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ABSTRACT: Fouling is still a major challenge for the operation of kraft recovery boilers. This problem is caused 
by accumulation of ash deposits on the surfaces of heat exchangers in the upper part of the boiler over time. The 
first consequence is the reduction of steam production due to loss of heat transfer and, finally, the shutdown of the 
boiler due to clogging. 

The present work investigated the operational condition of a modern kraft boiler under a critical fouling condition. 
This boiler had even faced a manual cleaning due to a clogging event. This analysis combined process knowledge, 
plant team experience, and a data-driven approach, given the complexity of the process. In this sense, historical data 
covering this critical period of operation were collected. After a cleaning procedure, they were used to obtain a pre-
dictive neural network model for the flue gas pressure drop in the boiler bank, which is an indirect measure of ash 
deposit accumulation. Once validated, it was used for sensitivity analysis, with the aim of quantifying the effects of 
the model inputs. 

Five variables out of eighteen accounted for nearly 60% of the total effect on pressure drop. Namely, primary air 
temperature (21.6% of the total effect) and flow rate (11.1%), black liquor flow rate (9.9%) and temperature (8.4%), and 
white liquor sulfidity (8.6%). The analysis of these results mainly suggested an excess of carryover, which composes 
the ash deposits. Recommended actions to mitigate the fouling condition involved adjustments to the primary air 
system before the more drastic solution of reducing the boiler load.

	 Application: This article shows the synergy in combining process knowledge and data-driven insights to better 
understand complex phenomena such as the fouling problem in kraft recovery boilers. The resulting more targeted 
information helps reduce diagnostic and decision-making time, leading to more efficient operational actions.
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Fouling still represents a major operational challenge 
in kraft recovery boilers. This problem results from 
the accumulation of ash deposits on the surfaces of 

the heat exchangers in the upper section of the boiler over 
time. These deposits increase the resistance to heat transfer 
between the hot flue gas and fresh water, impacting the 
generation of high-pressure steam. In addition, they can 
also lead to unstable operation, reduced boiler load, tube 
surface corrosion, higher maintenance costs, and even clog-
ging of flue gas channels, which can result in unplanned 
boiler shutdown. The commonly adopted cleaning strategy 
for fouling control is the use of a sootblowing system, 
whose effect may be limited as the boiler campaign pro-
gresses. Even with an improved boiler design and air sys-
tem, modern kraft recovery boilers also face the problem 
of fouling, mainly in boiler banks [1].

The composition and properties of the ash deposits on 
the tube surfaces of kraft recovery boilers derive from sev-
eral mechanisms. Most of the ash is formed by small par-
ticles called fume. They originate from the reactions of 
vaporized alkali metals from the burning of the black liquor 
and from the reduction reactions in the char bed with main-

ly sulfur, chlorine, and carbon. The sodium and potassium 
release increases with increasing furnace temperature, 
which is a positive function of boiler load and air system 
temperature. Another mechanism is provided by the car-
ryover of relatively larger particles. They refer to the burned 
and unburned black liquor particles entrained by the fur-
nace gases. It is generally low in modern kraft recovery 
boilers, mainly due to the improved air system, but may 
increase depending on black liquor firing conditions and 
air system operation. There is also the carryover of char 
bed fragments, which increases with higher temperatures. 
Intermediate size particles, between fume and carryover 
particles, also originate from the black liquor and the char 
bed. The ash deposits can then be composed of fume, car-
ryover, and intermediate size particles. There are also sev-
eral mechanisms related to ash deposition on the heat 
transfer surfaces; namely, inertial and turbulent impaction 
for larger particles, thermophoresis for smaller particles, 
and condensation of alkali metal vapors. Flue gas compo-
nents can also react with existing ash deposits, and differ-
ent concentrations can affect flue gas mass transfer to sur-
faces. The deposits are subjected to the sintering process, 
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from which they become relatively hard. The rate at which 
this occurs increases with temperature, which can limit the 
effectiveness of the sootblowing system. The dynamics of 
fume and carryover formation and therefore the amount, 
composition, and behavior of the ash deposits depend on 
several operational factors such as pulping conditions, 
black liquor properties, and boiler furnace conditions. Re-
garding the latter, for example, the primary air level is re-
lated to controlling the sulfur reduction reactions that occur 
on the surface of the char bed and to maintain its shape, 
while the secondary air level is related to the liquor burn-
ing process. More information can be found in [1-3] and 
references therein.

The fouling phenomenon in kraft recovery boilers has 
been investigated for decades to understand its mecha-
nisms and develop predictive tools for it. It continues to be 
an active source of study, as evidenced by recent works. 
Pérez and Vakkilainen [4] compared turbulence models and 
two-dimensional (2D) and three-dimensional (3D) meshes 
for unsteady CFD ash deposition models. The authors re-
ported that the three-dimensional approach may be re-
quired for better accuracy when dealing with fine particle 
deposition. Pérez, Vakkilainen, and Hyppänen [5] present-
ed a CFD particle rebound-stick model to predict ash de-
position in a boiler bank. Particles of different sizes were 
analyzed, and the authors found that they had a different 
arrival rate, sticking efficiency, deposition rate, and deposi-
tion distribution. In another work [6], the same authors used 
a CFD model with a stick-rebound mechanistic approach 
and dynamic meshes to predict the growth of ash deposits 
in a boiler bank. The authors analyzed two particle diam-
eters. They reported that the smaller one showed round, 
uniform deposits, while the larger one showed more ir-
regular distribution with some high local peaks. The same 
authors [7] also proposed a CFD model with dynamic mesh 
to predict the shape of the deposits. Different tube arrange-
ments of a boiler bank were analyzed. They observed that 
larger transversal spacings appear to have less effect on 
deposition and therefore heat transfer. Jukola, Kyttälä, and 
McKeough [8] used a CFD model to predict sodium release 
during black liquor burning. The authors reported more 
realistic results regarding the spatial distribution of the so-
dium release in the furnace, which is necessary for a better 
understanding of fume formation and its consequences. 
Leppänen et al. [9] presented a CFD model for the forma-
tion of fine fume particles and their deposition in kraft re-
covery boilers. The authors pointed out its accuracy with 
real measurements, mainly for particle composition. Lep-
pänen et al. [10] showed a CFD model to simulate alkali 
metal chemistry and fume particle formation in a kraft 
boiler. The results were partially validated with field mea-
surements. The authors reported that it provides informa-
tion on fume composition, chlorine, and potassium enrich-
ment factors, as well as particle mass concentration at 
different locations in the boiler.

Fouling is a very complex phenomenon involving ther-
modynamics, fluid mechanics, and particle sticking and 
rebound mechanisms, to name a few. For example, compu-
tational fluid dynamics (CFD) modeling for ash deposition 
generally adopts a 2D geometry; however, in some cases, 
a 3D approach may be required [4]. Furthermore, param-
eters such as ash particle arrival rate, sticking efficiency, 
and deposition rate are not directly available [6]. Also, vari-
ability in raw material and chemical components affects 
fouling formation and behavior in biomass boilers. For kraft 
boilers, these characteristics are related to wood species, 
pulping conditions, black liquor properties, and firing con-
ditions, and more specifically, to sulfur, potassium, and 
chlorine contents in the liquor [1-3]. This complexity makes 
it difficult to use a purely mathematical description for foul-
ing control applications, which has also led to the use of 
the data-based approach. For example, Versteeg and Tran 
[11] applied principal component analysis (PCA) for fouling 
monitoring. Operational data from three kraft boilers were 
used. PCA was used to identify key operational variables 
that contributed to fouling and plugging. The authors re-
ported that this multivariate statistical technique can be 
used to visualize changes in boiler fouling conditions over 
short and long periods. Almeida and Park [12] used the hid-
den Markov model (HMM) approach to monitor the accu-
mulation of ash deposits in a heat transfer section of a kraft 
boiler. The data refer to the pressure drop of the flue gas 
along the series of heat exchangers up to the electrostatic 
precipitator. The authors reported that this signal process-
ing technique was able to provide the current state of the 
boiler in relation to the fouling condition. The accumulation 
of ash deposits is a function of boiler design and operation, 
which means it varies from boiler to boiler. In this sense, 
data-driven modeling can help describe fouling behavior, 
as it captures information directly from operational data.

The present work investigates the operational condition 
of a real kraft recovery boiler in an advanced fouling sce-
nario. A manual cleaning has already been carried out on 
this boiler due to a clogging event. The focus is on the boil-
er bank, which is most critical for fouling in modern kraft 
boilers [1]. The ash deposits in this case are a mixture of 
fume and carryover particles. The study combined the pro-
cess- and data-driven approaches. This type of hybrid anal-
ysis is becoming increasingly mandatory in complex sys-
tems, such as the case in question. On the one hand, partial 
knowledge of the process can limit obtaining pure mathe-
matical models, and on the other hand, large amounts of 
available data can help generate practical insights into pro-
cess conditions. Such a combination results in relatively ac-
curate models without completely losing explainability, as 
in the case of pure black-box modeling. There is a multitude 
of techniques based on data from the areas of multivariate 
statistics and artificial intelligence. None of them are the 
one-size-fits-all solution to all kinds of problems. Given the 
ability of nonlinear input-output mapping and robustness 
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to noisy data, as is the case of industrial measurements, the 
neural network modeling was adopted in this work. This 
artificial intelligence technique has proven to deal satisfac-
torily with process data over the past two decades. After 
identifying a characteristic model of the current condition 
of the boiler, a sensitivity analysis was performed. This type 
of study is useful for pointing out the model inputs with the 
greatest influence on a response of interest [13]. This is done 
by quantifying the effect of each of them. Such an analysis 
can contribute to the diagnosis of the problem by suggest-
ing more targeted actions. The model output in this work 
was the flue gas pressure drop across the boiler bank, which 
is commonly used as an indirect measure of ash deposit ac-
cumulation [1]. The results obtained were compared with 
the classical linear regression analysis.

Sensitivity analysis is usually performed based on a 
characteristic model of normal operating conditions. The 
model of this work is related to the boiler fouling condition, 
and thus this study provided the variables most correlated 
with this critical situation. On the one hand, this result can 
be used to verify whether the selected subset of variables 
is as expected, as this analysis can also generate new in-
sights into the condition of the process. On the other hand, 
the possibility of quantifying the effects of such variables 
is useful to obtain the strength of the correlations. All this 
information together can help the plant team diagnose the 
boiler fouling condition.

METHODOLOGY
Figure 1 depicts the methodology adopted in this work. 
Each step is described below.

Data preprocessing
This initial step is essential to become familiar with the data 
collected at the mill. It concerns the identification of pat-
terns, trends, discrepancies, and operational dynamics. This 
is usually done visually using plots. As more than a hundred 
variables were provided by the mill in this work, it was nec-

essary to select a subset of them. This task was based on 
prior visual analysis and knowledge of the process, consid-
ering the fouling phenomenon and the pressure drop of the 
flue gas in the boiler bank as the response variable. Next, 
data cleaning was performed to remove missing values, er-
roneous registers, and anomalous data. Instead of the sam-
ple mean (x–) and standard deviation (s), the Hampel filter 
[14] with median (x) and median absolute deviation (MAD) 
statistics was adopted to remove anomalous data. These 
statistics are less sensitive to extreme and non-normal data, 
reducing the chance of misclassifying outliers. This filter is 
applied to each variable separately. In the end, all samples 
with at least one variable value identified as an outlier were 
disregarded. The working data set, generated as a result of 
all the previous tasks, was used as input information for the 
identification of the neural network model.

Neural network model identification  
and validation

The objective in this step is to obtain a predictive model 
for the flue gas pressure drop across the boiler bank of the 
kraft boiler. The choice for using neural networks (NN) is 
due to their nonlinear input-output mapping capability and 
robustness to noisy data, inherent to process measurements 
[15]. The commonly used multi-layer perceptron (MLP) ar-
chitecture was adopted, with a single hidden layer using 
the hyperbolic tangent and the output layer using the iden-
tity function. The flow of information in this case is as fol-
lows. Briefly, the values of the input variables are initially 
weighted and combined before being fed to the elemen-
tary processing units that make up the hidden layer. These 
units are responsible for the nonlinear mapping. After a 
second weighting and combination process, the output 
layer provides the final estimate for the response variable; 
in this case, the pressure drop of the flue gas.

The previously obtained working data set was random-
ly divided into two subsets. Namely, a training subset, con-
taining 75% of the samples, used to parameterize the model, 

1. Methodology steps.
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and a test subset, with the remaining samples, used to 
verify its generalization capacity in relation to the process 
knowledge acquired during its training. The training phase 
is carried out in a supervised manner; that is, the values of 
the response variable are available. This process is itera-
tively performed until the error between model estimates 
and target values is satisfactory. The target values in this 
case refer to the flue gas pressure drop in the boiler bank. 
One issue to be defined is the number of elementary units 
in the hidden layer. This is usually done empirically through 
a 10-fold cross-validation procedure. The idea is to mini-
mize the overfitting problem that can occur when the 
model loses its ability to generalize due to overtraining. 
This procedure provides average correlation coefficients as 
a function of the number of hidden units, which was varied 
from 1 to 30 in this work. This coefficient measures the 
degree of association between mill values and model esti-
mates for the response variable. The closer to one, the bet-
ter. The selected model is the one with the number of hid-
den units that presents the highest average value. This 
model is then re-identified using all samples from the train-
ing subset, which is useful due to the larger amount of data 
for parameterization. The generalization ability of this re-
sulting model is evaluated using the test subset. This veri-

fication is usually based on residual analysis, where the 
residual is the difference between mill values and model 
estimates for the response variable. The results obtained 
were compared with classical linear regression analysis [16]. 
A reliable model is essential for a sensitivity analysis study.

Sensitivity analysis study
This step used the previous model to find the input vari-
ables with the greatest effect on the flue gas pressure drop 
in the boiler bank. A common sensitivity analysis proce-
dure [13] in MLP neural networks is based on their connec-
tion weights [17], where the knowledge extracted from the 
data is stored during training. Another, adopted in the pres-
ent work, directly perturbs the input signals, one at a time, 
and observes the respective changes in the model response 
to calculate the mean squared error (MSE) [18]. This result 
is then compared with a reference MSE value obtained from 
the perturbation-free outputs.

RESULTS AND DISCUSSION
Data preprocessing

The historical data provided by the pulp mill comprised 
approximately sixteen months of operation, from June 1, 
2017, to October 10, 2018. They refer to the critical period 

Disturbed Variable (i) MSEi Deva,b

White liquor sulfidity, % 1.04e-02 8.6%

Black liquor dry solids, % 5.86e-03 3.6%

Black liquor flow rate, L/s 1.16e-02 9.9%

Black liquor temperature, °C 1.02e-02 8.4%

Black liquor pressure (average), kPa 3.42e-03 0.9%

Primary air flow rate, Nm3/s 1.27e-02 11.1%

Primary air temperature, °C 2.22e-02 21.6%

Primary air pressure (average), kPa 3.84e-03 1.4%

Secondary air flow rate, Nm3/s 7.64e-03 5.6%

Secondary air temperature, °C 6.03e-03 3.8%

Secondary air pressure (average), kPa 2.87e-03 0.3%

DNCG secondary air flow rate, Nm3/s 7.68e-03 5.6%

DNCG secondary air temperature, °C 8.03e-03 6.0%

DNCG secondary air pressure (average), kPa 3.64e-03 1.2%

Tertiary air flow rate, Nm3/s 6.04e-03 3.8%

Tertiary air temperature, °C 9.00e-03 7.1%

Temperature at secondary air level (average), °C 2.96e-03 0.4%

Tertiary air pressure (average), kPa 3.31e-03 0.8%

MSE = mean squared error; DNCG = diluted noncondensable gases.
a Perturbation-free model: MSE reference value (MSERef) = 2.59·10-3 (kPa)2

b Dev(%)=[(MSEi – MSERef ) ⁄ ∑i=1
18 (MSEi – MSERef)]∙100

I. Sensitivity analysis results, given the neural network (NN) model.
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of fouling in the boiler. Sampling was carried out using 
hourly averages, totaling 11,905 records per variable. A con-
siderably high number of 123 variables was available, 
which most of the time is not suitable for data-driven ap-
plications and particularly for sensitivity analysis studies.

To reduce the dimensionality of the problem, a selection 
of variables based on process knowledge was carried out 
together with the plant team. An initial analysis showed six 
groups of variables, namely, black liquor, air system, flue 
gas outlets, feed water, generated steam, and ash composi-
tion. We chose to work with the variables belonging to the 
black liquor and air system groups as model input. The 
reason is that they are closely related to the causes of the 
fouling phenomenon in kraft recovery boilers [1-3]. Both 
groups refer to the lower furnace, where a stable operating 
condition is essential to mitigate fouling in the upper part 
of the boiler. The resulting subset of 18 variables used as 
model inputs is shown in Table I (first column). It is known 
that black liquor sulfidity is influenced by the operating 
conditions of pulping and washing. However, only the 
white liquor sulfidity was available online and was there-
fore adopted as input to the model. It is also known that 
black liquor chemistry affects fouling behavior. For in-
stance, high levels of chlorine and potassium can lower the 
ash melting temperature, increasing fouling [2]. However, 
that kind of information was not available with reasonable 
frequency. Starting from the idea of describing the general 
behavior of the boiler, average values were considered in 
the case of multiple measurements of the same variable. An 
example is given by the pressure of the black liquor mea-
sured on the boiler walls. Regarding data cleaning, 613 
samples with missing values or erroneous registers and 
3,490 samples identified as outliers by the Hampel filter 
were disregarded. The resulting working data set used as 
input to the model consisted of 7,802 samples.

Neural network model identification  
and validation

The objective was to obtain a predictive neural network 
(NN) model relating the eighteen input variables that were 
associated with the black liquor and air system to the flue 
gas pressure drop in the boiler bank of the kraft boiler. The 
training and test subsets comprised 5,850 (75% of 7,802) 
and 1,952 (25%) samples, respectively. Figure 2 shows the 
result of the 10-fold cross-validation procedure using the 
training data, with the average correlation coefficients (r–) 
as a function of the number of hidden elements. Vertical 
bars correspond to ±1 standard deviation. It can be seen 
that r– increases, as desired, until it stabilizes from approx-
imately fifteen hidden units. Based on the principle of par-
simony, the simplest satisfactory model should be chosen. 
In this sense, the NN model with sixteen hidden elements 
was selected, whose r– is equal to 0.8384. This model was 
then re-identified using all the training data. Figure 3 
shows the result when using it with the test data. The par-
ity relation in Fig. 3a compares the model outputs (ŷ ; on 
the y-axis) with the mill-collected values (y; on the x-axis) 
for the flue gas pressure drop across the boiler bank. The 
correlation coefficient between them is considerably high, 
equal to 0.853. In Fig. 3b, the histogram of the residuals (y-
ŷ ) shows an approximately normal distribution, with a 
mean value close to zero, as desired. A slight underestima-
tion (y>ŷ) can be observed in this plot (residuals around 
0.2 kPa) for very extreme values of flue gas pressure drop 
(above approximately 0.9 kPa, as can be seen in Fig. 3a), 
probably due to the relatively small amount of data on this 
boiler condition. Thus, the flue gas pressure drop in the 
boiler bank was satisfactorily described by the neural net-
work model using sixteen hidden units. These results were 
compared to the classic multiple linear regression (MLR) 
model. Figure 4 shows a significantly lower correlation 

2. Cross validation results: average correlation coefficient (r-) as a function of the number of hidden units in the neural network model.
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coefficient of 0.567 (in Fig. 4a) and a considerable right-
skewed distribution for the residuals, characterizing under-
estimation (in Fig. 4b). These larger residuals correspond 
to the mill values of the flue gas pressure drop above ap-
proximately 0.7 kPa, being more severe from approximate-
ly 0.9 kPa (as can be seen in Fig. 4a). Overestimation (y<ŷ) 
can also be observed, with the peak of the residual distri-
bution to the left of the desired zero value (more precisely, 
between -0.1 and zero). These negative residual values ex-
tend over the usual range of flue gas pressure drops be-
tween 0.5 and 0.7 kPa (as can be seen in Fig. 4a by the 
skewed distribution of points along the reference line). 

Table II presents a quantitative comparison between the 
two models. This analysis corroborates the use of a nonlin-
ear modeling provided by neural networks in this work, 
given the complexity of the fouling phenomena.

Sensitivity analysis study
A predictive model can be used for many purposes. In the 
present work, a sensitivity analysis study was carried out. 
Our idea was to find the input variables with the greatest 
effect on the flue gas pressure drop in the boiler bank, 
given the boiler fouling condition, quantifying such effects. 
When applied to the original training data, the previous NN 

3. Neural network model results over the test data set: (a) parity relation between plant values (y) and model estimates ( ŷ), and (b) 
residuals (y-ŷ) distribution.

4. Multiple linear regression model results over the test data set: (a) parity relation between plant values (y) and model estimates (ŷ), 
and (b) residuals (y-ŷ) distribution.
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model resulted in a coefficient of determination (R2
Ref) of 

0.769 and a mean squared error (MSERef) of 2.59·10-3 (kPa)2. 
These values served as a reference (Ref), as they were ob-
tained in a perturbation-free condition. Table I (second and 
third columns) shows the results when perturbing each 
model input variable, as previously described. For example, 
given the perturbation in white liquor sulfidity, MSE = 
1.04·10-2 (kPa)2 and its relative effect on flue gas pressure 
drop in the boiler bank is equal to 8.6%. The formula used 
for this calculation is shown at the bottom of Table I. The 
greatest effects are associated with primary air and black 
liquor (highlighted in italics). Namely, primary air temper-
ature (21.6%) and flow rate (11.1%); black liquor flow rate 
(9.9%) and temperature (8.4%); and white liquor sulfidity 
(8.6%). These five variables, out of the eighteen model in-
puts initially selected, account for almost 60% of the total 
effect on flue gas pressure drop, given the fouling condition 
of the boiler.

First, it can be noted that the variables most correlated 
with the pressure drop of the flue gas in the boiler bank 
are related to the fouling problem; this subset corroborates 
the critical condition of the boiler. These correlations might 
not be as significant; for example, in the case of a local 
problem with the passage of the flue gas due to a malfunc-
tion of the sootblowing system. This qualitative analysis 
based on available knowledge about the process also serves 
to validate the results. However, it is important to bear in 
mind that this type of analysis can lead to new insights, 
which can contribute to improving the knowledge about 
the process. Furthermore, the quantitative result provided 
by the sensitivity analysis is also useful as a clue in diag-
nosing the problem. The influence of each variable on boil-
er fouling is described separately below. However, given 
the interaction between them, it is also important to keep 
in mind that the cause of a fouling problem should con-
sider the overall operating scenario.

The primary air level plays a key role in the dynamics 
of fume and carryover formation. For example, high air 
temperatures increase the volatilization of alkali metals and 

other species, and large air flows increase carryover [1,2]. 
This relationship is decisive for the amount and composi-
tion of the ash deposits, and consequently, their behavior. 
Thus, primary air flow rate and temperature are critical 
for fouling control, which may explain their relatively larg-
er effects, mainly for temperature (21.6%). Together, both 
parameters accounted for 32.7% (21.6%+11.1%) of the total 
effect on the flue gas pressure drop in the boiler bank.

It is known that the lower furnace temperature is close-
ly related to the characteristics of the ash deposits. One way 
to estimate this temperature is by the level of carbonate 
(CO3) in the ash. Figure 5a shows the positive correlation 
between measurements of carbonate content, collected in 
dust samples from the electrostatic precipitator (ESP) in 
several kraft boilers, with the load of dry solids. It is also 
known that the high content of dry solids increases the 
lower furnace temperature. Thus, the higher the carbonate 
content in the ashes, the higher the lower furnace temper-
ature. This is explained by the excess sodium released at 
higher temperatures that forms carbonate in the ashes. 
Higher lower furnace temperatures, which depend consid-
erably on the flow rate and temperature of the black liquor, 
favor the formation of fume and carryover. Fume particles 
in the flue gas increase due to increased vaporization of 
sodium compounds from the char bed and the release of 
sodium from the liquor pyrolysis. For the second, higher 
liquor burning load and boiler furnace temperature favor 
particle carryover, especially in the case of relatively small-
er liquor droplets. Higher air flows aggravate both situa-
tions by increasing the velocity of the flue gases in the 
lower furnace. Higher concentrations of carbonate can also 
contribute to lowering the ash melting temperature. More 
information related to carbonate can be found in [1-3]. The 
flow rate and temperature of the black liquor were respon-
sible for 18.3% (9.9%+8.4%) of the total effect on the flue 
gas pressure drop in the boiler bank. Figure 5b shows the 
result of laboratory analyses of the CO3 content in dust 
samples collected in the electrostatic precipitator of the 
boiler under analysis in this work. Done three times a day 

Statistic MLR Model
NN Model  

(16 hidden units)

Pearson correlation coefficient (r) 0.567 0.853

Mean of the error, kPa -3.17e-03 -0.427e-03

Standard deviation of the error, kPa 0.0839 0.0533

Maximum error (in absolute), kPa 0.393 0.300

Minimum error (in absolute), kPa 1.65e-05 1.91e-05

Mean absolute error (MAE), kPa 0.0629 0.0396

II. Comparison between the neural network (NN) model and the multiple linear regression (MLR) model regarding the prediction of 
flue gas pressure drop along the boiler bank using the test data set.
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on average, it corresponds to the fouling condition period. 
A considerable number of CO3 content values between 10% 
and 15% are observed, with extreme values around 20%. 
The average value is equal to 10.7%. Given that the usual 
range is 4.5%±3% (based on pulp mill data), this analysis 
suggests a considerably high boiler temperature. This result 
is in agreement with that obtained through the sensitivity 
analysis in relation to the flow rate and temperature of the 
black liquor. The combination of process and data-driven 
analysis is very beneficial given the overall complexity of 
industrial operations.

The effect of the sulfidity in the white liquor (8.6%) on 

flue gas pressure drop should be analyzed carefully. Its re-
lationship with the sulfidity of the black liquor is not 
straightforward and depends on the operating conditions 
of pulping, washing, and evaporation of the mill [19-21]. It 
is known that higher levels of sulfur in the boiler can in-
crease the formation of ash deposits due, for example, to a 
considerable decrease in the ash melting temperature [1,22]. 
The range of the sulfidity of the white liquor in the hard-
wood-based mill of the present case study was between 
27.5% and 36% (based on pulp mill data) during the fouling 
condition period.

These results showed a significantly greater effect of the 

5. Carbonate (CO3) content in ash deposits in the electrostatic precipitator (ESP): (a) as a function of dry solids for 21 different kraft 
recovery boilers [1], and (b) in the kraft recovery boiler of the present study for several dust samples (source: pulp mill data).
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primary air temperature and considerable effects of the 
black liquor flow rate and temperature. Furthermore, labo-
ratory analysis showed substantial carbonate content in the 
ash. This scenario indicates a relatively much higher tem-
perature in the lower furnace of the boiler, which favors 
the formation of fume and carryover. Considering the op-
eration of the boiler at high load, as desired, one recom-
mendation concerns the reduction of the primary air tem-
perature. The effect of the primary airflow was also 
significant, suggesting excess carryover. In this sense, an-
other recommendation refers to checking the pressure and 
velocity of the primary air level along the boiler walls. 
These recommendations contribute to decreasing the flow 
rate and temperature of the furnace gases, which, in turn, 
decreases the carryover rate. The resulting lower tempera-
ture and pressure for the flue gas contribute to attenuating 
the formation and strength of the ash deposits. Naturally, 
the effect of any change must be carefully considered be-
fore taking any action. For example, airflow adjustments 
depend on boiler load. Other possible actions that may take 
longer to implement refer to changes in the properties of 
the black liquor and in the sootblowing system. An example 
of the former might be the reduction of sulfidity, upon fur-
ther analysis. For the second, it may refer to a more efficient 
local sootblowing strategy, focusing on more critical re-
gions of the boiler bank. Combined actions can lead to 
greater effects in practice. A drastic action with greater eco-
nomic impact, often taken in severe fouling conditions, 
concerns the reduction of boiler load. In this sense, a sen-
sitivity analysis study can point out possible intermediate 
actions that contribute to prolonging the functioning of the 
boiler throughout its campaign.

CONCLUSIONS
The boiler in the present work was facing a critical fouling 
condition. Fouling negatively affects steam production, 
tube surface corrosion, maintenance costs, and even un-
planned boiler shutdown. This was the case with this boil-
er, where manual cleaning was carried out due to a clog-
ging event. Modern kraft recovery boilers can still have this 
problem, particularly on the boiler bank.

This work aimed to better understand the current oper-
ating condition of the boiler. Given the complexity of the 
fouling phenomenon, a data-based approach was used. For 
this, the pulp mill provided data on the functioning of the 
boiler during this period. After identifying and validating 
a predictive neural network model for the flue gas pressure 
drop across the boiler bank, a sensitivity analysis study was 
carried out. The objective was to find the variables with the 
greatest effect on the pressure drop given the fouling sce-
nario. This quantitative analysis pointed to a subset of 5 of 
the 18 variables initially selected by the plant team. Name-
ly, primary air temperature and flow rate, black liquor flow 
rate and temperature, and white liquor sulfidity. Analysis 
of this result, along with laboratory analyses that showed 

high levels of carbonate in the boiler’s ESP dust, indicated 
a very high temperature in its lower furnace, with possible 
excess carryover. The recommended actions were towards 
adjustments, mainly in the primary air parameters, before 
proceeding with the more drastic action of reducing the 
boiler load.

Better understanding of the complex relationships be-
tween boiler operating variables and the fouling problem 
is beneficial for taking more targeted actions. Sensitivity 
analysis can reduce the time spent on diagnosis and deci-
sion making, contributing to more efficient operational ac-
tions. An important issue concerns the primary selection 
of variables to be used as model inputs. In this sense, other 
variables with an impact on the fouling problem can be 
considered; for example, the sulfidity and the levels of so-
dium, chlorine, and potassium in the black liquor. The 
combination of process knowledge, plant team experience, 
and data-driven insights can lead to a better understanding 
of the fouling problem in kraft recovery boilers. TJ
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In this work, we start from an already known critical 
challenge of fouling in a kraft boiler. The objective 
was to find the operational variables in the boiler 
with the greatest effect on this fouling condition.

Given the complexity of kraft boiler operation and 
the fouling phenomenon, a data analysis approach 
based on neural networks was adopted in this study. 
The obtained and validated model was used in a 
sensitivity analysis study. Given the non-explicit na-
ture of neural networks, the process knowledge and 
experience of the plant team were critical in analyz-
ing the results.

The most difficult aspect of this study was prepa-
ration of a working dataset from raw mill data, which 
was done through data preprocessing. It was partic-
ularly interesting to discover the possibility of isolat-
ing the most influential process variables in the foul-
ing problem.

The synergy between process knowledge, plant 
time experience, and data-driven insights should be 
encouraged in pulp mills with the aim of increasing 
operations knowledge and reducing decision-mak-
ing time, especially in the current era of high avail-
ability of data and digital transformation. The next 
step in this research would be to investigate causal 
inference (i.e., in addition to correlation between 
variables).
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