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Integrating environmental data and site-specific soil 
characteristics with a data-driven model significantly 
advances moisture management in road construction, 
enhancing compaction and pavement durability.
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Abbreviations 
S	� Degree of Saturation (%)
ρb	� Bulk density (kg/m3)
Tsoil	� Soil temperature (°C)
Rn	� Net radiation (W/m2)
VMC	� Volumetric Moisture Content (v/v) (%)
GMC	� Gravimetric moisture content (w/w) (%)
NDG	� Nuclear Density Gauge
RMSE	� Root Mean Squared Error
LSTM	� Long short-term memory
SM	� Soil moisture (%)
OMC	� Optimum Moisture Content (w/w) (%)
MDD	� Maximum Dry Density (kg/m3)

1  Introduction

Compaction in road construction involves the 
mechanical compression of geomaterials using large 
rollers to achieve the designated density, enhanc-
ing the material’s strength and stiffness. This pro-
cess is essential for preventing settlement or rutting 
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post-construction (Briaud 1997). Geomaterials are 
typically compacted in layers, with each layer’s 
thickness ranging from 15 to 20  cm. Achieving 
Maximum Dry Density (MDD) at the Optimum 
Moisture Content (OMC) is vital for efficient soil 
compaction, as it reduces construction costs by 
minimising the required compaction energy (Kodi-
kara et al. 2018).

However, the materials delivered to construction 
sites often do not meet the OMC, either too wet or 
too dry, necessitating adjustments such as drying or 
adding water. Sometimes, even when the materials 
possess adequate moisture content during compac-
tion, a time lag in spreading the material and placing 
it can lead to drying out, preventing proper compac-
tion (Chen et al. 2013). Therefore, knowing the time 
lag and initial moisture content is essential to predict 
how much water is needed to reach OMC.

Furthermore, an integral part of the construction 
process is the dry back phase, where the geomateri-
als undergo drying to a target Degree of Saturation 
( S ) after compaction. This step is crucial for increas-
ing the hardness and stiffness of the pavement lay-
ers (Athmarajah et al. 2024). The effective dry back 
allows the pavement to release moisture efficiently, 
preventing issues like moisture surfacing below the 
seal, which can cause aggregates to punch into the 
pavement and reduce stiffness (Lim, Hore-Lacy et al. 
2014). The accurate prediction of the time required to 
reach the target S during dry back is essential for opti-
mising the placement of subsequent layers and mini-
mising the risk of improper moisture levels.

The measurement of soil moisture (SM) of these 
geomaterials for both achieving OMC during com-
paction and monitoring dry back post-compaction in 
the field is also vital, and typically it is done using 
laboratory moisture determination or the Nuclear 
Density Gauge (NDG) technique (Salem 2004). How-
ever, these traditional measurement techniques can 
be limited in accuracy and coverage and are often 
time-consuming or hazardous. Nguyen et al. (Nguyen 
2023; Nguyen et al. 2023; Nguyen et al. 2023) devel-
oped a method for real-time measurement of unbound 
pavement layer SM using an L-Band radiometer. This 
technique mainly measures near-surface SM, which 
is only a fraction of the compacted layer’s 15–20 cm 
thickness. Understanding the initial SM condition 
allows for modelling the variation of SM within the 
entire depth of the layer over time, which is crucial 

for managing water requirements for optimal compac-
tion and effective dry back.

The temporal variation of SM is influenced by 
numerous factors, including physical soil temperature 
(Tsoil), net radiation (Rn), amount of water in the soil 
(known as initial SM condition), and bulk density ( �b)
Tamboli 1961; English et al. 2005; Wang et al. 2007; 
Gao 2011). Net radiation (Rn) is a key environmental 
factor, defined as the difference between the incom-
ing and outgoing radiation at the soil surface. It influ-
ences SM by affecting evaporation and soil tempera-
ture, thus playing a critical role in water movement 
through soil.

The following points outline some of the physical 
controls on water movement through soil:

•	 Water viscosity decreases with increasing Tsoil, 
which allows more water to flow through the 
soil matrix, resulting in a faster decrease in SM 
(Broadbent 2015). In addition, higher Tsoil results 
in a higher evaporation rate, further accelerating 
SM reduction (Rengasmy 2009).

•	 Rn is one of the important components of the 
Earth’s surface energy balance and is a major driv-
ing force for the process of evaporation (E) of the 
soil surface (Wang et  al. 2007). SM is directly 
related to the evaporation process and is usually 
controlled by the moisture in the upper layer of the 
soil profile (Verstraeten et al. 2008).

•	 The amount of water in the soil influences infiltra-
tion, runoff and evapotranspiration rate (Grayson 
et al. 1997).

•	 Soil compaction caused by heavy machinery or 
compactors increases �b(Rafiq 1990; Hassan and 
Gregory 1999), which results in changes in infil-
tration, water holding capacity, water movement, 
and the ability for soil to shrink (Dec et al. 2008).

To predict SM at deeper levels based on near-
surface observations, a variety of methods are 
employed, such as data assimilation (Montaldo 
et  al. 2001, 2007), exponential filter (EF) (Ford 
et  al. 2014a, b), or data-driven methods, such as 
machine learning (Kolassa et al. 2018). The advan-
tage of traditional models is that they capture the 
basic physics of the moisture flow (Ali et al. 2015), 
but may not be able to capture the complex process 
of moisture flow or soil variability. Some calibra-
tion may be required, particularly for parameters 
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like soil porosity and hydraulic conductivity under 
site-specific conditions such as high clay content or 
extreme compaction (Reichle et  al. 2008). Moreo-
ver, in many instances, such approaches are subject 
to strict statistical assumptions, and data require-
ments often employ linear and additive modelling 
approaches that may be inconsistent with natural 
processes (Clapcott et al. 2013).

Field and modelling studies have revealed strong 
nonlinear correlations between near-surface and sub-
surface soil moisture (commonly referred to in agri-
cultural studies as root zone soil moisture, which 
refers to the moisture content within the depth acces-
sible to plant roots, typically 0–100 cm), challenging 
conventional statistical and modelling methods (Ford 
et  al. 2014a, b). While this terminology originates 
from agronomy, we reference it here to draw concep-
tual parallels with moisture behaviour in the com-
pacted sublayers of pavements, where unsaturated 
flow processes are similarly governed by capillarity, 
evaporation, and soil structure. This analogy high-
lights the need for models that can accurately capture 
nonlinear moisture dynamics in compacted layers 
(typically 15–20 cm thick) used in road construction, 
where conventional approaches may fall short.

Advancements in machine learning techniques 
offer promising solutions to overcome the limitations 
of traditional models. For instance, machine learn-
ing-based random forest models perform better than 
physical models based on Richard’s equation for pre-
dicting soil matric potential in the root zone (Gumiere 
et  al. 2020). In other studies, artificial intelligence 
has introduced sophisticated models that significantly 
enhance the predictive accuracy of soil moisture 
(Ahmed et al. 2021; Filipović et al. 2022; Park et al. 
2023a, b; Huang et al. 2024; Wang et al. 2024). For 
instance, studies have shown that machine learning 
algorithms such as Random Forest and Long short-
term memory (LSTM) have been effectively utilised 
in various settings, including agriculture and sub-
grade materials for roads, railways, providing reliable 
predictions for moisture content at various depths and 
in real-time (Chen et  al. 2021, Brakhasi et  al. 2024, 
Geng et al. 2024, Dushmantha et al. 2025). Notably, 
physically-guided LSTM models, as demonstrated 
by Wang et  al. (2024) can enhance predictive accu-
racy while preserving interpretability in soil mois-
ture modeling, offering valuable insights for adapting 
these methods to road construction contexts.

Recently, Ahmed and Karimpour (2025) used 
Random Forest and Gaussian Mixture Models 
to successfully model subgrade moisture in cold 
regions, validating the potential of machine learn-
ing for capturing seasonal SM dynamics under var-
ying thermal regimes.

Despite these advancements, the specific appli-
cation of such AI techniques to road construction 
remains underexplored, particularly for predicting 
deep-layer soil moisture relevant to compaction. 
This research seeks to bridge this gap by employ-
ing advanced LSTM models tailored to capture the 
complex dynamics of soil moisture across different 
compaction layers, which significantly improves 
over traditional methods. Our approach leverages a 
novel combination of environmental data and site-
specific soil characteristics to provide more accu-
rate and timely predictions for efficient compaction. 
This study advances the methodological framework 
for soil moisture prediction in road construction by 
integrating more robust and real-time data-driven 
insights. It contributes to the broader field of con-
struction engineering by improving process efficien-
cies and material optimisation. This comprehensive 
approach and novel application of LSTM models 
demonstrate a significant enhancement in modelling 
capabilities, addressing the critical need for precise 
moisture control in road construction projects and 
setting a new standard in the application of AI in 
civil engineering.

This paper uses the term “layer” to indicate dif-
ferent depths within a single compacted lift. Vari-
ous factors, including Tsoil, Rn, initial SM condition, 
and �b. They were collected and analysed for their 
influence on the temporal variation of SM in differ-
ent layers for two different materials under differ-
ent environmental conditions. This dual-material 
approach was designed to enhance the generaliz-
ability of the findings, providing insights into the 
behaviour of different soil types, each representative 
of typical soil types encountered in pavement con-
struction. Accordingly, the near-surface SM obser-
vations were utilised to predict the subsurface SM 
of deeper layers using a machine learning-based 
LSTM, considering all these factors as potential 
input variables. For comparison, a traditional water 
balance model was also employed to predict the 
temporal variation of SM, and the results were com-
pared with those from the LSTM model.
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2 � Methodology

2.1 � Experimental setup

Temporal variation of Volumetric Moisture Content 
(VMC) data at different compaction densities, depths, 
and initial SM conditions was recorded using Ste-
vens Hydra Probe SM sensors (Fig. 1a). VMC refers 
to the volume of water per unit volume of soil (typi-
cally expressed as cm3/cm3 or %). The Stevens Hydra 
Probe sensors used in the setup provide real-time, 
direct measurements of VMC and soil temperature 
(Tsoil) simultaneously (Stevens 2022).

Two experiments, each with two different dates, 
were performed in two environments: an indoor 
soil box (Experiment A) and an outdoor test-bed 
(Experiment B). For both the soil box (4 m × 7.5 m) 
and test-bed (5  m × 12  m), SM sensors were 
installed on one side, as shown in Fig. 1b. Two dif-
ferent materials, consisting of a 20 cm (indoor; soil 
sample 1) and 15 cm (outdoor; soil sample 2) layer 
thickness, were used, with the characteristics of 
these two samples shown in Fig. 2 and Table 1. Soil 

sample 1 has higher density (2.08 vs. 1.85  t/m3) 
and lower OMC. Accordingly, 4 and 3 SM sensors 
were used to record the vertical profile of the VMC 
and Tsoil at 5 cm depth intervals at the soil box and 
test-bed, respectively (Fig.  1c). These SM sensors 

Fig. 1   Photographs showing the Stevens Hydra Probe SM sensor (a) and the station located at the test-bed (b) with four sensors 
inserted into the soil at four different depths as shown in the diagram (c)

Fig. 2   The grain size distribution of the two soil samples used 
in this study
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continuously measured VMC and Tsoil at 2-min 
sampling steps.

2.1.1 � Soil sample Preparation

The materials were placed using a bobcat/mini-loader 
and then compacted using a double-drum roller 
(Fig.  3). After compaction, the density was meas-
ured using the NDG technique. The SM sensors were 
installed at the middle depth of each layer.

The indoor datasets from Experiment A (Day 1 
and Day 2) were used to analyse the temporal vari-
ation of SM without exposure to rapid changes in 
ambient conditions. Experimental data included 
VMC and Tsoil values at four different depths, being 
2.5  cm (representing the top layer 0–5  cm), 7.5  cm 
(representing the second layer 5–10  cm), 12.5  cm 
(representing the third layer 10–15 cm), and 17.5 cm 
(representing the fourth layer 15–20  cm). The first 
dataset was collected from 3.04 pm on 02-Dec to 7.52 
am on 03-Dec 2020, while the second dataset was 
recorded only during the daytime from 8.28 am to 
6.32 pm on 03-Dec 2020.

The outdoor datasets from Experiment B (Day 
1 and Day 2) were used to analyse the temporal 

variation of SM considering the influence of ambi-
ent conditions (i.e., Rn) and soil compaction (i.e., 
�b ). Each data set included VMC data at three dif-
ferent depths: 2.5  cm (representing the top layer 
0–5  cm), 7.5  cm (representing the second layer 
5–10 cm), and 12.5 cm (representing the third layer 
10–15 cm). VMC was the preferred metric for this 
study because the Stevens Hydra Probe sensors 
used in the setup provide real-time, direct measure-
ments of VMC, but for practical purposes, the VMC 
data were converted to Gravimetric Moisture Con-
tent (GMC) using the density ( �b) information from 
the NDG. GMC refers to the water mass per unit of 
dry soil mass expressed as g/g or %. The first out-
door dataset was collected on 29-Jul 2021, while the 
second was recorded on 02-Dec 2022. The Rn and 
evaporation (E) data were taken from the Wombat 
station (the nearest weather station to the experi-
mental setup) at 30-min sampling steps, available 
from the OzFlux website (OzFlux 2022). Informa-
tion on testing time and measurement conditions for 
each experiment is shown in detail in Table 2.

Table 1   Geotechnical 
properties of the samples 
used in this study

Property Soil Sample 1 Soil Sample 2

Specific Gravity (Gs) 2.61 2.70
Optimum Moisture Content (OMC), modified Proctor (%) 9.3 8.0
Maximum Dry Density (MDD), modified Proctor (t/m3) 1.85 2.08
Mean Particle Diameter (D50) (mm) 0.45 0.32
Percentage passing the No. 200 sieve (%) 0.2 0.1

Fig. 3   Photographs show-
ing the roller used to com-
pact the soil at (a) the soil 
box and (b) the test-bed
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2.2 � Model Development

2.2.1 � Long Short‑Term Memory Model

Long short-term memory (LSTM) is one of the 
machine learning tools used to capture long- and 
short-term dependencies and maintain information 
over extended sequences (Hochreiter and Schmidhu-
ber 1997; Tophel et al. 2023a, b, c). This makes LSTM 
particularly suitable for modelling time-series data 
with complex temporal dependencies. Several studies 
have explored the use of LSTM for predicting mois-
ture at deeper depths in a range of different fields (Fang 
et al. 2017; Han et al. 2021; Gao et al. 2022; Yinglan 
et al. 2022; Park et al. 2023a, b). These studies lever-
age the strengths of LSTM in handling sequential data 
and have shown promising results in accurately captur-
ing SM dynamics. Furthermore, the LSTM model has 
demonstrated superior predictive performance to other 
machine learning models (i.e. artificial neural network) 

when predicting SM at different depths (Han et  al. 
2021).

The LSTM algorithm comprises four components: 
the forget gate, input gate, temporary cell state, and 
output (Fig.  4). The forget gate in LSTM determines 
the amount of information from the previous block 
that should be preserved. The input gate plays a role in 
determining which new information should be stored 
in the cell. Lastly, the output gate selects the final out-
put value from the information stored in the cell. The 
LSTM algorithm operates on an input data sequence 
( Xt ) to generate the outcome ( Ot ) by iterating through

(1)ft = �(Wf

(

ht−1, xt
)

+ bf )

(2)it = �(Wi

(

ht−1, xt
)

+ bi)

(3)ot = �(Wo

(

ht−1, xt
)

+ bo)

Table 2   Details of testing time and measurement conditions in each experiment. The tick indicates that the data was used on the 
respective date

Environment Date Experiments Time (min) Tsoil (oC) Rn (W/m2) �
b
(g/cm3) Depth (cm)

Indoor (soil box) using soil 
sample 1

02-Dec, 2020 Day 1 of Experiment A √ √ √
03-Dec, 2020 Day 2 of Experiment A √ √ √

Outdoor(test-bed)using soil 
sample 2

29-Jul, 2021 Day 1 of Experiment B √ √ √
02-Feb, 2022 Day 2 of Experiment B √ √ √ √

Fig. 4   Structure of an LSTM model
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where � represents a nonlinear activation function; 
Wf  , Wi , Wo , and WC denote the weight values associ-
ated with the forget gate, input gate, output gate, and 
memory cells, respectively; ht represents the output 
data from the previous cell; xt represents the current 
input data; bf  , bi , and bo are the bias vectors corre-
sponding to each gate; Ct refers to the cell state in 
the LSTM network, which retains memory of the 
sequence and Ct′ represents the state of any cell gen-
erated from the activation function.

The dataset from Day 1 and Day 2 of Experi-
ment A was divided into two parts for this study. The 
first 80% of the data from all four layers in Day 1 of 
Experiment A was used to train the model, while the 
remaining 20% was used for testing. After developing 
the model, the entire dataset from Day 2 of Experi-
ment A was used as the validation set. For outdoor 
analysis in Day 1 and Day 2 of Experiment B, the 
same approach of using the first 80% of the data 
for training and the remaining 20% for testing was 
employed. The specific details of the data division are 
presented in the respective result sections. During the 
training process, the first 10 data points were utilised 
for the input gate, while the subsequent 2 data points 
were employed for the output gate. This pattern con-
tinued until all of the selected training data was uti-
lised. The model hyperparameters (number of LSTM 
layers, number of neurons in each layer, learning rate) 
were found using the GridSearch algorithm avail-
able in the scikit-learn library (Pedregosa, Varoquaux 
et  al. 2011, Tophel et  al. 2022a, b, c, Tophel et  al. 
2023a, b, c). The grid search was conducted over the 
following ranges: number of hidden layers from 1 
to 5, number of neurons per layer from 5 to 15, and 
learning rate from 0.1 to 0.5. The model performance 
for each hyperparameter combination was evaluated 
using fivefold cross-validation, scoring based on the 
negative mean squared error. This ensured consistent 
evaluation across folds and avoided overfitting to a 
specific data split.

The optimal configuration—2 hidden layers, 10 
neurons per layer, and a learning rate of 0.1 was 

(4)Ct� = tanh(WC

(

ht−1, xt
)

+ bC)

(5)Ct = ft×Ct−1 + it × Ct�

(6)ht = Ot×tanh(Ct),

selected based on achieving the lowest average error 
across the folds. These values were then applied 
consistently in all experiments presented in this 
study, balancing model complexity and predictive 
performance.

The contribution of each input parameter to the 
model is shown by the variable importance ( VI ), 
otherwise known as the sensitivity analysis of input 
parameters. The sensitivity of each parameter ( j ) was 
assessed in this study by examining the change in the 
model output (ΔŶj) when that specific input parame-
ter was changed while keeping the other input param-
eters constant at their mean values. Each input was 
altered from its maximum 

(

jmax
)

 to minimum 
(

jmin
)

 
value from the database, and the VI calculated as the 
per cent of each absolute output difference for each 
parameter such that

Pearson’s correlation coefficient (Sedgwick 2012) 
was used to measure the linear correlation between 
the two variables (i.e., SM and Tsoil) in this study.

2.2.2 � Water Balance Model

A water balance model estimates the amount of water 
that enters and leaves a given system over a specified 
period. It is based on the principle of conservation 
of mass and energy, where the amount of water that 
enters a system (through precipitation or irrigation) 
is balanced against the amount of water that leaves 
(through runoff, evapotranspiration, or drainage) and 
change in storage (Zhang et al. 2002). In this study, a 
simple three-layer water balance model was designed, 
as shown in Fig. 5.

The first layer represents the top near-surface layer 
(i.e. 0–5 cm depth), which experiences evaporation (E) 
to the atmosphere (there was no precipitation or water-
ing during the experiment conducted, and transpiration 
was zero as there were no plants) and redistribution to/
from the second layer. Redistribution of SM refers to 
water movement within the soil from low matric suc-
tion (typically high SM) areas to high matric suction 

(7)ΔŶj = abs(f
(

jmax
)

− f
(

jmin
)

)

(8)VIj =
ΔŶj

∑j=n

j=1
ΔŶj

.
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(typically low SM). The water balance equation for this 
layer can be expressed from continuity as

where � is the moisture content, n is the time step, d1 
is the layer depth, and Δt is the time step size. The 
flux from layer 1 to layer 2 ( q1−2 ) is

where the flux out of the bottom of layer 1 is Kn
�,1

 , 
whereby K

�
 can be calculated based on the Brooks 

and Corey equation (Brooks 1965) as

where Ks is the saturated hydraulic conductivity, �r is 
the residual soil water content, and � is the soil poros-
ity. The variables �m,1 and �m,2 are the matric poten-
tial of layer 1 and layer 2, respectively, and can be 
calculated from

(9)�
n+1 = �

n +
Δt

d1

[

−En − qn
1−2

]

,

(10)q1−2 = K
�,1

�m,1 − �m,2

0.5(d1+d2)
+K

�,1,

(11)K
�
= Ks(

� − �r

� − �r

)

c

(12)c = 2b + 3,

(13)�m = �a(
� − �r

� − �r

)

−�

,

where �a is air entry pressure.
The second layer represents the subsoil layer (i.e. 

5–10 cm depth) below the topsoil. The water balance 
equation for this layer can be expressed as

where the flux from layer 2 to layer 3 ( q2−3 ) is

where the flux out the bottom of layer 2 is Kn
�,2
and�m,3 

is the matric potential of layer 3.
For the third layer (i.e. 10–15 cm depth), the water 

balance equation can be expressed as

where the flux out the bottom of layer 3 is Kn
�,3

 under 
the assumption of gravity drainage. However, in this 
study, the flux out of the bottom of layer 3 (Kn

�,3
) was 

set equal to 0 because the natural soil beneath the 
third layer displayed very low hydraulic conductivity.

In this study, the dataset from Day 2 of Experi-
ment B was used exclusively to analyse the water 
balance model, as it was the only dataset containing 
density information for all three layers. The equa-
tions from the developed water balance model can be 
solved explicitly for each time step (an analysis time 
of 2 min was used to match with the time step of the 
experimental data and LSTM model), giving a new 
moisture content for each layer of the profile. Accord-
ingly, it is possible to model the water balance in this 
three-layer soil system and predict the change in SM 
over time.

3 � Results and Discussion

3.1 � The Temporal Variation of Soil Moisture at 
Different Layers for the Indoor Environment

The data from Day 1 and Day 2 of Experiment A 
were used to study the temporal variation of SM 
without the effect of ambient conditions, as they were 
indoor experiments. Moreover, these two datasets 
provided an opportunity to examine the effect of SM 
variation separately during night and daytime.

(14)�
n+1 = �

n +
Δt

d2

[

q1−2
n − q2−3

n
]

,

(15)q2−3 = K
�,2

�m,2 − �m,3

0.5(d2+d3)
+K

�,2,

(16)�
n+1 = �

n +
Δt

d3

[

q2−3
n − Kn

�,3

]

,

Fig. 5   Concept of the simple three-layer water balance model
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Figure 6 (a) and (b) show the change of Tsoil for the 
four different layers (0–5  cm, 5–10  cm, 10–15  cm, 
and 15–20 cm) for Day 1 and Day 2 of Experiment 
A. Regardless of whether the data were observed at 
night or day, Tsoil near the surface (i.e. 0–5 cm) always 
showed the most rapid change, whereas deeper layers 
had a smaller and more gradual change.

According to Fig. 6, the SM variation of the cor-
responding four layers showed different trends over 
time. In general, the change of SM for the near-sur-
face layer (0–5 cm) decreased with time due to redis-
tribution to the deeper layer and evaporation from the 
soil-air interface. The second (5–10  cm) and third 
(10–15  cm) layers showed the same trend, with SM 
being mostly constant, which can be explained by 
approaching the equilibrium profile. In contrast, the 
SM at the fourth layer (15–20 cm) increased steadily 

over time because of percolation from the soil above, 
with an impermeable layer below.

Since the soil box was constructed on top of a 
waterproof membrane, water accumulated at the bot-
tommost layer in the soil box from gravity drainage 
of the soil layers above. It was additionally observed 
that the SM variation of the different layers depended 
on the initial SM values. When the SM was low at 
the start, the change in SM over time was greater than 
for the same soil with a higher initial SM. When the 
initial moisture content was low, the soil had a higher 
water-holding capacity and could quickly absorb and 
retain water. Therefore, any additional water input 
is more likely to cause a greater change in SM over 
time.

Conversely, when the initial moisture content 
was high, the soil already had a lower water holding 

Fig. 6   Tsoil data for the four different layers (0–5 cm, 5–10 cm, 
10–15 cm, and 15–20 cm) as recorded in a Day 1 of Experi-
ment A and b Day 2 of Experiment A. The lower parts are as 

for Tsoil but for SM in c Day 1 of Experiment A and d Day 2 of 
Experiment A. The red dotted lines indicate the start and end 
times of recorded data
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capacity available. It was more likely to reach its 
maximum, so additional water input may not cause 
a significant change in SM. In other words, the soil 
with a higher initial moisture content is already closer 
to saturation, limiting the potential for further water 
absorption. This is why soil with low initial moisture 
content can experience greater changes in moisture 
content over time than soil with higher initial mois-
ture content. The effect of initial SM on the change of 
SM is explored further in the next section.

Figure  7 presents the respective correlations 
between SM and Tsoil at four different depths, repre-
senting four layers. According to Pearson’s correla-
tion coefficient, SM between two consecutive depths 
is closely related, e.g., for Day 1 of Experiment A, the 
top SM (at 2.5 cm depth or the near-surface 0–5 cm 
layer) had the strongest correlation with the adjacent 
depth SM (at 7.5 cm depth or the second 10–15 cm 
layer), having a Pearson correlation coefficient of 
0.54. These correlation coefficients decreased with 
depth, reducing to 0.17, −0.23, and –0.56 at layers 
of 5–10  cm, 10–15  cm, and 15–20  cm, respectively 
(Fig. 7a). However, the influence of Tsoil on SM at dif-
ferent depths did not show any consistent correlation 
trend with depth (Fig. 7).

The LSTM was used to model the temporal SM 
variation of different layers (80% of the data for train-
ing and remaining 20% for testing for each layer), 
with and without Tsoil as input for Day 1 of Experi-
ment A (see Fig.  8). The testing results using the 
remaining 20% of the data showed good accuracy for 
all four layers, with Root Mean Square Error (RMSE) 
of 0.20%, 0.17%, 0.14%, and 0.14% VMC for 0–5 cm, 
5–10 cm, 10–15 cm, and 15–20 cm layer, respectively 
(Table  3). Moreover, when Tsoil was not included as 
an input variable, the prediction results showed accu-
racy similar to when Tsoil was included. The minimal 
differences observed in Fig.  8 between curves with 
and without Tsoil can be attributed to the dominant 
influence of other variables in the model. This sug-
gests that while Tsoil is a contributing factor, its impact 
is less significant than other variables like initial soil 
moisture content. Therefore, the LSTM model devel-
oped for Day 1 of Experiment A demonstrated the 
capability to accurately predict SM at different layers 
solely based on initial SM and time at those layers as 
input parameters, without using Tsoil as an additional 
input. Consequently, this model was employed to pre-
dict SM across all four layers in Day 2 of Experiment 
A, with the results depicted in Fig.  9. The RMSE 

Fig. 7   Heat map of Pearson correlation coefficient between 
SM and Tsoil for four different layers (0–5  cm, 5–10  cm, 
10–15  cm, and 15–20  cm) calculated for a Day 1 of Experi-
ment A and b Day 2 of Experiment A. Each coloured square 

represents the factor used (SM or Tsoil) at one of 4 different 
layers, with the colour representing the correlation coefficient 
results. Layer midpoints are indicated on the axes
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Fig. 8   The experimental and predicted SM results of the 
LSTM model for training (80% of the data) and testing 
(remaining 20% of the data) with and without using Tsoil data 

for Day 1 of Experiment A for: a the near-surface 0–5  cm 
layer, b 5–10 cm layer, c 10–15 cm layer, and (d) for the deep-
est 15–20 cm layer

Table 3   RMSE results (in VMC) of the LSTM model for training (80% of the data) and testing (remaining 20% of the data) with 
and without using Tsoil data for Day 1 of Experiment A at all four different layers

Layer 0–5 cm 5–10 cm 10–15 cm 15–20 cm

With Tsoil Without Tsoil With Tsoil Without Tsoil With Tsoil Without Tsoil With Tsoil Without Tsoil

Training 0.17 0.16 0.18 0.19 0.19 0.18 0.19 0.17
Testing 0.21 0.20 0.17 0.17 0.14 0.15 0.14 0.14
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results indicate that the LSTM model exhibits high 
accuracy in predicting the SM of all layers for Day 1 
of Experiment A, with RMSEs ranging from 0.12% 
to 0.17% VMC. Furthermore, upon analysing the pre-
diction results, it was observed that a "wave pattern" 
emerged at the beginning, reflecting the initial behav-
iour or trend in the predicted SM values. This obser-
vation can be attributed to the LSTM model’s attempt 
to replicate the wave pattern based on the initial input 
received during the prediction process, a sign of ini-
tial overfitting in the LSTM model.

The influence of Tsoil was also evaluated by calcu-
lating variable importance (VI), as shown in Fig. 10 
for different layers. In general, the greatest impact of 
Tsoil on SM was at the near-surface layer (0–5 cm) and 
the deepest layer (15–20 cm), and the smallest effect 
on SM at the near-deepest layer (10–15 cm). Obtain-
ing Tsoil at different depths at the construction site can 
be challenging. As this data did not improve the pre-
diction model’s accuracy substantially, soil tempera-
ture was not considered in further research steps.

3.2 � The Effect of Ambient Conditions on Temporal 
Variation of Soil Moisture at Different Layers in 
the Outdoor Environment

For the outdoor environment (Day 1 and Day 2 of 
Experiment B), the effect of ambient conditions (i.e. 
Rn) on the temporal variation of SM was studied. Fig-
ure 11 shows the change of Rn over time. Figure 12 
indicates its importance using the VI equation on the 
temporal variation of SM for the three different layers 
(0–5  cm, 5–10  cm, and 10–15  cm layer) monitored 
for Experiment B.

Rn was generally found to affect SM variation in 
all three layers. The results show strong evidence 
of the Rn effect in the near-surface (0–5  cm) layer, 
where Rn influences SM changes with a VI of 0.32 
for Day 1 of Experiment B and a VI of 0.36 for Day 
2 of Experiment B. SM was less affected by Rn as 
depth increased, with a VI of only 0.15 and 0.26 in 
the second layer and 0.08 and 0.17 in the third layer 

Fig. 9   The experimental and predicted SM results of the 
LSTM model without using Tsoil data for Day 2 of Experiment 
A at all four different layers

Fig. 10   The variable importance of Tsoil on SM variation at the four different layers (0–5 cm, 5–10 cm, 10–15 cm, and 15–20 cm) for 
a Day 1 of Experiment A and b Day 2 of Experiment A. Layers are indicated on the axes
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for Experiment B, respectively (Fig.  11). The above 
two analyses show that the near-surface layer (at 
0–5 cm) was most affected by the change in environ-
mental conditions (temperature for indoor and Rn for 
outdoor).

Experiment A, conducted indoors, were designed 
to isolate soil moisture (SM) variations from rapid 
ambient changes, thus enabling a controlled analysis 
of SM dynamics. Comparatively, Experiment B, con-
ducted outdoors, incorporated the net radiation (Rn) 
variable to study its influence on SM under natural 

environmental conditions. This distinction is crucial 
for understanding the model’s robustness across con-
trolled and natural settings.

3.3 � The Effect of Compaction on Soil Moisture 
Variation at the Top Layer

Since gravimetric moisture content (GMC) is inde-
pendent of material density, it is commonly used by 
field practitioners. Hence, the model development 
and subsequent analysis emphasised GMC prediction. 

Fig. 11   Variation of Rn over time in a Day 1 of Experiment B and b Day 2 of Experiment B. The red dotted lines indicate the start 
and end times of recorded data

Fig. 12   The variable importance of Rn on SM variation at three different layers (0–5 cm, 5–10 cm, and 10–15 cm) calculated for a 
Day 1 of Experiment B and b Day 2 of Experiment B. Layers are indicated on the axes
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In this section, the near-surface layer data from 
Experiment B were used, and the VMC was con-
verted to GMC using density information from NDG. 
The near-surface initial GMCs for Day 1 and Day 2 
of Experiment B were 10.2% and 3.2% GMC, respec-
tively. These two experiments provided an opportu-
nity to study the effect of temporal variation of SM 
when the initial SM was in very wet and very dry 
conditions. The LSTM model was trained and tested 
using four input parameters, including time, initial 
GMC, �b, and Rn.

Day 2 of Experiment B utilised 80% of the data for 
training and developing the LSTM model, while the 
remaining 20% was used for testing. The model dem-
onstrated an accuracy of 0.12% GMC in predicting 
SM for the last part of Day 2 of Experiment B. Con-
sequently, the same model was employed to predict 
SM for the near-surface layer in Day 1 of Experiment 
B, achieving an exceptionally high accuracy of 0.05% 
GMC (Fig. 13). Figure 14 illustrates the influence of 
all factors on SM variation. In general, the initial SM 
conditions (VI = 0.34) had the greatest impact on the 
changes in SM, followed by �b (VI = 0.29) and time 
(VI = 0.27), while Rn (VI = 0.10) had the least impact.

3.4 � Prediction of the Temporal Variation of Soil 
Moisture at Different Layers Using Long 
Short‑Term Memory Model

This section examines a condition where the GMC 
is not uniform at different depths and when the den-
sity data of the interested depths are known. The 
LSTM model was developed to predict the tempo-
ral variation of SM across layers, using just Rn and 
the initial GMC at different layers as inputs. The 
first 80% of the data from the near-surface layer 
(0–5  cm) was used for training the model, which 
achieved a high accuracy compared to experimental 
data, with an RMSE of 0.12% GMC. Subsequently, 
the developed model was tested using the remaining 
20% of the first near-surface layer (0–5 cm) data, as 
well as the entire second (5–10 cm) and third layer 
(10–15  cm) data (Fig.  15). There is strong agree-
ment between LSTM model predictions and the 
actual measurements at the three different layers, 
as shown by RMSEs of 0.12%, 0.10%, and 0.09% 
GMC for 0–5  cm, 5–10  cm, and 10–15  cm lay-
ers, respectively. This demonstrates that the LSTM 

model can be effectively used for practical pre-
diction of SM at deeper layers, utilising the near-
surface SM information obtained from the L-band 
radiometer, Rn, and the density data of the inter-
ested layers.

Fig. 13   The experimental and predicted SM results of the 
LSTM model for the near-surface layer (0–5 cm) for Day 1 of 
Experiment B (top curve, initial GMC = 10.2%) and Day 2 of 
Experiment B (bottom curve, initial GMC = 3.2%). The red 
line in the plot represents the training results obtained using 
the first 80% of the data from the near-surface layer (0–5 cm) 
in Day 2 of Experiment B. In contrast, the blue line represents 
the testing results, including the remaining 20% of the data 
from the near-surface layer of Day 2 of Experiment B and all 
the data from Day 1 of Experiment B

Fig. 14   The variable importance of different factors including 
time, Rn, initial SM content, and �

b
 on SM variation for the 

near-surface layer (0–5 cm)
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3.5 � Prediction of the Temporal Variation of Soil 
Moisture at Different Layers Using the Water 
Balance Model

Parameters for water balance model were calibrated 
by minimising the error between the observed data 
and the predicted results from the water balance 
model using the first 80% of the data from the first 
layer of Day 2 of Experiment B. The optimised 
parameters presented in Table 4. Figure 16 compares 
the experimental data and the predicted SM results 
using the water balance model for the calibration and 
evaluation periods over the three different layers for 

Day 2 of Experiment B. The RMSE values for the 
water balance model were higher than those obtained 
with the LSTM model, indicating lower prediction 
accuracy. Specifically, the RMSE values for the first, 
second, and third layers were up to 1.42%, 0.18%, and 
0.16% GMC, respectively, which are substantially 
higher than those obtained with the LSTM model (i.e. 
0.12%, 0.1%, and 0.09% GMC for the first, second, 
and third layers, respectively as indicated in Fig.  15 
and Table 5).

The lower prediction accuracy of the water bal-
ance model for the first layer can be attributed to sev-
eral reasons. This study employed the explicit time 
step formulation in the water balance model. Water 
balance models often involve various processes that 
operate at different time scales to ensure accurate 
simulation. If the time step size is not appropriately 
chosen, the model can experience numerical instabil-
ity, resulting in unrealistic outcomes. This study used 
a time step of 2 min, which may be too large for pre-
cise predictions, requiring smaller time steps.

4 � Conclusion

In road construction compaction, managing soil 
moisture (SM) is crucial. This study emphasises the 
importance of accurately estimating SM’s temporal 
and spatial variation, a key factor in achieving opti-
mal compaction when soil is either too dry or wet and 
the optimal time for dry back. A Long Short-Term 
Memory (LSTM) model has been developed to pro-
vide real-time SM information for the entire com-
pacted layer, guiding necessary adjustments such as 
additional watering or natural drying.

Key findings of the study include:

Fig. 15   The observed and predicted SM results of the LSTM 
model for the three different layers 0–5  cm, 5–10  cm, and 
10–15 cm in Day 2 of Experiment B. The red line in the plot 
represents the training results obtained using the first 80% of 
the data from the near-surface layer. In contrast, the blue line 
represents the testing results, which include the remaining 20% 
of the data from the near-surface layer (0–5 cm), as well as all 
the data from second (5–10 cm) and third (10–15 cm) layers

Table 4   Parameters 
used for three-layer water 
balance model applied to 
soil sample 2

Parameters Layer 1 Layer 2 Layer 3 Unit

Saturated hydraulic conductivity ( K
s
) 5.02 5.02 5.02 mm/h

Initial water content (VMC) 0.064 0.085 0.148 cm3/cm3 
Porosity ( ∅) 0.29 0.25 0.24 cm3/cm3 
Residual water content ( �

r
) 0.022 0.022 0.022 cm3/cm3 

b 2.103 2.103 2.103
�
a
 - air entry pressure  − 81.416  − 81.416  − 81.416 mm

Layer depth/thickness 50 50 50 mm
Depth to mid-point of layer 25 75 125 mm
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•	 The LSTM model effectively estimates SM’s tem-
poral variation using inputs like net radiation (Rn), 
initial gravimetric moisture content (GMC), depth, 
and density.

•	 It surpasses traditional water balance models in 
predicting temporal changes in SM, as demon-
strated in comparative analyses.

•	 The model enables accurate predictions of sub-
surface SM variations from near-surface observa-
tions, facilitating efficient compaction.

•	 Its utility extends to the dry back process in pave-
ment construction, which is crucial for releasing 
moisture and preventing surface issues such as 
moisture resurfacing, aggregate punch-in, and pre-
mature stiffness loss in pavements, thereby ensur-
ing pavement durability. The dry back process, 
supported by the LSTM model, is instrumental in 
maintaining pavement quality and stability.

In conclusion, the LSTM model, possibly in con-
junction with L-band radiometer technology (Nguyen 
2023; Nguyen et al. 2023; Nguyen et al. 2023), offers 
a practical, user-friendly approach for on-site SM esti-
mation to achieve Optimum Moisture Content (OMC) 
before compaction and time for optimal dry back. 
Its availability as an executable file would simplify 
implementation, requiring minimal machine learn-
ing or coding expertise, thereby making it widely 
accessible for use in construction projects. Future 
enhancements to the model, such as the integration of 
parameters like hydraulic conductivity, as discussed 
in Richard’s equation (Richards 1931), and the adop-
tion of advanced techniques for density measurement 
(Tophel et  al. 2022a, b, c, Tophel et  al. 2022a, b, c, 
Tophel 2023, Tophel et al. 2023) promise to improve 
its accuracy further and expand its applicability. To 
get the water needed for the material to reach OMC, 
in addition to measuring SM at different depths, it is 
equally important to quantify OMC accurately, which 
can be challenging due to the material variability in 
the field. Additionally, it is important to consider that 
assumptions and simplifications made in the model 
might not hold for a thick layer, such as a 5 cm thick-
ness, potentially introducing calculation errors. More-
over, the water balance model struggled to capture 
the variability in SM, particularly the wetting in the 
middle of the day. This limitation could be attributed 
to the assumptions made by the water balance model 
regarding moisture dynamics (i.e. evaporation) not 
holding or requiring adjustment when dealing with 
dry moisture conditions. To achieve better results, 
further work is required to build a more refined water 
model balance. This can be accomplished by imple-
menting key strategies such as using a smaller time 
step, a thinner layer, more accurate moisture measure-
ment, and an improved calibration process or using a 
better model such as Hydrus1D (Simunek 2005). The 
LSTM model, similar to other machine learning mod-
els, should be noted that it depends on high-quality 
training data. Despite the strong predictive perfor-
mance demonstrated by the LSTM model, certain 
limitations must be acknowledged. The model’s accu-
racy is inherently tied to the quality and representa-
tiveness of the training data. Its performance may be 
reduced when applied to soils with significantly dif-
ferent gradations, compaction behaviours, or environ-
mental conditions from those used in training. Addi-
tionally, while the model performs well under the 

Fig. 16   The observed (black dot), first 80% of the data from 
the first layer for calibrating (red line), and predicted (blue 
line) SM results of the water balance model for the three dif-
ferent layers (0–5  cm, 5–10  cm, and 10–15  cm) in Day 2 of 
Experiment B

Table 5   LSTM vs Water balance model summary

Layer (cm) LSTM RMSE (% 
GMC)

Water Balance 
RMSE (% 
GMC)

0–5 0.12 1.42
5–10 0.10 0.18
10–15 0.09 0.16
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tested field and laboratory conditions, its applicabil-
ity to other climates or soil types may require further 
calibration or retraining. Future work should expand 
the dataset to include more diverse conditions and 
explore transfer learning techniques to improve the 
model’s generalizability.
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