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   This report describes a methodology for spectrum-feature extraction from absorption spectra, obtained using reflectance measurements, 
including those obtained by diffuse reflectance (DR)  and attenuated total reflecttance (ATR) spectroscopies, based on reflectance theory and 
phenomenological function decomposition of reflectance. Specifically, this methodology entails spectrum feature-extraction using iterative 
spectrum adjustment by phenomenological backgrounds. Formulation of the feature-extraction methodology, based on inverse-analysis theory, 
is that of an inverse-model space, whose concept and properties are described. The inverse-model space, for spectrum feature-extraction, consists 
of numerical and analytical functions for non-unique iterative spectrum-background adjustment, which formally combines existing methods. 
In this study, the methodology defined by these combined methods, is extended to include truncated basis-function representations of dominant 
spectral features. In addition, results of spectrum-feature extractions demonstrating application of the inverse-analysis methodology are described.  
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1. INTRODUCTION

      Extraction of spectral features associated with target materials within chemical and physical 
mixtures, including materials on surfaces having complex structure, for their identification and 
quantification, poses a specific problem for spectroscopic analysis. Parametric models of reflectance 
and absorption spectra can be applied for extraction of spectral features of target materrials that are 
within a background of spectral features associated with mixtures and substrates, as well as scattering 
due to finite particle-size influences. Extraction of spectral features of target materials can be by means 
of signal-corrected spectra, where broad-background spectral features have been removed. These 
signal-corrected spectra can provide, in principle, extracted or residual spectra to be compared with 
reference or template spectra, for purposes of detection. This study describes a methodology for 
spectrum-feature extraction from absorption spectra, typically obtained by reflectance measurements, 
including those obtained by diffuse reflectance (DR) and attenuated total reflecttance (ATR) 
spectroscopies, based on reflectance theory and phenomenological function decomposition of 
reflectance. 
     The model formulation is based on the inverse analysis approach [1,2], reflectance theory [3-7] and 
phenomenological scattering-matrix (S-matrix) representation of reflectance, consisting of 
multiplicative factors associated with different types of contributions to the reflectance, Amoung these 
factors are phenomenological reflectance functions representing adjustable parameters of the model 
formulation, whose adjustment is similar to that of spectrum normalization and spectrum-baseline 
correction with respect to phenomenological backgrounds, e.g., references [8-16], and signal-
processing methods using signal templates [17].  
     There exists a large volume of work describing different spectrum-correction methods based on 
background removal. A proper review of this work poses a major task in itself, beyond the scope of 
this report. Reference [16], however, provides a reasonable review of such methods, and in addition, 
specifies the category of the methodology described here, which is based on non-unique iterative and 
segmented adjustment of spectra, which is in contrast to methods based on those of references 8-11. 
The inverse analysis methodology presented here, for spectral-feature extraction, follows from the 
observation that many spectrum-correction methods are formally equivalent, but defined in terms of 
different parameterizations. Specifically, these methods, which are for determination of signal-
corrected spectra by adjustment of different contributions to absorbance spectra, are equivalent to 
phenomenological multiplicative-factor decomposition of the reflectance function. Accordingly, these 
methods, which can be applied in combination and iteratively for feature extraction, can be defined 
formally an “inverse-model space” as described by inverse problem theory [1,2], where model 
parameterizations are not unique. 
       Inverse-Model and Spectrum-Template Spaces. Following the inverse-problem approach [1,2], a 
system is represented by a parametric model. The particular choice of a parametric model, is termed 
a “parameterization” of the system [2]. The choice of a particular parameterization, however, is in 
general not unique. In order to address the property of non-uniqueness of system parameterization, 
inverse problem theory has adopted the concept of “model space,” where subregions of this space 
represent “conceivable” parametric models of the system [2]. Given a model space for diffuse 
reflectance, quantitative inverse analysis is further enhanced by isolating model-space regions 
associated with parameterizations that are physically consistent, conveniently adjusted with respect to 
given sets of measurements, and sufficiently general in term mathematical representation. A 
physically consistent, conveniently adjustable and sufficiently general parameterization of diffuse 
reflectance is significant for the following reasons. First, spectral-signature features calculated by 
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inverse methods represent a mapping from data space into parameter space. It is therefore preferable 
to adopt a parametric function representation whose form tends to minimize any bias resulting from 
its mathematical form. Second, a set of parameters associated with a physically consistent 
representation can in principle be used to extract relationships between parameters, which can provide 
further insight related to physical characteristics. Third, spectral-feature extraction for a specific 
application requires quantitative assessment of reflectance characteristics over a sufficient range of 
parameter values. Fourth, a sufficiently general parametric model formulation can be adjusted to 
include influences due to incomplete information concerning the system. And fifth, the “spectrum-
data space” is that containing measurements of transmission and reflectance spectra, and any quantity 
related to these spectra via an assumed physical relationship. Finally, a general model formulation that 
can be applied, in principle, for inverse analysis of reflectance spectra, for a wide range of materials 
on substrates, can be a conveniently adjustable set of parametric functions.          
          An inverse-analysis framework for spectrum-feature extraction based on the concept of model  
space implies that  feature extraction is via non-unique iterative operations. Feature extraction can be 
based on comparison to an ensemble of template spectra, which defines a ”template space.” The 
concept of template space is similar to that of feature space, which is applied  for image analysis. 
Shown is that previous feature-extraction methods, as a set, have a well defined interelationship that 
defines a parametric model space.  
        In  what follows, an inverse model space for spectrum feature-extraction is presented. Next, case 
studies concerning spectrum-feature extraction from IR absorbance spectra for a variety of coffees are 
described. Next, a discussion is given concerning aspects and utilization of the inverse model space 
for spectrum-feature extraction. Finally, a conclusion is presented. 
 

2. INVERSE MODEL SPACE FOR SPECTRUM-FEATURE EXTRACTION  
 

       Following the inverse analysis approach, a physically consistent parametric-model space provides 
a means for investigating the dielectric response characteristics of a given material, or combination of  
materials, and geometry. The model space is constructed using combinations of physical and 
phemomenological representations. For reflection from sparse distributions of particles (or in general, 
segments), whose material composition is heterogeneous, it is plausible that a general framework for 
modeling of reflectivity spectra can be based on background-subtraction procedures, which are for 
removal of spectral features due to base substrates, materials known to be present (other than those 
associated with target spectra), and unknown contributions to spectral features. An inverse-analysis 
methodology for extraction of target spectral features, which combines trend features of reflection 
measurements, e.g., diffuse and ATR, with background-normalization procedures, and is based on a 
phenomenological multiplicative-factor (or S-matrix) representation of reflectance [7], is given by 
 

																																		𝑅!(𝜔) = 𝑅"(𝜔)𝑅#(𝜔)𝑅$(𝜔)𝑅%&(𝜔)																																																			(1) 
where 

																																							𝑅%&(𝜔) 	= (𝑤'exp -−(𝑐'(𝐴'((𝜔)
!!

()*

1
+

')*

																																										(2)	 

and 

																																																		𝐴"(𝜔) = ln 5
1

𝑅"(𝜔)
6	.																																																																(3) 
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       The component decomposition defined by Eq.(1) provides for inverse analysis of spectra. The 
reflectance function 𝑅$(𝜔)  represents measured or modeled background contributions to the 
measured spectrum 𝑅!(𝜔), e.g., spectrum of a substrate. The quantity 𝑅"(𝜔) represents contributions 
to	𝑅!(𝜔) that do not have broad-band variation, and assumed to contain spectral information of 
interest. Characteristically, this quantity is representative of spectral features not to be filtered, but 
more importantly, extracted. Equation (1) can be extended for inverse analysis by inclusion of 
components that are physical models based on theory and absorption coefficients for known materials. 
The function RLC represents estimated known contributions to the measured spectrum	associated with 
mixtures and surface segmentation. The normalized absorbance functions 𝐴'((𝜔) are determined in 
principle by inverse spectral analysis of reflectance or transmission spectra using the Beer-Lambert 
model, or of diffuse reflectance using the Kubelka-Munk model [6], where scaling with respect to path 
length and segmentation are represented parametrically by weight coefficients cln and wl, respectively.  
       Following the general formulations of methods for spectrum normalization and spectrum-baseline 
correction with respect to phenomenological backgrounds [8-16], the function 𝑅#(𝜔)  can be 
decomposed phenomenologically in terms of absorbance basis functions and characteristic reflectance 
components, representing different types of spectral-feature characteristics, which are in terms of 
either analytical parametric models or numerical procedures. Accordingly, 
 
																																																𝑅#(𝜔) = exp(−𝐴, (𝜔))〈𝑅-+(𝜔)〉.																																																										(4) 

where 

																																		𝐴,(𝜔) = 𝐴/ + 𝐵/〈𝐴0(𝜔)〉 +(𝑐'

+

')*

𝜔'

		

+ 𝐹2((𝜔)																																														(5) 

and 

																																																		𝑅-+(𝜔) =
𝑅!(𝜔)

𝑅$(𝜔)𝑅%&(𝜔)
	.																																																									(6) 

 
      Equations (1)-(6) represent a phenomenological decomposition in terms of a product of reflectance 
functions, characterized by broadband variation, which are for iterative normalization. The quantity 
〈𝐴0(𝜔)〉 represents an average spectrum that is adopted as a reference spectrum. The quantity Ac 
represents additive baseline contributions to the spectrum. The coefficients Bc and cl (l = 1,...,N) are a 
scaling factor of the reference spectrum, and those associated with phenomenological polynomial-
function representation of broad baseline variations within spectra, respectively.  
      The quantity Fan is for analytical-function representation of spectral features that are a function of 
wavelength, broadband and have trend features with line-shapes. This quantity, which is included for 
completeness, includes within the model space phenomenological spectrum-fitting models that do not 
have simple functional forms, such as constant, linear and polynomial. For example, in principle, Fan 
could be defined in terms of Gaussian, Lorentzian and pseudo-Voight functions, which are higher-
order extension of simpler functional forms. 
       The multiplicative factor 〈𝑅-+(𝜔)〉. represents the numerical operation of spectrum smoothing. 
The scaled average quantity 〈𝐴0(𝜔)〉	can also be the result of spectrum smoothing, depending on the 
chosen sequence of model-space parameter adjustment. Reference [16] provides some discussion of 
spectrum-smoothing methods. The adjustable quantities of the model-space formulation, which are 
defined by the decomposition of 𝑅#(𝜔) (Eqs. (4) and (5)) are not unique, and can be defined in terms 
of either analytical parametric models or numerical procedures.  
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       The formal procedure underlying inverse analysis entails general concepts based successive 
normalization of spectra for determination of a residual spectrum 𝐴"(𝜔) defined below. The inverse 
model space adopts as input information, the measured reflectance spectrum RM of particles (or 
segments) distributed on a substrate, the reflectance spectrum Rb of substrate, and reflectance 
contributions of materials assumed known to be present RLC, and an average reference spectrum 
〈𝐴0(𝜔)〉. As is characteristic of inverse models, the decompostions defined by Eqs.(1)-(6) are not 
unique. Different basis-function decompositions can be applied to the same measured spectrum RM, 
which would be based on assumptions concerning the physical nature of spectral features. 
Interpretation of the general quantities comprising Eqs.(1)-(6) can be obtained by elucidating their 
relationship to spectrum-correction methods e.g., [8-16]. These methods, which are for determination 
of a signal-corrected absorbance spectrum by adjustment of different component contributions, are 
formally equivalent to a phenomenological multiplicative-factor decomposition of the reflectance 
function, i.e., a phenomenological S-matrix representation defined by Eq.(1), which entails adjustment 
of different “multiplicative-factor” contributions to the reflectance spectrum. 
       The general procedure for inverse analysis entails construction of a residual spectrum 𝐴"(𝜔) 
according to the general relation  
 

																																														𝐴"(𝜔) 	= 	𝐴-+(𝜔) 	− 𝐴#(𝜔)	,																																																							(7)		 
 
The absorbances ABN and Ap,  respectively, are given by 
 

																																																		𝐴-+(𝜔) = ln 5
1

𝑅-+(𝜔)
6																																																										(8) 

and 

																																																		𝐴#(𝜔) = ln D
1

𝑅#(𝜔)
E	,																																																																(9) 

 
and components of 𝑅#(𝜔), defined by Eqs.(4)-(6) are adjusted with respect to a template spectrum. 
The residual spectrum 𝐴"(𝜔), which contains dominant spectral features, is calculated by successive 
adjustment of the component contributions of 𝐴,(𝜔) and the smoothed spectrum 〈𝑅-+(𝜔)〉., with 
given	𝑅!(𝜔), 𝑅$(𝜔) and 𝑅%&(𝜔), as needed by characteristic trend features of measured spectra. The 
general formulation of the inverse analysis procedure defined by Eqs. (7)-(8) does not interpret Ar as 
a residual term associated with least-squares determination of parameters defined by Eqs.(4)-(6). 
Rather, the residual spectrum is calculated by successive, independent and non-unique adjustment of 
the component contributions, as needed by the characteristic trend features of the measured spectrum, 
as compared to those of a template spectrum. This interpretation of Ar provides flexibility with respect 
to spectrum-feature extraction associated with target materials. Specifically, Eqs. (4)-(6) define a set 
of independent operations for background normalization, which may be applied partially or in 
combination for sufficient feature extraction.  
     Next, noted is that further background removal can be applied to residual spectra 𝐴"(𝜔), which 
contain dominant spectral features. This removal is achieved by constructing truncated basis-function 
representations of dominant spectral features, i.e., 
 
																																																																			𝐴"(𝜔) = 𝐴"3(𝜔) + 𝐸"(𝜔)																																							(10)			 
where 
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																																																																								𝐴"3(𝜔) = (𝑤4𝑓4

+"

4)*

(𝜔)																																						(11)			 

 
and is a linear combination of Gaussian or Lorentzian functions. Inherent incompleteness of the basis-
function set fk (k=1-Nk) is assumed, but sufficiently complete for representation of dominant spectral 
features. The expansion Eq.(11) is constructed using discrete spectra resulting from sampling at 
critical points of 𝐴"(𝜔) , which are then transformed to a continuous-spectrum estimation of 
absorbance spectra. To be noted is that discrete sampling of spectra at critical points is not related to 
discrete sampling of a continuous spectrum according to a Nyquist criterion, and truncated basis-
function representation is not related to phenoomenological basis-function decomposition of spectra, 
because they are an  encoding of physical resonant structure. To be noted additionally, is the the non-
unique sequence of operations defined by Eqs. (1)-(9), is for feature extraction related not only to 
“peaks” or local maxima, but all critical points associated with function variation, 
        Equations (1)-(9), not including the general function Fan within Eq.(5), define a model subspace 
that formally combine existing methods (references [8-16]). In this study, the methodology defined 
by this subspace, is extended to include truncated basis-function representation of dominant spectral 
features, 𝐴"3(𝜔) defined by Eqs. (10)-(11). 
       As described above, the formulation defined by Eqs.(1)-(11) represents an inverse model space 
for spectrum-feature extraction. The problem of “spectrum-feature extraction” for comparison with 
spectral features of template spectra (or a spectrum feature-space) should be considered different from 
that of determining absorbance spectra of materials, by inverse analysis, for calculation of dielectric-
response functions. Specifically, the problem of spectrum-feature extraction entails comparison of 
calculated residual spectra with template spectra associated with target materials. Development of 
procedures for such comparison defines a separate problem. In principle, for the methodology 
presented here, template spectra or feature-space spectra can be approximate absorbance spectra that 
are sufficient in terms of characteristic features for comparison with extracted spectral features.  
       The inverse model space, Eqs. (1)-(11), defines a set of independent and general feature-extraction 
operations, which are in terms of reflectance and absorbance, are equivalent representations of spectral 
features, and can be applied in terms of both. These operations are guided by spectra within spectrum 
templates or feature spaces. This follows in that spectrum feature-extraction operations are applied to 
spectra that are assumed to contain spectral features dominated on average by those of a target 
material, but also contain additional features resulting from various physical process of both known 
and unknown origin. Again, the general formulation defined by Eqs.(1)-(11) represents an “inverse-
model space” for spectrum-feature extraction, as described above. Conceptually, application of the 
inverse-model space Eqs.(1)-(11) for spectrum-feature extraction represents an iterative process, 
where sequences of spectrum adjustments are not unique, consistent with non-unique inverse-model 
parameterization. In addition, it is expected that a given set of spectrum adjustments will be relatively 
optimal for certain localized regions of frequencies, but not all. Thus, feature extraction over  different 
wavelength regions, using the above methodology, is in general, by means of spectrum  adjustments  
over different segmented wavelength-regions. The concept of comparing extracted features to those 
of feature space, which includes spectrum templates, is motivated in part by algorithms applied in 
signal processing [17].  
       References [18,19] apply the above methodology to surface-distributed caffeine particles on 
substrates, i.e., aluminum, glass, polyethylene (PE), and gold. Studies described in these references 
demonstrate adjustment of both reflectance and absorbance spectra for feature extraction.  Described 
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in the next section are only adjustments of absorbance spectra for feature extraction, and extention of 
the model space for inclusion of truncated basis-function representation.  
 

3. CASE-STUDIES OF SPECTRUM-FEATURE EXTRACTION 
 
      Presented in this section are case studies of spectrum-feature extractions from absorbance spectra, 
demonstrating application of the inverse-model space related to adjustments of absorbance spectra. 
For these case studies, spectrum-feature extraction is applied to absorbance spectra of different coffee 
types using the model space defined by Eqs.(1)-(11). This analysis entails calculation of residual 
absorbance functions, discrete spectra of critical points, and truncated basis-function representations. 
In principle, operations for calculation of these different types of spectra, for feature extraction from 
a given spectrum, can be done in combination (sequentially). The present case studies apply these 
operations individually, for the purpose of demonstration. In additiion, for these studies, quantitative 
correlation or comparison of extracted features with template spectra is not considered, but discussed 
qualitatively.  
     Our first set of spectrum-feature extractions considers construction of an ensemble of template 
spectra for comparison with extracted spectral features. In that our prototype analyses concern types 
of coffee, template spectra of caffeine are considered as prototypical. Shown in Figs. (1)-(3) is a 
measured absorbance spectrum for caffeine, its discrete-function approximation, and its truncated 
basis-function representation, respectively. The significance of other representations, e.g., Figs. (2) 
and (3) is that of “feature enhancement,” which shouuld be an important characteristic of spectrum 
templates. 
     Our next set of spectrum-feature extractions consider absorbance spectra for three different types 
of coffee [20], i.e., Arabian, Instant and Roasted. Shown in Figs. (4) and (5) is a measured absorbance 
spectrum for Arabian coffee and a scaled bin-average of this spectrum, respectively. Shown in Fig.(6) 
is a residual absorbance 𝐴"(𝜔) spectrum obtained by substraction of background spectrum in Fig. 5. 
Shown in Figs. (7) and (8) are a discrete-function approxiimation and truncated basis-function 
representation, respectively, of the absorbance function of Fig.(4). For this spectrum-feature analysis, 
the significance of different feature extraction procedures, e.g., Figs. (6)-(8), is that of “enhancing” 
different characteristics of individual features. The same spectrum-feature analysis procedure applied 
for Arabian coffee, Figs. (4)-(8), are applied for Instant coffee, Figs. (9)-(13), and for Roasted coffee, 
Figs. (14)-(18). 
      Our last spectrum-feature extraction demonstrates the use of different phenomenological spectrum 
backgrounds, e.g., Fig. (19), for calculation of residual absorbance spectra 𝐴"(𝜔), e.g., Fig. (20). 
Shown in Fig.(20) is a residual absorbance 𝐴"(𝜔)  spectrum for Arabian coffee, obtained by 
substraction of background spectrum in Fig. (19), which has been constructed using Gaussian, 
Lorentzian and linear functions and segmentation of the wavelength range. Again, the significance of 
different feature extraction procedures, e.g., comparison of Figs. (6) and (20) , is that of enhancing 
different characteristics of individual features. With rspect to this goal, a comparison of residual 
spectra shown in  Figs. (6) and (20) would provide a sensitivity analysis of spectral features witth 
respect to their extraction.  
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Figure 1. Measured absorbance function of caffeine [20]. 

Figure 2. Discrete-function approximation of absorption function (Figure 1) for caffeine. 

Figure 3. Truncated basis-function representation of caffeine absorbance spectrum constructed using 
sampled critical points (Figure 2). 
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     Figures (1)-(20) demonstrate a prototype analysis of absorption spectra for different types of coffee, 
which is motivated by that described in reference [20]. For a realistic analysis, e.g., reference [20], 
spectral features would be correlated with respect to some type of “quality metric.” The quality metric 
could be based, in principle, on comparing the spectral features of any given coffee to either caffeine, 
or those of another coffee, designated as a reference standard. Accordingly, spectrum features of a 
specific coffee, adopted as a reference standard, would represent a spectrum template 
 

4. DISCUSSION 
 
       The inverse-model space Eqs. (1)-(11) defines a set of independent feature-extraction operations, 
which are in terms of both reflectance and absorbance. These operations are guided by template 
spectra, which impose contraints on extraction of spectral features. This follows in that these 
operations are applied to spectra that are assumed to contain spectral features dominated on average 
by those of adopted templates, but also contain additional features resulting from various physical 
process of both known and unknown origin. For this study, comparison to a spectrum template was 
qualitative, and not based on a quantitative procedure. Quantitative procedures for comparison of  
extracted features  to template spectra defines a separate problem. 
      The operation of spectrum smoothing, represented by the multiplicative factor 〈𝑅-+(𝜔)〉., can be 
defined by various procedures. Application of this factor was demonstrated in other studies [18,19]. 
For this study, smoothing based on bin-averaging of spectra was applied for determining the scaled 
average quantity 〈𝐴0(𝜔)〉.		It is significant to note that spectrum-feature extraction using smoothing 
can be achieved, equivalently, by adjustment of parameters defined by Eq.(5).  
      Referring to the prototype inverse analyses above, it is seen that calculated residual absorbance 
spectra show good qualitative agreement with template spectra. Quantitative agreement is not 
expected in general, in that residual spectra, although containing spectral features dominated by those 
of adopted spectrum templates, also contain additional features resulting from other processes. 
      Calculation of residual spectra with respect to template spectra is effected non-uniquely by 
adjusting components of Eq.(4). For this study, calculation of residual spectra included background 
subtraction with respect to 〈𝐴0(𝜔)〉 and phenomenological-baseline functions, including scaling, i.e., 
Ac defined by Eq.(5). These adjustable quantities are a subset of the parametric model space Eqs.(1)-
(11). Procedures for spectrum-feature extraction by adjustment of other components of this model 
space, in combination with spectrum smoothing, remains for more investigation. In particular, 
construction of functions 𝐹2((𝜔) for representation of spectral features that are not conveniently 
represented by polynomial functions. 
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Figure 4. Measured absorbance function of Arabian coffee [20]. 

Figure 5. Measured absorbance function of Arabian coffee (blue) and scaled bin-averaged spectrum 
(red), background spectrum for feacher extraction. 

Figure 6. Residual absorbance 𝐴"(𝜔) spectrum of Arabian coffee obtained by substraction of 
background spectrum (Figure 5). 
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Figure 7. Discrete-function approximation of absorption function (Figure 4) for Arabian coffee. 

Figure 8. Truncated basis-function representation of caffeine absorbance spectrum constructed using 
sampled critical points (Figure 7). 

Figure 9. Measured absorbance function of Instant coffee [20]. 
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Figure 10. Measured absorbance function of Instant coffee (blue) and scaled bin-averaged spectrum 
(red), background spectrum for feacher extraction. 

Figure 11. Residual absorbance 𝐴"(𝜔) spectrum of Instant coffee obtained by substraction of 
background spectrum (Figure 10). 

Figure 12. Discrete-function approximation of absorption function (Figure 9) for Instant coffee. 
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Figure 13. Truncated basis-function representation of caffeine absorbance spectrum constructed 
using sampled critical points (Figure 12). 

Figure 14. Measured absorbance function of Roasted coffee [20]. 

Figure 15. Measured absorbance function of Roastted coffee (blue) and scaled bin-averaged 
spectrum (red), background spectrum for feacher extraction. 
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Figure 16. Residual absorbance 𝐴"(𝜔) spectrum of Arabian coffee obtained by substraction of 
background spectrum (Figure 15). 

Figure 17. Discrete-function approximation of absorption function (Figure 14) for Roasted coffee. 

 
Figure 18. Truncated basis-function representation of caffeine absorbance spectrum constructed 

using sampled critical points (Figure 17). 
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Figure 19. Measured absorbance function of Arabian coffee (blue) and background spectrum for 
feacher extraction (red), constructed using Gaussian, Lorentzian and linear functions. 

Figure 20. Residual absorbance 𝐴"(𝜔) spectrum of Arabian coffee obtained by substraction of 
background spectrum (Figure 19). 

 
5. CONCLUSION 

 
       This report presents a feature-extraction methodology in terms of its general formulation, which 
is an inverse-model space. In addition, described here are case studies demonstrating spectrum-feature 
extraction from absorbance spectra for a prototype substance (coffee), using the methodology. The 
mathematical analysis and case studies described in this report are considered preliminary. In 
particular, futher application of the model space for spectrum-feature extraction is necessary to 
examine sensitivity of features with  respect to parameter adjustment, for different types of IR-spectra, 
associated with different materials and spectroscopic measurements. 
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