with rich topographic information [65]–[67].581

However, the results in Section V show that it is not sufficient only to avoid traversing featureless582
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Fig. 12. The true AUV path and the one estimated by the TAN algorithm (averaged over the successful runs) for config.5

when using the Octans gyrocompass. Three locations, marked with A, B and C, where the filter experienced at least a single

divergence among all simulation runs, either when using a magnetic compass or the gyrocompass.

terrains, such as the Canada Basin [49], when using coarse bathymetric maps. In addition to the583

terrain morphology, the bathymetric uncertainty must be considered.584

Therefore, a new path for the ALR1500 is designed using an RRT∗ algorithm [48], which is585

specifically developed for the Arctic crossing experiments using the IBCAO bathymetric map586

and corresponding bathymetric uncertainty model given in (8), as well as the motion and sensor587

characteristics of the ALR1500. The path is optimised primarily to abstain large regions with high588

bathymetric uncertainty and secondarily to avoid traversing low-informative terrains, keeping589

distance from heading sensor-dependent critical zones, and minimising the total mission length.590

However, these are all parameters of the cost function used by the RRT∗ algorithm and can be591

re-weighted according to the needs. Further details about this algorithm will not be provided592
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Fig. 13. The behaviour of the RBPF algorithm at locations where TAN experienced reduced performance (or even estimation

divergence). Plots marked with a minus superscript (left-hand side) show the causes for the filter’s low performance. Plots with a

plus superscript (right-hand side) refer to the time-instance during successful simulation runs where the filter eventually recovers

and convergences to the true position (in C+ plot all particles are under the true vehicle position).
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Fig. 14. An example of the vertical map error (distortion) applied to the “true” Arctic bathymetric map along the true path of

the vehicle for config.4 and config.5.

here, as the general path-planning concept is out of the scope of this work.593

Fig. 15 presents the optimised path. Two insets to this figure show that the new path tries to594

bypass extended regions with high bathymetric uncertainty by guiding the vehicle towards grid595

cells for which the depth values are primarily computed using sonar data (e.g. following potential596

ship track-lines). Also, Fig. 16 compares the vertical bathymetric uncertainty along the initial597

path and the optimised one. It is worth to highlight that the new path is by no means an optimal598

one, but rather an output example of the RRT∗ algorithm based on the optimisation criteria599

discussed previously. Because of this optimisation setup, the new path inevitably approaches600

closer to the Magnetic North Pole and the total mission range increases to approximately 3700601

km (although range reduction can still be made given that the mission begins in open ocean far602

from areas expected to be covered by ice).603

Using the optimised path, a new set of R = 20 crossing repetitions is performed for config.5604

and each heading sensor. Simulation results are summarised in Table IV.605

No filter divergence is recorded during the new experiments, regardless which heading sensor is606

used. Furthermore, the performance measures calculated show that the use of the gyrocompass607

improves the TAN estimation accuracy. However, the most important observation is that the608

navigation filter does not experience high error peaks, as it does for the experiments using the609
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Fig. 15. An optimised path for crossing the Arctic using TAN. The path is generated by an RRT∗ algorithm configured primarily

to abstain large regions with high bathymetric uncertainty.

TABLE IV

TAN PERFORMANCE GIVEN AN OPTIMISED PATH

-
Magnetic Compass Gyrocompass

DR TAN DR TAN

RMSE20 792 km 4 km 181 km 3 km

max. RMSE 2958 km 28 km 605 km 27 km

Divergence - 0 - 0

TAN performance measures calculated over 20 simulated crossings of the Arctic for config.5 whilst using either a magnetic

compass or the Octans gyrocompass for heading estimation. The true AUV path is optimised using the RRT∗ algorithm.
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Fig. 16. Vertical bathymetric uncertainty along the initial path (non-optimised) and the path computed using the RRT∗

optimisation algorithm.

non-optimised path. The error averaged over mission length and all 20 simulation runs, RMSE20,610

is 3 km when using the gyrocompass and 4 km when using the magnetic compass, whist the611

error peaks (max. RMSE) among all simulation runs are 27 km and 28 km for the gyrocompass612

and magnetic compass, respectively.613

Fig. 17 shows the averaged time-indexed error RMSE20
k and the associated uncertainty for614

both heading sensors. It appears that the filter is relatively uncertainty at 2700 km of DT,615

however this does not result in high estimation error as the state posterior density function616

remains approximately unimodal. The estimated average path of the vehicle for each heading617

sensor is visualised in Fig. 18. As expected, the DR navigation experiences large positioning618

error at the end of the mission. This is mainly due to the errors in heading, as they are modelled619

in a way to provide an estimate of the upper error bound for the DR navigation (hence the620

extreme DR error).621

VII. CONCLUSION AND FUTURE WORK622

Many of the current challenges in ocean science focus on biogeochemical processes taking623

place in remote and hazardous environments. While long-range AUVs have been developed624
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Fig. 17. Navigation error with the corresponding 3-σ bound in the north and east direction over distance travelled for config.5

when optimising the true AUV path using the RRT∗ algorithm. Quantities averaged over 20 simulation runs when using either

a magnetic compass or the Octans gyrocompass for heading estimation.

offering unparalleled opportunities for multi-month continuous data-collection in previously625

inaccessible areas, the presently weak underwater navigation challenges the feasibility of626

undertaking missions of the order of months in GPS-denied environments.627

In response, this work examines whether TAN techniques can be used to prolong underwater628

missions, without the need for external support or regular surfacing, whilst relying on a small629

number of low-power sensors and sparse bathymetric maps. In particular, the ALR1500 was630

assumed to undertake a science-driven mission of a continuous mid-water survey from Svalbard631

to Point Barrow under the Arctic sea ice—a range in excess of 3200 km. To evaluate the632

navigation performance, a simulated environment of the Arctic Ocean was developed which633

integrates error models for heading estimation at high latitudes, a state-of-the-art model of ocean634

circulation, and the Arctic bathymetry.635

To take into consideration that large areas in the bathymetric map of the Arctic Ocean are636

subjected to interpolation, a bathymetric uncertainty grid map was developed which assigns a637
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degree of reliance to each grid cells of the bathymetric map. The uncertainty for depth values638

derived from sonar measurements was calculated using statistics reported from historical deep639

water sonar measurements. For grid cells subject to interpolation, uncertainties were calculated640

proportionally to the cell’s distance from the closest reliable grid cell (i.e. a cell with depth value641

derived from sonar measurements). This uncertainty model effectively penalises regions where642

the map is constructed using interpolation.643

To obtain bathymetric observations in the deep Arctic, the NOC’s 4000 m range single-beam644

echo-sounder was configured at one-minute pinging period (for maximum energy conservation)645

and used. The performance of the TAN algorithm was examined with respect to the employed646

heading sensor and a range of vertical distortions applied to the reference map, which were647

calculated according to the bathymetric uncertainty model developed for the Arctic bathymetric648

map. This effectively simulates the bathymetric conditions that the TAN algorithm is likely to649

be facing when using coarse bathymetric maps.650

Using the simulated environment of the Arctic, an unaided navigation solution inevitably651

experienced an error of hundreds of kilometres which is, however, dependent on the employed652

heading sensor, whereas TAN provided acceptable positioning accuracy given a moderate map653

distortion. By degrading the quality of the bathymetric map further, it appears that TAN can fail654

when operating in large areas with high bathymetric uncertainty. Therefore, an RRT∗ algorithm655

was used to design a new path such that the AUV traverses reliable and rich in topographic656

information regions. Numerical experiments show that using the optimised AUV path it is657

possible to enable safe transit, despite heavily distorting the reference map.658

Future work will focus on further improving the NOC’s navigation system by integrating other659

geophysical quantities (e.g. geomagnetic [54] and gravity information [68]) and/or oceanographic660

parameters [69] as navigation references. Furthermore, a future aim is to uses the heading sensors661

in combination. For example, the gyrocompass can be used as a reference to correct the magnetic662

compass for short periods of time, or can be switched off for energy conservation when the663

magnetic compass is reliable enough. The deviation between the heading sensors may also turn,664

in certain circumstances, into a useful navigational source of information relative to magnetic665

declination maps. A future goal is also to develop terrain uncertainty models that takes into666

account terrain dependencies, as well as investigating the feasibility of using more complex667

interpolation techniques in real-time (e.g. instead of using bi-linear interpolation [38]). Towards668

this direction, geostatistical models may turn to be very useful (e.g. Kriging methods that use669
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variogram models and Gaussian process models).670
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