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Abstract: Sensors are used for providing a system with needed data considering some features of interest in the environment 
of system.  Multi-sensor fusion would provide more accurate and reliable information.  Key words: multi-sensor fusion, 
biological sensor, data fusion approach, fused sensor, neural network approach, simulated fused sensor and simulated stated 
sensor. The main purpose of the research is to examine the biological sensor performance validation using data fusion 
technique. Glucose sensor and sucrose sensor were used as the biological sensor. Fusion method used is the state-vector 
fusion method and a Kalman filter and H-infinity based filter are implemented for enhancing the performance of data fusion 
algorithm. Simulate the sensor network and deploy the algorithm of data fusion and use neural network for validating the 
faulty of the sensor network. From the analysis, it was noticed that simulated fused sensor output and target performs well. It 
was also observed that error rate also minimal in the simulated fused sensor. 
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I. INTRODUCTION 
 
The purpose of multi-sensor fusion is to obtain 
maximum value from prior technologies for sensor 
[1]. Fusion techniques can be implemented to various 
readings from multiple sensors or same sensor. In 
most of the cases a single sensor cannot give enough 
information about the environment thus multiple 
sensors would be used since it gives more complete 
and accurate information [2]. There are different 
types of sensor networks such as complementary 
fusion, competitive fusion and cooperative fusion. 
Complementary fusion uses various sensors that each 
provides environment’s partial view. Competitive 
fusion is typically used for reducing uncertainty in the 
measurement, even though the series of 
measurement’s fusion from the same type of sensor 
cannot minimize bias or systematic errors, rather it 
would minimize noise or random errors. Cooperative 
fusion integrates data from independent sensors [3].  
 
 
Data fusion involves numerous disciplines and 
techniques such as control theory, digital signal 
processing, artificial intelligence, statistical 
estimation and numerical methods. A potential 
feature in the process of data fusion is that, 
information would be collected from different sources 
such as databases, sensors or humans [4]. Sensors 
fusion is categorized into many levels like high level 
fusion. It is the study about the relationship between 
events of interest and objects inside a dynamic 
environment [5].  
Methods of sensor fusion combine data from different 
information sources in a way that it must provide 
better performance than could be reached, when each 
information source is used alone [6]. System design 
would be on the basis of methods of sensor fusion 
which needs the presence of complementary sensors 

that is issues of each sensor could overcome by the 
benefits of the others [7]. In addition to that, it was 
noted that fusion scheme could be adopted based on 
the application. It is complicated to generalize the 
strategy for fusion. Sensor fusion could outcome in 
poor result or performance if inaccurate information 
regarding the performance of sensor is used [8]. 
Therefore this study intends to focus on the biological 
sensor performance validation using fusion technique. 
In addition to that, the proposed fused approach 
examines the position and velocity state error rate. 
The aim and objective of the research is to investigate 
in detail about the biological sensor performance 
validation using data fusion technique. 
 
II. LITERATURE REVIEW ON DATA FUSION 
 
Knowles et al [9] carried out an investigation to 
analyze the artificial immune systems for data fusion 
which is a novel biologically inspired approach. This 
study implemented a system for data fusion with an 
artificial immune system for demonstrating how the 
process of immunologically inspired data fusion 
would take place. It is assumed that techniques and 
algorithms developed from principles of immunology 
could retain properties which would be helpful in a 
system for data fusion. Such properties encompass 
real-time adaption to modifying circumstances and 
cooperation between various agents. This paper 
examined the different processes of molecular fusion 
and interaction in the biological immune system 
which could provide analogous behaviour for data 
fusion in an artificial context. 
Palaniappan [10] carried out a research to examine 
the self-organized hybrid sensor system with 
distributed fusion of data particularly for the intruder 
tracking and surveillance. This particular study 
demonstrated the unique hybrid sensor network that 
encompasses a host of mobile sensor platforms. It 
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was found out that static sensor network coverage 
area could be enhanced by self-organizing the 
platforms for mobile sensor, for allowing interaction 
with static ones and thus maximizes the coverage 
area. Hybrid sensor network performance is 
examined for a set of N mobile sensors for 
determining and optimizing parameters like mobile 
nodes, position for maximum sensing coverage area 
without losing the signal between the static nodes, 
mobile sensors and the central control station.  
Nagla, Uddin and Singh [11] examined the multi-
sensor data fusion and integration for mobile robots. 
Dempster- Shafer and Bayesian methods have some 
fundamental issues such as information conflicts, 
uncertainty and incompleteness. Sensor fusion using 
neural network needs long time for training the 
mobile robot for specific circumstances and it seems 
to be complicated for difficult environment with huge 
variations. Histogram in motion mapping is restricted 
to sonar and has computational advantage. Bayesian 
method of fusion for information is identified to be 
most straightforward for adopting outdoor and indoor 
environment. For making the localization and 
mapping robust there is necessity of post processing 
and pre-processing of the resultant internal 
representation and sensory information in the map 
form. 
Zeng, Zhang and Genderen [12] compared and 
analyzed the remote sensing data fusion techniques at 
decision and feature levels. Each technique of image 
fusion has its advantages and disadvantages. Success 
degree is always case-dependent.  Non-probabilistic 
methods are becoming famous and their major 
features are better exploited Inference performance, 
need for prior information, needed computer 
resources and general utilities must be the tradeoffs 
when adopting a technique of higher level image 
fusion. For achieving an overall objective, combining 
techniques and an ancillary measure amount would 
be employed. Thus it could be concluded that neural 
networks are perform better and superior to 
conventional methods for determining fusion 
particularly when data for input is noisy as well as 
when data is missing 
 
III. RESEARCH METHODOLOGY 
 
In an Auto Associative Neural Network (AANN), the 
outcomes would be trained to assess the inputs 
through dynamic range rather than accurate one. The 
system variables include few coherence degrees with 
each other which would be considered as inputs. 
During the period of training, interrelationships exist 
between the variables of system and are integrated in 
the connection of neural network weights. In addition 
to this, a robust procedure was used for training 
which would urge the network to rely on redundant 
data from the correlated sensors to calculate the value 
of sensor. As a result, any network result shows no 
virtual change and is seen if suppose the next input is 

affected by faulty data, missing data or sensor. Apart 
from this, such characteristic enable the AANN to 
track drifts in the sensors or failures by comparing 
and contrasting sensor networks input measurement 
with the subsequent measurement of sensor value 
which is known as network output.  
When a sensor signal in the auto associative neural 
network is faulty since failure in drift, neural network 
gives a valid measurement of sensor value by using 
its information from other correlated sensors. The 
difference or residual (red) between calculating the 
sensor (sˆd) and the actual measurement (sd) is 
different and ZNM (zero noise mean) is the amount 
in sensor signal. It was noticed that if a sensor is 
faulty, mean or variance along with the variance 
drifts from normal values. Apart from these drifts it 
could be recognized by the module of detecting the 
fault. 
In addition to this, module of detecting fault deploys 
algorithm of statistical decisions which is ratio test of 
sequential probability. Such module focuses on the 
variance red and provides results that are outputs from 
the condition of sensor. In addition to that, produced 
result of zero value indicated that sensor is normal on 
the other hand, the result value of 1 (one) indicated 
that the sensor is faulty. Unlike computing a new 
mean and variance at every sampling unit, SPRT 
continually monitors the sensor performance by 
analyzing the variances at each and every sampling 
time to compute a likelihood of failure. The analysis 
would be done based on simulated and measured 
positions of the sensor on the residual position. It also 
analyzes the position and velocity state errors. 
Glucose sensor and sucrose sensor were used as the 
biological sensor. Implementation was done in two 
phases namely data fusion and neural network 
approach. Code developed in the study was based on 
the mathematical model of data fusion and neural 
network sensor and tested on empirical data sets. 
MATLAB was adopted for simulation.  

 
Fig 3.1 Biological sensor performance validation 

 
Fig 3.1 depicts the validation of biological sensor 
performance. S1 represents the glucose sensor; S2 
denotes the sucrose sensor and Sn indicates few more 
parameters for senor measures from blood sample. 
In phase-1 sample inputs from blood are taken, 
multiple sensors measures the various parameters 
from sample blood and provides outputs or results. 
Chemical structure and mathematical model of every 
sensor has to be known that would help in correlation 
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of both inputs and outputs. In addition to this, 
parameters extraction method from every sensor has 
to be known and rules and structures for the fusion 
are utilized for validating the results or outputs. 

 

 
Fig 3 2. Artificial Neural Network Training and Validation 

 
Fig 3.2 depicts the training in the artificial neural 
network and validations. In this phase-2 the 
training of artificial neural network done for the 
validation purpose. Later the outcome of phase-1 
and phase-2 are used to correlate the physical 
relationship and validation. 

  
IV. IMPLEMENTATION AND SIMULATION 
RESULTS: 

 
This section focuses on the biological sensor 
performance validation using fusion technique. They 
are explained along with step by step instructions of 
executing the code and screenshots of the working 
MATLAB code. 

 
Fig 4.1 Measured and simulated position of sensor 

 
The Fig 4.1 explains the measured and simulated 
position of sensors. Two different simulation position 
state 1-sensor 1 and simulated position state 2-sensor 

2 were shown here. Finally simulated fused position 
state 1 and state 2 is shown in the figure. Fused 
position state encompasses data fusion approach and 
neural network approach. 
Fig 4.2 shows the simulated and measured positions 
of the sensor on the residual position. 

 

 
Fig 4.2 Residual position of measured and simulated sensor 

  

 
Fig 4.3 Normalized covariance position of sensor 1, sensor 2 

and fused filter 
 
This screenshot shown in Fig 5 shows the normalized 
covariance position of sensor 1, sensor 2 and fused 
filter. Green colour line denotes the simulated 
position stated sensor-1, blue colour line denotes the 
simulated position stated sensor 2 and red colour line 
indicates the simulated fusion position sensor. 
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Fig 4.4 Position and velocity state errors of sensors 
 
Fig 4.4 shows the position and velocity state errors. 
When compared to the position state error and 
velocity state error for sensor 1 and sensor 2 the fused 
sensor state minimizes the position state error and 
velocity state error. 

 

 
Fig 4.5 Neural network training setup 

 
The screenshot shown in Fig 4.5 shows the setups in 
the neural network training. Setting of training 
parameters could be seen in the code. 
 

 
Fig 4.6 Empirical data for neural network training 

 
Fig 4.6 shows and points out training regression 
curve also contains information of original data used 
for neural network training. 

 

 
Fig 4.7 Structure of neural network 

 
Fig 4.7 describes the structure of the neural network. 
Here fusion data x(t) is the input and y(t) is the output 
for training the neural network. 
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Fig 4.8 Training and validation results 
 
This Fig 4.8 shows the training and valid training 
performance and it is observed that performance of 
best validation is 2.4e-5 at epoch 4.  
 

 
Fig 4.9 Validation checks in training states in network 
 

This figure shows the gradient, Mu and validation 
checks in training states in the network. 

 
Fig 4.10 training regression curve in the network 

 
This figure shows the training regression curve in the 
network. 

 
Fig 4.11 Response of output element-1 for time series-1 

 
This figure shows the response of output element 1 
for time-series 1. When compared to simulated stated 
sensor output, the simulated fused sensor output and 
target performs well and then error rate also is 
minimal in the simulated fused sensor. 
Fusion method used is the state-vector fusion method 
and a Kalman filter and H-infinity based filter are 
implemented for enhancing the performance of data 
fusion algorithm. Simulate the sensor network and 
deploy the algorithm of data fusion and use neural 
network for validating the faulty of the sensor 
network. 
 
Kalman filter-based fusion algorithm: 
State vectors estimates are acquired by each sensor 
with the help of optimal linear Kalman Filter-based 
fusion algorithm                                        

cn (s +1) =   Ocn (s)------------------- 4.1 
 

Covariance and state time propagation are explained 
as  

        Dn  =OD^nOe + BFBe---------------- 4.2  
 

Covariance and state update equations can be 
represented as 
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g (s + 1) = yn(s + 1) - Ucn(s + 1) -------- 4.3 
Sn = DnUe[UDnUe + Fn

l]-1 ----------------- 4.4 
  c^n (s +1) = cn(s + 1) + Sn [yn(s + 1)- U cn (s + 1)] -- 

4.5 
D^ n = [ K- Sn U]Dn-----------------------  4.6 
    D^l= D^1 - D^1 (D^1 + D^2)-1D^1e --- 4.7 

 
Filters for sensors adopt the same state dynamic 
model. Fusion algorithm are presented as 

c^l= c^l+ D^1 (D^1 + D^2)-1 (c^1 + c^2) -------- (4.8) 
 

State-vector fusion: 
Fusion could be functioned as follows: 

S^a= S^1 + R^1 (R^2 + R^2)-1(S^2 + S^1) ------- (4.9) 
 

R^a= R^1 - R^1 (R^1 + R^2)-1(P^1T) ----------- (4.10) 
 
H-Infinity Global Fusion Algorithm: 
The filtering algorithm was developed on the basis on 
[13, 14]. The local filters are provided for each and 
every sensor.  
Global fused state is given on the basis of [15] as 
jn (q +1) = [ A- Sn

-1 K ^n
-1 (q +1) wl

nwn] + jn (q +1) + 
A- Sn

-1 K ^n
-1 (q +1) ∑o

a=1 (Kn ^-1 (q+1) Snj^n(q+1) - 
Kn ^-1 (q+1) Sn + we

n wn) H jn^(q) ---------------------
4.11 
 
CONCLUSION AND FUTURE WORK 
 
 From the experimentation, it is observed that 
the position fused sensor state error minimizes the 
position state error and velocity state error. It also 
found out that when compared to simulated stated 
sensor output, the simulated fused sensor output and 
target performs well and the error rate is also minimal 
in the simulated fused sensor. Thus it can be 
concluded that the simulated fused sensor such as 
neural network approach and data fusion approach 
would achieve better result than simulated position 
state sensors. Future work would be based on 
validating the biological and cognitive sensor 
performance through other fusion models. Future 

work would compare the biological and cognitive 
sensor performance with existing fusion models to 
obtain a better result. 
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