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Abstract

:

Based on the left tunnel of the Liuxiandong Station to Baimang Station section of Shenzhen Metro Line 13 (China), a prediction model for the advanced rate of dual-mode shield tunneling in complex strata was established to explore intelligent tunneling technology in complex ground. Firstly, geological parameters of the complex strata and on-site monitoring parameters of EPB/TBM dual-mode shield tunneling were collected, with tunneling parameters, shield tunneling mode, and strata parameters selected as input features. Subsequently, the Isolation Forest algorithm was employed to remove outliers from the original advance parameters, and an improved mean filtering algorithm was applied to eliminate data noise, resulting in the steady-state phase parameters of the shield tunneling process. The base model was chosen as the Long-Short Term Memory (LSTM) recurrent neural network. During the model training process, particle swarm optimization (PSO), genetic algorithm (GA), differential evolution (DE), and Bayesian optimization (BO) algorithms were, respectively, combined to optimize the model’s hyperparameters. Via rank analysis based on evaluation metrics, the BO-LSTM model was found to have the shortest runtime and highest accuracy. Finally, the dropout algorithm and five-fold time series cross-validation were incorporated into the BO-LSTM model, creating a multi-algorithm-optimized recurrent neural network model for predicting tunneling speed. The results indicate that (1) the Isolation Forest algorithm can conveniently identify outliers while considering the relationship between tunneling speed and other parameters; (2) the improved mean filtering algorithm exhibits better denoising effects on cutterhead speed and tunneling speed; and (3) the multi-algorithm optimized LSTM model exhibits high prediction accuracy and operational efficiency under various geological parameters and different excavation modes. The minimum Mean Absolute Percentage Error (MAPE) prediction result is 8.3%, with an average MAPE prediction result below 15%.
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1. Introduction


The composite stratigraphy dual-mode shield tunnel boring machine (TBM) is a shield construction technology designed to cope with complex geological conditions in subway tunneling. It can efficiently and stably advance in composite strata, such as alternating soft and hard layers or soft overlying complex layers. Among these, the most common is the EPB/TBM dual-mode shield TBM. Compared to traditional single-mode shield TBMs, the composite stratigraphy dual-mode shield TBM can better adapt to geological conditions, enhancing construction efficiency and safety. When using a dual-mode shield TBM for variable excavation modes in complex geological conditions [1,2,3], it is necessary to comprehensively consider factors such as engineering geology and excavation mode and propose reasonable adjustments to the equipment excavation parameters. Optimizing the shield TBM excavation parameters is crucial for ensuring stable and effective tunneling [4]. Improper excavation parameter settings may lead to various issues, such as over-excavation, deviation of the TBM axis, instability of the face support [5], excessive tool wear, and in severe cases, may even result in TBM accidents. Therefore, in the shield construction process, careful attention must be paid to the setting and adjustment of excavation parameters, and strict adherence to relevant construction regulations and standards is essential to ensure the safety and efficiency of shield construction [6,7,8]. During the construction of composite stratigraphy shield tunnels, the tunneling speed of the TBM may be influenced by various factors, including geological conditions, shield construction parameters, and environmental factors [9,10,11]. The relationship between these factors and the TBM’s tunneling speed involves complex mathematical relationships, requiring further in-depth research and analysis. Precise control and adjustment of these factors are necessary to ensure smooth construction.



Early tunneling speed prediction models are primarily based on empirical, theoretical, or a combination of both approaches. These models explore the operational patterns of tunneling speed and other characteristics via formula derivation and simulated experiments. Zhao Bojian et al. [12] utilized statistical methods to establish relationships between shield tunneling parameters and strata, conducting a thorough analysis. In the context of composite strata, Li Jie et al. [13] employed orthogonal experiments combined with nonlinear regression analysis to develop a mathematical model for the tunneling speed of Earth Pressure Balance (EPB) shield tunneling. Sapigni et al. [14], via a study of monitoring data from three tunnels, found a close correlation between excavation rate and rock mass classification, which could be fitted with a quadratic regression equation. Based on on-site measured data, Kahrama et al. [15] established a regression model for excavation rate, with statistical analysis results indicating a close correlation with rock properties. Hassanpour et al. [16], using data from the Nowsood Tunnel No. 2, established an empirical formula for excavation rate about different geological parameters, finding a particularly close correlation with rock cuttability, especially the field penetration index. Wang Hongxin et al. [17], based on model test results, successfully developed a structural model to study EPB shield tunneling. They derived specific mathematical expressions for the total thrust, soil chamber pressure, screw conveyor speed, and tunneling speed. Zhang Zhiqi et al. [18] conducted multivariate regression analysis and discovered a certain robustness between shield tunneling speed and cutterhead torque. Xu Qianwei [19], via experiments, identified key shield construction parameters and studied their adaptive relationships with soil properties. However, these methods rely on linear relationships between data, while shield tunneling data often exhibit nonlinear relationships. Additionally, shield tunneling data are exceptionally voluminous, making conventional calculation methods unable to calculate the connections between data precisely.



In recent years, due to the advancement of artificial intelligence technology, many data-driven models have been successfully applied to tunneling speed prediction. Xu et al. [20], based on on-site and laboratory experiment data from a tunnel in Malaysia, proposed five different machine-learning methods for predicting tunneling speed. By comparing the predicted results of each method with actual values, they found that the K-Nearest Neighbors (K-NN) algorithm achieved the best prediction accuracy. Zhang Zheming et al. [21] employed the uniform extraction of samples to establish a model for predicting cutterhead torque, cutterhead thrust, and tunneling speed in the stable section. The model used a radial basis function neural network kernel and ten-fold cross-validation for the training of the Least Squares Support Vector Machine (LS-SVM) model, providing accurate predictions. Based on the Shenzhen Metro project, Li Chao et al. [22] utilized backpropagation (BP) artificial neural network technology to establish a prediction model for shield tunneling parameters under complex geological conditions. Hou Shaokang et al. [23] introduced a novel TBM tunneling parameter prediction model that used an improved particle swarm optimization algorithm to optimize a BP neural network. The enhanced algorithm employed adaptive inertia weights, resulting in higher prediction accuracy than traditional BP and PSO-BP models. Qiu Daohong et al. [24], considering the temporal nature of collected TBM tunneling parameters, constructed a Long Short-Term Memory (LSTM) neural network model. Experimental results demonstrated that this model achieved optimal prediction accuracy for net tunneling speed.



There is a greater abundance of research on the tunneling speed prediction of single-mode shield TBMs under different geological conditions. At the same time, there is relatively less research on the tunneling speed prediction of dual-mode shield TBMs. Dual-mode shield TBMs require the selection of different excavation modes based on varying geological conditions during the tunneling process. Simultaneously, factors such as face support balance, cutterhead tool types, and support methods may change, rendering the parameters obtained by the data acquisition system more complex. Therefore, establishing tunneling speed prediction models for dual-mode shield TBMs is inherently more complex than for single-mode shield TBMs. Furthermore, the application of machine learning algorithm models for predicting tunneling speed has been more prevalent in research. The above model data input, lack of data refinement process, data outlier processing, and its importance. In contrast, there is a relatively limited number of studies focusing on prediction models based on optimization algorithms. There is also a scarcity of research that compares the impact of different optimization algorithms on the prediction accuracy of models.



Based on the left line project of Liuxiandong Station–Baimang Station Tunnel of Shenzhen Metro Line 13, this paper obtains a large number of time series characteristic parameters based on the data acquisition system, eliminates abnormal data via the isolated forest algorithm, and optimizes the original shield parameters with the improved mean filtering algorithm. Considering the influence of stratum conditions on tunneling parameters from three dimensions of surrounding rock grade, tunnel depth–span ratio, and soft–hard composite ratio, an LSTM model integrating four super-parameter optimization algorithms is established. Combined with the dropout algorithm and five-fold time series cross-validation, the two shield tunneling modes of EPB and TBM and the propulsion speed under different strata are predicted and analyzed, which provides feasible guidance for intelligent control of the dual-mode shield tunneling process.




2. Project Overview


The Shenzhen Metro Line 13 is a north–south urban rail transit line starting at the Shenzhen Bay Port and traversing the Nanshan District and Bao’an District, totaling 22,434 km. The line is between the central development axis and the western development axis of the city, connecting the Hohai Central Urban Area and the Western High-Tech Industrial Park. It serves as a fast connection between these two regions. This study is based on the left-line project from Liuxiandong Station to Baimang Station, focusing on the section from 0 to 650 m in the tunnel, with a total length of approximately 2036 m. This section represents a typical complex geological formation. The Liuxiandong Station’s elevation to Baimang Station’s section ranges from 24.26 to 42.85 m above ground, with a slightly undulating terrain. A mid-tableland landscape, with localized gully landscapes between tablelands, characterizes the initial topography. The predominant geological layers in this section include the fourth series of artificial fill (Q4ml) and fluvial deposits (Q4al + pl). The fluvial deposits mainly consist of silty clay, plastic fine-grained clay, and sand layers. The existing geological layers exhibit distinct stratified structures above the fill layer. The underlying bedrock consists mainly of mixed granites from the Jixian Formation to the Qingbaikou Formation (Jx-Qby) and biotite granite from the Yanshan period (γβ5K1). The tunnel body passes through moderately to slightly weathered rocks as the primary geological formation, followed by residual layers and highly weathered rocks. The tunnel also intersects sporadically with intensely weathered and moderately weathered schists.



The shield tunneling machine selected for the Liubai section of Shenzhen Metro Line 13 is the “Xinhe 15” EPB and single-shield TBM dual-mode shield tunneling machine, designed and manufactured by China Railway Construction Equipment Group. The main configuration parameters are detailed in Table 1. The design concept of this shield tunneling machine integrates the functionalities of both EPB and single-shield TBM, allowing for in-tunnel conversion. The EPB mode is suitable for weak geological conditions, employing the EPB tunneling method to ensure the face support’s stability and prevent uneven ground settlement. On the other hand, the single-shield TBM mode applies to complex rock formations, enhancing the tunneling speed in such conditions and avoiding risks associated with slow progress and severe tool wear when using the EPB mode in complex rock formations.




3. Predictive Model Algorithm Principle


3.1. LSTM Model


The data of shield tunneling are time-series, and the data are purely dependent. Traditional machine learning algorithms (such as BP neural network, random forest, etc.) cannot capture the time-series value between data. The LSTM network has an internal gating mechanism, which enables it to effectively capture and retain information from past inputs. At the same time, the generalization ability of the LSTM neural network is stronger. It is a deep learning algorithm widely used in the market and more suitable for engineering needs. In predicting TBM tunneling speed, the LSTM model can be employed by inputting parameters such as excavation parameters, TBM mode, and geological parameters. This allows for the establishment of a model capable of predicting the tunneling speed at the next step. Furthermore, by introducing hyperparameter optimization algorithms into the LSTM model, prediction accuracy and operational efficiency can be enhanced, providing better support for TBM excavation projects. When handling sequential data, the LSTM model effectively addresses issues such as gradient vanishing or exploding that exist in traditional Recurrent Neural Networks (RNNs). Additionally, it can model long-term dependencies. In the LSTM architecture, besides the conventional input layer, output layer, and hidden layer, a memory cell and three gating units (Forget Gate, Input Gate, Output Gate) are introduced. Among these, it represents the input gate, ft is the forget gate, gt denotes the input supply, and ot represents the output gate. The formulas for computing the forget gate, input gate, and output gate are as follows:


   f t  = σ (  W f  ⋅ [  h  t − 1   ,  x t  ] +  b f  ) ,  



(1)






   i t  = σ (  W i  ⋅ [  h  t − 1   ,  x t  ] +  b i  ) ,  



(2)






   C t  = tanh (  W C  ⋅ [  h  t − 1   ,  x t  ] +  b C  ) ,  



(3)






   o t  = σ (  W o  ⋅ [  h  t − 1   ,  x t  ] +  b o  ) ,  



(4)







In the formula, Wf, Wi, Wc, and Wo are different calculation matrices; bf, bi, bo, and bc are the bias terms of the three gated units and the cell state, respectively; σ and tanh are activation functions, respectively; σ represents the sigmoid function, and its output is between 0 and 1; and tanh is the hyperbolic tangent function of the mapping interval [−1, 1]. At each time step t, the LSTM introduces a hidden state C (cell state) and employs three gates to control the content of the cell state. The first gate, the Forget Gate, determines how much information from the previous time step’s cell state Ct−1 needs to be retained in the current time step’s cell state Ct. The second gate, the Input Gate, regulates how much information from the current time step’s input x is stored in the cell state Ct. The Output Gate, the third gate, determines how much information will be output from the cell state Ct to the current time step’s output ht. The LSTM network can selectively retain or output helpful information via this mechanism, enabling improved handling of long sequential data.




3.2. Multiple Optimization Algorithm Model


In the operation of LSTM, performing hyperparameter optimization is crucial as it identifies the optimal combination of hyperparameters that enhances model performance. By selecting appropriate hyperparameter combinations, it is possible to improve the model’s generalization ability, resulting in superior performance on the test set. This study employs four widely applicable and practical hyperparameter optimization algorithms: Genetic Algorithm (GA), Differential Evolution (DE), Bayesian Optimization (BO), and Particle Swarm Optimization (PSO). Due to constraints in length, the principles of these algorithms are not extensively elaborated. Subsequently, the study will train these four hyperparameter optimization algorithms, compare the performance of evaluation metrics under different algorithms, and employ a ranking method to determine the optimal hyperparameter optimization algorithm for this model.



After selecting the optimal hyperparameter optimization algorithm, in order to enhance the model’s generalization ability, a multi-algorithm optimized model incorporating Time Series cross-validation (TSCV) and the Dropout algorithm was established to further improve the predictive performance of the model on tunneling speed.The Dropout algorithm is a widely used regularization technique for deep learning models proposed by Geoffrey Hinton and his team in 2012. Its primary objective is to prevent neural networks from overfitting, thereby improving the model’s generalization ability across different data sets. This study incorporated the Dropout layer into the LSTM model, with a dropout probability set to 0.1. This implementation achieved random dropout of a portion of neurons in the neural network, preventing certain neurons from developing excessive dependence on specific features and thereby reducing the complexity of the neural network.



Tunnel boring machine (TBM) excavation parameters constitute time-series data with temporal dependencies. In conventional cross-validation, data is randomly partitioned, making validating past data using future data highly inappropriate due to the temporal dependencies. Therefore, the data sequence should not be arbitrarily shuffled. This study employs time series cross-validation to evaluate prediction models’ performance on time-series data. When assessing time-series prediction models, time-series cross-validation effectively measures the model’s generalization ability across different periods. The model utilizes a five-fold time series cross-validation, and the operational workflow is depicted in Figure 1:



The process begins by selecting a window size, which encompasses a specific number of observational values. Subsequently, the window is incrementally moved forward, providing distinct training and validation data subsets for the model. At each step, the model is trained on the data within the window and validated on the data outside the window. This allows for the computation of performance metrics, such as mean squared and absolute percentage errors, for the model on each validation set. Finally, the average of these metrics is calculated to assess the model’s overall performance. By combining the above methods, the overall model process is shown in Figure 2.





4. Establishment of a Prediction Model for Dual-Mode Shield Tunneling Parameters


4.1. Filter Input Feature Parameters


The predictive model in this study comprehensively considers the influence of various factors, including geological parameters, shield machine excavation parameters, and shield tunneling modes. Therefore, detailed explanations for the parameters mentioned above are provided in the following sections.



	(1)

	
Composite Geological Characteristics Parameters







When considering the geological conditions within the Liubai section’s left tunnel range, this study employs rock mass rating and the soft–hard compound ratio as input parameters for composite geological features. According to the national standard ‘Code for geotechnical engineering investigation of urban rail transit’ (GB50307-2012) Appendix F [25], the geotechnical construction engineering classification of each rock and soil layer revealed by this investigation is carried out. Grade III rock mass predominates along the left tunnel route, accounting for 46.78% of the tunnel length. Grade IV rock mass represents 12.7% of the tunnel length, Grade V rock mass accounts for 38.56%, and Grade VI rock mass covers 1.95%. To better reflect the conditions of alternating soft and hard layers in the composite geological formation, the thickness of the weak soil layer at the excavation face to the total excavation face thickness is defined as the soft–hard compound ratio, representing the composite geological formation. The definition of the soft–hard compound ratio is given by Formula (5):


  μ =    H i     H i  +  H j    ,  



(5)







The equation μ represents the soft–hard compound ratio, within the range of 0 to 1; Hi is the thickness of the weak soil layer, and Hj is the thickness of the hard rock layer.



	(2)

	
Operating parameters of shield machine







The original data in the research phase comprises 220-dimensional parameter indicators. Based on the mechanisms affecting shield tunneling speed, this study primarily considers several excavation parameters as input variables for predicting tunneling speed:




	(1)

	
Total Thrust: A more significant total thrust reduces resistance encountered by the shield machine during excavation, enabling faster advancement. As the shield machine progresses, the total thrust must overcome the resistance and friction in the geological layers to propel the machine forward. Therefore, the magnitude of the total thrust directly influences the shield tunneling speed.




	(2)

	
Thrust Pressure: It represents the force exerted by the shield machine during the excavation process, directly affecting the machine’s forward speed in the geological layers. The thrust pressure of the shield machine should be controlled within a specific range to ensure the stability and safety of shield tunneling.




	(3)

	
Cutterhead Torque: It represents the force exerted by the shield machine during the excavation process, directly affecting the machine’s forward speed in the geological layers. The thrust pressure of the shield machine should be controlled within a specific range to ensure the stability and safety of shield tunneling.




	(4)

	
Cutterhead Speed: The higher the rotation speed of the cutterhead on the shield machine, the stronger its cutting ability, resulting in faster advancement of the shield machine in the geological layers.









	(3)

	
Shield tunneling mode parameters







To consider variations in the tunneling state of the dual-mode shield machine, it is necessary to select different excavation modes based on distinct geological conditions and excavation performance. They need to be labeled accordingly to differentiate between the EPB and TBM excavation modes. After multiple test runs, the EPB mode is ultimately labeled 1, and the TBM mode is labeled 3. This labeling approach aids the model in learning from the input parameters, reduces the impact on neural network weight training, and consequently enhances the rationality of the model’s predictive results.




4.2. Data Preprocessing


4.2.1. Steady-State Segment Data Extraction


During the tunneling process, equipment monitors data on a timely basis. Interruptions in tunneling due to cutterhead tool replacement, segment assembly, and other reasons are within the scope of monitoring. This results in a substantial volume of raw data of lower quality. To extract steady-state data, it is necessary to eliminate empty thrusting data and exclude short-term unstable data [26]. In general processing, cutterhead thrust (F), cutterhead torque (T), cutterhead speed (RPM), and tunneling speed (V) are considered state-discriminant parameters. Any value of zero parameters is considered blank data recorded during shield machine operations, and the entire row of data is removed. Short-term unstable data in each tunneling cycle, typically occurring during the start-up process of the shield machine, should be selectively excluded to reduce potential errors in subsequent calculations.



Figure 3 shows a shield tunneling process for data segment 140. Although the displayed unstable data in the initial stages of tunneling are minimal, considering that not every start-up process proceeds smoothly, it is advisable to sequentially exclude the first 10% of data from each start-up phase chronologically. This approach aims to optimize the quality of the data.




4.2.2. Outlier Handling


In practical scenarios, equipment monitoring generates a large amount of data, and monitoring anomalies may inevitably lead to some outlier values. For such data, commonly used outlier detection methods are employed for exclusion. This study utilizes the Isolation Forest algorithm for identifying and detecting anomalous data. The Isolation Forest algorithm was jointly proposed by Professor Zhou Zhihua and others in 2008 [27] for data mining. It is an unsupervised anomaly detection algorithm suitable for continuous data anomaly detection. Specifically, the Isolation Forest algorithm randomly partitions the data into several subspaces, constructs a set of binary search trees based on random partitions, and inserts data points into the leaf nodes. It determines whether a data point is an outlier by calculating the average path length across all trees for each data point. A shorter path length indicates that the data point is more easily isolated, making it more likely to be an outlier. The isolated forest model is shown in Figure 4.



The specific numerical expression is given by the following Formula (6). Firstly, construct h(x) as a metric to measure the “isolation degree” of a data point (sample) from other data points. It is defined as the path length that a data point traverses from the root node to that point on a random tree. For a random tree T and a data point x within it, the number of samples that share the same leaf node with x in T is denoted as T.size(x). Subsequently, for a given T.size(x), a correction term c(T.size(x)) can be calculated to represent the average path length of constructing a binary tree with T.size(x) samples.


  h ( x ) = e + c ( T . s i z e ) ,  



(6)







The second step involves constructing the average path length c(n) of a binary tree using n samples, specifically based on a Binary Search Tree (BST). This metric represents the average distance between any two nodes in a BST with n elements. The average path length c(n) can be calculated using the following formula:


  c ( n ) = 2 [ H ( n ) − 1 ] − 2   n − q ( n ) − 1  n  ,  



(7)







Here, H(n) represents the average path length of a BST with a height of n, and q(n) is an estimation of the number of non-leaf nodes in the BST after randomly constructing and inserting n elements.


  s ( x , n ) =  2  −   E ( h ( x ) )   c ( n )     ,  



(8)







Finally, a normalization process is applied to map the range of h(x) to between 0 and 1. Here, h(x) represents the path length of sample point x, and S(x, n) is the anomaly index of the tree, which records the training data of x in n samples. From this formula, it can be observed that as the path length decreases, s approaches 1, and the probability of detecting the sample point as an anomaly increases.



Compared to commonly used calculation methods such as Mahalanobis distance and the 3σ criterion, the Isolation Forest algorithm does not require calculating anomaly standards for data under different geological conditions. Its unsupervised, efficient, and precise advantages make it more suitable for extensive data processing in industries such as tunnel boring machines (TBM). The Isolation Forest algorithm is capable of handling high-dimensional data. However, an increase in data dimensions during processing increases tree depth, resulting in higher time complexity for tree construction and search. Additionally, greater tree depth increases sensitivity to anomalies, making them more prone to be classified as outliers. Considering the focus of this study on predicting the tedious tunnel process’s advance rate, the advance rate is paired with the total thrust, thrust pressure, cutterhead torque, and cutterhead speed to form a two-dimensional array. This array is then cyclically fed into the model for training, with all identified anomalies marked after training completion. Finally, the rows containing anomalies are removed. The model is configured with 100 trees, a contamination rate of 0.02 in the data set, and a random seed set to 42. The training results are shown in Figure 5.



For the processing of outliers in the 140th tunneling cycle parameters, a total of 2825 data sets were processed. During the operation, numerous duplicate data points were identified. Via statistical analysis, it was determined that a total of 115 data sets were flagged as outliers. As a result, the final data set comprises 2710 remaining data sets.




4.2.3. Data Denoising


After removing outliers, the data exhibits inevitable fluctuations that can impact the modeling process and even the calculation results. These anomalous fluctuation data in the tunneling parameter sequence are called noise data. This phenomenon is particularly pronounced in geological environments with complex and variable conditions, rendering the temporal parameter data more unstable. Xiao et al. [28] pointed out that denoising tunneling parameters can reduce the spatial variability of these parameters, making it easier for machine learning algorithms to learn the patterns in data changes. An improved mean filtering algorithm is employed to denoise the tunneling parameters to mitigate these irregular variations. The formula for the original mean filtering algorithm is as follows, assuming a non-stationary data set of total length N. To eliminate noise, a window size of 2n + 1 (<N) is set, and as the window slides forward, the average of every 2n + 1 adjacent data       y  ¯    k     is taken to represent the measurement result of the midpoint data. This method effectively eliminates noise.


    y ¯  k  =  1  2 n + 1     ∑  i = − n   2 n + 1     y  k + i     ,  



(9)







There is significant data fluctuation with sudden rises and falls throughout the shield tunneling process, accompanied by changes in the soft and hard composite strata. An improved mean denoising algorithm is proposed to mitigate the impact of significant differences in window values on denoising effectiveness. In each forward-sliding window process, the data within the window is sorted, and the maximum value ykmax and the minimum number ykmin are excluded. The mean of the remaining data is then calculated to represent the measurement result. The formula for the improved algorithm is as follows:


    y ¯  k  =  1  2 n − 1   (   ∑  i = − n   2 n + 1     y  k + i     −  y  k max   −  y  k min   ) ,  



(10)







In order to assess the denoising effect, this paper selects two evaluation metrics: Signal-to-Noise Ratio (SNR) and Peak Signal-to-Noise Ratio (PSNR). Signal-to-Noise Ratio (SNR): It evaluates signal strength and noise level ratio. Peak Signal-to-Noise Ratio (PSNR): It evaluates the ratio between the maximum possible signal and noise power. Excellent SNR and PSNR depend on the specific application scenarios and requirements. The metrics only need to reach a certain level, and in the context of denoising the same data, higher SNR and PSNR indicate better denoising effects. The formulas for calculating both metrics are as follows:


  S N R = 10 * lg      ∑   p 2       ∑      p − q    2        ,  



(11)






  P S N R = 10 * lg      p  max     2     1 n  *  ∑      p − q    2        ,  



(12)




where p represents the original data, q is the filtered data, and pmax denotes the maximum signal value. In the engineering calculations, considering that the data processing is conducted in a ring-by-ring manner, with varying lengths of the excavation parameter sequences for each ring, a sliding window of size 11 is chosen after multiple tests. Here, the denoising effect after handling outliers is presented. Table 2 compares the evaluation metric values before and after algorithm improvement, while Figure 6 illustrates the denoising effect achieved via the improved mean filtering algorithm.



The improved algorithm enhances the denoising effect on the cutterhead rotation and tunneling speed. The SNR for the cutterhead rotation and tunneling speed increased by 0.58 and 0.12, respectively, while the PSNR increased by 0.58 and 0.13, respectively. The SNR for tunneling speed and cutterhead torque is below 20, indicating a relatively low signal-to-noise ratio. This suggests the presence of considerable noise in the data signal, likely influenced by changes in the geological conditions and factors such as vibrations and impacts in the mechanical system. This underscores the necessity of data denoising.




4.2.4. Data Normalization


When data features have significantly different magnitudes and exhibit a wide range of values, normalization methods are commonly employed to balance the importance of different features in prediction, thereby enhancing prediction accuracy. Two commonly used normalization methods are min–max normalization and Z-score normalization. The computation formulas for these two methods are as follows:


   x ∗  =   x −  x  min      x  max   −  x  min     ,  



(13)






   x ∗  =   x −  x  m e a n    δ  ,  



(14)







As shown in Formula (13), the max–min normalization method linearly transforms the original data to the range [0, 1], where xmax and xmin represent the maximum and minimum values of the column data, respectively. This method is suitable for data distributions with clear boundaries, mainly when scaling the data to a fixed range is necessary. Formula (14) demonstrated that the z-score normalization method normalizes the original data set to have a mean of 0 and a standard deviation of 1. Here, xmean represents the mean of all sample data, and δ represents the standard deviation of all sample data. This method is applicable when data distribution lacks clear boundaries and is suitable for cases where comparing data from different features on the same scale is necessary. In the subsequent sections of this paper, different normalization methods will be applied to the training set, and the same method will then be used to normalize the validation set. The most suitable normalization method will be determined by comparing the model’s predictive accuracy on the test set. It is important to note that considering the potential differences in data distribution between the training and validation sets, separate normalization processes for the training and validation sets are necessary to achieve optimal predictive performance.





4.3. Evaluation Index


In the predictive model, various evaluation metrics are employed, each emphasizing different aspects, and relying on a single metric lacks comprehensiveness in model assessment. To evaluate the model’s performance, three distinct evaluation metrics are employed: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE), defined as follows:


  M A E =  1 n    ∑  i = 1  n       y ^  i  −  y i      ,  



(15)






  R M S E =    1 n    ∑  i = 1  n         y ^  i  −  y i     2      ,  



(16)






  M A P E =   100 %  n    ∑  i = 1  n         y ^  i  −  y i     y i        ,  



(17)







In the formula,     y   i     is the real value and       y  ^    i     is the predicted value. MAE is a commonly used metric for assessing the accuracy of predictive models, reflecting the degree of closeness between actual and predicted values. Similarly, RMSE is employed to gauge predictive model accuracy. In contrast to MAE, RMSE imposes a higher penalty by squaring the errors, making it more sensitive to significant errors and outliers. MAPE is highly sensitive to extreme values, limiting its ability to handle outliers effectively. However, it expresses errors as a percentage, providing interpretability and comparability.





5. Comparative Analysis of Forecast Results


5.1. Model Parameter Presets


The research process processed 1–680 tunnel boring machine (TBM) shield tunneling parameters. Due to the enormous volume of raw data and variations in data quality, which could impact the model’s predictive performance, samples were selected from different tunneling modes. For the TBM mode, the training set comprised rings 120 to 138, with the prediction segment spanning rings 139 to 146. Under the Earth Pressure Balance (EPB) mode, the training set included rings 435 to 444, and the prediction segment covered rings 445 to 450. Approximately 310,000 data points for each parameter—tunneling speed, total thrust, cutterhead torque, tunneling pressure, and cutterhead speed—were selected, totaling around 1.55 million data points. The constructed model is a real-time prediction model with a rectified linear unit (ReLU) as the activation function. The time step was set to 20, utilizing the past 20 time steps of data as input to predict future data. The number of epochs was set to 200. Considering that optimization algorithms can optimize multiple hyperparameters in the LSTM model, such as the number of LSTM layers, the number of LSTM units in hidden layers, learning rate, batch size, etc. Given the limitations of existing computer performance, it is advisable to choose critical hyperparameters. In line with previous research experience, this study selected two commonly optimized hyperparameters before including optimization algorithms: the number of LSTM hidden layer neurons and the learning rate. Prior to incorporating optimization algorithms, preliminary tuning was conducted for other hyperparameters. The pre-training hyperparameter settings are presented in Table 3, with 30 combinations tested during the preliminary tuning, and the relative errors are compared in Figure 7.



After multiple pre-tuning experiments, the minimum average percentage error was 14.4%. Regarding the model’s accuracy, using the z-score normalization method for data processing, setting the number of LSTM layers to 2, and configuring the batch size to 256 were more effective in training the model. Considering the dimensional differences in the model’s input data, which could influence the model’s output, the z-score normalization method was employed to transform data with different dimensions into a unified scale. This ensures relative balance in the importance of these data during model computations, mitigating interference caused by dimensional disparities. The network structure becomes more complex when the number of LSTM layers is excessive. Although increasing the number of layers can enhance model performance and help capture deeper features and relationships, this improvement is dynamic. With the increased model complexity, the training process may face the risk of gradient explosions.



Additionally, computational resources and training time would also increase. After a series of pre-training experiments, it was determined that a two-layer LSTM configuration is optimal for the model. Furthermore, setting the batch size to 256 improves the model’s convergence speed and generalization ability. A larger batch size can simultaneously process more data, reducing noise and fluctuations. During training, using a batch size that is too small may lead to overfitting of the model to the training data, resulting in inadequate generalization of new data.




5.2. Excavation Rate Prediction Analysis


The four optimization algorithms set the optimization range for the number of neurons in the LSTM hidden layer between 10 and 100, and the optimization range for the learning rate is set between 0.001 and 0.1. At the same time, other parameters use the model’s default values. Figure 8 illustrates the predictive results of the LSTM model on the test set under different optimization algorithms. In regression models, different evaluation metrics focus on different aspects. Evaluating with a single metric may overlook other important factors, so a comprehensive evaluation method using multiple metrics is necessary. Zorlu et al. [29] proposed the ranking method as a commonly used multi-metric comprehensive evaluation method in 2008. This method involves ranking N models under the same evaluation metric, i. Then, the rankings of m different evaluation metrics for the same model are summed to obtain the multi-metric ranking for that model, as shown in Table 4.



After comparing the performance of different optimization models on the test set, the conclusion can be drawn that, regarding the optimization of model hyperparameters, the number of neurons in the LSTM hidden layer or the learning rate should be manageable. Many neurons in the LSTM hidden layer can lead to an overly complex model, making it prone to overfitting. Conversely, more neurons are needed to ensure the model captures complex patterns and relationships, resulting in an insufficient utilization of information from the input data. A learning rate that is too small may slow down network training, requiring a longer time to converge, while a learning rate that is too large may lead to unstable training, skipping the optimal points and preventing convergence. Therefore, it is necessary to use hyperparameter optimization algorithms for multiple training iterations to achieve optimal predictive performance.



Examining the prediction curves for specific tunneling ring numbers reveals that the trends in the predicted data under both tunnel boring machine (TBM) and earth pressure balance (EPB) shield modes generally align with the actual excavation parameter curves. Under the TBM mode, the predicted curve for the weathered zone aligns well with the actual values, demonstrating overall good predictive performance. However, there is significant fluctuation in the local prediction segment from ring 139 to ring 141 due to unfavorable geological conditions characterized by complex rock changes in a poor geological area. This section underwent pre-reinforcement during construction, contributing to relatively poorer predictive results than other segments. In the EPB mode, the predicted curve for the composite soft and hard layer is smoother, reflecting stable changes in tunneling speed due to the softer rock characteristics, resulting in a closer match between predicted and actual values with more minor relative errors. Based on the overall ranking, BO-LSTM performs the best, with PSO-LSTM and DE-LSTM showing similar performance, while GA-LSTM performs the least favorably.



Regarding predictive accuracy, DE-LSTM and BO-LSTM are suitable for predicting relatively stable curve patterns. However, DE-LSTM performs poorly in predicting curves with significant fluctuations and suffers from the drawback of slow operation speed. Overall, BO-LSTM is a preferable model that can be applied to predict different geological environments. In EPB mode, the Mean Absolute Percentage Error (MAPE) prediction result is 8%, while in TBM mode, the MAPE prediction result is 13.8%. PSO-LSTM exhibits good overall performance, providing accurate predictions with a shorter runtime, and can be considered an alternative prediction model.




5.3. Multi-Algorithm Optimization Model Prediction Analysis


The models above exhibit favorable predictive performance on a fixed test set, but this does not necessarily imply the same performance on the global data set. In order to enhance the model’s generalization capability, dropout algorithms and five-fold time series cross-validation are introduced to the BO-LSTM model, proposing a multi-algorithm-optimized tunneling speed prediction model. The validation set is partitioned based on the temporal characteristics of the overall data set, and the evaluation metric results are depicted in Figure 9.



In the above pictures, the dotted lines of different colors are the reference lines of the average value of the evaluation index. Via five rounds of time series cross-validation, the model demonstrates strong generalization capabilities, with a mean absolute error (MAE) of 3.18, root mean square error (RMSE) of 4.32, and mean absolute percentage error (MAPE) of 13.7%. In relatively stable geological layers, the MAPE prediction result is 8.3%. Even in challenging geological conditions where the excavation process experiences significant discrete fluctuations, the model maintains an 80% accuracy in predicting tunneling speed.





6. Conclusions


This paper relies on the Shenzhen Metro Line 13 Left Tunnel Project from Liuxiandong Station to Baimang Station. It utilizes geological parameters and real-time monitoring of excavation parameters in the complex strata to establish a prediction model for the excavation rate of EPB/TBM dual-mode tunnel boring machines (TBMs) based on multi-algorithm optimization and recurrent neural networks. The accuracy of the prediction results is analyzed, and the main conclusions are as follows:




	(1)

	
The combined impact of the dual-mode TBM excavation mode, TBM operating state parameters, and geological parameter variations was considered in establishing the tunnel boring machine (TBM) excavation data set. The model is more interpretable under actual working conditions, supporting the planning and control of TBM construction.




	(2)

	
Isolation Forest and an improved mean filtering algorithm were applied to handle TBM operating state parameters. This reduced the spatial variability of excavation parameters, making it easier for machine learning algorithms to learn the patterns of feature variations. The data set processed via denoising allows the construction of a more accurate prediction model for TBM tunneling speed.




	(3)

	
A prediction model for TBM tunneling speed was established using multi-algorithm optimization and recurrent neural networks. The model integrates Bayesian optimization algorithms, dropout algorithms, and time-series cross-validation, demonstrating strong generalization capabilities and operational efficiency. The lowest MAPE prediction result is 8.3%, with an average MAPE prediction result below 15%.









The established model primarily aims to explore the real-time operational patterns of tunneling speed in the dual-mode TBM excavation process under unsupervised training models and provide a foundational model for intelligent decision control. In practice, the data in the tunneling process is input into the model in real time, the model is trained, and the results are output in real time, which plays a guiding role in the field. In this study, the mechanical properties of rock have not been considered, and the model is not refined enough. In order to obtain a refined model that is more generalized and more in line with engineering practice, future research will consider more input of tunneling parameters and rock mechanics parameters.
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Figure 1. Five-fold time series cross-validation diagram. 
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Figure 2. Flow chart of multi-algorithm optimization model. 
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Figure 3. Raw data. 
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Figure 4. Isolated forest model. 
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Figure 5. Outlier tag. 
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Figure 6. Comparison of variation amplitude of data values before and after denoising. 
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Figure 7. Comparison of relative errors in pre-training. 
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Figure 8. Prediction results of different LSTM models for the test set. 
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Figure 9. Time series cross-validation results. 
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Table 1. “Xinhe 15” dual-mode shield main technical parameters index.
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	Parameter
	Design Value





	Shield type
	Mono-protecting shield



	Total weight/T (Host + Supporting)
	650



	Total length of machine/m
	96



	Cutterhead speed/(r/min)
	0-2.47-5.59



	Excavation diameter/(mm)
	φ6980



	Maximum thrust/T
	5060



	Rated torque/kN·m
	6080



	Number of tools
	50 (Hob) + 61 (Scraper) + 12 (Side scraper)










 





Table 2. Prediction effect ranking analysis.
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Cutterhead Speed

	
Thrust Pressure

	
Tunneling Speed

	
Cutterhead Torque

	
Total Thrust




	
SNR

	
PSNR

	
SNR

	
PSNR

	
SNR

	
PSNR

	
SNR

	
PSNR

	
SNR

	
PSNR






	
Mean filter algorithm

	
42.10

	
43.14

	
22.57

	
25.49

	
17.72

	
23.14

	
18.96

	
24.78

	
33.19

	
34.65




	
Improved mean filter algorithm

	
42.68

	
43.72

	
22.58

	
25.49

	
17.84

	
23.27

	
18.96

	
24.79

	
33.19

	
34.65











 





Table 3. Pre-training setup.
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	Name
	Optimize Parameter Range





	Normalization method
	max-min normalization, z-score normalization



	Batch size
	16, 32, 64, 128, 256



	Number of LSTM layers
	1, 2, 3










 





Table 4. Prediction effect ranking analysis.
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Predictive Model

	
Optimization Results

	
Training Time (s)

	
MAE

	
RMSE

	
MAPE

	
Overall Ranking

	
Rank Sort




	
Units

	
Rate

	
EPB

	
TBM

	
EPB

	
TBM

	
EPB

	
TBM






	
BO-LSTM

	
32

	
0.0094

	
367(1)

	
1.63(2)

	
3.51(1)

	
2.17(2)

	
4.49(1)

	
8.0%(1)

	
13.8%(1)

	
9

	
1




	
DE-LSTM

	
36

	
0.0085

	
800(3)

	
1.62(1)

	
3.93(3)

	
2.16(1)

	
4.88(3)

	
8.0%(1)

	
15.9%(3)

	
15

	
2




	
GA-LSTM

	
23

	
0.0086

	
1011(4)

	
1.82(4)

	
4.22(4)

	
2.38(4)

	
5.21(4)

	
9.3%(3)

	
16.9%(4)

	
27

	
4




	
PSO-LSTM

	
19

	
0.0150

	
396(2)

	
1.74(3)

	
3.77(2)

	
2.24(3)

	
4.83(2)

	
8.7%(2)

	
14.6%(2)

	
16

	
3








Note: ( ) is a single-column ranking.
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