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Abstract—This paper provides a cost-effective solution to Soil
Water Content (SWC) estimation at multiple root-zone depths
using Ground Penetrating Radar (GPR) and Machine Learning
(ML) based on an extensive measurement campaign conducted
at Worcester Polytechnic Institute (WPI). SWC characterization
is critical for optimal industrial farming irrigation and, in turn,
impacts water conservation and the mitigation of soil quality
degradation. Accurate prediction of the water table and SWC
of the root-zone soil is invaluable for precision farming. High-
resolution modeling of SWC at varying sub-surface depths can
potentially increase irrigation efficiency and the yield of crops
such as maize, which has a massive water footprint upwards
of 768 billion cubic meters and accounts for an estimated 5%
percent of the world’s daily calorie intake. Traditional methods
of subsurface soil characterization by subsurface probes are
invasive, costly, and labor-intensive. Our approach generates an
accurate and precise characterization of the soil water content of
loamy soil at multiple root level depths using Signal Processing
principles and ML applied to a small dataset of size 51 of real
field measurements collected between October 20th to 30th 2022.
We applied ML algorithms to the preprocessed data collected by
a Stepped Frequency Continuous Wave (SFCW) GPR signal and
extracted the most relevant features related to SWC prediction
at multiple depths. We used these extracted features to achieve
a mean absolute percentage error as low as 6% across the four
root-zone depths of our field data. This study was conducted
within the 0.4 to 2.0 GHz frequency range, and provides an
analysis of frequencies key to root-zone SWC characterization.

Index Terms—Ground Penetrating Radar, Soil Water Content,
Machine Learning

I. INTRODUCTION

As population growth continues, protecting soil quality
comes into prominence for our global ecosystem [1]-[4].
Nowadays, farmers have a key role in reducing land damage
and boosting food supply by using the right amount of water
for irrigation [5]. But, to do this effectively, we need to
know and keep track of soil conditions. Particularly, accurate
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estimation of the Soil Water Content (SWC) can solve many
challenges in farming and help protect our environment [6]—
[8]. Sensors can be used to measure the water content of the
soil or the soil’s permittivity to estimate this water content
[9]. However, these methods can be too costly for large farms
due to the expense of buying, installing, and maintaining such
sensors. This problem affects farming at all levels, so we need
different methods to monitor soil health and make precision
farming possible.

Recently, Ground Penetrating Radar (GPR) has gained in-
terest as an effective non-invasive tool capable of capturing
subsurface features, saving time and money compared to
physical measurement tools [10]. GPR has found many use-
cases, like detecting underground objects [11]-[14], identify-
ing threats [15]-[18], and specifically, estimating soil moisture
[19]-[27]. The unique and inhomogeneous composition of
the soil can greatly influence its electrical properties, which
in turn shape the reflected GPR signal in terms of speed,
attenuation, delay of propagation, and signal loss in certain
frequencies [28], [29]. Among these properties, soil moisture
is of great importance as it affects both the permittivity and
conductivity of the soil [30], [31]. Notably, the permittivity of
water is 27 times higher than that of common soil minerals,
leading to a more pronounced attenuation of the GPR signal
[32]. This factor highlights the need to carefully select the
frequency range [23], [33] which impacts the ability of GPR
to characterize SWC. To deal with this concern, for this study,
we selected a wide-band Stepped Frequency Continuous Wave
(SFCW) GPR system to collect data. Our goal was to have
a high resolution in the frequency domain and to enhance
the Signal-to-Noise Ratio (SNR), providing more accurate and
reliable readings [34].

A piece of research focusing on GPR-based SWC esti-
mation, utilizes either synthetic data [35] or data from con-
trolled laboratory environments [21], [36], [37]. In contrast,
the data for our study was collected during a measurement
campaign from 10/19/2022 to 10/23/2022 and 10/29/2022 to
10/30/2022, in Worcester, Massachusetts, in collaboration with
Worcester Polytechnic Institute (WPI) and Michigan Tech
Research Institute (MTRI). In the field, many studies apply



a technique that measures the flight time of a radar signal
reflected off markers set at specified depths. This information
is used to derive the SWC, based on the principle that the radar
signal’s velocity varies with the soil’s water content [20], [25],
[38]-[40]. However, our research takes a different approach.
This approach is more complex but more reflective of real-
world agricultural conditions, where precise depth markers
may not be available. Thus, our method provides a practical
solution for estimating SWC in real-world farming contexts.
In addition, while some studies take a physics-based approach
to characterize the dielectric properties of soil and SWC [41]-
[43], they may not suit real-world scenarios. With increasing
uncertainty of the heterogeneous subsurface, the number of
unknown parameters rises, resulting in a higher computational
cost to solve the ill-posed problem [44]. Additionally, the
solution must be recomputed every time SWC needs to be
estimated on a new soil patch. To circumvent these challenges,
we employ a data-driven supervised learning to characterize
SWC. While many studies use data-driven approaches for
estimating SWC, few have considered measuring SWC at
different depths in the root-zone [19], [22], [45]-[48]. Our
research seeks to fill this gap by focusing on layered SWC
estimation. The goal is to create a detailed map of root-
zone soil moisture for more precise irrigation practices in
industrial farming. Building on the work of [23], [33], we
also aim to identify the frequency range that provides the
most useful information for SWC estimation, using Machine
Learning (ML) algorithms that consider feature importance.

Based on the preceding discussion, the key contributions of

our research are:

o We present a data-driven method for predicting SWC at
multiple root-zone depths, particularly suited to scenarios
with limited data.

o Our approach leverages computationally efficient ML al-
gorithms. To be specific, we utilize Leave-One-Out Cross
Validation with our ML algorithms, enabling reliable
SWC estimation across four root-zone depths even with
low quantities of data.

« We identify the optimal frequency ranges for future SWC
estimation using SFCW GPR, enhancing the practical
utility of our method.

o All data used in this study (51 data points in total) are
real and were collected during a measurement campaign.

Outline of paper: In Section II we provide an overview

of the SFCW GPR transmission scheme and the supervised
learning framework used, followed by a short discussion of our
data campaign and data preprocessing methods in Section III.
In Section IV we discuss our data analysis methods. In Section
V we show the results of our analysis and discuss feature
importance. We discuss conclusions and future directions in
Section VI.

II. PRELIMINARIES AND DISCUSSION

In this study, we analyzed backscattered GPR data from
loam soil to estimate SWC at different depths. The GPR sys-
tem used an SFCW transmission waveform. For the prediction

of SWC, we formulated this task as a supervised learning
problem and employed ML algorithms on our collected GPR
data. In what follows, we will first provide a quick overview
of the necessary concepts and then present our research work.

Stepped Frequency Continuous Wave Radar: The limita-
tions of a standard pulsed radar include potential restrictions
in power and bandwidth. For this reason, we used a GPR
capable of transmitting and receiving wideband SFCW. With
a chosen frequency interval A f, the SFCW emits a waveform
over N discrete uniformly spaced pulses every At s over
bandwidth B = NAf. We can define the n'” pulse of the
SFCW, transmitted at time t,,, with a carrier frequency f. as
follows:

Sn(tn) — 2 (fatn) fo=fo+ (n —1)Af.

The duration of one entire sweep of the SFCW radar can be
calculated by T'= NAt.

For each transmitted pulse, the in-phase (real component)
and quadrature (imaginary component) samples in the fre-
quency domain were measured by the receiver to calculate the
phase shift between the received pulse and reference signal for
each frequency. For each measurement ¢, we represent a sweep
of the SFCW as the complex-valued vector S;:

Si: [81,527...,51\/].

In this work, we chose not to utilize additional processing
such as inverse discrete Fourier transform, typically used to
resolve the subsurface range profile [49]. The reason for
this choice is that the stepped frequency radar, used in our
application, inherently provides a high-frequency resolution
sufficient for SWC estimation. The SFCW’s advantage lies
in its high-resolution capabilities in the frequency domain.
The high frequency resolution of SFCW facilitates a detailed
study of the interactions between the soil channel and radar
signals across a broad bandwidth. Moreover, the SFCW radar’s
intrinsic nature effectively minimizes any radio frequency
interference. Thus, our method’s design sidesteps the need for
additional pre-processing often used to refine the subsurface
range profile.

Supervised Learning Framework: We consider the inverse
medium problem of predicting the root-zone SWC of a loam
patch from observed SFCW radar signals backscattered off the
different sub-layers. We adopt a data-driven approach to this
problem by formulating it as a supervised learning problem.
Like other supervised learning tasks, we utilize a dataset
D = {x;,y;}"™ of size n that includes predictor variables
x; and labels y;. For our particular problem, the predictor
variables x; are complex-valued received backscattered SFCW
sweeps S; for each experiment ¢. The labels y; are continuous-
valued vectors of size four, representing SWC at four different
depths for the corresponding experiment ¢. Our goal is to
predict the dependent variables y; using the observed inde-
pendent features x; from our dataset D. We formulate this as



SFCW Radar

Fig. 1: Measurement campaign setup at WPIL. A rail, holding
the SFCW GPR, is placed between two ladders, with the
GPR centrally positioned above two horizontal probe lines.
Measurements were taken at 34, 57, and 79 inches above the
ground. For each probe A;, As, Bi, Bs, C1, and Cy, SWC
was recorded at 10, 20, 30, and 40 cm depths.

a minimization problem, searching for a ML model g with
trainable parameters 6:

where the loss function ¢ quantifies the error of the prediction
§(x;,0) of the label y; for each datapoint x;. We denote the
optimal trainable 6 parameters, which minimize (1), by 6*.

III. MEASUREMENT AND DATA PREPROCESSING

Our experiment data were collected during our 2022 mea-
surement campaign at WPI, spanning from October 19th to
23rd and 29th to 30th. We used an off-the-shelf Akela radar
[50] equipped with log-periotic antennas, range gating, a
low-noise amplifier, and an SFCW transmission scheme. We
selected 4096 uniformly spaced frequencies within the 0.4 to
2.0 GHz range for our SFCW bandwidth.

We placed the radar over a loam patch, as depicted in Fig. 1,
with the rail positioned above six probes Ay, As, By, Bs, C1,
and C5. The distance between probes A;-As, B1-Bs and C-
C5 was 4 feet, while the distance between A;-B; and B;-C;
(where 7 = 1,2) was 2 feet.

As indicated in Fig. 1, the rail carrying the radar was
centrally positioned along each horizontal line of probes. We
took roughly 100 SFCW radar sweeps S; (size 4096) at three
heights (34 in, 57 in, 79 in) for each experiment ¢, while the
radar was centered between one of the probes pairs A, B, or C.
To improve the signal-to-noise ratio, we averaged the sweeps
51,549, ...,5100 for each height. Each height’s average sweeps
were then concatenated to form z; of size 12288 (4096 x 3)
for each experiment 4.

Correspondingly, at each probe location A;, As, By, Bo,
C1, and C5, we used a Dynamax PR2/4 Soil Moisture probe
[51] to record the soil moisture at depths of 10, 20, 30,

and 40 cm for each probe. We averaged the recorded SWC
accross each probe coupling at each depth, generating a vector
y; of size 4 for the designated probe couplings A, B, or
C of an experiment. In total, we performed 17 successful
measurements for each probe pair A, B, and C during the
campaign, producing a dataset of size 51, D = {z;,;}°%.

We found the best preprocessing method for the independent
feature sx; as follows: 1) concatenation of the real and
imaginary components of each x; resulting in a vector of
size 24576 (12288 x 2), and 2) centering each feature x;.
This preprocessing method led to optimal supervised learning
algorithm model performance because it preserves as much of
the original information in the data as possible. We noticed that
the downstream models ¢ achieved a much higher performance
when the variance of the independent features was preserved
by just centering the data. Feature engineering methods that
require a standard deviation of the independent features to
be unit length one, such as Z-Score Transformation, Prin-
cipal Component Analysis, and Kernel Principal Component
Analysis, did not improve the performance across models. We
believe this is because of the information lost in the variance
after the data transformations.

IV. PROPOSED DATA-DRIVEN SWC ESTIMATION

Let g represent our chosen ML model. In this study, we
explored several § candidates, including Linear Regression
(LR), Lasso Regression (Lasso), Random Forest (RF), and
XGBoost (XGB). These model candidates were selected be-
cause they are traditional ML algorithms known for their
interpretability, flexibility, and ability to handle small datasets
effectively. Lasso was particularly chosen for its capability
in sparse feature selection by its /; penalty term within its
objective function. For each g, we aimed to find the optimal
model parameters 6* that minimized the loss function ¢ of
Equation 1. For this paper, we choose ¢ to be the Root Mean
Squared Error (RMSE) as defined:

n

1

We also report the Mean Absolute Percentage Error (MAPE),
as given by:

yi — (s, 0%)

I
MAPE(y, §(x,0%)) = EZ "

i=1

'. 3)

For both equations, n is the number of data points, y; is the
SWC measurement for datapoint ¢ measured by a subsurface
probe at four depths, and § (x;, 6*) is the predicted values for
the SWC for each depth using the GPR signal x; for datapoint
1.

Parameter Search and Validation: With a relatively small
dataset of size 51, we did not feel that a traditional train-
ing/validation/test split was appropriate and took advantage of
leave-one-out cross validation. We opted to tune our hyperpa-
rameters 6 on all points but the left out point of leave one out



TABLE I: This table provides the training and test errors
of the different ML methods, averaged over all depths for
each ML model. The best observed performing model, Linear
Regression, is highlighted in bold. The test results are averaged
over the left out data point of leave-one-out cross validation
with standard error.

Model Train error Test error

RMSE RMSE \ MAPE \
Linear Regression 0 +0 1.65 £ 0.2 | 543% + 0.7
Lasso 0.005 £+ 0 1.96 +0.2 6.28% +0.7
Random Forest 1.12 £0 2.52 £.5 8.42% +0.6
XGBoost 0.62 £0 2.39 +£0.2 8.0% +1.0

TABLE II: This table gives the the test errors of the the best
performing ML methods, per depth. The results are averaged
over the left out data point of leave-one-out cross validation
with standard error.

Depth Best Model Test error

RMSE | MAPE |
10 cm | Linear Regression | 1.83 £0.25 | 7.28% =+1.01
20 cm | Linear Regression | 1.78 £0.23 | 6.12% £0.85
30 cm | Linear Regression | 1.95 £0.25 | 6.14% £0.84
40 cm XGBoost 1.03 £0.13 | 2.10% +0.25

cross validation using 5-fold cross validation [52]. This was
done to estimate the expected sample error for each model
and determine the best hyperparameters 6* which generalize
the best to unseen data. The average RMSE across all folds of
the training stage and RMSE and MAPE of the testing stage
on the left out datapoint are shown in Table I averaged across
all four probe depths. Additional results are presented in Table
II, which show the best performing model observed for each
individual probe depth.

V. RESULTS

Model Results We performed one experiment on our
dataset, determining the best § with best parameters 68* such
that we minimize Equation 1. We considered 4 different
models: Linear Regression (LR), Lasso, Random forest (RF),
and XGBoost (XGB). The test RMSE and MAPE results can
be seen for each model in Table I. The best parameters of
each model were determined by the best performing 6 for each
fold of the leave-one-out cross validation. We observe the LR
model performed the best averaged over all 4 depths with an
test RMSE of 1.65 and a test MAPE of 5.43%. For a more
detailed view of each individual probes, we highlight the best
model for each depth in Table II. The test errors, measured in
terms of RMSE and MAPE, are provided for each depth. The
best model for all depths was LR except for the depth of 40
cm, where XGB was the best model. For depths of 10 cm, 20
cm, and 30 cm, the LR model achieved RMSE values of 1.83,
1.78, and 1.95, respectively, with corresponding MAPE values
of 7.28%, 6.12%, and 6.14%. For the 40 cm probe, the XGB
model performed the best at the depth of 40 cm, achieving an
RMSE of 1.03 and a MAPE of 2.10%.

Feature Analysis In Fig. 2, we analyze the frequency im-

Lasso Frequency Selection by Soil Depths (Averaged Over 1050 Model Fits)

Probe Depth of 10 cm Probe Depth of 20 cm

Probe Depth of 30 cm Probe Depth of 40 cm

i
itf

Percentage Lasso Model Fits With Non-Zero Coeffcients

Frequency Ranges (GHz)

Fig. 2: Frequency analysis scatter plots by Lasso feature selec-
tion by depth over all 4096 SFCW frequencies. Percentage of
trials with non zero coefficients across 1050 model training
stages. We suggest to view the figure on a computer and
zoomed in.

portance of each depth using Lasso’s sparse feature selection
by its Iy penalty on the coefficients. While RF and XGB
both have a measure of feature importance, we show Lasso’s
because it performed better on average across depths as shown
in Table I. Over 1050 model training stages, we plot the
percentage of model fits where the coefficients of each feature
are non-zero. Each subplot shows the importance of a feature
for a specific depth, as labeled by each subplot title. The most
important features selected by Lasso correspond to SFCW
GPR frequencies (x-axis) with a higher percentage (y-axis)
of non-zero coefficient values across the trials.

VI. CONCLUSION

In this study, we have shown that the problem of SWC
estimation of field data can be effectively solved using a data-
driven approach. With our preprocessing method, we show that
even traditional ML algorithms, such as LR, Lasso, RF, and
XGB, can achieve relatively low errors (between 7.28% and
2.10% MAPE) across multiple soil depths. We see in all plots
of Fig. 2 by the varying percentages that frequencies close
together do not necessarily provide additional information to
Lasso and are set more often to zero coefficients. This suggests
that our data campaign may have been able to get away with
a smaller step size, N, for the SFCW. This change would
result in faster data collection and reduce the complexity
and computational cost of our SWC estimation models with
fewer features. Notably, in the bottom-right subplot of 40
cm, Lasso set many of the higher frequency features to zero
compared to the subplots of all other depths. This is expected
because higher frequencies do not provide useful information
for predicting SWC at lower depths owing to the higher
degrees of attenuation and lack of penetration at depths. We
find this very interesting, as it suggests that the model was
able to capture some GPR backscatter behaviour with just the
data. In addition to prescribing a longer data campaign, we
also suggest a lower step size N for the SFCW GPR and a
frequency range tailored for specific target depths for future
work.
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