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A method is presented for estimating reaction rate constants very rapidly from on-line 
short-wavelength near-inpared measurements. It can deal with a strong spectral overlap 
between the individual spectra of the species in the reacting system. For this an iterative 
curve-resolution method is combined with a nonlinear fitting procedure. This procedure 
also makes it possible to assess the quality of the estimated reaction rate constants. 
Simulations show that the method can be applied in cases with extreme spectral overlap 
of the individual spectra of the species. The procedure is applied in practice to an 
example with a strong spectral overlap. Reaction rate constants of the two-step epoxida- 
tion of 2,5-di-tert-butyl-1,4-benzoquinone were estimated. This method can lead to the 
application to on-line monitoring reaction rate constants. 

Introduction 
Short-wavelength near-infrared (SW-NIR) spectroscopy is 

a useful tool for monitoring on-line continuous and batch 
processes. SW-NIR encompasses the wavelength range 
700-1.100 nm. The absorbances in this region are mainly 
caused by third overtone and combinations of IR bands origi- 
nating from -CH, -NH, and -OH stretches. 

There are some advantages and disadvantages in using 
SW-NIR for on-line monitoring. The extinction coefficients 
of the bands are very weak and the peaks are very broad, so 
SW-NIR is not a fingerprint area. Unknown and known in- 
terferences can also make the spectra more complicated. 
However, the use of long pathlengths can compensate for the 
weak extinction coefficients. Multivariate calibration tech- 
niques can overcome the problem of interferences if the 
spectra of the species are dissimilar enough. The book by 
Martens and Nacs (1989) describes multivariate calibration 
techniques very well. Many aspects of (SW)-NIR have been 
extensively described by Workman (1996). 

A major advantage of SW-NIR over NIR and IR is the 
potential use of fiber optics, which makes it possible to mea- 
sure on-line while the instrument is located in another safe 
place, a good distance from the process. Using long path- 
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lengths in SW-NIR ensures that the spectrum is more repre- 
sentative of the bulk, and that the spectrum is not disturbed 
by absorption of thin layers on the wall of the cell. 

Several publications have included applications of SW-NIR 
spectroscopy for monitoring processes. Cavinato et al. (1990) 
used SW-NIR to find ethanol during the course of the fer- 
mentation process. The measurements were performed non- 
invasively. Aldridge et al. (1993a,b) used SW-NIR to monitor 
the free radical polymerization of methyl-methacrylate. The 
conversion was obtained by plotting one specific wavelength 
representing the monomer of the recorded spectra vs. reac- 
tion time. The kinetic parameters involved were not esti- 
mated in either article. 

Deady et al. (1993) estimated the kinetic parameters for 
styrene polymerization. They used the pulsed laser photolysis 
(PLP) technique and the molecular weight distribution 
(MWD) to find the propagation rate constants and the chain 
length of the formed polymer. The results were verified using 
numerical kinetic simulations. Olaj and Schnoll-Bitai (1988, 
1989) used PLP in different modifications, and gel perme- 
ation chromatography (GPC) to determine the kinetic param- 
eters for polymerization reactions. They reported that spec- 
troscopic techniques cannot be used to obtain conversions 
because of the low concentration of radicals produced by PLP 
and the overlapping bands. As will be shown in this article, 
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however, multivariate techniques can solve the problem of 
overlapping bands, and the low concentration problem can 
be solved by using cells with longer path lengths. 

Kaufman et al. (1982) and Chrastil (1988, 1993) used their 
own concentration data on species of a reacting system in 
order to estimate the reaction rate constants by applying tra- 
ditional curve fitting of the kinetic expressions to the concen- 
tration vs. time data. This traditional approach to estimating 
reaction rate constants has some disadvantages. Samples of 
the reacting system have to be taken during the reaction, and 
it is always necessary to  measure the concentrations of these 
samples by using nuclear magnetic resonance (NMR), for ex- 
ample, which is time-consuming. 

Kinetic parameters can also be obtained using SW-NIR. If 
spectra have been obtained during a certain time interval of 
a process and equations of the chemical kinetics of the 
process are available, curve resolution (Lawton and Sylvestre, 
1971) can be used to find the spectral features using kinetic 
information. Curve resolution is a set of techniques based on 
the determination of qualitative information and the recovery 
of response profiles, for example, time profiles. Nowadays, 
new modifications of curve-resolution techniques and appli- 
cations have been published (Tauler et al., 1993, 1994, 1995; 
Casassas et al., 1995; Lacorte et al., 1995). Reaction rate con- 
stants can be incorporated as unknown parameters in the 
curve-resolution method. An iterative least-square optimiza- 
tion procedure is necessary for estimating the values of these 
unknown parameters. If the stoichiometry of the reaction is 
known, iterative curve resolution can be used as a powerful 
chemometric tool for estimating reaction rate constants very 
rapidly. For processes with unknown stoichiometry, curve 
resolution can be combined with target factor analysis (Bonvin 
and Rippin, 1990; Harmon et al., 1995). 

Sylvestre et al. (1974) contains the basic idea of estimating 
an unknown reaction rate constant using recorded spectra 
from an unimolecular irreversible reaction for a certain length 
of time and iterative curve resolution. Mayes et al. (1992) 
determined the reaction rate constants of the pseudo-first- 
order two-step epoxidation of 2,5-di-tert-butyl-1,4-benzo- 
quinone using iterative curve resolution without quality as- 
sessment; they compared their results with those from Hair- 
field e t  al. (19851, who used NMR to obtain the correspond- 
ing reaction rate constants and the concentrations of the 
species involved in the reacting system. Shrager and Hendler 
(1982) and Frans and Harris (1984, 1985) determined several 
unknown parameters using different modifications of itera- 
tive curve resolution. A summary of the developments of in- 
corporating unknown parameters into iterative curve-resolu- 
tion methods between 1965 and 1986 can be found in Shrager 
(1986). 

A new approach for estimating the concentration profile of 
a species was reported by Bjarsvik (1996). Spectra were 
recorded during the course of a reaction. Principal-compo- 
nent analysis was used to decompose the spectral data. From 
the scores and the reaction time, a reaction profile was ob- 
tained. However, this method can only be used if one species 
absorbs in the wavelength range being considered. Hence, this 
approach is very limited, as many processes are based on 
complicated reaction schemes. So far, articles on the applica- 
tions of iterative curve-resolution methods have not paid 
much attention to the experimental errors and instrumental 
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noise that contribute to  the estimation of the unknown pa- 
rameters. 

In this article, a method is presented for very rapidly esti- 
mating reaction rate constants from on-line SW-NIR mea- 
surements using two different algorithms. This method has a 
few advantages over the traditional curve fitting of kinetic 
expressions to concentration vs. time data mentioned earlier. 
Using the proposed method, it is not necessary to take sam- 
ples of the reacting system during the batch process run. 
Hence, it is not necessary to  obtain concentration vs. time 
data. Therefore, a lot of time and the costs of sophisticated 
instruments and operators are saved. Moreover, the pro- 
posed method can be applied noninvasively. Also quality as- 
sessment of the estimated reaction rate constants can be 
investigated. Besides which, since the method only takes a 
few seconds, it can be used on-line in real time. 

The background of the algorithms will be explained in de- 
tail. Some simulations with synthetic spectra from a simple 
two-step process are used to show that the method can be 
used to estimate unknown reaction rate constants in cases 
where the individual spectra of the species involved are ex- 
tremely overlapped. Next, the procedure described is applied 
to a real example. The same batch process as described by 
Mayes et al. (1992)-the pseudo-first-order two-step epoxi- 
dation of 2,5-di-tert-butyl-1,4-benzoquinone-i~ monitored 
using SW-NIR. Mayes et al. (1992) did not estimate the qual- 
ity of the estimated reaction rate constants. 

The procedure for rapid estimation of reaction rate con- 
stants is applied to the recorded spectra analogous to Mayes 
et al. (1992) using two algorithms, a standard algorithm and 
an improved one. In order to perform quality assessment, up- 
per and lower error bounds are estimated for the estimated 
reaction rate constants. The performance of the two different 
iterative curve-resolution algorithms will be compared for 
both the simulations and the real example. 

Theory 
In this section, two different iterative curve-resolution al- 

gorithms, combined with a nonlinear fitting procedure, are 
described. Validation of the estimated reaction rate con- 
stants and the jackknife method are also discussed. 

Notation 
Boldface capital characters denote matrices, boldface 

lower-case characters denote vectors, the superscript “T” de- 
notes a transpose, a hat matrix represents an estimation of 
that matrix, a bar matrix represents a truncated matrix, and 
I1 X )I indicates the Frobenius or Euclidian norm of matrix X 
( M  * N) defined by Eq. 1, with m = 1, 2, . . . , M and n = 1, 
2, ... , N: 

Curve resolution 
Let the matrix A ( M *  N) be a collection of spectra with 

M wavelengths during a certain time period N of a reacting 
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system; hence, every column in A denotes the spectrum 
recorded at a certain time. F ( N  * C )  is the matrix containing 
concentration time profiles of C species in the reacting sys- 
tem; hence, every column in F denotes the concentration time 
profile of a species. D ( M  * C )  is the matrix containing the 
pure spectra of the different species; hence, every column in 
D denotes the pure spectrum of a species. E ( M  * N )  is a 
matrix of errors. These errors can be divided into model er- 
rors, experimental errors, and instrumental noise. The fol- 
lowing model can be built assuming Lambert-Beer's law 
(Burns and Ciurczak, 1992): 

A =  D F ~ +  E .  ( 2 )  

The dimensions of the matrices in Eq. 2 are shown in Figure 
1. 

Suppose that the following first-order consecutive reaction 
is considered to be the reaction model. 

Step 1: A -+ B ,  with reaction rate constant k , .  
Step 2: B + C,  with reaction rate constant k,. 
Equations 3, 4, and 5 are the kinetic rate equations de- 

scribing the concentration profiles of species A ,  B ,  and C ,  
respectively, initially with only A present: 

(4) 

where CA,l is the concentration of species A at time i, and 
CB.r and Cc,, are the concentrations for B and C, respec- 
tively; CA, (, is the initial concentration of species A at time 0. 
The concentration profiles of A ,  B ,  and C are shown in Fig- 
ure 2 for a simulated case, where CA,o, k , ,  and k2 are equal 
to 0.39.10-'mol-', 0.26 min-I, and 0.07 min-', respec- 
tively. 

If F is known, the corresponding reaction rate constants 
can be estimated by fitting the kinetic rate equations (Eqs. 
3-51 to the time vs. concentration data. Suppose A is mea- 
sured from a reacting system and F is unknown because there 
are no concentration data available. F can be constructed 
with the unknown reaction rate constants if a model for the 
kinetic rate equations and the initial concentrations of the 
species are available, Every column in F represents the reac- 
tion rate equation of a species with unknown reaction rate 

Figure 1. Visualization of the matrices and their dimen- 
sions involved in the applied iterative curve 
resolution procedure. 
M = wavelengths: N = time points; C = species. 

AIChE Journal December 1998 

0.07 I 7 3  340 507 6.73 8.40 10.07 11.73 1340 15.07 16.73 18.40 
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Figure 2. F matrix. 
Concentration profiles of threc species (reactant, intermedi- 
ary, and product). 

constant(s). If the unknown reaction rate constants are esti- 
mated, the concentration profiles can be reconstructed. 

The matrix A can be described as the product of three 
matrices, called the singular-value decomposition (SVD) of 
A .  Assuming N _< M :  

U T U = I , V T V = W T = I , U ( M * N ) , V ( N * N ) , a n d  S i s a  
( N  * N )  diagonal matrix, with the singular values on the diag- 
onal, arranged in decreasing order. For cases of M < N ,  the 
transpose AT of A can be used. 

Equation 6 can be truncated to the first C significant sin- 
gular values. The truncated form of Eq. 6 is shown in Eq. 7:  

- - -  A= ucscv,' ( 7 )  

The dimensions of A in Eq. 7 are still ( M  * N ) .  The dimen- 
sions of the other matrices are uc ( M  * C )  containing the 
first C columns of 0; 3, (C * C )  is the upper left part of 3; 
and FC ( N  * C )  contains the first C columns of p. Assuming 
Lambert-Beer's law, there are no model errors. Using Eq. 2, 
it is assumed that by using Eq. 7 ,  E is greatly reduced. Hence, 
Eq. 8 follows: 

Transposing Eq. 8: 

Since F, vc, D:, andAsco: are of full rank, Eq. 9 shows that 
the range of F, R(F) is equal to the range of Fc, R(Vc). 
R ( F )  represents the space spanned by the concentration pro- 
files, and R(Ve) represents the abstract space spanning the 
concentration profiles. Hence, Eq. 9 can be rewritten as Eq. 
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10, where the superscript “ + ” indicates the Moore-Penrose 
inverse: 

or 

where FH spans the same space as F, . 
If v, is known from the SVD of matrix A and a model for 

k is known, H can be estimatFd according to Eq. 12. It is 
important to stress here that F itself is not known because 
there are n: concentration data for the species available. A 
model for F is known because the kinetic expressions de- 
scribing the concentration profiles of the species are known: 

where the superscript ‘‘ - I ”  indicates the inversc. 
P is fixed by reaction rate constants k ,  and k Z .  Hence, if 

these constants are correct, Eq. 11 should hold exactly with 
the corresponding H from Eq. 12. Therefore, it is reasonable 
to minimize Eq. 13 over k ,  and k , ,  ensuring that for the 
proper k ,  and k, this minimum of zero will be attained: 

where vc is fixed; I is the identity; and F depends on k ,  and 
k, .  Equation 14 represents a more spphisticated version 
of Eq. 13 by weighting the columns of VCLto account for the 
differences in error in the columns of V, (Shragcr, 1986). 
Equation 14 can be valuable if data are very noisy: 

Equations 13 and 14 are both nonlinear in k ,  and k , ,  and 
therefore they should be minimized using iterative nonlinear 
least squares. In this article the Levenberg-Marquardt algo- 
rithm was used (Seber and Wild, 1989; Press et al., 1992). 
The minimalization procedure in Eqs. 13 and 14 is done ac- 
cording to  the following scheme. 

Initializing 
1) Use a starting value for both k ,  and k,. 
2) Reconstruct the concentration profile of the different 

species -using the starting values from step 1. Hence, con- 

Minimalization loop 
4) Modify the reaction rate constants according to the 

Levenberg-Marquardt method. 
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5 )  Reconstruct the concentration profile of the different 
species using the modified values of the reaction rate con- 
stants from step 4. 

6 )  Calculate / I  [ I  - $ ( F T f i ) -  ‘F7]6&!?, II ’. 
7 )  Compare the value obtained from step 3 with the value 

of step 6. 
8)  Repeat the minimalization loop until the convergence 

criterion is reached. 
Equations 13 and 14 have been used in this article to esti- 

mate the reaction rate constants. For convenience, Eqs. 13 
and 14 will be labeled “the standard algorithm” and “the 
weighted algorithm,” respectively. If iterative techniques are 
used, the order of magnitude of the reaction rate constants 
has to be known in advance, because of the starting values 
for the reaction rate constants in the algorithm. The Leven- 
berg-Marquardt algorithm can stop in a local minimum if bad 
starting values are used. If different sets of starting valucs arc 
used, this can be checked. However, if the order of magni- 
tude of the reaction rate constants is not known in advance. 
there are several algorithms available to generate acceptable 
starting values (Seber and Wild, 1989). In this article we chose 
values close to the estimations for the reaction rate constants 
from Mayes et al. (1992). 

If the reaction rate constants are estimated. the fit error 
can be calculated according to Eq. 15 for the standard algo- 
rithm and Eq. 16 for the weighted algorithm. 

Standard algorithm: 

I /  V‘ - FH I1 

llv, I /  
Fit error = x 100%. 

Weighted algorithm: 

A value of 0% for both equations indicates that there are no 
residuals. 

Both of the algorithms described here are very fast. The 
whole procedure only takes a few seconds. Because t h e  algo- 
rithms are iterative. the exact speed is not known in advance, 
so the choice of the starting values plays a crucial role. 

Quality assessment of the estimated reaction rate constants 
Assume that n repeated individual batch process runs are 

performed under identical conditions. Normally, the reaction 
rate constants are estimated from the mean batch process 
runs obtained by averaging all the repeated individual batch 
process runs. The error of the estimates is unknown in this 
case. If reaction rate constants are estimated for several re- 
peated individual batch process runs. however, there will be 
some fluctuations between these estimations. This can be 
caused by model errors. experimental errors, and instrumen- 
tal noise. 

The model errors can be kept to a minimum if the correct 
kinetic model is used and the law of Lambert-Beer is valid. 
Experimental errors and instrument noise are always present. 
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For example. experimental errors are caused by concentra- 
tion errors and errors due to the starting point of the reac- 
tion, while instrumental noise is caused by variations in the 
instrument. It is possible to reduce experimental errors, but 
instrumental noise is inevitable. An upper level of the indi- 
vidual standard deviation of the estimated reaction rate con- 
stants due to experimental errors and instrument noise, the 
upper error bound, can be estimated by following the follow- 
ing procedure. 

Assume a batch process with one reaction step and reac- 
tion rate constant k , .  For each individual batch process run, 
the reaction rate constant k ,  can be estimated. A mean and 
individual standard deviation can be obtained from the k ,  
estimations of the n repeated individual batch process runs. 
The individual standard deviation obtained represents the 
upper error bound, which is the worst case, because both ex- 
perimental errors and instrumental noise are involved. 

A lower h e 1  of the individual standard deviation, the lower 
error bound, represents the influence of the instrument noise 
on the k l  estimates. It can be estimated using the jackknife 
method (Shao and Tu, 199.5). The theory of the jackknife 
method is briefly explained in the next section. 

Jackknife 
Again assume a batch process with one reaction step and 

reaction rate constant k ,. Suppose every individual batch 
process run consists of recording 20 spectra during a certain 
time period. The mean batch process run (datamatrix A )  can 
be obtained by averaging all the repeated individual batch 
process runs. Experimental errors and some instrumental 
noise are averaged. Hence, mainly instrumental noise is left. 
In the jackknife procedure, a fixed number of spectra from 
the mean batch process run are removed according to a fixed 
interval and k , is estimated using the remaining spectra. Next, 
another set o f  spectra is removed from the mean batch pro- 
cess run and k ] is estimated again on the basis of the remain- 
ing spectra, and so on. Finally, a number of estimations for 
k ,  arc obtained for the mean batch process run. Both a mean 
and individual standard deviation can be obtained from the 
jackknife estimations. The individual standard deviation of 
the estimated k ,  represents the influence of the instrumental 
noise (lower crror bound) to the k ,  estimates. The jackknife 
procedure is shown in Figure 3. 

Simulations 
The first-order two-step reaction described in the Theory 

section was used for the simulations. Concentration profiles 
were simulated for 21 time points for the species A ,  B,  and 
C,  corresponding to a k ,  value of 0.30 min-', a k ,  value of 
0.05 min- ' ,  and an initial concentration of A of 1 mol I - ' .  
The time period chosen was from 0 min to 20 min with incre- 
ments of 1 min. Pure SW-NIR spectra were simulated for the 
three individual species for the wavelength range 850-1,050 
nm with increments of 1 nm using Gaussian peaks with a 
peak sigma of 1.5 nm. To control the amount of spectral over- 
lap of the three peaks, the peak maximum of the A ,  B, and 
C species corresponded to different wavelengths. The simu- 
lated spcctra for the data matrix A were calculated using Eq. 
2. Normally distributed white noise was added to the data 
matrix A.  The sigma of the white noise was defined as a 
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The datamatrix A 
TIME --b 

W 
A 
V 
E 
L 
E 
N 
G 
T 
H 

1 
Spectrum:l 3 5 7 9 11 13 

Assume jackknife interval: 4 spectra 

15 17 

Step 1: spectra 1,5,9,13,17 are left out in A. 
Step 2: spectra 2,6,10,14,18 are left out in A. 
etc ..... 

1 19 

Figure 3. Visualization of the jackknife method. 

percentage of the maximum absorbance of the simulated 
SW-NIR spectrum at time 0. 

Some simulations were performed with the standard and 
weighted algorithm to show the performance of the iterative 
curve resolution combined with a nonlinear fitting procedure. 
The amount of overlap in the individual SW-NIR spectra of 
the different species involved was varied by moving the indi- 
vidual spectra of species A and C along the wavelength axis. 
The pure spectra of the individual species with a small and a 
strong overlap are shown in Figure 4. A small overlap corre- 
sponded to a peak maximum of 900 nm, 950 nm, and 1,000 
nm for the species A ,  B,  and C, respectively, while a strong 
overlap corresponded to  a peak maximum of 930 nm, 950 
nm, and 970 nm for the same species, respectively. Two dif- 
ferent noise levels (1% and 4%) were used to simulate 100 
sets of SW-NIR spectra. For data reduction with the SVD. 
three singular values were chosen, because three species are 
involved in the simulated SW-NIR spectra. For every noise 
level, 100 k ,  and k ,  values were estimated. The starting val- 
ues for k ,  and k ,  were always 0.20 min-' and 0.04 min-I, 
respectively. 

Experimental Studies 
Reaction 

The following two-step epoxidation of 2,S-di-tea-butyl- 1,4- 
benzoquinone using tert-butyl hydroperoxide and ben- 
zyltrimethylammonium hydroxide (Triton B) catalyst was used 
as an example process for experiments (Hairfield et al., 1985; 
Mayes et al., 1992): 

Step 1: A + B -+ C + D,  with reaction rate constant k , .  
Step 2: C + B + D + E,  with reaction rate constant k,. 
The species A ,  B,  C, D ,  and E are specified in Table 1. 
Because the spectral differences between the cis and trans 

product are negligible in SW-NIR, no distinction was made 
between these two species. If the tert-butyl hydroperoxide is 
present in large amounts, pseudo-first-order kinetics can be 
assumed. Hence, the kinetic equations (Eqs. 3, 4, 5 )  can be 
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850 890 930 970 1010 1050 
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Figure 4. Pure spectra of the individual species A,  B, and C for the SW-NIR simulations. 
Thc peak of species B is the same for the small and strong overlap. 

I - - t - - I - - - - - -  

used to describe the concentration profiles of the spectro- 
scopic active species A ,  C, and E,  respectively. In this arti- 
cle, A ,  C, and E are monitored; they represent the reactant, 
intermediary, and main product of the reaction being consid- 
ered. 

Reagents 
The 2,5-di-tert-butyl-l,4-benzoquinone was synthesized 

from the procedure described by Hairfield et al. (1985) with 
no further purification, and a melting point for it of 
152-153°C was obtained. The reported melting point is 
152.5"C (Weast, 1988). 

Sample preparation 
First, 0.264 g (1.2 mmol) of 2,5-di-tert-butyl-l,4-benzo- 

quinone was dissolved in 15-mL dioxane (Acros Chimica, 
99'%). When solution was complete, 1.55 mL of the terf- 
butylhydroperoxide 70% (Acros Chimica) solution in water 
(12 mmol) and 13.21 mL ethanol (BDH Laboratory Supplies, 
pro analysis) were added. The curvette was filled with the 
reaction mixture. When the temperature in the cuvette had 

Table 1. Species Involved in the Two-step Epoxidation 
of 2,s-di- tert -Butyl-1,4-Benzoquinone 

A 2,5-di-tert-butyl-l,4-benzoquinone 
B tea-butyl hydroperoxide 
C 2,s-di-tert-butyl mono-epoxide-l,4-benzoquinone 
D tert-butyl alcohol 
E cis and trans 2,S-di-tert-butyl di-epoxide-1,4-benzoquinone 

reached the target temperature, data collection was started 
upon addition of 0.24 mL of the ice-cold catalyst Triton B 
(Acros Chimica, 40 wt. % in methanol) in 0.50-mL ethanol 
and 0.60-mL dioxane. The Triton-B was mixed with dioxane 
and ethanol so that the whole reaction mixture would mix 
rapidly. Ice-cold Triton-B was used to stabilize the tempera- 
ture in the cuvette. 

Experimental setup 
The experimental setup is shown in Figure 5. A Hewlett- 

Packard 8453 UV-VIS spectrophotometer with diode array 

Water 

Temperature 

I -  

- Constant 
Temperature 
BOX 

Figure 5. Experimental setup. 
The light source, cuvette, and diode array are inside the 
constant-temperature box. 
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detection was used to measure the SW-NIR spectra. A quartz 
cuvette with a 10.00-cm pathlength (Hellma Benelux) was 
used to obtain the spectra of the reaction mixture. A small 
unit of glass was glued to each side of the cuvette to regulate 
the temperature in the cuvette. The cuvette contained two 
stirring modules. Water was pumped from a constant-tem- 
perature bath (Neslab) through the cooling units of the cu- 
vette. A Pt-100, which is a thermocouple, connected to the 
constant-temperature bath was used inside the cuvette to 
control the temperature. To obtain a temperature below room 
temperature, an immersion cooler (Haake) was used to cool 
the water of the constant-temperature bath. 

The cuvette was placed in a specially constructed cell 
holder. The spectrophotometer and the cuvette were then 
placed in a homemade air thermostated box, to avoid the 
influence of the temperature fluctuations in its outside sur- 
roundings. The box temperature was controlled by a con- 
stant-temperature bath (Haake). A Hewlett-Packard Vectra 
XM2 Chemstation (IntelDX4-100 MHz with 16 MB RAM 
and an 800 MB hard disk), using Hewlett-Packard software, 
collected and stored the data. The experimental conditions 
are listed in Table 2. Eight individual batch process runs were 
performed. 

Reproducibility 
There reproducibility, Rbatch, of the eight individual batch 

process runs was obtained using the following expression 
(Smilde et ai., 1994): 

I ?  n 

n 1 = 1  
Rbatch = X100%, (17) 

It A,,, It 

where A ,  is the data matrix for process run i and A ,  is the 
averaged raw data matrix estimated for n individual batch 
process runs according to Eq. 18: 

The reproducibility Rtime for every recorded spectrum at time 
t was obtained according to the following expression: 

Table 2. Experimental Conditions 

Reaction temperature 
Integration time* 
Sampling time 
Total run time 1,200 s 
Wavelength range 800-1,100 nm 
Wavelength interval 1.0 nm 

*It took 1 s to measure 10 spectra from 800 to 1,100 nm. These spectra 
were averaged. 
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where a, , /  is the raw spectrum for process run i at time t ,  
and u,,,,~ is the averaged raw spectrum m at time t estimated 
for n individual batch process runs according to Eq. 20: 

Data processing 
In order to remove base line effects and drift, second- 

derivative spectra were estimated using a Savitzky-Golay fil- 
ter (Savitzky and Golay, 1964), as the usual procedure for 
estimating a second derivative will result in noisy spectra. For 
the Savitzky-Golay filtering, a window of 15 data points was 
used. At this window size, the spectral characteristics are kept 
and the noise level is reduced. The main spectral features are 
caused by dioxane, ethanol, and the catalyst. To stress the 
spectral features of the appearing and disappearing species, 
second-derivative difference spectra were calculated after 
subtracting the fourth recorded spectrum, the blank, from all 
the other spectra. The reason for this is given in the Results 
and Discussion section. 

The second-derivative difference spectra were used to ap- 
ply the iterative curve-resolution algorithms combined with a 
nonlinear fitting procedure, as described in the Theoretical 
section. The entire wavelength range of the second-derivative 
difference spectra was not used for data processing because 
of the increasing absorbance of the byproduct tea-butyl alco- 
hol formed during the reaction and the decreasing ab- 
sorbance of tea-butylhydroperoxide. The spectral features are 
caused by the three benzoquinone species if the 860-880-nm 
wavelength is considered (Mayes et al., 1992). For data re- 
duction, obtained using a SVD, three singular values were 
used because three species are involved in the selected wave- 
length range and linearity and additivity is assumed. Because 
of imbedded error, it might be better to truncate to four sin- 
gular values. Since the fourth singular value is quite small, 
however, it is reasonable to truncate to three singular values. 

Data processing was performed in the Matlab environment 
(Version 4.2C, The Mathworks Inc.) on a Pentium 90-MHz 
personal computer with 32-MB RAM and a 800-MB hard 
disk. 

Results and Discussion 
Simulations 

For the standard and weighted algorithms, 0.20 min- ' and 
0.04 min-' were used as starting value for k ,  and k Z ,  respec- 
Cvely. The mean values of the estimated parameters, k ,  and 
k, ,  and the corresponding individual standard deviations are 
listed in Table 3 for both algorithms. From the values of both 
algorithms used, it is clear that a higher noise level will result 
in a larger individual standard deviation (high estimation er- 
ror) for both reaction rate constants. If the noise level is con- 
stant and the spectral overlap is varied, the individual stan- 
dard deviations of the reaction rate constants become larger. 
However, the iterative curve resolution can still be applied 
successfully if there is a large amount of overlap in the indi- 
vidual spectra of the different species. 

If the values for the standard algorithm are compared to 
the values for the weighted algorithm, it is clear that there is 
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Table 3. Mean Estimated k ,  and k ,  Values with Individual Standard Deviations for 100 Simulated Sets of 
SW-NIR Spectra with Two Noise Levels and Four Spectral Overlaps* 

Noise Mean k ,  Mean k ,  STD X I  STD k ,  
( ' - I f  (min- l )  ( min ' -'i (nm) (nrn) (nm) Level (96) (rnin- I ) min 

pin,, A 'mdx, B 'mdx,C 

900 950 1,000 1 0.2999 0.0500 0.0034 0.0026 
(0.3000) (0.0497) (0.0021) (0.0018) 

4 0.2993 0.05 10 0.0123 0.0085 
(0.2998) (0.0504) (0.0073) (0.0075) 

910 950 990 1 0.2997 0.0500 0.0035 0.0027 
(0 2997) (0.0502) (0.0023) (0.0019) 

4 0.2994 0.0511 0 0139 0.01 15 
(0.3013) (0.0497) (0.0080) (0.0082) 

920 950 980 1 0.2999 0.050 1 0.0038 0 003 1 
(0.3001) ( 0 ~ ~ 9 8 )  (0.0025) (0 0023) 

4 0.2997 0.0506 0.0157 0.0127 
(0 2981) (0.05 16) (0.0091) (0.0089) 

930 950 970 1 0 2994 0 0501 0.0059 0.0043 
(0.3000) (0.0498) (0.0032) (0.0018) 

4 0.2971 0.0507 0.0305 0.0181 
(0.3001) (0.0501~ (0.01 38) (0.0115) 

*Pm,,,3 indicates the spectral position of the pcak maximum of species i. The values arc obtained with the standard algorithm. The values in parenthcscs 
are obtained with the weighted algorithm. If different sets of starting values were used, similar results were obtained. Here 0.20 min I and 0.04 min- 
were used as starting values for k ,  and k , ,  respectively. 

an improvement in the individual standard deviations for both 
k ,  and k 2  if the weighted algorithm is used. Hence, using the 
weighted algorithm is extremely valuable if data are very 
noisy. 

Experiments 
The reproducibility of the raw spectra is 

3.55% using Eq. 17. Figure 6 contains the raw spectra of one 
individual batch process run. From this figure, it is clear that 
a few spectra do not match with the other spectra. These 
spectra are the first spectra recorded just after the catalyst 
was added. It is assumed that the reaction mixture is not ho- 
mogeneous, because it takes some time to mix very well. The 
calculated reproducibility vs. the spectrum number is shown 

Reproducibility. 

in Figure 7. From Figure 7 ,  it is clear that the first two or 
three spectra had to be deleted. In fact, three spectra were 
deleted, and the fourth spectrum was used as blank. 

The Savitzky-Golay filtered second-derivative spectra of 
Figure 6 are shown in Figure 8. and the second-derivative 
difference spectra of Figure 8 are shown in Figure 9. There is 
a trend in the successive spectra. The reproducibility of the 
second-derivative difference spectra is 23.38%. This lower re- 
producibility is mainly a consequence of the small differences 
in absorbances of the species and the error propagation 
caused by taking the second derivative. 

Reuction Rate Constants Estimations. The mean data ma- 
trix was obtained by averaging the data matrices of the eight 
repeated individual batch process runs. The k ,  and k 2  values 
were estimated with the standard and weighted algorithms 
using starting values of 0.30 min-' and 0.05 min for k ,  

Wavelength (nm) 

Figure 6. Raw spectra from one individual batch pro- 
cess run. 

4 00.; 

0 00, 
0 50 100 150 200 250 

Spectrum number 

Figure 7. Reproducibility vs. spectrum number. 

2720 December 1998 Vol. 44, No. 12 AIChE Journal 



Table 4. Estimated Reaction Rate Constants for the 
Mean Data Matrix Obtained Over Eight Averaged 

Individual Batch Process Runs* 

Starting Starting Fit 

k ,  b i n - ' )  k 2  (rnin-I) (rnin-') (min - I )  (96) 
0.30 0.05 0.30 0.04 2.59 

Value Value Est. k1 Est. k l  Error 

(0.26) (0.07) (2.63) 

*The values are obtained with the standard algorithm. The values in 
parentheses are obtained with the weighted algorithm. If different sets 
of starting values were used, similar results were obtained. 

-2.5 1 I 
800 850 900 950 1000 1050 1100 

Wavelength (nm) 

Figure 8. Second derivative spectra from Figure 6; the 
first three spectra are deleted. 

and k 2 ,  respectively. These values are the results from Mayes 
et al. (19921, based on only two repeated individual batch 
process runs using the standard algorithm. If other starting 
values were used, similar results were obtained. The fit errors 
were also estimated, and the results are listed in Table 4. The 
kinetic model is satisfactory, because the fit error is small. 

In order to obtain 
individual standard deviations of the estimated reaction rate 
constants, the procedure as explained in the Theory section 
was applied. One k ,  and one k ,  value were estimated for the 
eight repeated individual batch runs using a starting value of 
0.30 min- I and 0.05 min-' for k ,  and k , ,  respectively. If 
other starting values were used, similar results were ob- 
tained. The mean values obtained for both the standard and 
weighted algorithms with individual standard deviations are 
listed in the first part of Table 5. From Table 5,  it is clear 
that the estimated reaction rate constants from Mayes et  al. 

Estimation of the Upper Error Bound. 

(1992) are within the 95% confidence limits for the estima- 
tions obtained in this article. The individual standard devia- 
tions in the first part of Table 5 represent the upper error 
bound (worst case), because both experimental errors and in- 
strumental noise are involved. Hence, there is no averaging 
effect. From Table 5,  it is clear that the weighted algorithm 
performs better for k ,  than the standard algorithm. There is 
a factor of 3 improvement in individual standard deviation 
for the k ,  estimations, while for both algorithms the individ- 
ual standard deviations are quite large for k , .  This is due to 
the dominance of k ,  and the high noise level present in the 
data. 

In the preceding procedure, the correlation between the 
eight k I and the eight k ,  estimations for both algorithms was 
estimated. The correlation coefficient is -0.77 if the stan- 
dard algorithm was used, and -0.61 if the weighted algo- 
rithm was used. Because of this moderate correlation be- 
tween the estimated k ,  and k ,  values, the k ,  estimations 
tend to be too high when the k ,  estimations are too low, and 
vice versa. The reconstructed concentration profiles for the 
three benzoquinone species are shown in Figure 2 for when 
the estimations of the reaction rate constants obtained for 
the upper error bound with the weighted algorithm from 
Table 5 are used. 

The lower error 
bound was estimated using the jackknife procedure described 
in the Theory section. Spectra were left out of the mean batch 
run using an interval of 31. Finally, this resulted in ten jack- 

Estimation of the Lower Error Bound. 

Table 5. Mean Estimated k ,  and k ,  Values and 
Individual Standard Deviation According to the Upper 

and Lower Error Bound* 

Type Starting Starting 
of Value Value Mean* Mean* STD STD 

Bound (rnin-') b i n - I )  (rnin-') (inin-') (rnin-') (rnin-') 
Upper 0.30 0.05 0.31 0.05 0.09 0.03 

Error k~ k z  k ,  k? kl k2 

(0.26) (0.07) (0.03) (0.03) 

-10 I Lower 0.30 0.05 0.30 0.04 6 . 8 0 ~ 1 0 - '  3 . 1 0 ~  t o -?  
860 862 864 866 868 870 872 874 876 878 880 (0.26) (0.07) (1.00XlO- ')(1.80X 

Wavelength (NU) 
*The values are obtained with the standard algorithm. The values in 

Figure 9. Second derivative difference spectra from 
for the wavelength range 860-880 

parentheses are obtained with the weighted algorithm. Mean over eight 
values. In ca%e of jackknife results it is the mean over ten jackknife 
estimations. If  different sets of startine values were used, similar re- Figure 

nm. sults were obtained. 
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knife estimations for k ,  and k ,  for the averaged batch run. 
The jackknife procedure was applied to the standard and 
weighted algorithms using starting values of 0.30 min-’ and 
0.05 min-’ for k ,  and k , ,  respectively. If other starting val- 
ues were used, similar results were obtained. The mean value 
obtained for the reaction rate constants and the correspond- 
ing individual standard deviation for the standard and 
weighted algorithms are listed in the last part of Table 5 .  The 
estimated individual standard deviation (lower error bound) 
represents the influence of the instrumental noise on the re- 
action rate constant estimates. There is an improvement in 
individual standard deviation for both k ,  and k ,  estimations 
(factors of 7 and 2, respectively) if the weighted algorithm is 
used. 

Using the weighted algorithm, the 
mean estimated k ,  value is 0.26 min-’, with an error be- 
tween 1.00*10-3 min-’ (lower error bound) and 0.03 min-’ 
(upper error bound). With this algorithm, the mean esti- 
mated k ,  value is 0.07 min-’, with an error between 1.80. 

min-’ (lower error bound) and 0.03 min-’ (upper error 
bound). These values show that it is possible to estimate the 
reaction rate constants with good precision even in the case 
where there is high spectral overlap and a high noise level. 
For all k ,  and k ,  estimations, k ,  estimations that are too 
high tend to occur with k ,  estimations that are too low, and 
vice versa due to the moderate correlation ( - 0.61). 

Summary of Results. 

Conclusions 
Reaction rate constants of batch processes can be esti- 

mated from on-line SW-NIR measurements. To estimate the 
reaction rate constants, an improved algorithm was used. The 
two-step epoxidation of 2,5-di-tert-butyl- 1,4-benzoquinone 
was used as an example batch process to illustrate that the 
algorithm can be used if there is a strong spectral overlap of 
the individual spectra of the different species and a high noise 
level. Reaction rate constants were estimated using the 
recorded SW-NIR spectra from the reacting system. One big 
advantage the described procedure has is the rapid estima- 
tion of the reaction constants. Also the upper and lower er- 
ror bounds of the reaction rate constants can be estimated, 
which is very important for quality assessment. Simulations 
showed that the presented algorithm can be applied success- 
fully in the case where there is an extreme overlap of the 
spectra of the individual species involved. 

Because of the rapid estimation of the reaction rate con- 
stants from on-line SW-NIR measurements, the procedure 
presented in this article can have many applications in the 
areas of obtaining information about batch processes and sta- 
tistical control of batch processes. Expanding to more com- 
plicated processes, such as batch polymerization processes, is 
also possible. In the future, the procedure described in this 
article can be valuable for on-line monitoring of reaction rate 
constants. 
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