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Abstract 

 

This study aimed to implement techniques for the quantification of various parameters of physical and chemical 

quality of children food. NIR to obtain the spectra, which is based in the detection of vibrational transitions which 

occur in the range of 4000 - 12500 cm-1. 

After collection of the reference values of samples and obtaining spectra, global PLS models were developed. 

Then with a PCA analysis occurred identification of distinct groups of samples that allowed the construction of 

calibration models for each group of samples. 

The models for each group of samples showed high correlation coefficients and low errors of analysis, being able 

to predict the moisture, fat, nitrogen, ash and vitamin C in samples of base and finished products of flour-lactic, 

non-lactic and non-lactic with cocoa. Comparing the forecast error with the error of the reference method for the 

content of the various parameters the values obtained by NIR have lower errors. 

It was concluded that NIR spectroscopy combined with multivariate analysis is a technique capable of quantifying 

the parameters under study, performing the analysis both in a very short time, with little sample preparation and 

very cost-effective. 
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Introduction 

 

Nestlé 

 

Nestlé is a company of the food sector, recognized worldwide by its high quality standards. In consequence of this 

quality demand, Nestlé acquired advanced near-infrared equipment (NIR) with the objective of evaluating the 

quality routine parameters (moisture, fat, nitrogen, ash and vitamin C) in samples of base and finished products 

such as flours with and without milk and without milk (lactic and non-lactic flour) with cocoa (non-lactic with cocoa 

flour). 

  

Infrared Spectroscopy 

 

The discovery of near-infrared radiation is attributed to Herschel in 1800. While measuring the temperature of 

different fractions of light diffracted by a prism the thermometer was left just below the red fraction of light. An 

unexpected increase in temperature was registered. 

Near-infrared (NIR) spectroscopy is based on the absorption of electromagnetic radiation at wave numbers in the 

range 4000–12500cm-1. NIR spectra comprise broad bands arising from overlapping absorptions corresponding 

mainly to overtones and combinations of vibrational modes involving CH, OH and NH chemical bonds. The 
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concentrations of constituents such as water, protein, fat and carbohydrate can in principle be determined using 

classical absorption spectroscopy. 

There are several models which explain the vibrational behavior of the molecules. A simple model is the linear 

harmonic oscillator (Alcácer, 2007) that considers transitions equally separated. A more realist model is the model 

of the anharmonic oscillator which predicts energy levels separated by diminishing distances with the increase of 

the vibrational quantum number. In this model, transitions between non-adjacent levels are allowed while 

overtones and combinations can occur. These are visualized in NIR spectra.  

 
Figure 1  Schematic representation of harmonic (A) and anharmonic (B) models for the potential energy of a diatomic molecule 

(Pasquin, 2002). 
 

Equipment 

 

The acquisition of a NIR spectrum can be done in several types of spectrometer. Its selection should be done with 

base on the future application, sensibility and robustness. Currently, the most common type of spectrometer is the 

FT-NIR (Fourier Transform Near-Infrared), a type of devised based on the interferometer of Michelson where the 

radiation of the light source is divided into two equal beams through the use of a beamsplitter. The analysis 

attained from this process, the interferogram, is formed by the sum of all the waves of different amplitudes and 

frequencies which hit the interferometer. Through the use of a Fourier transform, the information contained in the 

interferogram is converted. The final result is a spectrum which connects intensities with frequency (Perkins, 

1986). These devices are preferred as they are able to analyze all frequencies simultaneously, possess a higher 

exactness on the wave number, constant resolution in the entire spectral range and allow the measurement of 

samples in movement (Ilharco, 2009). 

As the object of the study is flours and this material disperses well the incident radiation while absorbing it in 

lesser quantity, all the measurements are made in diffuse reflection. The principle behind this technique is that 

part of the incident radiation is absorbed while the remaining fraction is reflected in all directions. This final fraction 

contains all the spectral information. 

For readings in diffuse reflection, the sample is placed in a quartz sample carrier located in the NIR spectrometer. 

Afterwards it is illuminated with NIR radiation and the reflected radiation is measured by a set of detectors located 

at 45º in relation to the incident beam. Some devices might use solely one detector. In this case, an integrator 

sphere is introduced in order to force the totality of the reflected radiation into the detector (Osborne, 2000). 

Still in diffuse reflection, the Kubelka-Munk theory relates the NIR spectra with the concentration of the sample, 

transforming the reflection spectrum into something very akin to an absorbance spectrum. This theory can be 

translated mathematically by equation (1), where R represents the reflectance values, k, the molar absorption 

coefficient, C, the concentration and s, dispersion coefficient of the sample (Olinger, et al. 1993). 
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Chemometrics 

 

Chemometrics applies mathematical and statistical methods to chemical sciences. The main objective is to draw 

experimental procedures and attain the maximum information from the obtained data. It is also of interest to 

understand how the different chemical systems function. This technique allows the development of models which 

estimate properties by analysis of others. 

In the case of NIR spectroscopy, the bands present in the spectrum are originated by overtones and 

combinations. Due to the sheer amount of signals generated, chemometrics techniques are applied by multivaried 

analysis to determine the concentrations of the components of interest. Chemometrics is used in the 

preprocessing of NIR spectra, development of quantitative and qualitative methods, selection of samples for the 

calibration and validation sets and, finally, in the identification of outlier samples. 

 

Data Preprocessing 

 

In this kind of process, spectral distortions can be caused by spectrometer. For example, effects caused by the 

saturation of the detector and failures in the wavelength sweeping. In solids, effects connected with dispersion of 

light are frequent (Siesler et al., 2002). Both can be attenuated by using spectral preprocessing. 

Some of the perturbations cause in the NIR spectra aditive and multiplicative variations. Therefore, possible 

preprocessing have as objective: eliminate anomalous samples, remove systematic variations, correct the base 

line, minimize the smooth, better the definition of pikes which are superpositioned in the same region, remove 

irrelevant information and diminish effects caused by particle size differences. While performing these corrections, 

the preprocessor has to ensure no relevant chemical or physical information is eliminated. 

The Mean centering is based in the simple subtraction of the absorbance of each wavelength by the medium 

absorbance of all samples at that same wavelength. From a statistic point of view, the centralization has as 

purpose to prevent that the points more distant from the center of data have more influence than the ones closer. 

This means that the relevance is given to the distance to the medium point and not to the registered intensity. 

This operation usually diminishes the number of factors of the model (Thomas, 1994). 

The Multiplicative Scatter Correction (MSC) is a method used when multiplicative variations are attained, 

especially important in measurements of diffuse reflection as it corrects the effects of light dispersion caused by 

the lack of homogeneity of the samples (Sabin, et al, 2004). In the development of the calibration models, it was 

observed that MSC reduces the number of necessary factors, simplifying the calibration method and enhancing 

linearity (Naes et al., 2002). 

Another algorithm is Standard Normal Variate (SNV), chosen for the minimization of interferences caused by the 

particle size and differences in sample density. This method centers each spectrum around zero by subtraction of 

the average (additive adjustment) and division by the standard deviation (multiplicative adjustment) in all the 

points of the spectrum. This makes it rather similar to the MSC method even though the determination of the 

adjustments is made in a dissimilar way. It is also unlike MSC in the fact that it uses data from a sole spectrum 

and not from the whole available set. While SNV method enhances the precision of the results, it does not simplify 

the mathematical model or reduce systematic interference (Naes et al., 2002). 

There are also derivative methods which use the first or second derivative of the original NIR spectrum in order to 

give more relevance to peaks, allowing the increase of their resolution while eliminating additive effects. They can 
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also eliminate interferences caused by particle size (Osborne, 2000). When this kind of method is applied, the 

noise present in the NIR spectrum is amplified. 

The first derivative removes additive effects in the base line of the spectrum and enhances primarily small 

characteristics. These gain a more defined form which allows an easier evaluation. In the case of the second 

derivative, the same signals can be studied even though the spectral noise is rather strong. For a valid evaluation, 

the analysis must be applied in very restricted spectral regions. 

 

Multivariate Analysis 

 

Principal Component Analysis (PCA) is a chemometrics tool used for data reduction and visualization of samples 

which reorganize the information attained through the sampling data. With this analysis, the representation of a 

sample with multivariate nature can be visualized in few dimensions through its principal components. This 

method is normally used for the identification of distinct groups and sample selection for the construction of 

calibration models. 

The matrix of spectral data is decomposed into the product of matrices scores (projections) and loadings 

(weights) and in residual matrices. The scores of each sample can be visualized providing a map of the principal 

component. These maps allow the grouping of samples with similar characteristics and detect outliers samples, 

i.e. samples which for some reason do not belong to the system. 

Regression by Partial Least Squares (PLS) is a technique of multivariate data analysis used to relate one or more 

response variables (Y matrix) with several independent variables (matrix X), correlating them to obtain a linear 

relationship, based  on the use of factors (principal components). This decomposition in PCs has the advantage 

of compressing important information which can be used for calibration. 

The development of this method requires a large number of samples because it is necessary to establish 

correlations and reorganizations between experimental spectral information and concentrations. 

The special importance of the PLS regression on the chemical analysis arises from the fact that the simultaneity 

and mutual dependence of the data factorization of the matrix X and Y, managing, when a change in the spectral 

data occurs, to match that change to the analytical concentration. 

The selection of the optimal number of PCs has a central importance in the quality of PLS model. The use of a 

number of PCs smaller than the ideal leads to a lack of information and is called underfitting calibration. A number 

larger than necessary leads to overfitting calibrations, i.e., an excess of corporate information, such as noise and 

systematic variations. 

One of the methods used in the choice of the number of PCs is called cross-validation. In this method, a sample 

is left out of a series of n samples. The remaining n-1 samples are used for calibration and an estimate of the 

concentration of the sample that was not used for calibration is made. The procedure is repeated until all samples 

had been excluded once. Later the software compares the reference values and prediction values and 

determinate the error. The final model is that which generated the minor error (Naes et al., 2002). The error 

obtained by this validation is called for RMSECV - Root Mean Squared Error of Cross Validation. 

It is possible to perform an external validation to make the model more robust though this method requires the 

use of a larger amount of samples. When using this method the error RMSEP - Root Mean Square Error of 

Prediction – is determined. This error corresponds to the forecast error of parameters in new samples. 

 

After this explanation of some concepts of chemometrics, the next step is the work development which aims to 

perform multivariate analysis using the techniques described. The development of PLS models can predict the 

content of moisture, fat, nitrogen and vitamin C in the samples of flour for children feed. 
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Materials and Methods 

 

The moisture was determined through the method of oven, which is based on the gravimetric determination of 

mass loss. The assessment of fat content was performed by the method of Mojonier, in which fat content is 

calculated after the extraction of fat by solvent extraction and subsequent fat gravimetric determination. The 

nitrogen content was obtained by the Kjeldahl method, a method based on mineralization which transforms 

nitrogen bound in ammonium sulphate. Afterwards, sodium hydroxide is added in order to release ammonia. A 

titillation acidimetric with boric acid allows the calculation of the nitrogen content. The determination of protein 

requires the use of a corrective factor which corresponds to 6.25 for lactic-flour and 5.70 for non-lactic flour. The 

total quantity of ash is obtained by gravimetric method. After the destruction of organic matter, the sample 

remains in a muffle at 550 º C until its present appearance is gray. The amount of vitamin C in the sample was 

acquired by titillation of ascorbic acid with a slightly oxidizing agent (dichloro-2 ,6-phenolindophenol) in the 

presence of metaphosphoric acid. This compound prevents auto-oxidation of ascorbic acid. 

The samples analyzed were samples of base and finished product lots and also conserved samples to introduce 

more variability to the model. As all the samples produced are very similar because of the high optimization of 

industrial process, the development of laboratory samples was initiated. These samples consisted in the mixing 

and homogenizing of base samples with the finished product thus expanding the operative range. 

Samples were pre-treated with homogenization and grinding for 25 seconds at 5000 rpm in a laboratory mill 

granulator type GRINDOMIX GM 200 from Gravimeta. The spectrum was obtained afterwards. 

In parallel with the reference methods, NIR spectra were performed in a FT-NIR spectrophotometer model MPA 

(Multi Purpose Analyzer) from Bruker Optik GmbH Germany, detector RT-PbS, spectral range between 12800 

and the 3600 cm-1 (780 to 2780 nm), resolution of 8 cm-1 and 40 scans for spectrum. After obtaining the NIR 

spectra, the PLS modeling for the determination of all parameters under study and the study of maps of principal 

components was done by the software OPUS 6.5 from Bruker Optik GmbH Germany. 

 

Results and Discussion 

 

The PLS models were developed taking into account the number of PCs used and the spectral region considered. 

The preprocessing was chosen so as to highlight less obvious features, eliminate systematic variations, correct 

the baseline, minimize the smooth and reduce the effects caused by differences in particle size, among others. 

Global models were developed that included all the samples analyzed. 

 

Table 1 Summary of parameters obtained for the PLS model developed for predicting the content of moisture, fat, nitrogen and 
ash. The entire set of samples was considered.  

Parameters Moisture Fat Nitrogen Ash 

Calibration Range  

(g/100g product) 
0,68-3,37 1,27-17,50 1,27-2,62 0,90-3,10 

Spectral Intervals 6102 - 4597 7502 - 4246   
7502 – 5446  

4601 – 4246   
7502 – 4246   

Preprocessing 1st derivative + SNV 1st derivative + MSC SNV MSC 

Number of PCs 6 9 9 9 

RMSEP  

(g/100g product) 
0,08 0,30 0,03 0,07 

R2 97,23 99,57 99,56 99,25 

RPD 6 15 15 11 
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The global models developed have high correlation coefficients and prediction errors low. Even though the global 

models present a high correlation between the values determined by reference method and the values predicted 

by the model, its operative range is very broad. Such implies that the model works with values outside the norm of 

each quality parameter. 

 

Subsequently, I proceeded to do a principal components analysis that allowed the grouping of similar samples 

and the consequent development of PLS models for each group of samples. Analyzing the map of PCA of all 

samples 3 distinct groups are found. Representing only the samples of lactic flour, a separation between the base 

and the finished product is seen. Something that does not happen in the map of PCs for non-lactic and non-lactic 

with cocoa flour. 

 

 
Figure 2  A – map of PCs for all samples; B – map of PCs for lactic samples   

 

After the analysis of map of PCs, PLS models were developed for the four groups of samples distinguished in 

order to obtain more accurate models and operative range more suited to their products. In the models for each 

sample group was used cross-validation because of the number of samples does not allow the group split into 

calibration and validation group. The Table 2 presents the parameters for the best PLS models developed. 
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Table 2 Parameters obtained from the PLS models developed for predicting the content of moisture, fat, nitrogen and ash, 
referring to groups of samples of lactic flour, the finished product of lactic flour, non-lactic flour and non-lactic with cocoa flour.  

 

The predicted values were compared with the values obtained using the reference method for all models 

developed. All are very similar except for the model developed for prediction of content of fat in non-lactic with 

cocoa flour. 

The number of principal components of models for each group of samples uses a smaller number of factors when 

compared to global models. This separation leads to greater data uniformity. Therefore the system under study is 

described by a smaller number of CPs. 

I compared the accuracy of the results obtained by the reference method with the accuracy to the prediction of the 

results obtained by NIR. The error associated with the forecast is either lower than or similar to the error of the 

reference method. NIR method becomes important as it does not cause error increment. Operation errors are 

nearly nonexistent as it does not need high handling of the sample. 

 

Vitamin C 

Due to the large number of samples analyzed in the laboratory for the determination of vitamin C, this implies a 

work load in laboratory. A NIR calibration for this parameter could be very useful of great interest. However it is 

known in advance that NIR spectroscopy has the disadvantage of not being very sensible. Therefore the 

quantitative applications are generally used for determining the constituents that exist in greater quantity in the 

Samples 
Quality 

Parameters 
Spectral 
Intervals 

Number 
of PCs 

RMSECV 
(g/100g 
product) 

R2 RPD 
Calibration 

Range (g/100g 
product) 

Pre 
processing 

Lactic Flour 
(Base) 

Moisture 
7502-6098 
5450-4597 5 0,077 89,02 3,02 0,93-1,81 SNV 

Fat 
7502-6098 
5450-4597 5 0,416 97,63 6,50 10,23-17,50 1st + MSC 

Nitrogen 6102-5446 8 0,039 99,23 11,40 1,27-1,80 
Constant 

offset 
elimation 

Lactic Flour 
(Finished Product) 

Moisture 5450-4246 5 0,069 93,43 3,90 1,49-3,37 1st + MSC 

Fat 7502-4597 7 0,296 81,75 2,34 8,25-12,31 1st + SNV 

Nitrogen 7502-4246 10 0,024 96,46 5,32 2,03-2,57 
1st + 

straight line 
subtration 

Ash 7502-4246 10 0,046 88,83 2,99 2,52-3,10 SNV 

Non-Lactic Flour 
(Bases and Finished 

Product ) 

Moisture 
7502-6800 
5450-4597 4 0,0835 95,58 4,76 0,82-2,69 MSC 

Fat 
7502-6098 
5450-4246 6 0,178 70,26 1,83 1,27-2,60 MSC 

Nitrogen 7502-4246 4 0,018 95,25 4,59 1,41-1,85 1st + SNV 

Non-Lactic Flour 
(Finished Product) Ash 6102-4246 7 0,046 84,62 2,55 0,90-1,35 MSC 

Flour with cocoa 
(Base and Finished 

Product) 

Moisture 7502-4597 7 0,058 99,45 13,50 0,68-3,02 MSC 

Fat 
7502-6098 
5450-4597 5 0,236 49,46 1,41 1,46-3,07 

Constant 
offset 

elimation 

Nitrogen 7502-4246 10 0,008 99,73 19,40 1,61-2,02 SNV 

Flour with cocoa 
(Finished Product) Ash 7502-4246 10 0,044 97,10 5,88 1,41-1,87 SNV 
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samples, which is not the case of vitamin C. In general, the detection limit is about 0,1%(m/m), although for some 

applications under favorable conditions this value may be somewhat lower, ranging from 100 to 1000 ppm 

(Baptista et al, 1996). As the minimum detected must be around 300 ppm vitamin C, its determination may still be 

possible by NIR spectroscopy. For this difficulty this study was initiated after the previously mentioned. 

For this determination only the global method was developed, since the methods for each group of samples had 

correlation coefficients very low and therefore were not detailed. 

The best global PLS model has the parameters shown in Table 3 where it is noticed that the correlation coefficient 

is not very high, R2 = 74.3, but still acceptable. The error RMSEP=6 mg/100g is low when compared with 

detection limit of NIR. An attempt to improve this ratio consists in making samples in triplicate by the reference 

method in order to obtain more precise values and, consequently, a PLS model with a forecast of the contents of 

vitamin C also more precise. Regarding the error of prediction, this is high but does not prevent the use of the 

model to predict the content of vitamin C. As the limits of the standard are broad, even if the predicted value by 

NIR spectroscopy was associated to this error, the final error must still remain within the limits of the standard 

norm. 

 
Table 3 Summary of parameters obtained for the PLS model developed for predicting the content of vitamin C, considering the 

overall set of samples.   
Parameters Vitamin C 

Calibration Range (mg/100g product) 30,0-83,2 

Spectral Intervals 7502-4597 

Preprocessing 1st derivative + MSC 

Number of PCs 5 

RMSEP (mg/100g product) 6 

R2 74,30 

RPD 1,97 

 

Conclusions 

 

NIR spectroscopy, combined with the techniques of chemometrics, is capable to quantify some the physico-

chemical properties of flour for children food. The determination of moisture, fat, protein and ash can is performed 

with good precision and accuracy. The content of vitamin C can still be measured by NIR spectroscopy and 

become a more accurate method when performing the analysis in triplicate by the reference method. 

The global models developed in most cases have a forecast error higher than the PLS models for groups of 

samples because the global model have a wider concentration range. The separation of samples in groups leads 

to models with a lower number of samples. Consequently the division in the set of calibration and validation is 

difficult, using in these cases cross-validation. This fact originates calibrations less robust.  

It was found that the algorithms used in the correction signal, variations in baseline and standardization of data 

are needed to remove the interference caused by the sample and equipment and surrounding environment. 

These preprocessing lead to the achieving of significant improvements in quantitative analysis, increasing the 

overall accuracy. 

Regarding the number of principal components, most NIR calibration published models do not have more than 6 

to 8 PCs. However, in this study, some of the models have more than 8 PCs, which can lead to loss of robustness 

in the short term. In these cases overfitting can occur. It would be advisable to check whether the decrease in the 

number of PCs did not involve an increase in prediction error. If so the use of a smaller number of PCs is advised. 

Other issues also should be done. For example, chose better wavelength selection, better spectra preprocessing, 

a more diverse type and a more number of samples. 
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NIR spectroscopy has the advantage of allowing the prediction of multiple parameters simultaneously, not 

destroying the sample and requiring little preparation. Speed reading of prediction values is performed, little to no 

waste is generated and the cost of analysis is much lower when compared with the reference methods. As 

disadvantage the method has a rather low sensitivity, relative complexity of construction of the models calibration, 

the maintenance of calibrations and also the high price of equipment. 

 

Future work 

 

The future work should be based on the improvement of the models, by adding more samples and developing 

laboratory-produced samples. Also an attempt to decrease the number of PCs in models with more than 8 PCs in 

order to avoid calibrations with overfitting should be done. Maintenance and updates of the models developed will 

also be needed. 

In order obtain a return on investment (ROI) more calibration models must developed for all-family cereals and 

cereal-family breakfast, continuing the collection of benchmarks has already begun. 

 

References 

 

Alcácer, L.. Textos de apoio a Química-Física. Determinação da Es trutura Molecular. Métodos 

Espectroscópios . AEIST. 2007 

 

Baptista, M.S., Tran, C.D., Gao, G.H.. Near Infrared Detection of Flow Injection Analysis by Acousto-optic 

Tunable Filter based Spectrophotometry . Analytical Chemistry. 68, 971-976. 1996 

 

Ilharco, L.. Métodos Avançados de Análise e Técnicas Hifenadas. Faculdade de Ciências Universidade de 

Lisboa. 2009  

 

Naes, T., Isaksson, T., Fearn, T., Davies, T.. A User-Friendly Guide to Multivariate Calibration a nd 

Classification , NIR Publications. 2002 

 

Olinger, J. M., Griffiths, P.R.. Effects of sample dilution and particle size/morphol ogy on diffuse reflection 

spectra of carbohydrate systems in the near and mid -Infrared. Part I: Single analytes. Applied 

Spectroscopy. v.47. p. 687-694. 1993 

 

Osborne, B. G.. Near-infrared Spectroscopy in Food Analysis . Encyclopedia of Analytical Chemistry. 

Chichester. ISBN 0471 97670 9. John Wiley & Sons Ltd. 2000 

 

Pasquini, C..  Near Infrared Spectroscopy. Fundamentals, Practical A spects and Analytical Applications . 

Instituto de Química. Universidade Estadual de Campinas. 2002 

 

Perkins, W. D.. Fourier Transform-Infrared Spectroscopy – Instrumentation . J. Chem. Ed. 63. A5-A10. 1986 

 

Sabin, J. G., Ferrão, M. F., Furtado, J. C.. Análise multivariada aplicada na identificação de f ármacos 

antidepressivos. Parte II: Análise por componentes principais (PCA) e o método de classificação SIMCA.  

Brazilian Journal of Pharmaceutical Sciences. vol. 40, n. 3. 2004 



10 

 

Siesler, H., W., Ozaki, Y., Kawata, S., Heise, H., M.. Near-Infrared Spectroscopy: principles, instruments,  

applications . Wiley-VCH. 2002 

 

Thomas, E. V.. A primer on multivariate calibration . Analytical Chemistry. vol. 66. n. 15. pp A795-A804. 1994 


