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ABSTRACT 
 

Mount Ijen is a prominent region for peaberry Robusta coffee beans, which has entered 

international markets. Accurate real-time estimation of its chemical components is crucial 

for export activities. This study evaluated moisture content, lipid, and caffeine in Robusta 

peaberry coffee beans from Ijen using FT-NIRS (Fourier Transform – Near Infrared 

Spectroscopy). A total of 50 samples were scanned in triplicate, generating 150 spectral data 

points. The data were optimized for wavelength selection and pre-treated using Standard 

Normal Variate Transformation (SNV), Second Derivative (dg2), Multiplicative Scatter 

Correction (MSC), and normalization. Results showed that FT-NIRS proved effective for 

rapid and accurate estimation of these components. The best calibration model used 

Kubelka-Munk transformation with dg2 pre-treatment in the 1000-2500 nm wavelength 

range. Optimal Partial Least Squares (PLS) factors were PLS 4 for lipid content (R2 = 0.98, 

SEP = 0.013%, SEC = 0.012%, CV = 0.81, RPD = 2.03, consistency = 95.21%), PLS 5 for 

moisture content (R2 = 0.94, SEP = 0.014%, SEC = 0.014%, CV = 0.80, RPD = 4.88, 

consistency = 101.02%), and PLS 5 for caffeine content (R2 = 0.94, SEP = 0.014%, SEC = 

0.014%, CV = 0.80, RPD = 4.88, consistency = 101.02%). 

1. INTRODUCTION 

The slope of Mount Ijen is one of the major coffee-producing areas in Banyuwangi Regency, known for their 

significant productivity. The most widely cultivated coffee variety in this region is peaberry Robusta, commonly 

known as peaberry coffee. Peaberry coffee is produced from single-seeded coffee beans that have a whole, round 

shape (Wulandari & Agustin, 2022). Siregar et al. (2020) stated that coffee is a commodity that dominates the 

Indonesian export market, and currently Indonesia ranks fourth as the largest coffee exporter in the world after Brazil, 

Vietnam and Columbia. Data from the Ministry of Agriculture in 2020, coffee exports of Indonesia amounted to 

375,671 ton (Widaningsih, 2022). Based on data from the Central Statistics Agency of East Java, Banyuwangi 

Regency is ranked second largest for coffee production with a total of 12,504 ton in 2022. 

Quality testing for food products is often done conventionally (destructively) where it damages the test sample, 

takes a long time and produces chemical residues (Zhu et al., 2021a). Arista et al. (2022), stated that there is an 

alternative in testing the quality of food products to be exported, namely by using non-destructive methods to shorten 

the time and reduce residues, one of which is by using FT-NIRS (Fourier Transform-Near Infrared Spectroscopy). The 

method offers several advantages, including rapid analysis, non-destructive testing, chemical-free procedures, zero 

waste production, suitability for various sample conditions, and the ability to analyze multiple parameters (Zhang et 

al, 2014). The working principle of NIRS is to absorb molecules in the wavelength range of 780-2500 nm (Kljusurić 

et al., 2019) where the NIRS spectra are created due to absorption of hydrogen bonds in the material including OH, 

CH, SH, NH combined with basic vibrations in the infrared area (Abbas et al., 2020; Shan et al., 2014). 
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Near Infrared Spectroscopy (NIRS) is a fast, non-destructive detection method that has high accuracy in estimating 

the chemical content of food ingredients (Gao et al., 2021). NIR has long been used in the industrial sector to predict 

the quality content of raw materials or finished products and the authenticity (variety) of agricultural products 

(Fernández Pierna et al., 2018). NIRS combined with chemometrics has been proven to be used in measuring the 

chemical content of coffee including caffeine, lipids, carbohydrates, phenolics, caffeine, trigonelline, theobromine and 

theophylline in coffee beans in real time (Ayu et al., 2024). The chemical content of coffee beans not only affects the 

quality but also affects the taste of the coffee produced (Rindang et al., 2022; Sahfitri et al., 2020). Zhu et al. (2021), 

stated that the lipid, caffeine and water content in coffee beans are important indicators that determine the final quality 

of the product. 

Estimation of chemical content closely related to the quality and taste of green beans, especially water, caffeine 

and lipid content in real time is necessary to support export activities. Until now the chemical content of peaberry 

coffee still uses conventional testing based on laboratory and sensory data. It takes a lot of time and money even 

though the demand for Ijen Robusta peaberry coffee continues to increase every year. Another alternative is needed to 

test the quality of peaberry coffee with a more effective and efficient method. One of the methods is FT-NIRS, which 

offers several advantages, including rapid analysis, non-destructive testing, chemical-free procedures, zero waste 

production, suitability for various sample conditions, and the ability to analyze multiple parameters (Zhang et al., 

2014). This study aims to estimate the chemical content of Robusta peaberry coffee from Ijen Slope, Banyuwangi, 

using FT-NIRS, focusing on moisture, lipid, and caffeine content. The goal is to identify the optimal wavelength, the 

best spectral data transformation, and pretreatment methods to produce a model with high prediction accuracy. This 

approach is expected to enhance cost and time efficiency in the export activities of Robusta peaberry green beans. 

2. MATERIALS AND METHODS 

2.1. Tools and Materials  

The tool used in non-destructive determination of chemical content is FT-NIRS Flex N-500 (BUCHI Labortechnic 

AG, Switzerland) in the wavelength range of 1,000-2,500 nm, while the equipment used in destructive testing includes 

analytical balance (OHAUS), oven (ISUZU), clamp, weighing bottle, desiccator, soxhlet, petri dish (pyrex), fat flask 

(Iwaki), aluminum cup, condenser, desiccator (DURAN), 100 mesh sieve, LCMS (SHIMADZU), centrifuge. 

The materials used in the study consisted of green bean Robusta peaberry coffee obtained from coffee farmers in 

the Ijen Slope area, Licin District, Banyuwangi Regency, while the materials used in the destructive chemical content 

analysis consisted of filter paper, 95% neutral ethanol, hexane, cotton, standard caffeine solution , formic acid, 

acetonitrile, 95% methanol, deionized water. 

2.2. Methods 

Research on the water, lipid and caffeine content of Ijen Slope Robusta Peaberry Green Beans was carried out 

destructively and non-destructively (using FT-NIRS). The initial stage carried out was: 

2.2.1. Sample Preparations 

Robusta peaberry green beans from Mount Ijen slope was first refined using a grinder. Conversion of coffee beans into 

powder was carried out using the chemometric method to reduce cavities that affecting absorbance. The coffee powder 

was classified by sieving using 100 mesh or 150 µm sieve (Purningsih et al., 2018). The sample was placed on a petri 

dish to measure absorbance with FT-NIRS. Sample of coffee beans and powder were presented in Figure 1. 

2.2.2. Chemical Scanning with FT-NIRS 

A total of 50 samples of Ijen Robusta peaberry green beans powder were placed on a petri dish, then a reflectance scan 

was performed with FT-NIRS (BUCHI Labortechnic AG Switzerland) at a wavelength of 1000-2500 nm. Scanning on 

the test sample was carried out with 150 samples with a data retrieval speed of 3 scans/s, the operating temperature of 

the tool in the range of 22-25°C with an electrical power requirement of 100-230 VAC ±10%, 50/60 Hz, 350 watts. 



Jurnal Teknik Pertanian Lampung Vol. 13, No. 4 (2024): 202 - 214 

 

204 
 

  

Figure 1. Robusta peaberry coffee from Mount Ijen slope: (a) Green beans, and (b) Ground coffee 

2.2.3. Lipid Testing (AOAC, 2012) 

Measurement of lipid content was carried out using the Soxhlet method. The initial stage of determining lipid content 

is to oven the fat flask at a temperature of 105°C for 30 minutes and then cool it in a desiccator. The cooled fat flask is 

then weighed (X). The next stage is to wrap ± 2 g of sample with filter paper and insert it into a sleeve and then close 

it with cotton. The next stage is to insert it into the extractor and then fill it with hexane solution. Next, extraction is 

carried out for a period of 5 hours and then oven at a temperature of 105°C for 20-30 minutes. The sample is then 

cooled in a desiccator and weighed (Y). Lipid content can be determined using the following equation: 

L (% wb) =
𝑌−𝑋

𝑊
× 100%      (1) 

L (% db) = 
𝐾𝐿 (%𝑏𝑏)

(100−𝐾𝐴)%𝑏𝑏
× 100%     (2) 

where W is dry weight sample (g), KL is fat content, and KA is water content 

2.2.4. Water Content Measurement (AOAC, 2012) 

Water content of Ijen Robusta peaberry green beans carried out using the gravimetric method. The initial stage is to 

dry the weighing bottle at a temperature of 100-105°C for 30 minutes and continued with cooling in a desiccator for 

30 minutes and weighing (J). The next stage is to insert 2 g of sample into the weighing bottle and weigh it (K). The 

sample is then oven-dried for 24 hours at a temperature of 100-105°C and cooled in a desiccator and continued with 

weighing (L). The water content (KA) of green beans was determined using the following equation: 

KA ( %) = 
𝐾−𝐿

𝐾−𝐽
× 100%     (3) 

where J is the weight of empty cup, K is the weight of cup + sample before drying, and L is the weight of cup + 

sample after drying 

2.2.5. Caffeine Measurement 

Measurement of caffeine content of Ijen Robusta peaberry green beans from Banyuwangi was carried out using 

LCMS. The initial stage carried out was to prepare a standard caffeine solution of 2 ppm and continued with the 

introduction into the LCMS column. During the testing process, the C-18 water column in the LCMS was conditioned 

at a temperature of 40°C, where the LCMS mobile phase would be divided into 2 phases, namely phase A which is a 

mobile phase of 40% H2O and 0.1% formic acid, while phase B is a mobile phase of 60% acetonitrile with a flow rate 

of 0.2 mL/min. Peak/valley caffeine concentration can be obtained at a certain time. The next stage is to weigh 0.2 g of 
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coffee and continue to enter it into a centrifuge tube. Extraction was carried out by adding 7 mL of 95% methanol and 

continued with centrifugation at a rotation speed of 20 rpm for 30 minutes. The supernatant obtained from the 

centrifugation process was separated, and the remaining residue was resuspended in the solvent. Furthermore, 0.25 of 

the filtrate was diluted with deionized water 5 times from the initial concentration. The sample solution was then 

diluted again with 15 mL of reagent which aims to remove/reduce the polymer. The sample solution and reagent were 

then centrifuged at a speed of 12000 rpm for 5 minutes. The supernatant obtained was then filtered and put into a 

chromatography bottle and continued with LCMS analysis so that the peak/valley of caffeine content would be 

obtained. The caffeine content of Ijen Robusta peaberry green beans was determined as the following: 

𝐾𝑓 =
100

100−𝐻
        (4) 

𝐼 = 𝐾𝑓 ×
100

1000
×

100

𝐵𝑠
× 𝐾𝑓       (5) 

2.2.6. FT-NIRS Spectra Data Transformation and Pretreatment 

Spectral data generated from scanning as many as 150 scan data of Ijen Robusta peaberry green beans. Likewise with 

the destructive lipid and water chemistry data used for calibration and validation of 150 sample scan spectral data. 

Transformation and pretreatment of spectral data were carried out using the unscrumbler X trial version (CAMO) 

software. The reflectance spectra generated from measurements with FT-NIRS were then transformed into absorbance 

(Log 1/R) and the Kubelka-Munk equation (K/S) (Arista et al., 2022). Reflectance transformation into Log 1/R 

absorbance can be done using the following equation: 

Y = 𝑙𝑜𝑔
1

𝑅
       (6) 

where Y is the absorbance, and R is reflectance. Meanwhile, the transformation of the spectra into absorbance using 

the Kubelka-Munk equation (K/S) is as follows: 

𝐾

𝑆
= 

{1−𝑅}2

2𝑅
       (7)  

where S is the light scattering coefficient, and K is the light absorption coefficient 

The data from the spectral transformation are then grouped into 2 types, namely 2/3 of the data is separated for 

calibration and 1/3 of the data is separated for validation. The data used for calibration and validation is pre-treated 

with spectral data first (Kumar et al., 2016). This aims to reduce the scattering of solid sample radiation measured 

based on the reflectance of the spectral line which can affect the phenomenon (Arista et al., 2022). The data 

pretreatment used in estimating the lipid content and water content of Ijen Robusta peaberry green beans is Standard 

Normal Variable Transformation (SNV), Second Derivative (dg2), Multiplicative Scatter Correction (MSC), and 

normalization. 

2.2.7. Spectral Data Evaluation (Calibration and Validation) 

The lipid, caffeine and water content of Ijen Robusta peaberry green beans can be seen from the value of R2 

(coefficient of determination), SEC (standard error of calibration), SEP (standard error of validation set), RPD (ratio of 

performance to deviation) and CV (coefficient of variation) (Mouazen et al., 2005). SEC describes the level of 

accuracy of the resulting calibration equation; a low value indicates minimal error in predicting calibration data. On 

the other hand, SEP measures the level of model inaccuracy during the validation process, with a smaller SEP value 

indicating better model accuracy. Consistency of SEC and SEP values in the range of 80-110% indicates that the 

model is not overfitting. CV indicates the magnitude of the error relative to the average chemical test results of the 

material. Meanwhile, RPD measures the ratio between the standard deviation of the reference data and the SEC and 

SEP values. RPD values in the range of 1.5-1.9 indicate that the prediction is still rough and requires improvement in 

calibration. RPD values between 2.0 -2.5 indicate an adequate calibration model, while values above 2.5 reflect very 

good prediction model accuracy. Mendes et al. (2022),states that a good prediction model has an R2 value in the range 

of values above 0.88, SEC (standard error of calibration) and SEP (standard error of validation set) approaching 0, 

RPD more than 2.5. 
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3. RESULTS AND DISCUSSION  

3.1. Chemical Content of Ijen Robusta Peaberry Coffee 

The FT-NIRS spectra data processing requires destructive chemical data used as a reference. Destructive testing for 

moisture content of Ijen Robusta peaberry coffee was carried out using the oven method and lipid testing refers to the 

soxhlet method. The chemical content of peaberry green beans is presented in Table 1. The average water content of 

green lanang coffee meets the quality standards set by BSN in SNI 01-2907 (BSN, 2008) where the general quality 

requirements for green beans contain a maximum water content of 12.5% and lipid content in the range of 12-14% and 

caffeine in the range of 2.2-2.5%. While the caffeine content in Ijen Slope Robusta Peaberry Green Beans is in the 

range of 2.46-3.59%. The standard deviation (SD) value obtained in estimating the lipid content and water content of 

Ijen Slope Robusta Peaberry Green Beans varies greatly. Standard deviation is a value used to assess the diversity of 

data, where a higher SD value will affect the accuracy of FT-NIRS predictions. 

Table 1 Chemical content of Ijen Robusta Peaberry Green Beans 

Chemical components Level (%) Average (%) SD (Standard Deviation) (%) 

Water 4.92-6.45 5.97 0.40 

Fat 15.8-17.5 16.5 0.51 

Caffeine 2.46-3.59 3.06 0.42 

 

3.2. Wavelength Optimization with Absorbance Spectra (Log/R) 

Zhou et al. (2024), stated that near infrared can be used to determine the chemical content of organic materials 

because the molecular bonds of organic materials are very sensitive to near infrared waves. Organic materials 

generally consist of O–H, N–H, C–H, and S–H atoms bound covalently and electrovalently to form molecules. When 

these molecules are irradiated with an external energy source, the molecules experience changes in potential energy 

(Budiastra et al, 2020). The results of scanning Ijen Robusta peaberry coffee with FT-NIRS are in the form of spectral 

data in the wavelength range of 1,000-2,500 nm. The average absorbance spectra of Ijen Robusta peaberry coffee has 

peaks and valleys which are presented in Figure 2. The peak of water absorption is at wavelengths of 1450, 1940 and 

2200 nm (Gauglitz & Vo-Dinh, 2006; Foley, 2003; Miller & Miller, 2010), lipids at wavelengths of 1,730 and 2,300 

nm (Beauchemin, 2009; Aernouts & Baerdemaeker, 2009) and caffeine at wavelengths of 1,380, 2,100 and 2,150 nm 

(Miller & Miller, 2010; Kuk & Jolly, 2010). Wang (2019) stated that the optimum absorption of CH, C-O and OH is in 

the combination band absorption region which is in the wavelength range of 2100-2500 nm.  

 

 

 

 

 

 

 

 

 

 

Figure 2. Scanning results of Robusta peaberry green beans from Mount Ijen slope in the range of 1000-2500 nm 
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The results of scanning lipid, water and caffeine content produced various absorption peaks at wavelengths of 2300 

nm (lipids), 1940 nm (water) and 2100 nm (caffeine). Purningsih et al. (2018) stated that the higher the concentration 

of chemical content in a food ingredient, the greater the absorbance value. This is in line with the statement Zhu et al. 

(2021) that the higher the concentration of chemical content in food ingredients, the absorbance value measured also 

tends to increase. This shows a direct relationship between the concentration of chemical components in the sample 

and the absorbance value measured in the spectroscopic technique 

The scanning results of Ijen Robusta peaberry coffee (Table 2) show that the wavelength range of 1000-2500 nm 

has more optimum lipid, water and caffeine absorption compared to the wavelength range of 1,000-1,500 nm. This is 

because the optimum lipid, water and caffeine content in the combination band region is in the wavelength range of 

2000-2500 nm as evidenced in Figure 2. The overall model built has relatively good prediction accuracy as evidenced 

by statistical evaluations covering the values of r, SEC, SEP, CV, RPD and consistency that are in accordance with the 

provisions. Arista et al. (2022) states that a prediction model with good accuracy has high coefficient of determination. 

Table 2. Accuracy of prediction of lipid, water and caffeine content of green bean Robusta at two wavelength ranges using PLS. 

Long 

Wave 
Parameter PLS Factor R 2 

SEC 

(%) 

SEP 

(%) 

CV 

(%) 
RPD 

Consistency 

(%) 

1000-1500 nm 

Water 9 0.78 0.073 0.070 1.31 1.65 79.07 

Lipid 8 0.80 0.064 0.059 1.51 1.79 80.65 

Caffein 10 0.75 0.069 0.063 1.48 1.62 78.23 

1000-2500 nm 

Water 8 0.82 0.065 0.063 1.21 1.74 80.28 

Lipidk 7 0.85 0.053 0.052 1.45 1.82 82.01 

Caffeine 8 0.80 0.057 0.054 1.15 1.81 82.03 

 

3.3. Characterization of Spectral Data in 2 Types of Transformation and Four Types of Data Pretreatment 

Spectral data from green bean scanning Ijen Robusta peaberry has not been fully able to conduct information mining 

because there is still noise. Peiqiang & Shi (2017) stated that the spectra data obtained from the scanning results not 

only contain chemical data information of the material but also contain noise and overlapping spectra. Therefore, it is 

necessary to have spectra data pretreatment. Spectra data pretreatment used in estimating lipid, water and caffeine 

content in Ijen Slope Robusta Peaberry Green Beans includes using MSC (Multiple Scatter Correction), 

Normalization, SNV (Standard Normal Variate) and dg2 (second derivative) (Mehari et al, 2015). The results of the 

pretreatment of green bean scanning spectra data Ijen Slope Robusta Peaberry Green Beans is presented in Figure 3. 

3.4. Evaluation of NIRS Prediction on Various Types of Spectral Data Transformation  

The PLS (Partial Least Square) method is combined with FT-NIRS to build a model with high prediction accuracy. In 

building a model with PLS, both chemical data and spectral data are centered, so that the data extraction obtained can 

be more optimal. Chen et al. (2024) stated that PLS is the method that is most often combined with infrared 

spectroscopy in building a predictive model because it can reduce noise, and has strong correlation and covariance. 

Research conducted by Deng et al. (2024), shows that the use of PLS combined with FT-NIRS can be used in real-

time adenosine detection in porcini mushrooms/boletes. 

The spectra that have been analyzed for the optimum wavelength range, then the type of transformation analysis 

and also the pretreatment of the spectral data are carried out. Li et al. (2023), stated that particle size, distribution and 

shape of the sample can affect the scattering of the spectra, therefore it is necessary to pretreat the spectral data. This is 

also in line with the statement of Mishra et al. (2021), that it is necessary to make efforts to pretreat the spectral data 

for scattering which can affect the accuracy of the prediction. In the study, 2 types of spectral data transformations 

were used, including using the Kubleka Munk (K/S) and absorbance (Log 1/R) equations, and 4 types of data 

pretreatment were used, including using MSC (Multiple Scatter Correction), Normalization, SNV (Standard Normal 

Variate) and dg2 (second derivative). The accuracy of the transformation prediction and also the pretreatment of the 

spectral data are presented in Tables 3, 4, and 5. 
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Figure 3. Pretreatment results of spectral data (a) MSC, (b) SNV, (c) Normalization, (d) dg2 

0.00

1.00

2.00

3.00

4.00

5.00

1000 1250 1500 1750 2000 2250 2500

M
S

C
 D

at
a 

P
re

tr
ea

tm
en

t

Wavelength (nm)

Log 1/R MSC Kubelka-Munk MSC

0.0000

0.0010

0.0020

0.0030

0.0040

0.0050

1000 1250 1500 1750 2000 2250 2500

D
at

a 
P

re
tr

ea
tm

en
t 

N
o
rm

al
iz

at
io

n

Wavelength (nm)

Log 1/R  Normalisasi Kubelka-Munk Normalisasi

-2.00

-1.00

0.00

1.00

2.00

3.00

4.00

5.00

1000 1250 1500 1750 2000 2250 2500

S
N

V
 D

at
a 

P
re

tr
ea

tm
en

t

Wavelength (nm)

Log 1/R SNV Kubelka-Munk SNV

-0.10

-0.08

-0.06

-0.04

-0.02

0.00

0.02

0.04

0.06

1000 1250 1500 1750 2000 2250 2500

P
re

tr
ea

tm
en

t 
 d

g
2

Wavelength (nm)

Log 1/R  dg2 Kubelka-Munk dg2

 Normalization  Normalization 



Setyawan et al.: Chemical Content Evaluation of Peaberry Robusta Green Bean …. 

209 
 

Table 3. Calibration and validation results for lipid of Ijen Robusta peaberry coffee with 2 types of data transformation and 4 types 

of data pretreatment using the PLS method. 

Transfor- 

Still 
Pre-Treatment Data 

Factor 

PLS 
R2 

SEC 

(%) 

SEP 

(%) 

CV 

(%) 
RPD 

Consistency 

(%) 

 Original 7 0.85 0.053 0.052 1.45 1.82 82.01 

 MSC 6 0.89 0.045 0.040 1.14 2.04 91.78 

Absorban Normalisasi 6 0.87 0.032 0.030 1.02 1.97 87.04 

 SNV 5 0.90 0.021 0.019 0.93 3.83 96.87 

 dg2 5 0.91 0.019 0.017 0.82 4.45 99.01 

 Original 6 0.88 0.045 0.041 1.11 1.96 88.63 

Kubelka- MSc 6 0.92 0.039 0.035 0.94 2.25 95.54 

Monk Normal thing 5 0.89 0.025 0.020 1.03 1.99 92.68 

 SNV 5 0.94 0.016 0.015 0.85 4.87 101.56 

 dg2 4 0.98 0.013 0.012 0.81 4.96 103.92 

Note: r: koefisien korelasi; SEC: standard error calibration; SEP: standard error prediction; CV: coefficient of variation; RPD: ratio of performance 

to deviation. 

Table 4. Calibration and validation results of water content of Ijen Robusta peaberry green bean with 2 types of data transformation 

and 4 types of data pretreatment using the PLS method. 

Transformation Pre-Treatment Data 
Factor 

PLS 
R2 

SEC 

(%) 

SEP 

(%) 

CV 

(%) 
RPD 

Consistency 

(%) 

Absorbance Original 8 0.82 0.065 0.062 1.21 1.74 80.28 

 MSC 8 0.85 0.058 0.055 1.18 1.92 90.52 

 Normalization 7 0.82 0.041 0.042 1.13 2.05 86.24 

 SNV 7 0.87 0.030 0.029 1.09 3.09 95.02 

 dg2 7 0.89 0.024 0.020 0.97 3.76 98.21 

Kubelka-Monk Original 7 0.84 0.051 0.050 1.15 2.05 86.18 

 MSc 7 0.87 0.044 0.043 1.03 2.47 93.04 

 Normalization 6 0.85 0.026 0.026 1.01 2.07 91.39 

 SNV 6 0.91 0.015 0.017 0.95 4.81 98.43 

 dg2 5 0.94 0.011 0.014 0.80 4.88 101.02 

 

Lipid estimation results in Ijen Slope Robusta peaberry green bean shows that the transformation of spectral data 

using the Kubelka-Munk (K/S) equation produces a prediction model with high prediction accuracy compared to using 

the absorbance transformation (Log 1/R) both without and using pretreatment data. The best prediction model was 

obtained from the use of the Kubelka-Munk (K/S) transformation with second derivative (dg2) pretreatment data on 

the PLS factor 4, with an R2 value = 0.98, SEP = 0.013%, SEC = 0.012%, CV = 0.81, RPD = 4.96 and consistency = 

103.92%. The use of the Kubelka-Munk (K/S) spectral data transformation was able to reduce scattering in the 

sample, this is because the sample used in the study was refined with a particle size of 100 mesh. Similar results were 

also shown from the research results of Purningsih et al. (2018), where the use of Kubelka Munk data transformation 

and dg2 data pretreatment produced the best prediction model in estimating trigonelline, caffeine and caffeine content. 

Mohseni et al. (2018) stated that Kubelka-Munk (K/S) is generally used in building prediction models on samples 

that have small particle sizes with high scattering values. Research conducted Otsuka (2004), by comparing the 

particle size of phenacetin powder at particle sizes of 41-710 μm using Kubelka-Munk data transformation showed 

that the smaller particle size of phenacetin powder produced a higher scattering value. Further analysis with data 

transformation using the Kubelka-Munk equation showed that phenacetin powder with a particle size of 41 μm had a 

higher prediction accuracy than phenacetin with a particle size of 710 μm. In addition, the transmittance value of 

phenacetin powder with a particle size of 41 μm was also better than that of 710 μm. 

The water content estimation in Ijen Robusta peaberry bean showed that the use of Kubelka-Munk transformation 

(K/S) with pretreatment second derivative (dg2) data on PLS factor 5, with R2 value = 0.94, SEC = 0.011%, SEP = 
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0.014%, CV = 0.80, RPD = 4.88 and consistency = 101.02% is the best predictive model. Prediction models with high 

accuracy must meet the provisions of statistical evaluation values including R2 approaching 1, SEP and SEC 

approaching 0, and consistency in the range of 80-110% (Purningsih et al., 2018; Pomeranstev & Rukhin, 2008). 

Table 5. Calibration and validation results of Ijen Robusta peaberry green bean with 2 types of data transformation and 4 types of 

data pretreatment using the PLS method. 

Transformation Pre-Treatment Data 
Factor 

PLS 
R2 

SEC 

(%) 

SEP 

(%) 

CV 

(%) 
RPD 

Consistency 

(%) 

 Original 8 0.80 0.057 0.055 1.15 1.81 82.03 

 MSC 8 0.83 0.053 0.050 1.11 1.90 90.31 

Absorbance Normalisasi 8 0.81 0.044 0.041 1.09 2.02 87.36 

 SNV 7 0.84 0.037 0.036 1.04 3.15 96.28 

 dg2 6 0.86 0.031 0.029 0.92 3.54 97.01 

Kubelka- Monk Original 7 0.82 0.045 0.043 1.09 1.97 87.02 

 MSc 7 0.85 0.032 0.031 1.01 2.04 94.11 

 Normalization 6 0.84 0.028 0.027 0.98 1.92 92.06 

 SNV 6 0.89 0.023 0.022 0.93 4.17 96.23 

 dg2 6 0.91 0.019 0.016 0.84 4.35 99.82 

 

The Kubelka-Munk (K/S) transformation can reduce scattering in peaberry coffee powder. Gowen et al. (2007) 

stated that samples with high scattering, such as powder or powder, require model adjustments to account for the 

significant impact of scattering. The Kubelka-Munk equation helps reduce the impact of excessive scattering and 

improves the accuracy of component concentration predictions using reflectance data (Kokhanovski, 2007). 

Meanwhile, the use of dg2 (second derivative) pretreatment data is able to separate overlapping spectra, especially in 

materials with very complex chemical content, including materials that contain a lot of water, protein, fat, 

carbohydrates, etcetera (Cen & He, 2007). 

The results of the estimation of caffeine content in Ijen Robusta peaberry green bean showed that the use of 

Kubelka-Munk transformation (K/S) with second derivative (dg2) pretreatment data on PLS factor 6, with R2 value = 

0.91, SEP = 0.019%, SEC = 0.016%, CV = 0.84, RPD = 4.35 and consistency = 99.82% is the best predictive model. 

The overall prediction model including water, lipid and caffeine content showed that the use of Kubelka-Munk data 

transformation (K/S) and the use of dg2 (second derivative) pretreatment data produced a prediction model with high 

accuracy. Dai et al. (2018) states that Kubelka-Munk (K/S) is an equation that connects the absorption coefficient k 

(depending on concentration) and the scattering coefficient s (depending on particle size), therefore the transformation 

of spectral data with the Kubelka-Munk (K/S) equation is very suitable for application to samples with particle sizes in 

the range 90–180µm. 

The prediction model of water, fat and caffeine also shows that the use of dg2 pretreatment data produces a 

predictive model with high accuracy. The dg2 can produce new peaks in materials or samples that have quite complex 

chemical content (water, fat, protein, caffeine etc.) and are diverse (Chen et al., 2014). Gowen et al. (2007) stated that 

dg2 is able to reduce noise and baseline in spectral data, thus clarifying the peaks or valleys of spectral data that affect 

prediction accuracy. 

The selection of PLS factors is also an important factor in determining the accuracy of predictions where the 

higher the selection of PLS factors makes the prediction model overfitting , which will result in a greater SEP 

(standard error of validation set) value than the SEC (standard error of calibration) value, thereby reducing the 

accuracy of predictions (Mitchell & weller, 2012). The best prediction model is presented in the prediction plot In this 

plot, the values predicted by the model are compared with the actual values measured. This provides an idea of how 

well the model can predict into the actual model. The prediction plot for estimating the water, fat and caffeine content 

of Ijen Robusta peaberry green bean is best shown in Figures 4, 5, and 6. 
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Figure 4. Plot of prediction of the best water content of Ijen 

Robusta peaberry green bean (Green = calibration; Blue = 

validation) 

 

 
Figure 5. Plot of best predicted lipid levels of Ijen Robusta 

peaberry green bean (Green = calibration; Blue = validation) 

 

 
Figure 6. Plot of the best caffeine content prediction for Ijen Robusta peaberry green bean (green = calibration; blue = validation) 

4. CONCLUSION  

FT-NIRS can be used as a method to estimate the water, fat and caffeine content of Ijen Robusta peaberry green bean 

quickly and accurately. The best calibration for predicting the chemical content of Ijen Robusta peaberry green bean is 

using Kubelka-Munk data transformation with dg2 data pretreatment at a wavelength of 1000-2500 nm with a PLS 

factor of 4 for lipid content (R2 = 0.98, SEP = 0.013%, SEC = 0.012%, CV = 0.81, RPD = 2.03 and consistency = 

95.21%) PLS factor 5 for water content (R2 = 0.94, SEP = 0.014%, SEC = 0.014%, CV = 0.80, RPD = 4.88 and 

consistency = 101.02%) and PLS factor 5 for caffeine content (R2 = 0.94, SEP = 0.014%, SEC = 0.014%, CV = 0.80, 

RPD = 4.88 and consistency = 101.02%). 
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