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Abstract 

A near-infrared spectrometer incorporating solid-state design 

applicable for industrial quantitative/qualitative process monitoring analysis 

is presented. The solid-state near-infrared spectrometer provides inherent 

wavelength stability necessary for long term calibration accuracy. The 

spectrometer consists of a 24 volt, 10 watt quartz-halogen-tungsten regulated 

source with optical feedback. Wavelength dispersion was accomplished 

using a 50 ~ entrance slit, f/4, 0.25 meter spectrograph equipped with 

astigmatism correcting toroidal mirrors and a 300 gr/mm plane reflectance 

ruled grating blazed for 2000 nm peak efficiency. A 1024 element backside

illuminated Schottky-barrier PtSi photodiode array detector with wavelength 

response from 900 - 5000 nm and peak quantum efficiency of 8% at 1100 

nm was operated using cryogenic cooling to reduce dark response. A readout 

rate of 3 1.25 kHz produced 41 msec integration time per array read. The 

readout was digitized to 16 bit resolution for subsequent data storage. This 

system demonstrated 1.5 nm spectral bandpass, 3 orders linear dynamic 

range and typical baseline rms noise level of 10-4 a.u. 

Using this system, quantitative/qualitative chemical analyses were 

performed focusing on industrial analytical chemical applications. 

Simultaneous quantitative multcomponent xylene isomer mixtures analysis 
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was achieved using the solid-state near-infrared spectrometer coupled with 

partial least squares regression multivariate data treatment. The results 

demonstrate an absolute accuracy of± 0.05, ± 0.12 and ± 0.09% w/v for o-, 

m- and p-xylene isomers respectively. In a separate chemical study, 

qualitative classification analysis of specially denatured alcohol mixtures 

was successfully performed on 53 validation samples using 35 reference 

samples belonging to 12 classes. The validation set included mixture sample 

types used for model calibration as well as others composed of compounds 

not used for model calibration. The multivariate cluster classification 

method using principal components was employed to correctly classify 

100% of the validations samples analyzed. The solid-state near-infrared 

spectrometer was also applied for direct reaction monitoring of the 0-H 

overtone absorption band at 1411 nm for the reaction between triisopropyl

chlorosilane and methanol. The results illustrated the utility of near-infrared 

functional group monitoring of reactions at relatively high concentrations for 

information elucidation concerning reaction initiation and completion. 
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Chapter 1 

Near-Infrared Spectroscopy 

History 

During several readings to the Royal Society of London in the year 

1800, William Herschel reported experimental results describing the 

presence of heat in the absence of visible light (1.1-1.3). The experiment 

involved the observation of sunlight through a telescope and darkened glass 

windows. Since the darkened glass windows that he used for his 

experiments would not have allowed sensing beyond the near-infrared 

region, it was evident that Herschel was observing the heating effects of 

near-infrared energy. For his work, William Hershel was credited in 1990 

for the discovery of the near-infrared region (1.4). Following preliminary 

fundamental research of near-infrared spectroscopy conducted in the late 

1800's and early 1900's (1.5-1.9), Brackett recorded the first high resolution 

infrared spectrum revealing primary, secondary and tertiary overtone 

absorptions of hydrogen attached to carbon (1.10). Up until the early 1950's, 

near-infrared studies were conducted using glass prism instruments and 

photographic detectors limiting the observable near-infrared region to 750-
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1600 nm ( 1.11-1.13 ). After this, commercial instruments utilizing lead

sulfide detectors were developed which extended the observable wavelength 

range to 750- 3000 nm. 

Due to the low molar absorptivities and highly overlapping absorption 

bands typical of solutions analyzed using near-infrared spectroscopy, the 

near-infrared region was thought to hold little promise as a viable analytical 

tool. It was not until the 1960's that near-infrared spectroscopy was 

exploited as a true analytical technique. The pioneering work of Karl Norris 

in the area of grain analysis for moisture, protein and fat content by diffuse 

reflectance near-infrared spectroscopy opened the flood-gates for future 

near-infrared spectroscopic applications (1.14). Since then, there has been a 

surge of applications for near-infrared spectroscopy, some of which have 

been described in several recent review articles ( 1.15-1.17). 

One area of interest that had undergone significant advances due to 

the application of near-infrared spectroscopy was industrial process 

monitoring. One of the most predominant absorbance bands in the near

infrared region is the 0-H vibrational overtone. Near-infrared techniques 

have utilized this relationship for on-line process monitoring of hydroxide 

content of caustic streams ( 1.18) and for the determination of ethanol content 

of fermentation processes (1.19). The ability to observe C-H vibrational 
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overtones in the near-infrared region has allowed the petrochemical industry 

to exploit the usefulness of near-infrared spectroscopy for the analysis of 

gasoline and fuel blends for the determination of such parameters as octane 

number, percent aromatics, percent saturates and percent olefins (1.20,1.21). 

The ability to monitor the disappearance of 0-H as well as the overtones of 

N-H has allowed for characterization of polymers such as nylon for the 

determination of extent of polymerization and average molecular weight by 

near-infrared spectroscopy (1.22). 

In all cases, the common rationale for application of near-infrared 

spectroscopy for process monitoring has been the increased speed of analysis 

over other conventional techniques. The minimal analysis times typical of 

near-infrared techniques allow for process monitoring methods that provide 

immediate acquisition of chemical information about the products and 

processes being analyzed. 

Origin ofNear-Infrared Absorption Bands 

In general, there are two requirements for absorption of 

electromagnetic radiation by matter. The first is that the energy of the 

radiation must correspond to the differences between electronic, vibrational 

and/or rotational energy levels of the matter studied. For infrared absorption 
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spectroscopy, this energy corresponds mainly to vibrational energy levels of 

the molecule and to some extent to the rotational energy levels. The second 

requirement is that there is a net change in the dipole moment of the 

molecule. The change in the dipole moment is a result of periodic changes 

in the charge distribution of the molecule. A vibrating molecule can be 

approximately modeled as a simple harmonic oscillator, the simplest case 

being a diatomic molecule. The chemical bond serves as the restoring force 

between the two atoms. This force is directly proportional to the 

displacement of the atoms from their equilibrium positions. 

Assignments for stretching frequencies can be approximated by 

application of Hooke's law. Using Hooke's law, two atoms and their 

connecting bond are treated as a harmonic oscillator composed of two 

masses joined by a spring. The fundamental group vibrational frequency (v 

cm-1
) expression is given below: 

v=-1 ~fx(Mx+My)/ 
21l'C IMxM (1.1) 

Where: c = Velocity of light ( cm/s) 

f = Force constant ofbond (dyne/em) 
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Mx and My= Mass (g) of atom x and atom y respectively 

Using the harmonic oscillator approximation, quantum mechanical 

selection rules forbid transitions between non-adjacent energy levels and 

interaction between different oscillators. If chemical bonds within a 

molecule behaved strictly as ideal harmonic oscillators, only the mid-infrared 

fundamental vibrations (~v = 1) would be observed. The existence of near

infrared transitions is owed to the fact that molecules do not act as ideal 

harmonic oscillators. Absorption bands in the near infrared region (750 -

2500 run) are due mainly to molecular vibrational overtones and vibrational 

combinations. Thus, an anharmonic treatment of molecular vibrations is 

necessary in order to explain the existence of near infrared transitions. 

Beginning with the Morse potential energy (V cm-1
) for the 

anharmonic oscillator model which is given by: 

Where: 

v (1.2) 

De= Bond dissociation energy (cm-1
) 

q =Net bond length displacement from equilibrium (em) 

P =Molecular constant (cm-1
) 
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Substitution of the Morse equation into the Schrodinger equation 

yields the following closed form expression for the vibrational energy levels 

(Ev cm-1
): 

v(v + 1/2)- v.Xe(v + Yz)2 
(1.3) 

forv=O,l,2, ... 

Where: Xe = Anaharmonicity constant 

v = Vibrational quantum number 

v =Frequency (cm-1
) 

As can be seen by from Equation 1.3, "forbidden" transitions (~v > ± 

1) can occur. Vibrational overtone bands result when a molecule undergoes 

molecular vibrational excitation from the ground state vibrational level ( v = 

0) to a vibrational level of2 or more. A transition ofv = 0 to v = 2 (~v = 2) 

is called the first overtone absorption band, a ~v = 3 transition is called the 

second overtone absorption band and so on. Due to the low probability of 

these overtone transitions, the molar absorptivities found in the near-infrared 

are orders of magnitude less than the corresponding fundamental bands 
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found in the mid-infrared region. For this reason, near-infrared spectroscopy 

measurements require using relatively long sample pathlengths typically in 

the range of 1 to 20 em. These long pathlengths allow for the ease of 

sampling when using near-infrared spectroscopy for analysis of viscous 

materials or when using fiber optic sample probes. 

Spectral Features of the Near-Infrared Region 

Several factors make interpretations of near-infrared spectra much 

more complicated than those made in the mid-infrared region. One such 

factor is the broad nature of the absorption bands which can be due to 

overlapping of overtone bands and the presence of rotational energy levels 

residing in between the vibrational energy levels. In addition, combination 

bands which result from transitions involving two or more different 

vibrational modes of a given functional group, can also be observed in the 

near-infrared spectrum. Another factor that makes band assignments in the 

near-infrared region difficult is the possibility of Fermi resonance. Fermi 

resonance occurs when there is an interaction between transitions of the 

same frequency. This interaction can have two effects upon the spectrum. 

First, if the transitions do not occur at the exact same frequency, the lower 

frequency band appears at a decreased wavenumber and the higher frequency 
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band appears at an increased wavenumber by approximately the same 

amount. In addition, the intensity of the lower frequency band is increased 

while the intensity of the higher frequency band is decreased. As a result of 

the cumulative effects of these factors, near-infrared spectroscopy may 

appear at first to be of little use as an analytical tool. 

Fortunately, using modem multivariate mathematical techniques, 

these drawbacks have been overcome. Essentially, for useful information to 

be extracted from near-infrared spectra, all that is necessary is that unique 

spectra are obtained for different compounds and that different absorbance 

intensities can be measured for different concentrations of the same 

compound. 

When determining the appropriate wavelength region for near

infrared analysis, it is advantageous to use a functional group correlation 

chart showing the approximate regions of absorption for the major functional 

groups. It is possible to estimate the frequency of absorptions of overtones 

and combination bands based on previously assigned fundamental 

absorptions occurring in the mid-infrared. However, due to uncertainty in 

the anharmonicity of the vibrations and interference from other overtones or 

combination bands occurring at the same frequency, these assignments are 
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quite approximate. Even so, functional group correlations have been made 

using model compounds ( 1.23 ). 

Near-Infrared Sampling Techniques 

Transmission The choice of the near-infrared sampling technique is 

dictated by the type of sample being analyzed. For clear liquid and gas 

samples, the method of transmission is most widely used. In the case of a 

gas sample, extremely long pathlengths are needed in order to compensate 

for the low molar absorptivities typically encountered in near-infrared 

spectroscopy. For liquid samples, either conventional quartz glass 

rectangular sample cells or fiber optic probes can be used with typical 

pathlengths of 1 to 20 em. For these samples, the absorbance (A) of source 

radiation by the sample is defined as: 

Where: 

A - -log (lifo) (1.4) 

I = Intensity of source radiation impinging upon the sample 

! 0 = Intensity of source radiation exiting the sample 
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For quantitative near-infrared spectroscopy, the concentration of 

absorbing species in the sample is related to the absorbance through the 

Beer-Lambert law: 

Where: 

Transjlectance 

A- sbc 

& = Molar absorptivity [V(mole*cm)] 

b = Sample pathlength (em) 

c = Analyte concentration (moVl) 

(1.5) 

Transflectance measurements can be made on samples 

by repeatedly passing the source beam through the sample. A more common 

approach is attenuated total reflectance (A TR), whereby the source beam is 

coupled at the appropriate incident angle into the sample which is 

longitudinally interfaced with an A TR crystal. The crystal is of a material of 

specific refractive index to allow repeated angular reflection of the source 

beam as it moves longitudinally through the sample. The source radiation 

penetrating a certain depth into the sample medium as it propagates through 

the sample is called an evanescent wave. The exiting beam is attenuated at 

the characteristic absorption bands which are dependent upon the sample 
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being analyzed. This method is particularly useful for opaque or highly 

viscous materials. 

Diffuse Reflectance Another sampling method which is applicable to 

solid samples is diffuse reflectance. A solid sample is exposed to the source 

radiation resulting in the scattering of radiation in all directions. Collection 

of the attenuated radiation is accomplished using an integrating sphere that 

has been inner coated with a near-infrared reflecting material such as gold or 

silver. The integrating sphere has an exit port by which the radiation, after 

reflecting many times off of the inner surface, exits to a detector. The 

exiting radiation contains both specular and diffuse information components. 

The specular component arises form reflection at the surfaces of the sample 

and sample holder without undergoing absorbance. The diffuse component 

arises from incident radiation that penetrates the surface of the sample and 

undergoes absorbance. The intensity of the reflected light by the sample is 

used to create a pseudo-absorbance (Ar) given by: 

Ar - - log (R/R0) (1.6) 

Where: R = Intensity of reflected diffuse light 
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R0 = Intensity of reflected specular light 

The Beer-Lambert law is then used to approximate analyte 

concentration using the pseudo-absorbance: 

Where: 

Ar - adc 

a = Molar absorptivity [V(mole*cm)] 

d = Penetration depth (em) 

c = Concentration (moVl) 

(1.7) 

For all studies in this body of work, the sampling methods used was 

that of transmission using quartz glass sample cells. 

Near-Infrared Instrumentation 

Photometers There are two main categories of near-infrared 

instrumentation. The first consists of photometers that are capable of 

measuring only one or several discrete wavelengths. The second category 

consists of spectrometers that are capable of measuring continuous spectra 

over a specific wavelength range. 
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Discrete wavelength instruments were developed for specific 

applications that did not require a spectral continuum to be acquired. One 

type of commercial photometer design consists of a broad band source and 

wavelength filters that are mounted on a turret. The filter selection can be 

tailored to a specific region of the spectrum where the constituents of interest 

absorb strongly or minimal spectral interference occurs. The signal is then 

detected by a single element detector as different filters are sequentially 

rotated into the source beam path. The typical fixed filter photometer turret 

can accommodate 3 - IS filters. Another photometer instrumental 

configuration utilizing different near-infrared emitting diodes that can be 

sequentially turned on and off can be applied for near-infrared analysis. For 

this type of instrument, the diodes replace the broad band source and filters 

of the filter photometer. The nature of these instrumental designs limits the 

ability to analyze at many different wavelengths simultaneously, thus 

limiting their overall analytical utility. 

Scanning Dispersive Spectrometers In order to provide for more 

spectral information to be obtained, grating based dispersive spectrometers 

have found widespread use. The diffraction grating allows for the source 

beam to be spatially dispersed into a continuum of wavelengths. A 
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scanning-grating system allows for the rotation of the grating so that each 

wavelength appearing in the slit can be detected by a single element detector. 

Although scanning-grating based instruments provide for greater wavelength 

coverage, problems of misalignment of optics due to the mechanics of the 

moving parts can create wavelength reproducibility uncertainties (1.24). 

Fourier Transform Spectrometers Another type of near-infrared 

spectrometer system utilizes a mathematical treatment to convert signal into 

spectral data. The most common is the Fourier Transform (FT) 

spectrometer. Its design is based upon the Michelson interferometer. The 

collimated source beam is equally split at right angles by a beam splitter. 

One of the legs of the beam is varied in length by reflecting off of a moving 

mirror. The beams are then recombined. The resulting single beam is 

passed through the sample and then to the detector. The resulting 

interference pattern is converted to spectral data by applying an FT function 

( 1.25). There are several advantages that the FT instrument holds over 

previously discussed techniques. The speed of the multiplexed interferogram 

signal acquisition (Felgett Advantage) enables many spectra to be averaged 

in a short period of time. This allows for increased signal to noise (SIN) 

ratios and higher sample throughput. Since the number of needed optical 
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components is reduced and the need for a narrow slit is eliminated compared 

to scanning grating instruments, an increase in optical throughput is realized 

(Jaquinot Advantage). The application of an internal laser reference allows 

for the precise continual monitoring of mirror position (Cannes Advantage). 

This is important for wavelength reproducibility required for the averaging 

of spectra and long term analytical accuracy. 

Hadamard Transform Spectrometers Another type of transform 

instrument is the Hadamard Transform (HT) spectrometer ( 1.26). The 

source radiation is first dispersed using a grating. A mask is then mounted 

on or next to the detector. The mask generates patterns by either 

electronically opening and shutting locations on the mask, or by moving an 

aperature through the beam. These modulations alter the energy distribution 

incident upon the detector. The HT function is then performed on the data to 

accomplish conversion to spectral data. 

Acousto-Optical Tunable Filter Spectrometers Spectrometers using 

acousto-optical tunable filters (AOTF) have been developed which eliminate 

traditional moving optical components (1.27). The heart of the AOTF 

spectrometer is a birefrigent crystal (typically tellurium oxide) to which 
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acoustic waves are applied. The acoustical waves passing through the crystal 

cause changes in the crystal lattice structure. This temporary change in 

structure alters the optical properties of the crystal. The crystal acts a 

variable transmission diffraction grating similar to a Bragg diffractor. Thus 

wavelengths can be selected by changing the frequency of the acoustic 

energy passing through the AOTF crystal. The AOTF spectrometer uses a 

single element detector to acquire the signal. 

Photodiode Array Spectrometer Spectrometers utilizing near

infrared photodiode arrays (POA) can be used with dispersive gratings to 

acquire spectra without the need for moving optical parts. This is 

accomplished using semiconductor array detectors such as Ge, InGaAs~ 

HgCdTl and PtSi linear devices that are responsive in the near-infrared 

region ( 1.28). The near-infrared PDA consists of typically 256 - 1024 

photodiode elements placed side-by-side along a plane. Near-infrared 

radiation incident upon the depletion region of the reversed biased p-n 

junction creates charge carriers. The charge carriers create a current that 

discharges a storage capacitor that is in parallel with the photodiode. During 

each read cycle which is controlled by a serial shift register, the charging 

current needed to recharge the capacitor is measured. A preamplifier 
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integrates the charging current and converts the signal to produce a voltage. 

This voltage is proportional to the amount of incident near-infrared radiation 

upon each photodiode. The signal is then amplified and sent to an analog-to

digital converter for data acquisition by a computer. 

The wavelength dispersion of the PDA instrument can be 

accomplished using either a plane reflectance diffraction grating or a 

concave holographic grating. The use of a plane reflectance grating requires 

the application of optical components for collimating and focusing the source 

beam. A spectrograph with a reflectance grating and toroidal mirrors aligned 

in a Czerny-Turner configuration produces a focal plane of spatially resolved 

radiation. This resulting focal plane is then focused onto a linear PDA made 

up of many equally spaced photodiodes sensitive in the near-infrared region 

for simultaneous data acquisition of a continuum of wavelengths. A concave 

holographic grating produces the same result as the plane reflectance grating 

system described above but without the need for any separate optics. Thus 

no mirrors are needed in the holographic system which simplifies the design 

of the instrument and improves optical throughput. 

The ability to acquire a full spectrum simultaneously leads to the 

multiplex advantage similar to that of the FT instrument. The PDA system 

has the added advantage of no moving parts. The speed of data acquisition is 
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therefore limited only by the electronic readout rate of the PDA. The no 

moving parts design of the system enhances wavelength reproducibility in 

addition to minimizing instrument failure due to worn out mechanical parts. 

Data Treatment Methods 

Data Pretreatment 

In order for the Beer-Lambert law to hold true for spectroscopic 

measurements, changes in absorbance not directly proportional to changes in 

concentration such as baseline drift must be minimized. Inclusion of these 

concentration independent responses will cause errors in the final calibration 

and thus errors when predicting the concentration of an unknown. During a 

near-infrared spectroscopic experiment, the effects of common experimental 

factors causing baseline drift and subsequent deviations from the Beer

Lambert law can be minimized by baseline normalization and/or second 

order derivative transformation. These factors include changes in sample 

cell positioning, changes in the refractive index between samples and 

changes in the scattering characteristics between samples. 

The method of baseline normalization is performed by first 

determining a wavelength in the spectrum that has zero or minimal 

absorbance and essentially no slope. The absorbance at this point is then 
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subtracted from each absorbance within the spectrum. This procedure is 

repeated for all spectra with each spectrum being considered separately. 

This procedure performs well for spectra that have in common a true 

minimum absorbance region of essentially no slope. Baseline normalization 

may be of limited use in cases where the slope of the baseline is non-zero 

and changing from one spectrum to the next. 

A type of data pretreatment that can remove adverse effects of a 

sloping baseline as well as baseline drift is that of second derivative 

transformation (1.29) using the finite difference approximation given below: 

Where: 

f"(x,J -
fn+g-2fn+ fo-g 

g2 

In = Intensity at nrh wavelength 

g = Distance between data points (gap size) 

(1.8) 

In order to minimize random noise effects upon the second derivative 

transformation, data smoothing methods such as the method using the 

Savitsky-Golay (SG) algorithm can be applied (1.30). The algorithm will 

not be discussed in further detail, but it should be noted that the SG 
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algorithm allows for data averaging between successive point without the 

occurrence of a shift in the peak center of the absorbance band. 

A note of caution should be given when performing any data 

pretreatment of experimental responses. Although the application of these 

techniques often improves the quality of the raw data, excessive pretreatment 

can either degrade the quality of data or cause misrepresentation of 

relationships that may not truly exist. In the case of multivariate analysis, 

any data pretreatment can build structure into structureless, non-relevant 

data. Careful examination of the final results is warranted when using such 

data pretreatment techniques. 

Raw Data Scaling 

When performing multivariate data treatments using the principles of 

matrix algebra and factoring analysis, it is often advantageous to scale the 

data in order to make relevant comparisons of experimental parameters. The 

two most common scaling methods are mean centering and variance scaling. 

The choice of which scaling option to use is dictated by the type of data 

being acquired. 

Mean centering causes the center of gravity of the plotted data to be 

shifted to the actual mean of the data space (or centroid). This has the effect 
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of eliminating inaccuracies caused by forcing the calibration to pass through 

the origin. For instance, when the measurement scale is arbitrary as in the 

case of temperature measured in degrees Celsius, the absorbance at 0 oc may 

not correspond to zero absorbance. Therefore, in cases such as this mean

centering the data should be performed prior to any further mathematical 

treatment. Mean-centering may also be needed when using multicomponent 

near-infrared spectroscopy. The overlapping broad bands found in the near

infrared allow for non-zero absorbances at the analytical wavelength for a 

constituent even though its concentration is zero. 

Variance scaling is applied in cases where the measured responses of 

the system are in different units such as temperature, pressure and 

concentration. The effect of variance scaling is to normalize the variance so 

that changes in response that may have different unit scales have the same 

weighting factor. For example, the absolute numerical variation in 

temperature between 2000 and 2100 oc is much greater than that between 

concentrations of 0.02 and 0.2 M. However, the relative effect of these 

individual variables on the system may be equal which is not reflected by 

their absolute numerical variation. Without variance scaling the fmal 

calculations would give greater importance to the numerically larger change. 

In the case of near-infrared spectroscopic analysis, all of the measured 
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responses are in the same units (absorbance). In this case, variance scaling 

may not be appropriate. 

Multivariate Analysis Methods 

As opposed to univariate analysis methods where only one 

wavelength is chosen for examining chemical relationships, multivariate 

analysis methods use more than one wavelength. Due to the highly 

overlapping, broad characteristics of near-infrared spectra, application of 

univariate analysis methods are extremely difficult if not impossible to apply 

successfully. Multivariate methods have been applied to near-infrared 

spectroscopy in order to overcome these complicating characteristics 

(1.31,1.32). Multivariate analysis can be used to extract both qualitative and 

quantitative information about the samples being analyzed. The methods 

that will be discussed are listed in Table l.l. 
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Quantitative Qualitative 

Multiple Linear Regression (MLR) Principal Component Analysis(PCA) 

Principal Component Regression (PCR) Clustering Analysis (CA) 

Partial Least Squares Regression (PLSR) Evolving Factor Analysis (EF A) 

Table 1.1: Multivariate Methods of Analysis 

Before any further discussion is attempted, it is beneficial to define 

the terms and symbols that will be used to explain these methods. Boldface, 

upper case, italic letters refer to data matrices, e.g. T,P,C. Boldface, lower 

case, italic letters refer to data vectors, e.g. t,p,c. A superscript T is used to 

indicate the transpose of a matrix or vector. A prime ' indicates the inverse 

of a matrix. Lower case, italic letters refer to scalar values. All matrices and 

vectors are expressed in column format In other words, column headings of 

a spectral data matrix are the wavelengths and the row headings designate 

separate spectra with each individual element of the matrix being the 

absorbance value. 
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Partial Spectrum Techniques With the exception of ML~ all of the 

multivariate methods listed in Table 1.1 are full spectrum techniques, i.e. 

they utilize the entire spectrum in order to determine useful information from 

the raw data. The method of MLR is a partial spectrum technique which 

involves the selection of several wavelengths that correlate the spectral data 

to the chemical constituents of interest (1.33 - 1.35). The process of 

deciding which wavelengths to include in the calibration can be based on 

prior knowledge of the chemical system response. For highly overlapping 

spectra of mixtures typically encountered for near-infrared analysis, this 

method can be difficult. In order to improve upon the success of the 

wavelength selection process, several mathematical approaches have been 

developed ( 1.36 - 1.38). Through iterative optimization of correlation of 

spectral data to the concentration data, the determination of areas of the 

spectrum where non-linearities occur can be identified. The areas where 

linear relationships exist can then be chosen for calibration. The 

disadvantages of this process include long analysis times due to the stepwise 

iterative process and that the final selection of wavelengths diminishes the 

ability to detect spectral outliers (1.39). 
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Multiple Linear Regression/Classical Least Squares The process of 

multiple linear regression analysis can be best described as an extension of 

univariate least squares regression commonly encountered in undergraduate 

analytical chemistry classes. Univariate methods typically try to eliminate or 

minimize all sources of response variation except that of the constituent of 

interest. Thus, the dependent variable (measured absorbance) is due almost 

entirely to the independent variable (sample concentration). This method is 

referred to as classical least squares (CLS) or K matrix method. A simple 

case of l\1LR CLS application is the determination of two constituents of 

interest using two predetermined wavelengths. The absorbance at a 

particular wavelength for a sample mixture can be taken as the sum of the 

absorptions of the individual species that absorb at that wavelength 

(Equation 1.9). 

Where: 

n 
L8ijbCjk 
}=1 

A;k = Absorbance at wavelength i for mixture k 

eif = Molar absorptivity at wavelength i for 
componentj [1/(mol*cm)] 

b = Sample pathlength (em) 

(1.9) 
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Cjk = Concentration for componentj of mixture k (molll) 

This assumes that there are no interactions among the absorbing 

species in solution and that linear relationships described by the Beer

Lambert law hold true. The relationship described in Equation 1.9 for a 

single solution mixture can be expanded as shown below: 

A.,u = CJ..J,compJbCcompl + CJ..J,comp2bccomp2 

An = CJ..2,compJbCcompl + CJ..2,comp2bCcomp2 

Where: Au = Absorbance measured at wavelength 1 

A.u =Absorbance measured at wavelength 2 

& =Molar absorptivity [V(mol*cm)] 

b = Sample pathlength (em) 

( 1.1 0) 

(1.11) 

The system of equations above can be solved using the common 

algebraic approach of "two equations, two unknowns". It should be 

apparent that the calculations involve a system of linear equations and thus 

can be solved using matrix algebra operations. For CLS regressions, the 

nature of the matrix calculation requires that the independent variable matrix 
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be a complete descriptor. In other words, the number of absorbing species in 

the standards must be equal to those found in future unknown samples if the 

predicted concentrations are to be at all accurate. If the unknown sample 

contains absorbing species that were not present during standard calibration, 

the results will suffer considerably. 

Inverse Least Squares Regression In order to avoid the problem of 

having to account for all absorbing species in solution, the inverse of the 

Beer-Lambert law can be used. Thus, the independent (concentration) and 

dependent (absorbance) variables are interchanged. This method is referred 

to as inverse least squares (ILS) regression. For example, the inverse of the 

Beer-Lambert law is given in equation 1.12: 

(1.12) 

Which can be written as: C - rnA (1.13) 

Where: (1.14) 
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Using this form of the Beer-Lambert law, all that is required is that 

the same wavelengths be used for both the calibration and unknown sample 

analyses. After initial wavelength selection, the calibration can be performed 

using standard mixtures at known concentrations for each constituent of 

interest. The ILS regression method uses the following matrix operations: 

Where: 

m (1.15) 

m = Regression coefficient vector 

A+ = Pseudo inverse of spectral response matrix 
( absorbances) 

c = Concentration vector 

For almost all instances encountered during spectroscopic chemical 

analysis, the number of individual response measurements within a spectrum 

exceeds the number of spectra taken. It is very rare that the number of 

calibration samples equals the number of individual wavelengths used for 

data acquisition. Since the data matrices are not square, they cannot be 

directly inverted. For this reason, it is necessary to calculate a pseudo-

inverse in order to carry out matrix operations that lead to regression models. 
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The pseudo inverse is defined by: 

(1.16) 

Where: A = Spectral response matrix (absorbances) 

Once the regression coefficients are known for each of the 

wavelengths used for the analysis, predictions of new concentrations can be 

done based on unknown sample spectral response vectors by performing the 

following: 

Where: 

am- c (1.17) 

a = New spectral vector (unknown sample spectrum) 

m = Regression coefficient vector 

c = Predicted concentration value of constituent y 

Full-Spectrum Techniques In order to avoid the errors associated with 

improper wavelength selection encountered in ML~ full spectrum 
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techniques have been developed. The methods of PCNPCR ( 1.40, 1.41 ), 

PLS (1.42), CA (1.43) and EFA (1.44) eliminate the need for pre-selection of 

individual wavelengths. These full-spectrum techniques use factor analysis 

in order to solve the multivariate problem. Factor analysis is a systematic 

mathematical process by which the original raw multivariate data matrices 

are reduced in dimensionality by applying orthogonal factoring techniques 

and/or transformations. The transformed data are then used to create 

mathematical models for use in prediction of results using a new set of raw 

data. 

The original data matrix (X) is first transformed to separate sets of 

linear combinations of the original data. The general expression is shown 

below: 

X- SL (1.18) 

Where: S = Scores matrix 

L = Loadings matrix 

The loadings are linear combinations which describe factors present in 

the original data which are responsible for variance within the original data 
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matrix. The scores relate how much of each factor is present. Each separate 

set of loadings and scores pair is determined so that they are orthogonal to 

other loadings and scores pairs. This is done to ensure that the minimal 

amount of correlation exists between pairs. Thus, factor analysis tries to find 

independent sources of variance within a data set. Of course, it is possible to 

find as many factors as the smallest dimension of the data matrix (rows or 

columns). The real utility of factor analysis is its ability to distinguish 

significant factors from insignificant or redundant factors. Once the scores 

and loadings matrices have been calculated, the individual scores and 

loadings vectors can be ordered according to the magnitude of the amount of 

variance that they describe. It is usually the case that the majority of the 

relevant data can be explained by far fewer factors (scores and loading pairs) 

than originally calculated. Factors that describe noise can be discarded 

leaving only those factors describing relevant data. 

Principal Components Regression The first type of chemometric 

factoring analysis that will be described is PCR. The heart of PCR analysis 

is the singular value decomposition (SVD) of the data matrix. This is the 

process that transforms the original data into a matrix of scores and loadings. 

The SVD of the original data matrix (X) takes the form: 



X 

Where U is a matrix of singular values described by: 

Where: 

U - (A)u2 

A- ST(XTX)S 

A = Matrix of eigenvalues 

(XTX) = Matrix of eigenvectors 

The scores marix is determined by satisfying the relationship: 

ssT - 1 

Where I is the identity matrix. 

The loadings matrix satisfies the relationship: 

48 

(1.19) 

(1.20) 

(1.21) 

(1.22) 
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(1.23) 

(1.24) 

Since the eigenvalues of the SVD are directly proportional to the 

response variance, it is possible to order the contributions of each scores and 

loadings pair in regards to the relative percent variance that is accounted for 

in the response data matrix. In doing so, the noise in the response data 

matrix can be discarded. Thus, when calculating the pseudo-inverse, only 

the relevant scores and loading pairs are included. With this in mind, the 

pseudo-inverse is calculated using the following: 

su-1LT (1.25) 

The estimates for the prediction variables are determined from: 

p (1.26) 

Where: y = Reference values (concentrations of calibration standards) 
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The prediction variables can then be used with new unknown data 

matrices to determine predicted values of the constituent or property of 

interest. The following operation will produce the estimated parameter (y): 

(1.27) 

Where: x = The unknown data vector (spectrum) 

As was shown, the PCA/PCR method of analysis first performs the 

SVD to obtain the scores and loadings of the original data matrix. After this 

process is completed, the prediction variables can then be determined by 

regression against the known reference values. 

Partial Least Squares Regression PLS regression is similar to PCA in 

that it tries to find factors responsible for variance in the measured 

parameter. The difference arises in the way PLS fmds the relationship 

between the factors and predicted variable. Instead of first finding the 

factors and then regressing them against the known calibration parameter 

(such as concentration), PLS correlates the calibration parameters to the 

factors as they are determined. These steps are combined in the method of 
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PLS in order to achieve a higher degree of inner correlation between the 

spectral data and the reference data of the parameter of interest. PLS uses a 

series of steps in order to transform the original data matrix (X). At the 

completion of each step, the algorithm produces a weighting vector (wi), a 

scores vector (si), a regression coefficient (b), a loading vector (li) and a 

residual matrix (E). The subscript i indicates the number of times the 

algorithm has been executed. 

vector: 

The first step of the algorithm calculates the normalized weighting 

XT = y(wi)T + E 

w = Xy/(yTy) 

wi = w/(wTw) 

(1.28) 

(1.29) 

(1.30) 

The second step of the algorithm calculates the normalized scores 

vector: 

XT - SiWiT + E 

s = XTwi 

(1.31) 

(1.32) 
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(1.33) 

The third step of the algorithm regresses the scores vector against the 

reference values of the parameter of interest to obtain the regression 

coefficients: 

y = sibi + e 

bi = SiTY 

The fourth step of the algorithm calculates the loading vector: 

X = lisiT + E 

li = Xsi 

(1.34) 

(1.35) 

(1.36) 

(1.37) 

The fifth step of the algorithm determines the residuals left over from 

the first time through the algorithm: 

Ei = X - liSiT 

ei = y - bisi 

(1.38) 

(1.39) 



53 

For every new iteration through the algorithm~ the original data matrix 

(X) is replaced by the residual data matrix (Ei-l) from the previous time 

through the algorithm and the (y) vector replaced by the residual reference 

set vector (ei_1). The number of times the iteration executes is determined by 

the user. After completion, the comprehensive expression for the results of 

the algorithm is given below for both the data matrix and the reference 

values: 

X- LST + E 

y - Sb + e 

(1.40) 

(1.41) 

The estimate of the prediction variable vector is then given by: 

(1.42) 

The prediction variables can then be used with new unknown data 

matrices to determine predicted values of the constituent or property of 

interest. The following operation will produce the estimated parameter (y): 
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y (1.43) 

Where: x = The unknown data vector (spectrum) 

The discussion so far has outlined chemometric multivariate data 

treatments for the quantitative analysis of chemical systems. In addition to 

quantitative analysis, chemometric data treatments can be applied to 

qualitative analysis as well. 

Principal Components Analysis The technique of PCA can be used 

to determine significant factors present in the experimental data set that 

describes trends in the variance. The process of SVD used in the PCA 

algorithm produces the loadings and scores which can be paired and ordered 

in descending order according to the amount of variance that each pair 

captures. These factors (loading and score pairs) are usually referred to as 

principal components (PC's). The PC that captures the most variance in the 

raw data set is called the first PC. The PC that captures the second most 

variance is the second PC, and so on. If the PC's, their scores and/or their 

loadings are plotted in multivariate space, the samples with similar 
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characteristics as determined by the SVD tend to cluster together in 

groupings. These groupings form the basis for a qualitative application of 

chemometrics. Based on statistical criteria for determining the boundaries of 

each grouping, different samples can be classified as belonging or not 

belonging to any particular group. 

Cluster Analysis There are two main types of Cluster Analysis 

(CA) commonly used for classification analysis. The first is called K-nearest 

neighbor. Basically, each grouping is determined and the distance between 

the closest samples from one group to the other is measured. The second 

method is similar in approach except that the distance between groups is 

determined by taking the difference between the center of gravity (centroid) 

of the space occupied by each grouping. Once the distance between groups 

has been determined, a dendrogram can be constructed which shows the 

linkages between groups with the length of the links proportional to the 

distance separating the groups in multivariate space. 

Evolving Factor Analysis The final method of data treatment that 

will be discussed is Evolving Factor Analysis (EF A). Again, the process of 

SVD is used to find factors responsible for data variance. The technique of 
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EF A is used where the data have an inherent order such as time dependence. 

If the spectral data acquisition is done in a particular order that is 

evolutionary with time, each spectrum has a time dependence that can be 

exploited. The process of EF A works by first performing SVD on the first 

spectra. As each new spectrum is added to the data rna~ a new SVD is 

performed. This is repeated until every spectrum has been added to the 

growing data matrix. This process is referred to as the forward analysis. The 

process is then repeated in reverse order. As each spectrum is removed from 

the total data matrix, an SVD is performed on the remaining data in the data 

matrix. This is called the reverse analysis. The results of the forward and 

reverse analyses allow the user detect the disappearance and appearance of 

factors as they evolve out of the pool of decomposed data. 
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Chapter 2 

Near-Infrared Spectrometer Design and Characterization 

Near-Infrared Spectrometer Design 

Figure 2.1 illustrates the block diagram of the near-infrared 

spectrometer configuration. The solid-state near-infrared system was 

operated in the single beam mode for all calibration samples. The near

infrared source used was a 24 volt, 10 watt quartz-tungsten-halogen lamp. In 

order to ensure stable power supply to the source throughout the halogen 

cycle of evaporation and deposition of the tungsten filament, an optically 

controlled feedback loop design was incorporated into the source. The 

source was allowed to reach thermal equilibrium by turning the source on for 

30 minutes prior to sample analysis. In order to obtain maximum dynamic 

range of the detector, the source was adjusted to 95% of the saturation 

voltage of the array. The source radiation was collected, collimated and 

focused onto the sample using gold plated optical concave mirrors. The 

sample cell used for this study was a 10 mm pathlength near-infrared quartz 

Infrasil rectangular cell. After passing through the sample, the source beam 
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Figure 2.1: Near-Infrared Spectrometer Design 
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was collected, collimated and focused using a set of f/4, 3.8 em diameter 

plano-convex CaF2 lenses onto a 50 J.1II1 slit, f/4, 0.25 meter imaging 

spectrograph (Chromex, Model2501S) equipped with astigmatism correcting 

toroidal mirrors and a 300 gr/mm plane reflectance ruled grating blazed for 

peak efficiency at 2000 nm. The resulting wavelength dispersed focal plane 

was focused onto a I 024 element linear backside-illuminated Schottky-

Barrier PtSi photodiode array nm (EG&G Reticon, Model RH 1024 SIU) 

with wavelength response from 900 to 5000 nm and peak quantum efficiency 

(QE) of 8% at 1100. In order to reduce thermal noise, the PtSi array was 

cryogenically cooled to 79 K. 

Figure 2.2 illustrates the design of the camera housing the PtSi PDA 

and electronics. 
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Figure 2.2: PtSi Camera Design 

PDA 
Housin 

\ 

(0 
\ 

J 

g 

Sapphire 
Window 



60 

The scannmg circuit (Figure 2.3) located in the electronics housing 

eliminates the need for a separate camera controller (2.1 ). This feature 

allows for the compact design of a complete camera system. Each pixel of 

the PtSi PDA (Figure 2.4) contains a PtSi active and Si dummy diodes. The 

active and dummy diodes have an associated storage capacitance. The active 

and dummy diodes are connected through MOS multiplex switches with 

respective readout lines. Each scan is initiated by a square wave clock pulse 

train which also drives the shift register. The sampling rate is determined by 

the frequency of the clock waveform. The resulting output is a train of 

pulses with each individual pulse being proportional to the light intensity on 

the respective photodiode. Associated with each signal pulse are switching 

transients that are capacitively coupled into the video line by the mutiplex 

switches. In order to minimize these switching transients from the fmal 

readout, the active and dummy diodes are read out differentially. Thus, the 

dummy diode signal which contains all extraneous electronic signal is 

subtracted from the active photodiode signal leaving only signal related to 

photon events incident upon the photodiode. 
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The actual differential readout is accomplished using the simple 

current amplifier circuit shown in Figure 2.5 (2.2). The circuit holds the 

video line at virtual ground while sensing the current pulses. The measured 

pulses are descriptive of the current needed to recharge the capacitor 

associated with each diode read as they are sampled in sequence through 

their respective multiplex switches. The current pulses are converted to 

voltage pulses that are proportional to the amount of light incident upon each 

individual photodiode. The current amplifier must provide a positive bias 

voltage to the video line since the PtSi photodiode is reversed biased. 

When used in the backside illumination configuration, the silicon 

substrate design of the PtSi PDA acts as a filter by absorbing visible ( 400-

750 nm) and short-wavelength near-infrared (750-900 nm) photons before 

reaching the active photosensitive area of the detector. In addition, long 

wavelength infrared photons lack sufficient energy to excite charge carriers 

to jump the metal-semiconductor (Schottky) barrier. Thus, the PtSi PDA has 

active photo-response from approximately 900 - 5000 nm without the need 

for external filters. 

This system provided for a wavelength range of 250 nm at 1.5 nm 

spectral resolution, a dynamic range of three orders and an tms baseline 

noise level of 10-4 a.u. The array was continually run in the differential 
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readout mode with a rate of 3 1.25 kHz producing a 33 msec/spectra plus 8 

msec/spectra overscan resulting in 41 msec/spectra data acquisition rate. 

The data acquisition was accomplished using a 16 bit AID converter with a 

486 PC. The data acquisition for each spectrum consisted of 100 averaged 

scans. All camera control and data acquisition programs were written using 

Lab View software (National Instruments). 

Near-Infrared Spectrometer Characterization 

Instrument Response The instrument response curves for the 

signal with the source intensity adjusted to 95% of the PDA saturation 

voltage and dark signal are shown in Figure 2.6. The overall curvature of the 

dark signal response can be attributed the nature of the cold shield 

surrounding the array. The cold shield which is in contact with the liquid 

nitrogen dewar copper cold frnger has a rectangular widow which allows the 

near-infrared radiation to strike the PDA. The photodiodes at the ends of the 

array are surrounded on three sides by the cold shield effectively keeping 

them at a lower temperature than the central photodiodes of the array. The 

lower temperature allows for lower dark signal at the ends of the PDA. Also 

apparent are sluggish photodiodes at approximately 1170, 1210 and 1290 
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run. The response curve at 95 % saturation also shows the effects of 

atmospheric moisture and carbon dioxide signal attenuation due to 

absorption near 1350- 1370 run. This is a result of running the spectrometer 

in atmospheric conditions as opposed to purging the spectrometer with 

nitrogen gas. Also shown in the response curve at 95 % saturation is the 

lower degree of curve symmetry compared to the dark signal response curve. 

The characteristic response curve at 9 5 % saturation has a broad maximum 

peak centered at approximately 1280 run with an unsymmetrical drop-off at 

the lower and upper wavelength regions. The deviation in symmetry is 

caused by the cumulative effects of the combined relative spectral emittance 

of the tungsten source (2.3), relative diffraction efficiency ofthe ruled plane 

reflectance grating (2.4) and the relative quantum efficiency of the PDA 

itself (2.5). Figures 2.7- 2.9 show typical efficiency curves for the tungsten 

source, grating and PDA respectively. Combination of these curves results 

in the overall efficiency of the spectrometer (Figure 2.10). 

Instrument Noise The overall dynamic range in volts of the system 

can be calculated by taking the difference of the response curves and 

dividing the results by the thermodynamic noise. 
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Dynamic Range - 95 % Saturation Signal - Dark Signal (2.1) 
Thermodynamic Noise 

Due to the unsymmetrical response across the array, the dynamic 

range will vary at different positions along the PDA. At the maximum of the 

95 % saturation response curve, the signal is approximately 7.7 volts with a 

corresponding dark signal of 2.7 volts. Assuming a typical thermodynamic 

noise (standard deviation) of 0.00 l volts, this yields a dynamic range of 

5000:1. At either end of the PDA, the signal ofthe 95% saturation response 

is approximately 5.2 volts with a corresponding dark signal of 2.4 volts. 

Using the same thermodynamic noise value of 0.00 l volts, the dynamic 

range calculates to be 2800: l at either end of the array. Taking the average 

of the sum of the maximum and end minimums of dynamic range across the 

PDA yields a value of 3500: l. By definition, this is equivalent to the signal 

to noise ratio. Since the data acquisition speed is limited only by the readout 

rate of the PDA, signal averaging can be easily done in order to improve the 

signal to noise ratio. Figure 2.11 shows the results of 15 averaged data 

acquisitions each consisting of the negative log ratio of successive blank air 

measurements. The root mean squared (RMS) noise at 15 scans averaged 

was approximately 0.0004. Further signal averaging can be performed until 

a point of diminishing returns occurs. At this point, the increase in signal to 
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noise ratio is minimal with each additional scan averaged. Figure 2.12 

shows that the measured points follow the expected trend of noise 

improvement of (N) 112 for N averaged scans (2.6) reaching the point of 

diminishing returns at approximately100 scans averaged. Using the RMS 

noise at 100 scans averaged of 104
, a signal to noise ratio of35,000:1 can be 

achieved. If the conventional criterion of multiplying the noise (standard 

deviation) by three to give the minimum observable signal above the noise is 

used, a fmal value of the signal to noise ratio of 12,000:1 is obtained for 100 

scans averaged. 

Wave length Range and Resolution In order to make use of the PDA 

for analytical measurements, the PDA must first be calibrated to the 

dispersed wavelengths across its length. This was achieved using a hollow 

cathode lamp (HCL) with argon as its fill gas. By adjusting the HCL voltage 

and current to the maximum values, an argon plasma was created from the 

argon fill gas. The HCL was then placed in the sample cell position of the 

near-infrared spectrometer. The argon emission radiation was collected and 

focused into the spectrograph for dispersion onto the PDA. The acquired 
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argon emission response was compared to the CRC theoretical emission lines 

of argon (2.7). For the region of interest, the argon reference line intensities 

were calculated by multiplying the quantum efficiency of the grating and 

PDA (Figures 2.8 and 2.9) with the CRC reference argon intensities (Table 

2.1). Figure 2.13 shows the overlay of the calculated reference argon 

emission lines and the measured argon emission lines. This information was 

used to perform a wavelength calibration of the PDA. Figure 2.14 shows the 

resulting linear regression of the calibration. A slope value of 0.25 nmlpixel 

which is equal to the linear dispersion of the spectrometer and spectral range 

of 256 nm were obtained with this system. Once calibrated for wavelength 

dispersion, the resolution and spectral range were then determined. 

Examining Figure 2.15, the resolution of the near-infrared spectrometer was 

determined to be 1.5 nm using the definition of full width at half maximum 

(FWHM). Theoretically, the resolution of an instrument with a reciprocal 

linear dispersion of 10 nrnlmm and an entrance slit width of 50 ~is equal 

to 0.5 nm. The discrepancy between the theoretical and measured values is 

due to the fact that a 50 J.!m slit image is being projected onto a 25 ~ pixel. 

Coupled with the spectrograph magnification factor of 1.3, the image to 

pixel ratio becomes 2.6: 1. The best measured baseline resolution that can 
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Wavelength lntensti~ Wavelength Intensity 
(nm) (nm> 

907.5394 20 1273.3418 30 
912.2967 35000 1274.6232 12 
919.4638 550 1280.2739 200 
922.4499 15000 1293.3195 50 
929.1531 400 1295.6659 500 
935.422 1600 1300.8264 200 
965.7786 25000 1321.399 200 
978.4503 4500 1322.8107 200 
1005.206 180 1323.09 100 
1033.272 30 1327.264 500 
1046.7177 100 1331.321 1000 
1047.0054 1600 1336.7111 1000 
1047.8034 13 1349.941 30 
1050.65 180 1350.4191 1000 
1067.3565 200 1357.3617 11 
1068.1773 11 1359.9333 30 
1068.3034 7 1362.2659 400 
1073.387 30 1367.855 200 
1075.916 30 1371.8577 1000 
1081.2896 7 1382.5715 10 
1107.8869 11 1390.7478 10 
1110.646 30 1409.364 200 
1144.1832 12 1504.65 100 
1148.8109 400 1517.269 25 
1166.871 200 1532.934 10 
1171.9488 12 1598.949 30 
1211.2326 200 1651.986 30 
1213.9738 50 1694.058 500 
1234.3393 50 1842.776 12 
1240.2827 200 2061.623 50 
1243.9321 200 2098.611 30 
1245.612 100 2313.32 20 
1248.7663 200 2396.652 20 
1270.2281 150 

Table 2.1: CRC Argon First Order Emission Lines and Intensities 
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be achieved with this system is 1.3 nm. The resolution can be further 

degraded by optical factors such as coma which cause a widening of spectral 

bands. In addition, lateral charge spreading (2.8, 2.9) caused by radiation 

partially impinging upon adjacent pixels can contribute to lower resolution 

values. Thus the measured resolution value of 1.5 run is reasonable. For 

comparison purposes, Table 2.2 lists the nominal calculated values that can 

be obtained with the near-infrared system configuration using a 300 grimm 

grating (2.10). The measured reciprocal linear dispersion of 10.08 nm/rnm 

(0.252nm/pixel)(l pixeV25 ~)is in good agreement with the nominal value 

of 10 nmlmm as is the measured spectral range of 256 run compared to the 

nominal tabulated value of 250 nm. 

Linear Dynamic Range The maximum linear dynamic range of the 

near-infrared spectrometer based only upon instrumental response voltage 

data for the highest measured signal to noise average of 50,000:1 using 100 

averaged scans is 4.7 orders of magnitude. This does not exceed the 

maximum achievable linear dynamic range of 4.8 orders of magnitude 

limited by the 16 bit AID converter (l part per 65535). In order to determine 

the analytical linear dynamic range of the near-infrared spectrometer, the 



Diffraction Reciprocal Linear Nominal Nominal 
Grating Dispersion (nm/mm) Spectral Spectral 
Grooves/rnm Resolution (nm) Range 

(run) 
3600 .83 0.04 20.7 

1200 2.5 0.125 62.5 

300 10 0.5 250 

100 30 1.5 750 

68 44 2.2 1100 

Table 2.2: Theoretical Spectrometer Characteristics Using 50 J..liil 
Entrance Slit and 25 mrn (25 J.liil wide pixels) PtSi PDA 
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data used will reflect upon the dynamic range factors of the total 

spectroscopic system. The near-infrared spectrometer was used to measure 

the absorbance at 1150 nm of p-xylene calibration samples in carbon 

tetrachloride. Carbon tetrachloride was chosen as the solvent because it is 

transparent throughout the entire near-infrared region. The calibration was 

run using 1 and 20 rnrn quartz sample cells. Figure 2.16 shows the results of 

the calibration using the 20 mrn sample cell. Deviation from linear response 

was observed after approximately 0. 7 M. Upon closer inspection 
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of the lower concentration regic11 (Figure 2.17), the response remains linear 

to 0.001 (M). The observed linear dynamic range of this system is nearly 3 

orders. The deviation at the higher concentration region can be eliminated 

using a smaller pathlength sample cell. The calibration was repeated using a 

new set ofp-xylene samples and a 1 mm pathlength sample cell. Figure 2.18 

shows the elimination of deviation from linear response at the higher 

concentration region. Closer examination of the lower concentration region 

in Figure 2.19 shows approximate linear response below 0.07 M. 

Considering the chemical characteristics of the analyte solutions studied such 

as molar absorptivity and concentration range, the choice of sample cell 

pathlength should be made to give measured response in the linear region. 

Wavelength Stability The solid-state design of the near-infrared 

spectrometer inherently provides for wavelength stability. In order to 

confirm this, repeated data acquisitions at 1 00 averaged scans each of argon 

emission lines using the hollow cathode lamp filled with argon gas were 

obtained. A close-up view of the peak emission centered at pixel 829 is 

given in Figure 2.20. It can be seen by offset view that all data acquisitions 
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show the peak emission at the same pixel (wavelength) value. The effects of 

temperature fluctuations upon wavelength stability were not apparent during 

the short data acquisition time period. 

Stray Light The definition of stray radiant energy as given by the 

ASTM (Designation E 131-95) is as follows, "all radiant energy that reaches 

the detector at wavelengths that do not correspond to the spectral position 

under consideration" (2.11 ). Stray radiation is nearly always present to some 

extent within a spectroscopic system and can cause deviations from linear 

response described by Beer's Law. The calibration plot used to describe the 

linear dynamic range of the solid-state near-infrared spectrometer (Figure 

2.16) shows negative deviations from linear response in the region of high 

analyte concentration. Due to the common occurrence of stray radiation 

causing such deviations in linear response, an attempt to determine the 

amount of stray light present in the solid-state near-infrared spectrometer is 

warranted. 

In order to estimate the amount of stay light present in spectroscopic 

instrumentation, several methods have been reported. The ASTM 

(Designation E 387-84) method for estimating the amount of stray light 

using opaque filters could not be used for the near-infrared region of interest 
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(1100- 1350 run) as no appropriate filters are given in the method for this 

region (2.12). Alternatively, one of the most common methods employed for 

stray light determinations involves the use of an absolute absorber at the 

analytical wavelength of interest (2.13). If this method is applied, three 

criteria must be satisfied: (a.) The true transmittance of the absorber must be 

known and significantly smaller than the transmittance observed; (b.) The 

material must be transparent at the analytical wavelength of interest; (c.) 

Measurements very near the cutoff edge of the absorber must be avoided 

because they can be affected by instrumental resolution. Due to the low 

molar absorptivities typical of compounds analyzed in the near-infrared 

region, chemical solutions do not absorb strongly enough to be used as 

absolute absorbers (using acceptable sample cell pathlengths). Glass cutoff 

filters such as silicon and germanium have sharp cutoff edges in the near

infrared region at 1100 and 1800 nm respectively. The silicon filter is 

recommended for stray light measurements at 900 nm which is below the 

PtSi PDA detector response, making it unsuitable for use with the solid-state 

near-infrared spectrometer. The germanium filter is recommended for stray 

light measurements at 1600 nm which is beyond the wavelength region of 

interest (1100 - 1350 nm). Thus, due to the lack of suitable chemical or 
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glass cutoff filter absolute absorbers, this method was not used for the 

determination of stray light. 

Another method for the determination of stray light utilizes a double 

monochromator to incrementally select wavelengths of the region of interest 

by varying the setting of the monochromators (2.14 ). The ratio of the light 

intensity measured at the detector for the chosen wavelength vs. the 

background is calculated. The average stray light ratio across the 

wavelength region of interest is then used as the estimate for the fraction of 

stray light present in the spectrometer. This method assumes the stray light 

characteristics of the double monochromator are negligible compared to 

those of the spectroscopic system under investigation. The double 

monochromator system for estimating the stray light of the solid-state near

infrared spectrometer was not used because of design constraints and the 

unavailability of a double monochromator applicable to the near-infrared 

region of interest. 

Due to the lack of appropriate materials and methods for stray light 

determination from 1100 to 1350 nm, the stray light estimation for the solid

state near-infrared spectrometer was made by corrective calculations relating 

the causes for nonlinear response of the linear dynamic range plot shown in 

Figure 2.16. This plot consists of p-xylene calibration samples diluted with 
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carbon tetrachloride to span the concentration range of7 x 104 to 9 x ro-t M 

using a 20 mm pathlength sample celL In order to perform such corrective 

calculations, it is assumed that the nonlinear response of the spectrometer is 

caused solely by stray light effects. 

To test this assumption, several of the most probable violators must be 

investigated. The high concentrations of the calibration samples used for the 

linear dynamic range plot suggest molecular causes for deviation from linear 

response described by Beer's Law. Such molecular causes stem from either 

interaction between absorbing solute species which results in absorption 

centers not acting independently or significant changes in refractive indices 

among the calibration samples. Normally, these effects are negligible at 

analyte concentrations below l o-2 M. 

Examination of Figures 2.16 and 2.17 reveals that deviation from 

linear response is present when using a 20 mm sample cell pathlength, but is 

absent when using a 1 mm pathlength over the same concentration range. 

This indicates that linear deviations are not due to molecular interactions of 

absorbing species acting dependently. If the absorbing species were 

interfering with one another, linear deviations should be apparent in both 

plots since the concentration ranges overlap. In order to test the assumption 

that changes in refractive index between samples are insignificant, the exact 
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expression for Beer's Law must be used which incorporates refractive index 

into the equation. The exact expression for Beer's Law is given below: 

(2.2) 

Where: A = Absorbance 

&r = True molar absorptivity (M"1cm-1
) 

'7 = Refractive index 

b = Sample cell pathlength (em) 

c = Analyte concentration (M) 

(1]) 
Using Equation 2.2, a plot of absorbance vs. c should 

(TJ2 + 2)2 

yield a straight line with slope erb in the absence of other significant sources 

of nonlinearities. This correction for changing refractive indices of sample 

solutions was performed on the data set used for the linear dynamic range 

plot with 20 mm sample cell pathlength. The resulting plot shown in Figure 

2.21 still contains deviations for linear response, although to a slightly lesser 
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degree that the original plot. Thus, change in refractive index does not 

account for all of the deviation from linear response of the data. 

Using the data corrected for changes in refractive indices, an estimate 

of the amount of stray light present in the solid-state near-infrared 

spectrometer can be made by varying the fraction of stray light in the 

following expression: 

Where: 

T =Tr+aS 
o l+S 

To = Observed transmittance 

T r = True transmittance 

S = Fraction stray light 

a = Amount of stray light transmitted 
by the sample 

(2.3) 

Since the true value of a is not known, the ideal case will be chosen 

where a= 1. This represents the lowest estimate of stray light present in the 

spectrometer. Figure 2.22 shows the plots of absorbance at varying amounts 
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of stray light present. The best linear regression fit is found at approximately 

8% stray light. 

Summary The solid-state design of the near-infrared spectrometer 

provides a rugged, wavelength stable instrument capable of fast data 

acquisition leading to an improved signal to noise ratio through signal 

averaging. A tabulated summary of the near-infrared system characteristics 

is given in Table 2.3. Using this system, typical spectra of some 

representative chemical systems are given in Figures 2.23 and 2.24. Each 

spectrum is the result of 100 averaged scans using a 10 mm quartz sample 

cell. 

Linear Dynamic Range -3 Orders 

Signal I Noise > 3500: 1 

Typical Baseline RMS Noise 1 0 .... abs. units 

Resolution (FWHM) l.Snm 

Wavelength Range 256nm 

Integration Time 41 msec 

Stray Light -8% 

Table 2.3: Summary ofNear-Infrared Spectrometer Characteristics 
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Chapter 3 

Near-Infrared Analysis of Xylene Isomer Mixtures 

Introduction 

The goal of this study is to develop and apply instrumental techniques 

applicable for process monitoring analysis to quantitatively determine closely 

related species in a mixture that are of importance to the chemical industry. 

The techniques must readily lend themselves to process monitoring analysis 

by providing fast, reliable, wavelength stable, fiber-optic compatible methods 

of analysis which require no sample preparation using rugged, solid-state 

design. The application of spectroscopic techniques using solid-state array 

detection provides relatively inexpensive, fast, rugged and reliable methods 

of process monitoring analysis which require no sample preparation and are 

compatible with low cost fiber optics. Solid-state design, without moving 

parts, allows spectrometer designs that inherently provide long term 

wavelength stability by eliminating the possibility of misalignment of optics 

due to moving mirrors, filters and/or gratings. In addition, instrument 

downtime due to maintenance to replace worn out moving parts is 
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eliminated. The speed with which solid-state instruments can acquire data is 

ideal for process monitoring analysis, as it is limited only by the integration 

time and electronic readout rate of the array detector. Furthermore, solid

state design is resistant to vibrational perturbations often encountered in 

process monitoring environments. 

For this study, the results using the solid-state near-infrared 

spectrometer were compared to results obtained using a solid-state Raman 

spectrometer built in our laboratory (3.1). It should be noted that Raman 

techniques provide the added analytical flexibility of being able to analyze 

both aqueous and non-aqueous samples, as opposed to near-infrared 

techniques which are typically only applicable to non-aqueous systems. 

Due to the importance of a-xylene as an industrial commodity 

chemical, the compositional analysis of xylene isomer mixtures was chosen 

to test the utility of instrumental design for process monitoring applications. 

In the U.S. alone, over one billion pounds of a-xylene was produced in 1995 

(3.2). One of the primary uses of a-xylene is as the raw material for the 

production of phthalic anhydride which is subsequently used in the polymer 

industry (Figure 3.1). Typically, the purity of a-xylene raw material is 

greater than 82.6 % w/v (95 % w/w) with the balance composed mainly of 
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a-Xylene 
Phthalic Anhydride 

Figure 3.1: Conversion of a-Xylene to Phthalic Anhydride 
by Direct Catalytic Oxidation 
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m-xylene and p-xylene with small amounts of ethylbenzene and 

isopropylbenzene (Figure 3.2 and Table 3.1) (3.3). In order to realize 

economies of scale, industrial manufacturers purchase large shipments of raw 

materials by railcar or barge. Quantitative analysis for percent a-xylene as 

well as percent contaminants is required to ensure that the o-xylene raw 

material meets production specifications before these large shipments are off-

loaded. The method of analysis employed must determine the purity of the 

raw material expediently, to reduce the total analysis time, thereby 

minimizing the costs associated with time delays of raw material quality 

testing such as shipping demurrage and production downtime (3.4). Thus, a 
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a-Xylene m-Xylene p-Xylene 

Ethylbenzene Isopropylbenzene 

Figure 3.2: Structures of a-Xylene Raw Material Components 

Component Concentration Concentration 
(%w/w) (%w/v) 

a-Xylene >96 > 83.9 
m-Xylene <2 < 1.7 
p-Xylene <1 <0.9 

Isopropyl benzene <0.5 <0.4 
Ethylbenzene <0.1 <0.1 

Others <0.1 < 0.1 

Table 3.1: Typical a-Xylene Raw Material Component Concentrations 
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fast, reliable method of quantitative xylene isomer mixture analysis is 

required, suitable for the less than ideal conditions often encountered with in

line or at-line process monitoring for raw material testing. 

The ASTM 03 797 capillary gas chromatography method works well 

for the quantitative analysis of xylene isomer mixtures (3 .5). However, the 

method does not readily provide the kind of rapid information feedback 

required for industrial process monitoring applications, due to long analysis 

times of approximately 20-30 minutes per sample. 

Many analytical techniques have been reported involving analysis of 

complex hydrocarbon mixtures. Such techniques as GC/MS (3.6,3.7), NMR 

(3.8), GC/FTIR (3.9,3.10) and flow-injection/FTIR (3.11) have been shown 

to provide a means for accurate analysis of hydrocarbon mixtures. However, 

because of complex design, fragility, relatively high cost, need for extensive 

sample preparation and long analysis times of over 30 minutes, these 

techniques are not well suited for process monitoring environments. In order 

to provide for time efficient methods of analysis, spectroscopic techniques 

have found wide use for process monitoring applications. Several papers 

have reported the use of A TRIFTIR spectroscopy for the analysis of 

properties of fuels, most notably for class analysis and octane number (3 .12 -

3.14). Although not applied for individual constituent determinations, these 
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techniques do provide for short analysis times with little or no sample 

preparation for bulk properties of hydrocarbon fuel blends. The nature of 

midband infrared techniques makes the use of inexpensive fiber-optics 

prohibitive, rendering these techniques less attractive for process monitoring 

applications. 

The analysis of fuel properties such as organic class analysis, octane 

number and oxygenate content by near-infrared analysis has been cited to 

have the advantages of inexpensive fiber-optic compatibilities in addition to 

fast analysis times without the need for sample preparation (3 .15 - 3 .18). A 

Raman technique for the analysis of fuel properties has also been 

demonstrated as an alternative to near-infrared analysis (3.19). For the 

analysis of xylene isomer mixtures, UV and FTIR techniques have been 

applied (3.20 - 3.23). Although specific for individual xylene isomers, the 

analysis involved extensive sample preparation leading to long analysis 

times. 

The use of fiber-optic Raman spectroscopy with CCD array detection 

was recently reported for xylene analysis of mock petroleum fuel blends 

(3.24). The concentration ranges were approximately 2-15, 1-16 and 1-15% 

w/v of ortho-, meta- and para-xylene respectively. Although the reported 

results of absolute accuracy appear to be in error due to miscalculation of 
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confidence interval values, the results demonstrated that Raman spectroscopy 

could be used to obtain absolute errors of approximately ± 2% at 95 % 

confidence. The utility of sampling Raman scattering directly through the 

borosilicate glass vial wall was also demonstrated 

The current study utilizing no moving parts instrumental design 

involves a less than optimal sample set which is often the case in real world 

industrial process monitoring analysis. Calibration samples were prepared in 

order to obtain a calibration set with an uneven distribution of concentration 

values. This uneven distribution is typical in real world industrial settings, 

where atypical samples are rare but nonetheless contain valuable information. 

In addition, the quantitative analysis involves the determination of 

contaminants at concentration levels approximately an order of magnitude 

less than the main component concentration. The quantitative determination 

of low concentration isomer species is further complicated by highly 

overlapping spectral peaks creating very high background interference. 

The method of multivariate analysis that will be used for this study is 

partial least squares (PLS) regression. It has been shown to be superior to 

other multivariate techniques such as inverse least squares, classical least 

squares and principal component regression (3 .25). The method of cross

validation used was the "leave-one-out" internal cross-validation method in 
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which each calibration sample is sequentially excluded from the calibration 

set and the remaining samples are used to obtain a model which is then 

applied to the excluded sample. This process is repeated for each sample in 

the calibration set and the residuals for the excluded samples are then 

calculated. This provides realistic estimates of model performance, avoiding 

over-optimistic data evaluations. Guidelines for the application of 

multivariate quantitative analysis given by ASTM method E-1655 were 

followed for this study (3.26). 

Experimental 

Sample Preparation The xylene isomer mixture samples were 

gravimetrically prepared using reagent grade stock solutions of ortho-, meta

and para-xylene without further purification. The weight percents of the 

prepared samples were determined using quantitative capillary gas 

chromatography in accordance with ASTM method D3797. The 

corresponding volume percents were determined by direct conversion using 

the measured density of each sample. After preparation, the xylene samples 

were sealed in 16 ml KG-33 borosilicate glass vials with teflon lined screw 

caps. While not in use, the samples were stored in the dark at 5° C to prevent 
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losses due to evaporation and/or sample decomposition. The samples were 

allowed to equilibrate to room temperature (25° C) before spectroscopic 

analysis. 

Capillary Gas Chromatography The quantitative chromatographic 

analysis was carried out using a Hewlett-Packard Gas Chromatograph model 

5890 equipped with a flame ionization detector. A 30 meter polyethylene 

glycol capillary column with 0.32 mm i.d. and 0.25 J.llil film thickness was 

employed. The GC was run in split mode ( 100:1) with helium carrier gas 

(1.5 mllmin.) using a gradient temperature program of 50° C (12 min.) to 

150° C (30 min.) at 20° C/min. temperature ramp. The sample volume 

injected was 1 ~· 

Near-Infrared Analysis The solid-state near-infrared system was 

operated in the single beam mode for all calibration samples. The near

infrared source used was a 24 volt, 10 watt quartz-tungsten-halogen lamp. In 

order to insure stable power supply to the source throughout the halogen 

cycle of evaporation and deposition of the tungsten filament, an optically 

controlled feedback loop design was incorporated into the source. The 

source was allowed to reach thermal equilibrium by turning the source on for 
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30 minutes prior to sample analysis. In order to obtain maximum dynamic 

range of the detector, the source was adjusted to 95% of the saturation 

voltage of the array. The source radiation was collected, collimated and 

focused onto the sample using gold plated optical concave mirrors. The 

sample cell used for this study was a 10 mm pathlength near-infrared quartz 

Infrasil rectangular cell. After passing through the sample, the source beam 

was collected, collimated and focused using a set of t74, 3.8 em diameter 

plano-convex CaF2 lenses onto a 50 ~m slit, f/4, 0.25 meter imaging 

spectrograph (Chromex, Model250IS) equipped with astigmatism correcting 

toroidal mirrors and a 300 grimm plane reflectance ruled grating blazed for 

peak efficiency at 2000 nm. The resulting wavelength dispersed focal plane 

was focused onto a l 024 element linear backside-illuminated Schottky

Barrier PtSi photodiode array nm (EG&G Reticon, Model RH l 024 SIU) 

with wavelength response from 900 to 5000 nm and peak quantum efficiency 

(QE) of 8% at 1100. In order to reduce thermal noise, the PtSi array was 

cryogenically cooled to 79 K. 

This system provided a wavelength range of 250 nm at 1.5 nm 

spectral resolution, a dynamic range of three orders, an rms baseline noise 

level of lQ-4 a.u. and± 0.01 nm wavelength reproducibility. The array was 

continually run in the differential readout mode with a rate of 31.25 kHz 
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producing a 33 msec/spectra plus an 8 msec/spectra overscan resulting in a 

41 msec/spectra data acquisition rate. The data acquisition was 

accomplished using a 16 bit AID converter with a 486 PC. The data 

acquisition for each spectrum consisted of 100 averaged scans. All camera 

control and data acquisition programs were written using Lab View software 

(National Instruments). 

Raman Analysis Figure 3.3 shows the block diagram of the Raman 

spectrometer design. The Raman analysis was performed using a Sharp 

L T025-MD diode laser operated at 15 m W with a Me lies Griot model 

06DLD203 laser driver. The diode laser wavelength used in this study was 

778.8 nm. The near-infrared wavelength helped eliminate any sample 

fluorescence, which can often be a problem when analyzing aromatic 

hydrocarbons by Raman. In order to prevent instability in the diode laser 

caused by back-reflections, an optical isolator was added to the system 

directly after the diode laser and provided -38.0 dB of isolation. A narrow 

bandpass filter was used with the diode laser to remove non-laser emission 

from the output. A diode achromatic lens was used to focus the laser output 

onto the sample vial. The Raman scattering was measured directly through 

the wall of the borosilicate glass vial. The resulting Raman scattered 
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radiation was collected in a 180° geometry using a gold-coated off-axis 

collection mirror. The collected light passed through a Raman holographic 

notch filter and focused using an f/4 achromatic lens into 100 JllD. slit, 0.25 

meter, t74 imaging spectrograph (Chromex, Model 250IS) equipped with 

toroidal mirrors to correct for astigmatism in the resulting focal plane. A 600 

grimm plane reflectance ruled grating blazed for peak efficiency at 1000 nm 

was used for spectral dispersion ( 10 cm-1 resolution). The custom CCD 

detection camera used a back-thinned, anti-reflection coated, 1024 x 1024 

pixel CCD (Tektronix, Model TK.1024AB). The CCD had a peak quantum 

efficiency (QE) of 87% at 700 nm and QE >20% at 1000 nm with < 5 

electrons read noise. The CCD was cryogenically cooled to reduce dark 

current. The camera was controlled by a Photometries (Model CE200A) 

camera electronics unit and a Photometries (Model CC200) camera controller 

that was interfaced to a Pentium PC. National Instruments Labview software 

was used for instrument control and data acquisition. All spectra were taken 

with 30 second exposure times. 
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Data Treatment Both near-infrared and Raman spectra were 

baseline corrected and mean-centered prior to final data analysis. The 

chemometric PLS calibration models were developed using PLS _TOOLBOX 

version 1.5 .2 software using the Matlab 4.2b platform as the base program. 

Results and Discussion 

It was apparent from observation of the near-infrared and Raman pure 

xylene isomer overlay plots (Figures 3.4 and 3.5) that there was a high 

degree of spectral overlap. This overlap makes the quantitative analysis by 

univariate data treatment difficult, if not impossible. A further complication 

in the analysis of xylene isomer mixtures is the fact that there is 

approximately an order of magnitude difference in concentrations among the 

individual isomer components (Table 3.2). In order to successfully 

determine the concentrations of the individual isomers in such mixtures by 

spectroscopic means, a multivariate calibration technique must be applied. 

For this study, the now common multivariate technique of PLS regression 

was employed. When applying PLS regression models, it is of critical 

importance to determine the optimal number of factors or latent variables to 

retain in the final PLS regression model in order to avoid overfitting or 
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Sample Ortho Meta Para Sample Ortho Meta Para 
1 85.06 0.62 1.32 22 83.16 3.10 0.71 
2 80.40 0.59 5.93 23 85.09 0.62 1.29 
3 85.29 1.63 0.09 24 82.11 0.60 4.25 
4 85.12 0.62 1.26 25 83.89 0.61 2.48 
5 83.88 0.61 2.49 26 75.80 3.33 7.73 
6 80.40 0.58 5.94 27 83.98 2.92 0.08 
7 84.15 2.76 0.08 28 84.73 2.19 0.09 
8 85.06 0.62 1.32 29 78.72 1.31 6.87 
9 83.90 0.62 2.46 30 81.88 5.01 0.09 
10 80.32 0.58 6.02 31 79.38 2.03 5.50 
11 81.22 5.65 0.09 32 82.94 1.08 2.94 
12 85.05 0.63 1.32 33 75.13 3.62 8.09 
13 83.98 0.61 2.38 34 79.92 3.92 3.08 
14 80.24 0.58 6.09 35 81.16 0.93 4.85 
15 74.25 1.08 11.49 36 77.98 1.52 7.38 
16 71.64 1.51 13.63 37 80.04 1.98 4.90 
17 70.96 3.05 12.76 38 81.60 5.27 0.09 
18 83.42 0.61 2.94 39 85.55 1.37 0.09 
19 80.30 0.58 6.03 40 84.55 2.36 0.09 
20 82.12 0.60 4.23 41 85.03 1.90 0.08 
21 84.57 1.77 0.66 42 84.33 2.57 0.09 

Table 3.2: Xylene Isomer Concentration Values (%w/v) of Calibration 
Samples. Concentrations Determined by the Reference 
Capillary GC Method of Analysis. 
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underfitting the data set. In order to do this, a predicted residual sums of 

squares (PRESS) plot was constructed by plotting the residual error of the 

model as a function of the respective latent variables. Figure 3.6 illustrates 

the resulting PRESS plot for the analysis of o-xylene using the near-infrared 

method. The plot shows a minimum in the predicted error occurring at five 

latent variables, after which the predicted error increases, indicating that 

there are five significant latent variables which should be retained in the final 

PLS regression model. Similar plots were obtained for the analysis of meta

and para-xylene by near-infrared analysis as well as for ortho- and para

xylene isomers analyzed by Raman with meta-xylene by Raman having a 

minimum at seven latent variables (Figures 3.7 -3.11). 

In order to confirm the correct number of latent variables, the 

tabulated percent variances captured by the models were also examined 

(Tables 3.3 - 3.5). It can be seen that after five latent variables, the percent 

spectral variance captured remains relatively constant, indicating that 

inclusion of more latent variables will merely be descriptive of system noise. 

It is instructive to note the difference between the percent spectral 

variance captured by the near-infrared and by the Raman methods. For near

infrared analysis, the percent spectral variance captured at the instrumental 
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Near-Infrared Raman 
Latent This Latent Total This Latent Total 

Variable Variable Variable 
1 88.30 88.30 87.72 87.72 
2 1.42 89.73 8.13 95.85 
3 1.47 91.20 2.60 98.45 
4 0.81 92.01 1.28 99.73 
5 0.55 92.56 0.07 99.80 
6 0.26 92.83 0.02 99.82 
7 0.28 93.11 0.02 99.84 
8 0.31 93.42 0.02 99.86 
9 0.29 93.71 0.01 99.87 
10 0.21 93.92 0.01 99.88 
11 0.22 94.14 0.01 99.89 
12 0.23 94.37 0.01 99.90 
13 0.25 94.62 0.01 99.91 
14 0.26 94.87 0.01 99.92 
15 0.22 95.09 0.01 99.93 

Table 3.3: Percent Spectral Variance Captured by PLS Models 
foro-Xylene. 
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Near -Infrared Raman 
Latent This Latent Total This Latent Total 

Variable Variable Variable 
1 86.27 86.27 10.32 10.32 
2 3.47 89.74 85.81 96.12 
3 1.50 91.24 2.41 98.53 
4 0.85 92.09 1.20 99.73 
5 0.47 92.56 0.07 99.80 
6 0.25 92.81 0.01 99.81 
7 0.28 93.09 0.02 99.83 
8 0.28 93.37 0.02 99.84 
9 0.32 93.69 0.02 99.86 
10 0.22 93.91 0.01 99.87 
11 0.24 94.15 0.00 99.87 
12 0.24 94.39 0.01 99.88 
13 0.25 94.64 0.01 99.88 
14 0.22 94.86 0.01 99.89 
15 0.23 95.09 0.01 99.89 

Table 3.4: Percent Spectral Variance Captured by PLS Models 
form-Xylene. 
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Near-Infrared Raman 
Latent This Latent Total This Latent Total 

Variable Variable Variable 
1 88.30 88.30 87.71 87.71 
2 1.45 89.75 8.56 96.27 
3 1.50 91.25 2.00 98.26 
4 0.84 92.09 1.47 99.73 
5 0.45 92.54 0.07 99.80 
6 0.25 92.79 0.01 99.81 
7 0.27 93.06 0.02 99.83 
8 0.26 93.31 0.01 99.84 
9 0.32 93.63 0.01 99.86 
10 0.26 93.90 0.01 99.87 
11 0.26 94.15 0.01 99.87 
12 0.23 94.39 0.01 99.88 
13 0.25 94.64 0.00 99.88 
14 0.21 94.85 0.00 99.89 
15 0.21 95.07 0.00 99.89 

Table 3.5: Percent Spectral Variance Captured by PLS Models 
for p-Xylene. 
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noise level was approximately 0.3%. This is significantly higher than the 

0.02% spectral variance captured at the noise level for the Raman method. 

This difference can be attributed to the lower detector read noise of the 

Raman charge coupled device (CCD) detector versus the higher noise level 

of the photodiode array (PDA) near-infrared detector. In addition, Figure 

3 .12 illustrates the Raman model capturing more spectral variance per 

latent variable when compared to the near-infrared model. This is due to the 

lower degree of spectral overlap of the Raman spectra compared to the near

infrared spectra. For both near-infrared and Raman analysis, the optimal 

number of latent variables was determined to be five for all isomer 

determinations except m-xylene by Raman. Although the PRESS plot for m

xylene by Raman has a minimum at seven latent variables, the percent 

variance captured past five latent variables cannot be distinguished from the 

instrumental noise. This information leads to the choice of five latent 

variables for the m-xylene PLS model using Raman. The choice of five 

latent variables is in agreement with the presence of five known significant 

chemical constituents contained in the mixtures causing spectral variance 

which were determined by the reference gas chromatographic method of 

analysis for the calibration samples. The five constituents of the calibration 
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samples were o-xylene, m-xylene, p-xylene, ethylbenzene and isopropyl-

benzene. For this study, only ortho-, meta- and para-xylene isomers were 

chosen for quantitative analysis. 

In order to determine the predictive ability of the final regression 

models, two methods of internal cross-validation, ''venetian blinds" and 

"leave one out" were employed. The tabulated results are given in Tables 3.6 

-3.8. 

Near-Infrared Raman 
Venetian Blinds 0.14 0.05 
Standard Error of Calibration 0.02 0.03 
Leave one out 0.02 0.04 

Table 3.6: Root Mean Squared Error of Internal Cross Validations of 
PLS Models foro-Xylene. 

Near-Infrared Raman 
Venetian Blinds 0.38 0.03 
Standard Error of Calibration 0.05 0.02 
Leave one out 0.06 0.02 

Table 3. 7: Root Mean Squared Error of Internal Cross Validations of 
PLS Models form-Xylene. 



Near-Infrared Raman 
Venetian Blinds 0.28 0.04 
Standard Error of Calibration 0.04 0.03 
Leave one out 0.05 0.04 

Table 3.8: Root Mean Squared Error of Internal Cross Validations of 
PLS Models for p-Xylene. 
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Using the "venetian blinds" method, every other calibration sample was 

excluded from the original data set. A model was then constructed using the 

remaining samples. The residual error determined by the difference between 

the predicted and reference concentration values of the excluded samples was 

then determined. This process was repeated by reordering the data set 

randomly a total of 15 times. The root mean square error of cross-validation 

using this method represents a worst case scenario where the number of 

standards used for the model building process is severely limited. Using the 

"leave one out" method, each calibration sample is excluded once from the 

original data set. The model was then constructed using the remaining 

samples. This procedure was repeated until every sample was excluded one 

time. Each time a new model was constructed and the residual error 

calculated for the excluded samples. This represents the most probable 

scenario in which an adequate calibration data set was used to construct the 
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model. The results of the root mean square error of calibration for the two 

methods of internal cross-validation were compared with the standard error 

of calibration when no samples were excluded from the model. Ideally, these 

values would all be equivalent in a perfect model (i.e. a perfect world). It can 

be seen by the comparison of the cross validation errors that the near-infrared 

method is likely to be unstable when the original data set is significantly 

reduced, as in the "venetian blinds" method of cross-validation. The Raman 

method, in comparison, seems to be more robust in terms of sample 

population instability. Again, this can be attributed to increased spectral 

variance (less overlap) ofthe Raman spectra. 

Using Equation 3.1, the absolute error at 95% confidence was 

calculated for the respective concentration ranges of the xylene isomers 

examined. 

Absolute error at 95% confidence = t x SECx .J1- D2 (3 .1) 

Where, t = Student's t statistic at n-k-1 degrees of freedom 
n = Number of standard calibration samples 
k = Number of latent variables retained in the model 
D = Mahalanobis distance statistic 
SEC = Standard error of calibration 
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The results of the direct comparison of near-infrared and Raman 

spectroscopic techniques utilizing solid state detection for absolute error are 

given in Table 3.9. 

Near-Infrared Raman 
Ortho ±0.05 ±0.08 
Meta ±0.12 ±0.04 
Para ±0.09 ±0.07 

Table 3.9: Absolute Error (%w/v) at 95% Confidence ofPLS Models 

The near-infrared method appears to be slightly more accurate at 

higher constituent concentration values (ortho-xylene) and the Raman 

method more accurate at lower constituent concentration values (meta and 

para-xylene). This observation can be explained by the concentration range 

resulting in linear response of the respective instrumental systems used for 

this study. Due to the low molar absorptivities of compounds typically found 

in the near-infrared region, the linear response is extended into the high 

concentration range for the near-infrared method. In fact, this is one of the 

attractive attributes of near-infrared analysis for industrial process monitoring 
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applications. The low molar absorptivities allow for relatively long sample 

cell pathlengths to be used, facilitating ease of sampling. In addition, low 

molar absorptivities also enable analysis of highly concentrated solutions 

with little or no sample preparation. The high Raman cross-section of the 

compounds used for this study causes the linear response to be limited to the 

lower concentration range. Deviation of linear response will result in models 

of linear approximations rather that pure linear models, resulting m 

predictive errors in the regions of deviation from linear response. 

Conclusion 

This study has demonstrated the utility of solid-state instrumental 

design for industrial process monitoring. Both methods utilizing no moving 

parts spectrometer design show excellent absolute error for the analysis of 

the individual components of xylene isomer mixtures with either method 

being appropriate for industrial raw material analysis. The ultimate choice of 

method would be determined by the desired investment cost of the 

instrument which is significantly less for the near-infrared system. The cost 

in parts for the near-infrared instrument is approximately half that of the 

Raman instrument. In addition, in an industrial process monitoring 
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environment, the ruggedness of the near-infrared system may prove to be a 

significant advantage. In order to overcome instrumental problems 

associated with moving parts such as optical misalignment and/or mechanical 

breakdown, we have developed two solid-state, no moving parts 

spectrometers applicable for industrial process monitoring analysis. The first 

instrument utilizes near-infrared absorbance spectroscopy with a 1024 

element platinum-silicide linear photodiode array detector and the other 

Raman scattering spectroscopy with a 1024 x 1024 element CCD detector. 

In order to demonstrate the utility of solid-state instrumentation for industrial 

process monitoring analysis, both instruments were used for the simultaneous 

quantitative analysis of individual components of xylene isomer mixtures. In 

order to reflect compositions of xylene raw materials used by specialty 

chemical manufacturers, the xylene isomer mixture samples prepared for this 

study contained approximately 75-86, 0.6-5 and 0.1-14% w/v ortho-, meta

and para-xylene respectively. Each spectroscopic system provides a means 

for fast (seconds), non-destructive data acquisition with no sample 

preparation. Using the chemometric data treatment of partial least squares 

(PLS) regression, the absolute errors at 95% confidence for each isomer were 

found to be± 0.05, ± 0.12 and± 0.09% w/v using near-infrared spectroscopy 
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and± 0.08, ± 0.04 and ±0.07% w/v using Raman spectroscopy for ortho-, 

meta- and para-xylene respectively. 



Chapter4 

Near-Infrared Classification Analysis for Specially 
Denatured Alcohol Mixtures 

Introduction 
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In the United States, the Department of Alcohol, Tobacco and 

Firearms (A TF) is responsible for enforcement of federal tax regulations 

governing the manufacture and sale of ethanol. Depending upon the end use, 

ethanol can be sold in its pure form (200 proof) or as a specially denatured 

alcohol (SDA) with the appropriate tax code applied. To ensure that 

manufacturers and end users of these products follow the proper federal tax 

regulations, the A TF may periodically sample and analyze the contents of 

storage containers to make certain of their identity. 

A compound designated as an SDA must contain a particular 

adulterant at a specific concentration making it unsuitable for human 

consumption (4.1). Typically, the adulterants are low molecular weight 

compounds similar in volatility to ethanol such as methanol, acetone or 

toluene. The type and amount of adulterant is specified by designated A TF 
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SDA codes. Some common SDA codes and corresponding formulations are 

listed in Table 4.1. 

SDACode Adulterant Percent Volume 
Adulterant (%v/v) 

3A Methanol 5.0 

3C Isopropanol 5.0 

12A Toluene 5.0 

23A Acetone 8.0 

40C t-Butanol 3.0 

32 Diethyl Ether 5.0 

29-5 Ethyl Acetate 1.0 

Table 4.1: A TF SDA Formulations 

In order to verify the contents of SDA labeled containers, samples 

must be taken and appropriately analyzed. This requires that the sample be 

transported to an A TF approved testing laboratory for analysis typically by 

GC/MS. The total analysis time including sample preparation can range 

from 30 minutes to an hour. Given the large number of manufacturers and 
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users of SDA products, the amount of time and money spent upon these 

analyses can become extensive. 

The goal of this study is to show the utility of the solid-state near

infrared spectrometer for these types of analyses. The advantages of the 

solid-state spectrometer design make it ideally suited for screening of alcohol 

mixture samples for qualitative classification analysis required by the A TF. 

The fast, rugged, no-moving parts design of the solid-state near-infrared 

spectrometer makes it an excellent candidate for portable instrumentation. 

Coupled with fiber optic design, the instrument could be used as an in-line 

dedicated instrument for continuous monitoring. The near-infrared method 

does not require sample preparation allowing for significant reduction in 

analysis time in addition to reduced costs associated with verification 

screening analysis ofSDA's. 

Experimental 

Near-Infrared Analysis The near-infrared spectrometer described 

in Chapter 1 was used for this study with no modifications. The wavelength 

range used for this study was 1100 - 1360 nm . The lower end of this 

wavelength range corresponds to absorbance of the C-H overtones with the 

upper wavelength region corresponding to the 0-H overtones. 
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Sample Preparation Two sets of samples, a reference and 

validation set, were prepared for this study. The sample mixtures were 

volumetrically prepared from reagent grade alcohols without further 

purification. The percent volume concentrations of the reference and 

validation sample sets are given in Table 4.2. The concentrations of the 

samples were chosen so samples belonging to the same classification (SDA 

Code) would have the same type of adulterant but at different concentration 

levels. The concentrations of adulterants used for the prepared samples were 

0.5% above, equal and 0.5% below the specified SDA code formulation 

concentration. In addition, samples were prepared that did not conform to 

established SDA code formulations. This was done to test the method's 

ability to identify and classify samples that were not part of the training 

reference set. After preparation, the samples were stored at room 

temperature in glass bottles until analyzed. The reference sample set was 

analyzed frrst followed by the validation sample set a week later. 

Data Treatment All sample absorbance spectra were baseline 

corrected before data analysis using K-means Cluster Analysis (CA). The 

method of CA first uses PCA to identify pairs of loadings and scores 
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Sample Adulterant SDACade o/ovlv Sample Aulterant SDACade o/ovlv 
1 None 200 Proof 28 Methanal 3A 4.5 
2 Water N/A 3.6 29 Ethyl Ether 32 5 
3 Methanal 3A 5.5 30 Water N/A 0.1 
4 Water N/A 0.2 31 Ethyl Acetate 29-5 1.5 
5 Ethyl Acetate 29-5 1 32 Acetone 23A 8 
6 Acetone 23A 8.5 33 Ethyl Ether 32 5.5 
7 Isopropanol 3C 5 34 n-Propanal N/A 5.5 
8 Water N/A 1.2 35 None 200 Proof 100 
9 None 200 Proof 100 36 Chloroform N/A 3 
10 Toluene 12A 4.5 37 Trichlaroethlyene N/A 3 
11 Ethyl Acetate 29-5 0.5 38 Dioxane N/A 3 
12 Isopropanol 3C 4.5 39 lsaprapylbenzene N/A 5 
13 Water N/A 2.4 40 a-Xylene N/A 5 
14 t-Butanol 40C 2.5 41 m-Xylene N/A 5 
15 Toluene 12A 5.5 42 p-Xylene N/A 5 
16 Isopropanol 3C 5.5 43 Ethylbenzene N/A 5 
17 Water N/A 0.6 44 None 200 Proof 100 
18 t-Butanol 40C 3 45 Isopropanol 3C 5.5 
19 n-Prapanol N/A 4.5 46 Ethyl Ether 32 5.5 
20 Ethyl Ether 32 4.5 47 n-Prapanal N/A 5.5 
21 Acetone 23A 7.5 48 Acetone 23A 8.5 
22 t-Butanol 40C 3.5 49 Toluene 12A 4.5 
23 Toluene 12A 5 50 Water N/A 3.6 
24 n-Propanal N/A 5 51 t-Butanal 40C 2.5 
25 Methanol 3A 5 52 Methanal 3A 5.5 
26 Water N/A 0.3 53 Ethyl Acetate 29-5 0.5 
27 None 200 Proof 100 

Table 4.2: Reference (1-35) and Validation (36-53) Sample Compositions 
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(principal components) from within the data set. Once the principal 

components (PC's) had been determined, they were plotted in multivariate 

space with the major axes being the PC's. Samples with similar PC values 

tend to cluster together into groupings. The mean coordinate values of the 

space occupied by each group are calculated and used to identify the location 

of the individual cluster centers in multivariate space. These centers are then 

used to gauge the distances of separation between groups or clusters. The 

distance of separation can be used to judge the relative similarity between 

groups. Since it is impossible to physically plot using more than three 

dimensions, the data are presented as a dendrogram with the relative 

separation distance between groups given by the length of the horizontal 

lines of the dendrogram. In order to test the validity of the results, the CA 

model was first constructed using the reference sample set. This model was 

then used to predict the classification of the validation sample set. 

Results and Discussion 

The ultimate goal of this study was to be able to correctly classify 

samples into their respective groups using the solid-state near-infrared 

spectrometer. The dendrogram shown in Figure 4.1 shows the results of the 

CA classification ofthe reference sample set using a minimum of six PC's 
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Dendrogram Using Mean-Centering and Distance on 6 PCs 
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Figure 4.1: Reference Set Dendrogram 
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retained in the model. To ensure that overfitting of the model does not 

occur, the number of PC's retained in the model must not exceed the PC 

limit (4.2) given by Equation 4.1. 

PC Limit = (Number of Samples- Number ofGroups)/3 (4.1) 

For the reference model, the calculated upper PC limit was eight. It 

was found that correct classification of all reference samples could be 

accomplished using a minimum of four PC's. This means that the number of 

PC's that can be used falls in the range from 4 to 8 PC's. In order to guard 

against underfitting as well as overfitting the data, the initial choice for the 

number ofPC's to retain was at the center ofthe range. Thus, using six PC's 

did not violate the upper PC limit indicating that the data has not been 

overfitted. In addition, examination of the percent spectral variance captured 

by the CA model per PC in Table 4.3 shows that at six PC's the percent 

variance captured is 0.38%. This is well above the noise level of the system 

at approximately 0.02%. Therefore, the model is not fitting the data to the 

noise response ofthe system. 
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Principal Percent Variance Captured Percent Variance Captured 

Component (PC) This PC Total 

1 70.46 70.46 

2 18.83 89.29 

3 5.18 94.47 

4 3.31 97.79 

5 0.93 98.71 

6 0.38 99.09 

7 0.36 99.45 

8 0.17 99.62 

9 0.14 99.75 

10 0.07 99.83 

11 0.03 99.86 

12 0.02 99.88 

13 0.01 99.89 

14 0.01 99.90 

15 0.01 99.91 

16 0.01 99.91 

17 0.01 99.92 

18 0.01 99.93 

19 0.01 99.93 

20 0.01 99.94 

Table 4.3: Percent Spectral Variance Captured by CA Model for the 
Reference Sample Set 



145 

In order to test the prediction ability of the CA model, the validation 

sample set was analyzed by the near-infrared method with the reference 

sample set CA model applied to the results. To simulate the testing of real 

world samples, the model was applied to each validation sample separately. 

First, the validation sample spectrum was added to the pool of reference 

sample spectra used to build the original CA model. This was followed by 

the calculation of a new CA model. The original reference model was then 

used for the next validation sample CA analysis. This process was repeated 

for each validation sample. In this way, the same number of PC's was 

applied for each CA analysis. For this study the number of PC's used for 

both the reference and validation CA analyses was six. This is important 

since in a real world situation, the number ofPC's used for the analysis of an 

unknown must be the same as the number used for the reference set. 

Comparison of Tables 4.3 and 4.4 shows the effect on the CA model 

of adding one validation sample to the reference sample set. The difference 

in the total percent spectral variance captured was minimal (99 .09% 

reference vs. 99.19% reference + one validation sample). The cumulative 

dendrogram is shown in Figure 4.2 for all of the individual validation 

samples in comparison to the reference sample set classification. For all 

cases, each of the validation samples was classified into the correct group. 
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Principal Percent Variance Captured Percent V arianc~ Captured 

Component (PC) This PC Total 

1 64.18 64.18 

2 23.85 88.03 

3 5.49 93.52 

4 3.75 97.27 

5 1.26 98.53 

6 0.66 99.19 

7 0.26 99.45 

8 0.19 99.63 

9 0.12 99.75 

10 0.09 99.84 

11 0.04 99.88 

12 0.02 99.90 

13 0.01 99.91 

14 0.01 99.92 

15 0.01 99.93 

16 0.01 99.93 

17 0.01 99.94 

18 0.01 99.94 

19 0.01 99.95 

20 0.01 99.95 

Table 4.4: Percent Spectral Variance Captured by CA Model for the 
Reference Sample Set + One Validation Sample 
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Conclusion 

The solid-state near-infrared spectrometer utilizing a 1024 element 

PtSi PDA detector was successfully used to classify SDA mixtures based 

upon the subtle differences between spectra. The spectroscopic system 

provided a means for fast, nondestructive data acquisition with no sample 

preparation. The no moving parts solid-state design of the spectrometer 

coupled with the possibility of fiber-optic sampling makes it ideally suited 

for the application of routinely screening of SDA samples by the A TF. 

Using the chemometric data treatment of K-means CA, 53 mixtures were 

correctly identified into their respective categories. 
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Chapter 5 

Future Directions 

System Improvements 

Using optical components recently acquired by our research group, 

several improvements could be made to the current solid-state near-infrared 

spectrometer. These improvements would enhance the system performance 

by increasing resolution, increasing spectral range and decreasing stray light. 

Increased resolution (spectral bandpass) could be accomplished by 

replacing the current 50 ~entrance slit with a 19 f..liil slit. The 19 f.LII1 slit 

would accommodate the L .3 magnification factor of the spectrograph 

allowing for a 25 J.Lm slit image at each of the 25 JliD. wide photodiodes along 

the detector focal plane. This configuration would theoretically produce 0.25 

nm resolution compared to 1.5 nm using the currently installed 300 gr/mm 

plane reflectance ruled grating. In order to compensate for loss of optical 

throughput using the 19 ~ entrance slit, the source intensity could be 

increased by adjustment of the trimpot control on the variable source circuit. 

To increase the spectral range ofthis system, the 19 f.LII1 slit could be 

coupled with a 68 grimm plane reflectance ruled grating blazed for peak 

efficiency at 2000 nm. Incorporation of this grating would allow for a 
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spectral range of ll 00 run with a resolution of l.l run (FWHM). The 

improved spectral range realized by this design would overcome the 

significant limitation of having only 250 run spectral range with the current 

system. The improvement in spectral range would allow for over 70% of the 

near-infrared region to be acquired in a single data acquisition scan. This 

represents a four-fold improvement in spectral range, thus increasing the 

amount of spectral information available for analysis. The increase in 

spectral range in combination with the PtSi PDA detection response region 

gives rise to the situation of acquiring spectra that are composites of 

overlapping spectral orders. The realization of spectra containing 

overlapping orders will be discussed further in the next section describing 

future studies. 

The stray light of the near-infrared spectrometer could be further 

reduced by eliminating some of the optics currently used. The near-infrared 

system design used for the studies described in this manuscript was out of 

necessity constructed from a variety of partial systems. Thus, in order to 

couple these partial systems together into a working spectrometer a total of 8 

gold plated mirrors and 2 calcium fluoride lenses were used. The design of 

the optical train could be modified to incorporate only one mirror and 4 
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calcium fluoride lenses. This design, shown in Figure 5.1, combines the use 

of one mirror and 4 calcium fluoride lenses with a concave holographic 

grating. 

Off-Axis 
Paraboloid 
Mirror 

Tungsten 
Source 

CaF2 
Lenses 

Sample 
Cell 

Figure 5.1: Improved Optical Train Design 

CaF2 
Lenses 

Concave 
Holographic 
Grating 

1024 
Element 
PtSi PDA 

The overall flexibility of the system in terms of the types of samples 

analyzed could be accomplished in several ways. The commercial 

availability of inexpensive fiber optics that transmit in the near-infrared 

makes their incorporation into the spectrometer design appealing. The 

addition of a fiber optic sampling probe would allow for direct sampling of a 
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reaction vessel throughout the course of the reaction. Thus, bench scale 

organic reactions could be monitored directly for determination of reaction 

parameters of interest. The analysis of solids using the solid-state near

infrared spectrometer could be realized with addition of a total reflection 

integration sphere or A TR platform, both of which are commercially 

available. 

The dependence of the PtSi PDA detector on either thermoelectric or 

cryogenic cooling to lower dark response is a feature of the current 

instrument that is undesirable. The operation of photodiode arrays at room 

temperature would simplify camera design and operational procedures. 

Commercial near-infrared photodiode arrays, such as the InGaAs PDA, 

could replace the PtSi PDA for near-infrared data acquisition at room 

temperature. One of the limitations of the InGaAs PDA is that it has 

restricted spectral range. The InGaAs PDA is also more costly than the PtSi 

PDA. Further developments in the area of near-infrared PDA technology 

may make them more attractive in the future. 

Future Studies 

Spectral Order Overlap As mentioned in the previous section on 

system improvements, incorporating entrance slit and grating design 
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changes will allow for over 70 % of the near-infrared region to be sampled 

per data acquisition. The spectrum obtained using such a system could 

include spectral overlap of higher orders superimposed upon the first order 

spectrum. With the PtSi PDA array response from 900 to 5000 nm~ the 

second order lines will begin at 1800 nm, so the region from 900 to 1800 nm 

is free of higher order overlap. The region from 1800 to 2700 nm will have 

first and second order spectral overlap. The region from 2700 to 3600 nm 

will have first, second and third order overlap. The region from 3600 to 

5000 nm will have first, second, third and fourth order overlap. Therefore, 

depending upon the exact location of the wavelength region of interest used 

for the data acquisition, the spectrum obtained may be a composite of first, 

second and third overtones of the fundamental vibrational infrared transition 

and multiple spectral orders. 

This complication to the original frrst order spectrum may enhance or 

hinder the final data interpretation, whether it is quantitative or qualitative in 

nature. In order to determine the usefulness (or lack thereof) of this 

overlapping spectral information, a study could be conducted utilizing thin 

optical cutoff filters. A germanium filter has a transmission cutoff at 1800 

nm which would make it ideal for this application. A comparative study 

could be accomplished by selectively eliminating higher spectral orders from 
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the composite spectrum. The relative effects on the spectral data treatment 

could be compared with and without inclusion of higher order overlap 

information. As is the case with many near-infrared spectroscopic analyses, 

the incorporation of multivariate data treatment for either quantitative or 

qualitative analysis would be employed. 

Reaction Monitoring The low molar absorptivities typical of 

organic compounds analyzed by near-infrared spectroscopy allow for long 

pathlength sample cells to be used as reaction vessels during spectroscopic 

measurements of reaction processes. These relatively large sample cells 

accommodate agitation devices that ensure proper mixing of samples 

throughout the course of a reaction. Figure 5.2 illustrates the design of a 

simple agitation device for use with the solid-state near-infrared 

spectrometer. 

Figure 5.2: Teflon Agitator and Sample Cell 
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The teflon mixing blade ensures that there are no interfering reactions 

between the agitator and chemical reagent in the sample cell. The functional 

group information of the near-infrared region can be exploited to monitor a 

single wavelength of interest that is descriptive of the reaction being studied. 

The 41 msec integration time for a single spectral data acquisition of the PtSi 

PDA makes it a useful tool for many reaction studies. Although the PDA 

readout rate does not allow for the study of reactions that take place on the 

sub-msec time scale, it can be effective for slower reactions. 

The solid-state near-infrared spectrometer was used to monitor the 

reaction between triisopropylchlorosilane (TICS) and methanol (MeOH) in a 

l 0 mm quartz sample cell. Although each data acquisition was a complete 

readout of the 1024 element array spanning 250 nm, only pixel number 462 

(1411 nm) was monitored for data analysis. The chosen wavelength at 1411 

nm corresponds to the overtone absorption band of 0-H. The use of only 

one wavelength for data analysis was necessitated by the current limitation 

of computing power of the PC. The reaction between TICS and MeOH has 

been well studied ( 5.1 - 5.4 ) due to the useful attributes of the bulky 

triisopropyl group acting as an effective protecting group for many organic 

reacitons. In the absence of an acid acceptor such a pyridine, the reverse 
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reaction takes place, establishing an equilibrium. The reaction scheme 1s 

given below: 

((CH3)2CH)3SiOCH3 + HCl 

The results of the data acquisitions at varying concentrations of 

methanol (Table 5.1) are shown in Figure 5.3 as a function ofPDA voltage 

vs. time. 

Plot Concentration MeOH Molar Ratio 

(M) (MeOH!TICS) 

A 0.06 0.01 

8 0.2 0.04 

c 0.5 0.1 

Table 5.1: Concentrations and Molar Ratios for Reaction Monitoring Plots 
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A reduction in voltage corresponds to less light impinging upon the 

detector element due to absorption. The region of the plot for reaction (A) 

from approximately t = 0 to t = 10 seconds shows the voltage level measured 

when the sample cell contains 2 ml TICS with the agitator on. At 

approximately t = 12 seconds, 40 1-11 methanol was quickly injected into the 

TICS using a microsyringe. To determine the length of mixing time 

necessary to achieve a homogeneous solution, a separate unreactive mixture 

sample solution was examined. It was determined that the time necessary to 

achieve this was approximately 0.5 seconds. Thus, the positive sloping 

region from the absorption minimum to t = 18 seconds is due to consumption 

of MeOH by the reaction. As the reaction continues, the effects of the 

reverse reaction are evident until a steady state equilibrium is reached at 

approximately 70 seconds. Comparison of the individual reaction plots 

reveals that effective reaction monitoring is limited to MeOH concentration 

levels greater than 0.1 M using this technique. 

This preliminary study shows how the solid-state near-infrared 

spectrometer can be used to determine the extent of a reaction. The ability to 

measure analyte concentration levels down to approximately O.l M can be 

applied to industrial reaction processes where high concentration reactants 

are common. Furthermore, the information desired for many industrial 
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applications of reaction monitoring concerns the point at which a reaction 

has stopped or reached a state of equilibrium. By being able to determine 

such points, the correct time for further reagent additions or quenching 

agents will be known. This information would allow greater effective 

reactor vessel utilization in an industrial production environment. This 

technique would also be a valuable method for bench process development 

as well as pilot plant scale-up studies conducted for industrial research and 

development. 

The solid-state near-infrared spectrometer grating used for this 

preliminary study limited the spectral range to 250 run. With the 

improvements to the system discussed in the previous section, an 1100 run 

spectral range could be achieved which would allow for simultaneous 

multifunctional reaction monitoring. In addition, added computing power 

would make possible the application of the full spectrum multivariate 

analysis method of EF A, thereby maximizing the amount of useful 

information obtained from reaction monitoring analysis. 

Another aspect ofEFA reaction monitoring concerns its application as 

a quantitative and qualitative tool for mixture analysis similar in nature to 

separation techniques such as gas chromatography (GC). Whereas GC is a 

time resolved interaction between analyte and stationary phase, EFA is a 
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time resolved reaction between analyte and excess reagent. Due to the 

different reaction rates of chemical species, each species will form a unique 

set of eigenvalues upon sequential singular value decomposition. The 

appearance or disappearance of the eigenvalues at different times along the 

reaction coordinate corresponds to formation or consumption of analytes in 

the reaction mixture. By performing a forward and reverse EF A analysis and 

superimposing the resulting plots, the areas under the overlapped peaks are 

proportional to the relative concentrations of the analytes reacting at that 

time. This technique could be used for the quantitative analysis of alcohol 

mixtures by reaction with TICS (or some other reactive chlorosilane 

derivative) resulting in a time resolved plot of concentration profiles. The 

methods of internal standards or standard additions could also be applied if 

absolute rather than relative concentration results are desired. The 

calculation intensive nature of this technique would require upgrading the 

computing power of the current system. 
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