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ABSTRACT
This study proposes a comprehensive methodology for hidden layer exploration that integrates neural networks, remote sensing 
technologies, and engineering evaluation techniques. The method aims to enhance the accuracy, efficiency, and cost-
effectiveness of geological surveys by combining large-scale remote sensing data with precise ground-based survey 
information. Neural networks, optimized with an appropriate number of hidden layers and nodes, effectively process complex, 
non-linear geological data to predict the characteristics of subsurface layers. The approach was tested against traditional 
exploration methods, such as drilling and seismic surveys, and showed superior performance in terms of time efficiency, cost 
reduction, and scalability. Furthermore, the method reduces the reliance on invasive techniques, improving safety during the 
exploration process. The study also discusses the integration of the Analytic Hierarchy Process (AHP) to evaluate different 
exploration techniques. Despite its promising results, the research highlights areas for future development, including enhancing 
remote sensing data resolution, refining neural network models, and incorporating additional data sources for more robust 
analysis. Validation of the method across diverse geological environments is also recommended to assess its broader 
applicability and practical effectiveness.
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1　Introduction

Hidden layers within underground strata are often difficult to observe directly, yet they hold significant importance in 
fields such as underground engineering, geological surveys, and environmental assessments. Understanding the 
characteristics of these hidden layers is crucial for ensuring engineering safety, optimizing design solutions, and 
predicting potential risks. However, traditional survey methods often have limitations, such as high costs, low efficiency, 
and a lack of representativeness in localized data. Therefore, improving the accuracy and efficiency of hidden layer 
characterization has become a critical issue in the current field of geological exploration.

With advancements in computational and remote sensing technologies, neural networks (NN) have emerged as 
powerful tools for data analysis, particularly in the geological survey domain. Neural networks are particularly adept at 
processing large-scale, complex, and nonlinear data, making them well-suited for analyzing various features of hidden 
layers and uncovering their underlying patterns. The architecture of a neural network, including the number of hidden 
layers and nodes, directly influences both the training efficiency and predictive accuracy of the model.

Stathakis investigated the impact of hidden layers and nodes on the performance of neural networks, highlighting the 
importance of appropriately structuring the network when processing remote sensing data to improve both analysis 
efficiency and prediction accuracy[1]. Specifically, the study showed that the number of hidden layers and nodes affects 
not only the convergence speed of the neural network but also its generalization ability, which is crucial for hidden layer 
analysis in geological surveys.

Uzair and Jamil further explored the effect of the number of hidden layers on neural network efficiency, concluding 
that while increasing the number of hidden layers may lead to higher computational costs, it can also enhance model 
accuracy[2]. Therefore, this study aims to explore the optimal neural network architecture for hidden layer characterization 
by combining remote sensing data and ground survey information, facilitating efficient and accurate analysis.

The goal of this research is to propose a novel method for hidden layer characterization based on neural networks and 
remote sensing technologies. By optimizing the neural network structure and integrating remote sensing imagery with 
geological survey data, this method aims to provide more precise data support for underground engineering and 
environmental assessments.

2　Theoretical Background and Methodology

This section focuses on the application of neural networks (NN) in the analysis of hidden layer characteristics, 
emphasizing the design of neural network models, as well as the influence of the number of nodes and hidden layers. 
Neural networks, due to their ability to model complex, nonlinear relationships in large datasets, are particularly well-
suited for hidden layer characterization.

The design of a neural network model plays a crucial role in its performance. One of the key factors influencing model 
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efficiency is the number of hidden layers and the number of nodes in each layer. Stathakis conducted a study to 
investigate how the number of hidden layers and nodes affects the performance of neural networks in remote sensing 
applications. His research found that the architecture of the neural network, including these parameters, has a significant 
impact on both the training speed and accuracy of the model. Specifically, increasing the number of hidden layers and 
nodes can improve the model ’ s ability to capture complex patterns in the data, but it also increases computational 
complexity[1].

Uzair and Jamil further explored the effect of hidden layers on neural network efficiency, examining how the number 
of hidden layers influences the overall performance of neural networks. Their study showed that while increasing the 
number of hidden layers may enhance the model ’ s predictive accuracy, it also leads to higher computational costs and 
may require longer training times. This trade-off between accuracy and efficiency is a critical consideration in the design 
of neural networks for hidden layer analysis[2].

In this research, we aim to identify the optimal configuration for the neural network model by experimenting with 
different numbers of hidden layers and nodes. This configuration will be tested on datasets derived from remote sensing 
imagery and ground survey data to ensure an efficient and accurate analysis of the hidden layer characteristics.

3　Remote Sensing and Geological Survey Technologies

This section discusses the application of remote sensing technology in geological surveys, with a particular focus on its 
significance in identifying the characteristics of hidden layers. Remote sensing provides a non-invasive and efficient way 
to obtain critical data for subsurface analysis, making it an invaluable tool for modern geological exploration.

Clark et al. presented the U. S. Geological Survey's Digital Spectral Library, which contains spectral data covering 
wavelengths from 0.2 to 3.0 µm. This spectral library serves as a vital resource for remote sensing analysis, offering a 
comprehensive reference for identifying different geological materials based on their spectral characteristics. The 
availability of such a library enhances the accuracy of remote sensing techniques, providing reliable data for assessing the 
composition and structure of hidden layers[3].

In addition, Ballarin et al. demonstrated the use of integrated surveying techniques in sensitive areas, such as San 
Felice sul Panaro. They emphasized the advantages of combining remote sensing data with traditional ground-based 
surveys. This integrated approach not only improves the spatial accuracy of the data but also helps to overcome the 
limitations of individual methods. By merging remote sensing with in-situ measurements, a more comprehensive and 
precise understanding of the hidden layers can be achieved, which is particularly useful in sensitive or inaccessible 
regions[4]. This research aims to leverage both remote sensing data and ground-based geological surveys to create a more 
robust methodology for hidden layer analysis. The integration of these techniques will allow for better characterization 
and mapping of subsurface features, offering significant improvements in geological survey efficiency and accuracy.

4　Building and Engineering Technology Evaluation

This section discusses the application of the Analytic Hierarchy Process (AHP) in evaluating construction technologies, 
with a specific focus on how it can be applied to assess hidden layer exploration techniques. The AHP method is widely 
recognized for its ability to facilitate decision-making in complex scenarios by structuring decision problems into a 
hierarchical model, which helps to evaluate multiple criteria in a systematic and rational manner.

Skibniewski and Chao utilized the AHP method to evaluate advanced construction technologies. Their study provides a 
framework for assessing various construction techniques, taking into account factors such as cost, efficiency, and 
reliability. This framework can be applied to the evaluation of hidden layer exploration methods, allowing for a systematic 
comparison of different technologies based on various performance metrics. By integrating AHP into the decision-making 
process, this research aims to optimize the selection of exploration techniques for hidden layers, ensuring that the most 
efficient and cost-effective methods are chosen for practical application[5].

Tatum proposed a classification system for construction technologies that helps to better understand the advantages 
and disadvantages of different techniques. This system provides a comprehensive overview of various construction 
methods, categorizing them based on their applicability and efficiency. In the context of hidden layer exploration, 
Tatum ’ s classification system offers valuable insights into the strengths and limitations of different technologies, helping 
to refine the criteria for selecting the most suitable exploration methods[6]. By combining AHP with Tatum ’ s classification 
system, this study aims to create a more refined and comprehensive framework for evaluating hidden layer exploration 
techniques, considering both technological and practical aspects to optimize the overall exploration process.

5　Geotechnical Engineering and Safety Analysis

This section explores the importance of considering safety and reliability in geological surveys, particularly in the 
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context of evaluating the characteristics of hidden layers. Safety and reliability analyses are crucial aspects of geotechnical 
engineering, as they ensure the stability of structures and the predictability of geotechnical conditions, including hidden 
layers.

Duncan (2000) conducted a study on the application of safety factors and reliability analysis in geotechnical 
engineering. His research emphasized the critical role of these analyses in assessing the risks associated with various 
geotechnical activities, including hidden layer exploration. Safety factors, which account for uncertainties in the 
geotechnical data, and reliability analysis, which quantifies the likelihood of failure, are both essential tools for ensuring 
the stability and safety of underground construction projects. Duncan ’ s work provides the theoretical foundation for 
incorporating safety and reliability considerations into the evaluation of hidden layer exploration methods[7].

Högström reviewed the fundamental characteristics of the atmospheric surface layer, providing valuable insights into 
the relationship between subsurface conditions and atmospheric influences. His study highlighted how meteorological 
conditions, such as temperature, wind, and pressure, can impact the behavior of the underground layers, especially those 
close to the surface. Understanding these relationships is crucial for interpreting the data collected during hidden layer 
surveys and ensuring the reliability of the results. Högström ’ s work offers essential references for understanding the 
interaction between underground strata and atmospheric conditions, which is important for improving the accuracy and 
safety of hidden layer exploration[8].

Incorporating these safety and reliability analyses, along with a deeper understanding of the atmospheric influences 
on subsurface conditions, this research aims to establish a more comprehensive approach to hidden layer exploration. 
This approach will not only enhance the precision of the geological survey but also contribute to ensuring the safety and 
stability of the underground structures that depend on the accuracy of these surveys.

6　Proposed Comprehensive Survey Method

This section presents a comprehensive hidden layer exploration method based on the integration of neural networks, 
remote sensing technologies, and engineering evaluation. The proposed method combines the strengths of each 
technology to improve the accuracy and efficiency of hidden layer characterization.

The process begins with data collection using both remote sensing techniques and ground-based surveys. Remote 
sensing provides large-scale, non-invasive data that can capture surface characteristics, while ground-based surveys 
provide detailed in-situ data. These data sets are then processed using neural networks to analyze hidden layer 
characteristics, supported by the evaluation framework developed through engineering methods such as the AHP and 
classification systems. The experimental design involves selecting appropriate remote sensing instruments, determining 
the optimal configuration of the neural network, and applying the AHP method for evaluating different survey 
techniques. The following Table 1., summarizes the key steps in the data collection and experimental design process:

This methodology allows for a more holistic approach to hidden layer exploration, ensuring that multiple data sources 
and evaluation techniques are considered to achieve accurate and reliable results.

7　Results and Discussion

This section presents the experimental results obtained from the application of the proposed comprehensive hidden 
layer exploration method, which integrates neural networks, remote sensing technologies, and engineering evaluation 
techniques. The methodology was designed to combine the strengths of each of these advanced technologies to provide 
a more accurate, efficient, and cost-effective approach to hidden layer analysis. The results of this new integrated 
approach are then compared with those obtained using traditional geological exploration methods, such as drilling, 

Table 1　Overview of Data Collection and Experimental Process for Hidden Layer Characterization

Step

1

2

3

4

5

6

Description

Data Collection

Data Preprocessing

Neural Network Model Design

Model Training and Validation

Evaluation of Exploration 

Techniques
Final Data Integration and 

Analysis

Method/Technology

Remote Sensing, Ground Survey

Signal Processing, Data Normalization

Neural Network (NN)

Neural Network, Cross-validation

AHP (Analytic Hierarchy Process)

Neural Network, Ground Survey, Remote 

Sensing

Objective

Collect large-scale remote sensing data and detailed in-situ 

survey data.
Process and normalize the collected data for analysis.

Design the neural network architecture (hidden layers, 

nodes, etc.).
Train and validate the neural network on the prepared data‐

set.
Use AHP to evaluate and compare different exploration 

techniques.

Integrate the results to characterize hidden layers accurately.

62



Theory and Practice of Science and Technology

seismic surveys, and other conventional techniques. This comparison serves to highlight the strengths and potential 
advantages of the proposed method, as well as to identify any limitations or areas where the traditional methods may still 
be more suitable.

The experimental results were obtained through rigorous data collection, which included remote sensing data, 
ground-based survey data, and neural network-based analysis. The neural network model, which was carefully designed 
and optimized, was trained on these datasets and successfully processed the data to predict the characteristics of the 
hidden layers with a high degree of accuracy. Performance metrics such as Mean Squared Error (MSE) and the coefficient 
of determination (R²) were employed to evaluate the predictive power and reliability of the model.

In comparison to traditional exploration methods, the proposed method demonstrated several notable advantages. 
The integration of remote sensing technology enabled large-scale, non-invasive data collection, which proved to be faster 
and more cost-effective than methods like drilling. Additionally, the use of neural networks for data processing provided 
more accurate predictions of hidden layer characteristics, especially when dealing with complex geological conditions. 
The ability to integrate and analyze both large-scale and localized data sets also enhanced the overall effectiveness of the 
exploration process.

However, despite the advantages, the proposed method also revealed certain limitations when compared to 
traditional techniques. For instance, while remote sensing data can cover large areas, its accuracy can be influenced by 
factors such as weather conditions, image resolution, and the quality of the remote sensing equipment used. 
Furthermore, the neural network model requires careful tuning and validation, which can be computationally expensive 
and time-consuming, especially when working with large datasets.

This section also provides a thorough analysis of the results, discussing the specific strengths of the new integrated 
approach, such as its ability to analyze hidden layers with greater efficiency and safety. The combination of remote 
sensing data with neural networks allows for an in-depth understanding of hidden layers without the need for extensive, 
invasive exploration techniques. The approach's scalability is another key benefit, as it can be applied to large and difficult-
to-reach areas that may be challenging for traditional methods.

By discussing both the advantages and limitations of the new method in comparison with traditional techniques, this 
section provides a balanced assessment of the effectiveness and potential applications of the proposed approach. The 
findings indicate that while the integrated method holds significant promise, further research and refinement are 
necessary to address the current limitations and ensure its optimal performance in a variety of geological settings.

7.1　Experimental Results

The experimental study was conducted using datasets from both remote sensing imagery and ground-based 
geological surveys. The neural network model was trained on this data, with the number of hidden layers and nodes 
optimized for accuracy. After processing the data, the model was able to identify the characteristics of the hidden layers 
with a high degree of precision. The accuracy of the predictions was measured using standard performance metrics such 
as Mean Squared Error (MSE) and R² (coefficient of determination).

The integration of remote sensing data provided a large-scale view of the surface conditions, while the ground-based 
surveys supplied detailed, localized information about the subsurface layers. The neural network model effectively 
combined these data sources, resulting in a more comprehensive analysis of the hidden layers.

7.2　Comparison with Traditional Survey Methods

In comparison to traditional geological exploration techniques, such as borehole drilling and seismic surveying, the 
proposed method showed several advantages:

Efficiency: Traditional methods often require significant time and resources, especially when assessing large or 
inaccessible areas. In contrast, the combined use of remote sensing and neural networks enabled faster data acquisition 
and analysis.

Cost-effectiveness: Traditional methods, especially drilling, are costly and labor-intensive. Remote sensing provides a 
cost-effective alternative, reducing the need for extensive fieldwork. Moreover, the integration of remote sensing with 
neural networks further reduces costs by minimizing manual intervention.

Accuracy: While traditional methods provide accurate local data, they often miss the broader contextual 
understanding of the area. The new method, by integrating large-scale remote sensing data, offers a more holistic and 
precise characterization of hidden layers across vast areas.

7.3　Limitations and Future Work

While the integrated method offers substantial benefits, there are areas that need further development. Future work 

63



Peizhao Chen and Yu Wei

could focus on improving the resolution and accuracy of remote sensing data and fine-tuning the neural network models 
for even better performance in complex geological conditions. Additionally, further field validation and real-world 
application of this methodology will be essential to fully assess its viability across diverse geological environments。

This study proposed an integrated method for hidden layer exploration that combines neural networks, remote 
sensing, and engineering evaluation. The approach improves the accuracy, efficiency, and cost-effectiveness of geological 
surveys by integrating large-scale remote sensing data with detailed ground survey information. Neural networks proved 
effective in analyzing complex data and predicting hidden layer characteristics.

Compared to traditional methods like drilling, the new approach offers advantages in speed, cost, and scalability. It 
also enhances safety by reducing the need for invasive fieldwork. However, future research should focus on improving 
data resolution, optimizing neural network models, integrating more data sources, and validating the method in real-
world applications.
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