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PREFACE 
 
 
 
 In recent decades, the huge library cabinets filled with books and 
magazines have been successfully replaced by autonomous and cloud-
based electronic digital data storage. High-speed information transmission 
channels and high-speed computers have made it possible to transfer, 
accumulate, and process unattainable arrays of numbers, symbols and 
pictures. Suffice it to mention the Google search engine, which in the 
middle of the last century could be the subject of fantastic fiction. 
 An inexperienced reader might think that the competition between the 
amount of information accumulated by mankind and the ability to 
efficiently archive it is won by the latest technical data storage facilities. 
Unfortunately, this statement is incorrect; the information ocean is 
threatened with a new flood but in the intellectual sphere. Where is the 
exit? To separate the wheat from the chaff [Matthew 13:24-30]? But who 
can decide what information should be filtered out and what information 
should be kept? A reasonable solution to this problem is to compress 
digital data by mathematical processing. 
 Data compression is based on reducing their redundancy, in other words, 
attenuating information noise (not relevant information) by compromising 
the fidelity of the useful signal and the level of residual noise. For 
example, a compressed image requires much less memory to store it than 
the original, and the deterioration of its quality is not noticeable to the 
naked eye. 
 For the first time, spectroscopic data, compressed by linear transforms 
(Fourier, Walsh-Hadamard) has been used to improve the efficiency of 
quantitative analysis [1] and to simplify the multivariate calibration in NIR 
spectroscopy [2 and ref. within]. The singular value decomposition of 
matrix data and use of the most informative principal components is the 
basic idea of chemometrics [3, 4]. In all these methods, the transformed 
data was not restored to the standard coordinate system. The main idea of 
compressed sensing spectral imaging is to perform optical transforms 
during data acquisition [5]. 
 Now, compression of spectroscopy data is becoming an actual task since 
this processing allows effective storing and transferring huge datasets of 
multicomponent mixtures. The reconstructed matrix was successfully used 
for multivariate calibration and segment cross-validation, clearly 
demonstrating the potential of the proposed method for future applications 
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to chemometrics-enhanced spectrometric analysis with limited options of  
memory size and data transfer rate [6]. Also, it was demonstrated that 
compression is a perspective method for the economical storage of spectral 
databases. 
 The present study is an attempt to give a detailed explanation of the 
reached theoretical and numerical results of data compression in 
spectroscopy. Since the reconstructed signal contains less noise than the 
original one, denoising is considered in parallel with compression.  
 While preparing the book, the author faced serious problems associated 
with its versatility, including the theory and technique of processing one 
and multidimensional signals, a description of optical devices, and applied 
physical-chemical tasks of atomic and molecular spectroscopy. The 
presentation of this material required the application of rather complex 
mathematical methods, usually little familiar to specialists in analytical 
spectroscopy. 
 The goal (as in our previous books [7, 8]) was to avoid, where possible, 
readers' blind faith in the validity of conclusions and recommendations. 
 Theoretical discussions on this issue are illustrated by various examples 
supplied by a simple program code on MATLAB, which non-professional 
users can easily modify. The readers who may wish to study the problem 
further can validate numerical data, given in the book, using computer 
calculations. Thus, they will be able to understand the details of the 
algorithm and, if necessary, modify computer programs. 
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 ABOUT THE STRUCTURE OF THE BOOK 
 
 
 
 The book is organized into four parts. In the first part, the properties of 
the typical spectroscopic signals are discussed together with the 
information-theoretic aspects of their linear transforms. The last paragraph 
introduces the reader to the Big Data approach to analytical spectroscopy. 
 We assume that the material given in this part and Appendix 
'Spectroscopy' will help the reader refresh and replenish the knowledge 
gained in the relevant university courses. 
 The second part introduces the common approaches to data compression, 
including the entropy-based methods and some image denoising and 
compression algorithms. The last paragraphs describe spectral imaging 
and compressed sensing that are little known to the typical spectroscopic 
audience. 
 The subjects of the two following parts are Linear Transforms-Based One 
Dimensional and Multidimensional Analytical Spectrometry in the 
framework of Chemometrics. Fourier (including interferogram-based), 
wavelet, and Walsh-Hadamard transformed methods are discussed. Using 
of classical orthogonal polynomials and splines for compression of spectra 
is also considered.  
 Compression of multidimensional data involves correlation spectroscopy 
and instrumental compressive sensing in 2D spectroscopy. 
 The bibliography tables briefly describe hundreds of applications of the 
compression methods and related topics in the industrial and research 
laboratories. 
 We sincerely apologize to all those researchers whose outstanding works 
are not cited because the book does not have enough free space to include 
a complete bibliography. The project "Data Compression in Spectroscopy" 
(https://www. researchgate.net/profile/Joseph_Dubrovkin) provides a 
bibliographical supplement, updated as new information becomes 
available. 
 The author wanted to give each chapter status of a self-contained article 
whose reading is independent of other sections. This material presentation 
allows readers to avoid cramming a previous text before moving on to 
another topic. MATLAB-based examples, which are focused on the 
subject matter, illustrate each chapter. 
 The book closes with appendices, which include supplementary materials 
necessary to facilitate the readers' understanding of the theoretical 
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problems discussed in the main text more deeply. For example, a brief 
introduction to the mathematical method such as Fourier transform, spline 
approximation, and Tikhonov regularization is given. Reading requires the 
knowledge of the secondary school courses on differential calculus, linear 
algebra, and statistics. To perform the exercises, readers must have 
programming skills for beginners in MATLAB. 
 Appendix H includes some supplementary programs needed for the 
exercise.  
 For simplicity, the captions of figures, tables, exercises, and expressions 
have the following structure: "part.Chapter-current number." 
 The author would be very grateful for the criticisms, comments, and 
proposals about this book, which he hopes to consider in his future work. 
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INTRODUCTION 
 
 
 
 Information obtained by modern spectral instruments is represented in the 
form of one or multidimensional sets of numerical data. The development 
of efficient methods for processing and, in particular, compressing this 
data requires knowledge of its internal structure. In other words, 
knowledge of the properties of spectral signals will be useful in designing 
algorithms for compressing spectra. 
 Since a significant part of the book is devoted to the technique of 
spectroscopy measurements for analytical purposes, we will use the 
concept of "analytical signal" for further presentation. This concept can 
also be successfully applied to the description of spectroscopic 
measurements in the general case.  
 According to Danzer [1], analytical signal (AS) in analytical chemistry is 
a response of the measurement system (analytical instrument) to the object 
under study [1]. Usually, the system's output is a linear or nonlinear 
mixture of the responses to different analytes, including noise and 
background. 
 In terms of signal processing theory, AS "refers to either a continuous or 
discrete measurement sequence which consists of a pure or undistorted 
signal corrupted by noise" [2]. In spectroscopy, this measurement 
sequence is usually a function of the frequency or wavelength. These 
arguments are, in turn, also time functions. In chromatography, the x-axis 
(abscissa) of the AS is often taken to represent time. AS processing is carried 
out in the time scale of coordinate x (the time domain) or the transformed x-
scale, e.g., using the Fourier transform (FT) (the frequency domain). In the 
last case, the y-coordinates of the AS are the intensity of the Fourier 
harmonics. Each harmonic is a linear combination of the AS ordinates. 
 The y-axis of the AS may be the derivatives of the AS relative to the x-
argument. Therefore, signal processing in the time domain involves 
extracting useful information from the transformed y-coordinate system. 
This method, e.g., derivative spectroscopy or chromatography, is one of 
the Linear Transform Coordinates Methods [3]. 
 In the following chapters, simulated spectra are often used as models to 
study processing methods. Building these models requires knowledge of 
the shapes of the AS components and characteristics of the measurement 
noise. For simplicity, the AS structural elements, which have a bell-shaped 
form (symmetrical and asymmetrical), are named peaks. 



 

CHAPTER ONE 

PEAK SHAPES IN SPECTROSCOPY*  
 
 
 
 In spectroscopy [1] (Appendix F) and chromatography [2], a conventional 
model of AS is a sum of elementary peaks and a baseline. The peaks have 
symmetrical (Gaussian, Lorentzian, and Voigt) and asymmetrical [3-4] 
bell-shaped forms. These shapes are due to the impact of physical and 
instrumental factors. The last effects are essential in chromatography.  
 Spectral lines have "a natural width" due to the expansion of energy levels 
according to the Heisenberg uncertainty principle [5]. However, this width 
is negligible. The following effects cause the lines to become broader: the 
Zeeman Effect, thermal Doppler broadening, collisional broadening, and 
velocity broadening [5]. 
 A significant contribution to spectral contour formation is made by the 
thermal motion and interactions between the particles of the object under 
study. The first factor causes Doppler broadening due to changes in the 
frequency of the radiation emitted or absorbed by the moving particles.  
 The instrumental distortions include: 
 The limited maximum delay time in the interferogram, which is 
obtained using Fourier-transform infrared (FTIR) spectrometers, and the 
non-zero width of the instrumental function of monochromators. 
 Inter- and/or intra-atomic and molecular interactions in the samples 
under study (e.g., Stark broadening in dense plasma [6]; spin-spin 
interactions in NMR spectroscopy [7]; and inter- and intra-molecular 
associations in IR spectroscopy of liquids [8]). 

 Doppler broadening forms the Gaussian contour [5] (Fig. 1.1-1): 𝐹 𝜆 = 𝐹 exp −4𝑙𝑛2 𝜆 − 𝜆 /𝑤 ,                                      (1.1 − 1) 
where the abscissa argument 𝜆 is some physical quantity (e.g., a 
wavenumber); 𝐹  is the amplitude of the peak maximum whose position is 𝜆 ; and 𝑤 is the full peak width on the half-maximum (FWHM). The 
frequently used peak model in chromatography is the Gaussian type.  

 
* Major parts of this chapter were taken from the following book: Dubrovkin, J. 
Derivative Spectroscopy. Cambridge Scholars Publishing. 2021. 
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 Interactions between particles form the Lorentzian (or Cauchy) contour 
[5] (Fig. 1.1-1): 𝐹 (𝜆) = 𝐹  1/[1 + 4[(𝜆 − 𝜆 )/𝑤 .                                         (1.1 − 2) 
 In physics, the functions 𝐹 (𝜆) and 𝐹 (𝜆) are usually normalized to the 
unit area: 

 
 Each spectrum, measured by a spectral instrument, is disturbed by this 
device. From a mathematical point of view, the measured (𝐹 (𝜆)) 
spectrum is the convolution of the undistorted ("true") spectrum (𝐹 ) with 
the instrumental function (𝐼) [10]: 𝐹 (𝜆) = 𝐼(𝜆 + 𝜆 )𝐹 (𝜆 )𝑑𝜆 + 𝜂(𝜆),                                         (1.1 − 3) 

where 𝜂(𝜆) is the additive noise of the measurements. 
 Formally, the generalized function (𝐼 ) includes instrumental factors and 
involves the physical-chemical interactions that lead to the distortions of 
the spectrum under study. According to [11], the undisturbed spectrum 
equals the measured one corrected by its weighted derivatives:  𝐹 (𝜆) = 𝐹 (𝜆) + (𝑏 𝑗⁄ )𝑑 𝐹 (𝜆) 𝑑𝜆⁄ ,                           (1.1 − 4) 

where constants 𝑏  are defined by 𝐼 ; 𝑗 = √−1. 
 Shapes of the spectral peaks, measured in practice, often differ from the 
"pure" functions (Eqs. (1.1-1), (1.1-2)) due to the combined impact of 
broadening factors and instrumental distortions. Therefore, the peaks are 
approximated by the Voigt profile, which is the convolution of Gaussian 
and Lorentzian shapes: 𝐹 (𝜆) = 𝐹 (𝜆 )𝐹 (𝜆 − 𝜆 )𝑑𝜆 .                                                    (1.1 − 5) 
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 The precise approximation of the Voigt FWHM with an accuracy of 
0.02% [12]: 𝑤 = 0.5346𝑤 + 0.2166𝑤 + 𝑤 .                                             (1.1 − 6)  
 Non-integral analytical expressions of the Voigt functions are 
cumbersome (for example, the pseudo-Voigt normalized profile [13] and 
its improved version [14]). Approximation of Voigt function combined 
two expressions, one of which was asymptotic [15]. Software products 
used many rough but simplified combinations of Gaussian and Lorentzian 
profiles (e.g., [16]). 
 The Voigt function and its derivatives were represented by series in 
Hermite polynomials [17]. 
 Fig. 1.1-1 shows the intermediate position of the Voigt peak between the 
Lorentzian and Gaussian profiles. 
 

 
Figure 1.1-1. Lorentz, Gauss, and Voigt peaks (dashed, dotted, and 

solid curves, respectively). 𝐹 = 1, 𝑥 = (𝜆 − 𝜆 )/𝑤,𝑤 = 1. 
 

 For the convenience of mathematical operations, Eqs. (1.1-1) and (1.1-2) 
are replaced by their Fourier transforms (FT) (Appendix A1): 𝐹 (𝑝) = 𝐹 𝑤 √𝜋 /2√𝑙𝑛2 𝑒𝑥𝑝(−𝑝 16𝑙𝑛2⁄ ),                           (1.1 − 7)  𝐹 (𝑝) = 𝐹 𝑤 (𝜋 /2)𝑒𝑥𝑝 (−|𝑝| ∕ 2),                                                  (1.1 − 8)  
where 𝑝 = 𝜔𝑤, and 𝜔 is the angular (Fourier) frequency. 
One assumes that 𝜆 = 0. If 𝜆 ≠ 0, then the FT is modified: 𝐹(𝜆 − 𝜆 )  → 𝐹(𝜔) exp(−𝑗𝜔𝜆 ).                                                      (1.1 − 9) 
The FT of the Voigt peak is the product of the FT-convolution components 
normalized to the maximum intensity or area: 𝐹 = 𝐹 ∗ 𝐹 .                                                                                         (1.1 − 10) 
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Asymmetrical peaks 
 There are a lot of mathematical models of asymmetrical peaks usually 
used in chromatography [18]. As examples, consider the polynomial 
modified Gaussian (PMG) and Lorentzian (Dobosz) functions: 
 𝐹 = 𝑒𝑥𝑝 −𝑦 𝐵 ,                                                                    (1.1 − 11)  
where 𝑦 = 2√𝑙𝑛2(𝜆 − 𝜆 ) 𝑤⁄ ;  𝐵 = 1 + 𝜏𝑦;  𝜏 is the asymmetry parameter. 
 𝐹 = 𝑒𝑥𝑝 −𝜏(1 − 𝑡𝑎𝑛 𝑦) 𝐹 ,                                                      (1.1 − 12)  
where 𝜏 ≠ 0;  𝐹 = 1 (1 + 𝑦 )⁄ .  
  
Exercise 1.1-1 
 The reader is invited to plot all profiles, discussed in this chapter, using 
the following Matlab functions. 
 



 

CHAPTER TWO 

ANALYSIS OF NOISE IN SPECTRAL 
MEASUREMENTS* 

 
 
 
 Measurements of any physical value are influenced by random and 
systematic errors. Systematic errors may arise from incorrect 
measurements (a typical example is the improper preparation of the blank 
cuvette in the spectrophotometer) and from the imperfection of the 
instrument (e.g., spurious reflection and radiation). Often, systematic 
errors can be decreased until they are negligible by improving the 
apparatus and the measurement process (e.g., by correct calibration). 
However, random errors cannot be eliminated in principle; they only can 
be decreased by improving the measurement procedure (e.g., by an 
expansion of the measurement scale) and by the analog or numerical 
processing of obtained results (e.g., by smoothing). It is important to 
emphasize that reducing the random errors can cause unpredictable, 
significant distortions of the actual value of the quantity to be measured 
(systematic errors).  
 Random errors vary randomly with time. They are due both to the errors 
in the analog-to-digital conversion of the measured value and to the impact 
of different external factors on the measurement process (e.g., a variation 
of the sample temperature, vibrations). In spectroscopy, the sources of the 
random errors are the random noises arising in different parts of the 
spectrometer, mainly in the radiation detector. The origins of these noises 
are very different and can be approximately described in every case by the 
particular mathematical model based on probability theory. The following 
classification was given in a series of articles summarized by Mark and 
Workman [1]. 
 Since increasing the redundancy of the measurement process (number of 
measurements) can reduce the effect of measurement errors [2], data 
compression, its distortion, and denoising are interconnecting topics. 

 
* Major parts of this chapter were taken from the book: Dubrovkin, J. 
Mathematical Processing of Spectral Data in Analytical Chemistry: A Guide to 
Error Analysis. Cambridge Scholars Publishing. 2018. 
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The sources of noise 

Detector-dependent noise 
 The thermal noise (IR, NIR spectrometers) is the noise in the thermal 
detectors. This noise is independent of the intensity of the electromagnetic 
radiation that falls on the sensor; it has a Gaussian (normal) intensity 
distribution in the time domain. (We hope the readers remember the 
Gaussian distribution from their university courses in probability and 
statistics). This noise is often called "white noise" because it has the 
constant power density of the Fourier spectrum (Appendix A1) in the vast 
range (Fig. 1.2-1). Noise power is proportional to the width of an interval 
of Fourier frequencies (bandwidth) of the recording device. For more 
details on noise, see Appendix C. 
 

 

Figure 1.2-1. White and pink noises in the time (a, b) and Fourier (c, d) domains. 
The noise has a zero mean value; the standard deviation is one. 

 
 For numerical experiments, analytical signals are usually simulated by the 
composition of the peaks of known shapes. This model includes noise 
generated by a computer program. For example, in the MATLAB package, 
the function 'randn' generates pseudo-normal noise with zero mean and 
unit standard deviations. Numerical experiments show that these noise 
parameters are only accurate if the noise array contains hundreds of points. 
Figure 1.2-2 demonstrates that the noise parameters are different in short 
intervals. Moreover, the noise is well approximated by a parabola and not 
by a zero line as expected. Therefore, the research may observe a false 
structure in the analytical signal under processing. 
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 However, the mean noisy data, obtained in a large number of repetitions, 
lack this flaw. We will discuss this issue below.  
 The standard deviation of the absorbance (𝐴) measurements, distorted by 
the low-intensity thermal noise [3], 𝜎 =𝑘 𝑙𝑛(10)⁄ √1 + 100 ,                                                      (1.2 − 1) where 𝑘  
is the constant indicating precision of the spectrophotometer.  
 

 

Figure 1.2-2. Parabola (dotted line) approximates the normal noise with zero mean 
and unit standard deviation (solid line) generated by the function randn. The 

estimated means and the standard deviations from the top to the bottom subplots: 
[0.3168, 0.6111; 0.0649, 1.1256; -0.3137, 1.1218; 0.1367 1.0445; 0.4027 0.6751].  

 
 Plot [𝜎 /𝐴 (𝐴) (Fig. 1.2-3) shows that the absorbance region 0.2-1.2 
is the most suitable for spectroscopic measurements since the relative 
standard deviation is approximately constant in this range. 
 The shot-noise (UV-VIS, X-ray, and gamma-ray spectrometry) in the 
photon-counting detectors (mostly, charge-coupled device-CCD) is due to 
the statistical nature of photon production [4]. 
 The time domain probability distribution for 𝑝 photons during the interval ∆𝑡 obeys Poisson's law: 𝑃 ,∆ (𝑝) = 𝑛 exp(−𝑛) 𝑝!⁄ ,                                                                 (1.2 − 2)  
where 𝑛 = 𝜌∆𝑡 is the number of photons; 𝜌 is the photon rate. 
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Figure 1.2-3. Eq. (1.2-1). 𝑘 = 0.01. 

 
 The mean value of the Poisson distribution and its standard deviation are  𝑚𝑒𝑎𝑛∆ 𝑃 ,∆ (𝑝) = 𝑛,                                                                         (1.2 − 3)  𝜎∆ 𝑃 ,∆ (𝑝) = √𝑛.                                                                              (1.2 − 4) 

 
Exercise 1.2-1 
1.Check Eqs. (1.2-3) and (1.2-4) using the following MATLAB code: 
L=4; 
N=1e5; 
 MV=mean(poissrnd(L*ones(1, N))) 
 STD=std(poissrnd(L*ones(1, N))) 
How do MV and STD depend on N? 
2. Show that the photon noise depend on the signal? 
3. Prove that this noise is not additive (𝜂(𝑎 + 𝑏) ≠ 𝜂(𝑎) + 𝜂(𝑏) ) 
4. Prove that the photon noise is white using the code:   
plot(abs (fft(poissrnd(ones(1, 1e3))))) 
  
  Eq. (1.2-4) shows that the noise intensity increases with the square root 
of the mean value of the signal.  
  Poisson distribution can be approximated by the Gaussian function if  𝑝 > 20. 
 The standard deviation of the absorbance, distorted by a low-intensity 
short noise, is  𝜎 = 𝑘 /𝑙𝑛(10) √1 + 10 ,                                                            (1.2 − 5) 
where 𝑘  is a constant similar to 𝑘  in Eq. (1.2-1). 
 The dark current of the CCD is the origin of the thermal noise produced 
by "thermal electrons," whose number is independent of photon-induced 
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signal. The dark noise is a form of shot noise and follows the Poisson 
relationship. 
 Readout (on-chip) noise appears in the process of converting CCD charge 
carriers into a voltage signal in the on-chip preamplifier. This noise is 
added uniformly to every image pixel. The noise has 1/𝑓 character at the 
high serial conversion time required to digitize a single pixel. It may 
significantly decrease the signal-to-noise ratio at very low signal levels. 
 
Exercise 1.2-2 
 The readers are invited to represent the noise data obtained by their 
laboratory instruments, like in Figure 1.2-4.  
 

 

Figure 1.2-4. Noise measured on Bruker Optics 2501S spectrograph 
 by D. V. Ushakou (Pomeranian University in Slupsk, Poland) and 

 the noise power spectrum (panels 'a' and 'b', respectively). 
 
 Variations in energy, which are incident on the detector, are due to the 
vibrations of the source and the changing geometry of the radiation. They 
cause the flicker (pink) noise (1/𝑓-noise). The noise intensity is 
proportional to the signal energy. The noise power spectrum depends on 
the frequency: 𝑓  , where 𝛼 ≃ 1 (Fig. 1.2-1) (Appendix C). If the noise is 
small, then the standard deviation of absorbance 𝜎  is approximately 
constant. 
Detector-independent noise 
 The noise sources include the mechanical vibrations of the optical 
instruments and different kinds of instabilities: 
 The variation of the pathlength in the absorption spectroscopy due to the 

changes in the sample position [3].  
 The variability of the sample properties that cannot be measured. 

However, these properties influence the measurement property (e.g.,  the 
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changing of light reflectance in the transmittance measurements, the 
inhomogeneous of the sample, and the artefacts of the blood motion in 
the blood analysis using Functional NIR Spectroscopy (Optical 
Topography) [5, 6]).  

 Random drifts of optical and electronic devices (the flicker noise) caused 
by slow changes of their parameters due to the temperature variations 
and other factors. 

 
 The mathematical analysis of these sources can only be performed in 
particular cases using appropriate assumptions that simplify the solution of 
the problem.  
 
Image detectors [6] 
 An image detector (sensor) converts a 2D array of pixels of the light 
incident at its surface into an array of electrical signals (photocurrents), 
measured by the readout system. The RGB filters (Red, Green, and Blue) 
divide a colour image into three independent matrices.  
 The widely used image sensors are CCDs and complementary metal-
oxide semiconductor (CMOS) devices.  The range of illumination that the 
sensor can detect is determined by a temporal and fixed-pattern noise 
(FPN). 
 The temporal noise is due to photodetector shot noise, pixel reset circuit 
noise, readout circuit thermal and flicker noise, and quantization noise. 
 The FPN is a variation of the pixel-to-pixel output signals despite the 
uniform illumination of the sensor. The FPN contains two components:  
independent of pixel signal and increasing with its level (offset and gain 
FPN). 
 All technical details are given in the tutorial [7].  

Computer modelling of correlated noise 
 Let us consider the noise intensity distribution in the time domain [8]. As 
was pointed out above, the Gaussian (normal) and Poisson noise 
distributions are usually used to model noise in spectroscopic 
measurements. In the time domain, noise is characterized mathematically 
by the error covariance matrix 𝑪𝑶𝑽, in which a diagonal element  𝐶𝑂𝑉 = 𝜎                                                                                                  (1.2 − 6)  
represents the noise variance (dispersion) in the ith point. If no two points 
of the noise in the time domain are correlated with each other, the non-
diagonal elements 𝐶𝑂𝑉 = 0. If all variances 𝜎   (Eq. (1.2-6)) are the 
same, the noise is called homoscedastic; otherwise, it is heteroscedastic. 
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 The heteroscedastic noise source, in particular, is a randomly varying 
baseline (background) [9, 10], due to both instrumental and physical-
chemical factors. Total baseline compensation is practically impossible. 
 Suppose that the baseline is approximated by the second-order 
polynomial, whose coefficients are random numbers. This baseline is 
added to some spectrum. The procedure is repeated 𝑟 times. Then the 
intensity of the 𝑡th spectrum in the point i is  𝑦 = 𝑦 + 𝜂 + 𝑎 + 𝑎 𝑖 + 𝑎 𝑖 ,                                                    (1.2 − 7)  
where 𝑦  is the undistorted value; 𝜂  is the normal noise with zero mean 
and dispersion 𝜎 ; 𝑎  (𝑞 = 0, 1, and 2) are the constant coefficients that 
change randomly for each spectrum. The estimation of the covariance 
matrix element is [11] 𝐶𝑂𝑉(𝑦 ,𝑦 ) = [1/(𝑟 − 1)  ∑ (𝑦 −  𝑦 ) (𝑦 −  𝑦 ),              (1.2 − 8)  
where the bar is the average symbol. According to Eq. (1.2-7):  
 𝑦 = 𝑦 + 𝑎 + (𝑎 )𝑖 + (𝑎 )𝑖 .                                                         (1.2 − 9) 
 Substituting Eqs. (1.2-7) and (1.2-9) into Eq. (1.2-8), we have 𝐶𝑂𝑉(𝑦 ,𝑦 ) = 𝜎 𝜉  + 𝐵𝑆(𝑦 ,𝑦 ),                                                (1.2 − 10)  
where 𝐵𝑆(𝑦 ,𝑦 ) = [1/(𝑟 − 1) ∑ 𝛷(𝑘)𝛷(𝑙);  
 𝛷(𝑣) = 𝛿 + 𝛿 𝑣 + 𝛿 𝑣 ; 
 𝜉 =  1, 𝑘 = 𝑙0, 𝑘 ≠ 𝑙  is the Kronecker symbol; 𝛿 = 𝑎 −  𝑎 . 

 Suppose that 𝛿  is a normal random variable with a zero mean and 
covariance matrix 𝜎 𝑰 (𝑰 is the identity matrix). Then, by neglecting the 
small contributions to the sum of the cross members for sufficiently large 𝑟, we obtain from Eq. (1.2-10):  𝐶𝑂𝑉(𝑦 ,𝑦 ) = 𝜎 𝜉 + 𝜎 + 𝜎 𝑘𝑙 + 𝜎 𝑘 𝑙  .                         (1.2 − 11)  
 Correlations between analytical points may also be due to the pre-
processing, e.g., digital smoothing [9]. Since a digital filter is usually 
much shorter than a spectrum, the covariance matrix will be populated 
primarily with zeros (sparse) and, therefore, singular. A correctly 
computed inverse is impossible if the matrix is near to singular. 



 

CHAPTER THREE 

INFORMATION-THEORETIC ASPECTS OF THE 
LINEARLY TRANSFORMED SPECTRA* 

 
 
  
 Using information theory (IT) in analytical chemistry and, notably, in 
analytical spectrometry allowed researchers to reveal new peculiarities of 
the objects under study [1]. A sample of the object may be characterized 
by some unknown quantity of intrinsic analytical information (𝐼 ) [2] 
(Fig. 1.3-1). The analytical instrument extracts from 𝐼  only a small part 𝐼  contained in the analytical signal (AS). Finally, the information 
content of output data 𝐼 ≤ 𝐼  due to data processing. 
  

 
Figure 1.3-1. Information flow in analytical system (adapted from [2]). 

 
 Two right rectangles (Fig. 1.3-1) represent the information flow of the 
analytical data processing.  
 To illustrate some information-theoretical problems of the linear 
transformed spectra, let us consider the derivative spectrometry methods. 
In some publications, their success is associated, in a veiled form, with 
gains achieved by the differentiation. However, according to the general 
principles of information theory, any linear transformation cannot increase 
the data information content [3]. The theoretical study [4] discussed this 
problem in spectroscopy. 
 We will use the Savitzky-Golay (SG) digital filters (Appendix D) to 
demonstrate the information changes occurring in derivatives. This less 
formal method does not require specific knowledge in spectroscopy 
instrumentation [4]. 

 
* The first part of this chapter was taken from the book: Dubrovkin, J. Derivative 
Spectroscopy. Cambridge Scholars Publishing. 2021. 


