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Abstract

This paper proposes the Adaptive Neuro-Fuzzy Interference System (ANFIS) method to realize the
track correlation of Radar. ANFIS is used for the first time in inverse model in addition to model of
aircraft position radar from the recorded data. The simulation results show that the proposed ANFIS
controller has been successfully implemented. Root mean square error is applied to measure the
performance of ANFIS that revealed the optimal setting needed for better estimation of the aircraft
position. Results with RMSE less than 10 also show that the controller with ANFIS yields good
tracking performance, valuable and easy to implement.
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1. Introduction

The growing demand for security of cargoes and passenger of multiple of
aircrafts nowadays, the performance improvement problem of conventional airport
control systems must be faced. In recent years researches are focused on the
development of integrated system, which getting information from different sensors,
and distribute it to moving vehicles and to ground air-traffic controllers [1].

Radar tracking systems are dynamic and complex with both computing
resources and radar being shared by many tasks with vastly varying requirements.
Handling these tasks is a hard challenge to get the maximum benefit from the
available resources. The factors of environmental such as heating constraints and the
noise of the radar, distance, speed and maneuverability of tracked objects dynamically
affect the mapping between resource requirements and the level of service [2].

The Kalman filtering is one famous approach for trajectory predication, which
has been vastly used for predicting the direction of the ships, airplanes, satellites, etc.
The Kalman filtering for unknown, noisy environments may not be convenient. To
tackle the situation aforementioned, researches have been dedicated to build
mathematical models, perform statistical data analysis, and make the Kalman filter
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more adaptive. As all alternatives, the learning mechanism has been used to assist the
Kalman filter, since it is model-free and computational efficient after training [3].

The most applied learning methods are the intelligent methods such as Neural
Networks (NNs) and Fuzzy Logic Systems (FLSs). The main advantages of these
ways are its ability to learn and good efficiency for nonlinear functions
approximation. In this work, we propose using the Adaptive Neuro-Fuzzy
Interference System (ANFIS) to develop the intelligent radar predictor instead of
Kalman filter.

2. Radio Detection And Ranging (Radar)

Radar system is used for tracking and detecting a variety of applications such as
the weather systems, ships, and aircraft. Radar systems use directional antennas and
modulated waveforms to transmit electromagnetic energy into a particular volume in
space to search for objects. Targets will reflect parts of this energy within a search
volume back to the radar. Then the radar receiver processed these echoes to extract
object information such as angular position, velocity, range, and other object
identifying characteristics [4].

There are two types of radar signals: a) pulsed, where a sequence of pulses of
radio frequency (RF) energy that radar transmits. b) Continuous wave (CW), where
the radar transmits a continuous signal. Radar can be classified as two types:
monocratic and biostatic. The transmitter and receiver are collocated in monocratic
radar; while the transmitter is separated from the receiver in biostatic radar, often by
very large distances. The maximum object distance that the radar can detect is the
Radar range. The target range (R) is determined for the given pulse by observing the
time delay (o) this pulse takes to travel the path between the radar and the object (two-
way path). It is given by [5]:

co
R == &)
Where ¢ = 3 x 10® m/s is the light speed

3. Adaptive Neuro-Fuzzy Interference System
Adaptive Neuro-Fuzzy Interference System (ANFIS) is formed from
combination NN and FLS. This collection gives advantages of these two intelligent
systems. Three models from this association can be categorized: concurrent model,
cooperative model and fully fused model. The ANFIS used in this work is a common
type of fully fused model [6].
The mechanism of ANFIS, in typical form, is with one output and two input and IF-
THEN commonly used Sugeno rule as in Equation (2) [6], [7], [8]:
IFx,is A AND X, is B, THEN R; =k, +k;x, +k,;X, (2

1j™a
Where: x, and x, are variables of input, A, and B, are sets of fuzzy, R is the
output, j is the number of rules, and k is the parameter of consequent. Typically, the
architecture of ANFIS is consisting of five layers with different functions
supplements each other as shown in Figurel:
Fuzzification layer (Layer No. 1): The MFs are generated is this layer, Gaussian MF
(as an example) is represented in Equation (3):

O = uA, (x)=exp [—MJ ©)
(oF
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Where 0; is the output of layer No. 1, u is the chosen membership function, A, is a

linguistic variable of the i input node, x is the i node input, di is the center of the
Gaussian function, and g; is the Gaussian function width.
Rules layer (Layer No. 2): All outputs of layer No. 1 will be product here in operation
called the firing strengths:
Of =w, = uA, (X)XﬂAi (Y) (4)
Where wi; is the layer No.2 output rules.
Normalization layer (Layer No. 3): in which the MFs are normalized:
JR— W.
Oi3 =W, = : ®)
W, +W,
Defuzzification layer (Layer No. 4): in which the weighted resultant parameters of
rules are calculated:
O =w,f, =w, (ax +b;y +c,) (6)
Where ai, bi, and ci are the MFs parameters.
Summation layer (Layer No. 5): In this Layer total ANFIS output, f, is calculated:

—. W, +w,f
Oi5:f :Zwifi — 117722 (7)
i W 1 +W 2
Layerl Layer2 Layer3 Layer4 Layer5

Figure 1 The general structure of ANFIS

4. Inverse Control

Getting the inversion of a nonlinear system is the significant challenge in the
inverse control design. It has a lot of difficulties when using analytical methods. So
with their ability of nonlinear approximation the intelligent algorithms can be used to
find the inversion model [9].

Neural and fuzzy intelligent networks are used profusely in the identification,
inverse modeling, and design of controller which are the main stages in the inverse
control implementation for any unknown complex nonlinear system. Approximation
of the considered plant under control then train an intelligent network with measured
and reference signals as input-output training data are the steps of determining the
desired signal of the system under control [10].

There are two methods of the inverse model controller for time dependent
dynamic system: (a) Inverse control with online adaptive learning method and (b)
method of direct inverse control [10].

A- Inverse control with online adaptive learning

Adaptive system based on inverse control, shown in Figure 2, can be designed in
two parts: (a) inhibition of noise in plant, and (b) control part for the dynamic
response of plant.
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The main idea of adaptive inverse control process is by send the output of the
inverse model of the plant (object), which works as the controller, to drive this object

[6].
Equation (8) represents the transfer function of this system from the inputs of the
plant with disturbance to its output:

_ 1-G,, ()G (s) ®)
1+ G, (5)Gy (5) = Gpm (5) Gy (5)

Where G, (s) is the plant (Object), and G, (s)and Gy, (s)are the model and the

inverse model of plant respectively.

W(s)

Ouiput=

Objeft Model

Object Inverse
Model

Error
Adaptive
Algorithm B
o | Referance

Model

Figure 2 the structure system of adaptive inverse control [6]
B- Direct inverse control
Inverse model is used directly to control the system as shown in Figure 3. It's an
input-output dynamic process is as represented in Equations (9) and (10) [11]:

y (m+1)=f [y (m),y (m-1),y(m-2),...x(m),x (m —1),x(m—2),...] (9)
X(m)=f"*[y(m),y(m-1),y (m-2),..x(m),x (m-1),x (m-2),...] (10)
Where x(m—i) and y(m-—i) are the values of input and output at i time

respectively.
y(m-1)
z ‘1

y(m+1) Direct Inverse x(m) System Under y(m)
> Model Control

x(m-1)

7 -1
x(m-2)

Figure 3 structure of the direct inversecontrol
In this work, the proposed ANFIS control system can be classified as a direct
inverse control model.
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5. Simulations and Results

Simulation is carried out the ANFIS system with offline trajectory data. Trajectory
data are taken from Matlab toolbox after simulating the Aircraft Position Radar Model
(APRM). The APRM model contains an Extended Kalman Filter that estimates
aircraft position from radar measurements.

In the simulation process the initial conditions are fetching the two values of input
and output for both North-South (N-S) and East-West (E-W) positions. The total
number of data used is 100 points for each axis, 70 points of the data are used in
training process and other data are used for testing. Then the parameters for training
the ANFIS are set as: initial step-size is 0.01, number of training epochs is equal to 1,
and the increase rate of step-size is 1.5, while the step-size decrease rate is equal to
0.5and a Gaussian membership used. The training process is performed using Matlab
2014a.

To improve the performance of the proposed system, some of process are used in
the presented controller design such as setting the same value of ANFIS parameters
for both identification (model and inverse model); or set each identification process
with different values of parameters according to the input-output training data. Third
process is the normalization of the training data and finally the scaling step by gain
the actual output value in order to fit the reference signal.

The first process is the selection of training signals as inputs and determining the
input parameters for an ANFIS.

Selection of these inputs can be done by many different methods such as the
intensive computational method in which all the candidates input will be searched as
potential combinations. There is another method called the sequential forward in
which the total error is optimized by sequential chosen for all inputs.

To predict value of output y (j), at time u (j), let the number of input candidates
are available as enough as, for example 10 parameters, and these input-output data are
formed as:

output =Y ={y (j -1), y (i —2), y (i -3), y (i —4)} (12)

Inputt =U = {u(j-1),u(j-2),u(j—3),u(j—-4), u(j-5),u(j-6)} @2

The first intensive search method is used in this work by applying Equations (11) and
(12) on the available input candidates, to choose three input parameters as a result:
one from input data and the other two are from output data:

y(m-2),y(m-4) and u(m-10) are the selected input to ANFIS for N-S
position, whiley (m —1), y (m —3)and u (m —1)are selected input to ANFIS for E-W

position. The designed system of radar tracker is shown in Figure4, and Figure5 show
the system diagram of ANFIS which contains one output and three input parameters
that required 8 rules in the fuzzy inference of type Takagi-Sugeno.

242



Journal of University of Babylon, Pure and Applied Sciences, Vol. (27), No. (1): 2019

Input
Reference ANFIS ANFIS
z-1] @—> Inverse  — Modeling
5 model of system

4—-| z-1 z-1 z-1 z-1

Figure 4 The system proposed of radar tracker identifiation

i\

Input 1 (2 rules)

M

Input 2 (2 rules)

M

Input 3 (2 rules)

anfis
8 rules f(x)
(sugeno)

Output(8 rules

Input (2 rules)

Figure 5 The system diagram of ANFIS
Figure 6 and Figure 7 show the normalized input and output data of aircraft position
radar system under the test of simulation for N-S position and E-W position
respectively. These data are used for training.

Input u(m)

Input u(m)

Output y(m)

Output y(m)

20 30 40

Figure 6 input and output data of aircraft position
radar system in N-S position

¢ c c ¢ ¢ c c c ¢
0 10 20 30 40 50 60 70 80 920 1

Figure 7 input and output data of aircraft position
radar system inE-W position

To find the inverse model, the first step is exchange the input data with the
output data, thereafter train the ANFIS to find the inverse identification modeling of
the aircraft system. Figure 8 and Figure 9 show the training and checking results of
ANFIS for both two positions with RMSE is 0.00014515 for training and checking of
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N-S position, while 5.2635e-05 is RMSE value for training and checking for E-W

position.
ANFIS Prediction (Solid Line)and Training Data (Dots) with RMSE = 0.00014515
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Figure 9 checkingand training results with ANFIS prediction of

These Figures show the capability of the ANFIS networks to predict the aircraft
system in training and checking operation with minimum root mean square error.
Then put back the main inputs-outputs data to find the modeling of the original
system of aircraft. Figure 10 and Figure 11show the results of ANFIS modeling
system with 0.0027986 RMSE for training and checking for N-S position, while the

RMSE of E-W position is equal to 0.00019486.

ANFIS Prediction (Solid Line)andTraining Data (Dots)with RMSE = 0.0027986
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Figure 10 simulation result using ANFIS for training and

checking data of N-S position
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Figure 11 simulation result using ANFIS for training and

checking data of E-W position

From Figures (8, 9, 10 and 11), the results of simulation process show that the ANFIS
modeling has good performance, strong robustness with minimum error and fast

position tracking capability.

Figure 12 shows the flowchart of the ANFIS trainings and checking processes for the

identifications step of this work.
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Loading Training & Checking Data
FLS Model Generation

i

| Normalization |

i

Set the ANFIS parameters:
Membership function, No. of epoch , initial step-size,
step-size increase rate, step-size decrease rate

A 4

Training process for ANFIS model System

No

Stop the training

Yes

Result of Training (model of system)

A 4

Checking process for ANFIS model System

A 4

Denormalization

Figure 12 The flowchat of ANFIS trainings and checking for identifications processes.
Figure 13 shows the overall construction of the proposed aircraft system control based
on an inverse modeling design for aircraft position radar system.

Error

— )

Actual

Reference N~ ANFIS Inverse |Um Ui |ANFIS Model of o Output
————% Normalization Denormalization
Model Radar

Manipulated  Input
variable  variable

Figure 13 proposed system of aircraft position radar system on inverse modeling design
Figure 14 show the results of testing with randomly chosen points of the system under
control and it can be seen that the actual values are at most fits to the desired values.
Figure 15 displays the sorting RMSE to show the difference between the actual and

desired outputs.
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Testing Entire System: Desired Output (Circles) and Actual Output (Asterisks)with RMSE = 7.8739 . . . . X .
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Figure 14 the desired and actual output (a) N-S position (b) E-W position
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Figure 15 sorting RMSE values (a) N-S position (b) E-W position

6. Conclusion

In this paper the training process and effective design of an ANFIS controller
based on model of inverse controller for nonlinear dynamical system is applied to
valuate an aircraft's position. The inverse model and model of an aircraft system is
designed by ANFIS. The controller process to the system by using ANFIS as a direct
controller, in addition to the normalization and scaling processes. The data is
submitted to selection process to find the best data that give the minimal error, then
using these data in model and inverse model process. The major contribution of this
study is a demonstration of the ability of the proposed ANFIS to give the correct
trajectory and position of aircraft. According to the simulation procedure conducted in
this paper, it shows that the ANFIS network is capable of obtaining the optimal
correlations between true targets and radar measurements.
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