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ABSTRACT: Generally, the mechanical devices come with undesirable nonlinearities. Due to these nonlinearities the
frequency domain system identification process in servo system seems to be a tough task. In the paper, particle swarm
optimization (PSO) algorithm based hybrid technique is proposed for the frequency domain identification of servo
system. The proposed hybrid technique is the combination of artificial neural network (ANN) and PSO algorithm.
Initially, the system parameters are generated as a data set at different mass level by the artificial network. From the
dataset, the PSO algorithm is used to optimize the system parameters such as pole, constant, DC gain and friction force
etc. Then, the optimized parameters are applied to the system and the friction of system is analyzed in terms of
velocity. The proposed identification method is implemented in MATLAB working platform and the deviation
performances are evaluated. The system parameters identified by proposed method (PSO-ANN) is compared with
actual system, GA-ANN, and adaptive GA-ANN.
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. INTRODUCTION

To estimate a model for capturing system dynamics [11] [16], system identification process uses measured input-
output. The intention and process of system identification [2] [4] is obtained by extracting mathematical models from
physical systems. System recognition models can be constructed for varied stages and the control system can be
supported by optimally choosing their outputs [1]. In recent times, a number of applications such as acoustic echo
cancellation, channel equalization, biological system modeling and image processing have revealed great concern in
nonlinear systems identification [3]. Due to friction force [8] some nonlinearity exists in hydraulic servo systems. Servo
systems are frequently employed in the position control of friction [6] due to the capacity of servo systems to serve
enormous driving forces and quick responses. Position reliant friction occurs [7] by commonly employing transmission
mechanisms in elevated precision systems that achieve high-resolution movements. Therefore, friction has an authority
on every regime of operations of a servo system [9].

In high precision servo systems [5], friction is one of the most important drawbacks. The resistance experienced by a
material in moving on top of another [12] [14] is known to be the frictional force. By the velocity and period of contact
[13] the friction force will act. At low velocity motion [15] the control of friction force on servo-systems is notable
above all. Using transfer function [17] the frequency domain model of nonlinear systems can be represented normally.
In regard to the diverse frequency components a waveform is analyzed existing in the waveform by the frequency
domain method [18]. The production of nonlinear system can be constructed by means of the frequency domain
analysis of linear system [10]. The production frequency component is dissimilar from the contribution frequency
component for nonlinear system [20]. Frequency domain system identifications believe the contribution and production
signals to be periodic or time controlled inside the observation time [19].

Frequency domain identification of servo system with friction force is restricted by the relocate function in the majority
of the works. Since the transfer function target parameters of the plant are determined at random, the control techniques
of such plants are unproductive and the friction force is physically selected. Consequently the determined parameters
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are unsuitable and choice of friction force takes considerable time. To overcome this matter, in this document, we
suggest a hybrid technique for servo system identification in the frequency domain. The remaining part of the
document is planned as follows. The model of a servo system and the proposed technique with necessary mathematical
are illustrated in Section II, and the implementation results are discussed in Section Il and Section IV concludes the
paper.

Il. SERVO SYSTEM MODEL

Normally a plant, an actuator and some driving circuits are present in a servo system. The plant is driven by the
actuator and both the components can be modeled as a second order transfer function. However, the system can be
simplified as shown in Fig 1. In such servo system, static friction and coloumb friction are the two components. The

modeling of friction force in servo systems in which F," and F," are the static friction and Fe and F; are the coloumb
friction. The system can be decomposed into linear and non-linear blocks.

W 2 X
U * 1 \& 1. @p >
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Fig. 1: Block diagram of simplified system with friction

The plants to be identified are always assumed to be linear by the traditional frequency-domain identification methods
that are based on covariance analysis and Fourier transform. But, this assumption is almost always invalid because of
the presence of friction. Because, a plant can be represented by a linear block that describes the system dynamics in the
feed forward path and a nonlinear block that describes the friction in the feedback path [2].

A. Training of neural network

The neural network is one of the artificial intelligence techniques which used for determining the target system
parameters. Here, the feed forward neural network is used. The neural network consists of two phases: training phase
and testing phase. Also, it consist of three layers: input layer, hidden layer and output layer. In training phase, the
optimal data set trained based on the target data. The back propagation training algorithm is used for training the
network. A pre-examined dataset is obtained from [2] and it is used as the training dataset D for neural network. The
dataset D is comprised of input excitation magnitude as input and the system parameters, poles, constants, DC gain,
Po
minimum friction force and maximum friction force. The dataset D can be represented as D {ml} Pl Q)
my :
PNy -1

where, m; and m; are the higher and lower excitation magnitudes and py, _; is the system parameters. The feed forward
network structure is described in Fig.2 which illustrated as follow,

Input layer Hidden layer Output lager

Figure 2: Structure of neural network.
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Back propagation training algorithm:
Step 1: Assign arbitrary weights generated in the interval [wpn, Wmay] t0 the hidden layer neurons and the output layer

neurons. Assign unity value weights to each neuron of the input layer.
Step 2: Determine the BP error by giving the training dataset D as input to the classifier as follows

e=Fr —Fou @)
In Eq. (2), Pr is the target output, and the network output R, can be calculated as Py =[Ry R P,---Py 4]. The
elements of R, can be determined from every output neuron of the network as follows

Ny
Pj= ZWij Yi ©)
i-1

where,
_ Waj Wai
1+exp(-my) 1+exp(-m,)

Yi 1<i<Ny 4

In Eq. (3) Ny is the number of hidden neurons, P; is the output from i output neuron and w;; is the weight of the

i — j link of the network. In Eq. (4), y; is the output of i hidden neuron.

Step 3: Determine the change in weights based on the obtained BP error as follows Aw=y.P,;.e (5)
In Eq. (5), y is the learning rate, usually it ranges from 0.2 to 0.5.
Step 4: Determine the new weights as follows w=w+Aw (6)

Step 5: Until BP error gets reduced to a least value, repeat the process from step 2. Essentially, the condition to be
satisfied ise<0.1.

The network gets well-trained when the process is completed. When the input excitation magnitude is given, proper
system parameters are provided by the well trained network.

B. System parameters optimizing by PSO algorithm

In the paper, the nonlinear servo system parameters are optimized by particle swarm optimization (PSO) [32]. Here, the
system parameters are optimized from the network data set. PSO is one of the evolutionary computation techniques
which developed from the social behavior of swarm in nature. It can determine the solution iteratively for an objective
function from the searching area. The evaluation of PSO algorithm is accomplished by depends on the moment of each
particle and the swarm collaboration. Depending on the best knowledge and experience of swarm, each particle starts to
move randomly from their initial position. The particles are attracted toward the location of the current global best
position (Ygnest) and the personal best position (Y yest) - The basic algorithm step can be explained in three stages which
are described [33] as follow,

(i) Evaluating the fitness value of each particle.

(if) Updating local and global best fitness and positions.

(iif) Updating the velocity and the position of each particle.

Here, the search space dimension is denoted as n.The position vector (P;)and velocity (V;)vector of the specific

dimensional search area is described as follow, R =[pj, pig........ Pinl (7

Vi =[Vig Vi, Vin] 8
Where, p,, is the i" position of n™ value and v,, is the i" velocity of n™ value. The system parameters optimization is
depend on each particle position and velocity update using the following equations [34].
(VR AVAR rand; ().[Y ppest — Yi' 1+ C2.rand ().[Y gest —Yi'] )
Yit+l :Yit +Vit+1 (10)
Where, v;'and Y;' are the velocity and position of the particle i at iterationk . I is the particle index, W is the weight
of the inertial constant which often in the range of [01], c;and c, are the learning coefficient which are usually
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between [0 2], rand;() and rand,() are the random value generated for each velocity update. The flow chart used for

the proposed approach is illustrated in Fig.3 which described as follow,
System parameter optimizations steps:

Step(i):

Step(ii):
Step(iii):

Step(iv):

Step(v):

Step(vi):
Step(vii):
Step(viii):

In the first step, the solution space, velocity (v;) and position (R) are initialized. Here, solution space

depends on the system parameters that are pole, constant, DC gain and friction force. These system
parameters are depending on the higher (m;) and lower (m,) order excitation magnitude.

Then, the PSO parameters are specified in the second stage such as number of particles N, number of
iterations t, inertia weight w, and learning coefficients c;and c,.

Check the objective of the specified parameters. If, the objective is violated, then go to next step.
Otherwise, go to step(viii).

Update the iteration t=t+1 and evaluate the fitness function by the following equation.

N
Fitness function F(j)=min Z(P(J) PN (11)

actual —
=1

Where, F(j)is the fitness function of j" parameter, P\ is the actual parameter value and P{}is the

actual
parameter of system output.
Check probably, the function (equation (11)) minimized or not. If, minimized, go to next step. Otherwise,
go to step(vi).
Then, evaluate each particle fitness value with the current and overall particle to identify Y ppes
Update the velocity and position of the particle.
If maximum iteration reached, then check the objective function is not violated and that value select as an
optimal control parameter Y pnest = Yguest. If its violated go to step(iv) and set t=0. Then, if maximum
iteration not reached, then check the objective function is not violated and that value select as an optimal
control parameter Y et = Y grest. 1, it’s violated go to step(iv).

The optimal control parameters are obtained from the PSO algorithm and the servo system is controlled.

Fig. 3: Flow chart of PSO for optimizing system parameter.

I11. RESULTS AND DISCUSSION

The frequency domain identification of servo system with friction was implemented in MATLAB working platform.
ANN and PSO algorithm based hybrid technique was used to identify the frequency domain of the system. The
parameters are used for implementing the hybrid technique is tabulated in Table 1. The performance of adaptive hybrid
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technique was tested by determining the system parameters for first order and third order servo system transfer function
that are given in Eq. (12) and Eq. (13), respectively. As per the target data of system G;(s) and G,(s), the network is

trained. Then, the linear block of the input excitation magnitude to the linear block and the output excitation magnitude
from the linear block are analyzed. The implementation parameter of the PSO and ANN are tabulated in Table I.

Table I: The parameters and their values utilized in the PSO-ANN technique.

S.No Parameters Values
1 Wmin /Wmax 0/1
2 Number of particles 10
3 Number of iteration 50
4 Number of hidden layer 20

C. Analysis of system I:

In system I, the system output obtained from the proposed PSO-ANN identification technique is analyzed. The
analyzed performance is compared with the actual system, GA-ANN, and adaptive GA-ANN based system
identification technique. The comparison performance is illustrated in Figure 4, 5, and 6 respectively. Then, the system
parameter of proposed PSO-ANN technique is compared with GA-ANN [31]. From equation (12), the system
parameters that are obtained from the PSO-ANN technique and a frequency domain identification technique [2] are
given in Table II.

10
Gy (s)= m (12)

Velocity (m/s)
o
Velocity (m/s)

4
3
2
1
0

i i i L i
0 001 002 003 004 005 006 007 008 009 01

i L H i i i i
0 001 D02 003 004 005 006 007 008 003 0.1
Time(Sec) Ti

ime(Sec)

Fig. 4: System output comparison performance of from Fig. 5: System output comparison performance of from
Gi(s) - Gi(s) .
e

L i L
0 001 002 003 004 005 006 007 008 009 0.1
Time(Sec)

Fig. 6: System output comparison performance of from G,(s) .
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Table Il: The target parameters, system parameters obtained from GA-ANN, adaptive GA-ANN, and PSO-ANN
technique for the transfer functionGl(S)

Hybrid Existing Adaptive Hybrid(Adaptive )
Parameters Target (GA-ANN)[31] technique [2] GA-ANN) [35] Proposed PSO-ANN
NT 5 5 5 5 5
P (Pole) -10 -10.2 -10.1 -10.0000 -10.0006
r® (Constant) 10 9.8 101 10.0004 10.0000
p? (DC gain) 1 1.0 0.9 1.0000 1.0008
r® (F) 05 05 0.4 0.5 0.4995
pT(4) (F) 0.4 0.3 0.3 0.4000 0.4000

D. Analysis of system I1:

The transfer function model of G,(s) is described in equation (13). Then, the system output attained from the PSO-ANN
based system identification technique is analyzed. Then, the performance of PSO-ANN identification method is
compared with actual system, GA-ANN, and adaptive GA-ANN based systems. The comparison performances are
illustrated in Figure 7, 8, and 9 correspondingly. Using equation (13), the system parameters that are obtained from the
adaptive hybrid technique and a frequency domain identification technique [2] are given in Table I1I.

10000
e +10)ls2 +55-+1000) 13)

- Adaptive GA-ANN
PSO ANN

Actual System

Velocity (m/s)
Velocity (m/s)

006 007 008 009 01 o 001 002 003 004 005 006 007 008 009 01

o 0.01 DID2 0.03 OI‘JA_nmE;(Oé'\SC) s
Fig. 7: System output comparison performance of from Fig. 8: System output comparison performance of from
Gi(s)- Gy(s).

GA-ANN
PSO ANN

Velocity (m/s)

o

0 001 002 003 004 005 006 007 008 009 041
Time(Sec)

Fig. 9: System output comparison performance of from Gy(s).
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Table I1I: The target parameters, system parameters obtained from GA-ANN, adaptive GA-ANN, and PSO-ANN
technique for the transfer function G,(s) .

Parameters Target Hybrid Existing Adaptive Hybrid Proposed
Y (GA-ANN) [31] technique [2] (Adaptive GA-ANN) [35] PSO-ANN
Nt 6 6 6 6 6
©) e -25381 25714 ] . -2.5004
PO (Root 1) 2.5+i31.52 1315181 30,5251 2.5009 +31.5200i +31.5143i
) P P -25714- S ein . -2.501-
P (Root 2) 2.5-i31.52 2.5381-31.518i 3055 2.5011-31.5190i 315034
P (Root 3) -10 -10.0211 -10.1138 -10.0015 -10.0002
P& (DC gain) 1 0.9989 0.9903 1.0000 1.0000
P® (R 0.5 0.4968 0.4951 0.4992 0.5000
PO (FO) 0.4 0.3957 0.3941 0.4000 0.4000
Description:

The nonlinearity of proposed method revels from the comparative analysis. The PSO-ANN based identification
technique provided the exact system parameter which close to target system. So, the nonlinearity of the system reduced
that can be seemed in the comparative analysis. Also, the deviation analysis added more effectiveness to proposed
system identification method. The table Il and Il contains the frequency domain identification parameters of existing
technique identification technique, GA-ANN (Hybrid), adaptive GA-ANN (Adaptive Hybrid), and PSO-ANN
techniques. From the identification parameters, the proposed method (PSO-ANN) and adaptive GA-ANN methods are
provided better identification parameters. But, the nonlinearity of the proposed method is less than that adaptive GA-
ANN method.

IV. CONCLUSION

The proposed PSO-ANN based identification technique was implemented. Then, the frequency domain identification
performance of the proposed technique was tested with servo system with friction force. The identified parameters and
the velocity performances were analyzed. The analyzed results of proposed method are compared with actual system,
GA-ANN (Hybrid), and adaptive GA-ANN (Adaptive Hybrid). From the comparative analysis, the proposed method
optimizes the system parameters better than those other techniques. So, the system provided less nonlinear when
analyzed the velocity performance. Also, the deviation shows that, PSO-ANN method is performed well for identifying
the servo system.
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