
 
Abstract— Accurate prediction of the Erosion Rate Index 

(IHET) is essential for evaluating internal erosion susceptibility 

in earth structures such as embankment dams and engineered 

soil systems. Internal erosion is one of the main causes of failure 

in such structures, and its consequences can be severe. 

Experimental determination of IHET is expensive and 

time-consuming, motivating the development of reliable 

data-driven models based on readily measurable soil 

properties. This study presents an interpretable and 

data-efficient linear modelling framework for predicting IHET 

using a set of physical and mechanical soil parameters, namely 

Liquid Limit (LL), Plasticity Index (PI), Initial Water Content 

(wi), Dry Density (d), Internal Friction Angle (φ), and 

Cohesion (C). Two predictive scenarios are investigated. In the 

baseline model, IHET is estimated directly from the six original 

parameters, achieving a test Coefficient of Determination (R²) 

of 0.71 and a Root Mean Square Error (RMSE) of 0.39. To 

enhance predictive performance, a feature-engineered model is 

developed by expanding the original feature space to nineteen 

parameters through physically meaningful ratios, logarithmic 

transformations, and interaction terms. This structured feature 

expansion results in a substantial improvement in prediction 

accuracy, yielding a test R² of 0.82 and reducing RMSE to 0.31. 

For comparison, a Machine Learning (ML) model was also 

applied to the six-parameter scenario; however, they showed 

lower prediction capability, with Gradient Boosting (GB) 

performing best among them (test R² = 0.79, RMSE = 0.33). 

This confirms that the feature-engineered linear approach 

consistently outperformed the tested learning-based models. 

Overall, the results show that systematic feature engineering 

significantly improves IHET prediction while preserving model 

simplicity, providing an efficient and interpretable alternative 

to more complex learning-based models. 
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I. INTRODUCTION 
Internal erosion is one of the leading causes of embankment 

dam failure [1], [2]. It occurs when fine soil particles are 
progressively detached and transported by seepage flow 
through defects or cracks within the dam body, potentially 
resulting in sinkholes, increased seepage, muddy discharge, 
and loss of structural integrity [2]. The susceptibility of soils to 
internal erosion depends on several physical and mechanical 
properties, including fines content, plasticity, water content, 
dry density, shear strength, and mineralogical composition [2], 
[3]. The Erosion Rate Index (IHET) is widely used to quantify 
soil resistance to erosion under hydraulic shear stress and 
typically ranges from 0 to 6, indicating that erosion rates may 
vary by up to six orders of magnitude among different soils [3], 
[4]. Experimental methods such as the Slot Erosion Test and 
the Hole Erosion Test are commonly employed to determine 
IHET and critical shear stress, with the latter favored for its 
simplicity despite known flow non-uniformity limitations 
[3]-[5]. Reliable prediction of IHET is therefore essential for 
erosion risk assessment and the development of mitigation 
measures in embankment dams [2],[4],[6]. 

The IHET is commonly determined through 
laboratory-based experimental methods, most notably the Hole 
Erosion Test (HET), the Jet Erosion Test (JET), and 
flume-based erosion tests [1], [7], [8]. While these techniques 
provide valuable insight into soil erosion behavior, they are 
generally associated with high costs, lengthy testing 
procedures, and limited scalability. Tests such as the HET and 
laboratory flume experiments require specialized equipment, 
careful sample preparation, and continuous monitoring, making 
large experimental campaigns difficult to implement [1], [7], 
[8]. Similarly, JET involve complex setups and data 
interpretation procedures that further increase time and 
resource demands [7]. At the same time, laboratory 
experimentation remains essential for defining fundamental 
physical, mechanical, and dynamic soil properties, despite the 
cost and effort associated with cyclic triaxial and resonant 
column testing [9], [10]. To address these challenges, 
data-driven approaches such as Artificial Neural Network 
(ANN) models have been introduced to estimate IHET based 
on basic soil properties, offering faster predictions and 
improved scalability once trained [1]. However, these models 
typically rely on extensive experimental datasets for calibration 
and often function as black-box predictors with limited 
physical interpretability. As a result, there remains a need for 
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predictive approaches that can reduce experimental effort while 
maintaining both accuracy and engineering insight [1], [7]. 

In recent years, Machine Learning (ML) techniques have 
been increasingly applied to model soil erosion behavior and 
erosion-related indices, demonstrating strong predictive 
capability across different spatial scales and soil conditions 
[11]-[25]. ANNs, including generalized feed-forward networks 
and adaptive neuro-fuzzy inference systems, have been 
successfully used to estimate erosion rates and soil erodibility, 
often achieving high accuracy compared to traditional 
statistical approaches [11]-[13]. In parallel, tree-based 
ensemble methods such as Random Forest (RS), Gradient 
Boosting (GB), and Extreme Gradient Boosting (EGB) have 
shown strong performance in erosion susceptibility mapping 
and erosion rate prediction, benefiting from their ability to 
capture nonlinear relationships and variable interactions 
[14]-[20]. Other Learning-based models, including Support 
Vector Machines (SVM), Convolutional Neural Networks 
(CNNs), and relevance vector machines, have also been 
explored, particularly for large-scale erosion assessment using 
topographic, vegetation, and remote sensing data [21]-[24]. 
While these studies confirm the effectiveness of ML for soil 
erosion prediction, many existing models prioritize predictive 
accuracy and rely on complex architectures, often at the 
expense of interpretability and physical transparency, which 
limits their direct applicability in engineering practice. 

Despite the growing body of research applying ML 
techniques to soil erosion prediction, several important gaps 
remain, particularly in terms of model interpretability and 
feature engineering [25]-[36]. Many existing studies prioritize 
predictive accuracy and rely on complex learning architectures, 
while offering limited insight into how individual input 
variables influence erosion behavior [27]-[29]. Although 
interpretability tools such as SHapley Additive exPlanations 
(SHAP) and Local Interpretable Model-agnostic Explanations 
(LIME) have been introduced in some cases, their use is 
inconsistent and often lacks a comprehensive analysis that links 
model outputs to physical erosion mechanisms [25], 
[26],[30]-[31]. In addition, feature selection and engineering 
strategies in erosion-related studies are frequently based on 
conventional methods, with limited attention given to handling 
correlated variables or developing physically meaningful 
feature transformations [31]-[33]. Furthermore, feature 
engineering is often tailored to specific environmental or 
climatic conditions, which restricts the general applicability of 
developed models across different soil systems [25],[34]-[36]. 
These limitations highlight the need for predictive frameworks 
that integrate systematic, physically informed feature 
engineering with transparent and interpretable modelling 
approaches. 

The objective of this study is to develop a reliable and 
interpretable framework for predicting the IHET without 
relying on complex or computationally intensive 
learning-based models. To this end, an interpretable linear 
model is first established using six fundamental physical and 
mechanical soil parameters. These parameters are routinely 

measured and widely used in geotechnical engineering 
practice. Their use reflects experimentally based soil 
characterization approaches reported in related geotechnical 
studies [37]-[40]. Building on this baseline, a systematic 
feature-engineering strategy is introduced to expand the 
original feature space to nineteen physically meaningful 
variables, while retaining model simplicity. The predictive 
performance of the proposed feature-engineered linear model is 
benchmarked against representative ML approaches, namely 
Gradient Boosting (GB) and a shallow ANN. The results 
demonstrate that enhancing the feature space within a linear 
modelling framework can outperform more complex 
learning-based models, while maintaining transparency and 
physical interpretability. The proposed approach provides a 
practical and efficient tool for erosion assessment and 
preliminary engineering design, offering a balanced alternative 
between empirical testing and black-box prediction models. 

II. DATASET DESCRIPTION AND PREPROCESSING 

A. Dataset Description and Soil Parameters 

The dataset used in this study consists of experimentally 
derived soil samples reported by Attom et al. [41] and compiled 
to support data-driven prediction of the IHET. The dataset 
includes sixteen types of clayey soils prepared at different 
initial dry densities and water contents, resulting in a total of 
forty distinct soil samples, for which erosion parameters were 
determined independently. The input variables comprise six 
fundamental soil parameters, grouped into physical properties: 
LL, PI, wi, d, and mechanical properties, namely φ, and C. 
These parameters are routinely measured in geotechnical 
engineering practice and are known to influence soil erosion 
behaviour. The target variable is IHET, which quantifies the 
susceptibility of soil to internal erosion under hydraulic shear 
stress and serves as a key indicator for erosion risk assessment 
in earth structures. 

B. Data Preprocessing and Synthetic Expansion 

Before model development, the dataset was prepared to 
ensure consistency and reliability. The cleaned data were 
divided into training and testing subsets using an 80/20 split. A 
fixed random seed was used to ensure reproducibility and allow 
fair comparison among different models. To improve model 
robustness and mitigate the limitations associated with the 
small dataset size, the dataset was synthetically expanded using 
controlled Gaussian noise perturbation and SMOTE-style 
interpolation applied to all features. Similar augmentation 
strategies have been successfully applied in engineering and 
geotechnical studies where Gaussian noise was shown to 
improve model robustness and generalization when applied in a 
controlled manner [42], [43]. In addition, SMOTE-based 
interpolation, either alone or combined with Gaussian noise, 
has been reported to enhance predictive stability and accuracy 
in geotechnical and industrial applications [44]-[45]. These 
studies emphasize the importance of controlling noise levels 
and combining augmentation techniques to improve 
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generalization without degrading performance [42],[45]. 
Accordingly, the synthetic data in this study were used to 
support model generalization rather than to artificially inflate 
predictive performance. All reported results are therefore based 

on predictions obtained from the unseen test dataset.  
 

C. Exploratory Data Analysis and Visualization 
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Fig. 1. Histograms of the six physical and mechanical soil parameters  
(LL, PI, wi, d, φ, and C) and the IHET. 

 
Fig. 1 presents the distributions of the six physical and 

mechanical soil parameters together with IHET. The 
histograms indicate noticeable variability in all input variables, 
reflecting the heterogeneous nature of the clayey soils 
considered in this study. Several parameters exhibit 
non-uniform and skewed distributions, while IHET also shows 
a broad spread across its range. This variability suggests that 
soil erosion behaviour is influenced by multiple interacting 
factors rather than a single dominant parameter. 

Figure 2 shows the Pearson correlation heatmap between the 
soil parameters and IHET. The results indicate that no single 
input variable exhibits a strong linear correlation with IHET, 
while moderate correlations are observed among some soil 
properties themselves. These patterns suggest the presence of 
nonlinear relationships and interactions between variables, 
which may not be fully captured using the original input 
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parameters alone. Consequently, the observed distributions and 
correlation structure motivate the use of feature engineering to 
introduce physically meaningful transformations and 
interaction terms that can better represent the underlying 
erosion mechanisms.  

 
 

 

 
Fig. 2. Correlation heatmap. 

I. METHODOLOGY 

A. Feature-Engineered Linear Model 

To improve the predictive capability of the baseline linear 
model while preserving interpretability, a systematic feature 
engineering strategy was adopted. The motivation behind this 
approach is to enrich the original input space with physically 
meaningful transformations that can capture nonlinear soil 
behavior and variable interactions without resorting to complex 
or black-box learning models. Rather than increasing model 
complexity, the proposed strategy enhances the descriptive 
power of a simple linear formulation through informed feature 
construction. Starting from the six fundamental physical and 
mechanical soil parameters: LL, PI, wi, d, φ, and C, the feature 
space was expanded to a total of nineteen variables. The 
engineered features were grouped into three categories: 
ratio-based features, logarithmic transformations, and 
interaction terms. Each category was selected to reflect known 
geotechnical relationships governing soil plasticity, strength, 
and erosion resistance. Ratio-based features were introduced to 
represent relative soil consistency and plasticity characteristics, 
which are commonly used indicators in soil classification and 
erosion assessment. Logarithmic transformations were applied 
to reduce skewness, stabilize variance, and account for the 
nonlinear influence of soil and erosion parameters across wide 

value ranges. Interaction terms were included to capture 
coupled effects between key mechanical and erosion-related 
variables, allowing the linear model to implicitly represent 
nonlinear behavior while maintaining full transparency. The 
complete set of base and feature-engineered parameters used in 
the proposed linear model, including ratio-based, logarithmic, 
and interaction features, is summarized in Table 1. 
 

TABLE I: SUMMARY OF INPUT AND FEATURE-ENGINEERED PARAMETERS 
USED IN THE LINEAR MODEL. 

Category Feature Type Number 

Base Inputs 
Physical & Mechanical 

Parameters 
6 

Feature-Engineered Ratio-Based Features 2 
Feature-Engineered Log-Transformed Features 8 
Feature-Engineered Interaction Features 3 

Total - 19 
 
The final feature set integrates the original six soil 

parameters with a series of physically informed engineered 
variables. Ratio-based features quantify relative plasticity and 
consistency, logarithmic transformations address nonlinearity 
and variance stabilization, and interaction terms capture 
coupled mechanical and erosion effects. By embedding these 
transformations within a linear regression framework, the 
model gains the capacity to represent complex nonlinear soil 
behavior while preserving full transparency and 
interpretability. This approach provides a balance between 
predictive accuracy and mechanistic understanding, offering a 
practical alternative to more opaque machine learning 
techniques. 

B. Benchmark Machine Learning Models 

For benchmarking purposes, a Gradient Boosting (GB) 
regression model was trained using the same six physical and 
mechanical soil parameters. The model employs an ensemble 
of decision trees optimized sequentially to reduce prediction 
error and capture nonlinear relationships in the data. The GB 
model was used strictly for performance comparison and not 
for optimization, allowing an objective assessment of the 
proposed feature-engineered linear approach. 

II. RESULTS AND DISCUSSION 

A. Model Performance Comparison 

Figures 3 and 4 present a comparative evaluation of the 
predictive performance of the baseline linear model, the 
feature-engineered linear model, and the Gradient Boosting 
(GB) model using the test dataset. The baseline linear model, 
based on six original soil parameters, achieved a test R² of 0.71 
with an RMSE of 0.39, indicating moderate predictive 
capability. By contrast, the feature-engineered linear model, 
which expands the feature space to nineteen physically 
meaningful variables, demonstrates a clear improvement in 
performance, achieving the highest test R² of 0.82 and the 
lowest RMSE of 0.31. 

Although the GB model shows competitive performance 
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(test R² = 0.79 and RMSE = 0.33), it remains inferior to the 
feature-engineered linear approach. This behavior is consistent 
with findings reported in literature, where feature-engineered 
linear or shallow models often outperform more complex 
learning algorithms when datasets are limited and governed by 
physical constraints, owing to their higher data efficiency, 
robustness, and improved generalization [46]-[48]. Moreover, 
the ability to incorporate domain knowledge through physically 
meaningful feature transformations enhances predictive 
accuracy while preserving interpretability, which is critical for 
engineering decision-making [46], [49]-[50]. 

These results highlight that systematic feature engineering 
within a linear modeling framework can outperform more 
complex learning-based models while maintaining simplicity, 
transparency, and physical interpretability. This finding 
reinforces the effectiveness of feature-space enrichment as a 
practical and reliable alternative to black-box machine learning 
models for IHET prediction. 

 
Fig. 3. Comparison of test coefficient of determination (R²) for the baseline 

linear model (6 parameters), feature-engineered linear model (19 
parameters), and Gradient Boosting model (6 parameters). 

 
Fig. 4. Comparison of test root mean square error (RMSE) for the baseline 

linear model (6 parameters), feature-engineered linear model (19 
parameters), and Gradient Boosting model (6 parameters). 

III. CONCLUSION 
This study proposed an interpretable linear modeling 

framework for predicting the IHET using fundamental physical 
and mechanical soil parameters. A baseline linear model based 
on six routinely measured soil properties provided reasonable 
predictive accuracy, confirming their relevance for erosion 
assessment. By introducing a systematic feature engineering 
strategy, the feature space was expanded to nineteen physically 
meaningful variables, leading to a clear improvement in model 
performance. The feature-engineered linear model achieved the 
highest predictive accuracy, increasing the test R² from 0.71 to 
0.82 and reducing the RMSE from 0.39 to 0.31. When 

benchmarked against learning-based models, including 
Gradient Boosting, the proposed approach consistently 
outperformed the more complex models despite its simpler 
structure. These results demonstrate that enhancing the feature 
space within a linear framework can be more effective than 
increasing model complexity, particularly for physically 
constrained and moderately sized geotechnical datasets. 
Overall, the findings confirm that systematic, physically 
informed feature engineering significantly improves IHET 
prediction while preserving model simplicity, transparency, 
and computational efficiency. The proposed approach offers a 
practical and interpretable alternative to black-box machine 
learning models for erosion assessment and preliminary 
geotechnical design. 
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