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1. Introduction

Software for chemical process simulation has been used since its first release as the common tool to solve mass and energy balances. With the fast development of computers and associated operating systems, the technical capabilities of these tools have been expanded tremendously, reaching nowadays a very high level of rigorousness and maintaining its user friendship to a high degree of comfort.

Process simulation has seen its use being spread among engineers and, in these times it is being used in all Chemical Engineering fields of knowledge, covering all the lifecycle of a chemical plant. While classical process simulation, or steady state simulation, has been a fundamental tool for the design phase of the unit operations and installations, the non-steady state or dynamic process simulation has become a necessary tool to accomplish the full design of the rest of the plant. Our intention in this work is to show the many aspects where, in the plant lifecycle, dynamic simulation could be applied and specially those where its use is a real competitive advantage.

2. Chemical Plant Lifecycle

In order to find answers to the infinity of questions and problems that can appear in a productive plant, it is nowadays possible to use simulation software in the whole plant lifecycle, from the conceptual idea of the new project until the operating plant finishes its activities. Our vision is to consider plant lifecycle composed of the following phases:

· Conceptual Design

· Process Design

· Detail Design

· Plant Construction

· Plant Commissioning

· Operations and Maintenance

A computer simulation approach that would intend to cover all plant lifecycle should contain a central heart of thermodynamic data and engineering knowledge that should be feeding all the above phases with common information that wouldn’t need to be reentered or recalculated.

The need of dynamic simulation changes as the plant lifecycle advances along the phases mentioned above, from a minimum need at the initial conceptual design stages to a maximum while operations, maintenance and operators training needs approach.

2.1 Conceptual design

Process synthesis is the activity of generating ideas to develop new processes or alternatives to existing ones, using available knowledge, in order to produce new materials or to significantly upgrade the value of existing materials. In that sense, a company could use process synthesis techniques to produce it own raw material, to convert a by-product into a valuable product, to create a completely new material, to find anew way of producing an existing product, to exploit a new technology…

The design cost depends on the level of detail of the estimation. During the initial steps of the process, when it is still not decided the project where the company has to invest, it is recommended to elaborate in the fastest and most economic way a preliminary design with possible alternatives that could be screened and evaluated.

Many aspects are to be considered when designing processes. To obtain a fast and economic design it would be desirable to have a methodology and a series of rules that coming from previous experience would allow developing a design very close to the optimum. The process synthesis methodology, plus some alternative selection rules and the simulation tools will allow finishing a full plant design in an optimum time. Douglas (1984) describes such a methodology as conceptual design of processes, based on different levels of decision making. To apply the rules of Douglas it is possible to use simulation software, usually in steady state to get information on thermodynamic data, mass and energy balances, preliminary design of alternatives…

It is not common to use dynamic simulation in that design phase. It is necessary that time becomes a key variable in the selection of the alternatives. It might be needed in design of batch processes, reactors, packing and mixing devices, transport or products, etc. Commonly, only in processes where the main characteristics depend on time and on the integration of any property.

2.2 Process Design

The design of a continuos chemical process is usually carried out at steady state conditions for a given operating range, it being assumed that a control system can be designed to maintain the process at the desired operating level and within the design constrains. However, unfavorable process static and dynamic characteristics could limit the effectiveness of the control system, leading to a process that is unable to meet its design specifications. A related issue is that, usually, alternative designs are judged on the basis of economics alone, without taking controllability and resiliency into account. This may lead to the elimination of easily controlled, but slightly less economical, alternatives in favor of slightly more economical designs that may be extremely difficult to control. It is becoming increasingly evident that design on the basis of steady-state economics is risky, because the resulting plants are often difficult to control (i.e., inflexible, with poor disturbance-rejection properties), resulting in off-spec product, excessive use of fuel, and associated profitability losses.

Consequently, there is a growing recognition of the need to consider the controllability and resiliency of a chemical process during its design. Controllability can be defined as the ease with which a continuous plant can be held at a specific steady state. An associated concept is switchability, which measures the ease with which the process can be moved from one desired steady state point to another. Resiliency measures the degree to which a processing system can meet its design objectives despite external disturbances and uncertainties in its design parameters. Clearly, it would be greatly advantageous to be able to predict how well a given flowsheet meets these dynamic performance requirements as early as possible in the design process (Seider et al., 1999)

2.3 Detail Engineering

The design data that is needed to develop the detail engineering are usually obtained from steady state simulation software. The selection of the best suited basic control strategy and of the variables that have to be selected for the control strategy is an aspect of the detail engineering which importance is often underestimated.

2.3.1 Control structure selection

Since the seventies no other technique more intuitive, efficient and practical than the Relative Gain Array (RGA) is known. It is used to select the pairs of variables better suited among the manipulated and controlled ones (Shinskey, 1996). Relative Gain is a measure of the influence a selected manipulated variable has over a particular controlled variable relative to that of other manipulated variables acting on the process. The relative gain is defined as the ratio of the effect a particular manipulated variable has on a particular controlled variable with all loops open, to that observed with all other loops closed. From this definition, it is possible to calculate analytically the value of the ratio for some process. In fact, they exist for binary and multicomponent distillation. In more complex systems where no direct solution exists and iterative calculations may be needed, a steady state simulator could be used.

There no exist general rules for the selection of the global control and optimization strategy of a given process or unit. Only the initial selection of the manipulated variables is straightforward (usually, as many as control valves or actuators contains the unit or the process section). The rest of the control strategy design (selection of the controlled variables, calculation of the process degrees of freedom, definition of the manipulated and controlled variable pairs in distributed control or calculation of the control matrix in multivariable predictive control) is closely related to the objectives of the quality control, plant profitability and safety concerns as well as to operator’s convenience.

Going back to the definition of relative gain, it is possible to conclude that such analysis is not complete because in any control strategy the process dynamics is important and this aspect is not being calculated. Nevertheless, if the relative gain analysis is performed with simulation software that dynamically evaluates the effect of the controlling loops with the ones that are not controlling, it will be possible to increase the fidelity of the calculated interactions between variables and the selection would be more efficient. It is clear that dynamic simulation is a tremendously helpful tool in here helping the control engineer to select the best-suited pairs of controlled/manipulated variables.

2.3.2 Advanced Control and Optimization

The characteristics of the process control have been closely related to the availability of systems capable of solving the mathematical algorithms. From the first pneumatic PID controllers to modern computers with their enormous calculation power, there have been developed an extensive list of control techniques adapted to each of them.

The oil and petrochemical industry, due to the complexity of the involved processes and to the possible improvement opportunities, has been the perfect scenario to implement not only new algorithms but also combinations of them in always more complex control strategies. This way of working is known as decentralized control and was during the seventies decade when the plant control engineer solved the problems combining different versions of the PID algorithm, dead time and lead-lag compensators, selectors, etc. It existed so modularity in the conception of the control strategy and its design consisted in determining the more important interactions by plant tests, in choosing the manipulated and controlled variables and in building the advanced control application. Nevertheless, during the mentioned decade, even though the optimal control techniques were developed, in practice they were not widespread implemented basically because they were considered inappropriate to select the control strategy and due to the effects that such a design had on the operability of the units. Additionally, the lack of perfect models, the high order of the controller, the non tolerance to errors, etc. contributed as well to limit the successful implementation of such advances into the industry.

This would explain the low participation in control forums about those themes. For instance, only 200 participants attended the 1979 Denver’ Automatic Control Conference while only six contributions were presented to the year before AIChE’s annual meeting. The following decade, perspectives changed significantly and 800 contributions were presented to the American Control Conference in 1988 and 80 to the AIChE’s annual meeting. Probably, one of the reasons was the development of the Multivariable (model based) Predictive Control (MPC) techniques (Morari, 1988)

2.3.3 Model Predictive Control. Centralized Control

The model predictive control appears in industrial applications at half of the eighties and its utilization grown very quickly. This technique has been the most important development in practical applications of control strategies for several reasons:

· It describes in a simply and easily understandable way the relations between variables. The plant models are lineal relationships between the variables.

· The calculation of set points of the manipulated variables is done in a centralized way.

· Process restrictions are taken into account in an optimal way, minimizing the errors of the manipulated variables against the set points. The formulation of the control matrix is dynamic so the process degrees of freedom are analyzed at every execution.

· Formulating the control matrix at every execution it is possible to configure certain tolerance to errors.

· The fitting of the application is performed with simple parameters like controlled variables trajectory and the weight of each one with respect to the others.

These particularities, the majority of them very familiar to the conventional control environment, were the reason why multivariable predictive control expanded very quickly and that still today is a growing technology.

2.4 Plant construction

The efficiency of a predictive control application depends on the ability of obtaining good plant models. It is not always possible to perturb adequately a unit in order to obtain the responses to be later treated by statistical methods (time series analysis) to develop the plant dynamic models. On the other hand, it is common to obtain series with a noise level so high that they become non-useful. Finally, variable colinearity problems avoid that many statistical packages could obtain good enough plant models.

First principles dynamic simulators can be successfully used to obtain approximated plant models to be later fine-tuned with plant tests. The advantages of using dynamic simulation are not only the possibility to obtain noise-free models but to finish to develop the advanced control application even before the real plant has been built.

2.4.1 Tendencies in modeling and process control

Process control is obviously one of the main activities to operate a unit in a safe and efficient way. It is related with the rest of activities of any industry, and acts as a platform for all of them, like operation, safety, environmental care, quality control, data reconciliation and optimization.

All the above fields have seen their implementation improved in industries thanks to the development of new mathematical models and faster and bigger process control computers. Nevertheless, there are still some concerns about existing limitations in instrumentation availability and in its reliability and about the difficulty of obtaining reliable dynamic models (Macías and Feliu, 2000)

Availability and reliability of plant instrumentation

Since the beginning of the implementation of on-line analyzers for process control (the development of which has been spectacular during last twenty years) the availability of final product quality measurements has grown considerably. Process control has become as well quality control and optimization. Nevertheless, there no exist automatic on-line analyzers for all needed process variables and its reliability is still far from conventional instrumentation.

If the desired on-line analyzer does not exist in the market or its reliability it is not good enough, it is possible to infer the desired measurement using basically two methods: a) empirical, so applying statistical methods to process information (instrumentation data series, feed data, etc.); or b) developing a rigorous dynamic model of the process from feed quality data, operating conditions and fundamental equations of chemical engineering.

Availability of mathematical dynamic models

Option b) above is not always possible due to the fact that the enormous quantity of information that is needed to build the model is not necessarily available. With regards to fundamental equations, the availability in the market of first principle dynamic simulators with scalable rigorousness (that permits the user to increase or decrease the complexity of the mathematical model, depending on the application that the model is intended for), like Hysys from Hyprotech, simplifies the process control engineer task in the sense that the unit models are available and ready to be installed and used with low engineering and no programming effort.

Consequently, both above aspects (instrumentation and mathematical model availability) are related and represent the way that modeling problems has been approached by industry.

2.5 Operations and Maintenance

2.5.1 Optimization by means of rigorous plant models

Commonly, process optimization has been closely related to process control. Optimization algorithms are classically connected with the control strategy. The list of methods is long and they go from search methods (being EVOP, EVolucionary OPtimization, the most popular one) or gradient methods for non-linear systems to lineal programming for lineal systems.

The availability of rigorous process simulators has allowed developing strategies that use those rigorous models to determine the optimal process conditions and later send the set points to the control system.

If the feed to the unit, the product specifications, process restrictions and search criteria are known, the problem is reduced to the mathematical solution of the rigorous model. Nevertheless, there are two aspects that need better development:

Availability of information to execute the simulation of the process

In order to be able to execute a rigorous simulation of a process it is mandatory to have an exact image of the feed composition to the process, and plant instrumentation that allows automatic calculations. But this is not always possible because no on-line analyzers exist in the market or because its cost does not economically justify its installation. This is showing again the need of inferential calculation of properties using the available information in the plant.

The process simulator needs coherent data to perform its calculations, so energy and mass balances have to be closed. The first step before applying the optimization algorithm will then be a reconciliation of the obtained measurements. Later, once the process simulator has generated the operation conditions that it believes corresponds to the optimum, it is necessary to compensate the error find in the instrumentation to be sure that the generated set points are coherent with the process.

Optimization in steady state against optimization in non steady state

Even though some commercial software is available that develop rigorous dynamic models that would make possible the optimization in non steady state, the most used technique for short term optimization is the model predictive control (the multivariable application is configured to perform the optimization using dynamic plant restrictions and taking one variable as objective function. Such variable can be an exiting one in the plant or a calculated one), while for long term optimization steady state rigorous simulation is used.

2.5.2 Process control by inferential calculation of properties

What we have been exposing so far demonstrate the need of inferential measurements to accomplish the objectives of process control and optimization. It demonstrates as well that the calculation of a measurement by means of a rigorous mathematical model requires more information than the one is usually accessible. This gap of the rigorous methods to estimate inferential values has determined that such variables are usually obtained by statistical methods.

The statistical calculations performed on time series can encounter several difficulties coming from the nature of the data, its availability, the operating limitations of the industrial scale process units to run the plant tests, etc. Among the mathematical techniques they can be mentioned the multivariable calibration by partial least squares or the neural networks. Each of them has some advantages like the immunity to noise of the PLS and the possibility of non-lineal calibration of the second one. The reasons to justify a study to determine a property by inferential means will be related to the availability of the measurement on-line, the amount of the investment, etc.

Obviously, first principles dynamic simulation can be used to generate data series, free of uncertainties in the measurements, that would allow improving the quality of the predictions. Again, when data could not be obtained from plant tests, dynamic simulation would be an ideal source for such data.

Data prediction by indirect methods is a strategic field in current industrial applications. This is corroborated by the fact that no published references describe the whole applied methodology.

2.5.3 Operator training

A simulation-based operator training system provides an environment to improve operational performance. The costs and risks associated with not having an operator training system can be great. Plant damage, accidents, and production interruption all contribute to significant financial losses. To maximize the investment, one must choose a system that is easy to use, maintainable, and can support engineering tasks as well as operator training.

A dynamic operator trainer enables operators to practice start-ups, shutdowns and upset or emergency conditions in a risk-free modeling environment to improve plant operations and product quality. Through simulated training exercises, operators develop the process understanding they need to increase plant safety, reduce the number and severity of plant environmental incidents and improve operating performance during process upsets. With real-time dynamic simulation capabilities, operations personnel can practice responding to abnormal and emergency operations in a familiar working environment using their actual control system hardware or a high fidelity emulated platform. Experienced operations personnel can also benefit from the implemented system through refresher training courses or learning new operating procedures as part of their job rotation.

An advantage of having the operator training system based on rigorous dynamic simulation models is that a virtual image of the plant exists where to experiment with alternatives. Regulatory control schemes can be studied or modifications of existing ones and their impact in plant model. Multivariable process control schemes can be developed or get trained in the existing one and evaluate the behavior of alternatives before the implementation. This builds up certain confidence of the operator in the multivariable control project increasing its acceptance among operators.

The dynamic simulators available in the market today have contributed to change the concept that industry had about operator training systems. Historically, manufacturers had to invest in expensive, difficult to configure, single-purpose training systems. With systems like Hysys.OTS from Hyprotech, the detail and accuracy captured in the first principles engineering models can be easily extended and integrated with physical plant operation to implement operations training programs. With a single simulation model, changes in the actual process operation can be quickly incorporated into the simulation model to maintain model accuracy over time. The models developed for training can be taken off-line and used as the basis for engineering and control projects aimed at removing process deficiencies.

3. Conclusions

The use of dynamic simulation in process engineering is being used and implemented in every day more applications due basically to the availability of the softwares and to its user friendship, together with the increasing power of existing computer platforms.

The fields where traditionally dynamic simulation was commonly used were related to stability studies of control systems. Its use is being generalized in detail engineering to select the more adequate pairs of controlled/manipulated variables. In multivariable predictive control strategies dynamic simulation is used to simulate plant tests in order to avoid real plant perturbations. The use of dynamic simulation in operator training systems and related activities was mandatory since the beginning but newer dynamic simulators are changing the perception that industry has about it, incrementing considerably the number of projects that are implemented.

It is as well possible to use dynamic simulation models to generate time data series to calibrate inferential control models. The characteristics of such models differ from classical ones (obtained from plant data hourly averages, steady state gains as a result) in the sense that they contain dynamic information. An appropriate combination should provide better dynamic behavior when the properties obtained from inferential models are used in advanced control strategies.
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