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Blotches or holes in paper are a major cause of distress for papermakers as they lead o a lot of vejection and loss. Blotches may
even lead to web breaks in the paper machine, affecting the runnability.

This paper discusses an approach on woubleshooting blotches using Advanced Analvtics through a 10-step process. A model was
developed using Random Forvest algorithm to arrive at the most critical parameters which contribute to blotches in the major grades

made on the paper machine.
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l.Introduction

Blotches or holes are a major quality and
productivity issue for the paper industry.
They canoccurthroughoutthe papermaking
process as a result of the process itself,
mechanical problems, or contamination. It
15 hard to pin-point the origin of blotches
at one single source, making it extremely
difficult to troubleshoot and reduce them.
An image of blotches on paperboard can
be seen in Figure 1.

Figure 1: Bloich on paperboard

The high level of difficulty in resolving
blotches and the complexity of the

papermaking process lead to the use of
advanced analytics for problem-solving.

Data is being generated at an exponential
rate 1n today’s world. Process industries
too generate enormous volumes of data,
but many have failed to make use of this
mountain of potential intelligence.

Advanced analytics help manufacturers
solve previously impenetrable problems
and reveal those that they never knew
about. such as hidden botidenecks or
unprofitable production lines.

The article is arranged as follows. Section
2 briefly discusses the Advanced Analytics
tools used for troubleshooting blotches.
The approach and methodology followed
to address blotches are discussed in Section
3. The oufcome and results of the project
are discussed in Section 4. The article ends
with conclusions in Section 5.

2. Literature Review

This project adopted a Tree based
approach for analysis as compared to the
conventfional Curve based approach used
most commonly in process industries, like
Linear Regression, Logistical regression,
etc. Since process variables do not follow
alinear or logarithmic distribution, making

such assumptions on the data is not
completely correct. Tree based algorithms
do not make any such assumption on the
data, hence they are found to be more
effective while handling process data.
These algorithms are discussed in detail
below.

2.1 Tree Based Algorithms

Tree based learning algorithms are
considered to be one of the best and most
widely used supervised leaming methods.
Tree based methods empower predictive
models with high accuracy, stability
and ease of interpretation. Unlike linear
models, they map non-linear relationships
quite well. They are adaptable at solving
any kind of problem at hand (classification
oI regression).

DecisionTreesareusedtoidentifysegments
of features which best predict outcomes
and can be easily explained. For a given
data set, the Decision Tree algorithm finds
the “best separator” (variable and value)
recursively, within every sub-space. This
can be seen in the following example, as
represented in Figure 2. We wish to answer
how we would segment the space to get
the best separation between green points
(no defect) and pink points (defect).
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Figure 2: Decision tree approach for segmentfing the green and pmk pomis m the given space

2.2 Random Forest Algorithm

In a given data set, a decision tree can only split a random subset of the variables.
Buildmg many trees ensures that no observations are missed. Random forest algorithm
is a supervised classification algorithm. As the name suggest, this algorithm creates the
forest with a munber of trees. In general, the more trees in the forest the more robust the
forest looks like. However, building more trees takes longer and may lead to overfitting.

Random Forest Simplified
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Excel, Minitab, eftc., the structuring and
analysis was done using R programming
in R-Studio software.

R is a language used for statistical
computations, data analysis and graphical
represenfation of data. Created in
the 1990s by Ross Ihaka and Robert
Gentleman. R was designed as a statistical
platform for data cleaning. analysis, and
representation. R-Studio is an open source
software, making it highly cost effective
for a project of any size.

3.4 Structure Data

The data from all 7 sources combined
had 1400+ tags which were capmired at
different frequencies. In order to camy
out any analysis on the data, 1t had to be
collated and structured. The entire data
was stitched together in R-Studio and
integrated at three levels: time stamp level,
shift level and jumbo ID level.

Figure 4: Compleieness check and outlier treaiment of DCS tags

3. METHODOLOGY

A classification technique was followed to classify Jumbos (paper rolls) into “good” and
“bad” depending on whether they had a blotch or not. Data from various sources was
stitched together and fed into the Random Forest model to arrive at the most critical
parameters which contribute to blotches. The optimal ranges for these were arrived at
and adopted for trial on the Paper Machine.These steps have been discussed i detail in
the following sub-sections.

3.1 Define Problem

A classification approach was taken for troubleshooting blotches. The target fiinction was
defined using two categorical variables: “Good Jumbo™ (with zero blotches) and “Bad
Jumbo™ (with at least one blotch).

3.2 Capture Data

Data capturing was a major aspect of the project as tags relevant to the case of blotches
were present in 7 sources (both manual and digital). Process variables were captured
from the DCS system at a 9 second interval This data was collected for a period of 6
months. Some variables were only present in the manual logbooks (like press loads,
refiner loads, etc.) on a shift level (8-hours) and were digitised. Some variables from the
pulp mill were also captured based on the initial hypotheses. Quality data. digital and
manual, was also captured from multiple systems to identify the occuirence of blotches
and other quality parameters.

3.3 Store Data

Data from all the sources mentioned above was brought together in a comumon platform.
The combined data was 30GB+. Since this amount of data is too high for tools like

3.5 Cleam Data

A completeness check of the data was
done wherem 100+ tags with missing
values outliers were identified (as seen in
Figure 4). Missing values were impured
with means recalculated after outlier
treatment. Tags which had more than 50%

values missing were not considered for
modelling.

3.6 Analyse/Discover

Univariate analysis was performed to
check for month wise, day wise and hour
wise distribution of blotches. GSM and
grade wise dependency of blotches was
also checked.

It was observed that blotches are grade-
dependent, therefore, models for the top
grades (contributing to 90% of CoPQ due
to blotches) were developed separately.

20+ hypotheses driven by 70+ root causes
across chemical, microbial, colloidal and
machinery related phenomenon were
formmulated by the team. A snapshot of the
same can be seen in Figure 5.
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Figure 5: Snapshot of npotheses list developed by team

3.7 Develop Process Model

Tor any successfil model, it is essential to ensure that the correlation between variables

used for modelling is minimal. Multi-collinearity occurs when independent variables in

a regression model are correlated. This comrelation is a problem because mdependent

variables should not be correlated. If the degree of correlation between variables 1s high

enough, it can cause problems while fitfing the model and interpreting the results.

Multi-variate clustering was used to identify auto-comelated parameters for multi-
collinearity reduction. 30 clusters were created and 120+ representative parameters were
selected for modelling afier discussion with process team to ensure only conirollable
variables (directly/indirectly controlled) were included in modelling. Figure 6
demonstrates an example of the clustering process.

Random Forest (RT) modelling technique
was used to identify drivers of blotches.
The complete data set was divided into
fraining and testing sets. Random subsets
of the training data were taken fo create
a decision free. Many such trees were
created using random subsets of fraining
data to generate a Random Forest. The
flowchart for the Random Forest is given
in Figure 7.

Figure 7: Infernal workmg of 1 Remdom
Forest algorithm

3.8 Define Measures/ Optimisers

The output of the random forest model 15
the top variables confributing to the purest
split of the target function which can be
seen in a Gini decrease plot (example in
Figure 8). The top 10 controllable variables
from cach grade model were taken and
their optimal values were arrived at (based
on their historic values). The ranges for
each variable were discussed and revised
based on discussions with the process
team.

Figure 8: Gini decrease plof showing output
of a Random Forest model (Top 23 variables)

3.9 Pilot and Model Validation

The optinal ranges for each parameter
shortlisted grade-wise were taken for
trials. Some ranges were revised based
on feedback from process team based on
feasibility of operation. Figure 9 shows
the controllable variables shorthsted for a
grade.
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Figure 9: Snapshot of controllable variables
identified for a grade and opfimal ranges
maintained during trial

The cases of blotches were closely
monitored and mapped with adherence of
each mm for troubleshooting and models
were revised based on the feedback.

3.10 Operationalise Model

Once the trals for a grade were found
satisfactory, the parameters were fixed
and SoPs were circulated on the shop floor
accordingly.

4. Results and Discussion
The following benefits were observed:

e Overall reduction of blotches across all
grades by 20% during trial period of
3.5 months.
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e Reduction of 23% of CoPQ on account
of blotches and related defects during
trial period

e Tmproved rummability of the machine

o Additional benefits fromtighter control
of top variables (pH, moisture, efc.)

® FEase of Operations, ie. simplified
operations — clearly defined ranges for
each grade / GSM combination

A dashboard was created as part of
sustenance to monitor the adherence
of the optimal parameters. The current
values of each are displayed on the screen,
highlighted in green or red depending on
whether they are in the prescribed 1ange
or not. The tmme-series plots of these
variables can also be seen on the screen A
screenshot of the dashboard can be seen
mn Figure 10.

5.Conclusion

The approach mentioned in this paper
for troubleshooting a process defect
using Advanced Analytics is a ransform
and learn journey; it brings together the
scientific methods of Data Science to
extract knowledge and insights from data
m various forms and the experience and
expertise of process managers for solving
complex issues. However, this is not a
one-time exercise. These analytics tools
need to be repeatedly deployed to achieve
the desired outcomes.

Parameer s

Famamate 7

Figure 10: Dashboard for sustenance of Dlotches
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