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Abstract. Choosing the cacao maturity stage is essential for producing high-quality cacao beans. Identifying 

indicators of the maturity level of cacao is a complex task because these fruits do not exhibit the 
characteristics of other fruits during the ripening period. Generally, cacao maturity is determined manually 

based on the estimated daily harvest date using sensory observation, which is marked by changes in the 

color of the cacao skin. This is certainly inaccurate because visual assessment is only performed 

subjectively. This is inaccurate because visual assessment is only performed subjectively, which is not in 
line with the demands of Industrial Revolution 4.0, which is a fast and accurate technology for sorting cacao. 

In this study, cacao maturity was identified using visible (350-1000 nm) and shortwave near-infrared spectra 

(SW-NIR) spectroscopy (1000-1600 nm). Chemometric analysis using principal component analysis-linear 

discriminant analysis (PCA-LDA) was used to classify cacao maturity. The results showed that SW-NIR 
spectroscopy yielded better performances with calibration and prediction accuracy of 92,50% and 85% using 

Savitzky–s 1st derivative (SGD1) spectra compared to Vis-NIR spectroscopy had calibration and prediction 

accuracies of 90% and 86% using raw spectra for PCA-LDA model. 
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1  Introduction 

Choosing the cacao maturity stage is essential for 

producing the highest quality cacao beans because, as 

the fruit ripens, compounds such as sugars, organic 

acids, methylxanthines, polyphenols, and proteins, all of 

which are crucial for the production of aroma 

precursors, are formed or altered [1]. Therefore, the 

correct level of maturity of cocoa pods and their 

homogeneity will contribute to good processing and, 

ultimately, to the quality of cocoa beans. 

Ripe cacao is characterized by a change in the color 

of the cacao skin. In a comprehensive review article on 

chocolate manufacture [3], the authors stated that ripe 

cacao can be identified by its outer color, which can be 

yellow, red, or purple, depending on the variety. 

Furthermore, cacao should be harvested as it reaches 

optimum ripeness to prevent disease attacks and the 

possibility of germination of cacao beans [3].  

Identifying indicators of the maturity level of cacao 

is a complex task because these fruits do not exhibit the 

characteristics of other fruits during the ripening period. 

Generally, cocoa fruit maturity is determined manually 

based on the estimated daily harvest date using sensory 

observation, which is marked by changes in the color of 

the cacao skin. This is certainly inaccurate because 

visual assessment is only performed subjectively. The 

demands of Industrial Revolution 4.0 require fast and 

accurate technology for sorting cacao. Therefore, a 
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quick, non-destructive, and accurate evaluation is 

required to classify the maturity level of cocoa pods 

during the harvesting period. A comprehensive review 

[4] concluded that all reviewed applications of NIR 

spectroscopy in combination with chemometric analysis 

can play a valuable role in the food industry. 

Applications of NIR spectroscopy for on-line and in-

line food and beverage quality monitoring have been 

extensively reviewed by [5] and according to the 

authors, NIR spectroscopy is one of the most promising 

and widely accepted as one of on-line or in-line process 

control technology for non-destructive, reliable and 

accurate monitoring of chemical and physical 

parameters in food processing[6]. NIR spectroscopy 

provides analytical profiles of food products, which can 

be used to characterize and assess their authenticity [7]. 

In other studies, NIR spectroscopy has been widely used 

to detect the presence of fats from sources [8], identify 

bioactive compounds [9], [10], identify specific content 

for chocolate quality control or authentication [11], 

investigate chocolate quality parameters and predict 

cacao content in chocolate [12], and predict cacao solid 

content [13].  

Accordingly, NIR spectroscopy offers a credible 

alternative for assessing the integrity and quality of 

cacao and their derivatives [14]. García-Muñoz et al. 

[15] recently developed a color guide to evaluate the 

maturity of cocoa clones using digital image processing 

methods. However, no studies have investigated the 
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application of NIR spectroscopy to nondestructively 

screen and classify the maturity levels of cacao. 

Therefore, the main objective of this research is to 

classify the maturity level of cacao using non-

destructive methods, especially Vis-NIR and SW-NIR 

spectroscopy, combined with principal component 

analysis linear discriminant analysis (PCA-LDA). 

Principal component analysis (PCA), an unsupervised 

technique frequently used for dimension reduction and 

data visualization [16] and PCA combined with linear 

DA (PCA-LDA), a supervised technique used to classify 

data with a predetermined class [17] were the 

discrimination methods used in this study. The main 

objective of classifying the maturity level of cacao using 

PCA-LDA is to perform rapid automated sorting using 

NIR spectroscopy. With NIR analysis, information 

about the chemical attributes of cacao beans can be 

obtained quickly without damaging the beans, thus 

enabling a more efficient and accurate sorting process. 

When cocoa passes through an automatic sorting 

machine, it categorizes cocoa beans based on their 

maturity level. Immature cocoa beans may not be of 

good quality and can be directly processed into the final 

product. By separating immature cocoa beans, they can 

be fermented to improve the quality and flavor 

characteristics of the resulting chocolate. The long-term 

goal is that by using NIR spectroscopy technology and 

automated sorting machines, chocolate manufacturers 

and the cocoa industry can improve production 

efficiency, reduce wastage, and produce better quality 

and more consistent products. 

2  Material and methods  

2.1 Samples 

The main material used for this research was 20 ripe 

lindak pods harvested from a garden in Gunung Kidul, 

Yogyakarta, Indonesia. The cacao used in this study had 

an average fruit length of 25 cm, average diameter of 9 

cm, and average number of seeds per cacao of 40 cacao 

beans, with an average shell thickness of 1.40 cm. It is 

also known that the cacao beans produced from this 

cacao are generally included in the criteria for cacao 

beans with quality A to AA if measured by the number 

of beans per 100 g.  

 

 

 

 

 

 
 

 

 

 

 

 

 

 
Figure 1. Cacao of different maturity levels used in this 

research (a) immature,  (b) mature. The ripe cacao are 
greenish yellow or reddish orange and purple in color, with 

an average harvest age of around 5-6 months from the time 

the plants flower 

2.2 Spectra Measurements  

A modular spectrometer was used to measure the 

Vis-NIR and SW-NIR spectra of all cacao samples in 

reflectance mode. A visible/near-infrared spectrometer 

with a wavelength range of 400–1000 nm (Ocean 

Optics, Flame-T (Toshiba TCD1304AP)-Vis-NIR, 

USA) and a shortwave near-infrared spectrometer with 

a wavelength range of 1000–1700 nm (Ocean Optics, 

Flame-NIR+, USA) were used. Reflectance 

measurements were performed for both spectra. Fig. 2 

shows the setup for combining SW-NIR and Vis-NIR 

spectroscopy acquisitions. 

 

 

 

 

 

 

 

 

 

 

 
Figure 2. Spectra Measurement Schematic 

 
A modular spectrometer system, reflection probes, 

tungsten halogen light, and computers (PCs/Laptops) 

with Ocean View 2.0.12 software were used in the 

experiment. The NIR instrument uses a semiconductor 

detector as a sensor and a halogen tungsten lamp as the 

radiation source, generating high-intensity radiation in 

the visible and IR spectra. Each cacao sample was 

placed on the optical probe. Ocean View 2.0.12 software 

was used to capture the reflectance spectra for the Vis-

NIR and SW-NIR wavelengths, with integration times 

of 470 ms and 800 ms, respectively, scan to averages of 

20 and 12, and a boxcar width of 1. Before collecting 

sample spectra, a calibration procedure was carried out, 

using a white reference using a ceramic diffuse 

reflectance standard (WS-1, Ocean Optics, USA) and a 

dark reference by switching off the light source.A total 

of 400 spectra were collected from 20 cacao samples, 

yielding 20 spectra from each sample. The same 

reflection probe could be used by both the Vis-NIR and 

SW-NIR spectrometers to read simultaneously, and the 

data collected could be automatically saved in different 

files. 

(a) (a) (a) 

(b) (b) (b) 
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Figure  3. (a) Flame-T-Vis-NIR Ocean Optics, (b) Flame-

NIR+ Ocean Optics 

2.3. Spectra Analysis 

Ocean View 2.0.12, was used to obtain the Vis-

NIR reflectance spectra (400-1000 nm) and SW-NIR 

reflectance spectra (1000-1600 nm), which were then 

separately compiled in Microsoft Excel®. Chemometric 

studies on 400 spectra were performed using the 

Unscrambler® X Camo software (version 10.4). To 

create and validate a multivariate model, the dataset was 

separated into calibration sets (75% samples) and 

prediction sets (25% samples). Six spectrum pre-

processing techniques, including SNV, MSC, area 

normalization, Savitzky Smoothing, Savitsky-Golay 1st 

Derivative, and Savitsky-Golay 2nd Derivative, were 

utilized to reduce the sample-size effect. Pre-processing 

spectra are also employed to reduce problems that can 

impair the accuracy of chemical composition 

measurements, such as baseline variation, light 

scattering, and path length inconsistencies [18]. The 

pretreatment of spectra is an important stage in the 

interpretation of spectral data. When collecting spectral 

data, the data often noise, scattering spectra, and various 

other disturbances are also detected. Therefore, spectral 

pretreatment is needed to minimize the effect of 

disturbances, and the intention of interpreting spectral 

data can be enhanced [19]. 

Principal component analysis (PCA) is an 

unsupervised method used for dimensionality reduction 

by converting a number of correlated variables into 

fewer variables called principal components (PCs) [20]. 

In this study, PCA was used to cluster samples and 

detect the occurrence of outliers. A classification model 

to discriminate between cacao maturities was developed 

using principal component analysis linear discriminant 

analysis (PCA-LDA). 

Principal component analysis (PCA), a supervised 

analysis method, and a method that combines PCA and 

linear discriminant analysis (PCA-LDA), both of which 

are chemometric tools, were used to evaluate the pre-

processed spectra [21]. The PCA-LDA method is a 

qualitative analysis consisting of 2 steps [22]. First, the 

dimension of the spectral variable is reduced to become 

a new variable called a PC. Second, new variables are 

classified into two maturity levels: mature (M) and 

immature (T). PCA-LDA was performed using the 

spectrum as the independent variable (X) and maturity 

level as the dependent variable (Y). 

 The qualitative performance of the model was 

assessed using the resulting accuracy (Acc) value. 

Accuracy was calculated using Equation 1. The search 

equation for the model accuracy value was modified 

from [23], [24]. The accuracy value shows a comparison 

of the number of successful classifications of each class 

with the number of samples. A higher accuracy value 

(maximum 100%) indicated that the model had better 

predictions. 

Accuracy=
𝑛𝑝𝑇+𝑛𝑝𝑀

𝑛𝑇+𝑛𝑀
𝑥100%                              

 (1) 

Descriptions: 

𝑛𝑃𝑇  = number of correct predictions of the immature   

sample 

𝑛𝑃𝑀 = number of correct predictions of the mature 

sample 

𝑛𝑇    = total sample of immature individuals 

𝑛𝑀   = total number of maturecells 

 

3 Results and discussion 

3.1.Visible near Infrared Spectra (Vis-NIR) 

The Vis-NIR spectrometer recorded the 

spectral reflectance in the wavelength range of 345-

1033 nm. However, the spectra used for the analysis 

were only in the range of 400–1000 nm because of the 

presence of severe noise at wavelengths below 400 nm 

and above 1000 nm. The number of variables in the 

wavelength range of 400-1000 nm was 3392 variables. 

This is due to interference at wavelengths below 400 nm 

and above 1000 nm measured from Vis-NIR 

Spectroscopy. This wavelength truncation avoids noise 

in the spectra, which could potentially interfere with the 

important information contained in the spectra. The 

reduction in resolution contributed minimally to the 

accuracy of the model. A reduction in the number of 

wavelength points can increase detection speed [25]. 

The truncation of the noise data at the beginning and end 

of the wavelength also aims to optimize the information. 

In addition to truncating the wavelength range, 

disturbances in the spectra due to light in addition to 

truncating the wavelength range, disturbances in the 

spectra due to light scattering can also be removed using 

preprocessing techniques that are applied before 

forming the calibration model so that it can be easier to 

analyzing the data [26]. 

The Vis-NIR spectral data obtained from the 

original spectra of the pure samples before spectral pre-

processing are shown in Figure 4 (a). Spectral samples 

that react to light radiation determine these spectral 

characteristics. When light strikes cacao samples, it may 

be transmitted, absorbed, or reflected [27]. Using the 

original Vis–NIR spectra (Figure 4 (a)), the results 

showed that low reflectance or high absorbance at 450-

500 nm wavelength is influenced by carotenoid 

pigments. According to [24] carotenoids are pigments 

that cause a bright yellow color in the fruit. Fruits with 
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a dominant yellow color produce spectra with low 

reflectance values at wavelengths of 450-500 nm. Low 

reflectance or high absorbance at a wavelength of 500-

550 nm contains some information related to the 

pigment content that gives rise to the red color of the 

fruit. The peak at 840 nm is correlated with oxalic acid. 

The acid content of cocoa beans is strongly related to the 

formation of chocolate flavor [28]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Fig. 4 (a) Original and (b) Savitzky–Golay 1st Derivative 

spectra mature and non mature of cacao observed with Vis-

NIR Spectroscopy 

According to [29], the absorbance at 

approximately 550 nm is influenced by anthocyanins. 

The absorption peak at 620 nm corresponds to 

respiratory pigments, which may be correlated with 

anthocyanin or red pigments [30]. Wavelength of 950-

1000 nm indicated information related to the sugar 

groups and water molecules. At these wavelengths, the 

absorption bands of functional groups containing 

hydrogen atoms, such as O-H, C-H, and water 

molecules. such as O-H, C-H, and N-H bonds [31]. Fig. 

4b. shows that some peaks and valleys are more distinct 

following pre-processing using the Savitsky Golay 1st 

derivative. The peak at 680 nm correlated with 

chlorophylls. Chlorophyll pigments contain C-H-N-O 

bonds that can be detected at Vis-NIR wavelengths [32]. 

The spectrum observed at a wavelength of 695 nm 

showed a high absorbance, which can be attributed to 

the presence of polyphenols in the sample. An increase 

in absorbance indicated an increased percentage of the 

total antioxidant activity of the polyphenolic fraction. 

[33]. 

3.2.Shortwave near-infrared spectra (SW-NIR) 

The wavelength used in data analysis was 

1000-1600 nm, which can be performed by SW-NIR 

Spectroscopy at 954-1700 nm. This is due to 

interference at wavelengths below 1000 nm and above 

1600 nm measured by SW-NIR Spectroscopy. The SW-

NIR spectral data obtained from the original spectra of 

the pure samples before spectral pre-processing are 

shown in Figure 5a. The original absorbance SW-NIR 

spectra of the cacao samples at various maturity stages 

are shown in Figure 5a. between 1000 nm and 1600 nm, 

respectively. Numerous factors, including the principal 

chemical concentrations (water, carbohydrates, etc.) and 

particle size, affect the shape of the spectra.  

 

 

 

 

 

 

 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5 (a) Original and (b) Savitzky–Golay 1st Derivative 
spectra mature and non mature of cacao observed with SW-

NIR Spectroscopy 

 

The lipid content and significant water band 

absorption at 1450 nm caused the spectra to peak at 

roughly 1200 nm. Peak absorption at wavelengths of 

1210, 1161, 1188, 1212, and 1323 nm reveals the 
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presence of lipids [34]. The bands in the 1150–1200 nm 

range are attributed to the second overtone of the C–H 

stretching modes, those in the 1400-1450 nm region are 

attributed to the first overtone of the O–H stretching 

modes, and the combination of the C–H stretching and 

C–H deformation modes is responsible for the bands in 

the region between 1450 and 1550 nm [34]. Another 

absorbance peak, a broad reflectance valley at around 

1180 nm, which extends up to 1200 nm, is affected by 

proteins as well as the second overtone of C-H stretching 

in lipids [34]. Fig. 5b shows that some peaks and valleys 

are 

more distinct following pre-processing using the 

Savitsky Golay 1st derivative. The absorbance peaks at 

1380 nm and SW-NIR band in the 1355-1400 nm region 

represent the second overtone of the CH (carbohydrate, 

lipid) combination [35]. According to a previous study, 

the region in the window between 1200 and 1400 nm is 

related to several important chemical compounds such 

as lipids and proteins [31]. The NIR absorption 

coefficient increases with an increase in glucose 

concentration at wavelengths of 1630–1700 nm [36].  

3.3. PCA Modeling 

The spectroscopic data of mature and immature 

cacao were analyzed using a non-supervised 

multivariate Principal Component Analysis (PCA) 

approach. The main goal of this investigation was to 

evaluate the ability of samples to discriminate based on 

their quality [5]. PCA makes it possible to identify the 

key properties of spectra by reducing the dimensionality 

of the data in an unsupervised manner. Principal 

component analysis (PCA), a multivariate analysis, is 

used to produce new variables called principal 

components (PCs) and to minimize the spectral 

dimension without sacrificing significant data [33,34].  

A typical approach involves applying PCA to reduce the 

dimensionality of the dataset while retaining most of the 

variance. This step helps remove redundant or irrelevant 

features and capture the major sources of variation in the 

data. In this investigation, spectra from 3648 variables 

for the Vis-NIR were used to construct 14 PCs with the 

Mahalanobis method and 128 variables for the SW-NIR 

were used to construct nine PCs using the Mahalanobis 

method. Principal component analysis (PCA) is an 

unsupervised technique.  

3.3.1. PCA Modeling using Vis-NIR spectra 

Fig. 6a displays a score plot of PC-1 and PC-2 

constructed to detect principal groupings among 

observations using Savitzky-Golay 1st Derivative pre-

processing spectra. The PCA model contained 96% of 

data variance, which explained variance of 90% from 

PC-1 and 6% in PC-2. According to Fig. 6b, the first 

principal component (PC1) explained 90% of the total 

explained variance (X-variance on the y-axis) in the 

data. Fourteen PCs accounted for more than 90% of the 

total explained variance in the calibration and validation 

processes (89,58% and 89,51%, respectively). 
Consequently, we decided to use 14 PCs as input 

variables for the PCA-LDA model. The portions of the 

spectra where the changes among the cacao samples are 

clearly evident are shown in Fig. 6c, which presents the 

PC1 loading values of the spectral data. When 

interpreting the interactions between variables and 

clusters in the score plot, the loading plot (Fig. 6c) was 

used to show the significance of each variable in the 

model. 

 

(a) 

 

(b) 

 

(c) 
        Fig. 6 Vis-NIR Analysis: (a) PC1/PC2 Score plot by 

PCA analysis on the calibration set : red (immature) ; blue 
(mature) ; (b) Plot of explained variance (%) of PCs used in 

the PCA model; (c) PC-1 and PC-2 loadings plot 

 

3.3.2. PCA Modeling using SW-NIR spectra 

Fig. 7a displays a score plot of PC-1 and PC-2 

constructed to detect principal groupings among 
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observations using Savitzky-Golay 1st Derivative pre-

processing spectra. The PCA model contained 91% of 

data variance, which explained variance of 76% from 

PC-1 and 15% from PC-2. According to Fig. 7b, the first 

principal component (PC1) explained 76% of the total 

explained variance (X-variance on the y-axis) in the 

data. Nine PCs accounted for more than 76% of the total 

explained variance in the calibration and validation 

processes (76,40% and 76,06%, respectively). 
Consequently, we decided to use nine PCs as input 

variables for the PCA-LDA model. The portions of the 

spectra where the changes among the cacao samples are 

clearly evident are shown in Fig. 7c, which presents the 

PC1 loading values of the spectral data. When 

interpreting the interactions between variables and 

clusters seen in the score plot, a loading plot (Fig. 7c) 

was used to show the significance of each variable in the 

model. 

 
(a) 

 
(b) 

 
(c) 

 

     Fig. 7SW-NIR Analysis: (a) PC1/PC2 Score plot by PCA 

analysis on the calibration set : red (immature) ; blue 

(mature) ; (b) Plot of explained variance (%) of PCs used in 
the PCA model; (c) PC-1 and PC-2 loadings plot 

 

 

3.4. PCA-LDA Modeling 

After PCA, LDA was applied to the 

transformed data. LDA operates by finding a linear 

projection that maximizes between-class scatter while 

minimizing within-class scatter. It aims to project the 

data into a lower-dimensional subspace, where the 

classes are well separated and the data points within 

each class are tightly clustered. A supervised technique 

called linear discriminant analysis (LDA) was utilized 

to categorize category variables, such as the cacao 

maturity level.  

3.4.1.PCA-LDA using Vis-NIR Spectra 
 

The selection of the ideal number of principal 

components (PCs) to be used in the model is a critical 

step in the creation of the PCA-LDA framework. The 

total number of PCs is the same as the total number of 

initial variables. For many datasets, the top few PCs 

typically accounted for the majority of the variance, 

making it possible to ignore the remaining PCs with 

little information loss. The PCA-LDA model was 

developed using preprocessed spectra. The results 

showed that the cacao maturity level was perfectly 

classified using raw spectra for the cacao maturity 

classification Vis-NIR spectrometer using PCA-LDA 

methods.  

The accuracy of a model can be determined by 

its sensitivity, specificity, and misclassification rate. 

Sensitivity allows the assessment of how well the model 

can identify samples that belong to a particular class, 

and specificity measures the capacity of the model to 

reject non-belonging samples. The misclassification rate 

was the ratio of false positives to the total number of 

samples. In this study, the misclassification rate was 

considered to evaluate model performance. The 

classification of mature and immature cacao using the 

PCA-LDA model performance with Vis-NIR 

spectroscopy is shown in Table 1. After spectral 

preprocessing using Area Normalization (AN) resulted 

that the method most inaccurate with the highest 

misclassification was 86%. The best model for Vis-NIR 

Spectroscopy was obtained using raw spectra, with an 

accuracy of 90% for calibration and 86% for prediction. 
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Table 1. PCA-LDA performance of Vis-NIR spectroscopy. 

 

Performance 
Calibration 

 

Raw Norm SNV MSC SG SGD1 SGD2  

Acc(%) 90 86 88 89 88 85 85  

Misclasified 

rate 
10 86 11 11 11 11 11  

Performance 
Prediction 

 

 

Raw Norm SNV MSC SG SGD1 SGD2  

Acc(%) 86 86 85 87 86 85 85  

Misclasified 

rate 
13 13 15 12 13 15 15  

Note: Acc = accuracy; Raw = raw data; Norm = normalized 
data; MSC = multiple scatter correction; SNV = standard 

normal variate; SG= Savitzky Golay–s; SGD1 =Savitsky-

Golay’s 1st derivative, SGD2 = Savitsky-Golay’s 2nd 

derivative. 

 
The model’s prediction performance also 

showed that it could accurately classify the cacao 

maturity level into each category (Table 1). Because the 

accuracy was greater than 90%, the model can be 

deemed to be a good one. In light of the overall amount 

of data employed, the accuracy demonstrates the 

model's capacity to properly categorize the cacao 

maturity level [37]. The outcomes of model generation 

using a set of samples for calibration (n=320). It seen 

that all samples were not correctly classified, resulting 

in an accuracy of 90 %. In Table 2, a confusion matrix 

is presented that exhibits the outcomes of the 

classification of prediction samples that utilized the Raw 

PCA-LDA model. Notably, the highest occurrence of 

false predictions (n=48) was observed for immature 

individuals, which were mistakenly classified as mature 

[34]. 
 

Table 2.The Result of a Classification of Cocoa Pods Samples 
using the PCA-LDA model from Vis NIR Spectra 

True Class 
Predicted Class 

Calibration Prediction 

Non Mature Non Mature (16) Non Mature (1) 

Non Mature Mature (32) Mature (11) 

Mature Non Mature (0) Non Mature (0) 

Mature Mature (272) Mature (68) 

Accuracy (%) 90 86 

Misclasification 

Rate (%) 
10 14 

 
3.4.2.PCA-LDA using SW-NIR spectra 
 

The PCA-LDA model was developed using 

preprocessed spectra. The performance of the PCA-

LDA model using the SW-NIR spectra is shown in 

Table 3. The results showed that the cacao maturity level 

was perfectly classified using SGD1 spectra for the 

cacao maturity classification SW-NIR spectrometer 

using PCA-LDA methods. The classification accuracies 

observed for differentiating the cacao samples through 

utilization the Vis-NIR original spectra were 91,56% 

and 86,25% during the calibration and prediction stages, 

respectively. After spectral preprocessing using 

Multiplicative Scatter Correction (MSC) resulted that 

the method most inaccurate with the highest 

misclassification was 9,69%. The best model for Vis-

NIR Spectroscopy was obtained using Savitzky’-Golay 

1st derivative pre-processing spectra, with an accuracy 

of 92,50% for calibration and 85% for prediction. The 

results show that PCA-LDA using SW-NIR spectra 

yielded a higher model than PCA-LDA using Vis-NIR 

spectra. 

 
Table 3. PCA-LDA performance of SW-NIR spectroscopy. 

Performance 

Calibration 

 

Raw Norm SNV MSC SG SGD1 SGD2  

Acc(%) 91,56 91,56 90,63 90,31 92,05 92,50 90,83  

Misclasified 

rate 
8.44 8.44 9.38 9.69 7.95 7.50 9.17  

Performance 

Prediction  
 

 

Raw Norm SNV MSC SG SGD1 SGD2  

Acc(%) 86,25 85,00 85,00 85,00 86,25 85,00 85,00  

Misclasified 

rate 
13.75 15.00 15.00 15.00 13.75 15.00 15.00  

Note: Acc = accuracy; Raw = raw data; Norm = normalized 

data; MSC = multiple scatter correction; SNV = standard 

normal variate; SG= Savitzky Golay–s; SGD1 =Savitsky-

Golay’s 1st derivative, SGD2 = Savitsky-Golay’s 2nd 

derivative. 

 

The model’s prediction performance also 

showed that it could accurately classify the cacao 

maturity level into each category (Table 4). The ability 

of the model to accurately categorize cocoa pod maturity 

was further demonstrated by its strong prediction 

performance. The model’s prediction performance also 

showed that it could accurately classify the cacao 

maturity level into each category (Table 3). Because the 

accuracy is greater than 92,50%, the model can be 

deemed to be a good one. In light of the overall amount 

of data employed, the accuracy demonstrates the 

model's capacity to properly categorize the cacao 

maturity level [34]. The outcomes of model generation 

using a set of samples for calibration (n=320). It seen 

that all samples were not correctly classified, resulting 

in an accuracy of 92,50 %. In Table 4, a confusion 

matrix is presented that exhibits the outcomes of the 

classification of prediction samples that utilized the Raw 

PCA-LDA model. Notably, the highest occurrence of 

false predictions (n=51) was observed for immature 

individuals, which were mistakenly classified as mature 

[27]. 
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Table 4.The Result of a Classification of Cocoa Pods Samples 

using the PCA-LDA model from Vis NIR Spectra 

True Class 
Predicted Class 

Calibration Prediction 

Non Mature Non Mature (27) Non Mature (0) 

Non Mature Mature (24) Mature (12) 

Mature Non Mature (0) Non Mature (0) 

Mature Mature (269) Mature (68) 

Accuracy (%) 92,50 85 

Misclasification 

Rate (%) 
7,50 15 

 

4. Conclusion 
 

The results show that the availability of Vis-

NIR and SW-NIR spectroscopy for cocoa pod maturity 

can be distinguished using spectroscopy combined with 

chemometrics analysis. The results showed that SW-

NIR spectroscopy yielded a better performance than 

SW-NIR spectroscopy. The best model for classifying 

cocoa pod maturity obtained by SW-NIR spectroscopy 

had calibration performance of 92% accuracy for the 

PCA-LDA model. The best model for classifying cocoa 

pod maturity obtained by Vis-NIR spectroscopy had 

calibration performance of 90% accuracy for the PCA-

LDA model. As a result, it can be said that Vis-NIR and 

SW-NIR spectroscopy are promising techniques for 

identifying cocoa pods maturity. 
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