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Cajuput oil is widely used for its therapeutic properties; however, its high 
economic value makes it vulnerable to adulteration with cheaper solvents, such 
as turpentine. This study employed ATR-FTIR spectroscopy combined with 
chemometric methods to qualitatively classify and quantitatively predict 
turpentine adulteration in cajuput oil. Cajuput oil samples were adulterated with 
turpentine at concentrations ranging from 0% to 10% (v/v) in 0.5% increments 
and analyzed in the mid-infrared region (4000–400 cm−1). Spectral 
pretreatments, including multiplicative scatter correction (MSC), smoothing, 
baseline correction, second derivative, and standard normal variate (SNV), were 
applied prior to chemometrics analysis. FTIR spectra revealed the appearance of 
C=C stretching bands at 1647 and 1508 cm−1 only in the adulterated samples. In 
contrast, Principal Component Analysis (PCA) with SNV and MSC pretreatments 
provided clear clustering of samples according to turpentine concentration, with 
cumulative variances reaching up to 90%. Partial Least Squares (PLS) using MSC, 
smoothing, baseline correction, and SNV pretreatments yielded excellent 
calibration and cross-validation performance, with R2 values of 0.98–0.99, and 
low SEC/SECV and RMSEC/RMSECV values. These results demonstrate that ATR-
FTIR spectroscopy combined with appropriate chemometric pretreatments offers 
a rapid, solvent-free, and reliable approach for authentication and quality control 
of cajuput oil adulterated with turpentine. 

 

1. Introduction 

Indonesia, a tropical nation with rich biodiversity, is 
a prominent source of various essential oils with 
extensive applications across multiple industries. These 
aromatic essential oils serve as primary ingredients in 
cosmetics [1], aromatherapy [2], pharmaceuticals [3], 
and food products [4]. Among the diverse types of 
essential oils produced, cajuput oil derived from cajuput 
globulus of the Myrtaceae family stands out due to its 
unique aroma, health benefits, and high economic value 
[5]. The importance of cajuput oil in Indonesia is 
highlighted by its annual production, estimated at 650 
tons, which is a significant contribution to the global 
production of around 3,500 tons annually [6]. The high 
demand for cajuput oil in Indonesia has caused the 
country to become one of its largest importers. 

Cajuput oil is highly valued for its therapeutic 
properties, primarily due to its main chemical 
component, 1,8-cineole (also known as eucalyptol). This 
compound has shown effectiveness in respiratory 
treatments, provides calming effects, prevents insect 
bites, relieves joint pain, and supports digestive health 
[7]. Recent studies have also highlighted the antiviral 
potential of 1,8-cineole, demonstrating through in silico 
analyses its inhibitory effects against COVID-19 by 
binding to specific viral proteins [8]. The widespread 
health benefits associated with cajuput oil have led to a 
significant increase in consumer demand, making it an 
essential commodity in the Indonesian healthcare 
market. 

However, the surge in demand has brought about 
challenges, particularly in ensuring the purity and 
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authenticity of cajuput oil products available to 
consumers. Adulteration has become a prevalent issue, 
where some producers exploit the demand by introducing 
cheaper substitutes or diluting essential oils with other 
substances to lower production costs [9]. This practice 
not only undermines the medicinal efficacy of cajuput oil 
but also poses health risks, such as allergies and skin 
irritation, especially among consumers unable to 
distinguish between pure and adulterated products [10]. 
Thus, there is a critical need for reliable and efficient 
methods to authenticate cajuput oil, ensuring that 
products on the market are both safe and beneficial for 
consumers. 

Traditional methods for evaluating the purity of 
cajuput oil primarily involve physicochemical analysis. 
Researchers commonly employ techniques such as gas 
chromatography-mass spectrometry (GC-MS) and 
measurements of specific gravity, optical rotation, 
alcohol solubility, and refractive index [11]. While 
effective, these methods often involve complex sample 
preparation, the use of hazardous chemicals, 
instrumental limitations, data handling challenges, 
environmental impact, and high costs [12]. In response to 
these limitations, researchers have increasingly turned to 
Fourier Transform Infrared (FTIR) spectroscopy 
combined with chemometrics as a promising alternative. 
FTIR spectroscopy enables rapid analysis [13] and non-
destructive analysis of chemical composition by passing 
infrared radiation through a sample, where certain 
wavelengths are absorbed, while others are transmitted 
[14]. The resulting spectral data provide clues into the 
molecular structure of the sample, making it suitable for 
distinguishing between pure and adulterated cajuput oil. 

Given the robust results from previous studies, this 
research employs FTIR spectroscopy in conjunction with 
chemometric methods, specifically Principal Component 
Analysis (PCA) and Partial Least Squares (PLS) 
regression, to investigate the purity and quality of cajuput 
oil. PCA is instrumental in reducing data dimensionality 
[15], allowing for a clearer distinction between pure and 
adulterated Cajuput oil samples based on spectral 
characteristics. PCA generates score plots that help 
visualize the clustering of data [16]. This technique is 
particularly useful for evaluating the effectiveness of data 
pretreatment methods, as it shows how well they improve 
the separation of pure and adulterated samples. 
Pretreatment is a critical step in chemometrics that helps 
eliminate unwanted spectral variations, thereby 
improving the accuracy and interpretability of PCA 
results [17]. 

Conversely, PLS regression is employed as a 
calibration tool to quantify adulterants, such as 
turpentine, in cajuput oil samples [18]. This study 
specifically targets turpentine adulteration, as it is one of 
the more commonly encountered adulterants in essential 
oils [19]. Through the application of PLS regression, this 
study aimed to develop a model capable of accurately 
predicting turpentine concentration in cajuput oil, 
thereby providing a reliable tool for quality control. The 
accuracy of the model was evaluated using key indicators, 
including the coefficient of determination (R2) and the 

standard error of calibration and prediction (SEC/SEP), to 
ensure its reliability and applicability in practical 
contexts [20]. 

This study aims to address the existing gaps in 
cajuput oil authentication through three primary 
objectives. First, it seeks to characterize the FTIR spectra 
of pure and adulterated cajuput oil samples by analyzing 
functional groups and absorbance intensities, which are 
crucial for identifying distinct spectral fingerprints 
associated with each sample type. Second, the study 
evaluates the impact of pretreatment on data 
classification by analyzing PCA-generated score plots, 
which provide a quantitative assessment of data 
separation quality. Finally, it assesses the accuracy of PLS 
calibration models in predicting turpentine 
concentrations within adulterated samples, aiming to 
establish a robust, cost-effective method for cajuput oil 
purity testing. 

This research contributes to the expanding body of 
literature on essential oil authentication methods, 
specifically within the context of cajuput oil, which 
remains underexplored despite its substantial economic 
and therapeutic value. Chemometric methods, including 
Principal Component Analysis (PCA) and Partial Least 
Squares (PLS), offer dependable strategies for processing 
complex FTIR data, significantly enhancing sample 
differentiation capabilities and delivering accurate 
quantitative results, thereby mitigating the limitations 
inherent in relying solely on direct spectral analysis [21]. 

By employing FTIR-chemometric techniques, this 
study not only provides an innovative approach to the 
quality control of cajuput oil but also addresses the 
broader demand for efficient, environmentally 
sustainable authentication methods in the essential oil 
industry. These findings are expected to benefit 
producers, regulatory agencies, and consumers by 
ensuring access to authentic, high-quality cajuput oil 
products. Additionally, the methodological framework 
established in this study may serve as a foundation for 
future research on essential oil authentication, 
particularly for oils that face challenges similar to those 
posed by adulteration. 

2. Experimental 

2.1. Sample Preparation and Adulteration Proceedings 

Cajuput oil samples were obtained from local 
distillation in Aceh. In this study, the oil was adulterated 
with turpentine, a common industrial solvent. The 
turpentine, sourced from PT Samiraschem Indonesia, is a 
natural solvent derived from the distillation of pine resin. 
Adulteration was performed by adding turpentine to 
cajuput oil at concentrations ranging from 0% to 10% 
(v/v) in increments of 0.5%, yielding 21 sample 
variations. Each preparation contained approximately 10 
mL of cajuput oil to maintain consistency. All 21 
concentrations were prepared in triplicate, resulting in a 
total of 63 samples. Prior to analysis, the samples were 
stored in glass containers under controlled conditions to 
prevent chemical alteration or contamination. 
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2.2. FTIR Measurement 

The prepared samples were analyzed using Fourier 
Transform Infrared (FTIR) spectroscopy to obtain their 
respective absorption spectra. FTIR analysis was 
performed within the mid-infrared region, covering 
wavenumbers from 4000 to 400 cm−1, to examine the 
absorption spectra of each sample. Measurements were 
conducted with a SHIMADZU IR-21 FTIR spectrometer 
using a scanning range optimized to capture key spectral 
features relevant to both cajuput oil and turpentine. 
Spectral acquisition parameters were carefully adjusted 
to ensure high-resolution data collection across the 
defined turpentine concentration gradient (0–10%, v/v) 
in 0.5% increments. Each sample spectrum was recorded 
and stored in an Excel format for subsequent data 
processing and chemometric analysis. The collected 
spectral data were subsequently processed using 
chemometric techniques to detect distinct variations 
associated with adulteration. FTIR analysis provided the 
initial dataset used as a reference for both quantitative 
and qualitative evaluation of adulteration levels. 

2.3. Spectral Pretreatment 

To enhance spectral clarity and ensure data 
consistency, several pretreatment techniques were 
applied to the FTIR spectra prior to chemometric analysis. 
These included second derivative transformation, 
smoothing, baseline correction, Multiplicative Scatter 
Correction (MSC), and Standard Normal Variate (SNV) 
transformation. The application of these pretreatments 
standardized the spectral data, minimized artifacts, and 
improved the interpretability of the patterns associated 
with different levels of adulteration [22]. 

2.4. Statistical Determination Using Multivariate 
Chemometrics 

Chemometric analysis was performed using The 
Unscrambler X (CAMO Software) version 10.4.43636.111, 
employing both qualitative and quantitative approaches 
to characterize the levels of adulteration and spectral 
patterns. The wavenumber range used for multivariate 
analysis was 4000–400 cm−1. This range was selected 
because it includes the key functional group vibrations 
relevant to both the main components (cajuput oil) and 
the adulterant (turpentine). This range captures 
important molecular information, such as the stretching 
and bending vibrations of functional groups, which are 
crucial for distinguishing pure cajuput oil from 
adulterated samples. 

Principal Component Analysis (PCA) was conducted 
as a qualitative analysis to interpret the distribution and 
grouping of spectra, facilitating differentiation between 
pure and adulterated samples. PCA allowed for the 
visualization of spectral variability and the identification 
of distinct clusters associated with varying turpentine 
concentrations. Partial Least Squares (PLS) was chosen as 
the quantitative analysis method due to its superior 

ability to handle collinearity in the data and provide more 
reliable predictions of concentration values in complex 
datasets. PLS can simultaneously model the relationship 
between the spectra and the concentration of turpentine, 
which makes it particularly suited for this type of 
analysis. For the PLS modelling, a total of 63 ATR-FTIR 
spectra were used to construct the calibration model. The 
same 63 spectra were subsequently subjected to an 
internal cross-validation method, as no separate external 
validation set was defined. PLS models were developed 
using pre-treated spectral data, with the following 
statistical parameters evaluated to assess model 
accuracy: coefficient of determination (R2), standard 
error of calibration (SEC), root mean square error of 
calibration (RMSEC), standard error of cross-validation 
(SECV), and root mean square error of cross-validation 
(RMSECV). 

3. Results and Discussion 

3.1. Characterizations of Pure Cajuput Oil and 
Adulterated Cajuput Oil 

This section presents and discusses the FTIR spectra 
of both pure cajuput oil and cajuput oil samples 
adulterated with turpentine. The analysis aims to 
distinguish pure cajuput oil from adulterated samples by 
identifying spectral variations induced by the 
incorporation of turpentine at varying concentrations. 
Figure 1 illustrates the FTIR spectra of pure cajuput oil and 
the adulterated samples across the defined turpentine 
concentration range. 

As shown in Figure 1, the FTIR spectral profiles of 
both the 0% and 10% cajuput oil samples exhibited 
similar overall patterns. However, noticeable variations 
in absorbance values and intensities at specific 
wavenumbers indicate the presence of adulterant 
compounds in the 10% sample. Further insights into the 
functional group differences between the samples are 
presented in Table 1. 

 

Figure 1. Spectra of pure cajuput oil (0% turpentine) and 
adulterated cajuput oil (10% turpentine) 
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Table 1. Identification of functional groups in cajuput oil samples with varying turpentine concentrations 

No. 
Functional 

groups 
0% turpentine 10% turpentine 

Wavenumber (cm−1) Intensity Wavenumber (cm−1) Intensity 

1 
C-H 

stretching 

2966 strong 2966 strong 

2922 strong 2922 strong 

2879 strong 2879 strong 

2 
C=C 

stretching 
- - 1647 medium 

- - 1508 medium 

3 C-H bending 
1465 medium 1465 medium 

1375 medium 1375 medium 

4 O-H bending 1305 medium 1305 medium 

5 
C-O 

stretching 

1215 strong 1215 strong 

1166 strong 1166 strong 

1080 strong 1080 strong 

1053 strong 1053 strong 

1016 strong 1016 strong 

6 C=C bending 

983 strong 985 strong 

920 strong 920 strong 

887 strong 887 strong 

842 medium 842 medium 

- - 786 medium 

The principal component of cajuput oil is 1,8-cineole, 
which is represented by the chemical formula C10H18O. 
Functional groups indicative of the presence of 1,8-
cineole, detectable by FTIR, include C-H, O-H, and C-O 
bonds. Conversely, the main component of turpentine, 
which acts as an adulterant, is α-pinene with the chemical 
formula C10H16. The chemical bonds of α-pinene include 
C-H and C=C bonds. 

The results from both spectra show similar patterns, 
as shown in Figure 1. This was identified by peaks 
appearing within specific functional groups. The C-H 
functional group, observed in the 3000–2850 cm−1 
wavenumber range, corresponds to stretching vibrations 
in alkane compounds. In adulterated cajuput oil (10% 
turpentine), peaks at 1647 cm−1 and 1508 cm−1 indicate the 
presence of C=C stretching bonds, signifying turpentine 
content [23]. Peaks at 1465 cm−1 and 1375 cm−1 correspond 
to moderate-intensity C-H bending vibrations, while the 
peak at 1305 cm−1 represents moderate-intensity O-H 
bending. Additionally, the C-O functional group, 
observed within the 1000–1300 cm−1 range, suggests the 
presence of 1,8-cineole, whereas the C=C bending 
functional group appears within the 995–665 cm−1 range, 
further indicating the turpentine content. A key 
difference between the two spectra is the presence of the 
C=C stretching group, which appears exclusively in the 
adulterated cajuput oil sample, whereas the C=C bending 
group is present in both samples. 

Visually differentiating the spectra, particularly in 
terms of the functional groups, of pure cajuput oil and 
adulterated samples poses significant challenges. To 
overcome these limitations, a comprehensive set of 
investigative approaches has been adopted, 
incorporating chemometric techniques to enhance 

spectral interpretation [24]. Chemometrics, which 
integrates mathematics, chemistry, and statistical 
analysis, provides a powerful framework for detecting 
subtle differences in spectral data that are not readily 
observable by visual inspection alone [25]. This analytical 
strategy enables a more accurate assessment of 
functional group variations and supports the verification 
of adulterant presence within the samples. The following 
sections describe the chemometric methods employed to 
achieve these objectives. 

 

Figure 2. Hotelling T2 ellipse of (a) raw spectra without 
removal of outliers, (b) removal of outliers 
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Figure 3. PCA score plots of ATR-FTIR spectra with different spectral pretreatments: (a) raw, (b) MSC, (c) smoothing, 
(d) baseline correction, (e) 2nd derivative, and (f) SNV 

3.2. Principal Component Analysis (PCA) 

The analysis of PCA clustering began with an 
essential preliminary step, such as outlier removal. This 
process was implemented to prevent extreme data points 
from distorting dimensionality reduction. By excluding 
such outliers, PCA becomes more robust, and the derived 
components more faithfully capture the actual patterns 
within the data [26]. This provides a more reliable basis 
for subsequent interpretations and analyses. 

Outlier removal is a process of identifying data points 
that fall outside the ellipse and is conducted using the PCA 
method in conjunction with Hotelling’s T2 ellipse [27]. 
Hotelling’s T2 ellipse was utilized to assess whether the 
data were sufficiently well-behaved for further analysis 
[28]. In this process, a significance level of 10% (90% 
confidence level) was applied to determine the threshold 
for outlier identification, ensuring that only data within 
acceptable limits were retained for subsequent analysis. 

The results of Hotelling’s T2 ellipse in Figure 2(a) 
prior to outlier removal, reveal a total of 63 data points. 
Three data points, N1, N2, and N3, at a turpentine 
concentration of 6.5% were identified as outliers. Outliers 
are defined as data points that exhibit patterns 
significantly different from those of the majority of the 
dataset [29]. After performing outlier removal using 
Hotelling’s T2 ellipse, as shown in Figure 2(b), the dataset 
was reduced from 63 to 60 samples. This refinement 
allowed the data analysis process to proceed to the 
clustering analysis phase using PCA. 

Clustering analysis is a data grouping technique that 
utilizes PCA with spectral data pre-treatment methods to 
improve the accuracy of the resulting models [30]. The 
pretreatment of spectral data adjusts spectral algorithms 

to enhance data quality by reducing wave interference and 
noise, ultimately producing a more reliable and stable 
model [31]. Following pretreatment, the data underwent 
PCA using the Unscrambler software, allowing for more 
precise clustering of the samples. The pretreatment 
methods applied in this analysis include MSC, smoothing, 
baseline correction, second derivative transformation, 
and SNV, all of which are instrumental in reducing 
spectral variability and enhancing model interpretability. 
These methods are widely recognized for their efficacy in 
producing high-quality spectral data for robust 
multivariate analyses, as documented in several studies 
[32]. Figure 3 shows a plot of the PCA scores after outlier 
removal. The detailed results of the PCA scores for several 
pre-treatment techniques are presented in Table 2. 

Table 2. Cumulative variance of PCA scores with different 
pretreatment techniques 

Pretreatment 
PC-1 
(%) 

PC-2 
(%) 

Cumulative 
variance (%) 

Raw spectra 57 31 88 

MSC 77 13 90 

Smoothing 58 30 88 

Baseline 78 9 87 

2nd derivative 89 4 93 

SNV 77 13 90 
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PCA clustering analysis results with the applied 
pretreatments demonstrated that certain methods, 
specifically SNV and MSC, effectively clustered turpentine 
concentrations within the data. For each PCA 
pretreatment, the total clustering capability was assessed 
using cumulative variance values, calculated as the sum 
of the variance explained by the first two principal 
components (PC-1 and PC-2). The high cumulative 
variance scores indicate that PC-1 and PC-2 together 
capture the essential information and variability in the 
original spectral data, aligning with findings from prior 
research that highlight the effectiveness of these 
components in spectral clustering tasks [33]. Based on 
cumulative variance, the 2nd derivative, SNV, and MSC 
pretreatments achieved the highest total variances at 
93%, 90%, and 90%, respectively, as shown in Figure 
3(e), 3(f), and 3(b). 

Beyond cumulative variance in PCA, each 
pretreatment entails distinct advantages and trade-offs. 
SNV and MSC effectively normalize scattering and path-
length variation, thereby enhancing cluster separation in 
PCA while preserving the linearity of the spectra–
concentration relationship in PLS (as reflected by high 
calibration and validation R2). Smoothing and baseline 
correction reduce noise and baseline drift, yielding more 
stable PLS predictions without removing relevant 
intensity information. In contrast, the second derivative 
sharpens narrow band features often manifested as 
higher PCA variance yet may amplify noise and diminish 
absolute intensity information required for regression, 
ultimately lowering R2 in PLS. 

Further analysis of clustering using SNV and MSC 
pretreatments revealed two primary clusters based on 
PC-1, with PC-1<0, representing turpentine 
concentrations from 0% to 5%, and another with PC-1>0, 
corresponding to concentrations from 5.5% to 10%. This 
clustering along PC-1 signifies that SNV and MSC 
pretreatments are effective in distinguishing between 
lower and higher concentrations of the adulterant. 
Additionally, clustering along PC-2 provided further 
resolution, with PC-2<0 corresponding to turpentine 
concentrations between 0% and 0.5%, and PC-2>0 
representing concentrations from 1% to 5%. Within the 
PC-1 range, values between 0 and 0.5 clustered samples 

containing 5.5–7.5% turpentine, while PC-1>0.2 
represented higher concentrations ranging from 8–10%. 

The ability of SNV and MSC pretreatments to 
generate well-defined clusters across the 0% to 10% 
concentration range supports their efficacy in enhancing 
PCA-based spectral interpretation. This clustering 
performance is consistent with the high cumulative 
variance observed, confirming that these algorithms are 
particularly suited for the spectral analysis of complex 
mixtures such as essential oils [34]. The identification of 
distinct clusters related to different concentration levels 
provides a robust framework for detecting adulteration in 
cajuput oil, as it indicates that SNV and MSC are capable 
of reliably distinguishing between cajuput oil and 
adulterant compounds across a range of concentrations. 
These results are consistent with previous studies 
highlighting the critical role of appropriate spectral 
pretreatment in enhancing data quality and clustering 
accuracy in chemometric analyses [35]. 

3.3. Partial Least Squares (PLS) 

PLS is a multivariate regression method widely used 
in chemical analysis, particularly for building predictive 
models based on spectral data [36]. In this study, PLS was 
employed to quantify turpentine in cajuput oil accurately 
by utilizing infrared spectra as predictor variables. PLS 
models were analyzed through calibration and validation 
processes. The parameters used to determine the 
influence of the wave number range on PLS analysis are 
the coefficient of determination (R2), SEC, RMSEC, SECV, 
and RMSECV. 

The calibration and cross-validation results for the 
different spectral pretreatments are summarized in Table 
3. In general, the PLS models exhibited high predictive 
ability for most pretreatments, with R2 values ranging 
from 0.98 to 0.99 for both calibration and validation in 
the MSC, smoothing, baseline correction, and SNV 
pretreatments. These high R2 values indicate that a large 
proportion of the variation in turpentine concentration is 
explained by the FTIR spectral information and that the 
models have strong predictive capability. In addition, the 
SEC/RMSEC and SECV/RMSECV values obtained for these 
pretreatments are very low, confirming that the 
prediction errors are small. 

Table 3. Performance of PLS models using different spectral pretreatments 

Pretreatment 
Calibration Validation 

R2 SEC RMSEC R2 SECV RMSECV 

Raw spectra 0.74 0.0063 0.0062 0.74 0.0063 0.0062 

MSC 0.98 0.00081 0.0008 0.98 0.00081 0.0008 

Smoothing 0.99 0.001 0.001 0.99 0.001 0.001 

Baseline 0.98 0.001 0.001 0.98 0.001 0.001 

2nd derivative 0.58 0.0002 0.0002 0.58 0.0002 0.0002 

SNV 0.98 0.0043 0.0043 0.98 0.0043 0.0043 
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Figure 4. Reference vs predicted plots of PLS models for calibration (left column) and cross-validation (right column) 
using different spectral pretreatments: raw spectra (a-b), MSC (c-d), smoothing (e-f), baseline correction (g-h), 

2nd derivative (i-j), and SNV (k-l) 

The comparison between calibration and validation 
errors also suggests that the models are stable and do not 
suffer from severe overfitting. For example, the MSC 
pretreatment yielded an R2 of 0.98 for both calibration 
and validation, with SEC and SECV values of 0.0006 and 
0.00081, respectively. A similar trend is observed for the 
smoothing and baseline pretreatments, where the 
differences between calibration and validation errors are 
minimal, indicating that the PLS models can be reliably 
applied to new samples within the same population. 

In contrast, the 2nd derivative pretreatment resulted 
in noticeably lower R2 values for both calibration (0.64) 
and validation (0.58), despite its very small error values. 
The relatively low R2 indicates that a smaller portion of 
the variance in the reference turpentine concentration is 
captured by the model, resulting in weaker predictive 
performance compared to the other pretreatments. This 
suggests that the 2nd derivative transformation may 
introduce additional noise or distortions in the spectra 
that are not fully compensated by the PLS models. 
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The scatter plots of calibration and validation data 
for each pretreatment, shown in Figure 4, further support 
these findings. For the MSC, smoothing, baseline 
correction, and SNV pretreatments, the data points are 
closely clustered around the 1:1 line, indicating good 
agreement between predicted and reference values in 
both calibration and validation sets. By contrast, the 2nd 
derivative pretreatment shows a wider dispersion of 
points, consistent with its lower R2 values. Taken 
together, these results demonstrate that the application 
of appropriate spectral pretreatments, particularly MSC, 
smoothing, and baseline correction, significantly 
improves the performance and robustness of the PLS 
models for turpentine quantification in cajuput oil. 

The application of chemometrics, mathematical and 
statistical techniques for analyzing chemical data, 
enhances the interpretative power of FTIR spectroscopy. 
When combined with chemometrics, FTIR spectroscopy 
has shown potential for the rapid and accurate 
classification of essential oil samples, even in cases where 
adulterants are present at low concentrations [37]. This 
study has several limitations that need to be addressed. 
The number of samples used was insufficient to represent 
cajuput oil produced with different distillation methods 
and commercially available cajuput oil. This limited 
sample size may affect the ability of PCA and PLS models 
to optimally recognize patterns owing to the lack of 
representation of a wide range of data variations. 
Furthermore, models built with a small number of 
samples are prone to overfitting, which can reduce the 
prediction accuracy and generalization ability of the 
model. A combination of FTIR spectroscopy and 
chemometrics generates complex spectral data. This 
requires expertise to ensure that the analysis is 
performed accurately and precisely. 

The results of this study contribute to the qualitative 
and quantitative analysis of essential oils, particularly 
cajuput oil. Although the samples used do not encompass 
variations from different distillation processes or 
commercial samples on the market, this study 
demonstrates that chemometrics approaches based on 
PCA and PLS can be effectively applied to such analyses. 
However, limitations of this research include the 
relatively small sample size and the lack of variation in 
the samples, which may limit the generalizability of the 
findings to a broader range of cajuput oil samples from 
different regions or production methods. Additionally, 
the study focused only on the adulteration with 
turpentine, and other types of adulterants or 
environmental factors influencing the oil composition 
were not considered. To further explore the chemical 
characteristics of these findings, further research 
involving more samples from various types of cajuput oil 
is needed. Overall, this study proves that cajuput oil can 
be analyzed both qualitatively and quantitatively using a 
chemometrics approach, namely PCA and PLS. By 
demonstrating the effectiveness of the employed 
methodological approach, this study opens up 
opportunities for quality control of cajuput oil using FTIR 
spectrum-based chemometrics methods. 

4. Conclusion 

Spectral characterization of pure and adulterated 
Cajuput oil revealed that pure Cajuput oil does not exhibit 
C=C stretching bonds, whereas the adulterated sample 
demonstrated the presence of these bonds at 
wavenumbers of 1647 cm−1 and 1508 cm−1. Furthermore, 
the PCA method utilizing SNV and MSC pretreatments 
was the most effective for clustering, achieving a 
cumulative variance of 90% (PC-1:77% and PC-2:13%). 
In addition, the performance of PLS models using 
multiple scatter correction (MSC), smoothing, baseline 
correction, and standard normal variate (SNV) 
pretreatments showed excellent predictive accuracy and 
robustness, whereas the 2nd pretreatment produced lower 
R2 values and more scattered predictions, indicating 
poorer suitability for quantitative FTIR–PLS analysis of 
turpentine in cajuput oil. 
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