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Abstract


In situ rapid classification of rock lithology is crucial in various fields, including geological exploration and petroleum logging. Laser-induced breakdown spectroscopy (LIBS) is particularly well-suited for in situ online analysis due to its rapid response time and minimal sample preparation requirements. To facilitate in situ raw rock discrimination analysis, a portable LIBS device was developed specifically for outdoor use. This device built upon a previous multi-directional optimization scheme and integrated machine learning to classify seven types of original rock samples: mudstone, basalt, dolomite, sandstone, conglomerate, gypsolyte, and shale from oil logging sites. Initially, spectral data were collected from random areas of each rock sample, and a series of pre-processing steps and data dimensionality reduction were performed to enhance the accuracy and efficiency of the LIBS device. Subsequently, four classification algorithms—linear discriminant analysis (LDA), K-nearest neighbor (KNN), support vector machine (SVM), and extreme gradient boosting (XGBoost)—were employed for classification discrimination. The results were evaluated using a confusion matrix. The final average classification accuracies achieved were 95.71%, 93.57%, 92.14%, and 98.57%, respectively. This work not only demonstrates the effectiveness of the portable LIBS device in classifying various original rock types, but it also highlights the potential of the XGBoost algorithm in improving LIBS analytical performance in field scenarios and geological applications, such as oil logging sites.
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1. Introduction


In the context of oil and mineral exploration, the real-time identification of lithology in drilled rock is crucial for understanding the geological conditions and evaluating oil and mineral reservoirs [1]. Several techniques for identifying the composition of rocks, such as atomic absorption spectrometry (AAS) [2], nuclear magnetic resonance spectroscopy (NMR) [3], inductively coupled plasma optical emission spectroscopy (ICP-OES) [4], and X-ray fluorescence spectrometry (XRF) [5], have specific requirements related to the working environment and sample preparation. As a result, these methods do not fulfill the demands for real-time performance. Traditionally, this real-time identification has relied heavily on manual visual judgment at logging sites, a method that is inherently subjective and demands extensive experience from technicians. However, as drilling technology advances, the size of rock chips decreases and the collection speed increases, making manual assessment increasingly challenging. Consequently, the efficiency of manual identification no longer meets the demands of modern logging practices [6].



Laser-induced breakdown spectroscopy (LIBS) involves focusing a high-energy laser beam on a sample’s surface to ablate a small amount of material. The ablated sample generates a plasma that emits light during its cooling process, which is then collected by a spectrometer to obtain elemental information [7,8,9]. Each spectrum reflects the concentration-dependent intensity of different elements at specific wavelengths, allowing for rapid analysis of samples with diverse elemental compositions. One of LIBS’s significant advantages is its suitability for online in situ detection: it can work under atmospheric conditions with minimal or no sample preparation required. LIBS has emerged as a promising technique for elemental analysis in various fields, including biomedicine [10], agriculture [11], marine resources [12], space exploration [13,14], industrial processes [15], environmental monitoring [16], and cultural heritage and archaeology [17]. The rapid advancements in machine learning have significantly addressed the inherent uncertainties associated with LIBS spectra, enabling more comprehensive data analysis and improved accuracy [18,19]. Numerous studies have explored the application of LIBS technology in rock discrimination. Jin et al. [20] combined Random Forest (RF) to analyze the rock provenance from two different areas, achieving an impressive accuracy of 97.78%. Huang et al. [21] utilized back-propagation artificial neural networks (BP-ANN) to classify three rock types—quartz, granite and shale—as well as two minerals—limonite and hematite—resulting in a perfect recognition rate of 100%. Janovszky et al. [22] tested three statistical approaches—classification tree (CT) based on indicator elements, linear discriminant analysis (LDA), and RF—for classifying mineral grains (quartz, feldspar, biotite, amphibole) in granitoid rock samples. Both RF and LDA achieved accuracies exceeding 92% for all minerals. Wang et al. [23] developed a remote LIBS system integrated with a support vector machine (SVM) that successfully recognized 13 rock samples with 100% accuracy. Chen et al. [24] applied deep convolutional neural networks (CNNs) to classify various rock types, including dolomite, igneous rock, clay rock, gypsum rock, limestone, and sandstone, achieving an accuracy rate of 99.26%; Tian et al. [25] employed the LIBS laboratory platform in combination with partial least-squares discriminant analysis (PLS-DA) to classify four original rock samples: siltstone, quartz sandstone, lime green mudstone, and black mudstone. The accuracy of the whole spectra model was 88.3%, a little more than the feature model with an accuracy of 87.6%. Li et al. [26] introduced a method that integrates automatic spectral peak identification with linear discriminant analysis (ASPI-LDA), achieving 100% recognition accuracy for 15 rock samples. This approach offers an effective solution for in situ remote detection in LIBS. However, the paper does not provide details regarding sample processing.



Despite these advancements, in several studies on rock discrimination analysis, most have employed experimental platform systems and powder pellet samples to obtain spectral data. These experimental platform systems feature high laser pulse energy and a wide wavelength range in the spectrometers, resulting in a high signal-to-noise ratio (SNR) and providing more characteristic information. The powder pellet samples possess a uniform texture and smooth surface, leading to more stable spectral collection, which allows for the construction of a more robust spectral database. However, in outdoor practical application conditions, the performance of the laser and spectrometer is compromised due to portability constraints, and the samples lack adequate pre-preparation conditions, making spectral analysis more challenging. In practical working conditions, objective analysis results from instrument replace subjective human judgment, significantly reducing costs by training instrument operators rather than training and relying on experienced geologists. Addressing the needs of rapidly identifying original rock samples in field scenarios, such as oil logging sites, this work built upon previous research in multi-directional acquisition to optimize the optical machine structure and develop a portable multi-directional LIBS device [27]. This device integrates four classification algorithms: extreme gradient boosting (XGBoost), LDA, K-nearest neighbors (KNN), and support vector classification (SVC). Our specific objective was to classify seven common types of rock samples encountered at logging sites, specifically sandstone, mudstone, dolomite, shale, basalt, conglomerate, and gypsolyte. The performance of the portable LIBS device was evaluated using a confusion matrix. Notably, all samples were analyzed without any preparation. To enhance analytical accuracy and efficiency, we employed spectral data pre-processing and dimensionality reduction techniques, specifically principal component analysis (PCA).




2. Materials and Methods


2.1. Experimental Set-Up


The schematic diagram of the portable LIBS system developed in this study is illustrated in Figure 1. Building on our previous research [27], it has been demonstrated that multi-directional collection offers significant advantages. This method improves the signal-to-noise ratio (SNR) and stability of spectral signals, making it highly suitable for the spectral acquisition of original samples. A multi-directional acquisition probe was employed, and an optical machine was optimized to meet the requirements for portability. The probe consists of four identical collection channels. Each channel utilizes two plano-convex lenses (focal length f = 30.1 mm, made of UV-fused silica) to collect the plasma emission light and couple it into fiber. The fibers from the four collection channels (core diameter 200 µm, length 20 cm) converge the plasma emission light through fiber collimator into a single main fiber (core diameter 400 µm, length 100 cm), which is then connected to the spectrometer. The excitation source for this portable LIBS device is an Nd:YAG laser (CNI, DPS-1064-P-Mini, Changchun, China) with a wavelength of 1064 nm. It features a single pulse energy of 6.3 mJ, a pulse width of approximately 3.8 ns, and a repetition frequency of 10 Hz. The laser-beam focusing lens has a focal length of 50 mm and is made of UV-fused silica. Spectra are captured using a card-type single-channel spectrometer (Avantes, AvaSpecMini2048CL, Apeldoorn, The Netherlands), which provides a resolution of 0.14 nm and covers a wavelength range from 245 nm to 524 nm. The integration time for spectral acquisition is set to 1.05 ms with no acquisition delay. The spectrometer is triggered to open its gate when the laser emits a pulse. The distance between the sample surface and the focal point is precisely controlled using indicated light and precision mechanical threads, ensuring optimal conditions for analysis. Hardware control and data storage are managed through an industrial computer (Advantech, MIO-5251, Taiwan, China).



The overall digital model of the portable LIBS device is depicted in Figure 2. The device is divided into two main components: the handheld end and the box end, which are interconnected by cables. The handheld end is responsible for spectral acquisition, allowing for easy maneuverability during fieldwork. In contrast, the box end handles signal processing, display and energy supply functions. A locally enlarged view of the multi-directional acquisition probe is shown on the right side of the diagram, where its compact size can be estimated by the diameter of the blue circle surrounding it. The entire device weights approximately 4.5 Kg and has a power consumption of 30 W. It is powered by a lithium battery (12,000 mAh, 14.4 V), enabling outdoor operation for about 5 continuous hours. This system emphasizes portability and efficiency, making it suitable for in situ applications in geological exploration and other fields requiring rapid analysis of rock samples.




2.2. Experimental Samples


The experimental samples are shown in Figure 3 and provided by the logging branch of Sinopec Zhongyuan Petroleum Engineering Co., Ltd. (Puyang, China). They were rock block samples collected from oil logging sites across China. Professional geological engineers have determined the types of rocks to which these samples belong (mudstone, basalt, dolomite, sandstone, conglomerate, gypsolyte, and shale). A total of 70 samples were collected, with ten blocks of each rock type.



To account for the textural inhomogeneity inherent in these original rock samples, five areas from each rock were randomly selected for LIBS spectral acquisition. For each selected area point, 50 laser pulses were excited. Figure 4 illustrates the plasma spectra collected from seven types of rock samples under a random laser pulse, along with the ablation craters left on the sample surfaces. It is clear that the morphology and size of the ablation craters vary due to the different physical properties of the rock samples. The ablation craters for gypsolyte, shale, mudstone, and conglomerate have smaller diameters, approximately 4 mm, while those for sandstone, dolomite, and basalt are larger, measuring around 6 mm. The edges of the ablation craters for shale, mudstone, and dolomite are well-defined and form a complete circle due to their fine mineral particles. In contrast, the edges of the ablation craters for conglomerate, gypsum, sandstone, and basalt are rougher, reflecting their coarser particle sizes. It is important to note that raw rock samples are inherently discontinuous media. When the diameter of the ablation crater is similar in scale to the size of the mineral particles within the rock, spectra collected from a single point may not accurately represent the entire rock sample. Therefore, it is essential to collect spectra from multiple locations on the sample to obtain more comprehensive characteristic information.




2.3. Data Processing


As shown in Figure 5, the spectral data obtained underwent several pre-processing steps, including cleaning pulse rejection, outlier rejection, spectral area normalization, and Savitzky–Golay filtering, followed by averaging to enhance the signal quality. The averaged spectra from each area point served as representative spectra, leading to a total of 350 representative spectra for analysis.



In the dataset comprising 350 spectra, the spectra collected from five randomly selected areas of each sample were labeled as belonging to the same group, with each group representing a block of samples. To maintain equal proportions among the sample categories, these groups were used as the foundational units for hierarchical splitting of the dataset. This approach helps to avoid bias that may arise from differences in the distribution of data categories between the training and test sets. The dataset was divided into training and test sets in a 60:40 ratio. The leave-one-group method was employed for cross-validation of the training model, while grid search was utilized for parameter optimization.




2.4. Algorithms


2.4.1. Linear Discriminant Analysis


LDA [28] is a classical linear classification algorithm that aims to project a given dataset from a multidimensional feature space into a lower-dimensional subspace. The primary goal of LDA is to ensure that the projection points of similar samples are as close together as possible while maximizing the distance between the projection points of dissimilar samples. The process begins with training the model based on this principle, where it calculates the means and variances of different classes within the dataset. After training, when new samples are introduced, they are projected into the established subspace. The classification of these new sample points is determined by their positions within this space relative to the learned class boundaries.




2.4.2. K-Nearest Neighbors


The core principle of KNN [29] is to partition the feature space based on distance, which indicates the degree of similarity between samples, along with a specified K-value. Once the training data, distance measurement method, classification criteria, and K-value are established, the class of any new input sample can be uniquely identified. Unlike other supervised learning algorithms, KNN does not involve an explicit training process; instead, it classifies samples based on their proximity to existing data points.




2.4.3. Support Vector Classification


SVC [30] is particularly well-suited for nonlinear classification problems. Unlike neural networks, which achieve nonlinearity by incorporating hidden layers into the perceptron, SVC utilizes kernel functions to accomplish the same objective. By defining a nonlinear kernel function, SVC transforms a nonlinearly separable problem into a linearly separable one, enabling the identification of a separating hyperplane for classification. As SVC is inherently a binary classification model, k(k−1)/2 distinct support vector machines must be designed to handle all possible pairs of categories for a dataset containing k categories.




2.4.4. Extreme Gradient Boosting


XGBoost [31] is an advanced tree model based on the gradient boosting decision tree (GBDT). One of its key features is the expansion of loss function to the second-order derivative, which allows for a more accurate approximation of the true loss value. The generalization ability of XGBoost is significantly improved by adding regularization terms to the loss function, as well as by implementing shrinkage rates and column sampling, effectively mitigating the risk of overfitting. Additionally, XGBoost supports cache optimization and parallel computation, leading to superior performance compared to traditional GBDT models in terms of accuracy, efficiency, and generalization capability.






3. Results and Discussion


3.1. Classification Result Evaluation Criteria


The confusion matrix is a widely used tool in discriminant analysis for evaluating the results of classification. As illustrated in Figure 6, the components of the confusion matrix are defined as follows: TP (True Positive) represents the number of sample points correctly predicted for a specific category; FP (False Positive) denotes the number of sample points incorrectly predicted to belong to this category when they actually belong to other categories; FN (False Negative) indicates the number of sample points incorrectly predicted as not belonging to this category; and TN (True Negative) refers to the number of sample points correctly predicted for other categories.



The main evaluation metrics derived from the confusion matrix include accuracy, precision, recall, and F1 score (Equations (1)–(4)). Accuracy reflects the overall predictive performance of the model, while precision, recall, and F1 score provide insights into the model’s predictive ability for a specific class of samples. Notably, the F1 score is calculated as the harmonic mean of precision and recall, balancing both metrics to give a single measure of performance.
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3.2. Spectral Stability


The integral intensities of 50 spectra obtained from a single area point were calculated for mudstone, basalt, and sandstone as examples. Figure 7 illustrates that some outliers are present, likely due to sample inhomogeneity or fluctuations in laser pulse energy. To address this issue, the copula-based outlier detection (COPOD) algorithm [32] was employed to reject the outliers at a rate of 20%.



As shown in Figure 8, the average relative standard deviation (RSD) of the spectral integral intensity across the 350 collection points decreased from 11.48% to 6.83% following outlier rejection. The RSD values for sample points numbered 101 to 150 and 251 to 300 are lower and correspond to dolomite and gypsolyte, respectively. In contrast, the sandstone and conglomerate samples, represented by points numbered 151 to 250, exhibit a higher RSD. This variation indicates that different rock types exert varying degrees of influence on spectral acquisition due to their compositional and structural differences.



Given that the raw samples exhibit more pronounced surface roughness and non-homogeneity compared to the powder-pressed tablet samples, it is reasonable that the observed RSD in this study is higher than the results from our previous study involving multi-directional collection on lithium ore tablet.




3.3. Dimensionality Reduction


The pre-processed spectral data, consisting of 350 spectra with 2048 pixel points each, underwent dimensionality reduction using PCA [33] to enhance model efficiency. As illustrated in Figure 9, a spatial Cartesian coordinate system was established using the first three principal components (PC1, PC2, PC3) to represent the distribution of key features among the seven rock samples. The results reveal significant overlap among the samples of six rock types, with the exception of dolomite.



It is important to note that original rock samples are inherently discontinuous media. Due to the significant non-homogeneity, mudstone sample points were divided into two clusters in the main feature space, one of which was nearly surrounded by shale sample points. Sandstone samples exhibited the most pronounced non-homogeneity, resulting in a greater dispersion of their sample points in the main feature space.



The loading plots for PC1, PC2, and PC3 are shown in Figure 10, highlighting that the characteristic differences are primarily evident around the wavelengths of 279.6 nm, 317.9 nm, 393.4 nm, and 396.8 nm, which correspond to magnesium and calcium elements. The number of PCs retained is determined based on specific optimization search parameters for each model.




3.4. Comparison of LDA, KNN, SVC, and XGBoost


The confusion matrices for the test and training sets of the LDA model are presented in Figure 11. The horizontal axis labels indicate the number of sample points predicted, while the vertical axis represents the actual number of sample points. Blue squares correspond to the test set results, and purple squares represent the training set results. The color intensity of the squares is linearly related to the value size, and darker squares indicate larger values. In this LDA analysis, 24 PCs were used, with singular value decomposition applied and the parameter n_components set to 1. The accuracy of the LDA model was 95.71% for both the training and test sets. Within the test set, the LDA model achieved optimal predictions for dolomite, gypsolyte, and conglomerate, each receiving an F1 score of 1 (refer to Table 1 for statistical details). The recall rate was 1 for all categories, except sandstone and shale. Specifically, two sample points from sandstone were incorrectly classified as basalt and mudstone, respectively. Additionally, all four shale points were misidentified as mudstone, resulting in mudstone exhibiting the lowest precision at 0.8. Similar patterns were observed in the LDA training set results.



In the KNN analysis, 7 PCs were utilized, with the number of neighbors set to 3 and all other optimization parameters at their default values. The accuracy of the KNN model was 96.67% for the training set and 93.57% for the test set. As illustrated in Figure 12, dolomite and gypsolyte achieved the highest F1 score of 1.0, while mudstone recorded the lowest recall rate of 0.8 in the KNN model test set. The KNN model misidentified three sandstone sample points as mudstone, basalt, and shale, respectively. Additionally, all four mudstone sample points were incorrectly classified as shale, resulting in the lowest precision of 0.79 for shale. In the training set, KNN also misclassified sandstone and basalt; however, its overall performance was better compared to the test set.



In the SVC analysis, the number of PCs was 5, and the SVC model employed a radial basis function (RBF) kernel. The penalty parameter C was set to 0.85, and the gamma parameter was set to scale. The accuracy of the SVC model was 95.71% for the training set and 92.14% for the test set. As shown in Figure 13, the test set misclassified all eight mudstone sample points as shale, significantly affecting the overall accuracy of the test set. Additionally, two sandstone sample points were incorrectly classified as basalt and shale, respectively. In the SVC training set, five basalt sample points were misidentified as conglomerate.



In the XGBoost analysis, 20 PCs were utilized, with optimized parameters detailed in Table 2. As illustrated in Figure 14, the XGBoost model demonstrated exceptional performance, achieving 100% accuracy for the training set and 98.57% accuracy for the test set, with only two mudstone sample points misclassified as shale in the test set.



In summary, the analysis result indicates that the samples generating classification difficulties were primarily shale, mudstone, and sandstone. With the exception of the XGBoost model, all three other models misclassified some sandstone sample points as various other rock types. All four models exhibited varying degrees of confusion between mudstone and shale samples. This confusion arose because both mudstone and shale are predominantly composed of clay minerals, with their main distinction stemming from structural differences. Generally speaking, these structural characteristics could be considered as additional features (image data assistant) to be modeled.



Previous research reported only a classification accuracy of 67% for distinguishing between mudstone and shale [34]. This underscores the classification challenges that LIBS faces when dealing with these two rock types. After being powdered and pressed into cakes, the samples exhibit a smooth and uniform surface. When an adhesive is added, the density of the samples becomes even more similar, resulting in more stable spectra that primarily emphasize compositional information, which is advantageous for quantitative analysis. However, this process also results in a loss of some physical structural information (e.g., differences in overall spectral stability and trends in integral intensity with deepening of ablation crater). Since mudstone and shale have similar compositions, relying solely on compositional differences can easily lead to confusion in learning algorithms.



In this work, the plasma emission light was collected directly from original rock samples. Compared to powder-pressed samples, the original rock sample spectrum retains the physical structural differences between mudstone and shale, and this information is reflected in the spectral datasets of the two rock types. As a result, despite the confusion surrounding the two types of ablation points, more accurate discrimination than before was achieved. To more precisely differentiate the performance of the algorithms, excitation points were used as the unit for statistical analysis of classification accuracy. According to the excitation point statistics, XGBoost ultimately achieved an identification accuracy of 90% for mudstone and 100% for shale. In the actual dataset division, sample blocks were treated as independent units with the five excitation points for each block not separated. Therefore, based on sample block statistics (if three or more of the five points for a sample block are correctly identified, it is considered a 100% recognition), the identification accuracy for both mudstone and shale were 100%.



As shown in Figure 15, the prediction accuracy of all four models increased significantly with the number of PC up to 5 PCs, indicating that these initial 5 PCs captured most of the relevant data feature information. Beyond 5 PCs, KNN and SVC models showed little change in prediction accuracy, suggesting that their classification relied primarily on the feature differences represented by the first 5 PCs. This phenomenon was closely related to the fundamental principles of algorithm design, making it easier for misjudgments to occur in light of the overlapping feature distributions of mudstone, shale, and sandstone presented the Figure 9. In contrast, both XGBoost and LDA continued to improve in accuracy after 5 PCs, with XGBoost outperforming LDA, SVC, and KNN. The XGBoost algorithm effectively captured subtle feature differences in the data. Given the challenges posed by the undesirable main feature distributions resulting from inhomogeneous original samples, XGBoost achieved more accurate discriminant analysis.





4. Conclusions


The work developed a portable low-energy LIBS device based on multi-directional acquisition probe for outdoor rock discrimination analysis. The LIBS spectra of seven types of original rock samples were collected, resulting in a feature dataset comprising 350 sample points. This dataset underwent pre-processing that included normalization, SG filtering, and PCA. Four classification algorithms—LDA, KNN, SVC, and XGBoost—were employed to classify the samples. The classification results were compared and analyzed using confusion matrix. The findings indicated that the XGBoost model outperformed the others, achieving an accuracy of 100% for the training set and 98.57% for the test set. This work not only demonstrates the effectiveness of the portable LIBS device in classifying various original rock but also highlights the potential of the XGBoost algorithm in improving LIBS analytical performance in real-world geological applications. By utilizing these advanced techniques, we aim to provide an effective solution for rapid in situ lithology identification, addressing the challenges posed by traditional manual methods.
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Figure 1. Schematic diagram of the portable LIBS system. 






Figure 1. Schematic diagram of the portable LIBS system.



[image: Chemosensors 13 00018 g001]







[image: Chemosensors 13 00018 g002] 





Figure 2. Portable LIBS device digital model. 






Figure 2. Portable LIBS device digital model.



[image: Chemosensors 13 00018 g002]







[image: Chemosensors 13 00018 g003] 





Figure 3. Seven types of rock samples. 
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Figure 4. Rock sample spectra and ablation crater images. 
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Figure 5. Spectra data processing flow. 
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Figure 6. Confusion matrix. 
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Figure 7. Spectral integral intensities for 50 laser pulses. 
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Figure 8. (a) The RSD of spectral integral intensity for 350 collection points before outlier rejection; (b) The RSD of spectral integral intensity for 350 collection points after outlier rejection. 
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Figure 9. Distribution of the first three PCs features for seven rock samples. 
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Figure 10. The loading plots of the first three PCs. 
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Figure 11. Confusion matrix for LDA model training set and test set. 
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Figure 12. Confusion matrix for KNN model training set and test set. 
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Figure 13. Confusion matrix for SVC model training set and test set. 
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Figure 14. Confusion matrix for XGBoost model training set and test set. 
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Figure 15. Changes in prediction accuracy with increasing number of PC for four models. 
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Table 1. Confusion matrix coefficients of LDA, KNN, SVC, and XGBoost.
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LDA

	
KNN

	
SVC

	
XGBoost




	

	
Precision

	
Recall

	
F1

	
Precision

	
Recall

	
F1

	
Precision

	
Recall

	
F1

	
Precision

	
Recall

	
F1






	
Mudstone

	
0.80

	
1.00

	
0.89

	
0.89

	
0.80

	
0.84

	
1.00

	
0.60

	
0.75

	
1.00

	
0.9

	
0.95




	
Basalt

	
0.95

	
1.00

	
0.97

	
0.91

	
1.00

	
0.95

	
0.91

	
1.00

	
0.95

	
1.00

	
1.00

	
1.00




	
Dolomite

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00




	
Sandstone

	
1.00

	
0.90

	
0.95

	
1.00

	
0.85

	
0.92

	
1.00

	
0.90

	
0.95

	
1.00

	
1.00

	
1.00




	
Conglomerate

	
1.00

	
1.00

	
1.00

	
1.00

	
0.95

	
0.97

	
1.00

	
0.95

	
0.97

	
1.00

	
1.00

	
1.00




	
Gypsolyte

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00

	
1.00




	
Shale

	
1.00

	
0.80

	
0.89

	
0.79

	
0.95

	
0.86

	
0.69

	
1.00

	
0.82

	
0.91

	
1.00

	
0.95




	
Average

	
0.964

	
0.957

	
0.957

	
0.941

	
0.936

	
0.936

	
0.943

	
0.921

	
0.920

	
0.987

	
0.986

	
0.986











 





Table 2. Optimized parameters for XGBoost.
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	Parameters
	n_estimators
	Booster
	max_depth
	Gamma
	min_child_weight



	Values
	300
	gbtree
	2
	0.0001
	0.084



	Parameters
	Objective
	Subsample
	colsample_bytree
	reg_lambda
	learning_rate



	Values
	multi:softmax
	0.6
	0.6
	1.54
	0.31
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2025 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
1,400,000

1,200,000

1,000,000 -

800,000 4

Integral intenslty

600,000

400,000

= mudstone
* basalt
4 sandstone

The number of laser shots





media/file4.png
Circle Diameter: 64mm






media/file30.png
Prediction Accuracy
< < < < —
N ~ oo \O o
M 1 M 1 M 1 M 1 M 1 "

<
()
1

—=— X (GBoost
—eo— LDA
—a— KNN
—v— SVC

N
~

0 5 10 15 20 25 30

Number of PCA





media/file18.png
mudstone
basalt
dolomite
sandstone
conglomerate

gypsolyte
shale

OO0 Do O






media/file21.jpg
LDA test set

LDA training set






media/file31.png





media/file26.png
SVC test set

SVC training set

OOOOO-O
OOOO-OO
OOO-OOO
OO-OOOO

- S == = O O

A

0
0
0
0
0
0

o O o — O O-oﬁmsm

914j0sd A3
91eIOWO[3U0D
Quojspues
wo[op
1eseq

suolspnuw

mudstone | 12
basalt
dolomite
sandstone
conglomerate
gypsolyte
shale

SSB[D [Ny

OEOOOOO
moooooo
¢ 5 2 g o g o
S 8§ E & & = =
% 8 mw 9 o &
o O )
Nl ldmp
2 S § & X
m » eh oo

b

1)

Q

SSB[D [Ny

O o oo o O-Bﬁm

914j0sd A3
91eI9WO[TU0D
Juojspues
dIwoop
jeseq

suojspnu

Predict Class

Predict Class





media/file27.jpg
Actual Class

mudsione
basa|
dolomie|
sandston]
conglomerte
avpsolee

ol

XGBoost training set

XGBoost test set

07 0/0/0/00 msone B0 70 0 0] 0
0 0/o0/oloo wwa| 0 B 0 000
00 00 00| % om0l 0 0.0 0
oo oo o o 5 e 0010 00
0000 00| % contomernc| 0 00 0 [EY 0
ololo0l0 0 sosive[ 00 [0 [0 o B
000000 wael 000000
FRE O HERE I B

g &

Predict Class Prediet Class

shle]





media/file3.jpg
Circe Diameters64mm,






media/file22.png
LDA test set

LDA training set

0000-00
000“000
00“0000
oo — © o ©
m001004
e =2 g g g g =9
o= < <
S 2§ & 5 5 &
= 2 § & %
g S =

o

Q

(&}

SSe|) [enioy

OOOOO-

0001-00
000-100
OO-OOOO
()
OEOOOOO
()
m000007
° 5 2 2 2 28 o
= |5 TR -
g 2§ 8 E = E
@blo..%ms
2 S 5§ & =
m |7 BT BV
g
Q
Q

sse[) [enioy

000000-2@%
00000-0

914108dA3
9)eIdWO[SUO0D
ouolspues
o)rwo[op
jjeseq

suospnw

c o o oo O-EEW

01A10SdAS
0JRIOWO[FUO0D
ouolspues
oywo[op
Jjeseq

ouoispnuw

Predict Class

Predict Class





media/file19.jpg
0.25
0.20
0.15
0.10
0.05
0.00
-0.05
-0.10
-0.15

Loadings

——BCl

Mg 11279.6um 11393 4nm
o Sanosa PC2

Call317.9mm Call 396 8um
P P —PC3

-

T T T T T T
250 300 350 400 450 500
Wavelength (nm)





media/file7.jpg
H
H

s [ conslomerate]

o —
shale

18

00 e

b

s WO | B

00 S
-

00 | basalt|

00 P

Wavelength (um)

T






media/file28.png
XGBoost test set

XGBoost training set

91A]0sdAS
91eIdWO[TU0D
Quojspues
wo[op

eseq

(-}
O o o o oo
(-}
O o o oo ©
-}
O o oo o ©
(-}
O O o © o ©
(-}
OEOOOOO
0@)
- O O © o o O
? 5 2 2 2 2 O
= ] <
s £ E g § & £
o] ldmp
=2 2 § ° =
m S.ﬂ.cg
b
o
&)
Sse[) [enoy

o O
OO-OOOO
O-OOOOO
-}

E oo O
? 3 2 2 2 2 9
& 2 E & § = 3
o] ldmm
=2 S § 2 =
m S.ﬂ.cg

b

o

&)

SSB[D) TeNOY

suolspnuw

000000“%&
OOOOO-O
OOOO-OO

91A]0sdAS
91eIdWO[TU0D
Quojspues
dIwo[op
1[eseq

suojspnw

Predict Class

Predict Class





media/file10.png
Pre-processing methods (Number of spectra
contained in each point after data processing)

| Spectral acquisition (50) I

I Cleaning pulse rejection (45) I

| Outlier rejection (36) I

| Normalization (36) |

| Filter 36) |

|

| Avera'ge (1) |

Spectral data sets l

Pre-processing

|

|

l

Training set

v

| Optimization parameters |

l

| Test set ]

Getting the model |

|

|

Final validation






media/file14.png
1,400,000 -

—®— mudstone
. —e— basalt
A
1,200,000 - / sandstone
Z 1,000,000 - o \ A
I /\ e
.S Y B St ety ™
T 8000001  R& A
OD AAA A )
= .:"“2“» \ ° o
= «® % ‘O.r.oo“" 0pg®000e%00®
e 600,000— ../ o A \/AA\A “AA s
o ® \/ A AA AA N \/A
/ SRR
o°® A AA JVVe
400,000 -
| | | I I I
0 10 20 30 40 50

The number of laser shots





media/file11.jpg
True

Confusion Matrix

Positive | Negative

Positive
Predict
Negative






media/file6.png
mudstone sandstone dolomite

basalt conglomerate






media/file15.jpg
Sumple points
Sumple points

) (b)
(a)





nav.xhtml


  chemosensors-13-00018


  
    		
      chemosensors-13-00018
    


  




  





media/file16.png
before outlier rejection
---- Average RSD: 11.48

]
=
- r]
u ]
[ ]
. Ll | [
| ] u L
l‘.. '

100 150 200 250 300 350 400

Sample points

(a)

RSD(%

after outlier rejection
---- Average RSD: 6.83

Wi

50 100 150 200 250 300 350 400

Sample points

(b)






media/file2.png
Spectrometer ]-