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ABSTRACT 

DistiUation control is difificuk because of ks nonlinear, interactive, and 

nonstationary behavior; but, improved distillation control techniques can have a significant 

impact on improving product quaUty and protecting environmental resources. Advanced 

control strategies use a model of the process to select the desired control action. While 

phenomenological models have demonstrated efficient control of highly nonlinear and 

interactive distiUation columns, they are often computationally intensive. 

Neural networks provide an alternate approach to modeling process behavior, and 

have received much attention because of their wide range of applicability, and their abiUty 

to handle complex and nonlinear problems. The main advantage in using neural network 

models is that they are simple, and computationaUy extremely efficient. 

In this study, neural networks were used as models in an advanced model-based 

control fi-amework. Feedforward neural network models were developed using both 

steady-state and dynamic data to model three distiUation case studies: (i) a propylene-

propane (C3) spUtter; (ii) a toluene-xylene spUtter; and (ui) an industrial mukicomponent 

distiUation column. Rigorous simulators were developed for these three processes which 

provided the data for training the networks. The neural networks were trained using a 

nonlinear optimization algorithm. 

Two controUer stmctures were used: one using steady-state models, known as 

Generic Model Control (GMC); and the other using dynamic models, known as Nonlmear 

Model Predictive Control (NMPC). The GMC controUer was tested on the dynamic 

simulations of all three case studies and also on the industrial column kself The NMPC 

controller was tested on the C3 splitter. Radial basis function networks were evaluated as 

an altemative modeling approach for steady-state data. Their performance was compared 

with tradkional feedforward networks for the C3 splitter and a senskivity analysis was 
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performed. Finally, the issue of choosing data points for steady-state neural network 

models was studied and guidelines were provided for the same. 

Neural network models were developed to encompass a broad operating range of 

distiUation columns. Various neural network models were developed using both static and 

dynamic data and tested using different controller stmctures. They were, in general, found 

to perform better than the conventional Proportional-Integral controUers. GuideUnes were 

also developed for choosing steady-state data for training neural networks. 
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CHAPTER 1 

INTRODUCTION 

1.1 Importance of DistUlation Control 

Distillation still remains the most widely used separation and purification technique 

in the chemical process industry around the world. It has been estimated that there are 

40,000 distiUation colunms operating in the US alone, which consume a staggering 3% of 

the total US energy usage (Humphrey et al., 1991). Improved distiUation control can have 

a significant impact on reducing this energy consumption, at the same tkne meeting 

product purity specifications and protecting environmental resources. However, 

distUlation columns present a challenging control problem because their behavior is usuaUy 

nonUnear, interactive, nonstationary, and often subject to constraints and disturbances. 

1.2 Distillation Control Lkerature 

The fiindamental objectives of distiUation control are maintenance of product 

purities and quality, constraint satisfaction, and inventory management. There is an 

enormous amount of distiUation control lkerature available and only a few relevant 

references are discussed here. 

To meet the objectives of distillation control, the manipulated and controlled 

variable pakings for the column must be chosen. This "pairing" problem is known as 

determining the stmcture of the control system. Volumes have been written addressmg 

the issue of the distiUation control stmcture (Luyben, 1992; Skogestad et al., 1990; 

McAvoy, 1983). For traditional two-product distUlation, Skogestad et al. (1990) suggest 

that selecting a sukable control stmcture is the most important decision during the design 

of a distUlation control system. They mention that Relative Gam Array (RGA) analysis is 

useful for selecting the best stmcture. However, they also note that poor RGA values do 



not necessarily indicate a poor control stmcture. On the basis of frequency-dependent 

RGA analyses of dynamic distillation models, they suggest that the L/D (reflux ratio) and 

V/B (boUup ratio) configuration is generally the best choice for dual composition control. 

They also suggest that the conventional L-V configuration is preferable for controlling the 

composition of one product. Shinskey (1984) recommends configurations with RGA 

values between 0.9 and 4.0 for optimal control of two-product distiUation. 

Once the manipulated and controUed variable pairings are selected for a distillation 

column, the type of control algorithm must be determined. Tradkionally, the 

Proportional-Integral-Derivative (PID) control algorithm has been used in the chemical 

industry in various configurations to achieve distillation objectives. While advances in the 

features of PID control algorithm exist (for example, feedforward, logarithmic 

transformation, cascading, gain scheduling, etc.), a new generation of control techniques 

has emerged to compensate for the nonlinearity, coupling, and non-stationary behavior 

inherent in many chemical processes. Advanced control techniques require either the use 

of conventional PID controllers with complex configurations and elaborate tuning 

procedures (Papastathapoulou and Luyben, 1991; Ding and Luyben, 1990; Muhrer et al., 

1990; Finco et al., 1989; Elaahi and Luyben, 1985; Tyreus and Luyben, 1976) or the use 

of nonlinear mukivariable models (Riggs et al., 1993; Hokanson and Gristle, 1992; Pandk 

et al., 1992; Rheil, 1992; Patwardhan et al., 1990; Riggs, 1990) termed as model-based 

control, for efficient control of distillation columns. 

Some of the most significant developments to model-based control include 

algorithms that use linear models such as Dynamic Matrix Control (DMC) (Prett and 

Garcia, 1988; Cutler and Ramaker, 1980), Model Algorithmic Control (MAC) (Richalet et 

al., 1978), Intemal Model Control (IMC) (Garcia and Morari, 1982), and some of thek 

extensions that used nonlinear models. Comprehensive reviews of some of the above 

techniques and their extensions is available in the paper by Bosley et al. (1992), and 



Bequette (1991). The above techniques are all similar in the sense that they rely on 

dynamic models to predict the behavior of the process over some future time interval, and 

control actions are based on these model predictions. These techniques are, therefore, 

classified under the broad category of Model Predictive Control (MPC). Another 

technique caUed Generic Model Control (GMC) which uses steady-state models with a 

reference system based on first-order dynamics has also been studied and implemented 

extensively (Ramchandran and Rhinehart, 1995; Lee, 1993; Pandk et al., 1992; Rhinehart 

and Riggs, 1990; Riggs and Rhinehart, 1990; Lee and SulUvan, 1988). 

1.3 Neural Networks and Its Relevance to Process Control 

The nonlinear models used in the nonlinear mukivariable control strategies 

generally tend to become rigorous and computationally intensive as the process behavior 

becomes complex. While control success has been demonstrated (Riggs et al., 1993; 

Pandk et al., 1992; Pandk and Rhinehart, 1992; Cott et al., 1985), k is often at the 

expense of computational power, operator-fnendly interaction, or ease of controUer 

development and maintenance. 

Neural networks offer an alternate approach to modeUng process behavior as they 

do not require a priori knowledge of the process phenomena. They can extract pre-

existkig pattems fi-om data that describe the relationship between the inputs and the 

outputs kl any given process phenomena. When appropriate inputs are appUed to the 

network, the network acqukes "knowledge" from the environment m a process known as 

"training." This is because neural networks can be considered akin to nonlinear regression 

techniques, and as such have all the traks and benefits of these techniques. Neural 

networks are capable of handlmg complex and nonlinear problems, process information 

rapidly, and reduce the engineering effort required in model development. 



Neural networks have been appUed successfully to a variety of problems, such as 

system identification (Cheng et al., 1995; MacMurray and Himmelblau, 1993; Pottman 

and Seborg, 1992; Narendra and Parthasarathy, 1990), process fauk diagnosis 

(Venkatasubramanian et al., 1990; Venkatasubramanian and Chan, 1989), modeUng of 

semiconductor manufacturing processes (Himmel and May, 1993; Rekman and Lory, 

1993), pattem recognition and adaptive control (Hinde and Cooper, 1993; Cooper et al., 

1990), process modeling and control (Turner et al., 1995; You and Nikolaou, 1993; Blasei 

and Jensen, 1992; Nahas et al., 1992; Psichogios and Unger, 1992; Bhat and McAvoy, 

1990; Bhat et al., 1990; Narendra and Parthasarathy, 1990; Guez et al., 1988), statistical 

time series modeling (PoU and Jones, 1994; Weigand et al., 1990), and many others. In 

the area of distiUation control, neural networks have been as a model ki the model-based 

framework (Ramchandran and Rhinehart, 1995; Flathouse, 1995; MacMurray and 

Himmelblau, 1993) and also in studies on mdustrial columns (Baratti et al., 1995), pUot 

plants (Megan and Cooper, 1993; WilUs et al. 1992), and dynamic simulations (WilUs et 

al., 1990). The papers by Thibault and Grandjean (1992) and Astrom and McAvoy (1992) 

furnish in-depth reviews on neural network appUcations ki chemical process control. 

1.4 Objectives of this Work 

The primary objective ofthis research was to apply neural networks for distUlation 

control. Different kmds of neural networks which are currently being used like 

feedforward networks, including mukUayer perceptrons and radial basis fimction 

networks, were studied and developed. Rigorous simulators were developed for 

distUlation control studies. Neural network model-based controllers were developed, 

tested, and implemented on different distUlation case studies. The issue of choosing data 

points for training a neural network was studied, and broad guideUnes were provided for 



the same. The performance of different neural network model-based controllers was 

compared and analyzed. 

In aU the neural network applications studied and developed for distiUation control, 

zero error data was used. 

1.5 Summary of Results 

It was found that neural networks could be easily used to model complex 

processes Uke distillation. Neural networks can be used to develop both steady-state and 

dynamic models. The neural network model-based controllers show good performance 

for both servo and regulatory modes of operation. Besides, neural networks have 

tremendous potential in being applied to a broad spectmm of operating distiUation 

columns. 

Issues related to control strategies and training algorithms were dealt with. The 

neural network models developed were found to be computationaUy extremely efficient, 

and since they are defined by a set of weights, this makes them extremely "portable" to be 

appUed on a Distributed Control System (DCS). The issue of choosing an optimal trainkig 

set was studied. Broad guidelines were provided in choosing training data in the more 

senskive and nonUnear region ofthe input space. 

Radial basis function network models were simple to develop and thek 

performance was comparable to mukilayer perceptrons. But, radial basis function 

network models were found to be extremely senskive to perturbations in the model 

parameters and also to process changes, which do not make them very appeaUng. 

The performance of Nonlinear Model Predictive Controllers (NMPC) was better 

than Generic Model Controllers (GMC). The disadvantage of NMPC is that the neural 

network models used are large which require very high traming time. 



CHAPTER 2 

NEURAL NETWORKS 

For a better understanding of neural networks and thek appUcations, let us 

consider conventional data processing and expert systems. Conventional processing 

techniques apply explick procedures or steps to numerical data in order to arrive at an 

output. Expert systems, on the other hand, use logical facts as input and employ a set of 

expUckly specified mles in a knowledge-base to arrive at a decision. In contrast, neural 

networks use no expUckly specified knowledge or procedure to analyze new data. They 

can extract pre-existing pattems and information from data. When appropriate inputs are 

appUed to the network, the network acquires "knowledge" fi-om the envkonment in a 

process known as "training." As a resuk, the network assknilates mformation that can be 

recalled later. A neural network can be Ukened to a mukidimensional nonlinear regression 

of data, where k can then make predictions of output based on the inputs and the previous 

information k was supplied. The above statements do not imply that the person using 

neural networks for process modeUng can entirely ignore understandkig the process 

behavior and its interactions. It sknply means that the neural network does not need to 

know the underlying phenomena ofthe process being modeled. 

There are several different types of neural networks that are bemg studied and/or 

used in appUcations. Some of the network models most commonly used in process 

control systems are: mukilayer perceptron, adaptive resonance network, the Hopfield 

network, the Bokzmann machine, and Kohonen's self-organizing map. Some ofthe above 

mentioned networks are called feedforward networks and, others, feedback (or recurrent), 

based on whether the information flow occurs only in the forward direction or in, both, 

forward and backward directions. Neural networks are also further classified as either 

static or dyncnnic systems, based on whether the stored mapping can be recalled instantly 



or involves some delay or time-domain characteristics. Each type of neural network with 

specific differences in intemal stmcture and fianction have specific uses and advantages in 

control appUcations. 

2.1 Neural Network Stmcture 

In this study, our focus is restricted to feedforward neural networks. We initially 

studied Muki-Layer Perceptrons which we shaU "loosely" call as Feedforward Neural 

Networks (FFN), and later we studied Radial Basis Function Networks (RBFN). Details 

on the stmcture and applications of some of the other types of neural networks can be 

found elsewhere (Haykin, 1994; Zurada, 1992). 

2.1.1 Feedforward Neural Networks (FFN) 

Feedforward neural networks which are also referred to as multUayer perceptrons 

are amongst the most commonly used network stmctures in process control appUcations. 

A feedforward network stmcture consists of a dense mesh of nodes and connections. The 

basic processing element of a neural network is the neuron. These neurons operate 

coUectively and simultaneously on most or all data. Figure 2.1 illustrates the general 

stmcture of a feedforward network ki which the information flow occurs in the forward 

direction, i.e., from the input to the output. Feedforward neural networks are organized in 

layers and, typically, consist of at least three layers: an input layer; one or more hidden 

layers; and an output layer. In addkion, there may be a bias neuron, that provides a 

constant and kivariant output, say +1 or -1. The connections are the means of information 

flow. Each connection has an associated weight, Wj, which is expressed by a numerical 

value that can be modified. The weight is a measure of the coimection strength between 

two neurons. Each neuron in the hidden and output layers accepts information fi-om other 

neurons in the network and performs a specific computational task. The input layer nodes 



serve simply to pass neural network input values along to the hidden layer(s). The input 

values to each node in the hidden layer(s) and output layer are first multiplied by the 

corresponding connection weight. The weighted inputs are then summed up and modified 

by a transfer function to obtain an output fi-om the neuron. Information flows from the 

input layer to the output layer of the neural network with the above mentioned processes 

occurring in each neuron in the hidden and output layers till a network output is obtamed. 

Figure 2.2 presents a graphical picture of the processes occurring in each neuron in the 

hidden and output layers with y being the transformed output from the neuron, and z being 

the weighted sum of aU inputs, x, to the neuron. 

The transfer fimction is also known as a mapping function or an activation 

function. In early neural network models (Rosenblatt, 1958), the transfer fiinctions were 

discrete and discontinuous functions with binary outputs, sometimes called a switching 

function. This led to the conclusion that layered neural networks had limited potential m 

solvkig more complex problems (Minsky and Pappert, 1969). Later in the mid-1980's, 

Hopfield (1984, 1982) used continuous differentiable transfer functions. It was then 

shown that a continuous-valued neural network with a continuous differentiable nonlinear 

transfer fimction can approximate any continuous fimction arbitrarily well in a compact set 

(Cybenko, 1988). Cybenko (1989) also demonstrated the fact that any arbitrary decision 

region can be well approximated by a continuous neural network with only one single 

intemal hidden layer and any continuous sigmoidal transfer function. These sigmoidal 

transfer functions are "5-shaped," and can be ekher a unipolar (output range from 0 to 1) 

or a bipolar (output range fi-om -1 to +1) fimction. The transfer functions can also be 

linear, and consist of algebraic or differential equations. In a discrete transfer function 

neuron, the bias provides a threshold limit that triggers the neuron. In a continuous-

valued transfer function, the role of the bias is not quke clear and many feedforward 

network formulations do not have the addkional bias neuron. In this work, both sigmoidal 
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(unipolar) and hyperbolic tangential (bipolar) functions were used, which are represented 

in Equations (2.1) and (2.2), respectively. 

e'-e~' 
y=^—7 (2.2) 

e +e 

The network developed used one type of transfer function for aU the neurons in the hidden 

and output layers. The performance of networks with mixed transfer functions was not 

explored. A bias neuron with a constant output of+1 was used. More details on the 

types of transfer fiinctions used in neural networks can be found elsewhere (Haykin, 1994; 

Zurada, 1992). 

2.1.2 Radial Basis Function Networks (RBFISD 

Radial basis fimction networks are also feedforward in nature with the mformation 

flowing forward from the input layer to the output layer. The constmction of a radial-

basis fimction network in its most basic form involves three different layers. The first 

layer which is the input layer is similar to that described in the stmcture for feedforward 

networks. The input layer nodes serve simply to pass neural network input values to the 

hidden layer. The second layer is a hidden layer involving an appropriate nonlinear 

transformation, and which serves a different purpose from that in mukUayer perceptrons 

(feedforward networks). The third layer is the output layer involving a linear 

transformation. The basic stmcture of a radial basis fimction network is similar to that of 

feedforward networks and is depicted in Figure 2.3. The stmcture of a radial basis 

function network differs mainly in the type of transfer functions used and the 

computational aspects involved. The hidden layer of a radial basis function network 

involves a nonlinear transformation which computes the Euclidean norm (distance) 

between the kiput vector and the center of that unit, as compared to a feedforward 



network which computes the inner product of the input vector and the connection weight 

vector of that unit. The transfer function used by radial basis fianction networks are 

exponentially decaying with localized nonlinearities (for example, Gaussian functions) 

which constmct local approximations to nonlinear input-output mapping as compared to 

global approximations for feedforward networks. Some of the conunonly used transfer 

functions are Gaussian density fimction, and thin plate spline function, which are 

represented in equations (2.3) and (2.4), respectively. 

0(v) = exp(-vV^>) (2.3) 

where. 

v = JC-C, , the distance between the input x and center Cj, 

b is a distance scaling parameter which determines over what distance in the input 

space the unit will have a significant influence. 

0(v) = v̂  log(v) (2.4) 

The output layer of a radial basis fimction network involves a Unear transformation. The 

output of the hidden nodes are first mukiplied by the corresponding connection weights. 

The weighted inputs are then summed and the output is obtained by adding a fixed bias to 

k. Thus the computational aspects of the output layer for the radial basis function 

network are similar to those of the output layer for feedforward networks, except for the 

transfer fimction. The coimections between hidden layer and the output layer have 

associated weights which are adjustable, but the connections between the input layer and 

the hidden layer have fixed associated weights of value one. Figure 2.4 illustrates the 

schematic of a neuron in the hidden layer of a radial basis function network. 

In this research, the Gaussian density function was used as the transfer function for 

aU the neurons in the hidden layer. 
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2.2 Neural Network Training 

Among the many kiteresting properties of a neural network, the property that is of 

primary significance is the ability ofthe network to gain mformation fi-om its environment, 

and to improve ks performance through traming. This improvement in performance takes 

place over time in accordance with some prescribed measure. In general, learning can be 

defined as a permanent change in behavior brought about by experience. A neural 

network learns through a training process which enables the network to recognize cause 

and effect relationships in the process behavior. The process of learning corresponds to 

changes in the weights. 

Training of a neural network can be either supervised or unsupervised. In 

supervised learning, the error between the actual and desked responses is used to correct 

the network parameters (the weights) extemaUy so that the objective error fimction is 

minimized. Therefore, a set of input and output pattems caUed a training set is requked 

for supervised learning. In many situations, the inputs, outputs, and the computed 

gradients are deterministic, and the minimization proceeds over aU ks random fluctuations. 

As a result, most supervised learning algorithms reduce to stochastic minimization of error 

in a multi-dknensional weight space. 

In unsupervised learning, also known as self-organized learning, the desired 

response is not known. Hence expUcit error information cannot be used to improve 

network behavior. Sukable weight self-adaptation mechanisms have to be embedded in 

the network. More detaUs on various learning paradigms can be found m the texts by 

Haykki (1994) and Zurada (1992). 

An important part of neural network training is the learning rule. Learning mles 

are algorithms that govem the modification of the intemal representation (the weights) of 

the network in response to the kiputs and the transfer function. The learning mles can be 

broadly classified into the foUowmg categories: Hebbian Learning Rule (Hebb, 1949); 
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Perceptron Learning Rule (Rosenblatt, 1958); Widrow-Hofif Learning Rule (Widrow, 

1962); Outstar Learning Rule (Grosberg, 1982, 1987); Deka Learning Rule (McCleUand 

and Rumelhart, 1986); Winner-Take-All Learning Rule (Hecht-NeUsen, 1987); 

Reinforcement Learning Rule (Sutton et al., 1991; Barto, 1992); Correlation Learning 

Rule. Details regarding how each mle accomplishes the weight adjustment, the learning 

type (supervised or unsupervised) involved, and the characteristics of the neurons for 

these different learning mles are discussed in the texts by Haykin (1994), and Zurada 

(1992). 

2.2.1 Feedforward Neural Network Training 

The most popular training algorithm for multi-layered feedforward networks is 

called the error back-propagation training algorithm or, simply, backpropagation. 

Backpropagation uses the Generalized Deka Learning Rule (Rumelhart et al., 1986; 

Werbos, 1974), and has been used extensively by researchers for neural network traming. 

The algorithm derives its name from the fact that the weight adjustments enforced by the 

learning mle propagate backward through the network on a layer-by layer basis fi-om the 

output layer toward the input layer; even though the network operates m the forward 

manner (i.e., from input to output) during the classification stage. Classical 

backpropagation is a gradient approach to optimization which is executed keratively with 

the knpUcit bounds on the distance moved in the search direction in the weight space fixed 

via the learning rate, which is equivalent to a step size. The backpropagation technique 

adjusts each variable (weight) individually according to the step size along the path of the 

steepest descent to minimize the objective function. The commonly used optimization 

function is the "traditional" sum-of-squared differences error fianction defined as: 

E = \tE.=\ti:{D,-Y^) (2.5) 
^ p=\ ^ P=\ 1=1 
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where, E is the total sum-of-squared error for all P pattems, Ep is the sum-of-squared 

error for the '/?'th pattem. The weight update mle is given by: 

^^k^-vS, (2.6) 

where, W is the weights matrix, r| is the learning rate and \ is the gradient of the error 

function, defined as: 

5k = VEp(Wk) (2'7) 

The optimization of one variable may min the optimization of the previously optunized 

variable, so the optimization is repeated many times to achieve the optimization of aU 

variables with respect to the objective fimction. The step-size affects the rate at which 

convergence on a global minimum is achieved. A smaller step size wiU help insure 

convergence on a global minimum, but wiU greatly increase the number of iterations 

needed for convergence which increase the CPU time requked for training. The choice of 

initial values for the weights also affects convergence of the optknization. 

Backpropagation can be very kiefificient because of this choice of initial weights (Kramer 

and Leonard, 1990). 

Despite modifications to the classical backpropagation Uke the addkion of a 

momentum term (Rumelhart et al., 1986) to accelerate convergence, k can stUl be slow 

and may get stuck in a local minimum. Changkig the learning rate and momentum term 

may allow one to bypass local minima, but convergence to a global mkiimum can never be 

guaranteed. An ad-hoc procedure used by several researchers to achieve global 

convergence is to train the neural network with different sets of initial weights (usuaUy 

initiaUzed randomly to small values). Thus k may require several iterations or 

initializations before a global minknum is reached. The large amount of training times 

involved (in terms of CPU time) may be impractical. The current trend is to use 

optimization tools and strategies that exhibk distinctly superior performance (Peel et al., 

1992; Barnard, 1992; Battiti, 1992; Hsiung et al., 1991) and, fiarthermore, are easier to 
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apply because they do not require the choice of critical parameters (such as learning rate 

and momentum rate) by the user. Several researchers (Kramer and Leonard, 1990; KolUas 

and Anastassious, 1988; Kung and Hwang, 1988; Ricotti et al., 1988; Parker, 1987; 

Watrous, 1987; White, 1987) have shown that optimization algorithms employing modem 

unconstrained optimization techniques based on the secant or conjugate gradient methods 

together with the backpropagation concept are much better (in terms of faster 

convergence and lower training time) than classical backpropagation kself 

As mentioned earlier, one ofthe difificukies in using the steepest descent method is 

that a one-dknensional minknization in some arbkrary dkection a foUowed by a 

minimization in another direction b does not imply that the fimction is minimized on the 

subspace generated by a and b. Minimization along dkection b may in general spoU a 

previous minimization along dkection a (that is why the one-dimensional minimization in 

general has to be repeated a number of times larger than the number of variables). On the 

contrary, if the directions were nonkiterfering and linearly independent, at the end of A'̂  

steps, the process would converge to the minimum ofthe quadratic fimction. The concept 

of noninterfering (conjugate) directions is the basis of the conjugate gradient method for 

minknization. A major difficulty with the above form is that, for a general function, the 

obtained dkections are not necessarily the descent directions and numerical instabiUty can 

resuk. The use of the momentum term to avoid osciUations in the backpropagation 

method can be considered as an approximated form of conjugate gradient. In both cases, 

the gradient dkection is modified with a term that takes the previous dkection into 

account, the knportance being that the parameter in the conjugate gradient technique is 

automatically defined by the algorithm, while the momentum rate has to be "guessed" by 

the user. More details on the conjugate gradient method are found elsewhere (Press et al., 

1992; Battki, 1992; Leonard and Kramer, 1990a). Conjugate gradient methods have been 
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used by Barnard (1992) and Leonard and Kramer (1990a) for training feedforward neural 

networks. 

An altemative to the conjugate gradient method is the Newton's method which is a 

local method using second-order information. It is important to stress that ks practical 

applicability to multi-layered neural networks is hampered by the fact that it requires 

calculation of the Hessian matrix, a complex and expensive task. If the Hessian matrix is 

positive definite and the quadratic model is correct, one iteration is sufficient to reach the 

minimum. Assuming that the Hessian can be obtained in reasonable computing times, the 

main practical difficulties in applying the "pure" Newton's method arise when the Hessian 

is not poskive definite, or when k is singular and iU-conditioned. Battki (1992) has 

reviewed in detail Newton's method and some modifications to deal with global 

convergence, indefinite Hessian, and iterative approximations for the Hessian itself 

Modifications of Newton's method have been used by PoU and Jones (1994) and White 

(1989) for training feedforward neural networks. 

When the Hessian is not available analytically, secant methods are widely used 

techniques for approximating the Hessian in an iterative way using information only about 

the gradient. The secant methods are also knovm as quasi-Newton methods. The 

suggested strategy is to update a previously available approximation instead of 

determining a new approximation. The Broyden-Fletcher-Goldfarb-Shanno (BFGS) 

method (Broyden et al., 1973) uses a poskive definite secant update which has proven to 

be successful in a number of studies. The complexity for BFGS is ofthe order N^ 0 ( N 2 ) , 

which is clearly a problem for very large networks, but the method can still remain very 

competkive if the number of examples is very large, so that the computation of the error 

function dominates. Secant methods for learning in muki-layer neural networks have been 

used by Watrous (1987), and modifications ofthe secant method were used by Hsiung et 

al. (1991), and Parker (1987). 

15 



One drawback of the BFGS method is that k requires storage for a matrix of size 

NxN and a number of calculations of order 0(N^). A secant approximation wkh 0(N) 

computkig that uses second-order information in methods can be used and is known as 

one-step secant (OSS) method (Battki, 1989). But if the error fimction that is to be 

minimized is the one described in Equation (2.5), learning a set of examples is reduced to 

solving a nonlinear least-squares problem, for which special methods have been devised. 

The Levenberg-Marquardt method (also known as the Marquardt method) (Marquardt, 

1963) is a popular technique to solve the nonlinear least-squares problem. The Marquardt 

method incorporates a combination of the backpropagation and quasi-Newton method. 

This method searches for the minimum by starting out with a gradient search method 

(analogous to the backpropagation method), then switches smoothly to a Newton method 

as the minimum is approached. Thus, the advantages of both techniques are incorporated 

into one method, which has the stability of the gradient procedure with respect to poor 

starting values, and at the same time, possesses the speed of convergence of the Newton 

method when close to the final solution. This increases computational efficiency and 

reduces the CPU time necessary for training the network. The update mle for the weights 

is given by Equation (2.8). 

AW = [j''J+piyfe (2.8) 

where, J is the Jacobian matrix of derivatives of each error to each weight, pis a scalar, 

and e is an error vector. If the scalar p is very large, the above expression approximates 

gradient descent, while if k is small, the above expression reduces to the Gauss-Newton 

method. The algorithm for the Marquardt method is presented in detail in the original 

paper by Marquardt (1963) and the text by Press et al. (1992). Recently the Marquardt 

method has been widely used by researchers (Ramchandran and Rhinehart, 1995; Turner 

et al., 1995) and is currently the most popular technique used for training feedforward 

neural networks. 
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In this research, the Fletcher-Reeves conjugate gradient method (Edgar and 

Flimmelblau, 1988) and the Marquardt method are used for training feedforward neural 

networks. The entire set of weights are adjusted at once instead of adjusting them 

sequentially fi-om the output layer to the input layer. The weight adjustment is done at the 

end of each epoch (one exposure ofthe entire training set to the network), and the sum of 

squares of aU errors for all pattems is used as the objective function for the optimization 

problem. 

2.2.2 Radial Basis Function Network Training 

As mentioned earlier, radial basis fimction networks have three layers, namely, the 

input layer, the hidden layer with nonlinear activation functions, and the linear output 

layer. The nodes in the input layer serve simply to pass the input vector along to the 

hidden layer and therefore all the weights on the connections between the input layer and 

the hidden layer are fixed to 1.0. Hence, only the hidden layer and the output layer need 

to be trained. 

Training ofthe hidden layer consists of positioning the cluster centers ki the input 

space spanned by the input and determining the width of each of the clusters. There are 

several methods to select a proper set of basis functions or centers, some of which are: 

i. aU data points ~ select all the data points in the input space as centers, 

ii. random selection ~ a set of centers is chosen randomly fi-om the input space, 

ui. )t-means clustering ~ select centers based on k nearest neighbors which cluster the data 

such that the mean points can be used as centers. 

In the first case when all the data points are used as centers, the number of training data 

and the number of centers is the same. Therefore, the network is forced to fit the learning 

curve to pass through each data point. This may lead to "overfitting" or memorization of 

the training data and will lose ks generalization capabilities. Besides, if the traming data 
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set is large, k causes the network to become very large making k impractical. In the 

second case too, the random selection may not be satisfactory because the number of 

centers is also an unknown which may resuk in an unnecessarily large and poorly 

performing network. The /:-means clustering algorithm (Moody and Darken, 1989a,b) has 

been appUed by Kramer and Leonard (1991) to fauk diagnosis problems. 

Our interest is to constmct a parsimonious network with as few centers as possible, 

while StiU spanning the input space. The Orthogonal Least Squares (OLS) algorithm 

(Chen et al., 1991) was developed to specifically address this issue. The orthogonal least 

squares approach provides a method to select an appropriate set of centers from a given 

set of centers by a forward regression procedure. It transforms the initial set of centers 

into a set of basis vectors, and then computes the individual contribution to the desked 

output energy fi-om each basis vector, which is equivalent to the contribution to the error. 

Thus those basis vectors which contribute to the maximum error are chosen as centers and 

this process is repeated tiU a new, improved set of spanning centers is obtained. The 

detaUs ofthis algorithm along with some appUcations can be found in the paper by Chen et 

al. (1991). 

Once the centers are determmed, the receptive "width" b of each center can be 

determined. The goal in setting the widths ofthe centers is to cover the trakung points to 

allow a smooth fit of the desired network outputs. This means any point within the 

convex huU ofthe unit centers must significantly activate more than one unit. To achieve 

this, each hidden unit must activate at least one other hidden unit to a significant degree. 

Therefore, the unit width is selected so that b is greater than the distance to the nearest 

unit center. The value of ^ however should be kept at a minimum to keep the influence of 

the unit local and prevent it from having a high activation far from the trainkig data k 

represents. A heuristic procedure to determine b is suggested by Moody and Darken 

(1989a). 
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Once the hidden layer is configured, aU inputs are fed through the hidden layer stored 

in a matrix. In order to determine the weights ofthe connections between the hidden layer 

and the output layer, generalized least squares minimization is used, using the matrix of 

hidden layer outputs and the training output data. The generalized least squares method is 

implemented with the Singular Value Decomposition algorithm, which guarantees the 

optimum solution. The solution is given by 

P r = 7 0 ^ f 0 0 ^ ) ~ (2.9) 

where, 

W is the weight matrix in the second layer, 

Y is the matrix of training data targets, and 

O is the matrix of hidden layer outputs. 

Each group of parameters for the radial basis function network can be trakied ki 

polynomial time. In general, the training of a radial basis fimction network is an order of 

magnitude faster than the training of a comparably sized feedforward network. For this 

reason, the training of a radial basis function network is often termed as a one-shot 

training algorithm, as the weights are obtained directly in one step fi-om Equation (2.9). 

In this research, the Neural Network Toolbox of MATLAB (which is a registered 

trademark of The MathWorks, Inc.) was used for all the radial basis fimction network 

studies. 

Throughout the entire course of this research project, feedforward networks were 

used for most of the neural network applications to distillation control. Radial basis 

function networks were evaluated as an altemative approach to feedforward networks and 

the performance of the controUers developed based on both the feedforward network 

model and the radial basis function network model were compared. 
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CHAPTER 3 

MODEL-BASED CONTROL APPROACH 

The inherent nonlinearities in the behavior of chemical process systems, such as 

distiUation columns, present a challenging control problem. In spite of this knowledge, 

chemical processes have traditionally used linear system analysis and tools for design of 

controller stmcture because the demands for linear system analysis and implementation are 

usually quke small. However the use of linear system techniques can be quite limiting if 

the process behavior is highly nonlinear. During the past decade, there has been a 

significant mcrease in the number of control system techniques that are based on nonUnear 

system concepts (Bequette, 1991). Although most of the Model Predictive Control 

technologies use linear models, there is significant amount of research geared towards 

using nonUnear models in model predictive control, termed as Nonlinear Model Predictive 

Control (Arkun and Ray, 1991; Patwardhan et al., 1990). Another popular technique 

using nonlinear models is known as Generic Model Control (Lee, 1993; Lee and Sullivan, 

1988). This technique was used as the control approach in this research and is discussed 

in detaU below. Nonlinear Model Predictive Control (NMPC) was also evaluated and is 

discussed at the end ofthis Chapter. 

3.1 Generic Model Control (GMC) 

Generic Model Control uses steady-state models with a reference system (Batusiak 

et al., 1988) based on first-order dynamics. The steady-state model is usually a nonlinear 

description of the process derived from fundamental mass and energy balance 

considerations. To understand GMC, consider a single-input, single-output (SISO) 

process described by the foUowing model: 

^ = f{y,u,d,J) (3.1) 
dt 
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where y is the output variable, u is the manipulated variable, 5 is a vector of measured 

disturbance, and A: is a vector of adjustable parameters. Assuming that y has a value yo, 

and k is desired to move the process fi-om ŷ  to ysp in some interval x, then Equation (3.1) 

can be approximated using the forward difference approximation ofthe first derivative: 

^^''^^ = f{yo^u,do,k) (3.2) 

Then Equation (3.2) can be solved directly to determine u, the control action, if we know 

d and k. The time interval x is the tuning parameter. Larger the value of x, more 

sluggish is the response. Since the control model used in Equation (3.2) is not exact, use 

of this control law will result in steady-state offset. To eUminate this offset, an integral 

term (analogous to a PI controUer) was added (Lee and Sullivan, 1988) resuking in the 

foUowing law: 

f{yo,t^,do,k) + k,{y^-yJ) + k^][y-yyt = 0, (3.3) 
0 

where ki (which is equal to 1/x in Equation 3.2) and ki are the tuning constants and are 

similar to the proportional gain and reset time in a conventional PI controUer. Thus, 

Equation (3.3) can be solved to calculate the control action. For a mukiple input, multiple 

output (MIMO) control configuration, the control laws can be written for all the loops and 

the resuking equations can be solved simukaneously to get the desired control action. 

In many applications, such as in distillation control, a dynamic model of the form 

described by Equation (3.1) is not avaUable. In such cases a steady-state model is used. 

Since the approximate model is a steady-state model and GMC control requires a dynamic 

model, the approximate model is converted into a dynamic model by assuming first-order 

dynamics (Cott et al., 1988) 

f = -(y.-^), (3.4) 
dt Tp 
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where, y ^ is the solution of the steady-state approximate model based upon the current 

values of the measured disturbances and current values of the manipulated variables. 

Combining the GMC control law wkh equation (3.4) we obtain: 

yss = y+k[{y^-y)+KJ{ysp-y)dt (3.5) 
0 

where k[ is equal to r^k^ and k'^ is equal to r^k^. This control law yields the steady-state 

target y^^ which can be used in the steady-state model to jdeld the requked control action: 

G{y^,u,d,l^) = 0. (3.6) 

Since distUlation control is a 2x2 process, two targets are calculated during each 

control action viz. target for top impurity and target for bottom impurity. These are then 

sent to the controller model which is a rigorous tray-to-tray steady-state model. Flathouse 

and Riggs (1994) suggested a modification to the GMC law (Equation 3.5). This wiU be 

referred to as the modified GMC law. To understand the modified GMC law, assume that 

k[ in Equation (3.5) is equal to 1+6. Then substituting for k[ in Equation (3.5) and 

rearranging, we get the foUowing form: 
k' 

yss=ysp+^ [ysp -y)+-jj{ysp -y)dt (3.7) 

1 k' 
Substituting K^ fi3r 5 and — for -^ in Equation (3.7), we get the foUowing form: 

>'«=>'«,+^< {ysp-yV^][y.-y)dt (3.8) 

Equation (3.8) resembles the PI law if ygp is replaced by yo, where yo is some nominal 

value (the value when the controller is tumed on) of the controUed variable and is a 

constant. Therefore Equation (3.8) now becomes, 

. I f 
y.s=yo-^Kc [y^-yh-\[y.-y)<i' 

'^i 0 

(3.9) 

Equation (3.9) is analogous to the position mode ofthe PI control law with y^^ equivalent 

to the manipulated variable u, yo equivalent to the base case value of the manipulated 
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vanable UQ, and K^ and Xj equivalent to the proportional gain and reset time respectively 

in the PI control law given below: 

u = u^+ Kc^pj [ysp-y]^—\[ysp-y)dt 
^l.PI 0 

(3.10) 

Equation (3.9) is the modified GMC law which was used in this work. The rectangular 

mle was used to evaluate the integral term. 

Implementation of the GMC law requires consideration of addkional issues. For 

example. Equation (3.9) can calculate target values that are unreaUstic such as product 

compositions that are outside the (0,1) mole fraction range. Therefore, the targets 

calculated fi-om Equation (3.9) are typically exponentially clamped in order to ensure 

generation of realistic values. It is also common to fiker the setpoints, so that the 

controller is not exposed to large setpoint changes over a short period of tkne. 

Furthermore, when using steady-state models in the controller, the values ofthe measured 

disturbances used in calculating the control action are dynamically compensated, usually 

using a deadtime and a lag. This prevents over-compensation in the initial stage of the 

overaU rejection ofthe disturbance. 

Nonlinear GMC has been applied successfiiUy to several processes such as, 

distillation control (Ramchandran and Rhinehart, 1995), heat exchanger (Pamchuri and 

Rhinehart, 1994), plasma reactor (Subawalla and Rhinehart, 1994), pH (MahuU et al, 

1993; WiUiams et al., 1990; Rhinehart and Choi, 1988), supercritical fluid extraction 

(Ramchandran et al., 1992), Propylene sidestream column (Riggs, 1990), coal gasification 

(Pandit and Rhinehart, 1989). 

3.2 Neural Network Steady-State "Process Inverse" Models 

It is important to differentiate between "process" models and "process inverse" 

models, before discussing the concept of using steady-state models for control purposes. 
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A process model refers to a mathematical equation or a set of equations, that could 

determme the estimated output of the process when given the process inputs. For 

instance, ki the case of distiUation a process model would predict the composkions of the 

overhead and bottom products given the feed flowrate, feed composition, reflux rate, 

boilup rate, the number of ideal stages, the stage efficiency, etc. A process inverse model 

refers to a mathematical equation, or a set of equations, that could determine the values of 

the manipulated variable that would produce the desired process outputs. Once again, in 

the case of distillation, a process inverse model would predict the reflux rate and boUup 

rate required to produce the desired overhead and bottom product composition, given all 

other pertinent input data. 

For chemical process industries, k is highly desirable to use models that predict 

directly the manipulated variables that would produce the desired outputs (Bhagat, 1990). 

More particularly for chemical process control, the use of a process inverse model to 

calculate expUckly the manipulated variable in order to follow a reference system or to 

bring the process back to its set-point is extremely appealing. If the process dynamics can 

be approximated to be first-order, then the process inverse dynamic models can be 

replaced by process inverse steady-state models to obtain the control action. This is 

precisely what the GMC strategy is based on. 

The GMC law provides a steady-state target to the steady-state approximate 

model to use for calculating the control action. The steady-state model fiimishes gain and 

decoupling mformation about the process. Typically, the approximate steady-state model 

used kl a GMC controller is a phenomenological model, based on mass and energy balance 

relationships v t̂hin the process. In order to model simple processes, expUck, simple 

models often suffice. However, as the complexity of a process increases, the complexity 

of the steady-state model tends to increase as weU. For complex systems such as 

distiUation processes, the development of a phenomenological steady-state model requkes 
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considerable experience and knowledge. Addkionally, complex steady-state models are 

often computationally intensive, requiring numerous kerations where convergence on a 

solution is not guaranteed. 

An altemative approach to using phenomenological steady-state models for GMC 

application is using a neural network steady-state model. The neural network model is an 

expUcit calculation algorithm and can model steady-state process behavior (Ramchandran 

and Rhinehart, 1995). An engineer can easily generate data for training a neural network 

by using one of several commercially available steady-state process modeling packages, or 

use process information (plant data). The engineer can then train a neural network with 

this data and use the network for a GMC application. In this manner, the steady-state 

process coupUng and gain information can be "stored" in an explicit calculation routine. A 

properly trained neural network maps the cause and effect relationships between the 

manipulated and controUed variables of the process, thus providing a computationally 

efficient representation ofthe process. 

3.3 Process-Model Mismatch 

The issue of process-model mismatch is important from a model-based control 

viewpoint because the efficacy ofthe control strategy is dependent critically on the model. 

While a "good" model can greatly enhance the controUer performance, a "bad" model can 

just as easUy make things worse. 

Theoretically, if a model is an exact representation of the nonlmear, interactive 

steady-state and dynamic process behavior, then k should provide the best control 

performance under any operating condkion. However, this is not tme because no model is 

ever exact. Chemical processes tend to be non-stationary and show different 

characteristics as operating conditions change making the model inexact with respect to 

the process. The extent of the inexactness between the actual process and the model of 
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the process is called the process-model mismatch. The mismatch between the process and 

the model is one measure ofthe abUity ofthe controller to control a process. Oftentimes, 

as the mismatch increases, the controUer performance can deteriorate rapidly. Controller 

models may require adaptation (or parameter adjustment), ekher periodic (Riggs and 

Rhinehart, 1990) or on-line (Rhinehart and Riggs, 1991), in order to minimize the process-

model mismatch and yield satisfactory controller performance. The neural network 

models developed to control the distillation columns were intentionally kept different from 

the dynamic simulations ofthe distUlation columns where the dynamic simulators represent 

the process being controUed. More detaUs on this will be discussed later. 

3.4 Gain Prediction 

From the above discussion on process-model mismatch, it is clear that there is a 

fair degree of mismatch between the processes and the models. One reason for using 

nonlinear models is to decouple the interactions between the controlled and manipulated 

variables. Another important reason is that the model captures the nonlinear process 

behavior, and therefore, is a better representation of the real process. One of the most 

important functions of a model that is critical to ks success as a good controller model is 

ks abUity to predict process gain changes, or, gain prediction. Gain prediction is defined 

as the change in the manipulated variable for a given change in the controUed variable. 

Gain predictions have two components, the magnitude and the direction. While it is 

important that the magnitude of the change be approximate to the real process gam 

change, k is the direction that is more critical. If a model is able to point the right 

direction with a reasonably approximate magnitude of change, the model has the potential 

to make good control decisions. For satisfactory control of any process k is essential that 

the model used to infer the control action be able to predict the process gains wkh 
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sufficient accuracy. The gain prediction capabUkies of the neural network models will be 

discussed along with the resuks later. 

3 • 5 Model Parameterization 

Recognizing that the distillation process is very complex and nonideal, and that the 

steady-state model will never represent the process exactly, a means must be available to 

account for the mismatch for robust control. Parameterization accounts for mismatch by 

providing the model with the current input values (which for the process inverse steady-

state models are the feedrate, feed composition, top and bottom composition targets, etc.), 

then calculating values for the manipulated variables. The controller compares the 

manipulated variables calculated from the model to the actual manipulated variables, and 

sets the difference between the two as an offset parameter. The controUer then subtracts 

these offset parameters from the new manipulated variables when the controller next 

calculates a control action. 

As discussed in Section 3.4, "good" gain prediction is essential for satisfactory 

control. Gain predictions directly reflect on how close the model is to the actual process. 

If the model is an exact representation of the process, then there would be no process-

model mismatch, the gain predictions would be accurate, and there would be no need for 

parameterization. But, the model can never be exact, hence parameterization is required 

which aUows for additional help for gain predictions in the face of major disturbances, 

non-stationary behavior, and hence changing process gains. This directly reflects in the 

abUity ofthe model to adapt and be as "tme" to the process as possible. Hence the model 

will be able to predict gain changes "more accurately" ensuring satisfactory control for all 

operating conditions, or, ensuring a robust controller performance. 

Parameterization occurs initially when the controller is first tumed on, and 

subsequently at every control step. The controller algorithm fikers the values ofthe offset 
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parameters at every control interval as well. Since controller parameterization occurs 

initially through the steady-state model, k is important to have the process as close to 

steady-state as possible before starting to control with the model-based controller. 

3.6 Controller Bumpless Transfer and Move Suppression 

The transition from a non-GMC controUer to a GMC controUer should be smooth 

in order to prevent any unnecessary disturbances from upsetting the process. In an 

industrial situation, operators may be uncomfortable switching to and from GMC if the 

switching procedure causes "spikes" or "jumps" in the manipulated variables. When the 

operator switches the process over to GMC, the controller should adopt and implement 

the existing control action, then slowly move the process towards the operator setpoints, if 

necessary. This smooth transfer is known as a bumpless transfer. 

The controller faciUtates the bumpless transfer by setting "intemal setpoints" for 

the overhead and bottom compositions equal to the current values of these compositions. 

The intemal setpoints are then incrementally "ramped" towards the operator specified 

setpokits. In other words, a first-order lag was used in the intemal setpoint, also known 

as "reference." Hence an kiitial jok on manipulated variables is avoided. The controller 

initially sets the intemal setpoint ramp rate and the rate is adjustable thereafter. 

Another altemative to ramping the initial setpoint is to impose manipulated 

variable rate of change limits, also known as move suppression. Furthermore, manipulated 

variable maximum and minimum values are identified and imposed as Umits for the 

controUer. These safety features are useful in preventing unpredictable control action, 

especiaUy when tuning the controller. 
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3.7 Nonlinear Model Predictive Control fNMPC) 

NMPC like Model Predictive Control (MPC) uses dynamic models to predict the 

behavior of the process over some future time interval, and control actions are based on 

these model predictions. Unlike MPC, NMPC uses a nonlinear dynamic model, with a 

nonlinear objective function to minimize. More detaUs regarding NMPC can be found in 

the papers by Beigler and RawUngs (1991), Arkun and Ray (1991), and Patwardhan et al. 

(1990). 

A feedforward neural network trained on dynamic data (and which shall be 

referred here as "DNN") was used as the nonlinear model. The optimization problem was 

considered unconstrained, with no constraints on the inputs and outputs (barring 

physically unreaUstic values). In all MPC schemes, a new control trajectory is calculated 

at every sampling instant. A model is used to make "P" future predictions (P = prediction 

horizon), and subsequently, an optimization package is used to calculate a set of "C" 

control moves (C = control horizon) so as to minimize the sum of squares of the 

differences between the model predictions and the desired trajectory. Only the first of "C" 

control moves is implemented on the process. "P" future predictions are made and the 

entire cycle is repeated at every sampling instant. Mathematically, the optimization 

problem can be stated as follows: 

"Jini:[y3p(t + i ) - y , , ( t + i)] (3.11) 
'̂̂  ti^^ 

subject to 

yprcd(t + 0 = f(u(t),y(t),Up3,j,yp33,,Uf^,) 

u„un ^u(t + i)<u„^ 

y min ~ y pred V / ~ ^ max 

Change in manipulated variable moves are included in the objective fimction. 
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CHAPTER 4 

DISTILLATION COLUMN CASE STUDIES 

The neural network model-based controUer was implemented on three different 

distiUation case studies to cover a broad spectmm of operating distiUation columns. 

Dynamic simulators were developed for these case studies and benchmarked to match the 

actual processes (mdustrial colunrn data) as closely as possible. These simulators were 

used as a test-bed for studymg various control configurations and evaluating different 

control strategies (both conventional and advanced). Steady-state simulators were also 

generated for these cases which served as not only the model for GMC applications, but 

also as a source for generatkig the training data required for neural networks. HYSIM^^ 

which is a commercially avaUable steady-state simulation package was also used for 

generatkig data for neural network traming. 

This chapter discusses the steady-state and dynamic models ofthe distUlation columns 

and studies the development ofthe neural network steady-state process kiverse models. 

4.1 Case Studv I - C3 Splitter 

Propane-propylene splitters (C3 spUtters) are distUlation colunms that are an knportant 

part of a typical Ught ends separation train. These columns separate an essentially binary 

feed stock of propane and propylene into a high purity polymer-grade propylene product, 

and a moderate purity fuel-grade propane product. Dual composition control of these 

units is knportant from the point of view ofthe following operational objectives: 

1. To produce salable polymer grade propylene product in the face of all disturbances 

by keeping impurities in the product within specifications, 

2. To keep the fuel grade propane product at specification in order to ensure the 

economically smaUest loss of recoverable propylene. 
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Since these columns are towards the end of the overaU separation process, they face 

frequent disturbances from upstream process units. Further several inherent 

characteristics of C3 splitters like many trays, large deadtimes, large reflux ratios, and 

large process response times render their control difficuk. 

This section will briefly discuss the modeling issues involved in developing the steady-

state and dynamic simulators for the C3 spUtter and the subsequent development of the 

steady-state neural network process inverse models. More details about the modeling and 

control issues and details can be found in Gokhale (1994) who developed the models. 

4.1.1 Steady-State and Dynamic Modeling 

C3 splitters are found in most refineries and many large scale chemical intermediate 

plants. A C3 splitter typically produces a polymer grade propylene product (99.5 mole % 

propylene specification) and a fuel grade propane (approximately 2 mole % propylene). 

Since the overhead product has an upper limit of 0.5 mole % propane, C3 splitters are 

normally operated to produce 99.7 mole % propylene in order to consistently produce an 

on-specification product. The bottom product purity is based upon the economic trade

off between propylene recovery and energy usage. 

Table 4.1 contains the design conditions for the C3 splitter case. The design is based 

upon producing 99.7 mole % propylene and a bottom product wkh 2 mole % propylene 

from a propylene/propane feed wkh 70 mole % propylene. The column was designed 

using 234 trays based upon a Murphree tray efficiency of 85% (Kister, 1990) and an 

operatkig pressure of 18 atmospheres. The modeling assumptions used in developing a 

dynamic model ofthe C3 splitter are Usted in Table 4.2. 

The dynamic column model is based upon dynamic mole balances on propylene for 

each tray. A hydrauUc time constant is used to model the liquid dynamics for the trays 
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with one value of the hydraulic time constant for the entire column. The equimolal 

overflow assumption is used to calculate the flow rate of vapor leaving each stage. 

The vapor/liquid equilibrium was described using a relative volatility which was 

modeled as an expUck function of pressure and composkion (Hill, 1959). As a resuk, 

each tray had ks own relative volatility. Product composition analyzers and feed 

composition analyzers (when used) were assumed to have 5 minute sampUng periods. 

The column was equipped with PI level controllers for the accumulator and reboiler. 

The settings for the level controllers are listed in Table 4.3. It should be noted that these 

settings represent loose level controls. 

The test column simulator has the (L, B) configuration implemented on it. Gokhale et 

al. (1994) evaluated nine possible control configurations for this column and found that 

the (L, B) configuration yielded the best performance for diagonal PI dual composkion 

control. 

The dynamic model equations were integrated using an Euler integrator (Riggs, 1994) 

with a step size of 0.3 seconds. The dynamic model was bench-marked against dynamic 

step test data from an industrial C3 splitter. The industrial data was based upon the (L, B) 

configuration. First, the simulator was found to provide the same general behavior as the 

kidustrial plant data for open-loop step changes in the manipulated variables and the feed 

rate. Then based upon response times, the hydraulic time constant of each tray was 

adjusted to match the industrially observed response times as closely as possible. A 

hydrauhc tkne constant of 3 seconds was found to provide the best overall dynamic match. 

4.1.2 Steady-State Neural Network Process Inverse Model 

As mentioned above, nine possible control configurations were evaluated. Initially the 

double ratio configuration (L/D, V/B) was implemented as the control configuration and 

control studies were conducted on the simulator incorporating conventional (PI) and 
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advanced control strategies (GMC, MPC, and Neural Network-based). Later it was found 

that the (L, B) configuration yielded the best performance (Gokhale et al., 1994) and 

similar control studies were conducted on the simulator comparing the performances of 

the PI, GMC, MPC and NN controUers. 

4.1.2.1 Data Generation 

In any neural network, the data used govems the performance of the neural network. 

It is a known fact that neural networks are good for interpolation but perform poorly in 

extrapolation. Hence developing a suitable training set is a key issue and is a focus of a lot 

of research. Typical base case industrial operating condkions for the C3 spUtter are 

depicted in Table 4.1. Based on the information available on industrial C3 spUtters, the 

operating window mapping the input-output space was known. But this was a typical 

operating window and there are times when some unforeseen disturbances would throw 

the system out ofthis window. Hence a very conservative and broad window was defined 

over which the neural network model would be trained. The following variables were 

considered while developing the steady-state process inverse model: feed composkion of 

propylene (xf), bottom composkion of propylene (xj,), and top composkion of propylene 

(x^. The two manipulated variables, namely the reflux rate, L, and the bottoms rate, B, 

were the 2 outputs from the network model. We did not consider the feed flow rate ki our 

model because all the flow rates were normalized (ratioed) wkh respect to the feed rate. 

Thus this wUl account for any changes that may occur in the feed flow rate. The operating 

ranges decided upon were as follows: 

Xf: 0.6-0.8 

xi,: 0.005-0.1 

x̂ : 0.99-0.9995. 
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The next step mvolved the actual selection of the points in terms of the spacing used 

on this wmdow. Now k is known that the higher the number of data pomts used in 

training the network, the better wiU the network perform (Oldham, 1994) smce k has 

more information to leam from. But selecting a large data set implies a larger CPU time 

for training the network. 

The training set was generated from the steady-state simulator by specifying the feed 

composition and the target values for the top and bottom compositions. The reflux rate, 

L, and the bottoms rate, B, (i.e., the manipulated variables) were determined from the 

steady-state simulator to meet the specifications. Seven data points were chosen for each 

ofthe three network inputs: two data points to mark the minimum and maximum limits in 

the range specified above, and five data points in between giving 7x7x7 = 343 data points. 

They were spaced as follows: 

Xf: 0.6, 0.63, 0.66, 0.7, 0.73, 0.76, 0.8 

x^: 0.005, 0.007, 0.01, 0.03, 0.05, 0.08, 0.1 

x^: 0.99, 0.992, 0.994, 0.996, 0.998, 0.999, 0.9995. 

An additional six data points were chosen in this range for each input to generate a test 

data set compriskig of 6x6x6 = 216 data points. They were spaced as follows: 

Xf: 0.61, 0.65, 0.68, 0.71, 0.75, 0.79 

Xfe: 0.006, 0.008, 0.02, 0.04, 0.07, 0.09 

x^: 0.991, 0.993, 0.995, 0.997, 0.9985, 0.9993. 

It must be noted that the number of test data sets is irrelevant and ks only purpose is to 

gauge the performance of the network over unseen points in its attempt to generaUze. 

The neural network "sees" only the training set while learning, and ks prediction on the 

test set (or over unseen points) is a measure of indication of network learning. 
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4.1.2.2 Trainkig and Testing the Neural Network Model 

An important aspect of neural network training is the scaling of data sets. This is 

necessary in order to prevent scaling problems during neural network training, and also to 

ensure a fair influence of each of the output variables when the objective fimction is 

computed. The latter point becomes cmcial when there is more than one output and they 

differ in value by an order(s) of magnitude. In this work, all the inputs and outputs were 

scaled prior to the training into the range of zero to one (for unipolar functions), or minus 

one to plus one (for bipolar functions). The scaling procedure used was as foUows: 

Nethi = +1 

Netio = 0 (for unipolar) 

= -1 (for bipolar) 

Imax ^ maximum value of input 

Ijjjjjj = minimum value of input 

scale = (Nethi" Netio)/(Imax" Imin) 

offset = Netio" (scale*Inun) 

scaled input = (input*scale) + offset. 

A similar procedure was used for scaling and unscalkig the outputs. 

The neural network was designed to have three input nodes, two output nodes and 

one layer of hidden nodes. A fixed bias was also used in the network architecture (as 

shown m Figure 2.1). The number of hidden nodes was adjusted to obtain best 

performance from the network. The conventional feedforward architecture was used as 

the network stmcture and the Marquardt method was used to train the network. The 

number of hidden nodes were increased progressively from one, and the error values were 

observed on both the training and the test set. It must be pointed out that for each neural 

network configuration (i.e., for each value ofthe number of hidden nodes), the training 

was carried out several times with weights initialized randomly and differently as discussed 
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in Section 2.2.1. This ensured that a global optimum was obtained for each configuration 

which enabled a fair comparison between the various network configurations. 

While the error on the training set reduced as the number of hidden nodes increased, 

the error on the test set decreased and then started rising. The optimum network was 

chosen based on best performance on both the training and test sets. The best 

performance was gauged as the lowest rms (root mean square) error values on the sum of 

the training and the test set, where the rms error was calculated as: 

£™, = ^ (4.1) 

where N = number of training pattems, 

E = sum-of-squared error, defined by Equation (2.5). 

The best performance was obtained when there were three hidden nodes, giving the 

optimum network configuration as three-input, three-hidden node, two output neural 

network (abbreviated as 3-3-2 network). The number of weights are given by Equation 

(4.2) for a network with the bias node and Equation (4.3) for a network without the bias 

node. 

« . = («,>. +1)* «w + i^Hid +1)* ̂ out (4.2) 

where, 

n^ = number of weights, 

njjj = number of input nodes, 

ĥid ~ number of hidden nodes, 

n^yji = number of output nodes. 

Since a bias node was used, according to Equation (4.2), the network model had 20 

parameters (weights). 

Figures 4.1a and b show the comparison between the actual (steady-state simulator) 

and the network predicted values for the reflux rate for the training data set and the test 
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data set respectively. The 45-degree line denotes a one-to-one correspondence between 

the actual output and that predicted by the network. Deviation from the 45 degree line 

denotes the difference in the output predicted by the network to the actual output. 

Figures 4.2a and b show similar comparisons for the bottoms rate for the training and test 

data sets. From the above comparisons, k can be seen that the neural networks have been 

able to capture the operational characteristics of the distUlation column after the training 

process. Observing Figure 4. la closely, k can be seen that the points taper off at the ends 

as in an "S" shape. This is because of the nature of the transfer function used which is a 

sigmoid. If a Unear transfer fimction is used in the output layer, this tapering can be 

rectified. But this was not studied as it was not the main focus ofthis study. 

4.2 Case Study II - Toluene/Xylene Column 

Toluene-xylene splitters are distillation columns that separate an essentially binary 

feedstock of toluene and m-xylene into high purity toluene and high purity m-xylene. Dual 

composition control of these columns is important to maintain the high product purities at 

both ends. Pressure control of these columns is cmcial because of the sub-atmospheric 

operation. 

This section will briefly discuss the modeling issues involved in developing the steady-

state and dynamic simulators for the toluene/xylene column and the subsequent 

development of the steady-state neural network process inverse model. More detaUs 

about the modeUng and control of these columns can be found in Kulkami (1995) who 

developed the models. 

4.2.1 Steadv-State and Dynamic Modeling 

A vacuum distillation column separating toluene and m-xylene was modeled as a 

binary distUlation column with one feed and two liquid products from the top and bottom 
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ends respectively. Almost pure toluene (0.1 mole % impurity) is drawn from the top end 

ofthe colunrn and almost pure m-xylene is drawn from the bottom end. This column was 

previously studied by Choe et al. (1987) who developed a rigorous dynamic model ofthe 

column. Their model was based on ideal stages. Hence initially the column was designed 

using ideal stages and later on a new colunrn contakiing stagewise efficiencies was 

designed. The steady-state design procedure was taken from Choe (1985). Table 4.4 Usts 

the steady-state design specifications for the toluene-xylene column with non-ideal stages. 

The design is based on producing 99.9 mole % toluene and a bottom product with 0.1 

mole % toluene from a toluene/xylene feed with 67 mole % toluene. The column was 

designed using 49 trays based upon a Murphree tray efficiency of 65% and an operating 

pressure of 90 mm Hg. The modeUng assumptions used in developing the steady-state 

and dynamic models ofthe toluene/xylene column are Usted in Table 4.5. 

The steady-state simulator was developed using a rigorous tray-to-tray model 

consisting of steady-state material balances, component balances and energy balances 

along with algebraic equations for vapor-liquid equUibrium and enthalpy calculations. The 

column was designed assuming constant tray pressure with a reflux ratio 1.2 times the 

minimum reflux ratio. A Murphree tray efficiency of 65% was calculated using the 

MacFarland, Sigmun and Van Winkle correlation (MacFarland et al., 1972). A stagewise 

efficiency of 94% correspondkig to this Murphree tray efficiency was calculated for the 

base case uskig the steady-state simulator, to design the new column with non-ideal stages 

which was used for control studies. 

The dynamic model incorporated a rigorous Vapor Hydraulic Model proposed by 

Choe et al. (1987). This model aUows both the tray pressures as weU as the pressure 

drops across the tray to change in time. Choe et al. (1987) have shown that the rigorous 

model gives more accurate dynamic responses for this column, especially for reboUer heat 

duty changes than the conventional models with constant pressure assumptions. The 
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rigorous model consists of differential equations describing the fundamental unsteady-state 

material balances, component balances and energy balances for all trays, the reflux dmm 

and the reboUer along with algebraic equations for VLE, liquid flow rate, vapor flow rate, 

enthalpy calculations, and liquid and vapor density calculations. 

Raouk's law was used to describe the vapor-liquid equUibrium. Vapor pressures were 

calculated using Antoine's equation. All stages were considered as non-ideal stages 

except the reboiler which was considered as an ideal stage. The non-ideality ofthe stages 

was modeled by mcorporating a stagewise tray efficiency. The column was equipped with 

Proportional (P-only) level controUers. The settings for the level controUers are listed in 

Table 4.6. The level controUers were tuned tightly for good composition control. In this 

model, the energy balance is incorporated as an ordinary differential equation and not as 

an algebraic equation as in conventional models. Since the time constants with the energy 

equation are much smaller than those ofthe component balances, the system of differential 

equations is very "stiff." An Euler integrator with a step size of 0.0048 seconds had to be 

used to get a stable integration. This led to large computation times. Hence an impUcit 

algorithm, LSODES (Hindmarsh et al., 1983) was used to integrate the system of ordinary 

differential equations. This led to a much shorter computation time than the expUck Euler 

integrator (KuUcami, 1995). 

The dynamic model was benchmarked against the dynamic data given in Choe et al. 

(1987). They provided dynamic data for step tests. Eight different control configurations 

were evaluated , and the energy balance control configuration (L, V) was found to give 

the best overall performance. 

4.2.2 Steadv-State Neural Network Process Inverse Model 

As mentioned above, the (L, V) control configuration yielded the best performance. 

Issues similar to those discussed in Section 4.1.2 were considered, and based on the 
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information available on the toluene/xylene column, the operating window mapping the 

input-output space was known. The following variables were considered while developmg 

the steady-state process inverse model: feed composkion of toluene (xf), bottom 

composition of toluene (x^), top composition of toluene (x^), and the feed flow rate (f). 

The two manipulated variables, namely the reflux rate, L, and the heat duty, Q, were the 

two outputs from the network model. It must be pointed out that even though the 

efficiency is not modeled as a function of the vapor-Uquid load in the column, feed flow 

rate is used as an input (instead of ratioing all the flows by the feed rate). The operating 

ranges decided upon were as foUows: 

Xf: 0.62-0.72 

X5: 0.0005-0.002 

x̂ : 0.998-0.9995 

f 16-22. 

The training data set was generated from the steady-state simulator by specifying the 

feed composition, the target values for the top and bottom composition, and the feed rate. 

The reflux rate, L, and the heat duty, Q, were determined from the steady-state simulator 

to meet the specifications. Four data points were chosen for each ofthe four inputs: two 

data points to mark the minimum and maximum limits ki the ranges specified above, and 

two data pomts in between giving 4x4x4x4 = 256 data points. They were spaced as 

follows: 

Xf: 0.62, 0.65, 0.68, 0.72 

Xb: 0.0005, 0.001, 0.0015, 0.002 

x̂ : 0.998, 0.9986, 0.9992, 0.9995 

f 16, 18, 20, 22. 

An additional three data points were chosen in this range for each input to generate a test 

data set comprising of 3x3x3x3 = 81 data points. They were spaced as: 
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Xf: 0.63, 0.67, 0.70 

Xb:0.0007, 0.0012, 0.0018 

xj: 0.9983, 0.999, 0.9993 

f 17, 19,21. 

All the inputs and outputs in the data sets were scaled according to the procedure 

described in Section 4.1.2.2. The conventional feedforward architecture (as shown in 

Figure 2.1) was used as the network stmcture and the Marquardt method was used to 

train the network. The optimum network configuration for this system was determined 

foUowing the procedure outUned in Section 4.1.2.2. and was found to be four-input, five-

hidden node, two-output neural network (4-5-2 network). A fixed bias node was also 

used and the network had 37 adjustable parameters (weights) which were identified by the 

training process. 

Figures 4.3a and b show the comparison between the actual (steady-state simulator) 

and the network predicted values for the reflux rate for the training data set and the test 

data set respectively. Figures 4.4a and b show similar comparisons for the heat duty for 

the training and test data sets. From the above comparisons, k can be seen that the neural 

networks have been able to capture the steady-state operational characteristics of this 

distUlation column after the training process. 

4.3 Case Studv III - Industrial Mukicomponent Chemical Column 

DistUlation columns with liquid or vapor sidestream drawofifs are utilized to 

accompUsh a separation in one column which would otherwise require two or more 

columns and which will usually require higher utility usage. As a resuk, the appUcation of 

these columns can provide significant economic incentives. Sidestream draw columns are 

usually used when there is a small amount of a very light or very heavy component in the 

feed, or to recover a product whose boiling point lies between those of other components 
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in the feed, or when the feed contains a mixture of components which have a close range 

of boiling points, e.g., cmde petroleum. In the last case, the desired products are "cuts" 

within a specified range. Normally, a vapor draw is removed from below the feed stage, 

and a liquid draw is removed from above the feed stage. 

WhUe sidestream draw columns offer the economic incentives of reduced capkal and 

operating expenses, they also pose a more challenging modeling and control problem than 

ordinary distiUation columns. Columns with a liquid or vapor sidestream draw have an 

extra degree of freedom and as a result have an extra dimension of coupUng. Therefore, 

these columns are, in general, more difficuk to control than typical distiUation columns. 

An industrial sidestream draw distillation column was chosen for simulation and 

control studies. This section wiU briefly discuss the modeling issues involved m 

developing the steady-state and dynamic simulators for the sidestream draw column, and 

the subsequent development of the steady-state neural network process inverse model. 

More details about the modeUng and control of this column can be found in Flathouse 

(1995). 

4.3.1 Steadv-State and Dynamic Modeling 

The industrial sidestream draw distillation column is a mukicomponent and highly non-

ideal process. The actual column is a stacked column consisting of two towers as shown 

in Figure 4.5. It is an mtermediate purification column whose primary function is to 

provide purified methyl-formate through a vapor sidestream draw to a finishing column. 

The other key component in this process is acetaldehyde. The overhead product of this 

column removes most of the acetaldehyde in the feed stream. Operational objectives of 

this column include minimizing acetaldehyde concentration in the sidestream product, and 

reducing methyl-formate concentration variability in the overhead product. 
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The feed enters the first tower. The overhead product leaves the top of the first 

tower, while the sidestream vapor draw and the bottoms product leave from the second 

tower. Liquid from the base ofthe first tower is pumped to the top ofthe second tower, 

and the rate is controlled by a level controller at the bottom ofthe first tower. Vapor from 

the top ofthe second tower enters the base ofthe first tower. The combined towers have 

94 stages. Samples of feed, overhead product, sidestream product, and bottoms product 

were taken at intervals while the process was at a steady-state operating condition. The 

analysis of these samples provided composkion identification and quantification. From 

these samples, eight major components were identified and included in the model, with 

acetaldehyde and methyl-formate being the light and heavy keys, respectively. Table 4.7 

contains a Ustkig of other components used for modelmg. The colunrn typically operates 

with a high reflux ratio. Some of the design specifications for this column are Usted in 

Table 4.8. The design is based upon producing a sidestream product of more than 99 

mass % methyl-formate purity. 

A steady-state simulation of the process was developed using Simulation Sciences 

PRO/IT^ steady-state simulator as an initial step of the project. Actual plant data 

provided a benchmark for this model, which provided the initial conditions for the dynamic 

simulation. The distiUation column was modeled as two towers with the feed to the 

system entering the first tower and the distillate product leaving the top ofthe first tower. 

The bottoms product and the vapor sidestream draw are taken from the second tower. 

The dynamic simulation algorithm is based upon Frank's (1972) approach for 

dynamicaUy modeUng tray-to-tray mukicomponent separation processes. Frank's 

approach dictates that overall material balance, component balance, and energy balance 

equations are written for each stage, including the feed and product stages. This approach 

calculates the Uquid rate departing the trays from an overall material balance, while 

determining the Uquid compositions from a component balance. The algorithm determines 
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equiUbrium vapor compositions from bubble point calculations. For vapor-Uquid 

equilibrium calculations, the UNIQUAC method (Sandler, 1989) was used for determkiing 

the Uquid activity coefficients and the Hayden O'ConneU Virial method (Prausnitz et al., 

1980) for determining vapor phase fiigacity coefficients. A detailed listmg of the 

coefficients and the constants used for determining the liquid phase activity coefficients 

and the vapor phase fiagacity coefficients can be found in Flathouse (1995). 

The inside-out algorithm was used to accelerate the simulation calculations by 

reducing the number of times the vapor-Uquid calculations are performed (Boston et al., 

1974). The algorithm performs rigorous vapor-Uquid equilibrium calculations at regular 

intervals or when the temperature difference between the actual bubble point and the one 

calculated by the inside-out algorithm exceeds one degree centigrade. Thus, the kiside-out 

algorithm provides a satisfactory empirical approximation for bubble-point calculations 

while supplying computational efficiency. 

The modeUng uses an approach which calls for the calculation of the vapor rate 

leaving the tray from an unsteady-state energy balance. This approach calculates the 

liquid and vapor enthalpies from a quadratic regression of tabulated temperature versus 

enthalpy data for each component. A hydraulic time constant was used to model the 

Uquid dynamics. Vapor hold-up is assumed to be negligible compared to Uquid hold-up. 

The enthalpy of the liquid and vapor streams are calculated from quadratic interpolation, 

neglectmg effects due to heat of mixing. Liquid phase enthalpies of the components at a 

range of temperatures are tabulated. Likewise, the enthalpies of vaporization for the 

components are Usted for a range of temperatures as well. For a given temperature, the 

liquid enthalpies and heats of vaporization for each component can be calculated v t̂h 

quadratic interpolation based on the neighboring temperatures and corresponding enthalpy 

data and heat of vaporization data. Analyzer delays and Proportional-Integral (PI) level 
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controls were added to this simulation. Table 4.9 contains a summary ofthe assumptions 

used in this approach. 

AppUcation ofthe differential material and energy balances on the equilibrium stages, 

the feed and product stages, the accumulators and the base ofthe second column yield the 

ordinary differential equations with respect to time. These equations are integrated 

simultaneously vsdth an Euler integrator. A step size of 0.1 minutes was used. The 

dynamic simulation was 4-5 times faster than real time on an IBM compatible 486-50 

MHz. Personal Computer. 

The dynamic model was benchmarked against the industrial tower data in the 

foUowing manner. Inputs from the industrial tower (feed rate, feed composkion, reflux 

rate, vapor rate, all flows, etc.) were supplied to the dynamic simulator. The hold-up at 

the base of the first tower and all other hold-ups in the reboiler and accumulator were 

fixed in the dynamic simulation based on the industrial tower. Then, the product 

compositions (overhead and sidestream) from the dynamic simulator were compared with 

the actual tower compositions for a 28-hour test. The tray hydrauUc time constant was 

used as an adjustable parameter which was varied till a reasonable match was found 

between the industrial and the simulation output target composkions. The resuks of this 

benchmark are illustrated in Figures 4.6a and b for the overhead and sidestream 

compositions, respectively. 

Three control configurations were evaluated: two dual composkion control schemes 

and one single composkion control scheme. They are: reflux ratio and sidestream-to-feed 

ratio; reflux ratio and sidestream-to-steam ratio; and sidestream-to-feed ratio only. More 

details about these three control configurations will be discussed in the next chapter. 
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4.3.2 Steadv-State Neural Network Process Inverse Model 

As mentioned above, three control configurations were evaluated. Issues similar to 

those in Section 4.1.2. were considered, and based on the information avaUable on the 

industrial tower, the operating window mapping the input-output space was defined. 

For the first control configuration, namely, the reflux ratio (L/D) and sidestream-to-

feed (SS/F) ratio, the following variables were considered as inputs to the steady-state 

process inverse model: an estimate of Ught key in the feed (ZL^), an estimate of heavy key 

in the feed (zjj^), bottom-to-feed ratio (B/F), target impurity composkions for the 

sidestream (WL^) ^^^ overhead (ynic)- The outputs of the model were the manipulated 

variables: reflux ratio and sidestream-to-feed ratio. The operating ranges decided upon 

were as foUows: 

ZLK^ 0.15-0.45 

ZHK: 0-4 - 0.75 

B/F: 0.15-0.433 

WLK^ 0.002 - 0.05 

yHK: 0.12-0.45. 

The training data set was generated using Hyprotech's HYSIM^^ which is a 

commerciaUy available steady-state simulation (CAD) package at Texas Tech University. 

Wkhin the range specified above, combinations of values were selected and provided to 

the HYSDvr^ package to solve for the steady-state reflux ratio and sidestream-to-feed 

ratio. In this manner, 540 sets of data were generated. A portion ofthis data set was used 

as a test set. All the inputs and outputs in the data sets were scaled according to the 

procedure described in Section 4.1.2.2. The conventional feedforward architecture (as 

shown in Figure 2.1) was used as the network stmcture and both, the Marquardt method 

and the Fletcher-Reeves method were used to train the network. It was found that 

although the Fletcher-Reeves conjugate gradient method requires larger training times 
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than the Marquardt method, k is more robust and networks trained using the Fletcher-

Reeves method demonstrated superior performance than networks trained using the 

Marquardt method. The optimum network configuration for this system was determined 

following the procedure outlined in Section 4.1.2.2. and was found to be five-input, five 

hidden node, two-output neural network (5-7-2 network). A fixed bias node was also 

used and the network had 58 adjustable parameters (weights) which were identified by the 

training process. Figures 4.7a and b show the comparison between the actual (CAD 

package data) and the network predicted values for the sidestream-to-feed ratio for the 

training data set and the test data set respectively. Figures 4.8a and b show the 

comparison between the actual (CAD package data) and the network predicted values for 

the reflux ratio for the training data set and the test data set respectively. 

The second control configuration tested was the reflux ratio and sidestream-to-feed 

ratio. For this configuration too, the neural network process inverse model consisted of 

the same five inputs as used with the reflux ratio, sidestream-to-feed ratio: light and heavy 

key composkion estimates in the feed, bottoms-to-feed ratio, and sidestream and overhead 

composkion target values. However, the outputs in this case are reflux ratio and 

sidestream-to-steam (SS/Q) ratio. Once again the operating range as that for the first 

control configuration was used and 294 data points were generated from HYSIM^^ 

sknulations. The same scaling and training procedures were followed as discussed for the 

first control configuration and a 5-7-2 network configuration was used. Figures 4.9a and 

b show the comparison between the actual (CAD package data) and the network predicted 

values for the sidestream-to-steam ratio for the training data set and the test data set 

respectively. Figures 4.10a and b show the comparison between the actual (CAD package 

data) and the network predicted values for the reflux ratio for the training data set and the 

test data set respectively. 
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The thkd control configuration tested was a single-composition control design, where 

mukiple inputs were used to manipulate the sidestream-to-feed ratio that controls the 

sidestream impurity composkion. The overhead composition was uncontrolled. The five 

inputs used were the light and heavy key composition estimates in the feed, the reflux 

ratio, the bottoms-to-feed ratio, and the sidestream impurity target composkions. The 

output used in the network was the sidestream-to-feed ratio. Data for training this 

network had previously been generated for the reflux ratio, sidestream-to-feed ratio 

network. All 540 data points were used again for training and testing the five input, one 

output network. Training tests showed that five hidden nodes yielded optimum training 

results giving a 5-7-1 network. Figures 4.1 la and b illustrate the results ofthis training. 

From the comparisons shown in Figures 4.7, 4.8, 4.9, 4.10, and 4.11, k can be seen 

that the neural network models have captured the steady-state operational characteristics 

ofthis mukicomponent, highly nonideal distUlation column. 

4.4 Summarv 

For aU the three distillation case studies, the data required for neural network training 

was generated from ekher a steady-state simulator or a CAD package which was different 

from the dynamic simulator (process). This accounted for the process-model mismatch 

discussed in Section 3.3. 

In general k was found that the Marquardt method is extremely efficient for small-to-

medium scale problems but falls short when dealing with large, highly nonlinear systems, 

as demonstrated ki the industrial mukicomponent case. The Fletcher-Reeves conjugate 

gradient method was found to be robust and reliable for all the cases studied. The only 

shortcomings were the larger CPU training times required. It must be noted that the 

optimization problem solved during the training process was an unconstrained 

optimization with no bounds on the values ofthe adjustable parameters (weights). 
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Two transfer functions were evaluated: the unipolar (sigmoidal) and the bipolar 

(hyperboUc tangential) functions. There was no distinguishable difference observed in the 

performance of the networks trained with ekher of these transfer functions. Networks 

using mixed transfer functions or using Unear transformations in the output nodes were not 

studied. 

The next chapter discusses the model-based controUer performance and resuks. 
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Table 4.1 Design Specifications for the C3 spUtter 

Total Trays 

Feed Tray 

Feed Flow 

Feed Composition 

Feed Condition 

Distillate Flow 

Distillate Composkion 

Reflux Condition 

Bottoms Flow 

Bottoms Composkion 

Murphree Tray Efficiency 

Column Pressure 

Reflux Ratio 

Accumulator and Reboiler Residence time 

Hydraulic Time Constant 

Composkion Analyzer deadtime 

Composkion Analyzer sample time 

232 

64 (from bottom) 

0.69444 #moles/sec 

0.700 mol fraction propylene 

Saturated Liquid 

0.48334 #moles/sec 

0.997 mol fraction propylene 

Saturated Liquid 

0.21111 #moles/sec 

0.020 mol fraction propylene 

0.85 

211.0psia 

12.614 

5 minutes 

3 seconds 

5 minutes 

5 minutes 
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Table 4.2 ModeUng Assumptions for the C3 splitter 

Liquid Dynamics 

Negligible Vapor Holdup 

Valve Dynamics on all flows 

Accumulator and Reboiler Level Control 

Analyzer delays on product composition 

Equimolal overflow 

Residence time in reboiler 

Residence time in accumulator 

Heat transfer dynamics modeled 

Saturated liquid feed 

Subcooled reflux 

Pressure dynamics modeled 

Perfect mixing of liquid on trays 

Ideal VLE 

Hydraulic Time Constant 

yes 

no 

PI 

5 minutes 

yes 

5 minutes 

5 minutes 

no 

yes 

no 

no 

yes 

no 
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Table 4.3 Level Control Tuning Parameters for the (L, B) stmcture for the C3 spUtter 

Gain Reset 

Accumulator 0.001 112.5 

ReboUer 0.002 225 

* Units: Gain: #mol, Reset: Minutes 
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Table 4.4 Design Specifications for the Toluene/Xylene Column 

Total Trays 

Feed Tray 

Feed Flow 

Feed Composition 

Feed Temperature 

Distillate Flow 

DistiUate Composkion 

Bottoms Flow 

Bottoms Composkion 

Reflux Dmm Pressure 

Reflux Dmm Temperature 

Reflux Ratio 

Base Temperature 

AP n,avg. 

49 

24 (from bottom) 

18 Kgmole/min 

0.670 mol fraction toluene 

95 C (Liquid feed) 

12.066 Kgmole/min 

0.999 mol fraction toluene 

5.934 Kgmole/min 

0.001 mol fraction toluene 

90nunHg 

49.5 C 

1.20773 

118.73 C 

8.0 mm Hg 

57 



Table 4.5 Modeling Assumptions for the Toluene/Xylene Column 

Liquid Dynamics 

Negligible Vapor Holdup 

Valve Dynamics on all flows 

Accumulator and Reboiler Level Control 

Analyzer delays on product composkion 

Heat transfer dynamics modeled 

Subcooled reflux 

Pressure dynamics modeled 

Perfect mixing of liquid on trays 

Ideal VLE 

Non-ideal stages 

Total condenser 

Partial Reboiler 

Francis Weir Formula 

yes 

yes 

PI 

5 minutes 

yes 

no 

yes 

yes 

yes 

yes 

yes 

yes 
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Table 4.6 Level Control Tuning Parameters for the (L, V) stmcture for the 
Toluene/Xylene Column 

Gain Units 

Accumulator 0.9 min"l 

ReboUer 0.95 Kcal/(Kgmole-min) 
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Table 4.7 Components used in Modeling the 
Industrial Mukicomponent column 

Component # 

1 

2 

3 

4 

5 

6 

7 

8 

Component Name 

Acetaldehyde (AcH) 

Methanol (MeOH) 

Methyl Formate (MeFo) 

Ethyl Formate (EtFo) 

Methyl Acetate (MeAc) 

Acetone (DMK) 

Water (H20) 

Ethanol (EtOH) 
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Table 4.8 Design Specifications for the Industrial Mukicomponent Column 

Total Trays 

Feed Tray 

Feed Quality 

Vapor Draw Location 

Sidestream Product Impurity 

Overhead Product Impurity 

Reflux Ratio 

Column Pressure 

94 

20 (from top) 

Subcooled liquid 

64 (from top) 

< 1.0 mass % Light Key 

« 35.0 mass % Heavy Key 

«20 

Medium - high 
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Table 4.9 Modeling Assumptions for the Industrial Mukicomponent Column 

Liquid Dynamics 

Negligible Vapor Holdup 

Accumulator and Reboiler Level Control 

Analyzer Delay on Overhead Product 

Analyzer Delay on Sidestream Product 

Equimolal Overflow Assumed 

Heat Transfer Dynamics 

Subcooled reflux 

Pressure dynamics modeled 

Perfect mixing of Uquid on trays 

Hydraulic Time Constant 

yes 

PI 

6 minutes 

12 minutes 

no 

assumed negligible 

yes 

no 

yes 

Perfect Liquid Mixing in Accumulators, Reboiler yes 

Ideal stages 

VLE 

yes 

UNIQUAC, Virial Equation 
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Figure 4.1 Reflux Rate predictions from neural networks for the C3 splitter 
(a) Results from training data set 

63 



4.5 5 5.5 6 6.5 7 7.5 
Reflux Rate (ss simulator) (#moles/sec) 

8 

Figure 4.1 Continued, (b) Results from test data set 
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Figure 4.2 Bottoms Rate predictions from neural networks for the C3 spUtter 

(a) Resuks from training data set 
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Figure 4.2 Continued, (b) Resuks from test data set 
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Figure 4.3 Reflux Rate predictions from neural networks for the Toluene/Xylene 
column, (a) Resuks from training data set 
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Figure 4.3 Continued, (b) Resuks from test data set 
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Figure 4.4 Heat Duty predictions from neural networks for the Toluene/Xylene colunrn 
(a) Resuks from training data set 
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Figure 4.4 Continued, (b) Resuks from test data set 
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Figure 4.5 Stacked Industrial DistiUation column with Vapor Sidestream Draw 
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Figure 4.6 Benchmark resuks for the Industrial Mukicomponent column 
(a) Resuks for Overhead Composkion 
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Figure 4.6 Continued, (b) Resuks for Sidestream Composition 
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Figure 4.7 Sidestream-to-feed (SS/F) ratio predictions from neural networks for the 
Industrial Mukicomponent column, (a) Results from training data set 
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Figure 4.7 Continued, (b) Resuks from test data set 
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Figure 4.8 Reflux ratio (L/D) predictions from neural networks for the Industrial 
Mukicomponent column, (a) Resuks from trakung data set 
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Figure 4.8 Continued, (b) Results from test data set 
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Figure 4.9 Sidestream-to-steam (SS/Q) ratio predictions from neural networks for the 
Industrial Mukicomponent column, (a) Results from training data set 
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Figure 4.9 Continued, (b) Resuks from test data set 
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Figure 4.10 Reflux ratio (L/D) predictions from neural networks for the Industrial 
Mukicomponent column, (a) Results from training data set 
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Figure 4.10 Continued, (b) Results from test data set 
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Figure 4.11 Sidestream-to-feed (SS/F) ratio predictions from neural networks for the 
Industrial Mukicomponent column, (a) Resuks from trainkig data set 
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Figure 4.11 Continued, (b) Resuks from test data set 
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CHAPTER 5 

CONTROL RESULTS 

This chapter discusses the results ofthe control performance ofthe neural network 

model-based controller on the three distUlation column case studies discussed in the 

previous chapter. The neural network model-based controUer includes two elements: the 

reference system defined by the GMC control law (Equation 3.9), and the steady-state 

neural network process inverse model. The neural network controUers were tested for 

both servo (setpoint changes) as well as regulatory (disturbance rejection) modes of 

operation on the dynamic simulators of all three columns and also the actual industrial 

column. The results of the neural network controllers were compared with the 

performance of conventional PI controllers (with a feedforward element for feed flowrate 

and feed composition changes) knplemented on the dynamic simulators. 

5.1 C3 Splitter 

As discussed in Section 4.1.1, the (L, B) control configuration yielded the best 

control performance for the C3 splitter. The steady-state neural network process inverse 

model developed in Section 4.1.2 was implemented m the model-based controUer as the 

controUer model. One of the most important functions of a model that is critical to its 

success as a good controUer model is ks ability to predict process gain changes as 

discussed ki Section 3.4. Figures 5.1a and b show the gain prediction comparisons 

between the actual (steady-state simulator) and the network predicted values for the 

process gams for the top composition with respect to the reflux rate, and the process gains 

for the bottom composition with respect to the bottoms rate, respectively. Despke the 

fact that the "process" and the "model" are distinctly different from each other, the model 

is able to describe the process gain changes reasonably weU. 
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Once the validity ofthe model was confirmed, the neural network controller model 

was tested for servo and regulatory modes of operation for the test cases contained in 

Table 5.1. 

5.1.1 Setpoint Tracking 

The setpoint tracking performance wkh the neural network (NN) model-based 

controller was evaluated using a single test consisting of two setpoint changes in the top 

impurity. Figure 5.2a shows the comparison between the PI and NN controllers on the 

top composkion for the top impurity setpoint changes (Test Case 1, Table 5.1). At 100 

minutes, the top setpoint is changed fi-om 0.3 mole % to 0.15 mole %. At 1000 minutes, 

the top impurity is changed to 0.45 mole %. For both these step changes, the NN 

controller brings the top impurity to its setpoint smoothly wkhout any cyclkig or offset. 

The NN controller performs better than the PI controUer which exhibks some oscillations 

and takes longer to reach its setpoint. Figure 5.2b shows the comparison between the PI 

and NN controUers on the bottom composition for the same setpoint changes (Test Case 

1, Table 5.1). In this case, both the controUers exhibk the same degree of overshoot, and 

the time required to reach the setpoint is also similar. But, the NN controUer is more 

sluggish than the PI controller. 

5.1.2 Disturbance Rejection 

Disturbance rejection with neural network model-based control was evaluated for 

Test Case 2 m Table 5.1. At 100 minutes, the column pressure starts to increase from 211 

psi in a ramp fashion to reach and stabilize at 226 psi in 60 minutes. At 1000 minutes, the 

feed composkion is decreased by 5 mole %. Figure 5.3a shows the comparison between 

the PI and NN controUers for the top impurity. The NN controUer brings the top impurity 

back to setpoint smoothly, quickly and with less overshoot than the PI controller. Figure 
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5.3b shows a similar comparison for the bottom impurity. Here too, the NN controUer 

overall outperforms the PI controller. 

High frequency feed composition change test cases were added wherein mukiple 

changes were made over a relatively short period of time as opposed to a single step 

change. This test helped in the evaluation ofthe expected product variability in the face of 

more realistic, high frequency, feed composition changes. A series of step changes were 

provided in the feed composkion. Initially the feed composkion was decreased from ks 

nominal value of 70 mole % to 65 mole %. Then k was brought back to 70 mole %. It 

was then "stepped" up to 75 mole % before bringing k back to 70 mole %, and so on. 

The disturbance steps in the feed composkion were held constant for a fixed time interval 

for each test. Twelve tests were carried out with disturbance hold times of 50, 100, 150, 

200, 250, 300, 350, 400, 450, 500, 550, and 600 minutes each. The maximum variation ki 

the top impurity during these twelve tests was recorded and plotted in Figure 5.4a, for 

both the PI and NN controllers. The maximum variation was obtained by computing the 

difference between the maximum poskive deviation from setpoint (0.3 mole %) and 

maximum negative deviation. From the plot in Figure 5.4a, k can be seen that the 

maximum variation for the NN controUer occurs at a frequency of 150 minutes and the 

controUer is insenskive to frequencies higher than 250 minutes. For the PI controller, the 

maximum variation occurs at a frequency of 250 minutes. The NN controUer outperforms 

the PI controUer by reduckig the variation in the top impurity. Figure 5.4b Ulustrates the 

maxknum variation in the bottom impurity for the above twelve tests, for the PI and NN 

controUers. The NN controller is insenskive to fi-equencies higher than 100 minutes and 

the maximum variation occurs at a frequency of 150 minutes. The maximum variation for 

the PI controUer occurs at a frequency of 250 minutes. In this case too, the NN controller 

outperforms the PI controller. This test identifies the controller performance at various 

frequencies. 
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5.2 Toluene/Xylene Column 

As discussed in Section 4.2.1, the (L, V) control configuration yielded the best 

control performance for the toluene/xylene colunrn. The steady-state neural network 

process inverse model developed in Section 4.2.2 was implemented in the model-based 

controUer as the controUer model. Figures 5.5a and b show the gain prediction 

comparisons between the actual (steady-state simulator) and the network predicted values 

for the process gains for the top composkion with respect to the reflux rate , and the 

process gains for the bottom composkion with respect to the bottoms rate, respectively. 

Despke the fact that the "process" and the "model" are distinctly different from each 

other, the model is able to describe the process gain changes. 

Once the validity ofthe model was confirmed, the neural network controller model 

was tested for servo and regulatory modes of operation for the test cases contained in 

Table 5.2. 

5.2.1 Setpoint Tracking 

The setpoint tracking performance of the neural network model-based controller 

was compared with the PI control performance using a single test consistmg of three 

setpoint changes in the top impurity (Test Case 1, Table 5.2). It must be pointed out that 

the PI controUer used the (L/D, V) configuration compared with the NN controller which 

used the (L, V) configuration. Figure 5.6a shows the comparison between the PI and NN 

controUers on the top impurity. The PI controller appears to be more aggressive than the 

NN controUer as indicated by the overshoots. For the second setpoint change, the NN 

controller is sluggish compared to the PI controller which brings the impurity back to 

setpoint quickly. Figure 5.6b shows the comparison between the PI and NN controllers 
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for the bottom composition for the same setpoint changes. The performance of both the 

controUers is comparable. 

5.2.2 Disturbance Rejection 

Disturbance rejection with NN control was evaluated for Test Case 2 in Table 5.2. 

At 10 minutes, the feed composkion is increased to 0.72. At 800 minutes, the feed flow is 

changed to 90% of ks nominal value. At 2000 minutes, the feed composkion is brought 

back to 0.67. Here too the PI controller employed the (L/D, V) control configuration. 

Figure 5.7a shows the comparison between the PI and NN controUers for the top impurity. 

The performance of these two controUers is similar. Figure 5.7b shows a similar 

comparison for the bottom impurity. In this case the PI controUer is tuned more 

aggressively as indicated by the increased overshoot and oscillations. 

5.3 Industrial Mukicomponent Chemical Column 

Three control configurations were evaluated: two dual composkion control 

schemes and one single composition control scheme. The three control configurations are 

sidestream-to-feed ratio (SS/F) and reflux ratio (L/D); sidestream-to-steam ratio (SS/Q) 

and reflux ratio (L/D); and sidestream-to-feed ratio (SS/F) only. 

Initially RGA and dynamic tests on the dynamic simulation of the actual model 

indicated that the SS/F, L/D configuration would provide satisfactory composkion control 

for the column. During the testing period with the industrial column, it became evident 

that the SS/F, L/D configuration was not responding well to composkion setpokit 

changes. Changes in reflux eventually loaded the towers, but the dynamic mismatch 

between the liquid and vapor flows in the column tended to include oscUlatory behavior in 

the levels. An altemative to this dual-composition control arrangement is the SS/Q, L/D 

configuration. This arrangement, in theory, would have a less dramatic effect on the 
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dynamics of the colunrn, because an increase in steam rate would increase the sidestream 

vapor product in proportion to the vapor rate, thus "softening" the effect on the overhead 

receiver. This configuration was then appUed for control tests on the industrial column. 

During these tests k became apparent that liquid entrainment in the vapor could possibly 

be affecting the efficiency in the separation factor ofthe column. During several tests, the 

reflux ratio was mcreased to the point where the reflux rate had reached its maximum 

flow, and decreases in product impurities were not evident. Based on previous 

experience, operations at the plant identified a maximum reflux rate for this column where 

floodkig or entrainment would not occur for a particular feed rate. Since the sidestream 

product composition is the primary control objective, a single composition scheme was 

adopted where the reflux rate was held constant at the maximum value. Multiple inputs 

were used to manipulate the sidestream-to-feed ratio that controUed the sidestream 

impurity composition. 

Gain prediction comparisons between the actual (CAD package) and the network 

predicted values for the process gains for the sidestream impurity with respect to the 

sidestream-to-feed ratio, and the process gains for the top composkion with respect to the 

reflux ratio, are shovm in Figures 5.8a and b, respectively. The neural network model was 

thus able to describe the process gain changes. 

Control studies were performed with the simulation of the mukicomponent 

distUlation column. Addkionally, the GMC algorithm with a neural network (NN) steady-

state process kiverse model was applied to the actual industrial column. Both the 

sknulated and industrial NN controllers were tested for impurity setpoint changes, and the 

simulation was tested for disturbance rejection as well. The GMC algorithm was tuned 

using a procedure similar to the ATV tuning procedure developed by Astrom and 

Hagglund (1983) and tested by Luyben (1987) on PID applications to distiUation. PI 
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controUers were also implemented on the dynamic simulation. Details regarding the 

tuning procedures and the PI control resuks can be found in Flathouse (1995). 

5.3.1 Simulation Results 

The NN controUer was applied to the dynamic simulation for the SS/Q, L/D 

configuration and the SS/F only control configuration. It was tested for servo (setpoint 

changes) mode of operation for the test cases contained in Table 5.3 and compared with 

the performance ofthe PI controller. Resuks for the setpoint changes for the SS/Q, L/D 

control configuration can be found in Figures 5.9 (Test Case 1, Table 5.3) and 5.10 (Test 

Case 2, Table 5.3). Figure 5.11 (Test Case 3, Table 5.3) shows the resuks ofthe NN 

response to setpoint changes for the SS/F only control configuration. 

Figure 5.9a illustrates the control performance ofthe PI and NN controllers for 

sidestream impurity setpoint changes of ±0.2 mass %. The performance of the two 

controUers is comparable. Figure 5.9b shows the comparison between the PI and NN 

controllers for the overhead impurity for the same setpoint changes. The NN controller 

does a much better job in this case, of maintaining the overhead impurity close to setpoint. 

The PI controUer exhibks drifts and offsets. 

Figure 5.10a iUustrates the control performance ofthe PI and NN controllers for 

overhead impurity setpoint changes of ±5 mass %. The NN controUers responded to these 

changes by bringing the process to setpoint within 10 hours wkh virtually no overshoot. 

On the other hand, the PI controller exhibked offsets and sluggish performance. Figure 

5.10b shows the comparison between the PI and NN controUers for the sidestream 

impurity for the same setpoint changes. Here too, the NN controUer outperforms the PI 

controUer by maintaining the sidestream impurity closer to setpoint. 

Figure 5.11 illustrates the control performance ofthe NN controUer for sidestream 

setpoint changes of ±0.2 mass %. The overhead impurity is uncontrolled. The NN 
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controUer for the SS/F only configuration was able to bring the impurity in the sidestream 

to setpokit within 9 hours. The PI resuks are not shown here as the performance of the 

two controllers was comparable. 

OsciUations in feed composkion and feed rate were also performed. For 

osciUations in feed composition, the light key (LK) composkion in the feed was oscUlated 

in a sine wave. The heavy key composkion was adjusted accordingly to maintain the 

component balance. The frequency of the feed oscUlation was varied, and the resuking 

maximum deviation from steady-state in the impurity composkions in the sidestream and 

overhead impurities was measured. An example ofthis process is shown in Figure 5.12. 

A plot of maximum deviation from steady-state versus key composition oscUlation 

frequency for the SS/Q, L/D control configuration is found in Figure 5.13. 

In response to the oscUlations ofthe key component composkions in the feed, the 

NN controUer showed a maximum deviation in the overhead impurity of 23.1 mass % at a 

frequency of 12.3 hours. The maximum deviation in the steady-state impurity was 4.5 

mass % at a frequency of 11.6 hours. 

Part ofthe reason for poor controUer performance to feed composition disturbance 

rejection could be the dynamic mismatch between the sidestream and the overhead. The 

dynamic mismatch resuks from the negligible vapor holdup and the large number of trays 

in the column. A change in the sidestream flow affects the vapor rate instantly. The top 

ofthe tower feels the effects ofthis change very quickly. However, Uquid flow rate and 

composition changes at the top ofthe tower take a considerable amount of time to reach 

the sidestream draw. The model-based controller only considers the steady-state effects, 

not dynamic effects, and implements changes in the manipulated variables instantly. 

Another reason could be the process/model mismatch. The CAD simulator was different 

from the process and the data required for neural network training was generated from the 

CAD package which could account for the poor performance. 
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The performance ofthe NN controller was better for feed rate osciUations. Both 

the overhead maximum deviation from steady-state impurity composition and sidestream 

maximum deviation from steady-state impurity composkion were highest at a frequency of 

about 7 hours. At this frequency, the NN controller had a maximum deviation in the 

sidestream impurity composkion of 0.113 mass % and a maximum deviation in the 

overhead impurity of 1.47 mass %. Plots of these results can be found in Figure 5.14. 

5.3.2 Industrial Experience 

The NN controUer was appUed to the industrial distillation column using the 

foUowing three configurations: SS/F, L/D; SS/Q, L/D; and SS/F only. Initial work with 

the SS/F, L/D configuration indicated that the sidestream composkion loop had a much 

larger tkne constant than the overhead composkion loop. When a setpoint change was 

provided to the sidestream impurity, the model-based controller would ask for changes in 

both the reflux ratio and the sidestream-to-feed ratio. The effect of these changes was 

first seen in the overhead composition. Changes in the vapor rate affected the overhead 

composition much quicker than changes in the liquid rate affected the sidestream, due to 

the physical dknensions of the towers. This dynamic mismatch led to stability problems 

within the tower, and no fundamental control studies were performed. 

To help relieve the stability problems, the second configuration, SS/Q and L/D, 

was implemented. This configuration was thought to be able to obtain a faster dynamic 

response from the sidestream control loop, because the sidestream flow depended on the 

steam flow rate, rather than the feed flow rate. Additionally, k was thought that by having 

the sidestream rate dependent on the steam rate, any oscUlations of Uquid or vapor flow 

would be dampened out. To help equalize the dynamics further, a reboUer level 

feedforward arrangement was devised that would take into account the liquid flows into 

and out ofthe reboiler: feed, reflux, and bottoms flow. However, k became apparent that 
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another factor was possibly affecting composkion control. Entrainment or flooding in the 

towers was possibly a factor. On several occasions, the reflux and steam flow rates were 

increased to close to their maximum rates. During these times, little or no change in the 

product compositions were observed. However, due to safety factors, the distiUation 

column was not operated at these condkions for sustained periods of time to study the 

phenomenon. 

Finally, the SS/F only control configuration was tested. Since the reduction of 

variabiUty in the sidestream impurity composition is the primary control objective, a single 

composition control approach was adopted. A fixed reflux rate was identified for which 

the entrainment effect would be minimized, while at the same time would maintain a good 

separation factor in the column. The single composition control scheme was implemented, 

but upstream process conditions prevented adequate control testing. Apparently, at the 

time of implementation, the feed to the colunrn contained an unusually high concentration 

ofthe light key component. 
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Table 5.1 Test Cases for Controller Performance Evaluation for the C3 splitter 

Test Case Time Description 

100 min Top impurity setpoint changed to 0.15 mole % 

1000 min Top impurity setpoint changed to 0.45 mole % 

100 min Pressure ramped from 211 psi to 226 psi in 60 min 

1000 min Feed composition step changed from 0.7 to 0.65 
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Table 5.2 Test Cases for Controller Performance Evaluation for the Toluene/Xylene 
Column 

Test Case Time Description 

10 min Top impurity setpoint changed to 1500 ppm 

800 min Top impurity setpoint changed to 500 ppm 

2000 min Top impurity setpoint changed to 1000 ppm 

10 min Feed composition step changed from 0.67 to 0.72 

800 min Feed flow changed to 90% of nominal 

2000 min Feed composkion step changed from 0.72 to 0.67 
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Table 5.3 Test Cases for ControUer Performance Evaluation (Setpoint changes) for the 
Industrial Mukicomponent Chemical Column 

Test Case Time Description 

1 0.433 hr Sidestream impurity setpoint changed to 0.00867 

16.683 hr Sidestream impurity setpoint changed to 0.00667 

33.35 hr Sidestream impurity setpoint changed to 0.00467 

50 hr Sidestream impurity setpoint changed to 0.00667 

0.2 hr Overhead impurity setpoint changed to 0.5242 

16.683 hr Overhead impurity setpoint changed to 0.4742 

33.35 hr Overhead impurity setpoint changed to 0.4242 

50 hr Overhead impurity setpoint changed to 0.4742 

0.0166 hr Sidestream impurity setpoint changed to 0.01067 

16.683 hr Sidestream impurity setpoint changed to 0.00867 

33.33 hr Sidestream impurity setpoint changed to 0.00667 

50 hr Sidestream impurity setpoint changed to 0.00867 
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Figure 5.1 Steady-state process gains for the C3 splitter 
(a) Change in overhead composition with reflux rate 
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Figure 5.2 Control performance (NN and PI) for setpoint changes for the C3 splitter 
(Test Case 1, Table 5.1). (a) Resuks for the top composition 
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Figure 5.2 Continued, (b) Resuks for the bottom composition 
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Figure 5.3 Control performance (NN and PI) for disturbance rejection for the C3 splitter 
(Test Case 2, Table 5.1). (a) Resuks for the top composition 
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Figure 5.3 Continued, (b) Resuks for the bottom composkion 
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Figure 5.4 Control performance (NN and PI) for high frequency feed composition 
osciUations for the C3 splitter, (a) Resuks for the top composition 
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Figure 5.4 Continued, (b) Resuks for the bottom composition 
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(a) Change in overhead composkion with reflux rate 
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Figure 5.6 Control performance (NN and PI) for setpoint changes for the 
Toluene/Xylene column (Test Case 1, Table 5.2) 
(a) Results for the top composition 
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Figure 5.6 Continued, (b) Results for the bottom composition 
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Figure 5.7 Control performance (NN and PI) for disturbance rejection for the 
Toluene/Xylene column (Test Case 2, Table 5.2) 
(a) Resuks for the top composkion 
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Figure 5.7 Continued, (b) Results for the bottom composition 
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Figure 5.8 Steady-state process gains for the Industrial column 
(a) Change in sidestream composition with sidestream-to-feed ratio 
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Figure 5.9 Control performance (NN and PI) for sidestream setpoint changes for the 
Industrial column (Test Case 1, Table 5.3) 
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Figure 5.10 Control performance (NN and PI) for overhead setpoint changes for the 
Industrial column (Test Case 2, Table 5.3) 
(a) Resuks for the overhead composkion 
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Figure 5.11 NN control performance for sidestream setpokit changes for the 
Industrial column (Test Case 3, Table 5.3) 
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composition with NN controller for the Industrial column 
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CHAPTER 6 

COMPARISON OF DIFFERENT NEURAL NETWORK 

MODEL-BASED CONTROLLERS 

So far, feedforward neural networks (FFN) were used for the neural network 

appUcations to distUlation control discussed in Chapters 4 and 5. Radial basis function 

networks (RBFN) were evaluated as an altemative modeUng approach to feedforward 

networks because of their advantage of significantly lower trakikig tknes. The 

performance of the neural network (NN) controllers developed based on both the 

feedforward network model and the radial basis fimction network model are compared 

and discussed in this chapter for the first distillation case study, namely, the C3 splitter. 

Also the performance of feedforward networks trained on the dynamic data (DNN) for the 

C3 splitter was evaluated in an NMPC framework and compared with the GMC 

controUers. 

6.1 RBFN Model-Based ControUer 

6.1.1 Model development for the C3 splitter 

To permit a fair comparison between the FFN model and the RBFN model, the 

same training data was used as described in Section 4.1.2.1. The traming set consisted of 

343 data sets and the test set consisted of 216 data sets. Same inputs, trainkig ranges, and 

scaUng procedures were used as for the FFN model. Thus the RBFN model consisted of 

three kiputs nodes (feed composkion, top and bottom composition) and two output nodes 

(reflux rate and bottoms rate). 

The RBFN model architecture was based on the radial basis function network 

structure represented schematically in Figure 2.3, and was trained using the Neural 

Network Toolbox of MATLAB^ .̂ The training procedure used is similar to that 
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described in Section 2.2.2. The hidden layer was trained considering aU the data points in 

the input space as centers. The Orthogonal Least Squares (OLS) algorithm was then used 

to locate the centers. The transfer fimction used was similar to the Gaussian density 

fimction described by Equation 2.3. There are two adjustable parameters or "knobs" in 

the MATLAB software, namely, the error criteria and the spread constant (or width, b) 

for the Gaussian functions. These two parameters were varied tUl an optimum 

performance was obtained from the network based on the error on the test set. An error 

criteria of 0.02 and a spread constant of 4 gave the best overall performance m terms of 

the training and test errors. Fourteen centers were identified by the OLS algorithm for this 

trained network. The output layer weights were then identified using Equation 2.9. The 

output layer nodes involved a linear transfer fimction. 

Figures 6.1a and b show the comparison between the actual (steady-state 

simulator) and the network predicted values for the reflux rate for the training data set and 

the test data set respectively. Figures 6.2a and b show similar comparisons for the 

bottoms rate for the training and test data sets. From the above comparisons, k can be 

seen that the neural network model has captured the operational characteristics of the 

distiUation column after the trainkig process. Observing the figures closely, it can be seen 

that the points do not taper off at the ends as in an "S" shape, as was observed in Figure 

4.1. This is because the transfer function used in the output layer is linear in nature. 

6.1.2 Control Performance 

The (L, B) configuration was tested on the C3 splitter using the steady-state radial 

basis function network process inverse model developed ki Section 6.1. 
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6.1.2.1 Gain Predictions 

One of the most important functions of a model that is critical to ks success as a 

good controller model is ks ability to predict process gain changes as discussed in Section 

3.4. Figures 6.3a and b show the gain prediction comparisons between the actual (steady-

state simulator) and the network predicted values for the process gams for the top 

composkion with respect to the reflux rate, and the process gains for the bottom 

composkion with respect to the bottoms rate, respectively. Despke the fact that the 

"process" and the "model" are distinctly different from each other, the model is able to 

describe the process gain changes. 

Once the vaUdity ofthe model was confirmed, the neural network controUer model 

was tested for servo and regulatory modes of operation for the test cases contained m 

Table 5.1. 

6.1.2.2 Setpoint Tracking 

The setpokit tracking performance with the RBFN model-based controller was 

evaluated using a single test consisting of 2 setpoint changes in the top impurity. Figure 

6.4 shows the performance with RBFN for the top impurity setpoint changes (Test Case 1, 

Table 5.1), and compares k with the FFN model. At 100 minutes, the top setpoint is 

changed from 0.3 mole % to 0.15 mole %. The top impurity settles at ks setpomt at 

around 400 minutes. At 1000 minutes, the top impurity is changed to 0.45 mole %. For 

both these step changes, the top setpoint reaches ks setpoint smoothly without any cycUng 

or offset. Comparing the performance of these two models, it can be seen that their 

performance is virtually identical. 
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6.1.2.3 Disturbance Rejection 

Disttirbance rejection with the RBFN model-based controUer was evaluated for 

Test Case 2 in Table 5.1 and compared with the FFN model, and can be found ki Figure 

6.5. At 100 minutes, the column pressure starts to increase from 211 psi in a ramp fashion 

to reach and stabUize at 266 psi in 60 minutes. The top impurity deviates from setpoint 

but the feedback controller is able to bring the impurity back to setpoint. At 1000 

minutes, the feed composkion is decreased by 5 mole %. The top impurity is upset but is 

brought back to setpoint in about 700 minutes. The performance of these two NN models 

is virtually identical. 

High frequency feed composkion change test cases were also carried out as 

described in Section 5.1.2. A curve identical to that plotted in Figure 5.4 was obtamed, 

and hence is not shown here. 

Summarizing, the RBFN model-based controller performance was almost identical 

to the FFN model-based controUer performance for all tests for the C3 spUtter. Thus the 

radial basis function networks have emulated the performance of feedforward networks 

and hence the benefits of RBFN far outweigh those of FFN in terms ofthe large training 

time required for the latter. 

6.1.3 Sensitivitv Studies 

For appUcations of neural networks, the senskivity to input errors and weight 

perturbations is an important consideration. Several studies have been done on the 

sensitivity of neural networks to input errors and weight perturbations (Oh and Lee, 1995; 

Orzechowski et al., 1993; Choi and Choi, 1992; Stevenson et al., 1990). Sensitivity to 

input errors is a critical issue for pattem recognition problems. From a process control 

standpoint, k is the sensitivity to weight perturbations that is of primary concem. 
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The root mean square (RMS) error (defined by Equation 4.1) values for the 

training and test data sets of the C3 splitter using feedforward networks and radial basis 

fimction networks are depicted in Table 6.1. From this table, it can be seen that radial 

basis fimction networks performed better than feedforward networks ki terms ofthe error 

values. Radial basis fimction networks can at times emulate the performance of 

feedforward networks if appropriate centers are located (Oldham, 1995). Hence a 

senskivity analysis ofthe weight values of feedforward networks and radial basis function 

networks (developed for the C3 splitter) was carried out. The performance of both these 

models for process changes was also studied. 

Initially, the weights from the feedforward networks were perturbed (all at once) 

systematically from ±0.01% to ±5%, and the corresponding error values were recorded. 

They can be found in Figure 6.6. The error values (for both the training set and the test 

set) increase smoothly and steadily as the perturbation in the weights increased, suggesting 

a stable network. The error values increased between 5-7 times the base-case error (0% 

perturbation). 

The weights from the linear output layer ofthe radial basis fimction network were 

then perturbed in the same range, and the error curves obtained can be found m Figure 

6.7. Here too, the error curves increased smoothly and the error values varied between 

1.5-3 times the base-case error, suggesting a stable network. The location ofthe centers 

in the hidden layers were then perturbed by the same amount and range, and the resuks 

obtamed are "staggering" as shown in Figure 6.8. The error values increase very rapidly 

with the sUghtest perturbation in the location of the centers suggesting that k is a very 

narrow minimum, and the location of the centers is very critical to the network 

performance. Furthermore, this narrow minimum could easily be "missed" by learning 

algorithms. The error values increase by almost 10000 times the base-case error. 
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Once the sensitivity to model parameters was studied, it was decided to study the 

performance of these networks for process changes. Both the FFN and the RBFN model 

were developed for the C3 splitter, which used efficiency as ks adjustable model parameter 

in the steady-state simulator. To simulate changing process behavior, the efficiency was 

changed from ks base-case value of 92% to 89%, and a new set of traming and test data 

was generated from the steady-state simulator. The predictions of both the FFN and the 

RBFN model were tested for gain changes, used as a measure of ks control performance. 

It was found that for the FFN model, the RMS error increased by roughly 2 times for the 

new efficiency (hence, new process) from its base-case efficiency. But, for the RBFN 

model, the RMS error increased by almost 25 times from ks base-case value. This test 

suggests that the radial basis fimction network model is senskive to process changes also, 

besides perturbations in the model parameters. 

6.1.4 Summary 

Radial basis function networks can at tknes emulate the performance of 

feedforward neural networks if appropriate centers are located, as demonstrated ki the C3 

splitter case). If this is the case, the benefits of radial basis function networks far outweigh 

those of feedforward networks in terms ofthe large trainkig times required for the latter. 

But, feedforward networks are stable networks and relatively kisenskive to weight 

perttirbations. Radial basis fimction networks are highly senskive to process changes and 

to the location ofthe centers. Identification of good centers cannot be guaranteed always 

which make radial basis fimction networks not very attractive. 

Sensitivity is a critical issue because chemical processes like distiUation tend to be 

highly nonlinear and nonstationary and is afflicted by noise and drifts. If a network is 

highly senskive, then k is possible that when process gains change, the network may not 

perform satisfactorily. Noise or sensor fauks can also cormpt input data and a senskive 
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network may not be able to cope up with these discrepancies. Besides, the critical issue 

here is of center selection which may be valid for the process condkions under which the 

data was trained. If the process is non-stationary, k is Ukely that this set of centers may 

not be representative of the "changed" process, and as demonstrated here, the network 

wiU just fall apart. The senskivity to center selection was also confirmed by traming a 

radial basis function network for the C3 splitter using a different training data set than the 

one described in Chapter 4. Appropriate centers could not be located and the 

performance of the trained network was, at best, moderate. On the other hand, the 

performance of feedforward networks degrade gracefully which make it more appealing. 

6.2 DNN Model-Based Controller 

As discussed in Section 3.7, a feedforward neural network was trained on dynamic 

data (DNN) which was used as a nonlinear model in the NMPC framework. The 

advantage of using DNN as the model was that the model is a nonlinear algebraic model 

(once k is trained) which is computationally extremely efficient. This in tum speeds up the 

optimization problem considerably. One of the advantages of using nonlmear models is 

the ability ofthe controller to adapt to gain changes and non-stationary behavior whUe stUl 

ensuring a robust control performance. One of the major disadvantages of using steady-

state models is that k neglects the dynamics which can be critical in certain cases. NMPC 

incorporates both, a nonUnear and a dynamic model which should enable a satisfactory and 

robust control performance. 

6.2.1 Model development for the C2 spUtter 

Unlike steady-state information, there is an added degree of complexity when 

considering dynamic information. The dynamic data should not only encompass the 

expected operation range, but also possess steady-state gain information, which will 
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enable the model to make valid predictions. If process information is available, then k is 

simply a matter of choosing past historical data which is representative of the current 

operatkig range. In this case the dynamic simulator for the C3 splitter (process) was used 

to generate the dynamic information (data) required for training the DNN. It must be 

pointed out that the DNN is a feedforward neural network, akhough a recurrent 

(feedback) network which involve inherent dynamics could also be used. But, a 

feedforward neural network can "leam" dynamic information too, as the nodes can be 

perceived as filters, which retaki previous information. 

The training data was generated using guidelines provided by [DMC]"™ for ks 

controller. As described in Chapter 4, the same operating window was identified, and 

uncorrelated step changes were provided in the manipulated variables, L and B, and the 

feed composkion, Xf. The magnitude ofthe steps were provided in such a manner that the 

resulting output compositions (x̂ j and x )̂ were within the operating window. None ofthe 

step changes were made simultaneously to ensure the effect of individual input changes. 

On some occasions, the process was allowed to settle to incorporate steady-state process 

gains into the mformation. Around 2000 data sets were generated. 

The next step involved decidkig the neural network stmcture. Based upon the 

available Uterature, k was decided to use 3 past values ofthe process outputs (x^.i, x̂ i.2, 

^-3 ' ^-h ^-2» ^ -̂3)' manipulated variables (L.j, L.2, L.3; B.i, B.2, B.3) and feed 

composition (xf.j, Xf.2, Xf.3); the current value of aU these variables (X^Q, XJ ,̂ X|O, LQ, BQ); 

and the future (guessed) value ofthe manipulated variables (L ,̂ B )̂ as the kiputs to the 

neural network, which amounted to 22. The output from the network were the two 

desired future output compositions (x^i, and x̂ î). Based upon the experience gained 

developing feedforward network models, 12 hidden nodes were used which set the neural 

network architecture as a 22-12-2 network. The bias node was not used. Thus there 

were 288 adjustable parameters (weights). 
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The Fletcher-Reeves conjugate gradient method was used to train the DNN. 

About 1500 points were used for training and 500 for testing. The trainkig and test resuks 

for the DNN are represented in Figures 6.9a and b, respectively, for the top composition 

and in Figures 6.10a and b for the bottom composkion. From these figures, k can be seen 

that the model has captured the dynamics ofthe process quke effectively. 

6.2.2 NMPC ControUer Development 

NMPC solves a nonUnear optimization problem at every control interval. As 

discussed m Section 3.7, the prediction horizon "P" was set as 20, and the DNN makes 20 

predictions in the future. The DNN was designed to be a single-step predictor, and the 

process values are used as inputs (3 past and present) to predict the future (1 tkne step) 

compositions. This eliminated the need for the bias adjustment as the past model values 

were not fed back to the model. However, for the 20 future predictions, the model values 

were used successively as foUows: 

For the first tkne prediction from the model, 

t.3 process values as input, 

t.2 process values as kiput, 

t_i process values as input, 

to process values as input, 

tj model output. 

For the second tkne prediction from the model, 

t,2 process values as input, 

t.j process values as input, 

to process values as kiput, 

tl model values as kiput, 

t2 model output, 
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and so on. This is also an indirect measure of the mukistep prediction abilkies of the 

model (DNN). 

For each model prediction m the fiiture, the model requires an estimate of the 

fiiUire values ofthe manipulated variables (L^ and Bj at time ti). It has been observed 

that guessing 4 values of the manipulated variable over the prediction horizon of 20, 

satisfies the control objective, while maintaining simpUcity and computational efficiency 

(Rhkiehart, 1994). Thus 4 manipulated variable values, namely, uj, u ,̂ u^, ujg are 

estimated and they are held constant for 5 tkne mtervals, i.e., 

U i = U i , 

U2 = Ul, 

U3 = Ul, 

U4 = Ul, 

U 5 = U i , 

U6 = U6, 

U7 = U6, 

U8=U6, 

and so on. Initially, at every control interval, starting estknates are provided for these 4 

values of each manipulated variable (8 in aU for the dual composkion control problem). 

They are initiaUzed at the current process values respectively, i.e., 

Ll = L5 = Lii = Li5 = Lo (present value), and 

Bi = B5 = Bii = Bi5 = BQ (present value). 

Although the optimization problem described in Section 3.7 is a constrakied one, for 

simpUcity, it was considered unconstrained by incorporating move suppression on the 

manipulated variables which limits their rate of change. Thus the objective fianction 

considered was as foUows: 
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\ ^^ / \ 2 1 2° 20 20 
mm J = 

Au 

where, 

J = objective function, 

Ygp = top impurity setpoint, 

Yj = DNN model prediction, 

Xgp = bottom impurity setpoint, 

Xj = DNN model prediction, 

EQi = Equal Concem for the top composkion, 

EQ2 = Equal Concem for the bottom composition, 

f = weighting factor for move suppression, and 

2 ( A U J ) = ( U I - U O ) ' + ( U 6 - U ^ ) + ( U „ - U 6 ) ' + ( U , 6 - U „ ) ' 

The Equal Concem factors were determined and set based on the economic kicentives for 

maintaining the top and bottom target setpoints. The top target was valued fifteen times 

more than the bottom one. The weighting factor "f' was the adjustable tuning parameter. 

Each of the 4 terms in Equation 6.1 were also normalized by thek respective base case 

values. The values of the equal concem factors and the weightmg factors, after 

normalization, were as follows: 

EQi^ 

= 1, and. 
EQ2^ 

f = 200. 

The Fletcher-Reeves conjugate gradient method was used for solving the 

unconstrained optimization problem. At every control interval, guesses were provided for 

the 8 variables (4 for each manipulated variable). The model predicted the ftiture target 

composkions, and the objective function J (Equation 6.1) was minimized by the 
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unconstramed optimizer. The outputs from the optimizer were these 8 variables. But, at 

every control interval, only the first manipulated variable (Lj and Bj) were implemented 

and the entire process is repeated at the next control interval. 

6.2.3 NMPC Control PerfnrmanrP 

The control performance was evaluated on the setpoint tracking and the high 

frequency feed composition oscillations as described in Section 5.1. Figure 6.11 shows 

the performance of the NMPC controller on the top setpoint changes comparing k with 

the GMC controUer with the FFN as ks model. Figure 6.12 shows the variability in the 

top composkion for the high frequency feed composition osciUations for the NMPC 

controller and compares it wkh the GMC controller with the FFN as ks model. 

From these figures, k can be observed that for setpoint changes, overaU, the 

performance of both the GMC and the NMPC controllers is comparable. The NMPC 

controUer appears to be more sluggish compared to the GMC controller. This is because 

significant move suppression had to be used for a stable performance. Besides, there is 

some low frequency cycling around the setpoint which is indicative ofthe coupling ki the 

system which causes the optimizer to constantly search for a "better" solution. However, 

there is less overshoot for the NMPC controUer. The high frequency feed composition 

osciUation resuks are better for the NMPC controller which shows lower deviations in the 

top impurity variation. 

6.2.4 Summary 

Thus, NMPC is definitely a viable, perhaps even better control scheme than the 

GMC controllers, as demonstrated for the C3 spUtter case in which the NMPC performed 

better than GMC. But the C3 splitter is not a highly nonlinear process with huge dynamic 
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Table 6.1 RMS error values for feedforward networks (FFN) and radial basis fimction 
networks (RBFN) for the C3 splitter 

FFN RBFN 

Training Set 

1.031814e-03 4.139412e-04 

Test Set 

1.490821e-03 9.320786e-04 
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Figure 6.1 Continued, (b) Resuks from test data set 
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Figure 6.2 Bottoms rate predictions from RBFN for the C3 splitter 
(a) Results from training data set 
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Figure 6.2 Continued, (b) Results from test data set 
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Figure 6.3 Steady-state process gains from RBFN for the C3 splitter 
(a) Change in overhead composkion with reflux rate 
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Figure 6.3 Continued, (b) Change in bottom composition wkh bottoms rate 

140 



800 1200 
time (min) 

1600 2000 

Figure 6.4 NN controUer performance comparison (FFN and RBFN) for setpoint 
changes for the C3 splitter 
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rejection for the C3 splitter 
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Figure 6.6 Perturbations in the weight values ofthe FFN (for the C3 splitter) 
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Figure 6.7 Perturbations in the weight values ofthe RBFN (for the C3 splitter) 
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Figure 6.8 Perturbations in the location ofthe centers ofthe RBFN (for the C3 splitter) 
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Figure 6.9 Top composition predictions from neural networks for the C3 splitter 

(a) Results from training data set 
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Figure 6.9 Continued, (b) Results from test data set 
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Figure 6.10 Bottom composition predictions from neural networks for the C3 splitter 
(a) Results from traming data set 
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Figure 6.10 Continued, (b) Resuks from test data set 
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Figure 6.11 Control performance (NMPC and GMC) for setpoint changes for the C3 

splitter (Test Case 1, Table 5.1) 
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Figure 6.12 Control performance (NMPC and GMC) for high frequency feed 
composition osciUations for the C3 splitter 
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CHAPTER 7 

SELECTION OF A MINIMUM AND OPTIMAL TRAESIING SET 

There are two factors which are critical whUe developing a neural network model. 

They are: choosmg the right data points, and choosmg the relevant training procedures. 

The issue of optimal trakikig has been studied widely by several researchers. On the other 

hand, Uttle is known about choosing the right data points, or, an optimal traming set. 

This chapter discusses briefly the issues of optunal training for feedforward 

networks and studies the selection of a mkiimal and optunal training set for developing 

steady-state neural network models for distiUation control. 

7.1 Optimal Training ofFeedforward Neural Networks 

The issue of optimal training of neural network deals with determination of the 

"best" model that solves a given problem, where "best" is defined as the lowest 

normalized root mean square (RMS) error based on the traming and the test data set. The 

basic idea is to improve generaUzations, reduce the number of training examples required, 

and improve speed of leammg and/or classification uskig minimum number of hidden 

nodes. As appUcations become more complex, the networks become larger (i.e., more 

connections, and hence, more weights). Furthermore, as the number of parameters 

mcrease, overfitting problems may arise, with devastatkig performance on generaUzations. 

Overfittmg is the term applied to describe the extent of the fit achieved by the neural 

network as measured by the number of free parameters (the weights) ofthe network. As 

kl the case of other methods for fianction approximations, such as polynomial, too many 

free parameters wiU allow the network to fit the trakikig data arbitrarily closely, but will 

not necessarily lead to optimal generalization. 
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Several methods have been developed and studied to optimize network training 

(Bhat and McAvoy, 1992; Le Cun et al., 1990; Weigand et al., 1990). While overfitting is 

an issue that cannot be ignored, k becomes of increasing importance when the number of 

weights is ofthe order ofthe number of training examples. Such networks are referred to 

as oversized networks. Also, overfitting becomes important when the gradient learning 

process is used for weight adjustment. In gradient learning, initially the hidden units in the 

network all do the same work, i.e., they all attempt to fit the major features ofthe data. 

As those features are accounted for, the major source of error in the network is 

determined by the second most important feature ofthe training data. The units then start 

to differentiate with some of them beginning to fit this second most important aspect of 

the data. As the process of differentiation continues, the effective number of degrees of 

freedom start to increase. Assuming that sampling error is small relative to other sources 

of variation in the data, early network training seeks to fit the significant features of the 

data. It is only at later times that the network tries to fit the noise. 

A solution to stop overfitting is to stop training just before the network starts to fit 

the sampling noise. Weigand et al. (1990) proposed a technique which uses a separate 

validation data set to guide when to stop training. The validation data set can be made up 

of an arbitrary number of data points from the training data set, say 10% ofthe points in 

the training data set. At the end of each epoch (each tkne a new set of weights have been 

determmed), the vaUdation data set is presented to the network, and the prediction error 

on the vaUdation set is obtained. The data points selected to be in the validation set are 

not a part ofthe training data set anymore, and are not seen by the network while traming. 

Training is stopped when the normalized root mean square error on the validation data set 

starts to increase. But this procedure is appUcable once the network size and 

configuration have been determined. 
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To determine the optimal network size and stmcture, the number of hidden nodes 

is adjusted to obtain best performance from the network. The number of hidden nodes are 

increased progressively from one, and the error values are observed for each neural 

network configuration (i.e., for each value ofthe number of hidden nodes). The traming 

must be carried out with weights initialized randomly and differently. This is necessary to 

ensure that the optimization does not yield local minima but tmly converges to a global 

minknum, which in tum enables a fair comparison between the various network 

configurations. 

While the error on the training set reduces as the number of hidden nodes 

kicreases, the error on the test set will usually decrease initially and then start rising. The 

optimum network is chosen based on best performance on both the training and test sets. 

The best performance is gauged as the lowest RMS error values on the sum ofthe training 

and the test set. A typical schematic ofthe RMS error values versus the number of hidden 

nodes (or, the number of weights) is represented in Figure 7.1. 

Once an optimal network configuration, or, network size is determined, two issues 

have to be considered. The first is the issue of global convergence which is discussed 

above. The second is the issue of overfitting which can be remedied by a validation set or 

a test set. For a fixed network size, the training should stop before the network starts to 

memorize the data. Here too, as the number of kerations increase (number of times the 

network is presented with the training set), the error on the training set will decrease. The 

error on the test set will decrease initially, indicatkig learning and generalization 

capabUities, and wiU start increasing indicating memorization and overfitting. It is 

interesting to note that typical profiles for the training and test errors are similar to those 

for finding network size, and are represented in Figure 7.2. 

Summarizkig, the issue of optimal training deals with finding the "best" network 

size, achieving global convergence, and obtakiing the "best" generalization capabUkies 
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without overfitting. There are two levels at which the profiles represented in Figures 7.1 

and 7.2 operate. Fkst, for finding an optimum network size; and second, for optimal 

training (for a fbced network size). All these issues and factors were considered while 

developing the neural network models discussed in Chapter 4. 

7.2 Choosing a minimum and optimal training set 

It is important from an economical standpoint to use a minimum and optimal 

training set (indicating a set with the fewest points possible, but which will still capture the 

behavior of the process over the training region) for developing steady-state neural 

network models. This is because, if fewer pomts are used, the CPU training time (which is 

expensive) is reduced. The cost of data points is also a major incentive and usmg fewer 

data points wUl resuk in obvious economic savings. 

To choose an optimal and minimum traming set, sequential training was carried 

out on the existing training sets. Sequential training is an organized way of selecting a 

minimum set from a pre-existkig training set. One might question the purpose of carrying 

out a sequential analysis after generating a training set for the whole spectrum. It must be 

pointed out that this study should identify the regions of kiput space which are 

information-rich and provide broad guidelines to select a minimum traming set (without 

generating a large traming set) for future applications. 

The algorithm for sequential training is denoted in Figure 7.3. Consider an existing 

trakikig set of (say) 256 points. Initially, a minimum number of points (say, 8) which are 

the extremes ofthe kiput space (training region) are chosen. The network is then trakied 

using these 8 points and tested on the remaining set (256-8=248) which is not exposed to 

the network. The point (among these 248 unseen points) which deviates the most from ks 

desired value, or which contributes to the maximum ertor, is incorporated in the initial, 

minimum training set of 8 points. Now, this training set comprises of 9 (8+1) points. The 
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network is then trained using these 9 points and tested on the remaining training set (256-

9=247) which is not exposed to the network. The point (among these 247 unseen pomts) 

which deviates the most from ks desired value, or which contributes to the maximum 

error, is incorporated in the minimum training set of 9 points. Now, the training set 

comprises of 10 (9+1) points. This process is repeated tiU the maximum error (or the 

maximum deviation) obtained faUs below a pre-set error criteria (say ±10%), or in other 

words, tiU aU the network predictions are within 10%. This would imply that the network 

has been trained using points chosen sequentially at every step till the predictions for the 

remaining set faU within (say) ±10%. This is analogous to using a test data set. Hence the 

result wiU be a minimum training set (since chose the fewest possible pomts) over the 

training region which is information-rich and which has good generalization capabilities, 

and hence is optunal. 

Sequential analysis was carried out on the existing data sets of all three distUlation 

case studies. 

7.2.1 Resuks from sequential training for the C3 splitter 

As mentioned in Section 4.1.2, initially the double ratio control configuration 

(L/D, V/B) was implemented on the C3 splitter and control studies were carried out. For 

this purpose, a training data set comprising of 256 data sets was generated over the same 

trainkig region as discussed in Section 4.1.2.1. A separate test data set of 108 points was 

also generated. 

Sequential analysis carried out over the training set, comprising of 256 points, 

suggested that around 40 points are adequate for this process in the specified training 

region. This is a big reduction from the original set of 256 points. The question that 

needs to be answered next is how should these 40-odd points be chosen? Is there a trend 

to these points? To answer this question, a cluster analysis (Rhinehart, 1995) was carried 
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out over the input space (training region). Monte Cario experiments were used to 

generate the pdf of the statistic with no clustering. Data points were generated uniformly 

over the training region and it was found that 95% of them (for a sufficiently large 

population) would lie between 0.5625 and 0.6129, i.e., the extreme values ofthe cluster 

statistic when the data are unclustered are 0.5625 and 0.6129 where extreme means that 

only 5% of values are out of that range. A number outside this range would be an 

indication of clustering. The cluster statistic for the 40 points was found to be 0.4326 

which is significantly less than 0.5625. This is a definite indication of clustering which 

suggests that there is a trend in choosing these 40 points. 

The clustering of these data points would be expected to occur ki the more 

senskive region of the input space. It was found that for both the top and bottom 

composition, more points were required at lower impurities; and for the feed composition, 

more points were required at the higher end ofthe training range. These results were also 

confirmed with a sensitivity analysis carried out over the input space. Figure 7.4 depicts 

the effect of feed composition over the training range on the boilup ratio which is the 

manipulated variable. Three curves are drawn denoting the base-case, a "low," and a 

"high" value for the other inputs ki the network. For example, in Figure 7.4, for the base-

case curve, the feed composkion was varied over the trainkig range whUe the other inputs 

like top and bottom composkion were at their base-case value. For the low-value curve, 

the top and bottom composkions were at higher impurities, or, where they required a 

lower boilup ratio; and the effect of varying feed composition was observed on the boilup 

ratio. SknUarly, for the high-value curve, the top and bottom composkions were at lower 

impurities, or, where they required a higher boilup ratio; and the effect of feed 

composkion was observed on the boilup ratio. The reason three curves (base, low, and 

high) are observed is because they provide a better understanding ofthe nonlinearity ofthe 

training region. Lookmg at the base-case curve alone may not give an indication of the 
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nonlinearity at the extremes ofthe training region (low, or high). Besides, sometimes, the 

slopes ofthe 3 curves vary, as indicated in one ofthe figures shown later in this chapter 

(Figure 7.13). In this case the "low" curve has a slightly higher (absolute value) slope 

than the others over the same region. This indicates that the lower region is more 

senskive. Observing the curves in Figure 7.4, k can be seen that the slope is higher at the 

higher end of feed composkion, i.e., the boilup ratio is more senskive to changes in feed 

composkion. Also, the difference between the three curves at the higher end is more that 

at the lower end, indicating that this region is nonUnear, and more training points were 

kideed required in this region. 

Figures 7.5 and 7.6 depict the effects of top and bottom composkion respectively 

on the boilup ratio. Here too, the training region is nonlinear and more pomts were 

requked at lower impurities, where it is more senskive. 

In this case, for feed composition, 12 points were required for a feed composkion 

of 60 mole % (xf=0.6), 7 pomts each for Xf=0.7, and Xf=0.75, and 11 points for Xf=0.8. 

For the top composition, 9 points were requked for Xji=0.99, 4 points for x î=0.993, 13 

points for Xd=0.997, and 11 points for Xd=0.9995. For the bottom composition, 10 pomts 

were requked for xij=0.005, 5 pokits for xij=0.01, 8 pokits for X|5=0.02, and 14 points for 

Xb=0.1. 

To confirm these resuks, the 40 points obtained were trained, and the 

generaUzation on the unseen points in the remaining trakikig set (256-40 = 216) and the 

test set was recorded. They can be found in Figures 7.7a and b. From the above 

comparisons, k can be observed that the 40 points obtamed from sequential analysis are 

indeed sufficient to capture the operational characteristics of the distUlation column after 

the training process. 
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7.2.2 Resuks from sequential training for the Toluene/Xvlene column 

Sequential analysis was carried out over the traming set generated in Section 4.2.2 

which comprised of 256 points. Resuks obtained suggested that around 50 points are 

adequate for this process in the specified trainkig range. 

FoUowmg a simUar procedure as the one for the C3 splitter in Section 7.2.1, k was 

found that for feed composkion, more points were required at the higher end of the 

training range where k is more senskive. This is indicated ki Figure 7.8 where the effect 

of feed composkion is observed on the reflux rate. SknUar effect was observed on the 

heat duty. For the top composition, more points were required at higher purities (or, 

lower impurities) where it is more sensitive, as indicated in Figure 7.9. For the bottom 

composition, only points at the extremes of the training region were required because it is 

linear over the training region as mdicated ki Figure 7.10. For the feed flow rate, pokits 

were required uniformly over the entire training range even though it is linear as indicated 

in Figure 7.11. A possible reason for this could be because the slope ofthe curves in 

Figure 7.11 are much higher than any of the others, the process is senskive to any feed 

rate disturbances. 

For feed composkion (xf), 19 points were requked for Xf=0.62, 8 pomts were 

required for Xf=0.65, 5 points for xf=0.68, and 18 points for xf=0.72. For the top 

composition (x^), 20 pokits were required for Xd=0.998, 5 points for Xd=0.9986, 10 points 

for x<i=0.9992, and 15 pomts for Xd=0.9995. For the bottom composition (xj,), 22 pomts 

were requked for Xb=0.0005, 3 points for Xb=0.001, 1 pomt for Xb=0.0015, and 24 points 

for Xb=0.002. For the feed flow rate (f), 15 points were requked for f=16, 12 for f=18, 14 

for f=20, and 9 for f^22. 
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7.2.3 Resuks from sequential training for the Indu.strial mlnmn 

Sequential analysis was carried out over the trainkig set generated ki Section 4.3.2 

which comprised of 540 points. Results obtained suggested that around 250 points are 

adequate for this process in the specified training range. 

FoUowing a similar procedure as the one described in Section 7.2.1, k was found 

that for the light key in the feed, more points were required at the higher range of the 

trainkig region. For the heavy key in the feed, more points were required at the lower 

range ofthe training region. For the bottoms-to-feed ratio, more points were required at 

the higher end of the training region. For the light key impurity in the sidestream, more 

points were required at lower impurities (or, higher purities). 

7.2.4 Summarv of Sequential Training Resuks 

Applying the sequential training analysis over the three distillation case studies has 

enabled us to encompass a broad spectmm of operating columns and develop guidelines to 

select a minimal and optimum training set. 

Choosing data points in the more senskive regions of the input space will 

guarantee the selection of "information-rich" training sets. Once an operating window is 

selected, the sensitive regions of the input space can be easily identified with a simple 

analysis as shown ki Figure 7.4. It appears that for the top and bottom composkions, 

more pokits are required at higher purities (or, lower impurities) because these regions are 

more sensitive. For feed composition and feed rate, definitive guidelines cannot be 

obtained because it depends on each individual case. Nevertheless, choosing more points 

at the extremes and ki the sensitive regions of the training space should guarantee an 

information-rich, optimal training set. 

As discussed earUer, the advantages of this analysis are tremendous and the most 

important ones are Usted below: 
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• First, generating a minimum and optimum training set wiU reduce the number of CAD 

simulations required to generate a training set. 

• Second, because of fewer training sets, the CPU training time reduces significantly. 

• Third, the cost of empirical data is extremely high, and here too, there wiU be 

significant savings. 

Each of these factors by themselves will resuk in tremendous economic savings. 

Together, they offer a very big incentive. 

It must be noted that although this analysis was carried out on data generated from 

CAD sknulations, k can also be used for empirical (or, plant) data. Furthermore, this 

analysis can also be extended beyond distUlation. 

The sequential analysis is valid only for steady-state data and not for dynamic data. 

The analysis of dynamic, time-series data was not studied. 

7.3 Confirmation ofthe validitv ofthe Sequential Analysis 

Although the resuks ofthe sequential analysis were tested by training the optknal 

set obtained, depicted in Figures 7.7a and b, further testing on a different distillation 

design wiU confirm ks validity. For this purpose, a new distillation column design was 

developed and is discussed below. 

7.3.1 DistUlation Case Studv IV - High Puritv C3 Splitter 

A high purity C3 splitter was designed producing an overhead product of 99.9 

mole % propylene and a bottom product of 99.9 mole % propane (0.1 mole % propylene). 

Table 7.1 contains the design condkions for the high purity C3 splitter case. The design is 

based upon a propylene/propane feed with 70 mole % propylene. The column is designed 

using 306 trays based upon a Murphree tray efficiency of 85%, and an operating pressure 

of 18 atmospheres. 
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Based on our experience with the three distiUation column case studies discussed 

kl Chapters 4 and 5, k has been observed that if the gam predictions are reasonably 

"good" (i.e., predictkig the right direction and reasonably good magnitudes), the control 

performance is then dependent on the tuning constants, smce the model is "good". Hence 

only the steady-state sknulator was developed. 

7.3.2 Steadv-State Neural Network Process Inverse Model 

Although this is a high purity C3 spUtter case study, selection of the optunal 

control configuration was not studied because the akn is to confirm the vaUdity of the 

sequential analysis resuks. Hence, for sknpUcity, the (L, B) control configuration was 

"selected". Issues simUar to those discussed in Section 4.1.2 were considered, and based 

on the information avaUable, the operatkig wmdow mappkig the input-output space was 

known. The foUowing variables were considered whUe developmg the steady-state 

process inverse model: feed composition of propylene (xf), bottom composition of 

propylene (x ,̂), and top composition of propylene(x î). The two manipulated variables, 

namely the reflux rate, L, and the bottoms rate, B, were the two outputs from the network 

model. The operatkig ranges decided upon were as foUows: 

Xf: 0.6-0.8 

xi,: 0.0002-0.003 

x^: 0.998-0.9998. 

A senskivity analysis was carried out over the mput space as discussed m Section 

7.2.1. Figure 7.12 depicts the effect of feed composition over the trainkig range on the 

reflux rate. Three curves are drawn denotkig the base-case, a "low," and a "high" value 

for the other kiputs in the network (as discussed in Section 7.2.1). From this figure k can 

be observed that aU the three curves have high slopes and are "ahnost Unear." This would 

suggest that for feed composition, pomts are required uniformly over the entke operating 
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more range, especiaUy the extremes. Besides, the upper extreme appears to be sUghtly 

senskive than the lower extreme. Figure 7.13 depicts the effect of bottom composkion 

over the training range on the reflux rate. As expected, the region is more senskive at the 

lower end (lower impurities) suggesting that more points are required in this region. 

Figure 7.14 illustrates the effect of top composkion over the training range on the reflux 

rate. Once again, the region is more sensitive at the higher end (higher purities, or lower 

impurities) indicating that more points are required in this region. 

Based on the sequential analysis resuks over the three distUlation case studies, and 

the senskivity analysis over the fourth case study, 50-odd points (including the extremes) 

were identified following the sensitivity analysis guidelines. They were chosen using the 

foUov^ng procedure. Initially, eight points identifying the extremes of the training region 

were chosen. There were four points chosen, each for Xd=0.998, Xd=0.9998, Xb=0.0002, 

xi,=0.003, Xf=0.6, and Xf=0.8. Normally, 3 points are chosen, two at the extremes (L, and 

H, for low, and high) and one in the middle (M). If (say) the lower region is more 

sensitive, one more point is added in between "L", and "M', and so on. Thus the 

remaining 42 points were chosen in the following manner. Observing Figure 7.14, it was 

found that for the top composition, the training region is more senskive at the higher end. 

Hence more points were selected in this region. They were chosen as foUows: 8 points 

each for Xd=0.9992, Xd=0.9995, and Xd=0.9998 (H); 5 points for Xd=0.998 (L) and 

Xd=0.9989 (M); and 4 points each for Xd=0.9983, and Xd=0.9986. Observing Figure 7.13, 

for the bottom composition, more points were selected at the lower end. They were 

chosen as: 9 pokits for Xb=0.0002 (L), 7 for X5=0.0004, 6 for xi,=0.0007, 6 for Xb=0.0009 

(M), 4 for xi,=0.0015, 3 for Xb=0.0022, and 7 for xi,=0.003. Observkig Figure 7.12, for 

feed composition, points were chosen uniformly over the entire training region with a 

slight bias towards the higher end. They were chosen as follows: 7 points for xf=0.6 (L), 

4 for Xf=0.63, 6 for Xf=0.66, 5 for Xf=0.7 (M), 5 for Xf=0.73, 6 for Xf=0.76, and 9 for 
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Xf=0.8. These 50 pokits were used in the trainkig set. Addkional points were generated 

from the steady-state simulator ki the operating range to comprise a test data set. AU the 

inputs and outputs in the data sets were scaled according to the procedure described in 

Section 4.1.2.2. The conventional feedforward architecture (as shown in Figure 2.1) was 

used as the network stmcture. The optimum network configuration for this system was 

determined foUowing the procedure outlined in Section 4.1.2.2 and was found to be three-

input, four-hidden node, two-output neural network (3-4-2 network). A fixed bias node 

was also used and the network had 26 adjustable parameters (weights) which were 

identified by the training process. 

Figures 7.15a and b show the comparison between the actual (steady-state 

simulator) and the network predicted values for the reflux rate for the trainkig data set and 

the test data set respectively. Figures 7.16a and b show similar comparisons for the 

bottoms rate for the traming and test data sets. From the above comparisons, k can be 

seen that only about 50 pokits identified by the sequential analysis results have been able 

to capture the steady-state operational characteristics ofthis fourth distUlation case study. 

Thus the need to arbkrarily choose a large trainkig set is eUmkiated. 

For further confirmation, sequential analysis was carried out on these 50 pokits 

identified. It was found that of these 50, 46 were requked and 4 of them did not provide 

addkional mformation. Thus foUowkig the guideUnes, the 50 points chosen were not only 

information-rich but also close to a minimal set. 

7.3.3 Gain Predictions 

As discussed earlier, one ofthe most important fiinctions of a model that is critical 

to ks success as a good controUer model is ks ability to predict process gam changes. 

Besides, from our experience with the three distiUation case studies, if the gain predictions 

are reasonably "good," the control performance is also "good." Figures 7.17a and b show 
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the gam prediction comparisons between the actual (steady-state simulator) and the 

network predicted values for the process gains for the top composition with respect to the 

reflux rate, and the process gains for the bottom composkion with respect to the bottoms 

rate, respectively. From the above comparisons, k can be observed that the model is able 

to describe the process gain changes reasonably well. 

7.3.4 Summary 

Thus, the resuks from the sequential analysis have been confirmed by testing them 

on a different distiUation case study. These guideUnes provide a logical way of obtaining a 

minimal, yet optimal and "information-rich" training set, thus discarding choosing an 

arbkrarily large training set. Besides these guidelines provide valuable insights regardmg 

the nonUnearity of the process enabling a better understandkig of the process. Also, the 

economic savings are tremendous, as discussed in Section 7.2.4. 
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Table 7.1 Design Specifications for the high purity C3 splitter case 

Total Trays 

Feed Tray 

Feed Flow 

Feed Composkion 

Feed Condkion 

Distillate Flow 

Distillate Composkion 

Reflux Condition 

Bottoms Flow 

Bottoms Composition 

Murphree Tray Efficiency 

Column Pressure 

Reflux Ratio 

306 

81 (from bottom) 

0.69444 #moles/sec 

0.700 mol fraction propylene 

Saturated Liquid 

0.48639 #moles/sec 

0.999 mol fraction propylene 

Saturated Liquid 

0.20805 #moles/sec 

0.001 mol fraction propylene 

0.85 

211.0psia 

12.732 
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RMS error 
Test set 

Training set 

Number of Weights 

Figure 7.1 Schematic of RMS error profiles with an increase in the number of weights 
for selection of an optimal network stmcture 
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RMS error 
Test set 

Training set 

Number of Iterations 

Figure 7.2 Schematic of RMS error profiles with an increase in the number of iterations 
(for a fixed network size) for optimal training 
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Start with a minimum number of points 
from the training set which are the 

extremes ofthe training region input 
space 

I 
Train these points and test it on the 

remaining set 

I 
Identify the point which deviates the most 
from ks desired value, i.e., contributes to 

the maximum error 

I 
Is this maximum error < Error Limit 

Incorporate this point in the 
minknum training set 

STOP 

Figure 7.3 Algorithm for Sequential Training 
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0.6 0.7 

feed composition (xf) 

0.8 

Figure 7.4 Effect of feed composition on the boUup ratio for the C3 splitter 
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0.994 0.996 

top composition (xd) 

0.998 

Figure 7.5 Effect of top composition on the boilup ratio for the C3 splitter 
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0.02 0.04 0.06 

bottom composition (xb) 

0.08 

Figure 7.6 Effect of bottom composition on the boUup ratio for the C3 splitter 
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Boilup Ratio (ss simulator) 

Figure 7.7 Boilup ratio predictions from sequential training for the C3 splitter 
(a) Results from training data set 
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Figure 7.7 Contmued. (b) Resuks from test data set 
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Figure 7.8 Effect of feed composkion on the reflux rate for the toluene/xylene colunrn 
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Figure 7.9 Effect of top composition on the reflux rate for the toluene/xylene column 
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Figure 7.10 Effect of bottom composkion on the reflux rate for the toluene/xylene column 
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Figure 7.11 Effect of feed rate on the reflux rate for the toluene/xylene column 
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0.6 0.7 

feed composition (xf) 

0.8 

'base •low •high 

Figure 7.12 Effect of feed composkion on the reflux rate for the high purity C3 splitter 
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0.003 

Figure 7.13 Effect of bottom composkion on the reflux rate for the high purity C3 spUtter 
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top composition (xd) 
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Figure 7.14 Effect of top composition on the reflux rate for the high purity C3 spUtter 
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Figure 7.15 Reflux Rate predictions for the high purity C3 splitter 
(a) Resuks from traming data set 
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Figure 7.15 Continued, (b) Resuks from test data set 
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Bottoms Rate (ss simulator)(#moles/sec) 

Figure 7.16 Bottoms Rate predictions for the high purity C3 spUtter 
(a) Results from training data set 
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Figure 7.16 Continued, (b) Resuks from test data set 
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Figure 7.17 Steady-state process gains for the high purity C3 splitter 
(a) Change in overhead composition wkh reflux rate 
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Figure 7.17 Continued, (b) Change in bottom composition with bottoms rate 

187 



CHAPTER 8 

DISCUSSION, CONCLUSIONS, AND RECOMMENDATIONS 

8.1 On Using Neural Network Models 

The idea of using neural networks to develop steady-state inverse models is simple 

in concept. The use of a neural network representing the inverse of the process to 

calculate expUckly the manipulated variables in order to follow a reference system is not 

only appealing but is also highly practical. The inverse models can be developed usmg 

neural networks by deciding the right set of input-output variables at the network-training 

stage. Most process engineers should have access to some approximate steady-state 

model (CAD package, analytical equations, etc.) of thek process or plant which they 

employ to optimize and evaluate ks performance. These steady-state models could be 

used readily to generate all the data required to develop neural network models. Once a 

neural network model is developed, it is ideally suited for control purposes. The method 

of implementing the mukivariable controller using steady-state inverse models is sknple, 

and foUows standard kidustrial practice for tuning controUers. 

The concept of using neural networks as dynamic models, trained on dynamic data, 

is very appealkig ki a Nonlinear Model Predictive Control framework because it should 

considerably reduce the tkne taken by phenomenological models to make future 

predictions. This is because phenomenological models usually involve kerative schemes to 

arrive at a solution, and hence require a finite amount of time. On the other hand, a neural 

network, once trakied, reduces to a nonlinear algebraic model which is computationally 

extremely eflBcient. Getting the right data for trainkig is an important and often tough 

question, especially if you have to rely on historical (plant) data to generate a training set. 

This is because data spanning the desired operating window may not be available. Also 

the issue of uncorrelated inputs and steady-state gain information is a valid concem. On 

188 



the other hand, if a dynamic model ofthe process is avaUable, one could generate a vaUd 

training set, based on process information, which would then be used to tram the network. 

Once the network is trained, k can be used in an NMPC framework and the optknization 

problem speeds up considerably. 

Another issue is that of robustness of the model m the face of data uncertakity, 

also known as fauh tolerance characteristics ofthe model. Neural networks are known to 

be fauk tolerant (Harmon, 1992). This is an important advantage in using neural networks 

models for process control. The issue deals with the ability of models in handUng faulty, 

corrupted, or physicaUy meaningless data. This arises because the network output 

variables are always bounded between the minimum and maximum values for the outputs 

as determined from the training data. Also, the nature ofthe sigmoidal transfer function is 

such that for any input ki the range ±00, the transformed output is always bounded (0 to 1, 

or -1 to +1), thus ensuring that even when "garbage" goes in, "garbage" does not come 

out. The issue of toleratkig faulty or corrupted data is a real-worid problem extremely 

relevant to process control because most field instruments are electrical or electronic 

devices that transmit information from remote locations to a central data acquisition 

station and are susceptible to random influences that can corrupt the mformation very 

easUy. A phenomenological model, for instance, can fail under similar circumstances, and 

would requke proper safeguards to be built into the system to prevent the model from 

"crashing." This is just one aspect to fauk tolerance, and by no means, is an attempt to 

state that neural networks can handle all types of fauks. There are several different types 

of faults that can adversely affect a mukivariable controller, and this research does not akn 

to evaluate the fauk tolerance of neural network models. 
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8.2 On Optimal Training of Neural Networks 

Determkiing the "right" neural network model does require some experience. LUce 

all other regression techniques, coming up wkh an appropriate model is a trial-and-error 

procedure with no guaranteed method to assure the "right" model. WhUe overfitting is an 

issue that cannot be ignored, k becomes of increasmg importance when the number of 

weights is of the order as the number of training examples (such networks are caUed 

oversized networks). Thus optimal training deals with finding the "best" network size, 

achieving global convergence, and obtaining the "best" generalization capabUkies without 

overfitting. 

While it would be desirable to include as many data points as possible to constitute 

a training data set, it would be "best" from an engineering viewpoint to obtaki a 

"reasonably good" model using the minimum amount of data. Neural networks are used 

as a tool for modeling because they offer the advantages of simpUcity and tremendous 

computational speed, two important necesskies for process control applications among the 

other advantages akeady discussed earlier. Therefore, k is best to develop as good a 

model with as little data as possible. This research offers guideUnes for choosmg a 

mkiimal, yet optknal training set for developing steady-state models. Once an operating 

window is identified, the correct choice of points at the extremes (considering the poor 

extrapolation abilkies of neural networks) and ki the more senskive regions ofthe trainkig 

range should guarantee an optimal training set. 

8.3 Conclusions 

The novel approach presented in this study shows that neural networks can indeed 

be used to model the steady-state process inverse of complex systems, such as distiUation 

columns. The neural network models when coupled with a simple reference system 

synthesis, can be used to formulate a very simple multivariable controller. The control 
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strategy and the controller structure is simple to implement and offers a practicable 

solution to a difficult control problem. The simpUcity and directness ofthe approach in 

addressing issues such as obtaining training and testing data from CAD packages, using an 

optimization approach to training the neural networks, incorporating the model in the 

feedback controller, and the use of steady-state models make neural network model-based 

controllers distinct and better than conventional PI control strategy. 

The study was carried out using dynamic simulations on three different distiUation 

colunms, and on an industrial column. This demonstrated the versatiUty of neural 

networks to encompass a broad range of operating distiUation columns. The neural 

network models were trained on data obtained from developed steady-state simulators and 

from steady-state CAD simulations. The neural network model-based controUers show 

good performance for both servo and regulatory modes of operation. The neural network 

models are extremely portable, because the only thing that identifies one model from 

another is the number and numerical value ofthe weights. There are no differences in the 

intemal structures and working of two feedforward networks once their architectures 

(number of input, hidden, and output nodes, and the type of transfer function) have been 

specified. // is the set of weights that define the model. This is a distinct advantage when 

considering the practical implementation of such systems. 

The performance ofthe neural network models was gauged using both sigmoidal 

and hyperbolic tangent transfer functions. Although hyperbolic tangential fiinctions are 

known to have an advantage for high gain systems, there was no observable difference 

detected in this research between the two. The performance of networks using mixed 

transfer fiinctions or using a linear transfer function in the output layer of feedforward 

networks was not studied. Regarding the issue of using optimization techniques, studies 

carried out on the first distillation column case study (the C3 splitter) suggested that 

optimization techniques in general performed better than the conventional 
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backpropagation (with modifications) algorithm. Furthermore, k was found that the 

Levenberg-Marquardt (ML) algorithm is extremely efficient in terms of traming time. 

However, ML does not perform weU for large, complex, and highly nonlinear systems as 

observed in the case ofthe kidustrial column. Also, the Levenberg-Marquardt algorithm is 

extremely memory kitensive. On the other hand, the Fletcher-Reeves conjugate method 

performed weU for aU the distiUation case studies. The only downside of the Fletcher-

Reeves algorithm is the larger traming time involved. 

The performance of the feedforward neural network models was compared with 

the performance ofthe radial basis fimction network models. Although their performance 

was "almost identical", the radial basis function networks are highly senskive to process 

changes and to the location of centers. This does not make them very attractive, despke 

thek primary advantage of extremely fast trainkig tkne. In general, it was observed that 

for control purposes, the neural network models do not have to be "extremely accurate." 

As long as they are trakied "reasonably weU" and the gam predictions are in the right 

dkection and of reasonably good magnitudes, the control performance is not affected. 

Even if the neural network model is "highly accurate," there are stUl many uncertainties 

(noise, drifts, non-stationary behavior, etc.) involved during operation that may make this 

accurate traming no longer vaUd. The mtegral term ki the GMC law takes into account 

any process-model mismatches and offsets, and hence, once a "reasonably good" neural 

network model is obtamed, the control performance depends on the tuning constants used. 

Neural networks were trakied on dynamic data from the first case study (the C3 

SpUtter) and used as the dynamic model ki a Nonlinear Model Predictive Control (NMPC) 

framework. The use of a nonUnear algebraic model as the dynamic model made the 

optimization problem extremely eflBcient as the optimization algorithm obtamed the future 

model predictions and subsequently gave an estimate of the objective function almost 

instantaneously. The performance of the NMPC controller for the C3 splitter is 
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comparable to the GMC controller for the setpomt changes but sUghtly outperforms the 

GMC controUer in disturbance rejection. Although the apparent advantage of using 

nonlmear dynamic models may not be obvious from the C3 splitter case, it is beUeved that 

thek advantage would be more obvious for highly complex, nonlinear processes with large 

dynamic mismatches. 

Neural networks are not by any means a panacea. They have their advantages and 

disadvantages just like any other methodology. Neural networks should be considered as 

a tool that has ks place among other tools in a modeler's kit. Neural networks offer the 

advantages of computational simplicity with the added ability to model complex systems 

with enormous processing power, speed and generality, and their development requires 

little engineering effort. The disadvantages are that developing neural network models 

requkes some expertise. Data capturing the essence of aU input-output relationships are 

critical. It is our opkiion that neural networks mdeed do a remarkable job and have great 

potential, especiaUy in the area of modeling complex chemical process systems for model-

based process control appUcations. 

8.4 Recommendations 

No study can ever be said to be complete, and this one certamly is not. The main 

purpose of any study was to open further doors and avenues to explore. Here are some 

issues that are knportant, ki my opkiion, both from a scientific as weU as technological 

viewpokit kl the fiirther development of neural networks and their appUcation in process 

control. 

g_4_l Comparison of Various Conventional and Advanced Control Techniques 

The performance of neural network controUers is compared with that of 

conventional PI controUers in this study. But, to enable a fak evaluation of neural 
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network controUers, thek performance should be compared to other advanced control 

strategies Uke DMC^^ and nonlinear MPC. This comparison should also be carried out for 

various control configurations, and on different processes. 

8.4.2 Constraint Control 

Most processes are aflfected by operating system constraints. The issue of 

constraint control is becoming more important from an mdustrial practice perspective, 

because almost all processes are pushed to operate close to their designed capacity. When 

operating conditions are at design capacity, most ofthe "knobs" avaUable to the operator 

are often close to thek "saUiration" values. For instance, m case of a distillation column, k 

may be deskable to operate the column at the highest possible throughput for a specified 

separation. Under these condkions, the reboUer heat duty and the overhead condenser 

cooUng duty may be close to their maximum capacity. The heating medium in the reboiler 

and the coolkig medium ki the condenser may be constrained with respect to their 

flowrates. When one ofthe most manipulated variables is constrained, k can no longer be 

a manipulated variable, but remains fixed and invariant untU the constraints are removed. 

This study did not address the issue of constraint control using neural network model-

based controllers. 

8.4.3 Further Industrial AppUcations of Neural Network Model-Based Control 

The present study focused on implementing the neural network model-based 

controUers on dynamic sknulations of the actual processes, and on an industrial column. 

Although there were some setbacks in the industrial appUcation, valuable msights were 

gained regarding industrial implementations. This experience warrants further testing of 

neural network controUers on other industrial processes to establish the actual Irniits. 
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8.4.4 Usmg Neural Networks on Systems with Little Process Understanding 

In this study, neural networks have been used to develop models of processes 

where the phenomenological understanding of the process is quke clear. DistiUation 

operation is quke well known and understood. The main advantage of using neural 

network models instead of phenomenological models is to reduce the computations 

involved and, thereby, increase the response of the controllers. However, there are many 

chemical systems where the phenomenological understanding is not clear. Neural 

networks have the potential to model such systems provided enough data is available to 

enable proper training of a neural network model. 

8.4.5 Noisv and "Cormpt" Data 

In aU the neural network applications in this research, zero error data was used, 

and the controUer was tested on a "noiseless" process. Neural network models should be 

developed usmg noisy data or "cormpt" data (when a sensor is malfunctioning, or a valve 

is stuck) and their performance should be tested. Also the performance of the neural 

network model-based controUers should be evaluated on processes with "noise" and 

"drifts." 
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