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  ABSTRACT 

  The authenticity of milk and milk products is impor-
tant and has extended health, cultural, and financial 
implications. Current analytical methods for the de-
tection of milk adulteration are slow, laborious, and 
therefore impractical for use in routine milk screening 
by the dairy industry. Fourier transform infrared (FT-
IR) spectroscopy is a rapid biochemical fingerprinting 
technique that could be used to reduce this sample 
analysis period significantly. To test this hypothesis 
we investigated 3 types of milk: cow, goat, and sheep 
milk. From these, 4 mixtures were prepared. The first 3 
were binary mixtures of sheep and cow milk, goat and 
cow milk, or sheep and goat milk; in all mixtures the 
mixtures contained between 0 and 100% of each milk 
in increments of 5%. The fourth combination was a ter-
tiary mixture containing sheep, cow, and goat milk also 
in increments of 5%. Analysis by FT-IR spectroscopy 
in combination with multivariate statistical methods, 
including partial least squares (PLS) regression and 
nonlinear kernel partial least squares (KPLS) regres-
sion, were used for multivariate calibration to quantify 
the different levels of adulterated milk. The FT-IR 
spectra showed a reasonably good predictive value for 
the binary mixtures, with an error level of 6.5 to 8% 
when analyzed using PLS. The results improved and 
excellent predictions were achieved (only 4–6% error) 
when KPLS was employed. Excellent predictions were 
achieved by both PLS and KPLS with errors of 3.4 to 
4.9% and 3.9 to 6.4%, respectively, when the tertiary 
mixtures were analyzed. We believe that these results 
show that FT-IR spectroscopy has excellent potential 
for use in the dairy industry as a rapid method of de-
tection and quantification in milk adulteration. 
  Key words:    Fourier transform infrared spectros-
copy ,  milk adulteration ,  authenticity of milk products ,  
chemometrics 

  INTRODUCTION 

  Milk quality is important in the production of all 
types of cheese, especially in regard to cheese quality 
and characteristics. Goat and sheep milks are of higher 
value than cow milk and are used for the production of 
a variety of specialty cheeses. This presents the poten-
tial for financial gain by unscrupulous producers adul-
terating either goat or sheep milk with cow milk, thus 
resulting in nonauthentic milk products (Maudet and 
Taberlet, 2001). In addition to the ethical, religious, 
and cultural implications (Shatenstein and Ghadirian, 
1998), consumers need to be protected from this kind 
of practice because of potential intolerance and allergic 
reactions to the cow milk component of these adulter-
ated products (Bischoff, 2006; Venter, 2009; Chafen et 
al., 2010). Indeed, the European Union has legislation 
in place for the correct display of the constituents of 
dairy products protecting their authenticity (European 
Union, 2001), and various legislation on food labeling 
and authenticity exists among other member countries 
(Dennis, 1998). 

  Until now, several methods have been investigated, 
both within academic institutions and in industry, 
for their accuracy and practicality in detecting dairy 
product adulteration. These include several analytical 
approaches based on immunological, electrophoretic, 
and chromatographic techniques, as well as DNA-based 
processes such as species-specific PCR. Antibody-based 
assays used for the quantification and detection of spe-
cies-specific milk proteins (antigens) form the basis of 
immunological methods. These have targeted proteins 
such as cow caseins (whole, γ3-, β- and αS1-caseins), 
cow β-lactoglobulin, and cow IgG for the detection of 
cow milk adulteration, whereas goat whey proteins and 
goat αS2-casein have been used for the detection of goat 
milk adulteration (Hurley et al., 2004). Enzyme-linked 
immunosorbent assays have been routinely used for this 
purpose and are performed using a variety of processes 
including direct, indirect competitive, and sandwich 
techniques (Levieux and Venien, 1994; Anguita et al., 
1996; Beer et al., 1996; Anguita et al., 1997; Hurley et 
al., 2006). Even though ELISA techniques require rela-
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tively less sample preparation than other techniques, 
they are costly, because they rely on the use of expen-
sive antibodies that cannot be reused and have a lim-
ited shelf-life. In addition, the reliance of these methods 
on specific protein identification and quantification is 
a potential drawback in the analysis of processed milk 
because proteolysis and heat denaturation can cause 
the loss of antibody-specific epitopes (Mayer, 2005; 
Hurley et al., 2006).

Polyacrylamide gel electrophoresis and isoelectric 
focusing are the main nonimmunological methods em-
ployed for the detection of casein or whey proteins in 
milk but they are slow and laborious for routine use 
in the dairy industry (Amigo et al., 1992; Levieux and 
Venien, 1994; Malin et al., 1994; Mayer, 2005; Addeo 
et al., 2009). Importantly though, isoelectric focusing 
has been adopted by the European Commission as 
the reference method for detecting cow κ-casein, with 
a detection limit of 1% (vol/vol) cow milk (European 
Union, 2001) in other types of milk.

Separation techniques have also been used for the 
detection of milk adulteration and both HPLC and GC 
have been used, often with MS, and are based on the 
detection of characteristic fatty acids and proteins in 
dairy products (Romero et al., 1996; Chen et al., 2004; 
Hurley et al., 2004; Gutierrez et al., 2009). The main 
disadvantage of these techniques is that they are time 
consuming (chromatography typically takes 30–60 min) 
and laborious, and the increased requirements for sam-
ple handling during preparation can adversely affect 
the quality of the analysis (Karoui and Baerdemaeker, 
2007).

Finally, PCR techniques have been developed over the 
last decade, aiming to exploit the presence of somatic 
cells in milk by detecting genomic DNA from different 
species. These DNA-based techniques have been used 
to identify milk adulteration rapidly and with relatively 
high sensitivity. However, they are not very practical 
for routine industrial use, and quantification aspects 
may be hindered by environmental factors such as mas-
titis that lead to increases in the numbers of somatic 
cells in milk or by milk processing factors such as milk 
heat treatment (Bania et al., 2001; Lopez-Calleja et 
al., 2005; Cheng et al., 2006; Maskova and Paulickova, 
2006).

In general, there exists a useful set of analytical ap-
proaches for the detection of milk adulteration; however, 
all the above techniques have the main disadvantage 
that they are slow and laborious and this delay in milk 
analysis makes these tools of little value for routine 
screening of milk in the dairy industry. By contrast, 
Fourier transform infrared (FT-IR) spectroscopy is a 
very rapid biochemical fingerprinting technique (typi-
cally 30 s or faster per sample) that can potentially 

resolve many of these problems and produce milk anal-
ysis results in under a minute after minimal sample 
preparation (Nicolaou and Goodacre, 2008). Compared 
with other techniques it is simple to use, with high 
sensitivity and low operational costs. When combined 
with appropriate multivariate statistical methods such 
as partial least squares (PLS) regression or, as we re-
port here, kernel PLS, FT-IR spectroscopy may be an 
ideal solution for the detection and quantification of 
the adulteration of milk.

Fourier transform infrared spectroscopy, in combina-
tion with PLS, has been used in the past to classify 
different types of oils (Dahlberg et al., 1997; Ozen and 
Mauer, 2002) and honey (Hennessy et al., 2008) and 
detect adulteration of extra virgin oil with palm oil 
(Rohman and Man, 2010) and hazelnut oil (Ozen and 
Mauer, 2002) with very good predictive values. In ad-
dition, it has been successfully applied in the detection 
of spoilage in meat such as beef (Ellis et al., 2004) and 
chicken (Ellis et al., 2002), as well as in cow milk (Ni-
colaou and Goodacre, 2008). Our aim in this study was 
therefore to investigate whether FT-IR spectroscopy is 
an accurate and valid technique for the detection and 
quantification of the adulteration of goat or sheep milk 
with cow milk in both binary and tertiary mixtures.

MATERIALS AND METHODS

Sample Preparation

Three types of full-fat, fresh pasteurized milk were 
used in this study: cow, goat, and sheep milk. The milk 
samples used were purchased from national retail out-
lets and analyzed immediately. From these, 4 milk type 
combinations were prepared: (1) sheep milk adulter-
ated with cow milk; (2) goat milk adulterated with cow 
milk; (3) sheep milk adulterated with goat milk; and 
(4) a tertiary mixture containing sheep, goat, and cow 
milk.

For each of these combinations, various samples were 
created, with the primary milk type adulterated with 
a different type of milk from 0 to 100% in successive 
increasing steps of 5%. The concentration levels for the 
tertiary mixture (4) are shown in Supplementary Table 
S1 (http://www.journalofdairyscience.org/).

The different milk combinations were then poured 
into sterile flasks and placed in a rotational incuba-
tor for 15 min to ensure a homogeneous mixed sample. 
One-milliliter milk samples were then obtained and 
subsequently used for FT-IR analysis.

FT-IR High-Throughput Spectroscopy

A Bruker Equinox 55 infrared spectrometer equipped 
with a deuterated triglycine sulfate (DTGS) detector 
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(Bruker Ltd., Coventry, UK) employing a motorized 
microplate module HTS-XT was used for the FT-IR 
analysis (Nicolaou and Goodacre, 2008). After a brief 
mixing of the sample using a rotational mixer for 1 min, 
3 μL of each sample was pipetted onto ZnSe infrared 
plates (sample carriers), and these were then dried in 
the oven at 50°C for 30 min. Three replicates from 
each sample were analyzed in randomized order on the 
sample carrier. The wavelength range in the mid-IR 
of 4000 to 600 cm−1 was employed and 64 scans were 
co-added and averaged to improve the signal-to-noise 
ratio; all spectra were collected with a resolution of 
4 cm−1. In total, 378 spectra were collected from the 
different milk combinations and the collection time for 
each spectrum was approximately 30s.

Data Analysis

Preprocessing. The ASCII data were exported from 
the Opus software used to control the FT-IR instru-
ment and imported into Matlab ver. 7 (The Mathworks 
Inc., Natick, MA). The data were preprocessed using 
standard normal variate (SNV; Barnes et al., 1989, 
1993; Dhanoa et al., 1994). To perform this correction, 
each FT-IR spectrum was first mean centered and then 
divided by its standard deviation, a process also called 
autoscaling (Goodacre et al., 2007).

To investigate the relationship between the FT-IR 
spectra and the concentration of milk, multivariate 
statistical methods were used including cluster analysis 
and supervised regression-based techniques.

Unsupervised Analysis. Unsupervised analysis 
was performed in 2 steps as described fully elsewhere 
(Goodacre et al., 1998). First, principal component 
analysis (PCA) was used; PCA is a well-known tech-
nique for reducing the dimensionality of multivariate 
data while preserving most of the variance and results 
in the creation of uncorrelated variables named prin-
cipal components (PC). The second step involved the 
use of discriminant function analysis (DFA); DFA can 
predict dependent variables from independent variables 
by discriminating data based on the PC with the prior 
knowledge of which spectra are machine replicates, a 
process that does not bias the analysis in any way.

Supervised Analysis. If the targets are known for 
some of the data, then supervised learning methods can 
be used where the knowledge of both input (FT-IR 
spectra) and outputs (% adulteration target values) 
can be used in the calibration phase. The aim of super-
vised learning is to construct a robust valid model that 
correctly associates inputs with outputs. In this study 
we used PLS and kernel PLS as linear and nonlinear 
regression techniques, respectively.

Supervised methods are very powerful and it is 
therefore important to validate both PLS and kernel 
PLS. To do this for each of the 4 mixtures, a training 
set and independent hold-out set were generated. For 
the binary mixtures the training set was 0, 10, 20, 30, 
40, 50, 60 70, 80, 90, and 100% of one of the milks, 
and the test set was 5, 15, 25, 35, 45, 55, 65, 75, 85, 
and 95%. The samples used in the training and test 
sets for tertiary mixtures are shown in the supporting 
information (Supplementary Table S1; http://www.
journalofdairyscience.org/).

PLS Regression. Partial least squares is a com-
monly used multivariate regression method (Martens 
and Naes, 1989), especially in the field of spectroscopic 
study. This is because PLS is able to handle effectively 
the problem of multicollinearity, which is always the 
case in spectroscopic data, whereas standard multivari-
ate regression will fail because of the rank deficiency 
problem. Partial least squares can predict either a sin-
gle predictive variable using a PLS1 model or predict 
several predictors simultaneously using a PLS2 model. 
We used PLS1 on the binary milk mixtures (cow–sheep, 
cow–goat, and sheep–goat milk mixtures), whereas we 
used PLS2 on the tertiary milk mixture. The number 
of PLS components was optimized using a k-fold cross-
validation on the training set only.

Kernel PLS. We also employed kernel PLS (Shawe-
Taylor and Christianini, 2004) as a nonlinear regression 
method, considering that the response of IR spectra 
might not always be linear when measuring different 
compositions of different milks. Kernel PLS is a nonlin-
ear extension of PLS model that made use of the recent 
development of the concept of kernel learning. The idea 
of kernel learning is that by projecting the data into 
an appropriate higher dimensional feature space, many 
nonlinear problems (e.g., regression, classification) 
can be solved by using a linear modeling method. The 
projection is achieved by employing a so-called kernel 
function. An introduction to various kernel methods 
can be found in Shawe-Taylor and Christianini (2004). 
In this study, we employed a radial basis function as 
the kernel function. The optimal combination of the 
kernel parameter and the number of PLS factors were 
optimized using a grid search approach coupled with 
a k-fold cross-validation on the training set; k is the 
number of concentration levels we kept in the training 
set.

RESULTS AND DISCUSSION

Representative FT-IR spectra collected from pure cow, 
goat, and sheep milks are shown in Figure 1. Overall, at 
the qualitative level, the spectra look very similar and 
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this is particularly the case for cow and goat milks. In 
contrast, some quantitative differences were observed 
in sheep milk. The first difference involved the CH2 
absorption band at approximately 2927 cm−1, which is 
related to the acyl chain on fatty acids. As expected, 
the degree of absorption for this band correlates with 
the fat quantity in each type of milk, with a higher fat 
content resulting in higher IR absorption. As reported 
in the nutritional information that accompanied these 
milks, full-fat sheep milk has a 4.5% fat composition, 
whereas cow and goat milk have 3.1 and 3.7% fat, re-
spectively, and this was reflected in the CH2 stretch.

The other obvious visible differences between milk 
types appeared on the absorption bands related to the 
remaining milk components, protein (at 1654 cm−1 and 
1544 cm−1 for amide I and II, respectively) and lactose 
(at 1159 cm−1 and 1076 cm−1). These appeared to be 
present in higher quantities in sheep milk than in cow 
and goat milk, with the former displaying higher IR 
absorption for these bands. Integration of the bands 
derived from the spectra for each milk type confirm the 
above differences in the composition of sheep milk with 
higher absorption values for the CH2 and C–O absorp-
tion bands (Table 1).
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Figure 1. Fourier transform infrared spectra for pure cow, goat, and sheep milk. These spectra are offset to allow visualization of any differ-
ence. Color version available in the online PDF.



Analysis of Binary Mixtures of Milk

Because of the subtle differences highlighted above 
it was not possible to use simple visual inspection to 
quantify the level of adulteration of these milk. Thus, 
following spectral collection from the different milk 
combinations, the relationship between the spectra was 
investigated using PC-DFA.

Using the combination of goat and sheep milks as an 
example (Figure 2A), visual inspection of the results 
identifies a clear trend in PC-DFA space with respect 
to mixture levels, although this does not follow a linear 
trajectory, rather a parabolic one. The samples with 
high concentrations of goat milk are recovered in the 
same region on the right of the panel; a decrease in the 
concentration of goat milk, with a concurrent increase 
in the concentration of sheep milk, appears to cause a 
spread of the spectra first upward to the middle of the 
pane and then latterly toward the bottom left of the 
pane. Inspection of the PC-DFA loadings matrix (Fig-
ure 2B) indicates that for the separation of goat and 
sheep milk, larger differences were observed in the fatty 
acid vibrations from CHx stretches in the region 2800 
to 3000 cm−1 (and see Figure 1 for annotation) than 
for either the protein or polysaccharide regions. For the 
other 2 mixtures (cow–sheep and cow–goat), a para-
bolic trend in PC-DFA space was also observed (data 
not shown). It was clear, therefore, that a nonlinear 
trend existed with respect to milk concentration and we 
thus sought to explore the use of linear and nonlinear 
multivariate regression techniques for quantification.

Quantification of Binary Milk Mixtures

As detailed above, 3 binary milk combinations were 
produced. For brevity, we shall use goat–sheep milk as 
an example. Samples containing 0 to 100% goat milk 
(in 5% increments) in sheep milk were prepared and 
the 21 mixtures were analyzed in triplicate using FT-IR 
spectroscopy. As detailed above, the data were prepro-
cessed using SNV and were then split into a training 
set (0, 10, 20, ..., 90, and 100% goat milk) and a test 
set (5, 15, 25, ..., 85, and 95%) and analyzed by PLS 
and KPLS.

During calibration of the PLS model, the training 
data were used and these were subsampled using leave-
one-out to generate a cross validation set to choose the 
optimum number of PLS factors (latent variables) for 
calibration. Following this, the independent test set 
was used to challenge the PLS model. The PLS regres-
sion results for the goat and sheep milk combinations 
are shown in Figure 3. In this plot the estimated goat 
milk concentration versus the known goat milk con-
centration values follow the expected y = x and gave 
relatively accurate results. As detailed in Table 2, the 
root mean squared (RMS) error for the training data 
(root mean square error for calibration; RMSEC) was 
3.73%, the cross-validation set selected 3 PLS factors 
for this model, the RMS error for the cross validation 
set was 5.57%, and the RMS error in the independent 
test was 8.03% (root mean square error for predictions 
in the test set; RMSEP). The correlation coefficient 
for the test set (Q2) for this model was 0.92.

Root mean square error for predictions and Q2 are 
2 unbiased metrics to assess the predictive ability of a 
model in regression analysis. Generally, RMSEP gives 
an unbiased estimation of the error of the prediction 
when the model is used to predict the concentration of 
unknown samples from a data set not used to construct 
the model (the test set). The smaller the RMSEP value, 
the better the model. The Q2 value is an independent 
metric scale used to quantify the predictive ability of 
the model with values similar to the commonly used 
squared correlation coefficient R2 in univariate regres-
sion analysis. The closer the value of Q2 to 1, the better 
the model. Thus, the predictions from the goat–sheep 
milk mixture were relatively encouraging at 8.03% and 
0.92 for the RMSEP and Q2, respectively.

Kernel PLS (KPLS) is a nonlinear extension of PLS 
and we decided to investigate this algorithm because 
the PC-DFA had shown a nonlinear trajectory. The 
results for KPLS are also shown in Figure 3 and the 
associated statistics are given in Table 2. It can be seen 
that the greatest improvement of using KPLS over PLS 
was in the model constructed from the goat–sheep milk 
mixture, with a RMSEP of 3.95% and a Q2 of 0.98. 
This improvement of KPLS over PLS was also observed 
for the cow–sheep and cow–goat mixtures (Figure 3 and 
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Table 1. Integrated absorption bands from the 3 measured spectra for each type of milk; numbers are mean 
± standard deviation 

Source

CH2 from  
fatty acids,  

2976–2884 cm−1

C–O from  
polysaccharides,  
1134–1018 cm−1 CH2/C–O

Cow 98.5 ± 0.59 539.6 ± 7.15 0.182 ± 0.0034
Sheep 121.7 ± 9.32 614.4 ± 4.67 0.198 ± 0.0141
Goat 111.2 ± 0.48 524.5 ± 2.39 0.212 ± 0.0005



Table 2), again highlighting the usefulness of employing 
a nonlinear regression algorithm.

Mixtures of the 3 Types of Milk

Following a similar strategy to that used for the bi-
nary mixtures, the first stage in the analysis was to 
look at the natural relationship between the FT-IR 
spectra collected from the 63 milk samples containing 
various concentrations of sheep, goat, and cow milk. 
The results of the PC-DFA are shown in Figure 4 as a 
pseudo 3-dimensional plot of the first 3 PC discriminant 
functions (DF), and it is clear that these spectra are 
spread in 3 different dimensions. Three color scales are 
used for each of the milk species: high concentrations 
of cow milk samples are presented in red; sheep milk 
is presented in green; and a higher proportion of goat 
milk is presented in blue.

It can be seen from Figure 4 that when the contribu-
tion of one milk type starts to dominate the mixture, a 
“tentacle” extends from the center of the milk mixtures 
and the tips of the tentacle contain that pure milk. 
Domination of these tentacles appears to develop when 
the concentration of one of the contributing milk types 
increases above the 55% level. In addition, a fourth ten-
tacle (yellow color) develops when the concentration of 
cow and sheep milk in the tertiary sample both increase 
above the 40% contribution level for these milk types. 

In the middle 3 smaller tentacles can be observed, which 
are colored dark green, turquoise, and purple. These 
contain samples in which the 3 milk types are in similar 
concentrations (dark green) and in which 2 milk types 
are in high concentration; the turquoise represents milk 
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Figure 2. (A) Principal components (PC)-discriminant function 
analysis (DFA) plot on high-throughput Fourier transform infrared 
spectra for the 3 repeat experiments of goat milk when added to sheep 
milk. Principal components 1 to 20 (accounting for 99.45% of the total 
variance) were used by the DFA algorithm with a priori knowledge 
of machine replicates. The different numbers show the concentration 
of goat milk in the mixture and the color (gray) scale the level of 
adulteration. The blue (black) color indicates a low concentration of 
goat milk in the mixture, the red (light gray) color indicates a high 
concentration of goat milk, and the purple (dark gray) color indicates 
the concentrations where goat and sheep milk have very close concen-
trations. (B) Principal component-DFA loadings plot from the first 
vector (discriminant function 1) showing which infrared regions are 
important: the positive part of DF 1 reflects areas that are increased 
in goat milk and the negative half of the plot those regions that are 
higher in sheep milk. Color version available in the online PDF.

Table 2. Comparison of the partial least squares (PLS) regression, 
and the nonlinear kernel PLS of the Fourier transform infrared spectra 
for determining the percentage volume of cow, goat, and sheep milk 
mixtures1 

Milk mixture PLS Kernel PLS

Goat–sheep milk
 Factors 3 3
 RMSECV 5.57 3.96
 RMSEC 3.73 3.09
 RMSEP 8.03 3.95
 R2 0.97 0.99
 Q2 0.92 0.98
Cow–sheep milk
 Factors 3 5
 RMSECV 6.87 6.24
 RMSEC 6.24 2.30
 RMSEP 6.55 5.84
 R2 0.95 0.99
 Q2 0.94 0.95
Cow–goat milk
 Factors 5 5
 RMSECV 5.90 5.75
 RMSEC 4.07 3.29
 RMSEP 7.42 5.62
 R2 0.89 0.97
 Q2 0.91 0.96

1RMSECV = root mean square error for the cross-validation; RMSEC 
= root mean square error for the calibration; RMSEP = root mean 
square error for the predictions produced; R2 = correlation coefficient 
for the training set; Q2 = correlation coefficient for the test set.



with a high concentration of sheep–goat milk and the 
purple represents milk with a high concentration of 
cow–goat milk (a similar plot giving the concentration 
levels of each milk is shown in Supplementary Figure 
1; http://www.journalofdairyscience.org/). In conclu-
sion, the cluster analysis shows that clear trends exist 
in these data related to the various combinations of 
milk but that the ability to quantify the level of milks 
in these tertiary mixtures is unlikely from the PC-DFA, 
given the complexity of this space.

Quantification of Tertiary Milk Mixtures

The data were split into training and test set data 
and then analyzed using linear and nonlinear supervised 
learning techniques; as 3 milk concentrations were to 
be predicted we employed 3 output Y-variables (one 
for each type of milk) in PLS2 and KPLS2. The results 
from the PLS2 model for the training and test data are 
shown in Figure 5 and Figure 6, respectively, and overall 
showed a good prediction for the 3 different types of 
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Figure 3. Plot showing the predicted concentrations of goat milk for the first set of mixtures and cow milk predicted concentrations for the 
second and third mixtures versus the actual concentrations for the 3 different mixtures of milk using partial least squares (PLS) and kernel PLS 
(KPLS). The blue (black) circles represent the training data set and the red (gray) circles the test set. Color version available in the online PDF.



milk. Table 3 shows the summary statistics for PLS2 and 
KLP2 using the same training and test set splits and, 
in this case, the PLS2 algorithm outperformed KLPS2. 

In general, all milks were predicted with a similar level 
of accuracy and the RMSEP values were 3.4 to 4.9% for 
PLS2 with Q2 correlations of 0.94 to 0.97.
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Figure 4. Principal components (PC)-discriminant function analysis (DFA) plot on high-throughput Fourier transform infrared spectra for 
the 3 repeat experiments of the mixtures from the 3 types of milk. Principal components 1 to 20 (accounting for 99.45% of the total variance) 
were used by the DFA algorithm with a priori knowledge of machine replicates (i.e., 1 class per time point, giving 63 classes in total). Samples 
with high concentrations of cow milk are presented in red, those with high concentrations of sheep milk are green, and those with high concentra-
tions of goat milk are blue. In the middle appear to be samples that contain 2 out of the 3 milk types in high concentrations and these samples 
are a different color from the combination of all 3 types of milk.

Figure 5. Plot showing the predicted concentrations of cow, goat, 
and sheep milk versus the actual concentrations for the training set 
in the mixtures of the 3 types of milk by using partial least squares 2. 
The circles represent the goat milk samples, triangles the sheep milk 
samples, and the crosses cow milk samples. Color version available in 
the online PDF.

Figure 6. Plot showing the predicted concentrations of cow, goat 
and sheep milk versus the actual concentrations for the test set in the 
mixtures of the 3 types of milk by using partial least squares 2. The 
circles represent the goat milk samples, the triangles the sheep milk 
samples, and the crosses cow milk samples. Color version available in 
the online PDF.



CONCLUSIONS
In this study, we demonstrated that in binary and 

tertiary mixtures of milk, FT-IR spectroscopy in 
combination with multivariate analysis, such as linear 
PLS and nonlinear Kernel PLS, provides an accurate, 
simple, and rapid technique for the quantitative assess-
ment of the adulteration of sheep, goat, and cow milks. 
The typical errors that were found were in the region of 
5 to 8% for all milk species; an unscrupulous producer 
would unlikely adulterate at such a level because it 
would not be financially viable. For this reason and the 
speed of analysis (30 s per sample in batches of 96 or 
384), we believe that FT-IR spectroscopy has excellent 
potential for use in the food industry to replace less 
efficient and more time-consuming techniques for the 
detection of milk adulteration. For this approach to 
be employed within the industry, future studies should 
consider geographical as well as seasonal variations in 
milk production.
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