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A Novel Bio-Inspired Acoustic Ranging Approach
for a Better Resolution Achievement

Said Assous1, Mike Lovell1, Laurie Linnett2, David Gunn3,
Peter Jackson3 and John Rees3

1Ultrasound Research Laboratory, University of Leicester
2Fortkey Ltd

3Ultrasound Research Laboratory, British Geological Survey
United Kingdom

1. Introduction

Bat and dolphin use sound to survive and have greatly superior capabilities to current
technology with regard to resolution, object identification and material characterisation.
Some bats can resolve some acoustic pulses thousands of times more efficiently than
current technology (Thomas & Moss, 2004 ). Dolphins are capable of discriminating
different materials based on acoustic energy, again significantly out-performing current
detection systems. Not only are these animals supreme in their detection and discrimination
capabilities, they also demonstrate excellent acoustic focusing characteristics - both in
transmission and reception. If it could approach the efficiencies of bat and cetacean systems,
the enormous potential for acoustic engineering, has been widely recognised. Whilst some
elements of animal systems have been applied successfully in engineered systems, the
latter have come nowhere near the capabilities of the natural world. Recognizing that
engineered acoustic systems that emulate bat and cetacean systems have enormous potential,
we present in this chapter a breakthrough in high-resolution acoustic imaging and physical
characterization based on bio-inspired time delay estimation approach. A critical limitation
that is inherent to all current acoustic technologies, namely that detail, or resolution, is
compromised by the total energy of the system. Instead of using higher energy signals,
resulting in poorer sound quality, random noise and distortion, they intend to use specifically
designed adaptable lower energy ‘intelligent‘ signals. There are around 1000 species of bats
alive in the world today. These are broken down into the megabats, which include the large
fruit bats, and the microbats, which cover a range of species, both small and large, which eat
insects, fruit, nectar, fish, and occasionally other bats. With the exception of one genus, none
of the megabats use echolocation, while all of the microbats do. Echolocation is the process
by which the bat sends out a brief ultrasonic sound pulse and then waits to hear if there is an
echo. By knowing the time of flight of the sound pulse, the bat can work out the distance to
the target; either prey or an obstacle. That much is easy, and this type of technology has long
been adopted by engineers to sense objects at a distance using sound, and to work out how far
away they are. However, bats can do much more than this, but the extent of their abilities to
sense the world around them is largely unknown, and the research often contradictory. Some
experiments have shown that bats can time pulses, and hence work out the distance to objects
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with far greater accuracy than is currently possible, even to engineers. Sonar is a relatively
recent invention by man for locating objects under water using sound waves. However,
locating objects in water and air has evolved in the biological world to a much higher level
of sophistication. Echolocation, often called biosonar, is used by bats and cetaceans (whales,
manatees, dolphins etc.) using sound waves at ultrasonic frequencies (above 20 kHz). Based
on the frequencies in the emitted pulses, some bats can resolve targets many times smaller
than should be possible. They are clearly processing the sound differently to current sonar
technology. Dolphins are capable of discriminating different materials based on acoustic
energy, again significantly out-performing current detection systems. A complete review of
this capabilities can be found in (Whitlow, 1993). Not only are these animals supreme in their
detection and discrimination capabilities, they also demonstrate excellent acoustic focusing
characteristics - both in transmission and reception. What we can gain from these animals is
how to learn to see using sound. This approach may not lead us down the traditional route of
signal processing in acoustic, but it may let us explore different ways of analyzing information,
in a sense, to ask the right question rather than look for the right answer.

This chapter presents a bio-inspired approach for ranging based on the use of phase
measurement to estimate distance (or time delay). We will introduce the technique with
examples done for sound in air than some experiments for validation are done in tank
water. The motivation for this comes from the fact that bats have been shown to have very
good resolution with regard to target detection when searching during flight. Jim Simmons
(Whitlow & Simmons, 2007) has estimated for bats using a pulse signal with a centre frequency
of about 80 kHz (bandwidth 40 kHz) can have a pulse/echo resolution of distance in air
approaching a few microns. For this frequency, the wavelength (λ) of sound in air is about
4 mm, and so using the half wavelength (λ/2) as the guide for resolution we see that this is
about 200 times less than that achieved by the bat. We demonstrate in this chapter how we
have been inspired from bat and its used signal (chirp) to infer a better resolution for distance
measurement by looking to the phase difference of two frequency components.

2. Time delay and distance measurement using conventional approaches

Considering a constant speed of sound in a medium, any improvement in distance
measurement based on acoustic techniques will rely on the accuracy of the time delay or the
time-of-flight measurement. The time delay estimation is also a fundamental step in source
localization or beamforming applications. It has attracted considerable research attention
over the past few decades in different technologies including radar, sonar, seismology,
geophysics, ultrasonics, communication and medical ultrasound imaging. Various techniques
are reported in the literature (Knapp & Carter, 1976; Carter, 1979; 1987; Boucher & Hassab,
1981; Chen et al., 2004) and a complete review can be found in (Chen et al., 2006). Chen
et.al in their review consider critical techniques, limitations and recent advances that have
significantly improved the performance of time-delay estimation in adverse environments.
They classify these techniques into two broad categories: correlator-based approaches and
system-identification-based techniques. Both categories can be implemented using two or
more sensors; in general, more sensors lead to increase robustness due to greater redundancy.
When the time delay is not an integral multiple of the sampling rate, however, it is necessary
to either increase the sampling rate or use interpolation both having significant limitations.
Interpolating by using a parabolic fit to the peak usually yields to a biased estimate of the
time delay, with both the bias and variance of the estimate dependent on the location of
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the delay between samples, SNR, signal and noise bandwidths, and the prefilter or window
used in the generalized correlator. Increasing the sampling rate is not desirable for practical
implementation, since sampling at lower rates is suitable for analog-to-digital converters
(ADCs) that are more precise and have a lower power consumption. In addition, keeping
the sampling rate low can reduce the load on both hardware and further digital processing
units.

In this chapter, we present a new phase-based approach to estimate the time-of-flight, using
only the received signal phase information without need to a reference signal as it is the case
for other alternative phase-based approaches often relying on a reference signal provided
by a coherent local oscillator (Belostotski et al., 2001) to count for the number of cycles
taking the signal to travel a distance. Ambiguities in such phase measurement due to the
inability to count integer number of cycles (wavelengths) are resolved using the Chinese
Remainder Theorem (CRT) taken from number theory, where wavelength selection is based
on pair-wise relatively prime wavelengths (Belostotski et al., 2001; Towers et al., 2004).
However, the CRT is not robust enough in the sense that a small errors in its remainders
may induce a large error in the determined integer by the CRT. CRT with remainder errors
has been investigated in the literature (Xiang et al., 2005; Goldreich et al., 2000). Another
phase-based measurement approach adopted to ensure accurate positioning of commercial
robots, uses two or more frequencies in a decade scale in the transmitted signal. In this,
the phase shift of the received signal with respect to the transmitted signal is exploited for
ranging (Lee et al., 1989; Yang et al., 1994). However, this approach is valid only when
the maximum path-length/displacement is less than one wavelength, otherwise a phase
ambiguity will appear. The time delay estimation approach proposed here, is based on the
use of local phase differences between specific frequency components of the received signal.
Using this approach overcomes the need to cross-correlate the received signal with either
a reference signal or the transmitted signal.The developed novel approach for time delay
estimation, hence for distance and speed of sound measurement outperform the conventional
correlation-based techniques and overcomes the 2π-phase ambiguity in the phase-based
approaches and most practical situations can be accommodated (Assous et al., 2008; 2010).

3. Distance measurement using the received signal phase differences between
components: new concept
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Consider the time-frequency plot of a single bat pulse shown in Fig.1, we note that at any
particular time within the pulse there are essentially two frequencies present. The pulse length
is about 2 ms and the frequency bandwidth is about 40 kHz. Let describe in the following how
using two or more frequencies we may infer a distance.

To explain the concept, consider a scenario where an acoustic pulse contains a single frequency
component f1 with an initial zero phase offset. This pulse is emitted through the medium,
impinges on a target, is reflected and returns back. The signal is captured and its phase
measured relative to the transmitted pulse. Given this situation, we cannot estimate the
distance to and from an object greater than one wavelength away (hence, usually, we would
estimate the time of arrival of the pulse and assume a value for the velocity of sound in the
medium to estimate the distance to the target).

For simplicity, assume the pulse contains a single cycle of frequency f1 of wavelength λ1.

The distance D to the target can be expressed as

D = n1λ1 + r1 (1)

where λ1 = v/ f1, n1 is an integer, r1 is a fraction of the wavelength λ1 and v is the speed of
sound in the medium.

r1 can be expressed as follows

r1 = λ1 × φ1
360

(2)

where φ1 is the residual phase angle in degrees. Combining equations (1) and (2) and
rearranging

D = n1λ1 + λ1
φ1

360

= n1
v
f1

+
φ1
360

v
f1

D =
v
f1
(n1 +

φ1
360

) (3)

If we transmit a second frequency component f2 within the same pulse, then it will also have
associated with it a wavelength λ2 and a residual phase φ2, similarly:

D =
v
f2
(n2 +

φ2

360
) (4)

Equations (1) and (2) can be solved by finding (2)− (1)× ( λ2
λ1
) and rearranged to give

D = (
λ1λ2

λ1 − λ2
)((n2 − n1) +

(φ2 − φ1)

360
)

D = (
λ1λ2

λ1 − λ2
)(Δn +

Δφ

360
) (5)

Using v = f × λ we obtain

D =
v

f2 − f1
((n2 − n1) +

(φ2 − φ1)

360
) =

v
Δ f

(Δn +
Δφ

360
) (6)
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Knowing D = v × t we deduce the time delay t as

t =
1

Δ f
(Δn +

Δφ

360
) (7)

If we impose the condition that Δn ≤ 1 then (6) can be solved. This restriction on Δn is
imposed as follows:

• A distance D is chosen within which we require an unambiguous range measurement.

• Select a frequency f1 within the bandwidth of the system, and its corresponding
wavelength λ1, n1 = D

λ1
(from (1)).

• Similarly, using (1), select frequency f2 with its corresponding wavelength λ2 such that the
number of cycles is n2 = n1 + 1.

Considering (6), the maximum range is achieved by this approach when Δn=1; is

R =
v

Δ f
(8)

Therefore, R is the maximum unambiguous range that can be achieved using two frequencies
f1 and f2 as described above, where any distance within the range R can be determined
unambiguously.

3.1 Example

• Defining an unambiguous range R = 1500 mm and assuming the speed of sound in water
v = 1500 m/s=1.5 mm/μs, selecting f1 = 200.0 kHz, gives λ1= 7.5 mm.

• Using (1), for this range R = D, n1= 200.0 cycles, r1 = 0. Ensuring Δn=1, from (6) requires
n2=201.0 cycles, and f2 = 201.0 kHz.

• Consider a distance to target d= 1000.1234 mm, we wish to estimate (which is unknown
but is within the unambiguous range R).

• Using frequencies f1 and f2 defined above, and equations (1) and (6), gives
– n1 = 133, r1=0.349786 cycle, ⇐⇒ φ1 = 0.349786 × 360 = 125.923◦ .

• Similarly for the frequency f2 we find the residual phase
– n2 = 134, r2=0.0165356 ⇐⇒ φ2 = 5.953◦

– Thus, Δφ=φ2 − φ1 = 5.953-125.923 =-119.970◦ .
We use this value in the formula given in (6). However, since Δφ is negative (this means
Δn = 1), we add 360◦ giving 240.0296◦ (If Δφ was positive we would have used the value
directly).

• Now, v = 1.500 mm/μs, Δ f = 1 kHz, substituting into (7) gives a first estimate of the range
d̂ f1 f2

= 1000.1233 mm.
The Unambiguous Range R (8) is independent of the frequencies used, depending only on
the difference in frequency Δ f .

• Note that in practice such resolution may not be achievable and limitations must be
considered. For example, if the uncertainty of estimating the phase is within ±0.5◦,
then the phases in the example above become φ1=126.0 and φ2=6.0, giving d=1000.0 mm
implying an error of 0.1234 mm.
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– n1 = 133, r1=0.349786 cycle, ⇐⇒ φ1 = 0.349786 × 360 = 125.923◦ .

• Similarly for the frequency f2 we find the residual phase
– n2 = 134, r2=0.0165356 ⇐⇒ φ2 = 5.953◦

– Thus, Δφ=φ2 − φ1 = 5.953-125.923 =-119.970◦ .
We use this value in the formula given in (6). However, since Δφ is negative (this means
Δn = 1), we add 360◦ giving 240.0296◦ (If Δφ was positive we would have used the value
directly).

• Now, v = 1.500 mm/μs, Δ f = 1 kHz, substituting into (7) gives a first estimate of the range
d̂ f1 f2

= 1000.1233 mm.
The Unambiguous Range R (8) is independent of the frequencies used, depending only on
the difference in frequency Δ f .

• Note that in practice such resolution may not be achievable and limitations must be
considered. For example, if the uncertainty of estimating the phase is within ±0.5◦,
then the phases in the example above become φ1=126.0 and φ2=6.0, giving d=1000.0 mm
implying an error of 0.1234 mm.
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3.2 Using multiple frequencies through a “Vernier approach”

In (6), we imposed the condition that Δn ≤ 1. The values of frequencies f1 and f2 were chosen
to insure this condition and to obtain a first estimate of the distance d̂ f1 f2

(6), and an estimate
of the time delay t̂ f1 f2 (7).

Introducing a third frequency f3 = 210 kHz, such that ( f3 − f1 = 10 × ( f2 − f1)); f2 differs
from f1 by 1 kHz and f3 differs from f1 by 10 kHz.

Again from (1), for f3 and d=1000.1234 mm, n3 = 140 cycles and r3 = 0.017276. Thus, φ3 =
6.219◦ which we would measure as 6.5◦. Thus, Δφ13 = φ3 − φ1 = 6.5 − 126 = −119.5◦ . We
add 360◦ to give 240.5◦ . However, Δn13 between frequencies f1 and f3 is now 7 (in fact 6, since
we have already added in 360◦ to make the phase difference positive).

Using (6) with Δφ13 and different values of Δn13 (0 to 6) to get different distance estimate d̂ f1 f3
.

Applying (6) recursively for Δn13 = 0...6 to calculate d̂k
f1 f3

|k=0,6 selecting d̂k
f1 f3

closest in

value to d̂ f1 f2 as the optimum value d̂ f1 f3 = 1000.2083mm |k=6. Hence, a new best time delay
estimate t̂ f1 f3 |k=6

.

Note that the new best estimate distance is with an error of 0.0849 mm. If a 4th frequency is
introduced f4 = 300.0 kHz, such that the Δ f = f4 − f1 = 100.0 kHz, using (1) again, gives n4
= 200 cycles and r4 = 0.02468 corresponding to φ4 = 8.8848◦ which we measure as 9◦. Thus,
Δφ = 9 − 126 = −117◦ which gives Δφ = 249.5 after adding 360◦ . Note that Δn = 66 in this
case.

Similarly, select the estimate d̂ f1 f4 (Δn =0,1,2,..66) close in value to d̂ f1 f3 . This occurs at Δn = 66
giving d̂ f1 f4

= 1000.125 mm. Taking this as the best estimate, the final error is 0.0016 mm = 1.6
microns.

Thus, this example is reminiscent of the operation of a Vernier gauge as follows:

• Δφ12, related to the frequencies f1 and f2, gives the first estimate of the distance d̂ f1 f2
, hence

t̂ f1 f2
.

• A higher frequency f3 is then used (decade difference) to measure the same range but with
a finer resolution. So a more accurate approximation to the measured range is obtained
d̂ f1 f3

.

• Similarly, the measured range d̂ f1 f4
corresponding to Δφ14 within f1 and f4, will give the

ultimate estimate of the measured range d.

• Consequently, the maximum distance and the minimum resolution achieved are
determined by the choice of the frequencies f1, f2, f3 and f4.

3.3 Phase offset measurement calibration

In the numerical example above, it is assumed the phases are faithfully transmitted and
received, with no phase error on transmission or reception. It is also assumed that all
frequencies have zero phase offset with respect to each other. In practice this is almost
certainly not the case and such phase offsets between frequencies should be accounted for
as discussed below.
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Considering two frequencies f1 = 200.0 kHz and f2 = 201 kHz, assuming the speed of sound
in water (v =1.5 mm/μs), from (8), the unambiguous range R = 1500 mm and Δn is 0 or 1.
Considering the above

t =
D
v

=
n + φ/360

f
(9)

Consider two distances d1, d2 corresponding to two "times" t1 and t2 such that the number of
cycles n is the same for both frequencies over these distances, and assume the phase measured
includes a phase offset for that frequency. As an example, suppose the unknown phase offset
for f1 is 10◦, for f2 is 30◦ and assume d1 = 100 mm.

From (9), the term (n1 + φ1/360) would be calculated as 13.3333 cycles, where φ1 = 120◦ . The
’measured’ φ1 = 120 + 10 = 130◦ (φ1measured = φ1distance + φ1o f f set).

Similarly, for f2 we obtain (n2 + φ2/360) = 13.40 cycles, where φ2 = 144◦ . The ’measured’
φ2 = 144 + 30 = 174◦ ; from (7), t1 = Δφ/(360 × Δ f ) = (174−130)

360×Δ f =12.2222 μs. The actual time
should be 6.6666 μs.

Assume a second distance d2= 200 mm. Using (9), for f1 we obtain (n1 + φ1/360) = 26.6666
cycles, which gives φ1 = 240◦ , the ’measured’ φ1 = 240 + 10 = 250◦ . For f2 we obtain
(n2 + φ2/360) =26.80 cycles, which gives φ2 = 288◦ . The ’measured’ φ2 = 288 + 30 = 318◦ .

Thus, using (7), t2 = Δφ/(360 × Δ f ) = (318−250)
360Δ f = 18.8888 μs. The actual time should be

13.3333 μs.

Plotting d as the x-axis and t as the y-axis we obtain a linear relationship

t = 0.6666 × d + 5.5555 (10)

where the slope (0.6666=1/1.5) is the speed of sound measured as 1 mm per 0.6666 μs or
1/0.6666 = 1.5 mm/μs. The intercept (5.5555 μs) is a measure of the relative phase between f1
and f2. Since Δ f = 10 kHz, 1 cycle is 100 μs long, consequently the offset of 5.5555 μs ≡ 360 ×
(5.5555/100) = 20◦ which is equal to the relative phase (30-10) between the two frequencies.
If we had known the phase offset between the two frequencies (20◦) then in the calculation of
times we would have obtained for t1 a new phase difference of (174 − 130 − 20) = 24◦ giving
a time for t1 = 6.6666 μs.
Similarly, for t2 we obtain a new phase difference of (318 − 250 − 20) = 48◦ giving a time for
t2 = 13.3333 μs. Both t1 and t2 are now correct.

Note that:

• If we assumed d1 was 100 mm but it was actually say 120 mm and that d2 was 200 mm but
it was actually 220 mm, then we obtain the phase offset as 15.2◦ , the slope of (10) above
however, is unaffected. For example, such uncertainty may arise if the distance traveled
by the wave within the transducers is not taken into consideration.

• If the temperature changes and so v changes, this changes the slope of (10) but not the time
intercept or the phase offset. For example, if v=1.6 mm/μs, then equation (10) becomes
t = (1/1.6)× d + 5.5555 = 0.625 × d + 5.5555.
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4. Application

4.1 Experiment

To demonstrate this approach, a series of measurements were performed in a water tank
measuring 1530× 1380× 1000 mm3. Two broadband ultrasonic transducers were used, having
a wide bandwidth with a centre frequency between 100 kHz and 130 kHz. They operate
as both transmitters (Tx) and receivers (Rx) of ultrasound with a beam width of around
10 degrees at the centre frequency, where -3dB bandwidth is 99 kHz (72 kHz to 171 kHz).
The transducers were mounted on a trolley, moveable in the Y-direction, which was in-turn
mounted on a rail, moveable in the X-direction. The experimental set-up is illustrated in Fig.
2.

Fig. 2. Schematic diagram of the experimental setup

For this purpose, linear encoders were used to measure displacement of the rails in the
x-direction. Software written in Visual Basic provided readouts of transducer positions. The
temperature in the tank was measured by thermocouples which were calibrated using a quartz
thermometers which are traceable to national standard. They were positioned on the four
sides panels of the tank and recorded 19.84, 19.89, 19.89 and 19.88◦C during the experiment.

The transmitter was driven directly by a 20 V peak-to-peak waveform consisting of four sine
waves with zero phase offset (70 kHz, 71 kHz, 80 kHz and 170 kHz) added together. A
modular system comprising a 16-bit arbitrary waveform generator (Ztec ZT530PXI) and a
16-bit digital storage oscilloscope (Ztec ZT410PXI) were used to transmit and receive signals.
A program written in C++ was used to control the signal transmission and acquisition.
Distances between Tx and Rx of 612.859 mm, 642.865 mm, 702.876 mm, 762.875 mm, 822.847
mm , 882.875 mm, 942.863 and 999.804 mm were chosen to be within the unambiguous range
R ≈ 1500 mm (8), as set by the linear encoders. A set of 10 signals; were transmitted for
each distance described above. Note that, before transmitting, each signal was multiplied by
a Tukey window (cosine-tapered window with a 0.1 taper ratio) to reduce the "turn on" and
"turn off" transients of the transducers.
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At each distance, 3 repetitive pulses were transmitted and received for each distance.
Furthermore, 6 repetitive pulses were transmitted and received while keeping the distance
constant at 999.804 mm to assess the repeatability of the system (see Fig.3). Each pulse was
3 ms long containing the 4 added frequency components described above. The sampling
frequency Fs was set to 10 MHz, giving a number of samples N=20000. A Discrete Fourier
Transform (DFT) was then applied to the received pulses to obtain the magnitude and phase
information for each of the 4 frequency components, using a window of [ N

2 + 1 : N] for each
received signal. This gave a resolution Fs

N/2 =1 kHz which was consistent with the smallest
step between the 4 frequencies.
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Fig. 3. Examples of transmitted and received signals.

Fig. 3 shows the original transmitted (left) and received (right) signals when Tx and Rx were
999.804 mm apart.

Note the DFT reports phase with respect to cosine, whereas sine waves were used in this
experiment. Sine waves are returned with a phase of −90◦ relative to cosine waves by the
DFT. This was not an issue, since relative phase differences were used.

Distance (mm) Estimated time (μs)

612.85900 446.557
642.86500 466.779
702.87600 507.267
762.87500 547.739
822.84700 587.975
882.87500 628.386
942.86300 668.855
999.80400 707.183

Table 1. The estimated time delays for the eight distances

4.2 Results and discussion

Using the phase difference for each distance, the phase-based time delay approach was
applied to obtain the corresponding estimated times for each phase difference Δφ12, Δφ13,
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Δφ14, Δφ23, Δφ24 and Δφ34, for the pairs f1 f2, f1 f3, f1 f4, f2 f3, f2 f4 and f3 f4, respectively.
Note that a careful use of the Fourier transform (DFT) have to be considered to calculate
the phase offset for each component. To do this, we have to take into account the fact that
all the frequency components have to be integer number of cycles and have to be in the
frequency bins defined by the smallest frequency difference between components. Using a
simple calculation of the first estimate by t12 = Δφ12/( f2 − f1) as a first estimate using (7), gave
corresponding estimated times t̂12, t̂13, t̂14, t̂23, t̂24 and t̂34, respectively. For each distance, t̂14
should be the best estimate (i.e. the greatest Δ f ). Note that, t̂14 parameter is taken as a best
estimate for time delay measurement in Table.1. Fig. 3 shows the estimated t̂14 for the distance
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Fig. 4. Repeated time delay estimations for a transducer separation of 582.893 mm showing a
maximum variability of almost 8 ns in the time delays estimated (617.8±0.0081 μs).

between Tx and Rx of 582.893 for 5 repeat pulses. The repeatability is shown to be within 8 ns.

5. Conclusion

In this chapter, a high resolution time delay estimation approach based on phase differences
between components of the received signal has been proposed. Hence no need to do a
cross-correlation between the transmitted and the received signal as all the information
is comprised in the received signal in the local phase between components. Within an
unambiguous range defined by the smallest and the highest frequency in the signal, any
distance can be estimated. This time delay technique leads also to high resolution distance
and speed of sound measurement. This approach is tolerant to additive gaussian noise as it
relies on local phase difference information. The technique is costly effective as it relies on
software and no need for local oscillator to overcome such phase ambiguity by counting the
integer number of cycles in the received signal as it is done by the conventional methods. We
have mentioned that, authors in Whitlow & Simmons (2007), concluded that, bat can achieve
a resolution of 20μm in air, if we can measure the phase to an accuracy of 1 degree then this

10 Underwater Acoustics A Novel Bio-Inspired Acoustic Ranging Approach for a Better Resolution Achievement 11

would allow us to get a resolution of 4mm/360=11μm, using the same wavelength as the bat
do.
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Δφ14, Δφ23, Δφ24 and Δφ34, for the pairs f1 f2, f1 f3, f1 f4, f2 f3, f2 f4 and f3 f4, respectively.
Note that a careful use of the Fourier transform (DFT) have to be considered to calculate
the phase offset for each component. To do this, we have to take into account the fact that
all the frequency components have to be integer number of cycles and have to be in the
frequency bins defined by the smallest frequency difference between components. Using a
simple calculation of the first estimate by t12 = Δφ12/( f2 − f1) as a first estimate using (7), gave
corresponding estimated times t̂12, t̂13, t̂14, t̂23, t̂24 and t̂34, respectively. For each distance, t̂14
should be the best estimate (i.e. the greatest Δ f ). Note that, t̂14 parameter is taken as a best
estimate for time delay measurement in Table.1. Fig. 3 shows the estimated t̂14 for the distance
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Fig. 4. Repeated time delay estimations for a transducer separation of 582.893 mm showing a
maximum variability of almost 8 ns in the time delays estimated (617.8±0.0081 μs).

between Tx and Rx of 582.893 for 5 repeat pulses. The repeatability is shown to be within 8 ns.

5. Conclusion

In this chapter, a high resolution time delay estimation approach based on phase differences
between components of the received signal has been proposed. Hence no need to do a
cross-correlation between the transmitted and the received signal as all the information
is comprised in the received signal in the local phase between components. Within an
unambiguous range defined by the smallest and the highest frequency in the signal, any
distance can be estimated. This time delay technique leads also to high resolution distance
and speed of sound measurement. This approach is tolerant to additive gaussian noise as it
relies on local phase difference information. The technique is costly effective as it relies on
software and no need for local oscillator to overcome such phase ambiguity by counting the
integer number of cycles in the received signal as it is done by the conventional methods. We
have mentioned that, authors in Whitlow & Simmons (2007), concluded that, bat can achieve
a resolution of 20μm in air, if we can measure the phase to an accuracy of 1 degree then this
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would allow us to get a resolution of 4mm/360=11μm, using the same wavelength as the bat
do.
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1. Introduction

Array processing is used in diverse areas such as radar, sonar, communications and seismic
exploration. Usually the parameters of interest are the directions of arrival of the radiating
sources. The High-Resolution subspace-based methods for direction-of-arrival (DOA)
estimation have been a topic of great interest. The subspace-based methods well-developed
so far require a fundamental assumption, which is that the background noise is uncorrelated
from sensor to sensor, or known to within a multiplicative scalar. In practice this assumption
is rarely fulfilled and the noise received by the array may be a combination of multiple
noise sources such as flow noise, traffic noise, or ambient noise, which is often correlated
along the array (Reilly & Wong, 1992; Wu & Wong, 1994). However, the spatial noise is
estimated by measuring the spectrum of the received data when no signal is present. The
data for parameter estimation is then pre-whitened using the measured noise. The problem
with this method is that the actual noise covariance matrix varies as a function of time in
many applications. At low signal-to-noise ratio (SNR) the deviations from the assumed noise
characteristics are critical and the degradation may be severe for the localization result. In
this chapter, we present an algorithm to estimate the noise with band covariance matrix. This
algorithm is based on the noise subspace spanned by the eigenvectors associated with the
smallest eigenvalues of the covariance matrix of the recorded data. The goal of this study is to
investigate how perturbations in the assumed noise covariance matrix affect the accuracy of
the narrow-band signal DOA estimates (Stoica et al., 1994). A maximum likelihood algorithm
is presented in (Wax, 1991), where the spatial noise covariance is modeled as a function of
certain unknown parameters. Also in (Ye & DeGroat, 1995) a maximum likelihood estimator
is analyzed. The problem of incomplete pre-whitening or colored noise is circumvented by
modeling the noise with a simple descriptive model. There are other approaches to the
problem of spatially correlated noise: one is based on the assumption that the correlation
structure of the noise field is invariant under a rotation or a translation of the array, while
another is based on a certain linear transformation of the sensor output vectors (Zhang & Ye,
2008; Tayem et al., 2006). These methods do not require the estimation of the noise correlation
function, but they may be quite sensitive to the deviations from the invariance assumption
made, and they are not applicable when the signals also satisfy the invariance assumption.

2. Problem formulation

Consider an array of N sensors which receive the signals in one wave field generated by P
(P < N) sources in the presence of an additive noise. The received signal vector is sampled

2
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and the DFT algorithm is used to transform the data into the frequency domain. We represent
these samples by:

r( f ) = A( f )s( f ) + n( f ) (1)

where r( f ), s( f ) and n( f ) are respectively the Fourier transforms of the array outputs,
the source signals and the noise vectors. The A( f ), matrix of dimensions (N × P) is the
transfer matrix of the source-sensor array systems with respect to some chosen reference point.
The sensor noise is assumed to be independent of the source signals and partially spatially
correlated. The sources are assumed to be uncorrelated. The covariance matrix of the data can
be defined by the (N × N)-dimensional matrix.

Γ( f ) = E[r( f )r+( f )] (2)

Γ( f ) = A( f )Γs( f )A+( f ) + Γn( f ) (3)

Where E[.] denotes the expectation operator, superscript + represents conjugate transpose,
Γn( f ) = E[n( f )n+( f )] is the (N × N) noise covariance matrix, and Γs( f ) = E[s( f )s+( f )] is
the (P × P) signal covariance matrix. The above assumption concerning the non-correlation
of the sources means that Γs( f ) is full rank.

The High-Resolution algorithms of array processing assume that the matrix Γn( f ) is diagonal.
The subspace-based techniques are based on these properties. For example the MUSIC
(Multiple Signal Classification)(Cadzow, 1998) null-spectrum Pmusic(θ) is defined by :

Pmusic(θ) =
1

|a+(θ)V̂N( f )V̂+
N( f )a(θ)| (4)

and it is expected that Pmusic(θ) has maximum points around θ ∈ {θ1, ..., θP}, where θ1, ..., θp

are the directions of arrival of the sources and V̂N( f ) = {vP+1( f ) . . . vN( f )}. Therefore, we
can estimate the DOA by taking the local maximum points of Pmusic(θ).

In this chapter, we consider that the matrix Γn( f ) is not diagonal because the noise realizations
are spatially correlated and then the performances of these methods are considerably
degraded.

3. Modeling the noise field

A fundamental limitation of the standard parametric array processing algorithms is that the
covariance matrix of background noise cannot, in general, be estimated along with the signal
parameters. So this leads to an unidentifiable parametrization, the measured data should
always be regarded to consist of only the noise with a covariance matrix equal to that of the
observed sample. This is a reason for imposing a model on the background noise. Several
parametric noise models have been proposed in some literatures recently. Here, as well as
in (Zhang & Ye, 2008), a descriptive model will be used, that is, the spatial noise covariance
matrix is assumed to consist of a linear combination of some unknown parameters, which
are weighted by known basis matrices. There are two different noise phenomenons to be
described. We can model the noise as:

- an internal noise generated by the sensors so-called thermal noise. This noise is assumed
to be independent (Zhang & Ye, 2008; Werner & Jansson, 2007) from sensor to sensor, but not
necessarily spatially white. Then the spatial covariance matrix of this noise denoted ΓS

n( f ) is
diagonal.

14 Underwater Acoustics Array Processing: Underwater Acoustic Source Localization 3

- an external noise received on the sensors, whose spatial covariance matrix is assumed to
have the following structure (Zhang & Ye, 2008; Werner & Jansson, 2007; Friedlander & Weiss,

1995), ΓB
n ( f ) =

K

∑
k=1

αkβk, where αk are unknown parameters and βk are complex weighting

matrices, βk are chosen such that ΓB
n ( f ) is positive definite and of band structure.

Consequently, the additive noise is the sum of these two noise terms and the spatial covariance
matrix is

Γn( f ) = ΓS
n( f ) + ΓB

n ( f ) (5)

4. Modeling the covariance matrix of the band noise

In many applications when a uniform linear array antenna system is used, it is reasonable to
assume that noise correlation is decreasing along the array (see Fig. 1). This is a widely used
model for colored noise. We can then obtain a specific model for noise correlation under the
following assumptions:

• the correlation length is K which means that the spatial correlation attains up to the K−th
sensor;

• the noise realizations received by sensors which are separated with a distance no less than
Kd, where d is the distance between sensors, are considered uncorrelated,

The noise correlation model which is obtained is represented on Fig. 1.

Fig. 1. Noise correlation along an uniform linear array with N sensors, ρ is the noise spatial
correlation coefficient.

In this chapter the noise covariance matrix is modeled as an Hermitian, positive-definite band
matrix Γn( f ), with half-bandwidth K. The (i, m)−th element of Γn( f ) is ρmi with:

ρmi = 0, f or |i − m| ≥ K i, m = 1, . . . , N
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Γn =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

σ2
1 ( f ) ρ12( f ) · · ·

ρ∗12( f ) σ2
2 ( f ) · · ·

...
. . .

. . .
ρ∗1K( f ) · · · ρ∗K−1( f )

...
. . .

. . .
0 · · · ρ∗KN( f )

ρ1K( f ) · · · 0
ρ1(K+1)( f ) · · · 0

· · · . . .
...

σ2
K( f ) · · · ρKN( f )

· · · . . .
...

· · · ρ∗K(N−1)( f ) σ2
N( f )

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

Where ρmi = ρ̄mi + jρ̃mi; i,m=1,...,N; ρmi are complex variables, j2 = −1 and σ2
i is the noise

variance at the ith sensor, and ∗ denotes complex conjugate.
In the following section, an algorithm to estimate the band noise covariance matrix is
developed for narrow-band signals.

5. Estimation of the noise covariance matrix

5.1 Proposed algorithm

Several methods have been proposed for estimating the directions of arrival of multiple
sources in unknown noise fields. Initially the noise spectral matrix is measured, when signals
of interest are not present. Other techniques (Abeidaa & Delmas, 2007) based on the maximum
likelihood algorithm are developed, which incorporate a noise model to reduce the bias for
estimating both the noise covariance matrix and the directions of arrival of the sources.

Our approach is realized in two steps. Using an iterative algorithm, the noise covariance
matrix is estimated, then this estimate is subtracted from the covariance matrix of the received
signals.

The proposed algorithm for estimating the noise covariance matrix can be summarized as
follows:

Step 1 : Estimate the covariance matrix Γ( f ) of the received signals by the expectation of

T time measures noted by Γ̂( f ). Γ̂( f ) = 1
T

� T

∑
t=1

rt(f)r+t (f)
�
. The eigendecomposition of this

matrix is given by:

Γ̂( f ) = V( f )Λ( f )V+( f ) with Λ( f ) = diag[λ1( f ), ..., λN( f )] and V( f ) =
[v1( f ), v2( f ), ..., vN( f )] where λi( f ), i = 1...N, (λ1 ≥ λ2 ≥, ...,≥ λN), and vi( f ) are
respectively the i-th eigenvalue and the corresponding eigenvector.

And we initialize the noise covariance matrix by Γ0
n( f ) = 0.

Step 2 : Calculate WP = VS( f )Λ1/2
S ( f ), and VS( f ) = [v1( f ), v2( f ), ..., vP( f )] is the matrix of

the P eigenvectors associated with the first P largest eigenvalues of Γ̂( f ).
Let Δ1 = WP( f )W+

P ( f ).
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Step 3 : Calculate the (i, j)th element of the current noise covariance matrix

[Γ1
n( f )]ij = [Γ̂( f )− Δ1]ij i f | i − j |< K i, j = 1, ..., N

and
[Γ1

n( f )]ij = 0 i f | i − j |≥ K

Γl
n( f ) =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

Γl
11( f )− Δl

11( f ) · · · Γl
1K( f )− Δl

1K( f )
...

. . .
. . .

Γl
K1( f )− Δl

K1( f ) · · · Γl
KK( f )− Δl

KK( f )
...

. . .
. . .

0 · · · · · ·
· · · 0

· · · ...
· · · Γl

NK( f )− Δl
NK( f )

· · · ...
· · · Γl

NN( f )− Δl
NN( f )

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

Step 4 : Eigendecomposition of the matrix [Γ̂( f )− Γ1
n( f )]. The new matrices Δ2( f ) and Γ2

n( f )
are calculated using the previous steps. Repeat the algorithm until a significant improvement
of the estimated noise covariance matrix is obtained.

Stop test : The iteration is stopped when �Γl+1
n ( f )− Γl

n( f )�F < ε with ε a fixed threshold.
The difference between the Frobenius norms of matrices Γl+1

n ( f ) and Γl
n( f ) is given by :

�Γl+1
n ( f )− Γl

n( f )�F =
� N

∑
i,j=1

t2
ij( f )

�1/2

where tij( f ) = [Γl+1
n ( f )− Γl

n( f )]ij.

5.2 Spatial correlation length

In the previously proposed iterative algorithm, the spatial correlation length of the noise is
supposed to be known. In practice, this is aforehand uncertain, therefore the search for a
criterion of an estimate of K is necessary. In (Tayem et al., 2006), one algorithm which jointly
estimates the number of sources and the spatial correlation length of the noise is presented.
We propose to vary the value of K until the stability of the result is reached, that is, until
the noise covariance matrix does not vary when K varies. The algorithm incorporating the
choice of the correlation length K is presented in Fig. 2. In the stop test, we check whether
�[ΓK+1

n ]1( f )− [ΓK
n ]1( f )�F < ε or not.

6. Simulation results

In the following simulations, a uniform linear array of N = 10 omnidirectional sensors with
equal inter-element spacing d = c

4 fo
is used, where fo is the mid-band frequency and c is

the velocity of propagation. The number of independent realizations used for estimating the
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⎛
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σ2
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2 ( f ) · · ·

...
. . .

. . .
ρ∗1K( f ) · · · ρ∗K−1( f )

...
. . .

. . .
0 · · · ρ∗KN( f )

ρ1K( f ) · · · 0
ρ1(K+1)( f ) · · · 0

· · · . . .
...

σ2
K( f ) · · · ρKN( f )

· · · . . .
...

· · · ρ∗K(N−1)( f ) σ2
N( f )

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

Where ρmi = ρ̄mi + jρ̃mi; i,m=1,...,N; ρmi are complex variables, j2 = −1 and σ2
i is the noise

variance at the ith sensor, and ∗ denotes complex conjugate.
In the following section, an algorithm to estimate the band noise covariance matrix is
developed for narrow-band signals.

5. Estimation of the noise covariance matrix

5.1 Proposed algorithm

Several methods have been proposed for estimating the directions of arrival of multiple
sources in unknown noise fields. Initially the noise spectral matrix is measured, when signals
of interest are not present. Other techniques (Abeidaa & Delmas, 2007) based on the maximum
likelihood algorithm are developed, which incorporate a noise model to reduce the bias for
estimating both the noise covariance matrix and the directions of arrival of the sources.

Our approach is realized in two steps. Using an iterative algorithm, the noise covariance
matrix is estimated, then this estimate is subtracted from the covariance matrix of the received
signals.

The proposed algorithm for estimating the noise covariance matrix can be summarized as
follows:

Step 1 : Estimate the covariance matrix Γ( f ) of the received signals by the expectation of

T time measures noted by Γ̂( f ). Γ̂( f ) = 1
T

� T

∑
t=1

rt(f)r+t (f)
�
. The eigendecomposition of this

matrix is given by:

Γ̂( f ) = V( f )Λ( f )V+( f ) with Λ( f ) = diag[λ1( f ), ..., λN( f )] and V( f ) =
[v1( f ), v2( f ), ..., vN( f )] where λi( f ), i = 1...N, (λ1 ≥ λ2 ≥, ...,≥ λN), and vi( f ) are
respectively the i-th eigenvalue and the corresponding eigenvector.

And we initialize the noise covariance matrix by Γ0
n( f ) = 0.

Step 2 : Calculate WP = VS( f )Λ1/2
S ( f ), and VS( f ) = [v1( f ), v2( f ), ..., vP( f )] is the matrix of

the P eigenvectors associated with the first P largest eigenvalues of Γ̂( f ).
Let Δ1 = WP( f )W+

P ( f ).
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Step 3 : Calculate the (i, j)th element of the current noise covariance matrix

[Γ1
n( f )]ij = [Γ̂( f )− Δ1]ij i f | i − j |< K i, j = 1, ..., N

and
[Γ1

n( f )]ij = 0 i f | i − j |≥ K

Γl
n( f ) =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

Γl
11( f )− Δl

11( f ) · · · Γl
1K( f )− Δl

1K( f )
...

. . .
. . .

Γl
K1( f )− Δl

K1( f ) · · · Γl
KK( f )− Δl

KK( f )
...

. . .
. . .

0 · · · · · ·
· · · 0

· · · ...
· · · Γl

NK( f )− Δl
NK( f )

· · · ...
· · · Γl

NN( f )− Δl
NN( f )

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

Step 4 : Eigendecomposition of the matrix [Γ̂( f )− Γ1
n( f )]. The new matrices Δ2( f ) and Γ2

n( f )
are calculated using the previous steps. Repeat the algorithm until a significant improvement
of the estimated noise covariance matrix is obtained.

Stop test : The iteration is stopped when �Γl+1
n ( f )− Γl

n( f )�F < ε with ε a fixed threshold.
The difference between the Frobenius norms of matrices Γl+1

n ( f ) and Γl
n( f ) is given by :

�Γl+1
n ( f )− Γl

n( f )�F =
� N

∑
i,j=1

t2
ij( f )

�1/2

where tij( f ) = [Γl+1
n ( f )− Γl

n( f )]ij.

5.2 Spatial correlation length

In the previously proposed iterative algorithm, the spatial correlation length of the noise is
supposed to be known. In practice, this is aforehand uncertain, therefore the search for a
criterion of an estimate of K is necessary. In (Tayem et al., 2006), one algorithm which jointly
estimates the number of sources and the spatial correlation length of the noise is presented.
We propose to vary the value of K until the stability of the result is reached, that is, until
the noise covariance matrix does not vary when K varies. The algorithm incorporating the
choice of the correlation length K is presented in Fig. 2. In the stop test, we check whether
�[ΓK+1

n ]1( f )− [ΓK
n ]1( f )�F < ε or not.

6. Simulation results

In the following simulations, a uniform linear array of N = 10 omnidirectional sensors with
equal inter-element spacing d = c

4 fo
is used, where fo is the mid-band frequency and c is

the velocity of propagation. The number of independent realizations used for estimating the
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Fig. 2. Integration of the choice of K in the algorithm, where [ΓK
n ]1( f ) indicates the principal

diagonal of the banded noise covariance matrix Γn( f ) with spatial correlation length K.

covariance matrix of the received signals is 1000. The signal sources are temporally stationary
zero-mean white Gaussian processes with the same frequency fo = 115 Hz. Three equi-power
uncorrelated sources impinge on the array from different angles with the SNR = 10dB. The
noise power is taken as the average of the diagonal elements of the noise covariance matrix

σ2 = 1
N

N

∑
i=1

σ2
i .

To demonstrate the performance of the proposed algorithm, three situations are considered:

- Band-Toeplitz noise covariance matrix, with each element given by a modeling function;

- Band-Toeplitz noise covariance matrix, where the element values are arbitrary;

- Band noise covariance matrix, with each element arbitrary.

In each case, two spatial correlation lengths are studied: K = 3 and K = 5.

6.1 Noise covariance matrix estimation and results obtained

To localize the directions of arrival of sources and to evaluate the performance of the proposed
algorithm, the High-Resolution methods such as MUSIC (Kushki & Plataniotis, 2009; Hawkes
& Nehorai, 2001) are used after the preprocessing, with the exact number of sources (P = 3).
This detection problem is not considered in this study.

Example 1 : Band-Toeplitz noise covariance matrix:

In this example, the spatial correlation between the noises is exponentially decreasing along
the array of antenna and the elements of the noise covariance matrix are expressed as:

[Γn( f )]i,m = σ2ρ|i−m|ejπ(i−m)/2 i f |i − m| < K
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and,
[Γn( f )]i,m = 0 i f |i − m| ≥ K

where σ2 is the noise variance equal for every sensor and ρ is the spatial correlation coefficient.
The values which are retained are: σ2 = 1 and ρ = 0.7.

In each of the two studied cases (K = 3 and K = 5), the noise covariance matrix is estimated
with a fixed threshold value � = 10−5 after a few iterations and we notice that the number of
iterations for K = 5 is greater than that of K = 3.

Example 2 : Band-Toeplitz noise covariance matrix

In this example, the covariance matrix elements are chosen such that their values are
decreasing along the array of antenna. The noise covariance matrix has the same structure
as in example 1:

Γn =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

σ2 ρ2 · · · ρK · · · 0
ρ∗2 σ2 ρ2 · · · · · · 0
...

. . .
. . .

. . .
. . .

...

ρ∗K
. . .

. . .
. . .

. . .
...

...
. . .

. . .
. . .

. . .
...

0 · · · ρ∗K · · · ρ∗2 σ2

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

The parameters used are: in the case of K = 3, σ2 = 1, ρ2 = 0.4 + 0.3j and ρ3 = 0.1 + 0.07j.
Using the proposed algorithm, the three complex parameters of the noise covariance matrix
can be perfectly estimated.

- For K = 5: σ2 = 1, ρ2 = 0.4 + 0.3j, ρ3 = 0.1 + 0.07j, ρ4 = 0.07 + 0.05j and ρ5 = 0.01 + 0.009j.
The proposed algorithm gives good estimates of the simulated parameters.

Example 3 : Band noise covariance matrix with random elements:

Each element of the band noise covariance matrix is obtained by the average of several
simulations simulated with random numbers uniformly distributed in the interval (0,1).

For K = 3, Fig. 3 shows the differences between the 10 elements of the principal diagonal of
the simulated matrix and those of the estimated matrix.

For K = 5, Fig. 4 shows the obtained results. Comparing these two results, we can remark
that when K increases the estimation error increases. This concluding remark is observed on
many simulations.

Figures 5, 6, 7, 8, 9 and 10 show the localization results of three sources before and after the
preprocessing. Before the preprocessing, we use directly the MUSIC method to localize the
sources. Once the noise covariance matrix is estimated with the proposed algorithm, this
matrix is subtracted from the initial covariance matrix of the received signals, and then we
use the MUSIC method to localize the sources. The three simulated sources are 5◦, 10◦ and
20◦ for Fig. 5 and 6; 5◦, 15◦ and 20◦ for Figs. 7 and 8; 5◦, 15◦ and 25◦ for Fig. 9 and 10. For
Figs. 7 and 8, the simulated SNR is greater than those of Figs. 5, 6 and Figs. 7 and 8.
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Fig. 2. Integration of the choice of K in the algorithm, where [ΓK
n ]1( f ) indicates the principal

diagonal of the banded noise covariance matrix Γn( f ) with spatial correlation length K.
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To demonstrate the performance of the proposed algorithm, three situations are considered:

- Band-Toeplitz noise covariance matrix, with each element given by a modeling function;

- Band-Toeplitz noise covariance matrix, where the element values are arbitrary;

- Band noise covariance matrix, with each element arbitrary.

In each case, two spatial correlation lengths are studied: K = 3 and K = 5.

6.1 Noise covariance matrix estimation and results obtained

To localize the directions of arrival of sources and to evaluate the performance of the proposed
algorithm, the High-Resolution methods such as MUSIC (Kushki & Plataniotis, 2009; Hawkes
& Nehorai, 2001) are used after the preprocessing, with the exact number of sources (P = 3).
This detection problem is not considered in this study.

Example 1 : Band-Toeplitz noise covariance matrix:

In this example, the spatial correlation between the noises is exponentially decreasing along
the array of antenna and the elements of the noise covariance matrix are expressed as:

[Γn( f )]i,m = σ2ρ|i−m|ejπ(i−m)/2 i f |i − m| < K
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and,
[Γn( f )]i,m = 0 i f |i − m| ≥ K

where σ2 is the noise variance equal for every sensor and ρ is the spatial correlation coefficient.
The values which are retained are: σ2 = 1 and ρ = 0.7.

In each of the two studied cases (K = 3 and K = 5), the noise covariance matrix is estimated
with a fixed threshold value � = 10−5 after a few iterations and we notice that the number of
iterations for K = 5 is greater than that of K = 3.

Example 2 : Band-Toeplitz noise covariance matrix

In this example, the covariance matrix elements are chosen such that their values are
decreasing along the array of antenna. The noise covariance matrix has the same structure
as in example 1:

Γn =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

σ2 ρ2 · · · ρK · · · 0
ρ∗2 σ2 ρ2 · · · · · · 0
...

. . .
. . .

. . .
. . .

...

ρ∗K
. . .

. . .
. . .

. . .
...

...
. . .

. . .
. . .

. . .
...

0 · · · ρ∗K · · · ρ∗2 σ2

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

The parameters used are: in the case of K = 3, σ2 = 1, ρ2 = 0.4 + 0.3j and ρ3 = 0.1 + 0.07j.
Using the proposed algorithm, the three complex parameters of the noise covariance matrix
can be perfectly estimated.

- For K = 5: σ2 = 1, ρ2 = 0.4 + 0.3j, ρ3 = 0.1 + 0.07j, ρ4 = 0.07 + 0.05j and ρ5 = 0.01 + 0.009j.
The proposed algorithm gives good estimates of the simulated parameters.

Example 3 : Band noise covariance matrix with random elements:

Each element of the band noise covariance matrix is obtained by the average of several
simulations simulated with random numbers uniformly distributed in the interval (0,1).

For K = 3, Fig. 3 shows the differences between the 10 elements of the principal diagonal of
the simulated matrix and those of the estimated matrix.

For K = 5, Fig. 4 shows the obtained results. Comparing these two results, we can remark
that when K increases the estimation error increases. This concluding remark is observed on
many simulations.

Figures 5, 6, 7, 8, 9 and 10 show the localization results of three sources before and after the
preprocessing. Before the preprocessing, we use directly the MUSIC method to localize the
sources. Once the noise covariance matrix is estimated with the proposed algorithm, this
matrix is subtracted from the initial covariance matrix of the received signals, and then we
use the MUSIC method to localize the sources. The three simulated sources are 5◦, 10◦ and
20◦ for Fig. 5 and 6; 5◦, 15◦ and 20◦ for Figs. 7 and 8; 5◦, 15◦ and 25◦ for Fig. 9 and 10. For
Figs. 7 and 8, the simulated SNR is greater than those of Figs. 5, 6 and Figs. 7 and 8.
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Fig. 3. Variations of the estimation error along the principal diagonal of the noise covariance
matrix for K = 3.
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Fig. 4. Variations of the estimation error along the principal diagonal of the noise covariance
matrix for K = 5.

The comparison of the results of Figs. 5, 6 and 7, 8 comes to the conclusion that the MUSIC
method cannot separate the close sources without the preprocessing when the SNR is low,
so in Fig. 5 we can only detect two sources before preprocessing. And for each case we can
note that there is improvement in the results obtained with the preprocessing. Comparing
the results of K = 3 with that of K = 5 for each figure, we can also reconfirm that when K
increases, the estimation error increases on whitening, so we obtain better results with the
preprocessing for K = 3 than K = 5.
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Fig. 5. Localization of the three sources at 5◦ , 10◦ and 20◦ without and with noise
pre-processing for K = 3.
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Fig. 6. Localization of the three sources at 5◦ , 10◦ and 20◦ without and with noise
pre-processing for K = 5.

In order to evaluate the performances of this algorithm, we study, below, the influence of the
involved parameters.
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The comparison of the results of Figs. 5, 6 and 7, 8 comes to the conclusion that the MUSIC
method cannot separate the close sources without the preprocessing when the SNR is low,
so in Fig. 5 we can only detect two sources before preprocessing. And for each case we can
note that there is improvement in the results obtained with the preprocessing. Comparing
the results of K = 3 with that of K = 5 for each figure, we can also reconfirm that when K
increases, the estimation error increases on whitening, so we obtain better results with the
preprocessing for K = 3 than K = 5.

20 Underwater Acoustics Array Processing: Underwater Acoustic Source Localization 9

0 5 10 15 20 25 30
0

1

2

3

4
x 10

4 Without preprocessing for K=3

Azimut

0 5 10 15 20 25 30
0

2

4

6

8

10

12
x 10

7 After preprocessing for K=3

Azimut

Fig. 5. Localization of the three sources at 5◦ , 10◦ and 20◦ without and with noise
pre-processing for K = 3.
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Fig. 6. Localization of the three sources at 5◦ , 10◦ and 20◦ without and with noise
pre-processing for K = 5.

In order to evaluate the performances of this algorithm, we study, below, the influence of the
involved parameters.
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Fig. 7. Localization of the three sources at 5◦ , 15◦ and 20◦ without and with noise
pre-processing with greater SNR than figure 5 for K = 3.
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Fig. 8. Localization of the three sources at 5◦ , 15◦ and 20◦ without and with noise
pre-processing with greater SNR than figure 6 for K = 5.

6.2 Choice of the parameters

6.2.1 Spatial correlation length of the noise

Figure 11 shows the variations of the estimation error of the noise covariance matrix when the
spatial correlation length of the noise K is increasing from 2 to N and the number of sources is
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Fig. 9. Localization of the three sources at 5◦ , 15◦ and 25◦ without and with noise
pre-processing for K = 3.
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Fig. 10. Localization of the three sources at 5◦, 15◦ and 25◦ without and with noise
pre-processing for K = 5.

fixed to be P, P = 1 or P = 9. This error is defined by: EE = �Γsimulated
n − Γestimated

n �F.

Figure 11 shows that if P = 1, the estimation error is null until K = 5. On the other hand for
P = 9, we have an estimation error of the covariance matrix of the noise as soon as K = 2 and
the error is greater than the error for P = 1.
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Fig. 7. Localization of the three sources at 5◦ , 15◦ and 20◦ without and with noise
pre-processing with greater SNR than figure 5 for K = 3.
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Fig. 8. Localization of the three sources at 5◦ , 15◦ and 20◦ without and with noise
pre-processing with greater SNR than figure 6 for K = 5.

6.2 Choice of the parameters

6.2.1 Spatial correlation length of the noise

Figure 11 shows the variations of the estimation error of the noise covariance matrix when the
spatial correlation length of the noise K is increasing from 2 to N and the number of sources is

22 Underwater Acoustics Array Processing: Underwater Acoustic Source Localization 11

0 5 10 15 20 25 30
0

0.5

1

1.5

2

2.5

3

3.5
x 10

4 Without preprocessing for K=3

Azimut

0 5 10 15 20 25 30
0

2

4

6

8

10

12

14
x 10

8 After preprocessing for K=3

Azimut

Fig. 9. Localization of the three sources at 5◦ , 15◦ and 25◦ without and with noise
pre-processing for K = 3.

0 5 10 15 20 25 30
0

1000

2000

3000

4000

5000

6000

7000
Without preprocessing for K=5

Azimut

0 5 10 15 20 25 30
0

500

1000

1500

2000

2500

3000
After preprocessing for K=5

Azimut

Fig. 10. Localization of the three sources at 5◦, 15◦ and 25◦ without and with noise
pre-processing for K = 5.

fixed to be P, P = 1 or P = 9. This error is defined by: EE = �Γsimulated
n − Γestimated

n �F.

Figure 11 shows that if P = 1, the estimation error is null until K = 5. On the other hand for
P = 9, we have an estimation error of the covariance matrix of the noise as soon as K = 2 and
the error is greater than the error for P = 1.
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Fig. 11. Estimation error of the covariance matrix of the noise according to its spatial
correlation length with P=1 and P=9.

To study the influence of K on the localization, we draw, Fig. 12, according to the spatial
correlation length K of the noise, the variations of the bias of estimate of the azimuth in the
case of only one source localized at 10◦ .

We define that the bias of the P estimated directions of the arrival of the sources is calculated
by:

Bias =
1
P

P

∑
p=1

bias(p)

where

bias(p) = E
[
θ(p)− θ̂(p)

]
=

1
T

T

∑
i=1

|θ(i)− θ̂(i)|

The experimental results presented in Figs. 11 and 12 show that the correlation length and the
number of sources influence the estimate of the covariance matrix of the noise and then the
estimate of the DOA values. We study, below, the influence of the signal-to-noise ratio SNR
on the estimate of the covariance matrix of the noise.

6.2.2 Signal-to-noise ratio influence

In order to study the performances of the proposed algorithm according to the signal-to-noise
ratio, we plot, Fig. 13, the estimation error over the noise covariance matrix (the estimation
error is defined in the section 6.2.1) according to the spatial correlation length K for SNR =
0 dB and SNR = 10 dB.

We conclude that the choice of the value of K influences the speed and the efficiency of this
algorithm. Indeed, many simulations show that this algorithm estimates the matrix quickly,
if K � N. On the other hand if K is close to N, the algorithm requires a great number of
iterations. This is due to the increase of the number of unknown factors to estimate. The
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efficiency and the speed also depend on the signal-to-noise ratio, the number of sensors, the
number of sources to be localized and the angular difference between the sources.

The spatial correlation length K authorized by the algorithm is a function of the number of
sensors and the number of sources. Indeed, the number of parameters of the signal to be
estimated is P2 and the number of parameters of the noise is Nber(K). In order to estimate
them it is necessary that N2 ≥ P2 + Nber(K) and that K ≤ N. In the limit case: P = N − 1, we
have Nber(K) ≤ 2N − 1, which corresponds to a bi-diagonal noise covariance matrix. If the
model of the noise covariance matrix is band-Toeplitz (Tayem et al., 2006; Werner & Jansson,
2007), the convergence of the proposed algorithm is fast, and the correlation length of noise
can reach N.

7. Experimental data

The studied signals are recorded during an underwater acoustic experiment. The experiment
is carried out in an acoustic tank under conditions which are similar to those in a marine
environment. The bottom of the tank is filled with sand. The experimental device is presented
in figure 14. A source emits a narrow-band signal ( fo = 350 KHz). In addition to the signal
source a spatially correlated Gaussian noise is emitted. The signal-to-noise ratio is 5 dB. Our
objective is to estimate the directions of arrival of the signals during the experiment. The
signals are received on one uniform linear array. The observed signals come from various
reflections on the objects being in the tank. Generally the aims of acousticians is the detection,
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Fig. 11. Estimation error of the covariance matrix of the noise according to its spatial
correlation length with P=1 and P=9.

To study the influence of K on the localization, we draw, Fig. 12, according to the spatial
correlation length K of the noise, the variations of the bias of estimate of the azimuth in the
case of only one source localized at 10◦ .
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Bias =
1
P

P

∑
p=1

bias(p)

where

bias(p) = E
[
θ(p)− θ̂(p)

]
=

1
T

T

∑
i=1

|θ(i)− θ̂(i)|
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them it is necessary that N2 ≥ P2 + Nber(K) and that K ≤ N. In the limit case: P = N − 1, we
have Nber(K) ≤ 2N − 1, which corresponds to a bi-diagonal noise covariance matrix. If the
model of the noise covariance matrix is band-Toeplitz (Tayem et al., 2006; Werner & Jansson,
2007), the convergence of the proposed algorithm is fast, and the correlation length of noise
can reach N.

7. Experimental data

The studied signals are recorded during an underwater acoustic experiment. The experiment
is carried out in an acoustic tank under conditions which are similar to those in a marine
environment. The bottom of the tank is filled with sand. The experimental device is presented
in figure 14. A source emits a narrow-band signal ( fo = 350 KHz). In addition to the signal
source a spatially correlated Gaussian noise is emitted. The signal-to-noise ratio is 5 dB. Our
objective is to estimate the directions of arrival of the signals during the experiment. The
signals are received on one uniform linear array. The observed signals come from various
reflections on the objects being in the tank. Generally the aims of acousticians is the detection,
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Fig. 13. Estimation error of the covariance matrix of the noise according to the spatial
correlation length K and the signal-to-noise ratio SNR.

localization and identification of these objects. In this experiment we have recorded the
reflected signals by a single receiver. This receiver is moved along a straight line between
position Xmin = 50mm and position Xmax = 150mm with a step of α= 1mm in order to create a
uniform linear array (see figure 15).

Fig. 14. Experimental device.

Two objects are placed at the bottom of the tank and the emitting source describes a circular
motion with a step of 0.5◦ by covering the angular band going from 1◦ to 8.5◦. The signals
received when the angle of emission is θ=5◦ are shown in figure 16. This figure shows that
there exists two paths, which may correspond to the reflected signals on the two objects. The
results of the localization are given in figures 17 and 18. We note that in spite of the presence of
the correlated noise our algorithm estimate efficiently the DOA of the reflected signals during
the experiment.

Figure 17 shows the obtained results of the localization using MUSIC method on the
covariance matrices. The DOA of the reflected signals on the two objects are not estimated.
This is due to the fact that the noise is correlated.
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Fig. 15. Experimental setup.
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Fig. 16. Received signals.

Figure 18 shows the obtained results using our algorithm. The two objects are localized.

8. Cumulant based coherent signal subspace method for bearing and range
estimation in noisy environment

In the rest of this chapter, we consider an array of N sensors which received the signals emitted
by P wide band sources (N > P) in the presence of an additive Gaussian noise. The received
signal vector, in the frequency domain, is given by

r( fn) = A( fn)s( fn) + n( fn), for n = 1, ..., M (6)
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Figure 18 shows the obtained results using our algorithm. The two objects are localized.

8. Cumulant based coherent signal subspace method for bearing and range
estimation in noisy environment

In the rest of this chapter, we consider an array of N sensors which received the signals emitted
by P wide band sources (N > P) in the presence of an additive Gaussian noise. The received
signal vector, in the frequency domain, is given by

r( fn) = A( fn)s( fn) + n( fn), for n = 1, ..., M (6)

27Array Processing: Underwater Acoustic Source Localization



16 Will-be-set-by-IN-TECH

0 10 20 30 40 50 60
0

5

10

15

20

Azimuth(deg.)

Mu
sic

Fig. 17. Localization results with MUSIC.

0 10 20 30 40 50 60
0

50

100

150

200

250

300

350

400

Azimuth(deg.)

Mu
sic

Fig. 18. Localization results with proposed algorithm.

where A( fn) = [a( fn, θ1), a( fn, θ2), ..., a( fn, θP)], s( fn) = [s1( fn), s2( fn), ..., sP( fn)]T, and
n( fn) = [n1( fn), n2( fn), ..., nN( fn)]

T.
r( fn) is the Fourier transforms of the array output vector, s( fn) is the vector of zero-mean
complex random non-Gaussian source signals, assumed to be stationary over the observation
interval, n( fn) is the vector of zero-mean complex white Gaussian noise and statistically
independent of signals and A( fn) is the transfer matrix (steering matrix) of the source sensor
array systems computed by the ak( fn) (k = 1, ..., P) source steering vectors, assumed to have
full column rank. In addition to the model (6), we also assume that the signals are statistically
independent. In this case, a fourth order cumulant is given by

Cum(rk1
, rk2

, rl1
, rl2

) =E{rk1
rk2

r∗l1
r∗l2

} − E{rk1
r∗l1

}E{rk2
r∗l2

}
− E{rk1

r∗l2
}E{rk2

r∗l1
} (7)

where rk1
is the k1 element in the vector r The indices k2, l1, l2 are similarly defined. The

cumulant matrix consisting of all possible permutations of the four indices {k1, k2, l1, l2} is
given in (Yuen & Friedlander, 1997) as

Cg( fn)
�
=

P

∑
g=1

(
ag( fn)⊗ a∗g( fn)

)
ug( fn)

(
ag( fn)⊗ a∗g( fn)

)+
(8)

where ug( fn) is the source kurtosis (i.e., fourth order analog of variance) defined by
ug( fn) = Cum

(
sg( fn), s∗g( fn), sg( fn), s∗g( fn)

)
of the gth complex amplitude source and ⊗ is

the Kronecker product, Cum(.) denotes the cumulant.
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When there are N array sensors, Cg( fn) is (N2 × N2) matrix. The rows of Cg( fn) are
indexed by (k1 − 1)N + l1, and the columns are indexed by (l2 − 1)N + k2. In terms
of the vector r( fn), the cumulant matrix Cg( fn) is organized compatibly with the matrix

E{�r( fn) ⊗ r∗( fn)
��

r( fn) ⊗ r∗( fn)
�+}. In other words, the elements of Cg( fn) are given by

Cg
�
(k1 − 1)N + l1, (l2 − 1)N + k2

�
for k1, k2, l1, l2 = 1, 2, ..., N and

Cg
�
(k1 − 1)N + l1, (l2 − 1)N + k2

�
= Cum(rk1 , rk2 , rl1 , rl2) (9)

where ri is the ith element of the vector r. In order to reduce the calculating time, instead
of using of the cumulant matrix (N2 × N2) Cg( fn), a cumulant slice matrix (N × N) of the
observation vector at frequency fn can be calculated and it offers the same algebraic properties
of Cg( fn). This matrix is denoted C1( fn). If we consider a cumulant slice, for example, by
using the first row of Cg( fn) and reshape it into an (N × N) hermitian matrix, i.e.

C1( fn)
�
=Cum

�
r1( fn), r∗1( fn), r( fn), r+( fn)

�

=

⎡
⎢⎢⎢⎣

c1,1 c1,N+1 · · · c1,N2−N+1
c1,2 c1,N+2 · · · c1,N2−N+2

...
...

...
...

c1,N c1,2N · · · c1,N2

⎤
⎥⎥⎥⎦

=A( fn)Us( fn)A+( fn) (10)

where c1,j is the (1, j) element of the cumulant matrix Cg( fn) and Us( fn) is the diagonal
kurtosis matrix, its ith element is defined as Cum

�
si( fn), s∗i ( fn), si( fn), s∗i ( fn)

�
with i = 1, ..., P.

C1( fn) can be reported as the classical covariance or spectral matrix of received data

Γr( fn) = E
�
r( fn)r+( fn)

�
= A( fn)Γs( fn)A+( fn) + Γn( fn) (11)

where Γn( fn) = E
�
n( fn)n+( fn)

�
is the spectral matrix of the noise vector and Γs( fn) =

E
�
s( fn)s+( fn)

�
is the spectral matrix of the complex amplitudes s( fn).

If the noise is white then: Γn( fn) = σ2
n( fn)I, where σ2

n( fn) is the noise power and I is the
(N × N) identity matrix. The signal subspace is shown to be spanned by the P eigenvectors
corresponding to P largest eigenvalues of the data spectral matrix Γr( fn). But in practice,
the noise is not often white or its spatial structure is unknown, hence the interest of the high
order statistics as shown in equation (10) in which the fourth order cumulants are not affected
by additive Gaussian noise (i.e., Γn( fn) = 0), so as no noise spatial structure assumption
is necessary. If the eigenvalues and the corresponding eigenvectors of C1(fn) are denoted
by {λi( fn)}i=1..N and {vi(fn)}i=1..N. Then, the eigendecomposition of the cumulant matrix
C1(fn) is exploited so as

C1(fn) =
N

∑
i=1

λi( fn)vi(fn)v+
i (fn) (12)

In matrix representation, equation (12) can be written

C1( fn) = V( fn)Λ( fn)V+( fn) (13)

29Array Processing: Underwater Acoustic Source Localization



16 Will-be-set-by-IN-TECH

0 10 20 30 40 50 60
0

5

10

15

20

Azimuth(deg.)

Mu
sic

Fig. 17. Localization results with MUSIC.

0 10 20 30 40 50 60
0

50

100

150

200

250

300

350

400

Azimuth(deg.)

Mu
sic

Fig. 18. Localization results with proposed algorithm.
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n( fn) = [n1( fn), n2( fn), ..., nN( fn)]

T.
r( fn) is the Fourier transforms of the array output vector, s( fn) is the vector of zero-mean
complex random non-Gaussian source signals, assumed to be stationary over the observation
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corresponding to P largest eigenvalues of the data spectral matrix Γr( fn). But in practice,
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is necessary. If the eigenvalues and the corresponding eigenvectors of C1(fn) are denoted
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where V( fn) = [v1( fn), ..., vN( fn)] and Λ( fn) = diag(λ1( fn), ..., λN( fn)).

Assuming that the columns of A( fn) are all different and linearly independent it follows that
for nonsingular C1( fn), the rank of A( fn)Us( fn)A+( fn) is P. This rank property implies that:

- the (N − P) multiplicity of its smallest eigenvalues : λP+1( fn) = . . . = λN( fn) ∼= 0.

- the eigenvectors corresponding to the minimal eigenvalues are orthogonal to the columns of
the matrix A( fn), namely, the steering vectors of the signals

Vn( fn)
�
= {vP+1( fn) . . . vN( fn)}⊥{a(θ1, fn) . . . a(θP, fn)} (14)

The eigenstructure based techniques are based on the exploitation of these properties. Then
the directions of arrival of the sources are obtained, at the frequency fn, by the peak positions
in a so-called spatial spectrum (MUSIC)

Z( fn, θ) =
1

a+( fn, θ)Vn( fn)V+
n ( fn)a( fn, θ)

(15)

For locating the wide band sources several solutions have been proposed in literature and are
regrouped in this chapter into two groups:

- the incoherent subspace method: the analysis band is divided into several frequency bins and
then at each frequency any narrow-band source localization algorithm can be applied and the
obtained results are combined to obtain the final result. In addition of a significant calculating
time, these methods do not carry out an actual wide band processing, but integrating
information as well as possible coming from the various frequencies available to carry out
the localization. It follows, for example, that the treatment gain does not increase with the
analysis bandwidth. Indeed, it depends only on the resolving power narrow band processing
for each considered frequency bin separately

- the coherent subspace method: the different subspaces are transformed in a predefined
subspace using the focusing matrices (Valaee & Kabal, 1995; Hung & Kaveh, 1988). Then
the obtained subspace is used to estimate the source parameters.

In the following section, the coherent subspace methods are described.

9. Coherent subspace methods

In the high resolution algorithm, the signal subspace is defined as the column span of the
steering matrix A( fn) which is function of the frequency fn and the angles-of-arrival. Thus,
the signal subspaces at different frequency bins are different. The coherent subspace methods
(Hung & Kaveh, 1988) combine the different subspaces in the analysis band by the use of the
focusing matrices. The focusing matrices T(fo, fn) compensate the variations of the transfer
matrix with the frequency. So these matrices verify

T( fo, fn)A( fn) = A( fo), f or n = 1, . . . , M (16)

where fo is the focusing frequency.

Initially, Hung et al. (Hung & Kaveh, 1988) have developed the solutions for equation (16),
the proposed solution under constraint T( fo, fn)T+( fo, fn) = I, is

T̂( fo, fn) = Vl( fo, fn)V+
r ( fo, fn) (17)
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where the columns of Vl( fo, fn) and of Vr( fo, fn) are the left and right singular vectors of the
matrix A( fn, θi)A+( fo, θi) where θi is an initial vector of the estimates of the angles-of-arrival,
given by an ordinary beamforming preprocess.

It has been shown that the performances of these methods depend on θi (Bourennane et
al., 1997). In practice, it is very difficult to obtain the accurate estimate of the DOAs. So in
order to resolve this initialization problem, the Two-Sided Correlation Transformation (TCT)
algorithm is proposed in (Valaee & Kabal, 1995). The focusing matrices T( fo, fn) are obtained
by minimizing {

min
T( fo, fn)

�P( fo)− T( fo, fn)P( fn)T+( fo, fn)�F

s.t T+( fo, fn)T( fo, fn) = I

where P(.) is the array spectral matrix in noise free environment,
P(.) = A(.)Γs(.)A+(.) and �.�F is the Frobenius matrix norm. The solution (Valaee & Kabal,
1995)is

T( fo, fn) = V( fo)V+( fn) (18)

where V( fo) and V( fn) are the eigenvector matrices of P( fo) and P( fn), respectively.

In order to reduce the calculating time for constructing this operator equation (18), an
improved solution is developed in (Bendjama et al., 1998), where only the signal subspace
is used, however

T( fo, fn)Vs( fn) = V+
s ( fo) (19)

so the operator becomes
T( fo, fn) = Vs( fo)V+

s ( fn) (20)

where Vs( fn) = [v1( fn), v2( fn), ..., vP( fn)] are the eigenvectors corresponding to P largest
eigenvalues of the spectral matrix Γr( fn).

Once Γr( fn) and T( fo, fn), n = 1..., M are formed, the estimate of Γ̂r( fo) can be written

Γ̂r( fo) =
1
M

M

∑
n=1

T( fo, fn)Γr( fn)T+( fo, fn) (21)

In particular case, when equation (20) is used

Γ̂r( fo) =
1
M

M

∑
n=1

Vs( fo)Λs( fn)V+
s ( fo)

= Vs( fo)Λ̂s( fo)V+
s ( fo) (22)

where Λ̂s( fo) =
1
M

M

∑
n=1

Λs( fn) is the arithmetic mean of the largest eigenvalues of the spectral

matrices Γr( fn) (n = 1, ..., M).

Note that, the number of sources, P, can be computed by the number of non-zero eigenvalues
of Γ̂r( fo).

The efficiency of the different focusing algorithms is depended on the prior knowledge of the
noise. All the transform matrices solution of equation system (16) are obtained in the presence
of white noise or with the known spatial correlation structure.
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where V( fn) = [v1( fn), ..., vN( fn)] and Λ( fn) = diag(λ1( fn), ..., λN( fn)).

Assuming that the columns of A( fn) are all different and linearly independent it follows that
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Vn( fn)
�
= {vP+1( fn) . . . vN( fn)}⊥{a(θ1, fn) . . . a(θP, fn)} (14)
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Z( fn, θ) =
1

a+( fn, θ)Vn( fn)V+
n ( fn)a( fn, θ)

(15)
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the localization. It follows, for example, that the treatment gain does not increase with the
analysis bandwidth. Indeed, it depends only on the resolving power narrow band processing
for each considered frequency bin separately
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r ( fo, fn) (17)
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where the columns of Vl( fo, fn) and of Vr( fo, fn) are the left and right singular vectors of the
matrix A( fn, θi)A+( fo, θi) where θi is an initial vector of the estimates of the angles-of-arrival,
given by an ordinary beamforming preprocess.

It has been shown that the performances of these methods depend on θi (Bourennane et
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min
T( fo, fn)

�P( fo)− T( fo, fn)P( fn)T+( fo, fn)�F

s.t T+( fo, fn)T( fo, fn) = I

where P(.) is the array spectral matrix in noise free environment,
P(.) = A(.)Γs(.)A+(.) and �.�F is the Frobenius matrix norm. The solution (Valaee & Kabal,
1995)is
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T( fo, fn)Vs( fn) = V+
s ( fo) (19)

so the operator becomes
T( fo, fn) = Vs( fo)V+

s ( fn) (20)
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Γ̂r( fo) =
1
M

M

∑
n=1

T( fo, fn)Γr( fn)T+( fo, fn) (21)

In particular case, when equation (20) is used

Γ̂r( fo) =
1
M

M

∑
n=1

Vs( fo)Λs( fn)V+
s ( fo)

= Vs( fo)Λ̂s( fo)V+
s ( fo) (22)

where Λ̂s( fo) =
1
M

M

∑
n=1

Λs( fn) is the arithmetic mean of the largest eigenvalues of the spectral

matrices Γr( fn) (n = 1, ..., M).

Note that, the number of sources, P, can be computed by the number of non-zero eigenvalues
of Γ̂r( fo).

The efficiency of the different focusing algorithms is depended on the prior knowledge of the
noise. All the transform matrices solution of equation system (16) are obtained in the presence
of white noise or with the known spatial correlation structure.
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In practice, as in underwater acoustic this assumption is not fulfilled then the performances
of the subspace algorithms are degraded. To improve these methods in noisy data cases, in
this paper, an algorithm is proposed to remove the noises. The basic idea is based on the
combination of the high order statistics of received data, the multidimensional filtering and
the frequential smoothing for eliminating the noise contributions.

10. Cumulant based coherent signal subspace

The high order statistics of received data are used to eliminate the Gaussian noise. For this
the cumulant slice matrix expression (10) is computed. Then the (P × N) matrix denoted
H( fn) is formed in order to transform the received data with an aim of obtaining a perfect
orthogonalization and eliminate the orthogonal noise component.

H( fn) = Λs( fn)
−1/2V+

s ( fn) (23)

where Vs( fn) and Λs( fn) are the P largest eigenvectors and the corresponding eigenvalues of
the slice cumulant matrix C1( fn) respectively. We note that it is necessary that the eigenvalues
in Λs( fn) be distinct. This is the case when the source kurtosis are different. If they are not,
then the proposed algorithm will not provide correct estimates of the subspace signal sources.
The (P × 1) vector of the transformed received data is

rt( fn) = H( fn)r( fn) = H( fn)A( fn)s( fn) + H( fn)n( fn) (24)

Afterwards, the corresponding P2 × P2 cumulant matrix can be expressed as

Ct( fn) =Cum
(
rt( fn), r+t ( fn), rt( fn), r+t ( fn)

)

=
(
(HA)( fn)⊗ (HA)∗( fn)

)
Us( fn)

(
(HA)( fn)⊗ (HA)∗( fn)

)+
(25)

Or
Ct( fn) =

(
B( fn)⊗ B∗( fn)

)
︸ ︷︷ ︸

=B⊗( fn)

Us( fn)
(

B( fn)⊗ B∗( fn)
)+

(26)

Using the property (Mendel, 1991)

WX ⊗ YZ = (W ⊗ Y)(X ⊗ Z) (27)

We can show that

Ct( fn) =
(

H( fn)⊗ H∗( fn)
)(

A( fn)⊗ A∗( fn)
)

Us( fn)

(
A( fn)⊗ A∗( fn)

)+(
H( fn)⊗ H∗( fn)

)+

=
(

H( fn)⊗ H∗( fn)
)

A⊗( fn)Us( fn)A+⊗( fn)
(

H( fn)⊗ H∗( fn)
)+

(28)

Using (26) and (28), we have

B⊗( fn) =
(

H( fn)⊗ H∗( fn)
)

A⊗( fn) (29)
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Using the eigenvectors focusing operator defined as

T( fo, fn) = Vts( fo)V+
ts( fn) (30)

where Vts(.) are the eigenvectors of the largest eigenvalues of the cumulant matrix Ct(.). The
average cumulant matrix is

Ĉt( fo) =
1
M

M

∑
n=1

T( fo, fn)Ct( fn)T+( fo, fn)

= Vts( fo)Λ̂ts( fo)V+
ts( fo) (31)

where Λ̂ts( fo) =
1
M

M

∑
n=1

Λts( fn) is the arithmetic mean of the first largest eigenvalues of the

cumulant matrix Ct( fn). It is easy to show that

Ĉt( fo) = Vts( fo)Λ̂ts( fo)V+
ts ( fo) = B⊗( fo)Ûs( fo)B+⊗( fo) (32)

where B⊗( fo)
�
= T( fo, fn)B⊗( fn) and Ûs( fo) =

1
M

M

∑
n=1

Us( fn).

Multiplying both sides by B+⊗( fo), we get

B+⊗( fo)Ĉt( fo) = B+⊗( fo)B⊗( fo)Ûs( fo)B+⊗( fo) (33)

Because the columns of B⊗( fo) are orthogonal and the sources are decorrelated,
B+⊗( fo)B⊗( fo)Ûs( fo) is a diagonal matrix which we will denote by D( fo), so that we have

B+⊗( fo)Ĉt( fo) = D( fo)B+⊗( fo) (34)

Or
Ĉt( fo)B+⊗( fo) = D( fo)B⊗( fo) (35)

This equation tells us that the columns of B⊗( fo) are the left eigenvectors of Ĉt( fo)

corresponding to the eigenvalues on the diagonal of the matrix D( fo): however, since Ĉt( fo)

is Hermitian, they are also the (right) eigenvectors of Ĉt( fo). Furthermore, the columns of
Vts( fo) are also eigenvectors of Ĉt( fo) corresponding to the same (non-zero) eigenvectors of
the diagonal matrix Ûs( fo). Given that the eigenvalues of Ĉt( fo) are different, the orthonormal
eigenvectors are unique up to phase term, this will likely be the case if the source kurtosis
are different. Hence the difference between Vts( fo) and B⊗( fo) is that the columns may be
reordered and each column is multiplied by a complex constant.

The information we want is A⊗( fo), which is given by (29)

A⊗( fo) =
(

H( fo)⊗ H∗( fo)
)†

B⊗( fo) (36)
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corresponding to the eigenvalues on the diagonal of the matrix D( fo): however, since Ĉt( fo)

is Hermitian, they are also the (right) eigenvectors of Ĉt( fo). Furthermore, the columns of
Vts( fo) are also eigenvectors of Ĉt( fo) corresponding to the same (non-zero) eigenvectors of
the diagonal matrix Ûs( fo). Given that the eigenvalues of Ĉt( fo) are different, the orthonormal
eigenvectors are unique up to phase term, this will likely be the case if the source kurtosis
are different. Hence the difference between Vts( fo) and B⊗( fo) is that the columns may be
reordered and each column is multiplied by a complex constant.
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with † denoting the pseudo-inverse of matrix. We do not have the matrix B⊗( fo), but we have
the matrix Vts( fo). Hence we can obtain a matrix A

�
⊗( fo) such that

A
�
⊗( fo) =

(
H( fo)⊗ H∗( fo)

)†
Vts( fo) (37)

Furthermore, we obtain Â( fo) by extracting out the first N rows and the first P columns of
A

�
⊗( fo). The estimate Â( fo) will be permuted and scaled (column-wise) version of A( fo).

This algorithm leads to the estimation of the transfer matrix without prior knowledge of the
steering vector or the propagation model such as in the classical techniques.

Therefore, the present algorithm for locating the wide band acoustic sources in the presence
of unknown noise can be formulated as the following sequence of steps:

1) Form C1( fn) equation (10) and perform its eigendecomposition;
2) Form H( fn) equation (23) n = 1, ..., M;
3) Calculate rt( fn) equation (24);
4) Form Ct( fn) equation (25) and perform its eigendecomposition;
5) Form T( fo, fn) equation (30) n = 1, ..., M;
6) Form Ĉt( fo) equation (31) and perform its eigendecomposition;
7) Determine A

�
⊗( fo) equation (37) and Â( fo).

Naturally one can use the high resolution algorithm to estimate the azimuths of the sources.
The orthogonal projector Π(fo) is

Π( fo) = I − [Â+( fo)Â( fo)]
−1Â+( fo) (38)

where I is the (N×N) identity matrix. Hence, the narrow band Music can be directly applied
to estimate the DOA of wide band sources according to

Z( fo, θ) =
1

a+( fo, θ)Π( fo)a( fo, θ)
(39)

with θ ∈ [−π/2, π/2].

11. Numerical results

In the following simulations, a linear antenna of N = 10 equispaced sensors with equal
interelement spacing d = c

2 fo
is used, where fo is the mid band frequency and c is the velocity

of propagation. Eight (P = 8) wide band source signals arrive at directions : θ1 = 2◦ , θ2 = 5◦ ,
θ3 = 10◦ , θ4 = 12◦, θ5 = 30◦, θ6 = 32◦ θ7 = 40◦ and θ8 = 42◦, are temporally stationary
zero-mean band pass with the same central frequency fo = 110Hz and the same bandwidth
B = 40Hz. The additive noise is uncorrelated with the signals. The Signal-to-Noise Ratio
(SNR) is defined here as the ratio of the power of each source signal to the average power of
the noise variances, equals on all examples to SNR = 10dB.

Experiment 1: Improvement of source localization

In order to point out the improvement of the localization of the sources based on the higher
order statistics, our first experiment is carried out in the context of the presence of Gaussian
noise. Figures 19 and 20 show the obtained localization results of the eight simulated sources.
The number of the sources is taken equal to 8. We can conclude that the fourth order statistics
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of the received data have improved the spatial resolution. Indeed, the eight sources are
perfectly separated. This improvement is due to the fact that the noise is removed using
the cumulants.

0 10 20 30 40 50 60
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Azimuth(°)

N
or

m
al

iz
ed

 S
pe

ct
ru

m

Fig. 19. Spectral matrix-Incoherent signal subspace, 8 uncorrelated sources.

0 10 20 30 40 50 60
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Azimuth(°)

N
or

m
al

iz
ed

 S
pe

ct
ru

m

Fig. 20. Cumulant-Incoherent signal subspace, 8 uncorrelated sources.

Experiment 2: Localization of the correlated sources

The localization of a correlated sources is the delicate problem. The spatial smoothing is a
solution (Pillai & Kwon, 1989), for the narrow band sources but limited to a linear antenna.
In presence of white noise, it is well known that the frequential smoothing leads to localize
the wide band correlated sources (Valaee & Kabal, 1995). In this experiment, the eight sources
form two fully correlated groups in the presence of Gaussian noise with an unknown spectral
matrix. Figures 21 and 22 give the source localization results, the obtained results show that
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with † denoting the pseudo-inverse of matrix. We do not have the matrix B⊗( fo), but we have
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⊗( fo) such that
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where I is the (N×N) identity matrix. Hence, the narrow band Music can be directly applied
to estimate the DOA of wide band sources according to

Z( fo, θ) =
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11. Numerical results
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is used, where fo is the mid band frequency and c is the velocity

of propagation. Eight (P = 8) wide band source signals arrive at directions : θ1 = 2◦ , θ2 = 5◦ ,
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(SNR) is defined here as the ratio of the power of each source signal to the average power of
the noise variances, equals on all examples to SNR = 10dB.

Experiment 1: Improvement of source localization

In order to point out the improvement of the localization of the sources based on the higher
order statistics, our first experiment is carried out in the context of the presence of Gaussian
noise. Figures 19 and 20 show the obtained localization results of the eight simulated sources.
The number of the sources is taken equal to 8. We can conclude that the fourth order statistics
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of the received data have improved the spatial resolution. Indeed, the eight sources are
perfectly separated. This improvement is due to the fact that the noise is removed using
the cumulants.
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Fig. 19. Spectral matrix-Incoherent signal subspace, 8 uncorrelated sources.
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Fig. 20. Cumulant-Incoherent signal subspace, 8 uncorrelated sources.

Experiment 2: Localization of the correlated sources

The localization of a correlated sources is the delicate problem. The spatial smoothing is a
solution (Pillai & Kwon, 1989), for the narrow band sources but limited to a linear antenna.
In presence of white noise, it is well known that the frequential smoothing leads to localize
the wide band correlated sources (Valaee & Kabal, 1995). In this experiment, the eight sources
form two fully correlated groups in the presence of Gaussian noise with an unknown spectral
matrix. Figures 21 and 22 give the source localization results, the obtained results show that
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even the coherent signal subspace is used the performance of the high resolution algorithm
is degraded (figure 21). Figure 22 shows the cumulant matrix improves the localization, this
effectiveness is due to the fact that the noise contribution is null. It follows that the SNR after
focusing is improved.
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Fig. 21. Spectral matrix-Coherent signal subspace, two groups of correlated sources and
Gaussian noise
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Fig. 22. Cumulant matrix-Coherent signal subspace, two groups of correlated sources and
Gaussian noise

Experiment 3: Noise reduction- signal subspace projection

In this part, our algorithm is applied. The noise is modeled as the sum of Gaussian noise
and spatially correlated noise. The eight sources are uncorrelated. Figure 23 shows that the
cumulant matrix alone is not sufficient to localize the sources. But if the preprocessing of the
received data is carried out by the projection of the data on the signal subspace to eliminate the
components of the noise which is orthogonal to the signal sources, the DOA will be estimated
as shown in figure 24.
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Fig. 23. Cumulant matrix incoherent signal subspace, 8 uncorrelated sources without
whitening data
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Fig. 24. Cumulant matrix incoherent signal subspace, 8 uncorrelated sources with whitening
data

Figure 25 gives the obtained results with the coherent signal subspace when the sources
are fully correlated. This last part points out the performance of our algorithm to localize
the wide band correlated sources in the presence of unknown noise fields. Note that this
results can be considered as an outstanding contribution of our study for locating the acoustic
sources. Indeed, our algorithm allows to solve several practical problems. Proposed algorithm
performance:

In order to study and to compare the performance of our algorithm to the classical wide band
methods. For doing so, an experiment is carried out with the same former signals. Figure 26
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even the coherent signal subspace is used the performance of the high resolution algorithm
is degraded (figure 21). Figure 22 shows the cumulant matrix improves the localization, this
effectiveness is due to the fact that the noise contribution is null. It follows that the SNR after
focusing is improved.
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Fig. 21. Spectral matrix-Coherent signal subspace, two groups of correlated sources and
Gaussian noise
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Fig. 22. Cumulant matrix-Coherent signal subspace, two groups of correlated sources and
Gaussian noise

Experiment 3: Noise reduction- signal subspace projection

In this part, our algorithm is applied. The noise is modeled as the sum of Gaussian noise
and spatially correlated noise. The eight sources are uncorrelated. Figure 23 shows that the
cumulant matrix alone is not sufficient to localize the sources. But if the preprocessing of the
received data is carried out by the projection of the data on the signal subspace to eliminate the
components of the noise which is orthogonal to the signal sources, the DOA will be estimated
as shown in figure 24.
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Fig. 24. Cumulant matrix incoherent signal subspace, 8 uncorrelated sources with whitening
data
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the wide band correlated sources in the presence of unknown noise fields. Note that this
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sources. Indeed, our algorithm allows to solve several practical problems. Proposed algorithm
performance:
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Fig. 25. Coherent cumulant matrices for two groups correlated sources after whitening data

shows the variation of the standard deviation (std) as function of SNR. The std is defined as
std = (1/k)[∑k

i=1 |θ̂i − θi|2]1/2, k is number of independent trials. The SNR is varied from
−40dB to +40dB with k = 500 independent trials. One can remark the interest of the use of
cumulant matrix instead of the spectral matrix and the improvement due to the whitening
preprocessing or multidimensional filtering included in our algorithm. Our method after
whitening presents the smallest std in all cases.
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Fig. 26. Standard deviation comparison estimation: −◦ Wang algorithm;

−. TCT algorithm; −� proposed method without whitening; −∗ proposed method after
whitening.
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12. Conclusion

In this chapter the problem of estimating the direction-of-arrival (DOA) of the sources in the
presence of spatially correlated noise is studied. The spatial covariance matrix of the noise
is modeled as a band matrix and is supposed to have a certain structure. In the numerical
example, the noise covariance matrix is supposed to be the same for all sources, which covers
many practical cases where the sources are enclosed. This algorithm can be applied to the
localization of the sources when the spatial-spectrum of the noise or the spatial correlation
function between sensors is known. The obtained results show that the proposed algorithm
improves the direction estimates compared to those given by the MUSIC algorithm without
preprocessing. Several applications on synthetic data and experiment have been presented to
show the limits of these estimators according to the signal-to-noise ratio, the spatial correlation
length of the noise, the number of sources and the number of sensors of the array. The
motivation of this work is to reduce the computational loads and to reduce the effect of
the additive spatially correlated gaussian noise for estimating the DOA of the sources. We
also presented methods to estimate the DOA algorithm for the wide band signals based on
fourth order cumulants is presented. This algorithm is also applied to noisy data. Both the
cumulants of the received data and multidimensional filtering processing are used to remove
the additive noises. The principal interest of this preprocessing is the improvement of the
signal to noise ratio at each analysis frequency. Then the signal subspace estimated from
the average cumulant matrix resolves the fully correlated wide band acoustic sources. The
simulation results are used to evaluate the performance and to compare the different coherent
signal subspace algorithms. The obtained results show that the performances of the proposed
algorithm are similar to those of the spectral matrix based methods when the noise is white
and are better in the presence of Gaussian or an unknown noise. The Std variations and the
localization results indicate that the whitening of the received data improves the localization
in the presence of no completely Gaussian noise.
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1. Introduction

Non-invasive range and bearing estimation of buried objects, in the underwater acoustic
environment, has received considerable attention (Granara et al., 1998).
Many studies have been recently developed. Some of them use acoustic scattering to localize
objects by analyzing acoustic resonance in the time-frequency domain, but these processes are
usually limited to simple shaped objects (Nicq & Brussieux, 1998). In (Guillermin et al., 2000)
the inversion of measured scattered acoustical waves is used to image buried object, but the
frequencies used are high and the application in a real environment should be difficult. The
acoustic imagery technique uses high frequencies that are too strongly attenuated inside the
sediment therefore it is not suitable. Another method which uses a low frequency synthetic
aperture sonar (SAS) has been applied on partially and shallowly buried cylinders in a sandy
seabed (Hetet et al., 2004). Other techniques based on signal processing such as time reversal
technic (Roux & Fink, 2000), have been also developed for object detection and localization but
their applicability in real life has been proven only on cylinders oriented in certain ways and
point scatterers. Furthermore, having techniques that operate well for simultaneous range
and bearing estimation using wideband and fully correlated signals scattered from nearfield
and farfield objects, in a noisy environment, remains a challenging problem.
In this chapter, the proposed method is based on array processing methods combined with
an acoustic scattering model. Array processing techniques, as the MUSIC method, have been
widely used for acoustic point sources localization. Typically these techniques assume that
the point sources are on the seabed and are in the farfield of the array so that the measured
wavefronts are all planar. The goal then is to determine the direction of arrival (bearing) of
these wavefronts. These techniques have not been used for bearing and range estimation of
buried objects and in this chapter we are interested to extend them to this problem. This
extension is a challenging problem because here the objects are not point sources, are buried
in the seabed and can be everywhere (in the farfield or in the nearfield array). Thus the
knowledge of the bearing is not sufficient to localize the buried object. Furthermore, the
signals are correlated and the Gaussian noise should be taken into account. In addition we
consider that the objects have known shapes. The principal parameters that disturb the object
localization problem, are the noise, the lack of knowledge of the scattering model and the
presence of correlated signals. In the literature there is any method able to solve all those
parameters. However we can found a satisfying method to cope with each parameter (noise,
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Non-invasive range and bearing estimation of buried objects, in the underwater acoustic
environment, has received considerable attention (Granara et al., 1998).
Many studies have been recently developed. Some of them use acoustic scattering to localize
objects by analyzing acoustic resonance in the time-frequency domain, but these processes are
usually limited to simple shaped objects (Nicq & Brussieux, 1998). In (Guillermin et al., 2000)
the inversion of measured scattered acoustical waves is used to image buried object, but the
frequencies used are high and the application in a real environment should be difficult. The
acoustic imagery technique uses high frequencies that are too strongly attenuated inside the
sediment therefore it is not suitable. Another method which uses a low frequency synthetic
aperture sonar (SAS) has been applied on partially and shallowly buried cylinders in a sandy
seabed (Hetet et al., 2004). Other techniques based on signal processing such as time reversal
technic (Roux & Fink, 2000), have been also developed for object detection and localization but
their applicability in real life has been proven only on cylinders oriented in certain ways and
point scatterers. Furthermore, having techniques that operate well for simultaneous range
and bearing estimation using wideband and fully correlated signals scattered from nearfield
and farfield objects, in a noisy environment, remains a challenging problem.
In this chapter, the proposed method is based on array processing methods combined with
an acoustic scattering model. Array processing techniques, as the MUSIC method, have been
widely used for acoustic point sources localization. Typically these techniques assume that
the point sources are on the seabed and are in the farfield of the array so that the measured
wavefronts are all planar. The goal then is to determine the direction of arrival (bearing) of
these wavefronts. These techniques have not been used for bearing and range estimation of
buried objects and in this chapter we are interested to extend them to this problem. This
extension is a challenging problem because here the objects are not point sources, are buried
in the seabed and can be everywhere (in the farfield or in the nearfield array). Thus the
knowledge of the bearing is not sufficient to localize the buried object. Furthermore, the
signals are correlated and the Gaussian noise should be taken into account. In addition we
consider that the objects have known shapes. The principal parameters that disturb the object
localization problem, are the noise, the lack of knowledge of the scattering model and the
presence of correlated signals. In the literature there is any method able to solve all those
parameters. However we can found a satisfying method to cope with each parameter (noise,
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correlated signals and lack of knowledge of the scattering model) alone, thus we have selected
the following methods,

• High order statistics are famous by their power to remove the additive Gaussian noise
and then to clean the data. It consists in using the slice cumulant matrix instead of
using the spectral matrix and operate at a fixed frequency (narrowband signal). It has
been employed in the MUSIC method in order to estimate the bearing sources (Gönen &
Mendel, 1997), (Mendel, 1991),

• The frequential smoothing is a technique which allows us to decorrelate the wideband
signals (Valaee & Kabal, 1995) by means of an average of the focused spectral matrices
formed for all the frequencies of the frequency band. It has been employed also in the
MUSIC method in order to estimate the bearing sources,

• The exact solution of the acoustic scattering model has been addressed in many published
work for several configurations, as single (Doolittle & Uberall, 1966),
(Goodman & Stern, 1962) or multiple objects (Prada & Fink, 1998), (Zhen, 2001), buried or
partially buried objects (Lim et al., 1993), (Tesei et al., 2002), with cylindrical (Doolittle &
Uberall, 1966), (Junger, 1952), or spherical shape (Fawcett et al., 1998), (Goodman & Stern,
1962), (Junger, 1952),

In this chapter we propose to adapt array processing methods and acoustic scattering model
listed above in order to solve the problem of burried object with known shape by estimating
their bearing and range, considering wideband correlated signals in presence of Gaussian
noise. The fourth-order cumulant matrix (Gönen & Mendel, 1997), (Mendel, 1991) is used
instead of the cross-spectral matrix to remove the additive Gaussian noise. The bilinear
focusing operator is used to decorrelate the signals (Valaee & Kabal, 1995) and to estimate
the coherent signal subspace (Valaee & Kabal, 1995), (Wang & Kaveh, 1985). From the exact
solution of the acoustic scattered field (Fawcett et al., 1998), (Junger, 1952), we have derived
a new source steering vector including both the range and the bearing objects. This source
steering vector is employed in MUSIC (MUltiple SIgnal Classification) algorithm (Valaee &
Kabal, 1995) instead of the classical plane wave model.

The organization of this chapter is as follows : the problem is formulated in Section 2. In
Section 3, the scattering models are presented. In Section 4, the cumulant based coherent
signal subspace method for bearing and range estimation is presented. Experimental setup
and the obtained results supporting our conclusions and demonstrating our method are
provided in Sections 5 and 6. Finally, conclusions are presented in Section 7.

Throughout the chapter, lowercase boldface letters represent vectors, uppercase boldface
letters represent matrices, and lower and uppercase letters represent scalars. The symbol
"T" is used for transpose operation, the superscript "+" is used to denote complex conjugate
transpose, the subscript "*" is used to denote conjugate operation, and ||.|| denotes the L2 norm
for complex vectors.

2. Problem formulation

We consider a linear array of N sensors which received the wideband signals scattered from
P objects (N > P) in the presence of an additive Gaussian noise. The received signal vector, in
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the frequency domain, is given by (Gönen & Mendel, 1997), (Mendel, 1991)

r( fn) = A( fn)s( fn) + b( fn), for n = 1, ..., L (1)

where,
A( fn) = [a( fn, θ1, ρ1), a( fn, θ2, ρ2), ..., a( fn, θP, ρP)] , (2)

s( fn) = [s1( fn), s2( fn), ..., sP( fn)]
T , (3)

b( fn) = [b1( fn), b2( fn), ..., bN( fn)]
T . (4)

r( fn) is the Fourier transforms of the array output vector, s( fn) is the vector of zero-mean
complex random non-Gaussian source signals, assumed to be stationary over the observation
interval, b( fn) is the vector of zero-mean complex white Gaussian noise and statistically
independent of signals and A( fn) is the transfer matrix (steering matrix) of the source sensor
array systems computed by the a( fn, θk, ρk) for k = 1, ..., P, object steering vectors, assumed to
have full column rank, it is given by:

a( fn, θk, ρk) = [a( fn, θk1, ρk1), a( fn, θk2, ρk2), ..., a( fn, θkN , ρkN)]T , (5)

where θk and ρk are the bearing and the range of the kth object to the first sensor of the array,
thus, θk = θk1 and ρk = ρk1. In addition to the model equation (1), we also assume that the
signals are statistically independent. In this case, a fourth order cumulant is given by

Cum(rk1
, rk2 , rl1 , rl2 ) = E{rk1

rk2 r∗l1 r∗l2} − E{rk1
r∗l1}E{rk2 r∗l2} − E{rk1

r∗l2}E{rk2 r∗l1}

where rk1
is the k1 element in the vector r and where E[.] denotes the expectation operator.

The indices k1, k2, l1, l2 are similarly defined. The cumulant matrix consisting of all possible
permutations of the four indices {k1, k2, l1, l2} is given in (Yuen & Friedlander, 1997) as

C( fn) =
P

∑
k=1

(
a( fn, θk, ρk)⊗ a∗( fn, θk, ρk)

)
uk( fn)

(
a( fn, θk, ρk)⊗ a∗( fn, θk, ρk)

)+
(6)

where uk( fn) is the source kurtosis (i.e., fourth order analog of variance) defined by

uk( fn) = Cum
(
sk( fn), s∗k ( fn), sk( fn), s∗k ( fn)

)
(7)

of the kth complex amplitude source and ⊗ is the Kronecker product. When there are N
array sensors, C( fn) is (N2 × N2) matrix. The rows of C( fn) are indexed by (k1 − 1)N + l1,
and the columns are indexed by (l2 − 1)N + k2. In terms of the vector r( fn), the cumulant
matrix C( fn) is organized compatibly with the matrix, E{(r( fn)⊗ r∗( fn)

)(
r( fn)⊗ r∗( fn)

)+}.
In other words, the elements of C( fn) are given by:

C
(
(k1 − 1)N + l1, (l2 − 1)N + k2

)
(8)
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the frequency domain, is given by (Gönen & Mendel, 1997), (Mendel, 1991)
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for k1, k2, l1, l2 = 1, 2, ..., N and

C
�
(k1 − 1)N + l1, (l2 − 1)N + k2

�
= Cum(rk1

, rk2 , rl1 , rl2 ) (9)

where ri is the ith element of the vector r. In order to reduce the calculating time, instead of
using the cumulant matrix C( fn), a cumulant slice matrix (N × N) of the observation vector
at frequency fn can be calculated and it offers the same algebraic properties of C( fn). This
matrix is denoted C1( fn) (Gönen & Mendel, 1997), (Yuen & Friedlander, 1997). If we consider
a cumulant slice, for example, by using the first row of C( fn) and reshape it into an (N × N)
hermitian matrix (Bourennane & Bendjama, 2002), i.e.

C1( fn) =Cum
�
r1( fn), r∗1( fn), r( fn), r+( fn)

�

=

⎡
⎢⎢⎢⎣

c1,1 c1,N+1 · · · c1,N2−N+1
c1,2 c1,N+2 · · · c1,N2−N+2

...
...

...
...

c1,N c1,2N · · · c1,N2

⎤
⎥⎥⎥⎦

=A( fn)Us( fn)A+( fn) (10)

where c1,j is the (1, j) element of the cumulant matrix C( fn) and Us( fn) is the diagonal kurtosis
matrix, its ith element is defined as, Cum

�
si( fn), s∗i ( fn), si( fn), s∗i ( fn)

�
with i = 1, ..., P.

C1( fn) can be reported as the classical covariance or spectral matrix of received data

Γr( fn) = E
�
r( fn)r+( fn)

�
= A( fn)Γs( fn)A+( fn) + Γb( fn) (11)

where Γb( fn) = E
�
b( fn)b+( fn)

�
is the spectral matrix of the noise vector and

Γs( fn) = E
�
s( fn)s+( fn)

�
(12)

is the spectral matrix of the complex amplitudes s( fn).
If the noise is white then:

Γb( fn) = σ2
b ( fn)I, (13)

where σ2
b ( fn) is the noise power and I is the (N × N) identity matrix. The signal subspace

is shown to be spanned by the P eigenvectors corresponding to P largest eigenvalues of
the data spectral matrix Γr( fn). But in practice, the noise is not often white or its spatial
structure is unknown, hence the interest of the high order statistics as shown in equation
(4) in which the fourth order cumulants are not affected by additive Gaussian noise (i.e.,
Γb( fn) = 0), so as no noise spatial structure assumption is necessary. If the eigenvalues and
the corresponding eigenvectors of C1( fn) are denoted by {λi( fn)}i=1..N and {vi( fn)}i=1..N .
Then, the eigendecomposition of the cumulant matrix C1( fn) is exploited so as

C1( fn) =
N

∑
i=1

λi( fn)vi( fn)v+
i ( fn) (14)
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In matrix representation, equation (14) can be written

C1( fn) = V( fn)Λ( fn)V+( fn) (15)

where
V( fn) = [v1( fn), ..., vN( fn)] (16)

and
Λ( fn) = diag(λ1( fn), ..., λN( fn)). (17)

Assuming that the columns of A( fn) are all different and linearly independent it follows that
for nonsingular C1( fn), the rank of A( fn)Us( fn)A+( fn) is P. This rank property implies that:

• the (N − P) multiplicity of its smallest eigenvalues : λP+1( fn) = . . . = λN( fn) ∼= 0.

• the eigenvectors Vb( fn) = {vP+1( fn) . . . vN( fn)} corresponding to the minimal
eigenvalues are orthogonal to the columns of the matrix A( fn), namely, the steering vectors
of the signals

Vb( fn) = {vP+1( fn) . . . vN( fn)}⊥{a( fn, θ1, ρ1) . . . a( fn, θP, ρP)}
The eigenstructure based techniques are based on the exploitation of these properties. The
spatial spectrum of the conventional MUSIC method can be modified as follows in order to
estimate both the range and the bearing of objects at the frequency fn,

Z( fn, θk, ρk) =
1

a+( fn, θk, ρk)Vb( fn)V+
b ( fn)a( fn, θk, ρk)

(18)

Then the location (θk, ρk) for k = 1, ..., P, maximizing the modified MUSIC spectrum in
(18) is selected as the estimated object center to the first sensor of the array. Because a two
dimensional search requires that the exact solution of the scattered field be calculated at each
point in order to fill the steering vector a( fn, θk, ρk).

3. The scattering model

In this section we present how to fill the steering vector used in equation (18) at a fixed
frequency fn. Consider the case in which a plane wave is incident, with an angle θinc, on P
infinite elastic cylindrical shells or elastic spherical shells of inner radius βk and outer radius
αk for k = 1, ..., P, located in a free space at (θk, ρk) the bearing and the range of the kth object,
associated to the first sensor of the array S1 (see figure 1). The fluid outside the shells is labeled
by 1, thus, the sound velocity c1 and the wavenumber

Kn1 =
2π fn

c1
.

3.1 Cylindrical shell

We consider the case of infinitely long cylindrical shell. In order to calculate the exact solution
for the acoustic scattered field acyl( fn, θk1, ρk1) a decomposition of the different fields is used,
according to the Bessel functions Jm, Nm and the Hankel function (Hm).
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Then the location (θk, ρk) for k = 1, ..., P, maximizing the modified MUSIC spectrum in
(18) is selected as the estimated object center to the first sensor of the array. Because a two
dimensional search requires that the exact solution of the scattered field be calculated at each
point in order to fill the steering vector a( fn, θk, ρk).

3. The scattering model

In this section we present how to fill the steering vector used in equation (18) at a fixed
frequency fn. Consider the case in which a plane wave is incident, with an angle θinc, on P
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by 1, thus, the sound velocity c1 and the wavenumber

Kn1 =
2π fn

c1
.
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We consider the case of infinitely long cylindrical shell. In order to calculate the exact solution
for the acoustic scattered field acyl( fn, θk1, ρk1) a decomposition of the different fields is used,
according to the Bessel functions Jm, Nm and the Hankel function (Hm).
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The scattered pressure in this case is given by (Doolittle & Uberall, 1966),(Junger, 1952),

acyl( fn, θk1, ρk1) = pc0

∞

∑
m=0

jm�mbm H(1)
m (Kn1ρk1) cos(m(θk1 − θinc)), (19)

where pc0 is a constant, �0 = 1, �1 = �2 = ... = 2, bm is a coefficient depending on conditions
limits and m is the number of modes (Doolittle & Uberall, 1966).

3.2 Spherical shell

The analysis is now extended to the case where the scatterer is a spherical shell. The scattered
pressure is given by (Fawcett et al., 1998), (Goodman & Stern, 1962), (Junger, 1952)

asph( fn, θk1, ρk1) = ps0

∞

∑
m=0

Bm H(1)
m (Kn1ρk1)Pm(cos(θk1 − θinc)), (20)

where ps0 is a constant and Pm(cos(θk1 − θinc)) is the Legendre polynomials
(Goodman & Stern, 1962). Equations (19) and (20) give the first component of the steering
vector, then, in a similar manner the other component acyl( fn, θki, ρki) and asph( fn, θki, ρki)
for i = 2, ..., N, associated to the ith sensor, can be formed, where all the couples (θki, ρki)
are calculated using the general Pythagore theorem and are function of the couple (θk1, ρk1).
Thus, the configuration used is shown in figure 1. The obtained θki, ρki are given by

ρki =

√
ρ2

ki−1 − d2 − 2ρki−1d cos(
π

2
+ θki−1) (21)

θki = cos−1[
d2 + ρ2

ki − ρ2
ki−1

2ρki−1d
], (22)

where d is the distance between two adjacent sensors. Finally the steering vector is filled with
the cylindrical scattering model in the case of cylindrical shells and filled with the spherical
scattering model in the case of spherical shells. For example, when the considered objects are
cylindrical shells, the steering vector is written as:

a( fn, θk, ρk) =
[

acyl( fn, θk1, ρk1), ... , acyl( fn, θkN , ρkN)
]T

, (23)

By using the exact solution of the scattered field (Doolittle & Uberall, 1966), we can fill the
direction vector in the MUSIC algorithm equation (18) with non planar scattered field to locate
the objects. The location (ρ̂, θ̂) maximizing the MUSIC spectrum in (18) is selected as the
estimated object center.
Because a two dimensional search requires that the exact scattered field be calculated at
each point. The modified MUSIC algorithm presented in this section, is limited to one or
multiple objects localization where the interactions are ignored. So, the localization problem
is approached as if these objects are independently scattering the incident plane wave.

46 Underwater Acoustics Localization of Buried Objects in Sediment Using High Resolution Array Processing Methods 7

Fig. 1. Geometry configuration of the kth object localization.

4. The cumulant based coherent signal subspace method for bearing and range
estimation

In the previous section, a modified MUSIC algorithm has been proposed in order to estimate
both the range and the bearing objects at a fixed frequency. In this section, the frequency
diversity of wideband signals is considered. The received signals come from the reflections
on the buried objects thus these signals are totally correlated and the MUSIC method looses
its performances if any preprocessing is used before as the spatial smoothing (Pillai & Kwon,
1989) or the frequential smoothing (Frikel & Bourennane, 1996), (Valaee & Kabal, 1995). It
appears clearly that it is necessary to apply any preprocessing to decorrelate the signals.
According to the published results (Pillai & Kwon, 1989), the spatial smoothing needs a greater
number of sensors than the frequential smoothing.

In this section, the employed signals are wideband. This choice is made in order to decorrelate
the signals by means of an average of the focused spectral matrices. Therefore the objects can
be localized even if the received signals are totally correlated. This would have not been
possible with the narrowband signals without the spatial smoothing. Among the frequential
smoothing based processing framework (Maheswara & Reddy, 1996), (Pillai & Kwon, 1989),
we have chosen the optimal method which is the bilinear focusing operator (Frikel &
Bourennane, 1996), (Valaee & Kabal, 1995), in order to obtain the coherent signal subspace.
This technique divides the frequency band into L narrowbands (Frikel & Bourennane, 1996),
(Valaee & Kabal, 1995), then, transforms the received signals in the L bands into the focusing
frequency f0. The average of the focused signals is then calculated and consequently
decorrelates the signals (Hung & Kaveh, 1988), (Wang & Kaveh, 1985). Here, f0 is the center
frequency of the spectrum of the received signal and it is chosen as the focusing frequency.
The following is the step-by-step description of the technique:

1. use an ordinary beamformer to find an initial estimate of P, θk and ρk for k = 1, ..., P,
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on the buried objects thus these signals are totally correlated and the MUSIC method looses
its performances if any preprocessing is used before as the spatial smoothing (Pillai & Kwon,
1989) or the frequential smoothing (Frikel & Bourennane, 1996), (Valaee & Kabal, 1995). It
appears clearly that it is necessary to apply any preprocessing to decorrelate the signals.
According to the published results (Pillai & Kwon, 1989), the spatial smoothing needs a greater
number of sensors than the frequential smoothing.

In this section, the employed signals are wideband. This choice is made in order to decorrelate
the signals by means of an average of the focused spectral matrices. Therefore the objects can
be localized even if the received signals are totally correlated. This would have not been
possible with the narrowband signals without the spatial smoothing. Among the frequential
smoothing based processing framework (Maheswara & Reddy, 1996), (Pillai & Kwon, 1989),
we have chosen the optimal method which is the bilinear focusing operator (Frikel &
Bourennane, 1996), (Valaee & Kabal, 1995), in order to obtain the coherent signal subspace.
This technique divides the frequency band into L narrowbands (Frikel & Bourennane, 1996),
(Valaee & Kabal, 1995), then, transforms the received signals in the L bands into the focusing
frequency f0. The average of the focused signals is then calculated and consequently
decorrelates the signals (Hung & Kaveh, 1988), (Wang & Kaveh, 1985). Here, f0 is the center
frequency of the spectrum of the received signal and it is chosen as the focusing frequency.
The following is the step-by-step description of the technique:

1. use an ordinary beamformer to find an initial estimate of P, θk and ρk for k = 1, ..., P,
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2. fill the transfer matrix,

Â( fn) = [a( fn, θ1, ρ1), a( fn, θ2, ρ2), ..., a( fn, θP, ρP)] , (24)

where each component of the directional vector a( fn, θk, ρk) for k = 1, ..., P, is filled using
equation (19) or (20) considering the object shape,

3. estimate the cumulant slice matrix output sensors data C1( fn) at frequency fn,

4. calculate object cumulant matrix at each frequency fn using equation (10):

Us( fn) = (Â+( fn)Â( fn))
−1Â+( fn)[C1( fn)]Â( fn)(Â+( fn)Â( fn))

−1, (25)

5. calculate the average of the cumulant matrices associated to the objects,

Ūs( f0) =
1
L

L

∑
n=1

Us( fn), (26)

6. calculate Ĉ1( f0) = Â( f0)Ūs( f0)Â+( f0)

7. form the focusing operator using the eigenvectors,

T( f0, fn) = V̂s( f0)V+
s ( fn) (27)

where Vs( fn) and V̂s( f0) are the eigenvectors associated with the largest eigenvalues of
the cumulant matrix C1( fn) and Ĉ1( f0), respectively.

8. form the average slice cumulant matrix C̄1( f0) and perform its eigendecomposition,

C̄1( f0) =
1
L

L

∑
n=1

T( f0, fn)C1( fn)T+( f0, fn) (28)

The modified spatial spectrum of MUSIC method for wideband correlated signals is given by

Zwb( f0, θk, ρk) =
1

a+( f0, θk, ρk)V̄b( f0)V̄+
b ( f0)a( f0, θk, ρk)

, (29)

where V̄b( f0) is the eigenvector matrix of C̄1( f0) associated to the smallest eigenvalues.

5. Experimental setup

An underwater acoustic data have been recorded in an experimental water tank (figure 2) in
order to evaluate the performances of the developed method. This tank is fill of water and
homogeneous fine sand, where are buried three cylinder couples and one sphere couple, full
of water or air, between 0 and 0.005 m, of different dimensions (see table 1). The considered
sand has geoacoustic characteristics near to those of water. Consequently, we can make the
assumption that the objects are in a free space. The experimental setup is shown in figure
3 where all the dimensions are given in meter. The considered cylindrical and spherical
shells are made of dural aluminum with density D2 = 1800 kg/m3, the longitudinal and
transverse-elastic wave velocities inside the shell medium are cl = 6300 m/s and ct = 3200
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Fig. 2. Experimental tank

Fig. 3. Experimental setup

m/s, respectively. The external fluid is water with density D1 = 1000 kg/m3 and the the
internal fluid is water or air with density D3air = 1.2 10−6 kg/m3 or D3water = 1000 kg/m3.
We have done eight experiments where the transmitter is fixed at an incident angle θinc = 60˚
and the receiver moves horizontally, step by step, from the initial to the final position with a
step size d = 0.002 m and takes 10 positions in order to form an array of sensors with N = 10.
The distance, between the transmitter, the RR� axis and the receiver, remains the same. First
time, we have fixed the receiver horizontal axis at 0.2 m from the bottom of the tank, then, we
have done four experiments, Exp. 1, Exp. 2, Exp. 3 and Exp. 4, associated to the following
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�
��

1st couple 2nd couple

Outer radius αk (m) α1,2 = 0.30 α3,4 = 0.01
Filled of air air

Separated by (m) 0.33 0.13

�
��

3rd couple 4th couple

Outer radius αk (m) α5,6 = 0.018 α7,8 = 0.02
Filled of water air

Separated by (m) 0.16 0.06

Table 1. characteristics of the various objects (the inner radius βk = αk − 0.001 m, for
k = 1, ..., P)

configuration; the RR� axis is positioned on the sphere couple, the 1st, the 2nd and the 3rd

cylinder couple, respectively. Second time, the receiver horizontal axis is fixed at 0.4 m and
in the same manner we have done four other experiments Exp. 5, Exp. 6, Exp. 7 and Exp. 8
associated to each position of the RR�. Thus, for each experiment, only one object couple is
radiated by the transmitter, where the transmitted signal has the following properties; impulse
duration is 15 μs, the frequency band is [ fL = 150, fU = 250] kHz, the mid-band frequency is
f0 = 200 kHz and the sampling rate is 2 MHz. The duration of the received signal is 700 μs.

5.1 Experimental data

At each sensor, time-domain data is collected and the typical sensor output signals
corresponding to one experiment are shown in figure 4. The power spectral density of the
sensor output signal is presented in figure 5.

Fig. 4. Observed sensor output signals
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Fig. 5. Power spectral density of sensor output signal.

6. Results and discussion

The steps listed above in section 4, are applied on each experimental data, thus, an
initialization of θ, ρ and P has been done using the conventional beamformer and for example
for Exp. 1, those three parameters have been initialized by P = 1, θ1 = 15˚ and ρ1 = 0.28 m.
Moreover, the average of the focused slice cumulant matrices is calculated using L = 50
frequencies chosen in the frequency band of interest [ fL, fU ]. Moreover, a sweeping on the
bearing and the range have been applied ([−90˚,90˚] for the bearing with a step 0.1˚ and
[0.2, 1.5] m for the range with a step 0.002 m). The obtained spatial spectrum of the modified
MUSIC method are shown in figures 6 to 13. On each figure, we should have two peaks
associated to one object couple and that is what appears on the majority of figures.

Table 2 summarizes the expected and the estimated range and bearing objects obtained using
the MUSIC algorithm alone, then using the modified MUSIC algorithm with and without a
frequential smoothing. The indexes 1 and 2 are the 1st and the 2nd object of each couple of
cylinders or spheres. Note that the obtained bearing objects after applying the conventional
MUSIC algorithm are not exploitable. Similar results are obtained when we apply the
modified MUSIC algorithm without a frequential smoothing, because the received signals
are correlated due to the small distance that separate the objects each other and the use of
a single transmitter sensor. However, satisfying results are obtained when we apply the
modified MUSIC algorithm with a frequential smoothing, thus the majority of bearing and
range objects are successfully estimated. Furthermore, the difference between the estimated
value (θ(1,2)est, ρ(1,2)est) and the expected value (θ(1,2)exp, ρ(1,2)exp) is very small and only two
cylinders were not detected in Exp. 6 and Exp. 8, because, the received echoes, associated
to these cylinders, are rather weak. Thus, it is important to realize that there is some
phenomenons which complicate the object detection in experimental tank, for example, the
attenuation of high frequencies in sediment is much higher than the low frequencies and due
to the small dimensions of the experimental tank, the frequencies used here are [150, 250] kHz
which represent high frequencies.
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Fig. 5. Power spectral density of sensor output signal.
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[0.2, 1.5] m for the range with a step 0.002 m). The obtained spatial spectrum of the modified
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associated to one object couple and that is what appears on the majority of figures.

Table 2 summarizes the expected and the estimated range and bearing objects obtained using
the MUSIC algorithm alone, then using the modified MUSIC algorithm with and without a
frequential smoothing. The indexes 1 and 2 are the 1st and the 2nd object of each couple of
cylinders or spheres. Note that the obtained bearing objects after applying the conventional
MUSIC algorithm are not exploitable. Similar results are obtained when we apply the
modified MUSIC algorithm without a frequential smoothing, because the received signals
are correlated due to the small distance that separate the objects each other and the use of
a single transmitter sensor. However, satisfying results are obtained when we apply the
modified MUSIC algorithm with a frequential smoothing, thus the majority of bearing and
range objects are successfully estimated. Furthermore, the difference between the estimated
value (θ(1,2)est, ρ(1,2)est) and the expected value (θ(1,2)exp, ρ(1,2)exp) is very small and only two
cylinders were not detected in Exp. 6 and Exp. 8, because, the received echoes, associated
to these cylinders, are rather weak. Thus, it is important to realize that there is some
phenomenons which complicate the object detection in experimental tank, for example, the
attenuation of high frequencies in sediment is much higher than the low frequencies and due
to the small dimensions of the experimental tank, the frequencies used here are [150, 250] kHz
which represent high frequencies.
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Fig. 6. Spatial spectrum of the developed method for air sphere couple (Exp.1.).

Fig. 7. Spatial spectrum of the developed method for small air cylinders couple (Exp.2).
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Fig. 8. Spatial spectrum of the developed method for big water cylinders couple (Exp.3).

Fig. 9. Spatial spectrum of the developed method for big air cylinders couple (Exp.4.).
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Fig. 6. Spatial spectrum of the developed method for air sphere couple (Exp.1.).

Fig. 7. Spatial spectrum of the developed method for small air cylinders couple (Exp.2).
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Fig. 8. Spatial spectrum of the developed method for big water cylinders couple (Exp.3).

Fig. 9. Spatial spectrum of the developed method for big air cylinders couple (Exp.4.).
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Fig. 10. Spatial spectrum of the developed method for Air sphere couple (Exp.5.).

Fig. 11. Spatial spectrum of the developed method for small air cylinders couple (Exp.6).
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Fig. 12. Spatial spectrum of the developed method for big water cylinders couple (Exp.7).

Fig. 13. Spatial spectrum of the developed method for big air cylinders couple (Exp.8.).
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Fig. 10. Spatial spectrum of the developed method for Air sphere couple (Exp.5.).

Fig. 11. Spatial spectrum of the developed method for small air cylinders couple (Exp.6).
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Fig. 12. Spatial spectrum of the developed method for big water cylinders couple (Exp.7).

Fig. 13. Spatial spectrum of the developed method for big air cylinders couple (Exp.8.).
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�
��

Exp.1 Exp.2 Exp.3 Exp.4

θ1exp(˚) −26.5 −23 −33.2 −32.4
ρ1exp(m) 0.24 0.24 0.26 0.26
θ2exp(˚) 44 9.2 −20 5.8

ρ2exp(m) 0.31 0.22 0.24 0.22
MUSIC
θ1est(˚) −18 −30 −40 −22
θ2est(˚) 30 −38 −48 −32

MUSIC NB
θ1,2est(˚) 15 −12 −28 −10

ρ1,2est(m) 0.28 0.23 0.25 0.24
MUSIC WB

θ1est(˚) −26 −23 −33 −32
ρ1est(m) 0.22 0.25 0.29 0.28
θ2est(˚) 43 9 −20 6

ρ2est(m) 0.34 0.25 0.25 0.23

�
��

Exp.5 Exp.6 Exp.7 Exp.8

θ1exp(˚) −50 −52.1 −70 −51.6
ρ1exp(m) 0.65 0.65 1.24 0.65
θ2exp(˚) −22 −41 −65.3 −49

ρ2exp(m) 0.45 0.56 1.17 0.64
MUSIC
θ1est(˚) −58 25 −40 −
θ2est(˚) −12 −40 −45 −

MUSIC NB
θ1,2est(˚) −35 −45 −70 −50

ρ1,2est(m) 0.52 0.63 1.2 0.65
MUSIC WB

θ1est(˚) −49 −52 −70 −52
ρ1est(m) 0.65 0.63 1.21 0.63
θ2est(˚) −22 − −65 −

ρ2est(m) 0.44 − 1.2 −

Table 2. The expected (exp) and estimated (est) values of range and bearing objects. (negative
bearing is clockwise from the vertical), NB: Narrowband, WB: Wideband)

7. Conclusion

In this chapter we have proposed a new method to estimate both the bearing and the range
of buried objects in a noisy environment and in presence of correlated signals. To cope with
the noise problem we have used high order statistics, thus we have formed the slice cumulant
matrices at each frequency bin composed of clean data. Then, we have applied the coherent
subspace method which consists in a frequential smoothing in order to cope with the signal
correlation problem and to form the focusing slice cumulant matrix. To estimate the range and
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the bearing objects, the focusing slice cumulant matrix is used instead of using the spectral
matrix and the exact solution of the acoustic scattered field is used instead of the plane wave
model, in the MUSIC method. We considered objects with known shapes as cylindrical or
spherical shells, buried in an homogeneous sand. Our method can be applied when the
objects are located in the nearfield and rather in the farfield region of the sensor array. The
performances of this method are investigated through real data associated to many spherical
and cylindrical shells buried under the sand. The proposed method is superior in terms of
performance to the conventional method. The range and the bearing objects are estimated
with a significantly good accuracy due to the free space assumption.
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1. Introduction 
Compared with the electromagnetic wave channel, the UWA (Underwater Acoustic) channel 
is characterized by large transmission delay, transmission loss increased with distance and 
frequency, serious multi-path effect, and remarkable Doppler Effect. These characteristics 
greatly influence the performance of UWA communication, and restrict channel capacity. 
Performance of UWA communication is far away from telecommunication, even if employ the 
similar techniques. Especially, available bandwidth is limited by spread distance because 
transmission loss increases with longer range distance. For example, the bandwidth for 5 km is 
10 kHz whereas the bandwidth for 80 km is only 500Hz. For constant data rate, the bandwidth 
is confined by maximum working range and worst channel environment, so the utilization 
ratio of channel is very low. Besides the reasonable modulation model and advanced signal 
processing method which improves the detection performance of the receiver, the most 
fundamental way for reliable communication is adaptive modulation which greatly improves 
utilization ratio of bandwidth. 

Modulation and detection techniques used for UWA communication include phase coherent 
(PSK and QAM) and noncoherent (FSK) techniques. The choice of modulation mode is 
based on the UWA channel parameters, such as multipath and the Doppler spread, as well 
as the SNR. The spread factor of the UWA channel determines whether phase coherent 
communications are possible. If so, an equalizer is employed to combat any intersymbol 
interference. If the channel varies too rapidly, noncoherent signaling is chosen. The choice of 
modulation is determined by the operator. 

The objective of this chapter is based on the analysis of characteristics of UWA channel, 
developing algorithms that can self-adapting select the best technique for time varying 
UWA channel. Then the dynamic modulation and bandwidth optimization for high-rate 
UWA communication are deduced. At last the simulation results are shown. 

2. Fading characteristics of UWA channel 
2.1 Characteristic of UWA channel 

Due to the absorption of medium itself, the wavefront expansion in sound propagation, the 
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and so on, the acoustic intensity will weaken in its propagation direction. The fading will 
change with distance, frequency and sensors location, which can be divided into large-scale 
fading and small-scale fading. 

Large-scale fading: It is caused by sound propagation and sound ray convergence. The 
fading caused by sound propagation is composed by transmission loss and absorption loss, 
which is a function of range and frequency. It can be expressed as  

 10logTL n r r    (1) 

where n=1,2,or 1.5, r is the range of communication, α is absorption coefficeent, which is a 
function of signal frequency f, and its value can be given by Thorp experience formula: 

 
2 2

4 2 3
2 2

0.11 44( ) 3.0 10 3.3 10
1 4100

f ff f
f f

       
 

dB/km (2) 

In the process of signal propagation, sound energy is strong in one area while weak in 
another area which is known as convergence fading.  

Small-scale fading: small scale fading is composed by multipath and Doppler spread. The 
impulse response function is  

      
1

( , ) exp ( ) ( )
p

i i i
i

h t a t j t t    


   (3) 

where P is the number of multiple paths, i  and i  are the amplitude and phase of i-th path 
respectively. i  is the time delay of the i-th path, and is uniformly distributed between 

min and max , where max is maximum delay spread . This kind of spread in time domain is 
corresponding to frequency selective decline in frequency domain, and the relation between 
coherence bandwidth cohB  and maximum relative delay is max1cokB  . Multipath fading 
which caused by interference of multipath signals is related to the frequency of the signal, 
physical characteristics of the ocean, spatial location of the transmitter and the receiver. 

Doppler Effect is caused by the relative motion between the transmitter and the receiver or 
the medium flow in UWA channel. Because multiple paths spread through different tracks, 
the received Doppler frequencies are also different from each other. Therefore the received 
signal is frequency spreading and the spread is measured by parameter maxdf fv c , where 

max is the maximum relative radial velocity of multiple paths, c is the propagation velocity 
of sound waves, and f is the frequency of the signal transmission. Doppler spread in 
frequency domain is corresponding to time selective decline in time domain. Time selective 
decline is measured by relative time 1cok dT f .The larger the relative time is, the slower 
channel varies. Conversely, the smaller the relative time is, the quicker channel varies.  

By the above analysis, when the sea area, positions of the transmitter and of the receiver are 
established, large-scale fading is only the function of distance and frequency, and small scale 
fading is a random function of distance and time. In the adaptive UWA communication, big 
scale fading is slow fading, and small scale fading is fast fading. The relations between 
range and fading are shown in Fig.1. With defined distance, the relations between time and 
fading are shown in Fig.2.  
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Fig. 2. The relations between time and fading 

2.2 The relationship between bandwidth and frequency/ range in UWA channel 

If only considering the large-scale fading, according to sonar function, the SNR(signal-to-
noise ratio) of receiver will be 

 SNR 10log BSL TL NL     (4) 

where SL is sound source level (dB), NL is noise spectrum level, B is the bandwidth. 
Assuming NL=45dB, the relationship between SNR of receiver and frequency (1~30kHz), 
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SNR of receiver and range(1~100km) are shown in Fig.3. From the figure we can see, if the 
transmitting power and the SNR of receiver are defined, the system bandwidth is the 
function of distance and frequency. 

  
Fig. 3. The relationship between SNR and frequency, SNR and range 

3. Channel capacity of UWA channel 
3.1 Channel capacity of AWGN (Additive White Gaussian Noise) time invariant 
channel 

Assuming n(t) is AWGN, 0 2N  is PSD (Power Spectral Density) of AWGN, P  is the 
average transmitted power, B is the receiving  bandwidth, C is the channel capacity per 
second(bit/s). When the channel gain is constant 1, the SNR of the receiver is 
constant    0t P N B  , and then the channel capacity limited by average power can be 
expressed as 

  2log 1C B    (5) 

This formula shows the channel capacity is proportional to the bandwidth, and increases 
with the improvement of received SNR. 

3.2 Channel capacity of time variant flat fading channel 

Supposing the gain of stationary and ergodic channel is  g t  , g(t) obeys distribution p(g), 
and is unrelated with channel input. So the instantaneous received SNR 
is     0( )t g t P N B  , the distribution of  t  is determined by  g t , and the channel 
capacity is  

    20
log 1C B p d  


   (6) 
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If the sending power varies with   , the interrupt threshold 0  can be calculated by the 

formula  
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This capacity can be obtained by the time-varying transmission rates. Instantaneous SNR   
corresponds to the rate  2 0logB   . This formula shows: If channel condition gets 
deteriorated, then the transmitter will reduce sending power and transmission rate. If the 
SNR falls below the interrupt threshold 0 , the transmitter won’t transmit signal. This 
method is called time domain Power Water-filling Allocation method. 

3.3 Channel capacity of time invariant frequency selective fading channel 

Supposing the channel gain H(f) is block fading, the whole bandwidth can be divided into 
many sub-channels whose bandwidth are B, and in each sub-channel   iH f H  is constant. 
The SNR of i-th channel is  2

0i jH P N B , where jP is the allocated power when jj P P  . 
P is the upper limit of the total power. The channel capacity is the sum of the whole sub-
channels 
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channel capacity achieves maximum as 
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Interrupt threshold can be calculated by  01 1 1j
j

   . The capacity C is achieved by 
allocating different power and data rate for multiple sub-channels. When SNR of channel is 
admirable, distribute more power and use high transmission rate. If channel gets 
deteriorated, the transmitter will reduce sending power and transmission rate. If the SNR 
falls below the interrupt threshold 0 , the transmitter won’t transmit signal. This method is 
called frequency domain Power Water-filling Allocation method. 

3.4 Capacity of UWA channel 

In order to simplify the analysis, this chapter assumes that the response function of the 
UWA channel is H (f, t), and the bandwidth B can be divided into several sub-bandwidths 
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by coherent bandwidth cohB . Each sub-channel is independent time variant flat fading 
channel, then for the j-th sub-channel, the response function is    , jH f t H t . According to 
the allocated average power of each sub-channel, the capacity of every flat fading sub-
channel can be deduced. For sub-channels are independent from each other, the total power 
in time and frequency domain is the sum of capacity of each narrowband flat fading sub-
channel. 
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where  j jC P  is the capacity of the sub-channel whose mean power is P and bandwidth is 

cohB . Bandwidth can be given by Eq. 6 From the two dimensions Water-filling Allocation 
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   , which is the 

same for each sub-channel. 

To achieve the capacity in UWA communication, multi-carrier transmission should be used, 
and the power of each sub-channel is allocated by SNR. In one sub-channel, the 
transmission power and rate vary with the channel condition by Water-filling Allocation 
method. 

4. Relationship between BER and SNR in digital communication 
PSK(Phase Shift Keying), QAM(Quadrature Amplitude Modulation) and FSK (Frequency 
Shift Keying) are the common modulation models used in UWA communication. Supposing 
the transmission signal ( )Ts t , then the received signal with AWGN is  

 ( ) ( ) ( ) (0 )r Ts t s t n t t T     (12) 

where n(t) is AWGN sample with power spectrum density 0( ) N 2nn f  . N0 is the 
average power spectrum density of AWGN. With the optimized receiver, symbol error rate, 
bit error rate and bandwidth ratio of several modulation models are shown in Table1. b  is 
signal power per bit. 

According to Table1, when the BER is 610bP   or 410bP  , the SNR that M-ary modulation 
needs to transmit 1bit information is shown in Table2. The interrupt threshold in UWA 
communication is defined by the SNR.  
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Table 1. SER, BER and bandwidth ratio of M-ary modulation models 
 

610bP   Modulation 
mode 

M=2 M=4 M=8 M=16 M=32 

PSK 10.51 10.51 13.95 18.42 23.34 
QAM  10.51 13.25 14.39 16.59 
FSK 13.51 10.75 9.23 8.21 7.44 

410bP   PSK 8.39 8.39 11.71 16.14 21.01 
QAM  8.39 11.28 12.19 14.41 
FSK 11.39 8.77 7.35 6.43 5.76 

Table 2. SNR to transmit 1bit information of M-ary modulation (dB) 

5. Adaptive UWA communication 
The UWA communication is power limited communication because of cavitation 
phenomenon and field effect. The large-scale fading is slow fading, and the small-scale 
fading is fast fading.  

From analysis of section 3.4, adaptive modulation should be used to optimize the 
bandwidth ratio. By the use of multi-carrier transmission, the power of each sub-channel is 
allocated by SNR of receiver to achieve dynamic bandwidth. When SNR of channel is high, 
the transmitter distributes more power, or otherwise distributes less power. If the SNR falls 
below the interrupt threshold 0 , the transmiter will not transmit signal. In one sub-channel 
the transmission power and rate vary with the channel condition by Water-filling Allocation 
method. When SNR of channel is admirable, the transmitter distributes more power and 
uses higher transmission rate, or otherwise reduces sending power and transmission rate. If 
the SNR falls below the interrupt threshold 0 , do not transmit signal. It is dynamic 
modulation in one sub-carrier. 

5.1 Adaptive transmission system 

In adaptive modulation system, at first, the transmitter sends a test signal to link the 
receiver, and then the receiver estimates the instantaneous channel characteristics and feeds 
back the updates to the transmitter, at last the transmitter selects a suitable modulation 
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by coherent bandwidth cohB . Each sub-channel is independent time variant flat fading 
channel, then for the j-th sub-channel, the response function is    , jH f t H t . According to 
the allocated average power of each sub-channel, the capacity of every flat fading sub-
channel can be deduced. For sub-channels are independent from each other, the total power 
in time and frequency domain is the sum of capacity of each narrowband flat fading sub-
channel. 
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Interrupt threshold 0 can be calculated by    
0
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   , which is the 

same for each sub-channel. 

To achieve the capacity in UWA communication, multi-carrier transmission should be used, 
and the power of each sub-channel is allocated by SNR. In one sub-channel, the 
transmission power and rate vary with the channel condition by Water-filling Allocation 
method. 

4. Relationship between BER and SNR in digital communication 
PSK(Phase Shift Keying), QAM(Quadrature Amplitude Modulation) and FSK (Frequency 
Shift Keying) are the common modulation models used in UWA communication. Supposing 
the transmission signal ( )Ts t , then the received signal with AWGN is  

 ( ) ( ) ( ) (0 )r Ts t s t n t t T     (12) 

where n(t) is AWGN sample with power spectrum density 0( ) N 2nn f  . N0 is the 
average power spectrum density of AWGN. With the optimized receiver, symbol error rate, 
bit error rate and bandwidth ratio of several modulation models are shown in Table1. b  is 
signal power per bit. 

According to Table1, when the BER is 610bP   or 410bP  , the SNR that M-ary modulation 
needs to transmit 1bit information is shown in Table2. The interrupt threshold in UWA 
communication is defined by the SNR.  
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method. When SNR of channel is admirable, the transmitter distributes more power and 
uses higher transmission rate, or otherwise reduces sending power and transmission rate. If 
the SNR falls below the interrupt threshold 0 , do not transmit signal. It is dynamic 
modulation in one sub-carrier. 

5.1 Adaptive transmission system 

In adaptive modulation system, at first, the transmitter sends a test signal to link the 
receiver, and then the receiver estimates the instantaneous channel characteristics and feeds 
back the updates to the transmitter, at last the transmitter selects a suitable modulation 
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scheme and bandwidth to transmit information. The receiver estimates channel and feeds 
back the updates to transmitter at the end of a frame. The adaptive system process block 
diagram is shown in Fig.4. The estimated received SNR of j-th channel at i-th time is 

     0ˆ ˆj j j ji P g i N B  .  ˆ jg i is the estimation of power gain of j-th channel. The relevant 
parameters are regulated based on estimated value at the time of integral times of code 
period Ts. 
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Fig. 4. Block diagram of adaptive system 

5.2 The adaptability criterion of large-scale fading and small-scale fading  

Supposing the transmitter sends information to the receiver at time i, after time delay ie, the 
receiver receivs the estimated SNR  ˆ j i of j-th sub-channel at time i. Finally, with the 
additional feed back time delay fi , the receiver gets the information after time 
delay d e fi i i  . Assuming the channel estimation and feed back information are both 
errorless, then the instantaneous BER is  b bP P  , and supposing  ˆ dg i i  is the actual 
value, the total BER of QAM is  

         ,, 0.2 5 di i
b d bP i i i P      (13) 

It can be improved when Doppler frequency shift fd meets 0.001d e f di i i f   , the average 
BER approaches desired value bP . That is to say, the rate of channel variation effects the 
updates rate and estimated error of  i . 

As mentioned above, there are two aspects affecting channel gain, large-scale fading and 
small-scale fading. When Doppler frequency shift is small, the large-scale fading is constant 
and the small-scale fading varies slowly. In another word, in short range, estimated error 
and feed back delay can not weaken the system. When Doppler frequency shift is large, 
small-scale fading varies severely, that is system can not estimate channel and feed back 
information effectively in long range. Different adaptive control methods should be adopted 
according to different range, and there is a definite relation between control methods and 
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communication range. Supposing the distance is r, UWA velocity is 1500m/s, time 
delay 2di r c , when 0.001 2dd cf  , system chooses the model to adapt small-scale fading, 
otherwise to adapt large-scale fading.  

5.3 Dynamic modulation and bandwidth optimization   

Adaptive dynamic modulation and bandwidth optimization are powerful techniques to 
improve the energy efficiency and bandwidth ratio over UWA fading channel. Adaptive 
frequency and bandwidth are natural choices over UWA fading channel. Adaptive 
modulation and power management over UWA fading channel is investigated in this 
section. 

5.3.1 Define carrier frequency and bandwidth according to the range  

For any UWA communication system, the most important parameters are carrier 
frequency and bandwidth, which are mainly dependent on range and ambient noise. 
Receiver expects a high SNR, so the principle to choose a proper carrier frequency and 
bandwidth is to maximize SNR. Based on sonar equation, the optimal frequency can be 
determined by 

 
1/2

0
70.7 ( )d FMf

r df
 

  
 

 (14) 

in which, FM is defined as FM=SL-(NL-DI+DT), SL is the Source Level of transmitter， NL is 
water ambient Noise Level. The 3dB bandwidth of the optimistic frequency is the system 
bandwidth. 

5.3.2 Define the modulation model and adaptive fading model 

For double spread UWA channel, the spread factor is the product of time spread and 
frequency spread. If the spread factor accesses or overs 1, the channel will be overspread. 
Non-coherent modulation FSK has been considered as the only alternative for overspread 
channel. 

According the estimated distance d and Doppler frequency fd, if 0.001 2dd cf , then the 
system will adapt to small-scale fading that is fast fading, otherwise will adapt to  large-
scale fading. 

5.3.3 SNR estimation  

SNR is an important parameter to optimize modulation and bandwidth in two dimensions 
channel. There are two estimation methods, one is estimating by sending the test training 
sequence, and the other is estimating by direct signals received. The former one is inefficient 
for lower bandwidth availability, and the later one is the main method of SNR estimation.  

Supposing the transmission signal is ( )Ts t , then the received signal through UWA channel 
with AWGN is  
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communication range. Supposing the distance is r, UWA velocity is 1500m/s, time 
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otherwise to adapt large-scale fading.  

5.3 Dynamic modulation and bandwidth optimization   

Adaptive dynamic modulation and bandwidth optimization are powerful techniques to 
improve the energy efficiency and bandwidth ratio over UWA fading channel. Adaptive 
frequency and bandwidth are natural choices over UWA fading channel. Adaptive 
modulation and power management over UWA fading channel is investigated in this 
section. 

5.3.1 Define carrier frequency and bandwidth according to the range  

For any UWA communication system, the most important parameters are carrier 
frequency and bandwidth, which are mainly dependent on range and ambient noise. 
Receiver expects a high SNR, so the principle to choose a proper carrier frequency and 
bandwidth is to maximize SNR. Based on sonar equation, the optimal frequency can be 
determined by 
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in which, FM is defined as FM=SL-(NL-DI+DT), SL is the Source Level of transmitter， NL is 
water ambient Noise Level. The 3dB bandwidth of the optimistic frequency is the system 
bandwidth. 

5.3.2 Define the modulation model and adaptive fading model 

For double spread UWA channel, the spread factor is the product of time spread and 
frequency spread. If the spread factor accesses or overs 1, the channel will be overspread. 
Non-coherent modulation FSK has been considered as the only alternative for overspread 
channel. 

According the estimated distance d and Doppler frequency fd, if 0.001 2dd cf , then the 
system will adapt to small-scale fading that is fast fading, otherwise will adapt to  large-
scale fading. 

5.3.3 SNR estimation  

SNR is an important parameter to optimize modulation and bandwidth in two dimensions 
channel. There are two estimation methods, one is estimating by sending the test training 
sequence, and the other is estimating by direct signals received. The former one is inefficient 
for lower bandwidth availability, and the later one is the main method of SNR estimation.  

Supposing the transmission signal is ( )Ts t , then the received signal through UWA channel 
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The self-correlation function of the received signal is 
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In the formula, 2  is signal power, 2
n  is noise power, 0( )J x  is the zero-order Bessel 

function of first kind, 0/mf f f   is normalization Doppler frequency. From the properties 
of channel impulse response, the above formula is discretized and normalized as 

 
2

0
2 2

(2 )cos(2 )( ) 1,2,3...m s c s

n

J f kT f kTkT kyy s
  


 

   


 (17) 

According to the definition of SNR 
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If mf  is unknown, the equation set can be deduced from Eq.18 
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  can be calculated by the equation set. If the system adapts to slow fading channel, the 
estimated   can be averaged. 

5.3.4 Allocate the instantaneous power of each sub-channel based on the estimated 
SNR 

First, the power of each sub-channel is allocated by 
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5.4 The adaptive multi-carrier modulation in UWA communication 

OFDM transports a signal-input data stream on several carriers within the usable frequency 
band of the channel. This is accomplished by partitioning the entire channel into N parallels, 
ideally orthogonal, and spectrally flat subchannels, each of equal bandwidth, and with 
center frequency fn, n=1…N. Thus an OFDM symbol is consisted of several subcarriers 
which are modulated as PSK or QAM. Each subcarrier can be independently modulated in 
adaptive modulation schemes or all subcarriers may be modulated in same manner. The 
bandpass OFDM symbol can be expressed as follows: 
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   0 0[ , ]st t t T   (20) 

where Ts is the symbol period, f0 is the carrier frequency, N is the number of subcarriers, 
d(n) is the PSK or QAM symbol, and t0 is the symbol of starting time. The bandpass signal in 
Eq. 20 can also be expressed in the form of 
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The baseband signal x(t) is sampled at a rate of fs, then tk=k/fs. The baseband signal X(t) can 
be expressed in the form of 
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where x(k)=x(tk). Eq. 22 shows that x(t) is the Inverse Fast Fourier Transform (IFFT) of d(n).  

At receiver the FFT is applied to the discrete time OFDM signal x(t) to recovery the d(n) 
symbols written in    
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Noncoherent detection MFSK transports a signal-input data stream on selected carriers 
among N parallel channels based on coding. A MFSK symbol can be considered as a special 
case of OFDM symbols. The condition of d(n) to be satisfied is that  
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 (24) 

It is clear from Eq. 22, 23 and 24 that dynamic adaptive modulation or demodulation 
combines MFSK and OFDM effectively and employs the FFT/IFFT algorithm to synthesize 
the modulation or demodulation without any other algorithms. It selects a suitable 
modulation or demodulation between OFDM and MFSK according to the estimated 
parameters of UWA communication channel. 
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According to the definition of SNR 
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If mf  is unknown, the equation set can be deduced from Eq.18 
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  can be calculated by the equation set. If the system adapts to slow fading channel, the 
estimated   can be averaged. 
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Noncoherent detection MFSK transports a signal-input data stream on selected carriers 
among N parallel channels based on coding. A MFSK symbol can be considered as a special 
case of OFDM symbols. The condition of d(n) to be satisfied is that  
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It is clear from Eq. 22, 23 and 24 that dynamic adaptive modulation or demodulation 
combines MFSK and OFDM effectively and employs the FFT/IFFT algorithm to synthesize 
the modulation or demodulation without any other algorithms. It selects a suitable 
modulation or demodulation between OFDM and MFSK according to the estimated 
parameters of UWA communication channel. 
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6. Simulation and experiment 
6.1 SNR estimation 

In order to evaluate the performance of the dynamic adaptive system, an UWA 
communication experiment was conducted in a lake. The impulse response of the lake is 
shown in Fig.5. 

According to the SNR estimated method, the 2FSK, 2PSK and 4QAM signals in different 
SNRs are respectively simulated in 100 times. Considering the SNR varying on the receiver 
and practical application, with the range of SNR [-10 dB, 10 dB ], the estimated standard- 
deviations are shown in Fig.6 

 
Fig. 5. Impulse response of the lake   

   
Fig. 6. Average SNR 
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From the figure, we can see the SNR estimated algorithm performance well. The standard 
deviation of estimated SNR is less than 0.7dB. So the estimation is available in adaptive 
UWA communication. 

6.2 Simulations  

The parameters of adaptive UWA communication system used for performance simulation 
are showed in Table 3. A linear frequency modulation signal is used for synchronization. 
The UWA channel is based on the Fig.5, and the relative velocity is 1.5m/s. 

 
 

Modulation Bandpass Bandwidth Guard 
interval 

FFT 
/IFFT 

Number of 
sub carrier 

MFSK 2~2.2kHz 200Hz 0s 0.2s 1 

2~2.4kHz 400Hz 2 

2~2.8kHz 800Hz 4 

2~3.6kHz 1600Hz 8 

OFDM 2~5 kHz 3 kHz 0.05s 300 

2~6 kHz 4 kHz 400 

2~7 kHz 5 kHz 500 

2~8 kHz 6kHz 600 

 
Table 3. Adaptive UWA parameters 

To overcome the ISI, system uses a grouped FSK modulation technique. The band is divided 
into 2 groups, only one of which is transmitted at one time. System uses multiple FSK 
modulation technique in a group. The band is divided into 2, 4 or 8 subbands based on 
bandwidth, in each of which an 8FSK signal is transmitted. 

Fig. 7 and Fig.8 show that the bandwidth raises at the price of increasing SNR at the same 
error bit. Compared with Fig.3, 200Hz bandwidth 8FSK can be used for UWA 
communication at 100km range, and 1200Hz can be used for 40 km. OFDM with 3 kHz 
bandwidth can be used for UWA communication at 15 km range, and 6 kHz can be used for 
the short range. 

6.3 Lake experiments 

An UWA communication experiment which using adaptive system with 1/2 rate turbo 
error control coding was taken in lake. The results demonstrate the performance of adaptive 
communication system at the range from 5km to 25km. The modulation schemes, the 
number of subcarriers, data rate and the bit error rate are given in Table 4. 
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into 2 groups, only one of which is transmitted at one time. System uses multiple FSK 
modulation technique in a group. The band is divided into 2, 4 or 8 subbands based on 
bandwidth, in each of which an 8FSK signal is transmitted. 

Fig. 7 and Fig.8 show that the bandwidth raises at the price of increasing SNR at the same 
error bit. Compared with Fig.3, 200Hz bandwidth 8FSK can be used for UWA 
communication at 100km range, and 1200Hz can be used for 40 km. OFDM with 3 kHz 
bandwidth can be used for UWA communication at 15 km range, and 6 kHz can be used for 
the short range. 

6.3 Lake experiments 

An UWA communication experiment which using adaptive system with 1/2 rate turbo 
error control coding was taken in lake. The results demonstrate the performance of adaptive 
communication system at the range from 5km to 25km. The modulation schemes, the 
number of subcarriers, data rate and the bit error rate are given in Table 4. 
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Fig. 7. BER Performance of four kinds of bandwidth of MFSK 
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Range 
/km modulation number of 

subcarriers 
data rate 

bs-1 
BER 
/% BER after decoding 

5 OFDM 1000 9090 5.33 <10-4 

10 OFDM 500 3400 8.40 <10-4 

15 OFDM 200 1360 8.32 <10-4 

25 8FSK 16 640 2.55 <10-4 

Table 4. Results of lake experiment 

7. Conclusion 
MFSK was seen as intrinsically robust for the time and frequency spreading of long range 
UWA channel. OFDM has been used in UWA communication at short or medium range. 
Adaptive UWA communication system combines MFSK and OFDM effectively, which 
dynamic selects modulation schema and optimizes bandwidth based on UWA 
communication estimation. This method has obvious advantages: being realized by DFT 
based filter banks as OFDM, good performance and the high frequency band efficiency in 
time varying fading UWA channel. Based on the results of simulation and experiments in a 
lake, it is shown that the adaptive UWA communication system is more efficient for high 
rate UWA communication not only at short range, but also at medium and long range. 
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1. Introduction 
In 1960, Chang [1] postulated the principle of transmitting messages simultaneously 
through a linear band-limited channel without ICI and ISI. Shortly after, Saltzberg [2] 
analyzed the performance of such a system and concluded, “The efficient parallel system 
needs to concentrate more on reducing cross talk between the adjacent channels rather than 
perfecting the individual channel itself because imperfection due to cross talk tends to 
dominate.” This was an important observation and was proved in later years in the case of 
baseband digital signal processing.  

The major contribution to the OFDM technique came to fruition when Weinstein and Ebert 
[3] demonstrated the use of the Discrete Fourier Transform (DFT) to perform the base-band 
modulation and demodulation. The use of the DFT immensely increased the efficiency of 
the modulation and demodulation processing. The use of the guard space and the raised-
cosine filtering solve the problems of ISI to a great extent. Although the system envisioned 
as such did not attain the perfect orthogonality between sub-carriers in a time-dispersive 
channel, nonetheless it was still a major contribution to the evolution of OFDM systems.  

In quest of solving the problem of orthogonality over the dispersive channel, Peled and Ruiz 
[4] introduced the notion of cyclic prefix (CP). They suggested filling the guard space with 
the cyclic extension of the OFDM symbol, which acts as if it is performing the cyclic 
convolution by the channel as long as the channel impulse response is shorter than the 
length of the CP, thus preserving the orthogonality of sub-carriers. Although addition of the 
CP causes a reduction of the data rate, this deficiency was more than compensated by the 
ease of receiver implementation.  

Orthogonal Frequency Division Multiplexing (OFDM) scheme enables channel equalization 
in the frequency domain, thus eliminating the need for potentially complex time-domain 
equalization of a single-carrier system [5]. For this reason, OFDM has found application in a 
number of systems. Underwater acoustic(UWAC) OFDM system has been widely studied to 
overcome the complexity of underwater acoustic channels [6] and get a high speed data 
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transmission. Nevertheless, due to the effect of“spectral leakage”in discrete Fourier  
transform(DFT)[7],which is used in OFDM receivers, spectrum of narrowband 
interference(NBI) will be spread in the whole frequency domain , thus, strongly impacts 
adjacent sub-channels [8-9].Various algorithms have been proposed for NBI suppression. 
Aiming at NBI suppression in OFDM systems, some approaches are employed. Receiver 
window method is well known as a simple and valuable NBI suppression technique [10]. 
Literatures [11] consider spreading the OFDM symbols over subcarriers using orthogonal 
codes. A linear minimum mean square estimator (LMMSE) for the NBI cancelation in 
frequency domain is introduced in [12]. Prediction error filter is introduced for mitigating 
the interference in the time domain, thereby preventing the spectralleakage of the 
interference power [13]. PEF is based on the fact that the OFDM signal can’t be predicted 
since it has a flat spectrum, while the NBI can be predicted precisely. The effect of guard 
band in the PEF based NBI suppression is discussed, and two methods to solve this problem 
are discussed. It is shown that the proposed decimated prediction filter (DPF) and virtual 
subcarriers complement prediction error filter (VSC-PEF) outperform conventional PEF in 
OFDM systems with guard band [14]. Shi et. al [15] gave a comprehensive analysis of the 
impact of NBI on an OFDM based ultrawide- band (UWB) transceivers including ADC, 
timing and frequency synchronization. However, none has been done to examine how the 
NBI affects the cross-correlation based timing synchronization scheme [16], which has also 
been widely adopted. This paper examines this problem and provides theoretical analysis of 
timing synchronization of an OFDM system in the presence of multi-tone NBI. Numerical 
simulations are presented to verify the theoretical analysis. A Nyquist window is proposed 
for OFDM receiver without additional expense of system bandwidth, and choose the 
rectangular window and the raised cosine window window for analysis and simulation.The 
study was based on the experimental results in real underwater acoustic channel.[17] 

This chapter is divided into five sections. Section 1.2 discusses the basic OFDM concept. 
The OFDM model is introduced in Section 1.3. Different kinds of window were described 
in Section 1.4, as well as Narrowband Interference Suppression methods in underwater 
acoustic communication systems. Simulation and experiment results were given in 
Section 1.5. 

2. OFDM concept and its model 
2.1 Evolution of OFDM 

Frequency Division Multiplexing (FDM) has been used for a long time to carry more than 
one signal over a telephone line. FDM divides the channel bandwidth into sub-channels and 
transmits multiple relatively low rate signals by carrying each signal on a separate carrier 
frequency. To ensure that the signal of one sub-channel did not overlap with the signal from 
an adjacent one, some guard-band was left between the different sub-channels. Obviously, 
this guard-band led to inefficiencies. 

In order to solve the bandwidth efficiency problem, orthogonal frequency division 
multiplexing was proposed, where the different carriers are orthogonal to each other. With 
OFDM, it is possible to have overlapping sub-channels in the frequency domain, thus 
increasing the transmission rate. The basis functions are represented in Figure 1. This carrier 
spacing provides optimal spectral efficiency. 
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Fig. 1. Basis functions in OFDM system 

Today, OFDM has grown to be the most popular communication system in high-speed 
communications. 

2.2 Introduction to OFDM 

The OFDM system studied in this paper has the block structure as shown in Figure 2. The 
system maps the input bits into complex-valued symbols ( )X n  in the modulation block, 
which determines the constellation scheme of each sub-carrier. The number of bits assigned 
to each sub-carrier is based on the signal to noise ratio of each sub-carrier on the frequency 
range. The adaptive bit loading algorithm will be detailed below. The IFFT block modulates 

( )X n onto N orthogonal sub-carriers. A cyclic prefix is then added to the multiplexed output 
of IFFT. The obtained signal is then converted to a time continuous analogy signal before it 
is transmitted through the channel. At the receiver side, an inverse operation is carried out 
and the information data is detected. 
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Fig. 2. OFDM system 
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2.3 FFT and IFFT 

The key components of an OFDM system are the inverse FFT at the transmitter and FFT at 
the receiver. These operations performing linear mappings between N complex data 
symbols and N complex OFDM symbols, result in robustness against fading multi-path 
channel. The reason is to transform the high data rate stream into N low data rate streams, 
each experiencing a flat fading during the transmission. Suppose the data set to be 
transmitted is (1), (2),..., ( )X X X N , where N is the total number of sub-carriers. The discrete-
time representation of the signal after IFFT is: 
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      (1) 

At the receiver side, the data is recovered by performing FFT on the received signal, 
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An N-point FFT only requires N log( N ) multiplications, which is much more 
computationally efficient than an equivalent system with equalizer in time domain. 

2.4 Cyclic prex 

In an OFDM system, the channel has a finite impulse response. We note maxt the maximum 
delay of all reflected paths of the OFDM transmitted signal, see Figure 3. 

maxt t
 

Fig. 3. Channel impulse response 

Cyclic prefix is a crucial feature of OFDM to combat the effect of multi-path. Inter symbol 
interference (ISI) and inter channel interference (ICI) are avoided by introducing a guard 
interval at the front, which, specifically, is chosen to be a replica of the back of OFDM time 
domain waveform. Figure 4 illustrates the idea. 
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Fig. 4. Adding a cyclic prefix to a frame 

From above expressions the sub-carrier waveforms are now given by 

 21
0

( )
0

( ) 1 0 1( ) ( )
nj kN N

k

x k N
M k

s k
k Nx n X k e

N





      


 

 (3) 

The idea behind this is to convert the linear convolution (between signal and channel 
response) to a circular convolution. In this way, the FFT of circular  convolved signals is 
equivalent to a multiplication in the frequency domain. However, in order to preserve the 
orthogonality property, maxt should not exceed the duration of the time guard interval. Once 
the above condition is satisfied , there is no ISI since the previous symbol will only have 
effect over samples within  max0,t . And it is clear that orthogonality is maintained so that 
there is no ICI. 

 ( ) ( ) ( ) ( )r k s k h k e k    (4) 
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where   denotes circular convolution and ( ) ( ( ))E n DFT e k . Another advantage with the 
cyclic prex is that it serves as a guard between consecutive OFDM frames. This is similar to 
adding guard bits, which means that the problem with inter frame interference also will 
disappear. 

2.5 Modulation and demodulation 

Given the adaptive bit loading algorithm, the modulator has a number of bits and an energy 
value as input for each sub-carriers. The output for one sub-carrier is a constellation symbol 
with a desired energy, corresponding to the number of bits on the input. The modulator is 
taken to get either 2bits, 4bits, 6bits or 8bits available, which means that, respectively, only 
QPSK, 16QAM, 64QAM and 256QAM are available for modulation on each sub-carrier. 

Demodulation is performed using Maximum Likelihood (ML) approach, given knowledge 
of the flat fading channel gain for each sub-carrier. 

Furthermore, in order to reduce bit errors, Gray-coded constellations are also employed for 
each modulation order available. This Gray coding ensures that if a symbol error occurs, i.e. 
the decoder selects an adjacent symbol to what the transmitter intended to be decoded, there 
is only a single bit error resulting. 
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Demodulation is performed using Maximum Likelihood (ML) approach, given knowledge 
of the flat fading channel gain for each sub-carrier. 

Furthermore, in order to reduce bit errors, Gray-coded constellations are also employed for 
each modulation order available. This Gray coding ensures that if a symbol error occurs, i.e. 
the decoder selects an adjacent symbol to what the transmitter intended to be decoded, there 
is only a single bit error resulting. 
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Fig. 5. Bits allocation in modulation 

 
Fig. 6. 4-QAM(left) and 16-QAM(right) 

Large performance improvement can be obtained in this adaptive modulation application 
where the modulator basis functions are designed as a function of measured channel 
characteristics. On good sub-channel (high SNR), modulation methods, such as 64 QAM, are 
used to increase the bit rate. And a lower modulation, such as QPSK, is performed on bad 
sub-channel to keep the error rate in a low level. 

2.6 Interference 

The interference signal  selected  is a  non-orthogonal sinusoid relative  to the OFDM 
waveform orthogonal basis set and has been  added in  the physical layer as  part  of  the 
channel.  A  non-orthogonal  interference signal has  been selected because  the  zeros  of  the 
spectral  response  of  the non-orthogonal  interference signal do not  fall on  the zeros of  the 
spectral response of  the OFDM orthogonal basis set. As  shown in figure 7, the difference in 
the spectral responses of the two types of  interference signals measured at the zero  
crossings of  the orthogonal basis  set of  the OFDM wave-form vary by 350 dB,  which is 
limited by  the computational precision of  the algorithm. The result  is the spectral side- 
lobes of  the non-orthogonal interference signal corrupt each channel  of  the OFDM  
waveform, whereas  the  orthogonal interference signal corrupts only one channel. 
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Fig. 7. Spectral Characteristics of  the  Interference Signal used to Demonstrate the 
Difference Between an Orthogonal  and Non- Orthogonal Interference Signal 

Figure 8 summarizes the simulation results for measuring the  bit  error rate  vs.  0/bE N   in  
the  presence  of  the  non- orthogonal interference signal.  The  reference  BER  vs. 0/bE N  
curve has no interference signal added in the physical layer.  The  interference signal 
amplitude was varied relative to  the  energy  in  one channel  in the OFDM waveform to 
measure  the degradation  in performance. For  a  OFDM modulator implemented as a  2N  
point DFT,  the  energy  in either the  in-phase or  the  quadrature  component  of  one 
channel is given by the expression: 

 21
2SE a

N
  (6) 

where  2a is the average one-dimensional  constellation energy of  the input  source and N  
is the  number  of  channels per OFDM waveform. It should  be  noted  that practical  OFDM  
waveforms usually have a minimum of 2048 channels to extend  the OFDM  waveform  
duration for protection against fading. For high values of 0/bE N ,  simulations require a 
large number of Monte Carlo iterations in order to have results that are statistically 
significant. For this simulation 500 Monte Carlo iterations have been selected. For N  equal 
to 32 and the average one-dimensional constellation energy of the input source equal to 0.43 
for 64-symbol QAM, the average energy per channel is: 

 30.43E 6.7(10)
2(32)s

   (7) 
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Fig. 8. Bit Error Rate vs. 0/bE N  for Uncompensated OFDM with Varying Signal Energy 
from-8 dB to-40dB Relative to the Energy in one Channel. 

As shown in figure 8, degradation in bit error rate is seen for interference signals that have 
signal energies larger than 40 dB below the energy in one channel of the OFDM wave-form. 
For interference signals with larger amplitude levels, the performance degradation quickly 
approaches a bit error rate of approximately 2(10) independent of 0/bE N . 

3. Narrowband interference suppression 
3.1 Narrowband interference analysis 

Narrow-band Interference are Single-frequency sinusoidal signals [18], which can be 
approximated as follows: 

 ( 2 )( ) cj f ti t a e     (8) 

Where cf is the interference frequency, and  is a Random phase offset. Generally, the thk  
sample of the baseband received signal in time domain can be represented as 

 ( ) ( ) ( ) ( ) ( )
i

r k s i h k i n k i k




      (9) 

where s is a diagonal matrix containing the transmitted signalling points, h is a channel 
attenuation vector, n is a vector of independent identically distributed complex zero-mean 
Gaussian noise with variance 2

n . The noise n is assumed to be uncorrelated with the 
channel h .And i  is the interference. After FFT we got 

 , , , , ,k n k n k n k n k nR H S N I    (10) 
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, , , ,, , ,k n k n k n k nR H S N and ,k nI represent the corresponding thk frequency domain coefficient in 
the nth symbol. Where  
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In the above equation, f


 is the normalize narrowband interference central frequency, 

/c sf f f

 , where sf is the sampling frequency of OFDM symbols.    

3.2 Leakage of narrowband interference and its suppression methods 

3.2.1 The FFT filter bank 

In the receiver, the analog OFDM signal passes the anti-alias filter before being sampled at a 
rate 1 /a af T .We assume the baseband signal is a complex low-pass signal without 
oversampling, therefore we obtain N  complex samples each uT  and G samples each gT .The 

thk  sample kb of a symbol is 

 2

1

i a
N

j f k T
k i

i
b c e   


   (12) 

with 1| |i i tf f f  . The first step to recover carrier orthogonality is to eliminate for each 
symbol the G  samples of the guard interval, as shown in figure 9. After that a discrete 
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Tu has N samples
b b b b

TuTg
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Fig. 9. a) OFDM-Symbol in time domain(top); b) selection of uT  using a square 
window(middle); c) OFDM-symbol in frequency domain(below) 
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Fourier transform DFT of the remaining N  samples forces the periodicity of the time signal. 
The DFT performs the carrier filtering without inter-carrier-interference ICI, provided that 

1 /u t aT f NT  . The obtained complex coefficients na contain the original amplitude and 
phase information of the thn respective carrier. The orthogonaly filtered N  carriers are 
shown in figure 9. 

Using the proposal in [5] the filtering of each OFDM carrier is made with an FFT. The FFT 
has been considered in [19, 20] as a filter bank. The DFT  X n of a sampled signal ( )x k is 
defined  

  
21

0
( )

N jkn
N

k
X n x k e

 


    (13) 

Being F  the normalized discrete frequency, whereby / aF N f f   , the frequency response 
of the thn  filter ( )nH F is  

 sin[ ( )]( )
sin[ ( ) / ]n

F nH F
F n N








 (14) 

which is shown in figure 10 for 16n  . Due to the properties of the DFT this frequency 
response is periodical, with ( ) ( )n nH F n H F n N    . The integration of power 
components covered by the frequency response in figure 10 leads to the amplitude of FFT 
coefficient 16a . 
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Fig. 10. Frequency response of a DFT filter ( 16n  ) 
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The reason why the DFT presents the frequency response in figure 10 is because the DFT 
performs the transform in blocks of only N samples, as shown in figure 9. This is equivalent 
to using a square window in time domain of length uT corresponding to a sin( ) /x x  
function in frequency domain. Due to the sampling in time domain, the frequency response 
is forced to periodicity leading to aliasing between the ( )si x functions. Therefore the 
(periodical) frequency response of the DFT is an aliased ( )si x  function, also known as the 
Dirichlet function. Figure 11 shows the DFT filter bank consisting of N filters having the 
same shape of figure 10 but different center frequencies. 

ia 1ia  2ia  3ia 1ia 

f
 

Fig. 11. Position of carriers in the DFT filter bank 

The carriers are represented by ideal Dirac distributions placed on the filter maxima. The 
maximum of one filter coincides with the zero crossing of all others; this fact allows to 
separate the carriers without suffering any ICI. The interference occurs only for frequency 
components which does not correspond with the filter maxima.      

In the non-ideal receiver the carriers are not exactly placed on the filter maxima due to 
frequency deviations producing the “leakage” of the DFT. This effect is explained in figure 
12. The DFT of a single carrier without leakage (F = 5) consists of only one frequency 
component (FFT coefficient a5 = 16), which includes the whole energy of the signal. In case 
of leakage (F = 4.7) the energy of the original carrier is distributed over all other frequency 
components (coefficients). The OFDM signal, consisting of many carriers which now “see” 
each other, is disturbed by IC1 due to leakage. 

Leakage occurs also in case that the carriers are disturbed by phase noise leading to a 
widening of spectrum floor. White noise and disturbances like sine spurious also causes 
leakage. Nevertheless it is important to note that the leakage does not change the total signal 
power. The addition of the squared components (power) of figure 12 is always the same 
(256) independent of the carrier frequency [19, 20]. 

The DFT filter has the main disadvantage that its frequency response extends over the 
whole frequency range and presents high side lobes which decrease relatively slowly in 
frequency. Due to this fact the OFDM signal is very sensitive to frequency deviations and 
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phase noise and discrete spurious. Therefore we need a filter bank with improved frequency 
response which keeps orthogonality that is easy to implement. The last requirements may be 
fulfilled using a nyquist windowing before computing the FFT. 
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Fig. 12. DFT of a sine wave with leakage (left) and without leakage (right) 

3.2.2 Using a Nyquist window in time domain 

The use of a window e.g. Kaiser on the N samples before the FFT reduces the side lobe 
amplitude but also leads to an orthogonality loss between carriers. A windowing which 
reduces the side lobes and conserves the carrier orthogonality is called Nyquist window. It 
needs a repetition of every symbol in order to be implemented. For this purpose, the guard 
interval will be used. Since in many cases only a piece of the guard interval is necessary in 
order to avoid ISI, the other “usable” part of the guard interval may be used for the Nyquist 
windowing. Nevertheless 2N samples are necessary in order to maintain the orthogonality, 
as shown next. 

The adaptive Nyquist windowing is able to improve the frequency response of the DFT 
filter. This windowing may be implemented with a guard interval length between 0 and uT  
, 0u gT T  . In case of a multi-path reception only the “usable guard interval” vT  (variable 
length) is used for the windowing. vT  is supposed to be free of ISI. The windowing is 
adaptive because vT  depends on modulation parameters and channel conditions. Figure 13 
shows the way to implement an adaptive Nyquist windowing, as used in [21]. 

The usable part of the guard interval vT , vT  consists of V samples. The V samples of vT  
together with the OFDM-symbol uT  ( N samples) are symmetrically windowed. The 
window ( )w t  has a shape which fulfills the time domain analogy to the Nyquist criterion. 
Defining the “Nyquist time” uT  we expect to have no IC1 (in frequency domain!) if the 
window shape is symmetrical to uT . In the same manner as for a pulse shaping filter, we 
may choose the Nyquist window using a raised cosine function, shown in figure 14. 
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Fig. 13. OFDM-symbol using an adaptive Nyquist window a) In time domain, b) Nyquist 
window, c) Spectrum 
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Fig. 14. Raised cosine window function w(t) depending of roll-off factor   
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phase noise and discrete spurious. Therefore we need a filter bank with improved frequency 
response which keeps orthogonality that is easy to implement. The last requirements may be 
fulfilled using a nyquist windowing before computing the FFT. 
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We define a roll-off factor /v uT T  , which varies depending on the usable part of the 
guard interval. Practical values of   between 0 and 0.3 may be considered. 

After Nyquist windowing the filter bank has lost its orthogonality, since the zero crossings 
are separated by 1 /( )u v trT T f  . Neither a FFT of the total windowed samples V N  is 
possible, because their number is not a power of two. Thus a symmetrical “zero padding” is 
performed in order to complete a total of 2N  samples ,k wb , where 
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In this way a FFT may still be used instead of the more complex non-power-of-two-DFT and 
the filter bank orthogonality is restored. The FFT computes the 2N  coefficients k on the 
windowed samples ,k wb . Figure 15 shows the 2N-DFT filter frequency response depending 
on the roll-off factor. 

 
Fig. 15. Frequency response of 2N-DFT Filter with raised cosine windowing depending of 
roll-off factor   
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The improvement of the frequency response occurs for 0  . The bigger   turns, the 
lower are the frequency response side-lobes. The area covered by the filter response is 
smaller and the /C N  improves. The whole filter bank is less sensitive to frequency 
deviations, disturbances, etc. The reason for the improvement can also be explained through 
a decrease of the DFT-leakage. Since the leakage is responsible in several cases for an OFDM 
signal degradation, an overall improvement in demodulation is expected. 

4. Simulation and experiment results 
4.1 Experiment design 

Figure 16 illustrates the block diagram of the underwater acoustic OFDM system[17]. The 
input data is first mapped into a QPSK constellation. Then the data sequence is converted in 
parallel and entered the FFT to perform spreading. Pilot signals are inserted before the IFFT 
operation which is used to implement OFDM modulation. A cyclic prefix is also appended 
to the data sequence as guard interval. The complex base-band digital to analog signal is 
then up-converted to the transmission frequency and sent out to the underwater acoustic 
channels by the transducer. 

 

 
 
Fig. 16. Underwater acoustic OFDM system 

In order to know the frame boundary, LFM signals are appended before the data sequence 
before transmitted into the channel. At receiver side, time synchronization is done via 
correlating the received samples with the known LFM sequence. After that, the received 
data are divided into OFDM demodulation. System specification for the experiment is 
shown in Table 1. 

Table 2. shows the BER results of simulation with SNR=12dB for AWGN channel. The 
number of multipath interference is five. Each subcarrier in OFDM signal is QPSK mapped. 
The subcarrier number is 1024. 
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signal degradation, an overall improvement in demodulation is expected. 

4. Simulation and experiment results 
4.1 Experiment design 

Figure 16 illustrates the block diagram of the underwater acoustic OFDM system[17]. The 
input data is first mapped into a QPSK constellation. Then the data sequence is converted in 
parallel and entered the FFT to perform spreading. Pilot signals are inserted before the IFFT 
operation which is used to implement OFDM modulation. A cyclic prefix is also appended 
to the data sequence as guard interval. The complex base-band digital to analog signal is 
then up-converted to the transmission frequency and sent out to the underwater acoustic 
channels by the transducer. 

 

 
 
Fig. 16. Underwater acoustic OFDM system 

In order to know the frame boundary, LFM signals are appended before the data sequence 
before transmitted into the channel. At receiver side, time synchronization is done via 
correlating the received samples with the known LFM sequence. After that, the received 
data are divided into OFDM demodulation. System specification for the experiment is 
shown in Table 1. 

Table 2. shows the BER results of simulation with SNR=12dB for AWGN channel. The 
number of multipath interference is five. Each subcarrier in OFDM signal is QPSK mapped. 
The subcarrier number is 1024. 
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Mapping mode QPSK 

Bandwidth  6kHz 

Carrier frequency 30kHz 

Transmission frequency band 27~33kHz 

Symbol duration 117.3ms 

Table 1. System specification 

 
 Rectangular Window Raised Cosine 

1 0.1092 0.0778 

2 0.1001 0.0706 

3 0.1056 0.0691 

4 0.1047 0.0721 

5 0.1062 0.0730 

AVERAGE 0.1051 0.0725 

Table 2. Simulation results 

4.2 Experimental pool results 

The experiment was carried out at the experimental pool in Xiamen University. The distance 
between the transmitter and the receiver is 10m.Both of them kept still during the whole 
experiment. The BER results of experiment were given in the Table 3, as well as the average 
BER. Figure 17 shows the reconstructed images using different window function in pool 
experiments.  

 
 Rectangular Window Raised Cosine 

1 0.0799 0.0500 

2 0.0791 0.0504 

3 0.0773 0.0505 

4 0.0781 0.0503 

5 0.0785 0.0509 

AVERAGE 0.0785 0.0504 

Table 3. Experiment results 
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Fig. 17. Reconstructed images with different window function in pool experiments 

4.3 Experimental results 

The experiment was carried out in shallow water near Xiamen. Figure 18 depicts the 
location of transmitter and receiver transducers. The distance between transmitter and 
receiver was 810m. The depth of water was nearly 4m, and the transmitter and receiver 
were in the middle. According to the experiences before,the threshold T is set 2.6. Table 4 is 
the result of the experiment. The BER results were given in the table, as well as the average 
BER. Figure 19 shows the reconstructed images using different window function in shallow 
water experiments. 

Transmitter

Receiver

 
Fig. 18. The location of transmitter and receiver transducers 
 

 Rectangular Window Raised Cosine 
1 0.1543 0.1057 
2 0.1357 0.1103 
3 0.1552 0.1034 
4 0.1406 0.0998 
5 0.1468 0.1028 

AVERAGE 0.1465 0.1044 

Table 4. Experiment results 
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Fig. 19. Reconstructed images with different window function in shallow water experiments 

5. Conclusion 
We propose a Raised Cosine Window for OFDM receiver and apply it to Underwater 
Acoustic OFDM System. Based on the results of simulation and experiment, the Raised 
Cosine Window applied to OFDM receiver can suppress NBI and reduce the BER, which 
has simple structure, and only needs a little modification in the receiver. 

The proposed algorithm holds three main advantages with respect to narrowband 
interference suppression in underwater acoustic OFDM system. First and foremost, the 
simulation and the experiment results in a shallow underwater channel showed that the 
raised cosine window based method could achieve excellent performance. Besides, the 
proposed method performed comparable bandwidth efficiency to other methods. Last but 
not least, it need not change the frame structure of existing protocol, which is vital for the 
detection methods that are exploited at the receiver. The study demonstrated that the raised 
cosine window based narrowband interference suppression would be applicable for OFDM 
system over underwater acoustic channels. 
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Fig. 19. Reconstructed images with different window function in shallow water experiments 
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1. Introduction 
The underwater acoustic channel (UAC) is one of the most challenging environments to be 
encountered for the communication. Because of the absorption of the signal, the path loss 
depends on the signal frequency (Berkhovskikh & Lysanov, 2003; Jensen et al., 2011). 
Multipath transmission causes intersymbol interference (ISI), and it extends over tens to 
hundreds of milliseconds according to the communication distance (Stojanovic & Preisig, 
2009). Since the velocity of sound in water is about 1500m/s, any relative motion includes 
the transmitter or receiver and even surface waves will cause non-negligible Doppler effects, 
including shifting and spreading. All these phenomena dramatically limit the data rate 
achievable and the performance of the communications. The bandwidth is very limited, and 
the system is actually a broadband communication system because the center frequency of 
the signal is always at the same order of the bandwidth (Stojanovic, 1996; Stojanovic, 2007; 
Stojanovic & Preisig, 2009). 

In order to achieve high data rate, it is important to use bandwidth-efficient modulation 
methods in UAC. Multi-carrier modulation is one of the candidates that can be used. 
Orthogonal Frequency Division Multiplexing (OFDM) (Lam & Ormondroyd, 1997; Kim & 
Lu, 2000; Stojanovic, 2006; Stojanovic, 2008; Li et al., 2008), direct-sequence spread-spectrum 
(DSSS) (Freitag et al. 2001; Frassati et al. 2005), frequency-hopped spread-spectrum (FHSS) 
(Stojanovic, 1998; Freitag et al., 2001) and code-division multiple access (CDMA) 
(Charalampos et al. 2001; Stojanovic & Freitag, 2006; Tsimenidis, 2001)were used in UAC 
channels in recent years and much literature focus on the conceptual system analysis and 
computer simulations.  

In this chapter, we introduce a new multi-carrier modulation into the UAC channels which 
is called Carrier Interferometry OFDM (CI/OFDM) (Nassar et al., 1999; Wiegandt & Nassar, 
2001; Nassar et al., 2002a, 2002b). Compared with OFDM, the CI/OFDM has a low PAPR 
characteristic and inherent frequency selective combining, which makes it a very attractive 
signaling scheme in frequency selective fading channels (Wiegandt & Nassar, 2001; 
Wiegandt et al., 2001; Wiegandt & Nassar, 2003; Wiegandt et al., 2004 ).   

The chapter is organized as follows. In Section II, the characteristics of CI signal are 
analyzed. Two algorithms are proposed in Section III. Details are focused on the PAPR 
performance, and new algorithms to complete the modulation and demodulation of the 
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CI/OFDM. The configuration of the CI/OFDM underwater acoustic communication system 
is presented in Section IV. Furthermore, the key algorithms including synchronization, 
channel estimation and equalization are described. In Section V, Performance results for 
different field tests are summarized. Conclusions are drawn in Section VI.  

2. CI/OFDM signals  
2.1 The theory of the CI/OFDM  

In CI/OFDM transmitter, after serial to parallel transform, information symbols are 
modulated onto all the N parallel subcarriers and then added linearly together to get the 
output signal (Nassar et al. 2002). As shown in Fig.1 , the output of the signal is 
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where ( )ks t is the modulated signal for the kth information symbol ka . Re( ) is the real part 
of the signal and ( )kc t is the kth CI signal, which can be express by 
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It is easy to see that ( )kc t  is a multi-carrier signal with different phase offsets 
(2 )i

k N k i    . Submit (2) into (1), we get the continuous baseband transmitted signal  
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We rewrite the discrete form of (3) with the Nyquist sampling rate of sf N f   
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where 1 sf T  ( sT is one CI/OFDM symbol duration) to ensure orthogonality among 
subcarriers, and (2 )N k i  is the phase offset used for ka which ensures the orthogonality 
among the N information symbols.  

After transmitted over a frequency selective fading channel, the received signal at receiver 
side is 
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where i and i are the amplitude fade and phase offset on the ith carrier, respectively. ( )w n  
is the addictive white Gaussian noise (AWGN). 
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Fig. 1. The conceptual CI/OFDM Transmitter 

Fig.2 depicts the modulation theory of CI/OFDM in transmitter and the detection of the kth 
symbol signal at the receiver side (Nassar et al. 2002). Assume perfect synchronization, the 
received signal is first projected onto the N orthogonal carriers, multi-carrier demodulation 
and phase offsets remove are carried out after that. This leads to the decision vector 
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The first part of (6) is the desired information symbol which is randomly faded by factor i , 
and the second part is the interferences of the other N-1 information symbols which 
modulated on the same carrier.  

Different combining strategies are employed to help restore orthogonality between 
subcarriers. In AWGN channel, the optimal combining is equal gain combining (EGC). After 

performing 
1
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i
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  , interferences are close to zero. While in frequency selective channel, 

different combining strategies are used to get combining gains, for example, the maximum 
ratio combining (MRC), the minimum mean square error combining (MMSEC) (Itagkai & 
Adachi, 2004). After combining, the signals are sent to the detector. 
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is the addictive white Gaussian noise (AWGN). 
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Fig. 1. The conceptual CI/OFDM Transmitter 

Fig.2 depicts the modulation theory of CI/OFDM in transmitter and the detection of the kth 
symbol signal at the receiver side (Nassar et al. 2002). Assume perfect synchronization, the 
received signal is first projected onto the N orthogonal carriers, multi-carrier demodulation 
and phase offsets remove are carried out after that. This leads to the decision vector 
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The first part of (6) is the desired information symbol which is randomly faded by factor i , 
and the second part is the interferences of the other N-1 information symbols which 
modulated on the same carrier.  

Different combining strategies are employed to help restore orthogonality between 
subcarriers. In AWGN channel, the optimal combining is equal gain combining (EGC). After 

performing 
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  , interferences are close to zero. While in frequency selective channel, 

different combining strategies are used to get combining gains, for example, the maximum 
ratio combining (MRC), the minimum mean square error combining (MMSEC) (Itagkai & 
Adachi, 2004). After combining, the signals are sent to the detector. 
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As presented to date, the implementation of original CI/OFDM is complicated, and it is 
important to note that the receiver is designed for detecting only one information symbol. 
Although CI/OFDM had been proved that it could improve BER performance by exploiting 
frequency diversity and depress the PAPR simultaneously, its implementation was 
complicated and only conceptual transmitter and receiver models had been given in the 
literature. 
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Fig. 2. The CI/OFDM receiver for the kth symbol 

2.2 The characteristics of the CI signal 

The baseband CI signal (Nassar et al. 2002) is given bellow 
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where N is the number of the subcarriers and f is the interval of the subcarriers. It is 
obviously that CI signal is a periodic signal. Simulation results are shown in Fig. 3. In 
simulations, 8N  , 1f Hz  , the width of the main lobe and the side lobe are 
2 ( ) 0.125N f s   and 1 ( ) 0.0625N f s  , respectively. By selecting optimal phase offsets, CI 
signals are orthogonal to each other.  

We rewrite the discrete CI signal as bellow 
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It is clearly that the discrete CI signal is the result of sampling a rectangle pulse with the 
sampling rate f in the frequency domain. It has constant amplitude (CA). 

Based on the analysis of the CI signal, two novel algorithms for CI/OFDM modulation and 
demodulation are presented in this chapter.  
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Fig. 3. Baseband CI signals 

3. Proposed algorithms 
3.1 Multi-carrier algorithm 

As in (4), the discrete kth transmitted symbol is  
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It is obviously that (9) is an inverse discrete Fourier transform (IDFT) with weighting 
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Since i  is the index of subcarrier, the columns of the matrix are corresponding to different 
subcarriers, that is 
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(11) implies that the coefficient of the IDFT can also be corresponding to another IDFT (Xu et 
al., 2007a, 2007b). Hence, the CI/OFDM modulation model employed in this chapter 
corresponds to  
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Fig.4 shows a block diagram of the proposed system. At the transmitter side, the input data 
is first mapped into a baseband constellation. Then the data sequence is converted to 
parallel and enters the first IDFT to perform CI spreading. After that, the second IDFT is 

 
Fig. 4. The block diagram of the multi-carrier algorithm 
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used to implement orthogonal multi-carrier modulation. Parallel data is first transformed to 
serial data, then the complex base-band signal is then up-converted to the transmission 
frequency, and the real part of the signal is sent out to the channel. In the receiver, the signal 
is first down-converted to the base-band. Serial to parallel transformation followed by 
orthogonal multi-carrier demodulated which completed by the first discrete Fourier 
transform (DFT). Then CI code de-spreading is implemented by the second DFT and finally, 
the phase constellation of the data is extracted ( Xu et al. 2007). 

3.2 Single-carrier algorithm 

The CI spread code in (10) is similar to the polyphase codes (Heimiller, 1961). Polyphase 
codes were proven to have good periodic correlation properties, the sequence is 

 1 1 12 2 2 3 3 3
1 2 3 1 1 2 1 1 2 1 1 2 11,1,...,1,1, , , ,...., ,1, , ,..., ,1, , ,..., ,1, , ,...,p p p

p p p p              
     (13) 

where (2 )j k p
k e   , 0 1k p   is a primitive Pth root of unity, the sequence has zero 

periodic correlation except for the peaks at 2 20, ,2 ,...i p p . 

Polyphase code were proven to be a constant amplitude , zero autocorrelation (CAZAC) 
sequence (Heimiller, 1961). According to the characteristics of the CAZAC sequence, if iu  is 
a CAZAC sequence, then iu , where u  denotes complex conjugation, is also a CAZAC 
sequence (Milewski, 1983). Note that the orthogonality, periodicity, constant amplitude and 
zero autocorrelation are not changed, it suggests a new way of thinking about constructing 
new CI signals.  

In this chapter, the new CI signals are complex conjugations of primary CI signals (Nassar et 
al. 2002), which can be written as  
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(14) 

Then, the CI/OFDM signal is mathematically characterized by the following equation 

Fig.5 shows the proposed system using the single-carrier algorithm. In the transmitter, the 
input data is mapping into a baseband constellation. Then the data sequence is converted to 
parallel and enters the first DFT to perform CI spreading. After that, the IDFT is used to 
implement orthogonal multi-carrier modulation. The complex baseband signal is then up-
converted to the transmission frequency. 
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used to implement orthogonal multi-carrier modulation. Parallel data is first transformed to 
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Then, the CI/OFDM signal is mathematically characterized by the following equation 

Fig.5 shows the proposed system using the single-carrier algorithm. In the transmitter, the 
input data is mapping into a baseband constellation. Then the data sequence is converted to 
parallel and enters the first DFT to perform CI spreading. After that, the IDFT is used to 
implement orthogonal multi-carrier modulation. The complex baseband signal is then up-
converted to the transmission frequency. 
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In the receiver, the signal is down-converted to the baseband.  After serial to parallel 
transformation, the signal is first demodulated by DFT, Then CI de-spreading is 
implemented by the IDFT and the phase constellation of the data is extracted. 

 
Fig. 5. The block diagram of the single-carrier algorithm 

3.3 The comparisons between the conceptual CI/OFDM and the proposed algorithms 

In the conceptual model of CI/OFDM, the computational complexity increases with the 
number of parallel information symbols dramatically, which make it unpractical to the 
engineering. In the conceptual model of CI/OFDM, the CI spreading needs N N complex 
multiplications ( 1)N N  complex additions. While in multi-carrier algorithm or single-
carrier algorithm, only 22 logN N complex multiplications and 2logN N complex additions 
are needed. For example, when 1024N  , we need 1048576 complex multiplications and 
1046529 complex additions in conceptual CI/OFDM, while only 5120 complex 
multiplications and 10240 complex additions are needed in our algorithms. 

Of course, the two algorithms have their own problems. As in the multi-carrier method, the 
physical concept is not very clear, since there are two cascaded IDFT in the transmitter 
which may cause confusion about the transformation between the frequency domain and 
time domain. On the other hand, in the single-carrier method, filter should be well designed 
to compress the bandwidth of the output signal. 

As shown in fig.6, the performance of CI/OFDM system is verified under AWGN channel. 
We replace the IDFT by the inverse fast Fourier transform (IFFT) due to the efficiency of the 
algorithm. It is obviously that there is no difference between the conceptual CI/OFDM and 
the two algorithms proposed in this chapter. 
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Since lower PAPR is the most important characteristic of CI/OFDM, and the algorithms 
presented here are somewhat different from the theoretical realization of the CI/OFDM, it is 
reasonable for us to verify the PAPR performance based on these two algorithms. Fig. 7 
shows the simulation result. A conclusion can be drawn that the two algorithms presented 
in this chapter have the same PAPR and BER performance as the conceptual CI/OFDM, and 
lower complexity which make it applicable to engineering. 
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4. Configuration of the CI/OFDM underwater acoustic communication system  
Based on the aforementioned algorithms, two CI/OFDM underwater acoustic communication 
systems are proposed. Simplified block diagrams of the proposed systems are shown in Fig.8 
and Fig.9. We also replace the IDFT by the IFFT due to the efficiency of the algorithm. 
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4. Configuration of the CI/OFDM underwater acoustic communication system  
Based on the aforementioned algorithms, two CI/OFDM underwater acoustic communication 
systems are proposed. Simplified block diagrams of the proposed systems are shown in Fig.8 
and Fig.9. We also replace the IDFT by the IFFT due to the efficiency of the algorithm. 
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As shown in Fig.8, based on the multi-carrier algorithm, the input data is first coded by Low 
Density Parity Check Codes (LDPC). After baseband mapping, the data sequence is 
converted to parallel and enters the first IFFT to perform CI spreading. Pilot signals are 
inserted before the second IFFT. The second IFFT is used to implement orthogonal multi-
carrier modulation. A cyclic prefix and postfix are also appended to the data sequence as 
guard intervals in order to combat the ISI induced by the multi-path delay spread in the 
UWA channel. The complex base-band signal is then up-converted to the transmission 
frequency and the real part of the signal is sent out to the UWA channel by the transducer. 

In the receiver, the signal is first down-converted to the base-band. Then the signal is 
demodulated by the first FFT. Channel estimation is performed to track the channel 
response and compensations of the signal are performed. Then CI code de-spreading is 
implemented by the second FFT, and finally, the phase constellation of the data is extracted. 

 
Fig. 8. The block diagram of the system based on multi-carrier algorithm 

Fig.9 shows a simplified block diagram of the proposed system based on single-carrier 
algorithm. In the transmitter, the input data is first encoded by LDPC and then mapping 
into a baseband constellation. The data sequence is converted to parallel and enters the first 
FFT to perform CI spreading. After that, the IFFT is used to implement orthogonal multi-
carrier modulation. A cyclic prefix is also appended as a guard interval to the data sequence 
in order to combat the inter ISI induced by multipath delay spread in the selective fading 
channel. In addition, a pilot signal is appended for the purposes of channel estimation in the 
receiver. The complex baseband signal is then up-converted to the transmission frequency. 
In the receiver, the signal is down-converted to baseband. The signal is first demodulated by 
FFT, and diversity combining scheme is employed as frequency-domain equalization where 
the combining weights are estimated by the pilot signal. Then de-spreading is implemented 
by the IFFT and the phase constellation of the data is extracted. Finally, the data is mapped 
back to the binary form, and a soft LDPC decoding is performed. 

We here focus on the multi-carrier algorithm and explain the key technologies used in the 
underwater acoustic communication system. 
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4.1 Synchronization 

We use Linear Frequency Modulation (LFM) (Rihaczek, 1969; Shaw & Srivastava, 2007) 
signal to get coarse synchronization and CI complex spreading sequence to get accurate 
synchronization and fractional frequency offset estimation. 
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Since the ambiguity function of LFM signals is wide in Doppler axis (Rihaczek, 1969), it is 
highly tolerant of the Doppler shift which makes it useful in mobile wireless communication 
systems.  

4.1.2 Fine synchronization and fractional frequency shift estimation 

Two identical CI complex sequences are used as fine synchronization signals and sliding 
correlator is applied at the receiver side to obtain the correlation peak. CI complex 
sequences is given by 
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As shown in Fig.8, based on the multi-carrier algorithm, the input data is first coded by Low 
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response and compensations of the signal are performed. Then CI code de-spreading is 
implemented by the second FFT, and finally, the phase constellation of the data is extracted. 
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the combining weights are estimated by the pilot signal. Then de-spreading is implemented 
by the IFFT and the phase constellation of the data is extracted. Finally, the data is mapped 
back to the binary form, and a soft LDPC decoding is performed. 

We here focus on the multi-carrier algorithm and explain the key technologies used in the 
underwater acoustic communication system. 
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Since the ambiguity function of LFM signals is wide in Doppler axis (Rihaczek, 1969), it is 
highly tolerant of the Doppler shift which makes it useful in mobile wireless communication 
systems.  

4.1.2 Fine synchronization and fractional frequency shift estimation 

Two identical CI complex sequences are used as fine synchronization signals and sliding 
correlator is applied at the receiver side to obtain the correlation peak. CI complex 
sequences is given by 
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where (2 )j k N
k e   , 0 1k N   . Suppose the two received sequences are 1( )r m and 2( )r m  

(Hlaing et al. 2003; Ren, 2005), the cross-correlation function of the two sequences is 

 
1

*
1 2

0
( ) ( ( ) ( ))

L

m
R n r m r m n




   (19) 

where the L is the length of the sequence. Since the sequences are identical at the 
transmitter, the impact of the channel is assumed to be same to the two sequences, (18) can 
be written as 
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The cross-correlation of two sequences can be changed into auto-correlation of one 
sequence, that is  
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The time offset can be estimated from 

  2ˆ arg max ( )
n

n R n  (22) 

Assuming that the frame synchronization is accurate, the difference between two CI 
complex sequences can be approximately regarded as the result of the frequency shift 

 ˆ( ( ))angle R n   (23) 

 (2 2) ( )f T T       (24) 

where f  is the fractional frequency shift,   is the phase offset caused by frequency shift, 
T is the period of the synchronization signal which is equals to the CI/OFDM signal. 

Fig. 10 shows the sliding correlation peaks of LFM signal and CI complex sequence at the 
receiver side in AWGN channel. 

4.2 Channel estimation and equalization 

When the pilot is a CAZAC sequence, it was proven that in the presence of noise, the mean 
square error of the channel response estimation is minus (Milewski, 1983). The mean square 
error equals to the variance of the noise in the channel, that is 

 2 22 2ˆ( )i i i
i i

E r r L v      (25) 

where iv V , 1V U , U is the Fourier transform of the pilot sequence. 
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Two kinds of pilot sequences which are both CAZAC sequences are chosen to estimate the 
underwater acoustic channel response. 
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Fig. 10. Sliding correlation peak under AWGN channel. (a) Peak of LFM signal (b) Peak of 
CI spreading sequence  

4.2.1 Pilot 

1. CI complex sequence 

CI complex sequence was given in equation (18). It is easy to prove the CAZAC feature of 
the CI complex sequence. Fig. 11 gives simulation results of the CI complex sequence. 
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Fig. 11. The CAZAC feature of the CI complex sequence. (a) constant amplitude (b) zero 
autocorrelation 
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CI complex sequence was given in equation (18). It is easy to prove the CAZAC feature of 
the CI complex sequence. Fig. 11 gives simulation results of the CI complex sequence. 
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Fig. 11. The CAZAC feature of the CI complex sequence. (a) constant amplitude (b) zero 
autocorrelation 
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2. CHU sequence 

CHU sequence is a polyphase code with a periodic autocorrelation function (CHU, 1972). It 
was proven that the CHU sequence can be constructed for any code length. When N is even, 

CHU sequence is defined as 
2

exp( )k
M ka i

N


 . When N is odd, it is ( 1)exp( )k
M k ka i

N
 

 , 

where M is an integer relatively prime to N. Fig. 12 shows the amplitude-frequency and 
autocorrelation results of CHU sequence. Fig. 13 and Fig.14 show the channel impulse 
respond estimated by CI complex sequence and CHU sequence under AWGN and 4-path 
Rayleigh channel. 
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Fig. 12. The CAZAC feature of the CHU sequence (a) constant amplitude (b) zero 
autocorrelation 
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Fig. 13. Channel impulse respond estimated by CI complex sequence (a) AWGN channel (b) 
4-path Rayleigh channel 
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4.2.2 Frequency domain equalization 

In the conceptual model of CI/OFDM, the information symbols are simultaneously 
modulated on multi-subcarrier which makes CI/OFDM inherently having the frequency 
diversity. At the receiver side, frequency combining may be used to improve the 
performance of the system. 

We still focus on the multi-carrier algorithm which makes use of the properties of 
IDFT/DFT, such as the linearity and the circular shift.  Since every parallel input signal of 
the second IDFT is the summation of information signals, which are spread by CI signal, the 
frequency diversity combining should be at the end of the first DFT module at the receiver 
side.At the receiver, after orthogonal multi-carrier demodulation, the output of the first  
FFT is 
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where [1, ]i N  is the number of the subcarrier, iH  is the transition function of the sub-
channel and ka  is the information symbol, [1, ]k N . 

According to Fig. 15, the input signals at the second FFT module which can be expressed as 
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where iw  is the gain of the ith subcarrier determined by different combining strategies. 
Since iR  includes all information about transmitted symbols, the second FFT not only is 
applied for decomposing the CI spreading into the subcarrier components, but also is used 
to complete the frequency combining.  
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applied for decomposing the CI spreading into the subcarrier components, but also is used 
to complete the frequency combining.  
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Several frequency combining strategies such as EGC, the MRC, orthogonal restoration 
combining (ORC) and MMSEC are considered in frequency selective channel (Itagkai & 
Adachi, 2004). Computer simulation results are shown in Fig. 16. In CI/OFDM system, 
though both combing strategies are sensitive to the inter-carrier interference (ICI), the MRC 
performance is worse than EGC. It is because that in MRC, the phase changes of the signals 
are lost, which is very important to CI/OFDM. Since ORC equalization perfectly restores 
frequency non-selective channel but produces the noise enhancement, its performance is 
better than MRC and EGC but worse than MMSEC. As SNR increases, the BER performance 
of ORC gets better, but MMSEC equalization provides the best performance. AS we know, 
the MMSEC not only restores frequency non-selective channel but also minimizes the noise. 
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Fig. 16. Performance comparisons of ORC, MMSEC, EGC and MRC 
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5. Field test results 
5.1 Experiment I 

5.1.1 Experimental pool 

The experimental pool in Xiamen University is an un-censored pool which size is 
430(L)x320(W)x200(H)cm. 

Channel estimation was carried out, 13kHz single carrier signal is sent at the 30ms intervals. 
The sample rate of A/D is 160kHz. The transmitted and received signals are shown in Fig. 
17. We can see that key features of the channel are multi-path transmission with low noise 
because of the stationary water in the pool. The maximum delay is about 19 ms which 
magnitude is under 3% of the maximum one. 
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Fig. 17. The transmitted and received signal (13kHz) 

5.1.2 Results of experimental pool  

In this experiment, LFM signal was used to get coarse synchronization of the frame and CI 
complex sequence was applied to achieve accurate synchronization and fractional frequency 
shift estimation (Xu et al., 2008). SNR estimation algorithm is borrowed from the work (Ren, 
2005) with synthesis of CI complex sequence. CI complex sequence is used as pilot to 
estimate the impulse response of the channel. Frequency-domain equalization ORC is used 
at the receiver to improve the performance of the system. Table 1 shows the parameters of 
the CI/OFDM system. 

The results are shown in Table 2. Since the water in pool is stationary, the SNR is high and 
the average SNR is about 12dB. BER performance is good and the average fractional 
frequency shift is about 0.07Hz, which is very small compared with the subcarrier interval 

6000 /1024 5.86f Hz   . 
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at the receiver to improve the performance of the system. Table 1 shows the parameters of 
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the average SNR is about 12dB. BER performance is good and the average fractional 
frequency shift is about 0.07Hz, which is very small compared with the subcarrier interval 
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Baseband mapping  QPSK 
Subcarrier mapping Localized 
Synchronization signal LFM/CI complex spreading sequence 
Pilot CI complex sequence 
Pilot pattern Block  
Equalization ORC 
Bandwidth 6kHz 
Carrier frequency 13kHz 
Sampling rate 156kHz 
Number of the parallel signal 1024 
System rate 4.97kbps 

Table 1. System parameters 

 

SNR (dB) Fractional frequency shift (Hz) BER  
12.33659 0.068643 3.48771e-06 

Table 2. BER performance 

5.2 Experiment II 

5.2.1 Shallow water in Wuyuan Bay of Xiamen  

A CI/OFDM underwater acoustic communication experiment was conducted on Dec. 12, 
2008 in Wuyuan Bay of Xiamen, China. The distance between the transmitter and the 
receiver was 1000m, and they were deployed at 3 m and 2 m below the sea-surface, 
respectively. The average depth of the water is 4. 5m which was changed with the tide. 
The channel probing signals include two kinds. One is a single carrier signal which was 
transmitted at the 100ms intervals repeatedly. The other is a sweeping signal which 
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As shown in Fig. 18, multi-path signals is visible during the 100ms intervals though the 
amplitude of the multi-path signal is about 2% of the maximum one. The amplitude of the 
14KHz signal was changed after 100ms. Fig. 19 denotes the different amplitudes of the 
sweeping signals which reveal the time-varying and frequency-varying features of the 
acoustic underwater channel.  
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5.2.2 Results of experiment II 

Table 3 is the parameters of CI/OFDM underwater acoustic communication system. Table 4 
is the BER performance of the system without and with frequency selective combining. The 
BER performance was significantly improved due to the frequency diversity combining by 
the cost of decrease of the data rate.  
 

Baseband mapping  QPSK 
Subcarrier mapping Localized 
Synchronization signal LFM  
Pilot CI/OFDM signal 
Pilot pattern Block 
Equalization MMSEC  
Bandwidth 5kHz 
Carrier frequency 15kHz 
Sampling rate 60kHz 
Number of the parallel signal 1024 
Data rate 4.97kbps/1.24kbps in 4-fold frequency diversity 

Table 3. System parameters 

BER (without frequency diversity) BER (with 4-fold frequency diversity) 
0.014257 0.0058714 

Table 4. BER performance 
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Baseband mapping  QPSK 
Subcarrier mapping Localized 
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Table 1. System parameters 
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5.2.2 Results of experiment II 

Table 3 is the parameters of CI/OFDM underwater acoustic communication system. Table 4 
is the BER performance of the system without and with frequency selective combining. The 
BER performance was significantly improved due to the frequency diversity combining by 
the cost of decrease of the data rate.  
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5.3 Experiment III 

5.3.1 Shallow water in Baicheng water 

Two CI/OFDM underwater acoustic communication experiments were conducted on Dec. 
17, 2009 and Dec. 31, 2009 in Baicheng water of Xiamen, China, respectively. The transmitter 
was deployed at 2.5m above the sea-floor in 5.5m deep water and the receiver was deployed 
at 9m below the sea-surface in 16m deep water. The horizontal distance between the 
transmitter and receiver were 2000m and 5000m, respectively.   

The channel probing signals used in these two experiments were same sweeping signals, 
with frequency from 8KHz to 16KHz. The time interval between different frequencies was 
30 ms. 

Fig.20 is the received probing signal at the short range (2000m). The sea condition was calm 
but vessels passed through the water frequently. The Frequency-varying feature is different 
from the feature in Wuyuan Bay. In this experiment, the amplitudes of the lower and higher 
frequency were faded significantly. The ambient noise was much higher in this underwater 
channel. From the enlarged map of received signal of 14KHz and 14. 5KHz, it is easy to see 
that the amplitudes of the strongest arrival changed with time and frequencies. The high 
level of noise made it difficult to distinguish multi-path signals from the ambient noise. 
Note that there is no apparent impulse interference and the amplitudes of multi-path signals 
are much smaller than that of the main path. 

 
 

 
 

(a) (b) 
 
Fig. 20. Received signals. (a) received sweeping signals ( 8kHz to 16kHz) (b) received single  
carrier signal (14kHz and 14.5kHz)  

Fig. 21. is the transmitted and received probing signal at the long range (5000m). It was a 
windy day, and the sea condition was not calm. Many vessels passed through the water. 
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The Frequency-varying feature is different from the feature in short range at the same 
water domain. In this experiment, the ambient noise was much higher than that in the 
short range. 
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Fig. 21. Received signals. (a) received sweeping signals ( 8kHz to 16kHz) (b) received single  
carrier signal (14kHz and 14.5kHz) 

5.3.2 Results of experiment III 

Based on the channel probing results, we concluded that the channel in Baicheng water was 
worse than that in Wuyuan Bay. In experiments, 4-fold frequency diversity and (2,1) LDPC 
were applied in CI/OFDM systems (Bai et al., 2009) in order to guarantee the BER 
performance of the system.  

System parameters are same in Table 3 except that the comb pilot pattern is used instead of 
the block pilot. The results of using (2,1) LDPC is the performance improvement and the 
decrease of the data rate. 

 
 

Date BER (before LDPC decoding ) BER (after LDPC decoding ) 

Dec. 17, 2009 0.0393 0

Dec. 31, 2009 0.06598 0
 

Table 5. BER performance 

Fig. 22 is the received CI/OFDM signals in short range (2000m) experiment. The amplitude 
of the received signal changed dramatically, and the level of ambient noise was high. There 
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Fig. 21. is the transmitted and received probing signal at the long range (5000m). It was a 
windy day, and the sea condition was not calm. Many vessels passed through the water. 
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The Frequency-varying feature is different from the feature in short range at the same 
water domain. In this experiment, the ambient noise was much higher than that in the 
short range. 
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5.3.2 Results of experiment III 

Based on the channel probing results, we concluded that the channel in Baicheng water was 
worse than that in Wuyuan Bay. In experiments, 4-fold frequency diversity and (2,1) LDPC 
were applied in CI/OFDM systems (Bai et al., 2009) in order to guarantee the BER 
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Fig. 22 is the received CI/OFDM signals in short range (2000m) experiment. The amplitude 
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was deeply frequency fading in the bandwidth of the signal. It might explain the reason of 
BER performance degradation even though the 4-fold frequency diversities were used. 
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Fig. 22. The received signal (a) the received profile (b) the power spectral density of the 
received signal 

6. Conclusion 
In this chapter, we first proposed two algorithms which simplify the modulation and 
demodulation of the conceptual CI/OFDM. Secondly, based on these algorithms and jointed 
with synchronization, channel estimation and equalization, we constructed CI/OFDM 
underwater acoustic communication systems. In the end, a number of experiments were 
carried out in the experimental pool and shallow waters in Xiamen of China to verify the 
performance of the system.  Field results are as followed: 

The BER of the uncoded CI/OFDM underwater acoustic communication system at the 
data rate 4.97kbps is lower than 64 10  in the experimental pool (experiment I) and 

21.5 10  in Wuyuan Bay in Xiamen (experiment II). When 4-fold frequency diversity is 
applied, the data rate is 1.24kbps and the BER performance of the system is lower than 

36 10 in experiment II. 

The BER of the uncoded 4-fold frequency diversity CI/OFDM acoustic communication 
system at the data rate 1.24kbps is lower than 24 10 and 27 10 in experiment III at 
Baicheng water in Xiamen. The BER of the coded frequency diversity CI/OFDM acoustic 
communication system at the data rate 620bps is almost zero in the short range and the 
long range. 
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A few problems exist in the system. The most important one is that the inherent frequency 
diversity of CI/OFDM did not play its due role in the system. According to our analysis, 
the orthogonality between the different symbols modulated on the same subcarrier will be 
destroyed if the phases were changed when signals transmitted in the channel. It means 
that the intersymbol interference cancels out the diversity combining gain. Future 
researches should focus on the optimization of the algorithms in order to take advantage 
of the inherent frequency diversity and other realizations based on the conceptual 
CI/OFDM.  
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1. Introduction 
Digital communications through underwater acoustic (UWA) channels differ from those in 
other media, such as radio channels, due to the high temporal and spatial variability of the 
acoustic channel which make the available bandwidth of the channel limited and dependent 
on both range and frequency. In order to overcome disadvantage factors and maximize 
performance to conduct real-time information understanding, underwater acoustic 
communications require the higher degree of information extraction and development from 
all kinds of onboard acoustic sensors and processing systems. A higher performance 
communication technology is needed in order to focus high-performance data processing on 
the problems and tasks faced by human operators and decision-makers. In order to 
establiseh reliable data commnication on the severely band-limited underwater acoustic 
channels, bandwidth-efficient modulation techniques (i.e. coherent communications) should 
be employed to overcome the inter-symbol interference (ISI) caused by channel multi-path 
propagation. The effective approach to eliminate the ISI caused by multipath propagation is 
that adaptive decision feedback equalizer (ADFE) integrates with spatial diversity. That is 
multi-channel adaptive decision feedback equalizer, which is applied in (Kilfoyle & 
Baggeroer, 2000; Stojanovic, 1996, 2005; Zhao et al., 2008) represents a more general 
approach to spatial and temporal signal processing. 

However, Single technique, such as equalizer, is difficult to obtain satisfied data transmission 
because of the complexity of UWA channel, especially in shallow water channel. In recent 
years, more and more attention has been paid to Turbo codes, including parallel concatenated 
convolutional code (PCCC) (Berrou et al., 1993) and serially concatenated convolutional code 
(SCCC) (Benedetto & Montorsi, 1996), because of its near-capacity gains. The range of 
applications of Turbo codes has expanded to many areas of communications. Trellis-Coded 
Modulation (TCM) (Ungerboeck, 1982) is a kind of design option combining coding with 
modulation. It can provide over 3 dB coding gain without bandwidth expansion. Especially, it 
is interesting to combine PCCC or SCCC with TCM in order to improve the transmission 
spectral efficiency (i.e. parallel concatenated trellis codes modulation (PCTCM) (Benedetto et 
al., 1996; Chung & Lou, 2000; Legoff et al., 1994; Yang & Ge, 2005) and serial concatenated 
trellis codes modulation (SCTCM)) (Benedetto et,al., 1997; Divsalar & Pollara, 1997; Ho, 1997; 
Shohon et al., 2003) in order to improve the transmission spectral efficiency.  
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Therefore, iterative equalization and decoding (IED) based on equalizer and deocoding  has 
been developed to obtain higher performance data transmission. Turbo equalizer (Berthet, 
2000; Koetter et al., 2004) treats the channel encoder and channel itself as a serial 
concatenated system that can be decoded in an iterative scheme. A drawback of this 
iterative receiver is that the complexity of the turbo equalizer is orders of magnitude greater 
than the decision feedback equalizer (DFE). The turbo equalizer complexity grows 
exponentially with channel memory length. It isn’t suit for the underwater acoustic channel 
with long delay spreads. In the structure of iterative euqalization and decoding, equalizer 
can use ADFE (Choi, 2008; Noorbakhsh et al., 2003) or equalizer based on channel 
estimation (Flanagan & Fagan, 2007; Otnes & Tuchler, 2004; Tuchler et al., 2002). For 
underwater acoustic channel with severely mutipath propagation and large time delay, 
adptive channel tracking can get better performance than channel estimation using 
trainning sequence or pilot symbols.   

Comparing PCTCM, SCTCM has the following advantages: (1) It can further reduce the 
error floor of PCTCM to obtain lower BER (Soleymani & Gao, 2002). (2) It has more flexible 
coding structure than PCTCM. In this chapter, SCTCM technique is adopted to increase 
bandwidth efficiency. Furthurmore, a rate R=1 recursive convolutional is adopted as inner 
encoder of SCTCM encode to get higher performance SCTCM scheme. Therefore, iterative 
equalization and decoding, based on multi-channel adaptive decision feedback equalizer 
with variant step tracking factor and decoder of SCTCM, is formed to aid weight update of 
equalizer utilizing decoding gain provided by decoder of SCTCM such that the performance 
of equalizer is enhanced. And then, the performance of communication system is improved 
greatly through iteration calculation between equalizer and decoder. 

The structure of this chapter is as follows. Firstly an overview of the channel and system 
model is provided in Section 2. More specifically, the channel model based on sound speed 
profile (SSP) measured in the lake and Bellhop method and the system description are 
discussed in Sections 2.1 and 2.2, respectively. And then, the introduction of the proposed 
iterative equalization and decoding is presented in Section 3. More specifically, the 
structures of iterative equalization and decoding are discussed in Section 3.1. The proposed 
iterative equalization and decoding process is detailed in Section 3.2, commencing with a 
discussion of the multichannel adaptive equalizer structure in Section 3.2.1, followed by a 
description of the SCTCM decoding algorithm in Section 3.2.2, the method of the soft 
symbol estimation in Section 3.2.3. Our simulation results are provided in Section 4, while 
Section 5 concludes our findings. 

2. Channel and system models 
We begin with the channel model under consideration and then discuss the description for 
communication systems. 

2.1 Underwater acoustic channel model 

We adopt real measured data, sound speed profile (SSP), and a finite-element ray (FER) 
tracing method (Bellhop) (Porter & Liu, 1994) to model the underwater acoustic multipath 
propagation. Additionally we model the multipath components as fading due to acoustic 
propagation loss. 
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A given multipath arrival l  is characterized by its magnitude gain l and delay l . These 
quantities are dependent on the ray length ll , which in turn is a function of the given 
propagation range R . The path magnitude gain is given by 
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where, l  is the amount of loss due to reflection at the bottom and surface. The acoustic 
propagation loss, represented by  ll   
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where,  is constant, cf is the carrier frequency and absorption coefficient (in db/km) given 
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where, ,l iv is the sound speed of the ith  water layer according to SSP. Thus, the overall 
channel impulse response is given by 
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where, L is the multipath number, lA  and l  are the amplitude and relative delay of the lth 
multipath arrival respectively. minl lt t   , mint is the minimus delay among the all path 
delays. 

In the simulation section (Section 4), the SSP, measured on the lake (shown in Fig. 1), is 
adopted to model the multipath propagation. The SSP denotes the sound speed is changed 
with water depth.  

Additionally, Doppler frequency df  is considered in the channel model. It is given by 

 cosr
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Where, c  donotes underwater sound speed, rv is the relative speed between tranmiter and 
receiver, l  is the arrival angle for the lth arrival ray. 
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Fig. 1. Sound speed profile (SSP) 

2.2 System description 

The structure of transmitter is shown in Fig.2.  
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Fig. 2. The structure of transmitter 

In comparison with high performance PCTCM scheme (Robertson & Woerz, 1998), the 
method in (Divsalar et al., 2000), with lower complexity, is adopted to design SCTCM, 
which can achieves  / 1km k  / /bit s Hz , using a rate 0 / 1R k k   convolutional encoder 
with maximum free hamming distance as the outer code. An interleaver permutes the 
output of the outer code. The interleaved data enters a rate / 1iR m m   recursive 
convolutional inner encoder. The m output bits are then mapped to one symbol belonging to 
a 2m  level modulation. In our system, the data symbol is QPSK modulated ( 2m  ), i.e. 

2 2
2 2nx     with probability 1

4 . Before data symbol, the pilot symbol is transmitted to 
probe the channel impulse response (CIR). The LFM signal is used in our system. The frame 
structure is shown in Fig.3. 
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Fig. 3. Data frame structure  

In receiver, Spatial diversity is achieved via multiple receiver arrays. The received signal at 
the kth  array is given by 
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where, cosrv
l lc    is the Doppler frequency factor for lth  multipah propagation,  n t  is 

assumed to be a white Gaussian process with zero mean and variance 2
n . 

After demodulation by multiplying the local carrier frequency and Doppler frequency 
compensation, the received baseband signal at the kth  array is given by 

      j

1

k
L

k l l
l

y t A x t e n t


    (8) 

where, k  is the remain phase distoration. 

And then, the iterative equalization and decoding (IED) is performed on the received 
multichannel baseband signals. The concrete IED algorithm will be presented in the next 
section. 

3. Iterative equalization and decoding (IED) 
In this section, we first present the structures of iterative equalization and decoding and 
analyze the merits and drawbacks of different structures in Section 3.1. And then, the 
proposed iterative receiver is detailed in Section 3.2. 

3.1 The structures of iterative equalization and decoding 

Since the underwater acoustic ISI channel can be treated as a convolutional encoder with 
rate 1, it is possible to treat the channel encoder and channel itself as a serial concatenated 
system that can be decoded in an iterative scheme such as the turbo equalizer structure that 
is illustrated in Fig.5. The motivation for the study of this receiver algorithm is to improve 
equalizer performance beyond that attainable by the optimum parameters decision feedback 
equalizer which also employs the all-training sequence. 

The turbo equalizer consists of two soft input soft output (SISO) modules for the channel 
equalizer and the decoder that are arranged in a serial fashion. A drawback of this receiver 
algorithm is that the complexity of the turbo equalizer is orders of magnitude greater than 
the DFE. The turbo equalizer complexity grows exponentially with channel memory length, 
modulation level, and spatial diversity combining. It should be noted that traditionally the 
turbo equalizer has been used for known channels with reasonable ISI. It still needs to be 
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probe the channel impulse response (CIR). The LFM signal is used in our system. The frame 
structure is shown in Fig.3. 
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Fig. 3. Data frame structure  

In receiver, Spatial diversity is achieved via multiple receiver arrays. The received signal at 
the kth  array is given by 
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where, cosrv
l lc    is the Doppler frequency factor for lth  multipah propagation,  n t  is 

assumed to be a white Gaussian process with zero mean and variance 2
n . 

After demodulation by multiplying the local carrier frequency and Doppler frequency 
compensation, the received baseband signal at the kth  array is given by 
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where, k  is the remain phase distoration. 

And then, the iterative equalization and decoding (IED) is performed on the received 
multichannel baseband signals. The concrete IED algorithm will be presented in the next 
section. 

3. Iterative equalization and decoding (IED) 
In this section, we first present the structures of iterative equalization and decoding and 
analyze the merits and drawbacks of different structures in Section 3.1. And then, the 
proposed iterative receiver is detailed in Section 3.2. 

3.1 The structures of iterative equalization and decoding 

Since the underwater acoustic ISI channel can be treated as a convolutional encoder with 
rate 1, it is possible to treat the channel encoder and channel itself as a serial concatenated 
system that can be decoded in an iterative scheme such as the turbo equalizer structure that 
is illustrated in Fig.5. The motivation for the study of this receiver algorithm is to improve 
equalizer performance beyond that attainable by the optimum parameters decision feedback 
equalizer which also employs the all-training sequence. 

The turbo equalizer consists of two soft input soft output (SISO) modules for the channel 
equalizer and the decoder that are arranged in a serial fashion. A drawback of this receiver 
algorithm is that the complexity of the turbo equalizer is orders of magnitude greater than 
the DFE. The turbo equalizer complexity grows exponentially with channel memory length, 
modulation level, and spatial diversity combining. It should be noted that traditionally the 
turbo equalizer has been used for known channels with reasonable ISI. It still needs to be 
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demonstrated that this type of receiver can be used with modification to track the time-
varying underwater channel and provide performance that exceeds the performance of the 
DFE using known training sequence throughout the entire data packet. 
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Fig. 4. Turbo equalizer 

The second structure is hard iterative (shown in Fig.5.) 
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Fig. 5. Hard iteration  

In this structure, the decoded symbols or hard decisions from the decoder after a first pass 
through the receiver system are then re-encoded to be used as the new training sequence to 
be used over the entire received data packet. Therefore, in the second pass or iteration, 
decision directed equalization after the short initial training sequence is not employed. 
Subsequent passes or iterations through the data in this fashion can be made. However 
diminishing improvements are obtained due to the hard decision nature of this algorithm. 
Feedback error propagation can still occur in this algorithm due to uncorrected errors at the 
output of the soft input hard output decoder. The desire for performance improvement by 
using SISO decoders as well as added information that the equalizer can provide to correct 
decoder errors provides the motivation for the soft iterative approach. 

An improved receiver algorithm as compared to the hard iterative approach would be to 
employ all the information regarding the received symbols to generate the new training 
sequence by combining soft values of the coded symbols out of the decoder and the soft 
information about the detected symbols provided by the decision directed mode of the 
equalizer. This is intent of the soft iterative manner. 
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In the soft iteration, the decision feedback equalizer is modified so that it can use soft a 
priori information from the decoder from previous iterations. In order to obtain soft a priori 
information as opposed to hard decisions, the decoder structure must now take the form of 
a SISO device. One such device is the Maximum A posteriori (MAP) decoder. The method in 
which the information streams from the decoder and equalizer are combined is crucial 
because log likelihood ratio (LLR) values are produced from the decoder feedback path. In 
this chapter, the soft iteration structure is adopted. 

3.2 Soft iterative equalization and decoding (IED) 

The structure of the proposed IED with phase compensation is shown in Fig.6. 

 
Fig. 6. The proposed IED 

As shown in Fig.6, the received signal at each array elements is T/2 fractional sampled. The 
digital phase lock loop (DPLL) is adopted to correct phase distortion. Then, the feedforward 
and feedback filters are applied to obtain the estimation of transmitted symbol. In the IED 
scheme, the multichannel adaptive decision feedback qualizaer with phase compensation 
and decoder of SCTCM exchange soft information in an iterative manner. Specifically, at the 
output of the equalizer, the likelihood ratio (LLR) calculator computes soft information of 
coded bits based on the symbol estimation  d̂ n . This soft information is delivered to the 
maximum a posteriori (MAP) decoder of SCTCM. In addition to providing the decoded 
output, the decoder also computes soft information on the coded bits, which is converted to 
soft estimates of the symbols. These soft symbol estimates are used to aid the operation of 
the equalizer and its adaptive weight update algorithm. 

3.2.1 Mutichannel adaptive equalization 

The received signal will carry out equalization proccessing (including carrier phase 
compensation) after demodulation. The main task of multichannel adaptive decision 
feedback qualizaer is eliminate inter-symbol interference (ISI) caused by multipath 
propagation.  

According to minimum mean square error (MMSE) scheme, an error signal is used to 
update receiver parameters. The error signal  e n of adaptive update algorithm as follows 
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demonstrated that this type of receiver can be used with modification to track the time-
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through the receiver system are then re-encoded to be used as the new training sequence to 
be used over the entire received data packet. Therefore, in the second pass or iteration, 
decision directed equalization after the short initial training sequence is not employed. 
Subsequent passes or iterations through the data in this fashion can be made. However 
diminishing improvements are obtained due to the hard decision nature of this algorithm. 
Feedback error propagation can still occur in this algorithm due to uncorrected errors at the 
output of the soft input hard output decoder. The desire for performance improvement by 
using SISO decoders as well as added information that the equalizer can provide to correct 
decoder errors provides the motivation for the soft iterative approach. 

An improved receiver algorithm as compared to the hard iterative approach would be to 
employ all the information regarding the received symbols to generate the new training 
sequence by combining soft values of the coded symbols out of the decoder and the soft 
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equalizer. This is intent of the soft iterative manner. 
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Where,       Tw =[a  -b ]n n n  denotes overall equalizer coefficient vector, 
     u [x  d ]Tn n n  denotes composite input vector, *

0 1a [ ]H k k
k Na a    denotes the 

coefficients vector of feedforward filter, *
1b [ ]H

Mb b   denotes the coefficients vector of 
feedback filter, N and M denote the feedforward and feedback filter taps respectively, * 

denotes complex conjugate, H denotes transpose conjugate, T denotes transpose. 
     d 1

T
n d n d n M    

    denotes the vector of M previously detected symbols stored in 
the feedback filter,  p n  represents the output of the linear part of the equalizer, it can be 
written as 
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    (11) 

As shown in Fig.6., the baseband signals firstly perform carrier phase compensation. Using 
DPLL technology (Proakis, 2003), we can obtain carrier phase compensation as follows 

        
1 21
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     (12) 

Where,         *1 Imk k kn p n p n e n       ,
1fK and 

2fK are constants, 
2 1f fK K . 

A fast self-optimized LMS (FOLMS) algorithm (Bragard & Jourdain, 1990) is used to update 
the equalizer vector  w n . But in (Bragard & Jourdain, 1990), the formulations are 
conducted based on the single channel line equalizer (LE). In this chapter, we extent it to 
multi-channel decision feedback equalizer and consider the effect of carrier phase 
compensation. It can be deducted by the composite input data  u n  and the error 
signal  e n . So, we can rewrite the FOLMS algorithm as follows 

          *1n n n n e n  w w x  (13) 

          H *1 Ren n n n e n        G x  (14) 

      Hg n n n x G  (15) 

      * /'x n e n n  (16) 
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      'n x n g n    (17) 

          1n n n n n   G G x  (18) 

Where,  n  is the step-size factor for controlling the convergence ratio of the equalizer, 
which can adaptively update,  g n  is temporary variant for updating  n ,   is constant. 
Re( ) denotes the real part of data. 

3.2.2 Decoding of SCTCM 

In order to simplify the decoding algorithm of SCTCM, the symbol decoding of SCTCM is 
transformed into bit decoding through calculating the LLR of coded bits. The position of 
LLR calculator is shown in Fig.6. The calculation is detailed as follows. 

For MPSK, the corresponding 2logm M coded bits are mapped to an M-ary signal. The 
probability  1|i kp b y  of ith coded bit of kth received symbol can be calculated as 
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Let the probabilities  1ip b  and  0ip b   of coded bit ib are the same. Therefore: 
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So, (19) can be simplified as 
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The probability  0|i kp b y of ith coded bit of kth received symbol can be calculated as 
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The LLR value of ith coded bit of kth received symbol is 
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From the received signal k k ky d n  ,and from the noise distribution it follows that 
 |k kp y d is given by 
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From the received signal k k ky d n  ,and from the noise distribution it follows that 
 |k kp y d is given by 
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So, the (23) can be calculated as 
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where,  1 2, , , Md d d   denotes the finite alphabet used for MPSK signals, 1i  and 
0iB  denote the sets of all possible symbol values, in which the ith coded bit is 1 and 0 

respectively. 

We can simplify symbol decoding into bit decoding using Eq.(25). The probability 
distributions of the output sequences  O

kP u  and  O
kP c  can be calculated as follows: 
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where, uB  and cB  are normalization constants as 
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The forward recursion  k  and backward recursion  k   are given by 
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If the trellis is terminated to a known state NS , then the  k   computation will be initialized 
as 
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Otherwise 

   1 /   ,  n ss M s    (34) 

In this chapter, log-map algorithm (Soleymani & Gao, 2002) is used to simplify calculation 
through transforming multiplication into addition. 

3.2.3 Soft symbol estimation 

As shown in Fig.6, the LLR values of coded bits, output from decoder of SCTCM, are used 
to implement symbol estimation. And then, these symbols are fed back to feedback filter of 
MC-ADFE to perform joint iterative scheme. So, the symbol estimation is key module to 
perform soft IED.  

There are two methods to estimate data symbol: hard estimation and soft estimation. 
Compare with hard estimation, soft estimation can void error symbols spread during the 
course of iterations. What's more, soft estimation can more sufficiently utilize decoding gain 
to update system performance. In this chapter, soft method is adopted to estimate data 
symbols. 

The soft symbol estimation can be obtained as follows: 
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where,  1 2, , , Md d d   denotes the finite alphabet used for MPSK, ib denotes the ith 
coded bit, 1,2,i m  . 

The probability distributions  iP b of coded bits can be obtained from the corresponding 
LLR values  iL b . Therefore: 

  
 
 1

i i

i
i

b L beP b
L be





 (36) 

4. Simulation results 
In this section, we use simulation experiments to verify the performance of the proposed 
soft IED algorithm. The system parameters of computer simulation are shown in Table 1. 
The outer decoders of SCTCM adopt convolutional codes encoder with 4-state 1/2 code rate 
for QPSK modulation. In this paper, we integrate the multi-path fading and additive white 
Gaussian noise to simulate underwater acoustic channel. 

Based on the sound speed profile (SSP) measured in the lake and finite-element ray (FER) 
tracing method (Bellhop) (Porter & Liu, 1994), the channel impulse response is shown in 
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4. Simulation results 
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soft IED algorithm. The system parameters of computer simulation are shown in Table 1. 
The outer decoders of SCTCM adopt convolutional codes encoder with 4-state 1/2 code rate 
for QPSK modulation. In this paper, we integrate the multi-path fading and additive white 
Gaussian noise to simulate underwater acoustic channel. 
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tracing method (Bellhop) (Porter & Liu, 1994), the channel impulse response is shown in 
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Fig.7. From the SSP (shown in Fig.1.), we know that the water with mixed gradient SSP is 
about 53m deep. The transmission distance is 2000m. 

 
Carrier frequency 10 KHz 

Symbol rate 5 Kbps 

Doppler 10 Hz 

Array elements 4 

Training symbols 200 sys 
 

Table 1. Simulation parameters 

4.1 Soft iterative performance of iterative equalization and decoding 

The system parameters of simulation are shown in Table 1. The channel impulse responses 
are shown in Fig.7. As shown in Fig.7, the multi-path propagation is very seriously. 
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Fig. 7. Channel impulse response (2000m) 

Fig.8 shows the BER curves of IED algorithm with soft iteration for QPSK modulation. As 
show in Fig.8, the iteration algorithm can sufficient utilize the decoding gain provided by 
decoder of SCTCM to enhance the equalizer performance such that the system performance 
is increased and the data transmission with lower BER can be obtained. 
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4.2 Dual model of iterative equalization and decoding 

The dual model IED is shown in Fig.9. There are two parts: (1) iterative equalization and 
decoding; (2) iterative decoding. As mentioned in Section 3, the mutichannel ADFE and 
decoder of SCTCM exchange soft information in an iterative manner in the IED scheme. So, 
we can perform decoding iteration before IED. And thus, the accuracy of symbol estimation 
is further improved such that the equalizer performance is improved greatly. 

 
Fig. 9. Dual model IED 

As shown in Table 2, in dual model IED, the soft symbols estimation, based on the coded 
bits output from decoder of SCTCM, are more accurated. And thus, the propagation errors 
can be futherly reduced. 
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Fig.7. From the SSP (shown in Fig.1.), we know that the water with mixed gradient SSP is 
about 53m deep. The transmission distance is 2000m. 
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IED 
iteration 

0 1 2 

Decoder 
iteration 

0 1 0 1 0 1 

3 dB 0.2217 0.2072 0.1205 0.0824 0.0351 0.0185 

3.5 dB 0.1856 0.1582 0.0682 0.0326 0.0105 0.0042 

4 dB 0.1451 0.0987 0.0295 0.0123 0.0041 0.0024 

4.5 dB 0.0941 0.0358 0.0026 1e-4 0 0 

5 dB 0.0589 0.0097 4e-5 0 0 0 

5.5 dB 0.0282 0.0016 0 0 0 0 

6 dB 0.0141 3e-4 0 0 0 0 

Table 2. Performance of dual model IED 

5. Conclusions 
In this chapter, according to the characteristics of underwater acoustic channel, SCTCM 
technology with rate-1 inner code, is adopted to improve the bandwidth efficiency of 
underwater acoustic channel. Simultaneously, LLR calculation is introduced to simplify 
symbol decoder into bits decoder. The soft IED scheme with soft symbol estimation is 
proposed to overcome the multi-path fading of underwater acoustic channel and enhance 
the performance of equalizer through utilizing decoding gain provided by decoder and the 
information symbols with soft symbol estimation fed back to equalizer so that the 
performance of communication system is improved greatly. What’s more, the dual model 
IED scheme is proposed to obtain lower BER in order to meet the demands of higher system 
performance. The simulation results verify the proposed algorithm can obtain satisfied data 
transmission with the small iterations, especially the dual model IED. 
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