
 1

An Improved Particle Swarm Optimization-Based Dynamic 

Recurrent Neural Network for Identifying and Controlling 

Nonlinear Systems 

 

Hong-Wei Ge 1, Yan-Chun Liang *1, 2, and Maurizio Marchese2  

1 College of Computer Science and Technology, Jilin University, Changchun 130012, China 

2 Department of Information and Communication Technology, University of Trento, Via Sommarive 

14, 38050, Povo (TN) Italy 

 

* Corresponding author: Yan-Chun Liang, E-mail: ycliang@jlu.edu.cn

mailto:ycliang@jlu.edu.cn


 2

An Improved Particle Swarm Optimization-Based Dynamic 

Recurrent Neural Network for Identifying and Controlling Nonlinear 

Systems 

Hong-Wei Ge1, Yan-Chun Liang*1, 2, and Maurizio Marchese2  

 
1 College of Computer Science and Technology, Jilin University, Changchun 130012, China 

2 Department of Information and Communication Technology, University of Trento, Via Sommarive 14, 
38050, Povo (TN) Italy 

 
Corresponding author: ycliang@jlu.edu.cn  

Abstract  

In this paper, we first present a learning algorithm for dynamic recurrent Elman neural 

networks based on an improved particle swarm optimization. The proposed algorithm computes 

concurrently both the evolution of network structure, weights, initial inputs of the context units and 

self-feedback coefficient of the modified Elman network. Thereafter, we introduce and discuss a 

novel control method based on the proposed algorithm. More specifically, a dynamic identifier is 

constructed to perform speed identification and a controller is designed to perform speed control for 

Ultrasonic Motors (USM). Numerical experiments show that the novel identifier and controller 

based on the proposed algorithm can both achieve higher convergence precision and speed than 

other state-of-the-art algorithms. In particular, our experiments show that the identifier can 

approximate the USM’s nonlinear input-output mapping accurately. The effectiveness of the 

controller is verified using different kinds of speeds of constant, step, and sinusoidal types. Besides, 

a preliminary examination on a randomly perturbation also shows the robust characteristics of the 

two proposed models. 

Key words: dynamic recurrent neural network; particle swarm optimization; nonlinear system 

mailto:ycliang@jlu.edu.cn


 3

identification; system control; ultrasonic motor 

1. Introduction 

The design goal of a control system is to influence the behavior of dynamic systems to achieve 

some pre-determinate objectives. A control system is usually designed on the premise that an 

accurate knowledge of a given object and environmental cannot be obtained in advance. So it is 

both desired and relevant to find suitable methods to address the problems related to uncertain and 

highly complicated dynamic system identification.  As a matter of fact, system identification is an 

important branch of research in the automatic control domain. However, the majority of methods 

for system identification and parameters’ adjustment are based on linear analysis: therefore it is 

difficult to extend them to complex non-linear systems. Normally, a large amount of approximations 

and simplifications have to be performed and, unavoidably, they have a negative impact on the 

desired accuracy. Fortunately the characteristics of the Artificial Neural Network (ANN) approach, 

namely non-linear transformation and support to highly parallel operation, provide effective 

techniques for system identification and control, especially for non-linear systems [1-6]. The ANN 

approach has a high potential for identification and control applications mainly because: (1) it can 

approximate the nonlinear input-output mapping of a dynamic system; (2) it enables to model the 

complex systems’ behavior and to achieve an accurate control through training, without a priori 

information about the structures or parameters of systems. Due to these characteristics, there has 

been a growing interest, in recent years, in the application of neural networks to dynamic system 

identification and control. 

An Ultrasonic Motor (USM) is a typical non-linear dynamic system. It is a newly developed 

motor, which has some excellent performances and useful features such as high torque at low 
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speeds, compactness in size and thickness, no electromagnetic interference, short start-stop times, 

and many others. Due to the mentioned advantages, USMs have attracted considerable attention in 

many practical applications [7-10]. The simulation and control of an USM are crucial in the actual 

use of such systems. Following a conventional control theory approach, an accurate mathematical 

model should be first set up, in order to simulate and analyze USM’s behavior. But an USM has 

strongly nonlinear speed characteristics that vary with the driving conditions [11] and its operational 

characteristics depend on many factors, including the mode shape, the resonant frequency, the 

contact stiffness, the frictional characteristics, the working temperature and many others. Therefore, 

performing effective identification and control in this case, is a challenging task using traditional 

methods based on mathematical models of the systems. Moreover, to construct such complex and 

formal models is normally demanding from the control designer's point of view.  

The ANN approach can be applied advantageously to the specific tasks of USM’s 

identification and control since it is capable to tackle nonlinear behaviors and it does not require any 

system’s a priori knowledge. To this end, the dynamic recurrent multilayer network introduces 

dynamic links to memorize feedback information of the history influence. This approach has great 

developmental potential in the fields of system modeling, identification and control [12-16]. The 

Elman network is one of the simplest types among the available recurrent networks. In the 

following sections, a modified Elman network is employed to identify and control an USM, and a 

novel learning algorithm based on an improved particle swarm optimization is proposed for training 

the Elman network, so that the complex theoretical analysis of the operational mechanism and the 

exact mathematical description of the USM are avoided. 



2. Modified Elman Neural Network 

Figure 1 depicts the modified Elman Neural Network (ENN) which was proposed by Pham 

and Liu [17] based on the original Elman network introduced by Elman [18]. The modified Elman 

network introduces a self-feedback coefficient to improve its memorization ability. It is a type of 

recurrent neural network with different layers of neurons, namely: input nodes, hidden nodes, 

output nodes and, specific of the approach, context nodes. The input and output nodes interact with 

the outside environment, whereas the hidden and context nodes do not. The context nodes are used 

only to memorize previous activations of the hidden nodes and can be considered to function as a 

one-step time delay. The feed-forward connections are modifiable, whereas the recurrent 

connections are fixed. The modified Elman network differs from the original Elman network by 

having self-feedback links with fixed coefficient α  in the context nodes. Thus the output of the 

context nodes can be described by 

            ),,2,1(     )1()1()( nlkxkxkx lClCl Λ=−+−=α                   (1) 

where  and  are, respectively, the outputs of the lth context unit and the lth hidden 

unit and 

)(kxCl )(kxl

α  ( 10 <≤α ) is the self-feedback coefficient. When the coefficient α  is zero, the 

modified Elman network is identical to the original Elman network. If we assume that there are r 

nodes in the input layer, n nodes in the hidden and context layers, respectively, and m nodes in the 

output layer, then the input u is an r dimensional vector, the output x of the hidden layer and the 

output  of the context nodes are n dimensional vectors, the output y of the output layer is m 

dimensional vector, and the weights , and  are n

Cx

1IW 2IW 3IW ×n, n× r and m×n dimensional 

matrices, respectively. 

The mathematical model of the modified Elman neural network can be described as follows 
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and  is often taken as a linear function, that is  )(xg

)()( 3 kxWky I=                                   (6) 

Let the kth desired output of the system be . We can then define the error as )(kyd

 ))()(())()((
2
1)( kykykykykE d

T
d −−= .                  (7) 

Differentiating E with respect to ,  and  respectively, according to the gradient 

descent method, we obtain the following equations 
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which form the learning algorithm for the modified Elman neural network, where 1η , 2η  and 3η  

are learning steps of , and , respectively, and  1IW 2IW 3IW
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If  is taken as a linear function, then )(xg 1)( =⋅′ig . Clearly, Eqs. (10) and (13) possess recurrent 

characteristics. 
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From the above dynamic equations it can be seen that the output at an arbitrary time is 

influenced by the past input-output because of the existence of feedback links. If a dynamic system 

is identified or controlled by an Elman network with an artificially imposed structure, and the 

gradient descent learning algorithm is used to train the network, this may give rise to a number of 

problems: 

 the initial input of the context unit is artificially provided, which in turn induces larger errors of 

system identification or control at the initial stage.  

 searches are easy to get locked into local minima. 

 the self-feedback coefficient α  is determined artificially or experimentally by a lengthy 

trial-and-error process, which induces a lower learning efficiency.  

 if the network structure and weights are not trained concurrently, we have first to determine the 

number of the nodes of the hidden layer and then train the related weights. At the end these 

weights may not obey the Kosmogorov theorem therefore a good performance of dynamic 

approximation can not be guaranteed [19].  

    In order to face the above critical points, we propose a learning algorithm for the ENN based 

on an Improved Particle Swarm Algorithm (IPSO) to enhance the identification capabilities and 

control performances of the models. We call the proposed integration algorithm as IPBEA 

(IPSO-based ENN Learning Algorithm). Furthermore, a novel identifier and a novel controller, 

based on IPBEA, are designed to identify and control non-linear systems. In the following, they are 

named IPBEI (IPSO-based ENN Identifier) and IPBEC (IPSO-based ENN Controller) respectively. 

3. Improved Particle Swarm Optimization (IPSO) 

Particle Swarm Optimization (PSO), originally developed by Kennedy and Elberhart [20], is a 
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method for optimizing hard numerical functions based on the metaphor of the social behavior of 

flocks of birds and groups of fish. PSO can be briefly described as an evolutionary computation 

technique based on swarm intelligence. A swarm consists of individuals, called “particles”, which 

change their positions over time. Each particle represents a potential solution to the problem. In a 

PSO system, particles fly around in a multi-dimensional search space. During its flight each particle 

adjusts its position according to its own experience and the experience of its neighboring particles, 

making use of the best position encountered by itself and its neighbors. The overall effect is that 

particles tend to move towards most promising solution areas in the multi-dimensional search space, 

while maintaining the ability to search a wide area around the localized solution areas. The 

performance of each particle is measured according to a pre-defined fitness function, which is 

related to the problem being solved and indicates how good a candidate solution is. The PSO has 

been found to be robust and fast in solving non-linear, non-differentiable, multi-modal problems. 

The mathematical abstract and executive steps of PSO are as follows. 

Let the th particle in a -dimensional space be represented as i D ),,,,( 1 iDidii xxxX ΚΚ= . The best 

previous position (which possesses the best fitness value) of the i th particle is recorded and 

represented as , which is also called . The index of the best  

among all the particles is represented by the symbol

),,,,( 1 iDidii pppP ΚΚ= pbest pbest

g . The location  is also called . The 

velocity for the i th particle is represented as 

gP gbest

),,,,( 1 iDidii vvvV ΚΚ= . The basic concept of the 

particle swarm optimization consists of, at each time step, changing the velocity and location of 

each particle towards its  and  locations according to Eqs. (14) and (15), 

respectively: 

pbest gbest

tkXPrctkXPrckwVkV igiiii Δ−+Δ−+=+ ))(())(()()1( 2211          (14) 

tkVkXkX iii Δ++=+ )1()()1(                       (15) 
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where  is the inertia coefficient which is a constant in interval [0, 1] and can be adjusted in the 

direction of linear decrease [21]; c

w

1 and c2 are learning rates which are nonnegative constants; r1 and 

r2  are generated randomly in the interval [0, 1]; tΔ  is the time interval, and commonly be set as 

unit; , and  is a designated maximum velocity. The termination criterion for 

iterations is determined according to whether a maximum generation number or a designated value 

of the fitness is reached. PSO has attracted broad attention in the fields of evolutionary computing, 

optimization and many others [22-24]. 

],[ maxmax vvvid −∈ maxv

The method described above can be considered as the conventional particle swarm 

optimization, in which as time goes on, some particles become quickly inactive because they are 

similar to the  and loose their velocities. In the subsequent generations, they will have less 

contribution to the search task for their very low global and local search activity. In turn, this will 

induce the emergence of a state of premature convergence, defined technically as prematurity. To 

improve on this specific issue, we introduce an adaptive mechanism to enhance the performance of 

PSO: our improved algorithm is called Improved Particle Swarm Optimization (IPSO).  

gbest

In our proposed algorithm, first the prematurity state of the algorithm is judged against the 

following conditions after each given generation. Let’s define 

∑∑
−=

−==
n

i
if

n

i
i ff

n
f

n
f

1

22

1
)(1,1 σ             (16) 

Where  is the fitness value of the th particle, is the number of the particles in the population, if i n

f is the average fitness of all the particles, and  is the variance, which reflects the 

convergence degree of the population. Moreover, we define the following indicator, : 

2
fσ

2τ

2

2

2

f
fσ

τ =                             (17) 

If  is less than a small given threshold, decided by the algorithm’s user, and the theoretical 2τ
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global optimum or the expectation optimum has not been found, the algorithm is considered to get 

into a premature convergence state.  

In the case, we identify those inactive particles by use of the inequality 

θ≤
=−

−

)},,1(),max{( njff
ff

jg

ig

Λ
                      (18) 

where  is the fitness of the best particle  and gf gbest θ  is a small given threshold decided by 

the user. In this paper,  and 2τ θ  are taken as 0.005 and 0.01 respectively. 

Finally the inactive particles are chosen to mutate by using a Gauss random disturbance on them 

according to formula (19), while at the same time only one of the best particles is retained.  

),,1( Djpp ijijij Λ=+= β                  (19) 

where  is the ijp j th component of the th inactive particle; i ijβ  is a random variable and follow 

a Gaussian distribution with zero mean and constant variance 1, namely N(0,1)~ijβ .  

4. IPSO-based Learning Algorithm for Elman Neural Network 

(IPBEA) 

Let’s denote the location vector of a particle as X , and its ordered components as 

self-feedback coefficients, i.e. initial inputs of the context unit and weights. In the proposed 

algorithm, a “particle” consists of two parts: 

 the first part is named  “head”, and comprises the self-feedback coefficients;  

 the second part is named “body”, and includes the initial inputs of the context unit and all the 

weights.  

As far as the network shown in Figure 1 is concerned (where there are r nodes in the input layer, n 

nodes in the hidden and context layers, and m nodes in the output layer) the corresponding 

“particle” structure can be illustrated as in Figure 2. There ),,(~ 0
,

0
1,

0
nCCC xxX Λ=  is a permutation of 
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the initial inputs of the context unit, 1~ IW , 2~ IW and 3~ IW  are the respective permutations of the 

expansion of weight matrices ,  and  by rows. Therefore, the number of the 

elements in the body is 

1IW 2IW 3IW

mnnrnnn ⋅+⋅+⋅+ . While coding the parameters, we define a lower and 

an upper bound for each parameter being optimized. This restricts the search space of each 

parameter, and thus the specified bounds need to be validated against the given problem’s context. 

In our experiments, related to the USMs, the lower and upper bounds for weight matrices are taken 

as -2 and +2 respectively. 

In IPBEA searching process, two additional operations are introduced: namely, the “structure 

developing” operation and the “structure degenerating” operation. They realize the evolution of the 

network structure, and more specifically, they determine the number of neurons of the hidden layer. 

Adding (“structure developing”) or deleting (“structure degenerating”) neurons in the hidden layer 

is judged against the developing probability and the degenerating probability , respectively. If 

a neuron is added, the weights related to the neuron are added synchronously: such values are 

randomly set according to their initial range. If the degenerating probability  passes the 

Bernoulli trials, a neuron of the hidden layer is randomly deleted, and the weights related to the 

neuron are set to zero synchronously. In order to maintain the dimensionality of the particle, the 

maximal number of the neurons in the hidden layer is given, and taken as 10 in this paper. The 

evolution of the self-feedback coefficient 

ap dp

dp

α  in the part of the head lies on the probability . The 

probabilities , and are given by the following equation 

ep

ap dp ep

γ⋅
−

=== gN
eda eppp

1

                       (20) 

where  represents the number of generations that the maximum fitness has not been changed, 

and is taken as 50; 

gN

γ  is an adjustment coefficient, which is taken as 0.03 in this paper. It is worth 

mentioning here that the probabilities , and are adaptive with the change of . ap dp ep gN
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The elements in the body part are updated according to Eqs. (14) and (15) in each iteration, 

while the element α  is updated (always using Eqs. (14) and (15)) only if  passes the Bernoulli 

trials.  

ep

Moreover, the inertia coefficient  is adjusted in the direction of linear decrease using the 

following equation, according to Reference [21]: 

w

)()( maxminmax genkwwkw ×−=                     (21) 

where  is the inertia coefficient in the th iteration,  and  are the maximum and 

the minimum of the inertia coefficient, respectively, and  is the maximum generation of 

iterations. In our experiments, related to the USMs, we have defined 

)(kw k maxw minw

maxgen

,5.1max =w  and 0.1min =w . 

5. USM Speed identification using the IPSO-based Elman Neural Network  

In this section, we present and discuss a dynamic identifier to perform the identification of 

non-linear systems based on the IPSO-based Elman Neural Network proposed in the previous 

section. We named the novel dynamic identifier as IPSO-based ENN Identifier (IPBEI). The 

proposed model can be used to identify highly non-linear systems. In the following, we have 

considered a simulated dynamic system of the ultrasonic motor as an example of a highly nonlinear 

system. In fact, non-linear and time-variant characteristics are inherent of an ultrasonic motor. 

Numerical simulations have been performed using the model of IPBEI for the speed 

identification of a longitudinal oscillation USM [25] shown in Figure 3. Some parameters on the 

USM model in our experiments are taken as follows: driving frequency , amplitude of 

driving voltage , allowed output moment 

kHZ8.27

V300 cmkg ⋅5.2 , rotation speed . The 

parameters on the IPSO are taken as: population scale 80, learning rates  and 

sm /8.3

9.11 =c 8.02 =c . 

The initial number of the neurons in the hidden layer is 10. The Block diagram of the identification 

model of the motor is shown in Figure 4. 
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In the simulated experiments, the Elman neural network is trained on line by the IPSO 

algorithm. The fitness of a particle is evaluated by the reciprocal of the mean square error, namely 

∑
+−=

−==
k

pki
jd

j
j iyiyp

kE
kf

1

2))()((
)(

1)(                 (22) 

where  is the fitness value of the particle)(kf j j  at time , k p  is the width of the identification 

window ( taken as 1 in this paper),  is the expected output at time ,  and  is the 

actual output corresponding to the solution found by particle 

)(iyd i )(iy j

j  at time . The smaller the 

identification window, the higher identification precision will be obtained. The iterations continue 

until a termination criterion is met, where a sufficiently good fitness value or a predefined 

maximum number of generation is achieved in the allowed time interval. Upon the identification of 

a sampling step, the particles produced in the last iteration are stored as an initial population for the 

next sampling step: only 20% of them are randomly initialized. In fact, these stored particles are 

good candidate guesses for the solution for the next step, especially if the system is close to the 

desired steady-state. In our numerical experiments, the use of the described techniques has 

significantly reduced the number of generations needed to calculate an acceptable solution. 

i
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In order to show the effectiveness and accuracy of the identification by the proposed method, a 

durative external moment of  is applied in the time window [0.4, 0.7s] to simulate an 

external disturbance. The curve of the actual motor speed is shown as curve a in Figure 5, and curve 

b is a zoom of curve a at the stabilization stage. Figures 6 to 11 show the respective identification 

results. The proposed IPBEI model is compared with the original Elman model using the gradient 

descent-based learning algorithm. In all the following figures, the motor curve is the actual speed 

curve of the USM, represented by the solid line and the symbol “×”; the Elman curve is the speed 

curve identified using the Elman model with gradient-descent-based learning algorithm, and 

represented by the solid line and the symbol “●”; the IPBEI curve is the speed curve identified 

using the IPBEI model, and represented by the short dot line and the symbol “

mN ⋅1

”. The Elman error 
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curve is the error curve identified using the Elman model with gradient-descent-based learning 

algorithm, and the IPBEI error curve is the error curve identified using the IPBEI model, in which 

the error is the difference between the identification result and the actual speed. 

Figure 6 shows the speed identification curves for the initial stage, with the exclusion of the 

first 10 sampling data, obtained from different methods, The maximal identification error using the 

proposed method is not larger than 0.004, which is obviously superior to the maximal identification 

error 3.5 obtained by using the gradient-descent-based learning algorithm.  Figure 6 shows that, in 

this experiment, the proposed IPBEI model can approximate the optimum solution very fast and it 

has the ability to produce good solutions in the sampling interval, since the results at the initial 

stage, except for the first 10 sampling data, are stable.  

Figures 7 and 8 show respectively the speed identification curves and error curves for the 

disturbance stage. Figures 9 and 10 respectively show the speed identification curves and error 

curves for the stabilization stage. These results demonstrate the full power and potential of the 

proposed method. If we compare the identification errors obtained with the two methods, we see 

that in the gradient descent-based learning algorithm they are ca. 0.005, while in the proposed 

method they are about an order of magnitude smaller, i.e. less than 0.0004. In other words, the 

identification error of the IPBEI is about 8% that of the Elman model trained by the gradient 

descent algorithm, and the identification precision is more than 99.98%. Such precise results are 

mainly attributed to the fast convergence of the improved PSO learning algorithm. Besides, the 

identifier IPBEI runs on line, and the samples are identified one by one. 

Our simulated experiments of the identification algorithms have been carried out on a PC with 

Pentium IV 2.8 GHz processor and 512MB memory. There were 21000 sampling data and the 

whole identification time has been about 6.2 seconds. The average CPU-time for the identification 

of a sampling data has been about 0.03 msec.  

The proposed on-line identification model and strategy can be successfully used to identify 



highly non-linear systems. Moreover, the on-line learning and estimation approach can identify and 

update the parameters required by the model to ensure model accuracy when condition changes. 

6. USM Speed control using the IPSO-based Elman Neural Network 

In this section, we present and discuss a novel controller specially designed to control 

non-linear systems using the IPSO-based Elman network, which we name IPSO-based ENN 

Controller (IPBEC). The proposed on-line control strategy and model can be used for any type of 

non-linear systems especially when a direct controller cannot be designed due to the complexity of 

the process and related system model. The USM used in Section 5 is still considered as an example 

of a highly nonlinear system to test the performance of the proposed controller. The optimized 

control strategy and model is illustrated in Figure 11. 

In the developed IPBEC, the Elman network is trained on line by the IPSO algorithm, 

proposed in section 3, and the driving frequency is taken as the control variable. The fitness of a 

particle is evaluated computing the deviation of the control result over the expected result from a 

desired trajectory, which is formulated as follows 

22 ))()((1)(1)( iyiykeif jdjj −==                   (23) 

where  is the fitness value of the particle)(kf j j at sampling time ,  is the expected output 

at time   and  is the actual output corresponding to the solution found by particle 

i )(iyd

i )(iy j j  at 

time . In order to deal with real-time control, the algorithm stops after a maximum allowed time 

has passed. In our experiments, during each discrete sampling interval the control algorithm is 

allowed to run for 1 ms, which is equal both to the time of the sampling interval and to the time 

available for calculating the next control action. In a similar way to Section 5, after a sampling step 

the produced particles in the last iteration are stored as an initial population for the next sampling 

i
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step, and only 20% of the particles are randomly initialized. Control results (figure 12 to 16) show 

that the proposed algorithm can approximate the optimal solution rapidly, and the identified 

solutions are accurate and acceptable for practical and real-time control problems. 

Figure 12 shows the USM speed control curves using three different control strategies when 

the control speed is taken as . In the figure, the dotted line a represents the speed control 

curve based on the method presented by Senjyu et al.[26], the solid line b represents the speed 

control curve using the method presented by Shi et al.[27] and the solid line c represents the speed 

curve using the method proposed in this paper. Simulation results show that the stable speed control 

curves obtained by using the three methods possess different fluctuation behaviors. The existing 

neural-network-based methods for USM control have lower convergent precision and it is therefore 

more difficult to obtain the accurate control input for the USM. From Figure 12 it can be seen that 

the amplitude of the speed fluctuation using the proposed method is significantly smaller at the 

steady state than the other methods. The fluctuation degree is defined as 

sm /6.3

 %100/)( minmax ×−= aveVVVζ                     (24) 

where  and  represent the maximum, minimum and average values of the speeds. As 

reported in Figure 12, the maximum fluctuation values when using the methods proposed by Senjyu 

and Shi are 5.7% and 1.9% respectively, whereas they are reduced significantly to 0.06% when 

using the method proposed in this paper. The control errors when using the methods proposed by 

Senjyu and Shi are about 0.1 and 0.034 respectively, while the error is kept within 0.001 (again 

more than one order of magnitude smaller) when using the proposed IPBEC. Figure 13 shows an 

enlargement of the control curve using the IPBEC controller. 

minmax ,VV aveV

The speed control curves of the referenced values varying with time are also examined to 

further verify the control effectiveness of the novel method. Figure 14 shows the speed control 

curves, where the reference speed varies first step-wise and then follows a sinusoidal behavior: the 

solid line represents the reference speed curve while the dotted line represents the speed control 
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curve based on the method proposed in this paper. Figure 15 shows an enlargement of Figure 14 in 

the time window [10.8s, 11.2s], where there is a trough of the reference speed curve. From the two 

figures it can be seen that the proposed controller performed successfully and possesses a high 

control precision. 

For the sake of verifying preliminarily the robustness of the proposed control system, we 

examine the response of the system when an instantaneous perturbation is added into the control 

system. The speed reference curve is the same to that in Figure 14. Figure 16 shows the speed 

control curve when the driving frequency is subject to an instantaneous perturbation (5% of the 

driving frequency value) at time = 6 seconds. From the figure it can be seen that the control model 

possesses a rapid adaptive behavior against the randomly instantaneous perturbation on the 

frequency of the driving voltage. Such behavior suggests that the controller presented here exhibits 

a robust anti-noise performance and can handle a variety of operating conditions without losing the 

ability to track accurately a desired course. 

7. Conclusions 

The proposed learning algorithm for Elman neural networks based on the improved PSO 

overcomes some known shortcoming of ordinary gradient descent methods, namely  (1) their 

sensitivity to the selection of initial values and (2) their propensity to lock into a local extreme point. 

Moreover, training dynamic neural networks by IPSO does not need to calculate the dynamic 

derivatives of weights, which reduces significantly the calculation complexity of the algorithm. 

Besides, the speed of convergence is not dependent on the dimension of the identified and 

controlled system, but is only dependent on the model of neural networks and the adopted learning 

algorithm. The proposed learning algorithm guarantees the rationality of the algorithm and realizes 

concurrently the evolution of network construct, weights, initial inputs of the context unit and 

self-feedback coefficient of the Elman network. In this paper, we have described, analyzed and 

discussed an identifier IPBEI and a controller IPBEC designed to identify and control non-linear 



systems on line. When the system is disturbed by an external noise, it can learn on line and adapt in 

real-time to the nonlinearity and uncertainty. Our numerical experiments show that the designed 

identifier and controller can achieve both higher convergence precision and speed, relative to 

current state-of-the-art other methods. The identifier IPBEI can approximate with high precision 

(error less than 0.0004) the nonlinear input-output mapping of the USM, and the effect and 

applicability of the controller IPBEC are verified using different kinds of speeds of constant, step, 

and sinusoidal types. Besides, the preliminary examination on a random perturbation also shows the 

robust characteristics of the two models. The methods described in this paper can provide effective 

approaches for non-linear dynamic systems identification and control. More detailed theoretical 

analyses on the robustness and convergence for the identification and speed control of the USM 

using the proposed methods are currently being investigated. 
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Appendix A. The mathematic model of the Longitudinal Oscillation USM 

The mathematic model of the longitudinal oscillation USM [25] used in this paper is represented by 

the following state space equations: 
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where , )sin()( ptAtu = ry vvv −=Δ , Ω= rvr . 

Explanations of the above symbols are given in the following nomenclature. 

 

0x       Initial displacement of the stator tip in the longitudinal direction 

0y       Initial displacement of the stator tip in the flexural direction 
E       Young’s modulus of elasticity 
I        Area moment of inertia about an axis normal to the plane 

0ρ       Density of material 
S        Area of the cross-section of the beam 

),( txF    Axial compressive force assumed to be equal to  F
P        Resultant force parallel to the rotor surface 

0y&       Initial velocity of the stator tip in the flexural direction 

cμ        Coefficient of slipping friction between the stator tip and the rotor 

yv        Velocity of the stator tip 

rv        Linear speed of the rotor at the contact point 
r         Radius from the center of the plate to the contact point 

rF        Driving force produced by the resultant force parallel to the rotor surface 
μ         Friction coefficient during the sticking phase 
Ω         Angular velocity of the rotor 
J           Moment of inertia of the rotor 
M        External moment 
R         Radius of the rotor 

)(xδ       Dirac delta function 
)sgn(⋅      Sign function 

α       Angle between the rotor surface and the vertical 
l        Length of the stator 

A       Amplitude of driving voltage 
K       Elastic coefficient in the longitudinal direction of the piece 

p       Driving frequency 
F       Elastic force of the stator in the longitudinal direction 
Nomenclature 
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Figure captions 

Figure 1. Architecture of the modified Elman network  

Figure 2. Structure of a particle 

Figure 3. Schematic diagram of the motor 

Figure 4. Block diagram of identification model of the motor 

Figure 5. Actual speed curve of the USM with a durative external disturbance 

Figure 6. Speed identification curves for the initial stage 

Figure 7. Speed identification curves for the disturbance stage 

Figure 8. Speed identification error curves for the disturbance stage 

Figure 9. Speed identification curves for the stabiliztion stage 

Figure 10. Speed identification error curves for the stabiliztion stage 

Figure 11. Block diagram of the speed control system 

Figure 12. Comparison of speed control curves using different schemes 

Figure 13. An enlargement of the control curve using the IPBEC controller 

Figure 14. Speed control curves with varied reference speeds 

Figure 15. An enlargement of Figure 14 in the time windows [10.8s, 11.2s] 

Figure 16. Speed control for randomly instantaneous disturbance 
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Figure 1. Architecture of the modified Elman network 
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Figure 2. Structure of a particle 
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Figure 3. Schematic diagram of the motor 
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Figure 4. Block diagram of identification model of the motor 
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Figure 5. Actual speed curve of the USM with a durative external disturbance 
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Figure 6. Speed identification curves for the initial stage 
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Figure 7. Speed identification curves for the disturbance stage 
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 Figure 8. Speed identification error curves for the disturbance stage 
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Figure 9. Speed identification curves for the stabilization stage 
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Figure 10. Speed identification error curves for the stabilization stage 
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Figure 11. Block diagram of the speed control system 
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Figure 12. Comparison of speed control curves using different schemes 
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Figure 13. An enlargement of the control curve using the IPBEC controller 
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Figure 14.  Speed control curves with varied reference speeds 
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Figure 15. An enlargement of Figure 14 in the time window [10.8s, 11.2s] 
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Figure 16. Speed control for randomly instantaneous disturbance 
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