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Abstract: The rhodinol content is an essential component in determining the citronella oil qualities. This study aimed 
to develop a model calibrated to predict the rhodinol content in citronella oil using near-infrared (NIR) spectroscopy. 
This research is the initial stage in developing a spectral smart sensor system that predicts the rhodinol content of cit-
ronella oil in the distillation and fractionating process. Citronella oil samples were scanned by NIRFlex liquid N-500 
with a wavelength of 1 000–2 500 nm having an absorbance value (log 1/T). The accuracy of the prediction was achie-
ved using the partial least square (PLS) model. Based on the NIR spectrum at a peak of around 1 620 nm, the rhodinol 
content in the citronella oil was estimated. The finest model to predict the rhodinol content was y = 0.9874x + 15.6439 
with a standard error of the calibration set (SEC) = 2.78%, a standard error of the prediction set (SEP) = 2.88%, a ratio 
of the performance to the deviation (RPD) = 9.23, a coefficient of variation (CV) = 16.81%, and the correlation coefficient 
(r) = 0.99. The NIR and PLS models are possible to use for the initial stage in developing a spectral smart sensor system 
to determine the rhodinol content of citronella oils.
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Citronella oil is  an essential liquid fat obtained 
from the leaves and stems of Cymbopogon spp. The 
major terpenoids found in this oil are citronellal, cit-
ronellol, and geraniol (Eden et al. 2018). It is a ma-
jor raw material for industries due to  its applica-
tion as fragrances in perfumes, as flavour additives 
in  food or  pharmaceutical products, a  mosquito 
repellent, even as an additive in fuel oil (Tsimogian-
nis and Oreopoulou 2018; Setyaningsih et al. 2020). 
In Indonesia, there are two types of citronella oils, 
namely the Ceylon type (Cymbopogon nardus L. 

Rendle) commonly known as the Lenabatu variety, 
and the Java species (Cymbopogon winterianus Jowit 
ex Bor) widely known as the Mahapengiri derivative 
(Verma et al. 2020). The cultivation of the Java type 
is higher than that of the Ceylon one as it is superior 
in terms of its citronellal and geraniol contents (Su-
laswatty et al. 2019). Moreover, its oil offers twice the 
yield of the Ceylon type (Avizienis 2019).

Indonesia is the second largest citronella oil pro-
ducer in  the world, and almost all the oils are ex-
ported in  the form of  crude from distilleries. The 
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extraction of  crude citronella oil is  carried out 
by water-steam distillation techniques. To  increase 
its added value, a small fractionation distillation col-
umn is built. One of  the separating techniques for 
isolating the citronella oil component is by fractional 
distillation. Its vacuum fractionating column is used 
for the fractionation of  Java citronella oil in  batch 
systems (Beneti et al. 2011; Almeida et al. 2018). 

The distillate product consists of  two groups; the 
first is the light fraction rich in citronellal. The second 
is the heavy fraction consisting of citronellol and ge-
raniol, widely known as rhodinol (Wany et al. 2014). 
Therefore, rhodinol is  a  determining factor in  the 
fractionation which the content in citronella oil needs 
to be detected in the fractionation process system. 

The technology of  modern vacuum fractionating 
distillation continues to  develop and even works 
automatically. However, its setting process is  still 
conventional because it  depends on  the labora-
tory analysis results of the citronella oil feed, using 
gas chromatography-mass spectrometry (GC-MS) 
(Agustian et al. 2007). The oil composition from the 
GC is used to evaluate the volume for each fraction. 
The parameters for controlling the separation are 
not based on  the concentration of  the component. 
However, depending only on  its volume fractions. 
Consequently, the time processing it  is inefficient 
and costly. 

Developing a modern agro-industry requires pro-
cess technologies to work more quickly, practically, 
and effectively to increase the productivity and qual-
ity. It is necessary to innovate technology to control 
the fractionation distillation. A technological inno-
vation is the process control based on a smart sen-
sor system. In applying smart sensor systems, digital 
methods related to  computing and programming 
can ensure the acquisition and processing of  data 
in  real-time to  assist in  designing control systems 
and monitoring the production process conditions 
(Chandra et al. 2019; Jumaah and Xue 2019). 

In data acquisition, the activities include sens-
ing units, signal conditioning, and signal process-
ing to obtain the appropriate data. The sensing unit 
is  the main factor that must be  explored to  match 
the characteristics of the detected chemical compo-
nents (Hutchins 1997; Popescu et al. 2017; Chandra 
et al. 2019). One of  the sensing unit developments 
is  the adoption of  the principle of  spectrometry, 
which has been used to  analyse the components 
of  the citronella oil fraction using near-infrared 
(NIR) spectroscopy, 

Spectrometric techniques have been utilised for 
the characterisation analysis of  citronella products 
using near-infrared (NIR) spectroscopy. Also, the 
NIR spectrum measurement technique is  accepted 
to rapidly assess the essential oil products’ authentic-
ity, not damage the material and due to its low cost. 
The NIR spectrum measurement at  a  wavenumber 
of about 4540 cm–1 combined with the GC-MS result 
is used in predicting the citronella oil products’ con-
tent (Bota et al. 2015). The vibrations of C-H, N-H, 
and O-H bonds in almost all substances containing 
a hydrogen covalent force, are absorbed in the near-
infrared region. NIR spectroscopy allows the meas-
urement of  the concentration of  the constituents 
in  a  solution as  the intensity of  the O-H overtone 
vibration mode decreases significantly compared 
to  the fundamental one in  the infrared (IR) region 
(Rondonuwu and Setiawan 2020). The molecular 
structure and O-H and C-H bonds of rhodinol com-
pounds absorb energy from the infrared electromag-
netic radiation, and are recorded as  spectral data. 
The development of  NIR spectroscopy calibration 
statistics is used not only for fast quality control, but 
also it is successfully applied in monitoring the recti-
fication of essential oil components during the distil-
lation process (Pfeffer et al. 2001). 

The gap in this research is the control of the frac-
tionating distillation citronella oil process based 
on  a  smart sensor system. With the development 
of  this technology, it  is hoped that the fractional 
distillation process can be  carried out online be-
cause it  is integrated into the column and provides 
real-time quality data to make process improvements 
quickly. This study aims to develop a calibration mod-
el based on  the NIR spectroscopy approach for the 
initial stage of developing a spectral smart sensor sys-
tem to predict the rhodinol content in citronella oil. 

MATERIAL AND METHODS

Preparation of the samples. Forty-eight samples 
which were obtained from one of  the citronella oil 
refining industries in West Java, Indonesia, were di-
vided based on the variation of the rhodinol concen-
tration, i.e., 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 
65, 70, 75, 80, 85, 90, and 95% v/v. The calibration 
model used two groups of the sample and one group 
for predicting the rhodinol content and model vali-
dation intent.

Instruments and equipment. A  liquid BUCHI 
NIRFlex N-500 spectrometer (BUCHI, Switzerland), 
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a measuring cylinder, a volumetric pipette, a drop-
per, a  magnetic stirrer, a  GC-MS, a  CAMO Un-
scrambler X Prediction Engine (CAMO Software, 
Norway), and MS Excel office software (Ver. 16.0, 
2019) were used in this study.

NIR spectra measurements. The transmittance 
of the NIR spectral data was obtained from eighteen 
citronella oil samplers using fibre-optic liquid NIR-
Flex N-500. The samples were placed into cuvettes 
with a  thickness of 2 mm, each filled with 0.5 mL. 
The NIR spectra was acquired with the spectral 
area wavelength ranging from 1 000 to  2 500 nm 
(4 000 to10 000 cm–1 wavenumber). The scanning in-
terval was set to 4 cm–1 with a speed of 1 scans/s for 
10 s. During the spectra measurements, the sample 
temperature was maintained at  26  °C. The spectra 
of the samples were acquired from a mean of sixty-
fourth scans. 

NIR data processing and analysis. The derivative 
technique (first and second derivatives) can clarify 
the peaks and valleys of  the absorbance spectra 
of  the NIR spectroscopy data. This technique re-
moves the background and increases the resolution 
of the spectra. The first derivative corrected the base-
line spectral absorbance. Meanwhile, implementing 
the second derivative improved the inseparability. 
Each derivative step starts with a spectrum using the 
Savitzky-Golay smoothing (SGs) technique of  the 
3rd order polynomial with eleven frames (Bota et al. 
2015). It is usually used to eliminate noise. Smooth-
ing is used in  the signal-to-noise rate optimisation 
so that the overlapping spectra can be decomposed 
and easily observed.

Furthermore, the calibration and validation of the 
logarithmic absorbance spectra (log 1/T) analy-
sis of  the NIR used the partial least squares (PLS) 
method (Novianty et al. 2020). The method to eval-
uate the predicted model used several statistical 
parameters including the correlation coefficient (r), 
standard error of  calibration set (SEC), standard 
error of  prediction set (SEP), coefficient of  varia-
tion (CV), the ratio of the performance to deviation 
(RPD), and the consistency. The model had high ac-
curacy when the SEC and SEP scores were small, 
while the r and RPD scores were significant (Bec et 
al. 2020; Novianty et al. 2020). Moreover, the mod-
els had minor differences in  the SEC scores. The 
spectra data pre-treatment technique and the PLS 
method calibration used the Unscrambler X soft-
ware (Ver. 10.4, 2016).

RESULT AND DISCUSSION

NIR spectra and rhodinol content of citronella 
oil. The absorbance value of the citronella oil’s spec-
tra increased from the range of 1 000 to 2 500 nm, 
as  shown in  Figure 1. The physical characteristics 
of the functional groups and the substance in the ma-
terial will affect the shape of the spectra. When a mol-
ecule is emitted by IR electromagnetic wave radiation 
with the appropriate frequency, the molecular bonds 
in  the material carry out a vibrational motion, both 
in stretching and bending. These molecular bonds re-
spond, such as C-C, C-H, C-O, and O-H, and absorb 
this energy (Singh and Jayas 2012). Therefore, the 
NIR spectroscopy recorded the absorption intensity, 

Figure 1. Near-infrared spectroscopy (NIR) absorbance spectra of the various rhodinol contents in the citronella oils
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represented as  a  valley on  the spectrum (Purwanto 
et al. 2013; Kurniawan et al. 2019).

Based on  Figure 1, a  distinctive rhodinol con-
centration was observed in the NIR spectra region 
at the wavelength of 1 620 nm. The higher the rho-
dinol content in the citronella oil, the higher the ab-
sorbance spectra value. Furthermore, the deepest 
absorption intensity at the wavelength of 1 685 nm 
indicated the citronellol and geraniol compound 
(the main component of  rhodinol). This study 
matches the absorbent characteristics based on the 
C-H stretching in  the first overtone (Cen and He 
2007). The selected characteristics are absorbent, 
based on the distribution of the C-H stretching the 
first overtone of  the organic bonds in  the electro-
magnetic wave, as shown in Table 1.

Different spectra peaks were marked about 
1  620  nm considering the C-H bond in  the first 
stretching overtones while featuring some of  the 
functional groups in the molecular structure of the 
rhodinol compound. The peak absorption at  the 
wavelength of 1 685–1 695 nm was probably from 
the geraniol content due to the stretching vibration 
from CH3 and the aromatic bond. It  is known that 
aromatic terpene alcohol compounds, including 
geraniol and citronellol, are the main components 
of rhodinol having a CH3 bond (Tisserand and Young 
2014; Bota et  al. 2015). Meanwhile, about 55–65% 
of the rhodinol consists of a mixture of citronellal-L 
and geraniol. This high content causes the photon 
energy absorption in the transmittance spectrum.

The rhodinol content was measured using the GC-
MS method. Its value was obtained from the total 
percentage of the citronellol and geraniol. Further-
more, the absorbance spectrum that was sensitive 
to the changes in the rhodinol content in the citron-

ella oil was created in a calibration curve. The rhodi-
nol content of the citronella oil in this research was 
around 11.07–95%, as shown in Table 2.

Bota et al. (2015) described combining the meas-
urements of  the crude Java citronella oil spectrum 
in  the NIR wavelength region of  2 200 nm with 
a GC-MS analysis could build the predictors of the 
pure citronella oil content from distinguishing 
it with the adulterants. However, the results of this 
study showed that the difference in  the rhodinol 
concentration in the citronella oil can be seen from 
the absorbance spectrum value in  the NIR wave-
length region of 1 620 nm. The distinct wavelength 
point was due to  the differences in  the main con-
stituent in  the citronella oil samples. The rhodinol 
product obtained from fractional distillation is rich 
in  two components, citronellol and geraniol, ac-
cording to Eden et al. (2018). Meanwhile, the main 
component of crude Java citronella oil is citronellal, 
citronellol, and geraniol.

The study written by  Pfeffer et  al. (2001) men-
tioned the principle of  NIR spectroscopy is  appli-
cable for the characterisation of  various essential 
oils by applying an identical prediction quality. This 
study developed the prediction model using data 
referenced from the rhodinol content data and band 
assignment spectrum. The correlation between the 
NIR spectroscopy band spectrum changes the ob-
tained prediction model that is sensitive to the cit-
ronella oil. Therefore, the reference data determined 
the success in predicting the value of  the rhodinol 
compound in the citronella oil using NIR spectros-
copy.

Calibration and prediction model. A  calibra-
tion model can be  created by  first building a  cali-
bration database. Commonly, a  reliable calibration 
model is  necessary for quantitative and qualitative 
analysis purposes using the NIR spectroscopy appli-
cation. This model is  combined with chemometric 
techniques, which is a multivariate data analysis us-
ing the partial least square (PLS) regression method. 
PLS is  a  quantitative analysis method widely used 
in developing ideal qualities for linear analysis (Iqbal 
et al. 2019). It also reduces the dimensions of the data 

Table 1. Selected characteristics of the absorbent based 
on the C-H stretching first overtone 

Wavelength (nm) Product example
1 620 CH2

1 645 R-CH-CH
1 660 cis-RCH=CHR
1 685 aromatic
1 695–1 699 CH3

1 705 CH3

1 725 CH2

1 740, 1 742, 1 765 SH, CH2

1 780 cellulose

Table 2. Rhodinol content in the citronella oils (in %)

Process Range Mean SD
Calibration 11.07–95.00 56.60 25.00
Validation 10.75–92.93 54.22 23.86

SD – standard deviation
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to obtain relevant factors to predict and interpret in-
formation and provides a better method of calibra-
tion than polymerase chain reaction (PCR). 

The NIR transfectant spectrum data are used 
to develop the rhodinol levels prediction model with 
the GC-MS results of the chemical content informa-
tion. The mathematical model of the calibration da-
tabase is used to predict the chemical components 
of a constituent (Windawati et al. 2019).

To perform the calibration and model validation, 
the pre-treatment and non-pre-treatment (original 
spectrum) data are applied to refine the data and re-
duce the complexity of  the overlapping data spec-
trum. Thus, the gradations of the spectrum graphics 
will be readily observed clearly with each other. The 
NIR data treatment processing and PLS regression 
method for calibrating and validating the rhodinol 
content prediction model are shown in Table 3.

Table 3 shows the results of  the calibration and 
validation using the PLS regression. The RPD value 
of  9.23 indicated that the model performed well. 

The RPD value is  inversely proportional to  the 
CV score. Therefore, the bigger the RPD, the smaller 
the CV score (Bec et al. 2020). The chemical content 
prediction accuracy was determined by the correla-
tion coefficient (r > 0.9), low predictive standard er-
ror, low coefficient of variation (CV), high RPD (> 2), 
and in the range of showing 80% to 110% consisten-
cy (Windawati et al. 2019; Novianty et al. 2020). The 
original spectrum and PLS-R  calibration gave the 
best predictions for the rhodinol content (r = 0.99, 
SEC = 2.78%, CV = 16.81%, RPD = 9.23, and con-
sistency 96.53%). The Savitzky-Golay smoothing 
(SGs) first derivative data processing methods and 
De-trending (DT) were used for the data prediction, 
even though their accuracies were lower than the 
original spectrum.

The finest model to predict the rhodinol content 
was y = 0.9874x + 15.6439, left out the application 
of  the pre-treatment data (r  = 0.99, SEC = 2.78%, 
SEP = 2.88%, CV = 16.81%, RPD = 9.23). Figure 2 
shows the finest calibration model result plot for the 

Table 3. Calibration and validation of the near-infrared spectroscopy (NIR) data process using the partial least square 
(PLS) regression

Data process Factors
Calibration Validation

Consistency
(%)r

SEC SEP 
RPD CV (%)

(%)
No pre-treatment

F4 0.99 2.78 2.88 9.23 16.81 96.53
Pre-treatment
SGs F4 0.99 3.18 3.32 8.06 19.25 95.78
DT F4 0.84 3.13 3.28 8.19 22.63 95.43

SGs – Savitzky-Golay smoothing technique; DT – De-trending; r – correlation coefficient; SEC – standard error of cali-
bration set; SEP – standard error of prediction set; RPD – ratio of performance to deviation; CV – coefficient of variation

Figure 2. Rhodinol content references (%) 
and rhodinol content prediction (%) plot
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NIR spectrum of  the rhodinol content references 
and the rhodinol prediction in the citronella oil. NIR 
spectroscopy can be  used to  analyse the compo-
nents in the citronella oil fraction. These results are 
in agreement with (Iqbal et al. 2019; Windawati et al. 
2019; Novianty et al. 2020), which confirm that the 
PLS method can improve the accuracy of  the NIR 
spectroscopy analysis to predict the various chemi-
cal compounds in materials, such as the main com-
ponents in oil. This study indicated that the model 
to predict the rhodinol content using the PLS meth-
od could be reliable in the initial stage of the spec-
tral smart sensor development. According to Pfeffer 
et al. (2001), developed NIR spectroscopy calibrated 
statistics can be used not only for rapid quality con-
trol purposes, but also to  monitor the enrichment 
of the valuable essential oil components during frac-
tionation distillation.

CONCLUSION

This study reported the utilisation of NIR spec-
troscopy for developing a calibration model to pre-
dict the rhodinol content in  citronella oil. The 
NIR spectrum at a wavelength peak of 1 620 nm 
estimated the rhodinol content in  the citronella 
oil. Moreover, the absorption peak at  1 685 nm 
attracted more attention because of  the geraniol 
and citronellol content as  the bonds of  aromatic 
compounds. The optimum calibration model for 
predicting the rhodinol content was successfully 
acquired using a  four-factor PLS method. At  the 
same time, the absorbance of the spectral data was 
analysed without the pre-treatment information. 
To predict the rhodinol content, it was represented 
by  a  mathematical model y  = 0.9874x + 15.6439 
with SEC = 2.78%, SEP = 2.88%, CV = 16.81%, 
RPD = 9.23, r = 0.99. The spectrum band assign-
ment of the rhodinol content prediction is accept-
able and robustly improved the accuracy of  the 
PLS model. Finally, this research shows that NIR 
spectroscopy and PLS models were possible to use 
for the initial stage in developing a spectral smart 
sensor system to  determine the rhodinol content 
of citronella oils.
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