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Abstract. Video mobile terminal technology has been mature and came into 
people’s daily life. Face to face conversation and group meeting through video 
mobile phone become standard usage of video mobile service. People will put 
the mobile phone in front of his/her face when they use this kind of service. But 
users in noisy places will be interfered by surrounded noise. Former researchers 
have tried to use microphone array to solve this problem. And sound source 
localization model (SSLM) is the first approach. In this paper, we used feed 
forward neural network (FFNN) to simulate the hyperplane to map the detected 
time intervals to space coordinates. Thus the SSLM computation complexity is 
reduced and automatic adaptability is achieved. Experiments have been done to 
show the feasibility and high accuracy of this method. Furthermore, Levenberg-
Marquardt (LM) algorithm has been proposed to be our training algorithm. 

1. Introduction 

Mobile systems have been developed dramatically fast in the past decades. And the 
3G mobile phone became new adorable communication tool for recently. The 3G 
mobile services provide us up to 384k bps data rate, and one of the most attractive 
services is video phone. People could talk to each other face to fact using this service. 
But there still is a noise problem for it. Users in noisy places are suffering more in this 
kind of occasions. They are interfered by surrounded people and machine with high 
decibel. Therefore, whether expected voice or unexpected noise are both transmitted 
through microphone. Former researchers have design or used microphone array [3, 5, 
10, 12] to reduce the noise. And also, researches on sound source tracing [6, 11] and 
SSLM [1, 4, 7, 9] have been done. To guarantee accuracy, former SSLMs have used 
mathematical and power consuming techniques to do computation. E.g., IBM has 
built up a microphone array to trace the speaker direction with 4 sensors in 2001, the 
4 sensors are linearly installed and they only filter in the voice from a vertical plane in 
3D space. So any voice from the plane could be filtered in to the video mobile 
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terminal. And they used complicated hardware to solve the high computation 
complexity problem. But they are not adaptive and not fit for power-limited mobile 
devices. In this paper, a new SSLM has been introduced to eliminate these 
disadvantages. There are 4 microphones have been used to localize the sound source 
position in 3D space (It can be proved that 4 is the theoretical minimum microphone 
number). Moreover, we have used FFNN with back propagation (BP) to simulate a 
hyperplane to simulate the mapping from the detected time intervals to 3D space 
coordinates. So the sound source could be localized in a 3D space rather than in a 
planar space; the computation complexity is be reduced; and automatic adaptively is 
achieved. Experiments have been done to testify the method. To compare the 
performance of the NN training algorithms with different hidden neuron numbers, we 
have used ten training algorithms combinating with 10 different neuron numbers 
ranging from 5 to 50. Thus we could find the least needed hidden neuron number and 
training algorithm with the best performance. 

2. Model and Analysis 

A. Sound Source Localization Model 
The space coordinate for the SSLM is established for the first step, as shown in 

Fig.1. The discussion is based on 3D coordinate XYZ. The origin point is O (0, 0, 0). 
The formula of plane ABC is x y z a+ + = . A (a, 0, 0), B (0, a, 0) and C (0, 0, a) are 
intercepts of plane ABC. And a is the supposed length of OA, OB and OC. There are 
four microphones at A, B, C and O respectively. The four microphones should be 
installed on a video mobile terminal, and the plane ABC is supposed to be parallel 
with the mobile phone front face. Suppose there is a sound source S (sx, sy, sz) in the 
first quadrant of XYZ and out side of pyramid OABC. Thus the constrains of S could 
be presented as 

x y zs s s a+ + > , where , , 0x y zs s s >  

  
Fig. 1. VFM Geometric Model 

The length of SO, SA, SB, SC will be represented as Formula (1). Suppose sound is 
generated from S, it will be received at O, A, B and C at time T0, TA, TB and TC 
respectively. Although the microphones cannot detect the voice generating time, the 
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3D coordinate of S still could be calculated by solving the following series of 
equations.  
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Suppose Ta=TO-TA, Tb=TO-TB and Tc=TO-TC. The speed of sound in the air could 
be represented as 331.4 0.6   /v T m s≈ + , where T is the Celsius temperature. 
Then we will have Formula (2). The fully simplified root of sx, sy, sz could be 
presented as it is shown in Formula (3). 
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(3)

It is obvious that these formulas are complicated. It will be a too heavy SSLM 
consumption for mobile terminal CPU, saying a 3G mobile phone. Moreover, there 
are errors coursed by calculation, microphone response time, sound reflection and 
electrical legacy, etc. exist. We have used FFNN to reduce the errors and it can also 
make the SSLM to be adaptive, which means error coursed by microphone response 
time, sound reflection and electrical legacy could be eliminated. The mapping 
relationship between sound source location and detected time intervals can be 
simulated by FFNN. The weight matrix and bias vector can be trained in advance 
before putting them into use. 
B. Neural Network Model 
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As NN have been researched and built for decades of years. The most fantastic 
usages of them are pattern recognition and function approximation. And here, the 
time intervals to sound source coordinates mapping approach is based on FFNN with 
BP. We used 2 neuron layers to accomplish the hyperplane simulation tasks, one 
hidden layer and one output layer. The inputs parameters are a series time intervals 
Ta, Tb and Tc. The output is the calculated sound source coordinates, as shown in 
Fig.2. 

  
Fig. 2. Feed forward neural network with back propagation 

The input parameters are represented as an R by 1 vector p1.  
a1=tansig (n1)  
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where n1=IW1,1 p1+b1. 
In the hidden layer, tangent sigmoid function has been used as transfer function. 

Suppose we use S neurons in this layer, and the input weight matrix from input p1 to 
layer 1 is denoted as IW1,1, which is an S by R matrix. And the bias vector b1 is S by 
1. The output of hidden layer a1 is an S by 1 vector too, which can be represented as 
Formula (4) 

a2=LW2,1×a1+b2 
=LW2,1 tansig (n1)+b2 
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+b2, (5) 

where n1=IW1,1 p1+b1. 
In the output layer, pure-linear function is used and only one neuron is used. The 

layer weight matrix from layer 1 to layer 2 can be denoted as LW2,1, and it is a 1 by S 
vector. The bias vector b2 is a 1 by 1 scalar. The output of output layer a2 is a 1 by 1 
scalar too. It physically means the waiting time prediction result. And it is represented 
as a2=purelin (LW2,1×a1+b2), where purelin (n2)=n2. So, we get a2=n2. And 
finally, we have Formula (5). 

After training process on this NN, IW1,1 and LW2,1 are S by R and S by 1 matrices 
respectively with determined factor values. The physical meaning of R is the 
parameter number in one input vector and S is the neuron number in the hidden layer. 

There are many kinds of back propagation algorithms. Based on the experiments, 
we propose LM algorithm as our training algorithm, because LM has the best training 
speed on the same precision basis. The LM algorithm is a variation of Newton 
methods, and this algorithm was designed to approach second-order training speed 
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without having to compute the Hessian matrix. As we used mean squared error (MSE) 
to be the performance function and the output vector a2 is scalar, Hessian matrix can 
be approximated as H=JTJ, where J is Jacobian matrix that contains first derivatives of 
the neural network error with respect to the weights and biases. The Jacobian matrix 
can be computed through a standard back propagation technique [20] that is much less 
complex than computing the Hessian matrix [18]. 

The LM algorithm update could be represented to be Formula (6). 
1k k k kx x gα+ = − ， 1[ ]T

k k kJ J Iα µ −= + ， 
T

k k kg J e=  
so, 1

1 [ ]T T
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SM denotes for max row number in the output layer 

,p qe denotes for the error of output value indexed by (p, q) in the output matrix 

,
p
q rw denotes for the value indexed by (q, r) in the weight matrix of layer p 
p

qb denotes for pth value in the biases vector of layer p 
xk is a vector of current weights and biases 
gk is the current gradient 
αk is the learning rate 
Jk is the Jacobian matrix 

3. Simulation and Analysis 

Based on the SSLM and FFNN model, we did experiments to show the feasibility 
and high performance of this method.  
Step1, Generate the mapping relationship from Ta, Tb and Tc to sound source 
coordinate. 

Suppose the sensor distance a=5 cm, and speed of sound in air v=340 m/s (when 
air temperature T=14.3 oC) for explicit discussion. Sx is assigned to be a series of 
equal-distance numbers 5, 10, 15 … 50 cm, and the same to Sy and Sz. So we got 1000 
samples of sound source point S(Sx, Sy, Sz). S1=(5, 5, 5), S2=(5, 5 10) … S1000=(50, 50, 
50). Time difference vector Tv(Ta, Tb, Tc) can  be calculated according to Formula (2). 
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Thus the accuracy is guaranteed, and we got 1000 time difference vectors Tv1, Tv2… 
Tv1000. S’ recalculated using the Formula (3), as shown in Fig.3.(a), (b) and (c)  
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Fig. 3. The error of recalculated S’ 
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It is obvious that largest error is no more than 0.001 cm, which means that the 
series of Tv are reliable. 
Step 2, Do FFNN training to simulate the mapping from Tv to S. 

There are 10 different FFNN have been used in the experiments. The only 
difference among them is the hidden neuron number. These numbers ranges from 5 to 
50. And each of type of neural network has been tried using 9 training algorithms, 
BFGS-Quasi- Newton (BFG), Resilient Back propagation (RP), Scaled Conjugate 
Gradient (SCG), Conjugate Gradient with Powell/Beale Restarts (CGB), Fletcher-
Powell Conjugate Gradient (CGF), Polak-Ribiére Conjugate Gradient (CGP), One-
Step Secant (OSS) and Variable Learning Rate Back propagation (GDX), which are 
the most famous training algorithms. 
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Fig. 4. Error of The trained FFNN with 25 Hidden Neurons 
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Fig. 5. Training Time with Different Hidden Neuron Numbers and Training Algorithms 

There are totally 10×9=90 types of neural network training have been done. We 
have set mean squared error MSE≤0.001m2 to be the training goal. Moreover, the 
ceiling of training epoch number to 5000. That means whether MSE is measured to be 
less than 0.001m2 or the epoch number is up to 5000, the training process will stop. 
And other cases will treated as neural network cannot be well trained or training 
algorithm is too slow to converge. It can be found from Appendix that RP, OSS and 
GDX are not good training algorithms for this SSLM. They can not let MSE converge 
to be less than 0.001 in 5000 epochs using any hidden neuron numbers been provided. 
Other training algorithms can let MSE converge to be less than 0.001 in 5000 epochs 
using some neural networks that have been provided. And it is also found that neural 
networks with hidden neuron number less than 25 behave relatively bad in the 
experiments, even if MSE can be converged to 0.001 in 5000 epochs in some of them. 
The trained neural network with 25 or more hidden neurons could simulate the time 
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latency to sound source coordinate with similar precision. The largest error in one 
dimension is less than 6 cm. As shown in Fig.4. So we propose to use more than 25 
hidden neurons for precision. And we could find in that the training time of LM 
algorithm is decreasing when the hidden neuron number is increasing, as shown in 
Fig.5. It should be mentioned that all data represented in Fig.5. meet 2 conditions. 
First, the training processes should be accomplished in 5000 epochs to reduce MSE to 
be less than 0.001, and second, error should be less than 6 cm. Obviously, LM use 
less time than other training algorithms. So we propose use LM for this SSLM.  

As the largest error in one dimension is less than 6 cm. The accuracy can be 
guaranteed if sound source is not near to the theoretical boarder we expected. As 
shown is Fig.6. Suppose we define the boarder to be a cone surface. The vertex of the 
cone is at O, and the black circle is one of section of cone surface. And suppose there 
is a red cone in side the black one. The red circle is one section of the red cone 
surface. When any points in the red cone is tuned to be more than 6 cm away from the 
black cone. The voice from sound source in the red cone could be received with no 
problem. SSLM could be used to calculate any sound source coordinate in a defined 
volume space and the guaranteed space volume could be calculated, vice versa. 

4. Conclusion 

As mobile terminal with video phone service is becoming a common service in 
modern mobile communication world. The face to face talking model needs a utility 
to calculate the sound source coordinate, which will be helpful to reduce the 
surrounding noise in open environments. We provided a new method to calculate the 
coordinate of sound source in a 3D space. And FFNN has been used to simulate the 
mapping relationship between microphone detected time legacy and sound source 
position. The usage of FFNN in this SSLM provided an efficient and adaptive method 
to accomplish sound source localization task. Experiments have been done to show 
the feasibility of this method. Moreover, a training algorithm LM has been proposed 
for best FFNN training performance. 

 
Fig. 6. Guaranteed Space Volume for VFM 
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5. Future Work 

FFNN can be used to simulate SSLM the mapping relationship between time 
legacy and sound source position. And the mapping accuracy has been analyzed in 
this paper through experiments. This work has been done in the virtual environment, 
and this SSLM method is looking forward to be turned into reality. It is obvious that 
FFNN has very good property to mapping processes. So even in case of electronic 
legacy, interferences and other unexpected reasons exist, the mapping from time 
legacy to sound source coordinates will still behave as normal as discussed in this 
paper. Therefore, the most direct and efficient future work is to use real hardware to 
simulate neural network and realize this SSLM. 
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Appendix: Training Convergence Time Table 

Note: Data listed here meet the following 2 conditions. First, the training processes should be 
accomplished in 5000 epochs to reduce MSE to be less than 0.001, and second, error should be 
less than 6 cm. Otherwise, it will be marked ‘N’. (unit: second) 
 

Algorithm 5 10 15 20 25 30 35 40 45 50 
LM N N N N 970 94 40 69 22 59 

BFG N N N N N 261 159 142 132 158 
RP N N N N N N N N N N 

SCG N N N N N N N 227 387 224 
CGB N N N N N N N N N 306 
CGF N N N N N 258 258 263 380 361 
CGP N N N N N 153 262 N 337 304 
OSS N N N N N N N N N N 
GDX N N N N N N N N N N 

 


