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A B S T R A C T   

Specialty green coffee beans have a higher commercial value and some of them have recently been classified in 
Brazil based on the indication of provenance and denomination of origin. In this context, the classification of the 
type of coffee bean is still a challenge, using traditional analytical techniques. Thus, alternative analytical 
techniques, such as ultraviolet–visible spectroscopy (UV–Vis), as non-target analysis can be applied as a quick 
and reliable method of coffee classification using data science, such as chemometric tools. In the present study, 
UV–Vis were evaluated as a new strategy for discrimination of green beans of Brazilian specialty canephora 
coffees with recognized geographical indications (Robusta Amazônico and Conilon from state of Espírito Santo), 
for the first time. Spectra obtained from the aqueous extract of 222 samples. The Principal Component Analysis 
(PCA) was performed and subsequently Partial Least Squares with Discriminant Analysis (PLS-DA) model 
developed. The PCA indicated tendency to group the samples in their respective classes, pointing to the simi
larities in the spectra of samples of the same origin. The PLS-DA model obtained showed figures of merit values 
starting at 89.3% in the test set. The VIP scores showed that the variables associated with chlorogenic acids, 
caffeine and chlorophyll are the most important for differentiating the studied coffees. The results obtained 
showed that UV–Vis fingerprint − non-targeted analysis associated with PLS-DA is appropriate for the 
discrimination of green beans of Brazilian specialty coffee from different origins, in a simple way, using common 
equipment in several laboratories.   

1. Introduction 

The consumers increasingly demanding for better-quality coffees, 
specialty coffees have been conquering a wide and promising market, 
since they are recognized for their quality, historical aspects and pro
duction practices, based on environmental, social and economic sus
tainability [1]. The Arabica species (Coffea arabica L.) has always been 
more associated with fine beverages, while the canephora species 
(Coffea canephora Pierre), which used to be associated with lower qual
ity, has recently been managed by some producers aiming to obtain 
specialty coffees [2,3]. 

In Brazil, the states of Espírito Santo, with a production of 
11,221,000 bags, and Rondônia, with 2,263,100 bags in 2021, represent 
82.76 % of all processed coffee in the country [4]. In Espírito Santo, the 
predominant cultivation is of the conilon botanical variety and in the 
state of Rondônia there is greater production of robustas, grown by 
indigenous peoples of the region. In 2021, the National Institute of In
dustrial Property (INPI) granted two geographical indications for these 
coffees [5]. The first geographical indication was the Indication of 
Provenance “Conilon Espírito Santo” and the second geographical 
indication was granted with the Denomination of Origin Matas de 
Rondônia, for Robustas Amazônicos coffees, produced by indigenous 
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people and being the first denomination of origin for sustainable cane
phora coffees in the world. [6]. Specialty coffees have a higher com
mercial value and some of them have recently been classified in Brazil 
on the basis of indication of provenance and denomination of origin. In 
this context, mislabelling origin is characterised as fraud, but identifying 
the origin of coffee is still a challenge with the use of analytical tech
niques [7]. 

Recently, several studies had tested methods for the accurate 
discrimination of the origin of green coffee beans based on the chemical 
composition of samples. For instance, mineral profiling through Induc
tively Coupled Plasma Optical Emission Spectrometry (ICP-OES) and 
physicochemical composition analysis have been employed for the 
recognition of Arabica coffees in Brazil [8]; metabolomics based on 
Nuclear Magnetic Resonance (NMR) has been utilized for Arabica and 
Robusta coffees from Central America, South America, Africa, and Asia 
[9]; phenolic profiling via Ultra-High-Performance Liquid Chromatog
raphy coupled with Mass Spectrometry (UHPLC-MS) has been employed 
for Ethiopian Arabica coffees [10], and untargeted analysis using Liquid 
Chromatography coupled with Time-of-flight Mass Spectrometry (LC- 
TOF-MS) has been applied to Colombian Arabica coffees [11]. The re
sults indicate that these methods are considered promising due to their 
achievements in classifications and predictions. However, most of the 
analytical strategies employed in these studies have relied on high-cost, 
labor-intensive, and time-consuming techniques and toxic residues 
generation [12]. 

Thus, there is great interest in developing efficient analytical tech
niques, based on the requirements of Industry 4.0 and in agreement to 
green analytical chemistry principles, which advocates simple, low-cost 
analysis capable of acquiring quick answers, during its production chain 
for this purpose and strong reduction or elimination of environmental 
negative impacts. Therefore, the development of faster and more envi
ronmentally friendly techniques to be used as tools to recognise spe
cialty green canephoras coffees beans is still unheard of, thus 
guaranteeing consumers an authentic product and fair trade throughout 
the production chain [11,13]. 

In this sense, NIR spectroscopy has been successfully applied to the 
discrimination of coffees, due to all its characteristics related to green 
chemistry and the possibility of automation [14–16] But UV–Vis spec
troscopy has been considered an effective technique and since it is 
widely used in routine analysis, the availability of UV–Vis spectrometers 
can be greater than most spectrometers [17]. In this scenario, ultra
violet–visible spectroscopy (UV–Vis) combined with data science by 
chemometric algorithms rises as an alternative method, which allow the 
development of simple, robust and economical option. 

Chemometrics is the set of statistical, mathematical and graphical 
techniques for obtaining information based on chemical analysis data. 
Its use can be directed, for example: exploratory data analysis, by 
Principal Component Analysis (PCA) and sample classification, by Par
tial Least Squares Discriminant Analysis (PLS-DA), among others [18]. 
These two methods that are respectively supervised or unsupervised are 
applied as appropriate and promising tools for sample differentiation. 
[19,20]. PCA is based on a mathematical formulation that reduces the 
data dimension, enabling the recognition of patterns in the data set by 
highlighting their similarities and differences. PLS-DA, on the other 
hand, is defined as a tool that mathematically relates each analytical 
signal obtained from samples to a known class of samples of interest, by 
projecting the information contained in the spectra onto latent vari
ables, where the maximization of covariance between the spectral data 
matrix and the class of target samples occurs [18]. 

The UV–Vis spectrophotometric fingerprinting (non-targeted) tech
nique is used mainly for liquid samples or extracts, such as the studies 
reported for discrimination of roasted ground coffee as to type 
(caffeinated/decaffeinated) and conservation status (expired and not 
expired shelf life) using Successive Projection Modelling with Linear 
Discriminant Analysis (SPA-LDA) modelling [21]; identification of 
adulteration of ground roasted coffees by PLS-DA [22]; discrimination of 

Peaberry and traditional roasted coffees by PLS-DA [23] and PLS-DA to 
discriminate not only between species, but also between the geograph
ical origins of green coffee [24]. These investigations show the versa
tility and effectiveness of discriminant analysis techniques in extracting 
information from UV–Vis data in order to categorize and discern various 
attributes in coffee samples. 

For the discrimination of beans from specialty green canephora 
coffees with geographical indication, no published data were found in 
the scientific literature. Therefore, this study aims to evaluate the 
feasibility of using the UV–Vis spectroscopy technique associated with a 
PLS-DA model to discriminate Robusta Amazônico from Conilon coffees 
in the state of Espírito Santo, as a simple and low-cost method. 

2. Material and methods 

2.1. Samples and extraction process 

Two types of green beans from Brazilian canephora speciality coffees 
with a geographical indication or recognized origin were assessed in this 
research: Robusta Amazônico (114 samples) and Conilon from the state 
of Espírito Santo (108 samples), totaling 222 samples. All the samples 
were provided by the Brazilian Agricultural Research Corporation 
(EMBRAPA), which collected them directly from the producers assuring 
the authenticity of the acquired samples. It is worth emphasizing that 
each sample came from a different producer. 

The samples were grounded by freezing with liquid nitrogen and 
subsequently grinding in a home coffee grinder (Cadence, model MR35). 
The granulometry of the ground samples was standardized for all ex
periments using a 20 mesh/tyler − 0.85 mm sieve. Then, an aqueous 
extraction process was performed according to Souto [21] with adap
tations: initially 1.0 g of each sample was placed on a paper filter in a 
glass funnel, then 10 mL of deionized water at 90–95 ◦C were poured 
over the samples and after calibrating to room temperature all extracts 
were diluted in distilled water in the ratio 1:500 (v/v). This dilution was 
defined by means of tests to find a ratio in which the maximum absor
bances of the UV–Vis spectra reached values close to 1. 

2.2. UV–VIS data acquisition 

UV–VIS spectra of the diluted extracts were obtained using a multi
mode microplate reader (BMG Labtech, model Fluostar Omega, Ger
many), with a resolution of 1.0 nm. A quartz microplate at room 
temperature (25 ± 2 ◦C) was employed to collect the absorption spectra 
of each sample in the range 200 nm − 1000 nm. The blank was evaluated 
using deionized water and subtracted to the diluted extracts spectra. A 
total of 222 UV–Vis spectra (1 spectrum per sample) with 781 variables 
per spectrum, were used for data analysis. 

2.3. Exploratory analysis and model for classification of specialty 
canephora coffee beans with geographical indication by PLS-DA 

MATLAB R2019a software (MathWorks IncNatick, USA) with PLS- 
toolbox 5.2 was used to apply data preprocessing techniques and 
apply chemometric tools to the UV–Vis spectra data. 

All spectra were mean centred and the Principal Component Analysis 
(PCA) was applied, as an exploratory analysis, on the pre-processed 
spectra, to evaluate the distribution of samples according to spectral 
information, which could contribute to the grouping of samples. The 
number of Principal Components (PC) was set according to a cumulative 
explained variance and the smallest value of the Root Mean Square Error 
of Cross Validation (RMSECV) and the combination of the two most 
informative Principal Components (PCs) to aggrouping the samples ac
cording to the aim of this study presented. 

For the classification of the coffees according to geographic origin 
and inherent botanical origin (Class 1 − Robusta Amazônico; and Class 2 
− Conilon from the state of Espírito Santo), the PLS-DA model was 
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developed with a training set, corresponding to 75 % of the samples and 
the remaining 25 % of the samples constituted the test set, the samples 
subdivision was performed by the Kennard-Stone algorithm [25]. 
Therefore, the training and test sets were composed of 167 samples and 
55 samples, respectively. In addition, possible outliers were also 
checked in the model using leverage test and Q residuals. The optimal 
number of latent variables (LVs) was defined according to evaluation of 
the class boundary by Bayesian decision, the explained variance in Y and 
the ROC curves. Cross validation of the model was performed using a 
venetian blinds procedure with five samples. 

The classification ability of the model was evaluated for each class by 
the sensitivity, specificity and non-error rate (NER) determined ac
cording to equations (1), 2 and 3, respectively. The correct discrimina
tion rate (CDR) was also evaluated, taking into account all classes 
simultaneously (equation (4).Sensitivity refers to the ability to correctly 
predict all validation samples that do not belong to a given class. 
Specificity refers to the incorrect prediction of validation samples from 
other classes in a given class. NER refers to the rate of correctly classified 
samples in each class and CDR refers to the hit rate considering all 
classes. These values can take results from 0 % to 100 %, and have been 
calculated against the external validation data set. Models with figures 
of merit above 80 % in test are considered good predictors [7,18,26]. 

Sensibility(%) =
TP

TP + FN
x100 (1)  

Specificity(%) =
TN

TN + FP
x100 (2)  

NER(%) =
TP

TP + FP + TN + FN
x100 (3)  

CDR(%) =
TP

TP + FP + TN + FN
x100 (4)  

Where TP refers to true positives, FN to false negatives, TN to true 
negatives, and FP to false positives. 

The regions of the spectrum (measured in wavelengths) that had the 
highest impact for modelling the classes were verified by calculating the 
projection importance variable (VIP). The variables that presented a VIP 
score value > 1 were considered more important (according to the 
wavelength ranges) [27]. 

3. Results and discussion 

3.1. UV–VIS spectra obtained from canephora coffees bens with 
geographical indication and pre-processing methods 

The spectra obtained from the 222 coffee samples did not show, in 
the region between 421 and 1000 nm, relevant spectral information as 

presented in Fig. 1A. The most informative band of the spectra is found 
in the UV region (220 nm − 420 nm), where useful transitions are π → π* 
for compounds with conjugated double bonds, some n → σ* transitions, 
and some n → π* [28]. Absorption bands are seen in the 220 to 420 nm 
range. These absorption bands are mainly associated with the phenolic 
components present in green coffees [29]. 

In this case, the wavelength range that did not show relevant ab
sorption bands were excluded in order to avoid negative interferences in 
the performance of the discriminant analysis models. Fig. 1B shows the 
average spectral profiles of the coffee grades in the working region be
tween 220 and 420 nm that has the most information and the resulting 
spectra are suitable for visually differentiating between different coffee 
varieties. 

3.2. Exploratory spectral analysis of coffee beans of different 
geographical indications: PCA 

The PCA technique is generally used as an exploratory analysis 
before using supervised classification methods. Plotting the samples and 
their respective variables (spectral data obtained from UV–Vis) facili
tates visualisation and grouping behaviour. The model for this study 
performed on the data after removing the non-informative region was 
established with the first two principal components (PC1 and PC2), 
which explain 97.62 % of the variance in the data. Fig. 2.A shows the 
results of PC1 and PC2. 

The tendency to cluster the samples occurred along PC2, which alone 
explained 91.41 % of the variability in the data. The Conilon coffee 
samples from the state of Espírito Santo were mostly arranged in the 
positive quadrant of the scores, while the Robusta Amazônico samples 
were situated with negative scores. By analyzing the loadings graph 
(Fig. 2.B) it is possible to understand the reason for this separation. The 
spectral regions between 220–280 nm and 350–420 nm shows the 
highest and most positive loadings in PC2 and according to the litera
ture, this is a region that is related to khaweol, cafestol, caffeine and 
trigonelline, so these are the compounds most associated with Conilon 
samples from the state of Espírito Santo. The region between 290 and 
350 nm was relevant in the negative loadings of PC2 and is linked to 
Robusta Amazônico coffees and is a band linked to chlorogenic acids, 
especially caffeic, p-coumaric and ferulic acids [30]. 

Although PCA shows a clustering tendency, this type of modelling is 
not suitable for making predictions, and it is necessary to develop a 
supervised classification model to evaluate the possibility of using the 
UV–Vis spectra obtained for the discrimination of green coffee beans of 
different origins [26]. 

Previous to the supervised modelling, the presence of outliers was 
checked. There were no samples with high Qresiduals and low leverage 
values. Since no samples had both high leverage and high Qresiduals, no 
outliers were detected in the training and test groups in any 

Fig. 1. Raw spectra (A) and average of the spectral region of interest (B).  
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preprocessing [31]. 

3.3. Models for discriminating samples of green coffee beans of different 
origins by PLS-DA 

The confusion matrices and figures of merit of the PLS-DA model for 
discriminating between Robusta Amazônico and Conilon from the state 
of Espírito Santo are shown in Table 1. The number of latent variables 
(LVs) was set at 6, considering the class limit by Bayesian decision, thus 
reducing the chance of misclassification of the samples. The confusion 
matrices show the classification result in number of samples (true class 
versus predicted class) for each class in the training, cross-validation and 
test sets. 

The analysis of the obtained model reveals significant figures of 
merit across different datasets and classes. Specifically, for the Robusta 
Amazônico class, the sensitivity values indicate strong predictive capa
bility, with respective values of 94.2 %, 93.0 %, and 89.3.2 % for the 
training data, cross-validation, and test sets. Similarly, the specificity 
values for Robusta Amazônico demonstrate high accuracy, with values 
of 92.6 %, 92.6 %, and 100 % across the respective sets. Furthermore, 
the NER values exhibit consistent performance across all datasets, with 
scores of 94.2 %, 93.0 %, and 89.3 % for the training, cross-validation, 
and test sets, respectively. 

For the Conilon from the state of Espírito Santo class, the obtained 
sensitivity values indicate scores of 92.6 %, 92.6 %, and 100 % across 
the respective datasets. Similarly, the specificity values for Conilon class 
samples demonstrate respective values of 94.2 %, 93.0 %, and 89.3 % 
across different datasets. Moreover, the NER values for Conilon samples 
highlight scores of 92.6 %, 92.6 %, and 100 % across the training, cross- 
validation, and test sets, respectively. The test set also revealed a CDR of 
94.4 %, indicating the overall effectiveness of the model in accurately 
identifying instances across both classes. Therefore, the presented re
sults demonstrate the robustness and effectiveness of the developed 
model in accurately classifying samples from both the Robusta 
Amazônico and Conilon from state of Espírito Santo. The figures of merit 
are within the range reported in the literature for coffee classification 
using UV–Vis spectroscopy combined with PLS-DA modelling, which 
ranged from 63.6 % to 100 % [23,24,32]. 

Since the UV–Vis spectra were obtained for aqueous extracts of green 

coffee beans, the technique was applied in its traditional form, using 
samples in solution after preparation of infusions, and showed feasi
bility. Fig. 3 shows the distribution performed for test samples. It is 
possible to identify that the grades of Robusta Amazônico and Conilon 
from state of Espírito Santo coffees were adequately separated and 
classified for most samples, since few samples were incorrectly predicted 
for the grades. 

The VIP Scores (Fig. 4) indicate the most important variables for 
discrimination, which refer to the bands with greater differences among 
the coffee origins. The wavelength of highest intensity in each region 
delimited as VIP scores are considered as the main markers for the 
discrimination of coffee origins and can have their variabilities checked 
in boxplots (Fig. 5) for proof of contributions as PLS-DA predictors 
through the difference in analytical signal intensities. 

The differences between the coffees are related to the band centred 
on 228 nm, which is associated with the composition of cafestol in the 
coffees, and the absorbances of this band, as can be seen in the boxplots 
in Fig. 5, were more intense for the Conilon coffees from the state of 
Espírito Santo. The band centred on 261 nm is a spectral region referring 
to caffeine and trigonelline; in this band the analytical signal was more 
intense for Conilon coffees from the state of Espírito Santo. In the region 
of 329 nm, is a region associated with chlorogenic acids and more 
expressive in Robusta Amazônico. The 417 nm wavelength is related to 
chlorophyll, has a higher value for the Conilon coffee class., indicating 
that there must be important differences in composition between the 
classes of coffees studied [29,33]. 

Among the compounds highlighted, the literature has proven that 
some are potential chemical markers of the geographical origin of cof
fees, especially trigonelline and chlorogenic acids, which are dependent 
on the attitude of the region of production. Caffeine and cafestol are not 
commonly reported as being dependent on the geographical origin of 
coffees, but in this study, they were shown to be a component of ab
sorption in the VIP score region greater than 1, making them important 
for discrimination (Fig. 5) [30,34]. 

Robusta Amazônico green coffee beans from indigenous people were 
distinguishable from Conilon beans from the state of Espírito Santo 
using UV–Vis spectroscopy and PLS-DA supervised classification proved 
its efficiency for discrimination. With this, it was possible to discrimi
nate the botanical/geographical origin of raw beans of Brazilian 

Fig. 2. PCA scores (A) and loadings (B).  

Table 1 
Confusion matrices and figures of merit of PLS-DA model.  

LVs Set Geographical Indication Confusion matrices Figures of merit 
Predicted as Conilon Espírito Santo Predicted as Robusta Amazônico Sens. (%) Spec. (%) NER (%) CDR (%) 

6 Training Conilon Espírito Santo 75 6  92.6  94.2  92.6  93.4 
Robusta Amazônico 5 81  94.2  92.6  94.2  

Cross- 
validation 

Conilon Espírito Santo 75 6  92.6  93.0  92.6  92.8 
Robusta Amazônico 6 80  93.0  92.6  93.0  

Test Conilon Espírito Santo 26 0  100.0  89.3  100.0  94.4 
Robusta Amazônico 3 25  89.3  100.0  89.3   
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specialty canephora coffees with Geographical Indications, granted 
through UV–Vis spectroscopy from the diluted extract of the beans. 

The model was considered satisfactory and has advantages for 

having simple sample preparation, no use of potentially toxic reagents 
and cheaper, thus being more feasible for the developed application, and 
can be used in quality control of producers, industries, certification 

Fig. 3. Distribution of the test group in the PLS-DA model.  

Fig. 4. VIP scores UV–Vis.  

Fig. 5. Variability of the main VIP scores spectra of the classes Conilon from state of Espírito Santo (CES) and Robusta Amazônico (RA).  
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agencies and associations involved in the evaluation of certified coffee 
beans [16] The application developed in this study also presents yet 
another alternative to the UV–Vis spectrometer, a piece of equipment 
commonly found in the food analytical laboratory sector, which is 
already widely used for other purposes to control the quality of coffees 
with univariate tests, such as the determination of caffeine, chlorogenic 
acids, antioxidant activity and total phenolics [35]. 

The results of this study are in line with those of previous studies that 
have used UV–Vis spectroscopy and discriminant analysis to analyse 
coffee. Souto et al. [22] used PLS-DA to detect adulteration in roasted 
and ground coffees, achieving remarkable figures of merit starting at 94 
% and with SPA-LDA modelling achieving a 100 % correct classification 
rate. Suhandy and Yulia [23] employed PLS-DA to obtain 100 % correct 
discrimination in identifying Peaberry coffee from non-Peaberry coffee. 
Quan et al. [24], in their study of discriminating green coffees from 
various regions using PLS-DA, obtained sensitivity and specificity values 
starting at 63.6 %. These conclusions represent the effectiveness of 
UV–Vis spectroscopy associated with discriminant analysis, with spe
cific variations in model performance observed in different applications 
and research contexts. 

Marquetti et al. [14]and Giraudo et al. [16] utilized NIR spectros
copy for origin recognition, employing PLS-DA modelling and achieving 
correct classification rates of 35.7 % and 69.7 %, respectively. In a study 
by Mehari et al. [10], linear discriminant analysis (LDA) based on 
UHPLC-MS data resulted in an impressive recognition rate of 92 %. 
Furthermore, Endaye et al. [36] employed inductively coupled plasma- 
optical emission spectroscopy data, coupled with LDA, and achieved a 
commendable correct classification rate of 93.4 %. 

4. Conclusion 

The green beans of specialty coffee from different geographic/ 
botanical origins (Robusta Amazônico and Conilon from the state of 
Espírito Santo) could be evaluated by UV–Vis spectroscopy and che
mometrics, after obtaining aqueous infusions. 

The exploratory PCA analysis indicated grouping tendencies of the 
samples in their respective classes (Robusta Amazônico and Conilon 
from the state of Espírito Santo), pointing to the similarities in the 
spectra of samples from different origins. 

The UV–Vis spectral data were modelled with the PLS-DA method, 
enabling a method with a correct discrimination rate of 94.4 %. The VIP 
scores showed that the variables associated with chlorogenic acids, 
caffeine and chlorophyll are the most important for differentiating the 
studied coffees. The results obtained showed that UV–Vis spectroscopy 
associated with PLS-DA is appropriate for the classification of green 
beans of Brazilian specialty canephora coffee of different origins. 

According to the results of this study, it is possible to affirm that the 
use of UV–Vis spectroscopy associated with chemometrics is an alter
native and promising approach, characterized as a low cost, fast, safe, 
sensitive and green technique to classify green coffee beans from their 
aqueous extract, being an option for applications in quality control and 
origin certification procedures. 
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