
Ž .Chemometrics and Intelligent Laboratory Systems 51 2000 163–173
www.elsevier.comrlocaterchemometrics

Rapid determination of FeO content in sinter ores using DRIFT
spectra and multivariate calibrations

Kwang-Su Park a, Hyeseon Lee a, Chi-Hyuck Jun a,), Kwang-Hyun Park b,
Jae-Won Jung b, Seung-Bin Kim b,1

a Laboratory for Applied Statistics, Department of Industrial Engineering, Pohang UniÕersity of Science and Technology, San 31,
Hyoja-dong, Nam-gu, Pohang 790-784, South Korea

b Laboratory for Vibrational Spectroscopy, Department of Chemistry, Pohang UniÕersity of Science and Technology, San 31, Hyoja-dong,
Nam-gu, Pohang 790-784, South Korea

Received 23 September 1999; accepted 15 March 2000

Abstract

Ž .Using diffuse reflectance infrared Fourier transform spectroscopy DRIFTS , several multivariate calibration methods are
explored for the quantitative determination of FeO content in sinter ores. The multivariate calibrations include ridge regres-
sion with variable selection, principal component regression, ridge principal component regression, and partial least square
regression with the linear and the nonlinear mapping using neural networks. Spectral data are preprocessed by signal correc-
tion and scaling prior to the modeling. Cross validation is employed to obtain the optimal biasing parameter in ridge-related

Ž .regression and to obtain the optimal number of principal components or latent variables in component-related modeling.
We consider the possibility of reducing the number of variables involved in models while maintaining the prediction power
to propose a final prediction model. For the quantitative determination of FeO content in sinter ores, component related re-
gressions on auto-scaled orthogonal signal correction are suggested as appropriate calibration methods. q 2000 Elsevier Sci-
ence B.V. All rights reserved.
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1. Introduction

w xChemometrics 1–3 coupled with infrared spec-
Ž .troscopy mid-IR and NIR has been widely used for
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the rapid determination of the chemical composition
Ž w xof various materials e.g. gasoline 4,5 , palm olein

w x w x w x w x6 , meat 7 , enzyme 8,9 , resinate 10 , vitamins
w x w x.11 , pharmaceutical components 12 . In particular,

ŽDRIFTS diffuse reflectance infrared Fourier trans-
.form spectroscopy has gained popularity for the

study of powders, solids, and species adsorbed on
w xsolids 13 and in quality control applications due to

its minimal sample preparation requirement. It has,
however, been reported that spectral measurements
are influenced by the parameters such as particle size
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w x w x14 , sample packing density 15,16 , optical proper-
w xties of the powder 17 , and the type of DRIFTS ac-

w xcessory 18 . Nevertheless, quantitative results for a
powdered sample can be obtained from DRIFT spec-
tra if proper sample preparations are made. Using
DRIFT spectra for a quantitative purpose usually re-
quires the use of a multivariate calibration method to
construct a relationship between the DRIFT spectra
and the contents or properties of the powdered sam-
ple.

Fredericks et al. showed in their works on the ap-
Ž .plication of factor analysis in this case, PCR to the

FTIR in the mid-IR region that the analyses of coals,
minerals, and iron ores for their constituents and

w xproperties could be realized using DRIFTS 19–21 .
Since coals and iron ores, the major raw material in
sinter ores, are obtained from diverse sites, mixtures
of them should be controlled carefully to obtain the
optimal composition that would lead to a good qual-
ity of iron in a blast furnace. In particular, the in-
crease of FeO content in sinter ores may cause low
pH in furnace and makes deoxidization difficult,
which results to require more fuel materials in fur-
nace. Although FeO in sinter ores is one of the major
constituents in making iron and steel, there have been
little attempts for the prediction of FeO content in
sinter ores using DRIFTS and a multivariate calibra-
tion, which have several advantages over conven-
tional analysis methods.

Since FeO itself, designated as wustite, is not sta-
ble to exist in sinter ores, various forms of FeO
species combined with other constituents such as
Fe O , CaO P FeO P Fe O , CaO P FeO P SiO , etc.,3 4 2 3 2

are present in sinter ores instead of wustite species
w x22 . In particular, the principal form of FeO in sinter

Ž .ores is usually magnetite, Fe O FeOPFe O . Two3 4 2 3

different methods are used to determine the amount
Žof FeO in sinter ores at POSCO Pohang Iron and

.Steel : a wet analysis based on the redox reaction be-
Ž .tween Fe II and standard potassium dichromate

w xtitrant 23 and an instrumental method based on the
w xmagnetic field permeability of FeO in sinter ores 22 .

The former, a standard method generally adopted in
iron-making industry, is accurate but time-consum-

Ž .ing ca. 4 h and uses chemicals which may make
hazardous effects on operators and environment. The
instrumental method is rapid and environment-
friendly, but not as accurate as wet analysis due to the

permeability difference caused by various forms of
wustite combined with other constituents. A rapid,
simple, yet accurate determination of FeO content in
sinter ores is essential to provide appropriate materi-
als in making iron and steel.

In this paper, we describe the application of
DRIFTS for the determination of FeO content in sin-
ter ores that would be an efficient and environment-

Žfriendly technique without acid treatment wet ana-
.lysis due to the minimal sample preparation. We

investigate the possibility of DRIFTS combined with
an improved multivariate analysis that may replace
the conventional analysis methods. The purposes of

Ž .this paper are: 1 to propose the most appropriate
prediction model through the comparison of various

Ž .multivariate methods, and 2 to demonstrate the ef-
fect of signal correction methods on the prediction
model with DRIFT spectra.

2. Experimental

2.1. Instrumentation

DRIFT spectra are recorded on a Bomem MB100
FTIR spectrometer equipped with a DRIFT attach-

Ž .ment Praying Mantis Model, Harrick, USA , an
Ž .FTIR purge gas generator Whatman Model 74-504 ,

Ž y1 .and a wide band MCT detector 400 cm cutoff .
Purge rate is 15 lrmin in the sample part and 2.5
lrmin in the interferometer part of FTIR spectrome-
ter. Sinter ores are ground by a Disc Grinding Mill

Žoperating at 900 RPM Model TS250, Siebtechnik,
.Germany .

2.2. Analysis of samples

Ž .FeO content in weight percentage of sinter ores
related to DRIFT spectra are measured by Chemical

ŽTesting and Inspection Section Kwangyang Steel
.Works, POSCO using the conventional wet analysis

w x23 . Among 95 samples collected, 70 observations
are used for the calibration and 25 observations for
the validation. Fig. 1 shows the distributions of FeO
content in the calibration and validation data sets
whose means are 8.183, 8.044 and standard devia-
tions are 0.858, 1.032, respectively.
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Fig. 1. Distributions of FeO content in calibration and validation data sets.

2.3. Measurement of DRIFT spectra

Because it is difficult to obtain a specific particle
size in the powdered samples, sinter ores are milled

Žfor 3 min to take a specific size distribution 74–105
.mm and dried at 107"28C for 2 h to be made as

laboratory samples consistent with the ones taken in
real application situation. Sample cups are overfilled
and lightly tapped on the bench and straight edge
drawn across the surface. This sample preparation
method renders good reproducibility in the DRIFT
spectra. A total of 128 scans of nominal resolution of
4 cmy1 are collected to obtain a diffuse reflectance
spectrum in the range of 4000–450 cmy1. The dif-

fuse reflectance spectra of sinter ores are obtained
with the background spectra of a Harrick reference
mirror and the resultant spectra are transformed into
DRIFT spectra by Kubelka–Munk function. The
procedure is repeated three times and three spectra are
averaged to obtain the final spectrum giving a total
of 1842 data points. Infrared bands of several iron

Ž .oxides e.g., a-Fe O , g-Fe O , Fe O , FeO in KI2 3 2 3 3 4
y1 w xdiscs appeared in the region 1100–300 cm 24 .

ŽOverlapped weak and broad bands 1600–1430
y1 . Žcm in Fig. 2 seem to come from overtone com-

.bination transitions of iron oxides andror fun-
damental transitions of other minor constituents in
sinter ores. The spectral region used for statistical

Fig. 2. FTIR spectra of sinter ores.
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y1 Ž .modeling is 1600–470 cm 587 variables , which
includes most of the significant reflectance bands.
The general appearance of the DRIFT spectra is
shown in Fig. 2. The magnified portion of the spec-
tra is used for the modeling hereafter. Several multi-
variate methods are used to derive a relationship be-

Ž .tween the DRIFT spectra X matrices and the FeO
Ž .content of sinter ores samples y vector .

2.4. Calibration and Õalidation methods with prepro-
cessing

The calibration and validation steps are carried out
with multivariate methods including ridge regression
Ž . Ž .RR , principal component regression PCR , ridge

Ž .combined PCR RPCR , and partial least squares re-
Ž .gression PLSR or PLS with the linear and the non-

linear mapping. The nonlinear mapping for inner re-
lation of PLS is implemented by neural networks
Ž .NN . Prior to the calibration modeling, we applied
data preprocessing methods such as scaling and sig-
nal correction. Programs for the preprocessing and

w Žmodeling are written in MATLAB The Language
of Technical Computing, Version 5.2.0, the Math-

.Works, 1998 and the C programming language.

3. Results and discussion

3.1. Preprocessing

For powder samples as like in many others, the
surface scattering and the specular reflection cause
baseline variations and wavelength shifts in mea-
sured spectra, and the resulting spectra inevitably
contain noises. In multivariate calibration of FTIR
data, preprocessing is commonly employed to reduce

w xsystematic variations unrelated to the response 25 .
Two types of preprocessing, the differentiation and

Ž .the signal correction SC are often used. We fo-
cused on the SC techniques in this paper. It is gener-

Žally recommended that scaling auto-scaling or
.mean-centering is first applied to the original data

and the SC is followed.
In essence, the SC should not remove information

Ž .about y from the spectra X so that this non-remov-
ing part can be stringently formulated mathemati-
cally: that is, the information of y should be unre-

lated to what is removed from X by the SC. We
employ two methods of SC, multiplicative signal

Ž .correction MSC and orthogonal signal correction
Ž .OSC .

3.1.1. MultiplicatiÕe signal correction
MSC is an additive and multiplicative signal cor-

w x Trection method 7 . Each wavelength spectrum, x si
Ž .x , x , . . . , x , is corrected by regressing iti1 i2 i p

against the average spectrum of the calibration set
Ž .m s S x rn with x s a q b m q ´ , i s 1,k i k i k i i k i k

. . . , n; ks1, . . . , p, where n is the number of ob-
servations and p is the number of wavelengths. New
corrected spectrum of each wavelength is obtained by

T Ž T .x s x ya rb .i,corrected i i i

3.1.2. Orthogonal signal correction
w xAs Wold et al. 26 proposed, OSC removes only

the part that is unrelated to y from the spectral ma-
Ž .trix X . This is ensured by enforcing that the re-

moved part is mathematically orthogonal to y, or
close to orthogonal as much as possible. Implement-
ing OSC, removing of two orthogonal components is
often sufficient. These removals are commonly con-
sidered as the base line correction and the multiplica-

w xtive effect correction 26 . After two OSC compo-
nents are removed from the mean-centered DRIFT
spectra, the resulting spectra look quite different from
the original spectra and become smoothed as in Fig.
3.

3.2. MultiÕariate modeling: calibration and Õalida-
tion

Several algorithms are considered to develop pre-
dictive models: RR, PCR, RPCR, and PLS with the
linear and the nonlinear inner relation. The model

Žparameters e.g. the number of latent variables in
.PLS are chosen as the one giving the minimum value

Ž .of predicted residual error sum of squares PRESS .m
nc Ž .2It is obtained by S y yy , where n is theˆis1 Žm ,i. i i c

number of the calibration samples and y is theˆŽm ,i. i
ith predicted value by the model using m latent vari-
ables except ith observation from calibration set in
cross-validation process by leave-one-out method.
In calibration step, the predictive ability of each mo-
del is evaluated using the root mean square error of
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Fig. 3. Raw and OSC-treated DRIFT spectra after mean-centering.

Ž .cross validation RMSECVs PRESSrn and the( c
Žroot mean squared error of calibration RMSEC

2n c . Ž(s S y y y rn . Once the statistical orŽ .ˆis 1 i i c
.mathematical model is developed using 70 calibra-

tion samples, we obtain the root mean squared error
2n vŽ .(of validation RMSEV s S y y y rn ,Ž .ˆis 1 i i v
.where n is the number of validation samples usingv

the rest model-independent 25 samples for the model
Ž .validation testing .

3.2.1. Stepwise ridge regression
Ž .If we state the multiple linear regression MLR

model in the form of ysX bq´ , where X is spec-
tral data matrix, y is the vector of chemical FeO
content, b is the vector of regression coefficients,
and ´ is the vector of random errors. For spectral

Ž .data, the number of variables p in the matrix X of-
Ž .ten exceeds the number of observations n . In the

presence of high degree of collinearity among the x
Ž .variables, the ordinary least square OLS estimates

ˆ T y1 TŽ .of regression coefficients, bs X X X y, may be
unstable and lead to a poor prediction.

In the works on response surface related to ridge
w x w xregression, Horel 27 and Horel and Kennard 28

ˆ T y1 TŽ .provided ridge estimator, b s X XqkI X ysr
T y1 y1ˆŽ Ž . .Iqk X X b , where k is a biasing parameter

to be determined. It is well known from the works of
ˆw x Ž .Draper and Nostrand 29 that S MSE b Fi i r

ˆŽ .S MSE b is guaranteed for some k ) 0 wherei i
ˆ ˆŽ .MSE b is the mean square error of the estimate bi i

of parameter b .i

We use the stepwise method to select a set of
variables: either adding or deleting one variable in
each step. The significance level for entering a can-
didate variable, 0.05, is used here. If the partial F-
statistic of a candidate variable for exiting is less than
the cutoff, that variable is dropped from the model.
This is similar to the standard stepwise method ex-
cept for the consideration of the biasing parameter. In
each step after adding or deleting a variable, for a set
of selected variables, the biasing parameter k is de-
termined according to the grid search by leave-
quarter-out cross-validation because of the computa-
tion time. The leave-quarter-out cross-validation
means that samples randomly shuffled are split into
four and each quarter is repeatedly used for the vali-
dation with the model obtained by other three-
quarters. The grid algorithm first searches for the best

Ž .one which is minimizing RMSECV among the val-
� 4 y1ues 0, 1, 2, . . . , 9 =10 . If the selected value is

l=10y1, then do this searching procedure among the
� 4 y2 y1values 0, 1, 2, . . . , 9 =10 q l=10 . This pro-

cedure is repeated until the best value in the preci-
sion of 10y6 is determined.

Ž . Ž .After 11 14, 10 steps under no SC MSC, OSC ,
we have obtained the results listed in Table 1, where
PEIY denotes the percentage of explained variance
Ž .s information in the y block. In this case, data is
auto-scaled before applying SC methods.

The biasing parameters in OSC and no SC are 0,
which suggest using MLR. We find that the SC gives
better performance with smaller number of variables
and that OSC reduces RMSEV of MSC by 12%. In
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Table 1
Result of the RR models under auto-scaling

No SC MSC OSC

Number of variables 9 6 6
y1Ž .Selected wavenumbers cm 613, 618, 721, 726, 858, 562, 601, 622, 572, 574, 618,

994, 998, 1201, 1598 721, 994, 1519 721, 998, 1201
k 0 0.000226 0

Ž .RMSECV wt.% 0.2010 0.2114 0.0548
Ž .PEIY % 96.86 96.01 99.75

Ž .RMSEC wt.% 0.1511 0.1704 0.0425
Ž .RMSEV wt.% 0.2203 0.2066 0.1815

the case of OSC, the RMSEC is much smaller than
the RMSEV, which may be suspect overfitting.
However, the minimum value of RMSECV is similar
to RMSEC and it is also smaller value than RMSEV.
It implies that the modeling may not be overfitting but
pertinent. This phenomenon is mainly because the
OSC removes part of validation X that is orthogonal
to y of calibration data set. Though both data sets
have similar distribution, the OSC result is not same
when the OSC weight and loading matrix from the
calibration set is applied to the validation set. Signal
correction of validation X is slightly different from
the perfect one using the validation y. Though the
model of OSC does not overfit, it gives much greater
RMSEV than RMSECV. In spite of the loss for the
prediction of new model independent data, the OSC
tends to show better result than the no SC or the MSC.
Similar results are obtained in another modeling

Ž .methods e.g. PCR, PLS .

3.2.2. Principal component regression
The MLR model may be expressed as ysX bq

T Ž´sXPP bq´sTaq´ , where TsXP matrix of

. Tcomponent scores , asP b , and P is a loading ma-
w x Žtrix. As commented by Vigneau et al. 30 , q s rank

.of the X matrix principal components are com-
putable and the OLS estimator of the coefficient vec-

y1 T Žtor a is asD T y, where Dsdiag l , l , . . . ,ˆ 1 2
.l , and l ’s are nonzero eigenvalues with descend-q i

ing order. In PCR using a portion of the P matrix, the
estimation of a is achieved by retaining only the first
c components, namely, replacing D of a by D sˆ 0, c

Ž .diag l , l , . . . , l , 0, . . . , 0 .1 2 c
ŽThe PCR models with minimum in PRESS or

.RMSECV are listed in Table 2 under each prepro-
cessing method, where PC denotes the number of
principal components in the model and PEIX repre-
sents the percentage of explained information in the
X block.

In the case of PCR, though we select the number
of PCs at the minimum PRESS, the models need too
large number of PCs. It requires reduction of the
number of PCs with some other selection policy. It
can be seen that significant difference exists between
the mean-centered and the auto-scaled data in OSC
whereas similar results are obtained in MSC and no

Table 2
Result of the PCR models

No SC MSC OSC

Mean-centered Auto-scaled Mean-centered Auto-scaled Mean-centered Auto-scaled

PC 12 11 14 15 13 11
Ž .RMSECV wt.% 0.2075 0.1990 0.2475 0.2800 0.0266 0.0588

Ž .PEIX % 99.95 99.91 99.66 99.60 100 99.98
Ž .PEIY % 96.00 96.20 94.73 93.90 99.94 99.76

Ž .RMSEC wt.% 0.1703 0.1661 0.1957 0.2119 0.0430 0.0422
Ž .RMSEV wt.% 0.2064 0.2127 0.2004 0.2060 0.1962 0.1820
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Fig. 4. Comparison of RPCR with PCR according to the number of principal components.

SC. Again, we see that the SC leads to a better per-
formance than without using it.

3.2.3. Ridge combined principal component regres-
sion

Based on the fact that RR is implemented by us-
Ž .ing D sdiag l qk, l q k, . . . , l qk in-k ,q 1 2 q

Žstead of D, in RPCR, D sdiag l qk, l qk,k ,c 1 2
.. . . , l qk, 0, . . . , 0 is used instead of D . Fig. 4c 0,c

shows RMSEC and RMSEV for PCR and RPCR ac-
cording to the number of principal components. It in-
dicates that RPCR does not improve PCR in this case.

The result using auto-scaled OSC in Fig. 4 indi-
cates that the effect of biasing parameters is almost
negligible. Similar results are obtained in MSC and
no SC when applying PCR and RPCR.

3.2.4. PLS with linear mapping
One of the most frequently used multivariate

modeling techniques is PLS, which intends to extract

most of the information present in the predictor vari-
ables related to the response variables. Linear map-

Ž .ping or ordinary PLS assumes a linear relationship
between the score vectors of the X matrix and those

Ž .of the y vector the inner relation .
A PLS model is constructed by minimizing PRESS

and the final selected model is applied to the valida-
tion set. Table 3 summarizes the results of the ordi-
nary PLS models, where LV denotes the number of
latent variables in the model.

In the case of MSC PLS models with the mini-
mum PRESS show slight overfitting. It indicates that,
to obtain pertinent number of LVs, some other deter-
mination rules for the MSC should be employed.
When seven LVs for mean-centered and nine LVs for
auto-scaled data are used for the prediction, the per-
formance of MSC is similar to the OSC. SC gives
better performance than no SC in PLS. The auto-
scaled OSC gets the minimum error of prediction,
which reduces RMSEV of auto-scaled data without

Table 3
Result of the PLS models

No SC MSC OSC

Mean-centered Auto-scaled Mean-centered Auto-scaled Mean-centered Auto-scaled

LV 5 8 14 15 9 8
Ž .RMSECV wt.% 0.2130 0.2077 0.2207 0.2234 0.0543 0.0615

Ž .PEIX % 99.50 99.72 99.57 99.46 99.97 99.93
Ž .PEIY % 95.22 96.71 99.33 99.49 99.80 99.79

Ž .RMSEC wt.% 0.1863 0.1546 0.0697 0.0608 0.0382 0.0393
Ž .RMSEV wt.% 0.2201 0.1934 0.189 0.2325 0.1971 0.1782



( )K.-S. Park et al.rChemometrics and Intelligent Laboratory Systems 51 2000 163–173170

Table 4
Learning parameters in neural networks according to the number
of latent variables

LV No. of Learning rate Repetitions
hidden nodes of learning

3 13 0.002137 17,958
4 40 0.000208 210
5 50 0.000133 377
6 48 0.000116 1447
7 28 0.00017 906
8 40 0.000104 1903
9 31 0.000119 1631

10 70 0.000119 5783
11 71 0.000043 10,226
12 90 0.000309 1578
13 91 0.000282 1860
14 91 0.000262 8070
15 15 0.000148 2118

SC by 8%. Considering it with the PCR results to-
gether, the OSC data would be good for our case of
component regression.

3.2.5. PLS with nonlinear mapping
One way to deal with non-linearity is to find the

inner relationship by nonlinear mapping method such
Ž .as NN. In nonlinear PLS NLPLS , when outer rela-

tions are defined as follows: XsTPqE and ys
Ž .Uqq f , the inner relation between U and T is of-

ten implemented by NN. However, we here modified
NN to relate T and y directly for easier implementa-
tion.

A variety of NN models are constructed to obtain
the best mapping parameters by changing the num-

Ž �ber of hidden nodes 37 kinds: 2, 2.5, 3, 3.5, . . . ,
4 .20 =number of latent variables , and the learning

w Ž� 4speed of NN 10 kinds: 3, 6, . . . , 30 =number of
.y1 xlatent variables = number of hidden nodes for

Ž .each of the number of latent variables from 3 to 15
in T. The back-propagation learning method and the
sigmoid function as an activation function are used.
During the learning, we employ the stopping rule
based on the difference of prediction error between
before and after every epoch learning less than 10y6.
The selected learning parameters according to the
number of latent variables are shown in Table 4.

Fig. 5 compares RMSEC and RMSEV of linear
Ž . Ž .LN mapping with neural networks NN mapping
according to the number of latent variables by PLS
algorithm.

It can be seen in Fig. 5 that there is little differ-
ence in RMSE between linear and nonlinear PLS un-
der auto-scaled data with no SC. It means that non-

Ž .linearity between X or T and y is not evident in this
case, that is, linear mapping between them may be
sufficient for the calibration.

3.2.6. Reduced models and their performance
As shown in Tables 2 and 3, the number of com-

ponents involved in previous models is quite large.
The model with larger number of components may
cause over-fitting and give poor prediction. Since
OSC generally shows good performance, we will

Fig. 5. Comparison of NLPLS with linear PLS according to the number of latent variables.
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ŽŽ . Ž .. ŽŽ . Ž ..Fig. 6. PRESS of PCR a and b and PLS c and d with OSC.

investigate the possibility of reducing the number
components in PCR and PLS and the number of
variables in RR under OSC.

The PRESS as a function of the number of com-
ponents through the cross-validation is shown in Fig.
6. From this plot, we can see the possibility of reduc-

Table 5
Result of the reduced PCR and PLS models with OSC

PCR PLS

Mean-centered Auto-scaled Mean-centered Auto-scaled

Ž .PC or LV 6 5 5 5
Ž .RMSECV wt.% 0.0280 0.0682 0.0548 0.0571

Ž .PEIX % 99.98 99.84 99.88 99.83
Ž .PEIY % 99.91 99.6 99.69 99.64

Ž .RMSEC wt.% 0.0508 0.0541 0.0476 0.0510
Ž .RMSEV wt.% 0.1970 0.1958 0.1983 0.1927
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ing the number of components in PCR and latent
variables in PLS while maintaining the PRESS at the

Fig. 7. Observed vs. predicted FeO values for the PCR models ap-
Ž . Ž .plying to calibration set q , and validation set ` which are

Ž . Ž . Ž .auto-scaled a no SC, b MSC and c OSC using five PCs.

same level. Since an F-test can determine whether
two PRESS values are significantly different, we need
only compare those models having fewer PC or LV
Ž .m than the minimum PRESS model. After the

Ž < <Žstatistic F s PRESS y PRESS n y m ym m mq 1
.. Ž .1 r PRESS is compared against tabulated valuesm

Ž .F 1, nymy1 , we select the number of com-0.95
Ž .ponents or latent variables for each model as mini-

Ž .mum m satisfying F -F 1, nymy1 . Them 0.95

selected number is marked by arrow and F-statistic
and tabulated F-value are shown in the Fig. 6.

Table 5 summarizes results of the reduced PCR
and PLS models, which show the reduced models
may still be acceptable with sufficient accuracy. In
the reduced models under OSC, auto-scaled PCR and
PLS perform better than those of mean-centered. In
PCR we can reduce the number of components from
11 to 5 with 7.6% increase in RMSEV.

RR model is applied to OSC auto-scaled data with
variable selection. If the significance level for enter-
ing a candidate variable is 0.01, then we may choose
the model with only two variables. Using the two

Ž y1 .variables 998, 1598 cm , the RR model with bias-
ing parameter k s 0.0013 shows the performance

Ž .of PEIY s 99.32, RMSEC 70 s 0.0701, and RM-
Ž .SEV 25 s0.1983. This RR model reduces the de-

gree of collinearity significantly. Though the RR with
these two variables gives similar performance with
the PLS using five latent variables in prediction, it
requires a great deal of attentions when specific
wavenumbers should be used in a real application
since there exists a possibility of the wavenumber
shift afterward.

4. Conclusions

We have presented various applications of multi-
variate modeling with preprocessing such as scaling
and signal correction to the DRIFT spectra for the
prediction of FeO content in sinter ores. Since pro-
jection modeling such as PCR, PLS and RR are af-

Ž .fected by the variation in predictor matrix X that is
Ž .unrelated to the response vector y , it may be nec-

essary to perform preprocessing X before calibration
modeling is obtained.
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Through the analysis, we propose that signal cor-
rected auto-scaled data is appropriate to the FeO pre-
diction from DRIFTS. Projection based modeling
methods are relatively simple, rapid and accurate as
compared with other modeling techniques after data
preprocessing. In the plot of observed vs. predicted
values from the reduced PCR model on auto-scaled

Ž .data Fig. 7 , it can be seen that OSC tends to give
good result while MSC may be less effective when
using five PCs. The similar results seem to be re-
peated when other modeling techniques are em-
ployed to the spectral data of sinter ores.

From those results of prediction modeling for FeO
content by multivariate techniques, we conclude that
prediction modeling using DRIFT spectral data needs
SC technique, and the pertinent model is based on the
auto-scaled OSC data using five principal compo-

Ž .nents or latent variables . Though the RR model
shows similar prediction performance power to the
component related regressions, we hesitate to suggest
using it since there is some difficulties in the mainte-
nance of the model and the selection of the appropri-
ate model.
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