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As an essential property of frozen soils, change of unfrozen water content (UWC) with temperature,
namely soil-freezing characteristic curve (SFCC), plays significant roles in numerous physical, hydraulic
and mechanical processes in cold regions, including the heat and water transfer within soils and at the
land–atmosphere interface, frost heave and thaw settlement, as well as the simulation of coupled
thermo-hydro-mechanical interactions. Although various models have been proposed to estimate
SFCC, their applicability remains limited due to their derivation from specific soil types, soil treatments,
and test devices. Accordingly, this study proposes a novel data-driven model to predict the SFCC using an
extreme Gradient Boosting (XGBoost) model. A systematic database for SFCC of frozen soils compiled
from extensive experimental investigations via various testing methods was utilized to train the
XGBoost model. The predicted soil freezing characteristic curves (SFCC, UWC as a function of tempera-
ture) from the well-trained XGBoost model were compared with original experimental data and three
conventional models. The results demonstrate the superior performance of the proposed XGBoost model
over the traditional models in predicting SFCC. This study provides valuable insights for future investiga-
tions regarding the SFCC of frozen soils.
� 2024 China University of Geosciences (Beijing) and Peking University. Published by Elsevier B.V. on

behalf of China University of Geosciences (Beijing). This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Over 75% of the terrestrial territory in the Northern Hemisphere
is subjected to seasonally freezing and thawing cycles (Zhang et al.,
1999; Li et al., 2024a; Li and Yin, 2024), which hold significant
implications for the engineering, hydrology, ecology, thermody-
namics, and biochemistry of soils in cold regions (Cao et al.,
2021; Lu et al., 2021). During the freeze–thaw process, the liquid
water within frozen soils undergoes phase changes between unfro-
zen water and ice at a broad temperature range. It is reported that
the portion of liquid water remains unfrozen at the subfreezing
temperature as low as �70 �C (Stähli et al., 2004). Consequently,
as illustrated in Fig. 1, unfrozen water and ice coexist in the pores
of frozen soils under the influence of freeze–thaw cycles (Yang
et al., 2021; Li et al., 2023a; Feng et al., 2024).

Unfrozen water is closely relevant to soil other properties, such
as strength, thermal conductivity, permeability, pore water pres-
sure, matric suction and so on (Li et al., 2020; Li et al., 2023b). Its
variation plays a vital role in the stability of engineering construc-
tions and maintenance activities, such as railways, highways,
pipelines in permafrost regions, and tunnel projects utilizing artifi-
cial ground freezing (AGF) techniques (Yuan et al., 2020; Liu et al.,
2022; Li et al., 2024b). Besides, changes in water content can give
rise to detrimental engineering phenomena in cold regions like
frost heave and thaw settlement. These phenomena, in turn, may
lead to the occurrence of geological hazards, such as slope instabil-
ity, thermal slumping, soil erosion, subgrade frost boiling, differen-
tial settlement, and instability of foundation pits (Wen et al., 2011;
Yu et al., 2016). Therefore, accurately predicting the unfrozen
water content (UWC) at low temperatures is essential for under-
standing and mitigating the aforementioned engineering and geo-
logical issues.

The magnitude of UWC is a crucial hydrothermal property that
quantifies frozen soils’ capacity to retain and transport liquid
water, solutes/salts and heat at a subzero temperature (Wang
et al., 2017). The relationship between UWC and subzero temper-
ature (T) is commonly formulated by the soil freezing characteris-
tic curve (SFCC) (Koopmans and Miller, 1966; Spaans and Baker,
1996; Anbergen et al., 2015). The UWC can be quantitatively rep-
g).
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Fig. 1. Schematic diagram of frozen soil and thawed soil under increasing temperature (modified from Shastri et al., 2021; Feng et al., 2024).

Table 1
Summary of existing typical investigations on comparison between predictions from
models and experimental measurements.

References Contrast models Model
types

Number of data
points

Bai et al.
(2018)

Liu and Yu (2013) 3 47
Xu et al. (2001) 1
Tice et al. (1982) 2

Chai et al.
(2018)

Anderson and Tice
(1972)

1 24

Michalowski (1993) 1
Xu et al. (2001) 1
Kozlowski (2007) 2

Wan et al.
(2022)

Anderson and Tice
(1972)

1 61

Michalowski (1993) 1
Dall’Amico et al.
(2011)

3

Liu and Yu (2013) 3
Zhang et al. (2017) 1

Ren et al.
(2023)

Anderson and Tice
(1972)

2 48

Liu and Yu (2013) 3
Wan et al.

(2023)
Anderson and Tice
(1972)

1 71

Kozlowski (2007) 2
Liu and Yu (2013) 3

Notes: model type 1 is empirical model; 2 is semi-empirical model; 3 is SWRC/
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resented by gravimetric or volumetric basis or with saturation. A
large number of studies have been dedicated to determining the
UWC of frozen soils at different subzero temperatures by experi-
mental tests and prediction models. Methods for determining
UWC can be classified into five categories, as outlined in a recent
review by Feng et al. (2024). These categories are as follows: (i) a
pressure-based method, i.e., gas dilatometry, that estimates UWC
by measuring the pressure change resulting from approximately
9% volume expansion when water phase transitions to ice
(Spaans and Baker, 1996); (ii) radioactive methods, including neu-
tron soil moisture meter, gamma ray probes, and nuclear magnetic
resonance (NMR), which rely on the decay of energy following col-
lisions between incident nuclei and hydrogen atoms (He et al.,
2023); (iii) electromagnetic methods such as time domain reflec-
tometry (TDR) and remote sensing in L-, S-, and C-bands which rely
on discrepancies in the dielectric permittivity of soil constituents
(e.g., water with a permittivity of approximately 80 compared to
1 for air, 3 for ice, and approximately 5 for soil solids) (Christ
and Park, 2009; Watanabe and Wake, 2009); (iv) thermal methods,
including the heat pulse method and thermal dissipation method,
offer an estimation of the UWC by leveraging the heat transfer
characteristics within the soil (Suzuki and Kitamura, 2008; He
et al., 2015); and (v) a sound-based method, specifically ultrasonic
technology, relies on the propagation of sound waves for determin-
ing UWC (Christ and Park, 2009). Each testing technique possesses
distinct advantages and limitations, and their applicability and
accuracy are dependent on a number of factors, such as soil type,
soil texture (Yoshikawa and Overduin, 2005), salt types and con-
centration (Robert, 1998; Peng et al., 2022), and external condi-
tions (e.g., T and freeze–thaw history) (Mu, 2017; Zhang et al.,
2019).

In addition to experimental measurements, various models
have been proposed to efficiently determine the UWC based on
the SFCC, which can be categorized into three groups: empirical
models, semi-empirical models, and extended soil water retention
characteristics curve (SWRC) or SFCC models (i.e., SWRC/SFCC-
2

based model). More detailed introductions of these models are
depicted in Section 2. Although numerous models can be applied
to simulate the relationship between the UWC and T (e.g., Hu
et al., 2020; Bi et al., 2023; Feng et al., 2024) and new models are
also being developed (e.g., Bai et al., 2018; Zhou et al., 2018; Wu
et al., 2023), most of these models are validated with limited data
on UWC for specific soil samples (Table 1). Therefore, a more reli-
able and generalized prediction model for UWC is still lacking.
SFCC-based model.



Table 2
Summary of existing models for determining unfrozen water content.

No. Model types Features References

1 Empirical
models

Derived by fitting experimental data e.g., Anderson and Tice (1972); Michalowski (1993); Osterkamp and Romanovsky
(1997); Riseborough (2004); McKenzie et al. (2007); Zhang et al. (2008); Qin et al.
(2009); Westermann et al. (2011); Kurylyk and Watanabe, (2013); Nicolsky et al.
(2017); Zhang et al. (2017); Lu et al. (2021); Weng et al. (2021)

2 Semi-
empirical
models

Predicting UWC by other soil properties (e.g. SSA, PI,
PSD or microstructure), or based on Clapeyron equation

e.g., Anderson and Tice (1972); Cahn et al. (1992); Dash et al. (1995); Kozlowski
(2007); Zhang et al. (2007); Bai et al. (2018); Kong et al. (2020); Chai et al. (2018); Li
et al. (2020); Teng et al. (2021); Li et al. (2023f); Li and Li (2023)

3 SWRC/SFCC-
based
models

Derived by combining Clapeyron equation and SWRC or
modified SWRC (suction is replaced by temperature)

e.g., Shoop and Bigl (1997); Bittelli et al. (2003); Niu and Yang (2006); Nishimura et al.
(2009); Dall’Amico et al. (2011); Sheshukov and Nieber (2011); Watanabe et al. (2011);
Liu and Yu (2013); Ren et al. (2018); Luo et al. (2009); Wen et al. (2020); Fu et al.
(2021)

Notes: specific surface area (SSA); plastic index (PI); soil–water retention curve (SWRC); particle size distribution (PSD).
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The UWC can be influenced by various internal factors (e.g., par-
ticle size distribution, salinity, clay content, plastic index, specific
surface area (SSA)) and external factors (e.g., freeze–thaw cycles,
stress state). However, it is challenging to find abundant investiga-
tions incorporating all influencing factors. Furthermore, the com-
plex impacts of these factors are not well understood and result
in highly nonlinear relationships with UWC, which makes it chal-
lenging to identify the most relevant factors for a more reliable
UWC prediction model. To overcome these limitations, machine
learning (ML) methods offer a promising solution, which have been
successfully applied to soil science and hydrology (Wang et al.,
2023), such as soil mapping (Wadoux et al., 2020), soil organic car-
bon prediction (Heuvelink et al., 2021), assessment of soil proper-
ties and behaviours (Li et al., 2023c,d,e; Li et al., 2024c). ML
methods are appealing for SFCC assessment due to their key bene-
fit of not requiring prior knowledge of relations between input and
output variables. Unlike (semi-)empirical or SWRC/SFCC-based
models, ML methods do not necessitate simplifications or assump-
tions, making them more suitable for accurate UWC predictions. In
addition, ML methods can continuously improve their performance
by updating with new training examples as available fresh data
(Bergen et al., 2019).

Among the various ML methods, the extreme Gradient Boosting
(XGBoost) model stands out as an effective supervised learning
model for solving regression issues due to its high prediction per-
formance (Chen and Guestrin, 2016). Furthermore, it also pos-
sesses dominant advantages over other models, notably its
exceptional ability to extract complex nonlinear relations between
inputs and outputs from a large amount of data, handle the prob-
lem of missing data, and identify the most influencing factors. The
XGBoost model has been successfully used to solve manifold
issues, such as soil pH prediction, arsenic concentration and lique-
faction potential assessment of soils (Tziachris et al., 2020; Ye et al.,
2023). To the authors’ knowledge, no previous investigations have
been conducted on applying the XGBoost model to estimate the
SFCC.

Therefore, the objective of this study was to establish an
XGBoost model to predict the SFCC of frozen soils. A systematic
SFCC database of frozen soils compiled from existing experimental
studies by Devoie et al. (2022) was used to train and validate the
XGBoost model. In addition, the grid search combined with 5-
fold cross-validation is used to tune the hyperparameters and fur-
ther improve the accuracy of the prediction model. To demonstrate
the effectiveness of the XGBoost model, the predicted SFCC from
the XGBoost model are compared with calculated results from
three commonly used traditional models. It is hoped that this study
will provide valuable insights for future studies related to the pre-
diction of UWC in frozen soils via machine learning methods and
3

contribute to a deeper understanding of the freeze–thaw process
in frozen soils.
2. SFCC prediction models for comparison

Table 2 presents a comprehensive overview of different models
for predicting UWC of frozen soils that are categorized into three
types: (i) empirical models, which are derived by fitting experi-
mental UWC and temperature data and often have relatively sim-
ple formulations without physically meaningful parameters; (ii)
semi-empirical models, on the other hand, indirectly calculate
the UWC using other soil properties such as plastic index and
SSA or based on the pore size distribution and solid fabrics’ micro-
scopic structural arrangements. Besides, they can also be devel-
oped based on the Clapeyron equation quantitatively analyzing
the phase equilibrium relationship (e.g., ice and water) in a single
subsystem at different temperatures, which often possess compli-
cated expressions; (iii) SWRC/SFCC-based models. The accuracy of
these models depends on the similarity between the SWRC and
SFCC. However, the underlying mechanism of SFCC and SWRC dis-
play significant dissimilarity, e.g., how ice replaces water in frozen
soils differs from air replacing water in unsaturated soils (He and
Dyck, 2013). Moreover, the presence of salinity further complicates
these dissimilarities (Zhou et al., 2018; Ren and Vanapalli, 2019).
Unlike existing prediction models, this work primarily establishes
a data-driven model for evaluating UWC with the aid of machine
learning methods, which can address the limitations of previous
prediction models.

To evaluate the performance of the proposed XGBoost model
against conventional models and validate its potential advantages,
three commonly employed models are selected for comparison:
two empirical models and one semi-empirical model. It is worth
noting that SWRC/SFCC-based models are not included in this com-
parison due to their complex implementation and the unavailabil-
ity of requisite parameters in our compiled database. The first
model is a typical empirical model developed by Anderson and
Tice (1972), which is given as Eq. (1).

h ¼ a Tj jb Model 1ð Þ ð1Þ
where h is volumetric UWC (m3/m3), T is temperature (�C), a and b
are fitting parameters. The second empirical model is proposed by
Kurylyk and Watanabe (2013) who suggested that UWC can be for-
mulated as an exponential function of T.

h ¼ hmin þ htotal � hminð Þexp � T=að Þ2
� �

Model 2ð Þ ð2Þ

where hmin is the minimum volumetric UWC (m3/m3), htotal is the
total volumetric UWC. Given the report that the unfrozen water still
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exists in frozen soils at �70 �C (Williams, 1964), the value of hthre is
equal to �70 �C herein.

The third model for comparison is a widely-used semi-
empirical model proposed by Anderson and Tice (1972), which is
adopted herein since it involves one input parameter (e.g., SSA).
Specifically, Anderson and Tice (1972) model is characterized by
a power function that involves two parameters (T and SSA) to
determine the gravimetric UWC.

lnwu ¼ 0:2618þ 0:5519lnS� 1:449S-0:264ln �Tð Þ Model 3ð Þ ð3aÞ

where S is SSA (m2/g); w is gravimetric UWC (g/g), and it can be
converted to h by

h ¼ qdw=qw ð3bÞ

where qd is dry density (g/cm3), qw is water density (=1 g/cm3).
3. Database and methodology

3.1. Database

SFCC is a widely used proxy to represent the UWC within frozen
soils, which relates to the UWC and specific subzero temperatures
of soils at frozen conditions. Theoretically, the UWC is a monotonic
function of temperature, but strong hysteresis exists between
freezing and thawing cycles (Tian et al., 2014), especially in fine-
grained soils. For simplicity, experimental data of each SFCC study
were collected only along the freezing limb, i.e., the hysteretic
effect is not considered during the database compilation.

Accordingly, a systematic database of the SFCC of frozen soils is
compiled from existing experimental studies by Devoie et al.
(2022), including UWC and other measured soil properties. The
measured UWC serves as the output variable for the XGBoost
model. In addition to temperature, another three variables (i.e.,
dry density, initial unfrozen water content and SSA) are also
selected as input variables, as they are widely recognized as critical
factors directly impacting the UWC in many studies (e.g.,
Yoshikawa and Overduin, 2005; Watanabe and Wake, 2009;
Akagawa et al., 2012; Chai et al., 2018; Ren et al., 2023). The dry
density plays a crucial role in the capillary behaviour of soil pore
systems and influences the amount of unfrozen water (Tian
et al., 2014; Ren et al., 2023), which is also helpful in identifying
and categorizing soils when other information is unavailable
(Devoie et al., 2022). As reported by some scholars (Nersesova
and Tsytovich, 1963; Anderson and Tice, 1972), the amount of
UWC is highly dependent on SSA. Fig. 2 depicts the SFCC obtained
from the compiled database and provides the probability density
and histograms of the data distribution.

Table 3 provides a comprehensive overview of the compiled
database, including the relevant literature, soil types, testing meth-
ods and specific numbers of SFCC. The database comprises a total
of 1252 data points derived from 71 SFCCs, which have been
extracted from 22 scientific studies. It is important to note that
only five investigations within the dataset provide information
regarding SSA. Table 3 also indicates that the UWC of various types
of frozen soils were obtained by measurements using NMR, pNMR,
TDR, FDR, calorimetry, dilatometry, and probes. Each of these test
methods has its inherent limitations and potential sources of error.
Factors such as equipment variations, calibration procedures, and
measurement protocols can also contribute to differences in the
obtained UWC values. To establish a comprehensive database,
the UWC data were collected regardless of the specific testing
methods employed. Furthermore, the values of gravimetric water
content were converted to volumetric water content by multiply-
ing them with soil dry density for consistency. Therefore, it can
4

be concluded that the compiled database is representative and sys-
tematic for training the XGBoost model to estimate the UWC.

3.2. XGBoost model

The ensemble learning methods have gained significant popu-
larity in addressing regression problems, as they leverage the com-
bination of multiple machine learning techniques or multiple
instances of the same technique to achieve enhanced predictive
accuracy by aggregating individual model results. In general,
ensemble learning methods are separated into bagging and boost-
ing. Bagging is a method that aims to improve accuracy and reduce
variance by randomly sampling the training dataset and comput-
ing the final output by averaging the results of the individual mod-
els. In contrast, the boosting method iteratively combines weak
learners with strong learners by emphasizing the mispredicted
training cases. Various boosting models are available to be applied
for regression issues, such as gradient boosting, XGBoost, adaptive
boosting (AdaBoost), etc.

Initially proposed by Chen and Guestrin (2016), the XGBoost
model has emerged as an advanced supervised model that has
gained widespread recognition in the machine learning competi-
tions of Kaggle and has been applied by many scholars to address
the complicated prediction challenges in engineering fields, such
as soil properties mapping (Zhao et al., 2022), slope stability land-
slide (Gu et al., 2023; Yang et al., 2024), strength evaluation predic-
tion (Feng et al., 2021; Zhang et al., 2023). The XGBoost model
offers notable advantages, including its ability to handle large data-
sets with high computational efficiency and its capacity to handle
complex relationships.

As a decision tree (DT)-based model, the XGBoost model utilizes
the parallel DT model to solve the regression issues and incorpo-
rate additional regularization terms into the loss function to avoid
overfitting. Notably, the XGBoost model can effectively handle
missing data by automatically learning how to handle missing val-
ues during training. The objective function of the XGBoost model
consists of two parts, i.e., conventional loss function and model
complexity (see Eqs. (4) and (5)), which can be employed to repre-
sent the operational efficiency of the model.

Obj hð Þ ¼
Xn
i¼1

ypi; yei
� �þ

X
X f kð Þ ð4Þ

X f kð Þ ¼ cT þ 0:5kk w k2 ð5Þ
where h is UWC (m3/m3); n is the number of data points fed into the
kth tree; ypi and yei are ith prediction and original experimental value
of ith data point, respectively. fk is the kth tree in the XGBoost model;
k and c are penalty coefficients, which are used for controlling the
regularization. T is the number of leaf nodes, and w is the score at
each node. For a more comprehensive understanding of this model,
in-depth explanations can be found in the work by Chen and
Guestrin (2016).

3.3. Prediction framework

This section depicted a detailed prediction framework of the
data-driven model for constructing a straightforward prediction
model for UWC. Specifically, the implementation of the XGBoost
model in predicting the UWC includes three phases: data pre-
processing, hyperparameter optimization, and model evaluation,
as shown in Fig. 3.

Step 1 Data pre-processing
The compiled database on UWC includes three input parame-

ters (temperature, dry density, initial unfrozen water content and
SSA) and one output (UWC). Before performing the XGBoost model,



Fig. 2. (a) Soil freezing characteristic curve (SFCC) from the compiled database of Devoie et al. (2022). The color of the scatter represents the data probability density, and (b)
histograms of temperature and unfrozen water content in the compiled database.

Table 3
Summary of the compiled database for measured unfrozen water content (UWC) based on Devoie et al. (2022).

No. References Soil types Test methods No. of
SFCC

No. of
measurements

1 Akagawa et al. (2012) Kaolin, clay, volcanic ash, soft
mudstone

pNMR 4 36

2 Anderson and Tice (1972)
*

Silt, limonite, gravel, kaolinite Isothermal calorimeter 4 52

3 Black and Tice (1989) Sandy loam pNMR 2 28
4 Bouyoucos (1921) Clay loam Empirical method 1 12
5 Buehrer and Rose (1943) Clay, sandy loam, loam Dillatometry 5 37
6 Christ and Park (2009) Sand TDR 1 12
7 Jame and Norum (1972) Silical flour and montmorillonite Isothermal calorimeter 1 16
8 Koopmans and Miller

(1966)
Silt Dillatometry 2 18

9 Nakano et al. (1982)* Morin clay � 1 17
10 Nersesova and Tsytovich

(1963)
Loam, quartz, sandy loam Calorimetry 3 13

11 Oliphant et al. (1983)* Morin clay � 1 14
12 Patterson and Smith

(1981)
Silt loam TDR 1 12

13 (Pusch, 1979)* Clay Dillatometry 4 24
14 Spaans and Baker (1996) Silt loam TDR 2 16
15 Stähli and Stadler (1997) Loam, sand TDR 4 130
16 Tice et al. (1982) Submarine soil NMR 1 14
17 Watanabe and Osada

(2017)
Sandy loam TDR 1 10

18 Williams (1964) Clay, silt Calorimetry 5 126
19 Wu et al. (2015) Silt loam TDR 3 107
20 Wu et al. (2021) Clay FDR 4 162
21 Yoshikawa and Overduin

(2005)*
Silt and clay NMR, one TDT (CS615 probe), three FDR (theta probe, Vitel

probe, ECH2O probe)
9 151

22 Yuan et al. (2020) In situ soil sample along Qinghai–
Tibet Highway

CS616 water content reflectometer 11 245

Notes: In total, 1,252 data points were involved in the compiled database. Soil freezing characteristic curve (SFCC); nuclear magnetic resonance (NMR); pulsed nuclear
magnetic resonance (pNMR); time domain reflectometry (TDR); frequency domain reflectometry (FDR). The references marked with asterisk indicate that the information on
SSA is included in the corresponding studies.
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the entire database is stochastically split into a training dataset
(80%) and a testing dataset (20%). All the inputs and outputs in
the compiled database are mapped to the interval (�1, 1) using a
data normalization strategy to reduce the computation cost and
eliminate the influence of feature scaling.

Step 2 Hyperparameter optimization
5

Hyperparameters are parameters in machine learning models
that need to be predetermined before the model training process,
which can significantly impact the prediction accuracy of the
XGBoost model. Hyperparameter optimization is a crucial step in
the model training process to improve the model’s performance
and accelerate the convergence speed, which can be realized by



Fig. 3. Prediction framework of XGBoost model for estimating soil freezing characteristic curve (SFCC, unfrozen water content as a function of temperature) in frozen soil.
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grid search. Grid search is commonly employed to tune the hyper-
parameters of machine learning models by searching a suitable set
of hyperparameter configurations and testing each combination of
all hyperparameters. The ultimate tuned hyperparameters of the
XGBoost model are summarized in Section 4.1. N-cross validation
(i.e., 5-fold cross-validation herein) is conducted to evaluate the
performance of each candidate dataset and avoid the overfitting
problem. In the 5-fold cross-validation, the training dataset is
divided into five equal subsets, where four subsets are used as
training sets, and the remaining one subset serves as a validation
set. After performing the training-validation procedure five times,
the average of predictions for UWC is compared among the
XGBoost models with different combinations of hyperparameters.
The best-performing XGBoost model is retained during the stage
of model evaluation.

In order to enhance the prediction accuracy and convergence
speed of the proposed XGBoost model for estimating UWC, the
hyperparameters of XGBoost are first optimized by grid search.
The specific tuning process involves constructing the XGBoost
model to evaluate the UWC on the training set, where the mean
square error (MSE) is the evaluation indicator. The particular equa-
tion of MSE is shown as follows.

MSE ¼
Xm
i¼1

he � hp
� �2

=m ð6Þ

where he is measured UWC (m3/m3); hp is the estimated UWC (m3/
m3); m is the number of data points. When the MSE converges stea-
dily to its minimum value during the training process, the optimal
value for one hyperparameter can be obtained while keeping the
other hyperparameters fixed. This procedure is repeated to obtain
the optimal values for the remaining hyperparameters.

Step 3 Model evaluation
Once the hyperparameters are optimized, the XGBoost model

with optimal configuration can be conducted on the training and
testing sets. To determine the prediction performance of XGBoost
model, the following model evaluation indicators are used herein,
including coefficient of determination (R2) and root mean square
error (RMSE).

R2 ¼ 1�
Pm

i¼1 he � hp
� �2

Pm
i¼1 he � he

�� �2 ð7Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xm
i¼1

he � hp
� �2

=m

vuut ð8Þ
6

where he
�

is mean value of measured UWC (m3/m3). A higher value
of R2 and a lower value of RMSE indicates that the model can yield
more accurate predictions. To further validate the predictive effec-
tiveness of the proposed data-driven model, the predicted SFCC
from the XGBoost model are compared with those computed by
some traditional models. To quantify the prediction performances
of the XGBoost model and conventional models, a model rank index
(i.e., model rank, MR) is also introduced.

MR ¼
Xk

i¼1

ranki=k ð9Þ

where ranki is the ordering of each prediction model, and k refers to
the number of model evaluation indicators. The model with the
lowest value of MR can be regarded as the best-performing model
(Li et al., 2022a,b).

4. Results and discussion

4.1. Prediction performance of XGBoost model

Table 4 provides a summary of the optimal hyperparameters of
XGBoost tuned by grid search, along with the corresponding inter-
pretations for each hyperparameter. Besides, Fig. 4 provides a com-
parison between the original experimental data and the predicted
values of UWC for both the training set and the testing set. It is evi-
dent that the predicted UWC values align closely with the experi-
mental data in the training set, exhibiting a strong correlation
along the 1:1 line. In contrast, the predictions generated by the
XGBoost model for the testing set also demonstrate a reasonable
agreement with the measured UWC, albeit with a few outliers that
underestimate the observed UWC values. Besides, Fig. 4 includes
histograms depicting the distribution of measured and predicted
UWC values for the training and testing sets. These histograms
reveal that most UWC values fall below 0.5 m3/m3 in the training
and testing sets.

To visualize the dependencies between measurements and pre-
dictions for SFCC (as outlined in Table 3) from 22 studies, Fig. 5
shows the comparison between the original SFCC from laboratory
tests and the predicted SFCC from the proposed XGBoost model.
Generally, the estimations derived from the XGBoost model
demonstrate a strong alignment with the actual SFCC, which indi-
cates that the proposed XGBoost model can efficiently capture the
features of SFCC. Specifically, this model was trained using
instances from the training set, enabling accurate predictions on
instances that were included in the testing data. After completing
the training phase, the model achieves a considerable level of accu-



Fig. 4. Comparison between experimental data and predicted results for the training set and testing set.

Table 4
Optimal hyperparameters of the XGBoost model.

Hyperparameters Ranges Optimal
values

Remarks

booster Decision
tree

Decision tree The base learner in boosting technique

eta [0.1, 1] 0.6 To reduce the weights and avoid overfitting
n_estimators [20, 120] 90 Number of weaker learners
max_depth [3, 20] 4 Maximum depth of tree. A higher value leads to the complexity of the model and adds the overfitting

probability.
mini_child_weight [1,10] 1 Minimum sum of instance weight in a child.
max_delta_step [1, 10] 1 Maximum delta step that allows each leaf output to be.
subsample (0, 1] 0.7 A fraction of observations will be randomly sampled for each tree.
colsample_bytree [0.5, 1] 1 The fraction of columns is to be a random sample for each tree.
gamma [0] 0 Minimum loss reduction required to make a split.
reg_lambda [1] 1 L2 regularization term on weights
reg_alpha [0] 0 L1 regularization term on weights
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racy on the testing set, as observed in Fig. 4, where the predicted
UWC in the testing set generally aligns closely with the 1:1 line,
with only a few outliers. Notably, it can be noted in Fig. 5 that most
of the observed deviations (represented by solid symbols) primar-
ily originate from the testing set, implying a slightly inferior pre-
diction performance of the XGBoost model on unseen data
compared to the training set. This phenomenon further under-
scores the limited generalization capability of the XGBoost model.

4.2. Comparison with conventional models

To validate the predictive capacity of XGBoost model for deter-
mining UWC of frozen soils., three conventional models are
7

selected. Fig. 6 provides a summary of the prediction results
obtained from the three traditional models and the XGBoost model
for four different soil types across existing experimental studies
(Mu, 2017; Zhou et al., 2018; Kong et al., 2020; Li et al., 2020).
The SSA values for four soils are 75.3 m2/g (loess), 380.6 m2/g (Ben-
tonite), 3 (fine sand) and 16.6 m2/g (silt), respectively. It is noted
that the dataset used for comparison is excluded from the dataset
for training the XGBoost model. Therefore, this dataset is suitable
for comparison, and this comparison can also be used to further
verify the robustness and applicability of the proposed XGBoost
model for the assessment of UWC. As shown in Fig. 6, apart from
Bentonite, Model 1 (an empirical model developed by Anderson
and Tice (1972)) can track the basic trend of UWC with decreasing



Fig. 5. Comparison between the original measured soil-freezing characteristic curve (SFCC) and predicted SFCC by the XGBoost model. The black cross symbols represent the
original data from the complied database for unfrozen soils; colored hollow symbols and solid symbols denote the predicted unfrozen water content (UWC) of soil samples in
the training set and testing set, respectively.
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temperature. Although it involves another input (i.e., SSA), Model 3
(a semi-empirical model from Anderson and Tice (1972)) yields
overestimations for UWC for plastic soils (i.e., loess, bentonite
and silt) and underestimates the UWC for fine sand. Considering
the total UWC and minimum UWC, Kurylyk and Watanabe
(2013) proposed an exponential function of T to determine UWC.
It can be noted from Fig. 6a–c, the prediction performance of Model
3 is superior to that of two other models, as its R2 values are lower
than those of Model 1 and Model 3. It is evident from Fig. 6 that the
XGBoost model can approximately reproduce the relationship
between temperature and UWC for loess, bentonite, silt and fine
sand. The majority of predictions by the XGBoost model closely
align with the measured UWC. As for the prediction performance
of each model, the XGBoost model outperforms the three tradi-
tional models in simulating the SFCC, as indicated by the lowest
RMSE values. Therefore, it can be concluded that the XGBoost
10
model demonstrates promising performance in assessing UWC val-
ues compared to the traditional models.

Fig. 7 illustrates the comparison between three traditional mod-
els and the XGBoost model in predicting UWC. The results demon-
strate that the three conventional models are inadequate for
accurately estimating UWC for the soil types in the four studies.
In general, most of the predicted UWC from Model 2 (an empirical
model by Kurylyk and Watanabe (2013)) lie within the ±20% error
lines. A similar comparison can be observed between predictions
from Model 1 (empirical model relating to T) and measured
UWC, as shown in Fig. 7a. However, the deviations from Model 1
are more pronounced since some UWC values predicted by this
model are lower than experimental data. The UWC values pre-
dicted by Model 3 (a semi-empirical model incorporating T and
SSA) deviate significantly from the 1:1 line, with most of the data
falling outside the ±20% error lines. In other words, three tradi-



Fig. 6. Comparison between the XGBoost model and three traditional models (a) Mu, 2017; (b) Kong et al., 2020; (c) Zhou et al., 2018; (d) Li et al. (2020).
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tional models either overestimate or underestimate the UWC of
four types of soils. This conclusion aligns with the findings
reported by Ren et al. (2023) and Wang et al. (2023), which high-
light the relatively poor prediction accuracy of the Anderson and
Tice (1972) model.

In contrast, the UWC values predicted by the XGBoost model
generally exhibit a good agreement with the measured data, as
depicted in Fig. 7d. This comparison indicates that the proposed
XGBoost model outperforms the three traditional models in terms
of its superior prediction accuracy. Furthermore, Table 5 presents
the ultimate results of model evaluation indicators and MR (model
rank index, see Eq. (9)) for the XGBoost model and three traditional
models, which reinforces that the XGBoost model exhibits the best
performance with the highest rank for assessing the UWC.
4.3. Features importance analysis

Feature importance is vital for feature selection and model
interpretability. The trained XGBoost model provides an auto-
mated way to calculate the importance of features. The importance
of the feature can be obtained using the gain criterion within
XGBoost, which measures the contribution of each feature across
all trees in the model. A higher value of feature importance indi-
cates a more significant contribution to the model’s predictions.
Fig. 8 displays the feature relative importance of three inputs
11
(i.e., T, dry density, initial unfrozen water content and SSA). Among
these four features, temperature (49.87%) is recognized as the most
important feature for UWC, followed by initial unfrozen water con-
tent (30.74%), dry density (16.34%) and SSA (3.05%). These findings
offer valuable insights into understanding the UWC of frozen soils,
and similar results were also reported in other literature (i.e., Bi
et al., 2023; Ren et al., 2023).
4.4. Limitations and perspectives

It is essential to acknowledge that while machine learning mod-
els, such as the XGBoost model employed in this study, demon-
strate remarkable predictive ability, they are likely to lack
explicit physical interpretations. Without any information on
physical laws, machine learning models inherently function as a
‘‘black box” for discerning the nonlinear relationships between
inputs and outputs, which would raise concerns regarding their
generalization and interpretability. Since these models rely solely
on patterns and correlations within the available data, they may
struggle to accurately predict unseen scenarios or provide mean-
ingful understanding from these statistical models. The absence
of physical laws limits our ability to understand the underlying
mechanisms driving the observed data in SFCC. Therefore, while
these models may exhibit strong fitting performance, their insuffi-
cient reliability and interpretability limit the application of



Fig. 7. Comparison of measured unfrozen water content and predicted unfrozen water content from (a) Model 1; (b) Model 2; (c) Model 3; (d) XGBoost model.

Table 5
Comparison between XGBoost and three traditional models.

Prediction Model Empirical model Semi-empirical model XGBoost model

Model 1 Model 2 Model 3

R2 �0.3320 (3) 0.8889 (2) �4.6115 (4) 0.9739 (1)
RMSE 0.1303 (3) 0.0376 (2) 0.2675 (4) 0.0182 (1)
Model Rank 3 2 4 1
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machine learning models. Further efforts can be dedicated to
developing more advanced data-driven models that integrate the
baseline machine learning model with explicit incorporation of
physical laws.

For a broader perspective, this study primarily concentrated on
the SFCC along the freezing limb. Specifically, it incorporated the
impacts of temperature, density, initial unfrozen water content
and SSA on the change of UWC. However, it is essential to note that
the actual UWC in frozen soils exhibits distinct hysteretic beha-
viour and varies with other factors such as initial water content,
freeze–thaw history and stress state. The influence of salt concen-
trations on the SFCC cannot be disregarded, as the presence of salts
can induce freezing-point depression. During the freezing process,
12
the salts are expelled from the ice phase, resulting in a higher con-
centration of the remaining solution, which in turn leads to a fur-
ther depression of the freezing point. The freezing point can be
affected by various factors, such as initial water content, pore
structure, particle size distribution, and salinity (Wen et al.,
2012; Zhou et al., 2018; Li et al., 2024a). Additionally, some frozen
soils with high plasticity display a two-stage SFCC, characterized
by a distinct ‘‘gap”, as highlighted by Kozlowski (2004) and
Kozlowski and Nartowska (2013). Therefore, further investigations
will be conducted within the framework established in this study
to elucidate the impacts of these additional influencing factors
and to model the hysteretic effects and gap effect persisting
through SFCC. Additionally, unlike the SWRC, data on the SFCC is



Fig. 8. Results of feature relative importance.
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relatively scarce, and it is highly encouraged to undertake future
efforts to obtain a more extensive collection of such
measurements.
5. Conclusion

The determination of UWC in frozen soils through experimental
tests requires specialized equipment and verification on specific
soil types, which could be expensive, time-consuming and unavail-
able in all scenarios. Moreover, accurately determining the varia-
tion of UWC is challenging due to the influence of multiple
factors. A comprehensive compilation of experimental data on
UWC from diverse testing methods and various frozen soil types
is employed to train a machine learning model, i.e., XGBoost mode,
for estimating the UWC of frozen soils. This model incorporates the
effects of temperature, dry density, initial unfrozen water content
and SSA on the variation of UWC. The primary advantage of using
XGBoost is that it offers a unified tool for modelling the SFCC of fro-
zen soils based on the compiled systematic database.

The framework of using the XGBoost model to predict the UWC
of frozen soils is verified by comparing three conventional models
based on the compiled database for UWC. Two model evaluation
indicators and one model ranking index are combined to quanti-
tively evaluate the predictive capacity of each model in estimating
the UWC. The results showed the proposed XGBoost model effec-
tively captures and reproduces the complex relationships between
UWC and inputs (temperature, density and SSA) of various types of
frozen soils. In addition, the predictive capacity of the three models
in order of highest to lowest is the XGBoost model, model 2 (an
empirical model proposed by Kurylyk and Watanabe (2013) where
UWC is an exponential function of T), model 3 (a semi-empirical
model proposed by Anderson and Tice (1972) where UWC is a
function of T and SSA) and model 1 (an empirical model proposed
by Anderson and Tice (1972) where UWC is a function of T).

The notable advantage of the new XGBoost model is its capabil-
ity to directly predict UWC values based on other soil properties by
recognizing the intricate relationships among temperature, dry
density, SSA, initial unfrozen water content and UWC. This model
offers a general approach applicable to various types of frozen soils
and can provide practitioners with a more accurate and efficient
tool for rapidly evaluating UWC in frozen soils that significantly
influences engineering geology projects and disaster control prob-
lems. Additionally, the model serves as a valuable reference for
13
parameterizing UWC in soils within cold regions, further enhanc-
ing its practical utility.
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