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A B S T R A C T   

The liquid limit is a key property of fine soils closely related to the stress-strain behaviour and other relevant 
characteristics of soils such as the expansive potential. There are two standardized methods for its determination, 
the Casagrande cup and the fall cone test, among which there are many correlations that offer heterogeneous 
results. In the present study, a compilation of 113 data from fine soil samples with low-medium plasticity has 
been carried out. Then, a comparative study of different machine learning algorithms was carried out to relate 
the liquid limit obtained from both methods, having in consideration other parameters such as the plastic limit 
and the percentages of passing through the 0.40 and 0.075 mm sieves. The result of this study has shown that 
extremely randomized trees algorithm provides the best performance. Consequently, the algorithm has been 
tuned to enhance the precision, obtaining a coefficient of determination (R2) value of 0.99. The results 
demonstrate the potential of machine learning techniques for relating liquid limit obtained by Casagrande’s 
method and fall cone test in fine-grained soils with low-medium plasticity, mainly for values of the liquid limit 
higher than 30 for which classical linear regression approaches provide lower performance metrics.   

1. Introduction 

As it is well known, liquid limit (LL) is the moisture content above 
which the soil-water mixture passes from a plastic to a liquid state 
behaving as a viscous fluid, flowing under its own weight and losing its 
capacity to support shearing stresses. It is an index property of fine- 
grained soils that evidences the importance of soil-water interaction 
(Spagnoli, 2012) and it is widely used in geotechnics to estimate several 
mechanical properties (e.g. consolidation or strength properties) and to 
classify cohesive soils. 

Different procedures have been proposed to determine LL. Casa-
grande (1932) proposed a procedure consisting on dropping a brass 
bowl containing a pat of soil covering approximately 2/3 of the cup area 
and grooved into two pieces through a fixed distance onto a hard rubber 
base. The number of blows necessary for closing the grove along 
approximately 13 mm as a result of the lifting and dropping of the bowl 
is then recorded and the moisture content of the sample is determined. 
This procedure is repeated for different moisture contents and then the 

pairs of values of moisture content and the corresponding blow counts 
are plotted in a semi-logarithmic graph. Then, the line of best fit of the 
pairs of available values is calculated and the LL is obtained as the 
moisture content corresponding to 25 blows. The American Society for 
Testing and Materials (ASTM, 2017b) recommends this method for the 
determination of LL of soils. 

However, the European Standard (ISO, 2004) prioritises the use of 
the cone penetrometer for the determination of LL, although also allows 
the use of Casagrande cup method (Di Matteo, 2012). The fall cone test 
method defines the LL as the moisture content of a soil paste introduced 
in a standard metal cup for which a standardized British fall cone (30◦

80 g) penetrates 20 mm into the soil-water mixture over a period of 5 s. 
The test should be repeated at least four times for different moisture 
contents. Then, the pairs of values of penetration and moisture content 
are plotted, and the best fit line is drawn out, allowing the determination 
of the moisture content corresponding to a fall cone penetration of 20 
mm. 

Although these two procedures for determining LL provide valid 

Abbreviations: ML, machine learning; LL, liquid limit; LLCUP, liquid limit obtained by Casagrande percussion cup; LLCONE, liquid limit obtained by fall-cone 
apparatus; PL, plastic limit. 
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results, it is worth noting that the fall cone method exhibits less vari-
ability due to operator technique (Sherwood and Ryley, 1970). 

A comprehensive examination of the earlier studies comparing and 
correlating the LL values obtained by means of Casagrande percussion 
cup (LLCUP) and fall-cone apparatus (LLCONE) methods is outside the 
scope of this work. In this regard, for a detailed review, the authors 

recommend the reading of the paper published by Shimobe and Spagnoli 
(2019) in which 42 correlations considering the historical aspects of fall 
cone test (the apex angle or the mass of the cone) and Casagrande cup 
test (the hardness of the base) were compiled from reports, special 
technical publications, symposium papers, academic lectures and thesis 
dissertations. Nevertheless, for the sake of completeness and ensuing 

Table 1 
Equations correlating the LL values obtained by using the fall-cone apparatus and the Casagrande percussion cup reported in previous studies.  

Authors Equation R2 LL range 
(%) 

Nr Type of soil Location Type of base of 
Casagrande cup 

Cone 

Apex 
angle (0) 

Mass 
(g) 

Karlsson (1961) &  
Karlsson (1977) 

LLCONE = 0.85 ∙ 
LLCUP + 5.02 

– 30–76 91 Remoulded clays Sweden Hard 60 60 

Sowers et al. (1960) LLCONE = 0.79 ∙ 
LLCUP + 8.39 

– 10–130 21 Natural micaceous soils USA Hard 30 80 

Sherwood and Ryley 
(1970) 

LLCONE = 0.95 ∙ 
LLCUP + 0.95 

– 30–72 25 Sandy, silty and organic clays; 
kaolinite 

England and 
Africa 

Soft 30 80 

Littleton and Farmilo 
(1977) 

LLCONE = 0.97 ∙ 
LLCUP + 1.60 

– 20–450 19 Sandy loams and clays Worldwide 
places 

Soft 30 80 

Wires (1984) LLCONE = 0.94 ∙ 
LLCUP + 0.97 

– 38–55 4 Loam to heavy clay Unavailable Hard 30 80 

Belviso et al. (1985) LLCONE = 0.99 ∙ 
LLCUP + 4.29 

0.984 34–134 16 Natural clays Italy Hard 30 80 

Sampson and 
Netterberg (1985) 

LLCONE = 1.01 ∙ 
LLCUP + 4.20 

0.986 20–120 43 Natural soils Southern 
Africa 

Hard 30 80 

Sivapullaiah and 
Sridharan (1985) 

LLCONE = 0.67 ∙ 
LLCUP + 15.46 

0.995 35–536 44 Bentonite, kaolinite, sand and 
silt mixtures 

Worldwide 
places 

Hard 31 148 

Wasti and Bezirci 
(1986) 

LLCONE = 1.01 ∙ 
LLCUP + 4.92 

0.928 27–110 25 Natural and soil-bentonite 
mixtures 

Turkey Hard 30 80 and 
240 

Leroueil and Le Bihan 
(1996) 

LLCONE = 0.86 ∙ 
LLCUP + 6.34 

– 30–74 43 Clayey silts, marine silty clays 
and lacustrine varved clays 

Canada Hard 60 60 

Campos et al. (1999) LLCONE = 0.88 ∙ 
LLCUP + 8.13 

0.960 24–72 15 Natural kaolinite clays Brazil Hard 30 80 

Feng (2001) LLCONE = 0.94 ∙ 
LLCUP + 2.60 

– 25–76 66 Natural soils and kaolin Worldwide 
places 

Hard 30 80 

Li (2004) LLCONE = 1.01 ∙ 
LLCUP – 0.68 

– 30–455 19 Natural soils Taiwan Hard 30 80 

Orhan et al. (2006) LLCONE = 1.02 ∙ 
LLCUP + 2.13 

– 27–98 16 Naturals soils Turkey Hard 30 80 

Dragoni et al. (2008) LLCONE = 1.02 ∙ 
LLCUP + 2.87 

0.980 28–74 41 Naturals clayey soils Italy Hard 30 80 

Fojtová et al. (2009) LLCONE = 1.00 ∙ 
LLCUP + 2.44 

0.978 20–51 52 Naturals soils Czech 
Republic 

Hard 30 80 

Özer (2009) LLCONE = 0.90 ∙ 
LLCUP + 6.04 

0.996 29–104 32 Naturals soils Turkey Hard 30 80 

Zentar et al. (2009) LLCONE = 0.78 ∙ 
LLCUP + 12.74 

0.992 37–378 7 Natural dredge marine soils, 
kaolin and bentonite 

France Unavailable 30 80 

Grønbech et al. (2011) LLCONE = 0.95 ∙ 
LLCUP + 9.40 

0.952 85–200 33 Highly plastic clays Denmark Hard 60 60 

Di Matteo (2012) LLCONE = 1.00 ∙ 
LLCUP + 2.20 

0.98 24–40 6 Natural fluvial-lacustrine soils Italy Hard 30 80 

Spagnoli (2012) LLCONE = 0.99 ∙ 
LLCUP + 1.05 

0.99 20–61 50 Pure illitic and kaolinitic clays Germany Hard 30 80 

Claveau-Mallet et al. 
(2012) 

LLCONE = 0.87 ∙ 
LLCUP + 8.98 

– 50–70 9 Sea clay samples Canada Hard 60 60 

Mishra et al. (2012) LLCONE = 0.84 ∙ 
LLCUP + 11.69 

0.992 77–135 12 Soil-bentonite mixtures Japan Hard 30 80 

Cevallos Luna (2012) LLCONE = 1.12 ∙ 
LLCUP – 6.31 

0.985 19–85 36 Natural soils Ecuador Hard 30 80 

Silva (2013) LLCONE = 1.05 ∙ 
LLCUP + 0.61 

– 38–45 10 Illite and kaolinite clays Portugal Hard 30 80 

Bicalho et al. (2014) LLCONE = 1.00 ∙ 
LLCUP + 2.70 

0.98 14–98 42 Natural clays Brazil Hard 30 80 

Kayabali et al. (2016) LLCONE = 1.00 ∙ 
LLCUP + 2.00 

0.99 28–166 275 Natural and soil-bentonite 
mixtures 

Turkey Hard 30 80 

Kollaros (2017) LLCONE = 1.03 ∙ 
LLCUP – 4.93 

0.99 53–75 6 Natural soils and soil-lime 
mixtures 

Greece Hard 30 80 

El-Shinawi (2017) LLCONE = 0.91 ∙ 
LLCUP + 5.64 

0.949 28–70 40 Natural soils Egypt Hard 30 80 

O’Kelly et al. (2018) LLCONE = 1.45 ∙ 
LLCUP

0.92 
0.97 17–108 188 Natural and treated soils Worldwide 

places 
Hard 30 80 

Niazi et al. (2019) LLCONE = 0.89 ∙ 
LLCUP + 4.20 

0.985 11–65 65 Natural soils USA Hard 30 80 

Shimobe and Spagnoli 
(2019) 

LLCONE = 0.95 ∙ 
LLCUP – 0.85 

0.962 15–500 156 Clays, silts and volcanic and 
organic soils 

Worldwide 
places 

Soft 30 80  
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comparison presented in this study, a brief summary of the most relevant 
correlations collected from 33 selected publications is shown in Table 1. 
The information offered includes the correlation function and the co-
efficient of determination (R2), the references in a chronological order, 

the range of LL, the number of soil specimens in each dataset (Nr), the 
type of soils tested and the locations where the samples were collected. 

It is worth noting that most of the correlations published in the sci-
entific literature report determination of LLCONE from LLCUP (Table 1). 

Fig. 1. Histograms and statistics of the data used in this study: a) and b) Liquid limit determined by cone and cup methods, respectively; c) and d) plasticity index 
determined by cone and cup methods, respectively; e) and f) percentage of soil fraction finer than 0.40 and 0.075 mm, respectively, obtained from particle size 
distribution curve. Note that DESVEST is standard deviation. 
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This is because the cone test was developed to solve the main issues 
related to cup test. However, Spanish standards for the determination of 
the liquid limit of a soil (AENOR, 1994; Laboratorio de Transportes, 
1998) follows Casagrande (1932) procedure and, consequently, all 
Spanish technical guidelines and regulations consider the value of LLCUP 
as reference value for the liquid limit. Consequently, in this work we will 
focus on the opposite relationship between both methods (i.e. LLCUP = f 
(LLCONE)) in order to provide a way to benefit from the main advantages 
of fall cone test mentioned above in the determination of LLCUP. To this 
aim, machine learning (ML) techniques are used to relate LLCUP from 
LLCONE of low-medium fine-grained soils. For this purpose, several 
models have been evaluated in order to compare their performance. 
Once this comparison of the models has been finished, the model 
providing the best performance according to the R2 coefficient has been 
adopted. In this case, the model providing the best performance is based 
on extremely randomized trees, an algorithm based in Random Forest. 
The application of this model to relate LLCUP from LLCONE will provide 
high quality predicted values of LLCUP. 

The paper is organized as follows: Section 2 describes the dataset 
used in this work. The comparative study of the different machine 
learning methods is briefly described in Section 3. Section 4 presents the 
optimal model adopted for relating both liquid limit values. The results 
are presented and discussed in Section 5. Finally, Section 6 summarises 
the main conclusions of the paper. 

2. Data description 

113 fine-grained soils collected from different construction sites of 
the SE of Spain were used for this experimental study. The samples were 
provided by two different commercial geotechnical laboratories that 
collected the samples of the soils, stored them and performed the 
Atterberg limits and the sieve analysis in their facilities. Four different 
operators performed the liquid limit tests using a Casagrande apparatus 
equipped with a hard base with an 80–90 D hardness, an equivalent 
Young’s modulus of 260-446 MPa and a resilience of 75–90% (Kang 
et al., 2017) according to the UNE 103-103-94 standard (AENOR, 1994). 
The liquid limit tests according to the cone procedure were performed at 

the University of Alicante laboratory by four different operators 
following the British Standard BS EN ISO 17892-12 (BSI, 2018) using a 
fall cone apparatus with a stainless steel cone with a weight of 80 g and 
an apex angle of 30◦ (British cone). Regarding the operator sensitivity, it 
should be mentioned that some studies published in the scientific 
literature showed that the LLCONE method is less operator sensitive, more 
reproducible and less sensitive to equipment manufacturing variations 
than LLCUP method (Campbell and Blackford, 1984). Additionally, the 
ASTM D4318-00 standard (ASTM, 2017b) accepts a covariance between 
different operators among 1.0 and 1.3 for liquid limit. 

The values of liquid limit determined with a British Standard appa-
ratus and Casagrande method of these soils range from 17.9 to 63.0% 
and from 19.0 to 61.8%, respectively, and show mean values of 26.7 and 
28.3%, respectively (Figs. 1 and 2). The plastic limit (mean ± standard 
deviation) of the tested samples determined by the Spanish standard 
thread-rolling method (AENOR, 1993) is 18.5 ± 3.4%, with minimum 
and maximum values of 12.4 and 33.4, respectively. Furthermore, the 
mean percentage of soil passing through sieves 0.4 and 0.075 mm of the 
tested soils are 68.2 ± 24.0 and 52.7 ± 22.8%, respectively (Fig. 1). 
According to the Unified Soil Classification System, the soils are mostly 
classified as CL-ML and CL, although some samples are classified as ML, 
MH and CH (Fig. 2). 

It should be mentioned that we have used the fraction of soil that 
passes through the 0.4 mm sieve required by the standards for both 
methods. According to ASTM D6913/D6913M-17 standard (ASTM, 
2017c) this fraction contains fine sands (0.475–0.075 mm), silts 
(0.075–0.005 mm) and clays (<0.005 mm). Additionally, we have used 
the data derived from the standard test for the determination of the 
amount of material finer than 75-μm (No. 200) sieve in soils by washing 
following the standard ASTM D1140-17 (ASTM, 2017a). Therefore, the 
use of the above mentioned information (i.e. the fraction below 0.4 and 
0.075 mm) for the machine learning analysis has allowed to indirectly 
evaluate the effect of the fine sand and fine portions, respectively, on the 
relationship between LLCUP and LLCONE. 

Fig. 2. Plasticity chart based on the liquid limit values obtained by Casagrande (LLCUP) and Fall Cone (LLCONE) procedures used in this work.  

E. Díaz et al.                                                                                                                                                                                                                                     



Engineering Geology 294 (2021) 106381

5

3. Comparative study of machine learning algorithms 

Machine learning (ML) algorithms can automatically discover the 
relationships in any given dataset between the input variables and the 
target variable. These methods have been widely used for the prediction 
of some soil parameters as the maximum dry density, optimal moisture 
content, California Bearing Ratio and compression index (e.g. Kurnaz 
and Kaya, 2018; Kurnaz and Kaya, 2019; Shah et al., 2016) in a suc-
cessful way. For this purpose, six popular simple regression ML algo-
rithms and four ensemble regression ML algorithms were used. It should 
be noted that multilayer neural networks, belonging to the field of Deep 
Learning (Schmidhuber, 2015) were excluded from the initial analysis 
due to their particular characteristics, not ruling out their use if these 
algorithms did not achieve adequate prediction metrics. The simple al-
gorithms used were: traditional Linear Regression (LR), Lasso Regres-
sion (LSR), Elastic Net (EN), K-Nearest Neighbours (KNN), Regression 
Trees (RT) and Support Vector Regression (SVR). On the other hand, 
ensemble algorithms combine multiple predictors grouped together 
being able to have a better predictive performance than anyone of the 
group alone. The final prediction of the ensemble can be made by 
different methods, voting, bagging, boosting, etc. The four ensemble 
algorithms analysed were: Adaptive Boosting (AB), Gradient Boosting 
Regression (GBR), Random Forests (RF) and Extremely Randomized 
Trees (ET). Note that an exhaustive description and definition of the 
existing ML algorithms is out of the scope of this work. Therefore, the 
reader is referred to Friedman et al. (2001) for more details about the 
above-mentioned ML algorithms. However, for a better understanding, a 
flow chart has been included in Fig. 3. 

For the implementation of the models, the Scikit-learn package 
(Pedregosa et al., 2011) was used. This package is an open-source ma-
chine learning library for the programming language Python (Van 
Rossum and Drake Jr, 1995) that integrates a wide range of prevalent 
ML algorithms (Pedregosa et al., 2011) and is designed to work with 
others Python numerical and scientific libraries. To evaluate the per-
formance of the selected algorithms a cross validation strategy was 
implemented. Cross validation is a method to assessment the perfor-
mance of a ML algorithm with a clear advantage compared to a single 
train-test set split, its least variance. After the execution of a cross 
validation, “k” different performance scores will be obtained, and they 
can be summarized by means of the mean and the standard deviation 
value. In this case a five-fold cross-validation (k = 5) was used and the 
coefficient of determination (R2) was chosen as performance measure. 

R2 can be defined as the proportion of the input variance, which is 
explained by the regressor output, which is equal to the square of the 
correlation coefficient R. 

The performance of all ML models with respect to R2 is displayed in 
Fig. 4. It should be noted that the SVR model has not been included due 
to its low performance with an average value of R2 (0.18), which dis-
torted the representation of the rest results. 

Clearly, the algorithm that best performs according to the results 
obtained in the cross-validation process is the extremely randomized 
trees algorithm (ET), obtaining the best mean value and least dispersion 
of the results. For these reasons, this algorithm will be used in the pre-
sent work to relate the value of the liquid limit obtained by the Casa-
grande method with the rest of the input variables. 

4. Model development 

According to the previous section, the algorithm with the best per-
formance is extremely randomized trees (Extra-Trees) which is an 
ensemble learning model based on bagging which was presented by 
Geurts et al. (2006). Extra-Trees is trained using bootstrap sampling and 
the random variable selection like in an ordinary Random Forest. But, 
the optimal cut-point at each node of the decision tree during training is 
randomized. Geurts et al. (2006) established a number of advantages of 
Extra-Trees over a traditional Random Forest as are, a further decrease 
in overall variance, a minor computational cost, Extra-Trees is about 
three times faster than random forest when training, and shows a per-
formance equal to, or even better, than random forest. 

In previous section Extra-Trees model achieved a satisfactory per-
formance in the five-fold validation process but it may fail to predict 
unseen data. It is necessary a model that performs well at both training 
and unseen testing data i.e. having an excellent generalization ability. 
For this purpose, to evaluate the performance of Extra-Trees algorithm 
will be used different training and testing datasets, splitting the original 
dataset into two parts. First, the algorithm will be trained on the first set 
of the data and with the second set will make predictions and will be 
evaluated these predictions against the expected results. The size of the 
split adopted was 80% of the data for training and the remaining 20% 
for testing, according to a study of the performance of different 
partitions. 

The performance of a ML algorithm can be improved by means of its 
hyperparameters, i.e. parameters whose values are used to control the 
learning process. Thus, the Extra-Trees model selected can be improved 

Fig. 3. Flow chart of the methodology carried out.  
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with a hyperparameter tuning (optimization), choosing a set of optimal 
hyperparameters. 

The hyperparameter tuning of the Extra-Trees model has been made 
by GridSearchCV, a powerful tool which perform an exhaustive search 
over previously stipulated parameter values. This tool is provided in the 
Scikit-learn package (Pedregosa et al., 2011) and in this case has been 
used in a five-fold cross-validation process to obtain the best possible 
combination of hyperparameter values, i.e. the combination with best 
accuracy. 

The main parameters to be adjusted when using this method are the 
number of trees in the forest and the maximum depth of them, the 
minimum number of samples required to be at a leaf node and the 
minimum number of samples required to split an internal node. 

In regression problems, good results are obtained with considering 
all features instead of a random subset in the definition of the number of 
features to consider when looking for the best split (set parameter 
“max_features” equal to “None”). However, it has been tested other 
value commonly used in this type of model as the square of the number 
of features. 

Specifically, the values of the parameters to be optimized and the 
values finally adopted (in bold) are shown in Table 2. 

Finally, it should be indicated that although the data does not vary 
substantially in scale, the definitive model has been redone with the 
values scaled using a standardization method by removing the mean and 
scaling the data to unit variance, obtaining similar results to those ob-
tained with the unscaled data. 

5. Results and discussion 

The ML model was definitively constructed using the hyper-
parameters described in the previous section, providing a R2 value of 
0.99. The mean absolute percentage error (MAPE) and the mean squared 
error (MSE) were also calculated obtaining values of 2.84% and 0.90 
respectively. Although the obtained MAPE and MSE values cannot be 
compared with the metrics obtained in other works due to the lack of 
information in existing scientific literature, according to Lewis (1982) 
this MAPE corresponds a “highly accurate forecasting”. 

Fig. 5 shows the correlation between the measured and the predicted 
values of LLCUP obtained with the developed ML model. As it can be 
seen, most of the values are near the identity line and contained within 
the ±5% confidence intervals. 

Random Forests and the ensemble methods derived of them are 
excellent models for ML tasks and other capability of them is the pos-
sibility to obtain the relative importance of the input variables, i.e. 
feature importance’s. These algorithms basically involve a certain 
number of decision trees and their corresponding split nodes and the 
feature importance is calculated as the decrease in node impurity 
weighted by the probability of reaching that node (Louppe et al., 2013). 
This impurity is a measure that the decision tree tries to minimize when 
splitting each node. For regression tasks, it is usually applied the mean 
decrease in impurity importance of a feature, and it is calculated by 
measuring how effective the feature is at reducing variance when 

Fig. 4. Distribution of R2 values in the five-fold cross validation process by means of boxplots. Simple algorithms are marked with blue intense and ensemble al-
gorithm with light blue. The mean value of each model has been represented with a solid square. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 

Table 2 
GridSearchCV base inputs for tuning parameters of Extra-Trees model. Note that 
values in bold are the values finally adopted.  

Parameter Description Trial cases 

n_estimators Number of trees in the forest [10, 50, 100, 
200, 500] 

max_features Number of features to consider when 
looking for the best split 

[none, sqrt] 

max_depth Maximum depth of the tree [none, 1, 3, 5, 
10, 20] 

min_samples_leaf Minimum number of samples required to 
be at a leaf node 

[1, 2, 3, 5, 10] 

min_samples_split Minimum number of samples required to 
split an internal node 

[1, 2, 3, 4, 5]  
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Fig. 5. Experimental values versus calculated values of LLCUP.  

Fig. 6. Relative feature importance plot for Extra-Tress model (for all features).  
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building decision trees. It is therefore possible to get an estimate of a 
feature’s importance in the model built. 

In Fig. 6 the feature importance plot of the model is shown. It seems 
that the most important variable is the liquid limit obtained by the cone 
method followed by the plastic limit (PL) while the percentages of soil 
fraction finer than 0.40 and 0.075 mm have a residual significance. 

Fall cone have been also extensively used to determine both LL and 

PL (Feng, 2001; Koumoto and Houlsby, 2001; Lee Jr and Freeman, 2009; 
Sivakumar et al., 2015; Wasti, 1987; Wood and Wroth, 1978) and as a 
consequence a relationship between PL and LL is expected as shown in 
the influence plot shown in Fig. 2. Regarding the influence of the soil 
grading in the determination of the liquid limit, the liquid limit test is 
performed by using only the fraction of the soil that passes through the 
0.40 mm sieve. Therefore, it was expected that the soil fraction finer 

Fig. 7. Scatter plot of the experimental and machine learning prediction data of LLCONE and LLCUP and the corresponding residuals. The equations from Table 1 valid 
for liquid limit ranges lower than 100 and Eq. (1) proposed in this work and residuals plots obtained in ML and LR approaches are also plotted. 
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than 0.40 mm had a residual significance as the soil fraction coarser than 
0.40 mm is not tested for the Atterberg limits. The fines fraction of the 
soil, finer than 0.075 mm, could play a more important role on the liquid 
limit results. Nevertheless, according to the results obtained, it seems 
that this fraction also has a residual significance on the correlation. 
Although there is no evidence from the results obtained, finer fractions, 
such as finer than 0.006 or 0.002 mm could have more influence in the 
liquid limit results and then in the correlation obtained as these size 
particles have been found to influence the Atterberg limits (Gerivani, 
2018). 

As can be seen in Table 1, most authors relate the values of LLCUP and 
LLCONE through a linear equation in slope-intercept form. In the 
comparative analysis performed in Section 3, linear regression (LR) 
method was considered, although it was neglected due to its metrics 
(Fig. 4) in comparison with Extra-Trees algorithm used for the predic-
tion of LLCUP. However, since linear regression is the most popular 
method to correlate both procedures for the determination of the liquid 
limit of the soil, the linear regression equation has been calculated only 
for comparison purposes obtaining Eq. 1, with a R2 of 0.90: 

LLCUP = 1.1892∙LLCONE–3.426 (1) 

Fig. 7 shows the equations published in the scientific literature listed 
in Table 1 valid for soils with a liquid limit lower than 100, jointly with 
the regression line proposed in this work and the experimental and ML 
predicted data of the liquid limit. As can be seen, there is a noticeable 
dispersion in the proposed linear regression equations probably due to 
the correlations has a local scope and the tests have been performed by 
different operators. 

Another important aspect is that linear regressions (both the one 
proposed in the present work and those proposed by the different au-
thors) offer a relatively good fit of this dataset, up to LL values of 
approximately 30. For LL values upper than 30 the linear regression 
loses predictive capacity, and the ML algorithm performs much better. 
This fact can be verified by simple visual inspection of Fig. 7, where the 
residuals from both approaches are also included. If the performance 
metrics are taken into account, this fact is confirmed more clearly. For 
example, the MSE for linear regression in data with LLCONE < 30 is 3.05 
and for data with LLCONE > 30, 20.22. On the other hand, for the algo-
rithm of ML, the MSE value is very similar for data with LLCONE < 30 and 
for data with LLCONE > 30, 0.89 and 0.92, respectively. 

Table 3 includes the most important metrics of the analysis carried 
out using the most common technique traditionally used to relate the 
LLCUP and the LLCONE values (i.e. linear regression) and the one adopted 
in the present work. As can be seen, the Extra-Trees algorithm offers 
better performance, clearly outperforming linear regression in all eval-
uated metrics for the dataset analysed. 

The results showed that when the hard cup base Casagrande appa-
ratus and the British cone were used to determine the LL, the Extra-Trees 
algorithm has greater performance than linear regression to correlate 
LLCUP and LLCONE. This finding should be validated when other devices 
such as the soft base Casagrande apparatus and different cone pene-
trometers were used. In this connection, the LL value determined using 
the Casagrande cup with the harder base is approximately 83 to 95% of 
the value determined using the softer base (Germaine and Germaine, 
2009). Furthermore, Özer (2009) obtained that, for soils with LL < 70%, 
the hard base Casagrande apparatus provided LL values lower than those 
obtained using the British cone penetrometer while, for soils with LL >
40%, the soft base Casagrande apparatus offers higher LL values than 
those determined using the British cone penetrometer. Concerning the 
different fall cone tests, Swedish and British standards provide similar LL 
values each other, while the results given by the Russian cone are 
probably not totally comparable with the rest of standard tests and the 
Indian cone does not appear to be widely used (Leroueil and Le Bihan, 
1996). 

6. Conclusions 

In the present study Machine Learning Techniques have been applied 
to correlate the liquid limit determined by means of the Casagrande cup 
and the fall cone test. For this purpose, 113 data from fine soil samples 
with low-medium plasticity have been considered. 

With this dataset a comparative study of different machine learning 
algorithms (simple and ensembles) was performed to relate the liquid 
limit obtained from both methods, taking into account other parameters 
such as the plastic limit, and the percentages of passing through the 0.40 
and 0.075 mm sieves. This study concludes that Extra-Trees algorithm is 
the best method to relate the liquid limit from both methods. Subse-
quently, the performance of this algorithm is improved by means of a 
process of fine tuning obtaining an excellent metrics with values of R2 

and a MSE of 0.99 and 0.90 respectively. Another conclusion of this 
study is the low significance in the model prediction of the variables of 
the percentages of passing through the 0.40 and 0.075 mm sieves. 

It has been shown that, for the analysed data set, the Extra-Trees 
algorithm adopted in the present work has a clearly superior perfor-
mance than the linear regression traditionally applied to relate LLCUP 
and LLCONE. Linear regression proposed in this work and those proposed 
by various authors for similar soils have a lower predictive power than 
ML. This loss of performance is clearly accentuated for LL values higher 
than 30, for which the proposed linear regression does not accurately 
explain the relationship between LLCUP and LLCONE. As a consequence, 
the use of sophisticated techniques such as ML is recommended. 

It is worth noting that the validity of this model has been assessed for 
the samples collected at a specific site (SE Spain). Furthermore, the 
proposed model should only be applied under the same conditions for 
which they were developed and the application to other locations should 
be done with caution. This work offers a useful tool for future multi- 
parameter prediction of soil behaviour and in order to improve the ef-
ficiency of the proposed model, additional tests should be carried out 
and supported by a large amount and variety of data. 
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Claveau-Mallet, D., Duhaime, F., Chapuis, R., 2012. Practical considerations when using 
the Swedish fall cone. Geotech. Test. J. 35, 618–628. https://doi.org/10.1520/ 
GTJ104178. 

Di Matteo, L., 2012. Liquid limit of low- to medium-plasticity soils: comparison between 
Casagrande cup and cone penetrometer test. Bull. Eng. Geol. Environ. 71, 79–85. 
https://doi.org/10.1007/s10064-011-0412-5. 

Dragoni, W.A., Prosperini, N.I., Vinti, G.I., 2008. Considerazioni Sulle Procedure Per La 
Determinazione Del Limite Liquido : Un ’ Applicazione Ai Terreni Argillosi Umbri 
Del Plio-Pleistocene. Ital. J. Eng. Geol. Environ. 1, 185–197. https://doi.org/ 
10.4408/IJEGE.2008-01.S-12. 

El-Shinawi, A., 2017. A comparison of liquid limit values for fine soils: a case study at the 
north Cairo-Suez district, Egypt. J. Geol. Soc. India 89, 339–343. https://doi.org/ 
10.1007/s12594-017-0608-9. 

Feng, T.W., 2001. A linear log d - log w model for the determination of consistency limits 
of soils. Can. Geotech. J. 38, 1335–1342. https://doi.org/10.1139/cgj-38-6-1335. 
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Orhan, M., Özer, M., Işik, N.S., 2006. Comparison of casagrande and cone penetration 
tests for the determination of the liquid limit of natural soils. J. Fac. Eng. Archit. Gazi 
Univ. 21, 711–720. 
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