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Abstract 

Background and objective: Standard normal variate (SNV) preprocessing is widely applied to spectroscopic 

data prior to multivariate modeling, under the assumption that it mitigates undesired background variations while 

preserving analyte signal information. However, the scaling step in SNV, where each spectrum is divided by its 

standard deviation, could potentially distort the covariance between spectral intensities and component 

concentrations. This study systematically evaluates the effect of SNV preprocessing on the ability to develop 

accurate quantitative models for determining analyte concentrations in mixtures, with a focus on the 

determination of moisture in corn using NIR spectroscopy. 

Materials and methods: Simulations were performed to generate single and multi-component spectroscopic 

datasets with varying levels of multiplicative scatter and baseline offset effects. Additionally, an experimental 

near-infrared (NIR) dataset for corn samples with reference moisture values was utilized. Partial least squares 

(PLS) regression was employed to model the simulated and experimental data, with and without SNV 

preprocessing. Model calibration and prediction performance metrics were assessed. 

Results and conclusion: For simulated datasets without background interferences, SNV preprocessing 

eliminated useful concentration-related variations by forcing all sample spectra to equal lengths, severely 

degrading PLS calibration and prediction abilities. In scenarios with multiplicative/additive perturbations, while 

SNV mean-centering helped mitigate these undesired effects, the subsequent scaling step obscured analyte 

concentration information in the spectral intensities. PLS models built from raw corn NIR spectra provided 

excellent determination of moisture in corn using NIR spectroscopy, whereas SNV preprocessing led to 

significantly higher prediction errors. The findings demonstrate that indiscriminate application of SNV can be 

detrimental for precise quantitative spectroscopic analysis by disrupting the covariance between signals and 

analyte levels. Therefore, preprocessing strategies should be judiciously evaluated based on the specific data 

characteristics and modeling objectives. 
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1. Introduction 

Accurate determination of moisture content in corn 

is of paramount importance for various agricultural 
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and industrial applications. Moisture levels signifi-

cantly impact the storage stability, processing 

properties, and overall quality of corn. Excessively 
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high moisture can lead to microbial spoilage, insect 

infestation, and promote mycotoxin formation 

during storage, resulting in economic losses and 

potential food safety risks. Conversely, overly dry 

corn may undergo undesirable changes like case 

hardening, impacting milling and processing 

performance. In the grain handling and milling 

industries, consistent moisture monitoring allows 

for optimized drying operations, ensuring corn is 

dried to target moisture specifications while 

minimizing energy costs. For animal feed 

formulations, knowing precise moisture values is 

essential for achieving desired nutrient 

compositions. Given these critical implications 

across the corn value chain, reliable and efficient 

quantitative methods for moisture analysis are 

imperative for quality control, regulatory 

compliance, and maximizing economic returns in 

corn production and utilization [1-3]. Spectroscopic 

techniques coupled with multivariate data analysis 

offer a rapid, non-destructive solution for moisture 

quantification compared to traditional reference 

methods. 

Advancements in spectroscopic instrumentation 

have enabled the rapid collection of large datasets, 

leading to widespread applications in quantitative 

and qualitative analysis across various domains, 

including food, pharmaceuticals, environmental, 

and industrial materials [4-6]. However, these real-

world spectroscopic methods often face challenges 

such as spectral interferences and background 

variations. Fortunately, these issues can be 

mitigated through the employment of chemometric 

methods [7-10]. In the case of complex samples 

with multiple coexisting species, multivariate 

calibration and pattern recognition techniques can 

handle spectral overlap and extract relevant 

information [11]. Additionally, instrumental 

signals may be affected by artifacts like background 

variations, baseline shifts, and light scattering from 

samples or optical components. Vibrational 

spectroscopy is particularly susceptible to these 

effects due to the similarity in the wavelengths of 

infrared radiation and particle sizes of the analytes, 

leading to undesired scatter effects (baseline shift and 

non-linearity).  In the case of inhomogeneous samples 

with coarse particle sizes, variations in the optical 

pathlength can introduce further background 

variability. Consequently, preprocessing spectral data 

for background correction is a crucial step prior to 

chemometric data analysis [12-14], as it is widely 

recognized that chemometric models developed on 

preprocessed data generally outperform those solely 

using raw data. 

Normalization preprocessing techniques play a vital 

role in spectroscopic data analysis, often being an 

essential step to enable the effective utilization of 

linear chemometric tools. In the field of near-infrared 

spectroscopy (NIRS), normalization is widely 

employed as a pretreatment method, with the standard 

normal variate (SNV) approach being particularly 

popular among the available options. The widespread 

adoption of SNV can likely be attributed to its 

effectiveness in mitigating undesired spectral 

variations as well as the convenience of not requiring 

any user-defined parameter settings. As a result, SNV 

normalization has become an almost ubiquitous 

preprocessing step applied to NIR spectral data prior 

to multivariate modeling and analysis. However, it is 

important to acknowledge that normalization 

techniques, including SNV, are not without limitations 

and potential drawbacks. Their performance and 

ability to correct spectral artifacts can depend heavily 

on the quality of the relationship between the 

calculated correction coefficients and the actual 

multiplicative and additive effects present in the data 

[15]. If this fundamental assumption is violated, 

normalization may fail to adequately address the 

undesired variations or could inadvertently distort or 

remove valuable signal information related to the 

analytes of interest. Furthermore, the universal 

application of SNV without considering the specific 

characteristics of the dataset or the nature of the 

spectral perturbations can sometimes lead to 

suboptimal results or even detrimental impacts on 

subsequent quantitative or qualitative analyses. 

Therefore, while normalization remains an 

indispensable tool in the chemometric toolbox, a 
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judicious evaluation of its suitability and potential 

consequences on the spectral data integrity should 

be undertaken, especially in scenarios where the 

underlying assumptions may not hold true. 

In this research, the multivariate linear calibration 

method of partial least squares (PLS) is employed 

for measuring the moisture concentration in corn 

samples monitored by near-infrared (NIR) 

spectroscopy. The specific issue investigated is the 

effect of standard normal variate (SNV) 

preprocessing on the data. A review of the literature 

and previous studies indicates that a systematic 

examination of the role of SNV preprocessing on 

the efficacy of PLS modeling for determining 

moisture in corn samples has not been undertaken. 

2. Theoretical background 

Multivariate calibration methods like partial least 

squares (PLS) regression aim to model the 

relationship between spectroscopic data (e.g. NIR, 

Raman, etc.) and the concentrations or properties of 

interest in a sample mixture. The measured spectra 

contain contributions from all optically active 

components present, with each component leaving 

a unique spectral signature or fingerprint directly 

related to its concentration level. However, the 

overall spectral response is a complex mixture of 

these overlapping component signatures. PLS and 

other multivariate techniques can deconvolute these 

overlapping signals by leveraging the covariance 

between the spectral data and known reference 

concentration values for the components during the 

calibration stage. Once this multivariate model is 

built, it allows prediction of component concent-

rations from the spectral fingerprint of new mixture 

samples. 

Prior to multivariate modeling, spectroscopic data 

often requires preprocessing steps to help remove 

or mitigate sources of variance unrelated to the 

analyte concentrations of interest. These unwanted 

sources of variability can arise from instrumental 

effects, physical sample variations, or environ-

mental influences during measurement. Common 

preprocessing techniques include scatter correction 

methods like standard normal variate (SNV) 

transformation to mitigate multiplicative effects from 

scatter. Mean centering is applied to account for offset 

differences between samples. Such preprocessing 

aims to emphasize the chemically-relevant infor-

mation related to analyte concentrations while 

suppressing physical sample variations and 

instrumental artifacts. This enhances the accuracy and 

robustness of subsequent quantitative multivariate 

models built from the preprocessed spectral data. 

2.1 Standard normal variate (SNV) preprocessing 

The standard normal variate (SNV) transformation is 

a commonly used preprocessing technique in 

multivariate analysis of spectroscopic data. It is 

particularly effective at removing multiplicative 

scatter effects caused by particle size variations or 

bulk sample geometry differences. 

The SNV procedure follows two main steps for each 

spectrum: 

1. Calculate the mean of the spectrum and subtract 

it from each variable (wavelength/wavenumber), 

centering the spectral values: 

𝒙𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 = 𝒙 −𝑚𝑒𝑎𝑛(𝒙) 

2. Divide the mean-centered values by the standard 

deviation of the original spectrum: 

𝒙𝒔𝒏𝒗 =
𝒙𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑
𝑠𝑡𝑑(𝒙)

 

This combination of mean-centering followed by 

scaling by the standard deviation results in a 

transformed SNV spectrum with a mean of zero and a 

standard deviation of one. 

The motivation behind SNV is that multiplicative 

scatter effects often manifest as baseline offset and 

scaling factors between spectra. By centering and 

scaling each spectrum individually, SNV effectively 

removes multiplicative interferences related to scatter 

while preserving the underlying chemical information. 

SNV is especially beneficial when the physical 

properties influencing scatter intensity vary from 

sample to sample. This spectral preprocessing helps 
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reduce extraneous variability unrelated to chemical 

composition prior to multivariate quantitative 

analysis. However, care must be taken as SNV can 

potentially distort or exaggerate small spectral 

features riding on top of broader peaks/bands. 

While SNV is an effective scatter correction 

technique, one aspect that warrants further 

investigation is the scaling effect imposed by 

dividing by the standard deviation of each 

spectrum. This standard deviation scaling ensures 

all SNV-transformed spectra have a standard 

deviation of one, essentially making the "length" or 

Euclidean norm of the spectra equal. However, in 

mixture analysis, the spectral intensity is 

fundamentally related to the concentration of 

optically active components present. By forcing all 

spectra to have equal lengths, there is a possible 

concern that the SNV preprocessing could distort or 

obscure the covariance relationship between the 

spectral data and analyte concentrations that 

multivariate regression techniques like PLS rely 

upon. If this spectral length change significantly 

impacts the correlation to concentration, it could 

potentially degrade the accuracy of quantitative 

models built using SNV-preprocessed data. 

Therefore, this work aims to evaluate whether the 

SNV scaling step influences the ability to reliably 

predict component concentrations from mixture 

spectral data using PLS regression modeling. 

Understanding the effects of this aspect of SNV 

preprocessing is crucial for optimal utilization in 

quantitative spectroscopic mixture analysis. 

3. Materials and methods 

3.1. Simulation 

To investigate the effect of applying SNV 

preprocessing on quantitative analysis of 

spectroscopic mixture data in the presence of 

scattering and baseline effects, simulations were 

performed for both single and two-component 

systems. 

The spectra of two pure components, each 

described by p = 200 wavelengths, were generated 

by combining Gaussian profiles and organized as 

rows in a spectral profile matrix S. A concentration 

matrix C was also generated, consisting of n rows 

(mixtures) and two columns (constituents), where the 

column values were randomly drawn from a uniform 

distribution between 0 and 1. A set of n mixture 

spectra D0, each with p wavelengths, was then 

obtained by the linear mixture model D0 = CS.  

Furthermore, the spectra underwent multiplicative 

scatter effects by multiplying each spectrum with a 

scalar randomly drawn from a normal distribution 

with a mean of 1 and standard deviation of 0.1. Lastly, 

additive baseline effects were simulated by adding a 

scalar offset to each spectrum, randomly drawn from 

a normal distribution with a mean of 0 and standard 

deviation of 0.1. To mimic real experimental 

conditions, these simulated mixture spectra were 

modified by adding the white noise at 0.005% of the 

signal magnitude.  

The same simulation strategy was applied to generate 

single-component sample datasets. The simulated data 

was then used to construct PLS calibration models and 

evaluate prediction performance on test sets. 

3.2. Near IR spectroscopic data of corn samples 

To further evaluate the methods on real experimental 

data, a freely available near-infrared (NIR) 

spectroscopy dataset for corn samples was utilized 

from the study by Feudale et al. [16,17]. This dataset 

comprises NIR spectra measured on 80 corn samples 

across the wavelength range of 1100-2498 nm at 2 nm 

intervals, resulting in 700 spectral channels per 

sample. A key feature of this dataset is the availability 

of several reference parameters measured directly on 

the corn samples using analytical chemistry 

techniques. Among these reference parameters, the 

moisture content was selected as the property of 

interest for this analysis. 

NIR spectroscopy is widely used for rapid analysis of 

agricultural products like corn due to its ability to 

capture absorption signatures related to major 

constituents such as moisture content. However, the 

overlapping nature of NIR bands necessitates 

multivariate data analysis techniques to extract the 

quantitative composition information from the 

20 



Moisture content in corn Vali Zade & Kia 

Human, Health and Halal Metrics; 2024: 5(1) 

 

 

convoluted spectra. This corn NIR dataset provides 

a realistic test case representing a common applied 

quantitative analysis problem in the food and 

agricultural sector. The availability of reference 

moisture values enables constructing and validating 

multivariate calibration models to predict this 

parameter from the NIR spectral fingerprints. 

Analyzing the impact of preprocessing steps like 

SNV on model performance for this real-world 

dataset can yield insights valuable for improving 

quantification accuracy. 

3.3. Data analysis and software 

All data analysis was performed using MATLAB 

2018b. The open-source MVC1 toolbox, developed 

by Professor Alejandro Olivieri's research group 

[18,19], was utilized for multivariate linear and 

nonlinear calibrations. This freely available 

software offers a valuable resource, providing 

comprehensive reporting of performance metrics 

and statistical measures relevant to the validity of 

the obtained results. A detailed explanation of how 

to apply MVC1 has been previously described in 

this journal [20]. 

4. Results and discussion 

4.1. Problem overview: SNV effects on spectro-

scopic mixture quantification 

Data preprocessing techniques are commonly 

employed to facilitate access to useful information 

embedded within the data. In quantitative mixture 

analyses, where the goal is to determine analyte 

concentrations, multivariate calibration modeling 

methods are often well-suited. However, in 

spectroscopic techniques, particularly near-infrared 

(NIR) spectroscopy, factors unrelated to concentra-

tion changes can induce spectral variations. The 

presence of such extraneous sources of variation 

tends to complicate calibration models and degrade 

their predictive performance on unknown samples. 

Mean centering is a standard preprocessing step 

applied in calibration modeling to mitigate fixed 

background effects in spectra. Standard normal 

variate (SNV) can be viewed as a normalization 

procedure following mean centering, where each 

spectrum is scaled by its standard deviation. The 

underlying concept of this preprocessing for 

calibration data is to ensure all sample spectra have a 

standard deviation of one and equal Euclidean length 

after SNV transformation. The fundamental question 

addressed in this research pertains to this aspect of 

SNV preprocessing: Does applying SNV to the 

spectroscopic data of calibration and prediction 

samples disrupt the linear relationship between 

analyte concentrations and the measured spectral 

signals? Is SNV an appropriate preprocessing choice 

for multivariate quantitative calibrations in mixture 

analysis? 

4.2. One component simulated samples 

To better visualize the problem and clearly observe the 

effect of SNV preprocessing on spectroscopic data, a 

set of single-component samples was generated based 

on the procedure described in the Simulation section. 

As can be seen in Figure 1a, the intensity of each 

spectrum at all wavelengths is proportional to the 

analyte concentration in each sample. The result of 

applying SNV preprocessing to the spectra of these 

samples can be observed in Figure 1b. The main 

phenomenon observed in this figure is that the spectra 

of all samples have almost identical after SNV 

preprocessing, with only minor noise-level differences 

remaining between them. In fact, the normalization by 

the standard deviation of each spectrum has removed 

the variation effect due to changes in analyte 

concentration. Another aspect noticeable in this figure 

is the amplification of noise effects on the 

preprocessed spectra, resulting in irregular oscillations 

in the signals of each sample. It is evident that the 

preprocessed data, due to the lack of a concentration-

dependent source of variation, is not suitable for 

quantitative analysis. 

Figure 1c shows data where the effects of non-

concentration-related signals have been simulated. In 

fact, each spectrum in this figure corresponds to a 

spectrum in Figure 1a, where multiplicative and 

additive effects independent of the analyte concent-

ration have been introduced. These effects have been 
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applied randomly and independently to each 

spectrum. A comparison of Figures 1a and 1c 

reveals the presence of sources of variation 

unrelated to concentration. Figure 1d displays the 

SNV-preprocessed data from Figure 1c. The 

noteworthy aspect in this figure is that although 

SNV preprocessing has been successful in removing 

the multiplicative and additive effects, it has also 

eliminated the variation source arising from 

concentration changes. Figure 1d is very similar to 

Figure 1b, and therefore, this preprocessing is not 

suitable for quantitative analysis in this case either. 

 

Figure 1- Simulated spectra of single-component samples, top) without applying multiplicative and additive 

effects, bottom) with multiplicative and additive effects applied, left) without SNV pre-processing, right) with 

SNV pre-processing. 

4.3. Two components simulated samples 

Spectroscopic data corresponding to 70 calibration 

samples and 30 test samples of two-component 

mixtures with random concentration variations 

were simulated. Figure 2 displays the calibration set 

data. Figure 2a shows the original data in the 

absence of non-concentration-related effects, and 

Figure 2b presents the result of applying SNV to 

this data. Similarly, the data in the presence of 

multiplicative and additive effects are observed in 

Figure 2c. The noticeable point is that, in this case 

as well, after applying SNV to the original data and 

the data with non-concentration-related signals, 

almost identical results are obtained (Figures 2b and 

2d). In fact, this observation indicates that SNV is 

capable of approximately removing multiplicative and 

additive effects. To investigate the effect of this 

preprocessing on the ability to model the calibration of 

component concentrations, the application of the PLS 

method is further explored. 
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Figure 2- Simulated spectra of two-component samples, top) without applying multiplicative and additive 

effects, bottom) with multiplicative and additive effects applied, left) without SNV pre-processing, right) with 

SNV pre-processing. 

The MVC1 software was employed for PLS 

modeling, and some outputs from this package are 

directly reported here. To determine the number of 

PLS factors, cross-validation with the one-leave-

out algorithm was used. Figure 3 shows the outputs 

from the MVC1 software for modeling with the 70-

sample calibration set, determining model 

complexity, and predicting the 30 test samples. 

These results are obtained from the analysis of the 

simulated data displayed in Figure 2a for the first 

component. The number of factors, as observed in 

Figure 3a, is 2, and the linear plot of the relationship 

between the actual and predicted values for the 

calibration set indicates a satisfactory model. 

Additionally, the plot shown in Figure 3b 

demonstrates success of the model in predicting the 

test samples. Figures of merit are numerical measures 

suitable for evaluating the performance of a 

calibration model, which are presented in a table in the 

same figure. The root mean square of prediction 

(RMSEP) and the relative standard error of prediction 

(REP) are parameters that can be specifically 

considered. Further details about these parameters can 

be studied in a previous paper published in this journal 

(20). Similar results were also obtained for the second 

component, as shown in Figure 4. 
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Figure 3- Results obtained from PLS calibration for the first component on the original simulated data and 

figures of merit obtained for prediction on the test set. 
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Figure 4- Results obtained from PLS calibration for the second component on the original simulated data and 

figures of merit obtained for prediction on the test set. 

The main challenge in this research is to investigate 

the effect of SNV preprocessing on calibration 

modeling and prediction performance for test 

samples. The simulated data shown in Figure 2a, 

which lacks multiplicative and additive effects, was 

subjected to SNV preprocessing, and subsequently, 

the PLS model was employed for calibration. The 

results of PLS modeling and prediction on the 

SNV-preprocessed data for both components are 

presented in Figures 5 and 6. It appears that a 

significant portion of the information related to the 

relationship between the spectra and component 

concentrations has been rendered inaccessible due 

to the preprocessing. As observed in these two 

figures and the figures of merit, the indicators of 

calibration model performance and prediction ability 

have significantly and substantially decreased. This 

phenomenon may have occurred for the same reason 

as observed in the single-component system. In fact, 

the scaling step of this preprocessing disrupts the 

relationship between the lengths of the spectral vectors 

and the component concentrations. In other words, the 

information related to component concentrations 

becomes inaccessible due to the equal scaling of all 

sample spectra, leading to substantial errors in 

modeling and prediction. In these data, relative errors 

exceeding 40% have been introduced in the prediction 

of concentrations. 
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Figure 5- Results obtained from PLS calibration for the first component on the simulated original data after SNV 

pre-processing and figures of merit obtained for prediction on the test set. 

 

 

Figure 6- Results obtained from PLS calibration for the second component on the simulated original data after 

SNV pre-processing and figures of merit obtained for prediction on the test set. 

In the next stage, the simulated data in which 

multiplicative and additive effects were artificially 

introduced onto the spectra were investigated. The 

results of PLS modeling before and after SNV 

preprocessing were evaluated. The optimized 

calibration models before preprocessing exhibit 

significant errors in calibration and prediction 

(Figures 5 and 6). For both components, after selecting 
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the optimal number of PLS factors through cross-

validation, a suitable model is not constructed, and 

a desirable linear relationship between the actual 

concentration values and their predicted values is 

not established (Figures 7a and 8a). The high errors 

in predicting the test samples are another evidence 

of the impact of non-concentration-related factors in 

the sample spectra (Figures 7b and 8b). It appears that 

the multiplicative effects randomly and independently 

introduced into each sample spectrum have disrupted 

the relationship between the spectral response 

intensities and the component concentrations. 

 

 

Figure 7- Results obtained from PLS calibration for the first component on the simulated data with 

multiplicative and additive effects and figures of merit obtained for prediction on the test set. 
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Figure 8- Results obtained from PLS calibration for the second component on the simulated data with 

multiplicative and additive effects and figures of merit obtained for prediction on the test set. 

Another noteworthy point is observed in the PLS 

modeling results after applying preprocessing to the 

spectroscopic data. Figures 9 and 10 clearly 

demonstrate that the application of SNV 

preprocessing does not lead to an improvement in 

modeling and prediction results, and the figures of 

merit still indicate an unsuccessful model. The very 

large relative errors, exceeding 60%, are indicative 

of the failure to find a suitable relationship between 

the component concentrations and the preprocessed 

spectra. In addition to correcting the multiplicative 

and additive effects in the spectra, SNV preprocessing 

disrupts the linear relationship between them and the 

component concentrations, precluding appropriate 

modeling with PLS. 
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Figure 9- Results obtained from PLS calibration for the first component on the simulated data with multiplicative 

and additive effects, after SNV pre-processing and figures of merit obtained for prediction on the test set. 

 

29 



Moisture content in corn Vali Zade & Kia 

Human, Health and Halal Metrics; 2024: 5(1) 

 

 

 

Figure 10- Results obtained from PLS calibration for the second component on the simulated data with 

multiplicative and additive effects, after SNV pre-processing and figures of merit obtained for prediction on the 

test set. 

4.4. Quantitation of moisture in corn samples 

To further assess the impacts of SNV preprocessing 

on multivariate quantitative calibration, the 

methods were applied to a real-world near-infrared 

(NIR) spectroscopy dataset for corn samples 

(Figure 11). Accurate determination of major 

biochemical constituents like moisture, protein, and 

starch content in agricultural products is crucial for 

quality monitoring and process control. NIR 

spectroscopy coupled with chemometric data 

analysis offers a rapid and non-destructive 

approach for such quantification tasks. In this 

study, an openly available NIR corn dataset with 

reference moisture values was utilized to construct 

PLS regression models both with, Figure 11b, and 

without SNV preprocessing, Figure 11a, of the 

spectral data. Direct comparison of the calibration and 

prediction performance metrics enables evaluation of 

whether SNV is beneficial or detrimental when 

building quantitative models for estimating moisture 

levels from the corn NIR spectra. These findings on an 

experimental dataset provide insights complementary 

to those from the simulated mixture data, furthering 

understanding of the effects of SNV spectral 

normalization in different multivariate calibration 

scenarios. 

 

Figure 11- Measured NIR spectra of calibration set of corn samples, left) without SNV pre-processing, right) 

with SNV pre-processing. 

PLS modeling for determining moisture 

concentration in corn samples without SNV 

preprocessing provides very good and acceptable 

results, as shown in Figure 12. Here, the same 

procedure employed for PLS modeling on the 

simulated data was applied. Based on the observations 
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and reasoning presented in the previous sections, it 

is expected that SNV preprocessing would not be a 

suitable option for preparing spectroscopic data for 

PLS modeling. To evaluate this conclusion, 

calibration of the preprocessed data was also 

performed, and a similar test set was subjected to 

prediction by the model. Figure 13 displays the 

results. The trend observed in this case is similar to 

the previous sections, and the application of this 

preprocessing has led to an increase in modeling 

and prediction errors. In any case, PLS modeling 

without SNV preprocessing has been highly 

successful in predicting moisture concentration in 

the test samples. One important point to consider is 

that SNV as a spectral preprocessing method, as 

shown in equations of section 2.1, consist of two 

parts: mean centering followed by standardization. 

In the second step, all spectra subjected to this 

preprocessing will have a standard deviation of one. 

Essentially, after this step, the spectra are normalized 

by their standard deviations. It is clear that this 

normalization disrupts the linear relationship between 

spectral intensity and component concentrations. This 

factor causes the ability of linear calibration models to 

predict concentrations to decrease after SNV 

preprocessing. The logical conclusion is that other 

normalization methods may also have similar effects 

in the quantitative analysis of mixtures using 

multivariate linear calibration techniques. While mean 

centering helps mitigate additive baseline variations, 

the subsequent scaling operation can obscure valuable 

concentration information initially present in the 

spectral intensities

 

 

Figure 12- Results obtained from PLS prediction for the moisture in test set without SNV pre-processing and 

the related figures of merit. 

31 



Moisture content in corn Vali Zade & Kia 

Human, Health and Halal Metrics; 2024: 5(1) 

 

 

 

Figure 13- Results obtained from PLS prediction for the moisture in test set after SNV pre-processing and the 

related figures of merit. 

5. Conclusion 

In this study, the effect of standard normal variate 

(SNV) preprocessing on the quantitative analysis of 

spectroscopic mixture data was systematically 

evaluated. Through simulations and analysis of an 

experimental near-infrared dataset for corn 

moisture, it was demonstrated that the scaling step 

in SNV, where each spectrum is divided by its 

standard deviation, can disrupt the covariance 

relationship between spectral signals and analyte 

concentrations. This loss of correlation between 

spectra and concentrations led to poor calibration 

and prediction performance when applying 

multivariate techniques like partial least squares 

(PLS) regression to the SNV-preprocessed data, 

even in scenarios without background interference 

effects. While the mean-centering aspect of SNV 

helped mitigate undesired multiplicative scatter and 

baseline variations, the subsequent scaling 

operation obscured valuable concentration 

information initially present in the spectral 

intensities. The findings emphasize that the 

universal application of SNV preprocessing may be 

detrimental when the objective is precise quanti-

fication of analyte levels from spectroscopic data. 

Therefore, a judicious evaluation of the suitability and 

potential consequences of data preprocessing 

strategies is crucial, as common approaches like SNV 

can inadvertently impair quantitative modeling 

performance if the underlying assumptions are 

violated. Future research could explore alternative 

normalization methods that preserve concentration 

information while correcting spectral perturbations, as 

well as investigate preprocessing impacts across 

different modeling techniques and sample domains. 
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