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Four varieties of limestone distinguished on the basis of pore-size distributions were 
exposed in dynamic lo-, 20- and 50-ppm SO, atmospheres for up to 500 h at 25°C and 
100% rh. The resulting conversion of the limestone was measured as a function of the 
reaction product formed and the change in porosity. These conversions could be pre- 
dicted correctly using either the shrinking unreacted core model or the distributed pore 
model. An  art8cial neural network (ANN) was also trained for the purpose. All three 
approaches predicted conversions that fitted well with the observed data; however, those 
predicted by ANN were the most accurate. Further, the weights determined for ANN on 
the basis of three limestone varieties also accurately predicted the conversions of the 
fourth variety for which no information was supplied in the training phase, showing that 
ANN can also be used successfully to estimate gas - solid noncatalytic reactions. 

Introduction 
This article has grown from our research on the weather- 

ing of carbonate rocks in the modern SO,-enriched atmo- 
spheres of industrial countries. Our previous studies included 
dolomite and marble as the reactant species (Tambe et al., 
1994; Yerrapragada et al., 1992, 1994). Here we report the 
results of our work upon four varieties of U.S. limestone 
commonly used in architecture. These limestones consist es- 
sentially of the mineral calcite, CaCO,. 

The varieties of limestone used in this study are the Bed- 
ford Limestone (BD) from Indiana, and the Cordova Shell 
(CS), Cordova Cream (CR), and Louder Limestone (LD) from 
Texas. The Bedford Limestone is of Mississippian age, while 
the varieties from Texas are much younger, being of Creta- 
ceous age. Due to the age difference and the difference in 
their depositional environment and diagenetic processes 
(Chowdhury et al., 19901, these varieties of limestone possess 
distinct porosity and pore-size distributions. Thus, the magni- 
tude of their reactivity also varies. The large spectrum of 
pore-size distributions possessed by the limestones studied 
make the results of this work applicable to other varieties of 
porous carbonate rocks. 
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Related work by others is on calcined limestone, CaO, 
which has a very high porosity, and in which the reactions 
were carried out at thousands of ppm of SO, concentrations 
at a highly elevated temperature in a nearly dry condition 
(Bhatia and Perlmutter, 1980; Hartman and Coughlin, 1976). 
These and other studies, such as Snow et al. (1988), and 
Zarkanitis and Sotirchos (1989), have modeled the reactions 
on the concepts of pore and grain-theory models. In this study 
we present results based upon such models, but our emphasis 
is upon the application of the computational system artificial 
neural networks (A"s). We show that A " s  predicted the 
magnitude of said reactions better than the other ap- 
proaches. 

Experimental Methods and Materials 
The sample brickets, approximately 2.5 cm X 1.7 cm X 0.5 

cm, were cut from the limestone types given in the Introduc- 
tion. After being polished with 400 grit silicon carbide pow- 
der to ensure uniform surfaces, the samples were cleaned ul- 
trasonically in deionized water to remove any abrasive and 
dried at 105°C. Samples were also repeatedly washed in 
deionized water to remove any soluble salts present in the 
stone. Clean samples were thus produced as verified by the 
ion chromatography analysis. 

Some of the clean samples were thoroughly ground in an 
agate pestle and were analyzed for mineralogical composition 
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Figure 1. Reaction chamber. 

by X-ray diffraction spectroscopy using Cu K-alpha radiation 
at 40 kV and 45 mA for 28 values in the range of 3” to 75”. 
These data were quantitatively analyzed by the Rietwald 
technique where the observed pattern for each phase was 
compared with the calculated single-crystal structural data. 

Samples were also digested in HCl and analyzed quantita- 
tively by atomic absorption spectroscopy (AA) for Ca2+ and 
Mg2+, the common cations expected to occur in limestone. 
Other samples were exposed in a reactor. 

The reaction chamber, a modified 10-L desiccator, is shown 
in Figure 1. The experimental design, described in detail in 
Yerrapragada et al. (1994), is concisely given below. 

The reaction was carried out in a 25°C constant-tempera- 
ture room and the relative humidity in the chamber was 
maintained at nearly loo%, but it was ensured that moisture 
condensation did not occur upon stone surfaces by routing 
the airstream through or outside the bubbler. Atmospheres 
containing 10, 20, and 50 ppm SO, were generated by pass- 
ing compressed air over permeation tubes (VICI Metronics). 
The concentration of SO, in the chamber was determined 
from permeation rates obtained from the weight loss of per- 
meation tubes and confirmed by the measurement of the gas 
at the exit of the chamber using a Columbia Scientific Indus- 
tries (CSI) analyzer. The compressed-air flow rate of nearly 
800 cc/min over tubes of permeation rates of 2.09 X lo4, 4.19 
X lo4, and 10.5 X lo4 ng/min produced a concentration of 
SO, of 10, 20, and 50 ppm, respectively. 

The reaction product consisted of gypsum (CaSO, - 2H,O), 
as determined by X-ray diffraction. For the quantitative anal- 
ysis, however, gypsum, a water-soluble salt (solubility in pure 
water at 25°C is 14 mg/L, measured; Weast, 1974), was 
leached into a measured volume of deionized water immedi- 
ately after the specimens were removed from the reaction 
chamber. Sometimes it was necessary to wash the samples 
repeatedly for varying periods of time to leach the entire re- 
action product. 

The leachate was analyzed quantatively by ion chromatog- 
raphy using DIONEX-100 for the SO:- and atomic absorp- 
tion spectroscopy for Ca2+ ions. SO:- was converted to 
gypsum, which was then related to the loss of CaCO, by mass 
balance. The conversion, shown in the illustrations of this ar- 
ticle, is the ratio of the converted to the initial mass of lime- 
stone (mg/g). 
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Mercury intrusion porosimetry (MIP) was used to deter- 
mine porosity, pore-size distributions, pore-surface area and 
the bulk density of unreacted samples, as well as those of the 
reacted samples after the reaction product had been leached. 
Porosity was also measured by a water-absorption technique 
in which the sample was immersed in water for 24 h after 
being evacuated at 660-torr mercury pressure in a vacuum 
chamber. 

MIP is a destructive technique, that is, samples injected 
with mercury cannot be used again for other purposes. 
Therefore, our measurement of the change in porosity, used 
in the pore model, was based upon porosities obtained by the 
water absorption technique only. 

Brickets, similar to those used in the reaction chamber, 
were used in Micromeritics Pore Sizer 9320 to obtain data 
for mercury intrusion, extrusion, and reintrusion in the pres- 
sure range of 3-30,000 psia (21-207,000 kPa). The low-pres- 
sure runs were made between 3 and 14 psia and the high- 
pressure runs between 15 and 30,000 psia (103 and 207,000 
kPa). The pore sizer collected and processed the data auto- 
matically for selected pressure points. The pore volume of 
pressure points between the experimental points was gener- 
ated by the spline interpolation algorithm. The pore size was 
calculated from the applied pressure, P(psia), as 180/P, us- 
ing the classic Washburn (1921) equation: 

-4y I cose I 
(1) P ’  

d =  

where d (pm)  is the diameter of the pore intruded at the 
applied pressure, P(psia), y ,  and 0 are the surface tension 
(485 dyne/cm), and the contact angle (130”) of mercury with 
the pore wall. 

Mathematical Modeling 
The reaction of limestone with SO, can be evaluated using 

the shrinking unreacted core model for product conversion 
(Szekely et al., 1976; Doraiswamy and Sharma, 1984; Cao et 
al., 1995) and the distributed pore model (Zarkanitis and 
Sotirchos, 1989) for change in porosity. We will apply these 
models as well as ANN to evaluate these reactions. These 
three models are briefly described below. 

Shrinking unreacted-core model 
We have successfully applied the shrinking unreacted-core 

model to predict the reaction of dolomite [CaMg(CO,),l in 
SO, atmospheres (Tambe et al., 1991). The reaction kinetics 
and diffusion are the controlling parameters in these reac- 
tions. The final expression for conversion (x) can be given by 

(3a) 

(3b) 
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where N ,  represents the initial concentration of the solid re- 
actant; k,  the kinetic constant of the surface reaction; C, the 
surface concentration of the gas; R ,  the equivalent initial ra- 
dius of the grain; Vp and V ,  the molar volume of solid prod- 
uct and reactant; 0, the diffusivity of CaZ+ ions. The surface 
gas concentration (C,), was calculated by the relationship 
given by Tambe et al. (1994). 

Distributed-pore model 
The term “distributed pore model” is adapted from 

Zarkanitis and Sotirchos (1989). This model is one of various 
percolation theory models (Mohanty et al., 1994; Yortsos and 
Sharma, 1986; Fuertes and Marban, 1994) that relate chemi- 
cal conversion of the reactant to the change in its porosity. 

The pore network in a porous medium can be described by 
the pore-size distribution and the coordination number ( Z )  
defined as the number of pores emanating from a site or 
number of pores accessible in the network. According to 
Fisher and Essam (1961) the accessible porosity of a Z coor- 
dinated network can be written as 

(4a) 

where, + and 
and 4R can be obtained from the following relationship: 

are the total and the accessible porosity, 

Equation 4b is valid when 4 > +c, where 

1 
4% = m. (4c) 

According to Reyes and Jensen (1986) the relation of ac- 
cessible internal surface area, aA, to the pore structure can 
be evaluated by 

where K ,  a form of connectivity coefficient, is obtained by 
matching initial surface area to the accessible surface area 
and where, 4‘ is the isolated porosity, obtained from the dif- 
ference between the total porosity, 4, and the accessible 
porosity, 4JA.  Although we were unable to obtain a value of 
K on the basis of surface area that could express the conver- 
sion data obtained in our experiments, nonetheless the value 
of K calculated from the following expression fitted well our 
entire conversion data: 

where M and p are the molecular weight and density of the 
reactant, and k ,  and Cso, are the surface rate constant and 
the gas concentration at the specimen surface. 

Artificial neural networks 
ANN is a computational system based on pattern recogni- 

tion achieved from intense learning of stored knowledge. 
ANN may be considered as a black box containing one or 
more computational logic units (CLU) connected in tandem. 
The first and last layers in this network are the input and 
output layers, respectively, with hidden layers present in be- 
tween. While the input and target values are obtained from 
observation, the values in the hidden layers are found by 
training with the help of an external teacher that optimizes 
the values through error signals and bias corrections. When 
the training is complete, the converged net has the ability 
to recognize and generalize the patterns intrinsic to the 
training set. 

A “ s  are designed to simulate the brain’s learning proc- 
ess, the fundamental unit of which, the nerve cell, is repre- 
sented in ANN by computational units called neurons. In the 
human neural networks, the degree of response (the output) 
to a stimulus (an input) is believed to be a function of the 
strength of neural connections known as synaptic strength, 
represented in ANN by weights and biases. To train A”s,  
then, the inputs are multiplied by weights of random values, 
and in a multilayered feedfonvard network weights are found 
that match the input with the target values using an error 
backpropagation algorithm (Rumelhurt et al., 1986). Specifi- 
cally, if represent the inputs, then the weighted average 
inputs (y,JI,,t) are summed up with a bias, u,, Eq. 8. The 
result, (y,p), is squashed by a nonlinear transformation to 
form the input of the subsequent layer, Eq. 9 

where j is the number of originating nodes (input node), i is 
the number of nodes in the next immediate layer, and p is 
the number of patterns. This process is repeated for all the 
layers of the network, as shown in Figure 2. If we denote the 
output of the kth neuron as Ok,p, the computed output from 
this neural layer is compared with the given target value. Then 
the error for a particular pattern, p ,  at the final layer is cal- 
culated as 

Thus, the pore parameters and the reaction rate can now be 
related as 

(6) 
where Tk,p  is the desired output. Finally, the objective func- 
tion, obtained by summing up the error for one complete set 
of pattern ( E  = C p C k E k , p ) ,  is minimized by adjusting the 
weights by the following relation (Rumelhart et al., 1986): 
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Figure 2. Artificial neural network applied in this study. 

where 17 is the learning rate and a is the momentum correc- 
tion factor that helps in damping the oscillations in the weight 
change. The calculation of local gradient (SE/S K,,) depends 
on whether the neuron is in the output layer or in the hidden 
layer. The ANN employed in this study is shown in Figure 2. 

Results and Discussion 
Limestone-SO, reaction 

These limestone types, as other varieties of limestone, are 
mainly made of the mineral calcite. The mineralogical com- 
position of these limestone as determined by an X-ray 
diffraction technique (see Methods section) is given in Table 
1. The ionic composition of solution obtained by the diges- 
tion of these limestones in HC1 showed that, in addition to 
the preponderant Ca2+, Mg2+ was also present but was in 
all cases less than 1 wt. % of Ca2+. Thus, the conversion of 
limestone in an SO, environment can be evaluated on the 
basis of SO, -CaCO, reaction only, as shown by the follow- 
ing equations. 

1 1 
2 2 

CaCO, +SO, + -H,O .+ CaSO,--H,O+CO, (12) 

1 1 1 

2 2 2 
CaS0,--H,O+ -0, +I-H,O -+ CaS04-2H,0. (13) 

Table 1. Mineralogical Composition of the Limestone 
Varieties 

Limestone Calcite Quartz 
TVpe % % 

CR 
cs 
LD 
BD 

99.7 0.3 
99.7 0.3 
97.0 3.0 
99.0 1 .o 

Nore: Cordova Cream (CR), Cordova Shell (CS), Louder (LD), and Bed- 
ford (BD). 
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(b) 
Figure 3. Reaction rate by regression of data of sam- 

ples exposed to 10,20 and 50 ppm of SO, for 
periods up to 400 h. 
Symbols represent experimental values. CR, CS, LD, and BD 
are Cordova Cream, Cordova Shell, Louder, and Bedford 
limestone, respectively. (a) All available conversion data are 
shown. (b) Conversion data for values < 4000 ppm X h to 
show that a better correlation exists than shown in part (a) 
when the data span all SO2 concentrations used. 

The SO, reacts with the specimen at the surface, produc- 
ing a crust of gypsum, CaS04.2H,0. The crust grows out- 
ward in continued reaction by the transport of Ca2+ from 
the unaltered limestone and the resulting reaction of Ca2+ 
with SO, at the sample surface (Skoulikidis and Charalam- 
bous, 1981; Gauri et al., 1992). The details of the formation 
of gypsum crust, its evolution, morphology, and composition 
are discussed in Gauri et al. (1989). Underneath the crust, in 
the unaltered limestone, cavities form by enlargement of the 
pore space resulting from the depletion of Ca2+. The mass of 
gypsum formed and the resulting new porosity created are 
the measures of the conversion of the parent limestone. We 
present below results of experimental study on conversion vs. 
time for the various varieties of limestone. 

Figure 3 is a composite profile comparing conversions of 
all limestone types exposed in 10, 20 and 50 ppm SO, atmo- 
spheres. CR shows the maximum conversion and BD the least, 
depending upon the porosities and pore-size distributions 
(Table 2). CR has the largest porosity as well as a large vol- 
ume of small pores that promote reaction by offering a large 
surface area. 
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Table 2. Porosity and Density of the Limestone Varieties 

Sample Initial Porosity Final Porosity Density 
Name % % ~/cm’ 

T 
b, 

A 3 0  - 

CR 26.13 27.50 1.97 
cs 21.65 22.67 2.08 
LD 19.94 21.23 2.14 
BD 13.74 14.56 2.29 

Note: Cordova Cream (CR), Cordova Shell (CS), Louder (LD), and Bed- 
ford (BD). The final porosity was measured after the reaction prod- 
uct had been leached. 

Figure 3a shows that the correlation of data in the lower 
than 5,000 ppmsh regime is excellent; this is shown more 
clearly in Figure 3b. Not so good a correlation in the higher 
than 5,000 ppm. h region is perhaps due to the few available 
points that represent reaction in a 50-ppm SO, atmosphere 
only, whereas the data points in the lower region represent 
reaction in all SO, concentrations used. 

Figure 4a represents trajectories of the reaction rate curves 
for CR and CS, showing declining rates in prolonged expo- 
sure. This is particularly true when the rate curves for reac- 
tion in a 50-ppm SO, atmosphere is considered. These 
changes in the reaction rates can be attributed to the large 
mass of the reaction product formed, offering greater re- 
sistance to the diffusion of the reactant species. This explana- 
tion is supported by the linear trajectories of the rate curves 
in BD and LD (Figure 4b), which due to relatively low 
porosities experience overall lower conversions. In general, 
the reaction-rate curves may be considered to follow a linear 
or a quasi-linear path in all four varieties of the limestone. 

The mechanism of reaction of limestone in an SO, atmo- 
sphere just described lends itself to evaluation by the shrink- 
ing unreacted core model and a percolation theory model. 
We will apply these commonly used models to evaluate these 
reactions as well as show that our first time application of 
ANN can also effectively evaluate these gas-solid reactions. 

Evaluation of reaction based upon mathematical models 
To fit this 

model, the kinetic constants, namely, the rate constant (k , )  
and the order of the reaction (found to be a nearly first or- 
der) were obtained from time-conversion data by nonlinear 
regression analysis (DRNLIN of IMSL subroutine, 1989). The 
k ,  values are, 1.51, 0.9, 0.16 and 0.09 (cm/h) for CR, CS, LD 
and BD, respectively. To match the time profile the solid-state 
effective diffusivity (0,) values for CR, CS, LD, and BD were 
found to be 3.5+0.07X lo-’’, 1 .32k0 .08~  lo-”, 2.52k0.25 
X lo-”, and 4.79f0.9X (cm2/s), respectively. The re- 
sults of integration (Eq. 2) of these data are plotted in Fig- 
ures 5a-5d, showing that the shrinking unreacted core model 
fits the experimental data well. 

As seen from Eqs. 
4-7, the elements needed to apply this model are the surface 
rate constant and pore-structure properties such as porosity, 
a pore coordination number, and the related K factor. Initial 
sedimentation processes created a microporosity that was 
modified by circulating waters as these limestones were lifted 
above the sea level, creating some large pores. Further, many 
shells of organisms, which were incorporated in the rock pos- 
sess intricate porosities of their own. Thus, due to many un- 

Application of Shrinking Unreacted Core Model. 

Application of Distributed Pore Model. 
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Figure 4. Conversion time of the limestone varieties 
studied. 
The curves are drawn on the basis of regression analysis; 
symbols represent experimental values. (a) Cordova Cream 
and Cordova Shell. (b) Louder and Bedford. 

connected pore structures found in these rocks we have mod- 
eled the system in the Bethe lattice concept in order to deter- 
mine various percolation properties analytically. 

The initial porosity, the end porosity, and the bulk density 
of the limestone varieties studied are shown in Table 2. While 
the rate constant, k,, was determined from the regression 
analysis of the experimental data (shown in the preceding 
section on shrinking core model), K was evaluated using to- 
tal and critical porosity (Eq. 6) and not by matching initial 
surface area measurement (Reyes and Jensen, 1986). The 
conversion-time plot for various limestones is shown in Fig- 
ures 5a-5d, using model Eqs. 4-7. The Z value ranged from 
10 to 14. This value is higher than that conventionally used in 
percolation models, but seems to be real considering the 
complex network of pores. Further, this value gives the best 
fit to observed conversions of all varieties of limestone. 
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Figure 5. Conversion time predicted by the shrinking 
unreacted core model (solid line) and the dis- 
tributed pore model (dotted line). 
(a) Cordova Cream; (b) Cordova Shell; (c) Louder; and (d) 
Bedford. Symbols denote experimental values. 

Percolation theory has been applied for modeling gas-solid 
reactions where a large change in porosity, 20% or more, had 
occurred (Reyes and Jensen, 1986). In our experiments the 
porosity changed by only 1.4%, at best showing that the pore 
model is applicable to situations where the maximum conver- 
sion due to reaction is rather low. 

The application of ANN to gas-solid 
reactions is the major concern of this article. Therefore, we 
will describe the procedure used in greater detail than we 
have done in the case of other models. We will also discuss 
why we believe that ANN is superior for predicting gas-solid 
reactions than multivariate regression techniques that may 
also be applied for the purpose. 

The network architecture we have used has an input layer 
with three neurons, one hidden layer with five neurons, an 
output layer with one neuron, and a target value. Porosity, 
density, and a selected data point representing a ppmxh  of 
reaction for a specimen are the elements of the input layer 
designated as I,,,, I,,,, and 13,p in Figure 2. As a first step in 
the operation of ANN these input values are multiplied by 

Application of ANN. 

Table 3. Mercury Intrusion Porosimetry of the Limestone 
Varieties 

Sample Large Pores Necks (N) Small Pores (LP + N) 
Name (LP)> 50 p m  10-50 p m  (SP) < 10pm /SP 

CR 0.0536 0.0024 0.0830 0.64 
cs 0.0570 0.0210 0.0580 0.98 
LD 0.0520 0.0040 0.0370 1.40 
BD 0.0300 0.0050 0.0420 0.71 

Note: Cordova Cream (CR), Cordova Shell (CS), Louder (LD), and Bed- 
ford (BD). The pore size is in w m  diameter, and the pore volume, 
shown for each category of pores, is in cc/g. 

randomly selected weights (w,,, i = 1,. . . , 5 ;  j = 1,. . . ,3) and 
summed up and processed in the hidden layer according to 
Eq. 9. This step is then repeated to yield data for the subse- 
quent layer, which in our architecture is the output layer. 
The value in the output layer is then compared with the tar- 
get, which is the observed conversion for a given period of 
reaction. This input-target pair forms a pattern. For the se- 
lected three limestone varieties (CR, LD, and BD) and three 
periods of conversion (500, 1,000 and 2,000 ppm X h) patterns 
were obtained. Using the backpropagation algorithm (Rum- 
melhart et al., 1986), the network was then trained to mini- 
mize the error, that is, the difference of values between the 
output layer and the target. The weights were updated as 
needed so that the error was minimized. This process was 
repeated until the error reached a significantly low prede- 
fined value. 

The learning coefficient, 7, and the momentum correction 
factor, a, for the entire training phase were kept to a con- 
stant at 0.3 and 0.05, respectively. A complete sweep of in- 
put-target data for each pattern following Eq. 11 resulted in 
the training of ANN. 

Figure 6 shows the plots of experimental points as well as 
the curves predicted by the application of converged weights 
determined. A good correlation exists between the experi- 
mental and the predicted values, even for longer periods of 
reaction than experimental data that had not been included 
in the training phase. In addition, the conversion of the CS 
limestone that also was not used for training was correctly 
predicted. 

Further, we used the weights obtained earlier to predict 
conversion of BD limestone used in the construction of 
tombstones exposed in Cave Hill cemetery in Louisville, 
where a nearly 20 ppb SO, concentration was found to exist 
during the period of exposure. We calculated that a nearly 
3-pm-thick crust would form in one year. This result com- 
pares well with the nearly 2-pm crust thickness formed upon 
marble in a year in the Louisville area (Yerrapragada et al., 
1994). 

While it is known that porosity characteristics influence the 
progress of reaction, many porosity-related properties cannot 
be determined by known techniques, and thus cannot be used 
in any modeling effort. Pore geometry and pore connectivity, 
for instance, cannot be quantified, yet these are two features 
that conceptually are highly significant in driving the reac- 
tion. Even though these properties cannot be determined by 

,I 
0 500 I000 1500 2000 2500 3000 3500 4000 

Cso, (ppm)X time of exposure (hr) 

Figure 6. Reaction rate predicted by ANN. 
Symbols denote experimental values. 
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the use of ANN, ANN has been proved suitable to predict 
the magnitude of conversions because its main power is in 
pattern recognition. 

Further, ANN, seemingly a regression technique, differs 
from and is superior to routinely applied regression tech- 
niques. For instance, in ANN no single node is responsible 
for associating a certain input with an output. Instead, each 
node encodes a microfeature of the input-output pattern. 
When we assemble all the nodes together into an ordered 
coordinated network by adjusting the strength of the connect- 
ing nodes with the help of training algorithms, these micro- 
features encode the macroscopic input-output pattern. If 
process conditions change, ANN can be subjected to further 
training and updated to match the input-output perform- 
ance, making it a self-correcting model. Finally, most regres- 
sion techniques map one, two, or at the most three depen- 
dent variables, whereas ANN can map many dependent and 
independent variables. 

The ability of ANN to recognize patterns has been success- 
fully utilized in evaluation of many diverse areas. To name 
just a few, ANN recognized hidden patterns in DNA (Hirst 
and Sternberg, 1992), in protein structure (Bohr et al., 19901, 
and in sequences that primarily regulate gene expressions 
(Nair et al., 1994). ANN has been applied in the solution of 
several problems in chemical engineering practice including 
fault diagnosis (Hoskins and Himmelblau, 19881, process con- 
trol (Psaltis et al., 1988; Nguyen and Widrow, 1990), dynamic 
modeling (Bhat and Mcavoy, 1990), and forecasting in short 
noisy time series (Foster et al., 1990). Further, ANN has per- 
formed well in market forecasting (Chitra, 1993) and even in 
the classification of galaxies (Lahav et al., 1995), and in 
chaotic time-series prediction generated by an NH, laser 
(Wan, 1994), all of which require highly complex, nonlinear 
analysis. It is therefore not surprising that we have been able 
to train ANN to correctly predict the evolution of gas-solid 
reactions, which shows quasi-linear behavior. 

Conclusion 
We have trained artificial neural networks (-4”s) on the 

basis of certain physical properties of limestones and their 
conversion in SO,-enriched atmospheres. The weights thus 
obtained have successfully predicted conversion of another 
limestone that was not used in the training phase. These 
weights have also correctly predicted the thickness of a crust 
formed upon marble in an ambient industrial atmospheres 
that has a much lower SO, concentration than those used for 
our experiments. 
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