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Abstract: The miniaturisation of analytical devices, reduction of analytical data acquisition time, or the
reduction of waste generation throughout the analytical process are important requirements of modern
analytical chemistry, and in particular of green analytical chemistry. Green analytical chemistry
has fostered the development of a new generation of miniaturized near-infrared spectroscopy
(NIR) spectrometric systems. However, one of the drawbacks of these systems is the need for a
compromise between the performance parameters (accuracy and sensitivity) and the aforementioned
requirements of green analytical chemistry. In this paper, we evaluated the capabilities of two recently
developed portable NIR instruments (SCiO and NeoSpectra) to achieve a rapid, simple and low-cost
quantitative determination of commercial milk macronutrients. Commercial milk samples from
Italy, Switzerland and Spain were chosen, covering the maximum range of variability in protein,
carbohydrate and fat content, and multivariate calibration was used to correlate the recorded spectra
with the macronutrient content of milk. Both SCiO and NeoSpectra can provide a fast and reliable
analysis of fats in commercial milk, and they are able to correctly classify milk according to fat level.
SCiO can also provide predictions of protein content and classification according to presence or
absence of lactose.

Keywords: NIR; milk; portable instrumentation; spectroscopy; green analytical chemistry;
multivariate analysis; classification

1. Introduction

Cow’s milk is an important component of the human diet, with an estimated worldwide production
of approximately 800 million tonnes in 2016 and growth expectations of 981 million tonnes in 2028 [1].
From an economic point of view, around 150 million farms worldwide are involved in milk production.
The composition of the milk largely determines its nutritional value and provides information on
the health status of the cow. Animal health monitoring increases livestock management in dairy
production and helps the producer to optimize animal management while reducing the workload [2].

Due to its importance, milk has been analysed for decades and the standard methods of analysis
in many cases are old and tedious. For instance, a common method for the determination of fat is
the Gerber method (patented in 1891), which separates fats by adding sulphuric acid and then reads
the fat content using a calibrated butyrometer [3], and the reference method for the analysis of fats
is a gravimetric method [4]. Despite being reference methods, these classical methods of analysis
are nowadays less frequently used. Instrumental techniques of analysis are also widely used in milk
analysis, and among them, chromatographic techniques are extensively used [5].
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However, most methods typically involve multiple steps, such as an extraction procedure,
methylation, methyl ester extraction and gas chromatographic analysis for the determination of
fatty acids, and similar procedures for other compounds [6–10]. Therefore, due to the need for
laboratory-based equipment, these techniques do not allow the analysis of milk on-site, making it
necessary to move the sample from the farm to the lab. This makes it difficult to establish rapid
quality controls to make decisions when it comes to improve milk quality continuously and quickly.
Nowadays, the goals of greener analytical chemistry are to use methods that cost as little as possible in
terms of sample pre-treatment and are applicable online or in situ to avoid wasting time, reagents,
and money [11].

An alternative to classical and chromatographic techniques are spectroscopic techniques in
combination with chemometric analysis, with the advantage that they allow different parameters to
be determined at the same time. IR spectroscopy was used to detect milk adulteration [12] and to
reliably determine milk content ([13–15] and references therein). In addition, more in-depth analyses
have been proposed; e.g., Soyeurt et al. [16] were able to determine the fatty acid content in milk with
mid-infrared spectroscopy (MIR) and Coppa et al. [17] optimized a method with the same aim based on
near-infrared spectroscopy (NIR). In 2014, a comparison between NIR and MIR was also proposed [18].

Undoubtedly, benchtop NIR instruments together with chemometric methods of data analysis can
provide robust results with a high degree of accuracy in a simple way [19]. However, these instruments
are expensive and sometimes samples need pre-treatment or have to be transferred to the laboratory.
In recent years, spectroscopic instrumentation has made significant advances and made low-cost
miniaturized infrared instrumentation available [20,21]. These advances have led to instruments based
on MEMS (micro-electro-mechanical systems) and MEOMS (micro-opto-electro-mechanical systems),
which offer significant advantages in terms of price, size or weight [22,23]. All of these advances,
combined with chemometric analysis in the cloud and integration with smartphones [24,25] pave the
way for decentralized and immediate on-farm analysis.

Various commercial hand-held devices, such as the Polychromix PHAZIR™ (Polychromix Inc.,
Wilmington, MA, USA) [26,27], 4200 FlexScan FTIR (Agilent Technologies Inc., Danbury, CT, USA) [28],
Micro-NIR 1700 (JDSU, Milpitas, CA, USA) [29,30] or the Agilent 4500 portable ATR-FTIR (Agilent
Technologies, Inc., Santa Clara, CA, USA) [31] have been used for milk content analysis. Despite
being portable and small in size, all hand-held devices still have prices around EUR 15,000–20,000,
which hampers their distribution in all types of facilities and situations. SCiO (Consumer Physics,
Herzliya, Israel) and NeoSpectra (Si-Ware, Cairo, Egypt), with prices between EUR 950–2500, are two
alternatives for the low-cost decentralized measurement of milk and they are even affordable for online
measurements or quality control monitoring in small facilities.

The goal of this paper was to analyse whether these two pocket-sized NIR spectrophotometers,
SCiO and NeoSpectra, can be used in the rapid and low-cost analysis of milk without performing any
pre-treatment or using any specific measuring head. To meet these objectives, 45 commercial milks were
analysed with these instruments and the contents of the main nutritional components were predicted.
Due to the light scattering in milk and the nature of the spectroscopic signals (reflectance), we will
expect better results in predicting the fat and protein content, and poorer results for carbohydrates,
which are small molecules dissolved and dispersed in the milk matrix that badly contribute to the
scattering of light.

2. Instruments and Samples

2.1. Instrumentation

SCiO (Consumer Physics, Herzliya, Israel) and the NeoSpectra (Si-Ware, Cairo, Egypt) devices
were used for the milk analysis.

SCiO consists of an Osram broadband IR led coupled to a dispersive element and a silicon-based
1.2 Mpixel CMOS image sensor. The dimensions of the device are 67.7 × 40.2 × 18.8 mm with a weight
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of 35 g, and it can operate at temperatures ranging from 4 to 35 ◦C. The device is controlled by the
Android/iOS ‘The Lab’ app and Bluetooth is used to communicate with a smartphone. SCiO has to be
calibrated each time the app is started. The calibration process is very fast when using the app and a
calibration standard is included in the cover of the instrument. One of the advantages of the instrument
is that the warm-up time is null (the producer declared it, and we observed that the spectra were
stable from the very beginning of the analysis). The SCiO wavelength range is from 740 to 1070 nm,
which means that the SCiO also reaches the visible part of the electromagnetic spectrum, with a
declared resolution of 1 nm (an average resolution of 13 cm−1 is also reported [32], while some authors
claim that the real resolution is lower [21]). The acquisition time is around 2–5 s and no experimental
parameters can be set (e.g., the scan time). Liquid samples can be scanned at a distance of up to 10 mm,
while for solid samples SCiO can also perform contact measurements. The scattered and emitted light
from the sample first passes through an optical filter and is then dispersed by a fast Fourier transform
focusing element into an image sensor. The app allows the user to scan any material and save the
spectra in the cloud. In the private area of the website (SCiO Lab, thelab.consumerphysics.com),
the user can directly perform a limited number of pre-treatments and multivariate models, such as
principal component analysis (PCA) or partial least squares (PLS), with the spectra collected. Spectra
can also be downloaded from the web to build the models offline. SCiO has another Android/iOS app
(‘SCiO’) with a set of pre-established calibration models for measuring nutritional or compositional
values of some foods and drugs.

The NeoSpectra Micro Development Kit consists of three tungsten halogen lamps, a monolithic
micro-electro-mechanical system (MEMS) Michelson interferometer and a single InGaAs photodetector.
The dimensions of the device are 32 × 32 × 22 mm with a weight of 17 g. The NeoSpectra Micro is
connected to a Raspberry Pi that acts as a host and allows connection via a universal serial bus (USB)
to a laptop. The software (Windows and Linux) allows you to set a limited number of parameters,
such as the scan time, run mode (single or continuous) or data interpolation in each spectrum collected.
NeoSpectra has to be calibrated each time the software is started. A reflection standard, such as
Spectralon™ (99% reflectance), is recommended for the calibration. A warm-up time (20 min) is
required before taking the measurements. The wavelength range is from 1350 to 2558 nm and the
resolution is set to 16 nm (measured at 1550 nm). The acquisition time is around 4–5 s. NeoSpectra is
intended for use in contact measurements. The spectral data collected are managed using the supplied
software (SpectroMOST) and saved directly to the hard disk in ASCII format.

2.2. Samples

Forty-five commercial milks were purchased from supermarkets in Spain, Italy and Switzerland
(the composition of the milk can be found in the Supplementary Information). Most samples were
cow milks in liquid form, all UHT (Ultra-High-Temperature processing) treated. Samples were chosen
covering the maximum range of protein (1.3–7 g/100 mL), fat (0.1–3.7 g/100 mL), and carbohydrate
(2.5–13.5 g/100 mL) content available in commercial milk, and as demonstrated in a previous work [33],
they span the main variability of commercial milk samples (the analysis of a higher number of
samples would not have increased the sample variability). Commercial milk actually has a low
degree of variability, as nutritional values are restricted to a limited range. According to European
regulation [34], the fat content in skimmed-milk must be less than 0.5% (m/m), in semi-skimmed
milk it must be between 1.5% (m/m) and 1.8% (m/m) and in whole milk it cannot be inferior to 3.5%
(m/m). To overcome this limited range (e.g., the highest fat content we could find in supermarkets was
3.7 g/100 mL) and to incorporate more variability, we decided to use milks from three different countries.
For this reason, infant formulas and milks with different commercial characteristics (high protein, high
carbohydrates, lactose free and fibre-containing), not included in the three groups mentioned above,
were also considered.

The compositional information of the labels was taken as reference values to build the multivariate
prediction models.
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2.3. Statistical Data Analysis

The average of three spectra recorded for each milk sample were used to build the X matrix,
while the compositional values declared by the producer were used to build the y vectors.

PLS Toolbox 8.8.1 (Eigenvector Inc, Manson, WA, USA) for MATLAB 2020a (Mathworks Inc.,
Natick, MA, USA) was used for data analysis. Principal component analysis (PCA) and cluster analysis
were used for the exploratory and qualitative analysis and partial least squares (PLS) regression for
quantitative analysis. Different spectral pre-processing methods were tested: multiplicative scatter
correction (MSC), standard normal variate (SNV), as well as first and second Savitzky–Golay derivatives
with different numbers of smoothing points (from 7 to 27 points). In the case of the prediction of
proteins, orthogonalization [35] was used to improve the results. After spectral pre-processing,
the data were mean-centred. Several variable selection methods were applied: variable importance in
projection (VIP), interval PLS (iPLS), recursive PLS (rPLS) and selectivity ratio (sRatio). The best model
was chosen as the best compromise between the lower root mean square error of cross-validation
(RMSECV), the higher r2 value of the regression line between the predicted and the measured values
(r2 corresponds to the correlation coefficient of the regression line) and the smaller number of factors.

The Venetian blinds method (with 22 data splits and five samples per blind) was used for the
cross-validation. For external validation, about 2/3 of the data was selected for the training set and
about 1/3 of the data was selected for the test set using the Kennard–Stone algorithm.

The multivariate limits of detection were calculated using the approximate expression for the
sample-specific standard error of prediction (SEP), as derived by Faber and Bro [36].

3. Results and Discussion

3.1. Optimization of the Instrumental Setup

The milks were stored in a refrigerator (4 ◦C) after the purchase in local supermarkets (and during
the transportation between countries) and left at room temperature before analysis. No thermostatic
measurements or other pre-treatments were performed to better simulate rapid routine measurement
conditions, although some studies have reported that better results are obtained in multivariate
calibration models after pre-treatments such as heating or sonication [33]. Each bottle of milk was
gently stirred, and the sample was analysed in triplicate. The average of the three spectra was used to
build the multivariate models. Milks were analysed on different days and in random order.

3.1.1. SCiO

For the SCiO measurements, each sample was measured from the top in a silica glass beaker at a
fixed distance of 5 mm from the milk (distance was maintained fixing the instrument to a support).
Different distances from 1 to 15 mm were tested, and 5 mm was selected as a compromise between a
maximum spectroscopic signal (highest reflectance and better signal to noise ratio) and the need for
the instrument not to touch the liquid directly. For a given distance, we observed that the orthogonal
configuration between the sample and the instruments assured the higher signal (the tilting of the
instrument causes a decrease in the signal) and for this reason this configuration was used for all the
measurements. Replicates were taken in different parts of the sample, assuring that the experimental
conditions did not change.

Because the instrument is not in direct contact with milk, ambient light conditions may affect
the measurements. To check this, and although all measurements were taken in the same laboratory,
different precision measurements within the three replicates of a milk (minimum, maximum, mean
and median relative standard deviation) were compared in different times during the day as well as on
different days, however, no trends or significant differences were observed.

To test the influence of the experimental session on the instrumental measurements, different PLS
models were performed using only the measurements in one session and compared to the global PLS
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model with all measurements. No significant differences in the RMSECV values of the different models
were found.

The whole analytical process did not take more than 30 s for each milk.

3.1.2. NeoSpectra

After several tests with the NeoSpectra device, for the final measurements we used a 45× 22.5× 12.5 mm
quartz cuvette (Hellma, Jena, Germany) that completely covered the NeoSpectra window (20 × 20 mm).
The use of a cuvette that totally covers the window facilitates the measurement, as no optimization of the
measurement conditions is needed, and there is no influence from the ambient light conditions. The cuvette
did not show any appreciable signal in the spectroscopic region considered. Different experiments were
performed by coating the backside of the quartz cuvette with reflective materials (such as the aluminium
reflector), but the spectra did not change significantly with or without the reflective materials.

After every measurement, the cuvette was carefully washed with water and then rinsed with
acetone to remove any residue and dried carefully before the next measurement. Replicates were taken
in different parts of the sample, assuring that the experimental conditions did not change.

An attempt was also made to use a quartz cuvette with a narrower optical path (1 mm), but in
this case, each measurement was significantly complicated by the difficulty of cleaning the cuvette
after each analysis. Since we were interested in optimizing a fast and easy-to-use analytical method,
we decided to discard this cuvette.

We also tried to place a drop of milk directly on the NeoSpectra window (without using any
cuvette), but we ruled out this option due to the irreproducibility of the results. Several spectra were
recorded placing the drop in different parts of the window and variations were observed in terms
of signal intensity and noise. This led us to the conclusion that the signal depended heavily on the
position of the drop. Moreover, we observed that during the spectroscopic measurement, the window
temperature increased greatly due to the heat emitted by the three tungsten halogen lamps, which also
affects the measurements. For these reasons, we discarded the direct measurements with a drop of
milk on the window and came to the conclusion that the whole window should be covered during
the analysis.

At the beginning of each measurement session an instrumental calibration was performed,
which involved a background measurement with a Spectralon™ diffuse reflectance standard as required
by the instrument. Making a background before each analysis did not improve the performance of
the prediction models, nor the quality of the spectra, so a background measurement was made at the
beginning of each set of experiments.

Scanning time was optimized reaching the best compromise at 5 s: less time resulted in more
noisy spectra, while higher times did not change the quality of the signal.

3.1.3. Spectroscopic Signals

Figure 1 shows the mean spectra of the analysis of the milk samples with SCiO (Figure 1a)
and NeoSpectra (Figure 1b). These average spectra correspond to the raw data produced by the
instruments and imported into MATLAB without any prior treatment. SCiO spectra consist of 331
points between 740 and 1070 nm and the NeoSpectra spectra consist of 134 points between 1350 and
2558 nm. Some recorded spectra are shown as examples in Figure 1. The spectra are coloured by the
level of fat according to the classification given by the European Regulation (skimmed, semi-skimmed
and whole milk as shown in the figure).
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Figure 1. Milk spectra recorded using (a) SCiO and (b) NeoSpectra.

Looking at the spectra in Figure 1, it can be seen that the NeoSpectra data are noisier than the
SCiO data. The NeoSpectra noise in Figure 1b may be due to the internal reflectance of the optical
interface used, although the bands do not appear to follow the regular pattern of a sinusoidal wave
superimposed on the signal [37]. Another explanation for the noise may be the heat caused by the
three tungsten halogen lamps, as it may affect the signal-to-noise level [38].

Milk is a turbid opaque liquid that heavily scatters light due to the presence of fat globules
(basically sized between 1 µm and 10 µm) and protein micelles in suspension (below 200 nm) [19,39,40].
Light scattering in milk has been shown to be largely due to fat globules, with a small contribution
from protein micelles [41]. In both Figure 1a,b, low-fat milks have lower reflectance values and high-fat
milks have higher reflectance values. This high scattering raises serious concerns about the chemical
information that can be extracted from the absorption bands of the spectra. Low reflectance values
around 970, 1450, 1950 nm and above 2400 nm were recorded due to the high water absorption [42].
The characteristic absorption bands of the milk components are very weak compared to the water
bands and are difficult to visualize, although several absorption bands corresponding to major milk
components have been reported in the wavelength range of SCiO and NeoSpectra [42,43].

3.2. Multivariate Statistical Analysis

3.2.1. Spectral Pre-Treatment and Exploratory Data Analysis

The best spectral pre-processing for the SCiO data was found to be first-order polynomial
smoothing with 15 points, followed by the Savitzky–Golay second derivatives (both for the qualitative
and quantitative methods), while the best pre-processing for NeoSpectra was found to be first-order
polynomial smoothing with 15 points.

First, a PCA model with milk spectra was calculated. Figure 2 shows the score plots for the
first two PCs (Figure 2a shows the SCiO score plot, Figure 2b shows the NeoSpectra score plot).
Interestingly, the samples are located in the space according to their level of fat. Since the samples are
coloured according to the European regulation [34], there are some milks not classified on the typical
‘skimmed’, ‘semi-skinned’ and ‘whole’ milk levels (these samples are labelled as ‘no class’ in Figure 2a,b.
The SCiO model needs two PCs to describe the three groups of fat samples. The first PC mainly
describes the difference between low-fat milk and the other groups, while the second PC explains
the difference between medium and high-fat milk samples. The NeoSpectra model differentiates,
with only one component that accounts for 99% of the information, the milks that differ in their level
of fat. No other trends were observed due to other characteristics (amount of protein, amount of
carbohydrates, lactose/lactose-free, or country of origin).
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3.2.2. Cluster Analysis

An agglomerative hierarchical cluster analysis (HCA) was performed to cluster milk samples
according to their European classification (Figure 3—it is worthwhile to note that there are milk samples
that do not fall into EU regulation groups, and for this reason they are depicted as “no class” in the
figure). For SCiO the best results were obtained with the Ward’s method using the autoscaled scores
(first two PCs) as the input variables. For NeoSpectra, the best results were obtained with the averaged
paired distance using the whole data set as the input variables.

1 
 

 
Figure 3. (a) Dendrogram for the SCiO fat data and (b) the dendrogram for the NeoSpectra fat data.

As we expected, good results were achieved. All the samples with a declared level of fat (skimmed
in red, semi skimmed in green, whole in blue), except sample 29 (a skimmed milk grouped in the
semi-skimmed milk cluster), were correctly clustered in the SCiO dendrogram. A possible explanation
of this misclassification is due to its protein content, which shows the maximum value of 7.0 g/100 mL.
This feature probably affects the scattering properties of this sample (due to the scattering caused by
the protein micelles), making its spectra more similar to those in the semi-skimmed category. Samples
without European classification are clustered according to their fat content.

3.2.3. Prediction of Fats and Proteins

Prediction of the Fat Content

Figure 4a shows the prediction results of the best PLS regression models built with SCiO data and
cross-validated (as described in Section 2.2). Very good results were achieved: the root mean square
error of cross-validation (RMSECV) was 0.216 g/100 mL, with an r2 between predicted and measured
values of 0.969 for the best model combining the minimum number of factors and a good fit between
the predicted and measured values (indicated with * in Table 1). Two factors were needed to explain
97.82% of the y-variance. Sample 23 was detected as an outlier and was thus removed. This sample
contained added cereals (as declared by the producer) and that is why its spectrum was quite different
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from the others. Smoothing followed by Savitzky–Golay first-derivatives and mean centring provided
the lowest RMSECV, but for a more complex model (using five factors) and for this reason discarded.
Using MSC and SNV to pre-process the spectra did not improve but even worsened the prediction
results, as reported in Table 1, which shows the best results obtained for the main pre-treatments used.
These results seem to highlight the importance of light scattering in prediction. Despite the importance
of light scattering, absorption is probably not negligible, as is shown in the loading plots (Figure 5a)
around 930 nm (third overtone C-H stretch vibration of triglycerides). Figure 5b shows the regression
coefficients of the SCiO PLS model.
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Table 1. Comparison of the best partial least squares (PLS) models obtained with different pre-treatments
for the prediction of fat. Errors are expressed as % fat (g/100 mL). Apart from the listed pre-treatments,
all the models were finally mean centred. Best models are indicated with *. LVs= Latent Variables

SCiO
(740–1070 nm)

NeoSpectra
(1350–2558 nm)

Smoothing

RMSEC 0.182 0.228
RMSECV 0.226 0.259 *

r2 CV 0.965 0.955
LVs 5 2

Smoothing + SNV

RMSEC 0.167 0.359
RMSECV 0.234 0.481

r2 CV 0.962 0.847
LVs 6 3

Smoothing + MSC

RMSEC 0.156 0.363
RMSECV 0.223 0.494

r2 CV 0.966 0.840
LVs 6 3

Smoothing + 1st SG

RMSEC 0.150 0.210
RMSECV 0.196 0.267

r2 CV 0.974 0.952
LVs 5 3

Smoothing + 2nd SG

RMSEC 0.178 0.217
RMSECV 0.216 * 0.288

r2 CV 0.969 0.944
LVs 2 -

SCiO lab

RMSEC - -
RMSECV 0.272 -

r2 CV 0.950 -
LVs 4 -
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We also built a PLS model using the SCiO lab website. On this website, the algorithm is proprietary
and therefore not accessible to the users. The model was cross-validated with Venetian blinds (five
samples per blind), and no values of root mean square error of calibration (RMSEC) bias nor regression
coefficients were provided. There were also no plots for the selection of factors nor the removal of
outliers (this is done automatically). The only plot provided is the predicted versus measured values.
Four factors were automatically selected, with a RMSECV of 0.272 g/100 mL and an r2 between the
predicted and the measured values of 0.950. This PLS model provided worse RMSECV and r2 values
and used a higher number of factors than the best model obtained for SCiO (Table 1).

Satisfactory results were also obtained with NeoSpectra data, with a slightly higher RMSECV
value for the best PLS model obtained. The prediction results are shown in Figure 4b for a two-factor
model. The RMSECV is 0.259 g/100 mL, with an r2 between the predicted and the measured values of
0.955. As in the case of SCiO, the loadings of the PLS NeoSpectra model (Figure 5c) have the maximum
value at one of the fat-related wavelengths (1690, first overtone of CH3 stretching). Other important
fat-related wavelengths seem less important: 1722 nm (first overtone of CH2 antisymmetric stretching),
1754 nm (first overtone of CH2 symmetric stretching), 2302 nm (combination of CH2 asymmetric
stretching and bending vibrations) and 2340 nm (combination of CH2 symmetric stretching and
bending vibrations) [42,43]. Neither MSC nor SNV improved the prediction results and on the contrary,
worsened the prediction performance, as reported in Table 1.

The presence of systematic errors in the SCiO and NeoSpectra PLS models was checked by comparing
the intercept of the regression lines in Figure 4a,b with the theoretical value of 0. In both cases, the theoretical
value of 0 was included in the confidence interval for the intercept (b0 ± tα,degrees o f f reedom·sb0), showing the
absence of systematic errors (Table 2).



Foods 2020, 9, 1090 10 of 18

Table 2. Confidence interval for the intercept showing the absence of systematic errors in both
PLS models.

b0 sb0 Lower Confidence Interval Upper Confidence Interval

SCiO 0.057 0.078 −0.101 0.215
NeoSpectra 0.068 0.064 −0.062 0.198

Since we analysed the same milks with SCiO and NeoSpectra, to compare their fat predictions
obtained with the two optimal PLS models (indicated with * in Table 1), we used a linear approach
with the joint confidence interval for the intercept and the slope [44]. The theoretical regression line
obtained with the prediction of the two instruments should have intercept = 0 and slope = 1 if the
predictions of the two PLS models were identical. Therefore, if the two sets of predictions provide
comparable results, the joint confidence interval of the intercept and the slope of the regression line
between the two methods has to include the theoretical point (0, 1). Figure 6 shows that there is no
statistically significant difference between the two sets of predictions at a significance level α= 5%.
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The calculation of the multivariate limit of detection was estimated according to the following
expression [36]:

LOD = ∆(α, β, υ)·RMSEC·
√

1 + h0 (1)

The RMSEC is obtained from the SCiO and NeoSpectra PLS best models (indicated as * in Table 1).
The leverage h0 quantifies the distance of the predicted sample at zero concentration to the mean of the
calibration set [45]. We estimated h0 as the average of the leverage values corresponding to the samples
with the lowest concentration of fat. The term ∆(α, β, υ) takes into account the α and β probabilities of
wrongly concluding the presence/absence of analyte. From a practical point of view, and when the
number of degrees of freedom υ is high (υ ≥ 25), ∆(α, β, υ) can safely be approached to 2. The LOD
estimated for the PLS SCiO model was 0.376 g/100 mL and the LOD for the PLS NeoSpectra model
was 0.468 g/100 mL.

With these limits of detection, other milks than skimmed milks can be quantified, while skimmed
milks lie below the limit of detection. The LOD can then be used as a threshold between skimmed milk
and the rest of the samples. If the prediction of fats in a milk sample is below the LOD, it is possible to
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qualitatively state that the sample is a skimmed milk. If the predicted value is above the LOD, it will
be possible to quantify it exactly (considering the associated prediction error).

In addition to using cross-validation to validate the PLS models, we also split the data into a
training set (about 2/3 of the data) and a test set (about 1/3 of the data), using the Kennard–Stone
algorithm to perform an external validation and comparing the results with the one obtained by
cross-validation. Table 3 shows the results of the models built for SCiO and NeoSpectra, comparing
in each case the root mean square error of calibration (RMSEC) and the root mean square error of
cross-validation (RMSECV) for the models built with the whole set of samples, and the root mean
square error of prediction (RMSEP) found when predicting the test set with the PLS model built using
the training set. The results in Table 3 are comparable to the results obtained using all the samples to
build the PLS models, proving the robustness of the models.

Table 3. PLS models for fat prediction with the training and test sets.

SCiO (2 Factors) NeoSpectra (2 Factors)

Training set

RMSEC 0.178 0.228
r2 CALIBRATION 0.978 0.965

RMSECV 0.216 0.259
r2 CV 0.969 0.955

Test set
RMSEP 0.176 0.287

r2 PREDICTION 0.981 0.980

The RMSEP for the SCiO model built with Kennard–Stone samples is lower than the respective
RMSECV value (not in the case of the NeoSpectra model). It is worth remembering that the
Kennard–Stone algorithm chooses the samples to better represent the multivariate space of the data.
Because of this, the samples with extreme characteristics were selected in the calibration set to better
describe the multivariate space, improving the chances of obtaining a smaller error in the test set as
more typical samples are included [32].

Our prediction errors are higher than other reported values for the prediction of fats in milk from
farms over a similar NIR wavelength range in reflection mode (e.g., RMSECV of 0.098% fat wt/wt but
with eight factors [42]). However, it is important to note that in our case, we did not perform any
pre-treatment of the milk or use any special measuring head for the samples, apart from using portable
low-cost instrumentation. It is also important to mention that we used the compositional information
in the labels as the reference values for the PLS models, which may deteriorate the prediction ability
of our models. European regulation about nutrient values declared in food labels [46] states that for
declaration on foods other than food supplements, the tolerance for fat when the content in fat is
lower to 10% is ±1.5 g. Therefore, a significant part of the RMSECV of the PLS models found with
SCiO and NeoSpectra data may be due to the allowed tolerance values declared in the milk labels.
A recent article [33] reported the prediction of fat in milk samples using a portable ATR -FT-MIR
(Attenuated total reflection-FT-MIR) spectrophotometer, with prediction values of 0.31 g/100 mL using
one PLS factor. We therefore consider that these are good prediction values for on-site rapid and
simple quality control. It is worthwhile to note that the number of samples is adequate according to
ASTM E1655-17 [47], which indicates that the minimum number of samples for the calibration set
must be equal to 6 (k + 1) for the mean-centred data (where k is the number of latent variables) and the
prediction set must be equal to 4k (see e.g., [48]).

Prediction of the Protein Content

The best model for SCiO was obtained with first-order polynomial smoothing with 15 points followed
by the Savitzky–Golay second derivative and final mean centring as spectral data pre-treatment.

The best PLS model for SCiO data was built with six factors and explained 89.68% of the
information in y. This number of factors is significantly higher than the number of factors used for
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the prediction of fats, which made us think about the existence of some hidden effects, such as the
dependence of the fat level on the prediction of proteins. This would not be surprising since stable
fat globules are surrounded by a membrane formed by the protein molecule [41]. It is also worth
noting that the protein values are not as homogeneously distributed, as in the case of fats, since a high
percentage of commercial milks have protein contents between 3 and 4 mg/100 mL.

We performed variable selection in this model (iPLS method), and 12 of the initial 331 SCiO
variables were selected. A satisfactory RMSECV value of 0.393 g/100 mL with an r2 between the
predicted and the measured values of 0.863 were obtained. Sample 23 was also removed in this model.

As a way to improve the prediction of proteins, we tried to subtract the information explained
only by the fat content by orthogonalizing the spectra with respect to the subspace spanned by the
fat content, following the procedure described in [35]. In brief, this method requires the spectra
of the samples to be measured under the different conditions that modify the spectra (in this case,
the different fat concentration). These variations are not related to the concentration of proteins and
can therefore be removed with an orthogonalization step before modelling. The most appropriate
samples for orthogonalization (after several trials) were the samples with protein values between 3.1
and 3.3 g/100 mL, which cover the range of values for fat concentration. After orthogonalization and
variable selection (iPLS method, 26 wavelengths selected), the PLS model provided better results,
with a RMSECV value of 0.305 g/100 mL and an r2 between the predicted and the measured values of
0.917 (Figure 7).
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The estimated LOD for this method is 0.655 g/100 mL protein content, so the method is able to
quantify all the milk samples (taking into account the associated prediction error). It is difficult to remove
all the contribution due to fat content. Most likely, also in this case, we are using some of the scattering
information to predict the protein content in milk samples, along with some chemical information.

It is worth noting that the use of the compositional information in labels as reference values of
the PLS models, also for protein prediction, can deteriorate the predictive ability of the models, as
explained in the case of fat prediction.

Figure 8 shows the joint confidence interval for the intercept and the slope comparing the declared
and the predicted values of the protein in milk. From the figure, we can conclude that there are no
statistical differences between the declared and the predicted values along the linear range. The absence



Foods 2020, 9, 1090 13 of 18

of constant errors was also verified, as the confidence interval for the intercept (0.191 ± 0.258) is not
statistically different from 0 for a level of 5%.
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For the validation of the PLS models, we also split the data into a training set (about 2/3 of the
data) and a test set (about 1/3 of the data) using the Kennard–Stone algorithm to perform an external
validation, and compared the results with the one obtained by cross-validation. The root mean square
error of prediction (RMSEP) value was 0.290 g/100 mL with an r2 between the predicted and the
measured values of 0.883. The results are comparable to the results obtained using all the samples to
build the PLS models, proving the robustness of the models. The r2 value for the test is set as slightly
worse than for the overall set of samples, because the selected range of protein concentrations in the
test set is narrower than for the whole set of samples, making it more difficult to obtain a good fit
between the predicted and the measured values.

The PLS model using the NeoSpectra data did not provide good results, with an RMSECV value
close to 1 g/100 mL and r2 values between the predicted and the measured values around 0. Variable
selection did not improve the prediction ability, nor data pre-treatments such as orthogonalization.
A possible explanation for the poor prediction of the protein content with NeoSpectra may come from
the size of the protein. Protein micelles, which are smaller than milk fat globules, are approximately
spherical colloidal particles with an average diameter of about 200 nm, but ranging from 50 to 600 nm
in diameter [19,39,40]. Since the wavelengths used by SCiO are shorter than those used by NeoSpectra,
this may ease the dispersion of light by the protein micelles.

Since we saw that the samples are clustered according to their fat level (Figures 2 and 3), an attempt
was made to improve the prediction of proteins with SCiO by making different PLS models according
to the fat level. In addition to making an individual PLS model for skimmed, semi-skimmed and whole
milk, we also tried to group the semi-skimmed and whole milks, as these two groups partially overlap
(Figure 2). The only subgroup that improved the results of the global PLS model for protein with
all samples was skimmed milk, with a three-factor PLS model after variable selection (iPLS method,
six wavelengths selected), which explains 99.34% of the information in y and has an RMSECV value
of 0.265 g/100 mL. It is worthwhile to note that, in the case of protein content prediction, a higher
number of samples should have been analysed to obtain statistically significant results (due to the high
number of latent variables necessary to predict the property). Nevertheless, we consider these results
promising and worthy to be reported.
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Prediction of Carbohydrates Content

As expected, and since carbohydrates dissolve primarily in milk without forming globular
aggregates of micelles, their detection in a system mainly based on light scattering was not as accurate
as would be desirable. With the SCiO data, a PLS model was obtained using four factors with an
RMSECV value of 0.639 g/100 mL and an r2 value of 0.883. iPLS was used as the variable selection
method and 47 wavelengths were selected.

Similar to protein prediction, the PLS model for carbohydrates from NeoSpectra data did not
provide good results. Variable selection did not improve the prediction ability.

PLS discriminant analysis (PLS-DA) was applied to predict the presence or absence of lactose.
A dummy vector y was created by assigning a 0 to lactose-free milk (as declared by the producer)
and a 1 to lactose-containing milks. After variable selection (the iPLS method selected 11 variables),
the model with SCiO data (five factors) could correctly classify 38 out of the 40 milk samples that
included information about lactose. The sensitivity and specificity classification results for the two
classes are shown in Table 4.

Table 4. PLS-DA results for the presence or absence of lactose using the SCiO data.

No Lactose With Lactose

Sensitivity (calibration) 1.0 0.9
Specificity (calibration) 0.9 1.0

Sensitivity (cross-validation) 1.0 0.9
Specificity (cross-validation) 0.9 1.0

For the validation of the PLS-DA model we also split the data into a training set (about 2/3 of the
data) and a test set (about 1/3 of the data) using the Kennard-Stone algorithm to perform an external.
The sensitivity and specificity for the test was 1.0 in both cases, showing the validity of the PLS-DA
model. As in the case of the protein content prediction, a higher number of samples should have been
analysed (due to the high number of latent variables necessary to predict the property). Anyway,
we also considered these results very promising and worthy to be commented.

The model with NeoSpectra data did not provide good predictions for the presence/absence
of lactose.

3.2.4. Data Fusion

Since SCiO and NeoSpectra use different wavelength ranges, we considered fusing the data from
the two sensors (low- and mid- level data fusion), to try to improve the prediction ability of the models.
In the low-level data fusion, we combined the pre-treated data from the two instruments and we built
a PLS model after autoscaling the data. The resulting model provided slightly better results than
those of the two individual PLS models: two latent variables explained 98.06% of the information in y,
with an RMSECV value of 0.197 g/100 mL and an r2 between the predicted and the measured values
of 0.973. Both instruments contributed to a similar degree to the model loadings, demonstrating that
both instruments provided complementary data. Variable selection was carried out in this model;
the iPLS method selected 19 variables, most of them from SCiO. This model provided the best results
obtained in this research. The optimal PLS model used two latent variables that explained 99.08% of
the information in y, an RMSECV value of 0.126 g/100 mL and an r2 between the predicted and the
measured values of 0.989 (Figure 9a). With this model, the estimated LOD for fat was 0.245 g/100 mL.
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Figure 9. Results of the low-(a) and mid-(b) level data fusion models for the prediction of fats.

In the mid-level data fusion, we performed two separate PCA models (one for each instrument)
and we put together the scores of the two first PCs for each instrument. We then built a PLS model
by autoscaling the data. The model also provided better results than those of the two individual
prediction models. Two latent variables explained 98.66% of the information in y, with an RMSECV of
0.152 g/100 mL and an r2 between the predicted and the measured values of 0.984 (Figure 9b). With this
latter model, the estimated LOD for fat was 0.295 g/100 mL. A part of the skimmed milks can be
thus quantified.

External validation was also performed, as previously described using the Kennard–Stone
algorithm (training set about 2/3 of the data, test set about 1/3 of the data) obtaining the very
promising results of RMSEP = 0.132 g/100 mL with an r2 = 0.989 for the low level data fusion,
and RMSEP = 0.133 g/100 mL with an r2 = 0.989 for the mid-level data fusion. In addition, in this case
the number of samples is adequate according to ASTM E1655-17.

4. Conclusions

In this manuscript, we described the optimization of two miniaturized low-cost spectrophotometers
to the analysis of commercial milk samples.

Both SCiO and NeoSpectra can provide a rapid and reliable analysis of fat in commercial milk
(in the range 0.1–3.7%) without any sample pre-treatment. Cluster analysis can correctly cluster
milk according to their fat level. Semi-skimmed and whole milk fat values were correctly predicted,
while part of the skimmed milk fat values lie below the limit of detection of both models. When coupling
the data collected by both instruments (in a data fusion approach), the results were even better.

The results suggested that both devices have a potential to be used e.g., in quality control phases
in the milk production.

SCiO can also predict protein content (the LOD of the model allows predicting all the protein
values) and the presence/absence of lactose in commercial milk samples with a high degree of accuracy.
SCiO, therefore, showed the best performance. The SCiO also has the advantage that you do not need
to it to any computer, you only need a smartphone app.

In our opinion, this research leads to another significant finding.
The development and use of affordable and portable instrumentation go in the line of green

analytical chemistry (which involves a drastic reduction of costs, analytical steps, sample pre-treatment,
energy and reagents), and for this reason, the use of these devices should be promoted.

Nevertheless, the best operational conditions must be optimized to assure the best quality signal
and therefore, to obtain the best predictions, as it is shown in the paper. This often involves the use of
chemometric methods, which sometimes are not so straightforward (e.g., orthogonalization for the
protein models) to analyse the data. This point is obvious to a researcher, but it is not so obvious for a
non-expert user, who may not make the most of these instruments. Consumer-oriented companies
that advertise these instruments as appropriate tools for everyday applications by non-expert users
should consider these issues.



Foods 2020, 9, 1090 16 of 18

Supplementary Materials: The following are available online at http://www.mdpi.com/2304-8158/9/8/1090/s1,
Table S1: List of milks.

Author Contributions: Conceptualization, J.R. and B.G.; Data curation, G.G.; Formal analysis, J.R. and G.G.;
Funding acquisition, R.B.; Investigation, J.R., D.C. and B.G.; Methodology, J.R.; Resources, R.B.; Supervision, R.B.
and B.G.; Validation, G.G.; Writing — review & editing, J.R., R.B. and B.G. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was founded by the Spanish Ministry of Science, Innovation and Universities and
European Regional Development Fund (ERDF). Financial support from the Project CTQ2016-77128-R.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. International Dairy Federation. Annual Report 2018–2019; International Dairy Federation: Brussels, Belgium, 2019.
2. Melfsen, A.; Hartung, E.; Haeussermann, A. Accuracy of in-line milk composition analysis with diffuse

reflectance near-infrared spectroscopy. J. Dairy Sci. 2012, 95, 6465–6476. [CrossRef] [PubMed]
3. ISO. ISO 488:2008, Milk—Determination of fat content—Gerber Butyrometer; ISO: Geneve, Switzerland, 2008.
4. ISO. ISO 1211:2010, Milk—Determination of fat content—Gravimetric Methode; ISO: Geneve, Switzerland, 2010.
5. Di Stefano, V.; Avellone, G.; Bongiorno, D.; Cunsolo, V.; Muccilli, V.; Sforza, S.; Dossena, A.; Drahos, L.;

Vékey, K. Applications of liquid chromatography-mass spectrometry for food analysis. J. Chromatogr. A 2012,
1259, 74–85. [CrossRef] [PubMed]

6. González-Arrojo, A.; Soldado, A.; Vicente, F.; de la Roza-Delgado, B. Microwave-Assisted Methodology
Feasibility for One-Step Extraction and Transmethylation of Fatty Acids in Milk for GC-Mass Spectrometry.
Food Anal. Methods 2015, 8, 2250–2260. [CrossRef]

7. Moltó-Puigmartí, C.; Castellote, A.I.; López-Sabater, M.C. Conjugated linoleic acid determination in human
milk by fast-gas chromatography. Anal. Chim. Acta 2007, 602, 122–130. [CrossRef] [PubMed]

8. Araujo, P.; Nguyen, T.T.; Frøyland, L.; Wang, J.; Kang, J.X. Evaluation of a rapid method for the quantitative
analysis of fatty acids in various matrices. J. Chromatogr. A 2008, 1212, 106–113. [CrossRef] [PubMed]

9. Luna, P.; Juárez, M.; de la Fuente, M.A. Gas chromatography and silver-ion high-performance liquid
chromatography analysis of conjugated linoleic acid isomers in free fatty acid form using sulphuric acid in
methanol as catalyst. J. Chromatogr. A 2008, 1204, 110–113. [CrossRef]

10. Delmonte, P.; Fardin-Kia, A.R.; Kramer, J.K.G.; Mossoba, M.M.; Sidisky, L.; Tyburczy, C.; Rader, J.I. Evaluation
of highly polar ionic liquid gas chromatographic column for the determination of the fatty acids in milk fat.
J. Chromatogr. A 2012, 1233, 137–146. [CrossRef]

11. de la Guardia, M.; Garrigues, S. Analytical Research Based on the Use of Low Cost Instrumentation. Pharm. Sci.
2019, 25, 82–84. [CrossRef]

12. Nascimento, C.F.; Santos, P.M.; Pereira-Filho, E.R.; Rocha, F.R.P. Recent advances on determination of milk
adulterants. Food Chem. 2017, 221, 1232–1244. [CrossRef]

13. Saranwong, S.; Kawano, S. System design for non-destructive near infrared analyses of chemical components
and total aerobic bacteria count of raw milk. J. Near Infrared Spectrosc. 2008, 398, 389–398. [CrossRef]

14. Kawamura, S.; Kawasaki, M.; Nakatsuji, H.; Natsuga, M. Near-infrared spectroscopic sensing system for
online monitoring of milk quality during milking. Sens. Instrum. Food Qual. Saf. 2007, 1, 37–43. [CrossRef]

15. Wang, L.; Sun, D.W.; Pu, H.; Cheng, J.H. Quality analysis, classification, and authentication of liquid foods
by near-infrared spectroscopy: A review of recent research developments. Crit. Rev. Food Sci. Nutr. 2017, 57,
1524–1538. [CrossRef] [PubMed]

16. Soyeurt, H.; Dardenne, P.; Dehareng, F.; Lognay, G.; Veselko, D.; Marlier, M.; Bertozzi, C.; Mayeres, P.;
Gengler, N. Estimating fatty acid content in cow milk using mid-infrared spectrometry. J. Dairy Sci. 2006, 89,
3690–3695. [CrossRef]

17. Coppa, M.; Ferlay, A.; Leroux, C.; Jestin, M.; Chilliard, Y.; Martin, B.; Andueza, D. Prediction of milk fatty
acid composition by near infrared reflectance spectroscopy. Int. Dairy J. 2010, 20, 182–189. [CrossRef]

18. Coppa, M.; Revello-Chion, A.; Giaccone, D.; Ferlay, A.; Tabacco, E.; Borreani, G. Comparison of near and
medium infrared spectroscopy to predict fatty acid composition on fresh and thawed milk. Food Chem. 2014,
150, 49–57. [CrossRef]

http://www.mdpi.com/2304-8158/9/8/1090/s1
http://dx.doi.org/10.3168/jds.2012-5388
http://www.ncbi.nlm.nih.gov/pubmed/22959947
http://dx.doi.org/10.1016/j.chroma.2012.04.023
http://www.ncbi.nlm.nih.gov/pubmed/22560344
http://dx.doi.org/10.1007/s12161-015-0108-8
http://dx.doi.org/10.1016/j.aca.2007.09.011
http://www.ncbi.nlm.nih.gov/pubmed/17936116
http://dx.doi.org/10.1016/j.chroma.2008.10.006
http://www.ncbi.nlm.nih.gov/pubmed/18937951
http://dx.doi.org/10.1016/j.chroma.2008.07.050
http://dx.doi.org/10.1016/j.chroma.2012.02.012
http://dx.doi.org/10.15171/PS.2019.13
http://dx.doi.org/10.1016/j.foodchem.2016.11.034
http://dx.doi.org/10.1255/jnirs.807
http://dx.doi.org/10.1007/s11694-006-9001-x
http://dx.doi.org/10.1080/10408398.2015.1115954
http://www.ncbi.nlm.nih.gov/pubmed/26745605
http://dx.doi.org/10.3168/jds.S0022-0302(06)72409-2
http://dx.doi.org/10.1016/j.idairyj.2009.11.003
http://dx.doi.org/10.1016/j.foodchem.2013.10.087


Foods 2020, 9, 1090 17 of 18

19. Holroyd, S.E. The use of near infrared spectroscopy on milk and milk products. J. Near Infrared Spectrosc.
2013, 21, 311–322. [CrossRef]

20. Pasquini, C. Near infrared spectroscopy: A mature analytical technique with new perspectives—A review.
Anal. Chim. Acta 2018, 1026, 8–36. [CrossRef]

21. Béc, K.B.; Grabska, J.; Siesler, H.W.; Huck, C.W. Handheld near-infrared spectrometers: Where are we
heading? NIR News 2020. [CrossRef]

22. Huang, J.; Wen, Q.; Nie, Q.; Chang, F.; Zhou, Y.; Wen, Z. Miniaturized NIR spectrometer based on novel
MOEMS scanning tilted grating. Micromachines 2018, 9, 478. [CrossRef]

23. Schuler, L.P.; Milne, J.S.; Dell, J.M.; Faraone, L. MEMS-based microspectrometer technologies for NIR and
MIR wavelengths. J. Phys. D. Appl. Phys. 2009, 42, 133001. [CrossRef]

24. Zhang, D.; Liu, Q. Biosensors and bioelectronics on smartphone for portable biochemical detection.
Biosens. Bioelectron. 2016, 75, 273–284. [CrossRef] [PubMed]

25. McGonigle, A.J.S.; Wilkes, T.C.; Pering, T.D.; Willmott, J.R.; Cook, J.M.; Mims, F.M.; Parisi, A.V. Smartphone
spectrometers. Sensors (Switzerland) 2018, 18, 223. [CrossRef] [PubMed]

26. Llano Suárez, P.; Soldado, A.; González-Arrojo, A.; Vicente, F.; de la Roza-Delgado, B. Rapid on-site
monitoring of fatty acid profile in raw milk using a handheld near infrared sensor. J. Food Compos. Anal.
2018, 70, 1–8. [CrossRef]

27. de la Roza-Delgado, B.; Garrido-Varo, A.; Soldado, A.; González Arrojo, A.; Cuevas Valdés, M.; Maroto, F.;
Pérez-Marín, D. Matching portable NIRS instruments for in situ monitoring indicators of milk composition.
Food Control 2017, 76, 74–81. [CrossRef]

28. Santos, P.M.; Pereira-Filho, E.R.; Rodriguez-Saona, L.E. Application of hand-held and portable infrared
spectrometers in bovine milk analysis. J. Agric. Food Chem. 2013, 61, 1205–1211. [CrossRef]

29. Liu, N.; Parra, H.A.; Pustjens, A.; Hettinga, K.; Mongondry, P.; van Ruth, S.M. Evaluation of portable
near-infrared spectroscopy for organic milk authentication. Talanta 2018, 184, 128–135. [CrossRef]

30. de Lima, G.F.; Andrade, S.A.C.; da Silva, V.H.; Honorato, F.A. Multivariate Classification of UHT Milk as
to the Presence of Lactose Using Benchtop and Portable NIR Spectrometers. Food Anal. Methods 2018, 11,
2699–2706. [CrossRef]

31. Limm, W.; Karunathilaka, S.R.; Yakes, B.J.; Mossoba, M.M. A portable mid-infrared spectrometer and a
non-targeted chemometric approach for the rapid screening of economically motivated adulteration of milk
powder. Int. Dairy J. 2018, 85, 177–183. [CrossRef]

32. Wiedemair, V.; Langore, D.; Garsleitner, R.; Dillinger, K.; Huck, C. Investigations into the performance of a
novel pocket-sized near-infrared spectrometer for cheese analysis. Molecules 2019, 24, 428. [CrossRef]

33. Gorla, G.; Mestres, M.; Boqué, R.; Riu, J.; Spanu, D.; Giussani, B. ATR-MIR spectroscopy to predict commercial
milk major components: A comparison between a handheld and a benchtop instrument. Chemom. Intell.
Lab. Syst. 2020, 200, 103995. [CrossRef]

34. The Commission of the European Communities. Council Regulation (EC) No 2597/97 of 18 December 1997
Laying Down Additional Rules on the Common Organization of the Market in Milk and Milk Products for Drinking
Milk; 1997; Available online: https://eur-lex.europa.eu/legal-content/en/ALL/?uri=CELEX%3A31997R2597
(accessed on 15 May 2020).

35. Ferré, J.; Brown, S.D. Reduction of model complexity by orthogonalization with respect to non-relevant
spectral changes. Appl. Spectrosc. 2001, 55, 708–714. [CrossRef]

36. Klaas, N.; Faber, M.; Bro, R. Standard error of prediction for multiway PLS: 1. Background and a simulation
study. Chemom. Intell. Lab. Syst. 2002, 61, 133–149.

37. Griffiths, P.R.; De Haseth, J.A. Fourier Transform Infrared Spectrometry, 2nd ed.; John Wiley & Sons, Inc.:
Hoboken, NJ, USA, 2007; ISBN 9780471194040.

38. Pügner, T.; Knobbe, J.; Grüger, H. Near-Infrared Grating Spectrometer for Mobile Phone Applications.
Appl. Spectrosc. 2016, 70, 734–745. [CrossRef] [PubMed]

39. Cattaneo, T.M.P.; Cabassi, G.; Profaizer, M.; Giangiacomo, R. Contribution of light scattering to near infrared
absorption in milk. J. Near Infrared Spectrosc. 2009, 17, 337–343. [CrossRef]

40. Dahm, D.J. Explaining some light scattering properties of milk using representative layer theory. J. Near
Infrared Spectrosc. 2013, 21, 323–339. [CrossRef]

41. Bogomolov, A.; Melenteva, A.; Dahm, D.J. Fat globule size effect on visible and shortwave near infrared
spectra of milk. J. Near Infrared Spectrosc. 2013, 21, 435–440. [CrossRef]

http://dx.doi.org/10.1255/jnirs.1055
http://dx.doi.org/10.1016/j.aca.2018.04.004
http://dx.doi.org/10.1177/0960336020916815
http://dx.doi.org/10.3390/mi9100478
http://dx.doi.org/10.1088/0022-3727/42/13/133001
http://dx.doi.org/10.1016/j.bios.2015.08.037
http://www.ncbi.nlm.nih.gov/pubmed/26319170
http://dx.doi.org/10.3390/s18010223
http://www.ncbi.nlm.nih.gov/pubmed/29342899
http://dx.doi.org/10.1016/j.jfca.2018.03.003
http://dx.doi.org/10.1016/j.foodcont.2017.01.004
http://dx.doi.org/10.1021/jf303814g
http://dx.doi.org/10.1016/j.talanta.2018.02.097
http://dx.doi.org/10.1007/s12161-018-1253-7
http://dx.doi.org/10.1016/j.idairyj.2018.06.005
http://dx.doi.org/10.3390/molecules24030428
http://dx.doi.org/10.1016/j.chemolab.2020.103995
https://eur-lex.europa.eu/legal-content/en/ALL/?uri=CELEX%3A31997R2597
http://dx.doi.org/10.1366/0003702011952631
http://dx.doi.org/10.1177/0003702816638277
http://www.ncbi.nlm.nih.gov/pubmed/27170776
http://dx.doi.org/10.1255/jnirs.867
http://dx.doi.org/10.1255/jnirs.1071
http://dx.doi.org/10.1255/jnirs.1076


Foods 2020, 9, 1090 18 of 18

42. Aernouts, B.; Polshin, E.; Lammertyn, J.; Saeys, W. Visible and near-infrared spectroscopic analysis of raw
milk for cow health monitoring: Reflectance or transmittance? J. Dairy Sci. 2011, 94, 5315–5329. [CrossRef]
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