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In this paper an overview is given of several methods for quantitative analysis of FTIR spectra. Each method has its 
particular advantages and disadvantages. Therefore, depending on the gas component to be analysed in smoke gas 
spectra, an optimal choice of method has to be made. This choice depends on several different aspects: 
0 Is the spectral band of interest free of interfering components? 
0 Does the absorptiowoncentration relation show strong deviations from Beer’s law? 
0 Are significant baseline corrections necessary? 
0 Does the applied model need to warn for the presence of unexpected components? 
0 Is it sufficient to use only a few wavenumbers or is a full-spectrum method necessary? 
It will not be easy to make the appropriate choice. However, in some cases, statistics can help, in others, a good rule of 
thumb is to keep the choice as simple as possible. 01% by John Wiley & Sons, Ltd. 

INTRODUCTION 

Fourier Transform infrared (FTIR) spectroscopy seems 
to be a powerful tool for the on-line, simultaneous, 
quantitative determination of the concentrations of sev- 
eral gas components in smoke gas spectra.’-6 Although in 
the past few years it has become common to use infrared 
spectra for the quantitative analysis of complex mixtures, 
prior to this, infrared spectra were used primarily as 
a qualitative tool and for relatively simple quantitative 
measurements. The complex spectral features of many 
multicomponent data sets often made it difficult or im- 
possible to develop reliable infrared quantitative 
methods. 

In this paper an overview will be given of methods that 
can be used for quantitative determinations of multicom- 
ponent smoke gases. The advantages and disadvantages 
of each method will be discussed without going into the 
detailed mathematical background of each method. The 
advantages and disadvantages of each method have to be 
weighed and the appropriate method chosen for each of 
the components of interest. Attention has to be given to 
the choice of suitable algorithms and the possibility of 
automated analysis. The decision on which method to 
choose is sometimes not easy. Statistics can help the user 
to evaluate the appropriateness of the methods for the 
different components. Finally, some examples will be 
given on gas mixture spectra, showing that in most cases 
several methods can lead to more or less equivalent 
results, and in some particular cases the accuracy of the 
results can be very dependent on the choice of model. 
This article is meant as a tutorial. The reader is expected 
to have some knowledge of linear and matrix algebra. 

METHODS 

The analysis of multicomponent spectra usually consists 
of two steps. First, a method is constructed, based on 

spectra with known concentrations of the gases of inter- 
est, called the calibration or training step. The data set 
used for this step is called the calibration or training set. 
Second, the method is validated and used to predict the 
unknown concentrations of the gases in the spectra con- 
tained in an independent data set. This step is called the 
prediction or test step. The data set used in this step is the 
prediction or test set. 

Not all the methods will be dealt with as extensively. 
Classical least squares (CLS) is probably the best-known 
quantitative method in FTIR and will be treated very 
extensively, together with the very popular partial least 
squares (PLS) method. Also, very simple tools such as 
peak height and peak area, which are provided with 
almost all the software packages delivered by the 
spectrometer suppliers, are considered rather exten- 
sively, since they mostly form the basis for the con- 
struction of the calibration set for the multivariate 
techniques. 

Peak height or peak area 

Although these are two methods, they are considered 
together. They are simple tools in which the peak height 
or peak area is calculated and related to the known 
concentration. These tools are based on Beer’s law: 

A(1) = a(1)b~ (1) 

where A is the absorbance measured at wavenumber 1, 
a is the absorptivity, b the pathlength and c the concen- 
tration. Note that Beer’s law assumes a linear relation 
between absorbance A and concentration c at a fixed 
pathlength b. The peak height method reads the absorb- 
ance A at one peak frequency v and relates it to the 
concentration. To avoid accidental errors at this single 
wavenumber or frequency in the absorbances, peak area 
is to be preferred since this calculation offers a higher 
reliability than the single wavenumber peak height 
method. The major advantage of this method is that it is 
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Figure 1. Calibration curve for SO,: concentration versus peak area in the 1412-1294cm - 
wavenumber region for a bandwidth resolution of 4 cm - l .  
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Figure 2. Calibration curve for Hz0-vapour concentration versus peak area in the region 
200&1800crr1-~. 

simple and straightforward. In Fig. 1 a calibration curve 
for SOz, based on the relation between the area cal- 
culated in the wavenumber region 1412-1294 cm- ' and 
the concentration is shown. This area was obtained after 
baseline correction of the original pure component 
spectra. The known concentrations were obtained from 
the supplier of the SOz/Nz gas mixtures. These concen- 
trations were typically determined after mixing, by the 
use of GC/MS techniques (gas chromatography/mass 
spectrometry). This also means that the method which is 
set up here will always be based on these results and thus 
on the errors made during the analysis of the supplier. 
Therefore, even if the relation between peak area and 
concentration is linear, as is the case for SOz (and also for 
other molecules as C3H40 (acrolein)), using more than 
one gas mixture in the calibration curve can avoid prob- 
lems coming from erroneous analysis of the supplier. 
Figure 2 shows that, if the spectra were not collected at 

full resolution and deviations of Beer's law occur, a non- 
linear relation between peak area and concentration can 
be the consequence. This is not only the case for H 2 0  
vapour at a resolution of 4 cm-', but also for molecules 
such as HBr, HC1, HCN, CO, COz, NO, NOz, . . . which 
show this typical behaviour at this low resolution. This 
shows another advantage of the simple peak area 
method: the method is perfectly capable of dealing with 
non-linearities, which is not always the case with more 
complex matrix or full-spectrum methods. 

Once the relation between concentration and peak 
area is put into a mathematical form (a straight line or 
polynomial fit), predictions can easily be made by calcu- 
lating the area under the spectral region of interest and 
applying the mathematical model to predict the un- 
known concentration. 

The major disadvantage of this approach, apart from 
the fact that it is not really a full-spectrum method, 



QUANTITATIVE MODELS OF FTIR SPECTRA 275 

is that the method cannot be applied when interfering 
components are present in the same spectral region. In 
the case of SO2, the simple straight line is not applicable 
in most cases in real smoke gas spectra since the region of 
interest is completely overlapped by the spectrum of 
water vapour. 

Peak area in combination with spectral subtraction 

The peak area method can be applied to spectra with 
overlapping spectral features if one first succeeds in get- 
ting rid of the interfering component. This can be 
achieved by subtracting (in the case of two interfering 
components) the pure component spectrum of one com- 
ponent. However, the pure component spectrum first has 
to be multiplied with a constant factor to obtain the 
spectrum with the corresponding concentration before 
subtraction can be applied. This multiplication constant 
has to be determined by one or another method. In many 
software packages accompanying FTIR spectrometers, 
this is still to be achieved by visual inspection, leading to 
noisy subtraction results. This tool is typically installed 
to perform qualitative analysis after subtraction. The 
subtraction result can theoretically be used for quantitat- 
ive analysis with the peak area method, but large errors 
are very commonly encountered. Determination of the 
multiplication constant with a least squares method 
would be an improvement, but, still, to realize a subtrac- 
tion result with minor errors, one needs to find a spectral 
region where only the subtracting component is absorb- 
ing, in order to calculate an optimal multiplication con- 
stant. 

Classical least squares (CLS or K-matrix)’, 

CLS is a multivariate least-squares procedure, directly 
based on Beer’s law. Infrared spectroscopists have some- 
times referred to this method as the K-matrix method. 
The CLS model accounts for errors in the spectral 
measurements. CLS can accommodate spectral inten- 
sities at all wavenumbers for all calibration samples. In 
general, all overlapping spectral components should be 
known for optimal performance of CLS. By being a full- 
spectrum method, CLS has the ability to achieve im- 
proved precision since there is a signal averaging effect 
when many or all the spectral intensities are included in 
the analysis. 

Calibration step. The analysis begins with an initial as- 
sumption that, at each frequency, there is a linear relation 
between the concentration (c) of an absorbing species and 
its spectral absorbance (A). For multicomponent sam- 
ples, this well-known Beer-Lambert relation (Eqn ( 1 ) )  
takes the form: 

P 

Ai = aijbcj (2) 
j =  1 

where Ai is the absorbance of a multicomponent sample 
or reference at a frequency i, aij is the absorptivity of 
component j at frequency i ,  b is the pathlength and c j  is 
the concentration of the jth component (p components 
possible in each mixture). 

Defining kij  as the product aijb and adding random 
error (ei) in the spectrum at each frequency i yields the 
following: 

P 
Ai = kijcj  + ei (34 

j =  1 

The random error is assumed to be normally distributed 
with an expectation of zero and a variance proportional 
to T - 2  where T is the transmittance value of the spec- 
trum at each wavenumber (absorbance = log( l /T ) ) .  

If a set of accurately known mixtures is used as a refer- 
ence set, then in the calibration phase of the analysis 
a series of simultaneous equations can be used to describe 
the measured mixture spectra. In matrix notation (ma- 
trices in bold) these equations are: 

A = C K + E  (3b) 
where A is an rn x n matrix constructed of the absorbance 
spectra of rn mixtures (rn rows) at n frequencies or 
wavenumbers (n columns), C is the rn x p concentration 
matrix corresponding to the concentrations of each of the 
p components in the rn known references (rn > = p) .  K is 
the p x n matrix consisting of the kij  terms to be estimated 
by least-squares methods and E is the rn x n matrix of 
random errors for each mixture spectrum at each 
frequency. If Beer’s law is valid, then the rows of the 
K-matrix will be equal to the absorbance spectra 
at unit concentration and unit pathlength of the p 
pure component spectra at the n wavenumbers used 
in the analysis. K can be obtained by simple matrix 
manipulations: 

- K = (C’C)-’CA (4) 
- K is the unweighted least-squares solution to the above 
set of equations, assuming that (CC) is not singular (this 
means the inverse could be calculated). The primes indi- 
cate transposed matrices. A weighted least-squares esti- 
mate of K can also be obtained by the use of weighting 
factors w7iich are inversely proportional to the estimated 
error variance for the infrared spectra in absorbance 
units. An advantage of the solution given by Eqn (4) is 
that the entire spectral range of the reference mixture 
spectra may be used in the estimation of the pure com- 
ponent spectra. Equation (4) shows that the estimate of 
- K is accomplished with a series of matrix multiplication 
and one matrix inversion. These are readily accomp- 
lished with a computer if the dimension of the matrix to 
be inverted is not large. In this case, the matrix to be 
inverted, (C’C), is a p x p matrix where p is the number of 
components. 

Since the rows of K are the estimated spectra of the 
pure components over the spectral range required for 
sample analysis, this least-squares estimate will be used 
to determine the component concentrations in our un- 
known samples. 

Prediction step. If we first assume zero baselines, then the 
absorbance spectrum of the unknown sample can be 
expressed by 

a = c K + e  (5 )  
where a is a 1 x n matrix or row vector representing the 
absorbances of our unknown sample at n wavenumbers; 
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c is the row vector containing p component concentra- 
tions in the sample; K is the p x n matrix representing the 
pure component spectra and e is the 1 x n row vector 
representing the error in the sample spectrum (that is, 
what has not been described by the CLS model). 

By using K from Eqn (4) and from simple matrix 
manipulations, one obtains the estimate for g by un- 
weighted least-squares: 

assuming the inverse exists. 

Baseline corrections 

In what has been described above, we have implicitly 
assumed zero baselines during calibration and predic- 
tion. This is often not the case. However, for the applica- 
tion of smoke gas analysis this is often an almost realistic 
assumption. Baseline corrections can, however, be made 
previously to improve accuracy. This can be done in 
different ways. i.e. one-point baseline correction or two- 
point baseline correction. In the one-point baseline cor- 
rection, the average absorbance is calculated in a 
region where no absorbing species are present and 
subtracted from all the absorbance values in the spectral 
region of interest for that particular component to be 
evaluated. This assumes a flat and straight baseline 
which can only be shifted up or down. This seems 
to be a reasonable assumption for gas analysis. In 
the two-point baseline correction method, two wave- 
numbers are chosen at each side of the spectral region of 
interest and a straight line connecting these two points is 
used to correct for possible baselineshifts. This corrects 
for linear deviations in the baseline (translational shifts 
and ti1 ts). 

Non-Beer’s law behaviour 

There are a number of instrumental and chemical causes 
for deviations from Beer’s law. The most important in- 
strumental cause stems from the need for monochro- 
matic radiation; i.e. the finite resolution of a spectrometer 
can lead to a deviation. This will not be too serious for 
high-resolution instruments, but it can be rather serious 
for low-resolution ones. Another instrumental deviation 
is the presence of stray light at the detector. 

If there are deviations in Beer’s law, then additional 
changes can be used to help account for these deviations. 
It is clear that if there are non-linearities in Beer’s law, 
then these non-linearities are approximated in the above 
multivariate analysis if mixture spectra are used as the 
initial reference set in the analysis of an unknown sample. 
This is because the estimated spectra contained in the 
K matrix will be the best linear least-squares estimate of 
the pure component spectra with molecular interactions 
and spectrometer-related non-linearities included. Of 
course, the non-linearities are most accurately accounted 
for if the concentrations of components in the reference 
mixtures closely surround those of the sample, i.e. the 
linear nature of Beer’s law holds locally. Therefore curva- 
ture in the absorbance versus concentration relationship 
can be approximated’ over a limited concentration 

region by addition of a nonzero intercept term ki,, at 
each wavenumber i to the Beer’s law equation, i.e. 

P 

Ai = kijcj  + ki, + ei (7) 
j =  1 

The ki, term is not only used to approximate non-linear 
regions of the absorbance versus concentration curves, 
but will also represent nonzero baselines in the reference 
and sample spectra. Thus, if the ki, terms are included in 
the analysis then not only can non-linearities be more 
nearly approximated, but it is no longer necessary to 
make preliminary corrections for these constant nonzero 
baselines. 
In practice, the explicit least-squares estimate of the devi- 
ation of linearity can be obtained by the addition of an 
extra row of ki, terms (i = 1 to n) to the bottom of the 
- K matrix and a column of 1’s in the concentration matrix 
C (in fact, these must be the inverses of the reference 
pathlengths if there is reason to assume that pathlength 
variations are possible). The K-matrix then becomes 
a (p + 1) x n matrix and C a rn x (p + 1) matrix. In what 
follows, the first CLS method (without ki, terms) is refer- 
red to as CLSI, the second method, including the 
ki, terms is called CLSII. 

Statistical precision of the estimated concentration 

It is important to be able to assess the statistical precision 
in the estimated concentrations. Note, however, that the 
statistical error in C is a non-linear function of the errors 
in the estimated matrix K and the errors in the sample 
spectrum a. Thus, calculation of standard errors of the 
estimated concentrations is not at all straightforward. 
One approach which can be taken, if time and resources 
permit, is to repeat the measurement of the reference 
mixture spectra and the sample spectrum, along with the 
calculation of C, I times. The variations of these estimates 
across the I replications could be used to obtain standard 
errors and statistical confidence limits. 

Selection of standard mixtures and number 
of wavenumbers 

Certain precautions should be followed in selecting stan- 
dard mixtures for determining the K-matrix. The concen- 
tration range should encompass all possible unknown 
concentrations; e.g. the highest concentration of an un- 
known should be less than the highest concentration in 
a standard mixture. Furthermore, the magnitude of the 
concentrations of the standards and unknown should be 
similar; e.g. standards in the range of 0 to 1000 ppm 
should not be used for unknowns in the ppb region even 
though the ppb range is included in the concentration 
range of the standards. Both these precautions are 
necessary because of possible deviations from Beer’s 
law. 

Another precaution has to be considered. The relative 
concentration of components in each standard mixture 
must be different. If two standard mixtures have the same 
relative concentrations, one row of the C-matrix will be 
proportional to another row. The matrix is then singular 
and the matrix inverse of C C  will not exist. 
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The number of standards and/or the number of 
wavenumbers no longer causes computer calculation 
problems as was the case ten years ago. However, a rea- 
sonable choice of these numbers is still advisable in order 
not to overdetermine the absorbance matrix. If, for in- 
stance, SO2 absorbs in the wavenumber region 
1412-1294 cm- ', then it makes no sense to add absorb- 
ances to the calibration matrix from wavenumber regions 
outside this region of interest. The choice of the stan- 
dards has to be such that they are uniformly distributed 
in the 'concentration space'. 

The use of CLS-residuals 

What is not described by the CLS model is contained in 
the residual spectrum e. Full-spectrum residuals can be 
useful for determining the presence and possibly the 
identity of unexpected components. Features in the resid- 
ual spectra that are greater than the noise indicate the 
presence of model errors. Model errors can arise from 
non-linearities or unknown components that are not 
adequately accounted for during the CLS calibration. If 
impurities are not present in the calibration samples, but 
are present in the unknown ones, then the impurity 
bands would be primarily positive in the residual spectra 
of the unknown samples. The relative magnitude of 
the residuals in the unknown samples can be used for 
detection of outlier samples. The ability to examine 
full-spectrum residuals in CLS can yield chemically inter- 
pretable information concerning the presence and identity 
of unknown or unexpected components. 

Advantages and disadvantages of C I S  

Since CLS is a full-spectrum method, it can 

(1) Provide significant improvements in precision over 
methods that are restricted to a small number of 
frequencies. 

(2) Allow simultaneous fitting of spectral baselines and 
correct for small non-linearities 

(3) Make available for examination and interpretation 
least-squares estimated pure-component spectra and 
full-spectrum residuals. 

A major disadvantage of the CLS method is that all 
interfering chemical components in the spectral region of 
interest need to be known and included in the calib- 
ration. 

Kalman filter 

The Kalman filter is a recursive method which can be 
used for calibration and prediction of multicomponent 
spectra. It is a digital filtering algorithm which allows the 
estimation of states and parameters from noisy measure- 
ments." Kalman filter methods may be advantageous 
for multicomponent analysis in the presence of unan- 
ticipated and unmodelled responses in a multicomponent 
signal. The Kalman filter is often used as a prediction 
algorithm in combination with CLS calibration." How- 
ever, it can be used for calibration and prediction as 
well." The Kalman filter method is, in fact, a way to alter 

CLS to perform the regression of the unknown response 
onto models sequentially, rather than in a single step. 
While sequential regression may not always be as com- 
putationally efficient as ordinary regression, it can some- 
times be more computationally efficient, depending on 
the number of parameters to be fitted, the dimension of 
the measurement and the weighting factors. Sequential 
regression also offers other advantages. Two of these 
advantages are the elimination of the need for matrix 
inversion and the possibility of using prior information 
on the values and/or distribution of the concentration 
matrix and the covariance matrix, which is calculated in 
this method. However, in a comparative study13 calib- 
ration-based inverse regression methods (like PCR) of- 
fered improved methods of filter design when the signal 
and noise characteristics of a system are not totally 
known and when complex properties are being esti- 
mated. 

Inverse Least Squares (ILS or P-matrix)14 

The inverse least squares method is also known as 
the P-matrix method or as Multiple Linear Regression 
(MLR). The inverse least squares method is in fact 
based on the inverse of Beer's law. For rn calibration 
standards, one can write the inverse of Beer's law in 
matrix form: 

C = A P + E  (8) 
where C and A are defined as before and P is the n x p 
matrix of the unknown calibration coefficients relating 
the p component concentrations to the spectral inten- 
sities. E is the rn x p matrix of random concentration 
errors or residuals that are not fit by the model. This 
model thus minimizes the squared errors in concentra- 
tion during calibration. The inverse representation of 
Beer's law has the significant advantage that the analysis 
is invariant with respect to the number of components 
p in the analysis. This means that we can write: 

c = A p + e  (9) 
Here c is the rn x 1 column vector of concentrations of the 
component of interest in the rn calibration spectra, p is 
the n x 1 vector of the calibration coefficients and e is 
again the in x 1 vector of concentrations residuals not fit 
by the model. 

During calibration, the least-squares solution for p in 
Eqn (9) is: 

- p = (AA)- A'c (10) 
During prediction, the solution for the component con- 
centration in the unknown sample spectrum is simply 

c = a'p - (1 1) 
This means a quantitative spectral analysis can be per- 
formed even if the concentration of only one component 
is known in the calibration mixtures. The components for 
which the concentrations are not included in the analysis 
must be present in the calibration spectra and are impli- 
citely modelled during calibration. This advantage of ILS 
has resulted in it being used for NIR (near-infrared) 
analysis methods, where it is known as MLR (multiple 
linear regression). 
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A disadvantage of ILS is that the analysis is generally 
be restricted to a small number of wavenumbers. This is 
because the matrix which must be inverted in Eqn (10) 
has the dimension equal to the number of wavenumbers 
and this number cannot exceed the number of calibration 
mixtures used in the analysis. So there must always be at 
least as many samples or spectra as there are wavenum- 
bers present in the absorbance matrix. In addition, this 
can give rise to what is known as collinearity problems 
(or zero determinant or singularity, all names for the 
same problem; i.e. the near-linear relationships between 
absorbances at multiple wavenumbers). In this case the 
matrix inversion is impossible or becomes cumbersome. 
These problems can be especially significant if the num- 
ber of wavenumbers becomes too large and the precision 
of the results is actually degraded when too many 
wavenumbers are included in the analysis. As a conse- 
quence, another problem arises when one has to deter- 
mine how many and which wavenumbers must be 
included in the analysis. As stated above, the ILS or 
MLR model has been very popular among NIR fixed 
filter equipment users, but one sees that, increasingly, 
with the new multiple wavenumber monochromator 
systems, PLS (Partial Least Squares), which is based 
on PCA (Principal Component Analysis), becomes an 
alternative for MLR. 

Q-matrix' 

A third form of simple multiple linear regression covering 
full-spectrum analysis is called the Q-matrix method, 
analogously to K- and P-matrix methods. This method 
has also been proposed by Nyden and Babrauskas' for 
smoke gas analysis. The fundamental hypothesis of the 
Q-matrix approach is that the spectrum of an unknown 
mixture can be synthesized from a linear combination of 
the spectra of the components included in the mixture. 
The mathematical expression of this is 

u = qA (12) 
where u is the row vector (1 x n) containing the absorb- 
ance spectrum of the unknown, q is the row vector (1 x m) 
containing the regression coefficients which provide the 
least squares fit of the unknown spectrum by the stan- 
dard spectra and A is the (m x n) absorbance matrix of 
rn calibration spectra at n wavenumbers. This is concep- 
tually the reverse of the process of multiple spectral 
subtraction in which the spectra of the respective compo- 
nents are subtracted from the spectrum of the mixture 
with the appropriate factors until the final residue spec- 
trum is composed of just noise. The form of the generaliz- 
ed solution of Eqn (12), during the calibration step, is: 

q = uA'(AA)-' (13) 
where A' is the transposed matrix of A. A A  is an m x m 
matrix which must be inverted. An immediate conse- 
quence of this is the dimensional constraint that the 
number of wavenumbers has to be higher than the num- 
ber of calibration samples or the system is underdeter- 
mined and the inverse cannot be calculated. This is, of 
course, a major drawback of the method if the spectral 
region of interest is rather restricted, which is often the 
case for individual gas components in FTIR spectra. 

Within the limits of this description, the idea of con- 
centrations does not enter into the initial least squares 
solution. When mixtures are used as calibration stan- 
dards, the Beer's law non-linearities are effectively in- 
corporated into the solution of the Q-matrix, which is, of 
course, one of the advantages of this method. The values 
of the component concentrations in the unknown sample 
are easily derived during the prediction step from the 
Q-matrix by multiplying the C-matrix as in 

d = q C  (14) 
where d is the row vector (1 x p) containing the concen- 
trations of the p components in the unknown spectrum, 
4 is the (1 x m) solution from Eqn (13) and C is the (m x p) 
concentration matrix of the calibration samples. It is 
clear that Eqns (13) and (14) can be combined for a direct 
solution of the concentration values to be determined. 
Theoretically, however, Eqn (13) implies that the matrix 
inversion in Eqn (13) need be calculated only once, dur- 
ing the calibration step. 

Due to noise, a variant of this method has been pro- 
posed, incorporating a weighting function into Eqn (12). 
The major drawback of this method is that each time the 
concentrations of the unknown have to be predicted, an 
analogous matrix inversion as in Eqn (13) has to be 
realized. Even with a very fast personal computer, and 
depending on the rank of the matrix, this inversion can 
take some time and consequently the method is not very 
suitable for on-line purposes or for the analysis of many 
smoke gas fire spectra as in the case of, for example, 
a cone calorimeter/FTIR test. 

Principal Component Analysis' 6. "/Factor 

Although not completely the same, factor analysis (FA) 
and Principal Component Analysis (PCA) form the basis 
of Principal Component Regression (PCR) and Partial 
Least Squares (PLS). In PCA or FA a decomposition of 
the original absorbance matrix A is realized into two new 
matrices, called scores matrix T and loadings matrix 
P (we will focus on PCA terminology in what follows): 

A = T P  (15) 
where the prime in Eqn (15) denotes the transposed of the 
matrix. Each row in T and P consists of elements, called 
scores and loadings respectively, constituting score vec- 
tors t and loading vectors p. 

PCA performs, in fact, a coordinate transformation 
into a new coordinate system. In the old coordinate 
system, each column in the absorbance matrix A refer- 
ring to a wavelength, corresponds to a coordinate axis. 
A spectrum in this multidimensional space can be repre- 
sented by a simple point. In the new coordinate system, 
the loading vectors p are the new basis vectors, that is, 
orthonormal vectors (having unit length and being or- 
thogonal to each other). The direction of these loading 
vectors is along the new axes, which are called principal 
components. The elements pi of the loading vectors are 
the direction cosines or the projections of the unit vector 
along the principal component on the ith axis of the old 
coordinate system. The element ti of the scores vectors 
are the coordinates of the ith point (ith spectrum) on the 
new coordinate axes ( = principal components). The 
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transformation is calculated such that the new coordi- 
nate axes are lying in directions of maximum variance. 
The aim of PCA is to restrict the number of coordinate 
axes, thus reducing the dimensionality of the problem. 
If one has originally, say, 50 wavelengths then the 
old coordinate axes construct a 50-dimensional space 
in which 100% of the variance in the spectral data is 
represented. After PCA, it is very common to find that 
a limited number of two or three principal components 
suffice to explain over 99% of the variation in the 
spectral data. This means that a reduction of the dimen- 
sionality from 50 to 2 or 3 is achieved in this way. The 1% 
left is often not relevant and can be considered as spectral 
noise or residuals. Therefore, the result of the decomposi- 
tion of the original absorbance matrix A after PCA is 
given by 

A = T P + E  (16) 

where E is a matrix containing the spectral residuals. 
Calculation of the different principal components is 

obtained by using the NIPALS algorithm (Non-linear 
Iterative PArtial Least Squares). It does not calculate all 
the principal components at once. It calculates the vec- 
tors tl and pl‘ from the A-matrix. Then the production 
tlpi is subtracted from the A-matrix and the residual 
El is calculated. This residual is then used to calculate 
t2 and p2’, etc. NIPALS is an efficient iterative algorithm 
which extracts the full spectrum loading vectors from the 
spectra in the order of their contribution to the variance 
in the calibration spectra. This means that the first princi- 
pal component will explain as much of the variance as 
possible, the second principal component will explain as 
much of the variance as possible of what is not explained 
by the first one, etc. 

From what is explained above, it must be clear that 
PCA works on the absorbance matrix A and has nothing 
to do with the concentration matrix C. A regression 
technique relating the scores and the concentrations is 
called Principal Component Regression (PCR). The po- 
tential problem with PCR is that the loading vectors 
which best represent the spectral data may not be opti- 
mal for concentration prediction. Therefore, it would be 
desirable to derive loading vectors so that more predic- 
tive information is placed in the first few principal com- 
ponents. 

Partial Least Squares6. 14. ’ 7* 2’ 

The PLS model is built on the properties of the NIPALS 
algorithm. In fact, the PLS algorithm is a modification of 
the NIPALS algorithm and it achieves the goal to place 
more predictive information in the first few PCs by using 
concentration information to obtain the decomposition 
of the spectral matrix A. Concentration-dependent load- 
ing vectors are generated and the computed scores T are 
then related to the concentrations or concentration resid- 
uals after each loading vector is calculated. 

In the calibration step, the absorbance matrix A and 
the concentration matrix C are decomposed in 

A = T P + E  (17) 

C = U Q + F  (18) 

Regression of the scores t against the scores u results in 
a relation between them: 

U = T B  (19) 

where B contains the regression coefficients for regres- 
sion oft against u. Equation (19) is often referred to as the 
inner relation between A and C scores. Equation (19) 
assumes a linear relation between scores t and u. If this is 
not a good approximation, then there exists a non-linear 
relationship between them and this can be observed by 
plotting the scores t versus u.22 Non-linear PLS is then 
the appropriate model to choose. The mixed relation is: 

C = TBQ + F (20) 

where the concentration residuals F have to be mini- 
mized in a least squares sense. This presentation of PLS 
does not give the best possible model. The reason is that 
the principal components are calculated for both A and 
C separately so that they have a weak relation to each 
other. It would be better to give them information about 
each other so that slightly rotated components result 
which lie closer to the regression line. To improve this 
relation t and u scores are exchanged. 

It is not the purpose to give all the details of how the 
PLS algorithm exactly calculates scores, loadings and 
regression coefficients. Excellent papers dealing with this 
topic are from Geladi” and Haaland.14 Also Martens 
and Naes17 present PCA and PLS algorithms. 

The intention of PLS is to describe C as well as is 
possible and hence to make F as small as possible (in 
a least squares sense), and at the same time get a useful 
relation between A and C. An important point to note is 
that the algorithm does not give orthogonal t-values (as 
is the case in PCA and PCR). The reason is that the order 
of calculations that was used for the PCA has been 
changed. Therefore, the loading vectors p’ are replaced by 
loading weights w‘, and an extra loop has to be included 
to get orthogonal t-values. Orthogonal t-values are not 
absolutely necessary but they make the comparison with 
PCR easier. 

With PLS it is possible to calibrate or analyse two or 
more components at the same time, by using a global 
PLS algorithm called PLS2.2’ However, PLSl has been 
found to have better predictive abilities than PLS2.14 

The important part of any regression is its use in the 
prediction step. We here assume that the optimal number 
of PLS components has been chosen to obtain the best 
model for prediction. PLS prediction can be obtained by 
applying two different methods. 

The first method for obtaining concentration predic- 
tions involves the calculation and use of the vector of 
final calibration coefficients b. The b-vector need only be 
calculated once from the calibration results. Although 
the b-vector provides an efficient method to estimate 
concentrations from any unknown sample spectrum, it 
does not allow a determination of the residual spectrum. 
Therefore, no diagnostic information about the quality of 
the fit is available when predictions are obtained by using 
the b-vector. 

The second method is more involved but allows spec- 
tral residuals to be calculated. This method requires the 
calculation of the scores of the sample spectrum; that is, 
the representation of the spectrum in the new coordinate 
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system constructed by the PLS PCs. From the calib- 
ration loadings and loadings weights matrix and with the 
new scores, it is then possible to calculate a prediction 
value for the unknown sample. Moreover, full spectrum 
residuals are calculated at the same time. These residuals 
can be useful for determining the presence and possibly the 
identity of unexpected components. However, identifying 
unexpected components occurs more rapidly for a spec- 
trum obtained in the mid-infrared region, where spectral 
bands are more characteristic on a molecular level. 

PLS-residuals used as a diagnostic s y ~ t e r n ~ ~ ~ ” ~ ~ ~  

Discrepancies of many different kinds between a model 
and the data can be detected by studying residuals. These 
residuals are the quantities remaining after the systematic 
contributions associated with the assumed model are 
removed. When assumptions concerning the adequacy of 
the model are true, we expect to find that the residuals 
vary randomly. If, however, we find that the residuals 
contain unexplained systematic tendencies, we shall be 
suspicious of the model or, during prediction, of the 
unknown sample to be analysed. It is therefore always 
interesting to calculate the residuals during prediction 
and compare them to those obtained from the calibration 
samples, that is, the samples that were used for model 
building. The most common form of discrepancy revealed 
by comparison of calibration model residuals with resid- 
uals coming from an unknown sample occurs when the 
residuals of the latter are much larger than the calibration 
residuals. But there are also other diagnostic possibilities 
when the elements of the residual matrix E are subjected to 
a close inspection. Sums of squares over the columns of 
E indicate the importance of a variable (wavelength) for 
a certain component. Sums of squares over the rows of 
E indicate how well the samples (objects) fit the model. 
This can be used as an outlier detection criterion. 

An advantage of PLS, like CLS, is that these statistics 
can be calculated for every component. These statistics 
can thus be used to estimate which objects and variables 
contribute mainly to the model and which contribute 
mainly to the residual. 

F-statistics can be used as an outlier detection cri- 
terion. Indeed, during calibration, outliers can be detec- 
ted both from concentration F-ratios or spectral F-ratios 
while outlier detection in the unknown samples must rely 
solely on the spectral F-ratios. The spectral F-ratio can 
be defined as: 

I 

where the summation over j is over the wavenumbers and 
the summation over i is over the calibration samples and 
m is the number of calibration samples. The spectral 
F-ratio is thus the sum of squared spectral residuals for 
the fit of the unknown sample spectrum to the average of 
the sum of squared residuals of the calibration spectral 
estimates. We expect the F-ratio to be close to 1. The 
question now is: how much larger should this be before 
the object is considered suspicious? There is no exact 
answer to this, but one can conclude that the object is 
suspicious if the quantity is larger than a certain percen- 
tile in the F-distribution. However, for IR spectral data 

where the error is dependent on the absorbance levels, 
spectral evidence suggested that spectral F-ratios less 
than 3 or perhaps be 5 do not appear to indicate a highly 
significant outlier. As a rough and practical approach 
one can state that F-ratios above 5 might be appropriate 
to flag outlier samples with respect to the original calib- 
ration data set. 

Quantitative validation and rank selection for 
PLS calibrationz3 

The optimal number of PCs (or the optimal pseudo-rank) 
which gives the optimal calibration model is chosen, based 
on a validation statistic. Since the calibration models are 
used to predict the concentrations of the analyte in future 
samples, a prediction error statistic is calculated. If addi- 
tional samples and concentration information for these 
samples are available (independent test set), the root- 
mean-square error of prediction (RMSEP) can be found by 

f r n  

where m is the number of samples in the test set. These 
samples were not used in the model building step. ci are 
the independently determined concentrations and cf are 
the predicted concentrations. As m becomes large the 
RMSEP will approach the prediction error of the popu- 
lation of all future samples. Other statistical parameters 
can be used to define the ‘goodness’ of the model, i.e. the 
Standard Error of Prediction and the bias (estimate for 
a systematic error): 

( C i  - cf - bias)z 

where 
rn c (ci - ct)  

(224 bias = i =  1 
m 

which is defined as the average difference between meas- 
ured and predicted concentrations. Later one can evalu- 
ate the slope, offset and correlation coefficient for the 
regression line in the plot of the predicted versus refer- 
ence concentration of the test set samples. 
If only the calibration data are available, another ap- 
proximation to the prediction error is often calculated, 
using a method called cross-validation. In this method, 
some of the data are omitted, a model is built with the 
remaining data and then a prediction is made using the 
omitted data. This is repeated until all the data have been 
omitted once. The most commonly applied method in 
calibration is called leave-one-out cross-validation, 
where one sample is left out at a time. The corresponding 
statistics, the root-mean-square error of cross-validation 
(RMSECV), is 

1 (Ci - Cf)Z 
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where n is the number of calibration samples and c: is the 
predicted concentration when a model is built without 
sample i. Cross-validation is often used instead of predic- 
tion since it is usually difficult to obtain enough predic- 
tion samples to make RMSEP statistically significant. 
However, cross-validation is computationally expensive 
since n calibration models must be calculated. 

The selection of pseudo-rank is important because the 
model should describe the significant sources of variance 
but not overfit the data. A model is overfitting if it 
includes non-relevant information in the model from the 
calibration set, such as non-random components in the 
noise or fluctuations due to experimental conditions. 
A model that is overfitting will have poorer prediction 
errors. Several schemes have been proposed for model 
selection given the RMSECV at different choices of the 
pseudo-rank. The simplest criterion is to choose the 
pseudo-rank corresponding to the first minimum in 
a curve of pseudo-rank versus RMSECV. Further the- 
ories have been developed beyond this, because since the 
RMSECV is calculated with a finite number of samples, 
there is an error associated with it. 

All these theories use the variance term from 
RMSECV (which is a standard deviation), called PRESS 
(Predictive Residual Error Sum of Squares): 

n 

PRESS = C (ci - c:)’ (24) 
i = l  

One of these theories is given by Haaland and Thomas.14 
They propose to calculate an F-statistic with (n, n) de- 
grees of freedom: 

PRESS(r) 
PRESS@*) 

F(r) = 

where I* is the pseudo-rank, that yield the minimum 
PRESS. This statistic tells if the two PRESS values are 
significantly different. The optimal pseudo-rank is the 
smallest value of I that has a PRESS which is not signifi- 
cantly different from PRESS (I*). 

INLR, implicit non-linear latent variable regression” 

One of the major problems with all the full-spectrum 
methods cited above is that they are not able to handle 
large non-linear deviations from Beer’s law. Small non- 
linearities can be covered by CLSII, PCR, PLS and 
Q-matrix. Although several attempts have been made to 
construct algorithms for non-linear PLS24725 the ap- 
proaches were always very complicated, demanding elab- 
orate rogramming. A very simple approach, called 
INLR, to handle non-linearities is by adding squared 
variables to the absorbance matrix. In that case, both the 
square and cross terms of the latent variables are impli- 
citly included in the resulting PLS model. This means 
that it is not necessary, in this approach, to include the 
cross-terms of the absorbance variables. Analogously, 
with cubic non-linearities expanding the A-matrix with 
cubic terms a$ is sufficient. INLR is attractive in that all 
essential features of PLS are preserved, i.e. (1) it can 
handle many noisy and collinear variables, (2) it is stable 
and gives reliable results and (3) all PLS plots and diag- 
nostics still apply. 

Y’ 

Artificial neural networks (ANNs)’~ 

For completeness, a few words have to be said about 
ANNs. The field of neural networks covers a wide range 
of different network methods which are developed for 
and applied to very different situations. In particular, the 
‘feedforward’ network structure is suitable for handlin 
non-linear relationships between input and output 
variables when the focus is prediction. Reference 27 also 
discusses the differences between feedforward and other 
networks. Neural nets have already been applied success- 
fully in calibration problems with spectroscopic 
data.28329 One of the most popular ANN algorithms is 
the backpropagation of errors learning method. Again, 
here a learning, training or calibration step is required 
before prediction of unknown samples can be realized. 
However, for the learning procedure, ANN is quite differ- 
ent from PCR or PLS. Since the ANN method concen- 
trates on fitting without restrictions, there are reasons to 
believe that ANNs are more sensitive to overfitting than 
are PLS and PCR. As a compromise, it has been pro- 
posed to use principal components as input for the net- 
work instead of the original variables them~elves.~’ The 
training or learning step in the calibration procedure 
with ANNs consists of presenting the absorbances or 
PLS scores to the input layer of the net in a random or 
sequential order. An ANN consists of so-called neurons, 
which are organized in layers. The organization is such 
that a neuron in a specific layer is connected to all 
neurons in the previous layer and to all neurons in the 
next layer. A simple ANN consists of one input layer, one 
hidden layer and one output layer. The input layer is the 
first layer of the net and does nothing more than distrib- 
ute each set of absorbances or PLS scores to the next 
layer. The flow of information through the net is such 
that each neuron receives signals from neurons in the 
previous layers and sends signals to neurons in the fol- 
lowing layer. The output of the net is calculated and 
compared with the reference. The difference between the 
reference and the value predicted by the net is the error. 
The error is minimized by adjusting weights and the bias 
of each neuron. The direction in which this is done is 
from output layer towards input layer (backpropaga- 
tion). When this error is sufficiently small for all samples 
in the training set, the network has completed its training 
phase and is ready for testing or prediction. A major 
advantage of ANNs is that they can handle non-lineari- 
ties, but they are often sensitive to overfitting. 

2 9  

EXAMPLES OF MULTIVARIATE SMOKE GAS 
ANALYSIS 

All spectra on the gas mixtures were collected at a resolu- 
tion of 4cm-’ and 150°C, using continuous flow between 
2 and 6 lmin-’. The gas mixtures used for calibration 
were continuously drawn from gas cylinders, supplied 
with a certificate (exact concentration determined by 
GC/MS by the supplier), via a heated transfer line, 
through a heated gas cell (pathlength: 3.2 m) in the spec- 
trometer (Nicolet Magna 550). Examples will be given 
for the quantitative analysis of SOz in the region 
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Figure 3. The spectrum of SO2 (960 ppm) in nitrogen. 

1412-1294cm-’ and C 0 2  in the region 3763-3500cm-’. 
Water vapour absorbs in both regions. Totally overlap- 
ping spectral bands cannot be quantitatively resolved by 
simply using peak height or peak area. Spectral subtrac- 
tion in combination with peak area or full-spectrum 
methods can be used. Calibration sets were constructed 
from three pure SO, spectra (Fig. 3; concentrations were 
50,497 and 960 ppm) and ten pure H 2 0  spectra (concen- 
trations between 368 and 8500 ppm). From the three pure 
SO2 spectra, 28 pure SO2 spectra were constructed, by 
multiplying these three spectra with different constants 
and using the calibration curve given in Fig. 1 to deter- 
mine the concentration. 

Software used for the calculation of calibration models 
and prediction is mainly self-written (Microsoft Visual 
Basic which allows compatibility with the ‘Omnic’ soft- 
ware of the Nicolet spectrometer). Also ‘The Unscram- 
bler’ (Camo) has been used for some PLS models. 

CLSI-model for SO2 

A CLS model was calculated using 280 mixture spectra 
(28 pure SO2 spectra were added to 10 pure H 2 0  spectra; 
SO2 range: 5-960 ppm, H 2 0  range: 368-8500 ppm). Each 
mixture spectrum was baseline corrected with a one- 
point baseline correction calculated in the region 
2650-2600 cm- ’, before it was added to the calibration 
absorbance matrix A. This matrix contained 280 rows 
and 64 columns, corresponding to the 280 reference 
spectra with varying concentrations of SO2 and H 2 0  and 
to 64 wavenumbers between 1412-1294cm-’. 

The concentration matrix C contained 280 rows 
and 2 columns, corresponding to the 280 reference 
spectra and their respective concentrations for SO2 and 
H 2 0 .  From (4), the K-matrix solution during calibration 
was calculated and is shown in what is called the K- 
spectrum (Fig. 4). For comparison, the pure SO2 spec- 
trum with a concentration of 960ppm is shown as well 
(Fig. 3). 

With the obtained K-matrix solution, the calibration 
samples were predicted and the predicted versus 
reference concentrations are shown below, for both 
components SO2 and HzO. Calibration statistics, 
given by the Root Mean Square Error of Calibration 
(RMSEC, definition as in Eqn (22a) with rn the degrees 
of freedom), for SO2 is RMSEC = 1.41ppm and for 
H 2 0  is RMSEC = 422.9ppm. Excellent calibration re- 
sults were obtained for SO2 (Fig. 5). The non-linear 
nature of the concentration-absorbance dependence for 
H 2 0  is clearly visible in the predicted versus reference 
graph (Fig. 6). CLSI is not able to deal with these non- 
linearities. 

From Eqn (3b) one can see that the E-matrix can be 
calculated for the calibration samples after introducing 
the K-solution in the equation. Each row in the E-matrix 
represents the residual spectrum for the corresponding 
reference spectrum; that is, what has not been described 
by the CLS model. The magnitude of the sum of squares 
of these residuals gives an indication of the goodness of 
the fit and/or for the presence of possible outlying sam- 
ples during calibration. The average sum of squares (over 
the columns) of the residuals for all the calibration sam- 
ples is useful for later comparison with the sum of squares 
of the residuals of an unknown sample predicted with the 
model. The average sum of squares of residuals for all the 
280 samples is here 8.9 x This value can be used for 
comparison with the sum of squared residuals of future 
unknown samples (F-statistics, Eqn (21)). If we use this 
value for the calibration set and plot it for each calib- 
ration spectrum, then we obtain Fig. 7. 

The average F-value is of course equal to 1. In the 
calibration set, F-values up to 6 were found, without 
really finding a reason to omit samples in the calibration. 
From the literature it is known that F-values of 3 or less 
do not indicate outlying samples. However, here we see 
that F-values can be up to 6 without really indicating 
a sample as outlying. 

The sum of squared residuals calculated for each col- 
umn (that is summed over the rows) gives information on 
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Figure 4. K-spectrum for SOZ obtained after CLSI calibration (unlabelled ordinate 
in arbitrary units). 
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Figure 5. Predicted versus reference concentration in ppm for SO2 (calibration 
set) (CLSI). 

how well the model fits each wavenumber (Fig. 8). Here it 
is clearly visible that the wavenumber@) around 
1360cm-’ are very outlying compared to the other 
wavenumbers and it is mainly this narrow region that 
contributes to F-values which are higher than 1. This 
region corresponds with the local minimum in the SO2 
spectrum, which is probably difficult to account for in the 
CLSI model. If, for future unknowns, the residual spec- 
trum looks like Fig. 8, then we know that it is an artefact 
of our model and that the prediction will therefore not be 
erroneous. 

CLSII model for SO2 

The same procedure was following to construct a CLSII 
model for SOz and H20.  Calibration statistics for SO2 is 
RMSEC = 1.39 ppm, for H 2 0  is RMSEC = 533.6 pprn. 

The non-linear nature of the H 2 0  concentration-ab- 
sorbance dependence is not as visible as for the results of 
the CLSI model in the predicted versus reference plot 
(Fig. 9), which proves that CLSII is more able to deal 
with small non-linearities as CLSI. However, the stan- 
dard error of calibration for water vapour was significantly 
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Figure 6. Predicted versus reference concentration in ppm for HzO (calibration 
set) (CLSI). 
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Figure 7. Fvalue (ordinate) calculated from the residuals (calibration diag- 
nostics) as a function of 280 calibration samples resp. (abscissa). 

Figure 8. Sum of squares of residuals (calibration diagnostics) (arbitrary units). 

:92 

higher in the CLSII case, whereas the RMSEC for SO, 
was equal for both CLSI and CLSII. In both cases, CLS 
will be capable to give accurate predictions for SOz and 
only rough estimates for HzO. 

The sum of squared residuals calculated over the col- 
umns were much smaller than for the CLSI model (figure 
not shown), although the same calibration samples again 
show the highest residual values or F-values. This indicates 
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Figure9. Predicted versus reference in ppm for HzO after CLSll calibration. 
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Figure 10. Sum of squares of residuals (calibration diagnostics) (arbitrary units). 

that the CLSII model is better able to describe the 
calibration absorbance matrix A than the CLSI model. 

The CLSII model seems to have fewer problems fitting 
the data at certain wavenumbers compared to the CLSI 
model (Fig. 10). This means that there are no particular 
parts in the selected wavenumber region that are more 
difficult to account for in the model. The magnitude of 
the spectral residuals is also much smaller for the CLSII 
model compared to the CLSI model (compare Fig. 8 with 
Fig. 10). In conclusion, by considering calibration diag- 
nostics, the CLSII model seems to be more robust for 
SO2 than the CLSI model. 

PLS model for SO2 

The problem with PLS (PLS1 is considered) is often the 
choice of the number of principal components to account 
for in the model. A plot of the standard error of calib- 
ration (RMSEC) as a function of the number of Pc's is 
given in Fig. 11, for the same calibration matrix com- 
posed of 280 samples and 64 wavenumbers for SO2 and 
H20.  
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Figure 11. Standard error of calibration in ppm as a number of 
PCs in the PLS-model. 

From the RMSEC plot (Fig. 11) it is seen that the 
maximum number of PCs does not need to be higher 
than three. Two PCs seems to be the optimal choice. 
PLS-models with two PCs and three PCs are considered 
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Figure 12. Two-vector scores plot for the calibration set. 

in what follows in order to be able to conclude which 
model seems to be the most appropriate for further 
prediction purposes. 

After PCA or PLS, one can evaluate the calibration 
model by considering scores and loadings in two-dimen- 
sional plots. In the case of SOz and HzO, mainly all the 
variance in A is explained by the first PC, which means 
that the variables are all well correlated. However, if we 
consider the two-vector scores plot of the first two PCs 
(Fig. 12), then the points are distributed in such a way 
that each horizontal line explains the variance in the 
absorbance matrix due to the change in SOz concentra- 
tion, while each vertical line explains the variance in the 
absorbance matrix due to changes in the HzO concentra- 
tion. The relative importance of each PC can also be seen 
from the magnitude of the coordinates of the points in the 
scores plot. 

From the one-vector loading weights plot, it is known 
that if most of the variance is explained by only one PC, 
then the form of the loading weights as a function of the 
wavenumber must follow closely the real form of the SOz 
spectral band. This can indeed be seen from Fig. 13. 

The two-vector scores plot (Fig. 12) and one-vector 
loading weights plot (Fig. 13) do not depend on the 
number of principal components in the model. However, 
B-coefficients plotted as a function of wavenumber or 
predicted versus reference plots do depend on the num- 
ber of PCs in the model. Two models are considered: two 
PCs (PLSI) and three PCs (PLSII). 

PLSI (two PCs): RMSEC= 1.46 ppm 

Calibration diagnostics can be evaluated from the sum of 
squared residuals, calculated for each sample. Compari- 
son of these squared residuals with the previous CLS 
models shows that the same samples are difficult 
to account for in the three models. CLSII seems to fit 
them the best of the three models, during calibration 
(Fig. 14). 

Considering the squared residuals summed over the 
samples and plotted as a function of the wavenumber 
(Fig. 15), one can see that, just like the CLSI model, the 
PLSI model has most difficulties to fit absorbances in the 

0.2394 - 
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Figure 13. One-vector loading weights (arbitrary units) plot for 
the calibration set. 

region around 1360 cm-'. This corresponds to the local 
minimum in the SOz spectral band. 

PLSII (three PCs): RMSEC= 1.25 ppm 

Calibration diagnostics may be considered by inspection 
of the sum of squared residuals plotted against sample 
number or wavenumber (Fig. 16). The magnitude of the 
squared residuals for the 3PC model is, in both cases, less 
than that of the squared residuals calculated from the 
CLSII model. However, there is a chance that we are 
already overfitting the data with three PCs. To check this 
one can use an independent test set or an internal valida- 
tion technique (cross-validation) to determine the opti- 
mal number of PCs. 

Test set for SOz 

Calibration diagnostics is, of course, very important (for 
the determination of outlying calibration samples and to 
follow the model-building process) but the ultimate test 
for every model is its application to a really independent 
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Figure 14. Comparison of sums of squared residuals for three models for S02. 
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Figure 15. Sum of squared residuals (arbitrary units) (calibration diagnostics). 
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Figure 16. Sum of squared residuals (arbitrary units) (calibration diagnostics). 

test set. Therefore, real mixtures of SO2 and H 2 0  vapour 
(total of 60 mixtures) were made and the spectra were 
collected. Five models-CLSI, CLSII, PLS(2 PCs), 
PLS(3 PCs) and the Q-matrix method-were used to 
predict the SO2 concentrations. As a reference method, 
the water vapour spectrum is subtracted from the mix- 
ture spectrum and the SOz concentration is determined 
by use of the area model (it would have been better if the 
SOz concentration could be determined by one or an- 
other direct measuring technique). Prediction statistics 
for the SOz test set are given in Table 1. 

All five methods have RMSEP values between 
2.30 ppm and 4.91 ppm, which means that they are all 
comparable to the reference method ( < 5 ppm in a range 
of 5-960 ppm). If the number of samples in the test set is 
large enough, then the RMSEP value will approach the 
real prediction error of the population of all future sam- 
ples. Because the results are compared with another 
method applied on the same test set spectra, a systematic 
error could be introduced. This systematic error (bias) is 
accounted for in the SEP value, which is probably here 
a better parameter to judge our five models. Slope, offset 
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Table 1. Test set results for SO2 
CLSI CLSll PLS (2 PCS) PLS (3 PCS) Q-Matrix 

RMSEP 2.41 2.46 2.30 3.08 4.91 
Bias 1.18 1.25 1.13 1.96 4.26 
SEP 2.12 2.14 2.03 2.39 2.47 
Slope 0.989 0.988 0.989 0.985 0.981 
Offset 1.01 0.98 0.92 1.01 - 0.66 
Corr. 1.000 1.000 1 .ooo 1 .ooo 1 .ooo 

F-statistics for SO2 test set 
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Figure 17. F-value for the test for SO2. 

and correlation coefficient of the predicted versus refer- 
ence curve were also given in Table 1. A slope = 1, 
offset = 0 and corr. = 1 represents the ideal situation. 
Unexpected interferences can lead to erroneous predic- 
tions. It is therefore worthwhile to compare the sum of 
squared residuals of our unknown sample with the aver- 
age sum of squared residuals of our calibration set. The 
F-value is defined as the ratio of these two values and, as 
stated earlier, has to be close to '1' if the calculated 
residual is of the same order of magnitude as the average 
residual of the calibration set. We already have seen that 
F-values, up to 6, can appear even for calibration samples 
without having a good reason to omit these samples. 
Applying F-statistics to our test set, we see that even 
F-values up to 10 can be obtained. Further inspection of 
the residual spectrum of these samples can probably give 
us information about the reason for these high F-values. 
F-statistics for the test set for 3 models CLSI, CLSII and 
PLS(2 PCs) are given in Fig. 17. 

A closer look to the residual spectrum for sample 
number 3, for the different models CLSI, CLSII and 
PLS(2 PCs) can teach us something about the reason for 
the high F-value (Figs. 18-20). These residual spectra 
show that the major contribution to the high F-value 
for that particular sample is due to the wavenumber 
region around 1360 cm- '. From our calibration 
statistics we already knew that this region was difficult to 
fit by our models. Another major contribution to the 
F-value is due to fitting problems in the region around 
1340 cm-'. 

As a rule of thumb one can use the F-statistics for our 
SOz models as follows: 

0 F < 3, the prediction is excellent, there will be no 
interference. 

0 3 c F 6 10, the prediction may still be good, but it is 
worth evaluating the form of the residual spectrum for 
the presence of unexpected interferences. In most cases 
the high F-value will be due to the model not being 
able to fit the region around 1360cm-' and/or 
1340 cm-'. 

0 F > 10, the prediction is suspicious, but can, however, 
still be good! This is the case when the high F-values 
are due to the model not being able to fit the water 
vapour absorbance part in the spectral region of inter- 
est. In this case, one has to find typical water vapour 
spectral bands in the residual spectrum. However, if 
the residual spectrum really shows a clear spectral 
band which may be characteristic for an unexpected 
interferent, the prediction will be wrong! 

Another example concerns the effect of non-linearities. 
This can be demonstrated by applying PLS to the 
C02/H20 interference in the 3763-3500 cm-' region. 
The PLSZmodel explained in reference 6 was applied to 
an independent test set containing 212 mixture spectra of 
COz and HzO. The COz reference concentration was 
determined independently by letting the gasflow go first 
through the CO/COz NDIR gas analysers of the cone 
calorimeter. The predicted versus reference plot for the 
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Figure 18. Residual spectrum for sample number 3 in the test set (PLSI). 

Figure 19. Residual spectrum for sample number 3 in the test set (CLSI). 

Figure 20. Residual spectrum for sample number 3 in the test set (CLSII). 

212 test sample spectra for the PLS2-model is shown in 
Fig. 21. The non-linear behaviour is still visible in this 
plot, although the statistics are acceptable (Table 2). 

Application of the INLR-model" to the same test 
set of 212 samples resulted in a clear improvement 
in the test statistics, as can be seen from Table 2. The 
improvement in RMSEP is more than 50%, the SEP 
improved by nearly 75%. Also, slope and bias which 
have to be as close as possible to 1 and 0, are much better 
when quadratic terms were added to the absorbance 
matrix before PLS was performed. The predicted versus 

reference plot from Fig. 22 shows a much more linear 
relation. 

CONCLUSION 

A variety of methods, univariate and multivariate, linear 
and non-linear, exist to perform the quantification of gas 
components in real smoke gas spectra obtained with the 
FTIR technique. Each method has its specific advantages 
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PLSZ (4 PCs) on test set (212 samples) 
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Figure 21. Predicted versus reference for the COJHzO test set (PLS2-model). 

INLR (5 PCs) on test set (212 samples) 
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Figure 22. Predicted versus reference for the C0z/H20 test set (INLR model). 

Table 2. Test set statistics for the C02/H20 data set 

RMSEP 504 236 
Bias - 255 62 
SEP 436 158 
Slope 1.055 1.018 
Offset - 86 - 125 
Corr. 0.997 0.999 

PLSZ INLR 

and disadvantages and each of these have to be weighted 
against each other before the most appropriate choice 
can be made for each individual gas component. It has 
been shown that in the case of overlapping spectral 
features, full-spectrum methods have to be preferred and 

that for gas components such as SOz, and also for 
C3H40, which show a linear absorbance-concentration 
dependence at a bandwidth resolution of 4 cm- most of 
the linear full-spectrum methods give acceptable accu- 
racy. In contrast, for gas molecules as COz, and also for 
CO and others such as HCI, HBr, HCN, NO, NOz, ... , 
non-linear models such as INLR will give improved 
results compared to the linear full-spectrum methods. 
Another improvement might be splitting up the region of 
interest in separate regions to avoid the most strongly 
overlapping spectral bands, e.g. in the case of SOz, the 
region around 1360 cm- may be omitted, which would 
probably improve the diagnostics based on F-statistics. 
These statistics or diagnostic procedures based on resid- 
ual spectra are another important advantage of full- 
spectrum methods over methods where only a few 
wavenumbers are used in the analysis. 
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