
applied  
sciences

Article

Identification and Evaluation of Composition in Food
Powder Using Point-Scan Raman Spectral Imaging

Sagar Dhakal 1,*, Kuanglin Chao 1, Jianwei Qin 1, Moon Kim 1, Yankun Peng 2 and Diane Chan 1

1 Environmental Microbial and Food Safety Laboratory, Agricultural Research Service,
United States Department of Agriculture, 10300 Baltimore Avenue, Bldg 303 BARC- East, Beltsville,
MD 20705, USA; kevin.chao@ars.usda.gov (K.C.); jianwei.qin@ars.usda.gov (J.Q.);
klchao@hotmail.com (M.K.); diane.chan@ars.usda.gov (D.C.)

2 National R&D Centre for Agro-Processing, China Agriculture University, 17 Qinghua East Road, Haidian,
Beijing 100083, China; ypeng@cau.edu.cn

* Correspondence: sagar.dhakal@ars.usda.gov; Tel.: +1-301-504-8450; Fax: +1-301-504-9466

Academic Editor: Costas Balas
Received: 20 October 2016; Accepted: 15 December 2016; Published: 22 December 2016

Abstract: This study used Raman spectral imaging coupled with self-modeling mixture analysis
(SMA) for identification of three components mixed into a complex food powder mixture. Vanillin,
melamine, and sugar were mixed together at 10 different concentration level (1% to 10%, w/w) into
powdered non-dairy creamer. SMA was used to decompose the complex multi-component spectra
and extract the pure component spectra and corresponding contribution images. Spectral information
divergence (SID) values of the extracted pure component spectra and reference component spectra
were computed to identify the components corresponding to the extracted spectra. The contribution
images obtained via SMA were used to create Raman chemical images of the mixtures samples,
to which threshold values were applied to obtain binary detection images of the components at
all concentration levels. The detected numbers of pixels of each component in the binary images
was found to be strongly correlated with the actual sample concentrations (correlation coefficient
of 0.99 for all components). The results show that this method can be used for simultaneous
identification of different components and estimation of their concentrations for authentication
or quantitative inspection purposes.

Keywords: Raman spectral imaging; food powder; self modeling mixture analysis; spectral
information divergence; food safety and quality

1. Introduction

Food authentication is important in food supply chain operations, as illustrated by various
incidents of food fraud that have caused public outcry around the world, raised public concerns,
and highlighted the need for effective ingredient authentication methods. The toxic addition of
melamine to dairy products and infant formula for the purpose of counterfeiting protein content was a
high profile example of economically motivated food adulteration that posed significant health risks.
Other forms of food fraud can include products that may be safe but have been made with ingredients
omitted from product labels, as well as products whose labels over represent the content of desirable
or costly ingredients. A variety of highly accurate analytical methods, such as DNA-based methods [1],
polymerase chain reaction [2], mass spectrometry [3], and gas and liquid chromatography [4],
can be used for food authentication but are limited in practical application due to high operational
costs, long sampling times, and limited sampling volumes. Alternatively, interest in the development
and use of non-destructive optical analysis methods for food safety and quality applications has
been increasing due to their greater simplicity, lower operational costs, and suitability for rapidly
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analyzing larger sample volumes for a variety of safety and quality parameters. Optical spectroscopy
and imaging techniques have been used for a variety of food safety and quality inspection applications,
including inspection of poultry eggs for freshness and for micro cracks [5,6]; evaluation of tenderness,
color, and pH of beef [7,8]; identification of systemically diseased chickens [9,10]; detection of citrus
canker disease [11]; detection of contaminants and pathogens in fresh produce and meat [12–15];
and detection of meat adulteration [16–18]. Among the optical techniques, visible/near infrared
spectroscopy, fluorescence spectroscopy, hyperspectral imaging, and Raman spectroscopy and imaging
are extensively utilized for food authentication research and application [19–25].

Raman spectroscopy and imaging techniques are valuable tools for food production and quality
control applications, largely due to their specificity, sensitivity, simplicity, and non-sensitivity to water,
which permit use with a wide variety of food and food products. Some examples include real-time
monitoring of multiple components during wine fermentation and vinegar fermentation [26,27];
detection of adulteration of olive oils [28]; prediction of meat spoilage [29]; discrimination of meats
such as beef and horsemeat [30]; and detection of adulteration of food powders such as melamine
in milk, benzoyl peroxide in flour, maleic acid in starch, and metanil yellow dye in turmeric [31–33].
Although Raman spectroscopy is a proven tool for chemical analysis, its use is often limited to very
small sample volumes. The inability to acquire information from large surface areas is a major
drawback in the measurement of heterogeneous samples such as food powder mixtures. Raman
spectral imaging is an alternative technique that combines Raman spectroscopy and imaging to acquire
Raman chemical images containing pixel-based spatial and spectral information. From this data,
simultaneous spectral analysis and image processing can be performed for a wide range of food
samples for safety and quality purposes [25]. Given the widespread consumption of food powders, it is
important to detect the ingredient composition in it. Qin et al. (2013) used Raman imaging for detection
of multiple chemical adulterants in skim milk powder [34]. The study has shown Raman imaging as a
potential tool for the detection of multiple components in skim milk powder. In addition to detecting
components, it is equally important to evaluate its concentration in food powder mixture. This study
provides a method for the detection and evaluation of percentage composition of different components
in food powder. This study presents the use of Raman spectral imaging to obtain Raman chemical
images of a food powder mixed with multiple components. Self modeling mixture analysis (SMA)
was used to decompose complex spectra and extract pure component spectra of each component in
the sample mixtures [35]. A simple image processing method was utilized to identify pixels of each
component in the Raman chemical images, in order to evaluate the concentration of the individual
components in the mixtures. The main objectives of this study were to:

1. acquire Raman spectral images of powdered non-dairy creamer mixed with vanillin, melamine,
and sugar at 10 different concentrations;

2. apply a self modeling mixture analysis to decompose complex spectra and obtain pure component
spectra and contribution;

3. apply a simple image processing method to visualize and identify each pixels of each component
in the Raman chemical images; and

4. establish a correlation between the detected number of component pixels and the actual
component concentration in the mixture samples.

2. Materials and Methods

2.1. Raman Spectral Imaging System

A 1024 × 256 pixel, 16-bit charge-coupled device (CCD) camera (Newton DU920N-BR-DD,
Andor Technology, South Windsor, CT, USA) is mounted with a Raman imaging spectrometer
(Raman Explorer 785, Headwall Photonics, Fitchburg, MA, USA) and used with a 785 nm laser
module (I0785MM0500MF, Innovative Photonics Solutions, Monmouth Junction, NJ, USA) for sample
excitation. A bifurcated optical fiber bundle, with one end connected to the laser source and the other
end connected to the input slit, delivers the laser light to the optical probe for sample excitation, and
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then collects and delivers the Raman scattering signal to the input slit (100 µm wide) of the spectrometer.
The point-scan imaging system uses a two-axis motorized positioning table (MAXY4009W1-S4,
Velmex, Bloomfield, NY, USA) to precisely move samples for high-resolution imaging of the sample
surfaces, which are maintained at a 7 mm working distance below the optical probe, which results
in a 0.155 mm diameter spot size for laser excitation. System settings and spectral acquisition operations
are controlled through software developed in-house on a LabView platform (National Instruments,
Austin, TX, USA).

2.2. Sample Preparation and Acquisition of Spectral Image

A sample mixture was prepared at ten different concentration levels, 1% through 10%, by mixing
powdered non-dairy creamer (Nestle USA Inc., Glendale CA, USA) with equal weights of vanillin
(Sigma-Aldrich, St. Louis, MI, USA), granulated sugar (sucrose) (Domino Food, Baltimore, MD, USA),
and melamine (Sigma-Aldrich, St. Louis, MI, USA). The 1% concentration sample thus contained 1%
vanillin, 1% sugar, 1% melamine, and 97% non-dairy creamer, while the 10% concentration sample
contained 10% vanillin, 10% sugar, 10% melamine, and 70% non-dairy creamer. Samples for the
concentration levels between 1% and 10% were prepared similarly. The total weight of each sample
mixture was approximately 8.3 g to 8.5 g.

To produce thorough particle distribution throughout the sample mixtures, each mixture
was subjected to 20 min in an acoustic mixer (Resodyn Acoustic Mixers, Inc., Butte, MT, USA).
Since particle size can influence the mixing quality [36], the particle sizes of the mixture components
were examined using a Horiba Jobin Yvon LabRam Aramis Raman Spectrometer (Horiba, Ltd., Tokyo,
Japan) with a charged couple device camera and Olympus BX41 microscope. From the microscope
images, the particle sizes of vanillin, melamine, sugar, and non-dairy creamer were observed to be in
the ranges of 26–30 µm, 15–20 µm, 45–50 µm, and 20–25 µm, respectively.

For imaging, each sample mixture was packed into a nickel-plated sample holder (interior
dimensions 100 mm × 50 mm × 3 mm), and the powder surface was leveled flush with the upper
edge of the sample holder, as shown in Figure 1. A Raman spectral image of the sample surface was
acquired by point-scanning across a 96 mm × 46 mm area that excluded the edges of the sample,
using a CCD exposure time of 0.1 s, a spatial resolution of 0.5 mm, and a laser power of 250 mW.
The final sample image acquired was a 192 × 92 × 1024 hyperspectral cube with 17,664 spatial pixels
at each of 1024 spectral wavenumbers. One hyperspectral cube was acquired for each of the ten
concentration samples.
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2.3. Spectral Analysis and Image Processing

Spectral analysis and image processing algorithms were carried out using Matlab (MathWorks,
Natick, MA, USA) and ENVI software (Exelis Visual Information Solutions, Boulder, CO, USA).

First of all, each three-dimensional hyperspectral sample image was converted into two-dimensional
Raman spectral data. To eliminate fluorescence background from the spectra, an 8th order polynomial
curve was generated that resembled the fluorescence spectra and this curve was then subtracted from
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the original Raman spectra [31]. The corrected spectra were then decomposed using a self modeling
mixture analysis (SMA) algorithm to extract Raman signatures of the sample components. SMA is a
series of algorithm that is used to decompose mixed spectral data to obtain pure component spectra
and their corresponding contributions [37,38]. The purity function in the PLS_Toolbox (Eigenvector
Research, Inc., Wenatchee, WA, USA) was used for spectral analysis. The basic formulas for SMA are
as follows:

D = CST + E (1)

where D is a (m × n) matrix of mixed spectral data; C is the contribution matrix (m × k); ST is the
transpose of S (n × k), which represents the matrix of pure component spectra; k is the number
of analytes present in the data; and E is the residual error. The contribution C can be estimated
using the spectral intensities (columns of D). As C and D are known, S can be calculated using the
following equation:

S = DTC (CTC)−1 (2)

where S represents the estimated pure component spectra. Next, the estimated contribution C* can be
calculated by the following equation:

C* = DS (ST S)−1. (3)

In the purity function, it is desirable to define an appropriate offset level. The offset level is
determined by the maximum of the mean of the variable. An offset level of 5 was used in the
purity function, which corresponds to a 5% × (maximum intensity) offset value in the original SMA
method [37]. For each sample concentration, the 17,664 × 1024 spectral matrix was decomposed to
extract pure component spectra and corresponding score vectors. Each of the score vectors (17,644 × 1)
corresponding to mixture components was converted into a two-dimensional contribution image
(92 × 192) matching the original spatial dimensions of the Raman hyperspectral sample image.

After extracting the pure component spectra and corresponding contribution maps, each
component was identified using the spectral information divergence (SID) method, which compares
the dissimilarity between two spectra by relative entropy [39]. Matlab code was developed for SID
calculation based on the following formulas:

P = X/sum (X) (4)

Q = Y/sum (Y) (5)

where X (975 × 1) is the reference spectrum, Y (975 × 1) is the spectrum resolved from SMA,
and P and Q are probability values of X and Y, respectively.

The relative entropy (i.e., information divergence) of Y with respect to X can be calculated as

D(X‖Y) = P’ * log (P./Q). (6)

Similarly, the relative entropy of X with respect to Y can be calculated as

D(Y‖X) = Q’ * log (Q./P) (7)

where P’ and Q’ are the transpose matrices of P and Q, respectively. (P./Q) and (Q./P) are element by
element matrix divisons in Matlab.

The SID value can be calculated as

SID (X,Y) = D(X‖Y) + D(Y‖X). (8)

A smaller SID value means there is less disparity between the two spectra. Based on SID values,
each extracted spectrum was identified as being that of vanillin, melamine, or sugar and was then
used to create contribution images for these three components of the sample mixture.
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For each concentration level, the contribution images of each component (vanillin, melamine,
and sugar) were imported into ENVI for further analysis. A histogram for each contribution image was
created to determine a threshold value to obtain binary image of each component at all concentration
levels. The contribution image, the binary image, and the corrected Raman images of the sample
were linked together for a pixel-to-pixel comparison. For lower threshold values, some of the
background pixels were identified as a pixel containing one of the three components (false positive);
at larger threshold values, some component pixels were converted into background pixels (false
negative). Based on iterative pixel-to-pixel analysis, a final threshold value for each component at
each concentration level was selected to obtain a binary image of the component. For the purpose of
visualizing the component pixels across the sample surface, the binary images of the three components
were fused together and simple image processing was performed to color code the pixels of vanillin,
melamine, and sugar as well as pixels containing multiple components together. To estimate the
amount of vanillin, melamine, and sugar present in the non-dairy creamer mixture, the number
of detected pixels for each component was correlated with the concentration of the component in
the sample.

3. Results and Discussion

3.1. Identification of Components from Mixed Samples

In this study, to investigate methodology for identifying multiple components mixed to form
a complex food matrix, vanillin and sugar were chosen as components due to their common use
as flavorings in coffee creamers. Melamine was chosen as the third component due to its use for
increasing the perceived protein content of dairy and dairy-substitution products in past instances of
economically driven chemical adulteration.

Figure 2 shows the Raman spectra of vanillin, melamine, sugar, and non-dairy creamer.
Each component has several Raman spectral peaks, some of which overlap with peaks of other
components, while others are unique without overlap. For each of the four components, the unique
peak of the highest intensity is labeled in Figure 2 (vanillin: 1597 cm−1, melamine: 674 cm−1,
sugar: 543 cm−1, and non-dairy creamer: 1452 cm−1) and was selected as the Raman spectral
fingerprint for that component.
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Figure 2. Raman spectra of vanillin, melamine, sugar, and non-dairy creamer.

Raman spectral images of all samples were collected over a sample surface area of 96 mm× 46 mm
using a spatial resolution of 0.5 mm. This spatial resolution was selected based on our previous work
that demonstrated effective detection of melamine particles at 0.5 mm spatial imaging resolution [31,32].
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For each image, the total numbers of pixels in the vertical and horizontal spatial axes were 92 and 192,
respectively, with a total of 1024 Raman wavebands measured at each spatial pixel.

For identification of individual chemical components in a mixture, the Raman spectral
fingerprint of an individual component must be identified from the matrix of mixture spectra.
Although time-consuming and tedious for large data sets, such identification can be performed
manually by identifying a key Raman spectral peak of the component of interest. Alternatively,
the spectral matrix can be decomposed to extract spectra of individual components and then identify
the components. One such method is the application of the self modeling mixture analysis (SMA)
to extract pure component spectra and score vectors followed by the use of spectral information
divergence (SID) to identify the components corresponding to the spectra [40]. The expected number
of pure components is pre-defined before SMA computation. For an unknown number of components
in a mixture, it is generally desirable to overestimate the number of pure components, and to visually
analyze the SMA result to determine the true number of pure components in the mixture. Although
this study mixed three known components with non-dairy creamer, using the approach of initially
overestimating the number of components (five components) for SMA computation produced favorable
results—five component spectra and five corresponding scores, of which three were identified as
being the pure component spectral contributions from vanillin, melamine, and sugar. The remaining
two spectra/scores were identified as residual noise and disregarded from further analysis.

Figure 3a shows the pure component spectra of vanillin, melamine, and sugar obtained by SMA
for the 6% concentration sample. After the spectral mixture was diffused and pure component spectra
and corresponding contributions were extracted, the SID method was used to identify the component
corresponding to each pure component spectrum and contribution. Each of the pure component
spectra was compared and computed against the reference spectra in the spectral library to obtain
SID value. The extracted pure component spectra that showed the least divergence (smallest SID
value) compared to a reference component spectrum was assigned identification corresponding to
the reference component. Figure 3a shows that the three extracted pure component spectra and their
corresponding reference spectra are well matched and, for vanillin and melamine, can be regarded
as exact matches. For sugar, the majority of the spectral peaks in the extract spectrum match those
of the reference spectrum, although some unmatched peaks can be seen in the extracted spectrum
at 674 cm−1, 1597 cm−1, and 1675 cm−1. The peak at 674 cm−1 is from melamine, and the 1597 cm−1

and 1675 cm−1 peaks are from vanillin. These errors in the extracted spectrum for sugar may be due to
the large number of sugar peaks that are very close to each other and occur without a flat baseline.
Vanillin and melamine both contain sharp and somewhat more separated peaks along flat baselines,
and the corresponding extract spectra for these two components did not show errors like that in the
extracted sugar spectrum.

The corresponding score factors of each component were unfolded back to obtain a
two-dimensional contribution image (92 × 192). A representative contribution image of each
component is shown in Figure 3b. The score values in the contribution images are proportional
to concentration of the component in the mixture sample. The pixels with high intensities represent
the component particle in each contribution image.
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Figure 3. Result of self-modeling mixture analysis of components. (a) Extracted and reference
component spectra for vanillin, melamine, and sugar; (b) corresponding contribution images for
the 6% concentration level.

The contribution images of each component obtained at all mixture concentration levels were
utilized for pixel-to-pixel identification of the components in the mixture samples. Raman chemical
images of each component were obtained from contribution images. A histogram for each chemical
image was created to obtain a threshold value. The threshold value was applied to convert all
the pixels with intensities below the threshold value into background, and to identify all pixels
with intensities above the threshold value as representing a particle of the component of interest.
Thus one binary image per component per sample was obtained, for a total of 30 binary images
(three components at 10 concentration levels). Each binary image was compared with a single-band
sample image at the spectral fingerprint peak of the corresponding component to ensure that none of
the pixels were misclassified. At each concentration level, the binary images of the three components
were then combined and the pixels of each component were color-coded: green for vanillin, magenta
for melamine, and blue for sugar. Combination pixels that contained any two of the three components
were represented in red, and combination pixels that contained all three components were represented
in black. The non-dairy creamer was represented in white. Figure 4 shows the result of the image
processing for pixel-to-pixel analysis of the components at 6% concentration. It can be seen that
the green, magenta, and blue pixels (of vanillin, melamine, and sugar, respectively) are scattered
throughout the sample surface. The concentrations of these three pixel colors can roughly be estimated
to be equal. Red pixels can also be seen, indicating the presence of any two of the three components
at the same imaging spot but at different layers within the total sample depth of 3 mm. Black pixels,
indicating the presence of all three components at the same spot, are also observed in Figure 4 but
occur in fewer instances than the red pixels do.
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3.2. Estimation of Component Concentrations

The image processing method discussed above was used to color-code pixels of each component
for images of samples at all 10 concentration levels. A total of 10 color-coded images were created;
for each image, the total numbers of identified pixels of each component were calculated. Figure 5a
shows the color-coded images for 4 of the 10 sample concentrations. The pixels of vanillin, melamine,
and sugar are scattered throughout the sample surface. The concentrations of colored pixels are low in
the 1% concentration image, and progressively increase in the 5%, 8%, and 10% concentration images.
This shows that the detected numbers of component pixels are correlated to sample concentration.
The red and black combination pixels, indicating the presence of multiple overlapping components,
can also be observed to increase progressively from low frequency occurrences at 1% concentration to
higher frequency occurrences at 10% concentration. This progressive increase was observable because
the volume and presented area of the sample holder was held constant (100 mm × 50 mm × 3 mm) for
all sample concentrations while the component concentrations increased, thus resulting in overlapping
of components at different layers within the sample depth. Figure 5b shows Raman spectra of pixels
for the 10% concentration sample. The fingerprint peaks of the three components and the non-dairy
creamer are readily visible in the spectra.
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concentration samples; (b) Raman spectra of pixels for the 10% concentration sample.
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The numbers of detected pixels increased considerably with increasing actual concentration.
The increasing trend was observed to be linear. This shows that component concentrations can be
estimated by calculating the number of detected pixels of any component as a percentage of the total
number of pixels in the detection image. To develop an estimation model, the numbers of detected
pixels were correlated with actual sample concentration. The results showed a very strong positive
correlation between numbers of detected pixels and the actual component concentrations, which can
be used to estimate the concentrations of individual components. Figure 6 shows the correlation
between component concentrations and the numbers of detected pixels, with a correlation coefficient
of 0.99 for each of the three components.

Pixels representing non-dairy creamer at each concentration were calculated simply by subtracting
the sum of detected pixels of the other three components from the total number of all image pixels.
It was observed that the numbers of detected pixels of non-dairy creamer were also strongly correlated
with the actual concentration of non-dairy creamer (a correlation coefficient of 0.99, figure not shown).
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4. Conclusions

This study reported a method based on Raman spectral imaging for the identification of
different components in a complex food matrix. Vanillin, melamine, and sugar were mixed together
with powdered non-dairy creamer to create sample mixtures at 10 different concentrations (w/w).
Raman spectral images of the sample mixtures were acquired, providing mixed-component spectra
for analysis. Self modeling mixture analysis (SMA) was used to extract pure component spectra
and corresponding contribution images of the components. The method was able to precisely
extract the pure component spectra of vanillin, melamine, and sugar at all concentration levels.
The pure component spectra were identified based on spectral information divergence (SID) values.
The contribution images obtained by SMA were used to generate Raman chemical images of samples.
A simple image processing method was used to color code detected pixels of each component. Numbers
of pixels identified for each component were correlated with actual concentrations of the component
in the samples. Correlation coefficients of 0.99 were observed between detected numbers of pixels and
actual component concentrations. The results show that the method can be utilized for identification of
different components and estimation of their concentrations in a complex food matrix. Future research
is required to validate this method for higher concentration samples where overlapping particles is
not uncommon.
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