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A B S T R A C T

Fast and simultaneous determination of inner quality parameters, such as fat and moisture contents, need to be
predicted in cocoa products processing. This study aimed to employ the near-infrared reflectance spectroscopy
(NIRS) in predicting the quality mentioned above parameters in intact cocoa beans. Near-infrared spectral data, in
a wavelength ranging from 1000 to 2500 nm, were acquired for a total of 110 bulk cocoa bean samples. Actual fat
and moisture contents were measured with standard laboratory procedures using the Soxhlet and Gravimetry
methods, respectively. Two regression approaches, namely principal component regression (PCR) and partial least
square regression (PLSR), were used to develop the prediction models. Furthermore, four different spectra
correction methods, namely multiple scatter correction (MSC), de-trending (DT), standard normal variate (SNV),
and orthogonal signal correction (OSC), were employed to enhance prediction accuracy and robustness. The
results showed that PLSR was better than PCR for both quality parameters prediction. Spectra corrections
improved prediction accuracy and robustness, while OSC was the best correction method for fat and moisture
content prediction. The maximum correlation of determination (R2) and residual predictive deviation (RPD) index
for fat content were 0.86 and 3.16, while for moisture content prediction, the R2 coefficient and RPD index were
0.92 and 3.43, respectively. Therefore, NIRS combined with proper spectra correction method can be used to
rapidly and simultaneously predict inner quality parameters of intact cocoa beans.
1. Introduction

Chocolate is food in a paste or solid-state made from either roasted or
ground cocoa and fat combination. It is typically sweetened with addi-
tional sugar and other essential ingredients, made into bars, and eaten as
confectionery. It was made from raw cocoa beans extracted from the
cocoa tree pod and are either roasted, fermented, or grounded in other to
realize the processed products. Chocolate plays a strategic role in the
food industry because it is also directly consumed in other foodstuffs [1].
Cocoa beans are the most used raw substances in chocolate production,
and it is extremely popular among people. Presently, there are two
acknowledged types of cocoa beans, namely bulk cocoa (standard qual-
ity) and flavor cocoa (high quality). In the highly competitive market,
chocolate industries and manufacturers need to ensure that they are
supplied with high-quality cocoa beans. Fat and moisture content are the
two primary inner quality parameters of cocoa associated with these
product qualities [2].
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Generally, several methods are widely employed to determine cocoa
beans' inner quality parameters and other agricultural products. How-
ever, most of these methods are based on liquid and solvent extraction
followed by other laboratory procedures, such as titration to determine
the quantity of ascorbic acid and its separation using a centrifuge [3].
These methods are often laborious, time-consuming, destructive, and
complicated [4]. Therefore, there is a need for rapid, robust, and
non-destructive methods to analyze raw material has been one of the
essential objectives of this sector and manufacturers over the past de-
cades. The industry needs to be equipped with a proper and ideal rapid
method that can monitor real-time cocoa processing steps, thereby
facilitating the urgent and important decision-making process.

Over the past ten years, studies have reported the near-infrared
reflectance spectroscopy (NIRS) as one of the most powerful non-
destructive methods that have been widely proven to be used to carry
out rapid and robust analysis in several fields, including agriculture.
Numerous advantages are associated with the use of NIRS, such as simple
. Munawar).
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sample preparation, versatile, rapid, and environmentally friendly due to
the absence of chemical materials [5]. In addition, it has the potential to
predict and determine several inner quality parameters simultaneously
[6, 7, 8].

Numerous studies and publications have reported that the NIRS
method has been able to predict and determine inner quality parameters
of food, dairy products, and other agricultural products [9, 10, 11], such
as meat, animal feed [10, 12, 13], horticulture [14, 15, 16, 17], soil
nutrients and properties [18, 19]. This technique was discovered to be
rapidly applied, effective, and non-destructive in determining several
quality attributes of raw intact organic materials and other derivative
products. Based on these studies, it was argued that the NIRS method has
the potentials and feasibility to determine inner quality parameters of
organic materials. The proposed novelty includes a self-developed
portable near infrared reflectance spectroscopy, which covered
near-infrared regions. This device namely PSD NIRS iptek i16 was
designed and developed in 2016 and already tested for spectral data
acquisitions in wavelength range from 1000 to 2500 nm for most agri-
cultural product samples like mangoes, bananas, apples, grapes, to-
matoes, oranges, garlics, onions, cocoa beans and powder, coffee beans
and powder, soil samples, rice, honeys and patchouli oils. The instrument
has been calibrated using standard manufactured NIRS instrument
(Thermo Nicolet Antaris TM II) in Georg-August University, Goettingen,
Germany. The device characteristics including wavelength range
1000–2500 nm, Photodiode sensors with optical gain from 2 to
maximum 16x. Spectra data can be acquired in from of absorbance,
reflectance, and transmittance. Spectra file can be saved in two different
extension file formats as *.spa and *.csv. In addition, the comparisons of
spectra correction approaches were also analyzed. Moreover, Indonesia's
original cultivar was utilized, and the models developed for unfermented
and fermented cocoa beans.

Subsequently, several analyses have already been carried out on the
cocoa samples. Most of them are based on standard manufactured in-
struments which were used to carry out a wide variety of studies related
to the prediction of fermentation levels, inner quality, and review of near-
infrared spectroscopy application for the assessment of cocoa products
[20, 21, 22, 23, 23, 24, 25, 26, 27]. This research utilized a
self-developed instrument designed in 2016. One advantage of this in-
strument is that irrespective of the fact that the size is smaller compared
to the commonly used NIRS equipment with a dimension of 21 cm � 17
cm x 2 cm, it has a similar wavelength range in the near-infrared region
(approximately 780–2500 nm) and a maximum 8x optical gain. More-
over, the instrument is cheaper and portable compared to the standard
NIRS.

Therefore, this research aims to examine and apply the rapid, robust,
and simultaneous method in determining the fat andmoisture contents of
raw intact cocoa bean samples using a self-developed NIRS instrument.
Also, the prediction accuracy and robustness of spectra data correction
was also analyzed.

2. Materials and methods

2.1. Cocoa bean samples

A total of 110 bulk cocoa bean samples cv. Lindak, harvested from
June to August in the same cocoa plantations in East Java, Indonesia,
were used to carry out this research. Each bulk contains approximately
54g of intact cocoa beans with cocoa added to both the unfermented and
fermented types in different levels (1, 3, 5, and 7 days).
2.2. Spectral data acquisition

The near-infrared spectral data of all samples were taken in the form
of diffuse reflectance spectrum using a portable sensing device near-
infrared spectroscopy (PSD-NIRS i16 iptek). Spectral data were
2

obtained within the wavelength range of 1000–2500 nm with a resolu-
tion of 0.2 nm and co-added 32 scans per acquisition [28].

2.3. Reference fat and moisture content measurement

After the spectral data collection was completed, all cocoa bean
samples were immediately taken to measure their inner quality param-
eters in the form of fat content (FC) and moisture content (MC). Initially,
FC wasmeasured using Soxhlet method.With 10 g of the sample mixed in
a tube containing a maximum of 150 ml n-hexane and extracted in a
soxhlet apparatus at a temperature of 95 �C for 6 h. It was further
determined by evaporating the solvent using a rotary evaporator till only
the liquid fat was left in the tube. The FC was then expressed in per-
centage (%) fat content [20, 29]. Conversely, MC was measured using a
gravimetric method based on duplicated ISO 6673 and averaged. A
forced-air electric oven (Thermicon type UT6120, Heraeus Instruments
GmbH, Hanau, Germany) was used to dry approximately 15 g whole
intact beans in open glass petri dishes (diameter: 14 cm, height: 2.3 cm)
at 120 C for 18 h. After the drying process was completed, the dishes
were immediately closed with glass lids to avoid exposure and stored in
desiccators for one hour to equilibrate samples into ambient temperature.
Also, the moisture content was expressed in percentage (%) dry bulb.

2.4. Calibration models

The next step after the spectra data acquisition and actual FC and MC
measurement was the development of calibration models used to predict
the quality parameters. At first, it was attempted to develop calibration
models using original untreated or uncorrected spectral data. Two
regression approaches, namely principal component regression (PCR)
and partial least square regression (PLSR), were used to develop the
models [30]. The results from the predictions were compared, and the
ideal one between them was selected.

2.5. Spectral data correction and enhancement

Spectral data contains noise due to light scattering, which tends to
interfere with the accuracy of the prediction. Therefore, it is recom-
mended that they are corrected in order to improve prediction accuracy
and robustness. In this study, four different spectra correction methods
were employed, namely multiplicative scatter correction (MSC), de-
trending (DT), standard normal variate (SNV), and orthogonal signal
correction (OSC).

2.6. Performance evaluation

Prediction model performance was evaluated based on calibration
and cross-validation results in accordance with the correlation coefficient
(r), the root means square error (RMSE), and the residual predictive
deviation (RPD) index. The RPD index was obtained by dividing the
standard deviation of reference data with the RMSE value. In addition,
the range to error ratio (RER) was also used to evaluate the model's
performance. Subsequently, the number of latent variables (LVs)
required to develop the prediction models was also considered. The ideal
and robust models need to possess a higher r coefficient and RPD index,
as well as lower RMSE and fewer LVs. The prediction performances for fat
andmoisture contents were then systematically compared based on those
statistical indicators [31].

The best spectra correction method was selected and used to predict
other external cocoa bean samples. Moreover, cross-validation was also
carried out using K-fold where K ¼ 10, which means 7 randomized
samples were excluded during calibration and used to test the models.
These samples were assumed to be similar to the 'mini' external valida-
tion. This step was repeated 10 times until all the folds were completed
with different samples each time the cross-validation was performed.
Furthermore, to obtain a certain precision, external validation was



Figure 1. Near-infrared reflectance spectra feature of intact cocoa bean sample
within the wavelength range of 1000–2500 nm.

Table 1. Descriptive statistics of actual fat and moisture contents using standard
laboratory measurement for 72 samples in the calibrated dataset.

Statistical indicator Actual fat content Actual moisture content

N 72 72

Mean 40.71 9.12

Max 44.32 12.08

Min 35.26 6.74

Range 9.06 5.34

Std Deviation 2.19 1.30

Variance 4.79 1.69

RMS 40.77 9.21

Skewness -0.08 0.70

Kurtosis -0.94 -0.28

Median 40.72 8.96
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carried out using 38 unknown cocoa bean samples obtained from local
farmers in the Aceh province.

3. Result and discussion

3.1. Spectra features of cocoa beans

The recorded reflectance spectra for intact cocoa bean samples in the
near-infrared region (1000–2500 nm) are shown in Figure 1. This
infrared spectrum correlates with the related attributes were derived
from the bands, thereby causing interaction between electromagnetic
radiation and organic material. These bands correspond to specific mo-
lecular bonds of O–H, C–H, C–O, and N–H [20, 32].
Table 2. Prediction performance for fat and moisture contents using PCS and PLSR r

Quality parameters Method Statistical ind

R2

Fat content PCR 0.67

PLSR 0.67

Moisture content PCR 0.71

PLSR 0.72

PCR: principal component regression, PLSR: partial least square regression, R2: coeffi
RPD: residual predictive deviation.
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Inner quality parameters of intact cocoa beans, such as fat and
moisture contents, are formed by molecular bonds of C–H–O and O–H,
respectively. Figure 1 shows that the moisture contents (O–H bonds) are
probably predicted in the wavelength region of 1460–1490 nm and
1920–1980 nm. On the contrary, the fat content of intact cocoa bean
samples is strongly determined to be within the 2100 and 2290 nm
wavelength region. This is similar to a previous study that also stated that
moisture or water absorption bands were observed at 1440 nm and 1935
nm due to O–H bands' combination and its overtone [33]. According to
similar findings reported in some studies, strong water absorbance in
organic materials such as fruit and other agricultural products was
discovered to be in the wavelength region between 1420 and 1480 nm as
well as 1920 and 1960 nm. Moreover, absorption bands within the
wavelength range of 1240 and 1270 nm, 1750 and 1785 nm, 2210 and
2340 nm, including 2350 and 2380 nm, were related to the fat content.
Similar findings were also reported in the research carried out on cocoa
powder, cocoa beans, and chocolate bars, which stated that the optimum
and effective predictions of wavelengths for fat content are within the
range of 1230, 1740, 1755, 1768, 2200 and 2300, 2377, and 2385 nm [6,
16].

3.2. Fat and moisture content prediction

This study aims to simultaneously predict the fat and moisture con-
tents of intact cocoa beans. The descriptive statistics for the actual
reference data of fat and moisture contents obtained from the standard
laboratory methods are shown in Table 1.

Initially, two different regression approaches, namely principal
component regression (PCR) and partial least square regression (PLSR),
were adopted to predict these quality parameters using 72 samples in the
calibrated datasets. The predictionmodels were established by regressing
raw untreated spectra data as an independent variable (X) and fat and
moisture contents (Y). Prediction results for both quality parameters are
shown in Table 2. Generally, the fat and moisture contents of intact cocoa
bean samples are predicted to be quite satisfactory, and the maximum
coefficient of determination was 0.67 and 0.72, respectively.

The maximum residual predictive deviation (RPD) indexes for fat
and moisture contents prediction were 1.81 and 1.97, respectively.
Based on certain literature, the RPD index, which was obtained to be
between 1.5 and 2.0, was categorized as coarse, therefore, it needs to be
improved. Furthermore, it was discovered that the PLSR regression
approach led to a better prediction than the PCR, as shown in Figure 2.
Therefore, this approach was adopted for the next data analysis, which
is centered on exploring the impact of spectra enhancement and
correction method on the prediction performances. PLSR seems to be
better than PCR in terms of accuracy and robustness in the prediction of
inner quality parameters. This is primarily based on the fact that the
PLSR seeks to discover the best correlation between the reference and
infrared spectra data during its transformation to latent variables (LVs)
in the regression process. On the contrary, PCR only transforms spectra
data to latent variables without involving the reference (fat and mois-
ture contents).
egression approaches.

icators

RMSE RPD RER

1.23 1.76 7.36

1.19 1.81 7.62

0.68 1.85 7.83

0.64 1.97 8.35

cient of determination, RER: range to error ratio, RMSE: root mean square error,



Figure 2. PCR (a) and PLSR (b) calibration used to predict fat content of intact
cocoa beans.

Figure 3. PCR (a) and PLSR (b) calibration to predict the moisture content of
intact cocoa beans.
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In accordance with prediction of the fat content prediction, the PLSR
was used to realize 0.67 as the coefficient of determination and 1.81 as
the RPD index. Conversely, both the PLSR and PCR utilized 5 latent
variables during the calibration to achieve prediction accuracy and
robustness. Meanwhile, for moisture content, PLSR was better than PCR
with a 0.72 coefficient of determination and 1.97 RPD index, as shown in
Figure 3. Cocoa beans are biological objects that interfere with the inner
quality parameters such as fat and moisture contents during ripening,
storage, and distribution phases. External factors such as temperature
and relative humidity also affect cocoa beans' inner quality and other
agricultural products. Therefore, it tends to interfere with the accuracy
and robustness of the predicted model. These effects need to be treated in
order to achieve more robust and accurate prediction results. Therefore,
it is strongly recommended to pre-process or enhance spectra data before
the calibration of the prediction models.

The PLSR method was selected because it was discovered that this
approach provides better prediction results than the PCR. This is also
consistent with other findings, which reported that partial least square
aids in achieving a more accurate and robust prediction than the prin-
cipal component regression [34, 35].
3.3. The impact of spectra enhancement on prediction performance

In order to examine the impact of spectra correction and enhance-
ment method on the prediction performance, four different spectra
correction techniques, namely multiplicative scatter correction (MSC),
de-trending (DT), standard normal variate (SNV), and orthogonal signal
correction (OSC) were systematically compared and combined with PLSR
regression approach to enhance prediction accuracy and robustness. The
predicted models for both quality parameters (fat and moisture contents)
were established using 72 spectral data corrected by those four spectra
enhancement methods. The best spectra correction method was selected
4

based on their prediction performances. Firstly, the raw untreated
spectra data of intact cocoa beans was enhanced using the multiplicative
scatter correction (MSC) method. This technique seeks to enhance the
spectra by removing its multiplicative effects due to physical error during
acquisition. The predicted results for fat and moisture contents using
MSC spectra correction is shown in Table 2. It is evident that the coef-
ficient of determination and RPD index were significantly improved after
the MSC correction. The coefficient of determination for the fat content
was predicted to be increased to 0.81 and RPD index to 2.81, while the
root mean square error (RMSE) was decreased to 0.78. Similar findings
were also reported during the moisture content prediction, where the
MSC correction method enhanced its correlation to 0.85 and RPD index
to 2.98 while the RMSE index decreased to 0.43.

Moreover, the SNV correction method generated similar results as the
MSC. The coefficient of determination and RPD achieved from SNV were
similar for moisture content prediction, while for fat content, MSC was
proven to be slightly better than SNV, as shown in Table 2. This is mostly
because the MSC and SNV generally function based on an ideal spectrum.
MSC obtains ideal spectrum from its mean spectra data for all samples,
with SNC realized from the scaling algorithm. This is consistent with the
research results, which stated that MSC and SNV provide similar or
slightly better prediction accuracy and robustness.

De-trending spectra correction was taken into account because it was
stated in several studies that this spectra correction method was fit and
need to be applied when dealing with bulk samples. In this research, the
second-order DT correction method was used to improve the PLSR pre-
diction accuracy for fat and moisture content. As shown in Table 3, the



Table 3. Prediction performance for fat and moisture contents using different spectra correction methods.

Quality parameters Spectra correction Statistical indicators

R2 RMSE RPD RER

Fat content MSC 0.81 0.78 2.81 11.57

DT 0.76 0.81 2.70 11.12

SNV 0.79 0.79 2.79 11.49

OSC 0.86 0.70 3.16 13.01

Moisture content MSC 0.85 0.43 2.98 12.42

DT 0.81 0.45 2.86 11.87

SNV 0.85 0.43 2.97 12.42

OSC 0.92 0.37 3.43 14.43

MSC: multiplicative scatter correction, DT: De-trending, SNV: standard normal variate, OSC: orthogonal signal correction, R2: coefficient of determination, RER: range
to error ratio, RMSE: root mean square error, RPD: residual predictive deviation.

Figure 4. Scatter plot derived from OSC correction method for fat (a) and
moisture contents (b) prediction of intact cocoa beans.

Table 4. Descriptive statistics of actual fat and moisture contents using standard
laboratory measurement for 38 samples in the calibrated dataset.

Statistical indicator Actual fat content Actual moisture content

N 38 38

Mean 40.56 9.03

Max 45.75 11.59

Min 36.49 7.42

Range 9.26 4.17

Std Deviation 2.16 1.19

Variance 4.68 1.41

RMS 40.61 9.11

Skewness 0.15 0.70

Kurtosis -0.43 -0.42

Median 40.44 8.79
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DT correction seems to be less accurate than the other two (MSC and
SNV). Nevertheless, when compared to the raw un-corrected spectra, it
obviously improved prediction accuracy and robustness for both quality
parameters of intact cocoa beans.

The ideal prediction performance for fat and moisture contents was
achieved when the spectra data were corrected and enhanced using the
orthogonal signal correction (OSC) method. The coefficient of determi-
nation and RPD index for fat content prediction increased to 0.86 and
3.16. Moreover, OSC also improved the prediction accuracy for moisture
content, whereas the coefficient of determination and RPD index was
increased to 0.92 and 3.43, respectively. The scatter plot of the actual
measured quality parameters and predicted ones derived using the OSC
5

correction approach to predict fat and moisture contents are shown in
Figure 4.

Based on these results, it was argued that the spectra approach
significantly improved the prediction accuracy and robustness for both
inner quality parameters of intact cocoa bean samples. Its correction and
enhancement are used to remove irrelevant data such as noises and
background information improperly handled by the regression tech-
niques (PCR and PLSR).

External validation was carried out in order to ascertain the accuracy
of the findings in this research, with cross-validation conducted at the
calibration phase to overcome over fittings. Since OSC was discovered to
be the best spectra correction method, the unknown fat and moisture
content of 38 intact cocoa beans in a bulk of 54 g per sample was pre-
dicted. The descriptive statistics of actual fat and moisture content
measurement and its validation performance are shown in Tables 4 and
5, respectively. A combination of the NIRS method and OSC spectra
correction was also used to predict the coefficient of determination for
fat, and moisture contents, which are 0.79 and 0.81, respectively.

Moreover, the residual predictive deviation (RPD) indexes for fat and
moisture contents were 2.72 and 2.85, with RER of 11.65 and 10.07. This
indicates that these models are robust because the REP values are above 9
as reported in certain literature. In addition, the scatter plot derived from
OSC-PLSR methods is shown in Figure 5.

Based on the results obtained, it was therefore reported that NIRS
serves as an alternative rapid and robust method in predicting inner
quality parameters of intact cocoa bean samples. However, supposing it is
arranged in order of relevance, the OSC correction method is more su-
perior to the MSC, SNV, and DT. Spectra correction needs to be carried
out before regression in order to achieve accurate and robust prediction
results. The proper regression and spectra correction approaches lead to
an effective outcome even when unknown intact cocoa bean samples are
utilized.



Table 5. Validation performance for the prediction of fat and moisture contents using OSC spectra correction method.

Quality parameters Statistical indicators

R2 RMSEP RPD RER

Fat content 0.79 0.79 2.72 11.65

Moisture content 0.81 0.41 2.85 10.07

R2: coefficient of determination, RER: range to error ratio, RMSEP: root mean square error for prediction, RPD: residual predictive deviation.

Figure 5. External validation performance for fat (a) and moisture contents (b)
prediction using OSC spectra data on 38 independent cocoa bean samples.
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Furthermore, it was previously reported that the proposed novelty in
this study is the use of a portable NIRS instrument. Its advantage is that
the size is smaller and cheaper than the common type. It is also compa-
rable in terms of prediction performances. However, besides these ad-
vantages, there are also some limitations, such as when acquiring spectra
data, the samples need to be rotated manually according to the operator's
interference. In addition, during measurement, typical noises occur
regularly on a specific wavelength range, particularly from 1405 to 1460
nm and between 1820 and 1865 nm. This is due to instability and
overheating of the electronic components inside the NIRS instrument.
Subsequently, based on the prediction performance, it is comparable and
consistent with other related studies. The achieved RPD index is for fat,
and moisture contents are 3.16 and 3.43, respectively, and it is catego-
rized as good model performance based on certain literature [6, 36, 37].

4. Conclusion

This study demonstrated that near-infrared spectroscopy (NIRS) is a
rapid and robust method used to predict intact cocoa bean samples' inner
6

quality parameters. The results showed that a combination of NIRS with
partial least square regression (PLSR) approach can predict the fat and
moisture contents of intact cocoa beans. The maximum coefficient of
determination (R2) and residual predictive deviation (RPD) index for fat
content were 0.86 and 3.16, while for moisture, 0.92 and 3.43 were
obtained, respectively. Moreover, spectra correction significantly im-
proves prediction accuracy and robustness. Therefore, spectra correction
and enhancement prior to the development of the calibratedmodels were
recommended. Orthogonal signal correction (OSC) was the best correc-
tion method and can be coupled with the PLSR regression technique.
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