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Background:  

There is a strong interest in development of learning systems, or AI-systems. One example is IBM´s 

Watson, but also search engines like Google and others´. These existing systems are suitable for 

searching information from many sources like Watson (IBM, 2018) being a master in Jepardy and for 

identification of prioritized interests for customers to direct commercial advertisements like Google 

and Facebook. For process industries the demands are different, as we want to use the information 

gathered in a way so that new information is efficiently used like by Google, we can retrieve 

important facts from many sources like Watson, but also have to direct efforts to optimize 

production under different conditions. The focus of this paper is to discuss the structure for this. 

System overview: 

The learning system is divided into several steps where the lowest level is local adaptation on 

component level. Here data from sensors around the components are filtered and standard deviation 

calculated directly for raw data. The filtering is made in three different time horizons here marked 5, 

10 and 20. The next level is feeding these data into simulation models for larger parts of the plant to 

do data reconciliation and produce data to replace missing data or extreme values. These data then 

are used to compare simulated and measured data for same time period and then analyze the 

difference, and especially the development trend of this difference.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

From the difference between longest time and shortest time drift in processes is determined and by 

comparing differences between measured and reconciled data drift in sensors is estimated. From this 
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we also determine a risk for process or equipment failure which gives input to decision on 

maintenance. For some equipment the process disturbance would be strong if the component is 

failing, while for other components the effect would be less severe. Reconciled data are also used for 

process model adaptation on different levels. For the example of a fiber line we have process upsets 

like hang-ups, channeling and similar, as well as need to adjust the control depending on wood 

quality variations. Both aspects are addressed although the second with determination of wood 

quality has a loop where NIR spectra are correlated to lignin and hemicellulose content and reactivity 

from residual alkali in extraction and kappa number at the blow line. Bleach chemical consumption 

may be added when there is also bleaching. This is an advanced adaptation continuously using a 

Modelica model for correlating data to NIR spectra absorption pattern to different process conditions 

and feeding back results from kappa number (= residual lignin at fiber surface) after the cook.  

A second type of application is to analyze different measurements, take actions like changing flow 

over a screen and similar, and analyze the response to this. From this we produce new knowledge 

and develop performance monitoring. This is used as input to e.g. a neural network where we try to 

develop a learning system by changing parameters for interaction between different nodes by 

mimicking the brain learning. This means that we adjust the values continuously by increasing or 

decreasing signal enhancement and number of connections between nerve cells similar to how it is 

done in brain nerve synapses. Now and then we copy the complete net and store it, when we have 

good overall performance. Afterwards this situation can be retrieved and analyzed separately. The 

major goal here is to have a high net earning both short term and long term for the factory. Examples 

of this is so called “deep learning”, which has been described by e.g. Yann LeCun et al (2015) who 

have given a general overview or Taigman et al (2014), who have used it for image pattern 

recognition. 

When we automate the learning process we call it machine learning. Examples of machine learning 

algorithms are Bayesian belief nets (BBN), artificial neural nets (ANN), partial least square regression 

(PLS) and support vector machines (SVM). These algorithms are briefly described in Microsoft (2017) 

in connection with their Azure cloud service. A major issue around all these methods is to make good 

adaptation. Hinton et al (2006) developed a general method for calculating one layer at a time using 

back propagation of very deep neural nets while e.g. Graves et al (2013) have shown how to build 

systems for speech recognition, which may be applicable also for process industry applications. 

Jürgen Schmidhuber (2015) has given a good overview over different methods for deep learning of 

neural nets as well. Ciodaro et al (2012) has demonstrated on-line particle detection with neural nets 

which shows potential for on-line applications. Yoshua Bengio (2009) has discussed architecture for 

AI systems for deep learning generally. Examples of use of Bayesian nets for root cause analysis in 

process operations (Weidl et al 2002a), Condition monitoring (Weidl et al 2002b) and adaptive root 

cause analysis under uncertainties in industrial process operations (Weidl et al 2003). Practical 

advises on the use of BN in industrial applications is given in Weidl et al (2008). An example of use of 

big data for analysis of energy data for analysis of consumption pattern is made in Javed et al (2010) 

in runtime for dynamically adaptive systems.  

Results and discussion: 

In the EU Horizon 2020 project under SPIRE-program we develop a learning system for process 

industry applications. The system is tested at a Swedish pulp mill right now, where the first parts are 

being verified. This includes the adaptation of correlation between NIR and wood properties, where 

we see that wood properties actually is varying quite a lot although same wood specie is utilized. This 

variation depend mainly on where the wood is coming from as old wood is different from new, trees 

on the top of a hill has different properties than those growing in a valley etc. The neural net for the 

https://www.nature.com/articles/nature14539#auth-1
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more advanced high level functions is tested principally and soft sensors using PLS for determination 

of wood properties as well. The system is seen in figure 2. 

 

Figure 2. The learning system implemented at Billerud-Korsnäs for fiber line optimization and control. 

We show how the system is implemented in one case which is a fiber line. The system consist of 

measurement of wood chips with respect to NIR spectra at the entrance to the plant. After this the 

wood chips are impregnated with black liquor before being heated in a digester together with white 

liquor. The white liquor consist of mainly NaOH and NaHS. The temperature is kept for a few hours at 

a temperature in the range 150-160 oC for different wood species. The digester is divided into 

different volume segments with connections to outside as well as between the neighboring 

segments. The physical model consist of keeping track on the flow of different components between 

the segments as well as with the outside of the digester with input and output at specific segments. 

Also chemical reactions are modelled and transfer of chemicals like lignin, hemicellulose and 

chemicals like NaOH and NaHS as well as the reaction products Na2CO3 and Na2SO4. The reaction of 

lignin and hemi cellulose is modelled principally with the equations: 

𝑑𝐶𝑖

𝑑𝑡
=  𝐴𝑖[𝑂𝐻]𝑎[𝐻𝑆]𝑏exp (𝐵𝑖 −

𝐷𝑖

𝑇
) 

Here 𝐴𝑖 =  reactivity constants for a certain wood quality with respect to wood density, thickness 

and type of lignin.  

𝐵𝑖  𝑎𝑛𝑑 𝐷𝑖 = are constants for the specific wood type concerning how temperature is affecting the 

dissolution. 

For the bleach reactions we just use a reactivity constant for the different wood types going from 

kappa number to final brightness: 

𝑑𝐶𝑖

𝑑𝑡
= 𝐹𝑖 ∗ 𝐶𝑖,0 



The reactivity constant  𝐹𝑖 is given as kg chemicals per ton pulp per time unit, and by multiplying by 

the residence time we get the overall chemical consumption per ton. 

With the learning system we compare the predicted values for kappa number at the exit, demand for 

bleach chemicals and dissolved lignin concentration at the extraction line with what is measured. The 

data are used to fine tune the reactivity constants A,B and D and the value of these are used for 

building the regression model between absorption peaks in the NIR spectra and these constants. 

This is the major “learning loop” but we also have a number of other components being logged 

continuously like pressure drop and flow through the screens in the digester as well as a number of 

screens around the digester. We also log data for heat exchangers with respect to heat transfer as a 

function of flows and temperature. A number of pumps and valves are followed with respect to 

energy use, flows and pressure to get input to the analysis of both performance of single 

components as well as the system totally. 

To simplify this analysis we are forming variables comparing e.g. pressure before a screen to pressure 

after the screen at a certain flow rate and power consumption as a function of requested reject 

concentration. 

If we set measured values to 𝑥𝑚 and predicted values for same variable to 𝑥𝑝 and make a simulation 

model correlating the variables to each other, we get an equation system. When we solve this using 

input values 𝑥𝑚 we get the predicted values 𝑥𝑝. The predicted values also will be reconciled data 

showing most probable true values and by trending the deviation (𝑥𝑚 − 𝑥𝑝 ) as a function of time we 

can identify continuous changes indicating what sensors or processes are drifting in relation to the 

others. For the process control it is better to use the reconciled data than the measured. In parallel 

we send a message about possible problems. We also measure the standard deviation %STD for 

different time horizons. From this we can see how much the measurement is varying by time, which 

is an indication of process instability and/or sensor instability. We now can form an index indicating 

risk of failure , ROF.  

ROF = ∑ (%𝑆𝑇𝐷5 +𝑛
𝑗=1   %𝑆𝑇𝐷10+ %𝑆𝑇𝐷20 + %𝑇𝑅𝐸𝑁𝐷20)j *𝑤𝑗  

J is the different components in the system. 𝑤𝑗 is a weight factor indicating how important a certain 

component is for the overall performance.  

The ROF is now indicating the risk for limitation of production in the future. 

We also can calculate possible net earnings from the production, NETi, for different qualities i. This is 

the product of the price for quality i and the quantity minus the cost for the production. 

We have a production schedule from a business management system. We can calculate an optimal 

production schedule from: 

Max = ∑ 𝑚𝑖 ∗ 𝑁𝐸𝑇𝑖
𝑇
𝑖=1   

i= time interval, e.g. hour. m = production in ton/h. This assumes no disturbances in the production. T 

here is time horizon. 

If we now include the ROF, risk of failure, as a function of time, we get the modified optimal 

production schedule Maxm,  

Maxm = ∑ 𝑚𝑖 ∗ 𝑁𝐸𝑇𝑖
𝑇
𝑖=1 *ROF 



We also can set a limit for allowed ROF to ROFmax.  If this is above a certain value we need to stop for 

maintenance. 

This limit, ROFmax, , has to be refined from experience, which is made by comparing ROF to unplanned 

stops and failures.  

We now can go back to use of %STD and %TREND for fault diagnostics. The data reconciled data are 

used both to determine correct values for different variables and to replace missing data, which 

otherwise may cause problems with the process control. 

We combine fault diagnostics with decision support. This is done using a Bayesian net, which is a 

causality tree correlating different type of faults with what type of fault is most probable. We have a 

number of deviations, (𝑥𝑚 − 𝑥𝑝 )i , trend deviations %TREND and standard deviations %STD for each 

variable i. A number of such inputs are multiplied with a weight factor wi and summarized so that the 

sum of the weight factors =1.0. The same variables can be correlated to several different problems 

and even several problems can be correlated to each other. These weight factors are modified from 

analysis of actual faults verified from experience. We here have built a data base with measurements 

and faults, and these are updated on a frequent basis. The input values are normalized to give values 

of the same order of magnitude independent on flows, temperatures etc.  

First we select input we know influence a certain fault and make an equation system with at least the 

same amount of equations as the connections from variable to fault. The variables is normally the 

average value for the last 20 time steps as a moving window both when it comes to correlate faults 

and for future use as a diagnostic tool. Then we solve this to create what value is giving 100% 

probability for a fault. As it is an acknowledged fault it is correct to use 100% probability here. 

To determine unknown relations we then test any reasonable correlations, starting with two and 

testing for best prediction power towards known faults. Then we proceed with three variables at a 

time and do the same. In this way we can check if there are other combinations than those first 

anticipated that are better than the original assumption. In this way we can proceed and bring in new 

experience by time and repeat the procedure for all kind of new faults occurring. This gives us a 

learning system which is possible to actually run with an automated algorithm, where otherwise 

updating causes some problems to handle. 

We assume three input variables like in figure 3: 



  

Figure 3. An example how the fault analysis is made. First ratios or normalization is made for input 

variables, which are formed from the average of last 20 samples. These input values, which are 

normalized in relation to max value, are multiplied by a factor which is determined from data for 

verified faults, which have 100% probability.  

We then have a number of cases where fault has actually taken place and been verified. For three 

variables x1, x2 and x3 we then need three equations to calculate the constants A, B and C.  

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 100% =  𝑥1 ∗ 𝐴 +  𝑋2 ∗ 𝐵 + 𝑥3 𝐶 

We use the constants achieved from solving the equation system and test for the other faults we 

have to see what probability for fault we get for all equations. We use the average value e.g. last 20 

time steps as input to the fault analysis.  

Then we do the same for next set of three equations. All possible triples are tested and the triple of 

A,B and C with best fit to all situations for this fault is kept for prediction of this fault in the system. 

The same procedure then is used also for the other faults. Updating of the weight factors are done 

when a new faults has occurred. 

The correlation structure is built from experience, but by comparing predictions to actual events, we 

can calculate the quality of the predictions. The deviation is used to adapt the weight factors, but 

also to give warnings that some correlation may be missing if the adaptation is not proceeding as it 

should, by improving the prediction quality. This is forming a learning system, but not a fully 

automated one. 

The physical models also are used to calculate optimal operations for the different components in a 

coordinated way, from the overall modified production schedule. We have already been talking 

about adaptation of a number of constants in the digester. This is done at the same time as we 

create and adapt soft sensors to predict lignin content and reactivity. We also predict bleachability. 

This information is used for the model based control but by combining different facts we also can 

determine probability for channeling, hang-ups and similar in the digester, which is difficult to 

determine directly. By listing verified problems and correlating to the history of all relevant variables 



that could influence or be influenced by the fault we can create new knowledge about problems, but 

also can use it to study the effect of different counter actions.  

An example of indication of channeling in a digester is seen in figure 4. 

 

Figure 4. Channeling indicated by comparing measured values (yellow, upper curve) to prediction 

(bottom curve in violette) by plotting temperature of wash water as a function of time. 

In figure 3 the prediction and measured data follow each other first, but then start to separate. In 

reality this is because the wash water normally is cooled as it meets the wood chips, but due to 

channeling the wash water is not cooled. 

Conclusions  

By having a structured data handling approach we can control the quality of the data, sort the data 

so that we used different data for different purposes, and we can use data we have control over for 

building new knowledge and thus create a learning system. The applications of this system the can 

be many different in the same application, or we select some of the functions only. In the FUDIPO 

project we are both using commercial software combined in a common platform like Tieto´s HMI3 as 

well as we have developed a simplified version with only excel plus open source code like Open 

Modelica. Results from the actual tests in the plant will be shown at the conference in September. 
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