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The Internet of Things (IoT) has become a popular application in recent years. However, it is the wireless
communication mode. In such a scenario, the user would have to send information either nonlinear or dynamic
data type in the form of a signal or an image, videos depending on the application. The proposed work is focused
on this model identification that tends to nonlinear dynamic system identification for IoT applications. An
Autoregressive Moving Average (ARMA) model represents model for IoT application. To verify the model su-

premacy, an ARMA bench mark system is used. The adaptiveness is proved through variation of weights and can
be universally used for the next generation. In the first attempt, the Multilayer Perceptron model (MLP) is
considered as the ARMA system and observed. Further, to improve its accuracy, the Adaptive Neuro-Fuzzy
system (ANFIS) model is designed for system identification. It is shown in the result section that it identifies
better than the MLP as well as traditional system identification techniques.

1. Introduction

The development of the wireless communication channel has many
more implications for individuals and the world at large. Due to
reflection and diffraction, electromagnetic waves travel along different
paths when they travel through a typical wireless channel. The multi-
path channel lowers the quality of the signal that is received and causes
serious multipath interference. To solve this problem, we need a good
wireless channel identification algorithm. Also, in the Internet of Things
(IoT), many sensors built into different environments put a lot of weight
on recognising scenarios so that the wireless communication system can
be designed, deployed, and managed in the right way and have better
communication performance [1]. Because of this, it is hard to find the
right wireless channel scenarios to meet the specific requirements of the
wireless communication process. Urban macrocells, urban satellites,
indoor hotspots, and other types of propagation environments by
referring to them as “wireless channel scenarios” [2,3]. The two main
types of propagation environments are line-of-sight (LoS) and
non-line-of-sight (NLoS) conditions. Even if two scenarios are in the
same environment, their wireless channel characteristics are usually
very different from each other. This motivates the development of a
wide range of empirical statistical wireless channel models for certain
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types of propagation conditions. In order to estimate the parameters of
WSN channel, the received signal must be combined with prior knowl-
edge of the transmitted sequence of symbols [4]. During a time period
where it is expected that the channel will remain constant, block-based
estimating approaches use a block of received symbols to estimate the
average channel. In order to create a discrete FIR-channel, the channel’s
continuous impulse response is sampled in time and in delay. This gives
snapshots of the channel as it changes over time. The estimation error in
the channel samples is a function of the measurement noise, the trans-
mitted symbols, the channel parameters, and the estimating technique.
The goal of parameter estimation is to find, from a given class of models,
the one that comes closest to the system’s external properties. This is
done by comparing the input and output data in general. There are two
ways to figure out the system’s mathematical model: system identifi-
cation and excitation analysis. In the process of exception analysis, the
task is to analyse and identify the systems in terms of physical and
chemical laws. The second method is to analyse how the system works
and how the experimental data is passed. System identification de-
termines a system’s mathematical model from input and output data. It
is divided into two methods. The first one is parametric identification;
the second one is non-parametric model identification. The parametric
model is defined in the form of a mathematical model with differential
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equations and state equations. The mathematical model with parame-
ters like impulse response, frequency response, and transfer function are
non-parametric model representations [5,6]. There are several appli-
cations of parameter estimation and identifying the model’s impulse
response. In order to identify or estimate an unknown parameter or
several unknown parameters in a massive MIMO WSN, the researchers
in Refs. [7,8] have created unique and effective signal processing algo-
rithms. The parameters of the Volterra series can be learned. Various
parameter estimations for WSN channels are presented in Refs. [9-18].
Parameter estimation of WSN channel shall be considered as the prob-
lem of nonlinear system identification. Some studies related to nonlinear
dynamic system identification are presented as the WLMS algorithm
[19], Adaptive Algorithms [20], Wilcoxon algorithm [21], and FLLWNN
[22]. Further, by implementing a novel kernel algorithm, system iden-
tification of a nonlinear system is presented in Refs. [23,24], a multi-
layer recursive model [25]. Further, by using Lyapunov stability analysis
and system identification, it is further presented in Ref. [26].

A WSN channel can be described as a time-varying ARMA or AR-
process. The collection of random AR processes can be used as a single
ARMA with the same first and second order statistics through spectral
factorization. An AR-model can provide a good approximation to the
dynamics when the channel’s ARMA-model poles are located close to
the unit circle. In this work, the ANFIS approach is used to build the IoT
model. The adaptability is shown by the different weights, and it can be
used by everyone in the next generation.

The rest of the sections are organised as follows: After introducing
existing methods in Section 1, Section 2 presents the problem formula-
tion part. In a further section, section 3, the methodology part is dis-
cussed in section. In Section 4 discussion of the suggested method’s
performance evaluation and comparison with other models is analyzed.
In the final section, section 5, the conclusion of the work, is presented.

2. Problem formulation

2.1. Auto Regressive Moving Average (ARMA)
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ARMA (p, q) is given as
V() U(t)=p(t)e(t) (4)
In another form

X(0) 4 @X(0),_, + oo @,X (1), = e(t) + bre(t),, + ...+ bye(r),

n—p q

where, e(t)is represented as white noise, variance 62, and V(t) is define
as

V() =1+at" ot + ... +ay?” )

In the same way, a polynomial 4(t) is polynomial, in t~! with order q.
If V(t)has no poles for “t” on or outside the unit circle, the process is
stationary. Model parametersV(t)’and f (t) of orders q'andq’, which are
not necessarily equal to p and g, are commonly discovered by estimating
parameters from N observations X,,, n = 1, N; the observations can be a
realisation of the process (1), but this is not required. With this model,
future predictions of the process (1) can be formed by substituting those
estimated parameters into new data U(t), which can be represented as

A (1)e(t)=V(r) U(r) ®
where the signal €(t) is the estimated model’s output with U(n) as the
input signal; the estimated (t) is employed as the (Autoregressive)AR
portion and V' (t) as the MA part in this derivation of €(t). The prediction
error squared PE is defined as the expectation E[Etz]where U is a
realisation of the process that is independent of the observations X(t)
used to estimate the parameters. By substituting U(t) with V'(t) and § (t)
,the output ¢€(t) of the model with equation (4)

. Y
O="50 " =Tw 0

As a result, an ARMA provides the relationship between the model’s
error output é(t) and the innovations e(t) (6),that formed the genuine

v e(t) = %e(r) %)

process of ARMA p+q,p +¢q process’?% Consider (7) as a filtering
In general, physical systems are represented as simultaneous differ- operation [26].
ential equations, and all of these equations can be summed up into a
single Auto Regressive Moving Average equation:
(BY + V18" o+ Vi + Vo) X, = (0w + 18" +0uaf T+ 818+ 60) U M

where the notations represented as X(t) is output of the system at time ¢,
U(t) is the input of the system, B is difference operator g (t X = X(t)-k), V,
is represented as autoregressive coefficient and & represented as coeffi-
cient of moving average. Since the inputs U(t) is unknown in the above
equation, therefore the known outputs X(t) to estimate the system co-
efficients so that squares of U(t), is as low as possible. If we set all the
values of § except, 5 to zero and set, 5y to one in the above differential
equation presented as an (AR) equation,

(B + Va1 L+ VB + Vo) X, )
Similarly, a Moving Average (MA) equation is presented as
(BuB" + 818" 48 M 81+ 60) U ©))

In general, an ARMA model’s system transfer function is a pole-zero
model, while an AR model’s transfer function is an all-pole model, and a
Moving average (MA) model’s transfer function is an all-zero model. Let
another example be considered to predict the ARMA model. where an

3. Methodology
a. WSN Channel Model

Two devices communicate through a channel. The input signal ‘U’
from the transmitting device appears as ‘X’ for the receiving device. The
channel acts as a band pass filter, whose transfer function ‘T’ is
represented

(3

Ideally, the channel should be a linear time-invariant system. The
system or channel here is a natural system and does not behave ideally.
It is modelled as a dynamic and non-linear system. So, in this work, an
ARMA model is used to identify the system’s transfer function so that it
closely approximates the natural channel.

Fig. 1 is the block diagram representation of the identification pro-
cess. The operator U (t) indicates input to the WSN Channel via a
transmitter device. The channel is denoted as X (t) through a receiving
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Input
Transmitting Device o WSN Channel Receiving | njodel Output
Device X(?)
U@ Band pass filter ﬁ(t)
using ARMA 71T\ Error
e(r
v, / R
U,(®)
= Onli
Proposed ANFIS Neural Network Feedback
/ Weight updating
Fig. 1. Block diagram representation of Proposed Identification process.
device. The WSN channel is denoted as P (t). This channel acts as a band N N
pass filter and it is designed using the ARMA model. As discussed, the X =X[[=[P(X) =P(X)||, < ¢ xeX )

WSN channel is a nonlinear system. This inspires us to consider a
nonlinear system identification problem. where the task is to identify the
parameters of the unknown system. If prior information about the sys-
tem is known, then the problem shall be considered a control problem.
Whereas the system parameters are unknown, this shall be considered as
the system identification problem. To identify the given system or WSN
channel, a nonlinear ANFIS neural network-based model is designed as a
replica model. In order to validate the proposed ANFIS model’s output
response, the WSN system’s parameters are provided to the model.
Further, the error between the two output has to be reduced using
certain learning algorithm such as gradient decent, least mean square
etc, until it tracks perfectly. It is known as the weight updating process.
From the above figure, U(p), represents the proposed model and output
of the model is ﬁp(t). ﬁ( t) is an approximation output of X(t). Therefore,
the aim is to create a neural network model with the same parameters as
the WSN model.

1
Ui® M, XM
U,
U(t) N
Input
Layer :1 Layer :2
Rules

IF part

where, ¢ <0, and ¢ is some desired value, X=P , X= P and ||. is Euclidian
norm. ‘U’ and X’ are a subset of real number respectively for static
system. Assuming a Lebesgue integrable function with the interval [0, T]
or [0 to o] defines the bounds of a dynamic system. Error of the model is
calculated as:

e=|[X—X|| 10)

b. Adaptive Neuro-fuzzy

Each layer of an ANFIS model consists of five sub-models, each of
which is made up of nodes that stand for the same mathematical oper-
ator. Fuzzification of the input vector X signals is performed by Layer 1.
This layer, also known as the IF-Part layer, calculates the degrees to
which each input U; satisfies each of its fuzzy sets. These degrees are
commonly referred to as membership degrees. To process the incoming

U1(9

/|

U 1(V)

XANFIS

X(1)

I

Uq() U1

Layer :4
Then part

Layer :5
Output

Layer :3
Normalization

Fig. 2. Architecture of adaptive neuro-fuzzy process.
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data, layers 2-3 do separate mathematical processes, layer 4 sends its
signals to layer 5 and layer 5 adds them altogether. To illustrate the
foundation of the ANFIS structure take the simple instance of a normal
fuzzy inference with simply U,and U 5 as inputs and Xangs as output.
Take the straightforward example of a regular fuzzy inference, where
the inputs are just U and U ; , the output is Xsnps, to demonstrate the
underlying logic of the ANFIS structure. Fig. 2 depicts the ANFIS model
is corresponding 5 layers. The notations are defined as IF < Premise>,
THEN < Conclusion >. In this example two fuzzy IF-THEN rules for
ANFIS for understanding purpose is presented [27]. According to the
model requirements the rules shall be designed.
Rule 1: IF U is M ; and U ,is N ;,THEN

flzal XU1+ﬁ1 ><U2+C1
Rule 2: IF U ; is M , and U ,is N ,,THEN

fo=a, xU,+p,xU,+C,

where,V; =¢{1,2}, M ; represents a fuzzy set for U ; while N ; represents
a fuzzy set for U 5. At the training phase ANFIS models’ parameters in-
cludes: a;, f;, and C;, V; = €{1,2}. A Gaussian fuzzy set is used in this
example. The vector p contains the input fuzzy set membership function
parameters The elements in p will include the means and standard de-
viations of the Gaussian membership ¢ functions contained in M;and N;
fuzzy sets, for instance, if V; = {1, 2}. In addition, it is not required that
all inputs have the same number of fuzzy sets. As seen above, each fuzzy
IF-THEN rule provides a fuzzy implication relation between certain
input fuzzy sets (such as M; and N; in Rule 1) and their associated fuzzy
outputs (such as fiin Rule 1), such that no two rules have the same
premise portions. In this example, each input can accept two fuzzy sets,
so the most fuzzy IF-THEN rules you can have are 2 x 2 = 4. In reality,
the quest for the ideal ANFIS model along the fewest number of IF-THEN
rules remains an active topic of study. In contrast, each fuzzy IF-THEN
rule in ANFIS has a conclusion that is a first-degree polynomial U. IF-
THEN rules’ parameters, both for the conclusion and the premise’s
fuzzy sets, are included in the parameters.

In contrast to classical logic, the context of fuzziness defines the
degree of membership of an element U; within a fuzzy set § as a truth
value between zero and one, denoted by ¢,U; . Using the given notations
and the two input signals U;and U,, ANFIS starts by figuring out how
much Ujand Uzbelong to M;and N;, respectively. According tog,U; =

(Uj—m;

—(v-m)?
e 22 for a Gaussian membership function with the mean m and the

standard deviation o. In addition, the number of the layer from which
each intermediate output in Fig. 2 originates, is superscripted next to
each such output. The generating node is shown by the subscript of the
signal’s output. Then, here are the outputs of layer 1:

Xy, =@M,V = e{1,2} an
Xy, =@uN;, Vi = e{1,2} 12)

wherep;M; and g4N; , V; = ¢{1,2} are Gaussian membership functions
the mean m and During the ANFIS training phase, the standard deviation
of each of these functions is one of the things that the hybrid learning
algorithm tunes. At the level of layer 1, the calculations are done. At the
level of layer 2, the evaluation of the firing strengths per rule node starts

X =X, xXy, 13)

X3 =X, xXy, a4
Then, layer 3 keeps going by adjusting the firing strengths so that:

Xi

2
> Xk
K=1

X} = 15)
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Xi

2
> Xi
K=1

X3 = (16)

Lastly, the outputs of layers 4 and 5 are figured out by using the
following equations:

Xt=X; xf =X} (0 xU,;+8, xU,+C)) a7

X=X xf,=X3(aa xU |+, xU,+C,) (18)
2

Xanris = ng 19)
K=1

ANFIS models cannot be trained until the parameter vector is set up.
Grid partitioning adds to the curse of dimensionality when an ANFIS
model has many inputs, hence increasing the amount of fuzzy IF-THEN
rules [28]. On the other hand, one of the best things about using FCM to
initialise ANFIS [28,29] tends to make a small number of fuzzy IF-THEN
rules.

4. Result and discussion

A benchmark model for identification is used to measure the effec-
tiveness of the proposed method. In this section, a nonlinear system
example is taken for identification and its performance is compared with
the proposed model and the basic MLP model. The comparison between
different models is done based on a differential matrix of Mean squared
error (MSE) and Root Mean squared error, which is formulated as:

N

1
MSE=>> (Ti = p)’ (20)

i=1

A differential equation with input and output relationships of a

complex plant with relative degree —3 is given as [30]:

X0O)Xt—-DXe-2)U(t—1)(X(t—2)—1)+U(r)
1+ X2(r—2)+X*(t—1)

X(t+1) (21)

During training stage, the model considered an input having value
uniformly distributed in an interval [—1,1]. 500 samples of data were
generated using the plant model in simulation. With an input signal U at
random and uniformly distributed in [—1.5, 1.5]. Five fuzzy rules are
taken to construct the initial model of ANFIS using clustering the data U
x X. 100 learning epochs are used to train the model. The MATLAB
Fuzzy Logic Toolbox (MATLAB, 2020) is used to generate the fuzzy
rules:

If Uis A, THENX = 4.12U + 0.035

If Uis A, THEN X = 3.22U + 0.085

If Uis A/3 THENX = — 3.27U+ 1.053

IfUis A, THENX = 0.27U — 6.065

If Uis A/5 THEN X =5.27U+ 0.065

In total, the proposed rule extraction process has 5 rules, each having
5 Gaussian membership functions (MFs).

Fig. 3 represents the actual ARMA model for identification. The total
number of samples are 1000, Among them 500 samples were used to
train the model, and the remaining 500 samples were used for testing the
model. After the training process of 100 epochs, the testing signal is used
to determine the identification results.

2rn n
. i —_— . — if k<
0151n(250>+05cos<25> if k<300
X(1) = 0.02sin(Z™) 103 cos( 22 if 300 < k<700 (22)
=Y 25 2%\ 250 ) S

0.2sin( 2™\ i#700 < k<1000
.2 sin 125 if <
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Fig. 3. Actual ARMA model.
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s Amplitude

! = : —
100 200 300 400 500
Samples

Fig. 4. Tracking of the MLP model over the actual model (Training output). The solid line represents the actual model and the dotted line represents the MLP

estimated model.
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2 1 | |
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Fig. 5. Tracking of MLP model over actual model (Testing output). Circle represent the actual model and dotted line represent the MLP estimated model.
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Fig. 6. Cost function of MLP model after Testing with max epoch of 100.
0.5 ' Actual model |
- -  Proposed ANFIS estimated model
-]
3
=0
Q.
=
<
S | :: \_\\/\/—
100 200 300 400 500

Samples

Fig. 7. Tracking of the ANFIS model over the actual model (Training output). The straight line represents the actual model and the diamond line represents the
ANFIS estimated model.
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Fig. 8. Tracking of the ANFIS model over the actual model (Testing output). The straight line represents the actual model and the dotted line represents the ANFIS
estimated model.
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To verify the supremacy of the proposed model, the data was applied
to multi-layered perceptron’s. In the case when 40 epochs are used
initially however the tracking result is not satisfactory, the number of
epochs is increased linearly up to 100.Fig. 4 represents the identification
of the actual model over the MLP model. The tracking of the two models
is closer to each other.

Fig. 5 represents the testing output of the MLP model. At epoch 30,
the model archives 0.0032 MSE at training and 0.0045 MSE at testing.
The model performance also increased linearly after increasing the
epoch size to 100. At epoch 100, the model achieve 0.00021 MSE as
training and 0.00017 as testing MSE. The cost function of the model is
depicted in Fig. 6 where the training and testing errors are plotted.

Fig. 7 represents the actual versus proposed ANFIS estimated model.
The model is trained well, and the tracking of the two models is seen
from the figure.

Fig. 8 represents the testing output of the proposed model. Five
hundred samples were taken for model validation. The effectiveness of
the model is evaluated after 20 training epochs are given. The model
achieves 0.00061 MSE. The epoch size is extended to 100. After running
for 100 iterations, the best result obtained is an MSE of 0.000012.

The overall comparison between the two models is depicted in Fig. 9.
The mean squared error (MSE) of the proposed model is the closest it
gets to being zero, as shown in the figure. The MLP model is an excellent
training model, but the proposed model improves upon it by including
adaptive learning approaches and efficient weight updates. Compared to
other models, the proposed ANSFIS model’s performance is shown in
Table 1. Based on these results, the MLP model in Ref. [28] has a training
error of 0.00056 and a testing error of 0.00026, while the RBF model in
Ref. [29] has these values at 0.0037 and 0.0015, respectively. In its
training phase, the NARAX model [31] records an MSE of 0.000082, and
in its testing phase, it records an MSE of 0. 00043.The input and output
parameters of the nonlinear system used for performance analysis of
different models have also been use to verify and test the output of the
proposed model. First, the MLP model requires use of the input and
output data. Training MSE records at 0.00021 and testing MSE records at
0.000156. The ANFIS model is then given the input output data. The
model achieves training MSE of 0.000039 and a testing MSE of 0.00012.
In the ANFIS architecture, the first and fourth layers both have nodes
that can change based on what they see. To optimise this parameter, one
needs an algorithm for learning. There are two learning algorithms. Jang
et al. [32] came up with hybrid learning. backpropagation, and algo-
rithms. The least-squares method and the gradient descent method are
both parts of the hybrid learning algorithm. This method has two steps:
moving forward and moving backward. During the forward movement,
the network input will move forward until the fourth layer. At that point,
a least-squares method will be used to figure out the resulting parame-
ters. In the backwards movement step, the error signal will be generated
after computing the error. Backward propagation will fix the premise
parameters by utilising a gradient descent technique.

5. Conclusion

A dynamic nonlinear WSN channel model based on the ARMA model
isimplemented in this work. The neural network model’s dependence on
the sensor model and network structure is analyzed. The objective of the
work is to design an ANFIS neural network model to identify the pa-
rameters of the WSN channel. A standard benchmark ARMA nonlinear
model is used to verify the model performance. To measure the effec-
tiveness of a model, the mean squared error (MSE) is employed. The
following table provides a comparison of different models such as the
MLP, RBF, and NARAX. The ANFIS model achieve 0.000012 MSE in
testing and 0.000039 MSE in training, according to the comparison
table. The above analysis shows the performance of the proposed model
is better compared to other models. In future the performance of more
complex nonlinear plants would be analyzed.

Measurement: Sensors 24 (2022) 100485
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Fig. 9. Performance Analysis of the Models shows the MSE error between the
two models.

Table 1
Performance evaluation of the proposed model.
Sl. No. MODEL MSE
1 MLP [28] Train 0.00056
Test 0.00026
2 RBF Model [29] Train 0.0037
Test 0.0015
3 NARAX [31] Train 0.000082
Test 0.00043
4 MLP Train 0.00021
Test 0.000158
5 Proposed ANFIS Train 0.000039
Test 0.000018
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