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Abstract. The stringent industrial requirements coupled with complex optimization issues make industrial 
processes challenging to control. These inherent challenges include mathematical modeling of physical 
processes, modeling deficiencies, multivariable interactions, time varying parameters, time delays, 
uncertainties, nonlinearities etc… It is far beyond the scope of  conventional control algorithms to deal with 
these challenges. Over the past few decades, several advanced process control strategies have been proposed 
and deployed on commercial basis to overcome these challenges. The paper presents a succinct overview of 
advanced process control strategies including adaptive control, model predictive control, artificial intelligent 
control systems etc… The paper also details the status quo of advanced process control schemes in several 
industries like oil industry, petrochemical industry, paper and pulp etc… 
Keywords: advanced process control, adaptive control, model predictive control, non linear control, soft 
computing, artificial intelligence. 
 
Introduction 
 
The main objective of control systems in the 
process industry is to provide good regulatory 
control at some desired optimum operating 
point, to allow rapid and smooth transition to 
new optimal operating points if required, to 
ensure safe and reliable operation and handle 
normal and emergency conditions such as plant 
start up and shut down [1]. The classical control 
techniques were able to satisfy the simple 
requirements of process industries in the past. 
However, the rapid increase in production of 
various products, the requirement of high quality 
and intense market competition warrant the 
development of new control strategies. 
Specifically, these advance process mechanisms 
are justified by the following industrial 
requirements: 

• Increased Throughput. 
• Higher Quality Products. 
• Increased Utilization of Raw Materials. 
• Decreased Energy Utilization. 
• Rise of Environmental and Safety Issues. 
• Tighter material and energy integration. 

Advanced process control (APC) is the leading 
edge technology to reduce costs and improve 
quality of chemical processes. It is based on 
models describing the process dynamics – 
mathematical models, neuronal networks, and 
fuzzy logic models, for example. 
Using the methods of APC (model predictive 
regulations, neural nets, fuzzy control, etc.) 
specific process characteristics (interactions, 
multi variable systems, etc.) can be taken into 
account and suitable process control strategies 
can be derived. From this fact a significant 
benefit for the customer in the plant might be 
realized, for example by efficiency increase, 
throughput increase and quality improvement, 
raw material and energy savings and/or 
reduction of laboratory analyses. 
 
Challenges in Industrial Process Control 
 
In industrial process control, challenging 
problems are inherently present at all levels. The 
problems are so involved that they can not be 
handled with conventional control. These 
inherent characteristics include:  



• Process dynamics are often not perfectly 
known. 

• Detailed modeling leads to complex high 
order models, distributed parameters and 
nonlinear structure 

• Linearization often leads to loss of physical 
information. 

• Process plants have multivariable 
interactions 

• Constraints on manipulated and controlled 
variables. 

• Several important variables are not 
measured continuously. 

• Sensor noise 
• Varying environmental conditions 
• Raw material quality fluctuations and 

changing process conditions. 
• Disturbances 
• Time delays are often present due to 

transportation lags and sensor time lag 
• Non minimum phase behaviour of some 

processes 
• Time varying nature 

 
Overview of Potential Advanced Process 
Control Algorithms 
 
Adaptive Control 
 
In the adaptive control scheme, the controller 
parameters are adjusted (in an automatic 
fashion) to keep up with the changes in the 
process characteristics [2]. There are various 
types of adaptive control schemes , differing 
mainly in the way the controller parameters are 
adjusted. The most important ones are: 

1. Scheduled Adaptive Control 
2. Model Reference Adaptive Control 
3. Self Tuning Adaptive Control 

 
Fig 1. Generic Adaptive Control System 

Adaptive control is suitable for systems that 
change with time or are not initially well known. 
It is not robust enough when the degree of 
uncertainty is high.  
 
Model Predictive Control 
 
Model Predictive Control (MPC) has enjoyed 
remarkable industrial success where others have 
failed primarily because, to date, it is the only 
methodology that allows the important 
performance criteria to be incorporated directly 
into the controller design formulation [2].  
 

 
Fig 2. Block diagram for Model Predictive 
Control System 
 
Basically, the algorithm generates a model of 
the system that used in : 

i) prediction of future output values 
from known inputs 

ii) computing the future values of the 
manipulated variables which will 
force the system output to follow 
some desired trajectories. 

There are many factors that contributed to the 
success of MPC. MPC utilizes the step or 
impulse response as a process description, which 
allows time delays and complex dynamics to be 
represented with ease. MPC is more suitable for 
complex processes involving large number of 
manipulated and controlled variables. It has 
capability of handling the physical constraints.  
 
Multivariable Predictive Control (MVPC) 
 
The Multivariable Predictive Control (MVPC) 
technology is more suited for processes 
involving many variables, multiple interactions 
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and significant response delays between inputs 
and outputs. The MVPC controller incorporates 
both feedback and feedforward type control 
actions in controlling both the present and 
predicted trajectories of the controlled variables. 
Constraint pushing and cost optimization can 
also be easily added to the control matrix. While 
it is possible to configure several DCS blocks 
with feedforwards, ratios, etc., MVPC provides 
an elegant approach that can reduce lifetime 
maintenance costs and generate higher benefits.  
 
Non Linear Control 
 
As a matter of fact, virtually all physical systems 
are nonlinear in character. When the 
nonlinearities of a process are mild, the classical 
approach of linearizing the process around an 
operating point and designing a controller for 
the linearized model is recommended. When the 
nonlinearities are more pronounced, the classical 
controller will not be effective, and alternative 
approaches are called for. The various adaptive 
control schemes will usually work well under 
these conditions.  
 
Fuzzy Logic 
 
Fuzzy logic belongs to artificial intelligent (AI) 
control systems. These techniques are useful for 
ill-defined industrial processes where little 
information is available about the dynamic 
behaviour of the process. Such a situation arises, 
for example in the case of plant start up and shut 
down. This technique provides a mean of both 
capturing human expertise and dealing with 
uncertainty.  

 
Fig 3. Control System using Fuzzy Logic 

 

Neural Network 
 
Another popular technique from AI control is 
Neural Networks. Based on the idea of the 
human brain, the neural network is a network of 
input nodes, hidden layers, and output nodes 
with weighted inputs to each node in the hidden 
layers.  

 
Fig 4. Control System using Neural Network 
 
When the modeling is expensive or difficult it 
can be avoided using Neural Networks. In 
contrast to normal modeling equations that may 
involve a specific algebraic form with 
parameters, neural network models have no 
fixed functional form. One simply specifies the 
structure of the network and then fits the input 
weights as parameters. Neural networks have 
been applied to process control in many ways. 
One of the most successful has been in 
interpreting spectra and other data from on-line 
instrumentation [3]. Other applications include 
dynamic modeling, the use of neural networks 
as controllers, and in-process fault diagnosis [4-
8]. 
 
Genetic Algorithms 
 
Genetic Algorithms (GA) is a kind of 
evolutionary computation that finds a global 
optimum solution by emulating the natural 
genetic evolution. In many control optimization 
problems, the cost functions could be non-
differentiable and/or discontinuous with various 
forms of constraints; as a result, the classical 
gradient/heuristics search strategies will fail. GA 
and some other evolutionary computation 
techniques have been recognized as the 
attractive future directions in developing 
industrial optimization solutions. 
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Expert Systems 
 
Perhaps the most mature area of AI applications 
is that of expert systems. An expert system is a 
computer program with a user-friendly interface, 
a knowledge base, and a logic system. These 
combine to allow the program to provide advice 
and information, and to answer questions based 
on the knowledge database and logical rules 
preprogrammed into the system. Expert systems 
are useful for complex control processes when 
the information is imprecise and uncertain. They 
can provide the results offhand by avoiding time 
consuming process modeling.  
Today expert systems can be rapidly configured 
using powerful development tools which aid the 
creation of the knowledge base and the rules. In 
process control, expert systems are being used to 
provide assistance in control system design, as 
well as in guiding data interpretation, alarm 
handling, failure detection, and controller action 
in real time [2, 9-11].  

 
Fig 5. Use of Expert Systems in Control 
 
Soft Computing 
 
The combination of expert systems, fuzzy logic, 
neural network and evolution computing is 
termed as the soft computing [12]. Each of these 
components has its own strengths and 
weaknesses. Expert systems are mainly 
concerned with uncertainty, fuzzy logic with 
imprecision, neural networks with learning and 
evolutionary computation with optimisation. A 
good hybrid system brings the advantages of 
these technologies together. Their synergy 
allows a hybrid system to accommodate 
common sense, extract knowledge from raw 
data, use human –like reasoning mechanisms, 
data with uncertainty and imprecise  

Survey of Applications in Process Control 
Industry 
 
Applications of Model Predictive Control 

1. Aircraft flight control, jet engine control 
[13, 14]  

2. Superheater, steam generators, utility 
boiler [15, 16]  

3. Transonic wind tunnel [17]  
4. Fluid catalytic cracking units [18, 19, 20] 
5. Batch reactor [21]  
6. Several processes in the pulp and paper 

industry [22, 23]  
7. Hydrocracker reactor [24, 25, 26]  
8. Distillation columns [27]  
9. Polymer extruder [28] 
10. Olefins plant [24, 29]  

 
Applications of other advance process control 
mechanisms will be presented in the full paper.  
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