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1. Introduction

Methanol (MeOH) and dimethyl ether (DME), which can be easily obtained from MeOH,
are superior candidates for clean transportation fuel. A compact and simple process with
good economy has been proposed to produce these fuels from dispersed unused carbon
resources (Yamada, 2003). The key point of this process is development of a noble catalyst
which is active for MeOH synthesis under mild reaction conditions. A number of new
catalysts for MeOH synthesis from syngas were discovered and some of them are more
active than the conventional Cu/Zn/Al catalyst. Cu-lanthanoid catalyst was reported as
one of the alternative catalyst (Andriamasinoro et al., 1993; Nix et al., 1987; Walker et al.,
1992). Under mild conditions Cu-Yb showed higher activity than Cu-Zn-Al (Sakata et al.,
1998). Prediction of the characteristics of new catalysts or catalyst additives from the
physicochemical properties of catalyst components would accelerate catalyst development.
In the present study such prediction methodology was developed and applied for MeOH
synthesis by Cu-Lanthanoid catalyst.
As reviewed in the introduction of reference(Valero et al., 2009), modeling methodologies
were suggested in the research field of catalysis (Baumes et al., 2004; 2007; Farrusseng et al.,
2005; Grubert et al., 2003; Holeňa & Baerns, 2003; Serra et al., 2003; Serra, Corma, Valero,
Argente & Botti, 2007; Wolf et al., 2000). It was also reported that an artificial neural network,
especially a radial basis function network(RBFN),(Omata et al., 2004; Umegaki et al., 2003) was
successfully applied for the regression of catalytic phenomena instead of the conventional
polynomial equation. Such methodology is effective for integrating the observation(Serna
et al., 2008) and the characterization(Barr et al., 2004; Baumes et al., 2009; 2008; Gilmore
et al., 2004; Takeuchi et al., 2005). Successful prediction of catalytic properties from the
physicochemical properties of the catalyst elements was, however, reported only in few
cases (Kito et al., 1992; 1994).
We recently succeeded in identifying an effective additive for Ni/active carbon (AC)
catalyst for the carbonylation of methanol based on previous experimental results and the
physicochemical properties of the elements (Omata & Yamada, 2004). The physicochemical
properties of element X were correlated by means of RBFN to the catalytic selectivity
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for vapor-phase carbonylation of methanol with a Ni-X/AC catalyst. Parameters of the
RBFN were determined using the experimental results. As a result Sn was predicted and
experimentally verified to suppress the methane formation. In the similar way, beryllium
was predicted as the most effective additive of Cu/Zn for methanol synthesis from syngas,
which was verified experimentally (Omata et al., 2005). In other case, La and Ce, Sc and Nd
were predicted to promote the activity of Ni/α-Al2O3 for oxidative reforming of methane.
The experimentally observed activity of Ni-Sc/α-Al2O3 was five times higher than that of
unpromoted Ni/α-Al2O3 catalyst (Omata et al., 2008).
In the present study, the activity of Cu-lanthanoid catalyst was correlated to the
physicochemical properties by means of multiple regression analysis (model 1), RBFN (model
2), and support vector regression (SVR, model 3, 4, and 5). Through the prediction of activity
of Cu-Sc and Cu-Pr catalyst, the generalization activity of these methods were compared and
then the influential physicochemical properties were determined by the best methodology.

2. Experimental

Ethanol-oxalate method was employed for catalyst preparation. Ethanol solution of nitrates of
Cu and lanthanoid was mixed with a given composition (Cu/lanthanoid = 5/1 molar ratio),
and then an ethanol solution of oxalic acid was added to precipitate the mixed oxalic salts.
The resulting mixed oxalates were washed with ethanol and dried at 353 K for 4 h in vacuo,
and then were calcined at 573 K for 4 h into mixed oxide. The catalyst precursor oxide
was activated at 403 K, 2.5 h, and 523 K, 1 h in the reaction gas. The reaction gas (syngas)
composition was : 60% H2, 30% CO, 5% CO2 and 5% Ar (as internal standard). The reaction
was conducted at 498 K, 1 MPa, W/F = 1 g·h/mol. Under these conditions, CO conversion
is lower than equilibrium limit of methanol synthesis. Activity is shown as a space-time
yield (STY, g-MeOH/kg-cat./h). Product gas was analyzed by micro-GC (Agilent, M-200,
Molecular Sieve 5A/PoraPLOT U).

3. Prediction method

3.1 Dataset for parameter decision

Experimental results of the activity test are summarized in Fig. 1. The activity of Cu-Sc is
much higher than those of Cu-La, Cu-Ce and Cu-Pr which were previously reported. The
target of the present study is to predict the activity of Cu-Sc and Cu-Pr (black bars in Fig. 1)
based on the experimental result in the figure other than the two catalysts.
As variables of regressions, physicochemical properties of lanthanoid (Periodic Table X ,
Synergy Creations) such as 1st ionization energy (1I [eV]), 2nd ionization energy (2I [eV]),
electro negativity (EN [-]), electric dipole polarizability (ED [Å3]), boiling point (BP [K]),
melting point (MP [K]), specific heat capacity (HC [J/g/K]), heat of fusion (HF [kJ/mol]),
heat of vaporization (HV [kJ/mol]), thermal conductivity (TC [W/m/K]), covalent radius
(CR [pm]), density (DS [g/cm3]), ionic radius (IR [pm]), and atomic weight (AW [g/mol])
were used with formation enthalpy of oxide (FE [kJ/mol])(Barin et al., 1993).
These primary properties should affect the secondary properties of catalyst such as surface
area, surface composition, metal dispersion, electric state, morphology, thermal stability, and
so on. These secondary properties then determine the catalytic activity. Therefore, properties
of element should be correlated to the catalytic performance in complicated non-linear
manner. Physicochemical properties of lanthanoid used for both the parameter decision and
the activity prediction were normalized to 0∼1 as shown in Table 1.

152 Artificial Neural Networks- Application

www.intechopen.com



α

α

α

∼

S
c Y L
a

C
e P
r

N
d

S
m E
u

G
d

T
b

D
y

H
o E
r

T
m Y
b

L
u

S
T

Y
 (

g
−

M
e

O
H

/k
g

−
c
a

t/
h

)

0

50

100

150

Fig. 1. Activity of Cu-Lanthanoid Catalyst for Methanol Synthesis from Syngas at 1 MPa.
Data of black bars were only used for the validation of models.

3.2 Multiple regression analysis (Model 1)

Multiple regression analysis was performed by using statistical language R as model 1. R
provides many functions such as lm() and step() available for statistical analysis. Because
correlation coefficients of MP to HF, BP to HV, and EN to 2I were over 0.9, respectively,
these properties (MP, BP, EN) were eliminated from the analysis to reduce the number of
the variables. Then, step() function of R was used to find the influential variables, and HF, 2I,
and DS were not included in the final model because of their high AIC (Akaike’s Information
Criterion (Akaike, 1974)) score. Predicted STYs by the final model are plotted in Fig. 2 and
the regression coefficients were determined as shown in Table 2. The activities of Cu-Pr and
Cu-Sc were predicted by the regression equation.
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Fig. 2. Predicted STY by optimized model 1–5.
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Symbol AW MP BP HV HF HC CR IR EN 1I 2I ED DS T

Y 0.338 0.842 0.925 0.775 0.835 0.357 0.439 0.590 0.500 0.699 0.504 0.360 0.219 0.2
La 0.646 0.141 0.976 0.904 0.242 0.119 0.610 1.000 0.000 0.133 0.152 0.978 0.541 0.1
Ce 0.732 0.000 0.963 0.888 0.146 0.095 0.512 0.615 0.000 0.097 0.090 0.868 0.553 0.0
Nd 0.764 0.252 0.808 0.628 0.000 0.095 0.488 0.538 0.000 0.088 0.054 1.000 0.585 0.2
Sm 0.811 0.317 0.258 0.022 0.313 0.119 0.537 0.718 0.500 0.186 0.155 0.809 0.664 0.1
Eu 0.823 0.022 0.174 0.063 0.280 0.071 1.000 0.744 0.000 0.212 0.206 0.728 0.330 0.1
Gd 0.864 0.594 0.894 0.528 0.694 0.214 0.415 0.359 0.500 0.637 0.460 0.419 0.715 0.0
Tb 0.877 0.646 0.875 0.862 0.760 0.071 0.366 0.256 0.500 0.381 0.290 0.566 0.770 0.0
Dy 0.905 0.706 0.590 0.498 0.835 0.048 0.366 0.205 0.500 0.451 0.334 0.493 0.810 0.0
Ho 0.923 0.777 0.648 0.535 0.835 0.048 0.341 0.154 0.500 0.522 0.373 0.426 0.848 0.2
Er 0.941 0.837 0.720 0.450 0.835 0.048 0.317 0.154 0.500 0.602 0.412 0.360 0.885 0.1
Tm 0.954 0.864 0.325 0.327 0.934 0.024 0.293 0.103 0.500 0.664 0.448 0.294 0.925 0.2
Yb 0.985 0.030 0.000 0.000 0.173 0.024 0.732 0.769 0.500 0.726 0.487 0.235 0.538 1.0
Lu 1.000 1.000 0.950 1.000 1.000 0.000 0.293 0.051 1.000 0.000 1.000 0.301 1.000 0.2

Pr 0.738 0.154 1.000 0.736 0.347 0.095 0.512 0.590 0.000 0.027 0.000 0.765 0.551 0.0
Sc 0.000 0.857 0.706 0.807 0.727 1.000 0.000 0.000 1.000 1.000 0.672 0.000 0.000 0.2
a) STY (g-MeOH/kg-cat/h)

The data in this table was saved in ’table_csv’ as csv file and used in the R programs (R Developme

(zz<-read.csv(table_csv))
(training<-zz[1:14,2:17])
(check<-zz[1:14,2:16])
(prediction<-zz[1:16,2:16])
(symbol<-data.frame(zz[,1]))

Table 1. Normalized Physicochemical Properties of Lanthanoid
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Estimate Std. Error t value Pr(> |t|)
(Intercept) 352.9520 83.8388 4.21 0.0136
HV -11.5397 14.0399 -0.82 0.4573
HC -166.8569 97.6436 -1.71 0.1627
CR -257.3117 57.7042 -4.46 0.0112
IR 100.9706 29.2293 3.45 0.0259
X1I -53.1008 21.2195 -2.50 0.0666
ED -139.1426 30.6455 -4.54 0.0105
DS -78.1877 52.0711 -1.50 0.2076
TC 29.8160 24.2563 1.23 0.2864
FE -82.7350 16.3662 -5.06 0.0072

Residual standard error: 9.319 on 4 degrees of freedom
Multiple R-squared: 0.9596, Adjusted R-squared: 0.8687

F-statistic: 10.55 on 9 and 4 DF, p-value: 0.01837

Table 2. Regression Coefficient of Model 1

3.3 Radial basis function network (Model 2)

Activity of methanol synthesis (response) was expressed by a RBFN as functions of the
physicochemical properties in model 2:

response =
14

∑
i=1

wi exp

�

−
(x − ci)

2

2σ
2
i

�

(1)

where ci is the centers, σi is the radii, and wi is the weights of the radial basis functions
and x is the physicochemical properties. σi was defined as the average of the distance to
the two nearest-neighbors in the training data, and ci was determined as an input vector of
the physicochemical properties of elements used as the training data. Of course data of Cu-Sr
and Cu-Pr are not included in the training data. The RBFN was coded and constructed by R
as below where predicted STY was plotted as shown in Fig. 2 and then the activities of Cu-Pr
and Cu-Sc were predicted by the RBFN. The number of nodes in the input layer, in the hidden
layer, and in the output layer of the RBFN was 15, 14, and 1 respectively.

model2<-function(t,p) {
p<-as.matrix(p)
response<-t[,ncol(t)]
center<-as.matrix(t[,-ncol(t)])
sigma2<-apply(apply(as.matrix(dist(center))^2,1,sort)[2:3,],2,mean)
weight<-t(solve(exp(as.matrix(dist(center)^2)/(-2)/sigma2)))%*%response
pre<-NULL
tt<-NULL
for (i in 1:nrow(p)){

tt<-matrix(data=p[i,],nrow=nrow(center),ncol=ncol(center),byrow=T)
pre[i]<-exp(apply((tt-center)^2/(-2)/sigma2,1,sum))%*%weight}

return (pre)}
plot(training$response, model2(training,check))
cbind(symbol,model2(training,prediction))
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3.4 Support vector regression (Model 3)

Recently support vector machine (SVM) attracts much attention because of its high
generalization capability. SVM was first reported in the field of solid catalysis as a classifier
(Baumes et al., 2006; Serra, Baumes, Moliner, Serna & Corma, 2007). It can be used also for
regression, and by SVM the inputs are mapped into a high-dimensional space in nonlinear
manner and then the modified inputs are correlated linearly with the output (Fan et al., 2005;
Nandi et al., 2004). These reported results show clearly the superior generalization capability
of a SVM and better availability through open source program makes SVM more applicable
than an artificial neural network.
In the present study, SVR was performed using libsvm library (Fan et al., 2005) through svm()
function in package e1071 of R. A radial basis function was used as the kernel function and
the normalized physicochemical properties and STY in Table 1 other than Cu-Pr and Cu-Sc
were used.
In model 3, only cost parameter of SVM (the penalty parameter of the error term) was
optimized as below using a trial-and-error method. By increasing cost parameter, the residual
sum of squares was decreased as shown in Fig. 3. The predicted STY was in the steady state
when cost parameter was larger than 10000. Predicted STY by the final model (cost=10000,
gamma=1/15 as default) was plotted in Fig. 2 and then the activities of Cu-Pr and Cu-Sc were
predicted by the SVM.

library(e1071)
model3<-svm(response~., data=training,cost=10000,scale=F)
(rss<-sum((training$response-fitted(model3))^2))
plot(training$response,fitted(model3))
cbind(symbol,predict(model3,prediction))
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Fig. 3. Optimization of cost parameter of model 3.
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3.5 Support vector regression (Model 4)

In model 4, gamma parameters of SVM (the kernel parameter of the RBFs) and cost parameter
were optimized simultaneously using a grid search (Fan et al., 2005). tune.svm() function
was used as below to decrease the sum of squared error between the experimental and the
predicted STY other than Cu-Pr and Cu-Sc. The ranges of cost and gamma were gradually
narrowed whereas the optimum parameters should not be located at the edge of the range.
For example the range of cost parameter was changed from 104∼10−4 to 102.3∼102.4 with
smaller steps. Predicted STY by the final model was plotted as shown in Fig. 2 and then the
activities of Cu-Pr and Cu-Sc were predicted by the SVM.

library(e1071)
cost=10^c(seq(2.3,2.4,0.01))
gamma=10^c(seq(-0.3,-0.2,0.01))
model=tune.svm(response~., data=training, gamma=gamma, cost=cost, scale=F,

tunecontrol=tune.control(sampling="fix"),
validation.x=training[,-ncol(training)],
validation.y=training[,ncol(training)])

model4=model$best.model
plot(training$response,fitted(model4))
cbind(symbol,predict(model4,prediction))

3.6 Support vector regression (Model 5)

In model 5, leave-one-out method (in this case, 14-fold cross validation) were used instead
of the grid search to prevent the over-fitting problem. The ranges of cost and gamma were
gradually narrowed as in model 4. Predicted STY by the final model was plotted as shown in
Fig. 2 and then the activities of Cu-Pr and Cu-Sc were predicted by the SVM.

library(e1071)
cost=10^c(seq(3.85,3.95,0.01))
gamma=10^c(seq(-1.15,-1.05,0.01))
model=tune.svm(response~., data=training, gamma=gamma, cost=cost, scale=F,

tunecontrol=tune.control(sampling="cross",cross=14))
model5=model$best.model
plot(training$response,fitted(model5))
cbind(symbol,predict(model5,prediction))

4. Result and discussion

The activity of Cu-Pr and Cu-Sc were predicted using model 1–5. As mentioned above,
activity data of Cu-Sc(159 g-MeOH/kg-cat/h) and Cu-Pr(4.1 g-MeOH/kg-cat/h) were not
included in the construction of model 1–5. In Fig. 4 the prediction errors are compared. The
activity of Cu-Pr was predicted to be larger than the experimental result in the all model.
The precision of the prediction was high as follows: model 5 > model 3 > model 4 > model
2 ≈ model 1. Physicochemical properties such as 1I(1st ionization energy) and AW(atomic
weight) of lanthanoid are plotted in Fig. 5. Based on the open circles (training data for the
regression), activities corresponding to the closed circle (target data) should be predicted. It
is understandable that prediction error of Cu-Pr is smaller than that of Cu-Sc because Sc is
located far from the training elements. Among the model 1–5, only model 5 is equipped
with a mechanism to avoid over-fitting. Using the unevenly distributed training data as
shown in Fig. 5, leave-one-out (14-fold cross-validation) was proved to be effective for the
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Fig. 4. Comparison of the Prediction Error by Various Regression Method.

In order to find the correlation between the physicochemical properties and the activity of
Cu-lanthanoid for methanol synthesis, the best regression model was constructed using the
all data in Table 1.
The model 6 was constructed using the SVM of which parameters were optimized by
leave-one-out method as same as model 5.
In the model 6, correlation between the physicochemical properties and the activity of
methanol synthesis should be unveiled.
The STY of Cu-Sc catalyst is plotted in Fig. 6 as a function of some physicochemical
property. Even when the property change is imaginary, the STY change can be predicted
by the regression model 6 if one properties is changed. As shown in the figure, effect of
TC on the activity of Cu-Sc should be small: even if TC can be changed, the activity of the
resulting catalyst is almost same. On the contrary, BP should be influential on the activity.
The difference of the maximum and the minimum of such imaginary activity of Cu-Sc was
predicted as shown in Fig. 7 for each physicochemical property. In this figure is shown that
the five properties are remarkably influential. They can be categorized in two groups:
group 1:EN, 1I
group 2:BP, HV, CR
In methanol synthesis active site of Cu catalyst is not clear yet. However, in Cu/ZnO-based
ternary catalysts for methanol synthesis from CO2 and H2, Cu0/Cu+ ratio influences the
activity (Saito et al., 1996). According the results it is natural that the ligand effect of the
lanthanoid is influential.
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On the other hand, in the case of metal alloy, metals with higher HV tend to be dominant on
the surface. Thus, BP and HV in group 2 probably are the indexes of surface mobility. With
Cu-Yb catalyst for hydrogenation, the catalyst morphology is influenced by the pretreatment
temperature. Cluster-like ytterbium oxide homogeneously dispersed in copper metal when
it is activated at the optimum temperature, and the morphology strongly affects the catalytic
performance (Sakata et al., 1999). Because CR is one of the most principal character of the
bimetallic catalyst (Cu-lanthanoid), CR can influence the morphology along with the HV or
BP, on the surface Cu metal and can influence hydrogenation activity.
Generally, sintering of Cu metal is a serious problem for the stability of Cu catalyst. When
highly dispersed and active Cu/Zn/Al catalyst was prepared by ethanol-oxalate method,
the cautious start-up was necessary for the appearance of high activity because methanol
synthesis is highly exothermic reaction and the facile start-up causes the heat-up and sintering
of the catalyst. Thus, thermal-effect-related properties such as TC and HC are potentially the
important factor for Cu catalyst. As shown in Fig. 7, however, the effect of TC and HC are
negligible on Cu-Sc catalyst. The result brings some insights into the active site of the catalyst.

B
P

C
R

E
N 1
I

H
V

H
F

A
W D
S

F
E

E
D IR

M
P 2
I

T
C

H
C

D
if
fe

re
n
c
e
 o

f 
S

T
Y

 (
g
−

M
e
O

H
/k

g
−

c
a
t/
h
)

0

10

20

30

40

Fig. 7. Effect of Physicochemical Properties on STY Change of Cu-Sc Catalyst.

Thus the influential properties for Cu-lanthanoid catalyst were those for ligand effect (by EN
and 1I) and geometric effect (by BP, HV, and CR). Thermal effect (TC and HC) plays a small
role in this case.

5. Conclusion

Catalytic activities for methanol synthesis from syngas at 1 MPa and 498 K of Cu-Pr and Cu-Sc
were precisely predicted. The activity of Cu-Sc was predicted to be much higher than those
of the previous Cu-lanthanoid catalyst and the prediction was confirmed experimentally. For
the prediction only the physicochemical properties of lanthanoid elements and the catalytic
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activity of Cu-lanthanoid other than Cu-Pr and Cu-Sc were necessary. The best regression
model was obtained by support vector regression when the parameters of the model was
optimized by leave-one-out method. Such optimization method is important to prevent the
over-fitting problem. The influential physicochemical properties were those for geometric
effect and ligand effect for Cu catalyst, whereas thermal effect plays a small role. Support
vector machine can be a robust tool for rapid catalyst development.
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Holeňa, M. & Baerns, M. (2003). Feedforward neural networks in catalysis A tool for
the approximation of the dependency of yield on catalyst composition, and for
knowledge extraction, Catalysis Today 81(3): 485–494.

Kito, S., Hattori, T. & Murakami, Y. (1992). Estimation of the acid strength of mixed oxides by
a neural network, Industrial & Engineering Chemistry Research 31(3): 979–981.

Kito, S., Hattori, T. & Murakami, Y. (1994). Estimation of catalytic performance by neural
network: product distribution in oxidative dehydrogenation of ethylbenzene, Applied
Catalysis. A: General 114(2): 173–178.

Nandi, S., Badhe, Y., Lonari, J., Sridevi, U., Rao, B., Tambe, S. & Kulkarni, B. (2004). Hybrid
process modeling and optimization strategies integrating neural networks/support
vector regression and genetic algorithms: study of benzene isopropylation on Hbeta
catalyst, Chemical Engineering Journal 97(2-3): 115–129.

Nix, R., Rayment, T., Lambert, R., Jennings, J. & Owen, G. (1987). An in situ X-ray diffraction
study on the activation and performance of methanol synthesis catalysts derived
from rare earth-copper alloys, Journal of Catalysis 106(1): 216–234.

Omata, K., Endo, Y., Ishii, H., Masuda, A. & Yamada, M. (2008). Effective additives of
Ni/α-Al2O3 catalyst at low methane conversion of oxidative reforming for syngas
formation, Applied Catalysis A: General 351(1): 54–58.

Omata, K., Hashimoto, M., Sutarto, Ishiguro, G., Watanabe, Y., Umegaki, T. & Yamada,
M. (2005). Screening using artificial neural network of additives for Cu-Zn oxide
catalyst for methanol synthesis from syngas, Journal of the Japan Petroleum Institute
48(3): 145–149.

Omata, K., Watanabe, Y., Hashimoto, M., Umegaki, T. & Yamada, M. (2004). Simultaneous
optimization of preparation conditions and composition of the methanol synthesis
catalyst by an all-encompassing calculation on an artificial neural network, Industrial
& Engineering Chemistry Research 43(13): 3282 – 3288.

Omata, K. & Yamada, M. (2004). Prediction of effective additives to a Ni/active carbon catalyst
for vapor-phase carbonylation of methanol by an artificial neural network, Industrial
& Engineering Chemistry Research 43(20): 6622–6625.

R Development Core Team (2009). R: A Language and Environment for Statistical Computing, R
Foundation for Statistical Computing, Vienna, Austria. ISBN 3-900051-07-0.

Saito, M., Fujitani, T., Takeuchi, M. & Watanabe, T. (1996). Development of copper/zinc
oxide-based multicomponent catalysts for methanol synthesis from carbon dioxide
and hydrogen, Applied Catalysis A, General 138(2): 311–318.

Sakata, Y., Nobukuni, S., Hashimoto, T., Takahashi, F., Imamura, H. & Tsuchiya, S. (1998).
Catalytic Activity for Methanol Synthesis over a Copper-Lanthanide Oxide Complex
System Prepared from a Copper-Lanthanide Complex Oxide of Cu6O8Yb(NO3),
Chemistry Letters 27(12): 1211–1212.

Sakata, Y., Nobukuni, S., Kikumoto, E., Tanaka, K., Imamura, H. & Tsuchiya, S. (1999).
Preparation and catalytic property of a copper–lanthanide oxide binary system for
hydrogenation reaction, Journal of Molecular Catalysis. A, Chemical 141(1-3): 269–276.

Serna, P., Baumes, L., Moliner, M. & Corma, A. (2008). Combining high-throughput
experimentation, advanced data modeling and fundamental knowledge to develop
catalysts for the epoxidation of large olefins and fatty esters, Journal of Catalysis
258(1): 25–34.

163Facile Tool for Prediction of Catalytic Activity - Cu-Lanthanoid Catalyst for Methanol Synthesis

www.intechopen.com



Serra, J., Chica, A. & Corma, A. (2003). Development of a low temperature light
paraffin isomerization catalysts with improved resistance to water and sulphur by
combinatorial methods, Applied Catalysis A, General 239(1-2): 35–42.

Serra, J., Corma, A., Valero, S., Argente, E. & Botti, V. (2007). Soft computing techniques
applied to combinatorial catalysis: A new approach for the discovery and
optimization of catalytic materials, QSAR & Combinatorial Science 26(1): 11–26.

Serra, M., Baumes, A., Moliner, M., Serna, P. & Corma, A. (2007). Zeolite Synthesis Modelling
with Support Vector Machines: A Combinatorial Approach, Combinatorial Chemistry
& High Throughput Screening 10(1): 13–24.

Takeuchi, I., Long, C., Famodu, O., Murakami, M., Hattrick-Simpers, J., Rubloff, G.,
Stukowski, M. & Rajan, K. (2005). Data management and visualization of x-ray
diffraction spectra from thin film ternary composition spreads, Review of Scientific
Instruments 76: 062223.

Umegaki, T., Watanabe, Y., Nukui, N., Omata, K. & Yamada, M. (2003). Optimization of
catalyst for methanol synthesis by a combinatorial approach using a parallel activity
test and genetic algorithm assisted by a neural network, Energy & Fuels 17(4): 850 –
856.

Valero, S., Argente, E., Botti, V., Serra, J., Serna, P., Moliner, M. & Corma, A. (2009). DoE
framework for catalyst development based on soft computing techniques, Computers
and Chemical Engineering 33(1): 225–238.

Walker, A., Lambert, R., Nix, R. & Jennings, J. (1992). Methanol synthesis over catalysts
derived from CeCu2: transient studies with isotopically labelled reactants, Journal
of Catalysis 138(2): 694–713.

Wolf, D., Buyevskaya, O. & Baerns, M. (2000). An evolutionary approach in the
combinatorial selection and optimization of catalytic materials, Applied Catalysis A,
General 200(1-2): 63–77.

Yamada, M. (2003). High-quality transportation fuels, Energy & Fuels 17(4): 797–798.

164 Artificial Neural Networks- Application

www.intechopen.com



Artificial Neural Networks - Application

Edited by Dr. Chi Leung Patrick Hui

ISBN 978-953-307-188-6

Hard cover, 586 pages

Publisher InTech

Published online 11, April, 2011

Published in print edition April, 2011

InTech Europe

University Campus STeP Ri 

Slavka Krautzeka 83/A 

51000 Rijeka, Croatia 

Phone: +385 (51) 770 447 

Fax: +385 (51) 686 166

www.intechopen.com

InTech China

Unit 405, Office Block, Hotel Equatorial Shanghai 

No.65, Yan An Road (West), Shanghai, 200040, China 

Phone: +86-21-62489820 

Fax: +86-21-62489821

This book covers 27 articles in the applications of artificial neural networks (ANN) in various disciplines which

includes business, chemical technology, computing, engineering, environmental science, science and

nanotechnology. They modeled the ANN with verification in different areas. They demonstrated that the ANN is

very useful model and the ANN could be applied in problem solving and machine learning. This book is

suitable for all professionals and scientists in understanding how ANN is applied in various areas.

How to reference

In order to correctly reference this scholarly work, feel free to copy and paste the following:

Kohji Omata, Tetuo Umegaki and Muneyoshi Yamada (2011). Facile Tool for Prediction of Catalytic Activity —

Cu-Lanthanoid Catalyst for Methanol Synthesis, Artificial Neural Networks - Application, Dr. Chi Leung Patrick

Hui (Ed.), ISBN: 978-953-307-188-6, InTech, Available from: http://www.intechopen.com/books/artificial-

neural-networks-application/facile-tool-for-prediction-of-catalytic-activity-cu-lanthanoid-catalyst-for-methanol-

synthesis



© 2011 The Author(s). Licensee IntechOpen. This chapter is distributed

under the terms of the Creative Commons Attribution-NonCommercial-

ShareAlike-3.0 License, which permits use, distribution and reproduction for

non-commercial purposes, provided the original is properly cited and

derivative works building on this content are distributed under the same

license.


