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Abstract—Soil moisture (SM) estimation from fusion of het-
erogeneous sources requires quantifying prediction uncertainties,
not just point estimates, to account for different error sources. In
this work, we propose an uncertainty-aware multi-modal fusion
framework that combines predictive distributions from data-
assimilation (SMAP L4) soil-moisture time series and satellite
(CYGNSS delay–Doppler maps) to produce daily SM estimates.
Performance is evaluated using collocated in-situ measurements
from SoilSCAPE sites. The time-series leg produces a forecast
distribution from a model with exogenous inputs, while the
CYGNSS leg uses probabilistic regression on DDM-derived
features to produce an independent retrieval distribution. We fuse
the two distributions using the one-dimensional 2-Wasserstein
(W2) barycenter in quantile space, and we include an L2

barycenter baseline based on linear pooling of the predictive
CDFs for comparison. A central focus of the paper is weight
selection: we compare several practical ways to choose scalar
fusion weights from a validation set (including equal weighting,
RMSE-based tuning, quantile-space error, and CRPS-based tun-
ing) and analyze how weight choice changes both accuracy and
probabilistic skill.

Index Terms—Data assimilation, uncertainty quantification,
machine learning, soil moisture, GNSS-R, CYGNSS

I. INTRODUCTION

Soil moisture (SM) estimation from heterogeneous obser-
vations is naturally probabilistic, since different paradigms
introduce distinct uncertainty sources: forecasting uncertainty
arises from prediction errors and their temporal accumulation,
whereas retrieval uncertainty reflects measurement noise and
components of SM variability that cannot be resolved from
the available observations

In-situ soil-moisture measurements are highly informative
and are often treated as ground reference, but they are in-
herently local and spatially sparse. To obtain spatially con-
tinuous estimates, data-assimilation products such as SMAP
L4 provide consistent soil-moisture fields by combining mod-
els and observations, although they typically arrive with la-
tency [1]. Complementarily, satellite observations including
GNSS-Reflectometry from platforms like CYGNSS offer low-
latency broad coverage through indirect measurements whose

This work has been supported by the Hellenic Foundation for Research and
Innovation (H.F.R.I.) under the “3rd Call for H.F.R.I.’s Research Projects to
Support Faculty Members & Researchers” (H.F.R.I. Project Number: 26302)
and by the TITAN ERA Chair project (contract no. 101086741) within the
Horizon Europe Framework Program of the European Commission.

NGBoost ARIMAX

CYGNSS - DDM  SMAP L4

Fused 
Predictive distribution

Predictive distributionPredictive distributionPredictive distribution

CYGNSS - DDM 

Fig. 1. Overview of the proposed multi-source probabilistic fusion framework:
CYGNSS DDM observations are used for soil-moisture retrieval, while SMAP
L4 data-assimilation time series are used to generate forecasts. The resulting
predictive distributions are fused via 1D Wasserstein-2 (W2) barycenter quan-
tile averaging to produce a calibrated soil-moisture estimate with associated
uncertainty.

information content varies with surface conditions and topog-
raphy [2–4]. This motivates a forecast–retrieval formulation,
where a forecasting leg propagates the most recent SMAP L4
state forward in time, and a retrieval leg provides observational
updates from CYGNSS when available.

In this work we couple two probabilistic pipelines and
fuse their predictive distributions (Fig. 1). The first pipeline
produces a forecast distribution from the SMAP L4 soil
moisture time series collocated to each site using a model with
exogenous inputs. The second maps CYGNSS delay-Doppler
map (DDM) information to soil moisture via probabilistic
regression [5, 6]. We combine these distributions using a one-
dimensional Wasserstein-2 (W2) barycenter [7–9], which cor-
responds to weighted averaging of quantiles. For comparison,
we also consider linear pooling, i.e., a weighted mixture of
the two predictive CDFs [10–12].



The key novelties of this work are:
• Fusion of forecast and retrieval predictive distributions

via a 1D Wasserstein-2 barycenter, enabling distribution-
level combination rather than mixing point estimates

• Benchmarking the proposed W2 fusion against linear
pooling and point baselines using RMSE and Continuous
Ranked Probability Score (CRPS)

• Systematically evaluate fusion-weight selection objec-
tives (RMSE, quantile-space MSE, CRPS), showing
that quantile-space weighting provides the most stable
accuracy–uncertainty trade-off across SoilSCAPE jr1–
jr3 [13] and horizons.

While previous work established a probabilistic forecast–
retrieval decomposition for soil moisture estimation [14], the
focus of this work is to offer a stronger and more principled
fusion mechanism, leading to higher performance.

II. PROPOSED FRAMEWORK

A. Problem setup and probabilistic predictors

Let yt denote soil moisture at time index t. We treat
collocated SMAP L4 surface soil moisture as the prediction
target for training and evaluation. For each site we evaluate at
forecast horizon H over t ∈ {ℓ+H − 1, . . . , N} (i.e., targets
that admit an H-step-ahead forecast origin within the record).
The sequence is split chronologically into training, validation,
and test subsets. For each horizon H , we generate H-step-
ahead predictions and score only the H-ahead target at each
forecast origin.
Retrieval leg: Let x(r)

t be features constructed from auxiliary
variables (including seasonal Fourier terms) and a flattened
delay Doppler map (DDM). [15].

pr(yt | x(r)
t ) = N (µr,t, σ

2
r,t). (1)

We use NGBoost with a Normal output distribution, trained
on the training subset by minimizing the negative log-
likelihood to estimate (µr,t, σr,t).
Forecasting leg: We fit a state-space ARIMAX model on the
training subset [16, 17]. On validation and test, at each forecast
origin we produce an H-step-ahead predictive distribution and
then update the filtered state sequentially as new observations
become available (with parameters fixed). This yields Gaussian
forecasts

pf (yt | Ft−H) = N (µf,t, σ
2
f,t), (2)

we obtain the predictive standard deviation from the model’s
100(1 − α)% predictive interval and convert it to σ under a
normality assumption.

B. Fusion rules

1) W2 barycenter fusion: Let Qr(u, t) and Qf (u, t) be the
quantile functions of pr(· | t) and pf (· | t). The fused quantile
function is

Qc(u, t;w) = wQr(u, t) + (1− w)Qf (u, t), u ∈ (0, 1),
(3)

which corresponds to weighted quantile averaging in one
dimension. We use ŷt = Qc(0.5, t;w) as the point prediction
and obtain prediction intervals by evaluating Qc at desired
quantiles.
Gaussian closed form: For Gaussian legs, Q(u, t) = µt +
σtΦ

−1(u), hence pc(· | t) = N (µc,t, σ
2
c,t) with

µc,t(w) = wµr,t + (1− w)µf,t, (4)
σc,t(w) = w σr,t + (1− w)σf,t. (5)

We note that the Gaussian parameterization is adopted for
simplicity and closed-form fusion, however, the proposed
W2 quantile-space fusion is distribution-agnostic and can be
applied directly to empirical/non-Gaussian predictive quantiles
without modification.

2) L2 linear pooling: We also consider the L2 linear
opinion pool, defined as the mixture CDF

FL2(y | t;w) = wFr(y | t) + (1− w)Ff (y | t), (6)

where Fr and Ff are the Gaussian CDFs of the retrieval and
forecasting legs. The point prediction is the mixture mean ŷt =
wµr,t + (1− w)µf,t.

C. Weight selection

For each site and horizon H , we fit a single scalar weight
w ∈ [0, 1] on the validation subset and fix it for test evaluation.
Let U = {0.05, 0.25, 0.50, 0.75, 0.95}.
Proposed (W2-qMSE): We select w by minimizing squared
error in quantile space,

ŵqMSE = arg min
w∈[0,1]

∑
u∈U

∑
t∈val

(yt −Qc(u, t;w))
2
. (7)

For Gaussian predictions, Qc(u, t;w) = µc,t(w) + σc,t(w)zu
with zu = Φ−1(u). For symmetric U (so

∑
u∈U zu = 0),∑

u∈U

(
yt −Qc(u, t;w)

)2
= |U| (yt − µc,t(w))

2

+
(∑

u∈U
z2u

)
σc,t(w)

2,
(8)

up to a constant factor. Thus qMSE trades off mean accuracy
and dispersion of the fused predictive distribution.
Ablations (W2): We compare against (i) equal weights
w=0.5, (ii) RMSE-tuned weights,

ŵRMSE = arg min
w∈[0,1]

∑
t∈val

(yt − µc,t(w))
2
, (9)

and (iii) CRPS-tuned weights using a one-dimensional search,

ŵCRPS = arg min
w∈[0,1]

∑
t∈val

CRPS
(
N (µc,t(w), σ

2
c,t(w)), yt

)
.

(10)
L2 weight : For the L2 pool (6), we select w by minimizing
the mixture CRPS on validation (approximated numerically),
then fix it for test. For test evaluation we refit each leg on
train+val and keep the validation-selected weight fixed.



III. RESULTS

We consider CYGNSS observations after typical prepro-
cessing, which includes: (i) converting BRCS to reflectivity,
(ii) discarding DDMs flagged for low quality or with SNR
SNR < 10 dB, and (iii) removing measurements acquired
during precipitation events. Experiments follow the analysis-
ready dataset construction of [14], restricted to sites jr1–jr3
because they provide substantially longer records, supporting
more stable time series forecasting; the target yt is the SMAP
L4 surface soil moisture time series collocated to each site,
with retrieval inputs given by collocated CYGNSS DDM
observations, and auxiliary variables.

We use a Train/Validation/Test split, tuning fusion weights
only on the validation set. After selecting w, we refit both
component models on the Train and Validation Sets and
evaluate on the held-out test set using the fixed validation-
selected weight.

We evaluate lead-H performance for horizons H ∈
{2, 3, 4, 5} on sites jr1–jr3, reporting RMSE of the fused
median prediction, CRPS of the predictive distribution, and
expected calibration error (ECE), computed as the mean ab-
solute deviation between nominal and empirical coverage over
the 50% and 90% central prediction intervals. We compare the
retrieval leg, the forecasting leg, and W2 barycenter fusion
under the weight selection rules discussed in Section II.

TABLE I
RESULTS FOR H = 3 (LOWER IS BETTER). BEST PER SITE AND METRIC IN

BOLD.

Site Method w RMSE CRPS ECE

jr1

Retrieval – 0.0280 0.0153 0.077
Forecast – 0.0375 0.0193 0.057
W2 (Equal) 0.5000 0.0290 0.0153 0.054
W2 (qMSE) 0.6384 0.0278 0.0148 0.019
W2 (RMSE) 0.4483 0.0296 0.0155 0.054
W2 (CRPS) 0.3975 0.0303 0.0158 0.054
L2 0.4800 0.0296 0.0151 0.080
Inv. Var. [14] – 0.0295 0.0159 0.152

jr2

Retrieval – 0.0193 0.0106 0.102
Forecast – 0.0244 0.0117 0.127
W2 (Equal) 0.5000 0.0184 0.0093 0.086
W2 (qMSE) 0.6632 0.0178 0.0093 0.030
W2 (RMSE) 0.3720 0.0194 0.0096 0.124
W2 (CRPS) 0.3125 0.0200 0.0098 0.126
L2 0.2800 0.0195 0.0107 0.165
Inv. Var. [14] – 0.0211 0.0114 0.186

jr3

Retrieval – 0.0243 0.0132 0.129
Forecast – 0.0317 0.0161 0.097
W2 (Equal) 0.5000 0.0247 0.0125 0.059
W2 (qMSE) 0.5949 0.0240 0.0122 0.014
W2 (RMSE) 0.2533 0.0275 0.0139 0.075
W2 (CRPS) 0.2625 0.0274 0.0138 0.078
L2 0.3300 0.0261 0.0135 0.103
Inv. Var. [14] – 0.0261 0.0142 0.200

Table I summarizes lead-H performance at H = 3. At
jr2, fusion improves both RMSE and CRPS relative to either
individual predictor. At jr1 and jr3, retrieval remains strong in
RMSE, while W2 fusion is consistently competitive in CRPS.
Adding ECE shows that fusion can also improve calibration:
the q-MSE weight rule yields the lowest ECE across all
three sites, indicating better agreement between nominal and
empirical interval coverage.
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Fig. 2. JR2 example test window at lead-H showing median predictions for
retrieval, forecast, and fusion, along with the fused 90% prediction interval.

Fig. 2 shows an example test window at jr2. The fused
product lies between the retrieval and forecast medians and
tracks the observed dynamics more stably than either leg
alone. The fused prediction interval provides an interpretable
uncertainty envelope around the fused trajectory.
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Fig. 4. JR2 horizon wise fusion gains in the ∆%RMSE and ∆%CRPS plane.
Markers H2–H5 denote forecast horizons and curves correspond to weight
rules. The lower left quadrant indicates simultaneous improvement in RMSE
and CRPS.
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Fig. 3. Ground truth (SMAP L4) versus predictions at H=3 for sites jr1–jr3. Each panel shows the retrieval leg (yellow) and the W2-qMSE fused predictor
(blue); the diagonal indicates perfect predictions (ŷ = y).

Fig. 4 summarizes horizon-wise fusion gains at jr2 in the
(∆%RMSEH ,∆%CRPSH) plane, using retrieval (upper) and
forecast (bottom) as separate baselines. Each point corresponds
to one horizon under a weight rule. The horizontal axis is the
percent change in point error relative to the baseline,

∆%RMSEH = 100
RMSEH,fused − RMSEH,base

RMSEH,base
,

and the vertical axis is defined analogously for CRPS. Negative
values indicate improvement over the baseline, so the lower-
left quadrant represents simultaneous gains in both accuracy
and probabilistic skill, while the upper-right quadrant indicates
degradation in both. Curves connect horizons for the same
weight rule to show how the RMSE–CRPS trade-off changes
with lead time. The plotted Pareto front highlights the region
where no other point improves both axes simultaneously.
Relative to the forecast baseline, fusion points lie entirely in
the improving region across horizons, whereas relative to the
retrieval baseline CRPS gains remain consistent but RMSE
gains are more sensitive to both horizon and weight selection.

Fig. 3 compares ground truth versus predictions at H=3
for the retrieval leg (green) and the W2-qMSE fused predictor
(blue) across sites jr1–jr3. Points are plotted against the
y=ŷ diagonal, so perfect predictions lie on the black line;
departures from the diagonal indicate error and systematic
bias. Overall, the fused predictions are closer to the y=ŷ trend
than the retrieval-only predictions, with the largest deviations
occurring at higher soil-moisture values where samples are
sparse.

IV. CONCLUSIONS

In this work we explore the fusion of forecasting distribution
from the SMAP L4 soil moisture time series with retrieval
distribution from CYGNSS DDMs using a one-dimensional
Wasserstein barycenter. Results indicate that fusion can im-
prove calibration: under the qMSE rule, W2 fusion consis-
tently reduced expected calibration error (ECE) relative to both
legs, indicating better agreement between nominal and empiri-
cal interval coverage. Among the tested weight rules, the scalar
qMSE choice was the most consistent, and it typically gave
the lowest RMSE, CRPS and ECE, while alternatives such as

equal weights, RMSE-tuned weights, CRPS-tuned weights, L2
pooling, and inverse variance were less stable across settings.
These experiments also demonstrate that calibration, sharp-
ness, and point accuracy can move in different directions, so
weight selection should match the target metric. In particular,
RMSE- or CRPS-tuned weights do not necessarily yield the
best calibrated predictive intervals, whereas qMSE explicitly
trades off mean accuracy and dispersion and can yield more
reliable uncertainty.
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