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Abstract—Spread-spectrum signaling offers robust communi-
cation over the multipath underwater acoustic channel, while at
the same time allows multiple users to simultaneously occupy the
entire continuum of the device-accessible bandwidth. However,
limitations in temporal and spatial coherence of the underwater
acoustic channel affect the maximum spreading code length and
therefore the effective link data rate. In this work, we propose
adaptive code length optimization toward high-rate spread-
spectrum underwater acoustic communications. We first evaluate
the bit error rate (BER) performance of the estimated minimum
variance distortionless response (MVDR) and auxiliary-vector
(AV) linear filter receivers. We observe that the AV-filter based
receiver significantly outperforms the estimated MVDR solution
under limited data-record availability. We then investigate data
rate trade-offs for optimized code lengths under pre-defined
BER constraints in time-varying underwater acoustic channels.
Simulation results verify that the proposed adaptive packetization
scheme offers superior data rate performance under short data-
record constraints imposed by the non-stationary nature of the
underwater environment.

I. INTRODUCTION

In recent years, there has been active research interest in
the area of underwater acoustic (UW-A) networking, which
exhibits an abundance of socially relevant applications such as
offshore exploration, tactical surveillance, pollution and marine
ecology monitoring [1]–[3]. The underwater acoustic channel
is highly dynamic and characterized by high and variable
path loss, time-varying multipath, large frequency and time
spreading, and limited bandwidth [4].

Spread-spectrum signaling offers increased signal-to-
interference-plus-noise ratio (SINR) per data symbol and
robustness over the multipath UW-A channel [5]. Recent work
in [6] demonstrated the SINR performance benefits of adaptive
code-division channelization in a software-defined underwater
acoustic testbed. Additionally, spread-spectrum communication
schemes provide signals whose level can be kept below that
of the noise, thus offering low-probability of detection/low-
probability of intercept (LPD/LPI) capabilities [7].

Although higher spreading code lengths may offer increased
SINR per symbol in additive white Gaussian noise (AWGN)
environments, the time-varying multipath delay spread and
channel gain in the shallow UW-A channel can significantly
affect SINR performance [8]. More specifically, long spreading
codes may be suitable to mitigate intersymbol interference
(ISI) due to long multipath spreads. However, static spreading

code length allocation limits the achievable link data rate when
channel characteristics change over time. At the same time,
limited sample support due to UW-A channel variations may
significantly affect receiver SINR performance due to poor
estimates of adaptive max-SINR filters [9] at the receiver.
Underwater communication systems that adapt to changing
channel conditions by varying parameters such as modulation,
error-correction code rate, and transmit power have been
proposed in [10]–[15].

In this work, we propose to leverage the short-data record
performance benefits of auxiliary-vector (AV) filtering [16] to
adaptively optimize spreading code lengths toward high-rate
spread-spectrum underwater acoustic links. We first evaluate
the bit error rate (BER) performance of adaptive max-SINR
receivers [9] based on estimates of the minimum variance
distortionless response (MVDR) and AV filters for data record
sizes that correspond to the UW-A channel coherence time.
Simulations over time-varying UW-A channels verify that
the AV filter significantly outperforms the estimated MVDR
filter for short sample support. Subsequently, we consider that
spreading rate selection is decoupled from channel stability and
we propose to optimize code lengths such that link data rate is
maximized under pre-defined BER constraints. The proposed
adaptive packetization scheme outperforms static code length
allocation, while short data record filtering enables the design
of forward/data and feedback communication links that comply
with channel coherence.

II. SYSTEM MODEL

We consider K asynchronous multiplexed underwater acous-
tic communication users that transmit information symbols
from a unit energy phase-shift keying (PSK) constellation A.
Specifically, the k-th transmitted signal is written as

xk(t) =
√
Ek
∑
i

bk[i]sk(t− iT )ej(2πfct+φk) (1)

where Ek > 0 is the transmitted energy per symbol, φk the
carrier phase, and fc the carrier frequency. The i-th transmitted
symbol bk[i] ∈ A is modulated by a digital waveform sk(t) of
duration T that is given by

sk(t) =

L−1∑
l=0

sk[l]gTc(t− lTc) (2)
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where sk ∈
{
±1/
√
L
}L

is a binary antipodal code of length
L, and gTc(·) is a square-root raised cosine (SRRC) pulse
with roll-off factor α and duration Tc, so that T = LTc. The
bandwidth of the k-th transmitted signal is B = (1 + α)/Tc.

We assume that transmitted signals propagate over indepen-
dent time-varying frequency-selective UW-A channels with
M resolvable paths (assumed to be the same for all K
signals), with am(t) and τm(t) denoting the m-th path’s time-
varying amplitude coefficient and path delay, respectively.
For mathematical tractability, we assume that τm(t) can be
approximated by a first-order polynomial τm(t) = τm − βmt,
where βm = um/c, um is the radial velocity of the m-th path
and c is the speed of sound in water. The received signal at
the input of a common destination receiver is written as

r(t) =

K−1∑
k=0

M−1∑
m=0

am(t)xk(t(1 + βm)− τm) + n(t) (3)

where n(t) is additive noise, assumed to be uncorrelated with
the transmitted signals. After carrier downconversion, pulse-
matched filtering, and sampling over the extended multipath
symbol duration, the received signal is rewritten as

r[i] = b0[i]H0s0 +

K−1∑
k=1

bk[i]Hksk + j+ n ∈ CLM (4)

where Hk ∈ CLM×L, LM = L+M − 1 is a Toeplitz matrix
that models multipath fading for the k-th user of interest and
is assumed to be invariant over channel coherence time Tcoh,
j ∈ CLM denotes the multipath-induced ISI, and n ∈ CLM

is additive colored Gaussian noise with covariance matrix
Rn ∈ CLM×LM .

Ambient noise in the underwater acoustic channel is
frequency-dependent and produced by sources such as tur-
bulence, wave action, ship traffic, and thermal noise from
random motion of water molecules [17]. The power spectral
density of ambient UW-A noise can be approximated as1

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

for frequency f in kHz [18].

III. ADAPTIVE MAXIMUM SINR FILTERING

We concentrate on the detection of the information symbols
of a particular user of interest by processing the received signal
r with a normalized linear filter w0. If H0 and s0 denote the
multipath channel matrix and spreading code of the user of
interest, respectively, the RAKE-matched filter (MF) is given
by

w
‖MF‖
0 =

H0s0
‖H0s0‖2

. (6)

The i-th received information symbol is then recovered by
minimum distance detection b̂0[i] = argmin

b∈A

∣∣wH
0 r[i]− b

∣∣2.

A. MVDR Filtering
Assuming perfect knowledge of the input autocorrelation

matrix, defined as R , E{r[i]r[i]H}, the RAKE-type receiver

1The term re µPa denotes with reference to the intensity of a plane wave
with RMS pressure of 1 µPa. Unless otherwise specified, this reference is
considered to be at a distance of 1 m from the sound source.

that minimizes the output variance subject to the constraint
that it remains distortionless in the effective direction w

‖MF‖
0

of the user of interest [19] (equivalent to the maximization of
the output SINR) is given by

w
‖MVDR‖
0 =

R−1H0s0
sT0 H

H
0 R−1H0s0

. (7)

In practice, however, exact knowledge of the input autocorrela-
tion matrix is not available, therefore MVDR filtering relies on
a sample average estimate of the input autocorrelation matrix

R̂ =
1

N

N∑
n=1

r[n]rH [n] (8)

where N is the number of signal snapshots (also called the
data record or sample support) taken over a received signal
duration that does not exceed channel coherence time Tcoh.
As a result, the sample-matrix-inversion (SMI) filter w‖SMI‖

0 =
R̂−1H0s0/s

T
0 H

H
0 R̂−1H0s0 offers an unbiased estimator of

the MVDR filter. For R̂ to be invertible with probability 1,
N ≥ LM data samples are required, otherwise R̂ may be
singular and w

‖SMI‖
0 will not exist [20]. In fact, it is known

that data records many times the size of LM are needed to
approach, reasonably well, the performance of the ideal MVDR
filter. Regretfully, UW-A channel fluctuation rates significantly
limit the available sample support for data rates and values of
LM that are typical in underwater acoustic communications.

B. Short Data Record AV Filtering
AV filters have shown to outperform batch-SMI and

constraint-LMS implementations of the MVDR filter for
limited sample support [9]. Algorithm 1 depicts the iterative
generation of a sequence of AV filters {w(0),w(1),w(2), . . . }
that converge to the SMI filter [16]. We select the AV filter

w
‖AV‖
0 =

w(d̂)

‖H0s0‖2
(9)

that maximizes the estimated J-divergence of the filter output
conditional distributions [21] as follows

d̂ = argmax
d ∈ {0,1,2,... }

4E2
{∣∣∣<[wH

(d)r]
∣∣∣}

Var
{∣∣∣<[wH

(d)r]
∣∣∣} (10)

where Var{·} and E{·} denote variance and expected value,
respectively. Fig. 1 depicts the output (pre-detection) SINR
performance of MF, SMI, and AV filters as a function of the

Algorithm 1 AV Filter Sequence Calculation

Input: w
‖MF‖
0 , R̂

Output: {w(0),w(1),w(2), . . . }
1: Initialization: v = w

‖MF‖
0 , w(0) =

v
‖v‖2

2: for d = 1, 2, . . . do
3: gd =

(
I− vvH

‖v‖2

)
R̂w(d−1)

4: µd =
gH
d R̂w(d−1)

gH
d R̂gd

5: w(d) = w(d−1) − µdgd
6: end for



Fig. 1. SINR performance of matched-filter, SMI, and AV linear filter receivers
as a function of data record size.

number of signal snapshots used to calculate R̂. We observe
that for small sample support (N < 102) the performance of the
AV filter matches that of the MF. The AV filter significantly
outperforms both MF and SMI filters for 102 ≤ N ≤ 104,
while SMI filter performance is significantly degraded for
N < 103. As data record size grows beyond N > 105 samples,
the performance of the AV filter begins to converge to that of
the SMI filter.

IV. ADAPTIVE PACKETIZATION

We consider frame-based transmissions of N information
symbols that are modulated with spreading codes of length L.
The total duration of a data frame is Tf = L ·N · Tc and the
link data rate for the user of interest, in symbols-per-second,
is defined as R(L) , 1/(LTc).

A. Code Length Adaptation
Adaptive selection of spreading code length L to optimize

link data rate over the time-varying UW-A channel presents
trade-offs between reliability and throughput. Given that for
fixed frame duration, channel stability is decoupled from the
selection of spreading rate, longer code lengths may offer
increased resilience to interference and multipath channel
effects. On the other hand, shorter code lengths increase the
link data rate at the expense of increased susceptibility to bit
errors. Our objective is to adaptively optimize the code length
L of the user of interest to maximize link data rate, while
satisfying a pre-defined BER constraint

maximize
L

R(L)

subject to BER(L) ≤ BERmax
Lmin ≤ L ≤ Lmax, L ∈ Z

(11)

where Lmin and Lmax are the minimum and maximum
allowable code lengths, respectively. Upon reception of a data
frame, the receiver solves (11) and communicates the optimized
code length to the transmitter over a wireless UW-A feedback
link.

B. Feedback Considerations
Long propagation delays in the UW-A channel affect the

implementation of wireless feedback links for adaptive under-
water communications. For effective code length adaptation,

Fig. 2. Instantaneous and average (over a 10 s window) channel gain of the
simulated underwater channel versus time.

the round-trip time (RTT) of a data frame and its associated
feedback frame should not exceed the channel coherence time.
Considering negligible processing time, the round-trip time is
expressed (with obvious notation) as RTT = 2Tprop + Tf +
Tfeedback. Since only a few bits are required to represent the
optimized code length, we consider that Tfeedback is negligible
as well. As a result, for a transmitter-receiver distance of d
meters and c ≈ 1500 m/s, the speed of sound in water, the
duration of the data frame Tf must satisfy

Tf ≤ Tcoh −
2d

c
. (12)

In light of the constraint in (12), we propose to employ the
AV linear filter at the receiver, to benefit from its superior
performance over short data records (i.e. short data frames).

V. PERFORMANCE EVALUATION

We evaluate the performance of the proposed adaptive
packetization scheme in terms of data rate, under a pre-defined
BER constraint. The performance of the adaptive scheme is
also compared to a fixed code length scheme.

A. Simulation Setup
We consider a single transmitter-receiver pair for which we

assume perfect synchronization, Doppler compensation, and
channel state information availability at the receiver. Simula-
tions are carried out using time-varying channel realizations,
generated by an UW-A channel simulator [22] that follows the
statistical model in [23]. We consider that the transmitter and
receiver are separated by 600 m in a 10 m deep channel, with
the transmitter and receiver fixed at 6 m and 8 m below the
water surface, respectively. From this geometry, propagation
paths and delays are calculated. Variations in the channel are
introduced to account for effects such as surface scattering
while ambient noise is generated according to (5).

Building upon past ultrasonic wideband underwater com-
munication experiments [14], [15], the transmitted signals
occupy the entire available bandwidth from 95 kHz to 145 kHz.
Prior work has discussed coherence times in the range of
100 ms− 2.0 s [4], [24]. For the purpose of our simulations,
the coherence time of small-scale channel variations is set to
1.0 s. The channel gain for the simulated UW-A channel is



Fig. 3. BER performance of different code lengths for AV and SMI filtering
as a function of transmitted symbol energy. The dashed line denotes the target
BER of 10−4.

plotted in Fig. 2 as a function of time. While variations of
the time-averaged (over a 10 s window) channel are on the
order of several dB, the instantaneous channel gain changes
over a range of ∼ 14 dB, thus offering an opportunity for
increased throughput performance via code length adaptation.
We consider frames of binary phase-shift keying (BPSK)
symbols with frame duration limited to Tf = 200 ms based on
(12). As the selected frame duration is smaller than the channel
coherence time, channel fading coefficients are assumed to
remain constant for the entire duration of the frame.

B. Adaptive Code Length Performance

Fig. 3 depicts the BER performance of the AV filter for
different code lengths as a function of the transmitted symbol
energy E0 in dB re µPa. As expected, longer code lengths
produce lower bit error rates. Since frame duration is fixed at
Tf = 200 ms, the SMI filter has insufficient sample support,
thus increasing transmit energy does not offer any performance
gain. Frames using longer code lengths will contain fewer
information symbols and provide smaller sample support. As
a result, the SMI filter produces the highest BER for L = 32.

Subsequently, we leverage the short data record performance
benefits of AV filtering. We fix the transmitted symbol energy
and set a target BER of 10−4 which, for our noise and channel
conditions, will be satisfied with a pre-detection SINR of 10 dB.
Fig. 4 shows that longer code lengths will achieve the target
SINR for lower channel gains. Based on the relation between
SINR and channel gain in Fig. 4, for each received frame we
estimate the channel gain and select the shortest code length
that satisfies the target SINR of 10 dB, plus a small margin
(1.5 dB) to account for uncertainty. A discrete set of code
lengths L ∈ {8, 9, 10, 11, 12, 16, 20, 24, 28, 32} is considered.
Code length updates are applied to the transmitter after a
simulated delay to account for the propagation time of the
feedback frame. Data rate and pre-detection SINR performance
for the channel instance in Fig. 2 is shown in Fig. 5. We notice
high data rates in the periods of favorable channel gain from
50 s to 70 s and from 250 s to 300 s. We run simulations of
4, 000 frames and average results over 12 independent channel
realizations. For comparison, we consider the non-adaptive

Fig. 4. Average pre-detection SINR for AV filtering and different code lengths
as a function of channel gain. The dashed line denotes the pre-detection SINR
of 10 dB required to achieve the target BER of 10−4.

Fig. 5. Instantaneous pre-detection SINR compared to the target SINR (top).
Data rate for the adaptive and static (L = 24) code length communication
schemes (bottom).

scheme of a static code length (L = 24). Although the average
BER of both the static and adaptive schemes satisfy (within
10%) the target BER of 10−4, the static scheme achieves an
average throughput of 1.54 kbps and the adaptive scheme an
average of 2.01 kbps, an improvement of 30.5%.

VI. CONCLUSION

We evaluate adaptive max-SINR filters in simulated UW-A
channels. Short data record AV filtering outperforms SMI
and MF. We leverage AV filtering small sample support
performance benefits to implement adaptive spreading code
length optimization to maximize data rate under pre-defined
BER constraints in time varying UW-A channels. For reference,
the simulation framework is available online2.
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