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The goal of this paper is the mathematical modeling of the adsorption process of water vapours on silica gel bed. The 
evolution in time of the following parameters: adsorption rate, drying degree, water vapours concentration of wet air at 
the exit from the fixed bed and water concentration of the silica gel bed can be modeled with neural networks and 
empirical equations. For each parameter, separate feedforward neural networks were built. Accurate results were 
obtained in the training and validation phases, using neural networks with simple topologies. The empirical equations 
represented by four degree polynomials also supplied good results. Finally, a comparison between the advantages and 
drawbacks of the two modeling techniques was made. 

INTRODUCTION 

The technical literature comprises a large number of papers which deal with the kinetics, mass transfer 
and mathematical models of the gas separation by the adsorption process.2–6 

In the last decade, neural networks have attracted great interest as predictive models because they have 
proved to be able to approximate any continuous nonlinear functions7,8 and have been applied widely in the 
process modeling and control.9,10 Neural networks have the ability to learn what happens in the process 
without actually modeling the physical and chemical laws that govern the system. So they are useful for 
modeling complex nonlinear processes where process understanding is limited. 

Carsky et al.11 have developed neural network models for the adsorption of binary mixtures on 
activated carbon. They have demonstrated that the network models are able to learn the relation between 
single component and binary adsorption data very well, even for a limited number of data points (about 60). 

Our previous paper1 presented an experimental study of the kinetics of gas drying through dynamic 
adsorption in a fixed bed of small height. The experimental data were used in the design of the feedforward 
neural networks for modeling the evolution in time of the adsorption rate ( /( ),a STv m V t= ∆ ⋅ ∆  where ∆m is 

the mass variation of the silica gel bed in ∆t time and VST is the silica gel fixed bed volume), drying degree 

(ηu), water vapours concentration of wet air at the exit from the fixed bed ( )wC  and water concentration of 

the silica gel bed ( ).wX  The empirical equations, rendering explicitly the evolution in time of va, ηu, ,wC  

wX  were also proposed. Any of these parameters can be modeled with neural networks, even if it is not 
necessary to model them simultaneously. For instance, if the adsorption rate is determined (because it is 
difficult to render it analytically), the other parameters can be calculated based on simple relations. 

–––––––––––––– 
* To whom the correspondence should be addressed. 
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ARTIFICIAL  NEURAL  NETWORKS 

A neural network consists of processing units called neurons and information flow channels between 
the neurons – interconnections. A weight is associated with each connection that reflects its importance. 

The most common neural network architecture is the multilayer feedforward neural network (often 
called multilayer perceptron, MLP). The basic feedforward network performs a nonlinear transformation 
of the input data in order to approximate the output data. The network input layer is defined by the 
network input data, the network output layer is defined by the network output data and the topology of 
the feedforward network is represented by the hidden layers (number of hidden layers and number of 
neurons in the hidden layers). In a feedforward network the data from the input neurons is propagated 
through the interconnections in only one direction. Each neuron first calculates the weighted sum of all 
interconnected signals from the previous layer plus a bias term and then generates an output through its 
activation function. 

The technique of neural network used for process modeling required reliable data to train the network, 
but once the learning process is completed, the network will be able to make predictions in a faster manner 
than any mechanistic scheme. The most extensively adopted algorithm for the learning phase is the 
backpropagation algorithm. It consists in finding an optimum set of weights that minimizes the errors 
measured between the network’s outputs and the desired outputs. 

The purpose of developing a neural model is to devise a network (set of formulae) that captures the 
essential relationships in the data. These formulae are then applied to new sets of inputs to produce 
corresponding outputs. This is called generalization and represents a subsequent phase after training – the 
validation phase. A network is said to generalize well when the input-output relationship, found by the 
network, is correct for input/output patterns of validation data which were never used in training the network 
(unseen data).11 

EXPERIMENTAL 

In the experiments, a laboratory set up consisting of an adsorption column, a wetting air column, a fan and devices for 
temperature and air flow rate measurement and control was used. The vessel containing the fixed bed of adsorbent (silica gel) is 
introduced in the column through the bottom hole above the support sieve. The geometrical parameters of the fixed bed are: 
D = 0.086 m, H = 0.07 m. 

The ranges of the experiments were: p (pressure) = 1 atm, T (temperature) = 21°C, d (particle diameter of silica gel) = 

= 3.57 × 10–3, 2.25 × 10–3, 1.5 × 10–3 m, 0
wC  ( water vapours concentration of wet air at the entrance in the fixed bed) = 12.24 × 10–3, 

13.6 × 10–3, 15.72 × 10–3 kg/m3, Mv (flow rate of the wet air) = 8, 12, 16, 20 m3/h, being representative for the adsorption process 
under study. The contact method between the solid and gaseous phase was a fixed bed, the adsorption taking place in a dynamic 

state. va, ηu, ,wC  wX  versus time were determined. 

The small height of the fixed bed was imposed by the adsorber type proposed to be used for gas drying, namely multistage 
conveyor belt adsorber. The experiments were conducted using silica gel of various granulations and wet air. Since the fixed bed 
height is small, the adsorption occurs throughout the entire height of the bed. Consequently, the silica gel bed practically consists 
only in the mass transfer zone and the curves representing the wet air concentration versus time represent portions of the complete 
breakthrough curve. 

ADSORPTION  PROCESS  MODEL 

To model va, ηu, ,wC  wX  in the adsorption process of water vapours on silica gel, separate neural 

networks were built. For all these parameters, our experimental data1 of different 0 ,wC  d and Mv were used in 

building and training neural networks. Neural networks were projected for va, ηu, ,wC  ,wX  because 

experimental data were available for each of them. One can note that only one of these networks will be 
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used at a given moment, preferably neural model for va. The other parameters can be calculated based on the 
following relations: 

 0( )v w w a STM C C v V− = ⋅   (1) 

 01 /u w wC Cη = −   (2) 

 ( )0

0 0

( ) d d
t t

v
w w w ST a
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X t C C V v

m
= − τ = τ∫ ∫   (3) 

where mST is silica gel fixed bed mass. 
One major problem in the construction of neural networks is determining the network architecture, that 

is the number of hidden layers and the number of neurons in each hidden layer. It is generally accepted that 
a large number of hidden layers does not necessary improve the performance but increases the difficulties in 
training. The necessary number of hidden nodes depends on the nonlinearity degree of the problem and the 
error tolerance. Too many hidden nodes (an oversized network) cause the network to memorize the training set 
(i.e. overfitting) leading to poor performance of generalization. Too few hidden nodes may not achieve the 
required error tolerance (i.e. underfitting) leading to difficulties in the representation of the nonlinear 
processes. 

In this work, the number of hidden layers and units was established by training different ranges of 
networks and selecting the one that best balanced generalization performance against network size. 

Firstly, the experimental data is split into training and validation data sets because it is more important 
to evaluate the performance of the neural networks on unseen data than on training data. In this way we can 
appreciate the most important feature of a neural model – the generalization capability. 

A special software application – NeuroSolutions – was used in this paper in order to design and obtain 
predictions of neural networks. In this program, the following specifications are necessary: the network type, 
the input and desired output values, the stop condition of the training, the number of processing elements in 
hidden layers, the activation functions, the learning rule, the maximum number of epochs and some 
configuration parameters to display the neural model development. We built and trained many networks, 
changing the above options, and then we selected the best that balanced size and performance. 

The best network topology was determined based upon the mean of squared errors (MSE) on the 
training data. Hidden neurons as well as output layer neurons use hyperbolic tangent as nonlinear activation 
functions. All the network weights were initialized as random numbers in the interval [–0.5, 0.5]. The 
network was trained using the backpropagation algorithm. We consider that training is terminated at the 
point where the network error (MSE) becomes sufficiently small. 

The mean squared error was computed using the following formula: 
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where P is the number of output processing elements (in this case, P = 1), N is the number of exemplars in 
the data set, yij is the network output for exemplar i at processing element j, and dij is the desired output for 
exemplar i at processing element j. 

The inputs of the neural networks projected for the adsorption parameters were d, 0 ,wC  Mv and t (time). 

The output layer had a single neuron in each network for the output variable va, ηu, wC  and ,wX  

respectively. The configuration of the neural networks which had the smallest MSE corresponding to the 
reduced complexity topology was MLP (4:12:4:1) (the number of neurons in input, two hidden and output 
layers) with MSE = 0.002535 for va, 0.005207 for ηa, 0.004990 for wC  and 0.000564 for .wX  
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MODELING  THE  ADSORPTION  PROCESS  BY  EMPIRICAL  EQUATIONS 

Based on the experimental data and using specialized scientific software for curve fitting (CurveExpert), 
a series of empirical equations which define va, ηu, wC  and wX  as functions of time were determined. In the 
selection of these equations, three criteria were followed: the accuracy in modeling the experimental data, 
the simplicity of the equations and the use of equations having the same form for all the experimental data 
sets. Consequently, four degree polynomials, with different numerical coefficients were chosen: 

 2 3 4
1 2 3 4 5h c c t c t c t c t= + ⋅ + ⋅ + ⋅ + ⋅   (5) 

where h = va, ηu, wC  or wX  and t represents time in minutes. 

Table 1 presents some examples of the comparison between the experimental data and the results given 
by equations (5). The parameter correlation shows the agreement between the two categories of data. 

Table 1 

Examples of numerical values of the coefficients in equations (5) 

 Working conditions   

Parameter d × 103 
(m) 

0
wC × 103 

(kg/m3) 
Mv 

(m3/h) 
Coefficients Correlation 

 
3.57 12.24 20 

c1 = 0.04118 ; c2 = –0.002387 
c3 = 0.0001884 ; c4 = –8.2884 × 10–6 ; c5 = 1.2067 × 10–7 

0.991 

 
3.57 13.6 8 

c1 = 0.02957 ; c2 = 0.005752 
c3 = –0.0007689 ; c4 = 3.4561 × 10–5; c5 = –5.1368 × 10–7 

0.984 

va 
(kg/m3 s) 

2.25 15.72 20 
c1 = 0.1186 ; c2 = 0.008799 
c3 = –0.004575 ; c4 = 0.0004968 ; c5 = –1.6391 × 10–5 

0.999 

 
1.5 15.72 20 

c1 = 0.09879 ; c2 = –0.001531 
c3 = –0.0006039 ; c4 = 5.2869 × 10–5 ; c5 = –1.20671 × 10–6 

0.999 

 
1.5 12.24 8 

c1 = 0.02091 ; c2 = –0.00001045 
c3 = –9.9889 × 10–6 ; c4 = 2.1330 × 10–7 ; c5 = –1.1881 × 10–9 

0.991 

 
3.57 12.24 8 

c1 = 0.1334 ; c2 = 0.02660 
c3 = –0.003018 ; c4 = 0.0001218 ; c5 = –1.6274 × 10–6 

0.989 

 
3.57 15.72 20 

c1 = 0.8459 ; c2 = –0.1569 
c3 = 0.01818 ; c4 = –0.0009339 ; c5 = 1.7398 × 10–5 

0.985 

uη  2.25 15.72 20 
c1 = 0.5515 ; c2 = 0.04159 
c3 = –0.02151 ; c4 = 0.002336 ; c5 = –7.7079 × 10–5 

0.999 

 
2.25 12.24 20 

c1 = 0.5487 ; c2 = –0.04124 
c3 = 0.001399 ; c4 = –1.7076 × 10–5 ; c5 = –2.0583 × 10–9 

0.998 

 
1.5 15.72 8 

c1 = 0.7881 ; c2 = –0.1416 
c3 = 0.01929 ; c4 = –0.001188 × 10–5; c5 = 2.5675 × 10–5 

0.985 

 
3.57 13.6 8 

c1 = 7.7582 ; c2 = –0.8714 
c3 = 0.1197 ; c4 = –0.005484 ; c5 = 8.3188 × 10–5 

0.999 

 
3.57 15.72 8 

c1 = 5.9815 ; c2 = 0.8524 
c3 = –0.08068 ; c4 = 0.003143 ; c5 = –4.0678 × 10–5 

0.951 

310wC ×  
(kg/m3) 

2.25 15.72 16 
c1 = 3.7831 ; c2 = 2.5353 
c3 = –0.3607 ; c4 = 0.02057 ; c5 = –0.0003926 

0.968 

 
1.5 15.72 20 

c1 = 8.5095 ; c2 = 0.1014 
c3 = 0.04645; c4 = –0.004045 ; c5 = 9.2633 × 10–5 

0.968 

 
1.5 13.6 8 

c1 = 5.3649 ; c2 = 0.2833 
c3 = –0.001547 ; c4 = –0.0003023 ; c5 = 5.8453 × 10–6 

0.976 

 
3.57 12.24 16 

c1 = 5.8874 ; c2 = 3.4581 
c3 = –0.04835 ; c4 = 0.0006474 ; c5 = –7.6881 × 10–6 

0.999 
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3.57 15.72 20 

c1 = 4.7535 ; c2 = 11.7700 
c3 = –0.7018; c4 = 0.03709 ; c5 = –0.0007284 

0.990 

310wX ×  
(kg/kg) 

2.25 15.72 8 
c1 = 3.2484 ; c2 = 4.5946 
c3 = –0.1127; c4 = 0.003041 ; c5 = –3.1663 × 10–5 

0.999 

 
1.5 15.72 12 

c1 = 5.2960 ; c2 = 6.1708 
c3 = –0.1951 ; c4 = 0.005744 ; c5 = –6.4195 × 10–5 

0.999 

 
1.5 12.24 20 

c1 = 9.0829 ; c2 = 4.7999 
c3 = –0.05109 ; c4 = –0.001449 ; c5 = 3.5999 × 10–5 

0.999 

Empirical models allowed the determination of the adsorption parameters (va, ηu, wC  or wX ) at any 

moment in the experimental time interval. Working with these equations is not difficult, but numerical 
coefficients for different conditions of the adsorption process are necessary. Compared with these models, 
the neural network modeling has the advantage of supplying rapidly and easily the parameter values during 
the process evolution. 

RESULTS  AND  DISCUSSION 

The training data set contains both input patterns and the corresponding output patterns (also called 
target pattern). During the learning phase, the optimization scheme updates all weights. This stage of 
modeling is considered complete when the error of all the training patterns fulfill a prespecified error 
criterion (MSE less than 0.2 and percent error less than 2%). 

The predictions of the neural networks on the training data were compared to the experimental ones in 
order to verify how the networks learned the variation in time of the adsorption parameters. Some examples 
are presented in Fig. 1. 
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Fig. 1 – The results of MLP (4:12:4:1) (gray bars) in the training phase and experimental data (black bars) for (a) d = 1.5×10–3 m, 
0
wC = 15.72×10–3 kg/m3, vM = 12 m3/h; (b) d = 2.25×10–3 m, 0

wC = 12.24×10–3 kg/m3, vM = 20 m3/h; (c) d = 1.5×10–3 m, 0
wC = 

 = 12.24×10–3 kg/m3, vM = 8 m3/h; (d) d = 1.5×10–3 m, 0
wC = 12.24×10–3 kg/m3, vM = 20 m3/h. 

The statistical parameters, correlation and average absolute error (Table 2) prove that the neural 
models approximate well the adsorption process. 

Table 2 

Statistical parameters for results obtained in the training phase 

Parameter Correlation Average absolute error 

av  0.991 4.16 × 10–5 

uη  0.980 0.00021 
310wC ×  0.979 0.00228 

310wX ×  0.999 0.0233 

A key issue in the neural network based process modeling is the robustness or generalization capability 
of the developed model, i.e. how the model performs on unseen data. Thus, a serious examination of the 
accuracy of the neural network results requires the comparison with experimental data not used in the 
training phase. Several experimental data were left out of the training set, representing validation data set. 
Tables 3–6 allow the comparison of the neural network predictions with unseen experimental data. 

In this case too, the network predictions proved to be accurate, highlighting the capabilities of the 
neural networks to describe the nonlinear behavior of the adsorption process. 
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The results of the validation phase being satisfactory, the neural network models can be used to obtain 
values va, ηu, wC  and wX  at different conditions of the adsorption process, in the experimental domain. In 
 

Table 3 

Comparison between neural network predictions and unseen experimental data (validation step) for va 

d × 103 
(m) 

0
wC × 103 

(kg /m3 ) 

Mv 
(m3/h) 

t 
(min) 

Experimental data 
(kg/m3 s) 

Neural network results 
(kg/m3 s) 

 
Relative errors 

3.57 12.24 20 15 0.0262 0.024666 –5.85496 
3.57 12.24 8 10 0.0139 0.013404 –3.56835 
3.57 13.6 12 20 0.0393 0.042326   7.699746 
3.57 13.6 8 5 0.043 0.039053 –9.17907 
3.57 15.72 12 15 0.0459 0.046946   2.278867 
3.57 15.72 8 25 0.0278 0.03138 12.8777 
2.25 13.6 8 15 0.0327 0.031875 –2.52294 
2.25 12.24 20 10 0.04508 0.045511   0.956078 
1.5 15.72 8 20 0.02705 0.027091   0.151571 
1.5 13.6 8 20 0.0278 0.025793 –7.21942 
1.5 12.24 8 30 0.0139 0.014228   2.359712 

Table 4 

Comparison between neural network predictions and unseen experimental data (validation step) for uη  

d × 103 
(m) 

0
wC × 103 

(kg /m3 ) 

Mv 
(m3/h) 

t 
(min) 

Experimental data Neural network results Relative errors 

3.57 12.24 20 20 0.159 0.157685 –0.82704 
3.57 12.24 16 25 0.122 0.129901   6.47623 
3.57 15.72 8 20 0.353 0.365935   3.664306 
3.57 13.6 12 10 0.441 0.474364   7.565533 
3.57 13.6 8 10 0.529 0.492805 –6.84216 
2.25 15.72 8 35 0.314 0.301019 –4.13408 
2.25 12.24 8 35 0.1593 0.176188 10.60138 
1.5 15.72 12 25 0.286 0.274278 –4.0986 
1.5 15.72 8 30 0.295 0.275753 –6.52441 
1.5 12.24 8 35 0.183 0.184761   0.962295 

Table 5 

Comparison between neural network predictions and unseen experimental data (validation step) for 310wC ×  

d × 103 
(m) 

0
wC × 103 

(kg /m3 ) 

Mv 
(m3/h) 

t 
(min) 

Experimental data 
(kg/m3) 

Neural network results 
(kg/m3) 

 
Relative errors 

3.57 12.24 20 30 10.96 10.837587 –1.11691 
3.57 12.24 16 25 10.74 10.753853   0.128985 
3.57 12.24 8 15 10.29 10.031051 –2.51651 
3.57 13.6 8 20   8.05 7.456069 –7.37802 
3.57 13.6 12 25   8.6 8.886285   3.328895 
3.57 15.72 8 20 10.17 9.847781 –3.16833 
2.25 15.72 8 15   9.27 9.529182   2.795922 
2.25 13.6 8 20   4.93 5.282011   7.140183 
2.25 12.24 20 25 10.56 10.881151   3.041203 
2.25 12.24 8 30   9.69 9.801588   1.151579 
1.5 15.72 12 20 11.22 11.275965   0.498797 
1.5 15.72 8 35 11.67 11.355295 –2.6967 
1.5 13.6 8 35   9.86 9.30064 –5.67302 
1.5 12.24 8 15   8.94 9.010338   0.786779 
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Table 6 

Comparison between neural network predictions and unseen experimental data (validation step) for 310wX ×  

d × 103 
(m) 

0
wC × 103 

(kg /m3 ) 

Mv 
(m3/h) 

t 
(min) 

Experimental data 
(kg/kg) 

Neural network results 
(kg/kg) 

 
Relative errors 

3.57 12.24 20 25 62.33 61.43387 –1.43772 
3.57 12.24 8 20 27.45 29.7648   8.432798 
3.57 13.6 8 15 57.71 56.75146 –1.66096 
2.25 15.72 8 20 70.94 69.81444 –1.58664 
2.25 12.24 20 25 92.38 91.19759 –1.27995 
1.5 15.72 8 20 60.98 60.66886 –0.51023 
1.5 13.6 8 20 61.33 60.96602 –0.59347 
1.5 12.24 8 15 32.09 31.14111 –2.95698 

 

 

Fig. 2 – The predictions of neural models for different values of vM : (a) d = 3×10–3 m and 0
wC =13×10–3 kg /m3; (b) d = 3×10–3 m 

and 0
wC =13×10–3 kg /m3; 1 – Mv = 18 m3/h; 2 – Mv = 14 m3/h; 3 – Mv = 10 m3/h. 

this way, experiments can be substituted by neural network predictions. Some examples are presented in 
Fig. 2, for va and .wC  We can emphasize that the conditions (d, 0

wC  and Mv for Fig. 2) do not have an 

experimental correspondent. 
Figs. 3 and 4 also contain new data produced by the neural models. Experimental data belonging to the 

same set (the same values for d and 0 ,wC  but different Mv) are plotted on these diagrams. The predicted 

curves (curves 3 in Fig. 3 for ηu and curve 2 in Fig. 4 for )wX  respect the rule of the adsorption parameter 

dependencies of Mv; ηu decreases with Mv and wX  increases with Mv, respectively. One also observes that 

predicted curve 3 in Fig. 3, with Mv = 16 m3/h is placed between curves with Mv = 12 m3/h (curve 2) and 
Mv = 20 m3/h (curve 4). Similarly in Fig. 4. We can appreciate the trend of the neural network modeling 
being qualitatively consistent. 

Another possibility to model the evolution in time of the adsorption parameters is represented by the 
four degree polynomials (eqs. 5). These equations are compared to the results of the neural networks models 
and to experimental data in Fig. 5 (only one example is chosen for each parameter). 
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Fig. 3 – Drying degree values at d = 3.57×10–3 m and
0
wC  = 13.6×10–3 kg/m3 at different values of :vM   

1 – vM  = 8 m3/h; 2 – vM  = 12 m3/h; 3 – vM  = 16 m3/h
(neural model prediction); 4 – vM  = 20 m3/h; the cir-
cles on the curves 1, 2 and 4 represent experimental  
                                         data. 

 

Fig. 4 – Water concentration of silica gel at d = 
2.25× ×10–3 m and 0

wC  = 15.72×10–3 kg/m3 at 
different values of vM : 1 – vM  = 8 m3/h; 2 – vM

= 12 m3/h (neural model prediction); 3 – vM  = 16 
m3/h; 4 – vM  = 20 m3/h; the circles on the curves 1, 
3 and 4 represent experimental data. 
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Fig. 5 – The results given by empirical equation (5) (thick line), neural network (thin line) and experimentally (o) for: (a) d = 
3.57× ×10–3 m, 0

wC =12.24×10–3 kg/m3, vM =20 m3/h; (b) d = 2.25×10–3 m, 0
wC =12.24×10–3 kg/m3, vM =20 m3/h; (c) d = 2.25×10–3 

m,  
 0

wC =15.72×10–3 kg/m3, vM = 8 m3/h; (d) d = 3.57×10–3 m, 0
wC =15.72×10–3 kg/m3, vM = 8 m3/h. 

A global comparison between experimental data and polynomial model results is possible by 
considering the error function: 

 ( )
exp 2

,exp
exp 1

1
N

i i

i

E h h
N

=

= −∑   (6) 

where h = va, ,uη  wC  or wX  and Nexp is the number of experiments. The following values were obtained: 

for va, E = 0.003874, for ,uη  E = 0.01649, for ,wC  E = 0.2282 and for ,wX  E = 0.4125. 

The results of the empirical polynomial equations seem to be better than those of the neural models. 
But one should keep in mind that each equation benefits of its own set of numerical coefficients, while the 
neural network weights are available for the whole experimental domain. We can conclude that 
experimental data are well modeled by both empirical polynomial equations and neural networks. The 
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empirical equations have the advantage of giving an explicit form of the parameter variation with time, but 
they are relatively difficult in handling because of the numerical coefficients which must be changed for 
each set of experimental data. The neural models are easy to build, have simple topologies and short training 
time, but they work like black boxes. 

Compared to the mechanistic model that simulates the kinetic of the adsorption process, empirical 
models (neural models and empirical equations) are built and manipulated easily and provide accurate 
results. The versatility of this type of modeling, due to the empirical coefficients, allows one to render 
faithfully the experimental data. One still needs to understand that these approaches do not clarify the 
process mechanism itself and do not answer the big question “why?”. So, one should consider that both 
approaches – mechanistic and neural – are nicely complementary. One side is represented by a mechanistic 
model, which renders the physical laws and can sometimes supply less accurate results; the other side is an 
empirical model which provides, generally, accurate results. 

CONCLUSIONS 

This paper presents two types of empirical models for gas drying by the adsorption process: neural 
networks and empirical equations. The models render the evolution in time of the adsorption rate (va), 

drying degree ( ),uη  water vapours concentration of wet air at the exit from the fixed bed ( )wC  and water 

concentration of the silica gel bed ( ).wX  

The neural models were checked in two ways. Firstly, the results obtained in the training phase were 
compared with the experimental data on which the training phase was based. The good agreement between 
model and experiment proved that the neural networks learned well the behavior of the adsorption 
parameters. Secondly, the predictions of the networks were compared with experimental data which were 
not used in the training phase. These results proved that the developed neural networks models represent 
with good accuracy the investigated adsorption process. Consequently, they can be used to make predictions 
for different conditions of the separation process, in the experimental domain considered. 

Empirical equations represented by four degree polynomials were also proposed to model the 
adsorption parameters under study. These equations approximate well experimental data and have the 
advantage of giving an explicit form of the parameter evolution. But the fact that the numerical coefficients 
must be changed for each set of experimental conditions represents a drawback of this type of model. In 
addition, for new working conditions (outside the investigated domain), numerical values of the coefficients 
are not valid. 

The neural models are easy to build, have simple topologies and short training time. They generalize 
well the process and can be used to substitute experiments. 

REFERENCES 

 1. M. Pîrlog, S. Curteanu, I. Mãmãligã and S. Petrescu, Analele Universitãþii ªtiinþifice „Al. I. Cuza” Iaºi, Seria Chimicã, tomul 
XI. 2003, 187. 

 2. L. D. Schmidt, The Engineering of Chemical Reactions, Oxford Univ. Press, 1998. 
 3. S. Simal, C. Rosselo and A. Mulet, Trends Chem. Eng., 1998, 4, 171. 
 4. P. Trambouze, Materials and Equipment, Editions Techniques, Paris, 2000. 
 5. A. Vasile and N. Bîlbã, Zeoliþi în adsorbþie, Ed. Cermi, Iaºi, 2001. 
 6. P. J. Westage and M. Ladish, AIChE Journal, 1993, 39, 720. 
 7. J. Park and W. I. Sandberg, Neural Comput., 1991, 3, 246. 
 8. Z. Wang, M. T. Tham and A. J. Morris, Int. J. Control, 1992, 56, 655. 
 9. A. B. Bulsari. (Ed.), Computer-aided chemical engineering, in: Neural networks for chemical engineers, Amsterdam, vol. 6, 

Elsevier, 1995. 
10. A. J. Morris, G. A. Montague and M. J. Willis, Trans. J. Chem. E., Part A, 1994, 72, 3. 
11. M. Carsky and D. D. Do, International Congress of Chemical and Process Engineering, Chisa, 1998, Praha. 


