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This study was aimed at exploring the feasibility of detecting and quantifying melamine, and the structural analogue cyanuric acid,
contamination in soybean meal, using line-scan near infrared (NIR) hyperspectral imaging spectroscopy (HIS). Soybean meal is one of
the main ingredients used in the feed industry because it offers a complete protein profile. Each year, demand increases for soybean
products and soya oil, the consumption of which is directly boosted by Chinese consumers’ growing wealth, and for soybean meal, which
is indirectly affected by the growing demand for meat. Recent cases of deliberate melamine contamination of soybean meal have been
reported. This study focuses on the development of a methodology based on NIR–HIS for the acquisition, treatment and interpretation
of images and spectra, as well as for the detection and quantification of melamine and cyanuric acid contamination in soybean meal. A
total of 40 commercial soybean meal samples were collected, and 17 adulterated samples were prepared by adding different amounts
of melamine/cyanuric acid to the samples, with concentrations varying between 0.5% and 5%. The spectral data were collected using
line-scan NIR–HIS, and a qualitative model was created based on a principal-component analysis (PCA), whereas partial least-squares
discriminant analysis was used to obtain a discrimination model and a semi-quantitative prediction of the content of contaminant. This
study has permitted the detection of low levels of melamine and also revealed some limitations for the feasibility of quantifying melamine in soybean meal.
Keywords: NIR, line-scan hyperspectral imaging, HIS, feed safety, contaminants, soybean meal, melamine, cyanuric acid

Introduction
In order to comply with the high quality and safety standards
in the food and feed industries, rapid analytical screening
methods need to be developed and validated. These methods
are preferably based on non-destructive techniques to enable
smart control systems to be implemented. Spectroscopic
sensors, including those based on near infrared (NIR) spectroscopy technology, have been used for several decades for
quality control in many industries. They allow rapid, nondestructive, environmentally friendly and multiparameter
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assessments to be made in a variety of products and processes.
More recently, new applications of NIRS have emerged due
mainly to the development of instruments incorporating technological advances and benefiting from a combination of other
techniques. One of the best examples is the combination of
NIR with imaging technology to create the NIR hyperspectral
imaging spectroscopy (HIS) technique. In the fields of environment, agriculture, life sciences and pharmaceutical research,
HIS is no longer an emerging analytical tool, but rather an
© IM Publications LLP 2014
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approach that has gained in maturity through the publication of hundreds of papers and books, and the organisation of
dedicated conferences and scientific networks.1–3 In addition,
the various commercial instruments available in a growing
number of fields are taking advantage of the latest developments in analytical techniques and the continued improvement
in computer performance and dedicated software. For the
research community, HIS constitutes an important revolution
that provides the opportunity to collect, spatially, thousands of
spectra of one sample or process in a non-destructive way and
without interfering directly with the composition or structure
of the samples or processes. It allows the repetitive and rapid
observation of samples of different types and sizes and the
acquisition of information not only about the composition of a
product, but also about the spatial distribution of a compound
and variability in the field of view (FOV).4
NIR–HIS has been used successfully for identifying,
mapping and quantifying materials of different origins.5 The
technique has been applied, for example, in the art domain
in art-conservation studies and in identifying pigments and
other compounds in paintings and palimpsests.6 It has also
been used in the medical sector as a non-invasive method
for the detection of melanoma lesions,7 the early detection
of dental caries based on distinct spectral features of healthy
and diseased dental tissues,8 the detection of vascularised
tumors in the skin,9 cancer diagnosis,10 skin bruises11 and
face recognition,12 among many other applications. Another
important area of application is in the pharmaceutical industry
where HIS is currently being used to monitor processes and
final products, and to quantify active pharmaceutical ingredients.13 NIR–HIS is now also being widely used in the agricultural sector.14,15 It has been applied in the development of
rapid methods for accurate feed-component detection,16,17
species-flora identification,5,18,19 vegetation-stress detection20
and quality control and bruise damage detection in fruits and
vegetables, including apples,21 strawberries,22 tomatoes,23
mushrooms24 and cucumbers.25 In the cereal sector, NIR–HIS
has been used, inter alia, for assessing the degree of hardness in maize kernels,26 studying fungal infestation,27 tracking
the diffusion of conditioning water in single wheat kernels,28
detecting and quantifying spice adulteration,29 characterising
fonio millet,4,30 as an alternative technique for genetically
modified organisms (GMOs)31 and for detecting and quantifying contaminants in cereals.32,33 Several recent works34–36
have reviewed the application of HIS in agricultural and food
science.
To date, three instrumentation approaches have been used
to acquire hyperspectral images. They have been named
according to the orientation of the scanning dimension relative to the 2D spatial sample axes: the point (staring) scan,
the push-broom (line) scan and the whiskbroom (plane) scan
approaches. With the point (staring) scan approach, the reflected
light from a single spatial location of scene is collected
by means of a Fourier transform or grating spectrometer.
Hyperspectral images are then constructed by measuring the
spectra successively while the sample is repositioned to a new
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point in the x and y spatial dimensions. This type of approach
is used in spectroscopic microscopy equipped with a high
precision x–y motion stage.37 With the push-broom (line) scan
approach, the reflected light of a line of pixels coming from a
scene is projected onto a two-dimensional (2D) focal plane
array (FPA). This instrument is best suited for remote sensing
by satellite, aircraft or online process measurement because
the y spatial axis can be arbitrarily long.32 With the whiskbroom
(plane) scan approach, the reflected lights at one frequency
of the pixels in a 2D image are collected in one shot. The
hyperspectral camera is fixed parallel to the sample surface,
allowing the collection of x–y spatial images, the size of which
is determined by the optical design of the instrument and
the resolution (i.e. number of pixels/scene) by the number of
elements in the 2D detector. Hyperspectral images of a scene
are obtained by modulating the radiation reaching the camera
via the use of band pass or tunable filters positioned in front
of the detector.38
For analysts and chemometricians, acquiring and handling
data from HIS is a challenge. It includes collecting hundreds or
thousands of spectra (including tens or hundreds of variables)
for each sample, rather than the typical approach with classical spectroscopic instrumentation where a unique average
spectrum is collected.4,34 Chemometric tools are needed to
extract all the relevant information from the hyperspectral
images, while simultaneously retaining the spectral and
spatial information. HIS provides an opportunity for more
sophisticated image analysis that includes using techniques
to extract complete information at the pixel scale. For this,
new image-processing techniques need to be developed, and
multivariate image analysis (MIA) tools become very useful.39
MIA includes classical statistics and chemometric tools that
are indispensable for analysing large amounts of data and for
extracting quantitative/qualitative information coming from
the images.
The overall objective of this paper is to produce appropriate answers to a particular food and feed problem: the
detection and quantification of melamine and cyanuric acid
contamination in soybean meal. Soybean meal is one of the
main ingredients used in the feed industry because it offers
a complete protein profile. Each year, demand increases for
soybean products and soya oil, the consumption of which is
being directly boosted by Chinese consumers’ growing wealth,
and for soybean meal, which is indirectly affected by the
growing demand for meat. This increased demand for meat
is encouraging the consolidation of livestock producers into
industrial enterprises that are keener to buy soybean meal
than small-time farmers. The deliberate melamine adulteration of soybean meal has recently been reported on two occasions. Melamine (1,3,5-triazine-2,4,6-triamine) and structural
analogues (as cyanuric acid—1,3,5-triazine-2,4,6-triol)are
small aromatic molecules used to make industrial glues, fire
retardants and fertilisers. In 2007, melamine was added during
the manufacture of pet feed, and in 2008, it was found in infant
formula manufactured from adulterated milk. Manufacturers
of organic feed in France, the Netherlands and the UK discov-
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Table 1. Composition of the artificial mixtures set prepared from pure samples.

Sample

Melamine (%)

Cyanuric acid (%)

Mix 1

0.5

0

Mix 2

1

0

Mix 3

1.5

Mix 4

2

Mix 5
Mix 6

Melamine (%)

Cyanuric acid (%)

Mix 10

0

0.5

Mix 11

0

1

0

Mix 12

0

2

0

Mix 13

0

2.5

2.5

0

Mix 14

0

3

3

0

Mix 15

0

3.5

Mix 7

3.5

0

Mix 16

0

4

Mix 8

4

0

Mix 17

0

5

Mix 9

5

0

ered the presence of melamine in organic soybean expellers
imported from China in October and November 2008, probably
resulting from the fraudulent admixture of melamine.40
Melamine can be present at significant levels in certain
food/feed products. The maximum levels accepted are
1 mg kg –1 in infant formula (powdered) and 2.5 mg kg –1 in
other foods and animal feed 41. In the case of melaminetainted pet food, it has been shown that a single dose of
melamine and cyanuric acid can result in acute renal failure,
which eventually causes death in dogs.42 Having an inexpensive and rapid method to test imported or domestically made
products for the presence of melamine would make it easier
to assess these products. Most current methods used for the
detection of melamine in food, however, are expensive and
complicated techniques that need extensive sample preparation.43,44 Since melamine can be used as a protein substitute
for animal feed, which would affect many food sources (e.g.
cow milk, fish, pork, cattle), the ideal method would be one
that detects melamine early, before its introduction into the
food chain. In recent years, vibrational spectroscopy techniques (mainly near and mid-infrared), in combination with
chemometric tools, have been used for melamine detection in several analytical studies, most of them focusing on
infant formula powder,45 milk46,47 and milk powder.48,49 Some
studies have looked at the detection of melamine in feed,50,51
but only a few of them have applied non-destructive vibrational methods.52,53 The work described in this paper was
conducted within the framework of an EU project, Quality
and Safety of Feeds and Food for Europe (QSAFFE: http://
www.qsaffe.eu/), which aims to deliver better, faster and
economically viable means of ensuring the quality and safety
of animal feeds in Europe by creating an integrated approach
for preventing contamination and fraud, identifying and
assessing new risks and providing scientific evidence of the
risks of transfer of microbiological and chemical contaminants from feed to food. The specific aim of this work was
to develop a methodology based on line-scan NIR–HIS for
the acquisition, treatment and interpretation, with a high
degree of accuracy, of images and spectra, as well as for the
detection and quantification of melamine and cyanuric acid
contamination in soybean meal.

Sample

Material and methods
Different sets of ground samples (250 µm) were used. One set
consisted of 40 soya samples, including pure soybean meal,
soybean hulls (rich in fibre content), full-fat soya (rich in fat
content), dehulled soybeans and organic soya. A second set
contained four pure melamine and cyanuric acid samples.
There was also a set of 17 artificial mixtures (50 g), each
created by adding melamine or cyanuric acid, with percentages varying from 0.5% to 5% on a weight/weight basis, to
some pure soybean meal, as shown in Table 1. As these artificial mixtures are used for validation, the sets of pure samples
used to create them were different from the first two sets.
Moreover, and in order to try to assess the limit of quantification of melamine in soybean meal, a comparison was
run between two samples, a pure soybean meal sample
contaminated with melamine at a concentration of 0.1% and
an unadulterated sample from the same soybean meal.
Hyperspectral images were collected using the line-scan
NIR hyperspectral or push-broom imaging system from
BurgerMetrics SIA (Riga, Latvia), as shown in Figure 1, which

Figure 1. Line-scan NIRS-HIS system installed at CRA-W.
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was combined with a conveyor belt for better and faster image
acquisition. The instrument used for this study was a camera
from Xenics (Leuven, Belgium) with a spectrograph from
Specim Ltd (Oulu, Finland). The acquisition was carried out
using HyperProVB software from BurgerMetrics SIA.
Prior to analysis, the spectral imaging system was calibrated
with a dark image (by blocking the lens entrance) and a white
image (background) collected from a standard white reference
board (empty Teflon plate). The dark image was then automatically acquired every 200 frames and the spectra corrected
accordingly. This procedure was performed to compensate for
offset owing to the dark current, the light-source temperature
drift and the lack of spatial lighting uniformity.54
In order to automatically detect the presence of contaminants and therefore to assess the purity of the soybean meal,
a complete spectral database was built using the available
samples by taking images of pure products (soybean meal,
melamine and cyanuric acid) with the line-scan NIR–HIS
system. The conveyor belt speed was fixed at 500 µm s–1, and
the spatial resolution was 10 µm, using a macro-lens at 10×
magnification. The images were stacked to form a three-sided
matrix, where the first two axes defined the image plane (FOV),
and the third corresponded to the spectrum at each pixel
location. All the images consisted of 200 lines of 320 pixels
acquired in less than 20 s at 209 wavelength channels (1118–
2424 nm at 6.3 nm intervals; i.e. 64,000 spectra by image).
In order to avoid huge datasets and calculation problems, a
selection of the most representative spectra was made by, first,
creating a mask based on light intensity that allowed background removal and, second, applying a sequential procedure
that uniformly selected spectra in the experimental region55
in order to reduce the dataset to 2400 spectra, including 800
spectra of soybean meal, 800 spectra of melamine and 800
spectra of cyanuric acid.
Computations, chemometric analyses and graphics were
performed using HyperSee software (BurgerMetrics SIA) and
programs developed in Matlab R2007b (The Mathworks Inc.,
Natick, MA, USA).

Results and discussion
Figure 2 shows typical NIR raw and first-derivative spectra
from pure soybean meal (Provimi, unknown purity), pure
melamine (Sigma Aldrich, 99%) and cyanuric acid (Provimi,
unknown purity) obtained using the line scan NIR–HIS system.
First-derivative spectra had a greater amplitude than the original spectra, which was especially useful for separating out
peaks of overlapping bands. For the soybean meal, absorption
bands were observed around 1200 nm, 1480 nm (O–H stretch
first overtone, associated with water), 1900 nm (O–H stretch
second overtone) and 2300 nm (C–H combination bands, associated with water, amino acids and fatty acids).56 As shown
in the figures, interference between the signals from melamine/cyanuric acid and the soybean meal was minimal around
1450–1600 nm, where both contaminants had distinctive bands
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Figure 2. Typical line-scan NIRS-HIS raw and first-derivative
spectra of soybean meal, melamine and cyanuric acid.

associated with the –NH2, C–N, C=N stretching and deformation vibration, as well as in the 1900–2200 nm region associated with their overtone vibration. All these characteristic
bands made it easy to distinguish contaminants from soybean
meal, and in this study differentiation was performed based
on the spectra by selecting characteristics specific to the
different products.57 These bands were confirmed using the
Fisher criterion, which describes the ratio of between-class
variance to within-class variance and is helpful in deciding
which original variables have an important discriminating
ability.58 Figure 3 shows the Fisher criterion indicating that the
1900–2200 nm region is mainly responsible for the discrimination between the soya and both contaminants.
The overlap between the signals was minimal on several
bands in the NIR spectra, making the detection of melamine or cyanuric acid as contaminants in soybean meal fairly
straightforward.
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Figure 5. Prediction results of the discriminant equation
applied to a validation image.

Figure 3. Fisher criterion for soya vs. contaminant (melamine
and cyanuric acid).

The exploratory PCA analysis was applied to the spectral
library of pure samples in order to extract important information from the data. PCA is an established statistical technique
for extracting the major axes of variation from a high-dimensional dataset. Figure 4 shows a projection with principal
components (PC1 and PC2) after first-derivative Savitzky–
Golay (15:2:1).59 PC1 explained 72.97% of the variation in the
entire dataset, and PC2 explained 21.66% of the remaining
variation. From Figure 4, it is clear that there are three classes,
indicating that soybean meal can be easily characterised, and
both contaminants can be detected.
The supervised clustering method, partial least-squares
discriminant analysis (PLS-DA), was implemented to

Figure 4. Principal components (PC1 and PC2) after firstderivativeSavitzky–Golay (15:2:1) differentiating soybean meal
from both contaminants.

enhance the good perspectives of separation obtained with
the PCA model by automatically building discriminant equations between soybean meal, melamine and cyanuric acid.
The model was built using four latent variables and showed
a sensitivity (a measure of how often the model correctly
identified a positive sample as positive) and a specificity (a
measure of how accurate the model was against false positives) of 100% for the three classes (soybean meal, melamine and cyanuric acid). The same results were obtained
when applying PLS-DA models only on wavelength ranges
selected using the Fisher criterion, confirming the relatively
easy detection of melamine or cyanuric acid as contaminants in soybean meal. In order to validate the equation, a
validation image dataset was created in the same way as
the calibration samples, using the same imaging instrument; it consisted of an image of 298 lines, which corresponded to 95,360 spectra. These data consisted of pure
melamine, pure cyanuric acid and pure soya particles (not
used at the calibration step) arranged in a special shape,
as indicated in Figure 5(a). The constructed classification
model was applied to all the pixels in this dataset image,
and the results are shown in Figure 5(b). In this figure, the
different symbols indicate different classes as detected by
the discrimination model.
Once the PLS-DA model had been built and validated, it
could be used for the prediction of the 17 artificial mixtures.
Each sample was measured online using the line-scan NIR–
HIS system with the same parameters as previously specified.
For each sample, this led to 10 images of 200 lines each. As
in the previous case, the constructed classification model
was applied to all the pixels in the field of view (FOV) of each
dataset image (2200 lines × 320 pixels × 209 wavelengths).
This made it possible to quantify the possible contamination
of the dataset.
The results were divided into two tables: results for the
mixtures contaminated with melamine (Table 2) and results
for the mixtures contaminated with cyanuric acid (Table 3).
For each table, the real percentage of added contaminant
was included, as was the detected number of pixels for each
product. Figures 6 and 7 show the regression lines between
the real percentages of added contaminant and the pixels
detected as melamine or cyanuric acid, respectively, by
applying the PLS-DA discrimination model.
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Table 2. Contaminant detection results obtained using PLS-DA and NIR–HIS analysis of the mixtures of soybean meal and melamine.

Samplea

a

Theoretical
melamine (%)

Detected melamine
(number of pixels)

Detected cyanuric acid
(number of pixels)

Detected soya(number
of pixels)

Mix 1

0.5

834

48

462,043

Mix 2

1

831

0

634,460

Mix 3

1.5

1975

0

568,091

Mix 4

2

2174

1

636,503

Mix 5

2.5

2388

0

604,950

Mix 6

3

3043

0

644,489

Mix 7

3.5

5134

0

554,416

Mix 8

4

7700

0

603,682

Mix 9

5

7771

1

512,598

Each image contains 2200 lines.

Table 3. Contaminant detection results obtained using PLS-DA and NIR–HIS analysis of the mixtures of soybean meal and cyanuric acid.

Samplea

a

Theoretical
cyanuric acid (%)

Detected melamine
(number of pixels)

Detected cyanuric acid
(number of pixels)

Detected soya
(number of pixels)

Mix 10

0.5

4

223

677,264

Mix 11

1

8

556

546,939

Mix 12

2

0

1183

626,962

Mix 13

2.5

15

1476

639,837

Mix 14

3

3

1727

464,566

Mix 15

3.5

4

3006

222,171

Mix 16

4.5

Mix 17

5

2

4264

567,847

13

5045

421,928

Each image contains 2200 lines.

Both regression lines between the real percentages and the
pixels detected as melamine or cyanuric acid by the PLS-DA
discrimination model showed a high r2, indicating that both
contaminants could be easily detected, even at levels of 0.5%.
In order to try to assess the limit of quantification of melamine in soybean meal, a comparison was run between a
pure soybean meal sample contaminated with melamine at
0.1% and an unadulterated sample from the same soybean
meal. The total mass of both samples was 1000 mg. As in the

Figure 6. Regression line between the laboratory percentage of
added melamine and the number of pixels detected as
melamine using PLS-DA.

previous samples, images were acquired using the line scan
NIR–HIS system, using a macro-lens with an FOV of 28 × 1 cm.
To avoid particle superimposition, the scanning procedure
for powders involved spreading the samples as a mono-layer
on the conveyor belt. In addition, to meet the constraints of
spreading and a fixed FOV, each sample was subdivided into
smaller parts (series). Each series comprised 28–30 images
representing 34–38 mg of the sample. Prior to image acquisition, the sample measurement repetition was set at 10 repli-

Figure 7. Regression line between the laboratory percentage
of added cyanuric acid and the number of pixels detected as
cyanuric acid using PLS-DA.

J.A. Fernández Pierna et al., J. Near Infrared Spectrosc. 22, 103–112 (2014)

cates for each sample. The spreading led to a high loss (up
to 20% in some cases) in the sample mass, which meant that
only two repetitions could be run for both samples.
The PLS-DA model was applied to each image for each
repetition. For each repetition, the results of each series
were gathered in order to obtain a total prediction from the
sample repetition. In general, the obtained results (not shown)
indicated that samples contaminated at 0.1% could still be
detected; the quantification predictions, however, were well
under the actual 0.1% value. The quantitative predictions
did not seem to be reliable for a melamine mixture of 0.1%
concentration, but could be more reliable with higher concentrations of melamine. These weak predictions might have been
linked to the significant loss of sample mass between repetitions owing to the spreading. The loss of mass increased with
the number of series per repetition, as well as the number of
potential manipulation errors. Lighting heterogeneity might
also have reduced prediction quality. Despite the weak results
obtained for quantification, it is important to emphasize that
melamine was still detectable at low concentrations.

Conclusion
Soya is one of the major ingredients of cattle feed. Soybean
production and use are likely to show steady growth in the
foreseeable future because of the strong and growing demand
for protein meals and vegetable oils. There is therefore a need
for standardised methodologies for setting specifications that
characterise soybean meal and for detecting the presence of
contaminants such as melamine. The results presented in
this study show the feasibility of line-scan NIR–HIS combined
with unsupervised (PCA) and supervised (PLS-DA) datamining methods, applied at the laboratory level with adequate
preprocessing of the data and variable selection (Fisher criterion), for accurately characterising soybean meal destined for
food or feed and for detecting the presence of melamine and
analogues. The main limitations of HIS are cost and complexity.
Fast computers, sensitive detectors and large data-storage
capacities are needed for the data analysis, all of which greatly
increase the cost of acquiring and processing hyperspectral data. The main advantages are the rapid image acquisition of data and the ability to acquire an entire spectrum at
each point, avoiding the need for prior knowledge of a sample.
Using online measurements, the procedure could be easily
applied in the processing industry, where accurate and fast
inspection is needed. The method allows a low level of melamine in soybean meal to be detected and could be extended
to other types of contaminants. The results also indicate that
quantitative prediction is not reliable for a melamine mixture
of 0.1% concentration, but predictions could be more reliable
with higher concentrations of melamine. These poor predictions might be linked to the significant loss of sample mass
during the repetitions. The results could also be explained by
the fact that a poor spectral profile was obtained even when
the integration time was set to maximum, probablybecause
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of less-than-optimal light distribution. More work is therefore
needed on using this method for quantitative purposes.
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