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Abstract

:

There has been extensive research on the partial differential equations governing the theory of gas flow in coal mines. However, the traditional Proper Orthogonal Decomposition–Radial Basis Function (POD-RBF) reduced-order algorithm requires significant computational resources and is inefficient when calculating high-dimensional data for coal mine gas pressure fields. To achieve the rapid computation of gas extraction pressure fields, this paper proposes a model reduction method based on deep neural networks (DNNs) and convolutional autoencoders (CAEs). The CAE is used to compress and reconstruct full-order numerical solutions for coal mine gas extraction, while the DNN is employed to establish the nonlinear mapping between the physical parameters of gas extraction and the latent space parameters of the reduced-order model. The DNN-CAE model is applied to the reduced-order modeling of gas extraction flow–solid coupling mathematical models in coal mines. A full-order model pressure field numerical dataset for gas extraction was constructed, and optimal hyperparameters for the pressure field reconstruction model and latent space parameter prediction model were determined through hyperparameter testing. The performance of the DNN-CAE model order reduction algorithm was compared to the POD-RBF model order reduction algorithm. The results indicate that the DNN-CAE method has certain advantages over the traditional POD-RBF method in terms of pressure field reconstruction accuracy, overall structure retention, extremum capture, and computational efficiency.
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1. Introduction


Coal serves as an indispensable safeguard energy source within China. However, as the depth of coal mining increases, gas disasters have become increasingly severe, posing significant threats to the safety of coal mine production. The concept of a digital twin for mines offers the potential to ensure sustainable, efficient, and safe coal mining operations. A critical component of this digital twin concept is the theory of gas flow within coal seams. Consequently, research on gas flow theory has been extensive [1,2]. This body of work includes studies on the evolution of coal and rock permeability and gas flow under the influences of mining activities, stress, moisture, and permeability enhancement technologies [3,4,5,6,7,8,9]. These studies have led to the development of new coal seam gas flow models [10,11,12,13,14,15], which have undergone reliability validation. Further research has integrated practical engineering data to perform numerical calculations on coal seam gas flow models, guiding and optimizing engineering design [16,17,18]. These advancements have significantly improved production efficiency and safety in coal mining enterprises.



Currently, numerical computation methods are widely used to solve multi-physical models. However, these methods often require significant hardware performance and can take a substantial amount of time to compute, ranging from several hours to days. This poses certain limitations for their application in digital twin technology [19]. Digital twins require models that can provide accurate and rapid real-time solutions to monitor equipment status. Model order reduction (MOR) is a key technique used to accelerate the computation of mathematical models. MOR aims to provide a low-dimensional approximation of time-varying, multi-dimensional physical processes, thereby reducing the computational dimensionality, decreasing computation time, and lessening CPU load. Among the popular methods currently in use is the combination of Proper Orthogonal Decomposition and Radial Basis Function (POD-RBF) neural networks. This approach has been extensively studied and applied in practical engineering and digital twin applications [20,21,22,23]. For instance, Zendaki et al. employed the POD-RBF algorithm as a substitute for finite element calculations, enabling rapid computations of surface settlement, strain in existing structures, and stress and deformation of tunnel linings during tunneling operations [24]. Rao described a reduced-order model based on POD-RBF for the inverse estimation of model parameters such as material properties and boundary conditions in fluid flow and thermal systems [25]. Shen et al. proposed the use of POD-RBF to analyze the impact of uncertain parameters on the response of cracked structures [26,27]. Zhang et al. introduced the application of POD-RBF reduced-order models for predicting acoustic fields in infinite domains, facilitating the rapid reconstruction of acoustic fields for complex models [28].



However, when applied to the residual gas pressure field after gas extraction in coal mines, high-dimensional pressure field data lead to excessive computational demands for the POD-RBF method, resulting in prolonged computation times. In contrast, deep learning methods exhibit strong capabilities in capturing nonlinear features and demonstrate high computational efficiency, offering significant potential for practical engineering applications. Therefore, this paper proposes a reduced-order modeling approach for coal mine gas extraction based on the DNN and CAE. The CAE is utilized to compress and reconstruct the full-order numerical solutions of coal mine gas extraction, while the DNN is employed to establish a nonlinear mapping relationship between the physical parameters of gas extraction and the latent space parameters of the reduced-order model. This work aims to provide insights and guidance for the research and application of digital twins and model order reduction in mining.




2. Materials and Methods


2.1. Full-Order Modeling of Coal Seam Gas Extraction


Previous research has established that the physical process of coal mine gas extraction can be represented as a coupled process involving gas flow and diffusion fields and the stress field of the coal–rock mass. During coal seam gas extraction, the primary modes of gas migration include seepage and diffusion. The main factors influencing gas migration are the initial gas pressure in the coal seam and the permeability of the coal seam’s porous medium. The gas pressure in the coal seam determines the pressure gradient between the coal seam and the boreholes, which in turn affects the effective stress of the coal seam, thereby influencing its permeability [29,30,31,32].



Gas extraction may disrupt the gas pressure equilibrium between the fracture system and the coal matrix, causing the adsorbed gas to diffuse from the coal matrix into the fractures. The rate of change in gas mass in the coal matrix is expressed as follows:


     ∂  m m    ∂ t    = −     M c    τ R T       p m  −  p f     



(1)




where t is time, Mc represents the molar mass of gas, τ is the adsorption time, R is the gas constant, T is the absolute temperature, pm is the gas pressure in the coal matrix, and pf denotes gas pressure in fractures.



The governing equation for the variation in gas pressure in the coal matrix over time is as follows:


     ∂  p m    ∂ t    = −     V M     p m  −  p f         p m  +  P L     2    τ  V L  R T  P L   ρ c  + τ  ϕ m   V M       p m  +  P L     2      



(2)




where ϕm is the porosity of the coal matrix, VM represents the molar volume of gas, VL denotes the Langmuir volume constant, PL denotes the Langmuir pressure constant, and ρc indicates the density of the coal matrix.



The governing equation for gas flow in the coal seam can be expressed as follows:


   ϕ  f      ∂  ρ  f     ∂ t    +  ρ  f      ∂  ϕ  f     ∂ t    + ∇  ρ  g     −     k f   μ   ∇  p f    =     M c    τ R T       p m  −  p f      1 −  ϕ f     



(3)




where ϕf represents the coal porosity, kf represents the gas permeability, μ is the kinetic viscosity coefficient of gas, pf denotes the gas pressure in fractures, and ρg indicates the gas density in fractures.



The effective stress in coal is influenced by in situ stress, gas pressure within the coal, and the adsorption and desorption of gas. The response of effective stress in coal can be represented by the following equation:


  G  u   i , jj    +   G  1 − 2 v     u   j , ji    − α  p   f , i    − β  p  m , i   − K  ε  s , j   +  F i  = 0  



(4)




where G is the shear modulus, v is the Poisson ratio of coal, α and β denote the Biot coefficients, K indicates the volumetric modulus of coal, εs represents the adsorption strain of coal, uij and uji are the displacement components, and Fi represents the volume force component.



The permeability of coal is primarily influenced by the effective stress in the coal, gas pressure within the coal seam, and the adsorption and desorption of gas. Since the cubic law is satisfied between porosity and permeability [33], the dynamic evolution equation for the permeability of the coal seam can be expressed as follows:


    k   k 0     =         ϕ f     ϕ  f 0         3  =       1   ϕ  f 0      −    1 −  ϕ  f 0      ϕ  f 0     1 +  ε V         1 −   α   K s     Δ  p f  + Δ  ε s       3   



(5)




where k is the coal permeability, k0 is the initial value of k, ϕf0 represents the initial value of ϕf, εV is the volumetric strain of the coal matrix, and Ks is the skeleton volume modulus of coal.



Figure 1 illustrates the coupling relationship between the physical fields. According to the modeling requirements of this paper and systems theory, the input variables of this system are initial coal seam gas pressure, initial permeability of coal seam, and extraction time, and the output variables are the gas extraction flow rate, gas extraction concentration, and residual gas pressure field of coal seam.



As shown in Figure 2, a specific simulation range with a length of 50 m and a width of 50 m was selected for the numerical simulation of regional gas extraction. The simulation was subjected to an in situ stress of 17 MPa, calculated based on the burial depth of the coal seam. For gas flow simulation, an extraction negative pressure of 17 kPa was applied at the borehole boundary within the coal seam, while the other boundaries were set as no-flow boundaries. The initial gas pressure was set to 1.5 MPa, with a borehole diameter of 103 mm. Additional detailed parameters are provided in Table 1.




2.2. Convolutional Autoencoder-Based Reconstruction Model for Coal Seam Gas Extraction Pressure Field


An autoencoder is an unsupervised learning algorithm with a specialized neural network structure for encoding and decoding, making it suitable for tasks such as data compression, feature extraction, data reconstruction, and matrix factorization. It is widely used in fields like image reconstruction, image restoration, anomaly detection, image denoising, and image segmentation. Convolutional autoencoders, which replace the fully connected layers of traditional autoencoders with convolutional layers, significantly enhance the ability to capture spatial information. This makes convolutional autoencoders more capable of handling complex image processing tasks compared to ordinary autoencoders.



In this study, a convolutional autoencoder was employed as the reconstruction algorithm for the coalbed methane drainage seepage field, leading to the development of a convolutional autoencoder-based model for reconstructing the coalbed methane drainage seepage field. The model’s structure, as shown in Figure 3, consists mainly of two parts: an encoder and a decoder. The network follows a symmetrical structure, with the left side comprising the encoder, which includes convolutional layers, max-pooling downsampling layers, and fully connected layers. The right side consists of the decoder, featuring deconvolutional networks, upsampling layers, and fully connected layers. The encoder takes a 64 × 64 single-channel input, with feature map sizes progressively decreasing: 64 × 64 > 32 × 32 > 16 × 16 > 8 × 8 > 4 × 4. It then flattens into a one-dimensional array of length of 16, which is further compressed into two latent space features through three fully connected layers. The decoder’s structure mirrors that of the encoder. It starts by inputting the two latent space features into three fully connected layers, expanding into a one-dimensional array of length of 4. The feature map sizes then progressively increase: 2 × 2 > 4 × 4 > 8 × 8 > 16 × 16 > 32 × 32 > 64 × 64. The final output is a coalbed methane drainage pressure field map of the same dimensions as the input. This network architecture combines the feature extraction capabilities of convolutional networks with the spatial reconstruction abilities of deconvolutional networks, making it highly suitable for pressure field reconstruction tasks that require precise pixel-level predictions.




2.3. Deep Neural Network-Based Prediction Model for Potential Spatial Parameters


To incorporate three crucial parameters of coal mine methane extraction and establish a nonlinear mapping relationship between these parameters and the latent space parameters of the coalbed methane drainage pressure field, this study developed a highly adaptable deep neural network capable of handling various complex issues. The network consists of an input layer, an output layer, and three hidden layers, as illustrated in Figure 4. Each node in a given layer is fully connected to all nodes in the subsequent layer, with inter-layer connections depicted in different colors for clarity. The input layer consists of five nodes: x1, x2, x3, x4, x5. The first hidden layer comprises 50 nodes (h1(1) to h50(1)), the second hidden layer contains 25 nodes (h1(2) to h25(2)), and the third hidden layer has 10 nodes (h1(3) to h10(3)). The output layer includes 2 nodes. The number of nodes in the input layer is typically determined by the number of features, while the number of nodes in the output layer depends on the output. For the hidden layers, it is recommended to start with a smaller network, beginning with 5 neurons and a single hidden layer, and gradually increase the number of nodes until the model’s performance no longer shows a significant improvement.




2.4. Grid Search Method


This study employs a grid search method with cross-validation to optimize and improve the network. The grid search method can be divided into two parts: search and cross-validation. In grid search, various parameter combinations are exhaustively traversed; hence, it is also referred to as exhaustive search. Cross-validation is a statistical method that involves partitioning a dataset into smaller subsets. K-fold cross-validation is a widely used form of cross-validation. This study employs a 5-fold cross-validation approach, wherein the complete dataset is randomly partitioned into five subsets of equal size. In each iteration, four subsets are utilized as the training set, while the remaining subset serves as the test set. This process is repeated five times, and the average accuracy is computed to serve as the final evaluation metric for the model.




2.5. DNN-CAE-Based Reduced-Order Model for Coal Seam Gas Extraction


This section primarily presents the DNN-CAE reduced-order model for coalbed methane extraction, which integrates convolutional autoencoders (CAEs) and deep neural networks (DNNs). The complete workflow, from full-order mathematical modeling to reduced-order prediction models, combining physical modeling with data-driven approaches, is illustrated in Figure 5, and the framework is shown in Figure 6.



	(1)

	
Full-order mathematical modeling of coalbed methane extraction: Establish a set of partial differential equations representing the coalbed methane extraction process, including the gas migration field, effective stress field, and permeability evolution field. This modeling provides the theoretical foundation for subsequent numerical computations and dataset construction.




	(2)

	
Dataset construction: Construct training and testing datasets for the convolutional autoencoder (CAE) and deep neural network (DNN) models. As an unsupervised learning method, the CAE dataset consists of full-order numerical solutions for coalbed methane extraction. The input for the DNN model includes factors affecting coalbed methane extraction, such as initial gas pressure, initial coal seam permeability, and mining time.




	(3)

	
Pressure field reconstruction model construction: Section 2.2 describes the CAE established in this study for compressing and reconstructing the full-order numerical solutions of coalbed methane extraction. The process begins with inputting the full-order numerical solution into the CAE. Through multi-scale convolution and upsampling operations, the full-order solution is compressed into a lower-dimensional latent space and then reconstructed to its original dimension. The reconstructed solution is compared with the full-order numerical solution to calculate the error, and the CAE is continuously optimized using the Adam optimization method.




	(4)

	
Latent space parameter prediction model construction: Section 2.3 introduces the DNN developed to predict latent space parameters. This network establishes a nonlinear mapping relationship between the physical parameters of coalbed methane extraction and the latent space parameters of the reduced-order model. The network takes coalbed methane extraction physical parameters as the input and, through multiple fully connected neural network layers, outputs the latent space parameters of the reduced-order model. The Adam optimization method is also used to optimize the deep fully connected neural network.




	(5)

	
Construction of the reduced-order model for coalbed methane extraction: Integrating the deep fully connected neural network and CAE to achieve a reduced-order model for the full-order mathematical model of coalbed methane extraction. The model takes gas extraction parameters as the input, predicts latent space parameters using the deep fully connected neural network, and then reconstructs the full-order solution using the convolutional decoder.









3. Experiments


3.1. Datasets


Based on previous research on the factors influencing gas extraction [34,35], this study designed the parameter settings for the full-order numerical model of coalbed methane extraction, as shown in Table 2.



This study focuses on three primary influencing factors: x1 initial coalbed methane pressure, x2 initial permeability, and x3 extraction time. Initial coalbed methane pressure x1 represents the methane pressure in the coalbed prior to extraction. It significantly affects the coalbed’s effective stress, residual pressure after extraction, and the flow state of coalbed methane. The initial gas pressure in coal mines (x1) typically ranges between 1 and 3 MPa. However, as mining depth increases, the gas pressure in coal seams also rises. Therefore, this study sets the gas pressure at four different levels: 1, 2, 3, and 4 MPa. Initial permeability (x2) refers to the capacity of the coal seam rock or coal mass to allow gas or liquid to pass through under a given pressure difference before gas extraction. Permeability in coal seams varies widely, generally ranging from 1 × 10−17 to 1.0 × 10−14 m2. However, coal seams with high gas extraction demands, particularly those with outburst risks, typically exhibit lower permeability. Previous studies have shown that permeability values below 2.5 × 10−17 m2 are highly prone to gas outbursts. Yet, based on previous fieldwork, coal seams with permeability between 3 and 4 × 10−17 m2 are also considered to present significant outburst risks. Therefore, in this study, the permeability of coal seams is set to four different values: 1, 2, 3, and 4 (×10−17 m2). Extraction time x3 is the duration of the gas extraction process, directly affecting the total amount of methane extracted and the effectiveness of the extraction. In coalbed methane extraction operations, the time required to achieve the target extraction standard directly impacts the production continuity of the mining face. Therefore, the extraction time was varied over a range of 1, 10, 20, 30, …, and 300 days to comprehensively cover different stages of coalbed methane extraction.



A full-order numerical model for coal mine gas extraction was computed based on the cross-combination of different parameters, yielding results for the distribution of coal seam gas pressure, gas extraction flow rate x4, and gas extraction concentration x5. A total of 480 experimental samples were generated. Prior to model training and optimization, these samples were divided into training and testing sets in a 9:1 ratio and subsequently standardized.




3.2. Hyperparameter Tuning of Reconstructed Pressure Field Models for Coal Seam Gas Extraction


This subsection employs mean squared error (MSE) as the evaluation metric to perform hyperparameter tuning for the convolutional autoencoder model using grid search. The grid search results are depicted in Figure 7. The x-axis represents different learning rates (lr), ranging from 0.005, 0.003, 0.001, 5 × 10−4, 1 × 10−4, 5 × 10−5, to 1 × 10−5 from left to right. The y-axis denotes different batch sizes, ranging from 128, 96, 64, 32, 16, 8, to 4 from top to bottom. The color bar transitions from red (high error) to blue (low error), with darker colors indicating higher errors.



The combination of batch size = 16 and learning rate = 5 × 10−5 yields the lowest MSE of 0.00108. Generally, smaller batch sizes (4~32) and smaller learning rates (1 × 10−5~1 × 10−4) result in lower MSE values and provide more stable performance. When the batch size is smaller (4~32), the model’s MSE tends to perform better. Performance significantly deteriorates when the batch size increases to 64 or above. For example, when batch size = 128 and learning rate = 0.005, the model exhibits poor performance (MSE = 1.17486). With larger batch sizes (such as 128 or 96), regardless of learning rate adjustments, the MSE values remain high. Conversely, smaller batch sizes (such as 4, 8, or 16) result in a significant decrease in MSE, particularly when paired with smaller learning rates.



Additionally, the model performs better with smaller learning rates (1 × 10−5 to 1 × 10−4) during optimization. Learning rates greater than 0.001 cause the model to fail in effectively learning, leading to a sharp decline in performance and MSE approaching 1.17. Larger learning rates (such as 0.005 or 0.003) generally result in higher MSE values. Smaller learning rates (such as 1 × 10−4, 5 × 10−5, or 1 × 10−5) significantly reduce MSE, especially when combined with smaller batch sizes. While smaller learning rates and batch sizes improve MSE performance, they may increase the training time. Therefore, a balance between performance and efficiency should be considered in practical applications.



Based on the grid search tuning results, the convolutional autoencoder was trained using the parameter combination of batch size = 16 and learning rate = 5 × 10−5. Figure 8 illustrates the decline in MSE during the training process. The horizontal axis represents the number of training steps, while the vertical axis denotes the MSE value. The training process is generally divided into four stages. (1) Initial high error: at the start of training, the initial MSE is close to 1, indicating a large prediction error from the model in its initial state. (2) Rapid decline phase: within the first 50 steps, the MSE value decreases rapidly. This swift reduction in initial error occurs because the model begins to capture the fundamental patterns and features in the data. This phase represents a quick transition from the model’s random initialization state to a basic understanding of the data. The learning rate of 5 × 10−5 performs well during this early phase, without exhibiting oscillations or convergence issues that might occur with a higher learning rate. (3) Slow decline phase: after approximately 50 steps, the rate of MSE reduction slows significantly, and the curve flattens out. This indicates that the model has gradually reached a lower error level, with the smaller learning rate leading to smaller adjustment steps. (4) Stabilization: in the later stages of training (around 200 steps and beyond), the MSE value stabilizes with minimal changes, and the curve becomes nearly horizontal. This suggests that the model is nearing convergence, with its performance stabilizing and the error no longer significantly decreasing.



The results indicate that the chosen batch size (16) and learning rate (5 × 10−5) are effective, bringing the model close to a global optimal state while avoiding the slow learning progress that can occur with excessively low learning rates.



Figure 9 illustrates the reconstruction performance of the CAE model for the gas extraction pressure field, showcasing exceptional accuracy. The reconstructed pressure field is visually indistinguishable from the real pressure field, indicating that the CAE effectively captures and reproduces the critical features of the pressure field. The CAE demonstrates a strong ability to preserve spatial structure, with both the central low-value regions and the surrounding high-value regions maintaining a high degree of consistency in terms of shape, size, and position compared to the full-order pressure field.



The CAE also has a strong ability to capture nonlinear details. Even subtle changes in the flow field can be accurately reconstructed by the CAE. For example, it effectively models the sharp pressure gradients around gas extraction boreholes and the gradual transitions at the pressure field periphery. Moreover, the CAE handles pressure field boundaries delicately, without noticeable boundary distortion or blurring. From various reconstruction cases with different gas extraction parameters, it is evident that the CAE can accurately reconstruct pressure fields with varying gas pressures and distributions, demonstrating stability in handling diverse pressure field scenarios. The CAE model constructed in this study excels in overall pressure field reconstruction, detail preservation, adaptability to different pressure field patterns, and boundary handling. Its high-precision reconstruction capability provides a solid foundation for applications in pressure field prediction, parameter estimation, and real-time monitoring.




3.3. DNN Hyperparameter Tuning


Hyperparameter tuning for the batch size (batch_size) and learning rate (lr) of the DNN-based latent space parameter prediction model was conducted using grid search, with the results shown in Figure 10. Each cell displays the MSE under specific combinations of batch size and learning rate, with colors ranging from red to blue, indicating a range of error values from high (4.0200) to low (0.0460).



Regarding the impact of the learning rate on model MSE, Figure 10 indicates that higher learning rates (lr = 0.001 and 1 × 10−4) tend to result in higher MSE values across most batch sizes. For instance, with batch_size = 256 and lr = 0.001, the MSE reaches 4.0098. This suggests that an excessively high learning rate may cause the model to overfit or become unstable, thereby failing to accurately capture the data features. Moderate learning rates (lr = 5 × 10−5 and 1 × 10−5) generally result in lower MSE values, with the lowest MSE observed at batch_size = 1 and lr = 1 × 10−5, where MSE is 0.0460. This range of learning rates appears to offer a good balance, allowing the model to learn effectively while maintaining stability. Conversely, lower learning rates (lr = 1 × 10−6) often lead to increased MSE. For example, at batch_size = 8 and lr = 1 × 10−6, the MSE is 1.1913. This indicates that excessively low learning rates can result in excessively slow learning, preventing the model from acquiring sufficient information effectively.



When the batch size during model training is larger (batch_size = 256, 196, 128), the model generally exhibits higher MSE. While a larger batch size provides stable gradient estimates, it may make it challenging for the model to escape local minima when combined with a higher learning rate. In contrast, a moderate batch size (batch_size = 64, 32, 16) tends to result in better MSE performance. For instance, with batch_size = 32 and a moderate learning rate lr = 5 × 10−5, the model performs relatively well with an MSE of 0.0913.



Smaller batch sizes (batch_size = 8, 4, 2, 1) can also yield lower MSE values. For example, with batch_size = 1 and lr = 1 × 10−5, the MSE is 0.0460. However, very small batch sizes can lead to higher MSE in certain combinations, such as batch_size = 8 and lr = 1 × 10−4, which may be due to excessive gradient fluctuations. The lowest MSE is achieved with the combination of batch_size = 1 and lr = 1 × 10−5. This indicates that under this configuration, the model can finely adjust to capture data features, resulting in the minimum error. Based on the hyperparameter tuning results, a batch size of 1 and a learning rate of 1 × 10−5 were chosen for training the DNN model. The trend of the MSE during training is illustrated in Figure 11, with the vertical axis using a logarithmic scale to depict the range of MSE values.



Initially, the model exhibits a high MSE, reaching the thousands, as the parameters have not yet been adjusted and the prediction errors are substantial. However, within approximately the first 50 steps, the MSE rapidly declines, indicating that the model quickly learns the data features. In the intermediate phase, the MSE decreases more slowly, and the learning rate tapers off. A significant drop is observed around step 300, which may be attributed to the Adam optimization algorithm’s adjustment of weights during the later stages of training. This adjustment, based on gradient information, effectively prevents the model from oscillating near local optima, facilitating further optimization. In the final phase, from step 300 to step 500, the model’s mean squared error (MSE) continues to decrease, ultimately stabilizing at approximately 0.1.





4. Analysis


4.1. Performance Comparison


To validate the reliability and superiority of the DNN-CAE model reduction algorithm, this study compares its performance with the traditional POD-RBF model reduction algorithm using the same gas extraction pressure field dataset.



Figure 12 illustrates the reconstruction results of the true pressure field and the predictions obtained from the two methods: the DNN-CAE and POD-RBF. The DNN-CAE predictions are closer to the true pressure field, particularly in terms of the details and boundary regions of the pressure field. In contrast, the POD-RBF predictions show significant color discrepancies from the true pressure field, as seen in the low-value regions between boreholes in Figure 12a,b. This indicates that the DNN-CAE method achieves higher prediction accuracy compared to POD-RBF, which is further corroborated by the error results presented in Table 2.



Moreover, the DNN-CAE method better preserves the overall structure and local features of the pressure field. For instance, in Figure 12c,d, the center low-value region reconstructed by the DNN-CAE closely matches the shape and size of the true pressure field. In contrast, POD-RBF exhibits some distortion, indicating that DNN-CAE has superior structural preservation capability. Additionally, the DNN-CAE effectively captures the extrema of the pressure field. For example, in Figure 12a,c, the high-value regions (yellow areas) reconstructed by the DNN-CAE are closer to the true pressure field compared to the POD-RBF method, which tends to underestimate these values. While DNN-CAE shows some unnatural artifacts in the boundary regions of the pressure field, it performs well in predicting key central borehole locations.



Table 3 further evaluates the predictive performance of the DNN-CAE and POD-RBF models using metrics such as mean squared error (MSE), mean absolute error (MAE), root mean squared error (RMSE), and reconstruction time. The comparison reveals that DNN-CAE outperforms POD-RBF across all performance indicators. Moreover, the DNN-CAE demonstrates significantly faster computational speed compared to POD-RBF. The prediction computation time for the DNN-CAE is under 1 s for all parameter combinations, while POD-RBF consistently exceeds 9 s. Specifically, with parameters (x1 = 231.0, x2 = 4.0, x3 = 3.0), the DNN-CAE achieves a prediction time of 0.44761 s, while POD-RBF requires 10.01112 s, highlighting the DNN-CAE’s substantial advantage in terms of computational efficiency.



This indicates that DNN-CAE not only provides higher accuracy but also faster computation speeds, demonstrating its broad potential for practical engineering applications.




4.2. Coal Mine Field Testing


To validate the field application effectiveness of the DNN-CAE reduced-order model for gas extraction pressure fields, the Ji15-17-12130 mining face at Shoushan Mine in Xuchang City, Henan Province, China, was selected as the test site, as shown in Figure 13. This mining face is located in the seventh section of the eastern wing of the Ji-2 mining area, bordered by the Ji-2 mining area transport incline to the west and adjacent to the Mine 53 exploration line to the east. To the north lies the Ji15-17-12110 mining face, which has already been mined, and to the south is the Ji15-17-12150 gas control drift, currently under construction. The elevation of the mining face ranges from −797.1 m to −754.4 m, corresponding to a surface elevation of +136.4 m to +170.9 m. The designed strike length of the mining face is 1528 m, with a mining length of 271 m. The Ji15-17 coal seam is being mined in this face, with an extractable reserve of 3.128 million tons. The Ji15-17-12130 mining face has a uniform coal seam structure with relatively stable thickness. The Ji15-17 coal seam is black, powdery, relatively soft, and fractured, with a banded structure, primarily consisting of bright coal, followed by dull coal and vitrain. The macroscopic coal lithotype is semi-bright coal, with a vitreous luster and a relatively soft texture. The coal seam thickness ranges from 4.9 to 6.5 m, averaging 5.3 m, with a relatively stable dip angle generally between 3° and 12°, averaging 7°.



The specific drilling operations for the Ji15-17-12130 mining face (within the region extending 0–530 m outward from the cutting face) were carried out as follows, with the actual drilling layout presented in Figure 14.



Ji15-17-12130 gas extraction tunnel No. 1: From 14 October 2022 to 15 April 2023, gas extraction drilling was conducted along the roadway direction in Gas Control Roadway No. 1. Drilling was performed every 6.4 m, with each group consisting of 16 hydraulic drilling holes. A total of 83 groups were drilled, comprising 1328 holes.



Ji15-17-12130 gas extraction tunnel No. 2: From 27 December 2022 to 15 April 2023, gas extraction drilling was performed every 6.4 m, with each group consisting of 15 hydraulic drilling holes. The design called for 80 groups, totaling 1200 holes. However, based on actual field operations, a total of 81 groups were drilled, comprising 1215 holes.



Ji15-17-12130 gas extraction tunnel No. 3: From 27 November 2022 to 15 February 2023, gas extraction drilling was conducted in the Ji15-17-12130 machine roadway drainage. A total of 87 hydraulic drilling holes were completed along the roadway direction.



From the commencement of the first group of boreholes on 15 October 2022 until June 2023, a total of 1,743,026.2 m3 of gas was extracted from the evaluation unit of the Ji15-17-12130 mining face, extending 0–530 m outward from the cutting face. By the requirements for evaluating the effectiveness of anti-outburst measures, the residual gas pressure in the Ji15-17-12130 mining face was directly measured from 15 June 2023 to 13 July 2023.



Figure 15 illustrates the distribution of gas pressure at various locations along the cut eye direction in the Ji15-17-12130 mining face, as predicted using the DNN-CAE gas extraction pressure field reduced-order model. The variation in pressure is indicated by the color intensity. The accompanying table provides a detailed listing of the original gas pressure and the gas pressure after extraction for six measurement points. The last two columns present the actual gas pressure after extraction and the predicted gas pressure calculated using the DNN-CAE gas extraction pressure field reduced-order model.



Table 4 presents the gas extraction parameters for the test boreholes and the residual coal seam gas pressure predicted using the DNN-CAE gas extraction pressure field reduced-order model. Combining the information from Figure 15 and Table 4, it is evident that within the 0 to 530 m range outward from the cutting face, the gas pressure exhibits a relatively uniform distribution. However, these values fluctuate due to the influence of extraction time as the distance increases. The gas extraction boreholes near the cutting face were drilled and extraction commenced earlier than those farther away. Consequently, the predicted gas pressures for test boreholes 1, 2, and 3, which are located farther from the cutting face, are higher than those for test boreholes 4, 5, and 6.



Based on Table 4, the DNN-CAE model performed well in predicting gas pressure after extraction in the Ji15-17-12130 mining face of the Shoushan Mine. The MSE between the predicted and actual values is 2.73 × 10−5, which is extremely low, indicating that the model’s prediction errors are minimal across most measurement points. Since MSE is sensitive to larger errors, this suggests that the model demonstrates a high level of overall predictive accuracy. The MAE is 0.00493, representing the average absolute difference between predicted and actual values. A low MAE indicates that the DNN-CAE model’s prediction error for gas pressure is approximately 0.005 on average, which is a very small margin of error, showcasing the model’s strong predictive capabilities. The RMSE is 0.00522, slightly higher than the MAE. This is because RMSE is more sensitive to larger errors. Nevertheless, RMSE remains at a very low level, further affirming the model’s high accuracy in predictions.



The DNN-CAE model’s MSE, MAE, and RMSE values are all very small, indicating that its predictions for residual gas pressure in the test working face are highly accurate. Whether in terms of mean squared error, mean absolute error, or root mean squared error, this model fits the actual data well and demonstrates excellent predictive performance in the test working. The establishment of this model provides valuable insights for predicting residual gas pressure fields in coal mines.





5. Conclusions


	(1)

	
This paper proposes a reduced-order modeling method for coal mine gas extraction based on deep neural networks and convolutional autoencoders (DNNs-CAEs). The method encompasses five main components: full-order mathematical modeling, dataset construction, pressure field reconstruction model, and latent space parameter prediction model. The developed reduced-order model integrates both physical models and data-driven dynamics without explicit equations, enabling the effective prediction of reduced-order coal mine gas extraction pressure fields.




	(2)

	
A dataset for the numerical computation of the full-order gas extraction model pressure field was constructed. Hyperparameter experiments determined the optimal parameters for the pressure field reconstruction model and latent space parameter prediction model. The optimal parameters for the pressure field reconstruction model were found to be batch_size = 16 and lr = 5 × 10−5, with the lowest MSE of 0.00108. The optimal parameters for the latent space parameter prediction model were batch_size = 1 and lr = 1 × 10−5, achieving the lowest MSE of 0.046.




	(3)

	
To verify the reliability and superiority of the proposed DNN-CAE reduced-order algorithm, a comparative analysis was conducted between the DNN-CAE model and the traditional POD-RBF reduced-order model. The results demonstrate that DNN-CAE offers notable advantages over POD-RBF in terms of pressure field reconstruction accuracy, preservation of overall pressure field structure, and capture of pressure field extrema. Additionally, the DNN-CAE’s computational time is consistently under 1 s, while POD-RBF exceeds 9 s. This indicates that DNN-CAE also possesses significant advantages in computational efficiency and holds considerable potential for practical applications in coal mining engineering.




	(4)

	
The Ji15-17-12130 mining face at Shoushan Mine in Xuchang City, Henan Province, China, was selected as the test site. The DNN-CAE gas extraction pressure field reduced-order model was employed to predict gas pressure at various locations along the strike of the mining face. The MSE between the predicted values and the actual field measurements was 2.73 × 10−5, the MAE was 0.00493, and the RMSE was 0.00522, indicating high accuracy in predicting gas pressure after extraction in the test working face. The establishment of this model provides valuable insights for predicting residual gas pressure fields in coal mines. We are also in the process of applying this model to a regional gas extraction digital twin system that we are developing.
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Figure 1. Physical field coupling relation of coal seam gas extraction flow model. 
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Figure 2. Geometric modeling for numerical simulation of gas extraction. 
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Figure 3. CAE model structure for reconfiguration of pressure field in coal seam gas extraction. 
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Figure 4. Structure of the DNN model for predicting patent space parameters of methane extraction pressure field. 
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Figure 5. DNN-CAE model construction process. 
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Figure 6. DNN-CAE-based reduced-order model for coal seam gas extraction. 
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Figure 7. Mesh search results for model batch size and learning rate for CAE. 
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Figure 8. Learning error of CAE decreases when batch_size = 16 and lr = 5 × 10−5. 
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Figure 9. Effect of CAE on the reconstruction of the gas extraction pressure field. 
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Figure 10. Mesh search results for model batch size and learning rate for DNN. 
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Figure 11. Decrease in learning error of DNN when batch_size = 1, lr = 1 × 10−5. 
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Figure 12. Comparison of the prediction effect of DNN-CAE and POD-RBF on the pressure field of gas extraction. 
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Figure 13. Plan view of mining and excavation projects in the Shoushan Mine area. 
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Figure 14. Plan view of borehole construction. 
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Figure 15. Distribution of test boreholes in the mining face and DNN-CAE reconstruction of the gas pressure field. 
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Table 1. The physical parameters of finite element numerical simulation.
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	Parameters
	Values





	Molar mass of gas, Mc
	0.016 kg/mol



	Molar gas constant, R
	8.3143 J/(mol·K)



	Coal temperature, T
	300 K



	Initial fracture porosity of coal, ϕf0
	0.012



	Gas Langmuir volumetric strain constant, εL
	0.0128



	Initial permeability of coal seam, k0
	3 × 10−17 m2



	Poisson’s ratio of coal seam, v
	0.339



	Molar volume of gas at standard conditions, Vm
	22.4 L/mol



	Kinetic viscosity coefficient of gas, μ
	1.08 × 10−5 Pa·s



	Langmuir pressure constant for gas, PL
	1 × 106 Pa



	Langmuir volume constant for gas, VL
	0.02 m3/kg



	Apparent density of coal seam, ρc
	1250 kg/m3



	Adsorption time, τ
	9.2 d



	Modulus of elasticity of coal seam, E
	2.7 × 109 Pa










 





Table 2. Parameter settings for numerical calculation of the full-order model.
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Influencing Factors

	
Variable Name

	
Unit

	
Value






	
Initial coal seam gas pressure

	
x1

	
MPa

	
1

	
2

	
3

	
4




	
Initial permeability of coal seam

	
x2

	
10−17 m2

	
1

	
2

	
3

	
4




	
Extraction time

	
x3

	
day

	
1, 11, 21, 31, …, 301











 





Table 3. Comparison of prediction error and computation time between DNN-CAE and POD-RBF for gas extraction pressure field.
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Values of Gas Extraction Parameters

x1, x2, x3, x4, x5

	
DNN-CAE

	
POD-RBF




	
MSE

	
MAE

	
RMSE

	
Time

	
MSE

	
MAE

	
RMSE

	
Time






	
4.0 MPa, 2 × 10−17 m2, 91 d,

8.6%, 0.050 m3/min

	
0.021

	
0.118

	
0.145

	
0.514

	
0.062

	
0.195

	
0.248

	
10.595




	
3.0 MPa, 3 × 10−17 m2, 121 d,

4.1%, 0.033 m3/min

	
0.006

	
0.058

	
0.080

	
0.636

	
0.025

	
0.124

	
0.159

	
10.312




	
4.0 MPa, 1 × 10−17 m2, 161 d,

2.3%, 0.018 m3/min

	
0.018

	
0.109

	
0.134

	
0.525

	
0.071

	
0.212

	
0.267

	
10.062




	
4.0 MPa, 3 × 10−17 m2, 231 d,

0.8%, 0.010 m3/min

	
0.003

	
0.044

	
0.055

	
0.448

	
0.019

	
0.106

	
0.138

	
10.011











 





Table 4. Measured parameters of gas extraction in test boreholes and predicted gas pressure after extraction.
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Test Boreholes

	
Test Borehole 1

	
Test Borehole 2

	
Test Borehole 3

	
Test Borehole 4

	
Test Borehole 5

	
Test Borehole 6






	
Test borehole location outside the cutting face

	
480 m

	
190 m

	
300 m

	
210 m

	
120 m

	
30 m




	
Initial gas pressure (MPa)

	
1.1

	
0.95

	
1.3

	
0.8

	
0.95

	
1.1




	
Initial coal seam permeability

(10−17 m2)

	
3

	
3

	
3

	
3

	
3

	
3




	
Extraction time (d)

	
150

	
140

	
140

	
170

	
160

	
180




	
Gas extraction flow rate (m3/min)

	
0.051

	
0.060

	
0.055

	
0.046

	
0.052

	
0.046




	
Gas extraction concentration (%)

	
1.9

	
2.1

	
2.1

	
1.9

	
1.8

	
1.8




	
Actual gas pressure after extraction (MPa)

	
0.20

	
0.20

	
0.20

	
0.17

	
0.19

	
0.18




	
Predicted gas pressure after extraction (MPa)

	
0.2123

	
0.1923

	
0.2146

	
0.1786

	
0.1860

	
0.1705




	
MSE

	
2.73 × 10−5




	
MAE

	
0.00493




	
RMSE

	
0.00522
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