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Abstract: The geometry of rooting systems is important for modeling water flows in the
soil-plant-atmosphere continuum. Measured information about root density can be summarized in
adjustable equations applied in hydrological models. We present such descriptive functions used to
model root density distribution over depth and evaluate their quality of fit to measured crop root
density profiles retrieved from the literature. An equation is presented to calculate the mean root
half-distance as a function of depth from root length density profiles as used in single root models for
water uptake. To assess the importance of the shape of the root length density profile in hydrological
modeling, the sensitivity of actual transpiration predictions of a hydrological model to the shape of
root length density profiles is analyzed using 38 years of meteorological data from Southeast Brazil.
The cumulative root density distributions covering the most important agricultural crops (in terms of
area) were found to be well described by the logistic function or the Gompertz function. Root length
density distribution has a consistent effect on relative transpiration, hence on relative yield, but the
common approach to predict transpiration reduction and irrigation requirement from soil water
storage or average water content is shown to be only partially supported by simulation results.
Keywords: root density; root water uptake; transpiration

1. Introduction
The quantitative description of the spatial distribution of the root system in the soil profile
is an important topic for the modeling of water and solute uptake patterns by roots in the
soil-plant-atmosphere continuum at several scales [1,2]. In land surface models, radiation balances,
and to a lesser degree, precipitation patterns, appear to be sensitive to rooting distribution patterns [3–5].
Some research, such as [6], has attempted to present root profile parameters for specific vegetation
types to be used in these models. At the field and plant scale, models describing the relation
between yield and soil water content, and water content related variables such as irrigation amount,
drainage, and groundwater level, have a long tradition in agriculture [7,8]. Detailed agro-hydrological
simulations performed by robust process-based models, such as Hydrus [9] and SWAP [10], require
root density distribution profiles. Moreover, the fact that root water uptake is closely related to biomass
production [11] is at the core of ecological and agricultural analyses of water-limited growth and water
use efficiency.
Equally important in modeling biomass production is quantifying nutrient uptake and its effect
on crop yield. The relations between root density, root architecture, and nutrient uptake are frequent
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subjects of research [12–20]. Models for water and nutrient uptake have been formulated at two scales:
the scale of the root system and the scale of a single root [16,21]. At both scales, also referred to as
macroscopic and microscopic, respectively, root density is an important parameter. At the single root
scale, a more detailed representation, root length density (root length per volume soil) determines
the average distance between roots modeled as parallel cylinders [22,23]. At the scale of the root
system, an often-used hypothesis is to assume that root water uptake is linearly proportional to root
length density [21,24,25]. Detailed root water uptake reduction functions, which usually describe
compensation mechanisms, are dependent on the absolute values of root length density distribution
over the soil profile. This will determine the rhizosphere radius and the distribution of root water
uptake. In this sense, crops with low root density will need higher hydraulic gradients between roots
and the surrounding bulk soil in order to attend the atmospheric water demand. On the other hand,
crops with higher root density can maintain the root water potential closer to that of the bulk soil and
then postponing the drought stress [23]. Those mechanisms are highly dependent on the soil hydraulic
properties and for this reason a well-represented root distribution allows accounting for the hydraulic
ability of each soil layer in supplying water to plants.
Robust modeling frameworks have been developed to describe the complete three-dimensional
(3-D) architecture and the dynamics of root growth and distribution [2,14,26] together with associated
water extraction patterns [27]. In addition to the 3-D modeling tools, one-dimensional (1-D) models with
root length density (RLD) representation are well known for allowing good predictions of macroscopic
root water uptake [24,28,29]. Reviews of root density profiles as determined in field experiments
have been presented for several agricultural crops and water/irrigation regimes, e.g., [30–33], and for
different ecological biomes [34–36].
At the field scale, rooting patterns are generally heterogeneous. In the case of agricultural crops,
they are influenced by local conditions such as tillage, fertilization, aeration, and nutrient and water
availability, as well as other soil factors such as chemistry and texture. In this context, although
hardly ever present in dynamic water balance or crop growth models, the strong feedback between
root growth and soil water deficit [37–39] is important to consider. At a global scale and for natural
vegetation, results presented by [40] support a relation between deep roots, soil type, and climate.
We aim to present and mathematically analyze some descriptive functions used to model root
density distribution over depth. We then test the quality of fit of the equations by fitting them to
experimentally established crop root density profiles, following the setup of the database compiled
by [35]. In addition, we provide an approximation of the mean root half-distance for use in upscaled
single root models for nutrient and water uptake. In order to assess the importance of the shape of
the root length density profile in agro-hydrological simulation, the sensitivity of actual transpiration
predicted by a hydrological model was analyzed as a function of the shape of root length density profiles.
2. Materials and Methods
2.1. Mathematical Description of Root Density Profiles
The cumulative root density R (m−1 ) describes the integral of root length density ρ (m m−3 = m−2 )
over profile depth D (m) as a function of depth z (m), at a given time:
ZD
R =

ρdz

(1)

0

Equation (1) implies that R = 0 at the soil surface. Here R is expressed in length units, but reported
measurements may sometimes be in mass or in counts. If these measures are linearly proportional to
root length and the proportionality constant is not a function of depth, descriptions of root density
profiles using different measurement procedures differ by a proportionality constant only, and the
shape of the curve is identical. For instance, a linear relation between root mass density and root
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length density was presented for potato [41]. The shape of root profiles was compared using different
measurement methods and the assumption that the shape does not change for different measurement
procedures holds for different biomes [35]. This assumption allows the pooling of data determined
by different measurement methods to describe the shape of root density curves. Therefore, in the
following, we will refer to root density, with no reference to a specific measurement procedure.
The properties of cumulative root density profiles—zero at depth D = 0 and approaching a
maximum value Rx at the maximum rooting depth—suggest the use of monotonic sigmoid functions.
An overview of these functions, sometimes referred to as growth functions, can be found in [42].
The generalized logistic [43] is such a sigmoid function described as:
R
= h
Rx

1
1 + γe−b(D−m)

i γ1

(2)

where Rx (m−1 ) is the maximum cumulative root density (i.e., R tends to Rx for the maximum rooting
depth Dx ), γ is the parameter determining the asymmetry of the function, b (m−1 ) is the parameter
determining the slope of the function, m (m) is the parameter determining the inflection point, and D
(m) is depth. Root density, the derivative of the generalized logistic with respect to D equals to:
 γ !
dR
bR
R
=
1−
dD
γ
Rx

(3)

Depending on the parameterization, the general logistic function (Equation (2)) can assume many
formats. One of the special cases is the logistic, for which γ = 1:
1
R
=
−b
Rx
1 + e (D−m)

(4)

The logistic is symmetrical around m and has its steepest slope b at D = m. In agreement with
Equation (3), the derivative of Equation (4) (the root density profile) equals to:


dR
R
= ρ = bR 1 −
dD
Rx

(5)

It is straightforward to show that the logistic (Equation (4)) with a log-transformed argument
(Equation (6)) assume the same form as the logistic dose-response function (Equation (7)) defined
by [35]:
1
1
R
=
=
(6)
 −b
−b
(
ln
(
D
)
−m
)
Rx
1+e
1 + eDm
R
1
=
 c , with c < 0
Rx
1 + DD50

(7)

where D50 is the depth at which R = Rx /2 and c is a fitting parameter. Making em = D50 and b = −c,
Equation (6) equals Equation (7). Although these two equations cannot be perfectly matched because
they are two different functions, conversion between them is possible. What is most convenient
is to fit the logistic (Equation (4)) and convert its parameters to those of the logistic dose-response
(Equation (7)).
The derivative of Equation (7), the corresponding root density profile, is:


dR
Rc R
= ρ =
−1
dD
D Rx

(8)
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Introducing D95 (m), the depth above which 95% of the roots are located, Equations (9) and (10) reduce
to:
 1

ln(0.95) − ln(0.05)
0.95 − c
c = −
; D95 =
D50
(11)
1 − 0.95
ln(D95 ) − ln(D50 )
Another special case of the generalized logistic (Equation (2)) refers to γ = −1.0, an asymptotic
exponential also known as the Mitscherlich equation [44]:
R
= 1 − e−b(D−m) for m ≥ 0; D ≥ m
Rx

(12)

Its derivative is an exponential function, which decreases with depth:



dR
 1
= ρ = bR R − 1 = bRx e−b(D−m)
dD

(13)

Rx

Besides logistic functions or their transforms, exponential root density functions are sometimes
used [30]. An exponential decrease of root density with depth was derived by [45] as the steady state
solution of a diffusion type differential equation for a crop with equal row width and row distance,
at large time t.
An exponential sigmoid function [42], which is generally considered as an alternative to the family
of curves described by the generalized logistic, is the Gompertz equation:
−β(D−µ)
R
= e−e
Rx

(14)

where β (m−1 ) is a shape parameter, and µ (m) is a parameter defining the value of D for which R = Rx /e.
Its derivative is:
 
dR
R
= ρ = −βR ln
(15)
dD
Rx
The function is asymmetric with two asymptotes, one of which approaches faster, while the
second one approaches slower. Given its asymmetry, the Gompertz equation offers an alternative to the
generalized logistic and its special cases, which may be asymmetric, but require an additional parameter.
Defining Df (m) as the depth at which R/Rx equals f, values for Df , D50 , and D95 as a function of
the parameters used in the root length distribution functions are given in Table 1. At this point, it is
worth noting that the depths D50 and D95 represent the median and 95 percentile of these distributions
shown in Table 1, however, real root systems are limited to a certain maximum depth, meaning
that root distributions must be described by truncated forms of the distribution functions given
in Table 1. Consequently, the percentiles of the truncated distributions deviate from those of the
non-truncated distributions.
Table 1. Functions to calculate characteristic depths Df , D50 , and D95 according to the equations used
to describe the cumulative root density distribution.
Equation #
Generalized
logistic

(2)

D50

Df
m+

1
b

ln

γ
 γ

Logistic

(4)

m+

1
b

ln

Exponential
(Mitscherlich)

(12)

m+

1
b

ln

(14)

1
β

Gompertz

µ−

1
f




!
−1

f
1− f



1
1− f



m+

D95

 γ 
ln 2γ −1

1
b

m

  
ln ln 1f

m+
µ−

1
β

1
b

ln 2

ln[ln 2]

≈ µ+

0.3665
β

m+

1
b

γ

ln

!
γ

1
( 0.95
) −1


0.95
m + 1b ln 0.05

m+
µ−

1
β

1
b

ln 20

h 
i
1
ln ln 0.95
≈ µ+

2.97
β
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2.2. Mean Half-Distance between Roots
Mean half-distance between roots (r, m) is an important measure in single root
models [17,21,23,46,47]. The mean half-distance between roots is related to root length density
ρ by:
r
1
1
r =
(16)
⇔ρ =
πρ
πr2
If all roots were parallel and equidistant, r would be the radius of the soil cylinder from which a
singular root is taking up water and nutrients.
Substitution of the derivatives of the above sigmoid functions allows defining the mean root
half-distance profile. Focusing on the special case of the logistic function (Equation (4)), its derivative
(Equation (5)) combined to Equation (16) yields the following function expressing mean half-distance
between roots (r):
1
(17)
r = q


πbR 1 − RRx
A characteristic distance for a rooting profile is the minimum root mean half-distance rn (m),
corresponding to maximum ρ:
2
rn = √
(18)
πbRx
An average root density ρ (m m−3 ) can be calculated as the Rx -weighted integral of Equation (5):

ρ =

b

R Rx 
R 1−
0

R
Rx



dR

Rx

=

bRx
6

(19)

When the root distribution is a linear function of depth, Equation (19) may offer an approximate
range of the mean-half distance between roots, which is calculated as:
r
r =

6
πbRx

(20)

2.3. Experimental Data
Data on root distribution were retrieved from literature. A search was performed for those major
food crops that cover large areas globally [48]. The searching terms were based on crop scientific names,
and combinations of the words “root length density”. Only datasets with at least five measurements
over depth were used in our analysis.
Table 2 offers an overview of the data included in the dataset together with the relative area
presented by [48]. The database setup followed the description of a root database given by [35].
In total, 53 sources were examined for crops (the Appendix A contains shortened general bibliographic
information) representing 77% of the cropped area in the world. Raw data in different units were
read from tables or figures. The units were standardized in terms of counts, weights, or lengths.
The cumulative root density profiles (total of 568 profiles) were established by numerical integration
based on the available data-points.
We did not distinguish between experiments with or without drought stress for data selection,
although most experiments were performed under well-watered conditions. Soil moisture conditions
affect root growth [37–39] but water balance or crop growth models are generally not detailed enough
to include this feedback.
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Table 2. Crop group, species names, area, and number of sources in the database obtained from
literature search.
Crop Group

Contains Species

Species Local Name

Relative Proportion of the Area

Number of Sources in Database

Wheat

Triticum aestivum
Triticum turgidum
xTriticosecale

Bread wheat
Durum wheat
Triticale

22

12

Maize

Zea mays

13

9

Rice

Oryza sativa
Oryza glaberrima

11

7

Barley

Hordeum vulgare

9

2

Soybean

Glycine max

5

6

Pulses

Cajanus cajan
Phaseolus aureus
Pisum sativum
Vicia faba
Vigna unguiculata
(= Vigna sinensis)

4

6

Cotton

Gossypium hirsutum

3

6

Potato

Solanum tuberosum

3

3

Sunflower

Helinathus annuus

2

4

Rye

Secale cereale

2

3

Rapeseed

Brassica napus
Brassica rapa

2

4

Sugarbeet

Beta vulgaris saccharifera

1

3

Other

Arachis hypogea
Avena sativa
Lolium multiflorum
Pennisetum glaucum
Raphanus sativus
oleiformis
Sorghum bicolor
Trifolium incarnataum
Vicia villosa

Pigeon pea
Mung bean
Pea
Faba bean
Cowpea

Peanut
Oats
Italian ryegrass
Pearl millet
Fodder radish
Sorghum
Crimson clover
Hairy vetch

11

2.4. Parameter Estimation and Model Selection
Using the methodology and based on the assumption that different measurement procedures
yield results which are linearly proportional to each other and therefore do not modify the shape of the
R profile, the root density data were (numerically, with steps of 1 cm) integrated over depth to yield
the cumulative root length density distribution (Equation (1)).
We analyzed the data using the four sigmoid functions from Table 1: the generalized logistic
(Equation (2)), its two special cases (Equations (4) and (12)), and the Gompertz Equation (Equation (14)),
using the GENSTAT directive “fitcurve” [49]. The cumulative root density distribution was fitted
including the implicit data pair (D = 0; R = 0). Figure 2 illustrates the data required for an average
root density profile using data for wheat from literature [50] and illustrating the fit of the Logistic,
Mitscherlich, and Gompertz function.
The use of the cumulative density distribution removes the possibility to estimate parameter
confidence intervals, as errors are no longer independent. Parameter confidence intervals can be
calculated using the parameters estimated from the cumulative distribution values as initial estimates
in fitting the root length density functions. For comparison purposes, the fitted parameters for each of
the functions were converted to D50 and D95 values using the equations given in Table 1. With D50
and D95 values we could then employ Equation (11) to calculate the parameter c for the logistic dose
response function (Equation (7)).
We evaluated the fit of the four functions in terms of the fraction of variance explained, the number
of cases in which convergence of the parameter estimates was achieved, and the number of times the
estimated D95 for a given function was below the maximum measurement depth. This number was
interpreted as the risk of extrapolation.

We analyzed the data using the four sigmoid functions from Table 1: the generalized logistic
(Equation (2)), its two special cases (Equations (4) and (12)), and the Gompertz equation (Equation
(14)), using the GENSTAT directive “fitcurve” [49]. The cumulative root density distribution was
fitted including the implicit data pair (D = 0; R = 0). Figure 2 illustrates the data required for an average
root density profile using data for wheat from literature [50] and illustrating the fit of the Logistic,
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Figure 2. Measured root length density data [50] numerically integrated to yield the cumulative root
−3 ) and
Figure
2. Measured
root
density
[50]
numerically
integrated
to yield
the cumulative root
density
distribution
R (m
mlength
fitted data
using
different
monotonic
sigmoid
functions.
density distribution R (m m−3) and fitted using different monotonic sigmoid functions.

2.5. Sensitivity of Agro-Hydrological Model Output to Root Profile Shape

The use of the cumulative density distribution removes the possibility to estimate parameter

To evaluate the effect of the shape of root length density profiles on transpiration, simulations were
confidence intervals, as errors are no longer independent. Parameter confidence intervals can be
performed with the SWAP model [10], version 4.01, for a maize crop grown under subtropical climate
calculated using the parameters estimated from the cumulative distribution values as initial estimates
conditions.
SWAP
is alength
1-D agro-hydrological
that numerically
solves
the Richards
equation
with a
in fitting
the root
density functions.model
For comparison
purposes,
the fitted
parameters
for each
root water
extraction
sink
term
describing
water
flow
in
the
soil-plant-atmosphere
environment:
of the functions were converted to D50 and D95 values using the equations given in Table 1. With D50
"
!#
∂θ
∂
∂h
=
K (h)
+ 1 − S(h)
∂t
∂z
∂z

(21)

where t denotes time (d), z is the vertical coordinate taken positive upwards (m), θ is the volumetric
water content (m3 ·m−3 ), h is the pressure head (m), K(h) is the hydraulic conductivity (m d−1 ), and S(h)
represents water uptake by plant roots (d−1 ). Numerically solving Equation (21) requires the knowledge
of unsaturated soil hydraulic properties (K-θ-h), which were described using the analytical functions
defined by the van Genuchten-Mualem model [51,52]:
Θ = [1 + |αh| n ]

(1 / n) −1



1 − ( 1 / n )  2
K = Ks Θ λ 1 − 1 − Θ n / (n−1)

(22)
(23)

where Θ = (θ − θr )/(θs − θr ) is the effective saturation, θr is the residual water content (m3 ·m−3 ), θs is
the saturated water content (m3 ·m−3 ), K is the unsaturated hydraulic conductivity (m d−1 ), Ks is the
saturated hydraulic conductivity (m·d−1 ), and α (m−1 ), n (-), and λ (-) are shape parameters.
The root water uptake term S(h) in Equation (21) was estimated by the piecewise linear function
proposed by [53], where Tact (m·d−1 ) is calculated by multiplying the potential transpiration Tp (m·d−1 )
by a semi-empirical factor εz , evaluated for each of Z soil layers and weighted by the layer thickness
wz (m) and the root length density (ρz , m−2 ):

Tact







z 
X


ρz


= TP
εz wz z


P

z = 1
wz ρz 

z=1

(24)
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The multiplicative reduction factor εz in Equation (24) is defined by four pressure heads
(0 ≥ h1 > h2 > h3 > h4 ) delimiting five phases of uptake. In the permanent wilting phase, (h < h4 ), εz = 0.
In the falling rate phase (h4 < h < h3 ), εz = (h − h4 )/(h3 − h4 ). In the constant (optimum) rate phase
delimited by h3 and h2 , εz = 1. In the wet phase (h2 < h < h1 ), εz = (h − h1 )/(h2 − h1 ). In the anaerobic
phase, (h > h1 ), εz = 0. Standard limiting pressure head values for maize [54] were used (h1 = −0.1 m;
h2 = 0.25 m; h3h = −3.25 m; h3l = −6.0 m; h4 = −80 m, h3h corresponding to a potential transpiration rate
of 5 mm·d−1 or higher, h3l corresponding to a potential transpiration rate of 1 mm·d−1 or lower).
We performed the simulations for a 38-year period (1978–2015), using daily weather data from the
University of São Paulo weather station, located in Piracicaba, Brazil (22.703◦ S; 47.624◦ W), representing
the subtropical winter-dry climate of southeast Brazil (Köppen Cwa). For the considered period, average
yearly rainfall was 1316 mm ± 242 mm (± standard deviation). The driest year (1978) showed 874 mm of
rainfall, the wettest year was 1983 with 2018 mm. In this climate, rainfall is concentrated between October
and March, whereas the dry months April–September correspond to less than 25% of annual rainfall.
Given the availability of crop parameters, simulations were performed for maize, which is one of the
most important crops worldwide as well as for Brazilian agriculture [48]. We considered two growing
seasons, maize sown on October 1 and harvested on February 28 (“summer maize” growing during
the rainy season), as well as maize sown on February 15 and harvested on June 15 (“autumn maize”,
dry season). For these two growing seasons, average potential evapotranspiration was 4.0 ± 1.3 mm·d−1
and 2.7 ± 1.0 mm·d−1 , respectively. Typical soils in the region show deep groundwater levels (>5 m)
and deep drainage was considered as lower boundary condition. Soil hydraulic properties from a Typic
hapludox in Piracicaba, São Paulo state, Brazil (22◦ 420 S, 47◦ 380 W) were used. Clay content is 0.19 kg·kg−1
in the 0–0.30 m layer and 0.26 kg·kg−1 below that. Bulk density increases from 1400 kg·m−3 in the top layer
to around 1650 kg·m−3 in the subsoil. The parameters describing the soil hydraulic properties, θ(h) and
K(h), according to the Van Genuchten-Mualem analytical functions [51,52] used in our simulations are
shown in Table 3.
Table 3. Hydraulic parameters for Van Genuchten-Mualem analytical functions [51,52] used in the
SWAP simulations.
Depth (m)

θr

θs

α (m−1 )

n

λ

Ks (m·d−1 )

0.00–0.30
0.30–2.00

0.01
0.02

0.43
0.38

2.27
2.14

1.548
2.075

−1.983
−1.039

0.1965
0.2556

A fixed period of 60 days was simulated from emergence (development stage DVS = 0) to anthesis
(DVS = 1), and an additional 60 days from anthesis (DVS = 1) to maturity (DVS = 2). The root length
density profile was described according to the logistic dose response function (Equation (7)), for different
parameter scenarios, consisting of three values for c (−1, −3, and −5) combined to three values for D50
(0.15 m, 0.30 m, and 0.45 m), resulting in 3 × 3 = 9 scenarios. The logistic dose response function was
selected for this simulation step mainly due to its preference in root distribution studies (e.g., [35]).
Leaf area index, rooting depth, and crop height were defined as piecewise linear functions of
development stage according to data points in Table 4.
Table 4. Leaf area index, crop height, and rooting depth as a function of development stage used in
SWAP simulations with maize. Values retrieved from [55] and from standard SWAP input file.
Development Stage

Leaf Area Index (m2 m−2 )

Crop Height (m)

Rooting Depth (m)

0
0.30
0.50
0.70
1.0
1.4
2.0

0.05
0.14
0.61
4.1
5.0
5.8
5.2

0.01
0.15
0.40
1.40
1.70
1.80
1.75

0.05
0.2
0.5
0.8
0.9
0.9
0.9
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Other parameters referring to the maize crop used in our simulation are shown in Table 5.
These parameter values are part of the standard parameterization for the simple crop module of maize
embedded in the SWAP model and more details on this parameterization can be found in [55,56].
Table 5. Crop growth parameters used in the simple crop module used in the SWAP model.
Description

Parameter

Value

Unit

Hmax
Cref
RSC
Kdif
Kdir
LCC
COFAB

175
0.20
131
0.60
0.75
120
0.25

cm
s m−1
d
cm

Plant maximum height
Reflection coefficient, Albedo
Minimum canopy resistance
Extinction coefficient for diffuse visible light
Extinction coefficient for direct visible light
Length of crop cycle - fixed
Interception coefficient Von Hoyningen-Hune and Braden

Model output was analyzed regarding the relative transpiration Ta /Tp , an indicator of overall crop
water stress, for the nine scenarios of root length density profile shapes. It is worth noting that relative
transpiration is often considered proportional to relative yield [57,58].
3. Results
3.1. Function Selection and Parameter Values
Table 6 contains the descriptive results used as a criterion to define a preference for a fitting function.
Table 6. Descriptive results for the four sigmoid functions used as a criterion to define a preference for
a fitting function.
Sigmoid Function
Generalized logistic (Equation (2))
Logistic (Equation (4))
Exponential (Equation (12))
Gompertz (Equation (14))

Convergence
(n = 570)
54
568
568
568

D95 > Dmax

R2 adj

Mean D50
(m)

Mean D95
(m)

5
48
422
174

1.00
0.98
0.98
0.99

0.322
0.267
0.460
0.272

0.644
0.560
1.942
0.699

Using the convergence of the estimate, the goodness of fit, the conservative properties in terms of
extrapolation (D95 greater than maximum measurement depth), and consistency of analysis in terms of
existing databases, notably that presented by [35], the logistic function (Equation (4)) was selected for
further analyses.
A summary of the results for the different growth curves is given in Table 7. In this table,
parameter values are pooled over different measurement types (counts, weights and lengths) based on
the comparison between the different measurement procedures, as discussed in [35]. Parameters for
the mean root half-distance approximation were calculated by Equation (19), based on measurements
of root length densities alone.
Calculating the parameter confidence intervals using parameters estimates as initial values for root
length density function fits led to data loss due to non-convergence. A note of caution should be added here:
Given the non-linear relationship, use of average D50 and D95 values will yield results that are different
from those obtained through using the individual parameter values and then averaging the profile.
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Table 7. Mean D50 and D95 calculated by the logistic function (Equation (4)) using n observations and
minimum half-distance rn calculated using nr observations. Parameter c from the logistic dose response
function (Equation (7)) was calculated by Equation (11).

Crop

D50
(± Standard
Error)
(m)

D95
(± Standard
Error)
(m)

n

rn
(± Standard
Error)
(mm)

nr

c

Rx
(mm−1 )

All crops
0.27 (±0.24)
0.56 (±0.48)
568
5.6 (±5.7)
494
−3.969
10.2
Soil Syst. 2019, 3, x FOR PEER REVIEW
12 of 17
Wheat
0.22 (±0.10)
0.49 (±0.25)
80
6.4 (±6.1)
50
−3.677
8.5
Maize
0.39 (±0.20)
0.80 (±0.40)
48
6.5 (±4.7)
40
−4.071
7.4
Sunflower
0.35 (±0.19)
0.79 (±0.46)
26
4.3 (±1.2)
23
−3.596
19.1
Rice
0.13 (±0.07)
0.27 (±0.13)
87
5.2 (±5.3)
87
−4.048
11.6
Rye
(±0.06)
0.47
(±0.13)
4.6
6 7 −3.955
Barley
0.170.22
(±0.06)
0.33
(±0.09)
10 7
4.8 (±2.1)
(±3.7)
−4.286 15.2 12.9
Rapeseed
0.18
(±0.04)
0.39
(±0.09)
30
2.7
(±0.9)
21
−3.858
Soybean
0.27 (±0.17)
0.60 (±0.33)
42
7.1 (±8.0)
40
−3.716 45.3 6.8
Sugar
Pulses
0.28 (±0.12)
0.59 (±0.25)
39
4.7 (±0.7)
37
−3.942
14.6
0.48 (±0.15)
0.95 (±0.28)
13
3.9 (±1.8)
7
−4.349
19.2
beet
Cotton
0.32 (±0.10)
0.67 (±0.22)
97
5.4 (±1.3)
97
−3.989
10.9
Potato
0.320.28
(±0.06)
0.62
(±0.13)
4049
3.2 (±13.3)
(±0.6)
−4.482 2.9 27.7
Other
(±0.18)
0.56
(±0.37)
10.3
39 40 −4.194
Sunflower
0.35 (±0.19)
0.79 (±0.46)
26
4.3 (±1.2)
23
−3.596
19.1
Rye Calculating
0.22
0.47 (±0.13)
4.6 (±2.1) estimates
6 as initial
−3.955values15.2
the(±0.06)
parameter confidence
intervals 7using parameters
for
Rapeseed
0.18 function
(±0.04) fits led0.39
(±0.09)
2.7 (±0.9) A note
21 of caution
−3.858 should
45.3
root length density
to data
loss due 30
to non-convergence.
be
Sugar beet
0.48 (±0.15)
0.95 (±0.28)
13
3.9 (±1.8)
7
−4.349
19.2
added here: Given the non-linear relationship, use of average D50 and D95 values will yield results
Other
0.28 (±0.18)
0.56 (±0.37)
49
10.3 (±13.3)
39
−4.194
2.9
that are different from those obtained through using the individual parameter values and then
averaging the profile.
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Figure 3. Relative transpiration (Ta /Tp ) as a function of effective saturation Se obtained from SWAP
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logistic saturation
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with D50 = 0.30 m and c = −1 scenario, based on 38 autumn maize crop cycles between 1978 and 2015.
with D50 = 0.30 m and c = −1 scenario, based on 38 autumn maize crop cycles between 1978 and 2015.

In Table 8, the average difference between Ta/Tp of respective parameter combinations and the
value obtained for the D50 = 0.45 m and c = −1 scenario are shown together with the coefficients of
variation (in the order of 20% for autumn maize and 50–60% for summer maize).
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In Table 8, the average difference between Ta /Tp of respective parameter combinations and the
value obtained for the D50 = 0.45 m and c = −1 scenario are shown together with the coefficients of
variation (in the order of 20% for autumn maize and 50–60% for summer maize).
Table 8. Average difference between Ta /Tp simulated using root density profiles described by the logistic
dose response function (Equation (7)) with different parameter combinations (D50 and c) compared
with the scenario of D50 = 0.45 m and c = −1, based on 38 maize crop cycles (autumn maize and
summer maize) between 1978 and 2015 in Piracicaba, Brazil. Values between brackets are the respective
coefficients of variation over the 38 years.
Autumn Maize
(February–June)
D50 (m)

0.15

0.30

c = −1

0.017
(23%)
0.049
(17%)
0.053
(16%)

0.006
(23%)
0.035
(18%)
0.041
(18%)

c = −3
c = −5

Summer Maize
(November–February)
0.45
0
0.019
(22%)
0.026
(21%)

0.15

0.30

0.010
(53%)
0.030
(48%)
0.033
(47%)

0.004
(65%)
0.018
(56%)
0.021
(56%)

0.45
0
0.008
(68%)
0.011
(68%)

4. Discussion
Due to the lack of data at small depths, in combination with the additional shape parameter,
the generalized logistic function showed convergence for less than 10% of all database. The other three
equations fitted well to observed data, with high regression coefficient, and convergence for almost all
observed database (Table 6). Of these, the logistic function offered the best descriptive quality, with a
relatively low risk of an extrapolation error; that is, in most cases the parameter D95 was smaller than
the maximum measurement depth. An alternative is the Gompertz equation, although with a higher
frequency of D95 > Dmax than the logistic function. In its turn, the exponential Mitscherlich equation
resulted in an extrapolation error (D95 > Dmax ) in 75% of the cases.
Defining the effective root zone as the depth above which most of the roots are concentrated [59],
we can use the value of D95 of Table 6 estimated by the logistic function as a proxy of this parameter.
In general, the values of D95 were similar among crops, with maize and sugar beet showing the deepest
roots. With analogous analysis for crops from temperate regions, [59] found deeper root systems
for similar crops. Although the estimated D95 values from both studies are within the range usually
reported in the literature, our analysis covered 568 soil profiles against 96 of the analysis performed
by [59]. According to Table 7, the highest value recorded for parameter c was for sunflower (−3.6) and
the lowest value for potato (−4.5). A more negative c value leads to a more concentrated distribution
of roots around D50 .
Regarding the agro-hydrological simulations, several engineering models relate transpiration
reduction to water content, soil water storage or related quantities using simple linear relations with
some threshold values, the probably most well-known is the one published in a FAO handbook [7].
However, such a relationship is only partially supported by the simulation results shown in Figure 3.
Our simulation results obtained with the SWAP model [10] for maize grown yearly between 1978–2015,
showed overall Ta /Tp values for summer maize between 0.84 and 0.88, obviously higher than for
autumn maize (from 0.59 to 0.64). For both cropping seasons, the highest values were obtained with
the D50 = 0.45 m and c = −1 scenario, representing the most even distribution of roots over depth
(Figure 1). The lowest values were obtained for the D50 = 0.15 m and c = −5 scenario, representing the
most concentrated roots distribution around D50 .
Although the differences in average values of Ta /Tp among the scenarios were relatively small (up
to 5% for autumn maize and 3% for summer maize), they were consistent over the years, especially for
autumn maize growing under predominantly drier conditions. The scatter in Figure 3 data points is
explained by two facts: (1) the SWAP model employs two values for the threshold pressure head h3 ,
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in which h3h corresponds to conditions with a high (≥5 mm d−1 ) Tp , and h3l to a low (≤1 mm d−1 ) Tp ;
for intermediate values of Tp , h3 is linearly interpolated. This will cause some horizontal scattering
of data points between both h3 values; (2) pressure heads are unlikely to be the same at all depths,
and roots are unevenly distributed over depth. Consequently, identical relative water storage values
may be reached from different water content and pressure head distributions, thus, it may result in
different transpiration reduction. This will cause a vertical scatter of data points in Figure 3, and it is
likely to increase for more uneven root distributions.
The relative insensitivity of the modeling results to root length density distribution are in part due
to the assumptions of the Feddes transpiration reduction function [53] as applied in the SWAP model.
This reduction function does not account for root water uptake compensation, i.e., enhanced uptake
from a wetter soil layer when other layers become too dry [60]. Furthermore, it only considers relative
root length, not accounting for absolute root length density. It is well known that the mechanistic
approaches that simulate root water uptake at a macroscopic scale (entire root system) should include
the preferential zone (layers with smaller resistances) of root water uptake, e.g., wetter soil layers.
In this sense, absolute root length density distribution and soil hydraulic properties are key factors for
more consistent simulations. The importance of these issues for root water uptake modeling has been
discussed in [23,24,61,62].
5. Conclusions
We tested the quality of fit of some descriptive functions used to simulate root length density
distribution over depth by fitting to experimentally established crop root density profiles retrieved
from literature. We also assessed the importance of the shape of the root length density profile in
hydrological modeling by testing the sensitivity of actual transpiration predictions to shape parameters
of root length density functions.
More than 50 literature sources were retrieved with 568 sets of root density profiles for crop
species that together represent 77% of the cropped area in the world. We found the cumulative root
density distributions to be well described by the logistic function (average R2adj of 0.98) or the Gompertz
function (average R2adj of 0.99). The simulation case study showed that root length density distribution
has a consistent effect on relative transpiration, which is frequently assumed proportional to relative
yield. The analysis of detailed day-to-day relative transpiration showed that the approach commonly
used in irrigation science to predict transpiration reduction and irrigation requirement from soil water
storage or average water content is only partially supported by our simulation results.
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511 518; 91, 426 431; 94, 136 145; 72, 981 986
Aust. J. Exp. Agr. 28, 249 252; 39, 709 720
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Can. J. Plant Sci. 44, 240 248
Crop Sci. 34, 810 812; 42, 773 780
Eur. J. Agron. 19, 225 237; 8, 117 125.
Field Crops Res. 11, 325 333; 21, 215 226; 22, 45 57; 37, 205 213; 66, 81 99; 93, 223 236
Hydrol. Process. 18, 2275 2287
Irrig. Sci. 12, 45 51; 12, 135 140; 12, 141 144; 12, 145 152; 12, 153 159; 12, 161 168; 17, 69 75
J. Agr. Sci. (Cambridge) 137, 251 270
JARQ Jpn. Agr. Res. Q. 34, 81 86
Plant Soil 200, 107 112; 201, 149 155; 206, 123 136; 207, 87 96; 253, 301 309; 255, 169 177; 255, 387 397; 267,
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Soil Sci. Soc. Am. J. 68, 529 537; 69, 197 205
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