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ABSTRACT

The evaluation of modelled or satellite-derived soil moisture
(SM) estimates is usually dependent on comparisons against
in-situ SM measurements. However, the inherent mismatch
in spatial support (i.e., scale) necessitates a cautious interpre-
tation of point-to-pixel comparisons. The upscaling of the
in-situ measurements to a commensurate resolution to that of
the modelled or retrieved SM will lead to a fairer comparison
and statistically more defensible evaluation. In this study, we
presented an upscaling approach that combines spatiotempo-
ral fusion with machine learning to extrapolate point-scale
SM measurements from 28 in-situ sites to a 100 m resolution
for an agricultural area of 100 km × 100 km. We conducted
a four-fold cross-validation, which consistently demonstrated
comparable correlation performance across folds, ranging
from 0.6 to 0.9. The proposed approach was further vali-
dated based on a cross-cluster strategy by using two spatial
subsets within the study area, denoted as cluster A and B,
each of which equally comprised of 12 in-situ sites. The
cross-cluster validation underscored the capability of the up-
scaling approach to map the spatial variability of SM within
areas that were not covered by in-situ sites, with correlation
performance ranging between 0.6 and 0.8. In general, our
proposed upscaling approach offers an avenue to extrapolate
point measurements of SM to a spatial scale more akin to
climatic model grids or remotely sensed observations. Future
investigations should delve into a further evaluation of the
upscaling approach using independent data, such as model
simulations, satellite retrievals or field campaign data.

Index Terms— Soil moisture; Upscaling; Machine learn-
ing; Extreme Gradient Boosting; Spatiotemporal fusion;
Cross-validation

1. INTRODUCTION

Soil moisture (SM) is vital in global water, energy cycle and
biogeochemical flux system [1]. Spatiotemporally continu-
ous SM datasets have been extensively developed and ex-
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plored throughout remote sensing techniques and model sim-
ulations [2, 3, 4]. However, SM estimates commonly display
discrepancies among different satellite platforms and models
[5, 6], even when subjected to identical meteorological forc-
ings [7, 8]. A thorough evaluation of these datasets usually
depends on comparisons against in-situ SM measurements,
while the inherent mismatch in spatial support (i.e., scale) ne-
cessitates a cautious interpretation of point-to-pixel compar-
isons.

At the agricultural scale, there is a necessity to enhance
our comprehension and application of in-situ SM measure-
ments. This knowledge is often accumulated and refined
through the deployment of dense SM sensors. Existing in-
situ SM monitoring networks and databases [9, 10, 11] always
play a pivotal role in evaluating SM derived from model simu-
lations or satellite retrievals. However, the representativeness
of point measurements is constrained to a limited area and
their distribution is often uneven [12, 13], leading to gaps
in coverage and potential biases in the validation process.
Researchers have persistently raised questions about the ef-
fective alignment of SM footprints between in-situ data and
grids from climatic models or satellite platforms, with up-
scaling techniques emerging as an appealing solution [13]. In
this study, we presented an upscaling approach that integrates
spatiotemporal fusion with machine learning to extrapolate
point-scale SM measurements from 28 in-situ sites to a 100
m resolution. Subsequently, multiple iterations of validation
were conducted to thoroughly assess the performance of the
proposed approach.

2. STUDY AREA AND DATA

2.1. Study area and in-situ measurements

We selected the Yanco agricultural region as the study area
(Fig. 1). Yanco is situated within the Murrumbidgee Catch-
ment, characterised by a semi-arid climate that is representa-
tive for most agricultural regions in southeast Australia. The
annual total precipitation in this area averages approximately
400 mm [14]. We collected the in-situ SM data from the
OzNet Hydrological Monitoring Network [10] for the spe-
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Fig. 1. The location (highlighted in red rectangle within the
NSW State) and the land cover information in 2020 of Yanco
agricultural region. The purple circle, red triangle and black
dots represent the locations of in-situ sties from CosmOz,
OzFlux and OzNet, respectively. The cluster A spans the re-
gion of 146.06-146.16 °E and 34.62-34.77 °S (10 × 15 km2)
and the cluster B spans the region of 146.25-146.35 °E and
34.92-35.02 °S (10 × 10 km2).

cific purposes of upscaling and cross-validation. The loca-
tions of OzNet sites are shown as black squares in Fig. 1.
We categorised the OzNet sites into four groups to facilitate
a four-fold cross-validation. Moreover, we chose two sub-
sets where OzNet sites have a relatively dense distribution,
referred to as the cluster A and cluster B (Fig. 1). We also
employed cluster A and B reciprocally for a cross-cluster val-
idation. Specifically, sites within cluster A were utilised for
training and predicting within cluster B, and vice versa.

2.2. Geospatial predictors for upscaling

We collected a diverse set of geospatial variables to serve as
predictors in the upscaling process (Fig. 2). These predic-
tors encompass indices and surface temperature data from the
MODerate Resolution Imaging Spectroradiometer (MODIS)
[15, 16] and Landsat-resolution products [17, 18], climatic
variables from the ANUClimate 2.0 [19], Smoothed Digital
Elevation Model (DEM-S) [20], and soil data from the Soil
and Landscape Grid Australia [21, 22].

3. METHODOLOGY

Fig. 2 presents the experimental design employed herein,
consisting of two key steps. Firstly, we utilised a near-
est neighbour method to resample all predictors to 0.01°
(about 100 m) resolution grids under the World Geodetic
System 1984 (WGS84) datum. Additionally, we performed
spatiotemporal fusion between MODIS and Landsat data to
downscale MODIS albedo, NDVI, and LST to a 100 m resolu-

Fig. 2. The experimental design herein.

tion, which is more comparable to the agricultural foorprints.
Secondly, we conducted machine learning (ML)-based up-
scaling using in-situ SM between 2016-2019 as the response,
with the collected geospatial data serving as predictors. To
thoroughly assess the performance of upscaling, a four-fold
cross-validation and a cross-cluster validation were carried
out, evaluating the transferability of the upscaling approach
while accounting for regional nuances.

3.1. Spatiotemporal fusion

The Enhanced Spatial and Temporal Adaptive Reflectance
Fusion Model (ESTARFM) [23] has been extensively applied
to generate fine-resolution surface reflectance [23, 24]. It
has an exceptional performance in fusing surface reflectance,
while an unbiased variant (ubESTARFM) [25] has demon-
strated more effectiveness in fusing land surface temperature
(LST) data. Hence, we implemented ESTARFM to fuse
MODIS and Landsat surface reflectance data (i.e., albedo and
NDVI), and ubESTARFM to fuse MODIS and Landsat LST
data, to generate daily 100 m estimates of these predictors.

3.2. ML-based upscaling

We employed the eXtreme Gradient Boosting (XGBoost) [26]
model to perform the upscaling of in-situ SM. ML models
have showcased capability in establishing robust regression
relationships between SM estimates and geospatial predictors
across different scales. However, the majority of ML-based
studies focused on downscaling coarse-resolution SM grids
to finer resolutions [27, 28, 29], while fewer attempts have
been made to explore the upscaling space [30, 31].
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Fig. 3. Density scatterplots of (a) albedo, (b) NDVI and (c) LST between 01/Jan/2016 and 31/Dec/2019 (excluding training
dates of spatiotemporal fusion). The density of scatters was calculated using a binning approach.

4. RESULTS AND DISCUSSION

4.1. Evaluations of downscaled predictors

Fig. 3 depicts scatterplots illustrating the downscaled perfor-
mance of (a) albedo, (b) NDVI, and (c) LST in comparison
to MODIS data during 01/Jan/2016 - 31/Dec/2019, encom-
passing 33,361 samples and using a normalised binning den-
sity. The downscaled albedo exhibited a bias of 0, ubRMSE
of 0.03, and R of 0.77, with the majority of samples clustering
around the value of 0.2. For the downscaled NDVI, a slight
negative bias of -0.02 was observed, with an ubRMSE of 0.08
and an R of 0.88. Most NDVI values were concentrated be-
tween 0.2 and 0.3. The downscaled LST had a bias of 0.04 K,
ubRMSE of 1.25 K and R of 0.99. The predominant LST con-
centration occurred at approximately 285 K, with a secondary
concentration between 305 and 315 K.

Fig. 4 provides an illustrative example on 02/Apr/2017
showcasing the spatial comparison between MODIS data and
downscaled predictors. Fig. 4 (g-i) present downscaled pat-
terns of predictors across the entire study area, demonstrating
consistency with MODIS data but exhibiting sharpened fea-
tures in comparison (Fig. 4 a-c). Upon closer examination of
a zoomed area (Fig. 4 j-l), the downscaled predictors revealed
enhanced details that are more visually discernible compared
to the MODIS data (Fig. 4 d-f). In general, the spatiotemporal
fusion enabled a better capture of spatial details of predictors
at the field scale, offering improved representation of the agri-
cultural landscapes.

4.2. Evaluations of upscaled in-situ SM

Fig. 5 presents two normalised Taylor diagrams illustrating
the performance of the XGBoost model in upscaling SM us-
ing (a) four-fold cross-validation and (b) cross-cluster valida-
tion. The distribution of markers from each fold suggested
variability in performance metrics across the four folds us-
ing the XGBoost model, which consistently demonstrated a
correlation performance falling within the range of 0.6 to 0.9
(Fig. 5 a). Similarly, the distribution of markers from each

Fig. 4. Spatial comparison between MODIS and downscaled
predictors on 02/Apr/2017. (a-c) are MODIS albedo, NDVI
and LST for the study area, respectively; (d-f) are zoomed
windows of MODIS predictors spanning 146.25 to 146.35
°E and -34.95 to -35.05 °N; (g-i) are the downscaled albedo,
NDVI and LST for the study area, respectively; and (j-l) are
zoomed windows of downscaled predictors covering the same
area with (d-f).
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Fig. 5. Normalised Taylor diagrams of upscaled SM using
XGBoost during 2016-2019 for (a) four-fold cross-validation
and (b) cross-cluster validation.

Fig. 6. SHAP values of top 6 predictors of the XGBoost
model using violin plots during 2016-2019 for (a) all sites;
(b) cluster A; and (c) cluster B.

cluster also indicated variability in performance metrics, with
the majority of markers demonstrating a correlation within
the range of 0.6 to 0.8 (Fig. 5 b). In summary, these diagrams
underscore the potential transferability of the upscaling ap-
proach, showcasing its ability to maintain consistent perfor-
mance across different folds and spatial clusters.

Fig. 6 depicts the SHapley Additive exPlanations (SHAP)
values of the top six predictors of the XGBoost model using
violin plots from 2016 to 2019 for (a) all sites; (b) cluster A;
and (c) cluster B. For all sites, the order of predictors was
vapour pressure deficit (VPD), albedo, NDVI, DEM, LST,
and Evapotranspiration (ET). In cluster A, the order slightly
changed, with NDVI at the top followed by DEM; while in
cluster B, a new predictor, the incoming solar radiation (Srad),
was introduced and was ranked as the 6th. The SHAP values
in all three segments ranged from -0.1 to 0.2, with the ma-
jority concentrated between -0.05 and 0.05. In general, while
the top predictors within the two clusters exhibited similarity,
their respective rankings differed. This discrepancy suggests
the model’s reliance on regional land cover and landscapes in
shaping the importance and impact of specific predictors.

Fig. 7 illustrates the spatial distribution of upscaled SM
utilising XGBoost in the study area, with zoomed areas focus-
ing on two clusters at two distinct dates: 01/Feb/2016 (aus-
tral summer) and 30/Jul/2016 (austral winter). Each cluster
was further compared using two different training strategies,
including the global training and cross-cluster training. No-

Fig. 7. Spatial examples of upscaled SM using XGBoost on
01/Feb/2016 and 30/Jul/2016 for the Yanco agricultural re-
gion, zoomed areas based on global training, and zoomed ar-
eas based on cross-cluster training, respectively.

tably, the cross-cluster training strategy revealed more pro-
nounced variations in SM compared to the global training
strategy. This visualisation provides insights into the effec-
tiveness of different training strategies in upscaling SM to a
100 m resolution. The observed variations in SM across the
landscape underscore the importance of considerations of re-
gional nuances in training strategies for accurate and context-
specific predictions.

5. CONCLUSION

In this study, we presented an upscaling approach that inte-
grates spatiotemporal fusion with machine learning to extrap-
olate point-scale SM measurements from 28 OzNet in-situ
sites to a 100 m resolution. The effectiveness of the proposed
approach was assessed through multiple iterations of valida-
tion, revealing its capability to map the spatial variability of
SM using sparsely distributed in-situ data, as demonstrated by
the correlation performance ranging between 0.6 and 0.9 and
visualised comparisons. This approach provides a pathway to
extrapolate point measurements of SM to a spatial scale more
comparable to climatic model grids and satellite retrievals.
Future investigations should consider incorporating indepen-
dent data (e.g., field campaign data) for further assessment.
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