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Abstract. This study aimed to obtain the best calibration model from various spectra pre-

treatment methods to assess sapodilla fruit firmness using vis-nir spectroscopy. Before the 

spectra data measurement, samples were treated with storage of 0, 5 and 10 days at room 

temperature. Spectra data measurement was carried out using the NirVana AG410 visible and 

near infrared spectrometer from 312 to 1050 nm with interval of 3 nm. RAW spectra were pre-

treated using the multiplicative scatter correction (MSC), standard normal variate (SNV), and 

Savitzky-Golay first derivative (dg1) with 9 points of smoothing. The calibration model was 

developed using PLS (partial least squares) method. Validation was done by K fold cross 

validation method. The results showed the MSC and SNV spectra were able to eliminate noises 

of RAW spectra, whereas in the dg1 spectra, noises were still visible. The best model was 

acquired by SNV spectra with R2 (coefficient of determination) of calibration and validation of 

0.882 and 0.870, root mean square error of calibration (RMSEC) and root mean square error of 

cross validation (RMSECV) values of 2.92 and 3.08, and the ratio of performance to deviation 

(RPD) of 2.76. The result indicated the spectra pre-treatments were able to improve the accuracy 

of calibration model on assessment of sapodilla fruit firmness. 

 

 
1. Introduction 

Sapodilla (Achras zapota L.) is one of the commodities that grows in the tropics. Climate and 

environmental conditions in Indonesia cause this commodity to be widely cultivated as a plantation 

commodity. One of parameters that is generally used as an indicator of the quality of sapodilla fruit is 

firmness. Fruit firmness is one of the main factors of fruit quality because it is related to maturity and 

shelf life [1]. Storing sapodilla fruit for a long period will result in softer fruit. Sapodilla fruit, which 

harvested before the ripening phase experiences an increase in respiration rate, hence sapodilla is 

classified into climacteric fruit. After harvesting, the fruit continues the life process by carrying out 

respiration and metabolic activity [2]. 

Conventional determination of fruit firmness is done by destructive method. This method causes the 

measured fruit to be damaged. So it’s needed a measurement method without damaging the fruit. The 

most used non destructive technology is near infrared (NIR) spectroscopy. Determining the fruit 

firmness using NIR has some advantages, such as environmentally friendly, fast measurement, and 

without damaging the fruit. This method has been widely used to measure the firmness of fruit, including 

kiwi [3], apple [4], tomato [5], peach [6], mango [7] and melon [8]. The firmness of sweet cherries was 

detected in reflectance NIR with wavelengths of 800-1700 nm [9]. Kiwi fruit firmness can be predicted 

at wavelengths of 800 to 1100 nm [10]. 

Fruit quality measurements using NIR could produce noises in the original spectra. The obtained 

spectra require pre-treatment in order to reduce noises, because it affects the accuracy of the resulting 

model [11]. There are several spectra pre-treatment methods that are commonly practiced, for example, 

multiplicative scatter correction (MSC), standard normal variate (SNV) and Savitzky-Golay first 

derivative (dg1). Spectra pre-treatments minimize the effects of various factors that reduce the accuracy 

of the model, for instance, noise, light scattering, and baseline drift. Various pre-treatment methods of 

the spectra were used for analyzing coffee bean [12], grape [13], persimmon [14] and mango [15]. The 
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purpose of this study was to obtain the best calibration model to assess sapodilla fruit firmness from 

several spectra pre-treatment methods, such as MSC, SNV and dg1. 

2. Materials and methods 

 

2.1. Samples collection 

Sapodilla fruit samples were harvested from sapodilla plantation located in Situraja, Sumedang. 

Thereafter sapodillas were brought to the Horticulture Laboratory, Faculty of Agriculture, Padjadjaran 

University. Sapodilla fruits were numbered first, then stored for 0, 5 and 10 days at room temperature. 

The numbers of sapodilla samples used in this study were 265 samples. 

 

2.2. Spectra data collections 

Spectra data were collected from intact sapodilla fruits using NirVana AG410 visible and near infrared 

spectrometer with wavelengths of 312 nm - 1050 nm. Light source from the spectrometer illuminated 

sapodilla fruit samples, the light could be absorbed, reflected, transmitted, or even scattered by the 

sample. The reflected light from the fruit was captured by a sensor (detector) in the spectrometer. 

Afterwards, the reflected light was digitized and translated into numbers, the data were later stored 

within the spectrometer internal storage. Once spectra data collections were completed, the data were 

transferred to a computer using ISIS (Integrated Software for Imagers and Spectrometers). 

 

2.3. Firmness measurement 

Measurement of fruit firmness was carried out using the AD-4932A-50N force gauge. The value of fruit 

firmness was measured based on the level of fruit resistance to the probe. The greater the force required, 

the greater the firmness value of the fruit. After all samples were measured, firmness reference data 

along with spectra data (RAW) were transferred to Microsoft Excel 2016 and The Unscrambler 10.5 for 

further data processing. 

 

2.4. Chemometrics 

In the analysis of spectra data, chemometrics is useful for extracting information obtained from the 

measurement of spectra data. Chemometrics is a branch of chemistry that combines statistics and 

chemical analysis. There are several chemometric stages, for example, performing spectra pre-treatment, 

building calibration and validation model, then transferring model into NIR device [16]. Data acquired 

from the NIR measurement was RAW spectra. The spectra pre-treatment stage was performed using 

several pre-treatment methods including SNV, MSC and dg1. The next step was calibration and 

validation analysis. 

The calibration model was developed using the PLS (partial least squares) method. Calibration aims 

to produce the estimated value of sapodilla fruit firmness based on spectra data. PLS is a multivariate 

calibration technique, which is used to interpret large amounts of data, has many X variables (predictor) 

and some Y variables (response) [17]. This method reduces the dimension of data without eliminating 

the characteristics of the data, PLS reduces predictor variables that are not relevant to data variation. 

Validation was done by the K fold cross validation method, which was computed by dividing the 

entire samples into 20 segments with each segment containing as many as 13-14 samples. The 20 

segments were splitted into training sets and test sets. A total of 19 segments were taken as train sets 

and 1 segment as a test set, cross validation was completed until the entire segments have been validated 

(test set). In addition to verifying the calibration model, cross validation was also run to avoid the 

overfitting. 

Resulting from calibration and validation analysis, coefficient of determination (R2), root mean 

square error of calibration (RMSEC) and root mean square error of cross validation (RMSECV) were 

obtained. Moreover, the ratio of performance to deviation (RPD) was also calculated. These values 

describe how well the calibration and validation model. 

 

3. Results and discussion 

 

3.1. Sapodilla fruit firmness during storage 

Table 1 shows the average value of sapodilla fruit firmness at 0, 5 and 10 days storage. At 5 days storage, 

the mean value of firmness significantly decreased. Before harvesting, the fruit gets supply of nutrients 
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from the plant to perform the ripening process. But after harvesting, the fruit doesn't get it anymore. The 

fruit is like other living things, which still carry out respiration activity. During respiration activity, fruit 

undergoes a process of breaking down the carbohydrates, which results in fruit becoming soft [18]. 

Storage at room temperature encourages fruit enzymes to run more actively than storage in cold 

temperatures. Pectinase and cellulase enzymes used to operate the protopectin decomposition to move 

more actively at room temperature [19]. Therefore, the longer storage period resulted in decreasing the 

firmness of sapodilla fruit. By doing 0, 5 and 10 days storage, it was expected that the firmness values 

of sapodilla fruits would be varied, so that bigger range of value would be obtained in the calibration 

model. 

Table 1. Effects of storage durations on sapodilla fruit firmness. 

Storage duration Mean Min Max Standard deviation 

0 22.52 

0.5 27.81 8.53 5 12.77 

10 12.42 

 

3.2. Spectra pre-treatments 

Images of the RAW and pre-treated spectra are shown in Figure 1. The RAW spectra (Figure 1-a) 

evinces the presence of noises at wavelengths of 650 nm to 800 nm, which could be caused by the 

external interference while spectra data measurement. The lowest RAW spectrum value was 623, while 

the highest was 57,989. MSC spectra (Figure 1-b) removed noises at wavelengths of 650 nm to 800 nm. 

The lowest MSC spectrum value was -495, while the highest value was 58,232. The range of MSC 

spectra values was wider than the RAW spectra. The MSC spectra pre-treatment aims to reduce the 

amplification and offsets of the RAW spectra [20]. By performing pre-treatment of spectra using the 

MSC method before calibration analysis, the use of PLS factor was supposed to be reduced, so that a 

more stable and precise model could be acquired. Likewise, SNV spectra (Figure 1-c) pre-treatment 

successfully eliminated noises at wavelengths of 650 to 800 nm. But it was inversely proportional to the 

MSC spectra, the range of SNV spectra was narrower than the RAW spectra. The lowest SNV spectrum 

value was equal to -0.82, while the highest value was 2.35. Basically, the objectives of the SNV and 

MSC spectra pre-treatment methods were to reduce multiplicative interference in RAW spectra. SNV 

spectra pre-treatment individually processes each spectrum without relying on other spectrum, whereas 

the MSC spectra pre-treatment doesn’t process every spectrum individually, but each spectrum needs 

other spectrum as reference. RAW spectra were transformed into dg1 spectra (Figure 1-d) without 

removing important information of the spectra. The smoothing was carried out by 4 points on left and 

right sides, respectively, with a total of 9 smoothing points. The lowest spectrum value of dg1 was -

1.308, while the highest value was 4.241. Pre-treatment of spectra using the dg1 method is able to clarify 

the peaks and valleys of the spectra [16]. In addition, the dg1 method is also used to reduce overlapping 

spectra. Pre-treatments of spectra using the MSC and SNV methods were able to eliminate noises in 

RAW spectra, whereas the noises were still visible in spectra pre-treatment using dg1 method. After the 

spectra pre-treatments completed, the next stage was calibration and validation analysis. 

 

3.3. Calibration and validation 

Table 2 displays the results of the calibration and validation analysis before and after the spectra pre-

treatments. The results showed calibration and validation analysis using RAW, dg1, and MSC produced 

values that are similar to each other. PLS factor used in dg1 and MSC spectra were 6 and 7, respectively. 

Noises removal carried out by MSC spectra pre-treatment method was able to reduce the PLS factor by 

1. dg1 method with 9 smoothing points was able to minimize 2 PLS factors. The estimation of soluble 

solids content and tannin of persimmon using MSC and PLS methods were able to reduce the PLS factor 

by 1 [14]. Determination of factor in PLS is very important. The factors that are too high cause a 

weakening of the ability of a calibration model to predict new (different) samples due to disturbances in 

the spectra. The PRESS (predictive residual error sum of square) value determines the optimum factor 

in PLS analysis. The optimum PLS factor for a model is obtained at a minimum PRESS value [21]. The 

highest value was resulted by SNV spectra with R2 of calibration and cross validation were equal to 

0.882 and 0.870, respectively. Besides, the RMSEC and RMSECV values of SNV spectra were found 

to be the lowest compared to the other three spectra, which were 2.92 and 3.08. A good model is 

characterized by a high R2 value, which means the predictor variables are able to explain variations in 
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the response variables well. In addition, R2 value of calibration and validation is expected to have values 

that are close to each other, as well as for RMSEC and RMSECV. Although the PLS factor in SNV 

spectra was as high as the RAW spectra, but SNV spectra showed highest model accuracy with the RPD 

value of 2.76. Calculation of RPD is yielded from the standard deviation of the response variable divided 

by the error value in cross validation. The RPD value above 2.5 indicates the model is categorized as 

good [22]. RAW, dg1, MSC and SNV spectra had RPD values above 2.5, so the four models above were 

categorized as good models. 

 

 
Figure 1. Original and pre-treated spectra (a) RAW, (b) MSC, (c) SNV, and (d) dg1. 

 

 

 

Table 2. Effects of spectra pre-treatments on calibration and validation. 

Spectra Factor Calibration 

(R2) 

Validation 

(R2) 

RMSEC RMSECV RPD 

RAW 8 0.873 0.860 3.02 3.20 2.65 

dg1 6 0.873 0.862 3.03 3.16 2.69 

MSC 7 0.875 0.861 3.00 3.17 2.68 

SNV 8 0.882 0.870 2.92 3.08 2.76 

 

3.4. Regression coefficients 

Figure 2 shows some wavelengths that significantly contributed to the value formation of response 

variables by SNV spectra. It is characterized by several wavelengths that have high and low values of 

regression coefficients. The peak means the wavelength contributes to the increase in value of response 

variables, whereas the valley means the wavelength contributes to the decline in value of response 

variables. The greater the peak or valley, the higher contribution of the wavelength to the increase or 

decrease in value of response variables. Peaks and valleys of SNV spectra presenced at 507 nm, 591 
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nm, 615 nm, 672 nm, 726 nm, 735 nm, 768 nm, 864 nm, 909 nm, and 975 nm. Wavelengths of 651 nm, 

672 nm, 768 nm, 864 nm, and 909 nm are sensitive to the detection of firmness values [23]. The 

wavelength of 864 nm correlates with absorption of carbohydrates [24]. The wavelength of 975 nm 

relates to absorption of carbohydrates and water contents [25]. This indicated that carbohydrates and 

water contents played an important role in the value of sapodilla fruit firmness, as the breakdown of 

carbohydrates into more liquid compounds caused the fruit to become soft so that the value of fruit 

firmness was decreased. 
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Figure 2. Regression coefficients of SNV spectra. 

 

 

4. Conclusion 

This study showed spectra pre-treatments using the MSC and SNV method eliminated noises from RAW 

spectra at wavelengths of 650 nm - 800 nm. The use of MSC and dg1 spectra were able to diminish PLS 

factor values in the calibration and validation analysis. But the best model to assess sapodilla fruit 

firmness was shown by SNV spectra due to the highest calibration, validation, and RPD values, besides, 

the lowest RMSEC and RMSECV compared to the other three spectra. 
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