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Abstract: Drought and salinity stress are considered to be the two main factors limiting crop produc-
tivity. With climate change, these stresses are projected to increase, further exacerbating the risks
to global food security. Consequently, to tackle this problem, better agricultural management is
required on the basis of improved drought and salinity stress monitoring capabilities. Remote sensing
makes it possible to monitor crop health at various spatiotemporal scales and extents. However,
remote sensing has not yet been used to monitor both drought and salinity stresses simultaneously.
The aim of this paper is to review the current ability of remote sensing to detect the impact of these
stresses on vegetation indices (VIs) and crop trait responses. We found that VIs are insufficiently
accurate (0.02 ≤ R2 ≤ 0.80) to characterize the crop health under drought and salinity stress. In
contrast, we found that plant functional traits have a high potential to monitor the impacts of such
stresses on crop health, as they are more in line with the vegetation processes. However, we also
found that further investigations are needed to achieve this potential. Specifically, we found that
the spectral signals concerning drought and salinity stress were inconsistent for the various crop
traits. This inconsistency was present (a) between studies utilizing similar crops and (b) between
investigations studying different crops. Moreover, the response signals for joint drought and salinity
stress overlapped spectrally, thereby significantly limiting the application of remote sensing to monitor
these separately. Therefore, to consistently monitor crop responses to drought and salinity, we need to
resolve the current indeterminacy of the relationships between crop traits and spectrum and evaluate
multiple traits simultaneously. Using radiative transfer models (RTMs) and multi-sensor frameworks
allow monitoring multiple crop traits and may constitute a way forward toward evaluating drought
and salinity impacts.

Keywords: drought; salinity; traits; crop; remote sensing; meta-analysis

1. Introduction

Food security is a serious problem around the world with a significantly large number
of food production systems currently at risk [1]. It is predicted that by 2030, the population
suffering from food insecurity will rise to more than 840 million. Meanwhile, it is projected
that the ongoing COVID-19 could further worsen the number of undernourished people
around the world [2]. Further exacerbating this food security problem, crop productivity
itself also suffers great threats from stresses, such as drought stress, nutrient stress, and
salinity stress, which reduce the yield at various locations by more than 50% [3]. Moreover,
crops frequently suffer from a combination of stress [4], which further causes challenges
for food production. In order to allow for sustainable agricultural production and mitigate
the threat of global food shortages, the impact of these stressors needs to be monitored and
alleviated.
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Water stress, in the form of droughts, has been identified as the most serious threat for
global agriculture, approximately affecting 40% of the world’s land area [5]. Between 1980
and 2020, droughts have caused economic damages of around $6 billion per year in the
United States, exceeding damages from other weather and climate disasters [6]. Likewise,
in China, the average annual economic damage due to drought was $12.8 billion during
2006–2015 [7]. In addition to drought, salinity has emerged as a major factor limiting
the productivity of crops. Southwest United States, southern Asia (including India and
Pakistan), eastern Asia (Western China), eastern Australia, and northwest Africa are the
most affected areas [8–10]. The United Nations Food and Agriculture Organization (FAO)
has estimated that 11% of the global irrigated area (34 Mha) is currently affected by different
levels of salinity. Therein, China, the United States, Pakistan, and India hold more than
60% of the total area (21 Mha).

While presently, drought and salinity already pose tremendous challenges for food
production, it has been forecasted that both stressors will increase both spatially and in
severity. Climate change will increase the frequency and severity of drought events in
numerous regions [11–14], leading to dramatic impacts on crop growth and productiv-
ity [12]. Specifically, higher temperatures and lower humidity have been shown to lead
to an increasing water demand (in the form of crop evapotranspiration) and a reduced
water availability from effective precipitation, while simultaneously, a lower and infrequent
effective precipitation significantly reduces water availability, thereby negatively affecting
food production [15]. Similarly, it has been suggested that salinity will impact 50% of
the cultivated land by 2050 [16]. Soil salinity levels have been shown to increase in arid
lands because fresh water is not available to drain accumulated salts [17], thus acting as a
practically irreversible process. Moreover, soil salinization has been shown to increase with
the expansion of agriculture to semi-arid and arid regions [17–19]. Therefore, the increase
in drought frequency and soil salinity under climate change further exacerbate the threat
to crop production.

Drought and salinity cannot be seen independently of each other. As an aspect of water
quality, salinity has been proven to increase during drought periods [14,20,21]. Specifically,
it has been shown that due to lower river levels, hydrological drought significantly increases
the salinity in rivers [14,22]. Consequently, increased drought frequency and severity will
exacerbate the accumulation of salinization and adversely affect crop yield and sustainable
agricultural development [23]. As such, there are already numerous areas in the world
where both drought and salinity stress co-occur (Figure 1). Furthermore, due to sea level
rise in the future, cultivated land (and in particular coastal lowlands) will have a higher
probability to suffer from both drought and salinity stress [24–27]. Therefore, drought and
salinity should not be viewed independently, and impacts of joint drought and salinity
stress to agricultural production should be investigated.
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Figure 1. Global distribution of drought and salinity. In panel (a), the global map of soil salinity change is shown [10],
while in panel (b) the global map of drought hazard [28] is shown. Global soil salinity map was extracted from [10] and
then transformed to the plate carrée projection by ArcGIS.
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Remote sensing (RS) is a key method for monitoring crop health due to its capability
to monitor and detect effective changes of large areas at relatively low-cost, in comparison
to traditional methods [29]. For this purpose, several vegetation indices (VIs) such as
the Normalized Difference Vegetation Index (NDVI) [30], the Perpendicular Vegetation
Index (PVI) [31] and the Soil Adjusted Vegetation Index (SAVI) [32] have been developed
in the past to monitor agricultural production. In addition, drought (impact) indicators
have been developed that account for seasonality effects (based on long-term standardized
observations), e.g., the Vegetation Condition Index (VCI) [33], the Vegetation Health Index
(VHI) [34], and the Normalized Difference Water Index (NDWI) anomalies [35]. However,
each of these drought indicators has specific limitations that limit its applicability as early
warning signals of drought [36]. As a consequence, results vary among different indices,
and most applications with these indicators focus on local scales and individual crop types.
As such, no comprehensive vegetation index has been developed that can be applied
globally to investigate drought impact consistently [36]. Similar to drought monitoring,
vegetation indices, used to monitor crop salinity stress, are also affected by limitations
regarding noise, halophyte presence, and spatial resolution [37,38]. In response, a more
comprehensive measurement of the reflectance spectrum representing crop traits is required
to monitor crop growth and health as affected by stress. In this regard, it has been shown
that hyperspectral data have a strong potential to detect biophysical and biochemical
parameters [39,40]. In addition, various studies highlighted that other (multi-spectral) RS
methods (e.g., microwave, thermal infrared (TIR), hyperspectral) show great promises to
characterize vegetation stress [41,42]. However, the number of studies focusing on this is
limited, and only part of these investigations focused on agricultural RS applications [43,44],
while studies on the relationship between crop traits and spectral properties in relation to
under drought or salinity stress is even more limited. Therefore, an in-depth analysis of the
reflectance spectrum of crop traits under stress is required to better identify plant drought
and salinity stress by remote sensing.

The main objective of the study is to evaluate the current state and shortcomings in the
RS monitoring of crops under drought and/or salinity stress. Based on a comprehensive
analysis, we evaluate the potential of remote sensing to identify and assess agricultural
ecosystems under drought and salinity stress through vegetation indices and plant traits.

2. Methodology

To evaluate the current state of monitoring drought and salinity stress by RS, we ap-
plied a thorough systematic review of recent scientific publications. For this, we (a) collected
a large representative set of scientific publications, and (b) analyzed their results to identify
the response patterns in vegetation indices and in plant traits. For the analysis of plant
traits, we classified them according to underlying plant functions (relating to primary
production, hydrological processes, and osmosis). This allows us to coherently investigate
the potential of remote sensing for monitoring the salinity/drought impact on biological
pathways/processes.

2.1. Creating Representative Database though a Systematic Review

In order to facilitate the analysis of a representative set of recent publications, we
adopted an optimized systematic review approach [45]. Specifically, we focused on sci-
entific peer-reviewed papers published between 2005 and 2020 through Web of Science
(WOS) and Google Scholar (GS) (Figure 2). This approach first requires the definition of
a representative set of keywords. For our study, these keywords were “remote sensing”,
“drought”, “salinity”, “agriculture”, and “traits”, as well as their synonyms (such as RS,
food security, etc.). Afterwards, publications were selected from WOS and GS according to
the occurrence of combinations of these keywords in the title, abstract, author keywords,
and keywords plus, to create a first selection of publications, leading to 1184 selected
records. Then, this set of publications was screened to capture only papers that analyzed
(a) the impact of drought/salinity stress on VIs/traits of crops by remote sensing, and
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(b) included information on the spectral wavelength on which the analysis was based.
This resulted in 78 unique records. Next, through snowballing these records (to capture
papers that were missed in the first step), an additional 49 publications were obtained.
In total, 115 publications (Table S1) fitting these criteria were identified after removing
12 duplicates. More details on each step are provided in the supplementary information
(Figure S1). Maps of co-authors and co-occurrences based on the results of the systematic
review were created through VOSviewer (Figure S2).
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Figure 2. Flowchart of the systematic review.

2.2. Extraction of Drought/Salinity Stress Information

From the full set of publications on drought and salinity stress of agricultural crops,
we extracted the correlation strengths between vegetation indices/crop traits responding to
drought and salinity stress and spectral bands/wavelengths. Finally, 348 correlations were
found, among which 102 traits were wavelength correlations, 171 were VIs-wavelength
correlations, and 75 traits were VIs correlations. All 171 Vis-wavelength correlations that
we found focused on drought, and no reviewed study provided correlations for salinity
stress.

2.3. Classification of Plant Traits and Vegetation Indices

After the creation of our representative set of publications, we clustered the traits into
four groups to relate the impact of drought/salinity stress to biological processes. Specifi-
cally, we classified the traits together on the basis of their definitions and the functional
processes involved [46,47]. This provided us with four clusters, namely biomass traits,
photosynthesis traits, water traits, and osmosis traits. Afterwards, each cluster was further
divided into RS (directly measurable by RS) and In-RS (indirectly derived by RS) (Table 1).

In addition to individual plant functional traits, well-known RS vegetation indices
have been related to the responses to drought and/or salinity stress. For consistency, we
clustered the results of these studies on the basis of a functional classification, resulting
in xanthophyll indices, water content indices, carotenoid indices, and greenness indices
(Table 2).
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Table 1. Classification of plant traits included in this study.

Group RS
Methods Traits

Biomass traits
RS LMA LAI – – – – – –

In-RS FS SDW BDW BFW – – – –

Photosynthesis
traits

RS Chl Chla/Chlb – – – – – –

In-RS A Pn ∆F/Fm Chl ×
∆F/Fm – – – –

Water traits
RS LCT CWC RWC EWT CWM –

In-RS Gs LOP Ψp LWP Ψs E Tl −
Tair –

Osmosis traits
RS – – – – – – – –

In-RS Na+ Cl− K+ Ca2+ K+/Na+ TSS TA TSS/TA

Notes: leaf mass per unit area (LMA), leaf area index (LAI), fruit size (FS), shoot dry weight (SDW), biomass dry weight (BDW), biomass
fresh weight (BFW), stomatal conductance (Gs), net gas exchange (A), leaf total chlorophyll (Chl), quantum yield of photosystem II
efficiency (∆F/Fm), net photosynthesis rate (Pn), difference between leaf and air temperature (Tl − Tair), transpiration rate (E), leaf water
potential (LWP), stem water potential (Ψs), leaf osmotic potential (LOP), leaf canopy temperature (LCT), canopy water content (CWC),
relative water content (RWC), leaf equivalent water thickness (EWT), pressure potential (Ψp), canopy water mass (CWM), Na+ contents in
leaf (Na+), Cl− contents in leaf (Cl−), K+ contents in leaf (K+), Ca2+ contents in leaf (Ca2+), total soluble solids (TSS), titratable acidity (TA).
RS methods: directly derived by remote sensing (RS), indirectly derived by remote sensing (In-RS).

Table 2. Classification, explanation, and equations of different vegetation indices (VIs) included in this study.

VIs Meaning Equation Reference

Xanthophyll Indices
PRI570 Photochemical reflectance index (R531 − R570)/(R531 + R570) [48]
PRI515 Photochemical reflectance index (R531 − R515)/(R531 + R515) [49]
PRI586 Photochemical reflectance index (R531 − R586)/(R531 + R586) [50]
PRI600 Photochemical reflectance index (R531 − R602)/(R531 + R602) [49]
PRI670 Photochemical reflectance index (R531 − R668)/(R531 + R668) [49]

Water Content Indices
WI Water index R900/R970 [51]

CWSI Crop Water Stress Index CWSI = (Tleaf − Twet)/(Tdry − Twet) [52]
Carotenoid Indices

R520/R500 Carotenoid concentration [53]
R515/R570 Carotenoid concentration [53]

Greenness Indices

OSAVI Optimized Soil-Adjusted
Vegetation Index (R800 − R670)/(R800 + R670 + 0.16) [31]

TCARI The Transformed Chlorophyll
Absorption in Reflectance Index TCARI = 3 [(R700 − R670) − 0.2 (R700 − R550) (R700/R670)] [54]

TCARI/OSAVI Normalized by OSAVI to obtain TCARI/OSAVI = [3 [(R700 − R670) − 0.2 (R700 − R550)
(R700/R670)]]/[(1 + 0.16) (R800 − R670)/(R800 + R670 + 0.16)] [54]

CIgreen Green chlorophyll index (R750/R550) − 1 [55]
CIred edge Red edge chlorophyll index (R750/R710) − 1 [55]

SR Simple ratio R800/R670 [56]
Red edge

ratio index R700/R670 [57]

VOG1 The chlorophyll a + b index R740/R720 [58]
ZM The chlorophyll a + b index R750/R710 [59]

Notes: R means the reflectance of the band and T means temperature. While NDVI has been used frequently for drought monitoring at
a regional scale, we did not include it in this review. The reasoning for this is that NDVI is considered as a greenness index related to
chlorophyll instead of the water status of the vegetation. In support of this interpretation, NDVI has not been found to respond to rainfall
or major precipitation events during the crop growth period [60,61]. Therefore, NDVI was not included in the review.
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2.4. Analyses of Vegetation Responses

After all functional clusters were defined, we aggregated the results from the different
papers for each functional cluster (of VIs and plant traits) and proceeded to analyze their
correlations. We firstly analyzed the spectral signatures of VIs under drought and their
strengths. Afterwards, the distribution of spectral signatures of each functional traits
cluster was investigated in the range of 400–2800 nm. Finally, we analyzed the correlations
of different clusters of VIs and plant traits.

3. Results
3.1. Spectral Signatures of VIs under Drought Stress

We found a wide range of correlations for the four clusters of VIs (defined within the
spectral range of 500–1050 nm) under drought stress, as highlighted in Figure 3. Specifically,
xanthophyll indices showed their highest R2 at 531 nm (R2

max = 0.80) and 570–600 nm
(R2

max = 0.80), while greenness indices showed their highest R2 at 550 nm (R2
max = 0.70),

670 nm (R2
max = 0.76), 700–750 nm (R2

max = 0.78), and 800 nm (R2
max = 0.76), and water

indices showed their highest R2 at 900 nm (R2
max = 0.72) and 970 nm (R2

max = 0.72). For
carotenoid indices, no such region could be identified due to mostly low correlations (0.20
≤ R2 ≤ 0.49).
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While we could identify specific regions where individual VIs provided a maximum
sensitivity, we also found variation in this sensitivity. Although we identified studies
that highlighted the potential of specific VIs for drought monitoring, we also found other
studies reporting low R2 (R2 < 0.50) for the same VIs and wavelengths. Thus, there are
undeniable limitations to identifying vegetation health using VIs under drought stress.

3.2. Spectral Signatures of Plant Traits under Drought and Salinity Stress

The reviewed studies focusing on plant trait signals showed that these crop responses
were not constrained to specific wavelengths. Biomass, photosynthesis, water, and osmosis
clusters of traits were identified across the full spectral range. These clusters showed few
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spectral patterns, even for those traits clusters that were supposedly directly measurable
by RS (Figure 4). The only recognizable trends concern the osmosis traits cluster (with a
significant response to salinity stress), with a slight tendency to occur more frequently at
550–750 nm, and the biomass traits and water traits occurring at 1400–1850 nm. In as far as
the few observations for drought do allow, those patterns did not seem to deviate much
from those for salinity (Figure 4).
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Moreover, while plant traits are more directly related to plant functioning and thus
to stress, the correlations between the plant traits and the (drought and salinity) stress
were not necessarily stronger (Figure 5). Biomass traits showed to have high R2 value to
salinity stress at around 720 nm (R2

max = 0.74), 1300–1800 nm (R2
max = 0.88), and around

2500 nm (R2
max = 0.88). Photosynthesis traits had high R2 values at 710 nm (R2

max = 0.97),
800 nm (R2

max = 0.89), 1200 nm, and around 2500 nm (R2
max = 0.75). Interestingly, for

both biomass and photosynthesis traits, the indirectly derived plant traits had generally
higher R2 values than the directly measurable RS traits. For water traits, we found different
patterns from for biomass traits and photosynthesis traits, with high R2 widely distributed
between 500 and 2500 nm (R2

max = 0.78). While high R2 peaked in the 600–800 nm range,
they were also highly variable (0.02≤ R2 ≤ 0.78). In contrast, osmosis traits (only indirectly
retrievable) showed a very promising performance (all with R2 > 0.50) across the entire
region of 500–2300 nm. Thus, it seemed that osmosis traits were most directly related to
salinity stress responses.

For drought stress, the number of studies that presented the wavelengths they used
was too limited to draw clear conclusions. In general though, neither the range of R2 values
nor the wavelengths at which traits responded to drought stress deviated much from those
for salinity stress.
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3.3. The Relationship between VIs and Plant Traits

Vegetation indices have been shown to strongly correlate with individual plant traits
(e.g., LAI and Chl), but the linkage between VIs, spectral reflectance, and crop traits re-
mains inadequately understood. Thus, we analyzed the relationship between VIs and
plant traits, and the results are shown in Table 3. For biomass traits, LAI showed high
correlations with xanthophyll indices (R2

max = 0.66) and greenness indices (R2
max = 0.71)

(particularly for OSAVI). Photosynthesis traits were also highly correlated with xanthophyll
indices (R2

max = 0.68) and greenness indices (R2
max = 0.70). Especially, ∆F/Fm was highly

correlated with TCARI/OSAVI (R2
max = 0.70). Water traits showed a wide range of corre-

lations (0.02 ≤ R2 ≤ 0.80) with VIs. Therein, Tl − Tair was highly correlated with PRI570
(R2 = 0.74), PRI600 (R2 = 0.79), and TCARI/OSAVI (R2 = 0.80). CWC was highly correlated
to three VIs, including WI (R2 = 0.72), CIgreen (R2 = 0.78), and CIred edge (R2 = 0.73). EWT-
canopy was highly correlated to PRI586 (R2 = 0.75) and OSAVI (R2 = 0.76). LWP was highly
correlated to CWSI (R2 = 0.78) and Gs was highly correlated with CWSI (R2 = 0.77). Osmo-
sis traits were mainly high correlated with PRI570 (R2

max = 0.50). Thus, in general, the four
traits clusters were highly correlated with xanthophyll indices (0.50 ≤ R2

max ≤ 0.79), while
they showed lower correlations with carotenoid indices (0.20 ≤ R2 ≤ 0.49). Furthermore,
water traits were stronger correlated with water indices (0.42 ≤ R2 ≤ 0.78) than with the
other three traits groups (0.19 ≤ R2 ≤ 0.49). Greenness indices showed high correlations
with biomass traits (R2

max = 0.71), photosynthesis traits (R2
max = 0.70), and water traits

(R2
max = 0.80) but not with osmosis traits (R2

max = 0.35). However, despite these general
patterns, Table 3 also shows that variability in the relationships is high.
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Table 3. The relationship between traits and VIs under drought stress.

Vis
Biomass Traits Photosynthesis Traits Water Traits Osmosis Traits

LAI * FS Chl * ∆F/Fm Chl ×
∆F/Fm

Tl −
Tair CWC * RWC * EWT * EWTcanopy * LWP Gs TSS TA TSS/TA

Xanthophyll Indices
PRI570 0.66 0.11 – – 0.40 0.74 – 0.51 – – 0.37 0.59 0.17 0.50 0.50
PRI515 – – – – – – – – – – 0.38 0.59 – – –
PRI586 0.64 – – 0.51 0.34 – – – – 0.75 – – – – –
PRI600 0.40 – – 0.68 – 0.79 – 0.52 – – – – – – –
PRI670 – – – 0.34 0.36 – – – – – – – – – –

Carotenoid Indices
R520/R500 – – – – – – – – – – 0.48 0.49 – – –
R515/R670 – – – – – – – – – – 0.20 0.23 – – –

Water Content Indices
WI 0.49 – – 0.48 0.19 0.69 0.72 0.42 – 0.56 – – – – –

CWSI – – – – – – – – – – 0.78 0.77 – – –
Greenness Indices

OSAVI 0.71 – – 0.48 0.32 – – – – 0.76 – – – – –
TCARI – – 0.43 – – – – – – – 0.325 0.32 – – –

TCARI/OSAVI 0.34 0.32 0.66 0.70 0.51 0.80 – 0.41 0.55 – 0.28 0.23 0.24 0.35 0.28
CIgreen – – – – – – 0.78 – – – – – – – –

CIred edge 0.64 – – 0.42 – 0.54 0.73 0.34 – – – – – – –
SR – 0.18 – – – – – – – – – – 0.28 0.34 0.17

Red edge ratio index – – – – – – – – – – – 0.21 – – –
VOG1 – – – – – – – – – – 0.02 0.29 – – –

ZM – – – – – – – – – – 0.02 0.26 – – –

Note: bold numbers indicate that R2 > 0.50. * means the traits could be directly measured by RS.
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4. Discussion

In this study, we systematically evaluated the usefulness of current monitoring ap-
proaches (i.e., vegetation indices (VIs) and plant traits) for evaluating vegetation responses
to drought and salinity stress. Vegetation indices have been developed to monitor vegeta-
tion health condition since the 1980s [61], and a review of drought indices can be found
in [62]. In contrast, only over the past two decades, remote sensing techniques have ad-
vanced enough to retrieve plant traits, increasingly leading to remote sensing applications
to monitor plant traits to characterize both natural vegetation and crop functioning [63].
However, a systematic review on the extents to which these metrics can pick up drought
and salinity stress had so far been missing.

Our study reveals that most VIs reviewed are not accurate and consistent enough to
detect changes in crop temporal and spatial responses under stress. This finding coincides
with previous studies [36] that showed that simple VIs were hardly able to detect the impact
of drought on crops. A possible explanation for this is that most VIs do not directly reflect
the mechanism of crop responses to stress. While many VIs are related to (normalized)
features of e.g., greenness, carotenoid, or xanthophyll concentrations, it seems that these
features do not only vary because of the actual drought and salinity stress, but also under
the influence of various other local conditions. This may explain the wide range of R2

values in relation to drought or salinity stress. In order to comprehensively monitor stress,
we should therefore focus on exploring the spectral characteristics of crop tolerance and
stress response mechanisms to truly reflect the crop health condition under stress.

Plant traits might provide an approach to measure these stress mechanisms, given that
traits have proven to be indicators of plant and ecosystem functioning. While previous
studies showed that RS could potentially address plant traits, in particular traits related
to photosynthetic process, canopy structure, and leaf biochemistry [43,44], there are a
few plant traits studies that focus on drought and salinity stress. More specifically, the
number of drought and salinity studies evaluating plant traits is much lower than those
using VIs. Irrespective of this dichotomy, our systematic review shows that neither the
wavelengths at which traits are detected nor the strength of the relationship to drought
and salinity stress is consistent within or between traits of different crops. In fact, a wide
range of wavelengths used to detect plant traits was found [43], which suggests that most
relationships to spectral signatures are indirect at best. These indirect relationships, and
thus the potential for confounding factors, may provide a partial explanation for the large
variance we found in R2 values and the generally low explained variance. One of those
confounding factors concerns that crop (biomass and water) responses to salinity are to
some extent similar to those to drought. This confounding factor leads to confuse some
results and has hitherto not been accounted for in previous studies. Furthermore, the
relationship between traits and stress is further complicated by the fact the drought—and
salinity—tolerance mechanisms of crops are complicated and multivariate.

An exception to the low and varied R2 values is the osmotic traits as detected (indi-
rectly) by remote sensing. In all evaluated studies, osmotic traits were strongly related to
salinity stress. This phenomenon is linked to crop response mechanisms and is—in contrast
to biomass and water responses—unique to salinity stress. Salinity stress inflicts damage
to plants due to (a) the disruption of the ionic equilibrium, (b) an osmotic imbalance and
thereby (c) a decreased photosynthesis due to the toxicity of Na+. Likewise, evidence shows
that an increased expression of K+, Ca2+, Salt Overly Sensitive (SOS) pathways, and glycine
betaine are related to salinity stress tolerance [64–66]. Both drought and salinity stress
cause osmotic stress and decrease cytosolic as well as vacuolar volumes. In case of drought,
this osmotic stress is the result of a displacement of membrane proteins and disruptions in
cellular metabolism [64]. In addition, reactive oxygen species are produced, which have ad-
verse effects on cellular structures and metabolism [67]. Therefore, the responses of plants
to drought and salinity are identical at the early stage. Consequently, osmotic traits show
a high potential as a suitable indicator for drought and salinity stress RS monitoring. In
particular, promising results have been found for detecting ionic concentrations of sodium,
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potassium, and chloride [68,69]. Unfortunately, though, it seems that our understanding at
which wavelengths the osmotic traits are expressed is still limited.

As highlighted in the previous paragraph, plant functioning under stress is affected
by various pathways. From that perspective, instead of focusing on individual VIs or traits,
an alternative approach to monitoring drought and salinity stress is the consideration of
multiple trait responses simultaneously. Although stresses have been investigated using
many aspects, previous studies rarely utilized multiple variables to assess these pathways.
Radiative transfer models (RTMs) may be particularly useful to retrieve such multiple
variables from remote sensing observations. RTMs have been developed to study the
relationship between vegetation biochemical and biophysical properties, and hyperspectral
reflectance [70,71]. In the forward mode, RTMs simulate the vegetation spectrum based on
known spectral signatures of vegetation biochemical and biophysical properties. Likewise,
RTMs can retrieve vegetation properties from reflectance data in the inverse mode [72–74].
Indeed, RTM inversion has been successfully applied to monitor the changes in plant
traits and reflectance upon drought [70]. By monitoring multiple traits simultaneously,
through the inversion of RTMs, it will become possible to evaluate how multiple traits in
concert are affected by drought and/or salinity stress. This may also provide additional
insights in the plant strategies to deal with drought and/or salinity stress. Unfortunately,
though, the ill-posedness of the inversion problem commonly puts major constraints on
the generic applicability of RTMs for crop monitoring. Another major constraint, in the
context of this review, is that osmosis traits are difficult to measure directly by remote
sensing. Dissolved salts such as Na+, Cl−, K+ and Ca2+ are not directly tractable, although
NaCl has a clearly defined spectrum in the infrared spectrum. This strongly limits its
incorporation within RTMs, which indeed only focus on a limited number of vegetation
traits such as LAI, Chl, and CWC. More research will be needed to evaluate the prospects
of physical modeling of the radiative transfer under the influence of known stress response
mechanisms. Traditional multi- or high-spectral field sensors to investigate the impacts of
drought and salinity on crops in relation to in situ observed traits related to these stresses
will be the way forward here.

A final limitation to monitoring plant traits in response to drought and salinity stress
is the spatiotemporal and spectral resolution of current satellites. Low spatiotemporal
resolution and revisit periods are two main restrains for current satellite sensors applica-
tions in crop management [75], although this has strongly improved with the launch of
the Sentinels satellites. The spectral resolution is currently probably more limiting. The
inconsistency across multiple sensors of different satellites does not allow combining them
in one retrieval [36]. Hyperspectral missions, such as foreseen in EnMAP, may provide
such information. This may be particularly interesting if combined with Light Detection
and Ranging (LiDAR) information (e.g., from Global Ecosystem Dynamics Investigation
(GEDI)) or high-resolution information on temperature (e.g., the Ecosystem Spaceborne
Thermal Radiometer Experiment on Space Station (ECOSTRESS)). However, also, for a
fruitful incorporation of such information sources, it will be essential to first characterize
the spectral properties of traits directly related to the plant responses to drought and
salinity stress. This will reduce the impacts of confounding factors that currently seem to
dominate the patterns obtained, as seems apparent from Figures 3–5.

5. Conclusions

Based on a systematic review, we conclude that a significant number of challenges
remain before RS can be used to monitor drought and salinity stress on crop health. Specif-
ically, we found that VIs are insufficiently accurate to consistently estimate these effects.
For plant traits, we found some positive correlations for individual cases, confirming that
plant traits indeed reflect stress response mechanisms. However, these cases were too few
to accurately monitor the pathways for drought and salinity stress. Furthermore, we found
that both spectral wavelengths and the strength of the relationship to drought and salinity
stress varied strongly. Osmosis traits appear to be the exception to this and consequently
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have the potential to be used for monitoring the pathways along which drought and salinity
impact crops. However, osmosis traits cannot be directly measured by RS. In order to
fully capture the biophysical/biochemical pathways of drought/salinity stress on crop
health, future research should focus on (1) advancing our capability to simultaneously
monitor (through multi-sensor frameworks) the suite of crop traits that are connected to the
different pathways affected by drought and salinity, and (2) expanding our characterization
of the spectral properties of osmotic traits (through optimized RTMs).

Supplementary Materials: The following are available online at https://www.mdpi.com/2072-429
2/13/1/6/s1, Figure S1: The flowchart of the systematic review, Figure S2: Maps of co-authors and
co-occurrences from the results of the systematic review, Table S1: 115 publications identified from
the systematic review.
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