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Abstract—Communications play a key role in collaborative
navigation algorithms. A better understanding of the ability to
send and receive messages permits greater navigational flexibility
and system robustness. This paper focuses on the building of
an underwater acoustic communications map for collaborative
navigation. The emphasis is in two areas - a local and global
communications map. The local communications is defined with
respect to a single destination reference point. Using a sample
set of a priori signal to noise ratio acoustic modem data, Kriging
techniques are used to create mean and variance map estimates.
The global communications map is a compendium of local
maps and is defined within a bounded survey space. Bayesian
Inferencing is used for building the global map. It is based
on REML parameter estimation of an anisotropic covariance
function. The paper analyzes acoustic communication signal to
noise datasets recently collected in Monterey Harbor, Monterey,
CA and is used to demonstrate the above-described techniques.

I. INTRODUCTION

Understanding the communication landscape of the operat-
ing environment can provide significant benefits for unmanned
systems. This is especially true in cluttered, dynamic areas.
Error bound analysis on collaborative navigation algorithms
assume full network connectivity over a fixed time frame.
A better understanding of the ability to communicate may
increase this limited time frame which would result in (1)
a more robust and effective system, (2) increased navigational
flexibility (3) and improved energy efficiency.

For the underwater domain, there are a variety of appli-
cations where it is necessary to conduct a three-dimensional
bathymetric survey of restricted waterway areas such as har-
bors, canals and rivers. While this may be accomplished by
other means, a fleet of Autonomous Underwater Vehicles
(AUVs) is a potentially better solution since the vehicles have
greater access to survey the region.

For this to be accomplished, there are several hurdles to
overcome. One is to maintain navigational accuracy for all
AUVs so that the need for surface GPS position fixes is mini-
mized. This can be achieved with a multi-AUV Simultaneous
Localization and Mapping (SLAM) approach. A key to our
approach is a partition of the survey space where each vehicle
is responsible for a sub-region. In determining the partitions it
makes sense to account for the feature and communication
landscape, since these are the two critical components to
bound navigational errors. This paper focuses on building of
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Fig. 1. The location of the acoustic modem SNR datasets, Monterey
Harbor, Monterey CA.

an underwater acoustic communications map for collaborative
navigation. Specifically local and global communications maps
are defined and techniques are described for building the maps.

The Local Communications Map (LCM) is a measure of
signal strength relative to a single fixed destination point, so
that at each discrete position within a designated maximum
range, there exists a signal to noise ratio (SNR) mean and
variance estimate. Variogram analysis and Kriging techniques
are employed to build the LCM. These techniques are espe-
cially appropriate for post-mission processing.

The Global Communications Map (GCM) provides an esti-
mate of the ability to communicate between any two positions
in the bounded survey region. The GCM is a compendium of
LCMs such that at each position (at a designated resolution)
there is an overall scalar measure of the ability to communicate



and the uncertainty associated with the measurement. This is
defined as the integral (over a bounded area) of the LCM mean
estimate. It is demonstrated that the ability to communicate in
a cluttered environment is not radially uniform and that the
data is highly variable, (i.e. anisotropic). So, in addition to
the scalar measurement that summarizes an overall ability to
communicate from a position, there is a limited number of
vector measurements indicating the ability to communicate
along a particular bearing. Bayesian inference techniques
are used to predict each random field based on estimated
parameters of an anisotropic Matérn covariance function at
all desired map positions.

In terms of contributions, this is the first known formulation
of a global communication map for collaborative navigation.
Second, this is the first known research into building a global
communications map for collaborative undersea navigation.
Third, the data collected represents the first known significant
acoustic data collected in a noisy, cluttered, shallow water
environment.

The paper is organized as follows: Section 2 describes
related work. Section 3 defines and discusses the Local Com-
munication Map. Section 4 summarizes the acoustic modem
datasets and the LCMs built from these datasets. Section 5
defines and discusses the Global Communication Map. Section
6 presents a second series of acoustic modem datasets and
the GCM from these datasets. Section 6 provides concluding
remarks.

II. RELATED WORK
A. Undersea Acoustic Communication

Undersea acoustic communication is characterized by low
data rates, low link quality and high bit rate errors. In part, this
is due to challenges of the ocean environment which include
temperature and depth variability, surface waves and differing
bottom types. An overview of undersea wireless networks
include [1] and [2]. A summary of undersea localization tech-
niques is available by Erol-Kantarci [3]. Another recent work
in decentralized estimation for multiple underwater vehicles is
documented in [4].

B. Kriging

Kriging is a well-established technique for estimating a
spatial random field through a discrete number of measure-
ments [5], [6]. Typically this is used in geo-statistics but it
has recently been used for estimating signal-to-noise ratios
in wireless radio networks [7]. The main advantage of the
technique is that it can be used for interpolation to infer an
ability to communicate at a specific location of interest. This
includes a mean and variance prediction. Bayesian Kriging
uses inferencing for estimation. It is superior to standard
Kriging techniques when there is prior information available
about the spatial covariance structure.

C. WiFi Localization

Wifi Localization is a related field where the goal is to
determine the physical location of a mobile device from its

wireless signal strengths [3]. Ferris et al [8], [9] have used a
Gaussian Process Latent Variable Model in combination with
a novel WiFi-SLAM technique for building wireless signal
strength maps. The technique used by Ferris is conceptually
similar to the one used in this paper for building LCMs
(Kriging is identical to Gaussian Process Models when there
is no prior knowledge of the covariance parameters).

III. THE LocAL COMMUNICATION MAP

For some situations one may be interested in understanding
the SNR relative to a fixed position. An example might be
determining how to optimally deploy a number of anchored
acoustic modems which serve as the basis for a Undersea
Acoustic Network. It is assumed there are a priori SNR
measurements that relative to a single fixed position. The
objective is to predict the SNR mean and variance, between
the fixed reference point and all desired positions of interest,
taking into account the spatial relationship of the data.

A. Definition

The Local Communication Map (£2g) is a topological
surface of a bounded survey space (£2) in R? such that
Qo C Q. Within (Qg) there exists a unique point (x.) that
is the fixed communication node’s position. Relative to x. we
seek SNR mean and variance estimates for a discrete number
of points within (£2). This corresponds to the map resolution
where each point (x1,1 - - - Xn,m) is the centroid of the region.

B. Kriging

The bounded survey space (£2o) is represented as a Random
Field Z in R?. A model for the random field is

Z(x) = _Zf(xi)ﬁ@- +e(x) (1)

where f(x;) is a known spatial function, 5 is a vector of
unknown coefficients and € is a mean zero random field with
known covariance structure cov(Z(x;), Z(x;)) = Ko(xi,X;),
where 0 is a vector of covariance parameters. The Kriging
predictor is the best linear unbiased predictor of the form
Z(x0) = A(0)Z, where Z(xo) is the mean SNR prediction at
the points of interest (xo), (@) are the Kriging weights (based
on covariance parameters 8 and Z are the SNR measurements.

There are five steps associated with Kriging: data transfor-
mation, variogram analysis, solving a linear system of equa-
tions for A, calculating the mean prediction, and calculating
the variance.

1) Data transformation: For most problems in geostatistics,
a Euclidean distance metric is used for determining the spatial
relationship. For building a LCM in an undersea environment
we use a slightly different approach. This can be illustrate
through two simple examples. In a deep ocean environment,
along a flat bottom, the SNR may degrade uniformly over
increasing distance relative to a fixed reference point. The
result is that the SNR measurements may be highly correlated
even if the Euclidean distance metric showed the points
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Fig. 2. Example of an acoustic modem SNR measurements empirical
semi-variogram (in red) with a best fit spherical model (in blue)

were far apart. In a cluttered, shallow water environment, the
SNR can degrade non-uniformly over increasing distance. In
other words, the data is anisotropic. To determine the spatial
relationship of SNR data, it is necessary to consider both range
and bearing in relation to the fixed node. In both cases, a
Euclidean metric is an insufficient distance metric. To compare
two SNR measurements requires a transformation into range
(r) and bearing () such that [r, )] = s(x1,X2) where,

r [P = xef[ 4 [Ixz2 = xc|]
{ W } T | atan2(x; — x.) — atan2(xa — X.) @

2) Variogram Analysis: Variogram analysis determines the
spatial relationship between data at different distances. There
are two steps: The building of the empirical variogram and the
modeling of the data with a parametric equation. The empirical
semi-variogram (\*(h)) is a defined as:

1

2 () = 3

> 2(x) - Z(x+h)P, 3)

N (h)

With an anisotropic assumption variogram analysis is per-
formed on a subset of the data that corresponds to a various
distances within a bearing window. The second step is to
define a function which fits the semi-variogram. The function
is critical since it is used to solve the system of linear equations
to produce an estimate for \. Common isotropic model choices
include Linear, Spherical, Exponential and Gaussian. Figure 2
shows an example of a semi-variogram with a best-fit spherical
model (in blue).

3) Solving the System of Linear Equations: Given measure-
ments {Z(x1), Z(X2), ..., Z(Xy)} of the spatial random field
Z at locations X1, Xo, . .., X,, the Kriging interpolator at point
Xg is defined as:

Z(x0) = Z NiZ(x;) )

such that Z(-), is an estimator function for Qo((z)) where

the expected error is zero E[Z(xg) — Z(x0)] = 0, and \;

Destination | Number of SNR measurements
D1 1113
Do 1298
D3 1275
Dy 948
Ds 1274

TABLE I
SNR MEASUREMENTS TO EACH DESTINATION (AUGUST 2011 )

are weights that sum to one (3.7, A\; = 1). The optimal
weights can be calculated from the following system of linear
equations.

K(s(x1,%x1)) K(s(x1,%n)) A1
K(s(xn,Xq;)) K(s(Xn,%n)) An
1 1 m

K(s(x1,%0))

K(5(xn, %0))

The function s(x;,x;) is the distance metric (equation 2)
between points x; and x; and the K function calculates the
covariance based on the selected variogram model. Once the
weights A, ..., A\, and Lagrange multiplier p are calculated,
the variance for the ordinary Kriging model is given by:

o? = K(0) — Z MK (xi —X) — )

IV. LCM RESULTS
A. Data collection

The acoustic modem datasets used to build the LCMs
were collected in Monterey Harbor, Monterey, CA in August
2011 (Figure 1). The underwater acoustic modem used was
the Woods Hole Oceanographic Institution (WHOI) Micro-
Modem [10]. The system was configured at a nominal
27kHz with a set baud rate of 19.2 Kbps. There were two
modems providing single-way communication estimates. An
RF-Acoustic gateway buoy was positioned successively at five
fixed positions (D1, Do, D3, D4, D5) shown in Figure 3. This
was the destination of the modem transmissions. A second
mobile micro-modem was deployed from a small support craft
maneuvering around the harbor. This was the source of the
transmissions. Table 1 provides the number of acoustic modem
transmissions for each destination.

Figures 4 and 5 show the mean and variance Kriging
interpolation results on the SNR datasets with a map resolution
set to 10 meters (D4 has a 4 meter map resolution). Note that
the measurements don’t degrade uniformly as a function of
distance. The D, dataset shows the degradation of the SNR
Measurements with the pier occluding a direct transmission
path when compared with measurements at approximately



Fig. 3.

The five acoustic modem data sets collected in Monterey Harbor, CA in August 2011. Each data set consists of Signal to Noise Ratio

(SNR) measurements from the surface boat as the source of the transmission to the destination (D1 to Ds).

Fig. 4.
destination.

Fig. 5.
to the destination.

equal radial distances from the reference node at a roughly
30 degree bearing. This view is expanded in Figure 6.

Clearly, when estimating at point Z(x), selecting data that
has both a direct transmission path and an occluded path would
result in an inaccurate estimate (this is represented by the
circle in Figure 6). This highlights a strength of the Kriging
technique - given a priori measurements one can be deliberate
with determining a semi-variogram model that is appropriate
for the data. It can handle the anisotropic nature of the data by
being selective about the points to build the empirical semi-

The Local Communication Map for the reference points (D1 to Ds). The colors in the map represents a mean SNR prediction to the

The Local Communication Map for the reference points (D1 to Ds). The colors in the map represents variance of the SNR prediction

variogram. The mean SNR LCM also demonstrates a potential
strength of the approach in that acoustic communications
between the fixed node and position x are degraded but still
possible through the pier and this would be difficult to predict
ahead of time.

Second, in the Ds dataset, the Kriging techniques predict a
strong SNR to the south. This is a poor estimate since there is
a solid concrete wall between the inner and outer harbor that
prevents acoustic communications. The estimate was based on
a small number of measurements taken to the south of the



Fig. 6. The expanded view of the D4 acoustic modem SNR dataset.
It highlights the difficulties in building an empirical semivariogram
given the anisotropic nature of the data. In estimating the SNR at
point x (Z(x)) using a range limited nearest search would produce
an inaccurate mean estimate.

fixed buoy. In the D5 variance map it can be seen that the
mean estimate has a high level of uncertainty in that southern
area. As one might expect, the variance increases in the areas
without measurements available. It suggests that these maps
would be useful for determining where to sample to improve
the mean SNR map.

There are several limitations that need to be addressed for
a collaborative navigation implementation. First, the Kriging
technique assumes complete a priori SNR measurements. In
many circumstances this may not be available. Second, it
is necessary to take the inverse of the covariance matrix
(equation 5) to solve for A\. If A becomes large this could
be computational expensive. Third, LCM provides an estimate
from a single reference point, computing the LCM from each
desired point would be inefficient.

V. THE GLOBAL COMMUNICATION MAP (GCM)

The GCM is meant to address some of the issues previously
stated. We seek a map representation of the communication
landscape such that any AUV in the environment can de-
termine where to communicate to improve the probability
of successfully communicating to another AUV. This could
also be used to determine where acoustic transmission is
necessary to gain better map accuracy and resolution. Finally
we seek calculations that are computationally efficient in the
incremental building of the GCM.

A. GCM Definition

Consistent with the LCM, we define the GCM such that
there exists a bounded survey space € in R? where we
partition €2 into a lattice (where 2 = U} 7"

i,j:lQnm) and from the
center of each grid cell 2¢,, we seek to predict the mean and

variance of the random field Z,,,,(x). Each cell in the lattice
has (1) an scalar estimate of the overall ability to communi-
cate omnidirectionally and (2) a discrete number of vectors
which estimate the ability to directionally communicate over
increasing distances within a defined bearing window. This
models the potential anisotropic behavior of the random field.
The scalar estimate is mathematically defined as follows:

R
Qnm (X) :/ Znm (x)dx 5)

where R is a defined maximum range. The bearing vectors
provide SNR predictions and are defined with the parameters
1 from 1,...,v that defines an area of coverage (e.g. Y1 =
0 to 30 degrees and Uj_;%; = 27 ) and a fixed number of
increasing ranges g, ..., 7.

Qxc-.ﬁxblv = {an(T07 w)v an(rlv w)a R} Z’nm(r’lm w)} (6)

and the parameter ¢ from 1,... v that defines an area of
coverage (e.g. 11 = 0 to 30 degrees) and rg,...,r, are the
fixed number of increasing ranges.

With the LCM, Kriging doesn’t take into consideration the
uncertainty associated with the covariance function. For the
GCM, we look to explicitly take this into account by intro-
ducing a Bayesian intrepretation. This is known as Bayesian
Kriging [11]. We are interested in predictive estimate of the
marginal posterior pdf (p(Z(qo)|Z))) such that

p(Z(q0)|Z) = / p(Z10)p(6]2)d6 ™

where the first probability on the right hand side of the
equation is obtaining the measurements given covariance
parameters 6. The second term (p(0|Z)) is the probability
of the parameters given the measurements. While there are
approximations for the right-hand side of equation 5, it re-
quires significant numerical computation. Instead inference is
accomplished through estimation of the covariance parameters
6 such that

p(Z(20)10, Z) o< N(Zy (o), V) ®

where N is the normal distribution and Z(z) is equal to
Z(w0) = koK, ' Z + by K 3(6) ©)

where ky = Kp(xo,x;) is the covariance between the

desired estimation points and the measurements and by =
—1 . . .

f(x0)—F'K kg with F' = { f;(2;) }naq consistent with [12].

V, = Kp(x0,%0) — kK, 'k + bp(F' K, ' F)by  (10)



Destination | Number of SNR measurements
D1 1851
Do 1535
D3 1023
Dy 950
Ds 1141

TABLE II
SNR MEASUREMENTS TO EACH DESTINATION (JULY 2012 )

Estimation of the covariance parameters is normally ac-
complished through maximum likelihood estimation (MLE)
methods. In this case Restricted maximum likelihood estima-
tion (REML) was used since MLE tends to underestimate the
variation in the process [6].

In summary, to build the GCM, Bayesian inferencing is used
to predict random fields Z; 1, ..., Z, ., according to a desired
map resolution. In order to do so REML was used to estimate
the covariance function parameters 6. The next step is the
selection of a covariance function. The function should be
flexible enough to provide a reasonable representation of the
SNR measurements.

B. The Matérn class of correlation functions

The Matérn class of correlation functions has been identified
as an appropriate function for spatial processes [6]. The
equation is given by:

1/2 1/2
pls; B,v) = Zy_fr(y)(”g 5>HV<2”§ 5) (11

where s is the distance metric between observations and
H,, is the modified Bessel function of the third kind of order
v. There are two function parameters, a range parameter £ =
20'/2¢ and a smoothness parameter v > 0. The larger the
values of v correspond to a smoother spatial process [13].
While there are other parameterizations of the Matérn class
this is attractive since ¢ is approximately independent of v.

The Matérn Model is isotropic. The SNR measurements in
cluttered environments have been shown to be anisotropic.
It is possible to transform the Matérn Model to handle
anisotropic conditions through a linear transformation of the
spatial coordinates. It introduces two additional parameters
0 and « such that the correlation function is of the form
p(s(x1,%2,d, ), B,v). a is an anisotropic rotation angle and
0 is a scaling parameter. This is important since the derivative
of the anisotropic Matérn correlation function is necessary for
the REML estimation of the model parameters. More details
are available in [14].

VI. RESULTS

A second acoustic modem dataset was collected in Monterey
Harbor in July 2012. The same destination locations were
used for the gateway buoy. This time the surface boat initiated
transmission of acoustic messages at positions that more fully
covered the outer harbor in a lattice pattern. Table 2 provides

Fig. 7. This is one example of the datasets collected in July 2012. The
source of the modem transmissions is a surface boat maneuvering in
the outer harbor. The destination is the fixed node D+ .
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Fig. 8. The GCM produced from the July 2012 dataset. The map
resolution is 25 meters square.

the number of measurements for each of the destinations points
(D; to Ds). Figure 7 gives an example of the measurements
and positions for one of the five datasets. Figure 8 shows the
the results of the GCM taking into consideration all 5 data sets.
One of the benefits of the methodology is that measurements
can be used in the estimation of more than one random field;
this greatly reduces the sampling requirement to accurately
build the GCM.

VII. CONCLUSION

This paper introduced the concept of undersea acoustic com-
munication maps. The maps can be used in conjunction with
navigation strategies for determining how to position vehicles
for collaborative tasks. Kriging techniques were used with
a priori SNR measurements to produce mean and variance es-
timates relative to a fixed node. Bayesian inference techniques



were used to produce a more general map for estimating SNR
between any two points in the survey region. The strength
of the GCM approach is that it can be accomplished in an
incremental fashion without prior knowledge of measurements
and that each SNR measurement can be potentially used
for estimating several random fields. One limitation is that
Bayesian inference approach to estimate the random field uses
only the SNR measurements. There are additional parameters
that strongly influence acoustic communications, these include
temperature and water depth. Future implementations may
have stronger predictive value by considering these additional
parameters. Future work will also include combining the com-
munication map estimation techniques in a unifying SLAM
framework.
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