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ABSTRACT
Article history. The use of near-infrared spectroscopy (NIRS) to predict coffee bean

quality has shown significant promise due to its high efficiency and
precision. This study aimed to employ NIRS to estimate caffeine and
chlorogenic acid (CGA) levels in coffee beans from two distinct
geographical regions. While NIRS models are often tailored for specific
products, expanding their applicability could enhance productivity. The
study utilized multivariate analysis on 50 samples, comprising both
Arabica and Robusta coffee varieties. Results for the caffeine prediction
model included a coefficient of correlation in the calibration set (Rcal)
of 0.85, root mean square error in the calibration set (RMSEC) of 0.30,
coefficient of correlation in the cross-validation set (Rev) of 0.82, root
mean square error in the cross-validation set (RMSECV) of 0.31, and a
ratio of prediction to deviation (RPD) of 2.21. For CGA, the model
produced values of 0.88 (Rca), 0.61 (RMSEC), 0.88 (Rw), 0.65
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Quality, (RMSECV), and 2.18 (RPD). Key wavelengths associated with caffeine
Real-time detection, and water were identified at 1122, 1452, 1682, and 1950 nm, while
Robusta CGA showed strong correlations at 1415, 1718, and 1909 nm. The study

concluded that the model’s accuracy was satisfactory, highlighting the
potential of NIRS as a viable alternative to traditional laboratory
methods for predicting caffeine and CGA levels in coffee beans.

Introduction

Coffee (Coffea sp.) is a high-value agricultural
commodity that thrives in tropical regions,
particularly in Indonesia. The islands of Java and
Sumatra offer ideal geographical conditions for
cultivating coffee plants due to their favorable
climate and soil. Belonging to the Rubiaceae
family, the genus Coffea comprises around 120
species, with Coffea arabica L. (Arabica) and
Coffea canephora L. (Robusta) being the primary
species cultivated for commercial bean
production (Shokouh et al, 2019). These two
species play pivotal roles in the coffee industry
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due to their distinct characteristics. Arabica,
known for its smooth taste, vibrant acidity, and
aromatic profile, thrives in high-altitude areas
with abundant rainfall and fertile soil (Saurnida
etal, 2023). Conversely, Robusta, recognized for
its strong, bitter flavor and higher caffeine
content, is a popular choice for espresso blends.
The flavor and quality of coffee are influenced by
a variety of chemical components, including
alkaloids, phenolic acids, flavonoids, terpenoids,
sterols, caffeine, chlorogenic acid (CGA),
antioxidants, moisture content, and volatile
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compounds (Alamri et al, 2022; Gobbi et al,
2023; Saud and Salamatullah, 2021).
Understanding and analyzing these components
are crucial for assessing the quality and taste
characteristics of coffee beans.

Caffeine, a key component of coffee beans, has a
significant impact on their taste profile,
contributing to the acidity and sharpness of flavor
(Santosa et al, 2021; Tsegay et al, 2020).
Rigorous monitoring of caffeine content is crucial
for maintaining consistent coffee quality.
Similarly, chlorogenic acid (CGA) plays an
essential role in shaping coffee’s unique aroma
and flavor, making the precise measurement of
both components vital for ensuring optimal coffee
bean quality. The levels of caffeine and CGA are
influenced by a combination of internal and
external factors (Purwoko et al., 2022). Internal
factors, such as the species and variety of the
coffee plant (Girma et al.,, 2020), play a pivotal
role in determining these components. External
variables, including environmental conditions
and cultivation practices, further influence their
concentration (Purwoko et al, 2022). Caffeine
primarily contributes to the bitterness of coffee,
while CGA is responsible for its sour taste
(Awaliyah et al, 2022). Interestingly, a higher
caffeine concentration is generally associated
with superior coffee quality, whereas increased
CGA levels may indicate lower quality.
Traditionally, high-performance liquid
chromatography (HPLC) has been widely used to
measure caffeine and CGA content (Awwad et al.,
2021; Ayelign and Sabally, 2013; Sa et al., 2023).
While HPLC is a robust and accurate analytical
technique, it has several limitations. The method
requires extensive sample preparation, including
extraction and dissolution in a solvent before
injection into the HPLC column. This labor-
intensive process, coupled with the high cost of
laboratory equipment and reagents, can be time-
consuming and may restrict accessibility for
budget-constrained laboratories. Additionally,
errors in sample preparation or equipment
operation can significantly affect the accuracy of
the results, necessitating a high level of expertise
for proper operation and data interpretation.
Given these challenges, technological
advancements have introduced alternative
methods for detecting caffeine and CGA. One
increasingly popular approach is near-infrared
spectroscopy (NIRS) (Goisser et al, 2020;
Kusumiyati et al, 2018, 2019a, 2020, 2021a;
Rodriguez et al., 2023; Vitale et al., 2013). This
non-destructive technology enables the rapid and
efficient measurement of caffeine and CGA levels
by analyzing the interaction between near-
infrared light and coffee bean molecules. The
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molecular interactions produce distinct spectral
patterns that can be identified by NIRS
instruments, offering a more accessible and
streamlined alternative to traditional methods.
Near-infrared spectroscopy (NIRS) offers
numerous advantages to the coffee industry,
providing a reliable, efficient, and user-friendly
method for quality assessment without requiring
complex preparation or specialized expertise
(Kusumiyati et al.,, 2022a). The technology allows
simultaneous detection of multiple components,
enabling a comprehensive evaluation of coffee
bean quality in a fraction of the time. NIRS is
particularly effective in preventing species
contamination among coffee samples, a prevalent
challenge in regions with diverse coffee
cultivation practices. By doing so, it plays a crucial
role in helping industry stakeholders maintain
the quality and purity of coffee beans. Numerous
studies have demonstrated the effectiveness of
NIRS in identifying various components in coffee,
including CGA content, moisture levels, caffeine,
and color (Ayu et al, 2020; Grassi et al,, 2021;
Levate et al., 2021; Juliano et al,, 2021; Scholz et
al,, 2014; Tugnolo et al,, 2021; Yusmanizar et al.,
2019). However, ongoing research is necessary to
refine the spectral data for more precise
predictions.

This study aimed to develop an accurate NIRS
calibration model for measuring caffeine and CGA
content in Arabica and Robusta coffee beans
sourced from two geographical regions. A non-
destructive approach was employed, showcasing
the potential of NIRS to rapidly and efficiently
evaluate coffee quality while preserving the
integrity of the samples. To achieve this, the
current research compared two regression
methods—partial least squares regression
(PLSR) and principal component regression
(PCR). The optimal regression method was then
selected to construct a calibration model for
quantifying caffeine and CGA content in coffee
beans. By integrating these methods, the research
highlights the promise of NIRS as a practical and
innovative tool for coffee quality assessment.

Materials and Methods

Coftee bean samples

Each coffee sample used in the study weighed 50
g. A total of 50 coffee bean samples, comprising
both Arabica and Robusta species, were collected
from Java (West Java and East Java) and Sumatra
(West Sumatra, South Sumatra, and Lampung)
Islands. The number of samples from each island
was selected randomly to ensure diversity. The
same set of samples was used for both calibration
and cross-validation processes. These samples
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were harvested, sorted, and prepared for spectral
measurements and laboratory analysis. All
procedures were conducted at the Horticulture
Laboratory, Faculty of Agriculture, Universitas
Padjadjaran, Indonesia, to ensure consistency
and accuracy in sample handling and analysis.

Collecting spectral data

Diffuse reflectance spectra data were collected
using a NIR spectrometer (PSD NIRS i16 USK)
with a wavelength range of 1000-2000 nm and a
resolution of 0.2 nm. The acquisition process
involved 32 scans per sample. The PSD NIRS i16,
developed in 2016, has been widely tested for
spectral data acquisition across various
agricultural products, including rice, honey,
mangoes, bananas, grapes, tomatoes, oranges,
garlic, onions, soil samples, coffee beans, coffee
powder, cocoa beans, and cocoa powder. The
device was calibrated using the Thermo Nicolet
Antaris™ 1[I, a standard NIRS instrument, at
Georg-August University in Goettingen, Germany
(Hayati et al,, 2021). This calibration ensured
high accuracy and reliability for spectral
measurements. The PSD NIRS il1l6 features
photodiode sensors with an optical gain
adjustable from 2x to a maximum of 16x, and its
spectral range spans 1000-2500 nm. It can
capture transmittance, reflectance, and
absorbance spectrum data, with spectra files
saved in *.spa or *.csv formats. To ensure optimal
light penetration during measurements, coffee
beans were evenly distributed in a cylindrical
quartz sample container. After placement, the
spectrometer averaged the spectra per sample,
ensuring consistent and accurate data
acquisition.

Laboratory analysis

Caffeine analysis

Quantifying caffeine in coffee beans is typically
performed using high-performance liquid
chromatography (HPLC) (Shimadzu, LC 20AT
Prominence, Japan). This method is highly
effective for separating and measuring various
chemical compounds in coffee beans, including
caffeine. The HPLC procedure involves several
stages, including sample preparation and
extraction, following the methodologies of
Khasanov et al. (2005), Ciaramelli et al. (2019),
and Adnan et al. (2020). Initially, the coffee beans
were ground into a fine powder using a grinder.
The resulting powder was sieved through a 0.355
mm mesh. To prepare the solution, 10 mg of the
coffee powder was dissolved in 10 mL of distilled
water. The mixture was stirred for 5-10 minutes
at 90 °C to ensure thorough dissolution. The
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extract was then centrifuged at 5000 rpm for 5
minutes and filtered through a 0.45 pm filter. The
supernatant was separated from the solution and
used as the sample for HPLC analysis. For the
elution process, a gradient method was applied to
vary the concentration of the organic modifier.
Two solutions were used: (A) 0.025 M sodium
acetate with a pH of 6.8 and (B) a mixture of 0.025
M sodium acetate (pH 6.8) and acetonitrile in a
70:30 volume ratio. The column was initially
equilibrated for 4 minutes with a 95:5 ratio of
solutions A to B. The sample was then introduced
into the column, and after 4 minutes, the gradient
was adjusted to achieve a 15:85 ratio of solutions
A to B. Detection was performed using a UV
detector set at a wavelength of 280 nm. Caffeine
levels in the samples were quantified and
expressed as percentages (%), providing an
accurate measure of caffeine content in the coffee
beans.

CGA analysis

The quantification of chlorogenic acid (CGA)
concentration in coffee beans is commonly
carried out using high-performance liquid
chromatography (HPLC) (Shimadzu, LC 20AT
Prominence, Japan). The determination of CGA
followed the methodologies outlined by Shan et
al. (2014), Naveen et al. (2018), and Munawar et
al. (2024). The preparation process began with
grinding the coffee beans into a fine powder,
which was then sieved similarly to the procedure
used for caffeine measurement. For CGA
extraction, the finely ground coffee was mixed
with a solution of water and methanol in a 6:4
volume ratio. The mixture was thoroughly
agitated and allowed to rest for 5 minutes to
ensure proper extraction. The liquid portion,
containing suspended particles, was collected
and prepared for HPLC analysis. During the HPLC
procedure, the mobile phase consisted of a
solution containing 70% methanol. A UV detector
set to a wavelength of 324 nm was used to
identify and quantify CGA. The concentrations of
CGA in the coffee samples were expressed as
percentages (%), providing an accurate
assessment of their CGA content.

Data analysis

Data analysis was conducted using partial least
squares regression (PLSR) and principal
component regression (PCR), two methods
commonly employed in spectroscopy studies.
Both techniques aim to develop accurate
predictive models, reveal underlying patterns
and trends, and analyze the variability within
spectral data. PLSR focused on extracting
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components strongly correlated with laboratory
analysis results (dependent variables) from NIR
spectral data (independent variables). In
contrast, PCR reduced data dimensionality by
combining principal components, which were
then used to estimate caffeine and CGA values. To
enhance the accuracy of the models, spectral pre-
treatment with multiplicative scatter correction
(MSC) was applied. This step minimized noise
and variability in the coffee spectra, improving
data quality for analysis. The analyses were
performed using The Unscrambler X 10.4
software (Camo Software AS, Oslo, Norway),
following procedures outlined by Kusumiyati et
al. (2021b, 2021c¢).

Results

Measured data analysis
Table 1 details the caffeine and CGA composition
in coffee beans from two botanical varieties,

Arabica and Robusta, cultivated in Java and

Sumatra. Various factors influence the
characteristics of coffee, including genetic
makeup, growing environment, cultivation

practices, postharvest handling, and analytical
methodologies. In Java, caffeine content ranged
from 2.14% to 4.54%, with an average of 3.28%.
In Sumatra, caffeine content showed a broader
range, from 1.48% to 4.24%, and a slightly lower
average of 3.02%. Although the average caffeine
values were relatively comparable between the
two islands, Sumatra exhibited greater
variability, reflected by a standard deviation (SD)
of 1.67% compared to Java’s SD of 0.67%. When
categorized by botanical variety, Arabica coffee
displayed a caffeine content range of 1.58% to
4.54%, with a mean of 3.10% and an SD of 0.69%.
Robusta coffee, on the other hand, had a caffeine
content range of 1.48% to 4.24%, with a mean of
3.13% and an SD of 0.73%.

Table 1. Laboratory analysis of caffeine and CGA in coffee beans.

Geographical Botanical
Parameters Value
Java Sumatra Arabica Robusta
Min 2.14 1.48 1.58 1.48
Max 4.54 4.24 4.54 4.24
Caffeine (%)
Mean 3.28 3.02 3.10 3.13
SD 0.67 1.67 0.69 0.73
Min 6.12 6.42 6.12 6.42
Max 12.48 11.32 12.48 10.72
CGA (%)
Mean 8.46 8.50 8.51 8.55
SD 0.69 1.29 1.45 1.26

Min: Minimum, Max: Maximum, SD: Standard deviation.

Features of the spectra

NIRS spectra visually represented the degree to
which materials absorbed or reflected light
within the 1000-2000 nm wavelength range.
Figure 1a illustrates the spectra obtained from
coffee beans using diffuse reflectance (original
spectra). These spectra comprise peaks and
valleys, which indicate the light intensity detected
at various NIRS wavelengths. Notably, the
wavelength around 1400 nm is strongly
associated with CGA composition, while the
wavelength near 1900 nm is closely related to
caffeine content. These associations align with
findings from previous studies (Budiastra et al,,
2018; Ribeiro et al, 2011), which reported
similar correlations.

Agricultural commodities exhibit complex
chemical compositions. Figure 2 highlights how
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regression coefficients identify the wavelengths
with the greatest influence on modeling each
coffee quality parameter. These key wavelengths
are distinguished by prominent peaks and
troughs. The spectral patterns for each sample
type were visually categorized to identify
similarities and differences. Figure 1b presents a
PCA plot, where multiplicative scatter correction
(MSC) was applied to the original absorbance
spectra to enhance PCA results. MSC, a widely
used normalization method, adjusts spectra by
aligning them more closely with a predefined
reference. By manipulating spectral size and
offset, it allows determination of the dataset’s
mean (Windig et al,, 2008). Additionally, Figure
1b demonstrates the potential to achieve
complete spectral separation between Arabica
and Robusta coffee beans from Java and Sumatra,
with a 100% success rate.
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Fig. 1. Spectra characteristics of samples (Arabica and Robusta coffee beans): (a) full spectra of samples, (b) PCA
scores plot extracted from the spectra data of two distinct geographical areas.

Model development

Table 2 presents the accuracy values of the PLSR
and PCR methods for calibrating and cross-
validating caffeine and CGA content in coffee
beans. The data indicate that the PLSR method
performed best for caffeine, whereas PCR yielded
the optimal model for CGA. Regression
coefficients (R) serve as statistical indicators
describing the strength and direction of the
relationship between spectral data and chemical
content in regression analysis, playing a critical
role in evaluating model performance. For
caffeine, the highest accuracy was achieved using
PLSR, with a coefficient of correlation in the
calibration set (Rcal) of 0.85, a root mean square
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error of calibration (RMSEC) of 0.30, a coefficient
of correlation in the cross-validation set (Rev) of
0.82, and a root mean square error of cross-
validation (RMSECV) of 0.31. The model also
utilized seven latent variables (LVs) and achieved
a ratio of prediction to deviation (RPD) of 2.21.
For CGA content, PCR provided the most accurate
model. It produced an Rca of 0.88, an RMSEC of
0.61, an Rev of 0.88, and an RMSECV of 0.65, with
three latent variables and an RPD of 2.18. The
reliability of both models is evident from their
RPD values, which exceeded the threshold of 2.
The best RPD value for caffeine was 2.21, while
for CGA, it was 2.18, indicating that both models
are capable of producing accurate quantitative
predictions.
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Fig. 2. Regression coefficient of calibration models for predicting caffeine and CGA.

Table 2. Summary of PLSR and PCR results for calibration and cross-validation of caffeine and CGA in coffee beans.

Quality attributes  Regression methods LVs Real RMSEC Rev RMSECV RPD
Caffeine PLSR 7 0.85 0.30 0.82 0.31 2.21
PCR 4 0.84 0.30 0.83 0.32 2.15
CGA PLSR 2 0.92 0.48 0.85 0.72 1.98
PCR 3 0.88 0.61 0.88 0.65 2.18
CGA: chlorogenic acid, PLSR : partial least squares regression, PCR: principal component regression, LVs:

latent variables (RMSECYV), (LVs), and (RPD), Rca: the coefficient of correlation in the calibration set, RMSEC:
root mean square error of the calibration set, Rey: the coefficient of correlation in the cross-validation, RMSECV:
root mean square error of the cross-validation set, RPD: the ratio of prediction to deviation.

Figure 3 presents scatter plots for caffeine and data distribution represents the calibration set
CGA derived from the original spectra. The black analysis, while the grey distribution corresponds
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to the cross-validation set. Scatter plots visually
depict the relationship between two variables
and are commonly used to assess calibration and
cross-validation results for caffeine and CGA
content in coffee beans. The plots illustrate the
outcomes of calibration and cross-validation in
NIRS data analysis, demonstrating a strong
correlation between reference values (obtained
through laboratory analysis) and predicted
values (generated by NIRS). This strong
correlation indicates that the calibration and
cross-validation models effectively predict
caffeine and CGA content in coffee beans.

Scatter plots are valuable tools for evaluating the
accuracy of prediction models. A better
regression model is characterized by a closer

12
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10

Predicted - caffeine (%)

alignment between the data distribution and the
regression line. The proximity of the plotted data
to the regression line reflects the accuracy of
NIRS-estimated values in comparison to their
corresponding laboratory reference values
(Rushing et al, 2016). By facilitating such
evaluations, scatter plots allow analysts to assess
prediction model accuracy and compare the
performance of various multivariate statistical
methods (Budiastra et al, 2018). This study
identified key wavelengths closely associated
with caffeine and water at 1122, 1452, 1682, and
1950 nm (Fig. 2a). For CGA, the wavelengths of
1415, 1718, and 1909 nm showed strong
correlations.
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Fig. 3. Scatter plot for calibration model and cross-validation of caffeine and CGA in coffee beans, (a) caffeine, and (b)

CGA.
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Discussion

In CGA content, Arabica coffee ranged from 6.12%
to 12.48%, while Robusta varied between 6.42%
and 10.72%. The standard deviation (SD)
measures data variation or dispersion within a
sample. A large SD indicates significant
dispersion from the mean, whereas a low SD
suggests limited data point variation (Andrade,
2020). For CGA content in coffee beans from Java,
the range was 6.12% to 12.48%, with an average
of 8.46% and an SD of 0.69%. In Sumatra, CGA
content ranged from 6.42% to 11.32%, with an
average of 8.50% and an SD of 1.29%. The
caffeine and CGA values observed in this study
were higher than those reported by Maia et al.
(2013).

In NIRS analysis, spectral peaks and troughs arise
from the influence of chemical contents in a
substance (Blanco and Villarroya, 2002). NIRS
has proven effective in determining the moisture
and soluble solid content in pears (Mishra et al,,
2021) and evaluating the hardness of apples (Shi
et al, 2011). Additionally, UV-Vis-NIRS
technology combined with chemometrics has
been used to differentiate civet coffee from
regular coffee (Suhandy et al., 2018), successfully
predicting civet content in roasted Robusta civet
coffee (Suhandy and Yulia, 2017). Spectroscopy
serves as a non-destructive method for assessing
various quality attributes of agricultural
commodities, delivering accurate and rapid
results. By exposing samples to NIRS light, some
wavelengths are absorbed, reflected, or
transmitted. This absorption pattern reveals
information about the material's chemical bonds
and molecular structure, making NIRS spectra
crucial for showcasing the chemical composition
of a sample in a non-destructive manner. Spectral
analysis enables the prediction of various
chemical components, including moisture, fat,
and carbohydrates (Fonseca et al, 2019;
Pandiselvam et al., 2022; Sharma et al.,, 2017),
demonstrating its value in detecting chemical
contents.

NIRS technology has widespread applications
across agriculture, food and beverage,
pharmaceuticals, and environmental analysis. By
examining peaks and valleys in NIRS spectra,
analysts can enhance the precision and reliability
of their methods, making NIRS a robust tool for
agriculture and industrial applications. Moreover,
PCA effectively classified coffee samples based on
their island of origin (Java and Sumatra),
underscoring the utility of this approach in
distinguishing geographic origins.

The model’'s accuracy was assessed using
parameters such as Real, RMSEC, Rev, RMSECV, LV,
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and RPD (Kusumiyati et al., 2021d; Kusumiyati et
al, 2022b). Samples from two distinct
geographical areas, Java and Sumatra, were
analyzed to determine whether their spectra
could be reliably distinguished based on origin.
Both sample groups are represented in Figure 1b.
PCA revealed that principal component (PC) 1
explained 75% of the total variation in the
dataset, while PC2 accounted for an additional
16%. Together, these components described 91%
ofthe dataset’s total variance, suggesting that PC1
and PC2 provided sufficient information for
effective analysis. The PCA results are visualized
in a two-dimensional scatter plot (Fig. 1b), where
the combined contribution of PC1 and PC2
exceeds 70% of the total variance. This highlights
the effectiveness of PCA for visualizing data
distribution through a two-dimensional score
scatter plot (Saganowska and Wesolowski, 2017).
Spectroscopy was employed to analyze and
determine the chemical composition of the
samples. Model development in spectroscopy
analysis typically involves two key stages:
calibration and cross-validation. These stages are
critical for assessing model accuracy and offer an
objective evaluation of the model’s performance
with previously unseen data. The caffeine
prediction results in this study showed higher
accuracy than those reported by Budiastra et al.
(2018). Their original spectra yielded Rca
(0.582), SEC (0.045), SEP (0.042), and RPD
(1.11). However, the findings closely aligned with
those of Ayu et al. (2020), where original spectra
produced Rea (0.914), SEC (0.067), SEP (0.072),
and RPD (1.965).

The prediction model for CGA yielded results that
surpassed those of Budiastra et al. (2020), where
original spectra obtained Rcal (0.70), SEC
(0.2935), SEP (0.3182), and RPD (1.18).
Additionally, Shan et al. (2014) predicted CGA
content using the standard normal variate (SNV)
correction method with accuracy values of R2cv
(0.76) and RMSECV (1.10). A good model was
predicted to provide a substantial R2 value and
minimal error in calibration and validation sets
(Kusumiyati et al., 2019b). The results showed
that Rcal for caffeine and CGA was 0.85 and 0.88,
respectively, indicating a strong positive
relationship between spectral data and chemical
content. NIRS could be used for predicting
caffeine and CGA content in coffee beans
accurately. The RPD value in this research was
over 1.5. An RPD value below 1.5 showed
inadequate predictive capability and
unsuitability, while values between 1.5 and 2
indicated that the model was capable of
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discerning between low and high response
variables. RPD values within the range of 2 to 2.5
implied the potential for generating approximate
quantitative predictions. When the value
exceeded 2.5 and reached 3 or above, it signified
excellent accuracy in predicting (Nicolai et al,
2007; Saeys et al., 2005).

PLSR emerged as the superior regression model
for predicting caffeine (Fig. 3a), whereas PCR
demonstrated the highest accuracy for CGA
prediction in coffee (Fig. 3b). Both PLSR and PCR
create new predictor variables, referred to as
components, but they employ different
methodologies for their construction. The
relative effectiveness of PLSR and PCR depends
on the nature of the dataset. PLSR often yields
better results in certain contexts, while PCR may
prove more effective in others. For example, PLSR
has been shown to be more suitable for predicting
fat content when evaluating cocoa bean quality,
whereas PCR achieves optimal accuracy for
moisture content (Kamal et al,, 2021). Similarly,
studies on protein and hardness prediction using
hyperspectral NIR spectroscopy found PLSR to
outperform PCR (Mahesh et al, 2015). The
comparative accuracy of PLSR and PCR depends
on factors such as the dataset's characteristics,
the number of predictor variables, and the
interpretability of the generated components.
Both regression methods have their respective
strengths and weaknesses, with their precision
being influenced by additional variables,
including data variability, modeling techniques,
and the equipment used (Kusumiyati et al,
2022c). Wavelengths correlated with chemical
composition are highlighted in Figure 2. Those
critical for predicting caffeine and water content
include 1128, 1450, 1672, and 1940 nm
(Budiastra et al., 2018), while CGA prediction
relies on wavelengths such as 1415, 1718, and
1909 nm. Peaks at 1477, 1726, and 1934 nm
indicate CGA absorption (Budiastra et al., 2020;
Ribeiro et al,, 2011). These findings suggest that
NIRS serves as an efficient and rapid method for
predicting caffeine and CGA content in coffee.
Additionally, NIRS has been used to predict
primary alkaloids such as caffeine, theobromine,
and theophylline in coffee beans (Huck et al,
2005). In previous studies, NIRS was employed to
determine caffeine content in Arabica green
beans across wavelengths ranging from 1000 to
2500 nm (Ayu et al, 2020). Another analysis
identified 17 significant wavelengths for
predicting caffeine content (Pizarro et al., 2007).
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Conclusions

In conclusion, this study demonstrated that NIRS
could effectively predict caffeine and CGA
concentrations in coffee beans from two distinct
geographical regions. Previous NIRS studies have
successfully quantified various components in
coffee, including CGA  levels, caffeine
concentration, and color. This study introduces a
novel method for efficiently quantifying caffeine
and chlorogenic acid in coffee beans from
multiple geographical locations. Not only does
this approach deliver rapid results, but it also
offers a non-destructive technique, highlighting
the potential of NIRS for assessing coffee quality.
The results indicated that the developed model
performed exceptionally well for predicting
caffeine and CGA, with R values = 0.85. Key
wavelengths at 1122, 1452, 1682, and 1950 nm
were strongly correlated with caffeine and water
content, while wavelengths at 1415, 1718, and
1909 nm were significantly associated with CGA.
The analysis confirmed that the NIRS model for
predicting caffeine and CGA was satisfactory,
offering a viable alternative to traditional
laboratory (destructive) methods. Future studies
should explore further optimization of spectral
pre-treatments to enhance the precision and
reliability of the models. The use of NIRS in the
horticultural  industry  provides  several
advantages, including rapid analysis, minimal
sample preparation, the ability to analyze
multiple components simultaneously, and real-
time monitoring of plant quality, nutrient content,
and ripeness. Moreover, NIRS reduces
environmental impact by eliminating the need for
chemicals, improves quality control processes,
and offers low operational costs once
implemented.
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