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ABSTRACT 
 

 

Adaptive Inverse Control (AIC) is a very significant approach for control 

of unknown linear and nonlinear plants. Neural Networks (NNs) based 

AIC for dynamical systems has acquired much attention these days due 

to its compliant characteristics. The AIC problem can be used to obtain 

stable controllers for nonlinear plants. Foremost aspiration of the thesis 

is to put forward a new scheme for intended tracking of nonlinear 

systems. Radial Basis Function Neural Networks (RBFNNs) have the 

ability of mapping nonlinearities effectively and a new AIC scheme 

based on RBFNN is proposed. In this scheme, update of controller 

parameters is acquired by passing the tracking error through estimated 

Jacobian of the system model. The implementation of proposed scheme 

is simple as compared to existing techniques for AIC and to substantiate 

the results of the proposed scheme, it is compared with an existing 

neural networks based AIC technique.  

 

Simulation results of three different nonlinear systems are presented in 

this thesis to authenticate the proposed scheme. Primarily, the 

simulation of a nonlinear plant model is presented and the results are 

shown with and without the affect of disturbance induced in the plant. 

The results validate finer tracking with diminished disturbance and 

error convergence of the proposed scheme. Subsequently, to further 

corroborate the proposed scheme it is implemented on another class of 

nonlinear systems known as Hammerstein type systems, the presented 

scheme is simulated on heat exchanger plant model and binary 

distillation column process plant model. 
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Finer tracking performance and error convergence are clearly 

discernible from the results, both in the presence of disturbance and 

without any disturbance in the plant. The results manifest that 

proposed scheme is significantly adaptive and efficient with minimal 

rise time, slighter overshoots, lesser settling time and is also capable to 

restrain the affect of disturbance in the plant. Moreover, the presented 

scheme is ratified by the mathematical proofs of error and parameters’ 

convergence, delivered in the thesis. Hence, the results affirm that 

proposed scheme is pertinent for control of nonlinear systems and 

Hammerstein type systems as well. 
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Chapter 1 
 
 

Introduction 
 

 

Adaptive Inverse Control (AIC) is a significant technique for control of 

linear and nonlinear dynamical systems [1, 2]. In comparison to 

standard inverse control, AIC has the ability to restrain dynamic noise 

and automatically track variance of system model [3]. Adaptive Inverse 

Control scheme has been successfully implemented for minimum phase 

and non-minimum phase plants with Internal Model Control (IMC) 

structure [4]. AIC schemes have also been proved successful in several 

control applications [1, 5] such as synchronous motor servo system [6], 

proton exchange membrane fuel cell systems [7], magnetic bearing 

system, piezoactuated positioning mechanism, teleoperation systems, 

shock testing, hysteresis in smart materials, synthetic jet actuator and 

ship maneuvering. 

 

Tracking based on AIC is one of the core areas of neural control [8] and 

a substantial quantity of control systems literature is dedicated to 

Neural Networks (NNs) based adaptive inverse control for unknown 

linear and nonlinear dynamic systems [2, 9-11].  

 

A diverse variety of neuro-control schemes is existent in literature and 

the most noticeable ones are inverse dynamics, model reference, neuro-

predictive, compensation and feedback linearization control [12]. NNs 

have been applied to numerous adaptive inverse based control 

problems like real time adaptive nonlinear inversion control of a twin 

rotor Multiple Input, Multiple Output (MIMO) system [13], non-affine 

feedback non-linear system control with input nonlinearity and 

uncertainties [14], generic hypersonic vehicle [15], variable speed wind 
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turbine [16], electronic throttle [17], voice coil motor with hysteresis 

behavior [18], nonlinear DC motor [19], servo-system [20], electro-

hydraulic servo system [21] etc. 

 

In this thesis, a Radial Basis Function Neural Network (RBFNN) based 

online adaptive inverse control scheme for nonlinear systems is 

presented. In this scheme, the inverse neural controller is acquired by 

implementing RBFNN. The parameters of inverse controller are updated 

by the tracking error between delayed input and plant output, back-

propagated through estimated Jacobian of the plant model.  

 

Numerous neuro-control schemes for adaptive tracking are existent in 

literature, however, the presented scheme is different from published 

schemes e.g., [2] and [9]. For the scheme presented in [2], a particular 

adaptive filter is used for cancellation of disturbance in the plant. This 

canceller feeds back plant disturbance in a way that reduces output 

disturbance affect without influencing the dynamics of the plant. In [9], 

an adjustable procedure is required to control the performance and 

tracking errors on the learning based on a new variable gamma and 

algorithm the tuning is based upon gamma. This scheme is also not 

very effective in presence of disturbance in the plant. 

 

However, in the scheme proposed in this thesis, only the tracking error 

is passed through the estimated Jacobian of the plant in order to obtain 

better tracking. Thus, the proposed scheme is not complex in design 

and realization in comparison to schemes presented in [2] and [9]. This 

parameter regulation pertaining to the tracking error back-propagated 

through estimated jacobian of system model and minimization of 

disturbance’s influence without any special adaptive filter and just by 

the use of RBFNNs is the gist of thesis. Moreover, the proposed scheme 

is effective because of rapid converging property of Gaussian radial 

basis function networks in difference to ordinary back propagation 

multilayered NNs. 
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The scheme proposed in thesis is firstly implemented on a 

representative nonlinear model, i.e., presented in [22]. The simulations 

were conducted in two ways; with inclusion of disturbance and without 

any disturbance. It was evident that the scheme works well for tracking 

and disturbance minimization. To further substantiate the results, the 

proposed scheme is also implemented on a slightly different class of 

nonlinear systems, i.e., Hammerstein type systems; like fractional 

distillation model [23] and heat exchanger plant model [23]. The 

simulation outcomes of all mentioned plant models are presented in 

this thesis.  

 

1.1 Problem Formulation 
 
Consider a discrete time stable or stabilized SISO nonlinear system, 

given by, 

 

1 ,… , , , … , (1.1) 

 

where 	is a nonlinear function,  and	  are the known system orders, 

	and	  are control input and plant output respectively.  

 

The purpose of the control task is to obtain inverse dynamics of the 

plant described in Eq. (1.1), by online training an NN in series with the 

plant, in order to follow a specified desired reference sequence  with 

reduced error , 

 

 (1.2) 

 

where  is the estimated plant model. Eq. (1.2) is discussed in 

detail in Chapter 5 alongwith estimated plant model. 
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In this thesis, RBFNN based AIC scheme of nonlinear system is 

presented. Steady and dynamic behaviors of nonlinear model are also 

shown. The neural controller is obtained using nonlinear system model 

based on online center selection RBFNNs. 

 

1.2 Thesis Objective and Contribution 
 
Foremost aspire of the thesis is to put forward a new scheme for 

intended tracking of nonlinear systems. RBFNNs have the ability of 

mapping nonlinearities effectively and a new AIC scheme based on 

RBFNN is proposed for intended tracking performance of nonlinear 

systems and also Hammerstein type nonlinear systems. 

 

1.3 Motivation 
 
Neural Networks are pertinent in numerous applications that have an 

association between inputs and outputs, particularly when this 

connection is incredibly intricate and cannot be easily interpreted in 

arithmetical expressions like forecast of the stock market, revelation of 

medial observable facts etc. 

 

According to universal approximation theorem [24]: 

 

“An arbitrary continuous function of a bounded set can be, within 

a given accuracy, approximated by an appropriate NN.”   

 

From this theorem, it is quite ascertain that Artificial Neural Networks 

(ANNs) have the ability of estimating and identifying linear and 

nonlinear systems accurately. This property of NNs stimulates toward 

the development of linear and nonlinear adaptive control schemes 

based on NNs and AIC in the next phase. 
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Research on ANNs has been instigated by a reality that human brain 

computes more diversely then a conventional computer. By nature, a 

human brain is incredibly intricate, nonlinear and has the ability to 

execute a variety of computations in a more rapid way than a digital 

processor.  

 

Generally, it can be stated that NNs are mechanized models that 

execute a particular assignment in a similar way a brain does. These 

networks carry out the computations by learning and are typically 

applied by using electronic elements or generated through simulations 

on computers [25]. 

 

An NN is constituted of elementary processing entities known as 

neurons. It is similar to human brain in following attributes: 

 The network obtains information from its position and 

neighborhood by a learning procedure. 

 The obtained information is accumulated by utilizing synaptic 

weights [25]. 

1.3.1 Significance of Neural Networks 

Neural networks are beneficial in a variety of everyday life instances and 

have been found pertinent in some problems like, stock market 

forecast, credit obligation, engine supervision, signature examination, 

medical incident finding, condition examination of machines, process 

control, nonlinear identification and adaptive control. 

 

The significance of NNs in numerous fields of daily life and control 

systems is the foremost motivation to do the research in the area of AIC, 

in conjunction with NNs. 

 
1.4 Outline of Thesis 
 
This thesis addresses the AIC for nonlinear systems in RBFNNs 

perspective. Chapter 1 briefly covers the use of AIC in various 
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engineering fields, main objective of the thesis and motivation for the 

problem.  

 

The basics of AIC for linear and nonlinear systems, attributes of inverse 

control alongwith a survey of adaptive inverse and applications in 

control systems’ domain are included in Chapter 2. A prelude to the 

proposed scheme in light of inverse based neural control is also 

incorporated. In the end of chapter, a foreword on Hammerstein type 

systems, their significance in chemical processes, identification 

methodologies and control applications is provided.  

 

Chapter 3 covers the practice of NNs in adaptive inverse control 

prospective and a brief survey of existing techniques. Recent 

applications of NN based AIC are also part of the chapter.  

 

RBFNNs are exercised in this thesis. Basic configuration details of 

RBFNNs are presented in Chapter 4 alongwith a review on their usage 

and ways of implementation.  

 

Chapter 5 deals with the entire details of proposed scheme including 

complete block illustration and structural details. Mathematical 

analysis for error and weight parameters convergence of the scheme are 

main parts of the chapter.  

 

Simulation outcomes of proposed scheme are delivered in Chapter 6. 

Implementation results on three different plant models and their 

detailed discussion is provided in Chapter 6. Initially, simulation 

results of an abstract nonlinear system are presented, alongwith the 

influence of disturbance in the plant, in terms of stability, overshoot, 

rise time, settling time and tracking error. Subsequently, the scheme is 

implemented on an auxiliary class of nonlinear systems i.e. 

Hammerstein type system models of Heat exchanger and Binary 

distillation column process and results are discussed in this chapter. 
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The thesis is concluded in Chapter 7 which includes some future 

extensions for implementation of proposed scheme. 



 
Chapter 2 

 
 

Adaptive Inverse Control  
 
 
 

Adaptive inverse control is a striking way of controlling linear and 

nonlinear plants [26, 27]. It has the ability to control dynamic noise and 

spontaneously track variation of system model. The fundamental theme 

behind AIC is to govern a plant with a serial controller in open loop, 

while serial controller is the inverse of plant itself. This design is shown 

in Figure 2.1. 

 

 

( )r k

-+

( )u k
1( )P q

dq 

( )y k
1 1( )P q 

( )d k ( )e k

 

Figure 2.1: Elementary AIC Scheme. 
 

In this figure,  is the plant model,  is the plant output,   

is the control input to the plant,  is the desired output that is a 

delayed version of input  and  is the tracking error between 

desired output and plant output. The main aim of such scheme is to 

constrain the output of plant to track delayed input. As the plant is 

usually unidentified, so for obtaining an accurate plant inverse, it is 

essential to regulate or tune the controller parameters. This adaptation 

is done by minimizing the mean square error between delayed input 
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and plant output. The adapting controller adjusts the parameters such 

that the error minimizes and becomes inverse of the plant. It will also 

form a unity gain configuration of controller and plant in cascade. 

 

The plant output could written as 

 

. (2.1) 

 

Tracking error of the system is given by 

 

, (2.2) 

 

where 

. (2.3) 

 

Multiplying both sides of Eq. (2.1) with 	  we get 

 

. (2.4) 

 

In Eq. (2.4), when → 0 then	 →  and as the error converges 

to zero, an accurate inverse is obtained. Hence, the control input can 

also be represented as 

. (2.5) 

 

Once accurate inverse is obtained, the unity gain configuration is 

formed which results in a finer tracking performance. 

 

2.1 Brief Survey of Adaptive Inverse Control 
 

Adaptive Inverse Control has proven to be thriving in a substantial 

range of applications in control [3, 5] such as permanent magnet 

synchronous motor [6], air supply control [7], magnetic bearing [28], 

piezoactuated positioning system [29], design for position tracking in 
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teleoperation systems [30], algorithm for shock testing [31], 

identification and control of smart materials hysteresis [32], synthetic 

jet actuator model [33], ship maneuvering [34] etc. Moreover, AIC 

schemes based on IMC configuration have also been executed for non-

minimum and minimum phase plants [4]. 

 

2.2 Attributes of Adaptive Inverse Control 
 

Adaptive inverse control is not just a trouble free way for control task, 

it also has the potential to fulfil the advance control requirements that 

are difficult to achieve for conventional control systems. Additionally, 

the technique can be used for nonlinear systems besides the linear 

systems. Although nonlinear systems do not have appropriate transfer 

functions, yet their estimated inverses can be obtained for inverse 

control strategies. A plant driven by a controller, which is itself inverse 

of the plant, is the fundamental concept behind AIC. In this way, the 

plant output simply tracks the command input. As the plant is generally 

unidentified, the most crucial task is to obtain an accurate inverse of 

the plant with precise parameters. An adaptive algorithm is 

implemented in the neural inverse controller and its parameters are 

updated on the basis of an error signal, i.e., difference between desired 

output and plant output. A very significant point is that disturbance 

and noise are complex issues to deal with this kind of adaptive inverse 

control format due to lack of disturbance or noise feedback to the 

controller [11]. Hence, noise removal and disturbance eradication are 

critical phases to be addressed.  

 

Inverse control can be portrayed as feed-forward compensation by 

implementation of filter with transfer function that is plant’s inverse. 

This kind of scheme is not applicable for control of unstable systems. 

Unstable systems need to be stabilized by established control 

techniques prior to inverse control [1]. 
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An example of combination of conventional control and adaptive inverse 

control can be found in [10], where the AIC scheme is implemented for 

shape memory alloy actuators. In this scheme, a dynamic neural 

network is used to categorize the association along with inverse model 

and influencing voltage to the actuator [10]. 

 



 
Figure 2.2: Another elaborative view of AIC 

 

Figure 2.2 is another elaborative view of AIC. Here the inverse controller 

is denoted by C. The adjustment of controller parameters is based on 

an adaptive algorithm. The system error is represented by	 . The 

controller parameters are tuned on the basis of this system error. When 

there are variations between the command input and the output of the 

system, the system error	  is obtained. Command input is represented 

by r and  shows the output of the system.  

 

Main task is to make sure that the output 	is according to the 

command input	 . The inverse model of the controlled plant is used as 

a controller for the linear systems, however, the inverse model is not 

always available for nonlinear systems. This is the main problem when 

dealing with nonlinear systems. The controller just acts as a filter. It 

drives the command input signals and provides the output signal and 

performs signal transformation. In this case, a command input  is 

converted into the control signal	  [1-2]. 
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In mathematical form a linear controller and plant can be assumed. The 

output of the motor is denoted by .  represents the input of 

the motor.  is the speed of motor. The transfer function of the 

motor is shown by  and the transfer function of the linear 

controller is denoted by	 . Thus 

 

. 2.6

 

The output is represented as 

, 2.7

 

where 

C q 1
P q  (2.8) 

 

and 

. 2.9

	

Therefore, the adaptive system looks for the inverse of the plant that is 

why it is named as inverse controller. 

	

2.3 Adaptive Inverse Control for Linear Systems 
 
In order to tune the controller C, the error must be known. Here it is 

required to know actual and desired outputs of the controller. As the 

linear systems are invertible, so this error can be obtained easily.  
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Figure 2.3: Adaptive inverse control for linear systems. 

 

Figure 2.3 shows the AIC model for linear systems, where the plant is 

represented by P, PM is estimated model of the controlled plant and the 

controller C is the inverse controller that is obtained by the unity gain 

configuration. In order to make sure that the command input follows 

the response of P exactly, the controller C can be copied and used inside 

the main loop. This form of AIC in which the controller is tuned 

separately and then implemented for adaptive inverse purpose is known 

as indirect AIC. The model shown in Figure 2.3 does not accommodate 

the nonlinear system and cannot guarantee that plant output is 

followed by the desired output.   

 

This form of inverse control, in which the controller parameters are 

estimated in unity gain configuration directly (as shown in Figure 2.1), 

is known as direct AIC. It can be used in both online and offline modes. 

Controller can be trained online for time varying systems. Similarly, in 

offline mode, a trainer is first tuned for time invariant system and then 

implemented to the real-time plant. There are also techniques present 

in literature in which the plant’s inverse is obtained just by forming 

unity gain configuration in a way that inverse identifier is followed by 
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the plant itself and plant inverse is obtained as shown in Figure 2.2. 

This inverse is copied as a controller prior to the plant. Such 

configuration is an indirect way of controlling plant through its inverse. 

 

2.4 Adaptive Inverse Control for Nonlinear Systems 
 

The AIC of nonlinear systems is a bit difficult and tricky as compared 

to linear systems. The main objective of the AIC is the adjustment of the 

inverse controller. The inverse model is normally already available for 

the linear controlled plant, but if the controlled plant is nonlinear, then 

any inverse model is not existent which is a severe concern for control 

of nonlinear systems. So in this case, one cannot directly adjust the 

inverse controller exclusive of inverse model. The nonlinear affects can 

be handled by the NNs because of their potential to execute nonlinear 

mappings. Hence, NNs can be applied for control of such systems and 

the online tuning parameters of the inverse controller can be performed 

in a simpler way. In addition ε-filtering algorithm can also be used for 

the NN based AIC of nonlinear systems. This type of control is known 

as inverse based neural control. 

 

2.5 Inverse based Neural Control 
 
Adaptive inverse control attained the attention of numerous 

researchers, due to its computational inexpensiveness and good 

tracking abilities. Inverse control based tracking is one of the main area 

of NNs and during the last decade, a considerable extent of control 

systems literature has been contributed for NNs based adaptive inverse 

control for unknown nonlinear systems [1-3, 26]. Different neuro-

control schemes exist in the literature based on inverse dynamics, 

model reference, neuro-predictive, compensation and feedback, 

linearization control systems. Tracking based on inverse control is one 

of the most important areas of neuro-control [26]. Neural networks have 

been applied to numerous AIC problems [12-21].  
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Nowadays, use of inverse models in the control applications for non-

linear systems has become common. Whenever NN models are used, 

there is no need of an appropriate inverse model. As NNs can easily 

calculate the dynamics of the forward and the inverse systems, a real 

inverse is no more required. There are numerous recently presented 

instances of some vital systems in the AIC perspective like simulated 

reactors. This is an implementation of inverse model for the control 

applications. This method requires controlling the temperature of the 

reactor due to the changes in already settled points and a few other 

disturbances including the load disturbances [35]. 

 

In the steel pickling process, inverse model strategy is also used. This 

process is a bit difficult and risky to handle because of the pH of effluent 

streams. This pH must be controlled because it is important for the lives 

of humans and aqua animals. Concentration and amount of acid 

control are the critical factors and also disturbances and noise are 

intricate to deal with. The inverse controller provides fine results in 

such complicated conditions [36].  

 

2.6 Prelude of Proposed Adaptive Inverse Control Scheme 
 
In this thesis, an NN based online AIC scheme for nonlinear and 

Hammerstein type nonlinear systems is presented. RBFNNs are used to 

obtain inverse of the plant. The tracking error between delayed input 

and plant output is back-propagated through estimated Jacobian of 

plant model, and then used for updating parameters of inverse.  

 

The proposed scheme is distinct from schemes presented in [2] and [9]. 

For the scheme presented in [2], a special adaptive filter is used to 

cancel the disturbance in a plant. This canceller feeds back plant 

disturbance in such a way that reduces output disturbance affect 

without influencing the dynamics of plant. In [9], a new variable gamma 

is required for tuning of algorithm and an adjustable procedure is 
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required to control the performance and tracking errors on the learning. 

However, in the scheme proposed in thesis, only the tracking error is 

passed through the estimated Jacobian of the plant to acquire desired 

tracking performance.  Thus, the proposed scheme is uncomplicated in 

design and implementation as compared to the schemes in [2] and [9]. 

The proposed scheme is also efficient because it is based on fast 

converging Gaussian radial basis function networks instead of typical 

back-propagation based multilayered NNs. 

 

Furthermore, the proposed scheme has been implemented on different 

nonlinear models like in [2, 9, 22] and has been found more efficient in 

tracking and disturbance cancellation. The scheme is validated through 

a Hammerstein type plant model of a binary distillation column process 

and a heat exchanger. Before proceeding to the details of AIC in 

combination with the scheme and systems presented in this thesis, a 

prelude of Hammerstein type systems and their control techniques is 

presented below. 

 

2.7 Hammerstein Systems: A type of Nonlinear Systems 
 
In many industrial applications, a variety of nonlinear systems is 

existent that can be depicted by block-oriented nonlinear models. These 

block-oriented systems are split up into two categories; Hammerstein 

systems and Wiener systems. Hammerstein type systems are a class of 

nonlinear systems having static and memory-less type of nonlinearity 

cascaded with dynamics of the system. Whereas, in Wiener type 

nonlinear systems the dynamics is followed by the static nonlinearity. 

In Hammerstein type systems, this nonlinearity causes output 

saturation and deadband in response. Such systems are frequently 

discernible in chemical processes like heat exchangers [23], fractional 

distillation [37], friction dynamics of hydraulic actuators [38] and also 

in electrically stimulated muscle [39] etc. 
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During last few decades, Hammerstein systems have been found 

immensely beneficial for modeling nonlinear systems [40]. The 

identification of such systems have also been an upthrust area of 

control systems and since 1980’s, numerous articles have been 

accounted for identification of these systems e.g., gradient identification 

based methods, iterative least squares techniques, improved particle 

swam optimization, auxiliary model based least squares, piece wise 

nonlinear model and automatic choosing function model using genetic 

algorithms. A brief survey on all major techniques can be found in [41]. 

 

Although significant amount of literature is presented for identification 

of such systems and still in progress yet for control of such systems, a 

few methods like Model-based predictive control strategies are 

presented in [40, 42]. Furthermore, networked predictive control [43], 

model based PID controller [44], non-iterative identification and model 

following control [45] and limited output sampling control techniques 

[46] have also been presented. Moreover, a paper has been recently 

presented on wireless control & identification of Hammerstein type 

systems [47]. All the presented schemes are based on conventional 

model predictive non-iterative control, limited sampling, and PID 

control strategies that lack acquiescence and compliance as compared 

to adaptive control. Hence, an RBFNN based AIC scheme is presented 

in this thesis for desired tracking performance and control of 

Hammerstein type systems. The details of RBFNNs, proposed scheme 

along with problem formulation, error and parameter convergence 

analysis with simulation results are presented in imminent chapters of 

the thesis. 



 

 
Chapter 3 
 

 
Neural Networks based Adaptive 

Inverse Control 
 
 
Tracking based on AIC is one of the core areas of neural control and 

a substantial quantity of control systems literature is dedicated to 

NN based AIC for unknown linear and nonlinear dynamic systems 

[2, 8-11].  

 

Amongst a diverse variety of neuro-control schemes a few noticeable 

ones are inverse dynamics, model reference, neuro-predictive, 

compensation and feedback linearization control [12]. NNs have also 

been applied to numerous adaptive inverse based real time control 

problems such as spacecraft attitude control [48], water level control 

of boiler drum [49], knee joint position [50], turbo decoding [51], 

maneuverable aerial vehicles, Unmanned Aerial Vehicle (UAV) 

control [52] etc. 

 
Artificial Neural Networks (ANNs) are particular arithmetical 

prototypes, instigated by humanoid brain, and have been a source 

of inspiration and study since 1940s. Initially it was considered that 

neuron is a basic mechanism for performance of logic operations 

[53]. Learning effects of a neuron were revealed later, while 

Perceptron and Adaline models were introduced at initial stages. 

Primarily, NN had two layers, i.e., input and output layers. 

 

The milestone of the field was achieved in the form of multilayer 

perceptron and their training using back-propagation algorithms.  

Later radial basis functions having prompt training pace comparable 
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to MLPs were formulated. In early 80’s, a statistical learning theory 

based supervised NN learning algorithm was proposed and named 

as Support Vector Machine (SVM). 

 
An NN typically comprises of neurons positioned in the form of 

layers. There are numerous types of NNs each applicable to a 

particular task [25, 53]. In ANN based control, it is not an easy task 

to find the finest NN configuration for a particular application. 

Hence, quite large ANNs are often used to handle comparatively 

intricate estimations [54]. There are two main types of NNs, 

Multilayer Perceptron (MLP) and RBFNNs, both having universal 

approximation abilities [55-57].  

 

In recurrent NNs, the outputs are dependent on present and 

preceding inputs and outputs; and shape of network. In dynamic 

and recurrent neural networks, delayed version of output of a 

neuron is fed back to similar or prior layer which is a 

computationally expensive process while radial basis function 

networks are beneficial due to their fast placement and reduced 

training time. 

 

3.1 Multilayer Perceptrons  
 

The most commonly used type of NNs in control systems is MLP. An 

MLP has several layers which contain neurons and biases. Each 

neuron has activation function that has input as sum of all inputs 

of neuron. All neurons are connected and all connections have 

different weights. 

 

A simple perceptron is the most primitive NN model. Implementing 

perceptrons through back propagation algorithm for training MLPs 

have the superior abilities of temporal learning and universal 

approximation [53]. In an MLP the neurons have nonlinear 
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activation functions e.g., hyperbolic tangent, sigmoid functions. 

These MLPs have predetermined activation functions and variations 

of weights arise during training progression [12]. The most important 

step while implementing an MLP is the selection of matrices for 

weight parameters. These weight parameters get updated values by 

training through back-propagation method [58].  

 

In an MLP, the neurons are structured in the form of three types of 

layers, i.e., input layer, a set of hidden layers and an output layer. 

No neuron model is applied at input layer. The inner layers are 

known as hidden layers due to the fact they are invisible to the user 

that sees only input and output connections. There are numerous 

layers in this network depending upon the complexity of the system 

to be identified or controlled. It is also verified that an NN having 

only two hidden layers with adequate number of neuron in each 

layer has the ability to approximate nonlinear and intricate 

mappings [58, 59]. 

 

The computational efficiency of an MLP is extensively superior as 

compared to single layered neuron. By using single layer NNs, digital 

operations like COMPLIMENT, AND, and OR can be implemented 

directly. However, XOR operation cannot be implemented by only 

using single layer perceptron model and could only be implemented 

by utilizing sigmoidal activation functions in MLPs. This concept 

boosted the attention of researchers in the field of multilayer NNs 

[11]. MLPs have been extensively explored for control tasks [60-62] 

and have been found useful in broad range of tasks like heat 

exchanger control, spacecraft maneuvering, printing device control 

etc. [12]. 

 
3.2 Radial Basis Function Neural Networks (RBFNNs) 
 
RBFNNs are universal estimators and a substitute to MLPs due to 

their uncomplicated configuration and rapid training speed. 
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RBFNNs have been applied in various fields like VLSI, system 

dynamics modeling etc. As the scheme proposed in this thesis is 

RBFNN based, hence, a thorough discussion on RBF and RBFNNs 

are presented in the next chapter. 

 
3.3 A Prologue towards Neuro-Control 
 
Design of a control system is a procedure to develop a linkage 

between a control system and dynamics of systems that comprises 

of a feed-forward or feedback structure controller formulation and 

parameters. 

 

Input-Output data of systems plays a vital role in control system 

design like different responses of a linear system are studied for its 

controller design. The performance of ANNs solely depend upon the 

accuracy of system’s input-output data. The usage of ANN for control 

and identification of nonlinear systems has been found unique and 

exceptional. In some systems, NNs are employed to directly 

formulate the control command, while sometimes ANNs are used as 

observer. Different neuro-control schemes have been presented in 

literature. Although several neuro-control schemes are well 

established, yet some are evolving. 

 

ANNs have been employed to depict control output to obtain a 

specific desired output since early 90’s. This technique is known as 

inverse modeling or inverse dynamics control. This method became 

known in 90’s when Narendra and Parthasarathy formulated model 

reference neuro-control [22] and lately, ANN was proposed for 

numerous nonlinear systems [63]. 

 

In 1991, NNs based model predictive control scheme appeared as a 

promising technique for nonlinear control. In this scheme, NN based 

predictive model and controller are used [64]. ANN has also been 

employed for sliding mode control, feedback linearization controls, 
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and compensators for uncertainties or to model complex dynamics 

of systems. 

 

Lately, in a few cases, renowned nonlinear control techniques have 

also been employed in addition to compensation of ANN. The main 

classes of control in which ANN is employed are inverse dynamics 

based control, model reference adaptive control, neuro-predictive 

modeling based control, feedback linearization, and hybrid control 

systems. These schemes are briefly described below. A few other 

useful techniques like stochastic recurrent NNs, backstepping and 

reinforcement learning, also exist in the literature. 

3.3.1 Inverse Dynamics based Control 

Inverse models obtained from NNs can be employed as control law 

and, consequently, the whole system is known as inverse dynamic 

control based on NNs. Sometimes these are implemented as feed-

forward controllers or feedback controller with Proportional Integral 

Derivative (PID) or another ANN controller.  

 

In some controllers, only offline data is used to train ANN inverse 

model. These systems are non-adaptive. As adaptability is a major 

requirement in domain of control, so some online training based 

controllers are presented that have adaptation abilities [57, 65-67]. 

In various cases, inverse modeling based IMC system is also 

presented in literature. 

3.3.2 Model Reference Control 

In this scheme, NN is employed as controller in feed-forward loop. 

This controller yields the control command to track a stable model 

known as Reference Model. The parameters of the ANN controller are 

updated on the basis of error between reference model output and 

system output. Stability of such systems has been discussed in [68, 
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69]. These controllers can also be used as sole feedback controllers 

as well as jointly with feedback controllers.  

3.3.3 Neuro-predictive Modeling based Control 

In neuro-predictive control, NN models are repetitively utilized to 

predict a system response for future period of time. The period of 

time is known as Horizon, which is the ratio of prediction time and 

sampling time. Controller computes that input of system that 

minimizes the error. Numerous neural structures are used in 

recurrent form. Neuro-predictive control has been employed in 

numerous nonlinear thermal and chemical procedures, robotics and 

mechanized processes. 

3.3.4 Feedback Linearization  

This technique is used in cases where a nonlinear system can be 

transformed to a linear system and NNs are used to estimate the 

functions of the system. The technique has been found useful in 

various first and second order mechanical systems. 

3.3.5 Hybrid Control Systems 

This technique is the fusion of classical control laws with NNs. Here, 

NNs does not work as the only controller used for cancelling or 

compensating unwanted and uncertain dynamics of system. The 

design of ANN in this technique is extremely reliant on conventional 

controllers. The controllers based on conventional schemes mostly 

ensure robustness and stability. Although conventional controllers 

provide substantial benefits like robustness and stability, yet these 

techniques are mathematical and applicable to only a class of 

systems of certain dynamics which is not found in real time systems. 

For the purpose to revoke these uncertain dynamics, NN is 

employed. This design technique is different from other neuro-

control schemes, as it does not has any particular control technique 
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to be employed like PID, sliding mode, model reference adaptive, 

feedback linearization and H∞ control. 

 

NN based AIC is implemented to improve overall performance of 

control systems and averting it from transgressions. Similarly, Model 

Predictive Control (MPC) has also gained success in the practical 

applications during the last few years. It is more efficient and 

upgraded than the typical PID control. MPC can deal with the input 

and output limitations easily. Most of the predictive controllers use 

linear model regardless of their physical systems. If a linear MPC for 

the nonlinear system is used, it provides meager and deficient 

results. Therefore, for a nonlinear system a nonlinear MPC is 

required. Nonlinear MPC uses a mathematical model for prediction. 

Hence, to make nonlinear MPC successful a good mathematical 

model is necessary. The main concern in nonlinear process control 

is system uncertainties and delicacy to variation of parameters. 

Hence, an NN based MPC or neural adaptive inverse control can be 

used instead of nonlinear model predictive control. 

 

In NN based MPC the unknown process is identified by the NN in 

offline mode. Then the design of MPC by means of NN based 

predictor is accomplished [70]. Many problems need to be considered 

for the control of a real world plant like uncertainty control, 

parameter variation response, adaptability, disturbance 

minimization, fault tolerance. In addition computational cost, 

performance, practicality and user affability are also the issues that 

should also be regarded. In basic MPC the process is identified offline 

and then MPC is introduced for control task, which lacks 

adaptability and parameter variation control. Hence, a neuro-control 

based design or neural adaptive inverse control format is necessary 

to address all the problems faced by the traditional controllers 

particularly settling output, rapid adaption, and disturbance 

minimization etc. 
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3.4 Applications of Neural Network based Adaptive 

Inverse Control  

 
Neural network based adaptive inverse controllers have been used 

in numerous applications beyond some already mentioned in the 

beginning of this chapter. These mentioned applications were of 

broad nature. A thorough further review of the latest applications of 

NN based AIC is presented in this section. 

 

Robust adaptive control based on NNs for MIMO systems has been 

considered in [71]. These systems have inherited nonlinearity and 

unknown control coefficient matrices. Adaptive NN control design 

has been illustrated for non-symmetric nonlinearities of saturation 

and dead-zone. The control scheme is based on a variable structure 

control in combination with backstepping control. In this adaptive 

NN control, the assumptions of singularity and boundary conditions 

have been overlooked. Boundedness of the signals in the closed loop 

is ensured, because of the back stepping control [71]. 

 

Due to the fine distribution of spiking responses and neural system 

flexibility, the control of spiking in a population of neuron with the 

help of electrical stimulation is a difficult task. For such problems of 

system control, neural simulation is preferred. Offline methods are 

also one of the ways to implement the control processes. Spike trains 

which show the system response and the target cannot be 

implemented with the help of ordinary control procedures. Due to 

this reason, advanced method for the control of spike trains needs 

to be established, so a MIMO AIC method was designed. An inverse 

controller is used by this adaptive inverse method. In this inverse 

controller, the inverse of the neural circuit is identified. The neural 

events in this control system have shorter periods of time. The 

adaptations of the controller also help to keep the inverse controller 

and the inverse of the present NN nearly equal to each other. This 



 
Chapter 3                                                               Neural Networks based Adaptive Inverse Control  

 

 26

control scheme is effective and keeps the response of the system 

close to the original response, hence reducing errors [72].  

 

A fuzzy NN based model reference AIC method for induction motors 

has been studied and implemented in [73]. The induction motors 

have plants that are exceptionally nonlinear and have time-variant 

parameters. The preceding straightforward model reference AIC does 

not take into account all such issues that address nonlinearity. 

Hence, a fuzzy supplemented NN control is introduced. Rotor field 

oriented motion model of the induction motors is the phenomenon 

that was used by this new control network. The model reference 

adaptive control is used to build this new inverse control system 

fuzzy NN control. For adjusting the speed of the motors, a speed 

system is also designed named as Fuzzy Neural Network Identifier. 

The results show that this method provides accurate and efficient 

results. Moreover, it was also supposed as a very feasible method for 

control of nonlinear systems like induction machines [73]. 

 

Fermentation systems are considered to be a firmly coupled MIMO 

system. The biomass control is a complicated task to perform as it 

has many intricate mechanisms and processes. An efficient 

controller is considered necessary in order to augment the 

production and products quality. The most commonly used 

controller in the fermentation process is the PID controller, but these 

types of controller are not able to fulfill all production provisions. 

Hence, NN based control is considered as a good choice because of 

its progressive practice in process control. This controller solves the 

problem of the multivariable decoupling that arrived in other 

controllers. An offline trained NN is operated as an inverse of system 

and in addition, adaptive laws are also considered in addition for the 

control process [74]. 
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A neuro-control scheme has also been implemented in numerous 

straightforward paradigms like control of a motor through a real-

time controller and PC running a simulator that takes speed as 

input. In this scheme, online controller is an NN that adapts the 

parameters and when the parameters are stabilized these are 

assigned to the controller in the feed forward loop. The end user can 

also adjust the parameters through user interface to examine the 

topology. Figure 3.1 shows the AIC of this real world plant. 

 

 

Figure 3.1: Adaptive inverse control of a real-time plant. 
 
 

Research has been done on the PID adaptive control algorithm for 

induction motor based on NN inverse control. The algorithm is based 

on the NN inverse model with incorporation of PID control. This 

control scheme has the ability to reduce the effect of resistance on 

the speed and ensure robustness towards any changes in the 

parameters and other disturbances that influence the system [75]. 

 

Adaptive neural control has also been recently proposed for control 

of a class of pure feedback stochastic nonlinear systems with 

backlash like hysteresis. NNs are introduced to estimate the 

unidentified and aspired control input and an appropriate variable 

is created exclusive of application of mean values. The problem that 

frequently arises is of algebraic loop in pure-feedback stochastic 
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nonlinear systems having backlash like hysteresis. This issue can 

be rectified by the introduction of a first order low-pass filter for the 

control input signal. This controller is very effective and assures the 

boundedness of all closed loop signals and convergence of tracking 

error [76]. 

 

A lot of problems and discrepancies have been noticed in the variable 

speed wind turbine generator [77]. This generator shows nonlinear 

behavior and cannot be modeled in an accurate way. Previously, the 

PID controller has been used but failed to provide superior and ideal 

control outcomes. Recently, using the NN identification technology, 

a new adaptive inverse scheme has been suggested to overcome the 

above mentioned issues in the wind turbine generators. In order to 

obtain the estimation regarding the plant, this method takes the 

assistance of the dynamic recurrent NNs. Another dynamic 

recurrent NN is employed which estimates the inverse of plant and 

the control loop is formulated as inverse control scheme. This proves 

that the scheme has great compatibility to capture most of the wind 

energy in random wind conditions with robustness and adaptability 

[77]. 

 

Several adaptive control schemes have been proposed depending on 

the application. In recent times, another adaptive control scheme 

was introduced that was supposed to improve the performance of 

the humanoid robot hand in workshop. Using the Ge-Lee matrix with 

an operator, a better and more capable NN model was designed for 

the humanoid robot hand and the controller was formulated. The 

outcomes indicate that this format is more efficient and capable to 

handle nonlinear properties with minimum tracking errors and 

controlled load disturbances [78]. 

 

Neural networks have also established their way in control of non-

affine Single Input Single Output (SISO) nonlinear systems. An 
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observer is obligatory to approximate the system states that are 

unavailable at output gauge. An NN is employed for estimation of 

nonlinearity. Disturbance and estimation error are catered by 

induction of a mathematical variable term. The theory behind the 

establishment of such controller is strict positive real Lyapunov 

stability which ensures system stability in close loop [79]. 

 

An enhanced adaptive control based on NNs has also been 

implemented for engine air fuel regulation system and a new 

algorithm of extreme learning machine is presented. This algorithm 

is an advance adaptation of regularized online sequential algorithm 

and castoffs the startup training stage which makes it appropriate 

for adaptive control purposes. The scheme attains improved 

convergence and tracking for control of engine air fuel regulation 

[80]. 

 

An adaptive controller is designed keeping in consideration the 

effects of actuator saturation. A controller is proposed in [16], which 

has the ability of H∞ tracking for MIMO nonlinear systems. The 

systems considered have actuator saturation and also have some 

disturbances. The controller is adaptive neural network based to 

cater the unidentified nonlinearities. To reduce the effects of 

actuator saturations, a supplementary system is formulated. The 

tracking is assured by the design of a supervisory control to deal 

with estimation errors and disturbances and the results of 

simulation are presented which show efficiency of the controller [81]. 

 

Non-affine nonlinear systems comprising uncertainties have 

recently got more attention for learning based control by utilizing 

NNs. A stable adaptive NN tracking control design method used for 

the non-affine nonlinear systems has been proposed in [82]. This 

stable design technique helps in solving the problem of controlling 

non-affine nonlinear systems and avoiding certain limitation 
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conditions of the system. The conditions of persistent excitation of 

NNs are fulfilled throughout the control process. The proposed NNs 

based control has the capability of obtaining knowledge and 

accumulating it. The scheme effectively provides the stability of the 

closed loops with enhanced control performance [82]. 

 

A robust adaptive fuzzy NN based sliding mode control technique 

has also been developed for condenser cleaning mobile manipulator. 

These systems possess disturbances and uncertainties that are 

controlled by fuzzy based NN which also ensures error convergence 

[83]. 

 

Neural networks based AIC has also been practiced for Shape 

Memory Alloy (SMA) actuators. SMA actuators are nonlinear and 

show firm hysteresis. The presented format consists of an NN that 

identifies the SMA wire nonlinearities and its parameters are used 

for the inverse controller. In addition, a proportional controller is 

also established to accommodate the displacement error and control 

input. This controller, having online learning abilities, is 

implementable for control of SMA wires [84]. 

 

Dead-zone characteristics are the main problems for control of a DC 

motor. This problem can be rectified by the implementation of neural 

control [85]. The two NNs are used concurrently, where one NN 

identifies the dead-zones and the other is employed to shape a PID 

based NN for dead-zone characteristics compensation. This 

methodology provides precise estimation and dead-zone 

compensation as compared to classical PID controllers [85]. 

 

Most of the electronic throttles suffer from highly nonlinear effects 

of backlashes and frictions. The AIC of such systems has been 

proposed in [86], in which two NNs are utilized, one for identification 

of nonlinearities and delicacy of the plant and the other is used as 
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the inverse controller. The adaptive learning rates are furnished to 

ensure error convergence and rapid learning [86]. NNs have also 

been employed to estimate the uncertain dynamics of multi-agent 

systems and their performance has also been validated through 

simulation in [87]. Such schemes are also applicable for control an 

uncertain space craft [88]. 

 

The idea of multiple models in the adaptive control has also been 

considered in the literature. The control performance can be 

improved by using multiple filter models and combination of 

different NNs has also been studied. Some of the NNs are trained 

online and some offline. ANNs have plenty of outstanding abilities 

for nonlinearity identification and fault tolerant disposition. 

Furthermore, NNs allow parallel processing with self-learning 

abilities, but the usage of multiple NNs for the same purpose is a 

cumbersome process and computationally very expensive process 

that leads to a sluggish outcome. Therefore, a fast converging 

scheme with the abilities of addressing disturbances and other 

transgressions is need of the time. Hence, an RBFNN based AIC 

scheme is proposed in this thesis. 

  

 

 
  



 

 

 

Chapter 4 
 
 
Radial Basis Function Neural Networks 
 
 
 
In recent years, neural controllers have been extensively used for 

control of nonlinear systems due to their flexible and adaptable 

characteristics and a considerable variety of control system’s literature 

is dedicated to NNs based control. Recently RBFNNs have been applied 

to the problems where previously multilayered NNs were used. 

Basically, RBFNNs are considered to be the variant of multilayered feed-

forward NNs and have best approximation and fast convergence 

abilities.  

 

Radial Basis Function (RBF) networks have beneficial features of simple 

design, fine generality, robust tolerance to input noise, and online 

learning capability. RBFNNs are compared with multilayered NN and 

fuzzy inference systems and found effective in terms of easy network 

construction, parameter adjustment, good generalization ability and 

input noise tolerance [89]. 

 

RBFNNs have attained much attention in recent years because of their 

concise formation, universal approximation, rapid learning ability and 

both online and offline training capability. In addition, they can 

estimate complex nonlinear mappings, which multilayer NNs merely 

approximate by formulating multiple layers. RBFNNs have been 

effectively applied in various fields e.g., function approximation, curve 

fitting, system identification, interpolation, chaotic time-series 

modeling etc. [90]. 
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Gaussian kernel based RBFs are the most extensively used functions 

amongst various functions due to their good incremental learning 

ability. These functions have several distinct mathematical features and 

can be used in the learning and control of the nonlinear dynamic 

systems [58, 91]. 

 

The Gaussian type function ,	is defined as 

‖ ‖

2
, (4.1) 

 

where . 	is an gaussian nonlinear radial basis function,  is the 

input,  are the centers of the radial basis functions, ‖. ‖ denotes 

Euclidean norm,  is the spread of radial basis function and	

1,2, … , . 

 

RBFs are radially symmetric type of specific functions and their 

distinctive quality is repetitive changes in their response with variation 

of distance from a central position. RBFNNs are linearly parameterized 

NNs and appear as better alternative of feed-forward ANNs for acquiring 

finer estimation models and mapping. Like multilayer feed-forward 

NNs, RBFNNs also have universal approximation ability [56-58]. 

Moreover, these are capable of modeling complex mappings, while 

multilayer NNs can estimate complex mappings only by employing 

multiple layers. RBF networks have been effectively employed to various 

situations like identification, approximation, modeling, interpolation 

etc. 

 

4.1 Basic Structure of RBFNNs 

 
Basic structure of an RBFNN is configured of three distinct layers, as 

depicted in Figure 4.1. Input layer consists of input nodes and output 

layer gives output response.  
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Figure 4.1: Basic configuration of an RBFNN. 
 

The middle layer is known as hidden layer and is usually of higher 

dimension [58, 91]. 

 

Figure 4.1 manifests that output 	can be written as 

. (4.2)

Eq. (4.2) can also be written as 

′ (4.3)

where 

, , , … , ′ (4.4) 

, , , … , ′ (4.5) 

Here 	 	is a Gaussian function and can be mathematically written as 

in Eq. (4.1). Where, 1, 2, … , . 

 

4.2 Types of RBFNNs 
 
There is a range of radial functions existing in NN’s literature, however, 

Gaussian RBFs are the most frequently used one because of being 

highly nonlinear functions and their capability of incremental learning. 

.

.

.

1(.)

2 (.)

(.)n
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Gaussian functions have numerous distinct mathematical 

characteristics and can be utilized in control and estimation of the 

nonlinear systems [58, 91]. 

 

Other than Gaussian RBFs, there also are other types of RBF networks. 

In RBF networks, different training samples are selected and each 

training sample is assigned a location of the RBF [92]. For instance, 

consider the case 	and		 , where 1 ≤ i ≤ K. Then a scaling 

constant is assigned for every RBF. This parameter is represented as σ. 

For our ease, σ could be chosen as 0.5 for   1 ≤ k ≤ K. 

 

Now using Eq. (4.2) 

 
‖ ‖

2σ
(4.6) 

Eq. (4.6) can be written as, 

‖ ‖ ‖ ‖ ⋯ ‖ ‖

1

2
⋮ 	 (4.7) 

 
As, k = 1, 2... K, Eq. (4.7) turns into a matrix equation as , i.e., 
 
 

‖ 1 ‖ ‖ 1 ‖
‖ 2 ‖ ‖ 2 ‖

… ‖ 1 ‖
… ‖ 2 ‖

⋮ ⋮
‖ ‖ ‖ ‖

⋱ ⋮
… ‖ ‖

⋮

1 	
2
⋮
	

	 (4.8) 

   
Here, 	is a K x C square matrix and C = K. For mostly used RBFs, 	is 

positive definite. Hence, 

 

. (4.9) 

  
The matrix 	 may be singular in some practical applications. Due to 

this singular matrix, the result of 	may be numerically unstable. This 
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situation can occur when two or more samples of 	are very close to 

each other, giving unstable results. Various methods can be applied to 

eliminate this problem. Such two common methods are, regularization 

and least square using pseudo-inverse. 

 
Method 1: Regularization 
 
In this method, a small diagonal matrix is added, for a small positive 

number	 	. So, 

 

d (4.10) 

 
Method 2: Least Square using Pseudo-Inverse 
 

In this method, the least square solution is obtained. With the help of 

this solution, the aim is to minimize (‖ ‖ . So, 

 

d (4.11) 

 

Here 	  is the pseudo-inverse matrix of 	 . It can be found using 

singular value decomposition. 

 

When the input falls within a small region of the input space, a major 

non-zero response is produced by the RBF in the hidden layer. In the 

input space, there is a separate field for every hidden unit.	c  is the 

center in the receptive field and the input vector x  lies in this receptive 

field. The desired output can be obtained by selecting the weights 

correctly. 
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Different radial functions are given below in Table 4.1, Where 

x c . 

 

Table 4.1: Different Radial Functions. 

Gaussian Radial Function / 	  

Thin plate Spline  

Multi-Quadratic /  

Inverse Multi- Quadratic 1/ /  

Linear Function  

Cubic Function  

 
In general, the main difference between a traditional NN and RBFNN 

could be termed as a network that sends sets of input data onto its 

corresponding output is a multilayer network. This type of network is a 

feed forward ANN. When a network that produces the output due to the 

linear combination of the RBF of the inputs and the neuron parameters, 

is known as RBF network and uses RBF for the activation functions. 

 

4.3 Comparison between RBF Network and Multilayer 

Network 

A comparison between RBF networks and Multilayer NNs in shown 

below in Table 4.2. 

 

Table 4.2: Comparison between RBF Networks and Multilayer Networks. 

 
RBF Network 

 
Multilayer Network 

There is only one hidden layer. There are many hidden layers. 

The output layer is different from 

the neuron model and the 

function of the hidden layer. 

 

All the layers have same 

computational nodes.  
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The hidden layer comes under 

the category of non-linear layers 

whereas the output layer is 

categorized as linear layer. 

All the layers are non-linear.  

The Euclidean distance between 

the input vector and the center 

of the unit is calculated by the 

activation function of the hidden 

unit. 

The inner product of the input 

vector and the weight of the unit is 

calculated by the activation 

function. 

It is quick in learning due to 

establishment of the local 

mapping. 

Global approximations are 

established for input/output 

mapping. 

It has two-way learning process. 

The centers and the weights 

both have to learn. 

No two-way learning. Only the 

weights have to learn. 

 
 
4.4 Applications of RBFs 
 
There are various applications where function approximation is 

established. One effective approach is RBF network. Due to its quick 

learning capacity, it has shown enormous results in such situations. In 

recent times, RBF have been successfully applied in forecasting stock 

indices  [93], pore-water pressure prediction [94], removal of copper 

using an emulsion liquid membrane process  [95], prediction of surface 

roughness [96], genome-enabled prediction of genetic values [97], 

estimation of electrical characteristics of photovoltaic module  [98], 

wind power forecasting [99], face recognition [100], rotorcraft parameter 

estimation  [101], speech recognition [102]. 

 

Function approximation, system control and time series forecasts are 

the main fields where RBFs are commonly used. Recently, this RBFNN 

has been used in the field of condensed matter physics and chemistry 
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for spectral de-convolution. RBF can be used in a variety of fields and 

particularly in the construction of generalized science framework [102]. 

 

RBF is also one of the hierarchical models. In these models, Bayesian 

learning offers better and more accurate performance than the 

maximum likelihood estimation. While considering the Bayesian 

learning, two parameters are considered very important for the 

estimation, i.e., generalization error and stochastic complexity. 

Generalization error highlights the level of estimation accuracy for the 

unknown data. The stochastic complexity is used for model selection 

and optimization parameters. For hierarchical learning, with machines 

like radial basis network, better generalization performance is mostly 

achieved [58]. 

 

In many applications of signal processing, two layer NNs have been 

replaced by RBF. In order to learn RBF, a common method is to choose 

some random data points that are assigned as radial basis centers. 

Afterwards, Singular Value Decomposition (SVD) associated with this 

type of method and the procedure to randomly select the points of the 

RBF is not reliable. Beside this learning method, some other procedures 

have also been proposed and one of them is based on the orthogonal 

least-square method. Rather than choosing the radial basis centers 

randomly, in this method a suitable network is constructed by selecting 

the centers one by one rationally. The increment to the energy of the 

output and the variance is maximized due to each of the selected radial 

basis center. Due to this method of selection, the problem of numerical 

ill-conditioning is also avoided. For RBF networks, this method of 

orthogonal least-square method provides a better learning strategy 

[103]. 
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4.5 Difference between RBFNNs and Probabilistic Neural 

Networks (PNNs) 

 

The function based models that are extensively used in classification 

problems are the RBFNNs and Probabilistic Neural Networks (PNNs). 

Medical field is also one of the main concerned areas of these networks. 

In order to use both RBFNN and PNN, training process is required. In 

training sequence, the network parameters need to be assigned. 

 

The training process of RBFNNs depend upon selection of four major 

parameters, i.e., quantity of hidden neurons, location of centers of RBF, 

Smoothing constant of RBF and weights for output neurons. 

On the other hand, training process of PNN requires the smoothing 

constant for the neurons of network patterns. For RBFNN,  (the 

smoothing constant) is one of the factors that need to be considered 

along with other parameters, but in PNN,  is the only parameter that 

needs to be considered. PNNs have less computational time as 

compared to back-propagation NN, but nonlinear mapping of RBFNN is 

enhanced as compared to PNN. The network structure configuration, 

size and arrangements of pattern layers is a main problem with PNNs. 

Due to these problems RBFNNs are opted for implementation in the 

proposed scheme. 

 

4.6 Function Approximation 
 
Generally, the exact interpolation is not the main area of interest, due 

to following reasons: 

 
 All of the data is full of noise and when an interpolating function 

passes from each and every data point, over-fitting is caused. Due 

to this over-fitting, the results are inadequate and generalization 
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is not fine. A smoother fit is required in order to ensure efficient 

generalization and to overcome the affect of noise. 

 Ensuring exact interpolation is costly. To make sure that 

interpolation is enhanced, the number of basis function should 

be equal to the number of patterns in the learning data set. So 

when the data is large, it becomes computationally expensive to 

evaluate the mapping function. 

 

The RBF model for function approximation can be obtained by 

modifying the exact interpolation procedure. Function approximation 

gives smoother fit to the data and the numbers of basis functions are 

less than the other methods [104]. 

 

The modifications are made in the quantity of the basis functions, 

centers of the basis functions, width of the basis functions and addition 

of bias parameters. 

 

After applying these modifications, the RBF network is given by, 

 

 (4.12) 

 

An extra basis function 	can also be initiated with activation to 1 in 

order to reduce approximation errors. 

 

There are two steps in the interpolation of RBF. The first step of 

interpolation is known as Fitting. In this step, the linear system is 

solved according to the conditions of interpolation. The second step of 

interpolation is known as Evaluation, which involves assessment of 

shape parameters. Ill-conditioning is a common troublesome aspect in 

fitting problems. For improving the condition of the system, the basis 

that expresses the RBF space can be changed. This helps to improve 
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the results in terms of accuracy and solution speed. The error can also 

be reduced by changing the basis and which would result in improved 

accuracy with superior performance [105]. 

 

RBF has been recently fruitfully applied to nuclear models in order to 

improve mass predictions [106]. Due to this process, rms deviation of 

the system is also reduced.  The RBF approach has also improved and 

enhanced the nuclear shell structure, shape and speed of matter flow 

due to its extrapolative power. 

 

4.7 Advantages of RBFs 
 
Radial Basis Functions have the capability of providing faster learning 

in the network that is having complex non-linear mapping. Smooth and 

efficient mapping is required in such kind of networks for reliable 

generalization. The smoothing can be achieved by modification of error 

function, without influencing the training speed. Several examples have 

been analyzed to see the improvement in the generalization properties 

of the network [107]. 

 

It has been revealed that back-propagation algorithms cannot generate 

robust and stable outputs. This is due to the error function 

characteristics of the algorithm. It has no appropriate mechanism of 

training for classification problems. The RBF networks have the abilities 

to overcome all such problems by means of non-monotonic transfer 

functions. RBFs also update about the accuracy of the data and 

identifies how much the test data is matching with the actual training 

data. This application can be manipulated in fault diagnosis and the 

algorithm can be advantageous over back-propagation algorithms 

[108]. 

 

RBFs have also been studied in linear inverse perspective [109]. RBF 

have numerous computational rewards, due to which the machines 
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learning processes frequently utilizes RBF. The major advantage of 

RBFs and especially Gaussian RBFs, is their capability to adapt to 

changing patterns of smoothness with efficiency. 

 

Multivariate approximations have also benefited from RBFs, but if the 

interpolation points are randomly spaced in a large quantity, then the 

RBFs suffer from ill-conditioned interpolation matrix. In order to 

improve the interpolation matrix number, RBFs with variable shape 

parameters can be used [110]. The best way to solve problems related 

to differential equations and interpolation is through RBF. The ill-

conditioning problem can be addressed by employing the finite 

differences numerical scheme and the combination can potentially 

resolve numerous engineering problems [111]. Recently, RBF have been 

extensively utilized in chemistry and condensed matter physics and 

geosciences [112].  

 

Fuzzy regression analysis makes use of RBF networks, where the input 

and output have no defined connection [113]. RBF networks have also 

been utilized in solar array modeling. The solar array model comprises 

of non-linear RBF in the logic hidden unit. These RBFs have a direct 

link with the input vector. There is a linear relationship between the 

hidden and output units. Data needs to be obtained randomly from the 

photovoltaic plant. This random data is used to train the model. The 

training process is rapid and accurate and the technique has the ability 

to forecast the points of maximum power in the photovoltaic panel 

[114]. 

 

In the past, maximum likelihood learning was used to obtain the 

centers of the basis functions. With the help of these basis functions 

clusters were obtained and then RBF network was built. Several 

algorithms have been presented regarding sensitivity analysis using 

RBF. While training, the quantity of the hidden neuron and the centers 

of the basis functions are required. This can be obtained by 
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maximization of the sensitiveness of the output towards the data. The 

most desirable feature in this classification will be the least amount of 

hidden neurons and more sensitivity [115]. 

 

This much significance and accuracy in nonlinear mapping of RBF 

networks over other NNs, is the basic inspiration for employment of 

these networks in the proposed NN based AIC scheme. 

 

 
 



 

 

Chapter 5 
 
 
Proposed Scheme: Radial Basis 

Function Neural Networks based 

Direct Adaptive Inverse Control 

(RDAIC)  
 
 
 
An RBFNN based adaptive inverse scheme for control of nonlinear is 

proposed in this chapter, as shown in Figure 5.1. In this adaptive 

inverse based neuro-control scheme, tracking error is 

backpropagated through estimated Jacobian of plant model and the 

parameters of neural controller are updated using this error. 

Normalized Least Means Square (NLMS) is used as adaptation 

algorithm in RBFNN.  

 

1NN

2NN
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dq
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Figure 5.1: Proposed scheme using RBFNNs 
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Figure 5.1 elaborates the entire proposed scheme in detail. The plant 

model is denoted by	  and the aim is to attain desired tracking 

performance at plant output	 . Two NNs are employed in the 

presented scheme; NN1 is used as inverse controller and NN2 is used 

to obtain estimated plant model.	 	is model estimation error and  

parameters of NN2 are updated on the basis of this error.	 	is 

the estimated plant model with output	  and weight 

parameters	 . NN1 is the Gaussian RBFNN based inverse 

controller, with input	 	and output	 . The parameters of 

inverse controller 	are updated on the basis of error	 .		In this 

scheme, 	 	 ∗ ,	where,	 ∗  is the tracking error 

between desired output and plant output. The mathematical details 

and convergence of this scheme are provided in this chapter.  

 

In order to devise an efficient and computationally economical 

algorithm the values of n and m are kept to a minimum of 5, in the 

proposed scheme. Hence, weight parameters (n = 5) have been used 

for RBFNN for inverse control. Five weight parameters (m = 5) have 

also been used for estimation of plant model using normalized least 

means square.  

 

As shown in Figure 5.1,	 , i.e., desired output is a 

delayed version of the input. Delay is also a control problem in case 

of heat exchangers [28]. Hence, this delay is introduced to the 

scheme to make sure that the proposed scheme is capable of 

tracking desired output and also accommodate delays. It can be any 

delay, for the presented results 5. 

 

Due to the arithmetical accuracy and fast convergence property of 

RBF, the presented scheme is found very efficient in error 

convergence and tracking while being computationally efficient as 

compared to other multilayered NNs. This scheme also yields very 
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well in disturbance minimization and does not require any special 

adaptive filters or error functions for disturbance minimization. 

Principal 

 

The presented scheme is formerly tested on a most commonly used 

nonlinear plant model of [22] and this abstract model has also been 

used in [9] for NN based control. Firstly, in this thesis tracking 

performance of the proposed is evaluated on the same plant model 

without disturbance and also with the affect of disturbance in the 

plant.  The scheme was observed excellent in tracking performance 

and disturbance cancellation. Afterwards, this scheme has also been 

implemented on binary distillation column process model [37] and 

was again found noticeably well in tracking, disturbance 

minimization, overshoot and response time as compared to other 

schemes. In this thesis, the proposed scheme in also implemented 

on nonlinear plant model of a heat exchanger [23] and results are 

presented.    

 
5.1 Error Convergence and Parameters Convergence 

Analysis 

 
Stability and convergence are the most vital concerns in NNs based 

AIC. In this section, parameters and error convergence analysis are 

presented. 

 

In the proposed scheme, controller output can be depicted as 

. (5.1) 

Estimated output of the plant model can also be written as 

, (5.2) 

where 
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, , , … , ′ (5.3) 

, , , … , ′ (5.4) 

, , , … , ′ (5.5) 

 

Controller output and plant output are represented respectively, as 

 

	 , 1 , 2 , … , , (5.6) 

	 , 1 , 2 , … , ′ (5.7) 

Also 

∗ (5.8) 

Where ∗  is the back-propagated tracking error.  and  are 

the set of desired output and actual plant output respectively. 

 
 
5.2 Convergence Analysis: Weight Parameters of 

Estimation Model 

 
Obtaining a stable and accurate estimated model of the plant is 

indispensable for the proposed scheme to get desired tracking 

performance. Hence, parameter convergence of the estimated model 

is essential. An analysis of parameter converge is presented in this 

section. 

 
Plant model estimation error is 

. (5.9) 

Normalized Least Mean Squares (NLMS) based update algorithm 

equation for the plant estimation is, 
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1
‖ ‖

 (5.10) 

 

Here, when 0, it will give 0 in denominator which leads to an 

infinite solution. To rectify this problem a bias ( 1 ) is introduced 

in the algorithm, and the norm ‖ ‖ 	will be	 ′ . This	  is of 

negligible magnitude but will provide protect against divide by zero. 

 

By incorporating Eqs. (5.2) and (5.9) in Eq. (5.10), the resulting equation 

is 

1
‖ ‖

.	 (5.11) 

 

Simplifying to get 

1 1
‖ ‖

. (5.12) 

 

Multiplying 	with Eq. (5.12) to get 

1
‖ ‖

. (5.13) 

 

Obtain expectation of Eq. (5.13) as 

1
‖ ‖

. (5.14) 

 

Assumption of Wide Sense Stationary (WSS) process leads to 

1 (5.15) 
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Eq. (5.15) could also be represented as 

‖ ‖
 (5.16) 

 
and, 

‖ ‖
 (5.17) 

 

					
‖ ‖

 (5.18) 

 

Define 

≜ ′ (5.19) 

≜ . (5.20) 

Hence, 

 

. (5.21) 

 

Therefore, estimation of plant model’s weight parameters converges 

to a stable solution if the model estimation error converges, i.e.,  

→ 0 , an approximate mode is obtained and Eq. (5.2) could 

be represented as 

. (5.22) 

 
 
 
5.3 Convergence Analysis: Error for Plant Inverse 
 
 

An accurate neural inverse controller is required to get better 

tracking performance which can only be achieved if controller is 



 
Chapter 5        Proposed Scheme 

 

 51

stable and ensures error convergence. An analysis of error converge 

is presented in this section to endorse the proposed scheme. 

 

Let the cost function,  of error  be 

1
2

 (5.23) 

 

and 

∆ 1 . (5.24) 

Subsequently, 

∆	 1 . (5.25) 

Eq. (5.8) can be written as 

∗

∗ 1
∗ 2

⋮
∗

			 		
1
2

⋮
		

1
2

⋮
 (5.26) 

 

Plug-in Eq. (5.1) to Eq. (5.22) to get 

 

. . . (5.27) 

 

Now, Eq. (5.27) can also be written as 

 

1
2

⋮
			 	

⋮
…

⋮
 (5.28) 
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or 

 

1
2

⋮
	 	

⋯

⋮ ⋱ ⋮
⋯

⋮
. (5.29) 

 

From Eq. (5.29) 

 

	 ⋯ . (5.30) 

Similarly, 

1 ⋯  (5.31) 

and,  

	 ⋯ . (5.32) 

Hence, Eq. (5.29) can be written as 

	 ∑ . (5.33) 

 

As 

∗ (5.34) 

 

Substitute Eq. (5.8) in Eq. (5.34) to get 

. (5.35) 

 

Put Eq. (5.33) into Eq. (5.35) to get 

	 . (5.36) 
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Now, put Eq. (5.36) in (5.25) to get 

∆ 1 ². (5.37) 

Updating algorithm equation for inverse is 

1 , (5.38) 

where  is the learning rate of the RBFNN. 

Multiplying Eq. (5.38) with 	 to get 

	 . (5.39) 

Put Eq. (5.39) in Eq. (5.37) to get, 

∆
1
2

1
1
2

. . (5.40) 

Simplifying gives 

∆
1
2

1
1
2

. (5.41) 

Now, put Eq. (5.36) in Eq. (5.41) to get 

∆
1
2

1
1
2

 (5.42) 

As ‖ ‖  , Eq. (5.42) could be written as 

 

∆ 	
1
2

1
1
2

1 ‖ ‖ , (5.43) 

also, 

∆
1
2

1
1
2

1 ‖ ‖ . (5.44) 
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As weight parameter ( ) convergence of estimated model is 

already affirmed in previous subdivision, therefore, Eq. (5.44) will 

converge if 0 < µ < 1. This is because when µ is zero in Eq. (5.38), 

the affect of error will be nullified and if µ is greater than 1, the 

solution of Eq. (5.44) will be diverging. Hence, µ should be greater 

than 0 and less than 1 for convergence of the proposed scheme. 

 

5.4 Weight Parameters Convergence for Plant 

Inverse 

 
 
Weight parameters convergence is mandatory for a stable inverse 

controller. Hence, an analysis of weight parameters convergence for 

plant inverse is presented in this section.  

 

Put Eq. (5.36) in Eq. (5.39) to get 

‖ ‖
. (5.45) 

 

Simplify to get 

‖ ‖
. (5.46) 

 

As ′ ‖ ‖ , and re-arranging above equation to get 

‖ ‖
‖ ‖

. (5.47) 

 

Taking ′  common to obtain 

1 ‖ ‖
‖ ‖

. (5.48) 
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Obtain expectation of the above equation 

1 ‖ ‖
‖ ‖

. (5.49) 

 

Assuming the process be WSS, i.e., 

1 , 

Eq. (5.49) can also be written as 

‖ ‖
‖ ‖

. (5.50) 

 

Furthermore, 

‖ ‖
‖ ‖

, (5.51) 

Eq. (5.51) can be written as 

‖ ‖ ‖ ‖
, (5.52) 

and 

‖ ‖ ‖ ‖
. (5.53) 

where, 

≜ , (5.54) 

and  

≜ . (5.55) 

 

Thus, 

			
‖ ‖

. 
(5.56)
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Therefore, weight parameters for inverse controller  converge to 

a stable solution if solution of Eq. (5.56) exists and weight 

parameters 	of estimated plant model converge. Convergence of  

 has also been proved in Section 5.1. From Eqs. (5.49) and (5.50), 

it can also be observed that desired output is bounded for bounded 

input to achieve weight parameters convergence of the inverse 

controller. 

 



 

 

 

Chapter 6 
 
 
Implementation of Proposed Scheme: 

Results and Discussion 
 
The idea of passing error through estimated Jacobian is presented 

in the proposed Gaussian RBFNN based Direct AIC Scheme. 

Simulation results and analysis in terms of convergence proofs are 

provided to substantiate the proposed scheme. All types of results, 

with and without disturbance, are also demonstrated in this 

chapter. The simulation results are found rich in tracking 

performance and ability to reduce disturbance. A comparison with a 

well-known preexistent scheme [9] is presented. The results are 

notable in tracking and disturbance minimization (without inclusion 

of any special adaptive filters or error functions for the purpose), and 

are presented in this chapter. 

 

The proposed scheme has been simulated on a nonlinear model [2, 

9, 22] and the results are shown in Section 6.1. To further 

substantiate the performance of the proposed scheme, it is also 

simulated on different types of nonlinear plants i.e., Hammerstein 

type plant models. The simulation results of Hammerstein type 

plants, such as heat exchanger and fractional distillation column 

process, are presented in Sections 6.2 and 6.3. The entire figures 

have been discussed in details along with comparisons. Magnified 

views of a few critical figures have also been shown and discussed 

in this chapter. 
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6.1 Case I: Nonlinear Plant 

 
Consider a nonlinear plant 
 

			
1

1 1
1 . (6.1) 

 
 

This plant model is the same as presented in [9] and has been used 

in [2] and [22]. Here the proposed scheme is applied on this model 

for validation. The results are presented in the form of figures to 

emphasize the effectiveness of the proposed scheme. The discussion 

on each response of the presented scheme, in terms of error 

convergence, overshoot and response in the presence of disturbance 

(also without disturbance) is shown and compared with the scheme 

presented in [9]. 

 

 

 
 
 

Figure 6.1: Desired tracking performance by plant output. 
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Figure 6.2: Tracking performance magnified view of desired output tracked by 
plant output. 

 
 
Figure 6.1 depicts that desired output is tracked by plant output, 

without any disturbance in the plant. In Figure 6.2, tracking 

performance magnified view for 0.4 sec is shown, where fast 

convergence of algorithm, with very less rise time is observed and 

after 0.2 sec, it starts tracking the desired output. It is also apparent 

that desired output is tracked by the plant output without any 

overshoot. 

 

 
 
 

Figure 6.3: Tracking error. 
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Tracking error is shown in Figure 6.3 and good tracking performance 

is notable with error around zero and plant output stabilizes very 

quickly with minimal steady state error due to fast and compliant 

response of the presented scheme. 

 

 
 

Figure 6.4: Controller output. 
 
Figure 6.4 shows controller output and it can be seen that the 

controller output is bounded and stable. From Figures 6.1-6.4, it is 

clearly evident that plant output perfectly tracked desired output 

with nominal settling time and error (without disturbance in the 

plant). 
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Figure 6.5: Disturbance k  in the plant and proposed scheme. 
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Figure 6.6: Plant disturbance. 
 

 

Figure 6.5 shows the scheme for AIC with disturbance  

introduced in the plant. Figure 6.6 shows the disturbance added to 

the plant. 

 
 

 

 
 

 
Figure 6.7: Desired tracking by plant output (with disturbance). 
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Figure 6.8: Tracking performance: Magnified view of desired output 
tracked by plant output (with disturbance). 

 
It can be observed from Figure 6.7 that desired output is tracked by 

the plant output (with disturbance in the plant). In Figure 6.8, 

tracking performance’s magnified view for 4.5 sec is shown, which 

exhibits fast convergence of algorithm with negligible overshoot, very 

less rise time and after 0.4 sec, it starts tracking the desired output. 

The plant output also settles rapidly even with the affect of 

disturbance because of fast converging response of RBFNNs updated 

on the basis of tracking error back-propagated through estimated 

Jacobain of the plant. 

 

 
 

Figure 6.9: Tracking error (with disturbance). 
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Figure 6.10: Controlled input. 

 
 

Tacking error between desired output and plant output is shown in 

Figure 6.9 and fine tracking performance is noticeably evident. The 

steady state tracking error is around zero. Although at a few points 

it is not exactly zero, this is due to the influence of disturbance, yet 

settling time is very less. Figure 6.10 shows controller output, where 

it can be again observed that the controller output is bounded stable. 

 

 

 

Figure 6.11: Estimated and actual plant outputs. 
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Figure 6.12: Estimation error. 

 
 
Figure 6.11 and 6.12 show the performance of estimation algorithm 

of the plant and it is evident from these figures that the plant has 

been estimated accurately in the presence of disturbance in the 

plant. 

 

 

 
 
 

Figure 6.13: Desired tracking by plant output and comparison. 
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Figure 6.14: Tracking performance: Magnified view (for 0.8 sec) of desired output 

tracked by plant output and comparison. 
 

Figure 6.13 shows the comparison of proposed scheme with prior 

scheme [19]. The results show that proposed scheme works better 

for disturbance minimization. Figure 6.14 shows magnified view for 

0.8 sec of performance of both schemes. It is observed that the 

proposed scheme performs better, converges fast and smoothly to a 

desired value without any overshoot. While the plant output of prior 

scheme overshoots to a larger value at 0.1 sec and then stabilizes 

slowly. 

 

 
 

Figure 6.15: Tracking performance: Magnified view (for 4.5 ~10.5 sec) of desired 
output tracked by plant output and comparison. 
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Figure 6.15 shows magnified view for plant output and desired 

output for (4.5 ~ 10.5) sec; with comparison of the proposed scheme 

and prior scheme [19]. It is clearly discernible that the rise time of 

the proposed scheme is shorter than prior scheme which takes 

overshoots of large amplitudes and has more settling time as 

compared to the presented scheme with the affect of disturbance in 

the plant. Hence, it manifests that the proposed scheme shows finer 

tracking performance and disturbance minimization. 

 

 
 

Figure 6.16: Comparison of tracking error in presented and prior scheme. 
 

Tracking error is shown in Figure 6.16. Very little overshoots and 

error are perceptible for the proposed scheme in comparison to prior 

scheme, which authenticates the error convergence of the proposed 

scheme. It can be observed that proposed scheme is more adaptive 

and efficient with slighter overshoots, settling and rise times. Error 

and parameter convergence of the presented scheme is already 

proved in the previous chapter. 

 

The results demonstrate that a high-quality AIC scheme is obtained 

which also has the abilities to diminish disturbance. Therefore, the 

presented scheme is an excellent alternative for neural control.  
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6.2 Case II: Heat Exchanger 
 

Heat exchangers are general mechanisms to transmit heat between 

diverse fluids. These are widely used thermal components having 

complex geometry and have nonlinear dynamic behavior. Hence, it 

is difficult to model and control them. If the control of heat exchanger 

is required, an accurate and efficient controller is a requisite to 

control the effects of delay, thermal inertia and nonlinearities as well. 

Keeping in view the complexity and nonlinearity of heat exchanger, 

it appears feasible to apply neural networks to precisely control this 

complex thermal mechanism [28].  

 

Previously, NN have been applied for the control of heat exchangers 

[116-118]. All the schemes presented in these papers are neural 

predictive control based. In the neural predictive controller 

presented in [28], the control strategy is IMC based. An integral 

control is applied in parallel with the filter of the NN controller to 

remove a steady-state offset. In this case NN is also trained offline, 

but in this thesis online adaptive inverse controller based on RBFNN 

and its simulation of the steady and dynamic behaviors nonlinear 

system of heat exchanger is presented. The proposed scheme is 

implemented on the nonlinear system model of heat exchanger from 

[23]. 

 

Control of heat exchangers is a crucial task in thermal industry. Due 

to their nonlinear dynamic behavior, these are complicated to 

control. To deal with these control complications, proposed scheme 

is implemented on the heat exchanger model. Simulations are 

executed to validate the proposed RBFNN based AIC scheme, with a 

heat exchanger process model. The heat exchanger model of [23] is 
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1.608 1 0.6385 2
																				 0.207 1 0.1764 2  

 
(6.2) 

			 31.549 41.732  (6.3) 
24.201 68.634  

 

 

Simulation results of nonlinear heat exchanger are presented in this 

section to validate the proposed scheme. The proposed scheme is 

simulated on nonlinear system with and without disturbance. The 

discussion on each response of proposed scheme in terms of error 

convergence, overshoot, and response in presence of disturbance is 

shown and compared with scheme presented in [9] and provided at 

the end of this section subsequent to all figures. 

 

 

 

 
 

Figure 6.17: Plant output tracking the desired output. 
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Figure 6.18: Magnified view of plant output tracking the desired output. 
 

 

 

 

 
Figure 6.19: Tracking error between desired output and plant output. 
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Figure 6.20: Controller Output. 

 

 

 

 

 

 
Figure 6.21: Plant output tracking the desired output with comparison. 
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Figure 6.22: Magnified view of plant output tracking desired output for 
 0.5 sec with comparison. 

 
 
 
 

 
 
 
 

Figure 6.23: Magnified view of plant output tracking the desired output 
for (4.9 ~ 5.2) sec with comparison. 
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Figure 6.24: Proposed scheme for plant with disturbance	 k . 
 
 

 
 
 
 
 

 

 
 

Figure 6.25: Disturbance in the plant. 
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Figure 6.26: Plant output tracking desired output 
(in the presence of disturbance). 

 
 

 

 

 

 
Figure 6.27: Magnified view of plant output tracking the desired output 

for 0.3 sec (in the presence of disturbance). 
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Figure 6.28: Magnified view of plant output tracking the desired output 
for (4.5 ~10.5) sec (in the presence of disturbance). 

 
 
 

 
 

 
 

 
 

Figure 6.29: Tracking error between desired output and plant output 
(in the presence of disturbance). 
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Figure 6.30: Controller Output (in the presence of disturbance). 
 
 
 
 

 
 
 
 
 

Figure 6.31: Plant output tracking the desired output with comparison 
(in the presence of disturbance). 
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Figure 6.32: Magnified view of plant output tracking the desired output for 1 sec 

with comparison (in the presence of disturbance). 
 

 

 

 
 

 
 

Figure 6.33: Magnified view of plant output tracking the desired output for (4.5 
~10.5) sec with comparison (in the presence of disturbance). 
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Figure 6.34: Tracking error between desired output and plant output with 
comparison (in the presence of disturbance). 

 
 
 
 
The proposed scheme is simulated on nonlinear system model of 

heat exchangers of Eq. (6.2) and (6.3) with and without disturbance 

in the plant. Figure 6.17 shows plant output tracking desired output 

for 20 sec without any disturbance in the plant and good tracking 

performance is attained. Figure 6.18 is magnified view of Figure 

6.17, desired output tracking for 0.3 sec is shown, where it is evident 

that after 0.13 sec, plant output is exactly same as desired output 

due to rapid error convergence of proposed scheme. Tracking error 

is shown in Figure 6.19, it shows that after settling, the error is 

reduced to zero and hence fine tracking is achieved. Controller 

output is shown Figure 6.20, to show adaptability and bounded 

stability of controller. 

 

In Figure 6.21, a comparison of tracking performance is given 

between plant output (proposed scheme), i.e., obtained from plant 

while implementing the proposed scheme of passing tracking error 

through estimated Jacobian of plant and plant output (prior 
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scheme), i.e., scheme presented in [9]. Figure 6.22 shows magnified 

view of figure 6.21; plant output tracking the desired output for 0.5 

sec, which illustrates presented scheme shows better tracking 

performance and starts tracking desired output just after 0.1 sec. 

Plant output also automatically track changes in input and again 

overshoot is very less, while plant output for prior scheme initially 

goes down to value of -6 at 0.16 sec and then start tracking after 0.3 

sec. Figure 6.23 also shows magnified view of Figure 6.21; plant 

output tracking the desired output for 4.9 to 5.2 sec. It can be seen 

that plant output started tracking very fast, without any delay and 

error in proposed scheme, while it starts tracking after 5.16 sec (i.e., 

delay of 0.16 sec) in prior scheme. Hence, tracking performance of 

proposed scheme is very fine without disturbance as compared to 

the prior scheme.  

 

Figure 6.24 shows scheme for adaptive inverse control with 

disturbance added to the plant, while Figure 6.25 shows disturbance 

introduced in the plant. In Figure 6.26, plant output tracking of the 

desired output is shown, after the induction of disturbance in the 

plant. It can be seen that disturbance is minimized and plant output 

tracks desired output finely. Figure 6.27 shows magnified view of 

Figure 6.26; plant output tracks desired output for 0.3 sec. Figure 

6.28 shows magnified view of Figure 6.26; plant output tracks 

desired output from 4.5 to 10.5 sec. It can be seen that plant output 

at 7.1 sec is 0.99 and 1.015 at 8.6 sec. Both values are around 1 

(approximate error of ±0.01), while disturbance has maximum 

amplitude of 0.7. Hence it can be simply depicted that proposed 

scheme has the ability to diminished that affect of disturbance. 

 

Figure 6.29 shows tracking error between desired output and plant 

output in the presence of disturbance. It can be observed that after 

settling the error is reduced to zero and hence fine tracking 

performance is achieved. Figure 6.30 shows controller output for the 
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proposed scheme which is bounded stable even in the presence of 

disturbance. 

 

In Figure 6.31, a comparison of tracking performance of plant output 

for proposed and prior scheme is shown, both in the presence of 

disturbance in the plant. Figure 6.32 shows magnified view of Figure 

6.31, where plant output tracking desired output for 1 sec. Figure 

6.33 shows magnified view of Figure 6.31 from 4.5 to 10.5 sec. It can 

be distinguished that pant output for prior scheme is approximately 

0.85 at 7.1 sec and 1.14 at 8.6 sec that are very high (error of ±0.15) 

as compared to proposed scheme. For proposed scheme, these 

values are 0.99 and 1.015 respectively (maximum error of ±0.01). 

Therefore, it is evident that the presented scheme has the ability to 

diminish the disturbance with nominal tracking error. 

 

Figure 6.34 shows tracking error between desired output and plant 

output. It is noticeable that tracking error for plant output (proposed 

scheme) is less and able to minimize the affect of disturbance in a 

better way as compared to plant output (prior scheme). 

 

Results show that good online AIC scheme is achieved that is also 

capable of diminishing disturbance affect. Hence, the proposed 

scheme can be a good choice for NN based online AIC of a nonlinear 

system like heat exchanger. 
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6.3 Case III: Fractional Distillation Column Process 
 
Control of distillation columns is one of the vital problems in 

chemical industry. Due to their nonlinear dynamic response, control 

of these distillation columns is a challenging task. To overcome these 

control difficulties, proposed scheme is implemented on the 

distillation process model. Simulations are performed to 

authenticate the proposed RBFNN based AIC scheme, with a 

Hammerstein type binary distillation column process model. The 

distillation process model [23, 37] is as follows: 

 

 

			 0.757 1 0.243 1
 

(6.4) 

  
			 1.04 1 1.411 1 (6.5) 
													 16.72 1 562.75 1

 

 

The above model relates the reflux flow rate u(mol/min), with the top 

column composition % , where 0.2	 0.2	[37]. Desired 

output	 6 . Simulation results of Hammerstein type 

nonlinear binary distillation column process (with and without 

disturbance) is shown in the form of figures. 
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Figure 6.35: Plant output tracking the desired output. 

 
 
 
 
 
 

 
 

 
 

Figure 6.36: Magnified view of plant output tracking the desired output. 
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Figure 6.37: Tracking error between desired output and plant output. 
 
 

 

 

 

 
 

Figure 6.38: Controller Output. 
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Figure 6.39: Plant output tracking the desired output. 
 

 

 

 
 
 

Figure 6.40: Magnified view of plant output tracking the desired output. 
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Figure 6.41: Disturbance in the plant. 
 
 
 
 

 

 

 
 

Figure 6.42: Plant output tracking the desired output in the presence of 
disturbance. 
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Figure 6.43: Magnified view of plant output tracking the desired output 
 for 0.4 s and its comparison. 

 

 

 

 
 
 
 

Figure 6.44: Magnified view of plant output tracking the desired output 
from (4.8 ~10.8) s and its comparison. 
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Figure 6.45: Controller Output. 
 
 
 
 
 

 
 

 
 

Figure 6.46:Tracking error between desired output and plant output 
and its comparison. 
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Figure 6.47: Plant output and estimated plant output. 
 
 
 
 
 

 

 
 

Figure 6.48: Error between plant output and estimated plant output. 
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Figure 6.49: Tracking a different Desired Output (100 sec). 
 
 
 

 

 
 
 
 

Figure 6.50: Magnified view of tracking a different Desired Output (0 ~ 6 sec). 
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Figure 6.35 shows plant output tracking desired output for 20 sec 

and good tracking performance is attained. In Figure 6.36, magnified 

view of desired output tracking for 0.15 sec is shown. It is evident 

that plant output has very less over shoot and after 0.1 sec, plant 

output is exactly same as desired output due to rapid error 

convergence. Tracking error is shown in Figure 6.37 and it is clear 

that after settling, the error is reduced to zero and hence tracking is 

achieved. Controller output is shown in Figure 6.38, to show 

adaptability and bounded stability of controller. 

 

In Figure 6.39, a comparison of tracking performance is given 

between proposed scheme and prior scheme presented in [6]. Figure 

6.40 shows magnified view of plant output tracking the desired 

output for 0.4 sec, which shows presented scheme shows better 

tracking performance and starts tracking desired output after 0.1 

sec, plant output also automatically tracks changes in input and 

again overshoot is very less. 

 

Figure 6.41 shows disturbance introduced in the plant. While in 

Figure 6.42, a comparison of tracking performance is given between 

proposed scheme and prior scheme, both in the presence of 

disturbance is shown. It is evident that proposed scheme is also able 

to reduce the affect of disturbance in the plant.  

 

Figure 6.43 shows magnified view of plant output tracking the 

desired output for 0.4 sec and its comparison where it is observed 

that plant output starts exactly tracking the desired output after 

0.15 sec. Figure 6.44 shows magnified view of plant output tracking 

the desired output from (4.8 ~10.8) sec and its comparison. It is 

evident that the presented scheme has the ability to diminish the 

disturbance with nominal tracking error. 
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Figure 6.45 shows controller output which is bounded stable in the 

presence of disturbance. Figure 6.46 shows tracking error between 

desired output and plant output. It is noticeable that tracking error 

for proposed scheme is less and the scheme is able to minimize the 

affect of disturbance in a better way as compared to prior scheme. 

 

Plant output and estimated plant output are shown Figures 6.47. 

From Figures 6.47 and 6.48 it is clear that estimating algorithm is 

working accurately and good estimate of the system is obtained. 

 

Furthermore, the presented scheme is also tested on a different 

desired outputs i.e., actual top composition output of the binary 

distillation column [24] shown in Figure 6.49 and plant output is 

tracking desired output for 100 sec. Magnified view of tracking 

desired output for first 0.6 sec is shown in Figure 6.50 which shows 

very less overshoot in plant output and plant output is tracking 

desired one accurately.  

 

The results show that good online AIC scheme is achieved that is 

also capable of diminishing disturbance affect. Hence, the proposed 

scheme can be a good choice for NN based online AIC for a 

Hammerstein type binary distillation column process. 

 

 

 

 



 

 

 

Chapter 7 
 
 
Conclusions and Future Work 
 
 
 

This thesis presents a novel neural adaptive inverse control scheme 

based on RBFs and the simulation outcomes of the presented 

scheme for nonlinear systems with integration of disturbance in the 

plant models. In this scheme, the estimated inverse of plant in feed 

forward loop, perform as neural controller and the parameters of this 

controller are updated on the basis of tracking error passed through 

estimated Jacobian of the plant. The proposed scheme is 

implemented on a nonlinear system presented in [22] and also used 

in numerous papers like [2, 9, 22]. Simulation results exhibit the 

efficacy of presented scheme, affirm that finer tracking and error 

convergence with minor overshoot are attained. The proposed 

scheme also performs well in disturbance minimization. 

 

To further substantiate the results, the presented scheme is applied 

to Hammerstein type nonlinear system. The presented scheme is 

also implemented on heat exchanger model and binary distillation 

column process model. The simulation outcomes demonstrate the 

effectiveness of the scheme in terms of better tracking performance 

with nominal overshoot, minimal rise time, and fast error 

convergence with shorter settling time. The scheme is also adequate 

to minimize the influence of disturbance in the plant.  

 

Furthermore, mathematical proofs for convergence of error and 

weight parameter are also expressed to emphasize the significance 

of the proposed scheme. Hence, the proposed strategy is suitable for 



 
Chapter 7                                                                                                 Conclusions & Future Work 

 

 92

online neural AIC of nonlinear systems and complex geometric 

nonlinear system thermal components like heat exchanger and 

binary distillation column processes. 

 

There is room for future enhancement in the area of NN based AIC. 

In this thesis, only SISO nonlinear systems are considered. The 

proposed scheme can be enhanced for MIMO nonlinear systems as 

well. This work can also be improved for practical implementation 

for elevation and azimuth control of a helicopter model. The 

instability and nonlinearity of the helicopter can also be controlled 

through the presented scheme. Moreover, the scheme can further be 

developed for Wiener and Weiner-Hammerstein type systems. As the 

scheme is implemented on system models of heat exchanger and 

binary distillation process, their practical implementation on actual 

plant will also be valuable for the industrial applications. 

 

The proposed scheme has the abilities of disturbance minimization 

in addition to control, which leads toward its application in control 

of UAVs. In this thesis, only NNs are considered for AIC, however, 

implementation of adaptive neuro-fuzzy based control with error 

backpropagation through plant model is still an open research issue. 
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