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Abstract— Satellite-derived geophysical variables provide valu-
able information about the earth’s functioning, but there are
errors that limit their direct uses. Linearly combining two or
more data sources is a simple and efficient method to reduce
the uncertainty between the truth and observations. However,
calculating the optimal weight for such a linear combination
generally needs a reference “truth” that is rarely available
in practical applications. To address this limitation, a triple
collocation (TC) technique is often used to estimate data error
by using a data triplet without the truth. The TC-based error
variances are then applied to calculate the optimal weight
calculation with an assumption of independence between errors.
However, ignoring the error cross-correlations (ECCs) can lead
to inaccurate optimal weight for a linear combination and hence
may degrade the performance of calculations using merged prod-
ucts. Recently, an extended double instrumental variable (EIVD)
method has been proposed to estimate ECC using only three
products like TC. In this study, we examined the performance
of an EIVD-based linear combination approach through two
applications using synthetic data and actual satellite-derived soil
moisture (SM) products. For direct comparison, the TC-based
linear combination was also implemented using the same data
sets. The verification showed that the EIVD-based products
are generally better than the TC-based products and result
in statistically significant differences in correlation coefficients.
While the results here are based on SM, the proposed method is
potentially applicable for reconstruction of other data sets that
seldom have suitable references in large-scale regional settings.
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I. INTRODUCTION

DATA from various sources are often merged to offset ran-
dom errors using optimal combination alternatives [10].

Linearly combining two or more data sets is a simple and
efficient method to archive improvements via the merged
product. The principle of linear combination is merging of
independent information in each data source, improving over
each individual product through cancellation of random errors,
with effectiveness depending on the degree of independence
across the data sources [12]. Since Bates and Granger [12]
proposed minimizing the mean squared error (mse) through
optimally combining two forecasts in the context of airline
passenger operations, methodologies based on this have been
widely applied across various disciplines [14]–[18].

In linear combination for minimizing mse, a key step is
the calculation of the optimal weight for each original data
set, which is a function of error variances and error cross
correlation (ECC) of the original data being combined (here-
after referred to as parent data or parent product). However,
the weight estimation process needs a reference “truth” that
is seldom available. This combination approach may use an
assumed truth (e.g., reanalysis data) to assess how the merged
data vary in space and time, but practical uses of such an
approach is limited because the expectation of improvement
is subject to the selected reference data.

Triple collocation (TC) can estimate error variances and
data-truth correlations without a reference by comparing
across a triplet of independent data sources [20]–[22]. Given
this advantage of TC, it has been widely used to estimate
errors of geophysical variables following which the data sets
are combined in various applications [23]–[26].

However, the TC-based method relies on the assumption
of zero ECC which does not always hold. As shown by
Yilmaz and Crow [29], the overall effect of ECC on TC
is important and can underestimate the errors in soil mois-
ture (SM) products. As a measure to resolve this issue,
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Fig. 1. Flowchart presenting error estimation, combination, and validation
of geophysical variables, as applied in this study.

Gruber et al. [24] proposed the quadruple collocation (QC)
that utilizes a quadruple of data to estimate a part of ECCs by
partially adopting the error independence. However, the diffi-
culty in obtaining four data sets for the QC implementation
still remains. To ease the difficulty, Dong et al. [31] recently
proposed the extended double instrumental variable (EIVD)
method by which an ECC can be estimated using three data
sets.

Given the availability of the abovementioned alternatives,
the aim of this study is, therefore, to evaluate and compare
TC- and EIVD-based linear combination approaches where
the optimal weight minimizes the mse between the combined
product and the unknown truth. For this, we first present
the theoretical background of the TC, EIVD, and linear
combination alternatives for minimizing mse in Section II and
then verify the various methods through experiments using
synthetic data in Section III-A. In Section III-B, satellite- and
model-derived SM data are used as the basis for combination,
and ground-based SM measurements are used for evaluating
the combined products. Finally, in Section IV, a summary of
the results and conclusions are presented.

II. DATA AND METHOD

Fig. 1 presents the process of implementing and comparing
TC- and EIVD-based linear combination approaches. There
are two main steps: 1) error estimation of geophysical variables
against the (unknown) truth and 2) calculating the optimal
weight for linear combination which minimizes the mse
between the combined product and the (unknown) truth. Then,
the combination results are validated against independent data
sets which are regarded here as the truth.

Three data sets denoted θ1, θ2, and θ3 are used for com-
bining θ1 and θ2. Here, TC is used to estimate the error
variances (Cε1ε1 and Cε2ε2), and EIVD is used to estimate

both error variances (Cε1ε1 and Cε2ε2) and ECC (ρε1ε2). Then
two products θ1 and θ2 are linearly combined as θ c using
the optimal weight (w) which is separately estimated using
the TC- and EIVD-derived error metrics. More details of each
step are presented in the following sections.

A. TC- and EIVD-Based Linear Combination for
Minimizing mse

1) Step 1 (Error Estimation): TC can estimate the error vari-
ance of each product and the data-(unknown) truth correlation
through intercomparisons between three independent products,
θ1, θ2, and θ3. Each data is linearly related to the truth (t)
and presented by the sum of three terms, θ i = αi + βi t + εi

(linearity assumption), where i = 1, 2, and 3; constants
αi and βi are the additive and multiplicative bias terms,
respectively; and εi is random error with zero mean. With this
triplet, the error variances (Cεi εi ) and the data-truth Pearson
correlation coefficients (ρit ) can be calculated as

Cεi εi =

⎡
⎢⎢⎢⎢⎢⎢⎣

�
C11 − C12C13

C23�
C22 − C12C23

C13�
C33 − C13C23

C12

⎤
⎥⎥⎥⎥⎥⎥⎦
, ρit =

⎡
⎢⎢⎢⎢⎢⎢⎣

�
C12C13

C11C23�
C12C23

C22C13�
C13C23

C33C12

⎤
⎥⎥⎥⎥⎥⎥⎦

(1)

where Ci j is the covariance (i �= j) or variance (i = j) of
the data (here, i and j = 1, 2, and 3). Detailed s and their
derivations are available in [21].

Dong et al. [31] recently developed the EIVD, which
is an improved version of the double instrumental variable
method [32] and the single instrumental variable method [33].
From a triplet of data like TC, EIVD estimates the error
variances, the data-truth Pearson correlation coefficients and
an ECC between θ1 and θ2, which can be solved through a
linear system expressed by the following three matrices:

e =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

β2
3 Ctt

β2
1 Ctt

β2
2 Ctt

β1β2Ctt

Cε3ε3

Cε1ε1

Cε2ε2

Cε1ε2

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, A =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 0 1 0 0 0
0 1 0 0 0 1 0 0
0 0 1 0 0 0 1 0
0 0 0 1 0 0 0 1
1 0 0 0 0 0 0 0
1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 1 0 0 0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

b =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

C33

C11

C22

C12

C13

	
L33/L11

C23

	
L33/L22

C13

	
L11/L33

C23

	
L22/L33

C23

	
L11/L33

C13

	
L22/L33

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(2)
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where Cεi ε j is the error covariance (i �= j) or error variance
(i = j) same to the case of TC (i and j = 1, 2, and 3); and
Lii is the autocovariances of variables (i = 1, 2, and 3). Given
Ae = b, e can be solved by least squares as

e = �
AT A

	−1
AT b. (3)

In addition to the error variances in e, the data-truth Pearson
correlation and the ECC can be calculated using the remaining
terms in e as

ρi t =



β2
i Ctt

β2
i Ctt + Cεi εi

, ρεi ε j = Cεi ε j	
Cεi εi Cε j ε j

(4)

where the subscripts (i and j) denote the data sets. ρit rep-
resents Pearson correlation between θ i and the unknown
truth (t); and ρεi ε j is the ECC of θ i and θ j , where i = 1
and j = 2 in this study.

TC is based on the following four assumptions [22]: 1) lin-
earity between the truth and the errors; 2) stationarity for both
the truth and the error; 3) zero ECC; and 4) error-truth orthog-
onality. Furthermore, as EIVD can be affected by unignorable
statistical differences in error autocorrelations in the original
data sets [31], this is considered as the fifth assumption in
this study. The performances of TC and EIVD relies on
how the above five assumptions are satisfied for the given
set of variables, and as a result the outcomes of any linear
combination based on this method can be accordingly affected.
This is further discussed in Section III.

2) Step 2 (Linear Combination for Minimizing mse): Data
sets θ (N × P) are simply combined by assigning weight w
(P × 1) to generate a combined product θ c (N × 1) as

θ c = θw, Subject to
p


i=1

wi = 1 (5)

where N is the sample size and P is the number of data
sets. This process is demonstrated with two data sets (P = 2)
below.

The optimal weight minimizing the mse for two unbiased
data sets [12] is presented using error variances (Cε1ε1 and
Cε2ε2) and the ECC (ρε1ε2) as

w1 = Cε2ε2 − ρε1ε2

	
Cε1ε1 Cε2ε2

Cε1ε1 + Cε1ε1 − 2ρε1ε2

	
Cε1ε1 Cε2ε2

, w2 = 1 − w1 (6)

where w1 and w2 are the optimal weights for θ1 and θ2, respec-
tively. For a clearer demonstration of the P = 2 case, only w1

is considered and simply denoted as w hereafter. We calculated
two types of optimal weight by (6) where the error terms were
estimated by TC [see (1)] and EIVD [see (4)], respectively, and
then combined [see (5)]. Note that TC assumes ρε1ε2 is zero but
EIVD takes it into account in the weight calculation. Then we
validated and compared the TC- and EIVD-based combination
results through two analyses using synthetic data sets and real
data sets (satellite- and model-derived SM products), of which
details are described in the following section.

B. Evaluation of the Combined Data

The combination results are validated using the data-truth
correlation (ρct) and unbiased root mse metrics for the com-
bined data (ubRMSEct); and compared against those for the
parent data, ρit and ubRMSEit (i = 1, 2). In addition,
the differences, �ρ and �ubRMSE via (7) were also used
for the evaluation. Positive �ρ (negative �ubRMSE) values
indicate improvements in the combined product, while zero
difference means no improvement compared to the parent
products

�ρ = ρct − max[ρit ]

�ubRMSE = ubRMSEct − min[ubRMSEit ]. (7)

1) Evaluation Using Synthetic Data: We evaluated how the
TC/EIVD assumptions, described in Section II-A1, affect the
linear combination results through the following experiments
using synthetic data. For this, a true signal (t) is first generated
from a uniform distribution U(0, 1) with a sample size of N .
Then three synthetic products, θ i (i = 1, 2, and 3), were
generated by adding zero-mean Gaussian errors (εi ) to t as

θ i = t + εi . (8)

Note that EIVD is based on using lag-1 autocovariance
of the observations (i.e., temporal memory of the data).
Therefore, the performance of EIVD can be undermined in
the experiments using the true signal drawn from U (0,1) in
which autocovariance is not explicitly reflected. Given this
limit, the result interpretation should focus on patterns and
tendencies with changes in control parameters.

We used this synthetic model to evaluate the two merging
approaches. Our aim here is to demonstrate that: 1) the
combined product outperforms any of the parent products and
2) even though the TC/EIVD assumptions are not perfectly
valid, the outcome is still an improved product in comparison
to any individual product being used. These arguments are
illustrated using five synthetic experiments, Exp1–Exp5, where
each assumption is violated one at a time by generating a suite
of different additive errors (εi).

For considering various noise ranges in the synthetic data,
we used three values of signal-to-noise ratio (SNR) in decibels
(i.e., SNRdB = 0.1, 1, and 2) in the five synthetic experiments
as

SNR = 10
SNRdB

10 , Pn = Pt

SNR
(9)

where Pt and Pn are signal power and the noise power, respec-
tively, and estimated as the expected values of square signal
values and square noise values, respectively. In this study, we
used Pn to generate noise with a specified variance according
to the given SNR. The generated data were combined and
validated through the two main steps (see Fig. 1), and then
this process was repeated 500 times to capture the uncertainty
in the combination. The results from the synthetic experiment
are presented and discussed in Section III-A.

The first experiment (denoted “Exp1”) tests how the sample
size (N) violates the TC/EIVD assumptions and thus affects
the data combination. Here, we specified six sample sizes

Authorized licensed use limited to: University of New South Wales. Downloaded on November 02,2020 at 23:38:27 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

4 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

(N = 50, 100, 200, 500, 1000, and 5000), and the errors
defined as

εi ∼ N(0, Pn) (10)

where N(0, Pn) represents Gaussian random numbers of zero
mean and variance Pn .

The second experiment (denoted “Exp2”) aims to evaluate
the effects of the stationarity assumption on the combination
results. Here, the error mean is monotonically increased in
time by including an additive term in (10) as

εi = a + H − 0.5N

N
· s · E[t], H = 1 :L (11)

where a is random error drawn from N(0,Pn) of sample size
of N ; H values range from 1 to N with increment of 1; s is the
increasing slope of the error mean with relation to the expected
value of the true signal (t) (E[t]) and set as 0–10 increasing
by 1. Note that, the sample size (N = 500) was fixed for
Exp2 and the remaining experiments (Exp 3–Exp5).

The third experiment (denoted “Exp3”) evaluates how the
combination results are changed when the zero ECC assump-
tion is violated. Increasing ECC breaches the TC assumption
and also makes the data sets more dependent to each other
(i.e., less information). The errors of three synthetic products
were defined as

εi ∼ N(0, Pn), ε j = ρεi ε j εi +
�

1 − ρ2
εi ε j

a (12)

where i = 1 and j = 2 and 3; ρεi ε j is cross correlation
between εi and ε j and set as 0–0.9 increasing by 0.1.

The fourth experiment (denoted “Exp4”) investigates the
effects of the error-truth orthogonality assumption on the
combined product. The errors of the three synthetic data sets
were generated as

εi = ρεi t
t√

SNR
+

�
1 − ρ2

εi t a (13)

where i = 1, 2, and 3; ρεi t is cross correlation between εi and
the true signal (t) and set as 0–0.9 increasing by 0.1.

Lastly, the fifth experiment (denoted “Exp5”) tests the
effects of the contrasted error autocorrelations on the com-
bination results. The error of the first synthetic data set (ε1)
was generated by a first-order autoregressive process with
autocorrelation coefficient values (Lε1ε1) varying from 0 to
0.9 increasing by 0.1, and ε2 and ε3 were simply generated
by (10).

The details of the five experiments are summarized
in Table I.

2) Evaluation Using SM Data Sets: We also applied the
combination process depicted in Fig. 1 for multiple SM data
sets. We used three satellite-derived and one reanalysis SM
product as summarized in Table II. The four SM products
cover a three-year period from April 2015 to March 2018,
and are: 1) level 3 SM Ocean Salinity (SMOS) developed
by Institut National de la Recherche Agronomique (INRA)
and Centre d’Etudes Spatiales de la BIOsphère (CESBIO),
SMOS-IC (Version 105); 2) level 2 Advanced SCATterom-
eters (ASCAT) SM index product (Version 5); 3) level 3
SM Active Passive (SMAP) Radiometer Global Daily SM

TABLE I

SUMMARY OF THE FIVE SYNTHETIC EXPERIMENTS

TABLE II

SUMMARY OF SM PRODUCTS USED IN THIS STUDY

(Version 5); and 4) the volumetric SM content in the top
layer (<0.05 m) from the Modern-Era Retrospective Analysis
for Research and Applications Land version 2 reanalysis
(MERRA2).

For the SM products, the following data-filtering/processing
was consistently applied [25], [34]. For the three
satellite-derived SM in both ascending and descending
overpasses, we only used SMOS-IC data flagged as
“recommended quality”; SMAP data of which open water
fraction and frozen fraction are less than 10%, and vegetation
water content is smaller than 5 kg/m2; ASCAT data with
less than 10% probability snow, frozen ground, and 50% of
retrieval error. Since the error estimation and data combination
in this study have been implemented when all data sets are
available (i.e., only for paired data points), it has the same
effect that all filtering criteria are commonly applied to all
SM data. Then, both ascending and descending data for each
product were averaged on a daily basis to maximize the
spatial coverage of the data. Next, the SM products including
MERRA2 at different spatial resolutions were resampled
to the global cylindrical 36-km equal-area scalable Earth,
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TABLE III

SUMMARY OF ISMN DATA USED IN THIS STUDY

version 2 (EASEv2) grid using bilinear interpolation. Finally,
for the hourly MERRA2 data on each grid cell, we selected
SM values closest to the averages of the scan time of the
three satellite SM data on a daily basis.

We used ground-based SM obtained from the International
Soil Moisture Network [35] (https://ismn.geo.tuwien.ac.at) for
evaluating the combination results. For this, we applied a
strict data filtering to the ground measurements for minimizing
systematic differences to the coarse SM data [36]. The ground
data filtering includes: applying the ISMN quality flags [37];
adopting SM series from the shallowest depth (<10 cm) with
less topographic complexity and wetland fraction (<10%);
selecting SM values temporally closest to the daily average
scan time of the three satellite SM products; when there are
multiple stations in a grid cell, picking up the most areal
representative station which has the highest intercorrelations
against the SM products over the grid cell [38]. In addition,
we selected stations with at least 50 observations paired with
each SM product. As a result, only 254 stations distributed
over 15 networks remained as shown in Table III.

These four SM products SMOS-IC (hereafter simply
referred to as SMOS), ASCAT, SMAP, and MERRA2 are
used as θ1, θ2, and θ3 in three cases of combination in this
study. Those are C1: SMOS + ASCAT, C2: SMOS + SMAP,
C3: ASCAT + SMAP. Note that MERRA2 is used as θ3 in
common for C1, C2, and C3.

Uncertainties in the retrieval process and/or limited equip-
ment precision inevitably produce biases in the modeled

dynamic ranges of satellite data, which cause systematic dif-
ferences among the data sets. In this study, we linearly scaled
the three satellite-derived SM products against MERRA2
(i.e., θ3) to remove the systematic differences among them
as

θ �
i = �

θ i − θ̄ i
	
σ3/σi + θ̄3 (14)

where i = 1, 2 in each combination case (C1, C2, and C3); θ �
i

is the scaled θ i ; σi , the standard deviation of θ i ; θ̄ i , the mean
of θ i . Hereafter, θ �

i is simply denoted as θ i for simplification.
The combination results using the 254 ISMN stations were

also evaluated under various climate and land cover (LC)
classes. For this, we use the three primary climate classes
(arid, temperate, and cold) from the updated Koppen–Geiger
climate classification [39] and five primary LC classes, forest,
shrubland, woodland, grassland, and cropland, from a Moder-
ate Resolution Imaging Spectroradiometer (MODIS)-derived
yearly LC map from 2012 (MCD12C1, Version 051) [40].

III. RESULTS AND DISCUSSION

A. Synthetic Experiment Results

In this section, we first present EIVD-based combination
results in Section III-A1 and then, in Section III-A2, compare
the results with those of the TC-based approach by presenting
differences in Pearson correlation and ubRMSE for the two
approaches.

1) EIVD-Based Combination Results: As shown in Fig. 2,
in terms of correlation, the three SNR cases (i.e., SNRdB =
0.1, 1, and 2) are generally similar to each other but the
lower SNR is, the higher performances are for the ubRMSE.
This suggests that higher SNR values lead to smaller error
variations while smaller SNR values have higher variability in
the error time series. This is an important factor to achieve
synergistic results in the combined product.

In Exp1, the variability of �ρ and �ubRMSE reduces with
increasing sample sizes. This suggests that increased availabil-
ity of data can result in less uncertainty in the improvement
of the combined product. The findings suggest that a sample
size of 500 or more should be used for the combination.

Exp2 evaluates changes in the combination results when the
stationarity assumption is violated. Exp2 in Fig. 2(a) and (b)
shows that the performance of the combined product in both
�ρ and �ubRMSE significantly degrades with increasing s.
However, such conditions (s > 2) indicates that the error mean
is greater than twice that of the truth and likely are not seen
in practice.

Exp3 investigates the effects of the ECC (ρεi ε j ) on the per-
formance of the combined product [Exp3 in Fig. 2(a) and (b)].
In general, both �ρ and �ubRMSE of all three SNR cases
are linearly reduced with increasing ρεi ε j . The levels of
ECC in SM data which have been reported in existing stud-
ies [24], [25], [29] suggest that the ECC should be carefully
considered for a linear combination. This is one of the main
points to be investigated in this study and is further discussed
in Section III-B.

Exp4 tests how the error-truth orthogonality impacts the
combination results [Exp4 in Fig. 2(a) and (b)]. The combi-
nation performance in ρ and ubRMSE is degraded when the
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Fig. 2. Results of combining synthetic products in (a) Pearson correlation
and (b) ubRMSE with Exp1: various sample sizes (N); Exp2: error means (s);
Exp3: cross-correlations between the errors (ρεi ε j ); Exp4: cross-correlations
between the errors and the truth (ρεi t ); and Exp5: contrasted error autocorre-
lations (Lεi ε j ). The y-axis represent (a) �ρ and (b) �RMSE defined by (7).

cross correlation between error and the truth, i.e., ρεi t , become
significant. The degradation of �ρ and �ubRMSE values of
the two low SNR cases is sustained when ρεi t is smaller than
0.4, while the performance is disturbed when ρεi t > 0.4. The
more rapid degradation rates in Exp3 than Exp4 suggest that
the ECC should be more importantly considered than ρεi t in
the combination.

Finally, as shown in Exp5 in Fig. 2(a) and (b), high error
autocorrelations in ε1 (Lε1ε1 > 0.2) significantly degrades the
combination performances. However, it should be noted that
these degradations in the EIVD-based combined products are
related to highly contrasting error autocorrelations among the
original data sets rather than error autocorrelations itself [31].
Therefore, it is necessary to practically consider the contrast
in error autocorrelations of products being merged, of which
examples using SM products are presented and discussed in
Section III-B1.

2) Differences Between EIVD- and TC-Derived Results:
Fig. 3 presents differences in Pearson correlation and ubRMSE
of the combined data by the two methods, i.e., EIVD
minus TC.

While Exps 1 and 2 in Fig. 3 do not show any considerable
differences between the EIVD and TC results, in Exp3 in
Fig. 3 regarding the ECC (ρεi ε j ), EIVD presents improvements
in both Pearson correlation and ubRMSE. Best cases of

Fig. 3. Comparisons of the TC- and EIVD-combined products through
Exp1–Exp5. Here, �ρ and �ubRMSE on the y-axis represent differences
in (a) Pearson correlation and (b) ubRMSE of the TC- and EIVD-combined
products, i.e., EIVD minus TC.

these improvements appear around ρεi ε j = 0.5; by which
the EIVD-based data merging can somewhat complement the
ignored ECC in the TC-based combination approach. For
Exp 4 regarding cross-correlations between the errors and
the truth (ρεi t), the three SNR cases are stable when ρεi t

is moderate (<0.3) but are getting instable with higher ρεi t

values. A possible reason for these unstable results is that
the error variances with high ρεi t values are relatively small
and therefore error autocovariances among the parent data
sets sensitively contrasted to each other through the randomly
generated errors, which can violate the EIVD assumption,
i.e., noncontrasted error autocovariances. More importantly,
the results of Exp5 suggest limits of the EIVD-based data
combination approach. As noted by Exp5 in Fig. 2, compared
to the TC-based results, the EIVD-based results are highly
degraded by high error autocorrelations in ε1 (Lε1ε1 > 0.3)
that can violate the assumption of noncontrasted error autoco-
variances in the EIVD approach.

In summary, the EIVD-based combination approach
somewhat complements the TC-based method except for the
special cases under high SNR, low s, and, most considerably,
contrasted error autocorrelation values. Given that the
EIVD-based approach has the advantages and disadvantages
stated through the synthetic experiments, it is important
to investigate how the approach performs with real data.
Therefore, in the next section, we evaluate the method
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Fig. 4. Results of combining SM products with three combinations, C1–C3,
in terms of (a) Pearson correlation and (b) ubRMSE using ground measure-
ments as the truth. Here, the shaded box plot in (a) indicates that statistically
insignificant differences in average values of correlation coefficients for
combined and parent products according to one-sided paired t-tests at a
significance level of 0.05.

with using the satellite-derived SM data as described in
Section II-B2.

B. SM Combination Results

According to the results of the EIVD-based combination
from the experiments using synthetic data, in this section we
first present the EIVD-based SM combination results. Then we
discuss the combination performances conditioned by various
climate and LC classes and compare with TC-based results.
Note that only statistically significant (α = 0.05) correlation
coefficients were included for the result presentation in this
section.

1) EIVD-Based SM Combination Results: Fig. 4 presents
the validation results of the three cases of combining SM
products using ground measurements from the 254 ISMN
stations as the truth.

Fig. 4(a) shows box plots of the Pearson correlation
coefficients between the combined products and the ground
measurements regarded as the truth. There is substantial
improvement in the combined products compared to the
ASCAT product and considerable enhancement compared
to MERRA2 data which was not merged but used as the
third product to implement TC and EIVD. The combined
product has slightly better performance than SMOS and
SMAP products. For this, one-sided paired t-tests at a
significance level (α = 0.05) were used to check whether
differences in average values of correlation coefficients for
combined and parent products over the ground stations is
greater than zero (i.e., μd > 0). Consequently, C3 shows
statistically insignificant results against one of the two
parent products, i.e., SMAP, presented as shaded box plots
in Fig. 4(a). Numerical results of the paired t-tests are
presented in Table S1 in Supporting Information. Unlike
these differences in the Pearson correlation, the differences
in ubRMSE are not considerably different from each other as
shown in Fig. 4(b). This is because the original SM products

Fig. 5. Comparisons of ISMN data- and EIVD-derived (a) ECC (ρεiε j ),
(b) optimal weight (w) for C1, C2, and C3, and (c) ratios of error autoco-
variances of SM products.

were rescaled against MERRA2 by (14) to remove the
systematic differences among them. Therefore, contents to be
described hereafter are focused on the Pearson correlation.

Based on the synthetic experimental results, three possible
reasons for the combination results are considered including
short data lengths, nonnegligible ECC and highly contrasted
error autocorrelations of the SM products. For the first reason,
the number of paired SM data used for the combination at
the global scale is just 187 ± 87 over the three-year period
with shorter data lengths at mid-latitude regions. To investigate
the second reason, we calculated ECC (ρε1ε2) of the two
parent products (θ1 and θ2) by using the ISMN data for
the three combination cases: C1, C2, and C3. Errors of the
satellite SM data were regarded as residuals from a linearly
fit model for the SM data (θ i ) which is a function of the
ground measurements (t), i.e., θ i = f (t) = αi + βi t + εi .
Here, i = 1 and 2; constants αi and βi are additive and
multiplicative biases to be estimated; εi is error series. For
each combination case, the ISMN-derived ρε1ε2 values are
compared with the EIVD-derived ρε1ε2 values in Fig. 5(a); the
optimal weights calculated by the ISMN data and EIVD are
compared in Fig. 5(b); the ratios of error autocovariances (Lr)
in Fig. 5(c). Here, with three products (θ i = αi + βi t + εi ,
i = 1, 2, and 3) and error autocovariances (Lε1ε1 , Lε2ε2 , and
Lε3ε3) considered in EIVD, three Lr values are defined as (15).
For the EIVD approach to be effective, the three Lr values
should be closer to one [31]

Lr =
�

Lε1ε1α
2
2

Lε2ε2α
2
1

Lε1ε1α
2
3

Lε3ε3α
2
1

Lε2ε2α
2
3

Lε3ε4α
2
2


T

. (15)

As shown in Fig. 5(a) and Table S2 in Supporting Infor-
mation, the highest interquartile range of ECC calculated by
the ISMN data appeared at C2 which is from the triplet
of SMOS, SMAP, and MERRA2, while C1 and C3 present
relatively low ranges which are from the triplets of SMOS,
ASCAT, and MERRA2; and ASCAT, SMAP, and MERRA2,
respectively. These smaller ECC ranges in C1 and C3 are
in line with lower ECCs among three SM products derived
from passive and active microwave, and a land surface model,
as found in [24] and [25]. The EIVD-derived ECCs are
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Fig. 6. Pearson correlation of EIVD-based combination over (a) climate
(arid, temperate, and cold) and (b) LC (F = Forest, S = Shrubland, W =
Woodland, G = Grassland, and C = Cropland) classes.

generally underestimated compared to the ISMN-based ECCs.
This is because the ISMN-based ECC uses the ISMN as the
“truth” and accordingly the ISMN-based ECC partly includes
the error variance of itself. Note that TC regards these ECCs
as zeros and such noticeable discrepancies in ECCs violating
the TC assumption degrades the combination performances as
presented in Exp3 of Fig. 3.

Fig. 5(b) presents the combination weight for each product
in each case, calculated by (6). The weight can be interpreted
as the relative strength between two products in terms of
minimizing mse against the ground measurements in which
SMOS and MERRA present similar results to each other,
followed by ASCAT. As shown, the EIVD-derived weights are
generally underestimated compared to the ISMN-based results,
excepting C1.

Lastly, Fig. 5(c) shows box plots presenting ratios of error
autocovariances [Lr, (15)] of two merged SM products and
one reference product (i.e., MERRA2) for C1, C2, and C3.
Their interquartile ranges are varied from 0.33 to 2.99 and
it is observed extreme outliers (>6) which can degrade the
combination performances based on the EIVD approach.

2) Performances of EIVD-Based Combined SM Products
Over Climate and LC Classes: In this section, we investigate
the performances of the EIVD-based results represented by the
Pearson correlation (ρct) over various climate and LC classes.

Fig. 6(a) presents ρct over three climate classes, arid, tem-
perate, and cold over which the ISMN stations are distributed.
While C1 (SMOS + ASCAT) and C3 (ASCAT + SMAP)
have similar interquartile ranges with each other, those of C2
(SMOS + SMAP) are higher than C1 and C3. The stations
in temperate areas generally show the highest ρct , followed
by arid and cold regions. As shown in Fig. 6(b), the ρct

distributions are more contrasted to each other by the five LC
classes: forest, shrubland, woodland, grassland, and cropland.
Like the cases by the climate classes, C2 generally presents
higher ρct over all LC classes than C1 and C3. Here, the mean
values of C1 and C3 are statistically indifferent except for
the case of Grassland at a significant level (α = 0.05).

TABLE IV

p-VALUES OF ONE-SIDED PAIRED t-TESTS TO TEST HYPOTHESES

Regarding the performance by LC classes, the highest ρct

values are observed from the stations in woodland, followed
by grassland and cropland; and shrubland and forest. These
combination results indicate that the complementarity by the
different algorithms of SMOS and SMAP using L-band in
common is more effective than that from the different SM
retrieval types, i.e., active: ASCAT and passive: SMOS and
SMAP.

3) Comparison With TC-Based Results: In this section,
we compare the EIVD-derived results with those of the
TC-based approach. For this, the student’s one-sided paired
t-tests were implemented to test if mean values of Pearson cor-
relation of combined SM products based on EIVD (ρ̄ct,EIVD)
is larger than those of the TC-based approach (ρ̄ct,TC). Here,
null hypothesis, H0 : ρ̄ct,EIVD = ρ̄ct,TC; and alternative hypoth-
esis H1 : ρ̄ct,EIVD > ρ̄ct,TC. Including the overall performances,
it was also tested for the three climate zones and five LCs
and the results are summarized as p-values in Table IV and
related box plots are presented in Figs. S1–S3 in Supporting
Information.

Generally, the EIVD-based combination approach generally
produces better results than the TC-based approach as
presented by the small p-values for overall C1, C2, and C3.
In case of performances by climate zones, most of the cases,
except for C2 in Temperate, show statistically significant
results with small p-values. For the LCs, while the results are
generally insignificant for forest, shrubland and woodland, the
EIVD-based combined products over grassland and cropland
generally present significant results. As a possible reason
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for this, as presented in Fig. S4(b) in Supporting Information,
compared to other LC classed, ranges of Lr values [see (15)]
for forest and shrubland highly deviate from 1 which is
regarded as the ideal condition for the EIVD-based approach,
while the values by the climate classes are not contrasted to
each other [see Fig. S4(a)]. An interesting point is that the
p-values of the three combined products (C1, C2, and C3)
are complementary to each other over the LC classes.
For example, over shrubland, the p-value of C2 is higher
than others, but the pattern is opposite for woodland. This
complementarity suggests that merging the three products
rather than two of them could enhance the performances.

C. Caveats and Outlook

The favorable results presented here suggest that the
EIVD-based data merging is a viable way to improve satellite
data without reference. Nevertheless, the following future
works are worthwhile to further enhance its performance and
applicability.

First, further to the case study using the three-year SM
products in this study, the method should be tested with
more various data sets with longer sample sizes and wider
spatial domains. Such applications can further explain the
strengths and weaknesses of the proposed method. In particu-
lar, considering more diverse parent data sets make us utilize
unique features of each product, resulting from differences
in retrieval algorithms, observation types (passive and active),
electromagnetic bands, and so on.

In this study, the linear rescaling method by (14) was used
to adjust the mean and standard deviation of the satellite SM
data sets for the reference. It would be worth exploring in
the future works whether other scaling methods could lead to
further improvements to the combined data [32], [41], [42].

Lastly, it would be useful to investigate if the EIVD-based
combination approach is applicable for developing long-term
global data sets which are superior to individual products.

IV. CONCLUSION

In this study, we evaluated and compared the TC-and
EIVD-based linear combination approaches which minimize
mse against the hidden truth. For this, we implemented
two sets of experiments using: 1) synthetic data sets and
2) variously sourced four SM data sets.

Three main conclusions drawn from the synthetic experi-
ments are: 1) a reasonable sample size of data is necessary
to properly characterize data weights; 2) the ECC should
be considered in the combination process, for which the
EIVD-based approach partially complements the ignored ECC
in the TC-based method; and 3) the EIVD-based approach can
be limited under contrasting error autocorrelation values.

The EIVD-based combination results using SM products
showed that eight of nine cases presented significantly dif-
ferent average values of Pearson correlation coefficients for
combined and parent products over the ground stations. In the
results, compared to the ECCs and optimal weights derived
from the ISMN stations for the two merged SM products,
the EIVD generally underestimated both values because the

ISMN-based ECC uses the ISMN as the “truth” by which
the ISMN-based ECC partially contains its own error vari-
ance. The three combined SM products outperformed over
temperate (climate) and woodland (LC), and the combination
of SMOS and SMAP showed better performances than the
cases of SMOS + ASCAT and ASCAT + SMAP. Compared
to the TC-based results, the EIVD-based approach generally
presents better results.

The findings suggest the EIVD-based combination can be
potentially used for various geophysical variables especially in
large spatial scales where the truth reference is seldom avail-
able, e.g., satellite-based global flood monitoring [43], [44].
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