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Abstract---- The aim of this paper is to analyze the different 

schemes of data fusion techniques. The data will be 

generated for different sensors and fused together to 

generate or deduce an output. The different schemes for data 

fusion technologies are mentioned in the text. For our 

analysis we will consider KFA, XXX YYY techniques. The 

output will be shown with the help of graphs. These 

schemes are applicable for multi sensor data fusion where 

the data is generated or collected via different sensors. 

DF (Data fusion) or multisensory data fusion 

(MSDF) is the process of combining or integrating 

measured or pre-processed data or information originating 

from different active or passive sensors or sources to 

produce a more specific, comprehensive, and unified dataset 

or world model about an entity or event of interest that has 

been observed. Sensor data fusion has wide number of 

applications from telecommunications, radar, satellite 

communication to data networks. 

The tracking of moving objects includes targets, 

mobile robots, and other vehicles which uses measurements 

from sensors is of considerable interest in many military and 

civil applications that use radar, sonar systems, and electro-

optical tracking systems (EOTs) for tracking flight testing of 

aircrafts, such as missiles, unmanned aerial vehicles, micro- 

or mini-air vehicles, and rotorcrafts. It is also useful in 

nonmilitary applications such as robotics, air traffi c control 

and management, air surveillance, and ground vehicle 

tracking. In practice, scenarios for target tracking could 

include manoeuvring, crossing, and splitting (meeting and 

separating) targets. Various algorithms are available to 

achieve target tracking for such scenarios. The selection of 

the algorithms is generally application dependent and is also 

based on the merits of the algorithm, complexity of the 

problem (data corrupted by ground clutter, noise processes, 

and so on), and computational burden. Target tracking 

comprises estimation of the current state of a target, usually 

based on noisy measurements. The problem is complex even 

for single target tracking because of uncertainties in the 

target’s mathematical model, especially for manoeuvring 

targets (which need more than one model and one transition 

model, and so on), and process/state and measurement 

noises. The complexity of the tracking problem increases for 

multiple-targets using measurements from multiple sensors.  

I. INTRODUCTION 

The procedure of using pre-processed data and information, 

which is coming from different types of sensors or sources, 

in order to fuse it to give more specific output or result 

about an object that is being observed is called DF or Data 

fusion or multi sensor data fusion (MSDF).  

If a Data Fusion series is assumed, where the 

fusion process is indicated by the fusion symbol like 

addition, multiplication through operations which involves 

probabilities and logical explanation, then if it’s a success, 

with improved accuracy, fusion can be achieved, which 

means it helps in the reduction of the uncertainty,  it also 

helps in state prediction and identification of the object 

under observation and more specific conclusions can be 

generated which cannot be achieved by using a single 

sensor.  

 
Fig. 1:  

Configuration and arrangement of various sensors 

should be such that, that it is able to achieve the desired 

result. Occasionally, the arrangement is mostly entertained 

by the geometry or geography of multiple available sensors. 

The configuration of sensors is very important portion in 

order to gain desired result. For example, If Arrangement of 

radar is not correct for the desired output, then the incoming 

result can be a disaster. 

II.  LITERATURE SURVEY ON SENSOR FUSION 

 Sensor Topologies: A.

Topologies for sensor fusion should be very specific, it 

should have definite architecture and it should be divided 

into categories depending upon the type of sensors used and 

their arrangement 

 Complementary Configuration: Sensors don’t have B.

direct dependency on each other. Sensors are divided 

specifically to govern their each region, like one sensor 

handles one region, while the other overlooks the other 

regions, thus no interfering in each other areas and by 

collecting all the figures, we can get overall picture under 

observation. for example, while using multiple cameras 

fitted in a room viewing the different section of the room 

under observation, a complete view of the room can be 

obtained  

 Competitive Configuration: Sensors deliver different C.

faces or in other words different measurements of an object 

under observation. Sensor fusion of different data coming 

from different sensors regarding the same object can be 

fused. data from a single sensor delivered at different time 

frames can also be fused under competitive configuration. 

Such structure is robust and fault tolerant. It can also help in 

fault detection when compared with other structures and and 

such topologies can be useful in more fault prone areas. 

Sensors of different types can also be used in this topology 

which is an advantage. 
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 Cooperative Configuration: Incoming data from D.

different sensors is fused to get an output that was not 

available via a single sensor. e.g. a 3d image obtained by 

fusing the data coming from two 2D cameras. Such 

configuration in sensor fusion is very difficult to make, as 

the resultant data is very sensitive to all kind of small errors 

occurred by each and every individual sensors. 

Apart from these configurations, other types of 

hybrid structure can also be created depending upon the 

requirements of fusion. 

III. .FUSION ARCHITECTURES 

The Multi sensor data Fusion process, involves various 

arrangements and procedures which involve sensors 

integration, pre data processing, data estimation, post data 

processing and decision making. Most commonly 

architecture has been described into three types. 

 Centralized Fusion A.

This architecture involves mainly similar sensors or 

homogeneous sensors, such that they are all time synced and 

keep auto correcting the sensory data. It also acts as a 

translator for sensor data processing. Data is originally in 

distributed form in this fusion architecture and optimal 

decision is taken based on measurements achieved from all 

the sensors. 

 Distributed Fusion B.

Sensors can be homogeneous or non homogeneous. Data is 

processed and collected by an individual Kalman filter from 

each sensor involved.It then involves the state vector fusion 

process to gain the output which has been discussed in the 

appendix. This fusion method can be used in large sensor 

networks where lots of data is to be processed. 

 Hybrid Fusion C.

This method involves fused version of centralised and 

distributed fusion methodologies based on sensor fusion 

requirements. To reduce the communicational errors 

distributed fusion method can be used and when target 

tracking is required in a dense area than centralised fusion 

can be considered. Based on sensor availability combination 

of the other two fusion schemes can be used for a better 

fused state of the target. It’s widely used for flight range 

testing and digital signal processing. 

 Kalman Filter D.

The Kalman filter is an algorithm that, observed over time, 

uses a series of measurements which can contain noise or 

random variations and other accuracies and produces 

estimates of unknown variables that tend to be more precise 

than those based on a single measurement alone[36]. It is 

also known as linear quadratic estimation (LQE). Kalman 

filter mainly works on the streaming noisy input data to 

produce an optimal estimate of the underlying state of the 

system. The filter is named for Rudolf (Rudy) E. Kalman, 

one of the primary developers of its theory [36]. 

The Kalman filter has n number of applications in 

the communication, digital signal processing and navigation 

technologies, like control and navigations of aircraft and 

spacecraft or time series analysis [36].  

It is a two step procedure. First is the prediction step, in 

which the Kalman filter produces estimates of the current 

state variables, along with their uncertainties. Once the next 

measurement outcome (almost corrupted with small amount 

of error, including random noise) is observed, updating of 

these estimates is done using a weighted average, with more 

weight being given to estimates with higher certainty. 

Kalman filter  best advantage is that it doesn’t depends on 

past information, i.e. it can run in real time using only the 

present input measurements and the previously calculated 

state and its uncertainty matrix. Unlike the prejudiced 

thinking all error terms and measurements that are used in 

Kalman filter are not Gaussian distributed. 

Extensions and generalizations to the KF method 

have also been developed, such as the extended Kalman 

filter and the unscented Kalman filter which work on 

nonlinear systems.  

IV. DISADVANTAGES 

- Mostly Kalman filters are used for linear state 

transitions, for non linear transitions one, we can use 

advance filters like particle filters. 

- Sensor measurements of Gaussian form can only be 

used. 

   Data Fusion Algorithms A.

Sensor data is used to track the moving objects; this is very 

useful in military applications. Various vehicles like 

aircrafts make use of these technologies. various sensors like 

radar, sonar are used in various civil apps which help in day 

to day life of a human being. Many algorithms have been 

derived to provide target tracking of a moving object. 

Algorithms are selected based on application, its complexity 

and its computation ability. 

In this chapter, we discuss some algorithms which help in 

data fusion of sensory data. 

 State-Vector And Measurement-Level Fusion B.

Data fusion is of two types:  

1. measurement fusion  

2. State-vector fusion.  

Measurement Fusion is considered better  as the 

data is fused without being processed However in practical 

situations data volume is much larger than expected and 

sending it without processing can cause chaos and delays 

and inaccurate data, and can harm transmission capacity of 

channel too, it is where state vector fusion comes in. 

In state vector fusion firstly data is estimated by 

each sensor and covariance matrix is generated, which is 

collected by Kalman filter. the vectors are then  transmitted  

and thus help in reducing overheads and overloads. 

However at fusion centre noise appears which is later 

corrected but this is a drawback of the system. 

  Fusion Algorithms C.

 There are two types of algorithms on which we are working 

here. 

1. Kalman filter Algorithm 

2. Gain Fusion Algorithm 

 Kalman Filter based Algorithm D.

It is based on state vector fusion method,Firstly the data is 

estimated by Kalman filter 

 ̅m
(k+1) = F   ̂m(k) 

State and covariance matrix is: 

  ̅m(k+1) = F ̂m
(k) 

 ̅m 
= F ̂m

F
1
+GQG

1 

http://en.wikipedia.org/wiki/Weighted_mean
http://en.wikipedia.org/wiki/Real-time_Control_System
http://en.wikipedia.org/wiki/Extended_Kalman_filter
http://en.wikipedia.org/wiki/Extended_Kalman_filter
http://en.wikipedia.org/wiki/Kalman_filter#Unscented_Kalman_filter
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Dynamically both sensors in each filter are same, 

however the  sensor measurement and noisy statistics in the 

measurement could be different. The fusion algorithm is 

then becomes 

 ̂f 
=  ̂1

 +  ̂1
 ( ̂    ̂ 2)-1

 ( ̂2
 -  ̂1

) 

 Gain Fusion–Based Algorithm E.

From the equations of the KF-based fusion algorithm, we 

observe that it requires calculations of inverse covariance to 

obtain the global results, but the recent fusion algorithms do 

not require calculations of covariance inverses and has 

parallel processing capability. The dynamic system 

equations are same as used in Kalman filter equations. The 

gain fusion algorithm for multi-sensor integration involves 

information feedback from the global filter to the local 

filters.  

We see that there is information feedback from the 

global filter to the local filters. The Gain Fusion algo inorder 

to calculate global estimates, does not need the measurement 

update of the local covariances. Because the global a priori 

estimates are fed back to the local filter, there is implicit 

measurement data sharing between the local filters. This 

feature is evaluated when there is data loss in either of the 

two sensors. 

 Simulation And Results F.

The following graphs show the results in sensor 1 and 

sensor 2. We have three things: 

- Original data 

- Data for sensor 1(with no error) 

- Data for sensor 2(with error) 

If we notice the graphs, for the estimated and measured 

position in terms of sensor 1, its curve overlaps the original 

curve as there is no error and hence the residue of sensor 1 is 

approx 0 all over the range. However in case of sensor 2, we 

can see that the curve for the measured data does not 

properly follow the curve for the original data because of the 

error which results in high residue as shown in the figure. 

 

 
Fig 2: 

The covariance’s of the functions and the fusion filter is 

shown in the graph. It can be seen that the covariance of the 

fusion filter as the lower line seems better than the 

covariance’s of f1(sensor 1) and f2(sensor 2). Covariance of 

f1 is the middle curve, covariance of the f2 is the topmost 

curve and covariance of the fused data is the lowermost 

curve. 

 
Fig.3:  the norm of the fused covariance is lower than both 

the norms. 

Here in this graphs, the position and the velocity states are 

compared and analyzed. There are total 6 graphs. We can 

see the curve for position state error and velocity state error 

for sensor 1 and sensor 2. Here we are plotting the errors in 

the measurement. As we can see the error is very much high 

in case of sensor 2 and is approximately ok in case of sensor 

1, we fused both the datas using our algo, GFBA in this case 

and if we see the third row of fused data graphs, we can see 

a better performance of position and velocity state errors. 

 
Fig. 4:  Graph Of Kalman Fusion Algorithm With Respect 

To Position And Velocity 

 
Fig. 5: 
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Fig. 6: 

 
Fig. 7:  Graph Of GFA 

 

Fig. 8: 

V. RESULTS 

GFA is better than Kalman Filter: 

- No need to calculate the local covariance for the global 

estimates 

- Parallel Processing capabilities and hence works fast 

- Feedbacks information from global filter to the local 

filter. 

GFA works better when there is loss of data because of 

the feedback of info from global to local filter. But when 

there is no error in the data, this feature won’t work and in 

that condition Kalman Filter will work better. 

VI. CONCLUSION 

This paper on sensor data fusion explains the concepts and 

the various algorithms there are for fusion of the data 

coming from different sensors. We explained Kalman filter 

based approach and Gain fusion based approach in details 

and simulated them. The various simulations are shown in 

the text. The two main aims were achieved, one is the fusion 

of data through these algorithms and other is their analysis. 

KFBA performs little poorer and slower as compared to 

GFBA algorithm when there is a loss in data in any of the 

two sensors defined. The main reason for GFBA to work 

better is that it does not need to calculate the local 

covariances like KFBA for the global estimates. Also it 

feedbacks the information from the global filter to the local 

filter and allows parallel processing which make it work 

faster than the KFBA based approach. However in the 

presence of Gaussian noise, KFBA is the better approach to 

be used. Still there is lot more work to do in this field. 

Sensor data fusion technique has a wide variety of 

applications from navigation systems to the satellite 

systems, radar communication, wireless sensor networks etc 

with different algorithm to be used in different conditions, 

still there is no fix standardization which we can consider 

for our future work.  
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