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Abstract

The objective of this work was to search for an optimal wavelength selection for near infrared (NIR) spectroscopy for quality
measurement of Nam-Dokmai mangoes. In this study, NIR spectroscopy has been applied to grading management systems for
commercial mangoes export. Near infrared spectra were collected using a near infrared instrument incorporating a wavelength region
of 860-1760 nm. Genetic algorithm (GA) and successive projections algorithms (SPA) was employed for selecting the spectra
wavelengths. The selected wavelengths were also used to generate the prediction models via partial least square (PLS) regression. The
optimal pretreatment was obtained from the second derivative. The model of full wavelengths rendered effective the best performance
with r? of 0.66-0.74, RMSEP of 0.72-0.80 °Brix and RPD equal to 1.8-2.0. The SPA-PLS resulted in values of r2, RMSEP and RPD
were 0.43-0.70, 0.77-1.01°Brix and 1.4-1.9, respectively. Meanwhile, the result of GA-PLS performed efficiency with r?, RMSEP and
RPD were 0.52-0.72, 0.74-0.96°Brix and 1.5-1.9, respectively. The outcome, the GA-PLS model (50 variables) is suitable for use in
the measuring soluble solids content (SSC) in mangoes. This model could be used as screening purpose. It also was not different
significantly when compared to the best model. Hence, authors suggested that the prediction model by GA-PLS with 50 variables can
be effectively used for evaluating SSC in mangoes.
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1. Introduction

Internal quality of mango plays an important role on market price and consumer satisfaction. Higher quality induces a customer's
willingness to pay premium prices for a product. Nam Dokmai mango or golden mango is popular fruit larger fruit than all other mango
varieties in Thailand. Each fruit weighs from 250 to 550 grams, whereas other varieties may be only 150 to 250 grams [1, 2]. Moreover,
the internal quality, sweetness in the ripe stage of Nam Dokmai mango is around 17-20 °Brix reading. While the other varieties have
corresponding value of 15-16 °Brix [1]. In the year 2006, Thailand has a plantation area of 0.28 Mha and 2.2 Mton productions.
However, they are mainly produced for domestic consumption, although about 10% of market are being exported in fresh condition
[3]. The properties of mango to be exported include skin colour, size ripe stage and most importantly, sweetness [2]. However, the ripe
mangoes and ripe impulsive, look similar each other in colour and size. Mango is a climacteric fruit, their quality properties change
rapidly which can affect the purchasing decisions of consumer. Sombatpraiwan et al. [4] studied the factors effected to ripe stages of
Nam Dokmai mango after harvesting and classifying. Several factors were studied including specific gravity (SG), firmness, peel
colour, total soluble solids (TSS), titratable acidity (TA) and the ratio of betwee TSS and TA (TSS/TA), respectively. The results shown
that using fruit firmness and TSS/TA could be used to classify the ripening stages of mangoes, including unripe, ripe, and over ripe
with accuracy of 91.7%. Hence, quality grading during packing is quite difficult.

Near infrared (NIR) spectroscopy has been used for evaluating the chemical characteristics of food and agricultural products [5].
Due to advantages of NIR spectroscopy including the rapid measurement, repeatability, fact that multiple attributes i.e. soluble solids
content (SSC), pH and acid levels can be measured simultaneously, and non-destructively [6]. At present, the NIR spectroscopy have
been used for different purposes such as breeding programme [7, 8] and products guarantee [9-12], respectively. Taira et al. [13] used
the spectrometer wavelength of 600-1000 nm to evaluate the SSC of Iwarin mango. They obtained r> and RMSECV were 0.76 and
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0.70 °Brix. Jha et al. [14] also applied the NIR spectroscopic method with visual wavelength (400-700 nm) to determine the sweetness
of mangoes (cv. Dashehari). The resulting showed that correlation (r) and SEP were 0.90 and 1.97 °Brix. Both reports above show that
the model developed in those using the vis-NIR range of wavelengths revealed as good potential for evaluating the internal quality of
mango non-destructively.

However, according to the above research, there is no selection of wavelengths for modelling. If the relevant wavelength is selected
for the quality measurement, it might be able to increase the accuracy of the model and it is also possible to reduce the cost of sensors
(NIR filter) for building instrument. According to previous report, Pitak et al. [15] applied the wavelengths selection of successive
projections algorithms (SPA) and genetic algorithms (GA) to develop the elemental composition model of biomass pellet. Selected
wavelength method reduces the independent variable number which consist of the most significant spectra [16]. Therefore, wavelength
selection is still needed before build calibration.

The purpose of this experiment was to use the NIR spectroscopy method to measure and monitor the internal quality change in
Nam Dokmai mango from the unripe stage to ripe stage. This information is directly related to mango maturity change, which has the
potential to inform precision agriculture and storage management. It is expected data from this looks should help mango produces to
grade overall fruit quality prior export.

2. Materials and methods
2.1 Sample preparation

Different Twenty-two ‘Nam DokMai’ mangoes were randomly purchased from a local store for experiment. Samples were taken
from 22 fully ripe fruits for the tests within 1 day of collection. Before they were held in the room temperature for 1 hour before the
experiment were taken.

2.2 NIR Spectral acquisition

Before spectral data scan, the NIR spectrometer (AvaSpec-NIR256/512-1.7-EVOAvantes BV, Netherlands) across wavelength
range of 860 — 1760 nm was calibrated as reference using a Teflon plate. An integration time should be specified to achieve optimum
system sensitivity. Based on our chamber environment, the integration time was set to 12.3 ms, yielding approximately 90% full-scale
Analog-to-Digital Converter (ADC) of the reference material reflectance. Figure 1 shows a scanning measurement position, each fruit
was two sides; front side was sanned 4- positions and backside was scanned 4 positions. The total spectra was 8-positions per fruit.
Each position was scanned four times. Then, the spectrum of each position was computed by averaging the four successive scans.
Therefore, each mango collected 8 spectra.
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Figure 1 Measurement positions of NIR spectra and cutting area for measurement SSC of mangoes Nam Dokmai.

The NIR spectral data of each sample were recorded in absorbance (logl/R) unit and its were saved to CSV format file. Then
spectral data were extracted for mathematical processing. Principle component analysis (PCA) was used to screening outliers’ spectra.
Moreover, the spectral data were checked both of repeatability (Rep) and reproducibility (Repro). The Repro of spectral data was
calculated as the standard deviation of absorbance values, when the sample was scanned with re-loading and re-scanning for 10 times
in the same position [17]. Meanwhile, Rep of spectra was the standard deviation of 10 spectra when the sample was scanned with re-
scanning. The samples number 6, 12 and 18 were selected randomly for scanning to get Rep and Repro, respectively.

2.3 Analysis of physico-chemical properties of mango fruit
After scanning the NIR spectra, each scanned area was cut with a width of ~20 mm and a depth of ~10 mm and immediately
squeezed juice. Then, the SSC values were determined by dropping juice into the test hole of a portable refractometer (Nar-3 Ta,

ATAGO, Tokyo, Japan). The reference value was done duplicate. Table 1 displays data of the calibration set and validation sets.

Table 1 Statistical of the calibration set and validation set of Nam Dokmai mango

Set No Max Min Mean SD
Calibration set 129 22.6 15.6 18.18 1.15
Validation set 44 21.9 16.3 18.56 1.42
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For determinaning precision of laboratory, the repeatability (Rep) of reference method was presented. The Rep was the standard
deviation of different value between duplicate. Rep was used to calculate the maximum coefficient of determination (R%,.4). Rep and
R2max were calculated as follows [18].

2
2 (1e1 - )

Rep = N_1 1)
SD2 — Rep?
Riax = ————— 2)
max SD}ZI

When N is the sample amount, e is the absolute difference between the duplicate value.

Also, the outliers of SSC were detected by using equation 3. The information of SSC values which obtained used for multivariate
analysis are provided in Table 1.
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Where Y; is SSC of sub-sample, Y is mean and SD is the standard deviation of reference data. If the sample beyond the range of -3 to
+3, it would be removed.

2.4 Multivariate analysis

All samples were sorted in ascending order according to SSC value, and then samples were separated into calibration and validation
sets, where 75% of total sample was calibration set and 25% was validation set, respectively. The maximum value and minimum value
was assigned as calibration set. Due to spectra were contained a lot of noise and baseline offset effect, so then before making the
prediction models, NIR spectra were pre-treated via several techniques which consist of SNV, first derivative (D1) and second
derivative (D2), both derivatives were pre-processed by used Norris gab and segment were 7 and 7, respectively. Either full wavelength
or selected wavelength were utilized for model creation. To discover the best variables used for evaluating the SSC of mangoes, the
successive projections algorithms (SPA) and genetic algorithms (GA) were also used in this experiment. SPA is the most widely used
for selected wavelengths before multivariate analysis. SPA and GA is a flexible technique for variable selection in multivariate
calibration [19]. It is a forward selection method which starts with one wavelength and incorporates a new one at each iteration, yielding
wavelengths whose information content is minimally redundant. Genetic Algorithms (GA) is a mathematical model inspired by Charles
Darwin’s idea of natural selection, and GA also is a relatively new optimization technique which can be used as an alternative method
for variable selection.

After wavelengths were selected, these were performed to generate models via the partial least square (PLS) regression via
MATLAB program (MathWorks, Natick, MA, USA). Furthermore, the calibration set was used to generate by PLS regression with
leave-one-out full cross-validation for determining the PLS factor. The factor of PLS regression was selected from the minimized
standard error of cross-validation (RMSECV) [19]. The performance of model for predicting are used as indexes of coefficients of
determination of calibration set (R?), root mean square error of calibration (RMSEC), coefficients of determination of validation set
(r?), root mean square error of prediction (RMSEP) and ratio of performance to standard deviation (RPD), respectively. These indicators
can be calculated as equations per below.
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Where Y; is reference data, Y is predicted value, N is sample number and SDy is standard deviation of the reference value, which
obtained from the validation set.

The RPD has been used for determining performance of NIR model. [20]. The model is reliable if PRD > 2, a fair model if
1.4< RPD < 2, and a non-reliable model if <1.4 [21], respectively. The RPD in of Chang et al. [21]’s scale is suitable for directly
scanning in the inhomogeneous materials. Many reports in the field of near-infrared spectroscopy and hyper-spectroscopy such as
Wang et al. [22], Ncama et al. [23] and Maraphum et al. applied portable NIR spectrometer to determine the quality of agronomy such
as sugarcane stalk and cassava tubers [7, 24]. Moreover, Maraphum et al. [25] also applied the portable hyperspectral camera to
visualize the brix distribution in sugarcane stalks. These reports from above indicate that RPD in this scale accepted use in several the
measurement field.
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3. Results and discussion

3.1 Characteristics of NIR spectral data

Figure 2(a) and 2(b) shows that the raw NIR spectra and second derivative in the range of 860- 1760 nm. The obvious peak
displayed at the wavelength of 910, 1200, 1450 nm which related to sugar [10] water [26]. These results were consistent with those of
a previous report in which the peak of 970 nm was assigned to the second overtone of the O-H stretching mode [26].
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Figure 2 NIR Spectra of mango in the wavelength range of 860-1760 nm. (a) Raw spectra (b) second derivative spectra.
3.2 Calibration models on optimal wavelengths

Table 2 demonstrates repeatability, reproducibility, and R%max of soluble solid content (SSC), which rendered an RZ%max of 0.81.
Table 3 illustrates the repeatability and reproducibility of absorption at 970 nm, 1200 nm, and 1450 nm of Nam Dokmai mango. The
mean of absorption in repeatability was nearly the same as the reproducibility, but the standard deviation or the reproducibility
amounted to approximately four times than the repeatability.

Table 4 displayed the predictions of the SSC models of mangoes, the results were calculated from a different algorithm, which
consisting of full-length PLS, SPA-PLS and GA-PLS, respectively. For the results for the full lengths combined by PLS regression
method which gave r? were 0.66-0.74, RMSEP were 0.72-0.80 °Brix and RPD were 1.8-2.0, respectively. The results of PLS model
which developed from wavelength selection by SPA, those wavelengths were selected which separate into three categories including
of 100, 50 and 25 wavelengths, respectively. Each category was performed models via PLS method, and they provided r? were 0.38-
0.70, RMSEP were 0.77-1.11°Brix and RPD were 1.3-1.9. The best model of GA-PLS provided the highest r> and RPD; and lowest
RMSEP, which were 0.72, 2 and 0.74°Brix, respectively. This model were developed using pre-processed spectra of the second
derivative. However, full-length PLS model was also provided with a slight performance, which gave r?, RPD and RMSEP and RPD
values of 0.74, 2.0 and 0.72 °Brix, respectively.

Table 2 Repeatability, reproducibility and R?max of SSC in mango samples.

Parameter Repeatability Reproducibility R%max
Mean of the Standard deviation of Mean of the different Standard deviation
different of duplicate the different of of duplicate of the different of
duplicate duplicate
SSC 0.32 0.65 0.2 0.73 0.81

SSC: Soluble solids content of mango

Table 3 Repeatability and reproducibility of absorption at 970 nm, 1200 nm, and 1450 nm of Nam-Dokmai mangoes of sample numbers
6, 12 and 18.

Fruit Repeatability Reproducibility
number Absorption value Mean of Repeatability Mean of Reproducibility
absorption absorption
6 At 970 nm 0.660 0.00137 0.668 0.04382
At 1200 nm 0.708 0.00156 0.714 0.00406
At 1450 nm 1.374 0.00119 1.318 0.01041
Average 0.914 0.00138 0.900 0.01943
12 At 970 nm 0.523 0.00152 0.604 0.00851
At 1200 nm 0.548 0.00161 0.649 0.00969
At 1450 nm 1.165 0.00308 1.219 0.04335
Average 0.745 0.00207 0.824 0.02051
18 At 970 nm 0.486 0.00069 0.451 0.00102
At 1200 nm 0.532 0.00102 0.586 0.00126
At 1450 nm 0.973 0.00218 0.940 0.01018

Average 0.664 0.00130 0.659 0.00415
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Table 4 PLS Regression result of Nam-Dokmai mango

Algorithms  Wavelengths  Pre-treatment  LVs R? RMSEC r RMSEP RPD
PLS Full Raw 9 0.54 0.79 0.66 0.80 1.8
Full SNV 9 0.54 0.78 0.69 0.78 1.8

Full D1 10 0.59 0.74 0.70 0.77 1.8

Full D2 9 0.60 0.73 0.74 0.72 2.0

SPA-PLS 100 Raw 9 0.57 0.76 0.70 0.77 1.9
100 SNV 8 0.46 0.85 0.56 0.88 16

50 Raw 8 0.59 0.74 0.58 0.90 16

50 SNV 7 0.43 0.87 0.61 0.83 1.7

50 D1 8 0.38 0.91 0.54 0.97 15

50 D2 6 0.48 0.83 0.48 1.02 14

25 Raw 7 0.53 0.79 0.43 1.01 14

25 SNV 7 0.54 0.79 0.53 0.94 15

25 D1 6 0.34 0.94 0.52 0.98 15

25 D2 7 0.41 0.89 0.38 111 1.3

GA-PLS 100 Raw 9 0.54 0.78 0.67 0.79 1.8
100 SNV 9 0.49 0.83 0.65 0.81 1.8

100 D1 10 0.56 0.77 0.66 0.82 1.7

100 D2 9 0.55 0.78 0.72 0.74 2.0

50 Raw 9 0.53 0.80 0.62 0.83 1.7

50 SNV 9 0.45 0.86 0.61 0.87 16

50 D1 10 0.54 0.79 0.61 0.86 1.7

50 D2 9 0.54 0.78 0.70 0.76 19

25 Raw 9 0.41 0.89 0.58 0.85 1.7

25 SNV 9 0.45 0.86 0.57 0.90 1.6

25 D1 6 0.38 0.91 0.52 0.96 15

25 D2 8 0.43 0.88 0.58 0.92 1.6

LVs: Latent variable of PLS; R? Coefficient of determination of calibration set; RMSEC: root mean square error of calibration; r% Coefficient of
determination of validation set.

After the calibration models were developed, it was used to evaluate their performance. Almost model have range of RPD were
1.4-2.0 which indicated model are fair [21]. The best model is the full-length which developed from second derivative resulting in r?,
RMSEP and RPD values of 0.74, 0.72 °Brix and 2.0, respectively. However, a few models in Table 4 can provide RPD closely the best
model, i.e. PLS-GA with 100 wavelengths which pre-treated by second derivative and 50 wavelengths pre-treated by the second
derivative. They gave RMSEP are 0.74-0.76 Brix and both models gave RPD was 1.9, respectively. These models were tested for a
significant difference at 95% confidence level according to the ANOVA. The results indicate that these three models were not
significantly different from each others. Figure 3 illustrates the spectral data pre-treated by D2 and wavelength selection via GA method
also showing the band occurring for model development for SSC mango evaluation.
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Figure 3 Wavelength pre-treated by second derivative technique and interval wavelength selected by GA algorithms.

The reflectance bands of second derivative spectra selected for model development by GA is shown in Table 5. It appears that the
model developed with D2 spectra of GA selected wavelength with 50 variables was more suitable than the model developed with D2
spectra of full wavelength having 256 variables. Figure 4 shows that the scatter plot between actual values which obtained from the
refractometer and predicted values obtained from the GA-PLS model.
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Table 5 The absorbance bands with second derivative spectra selected by GA algorithms.

Wavelength (nm) Wavelength referred Bond Vibration Structure
selection by GA from Ref.
1060-1065 1060 [27] N-H str. second overtone RNH:
1184-1200 1194 [27] C-H methyl C-H, (CHa) CHs, aromatic C-H
1195 [27] C-H methyl (CHs) C-H, C-Hs
1297-1313 -
1349-1361 1360 [27] 2x C-H str. + C-H def CHs
1527-1538 1530 [28] C-H methyne C-H as (R-C-C=C-H) C-H, methyne (1-hexyne)
1561-1573 1570 [28] N-H amide. NH N-H, CONHR
1645-1657 1654 [28] C-H methyl C-H, nitro (CH3NO2) C-H methyl C-H,
1679-1683 1680 [28] C-H aromatic (ArCH) C-H, aromatic C-H
1682 [28] C-H methyl C-H, carbonyl associated C-H methyl
as one C removed (C=0OCH>CHj3)
1698 - - -
24
o Validation set
Trend line
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= — Target line
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Figure 4 Scatter plot of NIR predicted value versus actual Brix value obtained from PLS calibration model of PLS-GA 50
wavelengths in prediction set.

3.3 Evaluation of model robustness

After calibration model the NIR model for measuring SSC of mangoes was optimized successfully. The results were similar to
those found in previous study carried out by Taira et al. [13] In that study it was developed the calibration model from portable NIR
spectrometer with wavelength 600-1000 nm for predicting the SSC and skin colour of Iwrin mangoes [13]. The r’cv and RPD values
were found 0.76 and 2.1, respectively. Posom et al. [29] who applied the NIR spectroscopy in diffuse interactance mode for measuring
the internal quality of Marian Plum (it is the same family with mangoes). The r2cv, brix and RPD were 0.66, 0.86 °Brix and 1.73,
respectively. Williams [30] described the r? between 0.50-0.64 indicated that model could be used for rough screening purpose, while
the r? between 0.66-0.81 meaning the model could be utilized for screening. According both reports have r? were 0.66 and 0.70, which
was indicated that the models could be used as screening purpose. The RPD was 1.73, indicated that the performance of prediction
model was fair [20].

Based on the finding in this work it was determined that higher model accuracy of the model compared to Nagle et al. [31]. Nagle
et al. [31] used NIR to predict SSC of mango (r? = 0.49, RMSEP = 0.60 and RPD = 1.58). Sharma et al. [32] applied online Vis-NIR
spectroscopy to measure TSS of intact Nm Dokmai mango, which purpose for assessing internal quality before exportation. They
founded that the optimal model for evaluating TSS of mango, provided correlation (r), RMSEP and RPD of 0.74, 0.77 °Brix and 1.44,
respectively. Moreover, comparing the performance from Rungpichayapichet et al. [33] who studied the SSC in mango variety of ‘Nam
Dokmai’ and ‘Si Thong’ using a VIS/NIR spectrometer (HandySpec Campo 1000, tec5AG, Oberursel, Germany) on the range of 700-
1100 nm (SWNIR), They got an RMSEP was 1.2 °Brix, which higher than our’s result.

Hence, the result of this study was similar to the reports above, it is could be acceptably used in the mangoes grading industry. The
wavelengths which were selected also could be used for making an increasing accuracy of the calibration model. Moreover, these
wavelengths could be used as criteria to build low-cost spectrometer.

4. Conclusions

This study has demonstrated that NIR instrument with a wavelength range between 860 and 1760 nm could be applied to measure
the SSC value on mango directly. The spectral data were intact scanned at the mango skin. The calibration model generates from the
wavelengths which selected by three conditions such as full wavelength, GA and SPA algorithm which helped to reduce the number
of variables. The model for prediction of SSC which was developed from the second derivative and selecting wavelengths by GA with
50 variables was suitable due to fewer variables than the full wavelength having 50 variables for GA and 256 variables for full
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wavelength. The NIR could have to be used as a non-destructive measurement approach for the direct screening of the internal quality
of mango. It could also help the farmers in grading or sorting during packing process non-destructively.
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