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Abstract 

Understanding the distribution of water and salt in the crop’s root zone and predicting 
future soil degradation requires specific monitoring to establish guidelines for irrigation 
management and system performance. Two field experiments were conducted in the arid 
region of Southern Tunisia to assess soil water and salt dynamics under surface- and drip-
irrigated carrots using HYDRUS 2D/3D simulations in the 2017–2018 and 2018–2019 crop 
seasons. The soil water contents and bulk soil electrical conductivities were measured at 
three distinct soil layers: 0–20 cm, 20–40 cm, and 40–60 cm, where TDR probes were 
located. Statistical indicators (nRMSE, IA, and PBIAS) suggest that HYDRUS 2D/3D is 
reliable in simulating field hydro-saline dynamics for irrigated carrots. The results 
obtained for the two crop seasons exhibit a strong correlation between the simulated and 
measured values for both soil water contents and electrical conductivities. The study also 
shows that HYDRUS 2D/3D allows more accurate simulations of soil water dynamics than 
soil salinity under these conditions. Overall, these results provide valuable insights for 
understanding the hydrological processes in arid regions and can help in improving the 
management of water resources in these areas. 
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1. Introduction 
Irrigation water management in Mediterranean regions faces significant challenges 

driven by the growing uncertainties associated with climate change. Increased irrigation 
usage is expected to significantly reduce the availability of fresh water with a potential 
decrease of 2–15% for each 2 °C of warming [1]. In Southern Tunisia, irrigated areas are a 
vital part of agricultural production but are constrained by the regionʹs arid climate and 
limited water resources. According to [2,3], Southern Tunisia comprises approximately 
14.4% of the nation’s irrigated land, with irrigation primarily dependent on groundwater 
because of scarce surface water resources. The Médenine governorate experiences an arid 
climate, characterized by high evapotranspiration and low precipitation. The irrigated 
land in this governorate covers 4437 hectares, representing 1.18% of the total agricultural 
area [4]. Unfortunately, the exploitation of groundwater resources hit 13.52 Mm3 year−1 in 
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2013, reflecting an over-exploitation rate of 107%. Consequently, the water salinity levels 
soared to 10 g L−1, and abandoned wells accounted for 46% of all the wells in the 
governorate [5]. Additionally, using saline irrigation water for sensitive and tolerant 
crops, particularly vegetables, worsens soil salinization. Indeed, prolonged irrigation with 
saline water can lead to salt accumulation in the root zone, impairing plant growth and 
threatening the long-term sustainability of agricultural systems [6–9]. 

In the face of these challenges, it is essential to adopt sustainable irrigation 
management practices that optimize water use while minimizing the negative impacts of 
salinity. Understanding water and salt distribution in the root zone and predicting future 
degradation requires specific monitoring actions, which can help to create a guideline for 
irrigation salinity management [10]. Evaluation of the cropsʹ response to different salinity 
conditions needs time and experimental efforts, as it is influenced by the plant species, the 
level of salinity, and the environmental conditions. Numerical simulation models can be 
considered an economic and simple tool to better understand the salt dynamics with the 
aim of optimizing water use under arid conditions. Among models for simulating water 
flow, solute transport, and root water uptake in soils, HYDRUS [11] has been widely used 
in arid and semi-arid regions, offering a cost-effective and scientifically sound method for 
predicting salinization processes under various irrigation scenarios [12,13]. This model 
enables the development of strategic decisions for efficient irrigation management, 
reducing the risk of soil degradation and ensuring long-term agricultural productivity 
[14]. The capabilities of HYDRUS in evaluating, summarizing, and extrapolating 
information on water flow and solute transport processes in the vadose zone have been 
demonstrated in hundreds of scientific papers. Šimůnek et al. [15] reviewed several 
studies in which HYDRUS was applied to irrigated systems, mainly furrow and drip 
irrigation applications. More recently, [15] further expanded this earlier review to assess 
the current modeling capabilities of HYDRUS for a broader range of irrigation methods 
and related processes. 

In the HYDRUS model, water flow and solute transport are modeled using a 
physically based numerical framework that requires accurate determination of soil 
hydraulic and transport parameters, which involve costly and laborious investigations 
[16]. Furthermore, as highlighted by [15], an intrinsic degree of uncertainty is associated 
with many of these parameters due to natural soil variability. To overcome this drawback, 
pedotransfer functions [17–20] can be used with the awareness that model parameters can 
be severely misestimated, thus invalidating the simulation results. A frequently applied 
option to effectively address the parameter uncertainties and enhance the predictive 
reliability of the model consists of using field observations to calibrate the model hydro-
saline parameters, starting from guess values that are gathered from PTFs or measured 
on a limited number of samples with simple and routine laboratory/field techniques. The 
reliability of the calibrated parameters is then assessed by validating the model results 
with independent data. A brief summary of the theory underlying the HYDRUS model, 
the input parameters required for code execution, and the guidelines to obtain these 
parameters through model calibration and validation can be found in [21]. 

However, field-based multi-season evaluations that simultaneously assess coupled 
water-salt dynamics while comparing drip and surface irrigation under saline 
groundwater irrigation in arid environments remain limited. This study aims to 
investigate the capability of the HYDRUS 2D/3D model in simulating the soil water and 
solute dynamics under drip (DI) and surface irrigation (SI) in the arid conditions of 
Southern Tunisia. The comparison between these two irrigation methods is particularly 
relevant because agriculture in Southern Tunisia is progressively shifting from the 
traditional surface irrigation systems, where water is delivered by canal networks, to more 
modern pressurized systems that can improve water use efficiency and reduce water 
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consumption. In this context, the availability of a reliable prediction tool is crucial for 
designing sustainable irrigation management strategies, especially when moderately 
saline groundwater represents the main or only available irrigation resource. To address 
the practical limitations often encountered in data-scarce arid environments, this study 
proposes a calibration procedure that combines information obtained from laboratory 
measurements with a manual trial-and-error procedure to adjust the values of the 
saturated soil hydraulic conductivity to minimize the discrepancies between the 
simulated and measured soil water contents. The calibrated model is then applied for 
validation to a second irrigation season under SI and DI. 

2. Materials and Methods 
2.1. Field Description and Measurements 

The field experiments were conducted over two consecutive fall–winter seasons 
(2017–2018 and 2018–2019) at the Agricultural Training Center of ELfjé, Médenine in 
Tunisia (33.456° N, 10.638° E). This region, situated in the arid southeastern part of 
Tunisia, is characterized by an arid climate with high annual potential evapotranspiration 
and scanty annual rainfall (average < 150 mm year−1). During the two study seasons, total 
rainfall amounted to 234 mm in 2017–2018 and 176 mm in 2018–2019 (recorded from a 
weather station located close to the field experiment). The soil texture, as determined by 
the pipette method [22], is relatively uniform along the 0–60 cm profile and is classified as 
sandy according to the USDA soil classification system. Soil bulk density was determined 
on replicated undisturbed cores (8 cm diameter by 5 cm height) (Table 1). 

Table 1. Physical properties of the soil profile. 

Depth [cm] 0–20 20–40 40–60 Average 
USDA Soil Classification sandy  sandy  sandy sandy 

sand [%] 85.8 81.5 74.5 80.6 
silt [%] 3.2 5.3 10.5 6.3 
clay [%] 11.0 13.2 15.0 13.1 

Soil dry bulk density [g cm−3] 1.48 1.46 1.43 1.46 

Over two consecutive fall–winter seasons, native variety carrots of the region were 
cultivated, with sowing taking place each year on 20 October. The crop cycle lasted 
approximately 140 days, and harvest took place on 3 March (2017–2018) and 12 March 
(2018–2019). The experimental field was divided into two theses based on irrigation 
method: surface (SI) and drip (DI) irrigation. For both theses, three replicate elementary 
plots were considered (Figure 1). 

For the DI, the dimensions of the elementary plot were 2.5 m large and 25 m long. 
The irrigation system consisted of six drip lines installed with a spacing of 50 cm and 
positioned on the soil surface next to the carrot rows. Along the rows, carrots were seeded 
densely, with an average plant spacing of about 5 cm. The drippers, which were 
coextruded with the lateral, were spaced 40 cm along the line and operated at a nominal 
flow rate of 4 L h−1. The SI thesis consisted of three 2 m × 2 m elementary plots delimited 
by shallow soil embankments and separated from each other by service paths. Carrots 
were seeded uniformly into each plot. The same experimental area and design were used 
for the two crop seasons. 



Land 2026, 15, 197 4 of 19 
 

https://doi.org/10.3390/land15010197 

 

Figure 1. Layout of the experimental field. 

Surface well water having a mean electrical conductivity (EC) of 7.4 dS m−1 was used 
for both seasons and irrigation systems. The water amounts delivered to the irrigation 
plots were measured using water meters. Irrigation scheduling was computed using the 
soil water balance method according to FAO Irrigation and Drainage Paper No. 56, with 
daily evapotranspiration (ET0) estimated according to the Penman–Monteith equation 
[23]. The crop evapotranspiration under standard conditions (ETm) was computed as 𝐸𝑇௠ = 𝐸𝑇଴ 𝐾௖ (1) 

where Kc is a crop coefficient accounting for crop type and crop development stage. 
Two approaches were considered for calculating ETm: (i) the single crop coefficient 

method for surface irrigation, given that the canopy uniformly covered the soil surface at 
full stage development, and (ii) the dual crop coefficient method for drip irrigation, as the 
carrot rows were 50 cm spaced. In the dual-coefficient approach, Kc was calculated as  𝐾௖ =   𝐾௖௕ +  𝐾௘ (2) 

where Kcb is the basal crop coefficient (transpiration component), and Ke is the soil water 
evaporation coefficient. Transpiration (Tm) and evaporation (Em) under standard 
conditions were calculated as follows:  𝑇௠ =   𝐾௖௕ 𝐸𝑇଴ (3) 

𝐸௠ =   𝐾௘ 𝐸𝑇଴ (4) 

The stage-dependent values of Kc and Kcb suggested by FAO-56 (initial, crop 
development, mid-season, and late season stages) were considered. A maximum allowed 
depletion of 35% was used to estimate irrigation amount and timing, following a soil 
water depletion threshold approach commonly adopted in irrigation scheduling studies 
[24]. Seasonal irrigation depths were 283 mm (applied in 12 irrigation events) in 2017–
2018 and 176 mm (12 irrigations) in 2018–2019 for DI, and 294 mm (13 irrigations) in 2017–
2018 and 378 mm (15 irrigations) in 2018–2019 for SI (Figure 2). 
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Figure 2. Reference evapotranspiration (ET0), transpiration (Tm), and evaporation (Em) under 
standard conditions for crop seasons 2017–2018 and 2018–2019, and both irrigation methods. 
Rainfall (P) and irrigation amount (I) data are also shown. 

Soil volumetric water content and salinity were measured using tube access probes 
(Handheld Device HD2 IMKO Micromodultechnik, GmbH –Ettlinghen, Germany) based 
on time-domain reflectometry (TDR). Access tubes were installed in each sub-plot, 
perpendicular to the dripline, at distances of 0, 10, and 20 cm from the emitter for the DI 
system and at the center of each plot for the SI system. Measurements were collected at 
three depth intervals (0–20, 20–40, and 40–60 cm) throughout the growing season. 
Monitoring was performed manually (event-based) using the handheld unit, with 
measurements collected before and after each irrigation event and after significant rainfall 
events. 

The manufacturer’s calibration curve of the TDR probe was checked for the 
experimental soil using two pots (30 cm width × 25 cm length). One pot was irrigated with 
the same saline water used for irrigation (EC = 7.34 dS m−1), while the other pot was 
irrigated with fresh water (EC = 2.1 dS m−1). Soil samples were collected using an auger to 
measure the gravimetric soil water content after oven drying the sample for 24 h at 105 
°C. Gravimetric water content values were converted into volumetric water content, θ 
(cm3 cm−3), using the bulk density of the pot. The same samples were used to measure the 
electrical conductivity of saturated paste extract, ECe [dS m−1], [25]. The relationship 
between θ values determined by TDR and the thermogravimetric method did not differ 
from the identity line (R2 = 0.9621). The linear relationship between bulk soil electrical 
conductivity measured by TDR, ECTDR, and the corresponding soil ECe was ECe = 2.33 
ECTDR (R2 = 0.7595). 

2.2. HYDRUS 2D/3D Parametrization and Input 

2.2.1. Governing Equations HYDRUS 2D/3D 

HYDRUS 2D/3D v5.04 was used to simulate water and salt dynamics, including 
actual crop transpiration. The soil water distribution and redistribution processes are 
described with Richards’ equation for variable-saturated flow, which incorporates a sink 
term (S) to account for root water uptake: 
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𝜕𝜃𝜕𝑡 = 𝜕𝜕𝑥௜ ቈ𝐾 ቆ𝜕ℎ𝜕𝑥௝ + 1ቇ቉ − 𝑆 (5) 

where θ is the volumetric water content [L3 L−3], h is the pressure head [L], S is a sink term 
expressing the rate of root water uptake [T−1], xi (i = 1, 2, 3) are the spatial coordinates [L], 
t is time [T], and K is the unsaturated hydraulic conductivity function [L T−1] given by 𝐾ሺℎ, 𝑥, 𝑦, 𝑧ሻ = 𝐾௦ሺ𝑥,𝑦, 𝑧ሻ 𝐾௥ሺℎ, 𝑥, 𝑦, 𝑧ሻ (6) 

where Kr is the relative hydraulic conductivity and Ks the saturated hydraulic conductivity 
[LT−1]. In HYDRUS 2D/3D, Equation (5) is solved numerically using the Galerkin finite 
element method, which is the default solver setting implemented in the code. Similarly, 
the non-reactive soil solute transport in the soil profile is simulated using the Fickian-
based advection–dispersion equation, also solved using the Galerkin finite element 
method: 𝜕𝜃𝑐𝜕𝑡 = 𝜕𝜕𝑥௜ ቆ𝜃𝐷௜௝ 𝜕𝑐𝜕𝑥௝ቇ − 𝜕𝑞௜𝑐𝜕𝑥௜ − 𝑆 𝑐௥ (7) 

where c is the solute concentration in liquid phase [M L−3], xi and xj (i, j = 1, 2, 3) are the 
spatial coordinates [L], qi (i = 1, 2, 3) are the volumetric water flux density in three 
directions [L T−1], Dij is the hydrodynamic dispersion coefficient tensor [L2 T−1], and cr [M 
L−3] is the sink term concentration to account for root solute uptake. 

The sink term, S, in Equation (5) is evaluated as a function of the maximum uptake 
rate, Sm, and a dimensionless water stress response function, α(h): 𝑆ሺℎሻ = 𝛼(ℎ)𝑆௠ (8) 

The function α(h) assumes values between 0 and 1 and was expressed by the linear 
model proposed by [26]. The maximum uptake rate Sm can be estimated from the crop 
transpiration under standard condition, Tm, and a non-uniform normalized water uptake 
distribution function b(x, y, z): 𝑆௠ = 𝑏(𝑥,𝑦, 𝑧)𝐴௧𝑇௠ (9) 

in which At is the area of the soil surface associated with the transpiration process. The 
model proposed by [27] is implemented in HYDRUS 2D/3D to describe the normalized 
water uptake distribution function, which accounts for non-uniform water application 
(e.g., drip irrigation) and root length density. 

2.2.2. Domain Flow, Boundary Conditions, and Initial Conditions 

Water and solute distributions were analyzed using two different boundary 
condition configurations for the drip and surface irrigation methods, respectively. 
Simulations were separately conducted for the two irrigation systems and the two 
growing seasons of carrot crops (2017–2018 and 2018–2019). 

For the DI method, a two-dimensional plane simulation domain of 100 cm depth and 
25 cm width was considered in which the domain width corresponds to half of the spacing 
between two adjacent drip laterals (i.e., symmetry condition). This approach is consistent 
with previous HYDRUS-2D applications for drip irrigation, where the computational 
domain is selected sufficiently large to minimize lateral boundary effects on the simulated 
wetting pattern [28]. The domain was discretized with 826 nodes, corresponding to 1538 
general elements. The finite-element mesh was generated in HYDRUS using the 
unstructured triangular mesh generator (MeshGen), and the final number of 
nodes/elements resulted from the selected targeted element size and the applied local 
refinements. Mesh refinement was carried out near the soil surface and near the wetted 
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strip where the flux changes rapidly. The simulations were partitioned into irrigation runs 
and redistribution runs. During the irrigation runs, the simulation time length equaled 
the duration of the irrigation event, and the top boundary conditions were imposed as a 
constant-flux over the wetted area and atmospheric over the remaining surface. In all the 
simulations, the wetting bulb remained far from the boundaries of the flow domain 
(Figure 3). 

 

Figure 3. Finite-element meshes and locations of the observation nodes adopted (left panels) and 
simulated spatial distributions of volumetric soil water content (right panels) for drip irrigation (DI) 
and surface irrigation (SI) at the end of the irrigation event on 8 January 2019. 

The emitter flux density was computed considering the dripline as a uniform line 
source [12] by dividing the emitter flow discharge by the wetted area that was assumed 
as a 5 cm wide strip along the dripline with a length equal to the emitter spacing (e.g., 5 × 
40 = 200 cm2). For the 2017–2018 season, the emitter nominal flow of 4 L h−1 was considered; 
thus, the imposed boundary flux density was 20 cm h−1. The actual dripper flow rate was 
considered for each irrigation during the 2018–2019 season, which, due to different 
operating pressure conditions, resulted in a flux density ranging from 9 to 13 cm h−1. The 
redistribution runs covered the periods between two consecutive irrigations. In this case, 
the entire top boundary was set as atmospheric conditions. 

The initial water content for the first run was prescribed as spatially uniform at 0.21 
cm3 cm−3, corresponding to field capacity. For each subsequent run, the spatial distribution 
of water content at the end of the preceding simulation was used as the initial condition. 
Rooting depths were updated across runs to reflect root development measured over the 
growing season. Then, a total of 25 simulations were performed in the 2017–2018 season 
and 32 in the 2018–2019 season. 

Despite water flow under surface irrigation (SI) is essentially one-dimensional, 
HYDRUS 2D/3D simulations were conducted with a 50 cm width by 100 cm depth flow 
domain representing a cross-section under uniformly distributed surface irrigation. The 
domain was discretized into 680 nodes corresponding to 1254 triangular elements 
according to a regular mesh. Near-surface refinement was considered to better resolve the 
infiltration front and the associated gradients (Figure 3). The top boundary condition was 
set to atmospheric, and the irrigation flux was considered as rainfall. For this irrigation 
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method, 11 consecutive simulations were performed for both crop seasons to account for 
the evolution of the root system during the carrot growing period. 

For both DI and SI, the third type of concentration flux was considered as the surface 
boundary condition for solute transport. The solutes were assumed to be non-reactive, 
and solubilization or dissolution processes were neglected. The measured electrical 
conductivity of irrigation water was considered as a time-dependent boundary condition, 
taking into account that solute input occurred only during irrigation. A no-flux boundary 
condition was set at the lateral edges of the domain, and a free drainage boundary 
condition was applied at the bottom because the groundwater depth is approximately 50 
m; thus, capillary rise is negligible. The initial soil bulk electrical conductivity was 
assumed to vary linearly along the soil profile between 10.7 dS m−1 and 9.3 dS m−1 in the 
2017/2018 season, and between 8.96 and 6.45 dS m−1 in the 2018/2019 season. These values 
were determined based on a field survey of the saturated paste extracts collected 
immediately before irrigation. 

2.2.3. Soil Hydraulic Parameters and Solute Transport Parameters 

The execution of the HYDRUS 2D/3D code requires the specification of the soil water 
retention curve (SWRC) and hydraulic conductivity function parameters. The SWRC was 
determined in the laboratory using a hanging water column apparatus [29] for the wet 
range of the curve (−5 < h ≤ −100 cm) and a pressure plate apparatus [30] for the dry range 
(−100 < h ≤ −15,000 cm). Two replicated undisturbed soil samples, 8 cm in diameter by 5 
cm in height, were collected from three layers at the experimental site: 0–20, 20–40, and 
40–60 cm. The water retention data were fitted using RETC software to determine the van 
Genuchten model parameters [31] for each layer (Table 2). The saturated soil hydraulic 
conductivity, Ks, was measured both in the laboratory using the constant head method 
[30] and the ICW permeameters (Soil moisture equipment corp., Goleta, CA, USA, 2008) 
and in the field by the double ring infiltrometer method [32] (Table 2). 

Modeling solute transport and salinity dynamics requires longitudinal, εL, and 
transversal, εT, dispersivities, whereas molecular diffusion and the adsorption isotherm 
coefficient are neglected. Gelhar et al. [33] compiled a large dataset of longitudinal 
dispersivity from field studies. They observed that dispersivity generally rises with the 
scale of measurement, with typical values ranging from less than one meter to several 
hundred meters. This observation aligns with empirical studies by [34,35], who noted that 
longitudinal dispersivity is typically one-tenth of the transport scale. For 2D flow 
simulations, estimating transverse dispersivity εT = 0.1εL is a common simplification, and 
HYDRUS 2D/3D automatically adjusts the dispersion coefficient [36] (Table 2). 

Table 2. Soil hydraulics and solute transport parameters. 

Soil Depth 
[cm] 

θs  
[cm3 cm−3] 

θr  

[cm3 cm−3] 
α 

[cm−1] 
n 
[-] 

Ks−1 
[cm d−1] 

Ks−2 
[cm d−1] 

Ks−3 
[cm d−1] 

εL  
[cm] 

εT 
[cm] 

0–20 0.412 0.042 0.013 2.193 107.26 203.49 - 25 2.5 
20–40 0.390 0.040 0.013 2.193 98.43 266.92 367.2 25 2.5 
40–60 0.370 0.042 0.013 2.193 29.53 277.33 379.2 25 2.5 

average 0.391 0.041 0.013 2.193 78.41 249.25 373.2 25 2.5 
θr: residual water content; θs: saturated water content; α: SWRC scale parameter; n: SWRC shape 
parameter; Ks−1: saturated hydraulic conductivity (ICW permeameter); Ks−2: saturated hydraulic 
conductivity (constant head permeameter); Ks−3: saturated hydraulic conductivity (double ring 
infiltrometer); εL: longitudinal dispersivity; εT: transversal dispersivity. 
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2.2.4. Calibration and Validation Process 

The soil water content measurements were used to evaluate model performance. In 
particular, the soil water content (θ) values estimated by the model at the observation 
points were compared with the measured values. At this aim, observation nodes were 
placed within the flow domain at locations corresponding to the field measurements. The 
2018–2019 season data were used to calibrate the model, followed by a trial-and-error 
procedure to select the saturated hydraulic conductivity (Ks) that minimized deviations 
between the simulated and observed values at the three monitored depths (Table 2). The 
best fit was achieved with a unique Ks value of 78.41 cm d−1. The measured soil water 
content data for the 2017–2018 season and the electrical conductivity data for both seasons 
were used for validating HYDRUS 2D/3D. 

The model results were assessed using different statistical indices: the normalized 
root mean square error (nRMSE), the index of agreement (IA), and the percentage bias 
(PBIAS). These indices were defined as follows: 

𝑛𝑅𝑀𝑆𝐸 = ට∑ (𝑂௜ − 𝑃௜)ଶ௡௜ୀଵ 𝑛𝑂ത  
(10) 

in which Oi and Pi are the observed and estimated values of the volumetric water content 
or bulk soil electrical conductivity, and 𝑂ത represents the average of the observed values. 
nRMSE is an index of the “predictive power” of a fitted model, where nRMSE = 0 indicates 
perfect prediction (i.e., no discrepancies between the predicted and measured values). 

The index of agreement specifies the degree to which the observed deviations from 𝑂ത correspond, both in magnitude and sign, to the predicted deviations from 𝑂ത [37] and 
is given by 𝐼𝐴 = 1 −  ∑ (𝑂௜ − 𝑃௜)ଶ௡௜ୀଵ∑ (|𝑃௜ − 𝑂ത| + |𝑂௜ − 𝑂ത|)ଶ௡௜ୀଵ                                     0 ≤ 𝐼𝐴 ≤ 1 (11) 

A computed value of the index of agreement of 1 indicates perfect agreement 
between the measured and predicted values, while 0 indicates no agreement at all. 

The percentage bias (PBIAS) measures the average tendency of the estimated values 
to be larger or smaller than their observed ones. This index is defined as 𝑃𝐵𝐼𝐴𝑆 =  ∑ (𝑂௜ − 𝑃௜)௡௜ୀଵ∑ 𝑂௜௡௜ୀଵ  ∙ 100 (12) 

Positive values of PBIAS indicate an underestimation, while negative values indicate 
an overestimation of the estimated values [38]. 

3. Results and Discussion 
3.1. Simulation of Soil Water Content 

The seasonal daily dynamics of the measured and estimated soil water content, at the 
three considered depths (0–20, 20–40, and 40–60 cm), are shown in Figure 4 for the 
calibration year and Figure 5 for the validation year. For the DI method, each measured 
value is the average of the three θ data collected at a given depth and a distance of: 0, 10, 
and 20 cm from the emitter. 

For both methods, the measured θ values increased quickly after irrigation or 
effective rainfall events, and then gradually decreased until the next irrigation due to 
redistribution. Water content variations were more noticeable near the soil surface, as 
commonly found in the literature (e.g., [39]). The deep layers (20–40 and 40–60 cm) 
displayed smaller and smoother water contents, and this behavior was more evident for 
drip than surface irrigation. Tlig et al. [40] found that the fluctuations of θ were higher in 
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the drip than the surface method and concluded that drip irrigation is more effective in 
maintaining a higher water content in the upper soil layer compared to surface irrigation. 
The results of this study partially confirm these findings, as variation in the measured 
water content values tended to be more pronounced on the surface layer for the DI than 
the SI method, whereas the latter method yielded generally higher θ values in the 
subsurface 20–40 cm layer as a consequence of a more rapid infiltration into the deep 
layers. 

The simulated water contents after the calibration procedure closely matched the 
measured θ values at the surface layer (0–20 cm) and, even if with a more pronounced 
dynamic, also at the deeper layers (Figure 4). At each depth, the simulated water contents 
for the DI method achieved higher water contents than the SI one, thus confirming that 
localized water infiltration allows for better soil water storage, resulting in higher soil 
water content. The observed differences between the peaks in the measured and 
simulated water content at the upper layer of the drip-irrigated system are due to the 
delay in TDR measurements that were generally conducted from 1 to 4 h after the end of 
irrigation. 

 

Figure 4. Comparison between the simulated and measured soil water contents (SWC) at different 
depths under drip irrigation (DI) and surface irrigation (SI) for the calibration season 2018–2019. 
Precipitations P and irrigations I are also indicated. 

The statistics of HYDRUS 2D/3D performance, i.e., nRMSE, IA, and PBIAS values, 
are reported in Table 3 for both plots (DI and SI) and crop seasons (calibration 2018–2019 
and validation 2017–2018). For the calibration season (2018–2019), surface irrigation 
simulation provided more accurate results than the drip one, especially for the upper soil 
layers (0–20 cm) with an nRMSE of 0.150 for the former irrigation method compared to 
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0.203 for the latter (Table 3). Less accurate predictions were observed for the subsurface 
layers (nRMSE = 0.188–0.325 for DI compared to 0.200–0.235 for SI). Comparison with 
widely accepted reference values for these indicators showed an acceptable performance 
of HYDRUS 2D/3D simulations, but deep soil layers were generally more susceptible to 
biases in both DI and SI methods, as shown by the lower values of IA and higher absolute 
values of PBIAS. With the exception of the 0–20 cm layer for surface irrigation, the 
simulated soil water contents always overestimated the measured ones, as shown by the 
negative values of PBIAS (Table 3). 

For the validation season (2017–2018), the model performance was similar and even 
better than calibration (Table 3). In the context of drip irrigation, slightly larger differences 
between the simulated and measured values were observed only at the deepest layer (40–
60 cm). For the two surface layers, predictions improved as detected by lower nRMSE 
values (nRMSE = 0.145 for the 0–20 cm layer and 0.173 for the 20–40 cm layer), higher IA 
values (IA = 0.775 and 0.426, respectively), and lower absolute values of PBIAS. A trend 
to overestimate θ was also confirmed for the validation season for the upper and 
intermediate layers. 

Existing applications of HYDRUS to drip-irrigated crops yielded accuracy levels 
comparable to those of our study. Ghazouani et al. [12] reported RMSE values lower than 
0.04 cm3 cm−3 for eggplants grown under semi-arid conditions. Wang et al. [41] found 
RMSE values of 0.03–0.05 cm3 cm−3 for drip-irrigated maize in a subhumid region. 
Considering the mean values of the measured water contents at the three depths and two 
crop seasons, the RMSE values ranged from 0.026 to 0.041 cm3 cm−3, which is in line with 
values found in the literature. Our results are slightly worse than those obtained by [42], 
who report a maximum value of nRMSE = 0.115 for maize under drip irrigation. 

 

Figure 5. Comparison between the simulated and measured soil water content (SWC) at different 
depths under drip irrigation (DI) and surface irrigation (SI) for the validation season 2017–2018. 
Precipitations (P) and irrigations (I) are also indicated. 



Land 2026, 15, 197 12 of 19 
 

https://doi.org/10.3390/land15010197 

In the context of surface irrigation, the improved performance of validation 
compared to calibration was confirmed for the 0–20 cm layer in which nRMSE reduced 
from 0.150 to 0.089, IA increased from 0.836 to 0.919, and PBIAS decreased from 0.246 to 
−0.045. For deeper layers (20–40 cm and 40–60 cm), differences between the calibration 
and the validation datasets were less pronounced and not always in the same direction. 
In particular, the accuracy increased, as indicated by decreasing nRMSE values in both 
layers (Table 3), but agreement worsened, as indicated by decreased IA values. The water 
content was always underestimated, and for the intermediate layer, the average 
underestimation increased from the calibration to the validation seasons. The opposite 
result was found for the deepest layer (40–60 cm). 

This result contrasts with [43], who found that the largest error occurs in the surface 
layer, where soil variability and flux variations are difficult to represent under furrow 
irrigation. According to [44], HYDRUS-2D could adequately simulate the temporal and 
spatial distribution of soil water content for conventional furrow irrigation with R2 values 
between measured and simulated θ values that ranged between 0.721 and 0.795. Hu et al. 
[39] reported good agreement between simulated and measured θ values with RMSE 
values for flood irrigation that ranged between 0.011 and 0.095 cm3 cm−3. Ranjbar et al. [45] 
also found that HYDRUS-2D accurately simulated θ in different depths under the furrows 
and ridges with nRMSE = 0.792 and R2 = 0.783 for the validation season. 

Table 3. Statistical indices of estimated vs. measured soil water content values at different depths 
and irrigation methods for calibration and validation crop seasons. 

Irrigation 
Method 

Depth Calibration (2018–2019) Validation (2017–2018) 

  nRMSE IA PBIAS nRMSE IA PBIAS 
Drip irrigation 0–20 0.203 0.747 −0.138 0.145 0.775 −0.081 

 20–40 0.325 0.315 −1.139 0.173 0.426 −0.281 
 40–60 0.188 0.281 −0.232 0.195 0.179 0.346 

Surface irrigation 0–20 0.150 0.836 0.246 0.089 0.919 −0.045 
 20–40 0.200 0.453 −0.392 0.197 0.412 −0.729 
 40–60 0.235 0.451 −0.540 0.161 0.208 −0.219 

3.2. Simulation of Soil Salinity 

Comparison between the simulated and measured values of soil bulk electrical 
conductivity ECs at different depths (0–20, 20–40, and 40–60 cm) is shown for drip and 
surface irrigation and the two irrigation seasons in Figures 6 and 7. 

For both crop seasons, the measured ECs drastically increased following irrigation, 
and decreased after rainfall events. The decrease is particularly evident following rainfall 
events of 159 mm in the 2017–2018 season and 49 mm in the 2018–2019 one, which may 
have moved the salts beyond the monitored soil depth. During the 2018–2019 season, soil 
bulk electrical conductivity values measured in the surface irrigation plot were higher 
than the corresponding ones in drip irrigation, probably because the lower rainfall 
amount (49 mm) was less effective in leaching the salts down in the soil profile. 
Conversely, the larger rainfall event (159 mm) occurring in the 2017–2018 season 
contributed to homogenizing the salinity between the two irrigation systems. 

For a study conducted in the same climatic environment of the southeast of Tunisia, 
[46] noted that the ability of fall–winter rainfall to leach salts varies and it is influenced by 
both the total amount of rainfall and the distribution of the rainfall events. 

For both seasons, the ECs in the surface layer of the DI plot were slightly higher than 
at the deep layer. The higher soil salinity can be attributed to the reduced leaching as 
suggested by [47]. These authors also found that more frequent application of smaller 
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water volumes, which is typical in drip systems, prevents salt build-up near the soil 
surface, but this does not always prevent accumulation at deeper depths, depending on 
drainage characteristics and the water table depth. 

 

Figure 6. Comparison between the simulated and measured soil electrical conductivity (ECs) at 
different depths under drip irrigation (DI) and surface irrigation (SI) for the calibration season 2018–
2019. Precipitations (P) and irrigation (I) are also indicated. 

HYDRUS 2D/3D fairly simulated the salt dynamics in the soil profile, especially the 
leaching of salt after rainfall events (Figures 6 and 7). Statistics for the model performance 
listed in Table 4 show that the simulations performed better at the surface layer with 
nRMSE values ranging from 0.161 to 0.293 and IA values between 0.685 and 0.850 
depending on the irrigation method and the crop season. For a given irrigation method 
and crop season, the ECs predictions always worsened with depth, thus showing that the 
model calibration performed on the basis of the measured soil water content was not 
completely efficient in estimating soil salinity evolution for subsurface layers. In the deep 
layers (20–40 and 40–60 cm), soil salinity was systematically underestimated or 
overestimated depending on season and irrigation method (Figures 6 and 7), and the 
PBIAS absolute values were from 4 to 90 times higher than the PBIAS value of the surface 
layer. It was concluded that although HYDRUS 2D/3D can simulate salt dynamics with a 
relatively high precision at the surface layer, the more complex flow regimes in deeper 
soil layers present challenges where heterogeneities and preferential flow paths become 
significant for soil salinity predictions. 

Simunek et al. [11], in their comprehensive review of HYDRUS applications, 
acknowledged that while the model is capable of simulating salinity in various irrigation 
systems, its performance can vary based on the type of soil, boundary conditions, and 
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initial moisture levels. In particular, leaching efficiency and deep percolation processes 
may play critical roles in salinity simulation. In cases where irrigation water does not 
adequately leach salts from deeper layers, the model may over- or underestimate salinity 
accumulation. Skaggs et al. [14] also noted that HYDRUS hardly predicts changes in 
salinity at depth due to the complexity of solute transport processes. 

 

Figure 7. Comparison between simulated and measured soil electrical conductivity (ECs) at different 
depths under drip irrigation (DI) and surface irrigation (SI) for 2017–2018 crop season. Precipitations 
(P) and irrigation (I) are also indicated. 

Despite salinity predictions generally worsening with depth, it is worth noting that 
HYDRUS 2D/3D performances at each depth were generally better for surface than drip 
irrigation, as shown by lower nRMSE values and higher IA values, with the only exception 
of the 40–60 cm layer in the 2017–2018 season. Also, the absolute values of PBIAS were 
lower for SI in 5 out of 6 comparisons. Thus, our results show that HYDRUS 2D/3D 
simulates the salinity evolution with higher precision and accuracy under surface 
irrigation than under drip irrigation. 

For drip irrigation, a certain variability in the measured and simulated ECs values 
was observed in the study of [48], with an RMSE value ranging from 0.22 to 0.55 dS m−1, 
which corresponds to a range from 1.66 to 1.97 dS m−1 with our data. One possible reason 
for the observed discrepancies between the measured and simulated ECs values could be 
due to the spatial variability in ECe measured surrounding different emitters, and to the 
gradient of salt concentration occurring in the soil. This interpretation is consistent with 
the findings of Baiamonte et al. [49], who showed that variability in soil hydraulic 
parameters around surface and subsurface emitters can markedly alter the geometry of 
the wetted bulb and, consequently, the spatial patterns of water and salt accumulation in 
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the root zone. Phogat et al. [50] reported that their model over-predicted the electrical 
conductivity of the extracted soil solution at a depth of 25 cm and under-predicted it at a 
depth of 100 cm in drip-irrigated mandarin orchards. The difference between the 
measured and simulated ECs values was relatively larger at a depth of 50 cm, with a mean 
absolute error (MAE) of 0.47 dS m−1, compared to the mean MAE of 0.19 dS m−1 at a depth 
of 25 cm. 

For surface flood irrigation, [51] found that the 1D version of HYDRUS showed 
relatively good agreement between simulated and measured salt content data, with 
performances that increased with depth. For furrow irrigation, [52] observed increased 
salinity at deeper layers due to gravity-driven flow and preferential flow paths. Therefore, 
simulating surface irrigation can also be problematic due to non-uniform water and salt 
distribution. 

Table 4. Statistical indices of estimated vs. measured soil electrical conductivity values at different 
depths and irrigation methods for calibration and validation crop seasons. 

Irrigation 
Method 

Depth Calibration (2018–2019) Validation (2017–2018) 

  nRMSE IA PBIAS nRMSE IA PBIAS 
Drip irrigation 0–20 0.293 0.690 −0.187 0.253 0.685 0.020 

 20–40 0.554 0.415 −1.413 0.224 0.556 0.865 
 40–60 0.528 0.445 −1.236 0.353 0.396 1.759 

Surface irrigation 0–20 0.217 0.827 0.146 0.161 0.850 0.128 
 20–40 0.302 0.594 0.426 0.188 0.647 0.551 
 40–60 0.260 0.656 0.530 0.334 0.320 1.426 

3.3. Implications for Irrigation Management 

HYDRUS 2D/3D proved to be a useful process-based tool to interpret soil water and 
salinity dynamics under surface and drip irrigation that are difficult to derive only from 
measurements. In this context, HYDRUS can be used to support irrigation management 
by testing alternative irrigation doses and timings and evaluating their expected effects 
on soil moisture depletion and salinity build-up/leaching within the root-zone profile. 
However, HYDRUS is not suited to manage irrigation in the field (i.e., to predict when 
and how much to irrigate) given that it simulates the water and solute fluxes for a given 
irrigation schedule. Furthermore, the achievable precision of model-based irrigation 
recommendations depends on the quality of input data and on spatial variability in field 
conditions. 

The modeling set-up should be implemented in the context of the observation scale 
and the adopted level of spatial representation. In this study, the soil water content and 
bulk electrical conductivity were measured at specific locations, whereas HYDRUS 
simulated spatially averaged conditions within a representative 2D domain. Therefore, 
part of the mismatch can be attributed to the different spatial scales and to inherent field 
heterogeneity. Moreover, the modeling geometry represents the dominant flow and 
transport processes, but it does not explicitly resolve sub-scale variability in hydraulic 
properties or localized preferential pathways, which can play a larger role at higher 
depths and under localized wetting patterns. Indeed, in this study, HYDRUS provided 
more robust results for soil water dynamics than for salinity and at the surface than at 
deep locations. 

In the context of “precision irrigation” applications, the model has the potential to be 
a decision-support tool if used in combination with field monitoring (e.g., measurement 
of volumetric soil water content) that allows for periodic adjustment of irrigation 
scheduling and accounts for uncertainties. 
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4. Conclusions 
This study evaluated the performance of the HYDRUS 2D/3D in simulating soil water 

flow and solute transport dynamics under drip and surface irrigation systems for carrot 
crops using moderately saline water in the arid conditions of Southern Tunisia. Model 
performance was evaluated against field measurements of soil water content and bulk soil 
electrical conductivity at 0–20, 20–40, and 40–60 cm during two growing seasons. 

The HYDRUS 2D/3D model reproduced soil water content with acceptable accuracy 
across methods and depths, with nRMSE values generally ranging from 0.089 to 0.325 and 
best performance in the upper 0–20 cm of the soil profile. The model accuracy declined 
with depth, likely as a consequence of heterogeneous soil hydraulic properties that 
activated non-uniform flow. Overall, these results support the use of HYDRUS 2D/3D to 
represent irrigation-driven wetting–drying cycles in the monitored root-zone profile. 

In terms of soil salinity, the model successfully simulated the main seasonal behavior, 
including salt accumulation and leaching dynamics, especially after significant rainfall 
events of the two seasons. The agreement between observed and simulated salinity was 
stronger in surface layers, while deeper layers exhibited greater discrepancies, confirming 
that predicting salinity below the upper layer remains challenging. Across depths and 
seasons, salinity simulations were generally more accurate under SI than under DI. This 
indicates that the localized nature of DI associated with high spatial gradients around 
emitters amplifies the impact of soil hydraulic properties, small-scale variability, and 
salinity sensor location on simulated salt patterns. Therefore, irrigation methods should 
be explicitly considered when using process-based models to assess salinization risk. 

Overall, the integration of field observations with HYDRUS 2D/3D simulations 
provided a field-based, multi-season evaluation of HYDRUS 2D/3D for coupled water–
salt dynamics in an arid, saline-irrigated carrot system. The results also showed that the 
seasonal rainfall events are key drivers of salt leaching and can reduce differences between 
irrigation methods. Finally, this study delineates the reliability domain of the model, 
which is essential for managing irrigation (i.e., it proved robust for soil water dynamics 
and less skilled for salinity at higher depth and under localized irrigation). These findings 
support the use of HYDRUS 2D/3D as a possible decision-support tool for irrigation 
management in arid regions under saline-water conditions, enabling more sustainable use 
of water resources and reducing the risk of soil salinization. Future research should 
incorporate detailed root growth monitoring and consider spatial variability in soil 
properties to enhance model calibration and predictive accuracy. 
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