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A B S T R A C T

Testing soil salinity assessment methodologies over different regions is important for future continental and
global scale applications. A novel regional-scale soil salinity modeling approach using plant-performance metrics
was proposed by Zhang et al. (2015) for farmland in the Yellow River Delta, China, a region with a humid
continental/subtropical climate. The one-year integral of temporally interpolated MODIS Enhanced Vegetation
Index (EVI) time series data was proposed as an explanatory variable for agricultural soil salinity modeling.
Here, we test such a methodology in California’s Central Valley, USA, a region with a semi-arid Mediterranean
climate. Time series of EVI, Normalized Difference Vegetation Index (NDVI), and Canopy Response Salinity
Index (CRSI) were created for the 2007–2013 period. Seventy-three MODIS pixels surveyed for 0–1.2-m soil
salinity in 2013 were used as the ground-truth dataset. Our results validate the tested approach: the 2013
integral of CRSI (best performing index) had a Pearson correlation coefficient (r) of−0.699 with salinity. Results
obtained using temporally integrated data were almost always better than those obtained using individual data.
Furthermore, we show that the methodology can be improved by the use of multi-year data. Further research is
needed to improve spatial resolution and the selection of vegetation indices.

1. Introduction

1.1. Soil salinity and agriculture

Elevated levels of soluble salts (e.g., Cl−, Na+) in soils are a major
threat to irrigated and rain-fed agriculture worldwide (Ghassemi et al.,
1995; Metternicht and Zinck, 2003; Ivits et al., 2011). Even when
present in small amounts, soluble salts reduce yields for many crops.
According to the U.S. Salinity Laboratory (US Salinity Laboratory Staff,
1954), most agricultural plants cannot grow if soil salinity exceeds
16 dS m−1, where salinity is quantified as the electrical conductivity of
a saturated soil paste extract (ECe). Soils are classified as saline when
ECe > 4 dSm−1. About 23% (ca. 0.34× 109 ha) of worldwide farm-
land is estimated to be saline (ITPS: Intergovernmental Technical Panel
on Soil, 2015). Knowledge and mapping of the spatial distribution of

soil salinity is important for irrigation and drainage management, and
for setting water and environmental policies that affect the economic
sustainability of farming systems (Lambert and Southard, 1992; Letey,
2000; Welle and Mauter, 2017).

Many geological (e.g., pedogenesis), geomorphological (e.g., ele-
vation gradients), meteorological (e.g., rainfall and evapotranspiration
totals), and management (e.g., irrigation management) factors affect
the salinity levels of irrigated soils (Elnaggar and Noller, 2009;
Akramkhanov et al., 2011; Scudiero et al., 2014a; Vermeulen and Van
Niekerk, 2017). This multiplicity of contributing factors makes it ex-
tremely difficult to extrapolate local point measurements of soil salinity
to regional scales. Satellite based imagery can be used as a covariate in
salinity mapping models (Wu et al. 2014) because it captures variations
of salinity at different scales (e.g., subfield and between fields varia-
tions) (Scudiero et al., 2017).
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1.2. Remote sensing of soil salinity

1.2.1. Surface salinity versus root-zone salinity
Salinity at or near the soil surface (∼ top 0.05–0.1 m) can be readily

identified over large regions using remote sensing tools (Allbed and
Kumar, 2013). However, monitoring surface salinity is of limited in-
terest for agricultural applications. Especially in irrigated agriculture,
salinity generally accumulates deeper in the soil profile. Other than
during germination, crops are influenced by soil conditions over the
entire root zone, which can extend down to 0.5–1.2m and deeper de-
pending on the crop. For example, Lobell et al. (2007) found that in the
Colorado River Delta region, Mexico, soil salinity levels at 0.3–0.6m
had a higher impact on plant growth than salinity at 0–0.3 m. De-
termining root zone soil salinity from surface measurements is chal-
lenging: often, there is not a direct correlation between surface and
root-zone soil salinity (e.g., Zare et al., 2015).

Over large regions, indirect measures of root zone soil salinity can
be obtained through measurements of crop performance (e.g., green-
ness). Visible, near infrared, infrared, and thermal reflectance can be
used as a measure of salinity stress (Lobell et al., 2010; Wu et al., 2014;
Zhang et al., 2015; Ivushkin et al., 2017). However, other stressors
(e.g., water deficiency, pests, and nutrient deficiency) trigger similar
canopy reflectance responses (e.g., higher reflectance in the visible
range and lower in the infrared). Additionally, other factors, such as
phenological stage, also influence canopy reflectance (Solari et al.,
2008; Tagarakis and Ketterings, 2017), thus further obscuring the re-
lation between reflectance and salinity. Multi-temporal analysis of ca-
nopy reflectance can be used to isolate the effects of soil salinity from
other confounding factors (Lobell et al., 2010; Wu et al., 2014). This is
possible when average root zone salinity remains fairly stable over a
short period of time – up to 5–7 years (Lobell et al., 2007; Lobell et al.,
2010). Conversely, other stressors (e.g., mismanagement, pests) tend to
be more transient, often varying intra-annually (Scudiero et al., 2014b).

1.2.2. Detecting soil salinity with MODIS time series vegetation index data
In the last ten years, multi-temporal remote sensing data, especially

visible and near-infrared reflectance, has been used in several studies to
detect soil salinity (Lobell et al., 2007; Platonov et al., 2013; Wu et al.,
2014; Scudiero et al., 2016b, Gorji et al., 2017). One of the most no-
teworthy studies was done by Zhang et al. (2015). They used Moderate
Resolution Imaging Spectroradiometer (MODIS, The National Aero-
nautics and Space Administration – NASA, USA) time series vegetation
index (VI) data. They proposed that salinity estimates from VI time-
series could be improved by simulating the inter-annual VI variations
through a temporal interpolation procedure. By doing so, information
on crop physiology (such as seasonal integrals of VI values) can be
extracted from the time series datasets and used as explanatory vari-
ables in salinity assessment models. Zhang et al. (2015) developed their
methodology using ground data from the Yellow River Delta in the
Dongying District, China, which encompasses a mix of humid con-
tinental and humid subtropical climates with dry winters and rainy
summers, with yearly average rainfall of 600mm (Zhang et al., 2011;
Zhang et al., 2015). They reported that soil salinity correlated more
strongly with integrals of VI time series (from a single growing season)
than with VI from single dates. The VIs used by Zhang et al. (2015)
were the Normalized Difference Vegetation Index, NDVI shown in Eq.
(1) (Rouse et al., 1973):

=
−

+

NDVI (NIR R)
(NIR R) (1)

where R and NIR are MODIS’s red (620–670 nm) and near-infrared
(841–875 nm) bands, respectively; and the Enhanced Vegetation Index,
EVI shown in Eq. (2) (Huete et al., 2002):

= ×
−

+ × − × +

g
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EVI (NIR R)
(NIR B )1 2 (2)

where B is MODIS’s blue (459–479 nm) band and g, c1, c2, and l are
aerosol and soil correcting parameters set to 2.5, 6, 7.5, and 1 respec-
tively. They found that the one-growing-season time series integral of
EVI was more strongly correlated with soil salinity and more sensitive
to salinity changes than the integral of NDVI was.

1.2.3. Justification for this research
The research of Zhang et al. (2015) and other previously published

regional scale salinity assessment research has been carried out over
areas with fairly homogeneous meteorology (e.g., rainfall, temperature)
and geomorphology (e.g., pedogenesis). Future research efforts should
focus on creating national and global inventories of agricultural soil
salinity (Scudiero et al., 2016a). Mapping salinity at such broad scales
would entail using remote sensing over diverse geographical regions. As
a step towards that goal, the current remote sensing approaches, such
that proposed by Zhang et al. (2015), should be tested and validated
over different geographical regions of the world.

1.2.4. Research objectives
In this study, we test the MODIS VI time-series approach proposed

by Zhang et al. (2015). We evaluate the approach using a ground-truth
soil salinity dataset from the western San Joaquin Valley, California,
USA (Scudiero et al., 2014a), a region very different from the Yellow
River Delta. Besides testing the approach of Zhang et al. (2015), we also
address the following questions:

1. Should the integral value of the MODIS VI time series proposed by
Zhang et al. (2015) be preferred to a seasonal average of the VIs?

2. Should multiple-year time series of MODIS VIs data be used to map
salinity over semi-arid farmland, such as in California’s western San
Joaquin Valley, rather than single-season time series? A single year
of data might not be sufficient to isolate the effect of salinity on crop
metrics. In a given year, crop performance may be limited by other
factors besides salinity. In that case, a multi-year analysis may be
required.

3. Does MODIS EVI provide better relationships with salinity in semi-
arid farmland than NDVI, as observed for continental and sub-
tropical climates by other authors, including Zhang et al. (2015)?

4. Are there relevant scale-related limitations for the use of MODIS VIs
over areas with fairly heterogeneous cropping and land use patterns,
such as California’s western San Joaquin Valley?

2. Materials and methods

2.1. Study area

The farmland of California’s western San Joaquin Valley (WSJV,
Fig. 1a) is among the most salt-affected in California (Backlund and
Hoppes, 1984; Lambert and Southard, 1992). The WSJV has hot and
dry summers and cool winters. Annual rainfall averages around
150–200mm. For WSJV, the 2011 National Land Cover Database
classified 0.83×106ha as farmland (Fry et al., 2011). According to the
CropScape database (Han et al., 2012), 16.2% of WSJV farmland was
cropped with orchards in 2013 (e.g., Pistacia vera L., Prunus dulcisMill.).
The rest was used for herbaceous/annual (e.g., Solanum lycopersicum L.,
Triticum aestivum L.) crop production (75%), for pastureland (3.3%), or
left fallow (21.6%). During the 2011–2015 California drought
(Williams et al., 2015), the portion of fallow land increased steadily,
from 11.8% pre 2011 to 33.7% in 2015 (Scudiero et al., 2017), mostly
at the expense of herbaceous crop production (Howitt et al., 2014).
Farmers’ decisions on land fallowing were mainly driven by surface and
well-water availability and by expected revenues (Howitt et al., 2014).
Scudiero et al. (2017) reported that 55% of the farmland in WSJV
(excluding orchards – which were not included in theirs study) is
moderately to extremely affected by soil salinity.
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2.2. Satellite data

2.2.1. MODIS data processing
The MODIS data were obtained from the U.S. Geological Survey

through the Earth Explorer tool (https://earthexplorer.usgs.gov/). In
this study, we used the same MODIS data product used by Zhang et al.

(2015): the 500-m MOD09A1 Version 6 (Vermote, 2015) surface re-
flectance data.

The reflectance data is corrected for gaseous, aerosol, and Rayleigh
scattering. MOD09A1 scenes are available as 8-day composite data. All
available scenes from January 1, 2007 to December 31, 2013 were
downloaded, totaling 322 8-day composite scenes. For each pixel in a

Fig. 1. a) Western San Joaquin Valley, California, USA, and the locations of the 73 MODIS pixels co-located with the ground-truth dataset, and b) the two pixels that
were not used in this study.
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tile, MOD09A1data includes the value with the best quality from all the
MODIS acquisitions within the 8-day composite period (Vermote,
2015). Surface reflectance for the blue (459–479 nm), green
(454–565 nm), red (620–670 nm), and near infrared (841–875 nm)
spectral bands were used. The MOD09A1 Quality control layer was
used to remove data characterized by excessive atmospheric dis-
turbance. Following the directions of Zhang et al. (2015) and Xiao et al.
(2005), pixels with a blue reflectance greater than 20% were marked as
cloudy pixels and, consequently, removed.

The surface reflectance data was used to calculate VIs for each 8-day
composite MOD09A1 scene. As done by Zhang et al. (2015), we cal-
culated NDVI and EVI. Additionally we also calculated the Canopy
Response Salinity Index (CRSI) as shown in Eq. (3) (Scudiero et al.,
2014a):

=
× − ×

× + ×

CRSI (NIR R) ( G B)
(NIR R) ( G B) (3)

where G is the green band. The CRSI was used because of its good
performance for soil salinity assessment using Landsat 7 reflectance in
the WSJV (Scudiero et al., 2014a).

2.2.2. Vegetation indices time series smoothing
Following Zhang et al. (2015), daily values of CRSI, NDVI, and EVI

were calculated by applying a Savitzky–Golay (SG) filter (Savitzky and
Golay, 1964) to the 8-day composite VI values. With an SG filter, a
moving-window polynomial least-squares fit is used to smooth tem-
poral data, reduce noise, and produce daily values (Jönsson and
Eklundh, 2004). A larger window size results in smoother curves at the
expense of flattening local peaks (Jönsson and Eklundh, 2004; Kim
et al., 2014). Jönsson and Eklundh (2004) provide a full explanation of
the SG filter. Zhang et al. (2015) used a second degree polynomial fit
and window size of 8. We used MATLAB R2017a (The MathWorks, Inc.,
Natick, Massachusetts, USA) to apply the SG filter with a second degree
polynomial and a window size of 5 (i.e., 32 days). The smaller window
size was selected to increase the time series resolution over local peak
values of the VIs.

The smoothed time series were used to calculate yearly integral (YI)
values for each VI. We tested the use of the 2013 YI for salinity as-
sessment. We also tested the multi-year maximum YI value over con-
secutive years prior to 2013, going back to 2007. For example, the 3-
year maximum YI equates to, at each pixel, the maximum YI value for
the years 2011, 2012, and 2013.

2.3. Ground-truth data

The USDA-ARS WSJV soil salinity dataset (Scudiero et al. 2014a)
was used as the ground-truth dataset in this research. The dataset
comprises 41,779 ECe data points for the 0–1.2-m soil profile. The da-
taset was collected over 22 fields, totaling 542 ha. The dataset was
compiled using a combination of 41,779 electromagnetic induction
readings and 267 soil salinity measurements made on composite 0–1.2-
m soil cores. The laboratory salinity data were used to calibrate the
electromagnetic induction measurements using field-by-field linear re-
gression modeling, with an overall coefficient of determination of
R2=0.93 (Scudiero et al., 2014a).

We interpolated the 41,779 ECe data points onto the 500×500m
MODIS grid using simple kriging, following the directives of Lobell
et al. (2010). Isotropic exponential semivariograms were used in the
kriging models. The spatial interpolations were made with ArcMap 10.1
(ESRI, Redlands, California, USA) resulting in 75, 500×500m, ECe

ground-truth estimates (Fig. 1a). The agricultural fields in the dataset
did not align with the MODIS grid. Therefore each of the 75 ground-
truth measurements had different degrees of pixel coverage, which we
recorded. For example, 50% coverage indicates that salinity was mea-
sured over half of the MODIS pixel area. Of the 75 ground-truth cells,

two were discarded from the analysis because of heterogeneous and
contrasting land use (Fig. 1b). The remaining 73 were retained for
further analyses and were classified as cropped or fallow on a year-to-
year basis according to the CropScape database (Han et al., 2012).
MODIS pixels were classified as cropped or fallow based on the most
frequent CropScape land use classification (at 30× 30m) occurring
within an overlaying MODIS pixel.

2.4. Statistical analyses

Pearson correlation analyses were carried out between soil salinity
and remote sensing data. Additionally, weighted regressions were de-
veloped between the remote sensing data (independent variable) and
soil salinity (explanatory variable) for data in each land use class (i.e.,
cropped and fallow pixels). Weighted least squares regression was
carried out using the lm() function from the stats package in R 3.4.1 (R
Core Team, 2017), using pixel coverage as the weight.

3. Results and discussion

3.1. Soil salinity measurements

At the ground-truth sites, soil salinity for the 0–1.2m soil profile
ranged between 0.01 and 18.31 dSm−1, with a median of 5.17 dSm−1.
Within each pixel, surveyed farmland coverage ranged between 0.23
and 96.45%. Additional statistics for ECe and pixel coverage are re-
ported in Table 1.

In 2013, when the soil salinity surveys were carried out, 46 pixels
were cropped and 27 were fallow (See Table 2 for land use information,
2007 through 2012). Through 2007–2013, 37 of the cropped pixels
were cropped every year, whereas 9 of the fallow pixels were fallow
every year. Because of the shifting cropping patterns in WSJV, updated
datasets identifying crop type at the field scale (e.g., Han et al., 2012;
Zhu et al., 2017) are of great value for properly classifying and ana-
lyzing pixels.

3.2. MODIS pixel size

A MODIS pixel covers 25 ha. The ground truth survey fields ranged
between 2.3 and 63.0 ha, with an average size of 24.1 ha. Salinity
ground truth information within each pixel was not homogeneous. The
average within-pixel salinity variance was 2.54 dS2m−2. Thus up-
scaling the ground-truth measurements to the 500× 500-m MODIS
resolution resulted in a loss of information. This was not surprising
since previous studies have shown that soil salinity in WSJV often ex-
hibits high variability over short distances (Lesch et al., 1992). The loss
of information due to the coarse resolution suggests that the MODIS
pixel size may be too large to map soil salinity at the sub-field scale in
WSJV. Scudiero et al. (2016b) assessed WSJV salinity using Landsat 7
imagery with a 30× 30m resolution, whereas Scudiero et al. (2017)
found that the optimal resolution was around 20×20m when evalu-
ating EVI and soil salinity at resolutions ranging from 2×2 to
100× 100m.

Table 1
Salinity (ECe) for the 0–1.2 m soil profile and pixel coverage for the 73 ground-
truth locations.

ECe (dS m−1) Pixel coverage (%)

Minimum 0.01 0.23
Maximum 18.31 96.45
Average 6.81 30.07
Median 5.17 24.10
Standard Deviation 4.98 26.88
Skewness 0.69 0.85
Kurtosis −0.80 −0.29
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Much of WSJV is also characterized by short-scale variations in land
use. This is evident when examining various imagery and databases
(e.g., the National Aerial Imagery Program of the U.S. Department of
Agriculture, Google Earth, and the U.S. Land Use National Land Cover
Database). Most farm-fields in WSJV are next to paved and unpaved
roadways, railways, surface water bodies (e.g., drainage canals), urban,
and industrial land. Non-agricultural lands have different reflectance
properties than cropped fields (Chen et al., 2005). At the MODIS re-
solution, narrow non-agricultural features cannot be discriminated
from farmland (Gao et al., 2006), making it hard to monitor agricultural
processes.

Zhang et al. (2015) discussed similar limitations related to the
MODIS resolution when developing the remote sensing methodology in
the Yellow River Delta. Nevertheless, their methodology works best
when remote sensing data are available at high temporal resolution,
such as with MODIS. Moreover, despite all within-pixel noise sources,
MODIS-based estimates may be able to characterize local (e.g., farm-
scale) average response, as shown in evapotranspiration modeling
studies (McCabe and Wood, 2006). Accurate salinity information at
such resolution would still be very valuable for natural resource man-
agement (Welle and Mauter, 2017).

3.3. Vegetation indices time-series

Fig. 2 shows the Pearson correlation coefficient (r) between soil
salinity and all unfiltered 8-day composite scenes for all VIs in 2013.
Pearson’s r ranged between −0.715 and −0.335 for CRSI, between
−0.581 and −0.233 for NDVI, and between −0.547 and −0.150 for
EVI. In 2013, for all VIs, the weakest r values were observed in the
months of January through May, whereas stronger r values were ob-
served from late July through early December. For comparison,
Ivushkin et al. (2017) observed strongest correlations between thermal
imagery and soil salinity over cotton (Gossypium hirsutum L.) through
late July and mid-August in the farmland of Uzbekistan’s Syrdarya
Province. The temporal variation in the correlation indicates that an
arbitrary single date should not be used to map soil salinity through
canopy reflectance, as also discussed by Lobell et al. (2010) and Zhang
et al. (2015). Variability in the plant reflectance – salinity relationship
through the year may be due to: i) changing plant response to salt stress
at different vegetation stages (Maas et al., 1986; Baath et al., 2017), ii)
the influence of other stressors (e.g., water stress, pests) (Lobell et al.,
2010), and/or iii) the fact that, even when unstressed, crop reflectance
is influenced by species× growth-stage× soil background interactions
(Gausman and Allen, 1973; Huete et al., 1985; Li et al., 2001).

The unfiltered 8-day composite VI values were temporally inter-
polated using the SG filter. Fig. 3 shows an example application of the
filter to NDVI data at a selected location. Daily values of CRSI, NDVI,
and EVI were obtained from the filtered time series. Zhang et al. (2015)
used the time series to calculate integral values for EVI and NDVI
during the crop-growing season only. Lobell et al. (2010) also used only
data from the crop growing season. The WSJV growing season is nearly
year round. Therefore, we did not discard any data from the VI time
series. Yearly integrals (YI) of the time series of all three indices were
then calculated at each pixel.

The 2013 YI correlations with soil salinity were r=−0.699 (CRSI),
r=−0.644 (NDVI), and r=−0.602 (EVI). These r values are reported

in Fig. 2 (dotted lines). For CRSI, most (95.7%) of the r yielded by single
unfiltered 8-day composite scenes were smaller than that yielded when
the YI was used. For NDVI and EVI, no single unfiltered 8-day com-
posite scene had stronger r than the respective YI. The YI values yielded
slightly stronger correlation coefficients than those between salinity
and the yearly average of the unfiltered 8-day composite scenes (Fig. 2,
solid lines).

These correlation results presented in Fig. 2 indicate that the
methodology proposed by Zhang et al. (2015) is an effective means for
assessing root-zone soil salinity at different geographical regions be-
sides the Yellow River Delta. The Zhang et al. (2015) methodology is a
potential candidate for soil salinity assessment over regions having
differing climates and farming systems. It is important to notice, how-
ever, that similar multi-year remote sensing analyses can be used to
characterize the spatial variability of permanent stressors other than
salinity, such as heavy metals in the root zone (Liu et al., 2018).

3.4. Detecting soil salinity with multi-year MODIS time series

Single-year or single-growing-season VI integrals provide intra-an-
nual information on crop status (Zhang et al., 2015). In Table 3, we
show r for the relationships between salinity and i) the 2013 YI and ii)
and the multi-year maxima of the YI between 2013 and consecutive
previous years, back to 2007. The strength of the relationship between
remote sensing data and salinity was greater when multi-year maxima
were used.

In Table 3, r values are reported for the full dataset (73 pixels) and
for sub-datasets having different pixel-coverage lower limits. Note that r
values for different sub-datasets (different pixel coverage classes)
should not be compared directly because they all have different sample
size, average, and variance. The different r values within each row in
Table 3 should be compared instead. To aid the comparison, we provide
a color scale indicating the rank of the r coefficient in each row: the

Table 2
Number of pixels classified as cropped or fallow in all considered years.

Land use Year

2007 2008 2009 2010 2011 2012 2013

Cropped 55 49 43 41 49 59 46
Fallow 18 24 30 32 24 14 27

Fig. 2. Pearson correlation coefficients for soil salinity vs. each 8-day composite
scene in 2013 (circles), their yearly average (solid line), and the integral of the
vegetation index time series (dotted line), for a) canopy response salinity index
(CRSI), b) normalized difference vegetation index (NDVI), and c) enhanced
vegetation index (EVI).
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darker the cell, the stronger the relationship between salinity and the
selected YI combination. In the vast majority of the considered sub-
datasets, the remote sensing – salinity relationship was stronger when
multiyear maximum YIs of VI were used.

These results are consistent with previous research (Lobell et al.,
2007; Lobell et al., 2010; Wu et al., 2014; Scudiero et al., 2014b). In
particular, Scudiero et al. (2014b) showed that VIs in saline areas of a
maize field in Northeastern Italy had low annual variation, which is
consistent with the findings of Zhang et al. (2015). However, Scudiero
et al. (2014b) showed that areas under water stress were also char-
acterized by low annual VI variability. Only when using multiple-year
VI data could they differentiate between salinity and water stress.
Moreover, using multi-year maxima data allows associating the canopy
reflectance data to other time-specific environmental covariates (crop
type, meteorology). The use of such covariates is known to be very
useful for salinity mapping models (Lobell et al., 2010; Scudiero et al.,
2016b).

Previous studies used four (Platonov et al., 2013; Wu et al., 2014) to
seven (Lobell et al., 2007; Lobell et al., 2010; Scudiero et al., 2016b)
years of remote sensing data to map soil salinity. On the dataset used
here, the strongest correlations with salinity were obtained when
2 years of VI data were used. Apparently, the optimal time span cannot
be specified a priori. A tradeoff must be considered when selecting the
size of the multi-year window: wider time spans allow reducing the
influences of confounding factors (e.g., local transient stressors) in the
crop reflectance – soil salinity relationship; yet, the wider the time
window the higher the chance that sizeable changes in root-zone
average salinity may happen. Several combinations of multi-year data
should be tested to select the best explanatory variable for the desired
salinity assessment model.

The strength of the correlations in Table 3 was generally ordered as
CRSI > NDVI > EVI. Scudiero et al. (2014a) observed the same
hierarchy for these indices when calculated from Landsat 7 data. Con-
versely, Lobell et al. (2010) and Zhang et al. (2015) indicated that
MODIS EVI outperformed MODIS NDVI for soil salinity assessment in
their study areas. The quality of reflectance information for vegetation
indices changes according to spatial location because of atmospheric
disturbance and other factors influencing satellite multispectral mea-
surements (Hadjimitsis et al., 2010; Pettorelli et al., 2005). In areas
characterized by rainy summers, such as China’s Yellow River Delta,
NDVI might not perform as well as EVI because of atmospheric dis-
turbance when vegetation is at its maximum growth for the year.
Conversely, clouds and aerosols may not be as relevant in the WSJV
because of different meteorology. This indicates that preliminary ana-
lyses to select the best VI should always be carried out locally, as

proposed by Scudiero et al. (2014a) and Zhang et al. (2015). It is always
important to keep in mind that VIs are not stress-specific: multi spectral
canopy reflectance should be interpreted as a relative indication of crop
status.

As indicated by Lobell et al. (2010) and Zhang et al. (2015), cropped
and fallow farmland have different reflectance characteristics over time.
The yearly time series of the 2-year maximum YIs datasets are shown in
Fig. 4, for the two land use types. The figure depicts the median and the
25th-75th percentile intervals. Out of the 73 pixels, 57 were cropped in
Fig. 4a (CRSI), 54 in Fig. 4b (NDVI), and 55 in Fig. 4c (EVI). The median
salinities were 4.8 (CRSI, Fig. 4a), 4.6 (NDVI, Fig. 4b), and 4.7 (EVI,
Fig. 4c) dS m−1 over the cropped pixels, and 8.1 (CRSI, Fig. 4a), 12.0
(NDVI, Fig. 4b), and 10.9 (EVI, Fig. 4c) dS m−1 over the fallow pixels.
Yearly integrals for the median time series were equal to 296.0 (cropped)
and 276.6 (fallow) for CRSI, 139.8 (cropped) and 88.6 (fallow) for NDVI,
and 81.2 (cropped) and 52.5 (fallow) for EVI. For all VIs, the index values
peaked around the beginning of April for both cropped and fallow pixels.
Cropped pixels exhibited a second peak during the summer months,
whereas the fallow pixels steadily decreased during summer and fall. It is
evident that, in the WSJV, the two land uses generate disparate VI be-
havior during the year. They should, therefore, be analyzed separately in
remote sensing salinity assessment models, as proposed by Lobell et al.
(2010) and Zhang et al. (2015).

The 2-year maximum YIs were regressed against soil salinity for
cropped and fallow pixels separately. The results for all three VIs are
reported for cropped pixels in Table 4 and for fallow pixels in Table 5.
Fig. 5 shows results for CRSI only. As proposed by Zhang et al. (2015),
we fit the data over cropped pixels with simple linear regressions,
whereas fallow pixel data were fit with quadratic models. Pixel cov-
erage was used to weight the data in the ordinary least squares re-
gressions. For comparison, unweighted regressions are also reported in
Tables 4 and 5. The regressions were all highly significant (p-va-
lues < 0.01), and a large portion of the variance in the remote sensing
data was explained by variations in the soil salinity dataset. In parti-
cular, the joint use of regression equations [R1] (Table 4) and [R7]
(Table 5) explained 67.8% of the total variance of the 2-year maximum
YI for CRSI, Eqs. [R3] and [R9] explained 63.7% of the total variance
for NDVI, and Eqs. [R5] and [R11] explained 51.0% of the total var-
iance for EVI.

In general, the response of crops to soil salinity follows the Maas and
Hoffman two-piece response curve (Maas and Hoffman, 1977): below a
crop-specific threshold salinity value, crops are not affected by salinity;
above the threshold value, crop performance (e.g., yield) decreases
linearly according to a crop-specific slope. Thus, salinity predictions
using CRSI (Fig. 5) and other VIs at low salinity ranges where crops are

Fig. 3. Example of a Savitzky–Golay smoothed time series for MODIS normalized difference vegetation index (NDVI) for a selected pixel from January 1st 2013 to
December 31st 2013.
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not stressed are expected to have low accuracy (Scudiero et al., 2016b).
The halophytes that generally dominate fallow farmland grow best

on soils with moderately high to high salinity (around 8 < ECe < 12
dS m−1), rather than non-saline soils (BOSTID: Board on Science and
Technology for International Development, 1990; Zhang et al., 2011).
Low VI YIs (e.g., Fig. 5) may correspond, therefore, to fallow soils
having low or high salinity, as also observed by Zhang et al. (2015). The
use of canopy reflectance alone is therefore not advised for salinity

assessment over fallow land because it cannot reliably differentiate very
low and very high salinities.

During the two years under consideration (2012 and 2013), the
whole WSJV was under a historical drought (Williams et al., 2015).
Drought was not expected to affect plant growth on irrigated cropped
pixels. Conversely, vegetation growth at the non-irrigated fallow pixels
may have been reduced by drought, possibly reducing the accuracy of
the regressions in Table 5.

Table 3
Person correlation coefficients for soil salinity (ECe) with yearly integrals of MODIS canopy response salinity
index (CRSI, top), normalized difference vegetation index (NDVI, center), and enhanced vegetation index
(EVI, bottom) calculated from the Savitzky–Golay smoothed time series. Correlation coefficients shown for the
Savitzky–Golay yearly integrals of 2013 and the yearly maxima (Max) between 2013 and consecutive previous
years (back to 2007). Correlation coefficients are shown for the full dataset and for sub datasets having
decreasing ground-truth pixel coverage. For each sub dataset, increasing intensity of blue indicates increasing
strength of Pearson correlation coefficient.
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4. Conclusions

Testing soil salinity assessment methods over different regions is
important for future development of continental and global scale maps
and models. In this paper we tested, validated, and improved a data
preprocessing methodology proposed by Zhang et al. (2015) that can be
used to improve the strength between remote sensing data and soil
salinity. We conclude that:

1. Temporal interpolation of the vegetation index (VI) time series,
using the Savitzky–Golay filter, provided stronger correlations with

salinity than unfiltered VI data;
2. Multi-year remote sensing datasets provided stronger correlations

with soil salinity than single-year data. In particular, correlations
between VIs and soil salinity were much stronger with a multi-year
maximum approach that included separating data by land use type.
The Zhang et al. (2015) methodology, when used with a multi-year
maximum approach, was particularly effective when used over
farmland cropped with herbaceous plants (e.g., maize, cotton, al-
falfa). Over fallow land, the quadratic relationship between salinity
and canopy reflectance make remote sensing data harder to inter-
pret: lower multi-year maxima of VI integrals could be due to either

Fig. 4. Median yearly time series for the 2-year maxima of the vegetation index time series for cropped (solid blue line) and fallow (dashed red line) pixels. The 25th-
75th percentile intervals are shown in blue for cropped (background) and fallow (forefront) pixels. Vegetation indices are: a) Canopy Response Salinity Index (CRSI),
b) Normalized Difference Vegetation Index (NDVI), and c) Enhanced Vegetation Index (EVI). Please notice that the vertical axes have different scales for each
vegetation index.

Table 4
Weighted and unweighted linear regressions between the 2-year maxima of the vegetation index yearly integrals and soil salinity for cropped pixels. Vegetation
indices are: Canopy Response Salinity Index (CRSI), Normalized Difference Vegetation Index (NDVI), and Enhanced Vegetation Index (EVI).

INDEX N Type Slope Intercept R2 p-value Equation ID

Value St.Err. Pr(> |t|) Value St.Err. Pr(> |t|)

CRSI 57 Weighted −3.45 0.303 < 0.001 312.66 2.26 < 0.001 0.702 < 0.001 [R1]
Unweighted −3.51 0.285 < 0.001 312.39 2.25 < 0.001 0.734 < 0.001 [R2]

NDVI 54 Weighted −7.44 0.955 < 0.001 181.41 7.04 < 0.001 0.538 < 0.001 [R3]
Unweighted −7.88 0.957 < 0.001 184.95 6.61 < 0.001 0.566 < 0.001 [R4]

EVI 55 Weighted −5.06 0.760 < 0.001 117.32 5.69 < 0.001 0.455 < 0.001 [R5]
Unweighted −5.10 0.764 < 0.001 117.14 5.38 < 0.001 0.457 < 0.001 [R6]
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very low or very high soil salinity;
3. We observed that the strength of the correlations coefficients be-

tween VIs and salinity were generally ordered as
CRSI > NDVI > EVI. Our results, when compared to those of
Zhang et al. (2015), indicate that VI applicability is region specific.
Zhang et al. (2015) as well as other authors indicated that better
performances were to be expected when using MODIS EVI, rather
than MODIS NDVI, for salinity assessment. We observed the oppo-
site. The difference may be due to environmental differences be-
tween the region where Zhang et al. (2015) developed their study
(Yellow River Delta, China) and our study area (California’s western
San Joaquin Valley). We advise preliminary testing to identify the VI
performing best at any region of interest;

4. The spatial resolution of MODIS is not ideal for salinity assessment
over California farmland, and other land with similar short-scale
variations of soil salinity, agronomic practices, and land use (e.g.,
small-sized fields surrounded by water canals and roads). Higher
resolution remote sensing data is needed to address these issues.
Future work should focus on the use of high spatial and temporal
resolution satellites, such as those in the Sentinel program, operated
by the European Space Agency. Moreover, the use of thermal ima-
gery, which was not evaluated in this study, should be considered as
complementary to the visible and near-infrared reflectance data, as
proposed by other authors, including Wu et al. (2014) and Ivushkin
et al. (2017).

Further validation of the method should be carried out over dif-
ferent regions, with different environments and agronomic practices

(e.g., rainfed agriculture), before accurate continental and global soil
salinity assessment models can be developed.
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