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The development of a rapid and cost-effective method to predict the chemical
content of Robusta coffee is essential, considering that conventional chemical
analyses are time-consuming and expensive. This study aimed to predict the
moisture, protein, fat, ash, and carbohydrate contents of Pagar Alam Robusta
coffee beans using near infrared spectroscopy (NIRS) combined with principal
component analysis-artificial neural network (PCA-ANN). Reflectance spectra
of the beans were measured using a NIRFlex N500 Spectrometer (1000-2500
nm), followed by chemical composition analysis using standard laboratory
methods. Spectral data were pre-processed, then calibrated and validated against
the reference using PCA-ANN. PCA-ANN with No1SG1 pre-treatment yielded
optimal predictions for most chemical component of robusta coffe beans, with
moisture content resulting in r =0.95 and RPD = 2.95, protein v = 0.92 and RPD
=2.38, fat r = 0.93 and RPD =2.19, and carbohydrate r = 0.93 and RPD = 2.29,
while SG1 pre-treatment was more suitable for predicting ash content with r =

Pertanian, 13(2): 318-339.
https://doi.org/10.19028/jtep.013.2.318-
339.

0.93 and RPD = 2.73. The results demonstrate that NIRS, combined with PCA-
ANN, can accurately predict the chemical composition of Robusta coffee beans,
offering a reliable alternative to conventional methods.

Doi: https://doi.org/10.19028/jtep.013.2.318-339

1. Introduction
Coffee is one of the main agricultural commodities that is widely cultivated in Indonesia. Based

on 2023 data, the total national coffee production reached 758,725 tons, with the robusta variety
contributing a dominant share of approximately 79.10% of the total production (BPS, 2024; Pusat Data
dan Sistem Informasi, 2023). Pagar Alam is one of the cities in South Sumatra province that produces
a large amount of robusta coffee (Irmeilyana et al., 2021). To date, coffee quality assessment in Pagar
Alam relies only on sensory analysis, which produces highly variable assessment results. Quality
assessment of robusta coffee beans can also be conducted using standard laboratory methods, but this
method is time-consuming, requires complex sample preparation, and incurs high testing costs per

sample.
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As a solution to these issues, near infrared spectroscopy (NIRS) can be used as an alternative
method because it can measure the chemical content of coffee beans non-destructively (Irawan et al.,
2022). The ability to rapidly and accurately estimate chemical content without the need for special
sample preparation makes NIRS highly potential applied (Osborne & Feran, 1993). Most studies have
demonstrated the effectiveness of NIRS for the analysis of Arabica coffee. For example, Zhu et al.
(2021) used a Nicolet 5700 FT-IR spectrometer to analyse green Arabica coffee and achieved a
coefficient of determination (R2) = 0.98 (lipids) and R2 = 0.99 (protein).

In Indonesia, the development of NIRS for coffee analysis has also progressed. Rosita et al. (2016)
predicted caffeine content in Gayo Arabica coffee beans using a NIRFlex N500 spectrometer with the
partial least square (PLS) method, yielding r = 0.97. Yuwita et al. (2023) employed an NIRS FT-IR
IPTEK T-1516 and PLS to predict the chemical content of Arabica coffee, achieving R2 = 0.99 for both
caffeine and protein. These findings confirmed that NIRS is a reliable method for determining the
chemical composition of Arabica coffee.

However, most of the NIRS studies mentioned previously still focused on Arabica coffee. A study
conducted by Irawan et al. (2022) used the Thermo Nicolet Antaris II TM NIRS instrument on Robusta
and Arabica coffee, applying the PLS method to predict the chemical content, resulting in r = 0.65
(moisture). Meanwhile, Setyawan et al. (2025) conducted a study on Robusta coffee using the NIRFlex
N500 instrument and the PLS method, in which spectral transformation in absorbance form yielded
the highest R2 = 0.89 (moisture) and R? = 0.91 (lipid). Nevertheless, studies combining NIRS with an
artificial neural network (ANN), a method known for its ability to handle nonlinear data relationships,
remain limited.

Although linear methods such as PLS have shown good performance on Arabica coffee, the
spectral characteristics and chemical composition of Robusta coffee are more complex due to higher
protein content, as well as greater influence from growing location, altitude, variety, and postharvest
processing. These factors cause variations in the NIRS spectral absorption patterns, which do not
always exhibit linear relationships. Therefore, a nonlinear approach, such as an ANN, is required to
better capture these complex patterns. ANN is capable of modelling nonlinear relationships through
learning and training processes, potentially providing more accurate predictions (Alamsyah et al.,
2021).

Aditama (2019) reported that combining NIRS with a principal component analysis-artificial
neural network (PCA-ANN) successfully predicted the proximate and caffeine content in Arabica
coffee, outperforming conventional methods such as PLS. However, Arabica and Robusta coffees
differ significantly in their physical and chemical properties. Robusta contains more protein
(18.5g/100 g) compared to Arabica (14.3g/100g), and Robusta has a lower fat content (10.1%)
compared to Arabica (16%) (Liu et al., 2022; Olango et al., 2025). These differences resulted in distinct

NIRS spectral characteristics, suggesting that the PCA-ANN models developed for Arabica cannot be
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directly applied to Robusta without modification. Furthermore, a literature review found no previous
studies applying NIRS and PCA-ANN approaches to predict the chemical composition of Robusta
coffee, underscoring the novelty and significance of this study.

This study aimed to predict the moisture, protein, fat, ash, and carbohydrate contents of Robusta
coffee beans from Pagar Alam using NIRS combined with PCA-ANN calibration, thereby addressing
this gap and supporting the advancement of rapid, non-destructive analytical methods tailored to

Robusta coffee.

2. Material and Methods
The methodological steps included spectral acquisition, chemical reference analysis, spectral pre-

treatment, and calibration-validation using PCA-ANN and PLS models, as illustrated in Figure 1.

| Preparation green bea sample |

'

Measurement of NIR. spectrum

of Robusta coffee

Measurement of chemicall
— content of coffee beans Pre-treatment of NIRS spectrum data:
destructively

NIR spectrum data of
Robusta coffee beans
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L 3. Multiple Scatter Correction (MSC)
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Destructive first derivative Savitzky-Golay
measurement data (NoISGI)
5. Combination Multiple Scatter

Correction and first derivative
Savitzky-Golay (MSCSGI)

'

Model calibrafion and validation
(PCA-ANN dan PLS)

r=1
SEC=0
SEP=0
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CV=0

80 % = costistency = 110%

Result of determination of chemical
content of Robusta coffe beans

Figure 1. Flowchart of the Research Methodology.
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This study used green robusta coffee beans (varieties: Rainbow and Red Pick) sourced directly
from coffee farmers in Pagar Alam, South Sumatra Province. Sixty samples were collected. To
anticipate overfitting, a value-based systematic hold-out validation method was used in which 60
samples were divided into two groups: a calibration set (two-thirds, 40 samples) and a validation set
(one-third, 20 samples). The primary analytical instrument was a NIRFlex N500 spectrometer (BUCHI
Labortechnik AG, Switzerland), operating in the wavelength range of 1000-2500 nm. Data processing
and modeling were conducted using Unscrambler X 10.4, Microsoft Excel, and RapidMiner Studio
9.10 software.

2.1 Reflectance Measurement of Robusta Coffee Beans

The coffee bean samples were evenly and fully placed in petri dishes (66-73 grams) with a
diameter of 10 cm and a height of 1.5 cm. Reflectance measurements were performed using the
NIRFlex 500 spectrometer in the wavelength range of 1000-2500 nm, with the instrument set up as
follows: data acquisition speed of 3 scans/s and operating temperature of 22-25°C. Each sample was

measured three times, and the average value was calculated.

2.2 Destructive Chemical Content Measurement of Robusta Coffee Beans

The chemical components to be determined included moisture, protein, fat, ash, and
carbohydrates. The moisture content was determined using the gravimetric method, as shown in
Equation 1. Protein content was determined using the Kjeldahl method, as shown in Equation 2
(AOAC 2006). Fat content was measured using the Soxhlet extraction method, as shown in Equation
3 (AOAC, 2006). Ash content was determined using the gravimetric method, as shown in Equation 4
(AOAC, 2006). Carbohydrate content was calculated by the difference method using Equation 5,
which involves subtracting the sum of other chemical components from 100 (AOAC, 2006).

_ (W3-W1)

Moisture content (%) = W2-WL)

x 100% (1

Where: W1= weight of the empty crucible (grams), W2= weight of crucible and sample before
drying (grams), W3= weight of crucible and sample after oven drying (grams).

(mL HCLsample—mL HCLblank)x NHCLxX14,007

0 — 0
AN = sample weight (mg) x100%

Protein content (%) = % N x 6.25 (2)
Fat content (%) = % x 100% (3)

Where: W1= weight of the empty fat flask (grams), W2= weight of the sample used for extraction
(grams), Ws = weight of the fat flask and extracted fat after drying (grams).
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Ash content (%) —— 100 4)

Where: W1= weight of the empty crucible (grams), W2= weight of the crucible and sample before
ignition (grams), W3= weight of the crucible and ash after ignition (grams).

2.3 NIRS Data Processing

Generally, applying spectral pre-treatment improves the calibration and validation results
compared to spectra without pre-treatment (Budiastra et al., 2024). In this study, pre-treatment was
performed using Unscrambler X 10.4 software and applied to the original spectra obtained from NIRS
measurements. The process begins by importing the spectral data into the software, followed by
defining the calibration and validation sets using the defined range function. Next, the transform
option was selected from the task menu to apply the pre-treatment. Five spectral pre-treatment
methods were employed in this study.

The first pre-treatment applied was normalization (Nol), which was used to reduce the signal
variation caused by non-chemical factors. The first derivative Savitzky—Golay (SG1) was applied to
reduce overlapping chemical components (Bou-Orm et al.,, 2020). Third, multiplicative scatter
correction (MSC) was used to correct the scattering effects caused by the physical differences among
the samples. Fourth, a combination of Nol and SG1 (No1SG1) was applied to combine the benefits of
normalization and SG1. Finally, a combination of MSC and SG1 (MSCSG1) was used to produce
cleaner, more stable, and more representative spectral data for further analysis. The selection of pre-
treatment was based on a previous study conducted by Aditama et al. (2019), which demonstrated

that the configuration produced optimal model performance.

2.4 Model Calibration and Validation

The pre-treatment data were subsequently processed using principal component analysis (PCA)
to reduce the dimensionality of the complex spectral data (Masithoh et al., 2021). PCA classifies
spectral data into new variables called principal components (PC) (Dharmawan et al., 2023). These PC
were then used as the input data for the ANN model. Using a PC as an input can enhance the
performance of the model (Perera et al., 2021).

The ANN model applied in this study was a feed-forward neural network with a multilayer
perceptron algorithm. The dataset was split into two-thirds for calibration and one-third for validation
(Lengkey et al., 2013). Using a value-based systematic hold-out approach, the data were first sorted
in descending order, and then alternately assigned to two groups. This approach was applied to
ensure that the standard deviation values in both the calibration and validation sets were balanced,
thereby minimizing the risk of overfitting.

The ANN architecture consists of three layers: the input, hidden, and output layers. Using fewer
PC simplifies the analytical process (Aditama, 2019). This study used 5, 8, and 10 PCs based on an
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exploratory strategy to evaluate the effect of the number of PCs on the ANN model performance. The
number of retained PCs represents different levels of cumulative variance, namely 5 PCs (low, ~80%),
8 PCs (medium, ~90%), and 10 PCs (high, > 95%) based on the results of the PCA, in order to assess
how the number of PCs influences the prediction accuracy. The ANN architecture uses a single hidden
layer with five neurons selected through trial and error to achieve optimal performance. The ANN
output consisted of the predicted values for each chemical component (moisture, protein, fat, ash, and
carbohydrates).

ANN was selected because of its ability to model complex and nonlinear relationships between
spectral data and chemical composition, which are often influenced by multiple interacting factors,
such as physical structure and molecular bonds. In contrast, PLS regression, a widely used linear
calibration method in NIRS, was applied to model the same dataset. PLS served as a benchmark for
evaluating whether the ANN model provided significant advantages over conventional linear
approaches. The PLS method was applied using the same dataset and spectral pretreatment.

Several statistical performance parameters were used to evaluate the accuracy and reliability of
the calibration and validation models: correlation coefficient (r), standard error of calibration (SEC),
standard error of prediction (SEP), coefficient of variation (CV), ratio of performance to deviation
(RPD), and consistency. The ideal values of these parameters are r =1, SEC = 0, SEP = 0, RPD > 2, and
CV = 0 (Nicola et al. 2007). Consistency was used as an additional parameter to assess the model
stability. Consistency was calculated by comparing the SEC and SEP values, expressed as a
percentage. The acceptable consistency range is 80-110% (Lengkey et al., 2013). A consistency value
greater than 110% indicates a potential overfitting, whereas a value lower than 80% suggests the
presence of abnormal measurement errors. Internal validation was performed to evaluate the

performance and reliability of the prediction model.

3. Results and Discussion

3.1 NIRS Spectra of Robusta Coffee

The spectral data obtained from the measurements contain information about chemical
components such as moisture, protein, fat, ash, and carbohydrates. Chemical content and particle size
are among the factors that influence spectral shape (Aditama, 2019). According to Budiastra et al.
(2018) moisture absorption occurs in the wavelength range of 1428.6-1492.5 nm, and carbohydrates in
1210-1780 nm. Protein in 1333.3-1388.9 nm, and fat in 1639.4-2325.6 nm (Aditama, 2019).

The original NIRS spectra are shown in Figure 2a. The spectra covered a wavelength range of
1000-2500 nm, with major peaks appearing at approximately 1200, 1450, 1950, and 2300 nm. These
peaks are generally associated with the overtone and combination bands of the chemical bonds in
coffee samples. Overall, the absorbance trend shows a gradual increase across the wavelength range,

with stronger absorption observed in the higher-wavelength region.
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Figure 2. NIRS Spectra: (a) Original, (b) Nol, (c) SG1, (d) MSC, (e) Combination No1SG1, and (f)
Combination MSCSGI.

To maximize information extraction from NIRS spectra, transformation techniques are required to
address spectral variation and overlap, achieved through pretreatment before modeling
(Andasuryani et al., 2014). The Nol pre-treatment spectrum is shown in Figure 2b. This pre-treatment

produces a pattern similar to the original spectrum, but with a smaller value range. This indicates that
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the Nol pre-treatment successfully reduced non-chemical variations, such as scattering effects, while
preserving the relevant chemical information (Heil & Schmidhalter, 2021). The second pretreatment,
SG1 in Figure 2c, resulted in a narrower spectral pattern compared to the original. This is because SG1
pre-treatment separates overlapping chemical components (Lengkey et al., 2013). SG1 pretreatment
effectively sharpens the peaks and valleys in the NIRS spectra (Kurniasari et al., 2017). MSC
pretreatment improves the spectral pattern by making the spectral bands smoother and more
compact, as shown in Figure 2d. MSC pretreatment aims to reduce scattering effects to achieve the
closest possible match to the standard spectrum (Ramadhan et al., 2016). Combinations of Nol pre-
treatment or MSC pre-treatment with SG1 pre-treatment produced a pattern nearly identical to that
of SG1 pre-treatment alone (Figures 2e and 2f). This is because the combination is predominantly

influenced by SG1 pretreatment.

3.2 Chemical Content of Coffee Beans

The chemical contents of robusta coffee beans from Pagar Alam are presented in Table 1. The
chemical composition of Robusta coffee beans from Pagar Alam differs from that of beans from
Lampung. According to Towaha et al. (2014), the moisture content of Pagar Alam coffee ranges from
5.50%-10.30%, which is lower than that of Lampung coffee, reported at 10%-12%. Pagar Alam coffee
also contains higher levels of protein (14.46-18.52%) compared to Lampung (14.64-14.94%), as well as
higher fat content (4.10-6.19% compared to 1.77-2.93%) and ash content (4.74-6.16% compared to
3.73-4.19%). Meanwhile, the carbohydrate content was relatively similar, with Pagar Alam coffee
ranging from 60.14-68.63% and Lampung coffee from 64.68-67.89%. These differences in chemical
composition can be attributed to variations in origin, variety, and postharvest conditions (Zhang et
al., 2013).

Table 1. Chemical content of Pagar Alam robusta coffee beans.

Chemical content (%) Mean Standard deviation Min Max
Moisture 7.49 1.21 5.50 10.30
Protein 17.20 0.93 14.46 18.52
Fat 5.19 0.50 4.10 6.19
Ash 5.30 0.45 474 6.16
Carbohydrate 64.82 1.77 60.14 68.63

3.3 Calibration and Validation NIRS for Chemical Content Prediction using PLS and PCA-ANN

The results of moisture content prediction using the PLS method are shown in Table 2, whereas
the results from the PCA-ANN method are presented in Table 3. The relationship plots between the
predicted moisture content (NIRS data) and the reference data (chemical data) are shown in Figure 3.
The best pre-treatment for both the PLS and PCA-ANN methods was the No1SG1 pre-treatment
combination. This finding aligns with that of Aditama et al. (2019), who also reported that No15G1
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was the most effective pretreatment for predicting moisture content in coffee beans. The best PLS
prediction used 8 PLS factors, yielding r =0.92, SEC = 0.47%, SEP = 0.50%, CV = 6.64%, RPD =2.41, and
consistency = 94.40%. In contrast, the best PCA-ANN prediction used 8 PC, achieving r = 0.95, SEC =
0.37%, SEP = 0.41%, CV = 5.43%, RPD = 2.95, and consistency = 90.36%. The higher r and RPD values
of the PCA-ANN model indicate superior performance compared to the PLS model.

According to Nicolai et al. (2007), RPD > 2 indicates good prediction ability, while RPD > 3
indicates very good prediction accuracy. Based on this classification, the PCA-ANN model (RPD =
2.95) falls into the good category, approaching very good, and performs better than the PLS model
(RPD = 2.41), which is classified as good. According to Aditama et al. (2019), higher RPD values
corresponded to better predictive models. The selection of the best model begins with identifying the
highest RPD value, followed by evaluating the correlation coefficient value closest to 1 and ensuring
that the consistency falls within the acceptable range of 80-110%. A good model is also characterized
by a low standard error of calibration (SEC) and standard error of prediction (SEP) (Suhandy, 2010).

Table 2. Moisture content prediction results using PLS method.
Chemical Pre- PLS Calibration Validation

Content treatment Factor r SEC Ccv SEP CV  RPD Consijtency

0 0 () () )
Ori 9 0.96 0.34 4.57 1.57 20.85 0.77 21.71
8 0.92 0.47 6.38 1.49 19.77 0.81 31.87
7 0.86 0.62 8.36 1.19 15.83 1.01 52.37
Nol 8 0.92 0.47 6.28 1.66 22,10 0.72 28.16
7 0.87 0.59 7.96 1.46 19.34 0.83 40.81
6 0.61 0.96 12.89 1.21 16.38  1.00 79.50
SG1 8 0.92 0.48 6.38 1.49 19.78 0.81 31.99
7 0.86 0.63 8.38 1.19 15.83 1.01 52.52
Moisture 6 0.64 0.94 12.52 1.12 1494 1.07 83.13
MSC 8 0.93 0.44 5.94 1.39 18.40 0.87 32.01
7 0.88 0.58 7.74 1.38 18.31 0.87 41.93
6 0.84 0.67 8.97 1.21 16.02 1.00 55.49
Nol1SG1 8 0.92 0.47 6.30 1.50 6.64 241 94.40
7 0.87 0.60 7.98 1.46 19.36 0.83 40.86
6 0.74 0.82 10.98 1.43 18.99 0.84 57.34
MSCSG1 8 0.93 0.45 5.98 1.39 1842 0.87 32.22
7 0.88 0.58 7.78 1.38 18.31 0.87 42.12
6 0.83 0.67 8.99 1.21 16.02 1.00 55.65
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Table 3. Moisture content prediction results using ANN method.
Chemical Pre- PLS Calibration Validation

Content treatment  Factor r SEC Ccv SEP CV  RPD Consijtency
) ) ) %) )
Ori 10 0.99 0.19 2.55 212 2790 057 8.95
8 0.99 0.38 5.08 150 19.77 0.81 25.13
5 0.82 0.72 9.66 0.67 8.88 1.79 106.41
Nol 10 0.99 0.19 2.59 1.78 23.61 0.68 10.88
8 0.94 0.43 5.72 172 2290 0.70 24.77
5 0.81 0.73 9.71 148 1970 0.81 48.89
SG1 10 0.96 0.35 4.62 158 2097 0.76 21.87
8 0.98 0.23 3.06 212 28.18 0.57 10.75
Moisture 5 0.54 1.03 1374 119 1574 1.02 86.58
MSC 10 0.95 0.37 495 1.67 2226 0.73 22.26
8 0.92 0.49 6.50 145 1943 0.84 33.46
5 0.62 095 1271 125 16.73 0.98 76.00
No1SG1 10 0.92 0.48 6.39 1.60 21.27 0.75 29.79
8 0.95 0.37 4.95 0.41 543 295 90.36
5 0.57 1.00 1341 119 1587 1.01 83.84
MSCSG1 10 0.94 0.43 5.76 145 1921 0.83 29.75
8 0.81 0.71 9.56 127 1682 0.95 56.35
5 0.52 1.04 1396 121 16.07 1.00 86.18
13 - _ o 134
5ol so-oem E 129 =08
§ 1 SEP-050% g 1] SEcoosme
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Figure 3. Plot of the relationship between predicted moisture content and reference data: (a) PLS and
(b) PCA-ANN.
327| Okasyari, et al Copyright © 2024. This is an open-access article

distributed under the CC BY-SA 4.0 License
(https://creativecommons.org/licenses/by-sa/4.0



JTEP Jurnal Keteknikan Pertanian, Available online:
Vol. 13 No. 2, p 318-339, 2025 http://journal.ipb.ac.id/index.php/jtep
P-ISSN 2407-0475 E-ISSN 2338-8439 DOI: 10.19028/jtep.013.2.317-339

Table 4 presents the results of protein prediction using the PLS method, whereas Table 5 shows
the prediction results using the PCA-ANN method. A plot illustrating the relationship between the
predicted protein content and the reference data is shown in Figure 4. The No1SG1 pre-treatment
combination was identified as the best pre-treatment for both the PLS and PCA-ANN methods. This
is consistent with the findings of Chen et al. (2013), who stated that combining pretreatment
techniques can provide better effects than applying them separately.

The best PLS prediction used 8 PLS factors with r = 0.91, SEC = 0.40%, SEP = 0.41%, CV = 2.40%,
RPD =2.26, and consistency = 96.30%. PCA-ANN achieved the best prediction with 8 PC yielding r =
0.92, SEC = 0.38%, SEP = 0.39%, CV = 2.28%, RPD = 2.38, and consistency = 96.78%. These results
demonstrate that the PCA-ANN method outperformed the PLS method. This superiority is attributed
to the strength of PCA-ANN in analyzing nonlinear relationships and identifying patterns that
traditional methods such as PLS might overlook is a key advantage (Nurhadi & Hendrik, 2024).

Table 4. Protein prediction results using PLS method.
Chemical Pre- PLS Calibration Validation

Content treatment Factor r SEC Cv SEP Cv.  RPD Consijtency

%) ) R (%) )
Ori 8 0.89 0.42 247 0.87 507 1.07 48.83
7 0.86 0.49 2.83 0.66 329 140 73.32
6 0.78 0.59 3.43 0.67 3.88 1.77 88.75
Nol 8 0.91 0.39 2.29 0.94 550  0.99 41.78
7 0.88 0.46 2.64 0.77 447 121 59.29
6 0.81 0.55 3.19 0.80 469 1.16 68.28
SG1 8 0.89 0.43 2.47 1.17 6.81 0.80 36.47
7 0.86 0.49 2.83 0.67 3.88 140 73.23
Protein 6 0.78 0.59 3.43 0.67 3.88 140 88.76
MSC 8 091 0.39 2.28 0.80 466 1.16 49.08
7 0.89 0.44 2.53 1.06 6.17  0.88 41.11
6 0.85 0.50 2.90 0.86 500 1.08 58.09
No1SG1 8 0.91 0.40 2.30 0.41 2.40 2.26 96.30
7 0.87 0.46 2.65 0.61 354 1.53 75.03
6 0.81 0.55 3.19 0.80 469 116 68.39
MSCSG1 8 0.91 0.39 2.29 0.80 469 116 49.33
7 0.89 0.44 2.53 0.69 401 1.35 63.47
6 0.85 0.50 2.90 0.86 500 1.08 58.19
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Table 5. Protein prediction results using ANN method.
Chemical Pre- PLS Calibration Validation

Content treatment Factor r SEC CV  SEP  CV RPD Consf;tency
) %) (%) (%) o
Ori 10 0.87 0.46 2.70 1.29 749  0.72 36.12
8 0.78 0.59 3.40 1.32 772  0.70 44.24
5 0.64 0.72 4.19 0.66 3.83 142 109.86
Nol 10 0.87 0.47 2.72 1.22 7.09 0.76 38.53
8 0.79 0.58 3.36 1.04 6.06 0.89 55.67
5 0.58 0.77 4.47 0.94 549 099 81.73
SG1 10 0.81 0.55 3.20 1.05 6.11  0.89 52.47
8 0.79 0.58 3.36 1.20 6.97 0.78 48.35
Protein 5 0.70 0.67 3.92 1.02 593 091 66.23
MSC 10 0.87 0.46 2.66 1.31 764 071 34.91
8 0.87 0.47 2.72 1.38 8.03 0.67 33.92
5 0.50 0.82 4.75 1.14 6.64 0.82 71.82
No1SG1 10 0.86 0.48 2.78 0.92 536 1.01 52.02
8 0.92 0.38 2.20 0.39 2.28 2.38 96.78
5 0.75 0.63 3.64 0.72 420 1.29 86.96
MSCSG1 10 0.87 0.46 2.68 0.80 466 1.16 57.74
8 0.76 0.61 3.54 0.96 5.61 0.97 63.39
5 0.72 0.66 3.82 0.94 574 094 66.91
- 204 r=091 20 - =
£ 19 SEC=040% E o] sk st
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Figure 4. Plot of the relationship between predicted protein content and reference data: (a) PLS and
(b) PCA-ANN.
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The fat content prediction using the PLS method is shown in Table 6, while the results using the PCA-
ANN method are presented in Table 7. A plot showing the relationship between the predicted fat
content and the reference data is shown in Figure 5. The best pre-treatment for fat prediction using
both the PLS and PCA-ANN methods was the No1SG1 pre-treatment. This is consistent with the
findings of Aditama et al. (2019), who reported that the optimal pre-treatment for fat analysis in coffee
beans was also the No1SG1 combination.

The best PLS prediction used 9 PLS factors, yielding r=0.91, SEC = 0.20%, SEP = 0.24%, CV =4.90%,
RPD = 1.98, and consistency = 82.59%. PCA-ANN achieved the best results with 10 PC, with r = 0.93,
SEC =0.18%, SEP = 0.22%, CV =4.43%, RPD = 2.19, and consistency = 80.08%. The PCA-ANN method
demonstrated superior performance in predicting fat content in Robusta coffee beans, as indicated by

the higher correlation coefficient and RPD values obtained.

Table 6. Fat prediction results using PLS method.

Chemical Pre- PLS Calibration Validation Consistency
SEC CV SEP CV
content treatment Factors r RPD (%)
(%) (%) (%) (%)
Ori 8 0.85 0.25 4.80 0.73 14.62 0.66 34.70
7 0.84 0.27 5.05 0.64 1272 0.76 41.97
6 056 040 7.66 053 10.64 091 76.13
Nol 8 090 022 4.09 048 9.61 1.01 44.98
7 087 024 457 047 938 1.03 51.42
6 048 043 8.08 053 10.54 0.92 81.08
SG1 8 0.85 0.25 4.82 0.73 14.63 0.66 34.84
7 0.84 0.27 5.07 0.64 1273 0.76 42.10
Fat 6 050 042 8.01 0.58 11.65 0.83 72.64
MSC 8 0.89 022 4.20 0.50 10.09 0.96 43.95
7 087 024 4.59 0.67 1348 0.72 35.95
6 044 044 8.28 0.53 10.65 091 82.13
No1SG1 9 091 0.20 3.83 024 490 1.98 82.59
7 087 024 4.59 048 9.64 1.01 50.34
6 0.84 0.26 5.00 0.53 10.54 0.92 50.00
MSCSG1 8 089 022 4.23 0.53 10.65 091 41.97
7 087 024 4.61 0.50 10.09 0.96 48.26
6 0.79 030 5.63 059 11.82 0.82 50.36
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Table 7. Fat prediction results using PCA-ANN method.

Chemical Pre- Number Calibration Validation Consistency
content treatment of PC r SEC - CV SEP - CV RPD (%)
(%) (%) (%) (%)
Ori 10 096 0.14 2.64 1.00 1991 049 14.03
8 0.89 022 4.19 0.76 1511 0.64 29.29
5 0.80 030 5.62 0.67 13.37 0.73 44.44
Nol 10 0.86 025 4.77 059 11.85 0.82 42.57
8 0.86 025 4.75 0.70 13.94 0.70 35.98
5 0.87 024 4.59 0.71 14.29 0.68 33.90
SG1 10 096 0.13 249 0.77 15.39 0.63 17.00
8 0.87 025 4.68 044 879 1.10 56.20
Fat 5 0.74 033 6.20 049 9.78 0.99 66.98
MSC 10 0.87 024 4.60 1.06 2124 046 22.88
8 090 0.21 4.04 071 1417 0.68 30.11
5 090 021 396 0.70 14.09 0.69 29.69
No1SG1 10 093 0.18 3.36 022 443 219 80.08
8 092 019 3.58 0.72 1446 0.67 26.15
5 051 042 791 052 10.38 0.93 80.54
MSCSG1 10 095 0.15 281 097 19.36 0.50 15.31
8 062 038 725 0.50 10.06 0.96 76.18
5 0.65 037 7.02 044 875 1.11 84.72
g 7 1 r=091 = 7 r=093
2 65 SEC = 0.20% S g5 . SEC=018%
g 6 SEP =024% *0 4 g . SEP=022% .
R RPD =198 % £ 55 RPD_z_ww
& 5- S 5 *
ol T o (5ol R o
% is , , , , lIVa_Iszlihon , % 3s . . . . . . .
= 35 4 45 5 55 6 65 7 & 35 4 45 5 55 6 65 7
Reference fat content (%) Reference fat content (%)
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Figure 5. Plot of the relationship between predicted fat content and reference data: (a) PLS and (b)
PCA-ANN.
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Ash content refers to the residual mineral elements left after the combustion of organic matter
(Mardjan et al., 2022). Table 8 presents the prediction results of ash content using the PLS method,
whereas Table 9 shows the prediction results using the PCA-ANN method. The relationship between
the predicted ash content and the reference data is illustrated in Figure 6. The best PLS prediction used
MSCSGI1 pre-treatment with 7 PLS factors, yielding r = 0.91, SEC = 0.19%, SEP = 0.22%, CV = 4.25%,
RPD =2.07, and consistency = 84.38%. The best prediction using the PCA-ANN method was obtained
with the SG1 pre-treatment and 8 PC, yielding r = 0.93, SEC = 0.17%, SEP = 0.20%, CV = 3.84%, RPD =
2.29, and consistency = 83.78%. Similar to the predictions of other chemical components in Robusta
coffee beans, the ash content prediction also showed that the PCA-ANN method produced higher
accuracy compared to the PLS method. The training process in ANN, which involves advanced
algorithms, helps reduce prediction errors and improves the accuracy of measurement results
(Nurhadi & Hendrik, 2024).

Table 8. Ash prediction results using PLS method.

Chemical Pre- PLS Calibration Validation Consistency

content treatment Factors r SECCV SEP - CV RPD (%)
(%) (%) (%) (%)
Ori 8 0.90 020 3.66 1.09 21.11 0.42 17.89
7 0.85 024 4.43 0.61 11.78 0.75 38.82
6 0.79 027 5.07 0.54 1041 0.84 50.27
Nol 8 091 0.18 3.44 1.15 2213 0.40 16.08
7 0.88 0.21 3.91 0.98 1897 046 21.27
6 0.82 0.26 4.82 0.54 1043 0.84 47.72
SG1 8 0.79 027 5.07 0.54 1042 0.84 50.20
7 0.85 024 4.43 0.61 11.78 0.75 38.87
Ash 6 0.81 026 4.92 0.56 10.79 0.81 47.10
MSC 8 094 0.16 2.90 1.00 19.25 0.46 15.54
7 091 0.18 345 1.15 2212 0.40 70.88
6 0.82 0.26 4.78 0.64 1230 0.71 40.16
No15G1 8 091 0.19 3.46 1.15 2216 0.40 16.15
7 0.88 021 3.92 0.98 1897 046 21.33
6 0.82 026 4.82 0.54 1043 0.84 47.72
MSCSG1 8 094 0.16 292 1.00 19.32 0.42 15.62
7 091 0.19 347 0.22 425 2.07 84.38
6 0.82 0.26 4.78 0.64 1230 0.71 40.17
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Table 9. Ash prediction results using PCA-ANN method.

Chemical Pre- Number Calibration Validation Consistency
content  treatment of PC T SEC CV SEP - CV RPD (%)
(%) (%) (%) (%)
Ori 10 094 015 276 044 849 1.01 34.08
8 094 015 2.83 045 873 0.98 34.04
5 0.77 028 5.21 045 871 0.99 62.80
Nol 10 096 013 242 0.88 17.02 0.52 14.71
8 094 015 2383 045 873 0.98 34.04
5 076 029 547 036 6.92 127 81.60
SG1 10 094 015 2383 049 939 094 31.09
8 093 0.17 3.12 0.20 3.84 2.29 83.78
Ash 5 0.87 0.22 4.08 039 748 1.17 56.38
MSC 10 096 0.13 235 0.74 1449 0.58 17.23
8 094 014 267 056 11.07 0.76 25.65
5 090 0.19 3.49 047 914 0.93 40.56
Nol1SG1 10 095 0.14 265 038 724 1.21 37.85
8 095 014 271 0.61 11.69 0.75 23.89
5 0.87 0.22 4.05 039 756 1.16 55.27
MSCSG1 10 094 0.15 279 034 654 1.34 44.09
8 093 0.16 3.01 030 5.82 151 53.50
5 0.88 0.21 3.95 036 691 1.27 59.12

) °
< 4. e 7, =09
- =051 - SEC=10.17%
€ 651 SEC=019% € 65 1 sEp=020%
8 SEP =0.22% ’ £ 6 - RPD=229%
e g5 - =]
L —
2 . | RPD =2.07 w % 55 IW§
= ) =
T : L B 5 ‘. P
£ 5 " ¢ Calibration £ 45 - OC;all-bra‘FlOIl
s 45 = B Validation g5 ® Validation
o £ 4 T T T T T ]
By 4 T T T T T 1 n-..
4 45 5 55 6 6.5 7
4 45 5 55 6 6.5 7
Reference ash content (%0) Reference ash content (%5)
(a) (b)
Figure 6. Plot of the relationship between predicted ash content and reference data: (a) PLS and (b)

PCA-ANN.
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The carbohydrate content prediction results using the PLS method are shown in Table 10, whereas
the prediction results using the PCA-ANN method are presented in Table 11. Figure 7 illustrates the
relationship between the predicted carbohydrate content and the reference data. The best
pretreatment for carbohydrate prediction using both the PLS and PCA-ANN methods was the
No1SG1 pretreatment. The best prediction using PLS method was obtained with 10 PLS factors,
yielding r = 0.91, SEC = 0.73%, SEP = 0.77%, CV = 1.18%, RPD = 2.29, and consistency = 94.92%. In
contrast, the best prediction using PCA-ANN method was achieved with 5 PC with r = 0.93, SEC =
0.70%, SEP = 0.64%, CV =0.99%, RPD = 2.73, and consistency = 108.85%. The correlation coefficient
and RPD values from the ANN method were higher than those from the PLS method, indicating that
PCA-ANN is a superior prediction model for carbohydrate content. This finding aligns with the study
by Aditama et al. (2019), who concluded that the ANN method can enhance the prediction accuracy
over the traditional PLS method.

Table 10. Carbohydrate prediction results using PLS method.

Chemical Pre- PLS Calibration Validation Consistency
content treatment Factors r SEC CV SEP - CV RPD (%)
(%) (%) (%) (%)
Ori 8 0.77 113 1.75 1.74 267 1.01 65.20
7 0.60 141 219 197 3.02 0.89 71.83
6 0.68 1.29 2.00 2.07 3.18 0.85 62.45
Nol 9 0.89 0.83 1.28 1.79 275 0.98 46.10
8 0.86 092 142 1.39 214 1.26 65.81
6 0.76 115 1.78 1.39 213 1.27 82.78
SG1 10 091 0.74 1.15 1.84 282 0.96 40.49
7 0.77 113 1.75 1.74 267 1.01 65.27
Carbohydrate 6 0.68 1.29 2.00 2.07 3.18 0.85 62.54
MSC 8 0.87 0.88 1.37 147 226 1.19 59.96
7 0.83 1.00 1.55 147 225 1.20 68.39
6 0.75 1.18 1.83 1.65 254 1.06 71.45
No15G1 10 091 0.73 1.13 0.77 1.18 2.29 94.92
8 0.85 092 143 095 146 1.85 97.01
6 0.76 115 1.78 147 226 1.19 78.21
MSCSG1 8 0.86 0.89 1.38 148 227 1.19 60.53
7 0.82 1.01 1.56 146 224 1.20 69.09
6 0.81 1.05 1.62 1.33 203 1.33 79.21
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Table 11. Carbohydrate prediction results using ANN method.

librati lidati
Chemical Pre- Number Calibration Validation Consistency
content treatment  of PC r SEC CV SEP - CV RPD (%)
(%) (%) (%) (%) ’
Ori 10 0.89 0.83 1.28 240 3.69 0.74 34.46

8 0.79 1.08 1.68 239 3.67 0.74 45.30

5 071 125 193 1.51 232 1.18 82.98

Nol 10 087 0.88 1.35 245 375 0.72 35.82

8 081 1.04 1.61 255 391 0.69 40.78

5 064 137 212 1.92 294 092 71.50

SG1 10 0.87 0.88 1.35 241 370 0.73 36.33

8 082 1.03 1.59 1.87 2.87 0.94 55.01

5 054 150 232 1.74 2.68 1.01 85.80

MSC 10 0.87 0.89 1.37 1.92 295 092 46.33

8 081 1.04 1.61 1.67 257 1.06 62.37

5 071 125 142 1.99 3.06 0.89 62.88

No15G1 10 093 0.64 0.99 1.97 3.03 0.89 32.28
8 0.87 090 1.39 1.88 2.88 0.94 48.06

5 093 0.70 1.08 0.64 099 273 108.85

MSCSG1 10 0.80 1.06 1.64 1.75 2.69 1.00 60.69
8 0.83 1.01 1.56 1.79 274 098 56.34

5 071 125 1.93 1.99 3.06 0.89 62.88
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Figure 7. Plot of the relationship between predicted Carbohydrate content and reference data: (a)
PLS and (b) PCA-ANN.
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4. Conclusion

The PCA-ANN method combined with spectral pre-treatment can predict the chemical content
(moisture, protein, fat, ash, and carbohydrates) of robusta coffee beans more accurately than the PLS
method. This is due to the ability of the PCA-ANN method to effectively handle complex nonlinear
problems. PCA-ANN with NolSG1 pre-treatment yielded optimal predictions for most chemical
components of robusta coffee beans, with moisture content resulting in r = 0.95, protein r = 0.92, fat r
=0.93, and carbohydrate r = 0.93, while SG1 pre-treatment was more suitable for predicting ash content
with r = 0.93. These results indicate that NIRS can be used to accurately predict the chemical content
of robusta coffee beans. This finding has potential applications in supporting rapid, non-destructive,
and cost-effective coffee quality assessment, particularly in quality control processes within the

industrial and plantation sectors of Robusta coffee in Pagar Alam.
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