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Abstract. Raw cow milk has short supply market in summer and over supply in
winter, which causes consumers and dairy industry concern about the quality of
raw milk whether is adulated with reconstituted milk (powdered milk). This
study prepared 307 raw cow milk samples with various adulteration ratios 0%,
2%, 5%, 10%, 20%, 30%, 50%, 75%, and 100% of powdered milk. Least
square support vector machine (LS-SVM) was applied to calibrate the
prediction model for adulteration ratio. Grid search approach was used to find
the better value of network parameters of and 2. Results show that R2 ranges
from 0.9662 to 0.9777 for testing data set with plate surface and four concave
regions. Scatter plot of testing data showed that adulteration ratio above 10%
clearly differs from 0% samples.
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1 Introduction

For thousand years, milk has been an important nutrient source for people. There are
more than 50,000 milking cows in Taiwan which produce over 300,000 tons of raw
milk annually with a value of about US$ 230 million [1]. In terms of our planet, about
578 million tons of fresh and whole cow’s milks are produced with a value of more
than 148 billion US dollars per year [2]. Thus, dairy is an important and influential
industry.

Weather in Taiwan is hot and humidity during summer, but winter is cooler. This
causes dairy industry faces a problem of milk shortages in summer and oversupply in
winter. Hu [3] reported thatconsumption index of cow’s milk in summer (Jun. to Oct.) 
was 101.3-137.4, whereas in winter (Dec. to Mar.), it was 68.1-87.4. This situation
makes consumers’ worry that whether the raw milk or fresh milk is adulterated with
reconstituted (powdered) milk [4]. Milk factories are also concerned that farmers may
dilute the raw milk with powdered milk. Therefore, milk factories and consumer
agencies need to confirm the quality of raw milk.



Milk may be adulterated either intentionally or accidentally during production and
processing. Harding [5] stated that there are many potential adulterants in liquid milk,
such as water, neutralizers, salt, sugar, or solid contents. Borin et al. [6] reported
adulteration of powdered milk in Brazil and mentioned that the most frequent
contaminants were whey, starch, and sucrose that range from 20 to 25%, which does
not cause detectable flavor changes. But occasionally contaminant ratio may be as
high as 60%. In Taiwan, the media reported that an adulteration ratio of 30%
reconstituted milk in fresh milk has been found. Therefore, many researches have
been conducted to detect milk contaminants.

For example, Lin et al., [7] used a modified MAD (Metachromatic Agar-Diffusion)
technique to detect DNase activity in synthetic raw milk so as to detect reconstituted
milk in raw milk. Ding and Chang [4] reported that milk powder is one of the most
common forms of adulteration in fresh milk sold in the summer in Taiwan. They used
an amino acid analyzer to detect furosine so as to identify the adulteration of milk
powder in raw and UHT (ultra-high temperature) treated milk. These studied methods
are time consuming and require higher skills.

Water, proteins, lactose and other components (such as somatic or body cell,
micro-organisms, antibiotics etc.) are the main composition of milk [8]. Usually,
normal milk has an opalescent white to yellowish color because of light dispersion.
Conventional testing of compositional quality for milk is a lengthy, labor-intensive,
and expensive process, making such methods unsuitable for routine use in quality
control [9]. Thus, an infrared (IR) absorption technique that provides faster and easier
working conditions, has been adopted in milk analysis.

Association of Official Agricultural Chemists [10] stated that analysis of milk by
IR is based on absorption of IR energy at specific wavelengths. For instance, CH
groups in fatty acid chains of fat molecules absorb at 3.48 m. The IR spectra usually
show the fundamental vibration of molecules where the near infrared (NIR, 750-2500
nm) or visible wavelength (Vis, 400-750 nm) indicate the overtone or combination of
molecule vibration and electron transition of constituents [11]. Thus, visible/NIR
spectroscopy has been intensively used to evaluate the quality of milk or the
adulteration of milk or dairy products. For example, Schmilovitch et al. [12] used NIR
to analyze fat and total soluble solids (TSS) content of fresh milk. Chen et al. [13]
applied MLR and multiplicative scatter correction method to determine the fat content
in raw milk. Kawasaki et al. [14] developed a sensor system for milking robots. The
system was equipped with NIR in order to measure fat, protein and lactose, somatic
cell count, and milk urea nitrogen of unhomogenized milk.

Visible/NIR spectrum contain high dimensional data usually needs chemometrics
to downsize its data dimensions. Spectral calibration tries to find the relationship
between spectral absorption of specific wavelength and target composition, which can
be applied in further prediction for unknown samples. Neural network has been
proven its ability in function fitting that correlates the dependent variable y and
independent variables x with y=f(x). Least squares-support vector machine (LS-SVM)
that was originally proposed by Suykens and Vandewalle [15] are becoming a popular
tool for data classification and function estimation. LS-SVM is modified from support
vector machine (SVM) that is a supervised learning methods used for classification
and regression analysis. The LS-SVM is based on the margin-maximization theory
performing structural risk minimization. However, it is easier to train than the SVM,



as it requires only the solution to a convex linear problem, and not a quadratic
problem as in the SVM [15]. Yu et al. [16] compared partial least squares regression
(PLSR) with LS-SVM in alcohol content, titratable acidity, and pH prediction and
found LS-SVM was slightly better. Siuly and Wen [17] used LS-SVM to cluster EEG
signal. Zuao et al. [18] employed on-line LS-SVM for gas prediction. Borin et al. [6]
used LS-SVM and NIR spectroscopy for quantification of adulterants (starch, whey,
or sucrose) in powdered milk.

In summary, the aims of this study are as follows:
1. take Vis/NIR spectroscopy for raw cow milk samples that were adulterated in
various percentages of powdered milk
2. apply LS-SVM approach to quantify the ratio of adulteration
3. use grid search method to test the parameters of LS-SVM so as to find a better
model for detecting the percentage of powdered milk in row milk.

Therefore, this study is the first that applies LS-SVM to quantify the adulteration
ratio of powdered milk in raw cow milk.

2 Materials and Methods

2.1 Sample preparation

Raw cow milk samples were collected from a dairy farm near our campus, and they
were delivered to our laboratory within 2 hr. in ice box. Sampling process was
conducted from Jul. 2010 to Nov. 2010. Powdered milk was made by diluting
powdered cow milk with water on the basis of protein composition of raw milk.
Protein ratio was chosen as criteria because it is easy changed after processed. After
the powdered milk was prepared, it was mixed with raw milk in volume ratio of 0:100
(0%), 2:98 (2%), 5:95 (5%), 10:90(10%), 20:80 (20%), 30:70 (30%), 50:50 (50%),
75:25 (75%) and 100:0 (100%).Number of samples in each ratio and batch were listed
in Table 1.

Table 1. Number of prepared samples at each test batch

Batch 0% 2% 5% 10
%

20
%

30
%

50
%

75
%

100
% Total

1 3 3 3 3 3 3 3 3 3 27
2 9 9 9 9 9 9 9 9 9 81
3 9 9 9 9 9 9 9 9 9 81
4 13 11 11 12 15 11 15 15 15 118

Total 34 32 32 33 36 32 36 36 36 307

Each sample was scanned to record its visible/NIR spectrum and was analyzed to
obtain its compositions. Monochrometer (FOSS NIRS 6500, NIRSYSTEM, US) was
used to obtain sample spectrum in a range of 400 nm to 2498 nm at 2-nm intervals. A
quartz cuvette of light path 0.5 mm was used to record transmittance spectrum of



sample at 25℃. Milk composition analyzer (Expert, Scopo Electric, Europe) was
employed to observe fat, protein, SNF (solid-not-fat), lactose, and density. From 307
samples, 207 samples were randomly selected as training data set while the remaining
samples (100) were used as testing data set.

To correct the baseline shift and smoothing noise on spectral data, each spectrum
was proceed with baseline treatment, Savitzky–Golay smoothing with 4th order 11
data points, and standard normal variate scaling. These data processes were supported
by a PLS-Toolbox (Eigenvector co.) compatible to MATLAB.

2.2 LS-SVM

To deal with linear or nonlinear multivariate calibration, the LS-SVM uses a
estimation function to map input vectors (training vectors) xi into a higher
dimensional space by the function . K(xi,xj)= (xi)

T(xj) is called the kernel function
that generally have four basic forms: 1) linear: K(xi,xj)= xi

Txj; 2) polynomial:
K(xi,xj)= (pxi

Txj+r)d, p>0; 3) radial basis function (RBF): K(xi,xj)=exp(-q|| xi- xj||
2),

q>0; 4) sigmoid K(xi,xj)= tanh(mxi
Txj+r), where d, m, p, q, and r are kernel

parameters. Therefore, a LS-SVM function estimation is to minimize a cost function
(C) that has a regression error, as follows [15]:
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Analyzing Eq. (1) and Eq. (2), we may have a typical problem of convex
optimization which can be solved by using the Lagrange multipliers method [16] as
follows:
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where yi=[y1, …, yN]T, ei=[e1, …, eN]T, and i=[1,…, N]T; By conducting L(w, b,
e,)/w, L(w, b, e,)/b, L(w, b, e,)/e, and L(w, b, e,)/, and setting the first
derivative to zero, we obtain the optimal solution for training data as equations:
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Combining eq.(4) and eq.(5), we have
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(Gamma) is the regularization constant that balances themodel’s complexity and the 
training errors.For nonlinear regression, the kernel function meets Mercer’s mapping, 
then it has formulation [15]:
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For a point yj to be evaluated it is:
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Testing of the kernel function is cumbersome and it depends on each case. For
simple and low dimensional problems, kernel function of linear can be adopted, while
in high dimensional and nonlinear problems, RBF of Gaussian, exp(-||xi-xj||

2/(22) , is
commonly used. The σ2 (sigma2) is the width of the Gaussian function. By careful
selection on these parameters, a good generalization model could be achieved.

2.3 Performance evaluation

There are three problems need to be solved when LS-SVM is used, which are kernel
function, input feature subset, and kernel parameters. However, no systematic
methodology is available for selection the kernel function. In here, a RBF kernel of
Gaussian function was used because it was a nonlinear function and could reduce the
computational complexity of the training procedure [19]. In order to find proper
parameter, a grid search technique and leave one out 10 folds cross-validation were
used. Grid search is a two-dimensional minimization procedure based on exhaustive
search in a limited range. Leaves one out cross-validation fits a model on the training
data points except one and the performance of the model is estimated based on the
one point left out. This procedure is repeated for each data point. After the model was
set, the testing data were evaluated to the model again. Parameter controls the trade-
off between structural risk minimization principle and empirical risk minimization.
Parameter 2 affects the value of function regression error. Small values of 2 yield a
large number of regressors and eventually it can lead to over fitting. On the contrary,
a large value of 2 can lead to a less number of regressors, but finally not so accurate.
These LS-SVM calculations were conducted using MATLAB 7.0 (The Math Works,
USA) and a free LS-SVM toolbox (LS-SVM v 1.5, Suykens, Leuven, Belgium) [20].



3 Results and Discussion

3.1 Composition of samples

Some important statistics of sample compositions are shown in Table 2. These results
indicate that adulteration do modify the composition of samples. Duncan test for these
samples also suggests possible groups with 5% significant level. For instance, groups
for fat are 3 and 0% to 20% and 50% and 100% are the group a. All samples of
adulteration ratio of 0%, 2%, 5%, 10%, and 20% have no significant difference in
each composition. This result may suggest too less adulteration will not have
statistical difference in composition.

Table 2. Statistics for sample compositions
Adulteration
ratio Fat (%) SNF (%)

Density
(kg/m3) Protein (%) Lactose

(%)
Water
(%)

0% 3.95 #ab 8.45 a 1.0284 a 3.17 a 4.63 ab 87.60 c

2% 3.90 abc 8.47 a 1.0285 a 3.18 a 4.65 a 87.63 c

5% 3.85 abc 8.46 ab 1.0284 a 3.17 a 4.64 ab 87.69 bc

10% 3.82 abc 8.42 abc 1.0284 a 3.16 ab 4.62 ab 87.76 bc

20% 3.85 abc 8.38 abc 1.0282 a 3.14 abc 4.59 abc 87.77 bc

30% 3.81 bc 8.32 abc 1.0280 ab 3.13 abc 4.57 abc 87.88 ab

50% 3.90 abc 8.27 bc 1.0278 ab 3.11 bc 4.54 bc 87.84 abc

75% 3.77 c 8.23 c 1.0277 b 3.10 c 4.51 c 88.00 a

100% 3.96 a 8.38 abc 1.0277 b 3.13 abc 4.56 abc 87.66 bc

Mean±S.
D. 3.89±0.25 8.37±0.37 1.0281±0.0014 3.14±0.11 4.59±0.20 87.75±0.42

Maximu
m 4.17 9.11 1.0301 3.36 5.54 88.81

Minimu
m 3.08 7.88 1.0226 2.99 4.33 87.04

Duncan
Groups 3 3 2 3 3 3

# Same letter means same group under Duncan’s grouping test.

Boxplot of SNF composition is shown Fig.1. Other similar plots can be obtain to
corresponding to other compositions: fat, density, protein, lactose, and water. They
are omitted due to space limitation. Figure shows that mean value decreases as
adulteration increases, but the 100% adulterated group has higher mean than that of
75% group. This indicates that powered milk contained similar composition of raw
milk. But samples of various adulterations will change the composition.
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Fig. 1. Boxplot for SNF composition (%) of test samples (xabel 1 to 9 represent
adulteration ratio 0% to 100%)

Mean spectra of partial region are shown in Fig. 2 to demonstrate the difference of
each adulterated sample. Line on the figure is the average of samples for the
adulteration ratio. They have trends of higher ratio samples have lower absorbance,
except 2% samples that have the highest value. Reason for that needs more study.
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Fig. 2. Average spectra of adulterated samples (No. of samples = 307)

3.2 Grid search for training data and testing data

Parameter of (gamma) and 2(sigma2) of LS-SVM were tested from 1E-15 to
1E+15 in 1E3 step. Coefficient of determination R2 for training set at each test are
shown in mesh plot (Fig.3), which shows a zigzag surface ranging from 0.9588 to



0.9873. From Fig. 3 we found that two regions of near (1E-5), 2 (1E0) and (1E0),
2 (1E0) have higher R2.
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Fig. 3. Mesh plot of R2 (Rsquare) for training data at combination of (Gamma) and
2 (Sigma2) for LS-SVM.

Contour plot for testing set are shown in Fig.4. Basically it shows a plate surface
that R2 ranges from 0.9662 to 0.9777 with four regions of concave. These four
concaves are easily identified in contour plot, which they are near (1E-10), 2(1E5);
(1E-5), 2(1E0); (1E0), 2(1E-5); and (1E0), 2(1E0).

Gama

S
ig

2

10
-15

10
-10

10
-5

10
0

10
5

10
10

10
15

10-15

10
-10

10-5

10
0

105

10
10

1015

0.967

0.968

0.969

0.97

0.971

0.972

0.973

0.974

0.975

0.976

0.977

Fig. 4. Contour plot of R2 for testing data at combination of (Gamma) and 2

(Sigma2) for LS-SVM.

To evaluate the accuracy of prediction, parameters of LS_SVM were set to (1E-
5), 2 (1E-5) that is not a concave region. The R2 for testing set is 0.9775 and its
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scatter plot for 100 samples is in Fig. 5. From the plot, we learned that 100% have the
most identical prediction, and 0%, 2%, 5%, and 10% are predicted widely. When the
adulteration is higher than 10%, most samples have prediction value differs from 0%,
which suggested that the sensibility for the model is about 10%. For benefit, 20% to
30% adulteration ratio is more attractive in market. Therefore, 10% sensibility has its
application potential in market.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
-0.2

0

0.2

0.4

0.6

0.8

1

1.2

Observed

P
re

di
ct

ed

Fig. 5. Scatter plot of testing set for observed value and predicted valued. (Noted
value has been normalized. No. of samples = 100)

4 Conclusion

This study applied LS-SVM and visible near infrared spectroscopy to quantize
adulteration ratio of powdered milk in raw cow milk. Network parameter of and 2

were examined with grid search approach both from 1E-15 to 1E+15. Results show
that R2 for training data set has a zigzag surface with two obvious peaks of near (1E-
5), 2(1E0) and (1E0), 2(1E0). Results also showed that based on 100 testing
samples, most regions have high R2 except four concaves regions. Parameters and
2 were chosen to 1E-5 that is not concave region and had R2 0.9775. Its scatter plot
indicated that most samples can be correctly separated from 0% when it is
adulteration ratio is equal or higher than 10%.
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