
MASTER’S  THESIS

2002:325 CIV

ANNA JOHANSSON

Functional Enhancements
of Multivariable

Predictive Controller

MASTER OF SCIENCE PROGRAMME

Department of Computer Science and Electrical Engineering
Division of  Automatic Control

2002:325 CIV • ISSN: 1402 - 1617 • ISRN: LTU - EX - - 02/325 - - SE



We reserve all rights in this document and in the information contained therein. Reproduction, use or disclosure to third parties without express authority is strictly forbidden. 
   2001 ABB Automation Technology Products AB 

 
 

  

 

 

Functional Enhancements of Multivariable 
Predictive Controller. 

 

Anna Johansson 

Luleå University of Technology 

 

 

 

 

Master’s Thesis 

Performed at ABB Automation Technology Products 

 
 

 

 

 

January to June 2002 
 



  

 

Doc. no. Lang. Rev. ind. Page 

 
ABB Automation Technology Products 

BAU Instrumentation & Control  en - ii 
 

Abstract 

The purpose of this Master Thesis concerns further development of ABB´s 
multivariable prediction controller 3dMPC.The product 3dMPC consists of both on-line 
and off-line components and controls a multivariable process by a combination of 
feedback and feed-forward. The Master Thesis involves two assignments; both of them 
deal with the engineering tool in off-line. 

One of the assignments was to to make a graphical tool to connect subsystems in the 
modeling tools in the engineering part of 3dMPC. The model connection algorithm 
handles cascade connections, i.e. output signals from one model are input signals to 
another model. State space models for the subsystems are used to create a state 
space model for the total system. When the total model is constructed, it can be saved 
to disk as a 3dMPC model file.  

Assignment number two handles another problem. A controlled multivariable process 
has normally a number of control signals and some output signals to be controlled, 
which here are assumed to be pre-defined. In addition to these signals, the 3dMPC has 
the ability to use other signals to improve the control. There are two types of additional 
signals; feed-forward signals, which are independent measurable input signals to the 
process, and measurable output signals from the process, which can be used to 
improve the estimation of the internal state of the process.  

In practice is it often hard to know both which measurable disturbances are worth 
considering, and which additional process variables that could be of any use. To 
determine the usefulness of these signals, models are identified containing different 
sets of signals. The scalar norm of the prediction quality of the state space models is 
calculated and compared. Thus the application assists in the determination of signals 
and proposes which signals the user should use when building the model to improve 
the control.  
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1  Introduction 

Predictive control appears to have been proposed independently by several people, 
more or less simultaneously. The pioneers were mostly industrial practitioners who 
implemented predictive control several years before the first publications appeared. 
The publication dates do not tell us the whole story, but the earliest patent was granted 
to Martin-Sanchez in 1976 (Martin Sanchez, 1976). His method was called Adaptive 
Predictive Control and as the name implies, the emphasis was the presence of an 
internal model to obtain adaptive control by adapting the model and relying on the 
optimisation to compute the appropriate control signals. Some of the earliest 
publications were Richalet et al (Richalet, 1978) with Model Predictive Heuristic 
Control, which methodology was based on intuitive concepts and offered ease of 
tuning, and Cutler and Ramaker (Cutler, C.R and Ramaker, B.L, 1980) with Dynamic 
matrix control, which emphasized optimal plant operation under constraints and 
computed the control signals by repeatedly solving a linear programming problem. All 
of these proposals shared the essential features of predictive control: an explicit 
internal model, the receding horizon idea, and computation of the control signal by 
optimising predicted plant behaviour. 

Today there are many commercial predictive control products available from several 
vendors. One of them is ABB´s 3dMPC, which will be described in this thesis. 

1.1 Purpose 

The purpose of this exam work concerns further development of the multivariable 
prediction controller 3dMPC. The two assignments deal with one of its components: the 
engineering tool. The objectives of the two assignments are described separately in 
Chapter 3 and 4. First the reader should be familiar with the structure of 3dMPC, hence 
the 3dMPC product is described. 

1.2 The product 3dMPC 

The product 3dMPC is intended for multivariable feedback control and optimisation of 
an industrial process that has many inputs and outputs. 3dMPC controls a multivariable 
process by a combination of feedback and feed-forward. The control system under 
consideration is shown in figure 1-1. The controller determines the manipulated 
outputs, OUT, based on actual measurements of process variables, PV, and feed-
forward signals, FF, and of operator defined parameters, and external inputs. The 
process variables can be assigned set points that are the target for the feedback 
control law. The feed-forward signals are measurable disturbances acting on the 
process that can be used for feed-forward.  
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Controller Process 

External inputs 

Disturbances 

FF 

OUT PV 

Operator defined 
parameters 

 

Figure 1-1. Feedback control system. 

 

The 3dMPC product is based on model predictive control (MPC). The concept for MPC 
is described in chapter 3. 

The 3dMPC product consists of both on-line and off-line components. The on-line 
components consist of algorithms for control, of a data-logging function, and a function 
for the generation of excitation signals for system identification. The on-line 
components also include a graphical user interface for operator interaction and start 
and stop of the on-line algorithms. The off-line component consists of components for 
configuration, data treatment, modeling, tuning and analysis. 

3dMPC is intended to run on a PC under Windows NT 4 or Windows 2000. It is 
connected to an OCS1 through an OPC2 server running on the same PC as the on-line 
controller. The off-line engineering tools are implemented as a MATLAB toolbox.  

The structure of the 3dMPC product and the interrelations between its different 
components are shown in figure 1-2. The arrows indicate the main data flow. 

 

                                                 
1 OCS - Open Control System 
2 OPC - Object Linking and Embedding for Process Control 
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Configuration Tool 
• signal selection 
• sampling interval 

Tuning Tool 
• controller specification 
• controller evaluation 

Modeling Tool 
• model identification 
• model evaluation 

Pre-processing Tool 
• remove outliers 
• static non-linearities 
• remove mean and trend 
• filtering 

Configuration Data 

Log Files 

Data Sequences 

Tuning Specifications 

Model Descriptions 

Operator 
Interface 

COM Interface 
 

On-line 
Controller 

 
OPC Interface 

 
 

OPC Server 
 

On-line Components Data types Off-line Components 

 

Figure 1-2. Graphical overview of components of 3dMPC and how its different parts 
interrelate. 

 

The data types are created and used by the different components. Each data type 
contains several variables that are stored in a file. 

Log files are generated by the excitation and logging function in the on-line controller. 
The logging function stores data on a disk file and closes the log-file after each writing 
to avoid loss of data if the execution of the object is stopped. The log-file is appended 
with new data each sample hit for the logging sampling. Log files are then converted to 
data sequences by the pre-processing tool. This tool contains functions for filtering, 
removing outliers, merging and splitting data sequences. The modeling tool can then 
use the data sequences to create process models. The tuning tool uses these models 
to determine tuning specifications that are used by the on-line control algorithm. 
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2 Model predictive control 

2.1 Introduction 

Model-Based Predictive Control (MPC) is the only advanced control technique that has 
had a significant and widespread impact on industrial process control (Maciejowski, 
2000, p.1). For processes with strong interaction between different signals this 
controller can offer substantial performance improvement compared with traditional 
control strategies.  

Predictive control has so far been applied mainly in the petrochemical industry, but is 
currently being increasingly applied in other sectors of process industry. The main 
reasons for its success, in comparison to conventional multi-input multi-output (MIMO) 
control, are in these applications: 

• Its underlying idea is easy to understand. 

• It handles multivariable control problems naturally. 

• It is more flexible than PID control, even for single loops without constraints, 
without being much more difficult to tune, even for loops containing long time 
delays. 

• It can take in to account actions of limitations. 

• It allows operation closer to the constraints, which often leads to more profitable 
operation. 

2.2 The basic idea 

The basic idea of predictive control is that a model of the process, (subject for control), 
is used to predict the effects in process variables due to actual and future changes in 
manipulated outputs and feed-forward variables. The dynamic model in equation 2-1 
describes the real process. The transfer function G(q)  represents the effect of the 
inputs u(k), from the operator or from a controller, on the actual and future process 
variables y(k). 

 ( ) ( ) ( )kuqGky =  Equation 2-1 

The process variables are measured signals that should follow desired set points r(k). 

Figure 2-1 illustrates a common way of predictive control. In this presentation of the 
basics, we confine ourselves to discussing the control of a single-input single-output 
(SISO) plant. Current time is labelled at time step k and a discrete-time setting is 
supposed. The plant output at the current time is y(k), so the figure also shows the 
previous history of the output trajectory. The trajectory denoted s(t) is the set point 
trajectory. This is the trajectory that the output should follow, ideally. Distinct from the 
set point trajectory is the reference trajectory. This starts at the current output y(k), and 
defines a trajectory along which the plant should return to the set point trajectory, for 
example after a disturbance occurs. For this reason, the reference trajectory defines an 
important aspect of the closed loop behaviour of the controlled plant. As it is not 
necessary to insist that the plant should be driven back to the set point as fast as 
possible, the reference trajectory can approach the set point in many ways. It is 



  

 

Doc. no. Lang. Rev. ind. Page 

 
ABB Automation Technology Products 

BAU Instrumentation & Control  en - 5 

 

frequently assumed that the reference trajectory reaches the set point exponentially 
from the current output value, with the time constant of the exponential, which we shall 
denote Tref , defining the speed of response. Hp is future prediction horizon. 

 

k k+Hp Time 

Time 

u(k) 

s(t) 

y(t) 

r(t|k) 

ÿ(t|k) 

 

Figure 2-1. A common way of predictive control. 

 

3dMPC, however, does not specify a separate reference trajectory. It drives the plant 
back to a ramp-bounded set point as illustrated in figure 2-2. 

 

k k+Hp 
Time 

s(t) 

y(t) 

ÿ(t|k) 

 

Figure 2-2. 3dMPC uses a ramp-bounded set point. 
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If the current error is 

 ( ) ( ) ( )kyksk −=ε  Equation 2-2 

then the reference trajectory, in the general case above, where Ts is the sampling 
interval, is chosen such that the error i steps later, if the output followed the trajectory 
exactly, would be 

 ( ) ( ) ( )kkeik iTiT refs ελεε ==+ −  Equation 2-3 

where refs TTe−=λ  . (Note that 0 < λ < 1.) That is, the reference trajectory is defined to 
be 

 ( ) ( ) ( ) ( ) ( )keiksikikskikr refs TiT εε −−+=+−+=+  Equation 2-4 

A predictive controller has an internal model that is used to generate predictions of the 
behaviour of the plant, starting at current time, over a future prediction horizon, Hp. This 
predicted behaviour depends upon the assumed input trajectory û(k+i|k), i = 0 , 1, ..., 
Hp -1, that is to be applied over the prediction horizon. The idea is to select that input 
which promises the best, predicted behaviour. It is in general impossible to choose the 
future input trajectory such that the predicted output coincides with the reference input 
everywhere. Therefore it is necessary to find some kind of approximate solution.  

This objective can be expressed more precisely: Find a sequence of current and future 
increments for manipulated outputs over a control horizon of Hu samples that minimizes 
the objective function in equation 2-5. The control errors ε(k) = r(k) - y(k) in this 
minimization are considered over a prediction horizon of Hp future samples. The 
weights of Γ and Λ used in 3dMPC are defined from equivalent control error factors 
and from equivalent move factors. These tuning variables define the trade off between 
control errors and actuator efforts for the control system. 

 ( ) ( )
2

2

1

0

2

21
∑∑

−

==

+Λ∆++Γ=
Hu

i

Hp

i

kikuikJ ε  Equation 2-5 

The function is a weighted sum of future squared increments in the sequence of 
manipulated outputs and predicted squared errors.  

Limits for manipulated outputs and limits for predicted process variables are considered 
over the control and prediction horizons. The constraints for process variables y(k) are 
considered over a prediction horizon of Hp samples, and the constraints for 
manipulated outputs u(k) and their increments are considered over a control horizon of 
Hu future samples. 

 

( ) [ ]
( ) [ ]

( ) [ ]1,0
1,0

,1

−∈∀∆≤+∆≤∆
−∈∀≤+≤

∈∀≤+≤

uhilo

uhilo

philo

Hiuikuu
Hiuikuu

Hiyikyy

 Equation 2-6 
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The prediction horizon is in general chosen so that it corresponds to a typical damping 
time for the system. The control horizon specifies the complexity of the optimisation 
problem and is therefore, frequently chosen considerably shorter. 

A comprehensive treatment of prediction control is given in Maciejowski, 2000. 
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3  Model connection algorithm 

The model connection algorithm is an application included in the modeling tools in the 
engineering part of 3dMPC. 

3.1 Assignment 

The assignment was to make a graphical instrument to connect subsystems. The 
model connection algorithm handles cascade connections, the output signals from one 
model are input signals to another model. This is illustrated by the scheme in figure 3-
1. 

 

1 2 

3 

U1 

U2 

Y1 

Y2 

 

Figure 3-1. Example to describe the procedure to connect output signals to input 
signals in different models creating the total model. 

3.2 Purpose 

The purpose of the algorithm is to connect models where outputs from some models 
are inputs to other, i.e. cascade.  

The graphical user interface of this instrument should make the user interaction with 
the algorithms easier and more intuitive than with a command line interface. 

3.3 Algorithm description 

State space models for the subsystems are used to create a state space model for the 
total system. The discrete time state space innovations model structure of equation 3-1 
is used. 

 
( ) ( ) ( ) ( ) ( )
( ) ( ) ( )kekCxky

kKekdBkuBkAxkx ffout

+=

+++=+ 1
  Equation 3-1 

where k is the discrete time, u(k) are the controller outputs and are vectors with the 
same dimension as the number of outputs. The vector d(k) represents measurable 
disturbances. The process variables y(k) are vectors with as many components as the 
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number of process variables. e(k) is the innovation. K is the Kalman gain, which is the 
optimal estimate according to 

 ( ) ( ) ( ) ( ) ( )( )kxCkyKkBukxAkx ˆˆ1ˆ −++=+  . Equation 3-2 

The algorithm calculates the A-, B-, C- and K-matrices and the estimate of the 
covariance of e(k) according to 

 ( ) ( ){ } r2  E =kk ee
T

 . Equation 3-3 

r2 is the innovation covariance. The B-matrix is divided in BOUT and BFF to reflect the 
division of the process input signals into control signals and feed-forward signals. 

3.3.1 Inputs 

The models to connect should be provided as model files of the format used by 3dMPC 
and belonging to the same 3dMPC Application. An Application is defined by a 
configuration file and has a number of data files, log files, model files and other types of 
files associated to it. For each model, model name, sampling interval, time constant 
and time unit should be given. For each involved signal (process variables, 
manipulated outputs and feed-forward variables), signal names and non-linear 
transformations should be given.  

The models to connect may use different subsets of the signals defined in the 
configuration file and the ordering of the signals in the models may differ. 

3.3.2 Processing 

The state space model for each subsystem is given by equation 3-1, but with the two 
matrices BOUT and BFF are put together into B. 

The object is now to form the model for the total system. This procedure is easiest 
described through an example3. The block scheme in the example is illustrated in figure 
3-1.  

 

( ) ( ) [ ]
( ) ( )

( ) ( ) ( )

( ) ( ) [ ]
( )

( )
( ) 2

33
2
32

1
22

1
21
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22

2
2

22
3

1
3333

221112222

111
33

1
3

12
1

1
1111

1

1

1

1

1

exCky

exCky

eK
ekxC

u
BBkxAkx

eKexCBkxAkx

eK
kekxC

u
BBkxAkx

+=+

+=+

+








+
+=+

+++=+

+








+
+=+

 Equation 3-4 

Then the final state space system becomes: 

                                                 
3 The indexing of the system matrices needs an explanation, for example is 2

1B  the B-matrix for model 1, input signal 2 in 
Figure 3-1. 
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( ) ( ) ( ) ( ) ( )
( ) ( ) ( )kePkxCky

keBekeKekuBkxAkx
⋅+⋅=

⋅+⋅+⋅+⋅=+ 1
  Equation 3-5 

The process noise in the total system is here divided in the matrices Ke and Be.  

Consider the same set-up as the example above. We have: 
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 Equation 3-6 
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The new Kalman gain is calculated by first solving the Riccati equation (see 
Maciejowski, 2002).   

 [ ] 1
1

2 RACPRCCPCAPAAPP T
o

T
o

T
o

T
oo ++−=

−
  Equation 3-7 

where the noise covariance matrices are 

 ( ) ( ){ } TT Q
r

r

r

QkWkWER















==

3

2

1

1

200
020

002

  Equation 3-8 

 ( ) ( ){ } TT P
r

r

r

QkVkWER















==

3

2

1

12

200
020

002

  Equation 3-9 

 ( ) ( ){ } TT P
r

r

r

PkVkVER















==

3

2

1

2

200
020

002

  Equation 3-10 

Here ee BKQ += . It is assumed that ei is independent of ej, ji ≠ .  

If the innovation noise covariance matrix is unknown, the Kalman gain and the 
innovation noise covariance matrix are set to zero. This will be announced by a 
warning dialog. 
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The new Kalman gain is calculated as 

 ( ) ( ) 1
212

1
2

−− +′⋅⋅++′′= RCPCRRCCPCAPK ooo   Equation 3-11 

The innovations covariance matrix “r2” is calculated as 

 20 RCPCR o +′⋅⋅= .  Equation 3-12 

3.3.2.1 Non-linear transformations 

Static non-linearities are defined for each model. These are for each individual signal 
defined as piecewise-linear approximations though break points given as x-y 
coordinates, (x1, y1), (x2, y2), ..., (xn, yn). 

When an output signal from one model is connected to an input signal from another 
model, the non-linearity transformations have to agree. For the connected system to be 
correct, the signal y in figure 3-2 has to be the same as the signal u or d. This means 
that the non-linear transformation of the output signal should be the inverse of the non-
linear transformation of the input signal. If this is not true, the connection is prohibited. 

 

Model  
1 ΨPV ΨOUT/FF 

Model 
2 

y u/d OUT/FF PV 

 

Figure 3-2. Principle for the non-linearity transformations between signals. 

3.4 Graphical user interface 

The purpose of the graphical user interface to the model connection tool is to make the 
user interaction with the algorithms easier and more intuitive than with a command line 
interface. 

3.4.1 Inputs 

The different kinds of inputs in the form of user interaction that the graphical user 
interface routines need are described throughout the Processing section below. When 
saving the total model, the filename has to be specified by the user. 

3.4.2 Processing 

All models in the Application are shown in a list. Step one for the user is to choose 
which models should be included in the connection. At least one model has to be 
chosen. As the connections are restricted to models with the same sampling period, all 
the selected models have to have the same sampling period.  

The first window, shown during step one when using the tool is presented in figure 3-3. 
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 1 

2 
3 

 

Figure 3-3. The layout of the window to select models of the model connection tool to. 

 

Table 3-1. Description of the items of figure 3-3 showing the main display of the model 
connection tool. 

Item Description 

1. Table with check boxes, one for each model in the 
application. The check boxes are used to select/deselect 
subsystems in the total model. 

2. Ok button. When the button is pushed, the data is 
transferred to the main window (see below). For the 
following cases, error messages are created: 

• If the selected models have different sampling period. 

• If no models are selected. 

3. Cancel button closes the window without saving any models. 
The ordinary close button supplied by the window manager 
(the small ‘x’ in the upper right corner of the dialog in figure 
3-3) has the same functionality as the Cancel button. 

 

The main window of the tool turns up when the models to use in the total model have 
been specified. The main window is shown in figure 3-4 with descriptions of the 
different items of the given display shown in table 3-2. The application suggests 
connections of signals with the same name. 
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1 

2 

3 

4 

5 6 

9 10 11 

7 

8 

 

Figure 3-4. The layout of the main window in the connect models tool. Here, for 
instance,  “OUT2” from model “mod1” has been connected to “idmod1_P1” input signal 
“PV6”. The external inputs of the total model are “OUT3” from model “idmode1_P1”, 
“FF1” from model “m020115_0933_p1” and “OUT1” from model “mod1”. “PV4” from 
idmod1_p1, “PV1” and “PV5” from mod1 are the external outputs of the total model. 
The different items in the display are described in table 3-2. 

 

Table 3-2. Description of the items of figure 3-4 showing the main display of the 
connect model tool. 

Item Description 

1. Model names. 

2. The names of the process inputs. 

3. The names of the process outputs. 

4. Checkboxes to define external inputs. 

5. Checkboxes to define external outputs. 

6. A table with checkboxes, one for each possible connection 
of signals.  

7. Pop-up menu to select which inputs to display in the table. 
There is an upper limit to the number of input signals listed. 
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There is an upper limit to the number of input signals listed. 

8. Pop-up menu to select which outputs to display in the table. 
There is an upper limit to the number of output signals listed. 

9. Button to add or remove models in the connect signals 
window. When pushing the button, the dialog of figure 3-3 is 
brought up, where models can be selected or deselected. 

10. Ok button. When the button is pushed the total model is 
created. Except for the following cases, when error 
messages are created: 

• If no external outputs are selected. 

• If no external inputs are selected. 

• If two external outputs with the same name are 
selected. 

• If an output signal is assigned to an input signal in 
the same model. 

• If more than one output signal is assigned to an input 
signal. 

• If the non-linear transformations for two connected 
non-linear signals are different. 

• If one of the connected signals is linear and one is 
non-linear. 

11. Cancel button closes the window without saving any data. 
The ordinary close button supplied by the window manager 
(the small ‘x’ in the upper right corner of the dialog in figure 
3-4) has the same functionality as the Cancel button. 

 

3.4.2.1 Basic file handling 

All models available in the current “Application” are listed in the first view of the tool. 
See figure 3-3. The models to connect are loaded by clicking the check boxes. 

When the total model is constructed, it can be saved to disk as a 3dMPC model file. 
When clicking “Ok” a dialog is brought up where the name of the file to store the model 
in, is entered.   

3.4.3 Outputs 

The graphical outputs produced by the interface (in the form of error message etc.) are 
described throughout the Processing section. 

3.5 Implementation 

This chapter describes the implementation of the model connection application. The 
interrelations between the three MATLAB m-files, “connectSignals”, “addModel” and 
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“connectModels” could follow the scheme outlined in figure 3-5. The thick arrows in 
figure 3-5 indicate data transfer and workflow, and should not be confused with the 
solid arrows indicating workflow. The block arrows indicate user interaction. The 
decision squares indicate also user interaction; chose models or connections 
respectively by clicking the checkboxes and click one of the buttons. 

 
 

connectSignals 
 
 
 
 
 
 
 
 
 
 

Create the window  
in Figure 3-4. 

 
 
 
 
 
 
 
 

Initialize model. 
 

Which signals are 
connected? 

 
 
 
 
 
 
 

Save model 

addModel 
Create the window  

in Figure 3-3. 
 
 
 
 
 
 
 

 
Which models are 

selected?  

Cancel 

Exit 

Ok 

Cancel 

Add/ 
Remove 
model 

Ok 

connectModels 
Generate the state-space model for 

the total system. 
Datafile name? 

Call 

chose 
models 

connect 
signals Exit 

Exit 

 

Figure 3-5. The model connection algorithm.  
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3.5.1 Popup menus 

To restrict the size of the windows (figures 3-3 and 3-4), an upper limit of rows and 
columns is defined in the code. Popup menus in the user interface (item 7 in figure 3-4) 
appear when the numbers of input- or output signals are greater than “rowMax” and 
“colMax” respectively. The signals are now shown on different pages. If the number of 
signals in one model is greater than the limitation, it will be split up, otherwise the 
division occurs between models. 

The numbers of models on each page in figure 3-3 are also restricted. The maximal 
number of models is defined by the variable “rowMax”. 

3.5.2 System matrices 

An explanation of the implementation of equations 3-5 and 3-6 follows below. 

A 

The A-matrix is constructed with the A-matrices from the subsystems as blocks on the 
diagonal and the matrix product of the element in “ba” and “cc” in MATLAB-code 
Appendix A. “ba” and “cc” correspond to the internal connections in the system. ”ba” is 
used both to construct the A- and Be-matrices.   

 

C, P  

Element (1,2) in the C-matrix corresponds to that model 2, output 1 is an external 
output signal. The similar element in the P-matrix is the innovation onto the signal.  

 

K 

The process noise for the total system is entering through the sum of the Ke- and Be-
matrices. K1, K2 and K3 in the Ke -matrix are the Kalman gain of the subsystems. The 
element (1,3) in Be, matches the connection from output variable 1 by model 3 (the 
third column in the matrix) to input variable 2 by model 1(ba in the MATLAB-code 
Appendix A). The output variable 1 equals the matrix [ ]01  (zz in the MATLAB-code, 
Appendix A).  

3.5.3 Tsamp 

The variable “tsamp” is saved as the value given as input (all models have to have the 
same sampling period), but converted to seconds, if given any other unit. 

3.5.4 Interpolation of non-linear transformations 

If non-linear transformations are given for the external inputs or outputs, these are 
saved as piecewise linear approximations. The variables “nlpv”, nlout”, “nlff” are arrays 
of vectors with non-linear transformations. Each row is formed as  

 [ ]nn yyxxpn ,...,,,...,,, 11=ψ .  Equation 3-13 
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The function ψ is a strictly monotonic increasing or decreasing function in order to be 
invertible. n equal to one or zero means that the signal is linear. The variable p has no 
use.  

When two non-linear signals are connected, as illustrated in figure 3-2, the non-linearity 
transformations have to agree. This implies that y1, y2, ..., yn for ΨPV as an input signal 
to ΨOUT/FF should give x1, x2, ..., xn. Since ΨOUT/FF does not need to be defined by these 
breakpoints precisely, an interpolation has too been done. The interpolation is done by 
the command “interp1” in MATLAB. Out of range values are returned as NaN. Norm is 
calculated only for finite values. See Appendix B. 

The relative norm of the piecewise linear approximation has to be smaller than 1 %. 

3.6 Verification of the result 

The result from the application was verified with help of the function ”connect” in 
MATLAB control system toolbox. Three models, each with one input signal, one feed-
forward signal and three output signals were connected according to figure 3-6.  

FF1 

U1 

 

Y2 
Y3 

Y1 

FF3 
Y8 
Y9 

Y7 U3 

FF2 
Y5 
Y6 

Y4 U2 

Model 
3 

Model 
1 

Model 
2 

U1 

FF3 

Y1 

Y3 

Y8 

 

Figure 3-6. System to verify the application to connect models. 

 

The three subsystems are put together to a block diagonal LTI (linear time-invariant) 
model (without internal connections) with the command “append” in MATLAB. The 
remaining arguments of the function “connect” are 



















=

74
65
52
23

Q  

[ ]61=inputs   

[ ]831=outputs  
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Each row in Q corresponds to a connection between an input and an output of the 
unconnected system created by “append”. The indices of the connected inputs are 
given in the first column of Q and those of the output are given in the second column. 

For the first row in Q this means that input signal number 3, (U2), is connected to 
output number 2, (Y2). 

It has been checked that the system matrices for the total model in the two cases are 
identical and, then of course, so are the transfer functions same. 
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4 Selection of feed-forward and support signals 

The algorithm is an application included in the modeling tools in the engineering part of 
3dMPC. 

4.1 Assignment  

A controlled multivariable process has normally a number of control signals and some 
output signals to be controlled, which here are assumed to be pre-defined. Except 
these signals, the 3dMPC has the ability to use other signals to improve the control. 
There are two types of additional signals; on one hand the feed-forward signals, which 
are independent measurable input signals to the process, on the other the measurable 
output signals from the process, which can be used to improve the estimation of the 
internal state of the process.  

Unfortunately it is often in practice hard to know both which measurable disturbances 
are worth considering, and which additional process variables (support signals) that 
could be of any use. The application should assist in this determination.  

4.2 Purpose 

The algorithm proposes signals when building the model to improve the control. The 
appointment is based on prediction error variance calculations. 

4.3 Method 

4.3.1 Subspace identification 

The subspace identification algorithm used in the 3dMPC tools identifies the matrices 
in the model structure in equation 4-1. The basic idea behind the algorithm is to, from 
the input-output data, create the state sequences )(ˆ tx  and )1(ˆ +tx . 

 
( ) ( ) ( ) ( )
( ) ( ) ( )ttxCty

ttButxAtx

2

1

ˆ

ˆ1ˆ

ε
ε

+=
++=+

  Equation 4-1 

with the residuals ε1(t) and ε2(t) independent of )(ˆ tx  and u(t). The Kalman filter K in 
equation 3-1 is also calculated. The theory and procedure for doing this is described in 
chapter 4.7.1. 

A limitation with the subspace algorithm is that consistent estimates can only be 
expected for data collected in open loop. The question if this limitation also implies that 
the signal selection algorithm (using subspace generated models) is reliable only for 
open loop data is deferred to section 4.6.3. 

4.3.2 Prediction error variance 

One way to evaluate a model is to compare measured outputs from the process with 
the outputs generated by the model using known process inputs. The norm of the 
prediction error variance for a specific prediction length, is given as 
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 ( ) ( ) ( )∑ ∑
∈

−−

=
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−cyi
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ti

ktekte
kN

1

0
2

1
σ

 Equation 4-2 

N is the length of the data set and e is the prediction errors. When a single norm for a 
model is needed, the values above are summed for 1 ≤ k ≤ γ. γ is a user specified 
parameter in the subspace algorithm, but here it is also selected as a proper upper limit 
of the prediction lengths. 

 

( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( )1|1ˆ|ˆ

1|1ˆ|2ˆ
|ˆ|1ˆ

|ˆ|ˆ

−++−+=+

+++=+
++=+

+−+=+−+=+

ktButktxAtktx

tButtxAttx
tKetButtxAttx

tktxCktytktyktykte iii

M
 Equation 4-3 

( )tkty i |ˆ +  is the k step prediction based on the evaluation data set, ( )kty i +  the 

process outputs of the evaluation data set, 2
iσ  the variance of the process output i of 

the evaluation data set and yc the controlled process variables. 

4.4 Processing 

The MATLAB simulink model in Appendix C has been used for the investigation. PRBS 
(Pseudo Random Binary Sequence) signals are used as input signals, (U1 and U2). In 
this process PV1 and PV2 are the controlled variables while PV3 and PV4 are potential 
support signals. To determine the usefulness of these signals, at first a model is 
identified containing one support signal. This model is then compared with the original 
model. If the model, containing this support signal, seems to perform just as well, or not 
as well, it is an indication that this model has not picked up any useful information 
about this signal. The reason for this might be either that the signal is not important, or 
that the identification procedure failed in finding the relation. If the performance is 
better, the signal is added to the model. A new model with another support signal is 
then identified and compared with the up to now best model. This will continue until all 
support signals and feed-forward signals are tested. 

The selection of support signals and feed-forward signals is intimately related to the 
rejection of disturbances and the tracking of reference changes. The selected support 
signals should have a strong relationship with the controlled outputs, or be able to early 
detect a major disturbance. The selected feed-forward signals should have a significant 
effect on the controlled outputs. 

The disturbances in the simulink model are all white noise with different power in 
different simulations.  

Log files and data files are generated as described in Chapter 1.2.  
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4.5 Result 

The prediction error variance as a function of prediction length, are plotted for the 
models being compared, and a given evaluation data set. Some attempts are made 
and the plots show the results. The single prediction error variance norm (sum over 
prediction lengths) is written in the legends in each plot. 

The different attempts need an explanation. The first one has no disturbances and the 
second is affected with pretty much disturbances, all the noise powers are set to 0.1. 
We can expect that the support signals in the first situation pick up more useful 
information than in the second. In attempt 3 and 4 we have a special situation. The 
gain2 and gain3 blocks in the MATLAB simulink model in Appendix C are set to 0.001 in 
the two attempts respectively.  This implies that the signal PV4 (or PV3) mostly 
consists of noise. Here it is expected that models lacking the noisy support signals 
perform just as well as the model with these signals. 

Table 4-1. Different simulations in the process in Appendix C. The results are plotted in 
figure 4-1 - 4-4. 

Simulation attempt 1 attempt 2 attempt 3 attempt 4 
Figure 4-1 4-2 4-3 (blue) 4-3 (black) 
Gain_y3 1 1 1 0.001 
Noise_y3 0 0.1 0.001 0.1 
Gain_y4 1 1 0.001 0 
Noise_y4 0 0.1 0.1 0.001 
Gain_ff1 0.1 1 1 1 
Noise_ff1 0 0.1 0.001 0.001 
Gain_ff2 0.1 1 1 1 
Noise_ff2 0 0.1 0.001 0.001 

 

Figure 4-1 shows the prediction error variance for different models created in a 
simulation with no noise powers and the signal gains in attempt 1 in table 4-1.  One can 
see that this situation implies that the model containing all signals, represented by the 
black dotted line, is the best one for small gamma. PV3 and PV4 just improve the 
predictions for small gamma.  
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Figure 4-1. Prediction error variance plots for the simulation “attempt 1” in table 4-1. 
Only the variances in PV1 and PV2 are considered. The thick solid black line is for the 
model containing PV1 and PV2. The green, red and blue solid lines are for models also 
containing PV3 or PV4 or PV3 and PV4 respectively. The green, red and blue dashed 
lines are for models also containing FF1 or FF2 or FF1 and FF2 respectively. The black 
dotted line is for the model containing all signals.  

 

In attempt 2 the models are affected by noise and the plot indicates that PV3 and PV4 
do not improve the model at all.  
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Figure 4-2. Prediction error variance plots for the simulation “attempt 2” in table 4-1. 
Only the variances in PV1 and PV2 are considered. The thick solid black line is for the 
model containing PV1 and PV2. The blue solid line is for a model also containing PV3 
and PV4. The green, red and blue dashed lines are for models also containing FF1 or 
FF2, or FF1 and FF2 respectively. The black dotted line is for the model containing all 
signals. 

 

The figure 4-3 contains the plots for two different simulations. The blue-coloured 
models (attempt 3 in table 4-1) have a very small, but noisy PV4-signal. The figure 
indicates that the model built with the signals PV1, PV2 and PV3 (blue, dashed line in 
the plot), as expected, has the best prediction. The black-coloured models (attempt 4 in 
table 4-1) however have a very small, but noisy PV3-signal. Here the plot indicates that 
PV4 does not improve the predictions.  
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Figure 4-3. Prediction error variance plots for the simulations “attempt 3”, blue, and 
“attempt 4”, black, in table 4-1. Only the variances in PV1 and PV2 are considered. The 
solid lines are for the models containing Y1 and Y2. The dashed lines are for models 
also containing Y3 and the dashed-dotted Y4. The dotted lines are for the models 
containing all signals respectively. 

 

4.6 Evaluation 

4.6.1 Introduction 

The objective of a control system is to make the output y behave in a desired way by 
manipulation of the plant input u. The problem is to manipulate u to counteract the 
effect of a disturbance d and to keep the output close to a given reference input r.  The 
algorithm for adjusting u based on the available information is the controller K.  

The objective of control is to manipulate u (design K) such that the control error e 
remains small in spite of disturbances d. The control error e is defined as 

 rye −=  Equation 4-4 

where r denotes the reference value (set point) for the output. (For an explanation to 
this notation see Skogestad and Postletwaite, 1996. Literature often defines the control 
error as the controller input.) If the control itself is perfect e = n (the measurement 
noise). 
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4.6.2 Controller design 

To evaluate the result from the application in chapter 4.6 controllers are designed for 
some of the models in figure 4-1. The controller design is done with the off-line tuning 
tool, which consists of the MPC design tool and the MPC analysis tool. The MPC 
design tool is a graphical editor for specification data. Here prediction and control 
horizons together with the weights on control deviations and manipulated outputs 
moves are specified. The tuning is done with help of the MPC analysis tool where the 
resulting system is analysed.  

4.6.3 Evaluation in closed loop 

The designed controllers are used in simulations with the model in Appendix C. 

As a first observation it is noted that the application selects similar support signals and 
feed-forward signals in closed loop as in open loop. This indicates correctness of the 
application. 

The performance of the designed controllers has also been tested. The process in 
Appendix C, with disturbances as in “attempt 1”, is simulated with feedback control. To 
compare the different controllers, the variance of the control error is calculated. (Table 
4-2.) As expected, the controller “c_y1234ff12” based on the model with all signals 
performs the smallest control error. 

Table 4-2. Simulations in feedback control with the controller based on simulation 
“attempt 1” in table 4-1. Variance of the control error in Y1 and Y2 respectively. 

Simulation attempt c1 attempt c2 attempt c3 
Controller c_y1234ff12 c_y12 c_y12ff12 
Var(Y1-r1) 0.1597 0.3901 0.3003 
Var(Y2-r2) 0.1887 0.4677 0.3573 

 

In figure 4.4 a step in feed-forward signal FF2 is made. All noise powers are here set to 
zero. One can see that the controller based on the model with the feed-forward signals, 
(upper plot), starts to control in the same sample as the disturbance, and then cancels 
out the disturbance faster than the controller based on the model only with the process 
variables (plot below). The control signals are smaller and the error is smaller. 

 

 



  

 

Doc. no. Lang. Rev. ind. Page 

 
ABB Automation Technology Products 

BAU Instrumentation & Control  en - 26 

 

0 5 10 15 20 25 30 35 40 45 50
-5

0

5

Step in FF2. Process controlled with c y12ff21.

0 5 10 15 20 25 30 35 40 45 50
-5

0

5

Step in FF2. Process controlled with c y12.

Y1 
Y2 
U1 
U2 
FF2

 

Figure 4-4. A step with amplitude 4 in FF2 causes disturbances. 

 

4.7 Alternative prediction error calculations 

The 3dMPC uses subspace identification to identify the matrices in equation 4-1. This 
calculation uses a predictor to design the system matrices. 

Is it possible to use the predictions to calculate the prediction error variance directly? 
Are these calculations more effective? 

These two derivations of generating predictions follow below and a comparison 
between them is made.  

4.7.1 Algorithm description 

The subspace identification algorithm used in the 3dMPC tools identifies the matrices 
in the model structure in equation 4-1.  

An initial step in the identification is the construction of Hankel matrices. There are 
separate ones for the process inputs and process outputs. The subscripts p and f are 
meant to denote “past” and “future” respectively. Thus yf(t) is a vector of predicted 
future process outputs, yp(t), up(t) are vectors with old process outputs and inputs 
respectively and uf(t) is a vector with future process inputs.  As the identification is 
performed off-line, the data can always be organized in this way with the predictor 
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having access to the future process inputs. The numbers of block rows in each matrix, 
β for the “past” and γ for the “future”, are the user-supplied input parameters. 
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Some more matrices also have to be defined: 
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γ   Equation 4-6 

If the state vector at time t was known, the predictions yf(t)  could be written as (using 
the matrices defined above and equation 4-1) 

 ( ) ( ) ( )tuHtxty ff γγ +Γ= ˆˆ  Equation 4-7 

A key step in the identification algorithm is to find the best linear predictor of the form 

 ( ) ( ) ( ) ( )tuLtuLtyLty fppf 321ˆ ++=  Equation 4-8 

The matrices L1, L2 and L3 determine how the old process inputs and outputs and the 
future inputs are weighed together to form the predictions. This is found out by solving 
the minimization problem 

 ( ) 2

321
,, 321

min
Ffppf

LLL
uLuLyLY ++−  Equation 4-9 

By comparing the predictions in equation 4-7 and 4-8 it can be seen that  

 ( ) ( ) ( )tuLtyLtx pp 21ˆ +=Γγ  Equation 4-10 

As the right-hand side of equation 4-10 is known and the state dimension (number of 
columns) of Γγ is user defined, and some calculations gives us the system matrices in 
equation 4-1. The Kalman filter K in equation 3-1 is also calculated. Then, the scalar 
norm of the prediction quality of the state space model is calculated. The last step 
seems to be excessive as it is possible to compute the predictions for the model in 
equation 4-8 and calculate the norm of the prediction error variance. 
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4.7.2 Comparison 

The two ways of calculating the norm result in the same outcomes. Their proposals are 
the same and the prediction error variances differ insignificantly. In table 4-3, the 
variances for the different ways of calculations are listed. Norm 1 is the result with 
subspace identification and Norm 2 is the more direct calculation. 

Table 4-3. Prediction error variance, two different ways of calculations. 

Signals Y1,Y2 Y1,Y2,Y3 Y1,Y2,Y3,Y4 Y1,Y2,Y3,Y4,FF1 Y1,Y2,Y3,Y4,FF1,FF2 
Norm 1 2.779 2.8029 2.8278 1.5133 1.2134 
Norm 2 2.797 2.7752 2.8001 1.5088 1.2183 

 

It is obvious that the second computation is more efficient. When calculated in MATLAB, 
the second way is considerably faster. 

 

4.8 Discussion 

In this algorithm, it is first tested if the extra process variables improve the model and 
then the feed-forward signals are tested. If the signals are tested in opposite turn, the 
proposals of signals to be used in the model may differ. The performance 
characteristics, however, are nearly the same and that means the models are just as 
good.  

A limit for how much a signal should improve a model must somehow be specified. In 
the specific application used in the simulations in this thesis, it has been shown that if 
the prediction error variance is 4 % lower, is it useful to include the signal in the model. 
Providing for closer investigations was out of the scope of this thesis, so the level may 
need adjustments.  

It is not always obvious, if a signal should be considered as a feed-forward signal or an 
extra process variable. The selection algorithm might also be expanded to determine 
this. For instance, process variable Y4 in the simulation application, Appendix C, may 
be considered as a measurable disturbance to the process, that means an input signal. 
The prediction for such a model could be compared to a model using Y4 as model 
output. 
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 Appendix A - Connect models 

 

function [A,BOUT,BFF,C,K1,Ro,nameOUT,nameFF,nlout,nlff] = ... 
   connectModels(cmd,selectedModels,select,extInOUT,extInFF,extOut,nlOUT,nlFF) 
% 
% Generates the state-space innovation model for the total system. 
% 
%#Inputs# 
% cmd:           String controlling the execution. Possible value is 'init'. 
% 
% selectedModels: Matrix with the number of the selected models (made in  
%       "AddModel"). 
%   
% select:    Matrix with the connected signals.  
%         [model,output,model,input] 
% extInOUT,extInFF: Matrices with external inputs/disturbances. 
%        [model,input] 
% extOut:    Matrix with external outputs. 
%        [model,output] 
% nlOut,nlFF:   Non-linear functions. 
% 
%#Outputs# 
% A,BOUT,BFF,C:  New system. 
% 
% K1:     Kalman gain. 
% 
% Ro:     Innovation covariance 
% 
% nameOUT,nameFF: Arrays with names of the external out- and feed-forward 
signals. 
% 
% nlout,nlff:   Non-linear functions. 
% 
%#LABCALLS 
% dareit.m mdiag.m  
%#LABCALLS_OFF 
% 
%#Description# 
% The function returns the matrices for the total model, on state-space 
innovations  
% model structure. The state-space-model with the controller outputs, u(k), 
% and the measurable disturbances, e(k), is written as: 
%  x(k+1) = A * x(k) + B * u(k) + K * e(k) 
%  y(k) = C * x(k) + P * e(k) 
%     Q = Ke + Be 
% 
%   A Kalman filter is designed with the discrete-time Riccati equation: 
%       A' P0 A - P0 - (A' P0 C + R12) (R2 + C' P0 B)^(-1) (R12' + C' P0 A) + R1 = 
0 
%   where R1, R2 and R12 are noise covariances and 
%       K1 = A*P0*C'/(C*P0*C'+R2) + R12/(C*P0*C'+R2) 
%       Ro = C*P0*C' + R2 is the innovation covariance. 
% 
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%   a, bout, bff and c are, for each model, matrices in the state-space 
description. 
%   A, BOUT, BFF and C are system matrices of the total state-space model. 
% 
% 
 
if nargin == 0 
   cmd = 'init'; 
end 
 
if strcmp(cmd,'init') 
   npv = [];        nout = [];      nff = []; 
   A = [];          C = [];         P = [];         Ke = [];        R = []; 
    
   nameOUT = [];     nameFF = []; 
   OUT = 0;    FF = 0; 
   BtotOUT = [];     BtotFF = []; 
   n = 0;        m = 0;       
   nnlout = 1;       nnlff = 1; 
   nlout = [];   nlff = []; 
   px = 0;        cx = 0; 
   nX = []; 
    
   models = dir('models/*.mxm'); 
   % Determine the number of models 
   nSelectedModels = length(selectedModels); 
 
   for i = 1:nSelectedModels 
      nameModel=char(models(selectedModels(i)).name); 
      [namepv,nameout,nameff,tsamp,a,bout,bff,c,k,r2] = ... 
          readmat(['models/',nameModel],'namepv','nameout','nameff',... 
          'tsamp','a','bout','bff','c','k','r2'); 
       
      npv(i,1) = size(namepv,1); 
      nout(i,1) = size(nameout,1); 
      nff(i,1) = size(nameff,1); 
       
      % The number of states in the state matrix. 
      nX(i,1) = size(a,1); 
 
      % B matrix: BtotOUT and BtotFF 
      if size(bff,2) >= 1 
         b = [bout,bff]; 
      else 
         b = bout; 
      end 
       
      if ~isempty(extInOUT)     % if no external output signals 
          extInputOUT = find(extInOUT(:,1) == i); 
          if isempty(extInputOUT) 
              BtotOUT(n+1:n+size(b,1),1) = 0; 
          else 
              Bout = []; 
              for j = 1:size(extInputOUT,1) 
                  Bout(:,1) = bout(:,extInOUT(extInputOUT(j),2)); 
                  % Two signals with the same name are the same signal. 
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                  indout = strmatch... 
                      (nameout(extInOUT(extInputOUT(j),2),:),nameOUT,'exact'); 
                  if length(indout) > 0 
                      BtotOUT(n+1:n+size(b,1),indout(1)) = Bout; 
                      OUT = OUT + 1; 
                      if ~isequal(nlOUT(nnlout,:),nlOUT(indout,:)) 
                          % Two signals with the same name are the same signal 
                          % and must have same non-linear function. 
                          h1 = warndlg('External inputs with the same name have  
         different non-linear function.'); 
                          set(h1,'WindowStyle','modal'); 
                          uiwait(h1); 
                      end 
                  else 
                      BtotOUT(n+1:n+size(b,1),extInputOUT(j)-OUT) = Bout; 
                      nameOUT = ... 
        strvcat(nameOUT,nameout(extInOUT(extInputOUT(j),2),:)); 
                      nlout(nnlout-OUT,:) = nlOUT(nnlout,:); 
                  end 
                  nnlout = nnlout + 1; 
              end 
              BtotOUT(n+1:n+size(b,1),extInputOUT(j)+1:size(extInOUT,1)) = 0; 
          end 
      end         %if ~isempty(extInOUT)   
      if ~isempty(extInFF)      % if no external feed-forward signals 
          extInputFF = find(extInFF(:,1) == i); 
          if isempty(extInputFF) 
              BtotFF(n+1:n+size(b,1),1) = 0; 
          else 
              Bff = []; 
              for jj = 1:size(extInputFF,1) 
                  Bff(:,1) = bff(:,extInFF(extInputFF(jj),2)); 
                  % Two signals with the same name are the same signal. 
                  indff = strmatch... 
                      (nameff(extInFF(extInputFF(jj),2),:),nameFF,'exact'); 
                  if length(indff) > 0 
                      BtotFF(n+1:n+size(b,1),indff(1)) = Bff; 
                      FF = FF + 1; 
                      if ~isequal(nlFF(nnlff,:),nlFF(indff,:)) 
                          % Two signals with the same name are the same signal 
                          % and must have same non-linear function. 
                          h1 = warndlg('External inputs with the same name have  
         different non-linear function.'); 
                          set(h1,'WindowStyle','modal'); 
                          uiwait(h1); 
                      end 
                  else 
                      BtotFF(n+1:n+size(b,1),extInputFF(jj)-FF) = Bff; 
                      nameFF = 
strvcat(nameFF,nameff(extInFF(extInputFF(jj),2),:)); 
                      nlff(nnlff-FF,:) = nlFF(nnlff,:); 
                  end 
                  nnlff = nnlff + 1; 
              end 
              BtotFF(n+1:n+size(b,1),extInputFF(jj)+1:size(extInFF,1)) = 0; 
          end 
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      end       % if ~isempty(extInFF) 
      n = n + size(b,1); 
       
      % ba and cc are elements in the A matrix. 
      % ba.*zz are elements in the Be matrix. Ke + Be = K 
      % zz turns out from which output in the model the signal comes from. 
      x = []; 
      for fromMod = 1:nSelectedModels 
         if isempty(find(select(:,3) == i)) 
            ba{i,fromMod} = []; 
        zz{i,fromMod} = 0; 
         else 
            x = find(select(:,1) == fromMod & select(:,3) == i); 
            if isempty(x) 
               ba{i,fromMod} = []; 
         zz{i,fromMod} = 0; 
            else 
         tmpB = zeros(size(b,1),size(x,1)); 
         z = zeros(size(x,1),1); 
               for ib = 1:size(x,1) 
                  tmpB(:,ib) = b(:,select(x(ib),4)); 
                  z(ib,select(x(ib),2)) = 1; 
               end 
               ba{i,fromMod} = tmpB; 
               zz{i,fromMod} = z; 
            end 
         end 
          
         y = []; 
         if isempty(find(select(:,1) == i)) 
            cc{fromMod,i} = []; 
         else 
          y = find(select(:,3) == fromMod & select(:,1) == i); 
          if isempty(y) 
               cc{fromMod,i} = []; 
          else 
               tmpC = zeros(size(y,1),size(c,2)); 
               for ic = 1:size(y,1) 
                   tmpC(ic,:) = c(select(y(ic),2),:); 
               end 
               cc{fromMod,i} = tmpC; 
          end 
         end 
      end  % for fromMod = 1:nSelectedModels 
     
      % C matrix and P matrix 
      extOutput = find(extOut(:,1) == i); 
      if isempty(extOutput) 
          C(1,cx+1:cx+size(c,2)) = 0; 
          P(1,px+1:px+npv(i)) = 0; 
      else 
          x = zeros(size(extOutput,1),npv(i)); 
          xc = [];  
          for ip = 1:size(extOutput,1) 
              x(ip,extOut(extOutput(ip),2)) = 1; 
              xc(ip,:) = c(extOut(extOutput(ip),2),:); 
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          end 
          r0 = size(C,1); 
          C(r0+1:r0+size(xc,1),cx+1:cx+size(xc,2)) = xc; 
          r0 = size(P,1); 
          P(r0+1:r0+size(x,1),px+1:px+size(x,2)) = x; 
      end 
      px = px + npv(i); 
      cx = cx + size(c,2); 
   
      % The Kalman gain 
      Ke = mdiag(Ke,k);  
       
      % The block-diagonal in the A matrix 
      A = mdiag(A,a); 
       
      % Innovation noise covariance matrix,  
      % r2 is measurement noise covariance. r2=E{ee'} 
      R = mdiag(R,r2); 
       
   end    % for i = 1:nSelectedModels 
   
   % B matrix = [BOUT,BFF] 
   BOUT = BtotOUT(:,1:size(nameOUT,1)); 
   BFF = BtotFF(:,1:size(nameFF,1)); 
   %BoutBff(j,:) = [BOUT,BFF]; 
    
   % A matrix 
   row = 0; 
   rowA = 0; 
   Be = zeros(size(Ke)); 
   for i = 1:size(ba,1) 
      col = 0; 
      colA = 0; 
      for ii = 1:size(ba,2) 
          if length(zz{i,ii}) == 0 
              zz{i,ii}(1:npv(ii)) = 0; 
          elseif length(zz{i,ii}) < npv(ii) 
              zz{i,ii}(1:size(zz{i,ii},1),length(zz{i,ii}):npv(ii)) = 0; 
          end 
         if ~isempty(ba{i,ii}*cc{i,ii}) 
            Be(row+1:row+nX(i),col+1:col+npv(ii)) = ba{i,ii}*zz{i,ii}; 
            A(rowA+1:rowA+nX(i),colA+1:colA+nX(ii)) = ba{i,ii}*cc{i,ii}; 
         end 
         col = col + npv(ii); 
         colA = colA + nX(ii); 
      end    % for ii = 1:size(bz,2) 
      row = row + nX(i); 
      rowA = rowA + nX(i); 
   end   % for i = 1:size(bz,1)  
    
   % Q matrix. w(k) = Q * e(k) 
   Q = Ke + Be; 
    
   % Create the noise covariances R1, R2 and R12 
   R1  = Q * R * Q'; 
   R12 = Q * R * P'; 
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   R2  = P * R * P'; 
    
   % Design Kalman filter and compute innovation covariance 
   P0 = dareit(A',C',R1,R2,R12)'; 
    
   if all(isfinite(P0)) 
       Kf = P0*C'/(C*P0*C'+R2); 
       Kv = R12/(C*P0*C'+R2); 
       K1 = A*Kf+Kv; 
       Ro = C*P0*C' + R2; %Innovation covariance 
   else 
       K1 = zeros(size(A,1),size(C,1)); 
       Ro = zeros(size(C,1)); 
       h1 = warndlg('Kalman gain could not be calculated.'); 
       set(h1,'WindowStyle','modal'); 
       uiwait(h1); 
       return; 
   end 
end 
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Appendix B - Interpolation of non-linear functions 

m is counted up to the number of process variables in the model and j is counted to the 
number of inputs. 

 

xPV(1,1:nlPV(m,1)) = nlPV(m,3:nlPV(m,1)+2); 
yPV(1,1:nlPV(m,1)) = nlPV(m,nlPV(m,1)+3:2*nlPV(m,1)+2); 

xOUT(1,1:nlOUT(j,1)) = nlOUT(j,3:nlOUT(j,1)+2); 
yOUT(1,1:nlOUT(j,1)) = nlOUT(j,nlOUT(j,1)+3:2*nlOUT(j,1)+2); 

                           

% Interpolates yiOUT between data points 
yiOUT = interp1(xOUT,yOUT,yPV); 

ind = find(finite(yiOUT)); 

H2out = norm(yiOUT(ind)) 
H2 = norm(xPV(ind) - yiOUT(ind)) 

% Different non-linear transformations                          
if H2 / H2out > 0.01  

  % Error message in a dialog box 

  s = strcat({'Non-linear transformations between model 
'},... 

   char(modelName(selectedModels(n))),... 
   {' signal PV'},m2s(m),{' and model '},... 

   char(modelName(selectedModels(k))),... 

   {' signal U'},m2s(j),{'are different.'}); 
  h1 = errordlg(s,'Signal assignment error!'); 

  uiwait(h1); 

  return; 
end 
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Appendix C - Simulation process 



  

 

Doc. no. Lang. Rev. ind. Page 

 
ABB Automation Technology Products 

BAU Instrumentation & Control  en - 38 

 

 
  

REVISION 

Rev. 
ind. 

Page (P) 
Chapt.(C) 

Description Date 
Dept./Init. 

    
    
    
    
    
    
 


