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Predicting permeability coefficients of earth-rock material using an 
improved generative adversarial network and explainable ensemble 
learning under small sample conditions
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Abstract: Accurate prediction of the permeability coefficient is crucial for evaluating the compaction quality of earthworks. 
However, during the compaction process, on-site testing is often time-consuming and expensive, leading to fewer samples, 
which affects prediction accuracy. Moreover, most current predictive models have limited capabilities and tend to be black-box 
models with poor explainability. To overcome these issues, in this study, we proposed a new method to predict the permeability 
coefficient of earth-rock material based on an improved generative adversarial network (GAN) and explainable osprey 
optimization algorithm–Huber loss–light gradient boosting machine (OOA–HL–LightGBM). Firstly, by introducing the Wasserstein 
distance as the loss function into the conditional generative adversarial network (CGAN), the Wasserstein conditional generative 
adversarial network (WCGAN) was proposed to generate high-quality data, addressing the issue of insufficient information 
caused by small samples. Furthermore, by incorporating material and compaction parameters as inputs, a high-accuracy permeability 
coefficient prediction model was developed using LightGBM with the Huber loss function and the OOA. Finally, the Shapley 
additive explanation (SHAP) method was introduced into OOA–HL–LightGBM to analyze the specific roles of different 
features within the dataset to enhance the credibility of the prediction results. The proposed method was applied to a large-scale 
high-core rockfill dam in southwestern China to thoroughly verify its effectiveness and superiority.

Key words: Permeability coefficient prediction; Light gradient boosting machine (LightGBM); Wasserstein conditional generative 
adversarial network (WCGAN); Shapley additive explanation (SHAP)

1 Introduction 

The permeability coefficient is a crucial indica‐
tor for assessing the compaction quality of earthworks 
and is directly related to the structural stability and 
long-term operational safety of a project (Lin et al., 
2023). During the compaction process, the traditional 
permeability coefficient testing method relies mainly 
on on-site testing at construction sites. However, this 
method has the following limitations: (1) the number 
of randomly selected points is often small, and the 
limited number of local permeability coefficients that 
reflect the permeability characteristics of the entire 

work area is unreliable; (2) the lengthy sampling and 
testing procedures are time-consuming, which may 
affect project progress; (3) the on-site tests are carried 
out mainly at the end of the construction period, 
which makes it challenging to perform timely remedial 
action based on substandard test results (Liu et al., 
2012; Lv et al., 2017).

Compared with traditional measurement methods, 
establishing a prediction model for the permeability 
coefficient and studying the nonlinear mapping rela‐
tionships between the model and relevant parameters 
enables a real-time assessment of the permeability co‐
efficient. With the development of artificial intelligence, 
machine learning algorithms have been widely used 
to predict permeability coefficients, including various 
neural networks (Liu et al., 2020; Wrzesiński and 
Markiewicz, 2022; Kim and Song, 2023), support 
vector machines (Bagheri and Rezaei, 2019; Seyyedattar 
et al., 2022), random forests (Zhao et al., 2023), and 
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extreme gradient boosting (XGBoost) (Nero et al., 
2023). Overall, the use of machine learning techniques 
to establish models for predicting the permeability co‐
efficient has matured. However, current research still 
faces the problems of small samples and the lack of 
explainability of the models.

Prediction problems with small samples are com‐
mon in engineering applications. The nature of the 
small-sample prediction problem is the lack of infor‐
mation, which results in samples that do not adequately 
reflect the mapping relationship between the samples 
and label spaces (Fu et al., 2019). Data augmentation 
is a solution to the problem of insufficient sample 
data. Common data augmentation methods include the 
Monte Carlo model (Tsaregorodtsev and Belagiannis, 
2023) based on sampling, copula function (Njock et al., 
2025) based on dependence modeling, Gaussian mix‐
ture model (Jiang et al., 2023) based on probability 
modeling, and variational autoencoder (Islam et al., 
2021) based on generative models. However, these 
approaches have certain limitations in complex non‐
linear dependencies among high-dimensional features. 
Generative adversarial networks (GANs), through the 
adversarial training mechanism and nonlinear model‐
ing capacity of deep neural networks, can learn com‐
plex data distributions from the latent space and gen‐
erate high-quality samples, making them widely used in 
small-sample problems (Chen et al., 2021; Wen et al., 
2023; Mashhadi et al., 2024). However, the original 
GAN relies mainly on random noise to generate data 
(Han et al., 2024), making it uncontrollable and unable 
to produce results under the given conditions. The con‐
ditional generative adversarial network (CGAN) (Mirza 
and Osindero, 2014) is a variant of GAN, which con‐
strains the model by adding conditional information (ε) 
to the generator and the discriminator, thereby guid‐
ing the generator to produce data in a specified form. 
Moreover, the GAN training process is unstable and 
often suffers from convergence difficulties, pattern col‐
lapse, and gradient vanishing problems (Jabbar et al., 
2022). To address these issues, Arjovsky et al. (2017) 
proposed the Wasserstein generative adversarial net‐
work (WGAN), which uses the Wasserstein distance as 
a measure for distribution discrepancies, replacing the 
Jensen–Shannon divergence in the conventional GAN. 
The superiority of the Wasserstein distance lies in its 
ability to reflect the dissimilarity between two distribu‐
tions, even when the generated data distribution differs 

significantly from the original data distribution. This 
enables the effective alleviation of instability during 
training and the production of high-quality data with‐
out complicating the network model structure (Sang 
and Xu, 2022). The introduction of the Wasserstein 
distance as the loss function for the CGAN simultane‐
ously enhances data controllability and improves train‐
ing stability by enabling the generation of high-quality 
samples that approximate the real data distribution, 
thereby expanding the dataset and effectively mitigat‐
ing small sample problems.

Fully capitalizing on data information is key to 
improving prediction accuracy. Although neural net‐
works have shown promising performance in engi‐
neering prediction tasks in recent years (Liu et al., 
2025; Zhang et al., 2025), their prediction capability 
remains limited under small sample conditions. In 
contrast, ensemble learning algorithms, by integrating 
multiple weak learners, can mitigate overfitting more 
effectively and extract key information from the data 
more comprehensively, thereby obtaining better pre‐
dictive performance (Zhou, 2023). Among ensemble 
learning algorithms, the light gradient boosting ma‐
chine (LightGBM) demonstrates exceptional capabili‐
ties. It not only inherits the advantages of traditional 
ensemble learning methods but also shows excellent 
flexibility in handling various complex datasets (Ke 
et al., 2017). In recent years, LightGBM has been 
widely applied in many fields, including energy (Guo 
JX et al., 2023), flood control (Ding et al., 2023), con‐
struction (Meng et al., 2024), and finance (Wang et al., 
2022).

However, despite the excellent performance of 
LightGBM in handling complex information, outliers 
that may arise can still significantly impact prediction 
accuracy. In traditional regression losses, although the 
mean square error (MSE) provides good convergence, 
it assigns higher weights to outliers, affecting the over‐
all performance of the model (Elsebach, 1994). While 
the mean absolute error (MAE) performs well in han‐
dling outliers, it is non-smooth at the global minimum, 
potentially hindering model convergence (Ahmed, 
2023). The Huber loss function effectively combines 
the advantages of MSE and MAE. It mitigates sensi‐
tivity to outliers while maintaining differentiability, 
thereby enhancing model stability (You and Lu, 2021; 
Xing and Zhang, 2022; Yang et al., 2022). Inspired by 
this, in this study, we introduced the Huber loss function 
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into LightGBM to enhance its capability to handle 
outliers and improve its predictive performance.

Moreover, the choice of hyperparameters signifi‐
cantly affects LightGBM’s prediction results, making 
the selection of hyperparameters crucial. The osprey 
optimization algorithm (OOA), a new swarm intelli‐
gence optimization algorithm proposed in 2023, offers 
outstanding global search capability and fast conver‐
gence (Dehghani and Trojovský, 2023). Therefore, 
applying OOA to optimize the hyperparameters of 
LightGBM is an effective approach to improve the 
model’s predictive performance.

Although the LightGBM algorithm can achieve 
high-precision model evaluation, its explainability re‐
mains limited, hindering a deeper understanding of 
the model decision (Sun DL et al., 2023). Its explain‐
ability is manifested mainly in ranking feature impor‐
tance. However, this approach is contingent upon how 
the model learns feature weights during training, con‐
strained directly by the model’s structure and learning 
capabilities. In recent years, scholars have used different 
approaches to study the explainability of machine learn‐
ing, such as partial dependence plot (PDP) (Friedman, 
2001), local interpretable model-agnostic explanations 
(LIME) (Ribeiro et al., 2016), and Shapley additive 
explanation (SHAP) (Lundberg and Lee, 2017). The 
SHAP algorithm has garnered significant attention due 
to its powerful visualization capabilities and its ability to 
provide explanations of the model from both global and 
local perspectives. Many scholars have combined SHAP 
with various ensemble learning algorithms to improve 
the transparency and explainability of model decisions 
(Salehi et al., 2023; Sun YL et al., 2023; Cakiroglu 
et al., 2024). The SHAP method shows a wide range of 
applicability. Applying it to explain LightGBM models 
by analyzing the impact of input features on predic‐
tions can significantly enhance model transparency.

2 Research framework 

Fig. 1 shows the research framework, which in‐
cludes the following steps: (1) acquiring relevant data 
from the database, (2) developing a new method for 
predicting the permeability coefficients of earth-rock 
material based on the Wasserstein conditional genera‐
tive adversarial network (WCGAN) data augmenta‐
tion technique and explainable osprey optimization 

algorithm–Huber loss–light gradient boosting machine 
(OOA–HL–LightGBM), and (3) applying the proposed 
method to a large-scale high-core rockfill dam, fol‐
lowed by analysis and discussion.

3 Methodology 

3.1 Data augmentation technology based on 
WCGAN

GAN is a type of deep neural network model 
trained in an adversarial manner, as proposed by 
Goodfellow et al. (2014), based on the concepts of 
games and adversarial training. A GAN consists of 
two functional networks: a generator and a discrimina‐
tor. During practical training, the generator aims to 
produce fake samples that resemble an actual distribu‐
tion, whereas the discriminator strives to enhance its 
accuracy in distinguishing between real and fake sam‐
ples. This process continues to alternate and make 
fake samples. The generator and discriminator con‐
tinue improving their performance in the confronta‐
tion and finally generate data that approximate the 
truthful distribution. The training process can be ex‐
pressed as follows:

minG maxDV ( D   G ) =

Ex~pr
[ log ( D ( x ) ) ] -Ez~pz[ log (1 -D (G ( z ) ) ) ]    (1)

where V(D, G) denotes the value function of the game, 
E(·) is the expectation operator, x is the samples from 
the real data distribution pr, z is noise sampled from the 
latent distribution pz, G(·) is the generator function, 
which generates new data samples by taking a random 
noise vector from the latent space as input, D(·) is the 
discriminator function, which takes a data sample as 
input and outputs the probability that the sample be‐
longs to the real data distribution, and minGmaxD reflects 
the adversarial training process, in which the generator 
and discriminator gradually improve their performance 
through competition, ultimately enabling the genera‐
tion of high-quality data samples.

CGAN is a variant based on GANs, which incor‐
porates ε into both the generator and the discrimina‐
tor, allowing the model to generate specified forms of 
data more quickly (Mirza and Osindero, 2014). The 
objective function is expressed as follows:
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minG maxDV (D G)=

Ex~pr
[ ]log(D(x|ε)) -Ez~pz

[ ]log(1-D(G(z|ε))) .
  (2)

WGAN transforms this into an optimization prob‐

lem that minimizes the Wasserstein distance by modi‐

fying the loss function of the GAN (Arjovsky et al., 

2017). During training, the generator attempts to mini‐
mize this function to generate data that are as similar 
as possible to the real data. The Wasserstein distance 
(𝒲  ) is calculated as follows:𝒲 (pr pg)= inf

γ~∏( )prpg

E( )xx͂ ~γ
[ ] x - x͂  (3)

Fig. 1  Research framework. The variables will be given in the following sections
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where ∏(pr, pg) represents the set of all possible joint 
distributions γ whose marginals are the real distribu‐
tion pr and the generated distribution pg, respectively, 
and  x - x͂  represents the distance between the real 
data samples and the generated data samples.

To facilitate the introduction of Wasserstein dis‐
tance into GANs, a 1-Lipschitz constraint is added to the 
distance calculation, aiming to ensure that the output 
curve remains as smooth as possible without tending 
toward infinity or infinitesimal. Additionally, to satisfy 
Lipschitz continuity in the training network, weight clip‐
ping is applied, restricting the network parameters to a 
predefined range after each update. After introducing 
the Wasserstein distance and Lipschitz constraints, the 
objective function of WGAN is as follows:

minG maxDV ( D G ) =

Ex~pr
[ D ( x ) ] -Ez~pz

[ D (G ( z ) ) ].
(4)

In this study, we combined the advantages of 
CGAN and WGAN to propose an improved GAN-based 
structure, namely, WCGAN. In the WCGAN, ε is incor‐
porated into both the generator and discriminator, 
while the Wasserstein distance is used as the loss func‐
tion. The objective function is as follows:

minG maxDV ( )D G =

Ex~pr
[ ]D(x|ε) -Ez~pz

[ ]D(G(z|ε)) .
(5)

Based on this structure, WCGAN is used to per‐
form data augmentation, and its working principle is 
illustrated in Fig. 2. The input features, including 
material and compaction parameters, are first combined 
to form ε, which is used to guide the generation process. 
During training, the generator takes a concatenation of 
ε and a random noise z as input and outputs the corre‐
sponding permeability coefficient. The discriminator 

receives either a real or a generated permeability coef‐
ficient, along with the same ε, and determines whether 
the input is from the real data distribution. After train‐
ing, new input features are generated by randomly sam‐
pling the original features with replacement and intro‐
ducing small perturbations. These features are then 
combined to construct ε, which is concatenated with 
random noise z and input to the generator to produce 
the corresponding permeability coefficients.

3.2 Permeability coefficient prediction model based 
on OOA–HL–LightGBM

3.2.1　Huber loss function

Huber loss is a loss function that effectively miti‐
gates the impact of outliers on the computational results 
(Huber, 1964). The mathematical expressions are as 
follows:

L ( y ŷ ) =

ì

í

î

ïïïï

ï
ïï
ï

1
2

( )y - ŷ
2
    || y - ŷ ≤ δ 

δ || y - ŷ -
1
2
δ2    || y - ŷ > δ

(6)

where δ is a tunable parameter and y - ŷ represents the 
error between the actual value and the predicted value. 
For small errors (| y - ŷ | ≤ δ), the Huber loss approxi‐

mates MSE loss, with the gradient decreasing as the 
error decreases, facilitating the model’s ability to con‐
verge more precisely to the optimal point. For large 
errors (| y - ŷ | > δ), the loss function transitions to the 

MAE loss form, with a gradient approximately equal 
to δ, ensuring that the model updates parameters at a 
faster rate.

3.2.2　LightGBM ensemble learning algorithm

LightGBM is an ensemble learning method opti‐
mized for the gradient boosting decision tree (GBDT) 

Fig. 2  Schematic diagram of the working principle of the WCGAN. The variables will be given in the following sections
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model (Ke et al., 2017). It introduces gradient-based 
one-sided sampling (GOSS) to minimize the required 
number of samples while ensuring prediction accuracy, 
thereby accelerating training and reducing memory 
usage. Meanwhile, the model uses exclusive feature 
bundling (EFB), effectively reducing the number of 
features and lowering the dimensionality, enhancing 
its capability to handle high-dimensional data (Guo MX 
et al., 2023). Furthermore, the use of histogram algo‐
rithms significantly reduces the time complexity and 
doubles the computational speed (Wang et al., 2022). 
LightGBM also uses a leaf-wise strategy with depth 
limitations to reduce errors and achieve higher accuracy 
(Wang and Wang, 2020).

The application of these four innovative technol‐
ogies endows the LightGBM with unique advantages 
for handling high-dimensional feature data (Essa et al., 
2023). The LightGBM constructs predictive models 
by integrating multiple decision trees. Specifically, for 
the ith sample xi, the predicted value yi at the tth itera‐

tion (yi

( )t

) is represented as the cumulative sum of the 
predictions of the first t trees, which is mathematically 
expressed as:

yi

( )t

=∑
q = 1

t

fq( xi )  (7)

where fq(xi) denotes the prediction result of the qth 
regression decision tree for the ith sample. Moreover, 
the loss function L(t) in each iteration considers the dif‐
ference between the actual labels and current model 
predictions by incorporating regularization terms to pre‐
vent overfitting. After using the Huber loss, the expres‐
sion of the loss function for the LightGBM is as follows:

L( )t =∑
i = 1

n

l ( yiyi

( )t - 1

+ ft (xi)) +Ω ( ft )  (8)

Ω ( ft ) = μA +
1
2
λ ω

2 (9)

where l(·) represents the loss function, which is used 
to measure the loss between the actual label yi and the 
predicted value of the model after incorporating the tth 
tree, ft(xi) is the output score of the tth tree for sample 
xi, Ω( ft) represents the regularization term for the tth 
tree, A is the number of leaf nodes, and ω is the leaf 
node weights, with corresponding regularization coef‐
ficients μ and λ.

3.2.3　OOA

OOA is a metaheuristic algorithm that optimizes 
hyperparameters by simulating the predatory behavior 
of ospreys in nature (Dehghani and Trojovský, 2023). 
Ospreys are birds that feed on various fish, and their 
hunting behavior is divided into two phases: locating 
the fish and bringing the fish to a safe place. In OOA, 
the position of each osprey is considered a candidate 
solution to the problem. As the osprey changes its 
position during fishing, if the new position corresponds 
to a better value of the objective function, it replaces 
the osprey’s previous position. This process is mathe‐
matically expressed as:

X i =
ì
í
î

X Pn

i     F Pn

i <Fi
X i    else

    n = 1 2 (10)

where Xi is the position of the ith osprey, Fi is the cor‐
responding fitness value, and Pn denotes the fishing 
phases of the osprey.

In the first phase, the osprey randomly discovers 
the position of a fish and attacks it. This process causes 
significant changes in the osprey’s position in the 
search space, constituting the global exploration phase 
of OOA. The movement of the osprey towards the 
school of fish and the updating of its position is simu‐
lated using the following formula:

X P1

ij =Xij + rij(Zij - Iij xij ) 

i = 1 2  N     j = 1 2  m
(11)

where Xi, j denotes the current position of the ith osprey 
in the jth dimension, X P1

i j  represents its updated position 

during the first phase, N and m indicate the population 
size and the number of problem variables, respectively, 
Zi,j represents the jth component of the selected fish Zi, 
ri, j is a random number in [0, 1], and Ii, j is a random 
number from set {1, 2}.

After catching a fish, the osprey takes it to a safe 
location to eat. This process results in minor changes 
in the osprey’s position in the search space, represent‐
ing the local development phase of OOA. This change 
helps to avoid getting trapped in local optima and 
enhances the OOA’s capability in local search devel‐
opment. The osprey’s position change process in this 
phase is illustrated by the following equation:
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X P2

ij =Xij +
lj + rij( )uj - lj

t


i = 1 2  N    j = 1 2  m    t = 1 2  T
 (12)

where X P2

ij  represents the new position in the jth dimen‐

sion of the ith osprey in the second phase, uj and lj are 
the upper and lower bounds of the optimization, respec‐
tively, the variable t is the current iteration number, 
and T is the maximum number of iterations.

3.3 Additive feature explanation method based on 
SHAP

SHAP is a model-agnostic additive feature expla‐
nation method proposed by Lundberg and Lee (2017) 
based on the concepts of cooperative game theory. 
Its essence lies in the Shapley values introduced by 
Shapley (1952), which enable the quantitative assess‐
ment of each feature’s contribution to the prediction 
outcome, thus effectively explaining complex machine 
learning models. In predictive models, the formula for 
calculating the Shapley value of the dth input feature 
(ϕd) is as follows:

ϕd = ∑
SÍM\{ }d

|| S !( )|| M - || S - 1 !

|| M !
´

[ fSÈ { }d
( xSÈ { }d

) - fS( xS ) ] 
(13)

where M is the set that includes all input features, S 
represents all subsets of features excluding feature d, 
|M| and |S| denote the numbers of feature dimensions 
in M and S, respectively, |M|! and |S|! correspond to 
the factorials of these counts, xS denotes the input fea‐
ture values in S, xSÈ{ }d  is the input including both S 

and feature d,  fSÈ{ }d (·) is a model trained including fea‐

ture d, and fS(·) is another model trained excluding 

feature d.
Based on Shapley values, SHAP approximates 

complex models by combining multiple linear models, 
essentially defining the output model as the sum of 
contributions from input variables (Oliveira et al., 2024). 
Therefore, the explanation of the predictive model by 
SHAP (g(z′ )) can be represented by Eq. (14).

g(z′ )= ϕ0 +∑
d = 1

|| M

ϕd z′d (14)

where ϕ0 is the baseline output of the entire predictive 
model, and z′d indicates whether the dth feature is 
selected, with z′d equaling 1 when the feature is selected 
and 0 otherwise.

3.4 Prediction process of the proposed method

A flowchart of the proposed method is illustrated 
in Fig. 3. Firstly, the original dataset is split into a train‐
ing set, a validation set, and a test set. Then, WCGAN 
is applied to augment the training set. The generated 
samples are evaluated using the validation set, and the 
optimal ones are selected and combined with the orig‐
inal training data to form an augmented training set. 
Subsequently, OOA is used to optimize the hyperpa‐
rameters of the Huber loss–light gradient boosting 
machine (HL–LightGBM) model. After obtaining the 
optimal hyperparameter combination, the permeability 
coefficient prediction model is trained using the aug‐
mented training set, and its performance is evaluated 
on the test set. Finally, SHAP is applied to perform 
both global and local explanations of the model.

4 Case study 

A case study was conducted on a high-core rock‐
fill dam in southwestern China, which focuses mainly 
on power generation along with flood control, and has 
multi-year regulation capabilities. Given the critical 
role of the core wall area in seepage prevention, we 
analyzed the permeability coefficient of earth-rock 
materials during the compaction process.

4.1 Data collection

Compaction construction information comes from 
numerous sources and is characterized by different tem‐
poral granularities and spatial locations, making it a 
typical case of multi-source heterogeneous information. 
To construct the original input and output space for a 
permeability coefficient predictive model, it is necessary 
to perform spatiotemporal pairing of this multi-source 
heterogeneous compaction construction information.

As illustrated in Fig. 4, the compaction parame‐
ters were obtained from a real-time monitoring system 
developed by Zhong et al. (2011). This system, based 
on the global navigation satellite system (GNSS) posi‐
tioning module and the vibration force monitoring 
module, obtains compaction velocity (V), compaction 
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thickness (H), static rolling passes (N1), and high vibra‐
tion passes (N2) through data reading and processing 
by the database server and application server. For the 
material parameters, the moisture content (W) was 
obtained from moisture content tests, the P5 content 
(P5), uniformity coefficient (Cu), and curvature coeffi‐
cient (Cc) were obtained from particle analysis tests, 
and the permeability coefficient (K) was obtained from 
spot tests. Further data collection and compilation in 
the database were conducted using a personal digital 
assistant (PDA) real-time information collection system 
(Liu et al., 2015).

Considering that the compaction construction 
information collected in its original state lacks direct 
interconnections, we transformed multisource hetero‐
geneous compaction construction information to the 
same spatiotemporal baseline based on spatiotem‐
poral correlations. This transformation achieves the 

spatiotemporal pairing of the input and output data, 
resulting in an original dataset. From this dataset, 207 
sets of data were selected for predictive analysis of the 
permeability coefficient. These sets were split in a 
7.0:1.5:1.5 ratio into 144 training samples, 31 valida‐
tion samples, and 32 test samples.

4.2 Analysis of data augmentation technology

Using the WCGAN method proposed in this study, 
25, 50, 100, 150, and 175 samples were generated from 
the original training set. Subsequently, these samples 
were combined with the original training data to form 
a new training set. The previously defined validation set 
was used for testing. A prediction model constructed 
using the LightGBM algorithm with the Huber loss 
function was applied to predict the permeability coef‐
ficient. The prediction results for the training data 

Fig. 4  Data collection of compaction parameters, material parameters, and permeability coefficient

Fig. 3  Flowchart of the proposed method for permeability coefficient prediction
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containing different generated samples are shown in 
Table 1. The four evaluation metrics—root mean square 
error (RMSE), MAE, coefficient of determination (R2), 
and concordance correlation coefficient (CCC) (Lin, 
1989)—showed good consistency. Compared to the 
prediction model without added generated samples, 

the model with added generated samples had lower 
RMSE and MAE and higher R2 and CCC values, indi‐
cating that the model with added generated samples 
has higher prediction accuracy. Moreover, among the 
models with added generated samples, as the number 
of generated samples increased, the predictive perfor‐
mance of the model initially improved and then dimin‐
ished. This indicates that although using WCGAN to 
generate samples for data augmentation can improve 
the model’s generalizability, adding more generated 
samples does not necessarily improve the model’s 
predictive capability. This is because generating too 
many samples may lead to overfitting on the training 
set and reduced generalizability on real data.

To further verify the statistical consistency of the 
distribution characteristics of the generated samples, 
Fig. 5 presents a comparison between the original 
samples and the generated samples under the optimal 

Fig. 5  Data distributions of original data and generated data (the brown color indicates overlapping regions): (a) W; (b) P5; 
(c) Cu; (d) Cc; (e) H; (f) N1; (g) N2; (h) V; (i) K

Table 1  Comparison of results for different numbers of 

generated samples

Number of 
samples

144

144+25

144+50

144+100

144+150

144+175

Evaluation metric

RMSE 
(×10−5 cm/s)

0.044

0.041

0.040

0.037

0.038

0.040

MAE 
(×10−5 cm/s)

0.035

0.031

0.032

0.028

0.031

0.030

R2

0.813

0.840

0.845

0.867

0.861

0.850

CCC

0.896

0.907

0.913

0.921

0.920

0.914

223



|    J Zhejiang Univ-Sci A   2026 27(3):215-230

generation size in terms of histograms and Gaussian 
kernel density estimation curves across each feature 
dimension. The density curves of the original and gen‐
erated data show similar distributions, with similar 
trends of variation across different value ranges. Mean‐
while, the frequency distributions shown in the histo‐
grams also demonstrate a high degree of consistency. 
These results indicate that the WCGAN is capable of 
effectively learning the statistical characteristics of the 
original data and generating samples with a similar 
distribution.

4.3 Analysis of permeation coefficient prediction 
results

Combining the 100 best-performing generated 
samples with the original training data formed an aug‐
mented training set containing 244 samples. To ensure 
consistency, the 32 samples designated as the test set 
in the earlier split were used for model evaluation. The 
model constructed using the LightGBM algorithm with 
the Huber loss function was applied to predict the per‐
meability coefficient.

The hyperparameters of the HL–LightGBM algo‐
rithm were adaptively optimized using OOA. In this 
study, in the OOA algorithm, the osprey population 
size was 40, and the maximum iteration number was 
set to 200. R2 was used as the fitness function to maxi‐
mize the predictive accuracy of the model. To ensure 
robustness and prevent data leakage, five-fold cross-
validation was used during the OOA-based hyperpa‐
rameter optimization of the HL–LightGBM model. 
The average R2 score served as the evaluation metric 
for assessing the performance of each hyperparameter 
combination. The optimization ranges and optimal 
results for various parameters are shown in Table 2.

After determining the optimal combination of 
hyperparameters, the model was trained using an aug‐
mented training set containing 244 samples. Subse‐
quently, the predictive performance of the model was 
validated with the test set. The prediction results of the 
test set (Fig. 6) indicate that the predicted values of 
the permeability coefficient closely match the actual 
values. This shows that the permeability coefficient 
model using OOA–HL–LightGBM ensemble learn‐
ing has high prediction accuracy. Further calculations 
showed that the RMSE, MAE, R2, and CCC were 
0.0281×10−5 cm/s, 0.0222×10−5 cm/s, 0.903, and 0.942, 
respectively. These metrics collectively indicate that 
the model has high prediction accuracy and strong 
generalization capability.

4.4 Explainability analysis of the permeability 
coefficient prediction model

4.4.1　Global explainability analysis

The SHAP method calculates the Shapley value 
of each feature using its average absolute value as an 
indicator of feature importance. The larger this indica‐
tor value, the higher the importance of the feature. The 
SHAP feature importance ranking of the OOA–HL–
LightGBM-based permeability coefficient prediction 
model is shown in Fig. 7. P5 had the most significant 
impact on the permeability coefficient prediction. N2 
and H played essential roles in the predictions of the 
model, and Cc also influenced the prediction to some 
extent. N1, W, Cu, and V had a weaker impact than Cc.

Additionally, the Shapley value for each feature 
across all samples was plotted as a scatter plot, with a 
color gradient indicating feature magnitudes (red for 

Fig. 6  Permeability coefficient prediction results

Table 2  Optimized results for OOA–HL–LightGBM

Hyperparameter

n_estimators

learning_rate

max_depth

num_leaves

min_child_samples

δ

Optimization scope

[1, 500]

[0.01, 1]

[2, 100]

[2, 100]

[2, 100]

[0.01, 5]

Optimal result

130

0.28

11

38

27

0.03

n_estimators is the number of boosting trees; learning_rate is the 
shrinkage factor; max_depth is the maximum tree depth; num_leaves 
is the maximum number of leaf nodes; min_child_samples is the 
minimum number of samples in a leaf
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high, blue for low). Each point represents a Shapley 
value for a particular sample feature. The y-axis lists 
features by importance, while the x-axis shows Shapley 
values, where positive values indicate a positive con‐
tribution and negative values indicate a negative impact. 
With an increase in P5, the corresponding Shapley value 
was less than 0 and continued to decrease (Fig. 8), 
indicating that higher P5 harms the prediction of the 
permeability coefficient. Similar trends were observed 
for Cu and V. In contrast, an opposite trend was observed 
for N2. As the feature value increased, its correspond‐
ing Shapley value became greater than 0 and continued 
to increase, indicating that larger feature values resulted 
in higher predictions of the permeability coefficient. 
Similar patterns were observed for H, Cc, N1, and W.

4.4.2　Local explainability analysis

The SHAP attribution analysis method not only 
provides a comprehensive analysis of the importance 
of sample features globally and identifies key factors 
affecting prediction outcomes but also enables the 
analysis of the effects of different features in individual 
samples. Using Samples 8 and 15 as examples, the 
effects of their features are illustrated in Fig. 9. Here, 

the x-axis represents the magnitude of the predicted 
values, and the y-axis represents the input feature values 
arranged by their importance. Red indicates a positive 
impact on the prediction of the permeability coefficient, 
whereas blue indicates a negative effect. For Sample 8, 
P5 is the main feature influencing the prediction output, 
and Cc and N2 also have a significant impact. P5, N2, 
N1, V, and H hinder the prediction of the permeability 
coefficient, while Cc, W, and Cu have positive effects. 
Specifically, a P5 value of 43.7 decreased the permea‐
bility coefficient from the baseline by 3.33×10−7 cm/s, 
and a Cc value of 0.03 increased the predicted value 
from the baseline by 2.94×10−7 cm/s. The baseline per‐
meability coefficient, representing the model’s aver‐
age prediction across the training dataset, was 47.066×
10−7 cm/s. Accounting for the combined contribution of 
all features, the final predicted permeability coefficient 
for Sample 8 was 43.234×10⁻7 cm/s. In addition, the 
comparison between Sample 8 and Sample 15 reveals 
that the same input feature may exert different effects 
across samples, indicating that the explanations and 
analyses of input features should be context-specific 
rather than overly absolute.

Fig. 8  SHAP feature importance violin plot

Fig. 7  Feature importance ranking based on SHAP

Fig. 9  Single sample prediction diagram: (a) Sample 8; 
(b) Sample 15
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SHAP also enables the visualization of the inter‐
active effects of two different features on the Shapley 
value through feature dependence plots. The horizontal 
axis represents the value of the input feature, the left 
vertical axis shows the Shapley value of the input fea‐
ture, and the right vertical axis represents the value of 
the other feature. The redder the color, the larger the 
feature value, and the bluer the color, the smaller the 
feature value.

The interactive effects of H and P5 are shown in 
Fig. 10. When H was greater than 0.26, most of the 
Shapley values were greater than 0, indicating that an 
increase in H positively impacted the prediction of the 
permeability coefficient in this range. Conversely, when 
H was less than 0.26, most Shapley values were less 
than 0, suggesting that a decrease in H negatively in‐
fluenced the prediction of the permeability coefficient. 
Similarly, when P5 exceeded 43.5, most of its Shap‐
ley values were less than 0, negatively affecting the 
prediction of the permeability coefficient, and when P5 
was below 43.5, most of its Shapley values were 
greater than 0, positively impacting the prediction. 
Through a comprehensive analysis of the interaction 

between H and P5, we observed that when H was 
greater than 0.26, a lower P5 increased the positive 
contribution of H to the predicted permeability coeffi‐
cient. When H was less than 0.26, a lower P5 increased 
its negative contribution. Furthermore, when P5 ex‐
ceeded 43.5, a higher H enhanced its negative effect. 
When P5 ranged from 41.0 to 43.5, a higher H enhanced 
its positive effect, while when P5 was below 41.0, a 
lower H enhanced its positive effect.

5 Discussion 

5.1 Comparative analysis of data augmentation 
technology

To validate the effectiveness of the proposed 
WCGAN-based data augmentation method in address‐
ing small sample prediction issues in practical engi‐
neering, we compared it with alternative data augmen‐
tation techniques based on Gaussian mixture models 
(GMMs) combined with K-nearest neighbors (KNN) 
regression, as well as variational autoencoders (VAEs). 
Following the strategy described in Section 4.2, multi‐
ple sets of samples were generated using the GMM–
KNN-based and VAE-based data augmentation meth‐
ods. The optimal number of samples generated for 
each method was selected based on the prediction per‐
formance on the validation set. These samples were 
combined with the original training data to form the 
final training set, on which the model was trained. The 
prediction performance was evaluated using the test 
set. The prediction results of the samples generated by 
the three different methods, along with those from the 
original training data (UnA), are shown in Fig. 11.

Analysis showed that the three data augmentation 
methods demonstrated great consistency across the 
four evaluation metrics of RMSE, MAE, R2, and CCC. 
The prediction model trained with the training set ex‐
panded by the WCGAN-based method significantly 
outperformed the other two methods across all evalua‐
tion metrics. Moreover, compared to the original sam‐
ples, adding WCGAN-generated samples reduced the 
model’s MAE by 9%, outperforming the reductions 
of 5.3% and 1.7% achieved with the GMM–KNN-
based and VAE-based methods, respectively. This in‐
dicates that the proposed WCGAN has superior gener‐
ative capabilities, effectively enhancing the model’s 
predictive performance.Fig. 10  Interaction between H and P5
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5.2 Comparative analysis of prediction model 
performance

5.2.1　Comparative analysis of loss function

To explore the predictive performance of models 
using the Huber loss function, the results of the Light‐
GBM permeability prediction model using Huber loss 
as the loss function were compared with those of 
models using the MSE and MAE loss functions. The 
results are shown in Fig. 12.

The analysis indicated that the predictive model 
using the Huber loss function significantly outper‐
formed the other two methods in terms of RMSE, 
MAE, R2, and CCC. The MAE of the model using Huber 
loss decreased by 13.0% and 12.4% compared to the 

models using MSE and MAE losses, respectively, 
demonstrating that the Huber loss function provides 
the model with superior predictive performance.

5.2.2　Comparative analysis of the prediction algorithm

To validate the predictive performance of the 
LightGBM ensemble learning model, we compared it 
with four other prediction models, including decision 
tree (DT), support vector regression (SVR), GBDT, 
and XGBoost, all of which were optimized using the 
OOA-based hyperparameter tuning approach described 
in Section 4.3. As shown in Fig. 13, it is evident that 
compared with the other four algorithms, the LightGBM 
ensemble learning algorithm had the highest R2 and 
CCC but the lowest RMSE and MAE. Further calcu‐
lations show that compared to DT, SVR, GBDT, and 
XGBoost, the LightGBM model achieved MAE reduc‐
tions of 30%, 11.2%, 8.3%, and 1.3%, respectively, 
indicating that LightGBM has excellent prediction ac‐
curacy. Additionally, the prediction accuracies of DT and 
SVR were lower than those of GBDT and XGBoost. 
This is because DT and SVR are individual machine 
learning algorithms, while GBDT and XGBoost are 
ensemble learning algorithms with better predictive 
performance.

6 Conclusions 

The permeability coefficient is a critical indica‐
tor for assessing the compaction quality of earthworks. 
In this paper, we proposed a permeability coefficient 

Fig. 12  Comparison of predictive results using different loss 
functions (unit of RMSE and MAE: cm/s)

Fig. 13  Comparison of prediction results from different 
algorithms (unit of RMSE and MAE: cm/s)

Fig. 11  Comparison of different data augmentation 
techniques (unit of RMSE and MAE: cm/s)
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prediction model that uses WCGAN data augmentation 
technology and explainable OOA–HL–LightGBM. 
The conclusions of this study are as follows:

(1) The proposed WCGAN guides sample gener‐
ation through the CGAN mechanism and introduces 
the Wasserstein distance as the loss function, which 
generates high-quality samples stably and addresses 
the issue of small sample data effectively. Compared 
with the methods based on GMM–KNN and VAE, the 
WCGAN-based method shows superior performance 
in improving the accuracy of predictive models.

(2) This method uses Huber loss as the loss 
function for the LightGBM ensemble learning algo‐
rithm and optimizes LightGBM’s hyperparameters 
using OOA, thereby establishing a high-precision per‐
meability coefficient prediction model. The results 
indicate that models using Huber loss have improved 
prediction accuracy compared to those using MSE 
and MAE losses. Furthermore, compared to tradi‐
tional algorithms, LightGBM demonstrates advanced 
performance.

(3) This method integrates the SHAP attribution 
analysis method with the OOA–HL–LightGBM en‐
semble learning algorithm to enhance the explainability 
of the prediction model and increase the credibility of 
the prediction results.

In this paper, we proposed a new method for 
predicting the permeability coefficient of earth-rock 
material. Currently, the method focuses mainly on 
the study of the permeability compaction characteris‐
tics. Future work will extend to simultaneously pre‐
dicting the physical, mechanical, and permeability 
compaction characteristics. There are also plans to 
integrate this prediction model into intelligent com‐
paction monitoring systems to achieve real-time as‐
sessment of earthwork compaction quality. Moreover, 
considering the generalization potential of the meth‐
odological framework proposed in this paper, future 
work will explore its applicability to other geotechni‐
cal or civil engineering scenarios, such as subgrade 
compaction and embankment engineering, where the 
same type of compaction processes is involved. These 
engineering applications also require quantitative 
indicators to evaluate compaction quality and follow 
similar data acquisition procedures, making it possi‐
ble to apply the proposed framework to new engi‐
neering prediction tasks by retraining the model with 
task-specific data.
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