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Open field soil moisture measurementswith Radar
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Abstract: -As reported in [1], the Material CharacteristicsArequency Domain coupled with a 2 layer
feed-forward Neural Network, MCFD/NN, has been ssstully applied to soil moisture determination.
The results were obtained under controlled laboyatmnditions. Extension to open field soil moigtur

determination has been reported in [2] and it wesvs that

the MCFD/NN approach gives accurate tesul

under an uncontrolled environment. In the presesearch, open field soil moisture determinatioretam
the MCFD/NN algorithm is further explored with dathtained from a four-day campaign at the Universit

of Puerto Rico Mayaguez Campus’ baseball field.
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1 Introduction

The use of GPR to obtain accurate soil moisture
information has received increasing attention i plast
few years due to the necessity of probing the isoa
time-efficient, non-invasive manner to aid in a ®id
variety of applications, such as precision agrigelt
programs, weather prediction, among others. Differe
technigues have been used [3] such as ground wave
techniques [4], and [5]. The drawback of this tegha

is the need to operate in bi-static mode and & reift
transmitter-receiver offsets, which makes the pssce
time-inefficient. Another technique that has besadiis

the surface reflectivity method, [6], but this hasly
produced good results under very controlled laloyat
conditions since it depends on the amplitude of the
received signal to calculate the reflection coédfit.
Electromagnetic inversion has recently gained much
attention due to its capabilities to obtain vergwaate
estimates of the subsurface dielectric parameters,
relative permittivity, conductivity, which in turoan be
converted to moisture content. Such inversion nagho
are based on solving Maxwell's equations either in
differential or integral form. An important contution

in this area can be found in [7].

As stated in the authors previous work [2],eegsh
efforts have been concentrated on open field soil
moisture determination using the MCFD/NN approach
[1]. The accurate determination of soil

Soil MoastNeural Network

moisture out of laboratory conditions is complichtey
different factors that contaminate the data and arthle
task that much difficult. These factors are, butlimoited
to,

1. The soil under investigation not being homogeneous
— this may be the most important factor affecting t
accuracy of the estimated soil moisture since the
dielectric properties of the soil can vary drasdhca
within the small area illuminated by the GPR. This
may result in discrepancies between GPR
determined moisture and Theta Probe readings.

Effects of grass and non-soil items — An open field
will undoubtedly have grass and other non-soil gem
(clutter). The former can make the Theta Probe
reading completely inaccurate and wijreatly
contaminate the GPR data, while the latter will
mask the response of the soil, making it difficult
to obtain accurate soil moisture.

The first factor we cannot control, while inaccleascdue
to the second factor can be reduced with novelgasing
techniques.
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The remainder of the paper will be concentrated on
analyzing the results obtained from data that was
collected during a 4-day field campaign at the bale
field located at the UPRM campus.

2 Material Characteristics in Frequency
Domain/Neural Network (M CFD/NN)

The approach of obtaining the frequency charadiesis
of a material coupled with a 2 layer feed-forwardukal
Network was proposed in [1] as a tool to obtain tiype
and moisture content of the soil illuminated by GER.

A brief mention will be given here to make the papalf-
contained; the reader is referred to [1] for furttietails.

The frequency characteristics of the soil under
observation are obtained by considering the behafio
the soil as linear and using the well known resdm
linear systems theory, if we consider the systems
representation of figure 1, we obtain (1) and Ejuation

(2) is referred to as the MCFD.
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Fig. 1 System Representation
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3 Site Description and Data Collection

Data was collected during four days at the UPRM
baseball field, precisely, inside the diamond arEae
first two days date back to February and March @352
while the last two days of measurements were taken
September of 2005.

During the span of this period, field conditionsanged
drastically. A total of 50 measurement points scetd
around the field were used in this study. Soll
moisture content valuesbtained during the campaign
ranged from 6% to 37%.

Table | organizes the total number of measuremignts
their respective range of moisture content as teadc
Theta Probe.

Moisture Range Distribution of Measurement Points \

Number of
Measurements

Moisture
Percent Range

5% - 9% 15

10% - 15% 20

16% - 20%

21% - 25%

26% - 30%

31% - 35%

36% - 40% 1

Total Number of

Measurement Points S0

Tablel

4 Data processing and Analysis

The data collected during the campaign was sulijetcte
the MCFD/NN algorithm of [1], and [2]. Training tie
Neural Network proceeded as to obtain the bestilpless
configuration as follows; the training set is preeel, and
after training has converged the validation s@résented
to assess the network’s capability to generalizehé
validation set error is greater than or equal toneso
threshold,a, a neuron is added to the hidden layer, all
weights are re-initialized and the network is teainwith
this new configuration. When the error in the validn
set goes below, thena is reduced by an amour®, and
the network is saved as the best network so fas. Th
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ensures that after training finished, the best network these readings was used as target value. Onlydimésp
will have been saved. The described training procedure i where the Theta Probe readings varied by thsg14%
depicted in figure 2 in the form of a flowchart. were used (see table 1), moreover, only the povhire
the Theta Probe readings varied by less than 3% wer
considered for training the NN. After having
decided which data points were of acceptable guadlie
MCFD/NN algorithm was run on these data points. The
( startTraining ) results of open field soil moisture determinatiore a
A 4

presented in figure 3.
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0 10 20 30 40 50

Increment number of hidden
neurons, re-initialize weights

o
P End of training
epochs

Y Theta Probe Read
:: _ Fig. 3 Open Field Soil Moisture Determination
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Fig. 2 NN Training Process

5 Analysisof Results
) o Figure 3 presents the results of soil moisture
Due to the inhomogeneous nature of the soil N an yetermination obtained under uncontrolled, opend fie

uncontrolled environment, such as an open fieléreth ., itions using the MCFD/NN algorithm developed in
can be sharp dielectric contrasts within a smahaBuch [1]. The field conditons were characterized by

contrast is observed in the readings obtained &yTtieta i omogeneities under the footprint of the GPR, and
meter when probing the area illuminated by the GIRR; ¢ ter, e.g. rocks and other items. The soil cleainjom

order to measure true soil moisture that is to eduas having no grass to an almost outgrowth field by ehe

target values in the NN trainjng. To alleviate this ¢ ihe campaign. Soil inhomogenetities are represehy
problem, three Theta Probe readings were takenrdhde ..o pars in figure 2, where the size of the ebars

GaITRe Eotprint at each measurement point. The median;,qicate the variations in the Theta Probe readimgter
valu
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the area illuminated by the GPR. Measurement pdiiatis
exhibit large errors are attributed to areas thatew
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severelycluttered by grass and may have caused the[l] Hamed Parsiani, Maritza Torres, Pedro Rodriguez

Theta Probe to give inaccurate readings, whichum t
affect the results obtained by the GPR, since tbthod

of Neural Network requires target values to acalyat
match the actual soil moisture. Figure 4 shows d@%5
moisture measurement point, this point is circledigure

3 and it is noted that it had the largest erroalbfpoints
that were used to test the NN. Such large errorkman
justified by noting that the Theta Probe can give
inaccurate results under such cluttered conditions.
Similarly, other points in figure 3 where thereaidarge
error can be justified with the same argument.
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Fig 4. Point circled in figure 3

6 Conclusions and Future Work

It has been shown that open field soil moisture
determination is possible under severely cluttered
conditions. Large errors can be attributed to

inhomogeneous and grassy areas under the fooipfrint
the GPR, which result in unrealistic Theta Protzaliegs,
thus introducing additional errors to the Neuratvdek
output.

Future work for the authors include developmeht
efficient algorithms to reduce the effect of clutte.g.
grass, rocks, etc. in the determination of opeld fsil
moisture.

Also, preliminary work is being done with the gadi
estimating the relative permittivity, in order tbtain soil
moisture, through the development of an electroratign
inversion scheme.

Material Characteristics in Fourier Domain (MCFD)
formulation, a signature to determine soil type,jshoe,
and vegetation health, based on multilayer ground
penetrating radar reflection”. Proceedings of IABTEIP
2004, Aug. 23-25, 2004, Hawaii.

[2] Hamed Parsiani, Enrico Mattei, Allen Lizarraga,
Mairim Ramos, “ Soil Moisture Determination Based o
MCFD/NN-GUI Algorithm Using Wide Band Images of
Land”. Proceedings of IASTED SIP, 2005, Hawaii.

[3] Huisman, J. A., Hubbard, S. S., Redman, J. D.,
Annan, A. P., *“Measuring Soil Water Content with
Ground Penetrating Radar: A Review”, Vadose Zone
Journal 2:476-491, 2003.

[4] Grote,K.,S.S. Hubbard, and Y. Rubin. 2003. t&ie
scale estimation of volumetric water content usBigR
ground wave techniques”. Wat. Resour.Res.

[5] S.S. Hubbard ,Grote,K.,, and Y. Rubin. 2002.
“Mapping the volumetric water content of a Califian
vineyard using high-frequency GPR ground wave data”
Leading Edge Explor. 21:552-559

[6] G. Serbin, D. Or, “Ground-Penetrating Radar
Measurement of Soil Water Content Dynamics Using a
Suspended Horn Antenna” IEEE Trans. Geosci Remote
Sensing, vol. 42, NO.8, August 2004

[7] Lambot, S., “Hydrogeophysical characterizatan
soil using ground penetrating radar” PhD Thesis,
Université catholique de Louvain, November 2003

Acknowledgement

The authors extend their appreciations to the auapp
given by the joint NOAA-CREST and NASA-URC,
grant numbers NCC5-252 and NA17AE1625,
respectively.



