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ABSTRACT

The pulp and paper industry has significant potential to reduce its carbon footprint by optimizing
energy and water usage, contributing to global efforts toward net-zero emissions. A critical unit
operation in this industry is pulp washing using twin roll press washers, which enhance pulp quality.
The filtrate from this unit operation can be concentrated and combusted to generate a significant
amount of energy for the plant and nearby industries. However, these washers are prone to block-
ages that disrupt production and decrease energy efficiency. Despite their importance, models for
managing blockages in twin roll press washers are lacking. This study addresses this gap by de-
veloping empirical models to predict roll speed based on key process parameters. These models
performed well on a case study of un-sanitized data from a real pulp and paper plant, achieving
R? of the order of 0.7. The models can potentially be used by operators to ensure uninterrupted
production, and optimize resource usage, supporting the industry’s sustainability and decarboni-

zation goals.
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INTRODUCTION

Achieving net-zero emissions is essential for en-
ergy-intensive chemical and process industries to help
combat climate change and ensure environmental sus-
tainability. These industries — including mining, iron and
steel, aluminum, pulp and paper, chemicals, petrochemi-
cals, cement, and glass — account for approximately 20%
of the world’s CO2 emissions, totaling 6.2 Gt of CO:z in
2018 [1]. Amongst them, the pulp and paper industry has
the potential to reduce its carbon footprint by 30% via
reducing its overall energy and water consumption [2].

Pulp washing using twin roll press washers is a cru-
cial unit operation in pulp and paper plants [3]. Pulp
washing using twin roll press washers can be compared
to an industrial-scale filtration process, similar to squeez-
ing a wet sponge to remove impurities. In this process,
wet pulp is combined with hot wash water and passed
through the narrow gap (nip) formed by two rotating rolls
under high pressure. This action effectively extracts the
liquid filtrate, known as weak black liquor, while produc-
ing a drier pulp with improved consistency and reduced
https://doi.org/10.69997/sct.185260

levels of dissolved organic and inorganic solids. This ef-
ficient separation process enhances the overall quality
and processability of the pulp in paper manufacturing.
The weak black liquor, containing organic and inorganic
dissolved solids and a small amount of fiber, is concen-
trated and combusted for on-site power generation. If
the pulp washing process is optimized, the energy gen-
erated from the combustion can account for most of the
plant’'s onsite energy consumption and even power
neighboring industries. The weak black liquor recovera-
ble from twin-roll press washer is the fifth most signifi-
cant fuel globally [4], as 1.2 billion tonnes of concentrated
black liquor are processed in recovery boilers across the
world. This leads to the recovery of 14 million tonnes of
cooking chemicals, a decrease in waste, and the genera-
tion of 635 million tonnes of steam [5].

Twin roll press washers are prone to blockage is-
sues, which can decrease the plant’'s energy efficiency,
and disrupt operations and productivity. Blockages can
be acute and/or chronic. Acute blockage is caused by an
inappropriately high dewatering rate, typically due to
high roll pressure, high fiber content (pulp consistency),
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low pulp flow rate, and low and solid buildup (chronic).
Chronic blockage is typically due to the accumulation of
pulp fibers, contaminants, or debris within the machinery.
When blockages occur, the wash water flow rate is in-
creased in an effort to either rehydrate the pulp or wash
off the buildup solids. If this strategy is insufficient, pro-
duction is ceased, and the solid buildup is manually re-
moved. Disruptions of this process are disastrous, as in-
creasing the wash water flow rate to remove blockages
leads to a heavier energy load on the downstream weak
black liquor concentrators. Furthermore, pausing the pro-
cess to address the severe blockage issues leads to not
meeting the production demand and reduced power co-
generation.

Fault management studies in the pulp and paper in-
dustry have focused on the heat recovery network in
thermomechanical pulp process [6], particle formation in
recovery boilers [4], and the drying process [7]. Search-
ing “Twin Roll Press Washer” on Scopus yielded one rel-
evant study on its fatigue and failure structure analysis
[8], with no first-principles, data-driven machine learn-
ing, or hybrid models developed for blockage correla-
tions at all despite its importance. Therefore, this study
aims to develop the empirical, machine learning models
of the twin roll press washer’s roll speed as a function of
key process parameters. Successful prediction of roll
speed will potentially assist operators in pulp and paper
plants to adjust key process setpoints with more cer-
tainty. Such an outcome will help prevent blockages by
ensuring safe roll speeds, ensuring uninterrupted pro-
duction, and optimal water and energy usage.

DATA AND METHODS

Pulp washer plant data was obtained from an oper-
ating pulp and paper plant in New Zealand over a 12-
month period from the plant’s distributed control system.
The data was collected at a sampling frequency of 1 mi-
nute. Data during plant shutdown periods was manually
removed. No denoising algorithms were applied to the in-
dustrial data.

Simple linear regression was employed first to iden-
tify simple empirical models from the plant data. For
these simple empirical models, the first half year of the
data was used for model development, while the second
half year was used for validation. The first simple empiri-
cal model was a model that is only a function of varying
roll pressure (P) and pulp flow rate (Q), while all other pro-
cess parameters were kept “constant” (within 1% devia-
tion from their setpoints) by filtering the plant data. Since
controlled process parameters may deviate from their
setpoints, this first model is limited in its accuracy and
application. Hence, a second simple empirical model was
built which covered a wider range of operating condi-
tions: all ranges of Q and P and larger ranges (within 10%
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deviation from setpoints) of inlet pulp consistency (C)
and wash water flow rate (also quantified by dilution fac-
tor, DF).

A black-box machine learning model was then de-
veloped using a feedforward neural network with RelLU
activation function to capture complex dependencies
and non-linearities in the data better. The model was de-
fined using PyTorch v2.2.2. The model was designed with
three hidden layers and employed batch normalization
and dropout for regularization. The first hidden layer con-
sisted of 32 neurons, followed by 16 neurons in the sec-
ond hidden layer, and 4 neurons in the third hidden layer,
all equipped with batch normalization. The model was
trained using the Adam optimizer with a learning rate of
0.001 and the mean squared error loss function. The
above hyperparameters were chosen manually with trial-
and-error. A maximum of 100 epochs was allowed. Early
stopping was incorporated with a patience of 10 epochs,
halting training if the validation loss did not improve. Due
to the large numerical difference between variables of
different attributes (Q, P, C, DF), the dataset was first nor-
malized. Filtered data used to develop the second simple
empirical model was used to train, validate, and test the
neural network. 70% of the first half year of data was
used for training, the remaining 30% of which was used
for validation; all of the second half year of the data was
used for testing.

RESULTS AND DISCUSSION

Simple regression models

Pulp can be likened to a soaked sponge. As the
sponge becomes drier, the friction between it and any
surface it contacts increases. The dewatering rate of a
soaked sponge increases with higher applied pressure
and a lower feed rate. Similarly, in the case of pulp, its
dryness, and therefore friction, increases with higher roll
pressure and lower pulp feed rates, which in turn results
in a reduced roll speed. Assuming other process param-
eters remain constant, this relationship can be mathe-
matically expressed in Equation (1):

N=f(Q,P)=k%+b M

Where N is the twin roll press washer’s roll speed,
and k and b are the fitted parameters.

Hence, plotting N against % should reveal a straight

line, as is indeed is observed in Figure 1. The R? value of
the fitted trendline using data from the first half of the
year is 0.85, indicating a strong fit. Data from the second
half of the year also aligns closely with the trendline,
demonstrating that the model remains robust despite
seasonal variations and other uncontrollable factors,
such as feedstock quality, irregular machine mainte-
nance, and unquantifiable chronic solid buildup. This
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provides a solid foundation for developing more practical
empirical models that accommodate a broader range of
operating conditions.

v 0] First Half Year
Kz_zo(.)Gé; 0.40 Second Half Year
L ’ —— First Half Year Trendline
15
s
o
x
k>
b 10
o
wn
5
o
5,
oL ‘ ‘ ‘
5 10 15 20

flQ, P)

Figure 1. The simple first empirical model. Scatter plot of
twin roll press washer’s roll speed as a function of pulp
flow rate and roll pressure, with constant inlet pulp
consistency and dilution factor (1% deviation from
setpoints).

After introducing data with a 10% variability in the
inlet pulp consistency and dilution factor relative to their
setpoints, the performance of the initial empirical model
declined significantly, achieving an R? value of only 0.65
(Figure 2). This underscores the importance of develop-
ing a second empirical model that can maintain robust
performance despite such variability.
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Figure 2. The simple first empirical model. Scatter plot of
twin roll press washer’s roll speed as a function of pulp
flow rate and roll pressure, with varying inlet pulp
consistency and dilution factor (10% deviation from
setpoints).

The second empirical model builds on the first one,
and aimed to achieve a better goodness of fit by includ-
ing the inlet pulp consistency and dilution factor in the
Equation (2).

N=f(Q,P,C,DF)=k(§+m)+b (2)

. F
Where the correction factor, m = é 3f?.

Fitting a trendline between roll speed and %+m

yielded an R? value of 0.7 (Figure 3), which suggests that
introducing the correction factor was able to improve the
model’s accuracy. This model can be used to inform the

operator that when %+m is smaller than 15, roll speed
may be lower than 5 rpm, and the roll pressure setpoint
should be lowered to increase %+m and hence the roll
speed to prevent blockages.
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Figure 3. The improved second empirical model. Scatter
plot of twin roll press washer’s roll speed as a function of
pulp flow rate and roll pressure, with varying inlet pulp
consistency and dilution factor (10% deviation from
setpoints).

Feedforward neural network model

Given that the simple regression model achieved an
R? of only 0.7 when applied to a broader range of oper-
ating conditions, a feedforward neural network was in-
vestigated to potentially improve performance. The im-
provement observed after incorporating the nonlinear
correction factor m suggests that the effects of dilution
factor and inlet pulp consistency on roll speed are likely
nonlinear. Hence, a ReLU activation function was chosen
to better capture these relationships. The feedforward
neural network model yielded an R? of 0.62 (Figure 4).
The low performance can be attributed to the simplicity
of the feedforward neural network used in this study, as
well as systematic variations over the extended time
span between the training and test datasets. These vari-
ations include seasonal changes, which can significantly
affect the characteristics of wood chips — such as mois-
ture content, density, and composition — ultimately influ-
encing pulp washing performance.
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Figure 4. The feedforward neural network machine
learning model. Scatter plot of predicted vs actual twin
roll press washer’s roll speed in the test dataset.

CONCLUSIONS AND FUTURE WORK

In conclusion, this study successfully developed the
first empirical models to predict roll speed in twin roll
press washers based on key process parameters. The
simple regression models demonstrated strong fits, with
the second model being more applicable by incorporating
additional variables such as inlet pulp consistency and di-
lution factor, achieving an R? value of 0.70. The machine
learning model achieved an R? of 0.62, which may be able
to be improved by modifying the feedforward neural net-
work architecture and implementing physics-informed
neural networks. However, already, models such as these
have the potential to be used by operators to optimize
roll speed, prevent blockages, and ensure uninterrupted
production, ultimately supporting the pulp and paper in-
dustry’s goals of sustainability and decarbonization.

Future work could focus on enhancing model adapt-
ability and predictive accuracy by incorporating online
learning approaches to continuously update both empiri-
cal and machine learning models in response to seasonal
variations, machine maintenance, and feedstock quality
fluctuations. Additionally, a comparative analysis with al-
ternative modeling techniques such as physics-informed
neural networks could provide insights into trade-offs
between accuracy, interpretability, and generalization to
unseen operating conditions, particularly in roll speed
prediction for blockage prevention. Furthermore, a
techno-economic analysis could help quantify the trade-
offs between maximizing washing efficiency, preventing
blockages, and optimizing energy recovery, providing a
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holistic view of process improvements.
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