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Abstract— The main purpose of this present study is to apply the near infrared technology in predicting and determining two main quality 
attributes namely moisture content (MC) and caffeine of intact coffee bean samples. This study also investigated the impact of spectra 
enhancement method to the prediction accuracy and robustness. Near infrared spectral data in form of diffuse reflectance spectrum were 
acquired in wavelength range from 1000 to 2500 nm with co-added of 64 scans per acquisition. Spectral data were corrected and 
enhanced using two different methods: standard normal variate (SNV) and de-trending (DT). Prediction models, used to predict MC and 
caffeine content of intsct coffee beans were developed using partial least square regression (PLSR) approach. Prediction accuracy and 
robustness were evaluated using statistical indicators namely correlation coefficient (r) and residual predictive deviation (RPD) index. The 
results showed that both quality parameters can be predicted satisfactory with maximum r coefficient and RPD index: 0.98 and 4.21 for MC 
prediction whilst 0.93 and 3.57 for caffeine prediction respectively. Obtained results also noted that spectra enhancement using SNV and 
DT can improve overall prediction performance. Thus, it may conclude that infrared technology can be applied as a fast and non-
destructive method to determine quality parameters of intact coffee beans.     

Index Terms— Infrared, NIRS, prediction, coffee, quality.  

——————————      —————————— 

1 INTRODUCTION                                                                     
In general, coffee is one of the most popular agricultural 
products for people around the world and traded im-
mensely in international markets [1]. It become popular 

beverages among people due to its flavor, taste, and several 
benefits values. Coffee can be consumed and served as daily 
beverages, material additives and processed to other form of 
consumed products [2], [3]. Moreover, consumers willing to 
pay an affordable price as long as they obtained coffee with 
good qualities. They need to be ensured that coffee which are 
purchased were consistently high quality coffee products. 
Therefore, quality control in coffee, especially in raw materials 
coffee beans plays a major important role in modern coffee 
industry [4].   

Moisture contents (MC) and caffeine content (CC) are two 
important inner quality materials of raw coffee materials that 
are contributed to the overall quality of consumed coffee 
products [5], [6]. Caffeine has been tested and proved affected 
an important role in human health, as well as contribute to the 
flavor, acidity and bitterness [7]. On the other hand, moisture 
content is considered as one of the main quality standards for 
raw green coffee beans requested by the importing countries 
[8].  Based on literatures, the safety range for moisture comtent 
in coffee beans is 8.0 to 12.5% [5], [8]. Moisture content below 
8% may cause shrunken and unwanted appearance in raw 
coffee beans [3], [7], whereas moisture content above 12.5% 
generates fungal growth and facilitates mycotoxin production 
[3], [8]. As we knew that raw coffee beans contain a wide 
range of different chemical propereties, concentrations and 
chemical compounds, which react and interact at all stages of 

coffee roasting, resulting in greatly diverse final coffee prod-
ucts [9], [10]. Therefore, it is necessary and crucial to deter-
mine chemical contents and othe related coffee beans parame-
ters, so that processed coffee will provide a high quality and 
best taste of consumed coffee.  

In order to determine moisture content, caffeine and other-
coffee quality parameters, several methods have been already 
used and employed. However, most of those methods are 
based on solvent extraction followed with other standard la-
boratory procedures [9], [11]. In general, they are time con-
suming, destructive, laborious, complicated sample prepara-
tions and may cause pollutions [12], [13]. Therefore, it is not 
suitable for the coffee products industry whose needed fast, 
simple processing, and real-time quality measurements of raw 
coffee beans and processed coffee products. 

More than two decades, huge efforts were conducted by re-
searchers to find an alternative fast and robust method that can 
be used to predict and determine several quality parameters of 
foods and agricultural products with high speed of analysis, 
simple sample preparation, non-destructive in nature and with-
out involving chemical materials [3], [14], [15]. Near infrared 
reflectance spectroscopy (NIRS) is among of those methods 
which gain more attentions and widely employed for the analy-
sis of foods and agricultural products. 

The NIRS works based on the principles of interaction be-
tween infrared radiation with biological object.  Near infrared 
radiation covers the range of the electromagnetic spectrum from 
780 to 2500 nm [16]. In NIRS, the biological samples are irradi-
ated with near infrared radiation, and the diffuse reflected or 
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transmitted radiation is acquired. When the infrared radiation 
penetrates onto the object, their electromagnetic spectral proper-
ties and characteristics changes along near infrared wavelength. 
Those changes depend on the chemical composition of the stud-
ied ssamples [17], [18]. 

Numerous studies have been performed and reported re-
garding with the potential ability and the application of NIRS 
method in determining main quality attributes of foods and 
agricultural products, such as: cocoa beans and chocolate prod-
ucts [19], [20], meat and dairy products [21], mangos and or-
anges [22]–[24]. The increasing numbers of research and publi-
cations and also fact that now many industries implementing 
NIRS method shows that this non-destructive method is obvi-
ously important.           

Based on that point of view, this study attempted to apply 
NIRS method to predict and determine two main quality pa-
rameters (moisture content and caffeine) of intact coffee beans 
samples. This paper also attemopted to investigate the impact of 
spectra data enhancement to the prediction accuracy and ro-
bustness.   

 

2 MATERIALS AND METHODS 
2.1 Coffee bean samples  

Coffee samples (Arabica and Robusta) were collected 
from four different geographical origins in Indonesia: North 
Sumatera, Aceh, West Kalimantan, Bali and West Java prov-
inces. A total of 98 bulk of coffee bean samples, containing 50 
g of intact coffee beans were used in this study. Before meas-
urement and analysis, coffee bean samples were stored for two 
days in room temperature (26oC) to equilibrate [25].  

2.2 Infrared spectral data acquisition 
Infrared spectral data, in form of diffuse reflectance spec-

trum were acquired and recorded using FT-IR instrument Ni-
colet Antarais TM II (Thermo Scientific, Waltham, USA) 
equipped with an integrating sphere. Spectra data of each cof-
fee bean sample was collected and acquired in near infrared 
wavelength range from 1000 to 2500 nm. Those data were con-
sisted of an average of 32 scans and recorded in the integrated 
local computer [4]. 

2.3 Reference moisture and caffeine content 
measurements 
After spectral data acquisitions were completed, coffee 

bean samples were taken to the laboratory for actual reference 
quality parameters namely moisture content (MC) and caf-
feine content (CC). Moisture content was determined using 

hermogravimetry method according to ISO 6673 [3]. Around 
15 g of intact green coffee bean samples were placed in an 
open petri dishes glass with diameter 14 cm and 2.3 cm height. 
Heraeus Oven (Heraeus GmbH, Germany) was used to meas-
ure the MC of coffee samples. A forced air at 105 ± 1 oC was 
transferred for about 16 h.  On the other hand, actual caffeine 
content (CC) was measured and determined using the High 
Performance Liquid Chromatography (HPLC). Both reference 
MC and CC were measured in triplicate and averaged. 

2.4 Spectra data enhancement 
Diffuse reflectance spectra data of coffee samples were cor-

rected and enhanced using two spectra enhancement ap-
proaches namely standard normal variate (SNV) and de-
trending (DT). Both approaches have particular characteristics 
to minimize and eliminate noises due to light scattering and 
amplification [4]. Enhanced spectra data were then used to 
predict moisture and caffeine of intact coffee bean samples by 
establishing prediction models. 

2.5 Moisture and caffeine prediction models 
The core part in NIRS method is to develop prediction mod-

els that can be used to predict moisture content (MC) and caf-
feine content (CC) of coffee bean samples. Prediction models 
were developed using partial least square regression (PLSR) 
by regressing spectral data as X variable and reference MC 
and CC as Y variables. To achieve accurate and robust predic-
tion results, validation was performed by means of cross vali-
dation approach [26], [27]. Prediction performance were quan-
tified and evaluated for their accuracies and robustness using 
these following statistical parameters: the coefficient of deter-
mination (R2), coefficient of correlation (r), the root mean 
square error (RMSE), and the residual predictive deviation 
(RPD) index [16], [28]. The maximum latent variables (LVs) 
required by the PLSR algorithms were set to 10 LVs and the 
prediction results were compared. 

2.6 Prediction performance evaluation 
Prediction accuracy and robustness were evaluated based 

on mentioned statistical parameters. It is obvious that excel-
lent prediction performance desired to have high value of R2 
and r (closes to 1), lower value of RMSE and high value of 
RPD index. Based on literatures, RPD ≤ 1.5 is categorized as a 
coarse prediction model, while 1.5 < RPD < 2 is categorized as 
sufficient NIRS prediction model, yet still need some im-
provements. Furthermore, 2 ≤ RPD ≤ 3 and RPD > 3 are cate-
gorized as good and excellent prediction models respectively 
[16], [29]–[31]. 

 

3 RESULTS AND DISCUSSION 

3.1 Infraed spectra features 
Spectra features of intact coffee bean sample in near infra-

red wavelength region (1000 - 2500 nm) is shown in Fig.1. This 
spectrum indicates the presence of several quality parameters 
of coffee bean samples. Spectra peak and valley as resulted 
from the interaction between infrared radiation and coffee 
bean samples. They indicate the absorbance bands resulted 
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from the molecular vibration of certain organic bonds such as 
O-H, C-H, C-O, C-C, C-O-H and N-O with the near infrared 
radiation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

When the light goes through coffee bean samples, there are 
several reactions given by the samples. Some of light are re-
flected, absorbed and transmitted. The different reactions de-
pend on main chemical composition, cell structure and other 
chemical properties of the samples. As shown in Fig. 1, O-H 
bands clearly absorbed in wavelength 1460 and 1930 nm. This 
mean that moisture contents of coffee bean samples can be 
predicted that respective wavelengths area. Similar findings 
also noted that O-H bands, with related to moisture contents 
can be determined obviously in those wavelength regions [25], 
[27}.  

Moreover, acidities and caffeine of intact green bean sam-
ples are observed in wavelength area between 2285 nm and 
2345 nm. Moreover, C-H-O and N-O bands absorbed more 
NIR radiation in wavelength range of 2120 nm and 1760 nm 
respectively. We may argue that caffeine concentrations can be 
predicted in those wavelength region. Beside two mentioned 
quality parameters, surely there are some other chemical con-
stituents of coffee beans that can be determined. Nonetheless, 
this present study aimed on the prediction of moisture and 
caffeine contents from which related to the consumer and 
market preferences. 

 

3.2 Moisture content prediction 
Firstly, coffee quality parameter in form of moisture con-

tent was predicted by establishing prediction models by 
means of partial least square regsreesion (PLSR) approach. 
Spectral data used to establish these models are original un-
enhanced spectra known as raw spectrum, and enhanced 
spectra data using standard normal variate (SNV) and de-
trending (DT) methods. Moisture contents prediction perfor-
mance using those three different spectra data is shown in 
Table 1.    

 
 
As described in Table 1, moisture content of coffee bean 

samples can be predicted very well even using raw un-treated 
spectra data. The coefficient of correlation between predicted 
MC and actual reference MC is 0.982 and robustness index 
(RPD) of prediction model is 3.482 which categorized as excel-
lent prediction performance.  Scatter plot derived from predic-
tion model using raw spectra data for moisture content is 
shown in Fig.2a.  
 
 
 
 

 

 

 

 

 
Prediction performance for moisture content was slightly 

increased and improved when the model was constructed us-
ing enhanced spectra data by means of SNV method (Table 1). 
The correlation coefficient for MC prediction was improved to 
0.984 whilst prediction error become lower to 0.007 respective-
ly. Scatter plot derived from predicted moisture content and 
the accrual reference using SNV approach is shown in Fig.2b.   

 
 

 
 

 
 
 
 
 
 
 
 
 
As a result, the RPD index was also increased to 3.594. This 

resulst indicates that spectra correction can significanlt im-

TABLE 1 
PREDICTION PERFORMANCES FOR MOISTURE CONTENT PARAME-

TER USING DIFFERENT SPECTRAL DATA 

Spectral data R2 r RMSE RPD 

Raw 0.905 0.951 0.013 3.244 
SNV 0.968 0.984 0.007 4.211 
DT 0.965 0.982 0.008 4.192 

DT: de-trending, R2: coefficient of determination, r: coefficient of correlation, 
RMSE: root mean square error, RPD: residual predictive deviation index, SNV: 

standard normal variate. 

 
Fig. 1. Spectra features of intact coffee bean sample in near 
infrared wavelength region.  

 

 
Fig. 2a. Scatter plot between predicted and reference moisture con-
tent using raw spectral data and partial least square regression.  

 

 
Fig. 2b. Scatter plot between predicted and reference moisture 
content using SNV spectral data and partial least square regres-

  

 

IJSER

http://www.ijser.org/


International Journal of Scientific & Engineering Research Volume 10, Issue 7, July-2019                                                                                                        2139 
ISSN 2229-5518  

IJSER © 2019 
http://www.ijser.org 

prove prediction performance of studied quality parameters. 
Moreover, prediction model for moisture content was also 
developed using another spectra enhancement method name-
ly de-trending (DT) as presented in Fig. 2c.  

In general, the DT spectral data also can improve prediction 
performance comared to raw spectra data. However, superior 
prediction result can be obtained when the model is construct-
ed using SNV approach.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Similar findings also noted by other researchers that spec-

tral data enhancement can improve and increase prediction 
accuracy and robustness. Proper spectra enhacement and re-
gression approaches can significantly improved prediction 
performacnes of coffee bean samples and other agricultural 
products.  

 

3.3 Caffeine content prediction 
Beside moisture content, caffeine content is also one the 

most important coffee quality parameter considered in coffe 
industry. Prediction models for caffeine content were also con-
structed using three different spectral data; raw, SNV and DT 
spectrum, and established by regressing those spectral data 
with actual caffeine content obtained by standatd laboratory 
procedures. Prediction model performances of these three 
spectral data is presented in Table 2.  

As shown in Table 2, caffeine content can also be predicted 
using the NIRS method by means of raw spectrum with coef-
fient correlation is 863 and robustness RPD index is 2.816. This 
resuly confirmed that even using raw un-enhanced spectra 
data, caffeine content of intact coffee bean samples can be de-
termined satisfactorz using NIRS technology. Scatter plot de-
rived from PLSR regression approach for caffeine prediction 
using raw spectrum is shown in Fig.3a.  

Like moisture content, prediction models for caffeine con-
tent is developed using enhanced spectral data (SNV and DT 
approaches). As also shown in Fig.3a, prediction performance 
of enhanced spectrum, both SNV and DT, can improve predic-
tion accuracy and robustness. 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Correlation coefficient between predicted caffeine and 
measured reference caffeine was increased to 0.917 when pre-
diction model is constructed using DT spectral data. Moreo-
ver, excellent result is achieved when caffeine prediction mod-
el is established using SNV spectral data. Caffeine content can 
be determined with correlation coefficient between predicted 
and actual reference is 0.93 and robustness RPD index is 3.571. 

This performance clearly shown that SNV correction meth-
od provide most accurate and robust prediction results for 
both coffee quality parameters. Scatter plot derived from PLSR 
approach for caffeine prediction using enhanced spectra data 
are shown in Fig.3b and Fig.3c for DT and SNV approaches 
respectively.      
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE 2 
PREDICTION PERFORMANCES FOR CAFFEINE CONTENT PARAME-

TER USING DIFFERENT SPECTRAL DATA 

Spectral data R2 r RMSE RPD 

Raw 0.745 0.863 0.290 2.816 
SNV 0.863 0.929 0.213 3.571 
DT 0.840 0.917 0.229 3.128 

DT: de-trending, R2: coefficient of determination, r: coefficient of correlation, 
RMSE: root mean square error, RPD: residual predictive deviation index, SNV: 

standard normal variate. 

 
Fig. 2c. Scatter plot between predicted and reference moisture con-
tent using DT spectral data and partial least square regression.  

 

 
Fig. 3b. Scatter plot between predicted and reference caffeine con-
tent using DT spectral data and partial least square regression.  
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Judging from the prediction performances, it is obvious 
that prediction accuracy and robustness of moisture content 
and caffeine content are highly affected by the spectral en-
hancement and correction. Obtained results from this present 
study clearly demonstrated that enhanced spectral data pro-
vided and generated better prediction results than raw un-
enhanced spectral data. Thus, we may argue that it is im-
portant to pre-process and enhance spectral data prior to pre-
din models development.  

4 CONCLUSSION 
Based on obtained results, we may conclude that near infrared 
technology was able to predict and determine inner quality 
paramters in form of moisture content caffeine and of intact 
coffee bean samples simultaneously and rapidly. Maximum 
correlation obtained for moisture content prediction is 0.98 
while for caffeine prediction is 0.93 respectively. Moreover, 
spectra enhancement was significantly improved prediction 
accuracy and robustness for both quality parameters. Standard 
normal variate (SNV) found to be the best spectra enhance-
ment method to predict moisture and caffeine content of intact 
coffee beans.        
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