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Abstract- Piping is one of the phenomena of water erosion that causes significant changes in the earthen
embankment, resulting in about 90% of earth dam failures. To analyze this issue, this study addresses the
critical issue of piping susceptibility in the Habdat Earthen Embankment context using the deep learning
approach. Through a comprehensive approach, encompassing data acquisition, data preprocessing (Data
cleaning, standardization and normalization), feature extraction, feature selection, and prediction, a robust
model is developed for assessing piping occurrences. Leveraging advanced techniques, including the Self-
Improved Green Anaconda Optimization (GAO) and hybrid deep learning models such as Convolutional
Neural Networks (CNN) and Recurrent Neural Networks (RNN), this research achieves enhanced predictive
accuracy. Evaluation results indicate the proposed model’s superiority consistently outperforming
benchmark models in accuracy (0.98), precision (0.99), sensitivity (0.98), specificity (0.97) F1-Score (0.93),
MCC (0.99), NPV (0.95), FPR (0.02) and FNR (0.00). The incorporation of GAO and hybrid deep learning
not only enhances predictive accuracy, but also showcases adaptability across diverse scenarios. This
research contributes significantly to geotechnical engineering, offering a foundation for further research and
practical applications in risk assessment, infrastructure planning, and disaster prevention. The findings
underscore the potential of innovative optimization and deep learning techniques in robust piping
susceptibility assessment.
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INTRODUCTION
A typical kind of water-retaining construction, earthen embankments assist the community in a variety of
ways, including holding water for irrigation, and water supply, and protecting people from natural
calamities like floods. Seepage pressures can remove fines from a passage between the upstream and
downstream sides through a process known as piping. These pipes can cause soil particles to erode and be
carried away by the water, creating voids and potentially compromising the stability of earthen
embankments. Since it has been determined that piping is the root of roughly 90% of all earthen dam
collapses, piping is a crucial procedure in geotechnical engineering. Backward erosion pipe is the cause of
31% of dam failures. Because of the head difference, an embankment serves as a water barrier, allowing
water to pass through it from one side to the other. Once the water flow reaches the critical gradient, the soil
on the downstream side of the embankment begins to erode. The beginning of piping is indicated by the
erosion of the soil on the downstream side of the embankment. Internal erosion causes a pipe channel to
develop as it travels upstream from the downstream side, causing internal erosion to undermine an
embankment. When the hydraulic gradient is larger than the critical gradient, piping in an earthen
embankment begins. During the analysis phase of embankment structures, it's essential to incorporate a
probabilistic analysis that accurately represents the spatial variability of soil properties. This ensures both
the safety and cost-effectiveness of the design. In the realm of reliability analysis for engineering structures,
the First Order Reliability Method (FORM) has been a prevalent choice for several decades. Additionally,
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the RFEM approach has been employed to explore the stochastic nature of hydraulic gradients within
earthen dams, factoring in soil permeability variability as a random element. A recent advancement in this
field is the Subset Simulation (SS) method, which builds upon the foundation of RFEM. It generates random
fields centered around a mean value of the design random variable and utilizes the Markov Chain Monte
Carlo (MCMC) technique for random field generation. This approach is known to be more efficient than the
Monte Carlo Simulation (MCS) method, requiring fewer samples to achieve the desired accuracy level.
Notably, the Subset Simulation method has demonstrated success in reliability and risk analysis for various
engineering challenges. Various scholars have also provided various probabilistic methods for forecasting
the factors causing piping failure in earthen dams.

METHODOLOGY
The current research focuses on an in-depth analysis of piping phenomena in the context of the Habdat
Earthen Embankment. To achieve a comprehensive understanding and accurate predictions, a novel
approach involving hybrid Deep Learning techniques has been employed. Within this framework, the
research incorporates key factors such as hydraulic conductivity and various soil properties, which
collectively contribute to the vulnerability of the embankment to piping. The proposed model consists of
five major phases, namely (i) Data Acquisition (ii) Pre-processing, (iii) Feature Extraction, (iv) Feature
Selection, and (v) Piping susceptibility Prediction. The overall architecture diagram is depicted in Figure 1.
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Figure 1- Overall Architecture Diagram

(i) Data Acquisition- The initial step involves the collection of data denoted as D*. This dataset is
meticulously gathered and cross-validated with experimental data sourced from existing literature.

(ii) Pre-Processing- The collected data D™F undergoes a pre-processing stage that encompasses data
cleaning, standardization, and normalization processes. The outcome of this stage is the pre-processed
dataset, designated as D¥™=.

(iii) Feature Extraction- From the normalized pre-processed dataset D¥"¢, a range of features is extracted.
These features encompass statistical features, denoted as f£=***, including mean, median, min-max values,
and standard deviation. Additionally, higher-order statistical features f™ =**¢ like skewness and variance
are derived from the normalized dataset.

(iv) Feature Selection- The extracted features are subjected to a feature selection process, wherein the Self-
improved Green Anaconda Optimization (GAQ) technique is utilized. The chosen features resulting from
this process are labeled as f='.
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(v) Piping Susceptibility Prediction- The final phase involves the prediction of piping susceptibility. This
prediction is facilitated using the optimal features f*=* which are employed to train a hybrid deep-learning
model. This deep-learning model is composed of two primary components: a Convolutional Neural Network
(CNN) and a Recurrent Neural Network (RNN). Upon training these two components, a weighted mean is
calculated from their outputs, resulting in a comprehensive prediction of piping susceptibility.
Through the seamless integration of these five phases, the proposed model aims to offer a holistic solution
for predicting the susceptibility of piping in the Habdat Earthen Embankment. This innovative approach
combines advanced techniques to enhance the accuracy and effectiveness of piping susceptibility
assessment.

EXPERIMENTAL SETUP
The presented model was implemented using MATLAB software. An extensive evaluation of the proposed
model was conducted utilizing data sourced from existing literature. Within the collected dataset, 80% was
designated for training purposes, while the remaining 20% was reserved for testing. The evaluation process
encompassed a range of performance metrics including Accuracy, Precision, Sensitivity, Specificity, F1-
score, Negative Predictive Value (NPV), Matthews Correlation Coefficient (MCC), False Positive Rate
(FPR), and False Negative Rate (FNR). This comprehensive assessment was carried out by varying the
training percentage in performance analysis.
(i) Accuracy- It measures the overall correctness of the model’s prediction

TP +TN
TF+FP+FN +TN

Accuracy =

(i) Precision- It quantifies the proportion of true positive (TP) predictions among all positive
predictions.

TP
TP+FP

Precision =

(iii) Sensitivity- It evaluates the proportion of actual positives that are correctly predicted as positive by the
model.

TP
TP+FN

Sensitivity =
(iv) Specificity- It calculates the proportion of actual negatives that are correctly predicted as negative by
the model.

TN
TN+FP

Specificity =

(v) F1 _Score- It combines both precision and specificity to provide a balanced measure of model
performance.

PresizionSpecificity

Fl Score=

Praziziont Specificity

(vi) NPV- It assesses the proportion of actual negatives that are correctly predicted as negative.

TN
TN+FN

NPV =
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(vii) MCC- It takes into account true and false positives and negatives and is useful for imbalanced datasets.

(TExTN-FP=FN)
J(TR+FN)(TN+FP)TN+FN) (TP+FF)

MCC =

(viii) FPR- It calculates the proportion of actual negatives that are incorrectly predicted as
positive.

FFP
FP+TN

FPR =

(ix) FNR- It calculates the proportion of actual positives that are incorrectly predicted as negative.
FN
FN+TP

FNR =

PERFORMANCE ANALYSIS
Table 1 presents performance metrics for various models in predicting piping susceptibility in Habdat
Earthen Embankment. Each model's accuracy, precision, sensitivity, specificity, F1-Score, Matthews
Correlation Coefficient (MCC), Negative Predictive Value (NPV), False Positive Rate (FPR), and False
Negative Rate (FNR) are showcased. Figure 2, displays the performance analysis of the proposed model.

Accuracy | Precision | Sensitivity | Specificity | F1-Score | MCC | NPV | FPR | FR

Proposed 0.98 0.99 0.98 0.97 0.93| 0.99 | 0.95| 0.02 | 0.00
CNN 0.96 0.96 0.96 0.96 092 | 0.96 | 0.92 | 0.02 | 0.00
RNN 0.97 0.95 0.95 0.95 092 | 0.96 | 0.91| 0.02 | 0.00
MLP 0.92 0.94 0.95 0.93 091 | 0.93| 0.88 | 0.03 | 0.01
NN 0.90 0.91 0.95 0.91 0.89| 0.87 ] 0.84] 0.03]0.01
KNN 0.90 0.93 0.87 0.86 0.88| 0.86 | 0.83 | 0.03 | 0.01

Table 1- Performance Evaluation of Piping Susceptibility Prediction Models
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Figure 2- Analysis of the proposed model’s performance

The Proposed model achieves high accuracy (0.98) and precision (0.99), signifying its ability to correctly
identify susceptible cases. The sensitivity (0.98) and specificity (0.97) demonstrate its balanced recognition
of both positive and negative instances. The F1-Score (0.93) indicates good overall performance, while the
MCC (0.99) highlights its robustness. Comparatively, the CNN model's accuracy (0.96) and precision (0.96)
are slightly lower than the proposed approach. Similarly, the RNN model also shows similar trends, with an
accuracy of 0.97 and a precision of 0.95. Other models, such as MLP, NN, and KNN, exhibit progressively
lower accuracy, precision, and overall performance. The Proposed hybrid deep learning (CNN and RNN)
model outperforms other methods in most metrics, showcasing its effectiveness in piping susceptibility
prediction for the Habdat Embankment scenario.

CONCLUSION
In conclusion, this study conducted a comprehensive analysis of piping susceptibility in the context of the
Habdat Earth embankment. Through a multi-stage approach including data collection, data preprocessing,
feature extraction, feature selection, and prediction, a powerful model has been developed to evaluate the
probability of piping occurrence. Utilizing advanced techniques such as self-improved GAO and hybrid
deep learning models such as CNN and RNN, the research has made significant progress in predictive
accuracy. The results obtained from the evaluation of different prediction models clearly show the
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superiority of the proposed method. The proposed model consistently outperforms other existing models in
terms of accuracy, precision, sensitivity, specificity, F1 Score, MCC, VPN, FPR, and FNR. Combining
GAO and hybrid deep learning components not only improves the predictive power of the model but also
demonstrates the adaptability of the model to different situations and complex problems. This study makes a
significant contribution to the field of piping susceptibility assessment, especially in the geotechnical
context. The integration of innovative optimization techniques and hybrid deep learning methods provides a
powerful framework for accurate and reliable prediction. The result presented in this study can serve as a
basis for further studies and practical applications in risk assessment, infrastructure planning, and disaster
prevention in earth embankment systems.
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