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Abstract

:

The visible/near infrared (VIS/NIR) spectrometer and electronic nose (E-nose) are two commonly used portable and nondestructive detection apparatuses which have a promising application for the quick acquisition of fruit’s internal quality in both the orchard and market. However, the accuracy of these instruments is sometimes unsatisfactory, especially for thick peeled fruit like the ‘Aiyuan 38’ orange, which was investigated in this research. The objective of this research was to find a method to improve the accuracy for the detection of an orange’s total soluble solid content (TSS) using a VIS/NIR spectrometer and E-nose. Different spectrum detection positions and conventional feature extraction methods are compared to get the optimal data fusion parameters. The detection model was then built up based on the obtained fusion data under the optimal parameters. Partial least squares regression (PLSR) and mutual information theory (MIT) were applied for feature extraction, and PLSR and principal component analysis (PCA)-back propagation neural network (BPNN) were applied for modeling and detection. PLSR results showed that the sampling reflection spectrum at the position of the calyx results in a better orange TSS detection than other sampling positions. For VIS/NIR reflection spectrum feature extraction, PLSR and MIT results showed that the optimal data process + feature extraction method is Savitzky-Golay + 763 features, when their mutual information values between the feature and TSS value were larger than 0.74. For E-nose feature extraction, PLSR and MIT results showed that the combined feature (combination of 75 s value, average value, average of differential value, integral value, and maximum value) is the optimal feature extraction method, and all features are retained for modeling. The PLSR detection ability of orange TSS based on fusion data is better than the single detection method, with the detection ability of the single detection methods being unsatisfactory. PCA-BPNN has better orange TSS detection ability than PLSR. The R2, RMSE, and slope from the calibration set for PCA-BPNN detection were 0.9695, 0.1895, and 0.9665, respectively, and from the validation set for PCA-BPNN detection were 0.8872, 0.4709, and 1.0871, respectively, indicating that this method can detect orange TSS efficiently.
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1. Introduction


The total soluble solid content (TSS) is an important parameter for fruit. Sugar contributes 75%–85% of TSS, while acids, fructans, proteins, dissolved vitamins, minerals, phenolic compounds, and pigments constitute the remainder [1]. TSS is a key parameter which largely determines the flavor of fruit and is usually used to determine the commercial value of fruit. While consumer fruit quality assessment is still highly determined by external appearance, previous research and experience has shown that the visual appearance quality of fruit often does not match the fruit flavor quality [2]. Thus, an efficient TSS detection method is necessary for the fruit industry.



Sensory and physicochemical detection methods are two conventional flavor detection methods. Sensory detection [3] is destructive, time and labor consuming, and can often not detect TSS accurately. Physicochemical detection [4] measures TSS from extracted juice using a refractometer, which is an accurate detection method, but is also a destructive and invasive measurement requiring much labor force and time. Thus, a nondestructive and intelligent TSS detection method is needed.



Visible/near infrared (VIS/NIR) spectrum is considered one of the most efficient, nondestructive, and automated TSS detection methods for fruit, like peach [5], apple [6], orange [7], watermelon [8], and persimmon [9] etc. However, VIS/NIR spectrum can be divided into transmitted spectrum [10] and reflection spectrum [11]. Transmitted spectrum usually provides rich internal information with high accuracy for TSS detection but has a complicated optical structure and large equipment size because the light source and the fiber-optics probe have to be on the opposite sides of the fruit sample. Thus, transmitted spectrum equipment is not portable, and the technique is commonly applied for fruit TSS detection in an indoor environment. Previous research has shown the high detection accuracy for orange TSS using transmitted spectrum [12]. On the other hand, a spectrometer using the reflection spectrum method has been created for use as a portable TSS detection device, with a compact light source and the fiber-optics probe. However, reflection spectrum focuses more on the surface of the sample, and the deeper the parts of sample have a weaker signal acquisition. That is, reflection spectrum has lower detection accuracy than transmitted spectrum in fruit TSS detection, especially for thick peeled fruit. Cheng et al. found that orange TSS can be feasibly detected by reflection spectrum, but with only mediocre results [13]. In practical applications, a portable spectrometer is more suitable than a non-portable one for many applications, such as fruit TSS detection in an orchard or market. Thus, improving the accuracy of detectors based on the reflection spectrum method needs to be further explored, especially in the case of unsatisfactory detection results.



Electronic nose (E-nose) is another portable, nondestructive, and intelligent food quality detection method, which has been widely reported on in the past years [14,15]. Previous researches showed that the E-nose is a feasible means to detect TSS of many thin peeled fruit like mango [16], persimmon [17], and strawberry [18] etc., because the TSS of fruit is related to its volatile ‘fingerprint’ which can be acquired by E-nose. However, whether the E-nose can nondestructively detect the TSS of thick peeled fruit efficiently has not yet been reported.



The ‘Aiyuan 38’ orange, a new orange cultivar, has become very popular in China in recent years, due to its great flavor and high juice content, but has been less investigated so far. In this research, we find the detection ability of the TSS of ‘Aiyuan 38’ based on the reflection spectrum to be unsatisfactory. Thus, the detection ability of E-nose for TSS of ‘Aiyuan 38’ orange was checked. Then, we tried to find a portable method which improved the accuracy for ‘Aiyuan 38’ orange TSS detection based on VIS/NIR reflection spectrum and E-nose. The research results would also provide a reference for the quality detection of other fruits in a portable and nondestructive way.




2. Materials and Methods


2.1. Experimental Orange Samples


The experimental ‘Aiyuan 38’ orange samples were harvested from Meishan, Sichuan, China, over multiple harvest seasons to guarantee a diversity of samples. All experimental samples were harvested and shipped to our lab in Guangzhou, Guangdong, China, arriving two days later for immediate experimentation. Orange, like other citrus fruit with a thick peel, can withstand storage well, especially short term. Grading occurs at the beginning of the commercial handling process and is usually finished a few days after harvesting. There were 117 defect-free samples used for the experiment.




2.2. VIS/NIR Spectral Data Acquisition


A portable spectrometer (ASD Feildspec 3, Analytica Spectra Devices Inc., Boulder, CO, USA) was applied in this experiment to acquire a sample’s VIS/NIR reflection spectrum information. The wavelength range of this spectrometer is from 350 to 2500 nm. The sampling interval and spectral resolution of 350 to 1000 nm are 1.4 nm and 3 nm, respectively, and the sampling interval and spectral resolution of 1000 to 2500 nm are 2 nm and 10 nm, respectively. The spectrometer’s vegetation probe is composed of a light source (with a wavelength coverage from 350 to 2500 nm) and a fibre-optics probe, which was used to acquire the orange sample’s reflectance spectrum. When sampling, the vegetation probe was kept straight down and put in contact with the surface of the orange sample. The stem position, calyx position, equator position, and the position between equator and stem were sampled for each orange sample. Each sampling was repeated 10 times, with the average used as the sampling result. White board correction was conducted before each sampling.




2.3. E-nose Data Acquisition


A portable E-nose (PEN 3.5, AIRSENSE Inc., Schwerin, Germany) was used for the volatile feature sampling of orange samples. This E-nose is composed of a sensor array, a sampling and cleaning channel, and a data acquisition unit. The sensor array contains 10 metal oxide gas sensors that are sensitive to different type of volatiles. The features of each sensor are shown in Table 1.



Each orange sample was put in a 600 mL glass beaker, and sealed with a double-layer plastic film for 30 min. Before sampling, zero gas (room air that had been filtered through standard activated carbon) was pumped into the cleaning channel to reset the sensors. The operating parameters of the E-nose were set at a sampling interval of 1 s, flush time of 60 s, zero point trim time of 10 s, measurement time of 80 s, pre-sampling time of 5 s, and an injection flow of 300 mL/min.




2.4. TSS Measurement


The actual TSS of each orange was measured using a digital pocket refractometer (PAL-1, ATAGO co. Ltd., Tokyo, Japan). For refractometer measurement, each fruit was peeled, all the flesh was crushed and homogenized, and the juice was filtered through gauze. Two drops of juice were taken to measure the TSS. Each sample was tested three times, and the average was taken as the TSS for the orange sample. Before each testing, the refractometer was calibrated with distilled water to adjust the TSS reading to calibration. The average ± standard deviation, maximum value, and minimum value of the whole batch of oranges was 10.30 ± 1.05%, 14.7%, and 7.7%, respectively.




2.5. Data Analysis Method


In this research, Mutual information theory (MIT) [19] was applied to evaluate the correlation between sample feature and target output (TSS value). Partial least squares regression (PLSR) [20] and back propagation neural network (BPNN) [21] were applied to build the detection model and test the detection ability. Due to the complex network structure of BPNN, principal component analysis (PCA) [22] was needed to simplify and reduce the structure and dimensions of the input data before conducting BPNN. The introduction of MIT, PLSR, PCA, and BPNN were as follow.



MIT is usually used to evaluate the correlative degree between variables, and the correlation can be either linear or nonlinear. By conducting MIT, the amount of common information between variables can be represented by a mutual information (MI) value. The PLSR technique is based on multiple linear regression, which is a statistical method that bears some relation to principal components regression. Instead of finding hyperplanes of maximum variance between the response and independent variables, it finds a linear regression model by projecting the predicted variables and the observable variables to a new space. PCA is a multivariate technique that analyses a data table in which the observations are described by several inter-correlated quantitative dependent variables. The goal of PCA is to extract the important information from the table, to represent it as a set of new orthogonal variables called principal components to simplify the data structure and improve the analysis efficiency. BPNN is one of the most commonly used neural networks and includes input, hidden, and output layers. In the process of training a BPNN for analysis, the weights and threshold values of each layer are constantly revised. The BPNN adjusts the weights and threshold values repeatedly based on the differences between the expected outputs and actual outputs. Thus, a BPNN is a neural network that spreads information in the forward direction and returns the difference in the reverse direction. This training lasts until the difference between the expected outputs and actual outputs is reduced to a preset range or until the scheduled training times are achieved.



All the data analysis was performed by the software Matlab R2017a (MathWorks Inc., Natick, MA, USA). The PCA and BPNN were conducted by invoking the build-in toolbox, and the MIT and PLSR were conducted by self-programming due to no related build-in toolbox.





3. Results


3.1. VIS/NIR Spectrometer for TSS Detection of Orange


3.1.1. Sampling Position Comparison


To compare the influence of sampling positions of ‘Aiyuan 38’ orange on detection ability, four positions, namely the stem, calyx, equator, and between the equator and stem were tested in this study. The average spectral reflectivity of different sampling positions of orange are shown in Figure 1. The shape of the response curve for the stem position is obviously different from the other three positions due to the effect of stem. In addition, the absorption peak and reflectivity value for the stem position is obviously less than the other three sampling positions, that is, readings from the stem position acquire less spectrum information than readings from other positions do, which should therefore exclude methods which measure from the stem position. The shape of the response curves from the calyx position are slightly different with those from the equator position or the position between the equator and stem, especially on the curve slope from about 500 to 900 nm, due to the structure of calyx itself being relatively different from the surface at the equator or between the equator and stem. Further analysis is still needed to ensure the optimal detection position.



To further select the optimal sampling position, PLSR was applied to detect the TSS of orange based on full spectral data from different sampling positions. There were 117 orange samples in total, with 92 samples were randomly selected as a calibration set, and the remaining 25 samples forming the validation set. The same calibration and validation sets were used throughout the research to better compare the detection ability. For PLSR results, fitting the correlation coefficient (R2) is the key parameter in evaluating the correlation between the predicted value and the actual value. The range of R2 is from 0 to 1, where the greater the R2, the better the predictive ability. Besides, the root mean squared error (RMSE) and the slope are other subsidiary parameters for detection effect evaluation. The closer the RSME value is to 0, the better the prediction effect. And the closer the slope value is to 1, the better the prediction effect. The PLSR detection results of orange TSS based on full spectral data from stem, calyx, equator, and between the equator and stem positions are shown in Figure 2a–d, respectively. As can be seen, measuring from the calyx position results in better TSS detection ability than other sampling positions, with the R2, RMSE, and slope for calibration set of 0.9571, 0.2147, and 0.9571, respectively, for validation set of 0.5650, 0.7927, and 0.8348, respectively. Thus, the spectral data of calyx position was used for next TSS detection modeling.




3.1.2. Spectral Data Processing


Data processing is a very important step to discern the differences among spectral sampling data, and different processing methods have their own advantages. To find an optimal data processing method, reference to previous researches of Zhang et al. [23] and Xie et al. [24], 16 data processing methods were applied for comparison in this research. They are first derivative, second derivative, square root, square root + first derivative, square root + second derivative, logarithm, logarithm + first derivative, logarithm + second derivative, reciprocal + logarithm, reciprocal + logarithm + first derivative, reciprocal + logarithm + second derivative, reciprocal, reciprocal + first derivative, reciprocal + second derivative, Savitzky-Golay, and multiplicative scatter correction. These 16 data processing methods were labeled as DP 1 to 16, respectively. After the data processing operations, PLSR was applied for orange TSS prediction to test the treatment effect of the different data processing methods. The PLSR detection results are shown in Table 2. Compared to the TSS detection result based on original spectral data (Figure 2b), Savitzky-Golay method (DP 15) can improve the detection accuracy the most, with an R2 for calibration and validation sets of 0.8991 and 0.6600, respectively.



The PLSR detection results based on Savitzky-Golay processed data are shown in Figure 3. Even though the orange TSS detection accuracy has been improved efficiently after Savitzky-Golay data processing, the accuracy is still not enough.




3.1.3. Feature Wavelength Extraction


Each spectrum of data has 2151 features (250–2500 nm). However, not all features are helpful in TSS detection modeling. Some low relation features can even interfere with the detection ability. It is necessary to eliminate non-useful features and keep useful features to improve the computation efficiency and accuracy. For this reason, MI was used to evaluate the correlation between each feature and the TSS value. The range of MI is 0 to 1. The larger the MI, the higher the correlation. MIs between features and TSS value are shown in Figure 4.



The range of MIs was from 0.6911 to 0.7803. In order to eliminate low correlation features to improve the detection ability, we successively deleted the features with corresponding MIs less than 0.70, 0.71, 0.72, 0.73, 0.74, 0.75, 0.76 and 0.77. The remaining features were used for PLSR modeling analysis, to check if the detection ability was better after feature elimination than ability before. The analysis results are shown in Table 3. In this table, the MI range means its corresponding features would be kept for PLSR analysis. The analysis results show that the R2cal (R2 of calibration set) barely changes during the MI larger than or equal to the range of 0.70 to 0.72, slightly decreases during the MI lager than or equal to the range from 0.73 to 0.74, significant decrease during the range of MI lager than 0.74. The R2val (R2 of validation set) increase gradually during the MI larger than or equal to the range of 0.70 to 0.74 but decrease gradually during the range of MI larger than 0.74. Thus, the optimal features should be extracted while the corresponding MIs larger than or equal to 0.74, and the feature number is decreased from 2151 to 736. Even though the R2val of PLSR detection based on whole feature slightly larger than that based on 736 features, that could be redundant information caused over fitting, since the corresponding R2val increased. The PLSR results of calibration and validation sets based on 736 features of Savitzky-Golay processed data were also shown in Figure 5.



As shown in Figure 5, the R2, RMSE, and slope for the calibration set of PLSR detection are 0.8627, 0.3839, and 0.8627, respectively, for the validation set of PLSR detection are and 0.6807, 0.6920, 0.9212, respectively. Thus, it is feasible to detect orange TSS based on based on VIS/NIR reflection spectrometer, however, the detection accuracy needs to be further improved.





3.2. E-nose for TSS Detection of Orange


Feature Extraction


Another portable detection method (E-nose) was also applied to test the same orange samples. In accordance with previous research [25,26,27], 5 commonly used feature extraction methods (75 s value, average value, average of differential value, integral value, and maximum value) and combined feature were applied in this research. The 75 s value is the value of the E-nose response curve at 75 s for each sampling time. The average value is the average of a complete response value. The average of the differential value is the mean value of the differential of the E-nose response curve for each sampling time. The integral value is the area formed by the E-nose response curve and coordinate axis. The combined feature is the combination of the 5 commonly used feature extraction methods previously listed. The PLSR detection results of orange TSS based on E-nose analysis with different features is shown in Table 4. For PLSR results based on single features, the R2cals are less than R2vals. We can infer that results based on single features cannot provide enough information to guarantee the stability of detection accuracy. Thus, the error ratio of calibration set is higher than validation set, due to the sample number of calibration set being more than the validation set. However, the PLSR detection ability based on combined features is significantly superior to detection ability based on a single feature. The reason could be that the combined features cover more comprehensive information than a single feature.



The PLSR detection results of orange TSS based on E-nose with combined features is shown in Figure 6. The R2, RMSE, and slope of the calibration set of PLSR detection are 0.5345, 0.7071, 0.5345, respectively, of the validation set of PLSR detection are 0.4282, 0.8632, 0.6169, respectively. Thus, certain useful orange TSS detection information was contained in E-nose data, however, the improvement of orange TSS detection accuracy is needed.



To check the necessity of low relation feature elimination for E-nose data, which may further improve the detection ability of orange TSS, MI between E-nose features and TSS were also calculated. The calculation results are shown in Figure 7. Features 1–10 are the 75 s value of the 10 sensors’ responses, respectively; features 11–20 are the average value of the 10 sensors’ responses, respectively; features 21–30 are the average of the differential values of the 10 sensors’ responses, respectively; features 31–40 are the integral value of the 10 sensors’ responses, respectively, and features 41–50 are the max values of the 10 sensors’ responses, respectively. The MI curves of the 10 sensors are similar for different feature extraction methods. However, for each sensor, its MI value still has a certain difference when feature extraction method is changed. Thus, the correlation between feature and TSS is most influenced by sensor, more so than the feature extraction method. The range of MIs was from 0.6006 to 0.7678.



To further eliminate low correlation features in order to improve detection ability, we successively deleted the features for which their corresponding MIs were less than 0.61, 0.62, 0.63, 0.64, 0.65, 0.66, 0.67, 0.68, and 0.69, and the remaining features were used for PLSR modeling analysis to check if the detection ability would be better after elimination of low relation features than before. The R2s of PLSR modeling analysis are shown in Table 5. The MI range means its corresponding features would be kept for PLSR analysis. With the elimination of features, both R2cal and R2val decreased. That is, all E-nose features are helpful in orange TSS detection, all features should be kept in modeling work.





3.3. Orange TSS Detection by Fusion Data of VIS/NIR Spectrometer and E-nose


3.3.1. PLSR Detection


Even though both the reflection spectrometer and E-nose can nondestructively acquire orange TSS related information, the detection ability of those single detection methods are unsatisfactory. Multi-source information fusion methods have been reported that can efficiently improve detection accuracy and stability [28]. To further improve the detection accuracy of orange TSS, modeling work based on the reflection spectrometer and E-nose fusion data was researched. According to the research results above, we merged the 736 VIS/NIR spectrum features and combined E-nose features (50 features) for the fusion data. PLSR was applied to test the detection ability of orange TSS based on the fusion data, and the results are shown in Figure 8. The R2, RMSE, and slope for the calibration set of PLSR detection were 0.9466, 0.2395, and 0.9466, respectively, for the validation set of PLSR detection were 0.7516, 0.7804, 1.1072, respectively. Thus, the data fusion can significantly improve the detection accuracy of orange TSS compared to a single detection method.




3.3.2. PCA-BPNN Detection


The BPNN was applied to further improve the detection accuracy of orange TSS based on fusion data. However, there were 786 features in total for the fusion data, which results in an input layer of 786 neurons, which in turn makes the computation burden beyond most of today’s computer. Thus, before BPNN operation, PCA was applied for dimensionality reduction of input data. As shown in Figure 9a, the total contribution of the first 6 principle components (PCs) almost reaches 100%. This means that the first 6 PCs contain the majority of the information from all 786 features which were used for the next BPNN modeling. After repeated training, the BPNN model parameters were as follows: the nerve cell number of the hidden layer was 21, the treatments utilized the BPNN “trainlm” training algorithm, the treatments had a BPNN hidden layer number of four, the BPNN output layers used the “tansig” function; and the BPNN iteration number and sampling frequency was 1000 and 25, respectively. The correlation coefficient (R2) also was applied to evaluate the correlation between the predicted value and actual value of BPNN detection. The PCA-BPNN detection results are shown in Figure 9b, the R2, RMSE, and slope from the calibration set for PCA-BPNN detection were 0.9695, 0.1895, and 0.9665, respectively, from the validation set for PCA-BPNN detection were 0.8872, 0.4709, and 1.0871, respectively. Thus, PCA-BPNN has good orange TSS detection ability based on fusion data.






4. Discussion


Jie et al. found that the calyx position is the optimal sampling position for detecting orange TSS based on VIS/NIR transmitted spectrometer [29]. This research further proved the calyx position is also the optimal sampling position for detecting orange TSS utilizing the VIS/NIR reflection spectrometer method.



The detection ability of orange TSS based on multi-source information fusion is better than using a single detection method (for either VIS/NIR reflection spectrometer or E-nose) confirming other reports [30]. However, to achieve the optimal detection ability using multi-source information fusion, it is important to retain useful information while eliminating feature information with low correlation. Thus, this research further provided a feature extraction method for VIS/NIR reflection spectrometer and E-nose, respectively, in orange TSS detection based on fusion data.



In this research, BPNN has a better ability than PLSR for orange TSS detection. That BPNN has better detection ability than PLSR has previously been shown for other parameters as well [31,32]. The optimal prediction function for PLSR involved minimizing the quadratic sum of error. This not only solves linear problems, but also some simple non-linear problems. BPNN is a nonlinear classification method that can achieve arbitrary nonlinear mapping from input to output, and displays good performance when applied to functional mapping, functional approximation and self-adaption. Thus, BPNN is better than PLSR for nonlinear problems, such as orange TSS detection. However, the model structure of PLSR is much simpler than BPNN, thus, PLSR is the optimal option if the detection ability is similar.



With the development of integrated technology, portable handheld reflection spectrometers and E-noses have been produced, such as the PAL-HIKARi 3 reflection spectrometer (ATAGO co. Ltd., Tokyo, Japan) with a size and weight of 6.1 × 6.4 × 11.5 cm and 0.053 kg and the Cyranose 230 E-nose (Cyrano Sciences inc., Pasadena, CA, USA) with a size and weight of 10 × 22 × 5 cm and 0.9 kg. These research results provide reference to the data analysis section.




5. Conclusions


This research used a VIS/NIR reflection spectrometer and an E-nose to develop a method to improve the accuracy of nondestructive and portable orange TSS detection, as the detection ability of single detection methods (VIS/NIR reflection spectrometer or E-nose alone) is currently unsatisfactory. For orange reflection spectrum information acquisition, data should be collected from the calyx position, then processed by Savitzky–Golay followed by extraction of 763 features (with MIs between feature and TSS value larger than 0.74). For orange E-nose information acquisition, the combined feature (the combination of 75 s value, average value, average of differential value, integral value, and maximum value) should be extracted. PCA-BPNN modeling based on fusion data of spectrum and E-nose information provides the optimal orange detection method for efficiently detecting orange TSS. The results of this experiment provide for a portable and nondestructive method for orange TSS detection with improved accuracy, which is important for the quick and nondestructive acquisition of accurate orange internal quality characteristics, particularly in the orchard or market. In addition, these experimental results provide a reference for the portable and nondestructive detection of other fruit when the ability of a single detection method is unsatisfactory.
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Figure 1. Average of spectral response of different positions on orange. 
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Figure 2. Partial least squares regression (PLSR) detection results of total soluble solid content (TSS) based on full spectral data of (a) stem position; (b) calyx position; (c) equator position; (d) position between equator and stem. RMSE: root mean squared error. 
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Figure 3. PLSR detection results of TSS based on Savitzky-Golay processed data. 
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Figure 4. Mutual information (MI) between TSS and feature of each wavelength. 
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Figure 5. PLSR detection results of TSS based on 736 features of Savitzky-Golay processed data. 
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Figure 6. PLSR detection results of TSS based on E-nose with combined feature extraction method. 
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Figure 7. MI between TSS and feature of each feature. Note: feature 1–10 are the 75 s value of 10 sensor’s response, respectively; Feature 11–20 are the average value of 10 sensor’s response, respectively; Feature 21–30 are the average of differential value of 10 sensor’s response, respectively; Feature 31–40 are the integral value of 10 sensor’s response, respectively; Feature 41–50 are the max value of 10 sensor’s response, respectively. 
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Figure 8. PLSR detection results of TSS based on fusion data. 
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Figure 9. Principal component analysis (PCA)-BPNN detection results of TSS based on E-nose with combined feature extraction method. (a): the contribution rate distribution of principal component (PC); (b) BPNN detection results. 
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Table 1. Sensor name and performance of electronic nose.
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	Number in Array
	Sensor Name
	Object Substances for Sensing
	Threshold Value (mL·m−3)





	R1
	W1C
	Aromatics
	10



	R2
	W5S
	Nitrogen oxides
	1



	R3
	W3C
	Ammonia and aromatic molecules
	10



	R4
	W6S
	Hydrogen
	100



	R5
	W5C
	Methane, propane and aliphatic non-polar molecules
	1



	R6
	W1S
	Broad methane
	100



	R7
	W1W
	Sulfur-containing organics
	1



	R8
	W2S
	Broad alcohols
	100



	R9
	W2W
	Aromatics, sulfur-and chlorine-containing organics
	1



	R10
	W3S
	Methane and aliphatics
	10
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Table 2. PLSR detection results of TSS based on full spectral data with data processing methods.
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	Data Processing Method
	DP 1
	DP 2
	DP 3
	DP 4
	DP 5
	DP 6
	DP 7
	DP 8



	R2cal
	0.9852
	0.7372
	0.9101
	0.9996
	0.6486
	0.9250
	0.9386
	0.9110



	R2val
	0.0932
	0.1047
	0.4001
	0.0687
	0.1336
	0.3236
	0.0063
	0.0077



	Data Processing Method
	DP 9
	DP 10
	DP 11
	DP 12
	DP 13
	DP 14
	DP 15
	DP 16



	R2cal
	0.9919
	0.9386
	0.8992
	0.9982
	0.9807
	0.7285
	0.8981
	0.8952



	R2val
	0.2593
	0.0063
	0.0078
	0.1649
	0.0120
	0.0019
	0.6600
	0.5631
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Table 3. PLSR detection results of TSS based on spectral data with MI feature elimination.
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	MI Range
	≥0.70
	≥0.71
	≥0.72
	≥0.73
	≥0.74
	≥0.75
	≥0.76
	≥0.77





	Remaining Feature Number
	2140
	1994
	1635
	1251
	736
	278
	96
	15



	R2cal
	0.8983
