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a b s t r a c t 

Soil moisture is a key parameter which governs the soil water balance and affects hydrologic processes such 

as water infiltration and evapotranspiration. These processes are critical in several fields related to water re- 

sources including precision agriculture and drought management. As such, increasing attention is paid to field 

estimation of soil moisture. Indirect methods are generally preferred as they are non-destructive and measures 

can be detected almost continuously in time. Among indirect methods, here we focus on wireless underground 

communication networks (WUCNs) which is a promising technique based on the transmission of radio waves to 

a buried collector. From measurements of the electromagnetic loss, and based on either single path or two-path 

models, information on soil moisture can be retrieved. In this context, we perform global sensitivity analysis 

(GSA) to investigate how parametric uncertainty associated with soil texture, plagues soil moisture predictions. 

This is critical to identify which texture parameters require accurate estimation to narrow the uncertainty associ- 

ated with predictions in practical applications. In particular, we study the influence of porosity and of sand and 

clay contents and found significantly different results for diverse soil types, thus suggesting the importance of a 

preliminary GSA to guide the design of measurement campaigns on field. 
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. Introduction 

.1. Wireless underground communication networks 

Soil moisture is a key quantity in the field of drought management

nd to close the soil water balance in hydrologic modeling. It also plays

 critical role in precision agriculture for enabling flexible and smart irri-

ation strategies (e.g., Ahmad et al., 2018; Huang et al., 2017; Martnez-

ernndez et al., 2015; Moghadas et al., 2017; Narasimhan and Srini-

asan, 2005; Sheffield and Wood, 2008 ). 

Soil moisture can be measured directly through the gravimetric

ethod, which is however a destructive time-consuming approach, dif-

cult to use in practical applications. Due to these limitations, several

ndirect methods have been developed to provide a measure of an-

ther quantity that can be related to soil moisture through physically

ased and empirical equations. A widely used technology, focused on di-

lectric measurements, is time domain reflectometry (TDR), which has

hown to be more accurate and economical if compared to frequency

omain reflectometry (FDR). However, both these technologies provide

ocal scale (single point) measures. In order to move towards field scale

easures one may resort to geophysical methods such as ground pene-

rating radar (GPR), that is however an expensive technology, or elec-
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rical resistivity measurements, with the disadvantage that data acqui-

ition is periodic or requires regular field surveys (for more details on

ndirect methods see e.g. Bittelli, 2011 ; Dobriyal et al., 2012, and refer-

nces therein) . 

In this context, a recent and promising monitoring technique con-

ists (in the basic configuration) of two radio transceivers (hereinafter

enoted as devices), buried underground, that can exchange signals and

ake possible to provide indirect estimates of soil moisture without the

eed for an ad hoc device, based on the idea that radio waves propagate

hrough the soil with a loss rate which depends on the volumetric water

ontent (e.g., Akyildiz and Stuntebeck, 2006; Akyildiz et al., 2009; Dong

t al., 2013; Vuran and Silva, 2009 , and references therein). In addition,

his approach provides an average estimate over the transmission vol-

me instead of a single point measure. Soil moisture is measured locally

nd then transmitted by the receiving node to a surface gateway. The

atter will forward data to the Internet through, e.g., a UAV repeater fly-

ng above the area. Measuring soil moisture at 30–100 cm depth through

evices connected to the Internet may provide critical real time infor-

ation for several applications. 

LoRa is a novel wireless technology for the IoT (Internet of Things)

ven much more robust to power losses than its predecessors. LoRa op-

rates on ISM bands that are available in the world on a Region and
er 2018 
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Fig. 1. Possible configurations of WUCNs. In the left panel a single path transmission is depicted, while in the right panel a two-path transmission mechanism is 

shown due to the reflection produced by the ground surface. 
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ountry-level basis. In ITU Region 1, including Europe, the 863 MHz–

70 MHz frequency range can be used by LoRa devices. However, in

ountries like Italy, the availability of the band is limited to the range

68–870 MHz. In Region 2 (Americas), the available frequency range is

02 MHz–928 MHz. From the viewpoint of the underground propaga-

ion channel, it is expected that no major differences are found between

hese options. The LoRa technology can provide successful detection of

ata pockets suffering a power loss of up to 151 dB, when very low data

ates are needed. Theoretically, such margin to loss enables to link zones

f up to 10 m underground, depending on soil texture and moisture, and

he antenna type. 

.2. Mathematical foundation 

EM wave propagation in soil can be described with a link budget

ased on the Friis equation with an additional term accounting for the

ttenuation induced by the soil with respect to free space propagation

e.g. Li et al., 2007 , and references therein). The power of the received

ignal, P r [ dB ], is computed as follows: 

 𝑟 = 𝑃 𝑡 + 𝐺 𝑟 + 𝐺 𝑡 − 𝐿 0 − 𝐿 𝑠 (1)

here P t [ dB ] is the transmitted power, G r [ dB ] and G t [ dB ] are the

ains of the receiver and transmitter antennae respectively, L 0 [ dB ] is

he path loss in free space and L s [ dB ] the additional path loss due to

he soil. These losses are given by: 

 0 = 20 log ( 4 𝜋𝑑∕ 𝜆) , (2)

 𝑠 = 𝐿 𝛽 + 𝐿 𝛼 = 20 log 
(
𝜆0 ∕ 𝜆

)
+ 𝑒 2 𝛼𝑑 , (3)

here d [ m ] is the distance between devices, L 𝛽 [ dB ] is due to the dif-

erence of signal wavelength in soil, 𝜆 = 2 𝜋∕ 𝛽, with respect to the same

n free space, 𝜆0 = 𝑐∕ 𝑓, with 𝛽 [ rad / m ] the phase shifting constant and

 [ Hz ] the operating frequency; L 𝛼 [ dB ] is the transmission loss caused

y attenuation with attenuation constant 𝛼 [1/ m ]. 

Both 𝛼 and 𝛽 depend on the dielectric properties of soil: the per-

eability, 𝜇 [ H / m ], the conductivity, 𝜎 [ S / m ], and the permittivity, 𝜀

 F / m ]. Let’s consider the Helmholtz equations (written in terms of pha-

or vector equations): 

 

2 𝐸 𝑠 − 𝛾2 𝐸 𝑠 = 0 ∇ 

2 𝐻 𝑠 − 𝛾2 𝐻 𝑠 = 0 , (4)

here E s is the phasor vector associated with the electric field E

 V / m ] through the relationship 𝜕 𝐸∕ 𝜕 𝑡 = 𝑖𝜔𝐸 𝑠 ; the same holds for H s

hich is the phasor vector associated with the magnetic field H [ A / m ]

 Balanis, 2012 ). 

In (4) , 𝛾 is the propagation constant, which is defined as follows 

= 

√
𝑖𝜔𝜇( 𝜎 + 𝑖𝜔𝜀 ) , (5)
132 
here 𝜔 [ rad / s ] is the angular frequency ( 𝜔 = 2 𝜋𝑓 ) . By imposing 𝛾 =
+ 𝑖𝛽, from (5) , it is possible to derive the following expressions for 𝛼

nd 𝛽 as functions of the dielectric soil properties: 

, 𝛽 = 𝜔 

√ √ √ √ 

𝜇𝜀 

2 

[ √ 

1 + 

(
𝜎

𝜔𝜀 

)2 
∓ 1 

] 

. (6)

.3. Impact of soil texture on measurements 

Given that the soil consists in a multiphase medium of air, water

both bound and free) and bulk soil, EM wave propagation is generally

acilitated in case of low soil density and high porosity combined with

ow water contents, as the rate of air presence is larger under these con-

itions. The volumetric moisture content provides a critical contribution

o the EM wave attenuation. It includes information about the presence

f bound and free water at a time; soil texture analysis, and specifically

he quantity of clay in the soil, allows one to distinguish among these

wo contributions. 

Frequency also affects the dielectric constants. The range of frequen-

ies used in practical applications is 0.3–1 GHz, which is associated with

easonable dielectric constants for wireless communication and feasible

izes of the antenna. 

From a geometrical point of view, the distance between devices also

lays a role as well as the burial depth; in case of low depths under-

round (generally < 0.3–0.5 m) the ground surface produces a reflec-

ion/refraction effect which has to be considered. In this case, the re-

eived signal consists of two components: a direct path from the trans-

itter to the receiver and a reflecting path due to the ground surface;

 two-path model has to be preferred in this case with respect to the

ingle path conceptualization (see Fig. 1 ). 

The path loss increases with frequency and distance between devices,

nd is affected by soil moisture and texture in turn. If one uses WUCNs

o estimate soil moisture, it is critical to perform preliminary analysis

o properly design measurement campaigns under specific field condi-

ions. In particular, it is relevant to identify the influence of soil texture

arameters on path loss values, given the uncertainty which typically

haracterizes the subsurface environment and specifically the vadose

one (e.g., Assouline et al., 2017; Brandhorst et al., 2017; Tartakovsky,

013 ). 

As such, in this paper we perform a variance-based GSA, through

he computation of the Sobol’ indices ( Sobol’, 1993; 2001 ), to provide

n insight in how to reduce predictive uncertainty and properly adopt

his monitoring approach in practical applications. To perform GSA,

e resort to the equations introduced in Section 1.2 and to a semi-

mpirical model suggested by Peplinski et al. (1995) , which provides ex-

ressions for the dielectric properties of soils as function of soil porosity,

nd clay and sand percentages, in the range 0.3–1.3GHz. The resulting

athematical framework is then reduced by means of an efficient com-

utational algorithm based on the Polynomial Chaos Expansion (PCE)
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Fig. 2. Single path model: variations of S n , S S , S C in case of clay-loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) and 

0.5 (the highest), with a constant step of 0.05. 

Fig. 3. Single path model: variations of S n , S S , S C in case of loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) and 0.5 

(the highest), with a constant step of 0.05. 
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echnique ( Ghanem and Spanos, 1991; Sudret, 2008; Wiener, 1938 ).

ith this method, we approximate the response surface, which is the

ath loss for diverse values of soil moisture and operating frequency,

n the random parameter space given by the joint pdf of the uncertain

exture parameters. 

This paper is arranged as follows. In Section 2 , we present the math-

matical model and its PCE-based reduction for the purposes of GSA. In

ection 3 , we provide maps of GSA metrics in the parameter space, with

 focus on three soil types, namely clay-loam(CL), loam (L) and sandy-

oam (SL), and on an operating frequency of either 𝑓 = 0 . 868 GHz (LoRa)

r 𝑓 = 0 . 433 GHz (ISM band); a discussion on practical implications of

ur results is also provided in this Section. Major conclusions drawn

rom our study are presented in Section 4 . 

. Material and methods 

.1. Equations 

We start considering a single path model to study EM wave propa-

ation through the soil at high burial depths (typically > 0.5m). In this

ase, from (2) to (3) , it is possible to represent the overall path loss, L p ,

n dB as follows ( Vuran and Silva, 2009 ): 

 𝑝 = 𝐿 0 + 𝐿 𝑠 = 6 . 4 + 20 log 𝑑 + 20 log 𝛽 + 8 . 69 𝛼𝑑. (7)

ased on (5) and introducing the complex permittivity of the medium

 𝑐 = 𝜀 

[
1 − 𝑖 

(
𝜎

𝜔𝜀 

)]
= 𝜀 ′ − 𝑖𝜀 ′′ (both 𝜀 ′ and 𝜀 ′′ are in F / m ), constants 𝛼 and

can be rewritten as 

, 𝛽 = 𝜔 

√ √ √ √ √ 

𝜇𝜀 ′

2 

⎡ ⎢ ⎢ ⎣ 
√ 

1 + 

(
𝜀 ′′

𝜀 ′

)2 
∓ 1 

⎤ ⎥ ⎥ ⎦ . (8)

We resort to the semi-empirical model proposed by

eplinski et al. (1995) which provides expressions for 𝜀 ′ and 𝜀 ′′
133 
s 

 

′ = 1 . 15 
[ 
1 + 

𝜌𝑏 

𝜌𝑠 

(
𝜀 𝛼

′
𝑠 
− 1 

)
+ 𝑚 

𝛽′
𝑣 

(
𝜀 ′
𝑓𝑤 

)𝛼′
− 𝑚 𝑣 

] 1 
𝛼′

− 0 . 68 , (9)

 

′′ = 

[ 
𝑚 

𝛽′′
𝑣 

(
𝜀 ′′
𝑓𝑤 

)𝛼′] 1 𝛼′
, (10)

here m v [ − ] is the volumetric moisture content, 𝜌𝑠 = 2 . 66 g∕cm 

3 is

he specific density of solid soil particles, and 𝜌𝑏 = 𝜌𝑠 ( 1 − 𝑛 ) is the

ulk density, with n [ − ] the soil porosity; 𝛼′ = 0 . 65 and 𝜀 𝑠 = 4 . 7 F/m

 which is the soil solid permittivity, are empirically determined con-

tants ( Dobson et al., 1985 ), while 𝛽′ and 𝛽′′ are empirically determined

s functions of soil texture based on mass fractions of sand ( 𝑆 = sand

ass / total dry mass) and clay ( 𝐶 = clay mass / total dry mass): 𝛽′ =
 . 2748 − 0 . 519 𝑆 − 0 . 152 𝐶, 𝛽′′ = 1 . 33797 − 0 . 603 𝑆 − 0 . 166 𝐶. The quanti-

ies 𝜀 ′
𝑓𝑤 

[ F / m ] and 𝜀 ′′
𝑓𝑤 

[ F / m ] are the real and imaginary parts of the

elative dielectric constant of free water given by 

 

′
𝑓𝑤 

= 𝜀 𝑤 ∞ + 

𝜀 𝑤 0 − 𝜀 𝑤 ∞

1 + 

(
2 𝜋𝑓𝜏𝑤 

)2 , (11)

 

′′
𝑓𝑤 

= 

2 𝜋𝑓𝜏𝑤 
(
𝜀 𝑤 0 − 𝜀 𝑤 ∞

)
1 + 

(
2 𝜋𝑓𝜏𝑤 

)2 + 

𝜎𝑒𝑓𝑓 
(
𝜌𝑠 − 𝜌𝑏 

)
2 𝜋𝑓𝜀 0 𝜌𝑠 𝑚 𝑣 

, (12)

here f [ Hz ] is the frequency, 𝜏w [ s ] is the relaxation time for wa-

er, 𝜀 𝑤 0 = 80 . 1 F/m (at20°C) is the static dielectric constant for water,

 𝑤 ∞ = 4 . 9 F/m is the high-frequency limit of 𝜀 ′
𝑓𝑤 
, and 𝜀 0 [ F / m ] is the

ermittivity of free space. Peplinski et al. (1995) provide a value of

 . 58 × 10 −10 s for the product 2 𝜋𝜏w and define, for a range of low fre-

uencies [0.3÷1GHz], an empirical equation to estimate the effective

onductivity [ S / m ]: 𝜎𝑒𝑓𝑓 = 0 . 0467 + 0 . 2204 𝜌𝑏 − 0 . 4111 𝑆 + 0 . 6614 . 
In case of devices buried in proximity of the ground surface, we need

o consider a two-path model to account for the reflection effect on the
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Fig. 4. Single path model: variations of S n , S S , S C in case of sandy-loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) 

and 0.5 (the highest), with a constant step of 0.05. 

Fig. 5. Single path model: maps of variance in case of clay-loam (CL), loam (L) and sandy-loam (SL) in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v 

between 0.05 (the lowest) and 0.5 (the highest), with a constant step of 0.05. 
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Table 1 

Statistical distributions (PDFs) and properties (mean, ⟨ · ⟩, and stan- 

dard deviation, 𝜎) of the uncertain model parameters. 

Parameter PDF Clay-loam Loam Sandy-loam 

n Normal ⟨𝑛 ⟩ = 0 . 41 ⟨𝑛 ⟩ = 0 . 43 ⟨𝑛 ⟩ = 0 . 41 
𝜎𝑛 = 0 . 09 𝜎𝑛 = 0 . 10 𝜎𝑛 = 0 . 09 

S Lognormal ⟨𝑆⟩ = 29 . 8 ⟨𝑆⟩ = 40 ⟨𝑆⟩ = 63 . 4 
𝜎𝑆 = 5 . 9 𝜎𝑆 = 6 . 5 𝜎𝑆 = 7 . 9 

C Lognormal ⟨𝐶⟩ = 32 . 6 ⟨𝐶⟩ = 19 . 7 ⟨𝐶⟩ = 11 . 1 
𝜎𝐶 = 3 . 7 𝜎𝐶 = 5 . 2 𝜎𝐶 = 4 . 8 

c
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w  

Ψ  

C  

m  

d  

v

𝜎

w  

H

 

a  

2

 

p  

a  
nderground signal propagation ( Li et al., 2007 ). In this case, the total

ath loss is defined in dB as 

 𝑓 = 𝐿 𝑝 − 𝑉 𝑑𝐵 , (13)

here 𝑉 𝑑𝐵 = 10 𝑙𝑜𝑔𝑉 2 [ dB ] is the attenuation factor due to the second

ath, and 𝑉 2 = 1 + 

(
Γ𝑒 − 𝛼Δ𝑟 

)2 − 2Γ𝑒 − 𝛼Δ𝑟 𝑐𝑜𝑠 ( 𝜋 − 𝜙 + 2 𝜋∕ 𝜆Δ𝑟 ) ; Δ𝑟 = 𝑟 − 𝑑

 m ] is the difference between the two paths, Γ and 𝜙 the amplitude

nd phase angle of the reflection coefficients at the reflection point

 Vuran and Silva, 2009 ). 

.2. Global sensitivity analysis 

Most sensitivity analyses in literature are still local or one parameter

t a time, thus relying on the assumptions of model linearity and additiv-

ty ( Ferretti et al., 2016 ). Here, we employ a global approach to perform

ensitivity analysis in order to overcome these limits and explore simul-

aneously the full range of variation of key texture parameters. In this

ay, it is possible to: (i) handle interaction effects among input uncer-

ainties and (ii) clearly identify how uncertainty in the output of a model

an be apportioned to different sources of uncertainty in input. Among

lobal approaches, we resort to widely used variance-based metrics, the

obol’ indices, which pinpoints for which sources of uncertainty addi-

ional data should be collected to narrow the variance associated with

odel predictions ( Saltelli et al., 2000; Sobol’, 1993 ). 

Variabilities of porosity ( n ), and sand and clay contents ( S, C ) reflect

he uncertainty in soil texture. For the sake of simplicity and consistency

ith the model presented in Section 2.1 , we adopt a zonation approach

 Ciriello et al., 2017 ) and we assume that the soil consists of a single

niform stratum of either clay-loam (CL), loam (L) or sandy-loam (SL).

e assign to each type of soil the mean and standard deviation identified

y Carsel and Parrish (1988) as presented in Table 1 . We apply GSA to

dentify, for each soil, the regions of influence of soil texture parameters

n the ( m , f, d ) space. To do this, we derived a truncated polynomial
v 

134 
haos expansions (PCE) ( Wiener, 1938 ) which approximates L p as 

 𝑝 ( 𝑚 𝑣 , 𝑓, 𝑑; 𝐏 ) ≈
𝑁 𝑄 −1 ∑
𝑗=0 

𝑎 𝑗 ( 𝑚 𝑣 , 𝑓, 𝑑)Ψ𝑗 ( 𝐏 ) , 𝑁 𝑄 = 

( 𝑁 par + 𝑁 pol )! 
𝑁 par ! 𝑁 pol ! 

, (14) 

here 𝐏 = { 𝑛, 𝑆, 𝐶 } is the vector of uncertain texture parameters, and

j ( P ) denotes multivariate Hermite polynomials. We use the Stochastic

ollocation (SC) method ( Webster et al., 1996 ) to compute the deter-

inistic expansion coefficients a j . The zero-order coefficient, a 0 ( m v , f,

 ), corresponds to the mean of L p , i.e., ⟨𝐿 𝑝 ( 𝑚 𝑣 , 𝑓, 𝑑) ⟩ = 𝑎 0 ( 𝑚 𝑣 , 𝑓, 𝑑) . The

ariance of L p is computed as 

2 
𝐿 𝑝 
( 𝑚 𝑣 , 𝑓, 𝑑) = 

𝑁 𝑄 −1 ∑
𝑗=1 

𝑎 2 
𝑗 
( 𝑚 𝑣 , 𝑓, 𝑑) ⟨Ψ2 

𝑗 
( 𝐏 ) ⟩, (15) 

hich is derived from (14) by accounting for the orthogonality of the

ermite polynomials, ⟨Ψ𝑖 Ψ𝑘 ⟩ = 0 for all i ≠ k . 

The SC is well suited for the low-dimensional probability spaces, such

s 𝑁 par = 3 considered in the present study (e.g., Ciriello et al., 2013a;

015; 2013b , and the references therein). 

The Sobol’ indices ( Sobol’, 1993 ) provide a metric of the relative im-

act of each parameter affected by uncertainty (see Table 1 ) on the over-

ll predictive uncertainty, as quantified by (15) . The contribution of the
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Table 2 

Single path model: GSA outcomes for two possible experimental settings 

with 𝑑 = 3 m and 𝑓 = 0 . 868 GHz or 𝑓 = 0 . 433 GHz. 

f Soil type ⟨L p ⟩ (dB) m v range influential parameters 

0.868 GHz CL 105–151 0.05–0.19 𝑆 𝑛 = 0.58–0.79 

𝑆 𝑆 = 0.26–0.03 

𝑆 𝐶 = 0.14–0.16 

0.868 GHz L 98–151 0.05–0.30 𝑆 𝑛 = 0 . 30 –0.40 

𝑆 𝑆 = 0.18–0.00 

𝑆 𝐶 = 0.44–0.53 

0.868 GHz SL 96–150 0.05–0.50 𝑆 𝑛 = 0 . 11 –0.15 

𝑆 𝑆 = 0.03–0.18 

𝑆 𝐶 = 0.63–0.58 

0.433 GHz CL 97–151 0.05–0.40 𝑆 𝑛 = 0.59–0.82 

𝑆 𝑆 = 0.25–0.01 

𝑆 𝐶 = 0.15–0.16 

0.433 GHz L 90–133 0.05–0.50 𝑆 𝑛 = 0.31–0.36 

𝑆 𝑆 = 0.16–0.09 

𝑆 𝐶 = 0.45–0.48 

0.433 GHz SL 86–106 0.05–0.50 𝑆 𝑛 = 0.11–0.14 

𝑆 𝑆 = 0.01–0.27 

𝑆 𝐶 = 0.62–0.50 
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 th parameter, P i to the response variance is quantified by a ”principle

ensitivity index ”  𝑖 , which is defined, based on the PCE approximation,

y ( Sudret, 2008 ) 

 𝑖 ( 𝑚 𝑣 , 𝑓, 𝑑) = 

𝜎2 
𝐿 𝑝 ,𝑖 

𝜎2 
𝐿 𝑝 

, 𝜎2 
𝐿 𝑝 ,𝑖 

( 𝑚 𝑣 , 𝑓, 𝑑) = 

∑
𝛾∈Γ𝑖 

𝑎 2 
𝛾
( 𝑚 𝑣 , 𝑓, 𝑑) ⟨Ψ2 

𝛾
( 𝑃 𝑖 ) ⟩, (16) 

here Γ𝑖 = { 𝛾 ∈ (1 , … , 𝑁 𝑄 − 1) ∶ Ψ𝛾 ( 𝑃 𝑖 )} . This definition can be easily

xtended to evaluate the joined influence of a subset of model param-

ters, in case that principle sensitivity indices do not provide a full de-

cription of the response variance. The Sobol indices computed for all

he possible subsets of parameters sum up to unity ( Sobol’, 1993 ). 

Global sensitivity metrics, including the Sobol’ indices, are generally

omputed by means of Monte Carlo simulations ( Sobol’, 2001 ). How-

ver, depending on the complexity of model equations and the number

f uncertain parameters, the deriving computational cost may discour-

ge the use of global approaches for sensitivity analysis. In these cases,

etamodeling techniques (among which PCE is one option) represent

owerful tools to accelerate the computational cost associated with GSA

nd other onerous stochastic analyses. For the purposes of this study,

he approximation of the response surface with PCE is build upon soil

exture uncertainty, while leaving information on the variability of op-

rating conditions ( d and f ) within the deterministic coefficients a j . This

s done to distinguish among epistemic uncertainty and response vari-

bility due to the design/operating parameters. 

. Results and discussion 

Here, we provide results of GSA for the single path transmission

echanism based on a second-order PCE, which provides an accurate

pproximation of the model response surface (not shown) and requires

nly 10 full model runs to be calibrated. 

GSA results are presented in Figs. 2–4 for clay-loam, loam and sandy-

oam, respectively. These Figures depict ⟨L p ⟩ vs f , in the range 0.3–

 GHz, for constant values of m v between 0.05 and 0.5. Within the area

elimited by the curves correspondent to 𝑚 𝑣 = 0 . 05 and 𝑚 𝑣 = 0 . 5 , we ex-

lore variation of sensitivity indices. For the sake of brevity, for each

elected soil type, we represent the case of two devices at a distance

 = 3 m. This is a reasonable configuration for practical applications.

evertheless, we also performed GSA in case of d = 1–6 m (not shown)

nd we observed that the Sobol indices are not significantly affected by

his parameter. 

In case of clay-loam, the principal sensitivity indices associated with

, S and C are depicted in Fig. 2 . It is shown that, generally, the indices

xhibit a negligible variation with f , while it is relevant to analyze their

ehavior with respect to m v . Influence of n , as denoted by S n values, is

lways above 0.6 and increases with m v till about 0.85 when the wa-

er content tends to 0.5. Regarding to at the principal sensitivity index

ssociated with S , an opposite behavior, respect to m v variations, is de-

ected. Specifically, the sand content is relevant ( S S > 0.1) in case of low

alues of m v , ( < 0.15), with a maximum of about 0.25 for 𝑚 𝑣 = 0 . 05 .
he principal sensitivity index of C exhibits a very low variation with

 v within the range 0.14–0.17. Maximum values for S C are reached in

 middle range of water content values between 0.1 and 0.3. 

In case of loam, the principal sensitivity indices associated with n, S

nd C are depicted in Fig. 3 . Also in this case the indices exhibit a low

ariation with f . Regarding to S n , it varies within the range 0.3–0.4, and

s maximum for high values of both m v and f . When looking at S S , it is

ossible to observe that the sand content is relevant ( S S > 0.1) in case of

ow values of m v , ( < 0.1), with a maximum of about 0.2 for 𝑚 𝑣 = 0 . 05 .
he principal sensitivity index of C exhibits a low variation with m v 

ithin the range 0.44–0.53. Maximum values for S C are reached in a

iddle range of water content values between 0.1 and 0.3. 

In case of sandy-loam, the principal sensitivity indices associated

ith n, S and C are depicted in Fig. 4 . Regarding to S n , its value is almost

onstant with respect to f and increases weakly with m within the range
v 

135 
.1–0.15. When looking at S S , it is possible to observe a moderate de-

rease when f increases and that the sand content is relevant ( S S > 0.1) in

ase of high values of m v , ( > 0.25), with a maximum of about 0.3 when

 v tends to 0.5. The principal sensitivity index of C increases with f and

xhibits a moderate variation with m v within the range 0.5–0.68. Max-

mum values for S C are reached in the range of water content values

.1–0.3. 

Table 2 focuses on GSA results for two experimental settings in which

he two devices, at a distance 𝑑 = 3 m, work with an operating frequency

f either 𝑓 = 0 . 868 GHz (LoRa) or 𝑓 = 0 . 433 GHz (ISM band), and are

ble to detect path losses L p ≤ 151 dB. Under these conditions, the range

f measurable path loss increases with the grain size of the soil, as al-

eady shown in Figs. 2 –4 . As a consequence, for 𝑓 = 0 . 868 GHz, in case of

lay-loam it is possible to have only an estimate of m v if ≤ 0.19; while for

oam and sandy-loam, it is possible to estimate m v if ≤ 0.30 and ≤ 0.50,

espectively. For the selected frequency and within the detectable range

f L p values, we observe that for the clay-loam the variability of n is

esponsible for the 58–79% of the uncertainty related to the estimate;

ence, this parameter has to be estimated with high accuracy in order

o reduce the predictive uncertainty. While influence of C is almost con-

tant and responsible in average for only the 15% of the predictive un-

ertainty, influence of S varies significantly and only for the minimum

etectable values of L p it is quite significant contributing for a maximum

f 26% to the predictive uncertainty. For a loamy soil, n and C are both

mportant with an average contribution of about 35% and 49%, respec-

ively. Again, the influence of S is associated with the highest variability

ith a maximum contribution of 18% for the minimum detectable L p .

inally, in case of sandy-loam, the most important parameter is C which

s responsible in average for the 60% of the predictive uncertainty; influ-

nce of n is low (about 13%) and almost constant, while the contribution

f S shows again a variability and in this case it has a maximum of 18%

or the maximum measurable value of L p . 

When considering 𝑓 = 0 . 433 GHz, in case of clay-loam it is possible

o have an estimate of m v if ≤ 0.40; while for loam and sandy-loam,

t is possible to estimate m v if ≤ 0.50. It is shown that the results do

ot exhibit significant differences with respect to the other operating

requency. This is in line with the general observation that sensitivity

ndices vary more with m v than with f . The main difference exists in the

ange of values of m v that can be estimated; this range is wider since L p 
ecreases with f . 

The sensitivity metrics discussed above, show how the predictive

ncertainty can be apportioned to the different sources of uncertainty

n the model input. In order to quantify the predictive uncertainty for

he three selected soil types, Fig. 5 represents the map of variance
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Fig. A1. Two-path model: variations of S n , S S , S C in case of clay-loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) and 

0.5 (the highest), with a constant step of 0.05. 

Fig. A2. Two-path model: variations of S n , S S , S C in case of loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) and 0.5 

(the highest), with a constant step of 0.05. 
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(  
ssociated with L p in the selected ( m v , f ) domain and for 𝑑 = 3 m (it

s not shown but the variance always increases with d ). As expected,
2 
𝐿 𝑝 

increases with f . In case of clay-loam and loam, 𝜎2 
𝐿 𝑝 

also increases

ith m v ; the opposite is detected for sandy-loam. We also note that the

ariance decreases when the grain size increases. 

In field scale applications, when L p is available from device’s read-

ng, it is possible to use Figs. 2–4 to determine m v and identify which

exture parameters have to be more accurately estimated to reduce the

redictive uncertainty. In this sense, results of GSA can be read with

espect to soil moisture, given the correspondence between m v and L p 
hen texture and operating parameters are fixed. Note that results of

SA with respect to L p , i.e. the device’s reading, may represent a ba-

is for the application of other techniques, such as data assimilation,

ensitivity-based model calibration, or model selection ( Ciriello et al.,

015; 2013b ), in order to reduce the epistemic uncertainty and increase

he reliability of m v estimations at the same time. 

In case of a two-path transmission mechanism, results of GSA are

ery similar as shown in Appendix A . 

. Conclusions 

In this work we characterize the predictive uncertainty associated

ith the path loss when adopting WUCNs to estimate soil moisture.

n particular, we focus on uncertainty deriving from textural parame-

ers which significantly influence the path loss of the signal transmitted

o the receiver as expressed in the selected underlying mathematical

ramework. We perform GSA and propagate texture uncertainty based

n the PCE technique to reduce the computational cost associated with

he analysis. We produce sensitivity and variance maps in order to fully

haracterize the predictive uncertainty as a guide for practical applica-

ions and we apply our methods to: (i) different transmission mecha-

isms (either single path or two-path models), (ii) different device dis-
136 
ances (1–6 m), and (iii) three soil types (clay-loam, loam, and sandy-

oam). 

Our study reveals that ⟨L p ⟩ varies significantly with the operating

arameters, f and d , for given soil texture and moisture, and the same

s true for the predictive uncertainty (i.e. 𝜎2 
𝐿 𝑝 

). At the same time, the

perating conditions have a negligible impact on the selected sensitivity

ndices. This means that the most influential texture parameters, which

ay deserve additional data collection, vary only with soil type and

oisture. This is relevant in field scale applications, where d and f are

ypically controlled by spatial and/or technological constraints. 

We also find that the transmission mechanism (see Appendix A ) does

ot impact significantly on GSA results and on the predictive uncer-

ainty. 

GSA reveals that if in case of clay-loam, variability on the poros-

ty explains most of the predictive uncertainty, in case of sandy-loam

he clay content is the parameter which requires the most accurate esti-

ate. When considering a loamy soil, these two parameters are almost

qually important. Influence of sand content is significantly variable for

he three soil types: it increases with m v in case of sandy-loam, while

he opposite happens when considering the other two soils. In general,

ensitivity indices exhibit significant variations with m v . 

Our findings can be easily extended to other soil types. At the

ame time, in a future analysis, we want to extend our approach in

rder to consider alternative models, respect to the one suggested by

eplinski et al. (1995) , and evaluate their predictive capacity against

easurements, following the method suggested in Ciriello et al. (2015,

013b) . 
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Fig. A3. Two-path model: variations of S n , S S , S C in case of sandy-loam in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v between 0.05 (the lowest) 

and 0.5 (the highest), with a constant step of 0.05. 

Fig. A4. Two-path model: maps of variance in case of clay-loam (CL), loam (L) and sandy-loam (SL) in the ( ⟨L p ⟩, f ) plane. Grey lines denote constant values for m v 

between 0.05 (the lowest) and 0.5 (the highest), with a constant step of 0.05. 

Table A1 

Two-path model: GSA outcomes for two possible experimental settings 

with 𝑑 = 3 m and 𝑓 = 0 . 868 GHz or 𝑓 = 0 . 433 GHz. 

f Soil type ⟨L p ⟩ (dB) m v range influential parameters 

0.868 GHz CL 107–151 0.05–0.19 𝑆 𝑛 = 0.61–0.80 

𝑆 𝑆 = 0.24–0.03 

𝑆 𝐶 = 0.14–0.16 

0.868 GHz L 100–151 0.05–0.31 𝑆 𝑛 = 0.33–0.41 

𝑆 𝑆 = 0.17–0.01 

𝑆 𝐶 = 0.43–0.52 

0.868 GHz SL 96–143 0.05–0.50 𝑆 𝑛 = 0.11–0.15 

𝑆 𝑆 = 0.02–0.19 

𝑆 𝐶 = 0.63–0.57 

0.433 GHz CL 105–151 0.05–0.39 𝑆 𝑛 = 0.65–0.82 

𝑆 𝑆 = 0.21–0.01 

𝑆 𝐶 = 0.13–0.16 

0.433 GHz L 98–133 0.05–0.50 𝑆 𝑛 = 0.37–0.37 

𝑆 𝑆 = 0.13–0.10 

𝑆 𝐶 = 0.42–0.48 

0.433 GHz SL 93–106 0.05–0.50 𝑆 𝑛 = 0.11–0.14 

𝑆 𝑆 = 0.01–0.27 

𝑆 𝐶 = 0.62–0.50 
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umerical information is provided in the figures produced by solving

he equations in the paper. 

ppendix A. Influence of two-path transmission 

Results presented below refer to a couple of devices at a distance

 = 3 m and depth 𝑧 1 = 𝑧 2 = 0 . 2 m. In this configuration, the ground

urface is responsible for reflection of the signal towards the receiver. 

Figs. A.6 –A.8 depict the same results of Figs. 2–4 , for the two-path

ransmission mechanism. The same holds for Table A.3 and Fig. A.9 with

espect to Table 2 and Fig. 5 . It is possible to observe that GSA results,

s well as the variance of the response, are very similar to those de-
137 
ived for the single path model. Main differences involve the trend of

L p ⟩( f ) curves for constant m v , especially for low path loss values. Given

hese results, and considering that in the most of applications the sin-

le path mechanism holds, it seems not relevant to analyze the effect of

round surface reflection if the aim is to understand which parameter

nfluences more the predictive uncertainty. Furthermore, the two-path

odel includes a couple of additional parameters, 𝜙 and Γ, thus mak-

ng calibration challenging in practical applications. As such, it seems

enerally convenient to perform GSA and uncertainty quantification on

he single path model, in order to characterize and reduce the predictive

ncertainty, by addressing measurements towards the most significant

arameters. 
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