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ABSTRACT

While microwave imaging satellites, such as the NASA Soil
Moisture Active Passive (SMAP), can provide reliable es-
timates of surface soil moisture at km resolution, the tem-
poral frequency of observations is on the order of days.
To increase the temporal frequency of observations, a new
class of approaches considers global navigation satellite sys-
tem (GNSS)-reflectometry (GNSS-R) signals. In this work,
we consider observations from the NASA Cyclone GNSS
(CYGNSS) constellation, as well as auxiliary observations,
and seek to provide instantaneous soil moisture estimates.
To achieve accurate retrievals, a novel machine learning ap-
proach for probabilistic regression is considered, namely the
NGBoost. In addition to achieving an accuracy comparable
to previous approaches employing state-of-the-art machine
learning methods, the considered framework also provides
prediction intervals to quantify prediction uncertainty. Using
observations from the Yanco SMAP core validation site in
southeast Australia over a period of three years, we quantify
the performance in terms of both retrieval accuracy and as-
sociated uncertainty. Furthermore, using noisy observations,
we experimentally demonstrate the impact of input noise on
the prediction uncertainty.

CYGNSS, soil moisture, machine-learning, GNSS-R,
NGBoost.

1. INTRODUCTION

Soil Moisture (SM) plays an important role in weather and
climate by being part of both the water and the carbon cy-
cles. Over the last decades, several remote sensing platforms
have been deployed to monitor soil moisture. Current flagship
missions include the National Aeronautics and Space Admin-
istration (NASA) Soil Moisture Active Passive (SMAP) [1]
and European Space Agency (ESA) Soil Moisture and Ocean
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Salinity (SMOS) [2], which provide soil moisture on a global
scale, through microwave imaging. The derived products are
typically coarse in resolution, e.g., 36 km for SMAP, and are
characterized by revisit frequency on the order of days. Un-
fortunately, the spatio-temporal resolution of existing prod-
ucts is coarser than required for applications like water man-
agement at agricultural field scale [3].

Recently, there have been multiple studies that employ
global navigation satellite system (GNSS)-reflectometry
(GNSS-R) to retrieve soil moisture [4]. The NASA Cyclone
GNSS (CYGNSS) mission has been used recently for the esti-
mation of soil moisture and other geophysical parameters [5].
CYGNSS consists of eight low-orbit receiver satellites called
observatories. Each satellite has a zenith antenna for receiv-
ing direct Global Positioning System (GPS) signal and two
nadir-looking antennas for receiving GPS signal reflected
from the Earth’s surface. The output of CYGNSS measure-
ment is a delay-Doppler map (DDM). Unlike conventional
microwave sensing platforms like SMAP and SMOS, which
have a (global) revisit frequency of 2-3 days due to their
sun-synchronous orbit, the CYGNSS constellation achieves
an observation interval of 2.8 (median) and 7.2 (mean) hours
between 38°S and 38°N [6].

Various geophysical parameters have been estimated from
the recorded DDMs including surface soil moisture [7, 8].
Chew et al. [9] developed a soil moisture retrieval algorithm
utilizing CYGNSS data within a regression model that was
calibrated using SMAP soil moisture data. Regression models
were also employed in [10]. In addition to regression, more
powerful machine learning (ML) models have also been con-
sidered. In [11], Eroglu et al. considered incidence angles,
derived reflectivity and trailing edge slope values, and ancil-
lary data such as normalized difference vegetation index as
inputs to an artificial neural network (ANN)-based regression
model. In [12], Senyurek et al. retrieved soil moisture us-
ing ANN, random forests (RF), and support vector machine
(SVM) with measurements from International Soil Moisture
Network (ISMN) as training and validation data. This was
later extended in [13] which considered ML for SM retrieval
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from CYGNSS with a targeted spatial resolution of 9 km.

More recently, a new class of ML methods based on gra-
dient boost has been considered for problems in remote sens-
ing, given the strong performance of such methods with tab-
ular data. The XGBoost algorithm, a high-performance case
of gradient boosting, was considered for SM retrieval from
CYGNSS observations in [14,15].

While providing an estimation of the SM is extremely
valuable, providing an estimation of the prediction uncer-
tainty is also critical. A key novelty of this work is that we
explore how ML based retrieval can be considered from an
uncertainty perspective. Furthermore, unlike state-of-the-art
approaches that use the reported specular point of the DDM
along with other parameters derived from the DDM as inputs,
we consider an extended collection of 3 x 5 DDM cells. Un-
like the published approaches, which retrieve SM at a daily
scale, we perform instantaneous retrieval of SM. By doing
so, we exploit the high temporal resolution of the CYGNSS
platform in providing SM at sub-daily temporal scales. In
the majority of cases, studies consider SMAP as reference
and validation data with resolutions of 9 and 36 km [16].
Employing a potentially noisy satellite-derived estimate of
soil moisture as the target for training the ML model can lead
to inaccuracies and bias. To address this issue, we consider
spatio-temporally neighboring measurements from in-situ
sensors for the target variables.

2. PROPOSED APPROACH

Formally, we assume the availability of a set of /N input-
output pairs encoded in the dataset D = {x(®,y(I1N = In
our model, CYGNSS DDM measurements and ancillary ob-
servations act as the inputs x € R¥, and the associated sur-
face soil moisture values act as the target variables y € R,
where k is the dimensionality of the input. To obtain prob-
abilistic predictions, we consider the natural gradient boost
(NGBoost) [17], a recently proposed ML approach for prob-
abilistic regression.

The objective in NGBoost is to estimate the parameters of
a specific conditional distribution p(y|x,0) = Py(y|z), pa-
rameterized by 6. The NGBoost algorithm is defined based
on three modules, namely the type and number of base learn-
ers f (") the parametric form of distribution Py, and the scor-
ing rule S(Py,y). During the training of the NGBoost, the
training set x is fit through a sequence of base learners

{F™ (=), (1)

in a sequential fashion following the boosting paradigm [18].
These base learners can be decision trees or other types of
(typically) shallow classifiers. The cascade of base learners is
employed for estimating the parameters of the distribution Py.
In the case of a Gaussian distribution, the parameterization
involves the mean and standard deviation of the distribution,

ie., 8 = (u,0), where each parameter is associated with a
different set of base learners f;(tn) and fén).

While in typical point-wise predictions, training amounts
to minimizing an appropriate loss function, for the case of
probabilistic regression, this role is taken up by a scoring rule,
which compares the estimated probability distribution to the
observations. For the case of Gaussian distributions, a proper
scoring rule (6, y) is the negative log-likelihood that is given
by

N
1 o
S(60.y) = =5 D_log Po(y[2") @)
i=1

A key novelty of NGBoost is the introduction of the Natu-
ral Gradient during the optimization which more closely cap-
tures the gradient in the parametric space of the distribution,
allowing the estimation of the steepest ascent direction. In-
creasing the scoring rule in this case is facilitated by estimat-
ing the natural gradient according to

VS(0,y) x Zs(0)"'VS(8,y) 3)

where Zs(6) ! is the Riemannian metric of the manifold de-
fined through 6, induced by S.

3. DATA ACQUISITION

The data consist of CYGNSS measurements and in-situ soil
moisture values. In addition, there are ancillary data, which
are the elevation and the ground slope estimated from Shut-
tle Radar Topography Mission (SRTM) digital elevation map
(DEM) [19]. An overview of the CYGNSS system and the
validation site is provided in Section 3.1 and Section 3.2, re-
spectively. The method of compiling the dataset is given in
Section 3.3.

3.1. CYGNSS System

CYGNSS is a GNSS-R NASA Earth Venture mission consist-
ing of eight low-Earth orbit satellites at 35° inclination [6].
Each satellite has three antennas. There is one zenith antenna
for navigation and estimating GPS effective isotropic radiated
power (EIRP) and the other two antennas are nadir-looking
antennas and for GNSS-R measurements. There are four re-
ceiving channels in each satellite, enabling the acquisition of
four simultaneous measurements for each. The output of the
GNSS-R measurement includes a a DDM. The processing in-
tegration time for each measurement was one second in the
beginning. However, since 3 July 2019, the integration time
has been changed to half a second (2 Hz). The estimated lo-
cation of the specular point (SP) in the DDM is provided in
the CYGNSS data. In this paper, the location of the SP will
be used as the location of the DDM.
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3.2. Validation Site

The SMAP Yanco site [20], located in southeast Australia,
was selected for this study because: (i) it is within the
CYGNSS coverage area; (ii) it is relatively flat; (iii) the veg-
etation does not play a significant role; and (iv) good quality
data are available. The site includes 13 sensor stations. In
each one, soil moisture, temperature, and precipitation are
measured every 20 min. We consider soil moisture measured
between zero and 5 cm depth. Data from 2019 and 2020 were
used for training and validation. During this time period,
soil moisture was below 0.5m®m~=3. In both training and
validation, only the surface soil moisture values were used.

3.3. Generating Analysis-Ready Dataset

CYGNSS DDMs over the Yanco region were collected in the
dataset. The bistatic radar cross section (BRCS) were con-
verted to reflectivity using [21, eq. 24-26]. DDMs with qual-
ity flags or signal-to-noise ratio (SNR) less than 10 dB were
discarded. DDMs with precipitation were discarded, since
precipitation can cause soil moisture to change significantly
between the time of a CYGNSS measurement and the time
of the nearest in-situ measurement. These criteria for select-
ing CYGNSS data are similar to the criteria used in other soil
moisture retrieval methods using CYGNSS data [9, 12]. To
generate the training and validation datasets, an in-situ soil
moisture value from the reference site was associated with
a CYGNSS measurement if 1) the in-situ measurement was
within six hours from CYGNSS measurement and 2) the lo-
cation of the in-situ measurement was within 5km of the
CYGNSS DDM location.

4. EXPERIMENTAL RESULTS

To quantify the performance of different approaches, we con-
sider both the point-wise retrieval accuracy and the quality
of the prediction uncertainty. We employ three widely used
metrics in this domain, namely, the root mean squared error
(RSME) and the unbiased RMSE (ubRMSE).

4.1. Point-prediction accuracy

Table 1 presents the average prediction accuracy for five in-
dependent trials (including the standard deviation in paren-
theses) for the three approaches under investigation, namely
retrieval using SMAP observations (baseline), as well as re-
trieval using XGBoost and NGBoost from CYGNSS mea-
surements on the validation set. The results demonstrate that
both ML-based retrieval approaches exhibit higher retrieval
accuracy compared to SMAP when compared against the in-
situ observations. Comparing the traditional XGBoost with
the probabilistic NGBoost, we observe that both approaches
provide equally good point predictions across all metrics.

Table 1. Retrieval accuracy from SMAP (baseline) and ML-
based CYGNSS.

RMSE [m?3/m3] | ubRMSE [m3/m3]
SMAP 0.103 (0.005) 0.151 (0.007)
(baseline)
CYGNSS 0.055 (0.002) 0.059 (0.001)
(XGBoost)
CYGNSS 0.058 (0.003) 0.060 (0.001)
(NGBoost)

Fig. 1 showcases the performance via scatter plots for
the validation set, reporting the predictions of both the pro-
posed NGBoost-based method, as well as the baseline pre-
dictions from SMAP. The scatter plot indicates that the pre-
diction outliers for the case of SMAP are relatively equally
distributed along the SM range, while for the case of the pro-
posed approach, errors are concentrated along large values of
SM where fewer observations are available.

Validation

0.61 - Proposed
Baseline

0.0 0.1 0.2 0.3 0.4 0.5
Measured (In-Situ)

Fig. 1. Scatter plot of predicted vs measured SM for the vali-
dation.

4.2. Impact of signal noise

To demonstrate that the estimated uncertainty is closely cou-
pled with the input signals, we investigate the prediction un-
certainty of the NGBoost, given two noise conditions: keep-
ing only DDMs with SNR above 10 dB and keeping all mea-
surements above 0 dB. Fig. 2, and 3 present the characteris-
tics of the retrieval uncertainty, i.e., standard deviation, as a
function of (measured) SM for two cases of signal noise, as
well as the mean value (red line).

Overall, these results confirm the expectation that higher
noise levels should lead to higher prediction uncertainty. Fur-
thermore, while in both cases higher values of SM are asso-
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ciated with higher prediction uncertainty, the phenomenon is
observed at lower SM values for the noisy case.
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Fig. 2. Prediction uncertainty as a function of SM for high
SNR case (DDM SNR threshold at 10 dB).
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Fig. 3. Prediction uncertainty as a function of SM for low
SNR case (DDM SNR threshold at 0 dB).

4.3. Quantifying uncertainty estimation

To quantify the reliability and accuracy of the prediction in-
tervals generated by the model, we employ the coverage prob-
ability metric, which in the context of probabilistic regression
with Gaussian predictions refers to the proportion of times
that the measured value lies within the prediction intervals
generated by the model.

Formally, let y; be the predicted mean value and &; the
standard deviation for observation 4, and let y; be the corre-
sponding measured value. For a (1 — «) prediction interval,
we can use the quantile of the standard normal distribution,
denoted as z1_ g, where « is the significance level. The pre-
diction interval is then denoted as [¢; — 21— a0, Jit2-g G-

The coverage probability can be calculated as:
1< R . R
CP=_ S I(yi€li—n-g600i +21-561), @
i=1

where n is the number of observations, and I(-) is an indicator
function that equals 1 if the condition is true and O otherwise.

Table 2 presents the theoretical and estimated coverage
probabilities for both training and validation sets. Based on
these results, two critical observations can be made. First, we
observe that the coverage probability of the retrieval method
closely follows the theoretical case. Second, we observe that
there is a limited difference between the performance of the
training and the validation sets. These results indicate that the
model’s prediction intervals are reliable and accurately cap-
ture the true values without suffering from overfitting.

Table 2. Coverage probability for theoretical (Gaussian),
training, and validation data.

Significance level (o) | 0.31 | 0.05 | 0.01
Gaussian 68.2 | 954 | 99.7
Training 63.7 | 89.6 | 94.2
Validation 63.1 | 89.6 | 93.8

5. CONCLUSION

In this work, we focus on the introduction of a probabilis-
tic regression framework based on gradient boosting for esti-
mating geophysical parameters from remote sensing observa-
tions. We specifically focus on surface soil moisture retrieval
from GNSS-R measurements, although the general principles
are applicable to other remote sensing-based variable predic-
tions. Our analysis indicates that using algorithms such as the
NGBoost can provide valuable insights that are aligned with
expectations from the underlying physical processes.
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