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Abstract

the aim of this research is to provide an interactive and user-friendly
visualization tool geared towards Model Predictive Control (MPC)
that provides an intuitive presentation of data, and incorporates
constraint and gain data in a way that facilitates controller diagnosis.
Despite extensive development in the performance aspects of MPC
algorithms, there has been little development in the tools used to
visualize and interact with MPC systems. Users of such systems may
therefore experience difficulty in troubleshooting, especially when
there are large numbers of variables. To alleviate this difficulty, we
are outlining our design for an interface that incorporates principles
from information visualization, computer science, and advanced
process control (APC), in order to facilitate the process of controller
diagnosis. Data related to the Linear Program (LP) layer of the
control structure are used to develop visualization tools that aim
to improve the quality of human-automation interactions. The tasks
required in diagnosing a controller are analyzed and abstracted into
generic computer science-based operations. These tasks are fed into
a nested model for visualization design along with the relevant data,
and both are combined to design the final visualization tool. Specific
design decisions regarding the gain matrix and constraint data are
discussed in detail, and a brief history of interactive heat maps is
examined in order to contextualize the design decisions. The layout
and interactivity of the final visualization tool are discussed in detail.
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1
Introduction

Model Predictive Control (MPC) is an advanced feedback control
algorithm that has become accepted as an industry standard in a
variety of processes. While MPC implementation has advanced
into a more complex and effective algorithm for controlling large
multi-input multi-output (MIMO) systems, the availability of expertise
in MPC commissioning, monitoring, and maintenance has become
increasingly limited [1]. Since MPC is a model-based control strategy,
understanding the underlying behaviour of the process model (in
terms of steady-state gains, transfer functions, etc.) is essential for
effective controller diagnosis.

While MPC has developed considerably since its inception, there
has been an apparent lack of development in the tools used to visualize
MPC controllers in action [1]. Often the packages that implement
MPC, such as AspenTech’s DMCPlus, use dense, tabular views to
convey model information. Operators and engineers who use MPC
with these types of views may experience difficulty in firstly getting
acquainted with it, as well as with monitoring and troubleshooting
the controllers when in use. DMCPlus, for instance, spreads out
information pertaining to controller ‘health’ over many static tabs
and sheets. For control systems with small numbers of variables,
users may not experience any difficulties navigating through controller
data. However, MPCs often involve more than 50 variables [2] - for
instance, the MPC system used for the Fluid Catalytic Cracking
(FCC) unit at the Parkland refinery in Burnaby has 44 manipulated
and feedforward variables (MVs and FFs) and 64 controlled variables
(CVs)1, making navigation through model data in this way tedious. 1 MVs and FFs are the independent

variables in the system, while CVs are
the dependent variables. MVs and FFs
are also known as ‘inputs’, and CVs as
‘outputs’.

This is only one example, but the ideas presented here can be applicable
to other MPCs that have similar functions and structures.

An improved user interface for MPC systems can therefore be of
huge benefit to operators and engineers. In designing an improved
visualization tool, the design must follow some methodology that
incorporates evaluation in the design process. Using a rigidly defined
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Figure 1.1: This research takes
principles from information
visualization and software
engineering and applies them
to the �eld of process control
(speci�cally model-based
predictive control) in order
to try and create visualization
tools that assist operators of
such control systems in their
day-to-day tasks. The tools
presented here were developed
with an emphasis on quality of
human-automation interactions.

methodology means that design decisions are more justi�ed, and are
less prone to the pitfall de�ned by Munzner ( 2008) as `Application
Bingo': “where you pick a narrowly de�ned problem domain, a
random technique, and then write an application paper with the
claim of novelty for this particular domain-technique combination”
[3]. The methodology chosen for designing the visualization is
Munzner's “Nested Model for Visualization Design and Validation"
[4] because it provides a clear approach to designing visualization
applications, and because it provides useful suggestions for evaluating
(or `validating') any designed tools. These validation methods are
incorporated into each layer of the model. The issues with current
tools for MPC visualization are discussed, and alternatives are
investigated.

1.1 Problem Statement

Small controllers can be more easily diagnosed using the aforementioned
static displays, but larger controllers are often much more dif�cult
to diagnose using the same tools. This idea forms the basis of the
problem statement.

Based on initial research and discussion with industry partners,
the project is driven by the following research questions:

• How can existing tools for MPC visualization be improved, with
an emphasis on human-automation interactions?

• How can the process of controller diagnosis be made easier using
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data visualization? Is it possible to automate this process using
constraint data from the LP?

1.2 Section Breakdown

Section 1.3 outlines the background of MPC operation and how MPC
systems solve optimization problems and control processes. This
section also discusses the theory behind gain matrices in multivariable
control and provides an overview of the FCC gain matrix at the
Parkland re�nery, then outlines the computational structure of
commercial MPC systems. The principles of LP optimization follow,
along with a generic process for MPC diagnosis. Section 1.4 provides
a literature review that discusses previous work, then discusses
the history of interactive heat maps in encoding data 2. Chapter 2 Interactive heat maps have been used

extensively in this project, which is why
a detailed discussion of their usage in
the past is important.

2 discusses principles of data and information visualization and
how humans understand visual representations of data. Section
2.1 explains the `Nested Model' used to develop the visual tools in
this project, and section 2.2 provides an overview of the `Multi-level
typology' for the development of our task analysis.

Chapter 3 discusses all results from this work: the task analysis
for controller diagnosis is explained in section 3.1, the process for
developing the �nal visualization tool is outlined in section 3.2,
and the �nal visualization tool along with its features are shown
in section 3.3. Chapter 4 explains the limitations of this work and
considerations for future work.

1.3 Background

1.3.1 MPC Concept

MPC is an advanced form of automatic feedback control that is
widely used in industry due to its robustness and compatibility with
large MIMO systems [ 5]. MPC is a model-based algorithm, normally
using a linear state space model that is often developed by applying
analytical methods (such as IMC) to process data 3. 3 Models calculated using techniques

like IMC often need to be conditioned,
because they can suffer from issues
like ill-conditioning. Ill-conditioning
can signi�cantly hinder controller
performance because it makes the
degrees of freedom in the process
unclear. Consequently, the controller
may try to drive the process using
degrees of freedom that appear to be
available in the model, but are not
actually available in the plant [ 6].

In addition to the process model, MPC systems also typically
contain a linear optimizer(also known as Linear Program or LP). The
optimizer aims to solve a dynamic optimization problem using an
objective function, which is often an economic function of process
variables that is to be minimized or maximized. At each iteration
of the control system, the optimizer reads the process state relative
to its reference trajectory, and uses this information to compute an
optimized control plan over a speci�ed prediction horizon(a de�ned
number of time steps, during which the MPC tries to reach the
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process setpoint). Typical MPC operation is shown in Figure 1.2.

Figure 1.2: MPC concept for a
single variable. Figure adapted
from Bequette (2009) [7].

At any time t = k, the optimizer instantaneously computes the
optimized control plan. At t = k + 1, the controller output y is set
to y(k + 1), and the real process response is observed. Since the real
process response will likely deviate from the predicted output, the
controller must take this new change into account by re-calculating
its control plan at t = k + 1. The repetition of this process is the most
basic MPC algorithm [ 8], [9].

1.3.2 Gain matrix theory

In multivariable control, CVs are affected by MVs and FFs both
directly and indirectly, and these relationships can be summarized
using the steady-state gain matrix (referred to as `gain matrix' from
now on). Indirect effects come in the form of MV and CV interactions,
and these are harder to pinpoint but play an important role in multivariable
control. The gain of a given MV/CV pair is calculated by quantifying
the response of the CV to a change in the MV, while holding all other
MVs constant, as de�ned as in equation 1.1.

Ki j =
¶CVi

¶MV j

�
�
�
�
�
MVk

(1.1)

Where Ki j is the gain value and MVk represents all other MVs,
which are held constant when quantifying the gain 4. This is also 4 Classical control texts use u to denote

inputs (MVs) and y to denote outputs
(CVS). In this thesis, we are following
industry convention by using MV and
CV instead of the control convention of
using u and y.
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known as `open-loop' gain because all other MVs are held constant5. 5 The `closed-loop' gain, which is
used to calculate Relative Gain Array
(RGA), quanti�es the same relationship
without holding other MVs constant.
Rather, the closed-loop gain requires
other CVs to be held constant.

Equations 1.2 and 1.3 show the mathematical representation of the
gain matrix.

"
DCV1

DCV2

#

=

"
K11 K12

K21 K22

# "
DMV1

DMV2

#

(1.2)

Where Ki j represents the steady-state gain betweenCVi and MV j .
The following equation shows a sample gain matrix for a 2x2 system:

"
DCV1

DCV2

#

=

"
2 � 1
0 3

# "
DMV1

DMV2

#

(1.3)

By looking at this gain matrix, it is easy to understand the steady-state
dynamics of this hypothetical plant; a unit increase in MV1 causes a
two-unit increase in CV1 and a unit decrease in CV2. Similarly, a unit
increase in MV2 has no direct effect on CV1 and causes a three-unit
increase in CV2. While the increase in MV2 has no direct effect on
CV1, it causes a threefold increase inCV2. In order to maintain plant
control, the controller may increase MV1, which would then cause
CV1 to change. This analysis of the steady-state changes in the plant
is easily done for such a small system and requires no additional
tools for visualization or analysis; if CV1 is changing for an unknown
reason, users need to investigate a maximum of three variables in
order to �nd the root cause.

1.3.3 Parkland gain matrix

For systems such as those in the Parkland re�nery - where there are
100+ variables in total - the analysis performed in section 1.3.2 is not
as easy. To illustrate this idea, table 1.1 shows a section of the FCC
gain matrix in Parkland, with seven MVs and 28 CVs6. All tables 6 The FCC gain matrices plotted in

tables 1.1-1.2 show only seven MVs and
28 CVs because most of the nonzero
gain values are quite small, so it became
dif�cult to read them when more MVs
and CVs were packed in. The 28 � 7
matrix is estimated to be large enough
to illustrate the points discussed.

that represent the FCC gain matrix at Parkland do not show the real
gain values for con�dentiality purposes. We normalized the gain
matrix so that all values lie between 0 and 1, using linear scaling.
This computation is shown in equation 1.4.

x0 =
x � xmin

xmax � xmin
(1.4)

Where:

• x = raw gain value

• x0 = normalized gain

• xmin = lowest gain value
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• xmax = highest gain value

At a glance, the gain matrix in table 1.1 is much more complicated
than the sample matrix shown before 7. Performing a similar analysis 7 The gain matrices in tables 1.1-1.2 are

plotted using CVs as rows and MVs as
columns. The convention for DMCPlus
plots MVs as rows, but the layout
here is more intuitive, as it is a better
representation of equations 1.2-1.3.

as in section 1.3.2 to determine how changes in MVs will affect CVs
and other MVs is not as feasible. Engineers may want to analyze how
changes in MV-1 affect the operating point of the plant and would
need the gain matrix in order to do so. Table 1.2 shows the same gain
matrix with the column for MV- 1 highlighted.

Table 1.1: 28� 7 section of the
FCC gain matrix at Parkland;
the full gain matrix has
44 independent variables
(MVs/FFs) and 64 CVs. Only
seven MVs are displayed
because the normalized gain
values are all quite small, so
adding more MVs made it
dif�cult to read each of the gain
values.

Reading the gain matrix as it is shown in table 1.2 provides some
potentially useful information; if an operator were to increase MV- 1
by one unit, CV- 1 would increase by 0.004803units, CV-4 would
decrease by0.00438, CV-5 by 0.10345, CV-6 by 0.0199, and so on. The
direct effects of MV- 1 on the dependent variables can be determined
with some analysis, but determining how interactions between MVs
affect the CVs is extremely dif�cult in this way. For example, the
same unit increase in MV-1 causes an increase of0.125636in CV-14.
To maintain control of CV- 14, the controller may reduce MV- 3 by
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Table 1.2: FCC gain matrix
in table 1.1 highlighting the
column of MV- 1 and the
row of CV- 7. The highlighted
column shows the steady-state
open-loop changes in CVs
caused by a unit increase in
MV1. The highlighted row
shows how CV1 is affected by
unit changes in all seven MVs.

0.125636
0.002094 = 59.99, causing CV-2 to drop by 0.004803� 59.99, and so on.
Similarly, analyzing how one particular CV is affected by the MVs in
the system yields an equally complex work�ow.

Following a similar procedure, CV- 7 increases by0.288946with an
open-loop unit increase in MV- 4 and by 0.005311with a unit increase
in MV- 6. Since there are only two non-zero entries in this example,
it is much easier to perform this single-input single-output (SISO)
analysis on CV-7, but the interaction parameters remain dif�cult to
quantify. This effect is exacerbated in the real FCC gain matrix, which
has 37 more independent variables and 36 more CVs.

1.3.4 Commercial MPC structure

Typically, commercial MPC packages like DMCPlus involve more
than just the MPC algorithm itself. The MPC algorithm is used to
drive the plant to a speci�ed operating point, and this is accomplished
using a dynamic control plan. This operating point is not de�ned
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within the MPC algorithm, rather it is provided to it as a setpoint
by the LP – a linear optimizer 8 that calculates the optimal operating 8 The LP comprises the optimization

step in MPC operation. This may also
be accomplished using a Quadratic
Program (QP), which uses quadratic
optimization to solve the problem.

point based on economic objectives instead of performance objectives.
In this way, commercial MPC systems typically have a cascade-control
structure, as shown in �gure 1.3.

Figure 1.3: Typical MPC
package control structure
(adapted from Sorensen et
al). The blue section represents
the steady-state economic
optimization problem, while
the green section represents the
dynamic control problem.

Figure 1.3 shows that controlling a plant is achieved by solving
two sub-problems:

1. The steady-state optimization problem, where the LP takes MPC
predictions and economic targets and calculates the steady-state
targets of the plant using an economic objective function;

2. The dynamic control problem, where the MPC takes the steady-state
targets from the LP and drives the plant to the de�ned operating
point.

The question of how a control system solves the `dynamic control
problem' relates to the speci�c control algorithm chosen in that plant.
One such algorithm could involve using a series of Proportional-Integral-Derivative
(PID) control loops with decoupling, where the PID controller moves
MVs as necessary, while the decouplers try to eliminate interaction
between loops.

Another example is Dynamic Matrix Control (DMC), which is
a common control algorithm and an example of MPC technology.
The dynamic control problem in DMC involves minimizing some
function of the controller error 9. Given a set of targets by the LP, 9 Controller error is the difference

between a variable's target and its
measurement. A `function' of controller
error can be the square of error, for
example.



mpc visualization : improving human -automation interactions 13

DMC would compute a set of control steps (also known as a control
plan) to drive the process to its targets in the most effective way.
However, this optimization comes at a cost; the optimized control
plan may involve large MV moves that are too aggressive for the
system, which can cause stability and safety issues. Hokanson et al
(1992) describe the issues with the optimized control plan:

The preceding least-squares solution [DMC control plan] has two
dif�culties:

• It tends to be ill-conditioned or very near singular.

• It results in a very aggressive controller. Without somehow suppressing
its outputs, this solution will try to move the plant as fast as
mathematically, but not realistically, possible to minimize error.
[10]

Consequently, DMC often uses an additional parameter known as
move suppressionto address this issue. Move suppression imposes a
limit on the size of the move by which the controller changes each
MV. The move suppression value set in the controller therefore
determines how aggressive the controller will be, giving rise to
an important trade-off in the DMC system. At any given time,
the controller is trying to minimize error by driving MVs in their
necessary directions. Simultaneously, operators need to maintain
process stability and safety by minimizing the magnitude of the MV
changes at each iteration.

At each iteration, the LP uses the predictions generated from
the process model to solve the economics of the plant in terms of
process variables. Sorensen et al (1998) outline the role of the LP in
the controller:

“The use of the predicted steady-state for each dependent variable
permits the controller to solve the LP based on the steady-state without
the process having to reach the condition. The steady-state solution
from the LP is given to the dynamic part of the controller as targets
for the execution... In effect, the LP solves for the optimum economic
steady-state for the system within the limits speci�ed for the independent
and dependent variables (under assumptions of linearity and within
the scope of the controller)." [11]

To summarize, the LP uses predictions from the process model
to �nd the most economical operating point, and it provides this
economic optimum in the form of steady-state targets for individual
variables that the controller drives the process towards. The economic
optimum normally lies at the point that maximizes plant revenue
and minimizes costs. In order to maximize revenue, the controller
often sets one or more CVs to its maximum - for instance, feed rate
in an FCC unit. Setting CVs to their maximum values corresponds to
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process equipment operating at maximum capacity, which can cause
concern for the operators, as their work involves maintaining safety
and equipment functionality. Consequently, human operation of
the plant often exhibits large process variability due to human error
and response time in changing process parameters. An automated
control system will have a smaller margin of error, meaning that it
can drive the process closer to its setpoint compared to that of human
operation. This effect is illustrated in �gure 1.4.

Figure 1.4: Plant performance
with human operation
and APC [12]. Before APC
is implemented, there is
signi�cant variability, causing
poor performance with respect
to the target. Using APC
reduces variability, which
corresponds to the “MPC
operating region” in �gure
1.5, allowing the controller to
push the process closer towards
its control objective.

Reducing process variability (and, consequently, the size of the
operating region) allows the process to be driven closer to its desired
setpoint. With a wider operating region, human operators are unable
to push the process closer towards the desired optimum, because the
process variability may cause some parameters to breach their safety
limits. This leads to a disconnect between the operating ranges of the
true economic optimum, the MPC, and the operators. This disconnect
is shown in �gure 1.5.

The visualization tool developed in this project and accompanying
analysis is focused on the �rst sub-problem outlined in �gure 1.3,
partly because the steady-state optimization data provide a wider
lens through which we can look at the control of the plant. The
decision to limit the visualization tool in this way limits the applications
of the tool, which will be discussed further in chapter 4.

In order to develop tools for MPC visualization, it is necessary to
�rst understand the work done by the target users. Forbes et al ( 2015)
outline three key layers of MPC monitoring:

• Management monitoringprioritizes �nancial bene�ts and resource
management, and “briefs management on MPC utilization and
economic performance”



mpc visualization : improving human -automation interactions 15

Figure 1.5: Typical preferred
operating regions for human
operators (yellow) and MPC
systems (green) shown with
respect to the true economic
optimum. Human operators
are not always able to run units
in tighter control intervals
compared to automated
systems, often due to safety
concerns. The size of each
operating region is also
indicative of the process
variability during operation,
so the ideal case consists of
operating at the economic
optimum point with no
variability. This �gure is
adapted from Brooks (2017)
[13].

• Engineering monitoringis concerned with the construction and
commissioning of new controllers and ensuring their quality. This
requires in-depth knowledge of MPC operation.

• Operational monitoringis concerned with maintaining and troubleshooting
existing controllers, and typically involves the “front-line engineering
support staff in order to probe effective utilization operationally”
[1]

For the purposes of this project, management monitoring is not
the focus. Management monitoring is an important component to
consider, but there are other tools used in this stage, and a visualization
tool would not be particularly useful for it.

Engineering and operational monitoring are both important layers
with regards to controller diagnosis. Both layers involve different
responsibilities but are instrumental in determining how well a
given MPC will perform, and how a given MPC is diagnosed when
it performs poorly. Engineering monitoring often involves subject
matter experts who need to commission the MPC so that it is `�tted'
for the plant. 10 10 Commissioning often involves

mathematical analysis of the plant
through system identi�cation and
model conditioning, in order to ensure
that the model in the MPC is suitable
for automatic control (i.e. the model
does not contain ill-conditioned
subsystems) and re�ects the plant
accurately.

Operational monitoring involves process engineers, control engineers,
and operators, who are concerned with the day-to-day performance
of the control system. Tasks related to this layer include monitoring
process variables and their statuses (i.e. if they are constrained,
out of service, etc.), detecting process faults, and diagnosing the
controllers. Since this layer is the one concerned with controller
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diagnosis, those involved in operational monitoring are chosen as
the targeted end-users of the visualization tool developed.

1.3.5 LP operation

The optimum operating point given to the MPC, as discussed before,
is at some intersection of process constraints. The decision of which
variables to constrain is made by the LP at each iteration and often
changes throughout MPC operation. In order to understand the
controller diagnosis process and constraint analysis in more detail,
it is important to �rst understand how the LP operates and how it
chooses which set of constraints should be active at any given point.

The LP solves an economic objective function to obtain the optimum
operating point, and this objective function is determined using cost
data for all variables in the system. The objective function can be a
pro�t function using such cost data, as shown in equation 1.5.

Pro�t = å
i

Product i � PValuei � å
j

Feedj � FCostj � å
k

Utility k � UCostk

(1.5)
Where:

• Pro�t = Plant pro�t function ($/day)

• Product i = product �owrate i (quantity/day)

• PValuei = product value i ($/quantity)

• Feed j = feed �owrate j (quantity/day)

• FCostj = feed cost j ($/quantity)

• Utility k = utility usage k (quantity/day)

• UCostk = utility cost k ($/quantity)

The LP maximizes this objective function subject to given constraints,
which can change throughout process operation [ 11]. The constraints
in the LP relate to the engineering limits of process variables in the
controller. Depending on the number of constraints and the `shape'
of the controller, the solution to this constrained optimization may
take multiple forms.

The `shape' of the controller refers to the number of dependent
and independent variables. In a perfectly square controller, there
are equal numbers of dependent and independent variables (MVs
= CVs), meaning that the control problem has a unique solution.
This is rare in reality; the more likely case is that of the fat plant,
where there are more MVs than CVs, allowing for greater degrees of
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freedom in the system11. More degrees of freedom give the LP the 11 The `degrees of freedom' in a
control system refer to the number
of unconstrained MVs (which equals
the number of constrained CVs). A
square controller has zero degrees of
freedom, a fat plant has a positive
amount, and a thin plant has a
negative amount. Degrees of freedom
can be thought of as the degree of
speci�cation of a 2-dimensional system;
the square controller is perfectly
speci�ed with a unique solution.
The fat plant is underspeci�ed and
has a multidimensional solution (a
line or plane), while the thin plant is
overspeci�ed.

�exibility to pursue multiple operating points, depending on what
the objective function dictates. In contrast, the thin plant case is one
where there are more CVs than MVs, which can occur when control
action is lost through valve saturation or manual control. This creates
an infeasible control problem. In this case, the controller cannot meet
the speci�ed objectives; constraints must be relaxed so that more
degrees of freedom are available [14].

In the `fat plant' case, the controller has degrees of freedom
available so that it can drive the process to the operating point
designated by the LP. The constraints chosen in this case are determined
solely by the cost function, because the controller has the freedom
to move the operating point as necessary. On the other hand, the
`thin plant' case imposes additional restrictions on the controller.
If more setpoints are speci�ed than there are degrees of freedom
available, the controller must relax some constraints in order to
make the control problem feasible. The LP must decide on a set
of CVs that create the least concern for operators and relax their
constraints, and this decision is in�uenced by both economics and
process safety. Sorensen and Cutler (1998) summarize this decision
process as follows:

“Operators, engineers and managers associated with the process
operation are asked to evaluate each dependent variable when it is
exceeding its most important limit and assign a delta value beyond
the limit that represents a crisis situation. The delta value beyond the
limit for the most critical [CV] is used as a reference. Effectively, the
personnel with the greatest knowledge of the operations create a list of
delta values, in engineering units, that represents equal concern for limit
violations.” [ 11]

Calculating delta values and equal concern values allows the LP to
minimize concerns when facing an infeasible control problem. These
calculations are also used as a basis for the `cost' of each CV; costs
are assigned to negative slack variables12 in the LP, giving the LP a 12 Slack variables are unknown variables

added to inequalities in order to
transform them into equalities.
Constraint statements are often
inequalities, so adding slack variables
turns the set of constraint statements
into equations.

quantitative basis on which to decide the constraints to be relaxed 13

13 Costs of each CV are inversely
proportional to their `equal concern'
value, and directly proportional to their
importance in the system.

[11].
Given a feasible control problem, the LP then determines howto

approach the calculated operating point. In doing so, the LP uses the
current state and predictions to calculate a set of MV moves over the
speci�ed time horizon. The LP maintains economic objectives over
this transition period by ensuring that the MV moves are economically
sound. The LP must therefore rank MVs based on their impact on the
optimal solution, and this impact is quanti�ed as the `LP cost'. The
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LP cost of a given MV is de�ned as in equation 1.6.

LPCosti = �
¶Pro�t
¶MV i

� �
DPro�t
DMV i

(1.6)

Using the cost for each MV, the LP is able to determine the most
pro�table (or least costly) path between operating points. These costs
are combined with the `move suppression' parameters (discussed
in section 1.3.4) in order to produce an optimized and cost-effective
control plan in order to move the plant between operating points.

Additionally, the objective function can be expressed in terms of
minimizing cost rather than maximizing pro�t. Often some variables
cannot fall neatly into categories of `product', `feed', or `utility', so
expressing the objective function in terms of the total cost in the plant
makes for a clearer objective function. Based on the LP cost and move
size of each MV, the objective function can be simpli�ed as follows:

Cost = å
i

LPCosti � DMV i (1.7)

Where:

• Cost = the total cost

• LPCosti = LP cost value of MV i

• DMV i = change in MV i

This form of the objective function is often the standard form used
in APC systems, because it can account for all variables in the system
without ambiguity regarding the category that each variable falls
into. In this way, if the LP cost of a given MV is negative then the LP
will try to maximize it, and vice versa.

Having quantities that can prioritize both MVs and CVs, the LP is
able to determine:

• Wherethe operating point needs to be in terms of which constraints
must be satis�ed, and

• How to drive the plant in that direction, in the form of an MV
control plan to relay to the controller.

An additional parameter often considered in linear programming
and constrained optimization is the `shadow price', which is: “the
change in the optimum value of the objective function per unit
change in a constraint limit (the right-hand side of an inequality
constraint)” [ 15]. With reference to the LP objective function in
equation 1.5, the shadow price of a given CV is the change in pro�t
per unit change in the constraint limit (similar to the LP cost calculation
for MVs). Shadow prices allow for detailed sensitivity analyses
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to be performed, and may relate to problematic variables when
performing controller diagnosis. The shadow price is also only
relevant to variables that are actively constrained; unconstrained
variables, by de�nition, have a shadow price of zero 14 [16]. If a 14 Increasing the constraint limit of a

given unconstrained variable will have
no effect on pro�t, because the current
pro�t is dependent on other constraints.

certain CV is falling/rising for unknown reasons and reducing
pro�t, engineers need to �nd the MV responsible for these changes.
Because the shadow price is nonzero only for constrained variables,
it may give additional insight that can aid engineers in the controller
diagnosis process.

1.3.6 MPC diagnosis

In operating and maintaining MPC systems, there are many issues
commonly faced in different plants that engineers need to troubleshoot
on a regular basis. Issues that are commonly discussed in control
literature include model-plant mismatches (MPMs) and underperforming
control loops, where many papers offer various data-driven strategies
for MPM detection/elimination and MPC tuning. Often the solution
to these issues is some method of re-calculating the MPC model
and the optimal MPC tuning parameters, but these processes are
time-consuming and can cause major disruption to production.
For example, in recalculating the MPC model by performing step
tests, engineers need to go through numerous administrative and
logistical barriers before being able to actually run the tests. These
can include ensuring that instruments are functional, setting up data
collection, planning the speci�c variables to be tested, scheduling the
step tests, and coordinating with other departments to con�rm that
the scheduled window does not disrupt any other work. Moreover, in
the testing window, engineers need to run their system identi�cation
computations and ensure that the model is realistic by analyzing
it using partial pivoting, RGA, or SVD. These factors make model
recalculation quite tedious, thus the model is not recalculated frequently.

Rather, typical issues that users face on a more frequent basis can
include incorrect limit clamping and instrumentation issues. Through
discusssion with our industry partner at the Parkland re�nery, it
is found that incorrect clamping and instrumentation issues are
common issues that MPC users often need to troubleshoot on a
day-to-day basis. Troubleshooting MPCs to solve such problems is
also time-consuming, but these human factor issues occur much
more frequently than MPMs. Consequently, the question of how
to automate this troubleshooting process is an important research
question for this research.

As described by Guerlain et al ( 2002), some MPC variables may
have their limits tightened (or `clamped') due to instrumentation
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issues or as a response to local operating conditions. For large-scale
MPC systems, operating conditions may take days or weeks to
return to normal, meaning that operators or engineers may forget
to unclamp those variables. If the typical limits are not reinstated
when operating conditions return to normal, the clamped variables
can limit the ability of the controller to control the process [ 2]. The
clamped variables each take up one degree of freedom from the
controller, causing it to drive the process towards its desired operating
point through undesirable moves, such as changing feed rate or
other economic handles. While this may seem like a trivial issue
that is easy to solve (by simply identifying the clamped variables),
it is often dif�cult to understand undesirable MV moves without
detailed understanding of the process and investigation of process
data, especially for large-dimensional controllers.

As for the instrumentation issues, poorly functioning instrumentation
can result in far-reaching consequences for the control system. Field
instruments can fail for numerous reasons, such as fouling, leaks,
or poor maintenance. Instrumentation issues are often detected by
performing quality checks on the data in the DCS, to ensure that
bad data are not sent to the MPC system from failed instruments.
However, some instrument failures may go undetected through these
quality checks, because certain instruments are more complex and
their failures are not easily detectable based only on the quality of
data. For example, the Parkland re�nery uses a pressure-compensated
temperature (PCT) inferential to estimate C2 content in a de-ethanizer
column bottoms stream15, and this PCT inferential is biased by gas 15 The de-ethanizer column is fed the

outlet stream from the top of the main
fractionation column and separates
lighter hydrocarbons ( C2 content)
from heavier hydrocarbons. The C2
content of the bottoms stream in the
de-ethanizer column is therefore a
measure of separation and of the purity
of the bottoms stream.

chromatography (GC) readings. This bias is only present when the
GC device is online; when the GC device is of�ine, the bias must be
manually removed by the operator. When the bias is not removed
while the GC is of�ine, the PCT reading is incorrectly biased, but
the MPC will not detect this incorrect bias and continue to use the
PCT for control. Over a longer period of time, the C2 prediction
may hit an upper or lower limit while still being incorrectly biased,
causing the controller to use alternative degrees of freedom to drive
the process towards its setpoint. In a large control system, it will not
be immediately obvious that the PCT reading is incorrectly biased,
and �nding this result will be dif�cult without detailed knowledge
of how the instrumentation is tied to the inferential control and DCS
systems.

Both of these issues are common in the day-to-day operation of
large-scale MPC applications, but are not strongly emphasized in
control literature. Controller diagnosis is an essential component of
MPC operation and is made more dif�cult by the prevalence of these
issues on a regular basis. We provide a generic process for controller
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diagnosis that requires no process knowledge; rather, this method of
diagnosis comprises an iterative process of elimination involving a
visual representation of the gain matrix.

Given a problem CV, we can use the gain matrix and knowledge of
active constraints to �nd the variable causing the problem. Isolating
that row 16 in the gain matrix lets us identify which MVs are controlling 16 This form of the gain matrix shows

CVs as rows and MVs as columns,
which does not follow DMCPlus
convention, where MVs are rows
and CVs are columns. This is a more
intuitive form, as outlined in equations
1.1-1.2

the problem CV. For each of those MVs, the constraint status indicates
whether the given MV is the root cause; if the given MV is constrained,
we need to check if unclamping that constraint would solve the
problem. If the problem is not found, then we must repeat this
process for other MVs in that row that have nonzero gains and that
have not been checked before. If no other MVs exist in that row that
satisfy these conditions, then the user must identify the column
of the last MV being investigated. The same process follows for
checking whether the CVs in that column are causing the problem;
checking their constraint statuses and repeating for other CVs in
the column. This process is iterated, checking every variable until
a �nal root cause is established. By iterating through every set of
variables in�uenced by a given MV or CV, this data structure can
be represented by a stack: a type of list where items are stacked on
top of each other, and only one element is accessible at a time, which
is the element that last entered the stack. The concept of a stack is
shown in �gure 1.6, and the algorithm is summarized in �gure 1.7.

Figure 1.6: Representation of a
stack data structure. The stack
is �lled by `pushing' elements,
and `popping' removes the top
element from the stack.

Consider a 4� 3 system (4 CVs, 3 CVs) with three active constraints
and, consequently, two degrees of freedom. Figure 1.8 summarizes
the features of this system, including a heat map representation of
the gain matrix.

Figure 1.8: Sample system to
illustrate the proposed generic
controller diagnosis process. The
steady-state gain matrix shows
the directions of each MV/CV
pairing, with negative gains in red
and positive gains in green.

For the purposes of this
system, we consider CV3
to be the main controlled
variable and is constrained
at its upper limit, similar to
the feed rate in an FCC unit.
Consequently, a typical fault
in this system could be where
CV3 becomes unconstrained
and drops. To diagnose this
fault, users can use the gain
matrix and knowledge of the
typical constraints in order to
eliminate variables that are not
the root cause. For each variable
identi�ed in the gain matrix,
whether or not that variable is
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Figure 1.7: Abstract diagnosis
process for identifying variables
that are incorrectly clamped.
The stack represents the list
of variables that users need
to check; users �rst need to
identify the variables directly
related to the problem variable,
then investigate the variables
related to each variable added
to the stack. In the realm
of software engineering,
the algorithm represents a
`Breadth-First Search' (BFS)
algorithm. In contrast, a
`Depth-First Search' (DFS)
algorithm would begin with
identifying a single variable
related to the problem variable,
then going to that variable's
row/column in the gain matrix,
and so on. These can both
be classi�ed as `naive' search
algorithms, because no process
knowledge is employed to
eliminate irrelevant variables
from the stack.
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the root cause is determined by
the presence of nonzero gains in that variable's row or column. This
process is summarized in �gure 1.9, and the descriptions indicated
by letters in this �gure are outlined in table 1.3. Each variable has a
constraint status adjacent, and �gure 1.10 illustrates the meaning of
the constraint symbols.

Figure 1.9: Generic controller
diagnosis process without
background process knowledge.
The gain matrix is used to
eliminate variables in each of
the transitions, and the symbols
adjacent to each variable
represent that variable's
constraint status, which are
explained in �gure 1.10. Each
letter represents an analytical
thought process, and these are
summarized in table 1.3.

A legend explaining the constraint symbols in �gure 1.9 is shown
in �gure 1.10.

Figure 1.10: Explanation of the
constraint symbols in �gure 1.9.

The diagnosis process
begins with CV 3 becoming
unconstrained and dropping
from its upper limit. Looking
at the gain matrix, CV 3 is
controlled only by MV 2 with
a positive gain, so the focus of
our analysis shifts to MV 2. MV 2
is not part of the constraint set,

so is not the root cause of the problem; the controller is dropping
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MV 2 because of another variable. MV2 controls CVs 2, 3, and 4, and
we have already looked at CV 3, so we can eliminate it. Both CV2
and CV4 have negative gains with MV 2, meaning that they increase
when MV 2 is reduced. CV2 is not typically constrained and has
no other control handles, so we can eliminate it. CV 4 is typically
constrained at its lower limit and MV 2 is driving it upwards;
however, CV4 is also controlled by MV 1, with which it has a positive
gain. Consequently, while MV 2 drives CV 2 upwards, the controller
will drive MV 1 down in order to maintain CV 4 at its constraint. We
then shift to MV 1, which controls CV 1 and CV4 (both with positive
gains), thereby eliminating both CV 4 and MV 1 as the root cause.
Since MV1 is moving down, CV 1 moves down as well. The only
other MV that controls CV 1 is MV 3, with a negative gain. MV 3 is
typically constrained at its lower limit; in order to maintain CV 1 at its
level, MV 3 needs to move down. Because the limit is clamped, MV 3
cannot move down any more, meaning that MV 3 is the root cause of
the problem. These �ndings are summarized in table 1.3.

Letter Explanation
A CV3 is typically constrained at its UL. During a fault, CV 3 becomes unconstrained, so it will

move down. Why did CV 3 move down?
B MV 2 is the only MV that has a control handle over CV 3, and this pairing has a positive gain.

Since CV3 moves down, MV 3 moves down. MV 2 is a control handle over CV 2 and CV4. Why is
the controller moving MV 2 down?

C CV2 is typically unconstrained, so the drop in MV 2 causes it to move up.
D CV2 is unconstrained and has no other control handles, so is NOT the root cause.
E CV4 is typically constrained at its LL. MV 2 is driving it upwards. To keep CV 4 at its LL, the

only handle available is MV 1, with a positive gain. Why is the controller moving MV 1?
F MV 1 is unconstrained and controls CV 1 and CV4. MV 1 moves down to maintain CV 4, but

what happens to CV 1?
G CV1 is unconstrained and has a positive gain with MV 1 so it moves down. To maintain CV 1,

MV 3 is the only available control handle.
H MV 3 is constrained at its LL. It needs to move down to maintain CV 1, but the limit is clamped,

so it can't move.
I MV 3 is the root cause.

Table 1.3: Explanation of
the thought process for
understanding the cause of
the drop in CV 3 for the generic
controller diagnosis process.

This diagnosis process utilizes the gain matrix to eliminate MVs
and CVs based on their constraint statuses and the number of variables
that they control/are controlled by. The problem being solved here
is that of an incorrectly clamped MV/CV, as explained earlier in this
section.

This algorithm for controller diagnosis can also be represented
as a graph, with nodes representing MVs/CVs and their required



mpc visualization : improving human -automation interactions 25

computations, and edges representing nonzero gains between speci�ed
MV/CV pairings. Using a graph to represent the system clari�es the
distinction between the BFS and DFS algorithms used to traverse
the gain matrix. A graph representing the diagnosis process starting
from CV 3 is shown in �gure 1.11.

Figure 1.11: Directed Acyclic
Graph (DAG) representation of
the controller diagnosis process.
CVs are highlighted in purple,
and MVs are highlighted in
blue. Each node represents
a given variable, and the
computation required at each
node is the investigation of
that variable's constraint data
(i.e. whether that variable is
incorrectly clamped). Each
edge in the graph represents
a nonzero value in the gain
matrix for that particular
MV/CV pairing. The `root'
node is CV3 (where the
diagnosis process begins),
and the `depth' of each node is
the number of edges between
that node and the root node.
Because the gain matrix in this
example is fairly sparse, the
DFS and BFS algorithms are
quite similar. In a larger matrix,
each node has more sub-nodes,
and so the order of visiting
variables is highly impacted by
the search algorithm chosen.

Presenting the naive diagnosis process in this way provides some
additional insight. The `computation' required at each node is the
investigation of that particular variable's constraint status. The
process begins with investigating the constraints of CV 3, and the
nonzero gain between CV3 and MV 2 is represented by that edge,
so MV2 becomes the next node. We investigate whether MV2 is
improperly clamped, then move on to CV 2 and CV4, and so on. If
the graph begins with a different problem CV, the size of the graph
(total number of nodes; total number of variables being investigated)
may change. In the best case scenario, the diagnosis process yields
a root cause of the problem after one `level' of investigating (i.e.
one unit of depth). In the worst case scenario, we must investigate
all variables in the system to �nd the root cause of the problem.
Hence, the size of the graph (i.e. the number of nodes that must
be visited) can be mathematically represented as a range between
[2,N (nonzero gains)].

Using a naive search algorithm like BFS (as in �gure 1.7) provides
a very basic form of controller diagnosis. Variables are investigated
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systematically based on their position in the gain matrix, rather
than how they physically affect the problem variable. In reality,
this mental process is more accurately represented by a less naive
search algorithm, as engineers will not investigate variables they
know to be irrelevant. The actual process of diagnosis would be
more accurately represented by a greedy search algorithm; greedy
algorithms �nd the solution in the system by making the most
locally optimal decision in each step. 17 Greedy algorithms often 17 An example of such a system is the

A* algorithm, which uses weighted
edges and predictions to optimize the
solution.

use heuristics to aid the solution process, so in this case, engineers
can incorporate process knowledge as a heuristic in order to evaluate
the various branches to be explored. In this way, greedy algorithms
can allow for more informed decisions to be made when traversing
through the graph. Therefore, real diagnosis processes can comprise
a combination of naive searching and informed elimination of nodes,
until a reasonable solution is reached.

In the previous example, it was necessary to investigate all seven
variables, corresponding to seven nonzero values in the gain matrix.
No process knowledge was used to eliminate variables, and each
variable was eliminated by looking at its constraint data. Process
knowledge allows engineers to eliminate variables in each layer,
because it tells engineers which variables are physically capable of
causing the problem. For example, engineers can eliminate CV2
from the diagnosis process if they knew that it physically cannot be
causing a problem in CV 3. This may seem like a trivial difference,
but in real systems such as the FCC gain matrix at Parkland, MVs
and CVs may have 30 or so nonzero gains in their corresponding
columns and rows, corresponding to 30 or so edges coming out of
a given node. Without the use of process knowledge to eliminate
irrelevant variables at each step, diagnosing the controller is an
extremely tedious process.

1.4 Literature Review

1.4.1 Previous work

There are �ve principal sources of inspiration that have investigated
similar concepts in the past. The �rst is the MPC Elucidator, a Honeywell
visualization tool, on which this project is based. The Elucidator
aimed to solve, for the most part, the same problems that we are
aiming to solve in this research. Its design was based on the implementation
of `Representation Aiding Strategies', which help to “represent
relevant domain, task, and system constraints through visual properties
of the display, and thus encourage people to perceive these relationships
with little cognitive effort.” [ 2]. Cognitive task and work analyses
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were performed in order to provide guidelines for the design. Even
though the design involved extensive consultation with end users,
discussions with industry partners revealed that the product was
not as widely implemented as expected. The authors also outline
challenges and limitations to the research, which mostly comprise
issues with the representation aiding approach as well as the sheer
volume of relationships present in the system. The representation
aiding approach may cause the designers to encode data that is not
easily decodable, potentially causing some representations to be more
easily understood than others. The second limitation relates to the
volume of complex relationships that designers are attempting to
represent; using one representation to do so may be impractical, and
it may be helpful to use analytical tools to simplify the data being
encoded.

Although this article was published in 2002, many of the arguments
made are still relevant today, as the human-automation interactions
between operators and controllers have been neglected relative to the
development of the algorithms themselves. A response to a blog post
by Jim Cahill [ 17], Chief Blogger for Emerson Automation Solutions,
provides a succinct description of MPC engineering:

“MPC math is simple and elegant; MPC engineering is not.”[18].

Secondly, Lindscheid et al (2016) discuss the importance of trust
in automation - speci�cally regarding MPC and nonlinear MPC
(NMPC) - and outline some requirements for a visualization tool
to facilitate human-automation interactions [ 19]. It is important to
note that this same paper does not mention existing visualization
tools for such systems.

The next major application of this research is an ExxonMobil
patent outlining a process for MPC analysis in 2011[20]. This patent
explains the process of matrix `pivoting' (also known as `partial
inversion') in the context of multivariable control 18. Partial pivoting 18 Partial pivoting has been

independently studied in different
academic disciplines and has a different
name in each one, such as “Principal
Pivot Transform”, “Exchange”, or
“Sweeping” [ 21].

has mostly been used in applications such as statistics, linear algebra,
and programming, but has seen limited usage in APC applications. It
is surprisingly dif�cult to �nd partial pivoting explained in academic
process control literature. In addition to this patent, a literature
review revealed two other instances of partial pivoting being used
in APC applications.

The next major source of inspiration is a presentation on “Durable
MPC” by Hoffman et al ( 2010) [22] in the American Institute of
Chemical Engineers (AIChE). Hoffman describes a mixing problem
and uses partial pivoting to rearrange the gain matrix such that a
desired set of variables is on the `independent' axis, and another is on
the `dependent' axis19. The next example of partial pivoting in APC 19 In reality, often one of these chosen

sets would represent the set of variables
that are typically constrained, so that
operators can understand how the
constraints in the system are affected by
MV changes.
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is in an article by Sorensen et al (1998) in Hydrocarbon Processing[11].
Sorensen uses the partial pivoting method (`partial inversion' in the
text) in the context of an FCC unit, where it modi�es the structure
of the model to make it more suitable for integrating the LP into the
control system.

In an APC context, partial pivoting would be applied to steady-state
gain matrices in order to highlight the relationships between constrained
and unconstrained variables. Gain matrices are 2-dimensional matrices
with independent variables (MVs and FFs) on one axis, and dependent
variables (CVs) on the other 20. Partial pivoting transforms the matrix 20 The steady-state gain matrix in a

multivariable control problem relates
the changes in control inputs (MVs)
to the steady-state changes in process
outputs (CVs).

such that some MVs/CVs/FFs are moved from one axis to the other
based on their constraint statuses. Moving all constrained variables
to one axis and all unconstrained variables to the other axis allows
operators to understand how a change in an unconstrained variable
will affect the other constraints and, consequently, the economic
optimum calculated by the LP. While partial pivoting is not directly
applied to MPC visualization in the ExxonMobil patent, it can be
applied to provide signi�cant bene�ts in this context. These bene�ts
are discussed in chapter 4.

The �fth and �nal major previous application of similar research
appears in the work of Kozub et al ( 2002) [23]. This paper discusses
issues with monitoring MIMO systems like MPCs, speci�cally in
terms of the relationships between the dynamic and steady-state
components of MPC control. The steady-state component comprises
the LP, which is concerned with the economic performance of the
plant. One major issue discussed is the importance of the LP layer
in process monitoring. The LP determines the targets towards which
the controller drives the process, and so the relationship between the
LP layer and the dynamic control layer cannot be ignored. This paper
also provides some visual tools that represent important factors to
consider in visualizing MPC systems, which are discussed in section
3.2.

1.4.2 History of interactive heat maps

One feature of the visualization tool developed in this research is
the representation of the gain matrix as a colour-coded heat map.
The decision to incorporate heat maps into this visualization is
contextualized by this discussion of the history of heat map representations.
This is because heat maps are not a common representation of data in
process control.

Heat maps have been used most extensively in the �eld of bioinformatics,
especially when involving gene expression data [ 24]. The idea of
permuting matrices to reveal underlying structure started with
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