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ABSTRACT 

Fermentation is an important process in determining the quality of cocoa beans. Therefore, studies to determine the rate 

of fermentation of cocoa beans non-destructively and rapidly are needed. This study aimed to develop a robust model 

using Vis-NIR and PLS-DA to differentiate cocoa bean samples with different fermentation levels. The PLS-DA 

calibration and prediction classification model showed reliability (Rel) values above 75% and 73%. Accuracy (Acc) of 

calibration and prediction were higher than 90% and 87%, respectively. A reliable and robust model has been created, 

which allows determining the rate of fermentation of cocoa beans non-destructively and rapidly. 
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1. INTRODUCTION 

Chocolate is one of the most popular food in the 

world. Chocolate is a processed product with cocoa beans 

as the main ingredient and play an important role in 

creating flavor of the chocolate products. The 

variabilities of cocoa beans are influenced by growth 

conditions, genetics, and drying processes. One of the 

process that greatly affects cocoa flavor is fermentation 

[1]. Fermentation promotes biochemical changes in 

flavor precursors in cocoa beans to alter an astringent and 

unpleasant taste of raw cocoa into a characteristic cocoa 

taste and flavor [2]. 

Fermentation involve yeasts, acetic acid bacteria, and 

lactic acid bacteria which stimulate enzymatic activity to 

hydrolyze sugars, organic acids, proteins, and 

polyphenols in cocoa beans [3]. Those microbial activity 

causes physical and chemical changes in cocoa beans. 

Fermentation of cocoa beans generally lasts for 5-7 days. 

During the fermentation process, cocoa beans experience 

a decrease in pH and change in seed color from purple to 

brown [4]. In addition to discoloration and taste, 

fermentation also create cocoa beans aroma and protein 

degradation [5]. 

Fermentation of cocoa are assessed based on mass 

temperature, total soluble solids (TSS), pH, and acidity 

[3] or fermentation index and cut test [6]. The quality of 

cocoa bean fermentation rate of cocoa beans can also be 

known through chemical parameters such as pH, titration 

acid, amount of fat, phenol components, antioxidants, 

and nitrogen ammonia (NH3) [7]. Those methods involve 

sample destruction for preparation or analysis as well as 

require long-time analysis. Therefore, a rapid, non-

destructive, and accurate evaluation is needed for routine 

and large sample analysis. 

Near Infrared (NIR) spectroscopy is one of the non-

destructive, inexpensive, and accurate method which 

have been used for detecting solid [8], liquid [9], or 

powder form [10] of food. NIR spectroscopy has been 

reported to be effective for cocoa bean quality control 

[11]. NIR spectroscopy was reported successfully in 

determining fermentation levels in cocoa beans using FT-

NIR spectroscopy [12]. 

NIR spectroscopy measures the response of chemical 

components composed of C-H-N-O bonds when exposed 

to light at NIR wavelength ranges. Unlike NIR 

spectroscopy, visible and NIR (Vis/NIR) spectroscopy at 

400-1000 nm has a weak absorbance to C-H-N-O bonds. 
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A weak absorption of Vis/NIR spectroscopy to moisture 

content (O-H bonds) in food provide a proper tool for 

detection of low chemical concentration in food. In 

Vis/NIR region, color of food due to various pigments 

exhibit different and distinct absorption values [13]. 

Therefore, Vis/NIR spectroscopy can be used to measure 

food quality parameters that correlate with color, such as 

cocoa bean fermentation. Due to limited studies which 

reported the use of Vis/NIR spectroscopy in cocoa, this 

research aimed to classify cocoa beans based on 

fermentation level by using partial least square 

discriminant analysis (PLS-DA). 

2. MATERIALS AND METHODS 

2.1. Samples 

The samples used in the study were cocoa beans as 

many as 315 samples with the origin of Kulon Progo, 

Makasar, and Lampung (105 cocoa beans for each 

region). Cocoa beans from each region have three levels 

of fermentation: non-fermented, half fermented, and full 

fermented (35 cocoa beans for each level of 

fermentation). During sampling, samples were stored in 

airtight room conditions at room temperatures of 25-

28°C. 

2.2. Spectra measurements 

Spectra reflectance with wavelengths of 350-1000 nm 

with a resolution of 0.22 nm was taken with the Vis-NIR 

miniature spectrometer (Flame-T-VIS-NIR Ocean 

Optics, 350-1000 nm) with tungsten halogen lamps (360-

2400 nm, HL-2000-HP-FHSA Ocean Optics) and 

reflectance probes (QR400-7 VIS-NIR Ocean Optics). 

Spectra retrieval was done inside a black box to minimize 

outside light.  For each sample was done 3 (three) scans 

on different sides. A total of 915 spectra were used for 

multivariate analysis without being averaged. 

2.3. Physicochemical Analysis 

L*, a*, and b* color parameters were measured using 

the Chromameter (CR-400, Konica Minolta). Each 

sample was measured 3 times on the different sides. 

Cocoa beans were then split into 2, half parts used for 

moisture content measurement using the 

thermogravimetric method. The other half of cocoa was 

crushed and then weighed for acidity (pH) measurement. 

pH measurements were done using 3-4 samples of cocoa 

beans with the same origin and fermentation level with a 

weight of around 4 grams. The samples were mixed with 

distilled water and the pH of the resulting aqueous 

solutions were measured using pH meters (Mettler 

Toledo, USA). Color, pH, and moisture content were 

then analyzed using One Way Analysis of Variance 

(ANOVA) (Significance level 5%) with variations in 

fermentation level using SPSS. 

 
Figure 1 Spectra capture scheme 

2.4. Chemometrics analysis 

All spectra collected were compiled using Microsoft-

Excel software and imported into The Unscrambler® X 

version (10.5.1, CAMO, OLSO, Norway) software for 

multivariate analysis. Before the multivariate analysis, all 

data were divided into calibration sets consisting of 2/3 

of the total sample samples and a prediction set consisting 

of 1/3 of the total sample. 

At each fermentation level, a model was built to 

classified samples that have the same fermentation level 

and those that were not. PLS models were built using 

spectra with wavelengths of 500-950 nm as predictors 

(X) and dummy variables as predictant (Y) which were a 

binary label on each sample. Sample with a label of 1 

indicated that sample belonged to the group, while 0 

indicated that the sample did not belong to the group. For 

example, in the making of a full-fermented model, full 

fermented samples will be labeled 1, while the half 

fermented, and non-fermented samples labeled 0. Sample 

labels (Non, half, full) on the model of half fermented and 

full fermented respectively were (0,1,0) and (0,0,1). 

Calibration and prediction models with PLSR 

produced Y Predicted. Y Predicted results from 

calibration and prediction models with a value of more 

than 0.5 were classified in class 1, while prediction values 

less than 0.5 were included in group 0. An example of 

class classification based on PLS-DA results can be seen 

in Table 1. 

Based on [14] and [15] some parameters that can be 

used to assess the qualitative performance of the model 

are as follows: 

2.4.1. False negative and positive rate 

False negative rate (FNR) is a comparison of the 

number of samples that truly 1 but were incorrectly 

classified as 0 (FN) with the total of samples that truly 1. 

𝐹𝑁𝑅 =
𝐹𝑁

𝑇𝑃+𝐹𝑁
∙ 100% (1) 

False positive rate (FPR) is a comparison of the 

number of samples that truly 0 but were incorrectly 

classified as 1 (FP) with the total of samples that truly 0. 

𝐹𝑃𝑅 =
𝐹𝑃

𝑇𝑁+𝐹𝑃
∙ 100% (2) 

A good model is expected to have FNR and FPR 

values that are closer to 0. 
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Table 1. Classification based on PLS-DA result 

 Y Reference Y Predicted Class Parameter 

A 1 0.55 1 True Positive (TP) 

B 1 0.49 0 False Negative (FN) 

C 0 0.37 0 True Negative (TN) 

D 0 0.67 1 False Positive (FP) 

 

2.4.3. Accuracy and Reliability 

Accuracy (Acc) is a comparison of the number of 

samples that were correctly classified with the total 

number of overall samples. Accuracy assesses the 

successful classification by considering the number of 

existing samples. 

𝐴𝑐𝑐 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
∙ 100% (5) 

Reliability (Rel) is a comparison of the number of 

samples that were correctly classified with the total 

number of samples in each class. Reliability 

demonstrates the performance of the model in the sample 

classification, taking into account the correct predictions 

of each class independently. 

𝑅𝑒𝑙 = 𝑆𝑒𝑛 + 𝑆𝑝𝑒 − 100 (6) 

To obtain the perfect model Acc and Rel must have 

the highest possible value (max 100%). 

3. RESULTS 

3.1. Data exploration 

Table 2. shows the average values and standard 

deviations of the cocoa bean parameters used. Color is an 

important parameter that can indicate the quality of 

cocoa. Based on Table 2. it is known that L* (Lightness) 

and a* (redness) have inverse patterns. The average value 

of lightness of non-fermented beans is lower than half 

fermented beans, but full fermented cocoa beans have the 

lowest average compared to others. Analysis of Variance 

(ANOVA) shows that lightness values differ 

significantly. The average redness of non-fermented 

cocoa beans is higher than half fermented, but full 

fermented cocoa beans have the lowest average redness 

compared to others. However, redness does not differ 

significantly with a confidence level of 95%. 

The b* (yellowness) value obtained was significantly 

different with a decreased pattern as the fermentation 

process takes place. Non-fermented cocoa beans have the 

highest value of yellowness which then decreases until 

the cocoa beans were fully fermented. A similar 

phenomenon was also found in [16]. During the 

fermentation process, the yellowish value will decrease 

due to the darkening of the cocoa beans. 

The moisture content obtained decreased from non-

fermented to half fermented beans but then increased in 

full fermented beans. This phenomenon is different from 

previous studies where full fermentation has the lowest 

water content [17]. This is likely because the drying 

technique of cocoa beans from each fermentation level is 

done using traditional drying methods that use sunlight 

as the main heat source. Traditional drying methods have 

a non-uniform temperature so the drying results will vary 

[18] . 

Table 2. Average values and standard derivations of cocoa beans parameters used 

Parameter Non Half Full 

L 42.66 ± 3.37ab 43.99 ± 7.23b 41.50± 3.14a 

a 17.57 ± 2.85a 17.28 ± 3.66a 17.98 ± 0.96a 

b 26.72 ± 5.55b 24.30 ± 7.64a 23.68 ± 2.87a 

KA (%) 9.44 ± 2,22b 7.79 ± 0.70a 9.12 ± 3.98b 

pH 6.00 ± 0.23c 5.67 ± 0.63b 5.28 ± 0.24a 

Letters behind numbers across the row indicate significant differences between classes (p < 0.05). 

The acidity level (pH) of cocoa beans decreases 

during the fermentation process. Based on a one-way 

ANOVA test, it is known that the difference in the pH 

value of cocoa beans differs significantly. During 

fermentation, there will be degradation of sugar by the 

microbes in the pulp, resulting in alcohol and organic 

acids which diffuse into the beans[19]. Figure 2. shows 

the reflectance spectra of cocoa beans from all regions 

and three levels of fermentation. The spectra obtained 

were similar to those obtained by [20]. Cocoa beans 

spectra from all regions and all maturity levels have a 

similar pattern. Non-fermented cocoa beans tend to have 

the lowest reflectance and full fermented cocoa beans 

have the highest reflectance. Spectra at wavelengths of 
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500-600 nm have low reflectance values that continue to 

increase until the end of the spectra at 950 nm. At 

wavelengths of 500- 600 nm, there is an absorbance peak 

characterized by a low reflectance value that is likely to 

be affected by anthocyanins [21]. Spectra at around 670 

nm were correlated with chlorophyll [8], while 

wavelengths of 700-950 nm were mostly affected by 

water [22]. 

  

 

Figure 2. Cacao beans reflectance (a) Kulon Progo (b) Lampung (c) Makasar 

Table 3. PLS-DA performance parameters 

 Data Set 
Fermentation Level 

Non Half Full 

Sen 
C 79% 88% 81% 

P 85% 81% 84% 

FNR 
C 21% 12% 19% 

P 15% 19% 16% 

Spe 
C 97% 95% 94% 

P 88% 94% 89% 

FPR 
C 3% 5% 6% 

P 12% 6% 11% 

Acc 
C 91% 93% 90% 

P 87% 90% 87% 

Rel 
C 76% 84% 75% 

P 73% 76% 73% 

 

3.2. PLS-DA model performance 

Three PLS-DA models were built at each maturity 

level to distinguish samples that belonged to the group 

and those that were not. Table 3. shows the The Sen 

value of each model indicates the success rate of the 

model in distinguishing the samples that belong to the 

group. The highest calibration Sen value was obtained 

from the Half-Fermented model with a value of 88%, 

while the lowest was non-Fermented with a value of 

79%. 

The PLS-DA model produces a fairly good model 

with an Acc value above 90% for each model. 

However, the rel value for calibration and prediction of 

each model is still below 85%. Acc value is a 

percentage of overall classification success while Rel is 

the success of classification in each class (0 and 1). The 

low Rel values were likely due to a fairly low Sen value 

compared to Spe value. 

The Vis-NIR model combined with PLS-DA can be 

used to classify cocoa beans from each fermentation 
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level. The best model obtained can distinguish Half 

fermented cocoa beans from Non and fully fermented 

cocoa beans with Sen, Spe, Acc above 81% for 

calibration and prediction. 

4. CONCLUSIONS 

Vis-NIR spectroscopy combined with PLS-DA 

analysis can be used to classify cocoa beans with 

different levels of fermentation. This method is proven 

to be fast, non-destructive, inexpensive, and a little 

preparation. Based on sensitivity, specificity, accuracy, 

reliability, and false-negative and positive it is known 

that the half fermented model is considered accurate 

and reliable. 
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