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An artificial neural network study of gas drying by adsorption in fixed bed of composite materials is presented
in this paper. The experimental investigations were carried out at two values of relative humidity and three
values of air flow rate respectively. The experimental data were employed in the design of the feed forward
neural networks for modeling the evolution in time of some adsorption parameters, such as adsorption rate,
water concentration in the bed, water vapor concentration in air at the exit from the fixed bed, drying degree
and rate respectively. Based on these adsorption parameters, two composite adsorbent materials having

porous matrices were compared
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Recent studies on the adsorption system approach
mainly the development of advanced adsorbent materials
that give improved adsorption capacity and higher mass
and heat transfer rates [ 1-6]. Comprehensive experimental
studies of the physicochemical properties and some
application researches of the composite adsorbents have
been reported [1-6]. All their studies point out that the
composite adsorbents present a higher adsorption capacity
and can be regenerated at lower temperature values.
However, conclusions on the feasibility of these materials
for adsorption systems can only be drawn after dynamic
analysis of the composite adsorbent behaviour under real
operating conditions of adsorption systems.

In the last few years, neural network have attracted more
and more interest as predictive models due to the fact that
they are able to approximate any continuous non-linear
functions [7, 8], being applied widely in the process
modeling and control [9]. Thus it was concluded that the
artificial neural networks (ANNs) model gives better results
than regression technique for predicting results (output)
from adsorption database [10]. Otherwise, ANNs offer
some quite interesting possibilities for rapidly developing
non-linear process model. In addition, the main feature of
the neural networks - the establishment of complex
relationships between data through a learning process,
with no need to propose any model to correlate the desired
variables - makes this technique very useful in the modeling
of processes where traditional mathematical modeling is
difficult or impossible.

Therefore, in this work is presented an ANNs study of
gas drying by adsorption in fixed bed of composite materials
with porous matrix. The experimental investigations were
carried out using LiBr-impregnated silica gel grains of
different shapes, and air at different values of the flow rate
and air moisture. The experimental data were employed
in the design of the feed forward neural networks for
modeling the evolution in time of some adsorption
parameters, such as adsorption rate, water concentration
of the bed, water vapor concentration in air at the exit from
the fixed bed, drying degree and rate.

Overview on artificial neural nefworks

Neural networks were originally inspired as being
models of the biological nervous system. Thus ANNs might
store experiential knowledge and make it available for use
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[11]. In predicting an input-output response, ANN is viewed
as a “black box” due to its mathematics involved is difficult
to comprehend but very simple to implement. In recent
years, there has been a growing interest in the application
of ANNs in chemical engineering [12-14].

The most popular neural network architecture in
engineering investigations is the multilayer perceptron
(MLP) [15].

An artificial neural network model that represents a MLP
structure is written as:

= f({U)=Wy -tanh(W; -U + B;)+ b, Q)

where:

y is the output of the neural network model,

U - a column vector of size p that contains the p inputs
of the process;

W, - arow vector of size n that contains the weights of
the neural network model from the hidden layer to the
output;

W, - a matrix that contains the weights of the neural
network model from the inputs to the hidden layer. This
matrix has n rows and p columns,;

B, - a column vector of size n that contains the biases
from the input to the hidden layer of the neural network
model;

b,-the bias (scalar) from the hidden layer to the output
of the neural network model;

tanh(W, .U + B) - o column vector that contains the
pr]erbollc tangent of the elements of the vectorW..U + B,

16

First, the neural network is trained in order to calculate
optimal values of the weights. When the number of data
used for training is huge or the number of hidden nodes is
large, then the training may take a long time. Once the
network is trained, it can be tested on a different set of
data than that used for training. It is a good approach to
divide the given input/output data into two parts: one part
(about 70%) is used for training whereas the other part
usually smaller is used for testing the neural network
model. The testing data set is reserved to validate the
trained network [17].

Training and testing of the networks were performed by
means of the NeuroSolutions software, using the Marquardt
algorithm and cross validation. In the studied case, the
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neural network model was determined as having four
neurons in input, one hidden layer with eight neurons and
one output, MLP (4:8:1).

Experimental part

In the experimental investigations was used a laboratory
installation consisting in an adsorption column, a wetting
air column, a fan and devices for measuring and controlling
temperature and air flow rate. A full description of the
experimental installation employed to obtain the data
needed in this study can be found in [18].

The investigations were carried out using two types of
composite adsorbent materials obtained from spherical
silica gel particles having a diameter of 2.57 . 10° m by
impregnation with LiBr. The two composite materials,
MCSS2 and MCS2, differ by their geometrical shape, MCSS2
having a spherical shape, while MCS2 a non-spherical
shape. Experimental investigations were performed under
atmospheric pressure at an initial value of air temperature
of 38°C, using wet air as gaseous phase at two values of
the relative humidity: 60 and 85 %, and at several values of
air flow rate: 0.3, 0.6 and 1.2 m?. h'’.

The adsorption process was achieved in fixed granular
bed of composite materials under dynamic regime. The
geometrical parameters of the fixed adsorbent bed were
0.15 m in height and 2.95 . 10? m in diameter.

Results and discussions

In order to study the adsorption process, the water
concentration in the fixed bed, X, water concentration of
air at the fixed bed exit, C, adsorptlon rate, v_, drying degree,
n, and drying rate, v , were considered ‘as functions of

type y = f (material, C’, M , t), where: materials used were
MCSS2 or MCS2, C°- water vapor concentration of wet air
at the entrance in the fixed bed, M - flow rate of the wet air
and {- time of adsorption. These parameters are defined as
follows:

Am+mo X0
X=—""
mo(1-xo) @
where:
m, - mass of adsorbent bed at t = 0, kg;
A - mass of water uptake of the bed kg;
X_- water mass ratio in adsorbent at t = 0;
ax 3
=Pv—- at 3
where:
p, - apparent density of packing, kg . m?;
T =1
u CO (4)
where:

C,, C - water vapor concentration in gas phase at
the entrance and respectively exit of the adsorbent bed,
kg . m?;

1 aw

Vy dt ©)

Vu

where:

w — water vapor quantity removed from air flux, kg.

V - gas volume, m?.

The 445 experimental data points corresponding to the
above-mentioned variables were collected and processed.
The four variables listed in the right-hand side of above
equation were considered as input variables while the X,
C,v,,h andv were considered as the output values. Thus,

Variable R MSE MAE
X (kg/kg) 0.9967864 2.6574E-05 = 0.00406677 Table 1
C (kg/m’) 0.997073 2.00E-07 0.0003346 STATISTICAL CHARACTERIZATION
va(kg/m’s™) 0.988196 2.0085E-08 0.00011103 FOR TRAINING PHASE
T 0.9982809 3227E-13  3.9882E-07
vV kg/m’s™) 0.9990092 0.00011403 0.00763676
020 F y 0.020 r . .
o Data points ©  Data points
——— Linear fit Linear fit
0.5 v=0,08168 X + 0,00369 4 0015F y=102611X-0,000305 1
x 2_ 220 . .
3 R"=0.09864 ° Ri= 00828 Fig. 1a-d. NN predictions (X, C, v,,
8 0l 12 o010l | m,andv) versus experimental
E values for several training sets: a)
o water concentration of MCS2 at
0.05 1 o0005f - =0.0204 kg/m*® and
M, = 1.2 m¥h; b) water vapours
0.00 ) . ) i ) ) . concentration of wet air at the exit
~0.00 0.05 0.10 0.15 0.20 ~0.000 0.005 0.010 0.015 0020 from the fixed bed of MCSS2 at
Experimental X Experimental C = 0.0293 kg/m* and M, = 0.6 m?
a) b) h; ¢) adsgrption rate at the exit
00025 25010° from the fixed bed of MCSS2 at C°
' j ' P e ' ' ' ' T = 0.0204 kg/m* and M, = 0.6 m*/h;
? Dnesrtt oot Cnewtt { d) drying rate of MCS2 at the exit
Y = 0,8073 X + 0,000168 Y = 0,9861 X + 0,000000182 from the fixed bed at
>"0.0020 R*=0.99168 4 >73s5x10°} R*=090791 =0.0293 kg/m® and
3 L M, = 0.6 m¥h
2 =2 3.0010° v
2 J
& o015} 1 % 25000 E
2.0x10°
0.0010 L 1 1.5x10° L L L L 1
0.0010 0.0015 0.0020 0.0025 1.6x10° 2.0x10° 2.5x10° 3.0x10° 3.5x10° 4.0x10° 4.5x10°
Experimental v, Experimental v,
c) d)
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Fig. le. NN predictions (X, C, v, h, and vu) versus experimental
values for several training sets e) drying degree of MCSS2
at C* = 0.0293 kg/m® and M_ = 0.6 m%h

each ANN presents four input variables and one output
variable.

In the training phase, the statistical parameters: linear
correlation coefficient (R), mean squared error (MSE) and
mean absolute error (MAE) (table 1) indicate that the neural
models describe well the adsorption process.

Several examples are presented in figure 1 that shows
a comparison between experimental data and neural
network predictions on training data. A good agreement is
emphasized proving that the neural model has learned well
the behaviour of the studied process.

The purpose of direct neural modeling lies in the
obtaining the network (group of formula) describing the
dependences between the experimental data defining the
investigated process. The elaborated neural model was
then applied for several sets of experimental data in order
to generate the necessary outputs. For validation, there
were used new data that were not employed in the network
training. In the studied case, the network MLP (4:8:1)

Type of composite [od M, Time Yep YRNA Relative
material (kg/m®)  m/h (min) error
%)
y=X(kg/kg)
MCSS2 0.0204 0.3 30 0.03100408  0.03200937 3.24
MCSS2 0.0204 06 10 0.02143944  0.02349927 9.61
MCSS2 0.0204 0.6 120  0.14763898  0.14827194 0.39
“MCSS2 0.0204 1.2 30 0.07530076  0.07140914 5.17
MCSS2 0.0293 0.6 30 0.07050647 0.07917837  12.30
MCSS2 00293 0.6 120 0.18916776  0.1894523 0.15
MCS2 0.0204 03 80 0.06982745  0.07192511 3.00
MCS2 0.0204 0.6 20 0.03930279  0.03990419 1.53
MCS2 0.0204 0.6 90 0.13902848  0.13721384 1.30
MCS2 0.0204 12 30 0.09502154  0.09313494 1.98
MCS2 0.0293 06 10 0.02706771  0.02858971 5.62
y=C(kg/m’)
MCSS2 0.0204 03 20 0.00069 0.000666 3.49
MCSS2 00204 0.6 30 0.003421 0.003098 9.42 Table 2
MCSS2 0.0204 0.6 90 - 0.010337 0.010358 0.20 STATISTICAL CHARACTERIZATION FOR
MCSS2 0.0204 1.2 40 0.008914 0.009474 6.29 VALIDATION PHASE OF MLP (4:8:1).
MCSS2 0.0293 0.6 50 0.011987 0.012226 1.99
MCS2 0.0204 0.3 20 0.000737 0.00078 5.74
MCS2 0.0204 0.6 40 0.0023 0.002832 23.14
MCS2 0.0293 0.6 50 0.011102 0.011499 3.57
y=va( kg/m’s”)
MCSS2 0.0204 03 20 0.00130835  0.00130366 0.36
MCSS2 0.0204 06 50 0.00202584  0.00199108 1.72
MCSS2 0.0204 12 50 0.00216652  0.00204628 5.55
MCSS?2 0.0204 1.2 110 0.0011114  0.00117679  5.88
MCSS2 0.0293 06 40 0.00281367  0.00280621 0.26
MCS2 0.0204 0.3 40 0.00108633  0.00109998 1.26
MCS2 0.0204 03 120 0.0011256  0.00098696  12.32
MCS2 0.0204 06 120 0.00108633  0.00114995 5.86
MCS2 0.0293 0.6 70 0.00202869  0.00208225 2.64
y=n.
MCSS2 0.0204 03 40 0.96759664  0.96597353 0.17
MCSS2 0.0204 03 110, 0.81693629 0.81636601 0.07
MCSS? 0.0204 0.6 60 0.64072105  0.63865406  0.32
MCSS2 0.0204 0.6 120 0.39297243 039564014  0.68
MCSS2 0.0204 1.2 70 034280927  0.3312629 3.37
MCSS2 0.0293 0.6 30 0.73861956  0.74573901 0.96
MCS? 0.0204 03 30 0.96306266 0.96453906  0.15
MCS?2 0.0204 03 120 0.85460247 0.88570731 3.64
y=v( kg/m’s™)
MCSS2 00204 03 40 3.2959-10°  3.2435-10° 1.59
MCSS2 0.0204 0.6 50 2.5143-10°  2.4472-10° 2.67
MCSS2 0.0204 12 60 1.3884-10°  1.4662-10° 5.61
MCSS2 0.0204 12 100 8.9423-10°  8.7876-10° 1.73
MCSS2 0.0293 0.6 70 2.5101:10°  2.4667-10° 1.73
MCS2 0.0204 03 30 3.3072:10°  3.2567-10° 1.53
MCS2 0.0204 06 50 2.8977-10°  2.7421-10° 5.37
MCS2 0.0293 0.6 20 4.1805-10°  4.0026-10° 426
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Fig. 2. Neural networks predictions (solid line) and experimental data (O - M, = 0.3 m%h, A - M = 0.6 m%h, O - M, = 1.2 m?%h) for water

concentration in MCSS2 (a) and MCS2 (b) respectively, at C* =

00204kg/m3and 1-M —01m3/h 2-M, —02m3/h 3-M = 0.3 m¥h;

4-M =05m%h;5-M=06m%h,6-M =09m¥%h;7-M =1.2m%h;8- MV—15m3/h9 MV—18m3/hanle MV—2m3/h
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Fig. 3. Neural networks predictions (solid line) and experimental data (00 - C° =
concentration of wet air at the exit from the fixed bed of MCSS2 (a) and MCS2 (b) respectively, at M, = 0.6 m¥h and: I - C* =
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0.0204 kg/m?, O - C° = 0.0293 kg/m3) for water vapor
0.015 kg/m?;

2-C"=0.017 kg/m® 3 - C° = 0.0204 kg/m®; 4 - C° = 0.023 kg/m?; 5 - C° = 0.026 kg/m® and 6 - C° = 0.0293 kg/m®,
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Fig. 4. Neural networks predictions (solid line) and experimental data (O - C° = 0.0204 kg/m?, O - C° = 0.0293 kg/m?) for the drying degree

corresponding to MCSS2 (a) and MCS2 (b) respectively, at M, = 0.6 m%h and: 1 - C* =

4-C"=0.023 kg/m?5 - ‘©=

received inputs unemployed in the training process and
generated output values. The achieved results are
presented in table 2.

The good results obtained in the validation stage allow
the utilization of the neural model in order to perform
predictions corresponding to other operating conditions
than the experimental ones. In this way, there were
considered both types of composite materials, the two
values of C? (table 2), air flow rate and time were varied
from 0.1 m*h to 2 m?/h, respectively, from 0 to 120 min.
with a 5 min. step. Thus, a high number of data
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0.026 kg/m*and 6 - C* =
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0.015 kg/m? 2 - C° =
0.0293 kg/m?.

0.017 kg/m?3 - C° = 0.0204 kg/m?;

(approximately 5000) were generated and employed in
order to describe the adsorption process on the used
composite material on a range wider than that
experimentally investigated as presented in figures 2-6.

In figure 2 are shown the neural network predictions for
water concentration in both composite materials as
function of time, maintaining the same air moisture at the
entrance of the fixed bed, at several values of the air flow
rate.

As it can be seen, water concentration in adsorbents
increases in time, while increasing of air flow rate
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a) b) oo :

accelerates the adsorption process. Though both
composite adsorbents behave almost similarly at low air
flow rate values, MCS2 shows rather better adsorption
characteristics for water vapours at high values of the air
flow rate.

In figures 3 and 4 are described the variations in time of
water vapor concentration of wet air at the exit from the
fixed bed and drying degree at several values of air
moisture.

Water vapor concentration of wet air at the exit from
the fixed bed increases in time and at high values of air
moisture. This is due to a higher driving force of adsorption
process. On the contrary, the drying degree decreases in
time and with lower values of air moisture.

In figure 5 are depicted the time dependences of
adsorption rate for both composite adsorbents
corresponding to several values of air flow rate.

Increasing air flow rate leads to higher adsorption rates,
which is due to weaker resistances to the external mass
transfer.

In figure 6 are compared the evolutions in time of the
drying rate for both composite adsorbents at two values of
water vapor concentration of wet air at the entrance in the

fixed bed.
4,5x10° — . . . .
s MCS2, C°=0.0293 kg/m’
40x10° | o MCSS2,C° = 0.0293 kg/m®
-~ ® MCS2, C°=0.0204 kg/m®
"o 3sxi0° o MCSS2,C’=0.0204 kg/m’ |
”
E
} 3.0x10° i
> 25x0° i
2.0x10° - ]
1.5x10° ]
i J i N N 1 N

[ 20 40 6 80 100 120
time, min.

Fig. 6. Neural networks predictions (solid line) and experimental
data for drying rate corresponding to MCS2 and MCSS2 at
C% = 0.0204 kg/m® and C° = 0.0293 kg/m® respectively.

According to the diagram in figure 6, MCS2 presents
slightly higher adsorption characteristics than MCSS2.

As it can be noted, all the predicted curves are in very
good agreement with the experimental data. The predicted
data outside and inside the investigated range of
experimental conditions respect the typical behaviour of
the investigated process for both types of composite
materials.

Conclusions

A neural network modeling for the process of gas drying
by adsorption is presented in this paper. The obtained model
renders the evolution in time of the adsorption rate, v ,
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dryingrate, v , drying degree,  , water vapor concentration
of wet air at the fixed bed exit, C, and water concentration
in the fixed bed, X. Also, two composite adsorption
materials were compared and it was emphasized that non-
spherical silica gel grains impregnated with LiBr presents
slightly higher adsorption characteristics than spherical
silica gel grains impregnated with LiBr.

Data predicted in the training phase were compared
with the experimental data on which the training phase
was based. The very good agreement between model and
experimental data proved that the neural network learned
well the behavior of the adsorption parameters. Moreover,
the predictions of the neural networks were compared
with another set of experimental data that were not
employed in the training phase. Therefore, the suggested
neural network can be easily used to interpolate and
extrapolate data of the adsorption process investigated for
different conditions.
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