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 A B S T R A C T

Soil moisture plays a critical role in land–atmosphere interactions. Prediction of its dynamics is still a grand 
challenge. While in-situ measurements using sensors offer highly temporally resolved and accurate information 
compared to satellite observations, existing sensor networks are sparse and scarce. Here we propose a deep 
learning model for bridging the gap between infrequent satellite observations and sparse in-situ sensor network 
to improve near-term soil moisture predictions. The Long Short-Term Memory (LSTM)-based deep learning 
model was used to forecast soil moisture dynamics using soil parameters and climatic variables (e.g. air 
temperature, relative humidity, pressure, wind speed, turbulent fluxes, solar and terrestrial waves) collected 
from a dense network of sensors in a field located in Germany in an area of about 20 hectares. The 
dynamic time-lagged cross-correlation between soil moisture and other co-located soil and climatic features 
was calculated and a set of optimal predictors for training the LSTM model was selected. To efficiently learn 
the long-term dependency of soil moisture on its historical trends and to improve the prediction capability 
of the model, we optimized the LSTM structure, hyperparameters, and the size of the sliding window based 
on the goodness of fit (𝑅2 score) of the model. We also examined the feasibility of employing the model 
developed using temporal data from one location for the prediction of soil moisture at other locations across 
the landscape. The results illustrate the robustness and efficiency of the proposed model for the spatio-temporal 
prediction of soil moisture.
Plain Language Summary

Understanding and monitoring soil moisture dynamics is crucial affecting ecosystem health, climate and 
extreme weather patterns, and the agricultural sector. However, predicting the temporal and spatial variation 
of soil moisture is challenging because of the complex interactions between the land and atmosphere. While 
soil moisture measurement with in-situ ground-based sensors provide a high level of temporal frequency in 
comparison to satellite data, the implementation of dense monitoring networks to capture spatial variability 
of soil moisture is not economically viable. To address this problem, we utilized machine learning techniques 
to predict temporal and spatial variation of soil moisture using data we measured in a field in Germany. 
The developed model was examined against the experimental data with the results illustrating that AI-based 
solutions could offer a powerful tool to predict soil moisture dynamics.
1. Introduction

Soil moisture (SM) plays a key role in land–atmosphere inter-
actions (Seneviratne et al., 2010), maintaining the sustainability of 
dryland ecosystems (Zhang et al., 2017), soil health (Lehmann et al., 
2020), soil salinity (Hassani et al., 2021) and carbon cycles via evapo-
ration and transpiration (Shokri et al., 2024; Humphrey et al., 2021; Or 
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et al., 2013; Shokri et al., 2012). Soil moisture normally exhibits a high 
degree of temporal and spatial variability pertaining to heterogeneity 
in soil characteristics, topographical features, vegetation types, land 
use patterns (Jiao et al., 2022), and meteorological conditions (Brocca 
et al., 2010). This multifactorial dependency causes major challenges 
to the prediction of soil moisture across various spatiotemporal scales 
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and to the observation of soil moisture over large areas. Thus, it is 
crucial to develop quantitative tools capable of predicting soil moisture 
variability required to establish a better understanding of the inter-
play between the environmental processes and soil moisture dynamics. 
Furthermore, accurate quantification of the spatiotemporal patterns of 
soil moisture would improve prediction accuracy of climate models 
as well as the management of extreme events such as drought and 
flooding (Seneviratne et al., 2010).

Soil moisture can be quantified through in-situ measurements, satel-
lite remote sensing, and hydrological models. Satellite remote sensing 
technologies offer great potentials to quantify SM globally as illustrated 
for example by the Soil Moisture Active Passive (SMAP) mission (En-
tekhabi et al., 2010). However, these technologies can obtain soil 
properties within the first few centimeters of the soil layer and their 
measurements are often collected at low spatial and temporal resolution 
for agricultural and engineering applications. This could be a restricting 
factor in several applications such as management of small farms, 
where high resolution data in both time and space and root-zone 
SM matter. Furthermore, there are limitations in the retrieval of the 
satellite-based SM in the regions covered with snow, ice, and dense 
vegetation (Dorigo et al., 2017). On the other hand, in-situ point mea-
surements offer higher spatiotemporal resolutions than remote sensing 
techniques. However, in-situ measurements are constrained to limited 
number of selected points and therefore spatially restricted (Brocca 
et al., 2010).

Given the limitations of the SM measurement techniques and the 
complexity of the relationship between soil moisture, other soil prop-
erties, and meteorological factors, machine learning methods can be 
used as an effective alternative approach to predict SM at high spa-
tiotemporal resolutions and reveal the correlation between SM and 
the controlling factors. In addition, with the recent developments in 
communication technologies within the internet of things (IoTs), con-
tinuous collection of large volume of streaming soil and meteorological 
data using wireless sensor technology is viable (Nagaraj et al., 2021; 
Chen and Jin, 2012). The large data streams acquired from sensors 
provides the opportunity for building data-driven predictive models 
to forecast future trends of soil moisture under different boundary 
conditions. Machine learning techniques provide a unique opportu-
nity to ‘learn’ the correlation between the soil moisture and different 
controlling factors. Several recent studies demonstrated the poten-
tials of this emerging tool in digital soil mapping and predicting soil 
spatio-temporal properties, such as soil salinity, organic carbon, bulk 
density, Cation Exchange Capacity (CEC), pH, soil texture fractions 
and coarse fragments, and soil moisture is no exception (Hengl et al., 
2017; Hassani et al., 2021, 2020). Limited studies have implemented 
data-driven models to predict both temporal and spatial variations 
in soil moisture dynamics. Teshome et al. developed a deep learn-
ing regression model for sub-hourly soil moisture prediction using 
weather and soil characteristics and compared the prediction capability 
of their model to traditional models such as eXtreme gradient boost-
ing (XGB), light gradient-boosting (LGB), cat boosting (CB), random 
forest (RF), k-nearest neighbors (kNN), and long short-term memory 
(LSTM) (Teshome et al., 2024). Acharya et al. evaluated the perfor-
mance of different models including classification and regression trees, 
random forest regression, boosted regression trees, multiple linear re-
gression, support vector regression, and artificial neural networks to 
predict soil moisture in the Red River Valley of the North using weather 
station, soil, and crop data (Acharya et al., 2021).

Given the importance of soil moisture prediction and availability of 
in-situ monitoring data, the objective of this study is to investigate the 
robustness of deep learning based approaches to forecast the temporal 
and spatial variability of soil moisture at the field scale. We aim to 
address:

1- How deep learning techniques can be employed to forecast 
soil moisture dynamics, while integrating the effects of complex in-
teractions between soil properties and meteorological factors on soil 
moisture?
2 
Fig. 1. Top: Location of soil sensors (F01-F29) and meteorological stations (1 and 2) 
located in Falkenberg, Germany for a monitoring period of 15 months (May 2021–July 
2022). Bottom: Particle size distribution of collected soil samples at the location of 29 
soil sensors.

2- To what extent the dynamic variability of soil moisture can be 
predicted using deep learning?

3- Can SM spatial variability observed in one field be predicted 
using ML models built using in-situ SM data measured only at one 
location in the same field?

To address these questions, we conducted a field campaign to 
measure in-situ soil and meteorological data for about one year in a 
field located in Germany, southeast of Berlin. We then employed a 
long short-term memory network to ‘‘learn’’ the complex relationship 
between the target soil moisture and predictor variables. In-situ soil 
data obtained at one location of the field as well as the meteorological 
data gathered at one of the climatic stations were used to generate 
the LSTM model. The model was then validated with evaluating its 
accuracy for prediction of soil moisture dynamics at other locations 
containing in-situ soil data, which were not used for building the ML 
model. The detailed description of the data, methodology, and results 
and discussion is presented in the following sections.

2. Material and methods

2.1. Study area and data acquisition

The data used in this study were collected from a field in Falken-
berg, Germany using in-situ measurements of soil and meteorological 
properties for a period of 15 months (May 2021–July 2022). Additional 
information about this field measurement which was a part of a larger 
campaign, The Field Experiment on Submesoscale Spatio-Temporal 
Variability in Lindenberg (FESSTVaL), can be found in Hohenegger 
et al. (2023) . The land cover of this field mainly consists of grass. 
The dataset related to soil properties consists of soil moisture and 
soil temperature collected from a network of 29 ground-based sensors 
in a study area of around 20,000 m2 (see Fig.  1). Soil moisture and 
temperature sensors included thermofox manufactured by Scanntronik 
located in Zorneding, Germany. Soil parameters were recorded with a 
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Fig. 2. Monthly variation of soil moisture (a) and soil temperature (b) measured in sensor F01. Hourly variation of soil moisture (c) and soil temperature (d) during day and 
night averaged over all days in a given month in sensor F01.
temporal resolution of 10 min at 5 cm depth below the soil surface. 
The sensors detect soil moisture by measuring dielectric permittivity 
through a capacitive frequency domain technique (Oates et al., 2017) 
with a frequency of 80 MHz. The permittivity measures were converted 
into soil water content using Topp’s equation (Topp et al., 1980). 
Thermofox’s temperature sensors has a high-precision capability to 
measure temperatures in the rage of −30 ◦C to +80 ◦C with a resolution 
of 0.1 ◦C. Figs. 2a and b represent monthly variation of soil moisture 
and soil temperature measured in one sensor labeled as F01. As can 
be seen, soil moisture exhibits seasonality variations with higher levels 
tending to occur in winter, mainly influenced by rainfall events. It 
can be also observed that soil temperature is negatively correlated 
with soil moisture. Fig.  2c and d displays the hourly variation of soil 
moisture and soil temperature during day and night averaged over all 
days in a given month. According to those heat maps, daily variation 
of soil temperature is sensible, while soil moisture dynamics is mainly 
noticeable at the monthly scale, reflecting the fact that variations in 
soil moisture are controlled by not only the soil-related factors but also 
by other environmental variables.

To determine the soil texture, soil samples were collected at the 
location of 29 soil sensors and analyzed their particle size distribution. 
The size of soil particles was measured using a set of sieves in the range 
of 50 μm to 2 mm. The experiments consist of mechanically vibrating 
a soil sample with a known weight for 10 min with an amplitude of 
1 mm through a set of sieves with progressively smaller mesh sizes. 
The weight of grains that remained on each sieve was then measured 
which was used to determine the particle size distributions with the 
results presented in Fig.  1. Since the soil texture is almost homogeneous 
with sandy soil as the main texture in all soil measurement stations, 
soil texture has not been considered an influential predictor affecting 
the SM in the predictive ML model built in our investigations.
3 
In addition to soil moisture and soil temperature, meteorological 
data were collected during the field experiments. The meteorological 
parameters including air temperature, air humidity, wind speed, pre-
cipitation, air pressure, global radiation, reflected radiation, thermal 
radiation, counter radiation, soil heat flux, shear stress velocity, sensi-
ble turbulent heat flux, and latent turbulent heat flux were recorded 
every 10 min. The duration of the measurements over 15 months 
provides a dataset covering a wide range of meteorological conditions 
including dry and hot seasons as well as wet and cold seasons. This 
comprehensive dataset was used for developing models based on ma-
chine learning algorithms capable of predicting SM dynamics under 
a wide range of boundary conditions. Fig.  3 represents the temporal 
evolution of soil moisture and soil temperature as well as some of the 
meteorological factors measured with the sensor F01.

2.2. Deep learning algorithm

Long short-term memory (LSTM) networks were employed to pre-
dict high-temporal resolution soil moisture. Through the LSTM al-
gorithm, we are able to capture long-term temporal dependency of 
soil moisture on the predictors. Long short-term memory (LSTM) is 
an enhanced recurrent neural network (RNN) architecture, which is 
well-suited to learning long-term dependencies in sequential data by 
using memory cells. RNNs typically suffer from the issue of vanishing 
gradients, which makes it challenging to learn the trend of long se-
quential data (Bengio et al., 1994; Hochreiter and Schmidhuber, 1997; 
Bakhshian and Romanak, 2021; Mahdaviara et al., 2022). However, 
the gating mechanism used in LSTM handles the memorizing process 
by controlling the communications among various memory units. An 
LSTM unit is composed of a memory cell (cell state) as well as input, 
output, and forgetting gates. Through this structure, a controlled flow 
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Fig. 3. Original data streams collected through one of the soil sensors (sensor F01) and meteorological station 1. Soil moisture and temperature were obtained using soil sensors 
and air temperature, relative humidity, precipitation, counter radiation, soil heat flux, and global radiation were measured using meteorological sensors.
of information is created and the forget gate decides on the information 
that needs to be discarded from the cell state. The information stored in 
the memory state 𝐶𝑡 at the time-step 𝑡 is controlled by the input gate 𝑖𝑡
and a second gate 𝐶∗

𝑡 . The forget gate 𝑓𝑡 determines the extent to which 
the information should remain in the memory cell. The output gate 𝑜𝑡
controls the information flow to be used for computing the output of 
the LSTM unit. The architecture of an LSTM unit can be described as 
follows (Gers et al., 2000; Hochreiter and Schmidhuber, 1997): 

𝑖𝑡 = 𝜎(𝑈𝑖𝑋𝑡 +𝐻𝑡−1𝑊𝑖 + 𝑏𝑖) (1)

𝑓𝑡 = 𝜎(𝑈𝑓𝑋𝑡 +𝐻𝑡−1𝑊𝑓 + 𝑏𝑓 ) (2)

𝐶∗
𝑡 = 𝑡𝑎𝑛ℎ(𝑈𝑐𝑋𝑡 +𝐻𝑡−1𝑊𝑐 + 𝑏𝑐 ) (3)

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶∗
𝑡 (4)

𝑜𝑡 = 𝜎(𝑈𝑜𝑋𝑡 +𝐻𝑡−1𝑊𝑜 + 𝑏𝑜) (5)

𝐻𝑡 = 𝑡𝑎𝑛ℎ(𝐶𝑡)⊙ 𝑜𝑡 (6)

where 𝑋𝑡 and 𝐻𝑡 represent the input and hidden states in the time 
step 𝑡, 𝜎 is the sigmoid activation function, 𝑊𝑖, 𝑊𝑓 , 𝑊𝑐 , 𝑊𝑜, 𝑈𝑖, 𝑈𝑓 , 
𝑈𝑐 , 𝑈𝑜, and 𝑏𝑖, 𝑏𝑓 , 𝑏𝑐 , 𝑏𝑜 are recurrent wights, input weights, and bias 
terms, respectively. 𝐻𝑡−1 and 𝐶𝑡−1 are the hidden and memory state 
at time-step 𝑡 − 1, respectively. ⊙ refers to point-wise multiplication. 
The activation function of the neurons in the model is sensitive to the 
range of the input data. Thus, to minimize the effect of scale disparity 
and improve the stability and performance of the ML model, the data 
was normalized using Min–Max normalization. To mitigate overfitting, 
a dropout layer was introduced within the LSTM layers by removing 
a portion of weights and reducing the interdependence between the 
network nodes (Srivastava et al., 2014). The predictive LSTM model 
was built in Python 3.9 using the deep learning tool Keras, in which 
TensorFlow was used as the backend (Géron, 2017).
4 
2.3. Model performance evaluation

To test the accuracy of the developed model, five metrics including 
root mean square error (RMSE), coefficient of determination (𝑅2), mean 
absolute error (MAE), and Kling-Gupta Efficiency (KGE) (Gupta et al., 
2009) were calculated for the training and test sets, as follows: 

𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑍𝑖 −𝑋𝑖)2 (7)

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑋𝑖 −𝑍𝑖)2
∑𝑁

𝑖=1(𝑋𝑖 − 𝜇𝑜𝑏𝑠)2
(8)

where 𝑍𝑖 denotes the predicted data stream, 𝜇𝑜𝑏𝑠 and 𝑁 are the mean 
and size of the data stream, respectively.

The KGE is defined as 
𝐾𝐺𝐸 = 1 −

√

(𝑟𝑝 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2 (9)

where 𝑟𝑝 is the Pearson’s correlation coefficient, 𝛽 is the bias ratio 
(𝜇𝑝𝑟𝑒𝑑∕𝜇𝑜𝑏𝑠), and 𝛾 is the variability ratio (𝜎𝑝𝑟𝑒𝑑∕𝜎𝑜𝑏𝑠). 𝜇𝑝𝑟𝑒𝑑 (𝜇𝑜𝑏𝑠) and 
𝜎𝑝𝑟𝑒𝑑 (𝜎𝑜𝑏𝑠) are the mean and standard deviation of the predicted 
(observed) data stream. The KGE value of an ideal forecast is 1.

The accuracy of the soil moisture values predicted by the LSTM 
model was initially evaluated using the model testing phase. The 
calibrated model for sensor F01 is then used in other locations of the 
field that contain in-situ data, which are not used for training the LSTM 
model.

2.4. Network structure characteristics and optimization

The first step for building the ML model is to optimize its architec-
ture including its hyperparameters. The hyperparameters of the LSTM 
model define the nonlinear degree of the network and thus highly affect 
the performance of the model. In order to obtain the optimal LSTM 
network structure, two search methods called grid search (GS) and 
random search were used for optimizing the hyperparameters and loss 
function (Abbasimehr et al., 2020; Reimers and Gurevych, 2017). Using 
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Fig. 4. Time-lagged correlation between soil moisture and air temperature, counter radiation, precipitation, relative humidity, soil heat flux, and global radiation. The peak of 
synchrony (minimum/maximum 𝑟𝑘) is depicted with red dashed lines.
the GS method, we optimized the batch size, epoch size, optimizer, 
and activation function. The batch size was varied from 10 to 100 
and the best-performing model architecture was achieved with a size 
of 20. When the number of training epochs is too large, the model may 
suffer from overfitting, so selecting an optimal epoch size is necessary 
to achieve a model with strong generalization ability and high perfor-
mance. The best epoch value for this dataset was found to be 48 with 
𝑅2 score used as a criterion to evaluate the prediction performance. 
Optimizers are functions used to alter the attribute of an ML model 
such as weights and learning rates to minimize the loss function. In this 
study, seven optimizers including RMSprop, SGD, AdaGrad, Adadelta, 
Adam, AdaMax, and Nadam were tested (Sun et al., 2020). Accord-
ing to the GS analysis, we found that the Adam optimizer showed 
the minimum loss function and required less computational time and 
memory usage. Another factor that was optimized was the activation 
function, which controls the data transfer between the layers and im-
poses nonlinear behavior on the deep learning network. Optimization 
was conducted by searching for the best activation function among 
SoftMax, SoftPlus, SoftSign, ReLU, tanh, sigmoid, hard-sigmoid, and 
linear functions. We found that the most optimal activation function 
for the LSTM architecture is ReLU, which showed the highest learning 
rate as a non-saturated activation function (Varshney and Singh, 2021). 
We also performed random experiments to manually tune the number 
of layers and neurons as well as the size of the train and test datasets. 
Compared to the grid search experiments, the random search was found 
to maintain a more efficient optimization of those hyperparameters 
and required less computational time (Bergstra and Bengio, 2012). It 
was found that a single-layer LSTM model with 16 neurons is the best 
architecture with the minimum loss functions.

Another hyperparameter that is required to be selected effectively is 
the lag size, which defines the number of past observations to be used 
for the prediction. The dependencies among the successive observations 
can be captured with an appropriate time-lag value. A small lag-size 
value may not transfer sufficient information, while a large value of 
time lag may increase the model complexity and even reduce its per-
formance (Surakhi et al., 2021). We manually ran different experiments 
with a varied number of lagged observations and found that a lag size 
of 8 is the best value that optimizes the performance of the model by 
generating the lowest error rate.
5 
2.5. Time-lagged correlation analysis

The changes in some of the soil and climatic parameters can take 
some time to noticeably affect soil moisture and be reflected in the 
measurements. Therefore, the time-lag effect of soil moisture response 
to other soil and climatic features was analyzed by a time-lagged 
correlation analysis. The maximum correlation and the corresponding 
lag time between the time series of soil moisture and that of other 
features were calculated. Initially, the correlation coefficients between 
the soil moisture (𝑋) and a given feature (𝑌 ) were calculated for 
different time lags as the following: 

𝑟𝑘 =
∑𝑛−𝑘

𝑖=1 (𝑋𝑖 −𝑋𝑖)(𝑌𝑖+𝑘 − 𝑌 𝑖+𝑘)
√

∑𝑛−𝑘
𝑖=1 (𝑥𝑖 −𝑋𝑖) ×

∑𝑛−𝑘
𝑖=1 (𝑌𝑖+𝑘 − 𝑌 𝑖+𝑘)

, (10)

where 𝑟𝑘 refers to the correlation coefficient between time series 𝑋
and 𝑌 ; 𝑘 is the time lag; and 𝑋 and 𝑌  are the average values of time 
series 𝑋 and 𝑌 . The sign of 𝑟𝑘 is representative of the negative and 
positive correlation between the time series. The sign of the time lag 
𝑘 defines the leader-follower relationship between the soil moisture 
and any given feature. 𝑘 = 0 represents synchronous changes in soil 
moisture and a given feature.

3. Results and discussion

3.1. Correlation analysis

The correlation coefficient and the lag time between soil moisture 
and all other soil and climatic features corresponding to the maximum 
correlation were calculated. Since the goal of the development of the 
ML model is to predict the soil moisture, the features with a negative 
time lag (𝑘) of the soil moisture response were selected for building 
the LSTM model. A negative time lag implies that changes in a given 
variable precede changes in the soil moisture. In other words, the 
input features to the LSTM model were chosen such that the response 
of the soil moisture variations were lagged behind the changes in 
those features. When calculating the time-lagged correlation between 
soil data taken from sensor F01 as well as climatic data taken from 
the meteorological station 1 (see Fig.  1), the list of features with 
negative time delay with respect to the soil moisture are found to be 
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Fig. 5. Pearson’s correlation analysis between soil moisture, air temperature, pre-
cipitation, counter radiation, relative humidity, soil heat flux, and global radiation. 
Time series were shifted in time with their respective time lags to achieve maximum 
correlation with soil moisture.

air temperature, precipitation, counter radiation, relative humidity, soil 
heat flux, and global radiation.

The time-lag correlation between the soil moisture and those fea-
tures are displayed in Fig.  4. In average, the smallest and largest 
time lag was found to correspond to the soil moisture response to 
air temperature and global radiation, respectively. According to the 
results (Fig.  4), soil moisture was affected by the changes in the soil/air 
temperature, counter radiation, and precipitation within the preceding 
3 h. While the soil moisture response to other factors (e.g. humidity, 
soil heat flux, and global radiation) occurred with longer time lags up 
to 5.16 h. As can be seen, there are negative correlations between soil 
moisture and air temperature, counter radiation, soil heat flux, and 
6 
global radiation. In contrast, the correlation between soil moisture and 
precipitation and relative humidity was found to be positive, meaning 
that soil moisture increases with any rainfall events and increase in the 
air relative humidity. To better show the cross-correlation between the 
data streams, we also performed Pearson’s correlation analysis follow-
ing a time shift of the time series, aligning them to their respective time 
lags to achieve maximum correlation with soil moisture. The heatmap 
shown in Fig.  5 displays the Pearson’s coefficient between soil moisture, 
air temperature, precipitation, counter radiation, relative humidity, soil 
heat flux, and global radiation.

3.2. Soil moisture prediction with deep learning

The point-scaled historical soil moisture data obtained from one 
sensor (F01) and the meteorological variables (i.e., air temperature, 
precipitation, relative humidity, counter radiation, soil heat flux, and 
global radiation) collected from station 1 were used for model training 
and testing. The location of sensors and the original dataset obtained 
from the sensors are shown in Figs.  1 and 3, respectively. Each individ-
ual sensor data contains 62,103 datapoints collected at 10 min intervals 
for a period of 15 months (May 2021-July 2022). Furthermore, no data 
smoothing or noise reduction was preformed on the data to conserve 
the characteristics of the real-world data. We then used 75% of the 
soil and meteorological data for the ML model training and applied 
the following 25% for testing. The train set was used to build the 
forecast model and the test set was employed to evaluate the predictive 
performance of the built model by evaluating the performance metrics. 
After the model was built and its accuracy was tested, the performance 
of the model was evaluated to predict the soil moisture dynamics in 
different locations of the field using the data collected by other 28 soil 
sensors (F02-F29). The general workflow of the deep learning model 
implementation is depicted in Fig.  6.

The forecast lead time of the original LSTM model is 10 min. 
Forecast lead time represents the time interval between the current 
moment and the predicted moment. Fig.  7 depicts soil moisture dataset 
from sensor F01 splitting into training and testing sets to build the 
LSTM model. A long sequence (75%) of soil moisture data of sensor 
F01 (shown in Fig.  7) combined with meteorological variables (i.e., air 
temperature, counter radiation, precipitation, relative humidity, soil 
Fig. 6. General workflow used to build the deep learning model.
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Fig. 7. Soil moisture data taken from sensor F01 used for training and testing the LSTM model.
Fig. 8. Comparison between the measured and predicted soil moisture of sensor F01 for different lead times (𝑡𝑙) for the test set.
heat flux, global radiation) were used to train the LSTM model. To eval-
uate the performance of the LSTM model, the predicted soil moisture 
values were compared with the reference soil moisture measurements 
for the test set (shown in Fig.  7). The close match between the forecast 
results and the ground truth values suggest that the developed model 
is capable of capturing the temporal patterns of SM for the 10 min lead 
time. The 𝑅2 and RMSE values of the test set was found to be 0.965 
and 0.004, respectively.

We further tested the prediction performance of the proposed model 
with different forecast lead times, namely, 30 min, 1 h, 3 h, 6 h, 
12 h, and 24 h, using the soil moisture data of the sensor F01 and 
meteorological variables of station 1. It was found that the developed 
model represents an excellent prediction performance for the lead time 
up to 6 h. Fig.  8 compares the agreement between the predicted and 
observed SM values throughout the test period (April 2022–July 2022) 
for different forecast lead times including 30 min, 1 h, 3 h, and 6 h. 
It was observed that the ML model is capable of preserving the overall 
trend of the SM dynamics when different lead times were taken into 
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account. However, the forecast performance slightly decreases with 
increasing forecast time (Babaeian et al., 2022; Zhang et al., 2018). 
The 𝑅2 value of the test set for the 30 min, 1-h, 3-h, and 6-h lead 
times were 0.966, 0.964, 0.941, 0.894, respectively. Our results are 
comparable with the accuracy of the models developed in previous 
studies (Li et al., 2022; Obara and Nakamura, 2022). Table  1 reports 
the model evaluation results using different metrics across different 
lead times corresponding to the test set. From the practical perspective, 
the reduced accuracy for extended lead times may limit the efficacy of 
the prediction for agricultural and environmental management appli-
cations where long-term soil moisture content is necessary. To address 
this challenge, one may need to consider approaches such as transfer 
learning and ensemble techniques to accurately predict soil moisture 
for long time frames when limited training data is available (Obara and 
Nakamura, 2022; Datta and Faroughi, 2023). 

To validate the performance of the developed LSTM model, the 
robustness of the model on prediction of soil moisture in other locations 
of the field was examined. For this purpose, we used the historical 
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Table 1
Predictive performance of the LSTM model for the test set across different lead times.
 Lag time 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝐾𝐺𝐸  
 10 min 0.9655 0.0040 0.0009 0.9560 
 30 min 0.9665 0.0039 0.0009 0.9574 
 1 hr 0.9640 0.0041 0.0010 0.9482 
 3 hr 0.9414 0.0053 0.0017 0.8815 
 6 hr 0.8938 0.0071 0.0025 0.8321 

data of soil moisture measured in sensors F02-F29 as well as the 
meteorological data as the input to the model that already built with 
the data of sensor F01. Fig.  9a depicts a cross-plot of the observed and 
predicted SM values at 28 different locations of the field when the lead-
time was considered to be 10 min. As can be seen, the forecasts are 
close to the 1:1 line with the average 𝑅2 value of 0.996, indicating 
that the LSTM model well captured the spatial variability of SM at the 
field scale. We further tested the model with different lead times on 
the prediction of SM in the locations of sensors F02-F29. The 𝑅2 value 
obtained under different scenarios is representative of the suitable 
performance of the model for projection of SM for up to 6 h (Fig.  9b). 
However, the performance of the model for up to 24 h lead time has 
been shown in Fig.  9b. As shown, the median 𝑅2 value decreased to 
0.78 when the model was employed for prediction of soil moisture 
measured across all sensors, indicating a degradation in its predictive 
performance.

3.3. Practical implications and limitations

Prediction of soil moisture may have substantial significance for 
various stakeholders involved in agriculture, land management, and 
environmental planning. For instance, a model that can predict soil 
moisture dynamics is desirable for real-time irrigation scheduling. To 
achieve this using traditional modeling approaches, a deep under-
standing of vadose zone hydrology and atmospheric boundary layer 
is required. However, machine learning methods are strong tools for 
prediction of soil moisture dynamics as they can capture complex 
nonlinear relationship between the meteorological parameters, soil 
hydraulic properties, and the soil moisture dynamics. The LSTM model 
used in this study is a robust tool for prediction of soil moisture 
dynamics by preserving the historical trends in the soil moisture and 
climatic data. To optimize irrigation timing and volume in response to 
crop water needs, prediction of soil moisture dynamics is desirable for 
real-time irrigation scheduling. The model developed in this study is 
robust enough to provide short-term (one day ahead) prediction of soil 
moisture for independent sites in a large field that were not used in 
the model training. It is applicable to a case where the soil moisture 
needs to be predicted for irrigation purposes in a new site for which 
historical data to train an ML model is not available. Using a model 
already generated with historical data from another site, the prediction 
can be achieved with using the soil and climatic variables of the new 
site as inputs to the model. Prediction capability of the model for a 
rage of lead times has applications in a variety of practical agricultural 
scenarios. Short lead time predictions are applicable to real-time and 
high-frequency control in agricultural systems. However, longer lead 
time predictions can support tactical decision-making actions such as 
irrigation planning and equipment scheduling.

The developed LSTM model can be employed for real-time predic-
tion of soil moisture in an area with a soil type similar to the location 
examined in this study. To improve the learning process in a long-
term application and to adapt to new patterns of data stream and new 
soil and vegetation type, the deep learning model should be retrained 
periodically as new data are being acquired from sensors. Retraining 
should be determined by regularly evaluating the model’s performance 
and considering factors that could affect its accuracy. According to the 
current study, feeding 1-year soil moisture and atmospheric data to 
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Fig. 9. (a) Scatter plot of measured and predicted soil moisture at different locations 
of the field, where sensors F02-F29 are located. Data covers the time period of May 
2021–July 2022. The prediction lead time is 10 min. (b) Violin plots representing 
the variation of the prediction accuracy (𝑅2 score) of the LSTM model used for the 
prediction of soil moisture at locations of sensors F02-F29 with different lead times.

the developed model for training is sufficient for the specific sensors 
deployed in the area of study, meaning that retraining the model may 
not be needed within one year. However, the training frequency should 
be determined according to the nature of the data streams, soil type, 
and land cover.

Forecasting soil moisture dynamics in response to precipitation 
events poses a challenge to LSTM-based models, especially when such 
events are underrepresented in the training data. While the devel-
oped model presents stronger performance during recession periods, 
it still provides satisfactory predictions during the precipitation events 
with capturing the overall trend and timing of soil moisture response. 
Despite the prediction limitations, the current model offers valuable 
predictive capability for operational lead times. Future studies could 
involve utilizing a training dataset with high-density rainfall events 
and incorporating features such as cumulative rainfall. Moreover, inte-
grating physical constraints or attention-based architectures may help 
better capture the rapid dynamics. Li et al. (2019).

4. Conclusions

A deep learning neural network model based on LSTM networks 
and grid search (GS) optimization is proposed to predict field-scale 
soil moisture dynamics. The GS algorithm was used to optimize the 
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LSTM hyperparameters to improve the ability to learn data sequence 
features. To evaluate the performance of the proposed framework, 
we carried out more than a year long field-scale experiment in an 
area of approximately 20 hectare to measure a wide range of soil 
and climatic parameters. With its richness and granularity, this dataset 
was a valuable asset for training the ML model and instrumental to 
illustrate how the performance of the LSTM model’s prediction changes 
at various forecast lead times. The measured data were used to develop 
quantitative models capable of predicting soil moisture dynamics in the 
field.

We demonstrated that a model trained using data collected from 
a single sensor in the field was capable of accurately predicting soil 
moisture dynamics across the entire field, with an impressive average 
𝑅2 value of 0.996 for a 10 min lead-time. This presents an excellent 
opportunity to reduce the need for extensive fieldwork for data col-
lection in relatively homogeneous fields, resulting in notable savings 
of resources. To further this research, one could test the proposed 
methodology on broader areas, potentially utilizing data from satellite 
remote sensing. Therefore, the proposed methodology has the potential 
to significantly change the way soil moisture is monitored, leading 
to more efficient and effective farming practices and contribute to 
topics such as soil health and precision farming. Implementing such 
an approach to predict soil moisture dynamics on much larger scales 
would be a logical next step for this research.
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