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In order to solve the inefficient use of multi-source heterogeneous data information cross fusion and the low accuracy of prediction of landslide displacement, the current research proposed a new prediction model combining variable selection, sparrow search algorithm, and deep extreme learning machine. A cement mine in Fengxiang, Shaanxi Province, was studied as a case. The study first identified the variables related to landslide displacement of rock slope, and removed redundant variables by using Pearson correlation and gray correlation analysis. To avoid the impacts of random input weights and random thresholds in the DELM model, the SSA algorithm is used to optimize the model’s parameters, which can generate the optimal parameter combinations. The results showed an enhanced generalization ability of the model by removal of redundant variables by Pearson correlation and gray correlation analysis, and higher accuracy in the prediction of landside displacement of rock slope by SSA-DELM compared to other traditional machine learning algorithms. The current study is significant in the literature on rock slope disaster analysis.
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INTRODUCTION
In the construction of mountain housing, transportation, mining, water conservancy and hydropower projects, rock slope stability problems are inevitably encountered (Li et al., 2019; Du et al., 2022; Yi et al., 2022; Zhao et al., 2022). Rock slope stability problems can cause geological disasters such as rock loosening, relaxation cracking, creeping, landslides and rock fall (Liu et al., 2020; Meng et al., 2021; Xu et al., 2022). Therefore, monitoring and early warning are pivotal in preventing rock slope disasters. In rock slope disaster monitoring and early warning, the research is often conducted on static indicators (such as deformation, stress, etc.)or environmental indicators (such as groundwater, rainfall, etc.) (Du et al., 2019), among which displacement is an intuitive and reliable monitoring quantity under the influence of internal and external environment. The scientific analysis of displacement data and the establishment of real-time prediction models are essential research contents in large-scale engineering safety monitoring.
In order to obtain accurate, comprehensive, and real-time information on landslide deformation, it is necessary to monitor both surface and subsurface deformation, as well as triggering factors and related environmental factors, so multiple means of landslide monitoring must be used simultaneously to achieve effective monitoring results (Zhang et al., 2020). Nowadays, the techniques applied in mainstream rock slope monitoring include synthetic aperture radar (Pieraccini et al., 2006; Atzeni et al., 2015; Qin et al., 2020), microseismic monitoring (Salvoni and Dight., 2016; Xu et al., 2016; Ma et al., 2017; Chen et al., 2022), GNSS displacement monitoring (Lian et al., 2020; Šegina et al., 2020; Yan et al., 2022), etc. These monitoring techniques mainly focus on the surface and deep deformation of rock slopes, and some scholars also combine environmental quantity indicators for monitoring and research, such as Pang (Pang, 2019) proposed an automated monitoring system, which contains GPS monitoring station, rain gauge, crack gauge, rain gauge, groundwater level gauge and other sensors to monitor the slope in real-time, which can respond to the slope deformation parts in time with a broader perspective to ensure the safety of high-risk slopes and their surroundings; Liu et al. (Liu et al., 2022) combined slope deformation monitoring data, displacement monitoring data, inclination monitoring data, groundwater level monitoring data, rainfall monitoring data and other multi-source data, based on machine learning method to monitor abnormal events of monitoring data to provide support for disaster early warning; Peng et al. (Peng et al., 2014) combined multiple sensor monitoring data and multiple mechanical parameters to update soil or rock model parameters, slope safety coefficients and damage efficiency using Markov chain Monte Carlo simulation, which made the assessment more reliable; Li et al. (Li et al., 2021) combined field experiments and blasting vibration monitoring to systematically study the three-dimensional dynamic stability of adjacent high slopes after blasting vibration, providing technical support and theoretical guidance for mine blasting and improving mine stability.
The use of multiple sensors to monitor slopes can obtain a large amount of multi-source heterogeneous data, which have specific correlation, randomness, and ambiguity (Wang et al., 2020). How to fully use these multi-source heterogeneous data is the focus of scholars’ attention and the problems that have been needed. Over the past few years, the multi-source data fusion method has been increasingly favored by some experts and scholars in the field of slope research, and it has begun to be gradually applied in engineering. Some scholars have used multi-source data fusion technology for the prediction and stability analysis of slope safety factor (Sakellariou and Ferentinou., 2005; Liu et al., 2014.; Jiang et al., 2022), and some scholars at home and abroad have used multi-source heterogeneous data fusion technology for risk warning and analysis of landslides to study the characteristic mechanism and dynamics evolution law of the deformation and damage process of landslides (Du et al., 2020; Zhang et al., 2020; Li et al., 2021). In recent years, multi-source data fusion techniques have been more successfully applied to landslide displacement prediction. Liu et al. (Liu et al., 2020) introduced two concepts, trend sequence and sensitivity, to quantitatively characterize landslide displacement caused by external factors and internal landslide state, respectively, and proposed a nonlinear model for landslide displacement prediction by fusing trend sequence and sensitivity state; Wang et al. (Wang et al., 2021) used Pearson correlation coefficient, and mutual information were used to screen environmental factors and deep learning was used to predict landslide displacements; Duan et al. (Duan et al., 2017) used comprehensive landslide monitoring data to extract the most relevant factors affecting landslide deformation and used an autoregressive integrated movement model for prediction. Wang and Zhang (Wang et al., 2022; Zhang et al., 2022) considered the hydrodynamic effects affecting landslides, used a variational modal decomposition method to decompose the cumulative displacement into the trend, periodic and stochastic terms, and used different deep learning methods to make predictions for three Different deep learning methods are used to predict the three different displacement subterms.
Scholars have rarely considered the relationship between the dependent variables in the prediction of landslide displacement using multi-source heterogeneous data of slopes, which can lead to overfitting and low prediction accuracy in the prediction. Nowadays, the mainstream methods of variable selection mainly include correlation analysis (Guo et al., 2022), mutual information (Li, 2021), and lasso (Jin et al., 2021). However, these methods are relatively single, and it is difficult to select the appropriate number of variables when screening the variables, and too few input variables will lead to lower prediction accuracy. On the other hand, too many input variables will result in redundant variables and increase the model running time.
In the past, scholars did not consider the redundancy among the dependent variables when using multi-source heterogeneous data of slopes for landslide displacement prediction, leading to overfitting and low prediction accuracy. To this end, this paper proposes a method of variable selection by combining Pearson correlation and gray correlation analysis. The Pearson correlation analysis is used to calculate the correlation coefficients of each variable factor, judging whether there are uncorrelated or redundant relationships among them. Then the model combines the correlation coefficients between variables and displacement to eliminate redundant variables. Finally, the sparrow search algorithm optimized by the depth limit learning machine is utilized to predict displacement, which provides a reference for the subsequent displacement change and reduces the occurrence of slope disaster.
PRINCIPLES OF ALGORITHMS
Pearson correlation analysis
Karl Pearson introduced the Pearson correlation coefficient (PCC) in the 1880s. The correlation coefficient determines whether each input variable is closely correlated with each other, and if two variables are highly correlated with each other, they belong to duplicate features and can be removed to achieve de-duplication or dimensionality reduction (Lin et al., 2019). The Pearson correlation coefficient is then expressed as follows:
[image: image]
Where [image: image] is the Pearson correlation coefficient; [image: image] is the different value corresponding to the variable [image: image]; is the average of the variables [image: image];[image: image] is the different value corresponding to the variable [image: image]; is the average of the variables [image: image]; [image: image]is the number of variables. The value range of the correlation coefficient is [-1.1]. When [image: image]>0, it is a positive correlation; conversely, it is a negative one. The magnitude of the absolute value of the corresponding Pearson correlation coefficient between two variables determines the strength of the relationship between the two variables, and the specific range of values and their representative meanings are shown in Table 1.
TABLE 1 | The value range of [image: image]and its meaning.
[image: Table 1]Gray relational analysis
Gray relational analysis theory, an essential part of gray system theory, is a multifactor statistical analysis theory that describes the strength, magnitude, and order among factors in terms of gray correlation degree based on sample data of each factor. Gray correlation is essentially a comparison of how close the geometric shapes of the data curves are. The closer the geometry, the closer the trend of change and the greater the correlation (Liu et al., 2012). The analysis steps are as follows:
Step1. Identify the mother series and characteristic series. Generally, the dependent variable is determined as the mother series, and the independent variable is determined as the characteristic series. In this paper, the landslide displacement is determined as the mother series, and the landslide impact factor is determined as the characteristic series.
Step2. Undimensionalize the data. The dimensionless processing is typically done by initialization, homogenization, and normalization, and this paper uses normalization for the dimensionless processing of data. The calculation formula of normalization is then expressed as follows:
[image: image]
Where [image: image]is the raw data; [image: image], [image: image] are respectively the maximum and minimum values of the data.
Step3. Solve for the gray relational coefficient value between the parent sequence and the feature sequence. The relational coefficient represents the degree of correlation between the feature series and the mother series in the corresponding dimension, and the larger the number, the stronger the correlation. The calculation formula of the correlation coefficient is then expressed as follows:
[image: image]
Where [image: image] is the value of correlation coefficients of feature sequence [image: image] to feature sequence [image: image] on the [image: image] indicator.
Step4. Calculate the correlation between the mother sequence and the feature sequence. Larger correlation degree proves that the corresponding feature sequence has more influence on the mother sequence. The calculation formula of correlation degree is then expressed as follows:Where [image: image] is the sample size; [image: image] is the correlation degree of feature sequence, and the indicator weight.
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Sparrow search algorithm
The Sparrow Search Algorithm (SSA) is a relatively novel algorithm inspired by the foraging and anti-predatory behaviors of sparrows (Xue and Shen., 2020), which has the advantages of merit-seeking solid ability, fast convergence, and robustness. The bionic principle is as follows:
When sparrows search for food, they need to divide the whole sparrow population into three categories according to their different divisions of labor: producers searching for food, joiners grabbing food of their kind, and vigilantes finding enemies. Producers are generally the highest energy sparrows in the whole population because they need to search for food and guide the direction of the population. In continuous iteration, producers and joiners can transform each other, but the proportion of the two species in the whole population will not change in the transformation process. In the bionic experiment, the sparrow population and fitness values need to be initialized first, and the sparrow population and fitness value initialization expressions are then expressed as follows:
[image: image]
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Where [image: image] is the number of sparrows; [image: image] is the dimension of the variable to be optimized, which is the number of independent parameters; [image: image]is the value of the [image: image] sparrow in the [image: image] dimension.
After determining the location and fitness value of each sparrow, the initial fitness value of each sparrow needs to be sorted, the sparrows with the better fitness value will be identified as the producer. The producer can be given priority to obtain food when food is found and guide the whole group to the direction of food. The producer will continue to search for food in different places elsewhere, the location will keep changing, and the movement rules will also change when the enemy is encountered, at the moment, the producer location update rules are then expressed as follows:
[image: image]
Where [image: image] is the current number of iterations; [image: image];[image: image]is the value of the [image: image] dimension of the [image: image] sparrow at the [image: image] iteration; [image: image], is a random number; [image: image] is the maximum number of iterations; [image: image], is the alarm value; [image: image], is the safety threshold; [image: image] is a random number that follows a normal distribution; [image: image] is a matrix of order [image: image](all elements are 1). When [image: image], it means that there are no natural predators in the area, which means that the area is safe and the producer will continue to expand its foraging range; when [image: image], it means that the producer has found a predator and warned other sparrows that all sparrows need to leave the area for a safe area.
For the joiners, the producers are monitored at all times, and if the producers find food, the joiners will immediately be aware of it and quickly fly to the food source to grab the food with the producer. At this time, the joiners’ position update rule is then expressed as follows:
[image: image]
Where [image: image] is the best position occupied by the producer; [image: image] is the global worst position; [image: image] is the matrix of order [image: image], each element is randomly 1 or -1;[image: image]; When [image: image], it means that the less adaptive first joiner fails to grab food and needs to change its position to get food in other areas.
Alerters are randomly generated in the entire population, usually 10–20% of the entire population. The initial position is then randomly generated, with the rule is then expressed as follows:
[image: image]
Where [image: image] is the current sparrow adaptation value; [image: image] is the global best adaptation value; [image: image] is the global worst adaptation value; [image: image] is the step control function, which is a normally distributed random number with mean 0 and variance 1; [image: image] is the direction of sparrow movement; [image: image] is the minimum constant, avoiding zero denominator; [image: image] is the global best position; [image: image] is the global worst position. When [image: image], it means that the vigilantes are located at the edge of the whole population and will fly to the safe area when scouting for enemies; When [image: image], it means that the vigilantes in the centre of the population are aware of the danger and will fly to the other sparrows to avoid the danger.
Deep Extreme Learning Machine
An extreme learning machine is a single hidden layer feedforward neural network (Sulandri et al., 2021). Unlike the traditional gradient-based feedforward neural network algorithm, the input weights and thresholds of the hidden layer of the extreme learning machine network are randomly generated in the training process. Therefore, only the generalized inverse matrix theory can be used to calculate the output weights to complete the learning. Therefore, ELM network has the advantages of fast learning speed and strong generalization ability. However, because ELM is a single hidden layer structure, it cannot capture the effective features of the data in the case of high data, and high dimensionality of data. So more scholars use DELM (Tuerxun et al., 2021), which is a derivative algorithm of ELM.
Deep Extreme Learning Machine (DELM) is an ELM derivative algorithm that improves the network’s representational capability by superimposing an Extreme Learning Machine-Autoencoder (ELM-AE) to construct a multilayer network structure. When the ELM is confronted with input and output variables with an excessive amount of input data and high dimensionality, it solves the problem that an extreme learning machine with only one hidden layer cannot capture the effective features of the data (Sulandri et al., 2021). DELM is a combination of an extreme learning machine and an autoencoder, which constitutes an extreme learning machine-autoencoder, and the ELM-AE structure is shown in Figure 1.
[image: Figure 1]FIGURE 1 | ELM-AE network structure diagram.
ELM-AE is a general approximator characterized by enabling the output of the network to be the same as the input and the input parameters of the hidden layer to be orthogonal after random generation. The output of ELM-AE can be then as follows:
[image: image]
Where [image: image] is the matrix composed of [image: image] , and [image: image] is the vector composed of [image: image]. The output weights of the hidden layer are then expressed as follows:
[image: image]
Where [image: image] is the input data.
Because of its feature representation capability, ELM-AE is used as the basic unit of the deep extreme learning machine DELM. Like traditional deep learning algorithms, DELM also uses a layer-by-layer greedy training method to train the network, and the input weights of each hidden layer of DELM are initialized using ELM-AE to perform hierarchical unsupervised training, but unlike traditional deep learning algorithms, DELM does not need reverse fine-tuning process. The structure of DELM is shown in Figure 2.
[image: Figure 2]FIGURE 2 | DELM structure diagram.
Assuming that the model has N hidden layers, the first output weight matrix [image: image] is obtained from the input data X according to ELM-AE theory and then the feature vector of the hidden layer [image: image]. The output weight matrix [image: image] of N layers and the feature vectors [image: image] of the hidden layers can be obtained. As shown in Figure 3, the DELM first uses multiple ELM-AEs for unsupervised pre-training and then uses the output weights of each ELM-AE to initialize the whole DELM. During the ELM-AE training process, the input layer weights and thresholds are randomly generated orthogonal random matrices; meanwhile, the ELM-AE unsupervised training process uses the least squares method to update the parameters. However, in this process, only the output layer weight parameters are updated, while the input layer weights and thresholds are fixed, which will result in the prediction accuracy of the DELM being affected by the random input weights and random thresholds of each ELM-AE. Therefore, it is necessary to optimize these two parameters.
[image: Figure 3]FIGURE 3 | SSA-DELM flow chart.
Establishment of SSA-DELM predict model
Multiple ELM-AEs stack DELM, and the input weights and random thresholds in ELM-AEs are randomly generated, leading to random variables in the DELM model and unstable results. So these two parameters are iteratively optimized by the SSA algorithm, giving the whole model high prediction accuracy and fast convergence, which can well ensure the stability of the results. The optimization process and flow chart (Zeng et al., 2021) are then as follows.
1) Initialize the SSA algorithm parameters. Set the maximum number of training iterations, the number of sparrow populations, the alert threshold, the proportion of discoverers, and the proportion of alerters.
2) Calculate the initial fitness value of the sparrow population. Then, the sparrows with the current best and worst fitness values are selected along with their locations.
3) The positions of predators, joiners, and vigilantes are continuously updated according to Eqs 7–9.
4) After updating the positions, calculate the optimal and worst fitness values of the whole population and their positions, determine whether the maximum number of iterations is satisfied or the stopping condition is met, and if the condition is fulfilled, output the optimal value, otherwise, return to step 2).
5) The obtained results are input into the DELM model to calculate the input values and thresholds of the optimal hidden layer.
LANDSLIDE DISPLACEMENT MODELING BASED ON PCC-GRA-SSA-DELM
There are various manifestations of rock slope deformation, and landslide displacement is one of them. In this paper, we will combine actual engineering cases and literature, collect multiple sensor data and multiple environmental factors affecting rock slope displacement as the input parameters of SSA-DELM prediction model, and take displacement as the output parameters of the model. Since the redundancy among the factors will reduce the accuracy of the prediction model, this paper uses Person correlation analysis to calculate the correlation coefficients of the influencing factors. It then uses gray correlation analysis to calculate the correlation between the influencing factors and the landslide displacements to eliminate redundant and uncorrelated variables between them. The screened out in the prediction model, the rock slope displacement prediction model based on the PCC-GRA-SSA-DELM model is established based on four steps: data collection, data processing, variable selection, and result prediction. In this case, the obtained results are more accurate. The calculation process (as shown in Figure 4) is as follows:
1) Data collection. Multiple data sources are collected from the slope monitoring system, including displacement data, meteorological data, mechanics-related data, etc.
2) Normalizing the experimental data. Normalization limits the preprocessed data to a certain range eliminates the undesirable effects caused by odd sample data and performs inverse normalization after the model output results.
3) Variable selection. The correlation coefficients of the influencing factors were firstly calculated by using Person correlation analysis to judge the redundancy degree among the factors, and then the correlation degree between the influencing factors and landslide displacement was calculated by using gray correlation analysis, and the redundant variables and unrelated variables among them were eliminated by comprehensive comparison.
4) Result prediction. The samples are applied in the trained SSA-DELM model, the predicted values are output, and the feasibility and accuracy of the results are analyzed and verified.
5) Evaluation metrics. In this paper, the mean absolute error (MAE), and the mean square error (RMSE) are taken as the evaluation indexes of the model and calculated as follows:
[image: image]
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Where [image: image] is the number of samples predicted; [image: image] is the actual value of displacement; [image: image] is the predicted value of displacement.
[image: Figure 4]FIGURE 4 | PCC-GRA-SSA-DELM model prediction flow chart.
NUMERICAL CALCULATION AND ANALYSIS
Introduction of case projects
A cement mine in Fengxiang District is located in Fengxiang District, Baoji City, Shaanxi Province, China, at latitude 34°32′43″-34°32′54″N and longitude 107°30′26″-107°30′57″E. The quarry slope is mainly composed of the Devonian medium-thick laminated hard tuff rock group, with tangential slope and reverse slope, which is more favorable to the stability of the slope, with good stability of the slope in general, and not easy to produce large-scale landslide, collapse and other geological disasters. On the other hand, the structure of the upper residual slope and weathered, broken layer is loose, with poor stability, which is prone to small-scale collapse and landslide geological disasters under rainfall and vibration.
When the mine started to be mined, the relevant management department continuously monitored the slope deformation, mainly including GNSS surface displacement, stress meter, pore water pressure meter, etc. The location map of GNSS surface displacement monitoring points is shown in Figure 5, which includes two base stations (JZ01 and JZ02) and 14 observation stations. This paper selects three monitoring points CZ14, CZ11 and CZ09 in base station JZ02 located in the west section of the mine. These three monitoring points are located at the slope’s top, middle and foot in the west section of the mine, representing the deformation characteristics and trends of the front, middle and back of the slope.
[image: Figure 5]FIGURE 5 | Mine location diagram and monitoring point layout chart.
The stability of rock slope is influenced by a variety of factors, which are mainly divided into four categories: engineering geology, geometric conditions, hydro-meteorology, and applied loads (as shown in Figure 6). Among them, rainfall is one of the critical factors affecting landslide deformation, and the changes in accumulated displacement of landslides and single-day precipitation during the monitoring period are shown in Figure 7. Temperature is one of the main factors affecting the mechanical properties of rocks (Li et al., 2022), and Weathering is the effect of changing the physical properties and chemical composition of rocks under atmospheric conditions. When other factors work together to a certain extent, it is very easy to cause slope instability, such as landslides, cave-ins, and other geological disasters, and rainfall, atmospheric radiation, temperature, and temperature difference are the main reasons affecting the weathering of rock slope. By geological survey of the mine site as well as its surrounding geology and literature query, the mine is divided into two segments, the left side of the western section is close to the Heng Shui River, and there is a tributary inflow, the size of the runoff from the Heng Shui River also affects the height of the groundwater level in the mine area, the rise and fall of the groundwater level cause the slope geotechnical body to produce deformation, slippage, collapse instability and other adverse geological phenomena, the groundwater level monitoring is mainly by means of pore water pressure sensors and stress gauges. Considering the above and the lag of some environmental impact factors on rock slope, the factors selected in this paper are daily rainfall (mm), accumulated rainfall (mm), daily average temperature (°C), daily temperature difference (°C), stress (Kpa), pore water pressure (Kpa), runoff (km), wind speed (m/s), among which the data of six factors such as rainfall, temperature, runoff and wind speed come from the meteorological monitoring station in Fengxiang District, Baoji City, Shaanxi Province. The stress and pore water pressure data comes from the measurement data of mine monitoring points.
[image: Figure 6]FIGURE 6 | Diagram of influence factors of slope and landslide displacement.
[image: Figure 7]FIGURE 7 | The changes of accumulated displacement of landslide and single-day precipitation during the monitoring period.
Influencing factors selection
Pearson correlation analysis was performed on the eight influencing factors, and their correlation coefficients were calculated (Figure 8). Taking the correlation analysis of impact factors of the monitoring point CZ11 as an example, The correlation coefficients between cumulative rainfall and pore water pressure, temperature and stress were 0.815, -884 and 0.658, respectively, while the correlation coefficients between runoff and pore water pressure were, 0.680 and between temperature and stress were -0.764, respectively. It shows a very high degree of correlation with a close relationship. In summarizing, all eight influence factors have a certain correlation with each other, which proves that there is redundancy among the data, and if the prediction is directly fused, the prediction performance of the prediction model will be affected to some extent. Therefore, this section calculated the correlation between each influence factor and landslide displacement using gray correlation analysis combined with the actual data from the experiment. The main influence factors were derived as the input variables of the prediction model (as shown in Table 2).
[image: Figure 8]FIGURE 8 | Correlation coefficient of three monitoring points influence factor (A) CZ09, (B) CZ11, (C) CZ14.
TABLE 2 | The correlation between the influence factors of the three monitoring points and the displacement.
[image: Table 2]Taking monitoring point CZ11 as an example for analysis, combining Pearson correlation analysis and gray relational analysis for variable selection. Among the eight influencing factors, the top three correlations with landslide cumulative displacement are cumulative rainfall, stress, and pore water pressure, which are 0.973, 0.957, and 0.926, respectively. However, the correlation coefficients of cumulative rainfall and pore water pressure and stress are relatively large and strongly correlated. The two indicators of pore water pressure and stress are excluded, and the remaining six influencing factors are selected as input variables. Similarly, In monitoring points CZ09 and CZ14, the gray correlation between cumulative displacement and influence factors is greater for cumulative rainfall, stress, and temperature difference. However, since the correlation coefficients between cumulative rainfall and stress and temperature are higher, the two variables of stress and temperature are excluded, and the remaining six variables are retained as input variables.
Landslide displacement prediction
In the present study, the actual monitoring data of the Fengxiang cement mine from 25 August 2021, to 30 November 2021, are used as the experimental data, and there are 98 sets of valid data in total. As the slope has different responses to external influences at different locations, three sensors at different locations of the same slope will be selected for this experiment. The surface displacement data from each sensor will be predicted, the first 70 sets of data from each sensor will be selected as the training sample set, and the last 28 monitoring data will be used as the prediction sample set.
The parameters of the SSA-DELM method were set as follows: the population size of sparrows was 100; the proportion of discoverers was 0.7, and the proportion of vigilantes was 0.2; the hidden layer of the DELM model was set to 4 layers, the number of nodes in each implicit layer was set to 10, and the maximum number of iterations was 100; the excitation function was selected as sigmoid, and the excitation function was able to achieve nonlinear transformation in the feature space, and the SSA algorithm to optimize the implied layers and input thresholds of DELM. The convergence speed is shown in Figure 9, and it can be seen that the SSA-DELM model converges within 100 iterations, and the fitness values can all be maintained at about 1.2 × 10−3, indicating that the model converges quickly and has high prediction accuracy. The influence factors screened in the above section are used as input parameters and the accumulated displacement as output parameters.
[image: Figure 9]FIGURE 9 | Data convergence speed graph for different measurement points, (A) CZ09, (B) CZ11, (C) CZ14.
As shown in Table 3, the displacement prediction errors at three different locations are relatively small by using the PCC-GRA-SSA-DELM prediction model, among which, the smallest RMSE and MAE is monitoring point CZ11 with RMSE of 1.44. From the plots (b) and (c) in Figure 10, it can be seen that the predicted displacement trends of monitoring point CZ11 and monitoring point CZ14 are the same as the actual displacement trends. Basically, the larger errors are in the first five groups of the test set. Besides, their actual values of them are lager than the predicted values. Accidental loads or human activities during the mining can cause this phenomenon. Monitoring point CZ09 has the largest RMSE and MAE, and the points with larger errors are basically located in the second half of the test set, which is attributed to the fact that monitoring point CZ09 is located at the foot of the slope, and the accidental displacements generated by mining activities and vehicle transportation will affect the accuracy of displacement prediction. In conclusion, the overall effect of the PCC-GRA-SSA-DELM prediction model is excellent and can be applied to the actual landslide displacement prediction.
TABLE 3 | Error analysis table of 3 monitoring points.
[image: Table 3][image: Figure 10]FIGURE 10 | Comparison of predicted and actual values of three monitoring points, (A) CZ09, (B) CZ11, (C) CZ14.
Comparison verification
In order to verify the supremacy of the proposed model in this paper, a support vector machine (SVM), extreme learning machine (ELM), deep extreme learning machine (DELM), and SSA-DElM were built in Matlab to conduct comparison experiments with this paper’s model PCC-GRA-SSA-DELM (referred to as PGSD in the table) respectively. The prediction results of three different location sensors are shown in Table 4, among which the robustness of the ELM model is lowest.
TABLE 4 | Comparison of errors of different prediction models.
[image: Table 4]The comparison experiments use MAE and RMSE as evaluation indicators, where the smaller the two values are, the better their prediction. Among them, ELM has the lowest prediction accuracy compared with the other two derived algorithms, DELM and SSA-DELM. DELM has more ELM-AEs than ELM, which increases the stability and merit-seeking ability of the model. However, during the ELM-AE training process, the input layer weights and thresholds are randomly generated orthogonal random matrices in the DELM model. The ELM-AE unsupervised training process uses least squares to update the parameters. Only the output layer weights parameters are updated, while the input layer weights and thresholds are fixed. That means the prediction accuracy of DELM is affected by the random input weights and random thresholds of each ELM-AE. But the SSA can solve this problem. Therefore, SSA-DELM has the highest prediction accuracy. The PGSD model proposed in this paper reduces the dimensionality of input variables, removes strongly correlated variables, enhances of the relationship between input and output variables, avoids overfitting, and improves the overall model prediction accuracy. Compared to SSA-DELM, the results showed the accuracy by the PGSD model increased by 2.86, 60.8, and 51.59% at three different measurement points, respectively.
CONCLUSION
The present work combined variable selection and sparrow search algorithm-deep extreme learning machine algorithm to predict landslide displacement. The results were validated using monitoring data for a cement mine in Baoji City. The main findings of the study are summarized as follows:
1) The advantage of the variable selection is that it can remove redundancy between multi-variables and eliminate multicollinearity problems. The Pearson correlation analysis method identified the correlation coefficients between each variable. The magnitude of the correlation coefficients can be used to identify the redundancy between the variables. By combining with gray correlation analysis, the correlation between each input variable and the displacement can be calculated to eliminate the redundant variables and improve the accuracy of the prediction model.
2) The paper selected the locations of monitoring points at different locations of the same mine slope for the study. As a result, the correlation coefficients between landslide displacements and impact factors are different for different monitoring points, and the redundant and redundant variables to be eliminated are also different.
3) The PCC-GRA-SSA-DELM prediction model has a high predictive effect, and the overall effectiveness of fitting on three different monitoring points is strong, which can meet the demands of practical mine monitoring and early warning.
4) Compared with ELM, DELM and SVM traditional prediction algorithms, the PCC-GRA-SSA-DELM prediction model proposed in the research has higher prediction accuracy and prediction efficiency in rock slope landslide displacement prediction. Therefore, it is more suitable for the prediction of rock slope displacement.
In sum, the PCC-GRA-SSA-DELM fusion model proposed in this paper enriches the literature on the reliability of rock slope landslide monitoring and warning. The current research also has limits because the errors in original data caused by arbitrary factors, such as mining work, and human activities, are not considered. Therefore, future works can further focus on predicting periodic and trend term displacement by using the signal decomposition method to further enhance accuracy and reliability.
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