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Modeling a scrubber using
feed-forward neural networks

NENAD MILOSAVLJEVIC AND PERTTI HEIKKILA

AS—LIQUID FLOWS ARE FOUND

in a diverse range of

process industries, espe-

cially in the paper indus-
try. Paper machines require a large
quantity of hot, dry air for the drying
process. This air is used for the
machine hood ventilation (in con-
ventional paper machines) or
directly for paper drying (in aYankee
dryer hood). After the drying
process, the mixture of hot air and
evaporated water, which has a spe-
cific enthalpy several times greater
than the air delivered to the drying
hood, is conducted through the sys-
tem of heat exchangers (Fig. 1)
called recuperators.

The last stage of the system of
the heat exchangers usually repre-
sents a scrubber. In a counterflow
scrubber, the cold process water is
sprayed into a humid exhaust air
stream flowing upward. Due to heat
and mass transfer, the humid exhaust
air temperature is reduced while the
temperature of the process water is
increased. Using a scrubber as a part
of the heat recovery process in the
paper industry, up to 40% of the
waste energy can be utilized (7, 2),
and at the same time, emissions of
heat and humidity into the atmos-
phere can be significantly reduced.

In their work, Milosavljevic et al.
(2) presented a physical model for
the scrubber process. Experimental
results in their work agree well with
the numerical simulation based on a
simplified one-dimensional physical
model. By combining simple rela-
tionships to predict the droplet size

and the one-dimensional model, they
offer a promising approach for
designing a scrubber for heat recov-
ery from paper machines. Due to the
complexity of the subject, they have
used a number of simplifying hypothe-
ses. However, further study and
improvements are needed.A physical
process simulation generally requires
the solution of a governing differen-
tial equation for a number of differ-
ent initial and/or boundary condi-
tions. Milosavljevic et al. (2) used a
set of nonlinear equations, numeri-
cally solved using the Runge-Kutta
method, knowing the initial condi-
tions and relations needed to esti-
mate the mass and heat transfer
coefficient.

In this work, an attempt is made
to simulate a physical process using
an artificial neural network. The
neural networks are useful when the
physical phenomena of the process
are completely unknown or are too
complex for solving with a physical
model. When using a neural network,
no physical laws are employed. One
only needs enough experimental
results to make a model using this
nonclassical method.

The idea is to use a neural net-
work to predict the outlet tempera-
ture of the process water after the
scrubber. Based on this information,
it is possible to determine other para-
meters needed to design the scrub-
ber for heat recovery from paper
machines. The results of neural net-
work simulations were compared
with those obtained by the physical
model by Milosavljevic et al. (2).

pﬂysica’ models combined with the

higher accuracies offered by empirical
techniques such as neural networks.

Most systems in paper drying are
quite nonlinear and are often too
complicated to be accurately
described with physical models.
Neural networks are powerful tools
that can solve a variety of nonlinear
modeling problems. Using an exam-
ple of a scrubber, this paper illus-
trates the versatility of this technique.
Neural networks were used to predict
the optimum operational conditions in
designing a scrubber for heat recov-
ery from paper machines. In this
study, feed-forward neural networks
are applied to estimate the outlet
water temperature of the scrubber
process. The networks are trained
with data obtained from experiments
carried out on two pilot scrubbers.
The accuracy of the neural network
model is significantly higher than that
of the physical model.

Application:

The neural network is very useful
when the physical phenomena of the
process are unknown or too complex
to be solved with a physical model.

ARTIFICIAL NEURAL NETWORK
MODELS FOR THE DESIGN
OF A SCRUBBER
In this study, the feed-forward neural
network, whose architecture is shown
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PROCESS SIMULATION
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in Fig. 2, is used to predict the outlet
process water temperature from the
scrubber process. The neural net-
works consisted of seven input neu-
rons in the input layer and one out-
put neuron in the output layer. The
neural networks have only one hid-
den layer.

The inputs were mass flow rate
of the supply air (x)), temperature of
the supply air (x), inlet humidity of
the supply air (x,), mass flow rate of
the water ), inlet water tempera-
ture (x), height of the scrubber (x,),
and water pressure in the nozzle
(x.); the output was the outlet water
tefnperature from the scrubber. The
data sets consisted of 259 vectors
based on the data obtained from the
experimental measurements on two
pilot scrubbers carried out in Valmet
Pansio, Air Systems, Turku (pilot
scrubber no. 1) and the Technical
Research Centre of Finland (VIT
Energy),Jyviskyli (pilot scrubber no.
2). The network design comprises
two layers, one of nonlinear process-
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ing units followed by an output layer
of linear processing units, with
adjustable connection strengths
(weights) between them.

An input vector, x,=(x,, X5 -
X\, I8 applied to the input layer of
the network (3, 4). The input units
distribute the values to the hidden-
layer units. Here, different vectors
are labeled by the subscript p. The
net input to the jth hidden unit is as
follows:

wh X

ah = 'y +ph
] Jop ]

1)

where WTI is the weight on the con-
nection from the 7th input unit to
the jth hidden unit, and b is the bias
term of the hidden layer.The bias is a
weighted unit input to each neuron,
thus adding a constant term to the
net input of the node. The super-
script b refers to quantities on the
hidden layer.

Assuming that the activation of
this neuron is equal to the net input,
then the output of this neuron is as

follows:

g, =tanf@) @

The feed-forward neural network
was trained with a hyperbolic tan-
gent sigmoid transfer function. The
tanh-sigmoid function is a fully dif-
ferentiable function that allows neu-
rons to be trained with back propa-
gation.

If the output layer has a linear
(identity) activation function, as
should be the case for function
approximation tasks, the output of
the network would be given by the
following equation:

Ok = szij Xy 05 (3)
where W‘;j is the weight on the con-
nection from jth hidden layer to kth
output layer, b} represents bias terms
of the output layer, and the super-
script o refers to the quantities of
the output layer.



The weight parameters in these
equations are found so that they are
variables in a numerical method.This
numerical method finds values for
the weight parameters that produce
the best fit of the output of the net-
work to the experimental data.

Neural networks are often trained
by the back-propagation method.
However, when the training task is
considered from an engineering and
practical point of view, this task
becomes an optimization problem,
with the objective of minimizing pre-
diction errors. Thus, it may be con-
sidered to be a least-squares regres-
sion problem. To solve such opti-
mization problems, there are zeroth-
order methods, such as Hooke and
Jeeves’ method, first-order methods
such as the steepest-descent method,
second-order methods such as New-
ton’s method, higher-order methods,
and a stochastic method such as sim-
ulated annealing. Back propagation is
an approximation of the steepest-
descent method, and therefore even
the steepest descent can be
expected to work faster in most cir-
cumstances (5).

The Levenberg-Marquardt method
(6, 7) is used to learn appropriate
weights and biases associated with
each interconnection. This method
uses an interpolation between the
approaches based on the maximum
neighborhood (a “trust region”) in
which the truncated Taylor series
gives an adequate representation of
the nonlinear model.

The limitation of this technique is
its large memory requirement com-
pared with first-order techniques.
The neural networks were trained by
the Levenberg-Marquardt software of
the MATLAB Neural Network Tool-
box 2.0.

We have adopted the root-mean-
squared (rms) normalized error to
evaluate discrepancies between pre-
dicted and measured values:
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2, Schematic of the three-layer, feed-forward neural network

rms = .\/i S (A0 (4)
PK

where d, is the predicted outlet
water temperature and o e 1S the
experimental outlet water tempera-
ture from the neural network. The
subscript p refers to the pth training
vector, and the subscript & refers to
the kth output unit. In our case, only
one outlet unit was presented: K=1
(outlet water temperature from the
scrubber), so Eq. 4 can be reduced to
the form:

fms :\/ 5w Tw, 2 O

P

max

In Eq. 5, the sum-squared error is

represented by:

Prax

SSE :; (Tw,~Tw, )?  (6)
where
P . =Mmaximum number of experiments

Tw_ = outlet temperature from the
scrubber predicted byn

= measured outlet temperature
from the scrubber.

Tw

exp

RESULTS AND DISCUSSION
In this work, neural network models
used to simulate the outlet water
temperature from the scrubber
process were tested. For the neural
network training, the data set con-
sists of the results obtained from the
experimental measurement, which
has been carried out on the two pilot
scrubbers. Note that the neural net-
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PROCESS SIMULATION

Process Pilot Pilot

parameter scrubber no. | scrubber no. 2

Mass flow rate of 1.0-3.15 0.55-2.15
inlet air, kg/m?/s

Temperature of 51-62 99.3-203.6
inlet air, °C

Humidity of 0.013-0.139 0.138-0.409
inlet air kg/kg

Mass flow rate 1.0-3.15 1.053—4.22
of water, kg/m?/s

Temperature 2.2-375 5-40

of water, °C

Height of 1.3-5.3 3-5
column, m

Nozzle pressure, kPa  100-300 200-300

I. Ranges of process parameters for pilot scrubbers no. | and 2

work can be used as a predictive tool only over the range
of process variables used in training the network. Inter-
polation within the ranges covered by the training set
produces acceptable results, whereas extrapolation is
not possible. The ranges of parameters trained with
neural network models in this study are given in Table I.

The measurements on the pilot scrubber no. 1 cov-
ered the ranges of process parameters for the typical
paper and board machines where the temperature and
humidity of the exhaust air are relatively low
(T=50-60°C and humidity=0.1-0.14 kg/kg). In the case
of Yankee dryers used in producing tissue paper, the
exhaust air outlet conditions are higher (7=200°C and
humidity=0.4 kg/kg). Therefore, another set of measure-
ments, with different process parameters, was carried
out on pilot scrubber no. 2.

The results obtained from the measurements on the
two pilot scrubbers were divided into two groups of data.
The first group is used for training purposes, and the sec-
ond group is used to test the performance of the trained
networks.The neural network model was trained with 199
training instances. After the network had been trained, a
testing set consisting of 60 vectors was used to evaluate its
accuracy. The adjustable parameter in the neural network
training was the number of neurons in the hidden layer.
Various sizes of neural networks with one hidden layer
were trained and tested.The results of neural network sim-
ulations for the training and testing sets for pilot scrub-
bers, as well as the results from simulations with a physi-
cal model (2), are given in Table II. The configurations of
neural networks in Table II are described with three num-
bers (4, j, k), where 7 represents a number of input para-
meters, j represents a number of neurons in the hidden
layer, and & represents a number of output units.

The configuration of a neural network (7,7,1) gave the
best results. A (7,7,1) network model resulted in an error
sum squared of 0.23992 (rms error of 0.0347) on the 199
training instances and an error sum squared of 0.14841
(rms error of 0.04973) on the 60 testing instances.

Training neural networks with a higher number of
neurons in the hidden layer resulted in decreasing the
sum squared error of the training instances but increasing
the sum squared error of the testing instances. This means
that the number of the neurons in the hidden layer
should be chosen as low as possible to avoid overfitting
the results. The physical model (2) resulted in error sums
squared of 1.09671 and 0.25232 (rms errors of 0.07424
and 0.06485) of the training and testing instances,
respectively. Neural network configurations with 5-9
neurons in the hidden layer gave better results compared
with those obtained with the physi-
cal model.

Configuration of TRAINING SET TEST SET The test data set consists of 60
neural network SSE* rms® SSE rms experiments, which have been used
(7.4,1) 0.45371 0.04775 0.34897 0.07626 for the simulation to determine the
(7.5.1) 0.24461 0.03506 0.19205 0.05657 outlet water temperature of the
(7,6,1) 0.28239 0.03767 0.20224 0.05805 scrubber. Each experiment consists
,7,1) 023992  0.03472 0.14841 0.04973 of seven measured input values and
(7,8,1) 0.16019 0.02837 0.24283 0.06362 one measured output value from the
79,1 0.15853 0.02822 0.24520 0.06393 scrubber. The input values are as fol-
(7,10,1) 0.09225 0.02153 0.78000 0.11402 lows:
(7,12,1) 0.09371 0.02170 0.41697 0.08336
. . . 5
Physical model by 1.09671 0.07424 0.25232 0.06485 mass flow rate (.)f 11’]lCF ai,n ke/m’/s
Milosavljevic et dl, . ternp_e%'ature.of ml?t air, °C
* humidity of inlet air, kg /kg
* Sum-squared error « mass flow rate of water, kg/m%/s
® Root-mean-squared error * inlet temperature of water, °C

Il. Neural network simulation results and results from simulation with physical model

by Milosavljevic et al. (2)
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height of the column, m
e spray nozzle pressure, kPa.
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3. Neural network model with configuration (7,7,1)

The output value is the outlet water
temperature (in °C). The results of
the simulation obtained with the
neural network with configuration
7,7,1 and the physical model (2) are
shown in Figs. 3 and 4, respectively.

When the scrubber neural net-
work model was used for the scrub-
ber simulation, the average deviation
between the predicted and experi-
mental outlet water temperature was
only 0.99°C (max. deviation was
3.7°C). When the scrubber process
was simulated with the physical
model, the average temperature devi-
ation was 2.29°C (max. deviation was
8.5°C). More accurate results obtained
by the neural network simulation
model can lead to reduced equip-
ment costs and better energy utiliza-
tion of the humid exhaust air.

CONCLUSIONS
This example illustrates how neural
networks are a powerful technique
in developing empirical models with
less effort and time than physical
models. Most of the physical models
of heat and mass transfer depend on
several empirical correlations. The
approach taken in this paper shows
that neural networks are efficient at
approximating the nonlinearities in
this system, which predicts the outlet
water temperature from a scrubber.
The neural network model required

none of the simplifying hypotheses
and assumptions that are used in
physical models (e.g., droplet distrib-
ution) nor did it require assumptions
in estimating heat and mass transfer
coefficients. Using the neural net-
work for simulating a scrubber, it is
possible to avoid complicated fluid
dynamics phenomena of the gas-lig-
uid flow but to still offer good non-
classical solutions in predicting oper-
ational parameters. Several similar
systems in pulp and paper drying can
benefit from neural network technol-
ogy if applied properly.

Neural network results were
compared with those obtained by a
physical model of the system, which
was developed after several years of
work. The physical model is quite
accurate, and its normalized rms
error is on the order of
0.065-0.075 (average temperature
deviation=2.29°C). The neural net-
work model took much less effort,
and its accuracy is even better, with a nor-
malized rms error of 0.035-0.050 (aver-
age temperature deviation=0.99°C).This
better model can lead to reduced
equipment costs and better energy uti-
lization from the humid exhaust air.A
similar project in the drying section
could lead to much larger savings in
energy consumption and more stable
quality of the product.T}J

4. Physical mathematical model (2)
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