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Abstract

:

As large cities are continually being developed around coastal areas, structural damage due to the consolidation settlement of soft ground is becoming more of a problem. Estimating consolidation settlement requires calculating an accurate compressive index through consolidation tests. However, these tests are time-consuming, and there is a risk of the test results becoming compromised while preparing and testing the specimens. Therefore, predicting the compression index based on the results of relatively simple physical property tests enables more reliable and accurate predictions of consolidation settlement by calculating the compression index at multiple points. In this context, this study collected geotechnical data from the soft ground of Korea’s south coast. The collected data were used to construct a dataset for developing a compression index prediction model, and significant influencing factors were identified through Pearson correlation analysis. Simple and multiple linear regression analysis was performed using these factors to derive regression equations, and compression index prediction models were developed by applying machine learning algorithms. The results of deriving the significance of the influencing factors from the developed compression index prediction model showed that natural water content was the most significant factor in predicting the compression index. By collecting a significant amount of high-quality data and using the compression index prediction model and the model construction process proposed in this study, more accurate predictions of the compressive index will be possible in the future.
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1. Introduction


As large-scale infrastructure is built along coastal areas with soft ground, concerns are emerging about damage to superstructures due to the consolidation settlement of soft soil. Soft ground refers to very soft ground composed of layers of silt and clay. Soft soils have different geotechnical characteristics depending on certain conditions, such as how they were created, their sedimentary environment, and mineral composition [1]. Accordingly, the compression index of each region has different characteristics and ranges, and those considering ground characteristics are required to estimate consolidation settlement accurately. However, there are difficulties in conducting precise geotechnical surveys in wide areas due to the time and costs involved. As a result, the amount of soft ground settlement is generally predicted by estimating the overall soil properties based on geotechnical surveys.



The compression index of soft ground can be derived from consolidation tests in the laboratory using samples collected in the field [2]. The compression index is often used to calculate the primary consolidation settlement for consolidated or overconsolidated ground [3]. The compression index and primary consolidation settlement show a proportional relationship [4]. The compression index is calculated from the void ratio and the compression curve’s slope of the effective overburden pressure (effective stress) obtained from a standard consolidation test [5]. However, standard consolidation tests are expensive and time-consuming. Therefore, many empirical formulas have been developed to calculate the compression index from relatively simple physical test results [6,7,8,9,10]. Many studies have been conducted to predict the compression index by applying various techniques, such as developing a model for predicting the compression index through single and multiple regression analysis using the natural water content, liquid limit, and initial void ratio [8]. In addition, many studies have also been conducted on developing compression index prediction models based on machine learning algorithms [11,12,13]. However, most previous studies developed these models using relatively little data derived from local areas. In addition, different kinds of soft ground have different characteristics depending on various factors (such as how they were formed), so there are limitations to applying compression index prediction models from previous studies to other regions. Therefore, this study analyzed the characteristics of geotechnical data of the soft ground from Korea’s south coast and proposed a compression index prediction model using linear regression analysis and machine learning techniques. The geotechnical data of the target area (natural water content, liquid limit, plastic limit, plasticity index, initial void ratio, compression index) were collected and analyzed. Then, Pearson correlation analysis was used to determine the compression index and significant geotechnical properties, and regression equations between the geotechnical properties and compression index were derived through linear regression analysis. After removing any missing values, compression index prediction models were developed by applying the dataset to machine learning algorithms, such as RandomForest (RF), XGBoost (XGB), and LightGBM (LGBM). After this was completed, the significance of the factors used by the model to predict the compression index was investigated. Using the compression index prediction model proposed in this study will enable the prediction of the approximate compression index of the target area, and securing more data will enable the development of a model with upgraded quality in the future.




2. Target Area and Data


2.1. Target Area


Geotechnical data of the soft soil along the southern coast of Korea were collected to develop compression index prediction models using multiple regression analysis and machine learning techniques. Korea’s south coast has soft ground located in the Yeongsan, Seomjin, and Nakdong River water systems. The soft ground in the target area is characterized by the deposition of a sand layer on top of a clay layer resulting from flowing water. The thickness of the soft ground is mostly 10–20 m [1]. Table 1 shows the 4868 data points collected from these areas. Figure 1 shows a map of the region. The red portion in Figure 1 represents the targeted area




2.2. Data


The data used in this study were collected from geotechnical surveys during the construction and design stages located at the target areas. The geotechnical data collected included the soils’ average sampling depth, natural water content, specific gravity, liquid limit plasticity index, plastic limit, initial void ratio, saturated unit weight, uniaxial compressive strength, compression index, and pre-consolidation pressure. The natural water content was measured by drying samples collected in the field in a laboratory. Samples collected closer to the coast and at lower depths have higher natural water contents [14,15,16].



Table 2 shows the range and mean values of the data. The dataset is based on CH or CL groups, which are in the clay series under the unified soil classification system.





3. Selecting the Influencing Factors


To develop a machine learning-based compression index prediction model using geotechnical properties, geotechnical data of the study area were collected and correlation analysis was performed to derive factors that significantly correlated with the compression index. Preprocessing is required to remove empty values and errors from the data before performing correlation analysis and machine learning. The empty values and errors from the data used in this study were removed, and since much of the deleted data concerned saturated unit weight, uniaxial compressive strength, and pre-consolidation pressure, these data were excluded from the influencing factors to secure the dataset. The pre-consolidation pressure is significantly correlated with the compression index in addition to the effective overburden pressure [17,18,19]. Therefore, adding the pre-consolidation pressure as an influencing factor to the compression index prediction model was expected to yield good results. However, in addition to saturated unit weight and uniaxial compressive strength, only a limited amount of data was available for the pre-consolidation pressure. Therefore, it was unfortunately excluded as an influencing factor in this study.



Pearson correlation analysis was performed to derive the geotechnical properties (average depth, natural water content, specific gravity, liquid limit, plasticity index, plastic limit, and initial void ratio) that affect the compression index.



Correlation analysis is a statistical method used to measure the strength of the linear relationship between independent and dependent variables, and the correlation coefficient has values between −1 and 1. The correlation coefficient between variables is calculated through Equations (1) and (2), below [20,21].


  C o r r ( X , Y ) = ρ ( X , Y ) =   C o v ( X , Y )     σ   x     σ   y      



(1)






  r =     s   x y       s   x     s   y     =     ∑  i = 1   n    (     X   i   −   X  ¯  ) (   Y   i   −   Y  ¯  )      ∑  i = 1   n    (     X   i   −   X  ¯    )   2     ∑  i = 1   n    (     Y   i   −   Y  ¯    )   2       



(2)




s_(xy): covariance of X and Y variables; s_x: standard deviation of variable X; s_y: standard deviation of variable Y.



After obtaining the correlation coefficient using Equations (1) and (2), the hypothesis about the correlation in the population is tested using Equation (3) to determine whether the correlation coefficient between the two variables is statistically significant. If the test statistic is less than 0.05, then the correlation between the two variables is statistically significant [22,23].


  t = r    n − 2   1 −   r   2       



(3)







Table 3 shows the Pearson correlation analysis results between the mean depth, natural water content, specific gravity, liquid limit, plasticity index, plastic limit, initial void ratio, and compression index. The average depth and specific gravity were shown to not be significantly correlated with the compression index. In contrast, the natural water content, liquid limit, plasticity index, and initial void ratio showed a highly significant correlation (p < 0.001). In particular, the correlation between the natural water content, initial void ratio, and compression index was very high. Therefore, the factors influencing the compression index in this study were natural water content, liquid limit, plasticity index, plastic limit, and initial void ratio. In addition, a total of 2071 data points were used to build a dataset for statistical analysis and machine learning. Figure 2 shows the distribution between the compression index and the influencing factors.




4. Statistical Analysis


In this section, regression equations are proposed through single and multiple linear regression analyses using the natural water content, liquid limit, plasticity index, plastic limit, and initial void ratio, which were significantly correlated with the compression index in the correlation analysis. Multicollinearity between variables was checked through VIF analysis, and linear regression analysis was performed using factors not affected by multicollinearity to present the regression equation and the Coefficient of Determination.



4.1. VIF


Multicollinearity refers to the correlation between explanatory variables. If multicollinearity exists between variables, it distorts the estimated regression coefficients of the multiple regression model. Therefore, multicollinearity must be checked in order to build a multiple regression model. In general, the variance inflation factor (VIF) is used to test for multicollinearity. A VIF of less than 10 means no multicollinearity is present [24]. Equation (4) shows how to calculate the VIF for β_j, the estimator of the jth regression coefficient [25]. R_jis the Coefficient of Determination calculated from the regression model with xj as the dependent variable and the remaining variables as explanatory variables.


    V I F   j   =   1   1 −   R   j   2      



(4)







Table 4 shows the VIFs of the data variables. All factors except the plastic limit had VIFs greater than 10. Accordingly, the initial void ratio and plasticity index, which were suspected to overlap with the natural water content and liquid limit in the linear regression analysis, were excluded. The initial void ratio is calculated using the natural water content, and the plasticity index is the numerical difference between the liquid limit and plastic limit. Therefore, considering the amount of data, a linear regression analysis was conducted with the compression index using the natural water content, liquid limit, and plastic limit and excluding the initial void ratio and plasticity index. Table 5 shows the VIFs of the final data variables.




4.2. Simple Regression Analysis


Regression analysis expresses the relationship between the independent and dependent variables in the data as a functional formula to use the independent variable to predict the dependent variables. Equation (5) shows a form of a linear regression model using actual data. The intercept means the initial value, and the slope is the influence (weight). Depending on the sign, the slope can be interpreted as a positive or negative correlation between the two variables. The larger the absolute value, the greater the influence (weight) of the independent variable on the dependent variable [26].


    Y   i   =   b   0   +   b   i     x   1    



(5)




    Y   i    : dependent variable;     x   t    : independent variable;     b   o   : i n t e r c e p t  ;     b   t   : s l o p e  .



Table 6 shows the simple linear regression analysis results between the natural water content ratio, liquid limit, plastic limit, and compression index. According to the single-factor linear regression results, the highest Coefficient of Determination was found in the regression equation between the natural water content and compression index. The plastic limit’s Coefficient of Determination was the lowest, just as in the Pearson correlation analysis results. In addition, all independent variables were positively correlated with the dependent variable (Cc). The reliability of the simple regressions in Table 6 can be assessed using R2, and the results are similar to those of previous studies in similar geographic regions [8,9,27,28]. This was likely due to the analysis using relatively little data from a wide target area. Therefore, it is necessary to apply statistical analysis and machine learning techniques to propose a regression model for predicting the compression index using multiple factors.




4.3. Multiple Regression Analysis


Multiple linear regression analysis for predicting the compression index using geotechnical properties was performed using OLS analysis to investigate the effects of the natural water content, liquid limit, and plastic limit on the compression index and present regression equations. Multiple linear regression analysis expresses the relationship between multiple explanatory variables and the dependent variable (whether ground subsidence occurs or not) as a regression equation, as shown in Equation (6). The coefficients of the regression equation are estimated through the Ordinary Least Squares method (OLS), which minimizes the Sum of Squared Residuals [29,30].


  y =   β   0   +   β   1     x   1   +   β   2     x   2   + ⋯ +   β   i     x   i   + ε  



(6)




y: dependent variable;     x   i    : independent variable;     β   i    : estimated regression coefficient;   ε  : error.



Table 7 shows the results of the OLS analysis performed in this study. The weights of the natural water content and liquid limit were found to be statistically significant (p < 0.001). The weight of the natural water content was higher than that of the liquid limit. These results were consistent with the Pearson correlation and simple linear regression analysis above. However, in the case of the plastic limit, the weight was relatively small and not statistically significant. Therefore, the compression index regression equation using the geotechnical properties of the southern coastal area of Korea is composed of the natural water content and liquid limit, excluding the plastic limit, as shown in Equation (7), below.


    C   c   = 0.0152   W   n   + 0.0018 L L − 0.3165  



(7)









5. Machine Learning


The dataset used in the linear regression analysis was applied to machine learning algorithms to propose a model for predicting the compression index of the target area. This study used algorithms such as RF, XGB, and LGBM, which have shown excellent capabilities in predicting the compression index in previous studies [31]. The flowchart in Figure 3 shows the process for developing the compression index prediction model using machine learning. The dataset was built by securing the data of the target area and splitting it into an 80:20 ratio of training and evaluation data. After applying the training data to the machine learning algorithms, the model’s performance was tested by checking the Root Mean Squared Error (RMSE) and the Coefficient of Determination (R2).



5.1. Machine Learning Algorithms


The machine learning algorithms used in this study have been reported to be effective in solving regression and classification problems [32,33,34]. RandomForest (RF) is a commonly used ensemble learning method of the bagging technique, which derives optimal results by combining the output of multiple decision trees [35]. Bagging is accomplished by training each single algorithm to produce a result and then voting for the best result by majority vote or by presenting the average result. Unlike models that derive results from a single algorithm, this method derives results by training multiple algorithms, resulting in more efficient evaluation metrics. RF is often used in machine learning because it is efficient for processing data with unclear features and it splits trees in a dichotomous manner. Therefore, it is easy to solve problems by generalizing the data [36].



RF works as follows. First, n random bootstrap samples are used to train a decision tree, where attributes are randomly selected at each node without allowing for duplicates. Then, the process of splitting the nodes by creating the best split based on an objective function, such as information gain, is repeated, with the results of each decision tree averaged to derive the results. The information gain used as the objective function is defined as Equation (8), below [33].


  I G     D   p ,   f   = I     D   p     −   ∑  i = 1   m        N   j       N   p     I (   D   j     )  



(8)






f: Attribute used for splitting










Dp, Dj: The dataset in the node










I: Impurity










Np, Nj: Number of samples in the node











XGBoost (XGB) and LightGBM (LGBM) are machine learning algorithms that use boosting techniques, and a single algorithm is trained sequentially to derive results. The next algorithm learns from the previous algorithm and minimizes errors in the derived results to obtain the optimal outcome through the process. Boosting minimizes the rate of error by differentiating it through gradient descent and calculates the loss function. Equations (9) and (10) define the objective function using the cost function and the spatial function [37].


      y   i    ^  =   ∑  k = 1   K      f   k     (   x   i   )  



(9)






  O b j =   ∑  i = 1   n    l (   y   i         y   i    ^  ) +   ∑  k = 1   K    Ω   (   f   k   )  



(10)






      y   i    ^  : prediction   score  










K: number of trees










f: function of space F












5.2. Model Evaluation Metrics


The performance of the machine learning models used in this study was evaluated by the Root Mean Squared Error (RMSE) and Coefficient of Determination (R2). The RMSE is calculated by taking the root of the MSE (Mean Squared Error). RMSE is mainly used because it can cope with outliers by penalizing large errors. It is also easy to process by minimizing the size of the errors. R2 evaluates the performance of a model based on the variance. The closer the value is to 1, the better the model is. Equations (11) and (12) show how to calculate the RMSE [38].


  M S E =   1   N     ∑  i = 1   N      (   y   i   −   y  ^  )   2      



(11)






  R M S E =    1   N     ∑  i = 1   N      (   y   i   −   y  ^  )   2       



(12)








5.3. Results


This study built a dataset using the target area’s geotechnical properties and compression index data. The dataset was applied to machine learning algorithms (RF, XGB, and LGBM), and RMSE and R2 were used to determine the model with the best performance. Model overfitting was avoided when the difference in R2 between the training set and testing set was less than 0.1. Table 8 shows the results of the machine learning models for predicting the compression index. In terms of RMSE, the model using the RF algorithm had the lowest RMSE (0.1669). The R2 was also the best, although it was close (0.72). However, the performance of the XGB and LGBM models was not significantly different from the RF model. When looking at these results from a computer science perspective, this is likely due to the fact that a small amount of data was used.



Table 9 shows the hyperparameters of the models. A compression index regression model was built based on the RF model. Figure 4 shows the importance of the influencing factors used in the analysis through the feature importance provided by RF. Natural water content showed the highest importance in predicting the compression index. Liquid limit and plastic limit had relatively low importance, as in the linear regression analysis results. Compared to the results of a previous study that used data samples from multiple countries to predict the compression index of soft ground based on machine learning (R2 = 0.93), the model proposed in this study shows relatively low results [39]. This was likely due to the number of data samples used in the analysis and the regional characteristics. The formation of soft ground is highly influenced by geographical characteristics such as parent rock and flow rate. Therefore, it would be better to develop a customized model for predicting geotechnical properties by subdividing the region.



Figure 5 shows the RF model’s compression index predictions for the target area and the actual data. Since most of the data are concentrated in the center, the model can be used to predict a rough compression index.





6. Discussion


This study proposed a compression index prediction model using geotechnical properties based on linear regression analysis and machine learning for analyzing soft clay on the south coast of Korea. This is likely due to the improved performance of the models by collecting more high-quality data. The compressibility index is a very important factor used to calculate consolidation settlement. As such, there are limitations to immediately applying the compression index prediction model proposed in this study in the field. However, using the results of this study enables a rough prediction of the compression index and can improve the reliability of the consolidation test results performed in laboratories. In addition, securing more comprehensive data (adhesion, uniaxial compressive strength, etc.) can help develop an improved compression index prediction model by better classifying regions and depths.




7. Conclusions


This study applied linear regression analysis and machine learning techniques to develop a compression index prediction model using geotechnical properties for soft clay on the south coast of Korea. As a result, regression equations and compression index prediction models using metrics related to the natural water content, liquid limit, and plasticity index were derived. Linear regression analysis using a single influence factor resulted in R2 values ranging from 0.22 to 0.69. While this is comparable to previous studies in similar regions, the reliability was low compared to general R2 standards. Therefore, this study conducted an OLS analysis using multiple factors and obtained a value of R2 = 0.69. In addition, the natural water content and liquid limit were found to be factors with a significant effect on the compression index, and a regression equation was derived using them. A model for predicting the compression index was proposed using machine learning techniques to improve the results. The model using the RF classifier showed the best result (R2 = 0.72), and the importance of the factors was in the order of natural water content, liquid limit, and plastic limit. This was also reflected in the statistical analysis results. The R2 was shown to be higher than the result of multiple linear regression analysis. Using machine learning techniques was most advantageous in proposing a model for predicting the compression index of clay on the south coast of Korea. In addition, soft ground varies in composition and mineral properties depending on the geographical characteristics. Therefore, presenting a customized compression index prediction model by subdividing the target area would be more effective.
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Figure 1. Target area. (Source: National Geographic Information Institute). 
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Figure 2. Correlation distribution between compression index and influencing factors from (a) Wn-Cc, (b) LL-Cc, (c) PI-Cc, (d) e0-Cc, (e)PL-cc. 
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Figure 3. Flowchart for developing the compression index prediction model. 
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Figure 4. Importance of factors used. 
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Figure 5. Distribution of actual and predicted data. 
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Table 1. Number of data points by water system in the target area.
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	Water System
	Number of Data Points





	Yeongsan River
	1759



	Seomjin River
	1778



	Nakdong River
	1331



	Total
	4868










 





Table 2. Data characteristics.
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	Geotechnical Properties
	Range
	Mean





	Average Depth (m)
	0.050~66.000
	10.652



	Natural Water Content (    W   c    ,%)
	7.400~147.100
	58.996



	Specific Gravity (Gs)
	2.530~2.900
	2.692



	Liquid Limit (LL, %)
	22.200~142.500
	58.554



	Plasticity Index (PI, %)
	1.400~118.90
	24.707



	Plasticity Limit (PL, %)
	1.40~91.80
	25.866



	Initial Void Ratio (    e   0    )
	0.607~3.825
	1.675



	Saturated Unit Weight

(    r   t    , tf/    m   3    )
	1.063~4.155
	1.648



	Uniaxial Compressive Strength (    q   u    , kgf/    c m   2    )
	0.012~2.323
	0.346



	Compression Index (    C   c    )
	0.119~2.614
	0.711



	Pre-consolidation Pressure (    P   c    , kgf/    c m   2    )
	0.000~4.900
	0.732










 





Table 3. Pearson correlation analysis results.






Table 3. Pearson correlation analysis results.





	Category
	Compression Index





	Average Depth
	−0.049



	Natural Water Content
	0.838 ***



	Specific Gravity
	−0.077



	Liquid Limit
	0.632 ***



	Plasticity Index
	0.617 ***



	Plastic Limit
	0.473 ***



	Initial Void Ratio
	0.869 ***







*** p < 0.001.













 





Table 4. The VIFs of the initial data.
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	Category
	VIF





	Natural Water Content
	15.025



	Liquid Limit
	93.882



	Plasticity Index
	60.218



	Plastic Limit
	9.899



	Initial Void Ratio
	14.976










 





Table 5. The VIFs of the final data.
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	Category
	VIF





	Natural Water Content
	2.149



	Liquid Limit
	3.262



	Plastic Limit
	2.101










 





Table 6. Linear regression analysis results.






Table 6. Linear regression analysis results.





	Category
	Regression Equation
	      R   2      





	Natural Water Content
	    C   c     = 0.0167    W   n     − 0.2913
	0.687



	Liquid Limit
	    C   c     = 0.0125LL − 0.0146
	0.425



	Plastic Limit
	    C   c     = 0.0284PL − 0.0019
	0.223










 





Table 7. OLS analysis results.






Table 7. OLS analysis results.





	
Category

	
Linear Regression Model (OLS)






	
Constant

	
−0.3165 ***




	
Geotechnical

Properties

	
Natural Water Content

	
0.0152 ***




	
Liquid Limit

	
0.0018 ***




	
Plastic Limit

	
0.0003




	
Explanatory Power

	
     R   2     

	
0.691








*** p < 0.001.













 





Table 8. Model results.
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Model

	
RMSE

	
      R   2      




	
Train

	
Test

	
Train

	
Test






	
RF

	
0.1341

	
0.1669

	
0.82

	
0.72




	
XGB

	
0.1403

	
0.1715

	
0.80

	
0.70




	
LGBM

	
0.1401

	
0.1702

	
0.80

	
0.71











 





Table 9. Model hyperparameters.






Table 9. Model hyperparameters.





	Model
	Hyperparameter





	RF
	N_estimators = 500, Max_depth = 6



	XGB
	N_estimators = 200, Max_depth = 3,

Learning_rate = 0.05



	LGBM
	N_estimators = 300, Max_depth = 5,

Learning_rate = 0.02
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