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Abstract—The time-varying nature of the underwater acoustic
channel typically requires the use of frequent channel re-training
and tracking at the receiver, which increases communication over-
head due to pilot signaling and reduces overall system spectral
efficiency. At the same time, underwater acoustic communication
links are subject to both man-made and natural noise sources
that may exhibit impulsive characteristics. We investigate the
performance of blind signal recovery based on L2-norm principal-
component analysis (PCA) and propose a new receiver design
based on L1-norm PCA. We evaluate the performance of both
blind and pilot-based signal recovery mechanisms in terms of bit-
error rate (BER) under simulated underwater acoustic channels
and impulsive noise conditions due to snapping shrimp.

I. INTRODUCTION

Underwater acoustic (UW-A) channels are highly dynamic
and characterized by multiple propagation paths due to signal
reflections off the water bottom/surface and objects in the
water, large frequency and time spreading (i.e. Doppler effect),
and limited bandwidth [1], [2]. At the same time, UW-A
communication links are subject to noise from many sources
including both man-made and natural processes such as wave
action, seismic activity, ship traffic, and turbulence [3]. Of
particular interest to this work is impulsive noise produced by
cracking ice or snapping shrimp.

Primarily encountered in warm coastal waters, shrimp can
create a high velocity jet of water by rapidly closing their
snapper claw to produce cavitation bubbles that stun or kill prey
[4]. The collapse of these bubbles produces a sharp, wideband
snapping sound with a peak-to-peak amplitude measured as
high as 190 dB re µPa at 1m1 [5]. Shrimp noise extends well
above 200 kHz [6] and can be the dominant noise source across
the entire frequency range of interest to underwater acoustic
communications in environments where wind is minimal [7].
Particularly, in regions where shrimp are found in sufficient
density, underwater acoustic receivers encounter a permanent

1The term re µPa denotes with reference to the intensity of a plane wave with
RMS pressure of 1 µPa.

crackling noise consisting of high-amplitude impulsive snaps
[8]. As a result, communication receiver designs based on the
Gaussian noise assumption may yield poor performance even
at moderate signal-to-noise ratios (SNRs).

In this work, we investigate the performance of blind signal
recovery based on standard principal component analysis (PCA)
and propose a new receiver design based on L1-norm PCA
(L1-PCA). Most of the prior work on channel estimation in
underwater acoustic channels using PCA aims to minimize the
L2-norm of the channel prediction error (i.e. the difference
between the observed signal and the adaptive filter output)
[9]. However, due to its L2-norm formulation, standard PCA
is highly responsive to corrupted, highly deviating, irregular
measurements, even when they appear in vanishingly small
numbers. On the contrary, L1-PCA has exhibited significant
robustness against heavy-tail, impulsive data corruptions due
to a number of different causes [10], [11], [12].

Such impulsive noise is found in UW-A transmissions
corrupted by shrimp noise, which is well modeled by the
symmetric α-stable (SαS) distribution [13], [14], [15]. Related
work uses this model for frame detection [8], [16], [17], channel
estimation, and equalization [18]. In [19] maximum-likelihood
symbol detection is derived under the assumption of perfectly
known channels. We propose to study, for the first time, the
performance benefits of L1-norm PCA in channel estimation
for underwater environments with impulsive noise. Simulations
are carried out using channel impulse response realizations
from a shallow water channel generated by an underwater
acoustic channel simulator and impulsive noise model that
account for snapping shrimp sounds.

II. SIGNAL MODEL

Spread-spectrum communication systems are an attractive
choice for UW-A communication due to the enhanced auto-
correlation of code-modulated waveform pulses that mitigate
inter-symbol interference (ISI) and offer robustness in multipath
conditions [20] as well as reduced power per-Hz over the entire
device-accessible spectrum for secure communications [21]. We
consider a spread-spectrum underwater acoustic communication978-1-5386-9218-9/18/$31.00 c©2018 IEEE



system of K asynchronous multiplexed users that transmit
information symbols chosen from a unit energy phase-shift
keying (PSK) constellation A. The k-th transmitted signal is
written as

xk(t) =
√
Ek
∑
i

bk[i]sk(t− iT )ej(2πfct+φk) (1)

where bk[i] ∈ A denotes the i-th transmitted information
symbol, 0 < Ek ≤ Emax is the transmitted energy per
symbol, and φk is the carrier phase with carrier frequency
fc. Each transmitted symbol bk[i] modulates a waveform sk(t)
of duration T of the form

sk(t) =

L−1∑
l=0

sk[l]gTc
(t− lTc) (2)

where sk ∈
{
±1/
√
L
}L

is binary spreading code of length
L and gTc(·) is a square-root raised cosine pulse with roll-
off factor α and duration Tc. Therefore T = LTc and the
bandwidth of the signal is B = (1 + α)/(Tc).

We assume that all transmitted signals propagate over time-
varying, frequency-selective UW-A channels with M resolvable
paths (assumed to be the same for all K signals), am(t)
is the amplitude coefficient of the m-th path and τm(t) its
time-varying path delay. The signal received at the input of a
common receiver destination is written as

y(t) =

K−1∑
k=0

M−1∑
m=0

am(t)xk (t− τm(t)) + n(t) (3)

where n(t) is additive noise, which is assumed to be uncorre-
lated with the transmitted signals. After carrier downconversion,
pulse-matched filtering, and sampling over the extended multi-
path symbol duration, the received signal vector is written in
vector form as

y[i] =
√
E0b0[i]S0h0 +

K−1∑
k=1

√
Ekbk[i]Skhk + j + n (4)

where Sk ∈ CLM×M is a Toeplitz matrix containing the
multipath-extended spreading code of the k-th user of interest
with LM = L + M − 1, hk ∈ CM models the k-th user
multipath channel fading coefficients, j ∈ CLM identifies the
multipath-induced ISI, and n ∈ CLM is a noise vector, whose
characteristics are discussed in the following section.

III. NOISE MODEL

Underwater acoustic communication links are subject to
ambient and site-specific noise from many sources. Ambient
noise sources, found in most underwater environments, can
come from natural or human activity including ship traffic,
breaking waves, and turbulence [3]. In warm coastal waters
under calm weather conditions, noise from snapping shrimp
dominates at frequencies above 2 kHz [7] and is present across
two decades [6], covering nearly the entire bandwidth of
acoustic transducers commonly used for underwater acoustic
communications [22], [23], [24].
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Fig. 1: Samples generated from SαS distribution modeling
snapping shrimp noise (top) and their amplitude probability
density (bottom). Parameters α = 1.82 and γ = 1.5 · 105 µPa
are used, as reported in [8].

A. Colored Gaussian Model

Ambient noise is frequency-dependent and its distribution
can be approximated as colored (non-white) Gaussian [25]. The
power spectral density of these noise sources may be modeled
individually [3] or their combined effect approximated as

NAVG(f) = 50− 18 log(f) dB re µPa/Hz (5)

for frequency f in kHz [25].

B. Impulsive Non-Gaussian Model

In the presence of snapping shrimp, measured underwater
noise contains a number of high amplitude outliers and the
noise process is well modeled by the SαS distribution. The
SαS probability density function (pdf) is characterized by
two parameters: scale parameter γ > 0 which controls the
spread of the pdf around zero and characteristic exponent α ∈
(0, 2] which controls the heaviness of the pdf tails2. Increasing
alpha will make the tails lighter, converging to the zero-mean
Gaussian distribution for α = 2 [26]. With the exception of a
few special cases (such as the Gaussian), the probability density
function of an SαS distribution does not have a closed form
expression. The characteristic function provides a convenient
closed-form expression

φ(θ) = exp (−γα |θ|α) (6)

from which the pdf can be numerically calculated.
The parameters can be fit to a set of noise measurements.

Values of α in the range of 1.5 − 1.9 and γ in the range of
5 · 104 − 1.5 · 105 µPa have been reported in the literature

2Within the literature on stable distributions there have evolved several
inconsistent notations for the parameters of the distribution. We choose
to follow the parameters in [26]. Other works in this area (e.g. [8]) use
a different parameterization. When researching other works, the reader is
encouraged to take note of how parameters are defined with respect to the
characteristic function to avoid potential confusion.



[8], [14]. Using a package in MATLAB [27] we draw random
numbers from this distribution to create a noise vector. An
example is shown in Fig. 1 for α = 1.82 and γ = 1.5 ·105µPa
which closely matches experimental data reported in [8].

It is worthwhile to note that while the SαS distribution
described here models the amplitude probability distribution
quite well, it does not account for the time dependence between
samples. Measurements of shrimp noise exhibit clustering of
outliers in intermittent bursts and additional models with a
memory parameter have been developed to reflect this property
[15]. Since our simulations in this work are mainly concerned
with average bit error rate over many independent realizations
we believe the memoryless SαS to be a good starting point
and leave the integration of more complex noise models to
future work.

IV. SIGNAL RECOVERY

The received signal vector in (4) is processed by a linear
filter w0 corresponding to the user of interest. A common filter
choice which is simple but suboptimal in non-white noise is
the matched-filter (MF)

wMF
0 = S0h0. (7)

In practice, h0 can be estimated from a number of pilot symbols
Npilot known a priori at the receiver [22]

ĥ0 = (ST0 S0)−1ST0
1√

E0Npilot

Npilot−1∑
i=0

y[i]b∗0[i]. (8)

Increasing the number of pilot symbols at the transmitter
is expected to improve the BER performance of the MF
receiver at the expense of reduced information symbol rate.
On the other hand, the channel-processed complex spreading
code for the user of interest at the receiver can be blindly
estimated by L1 and L2-PCA on the received signal matrix
Y , [y[0],y[1], . . . ,y[N − 1]] ∈ CLM×N , where N is the
available sample support.

A. L2-Norm PCA

Mathematically, L2-PCA finds the size-D (1 ≤ D ≤
rank(Y)) orthonormal basis that solves

QL2
opt = arg max

Q∈CLM×D; QHQ=ID

‖QHY‖2 (9)

where, for any matrix A ∈ CM×N , the L2-norm is ‖A‖2 ,√∑M
m=1

∑N
n=1 |am,n|2 and ID is the size-D identity matrix

[12]. For the receiver, the desired output of L2-PCA is a filter
vector (D = 1), so (9) can be written

qL2
opt = arg max

q∈CLM×1; qHq=1

‖qHY‖2. (10)

The solution to (10) can be formed by the dominant singular
vector of Y, obtained through singular value decomposition
(SVD) of Y with quadratic complexity in sample support N
[28]. The SVD of Y is of the form

Y = UΣVH (11)

where U ∈ CLM×LM and V ∈ CN×N are unitary matrices
and Σ ∈ RLM×N contains the singular values of Y on the
diagonal. The estimated filter is constructed from the column
of the matrix U corresponding to the largest singular value
qL2

opt = [U]:,1.

B. L1-Norm PCA

L2-PCA is susceptible to corrupted, highly deviating, ir-
regular measurements in the received signal matrix, as is
the case when the received signal contains impulsive noise.
A promising approach to PCA with increased robustness to
outliers is L1-norm PCA [10], [11]. Modifying (10) gives the
L1-PCA formulation

qL1
opt = arg max

q∈CLM×1; qHq=1

‖qHY‖1 (12)

where for any matrix A ∈ CM×N , the L1-norm is ‖A‖1 ,∑M
m=1

∑N
n=1 |am,n|. Conceptually, by removing the squaring

operation each data point is weighted less heavily and sensitivity
to outliers is reduced. The estimated filter is then constructed
using numerical methods proposed in [12] that calculate the
complex basis vector qL1

opt.

C. Phase Recovery

The estimated filters constructed from L1 and L2-norm PCA
methods presented above are phase ambiguous. Phase recovery
is performed by considering a few (as little as one) pilot
symbols known a priori at the receiver

φ̂0 = ∠
(
qHopty[0]b0[0]

)
. (13)

The phase-corrected filters are calculated as

wL1
0 = exp (−jφ̂0)qL1

opt (14)

wL2
0 = exp (−jφ̂0)qL2

opt. (15)

Finally, information symbols are recovered by minimum
distance detection b̂0[i] = arg min

b∈A

∣∣wH
0 y[i]− b

∣∣2. For this

reason, we refer to the signal recovery as semi-blind.

V. PERFORMANCE EVALUATION

In this section, we present proof-of-concept performance
evaluation results obtained from simulations with impulsive
shrimp noise and UW-A channel conditions.

A. Simulation Setup

Simulations were carried out using time-varying channel
realizations generated by an underwater acoustic channel
simulator [29] following the statistical model described in
[30]. Transmission occurs in a shallow water channel 20 m
deep with transmitter and receiver 8 m below the surface and
separated by 500 m. Propagation path gains and delays are
calculated from this geometry assuming no significant Doppler
shifts. It is assumed that, upon reflection with the surface, each
path is split into a number (20) of intra-paths. Fig. 2 shows
the time-varying channel caused by various reflections.

Ambient and snapping shrimp noise is added as described
in Section III. Following parameters used in past ultrasonic
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Fig. 2: Relative magnitude and time delay of paths over
time for the channel of interest. Labels denote the direct
(D) path, surface reflection (S), bottom reflection (B), and
the bottom-surface (B-S) and surface-bottom (S-B) reflections
which should arrive approximately simultaneously.

wideband underwater communication experiments [24], [31]
a bandwidth of 97.6 kHz at a center frequency of 100 kHz is
used for simulation. The coherence time of the small-scale
variations of the channel is assumed to be 200 ms, which is
reasonable for most underwater acoustic channels [1].

Though the channel at a given time instance is simulated
with a filter of 200 taps (corresponding to ∆f = 488Hz),
channel geometry creates a sparse channel vector. Therefore,
the receiver models the channel reasonably well with M = 14
resolvable paths. The channel is considered to be quasi-static:
channel coefficients are assumed to remain constant within the
duration of a frame. Each frame is comprised of 500 binary-
phase shift keying (BPSK) symbols, modulated by a spreading
code of length L = 29. In this work, perfect frame detection
and symbol timing synchronization are assumed to direct our
focus on a comparison between receivers in terms of their
ability to equalize the channel and recover symbols.

B. Simulation Studies

Fig. 3 depicts the BER performance of the L1, L2-PCA, and a
pilot-based MF receiver with a frame comprised of 25% known
pilot symbols. For a target BER, the performance of the L1-
PCA receiver in Fig. 3a falls within approximately 0.5 dB with
respect to the pilot-based receiver, while the L2-PCA receiver
requires an additional 10 dB of transmit symbol energy to
achieve the same performance. For conceptual comparison, Fig.
3b depicts the BER performance for the least extreme case of
impulsive noise conditions. At α = 2 the noise samples follow
a Gaussian distribution and there is less of a performance gap
between L1-PCA and L2-PCA.

Results in Fig. 3 imply that when the processed data are
not heavily corrupted, the solutions of L1-PCA and L2-PCA
describe a nearly identical subspace. This is shown explicitly
in Fig. 4 which plots the additional transmit symbol energy
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(a) BER performance versus transmitted symbol energy for SαS-
modeled impulsive noise with α = 1.8 and γ = 1.5 · 105 µPa.
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(b) BER performance versus transmitted symbol energy for SαS-
modeled impulsive noise with α = 2.0 and γ = 1.5 · 105 µPa.

Fig. 3: Performance evaluation of the proposed L1-PCA
receiver design in simulated shallow underwater acoustic
channels with ambient and impulsive noise conditions.
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Fig. 4: Additional transmit symbol energy required for L1 and
L2-PCA to match the performance of the pilot-based receiver
at a target BER of 5 · 10−3 as a function of the α parameter.



required for L1 and L2-PCA to match the performance of the
pilot-based receiver at a target BER of 5 · 10−3 as a function
of the α parameter. A large performance difference can be
observed over much of the α ∈ [1.5, 1.9] range commonly
encountered in UW-A communications. At α = 2 the L1-
PCA receiver still offers slightly superior BER performance,
primarily due to the few outliers still present in the colored
Gaussian characteristics of the underwater acoustic noise
sources.

VI. CONCLUSION

We present a new receiver design based on the L1-norm
principal component analysis of received underwater signal
measurements for communication in UW-A channels dominated
by impulsive noise. The proposed semi-blind (requiring one
bit for phase correction) receiver design that leverages L1-
PCA resistance to measurement irregularities outperforms blind
signal recovery based on L2-PCA and nearly matches the BER
performance of a pilot-based matched-filter receiver. Simulation
studies verify the superiority of the proposed receiver across
the range of measured snapping shrimp noise characteristics
reported in the literature and demonstrate BER performance
improvements in the presence of colored Gaussian noise. For
reference, the simulation framework and algorithms can be
downloaded from the open-source online repository in [32].
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