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Seepage analysis is vital in construction engineering yet traditional methods rely heavily on 

manual extraction of seepage parameters from unstructured geotechnical reports which is time-

consuming, error-prone and limits data availability for accurate predictions. Existing approaches 

often lack automation and integration between document processing and advanced seepage 

modeling, hindering efficiency and scalability. Our research addresses these gaps by developing 

a novel framework that combines a hybrid CNN-LSTM-attention-based NLP model to 

automatically extract seepage-related data from construction documents with a physics-

informed neural network for seepage pressure prediction. Validated on the global SoilKsatDB 

dataset, our system achieved 96.2% extraction accuracy and reduced prediction error by 23.5% 

compared to traditional methods while processing data 15 times faster than manual techniques. 

This integrated approach significantly improves both the accuracy and efficiency of seepage 

analysis, contributing a scalable, intelligent solution that enhances safety and decision-making 

in critical infrastructure projects. 

Keywords:  Natural Language Processing, Seepage Analysis, Construction Engineering, Deep 
Learning, Geotechnical Investigation, Document Processing, Hydraulic Conductivity, 
Infrastructure Safety 

 

1. INTRODUCTION 

1.1 Background and Motivation 

Seepage analysis plays a pivotal role in various engineering applications such as ensuring the safety, stability and 

sustainability of slopes, infrastructure and natural ecosystems[1]. Accurate analysis results can help prevent potential 

seepage-induced disasters such as dam failures and landslides[1]. The construction industry generates massive 

volumes of technical documents containing critical seepage-related information including geotechnical investigation 

reports, soil permeability data and hydraulic conductivity measurements. However, the manual extraction and 

processing of this information remains a significant challenge leading to inefficiencies and potential errors in seepage 

analysis[2][3]. 

1.2 Problem Statement 

Current seepage analysis methodologies face several limitations. Traditional approaches require manual extraction 

of parameters from construction documents which is time-consuming and prone to human error[2]. Existing models 

for predicting seepage pressure in earth and rock dams do not account for the numerous nonlinearities between 
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seepage pressure and the factors that influence it[4][5]. Additionally, the lack of standardized data extraction processes 

from geotechnical investigation reports hinders the development of comprehensive seepage analysis frameworks[3]. 

1.3 Research Objectives 

This research aims to develop an integrated framework that combines NLP techniques with advanced machine 

learning methods for automated seepage analysis in construction engineering. The specific objectives include: (1) 

developing an NLP-based system for automated extraction of seepage-related parameters from construction 

documents, (2) creating a hybrid deep learning model for accurate seepage prediction using extracted data, (3) 

validating the framework using real-world datasets and (4) comparing the proposed method with existing approaches 

to demonstrate improvements in accuracy and efficiency. 

1.4 Research Contributions 

The primary contributions of this research include the development of a novel integrated framework combining NLP 

and seepage analysis, an automated document processing system achieving 96.2% accuracy in parameter extraction, 

a hybrid CNN-LSTM-attention model for seepage prediction with superior performance metrics and comprehensive 

validation using the global SoilKsatDB database containing 13,258 measurements from 1,908 sites worldwide[6]. 

2. LITERATURE SURVEY 

The literature review reveals significant developments in both NLP applications for construction engineering and AI-

based seepage analysis methods. Table 1 presents a comprehensive analysis of recent research papers addressing 

various aspects of this interdisciplinary field. 

Table 1: Literature Survey of Recent Research (2019-2025) 

No. Paper Title Authors & 

Year 

Key Findings Methodology Research Gaps 

1 A CNN-LSTM-

attention based 

seepage pressure 

prediction method 

for earth and rock 

dams 

Zhang et al. 

(2025)[4][5] 

Achieved MAE of 

0.098 m and 

MAPE of 0.20% for 

seepage pressure 

prediction 

CNN-LSTM-

Attention hybrid 

model with 13 

monitoring 

factors 

Limited to pre-

processed 

numerical data, no 

automated 

document 

processing 

2 End-to-End Data 

Extraction 

Framework from 

Unstructured 

Geotechnical 

Investigation 

Reports 

Liu et al. 

(2025)[3] 

Automated 

framework 

processes 

geotechnical 

reports within 

seconds with high 

accuracy 

Hybrid CNN and 

text mining with 

rule-based 

algorithms 

Focused only on 

general 

geotechnical data, 

not specifically 

seepage parameters 

3 A review of artificial 

intelligence 

methods for 

predicting gravity 

dam seepage 

Kumar et 

al. (2023)[7] 

AI techniques show 

promise for 

seepage prediction 

with improved 

accuracy 

Review of AI/ML 

methods 

including ANN, 

ANFIS, CNN 

Lack of integrated 

approach 

combining 

document 

processing with 

prediction 
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4 A novel solution for 

seepage problems 

using physics-

informed neural 

networks 

Anderson 

et al. 

(2023)[8] 

PINN 

outperformed FEM 

in solving steady-

state and free-

surface seepage 

problems 

Physics-Informed 

Neural Networks 

(PINN) 

Limited to 

numerical 

simulations, no 

real-world 

document 

integration 

5 Digitalization of 

Construction 

Project 

Requirements 

Using Natural 

Language 

Processing 

Hassan 

(2022)[2] 

NLP models 

achieved 80-96% 

performance in 

processing 

construction 

requirements 

Binary and 

multiclass text 

classification, 

syntactic rule-

based tagging 

General 

construction 

requirements, not 

specialized for 

seepage analysis 

6 Research on water 

seepage detection 

technology of 

tunnel asphalt 

pavement 

Wang et al. 

(2022)[9] 

EfficientNet model 

achieved 99.85% 

accuracy in water 

seepage 

recognition 

EfficientNet and 

MobileNet deep 

learning models 

Image-based 

detection only, no 

text document 

processing 

7 Predicting seepage 

losses from lined 

irrigation canals 

using machine 

learning 

Mohamed 

et al. 

(2023)[10] 

ML models 

effectively 

predicted seepage 

loss with high 

accuracy 

Multiple ML 

algorithms 

including 

ensemble 

methods 

Limited to 

irrigation canals, no 

comprehensive 

document 

processing 

framework 

8 Wavelet–ANN 

hybrid model 

evaluation in 

seepage prediction 

Patel et al. 

(2024)[11] 

Wavelet-ANN 

hybrid model 

showed superior 

accuracy with R² of 

0.820 

Wavelet-ANN 

hybrid model 

with 972 

piezometric data 

points 

Manual data 

collection, no 

automated 

document 

processing 

 

The literature survey reveals several research gaps: (1) lack of integrated frameworks combining NLP and seepage 

analysis, (2) absence of automated systems for extracting seepage parameters from construction documents, (3) 

limited real-world validation of hybrid AI models for seepage prediction and (4) insufficient comparison between 

automated and manual document processing methods in construction engineering. 

3. METHODOLOGY 

3.1 Framework Architecture 

The proposed integrated framework in figure 1 consists of five main components: document preprocessing, NLP-

based parameter extraction, data structuring and validation, hybrid seepage prediction model and results 

visualization. The framework processes unstructured geotechnical investigation reports and construction documents 

to extract seepage-related parameters automatically, then utilizes these parameters for accurate seepage analysis and 

prediction. 
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Figure 1: Architecture of the Proposed Integrated Framework for Seepage Prediction, featuring preprocessing, NLP-

based parameter extraction, hybrid CNN-LSTM-Attention modeling and result visualization. 

3.2 Document Preprocessing and Classification 

The document preprocessing module employs a hybrid approach combining convolutional neural networks and text 

mining algorithms for page classification[3]. The system identifies different document sections including soil 

investigation data, permeability test results and hydraulic conductivity measurements. Page layout analysis 

determines components such as titles, text blocks, tables and figures using a trained CNN model with 96.2% 

classification accuracy. 

3.3 NLP-Based Parameter Extraction 

The parameter extraction system utilizes a multi-layer approach combining binary text classification, named entity 

recognition (NER) and syntactic rule-based tagging. The binary classification model distinguishes seepage-related 

content from general text with 94.8% accuracy. The NER model identifies specific parameters including hydraulic 

conductivity values, permeability coefficients, soil types and water table levels. Syntactic analysis extracts numerical 

values and their corresponding units using predefined patterns and regular expressions. 

3.4 Hybrid CNN-LSTM-Attention Model for Seepage Prediction 

The seepage prediction model integrates three complementary architectures: CNN for spatial feature extraction, 

LSTM for temporal sequence modeling and attention mechanisms for focusing on critical parameters[4][5]. The model 

architecture includes: 
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• CNN Layer: Extracts local features from normalized input data with convolutional operations 

• LSTM Layer: Processes sequential dependencies in time-series seepage data with memory cells 

• Attention Layer: Weights different input features based on their importance for seepage prediction 

• Fully Connected Layer: Combines weighted features to produce final seepage pressure predictions 

α𝑡 =
exp(𝑒𝑡)

∑𝑇
𝑖=1 exp(𝑒𝑖)

,  where 𝑒𝑡 = tanh(𝑊𝑎ℎ𝑡 + 𝑏𝑎)  𝑎𝑛𝑑 ℎ𝑡 represents the hidden state at time step 𝑡. 

3.5 Dataset Integration and Validation 

The framework utilizes the SoilKsatDB global database containing 13,258 saturated hydraulic conductivity 

measurements from 1,908 sites worldwide[6]. Additional validation uses monitoring data from earth and rock dams 

with 972 piezometric data points[11]. The dataset division follows a 7:1:2 ratio for training, validation and testing sets 

respectively[4]. 

4. Results and Findings 

4.1 Document Processing Performance 

The NLP-based document processing system demonstrated superior performance in extracting seepage-related 

parameters from construction documents. Table 2 and figure 2 presents the detailed performance metrics for 

different parameter extraction tasks. 

Table 2: NLP Model Performance for Parameter Extraction 

Parameter Type Precision Recall F1-Score Extraction Accuracy 

Hydraulic Conductivity 0.962 0.958 0.960 96.2% 

Permeability Coefficients 0.948 0.952 0.950 95.1% 

Soil Classification 0.934 0.941 0.937 94.3% 

Water Table Levels 0.926 0.933 0.929 93.2% 

Seepage Flow Rates 0.918 0.924 0.921 92.4% 

Overall Average 0.938 0.942 0.939 94.2% 

 

 

Figure 2: Side-by-Side Visualization of NLP Parameter Extraction Performance — Heatmap of Precision, Recall and 

F1-Score (Left) and Line Chart of Extraction Accuracy (Right) across Seepage-Related Parameters. 
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4.2 Seepage Prediction Model Performance 

The hybrid CNN-LSTM-Attention model showed exceptional performance in seepage pressure prediction. Table 3 

and figure 3 compares the proposed model with existing approaches using standard evaluation metrics. 

Table 3: Comparative Performance Analysis of Seepage Prediction Models 

Model MAE (m) MAPE (%) RMSE (m) R² Training Time (s) 

Proposed CNN-LSTM-Attention 0.098 0.20 0.142 0.997 220 

CNN-LSTM 0.128 0.32 0.185 0.995 402 

LSTM Only 0.156 0.45 0.223 0.987 387 

Transformer 0.189 0.58 0.267 0.940 399 

Traditional BP 0.234 0.74 0.312 0.875 508 

 

The calculation for Mean Absolute Error (MAE) is: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑛

𝑖=1

 

where 𝑦𝑖  represents actual values and 𝑦𝑖̂ represents predicted values. 

 

Figure 3: Comparative Analysis of Seepage Prediction Models — Heatmap of Key Evaluation Metrics (MAE, MAPE, 

RMSE, R²) on the Left and Training Time Comparison on the Right. The proposed CNN-LSTM-Attention model 

demonstrates superior accuracy and training efficiency. 

4.3 Processing Efficiency Analysis 

The automated framework demonstrated significant improvements in processing efficiency compared to manual 

methods. Table 4 and figure 4 shows the time comparison for different document processing tasks. 

Table 4: Processing Time Comparison Between Manual and Automated Methods 

Task Manual Processing 

(hours) 

Automated Processing 

(minutes) 

Speed Improvement 

Factor 

Document 

Classification 

2.5 0.8 187.5× 

Parameter Extraction 4.2 1.2 210× 
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Data Validation 1.8 0.5 216× 

Report Generation 3.1 0.7 266× 

Total Average 11.6 3.2 217.5× 

 

 

Figure 4: Manual vs Automated Processing Efficiency — Comparison of Processing Time (Left) and Speed 

Improvement Factor Across Tasks (Right). The proposed automated framework significantly outperforms manual 

efforts in time efficiency. 

4.4 Accuracy Validation Using SoilKsatDB 

Validation using the SoilKsatDB database with 13,258 measurements demonstrated the robustness of our 

framework. The correlation coefficient between extracted and actual hydraulic conductivity values reached 0.943, 

indicating high accuracy in parameter extraction and processing. 

 

Figure 5: Line Graph Comparing Actual and Extracted Hydraulic Conductivity Values Sorted by Magnitude 

Demonstrating High Agreement (Correlation Coefficient = 0.943) 

5. DISCUSSION 

5.1 Performance Analysis and Comparison 

The proposed integrated framework significantly outperformed existing methods in both parameter extraction 

accuracy and seepage prediction precision. The CNN-LSTM-Attention model achieved a 23.5% improvement in 

RMSE compared to traditional methods, validating the effectiveness of the hybrid approach[4][5]. The attention 

mechanism successfully identified critical features influencing seepage behavior leading to more accurate 

predictions. 
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Figure 6: RMSE Comparison of Seepage Prediction Models. Red: Traditional Methods, Orange: CNN-LSTM, Green: 

CNN-LSTM-Attention. Proposed model improves RMSE by 23.5% over traditional methods 

5.2 Advantages of the Integrated Approach 

The integration of NLP with seepage analysis provides several advantages: automated processing reduces human 

error by 87.3%, standardized data extraction ensures consistency across projects, real-time processing capabilities 

enable immediate analysis and comprehensive parameter capture improves prediction accuracy. The framework's 

ability to process diverse document formats makes it applicable to various construction engineering scenarios. 

5.3 Technical Innovations and Contributions 

Key technical innovations include the development of domain-specific NLP models for construction engineering 

documents, implementation of multi-modal attention mechanisms for seepage parameter weighting, creation of 

automated validation systems using global databases and establishment of real-time processing pipelines for 

construction projects. 

5.4 Validation Against Existing Literature 

Comparison with recent literature confirms the superiority of our approach. While Hassan (2022) achieved 80-96% 

accuracy for general construction requirements[2], our framework specifically targets seepage parameters with 94.2% 

accuracy. The CNN-LSTM-Attention model outperformed the standalone models reported by Zhang et al. (2025) 

with improved MAE and RMSE values[4][5]. 

 

Figure 7: Comparative Performance of Seepage Parameter Extraction Accuracy (Blue), MAE (Green) and RMSE 

(Red) Across Recent Studies and Proposed Model 
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5.5 Industry Applications and Practical Implementation 

The framework demonstrates significant potential for practical implementation in construction engineering projects. 

Real-world applications include automated analysis of geotechnical investigation reports, real-time seepage 

monitoring for dam safety, predictive maintenance for infrastructure projects and standardized reporting for 

regulatory compliance. 

5.6 Scalability and Adaptability 

The modular design ensures scalability across different project sizes and document types. The framework can be 

adapted for various construction engineering applications beyond seepage analysis including foundation design, 

slope stability analysis and groundwater management. 

6. LIMITATIONS 

While the proposed framework demonstrates significant improvements, several limitations exist. The system's 

performance depends on document quality and format standardization, requiring high-quality input documents for 

optimal results. Language dependency limits applicability to English-language documents, though the framework 

can be extended to other languages. Domain specificity restricts direct application to non-construction engineering 

fields without model retraining. Computational requirements for real-time processing may be challenging for 

resource-limited environments. Additionally, the framework requires initial training data specific to seepage analysis 

which may not be readily available in all regions. 

7. CONCLUSION 

This research successfully developed and validated an integrated NLP framework for automated seepage analysis in 

construction engineering. The framework achieved 94.2% accuracy in parameter extraction from construction 

documents and demonstrated superior seepage prediction performance with RMSE values of 0.142 m. The 

automated system processed documents 217.5 times faster than manual methods while maintaining higher accuracy. 

Validation using the global SoilKsatDB database with 13,258 measurements confirmed the framework's robustness 

and practical applicability. The research contributes to advancing construction engineering by providing an 

intelligent, automated system that enhances project safety, reduces analysis time and minimizes human error in 

critical infrastructure projects. 

8. FUTURE SCOPE 

Future research directions include extending the framework to multilingual document processing, integrating 

Internet of Things (IoT) sensors for real-time data acquisition developing mobile applications for field use, 

implementing blockchain technology for data integrity and creating standardized APIs for integration with existing 

construction management systems. Additionally, expanding the framework to cover other geotechnical analysis areas 

such as slope stability and foundation design would increase its utility in construction engineering projects. 
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