Electrical resistivity measurementsfor spatial soil
moistur e variability estimation

Giuseppe Calamita, Raffaele Luongo
IMAA-CNR, Contrada Santa Loja Zona Industriale 085 Tito Scalo, (Pz), Italy
DIFA, Universita della Basilicata, c.da Macchia Roma — 85100, Potenza, Italy
calamita@imaa.cnr.it

Angela Perrone, Vincenzo Lapen&abatino Piscitelli, Salvatore Straface
IMAA-CNR, Contrada Santa Loja Zona Industriale 085 Tito Scalo, (Pz), Italy

Abstract: This experimental work empirically compares tlesults obtained in soil
moisture spatial estimation performed with diffarémterpolation techniques. Three
algorithms were compared: Inverse Distance WeigbhM), Ordinary Kriging (OK)
and Co-Kriging (CoK). The data used were obtaifedugh anin-situ sampling in a
test site located in central Italy. The calibratiand the validation data set contain
respectively 40 and 133 point measurements of TGIR®oisture. The covariate used
is a data set of 533 electrical resistivity (corttity) point measurements. In terms of
prediction accuracy results show no great diffeesnioetween the performance of the
IDW and the OK methods. Quite more accurate resudt® obtained incorporating the
secondary variable information in the CoK algorithm
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1. Introduction

Being a key variable in many natural processes@ctt different spatial/temporal
scales, there is a great interest in the observaéistimation and interpretation of soil
moisture (SM) patterns. Traditionally the in-siteasurements have been performed by
using the thermo-gravimetric method and, most rigemime Domain Reflectomery
(TDR) and neutron probes. These methods can bepvecyse and accurate but they are
invasive and carry information representative oftdy small areas and volumes.
Emerging electrical resistivity (ER) method hasrbegplied in a growing number of
surveys. This technique is relatively less invasoast effective and gives information
of a larger volume of soil. Our interest is on theestigation of SM spatial variability
using different interpolation algorithms, both detistic (Inverse Distance Weight,
IDW) and geostatistical. Moreover, we would likedompare punctual soil moisture
predictions obtained by Ordinary Kriging (OK) methapplied on the poor sampled
SM variable, with those obtained through the Cagkag algorithm (CoK)
incorporating the more dense information of theoadary variable (ER).

2. Materials and M ethods

The study area is a 200m x 60m test site locatatianUmbria region (central Italy).
Simultaneous measurements of i vol/vol ] andER [Ohm*m] were acquired on the



nodes of a 5m sampling step regular grid. A mobidR probe with 15 cm wave-guide
length (MiniTrase,_Soil Moisture Equipment Corpaaj was used for the SM
measurements. A geo-resistivimeter Syscal Juni®tS(linstrument)coupled with a
Schlumberger 4-electrode device was used for thentgasurements at ~20cm of
pseudo-depth.

The focus of this work was to compare differenerpblation techniques in order to
verify the advantages of using auxiliary variabi@ssoil moisture patterns estimation.
A strong under sampling of the SM variable was qgrened Figl) as often is in real
cases. Through a completely random sampling, libraéibn data sets (40 points each)
and a validation data set (133 points) for eaclbcdlon data set were sub-sampled.
We present here the results concerning one okthedlibration data setsi(1).
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Figure 1: Relative positions of points used for the validatemd one of the calibration
data set.

Three different interpolation algorithms, IDW, OkdCoK Govaerts, 1997; Hengl,
2007, were applied to obtain SM spatial predictiondl #he interpolations and
variogram models were performed on log transformadables and then data were
back-transformed for the validation of the results.

To fit a linear model of co-regionalization unddretconstrain of having positive
definite partial sill matrices, we chose to useleal conductivity, (EC= 1/ER), values
[mS/m] because the experimental variogram lookeceramnilar to the SM one.

Two validation steps were applied: first the diffiece between predicted and measured
values (validation data set) was computed; theregaession between predicted and
measured values was conducted and residuals codnpaterms of: mean prediction
error (MPE), median, standard deviation (RMSE), mesbsolute error (MAE),
minimum and maximum value. Moreover, the Pearsaretation coefficients between
predicted and measured values of SM for each iok&tipn algorithm were estimated.

3. Results

The summary statistic§ §b.1) show that SM variability (sd and CV) is broader the
validation than for the calibration dataset. Thata values are slightly lower for the
validation than for the calibration set. The lognsformation of data was applied in
order to obtain quasi-normal pdfs.

| _____variable ______unit count Min. _1stQu. Median Mean 3rdQu. Max. __sd __ CV _skewness
sm: calibration % vol/vol 40 21,30 27,48 29,30 30,40 32,78 44,10 5,17 0,17 0,78
sm: validation % vol/vol 133 17,60 26,40 28,90 29,83 34,10 45,90 5,26 0,18 0,31

electrical conductivity mS/m 533 3,70 13,09 1690 17,96 21,69 3931 6,76 0,38 0,55

Table 1. Summary statistics of the different data sets.



The distributions of the EC, the SM validation aradibration sets are showed fing.2
along with a scatter plot of the logeEC-logSM radatfor the calibration sample.

Calibration data set Validation data set EC data set

| |
log10(SM)
155
|
L]

145
|
.
1Y)
-

Sample quantiles
Sample quantiles

Sample quantiles
06 08 10 12 14 16

01 2 -3 -1 1 3
norm quantiles

-2 -1 0 1 2 -2

norm quantiles norm quantiles log10(EC)

Figure 2: data set distributions and log(SM) vs log(EC) elation.

After having modeled the SM variogram, the OK ailfpon for spatial interpolation was

applied and the results compared with those oldatheough the IDW. The visual

comparison of the two maps (not showed) highlighted strong differences. The

general large scale patterns are similarly repredudhe OK map seemed to be
smoother and with less artifacts. The statistiapgaring the experimental errors were
only slightly better for the OK than for the IDWgakithm (Tab.2)

__ measured - predicted) ___MPE __ I Median __RMSE__ _MAE__ lquart _|lllquart Min__Max __r__
-9,99 12,16 0,54
-9,86 10,70 0,55

98 955 0,70

Table2: residual summaries between measured and prediabeés.

Once the EC spatial structure and its covariancth VM were modeled (co-
regionalization modeling) (Tab.3), a CoK map wasdoiced. The map well reproduced
the larger SM patterns and clearly showed bettéinet® SM smaller scale details
(Fig.3).

Moreover, the correlation between CoK predicted @&afidation data was sharply
higher than that for OK and IDW (0.70 vs ~0.55) #mel error statistics showed a better
performance of the CoK in modeling the SM valueso( 2.

model psill range (m)
Nug  6,45E-04
log(SM
og(SM) Exp 357603 13
N 3,00E-03
log(EC) ue
Exp  2,98E01 13
Nug  3,17E-03
log(SM)log(EC
0g(SM)log(EC) Exp  106E-02 13

Table 3: Model parameters of cross- and semi- variogramthi®log-transformed
variables



4. Concluding remarks

The comparison between different interpolation atgms in modeling the spatial SM
patterns was shown. The first comparison was detwden OK and IDW algorithms,
both accounting for the SM sampled data (40 paifitisg¢se results were compared with
that of the CoK algorithm that allowed us to incmgde the information of a more
densely sampled covariate (530 data). The validaifadhe three interpolation methods
applied was assessed using an independent vahdidia set (133 points).

The results of the validation procedure showed raoked differences between IDW
and OK performances, with the latter being jusihgly more accurate than the former.
On the other hand, the comparison in term of SMmedion revealed the major
accuracy of the CoK algorithm respect to the IDWI &K algorithms. This result
confirm the relevance that secondary variables leare in spatial modeling. Further
analysis of various issues need to be explored: $amwple size and scheme affect the
spatial predictions of the OK and CoK algorithms?dAhow interpolation algorithms
perform compared to simulations in modeling theiapaariability of the SM?
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Figure 3: CoK map (top) compared with OK map (bottom) of 8 spatial pattern in
the test site. Symbols on the map indicate thélon sampling sites.

References

Boureanne H., King D., Couturier A., Nicollaud Bvary B., Richard G., (2007).
Uncertainty assessment of soil water content dppti#terns using geostatistical
simulations: an empirical comparison of a simulatazcounting for single attribute
and a simulation accounting for secondary infororatecol ogical Modelling, 205.

Goovaerts P, (199Geostatistics for Natural Resources Evaluation, Oxford University
Press, USA

Hengl T., (2007A practical guide to geostatistical mapping, EUR 22904 EN Scientific
and Technical Research series, Office for OffidPalblications of the European
Communities, Luxemburg.

Pebesma, E.J., 2004. Multivariable geostatisticS:ithe gstat package. Computers &
Geosciences, 30: 683-691.



