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Classification of chocolate according to its cocoa percentage by using Terahertz time-
domain spectroscopy
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Abstract

Feasibility of a non-destructive classification of chocolate based on its cocoa content was examined by using a Terahertz time-
domain spectroscopy system combined with a multivariate analysis. For this purpose, the spectra from 0.5 THz to 10 THz of
5 chocolate samples (50%, 60%, 70%, 80% and 90% of cocoa) were examined. The acquired data matrices were analyzed by using
a Fourier Transform, obtaining the dielectric function and the absorbance curve. Based on the latter, samples were classified
by using 24 models of mathematical classification, achieving differences of around 93% through the model of Gaussian SVM
algorithm with a kernel scale of 0.35 and a one-against-one multiclass method. This was reduced by using a Main Component
Analysis, obtaining most of the spectral variations with PC1 (63.8%) and PC2 (36.2%). It was concluded that the combined
processing and classification of images obtained from Terahertz time-domain spectroscopy, as well as the use of machine learning
algorithms, can be used to successfully classify chocolates with different percentages of cocoa.
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Practical Application: Terahertz time-domain spectroscopy has been shown to have great potential as an emerging
nondestructive tool for food inspection. The main applications of THz in food industries include detection of moisture, foreign

bodies, inspection, and quality control.

1 Introduction

The so-called non-contact and non-destructive methods,
such as NIR spectroscopy (Wang et al., 2022) and multispectral/
hyperspectral images (De-la-Torre et al., 2020), images in the
visible range (Castro etal., 2017), RAMAN spectroscopy (Xu et al.,
2020), nuclear magnetic resonance (Balthazar et al., 2021), have
been widely used in the food sector as they are sensitive to intra-
molecular vibration (Wang et al., 2017) and have increasingly
been applied as a powerful analytical tool for determining food
quality, as well as for identifying the geographical origin. This
boom in studies at this frequency is due to access to instruments
that are available, but some spectra of the intermediate band or
terahertz region (THz) are not totally studied and defined yet
(Singh et al., 2020) showing great potential for uses in products
of biological origin.

THz time-domain spectroscopy (THz-TDS), both in
transmission and reflection mode (Wang et al., 2020b), is one
of the most applied techniques for the study of the structure
and interactions of chemical materials (Zhong et al., 2021);
and, according to the optical parameters reported, it is used to
discriminate low density materials in food products (Shin et al.,
2018), thus becoming a recommended tool for food inspection
and quality control, such as fruit and vegetables (Ren et al.,
2019a; Ren et al., 2019b).

THz spectroscopy is emerging as a suitable methodology
for investigating the dynamic properties of organic molecules

relevant to life sciences, because it can detect low-frequency
collective vibrational modes of biomolecules (Wilke, 2017).

Terahertz spectroscopy (THz) has been widely used to
study spectroscopic characteristics of a variety of materials
(Wang et al.,, 2019), such as semiconductors, biomolecules,
liquids, and pharmaceuticals in the spectral region, ranging
from 0.1 to 10 THz (Catapano & Soldovieri, 2019; Jiang et al.,
2019; Li et al., 2020).

THz spectrum combined with multivariate classification is
the strategy used to estimate compounds in the same sample,
adulterant in material of different quality or compounds from
different samples. The parameters used in THZ investigations
spectra (Liu et al., 2020), in order to find differences and have
an adequate classification process, are: absorption coeflicient,
spectral slope of absorption coefficient, and the area of absorption
coefficient.

Although many of the spectroscopic techniques mentioned
above have been used in the application of food detection, little
attention has been paid to the use of Terahertz spectroscopy (THz),
which is in a relatively unexplored range of the electromagnetic
spectrum ranging from 0.1 to 10 THz, which lies between the
mid-infrared and microwave ranges (Catapano & Soldovieri,
2019).
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Classification of chocolate using THZ-TDS

The composition of cocoa beans is directly influenced by
genetic variability, geographical origin and processing. Therefore,
chemical and biochemical characteristics and their relationship
to external parameters are key characteristics for quality control
and technological aspects (Oliveira et al., 2021), Currently, there
are studies using near-infrared spectroscopy (NIRS) in the cocoa
and chocolate industry (Barbin et al., 2018), showing that it can
detect differences but that there are still points for improvement,
such as exploring other spectra. Here THz spectroscopy could
provide information on time and frequency domains while being
insensitive to background thermal radiation (Liu et al., 2018).

Peru is home to six of the main cocoa genetic clusters. Reports
such as that by Mejia et al. (2021) show that, in Peruvian varieties
of cocoa beans and chocolates, there are significant differences in
their chemical and sensory characteristics, making it necessary
to investigate techniques such as THz to identify them quickly.
This type of spectroscopy will allow improving identification,
especially in chocolates, with substitution or addition of ingredients
that physicochemically show great differences (Lorenzo et al.,
2022), and that need the development of modern techniques
that allow their rapid and non-destructive identification.

Looking for the applicability of this technology in the
chocolate industry, the objective is to determine the level of
differentiation of chocolate bars based on their percentage of
cocoa in their composition by using THZ spectroscopy and
multivariate analysis.

2 Materials and methods
2.1 Raw material and imaging equipment in the THZ range

The cocoa genotype (Theobroma cacao L.) that was used is
called “Marafion Native” and comes from the area of Cajamarca
-Peru, which was used to make chocolate bars with 50%, 60%,
70%, 80% and 90% of cocoa in their composition. For this process,

Raw Material

Ultrashort pulse
Chocolate laser

10 samples were used for each percentage used. The bars used
had dimensions of 10 cm x 10 cm with 0.5 mm of depth. This
gave us an image for each sample. In total, 50 images were taken,
with 2048 wavelengths, which gave us an average of 600 Mb per
square centimeter analyzed.

Terahertz time-domain measurements were obtained by using
a Terapulse 4000 spectrometer (Teraview Ltd., Cambridge, UK)
in transmission mode. The transmission chamber, the operating
scheme are shown in Figure 1. For its operation it was purged
with dry nitrogen gas throughout the measurement and the
noise was reduced with an average of 10 measurements. Each
wave form in the time domain covered a range of 150 ps using a
resolution of 0.1 ps. Images were built with equipment scanner.
The data acquisition was performed in the TPR] format and the
images were analyzed by using codes internally developed in
Matlab v.2019b (Mathworks, Massachusetts, U.S.A.).

2.2 THZ optical parameters

THz optical parameters (refractive index and absorption
coefficient) of a sample can be extracted by using the mathematical
model proposed by Dhillon et al. (2017). Likewise, to obtain
the amplitude and wave phase that is in time domain, a Fourier
transform is used to pass it to frequency domain according to
the Equation 1 and Equation 2 in Figure 2.
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Figure 1. Terahertz pulsed spectroscopy operation schematic.
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Figure 2. Terahertz data processing.

After Fourier transform, the spectral signal in time domain
obtained by the experiment was used to obtain the spectral
function in frequency domain, that is E(w). Eref (w) and Es
(w) are signals of the reference and the sample, respectively,
in frequency domain, and H(w) is the transmission function,
which is given by Eq. In Ecs. (1), (2), n(w) is the refractive
index, Ks(w) is the extinction coeflicient, w is the frequency, ¢
is the speed of light, 1 is the thickness of the sample, and n is
the refractive index of nitrogen.

2.3 Multivariate analysis

Multivariate methods can highlight chemical differences
among samples and reduce variation due to physical effects.
Methods using the Principal Component Analysis (PCA) have
shown to be effective for classification, so that they will be applied
for this study. PCA was used to obtain a general description
of the data, by extracting the main information from the THz
spectra of chocolate samples, reducing the number of variables
and expressing the total variation in the data set in only a few
PCs, with the aim that each spectrum will have its own unique
data set, and, therefore, its spectrum can be represented by its
PCA scores in factorial space.

In addition, because PCA are orthogonal representations,
we can represent it graphically and observe the relationships
between them, and provide very important information on the
potential capacity to differentiate chocolate samples based on their
percentage of cocoa. To identify the best classifier, 7 classification
algorithms were used: decision trees, linear discriminant analysis
(LDA), quadratic discriminant analysis (QDA), support vector
machines (SVM), closer neighbor classifiers, set classifiers, and
naive Bayesian classifiers. Each of these algorithms was combined
with its level of interpretability and flexibility, obtaining 24 models
that are used in this research. The selection of discriminatory
variables was carried out by using a feature selection technique
based on the staggered decoupling of variables.

Cross-validation was used by randomly dividing the original
THZ spectra data set into a training set and a test set, measuring
the mean cross-validation error as a performance indicator.
For the other parameters, a heuristic procedure was used to
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select the scale value based on Kernel function to calculate the
best classifier. The best model shall be determined based on its
accuracy.

3 Results and discussion
3.1 Spectra analysis

A spectral image is taken in time domain, ranging from
0 to 10 THZ, from which the values of each pixel analyzed in
chocolate samples were collected. Figure 3 shows the average
of values obtained.

THZ pulses shown in Figure 3 demonstrate that the reference
pulse is in advanced with respect to the signals of each of the
chocolate samples. Besides, the amplitude decreases due to the
phenomena of refraction and absorption of the samples. It is
also interesting to note that the amplitude of THz time-domain
signal transmission is proportional to the cocoa content in the
samples. This may also be due to moisture interactions the same
ones could have.

Figure 4 shows the transmitted THz amplitude spectra
obtained by the Fourier transform of time domain signals.

Figure 4 shows the Fourier transforms ranging from 0 to
2 THZ. It is observed in this field that amplitudes decrease as
cocoa content in the samples decrease, due to the different
substantial absorption of the samples, being the largest difference
in the range from 0 to 1.4 THZ. It is also important to note that
the peaks shown by the reference are replicated in chocolate
samples. These are due to the ambient humidity conditions
where the sample was taken.

The actual dielectric function of chocolate samples was
also obtained, observing that only in the range from 0.2 to
1.6 a differentiation of samples is achieved (Figure 5). This is
important since this property shows a direct relation with the
moisture content of the samples and the possible structural
changes that chocolate may have in its shelf life.

High water content in tissues and biological liquids determine
the nature of their dielectric response in the Terahertz frequency
range (THz) (Smolyanskaya et al., 2018). This is the case for
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Figure 3. Diagram of THz frequency-domain spectroscopy.
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Figure 5. Actual dielectric function.

many food products ranging from dry products to products
with high water content. This part of products’ composition
has free or bound water. These two types make valuable but
different contributions to the THz response of biological objects
(Cherkasova et al., 2020).

Absorption coefficients based on THZ frequency are also
shown, although it was analyzed up to 10 THZ. Only in the range
shown, it is observed a difference between chocolate samples.
It is also observed that there is a slight increase in absorbance
coeflicients as the frequency increases (Wang et al., 2020a).

This is given in all samples and that of 90% of cocoa has the
highest rates.

3.2 Multivariate analysis

In products, such as chocolate, it is difficult to discriminate
its cocoa content, and, since this quality characteristic is related to
its cost, it is necessary to consider alternatives that can adequately
discriminate it. At this point, the analysis of curves in frequency
domain is shown as an alternative, since multivariant methods
could detect significant differences that allow us to generate
an appropriate discrimination model between chocolates with
different cocoa content.

Since one of the parameters with the greatest understanding
is absorbance, it will be used to perform the multivariate analysis.
The respective curves showing a difference were already shown
in Figure 6, with the exception of some points, such as the
frequency of 1.6 THZ showing an overlap. The values between
0.1 and 2 THZ shall be used for multivariate analysis.

All images were pretreated with a linear filter to reduce image
noise, as recommended by Guo et al. (2018). The THz spectral
imaging data set of the sample is based on specific parameters,
such as time interval, amplitude or THz wave phase, and, then,
makes the refractive index, spatial density distribution, thickness
distribution, and contour of the sample.

After data pretreatment and statistical adjustment,
24 classification models were tested by using linear and non-linear
models, taking accuracy percentage as an indicator. All models
used a 15-fold cross-validation. The summary of the best models
is shown in Figure 7.

The best model was the optimized Fine Gaussian SVM
model that obtained a Precision of 93%, with a Kernel Scale
of 1 and cubic function type, and a Multiclass Method One vs
One, optimized with a Bayesian function of 30 interactions. This
type of model has been reported many times in the research on
the use of Machine Learning for image recognition (Loussaief
& Abdelkrim, 2018).

Figure 8a shows the score graph of the main components
of absorption spectra of chocolate samples, which have most
of the spectral variations with PC1 (63.8%) and PC2 (36.2%).
As noted in this figure, samples are clearly divided into 5 groups
according to their cocoa content in composition. PC1 has almost
all the capacity for discrimination by confirming that Terahertz
spectra have sufficient information to classify different products
according to their composition.

A new sample was tested by using the generated classification
model. Results are shown in the confusion matrix of Figure 8b,
where it can be observed that the classification level of chocolate
samples is satisfactory, generating few false positive errors.

In order to test discrimination efficiency in ranges higher than
2'THZ, it was analyzed following the same procedure, reaching
unsatisfactory values in the capacity to classify chocolates for
their cocoa content. Studies on classification of rice (Xu et al.,
2015) and soybean (Liu et al., 2016) by using THZ spectroscopy
techniques have been reported with great success in classification.
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According to Mahanta et al. (2019), by only finding
differences that can generate an adequate classification in the
range lower than 2 THZ, it can be said that this might be due
to “fast relaxation” processes as well as to hidden water bending
mode at 1.5 THz. These theories, while still under discussion, are
linked to bound and free water content in biological matrices,
such as chocolate; and, since this product has very low water
content, it can be foreseen that the detection of differences at
this level of ranges is related to bound water. This appreciation
shows that the THZ spectrum can be very useful in the concept
of relating this type of water to food composition.

The chocolate industry is most likely one of those which
could suffer problems of non-compliance with the labels
regarding cocoa content, so that analyzing the new spectra to see
its potential for classification becomes an issue of importance.
Similar studies in chocolate bars contaminated with foreign
materials showed great efficiency by using the THZ range spectra
(Weiller et al., 2018). These results show a great capacity to detect
and discriminate different types of materials according to their
composition, especially, since, within food industry, the analysis
of a component is always an expensive, slow and destructive
technique. Even then, other spectroscopic techniques such as
mass spectroscopy are also being used (Lorenzo & Pico, 2017),
so the importance of evaluating little-studied ranges in food,
as given in Time-Domain Spectroscopy, becomes necessary,
especially appreciating the importance of non-destructive
inspection for food industry, meeting the needs of modern and
rapid techniques for international food trade.

Another great advantage of using THZ spectroscopy is that
it has the capacity to penetrate the test substance (Wang et al.,
2019). This is particularly important in food-based materials,
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such as chocolate, as these products often form different colors on
their surface as a reaction with air, which can generate a wrong
reading by more direct techniques, such as NIR spectroscopy
or images of multiple spectra.

In this research, it is tested the suitability of this technology
for classifying chocolate bars according to the cocoa content.
Although the results are very encouraging, THz-TDS still
remains a technology that involves high implementation costs.
However, the recent and rapid development of THz systems for
agro-industrial research opens up real possibilities for these costs
to be significantly reduced in the coming years.

4 Conclusion

Finally, it can be concluded that THz-TDS spectroscopy,
together with multivariate classification techniques, such as
PCA, have the capacity to classify chocolate bars according
to their percentage of cocoa. This is a promising technique,
because, besides the high classification efficiency, samples do
not need any important physical pretreatment for analysis.
These characteristics give this technique great potential for its
application in food quality control processes.
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