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 pH is one of the important physical parameters to characterize mango damage because it 

can indicate changes in the structure and chemical content of the fruit. Thus, the present 

work evaluated the possibility of NIRs as a rapid and non-destructive tool for measuring 

the pH properties of intact mango from the cultivar "Arumanis" (Mangifera indica L.)  

using several algorithms for pre-processing, pre-treatment, and prediction. Three 

different algorithm predictions, namely principal component regression (PCR), partial 

least squares regression (PLSR), and support vector machine regression (SVMR), were 

used and compared to predict the pH of mangos. A total of 16 pre-processing and pre-

treatment algorithms are used to support algorithm prediction, and the results are also 

compared with the raw data spectra. The NIR spectral data used range from 1000 to 2500 

nm. Algorithm performance will be evaluated using RMSE, error differences and 

concluded using RPD. The results show that the prediction of the PLSR algorithm can be 

performed with an RPD of 8.17, which is more significant than the PCR and SVMR 

algorithms, which are 1.04, and 1.90, respectively. To support this, pre-processing and 

pretreatment of the second derivative Savitzky–Golay is the best algorithm that can be 

used to predict the pH of the whole mango cultivar "Arumanis".  

 

Keywords: 

algorithm, agro-product, model, pH, pre-

processing, pre-treatment 

 

 

 
1. INTRODUCTION 

 

Mango is one of the most popular agricultural products, 

especially in Indonesia. The variety cultivated especially in the 

province of West Java, Indonesia, is the mango with the 

"Arumanis" variety (Mangifera indica L. var Arumanis). The 

quality and flavor of the mango "Arumanis" fruit are 

influenced by maturity and ripeness after harvest [1]. Mango 

is a climacteric fruit, indicated by the increase in the 

respiration rate during the ripening period. Generally, the 

"Arumanis" mango is harvested at hard green maturity. 

Naked eyes usually determine the maturity level of the 

"Arumanis" mango based on physical characteristics such as 

color and shape. This method may not be accurate due to the 

lack of color change of this mango cultivar during the ripening 

process. Some of the chemical components will change during 

the ripening phase, especially pH [2]. It is considered that the 

pH at harvest time correlates with the quality and flavor of the 

"Arumanis" mango. For example, a change in mango texture 

due to increasing storage time will cause a reaction to change 

the carbohydrate content component into a sugar component, 

which in turn causes a change in pH. Determination of pH at 

harvest time will be significant. However, pH decisions are 

usually carried out destructively in the laboratory, which is not 

suitable for fresh handling of the "Arumanis" mango. In 

addition, the basic thing to avoid over and under the design of 

kits for detecting the physical and chemical parameters of 

agricultural products is to perform a series of experiments with 

various methods that have the potential to produce the best 

technique [3]. As a result, a non-destructive approach for 

forecasting the pH of "Arumanis" mangoes is required. 

One of the most powerful non-destructive methods is 

spectroscopy-based technology (near-infrared and infrared). 

This technology-based instrument can predict certain chemical 

content in an agricultural product based on vibrations and 

overtones that occur in the molecular bonds group (O–H, C–

H–O, C–O, and so on). Each spectral pattern contributes a 

different amount of information depending on the chemical 

composition, cell structure, and physical qualities of the 

materials. The response of the chemical bonds O–H, C–H, C–

O, and N–H is captured in the near-infrared spectrum of an 

object. These links undergo vibrational energy shifts when 

scanned with near-infrared and infrared frequencies [4]. 

However, because near-infrared and infrared alone cannot 

reveal chemical information in the spectra, chemometrics is 

required to extract information about quality characteristics 

from near-infrared and infrared spectra via a process called 

multivariate calibration, which reveals a mathematical 

association between the spectra and the measured quality 

parameter to determine desired quality characteristics. 

During the last few decades, several studies have used this 

spectral-based technology (near-infrared and infrared) and 

have succeeded in predicting the physical and chemical 

content of an agricultural product. To construct useful 
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analytical information, numerous types of liquid and solid 

samples, including coconut milk [5], fruits [6-8], cocoa beans 

[9-11], coffee beans [12-14], can be analyzed non-destructive 

by spectral (near-infrared and infrared). 

Based on the literature, this paper aims to evaluate the pH 

of whole mangoes using one technology based on 

spectroscopy (near-infrared) with optimization of several pre-

processing, pre-treatment, and prediction algorithms. In 

addition, the results of the evaluation with these algorithms 

will also be compared to find the best model for estimating the 

pH of whole mangoes of the variety "Arumanis". 

 

 

2. MATERIALS AND METHOD 

 

2.1 Samples preparation 
 

A total of 79 mango fruits cultivars 'Arumanis' were 

purchased from local farmers in Indramayu district, West Java 

provinces, Indonesia. The mangoes were harvested at various 

harvest ages to obtain variations in pH (105, 98, 91, and 84 

days after flowering). In addition, mango fruit was stored for 

3, 6, and 9 days after harvesting at ambient temperature 

conditions. All samples were examined using normal 

laboratory protocols for spectral data capture and real pH 

measurement. The NIR spectra of the mango fruit were 

captured and recorded initially before the pH of each mango 

sample was determined destructively. Each sample is labeled 

with a unique number, and the spectra data are scanned to 

determine the true pH. 

 

2.2 Spectra NIR data acquisition 

 

In this experiment, NIR spectra data in reflectance were 

acquired using NIRFlex N-500 (fiber optic solid), integrated 

with the NIRCal 5.2 database. NIR spectra data of all samples 

were acquired and recorded on wavelength ranges from 1000 

nm to 2500 nm with 0.4 nm intervals. NIR scanning set-up 

using an integrating sphere at 32 scans per acquisition. The 

operating temperature was adjusted between 25℃ and 30℃ 

during scanning. The spectra of each intact mango were 

captured at different points (bottom, middle and top) and 

averaged. 

 

2.3 Measurement of pH 

 

The reference pH of the mango was determined 

immediately after spectra collection. Each mango was cut 

along the same designated lines (bottom, middle, and top) as 

the NIR acquisition, and the pulp was extracted. Dilution with 

a ratio of 1:1 was carried out on the pulp samples obtained 

using distilled water. 

 

2.4 Spectra data pre-processing and pre-treatment 

 

Raw NIR spectra data were pre-processed and pre-treatment 

by several algorithms to achieve reliability. In general, there 

are differences in the terminology of pre-processing and pre-

treatment on chemometrics. Pre-processing is the activity of 

transforming raw data into clean data that is ready to be 

analyzed, where the activities consist of removing baseline and 

alignment of raw data. Meanwhile, pre-treatment is an activity 

to transform the pre-processed data to make it suitable for an 

analysis whose activities include normalization, scaling, 

transformations, and removing any outliers in the data [15]. 

The algorithm for pre-processing and pre-treatment was 

conducted in the following way: (1) normalize, (2) MSC, (3) 

SNV, (4) 1st derivative Savitzky–Golay, (5) 2nd derivative 

Savitzky–Golay, (6) Smoothing Savitzky–Golay, (7) de-

trending, (8) Baseline, (9) 1st derivative Savitzky–Golay + 

MSC, (10) 2nd derivative Savitzky–Golay + MSC, (11) 1st 

derivative Savitzky–Golay + 2nd derivative Savitzky–Golay, 

(12) normalize + 2nd derivative Savitzky–Golay, (13) 

Smoothing Savitzky–Golay + 2nd derivative Savitzky–Golay, 

(14) de-trending + 2nd derivative Savitzky–Golay, (15) 

Baseline + 2nd derivative Savitzky–Golay, and (16) 2nd 

derivative Savitzky–Golay+SNV. 

 

2.5 Calibration and validation model 

 

By utilizing increased spectral data, calibration models for 

pH prediction were developed. Three different prediction 

algorithms were compared, i.e., principal component 

regression (PCR), partial least squares regression (PLSR), and 

support vector machine regression (SVMR). This study tested 

modeling by leaving one cross-validation model with ratio 

data calibration to validation around 80%:10%. 

The model's interpretation was determined using the 

coefficient correlation of calibration and validation, root 

means square error of calibration (RMSEC), and root means 

square error of prediction (RMSEP) as specified by Pires et al. 

[16]. Additionally, the error difference between RMSEC and 

RMSEP and the ratio of prediction to deviation (RPD) were 

analyzed using the Caporaso et al. [17] equation. 

Determination of the best pH prediction model for whole 

mangoes in this study focused on the RPD value (Table 1). The 

Unscrambler X 10.1 program was used to conduct the 

chemometric analysis in this study. 
 

Table 1. RPD evaluation 
 

# RPD Range Categories References 

1 1.5 < RPD < 1.9 Possible [17] 

2 2.0 < RPD < 2.5 Sufficient [18] 

3 2.5 < RPD < 3.0 Good [19] 

4 RPD > 3.0 Excellent [20] 

 

 

3. RESULT AND DISCUSSIONS 
 

3.1 Characteristics of NIR spectral data 
 

Figure 1 illustrates the near-infrared spectrum of mango 

samples in the form of diffuse reflectance. These spectral lines 

indicate the existence of organic materials because they are 

formed when molecular bonds (O–H, C–H–O, C–O, and so on) 

interact with incoming radiation. These links are susceptible 

to fluctuations in vibrational energy, resulting in the formation 

of two distinct vibration patterns, stretch vibration and bend 

vibration. It can be seen that the NIR spectral of mango in this 

study has a diffuse reflectance range of O–H molecular bonds 

at wavelengths of 1418-1440 nm and 1920 nm due to its tone 

combination and first overtone. Also, the absorption bands 

between 2120–2260 nm are related to C–H–O structures such 

as sugar and vitamin C related to the pH. Organic acids are 

connected with additional absorption bands at around 1400 nm, 

1800 nm, and 2100 nm.
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3.2 Model of pH using NIR tandem with PCR algorithm 
 

Our present study developed pH prediction models of 

mango samples using several pre-treatment algorithm spectra 

data combined with PCR algorithm. Although the PCR 

algorithm is reported to perform no better than other 

chemometric algorithms, this algorithm is worth trying in this 

study. This study enhanced the spectral data using 16 pre-

processing and pre-treatment algorithms and compared them 

with the raw data (Table 2). There are eight individual pre-

processing and pre-treatment algorithms and eight combined 

pre-processing and pre-treatment algorithms. Additionally, we 

used coefficient correlation and root means square error to 

evaluate the performance of each method in this study. In this 

situation, the optimal RPD index is obtained by combining the 

1st derivative Savitzky–Golay method with the PCR algorithm. 
 

 
 

Figure 1. Typical Near-infrared spectroscopy signals of 

intact mango “Arumanis” 
 

Table 2. Prediction performances by PCR algorithm 

 
Pre-processing 

and Pre-

treatment 

RMSE-

C 

RMSE-

CV 

Error 

difference 

RP

D 

Original 0.50 0.52 0.02 1.02 

Normalize 0.48 0.52 0.04 1.04 

MSC 0.51 0.53 0.02 1.01 

SNV 0.51 0.52 0.01 1.01 

SG 1st derivative 0.47 0.50 0.03 1.04 

SG 2nd derivative 0.51 0.53 0.03 1.01 

Smoothing 

SGolay 
0.50 0.52 0.03 1.02 

De-trending 0.50 0.52 0.02 1.02 

Baseline 0.50 0.52 0.02 1.02 

SG 1st derivative 

+ MSC 
0.50 0.52 0.02 1.02 

SG 2nd derivative 

+ MSC 
0.49 0.52 0.03 1.03 

SG 1st derivative 

+ SG 2nd 

derivative 

0.53 0.55 0.01 1.00 

Normalize + SG 

2nd derivative 
0.48 0.51 0.03 1.03 

Smoothing 

SGolay + SG 2nd 

derivative 

0.51 0.53 0.02 1.01 

De-trending + SG 

2nd derivative 
0.51 0.54 0.03 1.01 

Baseline + SG 2nd 

derivative 
0.51 0.54 0.03 1.01 

SG 2nd derivative 

+ SNV 
0.50 0.52 0.03 1.02 

The NIR spectral processed by the pre-treatment algorithm 

1st derivative Savitzky–Golay algorithm is presented in Figure 

2a. It can be seen that there are peaks of diffuse reflectance in 

the wavelength range of 1882 nm, 1391 nm, and 1141 nm. 

Furthermore, using the spectra of the pre-treatment results, the 

PCR algorithm works to predict the pH, which is presented in 

Figure 2b. The correlation coefficient resulting from 

combining the pre-treatment 1st derivative Savitzky–Golay 

algorithm with the PCR algorithm for calibration and 

validation is 0.526 and 0.444, respectively. The RMSE 

generated from the combination of pre-processing and pre-

treatment algorithm 1st derivative Savitzky–Golay algorithm 

with PCR algorithm for calibration and validation is 0.47, 0.50, 

respectively. RPD index for pH prediction of mangos using 

PCR algorithm is 1.04, which is categorized as a possible 

prediction model. 

 

 
(a) 

 
(b) 

 

Figure 2. (a) Pre-treatment algorithm using SG 1st derivative 

(b) Reference vs. predicted pH using PCR algorithm 

 

3.3 Model of pH using NIR tandem with PLSR algorithm 

 

Generally, the PLSR method has the benefit of dealing with 

irrelevant and noisy variables. However, the PLSR algorithm 

cannot work independently without a pre-processing and pre-

treatment algorithm. That's because NIR data spectroscopy has 

several types of interference that need to be eliminated e.g., 

disturbing baseline drifts. Munawar et al. [21] reported that 

using the PLSR algorithm can work well with the help of the 

SNV pre-treatment algorithm in detecting SSC, TA, and 

vitamin C from mango compared to other spectra pre-

treatment algorithms. However, other pre-processing and pre-

treatment algorithms deserve comparison in the study 
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combined with the PLSR algorithm to predict mango fruit pH. 

The combination of pre-treatment 2nd derivative Savitzky–

Golay algorithm with PLSR algorithm gives the best RPD 

index in this case (Table 3). In addition, Table 3 describes the 

performance results of several pre-treatment algorithms, 

which were further executed by the PLSR algorithm to make 

prediction models. Each of these algorithms has advantages 

and disadvantages in reducing interference from the spectral 

data obtained. It can be seen that it is important to trace each 

pre-treatment algorithm to be able to represent the NIR 

spectral data. 

 

                
(a)                                                  (b) 

 

Figure 3. (a) Pre-treatment using SG 2nd derivative (b) Reference vs. predicted pH using PLSR algorithm 

 

Table 3. Prediction performances by PLSR algorithm 

 
Pre-processing and Pre-treatment RMSE-C RMSE-CV Error difference RPD 

Original 0.49 0.52 0.03 1.02 

Normalize 0.49 0.53 0.03 1.02 

MSC 0.38 0.49 0.11 1.18 

SNV 0.37 0.49 0.12 1.20 

SG 1st derivative 0.13 0.46 0.33 2.99 

SG 2nd derivative 0.05 0.50 0.45 8.17 

Smoothing SGolay 0.49 0.53 0.03 1.02 

De-trending 0.38 0.48 0.11 1.19 

Baseline 0.50 0.52 0.02 1.02 

SG 1st derivative + MSC 0.11 0.46 0.35 3.64 

SG 2nd derivative + MSC 0.07 0.47 0.40 5.58 

SG 1st derivative + SG 2nd derivative 0.07 0.51 0.44 5.46 

Normalize + SG 2nd derivative 0.07 0.48 0.41 5.97 

Smoothing SGolay + SG 2nd derivative 0.05 0.49 0.44 8.17 

De-trending + SG 2nd derivative 0.51 0.54 0.03 1.01 

Baseline + SG 2nd derivative 0.51 0.54 0.03 1.01 

SG 2nd derivative + SNV 0.07 0.48 0.41 2.22 

 

Table 4. Prediction performances by SVMR algorithm 

 
Pre-processing and Pre-treatment RMSE-C RMSE-CV Error difference RPD 

Original 0.50 0.53 0.03 1.03 

Normalize 0.46 0.51 0.05 1.06 

MSC 0.47 0.52 0.05 1.05 

SNV 0.47 0.52 0.05 1.05 

SG 1st derivative 0.38 0.50 0.12 1.27 

SG 2nd derivative 0.34 0.52 0.19 1.61 

Smoothing SGolay 0.50 0.53 0.03 1.03 

De-trending 0.45 0.51 0.06 1.08 

Baseline 0.47 0.50 0.03 1.05 

SG 1st derivative + MSC 0.36 0.50 0.14 1.34 

SG 2nd derivative + MSC 0.32 0.51 0.20 1.80 

SG 1st derivative + SG 2nd derivative 0.34 0.53 0.19 1.56 

Normalize + SG 2nd derivative 0.31 0.51 0.20 1.90 

Smoothing SGolay + SG 2nd derivative 0.34 0.52 0.19 1.61 

De-trending + SG 2nd derivative 0.34 0.52 0.19 1.61 

Baseline + SG 2nd derivative 0.34 0.52 0.19 1.61 

SG 2nd derivative + SNV 0.31 0.51 0.20 1.84 
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The NIR spectral processed by the pre-treatment algorithm 

2nd derivative Savitzky–Golay algorithm is presented in Figure 

3a (the color of each line describes all the spectral data 

measured using the NIR instrument). It can be seen that not 

always the SNV pre-treatment algorithm combined with the 

PLSR algorithm can provide the best predictive results for 

mangoes, in this case, to predict pH. It depends on the physical 

and chemical properties to be predicted. Furthermore, using 

the spectra of the pre-treatment results, the PLSR algorithm 

works to predict pH, which is presented in Figure 3b. The 

correlation coefficient resulting from combining the pre-

treatment 2nd derivative Savitzky–Golay algorithm with the 

PLSR algorithm for calibration and validation is 0.996 and 

0.475, respectively. The RMSE generated from the pre-

treatment 2nd derivative Savitzky–Golay algorithm with the 

PLSR algorithm for calibration and validation are 0.05, 0.50, 

respectively. RPD index for pH prediction of mangos using 

PCR algorithm is 8.17, which is categorized as an excellent 

prediction model. 

 

3.4 Model of pH using NIR tandem with SVMR algorithm 

 

SVMR algorithm is a non-linear chemometric algorithm 

based on machine learning. In contrast to the PCR and PLSR 

algorithms called classical algorithms, the SVMR algorithm is 

a new approach in chemometric methods. The SVMR 

algorithm deserves to be tried in research because, according 

to Munawar et al. [21], SVMR will produce more accurate 

results in predicting the TA content in mangoes. The same pre-

treatment algorithms with PCR and PLSR were also applied 

for comparison purposes. The combination of the pre-

treatment Normalize + Savitzky–Golay algorithm 2nd 

derivative with the SVMR algorithm gave the best RPD index 

in this case (Table 4). The purpose of data pre-processing is to 

model the spectra so that the SVM algorithm can establish a 

good correlation between the spectral and the concentration 

data. It is proven that the combination of pre-processing 

Normalize + Savitzky–Golay algorithm 2nd derivative gives 

the best RPD on the SVMR algorithm. That's because 

Normalization can eliminate the effect of differences in optical 

path length in case of transmission measurements, and 2nd 

derivatives can generate relatively flat spectral so that they can 

produce the information needed from the functional group 

bonds that are the target response. 

The NIR spectral processed by the pre-treatment Normalize 

+ 2nd derivative Savitzky–Golay algorithm is presented in 

Figure 4a. Furthermore, using the spectra of the pre-treatment 

results, the PLSR algorithm works to predict pH, which is 

presented in Figure 4b. The correlation coefficient resulting 

from the pre-treatment Normalize + 2nd derivative Savitzky–

Golay algorithm with the SVMR algorithm for calibration and 

validation is 0.922 and 0.413, respectively. The RMSE 

generated from the pre-treatment 2nd derivative Savitzky–

Golay algorithm with the PLSR algorithm for calibration and 

validation are 0.31 and 0.51, respectively. RPD index for pH 

prediction of mangos using PCR algorithm is 1.90, which is 

categorized as a possible prediction model. 

 

3.5 The best algorithm performance for pH prediction 

 

The comparison of the best pH prediction algorithms for 

mangoes in this study is presented in Figure 5. Based on 

RMSE, in this research may claim that pH can be estimated 

reasonably by PCR, PLSR, and SVMR. Previously, it was 

known that this pH response was predicted to be predictable 

by NIR spectra which were followed by PCR algorithm on 

cherry fruit [22], PLSR algorithm on rice wine [23], and 

SVMR algorithm on pears [24]. However, in this present study, 

in this research may position the algorithm ranking based on 

its accuracy of prediction i.e. PLSR > SVMR > PCR. These 

results indicate that PCR can also predict pH using 

chemometric methods but is not as good as other chemometric 

algorithms. In addition, the SVMR algorithm mentioned is 

based on non-linearity, it still does not show a very significant 

performance with the PLSR algorithm that is more commonly 

used. However, these three algorithms must always be 

considered in future chemometric approaches. 

 

 
(a) 

 
(b) 

 

Figure 4. (a) Pre-treatment using Normalize + SG 2nd 

derivative (b) Reference vs. predicted pH using SVMR 

algorithm 

 

 
 

Figure 5. Overview of performance models for pH prediction 

using a 3-prediction algorithm 
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4. CONCLUSIONS 

 

The total calibration and validation findings suggest that 

Near-infrared spectroscopy combined with multiple algorithm 

pre-processing, pre-treatment, and prediction can be 

successfully utilized to estimate the pH of mango. The most 

increased coefficient of correlation for pH prediction of 0.996 

in calibration and 0.475 in validation was achieved using pre-

treatment 2nd derivative Savitzky–Golay algorithm by PLSR 

algorithm prediction. PLSR algorithm also provided a more 

accurate prediction result with an RPD index was 8.17. Further 

work with more NIRs data spectra coming from the 

geographical origin and several maturities are needed to 

enhance the robustness of the pH prediction model. 
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