
  

  
Abstract—In this paper, an improved method of sensor-level 

fusion for a multi-channel seismic network is presented for 
target detection in outdoor security applications. This method 
determines the weighted values of each sensor present in the 
seismic network based on the correlation measures and as the 
change of correlation is observed, the weighted values are 
adjusted accordingly for real-time data. This method takes full 
advantage of the limited range of seismic sensors especially in 
the outdoor environments since the sensors that reflect the state 
of target have greater weighted values than other sensors in a 
network. Furthermore, this method is also helpful to identify a 
failure state or bad data of the sensors. The effectiveness of this 
method is verified by simulation results. In the end, the 
application of this method is presented and the fusion results 
are discussed on real data. 
 

Index Terms—Sensor fusion, correlation, multi-channel 
seismic network, target Detection.   
 

I. INTRODUCTION 
The target detection capability in a multi-channel seismic 

network is a challenging problem for outdoor security 
applications. The target produces seismic waves in the 
ground which are recorded by seismic sensors in a network. 
Although seismic waves are complicated to analyze as they 
propagate in different forms, in different directions, and at 
different propagation velocities and they are highly 
dependent on the underlying geology, these waves are less 
influenced by outdoor conditions like wind, Doppler effects 
and unwanted noises from the objects. Therefore, seismic 
sensors are suitable for outdoor applications. 

In general, there are two categories of seismic waves: the 
body waves and the surface waves. Body waves travel at a 
higher speeds than surface waves and they propagate through 
the interior of the earth. Whereas, surface waves propagate 
near the surface of the earth. Research related to seismic 
waves indicates that a significant amount of seismic energy is 
dispersed near the surface if any kind of disturbance occurs 
near the surface of the earth and this energy is transmitted as 
the surface wave [1]. 70% of the total energy of the target is 
distributed as such Rayleigh surface waves and the remaining 
energy is propagated into the interior of the earth as body 
waves [2]. Thus, Rayleigh waves have more importance to 
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detect a target that makes impacts on the surface of the earth. 
Although seismic sensors are appropriate for outdoor 

applications, they have the drawback of limited range [3], 
since the amplitude of Rayleigh wave is inversely 
proportional to the square root of the distance between the 
target and the seismic sensor [4]. To overcome this drawback, 
a technique of sensor network is applied where many seismic 
sensors are deployed in different locations to extract the 
information available in the environment.  Many researchers 
have already worked on the problem of target detection in a 
multi-channel seismic network. The most common approach 
which is available in the scientific literature is to extract 
features of the target from each seismic sensor present in the 
network and fuse the information at the feature level to detect 
the target [5], [6]. This approach is usually computationally 
expensive because the number of processing steps and the 
size of the feature vectors increases proportionally with a 
number of sensors in the network. Apart from that, this 
approach does not incorporate any failure state of the sensors 
and as a result, the detection process performs poorly since 
bad data from these sensors contribute also in the detection 
process. 

This paper presents a novel approach of sensor fusion to 
effectively deal with the problem of target detection in a 
multi-channel seismic network. In this approach, the 
preprocessed raw data from multi-channel seismic sensors 
are fused based on the correlation measures. Each sensor is 
correlated itself and all its neighbours in a network. The 
method calculates the weighted values of each sensor present 
in a network and their values are adjusted as changes of the 
correlation measures between neighbouring sensors are 
observed. In this way, this method takes full advantage of the 
limited range of seismic sensors in an outdoor environment. 
Since, as stated earlier, the amplitude of the seismic signal 
decreases with increasing distance between the target and the 
sensor, so the correlation between the sensor and its 
neighbouring sensors continuously changes. Furthermore, 
this method does not require previous values of sensor data to 
calculate the weighted values. So, this method yields higher 
measuring precision of the seismic signal and higher dynamic 
adaptability of real-time data. On the other hand, this method 
is also helpful to detect a failure state of sensor or to identify 
those sensors containing bad data. The sensors that contain 
no information about the target have low weighted values. 
Another advantage of using this method is that it provides 
flexibility to deal with sensors’ data. It means that the 
features of the target can be extracted either from fused 
sensor data or from individual sensor data that reflect the 
presence of the target. In other words, the higher weighted 
values of sensors contain the information about the target. 
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This paper is arranged as follows: section II presents some 
related work. Section III describes the detail description of 
the sensor fusion method. The simulation analysis is 
presented in section IV. The application and the results on 
real data are discussed in section V. And, finally, the 
conclusions are made in section VI. 

 

II. RELATED WORK 
In [7], a method of data fusion is presented on the basis of 

correlation function for the application of rotary machine fault 
diagnosis. The method performs cross-correlation operation 
between sensors to fuse signals. The method is not suitable to 
apply for target detection in multi-channel seismic network 
due to the following reasons. Firstly, that method cannot be 
applied to two sensors because the weighted values are always 
divided equally whether sensors contain the information of 
interest or not. Secondly, if the signals from sensors are 
uncorrelated, that method does not work. 

In this paper, the above mentioned method is modified to 
overcome the drawbacks and to make the method suitable for 
outdoor security applications. Simulation results are 
presented to prove the effectiveness of the improved method. 
The results of both methods are compared and discussed on 
real data. 

 

III. SENSOR FUSION 
The weighted fusion model is represented by the 

following equation. 
                                                             

          1 1 2 2 3 3X w x w x w x= + +                       (1) 
 

where X  is the fused signal obtained from sensors, 

1 2, ,...., nx x x  are the signals of individual sensors, 

1 2, ,...., nw w w  are the weighting coefficients of the 
individual sensor signals. 

The weights are computed by performing auto-correlation 
operation on each sensor and cross-correlation operation 
between sensors in a network. These values are updated 
automatically for every new frame data. 

The auto-correlation function quantifies the similarity 
between two segments of the same signal and is used to 
correlate the sensor data with itself. It gives the mean square 
value of sensor and is given by the following expression: 
         

      
      (2) 

 
where ( 0,1,2,..., )m k= and k is known as time shift. 

The cross-correlation function quantifies the similarity 
between two signals and is used to correlate one sensor signal 
with other sensors present in the network. It is used to find 
the correlation energy between sensors and is given by the 
following expression: 
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where ( 0,1,2,..., )m k= and k is known as time shift. He 
energy of the signal observed in each sensor can be expressed 
by the correlation measures. Therefore, the signal that has 
more energy will have greater correlation measure [8]. The 
total correlation energy of sensor i is determined by the 
following equation. 
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where iE is the total correlation energy of the signal observed 
in sensor i and n is the number of seismic sensors in a 
network. 

As the weight of each sensor is directly proportional to the 
total correlation energy of the signal observed, we can write: 

               1 2 1 2: : .... : : : .... :n nw w w E E E=                  (5) 
And 
                            1 2 .... 1nw w w+ + + =                          (6) 
 

From equation (4), (5) and (6), we can calculate the 
weighted values of each seismic sensor and using equation 
(1), we get the fused signal. 

A. Characteristics 
The weighted values of sensors determined from the 

method mentioned in section III have important 
characteristics. 

• When there are no targets present in the network, 
sensors are considered to be uncorrelated and their 
weighted values are approximately equal, i.e. 

1 2 .... nw w w≅ ≅ ≅  
• The presence of the target is indicated by higher 

weighting values of sensor. 
• Sensors which contain no information about the target 

or contain bad data have lower weights. In this way, 
this method can detect failure of the sensor and that 
sensor can be discarded from fusion process. 

• Since the weighted values are updated according to 
the change of correlation measures, the method shows 
good dynamic adaptability for real-time data.  

• This method does not require previous values to 
compute the weighted values of each sensor. 

• This method is simple and easy to use. 
•  

IV. SIMULATION RESULTS AND DISCUSSION 
In this section, simulation results of the improved method 

are presented and compared with the method presented in [7]. 
Two cases are considered for simulation. For all cases, the 
signal of interest is standard sine signal with a frequency of 
1Hz. 

A. Case 1 
In the first case, it is assumed that two simulated sensors 

collect the vibration signals. Sensor 1 records a sine wave and 
sensor 2 captures white noise as shown in Figures 1a and 1b 
respectively. The signals are normalized first with respect to 
the desired mean and variance, since the signals are not 
recorded with the same energy. The weighted values 
calculated from the improved method are as follows: 
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While the method described in [7] cannot be applied to the 
two sensors since it always divides the weighted value equally 
for two sensors i.e., 0.5 independently of whether the signals 
contain useful information or not. This is one of the 
drawbacks which are overcome by this improved method. 

 

 

     a)        b) 
Fig. 1.  Vibration signal of two simulated sensors 

 

 
Fig. 2.  vibration signal of three simulated sensors 

 

B. Case 2 
In this case, all three simulated sensors are considered to 

be uncorrelated. The sensor 1 records a sine signal, which is 
the signal of interest while sensor 2 and sensor 3 have white 
noises as shown in Figures 2a, 2b and 2c. The weighted 
values are calculated as follows: 

1

2

3

0.9777
0.0090
0.0133

w
w
w

=
=
=

 

Fig. 2d shows the fused results of three signals. Again 
method explained in [7] cannot deal the problem of 
uncorrelated signals. For uncorrelated signals, the weighted 
values are always equal for all sensors. In this case, the 
weighted values of three simulating sensors are equal i.e., 
0.3333.   

 

V. APPLICATION 
The improved method is effectively applied to an outdoor 

security application for personnel detection. The setup 

consists of five-channel seismic sensors in an area of 10 
square meters as shown in Figure 3. Seismic sensors are 
deployed at different locations. The Z-axis signals of each 
sensor are considered for processing. The target “S” is moved 
along the specified path. For this application, the assumption 
is made that only a single person should be present in a test 
field at one time. The sensors are sampled at the rate of 51.2 
KHz. After preprocessing, the sampling rate is reduced to 
512 Hz. Since sensors are deployed in non-homogenous 
ground, it is possible that sensors may have different 
background energy levels. To compensate for this, all sensors 
in a network are normalized with respect to desired mean and 
variance before applying the sensor fusion method. 

The weighted values of each sensor are calculated for 
every one second of real data. Since the person footsteps 
generate very weak signals, sensors that are close to the 
person record these signals. In this way, sensors that have 
higher weighted values represent the presence of the person 
in a network. 

Fig. 4 and 5 provide the results of fusion based on the 
improved method and the method mentioned in [7]. Only 
sensors that have higher weighted values are fused using 
equation (1). It shows that the novel method provides higher 
energy of the footsteps as compared to the other method. 
Since the method explained in [7] is based on the 
cross-correlation function between the sensors, the higher 
energy levels are observed where sensors are highly 
correlated as shown in Fig. 5. The improved method also 
considers the mean square value of each sensor signal along 
with the correlation between sensors. From the fused signal 
in fig. 4, it is clear that sensor 5 has higher mean square value 
of the signal as compared to other sensors in a network 

 

 
Fig. 3.  Multi-channels seismic test field 

 

 
Fig. 4.  Fused signal of person footsteps using novel approach 
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Fig. 5.  Fused signal of person footsteps using method [7]
 

VI. CONCLUSION 
In this paper, an improved method of sensor level fusion for 

multi-channel seismic sensors has been presented. The 
method is especially effective for target detection in outdoor 
security applications. This method takes the advantage of the 
limited range of seismic sensors in the outdoor environment. 
The method does not need any data history or previous values 
for fusion. Since the calculation of the weighted values of 
these sensors are based on the correlation change of the 
real-time data, therefore, this method has good dynamic 
adaptability and fusion precision as compared to the 
traditional weighted average method. By the simulation 
results, we have shown that this method is also capable of 
handling uncorrelated signals. This method is also helpful to 
identify the sensor failure states and to reduce the 
computational burden by rejecting the sensor data which do 
not contain information about the target. The method also 

provides flexibility to deal with sensor data. Finally, it is 
concluded that the improved method is more sensitive to 
detect objects in a seismic network.  
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