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A METHOD OF OPERATING A PROCESS OR MACHINE

FIELD OF THE INVENTION

The present invention relates generally to control of technical pro

cesses and machines.

BACKGROUND OF THE INVENTION

A process control or automation system is used to automatically

control an industrial process such as chemical processes, oil refineries, power

plants, timber industry, mineral processing (e.g. rock-crushing, screening,

grinding, etc.), and paper and pulp factories. The process automation system

often uses a network to interconnect sensors, controllers, operator terminals

and actuators. Process automation involves using computer technology and

software engineering to help power plants and factories operate more efficient

ly and safely. An automatic controller must be able to facilitate the plant opera

tion over a wide range of operating conditions. Also many machines, such as

crushers, screens, wood harvesters, etc., are very complicated systems with a

plurality of sensors, controllers, and actuators.

The industrial processes maintain continuous operations in facilities

that represent substantial start-up costs and time, but can be interrupted or

disrupted by minor disturbances. If the product stream is disrupted or the pro-

cess is not run optimally, lost productivity and lost product can create a large

financial burden. Therefore it is important for the operator to monitor and s u

pervise the process in real-time. Control rooms are central facilities used to

manage large systems such as industrial processes. As the operators of large

systems are asked to perform more efficiently, use more sophisticated control

systems, and take on more duties and responsibilities, developers of control

room equipment have sought to improve operators' ability to interact effectively

with their systems. Various approaches have been proposed, which are often

divided, according to the level of knowledge, into model-based and statistical

methods.

Behaviour of a process can be predicted using simulation models.

Process simulation is a model-based representation of industrial processes

and unit operations in software for studying and analyzing the behaviour and

performance of actual or theoretical systems. Simulation studies are pe r

formed, not on the real-world system, but on a (usually computer-based) model

of the system created for the purpose of studying certain system dynamics and



characteristics. The purpose of any model is to enable its users to draw con

clusions about the real system by studying and analysing the model response.

The major reasons for developing a model, as opposed to analysing the real

system, include economics, unavailability of a "real" system, and the goal of

achieving a deeper understanding of the relationships between the elements of

the system. In process automation, the simulator may use measurements to

show not only how the plant is working but to simulate different operating

modes and find the optimal strategy for the plant.

Modern process plants generate a vast amount of real-time data

that often has to be stored and processed efficiently for later analysis. All

measurements, setpoints, controller outputs, device statuses, motor starts,

alarms, operation tracking etc. may be stored into so called historian data

bases. A historian database may be integrated with other parts of a control

system, such as controls, engineering and control room functionalities. By

means of the history data collected from the process plant over time, trend

charts can be created that show process trends in data over time. In modern

control rooms, long history trends are usually available for the users. As all

processes vary, single point measurements can be misleading. Displaying his

torical data over time increases understanding of the real performance of a

process.

US 20021 77909 discloses a multi-variable control loop assessment

method and apparatus for analyzing, assessing and troubleshooting control

loops in complex industrial processes such as papermaking operations. A mul-

tivariable analysis tool applies an orthogonal decomposition method such as

the Partial Least Squares (PLS) to a disturbance model relating the known

loop disturbances to the loop model residue. The tool first extracts the most

dominant correlation to the loop model residue and then uses the residue to

search for secondary dominant correlation in an orthogonal space. This pro

cess is repeated until no further output variation can be significantly attributed

by the next dominant correlation. In this way, the analysis tool is able to est i

mate the performance potential of each control loop under different disturb

ance conditions and provide a control performance index by comparing the

achieved performance to the performance potential in a multi-variable env i

ronment. This index indicates whether or not a given loop is under optimal op-

eration and, in fact, shows the variance of the loop from the best achievable

loop performance. A problem with PLS (Partial Least Squares Regression), as



well as with PCA (Principal Component Analysis) and Factor Analysis is that

these methods are linear methods. Moreover, latent variables are quite a b

stract and therefore difficult to explain for many purposes, and it is difficult to

select proper variables to the models used.

In WO2008040845 the quality of the paper produced by a paper

machine is monitored by profile measurements of the paper web. The profile-

measurement information is combined with other process measurements, with

the aid of correlation calculation. In the calculation, the period of time in which

some parameter has changed significantly is examined. By calculating the cor-

relations between parameter time series and the process measurements, the

process measurements are found that correlate most strongly with the parame

ter and which thus have most probably influenced the profile change. A prob

lem related to such correlation matrix method is that it is a linear method and

may provide misleading results for nonlinear relationships. Moreover, if a cor-

relation matrix is used as criteria for modelling, wrong or confusing results may

be obtained.

Non-linear models have not been employed because they are com

plicated and require very much processing capacity and extremely long pro

cessing times even if there are only a handful of variables.

Real-life management and up-keeping challenges of a process

monitoring and diagnosis are also discussed in "Managing Adaptive Process

Monitoring: New Tools and Case Examples", Mats Friman and Harri Happo-

nen, Proceedings of the 15th Mediterranean Conference on Control and Auto

mation, July 27-29, Athens, Greece, 2007.

There is a need for a monitoring and diagnosis tool which allows an

easy identification of process parameters affecting on process problem, or

productivity or efficiency of the process, and making appropriate control a c

tions based on the identified parameters. There is also need for a method

which allows the operator to evaluate non-linear relationships of parameters

with the monitoring and diagnosis tool.

SUMMARY OF THE INVENTION

An object of the present invention is to provide a new operating

tool which can assist an operator of a process or machine in decision making.

This object of the invention is achieved by the subject matter of the attached

independent claims. The preferred embodiments of the invention are disclosed



in the dependent claims.

An aspect of the invention is a method of operating a process or a

machine, comprising

obtaining operating data from an operating historian database, said

operating data containing a plurality of variables collected from a process or

machine during operation,

determining, by non-real time processing, statistical models, each of

the statistical models describing non-linear causal interrelations between two

or more of said variables,

organizing, by a non-real time processing, a plurality of operating

variables into a hierarchical presentation of said statistical models according a

statistical criterion, in which hierarchical presentation the models are connect

ed to each other through said variables, and storing said hierarchical presenta

tion of statistical models in a database,

receiving, via a graphical human-machine interface of the process

or machine, a selection of one of said plurality of variables as a variable of in

terest for real-time analysis,

selecting, by real-time processing based on said stored hierarchical

presentation of statistical models, among said plurality of variables of the col-

lected process data at least one explanatory variable which has the largest

impact on said variable of interest in terms of said statistical criterion, and

analyzing and displaying on said graphical human-machine inte r

face relationships between said variable of interest and said at least one ex

planatory variable.

Another aspect of the invention is a method of operating a process

or a machine, comprising

obtaining operating data from an operating historian database, said

operating data containing a plurality of variables collected from a process or

machine during operation,

determining, by non-real time processing, a collection of statistical

models, each of the models describing non-linear causal interrelations be

tween two or more of said variables, and storing said collection of statistical

models in a database,

receiving, via a graphical human-machine interface of the process

or machine, a selection of one of said plurality of variables as a variable of in

terest for real-time analysis,



dynamically organizing, by a real time processing, variable-specific

hierarchical presentation of statistical models from the statistical models of the

stored model collection for analysis of said variable of interest,

selecting, by real-time processing based on said variable specific

hierarchical presentation of statistical models, among said plurality of variables

of the operating data at least one explanatory variable which has the largest

impact on said variable of interest in terms of said statistical criterion, and

analyzing and displaying on said graphical human-machine inte r

face relationships between said variable of interest and said at least one ex-

planatory variable.

According to an embodiment of the invention said analyzing of said

relationship information comprises displaying, at a graphical human-machine

interface, a presentation of said variable of interest in function of said at least

one explanatory variable.

According to an embodiment of the invention said analyzing of said

relationship information comprises displaying, at said graphical human-

machine interface, a hierarchical variable presentation having said variable of

interest at a root and said at least one explanatory variable at a branch.

According to an embodiment of the invention the method comprises

the operator manually adjusting, during the analysis at said graphical human-

machine interface, said at least one explanatory variable by one or more of:

removing one or more of said at least one explanatory variable from the analy

sis; locking one or more of said at least one explanatory variable to a certain

value or range of values; and setting an allowed direction of change of one or

more of said at least one explanatory variable and said variable of interest.

According to an embodiment of the invention said non-real time pro

cessing comprises automatically building several hierarchical presentations of

statistical models, wherein variables to said statistical models are selected

among said plurality of variables based on a page hierarchy of the graphical

human-machine interface.

According to an embodiment of the invention the method comprises

analyzing a predicted impact of said at least one explanatory vari

able and said variable of interest on each other using said hierarchical presen

tation or presentations of statistical models,

showing the impact in a numerical and/or graphical form at the

graphical human-machine interface.



According to an embodiment of the invention said analyzing of

said relationship information comprises displaying, at said graphical human-

machine interface, a predicted value of the variable of interested, calculated

with said hierarchical presentation or presentations of statistical models, when

said at least one explanatory variable varies in value.

According to an embodiment of the invention said analyzing of

said relationship information comprises

varying, via said graphical human-machine interface, one or more of

said at least explanatory variables,

displaying, at said graphical human-machine interface, a predicted

value or range of values of the process output variable calculated using said

hierarchical presentation or presentations of statistical models.

According to an embodiment of the invention the method further

comprises

selecting an explanatory variable that, together with already select

ed explanatory variable or variables, if any, best describe the selected process

output variable in terms of said statistical criterion of the variable of interest,

and

sequentially repeating the selection step until a predetermined stop-

ping criterion is met.

According to an embodiment of the invention the method further

comprises

calculating the statistical criterion of the variable of interest,

calculating, for each of said plurality of variables, the impact be-

tween the respective variable alone and the variable of interest in terms of the

statistical criterion of the variable of interest,

selecting as a primary explanatory variable the one of said plurality

of variables that best describes the variable of interest in terms of the statistical

criterion,

calculating, for each remaining one of said plurality of variables, the

impact between the respective variable, together with already selected primary

explanatory variable, and the variable of interest in terms of the statistical crite

rion,

selecting as a further explanatory variable the one of said plurality of

variables, if any, that together with already selected primary explanatory varia

ble, best describes the variable of interest in terms of the statistical criterion,



sequentially repeating the selection step until a predetermined stop

ping criterion is met.

According to an embodiment of the invention said statistical crite

rion is entropy or relative entropy.

According to an embodiment of the invention said statistical mod

els comprise multi-dimensional histogram models.

According to an embodiment of the invention the method further

comprises

controlling, through said graphical human-machine interface, said

variable of interest in the industrial process by adjusting one or more of said at

least one explanatory variable based on information obtained from said analy

sis.

A further aspect of the invention is a system for implementing any

one of method embodiments of the invention.

A further aspect of the invention is a computer program comprising

program code for performing any one of method embodiments of the invention,

when said program is run on a computer.

A further aspect of the invention is program code means stored on a

computer readable medium for performing any one of method embodiments of

the invention, when said program product is run on a computer.

BRIEF DESCRIPTION OF THE DRAWINGS

In the following the invention will be described in greater detail by

means of exemplary embodiments with reference to the attached drawings, in

which

Figure 1 is a block diagram illustrating a system according to an ex

emplary embodiment of the invention;

Figure 2 is a flow diagram illustrating an operation of a tool accord

ing to an exemplary embodiment of the invention;

Figure 3 is a flow diagram illustrating an exemplary entropy-based

selection method for determining variables related to a selected variable of

interest;

Figure 4 is a flow diagram illustrating an exemplary entropy-based

tree model construction method;

Figures 5A, 5B and 5C illustrate a multi-dimensional histogram, a

normalized probability distribution of temperature, and a normalized distribution



of month, respectively;

Figures 6A-6F illustrate exemplary constructions of a tree structure;

Figure 7A illustrates a model collection;

Figure 7B illustrates an example of a dynamic construction of a var-

iable-specific tree;

Figure 8 is an exemplary functional block diagram which illustrates

functional blocks for implementing an interactive user interface;

Figures 9A, 9B, 9C and 9D show examples of user interface views

in a first example application;

Figures 9E and 9F show a graph and a histogram of the Kappa re

duction, respectively;

Figures 10A, 10B, 10C, 10D, 10E and 10F show examples of user

interface views in a second example application;

Figures 11A , 11B, 11C, 11D, 11E, 11F and 11G show examples of

user interface views in a third example application;

Figures 12A, 12B, 12C, 12D and 12E show examples of user inte r

face views in a fourth example application; and

Figure 13 shows an example of a hierarchical page structure of a

user interface.

EXAMPLE EMBODIMENTS OF THE INVENTION

An exemplary embodiment of the invention is illustrated in Figure 1.

The present invention can be applied in connection with any computer-aided

control or operating system 4 , such as automation system (process control

system), and any technical process 2 , such as industrial process or the like.

The technical processes 2 may include, but are not limited to, processes in a

processing industry, such as pulp and paper, oil refining, petrochemical and

chemical industries, or processes in power plants, processes in timber indus

try, mineral processing (e.g. rock-crushing, screening, grinding, etc.), operation

of processing machines, etc. In the following, the invention is illustrated with

exemplary embodiments without restricting the invention to any of the control

systems and processes described in these exemplary embodiments.

Referring again to Figure 1, there are various architectures for an

automation system. For example, the automation system 4 may be a Direct

Digital Control (DDC) system, a Distributed Control System (DCS), or Field

Control System (FCS), all well known in the art. One example of such a decen-



tralized automation system is Metso DNA (DNA, Dynamic Network of Applica

tions) delivered by Metso. A central processing unit(s) of an automation system

controlling the productive activity of an entire factory, such as a paper mill, is

(are) often called a control room, which may be composed of one or more con-

trol room computer(s)/programs and process control computer(s)/programs as

well as databases of an automation system. An automation system 4 may

comprise a process bus/network and/or a control room bus/network, by which

different process control components or computers are coupled to one anoth

er. A control room bus/network may interconnect the user interface compo-

nents of the automation system 4 . A control room bus/network may be a local

area network, for example, based on the standard Ethernet technology. A pro

cess bus/network may, in turn, interconnect process control components. A

process bus/network may be based on a deterministic token passing protocol,

for instance. Process controllers may also be connected to a control room net-

work, allowing communication between process controllers and user interfac

es. It must be appreciated, however, that it is not the intention to limit the appli

cation area of the invention to any specific implementation of an automation

system 4 .

A process 2 that is controlled by an automation system 4 may typi-

cally include a high number of field devices, such as actuators, valves, pumps

and sensors, in a plant area (field). There are various alternative ways to a r

range an interconnection between an automation system 4 and a process 2

(e.g. field devices), such as two-wire twisted pair loop (4 to 20 mA analog s ig

nal), HART (Highway Addressable Remote Transducer) protocol, and other

field buses (e.g. Fieldbus and Profibus). However, it is to be appreciated that

the type or implementation of an interconnection between an automation sys

tem 4 and a process 2 , e.g. between a control room and field devices, may be

based on any one of the alternatives described above, or on any combination

of the same, or on any other implementation. A practical plant configuration

may, and typically does, include several types of automation lines or field bus

es in parallel, since the plant is updated and extended gradually over a long

period of time.

Process operating data may include process measurements y(k)

process controls u(k), set points r(k), etc., for example. The process measure-

ments y(k) may include any measurement of any desired variables or proper

ties in a process 2 , such as a flow rate, a pressure, a temperatureetc. These



process variables can be measured with dedicated sensors arranged in the

field of a process plant. Process controls (inputs) u(k) from an automation sys

tem 4 to a process 2 may include, but are not limited to, control inputs to field

devices.

An operator or user may monitor and control the automation system

4 via the user interface 6 of the automation system. Through the user interface

user may monitor displayed measurement data y(k) and process controls u(k)

received from the automation system 4 and provide actions and setpoints to

the automation system 4 . In the exemplary embodiment shown in Figure 1, the

measurement data y(k), the process controls u(k) and the actions and set-

points r(k) may be stored into database(s) 8 , or a portion of the database 8

called historian database(s) 8 . The historian data may include part or all of

measurements, setpoints, controller outputs, device statuses, motor starts,

alarms, grade information, operation tracking etc. obtained from the automa-

tion system and the process during operation. The database 8 may be a data

base commonly referred to as a tag database, which contains data elements

called tags or points. A tag may represent a single input or output value moni

tored or controlled by the system 4 . A tag can be either "hard" or "soft". A hard

tag represents an actual input or output within the system 4 , while a soft tag

results from logic and math operations applied to other points. Tags are no r

mally stored as value-timestamp pairs: a value and the timestamp when it was

recorded or calculated. A series of value-timestamp pairs gives the history of

that tag. Optionally the history database 8 may store additional metadata with

tags, such as alarm information. A history database 8 may store data from a

huge amount of tags, e.g. thousands or dozens of thousands over a long peri

od of time (length of the history), the main limiting factor being the storage ca

pacity of the database. The collection cycle for tags, i.e. the time between the

collection (sampling) of two samples, may be selectable by the user, e.g. from

approximately 0.1 seconds up to days or weeks. There may be different collec-

tion cycles and/or history lengths for different tags or different users, for exam

ple. The length of the trend history is limited by the available database capaci

ty, e.g. hard disc space. According to an exemplary embodiment, the historian

database may be a round buffer i.e. older data is automatically deleted and

overwritten if the database reaches its maximum storing capacity.

The operator user interface 6 in a control room may be based on a

human-machine interface (HMI) running in the operator console and allowing



the user to monitor, supervise and control the process. The aim of the oper

ator user interface is effective operation and control of the plant sys

tems, typically by means of keyboard and mouse controlled displays on which

a vast amount of process information is graphically presented (graphical user

interface, GUI). The primary aspects of this interface are graphics animated

with feedback from the process which aids the operator in making operational

decisions, e.g. make actions and change setpoints to operate the process. The

operator user interface may also include data browsing and analyzing utilities,

configuration tools and alarm display. In steady operation, the operator inter-

face displayed in the main control room may show the synthetic and functional

state of the plant system. At one glance, the operator may be able to know the

overall state of the plant system - i.e. the global state of all the components. If

a problem occurs, the controlled component appears in error and the operator

may access its detailed state, for instance opening a display that is specific to

the supervised component. This interface may help the operator to locate the

origin of the fault and shall suggest a corrective action if possible. In the opera

tor user interface, it is desired that the displayed information should be orga

nized purposefully, in meaningful and useful ways based on clear, consistent

models that are apparent and recognizable to operators, putting related things

together and separating unrelated things, differentiating dissimilar things and

making similar things resemble one another.

In order to provide an improved user interface environment for an

operator in a process industry, according to exemplary embodiments of the

invention, the user interface is provided with an interactive tool which allows

selecting any variable (called "key" variable herein), which is of special interest,

at the user interface and determining or selecting which other variables, or

combination of variables, out of a large number of variables, have the largest

impact on (non-linear relationship with) the key variable. This interactive tool

may be used, for example, in a continuous troubleshooting, in order to reveal

root causes for quality and runnability problems.

An example of the operation of the tool is illustrated in a flow d ia

gram of Figure 2 . The operator has a problem, which needs to be solved, or he

wants to improve something, such as quality, efficiency, etc. The tool may be

initiated by the operator selecting or providing a key variable, "Variable of In-

terest", at the user interface (step 20). The variable of interest may usually be

an output variable of interest (such as quality, cost, etc.) but it can also be a



control value that the operator wants to investigate. At least most significant

variables (e.g. the most affecting variables) related to the selected variable of

interest are automatically determined by a statistical method and shown at the

user interface (step 22). The operator may manually adjust the related varia-

bles shown on the interface (step 24): for example, by removing a related vari

able from analysis, by locking a related variable to an actual value, or by

providing the favourable direction of change of the value of a related variable

(up or down). The knowledge of significant explanatory variable(s) may be suf

ficient for the operator in some applications or situations, and the operator may

directly utilize the obtained knowledge in controlling of the automation system,

for example by changing the value of the explanatory variable and monitoring

the effect. In such a case only steps 20, 22, 24 and 28 may be implemented.

However, in many situations and application, such trial-and-error

control is not desirable, but the operator would prefer to have more information

on how to adjust the explanatory variable(s) obtained. Therefore, in some ex

emplary embodiments, the impact of one variable to another may be demon

strated by a prediction method and shown in a numerical and/or graphical form

at the user interface (step 26). After being satisfied with the result of the analy

sis, the operator may decide on which is the preferred parameter change(s) in

order to overcome the problem in question or achieve the desired improve

ment, and then implement the corresponding change(s) on the real system via

the same user interface (step 28).

According to an exemplary embodiment of the invention, variables

related to the selected variable of interest are automatically determined with an

entropy-based statistical selection method, i.e. with entropy, or more specif ical

ly, relative entropy as a statistical criterion. However, the invention is not lim

ited to use of entropy as a statistical criterion but another statistical criterion

may be used as well.

Figure 3 shows a flow diagram illustrating an exemplary entropy-

based selection method for determining variables related to a selected variable

of interest. First, in step 30, the operator may select the variable of interest

among the variables available at the user interface and initiate a selection of

related variables. In step 32 all candidate variables, i.e. all explanatory varia

bles among a plurality of variables are tested for entropy based on a raw data,

such as process historian data. In other words, it may be evaluated how much

each candidate explanatory variable will increase the relative entropy of the



variable of interest. In step 34, the best candidate variable, i.e. the one with the

largest relative entropy, is added to a list of explanatory variables. In step 35, it

is checked whether the calculation is stopped or continued with a new iteration.

The stopping criteria may be, for example, that the number of selected explan-

atory variables on the list has reached the maximum allowed number and/or

the relative entropy has not improved since the last iteration. If the stopping

criteria are not met, the process proceeds back to step 32. The explanatory

variable(s) selected in the previous iteration round(s) is/are included in the next

iteration. If the iteration process is stopped, the process proceeds to step 36,

wherein a list of explanatory variables that described the variation in the (de

pendent) variable of interest is outputted, e.g. shown at the user interface.

For example, in monitoring of fan efficiency it is difficult to select var

iables that best describes the operating point. All candidate variables, i.e.

Head, Flow and Wing Angle correlate strongly with each other. With entropy,

the following relative entropy changes may be obtained: Head 7.1 % ; Flow

1.6%; and Wing Angle: 2.2%. The head has the best relative entropy and,

therefore, is the candidate variable in this comparison and should be included

in the list of explanatory variables of the fan efficiency. With this variable in

cluded in the list and in a next iteration round, the next iteration round gives

(with the head set to the 7.1 %) following relative entropy changes: Flow 16.7%

and Wing Angle 12.6%. Thus, the parameter Flow would be beneficial as a

secondary explanatory variable.

Example implementation of a generic procedure for determining a

list of ex lanator variables for one de endent variable ma be:



Exemplary embodiments of the invention provide a possibility to sta

tistically suggest variables that cause problems, such as emissions and energy

consumption, or runnability problems. In selection of variables a difficulty

evolves from the strong mutual correlation between explanatory variables. Ac-

cording to an exemplary embodiment of the invention, only one of these varia

bles with strong mutual correlation is selected, and instead variables with small

mutual correlation are selected to a list of explanatory variables. The variable

selection by using relative entropy as a measure has the purpose is to select

the most representative variables that explain the variation in the variable of

interest. Thus, with exemplary embodiments of the invention, in variable selec

tion a large correlation from inputs to output and a small mutual correlation be

tween inputs can be achieved. Exemplary embodiments of the invention also

provide a simple method for selection of variables out of numerical data with

nonlinear relations. In other words, the selection method is nonlinear, which is

an advantage to compared to commonly used multivariable statistical methods

like PCA or PLS. First of all, the method is nonlinear. From the user's point of

view, no abstract and difficult-to-interpret latent variables are required, but real

variables are selected to represent a set of variables with mutual correlation. A

selection method according to exemplary embodiments of the invention also

allow selection of different types of variables out of numerical data, such as

continuous (e.g. temperature, pressure), discrete (e.g. number of shutdowns),

and classification variables (e.g. type of product). A selection method accord

ing to exemplary embodiments of the invention also enables selection of a

large number of variables, while requiring only a restricted calculation capacity.

No pre-knowledge of the automation system or no pre-configuration is not

necessarily needed, but it is possible to initiate a selection according to exem

plary embodiments for any variable of interest at a user interface during online

operation of a process.

In exemplary embodiments of the invention, the interactive tool of

the user interface may further be provided with a statistical predictor (explorer)

for exploring non-linear statistical relationships of variables, which allows the

operator to operate the user interface of the automation system against a sta

tistical model. The operator may also initiate an automatic building the statisti-

cal predictor, based on a history trend data and an existing configuration data,

for example.



The interactive predictor tool may be based on self-organizing sto

chastic variables to a hierarchical structure, i.e. into a network of models con

nected through variables, such as a tree, for example. The hierarchical struc

ture may be organized such that variables with high mutual information are

closely connected. In exemplary embodiments of the invention, in addition to

using a statistical method, e.g. entropy-based method, for variable selection for

models as described above, a statistical criterion, such as the entropy, is also

used as a basis for construction of the hierarchical structure. In other words,

the way the statistical models are attached to the hierarchical structure, such a

tree, is based on a statistical criterion, such as entropy.

Figure 4 shows a flow diagram illustrating an exemplary entropy-

based tree model construction. First, in step 40, a matrix of raw data, where

each row is an observation (sampling instant) and each column is a variable, is

inputted. The raw data may be, for example, data from the process historian

database of the automation system. In step 42, all remaining variables with 1 -

2 explanatory variables are modelled. Due to curse of dimensionality, a model

should not contain too many variables. In exemplary embodiments, the number

of variables in a model is 2 - 3 , but e.g. 4 variables may also be a possible.

More variables in a model may require more rich learning data. Relative entro-

py is used to evaluate the goodness of each model. A greedy selection algo

rithm may be used to construct a tree. During each iteration round, the best

model, i.e. the one with the largest relative entropy, consisting of a variable

pair or triple is added to the tree (step 44). The tree structure is conserved, i.e.

models that would add cycles (loops) to the tree are rejected. In step 46, it is

checked whether all variables are present in the tree. If not, the process pro

ceeds to step 42 for a new iteration round for the remaining variables. If all var

iables are present in the tree, the tree (i.e. a network of models connected

through variables) is outputted (step 48). Optionally, if the steps 42-46 have

produced two or more trees which are not connected, there may also be an

optional step of merging two or more trees into a single tree (step 48), as will

be described below.

Various statistical methods are suitable for modelling non-linear in

terrelations between variables in the exemplary embodiments of the invention.

These are referred to as statistical models herein. As examples of simple sta-

tistical models, multi-dimensional histograms will be discussed below. A histo

gram is a well-known way of presenting data from one variable. A multi-



dimensional histogram is just a histogram in multiple dimensions. As an exam

ple data set we will use the daily average outdoor temperature measured in

Helsinki during 1951 - 2004. Figure 5A illustrates, as an example, a two d i

mensional histogram wherein the dimensions are based on the two variables

"Temperature" and "Month". The temperature dimension is subdivided into a

number of subranges, referred to as bins herein. Similarly the month dimen

sion comprises subranges or bins from 1 to 12 , corresponding to months from

January to December. The intersections of the subranges of the two dimen

sions provide two dimensional bins which are represented by the columns of

the histogram. Each column of the histogram represents the number of meas

urements falling in to the respective intersection or bin. A notable difference

between the multi-dimensional histogram model and typically employed mod

els is that the output of the multi-dimensional model is a distribution of values

rather than a single value. For example, if we have month May as input, we get

a one-dimensional temperature histogram as output in the exemplary case of

Figure 5A. If the resulting one-dimensional histogram is further normalized, i.e.

it is divided with the number of observations, the resulting distribution may be

as shown in Figure 5B. This distribution can be interpreted as "The tempera

ture probability in May". In other words, a multi-dimensional histogram model

may provide a probability distribution of values of the output variable (the vari

able of interest) for any input variable. The multi-dimensional histogram model

is two-directional model; an input variable and an output variable can change

place. For example, if we select the temperature (0 °C, for example) as input in

the multi-dimensional histogram shown in Figure 5A, we will get a month distri-

bution (month probabilities of the 0 °C observation) as output as illustrated in

Figure 5C. When needed, a distribution can be converted to a single value.

For example, the temperature distribution in May can be estimated with the

weighted average;" Mean temperature for May is 9.7 °C". An example alterna

tive to weighted average is to select the location of the maximum value of the

distribution; "Most probable month for 0 °C observation is March". The latter

may be a more suitable method when the task is to figure out a typical month

for a selected temperature. Although we have illustrated the multi-dimensional

histogram model with two dimensions, is should be appreciated that, similarly,

any n-dimensional histogram model can be formed for any number n of varia-

bles, wherein n= 2 , 3,.. .It should also be appreciated that instead of mult i

dimensional histogram models, other statistical models may be employed to



provide a distribution of values of an output variable for one or more input vari

able based on a data set.

An exemplary construction of a tree structure based on information

entropy is illustrated in Figures 6A-6E. We will use a data set which contains

eight variables: Variables 1-8. In the first phase, Variable Pairing, we will go

through all variables and look for explanatory variables. As a result we will get

a list of all variables, with some explanatory variables for each variable. In this

example we will use 2 explanatory variables. Each triple (consisting of 1 d e

pendent variable and 2 explanatory variables) is called a submodel. The sub-

models are:

The next task before building the tree is to decide in which order the

submodels are connected. The tree is built by connecting submodels, consist-

ing of 2-3 variables to the tree. A model that would cause a cycle cannot be

attached to the tree. Therefore, the order of connecting submodels, is im

portant. During phase 1 described above, we will get (in addition to the explan

atory variables) the entropy based goodness of the model. As discussed be

fore, the variable which results in the largest change of relative entropy is se-

lected as explanatory variable. This value may also be a measure of the good

ness of the model. In this case, when we use two explanatory variables, we get

two goodness values: 1) goodness of a model with one explanatory variable

(hr1 ) , and 2) goodness of a model with two explanatory variables (hr2). The

values, sorted according to hr2, are:



Since cycles are not tolerated, we may be forced to leave out ex

planatory variables during connection. It is therefore useful to consider using

only one explanatory variable whenever possible. If a submodel is well mod-

elled with only one explanatory variable, we can add this submodel to the tree

at a later stage. For example, the variable variable2 is described with the fo l

lowing explanatory variable with goodness (hr1 ) :

EV1 :variable3, hr1 = 0.76499

With two explanatory variables we will get (variables and goodness

hr2):

EV1 :variable3, EV2:variable1 , hr2 = 0.851 0 1

As seen, the goodness does not improve much with two explanatory

variables as compared to one explanatory variable. For this submodel it would

hence be reasonable to connect this submodel at a later stage, and use the

second explanatory only if it has not already been connected, i.e. it will not add

cycles to the tree.

The justification of using 2 explanatory variables is calculated as

where hr1 and hr2 are the relative entropy changes (goodness of

models) with one and two explanatory variables, respectively.

To summarize, the connection order may be decided based on

1) The goodness of models (with two explanatory variables) hr2.

2) The improvement of using two explanatory variables instead of

one e2.

3) A combination of 1 and 2 , f(hr2, e2) .

In this example we will use put a little more weight on the model

goodness and use the following criteria for the selection order



W e will hence build the tree, by selecting the submodels in the fo l

lowing order:

Next we will build the tree by connecting submodels in the order

discussed above. W e will start with the first model (corresponding to steps 42

and 44 in Figure 4) which is best model (in terms of entropy). The Model 1 de

scribes the causal interrelations between variables variablel , variable5 and

variable7. The Model 1 is added to the tree, such that after the first iteration,

the tree consists of one model with three variables, is as shown in Figure 6A.

In checking corresponding to step 46 in Figure 4 , it is observed that all varia

bles are not present in the tree. Thus, a second iteration is carried out (corre

sponding steps 42 and 44 in Figure 4), providing as a best model (in terms of

entropy) the Model 3 with variables variable3, variable2 and variable5. The

Model 3 describes the causal interrelations between variables variable3, varia-

ble2 and variable5. Since none of variables variable3, variable2 and variable5

is already in the tree, the Model 3 is added to the tree, such that Model 1 and

Model 3 are connected through the variable variable5. Thus, after the second

iteration, the tree consists of two models connected through variables, as

shown in Figure 6B. In checking corresponding to step 46 in Figure 4 , it is o b

served that all variables are not present in the tree. Thus, a third iteration is

carried out (corresponding steps 42 and 44 in Figure 4), providing as a best

model (in terms of entropy) the Model 2 with variables variable2, variable3 and

variablel . Since all of variables variable3, variable2 and variable5 are already

in the tree, the Model 3 is not added to the tree in order to avoid adding cycles.



In checking corresponding to step 46 in Figure 4 , it is observed that all varia

bles are not present in the tree. Thus, a fourth iteration is carried out (corre

sponding steps 42 and 44 in Figure 4), providing as a best model (in terms of

entropy) the Model 4 with variables variable4, variable3 and variablel . Since

the second explanatory variable variablel is already in the tree, Model 4 is

added to the tree only with the dependent variable variable4 and the first ex

planatory variable variable3. Model 4 and Model 3 are connected through the

variable variable3 as shown in Figure 6C. In checking corresponding to step 46

in Figure 4 , it is observed that all variables are not present in the tree. Thus, a

fifth iteration is carried out (corresponding steps 42 and 44 in Figure 4), provid

ing as a best model (in terms of entropy) the Model 5 with variables variable5,

variable3 and variable2. Since all of variables variable5, variable3 and varia-

ble2 are already in the tree, the Model 5 is not connected to the tree. The next,

sixth iteration provides as a best model (in terms of entropy) the Model 6 with

variables variable6, variable4 and variable5. Since the second explanatory var

iable variable5 is already in the tree, the Model 6 with only the dependent vari

able variable6 and the first explanatory variable variable4 is connected to the

tree, as shown in Figure 6D. Next iteration step provides as a best model (in

terms of entropy) the Model 7 with variables variable8, variable3 and variable4.

Since the second explanatory variable variable4 is already in the tree, the

Model 7 with only the dependent variable and the first explanatory variable var-

iable4 is connected to the tree, as shown in Figure 6E. The Next iteration step

provides as a best model (in terms of entropy) the Model 8 with variables vari-

able7, variablel and variable5. Since all of variables variable7, variablel and

variable5 are already in the tree, the Model 5 is not connected to the tree. In

checking corresponding to step 46 in Figure 4 , it is observed that all variables

are present in the tree. The tree is not changed and the procedure ends.

With the construction algorithm of the hierarchical structure of mod

els, it is not guaranteed that all models and variables will end up in a single

hierarchical structure. This is illustrated in the example of Figure 6F. The con

struction process includes two iteration rounds for constructing a tree for five

variables 1, 2 , 3 , 4 and 5 . The first iteration (corresponding to steps 42 and 44

in Figure 4) provides as a best model (in terms of entropy) the Model 1 with

variables 1, 2 and 3 . The Model 1 is added to the tree, such that after the first

iteration, the tree consists of one model with three variables. The second itera

tion now provides as a best model (in terms of entropy) the Model 2 which de-



scribes the causal interrelations between variables 4 and 5 . The Model 2 can

not be connected to the tree obtained in the first iteration, because there is no

common variable. Thus, the second iteration results in two subtrees or hierar

chical substructures, one having the Model 1 with variables 1, 2 and 3 , and the

other one having the Model 2 with variables 4 and 5 .

Sometimes it is convenient to connect all hierarchical substructures,

e.g. subtrees to a single hierarchical structure, e.g. tree. Two hierarchical

structures may be connected such that the variable pair with the highest mutu

al correlation (e.g. information gain) is connected. In the example of Figure 6B,

the two subtrees can merged into a single tree e.g. in the following way. First,

the information gain between all variable pairs in the two subtrees is calculat

ed:

Model 1 Model2 Inf.Gain

Variable 1 Variable 4 0.001

Variable 2 Variable 4 0.004

Variable 3 Variable 4 0.008

Variable 1 Variable 5 0.002

Variable 2 Variable 5 0.003

Variable 3 Variable 5 0.002

It can be seen that the single tree can be merged through variables

3 and 4 with a new model (Model3) because variables 3 and 4 have the high

est Information gain, as illustrated in Figure 6F.

In an exemplary embodiment of the invention, in place of or in add i

tion to building a general hierarchical structure of models which contains all

variables, a collection of models may be built. An example of a model collec

tion is shown in Figure 7A. In construction of the model collection, all variables

1, 2 , n are evaluated and modelled. For each variable 1, 2 , n , a model

with one or two explanatory variables (or in special cases with more variables)

is selected based on a statistical criterion, e.g. entropy. A measure of model

goodness, such as the model affinity or relative entropy, may also be recorded

for each model in the model collection.

A variable-specific hierarchical structure of models (e.g. a tree) may

be dynamically built from the models (submodels) of the model collection. The

variable-specific construction of hierarchical structure of models may start from

a variable of interest provided by the operator through the interactive user in-



terface. All models of the model collection with a connection to the variable of

interest are considered in the construction of the hierarchical structure. All con

sidered models that will preserve the hierarchical structure (e.g. tree), are a t

tached to the hierarchical structure. Models are attached to the hierarchical

structure in a specific order determined by the model affinity (relative entropy),

for example. In other words, the model having the best relative entropy, for

example, is added in each iteration round, in similar manner as in the method

described with reference to Figure 4 . The affinity of new variable in the hierar

chical structure is affinity of previously selected variable multiplied by the affini-

ty of currently attached model. The hierarchical structure is conserved, i.e.

models that would add cycles (loops) to the hierarchical structure are rejected.

Output of the construction is a variable-specific hierarchical structure (e.g.

tree), i.e. network of models connected through variables.

An example of a dynamic construction of a variable-specific tree is

illustrated in Fig. 7B. Let us assume that the variable of interest = 3 . Further, in

the example the model collection contains two models, Model 1 and Model 2 ,

which contain the variable of interest 3 . They are connected into a tree through

the variable 3 , as shown in Figure 7B. In the next iteration round, we are

searching for models containing variables 1, 2 and 4 which are the other varia-

bles present in the models selected in the first iteration round but not yet in the

tree. Possible models found are connected to the present tree in a specific o r

der, so that the best models are connected first (according to model affinity).

The iteration and the tree construction are stopped when a predetermined c ri

terion is met, such as that the model affinity (relative entropy) is below thresh-

old or all variables are considered.

Figure 8 is an exemplary functional block diagram which illustrates

functional blocks for implementing an interactive user interface with a selection

and prediction system according to some exemplary embodiments of the in

vention. In Figure 8 , the process historian database 8 and the automation sys-

tern user interface (Ul) 6 may correspond to those shown in Figure 1, when

exemplary embodiments of the invention are applied in the environment illus

trated in Figure 1. Other blocks 8 1-87 may be implemented, for example, in the

variable selection and prediction block 10 shown in Figure 1. The block 8 1 may

represent the data used in the variable selection and the tree construction de-

scribed above with reference to Figures 3 and 4 , for example. The build gen

eral tree block 82 may correspond to the tree construction methods described



with reference to Figures 4 , 5 and 5A, for example. The build model collection

block 84 may correspond to the building of the model collection as described

above with reference to Figure 6 . The build variable-specific tree block 85 may

correspond to the building of the model collection as described above with ref-

erence to Figure 7 . In the example of Figure 8 , the blocks 82 and 84-85 are

illustrated as alternatives to each other but both of them may also be imple

mented in a same application. Also other implementations may be provided

with a common feature that entropy is as a basis for tree structure construc

tion, i.e. the way the models are attached to the tree is based on entropy.

In inference engine block 83 represents a prediction or exploring

function that allows the operator to analyse and demonstrate the impact of one

variable to another in tree. The operator may manually adjust the related vari

ables shown on the interface: for example, by removing a related variable from

analysis, by locking a related variable to an actual value, or by providing the

favourable direction of change of the value of a related variable (up or down).

The analysis may be shown in a numerical and/or graphical form at the user

interface 6 . After being satisfied with the result of the analysis, the operator

may decide on which is the preferred parameter change(s) in order to over

come the problem in question or achieve the desired improvement, and then

implement the corresponding change(s) on the real system via the same user

interface 6 . The tree is modified each time evidence has been presented, i.e.

when the operator changes a value of one of the variables (called an evidence

variable herein) in the tree through the user interface 6 . Each model connect

ed to the presented evidence variable may be modified. This may modify the

distribution of the other variables in the model. These variables are treated as

new evidence to the rest of the tree. Each time evidence is entered to a varia

ble, the evidence will propagate through the entire tree in a single pass. Let us

consider the inference of the tree shown in Figure 5A (outputted from the build

general tree block 82, for example) or Figure 7 (outputted from the build varia-

ble-specific tree block 85, for example). Let us assume, evidence is entered in

Variable 1. Consequently, the Model 1 is modified, which results in modif ica

tion of variables 2 and 3 . Then, the variable 3 is treated as new evidence, the

Model 2 is modified, and the variable 4 will change.

As an example of an inference method a Bayesian inference may

be employed for the models. More details about Bayesian inference can be

found e.g. in Pearl, Judea ( 1 982). "Reverend Bayes on inference engines: A



distributed hierarchical approach", Proceedings of the Second National Con

ference on Artificial Intelligence. AAAI-82: Pittsburgh, PA. Menlo Park, Califor

nia: AAA I Press pp. 133-1 36.

According to an exemplary embodiment of the invention, the calcu-

lation may comprise two main stages 1) a background calculation stage 86,

which makes required calculation-intensive preparations, and 2) an on-line

stage 87, which involves rapid calculations. As the calculations, which are

made in response to the operator's action during the analysis, can be pe r

formed more rapidly, a prompt user experience can be achieved. In the exam-

pie shown in Figure 8 , the building of the general hierarchical structure of

models 82 and/or the building of the model collection 84 may be performed in

the background calculation 86 over a long period of time and the results may

be stored in a database, and the building of the variable-specific hierarchical

structure 85 and/or the inference engine 83 may be performed as an online

calculation 87 (in real time) based on the stored results of the background ca l

culation.

As noted above, the tags in the historian database of the automa

tion system may be used for purposes of the invention. However, there are

usually too many tags in a system for one single statistical model, typically

1000's of tags. Usually, when the number of tags exceeds 100, the modelling

phase will slow down.

In an exemplary embodiment of the invention, several sub-models

are used. One tag may exist in several submodels. The page hierarchy of an

automation system user interface (Ul) may be utilized as criteria to select tags

of sub-models. This is based on an assumption that variables shown on same

page can be assumed to be related by default. All tags on one page, as well as

tags on a parent page (the page on higher level of the page hierarchy), may be

included to the same model. As a result, the model size will be moderate since

the number of variables shown on one page is limited. This approach is illus-

trated in Figure 13 . The page hierarchy comprises the page 1 on the highest

level, the pages 1. 1 and 1.2 on the next lower level, and pages 1. 1 . 1 , 1. 1 .2

and 1.2.1 on the lowest level. In accordance with the above principle, for ex

ample the tags on the page 1. 1 . 1 define a model (Model 2), which contains all

tags on the pages 1. 1 . 1 and 1. 1 . By merits of this aspect of the invention, a

model tree for an automation system predictor can be built automatically. This

is a cost effective approach, as only existing Ul pages and history data is



needed. All installation steps can be automated e.g. similar to the exemplary

embodiments above: selection of variables for statistical models; dividing plant-

wide statistical model to multiple sub-models; generation of statistical sub

models.

Exemplary embodiments of the invention may provide various ad

vantages. The hierarchical structure can be efficiently built for large networks

(more than 100 variables). The inference method is one-pass, i.e. it is fast

even for large hierarchical structures.

Exemplary embodiments allow improved automation system user in-

terfaces with one or more of following features: the existing user interface,

used in daily operation, can be used; easy to use, since the user interface is

familiar to the operator; same displays/views can be used for both a normal

process operation and for deeper analysis, prediction and decision making;

existing configuration data is sufficient; no manual configuration is needed;

user can modify or lock any variable (input / output / parameter) which is part

of the model; when the user modifies a value, he/she can observe changes

made by the prediction without any additional fields (e.g. numbers). User's d e

cision making is supported in various scenarios: what has possibly caused a

problem; what is relevant in this particular situation; how to correct the situa-

tion, what-if experimentation; has this happened earlier; how to inform others,

etc. As further potential advantages: opening the analysis tool from a target

with point and click is possible; analysis tool readily shows what the system

has concluded relevant; dependencies and their strengths are shown in a s im

ple way; also a more thorough analysis is available if needed; the operator's

verification in a particular situation is supported with curves and their manipula

tion methods; prediction and experimentation is supported with direct manipu

lation methods. Similar situations can be shown on timeline and they can be

stepped (this could also be automatic and no button to start this is needed).

Informing others with diary entry can be made easy with one click access and

the situation may be automatically stored.

Let us now examine example embodiments of user interfaces a c

cording to the invention.

Example 1: Bleaching Plant

In this example, an exemplary interactive user interface according to

the invention is used to maximize Kappa reduction in a bleaching plant.



1. The operator selects Kappa Reduction as the variable of interest

at the user interface. The analysis is opened from an initial tag. A number of

tags, which are related to the initial tag, are automatically added to the analy-

sis. In this example, the tree shown in Figure 9A appears. According to the

model, "Kappa Reduction" depends on "Kappanumber In" and "Kappanumber

Out", which is logical, since Kappa reduction is the difference between Kappa

number In and Out.

2 . Operator knows that "Kappanumber In" cannot be modified and

locks that value (illustrated by the horizontal arrow in a "box" in Figure 9B).

Moreover, he tells that Kappa reduction should be increased (illustrated by the

upwards arrow in a "box" in Figure 9B). As a result, the user interface indicates

that "Kappanumber Out" needs to be reduced in these conditions (illustrated

by the downwards arrow in Figure 9B).

3 . Based on this information, the operator opens branch under

"Kappanumber Out", which results in the user interface view shown in Figure

9C. From this view, the operator notices that "Stock temp in reactor 2" should

be increased in order to increase Kappa Reduction.

4 . The operator clicks (e.g. with a right button of a mouse) at the

variable "Stock temp in reactor 2", and a context menu shown in Figure 9D

opens. The operator selects "Analyze: Input" from the context menu, and the

user interface view shown in Figure 9E opens.

5 . In Figure 9E, the impact of "Stock temp in reactor 2" is shown in

an x-y plot. The conclusion is that Kappa reduction can slightly be modified by

increasing the temperature.

Example 2 : Examples of entropy calculations

Some numerical examples, which demonstrate the use of entropy in

variable selection in connection of Example 1, are discussed below. Kappa

number estimates the amount of chemicals required during bleaching of wood

pulp to obtain a pulp with a given degree of whiteness. Since the amount of

bleach needed is related to the lignin content of the pulp, the Kappa number

can be used to monitor the effectiveness of the lignin-extraction phase of the

pulping process. It is approximately proportional to the residual lignin content

of the pulp. In the following example, the "Kappa reduction" is a variable of in

terest. Let us assume that trend data collected from a pulp mill will give histo-



gram of the Kappa reduction shown in Figure 9F. As can be seen from the his

togram, the Kappa reduction varies quite much, from 4 to 14 Kappa units. The

histogram has been calculated for the Kappa values 4 , 4.5, 14 , i.e. for 2 1

bins.

Entropy of a single variable can be calculated from its histogram as

follows

wherein h = entropy and pi = the probability, which is estimated from

the histogram by dividing it with total number of observations.

The histogram shown in Figure 9F can hence be used for this pur

pose, but usually histograms used for entropy calculation may have the follow

ing features:

1. The number of bins is usually quite low (3-6). With few bins we

can speed up the calculations and usually get more reliable results, especially

when we have small number of observations.

2 The bins are not necessarily equally spaced. Instead we may se

lect the bins such that we get a similar number of observations in each bin.

With this arrangement the initial entropy is maximized.

For simplicity reasons, we will use only 3 bins in this example. W e

will select the discretization intervals such that we will get the number of hits

almost equally distributed between bins. This is illustrated in Table 1.

Table 1

The entropy (hO) of this distribution is

Entropy of a Variable with One Input

Let us first consider entropy of Kappa reduction with one input, i.e.



one explanatory variable. Variable selection based on entropy may be done as

follows. Each candidate input value is divided into bins in the same way as the

output variable above, and for each input bin the corresponding output entropy

is calculated. In our case where we use 3 bins, we will get 3 output distribu-

tions, and hence 3 entropy values. Since we only need one entropy value, we

may calculate the weighted average of the individual entropy values

The weighted entropy is compared to the original entropy value, i.e.

hO. The input variable, which produces the largest change in output entropy, is

the best explanatory variable. In order to easier understand the numerical va l

ue, we may use the relative change in entropy calculated as

In our example, the best input variables in terms of relative entropy

change are shown in Table 2 .

Table 2

Let us now study how the relative entropy may be calculated for the

best explanatory variable distributions shown in Table 3 .

Table 3



From the Output Entropy and Number of Hits, we may calculate the

weighted average of entropy

The relative entropy change (h0-havg)/h will then be

In other words, with using this variable as an explanatory variable,

we would be able to reduce the disorder by almost 25%.

Let us next consider adding a second explanatory variable. When

the first explanatory variable has been selected, we can add more explanatory

variables. It is however important to take into account the variables that a l

ready have been selected. Also here, we will test all input variables and calcu

late the relative change in entropy. The best explanatory variables and their

entropy values, in addition to the already selected ones, are illustrated in Table

4 .

Table 4

As can be seen from Table 4 , with two inputs, we can get over 50%

reduction of disorder in data. Let us now study how the entropy value was ca l

culated for the best inputs.

With 2 input signals, we will get 3x3=9 different input bin combina

tions. Consequently, we will have 9 Output Histograms and 9 Output Entropy



values as illustrated in Table 5 . As can be seen from Table 5 , the Output His

togram is quite well organized with these two explanatory variables.

Table 5

Also here the weighted average may be calculated to combine all

entropy values to one single value. The weighted average of output entropy is

havg = 6958

and the relative entropy change hr = (h0-havg)/h0 is

Relative Entropy Change, hr = 0.561

Example 3 : Power plant Boiler

In this example, an exemplary interactive user interface according to

the invention is used for decision support, i.e. for selecting the right soot blow

ing instant in a power plant boiler.

1. The operator selects "Time since last soot blowing [h]" as the var-

iable of interest at the user interface. As result, the tree shown in Figure 10A

appears. The variable "Time since last soot blowing" is a counter, which is re

set after a soot blowing, otherwise it is increasing. According to the statistical

model, the soot blowing primarily effects on a super heater SH3.

2 . The operator analyzes the tree by opening more branches as il-

lustrated in Figure 10B. At this point it is important to specify the analysis by

eliminating variables that cannot be modified. The operator therefore locks

some variables to their actual value, e.g. "Net fuel power", i.e. the amount of

fuel that is fed to the boiler.

3 . The tree with locked variables is shown in Figure 10C. By locking



these variables, the analysis of the super heater SH3 will focus on the soot

blowing, and eliminate all other influences on SH3.

4 . The operator then initiates a prediction. In the prediction, "Ther

mal power SH3 [MW]" is configured as an output variable (y-axis in plot). This

is made by clicking (e.g. with a right button of a mouse) at the variable "T her

mal power SH3 [MW]", such that a context menu shown in Figure 10D opens.

The operator selects "Analyze Output" from the context menu. Similarly, "Time

since last soot blowing" is configured as an input variable (x-axis in plot) by

clicking (e.g. with a right button of a mouse) at the variable such that a context

menu shown in Figure 10E opens. The operator then selects "Analyze Input"

from the context menu. As a result, an x-y plot shown in Figure 10F is d is

played.

5 . Based on the x-y plot, the operator is able to justify the value and

need of the soot blowing, and make the appropriate action in the real system.

Example 4 : Power plant Boiler

In this example, an exemplary interactive user interface according to

the invention is used for decision support, i.e. for analysing a temperature

problem in a power plant boiler.

1. The operator has a normal process view at user interface, as i l

lustrated in Figure 11A . There is a problem with Boiler temperature, -200. The

operator tries to find the cause of the problem and clicks the Boiler tempera

ture measurement field.

2 . A context menu appears, as shown in Figure 11B. The operator

selects Analysis and then Explain.

3 . An analysis tool opens, as shown in Figure 11C. The measure

ments affecting the temperature are listed. The most affecting measurement s

(+++) are shown as trends. The temperature trend is highlighted.

4 . The operator notices one measurement has no influence. He re-

moves it from trends view, thereby obtaining a view shown in Figure 11D. The

operator clicks the "Open as tree" button.

5 . The measurements as tree are opened, as shown in Figure 11E.

The operator is able to follow the tree deeper and try to find the cause of the

problem, in a similar way as illustrated in the above examples. The operator

can return to the previous view by closing the tree.

6 . The operator concludes that the variable "Flue gas before LUVO"



has caused the problem and stars starts planning actions to correct the situa

tion. The operator clicks Predict button in the view shown in Figure 11D.

7 . A section showing the future opens (the rectangular area on the

right), as shown in Figure 11F. The operator locks a couple of measurements

because they cannot be changed in practice. The operator drags one meas

urement up from the curve (indicated by an arrow) and sees other curves and

values moving up or down. Alternatively, the operator can enter a target value

directly to an appropriate tag field.

8 . To continue the verification, the operator also wants to know if

there are similar situations happened earlier. To analyse this, the operator

crops by a rubber band zoom the relevant area from the curves and clicks

"Trace similar situations" button.

9 . As a consequence, arrow buttons above the "Trace similar situa

tions" button and markers on time line slider appear, as shown in Figure 1 G .

The operator clicks the markers or steps the situations with arrow buttons. The

curves displayed are changed to the selected moment of time.

10 . The operator decides that the situation is what he has conclud

ed and wants to inform others. He clicks "Write diary entry" button. A diary is

opened (not shown) and the analysis tool with related data and screenshots in

analysis tool are automatically stored in the diary entry.

Example 5 : Power plant Boiler

In this example, a further exemplary interactive user interface a c

cording to the invention is illustrated for decision support, i.e. for analysing a

power plant boiler.

1. The operator has a normal process view at user interface, as i l

lustrated in Figure 12A. The operator clicks a prediction button in a toolbar to

start a prediction mode.

2 . A prediction mode view appears which may be indicated by a

coloured border, for example, or by some other suitable visual effect, as illus

trated in Figure 12B. Although the IU layout shown in Figure 12A is not re

markably changed, the prediction view may include several special functions.

For example, current tag values may be shown as modifiable, e.g. with white

background. The operator may select tag to be edited, enter a new value di-

rectly to the field and press an Enter button, for example. The modified tag

may be locked after the modification. Similarly, any other tag may be locked.



The locked tag may be indicated by a suitable graphical effect or symbol, such

as a lock symbol shown in Figure 12B. The values obtained from the prediction

model are shown in the respective tag fields and the major changes caused by

the modification may be indicated by a suitable graphical effect or symbol, e.g.

they may highlighted with different magnitudes of a specific colour. The re la

tionship between the magnitude of colour and the amount change is illustrated

in the right-hand bottom corner of the Ul view in Figure 12B. The operator may

continue the prediction by changing further tags in the Ul view.

3 . The operator may click mouse button on a tag in the Ul view to

open a context menu, as shown in Figure 12C. The first level of the context

menu may contain buttons "Show", "Lock" and "Reset". The button "Show" may

open a menu containing buttons "Analyze Window", "Dependence Tree" or

"Dependence lines". The button "Lock" may open a menu containing buttons

"Lock to current value", "Allow increase only" and "Allow decrease only" there-

by allowing locking or unlocking variables, as well as an increase/decrease

selection. The button "Reset" may unlock all variables and erase the depend

ence lines. In this example, the operator first selects "Show" and then "De

pendence lines" in the opened menu. As a result, a view shown in Figure 12D

may appear. In Figure 12D, lines connecting several tags show the dependen-

cies around a selected tag. The strength and the direction of the dependency

may be indicated, e.g. by the width of the line and the direction of the arrow,

respectively.

4 . The operator may click the mouse button to open the context

menu and select "Show" and "Predict analysis". As a result a Ul view shown in

Figure 12E may appear. The prediction analysis view may be similar to or

modification of the view shown in Figure 10F. The analysis is opened from an

initial tag. A number of tags, which are related to the initial tag, are automati

cally added to the analysis. With history trends the user can verify the depend

encies in real life. A steady-state prediction is shown in the right-most section

of the trends. The operator can drag prediction trends up and down. Alterna

tively, the operator may enter a target value directly to the appropriate "pre

dicted" tag field. The operator may also drag and drop any tag from the view of

Figure 12B to empty rows in the analysis view of Figure 12E.

5 . The operator may click the mouse button to open the context

menu and select "Show" and "Dependence tree". As a result a Ul view shown

in Figure 12F may appear. In the Ul view, a tree structure is shown. The se-



lected variable may be shown highlighted. Also, for selected variable, a proba

bility distribution (a histogram) and optionally a reference distribution (a line)

may be shown. Arrows may be used to indicate direction of changes. Boxes

may be used to indicate locked variables.

The techniques described herein may be implemented by various

means. For example, these techniques may be implemented in hardware (one

or more devices), firmware (one or more devices), software (one or more mod

ules), or combinations thereof. For a firmware or software, implementation can

be through modules (e.g., procedures, functions, and so on) that perform the

functions described herein. The software codes may be stored in any suitable,

processor/computer-readable data storage medium(s) or memory unit(s) and

executed by one or more processors. The data storage medium or the memory

unit may be implemented within the processor or external to the processor, in

which case it can be communicatively coupled to the processor via various

means as is known in the art. Additionally, components of systems described

herein may be rearranged and/or complimented by additional components in

order to facilitate achieving the various aspects, goals, advantages, etc., d e

scribed with regard thereto, and are not limited to the precise configurations

set forth in a given figure, as will be appreciated by one skilled in the art.

The description and the related figures are only intended to illustrate

the principles of the present invention by means of examples. Various alterna

tive embodiments, variations and changes are obvious to a person skilled in

the art on the basis of this description. The present invention is not intended to

be limited to the examples described herein but the invention may vary within

the scope and spirit of the appended claims.



CLAIMS

1. A method of operating a process or a machine, comprising

obtaining operating data from an operating historian database, said

operating data containing a plurality of variables collected from a process or

machine during operation,

determining, by non-real time processing, statistical models, each of

the statistical models describing non-linear causal interrelations between two

or more of said variables,

organizing, by a non-real time processing, a plurality of operating

variables into a hierarchical presentation of said statistical models according a

statistical criterion, in which hierarchical presentation the models are connect

ed to each other through said variables, and storing said hierarchical presenta

tion of statistical models in a database or like,

receiving, via a graphical human-machine interface of the process

or machine, a selection of one of said plurality of variables as a variable of in

terest for real-time analysis,

automatically selecting, by real-time processing based on said

stored hierarchical presentation of statistical models, among said plurality of

variables of the collected process data at least one explanatory variable which

has the largest impact on said variable of interest in terms of said statistical

criterion, and

analyzing and displaying on said graphical human-machine inte r

face relationships between said variable of interest and said at least one ex

planatory variable.

2 . A method of operating a process or a machine, comprising

obtaining operating data from an operating historian database, said

operating data containing a plurality of variables collected from a process or

machine during operation,

determining, by non-real time processing, a collection of statistical

models, each of the models describing non-linear causal interrelations be

tween two or more of said variables, and storing said collection of statistical

models in a database,

receiving, via a graphical human-machine interface of the process

or machine, a selection of one of said plurality of variables as a variable of in-

terest for real-time analysis,



dynamically organizing, by a real time processing, variable-specific

hierarchical presentation of statistical models from the statistical models of the

stored model collection for analysis of said variable of interest,

selecting, by real-time processing based on said variable specific

hierarchical presentation of statistical models, among said plurality of variables

of the operating data at least one explanatory variable which has the largest

impact on said variable of interest in terms of said statistical criterion, and

analyzing and displaying on said graphical human-machine inte r

face relationships between said variable of interest and said at least one ex

planatory variable.

3 . A method according to claim 1 or 2 , wherein said analyzing of

said relationship information comprises displaying, at a graphical human-

machine interface, a presentation of said variable of interest in function of said

at least one explanatory variable.

4 . A method according to any one of claims 1 to 3 , wherein said a n

alyzing of said relationship information comprises displaying, at said graphical

human-machine interface, a hierarchical variable presentation having said var-

iable of interest at a root and said at least one explanatory variable at a

branch.

5 . A method according to any one of claims 1 to 4 , comprising ena

bling the operator to manually adjust, during the analysis at said graphical hu

man-machine interface, said at least one explanatory variable by one or more

of: removing one or more of said at least one explanatory variable from the

analysis; locking one or more of said at least one explanatory variable to a ce r

tain value or range of values; and setting an allowed direction of change of one

or more of said at least one explanatory variable and said variable of interest.

6 . A method according to any one of claims 1 to 5 , wherein said

non-real time processing comprises automatically building several hierarchical

presentations of statistical models, wherein variables to said statistical models

are selected among said plurality of variables based on a page hierarchy of the

graphical human-machine interface.

7 . A method according to any one of claims 1 to 6 , comprising



analyzing a predicted impact of said at least one explanatory vari

able and said variable of interest on each other using said hierarchical presen

tation or presentations of statistical models,

showing the impact in a numerical and/or graphical form at the

graphical human-machine interface.

8 . A method according to claim 7 , wherein said analyzing of said

relationship information comprises displaying, at said graphical human-

machine interface, a predicted value of the variable of interested, calculated

with said hierarchical presentation or presentations of statistical models, when

said at least one explanatory variable varies in value.

9 . A method according to claim 8 , wherein said analyzing of said

relationship information comprises

varying, via said graphical human-machine interface, one or more of

said at least explanatory variables,

displaying, at said graphical human-machine interface, a predicted

value or range of values of the process output variable calculated using said

hierarchical presentation or presentations of statistical models.

10 . A method according to any one of claims 1 to 9 , further com

prising

selecting an explanatory variable that, together with already select

ed explanatory variable or variables, if any, best describe the selected process

output variable in terms of said statistical criterion of the variable of interest,

and

sequentially repeating the selection step until a predetermined stop-

ping criterion is met.

11. A method according to any one of claims 1 to 10 , further com

prises

calculating the statistical criterion of the variable of interest,

calculating, for each of said plurality of variables, the impact be-

tween the respective variable alone and the variable of interest in terms of the

statistical criterion of the variable of interest,

selecting as a primary explanatory variable the one of said plurality

of variables that best describes the variable of interest in terms of the statistical

criterion,

calculating, for each remaining one of said plurality of variables, the

impact between the respective variable, together with already selected primary



explanatory variable, and the variable of interest in terms of the statistical crite

rion,

selecting as a further explanatory variable the one of said plurality of

variables, if any, that together with already selected primary explanatory varia-

ble, best describes the variable of interest in terms of the statistical criterion,

sequentially repeating the selection step until a predetermined stop

ping criterion is met.

12 . A method according to any one of claims 1 to 11, wherein said

statistical criterion is entropy or relative entropy.

13 . A method according to any one of claims 1 to 12 , wherein said

statistical models comprise multi-dimensional histogram models.

14 . A method according to any one of claims 1 to 13 , comprising

controlling, through said graphical human-machine interface, said

variable of interest in the industrial process by adjusting one or more of said at

least one explanatory variable based on information obtained from said analy

sis.

15 . A system for implementing steps of any one of method claims

1 to 14 .

16 . A computer program comprising program code for performing

a method according to any one of claims 1 to 14 when said program is run on

a computer.

17 . A computer program product comprising program code means

stored on a computer readable medium for performing a method according to

any one of claims 1 to 14 when said program product is run on a computer.
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