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Melamine is a nitrogen-rich substance and has been illegally used to increase the apparent protein content in food products
such as milk. Therefore, it is imperative to develop sensitive and reliable analytical methods to determine melamine in human
foods. Current analytical methods for melamine are mainly chromatography-based methods, which are time-consuming and
expensive and require complex pretreatment and well-trained technicians. The present paper investigated the feasibility of using
near-infrared (NIR) spectroscopy and chemometrics for identifying and quantifyingmelamine in liquormilk. A total of 75 samples
were prepared. Uninformative variable elimination-partial least square (UVE-PLS) and partial least squares-discriminant analysis
(PLS-DA) were used to construct quantitative and qualitative models, respectively. Based on the ratio of performance to standard
deviate (RPD), UVE-PLS model with 3 components resulted in a better solution.The PLS-DAmodel achieved an accuracy of 100%
and outperformed the optimal reference model of soft independent modeling of class analogy (SIMCA). Such a method can serve
as a potential tool for rapid screening of melamine in milk products.

1. Introduction

Melamine or 2,4,6-triamino-1,3,5-triazine is a nitrogen-rich
compound and has been widely used in industry for pro-
ducing melamine-formaldehyde resin [1]. Such a substance
contains a substantial amount of nitrogen, 66.7% by mass,
and therefore forms a driving force of the adulteration ofmilk
products with melamine for obtaining high protein content
readings. This is also because the conventional Kjeldahl or
Dumas test is a method of analyzing total nitrogen content,
without identifying its sources [2, 3]. It gives an appearance
of protein content, not true protein content, and therefore
cannot distinguish nitrogen ofmelamine fromother proteins.

Although melamine is not inherently a carcinogen, it has
low oral acute toxicity [4]. High-dose ingestion of melamine
or chronic administration can induce urinary calculi and
acute renal failure and even results in death, especially in
babies and children [5–7]. Studies on toxicity caused by oral
ingestion of melamine in humans are nonexistent. LD50, the
lethal dose of a given compound resulting in death of 50% of

tested animals, is 3.1 g/kg of body mass for melamine in rats
[8]. At present, the US Food andDrug Administration (FDA)
states limit of melamine in milk of no more than 2.5 ppm [9].
In 2008, a serious adulteration incident, that is, milk powder
adulterated with melamine, was made public in China and
many other countries [10]. The adulterated products resulted
in kidney illness of various degrees affecting about 294,000
individuals, 6 of whom died [11]. This incidence has incurred
global concern about melamine and food safety. Therefore,
the development of fast and reliable analytical methods to
determinemelamine in human food is of utmost importance.

In the wake of these incidents, various methods have
been developed in the area of melamine detection, including
gas chromatography (GC) [12], high-performance liquid
chromatography (HPLC) [13], mass spectrometry (MS) [14],
matrix-assisted laser desorption/ionization time-of-flight
mass spectrometry, enzyme linked immune sorbent assay
(ELISA) [15], and capillary electrophoresis (CE) [16]. How-
ever, to eliminate the strong interference components from
matrix, sophisticated instrument and complicated sample
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treatment are generally needed for the above techniques,
which seriously hampered the speed in field analysis. Also,
these methods maybe require well-trained technicians to
operate the instrumentation. Currently, spectrophotometry
combined with chemometrics seems to be a kind of attractive
methods in analytical chemistry [17–19]. On one hand,
spectroscopic instruments are widely available in ordinary
analytical laboratory; they are also much faster than the
usual techniques, present good accuracy and precision, and
are nondestructive, and the procedure of sample prepara-
tion is relatively simple. On the other hand, chemometrics
can help chemists to resolve the constituents of complex
chemometrics by introducing of computer and statistical
techniques [20, 21]. In particular, Raman, infrared, and near-
infrared (NIR) spectroscopy have been successfully used in
adulteration detection for various food products such as milk
and honey. Several researches have mainly focused on the
detection of melamine in milk powder by these techniques
[22–24]. A good review related to melamine prediction in
milk by vibration spectroscopy is available [25].

Among spectroscopic methods, NIR spectroscopy has
obvious advantages because it is noninvasive, requires min-
imal sample preparation, and can yield a response in real
time. NIR spectroscopy corresponds to the absorption of
electromagnetic radiation in 780–2500 nm [26–28]. Quanti-
tative and qualitative analysis with NIR spectroscopy depend
greatly on the regression/classification model to relate subtle
spectral variations to changes of certain component con-
centration in the sample matrix or to discriminate sample
categories. The accuracy and robustness of a model directly
decide its applicability in most situations. Even if many
modeling methods have been developed, undoubtedly, the
most commonly used multivariate technique is still partial
least squares (PLS) [29]. Traditionally, PLS is considered
being based on latent variables andwithout having to perform
a previous variable selection. However, more and more
evidences have indicated that variable selection is still very
important and necessary for a parsimonious and robust
model [30]. Comparing withmany other methods of variable
selection, uninformative variable elimination-PLS (UVE-
PLS) is amethod for variable selection based on an analysis of
regression coefficients of PLS, which has been widely applied
in spectral analysis and provided satisfactory results.

In this study, the feasibility of identifying and quantifying
melamine in liquormilk byNIR spectroscopy in combination
with chemometrics was investigated. Several algorithms, that
is, PLS, UVE-PLS, partial least square-discriminant analysis
(PLS-DA), and the soft independent modeling of class anal-
ogy (SIMCA), were used to construct quantitative and quali-
tative models and the optimal results were obtained.

2. Materials and Methods

2.1. Materials and Reagents. Melamine (1,3,5-triazine-2,4,6-
triamine) (99%) was purchased from Aladdin Reagent Co.,
Ltd. and used without further purification. Nescafe milk
powder from Shuangcheng Nestle Co., Ltd., was purchased
from a local supermarket. It was confirmed to be melamine-
free. Based on the data provided by the manufacturer,

protein, fat, and carbohydrates contents in the milk powder
were 23.2%, 28.2%, and 37%, respectively. The milk powder
was used for the preparation of liquor milk, which was
then adulterated by melamine in order to improve apparent
protein concentration. A total of 45 samples of liquor milk
were prepared. Each of the first 30 samples was obtained
by dissolving 15 grams of milk powder in 100mL deionized
water. These samples have the same protein concentration
of 3.48% and were used for simulating pure liquor milk
unadulterated with melamine. Each of the other 15 samples
was generated by first dissolving 11 grams of milk powder
in deionized water (protein % = 2.55%) to obtain 100mL
liquor milk sample and then adding 0.01, 0.03, 0.05, 0.07,
0.09, 0.11, 0.13, 0.15, 0.17, 0.19, 0.21, 0.23, 0.25, 0.27, or 0.29
grams of melamine in it. That is, the range of melamine
concentration was set to be from 0.01% to 0.29% (i.e., 0.1–
2.9 g/L). Such an upper limit set is based on the consideration
of the solubility of melamine in water (3.1 g/L at room tem-
perature). In the market, the popular protein concentration
of liquid milk is 3.0–3.5%; the adulteration of melamine
is to improve the apparent protein content of liquid milk.
Each 0.01 g melamine in 100mL can only improve 0.04% of
apparent protein content, below which it will lose driving
force for counterfeiters. Apparent protein concentration of
the adulterated samples varies from 2.59% to 3.76%. Each
time, melamine was added to a milk sample independently
so as to ensure appropriate variations in all samples. For
constructing quantitative models of melamine, only later
were 45 spectra used. Also, these samples with melamine
concentration of 0.03%, 0.07%, 0.13%, 0.15%, 0.19%, 0.23%,
and 0.27% constituted the test set. For constructing an
identification/classification model, all samples/spectra were
divided into the training/calibration set and the test set by
alternative sampling.

2.2. Instrument and Measurement. A spectrum was collected
for each unadulterated sample while 3 spectra were collected
for each of the adulterated milk samples. In order to measure
the influence of environmental conditions, the adjacent
measurement interval was set as 20 minutes. A total of
75 NIR spectra were acquired on Fourier transform NIR
spectrometer (Thermo Fisher, USA) equipped with a special
optical fiber probe. The collection process was controlled by
the Result software ofThermo Fisher.Thewavenumber range
was set as 4000–10000 cm−1. Each spectrum was the average
result of 32 scans with 1557 points. Only 489 points in the
region of 4000–5882 cm−1 were used for modeling. Figure 1
shows the NIR spectra of all experimental milk samples. All
calculation andmodelingwere performed inMATLAB7.0 for
Windows using PLS toolbox.

2.3. Partial Least Squares. Partial least squares (PLS) [31],
as a classic multivariate calibration, is commonly used in
spectroscopy, especially for NIR spectroscopy, to correlate
spectral data (X) with related reference data (Y). It is based on
latent variables and can therefore handle so-called collinear
problem, but for PLS the decomposition of X is guided by
the variation in Y: the explained covariance between X and
Y is maximized, so that the variation inX directly correlating
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Figure 1: The NIR spectra of all experimental milk samples.

withY is extracted. PLS decomposes thematrix of zero-mean
variables X and the matrix of zero-mean variables Y into the
form

X = TPt
+ E

Y = UQt
+ F,

(1)

whereX is thematrix of spectral data;T is theX scorematrix;
P is the X variable loading matrix and E is the X residual
matrix; Y is the response matrix;U is the Y score matrix;Q is
theY loadingmatrix; andF is theY residualmatrix.TheT and
U represent information after removingmost noise. Based on
the correlation between them, the linear regressionmodel can
be given by

U = Tb, (2)

where b is the regression vector to be determined during
calibration. To obtain a good estimation of b, it maybe needs
to collect a training set that span the variation in Y well and
in general are representative of the future samples. From the
mathematical point of view, a vector b means a calibration
model even if a few versions of realizing PLS algorithm are
available.

2.4. Uninformative Variable Elimination-PLS (UVE-PLS).
Nowadays, in spectroscopy, many researchers make use of
PLS because it is a full-spectrum based method. However,
using full spectral region does not always yield optimal results
because it may include variables containing more noise
than relevant information to models. So, eliminating the
variables which have high variance but small covariance with
the dependent variables, so-called uninformative variables,
may be helpful for improving the model. Based on this,
center proposed an algorithm called uninformative variable
elimination-partial least squares (UVE-PLS) algorithm [32].
Compared to other algorithms of variable selection, it is user
independent and therefore does not cause any configuration
problems. It consists of the following steps:

(1) Using leave-many-out procedure on spectral matrix
X (𝑛 × 𝑝) for determining the optimal complexity of
the model, with the lowest RMSEP as criterion.

(2) Building up of a matrix (R) of artificial variables of
the same size as X, generated by the rand command.
These variables are multiplied by a small constant
(10−10) so as to make them obviously smaller than
the imprecision of the instrument; such an operation
retains the variation of the variables but makes their
influence on the final model negligible.

(3) Combining of R with X to form an extended matrix
with twice as many variables as X. The resulting
matrix can be denoted as XR (𝑛 × 2𝑝), the 𝑝 first
columns being those of X and the 𝑝 last ones being
those of R.

(4) Building PLS models for XR according to leave-one-
out procedure. The complexity, that is, the number of
latent variables square discriminan, is set the same
as for X. This leads to 𝑛 PLS models, each with a
coefficient vector of 2𝑝 elements. All of them are
collected in a matrix B (𝑛 × 2𝑝).

(5) Calculating the reliability factor (𝑡value) for each vari-
able by dividing the mean value of the coefficient
vector by its standard deviation.

(6) Setting the cut-off limit as certain percentage (𝑘) of
the largest 𝑡value of artificial variables and constructing
Xnew consist of the variables with high 𝑡value compared
to the cut-off limit. This means that all artificial
variables and all original variables assumed to contain
nothing but noise are eliminated.

(7) Building the final PLS model by leave-one-out cross-
validation procedure.

Considering the computational cost, the number of
columns of Rmatrix was fixed at 200.

2.5. PLS-DA. The PLS regression is initially developed for
the prediction of continuous target variable. But it seems to
be useful in the classification problem where one expects to
predict the values of discrete attributes. The generic name is
the partial least square-discriminant analysis, that is, PLS-
DA, which is often used in the literature [33]. As a special
form of PLS modeling, PLS-DA aims to find the variables
and directions in multivariate space, which discriminates the
known classes in a dataset. If there are only two classes to
separate, the PLS model uses one dummy variable, which
codes for class membership as follows: 0 for members of
class A and 1 for members of class B. A discriminant model
is developed by regression of the spectral data (X) against
the assigned dummy variable (Y). The model based on
experimental data is established so as to assign unknown
samples to a previously defined class based on its pattern
of measured features. The threshold is set in the model,
and a sample is considered to be categorized correctly if the
predicted value lies on the same side of the midpoint of the
assigned value. A sample is identified as class A if its predicted
value is below the threshold and as class B if its predicted
value is above the threshold.
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Figure 2: (a) The mean 1st-derivate NIR spectra of adulterated milk, pure milk, and melamine samples in the range of 4000–5880 cm−1 and
(b) the enlarged version in the range of 4230–4340 cm−1.

2.6. SIMCA. The SIMCA is a popular classification method
based on principal component analysis (PCA) [34]. In
SIMCA, a separate PCA is performed on each class in the
dataset, and a sufficient number of principal components
(PCs) are retained to account for most of the variation within
each class. The number of PCs retained for each class is
usually determined by cross-validation and ismaybe different
for each class model. Classification in SIMCA is made by
comparing the residual variance of a sample with the average
residual variance of a class.This comparison provides a direct
measure of the goodness of fit of a sample for a particular class
model. SIMCA can classify an unknown sample to the class
for which it has a high probability.

2.7. Statistical Evaluation. The performance of both PLS and
UVE-PLS was assessed using three measures, that is, the
standard error of prediction (SEP), the coefficient of determi-
nation 𝑅2, and the ratio of performance to standard deviate
(RPD). 𝑅2 which canmeasure the proportion of the variation
in the response that may be attributed to the model rather
than to random error was also recorded. RPD measures the
ratio of the standard deviation of reference values to the root
mean squared error (RMSE) of prediction. Generally, the
RPD values were classified into four levels of prediction accu-
racy: RPD < 1.5 indicates very bad model/predictions; RPD
between 1.5 and 2.0 indicates poor model/predictions; RPD
between 2.0 and 2.5 indicates good model/predictions; and
RPD > 2.5 indicates very good/excellent model/predictions
[35].

3. Results and Discussions

3.1. Spectral Analyses. Even if the spectra were collected
in the range of 4000–10000 cm−1, only the spectral region
of 4000–5880 cm−1 was selected to construct models since
other regions obviously contain little useful information.
Figure 2(a) gives themean 1st-derivateNIR spectra of adulter-
ated milk, pure/unadulterated milk, and melamine samples
in the region, where a vertical shift is used to prevent super-
position; that is, the spectrum corresponding to melamine
is moved down by 0.01 units. As can be seen in Figure 1,
there exists spectral difference between adulterated and pure

milk, but the difference is too small to find by the naked eye.
Further, Figure 2(b) amplifies this difference by only showing
a smaller region of 4230–4340 cm−1, which indicates that the
difference is still present and can be used for quantitative and
qualitative purposes. As the melamine molecule consists of
richNHbonds, the key spectral difference of these samples in
the range of 4230–4340 cm−1 mainly comes from the combi-
nationmodes ofNHvibrational absorptionwith other energy
transfers. For establishing optimal quantitative/qualitative
models, several pretreatment methods including 1st derivate
andmean-centering and standard normal variate (SNV)were
attempted. As a result, the 1st-derivate spectra were optimal
for constructing the quantitative model while the original
spectra, that is, without any pretreatment, were optimal for
qualitative model.

3.2. Quantitative Model. Based on the original spectra, both
PLS and UVE-PLS methods were used to construct cal-
ibration models. To obtain a robust model, the calibra-
tion/training set must capture the possible variability. It is
crucial that the calibration set covers the range of concen-
trations of the melamine to be predicted. So, as described
above, eight groups of samples were used as the calibration
set and seven groups of samples constitute the test set. By this
way, the test set can be covered by the design space of the
calibration set. In the application of PLS-related algorithms,
it is generally known that the number of latent variables
(Lvs) was decisive. A maximum of 15 Lvs were tested. The
selection of the optimal Lvs was based on the minimum root
mean squared error of cross-validations (RMSECV). Figure 3
shows the RMSECV plot as a function versus the number
of latent variables of PLS and UVE-PLS models. As seen
from Figure 3, RMSECV decreases first with initial Lvs and
achieves the lowest point and then basically remains with an
increase of Lvs. The optimal number of Lvs seems to be 5
and 3 for the PLS and UVE-PLS models, respectively, since
the utilization of a more than this number does not improve
the results. Compared to the PLSmodel, the UVE-PLSmodel
used fewer original variables to produce fewer Lvs, meaning
a more concise model. In fact, the Lvs can be interpreted as a
measure of the complexity of the PLS model.
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Figure 3: The RMSECV plot as a function versus the number of
latent variables of PLS and UVE-PLS models.
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According to the UVE-PLS procedure described above,
the stability index (𝑡value) of all variables was calculated.
Figure 4 shows the plot of 𝑡value for original variables in
the region of 4000–5882 cm−1 and 200 artificial variables.
The dotted lines show the upper and lower boundaries
determined with 𝑘 = 0.9. Variables corresponding to stability
within the boundaries will be eliminated, and the variables
whose stability lies out of the dot lines were used for PLS
modeling. Also, the variables selected by UVE method are
concentrated on a broad region around 5300 cm−1 and three
narrow regions in the range of 4000–4700 cm−1. The number
of retained variables was investigated since it maybe has an
influence on the stability and accuracy of the PLS model.
Generally, when the number of retained variables is too
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Figure 5: Scatter plots of predicted versus actual melamine concen-
tration in milk samples for the PLS model.
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Figure 6: Scatter plots of predicted versus actual melamine concen-
tration in milk samples for the UVE-PLS model.

small, the robustness and accuracy of the PLS model may
be affected due to the loss of informative variables. On the
contrary, if the number of retained variables is too large,
uninformative variables may be contained in the model and
make its performance poor. In this work, different 𝑘 values
were attempted. As a result, 𝑘 = 0.9 was selected and only 89
variables were retained after the UVE procedure.

Figure 5 shows the relationship between the actual
melamine concentration and the predicted ones from the
PLS model by scatter plot. Similarly, Figure 6 shows the
scatter plot for the UVE-PLS model. In these plots, predicted
concentration values are plotted against actual ones and the
points will fall on the diagonal only if the model predicts
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Figure 7: Identification performance of the PLS-DA classifier.
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Figure 8: Identification performance of the SIMCA classifier.

Table 1: Performance comparison of the optimal quantitative PLS
and UVE-PLS models.

Method SEP RPD 𝑅

2 Lvs
PLS 0.023 3.93 0.93 5
UVE-PLS 0.015 6.23 0.97 4

the concentration perfectly. As shown in Figures 5 and 6, for
the training set, there is no obvious difference between the
PLS and UVE-PLS model since those points corresponding
to the training set (expressed by red triangles) have a similar
distribution around the diagonal. However, on the test set
(expressed by blue stars), the UVE-PLS model outperforms
the full-spectrumPLSmodel. It is also clear in Figures 5 and 6
that the same model can provide different predictions for the
same sample due to the spectral diversity. Table 1 summarizes
the performance comparison of the optimal quantitative PLS
and UVE-PLS models based on three indices. It is clear
that UVE-PLS can not only compress the spectral data in a
very high ratio but also provide excellent model/predictions
corresponding to RPD = 6.23.

3.3. Qualitative Model. To construct a PLS-DA model for
identifying/classifying the milk samples, all 75 spectra were
divided into a training set with 38 spectra and a test set
with 37 spectra. For classification/identification purposes,
each sample or spectrum was assigned a class label (1 for
unadulterated and 2 for adulteratedmilkwithmelamine).The
adulterated concentration of melamine was 0.01–0.29% and
0.03%–0.27% for the training set and the test set, respectively.
The number of Lvs was optimized in the range of 2–10. It

was found that when the number of variables was greater
than 4, all samples were classified correctly, as Figure 7
showed, implying the sensitivity of 100% and specificity of
100%. The circles denoted the predicted class labels while
the points denoted actual labels in Figure 7. Therefore, the
calibrated PLS-DAmodel can be considered to be reliable and
stable, since its performance on future samples is expected
to be comparable to those achieved on the training samples.
To prove the ability of the PLS-DA, the soft independent
modeling of class analogy (SIMCA) was also used and the
optimal model contained 4 principal components. As can
be seen in Figure 8, there existed four samples with low
adulterated concentration misclassified as pure samples for
both the training set and the test set. For the optimal
SIMCAmodel, even if the specificity was 100%, the sensitivity
was 82.6% and 81.8% for the training set and the test set,
respectively. The classification model developed based on
PLS-DA and NIR spectroscopy could be used as a potential
method for melamine identification in milk products.

4. Conclusions

A fast-screening approach for detecting melamine in liquor
milkwithNIR spectroscopywas developed. Both quantitative
UVE-PLS model and qualitative PLS-DA model were con-
structed and showed satisfactory performance compared to
the optimal reference models, that is, PLS and SIMCA. It can
serve as a promising complementary scheme for conventional
methods with less interference and lower investment and
could be suitably applied to on-site quality control of milk
products. Even so, to reduce the detection limit, further
research is still needed.
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[11] L. Elvira, J. Rodŕıguez, and L. C. Lynnworth, “Sound speed and
density characterization of milk adulterated with melamine,”
The Journal of the Acoustical Society of America, vol. 125, no. 5,
pp. EL178–EL182, 2009.

[12] X.-D. Pan, P.-G.Wu,D.-J. Yang, L.-Y.Wang, X.-H. Shen, andC.-
Y. Zhu, “Simultaneous determination ofmelamine and cyanuric
acid in dairy products by mixed-mode solid phase extraction
and GC-MS,” Food Control, vol. 30, no. 2, pp. 545–548, 2013.

[13] A. Filazi, U. T. Sireli, H. Ekici,H. Y.Can, andA.Karagoz, “Deter-
mination of melamine in milk and dairy products by high
performance liquid chromatography,” Journal of Dairy Science,
vol. 95, no. 2, pp. 602–608, 2012.

[14] A. Singh and V. Panchagnula, “High throughput quantitative
analysis of melamine and triazines by MALDI-TOF MS,” Anal-
ytical Methods, vol. 3, no. 10, pp. 2360–2366, 2011.

[15] B. Kim, L. B. Perkins, R. J. Bushway et al., “Determination
of melamine in pet food by enzyme immunoassay, high-per-
formance liquid chromatography with diode array detection,
and ultra-performance liquid chromatography with tandem
mass spectrometry,” Journal of AOAC International, vol. 91, no.
2, pp. 408–413, 2008.

[16] Z. Chen and X. Yan, “Simultaneous determination of melamine
and 5-hydroxymethylfurfural inmilk by capillary electrophore-
sis with diode array detection,” Journal of Agricultural and Food
Chemistry, vol. 57, no. 19, pp. 8742–8747, 2009.

[17] A. Afkhami and L. Khalafi, “Spectrophotometric investigation
of the effect of 𝛽-cyclodextrin on the intramolecular cyclization
reaction of catecholamines using rank annihilation factor anal-
ysis,” Analytica Chimica Acta, vol. 599, no. 2, pp. 241–248, 2007.

[18] S. S. Souza, A. G. Cruz, E. H. M. Walter et al., “Monitoring the
authenticity of Brazilian UHT milk: a chemometric approach,”
Food Chemistry, vol. 124, no. 2, pp. 692–695, 2011.

[19] C. Tan,H. Chen, C.Wang,W. Zhu, T.Wu, andY.Diao, “Amulti-
model fusion strategy for multivariate calibration using near
and mid-infrared spectra of samples from brewing industry,”
Spectrochimica Acta Part A: Molecular and Biomolecular Spec-
troscopy, vol. 105, pp. 1–7, 2013.

[20] L. An, J. Deng, L. Zhou et al., “Simultaneous spectrophotomet-
ric determination of trace amount of malachite green and crys-
tal violet in water after cloud point extraction using partial least
squares regression,” Journal of Hazardous Materials, vol. 175,
no. 1–3, pp. 883–888, 2010.

[21] E. Aprea, M. L. Corollaro, E. Betta et al., “Sensory and
instrumental profiling of 18 apple cultivars to investigate the
relation between perceived quality and odour and flavour,” Food
Research International, vol. 49, no. 2, pp. 677–686, 2012.

[22] Y. Cheng, Y. Dong, J. Wu et al., “Screeningmelamine adulterant
inmilk powderwith laser Raman spectrometry,” Journal of Food
Composition and Analysis, vol. 23, no. 2, pp. 199–202, 2010.

[23] Y. Huang, K. D. Tian, S. G. Min, Y. M. Xiong, and G. R.
Du, “Distribution assessment and quantification of counterfeit
melamine in powdered milk by NIR imaging methods,” Food
Chemistry, vol. 177, pp. 174–181, 2015.

[24] S. Jawaid, F.N. Talpur, S. T.H. Sherazi, S.M.Nizamani, andA.A.
Khaskheli, “Rapid detection of melamine adulteration in dairy
milk by SB-ATR-Fourier transform infrared spectroscopy,”Food
Chemistry, vol. 141, no. 3, pp. 3066–3071, 2013.

[25] E. Domingo, A. A. Tirelli, C. A. Nunes, M. C. Guerreiro, and S.
M. Pinto, “Melamine detection in milk using vibrational spec-
troscopy and chemometrics analysis: a review,” Food Research
International, vol. 60, pp. 131–139, 2014.

[26] T. T. Zou, Y. Dou, H. Mi, J. Y. Zou, and Y. L. Ren, “Support
vector regression for determination of component of com-
pound oxytetracycline powder on near-infrared spectroscopy,”
Analytical Biochemistry, vol. 355, no. 1, pp. 1–7, 2006.



8 Journal of Spectroscopy

[27] M. Sattlecker, R. Baker, N. Stone, and C. Bessant, “Support
vector machine ensembles for breast cancer type prediction
frommid-FTIRmicro-calcification spectra,”Chemometrics and
Intelligent Laboratory Systems, vol. 107, no. 2, pp. 363–370, 2011.

[28] C. Tan, H. Chen, T. Wu, Z. Xu, W. Li, and X. Qin, “Determina-
tion of total sugar in Tobacco by near-infrared spectroscopy and
wavelet transformation-based calibration,” Analytical Letters,
vol. 46, no. 1, pp. 171–183, 2012.

[29] C. Tan, T. Wu, Z. Xu, W. Li, and K. Zhang, “A simple ensemble
strategy of uninformative variable elimination and partial
least-squares for near-infrared spectroscopic calibration of
pharmaceutical products,” Vibrational Spectroscopy, vol. 58, pp.
44–49, 2012.

[30] R. Leardi, “Application of genetic algorithm-PLS for feature
selection in spectral data sets,” Journal of Chemometrics, vol. 14,
no. 5-6, pp. 643–655, 2000.
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