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Netted melons are welcomed for their soft and sweet pulp and strong aroma during the best-tasting period. The best-tasting period was highly correlated with its soluble solid content (SSC). However, the SSC of the intact melon was difficult to determine due to the low relationship between the hardness, color, or appearance of fruit peel and its SSC. Consequently, a rapid, accurate, and non-destructive method to determine the SSC of netted melons was the key to determining the best-tasting period. A hyperspectral model was constructed to estimate the SSC of intact netted melons. The combination of continuous wavelet transform and partial least squares or random forest algorithm was employed to improve the estimation accuracy of the hyperspectral model. Specifically, the hyperspectra of the diffuse reflection and SSC of 261 fruit samples were collected. The sensitivity band was screened based on the correlation analysis and continuous wavelet transform decomposition. The correlation coefficient and RMSE of the random forest regression model decomposed by the continuous wavelet transform were 0.72 and 0.98%, respectively. The decomposition of the continuous wavelet transform improved the correlation coefficient by 5 and 1.178 times at 754 and 880 nm, respectively. The random forest regression model enhanced the determination coefficient by at least 56.5% than the partial least squares regression model, and the continuous wavelet transform decomposition further enhanced the determination coefficient of the random forest regression model by 4.34%. Meanwhile, the RMSE of the random forest regression model was reduced. Therefore, the decomposition of the continuous wavelet transform improved the stability and prediction ability of the random forest regression model.
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1 INTRODUCTION
Netted melon (Cucumis melo L. var. reticulatus Naud.) is a member of the genus Cucumis, subtribe Cucumerinae. Netted melon shows soft and sweet pulp and strong aroma for only 3–5 days which is known as the best-tasting period [1, 2]. The best-tasting period of netted melons is highly correlated with their soluble solid content (SSC). Specifically, the SSC increased slowly when the pulp of fruit was hard with low sweetness and weak aroma in the expansion stage of the fruit. The SSC reached a certain threshold which remained for about 3–5 days when the fruit showed a soft and sweet pulp and strong aroma. After the best-tasting period, the SSC increased quickly with the obvious drip loss and fibrosis of the pulp. Consequently, the SSC showed a plateau for about 3–5 days during the whole growth period [3]. However, the plateau of the SSC was not related to the hardness, color, or appearance of the fruit peel [1]. Therefore, the SSC was the key to determining the best-tasting period of netted melons.
Hyperspectra was a non-destructive method for the internal quality of intact fruit, which had determined the SSC of apple, pear, pineapple, and jujube successfully based on the spectral responses of the reflectance, transmission, or diffuse reflection of fruit [4–10]. The peel of the netted melon was about 1.0 cm which was thicker than that of apple, pear, pineapple, and jujube, which was an obstacle to the acquisition of the transmission of spectral [11]. Moreover, the chemical ingredient of the peel was not related to the variation of the SSC. Consequently, the reflectance of the peel would not reflect the variation of the SSC. The diffuse reflection came from the muti-reflection in the peel and edge pulp of the fruit. Therefore, the spectra of the diffuse reflection showed the potential to include the SSC information of fruit. However, the diffuse reflection had not been used to construct the estimation model of intact netted melons.
The diffuse reflection collected information on each ingredient of the fruit, including the moisture, SSC, pectin, cellulose, and even pollutants on the surface of the peel [12]. The SSC was relatively low which led to a relatively weak spectral response [5]. Therefore, an effective decomposition of the spectrum could improve the estimation accuracy of the SSC. Spectral analysis techniques such as mathematical transformation, principal component analysis, and spectral absorption characteristic analysis had been used to decompose the spectra to explore the SSC of fruit and enhance its spectral sensitivity. Moreover, partial least squares (PLS), neural networks, random forest (RF), and deep learning methods have been used to acquire higher precision regression models of the SSC [8–10, 13, 14]. However, recent studies focused on the enhancement of the sensitivity of spectral information of the SSC, rather than finding the directions of different spectral information in depth. Exploring an efficient spectrum transformation to decompose the weak sensitive information would improve the estimation accuracy of the SSC of the intact netted melon.
A hyperspectral regression model was constructed to estimate the SSC of intact netted melons in the current study. The combination of continuous wavelet transform (CWT) and PLS or RF was used to extract weak useful information and improve the estimation accuracy of the SSC of intact netted melon. Specifically, the spectra of the diffuse reflection and SSC of 261 fruit samples were collected. The diffuse reflection was collected based on the optimization of the incidence angle and intensity of the light source, and acquisition times of the spectrometer. The CWT algorithm was used to extract high- and low-frequency detailed information at multiple decompositional scales. Sensitive wavelet coefficients with the SSC of the fruit were selected. Finally, an estimation model was constructed to predict the SSC of the intact netted melon by the PLS or RF.
2 MATERIALS AND METHODS
2.1 Sample preparation
A total of 261 netted melons (Cucumis melo L. var. reticulatus Naud.) were harvested in June and July 2021 in Beijing Tongzhou District International Seed Industry Science and Technology Park (Tongzhou District, Beijing). During the best-tasting period, the fruit was nearly round and light green with a light yellow net. The fruit was around 1.50 kg per fruit with an SSC of 6 %–11%. Specifically, the melon was colonized on 5 February 2021 and pollinated on 2 April 2021. The random fruit was harvested on June 2, June 12, June 22, and 2 July 2021, respectively. The harvested fruit was transported to the laboratory immediately. The SSC and hyperspectra of the diffuse reflection of the fruit were recorded.
2.2 Measurement of the hyperspectra of the diffuse reflection
The hyperspectra of the diffuse reflection of fruit samples were collected by a self-made spectrometer whose sketch was shown in Figure 1. The sketch was 3D printed by the Acrylonitrile Butadiene Styrene resin. The LED lights and integrating spheres were mounted in a hemispherical frame. A total of four LED lights with a color temperature of 6,500 K, light flus of 210 Lux, and power of 3 W were mounted in the frame as the light source (Guanghong HG-SG1XHH-F-3W, Guangzhou Hengguang Light Co. Ltd., Guangzhou, China). The integrating sphere was mounted on the bottom of the hemispherical frame and connected to a spectral sensor. The spectral sensor collected the spectrum ranging from 650 to 950 nm with a resolution of 2.5 nm based on the previous studies [7, 11]. The annular silicone buffer washer was mounted on the grooves of the LED lights and integrating sphere, which ensured the well fit of the fruit and hemispherical frame. Specifically, the netted melon was placed on the frame and ensured the well contact between the fruit surface and the buffer washers. The LED light sent the light signal when the spectral sensor collected the spectrum of the diffuse reflection of fruit for 60 ms. A total of 30 hyperspectral were collected and averaged as the sample spectrum. The surface of the fruit contacted with the buffer washer on the integrating sphere was marked for the SSC analysis.
[image: Figure 1]FIGURE 1 | Sketch of the spectrometer. 1: bracket; 2: LED-mounting groove; 3: light source; 4: annular silicone buffer washer; and 5: integrating sphere mounting hole.
2.3 Measurement of the soluble solid content
After the measurement of the hyperspectra, a circle with a radius of 1.0 cm was drawn with a marked point as the center on the fruit surface. The cylinder of the fruit was cut. The edge pulp with 1.0–2.0 cm from the exocarp of the cylinder was used for the measurement of the SSC. The SSC of samples was measured by a digital refractometer (PAL-α, ATAGO Company Ltd., Japan) at room temperature with water as blank.
2.4 Screening of the sensitivity band
The sensitivity band was screened based on the correlation analysis and CWT decomposition. The CWT is a signal processing technology derived from the fourier transform. It analyzes in the field of time and frequency at the same time, which is helpful to extract the effective information in the signal [15]. Specifically, the spectrum of the fruit was processed based on the mexh wavelet base written in MATLAB language. The original spectrum was decomposed by 10 layers of wavelet to generate a series of wavelet coefficients (Eq. 1 and Eq. 2).
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where a is the expansion factor, b is the translation factor and [image: image] Is the number of bands of spectral data.
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where [image: image] is the spectral reflectance, and the wavelet coefficients include two dimensions, including wavelength (650–950 nm) and decomposition scale (1, 2, 3,..., and 10). The wavelet coefficient is the number of scales, and the list is the matrix of the number of wavelengths.
2.5 Establishment and validation of the regression model
The spectral estimation models were prepared by the PLS and RF, respectively. Specifically, the sensitivity bands based on the correlation analysis and CWT were used as the independent variables with the SSC as the dependent variables.
A training set and testing set were prepared with a sample number of 3:1. In order to ensure the uniform distribution of each set, all samples were sorted from large to small according to the SSC of the fruit. The samples with the number of multiples of four were nominated as the testing set (66 samples), and the others were nominated as the training set (195 samples). The testing set of 66 samples was used to validate the determination coefficient (R2) (Eq. 3) and root mean squared error (RMSE) (Eq. 4), and Line y = x of the prediction spectral model, respectively.
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where [image: image] and [image: image] represent the actual and predicted SSC of fruit i, respectively;[image: image] represents the number of validation samples; and [image: image] represents the average measured value of SSC.
Specifically, R2 is used to characterize the stability of the model. The closer it is to 1, the more stable and better fitting the model is. RMSE is used to detect the prediction ability of the model. The smaller the RMSE is, the better the prediction ability of the model is. Line y = x represents the deviation of the point composed of the measured value and the predicted value from in the Line y = x.
3 RESULTS AND DISCUSSION
3.1 Hyperspectra and SSC of netted melons
The hyperspectra and SSC of 261 fruit were collected. The SSC covered a relatively wide range from 3.8% to 9.6% with the average value and standard deviation of 6.93% and 1.60%, respectively. The samples were divided into high-SSC, middle-SSC, and low-SSC groups based on the SSC. Specifically, the SSC of the high-SSC, middle-SSC, and low-SSC groups was 6.9%–9.6%, 5.8%–6.9%, and 3.8%–5.8%, respectively. The hyperspectra of the three groups were averaged and shown in Figure 2. The relative intensity of the hyperspectra decreased sharply at 690–750 nm, remained relatively constant at 770–830 nm, and increased at 850–950 nm. The relative intensity of the hyperspectra was negatively related to the SSC. The fruit of the high SSC group showed the weakest relative intensity, while that of the low SSC group showed the strongest relative intensity. Being different from our results, the spectra with the wavelength of 750–950 nm were used to estimate the SSC of melon [11]. The narrow range of the spectra possibly missed the sensitivity band of the SSC information.
[image: Figure 2]FIGURE 2 | Spectral profiles of netted melons.
3.2 Screening the sensitivity band of the hyperspectra
The sensitivity band was screened based on the correlation analysis and CWT decomposition, respectively. The profile of the correlation coefficient between the SSC and relative intensity of the hyperspectra of netted melons is shown in Figure 3, which is based on 301 points due to the resolution of 2.5 nm of the spectrometer. A positive correlation was shown in 724–739 and 800–810 nm, while a negative correlation was shown in the other bands. The correlation coefficient ranged from -0.49 to 0.08. The absolute value of the correlation coefficient reached the highest at 826 nm with a correlation coefficient of −0.49. Therefore, the band of 826 nm was the sensitivity band based on the correlation analysis.
[image: Figure 3]FIGURE 3 | Correlation coefficient between the SSC and relative intensity of the hyperspectra of netted melons.
CWT served as a time-frequency window with shorter time-window width for higher frequencies and wider time-window width for lower frequencies. Consequently, CWT possibly raised the spectral response of useful information and removed the noise of the spectra [15, 16]. Figure 4 showed the spectra decomposed by the CWT on a 10 scale. The decomposed spectra of Scale 1-6 showed a large variety smoothly, while those of Scale 7–10 were relatively flat but jagged. The CWT decomposition amplified and highlighted the features of the original spectra. Consequently, the spectra decomposed by CWT provided more efficient information on the feature band.
[image: Figure 4]FIGURE 4 | Decomposed spectra of netted melons by CWT.
The correlation coefficient between the relative intensity of CWT decomposed spectra and SSC of netted melons was shown in Figure 5. The red represented the high correlation band, while the blue represented the low correlation band. The spectral effective information is mainly presented in the 700–800 nm of the scale 1–6, while no spectral effective information is presented in the scale 7–10. The correlation coefficient reached the highest at 754 nm of scale 5 with a correlation coefficient of 0.60.
[image: Figure 5]FIGURE 5 | Correlation coefficient matrix between the relative intensity of CWT decomposed spectra and SSC of netted melons.
The red light band (670–760 nm) and near-infrared band (761–950 nm) represent the sample feathers in a different dimension [17]. Consequently, the sensitivity band was selected in the red light band and near-infrared band based on the correlation coefficient respectively. The correlation coefficient matrix reached the highest in the 754 nm of scale 5 with the correlation coefficient of 0.60 in the red light band, while that in the 880 nm of the scale 5 with the correlation coefficient of -0.53 in the near-infrared band. Therefore, the bands of 754 and 880 nm were the sensitivity bands based on the CWT decomposition.
The absolute value of the correlation coefficient of 754 and 880 nm in the CWT decomposition was 5 and 1.178 times that without CWT decomposition. The CWT decomposition improved the correlation coefficient of the selected sensitivity bands. Therefore, the bands of 754 and 880 nm were selected as the sensitivity bands for the estimation model. Similar to our results, the CWT decomposition significantly improved the estimation accuracy of chicory leaf Cu content when the best decomposition scales were Scale 3, 4, and 5 [18].
3.3 Modeling and validation of the regression models
PLS and RF were employed to construct the estimation model of the SSC of intact netted melons. The PLS regression model has related the independent variables (e.g., spectra) to an integer that designates the class of the sample [19], while RF is integrated several classifiers to achieve better performance than a single classifier and is especially good for resolving two-class problems based on a bootstrap aggregating algorithm [14]. PLS has been used to construct the estimation model of the SSC successfully [6, 12, 20, 21]. Specifically, the relative intensities of sensitivity bands (754 and 880 nm) with or without CWT decomposition were employed to construct the estimation model by the PLS and RF regression respectively. The R2 and RMSE of the models were measured respectively (Table 1). The R2 of the training set of the RF regression model was raised by 64.3% without CWT decomposition and 56.5% with CWT decomposition than that of the PLS regression model, respectively. The R2 of the testing set of the RF regression model was raised by −4.87% without CWT decomposition and 9.30% with the CWT decomposition than that of the PLS regression model, respectively. The R2 of the training set of the RF regression model was 50% higher than that of the PLS regression model. Being different from our results, the PLS and lambda-lambda r2 regression models were used to analyze the relationships between leaf Cu content and the hyperspectral reflectance. They demonstrated the better feasibility of the CWT and PLS algorithms for estimating the Cu status of chicory [18]. This phenomenon resulted from the different hyperspectral reflectance data and different estimating objects. Moreover, the RF constructed many classification and regression trees, which integrated several classifiers to achieve better performance than a single classifier. The hyperspectra provided more classifiers rather than a single one [14]. Therefore, the RF regression model showed higher stability than the PLS regression model.
TABLE 1 | Determination coefficient and root mean squared error of the estimation models.
[image: Table 1]The R2 of the training set and testing set of the RF regression model were raised by 4.34% and 20.5% by the CWT decomposition. The RMSE of the RF regression model decreased by 6.12% based on the CWT decomposition. Moreover, the R2 of the training set and testing set of the PLS model was raised by 9.52% and 4.88% based on the CWT decomposition. The RMSE of the RF regression model decreased by 1.37% based on the CWT decomposition. Consequently, the CWT decomposition raised R2 and decreased the RMSE of both models. Therefore, the CWT decomposition improved the stability and estimation ability of the model. Being consistent with our result, the spectral model denoised by the CWT decomposition was better to predict the Vc content of navel orange than that by 11 different decomposition approaches [22]. The improvement of the predicting capacity was a possible result of the noise removal ability of CWT decomposition on the spectra [16]. Remarkably, the R2 and RMSE of the competitive adaptive reweighted sampling-PLS model for the SSC of melon were 0.83 and 0.73, respectively [11]. This difference resulted from the different algorithms and number of the samples.
Figure 6 compared the estimation profile of the regression models with Line y = x. The Line y = x reflected the deviation of the point composed of the measured value and the predicted value. The points of each model are distributed along the Line y = x. Remarkably, the points of the training set of the RF/CWT and PLS models are evenly distributed around the Line y = x, while that of the RF and PLS/CWT is biased toward the high-value session of the Line y = x. The points of the testing set of the RF, RF/CWT, and PLS are evenly distributed around the Line y = x, while that of the PLS/CWT is biased towards the high-value session of the Line y = x. These phenomena possibly resulted from the overestimate of the RF and PLS/CWT models.
[image: Figure 6]FIGURE 6 | Estimation profiles of the RF (A), RF/CWT (B), PLS (C), and PLS/CWT (D) models.
The RF regression model enhanced the R2 by at least 56.5% more than the PLS model, and the CWT decomposition further enhanced the R2 of the RF regression model by 4.34%. Meanwhile, the RMSE of the RF/CWT model was reduced. Consequently, the stability and estimation ability of the RF/CWT model was significantly improved.
4 CONCLUSION
The combination of CWT and PLS or RF algorithm was employed to improve the estimation accuracy of the hyperspectral model. Specifically, the SSC and hyperspectra of the diffuse reflection of 261 fruit samples were collected to construct the hyperspectral estimation model. The SSC covered a relatively wide range from 3.8% to 9.6% with the average value and standard deviation of 6.93% and 1.60%, respectively. The relative intensity of the spectra was negatively related to the SSC. The sensitivity band was screened based on the correlation analysis and CWT decomposition. The correlation coefficient reached the highest in the 754 nm of the scale 5, being 0.60 by the CWT decomposition, while that was −0.53 in the 880 nm of the scale 5. The absolute value of the correlation coefficient of 754 and 880 nm with the CWT decomposition was 5 and 1.178 times of those without CWT decomposition. The PLS and RF algorithm were employed to construct the estimation model of the SSC of intact netted melons. The RF regression model enhanced the R2 by at least 56.5% than the PLS model, and the CWT decomposition further enhanced the R2 by 4.34%. Meanwhile, the RMSE of the RF/CWT model was reduced. The points of the testing set of the RF, RF/CWT, and PLS are evenly distributed around the line y = x, while that of the PLS/CWT is biased towards the high-value session of the line y = x. Consequently, the stability and estimation ability of the RF/CWT regression model were improved significantly. The RF/CWT regression model had the potential to estimate the SSC of the intact netted melons in the industry.
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