Korean J. Chem. Eng21(3), 589-594 (2004)

Experimental and Modeling Study on CQ Absorption in a Cyclone Scrubber
by Phenomenological Model and Neural Networks

Mariana, Ken-ichi Sumida, Toshihoko Satake, Akinori Maezawa*, Takenari Takeshita* and Shigeo Uchidd*
Graduate School of Science and Engineering, *Department of Materials Science and Chemical Engineering,

Shizuoka University, 3-5-1 Johoku, Hamamatsu 432-8561, Japan
(Received 14 October 2003 « accepted 9 February)2004

Abstract—Experimental and modeling studies have been conducted pabS@ption in a cyclone scrubber operated
at room temperature. The effects of parameters such as the initial concentration of alkali in the solution and the liquid -
gas ratio on the Cabsorbed flux were experimentally and theoretically investigated. A phenomenological model
and three-layer feed-forward neural networks have been applied to estimate #es@ed flux in the cyclone scrub-
ber. It was shown that the neural networks’ values agreed well with the experimental data, while the values by phe-
nomenological model partly agreed with the experimental data around the initial concentration of alkali in the solution,
Cs,<0.001 kmol/m (pH< 11).
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INTRODUCTION system identification models. Unfortunately, the majority of pro-
cesses found in the chemical industries are non-linear and the per-
The development of a low cost process for the removal of acidormances of the linear models cannot be adequate in those cases.
gases and dusts in flue gases of incinerators is desikatyielone The neural network has been found in numerous applications in
scrubber is considered to be one of the processes that can absegpresenting the non-linear functional relationship among variables
gases, separate particles, and decrease the gas temperature simaltat has been applied in several complex chemical engineering pro-
neously. It is very important to understand the mechanism of gasesses [Galvan et al., 1996; Chouai et al., 2001; Himmelblau, 2000;
absorption and particle separation in a cyclone scrubber for the profsohn et al., 1999; Roj and Wilk, 1998]. Parisi and Labored [2001]
er design and the optimum operation of the process. Despite thesed three layer feed-forward neural networks to evaluate global
relatively simple design and the broad use of these types of scruleaction rate for heterogeneous gas-solid reactors and compared
bers, the fluid dynamics are quite complex and give rise to rathethe results with the results from physical model. lliuta and Lavric
complicated problems. Consequently, its modeling is a complex tas999] used the neural network for studying hydrodynamic param-
since a system of nonlinear differential equations with many transeters in a two-phase flow fixed-bed reactor and compared the results
port and chemical parameters must be solved. with the results from reported correlations. Although the neural net-
A few phenomenological models for cyclones have been develwork has been applied in several complex chemical engineering
oped to understand the mechanism of particle separation and gpgcesses, it has not yet been applied in the cyclone scrubber sys-
absorption in the cyclone [Johnstone and Silcox, 1947; Schrauwetem.
and Thoenes, 1988; Mothes and Loffler, 1988; Patterson and Munz, In the present work, the phenomenological model used for
1996]. The phenomenological models of gas absorption with chemsimulating a cyclone scrubber system at room temperature is de-
ical reaction in various types of absorbers have also been reportestribed by physical principles. In order to calculate overallabo
in many studies [Uchida and Wen, 1973; Row and Lee, 1984; Asasorbed flux in this system, a mass balance inside the liquid droplets
etal., 1997; Park et al., 1999, 2002; Oh et al., 1999]. However, duand liquid fim on the cyclone wall must be performed. This pro-
to the complexity of the process in the cyclone scrubber system, ¢éedure may be time consuming. A model using three-layer feed-
is very difficult to obtain accurate phenomenological models. Everforward neural networks (3-FFNN) to estimate the overallabo
if such models are obtained, they may be highly complicated angorbed flux is proposed. Both methods are applied, compared and

require simplifying assumptions for their solution. discussed to the cyclone scrubber system.
Another method for practical process modeling is the black box
approach, where models are obtained exclusively from experimen- EXPERIMENTAL METHOD

tal plant data. Such models do not provide a detailed knowledge of
the underlying physics of the problem, but they do provide a de- The experimental apparatus is shown in Fig. 1. The cyclone con-
scription of the dynamic relationship between input and output varsists of a cylindrical section with 11.6 cm in height joined to a conical
iables. The statistical model based on the regression analysis is aaction with 26.1 cm in height. Other dimensions are 5.9 cm in cy-
example of such a black box approach that commonly relies on linearlone diameter, 2.7 cm in outlet duct diameter, 1 cm in apex diam-
eter, 6.8 cm of gas outlet duct height, 1.4 cm in inlet duct width, 2.9
To whom correspondence should be addressed. cm in inlet duct height, and 10 cm in inlet duct length. The liquid
E-mail: tcsuchi@ipc.shizuoka.ac.jp is injected by spraying through the nozzle (Full Cone Spray Noz-
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FIC Flow Indicator and Controller The liquid-phase mass transfer coefficient with an instantaneous
T1_Temperature Indicator reaction is given as follows if both the diffusivity of the gas and
;: gf)'z“c*’yrfi:;"; that of the reactant in the liquid are nearly the same [Brunson and
3. Valve Welek, 1970]
> 4. Alkaline solution
Z ;‘:anll)e K =[1+(C/Cu) Koo ®)
. L tank where k. is the mass transfer coefficient for the physical absorp-
9. H,0 absorbent tion into the droplet, Gis the interfacial concentration of €and
ﬂ)f zl(‘;:va:]::yezrer can be defined as [Uchida and Wen, 1973]
12. Computer . )
Kie =27?*n;1exp% —D“nr% s 6)
Cai =(C; ~CeoRy-LV/(1*+Ry-) )
Fig. 1. Experimental apparatus.
where,R,-. :kLk"H, C.=HP,
G

The solubility, H, and the diffusivity of G@ alkaline solution, R
]are estimated by using the methods presented by Schumpe [1993]
and Hikita et al. [1976], respectively. The gas-phase mass transfer
coefficient of an individual droplet is calculated by Steinberger and
Treybal's correlation [1960]:

zle, orifice diameter of 1 mm, pressure of 2 Kgénd spray angle
of 70, Ikeuchi, Co. Japan) into the gas stream in the inlet duct o
the cyclone. The outlet concentration of,@@s continuously mon-
itored by a CQanalyzer (URA-107 Shimadzu, Co. Japan). The
experimental conditions are as follows: gas flow rate=5+0.2 liter/

min, liquid rate=0.35-0.8 liter/min; liquid and gas temperatures= N, =2 +0.347 NiNX)** ®)
292+1 K; inlet CQ concentration=17+0.1%; and initial concen-
tration of alkali in solution, G=1x10°-0.1 kmol/n{. whereNg,=RdeKe \  —GVsPe \ __fe
DS 219 PcDac
PHENOMENOLOGICAL MODEL The applicable ranges of this correlation are ;1<30,000 and

0.6<N,<30,000, which are always satisfied in the experimental

The absorption in the cyclone occurs in two places: in the inle€onditions investigated here. _
duct of the cyclone and in the cyclone itself. To simplify the model, Mass mean diameter of droplef,isl estimated by Kim and Mar-
several assumptions are made as follows. (a) The liquid droplet t8Nal's correlation [1971] and the slip velocity, is given by y=
be sprayed is assumed to be spherical shape; (b) The reaction is ¥~ Ve- o
stantaneous; (c) All the physical properties of gas and liquid are cor- Absorption in Cyclone . .
stant throughout; (d) When the absorption occurs at room tempera- 1he Mass transfer in the cyclone scrubber occurs in two places: in
ture, the liquid and gas temperatures are constant during the absofp€ liquid droplets and in the liquid film on the cyclone wall [John-
tion and there is no evaporation of liquid to the gas phase; and (§fone and Silcox, 1947]. By assuming that the absorption by the
The gas velocity in the cyclone was determined by the assumptiol‘ﬂ“'d phase is predominant in the cyclone, the mass transfer in the

of Mothes and Loffler [1988] and Paterson and Munz [1996]. cyclone can be expressed as
1. Absorption in Inlet Duct _dP. _ PH
The equation of motion of a liquid droplet derived by Uchida JJ:;ﬁ =£f(kLA +KinAw) ©)
and Wen [1973] in a venturi scrubber is applied to the present case .
in the inlet duct of the cyclone. The integral represents the total number of transfer units and the

terms on the right represent the number of transfer units resulting
) from the absorption in the liquid droplets and in the liquid film on
the cyclone wall, respectively.
The relationships for mass balance between gas and liquid in the The liquid-phase mass transfer coefficient with an instantaneous
inlet duct are used to derive the following set of differential equa-reaction, k into the droplet is estimated by using the same correla-

dvy _3CpP6(Ve ~Va)lVe ~Vd
dz 4d-p. Vg

tions: tions as for the inlet duct [Eq. (5)]. The effective valug Af(em?/
dc K s) is estimated from the value fito the droplet and the inter-
?Zﬁ‘ :[%}ACA ¥a) facial area of droplets, A. The interfacial area of droplets is the prod-

uct of the number of droplets moving in the cyclone and the droplet

db, _ _[ aPk } AC @ surface area. The number of drople§ is Qetermined from the liquid

dz GwvS] supply, the droplet volume and the flight time. The gas-phase mass
transfer coefficient around the droplets, ik the cyclone is esti-

:—i = \%d @) mated from the average value of Sherwood numbers over the ve-

locity calculated at each position in the cyclone which is calculated
This set of differential equations is numerically solved by usingaccording to Steinberger and Treybal’s correlation [1960]. Analo-
given initial conditions at the nozzle point. gous with slip velocity in the inlet duct, slip velocity in the cyclone
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was defined by Input layer Hidden layer Output layer
Vs= VG(resultar\)_ Vd(resuhan) (10)

— L2 2 2 —_ ,2 2 2
WhereVG(resulan\) =A'Vie +VGG +VZG 1vd(resulanp =n'Vig +V6d +Vzd

The gas velocities in the cyclone for the cylindrical section are
modeled according to (cylindrical coordinates) [Patterson and Munz
1996]:

CO, absorbed
flux

L/G

G

Vi(re) =0, Via(re) :m (11)
__ G(h-h) 1 Fig. 3. The structure of three layer feed-forward neural network
Vo T =) (h - (12) (3-FFNN).
m(re —re)(h —s)
oo = (13) kuwA, =0.0049 (o) +V2e(r) “Ns? 27wz, (18)

Vow
I _ro
ey

Egs. (11) to (13) can also be used for conical section by chang-

NEURAL NETWORK MODEL

ing the cylindrical section radiug, with the conical section radius, Many artificial neural network architectures have been proposed.
r.. The conical section radius is a function of the conical height adn this study, the three-layer feed-forward neural network (3-FFNN)
follows [Mothes and Loffler, 1988]: is used as shown in Fig. 3. A more detailed description of 3-FFNN
will be found in many textbooks that have been published on neural
re= XZ— 14 networks [Freeman and Skapura, 1991].

Many studies have proved the ability of 3-FFNN to approximate
The liquid drops trajectories are estimated by using differentialany nonlinear relationship between a set of input and output. In the
equations of force balances with cylindrical coordinates [Schraupresent case, we are interested in finding theaB&brbed flux (out-

wen and Thoenes, 1988]. put of the network) as a function of state variables (input of the net-
dv 1 vy ¥ work). In our system the inputs will be the initial concentration of
vadaf =CD(VS)Ad§pG\Vf% +(o, —pG)r—"“Vd (15) alkali in the solution, g, and the liquid-gas ratio, L/G. The cor-
¢ relation between input and output can be expressed as the follow-
_ 2 H : .
pLVdCLLt:d :CD(VS)Ad%prgz% () _PG)Vn:,idVd (16) Ing equation:
d
dv 1 v 20, GH=(CO, absorbed fluk (19)
VG =CD(vs)Ad§pe\vsJ2$ *+(p. ~pe)ldlVa 7

To achieve a proper neural network system, which may give an

This set of differential equations is numerically solved by usingadequate result for Eq. (19), two parameters, namely, the speed of
given initial conditions at the end of the inlet duct of the cyclone aghe network and the computation time should be kept in mind. To
shown in Fig. 2. determine the speed of the network and to improve the convergence

The mass transfer coefficient in the liquid film on the cyclone rate, both learning and momentum rates were employed. By trial
wall, kA, is predicted by a correlation based on the measuremen@nd error of the neural network program, the relative minimum error
of Johnstone and Silcox [1947] in a cyclone spray tower as quote@nd computation time to be used in the neural network parameters

by Schrauwen [1988] as follows: are given as in Table 1. These parameters are used in the further
computation.
B, =, Table 1. Parameters for neural network calculation

c Learning rate 0.12
yclone center
Momentum rate 0.12
Iteration cycles 2000
Mean squared error 1.00E-05
Structure:
lnitial’}’oint m.pUt neurons 3
Att=0,v,4= vig; sina Hidden neurons 6
Vo= Vic €OS 0L Output neurons 1
V=0 Transfer function:
Hidden layer Sigmoid
Fig. 2. Initial conditions of differential equations inside cyclone. Output layer Linear
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The facilities of the Neural Network Toolbox of the MATLAB  crease in ¢ slightly increased the G@bsorbed flux. The flux in-
software (MATLAB V5.3, 1999) have been used in the present comereased significantly from the initial concentration of alkali in solu-
putation. All the data as shown in Figs. 4 and 5, were used in thiton, G,=0.001 kmol/m It indicates that the reaction between, CO

calculation.

Fig. 4 shows the effect of the initial concentration of alkalj, C

RESULTS AND DISCUSSION

and the solutions can take place in a basic solutioR,0001
kmol/m? (pH=11). Although the reaction also occurs at pH lower
than 11, it can be considered negligible. In all casesywa@®ab-
sorbed significantly when the initial concentration was increased
[Camacho et al., 2000]. Fig. 4 also shows that the experimental data

on CQ absorbed flux for two absorbents at /G of 0.16. The in- agreed well with the simulation result by the neural network. The
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Fig. 4. Effect of initial concentration of alkali in solution, G, on

Initial concentration of liquid, C o [kmo]/m3] x10°

CO, absorbed flux.
2.5
o L/G=0.16
B 1/G=0l
A L/G=007 L/G =0.16
------- neural network
2 phenomenological model
=
X
=
._g_, 1.5
E
=
9]
=
2 1
=
N
o
@)
0.5
0
0.00001 0.001 0.1 10 1000

Fig. 5. Effect of liquid-gas ratio, L/G, on CQ absorbed flux.
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Initial concentration of Ca(OH),, C 35 [kmol/m3] x10°

phenomenological model gives partly agreeable results with the
experimental data aroung,€0.001 kmol/m (pH<11). The devi-
ation becomes significant with,C

The effect of the liquid - gas ratio on absorption is presented in
Fig. 5 with the constant gas flow rate. The increase in L/G obviously
increased the C@bsorbed flux. The consequence of a higher /G
ratio is a higher surface area. According to Jorg and Buttner [1994],
the number of droplets increases and thus the mean distance between
droplets is reduced and the surface area of droplets significantly
increase at a higher L/G ratio. Fig. 5 also shows that the experi-
mental data agrees well with calculated values by the neural net-
work. The phenomenological values also show in good agreement
with the experimental data.

Fig. 6 shows the comparison of the experimental results of CO
absorbed flux with those calculated by Eq. (20) using neural net-
work and by the phenomenological model, while the absolute mean
relative errors are summarized in Table 2.

1 calculated C@abs. flux
Léxperimental CQabs. flux

Relative error —1% 100% (20)

The neural network gives much better results than the phenome-
nological model. The largest absolute mean relative error was found
to be 0.725% by neural network and 8.965% by phenomenologi-
cal model. It might be concluded that the 3-FFNN has enough ac-
curacy to obtain the G@bsorbed flux in the cyclone scrubber under
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Fig. 6. Parity plot of experimental CO, absorbed fluxvs calculated
values.
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Table 2. Mean absolute relative error between experimental and  h

calculated CQ, absorbed flux Ke
o Mean absolute relative error, %
Gas-liquid system - k
Phenomenological model  3-FFNN -
CO,-Ca(OH)-H,0: .
L/G=0.16 4.373 0.385 N
L/G=0.1 7.944 0.540 L
L/G=0.07 8.184 0.366 L
CO,-NaOH-HO: p
L/G=0.16 8.965 0.725 P,
P
Pa

the current experimental conditions. Because of a harrow data rand®,

used in this study, more data are necessary to make the proposed

model more confident. The absolute mean relative error between,

phenomenological model and experimental data is less than 109%&

which it is reasonable prediction for a phenomenological model. R,
S

CONCLUSION S
18
This paper presents modeling strategies by the phenomenolodis
cal model and artificial neural networks for the non-linear dynamicv
processes of a cyclone scrubber. The phenomenological models were
built on physical principles. The three layer feed-forward neuralV,,
network (3-FFNN) has been chosen for neural network modeling. V4
The comparison of the simulation results of the neural networkz
model and the nonlinear phenomenological model with experimenz,,,
tal data has been discussed to show the validity of the proposed mag);
els. The comparison illustrates that the accuracy of 3-FFNN and
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- height position in cyclone [m]

: gas-phase mass transfer coefficient for, E@ol/(n7-s-
atm)]

: mass transfer coefficient for G@ith reaction for droplets
[m/s]

: mass transfer coefficient for G@ith reaction for wetted
wall [m/s]

: molar liquid flow rate [kmol/s]

: volumetric liquid flow rate [r#'s]

: total pressure of GQatm]

: partial pressure of CQatm]

: equilibrium pressure of C(Jatm]

: partial pressure of COn inlet gas [atm]

: partial pressure of CGn outlet gas [atm]

: radius of gas outlet duct [m]

:initial radius of droplet [m]

: gas law constant [kmol/(K)]

: ratio of gas-side resistance to liquid-side resistahce
: gas outlet duct heigjmh]

: cross-sectional area of tangential inlet dud} [m

: contact time in tangential inlet duct of the cyclone [s]
: contact time in cyclone [s]

: velocity [m/s]

: temperature [K]

: volume of conical section [fh

: volume of droplet [r]

. distance from nozzle point [m]

: height position in conical section [m]

: wetted height of the cyclone [m]

the phenomenological model is satisfactory with experimental dateGreek Letters

In conclusion, the highly non-linear behavior of cyclone scrubberAC,
can be modeled successfully by utilizing the 3-FFNN, and the phep
nomenological model can be the next best description of the pep,,

: driving force based on liquid concentration [k§/m

: density [kg/n]
: molar density of liquid [kmol/rf}

formance of gas absorption in the cyclone scrubber. u  :viscosity [kg/(m-s)]
NOMENCLATURE Subscripts
d - droplet
a  :contact area per unit volume?m’] G :gas
A interfacial area of droplet [fh L :liquid
A, :cross sectional area of droplefm r : radial
A, interfacial area of wetted wall fin 6  :tangential
C, :concentration of CQat time [kmol/m] w  :cyclonewall
C. :concentration of COn equilibrium with CQin gas phase  z : axial
[kmol/m?]
Cy :initial concentration of alkaline solution [kmofm REFERENCES
Co, :drag coefficient [-]
d, :diameter of droplet [m] Asai, S., Nakamura, H. and Konishi, Y., “Kinetics of Absorption of Hy-
D :momentum exchange parameter [-] drogen Sulfide into Aqueous Fe(lll) Solutiorisbrean J. Chem.
D, : diffusivity of CG, in gas [n¥/s] Eng, 14, 307 (1997).
g :standard acceleration of gravity [f/s Brunson, R. J. and Welek, R. M., “Determination of the Enhancement
G  :volumetric gas flow rate [ifs] Factor for Mass Transfer with an Instantaneously Fast Chemical Re-
G. :molar gas flow rate [kmol/s] action;Chem. Eng. Sgi25, 904 (1970).
G.: :molar gas flow through the inlet duct of the cyclone [kmol/ Camacho, F., Sanchez, S. and Pacheco, R., “Thermal Effects During the
(s-n)] Absorption of CQin Aqueous Solutions of 3-Amino-1-Propanol;
H :Henry's constant [kmol/(fatm)] Chem. Eng. Tec23, 1073 (2000).
h,  :total height of the cyclone [m] Chouai, A., Cabassud, M., Le Lann, M. V., Gourdon, C. and Casamatta,

Korean J. Chem. Eng.(Vol. 21, No. 3)



594 Mariana et al.

G., “Use of Neural Networks for Liquid-Liquid Extraction Column Parisi, D. R. and Laborde, M. A., “Modeling Steady-State Heteroge-

Modeling: an Experimental Studhem. Eng. Processir@p, 171 neous Gas-Soli Reactors Using Feedforward Neural Networks;
(2001). Computers and Chem. Engs, 1241 (2001).

Galvan, I. M., Zaldivar, J. M., Hernadez, H. and Molga, E., “The Use Park, S. W., Sohn, I.J., Suh, D. S. and Kumazawa, H., “Separation of
of Neural Networks for Fitting Complex Kinetic Dat@pmputers CQ, by 2-Amino-2-Methyl-1-Propanol in Microporous Hydropho-
Chem. Eng20, 12, 1451 (1996). bic Hollow Fiber Contained Liquid Membraart&rean J. Chem.

Himmelblau, D. V., “Applications of Artificial Neural Networks in Eng, 16, 549 (1999).

Chemical Engineeringiorean J. Chem. End.7, 373 (2000). Park, S. W.,, Kumazawa, H. and Sohn, 1. J., “Unsteady-State Absorp-

Hikita, H., Asai, S. and Takatsuka, T., “Absorption of Carbon Dioxide  tion of CQ into w/o Emulsion with Aqueous Alkaline Liquid Drop-
into Aqueous Sodium Carbonate-Bicarbonate Soluti@igim. lets; Korean J. Chem. Engdl9, 75 (2002).

Eng. J, 11, 131 (1976). Patterson, P. A. and Munz, R. J., “Gas and Particle Flow Patterns in Cy-

lliuta, 1. and Lavrix, V., “Two-Phase Downflow and Upflow Fixed-Bed clone at Room and Elevated Temperatu@zsj. J. Chem. Eng4,
Reactors Hydrodynamics Modeling Using Artificial Neural Net- 213 (1996).
worky Chem. Ind 53, 176 (1999). Roj, E. and Wilk, M., “Simulation of an Absorption Column Perfor-
Freeman, J. A. and Skapura, D. M., “Neural Networks: Algorithms, Ap-  mance Using Feed-Forward Neural Networks in Nitric Acid Pro-
plications and Programming Techniques; Addison-Wesley Publish-  duction; Computers Chem. En@2, S909 (1998).
ing Company, Reading, Massachusetts (1991). Row, K. H. and Lee, W. K., “SERemoval Using Ammonia Solution
Johnstone, H. F. and Silcox, H. E., “Gas Absorption and Humidifica-  in a Packed ColumrKorean J. Chem. Engdl, 147 (1984).
tion in Cyclone Spray Towersid. Eng. Chem?39, 808 (1947). Schrauwen, F. J. M. and Thoenes, D., “Selective Gas Absorption in a
Jorg, K. and Buttner, H., “The Cyclone Scrubber-a High Efficiency Wet ~ Cyclone Spray ScrubBeGhem. Eng. S¢i43, 2189 (1988).
SeparatorChem. Eng. Techl7, 73 (1994). Schumpe, A., “The Estimation of Gas Solubilities in Salt Solutions;
Kim, K. Y. and Marshall, W. R., “Drop-Size Distributions from Pneu- Chem. Eng. Sci48, 153 (1993).
matic AtomizersAIChE J,17, 575 (1971). Steinberger, R. L. and Treybal, R. E., “Mass Transfer from a Solid Sol-
MATLAB V5.3; Neural Network Toolbox, The MathWorks, Inc., 1999 uble Sphere to a Flowing Liquid Syste&lChE J, 6, 227 (1960).
(http://vww.mathworks.com). Sohn, S. H., Oh, S. C. and Yeo, Y. K., “Prediction of Air Pollutants by
Mothes, H. and Loffler, F., “Prediction of Particle Removal in Cyclone  Using an Artificial Neural NetworkKorean J. Chem. Engl6,
Separatorsint’l. Chem. Eng.28, 231 (1988). 382 (1999).
Oh, E. K., Jung, G. H.,Kim, S. G., Lee, H. K. and Kim, | W,, “Effect of Uchida, S. and Wen, C. Y., “Gas Absorption by Alkaline Solutions in a
Initial Droplet Size Distribution on Sulfur Removal Efficiency in Venturi Scrubberihd. Eng. Chem. Process Des. DR 437 (1973).
FGD/SDA; Korean J. Chem. Engl6, 292 (1999).

May, 2004



