
EXPERIMENTAL COMPARISON OF ADVANCED 

CONTROL STRATEGIES 

by 

NINAD V. JOSHI, B.S.Ch.E. 

A THESIS 

IN 

CHEMICAL ENGINEERING 

Submitted to the Graduate Faculty 
of Texas Tech University in 

Partial Fulfillment of 
the Requirements for 

the Degree of 

MASTER OF SCIENCE 

IN 

CHEMICAL ENGINEERING 

Approved 

Accepted 

Dean ot the bradua^rr bcnooi 

August, 1995 



H\ ^ 0 : 

ACNOWLEDGEMENTS 

O 

I am deeply indebted to Dr. R. Russell Rhinehart for having guided and supported 

me through this research endeavor of mine. Without his financial and academic support, 

none of this would have been possible. I also wish to thank the many industrial members 

of the Process Control Consortium at the Chemical Engineering Department for 

supporting graduate research in the field of Process Control here. Their invaluable 

feedback as well as equipment donations have helped us tremendously. Dr. Jim Riggs also 

has been a great help as far as the fundamentals of Process Control are concerned. I would 

also like to thank Dr. Richard W. Tock for having consented to be on my master's 

conmiittee. My highest regards go to the fine professors at my alma mater, University 

Department of Chemical Technology (U.D.C.T) in Bombay, India, who, by their dedicated 

teaching, ingrained the love of chemical engineering into me. 

Finally, and certainly not the least, my love goes out to my parents and my brother 

back in India without whose support and good wishes I would not be where I am now. I 

wish to specially thank my grandparents and uncle in Augusta, Georgia, who helped me 

orient myself to this country in the beginning, and have been a continuous source of moral 

strength to me. I wish to thank some of my close fiiends, both here and back in India, who 

have always supported me in all my endeavors. I also wish to thank some of my Internet 

fiiends, whom I have never ever met, but who definitely made my stay here a memorable 

one. 

n 



TABLE OF CONTENTS 

ACKNOWLEDGEMENTS ii 

LIST OF TABLES vi 

LIST OF FIGURES vii 

CHAPTER 

1. INTRODUCTION 1 

1.1 Flow Control 4 

1.2 Temperature Control of a Heat Exchanger 6 

2. EXPERIMENTAL SET-UP 11 

2.1 Heat Exchanger and Fluid Flow System 11 

2.2 Instrumentation 13 

2.3 Features of the Experimental System 14 

3. DATA ACQUISITION AND CONTROL SYSTEM 21 

3.1 Hardware Overview 21 

3.2 RS232C Communications 22 

3.3 Box Processor 23 

3.4 Multifimction Processors 23 

3.4.1 Signal conditioning 24 

3.4.2 Multiplexer 24 

3.4.3 Amplifiers 24 

3.4.4 A/D converter 24 

3.4.5 Comparator 25 

3.5 System Boards 25 

3.6 Output Signal Conditioning 25 

3.6.1 Analog output function processor 25 

iii 



4. NEURAL NETWORK-BASED CONTROL 34 

4.1 Neural Networks and Its relevance to Process Control 34 

4.2 What is a Neural Network? 34 

4.3 Training of Neural Networks 36 

4.4 Issues Involved in Training a Neural Network 37 

4.5 The Generic Model Control Law (GMC) 38 

4.5.1 Generic Model Control 40 

4.5.2 GMC using steady-state process models 41 

4.6 Development of Steady-State Inverse Models 42 

4.7 Cascade Steam Flow Controller Development 44 

4.8 Steady-State Inverse Model for Steam Flow Control Valve 45 

5. MODEL PREDICTIVE CONTROL 60 

5.1 What is Model Predictive Control (MPC)? 60 

5.2 Modeling of h Values 61 

5.3 Formulation of Single Objective MPC for SISO System 62 

5.4 Model Prediction and Correction 63 

5.5 Control Law Development 64 

6. RESULTS AND DISCUSSION 73 

6.1 Temperature Control 73 

6.1.1 Results 73 

6.1.2 Discussion 80 

6.2 Flow Control 81 

6.2.1 Results 81 

6.2.2 Discussion 83 

6.3 Qualitative Evaluation of Controllers 83 

iv 



7. CONCLUSIONS AND RECOMMENDATIONS 109 

7.1 Conclusions and Recommendations 109 

REFERENCES 112 



LIST OF TABLES 

3.1 Devices handled by FP510 multifunction processor 27 

6.1 Values of the tuning parameters of the temperature 

controllers 85 

6.2 Comparison of the ISEs of the temperature controllers 89 

6.3 Values of the tuning parameters of the flow controller 102 

6.4 Comparison of the ISEs of the flow controllers 107 

6.5 Qualitative comparison of various control strategies 108 

VI 



LIST OF FIGURES 

1.1 A pneumatic control valve (fi-om Perry, 1984) 8 

1.2 Control valve characteristics (fi-om Paruchuri, 1993) 9 

1.3 A schematic of the heat exchanger 10 

2.1 Schematic of the heat exchanger and 

fluid flow system 16 

2.2 Installed valve characteristic of FCV02 17 

2.3 Inherent valve characteristic and curve fit for FCV02 18 
2.4 Installed valve characteristic of FCV06 19 

2.5 Inherent valve characteristic and curve fit for FCV06 20 

3.1 Thermocouple connections 
(from Hardware Manual, Camile, 1988) 28 

3.2 Voltage connections 
(from Hardware Manual, Camile, 1988) 29 

3.3 Current loop connections 
(from Hardware Manual, Camile, 1988) 30 

3.4 RTD connections 

(from Hardware Manual, Camile, 1988) 31 

3.5 Analog input system 32 

3.6 Analog output system 33 

4.1 A feedforward neural network 48 

4.2 Hyperbolic tangent transfer function 49 

4.3 Training results ofneural network (temperature control) 50 

4.4 Testing results ofneural network (temperature control 
using simulated data) 51 

4.5 Testing results ofneural network (temperature control 
using actual data) 52 

4.6 Simple control strategy 53 

vii 



4.7 Cascade control strategy 54 

4.8 Block diagram ofa cascade control strategy 55 

4.9 Training results ofneural network (steam flow control) 56 

4.10 Testing results of neural network (steam flow control) 5 7 

4.11 Training results of neural network (water flow control) 5 8 

4.12 Testing results of neural network (water flow control) 59 

5.1 Step response time series 68 

5.2 Impulse response time series 69 

5.3 Conceptual Flow Diagram ofa single objective MPC 
algorithm 70 

5.4 Predicted C.V.(Controlled Variable) response 71 

5.5 Reference trajectory and predicted future values of Y 72 

6.1 Controller response of master NN temperature controller 86 

6.2 Controller response of master MPC temperature controller 87 

6.3 Master response of MPC-NN temperature controller 88 

6.4 Response of outlet temperature to GMC target temperature 90 

6.5 Slave response of NN-NN steam flow controller 91 

6.6 Slave response of MPC-PI steam flow controller 92 

6.7 Slave response of MPC-NN steam flow controller 93 

6.8 Temperature error for MPC-PI controller 94 

6.9 Temperature error for MPC-NN controller 95 

6.10 Controller response of master PMBC-PMBC 
temperature controller (from Paruchuri, 1993) 96 

6.11 Controller response of master IMC-PI 
temperature controller (from Paruchuri, 1993) 97 

6.12 Controller response of master PID-PI 
temperature controller (from Paruchuri, 1993) 98 

6.13 Slave output of NN-NN steam flow controller 99 
viii 



6.14 Slave output of MPC-PI steam flow controller 100 

6.15 Slave output of MPC-NN steam flow controller 101 

6.16 Controller response of NN flow controller 103 

6.17 Controller response of PMBC flow controller 
(from Paruchuri, 1993) 104 

6.18 Controller response of PI flow controller 
(from Paruchuri, 1993) 105 

6.19 Controller output of NN flow controller 106 

IX 



CHAPTER 1 

INTRODUCTION 

The objective of this research endeavor is to compare experimentally several 

advanced control strategies on a heat exchanger and fluid flow system. The experimental 

set-up was established a few years back and consists of a shell-and-tube heat exchanger 

with several control valves. This heat exchanger uses steam or hot water on its shell side 

to heat either cold or hot or a mixture of hot and cold water passing through its tube side 

to a desired temperature. The apparatus also contains many pneumatic control valves for 

controlling the flow rates of hot or cold water or steam. An experimental comparison of 

three control strategies (classical PID, internal model control [IMC], and process model-

based control [PMBC]) was done a couple of years earlier. The objective of this study, 

along with the previous one, was to implement some advanced control strategies, and 

present a broad-based overall perspective on the advantages and disadvantages of different 

control strategies. This study picks up where the last study left off, and implemented some 

more control strategies under similar experimental conditions. The different advanced 

control strategies ultimately to be implemented were neural network-based control (both 

inverse and normal model), model predictive control, a combination of model predictive 

control and neural network-based control, and heuristic-based fuzzy logic control. Thus, 

as a part of this study, eight different strategies were implemented. Studies on the fuzzy 

logic strategy were carried out separately by another graduate student. 

Most chemical processes are nonlinear, with changing process gains, time 

constants, and deadtimes. In spite of this fact, chemical processes have been traditionally 

been controlled using linear techniques, which use constant gains, time constants and 

deadtimes. A major reason for this was the use of available analytical mathematical 

techniques for linear control theory. Nonlinear control theory has traditionally suffered 



from the lack of adequate mathematical techniques. However, with the advent of the 

tremendous computing power in the hands of today's engineers, numerical techniques, if 

not analytical, can be successfully used to handle nonlinear control problems. Another 

reason was also the ease of implementation and use of linear techniques vis-a-vis nonlinear 

ones, but the sophistication of today's controllers make them easy-to-use and extremely 

user-friendly. 

The advent of superior digital computing facilities has been the single largest 

"catalyst" so to speak, in the rapid development of control techniques and implementation. 

Most advanced control systems use microprocessors and digital computing techniques for 

control implementation. An advanced control strategy might be cumbersome to implement 

and install, however once installed it compensates by virtue of its superior performance. 

The oldest and most primitive type of controller is the Proportional Integral 

Derivative (PID) type, which is linear in the sense that it assumes a constant process gain 

and time constant. It takes a control action by looking at the "error," the difference 

between the setpoint and the controlled variable, and the integral and the derivative of the 

error. Such controllers are good for linear processes. In order to be able to compare the 

linear PID controller to nonlinear controller like PMBC, gain scheduling and feedforward 

characteristics were added. Gain scheduling means the controller is aware of the different 

process gains in different operating regions, and is so tuned according to the different 

operating regions depending upon the nonlinearity. Feedforward features help the 

controller take control action before a disturbance affects the process. 

An Internal Model Control (IMC) controller uses, typically, a Laplace-domain 

first-order plus deadtime model of the process for control. IMC, like any other model-

based control (MBC) strategy, uses a model of the process to calculate a value of the 

manipulated variable to make the process behave in a desired way. IMC uses open-loop 

step-response Laplace transfer function models. An "inverse" of the model, if such a 



model is perfect, would normally lead to perfect control; however, a feedback correction 

in the form of an "error" is used to bias the setpoint and correct the model. The advantage 

of an IMC controller is that there is only one tuning parameter, the filter constant x .̂ It is 

also a linear controller, and is hence incorporated with the said features to make it 

comparable to nonlinear controllers. 

Process Model-Based Control (PMBC) uses rigorous phenomenological models to 

describe the process. Such models are typically nonlinear models, which describe the 

process more accurately than do the linear ones. These nonlinear models are then solved 

using any of several iterative techniques for the manipulated variable action. No model can 

perfectly describe the process, so a "process-model mismatch" is always to be observed. 

The models are then "parameterized," i.e., they are made "more real" by adjusting an 

appropriate model coefficient. Typically, a parameter which has the most uncertainty, for 

example, the heat losses in a heat exchanger or the tray efficiency in a binary distillation 

column or friction losses in a flow control valve, is updated so that the model more closely 

matches the process. Such a nonlinear approach to modeling and control has yielded 

successful results in many cases, for example in pH control (Natarajan, 1993), temperature 

and flow control (Paruchuri, 1993), pressure control in a plasma reactor (Subawalla, 

1993), and composition control in a lab-scale distillation column (Pandit, 1991). 

We now come to a totally different approach to modeling, and subsequently 

control, using Artificial Neural Networks (ANN). ANNs use a nonlinear model of the 

process by virtue of its nonlinear transfer function. This model is obtained by "training" of 

the ANN described in detail in later chapters. The training of the ANN is done off-line on 

either simulated or actual data. Once a neural network is trained, implementation becomes 

very simple as there are no iterative techniques or cumbersome loops. The neural network 

code is an algebraic code and is thus computationally efficient. ANNs could use either a 

"Normal" model which relates the controlled variable to the manipulated variable and 



other inputs, or an "Inverse" model which conversely relates the manipulated variable to 

the controlled variable and other inputs. In this study, an inverse model is used. ANNs 

present an advantage in that they can model the nonlinearity of the process rather 

effectively, and thus provide superior control of nonlinear processes. 

The final advanced control strategy is the Model Predictive Control (MPC) 

approach which uses a tune-series model to represent the process. This time-series model 

is obtained from open-loop step-response data performed on the apparatus. This time-

series model is in the form of a matrix which is used for control. MPC presents improved 

results for systems showing deadtime and other ill-behaved dynamics, like the system 

under consideration. It is also shown to be superior for constrained control in 

multivariable systems like dual composition control in a binary distillation column. 

While developing the ANN and MPC algorithms for control it was intuitively 

thought that if ANNs were trained so as to incorporate the nonlinearity of the process and 

the MPC to incorporate the ill-behaved dynamics and the dead time of the process, then 

maybe a combination of both would yield better results. Thus a unique control 

configuration, with the MPC controller at the master level and the ANN controller at the 

slave level was experimentally implemented, and its results are described later. Such a 

combination was tried out with an objective of developing the overall best control 

configuration for the existing system. 

1 • 1 Flow Control 

Nonlinearities in fluid flow processes are mostly due to the interaction of the final 

control element, the control valve, with the fluid flow system. Most control valves consist 

of a plug (trim) on the end of the valve stem as shown in Figure 1.1. The trim open or 

closes an orifice opening as the stem is raised or lowered. The flow rate through a control 



valve depends on the size of the control valve, the pressure drop across the control valve 

and the fluid properties. The design equation for a control valve is 

Q = C / ( x ) f ^ (1.1) 

Vsp.gr 

where 

Ĉ  = valve capacity coefficient, gpm, 

AP^ = pressure drop across the valve, psi, 

X = stem position, dimensionless, 

f(x) = function of the stem position, dimensionless, 0 < x < 1, 

sp. gr = specific gravity of the fluid, dimensionless. 

By changing the shape of the plug and seat, valves can be made with a number of 

flow characteristics, which describes f(x), the ratio of flow rate Q to the maximum flow 

rate Q̂ ^̂  versus x when the AP̂  is constant. Three commonly used characteristics are 

linear trim, equal percentage trim and square root trim shown in Figure 1.2. The valve 

characteristic developed when the valve is isolated is the inherent valve characteristic. In 

this situation the AP^ across the valve is constant, independent of the flow rate. By 

contrast, the valve characteristic developed when the valve is installed with such things as 

an orifice flow meter, a thermowell, elbows, manual valves, etc., is referred to as an 

installed valve characteristic. In this situation, the system AP is constant but since friction 

losses change with Q, AP^ changes with Q, or with x. 

A valve with a linear behavior would appear to be the most desirable, but when 

installed it would very often have a nonlinear characteristic. An equal percentage type of 

nonlinear valve often will yield a more linear flow relation after mstallation than will a 

linear valve, as the pressure across the control valve does not vary linearly with flow rate. 

Thus, the installed valve characteristic would be much different from the inherent valve 

characteristic. 

http://Vsp.gr


The objective of a valve designer is to obtain an installed valve characteristic that is 

as linear as possible by adjusting f(x). Linear trim valves are often used when the pressure 

drop across the control valve is fairly constant over a wide range of flows. Equal 

percentage valves are often used when the pressure drop available across the control valve 

significantly reduces as the flow increases. Therefore, if we can develop a controller that 

has the knowledge of the installed valve characteristic, the controller would significantly 

enhance the control performance by overcoming the effects of nonlinearities, a common 

problem for conventional controllers. 

1.2 Temperature Control of a Heat Exchanger 

The control of a heat exchanger can be rather complex due to its nonlinear 

dynamics. The heat exchanger in this study is a shell-and-tube exchanger with water 

flowing in the tube side which is heated with steam condensing on the shell side as shown 

in Figure 1.3. The controlled variable is the heat exchanger outlet temperature and the 

manipulated variable is the steam flow rate. The deadtime of the system changes with the 

steam and water flow rates. 

Consider an element of water at the tube side exit of the heat exchanger. The time 

taken by the element to reach the thermowell from the tube side exit is the transport delay 

part of the dead time and is dependent on the water flow rate. This transport delay is 

distributed, i.e., the fluid in the middle of the exchanger has a larger delay than that at the 

exit. The delay is less at higher water flow rates and more at lower flow rates. Again, 

when the steam flow rate is increased, the steam would make the tubes hotter and the 

hotter the water would be at the tube-side outlet. The higher the flow rates of steam the 

faster the tubes are heated; and the faster the water temperature is raised, the less the 

delay. 



Due to the behavior of the heat exchanger, temperature response changes and the 

use of conventional proportional-mtegral-derivative (PID) controllers may require several 

tuning adjustments for a satisfactory performance. To account for nonlinearities, methods 

such as gain-scheduling are devised. Improved control can be achieved by using different 

gains for each operatmg condition, but gain-scheduling is limited to applications where 

process dynamics depend on known measured variables. 

Feedforward controllers are used to maintain the process at its setpoint in the face 

of disturbances. Feedforward control based on linear control theory would increase the 

steam flow rate by the same amount for a specific increase in water flow rate, even at 

different operating conditions (high temperature conditions or low temperature 

conditions). In practice, we would require the steam flow rate to increase by different 

amounts at different operating conditions. The varying water flow varies process dynamics 

and more than just the tuning constants need to change. Hence, the feedforward controller 

requires retuning for different operating conditions. 

Finally, in order to maintain an industrial perspective on the "goodness" of control, 

an attempt was made to implement various advances control strategies on an experimental 

apparatus and compare them using not only the traditional criteria of ISE (Integral of the 

Squared Error) but also using other subjective criteria like valve travel, ease of 

development and implementation, operator-friendliness, computational efficiency and ease 

of tuning. 
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CHAPTER 2 

EXPERIMENTAL SET-UP 

The experimental work is performed on the heat exchanger and fluid flow 

experimental system in the Process Control and Unit Operations Laboratory of the 

Department of Chemical Engineering at Texas Tech University. The system is fitted with 

contemporary industrial instrumentation and is interfaced to a 486 25MHz personal 

computer through a Camile 2000 data acquisition and control system. This chapter 

describes the experimental set-up including the instrumentation. 

2.1 Heat Exchanger and Fluid Flow Svstem 

The system is designed for a wide variety of experimental investigations: 

1. Evaluate the fundamental principles of heat and momentum transfer (heat exchanger, 

hot/cold mixing, fluid flow losses, orifice calibration, valve characteristics), 

2. Investigate the control relevant issues associated with nonlinearity, calibration, sizing 

and deadtime, 

3. Investigate various control strategies (cascade, multi-input multi-output, ratio, 

feedforward, gain scheduling), and 

4. Evaluate and develop novel control strategies for flow, temperature and pressure 

control. 

Figure 2.1 shows a schematic flow diagram of the facility. 

The system is equipped to operate in one of many options and has taps from the 

building cold water header at a pressure of 70 psia (482.5 KPa), hot water header at a 

pressure of 70 psia (482.5 KPa) and steam header with steam supply saturated at 60 psia 

(413.6 KPa). The lines from the cold water and hot water headers are 1" nominal diameter 
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BWG 16 tubes and from the steam header is 1.5" nominal diameter BWG 16 copper 

tubes. 

All the lines from the headers are fitted with control valves to regulate the 

respective flow rates. The line from the hot water header is fitted with a 1" (0.0254 m) 

modified equal percentage valve of nominal Ĉ  of 2.5 (FCVOl), the line from the cold 

water header is fitted with two 1" (0.0254 m) modified equal percentage control valves of 

C;s of 2.5 (FCV02) and 9.0 (FCV03) and the line from the steam header is fitted with two 

1.5" modified equal percentage valves of C ŝ of 50.0 (FCV05) and 9.0 (FCV06). The by

pass to the heat exchanger is also fitted with a 1" (0.0254 m) modified equal percentage 

valve of Cy of 2.5 (FCV04). All control valves are Bauman Little Scotty 2000 series air-

to-open valves. All the control valves are installed in an assembly with bypasses. 

The system is also equipped with a shell and tube heat exchanger with shell side 

outer diameter of 5" (thickness 0.35") and 8 U-tubes of 1/2" nominal diameter and BWG 

18. The length of the exchanger is 3 ft (0.91 m) and has a single pass on the shell side and 

four passes (of four parallel tube paths on the tube side. The heat exchanger and the tubes 

carrying hot water, steam and condensate are insulated with 3/4" (0.02 m) fiber wool to 

minimize the heat losses to the atmosphere and are color-coded with green for cold water, 

pink for hot water and yellow for steam. The system is designed such that the tube side 

fluid can be either hot water, cold water or a mixture of hot and cold water. The shell side 

fluid can be either hot water or steam. The condensate passes through a steam trap and a 

double pipe heat exchanger for after-cooling of the condensate to minimize the possibility 

of scaling. 

The system is also fitted with a tube fluid by-pass around the heat exchanger as an 

optional temperature control mechanism. The line from the cold water header is also fitted 

with a centrifugal pump for higher pressure heads and higher water velocities in the tube. 

In addition to the control valves, the system is also fitted with 1" globe valves which are to 
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be opened and closed manually. Tubing is soldered with 1" nominal diameter elbow joints 

and straight pipes are joined with 1" nominal diameter unions. 

2.2 Instrumentation 

The system is equipped with standard industrial instrumentation at strategic 

locations for unit operations and control studies. The system is fitted with five 1" (0.0254 

m) Foxboro Integral flow orifice assemblies (IFOA) for the measurement of flow rates. 

These include one each on the hot water (FTOl), cold water (FT02) and steam (FT05) 

tubes, one on the heat exchanger by-pass (FT03) and one on the heat exchanger tube side 

outlet (FT04) before the drain. The system is also fitted with two rotameters: one on the 

cold water tube (FIOl) with a range of 0 to 10 GPM (0 to 2.27 cu.m/hr) and another on 

the hot water tube (FI02) with a range of 0 to 10 GPM (0 to 2.27 cu.m/hr). 

There are five thermocouple assemblies used to measure the temperature of hot 

water (TTOl), cold water (TT02), steam condensate (TT08), to measure the temperature 

of the shell side heat exchanger outlet (TT07) when hot water is flowing, and the tube-side 

inlet of heat exchanger (TT03). These thermocouples are type "T" made of 

copper/constantin with operating range of -200 to 400°C and are encased within 1/8" 

(0.0032 m) thermowells and inserted about 2" (0.05 m) into the process fluid. 

The system is also equipped with three resistance temperature detector (RTD) 

assemblies to measure the temperature of mixture of the hot and cold water (TT03) (when 

operating under this option), temperature of the steam upstream of the steam orifice 

measuring steam flow, rate (TT06), and the temperature of the heat exchanger tube side 

outlet (TT04). The detectors are platinum wire types, encased in 1/8" (0.0032 m) stainless 

steel wells and inserted about 2" (0.05 m) into the process fluids. 

There are seven Foxboro pressure transmitters used to measure the pressure at the 

discharge of the pump in the cold water tube (PT02), pressure of the cold water before the 

13 



manifold assembly containing the control valves (PT03), pressure of cold water after the 

manifold assembly (PT04), pressure at the tube side inlet of the heat exchanger (PT05), 

pressure at the tube side outlet of the heat exchanger (PT06), and pressure before exiting 

into the drain and pressure of steam upstream of the steam orifice. (PT07). 

All sensors are direct-coupled to passive 4-20 mA transmitters, except for the 

thermocouples which output a millivolt signal. 

The system is equipped with a Camile 2000 data acquisition and control system for 

recording the data made available from the sensors and controlling the required variables. 

There are also two Moore Mycro-352E single loop digital controllers (SLDC). The data 

acquisition and control system is explicitly described in Chapter 3. 

2.3 Features of the Experimental System 

The installed valve characteristic of the control valve in the cold water tube 

(FCV03), shown in Figure 2.2 illustrates the nonlinearity of the process. The valve stem 

position is linearly proportional to the Camile output. The slope of the relation in Figure 

2.2 is the process gain. 

Figure 2.3 shows the inherent valve characteristic of the control valve in the steam 

tube, f(x), versus the stem position x. The inherent valve characteristic was obtained 

experimentally by measuring the flow rate and valve assembly pressure drop, using the 

loss coefficient method to estimate friction losses within the assembly. There are no 

expansion or contraction joints. The calculation is as follows : 

fM = ^ P (2.1) 

where 

Q = volumetric flow rate, gpm, 
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Cv = valve coefficient, gpm, 

âssembly ^ mcasurcd pressure drop across the control valve assembly, psi, 

S k (l/2)pv2 = calculated pressure drop across the fittings in the assembly, psi, 

p = fluid density, Ib/cu.ft., 

V = fluid velocity, ft/s. 

The functional relationship of inherent valve characteristic is obtained by dividing 

the plot into three different regions, as shown in Figure 2.3, and fit each to a power law. 

The power law equations for the three regions are as follows: 

f(x) = 0.6644*x'''''' 

f(x) = 1.3164*x '̂̂ ' 

f(x) = 1.0157*x'^''' 

for 0.4<x<0.75 

for 0.75<x<0.9 

for0.9<x<1.0 

(2.2) 

(2.3) 

(2.4) 

The installed valve characteristic of the control valve in the steam tube (FC V06), 

shown in Figure 2.4, illustrates the nonlinearity of the process. Figure 2.5 shows the 

inherent valve characteristic, f(x) versus x, and again the functional relationship is obtained 

by dividing the plot into two different regions and fit each to a power law. The equations 

for the two regions are as follows: 

f(x) = 0.8480*x''^ for 0.35<x<0.75 (2.5) 

f (x) = 1.004*x'''^ for 0.75<x<1.0 (2.6) 

15 
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Figure 2.2 Installed valve characteristic of FCV02 
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Figure 2.3 Inherent valve characteristic and curve fit for FCV02 
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Figure 2.5 Inherent valve characteristic and curve fit for FCV06 
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CHAPTER 3 

DATA ACQUISITION AND CONTROL SYSTEM 

The invention of the microcomputer in the mid 1970's has completely transformed 

process data acquisition and control. Data acquisition involves recording values of process 

variables at regular intervals, and control involves adjusting the manipulated variables at 

regular intervals in order to maintain specific variables at setpoint values. A typical plant 

has thousands of variables and it is humanly impossible to manually record and control the 

process. Although the job of installing a computer control system is complicated the ability 

of the computer controlled system to collect large quantities of data, analyze, and make 

logical decisions, makes it attractive for these applications. Contemporary industrial 

process control systems are invariably "computer controlled." 

3.1 Hardware Overview 

The data acquisition and control system used for our purposes has two basic 

hardware components: a 486 25MHz PC-compatible host computer and a Sagian Inc. 

Camile 2000 interface unit. The host computer and Camile can communicate with each 

other using either a RS232C or an RS422 communications protocol involving both parity 

and checksum calculations, but in our case, we use RS232C. The following items are 

available in a standard Camile box : 

1. Eight-channel signal conditioning cards with 13 bit precision that provide capabilities 

for handling all common input sensors. These input function processors provide all 

necessary sensor excitation, linearization and conversion of sensor signals to 

engineering units. 

2. An eight-channel output card with 12 bit accuracy that provides 0-20 mA output. 

3. Field terminations for up to 50 input or output devices. These can be arranged on 
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eight terminal blocks having 20 terminal connections each on the back panel of the 

Camile 2000 system. 

4. A power supply which provides -f-5V and -f 15V for the internal power requirements of 

the box processor card, function processor cards and field device excitation 

requirements. It also provides 24V (up to 0.5 A) power supply to drive small load 

field devices like current loop transmitters. 

5. A filtered cooling fan along with appropriately located cooling vents are provided for 

ventilating the Camile 2000 hardware box. 

6. A box processor board for controlling communications with the host computer and 

passing I/O requests to function processors. 

7. A bus terminator board to reduce standard bus noise. 

The system is also equipped with two Bellofram 1000 I/P transducers. The 

purpose of this is to convert 4 to 20 mA output current signal to a 3 to 15 psig air 

pressure signal. The 3 to 15 psig air pressure signal is used to move the stem of the 

control valve up or down to open or close, respectively. 

3.2 RS232C Communications 

RS232C transmits the ASCII information in serial form. In serial transmission the 

least significant bit is transmitted first and the most significant bit is transmitted last. If the 

receiver is set to receive 10 bits data, transmission format will read in 10 bits of 

information in sequence at the specified baud rate. The baud rate is the number of bits 

transmitted per minute in serial communications. Communication rates of 19.2 kilobauds 

are possible with the RS232C interface in the Camile system, but the personal computer 

can communicate at a maximum rate of 9.6 kilobauds so the baud is set to that. Parity is 

an extra bit included in a data format to ensure data integrity. RS422 is just RS232C for 

long distances. 
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3.3 Box Processor 

A box processor is the brain of each Camile system. It acts as an "intelligent" 

interface to the host computer accepting requests for data from analog and digital inputs, 

and allows control of analog and digital outputs. Proportional Integral Derivative (PID) 

control loops are also set up by the box processor and can be serviced ten times each 

second (10 Hz). This ten times a second update time is the smallest possible time interval 

by the Camile 2000 system. The box processor uses a 16 bit 8088 microprocessor with an 

8087 math coprocessor as standard equipment. It provides 32 KB of RAM (Random 

access memory) and 64 KB of EPROM (Erasable programmable read only memory). A 

RAM can be written into and read more than once and has very fast write times. RAMs 

are used to store data that changes frequently during the operation of a process. ROM is 

unalterable and nonvolatile retaining all data in the absence of electrical power. For this 

reason ROM is useful in dedicated systems, control and other fixed data applications. A 

disadvantage of ROM is the difficulty and high cost associated with changing a 

customized mask program. EPROM's have been developed, for nonvolatile, small to 

moderate applications or periodic program updating. 

3.4 Multifunction Processors 

The FP510 multifunction input board is a single card function processor that 

provides signal conditioning for various sensors. There are eight sensors per card and the 

standard Camile box is designed to accept a maximum of 16 cards. The sensors which can 

be used with a multifunction card fall into several categories: devices outputting millivolts 

(such as thermocouples), devices outputting ohms (such as RTD's or stress cells), devices 

outputting a voltage (such as standard 0 to lOV) and devices outputting (such as 4 to 20 

mA current signals) as shown in Table 3.1 The sensors are connected to the FP510 back 
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panel signal connections as shown in Figures 3.1 to 3.4. Figure 3.5 illustrates the typical 

arrangement for reading analog values from the process. The function of each of the 

elements in Figure 3.5 is as follows. 

3.4.1 Signal conditioning 

Signal conditioning may encompass a variety of elements including the sensor 

itself If the output of the transducer is other than a voltage signal, the signal conditioner 

generally transforms it to voltage signal prior to the multiplexer. 

3.4.2 Multiplexer 

The multiplexer provides the mechanism by which one of several signals is 

connected to the A/D converter through an amplifier. 

3.4.3 Amplifiers 

The function of the amplifier is to scale the process signal either upward or 

downward so that the resulting range matches that of the A/D converter. A programmable 

gain amplifier permits the computer to specify which one of the several available gains is 

to be used. 

3.4.4 A/D converter 

Conversion of the signal from analog (continuous) to digital (discontinuous) form 

is accomplished by the A/D converter. The resolution of the A/D converter is related to 

the number of bits in the digital output by the equation 

Resolution =— . (3.1) 
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For process control applications, an 11 bit converter is normally entirely adequate, 

giving a resolution of about 0.05% of full calibration scale. 

3.4.5 Comparator 

The input is compared to high and low limits outside the central processing unit 

(CPU). This feature relieves the CPU of its burden. If either limit is violated, an interrupt 

is generated, calling for the CPU's attention. Thus the input scan proceeds independently 

of the CPU until a limit is violated. 

3.5 System Boards 

The analog output, analog input, digital input and digital output boards have a 

similar architecture. They all contain an identical slave processor board which provides a 

microprocessor, RAM and a program on a EPROM. The EPROMs are unique for each of 

the three different function processors. 

3.6 Output Signal Conditioning 

Another board which has additional circuitry provides signal conditioning for field 

instrumentation. This additional board is an eight channel 12 bit D/A board that receives 

digital data from the Camile Box processor; converts it to variable current signal and 

places the current in the field terminals. 

3.6.1 Analog output function processor 

Analog outputs are used to provide a variable signal for field instrumentation that 

is being used for control. Devices such as control valves and positioners are examples of 

such equipment that are controlled with an analog output signal. These devices typically 

require that the output signal be either 0 to lOV or 0 to 20 mA. The analog output boards 
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used inside Camile can produce a 0 to 20 mA signal, which can also be converted to a 0 to 

lOV signal. To illustrate the use of these devices, consider the output ofa quantity such as 

a valve position or setpoint for an analog controller. Perhaps the most direct approach is 

to use a D/A converter as illustrated in Figure 3.6. Pertinent points are 

1. Since most valves are pneumatic, a current-to-pneumatic i/p transducer is required. 

2. The output of the D/A converter can be displayed so that the operator can readily 

ascertain the valve position. 

3. As the output is the actual valve position, some mechanism must be provided so that 

the computer can read the initial valve position. 
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Table 3.1 Devices handled by FP510 multifunction processor 

Sensor Tvpe 

Type E thermocouple 

1 Type J thermocouple 

1 Type K thermocouple 

Type T thermocouple 

Type S thermocouple 

Type R thermocouple 

Type 385 RTD (Euro) 

Type 392 RTD (Am) 

Dale C8 lOK Thermistor 

SS Temp Sensor (AD592) 

DC Voltage 

DC Voltage 

DC Voltage 

DC Voltage 

Strain Gauge 

Strain Gauge 

Strain Gauge 

Variable Reluctance 

Variable Reluctance 

Variable Reluctance 

Current 

Current 

Mnemonic 

TCE 

TCJ 

TCK 

TCT 

TCS 

TCR 

RTD85 

RTD92 

TM 

SS 

V0.02 

VO.l 

VI 

VAUTO 

SG2 

SGIO 

SGI 00 

VR20 

VR35 

VR50 

MA20 

MA50 

Input Range 

-210 to 1000 C 

-200 to 760 C 

-210 to 1370 C 

-270 to 400 C 

0 to 1760 C 

0 to 1760 C 

-200 to 800 C 

-200 to 630 C 

-80 to 150 C 

-55 to 150 C 

-20 to +20mV 

-0.1 to+0.1 V 

-l.Oto-Hl.OV 

Autorange 

2mV/V 

lOmV/V 

100 mV/V 

20mV/V 

35mV/V 

50mV/V 

0.0 to 20 mA 

0.0 to 50 mA 

Precision 

±0.4C 

±0.5 C 

+ 0.7C 

±0.2C 

±0.5 C 

±0.4C 

±0.25C 

±0.25 C 

±0.1 C 

±0.1 C 

± 0.005mV 

± 0.025mV 

± 0.25mV 

Varies 

± .05% FS 

± .05% FS 

± .05% FS 

± .06% FS 

± .04% FS 

± .03% FS 

± .005mA 

±.05mA 

Accuracv 

±1.0C 

±1.0C 

±1.6C 

±1.2C 

±1.3C 

±2.0C 

±0.6C 

±0.6C 

Dev. Dep. 

Dev. Dep. 1 

±0.02mV 

±0.1 mV 

±1.0mV 

Varies 

Dev. Dep. 

Dev. Dep. 

Dev. Dep. 

Dev. Dep. 

Dev. Dep. 1 

Dev. Dep. 

±.02mA 

±.05mA 
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Channel 

V 
RED (Earth Ground) 

Figure 3.1 Thermocouple connections 
(from Hardware Manual, Camile, 1988) 
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+ - + - + - + -
Channel 5 6 7 8 

(Earth Ground) 

Figure 3.2 Voltage connections 
(from Hardware Manual, Camile, 1988) 
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Connect Pins 

Inside View 

Common +24V 

Channel 2 3 4 5 
(Earth Ground) 

o 
Loop-Powered Transmitter Isolated Transmitter 

Figure 3.3 Current loop connections 
(from Hardware Manual, Camile, 1988) 
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Figure 3.4 RTD connections 
(from Hardware Manual, Camile, 1988) 
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Figure 3.6 Analog output system 
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CHAPTER 4 

NEURAL NETWORK-BASED CONTROL 

4.1 Neural Networks and Its relevance to Process Control 

Artificial Neural Networks (ANN) have lately become the focus of much attention 

because of their wide range of applicability and their ability to handle nonlinear problems. 

Neural Networks offer an alternative approach to modeling process behavior as they do 

not necessarily require a priori knowledge of the process phenomena. They are taught to 

emulate a process by 'training' them, in which they are exposed to sets of input-output data 

and a least-squares optimization is performed. During this optimization the neural network 

forms its own model of the process which can be used to predict an output(s) for a given 

set of inputs. Neural networks are capable of handling complex and nonlinear problems, 

process information rapidly and can reduce the engineering effort required in controller 

model development. 

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

process fault diagnosis (Venkatasubramanian et al.,1990), system identification 

(MacMurray et al.,1993), pattern recognition (Cooper et al., 1992), process modelling and 

control (Ramchandran and Rhinehart, 1995), and statistical time series modelling (Poli et 

al.,1994). In the field of chemical engineering they have been successfully implemented in 

distillation control, for example. The papers by Thibault and Grandjean (1992) and Astrom 

and McAvoy (1992) provide in-depth reviews on neural network application in chemical 

process control. 

4.2 What is a Neural Network? 

Neural Networks come in a variety of types, and each have their distinct 

architectural differences and reasons for their usage. A neural network is a mesh of nodes 
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and connections. The basic processing elements of a network are called neurons. The 

neurons operate collectively and simultaneously on most or all data, and are configured in 

regular architectures. The type of neural network used in this work is known as a 

feedforward network (Figure 4.1), and has been found in many applications. In a 

feedforward type of network, information flows only in the forward direction, i.e., from 

input to output. 

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. The input and 

output layers are interfaces that perform appropriate scaling between "real world" and 

network data. Hidden layers are so termed because their neurons are hidden to the "real 

world" data. 

The connections are the means for information flow. Each connection has an 

associated weight, w. expressed by a numerical value, which can be adjusted. The weight is 

a measure of the connection strength between two neurons. The neurons in the hidden and 

output layers as summing and nonlinear mapping junctions. Figure 4.1 illustrates the 

functions carried out by each neuron in the hidden and output layers. The inputs from the 

other nodes are first summed up and then the summed total is modified by a mapping or 

transfer function. When the neural network is presented with a set of process input data, 

each neuron sums up all the inputs modified by the corresponding connection weights and 

applied the transfer function to the summed total. This process is repeated till finally the 

network outputs are obtained. 

It has been shown that a continuous-valued neural network with a continuous 

differentiable nonlinear transfer function can approximate any continuous function 

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 internal hidden layer and any continuous sigmoidal transfer 
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function. In this work, a hyperbolic tangent transfer function (y = tanh(z)\ which is a 

bipolar and continuously differentiable function (Figure 4.2), was used for all neurons in 

the hidden and output layers. Further z is obtained from the weighted sum of the weights 

w-^ and the output y\ from the lower nodes ( z = I w-^.y.^ ). In the experience of 

Ramchandran and Rhinehart (1995), the hyperbolic tangent performs extremely well in 

mapping the mput-output relationship of many complex problems. The inputs were scaled 

from -1 to -1-1, while the outputs from -0.8 to +0.8. 

4.3 Training of Neural Networks 

There are several different approaches ('rules') to neural network 'training,' the 

process of determining a set of weights, which are integers. Historically, training 

developed with the backpropagation algorithms (Rumelhart et al., 1986; Werbos, 1974). 

Classical backpropagation is a gradient approach to optimization. While it is readily 

acceptable to parallel hardware architecture, most current studies of ANNs are conducted 

on primarily serial processors where backpropagation is very inefficient, as it is highly 

dependent on the scaling of weights, and is slow to converge. In practice quite a few 

simple improvements have been used to speed up convergence and improve the robustness 

of the backpropagation algorithm. 

One of the competitive advantages ofneural networks is the ease v^th which they 

may be applied to novel or poorly understood systems. It is, therefore, essential to 

consider automated and robust learning methods with good average performance on many 

classes of problems. The current trend is to use optimization tools and strategies that 

exhibit distinctly superior performance. It has been shown that optimization algorithms 

employing unconstrained optimization techniques based on the secant or conjugate 

gradient methods together with the classical backpropagation concept are much better 

than the classical backpropagation itself 
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The learning rule used here is common to a standard nonlinear optimization or 

least-squares technique. The entire set of weights are adjusted at once instead of adjusting 

them sequentially from the output layer to the input layer. The weight adjustment is done 

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

sum of squares of all errors for all patterns is used as the objective function for the 

optimization problem. A quickly convergent local method was combined with a globally 

convergent one, called the Levenberg-Marquardt method for solving nonlinear least 

squares problem (Marquardt, 1963). This Marquardt method switches smoothly between 

the extremes of Gauss-Newton method (inverse Hessian method based on simplifying the 

computation of the second derivatives) and the steepest descent or gradient method 

(model-trust-region modification.) The latter is used far from the minimum, switching 

continuously to the former as the minimum is approached. In training the Marquardt 

method was used to search for the entire set of weights in order to minimize the objective 

function, the sum of the squares for all the outputs over the entire training set. 

In this work, the ANN is simply used as a flexible model for least squares curve 

fittmg. 

4.4 Issues Involved in Training a Neural Network 

There are several issues involved in developing a neural network model of any 

process phenomena. There is a specific algorithm that is assigned to each computing node 

of a neural network. The main question that arises is how well has the network has been 

"taught" to mimic the input-output relationships of the process? And how can one ensure 

optimum "training?" 

Data describing the input-output relationship is the most crucial element to 

develop a well-trained network. Data has to be well-scattered over the range which the 

network is to be trained. Only then will the network be able to recognize the fijnctional 
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dependencies between the inputs and outputs. The finer the "granularity" (resolution) of 

the data m the input-output space, the better will the training and predictions be. But then 

"how fine is fine?" 

There are no pre-set rules governing the resolution of the training data set and 

network learning. One has to experiment with a few different types of network 

architectures and different data sets to determine the validity of the network training. A 

network that has "trained" well should be able to interpolate within its range of training 

(generaUze). If it is unable to do so and just mimics or reproduces the known data points, 

the network has "memorized" the training data set and is useless as a process model. 

This second problem is referred to as "over-training." When do you stop training a 

network? As the training process starts, the hidden nodes in the network all do the same 

work, i.e., they all attempt to fit the major features of the data. As those features are 

accounted for, the nodes then start to differentiate and fit the second most important 

aspect of the data ~ the sampling "noise," a major source of error in the data. A solution 

to the problem of over-fitting is to stop training just before the network begins to fit the 

sampling noise. There are several techniques to ensure optimal network training (Weigend 

et al.,1990). Another solution is to have thrice the number of data points as the number of 

weights. 

4.5 The Generic Model Control Law (GMC) 

In recent times, a number of control methods, algorithms and control philosophies 

have taken birth, and Generic Model Control (GMC), developed by Lee and Sullivan 

(1988), is one such control method. Their work shows that the technique can result in 

superior performance over linear based methods and has proven to be remarkably robust 

in the face of model and parameter uncertainties. A summary of the GMC technique with 

simulations, pilot plant studies and industrial applications is also included in their work to 
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demonstrate the approach. A deadtime compensation version of GMC and a plant/model 

mismatch compensation algorithm has been also developed (Paruchuri, 1993) 

Cott et al. (1987) developed selection procedures for process model based 

controllers, primarily the GMC based control algorithms. The model selection process is a 

rigorous and integrated method as the selection of the model is vital to the controller 

performance. 

Bezanson et al. (1989) showed that GMC is not robust for critically overdamped 

closed-loop specifications. They proposed a robust form of GMC (RGMC) structure 

which is based on a derivative feedback. The structure is distinct in that RGMC estimates 

and compensates for the error between the process and the model output derivative. 

Choi et al. (1988) and Natarajan (1994) have experimentally demonstrated, 

separately, that an inline pH control strategy for a multicomponent process wastewater 

can control well. This is based on a patented dual base injection system. Neutralization is 

accomplished by splitting the base flow and subsequently injectmg it into the wastewater 

line. 

Pandit (1989) applied GMC to a fluidized bed coal gasifier. The simulation 

covered a wide range of operational objectives indicating robust and effective control in 

spite of nonlinear multivariable coupling, deadtimes, inverse action, nonstationary process 

behavior and process model mismatch. 

Ramachandran and Riggs (1992) applied GMC to a multi-unit supercritical fluid 

extraction process simulator which consisted of a highly coupled extractor, distillation 

column system. 

Pandit (1991) and Pandit and Rhinehart (1992) have experimentally demonstrated 

application of GMC to an laboratory scale distillation column. The controller has been 

tested for a wide variety of disturbances. A study of unconstrained as well as constrained 

control has also been perfomed. 
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Riggs et al. (1990) have implemented GMC on a commercial distillation column 

demonstrating huge economic benefits over conventional strategies. 

Malleshwararao and Chidambaram (1992) proposed a model reference nonlinear 

controller with PID actions and evaluated by simulation for regulatory and servo 

problems. 

4.5.1 Generic Model Control 

Generic Model Control (GMC) directly imbeds a process model in the control 

algorithm. The process model is usually a nonlinear description of the process derived 

from fundamental mass and energy balance considerations, or could be based on a neural 

network. Consider a single input single output (SISO) system describing the following 

model 

$ = f(y,u,d,k) (4.1) 
at 

where y is the output variable, u is the manipulated variable, d is the vector of measured 

disturbances, k is the vector of unmeasured disturbances. Consider that the process is at 

yo. A setpoint change to a different output variable, ŷ p is desired. The deviation in y from 

ŷ  could be either due to a setpoint change or an unmeasured disturbance which changed 

y. Assuming that the derivative of the output variable remains constant during the time 

interval, a forward difference approximation can be used to represent the derivative 

dy ^ (y,p-yo) (4 2) 
dt T 

where x is a time interval. Substituting this approximation in Equation 4.2 in the process 

model yields 
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^ ^ ^ ^ ^ = f(yo,u,do,k) (4.3) 

The only unknown in Equation (4.3) is u, which can be solved to determine the control 

action. If x is a short time period, the process would rapidly approach the setpoint. On 

the other hand if x is large the process response will be slower. Therefore x is a tuning 

parameter of the controller, but note than a smaller x makes the controller more 

aggressive. This is counter-intuitive. 

The controller model is an approximate model and is not a true replica of the 

process, and hence control with the model will result in a steady-state offset. We would 

like the process to have a zero offset. Hence, in the GMC formulation an integral term 

(analogous to a PI controller integral term) is added to the control law to remove the 

offset. 

f(yo,u,do,k) + K,(y-y,p) + Kj(y-y,p)dt = 0 (4.4) 

Further, x has been replaced with K,, so that a larger tuning coefficient value makes the 

controller more aggressive. 

4.5.2 GMC using steady-state process models 

The process model of Equation (4.1) assumes that an approximate dynamic model 

of the process can be derived from fundamental mechanistic considerations. However, 

steady-state models are more common and easier to formulate. 

fss(yss,u„,d,k) = 0 (4.5) 

It is possible to obtain an approximate estimate of the average time constants from the 

step response data. The response of the output variable can be approximated as 
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^Jj^Zyl (4.6) 
dt X, ^ ^ 

where Xj is the time constant and y^ is the ultimate value of the output variable y if no 

further control action is taken. From this approximate description of the dynamic response 

as in Equation (4.6), the perfomance specification ofa temporary steady-state target can 

be calculated as follows 

yss=y + K,(y-y,p) + Kj (y -y^)dt = 0 (4.7) 

The control action required to achieve this steady state target can be found from 

the nonlinear steady-state model of Equation (4.5) 

4.6 Development of Steady-State Inverse Models 

The foremost requirement for development of any neural network model is to 

obtain data that captures the relationship between the inputs and outputs of the process. 

The data for training the neural networks was obtained from the steady-state simulations 

for the heat exchanger and the flow control valve. 

A steady-state inverse model is used because in an inverse model we obtain the 

manipulated variable as a function of the controlled variable, disturbances and other 

inputs; whereas in a direct or normal model we would obtain the controlled variable as a 

function of the manipulated variable, disturbances and other inputs. So, using an inverse 

model, we directly obtain the necessary manipulated variable action. 

If m, is the steam flow rate (manipulated variable), X the latent heat of 

vaporization of steam, ¥^- the inlet flow rate of cold water, p the density of cold water, C 

the specific heat of cold water, T̂ j the inlet temperature of cold water, and T^ the outlet 
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temperature of cold water (controlled variable), then a steady-state energy balance across 

the heat exchanger yields 

ms^ = Fc.pCp(T^-TJ. (4.8) 

Hence, we now solve for the steam flow rate m, 

F pC (T - T ) 
m,= "^ P̂  " ^ . (4.9) 

We thus obtain the manipulated variable as a function of the controlled variable 

and other parameters. 

Normal model T^ = f(m„F,,,TJ (4.10) 

Inverse model m, = f (T^, F,., T,,) (4.11) 

For training data we develop steady-state data of T^, F̂ ,̂ T .̂, m ,̂ and train the 

neural net to develop an internal model linking the inputs T^, F -̂, T̂^ to the output m,. 

Reasonably large number of data points is used (by rule of thumb, the number of data 

points should be atleast three times the total number of weights). Care should be taken 

while choosing the range of the training data, as it should well exceed the normal 

operating range, so that infrequent extrapolation does not give absurd values of output. 

Thus the neural network for the temperature controller contains three input nodes 

(one each for target temperature, inlet water flow rate and inlet water temperature) and 

one output node (for the steam flow rate). It has 4 hidden nodes and 21 weights. The 

GMC control law calculates the value of the temporary steady-state target temperature 

Tcour based on the values of the two tuning parameters Kj and K^ according to the 

following equation: 
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Tcot. =T^+K,(T^p-T^) + Kj(T^p-T^)dt. (4.12) 

So the inputs to the neural network are the temporary steady-state target 

temperature T^^, the inlet flow rate ¥^, and the inlet water temperature T̂ .̂ These inputs 

are then "scaled" by the network into values ranging from -1 to +1, as values of the 

hyperbolic tangent of very large numbers tends to 1 and we might lose accuracy. 

The "right" number of nodes in the hidden layer is found by trial-and-error: we try 

out different number of nodes and choose the one which shows the lowest sum of least 

squares. Figure 4.3 shows a plot of the training results. Ideally, the predicted and the 

simulated values should He on the 1:1 line, and as can be seen they almost do. 

Figures 4.4 and 4.5 show the testing results of the network using simulated and 

actual data, respectively. In Figure 4.4, all points lie on a 1:1 line with some scatter in the 

training set, illustrating that the training was excellent. In Figure 4.5, we observe all data 

lying on a 1:1 line shifted up by about 0.3 Ib/min with about the same scatter as the one in 

the previous figure. There is a small uniform bias between the model and the process. 

Since the controller makes changes based on the bias, control should be "right-on-

accurate." 

4.7 Cascade Steam Flow Controller Development 

Cascade control is a very common, profitable and useful control technique in 

process industries, particularly when the manipulated variables are subject to disturbances. 

In this control configuration, we have one manipulated variable (from a process 

viewpoint) but two or more controllers and more than one process measurement. 

Consider the heat exchanger control system shown in Figure 4.6. In this system, 

the outlet process fluid temperature is controlled by manipulating the steam valve position. 

Notice from a process viewpoint, that the steam flow rate is being manipulated. The steam 
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flow rate depends on the steam valve position and the pressure across the valve. If the 

header pressure changes, the steam flow rate will change, and the controlled temperature 

will change. The control configuration shown in Figure 4.6 can account for this change 

only after the process temperature has deviated from the setpoint. 

Now consider the cascade control configuration shown in Figure 4.7. In Figure 

4.7, changes in the steam flow rate due to any disturbances are compensated by the flow 

loop. The physical significance of the output signal from the temperature controller is the 

flow of steam required to maintain the temperature at setpoint. In actuality FT05 requires 

pressure, temperature and differential pressure across the orifice measurements. 

The loop that measures temperature is the dominant, or primary, or "master" 

control loop and uses a setpoint supplied by the operator. The loop that measures the flow 

rate uses the output of the master controller as its setpoint and is called the secondary or 

"slave" loop. 

The closed-loop response of the master loop is influenced by the dynamics of the 

slave loop. For good control the dynamics of the slave loop must be much faster than 

those of the master loop. The slave loop is tuned first and then the master loop, as the 

dynamics of the master loop depend on the slave loop. The objective of this is that the 

slave loop should be fast enough to keep track of the setpoint from the master (which 

keeps on changing) without much delay, thus keeping the overall loop fast-acting. 

A block diagram of the cascaded assembly is shown in Figure 4.8. 

4.8 Steadv-State Inverse Model for Steam Flow Control Valve 

The slave controller is also a neural network-based steam flow process. The neural 

network is trained to incorporate the nonlinear installed valve characteristic, i.e., the 

nature of the f(x) versus x curve. 

The equation (1.1) for a control valve is 

45 



m, = C/(X),' ^ ^ 
sp.gr 

Rearranging for f(x) gives us 

«=f-.<^js;^ (4.3, 

Since Ĉ  and specific gravity are constant, the inverse model becomes 

x = f(m3,APJ. (4.14) 

For training the neural network, we develop steady-state data between inputs m,, 

AP̂  and output x, the valve stem position. Once again the GMC control law calculates the 

temporary steady-state target steam flow rate m^^ according to the following 

ms,ss=ms+K,(m^3p-mJ + Kj(m^^-m,)dt. (4.15) 

Thus the inputs to the neural network are the temporary steady-state target flow 

rate, m^ ,̂ and the pressure drop across the valve, AP ,̂ and the output is the valve stem 

position, X. 

The steam cascade flow controller has 4 hidden nodes. Figures 4.9 and 4.10 show 

the training and testing results of the steam cascade neural network-based flow controller. 

Slight discontinuities in the data points result from the three different curve fits described 

in Chapter 2. Similar to the temperature NN training-testing graphs, all points lie on the 

1:1 line with same scatter as in the training data set, mdicating proper training. 
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A similar type of inverse model-based neural network controller was developed for 

flow control valve FCV02 for flow control ofa liquid. It has 5 hidden nodes. Figures 4.11 

and 4.12 show the results of its training and testing, which are shnilar to those expected 

and observed for the steam flow control valve. 
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CHAPTER 5 

MODEL PREDICTIVE CONTROL 

5.1 What is Model Predictive Control CMPO? 

Model Predictive Control (MPC) uses time-series models of processes for the 

control. We will consider formulation of the unconstrained SISO (single input single 

output) Model Predictive Control law as an optimization exercise which is solved at every 

sample time. To accomplish this the control objective must be expressed as minimizing as 

objective function subject to some control constraints. There is a strong motivation to do 

this. First, the availability of a dynamic model allows us to predict the future effects of 

control actions taken at the present, and hence, we can choose these control actions to 

meet our control objectives in the best way possible. Reformulating and solving the 

control law every sample time allows us to correct any modeling errors because a new 

measurement is available at every sample time. Any new disturbance entering the process 

can be accounted for as soon its effect is felt on the output. Since this approach tends to 

base all the control functions on a single objective function, we will refer to this as the 

single-objective approach. 

Control is converted into an optimization exercise by defining an objective function 

which captures the controller requirements. We define a primitive control objective as: 

^{iYp,-xr} (5.1) 
Auj 

where Yp is a vector of predicted future values of the output in deviation variable for the 

future Au's and Ŷ  is the desired setpoint in the deviation variable. All symbols in 

Equation 5.1 are m 'deviation variables' which means that they represent a deviation 

between current value and a reference steady-state value. There are two ways to model 

Y . They are impulse response model and step response model. The minimization is 
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carried out over the proposed changes in the manipulated variables. The optimization is 

formulated in the discrete time domain with control moves taken at every sample time. 

This formulation does not allow tuning. This is quite an aggressive controller and may 

make the manipulated variable swing between extremes. Therefore, two other approaches, 

C.V.(controlled variable) damping and M.V.(manipulated variable) damping have been 

employed in practice to overcome the problem retained in Equation (5.1). In the M.V. 

damping approach, some additional constraining equations which penalize big Au moves 

are added while it still defines reference trajectory as going to the setpoint at the next 

sampling and staying there, i.e., the objective function becomes: 

^ { l Y , , - Y , r + f f A ^ r (5.2) 
Au- i=l 

where f is a move suppression factor. 

In the C.V. damping approach, rather than requiring Yp follow setpoint 

immediately in Equation 5.1, we can make Y, to follow a set reference trajectory. Now 

there are four combinations between two-modeling methods and two-damping methods 

available to describe the control objective. They are: 

Pulse response model with C.V. damping. 

Pulse response model with M.V. damping. 

Step response model with C.V. damping. 

Step response model with M.V. damping. 

5 2 Modeling of h Values 

There are two modeling approaches: step response modeling and pulse response 

modeling. Both assume that the process is linear and stationary (behavior is constant in 

time). For step response modeling, consider the response ofa process to a step increase in 

manipulated variable as shown in Figure 5.1. ĥ  is the Y response, in deviation variables at 
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t = i*T after a unit ideal step change in the manipulated variable, u, from an initial steady-

state. Usually T, the sampling interval or control interval, is chosen such that 30*T to 

50*T is the open-loop transient time. In this case, the control interval is chosen to be one 

second, at par with other controllers with which a comparison is being done, and 60 such 

samplings are taken for a step change. For a unit step change (which we used to determine 

h values) h- = (Y, -Yo)/Au = AYj /Au. The resulting step response time series model 

parameter set is stated as: 

{ho = 0 , h , , h 2 , h 3 , . . . , h 6 o } . 

For impulse response modeling, consider two unit steps in u that make a pulse which lasts 

for one sample interval as shown in Figure 5.2. ĥ  is the Y response, in deviation variables 

at t = i*T after a unit impulse in manipulated variable, u, from an initial steady-state. Since 

the unit impulse can be considered as two consecutive steps in the opposite direction, ĥ  

can be defined as 

h, = i th h due to AUQ - (i-1) th h due to Au,. 

Since (i-1) th h due to Au, equals (i-1) th h due to AUQ 

h. = h , -h„. 

The resulting impulse response time series model parameter set is stated the same manner 

as is the step response one. 

5.3 Formulation of Single Objective MPC for SISO Svstem 

At any arbitrary sample time, the control objective described in Figure 5.3 can be 

stated as follows: 

Given: 

(1) Current measurement of output Ŷ ^̂  

(2) A predicted trajectory of the output based on the past and current control actions: Yp, 

> Y p . 2 ' • • •' ^P.59 » ^p .60 
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(3) A desired output trajectory : Y.^, Y,,, . . . , Y,^,, Y,^ 

Compute: 

(1) The control action needed to bring the output to the desired trajectory : AUQ , Au,, . . 

Au„ where n is the length of control move horizon. The control move horizon, n, is the 

number of sample times over which the controller output will be computed. 

5.4 Model Prediction and Correction 

The new predicted Ys, Yp̂ ^̂ , due to future responses of past controller outputs 

plus the current controller output, AUQ 

Yp^= Ypo„ + hAuo (5.3) 

where Yp̂ ,̂  = predicted responses due to past Au's 

= ( Y Y Y Y \ 
\ P.1 ' P.2 ' •^p.s' • • • J -^p.eo /old • 

Predicted values are based on exact true model, perfect measurement of Au, no 

disturbance/loads, and a linear stationary process. However, there will some process-

model mismatch resulting in an "error" 

Y™. - Y ,̂ = d (5.4) 

where d is the magnitude of a fictitious disturbance which made the measured value 

different from the predicted. We pretend that the disturbance will be constant for all time. 

Then, every predicted value will be low by the amount d. So we add d to every new Yp̂ ^̂  

so that: 

Y , ^ = Y,,,„ -H d -H h, Auo 

Y 2 ^ = Y^,„-^d+ h,Auo+ h,Au, 

Y 3 ^ = Y3o„-^d+ h3Auo-̂  ĥ  Au,-h h3 Au .̂ 

In an effort to reduce computational effort without losing on control performance, rather 

than taking incremental control action by changing Au at every sampling interval, we 

anticipate taking only four control actions in the entire open-loop transient time i.e. four 
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control actions at the 1st, 11th, 21st and 31st second in a total time of 60 seconds. So in 

this case Au,= Au2= 0. The algorithm then becomes 

Y , ^ = Y, ,„ + d + h, Auo 

Y z ^ = Yĵ ,̂̂  +d+ h2 AUQ 

Yĵ cw = Y3_„„ + d -H h3 AUQ 

Y,ô cw = Y,o ,̂j +d+ h,o Auo 

Y„̂ ew = Y„,,„ +d+ h„ Auo + h, Au„ 

Y,2^ew= Y,2̂ ,̂̂  + d + h,2Auo + h2Au„ 

Y59̂ ew = Ys,̂ ,̂, + d + h59 AUo + h^^ Au„ + h,9 Aû , + ĥ  AU3, 

Yfio^ = Y^„„ -H d -H h^ Auo + hjo Au„ + ĥ o Aû , + h,̂  Auj, . 

Figure 5.4 illustrates the predicted response of the Controlled Variable (C.V.). 

5.5 Control Law Development 

To obtain the manipulated variable, Au, action to be taken we optimize (minimize) 

an objective function as follows: 

mm 60 ., 59 ^ 
•J = Z(r.-Yp,)^ + fZ(Au.)^ (5.5) Au,,Aui,,Au2,,Au3, .=1 ' ' .=1 

Here r̂  is the reference trajectory which is obtained as a first-order lag for the setpoint Y^ 

r. = Y^ ( 1 - e-'-T/x. )-H Yo e-'*T/x̂  (5.6) 

where x^ is the time constant (the tuning constant for the filter) and T the sampling time 

interval. Let a represent e'^^v, thus resulting in 
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r. = Y ^ ( l - a ' ) - h Y o a ' . (5.7) 

Here the DMC version of aggressiveness tempering is used. Rather than filtering the 

setpoint by means of a first-order filter, we ask the controller to reach the setpoint at the 

next control interval, but imposing restrictions (a penalty) on the manipulated variable 

value by means of f which is the lone tuning parameter. In order to make the predicted Yp 

follow the reference trajectory in a least squares sense as shown in Figure 5.5, we thus 

differentiate Equation 5.5 with respect to the four manipulated variable actions Au's and 

equate the derivatives to zero. 

a; aj a; aj ^^ ^̂ ^̂  
5Au, 5Au„ 5Au2, 5AU3, 

We thus obtain 

60 60 60 

S(r, -Y,,i)hi =Zr,h, -SY, ,h , +fAu„ = 0 (5.9) 
i=l i=l i=l 
60 60 60 

I(r, -Y,,)Kn = Sfihi-n - ZY,jh,_„ +fAu„ = 0 (5.10) 
1=11 i=ll i=ll 
60 60 60 ^ ^ 
T(T, -Yp,)h..2, = lr,h._2, - ZYp,h,_2, +fAu2, =0 (5.11) 

i=21 i=21 i=21 
60 60 60 ^ ^ 

2:(r, -Y,,)h,_„ = Inh,_3, - IY,,hi.„ +fAu3, =0. (5.12) 
,=31 i=31 i=31 

Substituting for r, from Equation 6.6 and a = 0, i.e., a very fast control action (x^ -^ 0) 

and simplifying yields us the final control law 

™ A u = Y3pV,-\^ (5.13) 

where 
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HH = 

60 

Zhi Zh,-,oh, 2hi-2ohi ZK^^i 
»'" "'^ S" £-" 

' j ! ' „ ' = " i=21 ,=31 

ZhiV20 Z^-Iohi-20 Zhf-20 Zh,.3oh,. 
i=21 i=21 i=21 i=3, 
^ 60 60 60 

Zhih._30 Zh.-loh._30 Zhi-30hi_20 £hf.3o 

10 

i-20 

LJ=31 i=31 i=31 i=31 

v = 

60 

Zh. 
i=l 

60 

Zhi-n 
i=l l 
60 

Zh.-. 
i=21 
60 

Zh«. 
Li=31 

V, = 

60 

Z(Yp..+d)h, 
i=l 

Z(Yp..+d)hi-
i=ll 
60 

Z(Yp.i+d)hi_ 
i=21 
60 

Z(Yp..+ci)h._ 

i=l 
60 

10 

20 

i=31 

Thus, substituting in vector notation we have 

( ™ + f.I).Au = Y^\^-\^. 

And the manipulated variable action is obtained as 

Au = ( ™ + f.I)-'.(Y^V,-V3). 

(5.14) 

(5.15) 
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We only need the first row of Au as we will implement the first control action for 

a predetermined period of time, predict the response based on the measured error, and 

then calculate the next control action and so on. Hence 

Auo=Row(ra + f.I)-^(Y^\^-\^). (5.16) 

The increment in the manipulated variable AUQ is added to the previous manipulated 

variable u. 

We incorporate feedforward features in the linear controller for the disturbance 

rejection by adding a term for the H^ the matrix of h's due to disturbance (change in water 

flow rate) when we correct the predicted vector. Thus the predicted vector essentially 

becomes the addition of the contribution of the manipulated variable (H ,̂.Au) and the 

disturbance (H^.Ad). The H^ vector consists of h values obtained in the same manner as 

are the h values for the manipulated variable i.e. by making step changes in disturbance 

and observing the process variable response. 

So Equation (5.3) becomes 

Y= H .̂Au + I^.Ad. (5.17) 

The master MPC controller is cascaded to a classical PID slave controller, in order 

to preserve the linear characteristics of this approach. 
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Figure 5.2 Impulse response time series 
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CHAPTER 6 

RESULTS AND DISCUSSION 

6.1 Temperature Control 

6.1.1 Results 

The Neural Network-based temperature controller (NN), and the Model Predictive 

Control (MPC) based temperature controller, and the Neural Network-Model Predictive 

master/slave Controller (MPC-NN) were demonstrated on the experimental shell and tube 

heat exchanger apparatus described earlier, and compared with the previously 

implemented Process-Model-Based temperature Controller (PMBC), the Internal Model 

Control (IMC) based temperature controller, and the classical temperature controller (PID 

feedback with gain scheduling, feedforward and cascade). The sampling interval and the 

control period of all the NN, MPC, and MPC-NN controllers is kept one second in order 

to duplicate the similar conditions with the other three controllers, although they could be 

implemented ten times faster with a recent upgrade in Camile hardware. The tuning 

parameters used are given in Table 6.1, and were obtained by tuning for setpoint changes 

and disturbance rejection. The criteria used for tuning were not mathematical, but rather 

heuristic and judgemental. Tuning was done with an effort to balance goodness of many 

issues in both controlled variable and manipulated variable performance: overshoot, rise 

time, ISE, disturbance rejection, travel, oscillations; but primarily ISE. 

The performance of the three controllers for setpoint tracking and disturbance 

rejection is shown in Figures 6.1, 6.2 and 6.3, respectively. 

Figure 6.1 demonstrates the performance of the Neural Network (NN) controller 

for servo and regulatory action. At about 50s a setpoint change is made from 55°C to 

30°C, after starting the controller. The controller was tuned using heuristic rules, trying to 

minimize the ISE while at the same time looking for smooth and quick response. The 
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temperature overshoots the setpoint by about 10°C. This "aggressiveness" of the 

controller is due to a high value of K, (corresponding to the proportional gain in a 

conventional controller) =1.5 in the GMC control law (Equation 4.4). A value of K, 

greater than 1 helps in reaching the setpoint quickly because the GMC control law asks for 

higher "temporary target temperature" T,^, which is one of the three inputs to the neural 

network, resulting in a higher "desired steam flow rate." A lower value of K, resulted in 

sluggish control and higher ISE. The resulting overshoot is significantly more compared to 

that obtained in case of PMBC, IMC, classical, MPC and MPC-NN controllers, and shows 

higher ISE (Integral of Squared Error) values for setpoint changes, as can be seen in Table 

6.2. The ISE is a standard measure of the "goodness" of control and is generally the 

quantitative measure used in process control. The ISE is defined as 

ISE = |e^dt = J(T-T^)Mt 
0 0 

where e = error, which is the difference between the setpoint and the process variable. 

A lower ISE generally means "better" control as it means the process variable is 

tracking the setpoint rather well. However, a lower ISE does not always mean better 

control, because we may have a case where we have a lower ISE at the expense of 

oscillatory behavior or too agressive a manipulated variable action which is definitely 

undesirable. 

The last digit for ISE values is significant only for disturbance rejection and not for 

setpoint tracking . For setpoint tracking an ISE change of 10% represents a significant 

change. 

The Neural Network is trained on steady-state data which ignores the time-

dependence of the steam flow rate on the temperature, whereas the process has a 

deadtime. Thus the network is unaware of the deadtime in the process, and asks for higher 

values of steam flow rate initially when setpoint changes are made; when it actually should 
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be taking the deadtime into account and calling for such high rates later. However, the NN 

controller shows the smallest rise time amongst all the controllers, as can be seen in the 

graphs. The other constant K^ acts in a fashion similar to the integral term in a classical 

controller, and removes the steady-state offset, thus bringing back the process variable to 

the desired setpoint. 

The outlet temperature T^ follows the temporary target temperature T,,^ dictated 

by the GMC control law, as can be seen m Figure 6.4. The difference between the two is 

called as the "process-model mismatch" arising primarily out of modeling errors and 

assumptions. The process behaves slightly differently from the model resulting in a steady-

state offset, and we have to adjust the anomaly by adding the "integral term" K^ . 

The "master" NN temperature controller is cascaded to a "slave" NN steam flow 

controller; the output of the master controller becomes the setpoint for the slave 

controller. The slave loop is tuned to track the setpoint changes given by the master loop, 

and thus has to be considerably faster than the master loop. Figure 6.5 shows that the 

slave steam flow control loop is tuned rather well and it tracks the setpoint effectively. 

Since the slave steam flow control loop is also Neural Network-based, as described in 

Chapter 4, it too has a "temporary target steam flow rate" m̂^̂  which also can be seen in 

the figure. In order to have quick response, the loop is tuned for aggressive action, and 

thus the temporary target does occasionally reach negative values, although for a very 

short time. However the Neural Network does not crash when subjected to negative target 

steam flow rates, thus demonstrating its "robustness." 

The MPC controller response to a similar setpoint change at 50s is shown in 

Figure 6.2. The MPC controller asks for higher steam flow rates having incorporated the 

deadtime of the process. As this controller is "trained" (through h values) on dynamic, and 

not steady-state data, it is aware of the process deadtime and acts accordingly. Due to this 

the temperature shows a smooth transient towards the setpoint, and overshoots less than 
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the NN controller resulting in an ISE value lower than all except the MPC-NN one. The 

superior performance of the MPC controllers for setpoint changes can be attributed to the 

fact that they are trained on dynamic data, and thus "know" the deadtime in the process. 

However, its smoother response also has a drawback - it shows a lower rise time than the 

NN one. This can be attributed to the slower slave PID controller. The slave controller is a 

linear PID controller, with a constant gain, whereas the valve is clearly nonlinear, as can 

be seen in Figure 2.5, with changing gains in different operating regions. Such a linear 

controller has its limitations. The MPC response is more like the traditional "quarter 

amplitude decay ratio" type of response desired in most classical controllers. In this case 

the master MPC controller loop is cascaded to a classical PID slave controller. 

The MPC-NN controller is similar in response to the MPC controller as can be 

seen in Figure 6.3. As far as the master controller is concerned it is exactly similar to the 

MPC one; the only difference is in the slave loop where it has a Neural Network based 

steam flow controller. The main idea of the MPC-NN combination was to have the "best 

of both worlds." While training and developing the different control configurations it was 

observed that the Neural Network-based steam controller (slave for NN loop) was 

superior to the classical PID steam controller (slave for MPC loop) while the master MPC 

was better than the master NN for setpoint changes. Hence, it was thought intuitively, a 

coupling of master MPC controller with a slave NN would lead to the "best" overall 

performance. For a setpoint change from 55°C to 30°C, the MPC-NN combination does 

show the best response, with the lowest ISE values. The response is similar to the MPC 

one, with minor improvements at the slave level. Figures 6.8 and 6.9 show the "error" in 

the MPC and MPC-NN controllers: the "error" being the difference, in deviation variables, 

between the measured value and the "predicted-corrected" value of the controlled 

variable. Such an "error" should ideally be zero, hence smaller deviations from zero 
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indicate better control. In this case it can be observed that the error values for the MPC-

NN controller are closer to zero than the MPC one. 

The MPC controller is a linear controller but it handles the ill-behaved dynamics, 

while the NN one is dynamically naive but understands the process nonlinearity. The heat 

exchanger is quite linear but shows ill-behaved dynamics (deadtime), hence MPC works 

best. The steam flow valve is nonlinear but simple dynamically, hence NN works best. 

At 500s a temperature setpoint change from 30°C to 55°C is made (Figures 6.1, 

6.2 and 6.3). The NN one responded the fastest, as was the previous case, resulting in the 

highest overshoot, and poor subsequent ISE values. The MPC and the MPC-NN 

combination both showed a smooth "quarter amplitude decay ratio" response, rapidly 

bringing the temperature to the setpoint. However, the MPC-NN one showed a smaller 

overshoot in this case as compared to the MPC one, indicating the nonlinearity in the 

process. Thus resulting in an improvement in ISE values 

The temperature-time response of the three control techniques implemented in 

earlier comparison studies, i.e., PMBC, IMC and classical PID is shown in Figures 6.10, 

6.11 and 6.12 

The smooth response of the MPC-based controllers (both the MPC and the MPC-

NN ones) can also be seen by comparing the manipulated variable response (valve stem 

position) in Figures 6.13, 6.14 and 6.15. The MPC-NN controller does not hit a constraint 

whereas the NN controller does hit one (the valve being fully open) although for a short 

period. 

At 850s a duplicate change in setpoint from 55°C to 30°C is made to check the 

responses for the repeatability of the performances. The responses are similar to the earlier 

ones, except for a decrease in the overshoot and a subsequent improvement in the 

performance of the MPC-NN controller. 
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At about 1050s, a setpoint is made from 30°C to 40°C to check for setpoint 

tracking in different regions. Since the controllers were tuned for a range of 30°C to 55°C, 

it was worthwhile to check for setpoint tracking for some intermediate temperature 

setpoint (40°C). Once again the MPC-NN one showed the best ISE response. Similar 

responses were observed from 40°C to 50°C. 

The performance of the different controllers for disturbance rejection is also 

compared. Disturbance rejection is another aspect of controller tuning which is of 

paramount importance: the controller should be able to reject disturbances and keep the 

controlled variable at the desired setpoint. At about 250s a disturbance is introduced into 

the system by manually opening the cold water valve to amount equal to that in the 

previous tests (increasing the water flow rate from approx. 47 lb/min to 57 lb/min). The 

valve is manually opened by same amount to introduce the same disturbance for all the 

three controllers, and also by the same amount as in the experimental work done before. 

The NN controller shows the best ISE performance for disturbance rejection. One of the 

inputs to the Neural Network is F ĵ, the inlet water flow rate, thus providing feedforward 

characteristics. Immediately the controller asks for more steam, as can be seen in Figure 

6.5, and the slave controller responds by increasing the valve stem position in the same 

figure. The NN controller responded very quickly and showed superior performance for 

disturbance rejection characteristics in the ISE comparisons. For disturbance rejection the 

fact that the NN was trained on steady-state data turns out to be an advantage, as the 

controller asks for more steam immediately ignoring the deadtime. The disturbance 

rejection ISE values for the NN controller were comparable with the PMBC controller 

which is also an "intelligent" controller, but are far superior to classical and IMC 

controller. There is no dynamic compensation with the use of steady-state models, 

therefore the feedforward action is a steady-state action and may be either too quick or 

initially insufficient. 

78 



The MPC controller ISE performance was not as good as the NN one but superior 

to the IMC and classical PID controller. The MPC control algorithm is inherently slow-

responding which is a clear disadvantage as far as disturbance rejection is concerned. A 

feedforward action is incorporated into the MPC control algorithm by adding the influence 

of Hj,, the matrix of h values due to a disturbance, as shown in Equation 5.17. However, 

the MPC controller responds slowly to a disturbance as compared to the NN one. The 

output increased slowly, asking for more steam, and then the linear slave steam flow 

controller responds by increasing the steam rate. The slow response of the master MPC 

controller is worsened by the fact that the slave controller is linear and slow-acting too. In 

all, the overall response time of this loop is large, resulting in higher deviation from the 

setpoint and thus a higher ISE value. 

The drawbacks of the classical slave steam flow controller, notably its linear 

nature, are removed by the MPC-NN combination which has a nonlinear Neural Network-

based slave steam controller. This NN slave controller, as mentioned before, is more 

efficient than its linear counterpart. The advantages of this coupling are seen by comparing 

the ISE values of the MPC with the MPC-NN one, and the combination shows better ISE 

values. The performance of the combination for disturbance rejection is comparable to the 

NN and the PMBC one, but is superior to the MPC one illustrating the advantage of the 

nonlinear slave over the linear slave controller. 

A disturbance back to the original flow rate of 47 lb/min is made at time 400s, and 

the controller keeps the temperature at the setpoint. The NN controller once again acted 

immediately and cut back on the steam flow rate, keeping the temperature at the setpoint. 

The MPC-NN one did the same thing. However, the MPC controller repeats its slow 

response, and acts slowly, cutting back on the steam flow rate slowly, resulting in a higher 

ISE value. 

79 



At about 600s a disturbance is introduced by opening the water control valve 

manually. The NN controller acted quickly, as did the MPC-NN one, and kept the 

controlled variable at the setpoint. The performance of the MPC one was not that good. 

The nonlinearity of the process can be seen by comparing the ISE values of the 

disturbance rejection for the MPC controller at 30°C and at 55°C: the values are higher at 

55°C than those at 30°C. 

Once again at about 1250s a disturbance is introduced by opening the water 

control valve manually. And, as before, the NN, PMBC and combination controller show 

superior behavior, as compared to the other three. 

Travel is defined as the summation of the absolute of the manipulated variable 

changes over a period of time 

Travel = ^|Ui -Uj_,| 
i 

where u is the manipulated variable. Travel indicates the work which the valve has to do in 

order to keep the controlled variable at the desired setpoint. A lower value of travel is 

desirable because it means lesser work to be done by the control valve. However a lower 

value of travel may not always indicate the best control; travel needs to be assessed in 

junction with other indicators like ISE etc. A nonlinear controller might take more 

aggressive action in a sluggish region resulting in a higher travel value than a linear 

controller. Table 6.2 shows the travel values for the NN, MPC, and MPC-NN controllers. 

These results are reproducible and could be reproduced from one day to another. 

6 1.2 Discussion 

An analysis of the setpoint change and disturbance rejection characteristics of the 

three advanced control schemes (NN, MPC, and MPC-NN) tells us that the MPC-NN 

controller is the "best" for setpoint tracking and the NN one the "best" for disturbance 
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rejection, however the NN disturbance rejection results are not very superior than the 

MPC-NN one, so, in conclusion, the MPC-NN controller is the "best overall" taking into 

account both setpoint changes and disturbance rejection. The ISE values for the MPC-NN 

controller for both setpoint tracking and disturbance rejection were comparable to the 

PMBC one and superior to the classical PID and IMC controllers. 

6.2 Flow control 

6.2.1 Results 

The nonlinear Neural Network based flow controller is experimentally 

demonstrated and compared against the Process Model-Based Control (PMBC) controller 

and the classical PI controller. All the controllers have a sampling and a control period of 

one second. The tuning parameters for the Neural Network controller are shown in Table 

6.3. 

The performance of the Neural Network-based (NN) flow controller is shown in 

Figure 6.16. At about 75s after the controller is put in automatic, a setpoint change is 

given from 5 GPM to 15 GPM. The flow rapidly returns to the setpoint after making an 

overshoot. This overshoot is larger than the PMBC controller, and can be attributed to the 

high value of the K, term in the GMC law which makes the controller aggressive. A high 

K, value is chosen for aggressive action and faster rise time. However, the NN controller 

showed quick damping and brought the flow to the setpoint. The rise time as well as the 

settling time is almost the same as for the PMBC controller. The classical PI shows an 

aggressive (oscillatory) response and overshoot before settling down; it also takes 

considerable time to settle down. This indicates the nonlinearity in the process and a linear 

controller tuned for one region make show different behavior in another region. After 

settling down, the deviation from setpoint for all the three controllers is observed ~ the 

PMBC and NN controllers showed the smooth response while reaching the setpoint of 15 
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GPM, as can be seen by the absence of oscillatory behavior. The classical controller once 

again showed aggressive behavior, oscillating at the setpoint before settling down. 

At a time of about 220s, a setpoint change is made from 15 GPM to 5 GPM. Both 

the NN and PMBC controllers showed a rapid change in flow rate and brought it quickly 

to the setpoint. The NN one showed an overshoot, but this overshoot was removed by the 

integral term in the GMC law. The NN one might appear not to be tuned to a quarter-

amplitude-decay, but this tuning was the overall best taking into account all the factors 

like ISE, smoothness of controller output, etc. The classical PI controller also shows an 

overshoot before it could settle down. Its response on the setpoint change down was very 

different from its response on the setpoint change up, as can be clearly seen in the Figure 

6.18, indicating the inadequacy of a linear controller to perform in a nonlinear 

environment. All the controllers kept the flow rate at the setpoint of 5 GPM, as the noise 

level on the flow measurement was a less at small flow rates. The differences in Figures 

6.16 and 6.17 could be due to the tuning preferences of two operators. 

At about 375s, a disturbance is made by manually closing a bypass due to which 

the flow rate decreases. The NN controller immediately sensed this disturbance and took 

action by opening the valve to the desired level. A similar response was observed in the 

other two controllers as well. Another disturbance, but this time by reopening the bypass, 

was made at about 460s. The controllers took action accordingly to bring the process 

variable to its desired state. 

The ISE values are tabulated in Table 6.4. 

The controller output of the NN controller is shown in Figure 6.19. Note how the 

manipulated variable changes in the 15 GPM region are higher than those in the 5 GPM 

region. The controller knows that the process is more sensitive at higher flows and does 

gain scheduling accordingly. 

These resuhs are reproducible and could be reproduced from one day to another. 
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6.2.2 Discussion 

In the case of flow control of a liquid, it is observed that both the nonlinear 

controllers (PMBC and NN) show superior performance as compared with the linear 

classical PI controller. The nonlinear controllers are aware of the nonlinearity of the valve 

and take control action accordingly, and a lack of this knowledge in the case of the PI 

controller is clearly seen from its different responses in different operating regions. 

The dynamic PMBC and steady-state NN showed comparable performance 

because in the one-second sampling the flow has already reached its steady-state, and 

steady-state models do not result is bad dynamic mismatch with the process. However a 

smaller sampling time of 0.1 second would necessitate the use of dynamic models over 

steady-state ones. 

6.3 Qualitative evaluation of controllers 

In addition to quantitative comparisons of various conventional and advanced 

control strategies, a qualitative one was also attempted. The criteria included cost, 

operator aspects, computational aspects, constraint/DOF handling, and other 

miscellaneous benefits. In Table 6.5, the said criteria have been ranked on a scale of 1 to 3, 

with 1 indicating "best," 2 "average," and 3 "worst." 

The category of cost includes software and hardware costs, instrument purchase 

costs, engineering effort required, and experimental costs incurrred to obtain the model. 

The category of operator aspects includes ease of tuning, need for retuning (permanence 

of model understanding), need for operator response to recover from upsets, and level of 

operator understanding required. The category of computational aspects includes 

computer speed, memory required, use of iterative techniques and use of additional 

controller management routines (like steady-state identification). The category of 
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constraint/DOF handling includes the ability to avoid and handle constraints and extra 

degrees of freedom. Miscellaneous benefits include those not listed above, like process 

knowledge, maintenance management and the capability for plant-wide optimization. 
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Table 6.1 Values of the tuning parameters of the temperature controllers 

Neural Network Master Temperature Controller 

Constant K, in the GMC control law 

Constant K, in the GMC control law 

1.5 

0.02 s-> 

Neural Network Slave Flow Controller 

Constant K, in the GMC control law 

Constant K, in the GMC control law 

1.5 

0.2 s-i 

MPC Master Temperature Controller 

E Tuning factor f 40 (°C/ lb/min 

Classical PID Slave Flow Controller 

1 Proportional Gain K, 

1 Integral Time i; 

7.0 lb/min / % 

0.0125 s 

MPC-NN Master Temperature Controller 

I Tuning factor f 30 (°C/ lb/min)̂  

Neural Network Slave Flow Controller 

1 Constant K, in the GMC control law 

1 Constant K, in the GMC control law 

1.5 

0.2 s-> 
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Figure 6.1 Controller response of master NN temperature controller 
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Table 6.2 Comparison of the ISEs of the temperature controllers 

Time 
period 
(seconds) 

30-180 

180-305 

305-460 

460-600 

600-715 

715-825 

825-1035 

1035-1150 

1150-1200 

1200-1365 

1365-1470 

0-1500 

System 
event 

Change in 
setpoint (55-
30°C) 
Dist.by 
decreasing 
water rate 
Dist.by 
increasing 
water rate 
Change in 
setpoint (30-
55°C) 
Dist.by 
decreasing 
water rate 
Dist.by 
increasing 
water rate 
Change in 
setpoint (55-
30°C) 
Change in 
setpoint (30-
40X) 
Dist.by 
increasing 
water rate 
Dist.by 
decreasing 
water rate 
Change in 
setpoint (40-
50°C) 
Travel (%) 

PMBC 

(°C/s) 

9478 

11 

6 

9167 

40 

69 

10424 

1091 

42 

25 

1303 

-

IMC 

(°C/s) 

11725 

436 

841 

12197 

36 

65 

11392 

1923 

700 

290 

2054 

-

Classical 
PID 
(°C/s) 

14852 

894 

1357 

9833 

42 

69 

14399 

1943 

95 

136 

1618 

-

NN-
NN 
(°C/s) 

11334 

8 

11 

10059 

41 

33 

11602 

1647 

5 

36 

1300 

747 

MPC-
PI 
(°C/s) 

9241 

53 

59 

9161 

347 

110 

9357 

1428 

46 

57 

1242 

875 

MPC-NN 

(°C/s) 

8689 

18 

27 

8402 

51 

55 

8106 

1290 

" 

19 

1168 

860 
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Figure 6.4 Response of outlet temperature to GMC target temperature 
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Figure 6.5 Slave response of NN-NN steam flow controller 
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Figure 6.6 Slave response of MPC-PI steam flow controller 
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Figure 6.7 Slave response of MPC-NN steam flow controller 
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Figure 6.8 Temperature error for MPC-PI controller 
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Figure 6.9 Temperature error for MPC-NN controller 
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Figure 6.10 Controller response of master PMBC-PMBC temperature 
controller (from Paruchuri, 1993) 
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Figure 6.11 Controller response of master IMC-PI temperature 
controller (from Paruchuri, 1993) 
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Figure 6.12 Controller response of master PID-PI temperature 
controller (from Paruchuri, 1993) 

98 



100 

13 
Q. 

••-» 

o 

600 800 1000 
Time, Seconds 

1600 

Figure 6.13 Slave output of NN-NN steam flow controller 

99 



100 

3 
Q. 
13 
o 

600 800 
Time. Seconds 

1000 1200 1400 1600 

Figure 6.14 Slave output of MPC-PI steam flow controller 
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Figure 6.15 Slave output of MPC-NN steam flow controller 
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Table 6.3 Values of the tuning parameters of the flow controller 

Neural Network Flow Controller 

Constant K, in the GMC control law 

Constant K, in the GMC control law 

1.3 

0.1 s-> 
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Table 6.4 Comparison of the ISEs of the flow controllers 

Time Period 
(seconds) 

60-125 

125-200 

200-250 

250-300 

350-450 

450-540 

System Event 

Change in 
setpoint (5-15 
GPM) 
At a setpoint of 
15 GPM 
Change in 
setpoint (15-5 
GPM) 
At a setpoint of 
5 GPM 
Disturbance by 
closing valve 
Disturbance by 
opening valve 

PI 
(mVs) 

52.3 

0.2 

37.3 

0.2 

2.4 

1.8 

PMBC 
(mVs) 

25.1 

0.1 

19.3 

0.2 

0.9 

1.8 

NN 
(mVs) 

557 

0.2 

37.1 

0.1 

1.8 

1.6 
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Table 6.5 Qualitative comparison of various control strategies 

' • ' 

Parameter 

Cost 

Operator aspects 

Computational 

aspects 

Constraint/DOF 

handling 

Other Miscellaneous 

benefits 

PI 

1 

2 

1 

3 

3 

IMC 

2 

2 

1 

3 

3 

PMBC 

3 

2 

3 

3 

1 

MPC-PI 

3 

3 

3 

1 

2 

NN-NN 

3 

2 

2 

3 

2 

MPC-NN 

3 

3 

3 

, 

2 

A scaling of 1 indicates "best" 

A scahng of 2 indicates "average" 

A scaling of 3 indicates "worst" 
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CHAPTER 7 

CONCLUSIONS AND RECOMMENDATIONS 

An attempt was made in this research endeavor to implement and compare 

different advanced and conventional control strategies on an experimental heat exchanger 

and fluid flow apparatus. This thesis is a part of a large control study experiment, 

extending over a period of three years, with a purpose of presenting a broad-based 

perspective of the advantages and disadvantages of different control techniques with 

respect to a variety of quantitative criteria like ISE and travel, and also qualitative criteria 

like cost, operator aspects, computational aspects, constraint/DOF handling, and other 

miscellaneous benefits. 

While the classical PID controllers have been in use in industry and have an 

established track record, and could be equipped with feedforward and gain-scheduling 

arrangement, advanced nonlinear techniques offer significant advantages notably their 

universal tuning, improved controller performance and single compact controller without 

any add-ons. 

7.1 Conclusions and Recommendations 

The following are the conclusions and recommendations from this research study: 

1. Advanced control strategies can be more cumbersome to implement and require more 

time for development, but often show superior performance over conventional 

techniques as far as controller performance is concerned. 

2. Advanced techniques provide insights into the process, especially for model-based 

control, e.g., PMBC and neural networks, and help in the better understanding of the 

process. 

3. The nonlinear model-based techniques of this continuing study show inherent 
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feedforward and gain-scheduling characteristics due to the manner in which the process 

model is built, e.g., for PMBC and NN the inlet flow rate of the water is measured and 

incorporated into the process model. Thus the feedforward and gain-scheduling 

characteristics are inbuilt, not add-ons as is the case for classical controllers. 

4. Broadly speaking, all of the control techniques: both the linear controllers with the 

added feedforward and gain-scheduling features (classical PID, IMC, and MPC) and the 

nonlinear model-based controllers with in-built feedforward and gain-scheduling 

(PMBC, NN) show equivalent performance as far as "goodness of control" is 

concerned. Hence, the final choice of which controller to use in a specific application 

finally rests on other factors like economics, ease of implementation, availability ofa 

DCS (Distributed Control System), operator-fiiendliness, computational power at your 

disposal, and other process management functions etc. 

5. For temperature control, MPC was observed to be good for processes with ill-behaved 

dynamics and deadtime. The heat exchanger had a significant deadtime, and the MPC 

controller took action taking the deadtime into account. The MPC algorithm uses 

dynamic step-response data for its training, so it recognizes the behavior of the process 

dynamically. 

6. NN was observed better for nonlinear processes and in recognizing the nonlinearity of 

the processes. In case of the steam flow controller, the steam flow valve is highly 

nonlinear, but the Neural Network is trained to incorporate this nonlinearity, and shows 

superior performance than linear controllers. 

7. The combination ofa MPC master temperature controller coupled with a NN slave 

steam flow controller was observed to be the overall "best." This can be attributed to 

the fact that the master MPC recognizes the deadtime in the process while the slave NN 

recognizes the valve nonlinearity. 

8. For the heat exchanger system, a control technique trained on dynamic experimental 
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data (MPC trained on step-response data) proved to be better than one trained on 

simulated steady-state data (NN trained on simulated data). 

9. For flow control, advanced model-based techniques (PMBC and NN) were superior to 

classical techniques (PI) due to inherent process modeling and knowledge. 

10. Neural Networks show a lot of promise in systems where little or nothing is known 

and where rigorous modeling is not possible, e.g., an FCC unit. The NN will treat the 

process as a "black box" and form its own model based on the training data. 

11. Model Predictive Control has been shown to be advantageous when dealing with 

multivariable systems and also systems with deadtime. It handles constraints better 

than most other control techniques. 

12. Advanced control strategies have been successfully implemented and 

compared with conventional ones. With further research and development in these 

advanced techniques and the ease of computational power, one hopes to see increasing 

applications of these in industry for the improvement in process control, and 

subsequently, an increase in profits, product quality, safety and environmental 

compliance. 

13. The next graduate study could look at using dynamic neural networks for control of 

systems with ill-behaved dynamics (heat exchanger). The dynamic neural networks 

will be trained on time-series data and hence will recognise time-related occurences 

like deadtime and inverse response, and could show improved control performance. 

14. A more comprehensive comparison of these conventional and advanced control 

strategies is needed on other chemical engineering unit operations like distillation, 

reactork, extraction etc. for any broad-based view to be formed regarding their 

advantages and disadvantages. 
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