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Abstract

:

Extraction of mineral and rock information of lunar regolith is of far-reaching significance to the study of material composition, geological structure and historical evolution of lunar regolith. Visible and near-infrared spectra can reflect mineral composition information, and can be used to extract mineral composition and distribution characteristics of lunar regolith. In this paper, the LSCC (Lunar Soil Characterization Consortium) data of lunar regolith is taken as the research object. The partial least squares (PLS) regression model is used to estimate the spectra of lunar regolith measured in RELAB laboratory of Brown University. The mineral contents of plagioclase, pyroxene, olivine, ilmenite, agglutinate and volcanic glass in lunar regolith have been optimized and retrieved. The LSCC spectra of lunar regolith have been pre-processed by multivariate scattering correction (MSC), which highlight the spectral features of lunar regolith. The optimal number of principal components has been selected by cross-validation test. The PLS regression have been established for samples from lunar highland and lunar mare respectively. Two-thirds of samples have been randomly selected as experimental group to establish the prediction relationship between the spectra of lunar regolith and mineral content. The remaining one-third of samples have been used as verification group to further validate the prediction relationship. The results show that the partial least squares regression model has high accuracy and good stability. It is of theoretical and practical significance to optimize the inversion of mineral content in lunar regolith using spectral data of lunar regolith.






Keywords:


partial least squares method; lunar regolith; spectra; mineral content estimation












1. Introduction


Lunar exploration, especially the exploration and exploitation of lunar resources, is a key step to further explore the planets of the solar system, such as Mars. It has epoch-making significance in the history of human history and the development of science and technology. The identification and exploration of mineral resources of lunar regolith, especially the extraction of mineral information from lunar regolith by various technical means, is of far-reaching significance to the study of material composition, geological structure and historical evolution of lunar regolith [1,2,3,4].



Determining the chemical and mineral composition of lunar regolith is the basis for understanding the origin and geological evolution of the moon [5]. Compared with the earth, the mineral composition of lunar regolith is simple, mainly composed of plagioclase, clinopyroxene, orthopyroxene, olivine, ilmenite, agglutinate and volcanic glass [6]. Visible and near infrared spectra are sensitive to the known lunar regolith mineral compositions and can be used to extract the mineral composition and distribution characteristics of lunar regolith. Visible and near infrared light can reflect the composition information of minerals [7]. In the process of interaction between photons and mineral surfaces, they are either reflected or absorbed. Different wavelengths and crystal structures of minerals produce unique reflection spectra [7,8]. Plagioclase is widely distributed in the lunar sea and lunar highlands. Plagioclase in the lunar soil is poor in sodium and rich in calcium, and has relatively strong absorption near 0.65 µm and 1.25 µm, but it is not easy to observe in the lunar soil. This is because the absorption characteristics of plagioclase are weaker than other strong absorption minerals and can easily be concealed. Charge transfer between Fe2+ and Ti4+ in agglutinate and volcanic glass will lead to strong absorption in ultraviolet band (300–600 nm), and the shorter the wavelength, the stronger the absorption, which will make the spectra become more “red” (spectral reflectance increases with wavelength from ultraviolet to visible light). Fe2+ in agglutinate and volcanic glass will also lead to absorption features near 1000 nm. The increase of ilmenite will weaken the “red” of the spectra and make the absorption features weaker and darker.



Optical remote sensing is the most effective method to obtain the chemical and mineral composition of lunar regolith by linking the spectral features and mineral compositions of the returned samples of lunar regolith [9]. The spectral features of lunar regolith, such as reflectance, absorption location and absorption depth, can be used in mineral identification. The spectra of Apollo and Luna samples of lunar regolith is the main basis for researching material composition and spectral mechanism of lunar regolith by optical remote sensing, which plays an important role in lunar exploration and research.



In this paper, the LSCC (Lunar Soil Characterization Consortium) data of lunar regolith is taken as the research object. The partial least squares (PLS) regression model is used to estimate the spectra of lunar regolith measured in RELAB laboratory of Brown University. The mineral contents of plagioclase, pyroxene, olivine, ilmenite, agglutinate and volcanic glass in lunar regolith have been optimized and inversed.




2. Data and Preprocessing


2.1. LSCC Data


The research material is the results of measurements in the Earth’s laboratory on samples transported from the moon, and the reflectance measurements are taken at Brown University, and the dataset is publicly available, and can be freely accessed “https://www.planetary.brown.edu/relab (accessed on 10 January 2022)”. LSCC (Lunar Soil Characterization Consortium) lunar soil sample data consists of 10 lunar highland lunar soil samples collected by Apollo 14/16 and 9 lunar soil samples collected by Apollo 11/12/15/17. These data are widely used in the field of lunar research, including lunar soil spectrum, mineral composition and content, particle size, maturity and other information, which have a high degree of recognition and authority (http://apps.geology.brown.edu/RELAB.php accessed on 10 January 2022). All the spectral data of LSCC are measured in Brown University’s RELAB laboratory under the conditions of an incident angle of 30 degrees and an exit angle of 0 degrees. LSCC is the only complete “ground reality” data on the moon, including the reflectance spectra and mineral abundance information of lunar regolith [5]. LSCC consists of 10 samples of lunar highland collected by Apollo 14/16 and 9 samples of lunar mare collected by Apollo 11/12/15/17 [10,11,12]. All the 19 original samples have been subdivided into four groups of <10 μm, 10–20 μm, 20–45 μm and <45 μm according to the particle size, a total of 76 samples. The reflectance spectra of all samples and the mineral content of the first three particle size groups have been measured by RELAB Laboratory of Brown University. All spectra were obtained at i (incident angle) = 30 degrees, e (emergence angle) = 0 degrees, and g (phase angle) = 30 degrees. The spectral resolution is 5 nm, forming a spectral database of 460 bands from 300 to 2600 nm [9,10].



Three particle size groups < 10 μm, 10–20 μm and 20–45 μm were selected in this paper which have both spectral data and mineral abundance information. The particle size group of <45 μm lacks mineral content information and is not considered as the research object. Plagioclase is widely distributed in the lunar sea and lunar highlands. Plagioclase in the lunar soil is poor in sodium and rich in calcium, and has relatively strong absorption near 0.65 µm and 1.25 µm, but it is not easy to observe in the lunar soil. This is because the absorption characteristics of plagioclase are weaker than other strong absorption minerals and can easily be concealed. By decomposing and filtering data information, PLS extracts the most explanatory comprehensive variables for dependent variables, identifies the information and noise in the system, and better overcomes the adverse effects of multiple correlations of variables in system modeling. The mineral contents of lunar mare and lunar highland are different. Lunar highland contains more plagioclase, so the spectra of lunar mare (Figure 1a) and the spectra of lunar highland are quite different (Figure 1b). Besides, plagioclase is widely distributed in the lunar sea and lunar highlands. Plagioclase in the lunar soil is poor in sodium and rich in calcium, and has relatively strong absorption near 0.65 µm and 1.25 µm, but it is not easy to observe in the lunar soil. This is because the absorption characteristics of plagioclase are weaker than other strong absorption minerals and can easily be concealed. By decomposing and filtering data information, PLS extracts the most explanatory comprehensive variables for dependent variables, identifies the information and noise in the system, and better overcomes the adverse effects of multiple correlations of variables in system modeling. Therefore, 27 samples of lunar mare and 30 samples of lunar highland were selected and modeled separately. When modeling the samples of lunar mare and lunar highland respectively, two-thirds of samples were randomly selected as the experimental group to establish the prediction relationship, while the remaining one-third of the samples were used as the verification group to further verify the prediction relationship.




2.2. Data Preprocessing Using Unscramber 9.7


The visible and near-infrared spectra of lunar samples contain noise and various external disturbance factors in the data measurement. Before using PLS method to retrieve mineral content of lunar regolith, the spectra data should be pre-processed first. By pre-processing the spectra data of lunar samples, the noise information and irrelevant variables can be effectively eliminated. The influence of various non-target factors on the spectra can be eliminated so as to highlight the spectral features and improve the accuracy of the model [13].



In this paper, the original spectral data were pre-processed with the multivariate statistical software the Unscrambler 9.7 of Camo Company, Sweden. Common preprocessing methods include continuum-removal, natural logarithmic variation, first-order derivative, second-order derivative, multiple scattering correction (MSC) and so on.



In this paper, the PLS regression relationship between the spectral and mineral content of lunar regolith of samples of lunar highland and lunar mare for LSCC data was constructed. The two sets of samples in LSCC data were pre-processed by continuum-removal, first derivative, second derivative and multiple scattering correction (MSC) respectively. Finally, MSC was chosen as the best pretreatment method to measure the error index and the number of principal components. MSC can effectively eliminate scattering caused by uneven particle distribution and particle size difference [14]. After MSC pretreatment of LSCC data, the effects of sample size, density, surface roughness and other surface factors on the spectra were eliminated, spectral drift was effectively eliminated, and spectral features were enhanced [15]. MSC can maximize the expression of dependent variable information on the premise of fewer principal components, and at the same time ensure small error, which plays a positive optimization role for the model (Figure 2). Figure 2a,b compare the spectral changes of a typical lunar sea sampling point (10,084) and a lunar highland sampling point (14,141) before and after MSC preprocessing.





3. Methodology and Principle


Before modeling by partial least squares, the spectrum of lunar soil samples was preprocessed by multivariate scattering correction MSC. The cross-validity test method is used to select the optimal number of principal components. In this paper, partial least square regression models are established for the lunar soil samples of the lunar highlands and the lunar sea respectively. Two-thirds of the samples were randomly selected as the experimental group to establish the prediction relationship between lunar soil spectra and mineral content. The remaining 1/3 of the samples are used as the verification group to further verify the prediction relationship.



3.1. Partial Least-Squares Regression (PLS)


Partial least squares (PLS) method has been widely used in many fields such as data analysis, parameter estimation, system identification, regression modeling and prediction [16,17]. PLS is a new multivariate statistical method, which integrates principal component analysis, multivariate correction analysis, canonical correlation analysis and linear regression analysis. It provides a multiple linear regression modeling method, overcoming the shortcomings of traditional regression analysis method which can not describe the multicollinear relationship of variables. PLS can achieve regression modeling, data structure optimization, correlation analysis of two groups of variables, which obviously improves the reliability of data analysis and the accuracy of calculation process [18,19]. PLS method not only pay close attention to the information on the independent variables, and pay attention to the relationship between dependent and independent variables [20]. PLS can decompose and filter the data information in the system, identify the system information and noise, eliminate the redundant information among the data, and extract the comprehensive variable with the strongest explanatory power to the dependent variable. PLS can establish the model with higher accuracy when the number of sample points is less than the number of variables, which has the advantages that traditional regression analysis methods do not have.



PLS indirectly reflects the linear relationship between independent variables and dependent variables by establishing the regression model of latent variables of independent variables about latent variables of dependent variables. In the final model, all original independent variables will be included, and the regression coefficient of each independent variable in the regression model will be easier to explain [21]. The basic principle is as follows.



The p-independent variable matrix X = {   x 1  , … ,  x p   } and q-dependent variable matrix Y = {   y 1  , … ,  y q   } of n samples are decomposed. Components    u 1    and    v 1    are extracted from X and Y.    u 1    is a linear combination of    x 1  , … ,  x p    and    v 1    is a linear combination of    y 1  , … ,  y q   . When extracting these two components,    u 1    and    v 1    should carry as much variation information as possible in their respective data tables, and the correlation degree of    u 1    and    v 1    can reach the maximum, which ensures that    u 1    and    v 1    represent matrix X and Y as well as possible and independent variable component    u 1    has the strongest explanatory power for dependent variable component    v 1   . After extracting the first components    u 1    and    v 1   , partial least squares regression is applied to the regression of X to    u 1    and Y to    v 1   , respectively. When the regression equation reaches the required precision, the algorithm will be terminated. Otherwise, the residual information after X and Y are interpreted by    u 1    and    v 1    respectively will be used for the next round of component extraction, so that the cycle can be completed until the required precision is reached. If the  r  components    u 1  , … ,  u r    are extracted from the independent variable matrix X, the partial least squares regression will establish the regression equation of the dependent variable matrix Y and    u 1  , … ,  u r   , and then be expressed as the regression equation of the dependent variable matrix Y and the independent variable matrix X.




3.2. The Optimal Number of Principal Components


The selection of principal components directly affects the actual prediction ability of PLS model [22]. Too few principal components can not fully reflect the information of independent variables, resulting in inadequate fitting and low prediction accuracy. Excessive calculation of principal components is complex, and noise information is mixed in, which leads to overfitting and reduces the prediction ability of the model [23,24]. Due to the existence of Hughes phenomenon [25], when the feature dimension increases to a certain critical point, the classification accuracy will decrease and the prediction error of the model will also increase.



PLS method usually does not need to select    u 1  , … ,  u r    with  r  components to establish regression equation, but just select the first  l  components (  l ≤ r  ) like PCA to get a regression model with better prediction ability. The optimal number of principal components can be determined by cross validation, according to the cumulative variance contribution of principal components to dependent variable matrix Y and the sum of squares of predicted residuals (Press). Greater contribution of cumulative variance and smaller residuals can lead to better prediction effect of PLS method.





4. Experimental Results and Analysis


4.1. Establishment of PLS Prediction Model for Mineral Content of Lunar Regolith


In this paper, the cross-validity test method was used to select the number of principal components, that is, the data set was randomly divided into k parts, one of which was used as a test set each time, and the remaining k-1 parts were trained as a training set [26]. The relationship between the number of principal components and the cumulative variance contribution of corresponding Y and the sum of squares of predicted residuals was calculated, as shown in Figure 3 and Figure 4.



Regarding to lunar highland, as can be seen from Figure 3, the variance captured by the first principal component is only about 20% in the modeling of LSCC data of lunar highland. When the principal component number is 7, its cumulative variance contribution to Y has reached 85%, while the sum of squares of predicted residuals at this time is less than 1. It shows that the selection of the 7 principal components does not lose much information, reduces the data dimension and meets the modeling requirements.



While regarding to lunar mare, as demonstrated by Figure 4, we can find that the variance captured by the first principal component is less than 10%, but the total value of variance of the first and second principal components is slightly more than 20%. The cumulative variance contribution to Y reached to more than 85% when summing the first 7 principal components, at the same time, the sum of squares of predicted residuals at this time is less than 1. This figure also shows that the first 7-principal-components does not lose much information, thus, the reducing of the data’s dimension could meet the modeling requirements.



As far as the mineral content retrieval of lunar highland, 20 randomly selected samples from 30 highland samples were used to model the spectra and mineral content of lunar regolith based on PLS method, as shown in Figure 5. The mineral contents of volcanic glass (Figure 5a), agglutinate (Figure 5b), ilmenite (Figure 5c), plagioclase (Figure 5d), pyroxene (Figure 5e), and olivine (Figure 5f) in the lunar regolith were optimized and retrieved, and compared with the measured mineral contents in the lunar regolith.



Figure 5 shows that the PLS model has a good simulation effect. This calculation is done for all grain size range, it is combined from all grain sizes. There are a total of 4 particle size groups in LSCC data, of which 3 groups have measured mineral content, so we use these 3 groups of data. These 3 sets of data are calculated as a whole, and the total range is 0–45 µm. The LSCC data is subdivided into four groups of <10 µm, 10–20 µm, 20–45 µm, and <45 µm according to the particle size level, a total of 76 samples. Among them, <10 µm, 10–20 µm, 20–45 µm particle size group samples contain mineral abundance information. This paper selects a total of 57 sets of data in three particle size groups of <10 µm, 10–20 µm, and 20–45 µm (30 sets of lunar highlands and 27 sets of lunar seas) as the research objects, and the overall range of mineral particle sizes is between 0–45 µm. The mineral content of lunar regolith retrieved from highland samples can be linearly fitted with the measured mineral content of lunar regolith. The predicted and measured values of six major minerals of lunar regolith are evenly distributed along the y = x line.



Table 1 gives the root mean square error (RMSE) and correlation coefficient of the predicted and measured content of the six major minerals in lunar highland, and evaluates the accuracy of the PLS model. The correlation coefficients between predicted and measured contents of the six major mineral are all greater than 0.99. The smallest RMSE is 0.0386 for ilmenite and the largest is 1.5440 for plagioclase. The overall model has a good simulation effect. Based on the PLS method and the measured spectra data, the inversion of mineral content of lunar highland can be realized.



Regarding to the mineral content retrieval of lunar mare, 18 randomly selected samples from 27 mare samples were used to model the spectra and mineral content of lunar regolith by PLS method, as shown in Figure 6. The mineral contents of volcanic glass (Figure 6a), agglutinate (Figure 6b), ilmenite (Figure 6c), plagioclase (Figure 6d), pyroxene (Figure 6e), and olivine (Figure 6f) in the lunar regolith were optimized and retrieved, and compared with the measured mineral contents in the lunar regolith.



Figure 6 shows that the PLS model has a good simulation effect. As described as Figure 5, this calculation is done for all grain size range, it is combined from all grain sizes. The mineral content of lunar regolith retrieved from mare samples can be linearly fitted with the measured mineral content of lunar regolith. The predicted and measured values of six major minerals of lunar regolith are evenly distributed along the y = x line.



Table 2 gives the root mean square error (RMSE) and correlation coefficient of the predicted and measured content of the six major minerals in lunar mare, and evaluates the accuracy of the PLS model. The largest correlation coefficients between predicted and measured contents of the six major mineral is 0.9964 for volcanic glass, and the smallest is 0.9340 for plagioclase. The smallest RMSE is 0.3122 for ilmenite and the largest is 1.2640 for agglutinate. The overall model has a good simulation effect. Based on the PLS method and the measured spectra data, the inversion of mineral content of lunar mare can be realized.




4.2. Validation of PLS Prediction Model for Mineral Content of Lunar Regolith


In this paper, PLS regression relationship between the lunar soil spectra and mineral content were established for lunar soil samples from the lunar highlands and the lunar sea. Two-thirds of samples were randomly selected as the experimental group to establish the prediction relationship, while the remaining one-third of the samples were used as the verification group to further verify the prediction relationship.



Based on the PLS equation of 20 randomly selected samples of lunar highland, the mineral contents of volcanic glass (Figure 7a), agglutinate (Figure 7b), ilmenite (Figure 7c), plagioclase (Figure 7d), pyroxene (Figure 7e), and olivine (Figure 7f) in the remaining 10 samples of lunar highland were predicted, and compared with the measured mineral contents in the lunar regolith, as shown in Figure 7.



Figure 7 shows that the PLS model has a good simulation effect. The mineral content of lunar regolith retrieved from highland samples can be linearly fitted with the measured mineral content of lunar regolith. The predicted and measured values of six major minerals of lunar regolith are evenly distributed along the y = x line.



Table 3 gives the root mean square error (RMSE) and correlation coefficient of the predicted and measured content of the six major minerals in lunar highland, and evaluates the accuracy of the PLS model. The largest correlation coefficients between predicted and measured contents of the six major mineral is 0.9823 for plagioclase, and the smallest is 0.7010 for olivine. The smallest RMSE is 0.9660 for olivine and the largest is 6.2112 for agglutinate. The overall model has a good simulation effect. Based on the PLS method and the measured spectra data, the inversion of mineral content of lunar highland can be realized.



Based on the PLS equation of 18 randomly selected samples of lunar mare, the mineral contents of plagioclase, pyroxene, olivine, ilmenite, agglutinate and volcanic glass in the remaining 10 samples of lunar mare were predicted, and compared with the measured mineral contents in the lunar regolith, as shown in Figure 8.



Figure 8 shows that the PLS model has a good simulation effect. The mineral content of lunar regolith retrieved from mare samples can be linearly fitted with the measured mineral content of lunar regolith. The predicted and measured values of six major minerals of lunar regolith are evenly distributed along the y = x line.



Table 4 gives the root mean square error (RMSE) and correlation coefficient of the predicted and measured content of the six major minerals in lunar mare, and evaluates the accuracy of the PLS model. The largest correlation coefficients between predicted and measured contents of the six major mineral is 0.9790 for pyroxene, and the smallest is 0.7298 for plagioclase. The smallest RMSE is 0.9611 for olivine and the largest is 4.8934 for agglutinate. The overall model has a good simulation effect. Based on the PLS method and the measured spectra data, the inversion of mineral content of lunar mare can be realized.





5. Conclusions


In this paper, the lunar soil characterization consortium data of lunar regolith consisting of Apollo samples is taken as the research object. The PLS regression model is used to estimate the spectra of lunar regolith measured in RELAB laboratory of Brown University. The mineral contents in lunar highland and lunar mare have been optimized and inversed.



PLS method can identify system information and noise, eliminate data redundancy, extract comprehensive variables with the strongest explanatory power to the dependent variables, and build models with high accuracy when the number of samples is less than the number of variables. This method can be used to optimize the inversion of mineral content in lunar regolith, make up for the limited number of Apollo and Luna lunar landing points and the insufficiency of a small number of collected samples of lunar regolith, and can be further applied to mineral identification of lunar regolith on a whole-moon scale.



The spectra data of lunar regolith were pre-processed with MSC to eliminate the influence of sample size, density, surface roughness and other surface factors on the spectra, so as to weaken or eliminate the influence of various non-target factors on the spectra and highlight the spectra features of lunar regolith. The cross-validity test method was used to select the best number of principal components, and the information of mineral content in lunar regolith was maximally expressed and the error was small.



In the study, PLS models have been established for samples from lunar highland and lunar mare respectively. Two-thirds of samples have been randomly selected as experimental group to establish the prediction relationship between the spectra of lunar regolith and mineral content. The remaining one-third of samples have been used as verification group to further verify the prediction relationship. The results show that the prediction of mineral content of 20 lunar highland samples and 18 lunar mare samples in the experimental group is mostly accurate, and the errors between simulated and measured mineral content of plagioclase, olivine, pyroxene, ilmenite, agglutinate and volcanic glass are small. Based on the PLS equation established by the experimental group, the mineral content of 10 lunar highland samples and 9 lunar mare samples of the validation group was further predicted, with little error from the measured values. The PLS model has high accuracy and good stability. It has good application prospects to optimize the inversion of mineral content in lunar regolith using spectral data of lunar regolith.
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Figure 1. (a) is the reflectance spectra of 10,084 sampling point of lunar mare, and (b) is the reflectance of 14,141 sampling point of lunar highland. 
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Figure 2. (a) is the reflectance spectra of 10,084 sampling point of lunar mare processed by MSC, and (b) is the 14,141 sampling point of lunar highland processed by MSC. 
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Figure 3. The optimal number of principal components of lunar highland, (a) is the relationship between the number of principal components and the cumulative variance contribution of corresponding Y, (b) is the relationship between the number of principal components and the sum of squares of predicted residual. 
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Figure 4. The optimal number of principal components of lunar mare, (a) is the relationship between the number of principal components and the cumulative variance contribution of corresponding Y, (b) is the relationship between the number of principal components and the sum of squares of predicted residual. 
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Figure 5. (a–f) are respectively the prediction of mineral content of volcanic glass, agglutinate, ilmenite, plagioclase, pyroxene, and olivine of lunar highland from the experimental group and their comparative analysis with the measured mineral contents. 
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Figure 6. (a–f) are respectively the prediction of mineral content of volcanic glass, agglutinate, ilmenite, plagioclase, pyroxene, and olivine of lunar mare from the experimental group and their comparative analysis with the measured mineral contents. 
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Figure 7. (a–f) are respectively the prediction of mineral content of volcanic glass, agglutinate, ilmenite, plagioclase, pyroxene, and olivine of lunar highland from the validation group and their comparative analysis with the measured mineral contents. 
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Figure 8. (a–f) are respectively the prediction of mineral content of volcanic glass, agglutinate, ilmenite, plagioclase, pyroxene, and olivine of lunar mare from the validation group and their comparative analysis with the measured mineral contents. 






Figure 8. (a–f) are respectively the prediction of mineral content of volcanic glass, agglutinate, ilmenite, plagioclase, pyroxene, and olivine of lunar mare from the validation group and their comparative analysis with the measured mineral contents.
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Table 1. Evaluation of prediction accuracy of mineral content of lunar highland from the experimental group.
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Volcanic Glass

	
Agglutinate

	
Ilmenite

	
Plagioclase

	
Pyroxene

	
Olivine






	
Correlation Coefficient

RMSE

	
0.9963

	
0.9928

	
0.9967

	
0.9940

	
0.9950

	
0.9986




	
0.1716

	
1.4305

	
0.0386

	
1.5440

	
0.5550

	
0.0588
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Table 2. Evaluation of prediction accuracy of mineral content of lunar mare from the experimental group.
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Volcanic Glass

	
Agglutinate

	
Ilmenite

	
Plagioclase

	
Pyroxene

	
Olivine






	
Correlation Coefficient

RMSE

	
0.9964

	
0.9879

	
0.9946

	
0.9340

	
0.9854

	
0.9887




	
0.4831

	
1.2640

	
0.3122

	
0.6912

	
0.8673

	
0.1495











[image: Table] 





Table 3. Evaluation of prediction accuracy of mineral content of lunar highland from the validation group.
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Volcanic Glass

	
Agglutinate

	
Ilmenite

	
Plagioclase

	
Pyroxene

	
Olivine






	
Correlation Coefficient

RMSE

	
0.8944

	
0.9390

	
0.7744

	
0.9823

	
0.8586

	
0.7010




	
1.6070

	
6.2112

	
0.3597

	
4.2077

	
4.1708

	
0.9660
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Table 4. Evaluation of prediction accuracy of mineral content of lunar mare from the validation group.






Table 4. Evaluation of prediction accuracy of mineral content of lunar mare from the validation group.





	

	
Volcanic Glass

	
Agglutinate

	
Ilmenite

	
Plagioclase

	
Pyroxene

	
Olivine






	
Correlation Coefficient

RMSE

	
0.8617

	
0.9011

	
0.9331

	
0.7298

	
0.9790

	
0.7708




	
2.1364

	
4.8934

	
1.8143

	
1.4403

	
2.4985

	
0.9611
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