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ABSTRACT

During the World War I Il over fifty countries in the world today have been inherited a legacy of anti-
personnel landmines and unexploded ordnance (UXO) which represents a major threat to lives, and
hinders reconstruction and development efforts. Landmines have specific properties that make it harder to
detect .Therefore; these properties lead landmine detectors to become more complex. Many examples can
be found to address the increasing complexity of Landmines detection; unfortunately, these new techniques
are high of cost and need experts to deal with it. Many developing countries face financial difficulties to get
advanced technologies for detection landmines such as Robotic systems, this due to their high cost, use and
maintenance difficulties which makes them unaffordable to these countries. The safety of operators,
transportability, ease of maintenance and operation are the most factors that must take into consideration
to improve the applicability and effectiveness of landmines tracking systems.The aim of the study is to
proposed architecture of Intelligent Wireless Landmines Tracking System (IWLTS) with new decision
model based on fuzzy logic.To find an affordable, light and easy to use alternative which meet users’ needs
to protect and warn them from the risk of landmines during practice their lives, we suggested the design
and development of Fuzzy Inference Model for IWLTS using Smart Phone.Fuzzy model require three step
which are definitions of Linguistic Variable and fuzzy sets, determine fuzzy rules and the process of Fuzzy
Inference.Designed Fuzzy Inference Model gives both: Landmine risk value in percentage and alert to
avoid that risk.

KEYWORDS: Fuzzy logic, Membership Function, Fuzzy Rule, Fuzzy Inference System, Matlab,
Landmines, Risk Assessment

1. Introduction

One of the biggest problems that faced many countries and affects civilians and soldiers
throughout the world in recent years is landmines. There are a lot of countries around the world
suffer from the problem of mines, unfortunately there is no official report to detect the number of
mines planted in the world, but it is estimated by the United Nations to be at least 100 million
land mines may to be currently active in the world [1].Millions of people who live in slums where
there are few other sources of income depend on the careers related to animal agriculture. Thus,
these people are threatened by many of dangers during their life. Children often work in
agriculture and grazing sheep to help their families under difficult conditions which creates
serious problems and may put them at risk of landmines. Even in places where wars happened
long ago, people can still be exposed to threats from landmines.
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The idea behind this paper is to merge artificial intelligence techniques with smart phones for
assess risks associated with landmines, furthermore , to find a low cost alternative to protect and
warn people from the risk of landmines during practicing their life.

Probability models have become the fundamental basis in risk quantification and assessment.
However, they may not be able to describe some risks in a meaningful and practical way, because
they were based upon classical set theory. There are another models might do a better job in
understanding and assessing certain risks such as artificial neural and Bayesian networks ,fuzzy
logic, and hidden Markov and decision tree models [2].

In the following section (2), we presented the fuzzy logic and the philosophical ideas behind it.
Section (3) presented Related Work on the usage of fuzzy logic in Mine clearance while Section
(4) presented an overview of Background of the study. Section (5), the proposed of fuzzy
inference model of IWLTS system was presented. Section (6) the fuzzy inference model of
IWLTS system has been tested .Finally, Section (7) presented the conclusions and the features
expected from the model.

2. Fuzzy LoGIC

Fuzzy logic can be defined is a form of many-valued logic which deals with reasoning that is
approximate rather than fixed and exact. Fuzzy logic variables may have a truth value that ranges
in degree between 0 and 1, compared to traditional binary sets (where variables may take on true
or false values).

2.1  Fundamental Concepts of Fuzzy Logic

In 1965, Lotfi A. Zadeh described a Fuzzy logic as a form or system of logic based on set theory
of fuzzy sets [3] [4] [5] [6], who later developed many of the methods of fuzzy logic based on
this simple theory, thus establishing the foundation of a comprehensive and mathematically sound
logic of imprecisely or ambiguously defined sets.

2.2 Fuzzy sets and membership functions

Fuzzy set has been defined as a set with fuzzy boundaries whose elements have a degree of
membership [7]. It has an infinite range of truth values which can be anywhere in the range from
0 to 1, normally it is called the degree of membership.

In classical set theory, the membership function f4(x): can only take the values O and 1:

fax):x - 1,0, (1)

Where
1,ifx 3 A4
fa(x) ‘{ 0,if xA4 °

While in the fuzzy theory, fuzzy set A of universe X is defined by function uA(x) called the

membership function of set A.

pA(x) x - [0,1]. (2)
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UA(x) = 1, if x is an element of the set A.
UA(x)= 0, if x is not an element of the set A.
Where A is a fuzzy set and x is an element of fuzzy set A.

3. RELATED WORK.

The techniques of risk analysis are most important tools that used to support people for decision
making in emergency operations. Several risk analysis techniques currently are used to evaluate
and estimate risk, which can be classified into categories as shown in table 1.

Table 1 Fuzzy risk analysis applications

Research
area

Description

Reference
S

E-
commerce

This paper describes how to use a fuzzy decision support system
(FDSS) to assess a risk in e-commerce (EC).

(8]

Project
Management

This paper presents a new approach called a fuzzy adaptive
decision making model for selection of balanced risk among the
contracting parties using the fuzzy logic.

[9]

Risk
management

These papers describe a new approach for designing and
developing a novel risk assessment model considering human
factor using fuzzy logic where the Lab VIEW program have been
used to develop the risk assessment interface.

[10],[11]

This paper presents the new developed fuzzy QRAM model, to
reduce occupational safety risks which was designed based on
chemistry and engineering , biomechanical data and laws of
physics

[12]

proposes the application of Mamdani type fuzzy inference in
modelling the risk of service interruption as one of the criteria
used in distribution network planning

[13]

Presents the lightning risk assessment based on fuzzy mathematics
by three aspects of hazard, exposure and vulnerability of hazard
bearing body.

[14]

In this paper, the fuzzy logic is used to propose a new approach
which aims in risk classification of coronary artery heart disease
in female diabetic patients.

[15]

Describes the risk classification of diabetic nephropathy using
fuzzy logic.

[16]

In this paper, fuzzy inference systems (FISs) have been used to
proposes a new method for the probabilistic risk assessment of
rotor angle instability in power systems

[17]

This paper presents a monitoring system that is used to assess the
current risk level during sport activity based on personal
parameters.

[18]

The latest developments in Artificial Intelligence Technologies as well as the widespread usage
of sensors have led to the recent prevalence of new techniques for mines detection. There are
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several hybrids technologies that have been designed and developed for detecting mines [19].
One of these technologies is Fuzzy logic which has been used by many researchers in detecting
mines. Progress in application of the fuzzy logic technique led to improve in devices in several
fields of science including detecting mines. Because it provides a rich set of mathematical tools, it
can help to detect risks of landmines as early as possible in an uncertain environment.

Alshbatat, A. I. N. [20] presented a new approach for detection of land Mines based on fuzzy
logic (Autonomous Robot).He has designed and developed intelligent controller which could be
used to enable and control the robot to detect mines based on fuzzy rules as shown in Figure
1.The system consists of four subsystems which aims to generate a weighting factor that
represents the degree of robot orientation where are then attached to the engine (defuzzifier) for
the purpose of creating the fuzzy values to steer the robot to the desired location.

Gader et al [21], [22] proposed a variety of algorithms (a gradient-based method for landmine
detection) to recognize the hyperbola-like curves in a GPR image from a landmine. These
algorithms used a fuzzy set approach to aggregate information from a variety of information
sources generated from novel ground penetrating radar. The first approach gives an answer with
regard to the various detection errors of the system and returns high precision result only if the
MCA (multi channel amplifier) energy calibration error is limited, while the second approach
overrides this limit.
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Figure 1 Structure of the proposed fuzzy controller [9]
4. BACKGROUND OF THE STUDY

During recent years, the application of Fuzzy Set Theory concept has been demonstrated in
various fields worldwide [23] including assessment the risks associated with landmines. It is
applied in detection and monitoring landmines using robot and radar.

The need to plan for ways to reduce harm and to develop new technical for tracking landmines
with flexible mobile platforms is an urgent. In order to reduce injuries resulting from landmines,
it is necessary for us to detect potential risks in advance. One of the main reasons behind this
development is to reduce of the risk mine. In our study, we use Fuzzy logic with mobile phone to
assess risks associated with landmines in case get closer the areas affected by landmines.
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S. DESCRIPTION OF THE PROPOSED FuzzY IWLTS INFERENCE MODEL

It is generally known that usage fuzzy inference models are very important in applications,
especially if information is uncertain and imprecise. They have been successfully applied in fields
such as robotics, medicine, control, modeling, and so forth. In this section, a detailed description
of the IWLTS Fuzzy system Model is presented.

Mamdani-type [24], Sugeno-type [25], [26] and Tsukamoto-type [27] are three types of fuzzy
inference systems in wide use; the most commonly used fuzzy inference technique is the so-
called Mamdani method. It was proposed in 1975 by EbrahimMamdani [28]. All these methods
are similar except the way outputs are determined. In light of all of this, we decided to use first
the Mamdani Fuzzy model and then use the Sugeno Fuzzy model to make sure the result in our
model based fuzzy logic.

The Fuzzy IWLTS Inference Model involves two (2) inputs which were carefully selected from
the expert and useful articles from the Internet. In this study the Fuzzy IWLTS Inference Model is
a fuzzy inference system that uses a fuzzy partition of input from smart phone represented in two
linguistic variables (signal strength and position of user), while the output of this model is the
assessment of the risk levels (Risk).

To develop fuzzy model, we should follow the following steps:

5.1 Definitions of Linguistic Variable and fuzzy sets

Definition 1: Basic fuzzy linguistic variable

A fuzzy linguistic variable is a 4-tuple (X, 7, M, A), 3)

Where:
X is the name of fuzzy linguistic variable.

In the fuzzy theory, fuzzy set A of universe X is defined by function uA(x) called the membership
function of set A.

pA(X): X - [0 1] €]

1,if x is totaly in A
UA(x)= 0,if x isnotin A
€ (0,1),if x is partialy in A
(5)

T term set of linguistic values (fuzzy variables).

M is the mapping.
A 1s the universe of discourse.

Definition 2:

Extend fuzzy linguistic variable Extend fuzzy linguistic is 5-tuple O= (ca, CF, R, F, A),(6)
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Where:

ca is a concept on the abstract level (Signal-Quality, Position, Risk).

X is the corresponding element of ca in definition.

CF is the set of fuzzy concepts which describes all values of ca.

T is the corresponding element of CF in definition 1 (Poor, Average, Excellent).
R is the fuzzy relation between concepts in CF.

F is the set of membership functions at A.

A has same interpretations as defined in definition 1.

To define membership functions for converting the crisp set into fuzzy set, we have used
Triangular and trapezoidal membership functions in our proposed model. MATLAB is a high-
level language and interactive environment with a collection of functions called Matlab toolbox
that enable user to analyze data, develop algorithms, and create models and applications [29]
[30]. In our study, all rules and fuzzy set have been developed using Matlab with the Fuzzy Logic
toolbox.

For our problem there are two variables (inputs) determine the degree of danger and one output
(Risk) of landmines. The first input is wireless network (Signal Strength) that coming from the
cell towers, second input is (position ) of user that coming from GPS .These input variables are
usually measured by mobile phone's sensors

Signal Strength: Checking a state of GSM signal is very important for INLTS system. Landing
for GSM Signal level would be caused in stopping the system and posing a real threat for user's
life. Therefore, IWES system monitors regularly the dynamics of the strength level change of
GSM Signal to avoid these risks. Usually the Signal strength ranges from -113 dBm (poor) to -
50 dBm (Excellent).

The variable of Signal-strength can be defined as:

Or;(Signal-Strength) = (ca = Signal- Strength, CF = {Poor, Average, Excellent}, R = {Poor <
Average < Excellent}, F= {FPoor(X)a FAverage (X), FExcellem(X)}a A= ['507 -1 13]) (7)

Next table 2 presents the fuzzy sets of the Signal-Strength variable, while figure (2) shows the
membership functions.

Table 2: Fuzzy set of input variable for Signal-Strength

Linguistic Variable Interval (dBm)
Poor {-113, -113, 99, -92}
Average {-106, -85, -64}
Excellent {-78, -64, -50, -50}
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Figure 2: Membership functions for Input Variable Signal-Strength

Location: This variable is obtained by using the Global Positioning System (GPS) and
positioning technologies that utilized in cellular networks using a GSM cellular network. The
location will be used to calculate the distance between the user and the areas-landmines affected.

The variable of Location can be defined as:
Op(Location) = (ca = Location, CF = {Inside, Beside, Far-away}, R = {Inside < near-side < Far-
away}7 F= {Flnside (X), FBeside (X)7 FFar—away (X)}7 A= [07 200]) (8)

The fuzzy sets of the Location variable are given in Table 3, while the membership functions are
shown in Figure 3.

Table 3 Fuzzy set of input variable for Location.

Linguistic Variable Interval (Meter)
Inside {0, 0, 25, 45}
Beside {30, 50, 70}
Far-away {55, 75, 100, 100}
Iﬁshde I I I Ehes:n::e . . I Farvavlzay

n

Figure 3 Membership functions for Input Variable Location

Risk: Risk is considered as the output of the fuzzy model. The ranges of the risk of landmines can
be determined by expert judgments (Deminers).In other words, we can ask the expert to give
numbers between 0 and 1 per cent that represent the safe distance between the user and the areas-
landmines affected.
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The variable of Risk can be defined as:

Og;3(Risk) = (ca = Risk, CF = {Very-Low, Low, Moderate, High, Very-High}, R = {Very-Low <
Low = Moderate = ngh < Very'High}’ F= {FVery—Low (X)’ FLow (X), FModerate(X)a FHigh (X), FVery—High
(x)}, A=[0, 1]). )]

The fuzzy sets of the Risk variable are given in Table 4, while the membership functions are
shown in Figure 4.

Table 4: Fuzzy set of out variable for Risk

Linguistic Variable Interval
Very-Low {0, 0, 0.15,0.25}
Low {0.102, 0.252, 0.402}
Moderate {0.25, 0.5, 0.75}
High {0.6, 0.75, 0.9}
Very-High {0.75,0.85, 1, 1}
Very'L;:lw I Loy ' I h'll:ldcl.-rate I I High ' ‘w.-’elr:,rHigh

[=]
|

1 1 1 1 = 1 1
n e n = e
U.a LU, U

=]

- n 0 A 0 s
0.1 0.2 0.3 0.4 0.

=]
=]
-

Figure 4 Membership functions for output Variable Risk

5.2 Determine fuzzy rules

Fuzzy rule and fuzzy reasoning are the most important modeling tool based on fuzzy set theory
where are considered the backbone of fuzzy inference systems [31]. We built the following fuzzy
rules that constitute the basis of the IWLTS Fuzzy System according to Mamdani models.The
following Figure presents fuzzy rules that constitute the basis of the IWLTS System.

B Rule Editor: Mamdani_WILTS_Fuzzy_ Model . E=REERTSC

File Edit View Options

. If (Location is Beside) then (Risk is Moderate) (1)

. If (Location iz Inside) then (Risk is WenyHigh) (1)

. If (Signal-Strength is Excellent) and (Location is Far-away) then (Risk is VeryLow) (1}
If (Signal-Strength is Average) and (Location is Far-away) then (Rigk is Low) (1)

If (Signal-Strength is Poor) then (Risk is WeryHigh) (1)

If (Signal-Strength is Excellent) and (Location is Beside) then (Risk is Moderate) (1)
If (Signal-Strength is Average) and (Location is Beside) then (Risk is High) (1)

If (Signal-Strength is Poor) and (Location is Beside) then (Risk is WeryHigh) (1)

10. If (Signal-Strength iz Poor) and (Location iz Inside) then (Risk is VeryHigh) (1}

11. If (Signal-Strength is Average) and (Location is Inzide) then (Risk is WeryHigh) (1)
12. If (Signal-Strength is Excellent) and (Location is Inside) then (Risk is VeryHigh) (1)

D W

Figure 5: Fuzzy Rule of the IWLTS Fuzzy system Model
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5.3 The process of Fuzzy Inference

The basic structure of The Fuzzy IWLTS Inference Model consists of three conceptual
components as shown in figure 6: (1) Fuzzy input, output variables and their fuzzy values; (2) a
rule base, which contains a selection of fuzzy rules; (3) fuzzy inference methods (Fuzzification,
Defuzzification).In our model, all these steps have been performed using Matlab Toolbox.

Ruleevaluation

Fuzzifier

Aggregation  Defuzzfication

> —{ Risk l

Figure 6 Fuzzy Inference for the IWLTS Fuzzy system Model
a) Fuzzification.

Fuzzification is the first step in the fuzzy inference process where the standard (ordinary inputs)
are transformed into fuzzy inputs , so that each ordinary (crisp) input has its own group of
membership functions or sets to which they are transformed.

We, supposed that we have two inputs, the first input (Signal strength =- 95 dBm) and the second
input (Location = 50 M). In this case, we rated the Signal strength has an -95, which, given
graphical definition of poor, corresponds to p = 0.4 for the Average membership function as in
Figure 7.

Poor Avwerage Excellent

Figure 7:Fuzzifying of input variable “Signal strength”

In the same way, we rated the Location has 50, which, given graphical definition of beside,
corresponds to p = 1 for the beside membership function as in Figure 8.
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Figure 8: Fuzzifying of input variable “Location”
b) Rule evaluation.

The aim of the next step is to take the fuzzified inputs and puts them to the previous of the fuzzy
rules. Figure 9 depicts rule evaluation and the results obtained.

B Fule Viewer Mamdani WILTS_F... || (Sl S

File Edit Wiew Options

. = : -
Signal-Strength = -85 Location = 50 Risk = 0.625

l

)

il

u ]S

:

i

LUULPRPRLL
ERE NN
NN

[=]

|

=113 0

Figure 9: Rule evaluation following Mamdani fuzzy model.

¢) Aggregation of the outputs.

The Aggregation process aims to take the membership functions of all rule consequents
previously scaled and grouped together into a single fuzzy set. Thus, the input of the aggregation
process is the list of clipped or scaled consequent membership functions, and the output is one
fuzzy set for each output variable [32].
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Figure 10 presents the output of each rule is aggregated into a single fuzzy set for the overall
fuzzy output.

Figure 10: Results aggregation.

d) Defuzzification

The last step in fuzzy-molecular inference model is Defuzzification process that is used to resolve
a crisp value from the results of the inference process. The most common method used for
Defuzzification in the formulas below is considered as following:

COG - EJIg:a ﬂA(x)x

Y2 quA(x) (10)

In our model, we have now obtained the fuzzy results and have to defuzzify them to get a crisp
output. The interpretation of the output may be that the Risk is Moderate with a 60% as in Figure

#

0 Risk = 0.526/ 1

Figure 11: Defuzzifying the solution variable’s fuzzy set
6. MODEL EXECUTION AND VALIDATION

We can also check the results by Real Time Evaluation. The IWLTS Fuzzy system Model have
been tested 13 time .Table 5 shows the result of test. The testing is done using a MATLAB
program. We have rebuilt our model using Sugeno (or Takagi-Sugeno-Kang) method, and then
we have made a comparison between previous methods.
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Table 5: Results of testing with 12 rules

Input (X1) Input (X2) Output (Z)
Seq | Signal Strength Position Ris}( ratios %
(dBm) (Meter) Mamdani Sugeno
Method Method
1 -109.8 50 0.68 % 0.667 %
2 -104.6 3591 0.748 % 0.752 %
3 -75.72 65 0.362 % 0.199 %
4 -63.58 65 0.3 % 0.134 %
5 -91.33 64.09 0.391 % 0.241 %
6 -57.8 25 0.9 % 0.8 %
7 -53.76 50.45 0.5 % 0.4 %
8 -93.64 82.27 0.275 % 0.167 %
9 -101.2 91.36 0.486 % 0.379 %
10 -71.1 68.64 0.227 % 0.0734 %
11 -91.9 93.18 0.157 % 0.0803 %
12 -76.88 69.55 0.19 % 0.803 %
13 -113 0 0.9 % 0.8 %

Risk Very Low

Risk Moderate

Rizk

0
100 440" 100
Signal-Strength

We have used Surface Viewer to view the dependency of one of the outputs on any one or two of
the inputs to generate and plot an output surface map for the IWLTS Fuzzy Model. Figure 12
show the output surface viewer of the IWLTS Fuzzy Model according to Mamdani.

/ Risk Very high
Pl
ol
--‘r-'."- ?t'v""‘-i-..-,.
gty

Location

Figure 12 Three-dimensional plots for 12 rules according to Mamdani method
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7. LIMITATIONS OF THIS STUDY

Although the Fuzzy IWLTS Inference Model comes out with many advantages, it still has some
limitations. The limitations of the Fuzzy IWLTS Inference Model are summarized below:

e There are a lot of challenges in front of the Telecommunication Development information
and communication in developing countries where these countries suffer from a lack of
infrastructure, particularly the information and communication technologies.
Concentrated terrestrial infrastructure in these countries is mostly in urban centers with
limited coverage for rural and remote areas. . Based on that, the Fuzzy IWLTS Inference
Model relies entirely on the signal strength and location of the user, thus any failure to
receive the signal leads to stop the system.

e The Fuzzy IWLTS Inference Model only provides the level of risk based on two inputs
(Signal Strength and Position of user). Although, the results (Table 5) that have been
gotten are not exhaustive, it is suitable enough for the purpose of this study.

¢ Due to the lack of equipment for mining surveying and the lack of available information
about the areas affected by landmines, the model has been tested using a local server with
test data only. Thus, this model needs to be tested using real data.

8. CONCLUSION AND FUTURE WORK.

Mine detection process is a complex phenomenon which requires application of logical decision
making and optimization framework. Imperfect information and uncertainty are two very
important system attributes which add complexity to planning and development process. This
paper proposed the application of Mamdani type fuzzy inference in modelling the risk of
landmines called IWLTS Fuzzy System Model. This model has been built according to the most
popular model (Mamdani Fuzzy models). The IWLTS Fuzzy System Model provides a viable
solution in form of maps and alerts to user through his mobile phone in case of exposure to
landmines risk. It has been developed through several phases according to Mamdani method. The
first phase where Linguistic Variables, fuzzy sets and membership function have been defined.
The second phase is determining fuzzy rules according to the investigation and analysis on the
features of landmines and the Consult the experts. The third phase is fuzzy Inference which is the
core of the IWLTS Fuzzy System Model that consists of Fuzzification, Rule evaluation,
Aggregation of the outputs and Defuzzification..

The suggested Fuzzy Inference Model can be re-applied in many fields such as: estimating the
risks associated areas contaminated by nuclear radiation, endemic areas of communicable
diseases and areas of natural disasters such as floods and landslides

In the future, it is planned to integrate between the GPS, GIS, DSS and Smart phone into one

coherent environment called (Hybrid Framework Intelligent Wireless Landmines Tracking
System), which will be used to implement prototype based on fuzzy principles.
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