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A B S T R A C T

Given the high cost of data acquisition in soil water problems, it is becoming increasingly essential to collect the
measurements as cost-efficient as possible. By introducing the data-worth analysis framework coupled with
Ensemble Kalman Filter (EnKF), this real-world case study attempts to assess the worth of potential soil moisture
observations before data collection. A field experiment was implemented to demonstrate the feasibility of
quantifying the effect of future data on uncertainty reduction under real circumstances in a sequential way. The
data worth of future observations is defined regarding soil hydraulic parameter estimation or soil moisture
profile retrieval. Four information measures, including the trace (Tr), Shannon entropy difference (SD), relative
entropy (RE) and degrees of freedom for signal (DFS), are introduced to quantify the information content. The
sequential data worth analysis framework is examined by a number of cases, including under different irrigation
intensities, with different prior data (existing observations that have already been collected), and with data of
various depths and different measurement errors. We demonstrated the ability, and the challenge as well, of
quantifying the data worth sequentially. Our results showed that data worth assessment regarding soil moisture
profile retrieval is more difficult than that regarding parameter identification. Variance-type and covariance-
type metrics have relatively loose accuracy requirement on potential observations (future possible observations
to be collected), while mean-covariance-type metrics require higher accuracy. The vertical covariance of soil
moisture is susceptible to the effect of atmospheric boundary condition, which eventually imposes a challenge on
the quantification of data worth with covariance involved indices. The match between the expected and re-
ference data worth can be improved by assimilating more prior data. However, more prior data cannot com-
pensate for the damage from possible model structural error due to the changed scenarios between the prior
stage and the posterior or preposterior stage. Shallow soil moisture data generally has larger data worth than
deep observations in our study, but evaluating data worth with shallow data is subject to considerable un-
certainty if covariance-type or mean-covariance-type index is employed. Smaller measurement error does not
always lead to improved data worth estimation.

1. Introduction

The unsaturated zone is inextricably involved in many aspects of
hydrology: evaporation, groundwater recharge, soil moisture storage,
and soil erosion (Renard, 1997; Fetter, 2000; Lettau, 1969; Penman,
1948). Plentiful efforts have been made in the past decades on the
development of numerical algorithms for modeling unsaturated flow
(Celia et al., 1990; Freeze, 1971; Song et al., 2014; Van Genuchten,
1982). These algorithms usually entail characterizing the spatial dis-
tribution of soil hydraulic parameters and factors affecting flow.
However, it is difficult to directly measure the soil hydraulic properties
due to the limitations of measurement techniques and the spatial

heterogeneity of parameters. Inverse modeling approaches and data
assimilation methods have thus become popular ways to improve soil
moisture estimation and derive soil parameters. Numerous inverse and
data assimilation methods have been developed (Man et al., 2016a,b;
Alcolea et al., 2006; Reichle et al., 2002; Reichle et al., 2008; Rubin
et al., 2010; Zimmerman et al., 1998). Thereinto, sequential data as-
similation method has gained a significant amount of traction in various
communities because of the capability of sequentially incorporating
observations into models (Aanonsen et al., 2009; Chen and Zhang,
2006; Oliver et al., 2008; Shi et al., 2015; Xie and Zhang, 2010; Zhu
et al., 2017; Hu et al., 2017). In the recent decade, the interest in the
real-time integration of measurements has been further boosted by the
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increasing ability of online data acquisition and the growing demand
for real-time prediction and management.

Observation data from different sources has been merged, including
remote sensing data (Shi et al., 2011; Crow and Wood, 2003; Montzka
et al., 2011; Moradkhani, 2008; Pipunic et al., 2008) and ground-based
measurements (Shuwen et al., 2005; Walker et al., 2001; Li and Ren,
2011; Li et al., 2018). It is no doubt that by incorporating more data
into the model, the uncertainty of modeling output can be reduced.
However, massive observations from multiple sources would sig-
nificantly increase the budget of data collection. Moreover, the collec-
tion process of soil moisture data is subject to considerable uncertainty.
Either for remotely-sensed soil moisture data or data collected by the
traditional ground method, the identification of data quality or mea-
surement error is not an easy task (Li et al., 2009; Reichle et al., 2008).
This can create an extra uncertainty in data assimilation system. Fur-
thermore, the contribution of each data is not identical when multiple
data-sources are assimilated together. Some measurements may make
significant contribution to the improvement of simulation accuracy
while others may be less useful. To avoid the overloaded monitoring
cost caused by redundant measurements, it is essential to develop a
framework to assess the value of infused data before data acquisition.

Data worth, sometimes called data utility, data information content
or data impact, has been defined in several different ways. It was first
defined as the reduction in expected error after sampling (Gates and
Kisiel, 1974). In a later study of James and Freeze (1993), data worth
was assessed by comparing the cost of data collection against the ex-
pected value of the risk reduction. In light of modeling uncertainty,
statistical measures including the reduction of parameter or prediction
variance, relative entropy, and the possible significance level of hy-
pothesis testing can be used to quantify the data worth (Leube et al.,
2012). Data worth and analogous concepts have been extensively stu-
died in optimal monitoring network design, which aims to obtain a
maximum gain of information from the optimum number, locations,
frequency, and data types of measurements (Wu et al., 2005; Kollat and
Reed, 2006; Nowak et al., 2010). A few data worth analysis frameworks
have been proposed. Freeze et al. (1992) used the search theory and
Bayesian updating to determine if additional data have worth or not, in
terms of risk reduction in their study. Vrugt et al. (2002) merged the
generalized sensitivity analysis, the Bayesian recursive estimation al-
gorithm, and the metropolis algorithm to identify the most informative
measurements for model parameter estimation. Leube et al. (2012)
developed a preposterior data impact assessor within the Bayesian
framework to assess the expected data worth of proposed sampling
design. Recently, Dai et al. (2016) proposed a computationally efficient
data worth analysis framework based on Ensemble Kalman filter and
probabilistic collocation method. The typical data worth framework
consists of prior, posterior, and preposterior stages. The preposterior
analysis is most critical, and it evaluates whether a future measurement
is effective and how effective before it is taken (Neuman et al., 2012;
Freeze et al., 1992; James and Gorelick, 1994).

However, the simultaneous data worth analysis coupled with se-
quential data assimilation methods (i.e., EnKF) received limited atten-
tion to date. Zhang et al. (2005) and Dai et al. (2016) employed the
static Kalman filter or EnKF to assess the data worth in a groundwater
and solute transport problem. Man et al. (2016a) proposed a sequential
ensemble-based optimal design method to improve the performance of
parameter estimation for soil water problems. Evaluating the data
worth sequentially has three main benefits. Firstly, the parameter and
model states are updated in real time, so the data impact to modeling
system can be detected instantaneously. Secondly, the sampling
strategy can be dynamically adjusted to save the monitoring and ana-
lysis cost (Man et al., 2016). Thirdly, data-worth analysis frameworks
based on sequential data assimilation methods (i.e., EnKF) are strictly
non-intrusive and can be embedded into the forward model in a
straightforward way.

To the best of our knowledge, all previous studies are based on

synthetic cases, and data-worth analysis in the context of dynamically
evolving soil parameters and soil moisture profile has not been studied
in a real-world case. As stated by Leube et al. (2012), “for nonlinear
problems, the estimation variance and more sophisticated measures of data
utility depend on the actual values of measurements, which are still unknown
prior to collection”. It will be more convincing to investigate the data
worth under real-world circumstances for nonlinear soil water flow.
One primary difficulty for practical unsaturated soil water problems is
the identification of multiple parameters in the water retention curve
and unsaturated hydraulic conductivity. Another difficulty lies in the
definition of the upper boundary condition (such as uncertain and un-
even rainfall or irrigation), which has a significant influence on shallow
soil moisture content (Cull et al., 1981). Hence, this study focuses on
exploring the influence of a variety of uncertain soil parameters on
data-worth assessment. Three field plots in a greenhouse were thor-
oughly investigated. Soil parameters were measured by the double-ring
test and lab experiments. A period of 65-day continuous soil moisture
data under three irrigation schemes was observed. We were thus able to
identify the evolution of data worth under different upper boundary
settings. The objective of this study is not to minimize the uncertainty
of soil moisture profile estimation by specifying the optimal number
and location of measurements to be collected but to explore the ap-
plicability of running data-worth analysis in a sequential way. We at-
tempt to answer the following questions with the aid of this field-scale
experiment: 1) Given multiple uncertain soil parameters, how does the
data worth regarding parameter estimation and soil moisture profile
retrieval evolve respectively? 2) How do prior data (existing data that
have already been collected), observation depth, and measurement
error affect the data-worth? 3) What are the performances of different
data worth indices under different irrigation schemes? It is hoped that
this study can provide a guidance on the design of prospective mon-
itoring strategy for field-scale unsaturated flow problems.

The data worth framework by Dai et al. (2016) is accommodated to
this study. Besides the tracer index (Tr) introduced by Neuman et al.
(2012), the Shannon entropy difference (SD) (Shannon, 1949), relative
entropy (RE) (Kullback, 1959) and degrees of freedom for signal (DFS)
(Fisher, 2003) are also introduced to implement the data worth ana-
lysis. It is worthy comparing the performance of different indices.

In the following context, Section 2 presents the principles of EnKF
and data-worth analysis frameworks and introduces four information
metrics, namely Tr, SD, RE, and DFS. Thereafter, Section 3 presents a set
of examples to demonstrate the ability of the data-worth analysis fra-
mework to quantify the worth of one given monitoring scheme (in
terms of irrigation pattern, spatial location, observation error, and prior
data content). Moreover, in this section, the discrepancy of four in-
formation metrics is explored. In Section 4, conclusions and discussions
are presented.

2. Methodology

2.1. Numerical model of one-dimensional unsaturated flow

In this paper, one-dimensional soil water movement is considered.
The flow is described by Richards’ equation (Richards, 1931):
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where θ[L3L−3] is the volumetric moisture content; h[L] is the pressure
head; t[T] is the time; z[L] is the spatial coordinate, oriented positively
downward; K[LT−1] is the unsaturated hydraulic conductivity. In Eq.
(1), there are three unknown quantities: θ, h, and K. The constitutive
relationship between them can be characterized by the van Genuchten-
Mualem model:
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where θs[L3L−3] and θr[L3L−3] are the saturated and residual moisture
content, respectively; α[L−1] and n[dimensionless] are the shape
parameters of the soil water characteristic curve; Ks[LT−1] is the sa-
turated hydraulic conductivity; Se is the effective saturation. In our
paper, we employ the Ross method (Ross, 2006, 2003), which is a
noniterative numerical scheme, to obtain a fast solution of one-di-
mensional Richards’ equation. The specific advantages of Ross method
can be found in Zha et al. (2013).

2.2. Ensemble Kalman filter (EnKF)

In EnKF, the parameter vector of interest p are augmented with the
state variable vector s into a joint state vector y=[p,s]T. A collection of
N1 members of the state vector Y can be written as

= …y y yY { , , , }N1 2 1 (6)

The relationship between observations at time step t, dt
obs and their

true values yt
true is represented as follows,

= +d Hy εt
obs

t
true

t (7)

where matrix H is the observation operator which relates the state and
observation vectors. ɛt represents measurement error vector which is
assumed to be zero-mean Gaussian with covariance matrix Rt.

As a sequential Monte Carlo method, EnKF entails two main steps:
forecast step and analysis step. At the forecast step, each state vector in
Y is projected from time step (t−1) to time t through the forward nu-
merical/analytical model F

= = …−y F y i N( ), 1, 2i t
f

i t
a

, , 1 1 (8)

where superscripts f and a refer to forecast and analysis, respectively.
Superscripts i is the ensemble member index.

At the analysis step, for any ensemble member i at a given time t, the
joint state vector is updated by combining model predictions and ob-
servations
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where the Kalman gain Kt is defined as
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where Ct
f is the covariance matrix of the state vector at time t, which

can be updated after data assimilation through

= −C K H CI( )t
a

t t
f (11)

where I is a unit matrix whose dimension is Nd × Nd; and Nd is the
number of available measurements.

2.3. Data-worth analysis framework coupled with EnKF

Following the framework of Neuman et al. (2012) and Dai et al.
(2016), data worth analysis of future monitoring scheme is comprised
of three stages:

(1) At the prior stage, EnKF with an ensemble size of N1 is employed to
sequentially assimilate the prior data A. A set of N1 hypothetical
observations are then generated with = + = …B Hy ε i N, 1, 2, , .i i

f
i 1

It is worth noting that N1 should be large enough to include as many
as possible measurement values and assure the accuracy of esti-
mated mean and covariance.

(2) At the preposterior stage, for each possible data Bi, N2 realizations
satisfying Gaussian distribution(the ensemble mean is the value of
Bi, and the variance is the measurement error variance) are firstly
generated. EnKF with an ensemble size of N2 is again implemented
to estimate the resulting mean and other statistics. There are totally
N1 × N2 realizations being run. Predictive statistics of posterior
vector yi,j (i= 1, 2,…, N1; j = 1, 2, …, N2), i.e. E(Yi|A, Bi) and Cov
(Yi|A, Bi), are calculated by jointly conditioning on {A, Bi}. Then
EB|AE(Y|A, B), EB|ACov(Y|A, B), and CovB|AE(Y|A, B) are yielded
through statistics over all Bi. Similar procedures repeat until the
final time. In the meantime, the expected data worth in the form of
quantitative indices is calculated.

(3) At the posterior stage, the actual mean and covariance are obtained
by using available real data set B′ in a sequential manner. The real
(i.e. reference or posterior) data worth and expected (preposterior)
data worth is then compared to reveal the effectiveness of this data
worth framework. The whole workflow of data-worth analysis fra-
mework is depicted in Fig. 1.

The framework described above is essentially a two-layer hier-
archical Bayesian model. The first layer considers the possible variation
range of potential data (observations to be collected in the future), and
the second layer contains the uncertainty from uncertain parameters.
By quantifying the contained uncertainty (and sometimes the resulting
change of mean behavior for a nonlinear system) in the first layer, the
expected data worth for a given observation scheme (i.e., for given
number, locations, frequency, and data types of measurements) is then
determined. In this study, we introduce four information metrics to
quantify the worth of potential observations.

Firstly, the statistics in the prior and preposterior analysis have the
following theoretical relations (Neuman et al., 2012):

=Y A Y A BE E E( | ) ( | , )B A| (12)

= +Y A Y A B Y A BCov E Cov Cov E( | ) ( | , ) ( | , )B A B A| | (13)

where E(Y|A) is the prior mean of state vector Y, conditioning on prior

Prior stage 

Assimilate prior available data A to generate additional potential 

observations B by Ensemble Kalman Filter (EnKF) 

Preposterior stage 

Utilize A and B to obtain the resulting statistics including 

and and then analyze the 

expected data worth

Posterior stage 

Jointly assimilate A and additionally available data  to 

analyze the reference data worth

Fig. 1. The workflow of Bayesian data worth analysis framework coupled with
Ensemble Kalman Filter (EnKF).
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data A. EB|AE(Y|A, B) is the expectation of E(Y|A, B). For the sake of
simplicity, E(Y|A) and E(Y|A, B) are denoted by M1 and M2, respec-
tively. Cov(Y|A), denoted as C1, represents prior predictive uncertainty.
Given that potential observation B is generated by conditioning on
{A}, C1 is theoretically equal to Cov(Y|A) at the preposterior stage.
However, in fact, they may differ from each other due to the sampling
error caused by the finite sample size. Moreover, EB|ACov(Y|A, B) is the
expectation of Cov(Y|A, B) conditioning on {A, B}, which represents
the predictive uncertainty in preposterior data-worth analysis. Here, it
is denoted by C2. At the early time of data worth analysis procedure, the
total uncertainty of the system mostly lies in the second layer, i.e. Cov
(Y|A) ≈ EB|ACov(Y|A, B) while CovB|AE(Y|A, B) ≈ 0. With the se-
quential infusion of potential observations at the following time steps,
CovB|AE(Y|A, B) starts to increase. In addition, when calculating the
reference data worth, C2 refers to Cov(Y|A, B′)andM2 refers to E
(Y|A, B′).

(1) Trace
A scalar indicator trace (Tr) is defined by Neuman et al. (2012), as a

measure of data worth in terms of uncertainty reduction

= −C CT T T( ) ( )r r r1 2 (14)

where Tr indicates the trace (sum of diagonal entries) of a matrix.
(2) The Shannon entropy difference (SD) between the prior and

preposterior probability density functions (pdfs) also can be used to
quantify the information content extracted from future data. Due to the
fact that the prior and preposterior pdfs are both Gaussian in EnKF, SD
can be expressed as (Shannon, 1949; Xu, 2007),

= − = −C C C CSD lndet( )
2

lndet( )
2

lndet( )/21 2
1 2

1
(15)

where det (∗) denotes the determinant.
(3) The relative entropy (RE), known as a signal-dispersion com-

bined index, provides a measure of the information content of an
analysis (posterior) pdf with respect to background (prior) pdf (Zhang

et al., 2015; Singh et al., 2013). Under the assumption that the back-
ground and the analysis pdfs are n-dimensional Gaussian, RE is defined
as (Xu, 2007),

= +RE J DPb (16)

= − −−M M C M MJ ( ) ( )/2b 2 1
T

1
1

2 1 (17)

= + −− −C C C CDP T n[lndet( ) ( ) ]/2r1 2
1

2 1
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Unlike SD and Tr, the relative entropy (RE) is not additive (Xu, 2007).
The advantage of RE index is the ability of measuring both the signal
(mean) part (Jb) and dispersion (covariance) part (DP), which may be
important for nonlinear soil water system. From Eqs (9), (16), (17), and
(18), it is emphasized that RE not only depends on the observation
operator but also depends on observation vector itself. In particular, the
signal part Jb mainly depends on the realizations of −d H y( )i t

obs
t i t

f
, , . For

each realization of di t
obs
, , the signal and dispersion components indicate

the improvements made from the mean and covariance, respectively
(Xu et al., 2009). The calculation process of Jb implies the influence of
actual values of measurements on data worth assessment.

(4) The degrees of freedom for signal (DFS) measures how many
degrees of freedom of an observation are related to signal (versus noise)
(Xu et al., 2009). It characterizes the total reduction in variance, or the
reduction in the number of degrees of freedom of the error resulting
from the addition of observations (Singh et al., 2013). DFS can be de-
fined as,

≡ 〈 〉DFS J2 b (19)

where ∗ represents the expectation.
For a linear (or linearized) observation operator, the definition of

DFS can be transformed into:

= − −C CDFS n T ( )r 2 1
1 (20)

In essence, these indices can be divided into three categories: var-
iance-type (Tr), covariance-type (SD and DFS (Eq. (20)), and mean-
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Fig. 2. The layout of experimental plots and irrigation amount versus time in plots W1, W2, and W3.
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covariance-type (RE and DFS (Eq. (19)). Among these indices, RE (Jb
part) and DFS (Eq. (19)) consider the effect of actual measurement data
values on data worth, while other indices merely include the influence
of uncertainty (variance and/or covariance). It is noted that the im-
plementation of above data worth analysis framework is computa-
tionally expensive, thus parallel computing is utilized to alleviate this
issue. Efficient surrogate system can be further combined to reduce the
computational burden (Man et al., 2017; Dai et al., 2016).

3. Experiment and modeling results

3.1. Field experiment

A field experiment was conducted in the Irrigation and Drainage
Laboratory of Wuhan University, China. The experimental period was
between 29 February and 3 May 2016. There were totally three ex-
perimental plots selected in the greenhouse. All plots were bare soil
with no vegetation cover. Three plots were named as W1, W2, and W3,
respectively. Each plot had a size of 3m by 1m, as shown in Fig. 2.
Within each plot, three TRIME (TRIME-PTCO-IPH) tubes were installed
randomly in space. Average soil water content at multiple depth ranges
(0.02–0.18m, 0.22–0.38m, 0.42–0.58m, and 0.62–0.78m) were mea-
sured. The average soil water content of three tubes in each plot were
regarded as the soil water content of this plot. The measurement time
interval was 3–4 days.

The amount of irrigation water for plots W1, W2, and W3 are given
by Fig. 2. During the first 51 days, the irrigation amount of three plots
were the same, while during the next 14 days, the irrigation amount at
each irrigation time in W2 was half of that in W1 and there was no
irrigation in W3. In W1 and W2, the irrigation frequency doubled
during the last 14 days. The late stage of W2 was designed to investigate
the data worth response to changed irrigation frequency, while the si-
multaneous effect of changed irrigation frequency and amount was
explored in W1, and the data worth response to no irrigation was
analyzed in W3.

16 groups of undisturbed soil samples and 3 groups of packed soil
samples were collected to measure the soil hydraulic parameters. The
saturated moisture content θs was determined as 0.44 by using oven
drying method. The other three soil parameters (θr,α and n) were de-
termined by using the nonlinear isqcurvefit function in MATLAB. Their
values were equal to 0.02, 1.48(m−1), and 1.27, respectively. In addi-
tion, soil saturated hydraulic conductivity Ks was measured by using the
double-ring infiltrometer experiment at 10 random sites within the
study field, leading to an average value of 0.068m/d.

3.2. Model setup

The key parameters of the numerical cases are listed in Table 1.
Focusing on the vertical soil water flow, each plot is represented by a
one-dimensional soil column. The soil column has a height of 0.8 m and

is discretized with 80 grids of uniform size. The top and bottom
boundaries are set as an atmospheric boundary and constant water
content respectively. In addition, Ks, α and n are assumed to be un-
known and lognormally distributed during data worth analysis.

A suite of cases (Table 2) is designed to serve our research purposes.
Case C1 is set as the base case to verify the feasibility of assessing the
data worth within the data-worth analysis framework coupled with
EnKF. The prior data entering into case C1 comprises of soil water
content measurements taken at diverse depths (i.e. 0.02–0.18m,
0.22–0.38m, 0.42–0.58m, and 0.62–0.78m) during the first 19 days.

A comparison among cases C1, C2, and C3 is designed to investigate
the effect of prior data content on data-worth analysis, which can help
us to determine the required prior information content to ensure the
accuracy of data-worth assessment. Cases C2 and C3 have 30-day and 9-
day prior soil moisture data respectively, differing from 19-day data in
case C1.

Many previous studies attempted to explore the potential of using
surface soil moisture data, which are most readily available, to retrieve
soil moisture profile (Li et al., 2010; Calvet and Noilhan, 2000; Das and
Mohanty, 2006) and soil hydraulic properties (Montzka et al., 2011; Shi
et al., 2015). However, in the cases where moisture content observa-
tions in the topsoil and deep soil are both available without considering
technique constraints, is the surface soil moisture more valuable?
Therefore, two more test cases (i.e. C4 and C5) are designed to in-
vestigate the effect of monitoring depths on data-worth analysis. Test
cases C4 and C5 are identical to C1 except that the additional ob-
servations are made at the depths of 0.22–0.38m and 0.42–0.58m,
respectively.

Considering that observed data is always accompanied with error, it
is interesting to explore the discrepancy of data-worth under different
levels of observation errors. Here, we assume that the measurement
errors are Gaussian-distributed and have a constant variance. The
measurement error variance of soil moisture for C1 is assumed to be
0.0005, to be compared against the values of 0.0001 and 0.001 in cases
C6 and C7, respectively.

3.3. Results and discussions

3.3.1. Validation of data-worth analysis method coupled with EnKF (case
C1)

In this case, 19-day prior soil moisture data is provided to generate
potential soil moisture at the depth of 0.02–0.18m. Fig. 3b(1–3) pre-
sents a comparison of the real observations (red squares) and the cor-
responding N1 = 200 potential observation samples (black dots) as well
as their ensemble mean (black squares) in all plots. It is seen that the
mean values of potential observation realizations show some deviations
from the actual measurements with 19-day prior data. With the increase
of prior data, the generated potential data are expected to approach to
the actual observations, as shown in Fig. 3c (with 30-day prior data).
The unsatisfactory performance under inadequate prior data can be
attributed to the following reasons: (1) insufficient prior data may re-
sult in parameter estimates not close enough to the ‘true’ values after
data assimilation. Fig. 4(a-c) plots the updated mean of lnα, lnn, and

Table 1
Summary of key model parameters.

Parameters Value

Description of soil column
Soil column height [m] 0.8
No. of nodes 81
Simulation time [d] 65
Number of realizations
N1 200
N2 200
Distribution of initial soil parameter (state)realizations

αln [ −m 1] N (1.3451, 0.5890 )2

nln N (0.4779, 0.0625 )2

Kln s[m/d] −N ( 0.4194, 0.8294 )2

Variance of initial soil moisture realizations 0.032

Table 2
Summary of designed test cases and main characteristics.

Case Prior data
(d)

Monitoring depth
(m)

Observation error Description

C1 19 0.02–0.18 0.0005 Base case
C2 30 0.02–0.18 0.0005 Prior data content
C3 9 0.02–0.18 0.0005 Prior data content
C4 19 0.22–0.38 0.0005 Monitoring depth
C5 19 0.42–0.58 0.0005 Monitoring depth
C6 19 0.02–0.18 0.0001 Observation error
C7 19 0.02–0.18 0.001 Observation error
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lnKs versus time by assimilating all soil moisture observations se-
quentially. It is seen that within 19-day prior period, the estimated
parameters (especially for ln Ks) have not reached stable values for all
plots. (2) The change of future scenario (irrigation amount and fre-
quency) may trigger the potential model structural error (Wagener and
Gupta, 2005; Xu et al., 2017). This is particularly obvious in plot W3
with no irrigation at the late time. If one model undergoes different and
contrasting scenarios, the model structural error is likely to appear
since model parameters updated or calibrated under one scenario have

not been examined under another scenario. This can be confirmed by
the fluctuated parameter estimates in all plots after 50th day, when the
irrigation amount and frequency start to change (Fig. 4). Inaccurate
description to forcing term (such as evaporation) or a simplified re-
presentation of real soil layer structure (Xu and Valocchi, 2016; Beven,
2005; Crow and Van Loon, 2005; Dee, 2005; Mccuen, 1974) may also
introduce model structural error. This potential error eventually in-
creases the difficulty of accurately ‘imitating’ real observations with
potential data.
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Fig. 3. A comparison of real observations at the depth of 0.02–0.18m (red squares) and the corresponding potential observation realizations (black dots) as well as
the ensemble mean (black squares) in plots W1, W2, and W3, with 9-day (a), 19-day (b),and 30-day (c) prior data respectively. (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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3.3.2. Parameter estimation
Based on the above potential and actual observations, their ex-

pected and reference data worth regarding parameter estimation can be
quantified in the form of Tr, SD, RE( = Jb + DP), and DFS (Eq. (20)), as
depicted in Fig. 5. Only the results in plot W1 are presented. On the

whole, the results lead to two findings: (1) for variance-type (Tr) or
covariance-type (SD, DP and DFS(Eq.(20))) indicators, the expected and
reference data worth values match very well even though the potential
observations and real data do not fit quite well. We recall that such an
agreeable match is achieved even if the means of the potential

30 45 60
0.00

0.03

0.06

0.09
a Tr (W1)

Time (Day)
30 45 60

0.0

0.3

0.6

0.9
b SD (W1)

Time (Day)
30 45 60

0.0

0.3

0.6

0.9
c RE (W1)

Time (Day)

30 45 60
0.00

0.15

0.30

d Jb (W1)

Time (Day)
30 45 60

0.00

0.15

0.30

0.45
e DP (W1)

Time (Day)
30 45 60

0.0

0.3

0.6

0.9
f

 Expected
 Reference

DFS-Eq. (20) [W1]

Time (Day)

Fig. 5. A comparison of the expected (dash line) and reference (solid line) data worth regarding parameter identification in the form of Tr, SD, RE, Jb, DP, and DFS in
plot W1.
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observations still deviate from the actual observations, as shown in
Fig. 3; (2) for RE (or Jb), the expected value barely reproduces its re-
ference counterpart. This is because that mean-covariance-type metric
further takes into account the effects of mean behavior (M2−M1),
which is barely reproducible with high accuracy due to the intrinsic
nonlinearity of the soil water system (Yeh et al., 1985; Mantoglou and
Gelhar, 1987) and the possible model structural error. These results
imply that a satisfactory evaluation of data worth with mean-covar-
iance-type metrics places high demands on the potential observations
(especially the mean of potential observations) for soil water problems
under the real-world circumstance, while the variance-type and cov-
ariance-type metrics relatively relax the accuracy requirement to the
potential observations but focus on the uncertainty level.

According to Eq. (19) and Eq. (20), DFS can be calculated in two
ways, i.e. the original definition (similar to Jb, shown in Fig. 5d) and
linearized transformed definition (shown in Fig. 5f). Although the lin-
earized form of DFS leads to a better match between the expected and
reference data worth, it may not be applicable in soil water problems
due to the inherent nonlinearity. The results show that such lineariza-
tion can introduce artificial distortion to data worth analysis, although
linearized DFS has been popularly used by previous studies (Fisher,
2003; Xu, 2007).

3.3.3. Soil moisture profile retrieval
When we evaluate the data worth of potential measurements on soil

moisture profile retrieval, it is requisite to consider at which resolution
the soil moisture profile should be reproduced. We run data worth
analysis with different numbers of nodes and investigate the influence
of meshing size on data worth analysis. Surprisingly, the results show
that meshing size has a very large effect on the calculated data worth in
terms of SD and DP. Fig. 6(a) and (b) present the RMSE between the
expected and reference SD and DP with respect to different node spa-
cings. It is observed that the RMSE for SD or DP increases drastically
when the node spacing is small. Fig. 6(c) and (d) further compare the
expected and reference covariance matrixes at the 65th day with a node
spacing of 1 cm. The apparent contrast between the expected and re-
ference covariance exists for the cross-covariance between the shallow
and deep nodes (highlighted by gray rectangle). This cross-covariance
bias is caused by the spurious correlation due to numerical calculation.
Further results show that the variance can be estimated relatively easily
while a satisfactory cross-covariance estimation is difficult (which can
be inferred by comparing Fig. 7a and b). Since covariance-type metrics
depend on both the variance (the diagonal elements of the covariance
matrix) and the cross-correlation (the non-diagonal elements), the re-
sults demonstrate the challenge of data worth analysis for soil moisture
prediction if the covariance-type index is employed. There are two
solutions for this issue. One is to use a larger node spacing. A larger
node spacing seems helpful to alleviate the adverse effect of spurious
correlation (see Fig. 7a and b) but at the same time it may lead to false
cross-covariance and variance. Another way is to use the localization
technique to avoid the spurious cross-covariance.

In our study, only soil moisture at several representative nodes, i.e.
at the depths of 10 cm, 30 cm, 50 cm, and 70 cm, are selected to eval-
uate the data worth. The results of data worth are given in Fig. 7. The
expected and reference SD matches constantly well. The expected and
reference SD (and DFS) fit well during the early period but start to
deteriorate at the late time. Meanwhile, the comparison of Fig. 5 and
Fig. 7 reveals an inferior data worth analysis performance for soil
moisture retrieval when the covariance-type index is used, compared
with data worth analysis for parameter estimation. To understand this
phenomenon, the expected and reference posterior covariance matrices
at the 30th and 65th day are displayed in Fig. 8. It is found that com-
pared to parameter covariance, the match of expected and reference
soil moisture covariance deteriorates obviously at the 65th day. This
can explain the deteriorated match of SD (or DFS) over time for soil
moisture retrieval.

One unfavorable aspect regarding data worth analysis for soil
moisture retrieval is that the vertical covariance of soil moisture is
susceptible to the upper boundary condition. In plot W1, frequent ir-
rigation is applied during the late period, and the intensified drying and
wetting processes seem difficult to be described accurately by the up-
dated soil parameters (from the prior period), which consequently
brings difficulty of reproducing the real cross-covariance. Thus, the
future change of the atmospheric scenario should be paid enough at-
tention, not only due to the possibly introduced model structural error
but also due to its vital effect on soil moisture covariance estimation.

3.3.4. Effect of prior data content (C1, C2, and C3)
Fig. 9(a–f) compares the data worth among cases C3, C1, and C2,

with 9-day, 19-day and 30-day prior data respectively, with respect to
parameter identification. To avoid repetition, only the results of Tr, SD
and RE (representing variance-type, covariance-type, and mean-covar-
iance-type index, respectively) in plots W1 and W2 are shown. Overall,
the expected and reference data worth has a better match as more prior
data are assimilated, especially for Tr and SD. This is in line with the
fact that actual observations are more readily ‘captured’ with potential
observation realizations as prior data increases, as depicted in Fig. 3. It
is also seen from Fig. 9(a–c) (or Fig. 9(d–f)) that in comparison to mean-
covariance-type indicator (RE), the fitness between the expected and
reference variance-type and covariance-type indicators (Tr and SD) are
less sensitive to prior data. Different responses of RE to prior data are
observed in plots W1 and W2. More prior data leads to the improved
estimation of RE in plot W2, while increasing the prior period from
19 days to 30 days unfortunately worsens the data worth match after
the 50th day in plot W1. Considering that W1 was applied with more
intensive irrigation after the 50th day, it is found that more prior data
does not always lead to better data worth estimation (Fig. 9(c)). In plot
W1, the abnormal pattern of RE at the late time is possibly caused by
more intensified wetting–drying cycle of moisture content than in plot
W2, which eventually increases the difficulty of obtaining reasonable
parameters to represent the real soil. Thus, on one side, data worth
assessment regarding parameter identification can be improved by as-
similating more prior data (Xue et al., 2014) if Tr and SD are used. On
the other side, the deteriorated performance of RE in plot W1 reminds
us that poor fitting of mean-covariance-type index due to imperfect
parameter estimates may hardly be compensated by assimilating more
prior data. We note that model structural error and imperfect parameter
estimate actually appear simultaneously since parameters are forced to
compensate for the bias between observation and simulation if se-
quential data assimilation is employed.

Similar conclusions can be drawn for soil moisture profile retrieval.
Fig. 9(g) presents the SD in plot W2. As suggested by comparing
Fig. 9(e) and Fig. 9(g), some interesting phenomena can be found: for
parameter identification, 19-day prior data is adequate to guarantee the
estimation accuracy of SD; nevertheless, the accuracy of SD regarding
soil moisture prediction is satisfactory only when the prior data period
reaches 30 days. Such a difference again indicates that more prior in-
formation is required to assess data worth for soil moisture profile
characterization, compared with soil parameter identification.

3.3.5. Effect of monitoring location (C1, C4, and C5)
Since shallow soil moisture is more sensitive to the atmospheric

boundary and shows larger temporal variation than deep soil moisture
in our field experiment, it is expected that shallow soil moisture is
subject to higher uncertainty and hence observations at shallow depths
generate larger data worth (Tr and SD). As demonstrated in Fig. 10(a),
(b),(d) and (e), assimilating deep soil moisture brings reduced data
worth, regardless of parameter identification or soil moisture profile
retrieval. This result is consistent with the finding of Dai et al. (2016),
which claimed that an effective observation strategy is to acquire new
data at a location where the prior predictive uncertainty is large.

However, the response of relative entropy to different depths of soil
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moisture is rather complicated, especially at the late time when the
irrigation frequency was intensified in plot W2. A few phenomena can
be observed: (1) Regardless of the observation depth, overall, all ex-
pected values of data worth indices deviate from their reference values
more and more as time goes on; (2) The moisture data has reduced
reference data worth with increased observation depth during the early
period (0–50 day), but some unusual patterns can be seen. For example,
the reference relative entropy based on the observation at 0.22–0.38m
depth shows abnormal surge during the late period; (3) Despite of the
larger data worth from shallow observations, for soil moisture estima-
tion, SD and RE do not perform well in term of the matching degree of
reference and expected data worth if shallow moisture data at the
depths of 0.02–0.18m and 0.22–0.38m are collected. The reason could
be two-sided: the potential observations of shallow depth may suffer
more uncertainty sources (for example, spatial or/and temporal varia-
bility of surface soil parameters, uncertain atmospheric boundaries, and

inaccurate evapotranspiration model); the measurement error of sur-
face moisture data may also receive higher uncertainty. Our results
imply that evaluating the data worth of shallow soil moisture ob-
servation is subject to considerable challenge if covariance-type or
mean-covariance-type index is employed. Similar findings regarding
soil moisture data assimilation have been reported by Crow and Van
Loon (2005) and Shi et al. (2015); (4) Comparing to Tr and SD, the
match of reference and expected RE is especially not agreeable, which
has also been observed in Figs. 5, 7 and 9. Our further analysis showed
that the accelerating discrepancy between the reference and expected
RE is because Jb is the dominant component and there exists a large
difference between the reference and expected Jb (figures not pre-
sented). These results further emphasize that the influence of atmo-
spheric boundary conditions should be taken into account when de-
termining the future monitoring strategy (location, frequency, and data
type) with mean-covariance-type index.
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Fig. 7. A comparison of the expected (dash line) and reference (solid line) data worth regarding soil moisture profile retrieval in the form of Tr, SD, RE, Jb, DP, and
DFS in plot W1.

Fig. 8. A comparison of the expected and reference covariance matrices at the 30th and 65th day regarding soil moisture profile retrieval (based on soil moisture at
four selected depths, i.e. 10 cm, 30 cm, 50 cm and 70 cm) and parameter identification.
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3.3.6. Effect of observation error (C1, C6, and C7)
Fig. 11 reveals a comparison of data worth among cases C6, C1, and

C7, with observation error variance being equal to 0.0001, 0.0005 and
0.001 respectively. Only the results in plot W1 are shown. Different
data worth indices respond very differently to the observation error. Tr
increases with increasing error while SD shows a opposite trend.
Moreover, it is seen that the reference RE of case C6 (with the smallest
measurement error) shows abrupt rising, and the match between the
reference and expected data worth deteriorates significantly after the
50th day, for both parameter estimation and soil moisture profile re-
trieval. For ease of comparison, the RMSE between the expected and
reference RE for parameter estimation in all three plots are presented in
Fig. 12(a). Two findings can be obtained: (1) the smallest observation
error leads to the worst data worth estimation in all plots; (2) the data
worth accuracy overall degrades when the measurement error increases

from 0.0005 to 0.001. The potential observations of cases C6 and C7 are
given in Fig. 12 (b) and (c), respectively. It is observed that smaller
error indeed generates potential observations closer to real observations
before the 50th day, while it also leads to more deviated potential
observations at the late time.

Too large observation error certainly will reduce the contained
value of measurement data. However, our results demonstrate that too
small observation error is also unfavorable in the real-world case. One
possible explanation is that relative lager observation error can actually
alleviate the adverse effect of model structural error.

4. Discussion and conclusion

In this paper, with the aid of one field experiment, the data worth
analysis coupled with EnKF is introduced to sequentially evaluate the
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Fig. 9. (a-f) A comparison of the expected and reference data worth regarding parameter estimation for C3, C1, and C2 with 9-day, 19-day, and 30-day prior data
respectively in plots W1 and W2; (g) A comparison of the expected and reference SD regarding soil moisture profile retrieval for C3, C1, and C2 in plot W2.
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potential value of future soil moisture data. Three representative types
of indicators, i.e. variance-type (Tr), covariance-type (SD, DP, and DFS)
and mean-covariance-type (RE and Jb), are employed to quantify the
data worth. The variance- and covariance-type metrics focus on the
reduction of predictive uncertainty, while the mean-covariance-type
index simultaneously considers the time-varying behaviors of mean and
covariance. The former two can be estimated with ease while the latter
is hardly reproduced due to several reasons, including the high demand
on prior information, the inherent non-linearity of unsaturated flow,
and the model structural error. Even so, the mean-covariance-type
index may be a more objective index since it can characterize the
prospective change of future data in a more comprehensive way.

The data worth of given observations to soil parameters (α, n, Ks)
estimation and soil moisture profile retrieval are simultaneously as-
sessed in this study. Regarding data worth analysis for soil moisture
profile retrieval, we showed that the vertical cross-covariance of soil
moisture exerts a significant impact on the estimation accuracy of
covariance-type metrics. The manifesting impact is associated with the
meshing size and the future scenario (such as atmospheric boundary).
Soil moisture profile and associated covariance are susceptible to irri-
gation and evaporation events. Model structural error is likely to occur
under changing scenarios. It is thus challenging to evaluate the worth of
future monitoring scheme for soil moisture profile characterization in
the real-world circumstance.

A series of illustrative cases were employed to explore the influence
of the following various factors on data worth analysis:

(1) Scenario condition. A future scenario obviously different from the
historical scenario at the prior stage is likely to bring in model
structural error. This raises the difficulty of ‘imitating’ actual
measurements and leads to deteriorated data worth assessment.

(2) Prior information content. Overall, more prior data can improve
the match between the reference and expected data worth. The
performance of variance- and covariance- type index is less sensi-
tive to prior data volume, while mean-covariance-type indices de-
teriorate dramatically with insufficient prior data. Despite of the
overall benefit by assimilating more prior data during data worth
analysis, it cannot compensate the negative damage from un-
resolved model structural error.

(3) Observation location. The moisture data has reduced reference
data worth with increased observation depth for the variance- and
covariance-type index. In this study, the surface soil layer is the
most valuable location to collect observations in terms of the data
worth assessment with variance- and covariance-type index.
However, for the mean-covariance-type index, the data worth
shows complicated patterns due to the complex features of mean
and covariance. Our results demonstrated the challenge of evalu-
ating the data worth of surface soil moisture observations with
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Fig. 11. A comparison of the expected and reference data worth regarding parameter estimation (a,b,c) and soil moisture profile retrieval (d,e,f) for C6, C1, and C7
(with observation error variances of 0.0001, 0.0005 and 0.001, respectively).
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mean-covariance-type index.
(4) Observation error. Small observation error is not always helpful for

improving data worth analysis. Relatively high observation error
seems beneficial in a real-world case, especially when the future
scenario differs with the historical scenario.

In this current study, only soil moisture data are considered. The
future study will further evaluate the data worth of other types of data
(such as water head, flux, tracer concentration, temperature, remote
sensing data, and ground penetrating radar data). It is expected that
these data can provide an additional constraint on modeling un-
certainty. However, a quantitative assessment to the worth of different
data sources remains to be explored. Such analysis can provide modeler
with advice on which data to be collected and optimal collection
strategy (frequency, location, and accuracy). Besides, how to quantify
and alleviate the adverse effect of model structural error and improve
the performance of mean-covariance-type index should be investigated
for nonlinear soil water problem.
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