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Abstract

A data mining methodology, the random forests, jpli@ad to analyze pollutant
emission from the recovery boiler of a Kraft pulpiprocess. Starting from a large
database of raw process data, the goal is to fgteth# input variables that explain the
most output variations.
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1. Introduction

Data Mining refers to extracting useful knowledgenfi large amounts of data. Starting
from large databases, the main objective is toifiteresting latent patteriig].
Particularly, a random foreqe, 3] is an ensemble of unpruned classification or
regression trees, induced from bootstrap sampletheoftraining data, using random
feature selection in the CART induction procesgdition is made by aggregating the
predictions of the ensemble. Internal estimates ase used to measure variable
importancg?2].

Within the framework of a Kraft pulp mill, we anaky the emissions of the recovery
boiler, and particularly the nitrogen oxide emissid his kind of boiler acts both as a
high-pressure steam boiler and as a chemical neatttoreductive and oxidative zones.
Significant perspectives already exist to reducmoapheric pollutants, and the
identification of the most important variables is mteresting byproduct of random
forests.

2. TheKraft pulping process

The Kraft proces#] is an alkaline process to produce chemical pulpulld mill can
be divided in two main areas: fiber line and chehiecovery loop.

Cellulose fibers are dissociated from lignin by king the chips in a solution of sodium
hydroxide (NaOH) and sodium sulfide ()83, called white liquor. The residual black
liquor is washed from the pulp and treated to recdkie cooking chemicals. The black
liquor is concentrated and burned in a recoverpdae to yield an inorganic smelt of
sodium carbonate (M@0Os;) and NaS. The smelt is dissolved to form green liquor,
which is treated to recycle the calcium carbonatbta regenerate the white liquor.
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3. Random For ests methodology

In this paper, we consider a regression problemhich we are trying to predict the
value of a continuous variable: pollutant emissiénitrogen oxide (NGQ).

We have a training set= {(x;, y1), ..., (xn, ¥,)} Where each; = (x;1, x;2, ...,xip)T

is theit® measurement vector pfinput attributesy; is the continuous outcome. We fit
a model taz, obtaining the predictiofi(x) at inputx.

Bagging is a general strategy for improving presticaccuracy[1l]. The bagging
algorithm creates an ensemble of models (by bagstampling) for a learning scheme
where each model gives an equally-weighted prexficti

Particularly, random forests are a combinationreé tpredictors such that each binary
tree depends on the values of a random vector sanmpdlependently and with the same
distribution for all trees in the forel.

3.1.From binary trees to random forests

The binary treds, 6] is a widely used framework in data mining; thisxcept can be
applied both to classification or regression protdeBasically, it's a sequence of binary
decisions applied to the input variables; each teominal node contains a decision
involving the comparison of an attribute with a eyivthreshold, which then leads to
another node or to a leaf (a terminal node). Tted nmde contains the whole dataset
which is recursively splits into two branches atleaode. A greedy algorithm selects
the attribute and threshold that maximizes a gfitarss measure.

A particular tree framework called CART (fo€lassification and Regression Trées
maximizes the Gini index that selects the splithwilie lowest impurity at each node;
CART was introduced in 1984 (Breiman et gl]).

Generally, the resulting tree is easily interprigalgiving a set of decision rules), it
works with both numerical and categorical data, #@sda non parametric method (no a
priori assumption is made). Unfortunately, trees sensitive to small changes in the
learning sample (Breimarig]). Moreover, unstable trees can be stabilized via a
ensemble method: we average the predictions oft @fsmdividual models (see for
example[14]).

Practically, we have a single training data sed, smwe have to find a way to introduce
variability between the different models: we usetstrap data samplgs]. A bootstrap
replicate is a random subset of the original datasiethe same length, taken with
replacemeni9].

We generaten bootstrap samples and then use each to train aatepcopy of a
predictive model. This procedure is known as boapsaggregating dvagging|s].

The aim of aggregating is to create an improvedehdde take the average value of
each prediction for a given test sample.

For each bootstrap sample(i = 1, ...,m ), we grow a CART tre& and we aggregate
the ensembl¢T; }1* (see Figure 1). For a giving predictifiix), the bagging estimate
is the average of predictions over thdrees.

Bagging is very helpful for reducing variance afat, prediction, Breiman8] proved
theoretically that a bagged predictor will always/é improved accuracy over a single
predictor.
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Figure 1 : Bagging : bootstrap aggregating

3.2.Random Forests algorithm

A random forest (Breimarj?]) is an ensemble of unpruned classification oresgon
trees, induced from bootstrap samples of the mginidata, using random feature
selection in the CART induction process.

In the random forest methodologg; 6, 10} a second source of diversity is introduced
during the growing of each tree. For each node,ntle¢hod selects a small random
subset oft attributes (from the input attributes) and uses only this subset tocbefar

the best split. This random selection of featutesagh node decreases the correlation
between the trees in the forest thus decreasinfpthst error rate.

We fit each tree on bootstrap sample and we stHeeshold and attribute at each node
from a subset of attributes; the algorithm is dieésct below (Hastie et a[10]):

e Fori=1,..m:

a) Draw a bootstrap sampke of sizen from the original sample.

b) Grow a random forest treig to the bootstrapped data, by recursively repeating
the following steps for each terminal node of ttef until the minimum node
sizen,,;, is reached.

i) Selectk variables at random from thwevariablesk < p).
i) Pick the best variables/split-point among khe
iii) Split the node into two daughter nodes.
» Output the ensemble of tref }7*, the prediction at a new pointis given by:

. 1%
e =— > 1)
i=1

In this study, we takék, n,,;,) = (EJ ,5); these are classical values for regresgion
An analysis of complexity and prediction score Bdlpr selecting appropriater .
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4. Industrial case study

In this paper, we analyze nitrogen oxide N@mission from a Kraft recovery boiler;
the main objective is to find explanatory attritautéor predicting N pollutant
emissions (we focused this paper on the attribagéesction scheme).

The recovery boiler furnace can be considered asisting of three distinct zongy: a
drying zone where the black liquor is fired, a retihn zone at the bottom, and the
oxidation zone in the turbulent upper section. fAircombustion is introduced from the
bottom upward as primary, secondary, tertiary amaternary air (at different velocities
to ensure complete mixing).

The original database is(a x p) = (65509 X 56) matrix. Thep attributes are mainly
physical flow rates, pressures, and temperaturesaok liquor, fuel, air...

We use a Matlab R13 implementation of Breiman'sdoam forest algorithm for
regression[{1] , based on Breiman and Cutler's original Fortran aadsion 3.3).

4.1.A data mining approach for modeling
Firstly, the data need to be preprocessed to makepropriate for the study2]. Then,
the given original data set is partitioned into timdependent sefd], a training set

(70% of the data) and a test set (the remaining)30%¥e training set is used to derive
the model, whose accuracy is estimated with thesttgsee Figure 2).

| Original data set I—>

|Training set I | Test setI
(mr k: nmin)

Random Forests I

| Candidate attributes |

Dendogram

Model inputs MLP

Figure 2: A data mining approach for prediction.

We use random forests to rank input attributes ratbeg to their importance measure.
Candidate attributes correlations are also analyeegl, with a dendogram) to avoid
redundancies. The resulting attributes are thetipithe model.

A successful model is the feed-forward neural nétwi®], known as multilayer
perceptron (MLP). In the end, the model relevarscassessed by its performance for
predicting new observations.
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4.2. Attributes selection scheme

In many data mining applications, only a few inpatiables have substantial influence
on the response. It is often useful to learn thegike importance or contribution of each
input variable in predicting the response.

Random Forests use the out-of-bag (OOB) samplesvariable importance measure.
On average, 37% of the samples will not be preiseatgiven bootstrap replicafe, 9]:
they are called OOB sets. When a tree in the fdseegrown, the OOB samples are
passed down the tree, and the prediction accusagcorded.

Then, one at a time, each attribute values areoralydpermuted in the OOB samples,
and the accuracy is again computed. The decreaseduaracy as a result of this
permuting is averaged over all trees, and is used measure of the importance of a
variable in the random forefio, 13]

4.3.Results

Attributes are ranked according to this importammsasure (expressed as a percentage
of the overall importance, see Figure 3). For adixumber of treem, a variable with

a larger importance score relative to other vaesbindicates that the variable is
important for regression. This hierarchy presenty the first 25 relevant attributes.

KVCA_QS_FU
KVCA_QA_LN
KVCA_QT_LN
KVCO_QT_AQ
KVNCG_QT_FO2
KVEV_PH_BAL
KVCO_QG_AS
KVCO_QD_AS
KVEV_QT_PU
KVEV_ CGO_EA
KYCO_TT_AS
KVEV_QU_HP
KVEV_PH_EA
KVNCG_QT_FA
KVCO_QT_AP
KVCO_PG_AQ
KVBA_QT_RE
KVCO_QT_AT
KVCO_PD_AQ
KVCO_PG_AP
KVNCG_QT_AB
KVCA_TT_LN
KVNCG_GT_FO1
KYCO_TT_AP
KVEV_TT_EA
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Figure 3: Random Forest attributes score importafieg k, n,,;,) = (80,18,5)

After a breakdown, during a boiler start up or @angent to high variation in steam
demand: the furnace is brought to the right tentpesaby burning heavy fuel. We can
observe that, logically, the fuel rate introducéshe lower of the furnace (QS-FU) is
the more relevant attribute for predicting Némissions.

The entering black liquor flow rate (QA-LN) is arpaf the total black liquor flow rate
(QT-LN) which is circulated in a loop around thguor guns; these variables are highly
correlated. Then, quaternary air (QT-AQ) was esplgcidesigned to control NO
emissions and non-condensable gas (NCG-QT) comanrg the process are incinerate
into the furnace.
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5. Conclusions

This paper briefly traced the application of randforests to a pulp mill atmospheric
pollutant. We talked only about the attributes ctid® scheme; these selected attributes
can also be used for prediction with a neural netwe.g., a multilayer perceptron).
Random Forests handle very large database andetsal variable importance measure
is very helpful for understanding complex interans between attributes and
discovering latent patterns. This method is easysw and quite fast, requiring only a
little tuning on parameters.
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