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Abstract

Target detection using multi fusion data is one of the common techniques used in military as well as
defence units. The usage of a wide variety of sensors is now possible due to modern data fusion
technology. The major problem is the existing multi-sensor fusion technique is loss of data and
delay is message transfer. To overcome the existing problems, proposed work includes optimization,
machine learning, and soft computing techniques. Multi Sensor Data Fusion (MSDF) is becoming
an increasingly significant field of study and is being explored by a broad range of individuals. Data
defects, outliers, misleading data, conflicting data, and data association are some data fusion
concerns. In addition to the statistical advantages of more independent observations, the precision of
an observation may be improved by using a variety of different types of sensors. Target tracking has
earned a lot of attention in recent years in the realm of surveillance and measurement systems,
particularly those in which the state of a target is approximated based on measurements. Academics
as well as implementers in the fields of radar, sonar, and satellite surveillance are interested in the
bearings-only tracking (BOT) problem. The BOT is the sole option available in many surveillance
systems, such as those found aboard submarines. Significant difficulties arise because of the
constrained observability of target states based only on bearing measurements. The work that is
suggested tackles the limitations of EKF and its derivatives in controlling MSDF within the context
of BOT. Specifically, the study identifies divergence as a primary challenge and works to devise
solutions for it. It is recommended that two key methods of fusion, data level and feature level (or
state level), be investigated in depth. This is in recognition of the fact that the MSDF may increase
observability, thereby reducing the tendency of the tracking algorithm to diverge and realizing a
better estimate of the states. The Information Filter, which is a casting of the Kalman Filter, and its
expansions are employed via extensive simulation to lessen the influence of initial assumptions on
the convergence of MSDF tracking algorithms. This is accomplished by using the Kalman Filter.

Keywords: Tree-Based Fusion Technique; Potential Energy Efficient Data Fusion; LEACH,;
Wireless Sensor Network.

1. Introduction

The human body is equipped with five senses, each of which handles bringing a significant amount
of data into the brain. Following the integration of this information, the human brain will next
develop perceptions and reactions. Each of the five senses—sight, hearing, touch, taste, and smell—
contributes to the generation of information in a unique band, and this information [1] may
perceived on a spectrum of intensities. There are several types of sensory data that are moderated by
the human thought process as they are processed in phases, either one at a time or collectively in
groups.
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This term encompasses all the facets of combining information from a variety of sources to supply a
cohesive picture of an environment or process of interest, and it is also the name of the solution to
the problem [2]. The solution to the problem called multi-sensor data fusion, or MSDF for short.
When information gathered from different sensors at the same time, it is possible to draw
conclusions that are more specific than those that might reached from the information supplied by a
single, self-contained sensor. The present level of technology makes it possible to install a
substantial number of sensors [3], each of which may perform its own set of capabilities in a manner
that is entirely distinct from the others. Now accessible for deployment are sensors that equipped
with a diverse set of capabilities. These sensors might be as simple as microscopic objects or as
complex as radar networks.

A network of extremely tiny geo sensors spread out over a large area in the landscape to collect data
that might use for seismic assessments. This network ramified to get data. Most battlegrounds gave a
broad array of radars [4], guns, and armoured personal carriers, all which aid in finding contacts in
the air and on the ground. (Fig. 1).

Figure 1: Target detection in battlefield

The Generation and Evaluation of Composite Data Using Information Collected from Sensors
technical upgrades as well as innovative approaches to the processing of data. The fusion of novel
ideas for data fusion [5] has supported by recent advances in areas such as optimization, machine
learning, and soft computing, and the results have been encouraging. As a direct result of this, the
MSDF has reached an extremely elevated level of relevance, and the research community all over
the world is examining it in detail. As a direct result of this, the data fusion technique is gaining
increasing popularity for use in a broad range of robotics, civilian surveillance, and military systems.

In addition, throughout the course of a considerable number of years, MSDF has been of aid in
enhancing the monitoring of interactions. Continuous tracking of a contact is needed because it is
necessary to keep a record of a moving system. This is necessary in order to continuously record the
data from the sensors that are kept on board the system, capture the status of the system, which may
include position, velocity, acceleration, [6] and other state variables such as spectral components,
expected values of parameters such as temperature, pressure, and salinity and their correlations, and
device control strategies to combat the molecular motion. Monitoring a contact in a constant
manner. Target tracking is one of the topics that discussed in this piece of work. Target tracking is
the process of estimating the status of one or more objects over a period by utilising measurements
collected from one or more sources. This can be done for a single object or for multiple objects
simultaneously. One set of equations used to predict the state of the target [7], while the second set
of equations is used to correct the expected state based on observations from a variety of sensors. In
most situations, the algorithms for tracking the target are made up of two distinct sets of equations.
If there are several targets that need to be tracked, it is the responsibility of the tracking algorithm to
manage the data association operations as well.
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1.1 Evaluation and Monitoring of Progress

Estimation is the process of finding the value of a quantity of interest by drawing conclusions about
it from facts that are indirect, imperfect, and uncertain. This approach may traced all the way back to
the time of Laplace, when he was working on the so-called "Sunrise problem." [8] Laplace,
Legendre, and Gauss were the first people to investigate the difficulty of estimating the parameters
of planetary orbits.

Estimation methods are used to a great extent for statistical inference, tracking for the purpose of
deciding the position and velocity of a target, and control systems for the purpose of estimating the
state variables to control a plant in the presence of uncertainty. All these applications require a great
deal of data collection and analysis, which is conducted through the utilisation of estimation
methods. The use of estimate methods in statistical inference is among the most prominent uses of
these methods. Other common applications of estimation include system identification for the
purpose of determining the model parameters necessary for predicting the states, such as in the case
of weather forecasting; economic analysis for the purpose of market prediction; communication
theory for the purpose of determining the message that was received through a noisy corrupted
channel; and signal and image processing for the purpose of determining some parameters or
characteristics of an object. Estimation refers to the overarching principle, while tracking is a
particular use of that principle. Target tracking is the process of making educated guesses about the
whereabouts of one or more targets based on observations made over a period [9]. This procedure
may be carried either for a single item or for a large number of objects. The word "states” may be
used to refer to any information that was gleaned from an observation. This information can include
geometric statuses such as position and velocity, as well as spectrum components, average values,
and correlations, among other things. Two examples of unique issues linked with target tracking are
"measurement to track association”™ and "sensor registration.” [10] It is vital to take into
consideration the computational needs that come along with the distributed processing of target
tracks to discover solutions to these issues. There is a possibility that some of the objects include
targets on the ground, in the air, or in the sea, in addition to ships and aircrafts. Most of the methods
used for tracking targets may be grouped together under the heading of state estimation.

The process of tracking may be conducted by using the readings from a single sensor or from a large
number of sensors in concert with one another. When referring to a dynamic system, the word
"filtering" refers to the process of estimating the current state [11] of the system based on noisy data.
Computational algorithms often arrive at a best solution with reference to a set of criteria to get the
best possible result when processing measurements to produce an estimate of a variable of interest.
This is done to obtain the most correct result possible.

The repeated calculation of the probability that the state X occurs at any time k, given the
measurements Z, = z, up to time k, is represented in Eqn 1 as the Bayesian approach to solving the
generic tracking problem from a Bayesian perspective.

Zy ={zixJup totime k.i.e.P(Xy/Zr). (1)

The Kalman filter, which minimises the prediction error in the observation] is a well-known
example of a best estimator that has garnered broad notoriety because of its effectiveness. [12] The
fact that a best estimator makes the most effective use of the data at their disposal, in addition to
one's knowledge of the system and any disruptions, is the major advantage of using such an estimate
[13]. The disadvantage of this approach is that it is prone to mistakes in the modelling, and there is
also the risk that it will be computationally expensive.
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Academics have been devoting a significant amount of their attention, throughout the course of the
course of the last few years, to the problems of how best to integrate information that has been
collected from a range of sources to enhance the quality of decision-making. In this setting, the term
"decision making" can be understood in a broad sense, and it may be used to refer to both the
process of making judgments automatically as well as the process of making decisions by humans
based on the outputs of the fusion system. This is because the phrase "decision making" has a broad
sense in this setting. To undertake a literature review on the subjects that are relevant to this domain
and to encourage exploratory research in data fusion, it is essential to develop a clear definition for
the concept of data fusion.

Data fusion refers to the act of merging information or data from various sources for the purpose of
estimating or predicting the condition of an object [14]. The identity, qualities, movements, position,
and actions of an entity at a certain point in time in the past, in the present, or in the future may all
be referred to as that entity's state during that time. The data fusion model, which was developed in
1985 by the US Joint Directors of Laboratory (JDL) Data fusion group, is the method for finding
data fusion functions that has garnered the greatest amount of support from the scientific community
[15]. According to their explanation, data fusion is "A multi-level process dealing with the
association, correlation, and combination of data and information from, single and multiple sources
to achieve refined position, identity estimates, and complete and timely assessment of situations,
threat, and the significance of their relationship."

The fundamental emphasis of both Level 1 and Level 2 is placed on various methods of numerical
fusion that are based on probability theory. These levels are split down into the following categories:
The themes that are addressed in these levels include the building of a track, the identification or
estimation of information, and the integration of this information received from multiple sources.

They are concerned with both the direct fusing of sensor information (shown in Figure 2) and the
indirect fusing of estimates obtained from regional fusion centres (Fig. 3). When it comes to fusing
data, these levels supply a variety of obstacles, some of which include multi-target tracking, track-
to-track fusion, and distributed data fusion systems.
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Figure 3: Data Fusion Methods

The process of integrating data from several sensors is a challenging one, and some of the issues that
occur as a direct consequence are described in the paragraphs that follow [16].

This happens because of imprecision in the positioning of the sensors as well as ambiguity in the
measurements obtained by the sensors themselves. Both factors contribute to the issue. To properly
fuse the data, it is needed to manage the large variations in the data that are the consequence of the
restrictions showed above [17]. Only then can the fusing of the data be successful.

Outliers and misleading data may be traced back to the environment's inherent ambiguities and
inconsistencies, which are the fundamental cause of the problem [18]. The Bayesian modelling
approach may be used to find discrepancies in sensor data. This can help reduce the amount of
mistaken data that is produced because of the fusion process, which eventually leads to a more
correct estimate of the state variable that is desired.

Data that are in direct opposition to one another: The combining of facts that conflict with one
another has the potential to supply very deceptive results, when the system that combines the data
employs evidential belief reasoning, as it does in Dempster's rule of combination [19].

Data corruption due to the presence of associated noise: It is usual for some nodes in wireless sensor
networks to be exposed to external correlated noise. Therefore, the measurements that are acquired
from these nodes are likely to be mistaken. For such systems to function properly, the algorithms
that are used to combine the data must take into consideration the connections that exist between the
data.

Prior to beginning the fusion process, the first stage is called "data alignment,” which is also known
as "data registration."” This phase entails converting data from the local frame of a sensor into a
common frame. When radiographic and geometric modifications are made to frames that have been
received in a satellite image, for instance, here is an illustration of the kind of corrections that are
included in this category.

This problem often arises in multi-target tracking systems or while tracking single targets in
environments with a lot of clutter, both of which are common scenarios. The association problem
may be split down into two distinct categories: track-to-track association and measurement-to-track
connection. The former method finds from which target, if any, a measurement was collected, while
the later method concentrates on discriminating and combining many tracks [20].
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Both centralised and decentralised systems are used extensively throughout the data fusion
procedure. These are the two primary types of frameworks. Even though centralised systems are
more often preferred for surveillance in general, decentralised solutions are better suited for usage in
wireless sensor networks. This is the case because of the nature of the networks themselves. It is
necessary to have an elevated level of computer and data processing skills to perform centralised
introduction, development, and evaluation of multi sensor data fusion systems, but decentralised
systems may work effectively with a decreased ability for processing data if they are designed

properly.

It is possible that the data will be received in an order that is not consecutive because of the varying
operating frequencies of the sensors, as well as the asynchronous nature of the sensors themselves.
Because of this, it is essential to make use of a number of different time scales and to conduct
reliable resampling.

It is possible for the pre-processing of measurement data to take place either locally at each sensor
node or globally at the fusion centre. Either way, the pre-processing of measurement data
contributes to the compression of the data into data with smaller dimensions, with the understanding
that some data is lost in compression. By lowering the amount of communication bandwidth and
power that is needed for data transmission, this pre-processing helps to save money [20].

When compared to the data from a single sensor, the information obtained via the fusion of data
from many sensors offers several benefits. The fusing of data from many sensors does, in fact, give
these benefits, even though the process of data fusion requires a significant amount of processing
resources and that it entails a number of problems. The ease and low cost of installing a large
number of sensors is one of the things that inspired the development of MSDF. In addition to the
statistical benefits gained from a better estimate of a physical phenomenon achieved via the
accumulation of added independent observations, the use of a wide variety of sensors contributes to
an improvement in the observation's level of precision. This improvement can also be attributed to
the accumulation of added independent observations. Naturally, MSDF stands out as a technique
that must be considered in a substantial number of practical applications, which increases the desire
for added research and emphasises the significance of doing such research.

2. Related Work

The act of gathering observations of the world and drawing conclusions based on those observations
is what is meant by the term "sensor data fusion" in a more general sense [21]. The term "data
fusion" may be understood in a variety of ways, all of which can be discovered in the relevant
academic literature. According to the Joint Directors of Laboratories, "data fusion" is a "multi-level,
complex process managing the automated identification, association, correlation estimation, and
integration of data and information from many sources” (JDL). [22] This term is included in the
JDL's definition of data fusion, which you can find here. According to [23] who supplies a definition
that is more all-encompassing, data may originate from a sole source, or they can originate from a
number of diverse sources all at the same time. The authors of present a review and discussion of a
large number of potential data fusion definitions in [24] may be found online. The following
definition of information fusion was presented by [25] and it is as follows: "The study of efficient
ways for automatically or semi-automatically converting information from several sources and
different points in time into a representation that effectively supports human or automated decision
making" is what "the study of information fusion" refers to.

The JDL categorization system was designed for use in the armed forces. It is predicated on the
inputted data as well as the outputs that are produced by the system. The technique for fusion is split
down into four more general steps in the first version of the JDL model. These stages are referred to
as the object stage, the scenario stage, the impact stage, and the process refinement stage. The JDL
model has a number of drawbacks, including the fact that it is excessively restrictive and is
specifically tailored to the needs of military applications. Even though it has achieved a lot of
popularity, it still has a lot of these issues. As a direct consequence of this, a number of different
suggestions for enlargement [26] have been developed to alleviate them. Dasharatha’s framework
[27] was a different approach to the JDL model, which views the fusion system, from the
perspective of software engineering, as a data flow characterised by input/output as well as
functionality or processes. Dasarathy's framework was an alternative to the JDL model. The
Dasarathy model is a framework that was set up as a reaction to the JDL model.
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Another generalisation of fusion was presented by [28], and this one is based on the concept of
random sets as its foundation.

Because the inherent imperfection of the data is the most challenging problem that may occur with
data fusion systems, a significant amount of research effort has been focused on the development of
potential solutions to this issue. It is possible for a number of distinct mathematical theories, such as
the probability theory [29], to be used to express the imperfection of data. These conceptual
frameworks or scientific approaches reflect certain aspects of the flawed data. For instance,
uncertainty may be modelled as a probabilistic distribution; ambiguity of data can be modelled using
fuzzy set theory; and evidential belief theory can describe both uncertain data as well as ambiguous
data at the same time.

Since the dawn of time, anytime humans have needed to deal with any kind of flawed information,
they have resorted to probability theory. Fuzzy set theory and evidential reasoning are two
alternative methodologies that have been proposed in the literature to deal with perceived
restrictions in probabilistic approaches. These limits include, but are not limited to, complexity and
accuracy of models, to name just a few examples [30]. The following are some of the negatives,
however the list is not exhaustive: Together, the data fusion algorithm and its many different
iterations are working toward the same aim of developing an approach to the imperfection of the
data that is more comprehensive and all-encompassing.

Two examples of hybrid frameworks that have been constructed are fuzzy Rough Set theory and
fuzzy Dempster Shafer theory [31] respectively. As an alternate approach, the author of this
proposed work suggests using a probabilistic fusion technique in conjunction with fuzzy set theory.
As a result, we will now go on to conduct an in-depth analysis of the theoretical foundations
supporting both methods.

Table 1: Survey of Background Work

Framework Characteristics Capabilities

[32] Represents sensory Well established
data using probability approach to treat data
distributions fused uncertainty.
together within

Bayesian framework

[34] Relies on probability Enables  fusion  of
mass to characterize uncertain and
data using belief and ambiguous data

plausibility and fuses
uses Dempster’s
combination rule.

[35] Allows vague Intuitive approach to
representation using deal with vague data

fuzzy membership,
fusion based on fuzzy

rules

[36] Similar in data Handles incomplete
representation to data, common in poorly
probabilistic and informed environment.

evidential  framework
and fusion to fuzzy

framework.

[37] Deals with ambiguous Does not require any
data using classical set preliminary or
theory operators. additional information
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When checking targets with a probability of detection that is lower than one, connecting the data is a
fundamental need to account for the possibility of false alarms. To discover an answer to this problem, a
number of distinct algorithms have been developed. The SNF and the NNF are both basic ways that may
be used to solve this problem. You can choose any one of them. Among the measures that have been
checked, the signal that has been proven to have the highest strength is the one that is used for track
updating in the SNF. The other signals are disregarded as invalid. The measurement that is used in NNF
is the one that is determined to be the one that is closest to the one that was expected. As it comes to
tracking targets, these algorithms work very well in surroundings with little distractions; nevertheless,
when the number of false alarms increases or when dealing with low-observable items that are moving,
they start to fail. An alternative approach is the Probabilistic Data Association Filter, which is both highly
efficient at tracking a single target even when there is a lot of clutter present and quite correct in its results
(PDAF). Instead of using just one measurement out of the ones that were received and discarding the
others, the PDAF method uses all the confirmed measurements with varied weights. This is done rather
than selecting just one measurement to use out of the ones that were received. In contrast to this,
conventional methods only make use of a single measurement out of all the ones they get. In the statistical
technique known as Fuzzy Recursive Least Squares-Probabilistic Data Association, PDA is the part that
is used to generate the merged measurement (FRLS-PDA). After that, FRLS is used to make an
estimation of the current condition of the aim. This approach has been shown to be superior to both the
PDAF and the IMM-PDA filter. It is more difficult to correlate data together when there are humerous
targets since a measurement in and of itself may be confirmed by many tracks. This makes it more
difficult to decide which measurements are relevant. By analysing the measurement to check association
probabilities and combining the results to obtain the state estimate, the Joint Probabilistic Data
Association (JPDA) method may be used to track numerous targets. This may be achieved by assessing
the measurement to keep track of the association probabilities.

3.  Proposed Work

It presents an original concept known as membership in just portion of a collection. A fuzzy set denoted
by the notation FX that is defined using the generic gradual membership function _F (x) in the interval
[0,1] and written as _F (x) [0,1]. The higher the membership degree, the greater the amount of x's
affiliation with F. Fuzzy rules are used to integrate fuzzy data to generate fuzzy fusion output. Categories
for conjunctive and disjunctive relationships are included inside the fuzzy fusion rules. The standard
intersection and product of two fuzzy sets are both examples of the conjunctive category. These examples
are provided by Equations 2 and 3, respectively.

pi () =m  [pp (e (X)]Vx @)
Uz (X) = Up () pp2 (X)VX € X 3)

Examples of disjunctive fusion category are standard union and algebraic sum of two fuzzy sets given by Eq. 4
and Eq. 5 respectively.

prx) =m [up(up()IvxeXx  (4)
pz'(x) = up(x) + pp2(X) = pp1 () - upz(X)Vx € X (5)

The use of conjunctive fuzzy rules is seen as being acceptable for the process of fusing data that was obtained
from sources that were both equally dependable and homogenous. Disjunctive fusion rules are used on the other
hand when combining data that is extremely contradictory or when one of the sources is considered credible
even though it is unknown which of the sources is reliable. In addition to this, there are certain fuzzy fusion rules
that were designed as a middle ground between the two groups. In a manner like that of probability theory,
which requires previous knowledge of probability distributions, fuzzy set theory necessitates prior knowledge of
membership functions for various fuzzy sets. Experts in linguist data that was provided by humans may be
linked with probabilistic get better outcomes if fuzzy set theory is used. This is because fuzzy set theory is a
strong tool that can represent imprecise data.

The Shannon information (entropy) H p (x), which relates to a probability distribution P(x), is calculated based
on the random variable x
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H,(x) B —E{log P(x)} (6)
For continuous distribution, H, (x) = —f . P(x)log P(x)dx
For discrete distribution, H,(x) = =Y exP(x)log P(x)
Fisher information is defined as second derivative of log likelihood.
d2
J(x) = <log P(x) ™

When dealing with estimation problems that include several sensors, the IF performs much better than the
more conventional KF. It was said that the information that was produced from each given sensor might
be found in the following, in the form of kik and its co-variance: As demonstrated by Equations 7 and 8,
respectively, it is feasible to add kik to the information state as well as the information matrix. The
information that is acquired from the different sensors is integrated in a linear way to decide the update
estimate of the information state and the information matrix, as showed in equations 8 and 9. This is the
consequence of extending the principles to a large number of sensors.

Yiik = Vrik-1+ k=1 i 8
Yk = Yigi—1 + b1 I 9)

where, N refers to the number of sensors. Finally, the estimated state of the target is given by
X = Yy (10)

The X/, estimated value may be compared to the estimate in the case of PDA, which uses the EKF
for the purpose of fusing the inputs from a number of different sensors. In the case of PDA, an
estimate cannot be generated by just adding together the contributions provided by each sensor to
obtain a cumulative total. The estimate is obtained from a weighted aggregate of the contributions
made by each individual sensor in the form of innovations rather than directly from the sensors
themselves (where the weights are likelihood functions). In KF-based fusion, the input from each
sensor is not associated, but the innovations that were made by the sensors are correlated. Because
the IF combines the data bought from a variety of various sensors, the filter in question is referred to
as an information fusion filter. This moniker came about because the IF integrates the data.

At the event that all the information is made available to the sensor suites, the fusion may be
conducted in a single centralised location, or it may be conducted independently by each of the
sensor suites. Because of this, the IFF can execute a decentralised fusion algorithm.

As was said previously, the information measurements that are derived by each sensor are broadcast
to all the other sensors to allow for an estimate to be produced on the state of the target. During a
normal BOT problem, the information that different sensor suites that are in various locations buy
from the bearing observation is often exchanged across those sensor suites. The measurement that is
used in Equation 10 is represented as a vector with a single dimension. In a typical scenario, there
would be four different fixed sensor suites, each of which would be situated in a different area
geographically speaking, and they would all be tracking the same moving target (Fig. 4). Each
sensor will only get the bearing update, which is represented by the symbol X, . that is pertinent to
its location at any given time k. It is believed that the sensors are associated with unique differences
in the measurements that they provide
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Figure 4: Target Detection

The simulations that are presented below for the situation that is depicted in Figure 4 demonstrate
the fusion of measurements from multiple sensors. These simulations also give interesting leads
regarding the dependence on initial assumptions on target positions, errors in plant and
measurement, to obtain sustained tracking by utilizing the IFF.

We will assume that the target state X at time k, denoted by XKk, is a four-dimensional vector that
represents the x and y positions of the target as well as the velocities in both the x and y directions.
The definition of the state vector at any given time k is as follows:

Xy = [xk»}’k»vxk» vyk] (11)
where, xy, Yk, Uxk, Vyx are the x position, y position, x velocity, y velocity respectively at time k. It
is assumed that the target follows a CV model, and the state evolves in time according to

X = Ag—1Xp—1 + Gwy (12)
G is defined as shown below:

G=[T?/200T?/2T00T] (13)
where T is the duration between samples. The readings of the bearing angle at any given time k are
represented by the equation Z ki, where i=1,23 and 4 refer to the four sensors. According to the non-
linear observation model established in earlier proposed works, the sensors perform their
observations of the target in accordance with the formula Z k=h (k, X k) +v k. The covariance of the
measurement error, denoted by R, as well as the covariance of the plant, denoted by Q, are shown in
the following table.

R = E[v(l)yv (k)] (14)
Q = E[{Gw()}{Gw(k)}] (15)

4. Experimental Results and Analysis

The situation that is being analysed is the same as the one in Case 1, with the exception that it is
assumed that the starting state of the target (for all sensors) is [7700 m, 9700 m, 4.9 m, 2.9 m], which
is a less ideal starting state than the one that was assumed in Case 1. The situation that is being
analysed is the same as the one in Case 1. The actual and estimated track of the target, as well as the
mean squared error (MSE) in both the location estimate and the velocity estimate, are displayed in
Fig. after the filter was run for 850 iterations. Additionally, the mean squared error (MSE) in both the
location estimate and the velocity estimate is shown.
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In this case, the same thing that was seen in Casel was observed: the filter was proved to follow the
target for a time, but it finally started to display a predisposition to diverge from the target. This was
the same thing that was seen in Casel. It is plainly clear, as shown by the scenario diagram in Fig. 3.

100

300

Figure 5: Example of simulation

It manages the problem of information filter divergence, which arises while trying to track an object
based merely on its bearing. The FIFF that has been described in this proposed work has been proved
to enable effective control over the divergence problem. This is conducted by altering the standard
deviation of the measurement error, which is denoted by the letter R. Even though the measurement
variance has an impact on the total length of time it takes, both the position estimate and the velocity
estimate have a propensity to converge. This is the case even though both estimates tend to converge.
This proposed work presents a comparison between the IFF that was reported in the literature and the
FIFF that was suggested in this proposed work. The results of the comparison are described in this
proposed work. During the comparison, the actual track and the anticipated track, as well as the mean
squared error in the location of the track, and the velocity in both the x and y directions, are taken
into consideration.

The study also shows that the FIFF has a stronger tracking capability than the FIF, illustrating the
advantages of using many sensors to check a target.

Table 2: Parameters and the distance captured

Parameter Distances (in cm)
Correct Distance
(TMD) 10.00 80.00 | 290.00 | 300.00 | 400.00
US Sensor reading 10.23 77.86 | 284.00 | 293.90 | 392.20
The output of the TriMF | 808 | 77.47 | 290.76 | 300.96 | 400.47
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neuro-fuzzy system Trap MF 9.61 79.30 290.13 | 300.23 | 399.84

based on
GO | 957 | 7932 | 290.09 | 30020 | 39977
Gauss2 | 960 | 7929 | 29009 | 300.17 | 39975
o9 | 927 | 791 | 29009 | 30025 | 399.87

Pi MF 9.27 79.11 290.09 | 300.25 399.87

dSig MF 9.13 79.01 290.18 | 300.29 | 400.05

After 650 iterations, the mean square error in the estimate decreases from 140 metres to 50 metres,
which leads to better tracking in comparison to Case 3. When compared to Case 3, it is possible to
draw the conclusion that the MSE in position estimation decreases to a greater degree when the
Information Fusion Filter is used in target tracking Development and Evaluation of Multi sensor Data
Fusion sensors that have significantly larger measurement variances. In IFF, it has been discovered
that when R has a value that is quite high, the MSE in estimating decreases significantly before the
filter starts to diverge for the same first estimate as when R has a value that is exceptionally low. This
occurs for the same reason that when R has a value that is exceptionally low, the filter starts to
diverge. In contrast to this, when R has a value that is exceedingly low, this outcome occurs. When
compared to exceptionally low values of R, it is seen that when R is quite big (Case 4), the filter
requires a longer amount of time to reach its minimal MSE value. This contrasts with when R is
relatively small, which only requires a short amount of time for the filter to reach its minimal MSE
value (Case 3). An added point to keep in mind is that an information filter is still capable of
following a target even if it does not have a particularly good first estimate; nevertheless, the mean
squared error (MSE) in position estimation will not be as low as it is when there is a relatively
accurate estimate. Research has been done into the influence of R and the assumption of starting state
X on the performance of the information fusion filter. This research was done for each scenario that
was analysed for the purpose of this proposed work. The value of Q was assumed to be somewhat
low in each of these scenarios.

The MSE in tracking may be reduced to some degree, albeit not entirely, by the process of fine-
tuning the state process error covariance matrix, Q. This procedure, however, will not cut the MSE
entirely. The information filter is not too sensitive to changes in Q that are just marginally significant.
The filter will only be sensitive to Q in the case that the procedure has been misrepresented in some
way. The literature does not concentrate on the divergence of information filters even though a large
number of researchers have investigated the divergence of the EKF. The tendency of the filter to
diverge after the error has been reduced to a low value is a topic that needs more investigation.
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Figure 6: range of the object detected

The following values were used for the parameters of the input membership functions mfl, mf2, and
mf3 in the system that was based on the D-Sigmoidal membership function: [0.07986 -80.43 0.05998
107.7], [0.04181 107.7 0.1021 295.8], and [0.1051 295.8 0.07995 483.9]. [1.027 -1.428], [1.015
1.854], and [1.015 2.142] were the values that were used for the parameters of the output
membership functions mfl, mf2, and mf3, respectively. It is essential to take notice that the
calculated range of input MF using the MATLAB® toolbox is found to be [9, 400], and the kind of
MF that is produced is linear. This information is very crucial. This is something that must be
considered, so keep that in mind. Table 6.4 displays the findings of an investigation of the efficiency
of the different forms of membership function, which was conducted. The neuro-fuzzy system that is
based on Gaussian MF yields 79.32 c¢cm, even though the real distance value (TMD) is 80 cm. In
contrast to this, the reading that was obtained from the sensor found in the United States was 77.86
cm. After doing research on the whole dataset, it was found that the Gaussian membership function
delivers the lowest RMSE when compared to the other membership functions. This was decided
because of the study that was conducted. The proper distance for this collection of data varied from
10 centimetres to 400 centimetres.
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Figure 7: Range of The Input Detected
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Figure 7 is a visual representation of the Homogenous Ranking Factor tolerance, and it also supplies
information on the data dependability score in relation to the distance that separates the fusion node
from the sink. Figure 7 illustrates that despite a rise in the value of the Immediacy Factor (IF), the
Homogenous Ranking Factor tolerance is best for curves with CPF=3000 and TX=30m when
compared to curves with CPF=6000 and TX=60m. This is the case even though the value of the
Immediacy Factor (IF) has increased. This is since curves whose CPF values are 3000 and whose TX
values are 30 metres have a lower value of the Immediacy Factor (IF) than curves whose CPF values
are 6000 and whose TX values are 30 metres. The fact that the IF values are climbing to greater
levels does not change the reality that this is still the case. It would seem from the occurrence of this
event that PEE-DF is using an optimization strategy that is more effective than others.

It is possible to see that the heterogeneous ranking factor reaches its maximum value simultaneously
with the expansion in the total number of nodes when the number of fusion nodes is increased from
30 to 40 and then to 50. This can be seen when the number of fusion nodes is increased from 30 to
50. In both cases, this is the situation. This is clear from the remark that was made before the one that
is being considered here. Therefore, it is a plausible argument to suggest that the possibility of unique
incoming data being indexed grows in proportion to the number of heterogeneous ranking
components that are already present in the system. This is something that may be described as "the
possibility of one-of-a-kind incoming data being indexed”.

200

300

400

0 00 200 300 400 500 600

Figure 8: grey scale images

According to Fig. 8, the performance of the suggested algorithm resulted in an increase in the
percentage accuracy of the ultrasonic sensor from 97% to 99%. In Figure 8, the labels US1, US2,
US3, and US4 correspond to the percentage of accuracy of the sensors with respect to TMD. On the
other hand, the labels FIS1, FIS2, FIS3, and FIS4 correspond to the percentage of accuracy of the
output of a neuro-fuzzy system based on a Gaussian membership function with respect to TMD in
three different experiment trials.

According to the TMD and SMD data that was gathered from a total of four sensor modules (S1, S2,
S3, and S4) over a total of four separate trials (T1, T2, T3 and T4) To begin validating the
importance of the suggested neuro-fuzzy model, linear regression and non-linear regression models
were originally created and tested. A parametric model with one or more coefficients is required for
the regression process that is based on the Ordinary Least Square (OLS) approach. This model must
tie the TMD to the SMD and the output of ANFIS (which is related to the SMD). The technique of
least squares looks to find the estimated coefficients of variables by minimising the sum of the
squares of the residuals.
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Fig 10: Iteration 2 Segmented Region

The benefit of using such a model is that it produces less errors (in comparison to conventional
regression models) and reduces the amount of unnecessary processing (in contrast to a neuro-fuzzy
system), in addition to being simpler to put into practise.

The correct distance was 80 cm. Both the linear and non-linear regression expressions, which are
constructed based on the neuro-fuzzy system (Eqn. 10, Eqn 11), have the potential to offer a 98 value
of 79.39 cm and 79.32 c¢m, respectively. It is important to note that the performance of the neuro-
fuzzy system and regression based on the neuro-fuzzy systems was much better than that of the
traditional regression models at the greater distance values. This is something that can be seen. The
results of the algorithm were compared to those obtained by an ultrasonic rangefinder model CP-
3007 that is available for purchase.
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Figure 11: Detection of Targets at Each Stage of Processing

The accuracy of the sensor is going to be improved over its whole measurement range because of the
work that is going to be done. The percentage of accuracy of the sensor, denoted by US, was found to
be 97.14 percent, while the output of the neuro-fuzzy, denoted by G MF, was found to be 99.42
percent. The regression model (LR G) yielded an accuracy percentage of 98.93% when it was applied
to the data. When performing a reading on the sensor's full scale, it is possible to see that the
suggested approach results in an accuracy that is 2% more precise than the earlier one (i.e., from 2
cm to 4 m). The greater measuring range of the sensor is mostly affected by the 2% gain in precision
that has been achieved. To confirm the same, three independent boxplots were constructed at the
proper distance (TMD) of 10, 200, and 400 cm. The minimum error was found at 10 cm, while the
moderate error was found at 200 cm, and the maximum error was found at 400 cm (max. error)
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Figure 1: Detected target from radar images

The mobile robot was stationed up against an obstacle in the form of a concrete wall and was given
permission to move for every 10 centimetres over the whole of the sensor's measuring range. Figure
presents an analysis of the suggested method's absolute error in comparison to the correct distance
(TMD). The proposed approach is based on a regression model, a Gaussian-based neuro-fuzzy
system, and the data from a commercial range finder. The terms “error of ultrasonic sensor,” "output
of corresponding Gaussian-based neuro-fuzzy system," "output for linear/non-linear regression
models based on neuro-fuzzy system," and "output from the commercial sensor based on ultrasonic
sensor" are referred to by the abbreviations "US," "G MF," "LR(G)," and "NLR(G)," respectively.

The root means square error (RMSE) of the SMD compared to the TMD, the outputs of the Gaussian
system, linear regression, non-linear regression, and the commercial sensors were, respectively, 6.45
centimetres, 0.89 centimetres, 1.77 centimetres, 1.72 centimetres, and 1.03 centimetres.

5. Conclusion

The purpose of this proposed work was to create and evaluate multi-sensor data fusion algorithms for
bearing-only target tracking, and those methods are presented here (BOT problem). The research
community has created a number of methods for fusing data from numerous sensors, and they are all
based on the EKF algorithm or one of its modifications. These methods have been used to investigate
a range of questions, including Both the PDAF algorithm and the variance-based fusion algorithm are
examples of practical applications of computational techniques that are often put into action. The
variance-based fusion approach was examined in this body of work, and it started with the proposed
work that the availability of states predicted by independent EKF, in addition to its variance for each
sensor suite, was a given. This supposition was evaluated using the variance-based fusion method.
After that, the variance-based fusion technique was used so that the states of the target that were
being checked and evaluated could be combined. To do this, it was necessary to take a number of
different situations into consideration, each of which began with a unique set of assumptions and had
varying degrees of measurement inaccuracy. The mean squared error in the position estimate of the
target was another measure that was used in assessing the performance of MSDF. It was inferred that
sensors with strong first assumptions of states create excellent predictions of the target state. This
conclusion was reached based on the results of variance-based fusion tracking. While it was also saw
that the fused estimate was always better than the poor estimates, it was discovered that the fused
estimate was not as excellent as the best estimate that could be derived from the combination of all
the inputs that were considered for the fusion. This discovery was made even though it was seen that
the fused estimate was always better than the poor estimates. The results of the simulation tests have
shown that the use of variance-based fusion in target tracking is an approach that is successful.
Although fusion was used, it was intriguing to see that first estimates were insufficient, and
measurement variances were exceptionally large, which often resulted in the ultimate loss of track.
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Because of this, a more in-depth investigation of the topic of divergence was conducted later while
writing my proposed work.

The PDAF approach of fusing data to generate the track has showed excellent performance in a
number of different simulation environments. However, each one of these algorithms had to work
around the problem of divergence to function properly. According to the study that has been done so
far, divergence is one of the most significant characteristics that plays a role in deciding success in all
BOT competitions.

The effective algorithm known as the filter for the merging of information, IFF, which is a casting of
EKF, is based on a decentralised approach that fuses the information that is acquired from a variety
of sensors. This method is a casting of EKF. The information matrix is what is used to extract the
states from the information that has been combined. The author of this proposed work made the
decision to study how effectively IFF functioned in a variety of different target tracking settings,
even though IFF is amazingly simple to compute. In a common configuration, there may be four
unigue sensors that are kept at great geographical distance from one another and that collaborate with
one another to detect the movement of the thing that is being followed.

It was concluded that IFF was a beneficial alternative to EKF-based fusion filters in target tracking
after looking at a number of different situations with changing values of Q, R, and beginning estimate
X. This conclusion was reached after looking at a variety of different scenarios. On the other hand,
IFF tends to go in different directions.
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