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ABSTRACT: Rapid and precise determination of elemental content in soil is significant for precision agriculture and saline-

alkali land remediation. Although Laser-Induced Breakdown Spectroscopy (LIBS) offers advantages of rapid, multi-element 

simultaneous detection, it is prone to issues of insufficient quantitative accuracy and model overfitting under conditions of complex 

soil matrix interference and small sample modeling, thereby limiting the model's generalization capability. To overcome these 

limitations, this study developed a quantitative regression model based on a 1-Dimensional Convolutional Neural Network (1D-

CNN). This model directly utilises raw LIBS spectra as input, automatically extracting multi-scale spectral features to predict the 

contents of Ca, Mg, and Na in soil. 10-fold cross-validation results demonstrate that the CNN model performs exceptionally well 

across both high and low concentration ranges. For high-concentration samples, R² ≥ 0.972, while for low-concentration samples, 

R² ≥ 0.98. This confirms the model's high accuracy and 

strong generalization capability in quantitative LIBS 

analysis of small samples. Its overall performance 

significantly outperforms comparison models such as 

Random Forest (RF) and Backpropagation Neural 

Network (BPNN). Further integration with Gradient-

weighted Class Activation Mapping (Grad-CAM) 

enables feature visualisation, confirming that the model's 

focus regions align with element-specific spectral lines, 

indicating physical plausibility. This study provides a 

high-precision, interpretable modeling approach for 

quantitative LIBS analysis of small-sample native soils.  

INTRODUCTION  

The amelioration of saline-alkali land is a key factor in ensuring 

food security, restoring ecosystems, and achieving sustainable 

agricultural development1. Among these, soda-alkali soils severely 

constrain crop growth due to their high salinity, high pH levels, 

and poor soil structure. Precise remediation of such lands not only 

enhances land utilization efficiency and agricultural productivity 

but also holds significant implications for global food security2-4. 

The composition and concentration of soluble alkaline cations in 

soil, such as Ca²⁺, Mg²⁺, and Na⁺, directly determine the type and 

severity of soil salinization, as well as its toxic effects on crops5. 

Therefore, rapidly and accurately obtaining representative alkaline 

element content data for Ca, Mg, and Na is crucial for scientifically 

diagnosing the causes of saline-alkali soil, formulating targeted 

remediation strategies, and quantitatively evaluating the 

effectiveness of improvement measures. Traditional methods for 

soil elemental analysis mainly rely on chemical and physical 

techniques, including atomic absorption spectroscopy (AAS), 

inductively coupled plasma optical emission spectroscopy (ICP-

OES), and inductively coupled plasma mass spectrometry (ICP-

MS)6. 

In contrast, Laser-Induced Breakdown Spectroscopy (LIBS) 
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offers advantages such as less pretreatment, rapid detection, 

simultaneous multi-element analysis, and in situ detection, and can 

be used for rapid detection of major elements, trace elements and 

heavy metals in soil7,8. However, due to factors including the 

complex soil matrix, plasma fluctuations, spectral line overlap, 

and background continuous spectra, quantitative LIBS analysis 

often suffers from significant signal variability and insufficient 

model generalization capability. To enhance the accuracy and 

robustness of quantitative predictions, researchers have 

incorporated machine learning algorithms to model LIBS spectra9-11. 

Chen et al. combined random forest (RF) with LIBS for 

quantitative analysis of soil pH12. Su et al. enhanced the accuracy 

of quantitative analysis for total iron content in branded iron ore 

by integrating LIBS with a bidirectional backpropagation artificial 

neural network13. Zhao et al. employed LIBS coupled with deep 

learning for predicting lead content in soil14. However, in practical 

applications, the number of available samples is often limited. 

When the number of usable samples is significantly smaller than 

the number of feature parameters the model needs to learn, it is 

typically considered a small-sample condition15,16. Under such 

conditions, traditional models such as RF and back-propagation 

neural network (BPNN) are prone to overfitting due to their 

sensitivity to redundant features and noise interference, 

necessitating robust feature selection and preprocessing 

strategies16. In recent years, Convolutional Neural Network (CNN) 

has been widely applied in LIBS chemometric analysis due to its 

capability for automatic feature extraction. Chen et al. proposed 

combining LIBS with a two-dimensional CNN algorithm to 

simultaneously determine the lithology and seven major chemical 

elements in six different rock sample types18. Wang et al. 

combined LIBS with CNN to classify 650 soybean samples from 

five regions in China1919. Xu et al. employed a CNN regression 

model to analyse organic matter, total N, total P, and total K20. Lin 

et al. employed LIBS coupled with CNN for quantitative analysis 

of nickel and manganese21. However, the insufficient 

interpretability of machine learning and deep learning analytical 

models, particularly concerning CNN models, obscures the 

association mechanism between key wavelength features and 

element concentrations. This limitation constrains their practical 

application within soil science. 

To address the aforementioned issues, this paper proposes a 1-

Dimensional Convolutional Neural Network (1D-CNN) 

regression model incorporating visualisation interpretation. This 

approach enables high-precision quantitative analysis of Ca, Mg, 

and Na contents in soil samples under small-sample conditions. 

During model training, raw LIBS spectra are cropped to 

wavelength ranges covering the characteristic spectral lines of the 

target elements and are directly used as model inputs, without 

requiring complex preprocessing steps such as denoising or 

dimensionality reduction. Subsequently, end-to-end feature 

learning is achieved through a one-dimensional convolutional and 

pooling architecture. Benefiting from the local connectivity and 

weight-sharing mechanisms of CNN, the model automatically 

extracts representative local spectral features from high-

dimensional spectra and effectively reduces overfitting caused by 

redundant features even under limited sample sizes. Furthermore, 

this paper introduces the Gradient-weighted Class Activation 

Mapping (Grad-CAM) to visualise the model's decision basis. 

This generates wavelength-importance heatmaps, thereby 

identifying key spectral regions that significantly influence 

prediction results and establishing a clear correspondence between 

model outputs and spectral features, which enhances the 

interpretability and reliability of the analysis. It provides a new 

method for the decision-making of precise improvement of saline-

alkali land by LIBS technology, which is both highly accurate and 

highly reliable. 

EXPERIMENTAL 

Sample preparation. In accordance with the research objectives, 

standard samples of model GBW7458 were obtained from the 

National Centre for Standard Reference Materials. To establish 

quantitative analytical calibration models, analytical-grade (purity > 

99.7%) CaCl2, MgCl2, and NaCl standard substances were spiked 

into the standard samples. Under laboratory conditions (25 °C, 1 

atm), precise weighing, dissolution, and volumetric adjustment 

were performed to prepare standard solutions with eleven 

concentration gradients of 50, 100, 200, 300, 400, 500, 600, 700, 

800, 900, and 1000 ppm for Ca, Mg and Na respectively. 

The standard soil samples were then spiked with the prepared 

standard solutions. 20g of each sample were then subjected to the 

standard addition method, incorporating solutions at different 

concentrations. Then the samples were dried in an oven at 100 °C 

for 30 min. 

To meet the diversity of soil sample matrices, soil samples were 

simultaneously selected from the demonstration site in Da'an City, 

Jilin Province, China, which included 12 different background 

information of saline-alkali land improvement methods such as 

the addition of enzymes and organic fertilizers. The contents of 

three elements in the samples were determined by Eurofins 

Analytical Technology Services (Suzhou) Co., Ltd. (Method No.: 

ESS-TP-6269-V2). The Soil sample background information and 

the concentrations of Ca, Mg, and Na in the spiked samples are 

listed in Table S1. 

After grinding and sieving, 3 g of the powdered soil were 

compressed at 30 MPa for 25 min to form pellets measuring 30 

mm in diameter and 2 mm in thickness, as shown in Fig. S1. 

Experimental setup. The experimental setup for soil LIBS 

measurements is shown in Fig. 1. The LIBS light source comprises  
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Fig. 1 Schematic diagram of the LIBS experimental setup. 

an Nd:YAG nanosecond pulsed laser (Continuum, Surellite II) 

with an output wavelength of 1064 nm, pulse width of 10 ns, 

repetition rate of 10 Hz, and beam diameter of 6 mm. The laser 

energy was controlled using an energy attenuation system 

comprising a half-wave plate and a Glan-Taylor polarizer, 

enabling precise adjustment of the pulse energy. The laser beam is 

focused onto the soil sample surface via a fused quartz plano-

convex lens with a focal length of 100 mm, inducing breakdown 

to generate a soil plasma. The laser beam's focal point is positioned 

0.8 mm within the soil sample surface to prevent air breakdown, 

thereby minimising interference with soil LIBS spectral analysis. 

The plasma emission was collected at a 45°angle relative to the 

laser incidence using a focal length 75 mm fused quartz lens 

assembly. The collected light was coupled to a medium-resolution 

grating spectrometer (Andor, Me5000) equipped with an ICCD 

detector (1024 × 1024 pixels, DH334). The spectral resolution was

5000/  , with a single spectral detection range of 200-

975 nm. The laser and ICCD detector were synchronously 

triggered by a digital pulse delay generator (Stanford, DG645). To 

prevent excessive ablation of the soil sample, it is mounted on a 

three-dimensional translation stage, ensuring each laser pulse 

impacts a fresh position on the soil surface. To reduce the influence 

of pulse energy fluctuations on the stability of soil LIBS spectra, 

each measurement was averaged over 100 laser pulses. All 

experiments were performed at standard atmospheric pressure, 

with an ambient temperature of 23 °C and relative humidity of 45%. 

Data processing. The data processing flow is shown in Fig. 2. The 

raw spectra were first trimmed. Subsequently, the CNN model was 

trained and optimized using 10-fold cross-validation, and 

evaluation metrics were computed. The results were compared 

and analyzed with those of RF and BPNN regression predictions. 

Finally, the Grad-CAM importance values are calculated based on 

the determined target convolutional layer, and the visualization 

results are generated and analyzed. 

CNN Regression Prediction. The CNN extend the feature 

extraction capabilities of feedforward neural networks through 

convolutional layers and are particularly suitable for processing 

sequence data with strong local correlations, such as LIBS spectra. 

In this study, a 1D-CNN regression model was constructed for 

one-dimensional spectral data, with its core architecture including 

an input layer, convolutional layers, pooling layers, fully 

connected layers, and an output layer22. 

The model automatically extracts local features (such as 

characteristic peak shapes) by sliding the convolution kernel 

across the spectral sequence, and generating feature maps, 

expressed as: 

)][].1[X(Re],[
K

1 =
+−+=

j kk bjWjiLUkiFeatureMap
   (1)

 

Here, i denotes the positional point within the output feature map, 

k represents the k-th convolutional kernel, j indicates the weights 

within the kernel, and K signifies the kernel size. Using ReLU as 

the activation function introduces nonlinearity to the model, 

enabling it to learn the complex mapping relationship between 

LIBS spectral intensity values and element contents, and then map 

them to element content prediction values through the fully 

connected layer23,24. 

To enhance the model's generalization ability under the 

condition of small samples and suppress overfitting, a max pooling 

layer is used for downsampling after the convolutional layer, 

which compresses the data dimension while retaining key features; 

at the end of the network, a global average pooling layer is adopted 

to aggregate each feature map into a single scalar, significantly 

reducing the model parameters. Let Outputp represent the scalar 

output of the p-th feature map after global average pooling, which 

is expressed as follows: 

 iFeatureMap
L

Output
L

i

pp 
=

=
1

1

        
(2) 

where, L represents the length of the feature map, and p represents 

the index of the feature map. Dropout regularization is applied 

before the fully connected layer to further prevent model 

overfitting and enhance the model's robustness by randomly 

dropping neurons during training25. Finally, the output layer uses 

linear neurons to achieve continuous element content regression 

prediction26. 

Model evaluation parameters 

1. Goodness of fit 

In regression analysis, the coefficient of determination (R²) 

quantifies how well the independent variables explain the variance 

of the dependent variable. R² ranges from 0 to 1, where a value 

closer to 1 indicates that the model accounts for a greater 

proportion of the variance, reflecting a stronger agreement 

between predicted and actual values. In the quantitative analysis 

task in this article, a higher R² corresponds to more accurate 

predictions of elemental content from the regression model. It is 

computed as follows: 
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Fig. 2 Data processing flowchart. 
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where, n denotes the total number of samples, ic  represents the 

true concentration of the element, 



ic  denotes the predicted 

concentration of the element, and c  indicates the mean value of 

the true concentrations. 

2. Root Mean Square Error 

The deviation between the measured value and the actual value 

is measured by the root mean square error (RMSE), calculated 

using the formula: 

n
2

1

ˆ( )

RMSE=
i i

i

c c

n

=

−

                     (4) 

3. Mean Absolute Error 

The mean of the absolute errors (MAE) between predicted and 
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true values. The formula is: 




−= iyi
n

MAE y
1                         (5) 

where iy denotes the true value, 



iy denotes the predicted value, 

and n denotes the number of samples. 

4. Relative Standard Deviation 

The relative standard deviation (RSD) is used to evaluate the 

precision or repeatability of model predictions. 

%100)
S

( =


ic

RSD
                     (6) 

Here, S represents the standard deviation of the predicted values, 

and  represents the average of the predicted values. 

5. Generalization Gap 

The degree of model overfitting is quantified using the 

Generalization Gap (G-Gap) based on RMSE27,28. Typically, a 

higher value indicates a greater degree of model overfitting. 

G-Gap = RMSE_train - RMSE_test              (7) 

where, RMSE_train and RMSE_test denote the root mean square 

error for the training set and test set respectively. 

Grad-CAM visualization. Grad-CAM generates visual heatmaps 

by computing weight coefficients for each feature map channel 

through gradient backpropagation within the network. This 

method does not require retraining or structural modifications to 

the model, making it suitable for any CNN architecture that 

incorporates global average pooling29-31. Since the last 

convolutional layer of CNN can better reflect the global basis for 

model decision-making, for LIBS spectral analysis, the last 

convolutional layer can learn the features directly related to the 

element content. Therefore, it was selected as the target layer for 

visualization. This way, the characteristic spectral lines that play a 

relatively important role in the prediction results can be obtained 

intuitively. 

For a given LIBS spectral sample, let the model prediction value 

be denoted as y. The final convolutional layer outputs M feature 

maps, are denoted as Fm (where m = 1,2,...,M represents the feature 

map indices). Because the last convolutional layer of CNN can 

better reflect the global basis for the model's decision-making, it is 

used to calculate the gradient. The size of the feature map was 

represented as L, for LIBS data, it is the number of wavelength 

points within the feature spectral wavelength range. First, calculate 

the gradient y of the predicted value 
m

ig  with respect to each 

feature map Fm, calculated as follows: 

Li
F

g
m

m
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y

=
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Apply global average pooling to this gradient to obtain the 

importance weight αm for each feature map. A higher value 

indicates greater relative importance to the prediction outcome: 





=

i
m

i

m
F

y

L

1


                      
(9)

 

where L refers to the spatial dimension of the feature map. For 

LIBS spectral data, this dimension corresponds to the number of 

wavelength points spanned by the input spectral range. The 

m

iF

y




  represents the gradient at position i of the m-th feature 

map.   These gradients are then aggregated and weighted with 

the corresponding feature maps, followed by a ReLU activation to 

retain only the features that contribute positively to the prediction. 

The resulting weighted sum forms the initial Class Activation 

Mapping (CAM): 

)(Re
1

CAM-Grad 
=

=
M

m

m

mFLUL 
                  

(10)
 

Due to the influence of the pooling operation, L is less than the 

length of the original input spectrum. Therefore, it is upsampled to 

the original spectral size to obtain a one-dimensional fractional 

vector of the same length as the input spectrum. The magnitude of 

the value at each position in this vector reflects the relative 

importance of the corresponding wavelength point to the 

prediction of the current element content. 

Should the wavelength positions exhibiting high Grad-CAM 

relative importance align with known spectral lines characteristic 

of that element, this indicates the regression model has learned 

correct physicochemical relationships during training, thereby 

validating the model's soundness32. Should the wavelengths with 

high Grad-CAM relative importance correspond to faint spectral 

lines or composite features overlooked in conventional analyses, 

this suggests such characteristics warrant consideration in future 

investigations32. Conversely, if prominent wavelength positions 

contradict physical principles, it indicates potential model 

overfitting or data anomalies. 

RESULTS AND DISCUSSION 

Spectral Analysis. LIBS spectra were acquired from 24 soil 

samples with distinct elemental concentration gradients. Each spectrum 



ic
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Fig. 3 The spectral of Mg(a), Ca(b) and Na(c) wavelength interval after cropping. 

 

was stored as a one-dimensional array, where the array length 

corresponded to the number of wavelength points recorded by the 

spectrometer, and each element represented the spectral intensity 

at the corresponding wavelength. The initial spectra were acquired 

under experimental conditions of 100 mJ pulse energy, 2 μs delay 

time, and 0.9 μs gate width. Representative spectral lines for Ca, 

Mg, and Na were identified based on the requirements of LIBS 

analysis. The identified spectral lines were wavelength-calibrated 

against the US NIST database, and the initial spectra were 

subsequently trimmed to retain the wavelength ranges of interest, 

reducing data dimensionality and minimizing interference from 

irrelevant features. The wavelength range and the characteristic 

spectral lines of the elements are shown in Table S2, and the 

spectral lines illustrated in Fig. 3. To mitigate the effects of laser 

energy fluctuations and sample surface variations on absolute 

spectral intensities, the trimmed spectra were normalized, 

improving data consistency and enhancing the stability of model 

training. 

CNN regression prediction of elemental content. The key 

hyperparameters of the 1D-CNN regression model were first 

optimized. The ReLU activation function was adopted for all 

layers of the model. Two convolutional layers were established, 

each with eight one-dimensional convolution kernels of size 3, to 

extract local peak shapes and neighborhood features from the 

spectra. Two pooling layers were also incorporated, where one-

dimensional max pooling with a window size of 2 and a stride of 

1 was applied, aiming to reduce feature dimensionality and 

enhance the model's robustness against noise. The fully connected 

layer was configured with 128 neurons, and Dropout 

regularization (with a dropout rate of 0.1) was introduced to 

mitigate the risk of overfitting under small-sample conditions. The 

Adam optimizer was adopted, with an initial learning rate of 0.1, 

a piecewise learning rate schedule with drop factor of 0.1, a 

maximum of 500 training epochs. The mini-batch size was set to 

3233-35. 

To evaluate the model’s performance under small-sample 

conditions and its generalizability across diverse soil matrices, two 

independent calibration datasets were constructed: (i) a high-

concentration dataset comprising 12 spiked soil samples (Nos. 1-

12 in Table S1); and (ii) a low-concentration dataset comprising 

12 field-collected soil samples (Nos. 13-24 in Table S1). The LIBS 

spectra of each sample were trimmed to retain only the 

characteristic bands corresponding to the representative spectral 

lines of the target elements: 421.01 - 422.73 nm (66 wavelength  
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Fig. 4 Scatter plots of predicted vs. reference values for the CNN models under high-concentration and low-concentration conditions. (a) High-concentration 

sample Ca, (b) Low-concentration sample Ca, (c) High-concentration sample Mg, (d) Low-concentration sample Mg, (e) High-concentration sample Na, (f) 

Low-concentration sample Na. 

points) for Ca, 279.00 - 280.99 nm (124 wavelength points) for 

Mg, and 588.82 - 589.99 nm (33 wavelength points) for Na. 

Therefore, the input dimensions of the data sets for the three 

elements were 12×66, 12×124, and 12×33, respectively. To obtain 

a reliable performance evaluation under limited-sample conditions, 

10-fold cross-validation was employed. The model performance 

metrics, including R², RMSE, and MAE, were reported as the 

mean ± standard deviation from the ten validation runs, providing 

a comprehensive assessment of both predictive accuracy and 

stability. 

To evaluate the prediction ability of the CNN regression model 

for element content, scatter plots comparing the predicted values 

and reference values of the test set samples were drawn (Fig. 4). 

The results showed that the predicted points of each element were 

closely distributed around the y = x reference line, indicating good 

consistency between the model output and the true values, with 

small prediction errors and no obvious systematic bias, verifying 

the feasibility and accuracy of the constructed model for 

quantitative analysis of soil elements under the condition of small 

sample size. 

The predictive performance of the model was comprehensively 

evaluated using the R², RMSE and MAE. The model demonstrates  
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Fig. 5 Box plots of percentage errors for Ca, Mg, and Na prediction models at high and low concentration levels. (a), (c), and (e) show the percentage errors 

of the high-concentration sample for Ca, Mg, and Na; (b), (d), and (f) show the percentage errors of the low-concentration sample for Ca, Mg, and Na. 

excellent performance across both datasets. For high-

concentration samples, R2
Ca = 0.984 ± 0.006, R2

Mg = 0.972 ± 0.008, 

and R2
Na = 0.979 ± 0.006, indicating that the model explains over 

97% of the variability in the three elements, with a high degree of 

goodness of fit. The corresponding error metrics are: RMSECa = 

39.982 ± 6.821 ppm，RMSEMg = 54.313 ± 6.873 ppm，RMSENa 

= 46.428 ± 8.006 ppm，MAECa = 30.956 ± 4.75 ppm， MAEMg 

= 41.02 ± 5.62 ppm，MAENa = 35.832 ± 5.448 ppm. For low-

concentration samples, R2
Ca = 0.982 ± 0.007, R2

Mg = 0.98 ± 0.007, 

R2
Na = 0.992 ± 0.003, indicating the model explains over 98% of 

the variability in the three elements. The corresponding error 

metrics are: RMSECa = 41.041 ± 6.537 ppm，RMSEMg = 12.874 

± 2.171 ppm，RMSENa = 0.545 ± 0.128 ppm，MAECa = 30.86 ± 

6.466 ppm， MAEMg = 8.989 ± 1.203 ppm，MAENa = 0.403 ± 

0.081 ppm. 

Overall, the RMSE is slightly higher than the MAE, indicating 

the presence of a small number of data points with significant 

prediction errors in the test set. This aligns with the individual 

outliers observed in the fitted scatter plot (Fig. 4) and the 

percentage error box plot (Fig. 5). Additionally, we calculated the 

limits of detection (LOD). For high-concentration samples, the 

LOD values for Ca, Mg, and Na were 174.568 ppm, 180.245 ppm, 

and 154.932 ppm, respectively. For low-concentration samples, 
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the corresponding LOD values were 137.335 ppm, 1.187 ppm, 

and 1.825 ppm. This demonstrates that the analytical model can 

meet the application requirements for rapid screening and 

quantitative assessment of soil elements. 

Figure 6 shows the percentage error distribution for Ca, Mg, and 

Na across 24 different concentration levels. Each box plot is based 

on the predicted results at each wavelength point for that 

concentration. The results demonstrate that the model exhibits 

good predictive stability across all concentration levels, with 

median errors close to zero, indicating robust model stability. For 

high-concentration samples, model errors fall within ±0.04%, 

while for low-concentration samples, they remain within ±0.6%. 

To evaluate the precision of the model, the RSD of the predicted 

values at all wavelength points for each sample was calculated, as 

shown in Fig. 6. The model demonstrated extremely excellent 

precision for high-concentration samples, with the average RSD 

for Ca, Mg, and Na being 0.83%, 0.61%, and 0.32%, respectively. 

For low-concentration samples, the average RSD for Ca, Mg, and 

Na being 1.58%, 9.16%, and 2.26%, respectively, indicating that 

the analytical model has good predictive stability. However, the 

RSD of some individual samples was relatively high (up to 29%). 

This is consistent with the physical characteristics of the Mg 

element, which has a weak signal in the low-concentration range 

and its spectral lines are severely interfered by the Fe matrix. 

Grad-CAM visualisation. Grad-CAM visualization of the CNN 

model revealed the key spectral features responsible for predicting 

the concentrations of the three target elements. The relative 

importance of each spectral feature was computed using Equations 

(9) and (10), and a wavelength-importance heatmap was generated 

for visualization.In the heatmap, the horizontal axis corresponds to 

the wavelength range of the target element, the color intensity 

represents the relative importance of each spectral feature, and 

warmer colors indicate higher importance. 

Figure 7(a) displays the Grad-CAM importance heatmap for 

that Ca characteristic variables in the test set. It is evident the 

positions and appear reddish in colour, indicating Ca 421.31 nm, 

Ca 422.67 nm and Ca 422.82 nm relatively high importance of 

these spectral feature variables. Notably, Fe 421.94 nm, C 422.31 

nm, Fe 421.75 nm, Ti 421.85 nm, Mn 422.18 nm, and Mn 422.43 

nm also exhibit high relative importance. Fig. 7(b) displays the 

Grad-CAM importance heatmap for Mg characteristic variables. 

It reveals that the Mg 279.08 nm, Mg 279.64 nm, Mg 279.8 nm, 

Mg 280.27 nm, and Mg 280.97 nm spectral lines exhibit high 

importance. Furthermore, the Ca 279.16 nm, Fe 279.47 nm, Mn 

279.76 nm, Na 279.92 nm, and Mn 280.2 nm also exhibit high 

importance. Fig. 7(c) displays the Grad-CAM importance 

heatmap for characteristic variables of the Na element. It can be 

observed that the importance of Na 588.99 nm and Na 589.59 nm 

is relatively high. Additionally, the importance of C 589.4 nm,   

 

 

 

 

 

Fig. 6 Relative standard deviations (RSD, %) of Ca, Mg, and Na in soil 

samples at high and low concentration levels. 

C 589.44 nm, Fe 589.67 nm, Fe 589.78 nm, and N 589.98 nm also 

exhibit high importance. 

These results demonstrated that the CNN model effectively 

captures representative spectral lines with high intensity for each 

element in LIBS analysis. Furthermore, the model's decision-

making process is not solely based on the target element signals. 

Matrix elements such as Fe, Ti, and Mn, which are abundant in 

soil, exhibit spectral line intensity variations that reflect plasma 

state fluctuations. By incorporating these matrix lines, the model 

can indirectly correct for plasma-induced variations in target 

element intensities, thereby improving prediction accuracy36,37. 

This demonstrates that the CNN can adaptively learn and utilize 

symbiotic information within complex matrix effects, enhancing 

the robustness and accuracy of regression predictions. The results 

also highlight that, in complex systems such as soil, accurate 

quantification of one element requires consideration of the 

influence of other major elements. 

Comparison with other model results. The predictive 

performance of the CNN model for alkaline element content in 

soil under small-sample conditions was comprehensively 

evaluated in terms of accuracy, robustness, and generalization 

capability. Four complementary metrics R², MAE, RMSE, and G-

Gap, were employed to compare the CNN with BPNN and RF 

models. The number of trees in RF was 300, and the minimum 

number of leaves was 3. The number of iterations for initializing 

the parameters of the BPNN network was set to 500, the learning 

rate was 0.01, and the number of nodes in the hidden layer was 4. 

As shown in Fig. 8, the CNN achieved the highest R², indicating 

that its spectral intensity-to-element content mapping provided the 

most accurate predictions. In contrast, the RF model yielded 

significantly lower R², primarily due to its decision mechanism, 
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Fig. 7 Test set Grad-CAM wavelength-importance heatmaps of Ca (a), Mg (b) and Na (c). 

 

 

 

Fig. 8 Comparison of R² for CNN, BPNN, and RF models. (a) High-concentration samples, (b) Low-concentration samples). 

which assumes feature independence. This assumption is 

inconsistent with the highly correlated spectral intensities of 

adjacent wavelength points in LIBS data, limiting RF’s ability to 

extract effective morphological features from continuous spectra, 

particularly under limited sample conditions. 

Figure 9 compares the RMSE values among the models. The 

CNN exhibited the lowest RMSE, reflecting the smallest overall 

deviation between predicted and reference values. Since RMSE is 

sensitive to large errors, this indicates that the CNN reduced the 

occurrence of samples with severe misprediction. This 

improvement is attributed to the CNN’s convolutional architecture, 

which effectively mitigates matrix effects and spectral interference, 
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Fig. 9 Comparison of RMSE, MAE, and G-Gap for CNN, BPNN, and RF. (a) Ca in high-concentration samples; (b) Ca in low-concentration samples; (c) 

Mg in high-concentration samples; (d) Mg in low-concentration samples; (e) Na in high-concentration samples; (f) Na in low-concentration samples. 

preventing large prediction failures on complex samples. The 

CNN also achieved the lowest MAE, indicating the most reliable 

predictions with minimal average deviation. Moreover, the small 

difference between the CNN’s RMSE and MAE suggests a 

concentrated and symmetrical error distribution, in contrast to RF 

and BPNN, which displayed larger discrepancies and occasional 

extreme outliers. The superior performance of the CNN stems 

from its ability to exploit sequential correlations and local spectral 

morphology. Unlike RF and BPNN, which treat LIBS spectra as 

unordered feature sets, the convolutional kernels in CNN act as 

local feature detectors, capturing key morphological information 

such as peak shape, width, and symmetry. This enables a more 

precise and robust mapping between spectral features and 

elemental content. 

Regarding generalization, the CNN exhibited the smallest G-

Gap value, whereas RF showed the largest. This indicates that, 

under small-sample conditions, the CNN possesses superior 

generalization capability and reduced overfitting. The improved 

generalization is attributed to the CNN’s weight-sharing, pooling 

operations, and Dropout regularization, which collectively 

compress redundant parameter space and allow the model to learn 

spectrally robust features with strong universality. In summary, the 

CNN not only achieved the best performance on the test set but 
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also learned a spectral intensity-to-element content mapping that 

is likely to generalize well to new, unseen soil samples. In contrast, 

the RF model produced inaccurate and unstable predictions due to 

its inability to exploit local spectral correlations, while the BPNN 

model exhibited severe overfitting, weak generalization, and low 

reliability for predicting new samples. These results indicate that, 

for regression analysis of spectral data such as soil LIBS spectra-

characterized by strong local correlations and complex matrix 

effects-CNN represents the preferred approach for achieving high-

precision and robust predictions. 

CONCLUSION 

This paper proposes a CNN-based quantitative analysis model for 

LIBS data of small-sample local soils, achieving high-precision 

regression predictions for the alkaline elements Ca, Mg, and Na. 

The model directly uses cropped spectral intervals as input and 

performs end-to-end feature learning without requiring complex 

preprocessing. This design effectively mitigates challenges 

commonly encountered in traditional LIBS quantitative analysis, 

including strong matrix effects, high dependence on preprocessing, 

and overfitting under small-sample conditions. Experimental 

results demonstrate that, compared with RF and BPNN models, 

the CNN achieved higher R² and lower RMSE, MAE, and G-Gap 

on the test set, indicating superior prediction accuracy, robustness, 

and generalization capability. These advantages arise from CNN’s 

local connection and weight-sharing mechanisms, which enable 

automatic extraction of representative multi-scale spectral features 

and establish a robust nonlinear mapping between spectra and 

elemental contents, thereby improving adaptability to complex 

matrix interference. However, it should be noted that, as a data-

driven approach, its predictive reliability relies on the quality and 

representativeness of the training data. The current model was 

developed and validated within specific concentration ranges, and 

its generalizability to unknown samples with concentrations 

outside the calibration range requires further validation with more 

diverse sample sets. Furthermore, Grad-CAM was employed to 

visualize the model’s decision-making process. The results 

indicate that the model not only accurately focuses on the 

characteristic spectral lines of target elements but also identifies 

spectral lines associated with matrix elements such as Fe, Ti, and 

Mn, using this information to indirectly account for plasma state 

variations. This demonstrates that the CNN’s learning mechanism 

aligns with the physical processes underlying LIBS spectra, 

enhancing both the interpretability and reliability of the method for 

practical soil analysis. 
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