This article was downloaded by:

On: 21 January 2011

Access details: Access Details: Free Access

Publisher Taylor & Francis

Informa Ltd Registered in England and Wales Registered Number: 1072954 Registered office: Mortimer House, 37-
41 Mortimer Street, London W1T 3JH, UK

International Journal of Polymer Analysis and Characterization
Publication details, including instructions for authors and subscription information:

http://www.informaworld.com/smpp/title~content=t713646643

INTERNATIONAL

JOURNAL OF Predicting Mid-Infrared Spectra from Near-infrared Spectra
POLYMER ANALYSIS Raymond Lew®; Anwer Khan® Stephen T. Balke®
AND CHARACTERIZATION

2 Department of Chemical Engineering and Applied Chemistry, University of Toronto, Toronto,
Ontario, Canada ®* DuPont Company, Experimental Station, Wilmington, DE

To cite this Article Lew, Raymond , Khan, Anwer and Balke, Stephen T.(1995) 'Predicting Mid-Infrared Spectra from Near-
infrared Spectra', International Journal of Polymer Analysis and Characterization, 1: 3, 231 — 243

To link to this Article: DOI: 10.1080/10236669508233877
URL: http://dx.doi.org/10.1080/10236669508233877

PLEASE SCROLL DOWN FOR ARTICLE

Full terns and conditions of use: http://wwinformworld.conlterns-and-conditions-of-access. pdf

This article may be used for research, teaching and private study purposes. Any substantial or
systematic reproduction, re-distribution, re-selling, |loan or sub-licensing, systematic supply or
distribution in any formto anyone is expressly forbidden.

The publisher does not give any warranty express or inplied or make any representation that the contents
will be conplete or accurate or up to date. The accuracy of any instructions, formul ae and drug doses
shoul d be independently verified with primary sources. The publisher shall not be liable for any |oss,
actions, clainms, proceedings, demand or costs or damages whatsoever or howsoever caused arising directly
or indirectly in connection with or arising out of the use of this material.



http://www.informaworld.com/smpp/title~content=t713646643
http://dx.doi.org/10.1080/10236669508233877
http://www.informaworld.com/terms-and-conditions-of-access.pdf

17:24 21 January 2011

Downl oaded At:

Int. J. Polymer Analysis & Ch izati © 1995 OPA (Overseas Publishers Association)

1995, Vol. 1, pp. 231-243 Amsterdam B.V. Published under license by
Reprints available directly from the publisher Gordon and B h Sci Publishers SA
Photocopying permitted by license only Printed in Malaysia

Predicting Mid-Infrared Spectra
from Near-infrared Spectra

RAYMOND LEW,' ANWER KHAN and STEPHEN T. BALKE*

Department of Chemical Engineering and Applied Chemistry, University of Toronto, Toronto, Ontario,
Canada M5S 1A4

(Received Sept. 15, 1993)

Near-infrared (NIR) analysis is increasingly used in the food industry and, more recently, in chemistry
monitoring of polymer processes. However, quantitative interpretation is often highly empirical and
subject to some distrust by many spectroscopists. In contrast, mid-infrared (MIR) analysis is widely
accepted and the spectra often readily interpreted. This work provides further information on a recent,
unifying application of a multivariate method termed “partial least squares”. A PLS model was
generated given a series of NIR and MIR calibration spectra. This model was used to predict the MIR
spectrum of an “unknown” polyethylene—polypropylene blend given its NIR spectrum obtained from
in-line monitoring of the polymer melt and extruder.
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INTRODUCTION

The primary reason why near-infrared spectroscopy (NIR) is sometimes preferred
over mid-infrared (MIR) spectroscopy is that absorption is generally very weak in
the NIR region; thus, path lengths need to be very long. As shown in Table I,
typical path lengths in the NIR region are more than an order of magnitude longer
than those used in the MIR region. Two specific examples of the consequences are
(i) when NIR diffuse reflectance analysis is used, essentially no sample preparation
is required (e.g., pellets directly from an extruder can be poured into a large quartz
cell and scanned) and (ii) when transmission NIR with fiber optics are used to
monitor composition in polymer melt flowing through an extruder, the distance
between the end of the transmitting probe and that of the receiving probe in the
melt is typically as large as 0.5 cm. (i.e., flow between the probe tips is readily
maintained).

NIR analysis has been used for other reasons as well. As Table I shows, the
response in the NIR region consists mainly of overtone and combination bands.
Some species have much stronger absorption in this region than others: hydroxyl
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TABLEI
Comparison of MIR and NIR
MIR NIR

Wavelength (nm) 2500-50000 800-2500

{em™1) 4000-200 12500-4000
Vibrational Mode Fundamental Overtones &

Combinations
Peaks Narrow, Resolved Broad, Overlapped
Typical Path 0.1 mm 0.5 cm

Length

(O-H) and amine (N-H) groups are important examples. Much of the earlier NIR
work centered on these groups because of their presence in agricultural and food
products [1, 2].

There are two main reasons why NIR is not more widely employed: (i) just as
some species have much stronger absorption in the region, some have such weak
absorption relative to others that they cannot be discerned, and (ii) the overtone
and combination bands are very broad and overlapped. The first reason limits
applicability but tends to be very system dependent. Thus, the main response to
this reason has been to empirically select acceptable systems. The second reason
means that interferences amongst absorbances can readily spoil attempts to
correlate absorbance-at-one-wavelength versus concentration correlations. Al-
though such attempts are sometimes useful, a major impetus to the use of NIR has
been the employment of a computer-implemented technique known as “partial
least squares” (PLS).

Partial least squares, however, is a complex numerical method. Effective com-
mercial software packages are now available, but the method is distrusted. For
example, a typical application of the method might be to provide the concentration
of a certain polymer or additive in a mixture. Inspection of this “single number”
appearing from a “black box” computer program is obviously not very reassuring.
Software suppliers emphasize the use of certain diagnostic plots in their software
—standard error of prediction plots, loading plots, and score plots, for example.
These are very useful and need to be precisely inspected. However, the idea
underlying our work is that for complex materials, such as polymers, additional
(reassuring) chemistry information is needed from application of PLS to the NIR
spectrum.

Mid-infrared spectra are widely used in polymer science both qualitatively and
quantitatively. However, NIR analysis increasingly is being used [3—6]. If the MIR
spectrum corresponding to the obtained NIR spectrum could be calculated, an
analyst could immediately see whether the NIR spectrum was reasonable. Further-
more, the whole MIR spectrum would be available for interpretation. Barton et al.
[7] attempted to approach this problem by calculating and mapping correlation
coefficients corresponding to the absorbances observed for MIR with those for
NIR. However, considerable intercorrelation across the entire spectrum was ob-
served! Recently, we have shown how it is possible to generate the MIR spectrum
from the NIR spectrum using PLS [8]. This paper further explains this approach.
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THEORY

Quantitative Analysis

In MIR analysis, often a single wavelength is selected and Beer’s law used.

a=ck (1)

Where a is absorbance, ¢ concentration of the absorbing species, and k the
extinction coefficient.If g different species are present and can all possibly absorb
over the same wavelength range, then we can select n wavelengths and measure
the absorbance at each of these wavelengths for all m of our samples. Thus, we
now have n X m equations, one for each absorbance measurement. Written for
two samples the equations are:

Sample 1
ay = cpky + Cpky + 0 ek,
= Cykyp + Cppky + o ey kg, 2

...........................

A1, = Cuuky, + Cipkyy + 0 +eyk

Sample 2
a21 = CZIkll + 022k21 + .- +Czqk

Ay = Cykyy +Cpky + 0 ey k,,

Ayp = Cpkin + Ckyy + -+ k

In matrix form, equations for all m samples can be written simply:
A=CK 3)

where A is the m X n matrix of measured absorbances, C is the m X g matrix of
species concentrations, and K is the g X n matrix of extinction coefficients.

The usual procedure involves solving these equations for the extinction coeffi
cients K in a “calibration” step followed by use of the K values in a “prediction”
step to obtain the concentration values for an unknown sample [9-14]. When MIR
is used, the method employed is “classical least squares”. The problem examined
here is to generate an MIR spectrum from an NIR spectrum. Because of each
wavelength, Beer’s law is obeyed in both the NIR and MIR, we can write the
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matrix equation describing each MIR measured absorbance with each and every
measured NIR measured absorbance:

Aur = Ayr K (4)

where K is the matrix of regression coefficientsresulting from performing multiple
linear regression on the MIR and NIR absorbance data.

However, if there are say, 10 samples and 140 wavelengths (1400 absorbance
values for each of MIR and NIR), then the 140 X 140K matrix represents 19,600
values! The many wavelengths where the MIR and NIR do not correlate, com-
bined with the matrix sizes, defeat numerical solution attempts.

In PLS, the absorbance data for MIR and for NIR is expressed as the product
of two matrices, similar in form to the Beer’s law formulation of Equation (3)
[11-20]). The matrices forming the product are, however, no longer concentrations
and extinction coefficients. They are now “scores” (Tygr, Ty) and “loadings”
(Pyir> Pair ):

Anr = Tar Prir
Avir = Tvir Puir (5)

Where A is still the m X n matrix of absorbances but now T is a m X h matrix of
scores and P is an h X n matrix of loadings. Equation (5) is used to model the
absorbance data using PLS. The relationship between the NIR and MIR data is
through T and is a result of regressing the matrices against one another. If 4 is 3,
then there are three linear combinations of scores and loadings (three “factors”)
that will result in the observed absorbance.

ay =1tyPy t Py Htapy
Ay =ty Piat Py t 3P

.........................

ayn =tuPu tinPy +inpy (6)
Qp =tyPyp tTipPyp tinpy

.........................

Apn =L P11 t L2 P F 83 Pan

Because of the lower dimensionality of the T and P matrices compared to the K
matrix of Equation (4), this is now a solvable problem. The solution for 1400
absorbance values now involves 900 data values instead of the 19,600 with classical
least squares.

The scores T are actually numerically transformed spectral absorbance values.
Most of the dominant information is contained within the first factors of the score
and loading P matrices. The factor loadings show the relative importance of the
variables (wavelength) with respect to a factor.
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The number of factors required to model the data is an important considera-
tion. It requires calculation of the square error of prediction (SEP) for each factor
added. The SEP in terms of the spectral absorbances is given as:

1 51 % .. )
SEP(F) = N Z N Z(A(‘al) —AF,Pred(l’])) (7

A j=1 s j=1
SEP = standard error of prediction

F = factor number

N, = total number of wavelengths
N, = total number of samples (or spectra)

A = measured absorbance

Ap preq = predicted model absorbance for factor, F
i = sample number
j = wavelength number

In applying PLS, the above mentioned quantities are displayed graphically as
spectra, standard error of prediction plots, and score plots in order to assess the
modeling. Examples of these plots are shown in the Results and Discussion
section.

Finally, once the data is modeled—i.e., the loading and score matrices are
obtained from a calibration set, and the optimum number of factors is decided
upon—these matrices can be used with an unknown NIR spectrum to transform
that spectrum into a MIR spectrum (or vice versa, if desired).

EXPERIMENTAL

Extrusion: Polypropylene (PP6631, Himont Canada, Montreal, Quebec) and
high-density polyethylene (HDPE 4052N, Dow Chemical Canada, Sarnia, Ontario)
blends were produced by melt mixing of the two homopolymers in an extruder. A
Deltaplast D40-150-24 single-screw extruder was used for processing operating at
200°C and 40 rpm. The extrudate strands from the extruder were run through a
cooling bath and pelletized using a Model 881251 Laboratory Pelletizer (Brabender
Instruments, New Jersey).

In-Line NIR Monitoring: In-line monitoring was accomplished using a Guided
Wave (California) Model 260 NIR optic spectrophotometer. The Model 260 is a
post-dispersive scanning spectrophotometer equipped with a lead sulfide detector.
A tungsten-halogen lamp is used as a source with light dispersion accomplished
using a concave holographic grating with 300 lines/mm. Figure 1 shows the
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Polymer Fiber Optic
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Computer

NIR Analyzer
FIGURE 1: System used to obtain in-line NIR data.

arrangement of the equipment utilized. The NIR analyzer was equipped with 5.5
in. long optical probes with a sapphire lens with 0.25 in o.d. The probe body is
manufactured out of 316 stainless steel. The transmission probes were inserted
directly into the melt through a specially designed transition flange at the exit die.
The probes were connected to the NIR analyzer using 2-m long single strand fiber
optic cables protected by a PVC-coated aluminum monocoil jacket. In-line NIR
scans of the blends were obtained using a pathlength of 5 mm. NIR scans were
taken from 1100 to 2400 nm with a resolution of 2 nm. Eleven spectra resulted,

one for each polymer blend composition examined. The analyzer was interfaced to
a PC-compatible computer for control and data collection.

Fourier Transform Infrared Spectroscopy (FTIR): The polymer extrudate ob-
tained from the pelletizer was used to make thin films for MIR analysis. Approxi-
mately 70 mg of polymer were weighed and placed between two sheets of
aluminum foil in a constant thickness film maker (Specac, UK). The film makers
consisted of two round metal platens with a spacer ring in which the polymer was
heated and pressed. The whole assembly was placed into a hot press (Carver Inc.,
Wisconsin) operating at 180°C. The polymer sample was pre-heated for 5 min and
pressed at 4 metric tons for 5 min. The film maker assembly was then placed into a
cooling chamber for 5 minutes. Film thicknesses were approximately 250 um. MIR
spectra were obtained using a Mattson Galaxy GL-6020 FTIR spectrometer
(Mattson Instruments, Madison, Wisconsin). A helium-neon laser was used as a
light source with a mercury-cadmium-telluride detector. Samples were scanned 128
times with a resolution of 4 cm™! from 400 to 4000 cm™!. Single-sided interfero-
grams were obtained with a mirror scanning velocity of 2.5 cm/s. The FTIR
instrument was interfaced to a 486 PC-compatible computer for data acquisition.
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RESULTS AND DISCUSSION

The results of applying PLS to convert NIR to MIR spectra can most easily be
understood by considering a series of different types of graphical plots. These plots
and their interpretation are as follows:

MIR and NIR Spectra

Figures 2 and 3 show the experimentally measured MIR and NIR spectra,
respectively, for six of the polyethylene—polypropylene blends. In accordance with
convention, the NIR spectra are plotted versus wavelength, whereas the MIR
spectra are plotted versus wavenumber. Absorbance at various wavelengths in the
MIR spectra can readily be assigned: strong methyl rocking vibrations from 841 to
972 cm ™!, CH, bending vibrations at 1377 and 1460 cm !, CH, rocking at 720 and
730 cm™!, and so forth. However, from Barton et al. [7] we may anticipate that
similar assignments for the NIR spectra are much more uncertain. Spectra for ten
blends were used for the PLS calibration step. The spectra for the 50:50 blend
was omitted from the calibration and used as the “unknown.” In utilizing PLS, for
MIR the wavelength range of 400 to 4000 cm~! was regressed against the NIR
range of 958 to 1237 cm™%.

A

1.0

0.5

1 N 1 L 1 L 1 . 1 : 1 N 1 P
800 800 1000 1100 1200 1300 1400 1500

wavenumber [cm?]

FIGURE 2: MIR calibration spectra obtained offline (six of ten spectra shown) for
polyethylene—polypropylene blends [8].
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1300 1800 1700 1800 2100 2300
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FIGURE 3: NIR calibration spectra obtained in-line (six of ten spectra shown) for polyethylene—poly-
propylene blends [8].

Standard Error of Prediction Plots

A plot of the SEP as a function of wavelength and number of factors enables the
analyst to see when the SEP reaches a minimum as the number of factors is
increased. By selecting only the first few (and most influential) factors, the
important information is retained while noise is discarded. This also results in
significant data compression. Figure 4 shows such a plot. From this figure it was
evident that only one factor was necessary to predict the MIR spectrum in this
region (958 to 1237 cm™~!): SEP shows only a very small additional decrease as the
model progressively uses one to two factors, and beyond two factors the SEP
actually begins to increase. The neighbouring two regions of the spectrum required
three factors [8].

Loading Plots

A plot of Py versus wavelength (a “factor loading plot”) shows the NIR regions
that are important for prediction of MIR spectra for a particular factor. Similarly,
a plot of P,z versus wavelength shows the MIR regions where an important
response will be seen for a particular factor.
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FIGURE 4: Standard error of prediction (a measure of how well the MIR spectrum for the 50:50
blend is predicted) versus the number of factors used (8].

Figures 5 and 6 show the plots of the loadings versus wavelength (Py,, and
Pyr, respectively) for all regions examined when only one factor is used to explain
the data for the “unknown.” These plots resemble spectra and, when compared to
Figures 2 and 3, revealed that practically all significant absorbances were contribut-
ing to the modelling.

Loading plots show the variables (in this case wavelength) that are most
important to the model. Figure 7 is a plot of the PLS second factor loadings for the
NIR spectra (as mentioned above, Figure 6 is for the first factor). This second
factor plot illustrates the regions of the spectra where not all the variation of the
data has been accounted. Regions where the variables show the most variation for
a particular factor are indicated by high loadings. Figure 7 shows the regions where
the variation in a particular variable were not completely accounted by the first
factor. Regions that were accounted by the first factor are wavelength ranges
where the loading is close to zero. The model used the remaining variation to try
to improve the model prediction. Regions of high frequency fluctuation of the
loading above and below zero indicate that noise is now being modeled and the
data overfit. Hence, in addition to the use of the SEP plots, loading plots are a
useful graphical method for the determination of the optimal number of factors
required for the PLS model.
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FIGURE 5: Loadings versus wavelength for MIR (Pygg ) for first factor [8].
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Score Plots

Scores for a particular factor show the relationship of the individual samples to
some underlying variation between samples. Figure 8 shows a plot of the scores for
one and two factors versus sample number obtained from the PLS modelling for
the first MIR wavelength region. Sample numbers were assigned from one to
eleven in order of increasing polypropylene content. For the first factor, a good
linear correlation was obtained between the samples. In this particular case, the
variation can readily be attributed to the systematically different composition of the
samples. The scores for the second factor are much lower in magnitude but
indicate the presence of a possible second correlation amongst the samples. This
correlation may be due to slight variations in the blend composition unaccounted
for by the first factor or by some as yet undetermined regular varying property
amongst them.

Predicted and Experimental MIR Spectra

Figure 9 shows the final result of the prediction of the MIR spectrum of the
“unknown” from the NIR spectrum for all three regions of wavelength examined
superimposed on the measured MIR spectrum. Agreement is excellent except for
very strong absorbances that may well represent non-linear responses to concentra-
tion. Also, it appears that very narrow peaks with absorbance depending upon only
one data point were more difficultto predict than broader peaks. The difference

0.5
0.4}-
s

0.3

0.2

o:oé \‘\]/\mwmv VVAVA'I\M S \ \["W\N‘TVW

-0.4

)
——————

-0.2

-0.3

-0.4

1200 1300 1400 1500 1600 1700 1800 1800 2000 2100

Wavelength [nm]

FIGURE 7: Loadings versus wavelength for NIR (Pyy ) for second factor.
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FIGURE 8: Scores versus sample number for: (A) one factor, (B) two factor.
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FI]GURE 9: Measured (solid line) versus predicted (dashed line) for MIR spectrum of 50: 50 blend
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between predicted and experimental MIR spectra can be examined closely using a
plot of residuals (plotting the difference between the two spectra versus wave-
length) [8].

The effect of an absorbing contaminant on the derived MIR spectrum has yet to
be examined. However, detection of contaminants can be performed during both
PLS calibration and prediction for a particular wavelength or sample. Hence, any
peculiar NIR spectra or wavelength may be detected and removed from the model
during calibration or during the prediction phase.

CONCLUSIONS

Partial least squares is an extremely powerful, but complex, numerical method that
is greatly assisted by a variety of diagnostic plots. In a novel, unifying application of
this method, when calibration spectra (i.e. corresponding NIR-MIR spectra) were
supplied (but not concentrations), PLS readily predicted the MIR spectrum from
the corresponding NIR spectrum. Agreement was excellent except for very strongly
absorbing peaks. This provides the analyst with valuable and reassuring additional
information, an entire MIR spectrum, to accompany the NIR spectrum.
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