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Predicting the wetting pattern of a dripper helps in the proper design of the drip irrigation system. An artiﬁcial
neural network predictor model was developed based on the data from the well-tested model HYDRUS 2D/3D.
The simulation data grid from HYDRUS was converted to simpler 3-variables vectors of wetting ellipses. The
output vectors contain the radii in x and z directions and the center’s location in the z direction. The simulations
were performed for several textural classes, inﬁltration times, emitter’s discharges, hydraulic models, and other
features. After training the neural network, the testing dataset showed a correlation of 0.93–0.99, and the tested
patterns showed high similarity to the HYDRUS outputs. Additionally, the paper provided solutions for the
problem of simulating larger ﬂow emitters where the ﬂux exceeds the soil’s hydraulic conductivity and the
problem of converting HYDRUS outputs to easy-to-use vectors of three parameters representing speciﬁc moisture
content at a particular time. This work tried a set of 51 input variables’ permutations suggesting the best set of
top results. The best trained neural network is freely available for the beneﬁt of researchers and for future
development. The sensitivity analysis of the input variables showed that the wetting pattern is mostly aﬀected by
time of inﬁltration, emitter discharge, and the saturated hydraulic conductivity. Future developments of the
model are promising by increasing the training data extremes and possibly by adding more features like emitter’s
depth for the subsurface drippers.

1. Introduction
Drip irrigation system oﬀers the highest water conservation among
all other irrigation systems. The main reason of such conservation is
that it limits the wetted zone to about 30% of that the other systems do,
hence, reduces deep percolation, surface runoﬀ, and evaporation from
the soil surface (Brouwer et al., 1988). The shape of the wetted part of
the soil root zone is called the Wetting Pattern (WP). The WP is a
partially saturated region with truncated-ellipsoid shape whose dimensions depend on several factors. These factors depend on the soil
(texture, compaction, hydraulic conductivity, etc.), the plant (type, age,
roots, etc.), the irrigation system’s features (dripper discharge, application frequency, etc.), and the climatic conditions (temperature, relative humidity, etc.) (Bhatnagar and Chauhan, 2008; Peries et al.,
2007). Understanding the wetting pattern features is very important to
achieve the reliable design of drip irrigation systems as well as for efﬁcient management of natural resources (Lazarovitch et al., 2009;
Lubana and Narda, 2001).
Several approaches to simulate the wetting pattern were performed;
⁎

these were either empirical, analytical, or numerical (Kandelous and
Šimůnek, 2010a). Empirical approaches use regression tools to derive
an equation based on the results of well-controlled experiments (e.g.
Malek and Peters, 2010). Analytical approaches use mathematical approximations to the modeled phenomena so that the governing equation can be solved with some easy calculations (e.g. Cook et al., 2003;
Kandelous et al., 2008). On the other hand, numerical approaches
(Arbat et al., 2013; e.g. Šimůnek et al., 2011) use the same governing
equation as the analytical approaches, but they solve it numerically (by
methods like ﬁnite element or ﬁnite diﬀerence) with almost no approximation or simpliﬁcation. Unlike numerical approaches, both
analytical and empirical approaches are fast and easy to solve, but their
results are less precise than the results of the empirical approaches.
Additionally, it worth to notice that the analytical models are useful in
understanding principles than other approaches, but because of the
spread of computers and other smart devices, the numerical methods
became much more attractive as they could handle more complex and
realistic situations (Kalogirou, 2007).
One of the most famous two-dimensional numerical models is the
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Ks
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θr
θs
α
n
Φ
q
m
r
Φadj

volumetric water content, L3L−3
time, T
soil water pressure head, L
horizontal coordinate
vertical coordinate
unsaturated hydraulic conductivity, LT−1
saturated hydraulic conductivity, LT−1
sink term representing root water uptake, L3L−3T−1
residual water content, L3L−3
saturated water content, L3L−3
empirical parameter for hydraulic models, L−1
empirical parameter for hydraulic models, –
soil-water ﬂux, LT−1
emitter discharge, L h−1
number of emitters per meter, –
radius, L
adjusted soil-water ﬂux, LT−1

δ
ψ
γ
θβ
θx, θn
θeﬀ
τ
Ti
Tts
Te
Ns
Ni, No
ν
MFG
ANN
GIT

wetting ellipse center’s location in z direction, L
a number from 1 to 9 representing wetting ellipse from
near dryness to near saturation, –
wetting ellipse radius in x direction, L
wetting ellipse center’s location in x direction, L
Wetting ellipse radius in z direction, L
current moisture content, L3L−3
maximum and minimum moisture content, L3L−3
eﬀective saturation, –
time factor, –
inﬁltration time, T
current time-step, T
time at the end of redistribution, T
number of records in the training dataset
number of input and output neurons
number of interconnected neurons in a layer
Method(s) of Features’ Grouping
Artiﬁcial neural networks
A quick name for the version control website GitHub.com

means of estimating nitrate distribution. Lazarovitch et al. (2009) used
the ANN approach in predicting water distribution around subsurface
drip irrigation. They used HYDRUS simulations (Šimůnek et al., 2011)
as the reference to water distribution, and they tested three scenarios of
input-output combinations concluding that prediction using moment
analyses is probably the most robust and gives an adequate picture of
the subsurface dripper water distribution. Later, Hinnell et al. (2010)
used this approach to develop a Microsoft Excel’s model that depends
on moment analysis to draw contours that are a close representation of
the actual wetting pattern.

HYDRUS (2D/3D) software package (Šimůnek et al., 2011). The model
is a ﬁnite element model for simulating the two- or three-dimensional
movement of water, heat, and multiple solutes in variably saturated
media. The model numerically solves the Richards equation for saturated–unsaturated water ﬂow and convection–dispersion type equations
for heat and solute transport. HYDRUS was well-tested by many investigators for surface or subsurface drip irrigation simulation (Skaggs
et al., 2004; Cook et al., 2006; Arbat et al., 2008; Kandelous and
Šimůnek, 2010a, 2010b; Ramos et al., 2012; Abou-Lila et al., 2013;
Elnesr et al., 2013; Liu et al., 2013). The good results of HYDRUS validation increases its reliability and trustfulness especially for no-plant
simulation (Mmolawa and Or, 2003; Zhou et al., 2007)
Despite the beneﬁts of the numerical solutions, they are not always
easy-to-use approaches. They are, however, very sensitive to the
boundary and initial condition, they may be unstable if over-relaxation
occur, they may have diﬃculties with speed and possibility of convergence, the precision is directly-proportional to the required hardware resources, and it needs a higher level of human skills than the
analytical models (Neufeld, 2010; Toombes and Chanson, 2011).
Hence, we need a more robust approach that leads to more realistic and
fast simulations; this might be achieved by the artiﬁcial intelligence
approaches. In these approaches, the models attempt to act like the
human brain that collects several input features that frequently appear
together, and link them to the result or output through a complex
nervous system that learns and improves its eﬃciency over time. This
imitation to the human brain is called the artiﬁcial neural networks
(ANN). Several works were published showing attempts to simulate the
in-soil ﬂow of water and solutes.
One of the earliest attempts was the work of Li et al. (2004) who
combined laboratory experiments with the ANN in simulating the distribution of nitrate fertigated by a dripper; they concluded that the ANN
models are reasonably accurate and can provide an easy and eﬃcient

1.1. Aim of the work
The objective of this work is to develop a diﬀerent neural network’s
approach to simulating the wetting pattern from a surface dripper, with
the various timings of inﬁltration and redistribution, diﬀerent soil
textural classes, diﬀerent soil-water retention models, etc. Additionally,
we aimed to use the developed model to evaluate the contribution of
each variable to the drip wetting pattern.
2. Material and methods
2.1. Governing equations of water movement in soil
We used HYDRUS (2D/3D) package to simulate soil-water distributions under a dripping point source. The model numerically solves
the Richards equation for variably-saturated water ﬂow in soils. The
Richards governing equation in two-dimensional coordinates is as follows (Tian et al., 2011):

∂θ
∂ ⎡
∂h
∂ ⎡
∂h
∂K (h)
=
K (h) ⎤ +
K (h) ⎤−
−S (h)
∂t
∂x ⎣
∂x ⎦
∂z ⎣
∂z ⎦
∂z

(1)

Table 1
Properties of the sample soil textures that were used in the simulations.
Texture

θr

θS

Ks (cm/min)

Sand (%)

Clay (%)

Silt (%)

α (1/cm)

n

Abbrev.

Plaut Index

Sand
Loamy Sand
Sandy Loam
Loam
Silt
Sandy Clay Loam
Clay Loam
Sandy Clay

0.045
0.057
0.065
0.078
0.034
0.100
0.095
0.100

0.430
0.410
0.410
0.430
0.460
0.390
0.410
0.380

0.495000
0.243194
0.073681
0.017333
0.004167
0.021833
0.004333
0.002000

93
85
65
45
10
60
35
55

1
5
15
15
5
25
35
40

6
10
20
40
85
15
30
5

0.145
0.124
0.075
0.036
0.016
0.059
0.019
0.027

2.68
2.28
1.89
1.56
1.37
1.48
1.31
1.23

Snd
LSn
SnL
Lom
Slt
SCL
ClL
SnC

19
18
13
10
8
6
5
3
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where θ is the volumetric water content [L3 L−3], t is the time [T], h is
the soil water pressure head [L], x is the horizontal coordinate [L], z is
the vertical coordinate that is positive upward [L], K is the unsaturated
hydraulic conductivity function where K(h) = Ks ∗ Kr(h) [L T−1]; Ks is
the saturated hydraulic conductivity [L T−1], and Kr is the relative
hydraulic conductivity [dimensionless], and S(h) is the sink term representing root water uptake expressed as a volume of water removed
from a unit volume of soil per unit time [L3 L−3 T−1].
The soil water retention can be determined by several models, in
our simulations, we used four water retention models; van Genuchten
(1980), Brooks and Corey (1964), Kosugi (1996), and Vogel and
Cislerova (1988); which is known as the modiﬁed van Genuchten’s
model. The unsaturated hydraulic conductivity is determined by combining any of the mentioned retention models with the pore-size distribution model of Mualem (1976).
In this paper, we used eight soil textural classes to simulate water
movement under surface dripper. From each textural class, we selected
a sample texture which lays in the middle of the texture region on the
USDA soil texture triangle. The properties of the selected soils are listed
in Table 1.
To simplify the number of features of the ANN, instead of entering
all the listed parameters (θr, θs, Ks, etc.) we beneﬁted from the ability of
entering categorical features to the ANN, hence, we input each textural
class as one categorical feature, then we used Plaut Index (Plaut et al.,
2007) to convert soil textural classes to numeric indices. The index
coded the textural classes from ﬁnest to coarsest, where the clay
index = 1, the sand index = 19, and the unweathered bedrock’s
index = 40, (Please refer to the supplementary table S1 for the full
values of the index, however, in this study we used only some selected
textures between 3 and 19). Using numeric ﬁelds in the ANN instead of
Categorical ﬁelds signiﬁcantly increase the training speed and accuracy. The index of each textural class is placed in the last column of
Table 1. Including or omitting any of the features were subject to trials
as will be described in Section 2.6.

Fig. 2. The element representing the dripperline is selected as a semicircle as in is similar
to the surface dripline grove in the real world.

in the same ﬁgure. While the dripline extends at Y direction, the emitter
is simulated as a small half-circle at the middle of the XZ domain
(r = 1.5 cm). The semicircular representation of the emitter’s element
ensures the ﬂux to emit evenly in the X and Z directions as implemented
by many researchers (e.g. Elnesr et al., 2013; Kandelous and Šimůnek,
2010a; Skaggs et al., 2004), additionally, the semicircular representation of the emitter’s place is similar to the real-world grove that is made
by the dripperline at the soil surface, Fig. 2. For the XZ domain, the
emitter’s discharge is converted to ﬂux by dividing it by the eﬀective
area of the domain, Eq. (2). The eﬀective area of this domain (per unit
length) is the perimeter of the semicircle multiplied by 100 cm as
shown in Fig. 3. In the current research, we assumed three emitters/ m,

2.2. Simulation domain and boundary conditions
For all the simulated scenarios, we used a 2D vertical plane domain
(XZ) with 150 × 200 cm dimensions, Fig. 1. The boundary conditions
(BC) were assumed to be “atmospheric” at the soil surface (top of the
domain), “free-drainage” at the bottom of the domain below the
emitter, and “no-ﬂux” at the left and right sides of the domain, as shown

Fig. 1. Domain geometry and boundary conditions with
magniﬁed snap of the emitter's region.

92

Computers and Electronics in Agriculture 143 (2017) 90–99

M.N. Elnesr, A.A. Alazba

2

x=ψ±δ×

⎛⎜1− (z−η) ⎟⎞
γ2 ⎠
⎝

(5)

For each simulation, we estimated 9 wetting-pattern ellipses for
each time-step, each ellipse represents one value of moisture content of
θβ; where β = integer from 1 to 9, Eq. (6).

θβ = θn + 0.1β (θx −θn )

where θn, and θx: the minimum and maximum water content values in
the simulation domain through all the time steps.
For each ellipse, we get its η, γ, δ values by a special MS-Excel macro
that calculates them from HYDRUS ﬁles by gridding all data in a
10 cm × 10 cm units, then identify the location of each θβ by comparing
each pair of consequent grid units, then the value of either δ or γ is
calculated by linear interpolation between grid values. The location of η
is estimated as the layer that has the widest radius of the same θβ.
Accordingly, for each simulation, we have 9 moisture content values × 13 time-steps = 117 sets of [η, γ, δ] vector.
Because the of the eﬀect of diﬀerent soil textures, and to unify the
meaning of θβ among the various textures and simulations, we used the
eﬀective saturation θeﬀ instead of θβ, Eq. (7).

Fig. 3. The eﬀective emission area of the domain per unit length.

as this is the typical spacing used for vegetables (Elnesr et al., 2015).

Φ=

qm
6πr

(2)

where Φ: ﬂux [cm min−1]; q: discharge [L h−1]; m: number of emitters
per meter; r: the element’s radius [cm], Fig. 1.
To ensure HYDRUS simulation to converge, the ﬂux must be less
than the saturated hydraulic conductivity. Otherwise, a runoﬀ will
occur (Gärdenäs et al., 2005; Lazarovitch et al., 2005). To simplify this
condition, we assume that the semi-circular element (that represents
the emitter) will expand in +x and –x directions forming saturated
banks (the cyan elements in Fig. 1), the length of this bank b [cm]
rounded up to the nearest 0.5 cm is calculated as follows:

qm πr
− ,0.5⎞
b = roundup ⎛
12
⎝ Ks 2
⎠
⎜

θeff =

(7)

θs−θr

where θr: the residual water content; θs: the saturated moisture content.
Additionally, to normalize the time-step to the inﬁltration/redistribution ratio, we considered a Time-Factor, τ, where τ ∈ [−1, 1],
τ = 1 at the beginning of inﬁltration, τ = 0 at the end of inﬁltration
(where the redistribution begins), and τ = −1 at the end of the redistribution (end of simulation), we assume linear gradient at the inﬁltration phase and logarithmic gradient at the redistribution phase,
Eq. (8).

(3)

⎧
τ=

The adjusted ﬂux, Φadj [cm min−1], is calculated as follows:

Φadj.

θβ−θr

⎟

qm
=
12(b + πr )

(6)

Ti − Tts
Ti

→ Tts ⩽ Ti

⎨ −log(Ti)
→ Tts > Ti
⎩ log(Te + 10Ti)

(8)

where Ti: the inﬁltration time; Tts: the current time-step; Te: the time at
the end of redistribution.

(4)

This ensures that Φadj < Ks, and hence, a stable numeric solution.
2.5. Setting up the neural network
2.3. The number of simulated cases

We used a multi-layer perceptron (MLP) that consists of an input
layer with a neuron for each numeric element of the input features, and
n neurons for each categorical feature, where n is the number of values
of such feature. The network consists of an input layer, one or more
hidden layers, and an output layer. Each neuron is connected to all the
neurons in the layer next to it with axons which are called connection
weights. After passing an activation function, the inputs of each layer
(except the input layer) are the outputs of the previous layer. The yield
of the output layer is compared to the given output vector, and a cost

The initial condition was set as uniform moisture content equals the
value of the residual water content of the selected texture. We have
varied 5 of the simulation features that we thought they typically aﬀect
the wetting pattern simulation, Table 2, which are soil texture, emitter
discharge, the hydraulic model, the inﬁltration duration, and the target
ﬁnite element mesh size. The values of each feature are listed in
Table 2. The simulation time was ﬁxed for 3 days (4320 min), this time
is divided between the inﬁltration (variable) and the redistribution (the
remaining time). Each simulation has 13 ﬁxed time-steps to show at 5,
15, 30, 45 min, 1, 2, 3, 4, 6, 12 h, 1, 2, 3 days.

Table 2
The changed features of drip simulation and their values.

2.4. Converting numerical output to ellipses
To simplify the input formats to the neural networks, we converted
HYDRUS outputs to elliptical contours with 3-point vector describing
each contour level. To understand the representation of the contours,
consider an ellipse where its center is biased oﬀ-origin, Fig. 4, by η in –Z
direction, and ψ in the X direction. In our case where the emitter is
centered horizontally, ψ is always = 0.0. Hence, we have the width of
the ellipse = 2 δ and the depth of the deepest point = η + γ. The
coordinates of any point on the boundary of the ellipse (x, z) is determined by Eq. (5)
93

Feature

Count

Values

Soil texture

8

Emitter discharge (L
h−1)
Hydraulic model

7

Sand, Loamy Sand, Sandy Loam, Loam, Silt, Sandy
Clay Loam, Clay Loam
1, 2, 3, 4, 6, 8, 12

Inﬁltration duration
(h)
Targeted FE mesh
(cm)

7

van Genuchten – Mualem, van Genuchten –
Mualem with an air-entry value of 2 cm, Modiﬁed
van Genuchten, Brooks-Corey, Kosugi
0.5, 1.0, 1.5, 2.0, 3.0, 4.0, 6.0

7

1.5, 2.5, 6.2, 10, 12, 15, 20

5
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neuron in the current layer (Bengio, 2012; Orr and Müller, 1998). We
used NeuroCharter v 1.0 software (Elnesr and Alazba, 2017) which is an
open-source Python solution to solve neural networks problems with
high ﬂexibility in processing and outputs primarily designed for scientiﬁc research purposes. The dataset is divided by into 70%, 20%, 10%
for training, validating, and testing. Training stops if any of the following three conditions happened; if the cumulative cost/error is less
than ε (a small value usually 10−5–10−6), or if the change in cost is less
than ε, or if the cost of the validation dataset is increasing for more the
30 epochs. Hence the training stops and the network with minimum
cost is selected to perform testing on it.
2.6. Methods of setting up data for the neural network
There are many features that aﬀect the wetting pattern, some of the
features are basic, and we cannot omit them, like emitter discharge,
irrigation duration, hydraulic model, ﬁnite element mesh size, and time
factor. while some features can either be included or not, like the inﬁltration ﬂag that is a Boolean feature (1 on inﬁltration or 0 on redistribution), some features can be represented in several ways, like the
soil texture that can be represented by the categorical feature or by the
texture index. To ensure we selected the proper set of features we have
identiﬁed 16 features that mostly aﬀect the wetting pattern, we have
selected 51 combinations of them (called Methods of Features’
Grouping, MFG), then we proceeded each MFG 6 times and averaged
their performance statistics (like the correlation coeﬃcient, cost function, etc.), we put some weighted criteria to score each method depending on the performance statistics, number of the included features,
and other performance measures, then we selected the highest score
method to complete the analysis with. Sample methods of data gathering are presented in Table 3, the scores of the sample methods are
shown in Fig. 5. A full description of the methods, their results and
scores are attached at the supplementary excel ﬁle {S2}. Overall, the
top three scores of MFG were by MFG 9, 5, and 21 respectively, Fig. 5.
The included features in these top three MFGs are as follows: the three
methods are common in including (see Table 3) the emitter discharge,
hydraulic model, irrigation duration, ﬁnite element mesh size, time
factor, saturated hydraulic conductivity, and soil textural class, while
they all exclude the soil texture index and the Sand/Clay/Silt percentages. The eﬀective saturation (θeﬀ) is included in MFG 5 instead of
three variables (θβ, θr, θs), where the roles were switched at MFG 9 and

Fig. 4. Geometry of eccentric ellipse.

function is calculated. The cost is used to update the connection weights
in the backward direction by the backpropagation algorithm, (Dreyfus,
1973). We used sequential (online) learning mode to manipulate the
data as it is more likely to escape from local-minima than the batch
mode (Bishop, 1995; Leverington, 2009). This means that the weights
are updated after manipulating each data line, not after manipulating
the whole dataset as in batch mode. The network structure is automatically selected by the software according to the number of input and
output variables and their type, i.e., the input and output layer sizes are
ﬁxed for each features-collection scenario, while the number of hidden
2
layer neurons is taken between 3 (Ni + No) and Ns /(λ (Ni + No)) where Ns
is the number of records in the training dataset, Ni and No are the
numbers of input and output neurons, and λ is an arbitrary scaling
factor usually 2–20 (Hagan et al., 2014). The data was normalized by
mini-max encoding for numeric features, and by 1-of-C dummy encoding for categorical features (McCaﬀrey, 2013). To ensure a fast
learning speed, the network weights are initialized randomly within the
range of ± ν−1/2 where ν is the number of neurons connected to each
Table 3
Selected methods of data grouping and their features.

Methods of features’ grouping
Feature

Numeric/ Categorical

1

5

9

12

17

21

22

28

33

42

46

50

Emitter discharge
Hydraulic Model
Irrigation duration
Finite element mesh
Time Factor
Inﬁltration-Redistribution ﬂag
Saturated Hydraulic conductivity
Eﬀective saturation
Current water content
Residual water content
Saturated water content
Soil Textural class
Soil Texture index
Sand %
Clay %
Silt %
Vertical radius of WP
Horizontal radius of WP
The vertical depth of the pattern center

Numeric
Categorical
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Categorical
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Categorical

✓
✓
✓
✓
✓
×
×
×
✓
✓
✓
✓
×
×
×
×
✓
✓
✓
×

✓
✓
✓
✓
✓
×
✓
✓
×
×
×
✓
×
×
×
×
✓
✓
✓
×

✓
✓
✓
✓
✓
×
✓
×
✓
✓
✓
✓
×
×
×
×
✓
✓
✓
×

✓
✓
✓
✓
✓
×
✓
×
✓
✓
✓
×
✓
×
×
×
✓
✓
×
✓

✓
✓
✓
✓
✓
✓
✓
✓
×
×
×
✓
×
×
×
×
✓
✓
✓
×

✓
✓
✓
✓
✓
✓
✓
×
✓
✓
✓
✓
×
×
×
×
✓
✓
✓
×

✓
✓
✓
✓
✓
✓
✓
×
✓
✓
✓
✓
×
×
×
×
✓
✓
×
✓

✓
✓
✓
✓
✓
×
×
×
✓
✓
✓
×
✓
✓
✓
✓
✓
✓
×
✓

✓
✓
✓
✓
✓
×
✓
×
✓
✓
✓
✓
×
✓
✓
✓
✓
✓
✓
×

✓
✓
✓
✓
✓
✓
✓
✓
×
×
×
✓
×
✓
✓
✓
✓
✓
×
✓

✓
✓
✓
✓
✓
✓
✓
×
✓
✓
✓
✓
×
✓
✓
✓
✓
✓
×
✓

✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
✓
×
✓
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Fig. 5. Scores of selected methods of data gathering.

21. Finally, the inﬁltration/redistribution Boolean ﬂag appears in MFG
21 but not 5 or 9. The scores of methods 9, 5, 21 were 42.2, 41.2, 41.0
respectively. To ensure the best ﬁt and to avoid the randomization and
overﬁtting eﬀects, each MFG was run 12 times with extended allowable
epochs; then we selected the run with minimum cost and maximum
average correlation coeﬃcients to all outputs. The performance statistics of the three MFGs for training and testing are listed in Table 4.

goldensoftware.com}. The method of converting HYDRUS outputs to
simple 3-parameter ellipses was tested for several simulations and timesteps, the resulted patterns were very similar to the original patterns
with very few biases, as shown in Fig. 6.

3. Results and discussion
3.1. The predictions of the artiﬁcial neural networks

2.7. Calculation of inputs’ contribution to output variables

After training all the neural networks, the best networks were selected as indicated in Sections 2–4, Section 5, Section 6. The trained
network for MFG 9 is illustrated in Fig. 7; where the lines between
neurons indicate weights, and the line’s thickness is directly proportional to the weight value, while the color of the line shows the sign of
the weight (blue = positive, red = negative). This is a quick method to
know the importance of each of the input variables, a more descriptive
method is detailed in the next section.
The results of the ANN prediction are fairly good, Fig. 8, the correlation coeﬃcients, for 7809 data points range between 0.93 and 0.99,
as listed in Table 4 and the error (cost) approaches zero for δ and γ,
while it is about 4.9 cm for η, this may be due to the method of converting HYDRUS data to the three-parameter vectors as it identiﬁes the
ellipse’s bias in Z direction, η, through a 10-cm grid which produces
discrete data, while the other two parameters were calculated by interpolation between two layers. However, the model’s predictions seem
very close to the observed contour lines, as shown in many test cases, as
sampled in Fig. 9, each of the illustrated methods diﬀer slightly from
the other, but all of them visually give good predictions especially
MFGs 9 and 21. The trained networks are freely available at the GIT
page (https://github.com/drnesr/NeuroCharter) where they can be
used to perform simulations and future studies (this requires

Similar to most of the natural processes, the relationships between
the variables inﬂuence soil-water movement are complicated and
highly nonlinear. One of the most appropriate methods to illustrate
these relationships is the artiﬁcial neural networks (Gevrey et al.,
2003). Several investigators introduced diﬀerent methods to compute
variables contribution (sometimes called importance) using the ANN,
some of these methods uses the input-to-hidden and hidden-to-output
weights to ﬁnd the inﬂuence, while others use the neural network as a
black box to ﬁnd the eﬀect of each variable by changing its value
gradually while ﬁxing the rest of variables to random values. In this
paper, we use two of the weights methods (using the NeuroCharter
software) that were introduced by Goh (1995), and Milne and Willock
(1995), where the former gets the positive relationships only, while the
latter gets both positive and negative relationships.
2.8. Plotting the wetting contours
To compare HYDRUS output to the simpliﬁed Ellipses, and later to
the predicted patterns of the neural networks, we converted all to an
XYZ form, then gridded by the Kriging method (Krige, 1951), and
plotted by the Surfer software {Surfer® 11, Golden Software LLC, www.
Table 4
Performance statistics of the selected methods.
Training

Testing

Title

Output

Method 5

Method 9

Method 21

Method 5

Method 9

Method 21

Error per output (cm)

γ
δ
η

0.1396
0.0697
4.9694

0.1369
0.0637
4.9791

0.1062
0.0583
4.9653

0.1219
0.0634
4.9682

0.1480
0.0562
4.9758

0.0886
0.0561
4.9559

Correlation coeﬃcients

γ
δ
η

0.9595
0.9794
0.9343

0.9608
0.9814
0.9266

0.9682
0.9825
0.9403

0.9632
0.9809
0.9318

0.9564
0.9883
0.9254

0.9727
0.9831
0.9475
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Fig. 6. Overlaid contour maps showing both HYDRUS contours (ﬁlled contours with solid lines) and the Ellipses contours (dotted lines with no ﬁll) at two diﬀerent inﬁltration times.

Fig. 7. Three-Layer ANN on MFG 9, showing the layers of inputs,
hidden, and outputs. Categorical features are in parentheses. Lines
between neurons show weights, where the line’s thickness is directly
proportional to the weight value, blue/red lines indicate positive/negative weights respectively. All symbols are indicated in nomenclature. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)
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Fig. 8. ANN Predicted vs. observed values of δ, γ, and η (columns) for the methods # 5, 9, and 21 (rows). Each chart represents 7809 data points.

Fig. 9. Predicted vs. observed wetting patterns for the selected MFGs. The predicted contours are shown in colored shades, while the proposed contours are the solid lines. (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 10. Inputs contribution to outputs. The outer, middle, and inner
rings represent η, γ, and δ respectively. All symbols are described in the
nomenclature.

hydraulic model have a signiﬁcant inﬂuence on the wetting pattern, in
this study, we added some of the major characteristics of them (i.e. Ks,
θr, and θs) as independent variables. Thus the textural class here represent the rest of the characteristics of the soil texture that are not
added to the current model like alpha, n, m, and lambda. Finally, the
study showed that the ﬁnite element mesh size has almost no eﬀect on
the three output variables, which is logic, but we added it as a possible
contributor because we noticed that choosing a coarser mesh changes
the shape of the wetting patterns, but as we convert the pattern to ellipses by interpolation, the eﬀect of it vanishes despite it is visually
noticed.

installation of the NeuroCharter free software from the same GIT hub
page and a small knowledge of Python language)
3.2. The outputs contributions on the inputs
Using the trained network, we have studied the contributions of the
input variables on the output variables as shown in Fig. 10 (The ﬁgure
and the next discussion will reﬂect MFG # 9, as it oﬀers the best accuracy, similar ﬁgures for MFG #5 and #21 are available on the supplementary material {S3}). The three coaxial rings are for δ, γ, and η
from outside to inside. The horizontal radius of the wetting ellipse, δ, is
the least aﬀected parameter by the elapsed time τ, as it is aﬀected 10%,
while the vertical radius γ and vertical drop η are aﬀected at 25% and
37% respectively. This means that the wetting pattern tends to increase
mostly in z direction more than the increase in the x direction (for the
studied textures). The next contributor that aﬀects the wetting ellipse
dimensions is the moisture content θβ which aﬀects mostly δ and γ by
about 20%, while η is less aﬀected. These values mean that higher
moisture contents lead to larger ellipse if all other factors are ﬁxed. The
emitter’s discharge aﬀects the outputs with almost the same values as
θβ. The relationship between the emitter discharge and the soil
moisture content may be misleading, but it can be clariﬁed if we assume
that we have 2 emitters, 2 L h−1 and 4 L h−1, and we are monitoring
the soil for 23% moisture content, if all other appropriate parameters
are similar, then the wetting ellipse of the 4 L h−1 at 23% moisture
content will be bigger in size than that of the 2 L h−1 emitter. The
wetting ellipses’ dimensions are aﬀected by the saturated hydraulic
conductivity, Ks. However, our study shows the large eﬀect on the x
direction parameter and a small eﬀect on the z direction parameters. It
worth to say that the contribution value not necessarily directly proportional to the aﬀected output, as it may be inversely proportional as
well, like in this case, where the decrease of Ks, increases the horizontal
radius, and vice versa. Although the results show that Ks has less contribution on γ and η, this does not mean they are not aﬀected by Ks, but
that other inputs aﬀect them more. The soil wetting boundaries θr, and
θs have a similar eﬀect on all the output variables with about 9–12%.
The inﬁltration time of irrigation has less contribution to the output
variables, but it can be said that the more the eﬀect is clearly more in
the z direction variables (10%, 5%) than on the x direction (7%) this
can draw a conclusion that increasing the irrigation duration tends to
increase the depth of the wetting pattern, which is not preferable in
most cases to avoid water escape out of the root boundaries. The minor
contributors on the output variables are the textural class and the used
hydraulic model, where each of them has less than 4.5% contribution
on any of the output variables. Although the soil texture and the

4. Conclusions
An innovative solution for predicting the dimensions of wetting
contours of surface drippers was introduced. The solution used artiﬁcial
neural network method as a reliable and robust method for predicting
the complex nonlinear systems. Our data were gathered from a wellveriﬁed numerical model which is HYDRUS 2D/3D model. In this
paper, we showed our solution to some simulation problems using
HYDRUS, like the instability problem when the emitter’s ﬂux is higher
than the soil’s saturated hydraulic conductivity, also we showed the
method of converting the HYDRUS outputs to simple 3-factors vector of
ellipses that can be simulated easier and faster than entering the whole
moisture grid for each time-step. We tried 51 methods of variables
gathering, and we selected the top three methods with least errors and a
minimal number of inputs according to some automated criteria. Due to
the limited space of this paper, we have placed the results of all the
methods in a separate attached ﬁle, while we put the most important
results in this text. The resulted ANN trained ﬁle is freely available for
the beneﬁt of the readers who are welcomed to perform future studies
on it. Our sensitivity analysis of the input variables showed that the
wetting pattern mostly aﬀected by time of inﬁltration, emitter discharge, and the saturated conductivity. Due to some limitations in the
data set, some of the metrics were not as expected especially for the
center line determination of the wetting ellipse, η, we hope that we can
increase the accuracy of the ANN by using larger training sets with ﬁner
conversion grid to overcome this problem. This work can also be expanded to include the position of the emitter, i.e. for subsurface emitters, due to the importance of subsurface drip design nowadays.
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