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Abstract

The present work investigated the feasibility of near-infrared (NIR) spectroscopy for separa-
tion of good quality green ‘Robusta’ coffee beans from defective (broken beans, beans with 
parchment, and beans with husk) and contaminated beans (faecal matter and soil) by single 
bean measurement. Linear discriminant analysis using principal components from principal 
component analysis (PCA-LDA) as variables was used as a supervised method for the classifi-
cation. It was found that smoothing pre-treatment applied to the spectra was suitable for the 
classification, with the highest classification accuracy of 97.5%. The present work indicated 
that NIR spectroscopy coupled with appropriate chemometric methods could be an efficient 
tool for coffee bean sorting.
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Introduction

 Coffee is a popular drink around the world. 
Therefore, coffee cultivation, coffee bean processing, 
and coffee product manufacturing such as roasted 
beans, instant coffee, and packaged coffee drinks are 
economically important in many countries. The total 
world production of green coffee beans continuously 
increased from 7.5 million tons in 2000 to 10.3 million 
tons in 2018 (FAO, 2020). The quality of green coffee 
beans is a crucial factor determining the quality of 
brewed coffee drink. Therefore, they are normally 
sorted to remove the defective ones, including black-
ened, mouldy, broken, insect-damaged, and dried cher-
ries and other foreign matter (National Bureau of Agri-
cultural Commodity and Food Standards, 2009).
 Automatic optical sorting machines are com-
mercially  available for large-scale production of coffee 
beans. For small-scale producers, however, sorting by 
hand is still being practiced due to the high cost of 
machines. Near-infrared (NIR) spectroscopy, which is 
a non-invasive analytical technique for coffee bean 
sorting for small-scale coffee growers, is a very promis-
ing technology since its versatility has been shown in 
numerous applications and the cost of equipment is 
recently becoming lower (Khuwijitjaru, 2018). NIR 

spectroscopy has been studied in different processing 
stages of coffee, from differentiating ‘Arabica’ and 
‘Robusta’ coffee beans, identifying origin of beans, 
monitoring roasting process, to prediction of coffee 
drink quality (Downey and Boussion, 1996; Alessan-
drini et al., 2008; Barbin et al., 2014; Santos et al., 
2016; Okubo and Kurata, 2019; Giraudo et al., 2019). 
Even though computer vision based on image analysis 
is possible to classify some coffee bean defects, NIR 
spectroscopy has an advantage since it can also be used 
for analysis of various major and minor internal chemi-
cal components of coffee beans without destroying any 
sample, such as moisture content, proteins, caffeine, 
lipids, chlorogenic acid and other phenolic compounds, 
total sugars, sucrose (Fox et al., 2013; Scholz et al., 
2014), theobromine (Huck et al., 2005), and ochratoxin 
A contamination (Taradolsirithitikul et al., 2017). The 
detection of adulteration of barley in roasted coffee by 
NIR spectroscopy has been reported by Ebrahimi-Na-
jafabadi et al. (2012). Although the evaluation of green 
‘Arabica’ and ‘Robusta’ coffee beans with different 
defects including insect-damaged, broken, sour, 
partially black, black, mouldy, silver skin, faded, and 
immature beans has been investigated in the past (San-
tos et al., 2012), the work was not based on single bean 
measurement.
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 The use of discriminant analysis techniques 
on NIR spectral data for classification has been studied 
for several applications. Linear discriminant analysis 
(LDA) is one of the supervised classification 
techniques that uses information from training set of 
data to allocate unknown new samples into correct 
groups (Miller and Miller, 2000). Biancolillo and 
Marini (2018) discussed the limitation of LDA with 
data from spectroscopic methods which normally 
contain much larger number of variables than number 
of samples and resulted in non-invertible covariance 
matrix. Several variable reduction/selection methods 
were therefore tested to improve LDA prediction. Brito 
et al. (2013) reported that classification of three types 
of cereal bars using LDA with wavelength selection 
by genetic algorithm gave the best result of 90% classi-
fication. Diniz et al. (2014) showed that only 12 wave-
numbers selected by successive projections algorithm 
for LDA could correctly classify all 84 samples of tea 
into five classes. The use of principal components from 
principal component analysis for LDA (PCA-LDA) 
has also been reported by several studies which showed 
very promising results. Jakubíková et al. (2016) 
showed that the application of PCA-LDA on NIR spec-
tra could classify four kinds of fruit spirits at 100% 
correctness. Li et al. (2014) also reported that 
PCA-LDA could predict brands, flavour styles, ages, 
and alcohol contents of Chinese liquor at higher than 
95% correctness from Vis/NIR spectra. The classifica-
tion of green coffee beans including common defects 
using NIR spectroscopy has scarcely been reported. 
In addition, NIR spectroscopy study on detection of 
soil and faecal contaminations in coffee beans has 
never been reported in the literature. 

 In the present work, therefore, the potential 
of NIR spectroscopy with the PCA-LDA method for 
sorting good quality green ‘Robusta’ coffee beans 
from common defective beans as well as from soil or 
faecal contaminated beans was investigated. 

Materials and methods

Coffee beans
 ‘Robusta’ coffee cherries were harvested and 
processed into green beans by a local producer 
(Thamsing Coffee, Chumphon, Thailand). The dried 
beans were obtained as a gift at the producer’s prem-
ises. Following receipt, the samples were sorted man-
ually according to the criteria used by the producer 
into four groups, i.e. good beans (G), broken beans 
(B), beans with parchment (P), and beans with husk 
(H). In addition, two groups of beans with contami-
nants were artificially prepared in laboratory by 
smearing good beans with soil (S) and chicken faecal 
matter (F) on the dorsal side of the beans (Figure 1). 
Each group consisted of 200 beans. 

NIR spectral acquisition
 NIR spectra of coffee beans in the wavenum-
ber range 12489 - 3895 cm-1 (800 - 2567 nm) were 
obtained using an FT-NIR spectrometer (MPA, 
Bruker Optik, Germany) at the resolution of 16 cm-1 
and 32 scans. All beans were scanned on their dorsal 
side using reflectance mode on a custom-made 
sample placement for individual bean measurement. 
OPUS software version 7.0 (Bruker Optik) was used 
for controlling the instrument and recording spectra. 

Figure 1. Pictures of green ‘Robusta’ coffee bean samples. Good quality beans (a), broken beans (b), beans with 
husk (c), beans with parchment (d), chicken faecal contaminated beans (e), and soil contaminated beans (f).
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Data analysis
 NIR spectra from the OPUS software were 
exported into comma separated value (CSV) files for 
data analysis using R software version 3.5.1 (R Core 
Team, 2019). To remove noise from meaningful 
data, the spectra were processed with various mathe-
matical pre-treatment methods including Savitz-
ky-Golay smoothing (SG, second order, 17 points), 
standard normal variate (SNV), first derivative 
(SG-1D, 17 points), and second derivative (SG-2D, 
17 points) using the respective functions in the pack-
age ‘prospectr’ (Stevens and Ramirez-Lopez, 2013). 
Multiplicative scatter correction (MSC) was 
performed by msc function in the package ‘pls’ 
(Mevik et al., 2016). The PCA was performed using 
prcomp function with scaled and centred data, and 
then LDA was analysed by lda function from the 
package ‘MASS’ (Venables and Ripley, 2002). 
Spectra from each group were separated into training 
set (160 spectra) and test-set (40 spectra) according 
to Kennard-Stone algorithm using kenStone function 
with Euclidean distance criteria in the package 
‘prospectr’. 

Results and discussion

NIR spectra of coffee beans
 Green ‘Robusta’ coffee bean typically 
contains 48.6 - 55.0% of carbohydrates, 10% of 
proteins, 10% of lipids, and 4.4% of minerals (Viani 
and Petracco, 2016). The moisture content of green 
coffee bean is usually lower than 12.5% due to the 
safety standard. Normalised and averaged spectra for 
each group of the coffee beans used in the present 
work are shown in Figure 2. From visual inspection, 
it could be seen that the spectrum from soil contami-
nated beans (S) was obviously different from the 
others, particularly at wavenumbers around 4750 
cm-1 (2105 nm). Spectra in the short-wavelength 
region (9000 - 12500 cm-1 or 800 - 1111 nm), howev-
er, showed no significant band. The first distinctive 
band in long-wavelength region appeared around 
8200 - 8300 cm-1 (1204 - 1219 nm) and corresponded 
to second overtone stretching of C-H bonds. Two 
large bands at 6900 cm-1 (1449 nm) and 5200 cm-1 

(1923 nm) represent moisture absorption while the 
band at 4750 cm-1 (2105 nm) corresponds to band of 
protein (Manley, 2014). Peaks around 4200 - 4400 
cm-1 (2272 - 2380 nm) represent absorption bands of 
carbohydrates (Workman and Weyer, 2012). Major 
bands found were similar to those for ‘Arabica’ and 
‘Robusta’ beans reported by Scholz et al. (2014) and 
Giraudo et al. (2019). Detection of faecal contamina-
tion in food product using NIR spectroscopy has 

been reported by only a few studies. Chao et al. 
(2008) studied the detection of faecal matter on stain-
less steel and found that the featured bands of faecal 
contaminated sample were 980, 1195, and 1450 nm 
(10204, 8368, and 6896 cm-1). Liu et al. (2007) 
employed visible/NIR hyperspectral imaging (450 - 
950 nm) to detect faecal matter on apples, and found 
that the ratio between 725 and 811 nm could effec-
tively detect faecal contamination.

Principal component analysis
 Principal component analyses (PCA) were 
separately performed using short- (12489 - 9025 cm-1 
or 800 - 1108 nm), long- (9025 - 3895 cm-1 or 1108 - 
2567 nm), and full-wavelength (12489 - 3895 cm-1 or 
800 - 2567 nm) raw spectra to visualise all samples. 
Figure 3 shows the plots of the first two principal 
component (PC) scores obtained from each spectral 
range. Results showed that the explained variances 
by the first two PCs were up to 99, 97, and 96% for 
short-, long-, and full-wavelength spectra, respec-
tively. Short-wavelength spectra gave an incomplete 
separation of good beans from other defective beans. 
Interestingly, beans with husk were obviously sepa-
rated from others. Faecal and soil contaminated 
beans were grouped together but incompletely sepa-
rated from uncontaminated beans. On the other hand, 
long- and full-wavelength spectra gave rather similar 
plots in which faecal and soil contaminated beans 
were well separated from other groups while good 
beans were closely grouped with other defective 
beans. This suggested that long-wavelength gave 
more information on chemical components from 
faecal matter and soil which were largely different 
from other coffee beans. The group of soil contami-
nated beans was the most isolated one 

Figure 2. Vector normalised and averaged spectra of green 
‘Robusta’ coffee bean samples for good quality beans (G), 
broken beans (B), beans with husk (H), beans with parch-
ment (P), chicken faecal contaminated beans (F), and soil 

contaminated beans (S).
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from the other groups which agreed with the observa-
tion of the spectra in Figure 2. This agreed with the 
fact that long-wavelength NIR (1300 - 2500 nm) 
provides stronger absorptivity from the first overtone 
and combination bands but shallower penetration 
depth than short-wavelength region (Abbas and 
Baeten, 2017). 

PCA-LDA classification performance
 In the present work, principal components 
(PCs) from PCA were used as variables for LDA. 
Short-, long-, and full-wavelength NIR spectra were 
also separately used for PCA-LDA analysis. LDA 
analysis was performed using up to six PCs. Because 
the main objective was to separate all defective beans 
from good beans (G), positive classification (assign-
ing G into correct group) and false-positive classifi-
cation (assigning other defective beans as G) were 
reported. Correctness of the classification model was 
evaluated with leave-one-out cross validation and 
test-set validation (40 beans). 
 Table 1 shows the classification results using 
short-wavelength NIR spectra. The number of PC in 
each model was selected from the one that gave the 
highest positive and lowest false-positive classifica-
tion from the test-set validation. The use of raw spec-
tra resulted in a positive classification of the test-set 
samples as high as 100% with six PCs, but the 
false-positive classification was also very high, 
which was not appropriate for the purpose of bean 
sorting. Smoothing, 1st derivative, and 2nd derivative 
pre-treatments adversely affected the prediction 
performance with lower positive classifications but 
higher false-positive classifications. MSC and SNV 
pre-treatments gave similar results. They gave 
positive classifications around 50% without any 
false-positive classification. Nevertheless, the perfor-
mances were too low for real applications.
 Classification results from long-wavelength 
region are also shown in Table 1. It was found that 
using six PCs from raw spectra could give a positive 
classification of 75% without false-positive classifi-
cation. Furthermore, after smoothing, similar predic-
tion results were obtained. However, other pre-treat-
ments gave lower classification performances. 
 Full-spectra gave the best result for classifi-
cation after smoothing pre-treatment with a positive 
classification of 97.5% without false-positive classi-
fication using six PCs. Table 2 shows that classifica-
tions of other beans were also highly effective. Figure 
4 shows linear discriminant scores plot to illustrate 
the separation of each coffee bean group using 
LD1-3. It can be seen that good beans are grouped 
together and separated well from other beans. The 
first three PCs explained 99% of the spectral varia-
tion in coffee bean samples while the first six PCs 
explained 99.9% of the variation. PC1 explained 65% 
of the total variation of coffee beans spectra while 
PC2 explained 31%, and PC3 explained 3% of the 
total variation. In the present work, PCA eigenvec-
tors were used to explain more about the separation 
basis of the beans (Cozzolino et al., 2005). 

Figure 3. Score plot of the first two principal components 
from short- (a), long- (b), and full-wavelength (c) raw 
spectra for good quality beans (  ), broken bean (  ), beans 
with husk (  ), bean with parchment (  ), chicken faecal 
contaminated beans (  ), and soil contaminated beans (  ).
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Table 1. Good quality coffee beans classification results obtained with PCA-LDA. 

Spectral 
region 

Spectra pre-
treatment Number of PCs 

Cross validation Test-set validation 

Positive (%) False-
positive (%) Positive (%) False-

positive (%) 

Short 

None 6 87.5 21.5 100.0 30.0 

Smoothing 3 81.9 32.5 97.5 35.0 

1st derivative 2 80.6 29.4 80.5 37.5 

2nd derivative 2 22.5 107.5 28.1 94.4 

SNV 6 93.1 6.9 57.5 0 

MSC 6 93.1 6.3 52.5 0 

Long 

None 6 88.1 7.5 75.0 0 

Smoothing 6 89.4 8.1 75.0 0 

1st derivative 6 94.4 11.9 97.5 2.5 

2nd derivative 5 83.7 20.0 95.0 12.5 

SNV 3 81.2 30.0 82.5 17.5 

MSC 6 83.1 27.5 65.0 10.0 

Full 

None 3 86.9 20.6 95.0 5.0 

Smoothing 6 93.7 3.7 97.5 0 

1st derivative 6 93.7 13.1 95.0 2.5 

2nd derivative 5 83.7 21.2 92.5 15.0 

SNV 5 98.7 10.0 100.0 25.0 

MSC 2 61.9 30.6 85.0 60.0 

 

Table 2. PCA-LDA classification of green ‘Robusta’ coffee bean samples using smoothing 
pre-treated full spectra with 6 PCs (assigned group in row).

 G B H P F S 
Classification 

(%) 

Good beans (G) 39 1 0 0 0 0 97.5 

Broken beans (B) 0 40 0 0 0 0 100 

Beans with husk (H) 0 1 39 0 0 0 97.5 

Beans with parchment (P) 0 0 0 40 0 0 100 

Faecal contaminated beans (F) 0 0 0 0 40 0 100 

Soil contaminated beans (S) 0 0 0 0 0 40 100 
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Figure 5(a) and (b) show an example of NIR spec-
trum after smoothing pre-treatment and the eigenvec-
tors of the first three components, respectively. The 
eigenvectors of PC1 showed that the spectra from 
12489 to 7500 cm-1 equally contributed to the coffee 
bean discrimination. In addition, there were down-
ward peaks at 6900, 5200, and 4750 cm-1 which 
corresponded to peaks on NIR spectra as previously 
discussed. Downward eigenvectors of PC2 and 3 
were found at the region around 8200 cm-1 while 
several upward eigenvectors were also found at the 
wavelengths associated with NIR peaks. These 

results indicated that these eigenvectors correlated 
positively or negatively with physical characteristics 
and chemical components of coffee beans. 
 Although the PCA-LDA method successful-
ly classified each group of coffee beans, considering 
that the ultimate goal of the present work is building 
a cheap bean sorting machine for small-scale coffee 
bean producers, a lower cost NIR spectroscopy 
system is required. 
 Therefore, various wavelength selection 
techniques to find only meaningful variables (Yun et 
al., 2019) may be applied before performing the 
discriminant analysis. In addition, portable and 
affordable NIR sensors which have been developed 
recently (Oliveira et al., 2020; Savoia et al., 2020) 
might accelerate the implementation of NIR spec-
troscopy for coffee bean producers as well. 

Conclusion

 The present work investigated the feasibility 
of applying NIR spectroscopy as a universal tool for 
sorting good quality green ‘Robusta’ coffee beans 
from defective beans and faecal and soil contaminat-
ed beans. The results showed that linear discriminant 
analysis using principal components from principal 
component analysis (PCA-LDA) was an effective 
method to classify each group of coffee beans. The 
highest classification performance for good coffee 
beans was obtained from full spectra with Savitz-
ky-Golay smoothing pre-treatment at 97.5% correct-
ness without false-positive classification. 
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