2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

October 14-18, 2024. Abu Dhabi, UAE

Prediction of Acoustic Communication Performance for AUVs using
Gaussian Process Classification

Yifei Gao, Harun Yetkin, McMahon James, Daniel J. Stilwell

Abstract— Cooperating autonomous underwater vehicles
(AUVs) often rely on acoustic communication to coordinate
their actions effectively. However, the reliability of underwater
acoustic communication decreases as the communication range
between vehicles increases. Consequently, teams of cooperating
AUVs typically make conservative assumptions about the maxi-
mum range at which they can communicate reliably. To address
this limitation, we propose a novel approach that involves learn-
ing a map representing the probability of successful communi-
cation based on the locations of the transmitting and receiving
vehicles. This probabilistic communication map accounts for
factors such as the range between vehicles, environmental noise,
and multi-path effects at a given location. In pursuit of this
goal, we investigate the application of Gaussian process binary
classification to generate the desired communication map. We
specialize existing results to this specific binary classification
problem and explore methods to incorporate uncertainty in
vehicle location into the mapping process. Furthermore, we
compare the prediction performance of the probability commu-
nication map generated using binary classification with that of a
signal-to-noise ratio (SNR) communication map generated using
Gaussian process regression. Qur approach is experimentally
validated using communication and navigation data collected
during trials with a pair of Virginia Tech 690 AUVs.

I. INTRODUCTION

Teams of cooperating autonomous underwater vehicles
(AUVs) typically use acoustic communication to coordinate
their actions. Underwater acoustic communication is char-
acterized by high bit-error rates due to numerous practical
challenges, including multi-path, environmental noise, etc
[1], [2]. This poses a challenge for teams of AUVs that
must plan future communication events in order to coordinate
future actions. One solution is to assume that communication
is deterministic but range-limited, see [3], [4] among many
others. When applied to the unreliable underwater acoustic
communication channel, however, the assumption that com-
munication events are almost always successful may hold
only if the communication range is conservatively small,
which limits its use in real-world applications. In contrast,
we seek methods of predicting acoustic communication
performance that are less conservative and that represent its
fundamentally stochastic behavior. Rather than assuming that
communication is always successful so long as the range is
conservatively short, we seek methods that predict a high
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probability of communication success in some locations and
at certain ranges, and a lower probability of success at other
locations and at longer ranges.

Predicting acoustic communication performance is a topic
that has received limited attention in the literature. The
authors in [2], [5]-[8] employ Gaussian processes to predict
received signal strength (RSS) for evaluating communication
performance. In our prior work [9], [10], we modeled the
signal-to-noise ratio (SNR) of successful acoustic commu-
nication events using a Gaussian process (GP). However,
we note that RSS or SNR do not explicitly address the
probability of one vehicle successfully communicating with
another vehicle. Indeed, one needs to select a threshold above
which the value SNR or RSS corresponds to a successful
communication event. On the other hand, in this paper,
we seek to explicitly address the probability of success-
ful communication. We intuitively model the probability
of successful communication with the corresponding suc-
cessful and unsuccessful communication events using GP
classification, and we evaluate the benefit of this intuition
by directly comparing against models generated from SNR
using GP regression. To the best of our knowledge, this is
the first study that seeks to model acoustic communication
performance with a GP classifier.

Our approach is data-driven. A team of AUVs use occur-
rences of successful and unsuccessful communication events
to compute a map of communication performance. The map
is a Gaussian process binary classification of communication
success that is used to predict the probability of commu-
nication success between an AUV at one location and an
AUV at another location. At the beginning of a mission,
the AUVs may assume a simple range-dependent prior. As
data on communication performance is acquired during the
mission, the communication performance map evolves, and
the AUVs generate less conservative and more accurate
communication performance predictions when planning their
actions. Several Virginia Tech 690 AUVs, which were used
for our experiments, are shown in Figure 1

In work where RSS or SNR is modelled using GP regres-
sion, unsuccessful communication events are not explicitly
addressed. Any communication event that results in an SNR
or RSS value reported by the acoustic modem can be used for
GP regression. In contrast, modeling communication success
directly using GP classification requires that unsuccessful
communication events are explicitly accounted for. The main
challenge of accounting for unsuccessful communication
events is that the location of a transmitting node is uncertain.
That is, if a receiving node anticipates the arrival of a data
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Fig. 1: Virginia Tech 690 AUVs

packet from the transmitting node, but it does not arrive, then
the receiving node has an uncertain estimate of the location
of the transmitting node, which grows with each consecutive
unsuccessful communication event. Hence, in this work, we
also evaluate the benefit of accounting for input location
uncertainty in the communication events when computing a
GP classification. We also evaluate the case where location
uncertainty is initially unknown but is learned from the data.
Gaussian process classification is used to solve remote
sensing image classification for large data streams [11] and
perform collision checking in the robot motion planning
[12], among many other examples. In these specific studies,
the location of the data is often assumed to be known. On
the contrary, Gaussian process classification with uncertain
inputs is rarely addressed in the literature [13]. There are
several methods that address the case of classification with
uncertain inputs such as those proposed by [14], [15] and
[16]. However, these approaches do not employ Gaussian
process classification since we believe one of the primary
challenges with Gaussian process classification is the ana-
Iytical inconvenience on its logit likelihood function. Our
proposed sparse classification methods are built upon the
previous work on multi-class Gaussian process classification
with noisy inputs (NIMGPC) in [13], which accounts for
multi-class classification using Gaussian processes along
with noisy uncertain transmitter locations, and upon [17]
which addresses sparse Gaussian process classification in
the variational distribution setting. NIMGPC admits a sparse
Gaussian process, which is used for large amounts of data.
In our case, a sparse GP is useful because of the very
low bandwidth acoustic communication channel available
underwater. Sharing a small number of inducing points for
the sparse GP may be possible, while sharing data of the full
GP would be prohibitively difficult in real-time [18].
The main contributions of this work are

« We provide a novel data-driven approach to predict the

probability of communication of success suitable for
underwater acoustic communication even in the case
where the location of the transmitting node is uncertain,
as in the case of AUVs. Moreover, our approach ex-
plicitly accounts for unsuccessful communication events
and the uncertainty in transmitter location that arises
when a communication event is unsuccessful.

« We show empirically that GP classification outperforms
GP regression on communication data acquired using
the Virginia Tech 690 AUVs.

e« We show that accounting for the uncertainty in the
location of the transmitter vehicle further improves
the results for AUV communication performance over
general sparse Gaussian process classification.

This work does not seek to specifically address decentral-
ized GP classification for modelling acoustic communication
performance. Rather, we seek to authoritatively evaluate GP
classification performance for teams of underwater robots.
Follow-on work will explicitly address the additional chal-
lenges of decentralized classification among a team of un-
derwater robots.

The remainder of this paper is as follows. In Section II,
we give a brief review of Gaussian process, sparse Gaussian
processes and Gaussian process binary classification. In
Section III, we address the problem formulation for noisy
input sparse Gaussian process binary classification and derive
the evidence lower bound of neural network method mod-
ified from the NIMGPC framework to address transmitter
location uncertainty. In Section IV, we use communication
data acquired from experiments with Virginia Tech 690
AUVs to compare prediction performance between Gaussian
process regression methods based on SNR measurements and
proposed Gaussian process classification methods.

II. PRELIMINARIES

In this section, we briefly review mathematical background
of Gaussian process, binary classification and sparse Gaus-
sian process. For additional details, please refer to [17], [19]-
[21].

A. Gaussian Process Regression

In the standard Gaussian process regression, we consider
learning a function f : RY — R from measurement pairs
{X,y} where X = [xq,...,xy]7 and y = [y1,...,yn]T. We
have each measurement y = f(x) + € which x € X C R?
and € ~ N(0,0%) is the measurement noise. We assume
that the latent function f is a Gaussian process denoted by
GP(un(x),kn(x,x")) where f denotes the mean function
and £ : X x X — R is a kernel function. Given a prior
mean and kernel functions GP(uo(.),ko(.)) and acquired
data {X,y}, GP regression generates a mean and covariance
function

i () = k(x)T (K + 0%1) 1y
kn(x,x) = ko(x,x') — k(x)T (K + o) 'k(x')
(

where k(x) € RY, K € RV*N | [k(x)]; = ko(x,x;) for any
x; € X, [K];; = ko(x;,X;) and x,x" € X.

(1)
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B. Sparse Gaussian Process

The cost of computing the posterior distribution
p(f«|y,Xx) in (6) is O(N?3) which results from inverting the
kernel matrix K. Sparse Gaussian process proposed in [19]
reduces the computational cost to O(M3) where M < N
is the number of inducing points. We denote the inducing
points as Z = [z, ...,ZM]T where each z; has same input
dimension d. Accordingrly, the inducing output vector is
f, = [fs(zl)a ey fs(ZM)] , and

p(flfs) = N (FKx zK7 7f, Kx x — Kx zK; 7K ) ()

where Kx 7 is an IV x M covariance matrix and Kz 7 is an
M x M covariance matrix. In the variational distribution set-
ting, we propose variational distribution ¢(fs) = N (p,, X5).
Parameters g, and 3 are found during the learning process
which is addressed in Section III. We assume joint variational
distribution ¢(f,f;) = p(f|fs)q(fs). Then, the distribution
p(fly) is approximated as in [13] and [19],

p(tly) ~ / pEE)g(E) I = N (D) ()
where

p=Kx 2K p, )
¥ = Kxx — KxzK; 7 Kx 7 + Kx 2K ;5.K; 7Ky 7 (5)

C. Gaussian Process Binary Classification

In the Gaussian process binary classification case, we have
the correspondinjg observed target labels for each instance
y = [v1,..,yn]" where y; € {0,1}. Since it is a binary
classification problem, it suffices to compute

Py, = 1ly.x.) = / P = UL )p(fuly, x)df. (6)

where x, is a test input, y, = 1 denotes predicting a
successful communication event, f, is the latent function
that we are trying to learn such that f(X) ~ GP(0,K) where
[Kli; = ko(xi,X;), and p(y;|f;) is the Bernoulli distribution

efi Yi efi (liyl)
A=) (1--5 7
sl = (r5or) (15) @

The posterior distribution p(f.|y,x.) in (6) is non-
Gaussian (II-A) but can be approximated as a Gaussian dis-
tribution using the existing approximation inference methods
such as variational inference [19] or expectation propagation
[22].

ITII. BINARY CLASSIFICATION WITH NOISY INPUTS

In this section, we describe the problem formulation that
accounts for noisy inputs due to the uncertainty in the
location of the transmitter vehicle. We build upon the neural
network in [13] and we summarize the necessary results. For
more details, we refer the reader to [13]. Here we provide
the derivation of the evidence lower bound for the neural
network method being upper bounded by the log likelihood,
and we derive an expression for the predicted classification
probability at a test input (location) value.

We consider a set of known noisy inputs X = [y, ...,Xy]"
and a corresponding set of unknown true inputs X. That is,

X; =X; + € suchthat € € N(0,V),) (8)

where x; is the true input, and V; is a d x d diagonal
covariance matrix [13], [23]. In Subsection III-A we describe
how the covariance matrix V; is learned from the training
data.

A. Evidence Lower Bound of Neural Network Method

In GP classification, the evidence lower bound (ELBO)
serves as a function that can be maximized to find the
optimized kernel hyper-parameters just like maximizing the
marginal likelihood in GP regression [20]. Similarly, in
sparse GP classification, we can also use the evidence
lower bound to find inducing points locations. The evidence
lower bound is originally addressed in [24]. Here we derive
the evidence lower bound of the neural network method
for the binary classification case to learn all parameters
of interest including noise covariance matrix V;, kernel
hyper-parameters, inducing points Z , variational distribution
q(fs) = N(pg, 3s) and neural network parameters 6 which
are indicated below. In general, we seek parameters of
the approximate posterior ¢(X, f, f;) such that it minimizes
approximation error with respect to KL divergence. That is,

arg min KL(q(X,£,£)[p(X,f,£]y,X)) (9)

{1}, .02.02 e 50 2,0V,

where {{li}{_,,0%,08} are radial basis kernel hyper-
parameters shown in Section IV. Similar to [3], neural
network parameters € parameterize mean and covariance
matrix of variational distribution ¢(x;)

q(xs) = N (x| o (Xi, yi), Vo (Xiy i) (10)

where y; € {0,1}. And p(X,f,f,]y,X) and ¢(X,f,f,) are
the exact posterior and approximated posterior which in this
case are same as in [13]. However, directly minimizing the
KL divergence objective function is intractable since the
posterior distribution is intractable. Instead, we show that
the parameters can be equivalently optimized by maximizing
the evidence lower bound. By expanding the KL divergence
objective using posterior p(X, £, f,|y, X) expression in [13]
and (9) based on the definition of KL divergence, we can
show that

KL(Q|p) = Eq [log Q(vav fS)] - Eq [Ing(vavyva fS)]

+logp(y,X) (11)

Here we use the notational shorthand ¢ = ¢(X,f,f;). We
define neural network evidence lower bound as ELBOyny =

log BXXYLL) | 1131 After expanding the term, we have

Eq [ 08 “yXff.)

N N
ELBOnN = Z Eq [log p(yilfi) ]+ Z E, [log p(Xi[x;) |
N
— KL(q(f|p(f.)) = > KL(g(xilp(x:))) (12)

i=1
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where the term E,[log p(y;|f;)] in (12), can be approximated
as

f211t + i (1=v:)
1 + eV2Siit+us

M m
B, llog p(yilf:)] Z Z

e\/EEmttj + i
1 -
8 14+ e\/iziitj“rﬂi

and x" is one generated test sample from the distribution
p(X«|X.). We note that all the parameters are already opti-
mized based on maximizing FLBO. Therefore,

1 M
Py = 37 Y [ ol N
m=1

We note that this integral can be approximated by Gaussian
one-dimensional quadrature.

(", XS 2D

(13)

where t;, w; are sample locations and sample weights
respectively, and m is the number of grid elements for
Gaussian quadrature. We have p; and X;;

pi = Ky, 2Kz 708, (14)

and
Y = \/meq — Ky, 2Kz, ZKT zt Kxi,ZKilzstilsz:,,z
(15)

Each sample x; is generated from the variational distribution
q(x;) using Monte Carlo combined with the reparametriza-
tion trick, and y; € {0, 1} is the corresponding training label
for x;. We note that ELBOyx < log p(y, X) since K L(q|p)
is always positive. We learn the neural network parameters
0 based on maximizing ELBOyy.

B. Prediction

After optimizing the £LBO, we can predict the probabil-
ity p(y«|X«,y) which is the approximate predictive distribu-
tion for class label y, of a new instance X, given all training
labels y,

o 5e¥) % [ 0] £) (a6 s, 5. . .
(16)
where p(X.|X.) is the posterior distribution of the actual
attributes of the new instance given the observed attributed
X, which is shown in [13]. For approximating the integral
(16), we can generate samples of x, simply by drawing from
P(X«|X) to compute a Monte Carlo approximation,

Pl f5e.y) ~ MZ [ ot g ) e
a7

Since the closed-form solution of the integral is a Gaussian
distribution,

/ (7R q(E)dEs = N, 5 (18)
where
ul =Ky 2Kz 310, (19)
=
Ky xin — Ky ZKZ Zme z+ K ZKZ Z2 KZ Zme Z>
(20)

I'V. NUMERICAL RESULTS

We evaluate our approach to predict acoustic communi-
cation performance using three real datasets acquired from
Virginia Tech 690 AUVs in Claytor Lake, near Dublin,
Virginia, USA. The 690 AUV displaces approximately 43Kg
and is 2.23 meters long. It communicates acoustically using
the WHOI micromdem 2, which operates at 25KHz. For
these experiments, the packet size was 36 bytes. The esti-
mates its location uses an inertial navigation system aided
by a Doppler velocity log while underwater, and GPS while
at the surface. The inertial navigation algorithm estimates
localization uncertainty.

Each AUV records the time and location of received and
transmitted communication events. Furthermore, each AUV
transmits on a predetermined schedule so that the other
vehicle can infer when an unsuccessful communication event
has occurred. To reduce complexity we assume that both
AUVs are in the same horizontal plane and ignore vertical
displacement. The analysis contains two parts. In the first
part, we compare our proposed classification methods with
regression methods on different environments and demon-
strate that classification methods outperform regression on
all communication environments averaged over 20 validation
data sets. For each dataset (e.g., DataSet1), these 20 distinct
validation sets are randomly generated. Each validation set
comprises 20 percent of the entire dataset and includes a bal-
anced mix of successful and unsuccessful communications.
This approach ensures an unbiased representation of the data.

The remaining 80 percent of the dataset, which includes
both successful and unsuccessful events, is used to form the
training set for Gaussian process classification. This split
allows for a comprehensive evaluation of the classifier’s
performance. Furthermore, within each classification training
set, we identify and extract the data points corresponding
to successful communications. These selected points and
their corresponding SNR values serve as the training set
for Gaussian process regression. We also show that ac-
counting for input noise can lead to both an increase in
communication ratio and a decrease negative log-likelihood
(NLL) on Gaussian process classification, which are the two
metrics we use to evaluate performance In the second part,
we extract one validation set from 20 validation sets and
compare communication prediction performance between
classification and regression on the environment.

We provide three typical data sets for performance evalua-
tion. DataSet1 contains 72 successful and 144 unsuccessful
communication events, indicating a poor communication
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quality environment. DataSet2 comprises 120 successful and
135 unsuccessful communication events. The final DataSet3
contains 311 successful communication points and 103 un-
successful communication points, signifying a more favor-
able communication quality environment.

For training inputs in both regression and classification
methods, we extract the corresponding communication loca-
tions between two autonomous underwater vehicles (AUVs)
in 2D, so each input x € R*. Outputs for all Gaussian process
(GP) regression methods are the predicted mean signal-to-
noise ratio (SNR) values in decibels (dB) and variances
at the corresponding test location x,. Outputs for all GP
classification methods are the predicted probability of the test
label being 1, which is p(y. = 1|x.) given the test location
X

We begin by comparing the communication prediction
performance between Gaussian process regression and clas-
sification. For both GP regression on SNR and GP classifi-
cation on probability, a threshold is required above which
a communication event is expected to be successful. We
identify the optimal signal-to-noise ratio threshold of 9.8d B,
which achieves the highest average communication ratio in
mission 1 across 20 different validation sets. The commu-
nication performance is then evaluated using this threshold
on the remaining two missions. Furthermore, we compare
the 9.8dB threshold, derived from the first data set, with
the best thresholds computed on the other two missions.
For the case of GP classification, a probability of com-
munication success greater than 0.5 is predicted to be a
successful communication event. It is important to note that
for regression, only the predicted mean is compared against
the specific threshold, disregarding the expected variance.
Similarly, while classification methods also compute latent
variance, we do not consider variance in either regression or
classification.

On all the tables shown, we define ratio as the following,

nrp +NEnN

(22)
Ntotal

Tat10threshold =
where nrp is the number of corrected communicating at-
tempts if GP prediction is higher than the defined threshold
and npy is the number of corrected not communicating
attempts if GP prediction is lower than the defined threshold.
And Niyq is the total number of validation points. For

classification metric, we also use negative log likelihood
which is defined

Niotal

Z yi log(pi)+(1—y;) log(1—p;) (23)
i=1

NLL = —

Ntotal

where y; is the ith true label in the validation data set. And p;
gives probability prediction on the specific label ;. Hence,
metric N LL quantifies certainty about that data points in the
classification compared with the ratio metric.

For all methods provided, we model the Gaussian process
using the squared exponential kernel with automatic rele-

vance determination [13], [23],
d
1 (z; — )
2 1 7 2 _
k(x,x') = 0% exp [2 g — |t oplx =x'] (24)

i=1 v

where 07 and o7 are the signal variance and the additive
Gaussian noise variance, respectively, and {;}¢_, are length-
scales accounting for each input dimension. The indicator
function I[-] evaluates to 1 if and only if the two inputs x
and x’ are equal.

Similar to the method adopted in [13], we uniformly
select a constant mini-batch size of training samples from
each whole DataSet with a size of 50 without replacement,
where each training sample contains the 2-D positions for
both AUVs. For the neural network method, we maximize
the ELBO with epoch = 1000 and one hidden layer with
fifty hidden units are used for all experiments. We choose
the number of inducing points to be five percent of the
input training data in each sparse method and initialize these
inducing points on training points.

We employ GPy [25] to compute the first three columns
in the Table I, Table II, and Table III, corresponding to
standard Gaussian process regression (GPR), sparse varia-
tional Gaussian process regression (SVGPR), and Gaussian
process classification (GPC). For each mission and method,
we utilize the same random seed for 20 validation sets
to facilitate consistent performance comparison across all
provided methods. The size of each validation set constitutes
20 percent of the entire data set for the respective mission.
Consequently, each table value presented for a given mission
represents the average over the same 20 validation sets. For
the last two columns, we employ a modified version of binary
classification from [13], which includes sparse variational
Gaussian process binary classification (SVGPC) and noise-
input neural network (NI-NN) for binary classification.We
conduct training for SVGPC and NI-NN methods using an
Nvidia T4 GPU. The average training time varies across
three datasets. For DataSetl, SVGPC requires 222.2 seconds,
while NI-NN takes 263.6 seconds. On DataSet2, the average
training time increases to 270.5 seconds for SVGPC and
320.5 seconds for NI-NN. DataSet3 demands the longest
training periods with a relatively large number of data points,
with SVGPC averaging 361.8 seconds and NI-NN requiring
439.0 seconds.

Before evaluating each validation set, we give the same
successful training points for both regression and classi-
fication methods. However, classification methods can ac-
quire additional unsuccessful training points. Hence, in each
dataset for each validation set, classification methods have
the same successful training points as regression methods
have, plus additional unsuccessful training points depending
on the size of the whole data. For the first and second
missions ( Table I and table II ), all the Gaussian process
classification methods outperform two regression methods
computed from Gpy using the threshold 9.8dB and 10.2dB,
which are the best thresholds on missions 1 and 2, respec-
tively. In fact, we find GPC is at least as competitive as
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GPR and SVGPR on the ratio metric for all missions
no matter what threshold we set for regression methods
on different communication data sets we provide. We
also demonstrate on all missions in different environments
that taking noisy inputs into consideration has the potential
to improve both communication ratio accuracy and decrease
negative log-likelihood, which is indicated in the last column
for each mission for the neural network method we propose.
Note that in noisy input case we only compare the derived
neural network method with sparse variational Gaussian pro-
cess classification(SVGPC) just like in [13]. For DataSet2,
10.2d B is the best threshold we find for the second mission,
but it is still not competitive with any classification method.
In DataSet2, sparse methods actually outperform GPC but
have a trade-off in increasing the negative-log likelihood.

There is an interesting observation in DataSet3: as the
data becomes increasingly dominated by successful commu-
nication events, we can always choose a lower threshold
for the regression methods GPR and SVGPR to achieve
a high ratio since regression only accounts for successful
communication events ( Table III ). And it turns out that
0.1dB is the best threshold if we use the ratio metric. Hence,
we choose 0.1dB, which is also the lowest signal-to-noise
ratio (SNR) measurement in the data set for DataSet3, and
we find that the GPC method is still at least competitive with
GPR. We demonstrate that if we set the threshold to 9.8dB,
which is the best threshold found for mission 1, we achieve
a relatively low ratio for GPR and SVGPR. This is quite
significant for future real-time analysis, as it shows that it is
challenging to find a consistently good threshold for GPR. In
contract, for GP classification, the result explicitly represents
probability of successful communication, so no threshold is
needed.

To illustrate the advantages of classification, we extract
one validation set consisting of successful and unsuccess-
ful validation points, as shown in Fig 2. We present the
performance for both GPR and SVGPC on this validation
set after training, as indicated in Fig 3, which include both
mean and variance predictions for regression. For SVGPC
in Fig 4, we plot the corresponding probability and learned
latent function variance. Clearly, we can see that in pre-
dicting successful communication events on the validation
set, both GPR and SVGPC perform similarly, but GPR fails
to predict unsuccessful communication events, especially
around the region (340, -120) on the map, since it contains
a significant number of both successful and unsuccessful
communication events. Training with only successful events
in GPR will predict this region as communication-safe, as
shown in Fig 3, where regression gives this region both high
predicted signal-to-noise ratio (SNR) and low uncertainty,
which is problematic. However, SVGPC in this validation
set demonstrates good performance since it not only better
predicts unsuccessful events (darker-colored dots) compared
to GPR, but also estimates lower uncertainty on unsuccessful
validation points in the region around (340, -120). We did
not compare the visualization of SVGPC with noise-input
method since improvements are not very obvious on only

one validation set, but improvements are shown in the results
tables, which are averaged over 20 different validation sets.
Finally, in Fig 5, fix one AUV location(transmitting AUV
A) on the map, indicated as red triangles on the figures, and
generated heat maps on predicted SNR and probability for
GPR and SVGPC. Here if we refer to SNR threshold 9.8d B
and probability threshold 0.5 on DataSet2, compared with
the ground truth validation set, we can clearly see SVGPC
outperforms regression since classification successfully iden-
tifies the boundary around the location (0.0, 0.0), which
contains both successful and unsuccessful communication
points on ground truth validation sets, but the regression
method fails.

TABLE I: Mission 1(DataSetl)

[ Metric [ GPR [ SVGPR [ GPC [ SVGPC [ NI-NN ]
ratiog gqp /0.5 | 0.6670 0.6591 0.6954 0.6830 0.6909
NLLgs5 - - 0.7180 0.6961 0.6083

TABLE II: Mission 2(DataSet2)

[ Metric [ GPR [ SVGPR [ GPC [ SVGPC [ NI-NN ]
ratiog gqp /0.5 | 0.5667 0.5490 0.6049 0.6627 0.7068
NLLg 5 - - 0.7503 0.9317 0.6205

Tatiol()‘gdB 0.5745 0.5520 - - -

TABLE III: Mission 3(DataSet3)

[ Metric | GPR | SVGPR | GPC | SVGPC | NI-NN |
Tatiog sap 0.5 | 04602 | 04880 | 0.7530 | 0.6795 | 0.7253
NLLg.5 - - 0.5999 | 1.1328 | 0.7044
ratioo'ldB 0.7500 0.7337 - - -

V. CONCLUDING REMARKS

We demonstrate that acoustic communication events
among underwater vehicles can be modeled as Gaussian
process binary classification, and we illustrate the distinct
advantages of Gaussian process classification-related meth-
ods over Gaussian process regression in predicting acous-
tic communication events. We provide a modified neural
network method inspired by the NIMGPC framework and
show that accounting for location uncertainty in the com-
munication data set can further improve the communication
ratio and negative log-likelihood compared to standard sparse
Gaussian process classification. Finally, we visualize the
prediction performance of both GPR and SVGPC methods
on one validation set and show that SVGPC achieves better
prediction performance with low uncertainty on unsuccessful
communication events.

This work establishes a computational framework by
which a team of AUVs can generate a map of communication
performance using communication data acquired in the field.
Herein we show how this framework is applied to historical
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Fig. 2: Successful (top) and unsuccessful(bottom) ground
truth validation points

data. The next steps in our research are to conduct experi-
ments where maps are generated by AUVs in real-time, and
to extend our framework to the decentralized case where the
communication and computational burden imposed on each
AUV for generating such a map is reduced.

[1]

[2]
[3]

[4]

[5]

[6]

REFERENCES

M. Stojanovic and J. Preisig, “Underwater acoustic communication
channels: Propagation models and statistical characterization,” IEEE
communications magazine, vol. 47, no. 1, pp. 84-89, 2009.

D. Horner, A data-driven framework for rapid modeling of wireless
communication channels. PhD thesis, Citeseer, 2013.

J. Fink, A. Ribeiro, and V. Kumar, “Robust control of mobility and
communications in autonomous robot teams,” IEEE Access, vol. 1,
pp- 290-309, 2013.

X. Yu and M. A. Hsieh, “Synthesis of a time-varying communication
network by robot teams with information propagation guarantees,”
IEEE Robotics and Automation Letters, vol. 5, no. 2, pp. 1413-1420,
2020.

J. Zhao, X. Gao, X. Wang, C. Li, M. Song, and Q. Sun, “An efficient
radio map updating algorithm based on k-means and Gaussian process
regression,” The Journal of Navigation, vol. 71, no. 5, pp. 1055-1068,
2018.

A. Quattrini Li, P. K. Penumarthi, J. Banfi, N. Basilico, J. M. O’Kane,
I. Rekleitis, S. Nelakuditi, and F. Amigoni, “Multi-robot online sensing
strategies for the construction of communication maps,” Autonomous
Robots, vol. 44, pp. 299-319, 2020.

AUV_A trajectory
AUV_B trajectory

Northing m]

Northing (m]

600

500

400

300

AUV_A trajectory
AUV_B trajectory

00 0 100 200 300 400 500

a 6
Predicted SNR mean on suc val

600
Easting (m)

lidation points

00 0 100 200 300 400 500 600
Easting (m]

225 250 275 300 325 350 375
Predicted SNR variance on suc validation points.

AUV_A trajectory
AUV_B trajectory

Northing m]

Northing (m]

600

500

400

300

AUV_A trajectory
AUV_B trajectory

4 6 8
Predicted SNR mean on unsuc v:

0 500 600
Easting (m)

12
alidation points

00 0 100 200 300 400 500 600
Easting (m]

4 6
Predicted SNR variance on unsuc validation points

Fig. 3: Predicted mean SNR(dB) and variance on successful
(top row) and unsuccessful (bottom row) validation points

using GPR

AUV_A trajectory
AUV_B trajectory

500

Northing [m]

Northing (m}

500

AUV_A trajectory
AUV_B trajectory

00 0 100 200 300 400 500

600
Easting m)

2 07 o8
Predicted prob on suc validation points SVGPC

7000 0 100 200 300 400 500 600
Easting (m]

12 3 4 5 6 1 8
Predicted variance on suc validation points SVGPC

AUV_A trajectory
AUV_B trajectory

Northing [m]

Northing (m]

AUV_A trajectory
AUV_B trajectory

00 0 100 200 300

600
Easting (m)

o 0%
Predicted prob on unsuc validation points SVGPC

7000 0 100 200 300 400 500 600
Easting (m]

25 50 75 100 125 150 175
Predicted variance on unsuc validation points SVGPC

Fig. 4: Predicted probability and latent variance on successful
(top row) and unsuccessful (bottom row) validation points

using SVGPC

[71 X. Wang, X. Wang, S. Mao, J. Zhang, S. C. G. Periaswamy, and

[8]

[9]

J. Patton, “Deepmap: Deep gaussian process for indoor radio map
construction and location estimation,” in 2018 IEEE Global Commu-
nications Conference (GLOBECOM), pp. 1-7, 2018.

L. Clark, J. A. Edlund, M. S. Net, T. S. Vaquero, and A. akbar Agha-
mohammadi, “Propem-l: Radio propagation environment modeling
and learning for communication-aware multi-robot exploration,” 2022.
G. P. Kontoudis, S. Krauss, and D. J. Stilwell, “Model-based learn-
ing of underwater acoustic communication performance for marine
robots,” Robotics and Autonomous Systems, vol. 142, p. 103811, 2021.

[10] G. P. Kontoudis and D. J. Stilwell, “A comparison of kriging and

1250



600

500 1

Northing [m]

400 4

T T T T T
-100 0 100 200 300 400 500 600 700
Easting [m]

0 2 4 [} 8 10 12 14
Predicted SNR(dB) mean on test region

600

500 1

Northing [m]

400 4

T T T T
-100 0 100 200 300 400 500 600 700
Easting [m]

0.0 0.2 0.4 0.6 0.8 1.0
Predicted probability on test region

Fig. 5: Prediction of mean and probability on fixed region
using GPR and SVGPC

cokriging for estimation of underwater acoustic communication per-
formance,” in Proceedings of the 14th International Conference on
Underwater Networks & Systems, pp. 1-8, 2019.

[11] P. Morales—Alvarez, A. Pérez-Suay, R. Molina, and G. Camps-
Valls, “Remote sensing image classification with large-scale Gaussian
processes,” IEEE Transactions on Geoscience and Remote Sensing,
vol. 56, no. 2, pp. 1103-1114, 2018.

[12] J. Muiioz, P. Lehner, L. E. Moreno, A. Albu-Schiffer, and M. A. Roa,
“Collisiongp: Gaussian process-based collision checking for robot
motion planning,” IEEE Robotics and Automation Letters, vol. 8, no. 7,
pp. 4036-4043, 2023.

[13] C. Villacampa-Calvo, B. Zaldivar, E. C. Garrido-Merchan, and
D. Hernandez-Lobato, “Multi-class Gaussian process classification
with noisy inputs,” 2020.

[14] J. A. Sdez, M. Galar, J. Luengo, and F. Herrera, “Analyzing the
presence of noise in multi-class problems: alleviating its influence with
the one-vs-one decomposition,” Knowledge and information systems,
vol. 38, pp. 179-206, 2014.

[15] J. Feng, M. Huang, L. Zhao, Y. Yang, and X. Zhu, “Reinforcement

1251

[16]

(171

(18]

[19]

[20]
(21]
[22]

[23]

[24]

[25]

learning for relation classification from noisy data,” in Proceedings of
the aaai conference on artificial intelligence, vol. 32, 2018.

T. Liu and D. Tao, “Classification with noisy labels by importance
reweighting,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 38, no. 3, pp. 447-461, 2016.

J. Hensman, A. Matthews, and Z. Ghahramani, “Scalable variational
gaussian process classification,” in Artificial Intelligence and Statistics,
pp. 351-360, PMLR, 2015.

T. D. Bui, C. Nguyen, and R. E. Turner, “Streaming sparse Gaussian
process approximations,” Advances in Neural Information Processing
Systems, vol. 30, 2017.

M. Titsias, “Variational learning of inducing variables in sparse
Gaussian processes,” in Artificial intelligence and statistics, pp. 567—
574, PMLR, 2009.

C. E. Rasmussen, C. K. Williams, et al., Gaussian processes for
machine learning, vol. 1. Springer, 2006.

J. Hensman, A. Matthews, and Z. Ghahramani, “Scalable variational
gaussian process classification,” 2014.

T. P. Minka, “Expectation propagation for approximate bayesian
inference,” arXiv preprint arXiv:1301.2294, 2013.

A. McHutchon and C. Rasmussen, “Gaussian process training with
input noise,” Advances in neural information processing systems,
vol. 24, 2011.

M. 1. Jordan, Z. Ghahramani, T. S. Jaakkola, and L. K. Saul, “An
introduction to variational methods for graphical models,” Machine
learning, vol. 37, pp. 183-233, 1999.

GPy, “Gpy: A gaussian process framework in python.”
http://github.com/SheffieldML/GPy, since 2012.



