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Abstract 

A multivariate approach to the solution of problems often encountered in the spectrofluorometry of 
natural samples, utilising information from whole spectra is presented. (a) Piecewise direct standardisation 
is implemented and employed to transfer emission spectra measured with two different xenon lamps of 
different ages as if the spectra were measured with the same lamp. (b) It has been shown using a multivariate 
analysis approach that it is possible to use the raw data points instead of the smoothed data based on an 
algorithm included in the instrument software by the manufacturer. (c) It is documented that Raman 
scattering does not hamper the performance of multivariate calibration; on the contrary, in an experiment 
with sugar samples the concentration prediction errors become about five times lower by including the whole 
emission spectrum in the analysis instead of using a univariate calibration based on an emission wavelength 
that only reflects the analyte of interest. (d) An algorithm for variable selection is implemented and 
employed in the selection of optimal excitation wavelengths. Among 13 emission spectra recorded for a 
sugar sample at different excitation wavelengths, four of these are chosen that describe 98.51% of the total 
variance in the original data. (e) Finally the combination of fluorescence spectroscopy and multivariate 
calibration with conventional chemical data according to the near-infrared black box model is presented. 
The refined sugar quality parameter, the ash content and the fluorescence emission spectra are correlated by 
a partial least-squares regression model. Five experiments employing different monochromator slit widths 
and sugar concentrations are performed, and the best correlation obtained by full cross-validation of the 15 
sugar samples is R = 0.98. 

1. Introduction 

Fluorescence spectroscopy has been used for 
decades as a powerful analytical tool in all 
sorts of  chemical, biochemical, food and envi- 
ronmental laboratories due to its two principal 
properties: excellent sensitivity and specificity. 
The use of  fluorescence excitation and emission 
spectra has so far mostly been qualitative, with 
the purpose of  finding a pair of  excitat ion- 
emission wavelengths where the analyte of  in- 
terest is the only chemical component giving 
rise to the recorded signals [1,2]. 

On searching the literature, very few papers 
are encountered dealing with the application of  
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multivariate chemometric methods in fluores- 
cence spectroscopy. This seems especially strik- 
ing bearing in mind the enormous number of 
publications using chemometrics in combina- 
tion with traditional spectroscopic techniques 
like near-infrared (NIR) spectroscopy [3-6]. In 
the majority of the papers dealing with fluores- 
cence spectroscopy and chemometrics, only 
synthetic samples or natural samples contain- 
ing very few chemical species are analysed with 
the aim of  resolving a measured excitat ion- 
emission matrix (EEM) into pure excitation 
and emission spectra of  the chemical compo- 
nents in the samples, and with the aim of  

reserved 
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predicting analyte concentrations by rank anni- 
hilation methods [7-12]. When the number of 
signal-producing chemical components in a 
sample becomes larger than 5-6 it is very 
difficult to perform this resolution within ac- 
ceptable limits of accuracy and precision [9]. 

In studies by Lindberg et al. [13] and 
Sj6str/Sm et al. [14] concentrations of two- and 
three-component synthetic mixtures are suc- 
cessfully predicted from fluorescence emission 
spectra by the method of partial least-squares 
regression. In Refs. [15-18] fluorescence spec- 
troscopy in combination with partial least- 
squares regression is used for predicting 
botanical tissue components of complex wheat 
flour samples. The latter example is analogous 
to the widespread use of multivariate calibra- 
tion in NIR spectroscopy [3-6], and illustrates 
how the chemical information for "dirty" natu- 
ral samples can be enhanced by fluorescence 
spectroscopy in combination with multivariate 
statistical methods. 

In this paper, the focus is on the analysis of 
spectra from refined sugar samples in order to 
investigate different intrinsic instrumental 
parameters as well as the combination of 
fluorescence spectroscopy of given samples and 
multivariate calibration. The study both serves 
as a general investigation of how to enhance 
the potential of fluorescence spectroscopy by 
chemometrics as well as a special investigation 
of how fluorescence spectroscopy of sugar sam- 
ples can be approached in a multivariate sense. 
Sugar samples are real samples and all topics 
treated reflect the problems of measuring 
fluorescence spectra on real samples. 

Refined sugar is a very pure foodstuff con- 
taining only small concentrations of impurities 
(below 1%). These impurities, such as phenolic 
compounds, amino acids, melanoidins, and 
melanins [19], stem from the sugar beet deliv- 
ered to the sugar factory superimposed the 
chemical compounds produced at the individ- 
ual unit operations of the factory. It is the 
long-term purpose of the project, of which this 
publication is a part, to use fluorescence spec- 
troscopy for the on-line prediction of (a) 
refined sugar quality [20] and (b) optimal ad- 
justment of process parameters. The fluores- 
cence measured is autofluorescence (or primary 
fluorescence), i.e. the native fluorescence of the 
impurities in the dissolved sugar sample. The 
beauty of this approach rests in the fact that 
nature and processing combined respond with 
a multivariate fluorescent fingerprint [21]. 

Using several examples, the potential of mul- 
tivariate analysis in fluorescence spectroscopy 
will be demonstrated. The topics addressed are 
as follows. 

(i) Transferring spectra between different in- 
strumental set-ups. Spectrofluorimeters are all 
different due to differences in lamps, 
monochromators and photomultipliers [2]. 
When analysing large sample sets, which is the 
case in on-line/at-line process applications, it is 
essential in the case of instrument break-down 
to be able to compare samples measured with 
different set-ups or even on different instru- 
ments. It is outlined how this problem can be 
solved by the piecewise direct standardisation 
algorithm originally developed for the stan- 
dardisation of NIR instruments [22-24]. 

(ii) Smoothing of spectral data. The spec- 
trofluorimeter employed for analysis automati- 
cally smooths the measured emission spectra. 
Raw data will be compared to data smoothed 
with binomial and Savitzky-Golay smoothing 
algorithms. 

(iii) Raman scattering. This often overlaps 
the analyte emission spectra. The classical way 
of circumventing the problem of Raman scat- 
tering is to employ suitable filters [25] (if avail- 
able), to subtract a blank emission spectrum 
from all the samples [25], or to change the 
excitation wavelength [25]. An example will be 
given of how multivariate methods are capable 
of overcoming the problem of the Raman scat- 
tering peaks by including whole emission spec- 
tra in the mathematical analysis. 

(iv) Selection of wavelengths. The measure- 
ment of fluorescence emission spectra at a large 
number of excitation wavelengths is a time- 
consuming operation. It will be demonstrated 
how the principal variable algorithm [26] 
chooses a small but optimal number of excita- 
tion wavelengths describing the main variations 
in the excitation-emission data matrix. The 
wavelength selection is especially important in 
the multivariate calibration of large sample sets 
as well as for fast on-line prediction of analyte 
concentrations in future samples. 

(v) Multivariate calibration. Multivariate 
calibration [27] of the sugar quality parameter 
ash content in refined sugar samples is per- 
formed. Experiments with different excitation 
monochromator and emission monchromator 
slit widths and sugar concentrations are per- 
formed in order to investigate their influence 
on the multivariate calibration models. The 
influence of pH and the use of corrected/not 
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corrected emission spectra in connection with 
multivariate modelling will be touched on. 

2. Materials and methods 

2.1. Instrumentation 

All experiments are performed on a Perkin- 
Elmer LS 50B spectrometer. The computer 
controlling the instrument through an RS232C 
interface is an IBM-compatible 486/50 MHz 
PC. Uncorrected fluorescence spectra samples 
with 0.5 nm intervals are recorded in all experi- 
ments. 

2.2. Programs 

Calculations are performed with Matlab for 
Windows version 4.2c.1 (MathWorks, Inc.) 
and Unscrambler version 5.5 (CAMO A/S). A 
chemometric toolbox made by B.M. Wise [28] 
is used for piecewise direct standardisation. 
The Perkin-Elmer LS50 FLDM Instrument 
program (version 4.00) is used for controlling 
the instrument. Spectral data are converted to 
ascii files by a program made in the OBEY 
language furnished by Perkin-Elmer (OBEY, 
version 3.50). An OBEY program made by S. 
Huckins, Perkin-Elmer, is applied to obtain the 
raw fluorescence emission spectra from the in- 
strument. 

2.3. Measurement conditions 

In experiments including several excitation 
wavelengths, the measurement always starts 
with the largest excitation wavelength and ends 
with the lowest excitation wavelength in order 
to minimise photodecomposition of the sample. 
This problem needs no further concern as long 
as each sample in a given experiment is subject 
to exactly the same measurement cycle. In all 
experiments the sample holder is thermostatted 
to 24 °C + 0.1, which is the average room tem- 
perature during a normal working day. 

2.4. Samples 

Double ion exchanged water was used for all 
sugar solutions and dilutions. There was a high 
degree of repeatability of the sample measure- 
ments (see Figs. 12 and 15). The buffer capacity 
of refined sugar is extremely low and it is 
impossible to obtain reliable pH measurements 
TAt 42:9-H 

of such samples. In the pH experiment, phos- 
phate buffers with C =  0.1 M were prepared 
from sodium dihydrogen phosphate. The glass- 
ware and cuvettes were kept extremely free 
from contamination by washing with methanol 
and a 2% Extran solution (Merck). The sample 
sets analysed are arranged as follows (including 
relevant instrumental parameters). 

(i) Sample set A (Piecewise Direct Standard- 
isation) comprises solid standard blocks nos. 1 
(anthracene and naphthalene mixture), 2(oval- 
ene), 3(p-terphenyl), 4(tetraphenylbutadiene), 
and 5(compound 610) from the Perkin-Elmer C 
520-7440 standard set, and a refined sugar sam- 
ple (15.00 g of refined sugar added to 15.00 ml 
of water); six samples in total. Instrumental 
parameters were excitation wavelength, 
300 nm; emission range recorded, 320-540 nm; 
excitation monochromator slit width, 5.0 nm; 
emission monochromator slit width, 5.0 nm; 
and emission scan velocity, 500 nm min-~. The 
spectra are binomial smoothed (filter factor 9) 
by the FLDM software. 

(ii) Sample set B (smoothing of spectra) 
comprises standard block 2 (ovalene) from the 
Perkin-Elmer set. Instrumental parameters 
were excitation wavelength, 342 nm; emission 
range recorded, 440-600 nm; excitation 
monochromator slit width, 3.0 nm; emission 
monochromator slit width, 5.0 nm; and emis- 
sion scan velocity, 500 nm min- 

(iii) For sample set C (Raman scattering), a 
stock solution consisting of 25.00 g of refined 
sugar added to 50.0 ml of water was prepared. 
From this stock solution, 10 samples were pre- 
pared containing from 0.5 ml to 5.0 ml (with 
0.5 ml intervals). All solutions were diluted to 
10.0 ml with water, i.e. the concentrations are 
given as 5.0, 10.0 . . . . .  50.0°/,, v/v of the stock 
solution. A blank solution (water) was pre- 
pared. Instrumental parameters were excitation 
wavelength, 300 nm; emission range recorded, 
315-540nm; excitation monochromator slit 
width, 8.0nm; emission monochromator slit 
width, 5.0nm; and emission scan velocity, 
1000 nm min  J. The emission spectra are not 
smoothed. 

(iv) Sample set D (multivariate calibration 
of fluorescence spectra) was as follows. (I) Fif- 
teen different refined sugar samples consisting 
of 15.00 g of sugar added to 15.00 ml of H20 
(approximately 50% (w/w)). (I1) Each sample 
in sample set 1 was diluted 1:1 (10.00ml of 
sugar solution added to 10.00 ml of H20). (III) 
The same original 15 sugar samples but with 
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Fig. 1. Emission spectra o f  the 6 samples used in piecewise direct standardisation measured with lamp I mounted. The 
numbers correspond to sample set A. 
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Fig. 2. Emission spectra of samples 4 and 6 measured with two different lamps mounted. Lamp I is older than lamp 2. 

1.50g of sugar added to 15.00ml of H20 
(approximately 10% (w/w)). Instrumental 
parameters were excitation wavelengths, 
230 nm (emission, 245-435 nm), 240 nm (emis- 
sion, 255-455 nm), 290nm (emission, 305- 
555 nm), and 330 nm (emission, 345-635 nm), 
(1864 data points in total); and emission scan 
velocity, 1000 nm min-' .  The emission spectra 
are not smoothed. 

2.5. Chemometric methods 

The chemometric methods employed are de- 
scribed in detail in the literature, so only a brief 
description including the relevant literature ref- 
erences will be given here. Nomenclature: capi- 
tal, italic bold face letters symbolise matrices, 
small, italic bold letters symbolise vectors and 
small italic characters are scalars. The number 
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Fig. 3. Score plot (first two PCs) of 12 emission spectra before standardisation. Samples marked • (1-6) are measured 
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Fig. 4. Emission spectra of samples 4 and 6 measured with lamp I and the transformed spectra of the same samples 
originally measured with lamp 2. The spectral differences after transformation are very small. 

of samples, the wavelength, and factors are 
denoted by s, w and f ,  respectively. 

Principal component analysis (PCA) 
Principal component analysis finds the main 

variation in a multidimensional data set by 
creating new linear combinations of  the raw 
data [27,29]. In matrix form we have 

X = T P '  

where X is the analysed data matrix with di- 
mensions s x w, T is the score matrix with 
dimensions s x min(s, w), and P '  is the loading 
matrix with dimensions w × min(s, w). Only the 
significant number of principal components 
(PCs), f ,  equal to the chemical rank of the X 
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Fig. 6. Score plot (PCI versus PC2) of 30 emission spectra of standard block 2. Three clusters are observed: binomial (B) 
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matrix is relevant in describing the information 
in X. This leads to the following decomposition 
of  X 

x =  r le;+ e 

where ~ is the score matrix with dimensions 
s x f ,  PI is the loading matrix with dimensions 
w × f ,  and £ is a residual matrix with the same 
dimensions as X. 

Partial least-squares regression (PLS) 
The purpose of  regression is to build a model 

between X and y, where X (see above) contains 
the fluorescence spectra and y (s × !) is a vec- 
tor containing the property of  interest (if sev- 
eral properties have to be modelled, we have a 
matrix Y with dimensions s multiplied by the 
number of  properties), in principal component 
regression [27,30] (PCR) a multiple linear re- 
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Fig. 8. Emission spectra of I I samples with different concentrations of the same relined sugar sample (including a blank 
sample). The Raman scattering overlaps the analyte spectrum in the region around 334 nm. 

gression model is built between the significant 
PCA scores (7"1) and y. PCR maximises the 
variance in X followed by a regression to y. In 
partial least squares the significant score values 
Tj are found in a slightly different way, taking 
into account the variation in y during the 
decomposition of X, i.e. in PLS the covariance 
between X and y is maximised [27, 30-33]. 

The number of factors (principal 
components or partial least-squares compo- 
nents) to include when applying the above 
mentioned methods is found by test set 
validation [27]. In the case of small 
data sets, cross-validation [27,34] is an alter- 
native way of validating the model perfor- 
mance. 
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loading vectors. 

Table 1 
Prediction o f  sugar  concentrations 
(A) Results o f  PLS calibration (with and without mean centring) and univariate calibration based on raw data 

With mean centring Without  mean centring 
R M S E P .  R b RMSEP ~ R b 

One PLS component  0.017 0.9999 0.134 1.000 
Two PLS components  - - 0.020 0.9999 
Univariate calibration - - 0.105 0.9988 

(B) Results o f  PLS calibration (with and without mean centring) based on Savitzky-Golay smoothing 

With mean centring Without  mean centring 
RMSEP = R b RMSEP a R b 

One PLS component  0.025 0.9999 0,144 0,9999 
Two PLS components  - - 0.029 0.9998 

a RMSEP = x / ~ .  j (C~ "~u~t~u- c[=r'r=~)2/N, where C, pr'dict~J is the model estimated concentration, C7  f¢ . . . .  is the 

reference value and N is the number  o f  samples. 
b Correlation coefficient. 

Piecewise direct standardisation (PDS) 
Piecewise direct standardisation [22-24] 

works on two data matrices A and B. These 
matrices contain spectra of the same standards 
measured under two different instrumental 
conditions A and B (dimensions are number of 
standards multiplied by w). No data prepro- 
cessing is performed prior to the standardisa- 
tion. A multiple of local multivariate regression 
models between each spectral point (wave- 
length) in A and a window of spectral points 
(including the wavelength chosen in A ) in B are 

then built. This yields a banded transfer matrix 
M (w x w) with a window of  non-zero regres- 
sion elements along the matrix diagonal and 
zeros elsewhere [22]. In matrix notation, we 
have 

A ----BM 

Future measurement o f  a sample under instru- 
mental condition B can now be transformed as 
if it were measured under instrumental condi- 
tion A by 

a'r~ ---- b ' . ~ . M  
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Fig. 10. A three-dimensional plot of an excitation-emission matrix (EEM) measured on a refined sugar sample. (Every 
2.5 nm of the emission spectra are used in the plot). 

where b ,~  is a column vector containing the 
measured spectrum and am is the recon- 
structed spectrum. The selection of appropriate 
standards is important [22]. 

Principal variables (P V) 
Assume that we have a matrix X (s x w). 

The method of principal variables [26] aims at 
finding few variables (in this case columns cor- 
responding to wavelengths) that describe as 
much of the total variance in the data matrix 
as possible. The method is based on finding the 
largest diagonal value of 

X'XX'X  (1) 

with the dimension w x w. The wavelength 
variable indexed by this value is the first princi- 
pal variable, designated w (s x 1). In the next 
step X is orthogonalised with respect to the 
chosen variable 

Table 2 
Experiments performed to investigate the multivariate cali- 
bration of sugar samples with respect to ash content 

Sample set a 

Di DIi Dill  

Ex 3.5 Em 3.5 Expt. I 
Ex 8.0 Em 5.0 Expt. 2 Expt. 3 Expt. 4 
Ex 15.0 Em 20.0 - - Expt. 5 b 

= Description of the sample sets is given in the text. 
b Emission ranges are 260-420nm (ex. 230 nm), 270- 
440nm (ex. 240nm), 320-540nm (ex. 290nm), 360- 
620 nm (ex. 330 rim) (1624 data points in total). 

k = (X'w)/(w'w) (2) 

x . _  = x -  wk' (3) 

where w (s x l) and k (w x l) are column vec- 
tors. The next PVs are found by repeating the 
procedure from step l to 3 with X,¢w found in 
step 3. The number of PVs to choose depends 
on the actual problem to be solved. By 
analysing the matrix X'yy 'X instead of 
X'XX'X, the method of principal variables is 
extendible to deal with the selection of wave- 
length variables to obtain optimal correlations 
with properties of interest (y values). 

3. Results and discussion 

3. I. Piecewise direct standardisation 

When using multivariate methods including 
many calibration samples, it is very important 
to be able to transfer spectra between different 
instrumental set-ups (lamps, slit widths, scan 
velocities) of the same spectrofluorimeter and, 
if necessary, between different instruments. 
Furthermore, the xenon lamp in the spec- 
trofluorimeter also needs continuous standardi- 
sation due to a change of spectral 
characteristics during ageing. If, by accident, 
for example, the lamp breaks down after the 
measurement of 100 calibration samples, it is 
of the utmost importance to be able to use the 
calibration models based on these samples for 
the concentration prediction of samples mea- 
sured with a new lamp with other spectral 
characteristics. 
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Fig. 11. Concatenated emission spectra of 15 different sugar samples (experiment 3, sample set DII) measured at four 
excitation wavelengths (230, 240, 290 and 330 nm). Emission variables 1-381 correspond to 245-435 nm; variables 
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Fig. 12. Concatenated emission spectra of sugar sample 4 from experiments 1 -5 (El-ES). A replicate made in experiment 
4 is included to illustrate the small replicate and measurement variation. 

In order to make a preliminary investigation 
of  the potential of  using piecewise direct stan- 
dardisation (PDS) on the fluorescence spectra, 
two experiments were performed with the same 
fluorescence spectrometer. In the first experi- 
ment, six samples (sample set A) are measured 
with xenon lamp l (old) mounted on the ap- 
paratus, while in the second experiment the 

samples are measured with xenon lamp 2 (new) 
fitted. The raw fluorescence emission spectra of  
all six samples measured with excitation at 
300 nm and with xenon lamp l are shown in 
Fig. I. In Fig. 2 the emission spectra of  sam- 
ples 4 and 6 measured with both lamps are 
shown. A distinct difference between the spec- 
tra is observed and principal component analy- 



(a) 

(b) 

200 

150 

100 

5O 

8 o 

-50 

-I00 

-150 

-200 

-2501 
-300 

04 

~0 

L3 
Q. 

5oo 1 
400 I 

3001 

200 I 

100 I 

0 

-100 

-200 

-300 

-400 

-500 ~ 
-1000 

12 

L. Norgaard / Talanta 42 (1995) 1305-1324 

Experiment 1 
J T 11 

6 
2 

9 
4 

1 
15 

14 5 

8 
7 

I I 

-200 -100 

13 

I I 

100 200 
PC score 1 

300 400 500 600 

Experiment 2 

11 
12 

14 5 

9 
4 

15 
1 

10 

8 7 

3 

L , 13 ~ , 
-500 0 500 1000 1500 

PC score 1 

Fig. 13 (a) and (b). 

1315 

sis of all 12 emission spectra shows the dis- 
placement of  identical samples as seen in the 
score plot in Fig. 3. Samples 2, 3 and 6 are 
chosen as transfer standards in the PDS al- 
gorithm (how to select appropriate standards is 
described in Ref. [22]). The PDS algorithm 
calculates a matrix capable of  transforming the 
spectra measured with lamp 2 as if they were 
measured with lamp 1. 

Are c ---- BMtransfer 
where Ar~ is a matrix with 6 objects and 441 var- 
iables containing the reconstructed spectra, B is 
a 6 × 441 matrix containing the spectra mea- 
sured with lamp B and M,r~,,,'~r is a 441 x 441 
transfer matrix. In this case the optimal window 
size was found to be 7, i.e. 7 spectral points in B 
(this corresponds to an emission range of  3 nm) 
are used to model the chosen wavelength in A. 
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In order to estimate the efficiency of PDS 
transformation, the true spectra measured with 
lamp 1 are compared with the transformed 
(reconstructed) spectra (Fig. 4). A PCA score 
plot of the 6 original lamp 1 spectra and the 6 
transformed spectra is given in Fig. 5. As ex- 
pected, the spectra of the three standards used 
in calculating the transfer matrix compare very 
well, but the three samples not included in the 
transfer calculation also compare satisfactorily. 

This example indicates that the PDS is a 
valuable tool in transferring fluorescence spec- 
tra between different instrumental set-ups for 
the same fluorescence instrument and between 
different instruments. An extensive investi- 
gation of  the performance of the PDS al- 
gorithm in combination with multivariate cali- 
bration methods of  fluorescence spectra 
(including a larger sample set) is presented in 
Ref. [35]. 
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Fig. 13. Score plots (PC1 against PC2) for (a) experiment 1; (b) experiment 2; (c) experiment 3; (d) experiment 4; and (e) 
experiment 5. In experiment 4 replicates of samples 4 and 15 are included (nos. 16 and 17, respectively). 

3.2. Smoothing of spectra 

The Perkin-Elmer LS 50B instrument is sold 
with two types of software smoothing filters, 
i.e. the chemist must choose either binomial or 
Savitzky-Golay smoothing of  the raw data. To 
investigate the smoothing effect on spectral 
shape an OBEY program was written to obtain 
the raw unsmoothed data as output from the 
instrument (see Section 2). Ten emission spec- 
tra were recorded on standard block 2 (sample 
set B) for each smoothing type. A PCA of the 
30 spectra shows three clusters each for one of 
the data types (Fig. 6). The data were not 
preprocessed in any way in order to illustrate 
the sizes of the two significant principal com- 
ponents (the first PC explains 99.988% of the 
total variance and the second PC explains 
0.004% of the total variance). In Fig. 7 the 
corresponding loadings are plotted. The first 
loading vector primarily describes the intensity 
level, while the second loading substantiates 
that the differences indeed are very small but 
still significant. Furthermore, the second 
derivative shape of the second loading vector at 
peak locations might indicate peak broadening. 
This agrees with the broadening effect of the 
smoothing algorithms. 

In the section below (3.3) it is shown that 
instrumental Savitzky-Golay smoothing of  

data during recording of the spectra produces 
slightly larger prediction errors than when raw 
data are used as spectral input into a multivari- 
ate calibration model of the sugar concentra- 
tion. It is concluded that no special smoothing 
algorithms are needed when the multivariate 
data approach is used. 

3.3. Raman scattering 

Raman scattering appears as a solvent-de- 
pendent emission occurring at longer wave- 
lengths than the excitation wavelength [25]. 
Furthermore, the Raman frequency shifts are 
independent of the excitation frequency [25]. 
This can be a problem in classical univariate 
calibration if the spectral region of the analyte 
of interest is overlapped by the Raman scatter- 
ing caused by the actual solvent (in this case 
water). A way of circumventing the influence of 
the Raman scattering is [25] (a) to subtract the 
blank spectrum from each of the sample spec- 
tra, assuming that the Raman scattering is 
independent of the analyte concentration and 
that the blank measurement is possible; (b) to 
employ appropriate filters (if it is possible in 
the actual case); or (c) to use another excitation 
wavelength with the risk of loosing relevant 
analyte information. 
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A multivariate approach to the problems 
of Raman scattering is to analyse the 
whole emission spectrum including the 
Raman scatter. In multivariate calibration the 
Raman signals are treated as interferent(s) and 
cause no problems for the multivariate 
modelling of the analyte emisison spectra. 
This is illustrated by the following ex- 
amples. 

The emission spectra of 11 solutions of a 
given refined sugar sample having different 
concentrations are measured at an excitation 
wavelength of 300 nm (sample set C). At this 
excitation wavelength, Raman scattering will 
occur at around 334 nm, overlapping the emis- 
sion spectrum of the sample. The fluorescence 
emission spectra are depicted in Fig. 8. A full 
cross-validated PLS model with the fluores- 
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cence emission spectra in X (11 x 451) and the 
concentrations in y (11 x 1) shows two signifi- 
cant components; the loading weights of  the 
PLS analysis are given in Fig. 9. The Raman 
effect is seen in both loading vectors, i.e. both 
components are necessary in a full description 
of the data set (see Table 1). The PLS model 
was built without any preprocessing of  the data 
to illustrate how PLS takes into account the 

Raman scattering. If the data are mean cen- 
tred, a one-factor solution is achieved due to 
the fact that the Raman scattering has the 
same intensity in all the samples. The results 
are compared with full cross-validated univari- 
ate calibration (at emission wavelength, 
395 nm) in Table I(A). The prediction errors 
obtained when using multivariate models are 
approximately five times smaller than the error 
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Fig. 14. The first two loading vectors for (a) experiment 1; (b) experiment 2; (c) experiment 3; (d) experiment 4; and (e) 
experiment 5. See comments in the text. 

obtained in univariate calibration, i.e. even in 
the case of single analyte calibration multivari- 
ate modelling should be used. The prediction 
errors obtained with and without mean cen- 
tring are of comparable size. In the case of no 
centring two factors are included in the model 
to handle the interfering Raman scattering. 

The effect of the instrumental Savitzky-Go- 
lay smoothing of the raw data during recording 
of the spectra as input to the PLS model is 
shown in Table I(B). The prediction errors 
obtained by this data preprocessing are slightly 
larger than when using raw data in the PLS 
model (see smoothing of spectra, section 3.2.). 

In this one-analyte example (the same sugar 
solution diluted several times) PLS is capable 
of predicting the sugar concentrations of the 
samples without removal of the Raman signal 
in advance; in the case of several analytes being 
present and possible interaction between the 
Raman signals and the analyte signals, it is a 
necessity to use multivariate methods. 

3.4. Selection of excitation wavelengths 

The selection of a subset of excitation wave- 
lengths is essential in order to minimise the 
time necessary to analyse a chemical sample. It 
takes approximately 40s automatically to 

record one emission spectrum by the OBEY 
software at a given excitation wavelength (in- 
cluding the adjustment of the excitation mono- 
chomator), i.e. to be able to measure at least 20 
samples per hour for on-line/at-line purposes, 
four to five excitation wavelengths have to be 
chosen. One way of selecting the excitation 
wavelengths from a large excitation-emission 
matrix (EEM) is the principal variable [26] 
(PV) algorithm, which is illustrated by the 
analysis of a refined sugar sample (sample 1 
from sample set DI). An EEM is recorded at 
the excitation wavelengths 230-350nm with 
10nm intervals, i.e. 13 emission spectra are 
obtained in the emission range 245-685 nm 
(excitation and emission monochromator slit 
widths were 8.0 nm and 5.0 nm, respectively). 
Rayleigh scattering peaks are removed from 
the emission spectra by filling with zeroes. In 
Fig. 10 a three-dimensional plot of the EEM is 
depicted. The PV algorithm applied to this 
EEM determines the optimal subset of excita- 
tion wavelengths to be 230 nm, 330 nm, 290 nm 
and 240 rim. The variances computed explain 
60.28%, 33.91%, 3.57% and 0.75%, respec- 
tively, of the total variance. In total 98.51% of 
the original variance is explained. "Optimal" 
signifies a compromise between variance ex- 
plained and the precision (see Ref. [26]). 
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3.5. Multivariate calibration o f  fluorescence 
spectra 

The multivariate calibration of  the ash con- 
tent in sugar samples is important  in develop- 
ing fast on-line/at-line methods for detecting 
the end-product quality, which among others, 
is described by the ash content. Clear solutions 
of  15 refined sugar samples with measured 
levels of  ash content determined at the labora- 
tory of The Danish Sugar Factories (Interna- 
tional Commision for Unified Methods of  
Sugar Analysis, ICUMSA)  are analysed by 
spectrofluorimetry without pH correction. 

Table 3 
Prediction of ash content. Performance of PLS modelling 
in the five experiments performed 

10 s R M S E P  a l0  s Bias b R ~ 

Expt. I (a) 1.06 -0.067 0.903 
(b) 1. I l - 0.071 0.763 

Expt. 2 {a) 1.06 -0.200 0.916 
(b) 1.07 0.000 0.788 

Expt. 3 (a) 0.775 0.067 0.951 
(b) 1.04 0.071 0.826 

Expt. 4 (a) 0.516 0.000 0.979 
(b) 0.463 - 0.071 0.966 

Expt. 5 (a) 0.683 -0.20 0.967 
(b) 0.707 - 0.21 0.933 

Key: (a), All 15 samples; (b), sample 10 left out. 
"RMSEP = x/Y~_ i (C, p ~ t ~  - C~""~)2/N, where 

Cp ~ ` ~  is the PLS estimated concentration, C'p r '"~ is 
the reference value and N is the number of samples. 
b Bias = Z~. I (CP r'~ict~d - C~'t~'~"~)/N. 
Correlation. 

Table 4 
Ash content reference value and predicted ash content, 
from PLS modelling of fluorescence spectra measured on 
sugar samples in experiment 3 

Sample Reference Predicted 

1 0.012 0.011 
2 0.009 0.010 
3 0.012 0.012 
4 0.010 0.010 
5 0.011 0.011 
6 0.010 0.011 
7 0.010 0.011 
8 0.014 0.014 
9 0.009 0.010 

10 0.003 O.0O3 
11 0.012 0.011 
12 0.012 0.011 
13 0.008 0.007 
14 0.010 0.011 
15 0.008 0.008 

Based on the results in the previous paragraph,  
the chosen excitation wavelengths are 230 nm, 
240 nm, 290 nm and 330 nm, with the respec- 
tive emission wavelength ranges 245-435 nm, 
255-455 nm, 305-555 nm and 345-635 nm. 
The four emission spectra are concatenated, i.e. 
one sample is associated with 1864 spectral 
data points. 

Five experiments were performed to investi- 
gate the influence of  excitation monochromator  
and emission monochromator  slit widths as 
well as the sugar concentration on the mod- 
elling of the ash content (Table 2). Rayleigh 
scattering becomes very broad when the slit 
widths are fully open, so the region of  each 
recorded emission spectrum in experiment 5 is 
reduced by 30 nm (see Table 2). 

Raw emission spectra from the 15 measure- 
ments in experiment 3 are illustrated in Fig. I l, 
and raw emission spectra of  sample 4 from all 
five experiments, including a replicate from 
experiment 4, are given in Fig. 12. For  qualita- 
tive comparison of the spectral shapes pro- 
duced under different experimental conditions, 
a PCA was performed on each of  the data sets. 
In Figs. 13a-13e, score plots (score 1 against 
score 2) including two replicates in experiment 
4, are shown. The orders of  samples are much 
alike in experiments 1 and 2 and in experiments 
4 and 5, and it is seen that experiment 3 fits 
into the shift of  the samples between experi- 
ments 2 and 4. The amount  of  variance ex- 
plained by the first two significant factors are 
81.6%, 86.4%, 89.9°/o, 91.3% and 93.7%, respec- 
tively. Figs. 14a-14e shows the first two load- 
ing vectors of  each experiment. The shapes of  
the loading vectors are much alike, indicating 
that the experimental conditions give rise to the 
same kind of measured emission spectra. More- 
over, it is observed that the noise level in- 
creases with decreasing slit widths and that it 
increases with decreasing sugar concentration. 

A quantitative measure is obtained by look- 
ing at PLS models of  the ash content. For  each 
experiment, a full cross-validated [27,34] PLS 
model of  the ash content is performed. RM- 
SEP, Bias and the correlation coefficient R for 
all experiments with and without sample num- 
ber l0 are given in Table 3. Reference values 
and predictions obtained in experiment 3 are 
given in Table 4. Sample i0 has a low level of  
ash content but it is still very well predicted by 
the PLS models. It should be stressed that the 
prediction of sample l0 is based on models 
excluding this sample, i.e. sample l0 is a 
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Fig. 15. Emission spectra of a refined sugar sample dissolved in buffer solutions at pH 4, 7, 10. The excitation wavelength 
is 230 nm. A replicate is made of the sample buffered to pH 7. 

"good" outlying sample stabilising the 
models, as seen when comparing RMSEP and 
R. 

From the prediction results it is seen that 
the selective wavelength information lost by 
using fully open slit widths is recovered in the 
signal-to-noise ratio by the employment of 
multivariate modelling. Furthermore, low con- 
centrations of sugar yield lower prediction er- 
rors, indicating some kind of quenching or 
perhaps a viscosity effect. The conclusion 
is that the sugar concentration should 
be within the range 10-20% and the 
slit widths should be in the middle region of 
their respective extremes (excitation slit, 2.5- 
15 nm; emission slit, 2.5-20nm). However, it 
is a very small difference in correlation (R) 
from the middle region slits to the fully open 
slits. 

It is demonstrated how the multivariate 
method PLS is capable of utilising the infor- 
mation in fluorescence spectra despite very 
different conditions of measurement with re- 
spect to slit widths and sugar concentrations. 
These promising results are confirmed on a 
larger scale when about 90 refined sugar sam- 
pies with and without pH correction are 
analysed [20]. Similar correlations to the ash 
content (R = 0.93) are documented as well as 
high correlations to quality parameters like 
amino-nitrogen and colour. 

3.6. The p H  and corrected spectra 

p H  
It is well known that the spectral shapes of 

fluorescing components are pH-dependent. 
This is confirmed in Fig. 15 where the differ- 
ence in spectral shape obtained at pH 4.0, 7.0 
and 10.0 for a given refined sugar sample is 
illustrated. The measurement at pH 7.0 has 
been repeated to show the uncertainty of a 
sample replicate. In ref. [20] comparisons of 
prediction errors from a large sample set of 
refined sugar sampes (about 90) dissolved in 
pure water and in buffer solution at pH 7.0 
are presented. The value of R with respect to 
the ash content is shown to be 0.92 with pH 
correction and 0.93 without correction. Even 
though the difference in prediction error is 
insignificant, the spectral shapes are systemati- 
cally different in the two experiments, indicat- 
ing that the information content is changed 
when going from water solutions to buffered 
solutions. It may be that some sample and 
process information is lost on pH correction 
of the solutions. 

Corrected emission spectra 
Throughout this presentation, uncorrected 

spectra are recorded in all experiments. When 
the fluorescence spectra are corrected [36] all 
spectra are wavelength multiplied by the same 
correction spectrum which stems from a stan- 
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dard measurement of, for example, a quinine 
sulphate solution, which introduces a repro- 
ducible small bias because of the inherent limi- 
tations in the choice of the standard. In 
multivariate calibration methods like PCR and 
PLS, however, a more general optimal weight- 
ing of wavelengths is found by the algorithms, 
so the present choice is not to correct the 
fluorescence spectra before they are introduced 
to the multivariate calibration model. In the 
area of transferring spectra between instru- 
ments, the method of piecewise direct stan- 
dardisation using several transfer standards is 
much more preferable than using corrected 
spectra based on only one standard sample. 

It should be noted that if resolution methods 
like rank annihilation factor analysis [9] 
(RAFA) and the generalised rank annihilation 
method [37] (GRAM) are employed and a li- 
brary search of the resolved fluorescence spec- 
tra is performed, the measured spectra have to 
be corrected to compare with library spectra. 

4. Conclusions 

The outlined multivariate problems with re- 
gard to the evaluation of different data, all due 
to complex natural samples, individual spec- 
trofluorimeters, Raman scattering, smoothing 
algorithms, and selection of excitation/emission 
wavelengths, may in part explain why fluores- 
cence spectroscopy is a tool infrequently cho- 
sen by the analytical chemist as opposed to 
other spectroscopic methods. It has been 
demonstrated that by the use of multivariate 
chemometric methods, these problems are cir- 
cumvented and fluorescence spectroscopy can 
be an important tool for the analytical chemist. 

The NlR analogy of predicting reference val- 
ues from spectra has been transferred to spec- 
trofluorimetry, by determining the ash content 
in refined sugar samples from concatenated 
emission spectra. The potential of autofluores- 
cence in this context is enormous for the analy- 
sis of all kinds of chemical, biological and 
environmental samples including on-line/at-line 
process analyses [21]. A further enhancement 
of spectrofluorimetry can be obtained by utilis- 
ing the instrumental methods of polarisation 
and synchronous fluorimetry in combination 
with multivariate statistics and by the develop- 
ment and implementation of N-way algorithms 
[37-40] capable of dealing with the higher-or- 
der data structures produced by a full excita- 
tion-emission scan. 
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