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	 To suppress interference from discrete noise of underwater sound sources, we apply matched 
field processing with multiple-constraint noise suppression (MNS MFP) to a distributed 
multisensor array.  Optimal weight vectors and coherent processing are also combined with 
MNS MFP.  The results from simulations clearly show the effectiveness of the method to 
localize and differentiate noise and sound sources.  The probability of successful sound source 
localization (SSL) for the new method is higher than 0.9 with an error range of 5% for depth 
and distance.  In addition, it accurately locates a sound source and a noise source at the same 
distance from the multisensory array at a depth difference of 33 m.  This localization ability is 
much improved from that of the conventional matched field processing (CMFP) and diagonal 
loading minimum variance distortionless response (DL-MVDR) methods.  With further 
development, the proposed method is expected to provide more accurate and precise data for 
underwater acoustics studies.  

1.	 Introduction

	 Sonar systems often encounter problems in detecting targets with strong interference and 
noise.  Ma et al. proposed a discrete noise suppression method by matching field processing (MFP) 
with a single towed line array.(1)  Han et al. suggested the use of spatial matrix filter technology 
to cancel the vessel noise.(2)  However, using a single array of sensors and filtering noise do not 
provide satisfactory results owing to background noise and interference.  
	 Sound source localization (SSL) requires signal processing of data from underwater 
acoustic arrays, usually with MFP.  MFP matches the amplitude and phase of a sound source 
with an underwater sound field model, which estimates the distance and depth of the sound 
source using data from multisensory arrays.(3–5)  The complexity of the marine environment 
reduces and sometimes completely eliminates the ability to locate a sound source in the case of 
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discrete interference by noise sources near the target sound source.(6,7)  The suppression of the 
interference to obtain the sound from the source requires multiple sensor nodes in a distributed 
multisensor array system, The number of spatial samplings of a system can be increased to 
further improve the reliability of underwater SSL.(8–10)  We propose to apply MFP technology 
combined with multiple-constraint noise suppression (MNS) using a distributed multisensor 
array.  To suppress discrete noise more effectively, we establish an optimization problem 
and solve it to minimize the variance of the MFP output under the condition that there is no 
interfered (distorted) beam response in the observed area.  The optimization problem is solved 
using the Lagrange multiplier method.  MFP with MNS enables SSL to be achieved accurately 
in underwater acoustic channels with interference and noise from their sources.  

2.	 Methods

2.1	 MFP with distributed multisensor array

	 MFP processes sound data received by hydrophones to match the data with a replica field 
vector predicted by a mathematical model.  A hydrophone in a multisensor array acquires 
underwater acoustic signals.  It generates an output power proportional to the acoustic pressure 
generated by the signals.  The hydrophone has a series of piezoelectric ceramic sheets with the 
same polarity.  A sound pressure signal triggers the piezoelectric ceramic sheets to generate 
an output power by bending vibration.  The output power indicates the depth and distance of a 
sound source processed by MFP and is defined as 

	 ( ) ( ) ( )HP ϕ ϕ ϕ= w Kw ,	 (1)

where w is a weight vector, ( )H is the conjugate transpose, φ = [ f, zr, zs, r] is a location 
parameter of the sound source, f is the sound source signal processing frequency, zs is the depth 
of the sound source, zr,j is the depth of the jth element on the receiving array, r is the horizontal 
distance between the sound source and the array, and K is the cross-spectral density matrix.  
	 Conventional matched field processing (CMFP) is less sensitive than adaptive MFP (AMFP) 
in differentiating signals of a real sound source from those of an interference source, especially 
with sparse spatial sampling.  CMFP has more side lobes than AMFP.  
	 The CMFP weight vector is expressed as 

	 ( )( )
( ) ( )CMFP H

ϕϕ
ϕ ϕ

=
vw

v v
,	 (2)

where v(φ) = [v(φ), v(φ), ..., v(φ)]T is the replica field vector of the array and vH(φ)v(φ) ＝ N (N: 
number of array elements).  
	 AMFP is an algorithm and uses minimum variance distortionless response (MVDR) 
constraints.  The output power of AMFP has effectively suppressed side lobes and interference.  
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In practice, to ensure the reversibility of the cross-spectral density matrix and the robustness of 
environmental parameter mismatches, white Gaussian noise is added to a matched processor of 
diagonal loading minimum variance distortionless response (DL-MVDR).(11)  The weight vector 
of DL-MVDR is

	
2 1

- 2 1
( ) ( )( )
( )( ) ( )

d
DL MVDR H

d

δ ϕϕ
ϕ δ ϕ

−

−
+

=
+

K I vw
v K I v

,	 (3)

where I is the unit matrix and δd is the diagonal loading factor.
	 CMFP and AMFP basically process data from a single node, that is, generally a single towed 
array or a single vertical array.  Higher gain can be acquired by the coherent processing of data 
from a distributed multisensor array system.  Multiple nodes of the distributed multisensor array 
system have multipath propagation and coherent properties in underwater acoustic channels.  
They yield better estimation of the location of a sound source.  Figure 1 shows a schematic 
diagram of localization by a distributed multisensor array system with three vertical arrays.
	 The output power of MFP with a distributed multisensor array is calculated as

	
3 3

, 1,
1

H H H
x l ll l i ij ji j i j

l
P

= ≠
=

= = +∑ ∑∑w K w w K w w K w ,	 (4)

where Kll is the single-node cross-spectral density matrix and Kij is the multimode cross-
spectral density matrix.  The weight vectors wCMPF and wDL-MVDR  allow MFP with CMFP 
and DL-MVDR to localize sound sources.  However, a way to suppress interference and noise 
is required.  Thus, this study tests a new discrete noise suppression method for a distributed 
multisensor array system.  

Fig. 1.	 (Color online) Schematic diagram of localization by distributed multisensor array system.
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2.2	 MNS MFP

	 Assuming that there is one sound source and M − 1 interference sources, the constraint on 
the interference is defined as

	 1 1( ) , ..., ( )H H
M Md dϕ ϕ= =w wα α ,	 (5)

where α1(φ) is the weight vector of the observed sound source, α2(φ), α3(φ), and αM(φ) are replica 
field vectors obtained by the model calculation of M − 1 interference sources, and [d1, d2, ..., dM] 
is the constraint vector.  From this, an optimization problem and the minimum mean square 
error of the output power of MFP are calculated as 

	 min[ ( )] min[ ( ) ( )]HP ϕ ϕ ϕ=
w

w Kw 	

	 s.t. 
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(6)

	 Then, we construct the Lagrange function as 

	 ( ) ( )1 2
1

, , , ...,
M

H H
M m m m

m
L dλ λ λ λ

=

 = − −
 ∑w w Kw w α ,	 (7)

where λM is a Lagrange multiplier.  If we define the following equations: 

	 [ ]1 2( ) | ( ) | | ( )Mϕ ϕ ϕ=E α α α ,	 (8)

	 [ ]T
1 2 Mλ λ λ=      λ ,	 (9)

	 [ ]1 2 Md d d=      d  , 	 (10)

then Eq. (5) becomes

	 H =w E d .	 (11)

	 To find the partial derivative of Eq. (7) and make the result equal to zero, the following 
equation is needed.
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	 Then, the optimal weight vector is obtained by

	
11 1H H

MNS
−− − =  w K E E K E d .	 (13)

	 As a result, MFP for noise suppression has the optimal weight vector wMNS that has a 
constant response to the observed signal while suppressing discrete interference and noise from 
the sources.  In conclusion, MNS MFP efficiently suppresses discrete interference and noise in 
underwater acoustics channels.

2.3	 Environment model and simulation method

	 We performed computer simulations to verify the effectiveness of the proposed MNS MFP.  
Figure 2 shows a diagram of the distributed multisensor array system with three nodes used in 
the simulation.  Each node comprises 50 hydrophones in a vertical array with a spacing of 2 m 
at a depth of 100 m.  The three nodes form an equilateral triangle whose sides have a length of 
1 km.
	 The horizontal distance to two sources (noise source and sound source) from the coordinate 
origin of the detection system is 8 km.  The depths of the noise source and sound source are 7 
and 40 m, respectively, and the signals from the sources are band-limited white Gaussian noise 
with a center frequency of 300 Hz.  The signal-to-noise ratio is −10 dB.  The environment sound 
profile has a weak positive gradient, and the parameters of the model are shown in Fig. 3.

Fig. 2.	 (Color online) Schematic diagram of distributed multisensor array system and locations of sound and noise 
sources.
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3.	 Results and Discussion

3.1	 Localization of sound and noise sources in vertical array 1

	 Figure 4 shows distributions of the sound field intensity from the two sources at depths of 7 
and 40 m obtained by computer simulation using Matlab® software.  
	 Figure 5 shows results of SSL of vertical array 1 with CMFP and DL–MVDR MFP projected 
to the coordinate origin.  The result for the output power shows that the two methods had 
limited effectiveness in locating the underwater sound source with interference from the noise 
source, which is masked by side lobes.  CMFP only located the noise source at the depth of 
7 m, and had a very wide range of depth to localize the source accurately.  In addition, intense 
interference was observed.  DL-MVDR had much less interference.  However, it only located 
the noise source with high probability and could not find the sound source at all.
	 To apply the proposed method (MNS MFP) in this study, we designed the optimal weight 
vector of the response to be as small as possible to locate the noise source.  Figure 6 shows 
the output power of MNS MFP, which located the sound source successfully and completely 
suppressed the interference from the noise source in vertical array 1.  The result does not show 
any interference and clearly locates the sound source at a depth of 40 m.  In addition, MNS 
MFP does not reveal any signal from the noise source.  

Fig. 3.	 Environment model for the simulation for MNS MFP.
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Fig. 4.	 (Color online) Sound field intensity distribution (the bars on the right show the intensity in dB).  (a) Noise 
source at 7 m depth and (b) sound source at 40 m depth.

Fig. 5.	 (Color online) Localization results of vertical array 1 using CMFP and DL-MVDR (the bars on the right 
show probability).  (a) CMFP.  (b) DL-MVDR.

Fig. 6.	 (Color online) Localization results of vertical array 1 using the MFP with MNS (the bar on the right shows 
probability).

(a) (b)

(a) (b)
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3.2	 Localization of sound and noise sources in distributed multisensory array system

	 Figure 7 shows the localization results of CMFP and DL-MVDR MFP for the distributed 
multisensor array system.  The intensity of the noise was 10 dB stronger than that of the sound.  
The results show similar localization performance to that for vertical array 1.  CMFP located 
the two sources but with intense interference.  However, CMFP had a higher probability 
of localization for the noise source than for the sound source.  DL-MVDR had much less 
interference, but only located the noise source, with no sign of the sound source appearing.  
	 When we used the suppression method of MNS MFP proposed in this paper, which used 
a distributed multisensor array system, the underwater sound source was accurately located.  
Figure 8 reveals that the interference was completely suppressed for the distributed multisensor 
array system.  In addition, MNS MFP even localized the two sources with much higher 
probability for the sound source.  

Fig. 7.	 (Color online) Localization results of distributed multisensor array system using CMFP and DL-MVDR (the 
bars on the right show probability). (a) CMFP and (b) MFP with DL-MVDR.

Fig. 8.	 (Color online) Localization results of distributed multisensor array system using MNS MFP (the bars on 
the right show probability).

(a) (b)
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3.3	 Comparison of MNS MFP with CMFP and DL-MVDR

	 We calculated the probability of correct localization of the sound source by three methods 
under different signal-to-interference ratios.  When the error of estimation of the sources 
is within 5% (for depth and distance), the localization is considered to be successful.  We 
performed 50 identical and independent experiments with CMFP, DL-MVDR, and MNS MFP 
to localize the noise and sound sources.  Figure 9 shows the probability of correct localization 
of the sound source by the methods.  When the signal-to-interference ratio was −5 dB, CMFP 
and DL-MVDR could not locate the underwater sound source.  In contrast, MNS MFL could 
locate the sources even though it had lower probability for correct localization than CMFP and 
DL-MVDR.  When the signal-to-interference ratio was −5, −10, or −15 dB, MNS MFP had a 
probability close to 1.  

4.	 Conclusions

	 We proposed a new method of removing interference from noise sources to localize the 
sound source in underwater acoustic channels by combining MFL with MNS.  In addition, we 
optimized MNS MFL with the optimal weight vector and coherent processing for the distributed 
multisensor array.  The simulation results verified the effectiveness of the proposed method in 
localizing the sound source by removing interference from the noise source.  A comparison 
of the results of MNS MFL, CMFP, and DL-MVDR confirmed that the method localizes the 
sound source accurately at various signal-to-interference ratios.  In particular, the method has 
a higher probability than 0.9 to localize the source for a signal-to-interference ratio higher than 
−15 dB.  This implies that MNS MFP suppresses the interference from any noise effectively and 
achieves the accurate localization of an underwater sound source.  

Fig. 9.	 Probability of correct localization under different signal-to-interferences ratios.
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