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Abstract

:

Featured Application


Authors are encouraged to provide a concise description of the specific application or a potential application of the work. This section is not mandatory.




Abstract


Kinmen Island was in a state of combat readiness during the 1950s–1980s. It opened for tourism in 1992, when all troops withdrew from the island. Most military installations, such as bunkers, anti airborne piles, and underground tunnels, became deserted and disordered. The entries to numerous underground bunkers are closed or covered with weeds, creating dangerous spaces on the island. This study evaluates the feasibility of using Electrical Resistivity Tomography (ERT) to detect and discuss the location, size, and depth of underground tunnels. In order to discuss the reliability of the 2D-ERT result, this study built a numerical model to validate the correctness of in situ measured data. In addition, this study employed the artificial intelligence deep learning technique for reprocessing and predicting the ERT image and discussed using an artificial intelligence deep learning algorithm to enhance the image resolution and interpretation. A total of three 2D-ERT survey lines were implemented in this study. The results indicate that the three survey lines clearly show the tunnel location and shape. The numerical simulation results also indicate that using 2D-ERT to survey underground tunnels is highly feasible. Moreover, according to a series of studies in Multilayer Perceptron of deep learning, using deep learning can clearly show the tunnel location and path and effectively enhance the interpretation ability and resolution for 2D-ERT measurement results.
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1. Introduction


Kinmen is a small island. During the 43 years of military control, the Kinmen government constructed various defence works and military camps, as well as many spiritual landmarks. Military installations, bunkers, and tunnels can be seen across the island. During the military administration, there were at least 1000 barracks, 22 large-scale monuments, 28 memorial pavilions, and 10 large underground Halls in the Kinmen area [1]. As it was in a state of combat readiness for an extended period, 120,000 soldiers were stationed in Kinmen. After the 1990s, the government regained local autonomy and democratic governance, and the original historical sites became the resources of local tourism development. In recent years, with the reduction of military garrison and opening of military spaces, the pace of development has accelerated. It is estimated that over 1000 vacant barracks will be released over the coming years. At least 300 barracks have been or are in the process of being released, and about 50 to 80 barracks are planned for annual release.



Although the vacant barracks are being released, the numerous underground bunkers are still closed or covered with weeds. In recent years, there have been frequent occurrences of collapsing underground bunkers that endanger private property [2]. Public works were frequently halted due to the discovery of underground bunkers during excavation [3] and ammunition depots excavated during public works [4]. The original data on these underground bunkers, including their planimetric positions, massing sizes, and underground depths, are difficult to obtain or simply incorrect. These difficulties and inconsistencies result from frequent changes of documents keepers and mistakes in handover during army withdrawal. Therefore, the Kinmen County Government faces a challenge in providing a detailed report on underground bunker investigation necessary when planning public works, thus delaying the planning and design schedule. If an underground bunker is discovered during the construction, the works must be halted. Without such reports, the building schedule cannot resume, which significantly delays the construction progress and affects the efficiency of government administration. In addition, the army faces similar problems of unknown or unclear locations of underground bunkers when returning the land to private owners, thus affecting the military handover schedule. Civilians also worry about whether there are any underground bunkers nearby, endangering their homes and safety.



Over the past decades, despite societal progress, urban disasters occurred frequently. The collapse of underground bunkers across Kinmen is an example of such disasters. Detailed and correct geological data of the site can enhance the effectiveness of urban disaster prevention and reduce the potential damage these disasters may cause. The geotechnical engineering investigation targets the geological conditions of the site. The conventional geotechnical investigation uses mainly the geological drilling method, but the drilling cost is high and provides only a single point of information. Sometimes it needs to be combined with the geophysical exploration method to gain the complete geological picture.



In recent years, nondestructive geophysical technology has been gradually introduced in different underground environmental surveys. In combination with document information, the information of underground “surface and space” can be obtained [5]. In the past, geophysical exploration was used in the geotechnical investigation primarily for seismic detection (refraction, reflection, and surface wave techniques). The elastic wave velocity of strata is closely bound with the material engineering characteristics [6,7,8], but the seismic detection is likely to be influenced by ambient vibration noise. Moreover, seismic refraction detection cannot positively detect the low-velocity layer under the high-velocity one, and the shallow layer (less than 50 m) reflection seismic detection is challenging to implement. The surface wave seismic detection is mainly 1D and 2D probing technique, and the 3D detection method is still in the preliminary research stage. Ground-penetrating radar is an electromagnetic method similar to seismic reflection detection. Here detecting the distribution of bed boundary and the localisation of depth and the depth of investigation are limited. If a Bistatic antenna is used, it can increase the detection depth capability [9,10,11,12]. The ground-penetrating radar has been used in underground structure and archaeological investigations to a great extent, for instance, in underground tunnel mining [13,14], underground pit mining [15,16], and historical building mining [17,18]. However, the ground-penetrating radar only judges the location of possible tunnel structures derived from the discontinuity of radar wave velocity. The shape, size, depth, and distribution range of underground blockhouses are unknown.



Electrical Resistivity Tomography (ERT) is a geophysical method of mapping underground structures using electrodes placed in boreholes or electrical resistivity measurements from the surface. The present electrical resistivity tomography technique can explore 2D and even 3D resistivity distribution, and the depth of investigation can be adjusted easily by the length of the measuring line. The resistivity is highly correlated with the geomaterial and groundwater characteristics, so it has gradually become one of the primary geophysical methods of geotechnical investigation. In the past decade, the ERT has been extensively used in a variety of geotechnical and environmental engineering investigation and monitoring, for instance, in geologic surveys [19,20], fault line surveys [21,22,23,24,25], slipping plane survey and monitoring [26,27,28], groundwater investigation and pollution monitoring [29,30], reservoir/dam leakage investigation and monitoring [31,32], refuse landfill leakage investigation and monitoring [33,34,35], and underground tunnel mining [36,37,38].



Kinmen Island is located between Taiwan and China. The test site is located in an abandoned barracks area in the central region of Kinmen Island, shown in Figure 1. A large-scale military defensive infrastructure was built in this area, including multiple underground tunnels. The Shuangru Mountain Tunnel was built in 1949. It is 1142 m long, extending in all directions, and had a significant strategic position and value. After the troops’ withdrawal, the Kinmen County Government declared this tunnel an important cultural heritage in 2019, as it had significant historical value. However, the site has been in disrepair; multiple tunnel intersections have collapsed, and it is difficult to determine the tunnel path and true underground location. This study attempts to evaluate the feasibility of using ERT to detect the basic data on the location, size, and depth of the underground tunnel.



The measurement results of ERT in the geotechnical investigation is influenced by soil water content, geological structure, groundwater level, and ambient noise, among other things. These factors affect the sensitivity of ERT measurement and spatial analysis, so this technology still faces problems in spatial resolution capability. Therefore, this study intends to construct a numerical model with the collected data to discuss the reliability of ERT results for detecting underground tunnels.



As all geologic configurations are essentially 3D, theoretically, the 3D resistivity survey is supposed to obtain the most accurate result [39]. At present, the 3D ERT survey has been studied by most scholars actively, but it is not yet as extensively used as 2D ERT. The main reason is that the Conduct 3D ERT test needs a larger area site, 3D ERT has a relatively higher cost, and field tests take a long time. Therefore, the use of the 3D ERT survey is not yet widespread.



In recent years, artificial intelligence has been extensively used in various domains [40]. This study uses the deep learning algorithm of artificial intelligence for reprocessing several 2D-ERT images from a field test. The Multilayer Perceptron (MLP) of the deep learning method is used to approximate resistivity value. More profiles are developed from the original 2D-ERT images, and the 3D resistivity value information is approximated by different profiles to establish the 3D resistivity model. This study aims to enhance the image resolution capability and interpretation capability of deep learning and discusses the feasibility of this type of artificial intelligence algorithm for enhancing 2D-ERT image resolution.




2. Research Method


2.1. Electrical Resistivity Tomography (ERT)


In terms of the measuring principle of ERT, the direct current or low-frequency alternating direct current is conducted to the ground through a pair of current electrodes, C1 and C2, to establish a man-made electric field. The electric field is measured using another pair of potential electrodes, P1 and P2, so as to measure the potential difference between P1 and P2, different configurations of electrodes (e.g., Wenner, pole-dipole, Schlumberger, dipole-dipole, and pole-pole), and the movement of electrodes that correspond to different space geometry factors. Thus, apparent resistivity can be obtained. The resistivity measured infield is not the true resistivity of the subsurface structures. Therefore, the apparent resistivity needs to be calculated via an inversion analysis to obtain the approximately real resistivity profile [39].



The direct current resistivity method includes 1D, 2D, and 3D detection methods. The advantage of a 1D survey is a rapid measurement, but the defect is that it cannot consider the transverse resistivity variation, thus affecting the reliability of measurement results and interpretation. In the last few decades, to enhance the accuracy of the electrical prospecting method in result interpretation, the researchers developed the 2D survey from the pseudo depth composed of the VES and profiling results of the 1D survey. As the 2D-ERT has a low cost and short test time, the apparent underground resistivity is obtained by wiring laid, and the resistivity of subsurface soil is obtained by appropriate inverse calculation. In recent years, more research has been devoted to the research on 3D measurement, leading to higher accuracy of 3D detection. However, the effectiveness of 3D detection is still under investigation and is limited to the measurement of space and time [41,42,43,44,45]. Thus, 2D detection is still the most economical and feasible measurement method at present.



To select the test site, several underground tunnel vent holes were found on the surface of a site according to the tunnel literature, indicating a possible presence of an underground tunnel. In order to evaluate the location, size, and depth data of this tunnel, this study attempted ERT detection.



Therefore, three survey lines, L1, L2, and L3, were laid in the Shuangru Mountain Barrack Field, as shown in Figure 1. The overall length of each survey line was 46 m, the electrode spacing was 2 m. The three survey lines were parallel with each other. The distance between L1 and L2 was 5 m, the distance between L2 and L3 was 8 m. The electrode configuration used Wenner Array for data collection infield measurement. This test used the SYSCAL PRO Switch 48 ground resistance instrument of France IRIS. In this experiment, the analysis software Res2dinv (version 3.54 z) [39] developed by Geotomo was used for inverse analysis. The inverse analysis method used the optimal least square method (L2 norm). To ensure the measurement quality, each survey line was measured repeatedly to ensure the deviation was below 3%.




2.2. Reliability Analysis


To analyse the reliability of the 2D-ERT result, this study attempts to build a numerical model to validate the correctness of in situ measured data. The numerical model was built using RES2DMOD developed by Geotomo [46]. The in situ geologic configuration was simulated in the built mesh, and an appropriate resistivity value was given. The numerical solution was calculated using the finite element method to obtain apparent resistivity, and the apparent resistivity profile inverse calculation was carried out using the Optimal least square method (Res2dinv [47]). The numerical simulation resistivity profile can be obtained and compared with the in situ actual resistivity profile result.



The numerical model resistivity can be obtained from the collected geologic data, such as geologic maps, drilling data, the resistivity distribution range of geomaterial, and the preliminary detection result of ERT. Different depths, positions, or specific regions of the model are given appropriate resistivity values according to experience and professional judgment.



According to the analysis of the collected geologic data of the site, the geology around the Shuangru Mountain Tunnel mainly comprises two kinds of strata, which are silty sand within 15 m below the earth’s surface and silty clay at 15–30 m below the earth’s surface. This study referred to the geologic drilling data of the site and took the silty sand as background to build the numerical model of a tunnel and simulate the tectonics stratum of the tunnel.




2.3. Deep Learning


The MLP is one of the basic types of deep learning architecture. Its architecture follows the neural network system principle, learns, and predicts data. The MLP learns in the perceptron; the weight is changed after each data processing. The weight is adjusted using an algorithm, and the deviation in the training process is reduced to minimize the error in the amount of output and prediction results. The main advantage is the ability to solve complex problems rapidly. The MLP is a feedforward neural network composed of the multilayer structure of linear and nonlinear activation functions. Each layer is composed of basic elements of neurons, and each neuron is fully connected to all others in the previous and subsequent layers. Neurons in the network have a bias value b and an activation function f. The connection between neurons in different layers is defined by connection weight,    w i  ∈ R ,   i ∈  {  1 , 2 , … , n  }   . These parameters are updated during the training of MLP. The general activation functions are ReLU, TANH, sigmoid, and softmax. The output value y of a neuron is defined as:


  y = f  (    ∑   i = 1  n   w i   x i  + b  )   



(1)




where    x i    is the output value of neuron i of the previous layer,   i ∈  {  1 , 2 , … , n  }   . The MLP network generally includes one input layer, one output layer, and one or more dense layers, detailed below.



	
Input layer: the number of neurons of the input layer is determined by the point k of input data.



	
Hidden layer: fully connected layer between the input layer and output layer.



	
Output layer: the neuron of the output layer is determined by the number of classes or the output of the approximation function.






In the training process of MLP, the weight    w i    and offset parameter b are updated in every iteration, and the update target is a minimum loss function. After network training, it can be used for classification or function approximation. The architecture is shown in Figure 2 [48,49,50,51,52].



In this study, we used Adaptive Moment Estimation (Adam) optimization to train MLP and minimize the Mean Squared Error (MSE). Adam optimization was applied to calculate the adaptive training rate of the parameters [53]. This method, in addition to storing the descending mean of the square of the past of the gradient or    v t    and the mean of the descending of the past of the gradient or    m t   , is kept as momentum. This is why the momentum can be seen as a ball sliding on a sloping surface with no friction and, therefore, can be placed at the minimum error level [54]. Both parameters of the mean descending average of the square of the gradient and the average of the descending of the past of the gradient can be calculated as follows:


   m t  =  β 1   m  t − 1   +  (  1 −  β 1   )   g t   










   v t  =  β 2   v  t − 1   +  (  1 −  β 2   )   g t 2   








where    g t    is the gradients at subsequent time steps,    m t    and    v t    are estimates of the first moment (the mean) and the second moment (the uncentered variance) of the gradients, respectively (hence the name of the method). As    m t    and    v t    are initialized as vectors of zeros, the authors of Adam observe that they are biased towards zero, especially during the initial time steps, especially when the decay rates are low (i.e.,    β 1    and    β 2    are close to 1).



The prediction of unknown data has always been a complex problem, and it is also an important application in neural networks. The high-level network architecture of deep learning can more accurately predict and describe the distribution and changes of unknown data. The ERT profile is an inverted trapezoid; two sides are blank and short of resistivity data. This study used machine learning, data prediction, and computational ability to reduce the error between the actual value and prediction value of MLP for the blank in the field test ERT profile by MLP. The result was obtained after reiteration to convergence, forming a complete rectangular section. More profiles of different positions were developed from MLP, and the in situ 3D resistivity model was built last. In this study, we used only three-layer (discrete) 2D-ERT data to predict that multilayer (continuous) 3D ERT data is itself a complex and challenging problem. We hope that the 3D resistivity image predicted by MLP will enhance image resolution and interpretation capability.





3. Results and Discussion


3.1. ERT Field Acquisition and Data Analysis


3.1.1. L1 Survey Line


The result of the L1 survey line, according to Wenner, is shown in Figure 3 (RMS Error = 2.3%). The electrical property of the stratum is approximately divided into two layers, and the resistivity profile descends as the depth increases. There are two higher resistivity regions located at the survey line 10–18 m and 34–42 m, within 1.5 m depth from the surface. Because Kinmen Island had been free of rain for a long time in the measurement period, the topsoil was very dry. The other region shows low resistivity values at 3–18 m and 32–42 m of survey line and within 1.5–7.9 m underground. As the geology of this region is silty sand stratum, the geology is relatively loose and has higher water content. Notably, at 18–25 m of survey line and 2.5–6.5 m of depth, the resistivity value increases suddenly, the resistivity value of this region increases inwards, indicating this may be the tunnel location, according to preliminary analysis. According to Figure 3, the tunnel may be located at 2.5 m underground, with a height of about 2.5 m and a width of about 4 m, indicated by red dotted lines in Figure 3.




3.1.2. L2 Survey Line


Figure 4 shows the result of the L2 survey line (RMS Error = 2.3%). It shows the same trend as Figure 3 because the L2 survey line is close to L1. The stratum is divided into two layers, in which the middle region has relatively high resistivity, while the rest is a stratum of lower resistivity. As the geology of this region is silty sand stratum, the geology is relatively loose and has higher water content. At 18–28 m of survey line and 2.5–5.5 m of depth, the resistivity value increases suddenly, the resistivity value of this region increases inwards, indicating this may be the tunnel location according to preliminary analysis. As shown in Figure, the tunnel may be located at 2.5 m underground, with a height of about 2.5 m and width of about 4 m, indicated by red dotted lines in Figure 4.




3.1.3. L3 Survey Line


The result of the L3 survey line, according to Wenner, is shown in Figure 5 (RMS Error = 1.87%). It shows the same trend as Figure 4 because of the proximity of the L3 survey line to L2. The electrical property of the stratum is approximately divided into two layers. The resistivity profile descends as the depth increases, and there is a region of relatively high resistivity in the middle. At 3–14 m of survey line and within the earth’s surface to 1.5 m underground, this region showed higher resistivity. Because Kinmen Island had been free of rain for an extended period during measurement, the topsoil was extremely dry. The other region showed a low resistivity value at 22–42 m of survey line and within the distance of 7.9 m from the earth’s surface. As the geology of this region is silty sand stratum, the geology is relatively loose and has higher water content. At 12–20 m of the survey line and 2–5 m of depth, the resistivity value increases suddenly, and the resistivity value of this region increases inwards. This indicates a possible tunnel location, according to preliminary analysis. As shown in Figure 5, the tunnel may be located at 2 m underground, the height is about 2.5 m, and the width is about 4 m, indicated by red dotted lines in Figure 5.




3.1.4. Comprehensive Interpretation


According to the measurement results of three survey lines, L1, L2, and L3, there is a high resistivity region in the earth resistivity profile. In order to analyse whether the high resistivities are correlated with each other in space, a 2.5D simulated diagram of the three survey lines in relative positions is drawn, as shown in Figure 6. It is observed that if the high resistivity regions of various profiles are selected and connected in line, the selected region and path correspond to the tunnel location and path in the literature.





3.2. Reliability Analysis


To verify the reliability of the 2D-ERT images, this study constructed a numerical model to validate the correctness of in situ measured data. To simulate the onsite strata condition, this study used the same measurement parameters as in situ measurement, referred to the geologic drilling data of site, and took the silty sand as background to build the numerical model of a tunnel to simulate the stratum tectonics of the tunnel in the stratum. Referring to the site concrete tunnel size, a 3 m high and 5 m wide square tunnel was built at 2 m underground, and the reasonable resistivity of each unit was assumed. The resistivity value of the concrete tunnel was assumed to be 1000 ohm-m, dry air inside a tunnel, the resistivity was assumed to be 2000 ohm-m, the resistivity of the soil layer covering the tunnel was assumed to be 400 ohm-m. The numerical model is shown in Figure 7.



Figure 8 shows the numerical simulation result (RMS Error = 0.46%). As seen, the background silty sand shows low resistivity distribution, and relatively low resistivity values are shown at 2–18 m and 26–42 m of the survey line. Relatively high resistivity distribution is shown at 20–25 m of a survey line and 2–5 m of depth, indicated by red dotted lines in Figure 8. The numerical simulation result in Figure 8 is compared with the in situ test results in Figure 3, Figure 4 and Figure 5. The four figures are very similar to each other, proving that the stratum tectonics in Figure 3, Figure 4 and Figure 5 match the stratum tectonics assumed by numerical simulation, proving high reliability. Therefore, the high resistivity region is identified as the tunnel location and path.





4. Deep Learning Prediction


The 2D ERT test result mainly shows a 2D profile; the tunnel location and path cannot be interpreted directly. To establish a 3D electrical resistivity model, this study used MLP for calculation. The computational ability of learning, data prediction, and reducing the error between the actual value and prediction value of MLP was used to build the in situ 3D electrical resistivity model.



Figure 9a–g shows a series of results of deep learning prediction. Before artificial intelligence calculation, the measured data in this research must be converted into an MLP data format. The L1, L2, and L3 in situ measurement results are inputted to establish the graph of the relation of relative positions of L1, L2, and L3 for the initial model. Figure 9a shows the initial model of the original data of L1, L2, and L3; the result is similar to Figure 6. Table 1 shows the MLP network structure parameters. The MLP is a three-layer architecture, including two hidden and one output layer. Figure 9b shows the training result of the MLP network. The MLP is reiterated during training to reduce the error amount of output and prediction results and performs calculations until the network converges. Through the nonlinear iterative calculation of the MLP, as seen in Figure 9b, the error value is converged slowly after each iterative computation. Figure 9c shows the result of the original data after MLP data prediction. This is the output of the training data, which can be compared with the original data in Figure 9a. It can be seen that the training results can faithfully present the original data characteristics. Figure 9d shows the results of using the trained MLP to predict the unknown regions of L1, L2, and L3. Figure 9d shows the initially blank areas and without onsite measurement data, such as the lower left corner and the lower right corner, which can be predicted by the MLP network to predict the resistance value. Figure 9e shows the result of using the trained MLP to predict successive profiles. When the predicted number of profiles increases, the 3D resistivity model is built, and 14 profiles are predicted in this study. Due to the narrow scope of this study, the 14 layers of data are predicted by three layers of original data of the resistivity values predicted by the MLP network, which is sufficient to establish a 3D model. Figure 9f shows the 3D resistivity model result. The tunnel is a reinforced concrete structure; it is characterized by unlikely electrical conduction and high resistivity, especially in the 2D ERT result. In order to highlight the location of high resistivity, this study concealed the low resistivity colour of the 3D resistivity model in Figure 9f. After repeated tests and the resistivities are arranged, the 60% of the resistance value is taken as a boundary, the colour of resistivity value lower than 60% is hidden, and the colour of resistivity value higher than 60% is displayed. The result, after adjustment, is shown in Figure 9g; the tunnel location and path have been shown clearly.



From the existing literature, we already know the approximate location and direction of the underground tunnel in reality. The results of the MLP study show that a few (three layers) 2D-ERT data to predict the 3D ERT data can be seen and that the location of the tunnel is consistent with the actual location.




5. Conclusions


Most of the extensively hidden underground tunnels in Kinmen Island have been abandoned and unoccupied to avoid the damage to human life and property caused by tunnel breakdown and prevent accidental destruction of the precious cultural heritage. This study used 2D-ERT for in situ measurement to find the location of tunnels hidden underground. To test the reliability of 2D-ERT in tunnel survey, a numerical model was built. The actual configuration of the onsite strata and the shape of the underground tunnel were simulated to analyze and validate the accuracy of in situ measurement. In addition, to enhance the measurement result interpretation ability and resolution to determine the actual position and path of the tunnel, this study used an artificial intelligence algorithm to estimate and build a 3D electrical resistivity model.



The results indicate that three survey lines were used for 2D ERT measurement in this study. As the tunnel is a reinforced concrete structure, it is characterized by unlikely electrical conduction and high resistivity, especially in the 2D ERT result. The three survey lines have high resistivity regions in the profiles. According to the numerical simulation result, this high resistivity region is highly likely to be the tunnel location, and the tunnel location, height, and width have been displayed clearly. The three survey lines are displayed in 2.5D mode. The high resistivity regions of various profiles are selected and connected in line, and the selected region and path are similar to in situ tunnel location and path. According to the results of this study, using 2D-ERT to survey underground tunnels is highly feasible.



With the 2D-ERT test result showing a 2D profile, the tunnel location and path cannot be interpreted directly. As the 3D electrical resistivity survey is limited by space, time, and economy, the measurement is not yet frequently used. In recent years, artificial intelligence has been extensively used in various domains. To establish a 3D resistivity map, this study used the MLP of artificial intelligence deep learning algorithm for calculation and used the computational ability of learning, data prediction. The error between the actual value and prediction value of MLP was reduced to complete the building of in situ 3D electrical resistivity model. According to a series of findings, the tunnel location and path can be displayed using an artificial intelligence algorithm. The measurement result interpretation ability and resolution are enhanced effectively. This study can further discuss different types of tunnels in the future to enhance the feasibility of 2D-ERT for underground tunnel surveys.
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Figure 1. Test site location and measurement wiring diagram. 
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Figure 2. MLP architecture diagram. 
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Figure 3. L1 result. 
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Figure 4. L2 result. 
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Figure 5. L3 result. 
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Figure 6. 2.5D simulated diagram of three survey lines. 
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Figure 7. Numerical simulation model. 
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Figure 8. Numerical simulation result. 
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Figure 9. Deep learning prediction results (a–g). (a) Original data of L1, L2, and L3; (b) Error rate of MLP network training process; (c) Result of the original data of L1, L2, and L3 after MLP data prediction; (d) Result of unknown regions of L1, L2, and L3 after MLP data prediction; (e) Result of successive profiles after MLP data prediction; (f) Result of 3D resistivity model; (g) MLP predicted tunnel location and path. 
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Table 1. MLP network structure parameter list.






Table 1. MLP network structure parameter list.





	Structure
	Parameter





	Number of layers
	3



	Number of Neurons in the layers
	Input = 2,

Hidden1 = 32, Hidden2 = 32

Output = 1



	Initial weights and biases
	Random



	Activation function
	Sigmoid



	Optimization
	Adam
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