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(ABSTRACT) 

In this thesis, the plant identification, state estimation based on the identified 

plant and also the design of a neuro-controller using multi-layer perceptrons 

(MLPs) for a complex system are presented. The quasi-linear system to be 

controlled is both unstable and nonlinear. The complete nonlinear feedback control 

system is designed without a priori information of the plant dynamics, using only 

measured input/output data. The first design step is to combine a conventional 

method of multivariable system identification with a dynamic multi-layer 

perceptron (MLP) to achieve a constructive method of system identification. Based 

on the identified linear model of the system, states will be estimated and converted 

to more appropriate state for control in the second design step. The class of quasi- 

linear nonlinear systems is assumed to operate nominally around an equilibrium 

point in the neighborhood of which a linearized model exists to represent the 

system, although normal operation is not limited to the linear region. The results 

presented here provide an accurate discrete-time nonlinear model, which is used in 

the design of a nonlinear state estimator. The controller design is derived from a 

switched-linear feedback controller from the estimated states using the identified 

linearized model of the system around each suitable operating point, as a role 

model for the neuro-controller in the initial phase. Finally, using the partially



trained controller, the neuro-controller can be further trained "on-line" using a 

selected performance index to guide the learning. A prototype problem, an inverted 

pendulum system, is simulated as a physical system to be identified and to be 

controlled. Simulation results indicate that the present design method is very 

reliable comparing with other methods and hence is suitable for both identifying 

and controlling critical industrial processes. The prominent feature of this method 

is that no specific model information is initially required throughout the 

identification and control of the nonlinear plant. As an application of identifying 

an unknown plant in power electronics systems, an empirical data modeling 

approach which aims at generating small-signal equivalent models and also 

nonlinear models for a general class of converters, including resonant converters, 

and subsystems in a distributed power system is presented.
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1. Introduction 

1.1. Background 

Real-world industrial processes have always been of considerable interest for 

control theorists and practioners. These processes are typically characterized with 

partially understood nonlinear system dynamics as well as lack of knowledge of 

true system parameters, noises, and uncertainties in the interactions between 

process and its environment. Over the last decade, theorists of classical and modern 

control have been promoting new and sophisticated techniques, under the heading 

of adaptive control to meet some of these difficult problems. However, rigorous 

mathematical treatment is constrained usually by a set of assumptions with various 

degrees of validity. To ensure applicability of certain theories, continuous 

verification of underlying assumptions must be enforced, which from a practical 

viewpoint is often impossible. 

There has been ongoing research on using neural networks for identification 

and control of unknown nonlinear dynamic systems since the early 1960's. The idea 

of using neural networks for controlling physical systems has more recently seen 

a great deal of attention. One of the main objectives is to remove the requirements 

of having an exact detailed mathematical model for the system. The underlying 

promise is that through recursive learning, a neural network will be able to mimic 

the essential dynamical characteristics of the physical system. Until the advent of 

recent neurocomputing techniques almost all feedback control designs required a 

detailed model of the system to be controlled. Since real-world systems cannot be 

modeled in precise mathematical terms due to unmodeled dynamics and, typically,



a noisy environment, it is very difficult to determine an exact model for a complex 

nonlinear system. If there are significant plant dynamics that are not included in 

design model, then feedback control system will perform worse than expected and 

may be unstable around the operating point. Consequently, there is a need for a 

non-classical technique which has the ability to accurately model these physical 

processes to prevent the controller's failure due to modeling errors. The control of 

an unknown plant becomes even more complicated, especially when the state of the 

plant is not always measurable and control must be done using only input/output 

data. But, it has been shown that a multi-layer perceptron (MLP), one of the many 

forms of artificial neural networks (ANNs) is a universal function approximator, 

i.e. with sufficient training on appropriate input/output data, an MLP can represent 

arbitrarily closely any continuous vector map. Later this model is used to train a 

neuro-controller for nonlinear plants [1,2]. One of the challenges for future research 

in the field of control is to develop robust, adaptive, and fault-tolerant controllers. 

So far, significant progress has been made in the theory and applications of 

adaptive control. It has become a promising approach to achieve high performance 

of advanced control systems. However, current adaptive control approaches have 

their limitations. For one, these methods usually make use of a structured type of 

uncertainty in which the plant model has a known form, but with unknown 

parameters. Moreover, adaptive control systems designed according to existing 

theory could become unstable due to the excitation of the inevitable unmodeled 

dynamics and in the presence of unmeasurable output disturbances. Therefore, it 

is important to develop an approach in which the structure of the plant model could 

be well identified during an identification process. 

Although the theory of linear system identification may now be considered 

to be a mature discipline, new techniques, particularly for nonlinear system



identification, continue to be of interest. In this research such a method is 

addressed in the context of using neural networks [3]. Neural networks of various 

types and structures (paradigms) have been found to be efficient tools for 

identifying nonlinear systems, e.g. through Volterra series models, group method 

of data handling (GMDH) models, self-organizing neural nets (SONN) models and 

radial basis functions [4,5,6,7]. Although there are many techniques available for 

the corresponding linear identification problem, MLPs may be regarded as a non- 

classical technique which can accomplish similar results using only input/output 

data, i.e. without prior model information. Most importantly, MLPs do not require 

the usual assumption of linearity. Thus, although it is true that neural networks can 

offer little, if any, improvement over existing methods of identification of linear 

systems, they do present a potential for capturing the complex nonlinearities of 

industrial processes of all kinds in a universal manner never before imagined [8]. 

Among the several researchers of control community using ANNs over the 

past two decades, Narendra has used dynamic ANNs as components in dynamical 

systems, concentrating on system identification and control of the nonlinear plants 

[9,10,11]. Pao introduced functional-link net which constructs a nonlinear mapping 

into the input layer to reduce the complexity of ANNs [12]. Psaltis et al. introduced 

a modified error-back propagation algorithm based on propagation of the output 

error through the plant which is considered an additional unmodifiable layer of the 

ANN, using its partial derivatives at the operating point [13]. Guez presented 

trainable adaptive controllers which consist of a teacher, the trainable controller and 

a plant. The teacher may be automated as a linear or nonlinear control law, or it 

may be a human expert to provide the knowledge of the system dynamics through 

the analysis of the controlled process [14]. Baird HI et al. developed a hybrid 

controller which is a combination of an adaptive controller and ANNs to cope with



time-varying dynamics [15]. One of the main trends in training an ANN is to learn 

the system's inverse assuming that the system is invertible, and then the desired 

system output is achieved using the control input generated by the system's inverse. 

But Gu and Cui et al. pointed out that even if the system is invertible, the inverse 

control scheme may not be acceptable due to possible internal instability in a non- 

minimum phase system [16,17]. Another trend is borrowing the concept of linear 

optimal theory in ANNs using, not only quadratic errors, but also a more general 

cost function (or performance criterion) to reduce system output errors [18,19,20]. 

Since ANNs are used to take into account nonlinear effects of the system to the 

conventional linear optimal controller, ANNs broaden the range of control beyond 

the limited range of using linear optimal control law alone. In designing the above 

mentioned controllers the most important thing is to develop an efficient training 

algorithm. Usually, the "training" of an ANN is typically not straightforward. There 

is still a high degree of "art" associated with selecting and training of an ANN. 

However, in this work we will emphasize systematic steps used to achieve a 

nonlinear feedback control design with an explanation of the state estimation 

technique based on the identified model. 

MLPs are regarded as a non-classical tool for identification and control of 

nonlinear systems using only input/output data; however, there are many difficult 

problems to overcome, such as when the nonlinear system is found to be both 

complex and unstable. This latter condition complicates the "training" of the MLP 

[21]. One approach is to stabilize the system locally. Such stabilization of a 

nonlinear dynamic system can be done for systems which are controllable near an 

equilibrium state, i.e. stabilizing the linearized model near the equilibrium point 

with linear feedback [22,23,24,25]. From the extension of well-known linear system 

theory, if all the states are available through measurements, both theory and



application indicate that "locally controllable" systems in the domain of our interest 

can be controlled by forcing proper inputs to the system. Unfortunately, there is no 

general theory regarding performance if estimated states (instead of actual states) 

are used in the feedback process of the nonlinear system. In cases such as all the 

states of the system are not accessible, but only outputs can be measured, the task 

of control becomes more complicated. Therefore, the observability of the nonlinear 

system is a critical issue. After checking the observability of the identified system 

near an equilibrium point, we can define a “locally observable" system in the 

domain of interest, whose concept is similar to that of a “locally controllable" 

system in the neighborhood of the equilibrium point. In many control problems, 

often it is inconvenient to measure every system state due to various restrictions, 

but it would be desirable to feedback all the states of the system if it were possible 

to generate the state variations in some indirect way. 

In the group of researchers who are interested in constructing nonlinear 

observers for feedback linearizable nonlinear systems, Hunt and Verma insisted that 

a properly designed observer can work well together with the controller if the 

system is feedback linearizable [26]. But they admitted that their result is local 

because their domain of interest is sufficiently small. Therefore, there 1s little 

difference from the well-known linear observer of a linearized model of the 

nonlinear system. Dhingra et al designed an estimator by assigning “additional state 

variables" as outputs of the nonlinear blocks. After all, the plant is re-modeled as 

an "extended state space" model which permits a computationally efficient state 

estimator to be devised [27]. Even though the estimation procedure, which is 

similar to a Kalman filter algorithm, exhibits good structural robustness properties, 

the system nonlinearities are assumed to be known in advance. During the process 

of the fabrication of the controllers, Cheok and Beck generated state estimates by



a delayed-measurement observer which compares with Luenberger reduced-order 

observer [28]. The observer which was originally designed by Loh and his 

colleagues looks simpler and more efficient than that of Luenberger since it has no 

dynamics [29]. But it depends heavily on the quality of the measurements. 

Furthermore, they assumed that they already knew which state should be estimated 

(either discrete integration or differentiation). Therefore, there is no generality 

applicable to the system unless we are familiar with the internal structure of the 

system. 

The design approach proposed here involves three main steps: The first steps 

are to determine an equilibrium point and identify the linearized system about this 

equilibrium point by a combination of the connectionist approach (with back- 

propagation supervised learning) and a conventional method of multivariable 

system identification. This classical approach can examine all the admissible 

structures of the system in order to obtain a (linear) model which optimally 

generalizes over the available input/output data around the equilibrium point. This 

linear model is, in turn, incorporated into the MLP model as that part of the system 

corresponding to the linear feedthrough terms of the MLP (using a linear output 

activation function). The resulting identified model is called the modified dynamic 

MLP model with inputs representing both the actual inputs and delayed versions 

of the inputs and outputs to capture both the nonlinearities and the dynamics of 

the system. This modified dynamic MLP will be restricted to a simple single 

hidden layer form so that analytical information can be readily obtained from the 

derived model. The reader is referred to Reference [8] for details. Since the order 

or the structure of higher-order neural networks can be tailored to the order or 

structure of the problem from the linear modeling stage, a neural network designed 

for a particular class of problems such as quasi-linear systems can be specialized



and very efficient in solving those problems. 

To demonstrate the validity of the technique, this method is used on certain 

power electronics systems in order to provide discrete-time (D-T) small signal 

models not only for pulse-width modulation (PWM) converters, but also for 

resonant type converters. The resulting small-signal model describes the converter 

as a linear time invariant system and the knowledge of the identified linear system 

can be applied to switching converters. But switching regulators are inherently 

nonlinear, only small-signal methods are generally used in order to apply linear 

control theory. However, this small-signal approximation cannot represent the 

nonlinear characteristics of the regulator, which becomes significant for large 

perturbations. Due to an inadequate modeling of a switching regulator, the resulting 

feedback controller might fail to control the regulator beyond the assumed small- 

signal model boundary. Therefore, an MLP network with inputs representing both 

the actual inputs and delayed versions of both the inputs and outputs is needed to 

capture both the nonlinearities and the dynamics of the system in large-scale 

simulation. 

The second step is to generate the estimates of the state variables of the 

system based on the identified linear model in order to construct an optimal linear 

state feedback controller from the estimated states % near an equilibrium point, e.g. 

x = 0. 

After completion of identifying and controlling the linear part of the plant, 

the remaining nonlinear part of the system will be identified and controlled, 

separately. At least conceptually, and for relatively tractable systems, the remaining 

nonlinear part of the system can be captured with a single hidden layer having a 

number of processing elements (neurons) with nonlinear memoryless activation 

functions embedded in a linear dynamic system. In order to have a network of



minimal complexity, pruning 1s done by removing connections whose weights have 

small values, including connections to neurons in the hidden layer if their contribu- 

tion is insignificant. 

The final step is to design a neuro-controller using the information from the 

identified nonlinear parts of the system. The (constant) control gains are calculated 

for each operating point chosen selectively—to be used for simulation and data 

collection. The data is obtained using a switched-linear controller for the purpose 

of developing a neural net replacement. The neural net is needed for 

implementation and interpolation, two inherent and attractive properties of 

feedforward multilayer networks. Utilizing the designed switched-linear state 

feedback controller as an initial role model for the neuro-controller, this partially 

trained neuro-controller can be trained completely based on a desired performance 

index in the domain of interest. This final step ensures that the controller goes 

beyond its previous training stage and captures the necessary control actions for the 

nonlinear plant. 

1.2. Problem Statement 

A general class of discrete dynamical systems can be represented by the 

following state space model: 

x(kK+1) = f[x(k), u(k)] 

y(k) = g[x(4), u(4)] (1) 

where u and y are the system input and output vectors, respectively, and the state 

x 1S Some combination of delayed inputs and outputs. The nonlinear functions f and 

8



g are assumed to have continuous partial derivatives. The class of nonlinear 

systems for this dissertation is called quasi-linear systems, meaning that around 

some operating point a linearized model describes the local system stability; and, 

further, the order of the system is assumed to be invariant over the desired 

(nonlinear) operating region. 

Given that neither the order of the system (dimension of x) , nor the vector 

maps f and g are known, an MLP can be trained to represent the system by 

assuming only that the inputs and corresponding outputs of the system are 

measurable. Using the initial knowledge of the first MLP, a second MLP will be 

introduced as a feedback controller based on the state estimates * instead of x, 

trained on the minimization of a selected cost functional. Fig. 1 illustrates the 

structure of the method. Since the ultimate control objective is to regulate the plant 

output to zero asymptotically, for simplicity, the reference input r is taken to be 

zero, i.e. for the present purpose of the regulation problem. | 

Initially, the identification is carried out using a dynamic MLP which 

consists of delayed inputs and outputs as additional inputs to the MLP. Dynamics 

are incorporated into the model using the standard assumption that the outputs of 

the network, which correspond to the outputs of the actual plant, are used to derive 

part of the network inputs, which include the system inputs as well as delayed 

versions of the system inputs and outputs. This structure which is called a modified 

dynamic MLP is presented in Fig. 2, with an arbitrary number, h, of delays. The 

extent to which the outputs are delayed depends on the order of the unknown 

system. Since all network inputs are connected through to the neurons in hidden 

layer, keeping the number of network inputs small is very important in minimizing 

the complexity of MLPs with desirable accuracy. 

This work was motivated by the desire to extend the models of systems
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Fig. 1. Control from Identified Plant 

which are linear (for small signal variations around an operating point) well into 

their nonlinear range. Since constructing a linear controller is based on the 

linearized model of the nonlinear plant around an equilibrium point, the 

linearization must be done to reduce the dynamics of a nonlinear system to a 

linear model. However, when the system goes deeper into its nonlinear range where 

the assumption of linearity is not valid any more, the system with linear controller 

may be unstable. In this research, our ultimate goal is to design a neuro-controller 

which can stabilize the system far beyond the linearized region. 

An inverted pendulum system is selected as a prototype example of this 

class of nonlinear dynamic systems in Eqn. (1) for two reasons: (1) the system is 
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Fig. 2. Modified Dynamic Neural Network 

a classical unstable system with severe nonlinear dynamics and therefore 

representative of this class of difficult control problems; and, (2) so many previous 

researchers have investigated this problem with their own assumptions that it has 

often been considered a "benchmark system" in the control literature [30,31,32]. 

The control objective is to balance the pole in the upright position while 

maintaining cart at the center of the tracks as quickly as possible even with a large 

initial deflection. Fig. 3 illustrates the cart within its position boundaries. Four 

state variables represent the state of the system dynamics: @ (the angular position 

of the pole), 6 (the angular velocity of the pole), p (the position of the cart on the 

track), p (the velocity of the cart on the track). The system dynamic equations are 

the following two second-order differential equations, derived from first principles: 
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Fig. 3. Cart/Pendulum System 

where the parameters M, the cart mass; m, the pole mass; /, the pole length, have 

the values 1, 0.1 and 1, respectively, all in SI units (g = 9.81 m/s? ). 
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1.3. Organization of Dissertation 

The dissertation is organized in the following way. Chapter 2 begins with 

a section which describes pre-processing of the input/output data to prepare the 

data for training the MLP. More than simple scaling and shifting of the data, pre- 

processing seeks to determine indications of relationships between the various 

signals, e.g. involving a study of the statistical correlation between input and output 

data. Also care must be taken to obtain data that is representative of the system's 

entire range of response, since an MLP can only learn to model the system to the 

extent that the data is complete. The details of a (hybrid) linear system 

identification technique for the linearized model of nonlinear system around its 

equilibrium point to extract the linear part of the unstable system are explained in 

the remainder of Chapter 2. The conventional method of multivariable system 

identification, which utilizes all possible observable structures of the system to 

achieve a linearized model, is presented briefly. This method is used to optimally 

generalize over the available input/output data around an equilibrium point. Chapter 

3 addresses the topic of modeling of a highly nonlinear power electronics system. 

The first section deals with small-signal modeling of power converters including 

an open-loop boost converter, a series-resonant converter and a forward multi- 

resonant converter, which is used to design feedback controllers. The following 

section is concerned with large-signal modeling of both open-loop boost converters 

and closed-loop buck converters. Due to the highly nonlinear characteristics of 

power converter systems, it is not easy to check transient responses of the system 

in various step-load (or line) changes. An MLP, which was trained without 

transient response data, is used to identify the transient response of the plants in 

the large-scale system simulation. The well-trained MLP shows the nonlinear 
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behavior of the system outside the linear region and also gives a close 

approximation of the boundaries where the system might go unstable, i.e. beyond 

the capability of the linear feedback controller. Identification of the inverted 

pendulum system is discussed in Chapter 4. The method and algorithm of 

generating the estimates of the states variables based on the robust hybrid linear 

system identification technique is explained in Section 4.1.A and 4.1.B. 

Identification and state estimation of the linearized inverted pendulum system is 

discussed in Section 4.1.C. The structure of the final MLP (based on the identified 

linear model of the system) completing the nonlinear part identification is given in 

Section 4.1.D. Among others, these details are concerned with determining the 

number of neurons needed to capture the nonlinearities of the system. Pruning is 

used to ensure a network which is large enough to generalize, yet small enough to 

implement easily. Section 4.2.A is concerned with designing a switched-linear 

controller to stabilize the system initially. Using an optimal switched-state feedback 

controller as an initial role model of the neuro-controller, final training of the 

neuro-controller according to the performance index is discussed in Section 4.2.B. 

Finally, a discussion of the simulation results and some directions for future work 

are presented in Chapter 5. 
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2. Robust Hybrid Identification 

2.1. Introduction 

Two widely differing identification techniques for MIMO systems are 

presented in order to provide a basis for comparison and selection [8]. The first 

technique is a novel identification procedure which uses input/output data to 

establish, not only the system order, but also the minimal number of parameters 

required for representation [33]. The second technique uses a connectionist 

approach along with back-propagation learning to establish the identified model 

[34]. After a development of each method, an example, which is necessarily 

restricted to be linear, is presented to illustrate relative numerical accuracy as well 

as advantages and disadvantages of each method. To identify a system, the classical 

approach requires sequential data of the system, and identifies the parameters as 

well as the initial state for different structures. Unless the state is initialized 

appropriately, this model does not work well for a different set of sequential data 

of the unstable system. In contrast, back-propagation learning does not need 

specific initial states of the system in training, but does need information such as 

the approximate order of the given system and the most appropriate structure of 

state space form. Hence these two methods are not completely disparate and can 

be combined to capture the advantages of both for a robust hybrid identification 

technique. Particularly when the system is unstable, there is very little choice in 

generating input/output data except choosing different initial conditions and 

stopping the process before the states of the system leave the domain of interest or 

beyond the limit of safety. Therefore, the initial stage of data selection for 
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identifying the unstable system is crucial and is discussed in Section 2.2. The basic 

modeling structure using an MLP with an explanation of nonlinear squashing 

function is addressed in Section 2.3. After a review of the robust hybrid 

identification approaches in the Section 2.4, 2.5, and 2.6, there follows a brief 

summary of the identification process as applied to D-T systems in Section 2.7. 

This hybrid method was developed to use only input/output data to determine both 

the structure and the system parameters with no other system information. 

2.2. Pre-processing 

The initial stage of data selection for training an MLP is very important. 

For example, it is not only the range of data, but its distribution, that is necessary 

to define a good mapping. The reason for this is that the system will typically 

occupy a very small region, 1.e. the neighborhood around either a stable or unstable 

(with controller) equilibrium point, for the vast majority of the response time. One 

solution to this problem is to excite the system with varying amounts of pseudo- 

random disturbance, up to the point where the system can be controlled by the 

controller, so that the data collected will be representative of the entire range of the 

system. Acquiring input/output data which show nonlinear characteristics of the 

system, within safe operating conditions of an industrial process, 1s very important 

in training MLPs. 

Once a satisfactory statistical distribution of the data achieved, it is normally 

found that the ranges of the unprocessed input/output data are not appropriate for 

training a neural network. A common cause of problems stems from presenting 

data to a back-propagation algorithm as raw values, rather than in values that have 

been suitably scaled to the neuro-dynamic functions being used. The MLP network 
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commonly uses a sigmoid, or hyperbolic tangent, activation function. For present 

purposes the hyperbolic tangent function, which responds in a nearly linear fashion 

to summations between about -2 to +2, will begin to saturate when its input 

approaches either extreme. When the hyperbolic tangent is used as a nonlinear 

squashing function, it produces outputs between -1.0 and 1.0, similar to outputs 

between 0 to 1 for a standard sigmoid function. Therefore, the desired outputs 

should lie within these ranges. When very large input values are presented to a 

network with even very small weights, the summations can be huge in which case 

the squashing function such as sigmoid or hyperbolic tangent will become 

saturated. This saturation, in turn, causes the learning process to stall since the 

back-propagation algorithm uses the derivative of the hyperbolic tangent activation 

function (which would then be nearly zero) as a multiplier in the weight update 

equation. Thus, learning stops for any processing element with such a large 

summation signal into its activation function. 

Specification of the real world data ranges and also target network ranges 

is needed to define linear mapping which map the minimum and maximum values 

of the real world ranges to those of the network range. The basic idea is to choose 

a range that produces summations which will not initially saturate the transfer 

function. In the notation below r,, the minimum input range; R,, the maximum 

input range; r,, the minimum desired output range; Rp, the maximum desired 

output range; i, , the network input corresponding to the real world value f,; d,, the 

network desired output corresponding to the real world value f,; 0,, an actual 

network output; and g,, corresponding .to the real world output. Then, the 

corresponding mapping from the real world to the MLP network are as follows: 
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Input: 

i = (R, - rf, + (Mi, 1, - mR) 

; Mi, -m) 3)   

Desired Output: 

_ Ry~ tafe + Myry - m,Ry) 
d 

(M, -m) (4) 
  

After the network produces scaled output, the mapping from network output to the 

real world is "descaled" by: 

_ MM, - m,)o, + Rpm, - rpM,) 
& (R, -r,) (5) 
  

Values outside of the given ranges are mapped linearly outside the low and high 

values, using the same scale and offset values. 

2.3. Modeling Structure 

In order to control the nonlinear cart-pendulum problem of Fig. 3, we first 

need to identify the system dynamics accurately. In general, there are several 

different approaches that can be used, but for present purposes the MLP structure 

of Fig. 4 was used. MLPs consist of a number of layers of processing elements 

(PEs). The basic PE is an idealized version of a neuron as found in the nervous 

systems of animals. The basic model was first introduced by McCulloch and Pitts 

[35]. Fig. 5 illustrates the basic PE (neuron model) with inputs {u,}, 0 <i <n. 
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(_.} Squashing Function     
  

Fig. 4. MLP Structure for Identification 

The weighted sum of the inputs is an intermediate variable, shown as x in Fig. 5; 

x is subsequently passed through a function block to obtain the PE output, Y = f(- ). 

The weights are adjusted during training so that the overall effect of the network 

is to identify the underlying mapping that corresponds to the input/output data. The 

function shown in Fig. 5 is called the activation function. Its purpose is to limit the 

signal amplitude at the output of the processing element. The function f(-) can be 

any of several types. For present purposes we will either use a linear function, f(x) 

= x, or a specific nonlinear function, the hyperbolic tangent function, 

ex-e* 

f%) = 
e*+e™ 
  

(6) 
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Fig. 5. The McCulloch-Pitts Neuron 

The hyperbolic tangent is a type of squashing function since its range, (-1, 1), 

limits the output signal amplitude. 

The network topology of a multilayer perceptron network can vary from one 

application to another. In a feedforward net signals are fed only in a direction 

from input to output, i.e. there are no feedback paths. With multilayer nets 

individual layers (or even selected PEs within a layer) can have different PE 

functions. Fig. 4 illustrates a useful topology for purposes of system identification. 

Without counting the input layer, since it merely acts to transfer the signals into the 

MLP, the network of Fig. 4 would be called a two layer topology, one hidden layer 

and one output layer with linear feedthrough weights. The circles in Fig. 4 are 

summing elements and the rectangular blocks indicate hyperbolic tangent functions. 

Thus, the hidden (center) layer contains a standard squashing function, while the 
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output layer has effectively a linear function. By using a linear transfer function for 

the output elements, the system dynamics can be matched to a convenient 

mathematical form of Eqn. (7). The hidden layer activation functions are hyperbolic 

tangents. The connection weights from inputs to outputs, inputs to hidden layer, 

and hidden layer to outputs are the arrays A, B, and C, respectively. The purpose 

of this particular structure is to have a convenient, yet general, mathematical form 

which is capable of representing the nonlinearity of the system as well as linear 

part [36]. Specifically, this form is given by 

Y = AU+Ctanh(BU) ™ 

where Y is the vector of system outputs and U, the vector of all MLP inputs, 

including the delayed signals. In this manner the system model can be extracted 

from the trained MLP. Experimental results indicates that two hidden layer 

feedforward networks are more prone to fall into bad local minima, but that one 

and two hidden layer networks perform similarly in all other aspects [37]. 

Furthermore, single hidden layer networks which have the structure of Eqn. (7) can 

give more analytical insight of the nonlinear plant to the system designer. 

Therefore, there seems to be no reason to use two hidden layer networks in 

preference to single hidden layer nets except very sophisticated applications [38]. 

2.4. MIMO Structure Determination 

We now consider the case where only input/output data is available, without 

a given system model. The process of creating a system model from the data is 

called system identification. A deterministic D-T system identification will be 

performed by calculating an observable form state space model R, = {A,, B,, C,, 

21



D,} from a set of input and corresponding output data with the restriction that the 

input signals are "persistently exciting," i.e. that the system is sufficiently excited 

to exhibit all of its modes in the corresponding output signals. This algorithm can 

be considered symbolically as {u(t), y(t)} = A,, B,, C,, D,, which simply applies 

the relationship between an input/output data stream and a corresponding state 

space description in a selected pseudo-observable form to obtain an identified 

system model. The identification process is shown in Fig. 6. 

    
  

robust 

| identification 

state-space 

{A,B,C,D} 

  

  

  

                
  

Fig. 6. Identification Process 

In his often referenced paper Luenberger established nominal structures for 

a multi-input, multi-output (MIMO) system [39]. The method is based on the 

concept of either controllability or observability indices. For present purposes only 

the observability form will be discussed. We will assume that sampled data from 

the unknown C-T system has been made available. Beginning with an assumed D- 

T state space model, 

x(k+1) = Ax(k) + Bu(&) 

y(k) = Cx(k) + Du(&) 
(8) 

where x is an (nXx1) vector, u is an (mxX1) vector, y is a (pxl) vector and the 

matrices A, B, C and D have corresponding compatible dimensions. In particular, 
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suppose that the following input/output vector data pairs are given for a given 

system: 

{ uth), y(k)} for k=[0,N] (9) 

where N is sufficiently large for identification purposes. The input and output 

vectors are of dimensions mxJ/ and px1, respectively, where m, p = J. An initial 

step is used to re-organize a part of the data as follows, typically with 1 < gq < N: 

M1 10 z, -|---- (10) 

Y, 

where 

u(0) ul) - u@) 

ul) u(2) - u(l+g) 
mle, (1) 

uf) u(i+1) -- u(i+q) 

and 

yO) yl) ~ y(q) 

_fyd) y@) - yltq) 
Yel, (12) 

y¥Q) yl) ~ yl+g) 

An effort is made to select g large enough so that as additional rows are added, the 

number of columns will continue to exceed the number of rows of Z, as will be 

explained in the following. 
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Starting with a "small" value of /, the procedure calls for the rank of Z, to 

be checked, followed by an augmentation of Z, to Z,,,, 1.e. with rows [ u(/+J) ... 

u(l+qg+J)] and [y(/+/) ... y(+q+J)] appended to U, and Y,, respectively, and a 

subsequent check of the rank of Z,,,.. More specifically, suppose that 

rankZ,=r, and rankZ,,, = 7;,,, (13) 

then if d,=d,,, where d, = r,-m([+1) (14) 

the system order is n = d,, and if Eqn. (14) is not satisfied, the augmentation step 

is repeated. In this manner, starting from the first input/output pair and 

sequentially augmenting additional pairs until the d, ceases to increase, the system 

order is determined. Note that the effect of rank due to the input vectors is 

subtracted out. For a "sufficiently rich" input the rank of Z would continue to 

increase with additional augmentation. Once the system order, n, and the number 

A of linearly independent rows of Z arising from the i™ output, n, have been 

determined, the observability index, n,, defined by 

n= max {n,} 
i-[1,p] (15) 

can also be determined. In fact, as it will be shown later, n, is given by n, = /+J, 

where / is the smallest integer satisfying Eqn. (14). In other words, it is equal to 

the number of blocks of outputs y(i), i=/0, n,-1], containing at least one linearly 

independent row, yi), j=[1,p]. The set {n,} is referred to as the unique set of 

observability indices or, as will be explained later, as a set of admissible pseudo- 

observability indices. A specific example will help to illustrate the procedure. 
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Consider a system with order n=7, m=2 inputs and p=3 outputs. A typical 

instance of the above augmentation process might result in the array Z, being 

constructed after Z, with the determination that d, = d, from Eqn. (14). It is found 

that the rank of Z, is 15 which, after subtracting m(/+1)=8, corresponding to the 

number of linearly independent rows of input vectors, gives for the system order 

n=7. Two rows among the those beginning with y(/) and y(2), are found to be 

linearly dependent; and all p=3 rows beginning with y(3) are linearly dependent. 

If we are interested in the unique set of observability indices, we should 

determine which two rows among those beginning with y(/) and y(2) are linearly 

dependent. Assuming that the particular rows beginning with y,(/) and y,(2) 

(output #2) are, in fact, the dependent rows, then, according to the definition of 

observability indices [40,41], it may be concluded that this case leads to the set of 

observability indices given by 

{7,} = (3,1,3} 

It has recently been shown that the use of this unique set of observability indices 

does not necessarily lead to the most convenient system representation, and that the 

use of so called admissible sets of pseudo-observability indices offers more 

flexibility in choosing the appropriate model [42,43]. For these reasons in the 

sequel we will pursue the selection of the most convenient set of (pseudo) 

observability indices. 

Knowing that the system order is 7 from the rank calculations and that the 

observability index is 3, corresponding to the minimum number of output vectors 

- needed to achieve that rank, there are several possible observable form structures 

that may be considered. These pseudo-observable indices are given by 
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Case 1 2 3 4 5 6 

  

Pseudo- 

Observability {3,2,2} | {2,3,2} | {2,2,3} | {3,3,1} | {3,1,3} | {1,3,3} 

Indices                   
  

In all six cases d,; = d, = 7, but in the first three cases d, = 6, whereas in the last 

three cases d, = 5. Note that in each case the "observability indices" sum to n=7. 

Let us further assume that, in fact, d, = 5, i.e. cases 4, 5 and 6. We can use a 

crate diagram to represent each of these three cases [41]. 

    

  

      

      

      

] ] 0 1 0 1 0 1 1 

1 1 1 1 1 1 

0 0 0 0 0 0                                     

Crate diagrams are simply a graphical method of visualizing the selection 

of linearly independent rows from the given output data. For example, with the 

columns of the crate being associated with particular output strings, the center crate 

above indicates that the independent elements are rows beginning with y,(0), y,(0), 

yO), y (1), y3(1), y(2), y3(2). 

From the crate diagrams several related “selection vectors" are generated: 
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e By omitting the first row of, say the center diagram, corresponding 

to the indices {3,1,3}, the vector v, is created by selecting the non- 

blank elements row-wise: 

v,={1 0 1 1 1 0 Off (16) 

e From v; the binary complement is formed, and denoted as v,: 

v,=[0 1 0 0 0 1 1fF (17) 

e By considering the blank elements to be zeros, v, ; is formed in like 

manner, but with row 1 included: 

vy,=[1 1 1 1 0 1 1 0 1 0 0 of (18) 

e Finally, v,, is formed by again including the first row, but now 

taking the blank elements of the diagram to be unit valued, and 

finally taking the binary complement, leading to: 

vz=[9 9 0 0 10 00 01 0 i17F ~~ (19) 

The above selector vectors are uniquely determined by the particular set of 

pseudo-observability indices, or equivalently, the location of the unity elements in 

the corresponding crate diagram. As will be shown later, these selector vectors 

greatly facilitate calculation of the observable forms based on the chosen set of 

observability indices. In particular, the "selector matrices" given below in Eqn. 

(20), which are derived from the associated selector vectors by a corresponding 

selection of columns from an appropriately dimensioned identity matrix, are used 

directly in obtaining the observable form. The selection of rows (or columns) of a 
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matrix may be accomplished by a pre- (or post-) multiplication of a corresponding 

“selector” matrix. Thus, for instance from Eqn. (20), since S, is a (7x4) selector 

matrix, the product S,"M, where M is a (7X7) matrix results in the "selection" of 

rows 1, 3, 4 and 5 from M into the (4x7) product. It will be clear in a later 

development how useful the selector matrices of Eqn. (20) are in the formulation 

of the identification algorithm. 

    

100000000000 
r 010000000000 

1000000 
001000000000 

0010000 
S, = , §,-|000100000000 

0001000 
000001000000 

0000100 
000000100000 (20) 
000000001000 

T T 0100000 00001000000 
s,-|(0000010 ,5S,-|000000000100 

0000001 000000000001 

2.5. MIMO System Parameterization 

In this section the structural details described in the previous section will be 

used in the process of obtaining the system parameters. The eventual representation 

of the identified system is a state space observable form R, = {A,, B,, C,, D,} 

where C, and A, have the following structure, (continuing to use the /3,/,3/ 

example from Section 2.4): 
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and (21) 

1000000 

C,=1/0100000 

0010000 

©
 

The structure of the pair {A,, C,} is characterized by the following points: 

e C, consists of the first p=3 rows of the (nxn) identity matrix I. 

At locations specified by the unities in the selector vector v,, the matrix A, 

contains the last n-p = 4 rows of I,. 

e At locations specified by the p=3 unities in the selector vector v,, the matrix 

A, contains rows of elements which are not necessarily of zero or unit 

value. 

e The “observability matrix" Q,, of the pair {A,, C,}, ie. 

Q,=([C2 (CA)? ~ (C,A,") | (22) 

contains all n rows of I, at locations specified by the n=7 unities in the 

selector vector v,,. 
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e The p=3 rows of A, containing not necessarily zero or unit elements appear 

in Q,,, at locations specified by the unities in the selector vector v,,. 

The results of Eqn. (21) derive from the basic similarity transformation, or change 

of state, 

A 
oO 

Cc 
Qo 

TAT', B =TB 
0 

cT', D,= D (23) 
Oo 

where R = {A, B, C, D} is an arbitrary n™ order observable state space 

representation. In order to obtain A, and C, given by Eqn. (21), the transformation 

matrix T in Egn. (23), corresponding to the observability indices /{3,/,3}, is given 

by 

T = [¢,7 ¢,” ©,” A)” A)” €,A)” (477 | (24) 

It may be verified that all n=7 rows of T are located in the observability matrix Q, 

of the pair {A, C}, ie. 

Q@,=[c™ (CA) - (CA*)T]’ 

at locations specified by n=7 unities in the selector vector v,,. 

The difference between a POF and the corresponding Luenberger form is 

that Luenberger re-ordered the selected rows by the columns of the crate such as 

given below the similarity transformation T, 

T, = [¢,7 (A)? 47)” ©? ©,7 (A)? (€,A7)7 | 
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The above step is not only unnecessary, but counter productive in that the resulting 

structure is more complex! 

The idea behind the POFs is that the selection of the n linearly independent 

rows of Q, can be done in many ways, according to the indices {n,,n,,...,n,}, 

representing the number of units in the p-columns of the crate. The indices must, 

of course, sum to n. Each possibility must be checked for "admissibility degree" 

of a fuli rank matrix, i.e. that the resulting n-rows are, in fact, linearly independent. 

The admissible POFs are then all possible structures for the MIMO system. 

Investigation of the various POFs for a particular system indicates that some forms 

are better than others in terms of the condition number of the transformation matrix 

T. A poorly conditioned transformation matrix typically results in a large range of 

parameter values in the POF, as well as loss of numerical accuracy in the model. 

2.6. MIMO System Parameter Determination 

In Section 2.4 the POF was introduced. The key is in the set of indices 

specified for the POF in that everything related to the system structure is 

determined from them. In practice it is useful to establish an algorithm which will 

construct the POF given a basic state space model and the information of the 

indices. 

System identification from input/output data assumes that the input signals 

are “persistently exciting," i.e. that the system is sufficiently excited to exhibit all 

of its modes in the corresponding output signals. In addition, it is clear that only 

the controllable and observable part of the system can be identified from 

input/output data. In Section 2.5 the existence of an observable state space 

representation having the structure Eqn. (21) has been established. In other words, 
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by a similarity transformation T, given by Eqn. (24), any observable realization R 

= {A, B, C, D} can be transformed into the realization R, = {A,, B,, C,, D,} as 

described in Egn. (21). In this section we describe the Identification Identity which 

relates the input/output data generated from the different initial conditions to the 

matrices of R,. Since C, 1s completely specified, as is the structure of A,, it 

remains to relate the data to matrices B,, D, and the unspecified p rows of A,. 

To this end, consider the desired result of the identification, namely, an 

order-n D-T system with m-inputs and p-outputs: 

x(k+1) = A,x(k) + B,u(k) 

y(k) = C,x(k) + D,uk) (25) 

where {A,, B,, C,, D,} is in the observable form corresponding to a set of 

admissible (pseudo) observability indices n, = {n,}, i=[1,p]. From Eqn. (25) we 

may write 

y(k) C, D, 0 vee 0 0 u(k) 

y(k+1) CA, C.B, D, ™ 0 0 u(k+1) (26) 
. fat , pee . 

y(k+r)] |C,A," CA, 1B, ~ C,A,B, C,B, D,| lu&tn 

Now we let r = n,. Clearly, Eqn. (26) holds for any k = [0, N-r] and can be 

rewritten as 

yy; = Q.. x(4) + Hu, (27) 

where y, and u, are (n,+/)p and (n,+1)m dimensional columns containing output 
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and input vectors y(k+j) and u(k+j), j = [0, n,J. The matrix Q,, is the 

observability matrix of the pair {A,, C,}, while H 1s the (r+1)p x (r+1)m lower 

block triangular matrix containing along the main diagonal the (pxm) blocks D,. 

The other nonzero blocks of H are the pxm dimensional Markov parameters: 

C,A,/B,, for j =[0, n,-1] 

(28) 

Our goal is to eliminate from Eqn. (26) the x(k) terms, thereby obtaining the 

Identification Identity, which relates the available sampled data to the unknown 

elements in R.. 

Equation (26) can be considered to represent (n,+1)p scalar equations in the 

samples 

¥y = YAK +) (29) 

i.e. the i” element of the output vector y(k+j), i=/1, p], j=[0, n,J. In Section 2.5 

it was shown that Q,,, has n rows of an identity matrix and p rows that correspond 

to the unknown rows of A,. Furthermore, the location of these rows are 

determined by the selector vectors v,; and v,,, respectively. 

Premultiplying Eqn. (27) by the selector matrices S,," and S,," defined by 

Egn. (20), we obtain, respectively, 

Yi, = XK) + H,u,, and y,, = A,x(k) + Hu, (30) 

where 

Vie = SuYe> Yor = Sy, with H, -S,’H, H, = S,,7H 

Eliminating x(k) from Eqn. (30), 
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ve | (31) 
Vix 

  

Y, =|, -A,H) A, | 

The matrix A, in Eqn. (30) and Egn. (31) is a (pxn) matrix containing the unknown 

rows of A,, whose locations in A, are specified by the selector vector v,. Equation 

(31) may be written in a more concise form given by 

Yor =[N, A, ]2% (32) 

U + Z, - x |} @,+Dm (33) 

Yu. [hn 

    

where N, = H, - A,H, 1s ap x (n,+1)m matrix and z, is an h-dimensional vector 

of data where h= (n,+1)m +n. Note that the matrix U,, for /=n,, given in Eqn. 

(11) is equal to U, in Eqn. (33). Also, Y,, and Y,, in Egn. (33) could be obtained 

from Y, in Eqn. (12) by premultiplying it with selector matrices S,, and S,,’, 

respectively. In other words, Y,, and Y,, are obtained from Y, in Eqn. (12) 

“according to" the selector vectors v,, and v,,, respectively. Equation (32) is referred 

to as the Identification Identity since it relates input/output data samples arranged 

into columns y,, and z, to the unknown parameters of the state space representation 

R,, 1.e. in the matrices A,, B, and D,. 

We now consider the case where only input/output data is available, without 

a given system model. The process of creating a system model from the data is 

called system identification. A deterministic D-T system identification will be 

performed by calculating an observable form state space model R, = {A,, B,, C,, 
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D,,} from a set of input and corresponding output data with the restriction that the 

input signals are "persistently exciting." The technique is based on the 

Identification Identity, Eqn. (32). In order to determine N, and A,, which contains 

the parameter information for R,, Eqn. (32) can be solved in terms of the 

pseudoinverse of z,; that is, 

[N, A,] = Yop Z4(Z, Zp" (34) 

In practice, however, nonsensical values are obtained if the determinant of z,z,' is 

vanishingly small. After trying all possible sets of POIs for a better conditioning 

of z,, the following back-propagation algorithm is suggested. 

The back-propagation algorithm, or generalized delta rule, is a gradient 

descent procedure in weight space. There are three stages to developing a neural 

net system model. The first and most important one 1s determining the dynamic 

structure. The other two involve the interconnections that are internal to the MLP, 

namely, the number and type of layers and the number of elements in each layer. 

Fig. 4 illustrates a general form that has proven to be useful for system 

identification. In the linear case, i.e. with no nonlinear elements included in the 

ANN, Fig. 4 simply implements an ARMA model of order A, similar to the LMS 

algorithm, Widrow and Stearns [44], which corresponds to the linear difference 

equation 

yk) = A, y(K-1) + -- + A, y(K-n) + N,u(k) + - + N, u(k-2n,) (35) 

where the observability index, n,, already defined by 

n= max {n,} 
i=[1,p] 
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From the above Eqn. (35) the system order n is 

n= > {n,} 
i=[1,p] 

Since much information is available on the structure of strictly linear systems, as 

discussed in Sections 2.4 and 2.5, we should be careful not to over simplify the 

neural net approach. But in very basic terms the required order of the ANN 

dynamic model, as shown in Fig. 4, can be obtained by the conventional method 

of system identification technique instead of “training” the net for a selected value 

of h, which is typically fairly low initially, and subsequently incrementing h if the 

“training” results are not satisfactory. Thus, the ANN "learns" the matrices {A;}, 

1<i<n ,, and {N,}, OSi<n, in Eqn. (35), or, more generally, Eqn. (36) below. Using 

the z-domain description, Eqn. (35) may be rewritten as 

(I- A,z*----A,z “)y@) = (No +N,zt + +N, z ") U2) (36) 

The representation of Eqn. (36) is sometimes referred to as Matrix Fraction 

Description (MFD). We will use this form to relate ANN identification to the 

conventional method. 

It is relatively easy to transform an ARMA (or MFD) model to the state 

space realization R,. Thus, the problem, even in the linear case, is to choose h. In 

a more general case the structure of the ANN would include a nonlinear layer as 

shown in Fig. 4. This would be done to capture any nonlinearities in the system. 

The present situation is a restriction to a linear model and, as such, obviates the 

inclusion of nonlinear elements at this initial modeling stage. One useful technique 

to obtain the model of a nonlinear system would be to begin with only a linear 

MLP and subsequently add an increasing number of nonlinear processing elements 
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in the process of "matching" the model to the data. There is very little difference 

in the difficulty of training an MLP with, or without, a nonlinear layer. 

The "training" of the ANN is divided into two phases, deciding on the 

internal structure (number of hidden layer nodes, learning parameters, etc.), and 

using the input/output data to adjust the network weights. Only at this last stage 

is the back-propagation algorithm utilized. Back-propagation can be described by 

considering a single pair of data consisting of an input vector, which from Fig. 5 

would be of dimension (n, + 1)m + n, which must be based on the best POF for 

the given system, and a desired output vector,of dimension p. This structure is 

what we have called a modified dynamic MLP. 

First the input is passed through the network, which was initiated with small 

random weights. Next the output y is compared to the "desired output", the second 

part of the data. The error, E, can be defined in different ways, but for simplicity 

we will assume that it is defined as 

Pp 

E = lyn -y4l’ = » [Yous - Yai |? (37) 
i=] 

Then, if we assign the symbol w to be a generic weight from either the array A, 

B, or C shown in Fig. 4, each weight is incremented proportionally to its effect 

on reducing the error, E, 

new 
Wiew = Wag + Aw, where Aw = -— (38) 

Running the back-propagation algorithm using the available data, "automatically" 

adapts the weights (with guidance from the designer) to the "correct" values, 1.e. 

identifies the D-T system model. 
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In the next section a step-by-step procedure is suggested for extracting the 

required arrays. 

2.7. Algorithm 

After determining the system order, n, and the observability index, n,, one 

must select an admissible set of (pseudo) observability indices, n, = {n,/; see 

Section 2.5. Using back-propagation learning method, the matrices A, and N, 

defined in Eqn. (32) are estimated. This process can be symbolized as 

U, Y,, Y, ~A,,N, (39) 

where the k subscript notation has been dropped for convenience. Once A, and N, 

have been determined, R, may be found, as formalized in the following steps: 

C, 

L 
1. Set I, => IP 

    

2. SetS,1,+8,A,>A, 

3. Partition B, into pxm blocks: 

N,=> [XK X, ~ X,,] 

and similarly, 

Partition A, into two blocks: 

A,=> 
r [Avo A, i| 

}n-p 

where each block has m-columns, 

where the block A,, has 
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dimensions pxp. 

X, 
4. Concatenate : => B., a(n,+1)p x m matrix 

X 
nX. 

5. Calculate the n x (n,+1)m controllability matrix Q, of the pair {A,, 

S,} having n,+J blocks, i.e. 

Q, ~ Is, A,S, ” (A,)" s,| 

6. Set Q.B. => B, 

Set C, A,' B, - X, A,’ > D, 

This algorithm can be considered symbolically as { u(k), y(k) } > A,, B,, C,, D,, 

which simply applies the relationship between an input/output stream and a 

corresponding state space description in a selected pseudo-observable form to 

obtain an identified system model. The steps involved in the above algorithm may 

all be verified by relatively straightforward, but rather tedious, matrix calculations. 

In the following chapter the technique for system identification applied to the 

power electronics systems is explained. 

39



3. System Identification of Highly Nonlinear 

Power Electronics System 

3.1. Introduction 

To provide an efficient power conversion, a power electronics converter is 

composed of high speed semiconductor switches and reactive elements. The basic 

function of the converter, delivering energy from source to load in an efficient and 

regulated manner, is achieved by a switchable configuration of reactive elements 

and on-off action of switches. The existence of switches allows the converter to 

have more than one circuit structure. Depending on the state of switches, the 

converter may have entirely different circuit configurations. 

The area of modeling and analysis of power electronics systems, owing to 

their inherent nonlinear nature, has been a very difficult task in view of the lack 

of adequate analysis tools at the disposal of the circuit designer working in the 

field. Due to the increased speed, accuracy and smaller size of today's high 

performance regulators, new and more complex converter topologies have been 

continuously developed. It becomes an even more challenging task to develop a 

generalized modeling tool to analyze and design new circuit topologies. 

This chapter addresses the topic of modeling of highly nonlinear power 

electronics systems. As an application of identifying an unknown plant in power 

electronics systems, an empirical data modeling approach is presented which aims 

at generating small-signal linear equivalent models as well as large-signal nonlinear 

models for a general class of converters, which includes resonant and PWM type 

converters. 
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Small-signal modeling is used to provide the circuit designer with analytical 

tools which are accurate enough for some practical purpose, yet simple enough to 

give him or her powerful tools for design-oriented analysis. This analysis, through 

appropriate linear circuit models, provides the necessary insight which can lead to 

near optimum performance. 

In contrast, large-signal modeling is used to simulate the dynamics of , say, 

converters under a disturbance-in-large such as step line voltage or step load 

current. As mentioned above, a small-signal model enables one to apply linear 

system control theories to design a feedback controller which provides optimum 

small-signal characteristics. However, the small-signal model cannot describe the 

behavior of the converter during a large transient. 

Section 3.2 presents small-signal modeling of various type of converters 

employing the robust hybrid identification technique. Several approaches, known 

as state-space averaging, discrete-time modeling, harmonic-balancing and describing 

function method have been employed in an attempt to generalize small-signal 

models for PWM type converters and also resonant converters [45,46,47,48,49,50)]. 

However, the results often tend to be complicated and difficult to apply. The 

proposed modeling technique adopts a data analysis point of view; i.e. an 

input/output approach, treating the system of interest as a black box and identifying 

the unknown model based on its input/output time-domain response [51]. The 

approach is simple and is suitable for identification of various type of converters 

and subsystems. The robust hybrid identification technique of the previous chapter 

is used as an identification tool for small-signal modeling of subsystems in a 

distributed power system. 

To demonstrate the validity of the technique, this method is used on power 
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electronics systems in order to provide discrete-time small-signal models not only 

for PWM type converters, but also for resonant type converters. The resulting 

small-signal model describes the converter as a linear time invariant system, and 

the knowledge of the identified linear system can be applied to the switching 

converters for constructing feedback controllers. In this section small-signal 

modeling of power converters, including an open-loop boost converter, a series- 

resonant converter (SRC) and a forward multi-resonant converter (FMRC) is 

presented. The identification results are compared with the analytical model and 

experimental data. 

Section 3.3 presents large-signal modeling of converters, including all the 

nonlinearities. The small-signal approximation cannot represent the nonlinear 

characteristics of the system, which become significant for large perturbations. Due 

to the limitation of small-signal modeling of a power electronics system, the 

resulting feedback controller might fail to control the system beyond the assumed 

small-signal boundary. This work was motivated by the desire to extend the models 

of systems, which are linear for small signal variation around an operating point, 

well into their nonlinear range. Since constructing a linear feedback controller is 

based on the linearized model of the nonlinear system around an equilibrium point, 

the linearization must be done to reduce the dynamics of a nonlinear system to a 

linear model. However, when the system operates deeper into its nonlinear range 

where the assumption of linearity is no longer valid, the system with a linear 

controller may be unstable. In Section 3.3, the approach is to use an MLP network 

with inputs representing both the actual inputs and delayed versions of both the 

inputs and outputs to capture the nonlinearities and the dynamics of the system for 

an approximation of boundaries into the possible unstable region in large-scale 

42



simulation. As examples, a boost converter and a buck converter which are stable 

for small signals but found to be unstable or oscillatory for large perturbations are 

simulated as physical systems to be identified and the comparisons of the large- 

signal stability analysis of the quiescent operating point between the real system 

and the identified one using the MLP are reported [52]. In this section, large-signal 

modeling of both an open-loop boost converter and a closed-loop buck converter 

is presented. Due to the highly nonlinear characteristics of power converter 

systems, an MLP is used to identify the transient response of the converters in the 

large-scale system simulation. A well-trained MLP shows the nonlinear behavior 

of the system beyond the linear region and also provides a close approximation of 

the boundaries where the system goes unstable with the linear feedback controller. 

A prominent feature of this empirical data modeling method is that no 

specific model information is required throughout the identification process. The 

simulation results indicate that this modeling method is well suited for identifying 

complex nonlinear power electronics systems. 
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3.2. Small-Signal Modeling of Power Converters 

Switching converters are inherently nonlinear oscillatory systems. A 

switching converter consists of linear resistors, inductors, capacitors, as well as 

nonlinear magnetic components and semiconductor switches. Especially, due to the 

severe nonlinear characteristics of magnetic components and switching devices, it 

is very difficult to design stable feedback controllers using exact mathematical 

descriptions of switching converters. Usually, switching converters have too many 

complex nonlinear differential equations to be solved. Therefore, it is generally not 

feasible to construct design guidelines to regulate a converter in a large-signal 

domain. Instead, small-signal models are commonly used to provide dynamic 

information of the switching converters for control purposes, where the converter 

can be linearized around a specific operating point. Since the control issues of 

switching converters can be treated very effectively by small-signal analysis, the 

resulting small-signal models are very useful to design engineers on the ground that 

all of the relatively simple techniques of linear system control theory can be 

applied easily to the small-signal model. Therefore, practicing engineers may 

acquire the physical insight of the given system for developing a proper feedback 

controller. From this small-signal model important specifications such as audio 

susceptibility, loop-gain and output impedance are calculated. Additionally, these 

specifications can be easily measured whenever the small-signal model and/or the 

controller based on this model needs to be verified experimentally. 

For the past decades, state-space averaging is a commonly used modeling 

approach for small-signal modeling of switching converters. This method was 

originally proposed to model PWM converters. For properly designed PWM 

converters, the natural frequencies of each linear circuit are much lower than the 
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switching frequency. This provides justification of the linear ripple assumption. 

Under the assumption that the natural frequency of the converter power stage is 

well below the switching frequency, the averaging technique can provide 

approximate linear solutions of a nonlinear averaged state equation. Then, the 

small-signal model can be derived by "persistently exciting" input signals around 

a particular operating point. The obtained small-signal model has a continuous 

form. The model can predict the dynamics of PWM type converter power stages 

accurately up to the half of the switching frequency. The analysis of state-space 

averaging is simplified by using a circuit averaging technique based on three- 

terminal PWM switch model [53]. However, this averaging concept does not apply 

for resonant converters and multi-resonant converters where the energy of state 

variables is carried mainly by switching harmonics but not by the low frequency 

components as in the case of PWM type converters. For resonant converters and 

multi-resonant converters, the dynamics are often determined by the interaction 

between the switching frequency and the natural resonant frequency of the 

converter [54]. This interaction cannot be investigated using averaging concept 

because it eliminates the switching frequency information. 

Another systematic modeling method to obtain small-signal models for 

switching converters is a discrete-time (D-T) or a sampled-data modeling approach. 

By solving the nonlinear state equations in the time-domain, a steady-state analysis 

can be done under given operating conditions. Perturbation of this nonlinear 

equation around a specific operating point provides the small-signal dynamics with 

a sample interval the same as the switching frequency. 

In this section, small-signal modeling of a PWM type boost converter, a 

series-resonant converter and a forward multi-resonant converter are chosen to 

apply the robust hybrid identification technique. This empirical data modeling 
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approach is generally simpler and independent of type of converters. Also, since 

this approach is a model-free identification, internal structure need not be known 

as long as one can obtain the data either through a time-domain simulation or a 

hardware measurement. This approach is also very effective to generate a reduced 

order model to represent a complex subsystem in a distributed power system. 

3.2.A. Open-Loop Boost Converter 

As an example of the small-signal modeling of nonlinear dynamic systems 

under study, an open-loop boost converter is selected. Since existing state-space 

averaged model is quite accurate up to the half of the switching frequency, the 

proposed modeling approach can be compared and verified its effectiveness and 

accuracy. Fig. 7 illustrates a typical two-state boost converter example. 
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Fig. 7. Boost Converter (with PWM Control over the Switch) 

Three input variables and two output variables represent the state of the system 

dynamics: ¥, (the variation of input voltage), iy (the variation of input current), and 
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d (the variation of duty cycle), i (the variation of output inductor current), ¥. (the 

variation of output capacitor voltage). This converter was designed to operate at a 

nominal duty ratio of 0.6 with an efficiency of 70.5%. The exact discrete state- 

space equation including all the nonlinearities are used for the time-domain 

simulation. 

As described in detail in Chapter 2, the modeling procedure is summarized 

as follows: 

Step 1: A small range of elaborate input perturbations around a nominal 

equilibrium point is injected at the inputs of the boost converter, such as, ¥,, ip 

and d, and then the corresponding output responses are measured in physical unit. 

Generally, small-signal modeling of an unknown system, unlike the above boost 

converter, must be done using a circuit simulation tool such as SPICE or the 

measurement data from the hardware directly. Therefore, extracting information 

from data is not a straightforward task. In addition to the decisions required for 

model structure selection and generalization, the collected data need to be handled 

carefully for the robust identification process. The levels in these raw inputs and 

outputs should be matched in a consistent way. The mean levels must be subtracted 

from the input and output sequences before the estimation. The best way is to 

match the mean levels corresponding to a system equilibrium. 

Step 2: The second step is to determine a nominal range of the system order 

with the restriction that the input signals are “persistently exciting." From the 

assumption that the order of the system is unknown, to determine the system order 

from raw data, a rank test is done. However, due to the nonlinearity of the system 

with added noise, a rank test may not be reliable. 

Step 3: The third step is to construct an ARMA model with inputs 

representing both the present inputs and delayed versions of the inputs and outputs 
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to capture the dynamics of the systems. The method is determining an equilibrium 

point to identify a linearized system about this equilibrium point. A combination 

of the connectionist approach and a classical method of multivariable system 

identification which utilizes the possible structures of the system in order to 

achieve a model that optimally generalizes over the available input/output data. 

Step 4: The final step, a deterministic D-T system identification, is 

performed by calculating an observable form state-space model R, = {A, B, C, D} 

from the identified ARMA model. The small-signal modeling process is shown in 

Fig. 8. | . 
    

    
   robust 
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{A,B,C,D}                 
  

Fig. 8. Small-Signal Modeling Process 

Using the proposed identification technique, a small-signal model of the boost 

converter is developed as the following ARMA model: 

yk) = Da yk-) + Yd, wK-I (40) 
i=l i=0 

where y, = i, y, = ¥,, u = ¥,, U = i, and u, = d. From Egn. (40) it is noted that 

delayed inputs and outputs contribute to the "predicted" output. Since the boost 

converter is second order, the ARMA model of the linearized system is expected 

to have u,(k), u,(k-1), u,(k), u,(k-1), u,(k), u,(k-1), y,(k-1) and y,(k-1) terms. After 

training 8 inputs and 2 outputs with the standard back-propagation learning rule, 

the results are shown in Figs. 9 and 10. 
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In order to check the generalization of the trained MLP over the unused data 

in training, the responses of two output variables, i (the variation of output 

inductor current), ¥, (the variation of output capacitor voltage) of the boost 

converter to samples of three different random input variables, ¥, (the variation of 

input voltage), i, (the variation of input current), and d (the variation of duty 

cycle) in Fig. 11 are shown in Figs. 12 and 13. For reference, the eigenvalues of 

the C-T equivalent model of Eqn. (40) are {-1166.6, -347.5} comparing with those 

of state-space averaged model of the exact system equation, {-1153.1, -346.9}. 

When duty cycle, d, is modulated, the magnitude and the phase of the control-to- 

output transfer function of the identified model are compared against the state-space 

averaged model of the system in Figs. 14 and 15, respectively. The obtained small- 

signal model is accurate up to the half of the switching frequency, i.e. 25KHz 

(Nyquist frequency). 
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Fig. 9. Identified Training Model: 
Given i, (solid), Model i, (*) 
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State-Space Averaging (dotted) State-Space Averaging (dotted) 

3.2.B. Series-Resonant Converter (SRC) 

The small-signal modeling approach for a series-resonant converter (SRC) 

based on the proposed robust hybrid identification technique is discussed in this 

section. Among several approaches for modeling a SRC, the well-known state- 

space averaging technique does not show promising results in modeling for 

resonant converters, where the energy of the system is carried mainly by the 

switching frequency harmonics (not by the low frequency components as in the 

case of PWM converters). Since the dynamics are often determined by the 

interaction between the switching frequency and the natural frequency of the 

resonant converter, state-space averaging eliminates the useful information of this 

interaction between both frequencies. Therefore, the previous identification 

procedure was applied to the input/output data streams of nonlinear system 
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equations of a SRC. The identified model was compared with the analytical result 

to verify the correctness of the procedure. The circuit diagram of the SRC is shown 

in Fig. 16. 
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Fig. 16. Series Resonant Converter 

The active switch network generates a quasi-square voltage, v,,, applied to the 

resonant tank. By assuming the continuous mode of the inductor current (tank 

current, i), the SRC can be modeled as in the following nonlinear state equations 

[55]: 
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di ; 
L 7 + vy + Sgn(i)V, = Vap 

dv 
C7! (41) 

C.d2+% =43] 
fdt R ' 

There are three input variables, , (the variation of input voltage), i, (the variation 

of output current), and f (the variation of switching frequency) and three output 

variables, i, (the averaged input current), V,,(the capacitor, C,, output voltage) and 

Vv, (the output voltage) of the power stage. In this configuration, the output voltage 

is regulated by modulating the switching frequency, f . The circuit parameters and 

the operating point are the following: 

L = 197 wd, C=51 nF 

C,= 32 uF, r, = 0, r,=90 

F. = 50.2 KHz, Z, = 62.1 Q 

V, = 62.15 V, D =0.95 

F/F, = 0.85, Q,=Z/R =2.5 

The resulting small-signal model of the SRC is given below as a state-space 

representation form R, = {A, B, C, D}: 
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3367 -.0094 -.0011 | 

23.5832  .7523  .3472 

1.4497 -.0345 .9702 

1 0 0 

0 1 0 

0 0 1 

and 

4396 .0014 .0110 

-24.2318 .4943  -.2752 

2.6661 .0113 -.6898 

3282 .0083 .0074 

-79,4499 .1109 -.3381 

6759 .0108 -.4351 

  

  

  

  
Figs. 17 and 18 show the control-to-output transfer function of the SRC compared 

against the measured data. The numerical results are in good agreement with the 

measured data. 

54



dB
 

-200+ 

250 

  TTT 411TYT TTT TT TTT 

    

  

  
5 area retr! pt paasiti a 

10! 10? 103 104 105 

Fig. 17. Magnitude: 
Identified (solid), Measured (*) 

  

  

  

  po dk 
  

10! oe 1 10s 
Hz 

Fig. 18. Phase: 
Identified (solid), Measured (*) 

55



3.2.C. Forward Multi-Resonant Converter 

In this section, a forward multi-resonant converter (FMRC) is selected to 

demonstrate the proposed modeling method. The FMRC has strong oscillatory 

nature, where switching frequency plays important roles for energy delivery and the 

interactions exist between the natural resonant frequencies and the switching 

frequency. The FMRC is especially suitable for distributed power systems, where 

small volume, high frequency operation and low EMI are required. Despite the 

advantages of this converter, it is very complex circuit because of its structure and 

operation. Therefore, the FMRC is a very challenging circuit for small-signal 

modeling because of its complexity. The circuit diagram of the FMRC is shown 

in Fig. 19. 
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Fig. 19. Forward Multi-Resonant Converter 
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The whole circuit has six energy storage elements and the resonant tank formed by 

L, C, and C,is the third order. The magnetizing inductance is denoted by L,,. The 

FMRC is controlled by varying the turn-on time of the active switch (S) and the 

turn-off time is fixed. The advantage of this topology is that it absorbs the major 

circuit parastics such as the output capacitance of the switching devices, the 

junction capacitance of the rectifier diodes and the leakage inductance of the 

transformer. Furthermore, all of the semiconductor devices can be operated under 

zero voltage switching condition with proper design. Since several operating modes 

exist for this circuit with respect to different loads and switching frequencies and 

therefore, it is not feasible to obtain dc characteristics analytically. Especially, there 

are two resonant frequencies for the FMRC, corresponding to the turn-on period 

and the turn-off period, respectively. This makes the FMRC a more difficult circuit 

than the other resonant converters for modeling. The FMRC are built as the 

following parameters: 

L= 45 wH, C, = 48.2 nF, L,, = 139 pH 

C, = 661 nF, L, = 82 pH, C,= 34 uF 

n =2, r, = 0.63 Q, r, = 206 mQ 

r, = 7.3 KQ, F, = 50.2 KHz, Z, = 62.12 

F,= 108.1 KHz, Z, = 30.62 
oO 

The nonlinear state equations of the FMRC are the following: 
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dv 
C,— =S8,i 

dt 
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dv i. nv, . 
Ca 7 CE in ~ Dip (43) 
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where S, represents the switching action of the MOSFET: 

S, = 0 (MOSFET or its body diode ON) 

S, = 1 (otherwise) 

The parastics related with losses are defined by: 

r, = conduction loss of the tank 

r , = core loss of the transformer 

r. = ESR of the output capacitor 

With the above large-signal nonlinear model available, time domain simulation is 

done with PSPICE. There are three input variables, ¥,, i ek 4 and six output 

variables, i, limo ihes V... Vg and ¥, of the power stage. Figs. 20 and 21 show the 

control-to-output transfer function of the small-signal model of the FMRC 

compared with the measured data. The identified small-signal model of the FMRC 
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is given below as a state-space representation form R, = {A, B, C, D}: 

-2.3167 

6309 

-.8650 

-.0021 

-15.7170 

A .0167 

  
and 

4516 

5219 

-.8106 

0005 

-2,9882 

-.0786 

  

3953 

~.3427 

1.2722 

0005 

-2.2787 

3058 

0258 

~.0058 

293.3722 

-412.1493 

933.7580 

2.7181 

1370.8563 

-2.9637 

2315 

156.3498 

0367 

~.0271 

-.0466 

0000 

-.0942 

-.0043 

  

- 3943 | 
1871 
3579 
-,0003 
-3,1327 
9329 

  
(44) 
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Fig. 20. Magnitude: Fig. 21. Phase: 
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The identified results are close to the measured data except near the one-half of the 

switching frequency, which shows the difficulty of this problem. 
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3.3. Large-Signal Modeling of Power Converters 

A method of using MLPs for modeling a complex nonlinear power 

electronics system is investigated in this section. In order to achieve better control 

of unknown plant dynamics, an accurate model of a nonlinear physical system 

should be developed. The importance of pre-processing at the initial modeling stage 

is explained, and a method of classifying the input/output data set into different 

categories for training-data selection to capture both the linearity and the 

nonlinearity of the power converters is included. As examples, a boost converter 

and a buck converter which are stable for small signals but found to be unstable 

for large perturbations are simulated as physical systems to be identified and the 

comparisons between real system and the identified one using the MLP are 

demonstrated. | 

The one of the most popular method of identifying a quasi-linear system 

using an MLP is to determine an equilibrium point and generate a small-signal 

model for the linear model of the system to extract the linear part of the system (by 

robust hybrid identification technique). Then, this linear part of the system is 

represented by the linear feedthrough terms of the MLP with a linear output 

activation function. At least conceptually, and for relatively tractable systems, the 

remaining nonlinear part of the system can be captured with a single hidden layer 

having a number (to be determined) of processing elements (neurons) with 

nonlinear activation functions. The required number of neurons in the hidden layer 

that provide satisfactory results are determined systematically. Since the order or 

the structure of higher-order neural networks can be tailored to the order or 

structure of the problem from the linear modeling stage, the MLP designed for a 

particular class of problems, such as an open-loop boost converter, can be used for 
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an entire class of problems. 

3.3.A. Open-Loop Boost Converter 

The second stage is to identify the nonlinearity of the system by training the 

network with the hidden layer in place, but with the linear feedthrough terms fixed. 

The McCulloch-Pitts neurons are added and the back-propagation algorithm is 

applied. In order to identify the system, the MLP structure consists of a standard 

single hidden layer feedforward net with linear feedthrough terms. By using a 

linear activation function for the output elements, the system dynamics can be 

matched to a convenient mathematical form. The hidden layer activation functions 

are hyperbolic tangents. The connection weights from inputs to outputs, inputs to 

hidden layer, and hidden layer to outputs are the arrays An, Bn, and Cn, 

respectively. Specifically, this form is given by 

Y = An * U + Cn * TANH( Bn + U) (45) 

where Y is the vector of system outputs and U, the vector of all MLP inputs, 

including the delayed signals. 

In the previous stage, the linear feedthrough terms are determined and fixed 

for a 2 unit delay ARMA model depicting the plant's linear characteristics. In order 

to get the desired accuracy, 6 hidden neurons of a single hidden layer result in 

representing the system dynamics of the boost converter system with reasonable 

accuracy. After pruning 10 percent of the weights of smallest absolute magnitude, 

a total of 12 weights of the MLP were eliminated. Output functions from the 

identified function are of the form: 

Fig. 22 shows the response of the final version of the MLP using frozen linear 
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8 6 8 

y = Vaz’ + Y ctanh([Y bu Ad) (46) 
i=0 i=1 i=-0 

feedthrough terms and 6 hidden neurons of a single hidden layer. To test the 

accuracy of the identified boost converter, the MLP open-loop step response and 

large-signal stability of the quiescent operating point in closed-loop were checked 

and compared to those of the original system. State-plane trajectories of both 

systems are shown in Fig. 23. Inductor current i, is plotted vs. capacitor voltage v.,. 

Since the feedback controller was designed using the linear part of the boost 

converter, which is nearly the same as the linearized version of state-space 

averaging method, neglecting the nonlinearity of the system, it shows instability 

beyond some radius r from the quiescent operating point, x, = 0. For small 

perturbations, inside the circle, the converter behaves as predicted by the small- 

signal model, and transients converge as expected. However, for large 

perturbations, the nonlinear terms become significant and the performance of the 

resulting controller outside this range is unacceptable. Figs. 24, 25 and 26 show the 

open loop step-response of the measured boost converter system and the identified 

one. Although the system was trained using a medium range of input data, the 

resulting output error was quite small over input perturbations (twice larger than 

training range), and the boundary of small-signal behavior, in which the system is 

stable, was predicted to be nearly the same as the original boost converter. 
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3.3.B. Closed-Loop Buck Converter 

As an final example of the modeling of highly nonlinear power electronics 

system, both current and voltage-loop closed buck converter is selected. Large- 

signal modeling along with linear model of the buck converter using an MLP will 

be reported and also the simulation results combined with the single stage filter of 

constant power load are presented. Two-input two-output closed-loop buck 

converter is shown in Fig.27. 
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Fig. 27. Current and Voltage Loop-Closed 
Buck Converter with PWM Control over the Switch 

Two input variables, ¥, (the variation of input voltage), i, (the variation of output 

current) and two output variables, is, (the variation of input current), ¥, (the 

variation of output voltage) represent the state of the system dynamics. The 

current-loop gain, R; and voltage-loop transfer function, H,(s) are given as the 

following: 
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  8000 (1 + 5000" (47) 
  

  

The circuit parameters and operating points are given by: 

L = 80e-6 H, R, = 0.05 Q 

C = 300e-6 F, V, =35V 

L=1.2A, V.,=5V 

V,= 25V, Viamp = 0.4 V 

C, = 2e-9 F, C, = 10e-9 F 

R, = 10416 Q, R, = 10000 Q 

R, = 2604 Q 

This system has two different modes of operation including continuous inductor 

current, i) conduction mode (CCM) and discontinuous inductor current, iys 

conduction mode (DCM). While operating in CCM, the system is found to be 

marginally stable for resistive load but oscillatory for reactive load. This converter 

was designed to operate at a nominal duty ratio of 0.72 in CCM. The input 

inductor current is sensed for current control and the output voltage is fed back for 

voltage control.The nonlinear state equation of the buck converter consists of both 

on-time model {A,, B, C, D,} and off-time model fA, B, C, D,/ , which are 

given as the following equations: 
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— 0 0 
L 

g -1 0 
B, = C 

0 9 -tL-_! 

RC, RC, 

10 60 0 

C,=(0 0 -1 0) D, = {0 0 1] 

A,=A,; C,=C, , D, = D, 

0 0 0 

go -1 0 49 , C (49) 
if 

0 9 -—t_-_! 

0 0 0     
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Since the system consists of two different modes of operation, the initial stage of 

data selection for training an MLP is very important. For example, it is not only 

the range of data, but its distribution, that is necessary to define a good mapping. 

The reason for this is that the system will typically occupy a very small region, e.g. 

the neighborhood around a stable equilibrium point, for the vast majority of the 

response time. One solution to this problem is to excite the system with varying 

amounts of pseudo-random disturbance so that the data collected will be 

representative of the full range of the system. Using the proposed identification 

technique, a linear time invariant (LTI) model of the closed-loop buck converter 

around the operating point (in CCM) is developed to show how the system 

becomes marginally stable for the amounts of input perturbations. Figs. 28 and 29 

show the identification results of the system for small signals. The eigenvalues of 

the 4th order of the system are {-0.3099, 0.9760, 0.5774 +/- 0.38041}. 
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Fig. 28. Input Current (i,,): Fig. 29. Output Voltage (v,): 
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In comparison with the above figures, the identification results of the system for 

large variations of the input signals are given in Figs. 30 and 31. 
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Fig. 30. Input Current (i,,): Fig. 31. Output Voltage (v,): 
Identified (dotted), Measured (solid) —_[dentified (dotted), Measured (solid) 

The resulting eigenvalues of the system are {-0.2870, 0.9987, 0.5704 +/- 0.37351}. 

Due to large input perturbations, Figs. 30 and 31 are less accurate than Figs. 28 

and 29. However, the large-scale behavior of the system is discovered, which is 

very critical in a distributed power system and, therefore, should be known in 

advance. After investigating the eigenvalues of two different identified system, the 

key eigenvalue of both system which makes the system unstable is found to be 

near unity. Especially, in the presence of large amount of input perturbations, this 

eigenvalue is becoming close to unity, which causes the system to be oscillatory 

in parallel with nonlinear reactive load shown in Fig. 32. 
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The parameters of single stage filter with constant load are given by: 

  

  
  

          
  

    

L = 3e-6 H, R, = 0.2 Q 

C = 30e-6 F, Vin = 2IV 

C, = 100e-6 F, R = v2/Power Q 
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Fig. 32. Single Stage Filter with Constant Power Load 

Figs. 33 and 34 show the response of the identified system using 30 hidden 

neurons of one hidden layer with linear feedthrough terms in step change of 

resistive load (R, = 0.2 Q) from 8A to 4A. 

Since R, becomes smaller, the converter begins to operate in parallel with 

resistive load toward reactive load and, eventually, starts to oscillate at the point 

of R,, 0.04 Q. However, the MLP model is found to be oscillatory when R, reaches 

to 0.06 Q, therefore, shows very close approximation of the region of stability with 

the amount of error, 0.02 Q. 
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Fig. 34. Output Voltage (v,): 
Identified (dotted), Measured (solid) 
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Other classical methods of identifying fairly complex nonlinear systems 

using neural networks is to have a nonlinear squashing function as an output 

neuron. In this case, the buck converter includes CCM and also DCM, which 

makes the modeling procedure more complicated. The MLP network commonly 

uses a sigmoid or hyperbolic tangent activation function. For present purposes the 

hyperbolic tangent function is used as an output neuron, which responds in a nearly 

linear fashion to summations between about -2 to +2 and will go into nonlinear 

range when its input becomes larger. All the procedures are the same as the 

previous method except using the hyperbolic tangent output function instead of a 

linear output function. 

In order to have minimal network complexity, pruning is done by removing 

connections whose weights have small values, including connections to neurons in 

the hidden layer if their contribution is insignificant. Finally, the comparisons 

between the measured system and the identified system using the MLP of 40 

hidden neurons in a single hidden layer is presented. Figs. 35 and 36 show the 

output voltage waveform in response to both step-up and step-down load changes, 

respectively. With the above step load change the buck converter undergoes the 

mode of operation from CCM to DCM and vice versa. 
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3.4. Conclusions 

As a unified empirical data modeling approach of highly nonlinear power 

electronics systems, MLPs are proposed for modeling switching converters and 

resonant converters. In order to get, not only physical insight of system, but also 

to have a convenient linearized model of the given system at the specific operating 

point, a small-signal modeling method is introduced using the robust hybrid 

identification technique combined the classical linear identification method with 

the back-propagation learning. A boost converter, a SRC and a FMRC are taken 

as examples to demonstrate the proposed algorithm and the result looks very 

promising even though the key factor is how to persistently excite the system for 

showing all kinds of characteristics to be identified. Based on the identified linear 

model of the power converter an MLP is further trained to capture both the 

nonlinearities and the dynamics of the system for an approximation of boundaries 

into unstable region in case of large transients. The estimation of the region of 

stability is compared with the measurement data and found to be almost identical 

with negligible error. Due to the extremely long computational time in training 

MLPs, the neural network approach is sometimes not favored by design engineers 

for some practical purpose. Nevertheless, once it is trained, it can be used as an 

emulator in place of the switching converter in a distributed power system for 

large-signal simulation, which shortens simulation time greatly. 
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4. Inverted Pendulum Identification 

4.1. Identification 

4.1.A. State Estimation 

In many control problems it is often inconvenient to measure every system 

state because of various restrictions, but it would be desirable to feed back all the 

states of the system if it were possible to generate the state variables in some 

indirect way. Suppose we take a nonlinear system with controllable and observable 

linear part in a domain of interest. The usual technique for asymptotically 

stabilizing this nonlinear system is to build a linear state estimator and a controller 

for the linear part. In the process of designing the controllers, Cheok and Beck [28] 

generated the state estimates by a delayed-measurement observer which compares 

with a Luenberger reduced-order observer, but appears to be simpler and more 

efficient than that of Luenberger since it has only delays. However, their observer 

depends heavily on the quality of the measurements. Furthermore, they assumed 

that they already knew which state should be estimated (either discrete integration 

or differentiation). Therefore, there is no generality applicable to the system unless 

we are familiar with the internal structure of the system. The reader is referred to 

Reference [29] for details. In this section contrasting with the delayed-measurement 

observer, without a priori knowledge of the given system, the states will be 

estimated to the actual shape of the state trajectories by the state estimation 

method. This novel state estimation method is developed from a selected pseudo- 

observable form of Chapter 2, providing state information for feedback control. 
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The design step is to identify the linear model of the plant using a robust 

hybrid method of multivariable system identification and then, from the information 

of the identified model, to estimate the state trajectories of the linearized model of 

the system. This process is exemplified using the sampled data from the given C-T 

system model to obtain an observable form D-T model, which is subsequently used 

to generate state trajectories. For example, the following "unknown" C-T state 

space system of Eqn. (50) is considered. 

    

‘Oo 1 000;/000 
00100;000 
4-4 -314{[001 

A. B| |0 0 0-101]010 
R, = = (50) —|c, DJ |0 05 0.001100 

oe gp ee 

10000];10 
01000); 0     

Using the sample interval T = 2 seconds, the representation R, is discretized into 

the following D-T ramp-invariant (RI) equivalent system, represented in the 

partitioned system matrix form of the given state space model in Egn. (51). For 

comparison with the above D-T ramp-invariant (RI) equivalent model, the robust 

hybrid identification algorithm explained in Chapter 2. should be verified using 

the given C-T system in Egn. (50). 
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[-100 .506 .192 .148 1.100 | 2.084 .238 .309| 
-.167 -.317 -.069 .044 .767 | 1.235 .070 -.034 
274 -.109 -.111 -.113 -.274 | -.135 -.104 -.177 

A, B,|| 0 O oO 135 O | O 374 +o | GOV 

| 
' 

“'Cy. Dz -.550 .253 .096 .074 1.550 3.042 .119 .154 

    

1 0 0 0 QO | 1.196 .035 .098 

| QO 1 0 0 0 | 394 .064 .137|     
As is well known, in order to perform a successful identification, the input signal 

should be sufficiently long and sufficiently rich, i.e. persistently exciting, which is 

uniformly distributed random signal between -1.5 and 1.5. The resulting “identified 

D-T" four-matrix model (m = 3, p =2, n = 5) is given by the following system 

matrix: 

oO oOo 1 0 #O | 2.084 .238 .309 
0 oO 0 1 OO | 1.235 .070 -.034 

124 .058 .876 1.020 1.530 | 3.737 .178 .088 
Ay Bol} 0 OF 0 O 1. | 0352 -.090 -.096, ©2) 

  

Cap Dipl |--030 -.017 .030 -.086 .281 | .015 -.037 -.008 
_ - - - -_ + ~ _ ~ 

1 0 0 0 O | 1.196 .035 .098 

| O 1 0 0 O | .394 .064 .137| 
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With the identification procedure used, the representation Rj) is in a pseudo- 

observable form (POF). An important aspect is determining and using the most 

appropriate structural information, e.g. the most numerically stable POF. To keep 

the problem simple, only 50-rows (data sets) of data were given. 

The concept of "generalization" is used to determine the final model. A 

model is said to generalize when its performance over data that has not been used 

in the identification process is comparable to the response over the "training" data. 

This property of generalization 1s strongly dependent on the system structure. 

The identification process will be discussed with the assumption that a 

preliminary analysis has already been made estimating the order of the system to 

5. The procedure will be to use the initial data, 30 data pairs, to identify the system 

parameters from a specified set of indices, then to test the model's performance 

over the complete data set. The measure of the performance is given by the 

Frobenius norm of the error matrix, i.e. the square root of the sum of the squares 

of the entries of the error matrix. The results are compiled in Table 1. Each 

possible (observability) index set is used to calculate an "identified" model. Each 

of the entries under the "norm" column in Table 1 has been multiplied by 10° and 

represents the Frobenius norm of the error array from the available data. 

TABLE 1. Computational Results 

Order | Indices Norm | 

19.085 
3.453 
1.764 

15.868 
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The model selected to represent the system which has the best generalization 

corresponds to the order-5 system with indices {2,3}. As an admissible set of 

pseudo-observability indices, {n,;} = {2,3}, was selected. The unique set of 

observability indices of R, is {n,} = {3,2}. To test the accuracy of the identified 

system, the eigenvalues of the two different state space representations should be 

checked. The eigenvalues of the D-T RI equivalent model are {1.0, 0.1353, 

0.1353, -0.0563+4j0.1231} and those of the identified D-T model are {1.0, 

0.1353+j0.0004, -0.0563+j0.1231}. As a matter of fact, the eigenvalues of the 

original C-T system are {0, -1, -1, -1+j1}. Two outputs and five states of the model 

to samples of random input signal u(k) shown in Fig. 37 are given in Figs. 38 and 

39. 
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Fig. 37. Input Signals for D-T System: Input #1 

(solid), #2 (dashed), #3 (dashdot) 
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Fig. 38. Output Responses of Identified D-T System: 
Output #1 (solid), #2 (dashed) 

The responses of the selected model have an error norm of 1.764 x 10°. For 

comparison, the responses of another order-5 candidate model with an error norm 

of 19.085 x 10°, using indices {1,4}, are 10 times less accurate than those of 

indices {2,3} from Table 1. It is during the last 20-data points that the model 

reveals the degree of generalization achieved. ‘The error signals between two 

components of the D-T system's response and that of the D-T system using each 

indices {2,3} and {1,4} obtained through the identification process are shown in 

Figs. 40 and 41. Although the results are reasonable, a pole at s = 0 in C-T system 

caused problems. Note that the errors are becoming larger over "test" data but still 

bounded using indices {2,3} in Fig. 40. But using indices {1,4}, the errors are 

becoming rapidly larger particularly toward the end of the time period of Fig. 41, 

illustrating very poor generalization over the data not used in training. 
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Fig. 39. States of Identified D-T System: State #1 (solid), 

#2 (dashed), #3 (dashdot) ,#4 (dotted), #5 (point) 

No measurement noise was added to the system response. Since the order 

of the system is estimated to 5, three other states should be estimated to be fed 

back for control purposes. 
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Fig. 40. Error Signals Using Indices {2,3}: 
Output #1 (solid), #2 (dashed) 
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Fig. 41. Error Signals Using Indices{ 1,4}: 
Output #1 (solid), #2 (dashed) 
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It might be recognized that the trajectories of three states in the upper part of Fig. 

39 are similar to that of output #2 and those of the remaining two states in the 

bottom part of Fig. 39 are close to that of output #1. This "particular" form of 

{A,,. Ca, } pair along with the resulting trajectories of the identified D-T model will 

be used as a basis for estimating the state trajectories of the system. 

In order to explain the method of generating the system state trajectories of 

the C-T system, we assume that only one output (#1) of C-T system of Eqn. (50) 

is measurable . Since the resulting {A,, C. ouiue #1} ait is still observable, the 

system can be identified using three inputs and one output by the previous 

identification procedure. The obtained “identified D-T" four-matrix model (m = 3, 

p=1,n=5, {n,} = {5}) is given below: 

    

    

rO 1 0 ©O © | 2.084 .238 .309] 

0 0 1 0 0 | 3.738 .178 .088 

AL B 0 0 oOo 1 0 | 3.987 .041 .004 
dl dl (53) 

Ra-l, oy | > 0 0 0 0 1 | 3.996 .006 .001 

dt “21.900 -.003 .009 -.164 1.158 | 3.999 .001 .000 | 
— — _ — ~ + _ _ - 

/}1 0 0 0 OQ | 1.196 .035 .098| 

Responses of one output and five states of the identified D-T system to samples of 

the same random input signal u(k) are given in Figs. 42 and 43. From the form of 

{A,,, C,,} pair it is expected that trajectories of all five states in Fig. 43 are similar 

to that of the identified output of Fig. 42, i.e. a family of five trajectories. But the 

eigenvalues of the identified system using only one output are  {1.0, 

0.1353+0.0011, -0.0563+j0.1231} which are slightly different from those of the 
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original system, but are close enough to verify the correctness of the identification 

procedure. 
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Fig. 42. Output Response 

of D-T System 

Since the objective of generating the state trajectories of the unmeasured 

state variables in the real-world system is to feed back the estimated trajectories of 

the state variables in order to change the dynamics of the system, the estimates 

should be identified as accurately as possible. Above the linear range, due to the 

existence of the neglected nonlinearities, the designed observer for the linearized 

model does not generally show desirable performance. Even a well-designed 

observer shows overshoot at the initial stage of feedback control, mainly, because 

of unmeasured estimation errors. Therefore, it would be very beneficial if the state 

trajectories of the internal states of the system could be identified in software 
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Fig. 43. State #1 (solid), #2 (dashed), #3 (dashdot), 

#4 (dotted), #5 (point) 

without causing unnecessary overshoot at control stage. After closely looking into 

all the states of the system in Fig. 43, a general method of generating the state 

trajectories was developed with the following reasoning: 

From Eqn. (53), generate one state, x,(k), which is the difference between 

the present output and one delayed output, namely, y(k) - y(k-1). Then, start the 

identification procedure of the system including x,(k), where the number of inputs 

and the order of the system are still the same as Eqn. (53), but the number of 

outputs is now two. Using the POI ( m = 3, p = 2 andn =5, {n,} = {4,1}), the 
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following model was identified: 

    

  

ro 0 1 OO O- {| 2.084 .238 
-1 0 1 ©O © | .888 .204 

0 0 o 1 QO | 3.738 .178 

R.- Ay By | 0 oO 0 1 | 3.987 .041 

 |Cgy Dy} |--003 -.000 .016 -.200 1.187 | 3.996 .006 
oo - go ele 

1 0 0 O | 1.196 .035 

| 1 0 0 O | 1.196 .035 

309] 

210 
088 
004 
001 

.098 

.098|   
(54) 

Two outputs (output #1 and estimated state x,(k)) and five states of the model 

responding to samples of the previous random input signal u(k) are shown in Figs. 

44 and 45. 
  

    
    

Fig. 44. Output Responses : 
Output #1 (solid), State x, (dashed) 
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Fig. 45. State #1 (solid), #2 (dashed), 

#3 (dashdot), #4 (dotted), #5(point) 

The identified state is similar to one of the original states of the system in Fig. 39. 

But, still three other states should be estimated. Since output #1 has all the system 

information, this method can be expanded to have POI, {n,} = {1,1,1,1,1}, 

including all measured outputs and estimated states. The eigenvalues of this 

identified system are slightly different from the true ones. The resulting 

eigenvalues of the identified system with one additional identified state are { 1.0, 

0.1450+j0.0438, -0.0513+j0.1300} which are a little slightly different compared 

to those of Eqn. (51), but generating close estimates of the state trajectories of the 
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original system, such as x,(k) and x,(k) shown in the upper part of Fig. 39. These 

two estimated state variables consist of the difference between one step ahead 

present estimated state and that of a unit delayed estimated state, namely, x,(k) = 

x,(k) - X,(k-1) and x,(k) = X,(k) - x,(k-1) in addition to x,(k) (m = 3, p= 4,n= 

5 and {n;} = {2,1,1,1}). The resulting system matrix is: 

    

  

fo 0 0 O 1 | 2160 .221 .266 
-1 0 O O 1 | 878 .198 .201 
-1  -1 0 O 1 | ~404 175 .137 
-1  -1 -1 0 1° | 1.686 .152 .072 

_ [Aa Bal |-.189 -.087 .010 -.004 1.187 | 3.813 .146 .055 
“ Cy Py - - ~ - - +t = ~ (55) 

1 0 0 O O | 1,282 .623 .064 
0 1 #0 0 O | 1.282 .023 .064 
0 O 1 #O O | 1.282 .023 .064 

/O 0 0 1 © | 1.282 .023 .064|   
Figs. 46 and 47 show output responses and all 5 states of the modified system 

including 3 estimated states. The resulting three identified states have similar 

trajectories to the original states of the system shown in the upper part of Fig. 39. 
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Fig. 46. Output #1 (solid), x, (dashed), 
X, (dashdot), x, (dotted) 

  

    

  

  

10 20 30 40 50 60 70 80 90 100 

Fig. 47. State #1 (solid), #2 (dashed), 
#3 (dashdot), #4 (dotted), #5 (point) 
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After understanding the relationship between POIs and the resulting trajectories of 

the states to be estimated, the system matrix of Eqn. (52), which has three inputs 

and two outputs, should be reexamined. 

Since it would be easier to generate the state trajectories from two outputs 

instead of one output for control purposes, the system can be constructed to have 

POIs, {n,} = {1,1,1,1,1} including both measured outputs and three estimated 

states. The selected POIs of Eqn. (52) is {n,} = {2,3}, therefore, one of three state 

trajectories to be identified should come from output #1 and the other two from 

output #2. Including each delayed outputs, namely, x,(k) = y,(k) - y,(k-1), x,(k) = 

yo(k) - yo(k-1) and x,(k) = X,(k) - %,(k-1) = [y2(k) - yo(k-1)] - [y.(k-1) - y2(k-2)] 

(m=3, p=5, n=5 and {n;}= 1,1,1,1,1}), the following system matrix is obtained: 

2.098 .205 .260| 
1.251 .053 -.043 
906.167 .182 

014 -.171 

| 996 2.052 -.581 -.356 -.004 | 
~003 .677 -.309 -.214 -.007 | 
~004 2.052 -.581 -.356 -.004 | 
-003 -.323 -.309 -.214 -.007 | .862 

| 
: 

    

    
Aas Bag -.003 -.323 -.309 -1.214 -.007 | .474 -.081 -.298] (56) 

= |. _ _ 

Ces Pas 1 0 0 0 0 | 1.192 .038 .078 

0 1 0 0 Q | .389 067 .128 

0 0 1 0 QO | 1.192 .038 .078 

0 0 0 1 OQ | .389 067 .128 

| 0 0 0 0 1 | 389 067.128 | 

Finally, output responses (including three estimated states) and all 5 states of the 

system are shown in Figs. 48 and 49, respectively. 
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Fig. 48. Output #1 (solid), #2 (dashed), State x, 
(dashdot), x, (dotted), x, (point) 

  

    al.   
  

10 20 30 40 50 60 70 80 90 100 

Fig. 49. State #1 (solid), #2 (dashed), #3 (dashdot), 
#4 (dotted), #5(point) 
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In the next section a step-by-step procedure is suggested for extracting the 

estimate of state variables from the identified linear model of the nonlinear system. 

4.1.B. State Estimation Algorithm 

After determining the system order, n, and the observability index, n,, one 

must select an admissible set of (pseudo) observability indices, n, = {n,/, then 

expand the output array as discussed previously until we have POI, {n,} = {1,1, 

. . »»1,1}, which includes all measured outputs and each delayed output. Using the 

proposed identification method of Chapter 2, estimate the modified matrices A, 

and B,,,. This process can be symbolized as 

B U, Yin> Yon ~ Arm > Brn 
Im? 

which is very similar to the algorithm of Section 2.7 except changing the 

dimension p of the output vector to the estimated order of the system n. Once 

A,, and B,, have been determined, R,,, may be found, as formalized in the 

following steps: 

1. Set I, => Cc 
om 

2. Set S, Aj = Aon 

Partition B,,, into nxm blocks: 

Bi, => [Xp X, ~ X,,] | where each block has m-columns, 

and similarly, partition A,,, into two blocks: 
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Am = [Ay A,,] where the block A,, has dimensions 

nxn. 

X, 

4. Concatenate | : | => B,, a(n,+/1)n x m matrix 

Xi, 

5. Calculate the n x (n,+J)m controllability matrix Q, of the pair {A,,,, 

S,} having n,+J blocks, i.e. 

Q. ~ |S, Ann Sg “ CV S, | 

6. Set Q. B. => B,n 

7. Set Cy, Aom!) Bom - Xo Aw = Dom 

8. Set Yio ~ H, Uy => x(0) 

This algorithm can be considered symbolically as {u(k), y(k)} > A,, Bow Co 

D.,,, x(0), which simply applies the relationship between an input/output stream and 

a corresponding state space description in a selected pseudo-observable form to 

obtain an estimation of a particular set of state variables for the identified system 

model. 
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4.1.C. Linear Part Identification 

From Eqn. (2) the linearized model of the inverted pendulum system, 

assuming that @ and 6 are small (sin@ ~ 0, cos@ = 1), and all product terms 

involving 0, 6 and @” are eliminated is given by 

  

        

TQ 1 0 0] | 0 

00 _ 73mg 0 4 
£2) 4M +m x(t) + 4M +m uli) 

xX = 

0 0 0 1 0 

0 9 SM +m) 4 -6 (37) 
(4M+m) | | (4M + m), 

) 1000 @ 
= x 

y 0010 

where the states are: x, = p, x, = p; X, =9, x, = 6: and (measured) outputs, y, = 

p and y, = 9. In this inverted pendulum problem, distance p lies between -3 to +3 

and force, u goes from -100 to 100 to achieve the control objective for a medium 

range of initial deflections, 8. A linearized discrete-time inverted pendulum system 

is extracted by restricting the data collection to a small range of pendulum angle, 

1.e. between +/-0.3 rad from the system dynamic Egn. (2) using Euler's forward- 

difference approximation (the sampling interval, 0.002 sec), which is very close to 

the discretized version of Eqn. (57). The method used is a conventional approach 

which exhaustively considers all possible multivariable observable structures to 

provide that linear model which generalizes best over unused data. 

It has been demonstrated that identification of linear MIMO systems can be 
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greatly enhanced through the investigation of all possible multivariable (observable) 

structures. In particular, the concept of generalization, the ability to perform well 

on data not used in the identification process, is considered as the principal 

criterion for comparison between different candidate models. As will be seen 

below, the preferred method of determining the system order, as well as its linear 

structure, is based on how well the resulting model "generalizes" over data not used 

in the identification process. 

As a result of the preliminary analaysis based on input/output data, the 

estimated order of the system lies between 2 and 6, which is fairly dependent on 

data collection containing a degree of nonlinearity of the system. If data were 

collected from far beyond the linear region, the sixth order system proved to be 

more accurate than a lesser order system [23]. According to the procedure 

described in Chapter 2 the system parameters from a specified set of indices are 

identified, and then the model's performance over the unused data set in training 

are tested. The procedure will be to use the initial data, 200 out of 300 data pairs 

to select best POFs testing over the model's performance over the complete data 

set. The measure of the performance is given by the Frobenius norm of the error 

matrix between the supplied output data and the model output. The results are 

compiled in Table 2. For each system order between 2 and 6 each possible 

(observability) index set is used to calculate an "identified" model. 

As can be seen from Table 2, several models show a very small error norm. 

The selection is made with a strong consideration of achieving the smallest order 

of the system which also matches the data well. In this case the model selected 

to represent the system which has the best generalization corresponds to the order-4 

system with indices {2,2}. The responses of the selected model have an error norm 

of 0.0701 comparable to other higher order models which have similar error norms 
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and are shown in Figs. 50 and 51. For comparison, the responses of another order- 

4 candidate model with an error norm of 1.8283, using indices {1,3}, are presented 

in Figs. 52 and 53. Also those of order-6 candidate model with an error norm of 

0.1752, using indices {3,3}, are presented in Figs. 54 and 55. Apparently, selecting 

higher order forms does not mean a better representation of the system. 

TABLE 2. Computational Results 
  

  

  

  

  

Order Indices Norm 

ee ee | 
2 1, 7.7104 

3 2,1 3.7243 

1,2 1.6951 

1,3 1.8283 

4 2,2 0.0701 

3,1 4.3501 

41 1.5868 

5 3,2 0.2764 

2,3 0.0599 

1,4 1.5868 

5,1 1.3523 

4,2 5.3902 

6 3,3 0.1752 

2,4 0.0565 

1,5 1.1634             
The performance of other candidate models can be inferred from the norm-column 

in Table 2. In all six Figs. 50 to 55 both curves represent the measured (solid) and 

the predicted (dotted). Note that the difference between the data and the model 

outputs is not discernable in Fig. 50, but can be recognized toward the end of the 

time period in Fig. 51, which shows the instability of the given system. 

98



  03 

0.2¢ 

OIF 

O.iF 

0.2;   

  

  
  3 
0 6.1 02 03 0.4 05 0.6 

Fig. 50. Linear Model (Position): 
Indices {2,2} 

  03 

0.27 

OIF 

O.1+ 

02+   
§3—— 

0 

  

01 
  ———___t 

0.2 03 04 05 0.6 

Fig. 52. Linear Model (Position): 

Indices {1,3} 

ra
d 

ra
d 

  04 

0.3 

0.2; 

0.f 

OIF 

2+   ———t 

  

  
  03 

0 

Fig. 51. Linear Model (Angle): 
Indices {2,2} 

0.1 0.2 03 04 05 0.6 

  04 

0.3; 

0.2; 

O.1+ 

0.1; 

02+     
  

Fig. 53. Linear Model (Angle): 

03 
0 01 0.2 03 04 

Indices {1,3} 

05 0.6 

99



  04 7 — 
  03 

03 
0.27 

0.25 

OI J 

Ol 

OF 

0.1} ol 

02} oe 1 2     

  

      
  43 T 02 03. OA BS 06 3 01 02 03 04 05 06 

Fig. 54. Linear Model (Position): Fig. 55. Linear Model (Angle): 
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It is during the last 100-data points (between 0.4 sec and 0.6 sec) that the model 

reveals the degree of generalization achieved. Considering the instability of the 

system and the amount of initial conditions never used in training, those two 

trajectories are quite acceptable. Again the solid line represents the measured or 

desired responses and the dotted, the MLP predictions. The selection is made with 

a strong consideration of achieving the smallest order of the system which also 

matches the data well. In this case the model selected to represent the system 

which has the best generalization corresponds to the order-4 system with indices 

{2,2}. 

This system is given below as a state space representation in POF form, 

along with the identified initial state. First, identified A/C, then B/D and finally the 

identified initial state x(O) are given: 
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and 

  

    

0 0 1 o | 

0 0 0 1 
-1,0002 -.0002 2.0002 .0002 

=! 0020 -.9985 -.0020 1.9986 

1 0 0 0 
0 1 0 oO | 

(58) 

4.369 
-8.439 

2689 
8.340 

~ 2838 
-16.106 | * 1.0E-06, (0) = 

2663 
- 2815 

872 
-1.679 |   

The eigenvalues of the identified linear model are {1.0001+j0.0007, 0.9898, 

1.0089}, compapring with those of analytical linearized model of the inverted 

pendulum system, that is, {1.000, 1.000, 1.0080, 0.9921 }. 

The ARMA representation of this model is, of course, equivalent to the 

weights of the (linear) neural network. The {2,2} observability indices were 

chosen with the resulting linear model: 
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| u(k) 

u(k+1) 

u(k+2) 
[yk+2)]=[N | D]]} 

y(k) 

y(k+1) 

where 

0.0475 0.2625 0.0872 
= x 1.0E-05 (59) 

-1.0908 -0.5082 -0.1679 

and 

- ~1.0002 -.0002 2.0002 .0002 (60) 

.0020 -.9985 -.0020 1.9986 
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4.1.D. Nonlinear Part Identification 

From Egn. (2) the system is seen to be more nonlinear as the angle 0 

increases. The second stage is therefore to identify the nonlinearity of the system 

by training the network with a hidden layer in place, but with the linear 

feedthrough terms fixed. The McCulloch-Pitts neurons are added and the back- 

propagation algorithm is applied. The nonlinear activation or squashing function 

in the hidden layer of the network is chosen to be the hyperbolic tangent function. 

The hyperbolic tangent transfer function is quite similar to the more common 

sigmoid transfer function in its s-shaped form. However, its output range is -1 to 

+1, as opposed to the sigmoid range of 0 to 1. The hyperbolic tangent is preferred 

because of its symmetry about the origin, as well as its larger derivative around the 

origin which enables the network to converge faster. 

Using the results of the previous stage, the linear structure of the order-4 

system with indices {2,2} and feedthrough weights of the MLP are determined and 

fixed. This part of the MLP captures the plant's linear characteristics around its 

equlibrium point. In order to represent the nonlinearity of the system, new data 

sets are supplied to the network. At this point the system (which has been 

stabilized locally with a linear controller) is “persistently excited" as close as 

possible to the maximum desired deviation from the equilibrium point. In the third 

training phase hidden layer neurons are added to the network in a sufficient number 

to permit the capture of the system nonlinearities. In our experiment three neurons 

were added simultaneously and found to be acceptable. If the number of hidden 

neurons is overestimated, "pruning" can be used to trim out the excess. It is known 

that a minimum size network which performs well on training data tends to also 

do well on test data [56]. In order to achieve a minimal network size, not only are 
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small weight connections removed, but also existing hidden neurons if their 

contribution is insignificant. The algorithm of pruning networks is as follows: 

1. First, a pool of neurons is added at each time when no significant error 

reduction has occurred after a predetermined number of training epochs. 

Since we do not know how many neurons are required to represent the 

system nonlinearities until a certain number of neurons are added to the 

network which meet the performance criterion, it is necessary to continue 

to build a network until we are satisfied with the network's performance. 

The concept of adding multi-neurons at a time is that if there are very 

severe nonlinearities found in given system, a pool of neurons can speed up 

training because many parts of weight space can be explored simultaneously 

[57]. For future reference, the entire initial network should be stored in 

memory. 

2. After building a network which is complex enough to handle the problem, 

a specified percentage of weights are pruned at each specific checking point 

until the same performance criterion as the previous network is acquired. 

Weights that are disabled might be ones which connect the input-layer to 

hidden-layer or the hidden-layer to the output-layer. 

3. Check through the weights of hidden-layer to output-layer to see if some 

of them are disabled to specific output neurons, but not to the other ones. 

In this case, the necessity of these neurons to the entire network can be 

questioned because they do not contribute to all output neurons to decrease 

each output error. After recording all the weights of the network again, 
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disable these neurons one by one temporarily and train the network until the 

error is small enough to be accepted. 

4. Check again through the weights connected from input neurons to 

neurons in hidden layer. If the weights are disabled more than a specific 

level; for example, 3 out of 7, disable those neurons one by one according 

to the number of disabled weights. Since those neurons are not related to 

all of the inputs, they do not completely contribute to modeling the input- 

output structure. 

5. After recording the weights of the pruned network at a specific 

percentage level, e.g. 5 percent of the nodes removed, one may increase the 

level to achieve an even more compact network. Repeat this procedure until 

no further significant error reduction has occurred at that increased 

percentage of pruning. 

There are two advantages of pruning networks. First, pruning is very useful 

in multi-output cases, where more complexity exists than with a single output 

network, and the size of the network is fairly dependent on guesswork, therefore, 

overestimating the network is typical. Second, according to the development of 

hardware in recent years, it is becoming easier to implement neural network 

software into parallel processing chips where the network size is crucial to be cost 

effective. 

In order to achieve the desired accuracy for the cart/pendulum problem, 4 

hidden neurons of the single hidden layer result in a reasonably accurate 

represention the system dynamics out to about 85 degrees of pole deflection. The 
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final MLP model consists of 7-inputs with bias, 4-hidden layer nodes and 2-output 

nodes. 

Output functions from the identified function are of the form: 

7 4 7 

y= Yaush) + Ye; 5 40) (61) 
i=0 i=l i=0 

Figs. 56 and 57 illustrate the two response signals of the MLP model and those of 

the linear model to the pseudo-random input signal shown in Fig, 58. Considering 

the instability of the inverted pendulum system, fairly satisfactory identification of 

the system for a range of the pole deflection angle of up to 85 degrees was 

obtained. Even though the cart position was not of concern because it is not critical 

to the performance of the system, it is identified accurately. 

The completed system model can be represented by the structure of Fig. 59, 

consisting of a linear part and a nonlinear part, all implemented in a feedforward 

MLP. The technique of establishing the linear part separately with a robust 

conventional method helps greatly with the training process. Without this first 

step, it has been found to be difficult to achieve the small number of hidden layer 

nodes obtained with this method, and virtually impossible to achieve the same 

accuracy. 
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Fig. 59. Block Diagram of MLP 

The network inputs and outputs are 

u(k) 

u(k+1) 

u(k+2) y, (k+2) 
inputs = yk) |? outputs = 

y,(k) (0?) 

y,(k+1) 

| Yo(K+1) |     
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Output functions from the identified function of the inverted pendulum system are 

  

    
~0.029067401 -0.068266794 

0.046637584 

-0.036910675 

0.0082838954 

0.096631818 

0.018991759 

-0.12043883 

-0.007418009 

of the form: 

| -0,0051001315  0.0040995111 

0.0038525667 -0.00025528629 
0.0021528113  -0.0074752807 

_ | -0.0007713557  0.015769219 
* | 9.44584292 —_ -0.081697509 

0.034205906  0.31647062 
0.36140302 0.0813438 

| -0.018705459  0.45631856 

_ | -0.011112717 -0.041258093 0.056903895 0.0041546146 
| 0.020937189 -0.073869497 

| 0.025125695 -0.0095046982 0.066035889 
-0.018313603  0.03809898  -0.017835924 
~0.055105288 -0.089030176  -0.09089753 
-0.0482435  0.096246056  0.03245927 

~0.039525319 -0.034028154 0.020717261 
-0.074755631 -0.095967062 0.033297442 
~-0.010378495 0.00021409578 0.090301216 

| 0.082555152  -0.039107706 -0.080727264 ~0,080162108 |   

|}? ~— (63) 
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Previously, the "scaling" of the raw data into the MLP was done on the individual 

inputs for training the MLP without causing initial saturation according to the Egns. 

(3) and (4) in Section 2.2. For the 7-inputs, the following scale factors were used, 

{ 0.010039523 0.010039523 0.010039523 14.094272 

1.1879871 14.094272 1.1781759 ] 

along with shifts 

[ 0.0038910506 0.0038910506 0.0038910506 -0.061599322 

0.055544602 -0.061599322 0.055210775 ]. 

After the MLP produces scaled output, the mapping from the MLP output to the 

inverted pendulum system is "descaled" by: 

[ 0.088688511 1.069437 | 

with shifts, 

[ 0.0043705218 -0.047366798 | 

permitting the MLP to be compared directly to the real world inverted pendulum 

system. 
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4.2. Design of Neuro-Controller 

Considering the design of a nonlinear controller in the presence of model 

uncertainties such as_ nonlinearities and time-varying dynamics of the complex 

system in the noisy environment, not only robust but also highly adaptable control 

algorithms should be developed. The present controller consists of a state estimator, 

which is developed from the identified linear model of the system, and a neural net 

trained from data collected using selected sets of feedback gains which will be 

established for a predetermined number of operating points of the plant. Therefore, 

it is necessary to design different control gains according to each operating point 

chosen selectively. The data is obtained using a switched-linear controller which 

is constructed for a predetermined number of operating points of the plant in order 

to develop a neuro-controller at the initial stage of training. The neural net is 

needed for implementation and interpolation, two inherent and attractive properties 

of feedforward multilayer networks. Specifically, the inverted pendulum system is 

divided into two different regions based on angle and position of the cart. 

The algorithm we present in the following two sections 1s fairly "robust" in 

the sense that the resulting optimal linear state feedback controller, as a role model 

for the neuro-controller, stabilizes the system against a certain range of deviation 

at the initial stage and also due to subsequent training of neuro-controller based on 

a desired performance index the neuro-controller becomes highly "adaptable" 

because of the capability of neural networks to learn the system's varying dynamics 

through nonlinear mapping. This last step ensures that the controller goes beyond 

its previous training and captures the necessary control actions for the nonlinear 

plant. 
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When the system is ill-defined or only partially understood and/or, 

especially, unstable around the desired operating point such as the inverted 

pendulum problem, an indirect control scheme of Fig. 1 should be the best choice. 

If data were collected from a real world system instead of a simulated environment, 

a restricted range of data could be acquired due to the limited performance of the 

existing linear controller which stabilizes the unstable system around a specific 

operating point. Since the importance of a critical industrial process is taken into 

consideration, the devised neuro-controller cannot be installed to the real plant 

directly at the initial stage. Therefore, the development of a neuro-controller 

proceeds with the following two steps. At the first step, the identified nonlinear 

model using input/output data can be used as a simulation tool in combination with 

the designed controller without risk of experimenting into the real system directly. 

At the second step, a fine-tuned neuro-controller controls the system in parallel 

with the previously identified model using a dynamic MLP “on-line” in order to 

deal with the dynamics of the system. 

4.2.A. Step 1 - An Initialization of Neuro-Controller (Switched-Linear Control) 

If we can utilize a conventional control technology with a priori knowledge 

of the identified model using one MLP, it will be helpful in designing a more 

complicated neuro-controller. At this stage, using only the identified linear model 

of the nonlinear system of Eqn. (58), we can construct a linear optimal controller 

off line based on a linear quadratic regulator (LQR) method. Even though the LQR 

problem has been known to have an inherent robustness against a certain range of 

model uncertainties, it generally cannot cover the entire domain of attraction due 

to the initial assumption of neglecting the system's nonlinearity. But considering 
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the importance of the initialization of the neuro-controller, it must be utilized as 

one tool instead of merely assigning small random numbers as initial weights of 

the MLP at the initial training stage of the MLP. The discrete time system of Eqn. 

(58) is controllable if it is possible to force the state from any initial state x, to 

an arbitrary " target " state x, in a finite number of states. We can use this 

definition to derive a simple rank calculation to test for the property of 

controllability in a linear system [58]. Unfortunately, there is no such easy test to 

apply to a nonlinear system. Therefore, instead of establishing conditions for global 

controllability we may have to resort local notions. Narendra et al introduced a 

locally controllable system [22]. From the same concept which we used in 

designing the nonlinear state estimator, we can check the controllability of the 

nonlinear system on our domain of attraction. The controllability of the nonlinear 

system around an equilibrium state can be derived by examining its linearization 

around the equilibrium point, e.g. x, = 0. In order to check the stabilization of the 

nonlinear system around an equilibrium point, the rank calculation was done by 

checking that the rank of the linearized model's controllability matrix 0 , n, is 4, 

where Dis[B, A,B, A,’B, . . . A,""B, J. But since all four states are not 

measurable, a state estimator must be devised first. Using the same concept above 

in the definition of controllability of the nonlinear system, the observability of the 

nonlinear system in the domain of attraction was checked and proved to be 

observable. From the method described in Section 4.1.A an estimated state space 

model of Eqn. (58) is given below: 
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| 1.0000 .0000 1.0000 .0000 

0000 1.0000 -.0000 1.0000 

0000 .0001 1.0103 .0087 

A 0000 -.0001 -.0214 .9822 

C 1 0 0 0 

0 1 0 0 

0 0 1 0 

0 0 0 1 

and (64) 

[ 9.532 
~4.928 

2.885 
2689 

B -5,606 
~.2839 

-~--|=| ----- * 1.0E-06, (0) = 
-.0026 

D -.000 
0024 

000 

2.532 

-4,928     
The eigenvalues of the identified linear model are {1.0014+j0.0093, 0.9891, 

1.0006}, which are slightly different to those of the analytical linearized model of 

the system, due to the lack of information of not using the other original two states, 

namely, velocity and angular velocity. The responses of the identified model 

including the estimates of two other states are shown in Figs. 60, 61, 62 and 63. 
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Also, for the purpose of comparing with the estimates of the two states, velocity 

and angular velocity from the plant are shown in Figs. 64 and 65. As the result 

of the identification process, the estimated states of Figs. 62 and 63 are truely close 

trajectories of the original two states of Figs. 63 and 64 except scaling. 
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Fig. 64. Measured Velocity Fig. 65. Measured Angular Velocity 

In order to design a linear optimal controller around an equilibrium point the 

particular method was chosen to formulate an estimated state space model from 

Egn. (64), i.e. 

& = F& + Gu 

y = Hk (65) 

and use a Linear Quadratic Regulator (LQR) approach with a cost functional given 

by 
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J = (z7Q% + u’Ru)dt (66) 

N
o
l
 

The well known optimal control is 

u’ = -R'G' Px (67) 

where P is the solution of following Riccati equation: 

PF + F’P + Q - PGR'G’P - 0 (68) 

In the actual calculation the discrete-time version of the LQR problem was 

implemented (with a sample interval of T = 0.002 sec.). The result of this phase 

of design is a constant feedback gain matrix K below. 

K = [-0.0354 -0.1156 -7.1587 -8.8601] * 1OE+03 (69) 

where 

0.10 0 @Q 

g-|° *9 9 ° R = 0.5E-03 
0 0 001 OF (70) 

0 0 90 1.0 

But with this K, it is difficult to cover the entire range of the parameter space. 

Through the process of optimizing the state feedback controller, it is realized that 

by optimizing the system for the angle 0, the closed loop system can give excellent 

performance against large initial angle deflections. However, the settling time for 
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the position p returning to the origin is large. On the other hand, if the system is 

optimized for the position p, the cart will quickly return to the origin; but, control 

performance is only good for small initial angle 9 [59]. Given the above 

observations, the idea of switched-linear control, also called piecewise linear 

control or gain scheduling, will be incorporated. Therefore, it is necessary to 

design different control gains according to each operating point chosen selectively. 

Specifically, the inverted pendulum system is divided into two different regions 

based on angle and position of the cart. Once one state feedback controller K1 

stabilizes the system for large initial deflection 8, another controller K2 brings the 

cart to the origin quickly. The switching position is determined when the state x(k) 

is near zero velocity and very small deflection angle 0. Therefore, a switched-linear 

controller was designed as following: 

Region 1: Large initial angle deflection 0, and small position deviation p, 

K1 = [-0.0204 -0.0770 -3.8964 -5.7906] * 1OE+04 (71) 

where 

0.01 0 0 0 

0 300 0 O 
Q = , R = 1.0E-02 

0 O 0.001 O 

0 QO 0 5.0 
(72) 
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Region 2: Small initial angle deflection 8, and large position deviation p, 

K2 = [-0.0127 -0.0193 -2.5924 -1.8877] * 10E+04 (73) 

where 

100 0 0 O 

01 0 
Q = 0 0 100 oF R = 1.0E-02 

(74) 
00 0 1 

Figs. 66, 67, 68, 69 and 70 show the comparison of simulation results of the 

closed-loop system using the switched-linear controller and the single (K1) linear 

optimal controller. 
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Fig. 66. Position: Switched-Controller Fig. 67. Angle: Switched-Controller 

(solid), Single-Controller (dotted) (solid), Single-Controller (dotted) 
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From the above figures, superior characteristics of the switched-linear controller to 

the single linear controller can be recognized except the spike on the Fig. 70, which 

shows the switching action. Otherwise, the control objective can be achieved 

satisfactorily. 

As previously discussed, the switched-linear controller serves as an initial 

role model for the training of the neuro-controller [14]. The completion of this 

design step is the partial training of the neuro-controller using the setup illustrated 

in Fig. 71. 

  Plant 2 -1 x(k) +» 

    

  

  

Switched 

Linear 

Controller 

x 

| Neuro - 

Controller 

Fig. 71. Structure for Training Neuro-Controller 

    
    

  

  

  

      
From this simulation the data will be taken to train the neural network. The 

components of * (measured two outputs and estimated two states) is considered as 

"inputs" and those of u, “outputs” for the training phase. At this stage the neuro- 

controller learns to mimic the switched-linear controller and interpolates the gains 

between operating points. After completion of learning, the neuro-controller will 

be used in place of the switched-linear controller and, therefore, will have a wide 

range of performance over the entire region of attraction. 
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The resulting neural network consists of 4-inputs, 10-hidden layer nodes in 

one hidden layer and 1-output node with fully connected by an array of weights W, 

from inputs to hidden layer, W. from hidden layer to output, and an array of 

“feedthrough” weights W,. from inputs to output with no bias elements. 

Y = tanh(W, U + W, tanh(W, U)) (75) 

As an output neuron a hyperbolic tangent function was used in contrast with a 

linear output function in the identifying system. Figs. 72 and 73 show the training 

results and the resulting errors of the neuro-controller mimicking the switched- 

linear controller in setup Fig. 71. The performances of the neuro-controller are 
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Fig. 72. Neuro-Controller Training Fig. 73. Neuro-Controller Training 

Results Results 

shown in Figs. 74, 75 and 76. Abrupt changes due to the switching action are not 

noticeable in these figures. Especially, the sharp spike shown in Fig. 70 does not 

exist in Fig. 76 due to the smoothing effect of the neuro-controller. 
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A drawback of this neuro-controller is that it cannot deal with the time- 

varying dynamics of the plant properly due to the fixed weights and, therefore, 

needs additional training to be adaptable for tracking plant dynamics. Thus, the last 

step in neuro-controller design, described in the next section further trains the 

neuro-controller based on a desired performance index as a more robust adptive 

nonlinear controller, thereby eliminating the previous training and adjusting the 

controller characteristics to stabilize the plant against time-varying dynamics caused 

by different initial conditions of the unstable system [19]. The resulting neural 

network controller has the following initial weights with the "scaling" of the 4- 

inputs and the "descaling" of the output along with no shifts: 

SC = [ 0.50565883 1.1111111 60.957027 48.93086] 

DSC = [ 760.55762 |] 
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-0,103356 

2.540396 

0.54596907 

-0.10546701 

-4,4783792 

4.0894098 

-9.0530691 

-3.2654526 

1.7438481 

| 0.06101219 

-0.11608053 

3.4299672 

2.0968528 

0.83742344 

1.9706029 

1.1906618 

19246349 

-4,7990246 

2.3845084 

3.6568153 

5.1867628 

3.9137454 

5.5675988 

3.1605353 

4.6983099 

1.5622174 

-9.4872713 -0.8210972 

| 0087395087 | 
0.071130477 
0.069655232 
0.052743338 
0.062222745 
0.067504287 
0.08149299 
~0.079884142 
0.080000825 

| 0098448247 |   
0.15869269 | 

0.30559608 

0.23306966 

0.41897148 |   

-7,3664923 2.8680472 | 

~0.99100953 3.6281192 

5.7834744 

0.22185375 

5.109971 

3.2447574 

1.3168296 

-4,9487987 

4.0785146 

-4.8861198 |   
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4.2.B. Step 2 - Performance Training 

In recent nonlinear control, one of the main trends is borrowing the concept 

of linear optimal theory in ANNs using not only quadratic errors but also a more 

general cost function (or called performance criterion) to reduce system output 

errors. Since ANNs are used to take into account nonlinear effects of the system 

beyond the conventional linear optimal controller, ANNs broaden the range of 

control beyond the limited range of using linear optimal control law alone. In 

designing the above mentioned controllers the most important thing is to develop 

an efficient training algorithm. Utilizing the highly adaptable characteristics of 

neural networks, more robust adaptive control algorithms are explained. In order 

to achieve supervised learning for neuro-controller in this final stage of the design, 

we can use a traditional performance index given by 

2 

E = (y - d)Qy - d)” = Y Ly (k+1) - dIQLy, K+) - d)] (76) 
j=l 

where 

oof ele 0 3] 0 (77) 

1.e. d is the desired (balanced) position and angle of the system. In this case the 

standard back-propagation learning algorithm should be modified so that the 

weights, w,, of the neuro-controller can be updated according to 
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Aw, = -— (78) 

At this stage of the design it is known that 

y(k+l) = flx®, )], for j = 1,2 (79) 

where analytic expressions are available in Eqn. (61) from the previous 

identification step. Therefore, it is possible to expand Eqn. (79) as follows: 

OE Of; du(k) Aw, = -— =-2 k+1) -d.] —_ — 

where the last factor is available from the standard back-propagation algorithm. In 

above Eqn. (80), the most difficult problem encountered in all kinds of neural 

network control problem is to find the partial derivative f with respect to input u, 

that is, the Jacobian of the plant, or, in other words, the sensitivity of the plant. 

Psaltis et al regarded the plant as one of the hidden layers and the above error due 

to the current states and input is propagated through plant [13]. However, it has 

been known that a thorough knowledge of the plant is very difficult to achieve over 

the entire domain of interest. Therefore, so far our research is limited to 

determining the sensitivity (Jacobian) of the plant near around the operating point. 

Consequentially, this kind of controller has a very limited range of performance 

even though they are claimed as_ universal nonlinear controllers. 

The complete system, including the nonlinear plant dynamics, the derived 

state estimator of Section 4.1.A and this neural net controller, was simulated using 

Turbo C, as shown in Fig. 77. 
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Fig. 77. Diagram for Example Simulation 

To demonstrate the performance of the neuro-controller, Figs. 78, 79 and 80 

show the position, the angle and the force measurement, respectively. The final 

stage of training involves minimizing a performance index (cost functional). This 

process is made possible by the original nonlinear identification which provides the 

necessary functional derivatives. This final stage is important in improving angle 

response and minimizing the peak force as can be seen in Figs. 79 and 80. In this 

manner the final training phase is completed. 
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5. Conclusions 

A three step procedure which consists of the identification of the system, the 

state estimation based on the identified model and the design of switched-linear 

controller has been presented for the design of a neuro-controller of complex and/or 

nonlinear systems with unknown dynamics. For several decades there have been 

many useful conventional techniques for identification and control of linear 

systems, but very few which are adequate for identifying and eventually controlling 

nonlinear systems. Artificial neural nets have the potential of being used to fill this 

void. The conditions which make the application of neural net technology 

attractive are: (1) a convenient source of data with which to train the neural net, 

and (2) either a complex process, or one for which no accurate model exists from 

conventional methods. However, in addition to the basic concepts of MLP 

representation, the practical aspects of achieving an accurate nonlinear model which 

generalizes well and is also of minimal complexity, must be considered. The 

technique presented here is constructive in nature and emphasizes the utility of 

"dividing" the problem into linear and nonlinear parts, using one of the well 

established conventional methods to set the basic structure of the multivariable 

system. The proposed robust hybrid identification is a unique combination of 

conventional and connectionist methods. In order to minimize the complexity of the 

MLP (especially in the MIMO case), the classical system identification technique 

was used to get necessary information, such as the system order and the best 

MIMO observability structure, of the quasi-linear system. A failing of the 

conventional identification technique is that it requires sequential time data, which 

is not feasible with unstable systems. The back-propagation learning algorithm, on 
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the other hand, does not require sequential time data, making it suitable for the 

continued identification process. Since the goal is to understand and control an 

(unstable) system, using only measured input/output data, the linear part can 

provide information for a local control law to provide stability around the operating 

point. 

As an application of identifying an unknown plant in power electronics 

systems, the MLPs are proposed for modeling switching converters and resonant 

converters. There have been tremendous efforts to construct a general small-signal 

modeling technique in power electronics system. Especially, due to the evolving 

new switching converter topologies, more powerful and also convenient modeling 

approaches are needed. Several approaches have been employed in an attempt to 

generalize small-signal models for pulse-width modulation (PWM) converters and 

resonant converters. However, the results often tend to be complicated and difficult 

to apply. But this proposed modeling approach proved to be simpler and more 

convenient for small-signal modeling of power electronics systems than any other 

present modeling method. Boost converter, SRC and FMRC were taken as 

examples to demonstrate the algorithm with promising results. 

Based on the identified small-signal model of the power converter, the MLP 

is further trained to capture both the nonlinearities and the dynamics of the system 

for an approximation of boundaries into unstable region in case of large transients. 

The region of stability was investigated and compared to the measurement data. 

The result was almost identical with very little error. 

From this identified structure, the states of the linear model of the system 

were estimated to the actual trajectories of the state variables satisfactorily to be 
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fed back for changing the dynamics of the system. In contrast to a delayed- 

measurement observer or Luenberger reduced-order observer, without a priori 

knowledge of the given system the states were estimated to the actual trajectory of 

the state variables by the novel states estimation method. Since the trajectories of 

the internal states of the system are identified in software without causing 

unnecessary overshoot at control stage, it is a very beneficial by-product of the 

proposed identification technique. 

The neuro-controller design is based on a switched-linear model which 

requires the development of a set of linearized models of the original plant along 

with the corresponding controller gains. This switched-linear controller is used to 

generate responses which, in turn, are used as training data for the initialization of 

the neural network controller. As in the training of any feedforward neural net, the 

selection of the data, e.g. as a trade-off between local and global performance, is 

critical. This selection is greatly facilitated by the interim "switched controller" 

since regions of poor training can be addressed specifically. The power of the MLP 

is then used to capture the nonlinearities of the system for the final purpose of 

controlling nonlinear characteristic of the system, thereby extending the control 

range of the system beyond that of the incremental (linear) description. The cart- 

pendulum system, often used as a benchmark for controller designs, was used to 

illustrate the identification and control technique in a stochastic environment. 

Simulations show excellent promise for this approach compared to other methods 

and, hence, may be suitable for both identifying and controlling critical industrial 

processes. A key issue is to have a method to train the necessary feedforward nets 

accurately, which involves the intelligent use of data pre-processing as well as 

training software that provides visual on-line feed back to the designer. 
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