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abiotic stress is modeled using various empirical reduction 
functions with values ranging from 0 to 1 (Feddes 1974; 
Hoffman and Van Genuchten 1983). Physically, the RWU 
process can be simulated using a microscopic and a mac-
roscopic approach. Macroscopic approach-based models 
are widely used because of their applicability in large-scale 
modeling (Baram et al. 2016; Oleson et al. 2008). Several 
studies have demonstrated the superior performance of mat-
ric flux potential-based RWU models, as they account for 
soil hydraulic potential (de Jong van Lier et al. 2013; de 
Melo et al. 2023; Iden et al. 2015). Additionally, the mod-
els implicitly incorporate the compensation mechanism of 
reduced RWU (de Jong van Lier et al. 2008).

With such physical models, the simulation of ET is a 
complex process influenced by both physical (Šimůnek 

Introduction

Evapotranspiration (ET) is an important hydrological pro-
cess that is commonly predicted using physical models for 
water resource planning and management. ET comprises 
evaporation from the soil surface and transpiration in the 
form of root water uptake (RWU). Numerically, ET is com-
puted mainly by solving the Richards equation, where RWU 
is represented as a sink term. The reduced RWU under 
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Abstract
Advances in soil moisture monitoring techniques and sensor networks have made data assimilation a powerful tool for 
estimating evapotranspiration (ET). The commonly used simple water balance (SWB) model provides reliable ET esti-
mates within the data assimilation framework. However, this approach often neglects the influence of ET on vertical 
fluxes. While this assumption is reasonable during the drying period in low-drainage soils, it may not hold in soils with 
high hydraulic conductivity. This study introduces a comprehensive water balance (CWB) model that explicitly accounts 
for ET-driven percolation. The model captures ET effects on vertical flux by comparing soil water depletion with and 
without ET, thereby highlighting the role of root water uptake (RWU) in percolation. The CWB model, combined with 
the ensemble Kalman filter, predicts daily ET by using soil moisture sensor data across different soil types. Within this 
framework, RWU rather than soil moisture serves as the observable for updating. The model’s performance was evalu-
ated against that of a SWB model under varying drainage conditions and with a reduced number of soil moisture sensors. 
The CWB model performed better than the conventional model in ET prediction, particularly in coarse-textured soils, 
reducing error by 45% and achieving higher accuracy (NSE = 0.918 vs. 0.727). ET prediction using eight sensors showed 
high accuracy (RV ≈ 1, NSE = 0.9, RMSE = 0.3 mmd− 1), while ET prediction using five sensors had slightly lower accu-
racy (RV > 0.75, NSE > 0.84, RMSE = 0.4 mmd− 1) but still provided reliable estimates under normal ET variations. Model 
testing with sensor errors showed that fine-textured soils exhibit lower sensitivity to uncertainty, enabling more reliable 
ET estimates. This finding highlights the necessity of incorporating vertical flux effects to avoid underestimation. Further 
improvement in prediction accuracy may be achieved by refining the bottom flux uncertainty within the framework. Even 
though this synthetic study shows the potential of RWU assimilation considering ET-affected percolation, future studies 
that focus on the use of real-field observations are necessary.
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and Hopmans 2009; Wang et al. 2023; Yu et al. 2007) 
and biological processes (Javaux et al. 2013; Kalra et al. 
2024; Vitali et al. 2021). However, ET estimation remains 
imprecise because of inherent uncertainties, including soil 
hydraulic and plant parameters (Baroni et al. 2010; Sonkar 
et al. 2019), surface boundary conditions (De Pue et al. 
2019; Kumar et al. 2024; Rezaei et al. 2016) and representa-
tion of RWU as a sink term (dos Santos et al. 2017). These 
uncertainties have been handled well in research in the past 
decades by improving the existing physical models. The 
accuracy of such models has been improved through param-
eter estimation using inverse modeling (Angaleeswari et al. 
2021; Cai et al. 2017; Kumar and Sonkar 2025; da Silva et 
al. 2020; Schelle et al. 2013) or by updating state variables 
and parameters through data assimilation techniques (Kan-
dala et al. 2024; Li and Ren 2011; Orouskhani et al. 2023; 
Strebel et al. 2024). With advancements in low-cost sensors 
(Helmy et al. 2024; Levintal et al. 2022; Maya Moreshwar 
Meshram et al. 2024) and the development of soil moisture 
data networks (Dorigo et al. 2021), the scope of improv-
ing the ET estimation using data assimilation techniques has 
significantly increased in recent years.

Recently, the data assimilation approach has gained sig-
nificant attention in estimating soil moisture, ET and leaf 
area index. Relevant studies utilise time series observations 
together with model predictions, accounting for their associ-
ated uncertainties to provide a more accurate representation 
of the system. For example, Li et al. (2021) and Li and Tar-
takovsky (2023) estimated hourly ET rates by using a soil 
moisture sensor array in 1D homogeneous and 2D heteroge-
neous soils, respectively. Through numerical experiments, 
these studies show that with the use of soil moisture obser-
vations, the ET predictions can be significantly improved 
with the ensemble Kalman filter (EnKF) technique. The 
methodology involves Bayesian updating of soil evapora-
tion and RWU rate variables. These variables were cor-
rected using the EnKF technique in conjunction with the 
simplified water balance (SWB) model of Breña Naranjo 
et al. (2011), which neglects ET’s impact on vertical flow 
by assuming the same percolation rates with and without 
RWU. Such assumption holds well during the drying period 
in low-conductance soils, as used in these studies (Guderle 
and Hildebrandt 2015). However, vertical unsaturated flow 
is influenced by RWU, and this effect becomes noticeable 
when vertical flux is dominant, particularly in high-con-
ductance soils, even during the drying period (Hupet et al. 
2003; Sonkar et al. 2019). A similar phenomenon, where 
vertical flow remains comparable to RWU even days after 
a rainfall event, was observed by Schwärzel et al. (2009). 
Thus, considering the affected vertical flux while model-
ing the ET rate by using such water balance approaches is 

crucial. Moreover, the relevance of vertical flux increases as 
the modeling time step expands from hourly to daily.

The proposed study attempts to develop a comprehensive 
water balance (CWB) model that incorporates the influence 
of ET on vertical flow. Furthermore, the ET predictions of 
the CWB model are compared with those of the SWB model 
for high-conductance soil. The objective of this study is to 
develop and test a CWB model that estimates daily ET by 
using synthetic soil moisture data. Daily synthetic soil mois-
ture data are generated from a numerical crop growth exper-
iment. The ET rate simulation is based on a Bayesian update 
of the partial sink term, using soil moisture and simulated 
percolation information through the EnKF approach. The 
ET results from the CWB model are compared with those 
of the SWB model across different soil types to emphasise 
the importance of vertical flux (specifically percolation). 
Furthermore, the model’s efficacy was tested under different 
soil types by reducing the number of sensors from eight to 
four to assess the impact of ET predictions on the number 
of soil moisture sensors. For this purpose, a 50-day crop 
growth numerical experiment was conducted to generate 
synthetic soil moisture data with known ET values.

Methodology

Root zone water dynamics

Root zone water flow is most commonly described using 
the one-dimensional Richards’ equation (Clement et al. 
1994). Equation (1), which describes unsaturated flow, was 
numerically solved along with the constitutive relationships 
(Eqs.  2–3). The solution was implemented using a mass-
conservative, fully implicit finite difference FORTRAN 
code (Kumar et al. 2024)

∂ θ

∂ t
= ∂

∂ z

[
K (h)

(
∂ h

∂ z
+ 1

)]
− S (h, z, t)� (1)

where θ is the volumetric soil moisture [L3L− 3], K is the 
unsaturated hydraulic conductivity [LT− 1], h refers to pres-
sure head [L], t is the time [T], z denotes the vertical coor-
dinate taken positive towards upward [L] and S is the sink 
term that describes water uptake by the root at given z and 
t [T− 1]. The above nonlinear equation was solved using the 
constitutive relations (non-hysteretic) θ-h and K-h proposed 
by van Genuchten (1980) and Mualem (1976), respectively. 
These relations describe the soil retention characteristics 
and are given as

Θ =

{ [
1

1+|α vh|nv

]mv

for (h < 0)
1 for (h ≥ 0)

� (2)
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and,

K =

{
KsΘ 0.5

[
1 − (1 − Θ 1/mv )

mv
]2

for (h < 0)
Ks for (h ≥ 0)

� (3)

where θs and θr are the volumetric saturated and residual soil 
moisture [L3L− 3], respectively; αv is the inverse of air-entry 
value [L− 1]; nv denotes the index that depends on soil pore 
size [-]; mv is the empirical parameter defined as 1-(1/nv) [-], 
refers to the effective soil moisture defined as (θ-θr)/(θs –θr) 
[-]; and Ks is the saturated hydraulic conductivity [LT−1].

The sink term (S) in Eq. (1) was calculated in terms of 
the transpiration rate, T [LT− 1], and the normalised distribu-
tion of RWU, λ (z). The normalised distribution within root 
depth, zr, was expressed as a function of root length density 
(RLD) and matric flux potential (M) (Eq. 4). Here, M was 
defined as M (h) =

´ h

hw
K (h) dh (de Jong van Lier et al., 

2008), where hw is the pressure head at wilting point

λ (z, h) = RLD (z) M (h)
Ĺ

L−Zr

RLD (z) M (h) dz
� (4)

where RLD (z) = RLDavg(1 + n)
(

1 − L−z
zr

)n

, RLDavg 

is the average RLD [LL−3], n is the nonlinear coefficient rep-
resenting RWU distribution and L is the soil column length 
[L]. Thus, the sink term can be expressed as

S (h, z, t) = λ (z, h) T (t)� (5)

Furthermore, the distribution of RWU ensures that the ´ zr

0 S (z) dz equals to T. The h values corresponding to 
θ = 0.3 m3m− 3 were taken as the initial boundary condition. 
The top surface of the soil layer was treated as a Neumann-
type boundary, representing evaporation/irrigation, given as

−K (h)
(

∂ h

∂ z
+ 1

)
= qtop (t) at z = L, t > 0� (6)

where qtop is the net flux due to irrigation and soil evapora-
tion Es at the top boundary, and L is the length of the soil 
column [L]. At the bottom, the water table was considered 
sufficiently deep to treat the bottom boundary as a free-
drainage boundary. At the bottom boundary,

∂ h

∂ z
= 0 at z = 0, t ≥ 0 � (7)

The RWU model was developed on the basis of Eqs. 1–7. 
With all soil hydraulic and RWU parameters known, the 
model can accurately simulate soil moisture for a given 

ET. For many realisations of the random inputs T  and Es, 
whose sum represents ET, the RWU model was run mul-
tiple times to generate realisations of θ. For accurate predic-
tion of θ, reliable information on soil hydraulic properties 
and RWU parameters (root depth, average root length den-
sity and RWU distribution in this case) is essential. These 
parameters are often site-specific and subjected to uncertain-
ties arising from soil heterogeneity and root development. 
Therefore, in a real-world experiment, prior information 
or calibration of these parameters is required. In this study, 
the proposed framework was restricted to homogenous soil, 
with the soil hydraulic and RWU parameters assumed to be 
static and either known or pre-estimated.

Sink term representation

Unlike the conventional approach of EnKF assimilation of 
soil moisture, this study considers the assimilation of partial 
RWU and Es within the rooting depth (Li et al. 2021). The 
rooting depth [0, L] was divided into Nelement elements 
of length ∆ zelement , such that a sensor, if present, was 
placed at the centre of an element. For simplicity, uniform 
element length s ∆ zelement were considered. According to 
Breña Naranjo et al. (2011), the water balance model for 
day n, which links soil moisture θ n, infiltration rate In, 
percolation P n

f  and RWUn, can be described as

ET n = In − P n
f −

∑ Nelement

i=1

θ n
i − θ n−1

i

tn − tn−1
∆ zelement,

n = 1, . . . , Ndays

� (8)

where Ndays is the number of days of simulation. For cal-
culation, the CWB approach proposed that ET be estimated 
only during the dry period (Guderle and Hildebrandt 2015). 
Thus, ET can be estimated as

ET n = −P n
f −

∑ Nelement

i=1

θ n
i − θ n−1

i

tn − tn−1
∆ zelement,

n = 1, . . . , Ndays

� (9)

Let θ ∗ (z, tn) and P ∗
f (tn) be the solutions to Eqs. 1–7 with-

out considering ET losses, meaning Es ≡ 0 and T ≡ 0 on 
the nth day (Fig. 1). These solutions were obtained over a 
one-day interval [tn−1, tn] using the initial condition when 
n = 1 or the water content calculated from the posterior mean 
of ET at time tn−1 when n > 1. From these simulations, θ *

i  
for each ith element and P ∗

f were extracted on day n. In this 
case, the approximate root zone soil water depletion on the 
nth day, using Eq. 9, can be written as

P *
f = −

∑ Nelement

i=1

θ *
i − θ n−1

i

tn − tn−1
∆ zelement� (10a)
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from Eq. 10b and rearranging the terms give the following 
expression of ET n:

ET n =
∑ Nelement

i=0

θ *
i − θ n

i

tn − tn−1
∆ zelement + (P *

f − Pf )� (11)

where θ ∗
i −θ n

i

tn−tn−1
∆ zelement is the part of RWU (S∆ z) for 

each element, which is a function of soil moisture. This 
term, hereafter referred to as the partial sink term Ŝn, was 
updated using the Kalman filter. 

Similarly, when ET is included, the full solution θ n
i  and 

Pf  on the nth day can be obtained, and root zone soil water 
depletion is expressed as

ET n + P n
f = −

∑ Nelement

i=1

θ n
i − θ n−1

i

tn − tn−1
∆ zelement� (10b)

Unlike the SWB approach (Li et al. 2021), the formulated 
equation considers the effect of ET on Pf  (Fig. 1).

The first (i = 1) element represents the top layer ET, 
ET (z, t) ∆ z ≡ (Es + T )∆ z, while in the remain-
ing (i > 1) elements, ET (z, t) ≡ T . Subtracting Eq.  10a 

Fig. 1  ET computation in SWB and CWB approaches
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available at the same locations and times as the observations 
θ n

obs, which were collected with ∆ zobs and ∆ tobs. If nec-
essary, then interpolation was applied. The superscript n in 
Hn

obs indicates that this mapping was performed for time 
tn. Instead of assimilating the soil–moisture data θ obs, we 
assimilate the part of the actual sink term, ( Ŝn

obs), defined 
for each element as

Ŝn
obs =

(Hn
obsθ * − θ obs)∆ zobs

∆ tobs � (15)

θ obs follows a multivariate Gaussian; thus, its linear trans-
formation Ŝobs will also be a multivariate Gaussian, with a 
covariance matrix Σ

Ŝobs
(tn), which can be described as

Σ
Ŝobs

(tn) = ∆ z2

∆ t2
obs

Σ θ
obs

(tn)� (16)

The posterior mean µ̂
Ŝ

(tn) and posterior covariance 
Σ̂

Ŝ
(tn) of Ŝ (tn), obtained via the Kalman update, can 

be given as

µ̂
Ŝ

= µ
Ŝ

+ K
(

Ŝobs − Hn
obsµ

Ŝ

)
� (17)

where Nelement× Nsms matrix K, which is called the Kal-
man gain, is given as

K = Σ SHnT

obs(Hn
obsΣ SHnT

obs + Σ Sobs
)
−1� (18)

The implementation of the above methodology is described 
in Fig. 2. 

Design of the numerical experiment

A 50-day crop growth scenario was considered with vary-
ing ET and irrigation fluxes throughout the growth period 
to generate synthetic soil moisture data (Fig. 3). An unsat-
urated flow model based on Eqs.  (2)–(7) was developed 
for three scenarios: crop grown in (i) loam sand (LS), (ii) 
sandy loam (SL) and (iii) sandy clay loam (SCL). The soil 
hydraulic properties of these soils are detailed in Table 1. 
A 1.5 m homogeneous soil column was considered, with a 
spatial discretisation ∆z = 0.01 m, and a temporal discretisa-
tion Δt = 15 min. The top boundary condition was defined 
as the atmospheric boundary, subjected to ET and irriga-
tion fluxes, while the lower boundary condition was treated 
as free drainage. The atmospheric boundary conditions of 
1-day resolution throughout the growth period are shown in 
Fig. 3a. During this period, a fully grown crop scenario was 
considered, characterised by a root depth of 1 m. The initial 
pressure head throughout the soil column was set to a value 

Ensemble Kalman filter

The EnKF is a sequential data assimilation technique (Dong 
et al. 2016; Evensen 1994; Xiong et al. 2019) that employs 
an ensemble modeling approach, running multiple simula-
tions simultaneously to estimate model uncertainty (Strebel 
et al. 2024). It uses the Monte Carlo method to approximate 
the error covariance matrix. This method considers the mean 
of the ensemble of model states evolving in the state space 
as the optimal estimate and represents the error covariance 
through the spread of the ensemble (Jiang et al. 2019). The 
process involves generating an ensemble of states, execut-
ing a model forecast and performing an analysis step by 
updating the states when observations become available.

The input parameters T  and Esbetween any two 
observation days tn−1 and tn were considered indepen-
dent Gaussian random variables. Their probability density 
functions (PDFs), fT (ϵ T ) and fEs

(ϵ Es
) had respective 

means µ T  and µ Es
 and standard deviations (SDs) σ T  

and σ Es , which can be given as

fa (ϵ a) = 1√
2π σ 2

a

e
−

[
(ea−µ a)

2σ 2
a

]
, a = T , Es � (12)

From the daily T  and Es values, the model simu-
lated the partial sink term Ŝ in Eq.  (11). The pre-
dicted values of the Ŝ(z, t)  were arranged into a vector 

Ŝ (tn) = (Ŝ1, . . . , ŜNelement
)
T

 of length Nelement, con-
sidering Ŝ(z, t) to be multivariate Gaussian (Li et al. 2021), 
with its PDF given as

fs(Ŝ; tn) = 1√
(2π )Nelement

∣∣∣Σ
Ŝ

∣∣∣
e

−
[

1
2 (Ŝ−µ

Ŝ
)

T
Σ

Ŝ

−1(Ŝ−µ
Ŝ

)
]

� (13)

The Nelement × 1 vector of sample mean µ
Ŝ

(tn) and the 
Nelement × Nelement sample covariance matrix Σ

Ŝ
(tn)  

were formulated using Monte Carlo realisations of Ŝ (tn)
with a sample size of Nsample. On any measurement 
day tn (n = 1, …, Ndays ), the value of θ (z, t) at the sen-
sor location Nsms was obtained from the RWU model, 
representing the synthetic soil moisture observation. White 
Gaussian noise vn

i  (i = 1, …, Nsms) with zero mean and 
a specified observation error covariance Σ θ n

obs
was gener-

ated to account for measurement noise. The soil moisture 
observation θ n

obs was then obtained by adding vn
i  to the 

θ (z, t), given as

θ n
obs = θ (z, t) + vn

i � (14)

The Nsms× Nelement observational matrix Hn
obs ensures 

that the numerical solution, computed with Δz and Δt, was 
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The simulated θsyn and S for given irrigation and ET fluxes 
on a daily time scale for the SL soil case are shown in Fig. 3. 
During the growth period, six irrigation events were applied 
to cater to the ET demand. Each event increased soil mois-
ture in the upper root zone, which then gradually decreased 
due to soil evaporation, RWU and vertical fluxes. The 
minimum soil moisture achieved was 0.124 m3m− 3. The 
maximum RWU occurred within the top 30 cm root zone 
(Fig. 3c), which, along with soil evaporation, contributed to 
maximum soil moisture depletion (Fig. 3b).

To highlight the importance of percolation information, 
ETpred was simulated using two models: (a) the SWB model, 
where the posterior ET for each day was calculated from 
Eq. (11) by assuming P ∗

f = Pf , and (b) the CWB model, 
where the daily posterior ET was computed from Eq. (11), 
considering P ∗

f ̸= Pf . The simulation was performed for 
two scenarios: LS and SL. Each dry day was classified on 
the basis of relative soil water deficit (RSD) to evaluate pre-
diction efficacy across different days within the irrigation 
interval. For each irrigation interval, RSD ranged from 0 to 
1, where a value near 0 represented the least dryness (i.e. the 
day after irrigation) and a value close to 1 indicated maxi-
mum dryness (i.e. the day before irrigation). The RSD scat-
ter plot allowed for an assessment of model performance 

corresponding to soil moisture of 0.3 m3m− 3. This initial 
condition provides a moist but unsaturated state across soils, 
ensuring active ET and percolation. With the use of these 
known parameters, initial condition and boundary condi-
tions, a finite difference numerical code was run to simulate 
h and S for all the 151 nodes, along with Es at the top node, 
at a temporal resolution of Δt.

From the simulated h at the end of the day, daily soil 
moisture (θsyn) was calculated at each node. Similarly, 
cumulative Es and T from S were calculated daily, with their 
sum representing the ET for that day. The obtained daily 
ET was treated as ETsyn. Additionally, the bottom flux at the 
lower boundary was cumulated daily to determine percola-
tion (Pf). These simulations were performed for all three soil 
scenarios.

For ET predictions using the proposed algorithm, the root 
depth of 1 m was equally discretised into Nelement = 10 seg-
ments of size 0.1 m. A soil moisture sensor was assumed to 
be placed at the centre of each element, recording soil mois-
ture (θobs) that was obtained from the corresponding θsyn at 
the respective depth and time. The sensors were placed in 
four setups: SMS8, SMS6, SMS5 and SMS4 (Table 2). The 
sensor setups show the reduction in the number of sensors 
from eight to four within the rooting depth. ET prediction 
was performed for three predefined crop growth scenarios. 

Fig. 2  Schematic framework of 
ET data assimilation
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under different soil moisture conditions. In all cases, ET 
predictions were made using the SMS8 setup. 

Observation data

From the numerical experiment, soil moisture observations 
with measurement error were generated through three steps. 
Firstly, with the use of the known daily ET values, the RWU 
model with specified parameters was run to simulate soil 
moisture at each node and time step over 50 days. Secondly, 
daily soil moisture values at depths of 0.05, 0.15, 0.25, 0.35, 
0.55, 0.65, 0.75 and 0.85 m were extracted from the simu-
lation. These synthetic soil moisture values were treated 
as sensor observations. Finally, sensor error was added to 
the soil moisture data to represent measurement noise. For 
model performance evaluation, the standard deviation of 
the sensor error was initially set to 0.001 m3m− 3. To further 
assess the predictive capability of the model under higher 
error levels, additional tests were conducted with obser-
vation errors of 0.01, 0.025 and 0.04 m³m⁻³. Comparative 
analyses were then performed for ET prediction using the 
SMS5 sensor setup under LS, SL and SCL scenarios.

Table 1  Input mean soil hydraulic parameters taken from Carsel and 
Parrish (1988)
Soil type θs (m3m− 3) θr (m3m− 3) αv (cm− 1) nv Ks (md− 1)
LS 0.41 0.057 12.4 2.28 3.50
SL 0.41 0.065 5.9 1.89 1.06
SCL 0.39 0.100 7.5 1.48 0.31

Table 2  Soil moisture sensor placement
Depth (m) SMS8 SMS6 SMS5 SMS4
0.05 ✓ ✓ ✓ ✓
0.15 ✓ ✓ ✓ ✓
0.25 ✓ ✓ ✓ -
0.35 ✓ - - ✓
0.45 ✓ ✓ ✓ -
0.55 ✓ - - ✓
0.65 ✓ ✓ ✓ -
0.75 - - - -
0.85 ✓ ✓ - -

Fig. 3  Synthetic values of (a) ET 
and irrigation, (b) soil moisture 
and (c) RWU in SL soil
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of synthetic ET values and n is the number of data points 
of ET.

Results and discussion

The daily ET predictions were modeled using synthetically 
generated soil moisture (treated as θobs) corresponding to 
a known ET rate (ETsyn). For prediction, a crop growth 
numerical experiment was designed. The analysis includes 
ET predictions for LS, SL and SCL soils that were taken 
from Carsel and Parrish (1988). The ET predictions from 
the proposed CWB model and its comparison with the exist-
ing SWB model are performed in Sect. 3.1 and 3.2, respec-
tively. Section 3.3 discusses the model’s convergence rate. 
Section 3.4 examines the impact of the number of soil mois-
ture sensors and observation error on ET prediction across 
the three soil types.

Evapotranspiration prediction

Figures 4 and 5 illustrate the daily ET estimates using eight 
and five sensors in the LS and SL scenarios, respectively. 
In both cases, the posterior ET rate (ETpred) was simulated 

Model performance evaluation

The efficacy of the model’s ET predictions was evaluated 
using goodness of fit metrics, including the relative measure 
(RV) as defined in Li et al. (2021), the root-mean-square 
error (RMSE) and the Nash–Sutcliffe efficiency coefficient 
(NSE). The model’s fitness was assessed through a compari-
son between predicted and synthetic daily ET values. These 
performance criteria were defined as

RV = SD′
SD∗ � (19)

RMSE =

√∑ n
k=1(ET ′ − ET ∗)2

n
� (20)

NSE = 1 −
∑ n

k(ET ′ − ET ∗)2

∑ n
k(ET ′ − ET ∗

m)2 � (21)

where SD’ and SD* are the standard deviations of predicted 
and synthetic ET values, respectively; ET’ and ET* are the 
predicted and synthetic ET, respectively; ET*m is the mean 

Fig. 4  Comparison of mean 
synthetic and predicted daily ET 
with prior mean ET information 
simulated with (a) SMS8 and (b) 
SMS5 soil moisture setups for 
LS. The predictions are accom-
panied by the confidence interval 
band as ± SD
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conditions. Deviations were primarily observed on irriga-
tion days, which was expected because the given water 
balance approach could not estimate ET under these con-
ditions (Guderle and Hildebrandt 2015). In both scenarios, 
the RMSE was approximately 0.3 mmd− 1 and the NSE was 
0.9, indicating the model’s effectiveness in predicting ET 
using the SMS8 setup. The uncertainty band, defined by 
± SD, covers the entire ETsyn dataset, except during irriga-
tion events, where uncertainty in soil moisture dynamics led 
to deviations.

Compared with the case discussed above, ET prediction 
using five sensors (SMS5) was less accurate in both soil 
scenarios (Figs. 4b and 5b). However, the statistical indices 
indicated the good fitness of the model with an RV above 
0.75 and an NSE greater than 0.84, suggesting the possi-
bility of ET prediction with reduced soil moisture infor-
mation. Moreover, the SMS5 setup was designed to place 
more sensors in the upper root zone, where maximum RWU 
occurs, as highlighted by Amiri et al. (2022). This strategic 
placement improved the prediction efficiency, resulting in a 
lower RMSE of 0.4 mmd− 1. However, the uncertainty band 
was broader than that of the ET prediction using the SMS8 
setup. The increased uncertainty was primarily attributed 
to RWU estimation in unobserved locations, where RWU 

using 150 ensemble realisations of the prior ET value. The 
ET value was the sum of T and Es, which were obtained 
from their respective PDFs using the given mean and stan-
dard deviation values presented in Table  3. The approach 
of Li et al. (2021) was followed, which tested the model 
performance under high ET fluctuations, to evaluate the 
model’s predictive capability under variable ET condi-
tions. The model was assigned with an ETsyn daily series 
resembling a discontinuous function, where ETsyn ranged 
between 2 and 6.5 mmd− 1 over a 50-day crop simulation 
period. Model fitness was assessed during the drying period 
(days without irrigation). ET predictions using eight sensors 
(SMS8) were highly accurate, with RV values close to 1 in 
both soil scenarios (Figs. 4a and 5a). Except on irrigation 
days, ETpred showed strong agreement with synthetic val-
ues. This finding highlights the reliability of the proposed 
approach in predicting ET even under rapid soil drainage 

Table 3  Prior statistics of Es and T
Variable Value Unit
Mean of Es 2.0 mmd− 1

Standard deviation of Es 1.5 mmd− 1

Mean of T 2.25 mmd− 1

Standard deviation of T 3.0 mmd− 1

Fig. 5  Comparison of mean 
synthetic and predicted daily ET 
with prior mean ET information 
simulated with (a) SMS8 and (b) 
SMS5 setups for SL. The predic-
tions are accompanied by the 
confidence interval band as ± SD
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scenario, the SWB model predictions were closer to the 
true value, particularly on drier days (RSD > 0.4). However, 
for most of the days with lower RSD, the model tended to 
underestimate ET values and showed a weak correlation 
(Fig. 6a). This underestimation occurred because the SWB 
model calculated ET as the difference in storage depth while 
ignoring changed vertical flow (Fig. 1). A similar observa-
tion was reported by Guderle and Hildebrandt (2015), where 
SWB approach-based models primarily focused on partial 
measurements of RWU. Overall, the SWB model exhibited 
above-average fitness with an RV of 1.15, indicating that the 
predictions were more extreme than the true values.

Compared with SWB simulation, the CWB model pre-
dictions showed a much stronger correlation with synthetic 
data, with an RV of 0.98 (Fig. 6b). Additionally, for lower 
RSD values, the CWB model predictions were significantly 
improved over the SWB model. However, ET predictions 
for wetter days (RSD < 0.4) still deviated from the true val-
ues, similar to the SWB model. This discrepancy was due 
to the limitation of using simulated Pf  values for updating 
ET rather than observed data. These findings suggest that 
model accuracy could be further improved by incorporating 
percolation data with soil moisture measurements. In high-
conductance soils such as LS, percolation becomes par-
ticularly relevant, as it provides additional information for 
modelling the RWU process (Sonkar et al. 2019). However, 
in field plot experiments where bottom flux data are unavail-
able, the CWB model is preferable over the SWB model, 
especially in high-conductance soils with considerable 

values were corrected on the basis of correlations with 
observed depths. Reducing the number of sensors from 
eight to five led to a decrease in RV from 1 to 0.75, indicat-
ing lower variability in ET predictions. This finding sug-
gests that while the model may not fully capture large ET 
fluctuations, it performs well under normal ET variations. 
This trend can be seen in Figs. 4 and 5, where the ETpred 
line appears smoother than the predictions using the SMS8 
setup. Overall, the comparison between SMS8 and SMS5 
setups reveals that ET can be reasonably estimated with 
fewer sensors, provided that ET fluctuations are minimal 
and sensor placement is proportional to the RWU rate.

Here, the ET predictions from the model assume that the 
influence of interception is negligible, as ET is considered 
to result only from soil evaporation and transpiration (i.e. 
RWU). However, under actual field conditions, ET losses 
also include canopy evaporation, which mainly occurs dur-
ing rainfall events and the following day (Baiamonte and 
Palermo 2022). The influence of canopy interception is 
more significant in regions with high rainfall and dense veg-
etation (Lai et al. 2023; Ngyuyen et al. 2021). Nevertheless, 
the CWB approach remains a simple and reliable method 
for estimating ET from soil moisture information, consider-
ing Es and T as the main component. 

ET prediction through SWB and CWB models

The comparisons of ET predictions for the LS and SL sce-
narios are shown in Figs. 6 and 7, respectively. For the LS 

Fig. 6  Comparison of synthetic and predicted ET through (a) the SWB 
model and (b) the CWB model under the LS scenario. The colour gra-
dient represents the relative soil water deficit of scattered points; blue 

(near 0) and brown (near 1) represent the lowest and highest soil water 
deficit of the day, respectively
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which is why the proposed CWB model is a more suitable 
choice, especially in cases where vertical flow is expected to 
be more significant compared with RWU in physical mod-
els. The CWB model’s ability to incorporate vertical flow 
makes it a more reliable ET predictor when using the RWU 
updating technique. This finding supports previous research 
on the influence of vertical flow on RWU rates (Hupet et al. 
2003; Pollacco and Mohanty 2012; Sonkar et al. 2019).

Convergence rate

The model’s performance in terms of convergence rate was 
tested using the previously defined RV, RMSE and NSE. 
The results are summarised in Table 4. The model was run 
for the LS, SL and SCL scenarios using the SMS5 sensor 
setup. Convergence was evaluated for different ensemble 
sizes Nsample of 50, 75, 100, 150 and 200. For most runs, 
the evaluation statistics remained nearly the same for Nsample 
= 100, 150 and 200. In all cases, once the ensemble size 
exceeded 150, the statistics remained unchanged, suggest-
ing that Nsample = 150 was sufficient to achieve convergence. 
Therefore, for all the simulations in the study, an ensemble 
size of 150 was adopted for ET predictions.

Impact of the number of sensors and observation 
error

The study further investigated the model’s prediction accu-
racy when the number of soil moisture sensors (Nsms) was 

precipitation/irrigation events. The NSE value of 0.918 for 
the CWB model indicates that it better captures ET vari-
ance compared with the SWB model (NSE = 0.727). Fur-
thermore, the RMSE was significantly lower in the CWB, 
reducing the mean ET prediction error by 45% compared 
with the SWB model.

A similar comparative study was conducted for a rela-
tively low-conductance soil scenario (SL), with comparison 
results presented in Fig. 7. Unlike in the LS scenario, both 
models performed well in SL soil. The SWB model showed 
a strong correlation with synthetic data, with RV = 0.96, 
RMSE = 0.35 mmd− 1 and NSE = 0.901. Similar fitness sta-
tistics were observed for the CWB model. This finding 
indicates that the lower Pf  and with high retention during 
wetter days did not significantly affect ET predictions. This 
finding aligns with the results of Li et al. (2021), who tested 
an SWB approach-based model at an hourly temporal scale 
with a single influx in low-conductance soil. However, the 
reliability of such an EnKF model in more practical sce-
narios defined by daily ET with multiple irrigation/precipi-
tation events and varying drainage conditions still needs 
further investigation.

This study examines ET predictions across these sce-
narios. The results demonstrate that in coarse-textured soils, 
where substantial vertical flow occurs particularly early in 
the irrigation interval (lower RSD), neglecting bottom flux 
(as in the SWB model) can introduce significant errors in ET 
predictions using the EnKF technique. This study focuses 
on ET prediction using only soil moisture observation, 

Fig. 7  Comparison of synthetic and predicted ET through (a) the SWB 
model and (b) the CWB model under the SL scenario. The colour gra-
dient represents the relative soil water deficit of scattered points; blue 

(near to 0) and brown (near to 1) represent the lowest and highest soil 
water deficit of the day, respectively
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scenarios. In the LS soil, the RMSE increased from 0.31 
mmd− 1 to 0.61 mmd− 1 as the number of sensors decreased 
from 8 to 4. Additionally, the RMSE values were higher in 
the LS soil compared with those of corresponding setups 
in SL and SCL soils. The lowest RMSE (0.23 mmd− 1) was 
achieved in the SCL scenario using the SMS8 setup. The 
data clearly indicate that reducing the number of sensors 

reduced from eight to four. ET predictions were based on 
the same numerical experiment setup defined earlier, which 
was run for LS, SL and SCL scenarios. Figure  8 demon-
strates the impact of sensor count and placement on model 
performance.

The fitness evaluation showed that increasing the number 
of sensors improved prediction efficiency across all three 

Table 4  Evaluation statistics for under different scenarios with varying Nsample
Nsample LS soil SL soil SCL soil

RV
(-)

RMSE (mmd− 1) NSE
(-)

RV
(-)

RMSE (mmd− 1) NSE
(-)

RV
(-)

RMSE (mmd− 1) NSE
(-)

50 0.58 0.72 0.669 0.69 0.53 0.781 0.77 0.46 0.825
75 0.63 0.66 0.750 0.72 0.49 0.811 0.81 0.44 0.858
100 0.75 0.46 0.810 0.77 0.42 0.839 0.85 0.41 0.877
150 0.77 0.44 0.841 0.78 0.42 0.851 0.85 0.40 0.873
200 0.77 0.43 0.846 0.78 0.42 0.856 0.85 0.40 0.873

Fig. 8  Comparison of ETsyn with ETpred estimated using different soil moisture sensor setup under (a) LS soil, (b) SL soil and (c) SCL scenarios
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different levels of sensor error (0.001–0.04 m3m− 3) on ET 
estimation across LS, SL and SCL soils. The comparison of 
the predicted ET with the known ET highlights that predic-
tion accuracy was highly sensitive to sensor error (Abola-
fia-Rosenzweig et al. 2019; Reichle et al. 2008), especially 
when the error exceeded 0.025 m3m− 3. At a low error level 
(0.01 m3m− 3), ET simulations performed well, with high 
NSE (> 0.82), low RMSE (< 0.46 mmd− 1) and RV values 
ranging between 0.76 and 0.84. Increasing the error to 0.025 
m3m− 3 reduced model efficiency, with maximum RMSE 
reaching 0.55 m3m− 3 in LS. However, prediction accuracy 
was still much better than in the SMS4 setup (Fig. 8). The 
RV value ranged from 0.72 to 0.81 for errors up to 0.025 
m3m− 3 in all scenarios, reflecting good agreement in ET 
variability. At the highest error level (0.04 m3m− 3), predic-
tion performance deteriorated substantially in all the scenar-
ios, with RMSE ranging from 0.65 mmd− 1 to 0.86 mmd− 1. 
Simulations using synthetic observations perturbed with 
smaller noise (0.001–0.025 m3m− 3) consistently outper-
formed those with large observation errors (0.04 m3m− 3). 
It is important to note, however, that these predictions were 
made under conditions of high ET variability. Under normal 
ET conditions, predictions are expected to perform better, 
even with a large sensor error. This finding is supported by 
the relatively small reduction in RV with increasing error, 
particularly in the SCL case.

The comparative analysis highlights the greater resil-
ience of fine-textured soils (e.g. SCL) to sensor error. This 
is attributed to their higher storage capacity, which prevents 
the soil from reaching extremely dry states that may nega-
tively affect EnKF performance (Han et al. 2012; Reichle 
et al. 2002). Overall, the results provide valuable guidance 
for the choice of a sensor setup and acceptable sensor error 

and increasing hydraulic conductance both contribute to 
greater uncertainty in ET prediction. This increased uncer-
tainty arises because uncertainties in vertical flux were only 
partially addressed when considering simulated Pf  for the 
RWU Bayesian update. However, incorporating Pf , which 
represents unsteady percolation, is important in high-con-
ductance soils, as experimentally demonstrated by Bethune 
et al. (2008). This finding suggests that simulating vertical 
flux enhances RWU estimation through data assimilation, 
especially when soil moisture information is limited. The 
study contributes to advancements in ET extraction from 
enhanced soil moisture field data, which have become more 
accessible in recent decades due to improved monitoring 
techniques and sensor networks (Babaeian et al. 2019; Ver-
eecken et al. 2008; Zhang et al. 2024).

Interestingly, even with four or five sensors, ET esti-
mates remained reasonably accurate, with the NSE values 
consistently above 0.7 and often exceeding 0.8. This finding 
suggests that the model effectively correlates soil moisture 
at unobserved depths. However, predictive accuracy also 
depends on strategic sensor placement, ensuring sensors are 
positioned proportionally to RWU rate within rooting depth 
(Shen et al. 2018; Soulis et al. 2015). In LS soil, the RV 
value decreased from 0.9 to 0.69 when switching from the 
SMS8 to the SMS4 setup. A similar decreasing trend was 
observed in SL and SCL scenarios, where RV dropped from 
0.89 to 0.73 and 0.95 to 0.84, respectively. This finding indi-
cates that while ET predictions remained satisfactory with 
fewer sensors, higher fluctuation in ET requires the deploy-
ment of more sensors, especially in coarse-textured soils.

One of the important aspects of a data assimilation model 
is the quality of the observation data (Pauwels et al. 2007). 
In our study, soil moisture with realistic uncertainties was 
tested for ET simulations. Figure  9 shows the effect of 

Fig. 9  Impact of the observation error on ET prediction using SMS5 setup
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VI.	The study highlights the importance of accounting for 
vertical flux in simulating ET, especially in coarse-tex-
tured soils. Where bottom flux information is unavail-
able, the CWB model may offer advantages for ET 
estimation, though field validation is required to con-
firm this potential.

VII.	Even under a realistic degree of error in the soil mois-
ture sensor (≈ 0.025  m³m⁻³), the model results benefit 
from the framework. However, prediction accuracy 
decreases significantly when the error increases to 
0.04 m⁻³m⁻³.

VIII.	 Fine-textured soils such as SCL exhibit greater 
resilience to observation noise, as their higher stor-
age capacity reduces the likelihood of reaching 
extremely dry states that strongly degrade assimilation 
performance.

To further enhance ET estimation, future research will incor-
porate uncertainties that may arise from soil heterogeneity, 
RWU parameters and lateral flow. Extending the model to 
2D/3D flow domains and validating it against experimental 
or field data will strengthen its applicability.
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