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1 Introduction

Theory of inventive problem solving (TRIZ) can be applied to generate new concepts for process

intensification. In order to meet the target performance of the intensified process and to avoid

design bottlenecks due to process operation, the suggested concept need to comprise a feasible

control system. Therefore, a design step, where a systematic procedure for variable selection is

performed, available measurement devices are mapped, and the control design is initialized, is

needed. This chapter presents a systematic approach to tackle these issues in a structured manner in

order to enable a smooth transfer from new innovative ideas into feasible process design from

operation point-of-view.

2 Background

Process intensification (PI) is process development leading to substantially smaller, cleaner, safer,

and more energy efficient technology (Reay et al. 2013). The best known examples come from

chemical engineering and miniaturization, such as miniaturized reactors, fuel processing systems,
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power sources and, on the other hand, integrating unit operations such as reactive distillation and

dividing-wall columns, see (Baldea 2014; Cremaschi 2015). Indeed, a European research

programme has identified that while the highly intensified equipment is largely restricted to

gas\liquid and liquid\liquid systems also the processes involving solids could benefit especially

from continuous mode of operation. However, the intensification of solids handling processes is

challenging due to an apparent risk of particulate fouling (scaling, caking, clogging) leading to

operational and even safety problems. Taking into account also the complexity of the processes, the

intensification project should consider the whole process chain, not only an isolated problem.

Intensified by Design® (IbD®) platform aims to facilitate a set of design tools aimed for PI and

optimization of solids handling processes.

TRIZ can be applied to generate new concepts for PI. As a part of IbD® project, (Livotov et al.

2017) have identified cases where TRIZ and PI methods can be linked efficiently using the platform

supported PI database and TRIZ components. According to the Design of Six Sigma (DFSS)

approach, the output of the concept development phase needs to lead to a sound, invulnerable and

robust system (do the right things, do them all the time) (Yang and El-Haik 2003). As process

control is an intrinsic part of process engineering, without a process control assessment, the target

of DFSS, and new concepts, is unreachable. The theoretical increment in process efficiency gained

through PI might be compromised if the plant is difficult to control and therefore cannot be operated

at its nominal operating point (Mauricio-Iglesias et al. 2013).
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The integrated process and control design can be considered as an essential part in transferring a

new idea into a product or a process. The integrated process and control design has been reviewed

in several studies (Ricardez-Sandoval et al. 2009; Hamid 2011; Yuan et al. 2012; Sharifzadeh 2013;

Vega et al. 2014; Huusom 2015). In the intensified processes, the design of process monitoring and

control encounters new challenges (Nikačević et al. 2012). Therefore, the integrated design

approach is preferable, and it can also lead to novel sensing and actuating solutions in the

intensified processes.

In the early stage of control design, it is crucial to identify the aims of process monitoring, which of

the monitored variables are to be connected to closed-loop control, should the control be automated,

and could the process be optimized during the operation with the proposed control structure.

Integrating such an analysis into the process design stage, the intensified process will also have a

fit-for-purpose, intensified process monitoring and control solution. Next, a systematic approach is

presented to tackle these issues in a structured manner in order to enable a smooth transfer from

new innovative ideas into a feasible process design from process operation point-of-view. Finally,

the tools are demonstrated with a case study example.

3 Systematic approach

Naturally, there exist a number of tools for the integrated design at the early stage. For example,

(Hopkins et al. 1998) have presented a design procedure aimed for eliminating all uncontrollable

flowsheet designs based on a qualitative structural controllability analysis. The systematic approach
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developed here aims to be an accessible tool for initial process control evaluation starting from

information collection. It requires to perform tasks which ensure that all the reasonable

interconnecting elements are taken into consideration before proceeding into more detailed design.

The approach assists the user to screen and solve the monitoring and control issues of the process

design in hand. The systematic approach is divided into three main steps; Initial process analysis,

Monitoring advisor, and Control advisor. Here, we focus on Initial process analysis and Control

advisor. The flowsheet of the approach is presented in Figure 1. The associated tools are presented

in following subsections.

Figure 1. Systematic approach for the initial control design for new process concepts.

3.1 Initial process analysis

The initial process analysis step has various objectives. First, the process boundaries and the list of

potential monitored variables need to be identified.  Then the variables are classified into controlled,

manipulated and disturbance variables. Moreover, the critical process parameters and critical
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quality attributes are specified, and the relationship between the selected variables are evaluated.

The identification of process boundaries is needed as the control design typically has slightly

different boundaries as the process design due to auxiliary equipment, energy and material

exchange, and disturbances. This step can be conducted with purely qualitative information and is

therefore suitable for being performed for any new process concept. The systematic procedure for

the initial process analysis mainly follows the principles of the design steps for the basic control

scheme presented in (Roffel and Betlem 2006).

3.1.1 Control enquiry and variable classification

The aim of the control enquiry step is to study the operation of the process in a structured manner

with the available data such as process flowsheets, PI&C charts, process operational points, process

input (raw materials) and output (product) specifications. The enquiry requires the user to define the

goals of operation (target properties of the intermediate products and the final product), and to

investigate the process boundaries, as well as the external disturbances. If possible, the process

should be divided into independent sub-processes, and the following analysis should be applied

separately for every sub-process.

For each sub-process, the controlled (process conditions, material contents, qualities) and

manipulated (correcting) variables are defined in variable classification step. Moreover, the process

variable(s) that determine the throughput (load) and the recycle flows of the process are specified.



6

In addition to the manipulated and controlled variables, variables may also belong to disturbances,

observed or not applicable\ignored classes. Only one type can be selected for one variable.

3.1.2 Variable prioritization

Here, expert knowledge is used for identifying the critical process variables from the

comprehensive variable list provided by the previous step. Eventually, a decision is made on which

variables are to be considered when the possible monitoring and control solutions are screened. This

step can also be executed quantitatively if model-based tools or experimental set-ups are available.

In this case, a sensitivity analysis (Saltelli et al. 2006) can be performed and the decision can be

based on numerical data. One example of a model-based procedure is presented in (Singh et al.

2009).

3.1.3 Interaction table

In the final step of initial process analysis, the identified (most important/sensitive) controlled

variables, manipulated variables, and disturbances are arranged into an interaction table for the

selected sub-process. Then, a qualitative information of the power and speed of the control between

the variables in the interaction table is estimated. The scale is dependent on the fastest/largest

response. The interaction table acts as a basis for variable pairing and control design in the Control

advisor step.

3.2 Control advisor
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The control advisor allows to evaluate the desired and available control space with the selected

variables, their desired range, and expected disturbances. The control advisor also presents a

procedure for process identification, control strategy development, implementation and verification.

In order to evaluate the control space, the qualitative information used in the previous step needs to

be converted into quantitative information. Naturally, this information is difficult to obtain in the

conceptual design phase. The tools can, however, be used also for inaccurate data, allowing the user

to inspect the sensitivity of changing process interactions and disturbance space to the design space

and control space.

3.2.1 Interaction matrix

The interaction table for the selected sub-process generated in the initial process analysis step need

to be updated with quantitative information. If quantitative information is not available, or cannot

be estimated, the user can use the qualitative interaction table and the guidelines presented in

(Roffel and Betlem 2006) for the variable pairing and selection of basic control schemes. If

quantitative data are available, the interaction table corresponds an interaction matrix, or a steady-

state gain matrix between the selected inputs (manipulated variables, disturbances) and outputs

(controlled variables). Also inaccurate estimates can be used. In this case, the matrix represents one

possible process expression and the analysis should focus on the sensitivity of different interaction

gain estimates to control space and variable pairing. If results are found to be highly sensitive, the
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proposed control strategy does not have generalizable features, and is not feasible for the process

concept studied.

3.2.2 Variable pairing

The selection of inputs and outputs (IO) in a small system may sometimes be intuitive. The larger

the system, the more difficult is the pairing of variables, and performance, complexity and costs of

the system may be far from the optimized solution. Systematic methods for variable selection, or

input-output (IO) selection, have, for example, reviewed in (van de Wal and de Jager 2001). In the

initial phase, a simple criteria based on linear models and IO controllability measures can be

recommended. One of the most popular method is the relative gain array (RGA) (Bristol 1966),

requiring only a steady-state gain matrix (that is the interaction matrix) as an input, and the RGA

matrix as an output. The RGA matrix can then be used with some basic rules to find recommended

input-output pairs for univariate control loops. Alternatively, the RGA matrix can indicate the need

for multivariate control strategies instead of distributed univariate control strategies.

3.2.3 Control space analysis and detailed design

The interactions can be inspected more closely with more sophisticated controllability measures.

Due to its visual interface, the output controllability index (OCI) developed in (Vinson and

Georgakis 2000) is used here. OCI indicates whether the allowable input space (range of

manipulated variables) can satisfy the desired design space (range of controlled variables) with or

without the presence of the expected range of disturbances. In this simplest form, the control space
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evaluation is made with steady-state linear models and is therefore well suited for the initial process

control design. In the detailed design, the same analysis can be conducted with non-linear and

dynamic models (Lima and Georgakis 2010).

The concept phase evaluation is followed by a detailed control design step. It supports, for instance,

process identification, control algorithm development, and controller tuning tasks for particular

application. In this step, it is necessary to use detailed dynamic simulation models and/or real

process environment, and is therefore beyond the concept phase evaluation.

4 Case example

The systematic approach described in Section 3 has been applied for a flash flotation cell, a unit

process used in an intensified mineral beneficiation process (Newcombe et al. 2013). Table 1

presents a fictitious interaction table with qualitative information for a small scale flash flotation

cell. Based on the initial analysis, major disturbances arise from upstream raw material density

variations (DV1) and feed flow variations (DV2). One possible control strategy could involve the

feed density (CV1) and cell froth depth (CV2) as controlled variables, and water addition rate

(MV1) and air addition rate (MV2) as manipulated variables. Ideally, product throughput and

quality (mineral concentration and particle size distribution) are controlled, but they cannot be

effectively measured online. Table 2 depicts the quantitative strength of interactions, the range of

studied variables and their target values in this case example. The analysis is based on uncertain

interactions around the nominal and target values of the process.
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Table 1. Qualitative interaction table for the case example.

CV1 CV2

MV1 Moderate

Fast

Small

Slow

MV2 Nil Small

Fast

DV1 Large

Fast

Small

Slow

DV2 Moderate

Fast

Small

Fair
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Table 2. Quantitative values for the case example. CV1 is the feed density (kg/m3), CV2 is the froth

depth (cm), MV1 is the water addition rate (L/h), MV2 is the air addition rate (L/h), DV1 is the raw

material density (kg/m3), and DV2 is the feed flowrate (L/h).

CV1 CV2 Nominal Minimum Maximum

Target 1700 7 n.a. n.a. n.a.

Minimum 1675 6 n.a. n.a. n.a.

Maximum 1725 8 n.a. n.a. n.a.

MV1 0.51 -0.08 90 0 500

MV2 0 0.15 300 260 340

DV1 0.85 -0.04 1700 1600 1900

DV2 0.71 -0.10 500 500 700

For the variable pairing, the interaction matrix (Gss) between the manipulated and controlled

variables can be written as in Equation 1:
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The corresponding RGA matrix is presented in Equation 2:
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In the RGA matrix, there is one dominating entry to each column. Hence, the RGA matrix indicates

that there are no severe interactions and two univariate control loops could be established; first one

between MV1 and CV1, and the second one between MV2 and CV2. From the process engineering

point of view, utilizing the water addition rate (MV1) for controlling the feed slurry density (CV1)

and adjusting the froth depth (CV2) with the air addition rate (MV2) is reasonable.

For the control space analysis, also the variable ranges and disturbances need to be evaluated. In

Figure 2, the control space without accounting for the disturbances is presented. In this case, the

control space analysis indicates that the range of MVs is feasible to cover the design space

(sOCI=1). It can also be seen that MV1 has unnecessarily large range. In Figure 3, the analysis

involves the effect of expected disturbances as well. Clearly, the available control space cannot

cover the design space and expected disturbances (oOCI<1). Therefore, the process and control

design is not feasible unless the process design is altered. Without the identification of disturbance

variables and taking into account their prevailing effect on process behavior, a false justification of

the controllability and therefore the feasibility of the proposed process concept could be made.
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Figure 2. Control space analysis without taking into account the disturbances. MV1 is the water

addition rate (around the nominal value of 90 L/h), MV2 is the air addition rate (around the nominal

value of 300 L/h).
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Figure 3. Control space analysis when disturbance variables are taken into account. MV1 is the

water addition rate (around the nominal value of 90 L/h), MV2 is the air addition rate (around the

nominal value of 300 L/h).

How can the process design be altered in order to meet the controllability requirements? There are

several alternatives to change the process requirements. The first option is to allow more variation

in the design space (range of CVs). However, this option is often the last choice or compromise, as

the intensification targets cannot be fully achieved. The second option is to expand the ranges of the

MVs. It should be noted that there might be physical limitations to the manipulated variables which

eventually determine the allowable range. For example, in Figure 3, it can be seen that the range of

MV1 should be expanded by setting the lower limit to -280 with respect to the nominal value.



15

However, Table 2 depicts that the nominal value is 90 and the current minimum value is zero.

Evidently, a negative water addition rate (L/h) cannot be established and the expansion of MV1

range is not possible in this case. The third option is to control the upstream disturbances by some

other means, hence reducing their effect in the inspected sub-process. This approach requires

availability and expertise of plant-wide interactions, and may be beyond the process concept

evaluation. The fourth option is to discard the proposed set of variables and try a different set of

MVs (and possibly CVs). If none of these lead to a controllable process, the process concept studied

cannot be seen feasible from the process operation point of view.

4 Discussion and recommendations

As presented above, the proposed procedure offers a systematic way for designing control systems

for intensified process concepts generated using the TRIZ approach. Together with the tools for

choosing the suitable measurements (Monitoring advisor), it will make easier to achieve the feasible

monitoring and control solutions in different PI cases. Therefore, for its part, the approach paves

way for the industrial adoption of intensified processes. As a limitation, the proposed approach

focuses on designing control systems for unit process level. The intensification, in turn, is likely to

have an effect on one or more control subsystem(s) consisting of several unit processes, and maybe

even plant-wide planning, scheduling and optimization. However, it is an industrial practice to

evaluate these aspects during detailed control design and implementation process. In the detailed

control design, dynamic behaviour (time-dependency and transitions between different steady-
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states) of the system need to be considered, as well. Dynamic behaviour is an essential feature in

control design, but dynamic analyses require detailed models or experimental data, which are likely

out of reach during process concept design. Another limitation to the proposed tools is that the

control space analysis can efficiently be visualized only to small systems. Larger systems require

interpreting several combinations, or evaluating only the numerical controllability measure.

It will be interesting to observe if TRIZ can produce inventive solutions for integrated process and

automation solutions as well. The discussion has been initialized in (Chechurin et al. 2016).

Intuitively, the systematic approach presented here could benefit from internal TRIZ exercise

targeted to monitoring solutions, for example. With the new monitoring solutions, a different set of

variables and therefore new control strategies could be considered. Moreover, the results from this

systematic procedure may initialize a need for TRIZ exercise, for instance, to overcome the physical

limitations of manipulated variables or to control upstream disturbances.
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