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Abstract: The aim of this study was to determine the extent to which Sentinel-2 Normalised Difference
Vegetation Index (NDVI) reflects soil moisture conditions, and whether this product offers an
improvement over Landsat-8. Based on drought exposure, cloud-free imagery availability, and
measured soil moisture, five sites in the Southwestern United States were selected. These sites,
normally dry to arid, were in various states of drought. A secondary focus was therefore the
performance of the NDVI under extreme conditions. Following supervised classification, the NDVI
values for one-kilometre radius areas were calculated. Sentinel-2 NDVI variants using Spectral
Bands 8 (10 m spatial resolution), 5, 6, 7, and 8A (20 m spatial resolution) were calculated. Landsat-8
NDVI was calculated at 30 m spatial resolution. Pearson correlation analysis was undertaken for
NDVI against moisture at various depths. To assess the difference in correlation strength, a principal
component analysis was performed on the combination of all bands and the combination of the new
red-edge bands. Performance of the red-edge NDVI against the standard near infrared (NIR) was
then evaluated using a Steiger comparison. No significant correlations between Landsat-8 NDVI and
soil moisture were found. Significant correlations at depths of less than 30 cm were present between
Sentinel-2 NDVI and soil moisture at three sites. The remaining two sites were characterised by low
vegetation cover, suggesting a cover threshold of approximately 30–40% is required for a correlation
to be present. At all sites of significant positive moisture to NDVI correlation, the linear combination
of the red-edge bands produced stronger correlations than the poorer spectral but higher spatial
resolution band. NDVI calculated using the higher spectral resolution bands may therefore be of
greater use in this context than the higher spatial resolution option. Results suggest potential for the
application of Sentinel-2 NDVI in soil moisture monitoring, even in extreme environments. To the
best of our knowledge, this paper represents the first study of this kind using Sentinel-2.

Keywords: Sentinel-2; Landsat-8; Normalised Difference Vegetation Index (NDVI); soil moisture;
extreme climates; remote sensing

1. Introduction

Drought is a pervasive global hazard that considerably impacts on both human and natural
systems [1,2]. Economically significant and extended droughts have occurred in several regions, such
as Australia (1995–2009), Brazil (2012–2015), U.S. (2000–2016), Southern Africa (2015–2017), China
(2007–2012), and the Mediterranean and Middle East (2007–2010) [3–12]. Climate models suggest that
for many locations the frequency, duration, and severity of droughts are likely to increase due to rising
temperatures and changes to the amount, intensity, and seasonal distribution of precipitation, with

Water 2018, 10, 838; doi:10.3390/w10070838 www.mdpi.com/journal/water

http://www.mdpi.com/journal/water
http://www.mdpi.com
https://orcid.org/0000-0001-6510-3041
http://www.mdpi.com/2073-4441/10/7/838?type=check_update&version=1
http://dx.doi.org/10.3390/w10070838
http://www.mdpi.com/journal/water


Water 2018, 10, 838 2 of 22

consequent impacts to local and regional hydrology and dependent economic systems [13]. Effective
drought monitoring and impact mitigation is therefore an urgent research priority [14].

Remote sensing methods and products are well established in the field of drought monitoring.
Multispectral indices such as the Enhanced Vegetation Index (EVI), Evaporative Stress Index (ESI),
Vegetation Condition Index (VCI), Vegetation Health Index (VHI), and the Soil Adjusted Vegetation
Index (SAVI), have been used to assess drought. In particular, the Normalised Difference Vegetation
Index (NDVI) has been central to regional scale drought monitoring. The NDVI is a key variable in
many of the indices listed above and is commonly applied in drought assessment due to the value
of the index in detecting photosynthetically active plant material, from which plant stress can be
inferred when the available moisture within the root zone is depleted [15–17]. For this reason, the
NDVI is also a good indicator of agricultural drought and was the indicator selected in this study.
Agricultural or soil moisture drought refers to a deficit in soil moisture available for vegetation, driven
by meteorological drought [13,18]. Persistent soil moisture drought may develop into hydrological
drought where flow in rivers and aquifers decreases, with consequent impacts to ecosystems as well
as managed water resource systems. Some refer to this as socio-economic drought, but even relatively
short-lived agricultural drought can have severe economic impacts. As such, improving the monitoring
of soil moisture drought is important not only for mitigation of agricultural impacts, but also as an
early warning system for hydrological and socio-economic drought [13,19].

In the 20th century, agricultural drought monitoring relied on often patchy and site-based
meteorological indices [13], which principally included rainfall and evaporative demand.
Developments in remote sensing science in the latter part of the 20th century enabled significant
advances in drought monitoring based on inferring vegetation condition and other hydrological
variables using multispectral or radar satellite data [20]. Previous approaches were significantly
limited by the lack in continuous spatio-temporal meteorological observations [21,22]. The main
benefit of a remote sensing approach for drought monitoring is that it provides a cost effective method
to assess key variables related to drought over larger temporal and spatial scales than was previously
possible [13,20,23,24].

NDVI time series calculated from a range of sensors, such as NOAA-AVHRR, Terra/Aqua-MODIS,
and PROBA-V, have been widely used in drought research [25–27]. The value of these platforms is
derived from their frequent observations, wide swath, and multispectral/thermal instruments that
enable rapid, regional scale coverage of trends in vegetation condition. Some of these datasets underpin
national-scale drought monitoring, such as the use of VegDRI in the USA Drought Monitor [28], and
MODIS NDVI in the African Flood and Drought Monitor [29]. Evidence is emerging that NDVI
does reflect changing soil moisture conditions. For example, NDVI generated from MODIS at 16 km
resolution was shown to be significantly correlated with field moisture measurements in the Southwest
U.S. [15], although these relationships were influenced by environmental and climatic conditions at
the time of image acquisition and the chosen averaging periods for both NDVI and soil moisture [30].

The Landsat satellites have also been used in NDVI-based drought monitoring [31,32]. However,
the higher spatial resolution compared to AVHRR and MODIS generally means a trade-off between
scale and revisit period. Research has suggested that the use of Landsat-8 at sub-regional scales to infer
vegetation-soil moisture dynamics is nevertheless challenging due to the Operational Land Imager
(OLI) sensor’s spatial (30 m) and spectral resolution. Regardless, sensors with higher resolutions may
be able to more accurately use NDVI to infer plant-water dynamics at these scales [33].

Sentinel-2 is equipped with a single Multi-Spectral Instrument (MSI) with 13 spectral bands,
including four bands positioned at the red-edge region of the electromagnetic spectrum (EMS) to
provide improved vegetation condition and leaf chlorophyll content measurements [34,35]. Spatial
resolution of bands varies from 10 to 60 m. The improved spatial and spectral resolution of Sentinel-2
MSI (referred to hereafter as Sentinel-2) has the potential to considerably advance the field of remote
sensing of vegetation [36–40]. Several studies used simulated Sentinel-2 imagery to assess its usefulness
in vegetation monitoring, with particular interest in the new red-edge bands. Findings suggested that
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the new bands are well positioned for the derivation of indices that assess leaf chlorophyll content,
which, when coupled with relatively good spatial resolution (20 m), indicate that Sentinel-2 will be
important for agricultural applications [41,42]. Studies have also sought to assess the extent to which
Sentinel-2 can provide high resolution landcover thematic maps, with results suggesting that Sentinel-2
has strong potential for the monitoring of fine habitats and environments [43]. However, studies have
also found a high correlation between the reflectance values recorded by the red-edge bands, thus
raising concerns over their discriminatory abilities [43].

As Sentinel-2 is a relatively new sensor, minimal research has examined its suitability for
environmental monitoring under extreme climatic conditions. Initial indications demonstrate that
the improved spatial and spectral resolution of Sentinel-2 should allow for significantly improved
assessment of vegetation condition, and consequently enhance its application in conditions of moisture
deficit and drought. The principal aim of this study was to determine the extent to which NDVI
time series, generated using both the high spatial resolution (10 m) and special near infrared (NIR)
bands (20 m), reflects depleted soil moisture conditions, and whether this offers an improvement over
Landsat-8 OLI (referred to as Landsat-8). As some of the selected sites experienced severe to extreme
drought over the study period, a second focus of the paper was the performance of Sentinel-2 NDVI
under extreme conditions. To the best of our knowledge, this represents the first study of its kind
using Sentinel-2 data. The rationale for the selection of Sentinel-2 and Landsat-8 datasets, without
supplementation of higher-resolution (<10 m) aerial or satellite products for sub-pixel analysis, is that
these sensors represent the highest resolution, freely available multispectral imagery.

2. Methodology

2.1. Site Selection and Data

The Southwest U.S. was selected as a study area for two reasons. Firstly, the region has experienced
one of the most severe multi-year droughts on record. In December 2016, 41% of the region was under
extreme/exceptional drought conditions, and 28% was under moderate/severe conditions based on the
classification scheme of the U.S. Drought Monitor (USDM). However, following extreme precipitation
in late 2016 and early 2017, much of the region was experiencing normal conditions by Spring 2017.
Secondly, this region was selected because approximately 40 Climate Reference Network/Soil Climate
Analysis Network (CRN/SCAN) soil moisture monitoring stations are situated in the area, measuring
at depths ranging from 5 to 100 cm. Sites were selected based on optimisation for relatively continuous
soil moisture data and regular cloud-free imagery. Selection criteria included each site having at least
one image per month with <10% cloud coverage for both Sentinel-2 and Landsat-8, and 0% cloud
cover within 1 km of the monitoring site.

These constraints resulted in five sites being selected with different periods of available data
and subject to varying drought severity over time (Figure 1). The sites also had varying landcover,
ecoregion classification, and climate characteristics. Whereas all sites are located within generally dry
environments, vegetation type varied from relatively wet marsh (Merced) to dry patchy grassland
found in the more semi-arid sites (Desert Center/Las Cruces). Sentinel-2 and Landsat-8 data were
obtained from the European Environment Agency Copernicus Access Hub and the United States
Geological Survey (USGS) EarthExplorer, respectively.
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Figure 1. Top: Location of each site and Level III Ecoregion classifications (Southwest United States).
Bottom: Drought severity at each site as classified by the U.S. Drought Monitor. Note: different analysis
periods were used at each station due to variation in available data. The white cells indicate where no
data were available. Data obtained from: http://droughtmonitor.unl.edu/CurrentMap.aspx.

For both Sentinel (Level-2A) and Landsat (Level-2), the values for bottom of atmosphere reflection
were corrected as part of the image preprocessing. Soil moisture and precipitation data was obtained
from either the NOAA CRN Database or the NRCS SCAN Database (Table 1). As precipitation
data was not available for two sites (Desert Center, Ford Dry Lake), proxy data was obtained from
Blythe Airport, 57 km and 36 km to the east of these sites, respectively, and at comparable elevation.
Long-term regional average annual rainfall data (1981–2010) were obtained from the U.S. Drought
Monitor (USDM). The 10 m Digital Elevation Model (DEM) used for topographic correction was
downloaded from USGS EarthExplorer, and soil constants for dominant soil types at each site were
obtained from the Soil Survey Geographic Database (SSURGO) soils database.

http://droughtmonitor.unl.edu/CurrentMap.aspx


Water 2018, 10, 838 5 of 22

Table 1. Environmental conditions and available Sentinel-2 and Landsat 8 imagery at each monitoring site. Data obtained from the United Stated Department of
Agriculture (USDA) and U.S. Climate Data.

Site
National Landcover

Classification/Köppen-Geiger
Climate Classification

Level III/IV Ecoregion
Classification

(% Cover)
Geology and Soil

Annual Rainfall (mm)

Sentinel-2
Mages

Landsat 8
Mages

1981–2010 Regional AAR

2014/2015
(%AAR)

2015/2016
(%AAR)

Merced
(37.2381/−120.8825)

California

Temperate and Boreal
Freshwater Wet Meadow

Marsh/BSk: Arid

Central California Valley:
San Joaquin Basin

(77%)

Quaternary alluvium and marine deposits:
Edminster loam, poorly drained, high runoff

when saturated

332
27 17210.1

(63.3%)
320.7

(96.6%)

Fallbrook
(33.4392/−117.1904)

California

Mediterranean Scrub/Csa:
Warm Temperate

Southern California: Diegan
Western Granitic Foothills

(69%)

Mesozoic granitic rocks: Las Posas rocky loam,
15 to 50% slopes, eroded, high runoff

when saturated

406
32 20287.1

(70.7%)
213.1

(52.5%)

Ford Dry Lake
(33.6547/−115.09763)

California

Warm Semi- Arid
Grassland/BWh: Arid

Sonoran Desert:
Central Sonoran

(44%)

Quaternary sand deposits: Orita gravelly fine
sandy loam, low runoff when saturated,

percolation is unimpeded

91
38 2671.9

(79.1%)
181.7

(199.6%)

Las Cruces
(32.6137/−106.7414)

New Mexico

Warm Semi-Arid
Grassland/BWk: Arid

Chihuahuan Desert: Chihauhuan
Basins and Playas

(14%)

Quaternary and Tertiary: Dona Ana association,
low runoff potential and percolation is
unimpeded unconsolidated deposits

257
29 20283.6

(110.4%)
41.1

(16.1%)

Desert Center
(33.80208/−15.30505)

California

Warm Semi-Arid
Grassland/BWh: Arid

Sonoran Desert: Central Sonoran
(29%)

Quaternary sand deposits: Orita gravelly fine
sandy loam, low runoff when saturated,

percolation is unimpeded

91
34 2471.9

(79.1%)
181.7

(199.6%)
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2.2. NDVI Calculation

Prior to generating the Landsat-8 and Sentinel-2 NDVI time series, topographic correction was
performed for one site (Fallbrook) due to its hilly terrain using the Minneart correction method [44].
Thereafter, a probability-based supervised landcover classification was performed for all sites to
identify areas of vegetation in each available image from both Sentinel-2 (10 and 20 m resolution)
and Landsat-8 (30 m resolution). The identified areas defined the extent to which mean NDVI was
calculated for each Landsat-8 or Sentinel-2 image, as shown in Equation (1). Where inputs had
different spatial resolution, such as between the Sentinel-2 red-edge bands and the visible red band,
the processing was set to the maximum resolution of the inputs. Correlation analysis of NDVI and soil
moisture time series was then performed as described below.

NDVI =
NIR − RED
NIR + RED

(1)

NDVI values can be inflated by soil and bare earth reflectance as these surfaces typically reflect
more electromagnetic radiation (EMR). To calculate NDVI only for vegetated areas, thereby reducing
the risk of reflectance inflation, supervised landcover classification methods were used to identify
the landcover types within a 1 km radius of each site. Given the local and site-based nature of this
study, a fixed 1 km radius was selected. This radius was chosen due to the variation in local soil
and topographic conditions. Prior to the generation of training areas, each image was segmented
allowing for object-based classification. Image segmentation was used to group together neighboring
pixels with similar spectral and geometric characteristics. Combining both geometric and spectral
characteristics allows for a more robust classification process [45,46]. Training fields were identified
with at least 100 pixels representing each desired informational class, with no individual training
area larger than 10 ha. Informational class descriptors were chosen from the U.S. National Landcover
Classification schema. Training areas were identified and used as inputs into a Maximum Likelihood
Classification (MLC) algorithm for each image in the series.

For each MLC output, a class probability function was applied to vegetation classes for the
site. Class probability analysis uses the spectral signatures of the class to determine the probability,
expressed as a percentage, that pixel X belongs to class Y. Therefore, the higher the assigned value, the
greater the likelihood of that pixel belonging to the given informational class. Areas were only selected
for further analysis if they were classified as vegetation and the class probability value exceeded 70%
in more than 70% of the images in the time series for each site. This refinement process should have
removed any non-vegetated pixels such as bare earth that would affect the mean NDVI value.

The derived vegetation extent served as the spatial mask within which NDVI values were
calculated. For each image in the time series and for each of the five sites, the NDVI was calculated
using Equation (1) for bands 8, 5, 6, 7, and 8A (NDVI8, NDVI5, NDVI6, NDVI7, and NDVI8A,
respectively). This resulted in a total of six NDVI time series per site: one Landsat-8 time series
(NDVILS) and five Sentinel-2 NDVI variants. Note that NDVI8 had a spatial resolution of 10 m,
whereas the other Sentinel-2 derived datasets had 20 m resolution. NDVILS had a 30 m spatial
resolution and was derived using the NIR band (Band 5) and visible red band (Band 4). The mean
NDVI for the vegetation within 1 km of the soil monitoring sites was calculated.

2.3. Statistical Analysis

Pearson correlation analysis was performed to examine the relationships between the key
variables. Firstly, measured soil moisture time series at each soil depth were correlated with one
another to gain an understanding of soil moisture redistribution characteristics at each site. The soil
moisture time series was also contextualised by establishing the upper and lower likely bounds of plant
available water (PAW) based on the estimated field capacity and wilting point of the soil, respectively.
In the absence of horizon or site-specific soil water constants, field capacity and wilting point were
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obtained from the generalised values for the dominant soil mapped in SSURGO for the sites. Monthly
seasonal total water (mm) and plant available water (mm) were calculated on this basis.

Soil moisture at each depth was also correlated against the six NDVI time series. Correlating soil
moisture against indices derived from satellites to test for relationships is an established analytical
technique [15,30,47]. Significant positive relationships between NDVI and soil moisture would suggest
that the NDVI time series does reflect soil moisture dynamics in the root zone. Due to the varying time
intervals between suitable (i.e., cloud-free) satellite images, soil moisture was averaged between each
image acquisition date. Averaging periods varied between 5 and 20 days, consistent with averaging
periods in previous research [15,30].

Few studies have performed more than standard correlation analysis when assessing the utility
of NDVI as a soil moisture proxy. We used additional statistical analytical methods not routinely used
in a remote sensing context to examine the relative significance of the correlations produced by the
different NIR bands.

Vegetation types in different environments vary in their response to fluctuations in soil moisture
content. Vegetation found in consistently dry, semi-arid environments is likely to be more resistant
to moisture deficit [48] and therefore NDVI values are anticipated to fall between a smaller range.
Vegetation in wetter environments that later experience drought are likely to have wider-ranging
NDVI values due to the vegetation’s greater dependence on moisture to maintain growth and health.
Tolerance intervals can help quantify the likely range of a variable at a defined level of confidence,
and describe the range within which a proportion of the values within a sample will fall for the
stated confidence level [49]. Tolerance intervals for each Sentinel-2 band were calculated for a sample
proportion value of 90% and confidence level of 90%.

Based on calculated NDVI from a range of Sentinel-2 bands, principal component analysis (PCA)
was conducted. The rationale for using PCA was to assess whether the linear combination of NDVI
values from a range of bands would form a mutually correlated system that better characterises the
vegetation condition associated with soil moisture. The analysis was performed on the combination
of all Sentinel-2 NDVI variants (NDVI8, NDVI5, NDVI6, NDVI7, and NDVI8A) and the combination
of the special 20 m resolution red-edge bands (NDVI5, NDVI6, NDVI7, and NDVI8A). As with the
original NDVI calculation, the processing resolution was set to the maximum resolution of the inputs.
Any individual component (band) producing correlation coefficients of greater strength than the
correlation produced by the PCA and soil moisture suggests that a particular band is better suited to
that environment or vegetation type.

To further compare the NDVI values produced by the Sentinel-2 red-edge bands and the
standard NIR band, a Steiger correlation comparison test was undertaken [50]. This test examines
the relationship between two overlapping correlation coefficients (the correlations share the common
variable of soil moisture) and determines whether the coefficients produced are significantly different.
The Steiger test is known to have relatively good robustness in terms of validity and efficiency for
data that do not display excessive degrees of skewness. These properties are retained for small sample
sizes [51].

3. Results

3.1. Soil Moisture Dynamics

As is evident from the regional annual average rainfall (AAR) in Table 1, the five sites were
typically dry, with the wettest, Fallbrook (406 mm) and Merced (332 mm), normally receiving
considerably more than the 91 mm received by the two driest sites (Ford Dry Lake and Desert
Center). However, over the study period, Merced and Fallbrook experienced more sustained and
intense drought conditions. The other sites, although experiencing drought, received two-thirds or
more of their AAR. This reduced the normal difference in moisture drivers between the stations,
although Ford Dry Lake and Desert Center were still considerably drier than the other sites. For the
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period of study, three of the sites showed fairly similar seasonal averages of plant available water
(Figure 2), and a notable difference between Merced and Desert Center was observed.Water 2018, 10, x FOR PEER REVIEW  8 of 23 
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Figure 2. Seasonal average plant available water in the top 30 cm. Winter is December, January, and
February; Summer is June, July, and August.

Figure 3 shows the recorded precipitation and corresponding soil moisture at four depths for
the Merced site. Figures for all sites are provided as Figures S1 to S5 in the online Supplementary
Materials. Approximate values for field capacity and wilting point are shown as solid lines, with likely
plant available water represented as the area between the lines. Note that at this site, the moisture
gradient generally increases with depth. Moisture at 5 cm (considered to represent the top 7.5 cm of
soil) was almost always below wilting point, representing desiccated surface conditions with the little
moisture here not being available to plants. Immediate peaks in soil moisture at intermediate depths
of 10 cm and 20 cm following rainfall showed that infiltration and redistribution of soil moisture
occurred fairly rapidly. Sometimes percolation was sufficient to cause a peak in soil moisture at 50 cm,
as observed in mid-January 2016 and particularly in January and February of 2017. Moisture measured
at 20 cm (representing depths between 15 and 30 cm below the surface) was mostly plant available
water. Nevertheless, moisture at this depth remained constant over the dry summer, suggesting that
the moisture is not being drawn down by vegetation. Notably, during the summer of 2016 no rain fell,
yet soil moisture at 50 cm reached a seasonal maximum mid-summer. Similar seasonal peaks at depth
were observed at Ford Dry Lake (50 cm and 100 cm, Figure S3), Desert Center (50 cm) and Las Cruces
(100 cm, Figure S5). A possible explanation for the relatively small seasonal moisture differences at
depth is the upward capillary action from more moist conditions at depth [52].

Table 2 shows the Pearson correlation coefficients between each soil depth at each site. Very high,
significant positive correlations between moisture at 5 cm and 10 cm at all sites but Desert Center
suggest that moisture in the upper 15 cm is controlled by similar soil texture and desiccation patterns.
Highly significant and positive correlations were also found between 10 cm and 20 cm depths at the
same sites. At 50 cm, negative correlations appeared, likely related to upward capillary action and the
resulting reverse moisture gradient during summer. Table 1 provides a summary of the inferred soil
dynamics and moisture characteristics from the analysis.
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Figure 3. Measured soil moisture and precipitation at four depths at Merced. Likely plant available
water is shown as the area between field capacity and wilting point (SSURGO database values).

Table 2. Pearson correlation coefficients between each soil depth and each monitoring site.

Soil Depth Site Correlation
with 10 cm

Correlation
with 20 cm

Correlation
with 50 cm

Correlation
with 100 cm

5 cm

Merced 0.977 * 0.827 * 0.156 NA
Fallbrook 0.959 * NA NA NA

Ford Dry Lake 0.919 * 0.741 * −0.456 * −0.595 *
Las Cruces 0.934 * 0.649 * 0.176 −0.708

Desert Center 0.049 0.302 0.119 NA

10 cm

Merced 0.789 * 0.07 NA
Ford Dry Lake 0.895 * −0.31 −0.612

Las Cruces 0.825 * 0.342 * −0.775 *
Desert Center 0.721 * −0.017 NA

20 cm

Merced 0.606 * NA
Ford Dry Lake −0.051 −0.478

Las Cruces 0.755 * −0.578
Desert Center −0.04 NA

50 cm
Ford Dry Lake 0.784 *

Las Cruces −0.165

Notes: * denotes statistical significance at the 5% level; NA represents no data available at this depth.

3.2. Soil Moisture and NDVI Calculations

Figure 4 indicates very low and relatively uniform NDVILS for three sites: Ford Dry Lake,
Las Cruces, and Desert Center. The NDVILS time series for Merced and Fallbrook had a similar
pattern with seasonal low NDVILS points in November and December and a high point in April,
but the numerical values of NDVILS were low. Table 3 provides the correlation coefficients for each
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combination of site and soil depth and mean NDVILS. No significant positive correlations at any site,
or any soil depth, were found between measured soil moisture and NDVILS.
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Table 3. Correlation coefficients between Normalised Difference Vegetation Index (NDVI) and
measured soil moisture at each monitoring site.

Soil
Depth

Site
Landsat-8 Sentinel-2

NDVILS NDVI8 NDVI5 NDVI6 NDVI7 NDVI8A

5 cm

Merced 0.308 0.78 * 0.816 * 0.811 * 0.803 * 0.78 *
Fallbrook 0.027 0.603 * 0.587 * 0.686 * 0.636 * 0.53 *

Ford Dry Lake 0.353 0.392 * 0.299 0.486 * 0.5 * 0.487 *
Las Cruces −0.603 –0.21 0.205 −0.298 −0.456 * −0.539 *

Desert Center 0.338 −0.122 −0.23 −0.099 0.053 0.121

10 cm

Merced 0.397 0.826 * 0.85 * 0.855 * 0.846 * 0.824 *
Fallbrook 0.294 0.729 * 0.647 * 0.785 * 0.758 * 0.669 *

Ford Dry Lake 0.558 0.504 * 0.4 * 0.591 * 0.597 * 0.579 *
Las Cruces −0.595 −0.091 0.334 −0.256 −0.446 * −0.524 *

Desert Center −0.10 0.148 0.151 0.152 0.156 0.093

20 cm

Merced 0.104 0.489 * 0.578 * 0.526 * 0.516 * 0.487 *
Ford Dry Lake 0.653 0.479 * 0.323 * 0.547 * 0.589 * 0.594 *

Las Cruces −0.27 0.054 0.343 −0.144 −0.303 −0.352 *
Desert Center −0.10 0.19 0.239 0.213 0.215 0.164

50 cm

Merced −0.418 −0.29 −0.158 −0.258 −0.27 −0.297
Ford Dry Lake 0.203 −0.277 −0.38 −0.252 −0.158 −0.133

Las Cruces 0.256 0.191 0.29 0.038 −0.045 −0.058
Desert Center −0.562 −0.734 * −0.593 * −0.759 * −0.655 * −0.546 *

100 cm
Ford Dry Lake −0.145 −0.523 * −0.604 * −0.499 * −0.384 * −0.333 *

Las Cruces 0.165 0.172 −0.449 0.387 0.623 0.697

Note: * denotes statistical significance at the 5% level.
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In contrast, significant positive correlations with soil moisture at certain depths were found using
Sentinel-2 derived NDVI. For example, Figure 5 shows the NDVI calculated using each of the five
alternate bands and soil moisture at 10 cm, representing soil depths between 7.5 and 15 cm from
the surface. Correlation coefficients of all NDVI variants and 10 cm soil moisture were all high and
statistically significant. For a comparison, note the solid line representing the equivalent NDVILS,
showing markedly lower NDVI values and much less variation over the study period. Figures S6–S21
in the online Supplementary Materials show the relationship between NDVI across each Sentinel-2
NIR band and measured soil moisture at the various depths associated with each site. Only depths
where soil moisture was within PAW for at least some of the time are graphed.Water 2018, 10, x FOR PEER REVIEW  11 of 23 
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Figure 5. NDVI variants and soil moisture measured at 10 cm depth representing soil between 7.5 cm
and 15 cm below the surface at the Merced site.

Table 3 shows the Pearson correlation coefficients produced between mean NDVI (calculated
using all variants) and measured soil moisture at each depth. The Merced and Fallbrook sites show a
similar pattern with significant positive correlations between all NDVI variants and moisture measured
at depths of 5, 10, and 20 cm. The strongest correlations occurred at the 10 cm depth for both sites,
and correlations were generally stronger for Merced. Similar significant positive correlations were
found for most bands at shallower depths for Ford Dry Lake, with the strongest also being 10 cm.
However, overall correlations were weakest for this site. In contrast, for both Las Cruces and Desert
Center, there were no positive correlations between NDVI and soil moisture at any depth between
5 and 20 cm. There were, however, some significant negative correlations between NDVI and soil
moisture, particularly for lower depths (50 and 100 cm).

The tolerance intervals produced for each band are shown in Figure 6. The lower and upper
values indicate where the NDVI values for that site are most likely to fall. The tolerance intervals
produced demonstrate the large differences between the sites in terms of the size of the interval.
For example, Merced has a large interval, suggesting that NDVI, and therefore vegetation condition,
are variable for this location, which was likely the result of natural seasonal variation. However, in the
much drier sites (Ford Dry Lake, Desert Center, and Las Cruces), the NDVI will likely fall between a
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much narrower range. Not unexpectedly, the NDVI was generally higher at Merced and Fallbrook,
with both sites receiving 340 mm rainfall over the 2016 calendar year, compared with 174 mm for
Las Cruces and around 91 mm estimated for Desert Center and Ford Dry Lake. Table 4 summarizes
the analysis assessing the observed NDVI trends at each site and the relationship between NDVI and
measured soil moisture.Water 2018, 10, x FOR PEER REVIEW  13 of 23 
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Table 4. Summary of NDVI observed trends, relationship with soil moisture, and NDVI tolerance
intervals for each site.

Site Description Strongest NDVI
Correlation Tolerance Interval Analysis

Merced

NDVI trends showed seasonal variation. Higher NDVI
values were present during the winter, associated with
frequent precipitation events. During summer, NDVI
and soil moisture at 10 cm dropped significantly as a
result of intensifying drought conditions, then
remained constant. NDVI calculated using each of the
S2 bands produced significant positive correlations
with soil moisture at 10 cm and 20 cm. No correlations
between NDVI and soil moisture at 50 cm were found,
suggesting that plants do not respond to moisture at
this depth.

NDVI5

Each band produced a large
NDVI range with high
confidence. This suggests the
vegetation condition varied
more widely over the
study period.

Fallbrook

Some seasonal variation with average NDVI during
the winter and spring were higher than summer when
drought conditions were most severe. Significant
positive correlations were found between NDVI from
S2 and soil moisture measured at 5 cm and 10 cm.

NDVI6

Each band produced moderate
NDVI ranges with high
confidence, suggesting
vegetation condition varied
over the study period.

Ford Dry
Lake

No seasonal variations in NDVI or soil moisture were
observed and NDVI remained relatively constant.
NDVI values produced for this site were very low,
suggesting the vegetation was under constant stress,
but with a discernible NDVI response to slightly
wetter conditions from December 2016. Significant
positive relationships between NDVI and soil moisture
were present for the first 20 cm of the soil. Significant
negative correlations between NDVI and moisture at
100 cm were also present. The seasonal trends at
depths of 50 cm and 100 cm were the inverse of
monthly rainfall. Higher moisture levels occurred in
summer when conditions were dry, resulting in
negative correlations between NDVI and moisture.

NDVI7

Each band produced a small
NDVI range with high
confidence. This suggests the
vegetation condition did not
vary over the study period.

Las Cruces

As with the other two semi-arid sites, NDVI and soil
moisture values at Las Cruces were low with no
variation. No significant positive correlations were
present between S2 NDVI and the soil moisture.
Significant negative correlations were calculated
between Bands 7 and 8A with soil moisture (5 cm and
10 cm) measurements. There were no significant
positive correlations with any NDVI values at depths
greater than 20 cm.

NA

Each band produced a small
NDVI range with high
confidence. This suggests the
vegetation condition did not
vary over the study period.

Desert
Center

No seasonal variations in NDVI or soil moisture were
observed. The NDVI values produced were very low,
suggesting poor quality and stressed vegetation. No
correlation between S2 NDVI and soil moisture was
present at a depth of 20 cm. Significant negative
correlations were present at a depth of 50 cm.

NA

Each band produced a small
NDVI range with high
confidence. This suggests the
vegetation condition did not
vary over the study period.

3.3. Principal Component and Correlation Comparison Analysis

The results of the principal component analysis output correlations with measured soil moisture
are shown in Table 5. Factor-NIR is the linear component analysis of the NDVI values obtained from all
NIR bands (NDVI8, NDVI5, NDVI6, NDVI7, and NDVI8A), whereas Factor-RedEdge is the component
analysis of the 20 m high spectral resolution bands (NDVI5, NDVI6, NDVI7, and NDVI8A). The results
of the PCA show that at all sites where significant positive correlations between soil moisture and
NDVI were present, the linear combination of the red-edge bands at 20 m spatial resolution produced
stronger correlations than the same analysis including the poorer spectral but higher spatial resolution
NDVI8. However, each site and measurement with a relationship present also had an individual band
which out-performed the PCA combination in correlation strength.
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Table 5. Steiger Correlation Comparison between Sentinel-2 near infrared (NIR) Bands.

Site Soil Depth (cm) NDVI8 Factor-RedEdge Factor-NIR

Merced

5 0.78 * 0.805 * 0.8 *
10 0.826 * 0.846 * 0.842 *
20 0.489 * 0.528 * 0.521 *
50 −0.29 −0.247 −0.255

Fallbrook
5 0.603 * 0.649 * 0.641 *
10 0.729 * 0.763 * 0.759 *

Ford Dry Lake

5 0.392 * 0.48 * 0.463 *
10 0.504 * 0.585 * 0.57 *
20 0.479 * 0.557 * 0.542 *
50 −0.277 −0.24 −0.252

100 −0.523 * −0.481 * −0.495 *

Desert Center

5 −0.112 −0.033 −0.061
10 0.148 0.156 0.157
20 0.19 0.233 0.227
50 −0.734 0.727 * −0.741 *

Las Cruces

5 −0.21 −0.382 * −0.332
10 −0.091 −0.341 * −0.258
20 0.054 −0.203 −0.129
50 0.191 0.023 0.073

Notes: Grey shading indicates significant difference in correlation; * denotes statistical significance at the 5% level.

The results of the Steiger test used to assess whether the correlations produced using Band 8 or
the Factor-RedEdge PCA combination were significantly different, as shown in Table 5.

The results of the correlation comparison analysis indicate that, for the majority of situations
where a positive correlation exists between measured soil moisture and Sentinel-2 NDVI, a significant
difference exists between the correlation produced by using values derived from NDVI8 and the
PCA of the special red-edge bands. The correlations produced using the higher spectral resolution
bands were significantly stronger than those derived from the standard NIR band. The exception was
Fallbrook, where no significant advantage was gained in using the red-edge bands. No significant
positive correlation differences were present at the sites where NDVI and soil moisture were weakly
or not correlated at all (Desert Center and the lower depths of Ford Dry Lake). The correlations at
Las Cruces, while significantly different, did not allow for defensible conclusions to be drawn as no
significant positive correlations were observed between NDVI and measured soil moisture.

4. Discussion

This study examined the relative utility of Sentinel-2 derived NDVI for inferring soil moisture
regimes within the zone of plant available water across five sites. All five sites were experiencing
periods of drought for the majority of the study period, representing the soil moisture and NDVI
detection and dynamics under extreme conditions.

Lower values and no significant positive correlations between NDVILS and measured soil moisture
at any depth or at any site were found. This suggests a rather limited role for the sensor in this
context [33]. Compared to Sentinel-2, Landsat-8 has coarser spectral and spatial resolution (30 m), and
this, in combination with the characteristics of vegetation at the sites, likely contributed to the lack of
significant correlations with soil moisture. In particular, the coarser spatial resolution may result in the
spectral mixing of individual pixels, thus diluting the signal of sparse vegetation at some sites. The
lack of correlation could also be related to the relatively fewer available Landsat-8 images. Between 9
and 12 additional Sentinel-2 images per site were available due to the better temporal resolution of the
satellite (Table 1).
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At Merced, Fallbrook, and Ford Dry Lake, statistically significant positive correlations were found
between Sentinel-2 derived NDVI and measured soil moisture at depths of up to 20 cm, (representing
the top 30 cm of soil). This suggests that NDVI reflects the vegetation response to changing moisture
gradients at these sites. At these sites, no significant positive correlations were found between NDVI
and any measurements of soil moisture below 20 cm, despite moisture measured in deeper horizons
appearing to be within the plant available moisture range. This suggests that the vegetation is not
accessing the moisture as there is either sufficient moisture in the upper horizons, or the maximum
rooting depth of the vegetation is not sufficiently deep to access the moisture.

The vegetation at Merced and Fallbrook varied more in NDVI across the study period, as
represented by the greater tolerance intervals for these locations. These sites typically produced
higher correlations between NDVI and soil moisture. During the (dry) summer at Merced, both NDVI
and soil moisture remained relatively constant, with NDVI values for June through to October mostly
in the range of 0.1 to 0.3, depending on the NDVI variant. A sharp drop in soil moisture below wilting
point in April and May resulted in vegetation becoming stressed and responding through a variety of
physiological mechanisms, such as leaf drying and leaf loss. Semi-deciduousness is relatively common
in drylands, which may account for the NDVI in the region of 0.2. Even with complete leaf loss,
the NDVI of dry leaves and bare tree crowns is generally higher than soil, which could also be an
explanation for the relatively constant but perceptible NDVI values at this site. Depending on the
species present, plants can also depend on stem-stored water for survival during these periods [53].
These and other physiological adaptations that characterise the phonologies of dry ecosystems may
explain the relatively constant NDVI and measured moisture during the summer months. A more
complete characterisation of physiological responses giving rise to the observed NDVI would require
a detailed ground-survey of vegetation, which was not available for this study.

At Ford Dry Lake, conditions were extreme with very low NDVI, generally less than 0.1. This
either reflects bare soil, or bare soil and some dormant and desiccated vegetation that later responded
quickly to moisture increases toward the end of the analysis period. The grasses and other herbaceous
vegetation at Ford Dry Lake has likely adapted to survive extremes [49] as 2016 conditions were normal
relative to the long-term average. With a mean annual precipitation of around 90 mm, vegetation
would respond rapidly to a sufficiently high rainfall pulse, afterward drying and dying as soil moisture
decreased. However, NDVI was still correlated up to a depth of 20 cm. This compares well with
studies assessing the root depths of desert grasses [52,54]. In semi-arid regions, vegetation commonly
has rooting depths of less than 50 cm [55,56]. Studies found that up to 80% of the rooting systems in
the Mojave Desert, with similar desert grassland to the sites in this study, are within the first 20 cm
of the soil [57]. This is contrary to the often-held assumption that plants tend to be deeply rooted
in dry environments [54]. Shallow rooting depth in such environments is likely the result of limited
percolation following precipitation [57], therefore positive correlations in the first 20 cm of the soil are
expected, assuming moisture is within the range available to the plant.

Notably, significant negative correlations were found between NDVI and soil moisture measured
in the deeper horizons at Ford Dry Lake (100 cm). Such negative correlations at a depth of 50 cm
were also observed at Desert Center. These sites have very low levels of annual rainfall and relatively
high temperatures. The upper horizon soil moisture measurements for these sites have several
peaks, characteristic of infrequent and intense precipitation events in semi-arid environments [58,59].
Available moisture from sudden precipitation events is unlikely to infiltrate as far as 50–100 cm due to
rapid vegetation uptake, high evapotranspiration, and lateral soil moisture transfer [60]. Long-term
infiltration depths rarely exceed 30 cm in climates with annual average precipitation below 100 mm [54].
If plant roots are within the first 30 cm, and moisture is unlikely to infiltrate beyond this depth, NDVI
may be negatively correlated with measurements at depth. As suggested earlier, these negative
correlations may also be the result of capillary forces acting in an upward direction producing a reverse
moisture gradient with depth. Upward capillary forces are known to produce such trends under dry
conditions where the temperatures result in desiccation of topsoil in the summer months [52]. These
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upward forces result in peaks in soil moisture during the summer months when NDVI is at its lowest,
which is the inverse of the expected trend.

Soil moisture regimes at Las Cruces appeared to be broadly similar to Ford Dry Lake and Fallbrook
(Figure 2). Almost all the soil moisture within the top 50 cm of soil at Las Cruces was within the
expected rooting depth and as plant available water. Although Desert Center had a drier regime,
some plant available moisture was present at depth. Nevertheless, at Las Cruces and Desert Center,
no significant positive correlations with NDVI and soil moisture were found, suggesting that all
NDVI variants at these sites fail to represent the vegetation condition response to moisture gradients.
Identifying the reason for this phenomenon is important. One explanation might relate to landcover, as
the percentage vegetation cover within the one km radius (as determined by the supervised landcover
classification analysis) at Las Cruces and Desert Center was considerably lower than the other sites, at
14% and 29%, respectively. Despite the rigorous attempt to only calculate NDVI for vegetated areas,
spectral mixing of bare earth and soils and the distortion of NDVI values may have occurred due to the
fineness of the vegetation coverage. There is clearly a minimum threshold of vegetation cover beyond
which NDVI cannot reasonably infer soil moisture dynamics due to the vegetation patches being finer
than the highest spatial resolution available for the sensor (for Sentinel-2 MSI, this is 10 m). Based on
our findings, we suggest that this is probably of the order of 30 to 40% cover for these environments.
This has important practical implications, given that many U.S. rangeland landscapes have less than
35% foliar cover. Therefore, the broad-scale applicability of Sentinel-2 NDVI in such environments
may be limited.

One of the anticipated advances in Sentinel-2 was the provision of four high spectral resolution
red-edge bands (20 m resolution) for vegetation monitoring. Although having a higher spectral
resolution, these bands have a lower spatial resolution than the standard NIR band. One aim of
this research was to assess the relative importance of spatial versus spectral resolution. Of interest
was the extent to which band resolution affected the relationship between NDVI and soil moisture.
A comparative statistical analysis was therefore completed between NDVI and soil moisture
correlations produced from the red-edge bands and the standard NIR band.

Differences in the strength of the correlations using NDVI derived from the different bands
were evident. Generally, where positive correlations were present between NDVI and measured soil
moisture, the strength of the correlations produced was greater when one of the red-edge bands was
used to derive NDVI. Furthermore, the PCA of the red-edge bands consistently produced stronger
correlations than the PCA of all NIR bands. Steiger correlation comparisons demonstrated that the
correlations produced using the PCA of the red-edge bands were significantly stronger at Merced and
Ford Dry Lake than those derived using NDVI8. This suggests that NDVI calculated using the higher
spectral resolution bands is of greater use for monitoring vegetation response to soil moisture through
NDVI than using the higher spatial resolution band.

Across the three sites that produced significant positive correlations between NDVI and soil
moisture, different NDVI variants produced the strongest correlation: NDVI5 for Merced, NDVI6 for
Fallbrook, and NDVI7 for Ford Dry Lake. These sites all have different climatic and environmental
characteristics, including the dominant vegetation type and drought severity. Some NDVI variants also
performed much better compared with others at different sites. For example, while NDVI5 produced
the strongest result at Merced, it performed poorly at Ford Dry Lake. This was due to the positioning
of each band across the EMS. Band 5 for example is positioned close to the visible red band (Band 4).
Different vegetation types and conditions reflect varying amounts of NIR radiation; vegetation that
is green and moist reflects more NIR and considerably increases the reflectance between the red and
NIR regions. Dry, poor quality grass will have a more modest increase in reflectance across the same
region [58,59]. This suggests that the gradient of the change in reflectance from the red to the NIR part
of the spectrum could assist with the selection of the most appropriate Sentinel-2 NIR band for a given
vegetation or climatic context.
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Figure 7 shows the vegetation reflectance for each site plotted against the spectral positioning of
each Sentinel-2 band. The dry vegetation at Ford Dry Lake showed a modest increase in reflectance
between the visible and NIR parts of the EMS. This explains why NDVI5 performed poorly at this
location. The wetter grassland environment at Merced had a much steeper increase, meaning NDVI5

performed relatively well.
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The results and discussion above highlight the advances made possible through the development
of the Sentinel-2 red-edge bands. These bands, with their medium spatial and high spectral resolutions,
out-performed the higher spatial resolution NIR band in the majority of situations in this study. This
supports previous research into the new NIR bands observable by Sentinel-2. Studies prior to the
launch of Sentinel-2 using MSI data found that the new bands were well positioned to provide highly
accurate estimations of Leaf Area Index (LAI) and chlorophyll content in vegetation [35,41,42].

Some studies found strong correlations between the reflectance values recorded across the new
red-edge bands with a Pearson’s coefficients of 0.99 [43]. This naturally raises concerns regarding their
discriminatory abilities. Our study suggests that the NDVI calculated using the red-edge bands is
useful for approximating soil moisture where sufficient vegetation is present. The subtle variation
in NDVI values from each band resulted in different strength correlations. The utility of each band
is determined by local site conditions. This indicates the need for a spectral assessment of the target
vegetation prior to the NDVI calculation stage, so that the most suitable band (i.e., the band that
represents the steepest reflectance increase for that vegetation type) can be used for NDVI calculation.
Incorporating such preliminary analysis into fieldwork often used in the early stages of thematic
landcover classification is possible.

The correlation of NDVI with soil moisture in both naturally very dry conditions where vegetation
is highly resilient (Ford Dry Lake), and areas in extreme drought relative to normal conditions (Merced
and Fallbrook), highlights the potential for the application of Sentinel-2 in the field of agricultural
drought monitoring. In particular, correlations produced using the new red-edge high spectral
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resolution bands show significant promise. However, before use, users should consider the spectral
characteristics of the vegetation under assessment and select bands accordingly.

In comparison to other sensors, studies using NDVI derived from MODIS have also successfully
identified positive correlations between NDVI and measured soil moisture in the U.S. Other studies
produced Pearson correlation coefficients ranging between 0.46 and 0.73 [15,30], with the strongest
correlations being associated with areas of homogeneous vegetation cover. The analysis completed
with Landsat-8 in this study produced no significant correlations. The Pearson correlations between
Sentinel-2 NDVI and measured soil moisture in this study were typically higher (Merced = 0.855,
Fallbrook = 0.785, and Ford Dry Lake = 0.597) than those of previous studies and were significant
compared to Landsat-8. This highlights the importance of Sentinel-2 in this field, offering both
higher spatial and spectral resolution when compared with other non-commercial remote sensing (RS)
missions (e.g., Landsat and MODIS).

5. Conclusions

Given rising global temperatures and the likelihood of an increase in the frequency and intensity
of drought events, an urgent need exists to develop effective and implementable drought monitoring
techniques [13]. This study aimed to assess the improvements offered by Sentinel-2 in generating
NDVI time series that represent vegetation response to soil moisture dynamics, particularly in
extreme conditions.

In this study, Sentinel-2 NDVI was positively correlated with soil moisture at depths of less
than 30 cm in a range of environments, including both naturally dry and under uncommon drought
conditions. Depths that produced significant positive correlations between NDVI and soil moisture
appeared to approximate typical rooting depth, suggesting that NDVI reflects plant response to
moisture dynamics within the active root zone. The strongest correlations were produced at Merced
and Fallbrook, which, for the length of the study period, experienced the most extreme USDM drought
classifications relative to long term averages. This indicates that the NDVI is an effective metric, even
in extreme drought. The NDVI at these sites also appeared to identify periods in which vegetation
adaptation mechanisms for coping with extreme dry conditions are active.

Significant positive correlations were also produced at Ford Dry Lake, which is a naturally
extremely dry environment. Although the positive results at Ford Dry Lake were not as strong as
those at Merced or Fallbrook, they do demonstrate that there is some potential in Sentinel-2 NDVI
variants to act as a proxy for soil moisture in extremely dry semi-arid environments. However, at
the comparable Las Cruces and Desert Center sites, no positive correlations were found. The similar
soil moisture dynamics and climatic and environmental characteristics of these sites are likely the
consequence of reduced vegetation cover, suggesting that a threshold exists where the patchiness of
vegetation limits the NDVI’s ability to infer soil moisture due to spectral mixing. For sites in these
environments, the limit appears to be vegetation cover of approximately 30 to 40%. Due to the varying
results in the semi-arid sites in this research, further study in such environments is recommended.

Ideally, correlations should be examined between NDVI and effective root zone plant available
water, rather than total soil moisture. However, since neither site-specific soil parameters nor site
vegetation and rooting depth data were available, this could not be completed. Further work relating
Sentinel-2 NDVI to plant available water in the active root zone is warranted, including analysis to
assess the potential time lag between moisture and vegetation dynamics [61] and a quantification of
the impact of sparse vegetation cover on NDVI signal. This research demonstrates the potential of
Sentinel-2 derived NDVI in monitoring soil moisture; however, as more refined vegetation indices can
also be calculated (e.g., SAVI or VHI), there is further potential to examine the role of these indices as a
replacement or adjunct to the NDVI. Such future Sentinel-2 index-based approaches may also represent
a useful addition to emerging satellite-based soil moisture products (e.g., the Soil Moisture Active
Passive (SMAP) and Soil Moisture and Ocean Salinity (SMOS)) [62] that represent primarily shallow
(0–5 cm) soil depths, but show strong correlations to depths up to 20 cm for some environments [63].
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Studies have suggested that high resolution soil moisture measurements can be obtained through the
combination of Sentinel-1 Synthetic Aperture Rader (SAR) and Sentinel-2 imagery [64].

Resolution clearly determines the ability of a sensor to generate NDVI, which can successfully
approximate soil moisture. Landsat-8 NDVI produced no significant correlations, whereas Sentinel-2
NDVI variants, with its higher spectral and spatial resolution, were positively correlated in three
of the five monitoring sites. The importance of spectral resolution is demonstrated through the
comparative analysis of the new red-edge bands of Sentinel-2. The NDVI produced using the red-edge
bands consistently out-performed the standard NIR band, even though this band has a higher spatial
resolution. This may suggest that improvements in sensor spectral resolution offer greater advantages
for this application of NDVI than improvements in spatial resolution. Due to the ease of NDVI
calculation and high temporal resolution of the data, Sentinel-2 may have a future role in drought
early warning systems, allowing for high resolution vegetation condition monitoring, which may be
useful in detecting the onset of agricultural drought.
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Figure S1: Measured soil moisture and precipitation at Merced; Figure S2: Measured soil moisture and precipitation
at Fallbrook; Figure S3: Measured soil moisture at Ford Dry Lake; Figure S4: Measured soil moisture at Las Cruces;
Figure S5: Measured soil moisture at Desert Center; Figure S6: NDVI and measured soil moisture at 10 cm at
Merced; Figure S7: NDVI and measured soil moisture at 20 cm at Merced; Figure S8: NDVI and measured soil
moisture at 50 cm at Merced; Figure S9: NDVI and measured soil moisture at 5 cm at Fallbrook; Figure S10:
NDVI and measured soil moisture at 10 cm at Fallbrook; Figure S11: NDVI and measured soil moisture at 5 cm
at Ford Dry Lake; Figure S12: NDVI and measured soil moisture at 10 cm at Ford Dry Lake; Figure S13: NDVI
and measured soil moisture at 20 cm at Ford Dry Lake; Figure S14: NDVI and measured soil moisture at 50 cm at
Ford Dry Lake; Figure S15: NDVI and measured soil moisture at 100 cm at Ford Dry Lake; Figure S16: NDVI
and measured soil moisture at 5 cm at Las Cruces; Figure S17: NDVI and measured soil moisture at 10 cm at
Las Cruces; Figure S18: NDVI and measured soil moisture at 20 cm at Las Cruces; Figure S19: NDVI and measured
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