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Abstract 
A data mining methodology, the random forests, is applied to analyze pollutant 
emission from the recovery boiler of a Kraft pulping process. Starting from a large 
database of raw process data, the goal is to identify the input variables that explain the 
most output variations. 
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1. Introduction 
 
Data Mining refers to extracting useful knowledge from large amounts of data. Starting 
from large databases, the main objective is to find interesting latent patterns [1].  
Particularly, a random forest [2, 3] is an ensemble of unpruned classification or 
regression trees, induced from bootstrap samples of the training data, using random 
feature selection in the CART induction process. Prediction is made by aggregating the 
predictions of the ensemble. Internal estimates are also used to measure variable 
importance [2].  
Within the framework of a Kraft pulp mill, we analyze the emissions of the recovery 
boiler, and particularly the nitrogen oxide emission. This kind of boiler acts both as a 
high-pressure steam boiler and as a chemical reactor with reductive and oxidative zones.  
Significant perspectives already exist to reduce atmospheric pollutants, and the 
identification of the most important variables is an interesting byproduct of random 
forests. 

2. The Kraft pulping process 
 
The Kraft process [4] is an alkaline process to produce chemical pulp. A pulp mill can 
be divided in two main areas: fiber line and chemical recovery loop.  
Cellulose fibers are dissociated from lignin by cooking the chips in a solution of sodium 
hydroxide (NaOH) and sodium sulfide (Na2S), called white liquor. The residual black 
liquor is washed from the pulp and treated to recover the cooking chemicals. The black 
liquor is concentrated and burned in a recovery furnace to yield an inorganic smelt of 
sodium carbonate (Na2CO3) and Na2S. The smelt is dissolved to form green liquor, 
which is treated to recycle the calcium carbonate and to regenerate the white liquor. 
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3. Random Forests methodology  
 
In this paper, we consider a regression problem in which we are trying to predict the 
value of a continuous variable: pollutant emission of nitrogen oxide (NOx). 

We have a training set � � ����,  	�
, … , ��� ,  	�

  where each �� � ����, ���, … , �����
 

is the ��� measurement vector of � input attributes, 	� is the continuous outcome. We fit 
a model to �, obtaining the prediction ����
 at input �. 
Bagging is a general strategy for improving predictor accuracy [1]. The bagging 
algorithm creates an ensemble of models (by bootstrap sampling) for a learning scheme 
where each model gives an equally-weighted prediction.  
Particularly, random forests are a combination of tree predictors such that each binary 
tree depends on the values of a random vector sampled independently and with the same 
distribution for all trees in the forest [2]. 
 

3.1. From binary trees to random forests  
 
The binary tree [5, 6] is a widely used framework in data mining; this concept can be 
applied both to classification or regression problems. Basically, it’s a sequence of binary 
decisions applied to the input variables; each non-terminal node contains a decision 
involving the comparison of an attribute with a given threshold, which then leads to 
another node or to a leaf (a terminal node). The root node contains the whole dataset 
which is recursively splits into two branches at each node. A greedy algorithm selects 
the attribute and threshold that maximizes a given fitness measure.  
A particular tree framework called CART (for “Classification and Regression Trees”) 
maximizes the Gini index that selects the split with the lowest impurity at each node; 
CART was introduced in 1984 (Breiman et al., [7]).  
Generally, the resulting tree is easily interpretable (giving a set of decision rules), it 
works with both numerical and categorical data, and it’s a non parametric method (no a 
priori assumption is made). Unfortunately, trees are sensitive to small changes in the 
learning sample (Breiman, [8]). Moreover, unstable trees can be stabilized via an 
ensemble method: we average the predictions of a set of individual models (see for 
example, [14]).  
 
Practically, we have a single training data set, and so we have to find a way to introduce 
variability between the different models: we use bootstrap data samples [5]. A bootstrap 
replicate is a random subset of the original dataset, of the same length, taken with 
replacement [9]. 
We generate � bootstrap samples and then use each to train a separate copy of a 
predictive model. This procedure is known as bootstrap aggregating or bagging [8].  
The aim of aggregating is to create an improved model. We take the average value of 
each prediction for a given test sample. 
For each bootstrap sample �� (� � 1, … , � ), we grow a CART tree �� and we aggregate 
the ensemble ��� 
�� (see Figure 1). For a giving prediction �����
, the bagging estimate 
is the average of predictions over the � trees. 
Bagging is very helpful for reducing variance and, for prediction, Breiman [8] proved 
theoretically that a bagged predictor will always have improved accuracy over a single 
predictor. 
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Figure 1 : Bagging : bootstrap aggregating 
 
 

3.2. Random Forests algorithm 
 
A random forest (Breiman, [2]) is an ensemble of unpruned classification or regression 
trees, induced from bootstrap samples of the training data, using random feature 
selection in the CART induction process.  
In the random forest methodology [2, 6, 10], a second source of diversity is introduced 
during the growing of each tree. For each node, the method selects a small random 
subset of � attributes (from the � input attributes) and uses only this subset to search for 
the best split. This random selection of features at each node decreases the correlation 
between the trees in the forest thus decreasing the forest error rate. 
We fit each tree on bootstrap sample and we select threshold and attribute at each node 
from a subset of attributes; the algorithm is described below (Hastie et al., [10]): 
 
 

• For � � 1, … , �: 
a) Draw a bootstrap sample �� of size � from the original sample �. 
b) Grow a random forest tree �� to the bootstrapped data, by recursively repeating 

the following steps for each terminal node of the tree, until the minimum node 
size ���� is reached. 
i) Select � variables at random from the � variables ��  �
. 
ii)  Pick the best variables/split-point among the �. 
iii)  Split the node into two daughter nodes. 

• Output the ensemble of trees ��� 
��, the prediction at a new point � is given by: 

  ��!"� ��
 � 1
� # �� ��


�

�$�
 

 

 

In this study, we take ��, ����
 � �%�
&' , 5
; these are classical values for regression [10]. 

An analysis of complexity and prediction score helps for selecting appropriate  � . 
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4. Industrial case study 
 
In this paper, we analyze nitrogen oxide (NOx) emission from a Kraft recovery boiler; 
the main objective is to find explanatory attributes for predicting NOx pollutant 
emissions (we focused this paper on the attributes selection scheme). 
The recovery boiler furnace can be considered as consisting of three distinct zones [4]: a 
drying zone where the black liquor is fired, a reduction zone at the bottom, and the 
oxidation zone in the turbulent upper section. Air for combustion is introduced from the 
bottom upward as primary, secondary, tertiary and quaternary air (at different velocities 
to ensure complete mixing).  
The original database is a �� ) �
 � �65509 ) 56
 matrix. The � attributes are mainly 
physical flow rates, pressures, and temperatures of black liquor, fuel, air… 
We use a Matlab R13 implementation of Breiman's random forest algorithm for 
regression ([11] , based on Breiman and Cutler's original Fortran code version 3.3).  
 

4.1. A data mining approach for modeling 
 
Firstly, the data need to be preprocessed to make it appropriate for the study [12]. Then, 
the given original data set is partitioned into two independent sets [1], a training set 
(70% of the data) and a test set (the remaining 30%). The training set is used to derive 
the model, whose accuracy is estimated with the test set (see Figure 2).  
 

 
 

Figure 2: A data mining approach for prediction. 
 
We use random forests to rank input attributes according to their importance measure. 
Candidate attributes correlations are also analyzed (e.g., with a dendogram) to avoid 
redundancies. The resulting attributes are the inputs of the model. 
A successful model is the feed-forward neural network [5], known as multilayer 
perceptron (MLP). In the end, the model relevance is assessed by its performance for 
predicting new observations. 
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4.2. Attributes selection scheme 
 
In many data mining applications, only a few input variables have substantial influence 
on the response. It is often useful to learn the relative importance or contribution of each 
input variable in predicting the response. 
Random Forests use the out-of-bag (OOB) samples to a variable importance measure. 
On average, 37% of the samples will not be present in a given bootstrap replicate [6, 9]: 
they are called OOB sets. When a tree in the forest is grown, the OOB samples are 
passed down the tree, and the prediction accuracy is recorded.  
Then, one at a time, each attribute values are randomly permuted in the OOB samples, 
and the accuracy is again computed. The decrease in accuracy as a result of this 
permuting is averaged over all trees, and is used as a measure of the importance of a 
variable in the random forest [10, 13]. 
 

4.3. Results 
 
Attributes are ranked according to this importance measure (expressed as a percentage 
of the overall importance, see Figure 3). For a fixed number of trees �, a variable with 
a larger importance score relative to other variables indicates that the variable is 
important for regression. This hierarchy presents only the first 25 relevant attributes. 

 
Figure 3: Random Forest attributes score importance - ��, �, ����
 � �80,18,5
 
 
After a breakdown, during a boiler start up or consequent to high variation in steam 
demand: the furnace is brought to the right temperature by burning heavy fuel. We can 
observe that, logically, the fuel rate introduces at the lower of the furnace (QS-FU) is 
the more relevant attribute for predicting NOx emissions. 
The entering black liquor flow rate (QA-LN) is a part of the total black liquor flow rate 
(QT-LN) which is circulated in a loop around the liquor guns; these variables are highly 
correlated. Then, quaternary air (QT-AQ) was especially designed to control NOx 
emissions and non-condensable gas (NCG-QT) coming from the process are incinerate 
into the furnace. 
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5. Conclusions 
 
This paper briefly traced the application of random forests to a pulp mill atmospheric 
pollutant. We talked only about the attributes selection scheme; these selected attributes 
can also be used for prediction with a neural network (e.g., a multilayer perceptron). 
Random Forests handle very large database and its internal variable importance measure 
is very helpful for understanding complex interactions between attributes and 
discovering latent patterns. This method is easy to use and quite fast, requiring only a 
little tuning on parameters. 
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