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ABSTRACT 

Imaging spectroscopy combines the spatial discrimination of imaging techniques with 

the chemical information of spectroscopy to form a powerful tool for the study of 

chemically heterogeneous systems. This work describes the in situ qualitative and 

quantitative analysis of contaminant transport flow cells and of high-performance thin-

layer chromatography (HPTLC) plates by near-infrared imaging spectroscopy. 

A solid-state, near-infrared imaging spectrometer was constructed for these studies. 

The spectrometer utilized an imaging quality acousto-optic tunable filter for wavelength 

selection over the 1.3-2.3 jj. range and a cryogenically cooled, 240 x 324 pixel platinum 

silicide camera for detection. Samples were analyzed by either diffuse reflectance or 

diffuse transmittance using a 250 W quartz-tungsten-halogen lamp for sample 

illumination. 

The first series of investigations focused on the analysis of laboratory-scale flow 

cells, which are used to study the transport of non-aqueous phase liquid (NAPL) 

contaminants in the soil and groundwater. Current detection systems used for determining 

NAPL distribution are incapable of distinguishing between chemical components in 

NAPL mixtures, limiting flow cell experiments to the study of simple systems. This 

research utilized the near-infi-ared imaging spectrometer and multivariate calibration 

techniques to quantitatively determine the concentrations of individual constituents in 

binary NAPL mixtures within vadose zone and aquifer models. The vadose zone 

calibration data was used to determine the spatial distribution of each NAPL constituent 
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in situ during a dynamic, multi-component flow cell experiment that modeled the 

remediation of NAPL contaminated soil. This technique, the first to quantitatively 

determine the in situ distribution of the individual NAPL phase constituents, represents 

the state of the art in detection for contaminant transport flow cells. 

The second series of investigations focused on analysis of samples on HPTLC plates. 

Conventional systems require visualization techniques to detect compounds lacking a 

chromophore or fluorophore. This research utilized the near-infrared imaging 

spectrometer as a non-destructive detection technique to provide qualitative and 

quantitative information for caffeine samples on HPTLC plates. Both diffuse reflectance 

and diffuse transmittance measurements provided detection limits of several micrograms. 

The caffeine spectrum was clearly distinguishable down to 25 \ig using a diffuse 

reflectance geometry with a mirrored backing applied to the HPTLC plate. 
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1 INTRODUCTION 

1.1 Imaging Spectroscopy 

Imaging spectroscopy combines the spatial discrimination of imaging techniques with 

the chemical information of spectroscopy to form a powerful tool for the study of 

chemically heterogeneous samples. Originally, imaging spectroscopy was developed for 

airborne or spacebome remote earth sensing,^ but recent technological developments 

have spurred the application of imaging spectroscopy in the chemical, biological and 

material sciences. Such studies include the histopathological characterization of human 

breast tissue,^ visualization of polymer blends,^' ̂  document authentication,'^ visualization 

of pharmaceutical formulations,^ and the in vivo determination of biomedical parameters, 

such as the percent oxygen saturation of hemoglobin.^'^ 

1.1.1 Terminology 

Imaging spectroscopy is often referred to "multi-spectral imaging" or "hyper-spectral 

imaging" in the literature. These terms come from the field of remote earth sensing and 

are used to describe nuances in imaging spectroscopy. Multi-spectral imaging was first 

used to describe the data collected by the multi-spectral sensor (MSS) onboard the 

satellite LandSat 1. The MSS recorded images of the earth at four discontinuous spectral 

bands, one green, one red and two in the infrared. Hyper-spectral imaging was used to 

describe the next generation imaging spectrometers, like the advanced visible and 
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infrared imaging spectrometer (AVIRIS)^ which collects data over 224 contiguous 

wavelength channels between 400 and 2500 nm. In the fields of chemistry, biology and 

materials science, the terms imaging spectroscopy, multi-spectral imaging and hyper-

spectral imaging are used somewhat interchangeably. 

1.1.2 Instrumentation 

Imaging spectrometers collect data in the form of an "image cube," which is 

composed of two dimensions of spatial information, x and jv, and one dimension of 

spectral information, 1(1). Two-dimensional array detectors, such as a charge-coupled 

device (CCD), are used to acquire two dimensions of information simultaneously. 

Wavelength dispersive systems based on spectrographs acquire a single spatial 

dimension, x, and the spectral dimension, I(/l), simultaneously and then scan the second 

spatial dimension,;;, to build the image cube (Figure 1.1a). Instruments that 

simultaneously acquire the x and y dimensions and scan the spectral dimension, I(/l), to 

build the image cube (Figure 1.1b) are referred to as imaging systems. Imaging systems 

utilize a variety of wavelength selection devices including bandpass filters, Fourier 

transform techniques and electronically tunable filters such as the liquid crystal tunable 

fiilter and the acousto-optic tunable filter. 
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AT (A.) M X )  

(a) (b) 

Figure 1.1 Image cubes created by (a) wavelength dispersive techniques and (b) 
imaging techniques. 

It should be noted that "chemical mapping," often employed in infrared and Raman 

microscopy, is another method for acquiring an image cube. Chemical mapping systems 

acquire spectral information, I(/l), for a single x,y coordinate and then scan the sample in 

the X and y directions to build an image cube. However, chemical mapping techniques are 

not generally referred to as imaging spectroscopy because only one dimension of 

information is recorded at a time. Imaging spectroscopy is faster than chemical mapping 

and generally provides a larger field of view and superior spatial resolution. 

1.1.2.1 Wavelength Dispersive Systems 

Wavelength dispersive systems are based around grating or prism imaging 

spectrographs. Point-to-point replication of the spatial information along the length of the 

entrance slit is retained by imaging spectrographs. Coupled with a two-dimensional array 

detector, one dimension of spatial information (x) and one dimension of spectral 

information (1) can be acquired simultaneously (Figure 1.2). The sample is then 
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translated along the second dimension (y) to build up the image cube. This is sometimes 

referred to as a "push broom" method of acquiring an image cube. Wavelength dispersive 

systems are most commonly employed in remote sensing applications where the 

movement of the aircraft or spacecraft provides the translation in the y direction. 

However, dispersive systems have also been used in chemical applications such as 

Raman microscopy^'' and fluorescence microscopy.'^ 

z^zz^zi zzzzzz o ET 3z-zE ^=======^zzzz=z 

Wavelength 

Sample 

Figure 1.2 Schematic diagram of a wavelength dispersive imaging spectrometer. 

1.1.2.2 Filter Wheel Imaging Systems 

Imaging systems utilize a camera to simultaneously record both dimensions of spatial 

information (x and y), while the spectral information (A) is acquired by scanning a 

wavelength selection device. The simplest method for wavelength selection is a series of 

bandpass filters on a filter wheel. Filter wheel systems are suitable for applications in 

FPA 

Imaging 
Spccti'ourapli 
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which relatively low spectral resolution is sufficient and broad tunability is unnecessary. 

Additionally, filter wheel systems are slow and prone to vibrations. 

1.1.2.3 Fourier Transform Imaging Systems 

Following the development of two-dimensional infrared focal plane array (FPA) 

detectors, Fourier transform imaging techniques using a Michelson interferometer have 

been developed and are commercially available. The principles of Fourier transform 

infrared (FTIR) imaging are essentially the same as for single channel FTIR 

spectroscopy. An FPA detector is used in place of the conventional single chaimel (single 

point) detector allowing data to be simultaneously collected from all points over the full 

field of view. The interferometer is operated in step-scan mode, which scans in discreet 

increments. Each step of the interferometer corresponds to a single point on the 

interferogram. In this way, the interferometer can be held at a specific retardation (5) 

while the FPA co-adds enough image frames to achieve adequate signal-to-noise (S/N). 

The interferometer is then stepped to the next retardation where the process is repeated 

and the interferogram is built up point-by-point for each pixel of the array detector.'^ The 

result is an interferogram cube like the one depicted in Figure 1.3. Standard Fourier 

transform techniques can then be use to transform the data into a spectral image cube. 
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Figure 1.3 Interferogram cube acquired by Fourier transform infrared imaging. 

1.1.2.4 Liquid Crystal Tunable Filter Imaging Systems 

The liquid crystal tunable filter (LCTF) is a solid-state, polarization interference filter 

that is electronically tunable over hundreds of nanometers in the 400-1800 nm spectral 

range. LCTFs are composed of several stages, with each stage consisting of two 

retarders, one a birefringent crystal and one a liquid crystal cell, in series between two 

aligned polarizers. Retarders are birefnngent materials that are used to alter the 

polarization state of light. Since the liquid crystal molecules exist in an ordered state, they 

exhibit birefringence similar to that of uniaxial crystals. Linearly polarized light incident 

on a retarder is split into two orthogonally polarized beams, the ordinary beam and the 

extraordinary beam. The propagation speeds of the two beams are different and they 

emerge from the retarder with a relative phase delay, called the retardance (F). The 

retardance of the liquid crystal cell is tunable by varjdng the applied voltage across the 

cell, which changes the orientation of the liquid crystal molecules. 

The light transmitted through the retarders is analyzed with the second polarizer to 

produce a spectrally periodic transmission given by: 
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T{A)= COS 'M^ lc  +^BC)  
/I 

Equation 1.1 

where T is the transmittance of a single stage, X is the wavelength of light and Tic and 

rBc are the retardances of the liquid crystal and the birefringent crystal, respectively. To 

achieve high spectral resolution and a broad tunable range, LCTFs consist of several 

stages in series, with each stage having twice the retardance of the previous stage. Each 

stage transmits different regions of the spectrum and the combined result is that only a 

narrow bandwidth of light is transmitted through the filter as shown in Figure 1.4. The 

wavelength of the passband is tuned by changing the retardance of the liquid crystal cell 

(Fic) according to Equation 1.1. 

i 

Stage 6 

Stage 5 

Stage 4 

Stage 3 

Stage 2 

Stage 1 

Combined 

Wavelength 

Figure 1.4 Transmission of each stage of a six stage liquid crystal tunable filter (vertical 
offset added for clarity) and the resulting combined filter output. 
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1.1.2.5 Acousto-optic Tunable Filter Imaging Systems 

The acousto-optic tunable filters (AOTF) are solid-state, electronically tunable filters 

that operate fi-om the ultraviolet (UV) into the mid-infrared spectral region with tunable 

ranges up to one octave.^^ AOTFs are based on the interaction of light with a traveling 

acoustic wave in a birefringent crystal, usually quartz or tellurium dioxide. An acoustic 

(piezoelectric) transducer bonded to the crystal converts a radio-frequency (RP) signal to 

a pressure wave in the crystal medium. The pressure wave causes compression and 

rarefaction of the crystal medium resulting in regions of relatively higher and lower 

refractive index. The result is essentially a three-dimensional, moving diffraction grating 

within the crystal medium. The AOTF acts more like a filter than a diffraction grating 

because of the extended interaction length between the light and the acoustic wave and 

the fact that the grating is moving in real time.^"^ A narrow bandwidth of light is diffracted 

from the path of the incident light (zero order) into two orthogonally polarized beams, the 

positive (+) and negative (-) orders as shown in Figure 1.5. One of the diffracted beams 

is then selected by means of an aperture. Tuning of the AOTF is accomplished by 

changing the frequency of the applied RF signal and therefore changing the spacing of 

the moving diffraction grating. The switching speed is on the order of microseconds and 

is limited only by the time needed for the acoustic wave to travel through the crystal 

medium. 

For the research presented here, AOTF-based systems demonstrate several 

advantages over other technologies used for imaging spectroscopy. The fast-switching, 

random access tuning and full field view of AOTFs are better suited to studying dynamic 
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systems than wavelength dispersive systems. AOTFs provide faster switching and a 

broader tunable range than filter wheel systems without moving parts. The field of view 

afforded by AOTFs is much larger than that of Fourier transform systems, which are 

predominately used with infrared microscopes. Finally, AOTFs operate much further into 

the infrared than LCTFs which, at the time of the work presented here, only operated out 

to ~1100 imi. For these reasons, an AOTF-based system was chosen for the research 

presented herein and is described in detail in Chapter 3. 

Acoustic Termination 

Incident 
Light > (+) Diffracted 

Beam 
TeO, 
Crystal 

Aperture 

Traveling 
Acoustic 
Wave Zero Order 

Beam Acoustic Transducers 

(-) Diffracted 
Beam 

Variable RF Source 

Figure 1.5 Schematic diagram of an acousto-optic tunable filter. 

1.2 Non-aqueous Contaminant Transport in the Subsurface 

Many incidents of soil and groundwater pollution begin with the release of an 

essentially immiscible fluid into the subsurface. As a class, these fluids are referred to as 

non-aqueous phase liquids (NAPL). NAPL are subdivided into two main classes, light 
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NAPL (LNAPL) and dense NAPL (DNAPL). LNAPLs are contaminants that are less 

dense than water and largely consist of petroleum products such as oil, gasoline and 

diesel fuel, with BTEX compounds (benzene, toluene, ethylbenzene and xylenes) being 

of particular interest. DNAPLs consist of denser than water compounds and are primarily 

chlorinated hydrocarbons such as trichloroethylene (TCE), tetrachloroethylene (PCE) and 

1,2-dichloroethane (DCE).'^' 

Sources of NAPL contamination include leaking underground storage tanks, ruptured 

pipelines, surface spills, hazardous waste landfills and disposal sites.Once released, the 

NAPL begins a complex path of transport through the subsurface. Initially, the NAPL 

infiltrates the vadose (unsaturated) zone, leaving behind blobs or ganglia not connected to 

the main body of NAPL. Upon reaching the water table, LNAPLs form a floating pool, 

whereas DNAPLs continue downwards until an impermeable layer is reached and a pool 

is formed (Figure 1.6).'^ NAPLs, while essentially immiscible, are slightly soluble in 

water. As groundwater flows past the pools of NAPL, or trapped blobs and ganglia, a 

plume of dissolved NAPL is created. Subsurface contamination by NAPLs poses serious 

long-term environmental and health risks, especially in areas where groundwater is the 

main source of drinking water. Subsurface NAPL can act as a long-term source of both 

vapor phase and groundwater contamination and is often the single most important factor 

limiting remediation efforts. 
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Figure 1.6 Schematic illustration of the migration of dense (TCE) and light (gasoline) 
non-aqueous phase liquids in the subsurface. 

The remediation of NAPL contaminated sites is a costly endeavor. For example, 

consider the case of contamination by petroleum products released by leaking 

underground storage tanks (USTs). According to the EPA, there are approximately 

705,000 USTs nationwide with 418,000 releases confirmed. Cleanup is still required for 

approximately 150,000 of these sites with an average remediation cost each of 

$125,000.^'^ 

Knowledge of the occurrence, quantity and distribution of NAPL in the subsurface is 

critical in risk assessment of contaminated sites and in the design and implementation of 

successful remediation methods. The transport of NAPL in the subsurface is a complex 

problem governed by many factors, including retention in the porous media and mass-

transfer to the aqueous, vapor and soil phases.'^ Numerous theoretical and experimental 

studies have focused on NAPL dissolution and transport in unsaturated and saturated 

porous media and several review articles have been published on the subject. 
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1.2.1 Column Experiments 

A large body of research has been published on NAPL dissolution in laboratory scale 

experiments. Initial studies have been focused on the dissolution of uniform distributions 

of NAPL in homogeneous porous media. Typically, these experiments utilize a column 

packed with uniform sand, soil or glass beads as a one-dimensional model of a subsurface 

system under study. Initially, the NAPL is uniformly distributed throughout the column at 

"residual" concentration. Residual concentration results from NAPL becoming 

immobilized in the pore spaces of the sand or soil by a complex interplay of capillary, 

gravitational and viscous forces.'^'During the experiment, water or air is uniformly 

passed through the column and the NAPL ganglia slowly dissolve. The concentration of 

dissolved NAPL in the effluent is determined as a function of time, usually by 

chromatographic means. A schematic diagram of a column experiment is depicted in 

Figure 1.7. Research of this type has provided significant contributions to the 

understanding of how local-scale factors such as interfacial mass transfer, size and 

morphology of ganglia and local-scale distribution of ganglia influence NAPL 

dissolution.^"* 
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Figure 1.7 Schematic diagram of a column experiment used to study the dissolution of 
uniformly distributed non-aqueous phase liquid (black) in porous media 
(gray). 

1.2.2 Flow-cell Experiments 

In real saturated systems, large scale factors often cause the aqueous NAPL 

concentrations to be far less than their aqueous solubilities.^"^"^^ Such behavior often may 

be due to limited contact between the advecting water and the NAPL. For example, zones 

of high NAPL saturation have lower relative permeability than surrounding zones, which 

may induce "by-pass" flow where groundwater primarily flows around the NAPL region. 

Similarly, if the NAPL is trapped in a zone of intrinsically low permeability adjacent to 

zones of higher relative permeability, preferential flow around the NAPL zone can 

greatly limit contact between the NAPL and advecting water. NAPL pools are also 
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characterized by low water-NAPL contact. In all of these cases, NAPL dissolution 

primarily occurs at the periphery of the NAPL region resulting in aqueous concentrations 

much less than saturation levels. 

Researchers currently use rectangular flow cells to study the effects of non-uniform 

NAPL distributions and heterogeneous porous media on NAPL dissolution and 

transport.^^'^"^'^^'^^"^^ The rectangular flow cells serve as two-dimensional models of the 

subsurface in which the spatial distribution of NAPL can be observed during 

experiments. These flow cells are often large (on the order of one meter high by two 

meters long and five centimeters thick), built on a steel frame with the front, and 

sometimes back, panels made of glass or Plexiglas. The cells are filled with sand, soil or 

glass beads to mimic the system under study, and often include regions of finer or coarser 

material to model subsurface heterogeneity. Ports and/or wells for input, extraction and 

sampling are also incorporated in the cells. A schematic diagram of a simple flow cell is 

depicted in Figure 1.8. 
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Figure 1.8 Hypothetical flow cell for the investigation of heterogeneous porous media 
under saturated conditions. 

Two-dimensional flow cells have been used in a variety of investigations relating to 

non-uniform NAPL distribution and subsijrface heterogeneity. Oostrom et al.^^' have 

investigated the NAPL distribution resulting from chemical "spills" by introducing 

NAPL to the surface of saturated and unsaturated homogenous porous media in two-

dimensional flow cells. Subsurface heterogeneity is often modeled in two-dimensional 

flow cells by including distinct regions of fine and coarse sand. Illangasekare et al.^^ 

investigated spill behavior in heterogeneous media under both saturated and unsaturated 

conditions by monitoring the NAPL concentration as the spill encountered regions of 

relatively finer and coarser sand. A small-scale flow cell (10x17.8 cm) was employed by 

30 Powers et al. to observe the dissolution process of NAPL trapped in a course sand 

region at high saturation. Brusseau et al.^^' have used flow cells to demonstrate that 

non-uniform NAPL distribution and physical heterogeneity significantly influence the 
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magnitude and location of NAPL dissolution under saturated conditions. A non-uniform 

distribution of NAPL was obtained by creating two discrete zones of residual NAPL 

saturation within a flow cell, one in the same size sand as the bulk and one in finer sand. 

Nelson et al.^^ employed a similar system to investigate the effect of heterogeneity on 

partitioning tracer tests, which are used to measure the amount of NAPL present in a 

contaminated zone. 

1.2.2.1 Determination of NAPL Distribution by Dual Gamma Attenuation 

To achieve spatially resolved quantitative determination of phase saturation (NAPL 

and water, for instance), a dual-energy gamma attenuation technique is usually employed. 

This technique is based on the principle that different materials attenuate gamma 

radiation by different amounts. Gamma attenuation techniques are non-destructive and do 

not disturb the flow field, which allows the in situ determination of fluid saturations. By 

using two gamma sources of differing energy, usually ^"^^Am and two properties of 

the flow cell may be determined simultaneously. Dual-energy gamma systems have been 

used to simultaneously determine:^"^ 

1. The dry bulk density of a porous medium and the volumetric content of one 
fluid phase. 

2. The volumetric content of two fluid phases. 

3. The volumetric water content and the concentration of a dissolved species. 

The two gamma sources are usually arranged collinearly as depicted in Figure 1.9, 

but alternating and bi-directional designs have also been reported.^^ In the collinear 
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design, the gamma sources are held within a lead shield with the '^'Cs source several 

centimeters behind the ^'^'Am source along a common collimator. The scintillation 

detector, usually a sodium iodide scintillator and a photomultiplier tube, is placed on the 

opposite side of the flow cell in a transmission geometry. The detection electronics 

include a discriminator, which provides a means for differentiating gamma photons from 

the two sources. 

Gamma 
Source 

•To Electronics 

Detector Am 
Source Source 

Flow Cell 
(end view) 

Figure 1.9 Configuration of a dual-energy gamma attenuation system. 

The fundamental relation used to describe the attenuation of gamma energy is Beer's 

law. For a multiphase system consisting of soil, water, an organic liquid and air, the 

Beer's law expression is modified to give:^*^ 

Ia -h .e  r[^'saPs{^'<|l)+ t'waPwSw<l> + McaPoSo't']'^ Equation 1.2 
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=: Equation 1.3 

where I is the attenuated gamma intensity, Iq is the initial gamma intensity, // is the 

attenuation coefficient of a substance, yois the density of a substance, ^^is the porosity of 

the soil, S is the fluid saturation; the subscripts s, w, and o represent the soil, water and 

organic phases respectively and the subscripts a and c represent equations for the 

attenuation of the and '^^Cs photons respectively. The attenuation due to the air 

phase is negligible and therefore not included in the above equations. 

The attenuation coefficients (//) are determined in separate experiments by measuring 

the attenuation of each of the pure components in a cell of known path length. Once the 

attenuation coefficients are known, the porosity or the bulk density {pb = and 

the path length ( x )  can be determined by simultaneously solving Equation 1.2 and 

Equation 1.3 when the cell contains soil saturated with a single liquid phase. Once these 

parameters have been determined, NAPL-water experiments can be conducted and 

Equation 1.2 and Equation 1.3 can be solved simultaneously to give the fluid saturation 

for the organic and aqueous phases. 

Each measurement with a dual-energy gamma system samples an area of 

approximately 0.25 to 1 cm^ depending on the design of the system.'^' Spatially 

resolved measurements are achieved by rastering the gamma system across the cell, 

typically sampling at several hundred locations in the regions of interest. However, this 

process is time consuming because long counting times (several minutes) are necessary 

for each measurement to compensate for the relatively low intensity of the ^""Am and 
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sources. Consequently, dual-energy gamma systems can generally only be applied 

to flow cells at near steady-state flow conditions. Utilizations of synchrotron X-ray 

sources have shown improvement over the conventional dual-energy gamma systems by 

• • • 37 • reducmg countmg times to only a few seconds. However, like the dual-energy gamma 

technique, these systems can still only acquire data one point at a time and require 

expensive, specialized facilities. 

1.2.2.2 Determination of NAPL Distribution by Imaging Methods 

Currently, the difficulty in quantitatively determining dynamic fluid saturations is a 

limiting factor in the understanding of transient multi-phase systems.^^' Imaging 

techniques have been investigated as an alternative to the dual gamma system for the 

determination of fluid saturations in dynamic multi-phase flow cell experiments. 

Photographic techniques have been widely employed to provide a qualitative record of 

the phase distributions during transient experiments.29,3i, 32 improve 

visualization, one of the fluid phases is often dyed with a colored and/or fluorescent dye. 

Recently, several papers have been published on the utilization of imaging techniques as 

a quantitative method for determining fluid saturations. The advantage of imaging 

techniques compared with dual-energy gamma systems is the ability to simultaneously 

analyze the entire flow cell with both high temporal and high spatial resolution. Also, like 

gamma attenuation methods, imaging techniques are non-intrusive and will not disturb 

the flow field. 
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Both the intrinsic properties of the fluid phases and phase selective dyes have been 

employed in quantitative imagmg techniques. Tidwell and Glass investigated X-ray and 

visible light transmission through a thin cell (1 cm thick) as a means for determining 

water saturation. Quantitative analysis by X-ray transmission was based on the increase 

in X-ray absorption as the water saturation increased. Visible light detection was based 

on the increase in light transmission resulting from the closer refractive index matching 

as water filled the pore space. Visible images were recorded using an 8-bit video CCD 

camera, and X-ray images were recorded on film, which was developed and subsequently 

imaged with the CCD camera for analysis. Damault et al.^^ determined water saturation 

in an oil-water system with a similar visible light transmission procedure by coloring the 

water phase with FD&C blue #1. hnages were initially recorded to VHS tape with a 

solid-state video camera and later digitized with a frame grabber. Calibration was 

achieved by a linear relationship between pixel hue and water content. It should be noted, 

however, that transmission techniques utilizing visible light are limited to thin flow cells 

containing translucent media. 

Some restrictions of transmission measurements can be overcome by using 

reflectance methods to image the cell. Schincariol et al.'^® utilized black and white 

photography to record the mixing of a dense NaCl solution dyed with Rhodamine WT 

and water in a cell filled with industrial glass beads. The negatives were scanned to 

produce 12-bit digital images, which were used to relate dye intensity to NaCl 

concentration. A reflectance geometry was also employed by Van Geel and Sykes"^' who 

used color slide photography to determine the concentration of an NAPL phase (dyed red 
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with Sudan III) during a simulated spill experiment. Quantitative analysis was performed 

by scanning the slides to 640 x 480 digital grayscale images and using grayscale 

intensities as a measure of NAPL saturation. 

Simultaneous quantitative measurements of water and NAPL saturation have been 

presented by Kechavarzi et al.^^ for two and three fluid phase systems. A multispectral 

imaging technique was employed in which CCD camera and filters were used to record 

images at three different spectral regions. The first two regions, centered at 500 and 760 

nm, were at wavelengths where an NAPL selective dye (Oil RedO) absorbs. The third 

region, centered at 970 nm, corresponded to a water absorbance band. By imaging at 

wavelengths corresponding to NAPL and water absorbance bands and assuming that the 

absorbances are linearly additive, a set of simultaneous equations was defined to 

determine the NAPL and water saturation values. Calibration was achieved by measuring 

the reflected light from sets of NAPL-water, NAPL-air and air-water standards of known 

volume. Fluid saturations were determined during flow cell experiments for the NAPL-

air and water-air two fluid systems and for the three fluid NAPL-water-air system. 

While dual-energy gamma attenuation and the imaging techniques mentioned above 

are useful for determining the spatial distribution of fluid saturation, they lack chemical 

specificity. These techniques are only capable of determining the amounts of two phases 

regardless of the chemical complexity of each phase. Currently, the only measurement of 

the individual constituents of NAPL mixtures is performed on the cell effluent by gas or 

liquid chromatography to quantify the NAPL removed from the cell. 
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Since NAPL spills are often complex mixtures of compounds, as with gasoline for 

instance, there is a growing desire to determine the spatial distributions of individual 

chemical components or target chemicals such BTEX compounds in transient flow cell 

experiments. To be able to distinguish and quantify individual chemical constituents in 

dynamic, multi-component, multi-phase flow cell experiments, a more chemically 

selective detection technique needs to be employed. Chapter 4 of this document describes 

research utilizing a custom-made near-infrared imaging spectrometer for the 

discrimination of individual chemical constituents of an NAPL mixture present in sand. 

Calibration experiments were conducted for unsaturated and saturated aqueous systems. 

The ability of this system to collect spatially resolved constituent concentrations under 

dynamic conditions was also demonstrated by using a flow cell to model the remediation 

of subsurface NAPL contamination with soil vapor extraction. 

1.3 Thin-layer Chromatography 

Thin-layer chromatography (TLC) is a form of liquid chromatography in which a 

sample is applied to a small region of a thin sorbent layer supported by glass, metal or 

plastic. Sorbent layers typically are composed of silica gel, cellulose, alumina, zirconia, 

polyamides or ionic exchange materials. A mobile phase, either a single component or 

multiple components, moves through the stationary phase by capillary action, sometimes 

assisted by gravity or pressure. Separation occurs in the "open bed" with each component 

having the same development time, but differing migration distances. 
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1.3.1 History 

Thin-layer chromatography dates back to 1889 when Beyerinck, a Dutch biologist, 

observed the separation of a hydrochloric/sulfuric acid mixture in a thin layer of gelatin."*^ 

In 1898, Wiisman"^^ further developed the field of TLC by separating amylase mixtures 

on a gelatin layer containing starch and by introducing luminescence as a method for 

detection. Since this initial work, the sorbent layers that have been used in TLC have 

been improved significantly. In 1938, Izmailov and Shraiber'*'' used unbound alumina for 

the separation of several medicinal compounds. A starch binder was incorporated by 

Meinhard and Hall in 1948 to adhere the alumina sorbent layer to a glass plate."^^ In the 

1950s Kichner and colleagues'^^"'^^ were able to apply the conventional ascending 

development procedures of paper chromatography to TLC by adhering the sorbent layer 

to a glass plate with binding compounds. While the work of Kichner et al. became the 

basis for conventional TLC, the real breakthrough came in 1962 when Stahl'*^ published a 

handbook detailing standardization, detection, documentation and applications of TLC. 

Around the same time, the first commercially available, precoated TLC plates were 

introduced by Merck (Darmstadt G.F.R).^° 

The transition of TLC to a modem instrumental technique came in 1975 with the 

introduction of high-performance stationary phase materials. High-performance thin-

layer chromatography (HPTLC) has several advantages over conventional TLC including 

faster separation, better separation efficiency, lower detection limits, lower plate cost per 

sample and less solvent consumption. Nearly all of the advantages of HPTLC compared 

with conventional TLC can be traced to decreasing the particle size and the particle size 
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distribution of the sorbent. A comparison of some parameters for conventional TLC and 

HPTLC is given in Table 1.1. 

Table 1.1 Comparison of conventional TLC and HPTLC^' 

I'aramclcr Conventional TLC HPTLC 

Average particle size (|a.m) 20 5 

Particle size distribution (^m) 60 10 

Effective theoretical plates <600 5000 

Solvent migration distance (cm) 10-15 3-6 

Development time (min) 30-200 3-20 

1.3.2 Basic Principles of Thin-layer Chromatography 

A separation by TLC begins with the placement of a small aliquot of a sample 

mixture near one end of a TLC plate to form the initial zone. When one end of a dry TLC 

plate is immersed in a liquid mobile phase, the liquid is drawn into the stationary phase 

by capillary forces. TLC stationary phases are all microporous solids with high specific 

2 52 surfaces (ranging from 50 to 500 m /g ) and can therefore be considered as a series of 

interconnected capillaries of varying diameter. If a proper mobile phase composition and 

stationary phase have been selected, the components of the analyte mixture will migrate 

at different rates as the mobile phase travels through the stationary phase. Differential 

migration is the result of the relative affinity of each component for the mobile and 

stationary phases. The interactions determining chromatographic retention include 
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hydrogen bonding, charge transfer, ion-ion, ion-dipole and van der Waals interactions.^'^ 

Once the mobile phase has moved an appropriate distance, the TLC plate is removed 

from the mobile phase and allowed to dry. Detection of the separated analytes can then be 

performed by a variety of techniques as discussed in the next section. 

In TLC, the migration distance of an analyte is measured in terms of the retention 

factor, Rf, defined as: 

„ migration distance of the analyte 
Rf =—^ : — ——; Equation 1.4 

migration distance of the mobile phase 

/?/values are employed to measure analyte migration because, theoretically, they are 

independent of solvent front migration distance and development time. Therefore, Rf 

values can be used to identify analytes by comparing their i?/values to those of standards. 

Unfortunately, uncontrolled variations between different separations such as temperature, 

humidity, layer thickness and solvent evaporation reduce the reproducibility of the Rf 

values. To improve the accuracy of analyte identification, sample JR/values are usually 

compared to those of reference samples run on the same plate and therefore under the 

• • 53 same development conditions. 

1.3.3 Detection Techniques for Thin-layer Chromatography 

In the early days of TLC, identification of separated components was performed by 

visually examining the plate and determining the i?/values. This process was 

straightforward for colored components. For colorless components, visualization 

techniques such as natural fluorescence, "quenching" of fluorescence from a phosphor-
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containing sorbent layer, chemical derivatization to produce a colored, fluorescent or 

quenching species, charring and biological activity such as immunostaining have been 

employed. The application of selective visualization techniques has also been used to 

enhance identification of separated components.^'' 

The advent of modem chemical instrumentation has made it possible to perform 

quantitative analysis and sophisticated chemical identification of analytes separated by 

TLC. Modem detection techniques can be divided into ex situ and in situ systems. For ex 

situ detection techniques the sample is scraped or eluted from the TLC plate before 

analysis. Analyte regions that have been removed from the plate, after being extracted, 

filtered and concentrated (if necessary), can then be examined by variety of analytical 

methods including HPLC, GC, FTIR, NMR or MS. In situ techniques detect the 

separated analytes directly on the TLC plate. Some of the more commonly used in situ 

techniques are described in the following sections. 

1.3.3.1 UV/Visible Absorption and Fluorescence 

Fluorescence, "quenching" of fluorescence from a phosphor-containing sorbent layer 

and UV/visible absorption are the most utilized methods for the in situ analysis of 

analytes separated on TLC plates. Molecules lacking an appropriate chromophore or 

fluorophore are derivatized to produce a colored, fluorescent or quenching species. 

The standard instrumentation for quantitative detection is the scanning densitometer. 

A scanning densitometer is a monochromatic, linear scanner consisting of a light source, 

a monochromator and/or filters, a detector and a moveable stage to scan the plate. 
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Scanning densitometers can operate in a diffuse reflectance mode, a diffuse transmittance 

mode or both depending on the sorbent and backing materials.Schematic diagrams of 

scanning densitometers in the diffuse reflectance and diffuse transmittance modes are 

shown in Figure 1.10. 

The most common scanning method is slit scanning where the incident beam is 

shaped into a rectangle on the plate surface and the plate is translated parallel to the 

development direction through the sampling beam. In this way, each scan represents a 

lane on the plate defined by the slit width and the length of the solvent fi-ont. The slit 

width is usually set to be slightly wider than the broadest spot on the plate. Errors 

resulting from misalignment of the slit and spots and from irregularly shaped spots can be 

minimized with densitometers that scan the spots with a narrow beam of light in a zigzag 

(flying spot) pattern. Dual beam scanning densitometers, which simultaneously measure 

the sample spots in one track and the background in another track, have also been 

developed to help correct for source fluctuations or high background signals.Detection 

limits for UV/visible absorption and quenching techniques are typically in the nanogram 

range whereas fluorescence has picogram detection limits. 
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Figure 1.10 Schematic diagrams of single-beam, single wavelength scanning 
densitometers, (a) Diffuse reflectance mode, (b) Diffuse transmittance mode. 
The cutoff filter is used in fluorescence detection to separate the excitation 
and fluorescent signals. 

With the commercial availabiUty of charge-coupled device (CCD) digital cameras 

and video systems, imaging systems are becoming commonplace for the quantitative 

analysis and documentation of separations performed by TLC. Imaging detection is 

uniquely suited to the planar format of TLC since the entire plate can be analyzed 

simultaneously, preserving the efficiency of TLC as a parallel separation technique. As 

with scanning densitometers, fluorescence, fluorescence "quenching" and UV/visible 

absorption can be used for quantification by CCD detection. Work in our laboratory has 

focused on developing TLC with CCD detection as an inexpensive, sensitive, high-

throughput analytical technique for pharmaceutical quality control, food safety control 

and other sample intensive applications.We have demonstrated that by using a 



54 

cooled, scientific grade CCD camera, HPTLC can be a rapid and sensitive alternative to 

conventional liquid chromatography. 

While detection by scanning densitometers and CCD cameras is useful for 

quantitative measurements, the only method for identification of the analytes is the 

comparison of  i? /values  to  those of  s tandards.  UV/vis ible  spectroscopic^and 

fluorometric techniques^'^"^^ have been employed in the identification of analytes, usually 

by comparison to spectral libraries. However, the lack of structural information limits the 

applicabihty in identifying unknown compounds. 

1.3.3.2 Mass Spectrometry 

Several methods for the in situ analysis of compounds separated on TLC plates by 

mass spectrometry (MS) have been reported. MS techniques have been developed for 

both the analysis of samples present in sorbent scraped from the plate or directly on a 

section of a TLC plate.^^ The primary ionization methods are sputtering techniques such 

as fast atom bombardment (FAB), secondary ion mass spectrometry (SIMS), laser 

desorption and matrix-assisted laser desorption ionization (MALDI). Detection limits for 

these techniques are typically in the sub-microgram range. The ionization techniques 

mentioned above have also been used in plate scanning systems where the TLC plate is 

moved through the MS source to analyze entire chromatograms. Laser desorption and 

SIMS have also been used for the two-dimensional analysis (imaging) of compounds 

separated on TLC allowing the use of two-dimensional and circular development 

techniques. A more detailed discussion of TLC/MS can be found in reference 67. 
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1.3.3.3 Infrared Spectroscopy 

The apphcation of IR spectroscopy to the in situ analysis of compounds separated on 

TLC plates has been reported by several authors. Percival and Griffiths made the first 

attempts by measuring the diffuse transmittance of TLC plates made with IR transparent 

AgCl substrates. Diffuse reflectance infrared Fourier transform spectroscopy (DRIFTS) 

a n a l y s i s  o f  s a m p l e s  o n  T L C  s o r b e n t  w a s  f i r s t  r e p o r t e d  b y  F u l l e r  a n d  G r i f f i t h s , w h o  

used a standard DRIFTS accessory to analyze the separated zones that had been scraped 

from commercial TLC plates. Zuber et al.'^ demonstrated that DRIFTS analysis could be 

performed directly on TLC plates by using small plates that could be directly inserted 

into a conventional DRIFTS attachment. Zuber et al. also demonstrated the possibility of 

using spectral subtraction techniques to resolve overlapping spots. Instrumentation which 

scanned the entire plate for the on-line analysis of TLC plates was developed by 

Glauninger et al.,^^ eliminating the need to use alternative detection schemes to identify 

spot locations (e.g. fluorescence or comparison to a replicate plate). 

The problem encountered with TLC-DRIFTS is that the commonly used adsorbents, 

especially silica gel, show very strong absorbance over broad regions of the infrared 

spectrum. The major features of the silica gel spectrum, shown in Figure 1.11, are a broad 

band from 1000-1200 cm"' caused by Si-O-Si vibrations and a very broad band from 

2700-3700 cm"' caused by hydrogen bonded 0-H stretching vibrations.^^ 
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Figure 1.11 DRIFT spectrum of silica gel. Spectral band assignments from reference 73. 

71 To compensate for the background absorbance of the TLC plates, Zuber et al. 

developed two plates, one for sampling and one for background correction. Beauchemin 

and Brown^'^ used a single plate for separation and background correction in the 

qualitative and quantitative detection of diazonaphthoquinones separated by reverse 

phase TLC. However, even with layer absorption correction, it is very difficult to obtain 

reliable spectra in the regions where the adsorbent shows strong absorption. Spectra are 

often distorted because of interactions between analytes and the sorbent layer, variability 

of the penetration depth of light and variations in the concentration profile of the 

analytes.Consequently, many researchers only use regions of low to moderate 

absorption (4000-3700 and 3100-1650 cm'^ for silica gel) for analysis.'Detection 

limits are usually reported to be in the high nanogram to low microgram range. 



1.3.3.4 Raman Spectroscopy 

Raman spectroscopy as a detection technique for TLC has been primarily used to 

study compounds with infrared inactive modes or to aid in the assignment of vibrational 

bands. Relatively little progress has been made in using Raman for quantitative 

detection/^ The concentration of the analyte in the spot, and therefore spot size, proves to 

be a limiting factor since conventional Raman instruments only sample a small 

percentage of the total spot area7^ 

Surface enhanced Raman scattering (SERS) has been successfully applied as an in 

situ detection technique for TLC. After development, TLC plates are coated with 

78 79 colloidal silver by vapor deposition or by spraying with colloidal silver suspension. ' 

As a result, the Raman spectra of the investigated compounds experience an intensity 

enhancement of ~10® providing detection limits in the sub-nanogram range. 

1.3.3.5 Photoacoustic Spectroscopy 

Another technique for the analysis of components separated on TLC plates is 

OA 
photoacoustic spectroscopy (PAS). Rosencwaig and Hall first demonstrated the use of 

PAS with UV light on analytes that had been sectioned from TLC plates. Castleden et 

al.^' performed quantitative PAS over an extended wavelength region covering the UV 

through the near-infrared. The first in situ PAS analysis of thin-layer chromatographic 

• 82 spots was reported by Fishman and Bard, who developed an open-ended PAS cell that 

could be placed over a separated zone directly on the TLC plate. Lloyd et al.^^ showed 

that useful structural information for analytes on TLC plates could be gained by the use 
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of FTIR-PAS, although this technique suffers some of the same problems as DRIFTS due 

to the strong absorbance of the silica gel.^'^ Significant enhancements in sensitivity 

resulting in sub-nanogram detection limits were achieved by Kawazumi^^' using a 

laser-based photoacoustic densitometer. The use of PAS for depth profiling has also been 

87 a valuable tool for studying the distribution of compounds in the sorbent layer. 

1.3.3.6 Near-infrared Spectroscopy 

Near-infrared spectroscopy (NIRS) has been investigated as an alternative to IR 

detection for TLC. Although absorbitivities in the near-infrared are 10-1000 times weaker 

than in the IR, the absence of strong absorbance bands for silica gel make the technique 

feasible for standard TLC plates. Furthermore, the optical properties of silica gel make it 

possible to collect data by either reflectance or transmission for glass-backed plates. The 

direct detection of organic molecules lacking chromophores or fluorophores is possible 

since the near infrared spectrum is primarily composed of broad C-H, N-H and 0-H 

overtone and combination bands (see Chapter 2). 

The first use of NIRS for the detection of analytes on TLC plates was reported by 

88 Ciurczak et al., who were able to quantify several pharmaceutical compounds on 

undeveloped TLC plates. It was noted that NIRS could possibly be used as a "universal" 

detector by monitoring the attenuation of the silica gel Si-O-H overtone at 1900 nm. In a 

89 separate paper, Ciurczak et al. were able to demonstrate the use of NIRS for the 

qualitative analysis of compounds on TLC plates by using second derivative spectra. NIR 

transmission measurements of TLC plates were also investigated in the same paper, but it 
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was concluded the low light throughput and variations in stationary thickness made 

reflectance measurements superior. The optical throughput problem was overcome by 

Yamamoto et al.^*^ who utilized an FT-NIR microscope system to collect high-quality 

transmission spectra of phospholipids separated by TLC with microgram detection limits. 

In experiments using a simple filter based instrument in a similar transmission geometry, 

Fong and Hieftje^^ discovered that adsorption of water vapor by the silica gel could cause 

large errors in quantitative measurements. In fact, the effects of the absorbed water were 

92 significant enough that the instrument built by Fong and Hieftje evolved into a humidity 

and vapor sensor. 

The research presented in Chapter 6 utilizes near-infrared spectral imaging to 

combine the chemical specificity of vibrational spectroscopy with the two-dimensional 

analysis provided by array detectors. Evaluation of the instrument constructed for this 

research is reported for the in situ, qualitative and quantitative analysis of samples on 

TLC plates. Both diffuse reflectance and diffuse transmission experiments were 

conducted. 
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2 THEORY OF NEAR-INFRARED DIFFUSE REFLECTANCE 
SPECTROSCOPY 

2.1 Near-infrared Spectroscopy 

Despite the early discovery of near-infrared radiation by Sir William Herschel in 

1800,^"^'^^ near-infrared spectroscopy (1-2.5 ^ wavelength region) was largely ignored 

until the late 1960s. The near-infrared region was considered too confusing for qualitative 

analysis since the numerous, overlapping overtone and combination bands make peak 

assignment difficult. Quantitative analysis was hampered by the inherently weak 

absorption bands (one to three orders of magnitude less than mid-infrared bands) and 

hard to define baselines. 

However, the availability of good sources of near-infrared radiation (tungsten 

filament and especially quartz tungsten halogen lamps) and sensitive PbS detectors 

allowed the analysis of solid samples by diffuse reflection. Also, the low cost of light 

sources, detectors and glass optics made near-infrared instrumentation inexpensive to 

produce. 

The birth of modem near-infrared spectroscopy was the pioneering work by Ben-

07 QX • • 
Gera and Norris in 1968. ' Tasked with findmg a fast, quantitative method for the 

determination of moisture, protein and oil in agricultural products, they turned to diffuse 

reflectance near-infrared spectroscopy. By applying multiple linear regression (MLR), 

Ben-Gera and Norris showed that near-infrared spectroscopy could be a fast, quantitative 

analytical technique requiring minimal sample preparation. The 1970s saw the 
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development of a variety of instruments for agricultural analysis and industrial process 

control. The latest revolution in near-infrared spectroscopy began in the 1980s with the 

introduction of the microprocessor. Now much more sophisticated data processing 

algorithms and chemometric techniques, such as multiple linear regression (MLR), 

principal components analysis (PCA) and partial least squares (PLS), are routinely 

employed to improve analysis. Today, near-infrared spectroscopy is utilized for process 

monitoring and product quality control in a variety of industries including the agriculture, 

food, textile, pharmaceutical, paper and petrochemical industries. 

2.1.1 Near-infrared Absorption Bands 

Absorption in the near-infrared spectral region (770-2500 nm) arises primarily from 

overtone and combination bands. To understand the nature of near-infrared absorption 

bands, it is necessary to begin with a discussion of mid-infrared absorbance. For an 

infrared photon to be absorbed by a molecule, the energy of the photon must correspond 

to the energy needed to excite the molecule to a higher vibrational energy state. An 

additional requirement is that there must be a net change in dipole moment during the 

vibration. When an infrared photon is absorbed by a molecule, the molecule undergoes a 

change in vibrational and rotational energy. However, rotational structure is usually only 

visible in high-resolution spectra of vapor phases where intermolecular collisions do not 

99 occur. 

To a first approximation, molecular vibrations of simple diatomic molecules can be 

described by a harmonic oscillator model. A simple harmonic oscillator consists of point 
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masses connected by a massless spring. The mass is acted upon by a restoring force, 

which is proportional to the displacement of the mass from its equilibrium position, i.e. 

Hooke's law is obeyed. 

In the harmonic oscillator model for diatomic molecules, two atoms with masses m\ 

and m2 are connected by a bond with force constant k. As atoms are displaced from the 

equilibrium intemuclear distance, they are acted upon by a restoring force, which is 

directly proportional to the atoms' displacement from equilibrium. The vibrational 

frequency of such a system is given by: 

V - Equation 2.1 
2m: y // 

where V is the vibrational frequency in wavenumbers (cm"'), c is the speed of light and ju 

is the reduced mass:^^ 

1^ = Equation 2.2 
+ ^ 2  

Quantum mechanics describes the discrete nature of the energy levels, that for the 

harmonic oscillator model of a simple diatomic molecule are expressed as: 

E . = v  v^ — 
V 2y 

(f — 0, 1, 2, 3,...) Equation 2.3 

where Eu is the energy of level v in cm"' and u is the vibrational quantum number. At 

room temperature, molecules are in the ground vibrational (l) = 0) state and transitions 

from the ground state to f = 1 are called fundamental transitions. 
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In the case of polyatomic molecules, the number of vibrational energies becomes 

large. As a first approximation, polyatomic molecules may be treated as a series of 

independent oscillators: 

where N is the number of atoms in the molecule. 

If the harmonic oscillator model were strictly correct, the selection rule for vibrational 

transitions would be Ad = 1 and only the fundamental absorption bands in the mid-

infrared would be observed. The harmonic oscillator model is a good approximation only 

near the equilibrium intemuclear distance of a diatom. For a real diatom, the electron 

cloud and atomic charge of each atom create an energy barrier during compression. In 

addition, when the vibrational energy is great enough, bond dissociation occurs. 

An anharmonic oscillator model can be described by replacing the potential energy 

for a harmonic oscillator with the Morse potential energy:^^ 

the molecular constant, and q (cm) is the change in intemuclear distance from its 

equilibrium value. Quantum mechanical treatment using this Morse energy yields an 

expression for the energy levels: 

(l>i, Vi, t»3,... - 0, 1, 2, 3,...) Equation 2.4 

Equation 2.5 

where V (cm"^) is the potential energy, (cm"^) is the dissociation energy, (3 (cm"') is 
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E..--V 
1 

v + -
V 2, 

t; + 
V 2y 

Equation 2.6 

where V is given by Equation 2.1 and Xe is the dimensionless anharmonicity constant 

which typically has values of 1-5%.As shown in Figure 2.1, the energy levels in the 

anharmonic oscillator are not evenly spaced and the levels converge as the energy 

increases. 

The anharmonic oscillator model allows the previously forbidden overtone transitions 

of At; > 1 to occur. The transition from = 0 to i; = 2 is called the first overtone, t; = 0 to 

u = 3 the second overtone, etc. Overtone transitions are much less probable than the 

fundamental transitions and therefore are 10 to 1000 times weaker than fundamental 

bands. 
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Figure 2.1 The harmonic (Hooke's law) and anharmonic (Morse) potentials for a 
diatomic molecule. 

2.1.2 Spectral Features of the Near-infrared Region 

The near-infrared spectrum is dominated by the overtones of 0-H, C-H, and N-H 

stretching modes. Bands from other modes also occur in the near-infrared, but because 

the fundamental transitions of these bands occur at lower energy, they are generally 

weaker second, third and fourth overtones. Table 2.1 lists a small selection of absorption 

bands in the near-infrared spectral region along with their tentative assignments."^' 
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Table 2.1 Approximate locations of a selection of bands in the near-infrared region. 

Wavclcnylh (nm) Ovorlonc 1 cnlalivc Assignment 

1680-1740 ist C-H stretch, CH3 groups 

1700-1760 ist C-H stretch, CH2 groups 

1700-1740 ist C-H stretch, CH groups 

1640-1670 J St C-H stretch, -CH=CH- groups 

1620-1650 ist C-H stretch, aromatics 

1720-1860 iSt C-H stretch, carbonyl compounds 

1920-1950 ist 0-H Stretch/O-H deformation combination, hydroxyls 

1400-1560 iSt 0-H stretch, internal OH bonds 

1390-1420 ist 0-H stretch, intramolecular OH bonds 

1380-1400 iSt 0-H stretch, phenols 

1360-1390 ist 0-H stretch, tertiary alcohols 

1370-1390 iSt 0-H stretch, secondary alcohols 

1360-1380 J St 0-H stretch, primary alcohols 

2020-2150 2nd N-H deformation, primary and secondary amines 

1660-2500 ist Symmetrical N-H stretch, all amino acids 

1590-1650 iSt Asymmetrical N-H stretch, all amino acids 

1570-1630 ist N-H stretch, secondary amides 

1500-1580 ist N-H stretch, primary amides 

1920-2080 2nd C=0 stretch, aldehydes and ketones 

1910-1970 2nd C=0 stretch, saturated aliphatic acids and esters 

1970-2100 2nd C-N stretch, unsaturated nitrogen compounds 

1540-1570 2nd N=C=N stretch 

1490-1510 ist C-N stretch, amines 
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The other prominent features seen in near-infrared spectra are combination bands. 

Combination bands occur when two or more vibrations combine through the addition or 

subtraction of the energies to give a single band. For example, simultaneous transitions 

from the ground state to Ui = 1 and uj = 1, or t>i = 1 and Oj = 2, or u, = 1 and fj = 1 fA = 1 

would give rise to combination bands. 

Although difficult to observe, near-infrared bands can also be produced by Fermi 

resonance. In Fermi resonance, an overtone or combination band can interact with 

fundamental band when the two absorptions occur near the same frequency and the 

excited states have the same symmetry. In such a case, the lower frequency band is 

shifted lower and the higher frequency band is shifted higher. Intensity "sharing" 

between the two bands is also observed. 

Near-infrared spectra are generally complex because the absorption bands resulting 

from the above processes are highly overlapped. The overlapping bands combined with 

uncertainties in peak position due to Fermi resonance or variation in the anharmonicity 

make peak assignment very difficult in all but simple molecules. Although individual 

band assignments are difficult, functional group correlation tables have been compiled 

which are useful for understanding near-infrared spectra.^^ 
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2.2 Diffuse Reflectance Spectroscopy 

The reflectance of light from a surface can range from that of a mirror-type surface, 

which reflects light at a single angle, to that of a matte surface, which reflects uniformly 

at all angles. Reflection from a matte surface is described as diffuse reflectance. Diffuse 

reflectance is not simply a surface phenomenon, but is the result of the interaction of light 

with the internal structure of the sample. Because of this, diffusely reflected radiation 

contains spectroscopic information about the nature of the sample. This is the basis for 

the analytical technique of diffuse reflectance spectroscopy, which has become a valuable 

tool for analysis in many industries including the agriculture, textile, paper, coatings and 

pharmaceutical industries. 

2.2.1 Lambert Cosine Law 

The observation that the intensity of light reflected from a matte surface is the same 

regardless of the angle from which the surface is viewed or illuminated was first 

1 09 described mathematically by Lambert in 1760. Lambert proposed that for light incident 

on a diffusely reflecting surface the remitted radiation flux, Ir, for an area,/ and solid 

angle, co, is proportional to the cosines of the incident angle, a, and observation angle, 9 

(Figure 2.2): 

dljdf CS, ^ ^ 
— =  — ^ cosc!;cosi9 Equation 2.7 

dco 71 
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where So is the irradiation intensity for normal incidence (W/cm^) and C is the fraction of 

light remitted. C is often called albedo and is always less than one due to absorption. 

Equation 2.7 is known as the Lambert cosine law and is only valid for an ideal diffuse 

reflector. For real diffuse reflectors there is always some deviation form the Lambert 

cosine law.^*^^ 

Lamp 

df 

Figure 2.2 Schematic representation showing the variables used in the Lambert cosine 
law. 

2.2.2 Single Scattering 

In the early 1900's, Mie developed his theory of light scattering for isotropic 

spherical particles of any size.^*^"^ While a detailed discussion of Mie theory is beyond the 

scope of this document, several results are important in regard to diffuse reflectance 

spectroscopy. Mie developed equations to describe the angular distribution of the 

intensity and polarization of scattered radiation for a plane wave scattered by a particle. 

Mie theory is valid for light scattered once (single scattering) and the particle can be both 
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dielectric and absorbing. For a system to be considered single scattering the particles 

m u s t  h a v e  a  m e a n  s e p a r a t i o n  e q u a l  t o  o r  g r e a t e r  t h a n  t w i c e  t h e  p a r t i c l e  d i a m e t e r . M i e  

showed that the distribution of scattered radiation for a non-absorbing particle is not 

isotropic and is a function of the relative refractive index, m, and the ratio of the particle 

circumference to wavelength, x, defined in Equation 2.8 and Equation 2.9: 

n 
- — Equation 2.8 

where n and no are the refractive index values of the particle and the surrounding medium 

respectively, and 

Im- ^ ^ ^ 

X = Equation 2.9 
A 

where r is the particle radius and A, is the wavelength. 

2.2.3 Multiple Scattering 

While Mie theory is valid for particles of any size, it only applies to single scattering 

where the particles are well separated. Most applications of near-infrared diffuse 

reflectance analysis involve systems in which multiple scattering is expected to occur. 

Theissing^"® addressed the issue of multiple scattering by applying Mie theory to a 

collection of randomly distributed particles separated enough that phase relations or 

interferences between the particles are negligible. He found that the forward scattering 

predicted by Mie theory decreased with increasing scattering order (the number of times 
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a photon is scattered) and eventually the scattering distribution became isotropic. He also 

found that the scattering order needed to produce an isotropic scattering distribution 

increased with increasing values of x (Equation 2.9). The implications of this for practical 

diffuse reflectance spectroscopy, in which the particle diameters are typically much 

greater than the wavelength of light, is that a sufficiently large number of particles and 

sample thickness are necessary to produce an isotropic radiation distribution inside the 

sample. If the above conditions are met, the diffusely transmitted and reflected light from 

the sample will also have an isotropic intensity distribution.^®^ 

2.2.4 Radiation Transfer Equation 

While providing useful insights, the assumptions made by Theissing generally are not 

applicable to most samples analyzed by diffuse reflectance spectroscopy; where samples 

are densely packed, phase relations and interferences between the scattered light do 

occur. Under these conditions, there is no general quantitative solution to the problem of 

multiple scattering and phenomenological theories must be employed. Most theories have 

evolved from a general radiation transfer equation, which describes the change in 

intensity, /, over a path length, ds\ 

- dl = Kpl ds Equation 2.10 

where is an attenuation coefficient representing the total radiation loss due to both 

absorption and scattering and pis the density of the medium. 
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2.2.4.1 Kubelka-Munk Theory 

Many authors have presented simphfied solutions to the radiation transfer equation. 

The most well known theory is the work of Kubelka and Munk.'°^ Kubleka-Munk theory 

has become the most widely accepted and used theory. It is a simple two-constant 

equation, which is easy to apply. The theories of many other researchers can be derived 

from Kubelka-Munk theory. Since the Kubelk-Munk theory is so often applied, it is 

important to understand the assumptions made within this theory. The assumptions 

1. The radiation flux travels in two opposite directions (I and J). 

2. The sample is illuminated with monochromatic radiation of intensity Iq. 

3. Lambert's cosine law is valid: there is an isotropic distribution of scattered 
radiation and all regular (specular) reflection is ignored. 

4. The particles in a sample layer are randomly distributed. 

5. The particles are very much smaller than the sample thickness (d). 

6. The sample is illuminated with diffuse radiation. 

7. The particles are much larger than the wavelength of the radiation. 

8. The lateral extent of the sample is much greater than the sample thickness and 
the diameter of the incident light beam. 

9. The scattering particles are homogeneously distributed throughout the sample. 

Assumptions 3, 5 and 6 ensure that an isotropic distribution of radiation is present 

throughout the sample while assumption 8 makes it possible to ignore edge effects. 
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Consider a sample, as depicted in Figure 2.3, which is capable of both scattering and 

absorbing radiation. The sample has thickness d and is illuminated towards the -x 

direction with diffuse radiation. 

X 

d dx 

i t  
J 

Figure 2.3 Schematic representation of the sample for the derivation of the Kubelka-
Munk theory. 

In the layer dx, light will be traveling at all possible angles with respect to x. As shown in 

Figure 2.4, the path length of light traveling in direction ^ is given by: 

dx 

cos .9 
Equation 2.11 
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Figure 2.4 Path length for Kubelka-Munk calculations. 

It can be shown that the mean path length in both the +x direction (positive / direction) 

and -X direction (positive / direction) is:^°^ 

=  d ^ j  =  2 d x  Equation 2.12 

Using this result, and defining the absorption coefficient as k (cm"') and the scattering 

coefficient as s (cm"'), we can describe the contributions of both absorption and scattering 

to the change in intensity in layer dx for both the I and J fluxes. The intensity change in 

the / direction is given by the light lost to absorption, klldx, the light lost to back 

scattering, slldx, and the light scattered into the I direction from back scattering in the J 

direction, sJldx: 

- dl = -kI2dx - slldx + sJldx Equation 2.13 

Similarly, the intensity loss for J in the -x direction is given by: 

dJ = -kJldx - sJldx + slldx Equation 2.14 

By designating K  =  I k  and S  =  2 s ,  the two fundamental simultaneous differential 

equations describing the absorption and scattering processes are produced; 
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dx 
— = -{K + S)I + SJ Equation 2.15 

— = -(K + S)J + SI 
dx 

Equation 2.16 

It should be noted that S is not equivalent to the scattering coefficient defined in Mie 

theory. In Mie theory, any alteration of the direction of the incident radiation as the result 

of contact with the particle is designated scattering, whereas in Kubelka-Munk theory 

only radiation which is reflected backwards into the hemisphere bounded by the sample 

surface is considered scattering. It has been shown that, under the assumptions of 

Kubelka and Munk, the Mie scattering coefficient (a) and absorption coefficient (a) are 

related to K and S by Equation 2.17.^°^' 

From this point an exponential or hyperbolic solution may be developed, but the 

derivations will not be presented here. A good reference for the derivations of both 

solutions can be found in Kortiim, Chapter 4.^^^ The exponential solution takes the form: 

the Kubelka-Munk function. The Kubelka-Munk function describes the reflectance for an 

a 3^ 

a" S S 
Equation 2.17 

Equation 2.18 

where is the reflectance of an infinitely thick sample ( d  =  oo) and f { R ^ )  is known as 
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infinitely thick sample solely in terms of the ratio of K and S. Equation 2.18 is often 

employed to linearize diffuse reflectance calibration curves. 

The hyperbolic treatment produces many equations detailing the relations between R, 

the reflectance for a sample of thickness J; T, the transmittance of the sample; , the 

reflectance of an infinitely thick sample; Rg, the reflectance of the background; and Sd, 

the "scattering power" of the sample: 

R ^ f i S d , R M  
\- R^{a-bcoth(bSd)) 

a+ b coth(bSd) - R 
Equation 2.19 

T  =  f ( S d , R J  =  
a smh(bSd) + b cosh{bSd) 

Equation 2.20 

where: 

K + S 
Equation 2.21 

and: 

Equation 2.22 

A formula has also been developed for the special case of = 0 = for when the 

sample is supported by a perfectly black non-reflecting background or the sample is a 

self-supporting layer: 
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^ sinh(bSd) 
RQ = Equation 2.23 

° asinh{bSd) + bcosh(bSd) ^ 

2.2.4.2 Other Treatments of the Radiation Transfer Equation 

Other research has derived more comphcated solutions of the radiation transfer 

equation. Silberstein^'^ added a third constant to account for different fractions of 

forward and backward scattering. A four-constant solution was developed by Ryde and 

Cooper^ based on the assumption of different scattering for the internally diffuse 

radiation and the incident radiation. Even more complicated is the eight-constant solution 

by Duntley^^^ where both the scattering and absorption are assumed to be different for the 

incident radiation and the diffuse internal radiation. 

More recently Burger et al.''^^' and Kuhn et al.^^^ have produced two-constant 

theories using a discrete ordinate approximation of the radiation transfer equation. Kienle 

et al.^^^ and Wabnitz and Rinneberg^'^ have presented theories with three radiation fluxes 

by applying a diffusion approximation analogous to mass diffusion. Unlike the Kubelka-

Munk function, these solutions are a function of the ratio of the scattering coefficient a 

and the absorption coefficient a defined according to Mie theory. Another difference is 

that the three-flux and diffusion theories are derived under conditions of directional 

illumination whereas the Kubelka-Munk function is valid only under conditions of 
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diffuse illumination. This is important because most instruments used for acquiring 

diffuse reflectance spectra employ some form of directional illumination of the sample. 

2.2.5 Discontinuum Theories 

Continuum theories such as those of Kubleka and Munk are not completely 

satisfactory because there is no direct connection between the optical properties of the 

particles making up the sample and the measured quantities. It would be desirable to 

correlate the measured quantities with particle properties such as the particle size, shape, 

refractive index and absorption coefficient. Several theories have been developed for the 

case where the particle diameter is much greater than the wavelength of light so that the 

diffusely reflected light is governed by the laws of geometrical optics (reflection, 

refraction and diffraction). 

118 
Bodo developed a theory based on the assumption that the sample is composed of n 

thin layers each with a thickness equal to the mean diameter of the particles. He was able 

to derive a formula for in terms of the fraction of incident light reflected from the 

individual particles, absorption coefficient of the material and the particle diameter. 

However, Bodo's plane parallel layer theory neglects effects arising from variable path 

lengths through particles of different shapes, the spaces between the particles and total 

internal reflection within the particles. Other authors have derived similar plane parallel 

theories. 

A hybrid particle/continuum model consisting of a layer of particles overlying a 

continuous substrate was proposed by Melamed.'^' An expression for was derived by 



a statistical summation of reflected light intensity fractions. Melamed's model offers 

several improvements over plane parallel layer theories. The effects of particle shape are 

included by assuming the surface scattering properties of randomly shaped, randomly 

oriented particles of the same mean diameter can be approximated by spherical particles 

whose surface scatters according to Lambert's cosine law. The space between the 

particles has been accounted for by the inclusion of a packing density term. The 

derivation of separate external and internal reflection coefficients based on the refractive 

index of the particle and surrounding medium account for total internal reflection within 

the particles. 

Although Melamed's theory is an improvement, the physically artificial assumption 

of a layer of particles over a continuum substrate has some drawbacks. Some of these 

drawbacks have been addressed by Mandelis et al.,'^^' who have extended Melamed's 

model to a non-hybrid theory consisting of an arbitrary number of discrete particle layers. 

However, it should be stressed that the theories of Melamed and Mandelis et al. are only 

valid in cases where the particle diameter is much greater than the wavelength of light. 

For particle sizes smaller than approximately seven times the wavelength of light, the 

assumption of large particles breaks down and the continuum interpretation holds. 
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3 NEAR-INFRARED IMAGING SPECTROMETER DESIGN AND 
CHARACTERIZATION 

3,1 Near-infrared Imaging Spectrometer Design 

A custom near-infrared imaging spectrometer was designed, constructed and 

evaluated. The imaging spectrometer incorporated a platinum silicide (PtSi) focal plane 

array (FPA) for detection and an custom designed optical train using an acousto-optic 

tunable filter (AOTF) for wavelength discrimination. 

3.1.1 Overview 

A block diagram of the instrument is shown in Figure 3.1. The sample is illuminated 

by a current-stabilized, 250 W quartz-tungsten-halogen (QTH) lamp equipped with a 

variable focus F/0.7 Aspherab® aspheric condenser (Oriel Instruments). The incident light 

passes through an 800 nm long pass filter (CVI Laser Corp.) to prevent visible light from 

being absorbed and converted to heat within the sample. The instrument can be operated 

in either a transmission or a reflection geometry depending on the placement of the light 

source and filter. 
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Lamp and filter position 
for transmission measurements ̂  iJ 

Sample 

- —22 800 nm 
long pass 
filter S 

Aperture stop 

Collection optics 
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QTH lamp 

Acousto-optic 
tunable filter 

Beam stop 
Platinum silicide 
camera 

Camera optics 

Mirror 

Camera electronics 

Computer 

TE cooler controller 

RF synthesizer 

Figure 3.1 Schematic diagram of the custom-built near-infrared imaging spectrometer 
set up for reflectance measurements. 
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Light reflected or transmitted by the sample is collected by an F/4, plano-convex, 

CaF2 lens (Janos Technology Inc), which forms an image of the sample near the rear 

surface (camera side) of the AOTF. Calcium fluoride optics are employed because of 

their low dispersion (change in refractive index with wavelength) in order to minimize 

chromatic aberration over the tunable range of the ATOF. The aperture stop is set so that 

the collection optics operate at approximately F/10 in order to be compatible with the 

optical input requirements of the AOTF. A more detailed discussion on the optical 

considerations involved when using an AOTF can be found in Section 3.1.3. 

Wavelength selection is provided by an ultra-high resolution, imaging quality, 

acousto-optic tunable filter, which has a tunable range of 1.3-2.3 )a, and a nominal 

bandwidth of 15 cm"^ (Brimrose Corp.). Thermoelectric cooling is used to thermally 

stabihze the AOTF in order to reduce variations in the background signal resulting from 

the dissipation heat from the AOTF during operation. The AOTF is powered by a self-

contained, high-performance, radio-frequency (RP) synthesizer (Brimrose Corp., SPS 

model) under computer control. Tuning of the AOTF is controlled via the computer serial 

(RS232) port. A detailed discussion of the principles of acousto-optic tunable filters and 

detailed information on the AOTF used are provided in Section 3.1.2. 

Two diffracted beams (+ and - order) and an undiffracted beam (zero order) are 

transmitted by the AOTF. A beam stop is positioned so that only the + diffracted order is 

allowed to pass. An F/5, CaFi lens with a 250 mm focal length collects the + order light 

and relays the image of the sample created by the collection optics onto the detector. 
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Detection is performed using a cryogenically-cooled, 240x324 pixel platinum silicide 

focal plane array (Boeing) camera that was constructed in our laboratory with the 

assistance of Infrared Laboratories (Tucson, AZ). The camera is sensitive to light in the 

1-5 |i wavelength region. A computer controlled electronics package (Infrared 

Laboratories) was used for camera control and data acquisition. The output from the focal 

plane array was digitized to 15 bits. Further information on the infrared camera system is 

presented in Section 3.1.4. Instrument control is accomplished using custom software 

written with LabView™. 

3.1.2 Acousto-optic Tunable Filter 

Acousto-optic tunable filters (AOTF) are solid-state, electronically tunable filters that 

operate from the ultraviolet (UV) into the mid-infi-ared spectral region with tunable 

ranges up to one octave. The AOTF is one of many devices, such as deflectors, mode 

lockers, scanners and modulators, which are based on the diffraction of light by acoustic 

waves in an optically transparent medium. This sound-light interaction is called the 

acousto-optic interaction. The acousto-optic interaction can produce a change in 

amplitude, frequency, direction or wavelength of the incident light. 

An acousto-optic device consists of piezoelectric transducers bonded to an optically 

transparent crystal. When an RF signal is applied to the transducers, an acoustic pressure 

wave is launched into the crystal. The compression and rarefaction of the crystal medium 

by the acoustic wave produces alternating regions of relatively higher and lower 
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refractive index. This produces an acousto-optic diffraction grating that moves at the 

speed of sound and has a grating constant equal to the acoustic wavelength. 

If the crystal medium is isotropic, the acousto-optic diffraction can be divided into 

Raman-Nath diffraction or Bragg diffraction depending on the value of the Raman-Nath 

parameter, Q, defined as: 

Q ~ Equation 3.1 

where I is the interaction length, X is the wavelength of light and A is the wavelength of 

the acoustic wave. Raman-Nath diffraction occurs if the interaction length, /, is short so 

that Q is less than 1. In this case, multiple diffraction orders are observed and the 

diffraction process is analogous to that of a thin transmission grating. If the interaction 

length is large so that Q»\, Bragg diffraction occurs. In this case, only first-order 

diffraction is observed. Since the thin grating approximation is not valid, higher 

diffraction orders undergo complete destructive interference if the incident light is 

perpendicular to the acoustic wave. For constructive interference to occur, the angle of 

the incident light must be tilted with respect to the acoustic wave direction. 

The Bragg diffraction process can be described fi-om a quantum theoretical viewpoint 

by viewing the acousto-optic interaction as the collision of photons and phonons. The 

incident light beam can be considered a stream of photons with wave vector k, and 

frequency ©i which have momentum h\ii and energy /jooj {h is Planck's constant). 

Analogously, the acoustic wave can be considered a stream of phonons with wave vector 

ka and frequency ooa which have momentum Aka and energy /zcOa. The acousto-optic 
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diffraction process consists of the coUision and annihilation of one incident photon and 

one phonon and the simultaneous creation of a diffracted photon with frequency cod. 

Conservation of momentum dictates that:'^^ 

kj = kj Equation 3.2 

Similarly, conservation of energy dictates that: 

cOj = ± (Oj Equation 3.3 

It can be seen from Equation 3.3 that the diffracted photon is shifted in frequency 

from the incident photon by the frequency of the acoustic wave. If the energy of the 

diffracted photon is greater than that of the incident photon, the diffraction process is 

referred to as upshift Bragg diffraction as shown in Figure 3.2a. If the energy of the 

diffracted photon is less than that of the incident photon, downshift Bragg diffraction 

occurs (Figure 3.2b). However, since the energy of the acoustic wave is much smaller 

than that of the photons it can be assumed that the magnitudes of the wave vectors for the 

incident and diffracted photons are equal. This means that the momentum matching 

triangle (right side of Figure 3.2a and b) is isosceles and the incident and diffracted beam 

angles are equal.The relationship between the angle of incidence/diffraction {9}, the 

wavelength of hght (?l) and the wavelength of sound (A) is given by the Bragg equation: 

sin6 = kj,/2kj = X/2A Equation 3.4 

Diffraction in an optically isotropic medium, as described above, can produce 

changes in the frequency, direction or amplitude of the incident light. Acousto-optic 
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devices such as light modulators, deflectors, scanners and mode lockers are based on this 

type of interaction. 

Acoustic termination 

Piezoelectric 
transducer 

K = K + K 

RF source 

Acoustic termination 

Piezoelectric 
transducer 

RF source 

Figure 3.2 Acousto-optic diffraction in an optically isotropic medium, (a) upshift Bragg 
diffraction, (b) downshift Bragg diffraction. 



In principle, high-resolution acousto-optic grating spectrometers are possible using 

optically isotropic media. However, this approach is impractical since the angular 

aperture of such a device is very small. This is best illustrated with the aid of the wave 

vector diagram in Figure 3.3. The wave vectors ki, ka and ka represent the normal upshift 

Bragg diffraction similar to that shown in Figure 3.2a. When the angle of the incident 

light is changed from kj to ki', a momentum mismatch of Ak is introduced and a 

corresponding decrease in diffraction efficiency is observed. The momentum mismatch 

occurs because the magnitudes of the incident and diffracted wave vectors are given by: 

|kij = (27i«,.)/A,o and |kj = (27r«^)/Xo Equation 3.5 

where n\ and are the index of refraction for the incident and diffracted light beams 

respectively and Xq is the wavelength of light in vacuum. For an optically isotropic 

medium, and the loci of the incident and diffracted wave vectors lie on the same 

circle. Consequently, the momentum matching triangle cannot be closed, which results in 

the momentum mismatch Ak. The momentum mismatch occurs for small changes in the 

incident light angle which restricts these devices to milliradian angular apertures. 
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y 

Ak 

Figure 3.3 Wave vector diagram for the acousto-optic interaction in an isotropic 
medium. 

To overcome the momentum mismatch problem, acousto-optic tunable filters are 

based on the acousto-optic diffraction of light in an optically anisotropic, birefringent 

crystal such as quartz or TeOi. hi an AOTF, the piezoelectric transducers convert an RF 

signal into shear acoustic waves within the crystal. The shear acoustic waves, which 

displace matter perpendicular to their direction of propagation, induce a birefringence 

that acts on the incident light like a birefringence plate. Incident light that is diffracted by 

the acoustic wave experiences a 90° rotation in polarization.Since the crystal is 

birefringent, the rotation of the plane of polarization results in a significant change in 

refractive index. Therefore, an incident ray traveling through the crystal as an 
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extraordinary ray (e-ray) will be diffracted as an ordinary ray (o-ray) and vice versa. For 

light incident as an e-ray and diffracted as an o-ray, the magnitudes of the wave vectors 

are given by: 

|ki| = (27c«J/X^ and |kj = (27r«J/X„ Equation 3.6 

where He and rio are the refractive indices for the extraordinary and ordinary polarizations 

and tie Consequently, the angle of incidence (0i) and the angle of diffraction (0d) are 

not equal and are a function of the refractive indices («, and n^) of the medium, the 

acoustic frequency (fa) and the acoustic velocity (v^): 124 

sin 6, 
\ s J 

1 + 
V. 

\ K f a J  
Equation 3.7 

sin 0. 
r 1 > 

* 1 + [ J V 

\2 
v„ 1 

K ^ o f a  
Equation 3.8 

The minimum fi-equency at which interaction may occur is when 0i = 90° and 

0d = -90°. In this case, the acoustic wave vector, the incident light wave vector and the 

diffracted light wave vector are collinear. This is the basis for collinear acousto-optic 

tunable filters. Collinear diffraction can only occur in uniaxial crystals where the incident 

and diffracted light are normal to the optical axis. The wave vector diagram for a 

collinear AOTF is shown in Figure 3.4a. In this case, the loci of the incident and 

diffracted wave vectors lie on two different concentric circles. A large acceptance angle 
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is achieved because as the incident angle changes the wave vector ki becomes ki' and the 

125 diffracted light becomes ka' so the momentum matching is approximately maintained. 

(a) 

(b) 

Incident 
light Prism 

Acoustic 
Termination 

i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  

Crystal 

Undiffracted 

Selected 
Light 

Polarizer 
Piezoelectric 
Transducer 

Prism Analyzer 

Figure 3.4 Collinear acousto-optic tunable filter, (a) Wave vector diagram and (b) 
schematic diagram of a collinear acousto-optical tunable filter. 
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The diffraction of light can occur in an AOTF only under optimal conditions defined 

by the acoustic firequency, crystal type and acousto-optic interaction length. The acoustic 

frequency for which collinear diffraction takes place for a particular wavelength is given 

by: 

fa = h («/ - )/ ^0 ] Equation 3.9 

The AOTF can therefore be spectrally tuned by changing the frequency of the acoustic 

wave. 

The resolution of the diffracted light, defined as the full width at half maximum, is 

given by: 

AA = 2—;— Equation 3.10 
2l^ns\n^e^ 

where I is the acousto-optic interaction length and A« = For a given ATOF, the 

denominator in Equation 3.10 only varies slightly with wavelength. Therefore: 

ACT = — « constant Equation 3.11 

where ACT is the bandwidth in wavenumbers (cm"') when the wavelength is measured in 

cm. 

A schematic diagram of a collinear AOTF is depicted in Figure 3.4b. The longitudinal 

acoustic wave launched by the piezoelectric transducer is converted to a shear acoustic 

wave at the prism interface and then propagates down the length of the crystal, eventually 
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being absorbed by the acoustic termination. Linearly polarized incident light then 

interacts collinearly with the acoustic wave. The diffracted beam, which is orthogonally 

polarized, is separated from the undiffracted light at the filter output by means of a 

second polarizer or an analyzer. High spectral resolution is possible because of the long 

However, many crystalline materials, such as TeOi, do not have the necessary 

symmetry appropriate for collinear diffraction. More commonly, a noncollinear geometry 

is used where the incident and diffracted wave vectors and the acoustic wave vector are 

not collinear. To satisfy the momentum matching condition the acoustic wave vector 

must be chosen so that the tangents to the loci of the incident and diffracted wave vectors 

125 are parallel, as shown in the wave vector diagram (Figure 3.5a). When this parallel 

tangents condition is met, the acousto-optic diffraction becomes relatively insensitive to 

the angle of the incident light. This is often referred to as non-critical phase matching 

The equations presented for the collinear AOTF also apply to the non-collinear case, 

except for Equation 3.9. The acoustic frequency at which non-collinear diffraction takes 

place for a particular wavelength is given by: 

which reduces to the collinear case (Equation 3.9) when 6i = 90°. 

The wave vector diagram in Figure 3.5a shows an incident e-beam with a wave vector 

ki® interacting with the acoustic wave, ka, to produce a diffracted beam with wave vector 

interaction length between the acoustic waves and the incident light. 

Equation 3.12 
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kd°, whereas an incident o-beam interacts with the acoustic wave to produce a diffracted 

e-beam. 

(a) z (Optical axis) 

(b) 

Acoustic Termination 
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Acoustic 
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(+) Diffracted 
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Order 
Beam Acoustic Transducers 

Aperture 

(-) Diffracted 
Beam 

Variable RF Source 

Figure 3.5 Non-collinear acoutso-optic tunable filter, (a) Wave vector diagram and (b) 
schematic diagram of a non-collinear acousto-optical tunable filter. 
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If the incident Ught is unpolarized, two diffracted beams are produced, one an e-beam 

and one an o-beam. A schematic diagram of a noncolhnear AOTF acting on unpolarized 

light is given in Figure 3.5b. The diffracted and undiffracted beams do not separate until 

they exit the crystal, after which a diffracted beam can be isolated with an aperture. 

Alternately, if both the diffracted beams have sufficient image quality, AOTFs can be 

1 -^"7 1 O Q 
used to create imaging spectopolarimeters. ' The two diffi"acted beams can be seen in 

Figure 3.6, which is a photograph of the diffraction of a HeNe laser beam by a non

colhnear AOTF. 

Specific details for the AOTF used in the near-inft-ared imaging system are presented 

in Table 3.1. The tunable range of 1.3-2.3 |a, was chosen because it covers a wide variety 

of absorption bands. Bands observable in this region include the first overtones of C-H 

stretching modes at 1600-1800 nm, the second overtones of C-H deformation modes at 

2000-2300 nm, the first overtones of 0-H stretching modes at 1900-2150 and 1350-

1450 nm, the first overtones of N-H stretching modes at 1490-1650 nm and the second 

overtones of N-H deformation modes at 2000-2150 nm.^^' 



(-) Dirrnicleil Beam 
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(+)  Diffracted Bean 

Figure 3.6 Diffraction of a HeNe laser using a non-collinear, visible to near-infrared 
acousto-optic tunable filter. 

Table 3.1 AOTF parameters as specified by the manufacturer. 

AOTF type Non-colinear 

Crystal material TeOi 

Wavelength range 1300-2323 nm 

Angular aperture 7-9° 

Separation angle 7.3° 

Spectral resolution 4 nm at 1523 nm 

Diffraction efficiency 60 % (single polarization) at 1523 nm 

RF frequency range 57-107 MHz 

RF' power 4 W 
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3.1.3 Optics 

Several optical geometries were investigated in an attempt to maximize the optical 

throughput of the near-infrared imaging spectrometer while minimizing optical 

aberrations. The most severe constraint on the optical design is the acceptance angle of 

± 3.5° imposed by the AOTF. Another concern is the separation of the diffracted beam 

from the much more intense undiffracted beam. Any optical design employed must 

ensure that these two beams are adequately separated or a large stray light signal will be 

observed. The AOTF can be used at two positions in the optical train, either in a region of 

collimated (parallel) light or in a region of converging light. 

The performance of the optical designs presented in the following sections was 

evaluated by modeling with the optical ray-tracing program OSLO-EDU (Lambda 

Research). It should be noted that diffraction by the AOTF could not be modeled with 

this program. Therefore, lens designs were evaluated with respect to the undiffracted 

beam, and any aberrations introduced by the AOTF are not included in this discussion. 

To implement these designs, the portion of the design on the camera side of the AOTF 

was rotated to align with the diffracted beam. While many diagnostic tools were used to 

evaluate each lens system, the ones used in the following discussion are the Lagrange 

invariant, a measure of the optical throughput; the modulation transfer function (MTF), a 

measure of image quality; and the chromatic focal shift, a measure of the chromatic 

aberration. 

The Lagrange invariant (H) is a constant of optical systems in the paraxial 

approximation (an approximation to the full equations of optics that is valid in the limit 
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of small angles from the optical axis). The Lagrange invariant is useful in the comparison 

of simple optical systems because it is related to the light flux, O, through the system by: 

The modulation transfer function is a measure of the spatial resolution and contrast of 

an image formed by an optical system. Consider the example shown in Figure 3.7 where 

the object is a periodic line grating with 100% contrast ratio and the image is formed as 

the result of some optical train. Notice that the image formed has a sinusoidal modulation 

whereas the object had a square wave modulation. Notice also that peak-to-valley 

intensity has also decreased. For an object with a higher spatial frequency, the loss in 

contrast is even more pronounced. 

If the light from these bars is measured in terms of luminance (Z), the modulation is 

defined as: 

The MTF is the ratio of the modulation of the image to the object as a function of the 

spatial frequency of the black and white bars in the image: 

For a perfect lens system, the MTF decreases until the diffraction limit is reached and 

the MTF is equal to zero. Any real lens system has optical aberrations such as spherical 

aberration, coma, and astigmatism, which can cause the MTF to decrease much faster 

O o c / / '  Equation 3.13 

(•^max ^min) 

('^max "^min ) 
Equation 3.14 

MTF(V) = —^ Equation 3.15 
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than for an ideal system. Therefore, the MTF can be used to compare the optical 

performances of different lens systems. The PtSi focal plane array detector used in the 

near-infrared imaging spectrometer has pixels on a 30 |a pitch (Section 3.1.4). The 

highest spatial resolution attainable is the case where a black bar is on one row or column 

and a white bar is on the adjacent row or column. This gives a maximum spatial 

frequency of 16.7 cycles/mm and the MTF only needs to be evaluated to that point. 

Object Image 

n i l -  [ m  

i nnn  -
Object 

nil 
Image 

E 3 

Figure 3.7 Illustration of the modulation transfer function. 

The following optical trains were modeled using an object 50 mm in diameter and a 

magnification of 0.2 to give an image with a diameter of 10 mm. The focus for each 
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system was adjusted to give the minimum polychromatic spot size. All of the optical 

components were plano-convex CaF2 lenses. 

3.1.3.1 AOTF in Collimated Light 

The simplest possible geometry for using an AOTF is to place the AOTF in a region 

of collimated light near the aperture stop of an optical train. A schematic diagram of an 

AOTF in collimated light is shown in Figure 3.8. 

AOTF 

Lens Lens Object 
Undiffracted 
image 

Aperture 
stop Diffracted 

image 

Figure 3.8 Schematic diagram of an optical train with the AOTF near the aperture stop 
(not to scale). 

For this optical design to work: 

1. The object size and the focal length of the first lens must be chosen so that the 

maximum divergences of the light from the off-axis points on the object are less 

than 3.5°. 

2. The aperture stop must be adjusted so that all of the light passes through the exit 

aperture of the AOTF. 
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3. The focal length of the second lens must be long enough so that adequate 

separation of the undiffracted and diffracted images is achieved. 

The Lagrange invariant for this system is 0.268, the chromatic focal shift over the 

1.5-1.9 |j. wavelength range is -0.8 mm, and the MTF calculated by OSLO-EDU is 

shown in Figure 3.9. The MTF is plotted for the ideal lens and several different field 

points (points on the object). MTFs are plotted for the on-axis point and for points at 70 

and 100% of the object radius in both the sagittal (S) and tangential (T) planes. 
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Figure 3.9 Modulation transfer function for the optical train with the AOTF near the 
aperture stop. 

The small deviation of the MTF curves from the ideal MTF for all field points 

indicates that the performance of this optical train is quite good for such a simple system. 

However, a problem arises with this system that cannot be predicted by ray tracing. When 
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an AOTF is acting on collimated light, a wavelength-dependent image shift is observed. 

Figure 3.10 illustrates the image shift for a lamp filament imaged at five different 

wavelengths using an AOTF that operates in the visible-near-infi:ared spectral region. 

633 nm 

615 nm 

602 nm 

587 nm 

571 nm 

Figure 3.10 Images of a lamp filament demonstrating the wavelength dependent image 
shift observed when an AOTF is placed in collimated light. The solid line 
traces the same feature in all of the images. The dotted line represents no 
image shift. 

The image shift arises because the of small wavelength dependent changes in 

deflection angle of the AOTF. The deflection angle for an AOTF is given by: 

A0 = An sin 20. Equation 3.16 
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where A0is the deflection angle, An = Ue-rio, the difference between the extraordinary 

refractive index Ug and the ordinary refractive index HQ and 9i is the angle of incidence. In 

this optical train, light is collimated by the first lens and the image is formed by the 

second lens. In the ideal thin lens approximation, all of the light from a given point on the 

object travels through the aperture stop (and the AOTF) at the same angle to the optical 

axis as shown in Figure 3.11. 

Aperture Stop Lens 2 Lens 1 

Object 

Focal length 2 Focal length 1 

"Collimated" light 

Figure 3.11 Ray diagram illustrating the ray angles in collimated light for on-axis and 
off-axis object points. 

It is the angle of the light rays at the second lens that determines the position of those 

light rays in the image. Therefore, changes in the AOTF deflection angle result in 

changes in the angle of the light rays at the second lens and the image translates across 

the focal plane. In principle, it is possible to correct for this shift in software. However, 

this can be problematic for imaging applications when features cross the boundaries 

between pixels. 



103 

3.1.3.2 AOTF in Converging Light 

To overcome the image shift problems of the previous optical train, the ATOF can be 

placed in converging light. In this case, the AOTF is placed slightly in front of an 

intermediate image formed by the first lens, as shown in Figure 3.12. The second lens 

then re-images the intermediate image onto the detector. 

AOTF 

Object 
Aperture 
stop N 

Undiffracted 
light 

Beam stop 

Collection 
lens Intermediate 

image 
Camera 
lens 

i Diffracted 
image 

Figure 3.12 Schematic diagram of an optical train with the AOTF near a field stop (not 
to scale). 

For this optical design to work: 

1. The object size and magnification of the first lens must chosen so that the 

intermediate image is smaller than the exit aperture of the AOTF. 

2. The aperture stop must be adjusted so that the maximum divergence of the light 

through the AOTF is less than 2.9°. A smaller angle than the acceptance angle is 

necessary so that diffracted and undiffracted beams separate in a reasonable 

distance. 

3. The focal length of the second lens must be long enough so that diffracted and 

undiffracted beams have completely separated before the diffracted beam passes 

through the second lens. 
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Notice that the aperture stop is placed a large distance in front of the first lens. This is 

so that the image of the aperture stop formed by the first lens is coincident with that of 

the second lens. This maximizes optical throughput because all of the light collected by 

the first lens (after diffraction) is collected by the second lens. However, as shown by the 

MTF in Figure 3.13, moving the aperture stop far from the first lens significantly 

degrades the image quality of this optical train compared to an optical train with the 

AOTF in collimated light. The Lagrange invariant is 0.135, which means that the optical 

throughput is reduced to approximately 25% of that of the previous optical design. The 

chromatic focal shift over the 1.5-1.9 fo, wavelength range is ~8 mm, which results in 

significant blurring of the image as the AOTF is tuned. 
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Figure 3.13 Modulation transfer function for the optical train with the AOTF near a field 
stop. 
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No image shift is observed for this system because the AOTF is not acting on 

collimated hght. As shown in Figure 3.14, when a single lens is used to form an image, it 

is the position of the rays at the object and not the angle of the rays at the lens that 

determines the position of those rays at the image plane. 

Obj ect 1 

A 

1 =— 
U 
-+• 1 

liiJ 

Focal length ' Focal length ' 

Figure 3.14 Ray diagram for single lens imaging. 

The intermediate image in the system shown in Figure 3.12 is always formed at the 

same position although the angle of the rays making up that image changes with 

wavelength. Since the position of the final image is only dependent on the position of the 

intermediate image, no image shift is observed. 

Despite the poorer optical performance, this optical train was used for the research 

described in Chapter 4 because a stable image position was necessary to determine the 

spatial distribution of the NAPL constituents in the flow cell experiments. 

3.1.3.3 A OTF in Converging Light with the Addition of a Field Lens 

Near the end of this research, an improved optical train was discovered. As in the 

optical system described in the previous section, the problem of image shift is eliminated 
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by placing the AOTF near an intermediate image plane. However, as shown in Figure 

3.15, two lenses are used to form the intermediate image and two lenses are used to relay 

the intermediate images to the detector. 

AOTF riciu 
Aperture igns 
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. ' lone image 
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Figure 3.15 Schematic diagram of an optical train with the AOTF near a field stop with 
the addition of a field lens (not to scale). 

For this optical design to work: 

1. The object size and magnification of the first lens must chosen so that the 

intermediate image is smaller than the exit aperture of the AOTF. 

2. The aperture stop must be adjusted so that the maximum divergence of the light 

through the AOTF of less than 3.5°. 

3. The ratio of the focal lengths of the focusing lens to the collimating lens must be 

chosen so that the final image fills the detector. 

In this system, both the collection lens and field lens form the intermediate image of 

the object. The field lens is positioned to create an image of the aperture stop at infinity, 

which ensures that the light traveling through the AOTF has the minimum possible 

divergence and is said to be "telecentric" in the image space. A comparison of a single 

lens imaging system and an imaging system incorporating a field lens (using the ideal 
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thin lens approximation) is illustrated in Figure 3.16. The same lens is used as Lens 1 in 

both systems. Notice that the maximum ray angle with respect to the optical axis for the 

telecentric lens system is less than that for the single lens imaging system. The 

combination of the collection lens and the field lens also changes the magnification and 

the object to AOTF distance is shorter compared to the single lens case in the previous 

section. 

Lens 1 

Ray angle = 18° 

Field lens\/f\ 

^ Jmage 

Lens 1 

Telecentric 
image space 

Ray angle =14° 

Figure 3.16 Comparison of a single lens imaging system and an imaging system 
incorporating a field lens, (a) single lens imaging system (b) imaging system 
with a field lens 

The third (collimating) lens shown in Figure 3.15 is used to collimate the light exiting 

the AOTF. This lens is positioned at a point before the diffracted and undiffracted beams 

have completely separated. Since the two light beams are traveling at different angles, 

separation of the diffracted and undiffracted light occurs after the light has been 

collimated. Because the field lens is imaging the aperture stop at infinity, the collimating 

lens forms an image of the aperture stop, labeled "pupil images" in Figure 3.15, at its 
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focal length. The pupil images for the diffracted and undiffracted light are well separated, 

and the diffracted light can be isolated with an aperture. Finally, the focusing lens forms 

an image from the diffracted light at the focal plane. 

The MTF for this optical train (Figure 3.17) shows that the image quality of this 

optical train is better than that of the previous optical train (Figure 3.12). In addition, 

since the beams do not have to be completely separated before reaching the collimating 

lens, the full 3.5° acceptance angle is used. The Lagrange invariant for this system is 

0.152, which translates to a 25% increase in throughput compared to the previous optical 

train. Also, the chromatic focal shift over the 1.5-1.9 jj. wavelength region is decreased to 

-3.5 mm. Overall, this optical train performs significantly better than the previous optical 

train and it was used for the investigations into near-infrared imaging spectroscopy as a 

detection technique for thin-layer chromatography presented in Chapter 6. 
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Figure 3.17 Modulation transfer function for the optical train with the AOTF near a field 
stop with the addition of a field lens. 

3.1.4 Near-infrared Camera System 

3.1.4.1 Focal Plane Array Detector 

With the declassification of military technology and technological advances in digital 

imaging from astronomy research, solid-state imaging detectors that operate in the 

infrared have become commercially available. Infrared focal plane array (FPA) detectors 

are two-dimensional array detectors that detect photons in a similar fashion to charge 

transfer devices (CTD) such as the charge coupled device (CCD) and the charge injection 
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device (CID). Since the operation and application of CTDs have been extensively 

documented in the literature,only a cursory explanation is given here. 

CTDs are solid-state, multichannel detectors, in which photo-generated charge 

carriers are created, collected and read out to produce an analytical signal. CTDs are 

composed of a silicon semiconductor region for photon conversion and electrode 

structures for the storage, transfer and readout of charge carriers. The absorption of a 

photon promotes an electron from the semiconductor valence band to the conduction 

band and leaves a positively charged hole (electron-hole pairs). The electrode structures 

are used to create potential wells in which the charge carriers (either electrons or positive 

holes) are stored until the device is read out. 

The energy required to produce electron-hole pairs is the termed the band gap 

energy. The band gap energy also determines the long wavelength cutoff of CTDs. To 

operate in the infrared region of the spectrum, new materials have been developed with 

smaller bandgaps than silicon and are therefore sensitive to photons with wavelengths 

longer than the 1.1 micron cutoff of silicon-based detectors. Table 3.2 lists some 

properties of common photo-active materials used in infrared FPAs. 
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Table 3.2 Properties of materials used for infrared focal plane arrays 

Material Bandtiap energy 
(cV)"^ 

Wavelength cutoff 
( M )  

Quantum 
efficiency 

Silicon (Si) 1.14 1.1 >80% 

Indium gallium 
arsenide (InGaAs) 

0.7 1.7 >65% 

Platinum silicide 
(PtSi) 

0.25 5.0 <10% 

Indium antimonide 
(MSb) 

0.23 5.4 >70% 

Mercury cadmium 
telluride (HgCdTeor 
MCT) 

Variable 
depending on 
Hgi-xCdxTe 
composition 

Variable fi-om 
0.7 to 25 

>65% 
(for 5|u cuttoff) 

The bandgap energy and wavelength cutoff are temperature dependent. The values 
shown in the table are at the normal operating temperature for each material. 

**The quantum efficiency is the ratio of detected photons to incident photons. 

The smaller bandgap of the photo-active materials used in infrared FPAs causes an 

increase in the dark current. The dark current is the signal resulting from charge carriers 

generated by thermal excitation processes within the photo-active semiconductor. The 

smaller bandgap energy necessary to detect infrared photons means that less thermal 

energy is necessary to generate electron-hole pairs compared to silicon CTD detectors. 

The dark current is also exponentially dependent on the detector temperature. 

Consequently, it is usually necessary to operate infrared FPAs at liquid nitrogen 

temperatures or colder. The nature of the photo-active material also determines properties 

such as sensitivity and cost. 
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Since fabrication of integrated circuits in most of these exotic semi-conductor 

materials is difficult, few infrared FPAs use CCD readout architectures. Most infrared 

FPAs are hybrid devices composed of a photo-active layer and a separate read out 

integrated circuit (ROIC) as shown in Figure 3.18. The ROIC is a silicon integrated 

circuit containing an array of pixels, each with their own individual charge-storage site 

and amplifier. A series of switches in the silicon called a multiplexer routes the signal 

from each pixel to the output. The photo-active layer and the ROIC are connected by 

indium bump bonds, formed by depositing indium bumps on both the photo-active layer 

and the ROIC (one per pixel) and pressing the two layers together. The indium bumps 

form a "cold weld" which connects the layers and serves as an electrically conductive 

channel between the two layers. Charge carriers created in the photo-active layer are 

transported via the indium bump bonds to a corresponding potential well in the ROIC 

where they are collected until readout. 

— Photo-active layer 

Indium bump bonds 

Silicon multiplexer 

Figure 3.18 Schematic diagram of a hybrid focal plane array. 

Because of the hybrid design, most infrared FPAs have different performance 

characteristics than CCD detectors. The uncertainty in the measurement of the integrated 
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charge, called the read noise (Nr), is greater for hybrid FPAs because of the extra 

amplifier in each pixel and the multiplexed output. However, a non-destructive readout 

(NDRO) capability is incorporated into many infrared FPAs as a noise reduction strategy. 

By repeatedly and non-destructively re-reading the accumulated charge, a theoretical 

improvement in the signal to noise ratio equal to •>y/N is achieved where N is the number 

of times the signal is read. Hybrid focal plane arrays are also inherently non-blooming. 

Since no charge is transferred as in a CCD, the pixels are physically isolated from 

adjacent pixels. Therefore, accumulated charge in a brightly illuminated pixel cannot spill 

into adjacent pixels. 

At the time of the construction of the near-infrared imaging spectrometer, the 

commercially available infrared FPAs were primarily designed for either infrared 

astronomy or for thermal imaging. These two applications require infrared FPAs with 

differing performance characteristics. 

Infrared FPAs fabricated for astronomy are designed to look at dim stars in the night 

sky and are therefore highly sensitive detectors with a limited full well capacity and very 

low noise. Under these conditions, the detection limit is directly dependent on the read 

noise (assuming no background) as shown in Equation 3. 

DL = k*N^ Equation 3.17 

where DL is the detection limit, Nr is the read noise and the value of k is selected 

depending on the required confidence level. Consequently, the ROICs used in infrared 

FPAs for astronomy have very low read noise, high gain and low full-well capacities. 
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Infrared FPAs for astronomy also use high quantum efficiency photo-active materials 

with HgCdTe (QE>65%)^^^ and InSb (QE>70%)^^^ most commonly used. These devices 

tend to be very expensive, particularly for the larger pixel formats. 

Infrared FPAs used in thermal imaging applications such as surveillance, forward 

looking infrared (FLIR) and thermography have full well capacities an order of 

magnitude or more greater than the available scientific devices with a corresponding 

increase in read noise and dark current. The nominal frame rate of FPAs used in thermal 

imaging applications is much higher (60 Hz) than those used in scientific applications 

(10-20 Hz). 

For absorbance applications, as in the case of the near-infrared hyper-spectral 

imaging system, it is desirable to have a detector with a large full well capacity as the 

minimum detectable absorbance (assuming no background) is given by Equation 3.18:'^'^ 

where ^rnin is the minimum detectable absorbance and Qsat is the full well capacity. 

For this reason, the detector chosen for the near-infrared imaging spectrometer was a 

platinum silicide (PtSi) focal plane array (Boeing, model PtSi3100A) originally designed 

for surveillance applications. Parameters of the PtSi3100A are summarized in Table 3.3. 

This FPA was chosen despite PtSi having a relatively low quantum efficiency (<10%)'^^ 

because of the large full well capacity, high response uniformity and high operability of 

the PtSi3100A. Other factors that influenced the decision to use this FPA were the ease of 

operation (2 clocks) and the relatively low cost of -$6000 per chip. 

Equation 3.18 
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Table 3.3 Details of the PtSi3 lOOA Hybrid Focal Plane Array.'^^ 

Array format 324 by 240 pixels 

Spectral response 1 to 5 fj. 

Fill factor > 70 % 

Operability > 99.92% 

Full well capacity > 6.5x10^ electrons 

Pixel size 30 by 30 |i 

Nominal frame rate 60 Hz 

Response uniformity < 4% RSD 

Operating temperature <80K 

NDRO capability No 

Read noise^^^ -500 e" 

3.1.4.2 Near-infrared Camera Dewar 

The dewar that housed the PtSi3 lOOA FPA was provided by Frank Low/Infrared 

Laboratories (Tucson, AZ) and is shown in Figure 3.19. Liquid nitrogen is held in two 

concentric reservoirs (this dewar was originally designed to hold liquid helium) with the 

FPA attached to the cold surface of the inner reservoir and a cold shield attached to the 

outer reservoir. A cold shield is necessary to block the thermal emissions from the room-

temperature dewar walls. A cooled, short-pass filter with a cutoff of 2.3 p. is placed in 
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front of the FPA to block light with wavelengths outside the tunable range of the AOTF. 

Zinc selenide, which is transparent in the 0.6-16 |j. wavelength region, was chosen for the 

dewar window. 

Filling port for 
outer reservoir 

ZnSe —I 
Window 

Cold finger 
assembly 

PtSi FPA 

Cold 
Shield y 

Filter 

Inner reservoir 

Outer reservoir 

Filling port for 
inner reservoir 

Figure 3.19 Near-infrared camera dewar. 

3.1.4.3 Near-infrared Camera Electronics 

The electronics used to provide the clocking for the FPA, digitization of the FPA 

output and the computer interface were provided by Infrared Laboratories (Tucson, AZ) 

and were originally designed by Dr. Robert Leach at the San Diego State University 

Astronomy Department. Programming of the electronics was also provided by Dr. Robert 

Leach. The interface board connecting the FPA to the electronics inside the dewar was 

constructed by hand in the laboratory. 
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During the development of the camera, a functional reject PtSiSlOOA was used in 

place of the purchased array. The functional reject is a fully functional array that has a 

large area of non-functional pixels as shown in Figure 3.20. 

Figure 3.20 PtSi3100A functional reject operability map. The black pixels are non
functional. 

Initial efforts in getting the functional reject to respond to light were successful, 

although the noise was much higher than expected. Further improvements in the camera 

system, including corrections to the clocking software and improved shielding of the 

cable connecting the camera to the electronics, improved the noise performance slightly, 

but not to the manufacturers specifications. Replacing the functional reject with the fully 

functional PtSi3100A did not improve the noise performance of the camera system and 

attempts to use the camera in the near-infi'ared imaging spectrometer at this time were 

hampered by the poor signal-to-noise ratio. 
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The source of the degradation of the noise performance was identified after many 

months of investigation when it was noticed that every non-functioning pixel that 

appeared saturated (hot pixels) was displayed as two adjacent hot pixels. It seemed 

unlikely that every defect in the array was exactly two pixels wide. Tracing the output of 

the FPA through the analog portion of the electronics revealed that the value of a 

capacitor in the feedback loop of one of the operational amplifiers (op-amp) was too 

large. A simplified circuit diagram of the analog portion of the camera electronics is 

shown in the top of Figure 3.21, and the signal of a hot pixel at several points along the 

circuit is shown at the bottom. 
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Figure 3.21 Analog portion of the camera electronics. 

Op-amp 1 is a non-inverting amplifier with unit gain, op-amp 2 is an inverting 

amplifier with unit gain and op-amp 3 is a non-inverting amplifier with a gain of two. 

The trace in the bottom of Figure 3.21 shows that output of op-amp 2 is distorted because 

the value of capacitor CI is too large. This distorted signal causes the hot pixel to appear 

two pixels wide at the output of the sample-and-hold. Op-amp 3 then amplifies the signal 
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before it is digitized. By replacing capacitor CI with a smaller value capacitor, the 

distortion was removed and the noise performance of the PtSi3 lOOA was greatly 

improved. As a final step, a simple voltage follower was added to the interface board 

between the output PtSiBlOOA and the camera electronics, as shown in Figure 3.22, to 

further improve the noise performance of the near-infrared camera. 

Output of PtSi3100A > To camera electronics 

Figure 3.22 Preamplifier with unit gain that was added between the output PtSi3 lOOA 
and the camera electronics. 

3.2 Near-infrared Imaging Spectrometer Characterization 

3.2.1 Determination of the Dark Current, Read Noise and Gain of the Near-infrared 
Camera System. 

The initial characterization of the near-infi-ared camera system was to determine if the 

focal plane array response was linear with the integration time used. During experiments 

where the camera system was viewing a room temperature scene (-300 K), it was noticed 

that the full-well capacity of the FPA was reached much sooner than blackbody 

calculations indicated. The fully functional PtSi3100A reached full well capacity after 
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approximately one second of integration whereas the functional reject PtSiSlOOA reached 

full well after approximately ten seconds. 

To determine if this was the result of FPA dark current, the filter in the dewar was 

replaced by a solid aluminum disk (Figure 3.19). In this way the FPA detector was 

completely enclosed by a metal shield at a temperature of 77 K. Blackbody calculations 

indicated that the number of thermal photons emitted from the cold shield in the 1-5 fj, 

wavelength range was negligible, and therefore the only signal recorded by the FPA 

would be the result of dark current. The mean signal for a 50x50 pixel sub-array as a 

function of integration time for the functional reject PtSi3 lOOA is shown in Figure 3.23. 

As indicated by the slope of the regression line in Figure 3.23, the dark current for the 

functional reject is -3380 ADU per second. To convert this number to electrons per 

second, the gain of the near-infrared camera system had to be determined. 
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Figure 3.23 Dark current as a function of time for the functional reject PtSi3 lOOA. 

The system gain and read noise of a near-infrared camera can be determined by a 

constructing a mean-variance plot. The mean-variance analysis is based on the statistics 

of photon emission and detection. Photon emission is a stochastic process and the 

probability of the arrival times of a photon can be approximated by a Poisson 

distribution. It is assumed that each emission of a photon is a random event and is 

unrelated to the emission of any other photon. The probability distribution of emitted 

photons is given by:^^*^ 

Equation 3.19 
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where Pt(n) is the probability of n photons being emitted (or detected) in time interval t 

and is fi the mean number of photons emitted (or detected) in time interval t. Equation 

3.19 is valid for short and long time intervals and can be applied to integrating detectors. 

If photon shot noise were the only contribution to the overall variance, it would be 

relatively simple to describe the variance and the noise associated with each 

measurement. However, for the FPA considered here, variation in the signal is also 

produced by electrons spontaneously emitted from the photo-active material (dark 

current) and from the process of reading out the charge accumulated by the array (read 

noise). 

The output signal, S, of an FPA can be defined as a function of four parameters. The 

first parameter is the system gain, G, which is defined as the number of charge carriers 

detected per unit output signal and is usually measured in electrons per arbitrary digital 

unit (e7ADU). The second parameter is the number of electron-hole pairs created by 

photons from the light source, The third parameter is the number of electrons 

spontaneously emitted from the photo-active material through thermal processes, ed (ed is 

the dark current and is non-zero even when the source is off). The final parameter is the 

number of electron hole pairs apparently measured during an integration time of zero, 

S  = G(e^ + e ^ + e j  Equation 3.20 

An important aspect of Poisson processes is that the variance of a set of process 

values is equal to the mean of the values. There is no contradiction in units because the 

events being modeled are unitless. A proof of this relationship is given in the mean-
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variance paper by Sperline. If the arrival of photons at the detector is a Poisson 

process: 

CTg =e^ and S=Ge. Equation 3.21 

where crl is the variance of the number of electron-hole pairs created by source i, and e, 

is the mean number of electron-hole pairs created by source i and S the mean measured 

signal. 

The variance of the signal can be found by applying the Propagation of Errors 

formula^"^^ to Equation 3.20. The terms eg, e^, and €„ are independent random variables so 

there are no cross-terms. The variance is the measured signal is given by: 

f d S ^  
2 

2 f ^'"^1 

2 

2 (  d S ^  
2 

2 

UGJ 
cr^ Equation 3.22 

The gain of the system, G, is defined as the number of charge carriers detected per unit 

output signal and Equation 3.22 can be rewritten as: 

( J I  -  G ^ c t I  + G^CTI + G^crl + +e^+e^ Y .2 
'G Equation 3.23 

Assuming that the creation of electron-hole pairs by photons from the source and by 

the dark current are both Poisson processes, and that measurements are acquired under 

conditions where es + » Co, the mean signal is given by: 

i  =  Gfe+? , )=G(<rJ+<)  Equation 3.24 
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The read noise (Nr) is defined as , the standard deviation of There is no 

independent method for determination of cr^, so it is assumed to be zero, regardless of 

whether the detector has one preamplifier per array as in a CCD, or several as is the case 

with hybrid focal plane arrays. Therefore, any variance in gain appears in the read noise. 

Equation 3.23 can now be written in the form for the mean-variance analysis: 

a l  - G * S  +  G ^  * N ^  Equation 3.25 

To perform a mean variance analysis, repeated measurements are taken over a large 

fraction of the full well capacity of the device to determine sets of repeated points with 

set means and set variances. When the variances of the signal are plotted against the 

means of the signal, a straight line with a slope equal to the gain is obtained, modeled by 

Equation 3.25. After calculation of the gain, Nr is determined from the intercept. The 

units of gain as described above are arbitrary digital units per electron (ADU/e"). It is 

assumed in this analysis that Nr is independent of the quantity of charge present in any 

one pixel. 

Equation 3.25 is only applicable to the mean-variance analysis of a single pixel. With 

array detectors, a more rapid mean-variance analysis can be performed by analyzing a 

sub-array of pixels simultaneously. This method assumes that all of the pixels in the sub-

array are identical and there is no variation in gain or read noise from pixel to pixel. The 

sub-array must be uniformly illuminated, and should not contain any non-functional 

pixels. This method also assumes that there is no offset in the measured signal (i.e. an 

integration time of zero seconds gives a mean signal of zero). If an offset is present, the 
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mean values must be corrected by subtracting the mean value of the measured signal at 

an integration time of zero. 

In the mean-variance analysis presented here, two image frames were collected under 

the same illumination conditions. The mean signal was determined from the average 

values of the pixels in the sub-array for each image: 

where Sy is the mean value of the pixels in the sub-array for the first image and S2 is the 

mean value of the pixels in the sub-array for the second image. The second image was 

then subtracted from the first image to produce a difference image. The signal variance 

was then determined from the pixel values of the sub-array in the difference image. In 

this way, the fixed pattern noise present in the raw images, as shown in Figure 3.24, is 

subtracted out, ensuring that the measured signal variance is only a function of es, Cd, and 

60- However, since the signal variance was determined from the subtraction of two 

images, it will have a larger value than if the mean-variance analysis were performed on a 

single pixel. Assuming that the values of es, ed, and are the same in both images, 

Equation 3.23 must be rewritten as: 

Equation 3.26 

cj] = 2G + 2G + 2G + 2{e^ Jcr^ Equation 3.27 

which, after substitution, gives the mean-variance equation: 
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a s = G * S  +  G '  * N ^  Equation 3.28 
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Figure 3.24 Fixed pattern noise observed in the functional reject PtSi3100A for a 50 ms 
integration time. 

A mean-variance analysis for the functional reject PtSi3100A is presented in Figure 

3.25. The FPA was illuminated with a halogen lamp so that the photon signal was larger 

than the signal from the dark current. The data for the mean-variance plot was acquired at 

46 different integration times with 10 replicate measurements made at each integration 

time. Figure 3.26 is a graph of the mean signal as a function of integration time for the 

same experiment. The intercept of the regression line in Figure 3.26 was used to correct 

the mean values in the mean-variance plot where the plateau is the result of reaching the 
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full well capacity of the FPA. The slope of the mean variance plot was used to calculate a 

gain of 167 eVADU and the intercept gave a read noise of 740 e". Multiplying the gain by 

the mean pixel values obtained after the full well has been reached give a full well 

capacity = 6.6x10^ e". Mean variance experiments for the functional reject PtSiSlOOA 

were repeated five times and the results are summarized in Table 3.4. 
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Figure 3.25 A mean-variance plot for the functional reject PtSi3100A. 
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Figure 3.26 Mean signal as a function of integration time acquired during the mean-
variance experiment in Figure 3.25. 

Table 3.4 Summary of mean-variance results for the functional rej ect PtSi3100 A. 

Gain (cVADU) Read noise (e ) Full well capacity (e") 

Experiment 1 167 737 6.59E+06 

Experiment 2 166 741 6.53E+06 

Experiment 3 166 716 6.53E+06 

Experiment 4 165 730 6.51E+06 

Experiment 5 167 739 6.60E+06 

.Average 166 733 , . 6.55E+06 
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The mean value of the read noise obtained by this method is only slightly larger than 

the 500 e" quoted by the manufacturer, whereas the values for the full well capacity agree 

very well. 

Multipljdng the dark signal obtained from the slope in Figure 3.23 by the gain gives a 

dark current of 562,000 eVs for the functional reject PtSi3100A. This translates to a dark 

current of -5,600,000 eVs for the fully functional array. While the reason for the order of 

magnitude difference in dark current for the two arrays is unclear, the significantly 

smaller dark current of the functional reject made it better suited for use in the near-

infrared imaging spectrometer. The functional reject PtSi3100A was the detector used in 

all further characterization and research presented. 

3.2.2 Quantum Efficiency of the PtSi3100A 

The quantum efficiency (QE) is defined as the ratio of the number of detected 

photons to the number of incident photons. The determination of QE is usually 

accomplished using a monochromator equipped with an integrating sphere and a 

calibrated reference detector as shown by the block diagram in Figure 3.27. The 

integration sphere is used to provide the same illumination conditions to both the 

uncharacterized detector and a calibrated reference detector. The ratio of the 

uncharacterized detector response to that of the reference detector can then be used to 

determine the QE of the uncharacterized detector. 
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Figure 3.27 Block diagram of the apparatus used to determine quantum efficiency. 

Unfortunately, a suitable reference detector was unavailable so the QE of the 

PtSi3100A could not be experimentally determined. The QE curve supplied in the 

PtSi3100A application guide (shown in Figure 3.28) does not include QE information for 

most of the wavelength range of interest. However, a review of QE curves of other PtSi 

detectors indicates that the maximum QE of the PtSi3100A is unlikely to be greater than 

-10%. 
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Figure 3.28 Quantum Efficiency of PtSi3100A (reproduced from the PtSi3100A 
application guide). Q is the quantum efficiency and x is the transmission of 
the anti-reflection coating on the array. 

3.2.3 Wavelength Calibration 

Wavelength calibrated software for control of the acousto-optic tunable filter was 

supplied by the manufacturer (Brimrose Corp.). Wavelength calibration was confirmed 

by observing the argon emission lines from an argon filled rhodium hollow cathode lamp 

(HCL). The HCL was placed at the focus of the near-infrared imaging spectrometer, and 

the emission spectrum was recorded at wavelength intervals of 0.5 nm. The emission 

spectrum and wavelengths of selected argon lines from the CRC wavelength tables 

(vertical lines) are shown in Figure 3.29. 
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Figure 3.29 Emission spectrum of an argon filled rhodium hollow cathode lamp and the 
wavelengths of selected argon lines from the CRC wavelength tables 
(vertical lines) before wavelength calibration. 
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This analysis shows a discrepancy between the wavelength calibration as provided by 

the manufacturer and the wavelengths of the argon lines in the CRC tables. Using the 

software provided by the manufacture, it was possible to determine the RF frequency for 

each of the argon lines selected from the CRC tables. By plotting these frequencies 

against the true wavelength from the CRC tables for each emission line, the tuning curve 

shown in Figure 3.30 was produced. The tuning relationship for a non-collinear AOTF is 

given by Equation 3.12, which has been reprinted below: 

f„ = ^"^^ ( s in '+  s in '  10J' 

Assuming that the angle of incidence, 6i, and the acoustic velocity, are constants: 

fa^o = ) Equation 3.29 

because the refractive index terms, n,- and Ud, are functions of wavelength. The function 

J{Ao) can be estimated by non-linear regression offaAo plotted against Ag. The resulting 

regression equation, shown in Figure 3.30, was subsequently used for tuning the AOTF in 

TM 

the Lab View software developed to operate the near-infrared imaging spectrometer. 

The improved wavelength calibration is illustrated in Figure 3.31. 
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Figure 3.30 Tuning curve for the acousto-optic tunable filter. 
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Figure 3.31 Emission spectrum of an argon filled rhodium hollow cathode lamp and the 
wavelengths of selected argon lines from the CRC wavelength tables 
(vertical lines) after wavelength calibration. 
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3.2.4 Spectral Resolution of the Near-infrared Imaging Spectrometer 

The spectral resolution of the near-infrared imaging spectrometer was estimated from 

the emission spectrum of the HCL. Since the widths of atomic lines emitted from an HCL 

are on the order of a few picometers, the full width at half maximum (FWHM) of the 

lines measured with the near-infrared imaging spectrometer can be assumed to be solely a 

function of the bandwidth of the AOTF. The measured FWHMs of several isolated 

emission lines are presented in Table 3.5. The results agree quite well with the FWHM of 

4 nm at 1523 nm (17.2 cm"') measured by the manufacturer. 

Table 3.5 The measured full width at half maximum for several isolated argon 
emission lines. 

Peak Wavclcnglh (nm) I 'WI I .M (nm)  1" VVllM (cm"') 

1350.42 2.76 15.1 

1409.36 3.30 16.6 

1504.65 3.58 15.8 

1598.95 4.16 16.3 

1694.06 4.90 17.1 

1791.00 5.07 15.8 

1842.78 5.79 17.0 

2061.62 7.54 17.7 



138 

3.2.5 System Response Function of the Near-infrared Imaging Spectrometer 

The system response function is a function of the lamp emission profile, the 

transmission profiles of all the optical components, the diffraction efficiency of the 

ATOF and the quantum efficiency of the detector as a function of wavelength. The 

system response function was determined by configuring the near-infrared imaging 

spectrometer for transmission measurements (using the optical design described in 

Section 3.1.3.2) and measuring the average signal intensity with no sample in the beam 

path. The normalized system response curve is shown in Figure 3.32. 
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Figure 3.32 System response function of the near-infi-ared imaging spectrometer. 
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As can be seen in Figure 3.32, a steep decline in signal intensity is observed after 

-1950 nm. To determine if the decline in signal intensity was the result of a decrease in 

detector quantum efficiency, the near-infrared camera was replaced with a calibrated 

radiometer and the experiment was repeated. The system response function measured 

with the radiometer is shown in Figure 3.33. 
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Figure 3.33 Radiometer response. 

The steep decline in signal intensity was also observed using the radiometer. Neither 

the emission profile of the source nor the transmission of the CaF2 optics have any 

features to explain the decrease in signal. Therefore, it was concluded that the reduction 

in signal at wavelengths greater than -1950 nm was due to a decrease in diffraction 

efficiency of the AOTF. Regardless of the source, the decrease in the system response 
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function effectively reduces the wavelength range of the near-infrared imaging 

spectrometer to 1300-1950 nm. Unfortunately, this means that the relatively strong C-H 

deformation modes at 2000-2300 nm cannot be observed. 

3.2.6 Estimation of Dynamic Range. 

Several factors served to decrease the signal-noise-ratio of measurements made using 

the near-infrared imaging spectrometer. These include: 

1. The large dark current and relatively low quantum efficiency of the PtSi31OOA 

detector limit the signal that could be measured. 

2. The collection optics needed to operate at relatively low F-number (~F/10) to be 

compatible with the acceptance angle of the AOTF. 

3. Most measurements were made by diffuse reflectance, which resulted in a large 

portion of the incident radiation being scattered away from the collection optics. 

To give an idea of the combined magnitude of these effects, the instrument dynamic 

range was estimated for the experiments presented in Chapters 4 and 5. These 

experiments used the optical train described in Section 3.1.3.2. In the best case scenario, 

the only sources of noise in the blank (no sample present) are the dark current shot noise 

and the read noise of the FPA. Assuming the dark current is a Poisson process, the dark 

current shot noise Nd is given by: 
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Equation 3.30 

where is the dark current in eVs and t is the time in seconds. The minimum detectable 

signal in ADU is equal to three times the standard deviation of the blank: 

where cis the standard deviation of the signal in ADU, Nr is the read noise in e and G is 

the gain in ADU/e". Under the conditions used in the experiments presented in Chapters 4 

and 5, the signal for a 98% reflective Spectralon® reflectance standard at 1600 nm (the 

maximum of the system response function) was approximately 500 ADU/s. Using this 

value to calculate the signal for a hypothetical 100% reflective material, the dynamic 

range can be estimated by dividing this signal by the minimum detectable signal from 

Equation 3.31. The estimated dynamic range as a function of integration time is shown in 

Figure 3.34. 

Equation 3.31 
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Figure 3.34 Theoretical dynamic range as a function of integration time at 1600 nm. 

At an integration time of 5 seconds, which was typically used in the experiments, 

calculations gave the maximum dynamic range as less than 80. However, in real 

experiments, other sources of noise such as lamp flicker, drift in camera response, 

variations in thermal emissions from the AOTF and other sources of environmental noise 

served to reduce the dynamic range further. 

It can be shown from the same set of calculations (Figure 3.35) that the dark current 

shot noise is the dominant source of noise in the measurement of a 100% reflective 

material using an integration time of 5 seconds. Attempts to improve the signal-to-noise 

ratio using a more intense light source were unsuccessful because the significant increase 

in sample heating that occurred made it difficult to accurately measure the volatile 

organic compounds used as the non-aqueous phase liquid. 
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Figure 3.35 Contributions of noise sources as a function of integration time. 

Signal averaging of multiple image frames was also investigated. Given that the 

integration time used was 5 seconds, the acquisition of a low resolution spectrum 

consisting of 66 wavelength points requires ~6 minutes. The multivariate calibration and 

validation in Chapter 4 required a minimum of 50 samples which translates into a 

complete analysis time of greater than 6.5 hours. To reduce the noise by a factor of two, 

four image frames have to be averaged for each wavelength, which translates into an 

acquisition time for the data set of more than 26 hours. With multivariate data analysis 

techniques, it is desirable to measure all of the calibration samples in a single session to 

minimize the effects of instrumental drift and changes in instrument response. Therefore, 

it was concluded that averaging image frames was not a feasible method for improving 

the signal-to-noise ratio. 

Dark Current Shot Noise 

Photon Shot Noise 

Read Noise 
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3.3 Conclusions 

The design and characterization of the near-infrared imaging spectrometer has been 

presented. Measurements showed that the dark current of the function reject PtSiSlOOA 

detector was an order of magnitude lower than that of the fully functional PtSiSlOOA. 

Consequently, the functional reject was used as the detector for the research presented 

herein. A mean-variance analysis was used to determine that the near-infrared camera 

system had a average read noise of 733 e", a gain of 166 eVADU and a full well capacity 

of 6.6x10'' e". 

In the optical design employed, the AOTF was located near an intermediate image 

plane to prevent a wavelength-dependent image shift. The system response function 

revealed that the useable wavelength range of the near-infrared imaging spectrometer was 

limited to 1300-1950 imi. The spectral resolution of the near-infrared imaging system 

(expressed as the full-width at half maximum of the AOTF bandwidth) was 

approximately 16.5 cm"'. 

Analysis of the of the noise sources in the near-infrared imaging spectrometer showed 

that the dark current shot noise was the dominant source of noise in the measurements 

presented in this research. Estimates placed the dynamic range of the near-infrared 

imaging spectrometer at less than 2 orders of magnitude. 
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4 MULTI-COMPONENT CALIBRATION IN CONTAMINANT TRANSPORT 
MODELS BY NEAR-INFRARED IMAGING SPECTROSCOPY 

4.1 Introduction 

The goal of these studies was to evaluate the performance of the near-infrared 

imaging spectrometer for the quantitative detection of non-aqueous phase liquid (NAPL) 

constituents in model systems used to study the dissolution and transport of contaminants 

in soil and groundwater. In order to make an accurate assessment of the capabilities of the 

near-infrared imaging spectrometer, experiments were conducted in a system comparable 

to those currently being studied in the field of contaminant transport hydrology. The 

system chosen was based on the contamination of soil and groundwater by petroleum 

leaking from an underground storage tank. 

Underground storage tanks (UST) are primarily used for the storage of petroleum for 

either retail purposes, such as service stations and convenience stores, or for non-retail 

purposes, such as fleet service operators and local governments. Until the mid-1980s, 

most underground storage tanks were made of bare steel that is subject to corrosion. 

Corrosion of USTs can cause the contents of these tanks to be released into the 

environment as illustrated in Figure 4.1. The greatest potential hazard posed by leaking 

underground storage tanks is that petroleum may seep into the soil and contaminate the 

groundwater, the source of drinking water for nearly half of all Americans. Leaking 

underground storage tanks may also present other environmental hazards such as fires or 

explosions. 
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When the federal underground storage tank program began in the mid-1980s, there 

were approximately 2.1 million underground storage tanks containing hazardous 

substances. From these tanks, over 418,000 releases of hazardous materials into the 

environment have been confirmed. Of these releases, 150,000 sites still need remediation 

at an average cost of $125,000 per site. 

Underground 
storage 

tank 

Vadose Zone 

Aquifer: 

Figure 4.1 Hypothetical leaking underground storage tank used as the basis for the 
evaluation of the near-infrared imaging spectrometer. 

The experiments presented in this chapter were designed to evaluate the performance 

of the near-infrared imaging spectrometer for the quantitative determination of individual 

petroleum components present in two separate systems, each based on a hypothetical 

leaking underground storage tank. In the first system, ethylbenzene and toluene were 

used to model petroleum contamination of the vadose zone The second system used 

benzene and toluene to model petroleum contamination in an aquifer. 
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4.2 Experimental 

4.2.1 Materials 

The unconsolidated porous media used to model the soil was 40/50 mesh Accusand, a 

silica sand from Unimin Corp. (LeSueur, Minn.). The chemical components of the model 

petroleum used as the NAPL were benzene (GR grade, EMD Chemicals), toluene (A.C.S. 

spectrophotometric grade, Aldrich) and ethylbenzene (99% pure, Aldrich). A piece of 

alumina ceramic was used as the reference for all of the spectra acquired with the near-

infrared imaging spectrometer in this chapter. 

4.2.2 Instrumentation 

4.2.2.1 Optical Sample Vials 

The samples consisted of sand wetted with volatile organic compounds, so the 

standard practice of transferring each sample into a single cuvette for analysis was 

determined to be impractical due to the consistency of the samples and the evaporation 

losses that would occur during sample transfer. To overcome this problem, a set of 

sample vials were designed that could serve for sample preparation and storage as well as 

for spectroscopic analysis. As depicted in Figure 4.2, septum vial caps were modified by 

epoxying a 22 mm, # 2 microscope slide coverslip to the face of the cap (without the 

septum) to produce a vial cap with an optically flat window. The sand and NAPL 
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components were then sealed in the vial with a viton o-ring and the modified cap. 

Evaporation losses were minimized using these vials because a single, sealed container 

was used for sample preparation, mixing and analysis. Any variations encountered in the 

optical properties of the modified vial caps were corrected for by the use of multivariate 

calibration techniques as described in Section 4.2.4.1. 

# 2 Microscope slide cover slip 

Septum cap 

Viton o-ring 

Sample vial 

Figure 4.2 Sample vials with optically flat windows. 

For diffuse reflectance measurements, a sample vial was placed in an inverted 

position (window facing downward) in the sample holder shown in Figure 4.3. The 

aperture at the bottom of the sample holder, which the window of the sample vial rests 

against, was slightly larger than the 14 mm diameter of the opening in the septum cap. A 

45° mirror was used to direct the light from the lamp on to the sample and to allow the 

diffusely reflected light to be collected by the imaging spectrometer. 
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Figure 4.3 Sample holder used with the modified sample vials. 

4.2.2.2 Simultaneous Background Correction 

The sample holder also facilitated the use of a simultaneous background correction to 

remove the effects of noise sources such as lamp flicker and camera drift. This was 

accomplished by painting the bottom of the sample holder with a reflective white paint, 

and using the painted region as a reference signal. Since lamp flicker and camera drift 

affected the measured intensity from both the sample and the reference equally, a 

corrected value for the sample reflectance could be obtained by calculating the ratio of 

the sample signal to the reference signal. As shown in Figure 4.4, the average pixel value 

in sub-array 1 was used for the sample signal whereas the average pixel value of sub-

arrays 2-5 was used as the reference signal. 
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• O 

Figure 4.4 Sub-arrays used for simultaneous background correction. The round area in 
the center of the image is the sample (looking through the window in the 
sample vial cap) and the outer area is the painted portion of the sample 
holder. 

4.2.3 Sample Preparation 

In order to be consistent with experiments conducted in contaminant transport 

hydrology, the calibration experiments presented in this chapter were designed with 

NAPL concentration expressed as percent saturation, defined as: 

n / o  •  V o l u m e o f N A P L  
% Saturation = — ——- x 100 Equation 4.1 

Pore Volume of Sand 

However, the pore volume determined for each sample was only an approximate value. 

The true NAPL concentration of each sample was determined gravimetrically in units of 

mg NAPL/g sand, and these were the concentration values used in experiments. 

All samples were prepared by placing 10.00 ± 0.25 g of sand in a sample vial and 

adding specified volumes of each NAPL component to produce a given NAPL saturation. 
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After the addition of all the sample constituents, the sample vial was sealed using the 

viton o-ring and the modified cap. The mass of each NAPL component was recorded and 

concentrations were calculated in units of mg/g sand. 

Initial mixing of each sample was performed using a vortex stirrer (Vortex Genie 2, 

VWR) to break up the clump of sand formed by the addition of the NAPL components. 

Next, the samples were shaken by hand with the occasional use of the vortex stirrer to 

loosen the sand collected at the ends of the vial during mixing. Finally, the vial was 

inverted and tapped repeatedly on a rubber mat to pack the sand mixture at the window. 

The sample was allowed to equilibrate at room temperature for 24 hours before analysis. 

4.2.4 Theory 

4.2.4.1 Multivariate Calibration and Prediction 

The near-infrared diffuse reflectance spectra for each of the model petroleum 

components after being mixed with sand are shown in Figure 4.5. The high degree of 

similarity in the spectra and the spectral overlap dictate that multivariate regression 

(calibration) techniques are necessary for the quantitative analysis of each component. In 

the following discussion of multivariate regression techniques, scalars are represented by 

italicized lowercase letters, vectors are represented by bold lowercase letters and matrices 

are represented by bold uppercase letters. 
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Figure 4.5 Normalized diffuse reflectance spectra of the pure components of the model 
petroleum as measured in Accusand by the near-infrared imaging 
spectrometer. 

Multivariate regression is the process of relating multiple instrument responses, such 

as multiple analytical wavelengths, to properties of a sample, such as analyte 

concentrations. Multivariate regression has several advantages over univariate methods 

including: 

1. It is possible to analyze for multiple components simultaneously. 

2. Multiple instrument responses can provide improved precision in prediction. 

3. Multiple instrument responses allow the detection of interferents. 

There are two main approaches to multivariate regression. For simple systems, where 

all of the variation in the instrument response can be accounted for explicitly, classical 

least squares (CLS) techniques can be employed. Applying CLS techniques in 

spectroscopy requires that the identities of all of the analj^es are known, their pure 
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component spectra can be obtained, the instrument response varies hnearly with analyte 

concentration and the spectra of analyte mixtures are linear combinations of the pure 

component spectra. If these conditions are met, the mixture spectrum is equal to a linear 

combination of the pure component spectra as given by: 

r = c * S Equation 4.2 

where the vector r is the spectrum of the mixture, c is a vector containing the 

concentration of each analyte in the mixture and S is a matrix containing the pure 

component spectra of the analytes. 

As with all regression techniques, the goal is to be able to predict the analyte 

concentrations (the c vector) from the spectrum of an unknown mixture (the r vector). To 

accomplish this, a CLS model is constructed by obtaining the pure component spectra for 

all analytes in order to create the S matrix. Prediction is then performed by solving 

Equation 4.2 for c: 

c = S^r Equation 4.3 

where c is a vector containing the predicted concentrations, the vector r is the spectrum 

of the unknown mixture and is the pseudo-inverse of S which is defined as: 

=  ( S ^ S ) E q u a t i o n  4 . 4  

where the superscript T denotes the matrix transpose and the superscript -1 denotes the 

inverse of a matrix. 
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For systems that are more complex, in which the variation in the instrument response 

cannot be accounted for explicitly or the pure component spectra cannot be obtained, 

inverse least squares (ILS) techniques are used. ILS differs from CLS in the manner in 

which the relationship between the instrument responses and analyte concentrations are 

modeled. In ILS methods, the analyte concentrations are treated as a function of the 

responses (spectra) of a set of calibration samples as described by: 

c = Rb Equation 4.5 

where the vector c contains the analyte concentrations, R is a matrix of measured 

responses and b is a vector of model coefficients. The advantage of this approach over 

CLS is that it is possible to predict the concentration of a given component even if 

unknown chemical and/or physical sources of variation are present. However, for ILS 

techniques to be successful, the measurement system must be able to distinguish the 

component of interest from other sources of variance, the instrument response must be 

sufficiently linear with concentration and the calibration experiments must be carefully 

planned. 

While it is not necessary to explicitly account for all sources of variation when 

designing calibration experiments, it is necessary to ensure that all significant sources of 

variation are represented during calibration. Any source of variation that is not 

represented during the calibration phase will not be implicitly included in the ILS model. 

As an example, consider a mixture of two components, A and B, where component A 

displays a wavelength shift in its absorbance spectrum as the temperature is changed. If 
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the cahbration experiments are performed at a constant temperature of 25°C, the resulting 

ILS model will only accurately predict the concentration of component A in an unknown 

sample when the unknown sample is also at 25°C. However, if the calibration 

experiments are performed over a range of temperatures, the concentration of component 

A in an unknown sample can accurately be determined over the same range of 

temperatures. 

Once the calibration experiments are complete, the model coefficients can be 

determined fi-om the concentrations and spectra of the calibration set by: 

* "4" where b is a vector of the estimated model coefficients, R is the pseudo-inverse of the 

matrix of calibration spectra and the vector c contains the analyte concentrations of the 

calibration samples. The regression vector can then be used to predict the concentration 

of a given analyte in an unknown sample by: 

where c is the predicted concentration of an analyte and the vector Vunk is the spectrum of 

the unknown sample. 

The key to building ILS models is the calculation of R" ,̂ the pseudo-inverse of R. 

Recall from Equation 4.4, the pseudo-inverse is defined as: 

b = R c Equation 4.6 

Equation 4.7 
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R"^ = (r^r) 'R^ Equation 4.8 

However, the matrix R^R cannot be directly inverted. In order for this matrix to be 

inverted, the number of samples would have to exceed the number of variables 

(wavelengths), which is generally not the case in spectroscopy. 

In order to solve Equation 4.6, ILS techniques apply a transformation that allows the 

pseudo-inverse to be calculated. The method of this transformation is what distinguishes 

the different ILS methods. The three most popular ILS techniques, multiple linear 

regression (MLR), principal components regression (PGR) and partial least squares (PLS) 

each use a different transformation. MLR makes the inversion of the matrix R R possible 

by using only a subset of the original variables. Since this technique only uses a few of 

the original variables, MLR is referred to as a partial spectrum technique. PGR and PLS 

reduce the number of variables by replacing them with linear combinations of the original 

variables, called factors, and then using a small number these factors to make the matrix 

inversion possible. Since these factors are determined from all of the original variables, 

PGR and PLS are referred to as full spectrum techniques. 

PGR and PLS differ in the way the factors are calculated. PGR calculates factors that 

describe maximum variance in the R matrix (the calibration spectra), and the 

concentration information, the vector c, is used during the estimation of the model 

A 

coefficients, b. In PLS, the factors are calculated so they describe the maximum variance 

in the R matrix that is correlated with the concentration information in the vector c. In 

A 

this way, the factors used to determine the model coefficients, b, are those which have the 



157 

strongest correlation to the analytes of interest. For this reason, PLS has become the 

dominant multivariate regression method in analytical chemistry. PGR and PLS each 

have several algorithms that can be used to calculate their corresponding factors. These 

algorithms have been extensively documented in the literature,and it is beyond the 

scope of this document to reproduce them here. 

PLS was chosen as the multivariate regression technique for the research presented in 

this chapter. As shown in Figure 4.5, the near-infrared diffuse reflectance spectra of the 

model petroleum components show a high degree of similarity and spectral overlap. PLS 

was the technique most likely to produce a stable calibration model under these 

conditions. In addition, the improved precision in prediction resulting from the use of a 

fiill-spectrum technique somewhat offsets the relatively low signal-to-noise ratio of the 

measurements presented in this research. 

4.2.4.2 Linearity Transformations 

The multivariate calibration techniques used in this research require a linear 

relationship between instrument response and analyte concentration. In transmission 

measurements, for example, a linear relationship with concentration is obtained using 

Beer's law. The most theoretically rigorous linearity transformation commonly used for 

diffuse reflectance measurements is the Kubelka-Munk function defined in Section 

2.2.4.1, Equation 2.18 and reprinted below: 
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S 2R ' 

However, for diffuse reflectance measurements in the near-infrared spectral region, a 

Beer's law type relationship: 

c oc log(l / i?) Equation 4.9 

is more frequently employed despite the fact that no functional relationship between the 

concentration, c, and log(l/i?), called the pseudo-absorbance, has been developed. 

It is generally accepted that the Kubelka-Munk function is an approximation only 

v a l i d  i n  t h e  l i m i t i n g  c a s e  o f  w e a k l y  a b s o r b i n g  b a n d s  i n  a  n o n - a b s o r b i n g  m a t r i x . F o r  

many real world samples, where the matrix often absorbs as strongly as the analyte, the 

pseudo-absorbance provides a better linear relationship than the Kubelka-Munk 

• 103 function. In addition, the Kubelka-Munk equation was derived in terms of absolute 

reflectance whereas most near-infrared diffuse reflectance measurements are made 

relative to a reference sample, often a ceramic disk, that is less than 100% reflective. The 

log(l/i?) transformation does not require measurements to be made in terms of absolute 

reflectance since each application involves the use of a unique empirically derived 

1/1/1 

equation. 

Both the Kubelka-Munk function and log(l/i?) were investigated as linearity 

transformations for the research presented in this chapter. While neither transformation 

produced a completely linear relationship with analyte concentration, the deviation from 

linearity was less for log(l/i?) than for the Kubelka-Munk function. PLS can compensate 
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for a non-linear response to some extent by building a more complicated model 

containing more factors than would be necessary for a system with a linear response. 

However, as the deviation from linearity increases, more factors are necessary to build 

the PLS model which degrades the predictive ability of the model. Therefore, for the 

research presented here, the near-infrared diffuse reflectance spectra have been converted 

to log(l/i?) before modeling by PLS. 

4,3 Results and Discussion 

4.3.1 Sample Parameters 

To create calibration samples which are representative of real world conditions and 

which satisfy the assumptions of the Kubelka-Munk theory of diffuse reflectance, several 

parameters had to be determined before samples could be prepared. The next three 

sections describe the experiments used: 

1. to determine the bulk density and the porosity of the sand 

2. to determine the sample thickness necessary to satisfy the assumption of infinite 
optical thickness 

3. to verify that the lateral extent of the sample is much greater than the sample 
thickness and the diameter of the incident light beam 
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4.3.1.1 Bulk Density and Porosity 

An estimate of the bulk density and pore volume of the sand was accomplished by 

placing 5 mL of water in a 10 mL graduated cylinder and slowly adding a known mass 

(approximately 10 g) of sand. The sand was added slowly to avoid trapping air bubbles 

and to prevent it from sticking to the walls of the graduated cylinder. During the addition 

of the sand and the subsequent measurements, the graduated cylinder was disturbed as 

little as possible to maintain the loose packing of the sand grains. After the addition of the 

sand, the volume of the sand and the total volume (water and sand) were noted. The bulk 

density for the loose packed state was determined from the mass and volume of the sand. 

The volume of the pore space was determined from the difference between the volume of 

water above the level of the sand and the initial 5 mL of water. The porosity was then 

determined as the ratio of the pore space volume to the total volume of the sand. To 

obtain values of the bulk density and porosity of the sand in a tightly packed state, the 

graduated cylinder containing the water and sand was sonicated for 1 minute and the 

volumes were measured again. 

The bulk density and porosity of the sand were determined to range from 1.5 g/mL 

and 0.43% by volume respectively for the loose packed state to 1.8 g/mL and 0.31% by 

volume for the densely packed state. Typical values of the bulk density and porosity of 

the 40/50 mesh sand determined from flow cell experiments are 1.7 g/mL and 0.35% by 

volume respectively,which agree well with the calculated ranges reported above. 

Therefore, the values of the bulk density and the porosity were assumed to be 1.7 g/mL 

and 0.35% by volume respectively for all future calculations. 



4.3.1.2 Optical Thickness and Information Depth 

The sample thickness necessary to approximate a sample with infinite optical 

thickness was determined by the variable layer thickness (VLT) procedure described by 

Bemtsson et al.'^^' hi this procedure, diffuse reflectance measurements of the sample 

are acquired for several different sample thicknesses. The intensity of the reflected light 

increases as the sample thickness increases, until no further change in reflectance is 

observed. At this point, the sample is defined as being optically thick. The change in 

pseudo-absorbance (log MR) with increasing thickness can be described by an 

exponential decay of the form: 

3^ - Equation 4.10 

where >> is the pseudo-absorbance (log H R )  of the sample, x  is the sample thickness in 

terms of mass per unit area (mg/cm^) and yo, ̂  and t are constants. The value of yo is 

taken to be the pseudo-absorbance of an optically thick sample (log l/i?Qo). 

Once Rod is known, the VLT procedure also can be used to estimate the information 

depth of a sample. The information depth is defined as the depth of sample contributing 

to the measured reflected radiation and must be distinguished fi-om the true physical 

penetration depth of the radiation. For the measurements presented here, the information 

depth is defined as the sample thickness at which the measured reflectance is 95% of Roo. 

The sample cell used in all VLT measurements was a 3 inch long piece of glass 

tubing with an inner diameter of 19 mm, which had a # 2 microscope slide cover slip 

epoxied on one end. The sample cell was held in a vertical orientation at the focal plane 
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of the near-infrared imaging spectrometer using the sample holder depicted in Figure 4.3. 

Sand was added to the sample cell in -0.25 g increments to ensure that each addition was 

at least a complete layer of sand as calculated from the bulk density. Measurements were 

made at a wavelength of 1600 nm, which corresponds to the maximum in the system 

response curve to provide the best signal-to-noise ratio. 

For the model vadose zone system, VLT measurements were performed using dry 

sand. For the model aquifer system, the sample cell was half-filled with water before the 

addition of dry sand. Since no other absorbing compounds (e.g. NAPL) are present, these 

measurements represent the maximum values of the optical thickness and information 

depth for each system. The addition of absorbing compounds will decrease these values 

accordingly. 

The results of the VLT experiments are shown in Figure 4.6 for the model vadose 

zone system and Figure 4.7 for the model aquifer system. Non-linear regression was used 

to fit the data to Equation 4.10. 
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Figure 4.6 Variable layer thickness (VLT) measurements for the model vadose zone 
system. 
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Figure 4.7 Variable layer thickness (VLT) measurements for the model aquifer system. 
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The dashed line in the graphs represents the pseudo-absorbance for the infinite optical 

thickness of the samples as calculated from the non-linear curve fit to Equation 4.10. 

These measurements indicated that a minimum sample thickness of approximately 0.8 

g/cm^ or, dividing by the bulk density, 5 mm was necessary to achieve infinite optical 

thickness for both the model vadose zone system and the model aquifer system. The 

dotted lines in the above graphs represent the psuedo-absorbance at 95% and the 

'y 

corresponding information depth in g/cm . The measured information depth for the model 

vadose zone system was 0.41 g/cm or 2.4 mm while the measured information depth for 

the model aquifer system was only slightly less at 0.38 g/cm or 2.2 mm. 

Having determined the porosity of the sand and the sample thickness necessary for 

infinite optical thickness, samples with specific NAPL saturations could be prepared. It 

was determined that the pore volume of 10 g of sand was large enough to allow the use of 

pipets to add the NAPL components, while satisfying the condition of infinite optical 

thickness and leaving enough head-space in the vial to allow adequate mixing. 

4.3.1.3 Lateral Extent of the Sample 

An important assumption of the Kubleka-Munk theory of diffuse reflectance (Section 

2.2.4.1) is that the lateral extent of the sample is much greater than the sample thickness 

and the diameter of the incident light beam. The opening of the sample vials, as described 

in Section 4.2.2.1, was 19 mm which was sufficiently large compared with the measured 

sample thickness of 5 mm necessary for infinite optical thickness. 
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Since the instrument designed for this research was an imaging system, the incident 

light beam was positioned so that it filled the field of view of the near-infrared imaging 

spectrometer. To satisfy the assumption that the lateral extent of the sample was greater 

than the incident light beam, a small sub-array of pixels at the center of the sample was 

averaged, as shown in Figure 4.8, to generate the sample spectrum. 

To ensure that this sub-array was sufficiently distant from the edges of the sample 

vial, a test sample cell was constructed by epoxying a #2 microscope slide coverslip to 

one end of a piece of Delrin® tubing which had the same inner diameter as the mouth of 

the sample vials (19 mm). The Delrin® has a strong absorbance at wavelengths greater 

than 1650 nm, as shown in Figure 4.9, which was used to indicate if the light measured in 

a given sub-array had interacted with the walls of the sample cell. 

Figure 4.8 Near-infrared reflectance image of sand sample at 1550 nm showing the sub-
array of pixels (the square labeled #1) averaged to generate the sample 
spectrum. The round area in the center of the image is the sample (looking 
through the window in the sample vial cap) and the outer area is the sample 
holder. 
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Figure 4.9 Near-infrared reflectance spectrum of Delrin®. 

Dry sand for the vadose zone system or water saturated sand for the aquifer system 

was placed in the sample cell and diffuse reflectance spectra were collected over the 

1550-1850 nm wavelength range. The size of the sub-array was then adjusted until the 

average spectrum of the sub-array did not show any spectral features of the Delrin® walls. 

For both systems, a 20x20 pixel sub-array located at the center of the sample showed no 

Delrin spectral features and allowed enough pixels to be averaged to significantly 

improve the signal-to-noise of the resulting spectrum. 
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4.3.2 Quantitative Determination of Petroleum Components Present in a Model Vadose 
Zone System 

The results of the experiments used to evaluate the near-infrared imaging 

spectrometer for the quantitative determination of the constituents of a NAPL mixture 

present in the vadose zone will now be presented. This system was modeled with 

mixtures of toluene and ethylbenzene, in a sand matrix at concentrations less than 

saturation. The near-infrared diffuse reflectance spectra of toluene and ethylbenzene at 

15% saturation in sand are shown in Figure 4.10. 
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Figure 4.10 Near-infrared diffuse reflectance spectra of toluene and ethylbenzene at 15% 
saturation in sand. 
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4.3.2.1 Calibration Design 

The design of the calibration sample set is crucial to the successful utilization of 

m u l t i v a r i a t e  c a l i b r a t i o n  t e c h n i q u e s .  T h e r e  a r e  m a n y  p a p e r s  i n  t h e  l i t e r a t u r e t h a t  

address the subject of multivariate experimental design for large or complex systems. In 

the system investigated here, the only controllable sources of variation were the 

concentrations of the two components in the model petroleum, toluene and ethylbenzene. 

This system was simple enough that a full factorial design could be employed. 

In a full factorial design, each chemical component is represented at k concentration 

levels. Samples are then made containing mixtures of the n components for every 

combination of the k concentration levels for a total of k" calibration samples. Generally, 

several concentration levels are necessary to obtain an accurate multivariate calibration 

model. Because of the additional complexity involved with diffuse reflectance 

measurements, a seven-level full factorial design was used to create the calibration 

sample set shown Figure 4.11. A maximum saturation of 15% for each component was 

chosen because in real-world contamination of the vadose zone, the total concentration of 

residual NAPL (NAPL trapped in the pore space) generally does not exceed 25-30% 

saturation. 
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Figure 4.11 Design of the calibration sample set for the vadose zone system. The black 
circles represent the sample set design, the gray squares represent the actual 
samples values used for calibration and the numbers to the upper right of the 
data points are the sample numbers. 

A single near-infrared diffuse reflectance spectrum was acquired for each calibration 

sample. The reflectance, R, was determined as the ratio of the reflected light intensity 

from the sample to the reflected light intensity of a piece of alumina ceramic used as a 

reference. Each spectrum was comprised of 66 wavelength points spaced at -16 cm"' 

over the 1550-1840 rmi wavelength range. Each data point was acquired with a 5 s 

integration time, and the total time required to collect the spectrum from a single sample 

was ~6 minutes. The near-infrared diffuse reflectance spectra of the calibration samples 

are shown in Figure 4.12. 
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Figure 4.12 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
vadose zone system. 

It can be clearly seen from the calibration spectra that there is a pronounced baseline 

shift towards higher absorbance as the concentration of the model petroleum components 

is increased. The baseline shift occurs over all wavelengths, even in regions where the 

ethylbenzene and toluene do not exhibit significant absorbance. This effect is not 

surprising considering that that sand, soils and other surfaces darken when wet. 

One possible explanation for the darkening of sand when it is saturated with a liquid 

is that the scattering efficiency of the sand particles changes as the refractive index of the 

interstitial space changes. For example, when the sand is saturated with water the 

refractive index of the interstitial space changes from 1.0 for air to 1.33 for water. 

However, for particles that are large compared with the wavelength of light, scattering 
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theory shows that the radiant power, P, scattered from an incident light beam of 

irradiance Fq by a sphere of radius r has an asymptotic value of: 

P = Equation 4.11 

which is independent of the refractive index of the medium surrounding the particles/̂ '' 

Therefore, the observed darkening cannot be explained by a change in scattering 

efficiency since the power redistributed as scattered radiation is approximately the same 

for the wet and dry sand. 

While the amount of scattered radiation is unchanged, the angular distribution of the 

scattered radiation is affected by changes in the interstitial refractive index. As the 

refractive indices of the sand and interstitial space become closer to equality, the angular 

distribution of the scattered radiation becomes more concentrated around the forward 

direction (the direction of the incident light beam).^^'^ When the refractive indices are 

exactly equal, the scattered radiation is entirely in the forward direction and the particles, 

assuming they are non-absorbing and have uniform optical properties, become invisible. 

This is the basis of immersion methods for refractive index determination. 

For a multiple scattering system such as sand or soil, the more forward scattering 

distribution produced on wetting means that a greater number of scattering events (a 

higher scattering order) is necessary for a photon to emerge from the sample in the 

backward direction (towards the detector). Since at each scattering event there is a finite 

probability of a photon being absorbed, more light will be absorbed for a wet sample and 
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the sample will appear darker than a dry sample. This effect is observed in diffuse 

reflectance spectra as a baseline shift towards higher absorbance. 

As a simple example, consider a hypothetical medium in which all photons are 

scattered at 30°, and therefore a minimum of four scattering events would be necessary 

for a normally incident photon to be detected. If the probability of absorption is 95%, the 

detected photons will have 0.95^* or 81.5% the intensity of the incident light. If the 

medium now scatters in a more forward direction so that all photons are scattered at 10°, 

a minimum of 10 scattering events is required for detection and the intensity drops to 

0.95"^ or 60% of the incident intensity. 

The above argument technically only applies to sand that is completely saturated with 

a liquid. In the calibration samples used here, the interstitial space contains both air and 

the model petroleum components, making the system more complicated. However, it is 

likely that much of the baseline offset observed in the calibration spectra can be attributed 

to an increasing forward shift in the angular distribution of the scattered radiation as the 

saturation of the petroleum components is increased. However, other factors may also 

influence the baseline offset because, as shown in Figure 4.13, the samples with lowest 

saturation (2.5%) show a negative baseline shift compared with completely dry sand. The 

negative baseline shift may be the result of variations in the packing densities of the sand 

grains in these samples. Another possibility is that the baseline shift is caused by the 

combined effect of light interacting with multiple interfaces (air-sand, air-organic, and 

organic-sand) within the sample. Further research is necessary to determine the 

mechanism(s) responsible for the baseline offsets observed in these samples. 
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Figure 4.13 Near-infrared diffuse reflectance spectra of calibration samples with low 
ethylbenzene saturation. 

4.3.2.2 Data Pre-Processing 

The negative baseline shift observed for samples with low petroleum saturations 

results in a pronounced non-linearity in the relationship between analyte concentration 

and log(l/i?). While PLS can compensate somewhat for a non-linear response, the 

calibration design did not adequately include this source of variation within the 

calibration data set. To overcome this problem, the calibration spectra were baseline 

corrected by subtracting the average spectral response over the 1550-1585 nm 

wavelength range for a given spectrum from each point in the same spectrum. The 

baseline-corrected calibration spectra are shown in Figure 4.14. 

0% saturation 
— 2.5% saturation 

5.0% saturation 
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Figure 4.14 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
vadose zone system after baseline correction. 

Fourier transform filtering using a rectangular window was also applied to the 

calibration spectra to improve the signal to noise ratio. As shown in Figure 4.15, the 

window width of the filter was chosen so that the filtered spectrum retained the spectral 

features of the original spectrum. 
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Figure 4.15 Near-infrared diffuse reflectance spectrum of calibration sample 25 before 
and after Fourier transform filtering. A 0.01 unit vertical offset was added to 
the filtered spectrum for clarity. 

Before modeling with PLS, the calibration spectra were also "mean-centered" by 

subtracting the mean of all the spectra from each individual spectrum as shown in Figure 

4.16. Mean centering is performed because PLS attempts to correlate the relative change 

in the spectra to a corresponding change in the constituent concentrations and does not 

use the absolute relationship between these quantities. Therefore, mean centering can be 

thought of as a method for removing redundant information and enhancing the sample-to-

sample differences within the data set. 
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Figure 4.16 Near-infrared diffuse reflectance spectra of the calibration sample set after 
pre-processing and mean-centering. 

4.3.2.3 Partial Least Squares Calibration 

The partial least squares model for this system was calculated from the baseline 

corrected calibration data using the PLS Toolbox from Eigenvector Research running 

under Matlab 6.0 (The Mathworks Inc.). Table 4.1 shows the percentage of the variance 

explained by the PLS model for both the spectral data and the concentration data. The 

first column is the number of factors, called latent variables (LV) in PLS, included in the 

model. The second and third columns are the cumulative percentage of the total variance 

explained, for the spectral data and concentration data respectively, with the addition of 

each successive LV to the model. The spectral variance can be thought of as a measure of 

the number of LVs that would be necessary to reproduce the calibration to a given degree 
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of accuracy. The concentration variance can be interpreted as a measure of the number of 

LVs necessary to explain the relationship between the sample concentration and the 

sample spectra. Table 4.1 shows that almost all of the spectral variation is explained 

using a single latent variable, while four latent variables are necessary to explain the 

majority of the concentration variance. If the system were ideal, only two latent variables 

would be necessary to explain all of the variation in this system since there are only two 

chemical components, ethylbenzene and toluene, with variable concentrations. The 

additional latent variables necessary to explain the concentration variance are most likely 

the result of the non-linear response between the analyte concentration and the log(l/i?) 

spectral data. As mentioned in Section 4.2.4.2, PLS can compensate for a non-linear 

relationship between analyte concentration and instrument response by including 

additional factors in the model. 

Table 4.1 Percent of the total variance explained by the PLS calibration model for the 
vadose zone system built using the baseline corrected calibration data. 

Percent variance explained by model 
LV Spectral Concentration 

1 97.14 45.65 
2 99.50 68.47 
3 99.76 85.50 
4 99.88 95.61 
5 99.93 96.35 
6 99.94 96.82 
7 99.95 97.33 
8 99.95 97.74 
9 99.97 97.94 

10 99.97 98.19 
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Determining the appropriate number of factors to include in the PLS model is an 

important step in model development. Models which contain too few LVs will not 

adequately represent the variation in the calibration data whereas models built with too 

many LVs will fit the calibration data well but will perform poorly when predicting new 

samples. To determine the optimum number of LVs to retain in the PLS model a cross-

validation is performed. Cross-validation is a process used to validate models in which 

the calibration data are divided into calibration and validation subsets. For this research, a 

"random-subset" cross-validation method was employed whereby the validation subset 

consisted of seven randomly selected samples. A PLS model constructed from the 

calibration subset is then used to predict the concentration values of the samples in the 

validation subset. This process is repeated using different calibration and validation 

subsets until every sample has been included in a validation subset. The predictive ability 

of the PLS model, as a function of the number of LVs included in the model, is estimated 

from the root mean square error of cross-validation (RMSECV): 

where c, is the concentration of the rth validation sample, c, is the predicted concentration 

of the zth validation sample and ris is the number of samples. Plots of RMSECV vs. latent 

variables for ethylbenzene and toluene are shown in Figure 4.17. These plots show that 

the minimum error in cross-validation for both ethylbenzene and toluene occurs when 

five LVs are retained in the PLS model. 

Equation 4.12 
RMSECV -
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Figure 4.17 Root mean square error of cross-validation as a function of the number of 
latent variables included in the PLS model built using the baseline corrected 
calibration spectra. 

Having determined the optimum number of latent variables to retain, it was possible 

to estimate the predicative ability of the PLS model. As an initial estimate of the model 

performance, the concentrations of calibration samples as predicted by the PLS model 

were plotted against the known concentration for the calibration samples as shown in 

Figure 4.18. Ideally, the values are expected to fall randomly about a line of unit slope 

and zero intercept (the diagonal black line). This is the case for the data plotted in Figure 

4.18 with the exception of a few samples that lie far from the line. 

Ethyl benzene 
Toluene 
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Figure 4.18 Predicted concentration vs. known concentration for the 5 latent variable 
PLS model built using the baseline corrected calibration spectra. 

The predictive ability of the model can be estimated by the root-mean square error of 

prediction (RMSEP) which is the one-sigma (la) error in prediction. The calculation of 

the RMSEP is identical to the calculation of the RMSECV: 

RMSEP = !=1 Equation 4.13 

where c, is the known concentration of the /th sample, c, is the predicted concentration of 

the z'th sample and fis is the number of samples. The RMSEP for ethylbenzene was 1.8422 

mg/g sand and the RMSEP for toluene was 1.5318 mg/g sand. 
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As seen in Figure 4.18, the concentrations of some of the samples are not predicted 

well by the PLS model and these samples may be outliers. Outlier detection was 

performed using three diagnostic tests, which will be described here only briefly. 

The first outlier test, called the Q residual, indicates how well each sample conforms to 

the PLS model and is a measure of the variation of the data outside of the space defined 

by the LVs included in the model. Samples which have Q residual values that are much 

greater than the majority of the samples can be thought of as being outside the space 

defined by the model and are therefore outliers. The Q residual of the ith sample, Qi, is 

the sum of squares of the spectral residual, Ci, for the zth sample: 

Qi - Equation 4.14 

where Ci is the difference between the measured spectrum for the rth sample, ri, and the 

spectrum for the /th sample estimated from the PLS model, r;. 

Cj = fi - fj Equation 4.15 

The spectral residual contains the spectral variation not included in the PLS model for the 

rth sample. Samples exceeding the 95% confidence limit for the Q residuals are 

determined to be outliers. 

The second outUer test, known as Hotelling's T^ statistic, is a measure of the variation 

of the data within the space defined by the LVs included in the PLS model. Samples 

which have values of Hotelling's T^ that are much greater than for the majority of the 

samples can be thought of as being abnormally far from the center of the model and are 
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therefore outliers. Hotelling's T statistic is calculated from two fundamental parameters 

of the PLS model, the model scores and eigenvalues. The scores vector of a sample can 

be thought of as the coordinates of the sample in the space defined by the LVs included 

in the model. Each of these LVs has an associated eigenvalue which is a measure of the 

• • 2 • • • • variance explained by that factor. Hotelling's T statistic is a weighted sum of squares of 

the sample scores; 

Equation 4.16 

• • 2 • • where Ti is Hotelling's T statistic for the zth sample, ti is the score vector for the /th 

sample and is a diagonal matrix containing the eigenvalues for each of the LVs 

included in the model. Samples exceeding the 95% confidence limit for the Hotelling's 

T^ statistic are determined to be outliers. 

The third outlier test, the studentized concentration residual, is measure of how well 

the concentration of a given sample is fit by the model. It is the difference between the 

concentration of a sample predicted by the PLS model and the known concentration of 

that sample in units of standard deviation. Samples with large concentration residuals 

have predicted concentrations which are significantly different than the known sample 

concentrations. The studentized concentration residual for a sample is given by: 

_ C j - C j  
s -y j l -h-  Equation 4.17 

where yi is the studentized concentration residual for the rth sample, c, is the known 

concentration of the rth sample, c, is the predicted concentration of the zth sample, s is the 
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standard deviation of the concentration residuals (c,- - c,) and hi is the sample leverage of 

the /th sample. The sample leverage, another outlier test that is directly proportional to 

Hotelling's T^ statistic, is given by: 

(T^T)ti Equation 4.18 

where ris is the number of samples, ti is the score vector for the zth sample and T is a 

matrix containing the score vectors for all of the samples. Samples exceeding a threshold 

of ± 2.5 (2.5 standard deviations) are determined to be outliers. 

As shown in Table 4.2, a total of seven outlier samples in the PLS model were 

identified using the above outlier tests. The relatively large percentage of outlier samples, 

approximately 14% of the calibration sample set, can in part be explained by the poor 

signal-to-noise ratio of the measured spectra. Other factors, such as variations in packing 

of the sand from sample to sample, might also result in outlier samples. 

Table 4.2 Summary of outliers detected in the PLS model of the vadose zone system. 

Constituent 
Ethylbenzene 

outliers (sample #) 
Toluene 

outliers (sample #) 

0 residual 8, 15, 17, 22, 47 8, 15, 17, 22, 47 

Hotelling's T" slalisiic 49 49 

Sludcnli/cd conccniralion 
residual 

34 34 

The outliers were removed from the calibration data set and the PLS model was 

reconstructed. Table 4.3 shows the percentage of the variance explained by the 
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reconstructed model and Figure 4.19 shows the plots of RMSECV vs. latent variables for 

the reconstructed model. For both ethylbenzene and toluene, the minimum value of the 

RMSECV now occurs when six LVs are retained in the PLS model. 

Table 4.3 Percent of the total variance explained by the PLS calibration model for the 
vadose zone system after outlier samples have been removed. 

Percent variance explained by model 
LV Spectral Concentration 

1 96.01 38.63 
2 99.53 66.53 
3 99.74 91.39 
4 99.88 96.71 
5 99.94 97.48 
6 99.95 98.03 
7 99.96 98.37 
8 99.97 98.52 
9 99.97 98.70 

10 99.98 98.90 
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Figure 4.19 Root mean square error of cross-validation as a function of the number of 
latent variables included in the PLS model built using the baseline corrected 
calibration spectra after outliers have been removed. 

The predicted concentration vs. known concentration plot, shown in Figure 4.20, for 

the reconstructed model shows a somewhat tighter distribution of the data points around 

the line of unit slope compared with Figure 4.18. This is reflected in the values of the 

RMSEP which have decreased from 1.8422 to 1.4176 mg/g sand for ethylbenzene and 

from 1.5318 to 0.9936 mg/g sand for toluene. 
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Figure 4.20 Predicted concentration vs. known concentration for the PLS model built 
using the baseline corrected calibration spectra after the removal of outliers. 

While the predictive ability of the model has improved, the spread of the data points 

in Figure 4.20 is still relatively large. It was suspected that this spread was caused by 

variations in the packing of the sand grains from sample to sample. Variations in sample 

packing can result in differing scattering properties and effective pathlength between 

samples. In addition, different arrangements of the sand grains at the window will also 

change the relative contribution of specularly reflected light (mirror-like reflections from 

flat surfaces of the sand grains) in the sample spectra. 

The effect of sample packing was investigated by acquiring replicate spectra of one 

calibration sample where the sample was re-mixed and re-packed between each 

acquisition. Figure 4.21 shows that large variations in the sample spectrum occurred as a 

• Ethylbenzene 
H Toluene 

0 5 10 15 20 25 30 
Known Concentration (mg/g) 
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result of re-mixing and re-packing the sample. The spectral variations observed are not 

simply baseline shifts, but contain both additive and multiplicative components. This 

indicates that the scattering properties and/or the influence of specular reflections, as well 

as the effective pathlength, are affected by sample packing. To ensure that the observed 

spectral variations were not errors in sample measurement, replicate spectra of the same 

sample were acquired without re-mixing the sample between each acquisition. The 

spectral variation observed was approximately an order of magnitude smaller than that 

which was observed when the sample was re-mixed between each acquisition. 

0.25 

0.2 

0.15 

1600 1650 1700 
Wavelegth (nm) 

1750 1800 1850 

Figure 4.21 Replicate near-infrared diffuse reflectance spectra of calibration sample 
number 25. The sample was re-mixed and re-packed between the acquisition 
of each spectrum. 

Packing variations in the sample spectra are probably a factor contributing to the 

large number of outlier samples. In addition to the samples already removed from the 
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model, several more outlier samples were identified, as shown in Table 4.4, when the 

outlier tests were applied to the reconstructed model. The fact that more outlier samples 

were identified indicates that there may be a source of spectral variation not represented 

in this PLS calibration model. 

Table 4.4 Summary of new outliers detected after reconstruction the PLS model for the 
vadose zone system. 

Constituent 
Ethylbenzene 

outliers (sample #) 
Toluene 

outliers (sample #) 

Q residual 16,37 16,37 

Ilotclling's T' statistic 1 1 

Stuilcnlizcd concentration 
residual 

14 — 

4.3.2.4 Scatter Correction Techniques 

Spectral variations due to sample morphology, particle size, particle size distribution, 

particle shape, sample packing, etc. are a common problem in near-infrared diffuse 

reflectance spectroscopy and consequently several strategies have been developed to 

correct for these effects. The efficacy of three commonly employed techniques used to 

reduce the influence of scattering and pathlength variations on PLS calibration models 

was investigated as alternatives to baseline correction. 

The first technique investigated, multiplicative scatter correction (MSC), is one of the 

most popular methods for removing both additive and multiplicative effects fi"om a 

spectrum.^ MSC is based on the fact that the wavelength dependency of the scattered 



189 

light is different from that of the absorption of light by the analytes. By using data from 

many or all of the wavelengths in a spectrum, the contribution of the scattered radiation 

in a sample spectrum relative to an "ideal spectrum" can be identified. The spectrum can 

then be corrected so that the contribution of the scattered radiation is the same for all of 

the samples. Generally, the ideal spectrum is taken to be the mean of the calibration 

spectra. 

To approximate the effect of spectral variations from scattering, the measured 

absorbance spectrum, rj, of a sample is modeled as a scaled version of the ideal spectrum: 

Fj = a,. + 6,.r + e. Equation 4.19 

where the coefficients a, and bi represent the baseline offset and the pathlength compared 

to the ideal spectrum, r, for the ith sample and the vector t-, is the residual spectrum about 

the MSC model which contains the chemical information in ri. The coefficients a,- and bi 

are estimated by least squares regression of the measured spectrum against the ideal 

spectrum. The corrected spectrum of the fth sample is then calculated by: 

r, -g, 
corrected ^ Equation 4.20 

bi 

where a,- and bi are the least squares estimates of the coefficients a,- and 6,-. 

Applying MSC to the calibration spectra, as shown in Figure 4.22, results in a marked 

decrease in the spectral variation within the data set and the majority of the samples now 

appear to have nearly the same spectra. The exceptions are the samples containing very 



190 

little or none of the model petroleum components, which now appear greatly exaggerated 

compared to the majority of the spectra. 

°°550 1600 1650 1700 1750 1800 1850 
Wavelegth (nm) 

Figure 4.22 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
vadose zone after filtering and multiplicative scatter correction. 

These results can be explained by considering that MSC was designed for systems 

where the spectral variation due to the analyte is small compared to the overall variation 

in the spectrum. An example of such a system is the analysis of fat content in raw meat. 

Since the amount of fat in raw meat varies over a relatively narrow concentration range, 

and other components of raw meat: water, protein, carbohydrates, etc., also absorb in the 

near-infrared, changes in the spectrum resulting from changes in fat concentration are 

small compared to the overall spectrum. Therefore, least squares regression of a sample 



spectrum against the ideal (mean) spectrum does not significantly alter the information 

content of the sample spectrum. 

In the vadose zone system investigated here, the primary source of spectral variation 

was determined by the analytes. Consequently, the changes in band intensity and baseline 

offset which occurred as a function of analyte concentration are indistinguishable from 

the additive and multiplicative effects of scattering and pathlength variations. Therefore, 

MSC removed nearly all of the concentration information from the calibration spectra 

making it is unlikely that a good PLS model could be constructed. 

The second technique investigated, standard normal variate (SNV) transformation, 

removes variations in the slope of similar spectra that are caused by differences in 

packing density from sample to sample. Mathematically, the transformation is 

accomplished on an individual sample basis using the following calculation: 

where SNVi is the standard normal variation for the ith wavelength, yi is the pseudo-

absorbance (log l /R)  for the ith wavelength, y  is the mean pseudo-absorbance over all 

wavelengths and n is the number of wavelengths. As shown in Figure 4.23, the SNV 

transformed calibration spectra show the same problems as observed with the MSC 

transformed spectra. As with MSC, SNV also works best when the spectral variations 

related to analyte concentration are small compared with the overall variation of the 

SNK = 
Equation 4.21 
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spectrum. The lack of concentration information retained in the SNV transformed spectra 

made it unlikely that a good PLS calibration model could be constructed from these data. 

Wavelegth (nm) 

Figure 4.23 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
vadose zone system after filtering and standard normal variate 
transformation. 

The third technique investigated, the second derivative of the log(l/i?) spectra, 

removes additive shifts and slope differences between samples, but does not correct for 

the multiplicative effects of variable pathlengths. A major drawback to second derivative 

method is that the resulting spectra become difficult to interpret. In addition, the signal-

to-noise ratio of the second derivative spectra is significantly decreased and is therefore 

often accompanied by smoothing techniques such as presented by Savitsky and Golay.'^"^ 

Savitsky-Golay smoothing is accomplished by fitting a second or third order 

polynomial to the data over a 2n+\ wavelength window. The smoothed data for 
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wavelength n+\ are obtained by evaluating the polynomial at that wavelength. The next 

data point in the smoothed spectrum is determined by shifting the window by one 

wavelength point and repeating the process. Data points for a smoothed, derivative 

spectrum can be obtained from the Savitsky-Golay method by evaluating the /th 

derivative of the polynomial function at wavelength n+\. It is important to note that 

smoothing cannot be applied to first and last n data points of the spectrum using the basic 

Savitsky-Golay method, and the resulting spectra are usually truncated by In data points. 

The smoothed or derivative spectra produced by the Savitsky-Golay method are 

highly dependent on the choice of the polynomial order and window width. Usually, a 

balance between the reduction of noise and the degradation of spectral information must 

be achieved. The second derivative of the filtered calibration spectra, as shown in Figure 

4.24, was determined by the Savitsky-Golay method using a third order polynomial and a 

window width of seven (« = 3). 
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Figure 4.24 Second derivative of the filtered, near-infrared diffuse reflectance spectra of 
the calibration samples for the vadose zone system obtained using the 
Savitsky-Golay method. 

Compared with the MSC and SNV transformed spectra, the second derivative spectra 

show significant spectral variations between the calibration samples, making it possible 

to construct a PLS calibration model. Construction of the PLS model using the second 

derivative calibration spectra was performed using the same procedures discussed in 

Section 4.3.2.3. As can be seen in Table 4.5, three LVs are necessary to explain the 

majority of both the spectral and concentration variance. The minimum value of the 

RMSECV vs. latent variable plots also occurs at three LVs for both ethylbenzene and 

toluene as shown in Figure 4.25. Fewer LVs are necessary to describe the majority of 

variance in the calibration data, compared with the baseline-corrected model, because 

baseline and slope variations have been removed from the spectra. 
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Table 4.5 Percent of the total variance explained by the PLS calibration model for the 
vadose zone system built using the second derivative calibration spectra. 

Percent variance explained by model 
LV Spectral Concentration 

1 85.05 45.12 
2 96.42 94.22 
3 97.84 96.57 
4 98.08 96.91 
5 98.32 97.30 
6 98.70 97.49 
7 98.85 97.67 
8 98.99 97.77 
9 99.10 97.92 

10 99.23 98.00 

16 
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Toluene 
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Figure 4.25 Root mean square error of cross-validation as a function of the number of 
latent variables included in the PLS model built using the second derivative 
calibration spectra. 
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The outlier tests identified eleven calibration samples or 22.5% of the calibration data 

set as outliers as shown in Table 4.6. Removing these outlier samples and reconstructing 

the PLS model significantly did not change the model. The majority of the spectral and 

concentration variance was still explained by three LVs. The minimum of the RMSECV 

vs. latent variable plot was also unchanged and still occured at three LVs. 

Table 4.6 Summary of outliers detected in the PLS model built using the second 
derivative calibration data. 

Constituent 
Ethylbenzene 

outliers (sample #) 
Toluene 

outliers (sample #) 

Q residual 
4, 8, 15, 16, 17, 

22, 37, 47 
4, 8, 15, 16, 17, 

22, 37, 47 

Hotclling's I " slalistic 1,8, 49 1,8,49 

StudeiUi/.cd conccnlrcvtion 
residual 

34 34 

The predicted concentration vs. known concentration plot for the reconstructed model 

(outliers removed) is shown in Figure 4.26. As with the model built with the baseline 

corrected calibration data, there is a relatively large spread of the data points which is 

reflected in the corresponding RMSEP values of 1.4556 mg/g sand and 1.1176mg/g sand 

for ethylbenzene and toluene respectively. Applying the outlier tests to the reconstructed 

model identified ten samples as new outliers for ethylbenzene and seven samples as new 

outliers for toluene as shown in Table 4.7. 
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Figure 4.26 Predicted concentration vs. known concentration for PLS model built with 
the second derivative calibration spectra after the outlier samples have been 
removed. 

Table 4.7 Samples identified as new outliers in the reconstructed PLS model built 
using the second derivative calibration data. 

Constitucni 
Ethylbenzene 

outliers (sample #) 
Toluene 

outliers (sample #) 

Q residual 29,30,31,46 29,30,31,46 

Hotclling's 1" statistic 2, 42, 46 2, 42, 46 

SUidcnii/cd conccnlration 
residual 

7, 14, 27 — 

A comparison of the two PLS calibration models constructed for the vadose system is 

presented in Table 4.8. While the model built using the second derivative spectra is 
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simpler, requiring three LVs compared with six LVs for the model built using the 

baseline corrected spectra, the smaller number of outliers and lower RMSEP values of the 

baseline corrected model make it the better choice for calibration in this system. 

Table 4.8 Comparison of the PLS calibration models built for the vadose zone system 
using the baseline corrected calibration data and the second derivative 
calibration data. 

VloJel Baseline corrected Second derivative 

C'oiislitiicnl Ethylbenzene Toluene Ethylbenzene Toluene 

// of LVs in model 6 6 3 3 

# of outliers removed 7 7 12 12 

•f ofncw outliers 3 3 10 7 

RMSEP 1.4176 0.9936 1.4556 1.1176 

4.3.2.5 Validation of the PLS Model 

To get an accurate determination of the predictive ability of the chosen PLS 

calibration model, the model was used to predict the analyte concentrations for a separate 

set of validation samples. The validation set consisted of 25 samples with randomly 

generated analyte concentrations as shown in Figure 4.27. The raw near-infrared diffuse 

reflectance spectra of the validation samples are shown in Figure 4.28. 
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Figure 4.27 Design of the validation sample set for the vadose zone system. The black 
circles represent the sample set design, the gray squares represent the actual 
samples values used for calibration and the numbers to the upper right of the 
data points are the sample numbers. 

0.4 

0.35 

0.3 

0.25 

^ 0.2 

0.15 

0.05 

1550 1600 1650 1700 1750 1800 1850 
Wavelegth (nm) 

Figure 4.28 Near-infrared diffuse reflectance spectra of the validation sample set for the 
vadose zone system. 
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The spectra of the vaUdation samples were filtered and baseline corrected in exactly 

the same manner as the calibration samples. The baseline corrected PLS model was then 

used to predict the analyte concentrations of the validations samples from their spectra. 

The plot of predicted concentration vs. known concentration for the validation samples is 

shown in Figure 4.29. This plot shows that the predicted concentrations for both 

ethylbenzene and toluene fall randomly about the line of unit slope and zero intercept. 
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Figure 4.29 Predicted concentration vs. known concentration for the validation sample 
set using the six factor PLS model built with the baseline corrected 
calibration spectra. 

As mentioned previously, the predictive ability of a PLS model is characterized by 

the RMSEP which is the one-sigma (la) error in prediction. The RMSEP of the 

validation sample set is 1.2907 mg/g sand for ethylbenzene, which is a slight decrease 

compared to the RMSEP of 1.4176 mg/g sand estimated from the calibration data set. 
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Conversely, the RMSEP of the validation sample set is 1.5056 mg/g sand for toluene, 

which is an increase from the RMSEP of 0.9936 mg/g sand estimated from the 

calibration set. Generally, the RMSEP values of the validation set are expected to be 

higher than for the calibration set because none of the validation samples were used to 

build the PES model. 

The Q residual and Hotelling's statistic were used to determine if any of the 

validation samples could be classified as outliers. As shown in Table 4.9, these tests 

identified eleven samples or 44% of the validation set as outliers. While the prediction 

errors had not drastically changed, the large number of outliers was further indication that 

there was a source of spectral variation that was not included in this PES calibration 

model. 

Table 4.9 Validation sample identified as outliers when using the baseline corrected 
PES model. 

Conslilucnt 
Ethylbenzene 

outliers (sample #) 
Toluene 

outliers (sample #) 

Q residual 
1,2,3,9, 12, 14, 

17, 20, 24 
1,2,3,9, 12,14, 

17, 20, 24 

Holclling's T" statistic 3, 9, 23 3, 9, 23 
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4.3.3 Quantitative Determination of Petroleum Components Present in a Model Aquifer 
System 

The results of the experiments used to evaluate the near-infrared imaging 

spectrometer for the quantitative determination of the constituents of a NAPL mixture 

present in an aquifer are presented. This system was modeled with mixtures of benzene 

and toluene in a sand matrix saturated with water. The near-infrared diffuse reflectance 

spectra of benzene and toluene at 15% saturation in sand and water at 100% saturation in 

sand are shown in Figure 4.30. Note that the water spectrum is plotted on the right axis. 

Benzene (left axis) 
— Toluene (left axis) 

Water (right axis) 
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Figure 4.30 Near-infrared diffuse reflectance spectra of benzene and toluene each at 15% 
saturation in sand and water at 100% saturation in sand. 

Figure 4.30 shows that the near-infrared spectra for this system will be dominated by 

the relatively strong absorbance of water. Fortunately, the minimum of the water 
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spectrum coincides with the first overtone of the C-H stretching modes of benzene and 

toluene, making the quantitative determination of the NAPL components possible. 

4.3.3.1 Investigation into the Water to Sand Ratio 

To model NAPL contamination in an aquifer, the calibration samples must be 

completely saturated so that interstitial space is entirely filled with a combination of the 

NAPL components and water. The easiest way to ensure that the calibration samples are 

completely saturated is by adding excess water to the sample. However, there was 

concern that the presence of excess water might "wash out" the NAPL from the pore 

space of the sand during mixing. To investigate the effects of excess water, four test 

samples were created containing toluene at 5% saturation and varying amounts of water 

so that the total liquid volume (toluene + water) was 100, 150, 200 and 300% of the 

calculated pore volume. These four samples were then mixed using the procedure 

specified in Section 4.2.3 and their near-infi-ared diffuse reflectance spectra, shown in 

Figure 4.31, were acquired using the near-infrared imaging spectrometer. The results 

show that in all cases where excess water was present the signal from the toluene was 

significantly reduced. It was observed that the samples containing excess water had a 

layer of an immiscible liquid on the water surface indicating that some of the toluene had 

been removed from the pore space of the sand. In theory, none of the toluene in the pore 

space should be removed by mixing in a sample that is exactly 100% saturated. Repeated 

mixing of the 100% saturated sample showed no obvious decrease in the spectral 

contribution of the toluene. However, it should be noted that the thick consistency of the 
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100% saturated sample made mixing difficult and resulted in air bubbles being trapped at 

the window of the sample vial. 
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Figure 4.31 Near-infrared diffuse reflectance spectra of samples containing toluene at 
5% saturation and varying amounts of water. The water content was adjusted 
so that the total liquid volume is 100, 150, 200 and 300% of the calculated 
pore volume. The vertical offset was added for clarity. 

4.3.3.2 Calibration Design 

Initial studies indicated that the influence of specular reflectance, scattering and 

pathlength variations for the aquifer system was reduced compared with the vadose zone 

system. Therefore, a simpler, five-level full-factorial calibration design was employed for 

the aquifer system as shown in Figure 4.32. The water content was not included in the 

calibration design because it was not an independent variable. Varying volumes of 

distilled water were added to the calibration samples to produce 100% saturation in each 
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sample, as calculated from the bulk density and porosity determined in Section 4.3.1.1. A 

maximum NAPL saturation of 20% for each component was chosen because in real-

world contamination of an aquifer, the total concentration of residual NAPL (NAPL 

trapped in the pore space) generally does not exceed 35-40% saturation. The near-

infrared diffuse reflectance spectra of the calibration sample set, shown in Figure 4.33, 

were acquired using the same parameters as were used for the vadose zone system. 

5 10 15 
Toluene (% Saturation) 

Figure 4.32 Design of the calibration sample set for the aquifer system. The black circles 
represent the sample set design, the gray squares represent the actual sample 
values used for calibration and the numbers to the upper right of the data 
points are the sample numbers. 
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Figure 4.33 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
aquifer system. 

4.3.3.3 Data Pre-Processing and Scatter Correction 

Since water absorbs at every wavelength in the 1550-1840 nm range, it was not 

possible to baseline correct the calibration spectra. However, it appears likely that 

additive and multiplicative effects of scattering, specular reflectance and variable 

pathlengths were significant sources of variance in the calibration spectra. In an effort to 

reduce the influence of these sources of variation, the effectiveness of the three scatter 

correction techniques used in the vadose zone system was investigated in this system. 

The scatter correction techniques were applied after the calibration spectra had been 

Fourier transform filtered as described in Section 4.3.2.2. 
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Recall from Section 4.3.2.4 that multiplicative scatter correction (MSC) is a technique 

for removing both the additive and multiplicative effects of scattering and variable 

pathlengths from a set of spectra. The MSC transformed calibration spectra for the 

aquifer system, using the mean of the calibration spectra as the "ideal spectrum," are 

shown in Figure 4.34. Unlike the vadose zone system, concentration dependent variations 

were visible in the MSC transformed spectra, which implied that a successful PLS 

calibration could be possible. 
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Figure 4.34 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
aquifer system after filtering and multiplicative scatter correction. 

Similar results were observed after the applying the standard normal variate (SNV) 

transformation to the calibration spectra as shown in Figure 4.35. As discussed in Section 

4.3.2.4, SNV removes variations in the slope of similar spectra that are caused by 
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differences in packing density between samples. As with the MSC transformed spectra, 

concentration dependent variations were visible in the SNV transformed spectra, which 

implied that a successful PLS calibration could be possible. 
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Figure 4.35 Near-infrared diffuse reflectance spectra of the calibration sample set for the 
aquifer system after filtering and standard normal variate transformation. 

The second derivative of the log MR spectra was the final scatter correction technique 

investigated. Recall from Section 4.3.2.4, taking the second derivative of the calibration 

spectra removes additive shifts and slope differences between samples but does not 

correct for the mutliplicative effects of variable pathlengths. The second derivative 

spectra of the calibration set were generated by the Savitsky-Golay method, also 

described in Section 4.3.2.4, using a third order polynomial and a seven point window. 
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Significant concentration dependent variations were visible in the second derivative 

spectra implying that a successful PLS calibration could be possible. 
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Figure 4.36 Second derivative of the filtered, near-infrared diffuse reflectance spectra of 
the calibration samples for the aquifer system obtained using the Savitsky-
Golay method. 

4.3.3.4 Partial Least Squares Calibration 

As with the vadose zone system, the partial least squares models for the aquifer 

system were calculated using the PLS_Toolbox from Eigenvector Research running 

under Matlab 6.0 (The Mathworks Inc.). A total of four different PLS models were 

constructed, one for the uncorrected calibration data and one for each of the three scatter 

corrected calibration data sets. For easier comparison, the parameters and results of the 

models are summarized in table form, with each of the next four tables (Table 4.10 



210 

through Table 4.13) containing information from a single PLS calibration. The heading of 

each table row, in the left-most column, is defined in the list below. 

1. Scatter correction technique: The name of the scatter correction technique 
applied to the calibration data. 

2. Constituent: The name each chemical component in the aquifer system which 
was included in the PLS model. 

3. LV for minimum RMSECV; The number of latent variables included in the 
PLS model to give a minimum root mean square error of cross-validation. 

4. Variance explained: The percentage of the spectral and concentration variance 
explained by the PLS model built using the number of latent variables from the 
previous row. 

5. Outlier samples removed: The sample numbers of the samples identified as 
outliers by the Q residual, Hotelling's T^ statistic and studentized concentration 
residual (defined in Section 4.3.2.4) which were removed from the calibration 
data set. 

6. Outliers after model rebuilt: The sample numbers of the samples identified as 
new outliers for the rebuilt PLS model (outliers identified in the previous row 
have been removed). 

7. RMSEP: The one-sigma (la) error in prediction when the PLS model was used 
to predict the analyte concentrations in the calibration samples. 
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Table 4.10 PLS calibration summary for the aquifer system using the filtered calibration 
data. 

Scaltcr corrcction tcchniquc None 

ConstilLicnl Benzene Toluene Water 

L.V Ibrminimuin R.VlSrX'V 4 4 2 

Variance Spectral 99.85% 99.91% 98.52% 

explained Concentration 93.42% 93.80% 77.07% 

Outlier 0 residual 13, 14 14, 18, 19 14, 18, 19 

samples 1 lolclling's '1'" — — 
— 

rcnioNcd Stud. conc. resid. — — — 

Oulliers 0 residual 19 3 — 

after tnodcl 1 lolclling's T^ — — — 

rebuilt Stud. conc. resid. — — — 

RMSliP (mg. g sand) 2.8375 2.4607 5.6374 

Table 4.11 PLS calibration summary using the calibration data for the aquifer system 
after filtering and multiplicative scatter correction. 

Scatter corrcction technique Multi jlicative scatter correction 

Constituent Benzene Toluene Water 

l.V for minimum R.VlShCV 3 3 3 

Variance 
explained 

Spectral 99.70% 99.70% 99.63% Variance 
explained Concentration 97.41% 93.29% 93.41% 

Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt 

Q residual 14, 20 14 — Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt 

1 lotclling's T" 23 — — 

Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt 

.Sliid. conc. resid. — — 23 

Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt 

0 residual 19 — 14 

Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt 

1 lolclling's T" — — — 

Outlier 
samples 
removed 

Outliers 
alter model 
rebuilt Stud. conc. resid. — — — 

RMSFi' (mg'g sand) 1.8837 3.1542 5.0681 
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Table 4.12 PLS calibration summary using the calibration data for the aquifer system 
after filtering and standard normal variate transformation. 

Scattcr corrcclion tcchniqiic Standard normal variate transformation 

Const itiienl Benzene Toluene Water 

LV for minimum RMSIK'V 6 4 4 

Variance Spectral 99.90% 99.71% 99.60% 

explained Concentration 97.68% 94.32% 93.25% 

Outlier Q residual 19, 20 14, 19 5 

samples Hotclling's T* — — — 

removed Stud. conc. rcsid. — — — 

Outliers Q residual 15 — 14, 19 

alter model Hotclling's T — — — 

rebuilt Stud. conc. rcsid. — — — 

RMSEP (mg/g sand) 1.8008 2.9378 5.2332 

Table 4.13 PLS calibration summary using the calibration data for the aquifer system 
after filtering and conversion to second derivative spectra. 

Scattcr correction technique Second derivative spectra 

Constituent Benzene Toluene Water 

LV for minimum RMSECV 3 3 3 

Variance 
explained 

Spectral 99.34% 99.34% 99.34% Variance 
explained Concentration 98.20% 96.97% 96.20% 

Outlier 
samples 
removed 

Q residual 14, 23 14, 23 14, 23 Outlier 
samples 
removed 

Hotelling's V' — — — 

Outlier 
samples 
removed Slud. conc. rcsid. — — — 

Outliers 
after motlel 
rebuilt 

0 residual — — — Outliers 
after motlel 
rebuilt 

1 iolclling's T" — — — 

Outliers 
after motlel 
rebuilt Stud. conc. rcsid. — — — 

RMStiP (mg/g sand) 1.5610 2.1682 4.3027 
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Comparing the results from the four PLS models showed that the model built using 

the second derivative of the calibration spectra performed better than the other three. This 

was indicated by the lower prediction errors obtained for all three constituents. In 

addition, the fact that no new outlier samples were identified after the initial outliers had 

been removed indicated that this model was stable and likely to predict new samples 

well. The plots of predicted concentration vs. known concentration plots obtained from 

this model are shown in Figure 4.37 for benzene and toluene and in Figure 4.38 for water. 
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Figure 4.37 Predicted concentration vs. known concentration for toluene and benzene in 
the calibration sample set using the PLS model built with the second 
derivative calibration spectra. 
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Figure 4.38 Predicted concentration vs. known concentration for water in the calibration 
sample set using a PLS model built with the second derivative calibration 
spectra. 

4.3.3.5 Validation of the PLS Model 

As with the vadose zone system, a validation sample set consisting of 25 samples 

with randomly generated analyte concentrations, as shown in Figure 4.39, was used to 

accurately determine the predictive ability of the second derivative PLS calibration 

model. The raw near-infrared diffuse reflectance spectra of the validation samples are 

shown in Figure 4.40. 
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Figure 4.39 Design of the validation sample set for the vadose zone system. The black 
circles represent the sample set design, the gray squares represent the actual 
samples values used for calibration and the numbers to the upper right of the 
data points are the sample numbers. 
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Figure 4.40 Near-infrared diffuse reflectance spectra of the validation sample set for the 
aquifer system. 
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It was obvious from the spectra of the validation samples that one of the samples had 

significantly lower overall pseudo-absorbance (logl/i?) than the other samples. It was 

determined that the vial for this sample did not seal correctly, allowing the contents to 

evaporate. 

The spectra of the validation samples were filtered and their second derivative 

calculated in exactly the same manner as for the calibration samples. The second 

derivative PLS model was then used to predict the analyte concentrations of the 

validation samples fi-om their spectra. The plots of predicted concentration vs. known 

concentration for the validation samples are shown in Figure 4.41 for benzene and 

toluene and in Figure 4.42 for water. The validation RMSEP values are 7.1899, 5.0070 

and 7.4816 mg/g sand for benzene, toluene and water respectively. 
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Figure 4.41 Predicted concentration vs. known concentration for toluene and benzene for 
the validation sample set using a PLS model built with the second derivative 
calibration spectra. 
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Figure 4.42 Predicted concentration vs. known concentration for water in the validation 
sample set using a PLS model built with the second derivative calibration 
spectra. Outliers in the validation set have been removed. 
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It was not surprising that the analyte concentrations were predicted poorly for one 

sample considering that one of the validation samples was not sealed properly. Applying 

the outUer tests, as shown in Table 4.14, indicated that three of the validation samples 

were outliers. Since the second derivative PLS model was well behaved, these samples 

could be treated as true outliers and removed from the validation set. 

Table 4.14 Validation samples identified as outliers when using the second derivative 
PLS model. 

Constilucnt 
Benzene Toluene Water 

Constilucnt 
outliers (sample #) outliers (sample #) outliers (sample #) 

Q residual 9,11 9,11 9,11 

llolclling's T" statistic 8 8 8 

Removing the outliers from the validation sample set resulted in a sizeable 

improvement in the RMSEP value for both benzene, which decreased from 7.1899 to 

3.0203, and toluene, which decreased from 5.0070 to 2.9841 mg/g sand. Only a small 

decrease in the RMSEP, from 7.4710 to 6.9971 mg/g sand, was observed for water. 

The plots of predicted concentration vs. known concentration for the validation 

samples after the outliers had been removed are shown in Figure 4.43 for benzene and 

toluene and in Figure 4.44 for water. It can be seen from these figures that the prediction 

errors are smaller for samples containing lower concentrations of benzene and toluene 

(and therefore more water) than for samples with higher concentration. One possible 
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explanation is that the effect of a non-linear relationship between analyte concentration 

and instrument response is not modeled as well at higher concentrations. 
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Figure 4.43 Predicted concentration vs. known concentration for toluene and benzene for 
the validation sample set using a PLS model built with the second derivative 
calibration spectra. Outliers in the validation set have been removed. 
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Figure 4.44 Predicted concentration vs. known concentration for water in the vahdation 
sample set using a PLS model built with the second derivative calibration 
spectra. Outliers in the validation set have been removed. 

4.4 Conclusions 

The ability of the near-infrared imaging spectrometer, built as part of this research, to 

determine the concentrations of individual NAPL constituents in model systems used to 

study contaminant transport in soil and groundwater has been presented. Two separate 

systems, each based on the problem of leaking underground storage tanks containing 

petroleum, were used to evaluate the performance of the instrument. 

The first system studied was designed to model petroleum contamination in the 

vadose zone. The near-infrared diffuse reflectance spectra of a set of 49 calibration 

samples containing mixtures of ethylbenzene and toluene, each at concentrations ranging 
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from 0-15% saturation, were used to construct a partial least squares calibration model. 

Prior to building the model, each spectrum was filtered using a Fourier transform filter to 

improve the signal to noise ratio. 

Four separate techniques for reducing the influence of non-analyte dependent spectral 

variations were investigated for their potential to improve the predictive ability of the 

PLS model. Multiplicative scatter correction and standard normal variate transformation 

removed too much information from the spectra to produce viable calibration models. 

PLS models built using baseline corrected calibration spectra and the second derivative of 

the calibration spectra both showed predictive ability. The model built using baseline 

corrected calibration spectra demonstrated the best performance with a one-sigma (la) 

error of prediction of 1.4176 mg/g sand for ethylbenzene and for 0.9936 mg/g sand for 

toluene. A separate set of samples, after filtering and baseline correction, was used to 

validate the calibration model. The prediction error for the validation samples was lower 

for ethylbenzene at 1.2907 mg/g sand and slightly higher for toluene at 1.5056 mg/g 

sand. The outliers identified during calibration and validation are likely the result of one 

or more un-modeled sources of variation within the calibration spectra. Possible sources 

of this variation include specular reflection, scattering or pathlength differences and 

concentration gradients within the sample due to heating by the incident light. 

The second system studied was designed to model petroleum contamination of an 

aquifer. The 25 calibration samples used to construct the partial least squares calibration 

model were composed of mixtures of benzene and toluene, each at concentrations 

ranging from 0-20% saturation, and water at concentrations ranging from 0-60% 
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saturation to produce 100% saturated samples. As with the vadose zone system, each 

spectrum was filtered using a Fourier transform filter to improve the signal-to-noise ratio. 

PLS calibration models were constructed using the filtered calibration data, the 

calibration data after multiplicitive scatter correction, the calibration data after standard 

normal variate transformation and the second derivative of the calibration data. Even 

though all four calibration models showed predictive ability, the model constructed using 

the second derivative of the calibration spectra performed best with only two samples 

identified as outliers and prediction errors of 1.5610, 2.1682 and 4.3027 mg/g sand for 

benzene, toluene and water respectively. 

Validation of the model with a separate set of 25 samples gave prediction errors of 

3.0203, 2.9841 and 6.9971 mg/g of sand for benzene, toluene and water respectively after 

three outliers had been removed fi-om the validation data set. The higher prediction error 

for the validation set arose from decreased prediction accuracy at high concentrations of 

benzene and toluene, possibly due to an un-modeled non-linearity in the relationship 

between analyte concentration and instrument response. 

The predictive ability of the PLS models presented in this chapter shows that the 

near-infrared imaging spectrometer has potential as a technique for the quantitative 

determination of NAPL components in model systems used to study contaminant 

transport in both the vadose zone and aquifer. The accuracy of this technique is currently 

limited by non-analyte dependent sources of spectral variation arising from variations in 

scattering, pathlength and specular reflection. To the author's knowledge, this is currently 
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the only technique that has demonstrated the simultaneous, in situ, quantitative 

determination of individual chemical components in contaminant transport models. 
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5 NEAR-INFRARED IMAGING SPECTROSCOPY APPLIED TO 
MULTI-COMPONENT QUANTIFICATION IN A 

SOIL VAPOR EXTRACTION MODEL 

5,1 Introduction 

The goal of this study was to demonstrate the feasibility of the near-infrared imaging 

spectrometer for the quantitative detection of non-aqueous phase liquid (NAPL) 

constituents in dynamic, multi-component, multi-phase flow cell experiments. Flow cells 

are employed in contaminant transport hydrology to model the dissolution and transport 

of organic contaminants in soil and groundwater under various conditions. In this chapter, 

a flow cell was used to model the remediation of petroleum contaminated soil by soil 

vapor extraction (SVE). 

Soil vapor extraction (SVE), also known as soil venting, is used to remove volatile 

contaminants from the vadose zone. As illustrated in Figure 5.1, SVE systems typically 

use a series of extraction wells to remove the vapor of volatile contaminants from the 

pores in the soil. A vacuum pump at the surface induces a vacuum on the wells and draws 

the contaminant vapors through the soil to the extraction well and up to the surface for 

treatment. Clean air drawn through the contaminant plume allows more of the adsorbed 

or liquid contaminants to volatilize for removal from the soil. Auxiliary wells outside of 

the contaminated zone are often used to facilitate the flow of air through the soil. 

Remediation by SVE is most effective in situations where the contaminants are suitably 

volatile, typically with vapor pressures greater than 0.5 mm Hg, and are present in dry 

soil with a high air permeability, such as sands and gravels. 
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Figure 5.1 Schematic diagram of a soil vapor extraction system. 

The experiment presented in this chapter was designed to evaluate the performance of 

the near-infrared imaging spectrometer for the quantitative determination of individual 

petroleum components in a flow cell model of soil remediation by SVE. The SVE 

experiment was designed to model the remediation of the same petroleum contaminated 

vadose zone system that was employed in the previous chapter (Section 4.3.2). 
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5.2 Experimental 

5.2.1 Materials 

The unconsolidated porous media used to model the soil was 40/50 mesh Accusand, a 

silica sand from Unimin Corp. (LeSueur, Minn.). The chemical components of the model 

petroleum used as the NAPL were toluene (A.C.S. spectrophotometric grade, Aldrich) 

and ethylbenzene (99% pure, Aldrich). Ethylbenzene and toluene were chosen because 

their vapor pressures, 7 and 22 mm of Hg for ethylbenzene and toluene respectively, are 

high enough for SVE to be successful while also being different enough to ensure that 

these compounds were removed from the flow cell at different rates. A piece of alumina 

ceramic, identical to that used in Chapter 4, was used as the reference for all of the 

spectra acquired with the near-infrared imaging spectrometer. 

5.2.2 Instrumentation 

The flow cell used to model the remediation of the contaminated soil by SVE is 

shown in Figure 5.2. The main body of the flow cell was constructed from a 3 cm length 

of rectangular glass tubing with interior dimensions of 4 cm wide by 2 cm deep. Each end 

of the glass tubing was sealed using a custom made Teflon cap fitted with a viton o-ring. 

The Teflon caps were held on the ends of the glass tubing by a set of compression bolts 

(not shown). Teflon tubing, attached to two holes in the top Teflon cap, connected the 

flow cell to a vacuum pump. The vacuum pump was used to draw air through the flow 
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cell from the bottom. A flow meter, cormected to the three holes in the bottom cap by 

Teflon tubing, was used to determine the flow rate of the air drawn into the flow cell. The 

flow cell was positioned at the focal plane of the near-infrared imaging spectrometer so 

that the 4x3 cm high face of the cell was imaged. 
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Figure 5.2 Schematic diagram of the flow cell used to model the remediation of 
contaminated soil by soil vapor extraction. 

Preliminary experiments revealed that specular reflections from the rounded comers 

of the glass tubing were visible in the images acquired by the near-infrared imaging 

spectrometer. These reflections made imaging of the flow cell difficult since they were 

orders of magnitude more intense than the diffusely reflected light from the sample 

within the flow cell. These reflections were removed by blocking the comers of the glass 
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tubing from the view of the imaging spectrometer with an aluminum mask having a 3.5 

cm square aperture. 

5.2.3 Sample Preparation 

The design of the flow cell prevented the NAPL constituents from being mixed with 

the sand inside the cell. Therefore, the sand and the NAPL were mixed in a separate 

container and then transferred to the flow cell. Ethylbenzene and toluene were added to 

the sand to produce an initial saturation of 15% for each component (30% total NAPL 

saturation). 

5.2.4 Data Pre-Processing 

The magnification of the near-infrared imaging spectrometer was set so the flow cell 

occupied most of the field of view. Consequently, the area of the flow cell in each image 

of the image cube was comprised of more than 38,000 pixels. To improve the signal-to-

noise and to decrease the processing time, it was decided to convert each image to a 

lower resolution image before analysis by PLS. 

The process of calculating the low-resolution image can be explained with the aid of 

the flow chart in Figure 5.3. First, the Fourier transform of each image in the image cube 

was calculated using a two-dimensional Fourier transform. The Fourier transform image 

was then multiplied by a (sin x)lx mask followed by an inverse Fourier transform to 

produce a filtered image. This process is a faster method for producing a filtered image 
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equivalent to applying a running mean filter with a window width of n to the rows and 

the columns of the original image. 
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Figure 5.3 Flow chart describing the processing of the flow cell image data. 

The low-resolution image was then created using only the pixels located at the 

intersections of every «th row and every «th column. Each pixel in the low-resolution 

image corresponded to the average of a ny.n pixel sub-array in the original image. For this 

flow cell system, it was determined that setting n = 5 provided the best compromise 

between the spatial resolution of the image and the signal-to-noise ratio of the spectra. 
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The low-resolution image cube was then used to determine the concentrations of the 

NAPL components on the cell during the SVE experiment. 

5.3 Results and Discussion 

The flow cell was initially loaded with sand containing ethylbenzene and toluene each 

at 15% saturation. The first image cube, designated time zero, was collected before 

starting the vacuum pump and drawing air through the flow cell. After the acquisition of 

the first image cube was complete, the vacuum pump was started and the flow rate of air 

through the cell was adjusted to -40 mL/min. Subsequent image cubes were acquired 

every 15 minutes for the duration of the experiment. Each image cube required 

approximately six minutes to acquire and no changes to the air flow rate were made 

before or during the acquisitions. A total of 17 image cubes were acquired over a span of 

approximately 230 minutes. 

5.3.1 Partial Least Squares Calibration and Validation 

Data from the calibration and validation samples used in the previous studies of the 

model vadose zone system in Chapter 4 were used to construct and validate a PLS model 

for the analysis of the flow cell data. The PLS model for the vadose zone system used in 

Chapter 4 could not be directly applied to the analysis of the flow cell data because that 

model was built using spectra that were the average of 20x20 pixel sub-arrays whereas 

the spectra firom the flow cell experiment are the average of 5x5 pixel sub-arrays. The 
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difference in the noise levels between these two sets of spectra would result in poor 

prediction accuracy and an increase the number of outliers detected during prediction. 

To ensure that the noise levels of the calibration and prediction spectra were 

equivalent, new calibration spectra were generated by averaging 5x5 pixel sub-arrays of 

the raw calibration data. However, it should be noted that the lower signal-to noise ratio 

of these spectra would most likely produce a PLS calibration model with higher 

prediction errors and a higher percentage of outlier samples. 

Three replicate spectra were obtained for each of the calibration and validation 

samples by utilizing three different 5x5 pixel sub-arrays. Replicate spectra were obtained 

in an attempt to minimize the effect of the same non-analyte dependent variations that 

had been observed between samples in Chapter 4. Figure 5.4 illustrates the non-analyte 

dependent variations observed in the replicate spectra. By including replicate spectra in 

the calibration data, some of the non-analyte dependent variations would be modeled by 

PLS, to result in lower prediction errors. 

The research in Chapter 4 demonstrated that the filtered, baseline corrected 

calibration data set produced the PLS model with the best performance for the vadose 

zone system. The 147 new calibration spectra were filtered and baseline corrected in the 

same manner as was used for the vadose zone system in Chapter 4. The PLS model 

constructed from this data is summarized in Table 5.1. The rows in this table are the same 

as for the tables used in Section 4.3.3, except that instead of listing the outliers by sample 

number, the total number of samples identified as outliers by each of the three techniques 

is listed. 
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Figure 5.4 Raw near-infrared diffuse reflectance spectra of calibration sample (sample 
24) obtained from three different 5x5 pixel sub-arrays. 

Table 5.1 PLS calibration summary using the calibration data for the vadose zone 
system after filtering and baseline correction. 

Scatter corrcclion technique Baseline correction 

Constituent Ethylbenzene Toluene 

LV lor minimum RMSHCV 6 4 

Variance Spectral 99.70% 99.55% 

c.\ plained Concentration 94.85% 94.95% 

I t  of outlier Q residual 15 13 

samples Hotelling's T" 8 9 
rcmo\ cci Stud. conc. resid. 3 1 

I f  of outliers 0 residual 7 9 

after model Hotelling's T" 8 6 
rebuilt Stud. conc. resid. 1 1 

RMS error of prediction 1.9285 1.9392 
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As expected, a number of samples in the calibration set were identified as outliers, 

and the RMESP values had increased slightly compared to the model calculated in 

Chapter 4. The validation of this PLS calibration model using the 75 new validation 

spectra is summarized in Table 5.2. As with the calibration data set, a reasonable 

percentage of the validation samples were identified as outliers. This is visible in the 

predicted vs. known concentration plot for the validation samples shown in Figure 5.5. 

However, the prediction errors were not overly large, and it should be possible to use this 

model to demonstrate the abilities of the near-infrared imaging spectrometer for the 

analysis of dynamic systems at the proof-of-concept level. 

Table 5.2 PLS validation summary using the validation data for the vadose zone 
system after filtering and baseline correction. 

Conslitiicnt Ethylbenzene Toluene 

it of outliers 
0 residual 19 16 

it of outliers 
llotelling's T" 13 11 

RMS error of prediction 2.8577 2.7615 
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Figure 5.5 Predicted vs. known concentration for the vahdation samples using baseline 
corrected PLS model. 

Surprisingly, nearly all of the spectra acquired during the SVE experiment were 

identified as outliers when this PLS calibration model was used to prediction the NAPL 

concentrations on the flow cell. Upon further investigation, it was discovered that spectra 

collected during the SVE experiment had a pronounced negative slope compared to the 

calibration spectra, as shown in the example in Figure 5.6. A negative slope was observed 

in the spectra obtained from all of the 17 image cubes acquired during the SVE 

experiment. The most obvious explanation for the negative slope is that material was 

being removed from the cell as the spectra were being acquired (spectra were acquired in 

order from short to long wavelength). While this may explain changes in the slope of the 

spectra during the course of the SVE experiment, is does not adequately explain why a 
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negative slope was observed in the spectra acquired before the vacuum pump was started 

(time = 0). Another explanation for the negative slope is that there were significant 

differences in the sample packing between the flow cell and calibration samples. Packing 

differences alter the scattering properties of a sample, which can be manifested as a 

change in slope of the sample spectrum. This is a feasible explanation considering it was 

necessary to prepare the flow cell in a different maimer than the calibration samples. 
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Figure 5.6 Comparison of the averaged flow cell spectrum at time = 58 minutes with 
the average spectrum of calibration sample 11. 

To correct for differences in slope, all of the calibration, validation and flow cell 

spectra were converted to second derivative spectra using the Savisky-Golay method as 

discussed in Chapter 4. The PLS model constructed using the second derivative spectra is 

summarized in Table 5.3. 
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Table 5.3 PLS calibration summary using the calibration data for the vadose zone 
system after filtering and converting to second derivative. 

Scatter corrcclion tcchniqiic Second derivative 

Constilucnt Ethylbenzene Toluene 

LV Ibr minimum RiVlSLiCV 3 3 

Variance Spectral 88.40% 89.26% 

e.xplaincd (\incenlr;ition 93.98% 94.63% 

U of outlier 0 residual 15 12 

samples Hotelling's'[ " 4 8 
removed Stud. conc. resid. 3 1 

// ol'outlicrs Q residual 6 6 

aflcr model 1 iotelling's T" 5 7 
rebuill Stud. conc. resid. 3 1 

RMS error of prediction 2.0658 2.0047 

As was observed in Chapter 4, fewer factors were necessary to construct the PLS 

calibration model using the second derivative spectra. Otherwise, the performance of this 

model was very similar to that of the model built using the baseline-corrected spectra. 

However, differences between these two models were observed during the validation 

process. While the RMSEP values for the validation data were similar for both PLS 

models, far fewer outlier samples were identified using the model built with the second 

derivative spectra, as shown in Table 5.4, compared to the model built with the baseline 

corrected spectra. Also, the data in the predicted vs. known concentration plot (Figure 

5.7) for the vahdation samples showed a slightly improved distribution around the line of 

unit slope and zero intercept compared to the plot generated by the baseline corrected 

model. Although the spread of the data in the predicted vs. known concentration plot was 
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rather large, it should be possible to use this model to demonstrate the analysis of the soil 

vapor extraction flow cell at the proof-of-concept level. 

Table 5.4 PLS validation summary using the validation data for the vadose zone 
system after filtering and converting to second derivative. 

Constitucnl Ethylbenzene Toluene 

# ofoutlicrs 
0 residual 8 10 

# ofoutlicrs 
llotclling's 2 2 

RMS error of prediction 2.7280 2.8561 

• Ethylbenzene 
• Toluene 

ra 
O) 
E20 

«15 
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Known Concentration (mg/g) 

Figure 5.7 Predicted vs. known concentration for the validation samples using baseline 
corrected PLS model. 
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5.3.2 Prediction of NAPL Concentrations During Soil Vapor Extraction 

The PLS model built using the second derivative calibration spectra was used to 

predict the concentrations of ethylbenzene and toluene in the flow cell during the SVE 

experiment. To provide an overview of this experiment, the results for 5 of the 17 image 

cubes acquired during the SVE experiment are presented in this chapter. The complete 

analysis of the SVE experiment is presented in Appendix A. 

The analysis of each image cube is presented in the form of a five-part figure. The 

images in the top row of each figure show the concentration distribution of ethylbenzene 

(top left) and toluene (top right) in the flow cell. The images in the middle row show the 

locations of outlier spectra detected by either the Q residual, Hotelling's T or both 

during the prediction of ethylbenzene (middle left) and toluene (middle right). The graph 

located at the bottom of the figure traces the amount of ethylbenzene and toluene 

remaining on the cell, calculated from the images of concentration distribution, as a 

function of time. 

Each of the next five figures (Figure 5.8 through Figure 5.12) depicts the results for 

the five image cubes collected at times of 0, 58, 101, 145 and 232 minutes. As shown in 

these figures, changes in both the ethylbenzene and the toluene concentration distribution 

could be clearly distinguished during the course of the SVE experiment. The results 

displayed in both the concentration distribution images and the graph of material 

remaining on the cell vs. time clearly showed that toluene was removed from the cell at a 

faster rate than ethylbenzene. This behavior was expected since toluene has higher vapor 

pressure than ethylbenzene. Notice also that the slope of the plot showing the amount of 
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ethylbenzene remaining on the cell vs. time increased after -75 minutes when -60% of 

the toluene had been removed from the cell. Again, this behavior was expected because 

as the more volatile component is removed from the cell, the fraction of the less volatile 

component in the vapor phase increases, which increases the rate at which the less 

volatile component is removed. These figures show that most of the toluene was removed 

from the cell after -115 minutes and the majority of the ethylbenzene was removed after 

175 minutes. No further decrease was observed as the detection limit of the near-infrared 

imaging spectrometer had been reached. 
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Figure 5.8 Analysis of the soil vapor extraction flow cell at time = 0 minutes. 
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Figure 5.9 Analysis of the soil vapor extraction flow cell at time = 58 minutes. 
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Figure 5.10 Analysis of the soil vapor extraction flow cell at time =101 minutes. 
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Figure 5.11 Analysis of the soil vapor extraction flow cell at time =145 minutes. 
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Figure 5.12 Analysis of the soil vapor extraction flow cell at time = 232 minutes. 
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5.4 Conclusions 

The proof-of-concept for the appUcation of the near-infrared imaging spectrometer to 

the quantitative detection of NAPL constituents in a dynamic, multi-component, multi

phase flow cell experiment was demonstrated. The flow cell experiment was designed to 

model the remediation of petroleum contaminated soil by SVE. The petroleum 

contaminated soil was modeled using the vadose zone system introduced in Chapter 4, 

which consisted of mixtures of ethylbenzene and toluene in sand. The calibration data 

from the vadose zone system was used to construct a new PLS model specifically 

designed for the SVE system used in this chapter. 

The SVE experiment was conducted by passing air through a flow cell containing 

ethylbenzene and toluene in sand. A total of 17 image cubes were acquired using the 

near-infrared imaging spectrometer over a time period of 230 minutes. Applying the PLS 

model to the 17 image cubes showed that changes in both the ethylbenzene and the 

toluene concentration distribution could be clearly distinguished during the course of the 

SVE experiment. Furthermore, the results showed that toluene, the more volatile of the 

two components, was removed from the cell at a faster rate than ethylbenzene, which 

agrees with the basic theory of SVE. 

This experiment illustrated the potential of the near-infrared imaging spectrometer as 

a tool for the study of dynamic contaminant transport models. However, further research 

and instrument development is necessary before the near-infrared imaging spectrometer 

can be applied to the routine analyses in contaminant transport hydrology. To the author's 

knowledge, this is currently the only technique that has demonstrated the simultaneous, in 
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situ, quantitative determination of individual chemical components in dynamic 

contaminant transport models. 
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6 NEAR-INFRARED SPECTRAL IMAGING AS A DETECTION TECHNIQUE 
FOR HIGH-PERFORMANCE THIN-LAYER CHROMATOGRAPHY 

6.1 Introduction 

The goal of these studies was to evaluate the performance of the near-infrared 

imaging spectrometer for the qualitative and quantitative detection of analytes separated 

by high-performance thin-layer chromatography (HPTLC). Imaging detection is uniquely 

suited to the planar format of HPTLC since the entire plate can be analyzed 

simultaneously, preserving the efficiency of HPTLC as a parallel separation technique. 

Previous research in our laboratory has focused on utilizing charge-coupled device 

(CCD) imaging for the simultaneous, in situ detection of analytes separated by HPTLC to 

create an inexpensive, sensitive, high-throughput analytical technique for pharmaceutical 

quality control, food safety control and other sample intensive applications.^^"''*' We have 

demonstrated that by using a cooled, scientific grade CCD camera, HPTLC can be a rapid 

and sensitive alternative to conventional liquid chromatography. However, since CCD 

cameras operate in the UVA^isible spectral range, analytes must be detectable by 

fluorescence, "fluorescence quenching" or UVA^isible absorption. Analytes lacking a 

suitable fluorophore or chromophore must be derivatized to prior to detection. However, 

the inherently poor reproducibility of post-chromatographic derivatization decreases the 

measurement accuracy and the derivatization process alters or destroys the analytes. 

Several authors have investigated mid-infrared and near-infrared spectroscopy as a 

non-destructive, in situ analytical technique for the detection of organic compounds 
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lacking chromophores or fluorophores which were separated by HPTLC. Mid-infrared 

analysis has been limited by the strong absorbance of the stationary phases used on 

HPTLC plates making it difficult to obtain useful spectra and perform quantitative 

analyses. The feasibility of near-infrared spectroscopy as a detection technique for 

analytes separated by HPTLC has been demonstrated by several authors. Although 

absorptivities in the near-infrared are weak compared to the mid-infrared, the stationary 

phases used on HPTLC plates, such as silica gel, have no strong absorbance bands in the 

near-infrared making the in situ analysis of analytes separated by HPTLC possible. In 

addition, since most organic compounds of interest contain C-H, 0-H or N-H bonds, 

near-infrared spectroscopy provides nearly universal detection. 

The application of the near-infrared imaging spectrometer constructed as part of this 

research to the analysis of HPTLC plates should combine the advantages of imaging 

detection and near-infrared spectroscopy. Potential applications of this system include: 

1. A complementary technique to CCD detection for the quantitative, high-
throughput analysis of non-absorbing and non-fluorescing analytes separated by 
HPTLC. 

2. A qualitative detection technique by acquiring near-infrared absorbance spectra 
for analytes separated by HPTLC. 

3. A method for improving chromatographic resolution through the utilization of 
near-infrared spectra to resolve overlapping separation zones. 

This chapter describes the application of the near-infrared imaging spectrometer to 

the in-situ analysis of HPTLC separations. Experiments were conducted to evaluate the 
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feasibility of the near-infrared imaging spectrometer for the qualitative and quantitative 

detection of analytes present on HPTLC plates. 

6.2 Experimental 

6.2.1 Materials 

Caffeine was chosen as the analyte for these experiments for comparison to 

previously published research.^^' The caffeine (anhydrous) was obtained from the 

Sigma Chemical Company. A 25.0 mg/ml solution of caffeine was prepared in ACS 

grade chloroform from EDM Chemicals Inc. (Gibbstown NJ). The silica gel used in 

measuring reference spectra was Partisil-5 from Whatman (Clifton, NJ). The thin-layer 

chromatography plates used were Whatman (Clifton, NJ) 10x10 cm HPKF silica gel 60 

(200 |j, thickness) high-performance thin-layer chromatography plates containing a 254 

nm phosphorescent indicator that was used to help identify the locations of the separated 

analytes. The mobile phase components, ethyl acetate and acetic acid, were of analytical 

reagent grade from Malinckrodt Baker Inc. (Paris, KY). 
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6.2.2 Procedures 

6.2.2.1 Reference Samples 

Near-infrared diffuse reflectance spectra of powdered caffeine and the Partisil-5 silica 

gel were obtained using the near-infrared imaging spectrometer. Since a conventional 

apparatus for measuring the diffuse reflectance of powder samples was not available, 

these analyses were performed by placing the samples in graphite arc cups (Ultra Carbon, 

Bay City MI), designed for arc spectroscopy, which have approximately the same 

dimensions as the sample cups used in commercial systems. The loaded graphite arc cups 

were analyzed using the near-infrared imaging spectrometer by placing an arc cup on its 

side in a v-clamp designed to hold optical components. The reflectance spectrum of each 

sample was determined using oven dried KCl powder as a reference. 

Using the procedure described above, near-infrared diffuse reflectance spectra were 

acquired for caffeine/silica gel mixtures containing 1.4, 4.6, 9.8 and 23.4 mass percent 

caffeine for comparison to spectra acquired from the HPTLC plates. All of the samples 

were mixed in a Wig-L-Bug® for one minute before being placed in the arc cups. The 

loaded arc cups were then analyzed by diffuse reflectance using the near-infrared imaging 

spectrometer. The spectra for the caffeine/silica gel mixtures were referenced against 

both the oven dried KCl powder, to obtain the true diffuse reflectance spectrum, and the 

pure silica gel sample, to collect spectra similar to those of caffeine present on a HPTLC 

plate. 
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6.2.2.2 Thin-layer Chromatography 

A single HPTLC plate was cut in half to make two 5x10 cm plates. The plates were 

developed three times with methanol and allowed to dry to remove impurities. Sample 

zones with mass amounts of 12.5, 25 and 50 j^g were placed approximately 2 cm from 

the bottom of the plate with a single application of the 25 mg/mL caffeine solution using 

0.5, 1.0 and 2.0 |j.L capillaries respectively. A fourth sample zone of 100 p,g was created 

with two applications of the 25 mg/mL caffeine solution using a 2.0 |a,L capillary. One of 

the TLC plates, designated the undeveloped plate, was analyzed with no further plate 

processing. The second plate was developed using a mobile phase composed of ethyl 

acetate/acetic acid (95:5) as reported by Sherma and Roff The development chamber 

was saturated with the mobile phase before the addition of the HPTLC plate. The HPTLC 

plate was developed to a distance of 6 cm, removed from the chamber and oven dried at 

60°C. 

The dried HPTLC plates were held in a vertical orientation by a standard FTIR slide 

mount for both diffuse reflectance and diffuse transmittance analysis by the near-infrared 

imaging spectrometer. Using a blank HPTLC plate as a reference, the transmittance and 

reflectance image cubes were acquired and transformed into absorbance (log 1/7) or 

pseudo-absorbance (log MR). The spectra of the individual analytes on the HPTLC plates 

were determined by first defining a rectangular region around the analyte spot, which was 

slightly wider than the analyte spot as shown in Figure 6.1. The pixels within this 

rectangular region were summed along the narrow dimension of the rectangle for each 
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image of the image cube. This process created the chromatogram shown in Figure 6.2, 

which is similar to those produced by Uquid chromatographs equipped with photodiode 

array detectors. The area under the spot at every wavelength was then measured to 

produce a peak area spectrum as shown in Figure 6.3. It is necessary to use peak area, 

rather than average pseudo-absorbance or peak height, for quantitative comparisons of 

the analyte spectra because measurements are made in terms of sample mass and not 

sample concentration. Since the areas of the sample spots differ, depending on the initial 

spot size, initial analyte concentration and migration distance up the plate, peak area 

spectra are necessary to ensure a linear relationship with analyte mass. 

Figure 6.1 Definition of a rectangular region around analyte spot for an image cube. 

o 

Sample position 



Figure 6.2 Example chromatogram of an analyte on a HPTLC plate. 

< 

Wavelength (nm) 

Figure 6.3 Example peak area spectrum of an analyte on a HPTLC plate. 
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6.3 Results and Discussion 

Near-infrared diffuse reflectance spectra for the Partisil-5 siUca gel and caffeine in the 

1525-1950 nm wavelength region are shown in Figure 6.4. The silica gel has a single 

absorbance band located at 1897 nm. FT-NIR investigations into the structure of water 

adsorbed on silica gel by Yamauchi and Kondo^^^ have identified a band at 1897.5 nm as 

an 0-H stretching/O-H deformation combination band for water hydrogen bonded to the 

silica surface. Taking into account the wavelength accuracy of the near-infrared imaging 

spectrometer, the band at 1897 nm has been assigned as the 0-H stretching/O-H 

deformation combination band for adsorbed water. 

The caffeine shows several broad absorbance bands between 1600-1750 nm with a 

maximum absorbance at 1669 nm that correspond to C-H stretching overtone and 

combination bands. These bands are well separated from the absorbance band of the 

silica gel indicating that the detection of analj^es separated on HPTLC plates should not 

be hampered by the background absorbance of silica gel in this wavelength region. 
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Figure 6.4 Baseline corrected near-infrared reflectance spectrum of caffeine and 
Partisil-5 silica gel using powdered KCl as the reference. 

The analyses of the undeveloped and developed HPTLC plates by diffuse reflectance 

are shown in Figure 6.5 and Figure 6.6 respectively. At the top of each figure are the peak 

area spectra for each of the four analyte spots on the HPTLC plate. The dotted, vertical 

lines indicate the wavelengths of the two log(l/i?) images displayed in the middle portion 

of each figure. The left image was acquired at 1669 nm, which corresponds to the 

maximum of the caffeine absorbance. The right image was acquired at 1884 nm and 

corresponds to the minimum of what appears to be a negative absorbance band. The 

bottom portion of each figure shows the calibration curve and linear fit obtained at 1669 

and 1884 nm. 
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Figure 6.5 Analysis of the undeveloped HPTLC plate by diffuse reflectance using the 
near-infrared imaging spectrometer. 
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Figure 6.6 Analysis of the developed HPTLC plate by diffuse reflectance using the 
near-infrared imaging spectrometer. 
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The peak area spectra for both the undeveloped and developed HPTLC plate show 

several interesting features. First, the spectra show a pronounced negative baseline offset 

with increasing caffeine concentration over all wavelengths that is larger in magnitude 

than any of the spectral features. This effect also is visible in both the log(l//?) images, 

where the analyte spots appear to absorb less than the surrounding HPTLC plate, and in 

the calibration curves which have a negative slope. The observed baseline offset can be 

attributed to an increase in the scattering efficiency of the HPTLC media by the addition 

of the analj'te. The increase in scattering efficiency changes the relative amounts of light 

reflected and transmitted by the analyte zone compared with the blank HPTLC plate. 

Consequently, the analytes appear to absorb less than the surrounding media. As 

demonstrated by the 1669 nm calibration curves, the change in scattering efficiency 

appears to be linear with analyte mass. The detection limits at 1669 imi, estimated as 

three times the standard deviation of a blank portion of HPLTC plate, are ~4 |j,g for both 

the developed and undeveloped plates. 

Another noticeable feature in the peak area spectra for both the developed and 

undeveloped plate is what appears to be a negative absorption band located at 1884 nm. It 

oo 
was noted by Ciurczak et al. that the intensity of the 1897 nm band of the silica gel 

decreased with increasing analyte concentration, and it was suggested that the attenuation 

of this band could be used for the universal detection of analytes separated by HPTLC. 

However, the large wavelength difference between the minimum at 1884 nm and the 

maximum of the silica gel band at 1897 indicates that the attenuation of the silica gel 

band does not completely explain the observed negative band. 



259 

The presence of the negative band was investigated further using the spectra acquired 

from the caffeine/siUca gel mixtures in the graphite arc cups. As shown in Figure 6.7, the 

negative band is visible in the log(l/i?) spectra of the caffeine/silica gel mixtures when 

silica gel is used as the reference. This indicates that a similar process is occurring on 

both the HPTLC plates and in the bulk mixtures of caffeine and silica gel. 
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Figure 6.7 Near-infrared reflectance spectra of silica gel/caffeine mixtures using silica 
gel as the reference. 

The spectra of the same caffeine/silica mixtures referenced to KCl are shown in 

Figure 6.8. These spectra show that as the mass percentage of caffeine is increased, bands 

in the 1600-1750 nm region grow in, corresponding to the C-H stretching overtone and 

combination bands of caffeine. In addition, the band at 1897 nm corresponding to the O-

H stretching/O-H deformation combination band of water adsorbed on the silica gel is 
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seen to diminish. However, as can be seen in Figure 6.8, the shape of the 1897 nm band 

changes as the concentration of caffeine is increased, indicating that the observed 

decrease of the 1897 nm band is not solely due to the decreasing mass percent of silica 

gel in the samples. 
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Figure 6.8 Near-infrared reflectance spectrum of caffeine/silica gel mixtures using 
powdered KCl as the reference. The vertical dotted and dashed lines are 
located at 1884 and 1896 nm respectively. The vertical offset between 
spectra has been added for clarity. 

It appears that the 1897 band is actually composed of several closely overlapping 

bands, perhaps indicating that there are multiple mechanisms by which water absorbs to 

the silica gel. Mixing the silica gel with another compound most likely alters the state of 

the absorbed water resulting in an attenuation of the 0-H stretching/O-H deformation 

combination bands, with the most significant attenuation occurring for a band at 1884 
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nm. This effect is also observed in the diffuse reflectance spectra of analytes deposited 

onto the HPTLC plates. The 1884 nm calibration curves in Figure 6.5 and Figure 6.6 

indicate that the attenuation of these bands is linear with analyte mass and could be used 

as a universal method of detection as suggested by Ciurczak et al. The estimated 

detection limits at 1884 tmi is ~2 |j.g for both the developed and undeveloped plates. 

The final feature of interest in the peak area spectra shovm at the tops of Figure 6.5 

and Figure 6.6 is the reduced signal to noise of the spectra acquired from the HPTLC 

plates compared to the spectra of the caffeine/silica gel mixtures acquired using the 

graphite arc cups. One possible explanation is that the concentration of caffeine in the arc 

cup samples was significantly greater than on the HPTLC plate. To determine the 

concentration of caffeine in the analj'te zones on the HPTLC plate, the silica gel was 

completely removed from a known area of a HPTLC plate, and the mass difference was 

used to determine the amount of silica gel per unit area of the HPTLC plate (~80 

|a,g/mm^). By estimating the area of the analyte zone from the images collected with the 

near-infrared imaging spectrometer, the mass percent concentration of the caffeine on the 

HPTLC plate could be determined. The results, summarized in Table 6.1, show that the 

caffeine concentrations on the HPTLC plates are comparable to the caffeine 

concentrations in the arc cup samples. However, a side-by-side comparison of the 

log(l//?) spectrum of spot 3 (calculated from the peak area spectrum by dividing by the 

number of pixels covered by the analyte) and the log(l/i?) spectrum of the arc cup sample 

containing 4.6% caffeine by mass clearly shows the reduced signal-to-noise of the 

spectrum acquired from the HPTLC plate as seen in Figure 6.9. The reduced signal-to-
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noise of the measurements on the HPTLC plates means that a minimum -50 |ag of 

anal3^e are necessary to be able to clearly distinguish the caffeine absorption bands. 

Table 6.1 Concentration of caffeine on the undeveloped HPTLC plate. 

Mass orcalTcinc 

(MS) 

Spot diameter 

(mm) 

Mass percent on 
plate 

Spot 1 12.5 3.0 2.2 

Spot 2 25 3.3 3.6 

Spot 3 50 4.4 4.0 

Spot 4 100 5.1 6.0 
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Figure 6.9 Comparison of the caffeine spectra acquired on the HPTLC plate and in the 
graphite arc cups. 
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The reduced band intensity and signal-to-noise ratio can be explained by considering 

the thickness of the silica gel layer on the HPTLC plate. Recall from Section 2.2.4.1 that 

the hyperbolic solution of the Kubelka-Munk theory produced a series of equations that 

can be applied to scattering layers of differing thickness. Assuming that the glass backing 

of the HPTLC plate is non-reflective, Equation 2.20 and Equation 2.23 (reprinted below) 

can be used to calculate the theoretical transmittance and reflectance of analytes on the 

HPTLC plates and in the graphite arc cups. 

where TQ is the theoretical transmittance of the sample, RQ is the theoretical reflectance of 

the sample, d is the layer thickness and: 

where K and S are the Kubelka-Munk absorption and scattering coefficients. 

Since it is difficult to determine the Kubelka-Munk absorption and scattering 

coefficients experimentally, estimates of these parameters were used for the purpose of 

illustrating the effects of layer thickness. The absorption coefficient was estimated using 

the relationship 

b 

a sinh(6iS'c?) + b cosh(bSd) 

siYih(bSd) 

a sinh(Z)5'J) -I- b cosh(65c?) 
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^ = (log 10)sc Equation 6.1 

where sis the molar absorptivity and c is the concentration of the analyte. Assuming a 

typical molar absorptivity for the C-H overtone and combination bands of 

0.1 L/(mol cm)^^ and using the analyte concentration of spot 3, Equation 6.1 gives an 

estimate for K of 0.1 cm"\ Estimating the Kubelka-Munk scattering coefficient is less 

accurate since no relationship between S and the physical properties of the scattering 

medium has been developed. As order of magnitude estimate, S may be assumed to be 

equal to where ^is the diameter of the particles in the scattering medium/'^'' which 

gives an estimate for 5' of 1000 cm"^ 

Using these values it is possible to calculate the reflectance and transmittance of a 

sample as a function of layer thickness as shown in Figure 6.10. This figure shows that 

the reflectance of the 200 thick layer silica gel layer on the HPTLC plate is less than 

that of the 4 mm thick layer used in the graphite arc cups. The difference in these values 

is the result of light being transmitted through the thin layer of the HPTLC plate. 
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Figure 6.10 Calculated reflectance and transmittance of a sample with ^ = 0.1 cm"' and 
S = 1000 cm"^ as a function of layer thickness. The dotted vertical lines 
indicate a layer thickness of 200 p, and 4 mm. 

The effect of the diminished reflectance of the samples on the HPTLC plate in the 

log(l/i?) spectra (and hence the peak area spectra) can be estimated fi-om the ratio of the 

reflectance of an analyte spot to the reflectance of the blank, non-absorbing HPTLC plate 

as given by: 

log(l/i?) = -log 
R spot 

R 
plate J 

Equation 6.2 

where Rspot is the reflectance of analyte spot on the HPTLC plate which has coefficients 

of K and S, and Rpiate is the reflectance of a blank HPTLC plate which has coefficients of 

= 0 and S. Note that for the purpose of this example it is assumed that the analyte spot 
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and the blank HPTLC plate have the same scattering coefficient. Figure 6.11 shows that 

the estimated log(l/i?) intensity of a near-infrared absorbance band for an analyte is 

highly dependent on layer thickness. Since the estimate of the scattering coefficient is 

only accurate to within an order of magnitude, plots were generated for several different 

values of S. These calculations show that the band intensity for an analyte in a 200 |j, 

thick layer can be 3-15 times weaker than the analyte at the same concentration in a 4 

mm thick layer depending on the value of the scattering coefficient. This observation is 

essentially the result of variations in pathlength that occur as a function of sample 

thickness. 
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Figure 6.11 Estimated log(l/i?) intensity of a near-infrared absorption band for an 
anal5l;e with K=0.l cm"' as a function of sample thickness for different 
values of the S. The dotted vertical lines indicate a layer thickness of 200 
and 4 mm. 
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S = 10000 cm 



267 

To confirm that the reduced band intensity and signal-to-noise ratio of the samples on 

the HPTLC plates are the result of shorter sample pathlengths, a mirror was placed 

against the back surface of the HPTLC plate. The mirror reflected the light transmitted 

through the HPTLC plate back through the stationary phase layer effectively increasing 

the pathlength. The hyperbolic solution to the Kubelka-Munk theory for a thin layer on a 

backing with reflectance Rg was given in Section 2.2.4.1, Equation 2.19 and has been 

reprinted below: 

\-Rg(a-b coth{bSd)) 

a + b coth(bSd) -

The log(l/i?) band intensity of a near-infrared absorbance band was calculated for this 

sample using the procedure described on page 265 and assuming that Rg = 0.95, ^ = 0.1 

cm"' and S = 1000 cm'\ The log(l/i?) band intensities as a function of layer thickness for 

a sample, with and without the mirror present, are shown in Figure 6.12. These 

calculations show that the absorption band intensity should increase by a factor of ~1.5. 
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Figure 6.12 Estimated log(l/i?) intensity of a near-infrared absorption band for an 
analyte with and without a mirror backing as a function of sample thickness 
using ^ = 0.1 cm"^ and S = 1000 cm"'. The dotted vertical line indicates a 

layer thickness of 200 |J.. 

The diffuse reflectance analyses of the undeveloped and developed HPTLC plates 

with the mirror backing are shown in Figure 6.13 and Figure 6.14 respectively. A 

noticeable improvement is observed in the signal-to-noise of the peak area spectra in the 

intensities of the caffeine bands on both plates. Caffeine absorption bands are clearly 

distinguishable in the spectra of the 25 fj,g spot. 
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Figure 6.13 Analysis of the undeveloped HPTLC plate with a mirror backing by diffuse 
reflectance using the near-infrared imaging spectrometer. 
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Figure 6.14 Analysis of the developed HPTLC plate with a mirror backing by diffuse 
reflectance using the near-infi-ared imaging spectrometer. 
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In addition, the baseline offset that was observed in the diffuse reflectance analysis of 

the HPTLC plate without the mirror backing has nearly disappeared. The increase in the 

scattering efficiency of the HPTLC media caused by the presence of the analyte changed 

the relative amounts of light reflected and transmitted by the analyte zone compared with 

the blank HPTLC plate. However, with the mirror backing all of the light not absorbed by 

the sample is reflected and the only differences in reflectance observed are the result of 

absorption by the analyte or the attenuation of the silica band. As shown in these figures, 

a linear relationship is achieved between peak area and analyte mass for both the caffeine 

absorption band at 1669 nm and the attenuation of the adsorbed water band at 1884 nm. 

The estimated detection limits for the caffeine absorption band at 1669 nm are -15 |ag 

for both the undeveloped and the developed plates. The attenuation of the band 

corresponding to adsorbed water at 1884 nm was more sensitive with estimated detection 

limits of 7 )j.g for the undeveloped plate and 4 |j,g for the developed plate. These detection 

limits are somewhat poorer compared to the diffuse reflectance analysis of the HPLTC 

without the mirror backing because the effects that the analyte has on scattering 

efficiency have been removed. However, the increased intensity of the caffeine 

absorbance bands resulting from the mirror backing provide improved sensitivity for the 

qualitative analysis of analytes on HPTLC plates. 

Since some of the incident light is transmitted through the HPTLC plate, the analysis 

of HPTLC plates was also conducted by diffuse transmittance. The near-infrared imaging 

spectrometer was reconfigured for diffuse transmission measurements by repositioning 



272 

the lamp as shown in Figure 3.1. The analyses of the undeveloped and developed HPTLC 

plates by diffuse transmittance are shown in Figure 6.1 Sand Figure 6.16 respectively. 

These figures show the opposite effects of the diffuse reflectance measurements of 

the HPTLC plates without the mirror backing. The peak area spectra show a pronounced 

positive baseline offset with caffeine concentration over all wavelengths that is much 

larger in magnitude than any of the spectral features. As with the diffuse reflectance 

measurements, the baseline shift can be attributed to an increase in the scattering 

efficiency of the HPTLC media by the addition of the analyte, which causes more light to 

be reflected and less light to be transmitted by the analyte zone compared with the blank 

HPTLC plate. Consequently, the analytes appear to have a strong absorbance over all 

wavelengths. 

Caffeine absorbance bands are distinguishable in the spectra for analytes present at 50 

|j,g and greater and the attenuation of the 1884 nm band of water adsorbed to the silica is 

clearly visible in all of the spectra. The calibration curves at 1669 and 1884 nm show 

good linearity for both the undeveloped and developed HPTLC plates with estimated 

detection limits in the 1-2 |j.g range. The improvement in the detection limits compared 

with the diffuse reflectance measurements is primarily the result of greater baseline shifts 

observed in the transmission measurements. 
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Figure 6.15 Analysis of the undeveloped HPTLC plate by diffuse tranmittance using the 
near-infrared imaging spectrometer. 
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Figure 6.16 Analysis of the developed HPTLC plate by diffuse transmittance using the 
near-infrared imaging spectrometer. 
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6.4 Conclusions 

The apphcation of the near-infrared imaging spectrometer to the qualitative and 

quantitative detection of analytes separated on high-performance thin-layer 

chromatography plates was studied. The simultaneous analysis of muhiple samples by 

both diffuse reflectance and diffuse transmittance was demonstrated. 

Quantitative analyses were performed at 1669 nm, which corresponds to the 

maximum of the C-H overtone and combination bands of caffeine, and at 1884 nm, 

which corresponds to the attenuation of the 0-H stretching/O-H deformation combination 

band for water hydrogen-bonded to the silica gel. Good linearity was observed for the 

calibration curves constructed for both an undeveloped and a developed HPTLC plate by 

both diffuse reflectance and diffuse transmittance. Detection limits are on the order of a 

few micrograms. However, these values are primarily the result of a change in the 

scattering efficiency of the HPTLC media by the addition of the analyte, which causes 

more light to be reflected and less light to be transmitted by the analyte zone compared 

with the blank HPTLC plate. 

The qualitative analysis of analytes separated by HPTLC was improved by using a 

mirror as a reflective backing for the HPTLC plate during diffuse reflectance analysis. 

The mirror backing effectively increases the pathlength of the sample, reducing the mass 

of sample necessary to distinguish the caffeine absorption bands from ~50 to ~25(j.g. 

However, since the mirror backing also removes the effects of the analyte on the 

scattering efficiency of the HPTLC media, the detection limits are somewhat higher. 



276 

7 CONCLUSIONS AND FUTURE DIRECTIONS 

7.1 Near-infrared Imaging Spectrometer Design and Characterization 

A custom near-infrared imaging spectrometer was designed and constructed to 

perform the qualitative and quantitative analyses of chemically heterogeneous systems. 

The near-infrared camera was built around a cryogenically-cooled, 240x324 pixel 

platinum silicide (PtSi) focal plane array (Boeing, model PtSiBlOOA) camera that was 

constructed in our laboratory with the assistance of Infrared Laboratories (Tucson, AZ). 

The electronics used for camera control and data acquisition were provided by Infrared 

Laboratories and optimized in our laboratory. Both a commercial grade and a functional 

reject PtSiBlOOA were evaluated for use in the near-infrared camera system. The 

functional reject PtSiBlOOA was chosen because measurements showed that the dark 

current of the functional reject was an order of magnitude lower than that of the fully 

functional PtSiB lOOA. Characterization of the near-infrared camera determined that the 

read noise had a value of 7BB e", the gain had a value of 166 eVADU, the full well 

capacity had a value of 6.6x10^ e' and the dark current had a value of 562,000 eVs. 

A custom optical train utilizing an acousto-optic tunable filter (AOTF) for 

wavelength selection was developed for the near-infrared imaging spectrometer. The 

ultra-high resolution, imaging quality, AOTF (Brimrose Corp.) was specified to have a 

tunable range of IB00-2B00 nm and a nominal bandwidth of 15 cm"'. Stock calcium 

fluoride lenses were used for the rest of the optical train. Calcium fluoride optics were 
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employed because their low dispersion (change in refractive index with wavelength) over 

the tunable range of the AOTF minimized the chromatic aberration in the optical system. 

Several designs for the optical train were evaluated, and it was determined that a four lens 

system with the AOTF in converging light had the best overall performance. 

Characterization of the near-infrared imaging spectrometer showed that the usable 

tunable range was limited to 1300-1950 nm. The reduced tunable range was determined 

to be the result of a decrease in the diffraction efficiency of the AOTF at higher 

wavelengths. Analysis of the noise sources in the near-infrared imaging spectrometer 

revealed that the dark current shot noise of the PtSiSlOOA was the dominant source of 

noise in the measurements presented in this research. Estimates placed the dynamic range 

of the near-infrared imaging spectrometer at less than 2 orders of magnitude. 

Improvements in the performance of the near-infrared imaging spectrometer could be 

accomplished by upgrading some of the system components. The biggest improvement 

would be realized by utilizing a focal plane array detector with better noise characteristics 

than the PtSi 3100A. For example, the mercury-cadmium-telluride focal plane arrays 

manufactured by Rockwell Scientific for astronomy applications have a quantum 

efficiency of > 60%, a read noise of < lOe' and a dark current of < 0.1 eVs. However, the 

full well capacity is decreased by more than an order of magnitude compared to the 

PtSi3100A. Even with the decreased full well capacity, calculations show that the 

dynamic range could be improved by two orders of magnitude and the detection limits 

improved by a factor of four if a Rockwell focal plane array was used in the near-infrared 

imaging spectrometer. In addition, the analysis time would be reduced by a factor of ten. 
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However, at this time, the Rockwell mercury-cadmium-telluride focal plane arrays, 

especially the large pixel formats, are cost-prohibitive at between 10 and 100 times the 

cost of the PtSiS lOOA depending on the size. 

The detection limits achievable with the near-infrared imaging spectrometer may also 

be improved by using an acousto-optic tunable filter that operates over the 2000-2500 

nm wavelength region. The molar absorptivities of absorption bands (primarily 

combination bands) in this wavelength region are 2-10 times stronger than the C-H 

overtone bands between 1600-1750 nm used in the experiments presented in this 

research. 

7.2 Multi-Component Calibration in Contaminant Transport Models by Near-
infrared Imaging Spectroscopy 

The ability of the near-infrared imaging spectrometer to determine the in-situ 

concentrations of individual constituents of non-aqueous phase liquid (NAPL) mixtures 

in model systems for the study of contaminant transport in soil and groundwater was 

studied. Two separate systems, each based on the problem of leaking underground 

storage tanks containing petroleum, were used to evaluate the performance of the 

instrument. 

The first system modeled petroleum contamination in the vadose (unsaturated) zone 

using mixtures of toluene and ethylbenzene in silica sand. The near-infrared imaging 

spectrometer was used to collect diffuse reflectance spectra from a set of 49 calibration 

samples for the construction of a partial least squares (PLS) calibration model for the 
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vadose zone system. Four techniques for reducing the influence of non-analyte dependent 

spectral variations were investigated for their potential to improve the predictive ability 

of the PLS model. Multiplicative scatter correction and standard normal variate 

transformation of the spectra did not produce viable calibration models whereas models 

built using baseline corrected calibration spectra and the second derivative of the 

calibration spectra both showed predictive ability. The model built using baseline 

corrected calibration spectra demonstrated the best performance with a one-sigma (la) 

error of prediction of 1.4176 mg/g sand for ethylbenzene and 0.9936 mg/g sand for 

toluene. A separate set of 25 samples was used to validate the calibration model. The 

prediction error for the validation samples was lower for ethylbenzene at 1.2907 mg/g 

sand and slightly higher for toluene at 1.5056 mg/g sand. 

The second system modeled petroleum contamination of an aquifer using mixtures of 

benzene and toluene in sand saturated with water. Diffuse reflectance spectra from a set 

of 25 calibration samples were used to construct the partial least squares calibration 

model for the aquifer system. As with the vadose zone system, multiple data treatments 

were investigated for their potential to improve the predictive ability of the PLS model. 

Calibration models were constructed using filtered calibration data, the calibration data 

after multiplicative scatter correction, the calibration data after standard normal variate 

transformation and the second derivative of the calibration data. Although all four 

calibration models showed predictive ability, the model constructed using the second 

derivative of the calibration spectra performed best with only two samples identified as 

outliers and prediction errors of 1.5610, 2.1682 and 4.3027 mg/g sand for benzene, 
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toluene and water respectively. Validation of the model with a separate set of 25 samples 

gave prediction errors of 3.0203, 2.9841 and 6.9971 mg/g of sand for benzene, toluene 

and water respectively after three outliers had been removed from the validation data set. 

The precision of these measurements, in both the vadose zone and aquifer systems, is 

currently limited by spectral variations not adequately represented in the PLS calibration 

model. Possible sources of this variation include specular reflection, scattering or 

pathlength differences and concentration gradients within the sample due to heating by 

the incident light. In addition, the higher prediction errors for the validation of the aquifer 

model possibly are due to an unmodeled non-linearity in the relationship between analyte 

concentration and instrument response. 

Improvements in both detection limit and precision would result from modifying the 

near-infrared imaging spectrometer as discussed in the previous section. Further research 

into the nature of the non-analyte dependent spectral variations and into methods to 

correct for these variations could also improve the predictive ability of the PLS 

calibration models for both systems studied here. It has been observed that re-mixing the 

samples can have a strong influence on the diffuse reflectance spectra indicating that the 

scattering properties or effective pathlengths of the samples are changed with mixing. A 

possible correction for these effects, which would become practical if the modifications 

to the instrument decreased the analysis time, would be to include replicate spectra of 

each sample (after re-mixing) in the PLS calibration models. PLS should then be able to 

model the non-analyte dependent variations more accurately resulting in fewer outlier 

samples and improved precision in prediction. To help correct for the non-linear 
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instrument response with analyte concentration, a PLS model using a non-linear inner-

relationship could be employed. The PLS models constructed in this research assume a 

linear relationship between instrument response and analj^e concentration which partially 

corrects for a non-linear instrument response by the inclusion of additional factors in the 

model. With further development of the chemometrics software, PLS models constructed 

using a polynomial, spline fit or neural network inner-relationship should result in a 

simpler model which more accurately represents the non-linear instrument response. 

The predictive ability of the PLS models presented in this research demonstrates that 

the near-infrared imaging spectrometer has potential as a technique for the quantitative 

determination of NAPL components in model systems used to study contaminant 

transport in both the vadose zone and aquifer. To the author's knowledge, this is currently 

the only technique that has demonstrated the simultaneous, in situ, quantitative 

determination of individual chemical components in systems used to model the transport 

contaminants in the soil and groundwater. 

7.3 Near-infrared Imaging Spectroscopy Applied to Multi-Component 
Quantification in a Soil Vapor Extraction Model 

The application of the near-infrared imaging spectrometer to the quantitative 

detection of NAPL constituents in a dynamic, multi-component, multi-phase flow cell 

experiment was demonstrated. The flow cell experiment was designed to model the 

remediation of petroleum contaminated soil by soil vapor extraction (SVE). The 
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calibration data from the vadose zone system was used to construct a new PLS model 

specifically for the SVE experiment. 

The SVE experiment was conducted using a flow cell containing ethylbenzene and 

toluene in silica sand, which served to model the contaminated vadose zone. Diffuse 

reflectance spectra were collected using the near-infrared imaging spectrometer as air 

was drawn through the flow cell by a vacuum pump. The spectra were collected at 17 

time intervals over 230 minutes. Applying the PLS model to the collected data showed 

that changes in the NAPL-phase concentration distribution of both ethylbenzene and 

toluene can be distinguished clearly during the course of the SVE experiment. 

Furthermore, the more volatile of the two components, toluene, was removed from the 

cell at a faster rate than ethylbenzene, which agrees with the basic theory of SVE. 

The SVE experiment has illustrated the potential of the near-infrared imaging 

spectrometer as a tool for the study of dynamic contaminant transport models. As 

discussed in the previous sections, improvements in instrument design and in the 

construction of the PLS calibration model would improve the precision of these 

measurements. In addition, the results obtained using the near-infrared imaging 

spectrometer should be confirmed using independent methods. One study that should be 

conducted is a mass balance. However, to accomplish this an improved flow cell would 

have to be designed and built. A mass balance was not possible using the current system 

because of the presence of the mask used to block specular reflections from the edges of 

the flow cell and the evaporation losses that occurred during the loading of the flow cell. 

An additional experiment, which could serve as a good diagnostic for the performance of 
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the near-infrared imaging spectrometer, would be to quantitatively determine the 

concentrations of toluene and ethylbenzene in effluent of the flow cell using gas 

chromatography. 

The results of the SVE experiment demonstrated the potential of the near-infrared 

imaging spectrometer for the analysis of dynamic systems. To the author's knowledge, 

this is currently the only technique that has demonstrated the simultaneous, in situ, 

quantitative determination of individual chemical constituents of the NAPL phase in the 

multi-component, multi-phase flow cell systems used in contaminant transport 

hydrology. 

7.4 Near-infrared Spectral Imaging as a Detection Technique for Higli-
performance Tliin-layer Chromatography 

The application of the near-infrared imaging spectrometer to the qualitative and 

quantitative detection of analytes separated on high-performance thin-layer 

chromatography (HPTLC) plates was studied. Since the near-infrared imaging 

spectrometer was used to acquire image cubes of the HPTLC plate, the analysis of 

multiple samples could be performed simultaneously retaining the sample throughput 

advantages of HPTLC. 

Quantitative analyses were performed at wavelengths corresponding to the maximum 

of the C-H overtone bands of caffeine and to the attenuation of the 0-H stretching/O-H 

deformation combination band for water adsorbed to the silica surface. Linear calibration 

curves were constructed for diffuse reflectance measurements and for diffuse 
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transmittance measurements with detection Hmits on the order of a few micrograms. 

However, these values are primarily the result of a change in the scattering efficiency of 

the HPTLC media by the addition of the analyte, which causes more light to be reflected 

and less light to be transmitted by the analyte zone compared with the blank HPTLC 

plate. 

The qualitative analysis of analytes separated by HPTLC was improved for diffuse 

reflectance measurements by using a mirror as a reflective backing for the HPTLC plate. 

The mirror effectively increases the pathlength of the sample, reducing the mass of 

sample necessary to distinguish the caffeine absorption bands from -50 to -25 fxg. 

However, the mirror backing also negates changes in the scattering efficiency of the 

HPTLC media caused by the presence of the analyte, which results in poorer detection 

limits. 

The qualitative and quantitative detection of analytes separated on high-performance 

thin-layer chromatography (HPTLC) plates was demonstrated using the near-infrared 

imaging spectrometer. However, to fully realize the potential of this technique, 

significant improvements in the performance of the near-infrared imaging spectrometer, 

such as those mentioned in Section 7.1, are necessary. 
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APPENDIX A: FLOW CELL DATA 
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Figure 7.1 Analysis of the soil vapor extraction flow cell at time = 0 minutes. 
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Figure 7.2 Analysis of the soil vapor extraction flow cell at time =15 minutes. 
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Figure 7.3 Analysis of the soil vapor extraction flow cell at time = 29 minutes. 
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Figure 7.4 Analysis of the soil vapor extraction flow cell at time = 44 minutes. 
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Figure 7.5 Analysis of the soil vapor extraction flow cell at time = 58 minutes. 
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Figure 7.6 Analysis of the soil vapor extraction flow cell at time = 72 minutes. 
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Figure 7.7 Analysis of the soil vapor extraction flow cell at time = 87 minutes. 
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Figure 7.8 Analysis of the soil vapor extraction flow cell at time = 101 minutes. 
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Figure 7.9 Analysis of the soil vapor extraction flow cell at time =115 minutes. 
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Figure 7.10 Analysis of the soil vapor extraction flow cell at time =131 minutes. 
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Figure 7.11 Analysis of the soil vapor extraction flow cell at time = 145 minutes. 



Predicted Ethylbenzene Cone, 
(mg/g sand) 

i20 Predicted Toluene Cone, 
(mg/g sand) 

30 

25 

20 

15 

10 

5 

Ethylbenzene Outliers 
(light gray pixels) 

30 

25 

20 

15 

10 

5 

Toluene Outliers 
(light gray pixels) 

600 
—Ethy lbenzene  
-*•- Toluene rsooi 

E 400 

c300 

200 

100 

100 
Time (min) 

200 150 

Figure 7.12 Analysis of the soil vapor extraction flow cell at time =159 minutes. 
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Figure 7.13 Analysis of the soil vapor extraction flow cell at time = 173 minutes. 
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Figure 7.14 Analysis of the soil vapor extraction flow cell at time = 188 minutes. 
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Figure 7.15 Analysis of the soil vapor extraction flow cell at time = 203 minutes. 
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Figure 7.16 Analysis of the soil vapor extraction flow cell at time = 217 minutes. 
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Figure 7.17 Analysis of the soil vapor extraction flow cell at time = 232 minutes. 



302 

REFERENCES 

(1) Goetz, A. F. H.; Vane, G.; Solomon, J. E.; Rock, B. N. Science 1985, 228, 1147-
1153. 

(2) Schaeberle, M. D.; Kalasinsky, V. F.; Luke, J. L.; Lewis, E. N.; Levin, I. W.; 
Treado, P. J. Analytical Chemistry 1996, 68, 1829-1833. 

(3) Schaeberle, M. D.; Karakatsanis, C. G.; Lau, C. J.; Treado, P. J. Analytical 
Chemistry 1995, 67, 4316-4321. 

(4) Tran, C. D.; Cui, Y.; Smimov, S. Analytical Chemistry 1998, 70, 4701-4708. 

(5) Clarke, F. C.; Jamieson, M. J.; Clark, D. A.; Hammond, S. V.; Jee, R. D.; Moffat, 
A. C. Analytical Chemistry 2001, 73, 2213-2220. 

(6) Shonat, R. D.; Wachman, E. S.; Niu, W.-h.; Koretsky, A. P.; Farkas, D. L. 
BiophysicalJournal 1991, 73, 1223-1231. 

(7) Zuzak, K. J.; Schaeberle, M. D.; Lewis, E. N.; Levin, I. W. Analytical Chemistry 
2002, 74, 2021-2028. 

(8) United States Geological Survey Landsat Project, 
http://landsat7.usgs.gov/index.php, 2003. 

(9) Airborne Visible/Infrared Imaging Spectrometer 
httD://makalu.ipl.nasa.gov/aviris.htmL 2003. 

(10) Bowden, M.; Gardiner, D. J.; Rice, G.; Gerrard, D. L. Journal of Raman 
Spectroscopy 1990, 21, 37-41. 

(11) Lemer, J. M., Georgetown, Grand Cayman, 2000 1998; Royal Society of 
Chemistry; 53-63. 

(12) Koenig, J. L.; Wang, S.-Q.; Bhargava, R. Analytical Chemistry 2001, 73, 361A-
369A. 

(13) Cambridge Research and Instrumentation hic, VariSpec™ Tunable Imaging 
Filters, http://www.cri-inc.com/instruments/products/imaging varispec.shtml. 
2003. 

(14) Brimrose Corporation of America, http://www.brimrose.com/aointro.pdf. 2003. 

(15) Miller, C. T.; Poirier-McNeill, M. M.; Mayer, A. S. Water Resources Research 
1990, 26, 2783-2796. 

(16) Cain, R. B.; Johnson, G. R.; McCray, J. E.; Blanford, W. J.; Brusseau, M. L. 
Ground Water 2000, 38, 752-761. 

(17) Chrysikopoulos, C., V. Water Resources Research 1995, 31, 1137-1145. 

http://landsat7.usgs.gov/index.php
http://www.brimrose.com/aointro.pdf


303 

(18) Nelson, N. T.; Oostrom, M.; Wietsma, T. W.; Brusseau, M. L. Environmental 
Science and Technology 1999, 33, 4046-4053. 

(19) United States Environmental Protection Agency, http://www.epa.gov/swerustl/, 
2003. 

(20) Villaume, J. F. Ground Water Monitoring Review 1985, 5, 60-74. 

(21) Mayer, A. S.; Carriere, P. P. E.; Gallo, C.; Pennell, K. D.; Taylor, T. P.; Williams, 
G. A.; Zhong, L. Water Environment Research 1997, 69, 777-844. 

(22) Miller, C. T.; Christakos, G.; Imhoff, P. T.; McBride, J. F.; Pedit, J. A. Advances 
in Water Resources 1998, 21, 77-120. 

(23) Khachkian, C.; Harmon, T. C. Transport in Porous Media 2000, 38, 3-28. 

(24) Brusseau, M. L.; Zhang, Z.; Nelson, N. T.; Cain, R. B.; Tick, G. R.; Oostrom, M. 
Environmental Science and Technology 2002, 36, 1033-1041. 

(25) Brusseau, M. L.; Nelson, N. T.; Oostrom, M.; Zhang, Z.; Johnson, G. R.; 
Wietsma, T. W. Environmental Science and Technology 2000, 34, 3657-3664. 

(26) Anderson, M. R.; Johnson, R., L.; Pankow, J. F. Ground Water 1992, 30, 250-
256. 

(27) Soerens, T. S.; Sabatini, D. A.; Harwell, J., H. Water Resources Research 1998, 
34, 1657-1673. 

(28) Hofstee, C.; Oostrom, M.; Dane, J. H.; Walker, R. C. Journal of Contaminant 
Hydrology 1998, 34, 293-313. 

(29) Illangasekare, T. H.; Ramsey, J. L., Jr.; Jensen, K. H.; Butts, M. B. Journal of 
Contaminant Hydrology 1995, 20, 1-25. 

(30) Powers, S. E.; Nambi, 1. M.; Curry, G. W., Jr. Water Resources Research 1998, 
34, 3293-3302. 

(31) Oostrom, M.; Hayworth, J. S.; Dane, J. H.; Giiven, O. Water Resources Research 
1992, 28, 2123-2134. 

(32) Oostrom, M.; Hofstee, C.; Dane, J. H. Soil Science Society of America Journal 
1997, 61, 1547-1554. 

(33) Kechavarzi, C.; Soga, K.; Wiart, P. Journal of Contaminant Hydrology 2000, 46, 
265-293. 

(34) Oostrom, M.; Dane, J. H.; Missildine, B. C.; Lenhard, R. J. Soil Science 1995, 
160, 28-42. 

(35) Stillwater, R.; Klute, A. Water Resources Research 1988, 24, 1411-1422. 

(36) Imhoff, P. T.; Jaffe, P. R.; Pinder, G. F. Water Resources Research 1993, 30, 307-
320. 

http://www.epa.gov/swerustl/


304 

(37) Rimmer, A.; DiCarlo, D. A.; Steenhuis, T. S.; Bierck, B.; Dumford, D.; Parlange, 
J. Y. In Journal of Contaminant Hydrology, 1998; Vol. 31, pp 315-335. 

(38) Damault, C. J. G.; Throop, J. A.; DiCarlo, D. A.; Rimmer, A.; Steenhuis, T. S.; 
Parlange, J. Y. In. Journal of Contaminant Hydrology, 1998; Vol. 31, pp 337-348. 

(39) Tidwell, V. C.; Glass, R. J. Water Resources Research 1994, 30, 2873-2882. 

(40) Schincariol, R. A.; Herderick, E. E.; Schwartz, F. W. Journal of Contaminant 
Hydrology 1993,12, 197-215. 

(41) Van Geel, P. J.; Sykes, J. F. In Journal of Contaminant Hydrology, 1994; Vol. 17, 
pp 1-25. 

(42) Beyerinck, M. W. zeitschrift furphysikalische Chemie 1889, 3, 110. 

(43) Wijsaman, H. P. De Diastase, beschouwd als mengsel van Mattase en Dextrinase: 
Amsterdam, 1898. 

(44) Izmailov, N. A.; Schraiber, M. S. Farmatsiya (Sofia) 1938, 3, 1-7. 

(45) Meinhard, J. E.; Hall, N. F. Analytical Chemistry 1949, 21, 185-188. 

(46) Miller, J. M.; Kirchner, J. G. Anal. Chem. 1951, 23, 428-430. 

(47) Miller, J. M.; Kirchner, J. G. Anal. Chem. 1952, 24, 1480-1482. 

(48) Miller, J. M.; Kirchner, J. G. Anal. Chem. 1954, 26, 2002. 

(49) Stahl, E. Dunnschicht-Chromatographie; ein Laboratoriumshandbuch.; Springer 
Verlag: Berlin, 1962. 

(50) Sherma, J. In Handbook of Thin-Layer Chromatography, 3rd ed.; Fried, B., Ed.; 
Marcel Dekker Inc.: New York, 2003, pp 1-46. 

(51) Poole, C. F.; Poole, S. K. Analytical Chemistry 1989, 61, 1257A-1269A. 

(52) Kowalska, T. In Handbook of Thin-Layer Chromatography, 2nd ed.; Fried, B., 
Ed.; Marcel Dekker, Inc: New York, 1996; Vol. 71, pp 49-80. 

(53) Fried, B.; Sherma, J. Thin Layer Chromatography, 4th ed.; Marcel Dekker, Inc: 
New York, 1999. 

(54) Kovar, K.-A.; Morlock, G. E. In Handbook of Thin-Layer Chromatography, 2nd 
ed.; Sherma, J., Fried, B., Eds.; Marcel Dekker, Inc: New York, 1996; Vol. 205-
239, pp 171-203. 

(55) Prosek, M.; Pukl, M. In Handbook of Thin-Layer Chromatography, 2nd ed.; 
Sherma, J., Fried, B., Eds.; Marcel Dekker, Inc: New York, 1996; Vol. 71, pp 
273-306. 

(56) Baker, M.; Denton, M. B. Charge-Transfer Devices in Spectroscopy 1994, 197-
226. 



305 

Liang, Y.; Denton, M. B. Special Publication - Royal Society of Chemistry 1996, 
194, 161-169. 

Liang, Y.; Baker, M. E.; Gilmore, D. A.; Denton, M. B. Journal of Planar 
Chromatography--Modern TLC1996, 9, 247-253. 

Liang, Y.; Baker, M. E.; Yeager, B. T.; Denton, M. B. Analytical Chemistry 1996, 
65,3885-3891. 

Simon, R. E.; Walton, L. K.; Liang, Y.; Denton, M. B. Analyst (Cambridge, 
United Kingdom) 2001,126, 446-450. 

Kirk, A. D.; Moss, K. C.; Valentin, J. G. Journal of Chromatography 1968, 36, 
332-337. 

Poole, S. K.; Poole, C. F. Analyst (London) 1994, 119, 113. 

Liu, Y.; Wei, W.; Wang, M.; Pu, Y.; Lin, L.; Zhang, J. Journal of Planar 
Chromatography-Modern TLC 1991, 4, 146. 

Butler, H. T.; E., C. M.; F., P. C. Journal of Chromatography A 1984, 290, 113-
126. 

R. J. van de Nesse, G. J. M. H., J. J. M. De Moel, C. Gooijer, U. A. Th. Brinkman 
andN. H. Velthorst Jowrna/ of Chromatography A 1991, 552, 613-623. 

Somsen, G. W.; Morden, W.; Wilson, I. D. Journal of Chromatography A 1995, 
703, 613. 

Busch, K. L. Handbook of Thin-Layer Chromatography, 3rd ed.; Sherma, J., 
Fried, B., Eds.; Marcel Dekker, Inc.: New York, 2003, pp 239-275. 

Percival, C. J.; Griffiths, P. R. Analytical Chemistry 1975, 47, 154-156. 

Fuller, M. P.; Griffiths, P. R. Analytical Chemistry 1978, 50, 1906-1910. 

Fuller, M. P.; Griffiths, P. R. Applied Spectroscopy 1980, 34, 533-539. 

Zuber, G. E.; Warren, R. J.; Begosh, P. P.; O'Donnell, E. L. Analytical Chemistry 
1984, 56, 2935-2939. 

Glauninger, G.; Kovar, K.-A.; Hoffinann, V. Fresenius Journal of Analytical 
Chemistry 1990, 338, 710-716. 

Practical Spectroscopy 1990,10, 137-162. 

Beauchemin, B. T., Jr.; Brown, P. R. Analytical Chemistry 1989, 61, 615-618. 

Gocan, S.; Cimpan, G. Reviews in Analytical Chemistry 1997,16, 1-24. 

Morlock, G. E.; Kovar, K.-A. \n Handbook of Thin-Layer Chromatography, 3rd 
ed.; Sherma, J., Fried, B., Eds.; Marcel Dekker, Inc.: New York, 2003, pp 207-
238. 



306 

(77) Everall, N. J.; Chalmers, J. M.; Newton, I. D. Applied Spectroscopy 1992, 46, 
597-601. 

(78) Sequaris, J. M. L.; Koglin, E. Analytical Chemistry 87, 59, 525-527. 

(79) Matejka, P.; Stavek, J.; Volka, K.; Schrader, B. Applied Spectroscopy 1996, 50, 
409-414. 

(80) Rosencwaig, A.; Hall, S. S. Analytical Chemistry 1975, 47, 548-549. 

(81) Castleden, S. L.; Elliott, C. M.; Kirkbright, G. F.; Spillane, D. E. M. Analytical 
Chemistry 1979, 51, 2152-2153. 

(82) Fishman, V. A.; Bard, A. J. Analytical Chemistry 1981, 53, 102-105. 

(83) Lloyd, L. B.; Yeates, R. C.; Eyring, E. M. Analytical Chemistry 1982, 54, 549-
552. 

(84) White, R. L. Analytical Chemistry 1985, 57, 1819-1822. 

(85) Kawazumi, H.; Yeung, E. S. Applied Spectroscopy 1988, 42, 1228-1231. 

(86) Kawazumi, H.; Yeung, E. S. Applied Spectroscopy 1989, 43, 249-253. 

(87) Prosek, M.; Vovk, I. In Handbook of Thin-Layer Chromatography, 3rd ed.; 
Sherma, J., Fried, B., Eds.; Marcel Dekker, Inc.: New York, 2003, pp 277-306. 

(88) Ciurczak, E. W.; Cline-Love, L. J.; Mustillo, D. M. Spectroscopy 1990, 5, 38-42. 

(89) Ciurczak, E. W.; Cline-Love, L. J.; Mustillo, D. M. Spectroscopy 1991, 6, 36-40. 

(90) Yamamoto, H.; Yoshikawa, O.; Nakatani, M.; Tsuji, F.; Maeda, T. Applied 
Spectroscopy 1991, 45, 1166-1170. 

(91) Fong, A.; Hieftje, G. M. Applied Spectroscopy 1994, 48, 394-399. 

(92) Fong, A.; Hieftje, G. M. Analytical Chemistry 1995, 67, 1139-1146. 

(93) Fong, A.; Hieftje, G. M. Applied Spectroscopy 1995, 49, 1261-1267. 

(94) Herschel, W. Philosophical Transactions Of The Royal Society Of London 1800, 
90, 225-283. 

(95) Herschel, W. Philosophical Transactions Of The Royal Society Of London 1800, 
90, 284-292. 

(96) Herschel, W. Philosophical Transactions Of The Royal Society Of London 1800, 
90, 293-326. 

(97) Ben-Gera, I; Norris, K. H. IsraelJournal of Agricultural Research 1968, 18, 117-
124. 

(98) Ben-Gera, I.; Norris, K. H. Journal of Food Science 1968, 33, 64-68. 

(99) Ingle, J., D. Jr.; Crouch, S. R. Spectrochemical Analysis; Prentice Hall Inc.: Upper 
Saddle River, 1998. 



307 

(100) Ciurczak, E. W. In Handbook of Near-Infrared Analysis, Second ed.; Bums, D. 
A., Ciurczak, E. W., Eds.; Marcel Dekker, Inc.: New York, 2001; Vol. 27, pp 7-
18. 

(101) Murray, I.; Williams, P. C. In Near-Infrared Technology in the Agricultural and 
Food Industries', Norris, K. H., Ed.; American Association of Cereal Chemists, 
Inc.: St. Paul, 1987, pp 17-34. 

(102) Lambert, J. H. Photometria sive de mensura et grodibus luminis colorum et 
umbrae', Augustae Vindelicorum, 1760. 

(103) Olinger, J. M.; Griffiths, P. R.; Burger, T. In Handbook of Near-Infrared 
Analysis, Second ed.; Bums, D. A., Ciurczak, E. W., Eds.; Marcel Dekker, Inc.: 
New York, 2001; Vol. 27, pp 19-51. 

(104) Mie, G. Annalen der Physik 1908, 25, 311. 

(105) Kortiim, G. Reflectance Spectroscopy, Springer-Verlag: New York, 1969. 

(106) Theissing, H. H. Journal of the Optical Society of America. 1950, 40, 232-243. 

(107) Kubelka, P.; Munk, F. Zeitschriftfur technischephysik. 1931,12, 593-601. 

(108) Mudgett, P. S.; Richards, L. S. Applied Optics 1971,10, 1485-1502. 

(109) Burger, T.; Kuhn, J.; Caps, R.; Fricke, J. Applied Spectroscopy, 1997; Vol. 51, 
pp 309-317. 

(110) Kubelka, P. Journal of the Optical Society of America. 1948, 38, 448-457. 

(111) Silberstein, L. In Phil. Mag [7], 1927; Vol. 4, pp 1291-1296. 

(112) Ryde, J. W.; Cooper, B. S. In J. Soc. Glass Tech., 1932; Vol. 16, pp 408-430. 

(113) Duntley, S. Q. Journal of the Optical Society of America. 1942, 32, 61-70. 

(114) Burger, T.; Ploss, H. J.; Kuhn, J.; Ebel, S.; Fricke, J. In Applied Spectroscopy, 
1997; Vol. 51, pp 1323-1329. 

(115) Kuhn, J.; Korder, S.; Arduini-Schuster, M. C.; Caps, R.; Fricke, J. In Review of 
Scientific Instruments, 1993; Vol. 64, pp 2523-2530. 

(116) Kienle, A.; Patterson, M. S.; Dognitz, N.; Bays, R.; Wagnieres, G.; van den 
Bergh, H. Applied Optics 1998, 37, 779-791. 

(117) Wabnitz, H.; Rinneberg, H. Applied Optics 1997, 36, 64-74. 

(118) Bodo, Z. Acta Physica Academiae Scientiarum Hungaricae 1951,1, 135. 

(119) Johnson, P. D. Journal of the Optical Society of America. 1952, 42, 978. 

(120) Companion, A.; Winslow, G. H. Journal of the Optical Society of America. 1960, 
50, 1043. 

(121) Melamed, N. T. Journal of Applied Physics 1963, 34, 560-570. 



308 

122) Mandelis, A.; Boroumand, F.; van den Bergh, H. Applied Optics 1990, 29, 2853-
2860. 

123) Mandelis, A.; Boroumand, F.; van den Bergh, H. Spectrochimica Acta 1991, 47A, 
943-971. 

124) Tran, C. D. Analytical Chemistry 1992, 64, 971A-981A. 

125) Chang, 1. C. Optical Engineering 1977,16, 455-460. 

126) Chang, I. C. Optical Engineering 1981, 20, 824-829. 

127) Glenar, D. A.; Hillman, J. J.; Saif, B.; Bergstralh, J. Applied Optics 1994, 33, 
7412-7424. 

128) Chanover, N. J.; Glenar, D. A.; Hillman, J. J. Journal of Geophysical Research 
1998,703,31335-31348. 

129) Bilhom, R. B.; Sweedler, J. V.; Epperson, P. M.; Denton, M. B. Applied 
Spectroscopy 1987, 41, 1114-1125. 

130) Epperson, P. M.; Sweedler, J. V.; Bilhom, R. B.; Sims, G. R.; Denton, M. B. 
Analytical Chemistry 1988, 60, 327A-328A, 330A-331A, 333A-335A. 

131) Sweedler, J. V.; Bilhom, R. B.; Epperson, P. M.; Sims, G. R.; Denton, M. B. 
Analytical Chemistry 1988, 60, 282A-284A, 286A, 288A, 290A-291A. 

132) Earle, C. W.; Baker, M. E.; Denton, M. B.; Pomeroy, R. S. TrAC, Trends in 
Analytical Chemistry 1993,12, 395-403. 

133) Sweedler, J. V.; Ratzlaff, K. L.; Denton, M. B.; Editors Charge-Transfer Devices 
in Spectroscopy, 1994. 

134) Hanley, Q. S.; Earle, C. W.; Pennebaker, F. M.; Madden, S. P.; Denton, M. B. 
Analytical Chemistry 1996, 68, 661A-667A. 

135) Rockwell Scientific Imaging Sensors, 
http://www.rockwellscientific.com/imaging/index.html 2003. 

136) Santa Barbara Focal Plane, http://www.sbfb.com/index.htm. 2003. 

137) PtSi3100A Application Guide\ Boeing Sensor Products, 1998. 

138) PtSi3100 TV Compatible 324x240 Platinum Silicide Array Product Literature, 
Boeing Sensor Products, 1997. 

139) Personal Communication with Mark Muzilla at Boeing, 1998. 

140) Papoulis, A. Probability, random variables, and stochastic processes', New York, 
McGraw-Hill [cl965], 1965. 

141) Knight, A. K.; Sperline, R. P.; Denton, M. B. In preparation 2003. 

142) de Jong, S. Chemometrics and Intelligent Laboratory Systems 1993,18, 251-263. 

143) Brereton, R. G. The Analyst 2000,125, 2125-2154. 

http://www.sbfb.com/index.htm


309 

(144) Birth, G. S.; Hecht, H. G. In Near-Infrared Technology in the Agricultural and 
Food Industries', Williams, P., Norris, K. H., Eds.; American Association of 
Cereal Chemists: St. Paul, Minnesota, 1987, pp 1-15. 

(145) Personal Communication with Justin Marble, Graduate Student, Department of 
Soil, Water and Envirormiental Sciences, University of Arizona, November 2001. 

(146) Bemtsson, O.; Danielsson, L. G.; Folestad, S. Analytica Chimica Acta 1998, 364, 
243-251. 

(147) Bemtsson, O.; Burger, T.; Folestad, S.; Danielsson, L. G.; Kuhn, J.; Fricke, J. In 
Analytical Chemistry, 1999; Vol. 71, pp 617-623. 

(148) Brereton, R. G. The Analyst 1997,122, 1521-1529. 

(149) Munoz, J. A.; Brereton, R. G. Chemometrics and Intelligent Laboratory Systems 
1998, 43, 89-105. 

(150) Twomey, S. A.; Bohren, C. F.; Mergenthaler, J. L. 'hi Applied Optics, 1986; Vol. 
25, pp 431-437. 

(151) Geladi, P.; MacDougall, D.; Martens, H. Applied Spectroscopy 1985, 39, 491-
500. 

(152) Isaksson, T.; Naes, T. Applied Spectroscopy 1988, 42, 1273-1284. 

(153) Barnes, R. J.; Dhanoa, M. S.; Lister, S. J. Applied Spectroscopy 1989, 43, 772-
777. 

(154) Savitzky, A.; Golay, M. J. E. Analytical Chemistry 1964, 36, 1627-1639. 

(155) Sherma, J.; Roff, C. D. Journal of Planar Chromatography—Modern TLC 1992, 
J, 197. 

(156) Yamauchi, H.; Kondo, S. Colloid and Polymer Science 1988, 266, 855-861. 


