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A B S T R A C T

Flash droughts are concerning due to their rapid onset and intensification by heatwaves and 
rainfall deficit. This leads to rapid soil moisture depletion, causing crops to desiccate and die 
faster than in slow droughts, especially during critical crop growth stages, which affects the yield. 
The early detection of flash droughts is possible through the evaluation of the response of plant 
biophysical variables to these events. To assess that, this study analysed three crop biophysical 
variables and vegetation index derived from Sentinel-2 across distinct cereal-growing regions in 
Europe (ROI-1: Southern Spain; ROI-2: Northern Italy; ROI-3: Eastern Hungary) to evaluate their 
potential for detecting flash droughts. The Evaporative Stress Index (ESI) was used for detecting 
the drought onset, intensity, and duration, and the response of Normalized Difference Vegetation 
Index (NDVI), Leaf Area Index (LAI), Fraction of Absorbed Photosynthetically Active Radiation 
(fAPAR), and Canopy Water Content (CWC) were compared using spatio-temporal comparison 
and Pearson correlation for Wheat and Maize crops in Summer 2022 and Spring 2023 droughts. 
The findings revealed that CWC showed the earliest response to flash drought over irrigated areas 
of Spain and Italy compared to LAI and fAPAR. During drought, strong correlations between CWC 
and ESI (wheat and maize) (in ROI 1, r = 0.59 and ROI 2, r = 0.66) reflected a higher degree of 
conformity in capturing drought. However, the sensitivity of CWC to flash drought varied in the 
rainfed region, with weaker correlation observed in Eastern Hungary, where r = 0.4, ROI 3. These 
results show that there is potential in Sentinel 2-based CWC for early detection of flash droughts, 
particularly in irrigated systems. It can provide reliable and traceable information about crop 
stress at the onset of flash drought.

1. Introduction

Flash droughts are rapid-onset, short-term drought events characterized by a swift decline in soil moisture and precipitation 
deficits, typically developing over a few weeks. They often intensify heat and water stress on vegetation and crops much faster than 
traditional droughts. Flash droughts can occur as isolated events or as sudden intensifications of existing drought conditions and, if not 
alleviated by rainfall, have the potential to transition into longer-lasting drought episodes (Hari et al., 2020; Markonis et al., 2021). 
Their frequent occurrences have caused collective damage to the agriculture, energy, and water sectors, with approximately €9 billion 
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loss in Europe, in which agriculture bears the largest share, 50 % (Cammalleri et al., 2022; Naumann et al., 2021).
Since 2018, Europe has experienced persistent sub-seasonal-to-seasonal flash droughts, which are considered an unprecedented 

climatic phenomenon in the region over the past 250 years. These droughts are closely linked to Europe’s unique climatic and 
geographic conditions, including its temperate climate zones and complex land-sea interactions. They are not isolated events but rather 
symptomatic of a larger, evolving pattern driven by extreme temperature anomalies (+2.8 ◦C) and precipitation deficits. The seasonal 
rainfall patterns in Europe are influenced by the Atlantic Ocean and Mediterranean weather systems, which can create irregular and 
sometimes sharply reduced precipitation events, intensifying dry spells. European landscapes, dominated by a mix of agriculture, 
forests, and heterogeneous soils, affect moisture cycling. Dry soils and stressed vegetation reduce evapotranspiration by about 50 %, 
which can suppress local rainfall and exacerbate drought conditions (Hansel et al., 2022). The 2022 drought exemplified this trend, 
with persistent rainfall deficits combined with heat waves in May, June, and July, worsening soil moisture shortages, and causing 
further drought expansion. These conditions are strongly influenced by Europe’s regional climatic dynamics, such as rising temper
atures and altered atmospheric circulation patterns, amplified extreme weather events, making flash droughts more frequent and 
severe. It severely impacted crop health, particularly in key agricultural regions, including northern Italy, southern and central France, 
central Germany, eastern Hungary, Portugal, and Spain (Hari et al., 2020; Markonis et al., 2021; Hansel et al., 2022). The summer 2022 
and spring 2023 episodes were one of Europe’s deadliest droughts on record, resulting in a staggering potential revenue loss of €25–30 
billion for farming, affecting approximately half of the region, in which maize and wheat crops were notably affected. These agri
cultural losses were disproportionately concentrated in the Western Mediterranean and Carpathian-Balkan parts of Europe, pointing 
out that some areas in Europe are more susceptible to droughts than others (Pinke et al., 2024). With increased evaporation and 
decreased rainfall, there will be more frequent and severe droughts, particularly in the Mediterranean and Atlantic regions of Europe 
(Rakovec et al., 2022). This risk of occurrence is predicted to escalate in Europe (from 32 % to 53 %) under the most extreme emissions 
scenario between 2015 and 2100 (Christian et al., 2023). Effective monitoring of these events is crucial to enable timely mitigation 
strategies and reduce substantial agricultural and economic losses.

Early forecasting of flash droughts is critical but remains difficult due to the rapid development of these events and the complex 
interplay of climatic, vegetation, and hydrological factors that govern their onset and progression. Traditional drought indices such as 
the Palmer Drought Severity Index (PDSI- Palmer, 1965), Standardized Precipitation Evapotranspiration Index (SPEI – Vicente Serrano 
et al., 2010), and Standardized Precipitation Index (SPI- Guttman, 1998; Zargar et al. 2011), are not sufficient alone, though they 
provide insight into moisture deficits leading to drought onset; but they treat plants as static entities and do not accurately represent 
soil moisture available for plant growth (Yihdego et al., 2019; Chang et al., 2023). Based on available soil moisture, vegetation re
sponds rapidly to soil moisture decline along its cycle, initiates metabolic and morphological defense mechanisms, and reduces 
photosynthetic activity when drought occurs. These immediate physiological responses make vegetation-based remote sensing (RS) 
indicators special for early flash drought detection. Because of that, 90 % of studies on flash droughts rely on high-resolution RS-based 
indicators, while only 10 % use traditional indices for monitoring hydrological and meteorological droughts (Alahacoon and Edir
isinghe, 2022).

On the other hand, conventional vegetation indices such as NDVI and vegetation condition index (VCI) have limitations in 
detecting flash droughts. While they effectively monitor regular, slow-developing droughts by tracking vegetation and moisture 
changes over time and show strong negative correlations between LST and VCI (r = − 0.71) and NDVI (r − 0.73) reflect how negatively 
higher temperatures affect the health of the vegetation, which in turn increases the sensitivity to drought (Burka et al., 2024). NDVI 
often struggles to detect quick reductions in plant activity, especially when structural vegetation changes are subtle or absent, and it 
frequently saturates the signal in dense canopies where Leaf Area Index (LAI) is typically high, limiting its sensitivity to early phys
iological stress (Gao et al., 2023). VCI, derived from NDVI anomalies, reflects vegetation stress over time but similarly lags in iden
tifying fast-onset moisture deficits. In comparison, the weekly Standardized Vegetation Index (SVI) better captures these rapid changes 
(Dutta et al., 2015). Similarly, Vegetation Health Index (VHI), which combines VCI and TCI, detects rapid stress but often misses 
crop-specific water needs, response varies by vegetation type, and is less effective in irrigated areas where watering masks drought 
signals, and TCI generally contributes more than VCI in most regions (Zeng et al., 2022). Moreover, RS indices can be confounded by 
factors such as crop rotation and vegetation loss, necessitating robust field validation for accurate drought assessment.

Some indices, like the Temperature Vegetation Dryness Index (TVDI) and the Scaled Drought Condition Index (SDCI), improve flash 
drought monitoring by integrating temperature, vegetation, and precipitation data, but their effectiveness varies regionally. For 
instance, TVDI underperforms in humid regions and often requires dry-edge calibration in arid zones (Du et al., 2017). Meanwhile, 
SDCI accounts for various climatic conditions, i.e., humid, arid, and semi-arid areas; but model-based indices such as Crop Water Stress 
Index (CWSI), ESI, and TVDI generally respond better to sudden moisture deficits (Ma et al., 2021; Javed et al., 2021). Among these, 
the Evaporative Stress Index (ESI) (Anderson et al., 2013, 2016) and Standardized Evaporative Stress Ratio (SESR) (Christian et al., 
2019) are widely used for agricultural drought assessment due to their ability to track rapid moisture fluctuations effectively. Com
plementary remote sensing indicators such as soil moisture, vegetation biomass, chlorophyll index, canopy or soil temperature, and 
surface water storage derived from thermal, optical, and microwave sensors further support vegetation stress monitoring (Wei et al., 
2021; Liu et al., 2023; Vicente Serrano et al., 2023).

Biophysical indicators offer enhanced capability for early-stage flash drought detection by capturing subtle physiological changes 
that precede visible stress. For example, the Fraction of Absorbed Photosynthetically Active Radiation (fAPAR) serves as a proxy for 
photosynthetic activity; its reductions are closely linked to water stress and have been effective in discriminating low-yield years in 
Mediterranean Europe (Cammalleri et al., 2022). Solar-Induced Fluorescence (SIF), reflecting photosynthetic efficiency, can predict 
flash drought onset 2–8 weeks in advance via its rapid change index (RCI) (Mohammadi et al., 2022). Leaf Area Index (LAI) monitors 
structural biomass changes, although its sensitivity to seasonal dynamics and retrieval challenges limits routine uses in flash drought 
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monitoring (Hassanpour et al., 2024). Canopy Water Content (CWC), estimated from water-sensitive spectral bands (e.g., 970 nm, 
1200 nm, 1450 nm, 1600 nm, 1940 nm, and 2500 nm), captures changes in plant water status and is useful when visible stress signs, 
such as browning or defoliation, are absent (Chai et al., 2020). It reflects the combined impact of atmospheric dryness, soil moisture, 
and plant drought tolerance (Zhang and Zhou, 2019). Alongside LAI and fAPAR, CWC captures cropland dynamics sensitive to 
agricultural practices, with strong alignment to field-scale observations (Hassanpour et al., 2024). However, CWC’s application in flash 
drought contexts remains underexplored, requiring further testing and validation across case studies (Zhou et al., 2021). Among these 
indicators, only SIF is directly measured by satellites, while others are typically derived from optical data using statistical modeling, 
physical inversion techniques, or hybrid approaches that need ground validation and verification from other potential sources 
(Verrelst et al., 2015) which is important for their operational use for different regions and drought conditions.

Our study evaluated the predictive capacity of biophysical indicators (LAI, fAPAR, and CWC) derived from Sentinel-2 data to 
determine which indicator provides earlier drought signals compared to traditional indices such as the Evaporative Stress Index (ESI) 
and Normalized Difference Vegetation Index (NDVI). To capture the complex dynamics of flash droughts, we selected drought episodes 
varying in intensity, timing, and location, identified through ESI time series, to anchor our analysis on well-defined cases. We focused 
on testing the generalizability of the SL-2P algorithm for estimating biophysical traits across three cereal-dominated European regions: 
Southern Spain, Northern Italy, and Eastern Hungary. We selected wheat and maize-growing areas as major to strengthen the 
robustness of our approach for these key cereal crops. With that, we examined crop responses to drought stress across different 
phenological stages and assessed how early these responses can be detected remotely. Special attention was given to the spring 2023 
and summer 2022 flash drought events, which coincided with critical developmental phases for spring wheat and summer maize. By 
mapping flash droughts through these biophysical indicators, we aim to enhance remote sensing-based decision support systems that 
facilitate real-time, targeted agricultural management. Our findings contribute to the development of proactive drought monitoring 
frameworks to mitigate flash drought impacts and protect crop yields.

2. Data and approach

Two flash drought episodes that differ in intensity, timing, duration, and geographic distribution are selected on the basis of ESI 
time series from 2018 to 2023 over three locations in Europe, shown with blue boxes in Fig. 1.

2.1. Study regions and drought cases

The total area of each ROI covered 25000 pixels, with each pixel measuring 20 m by 20 m, which gives a total of 10,000 km2 per 
study site. The selection criteria are based on their frequent exposure to flash drought and agricultural context (Fig. 1).

ROI 1 lies in the Andalusia region of Southern Spain, which has a Mediterranean climate with hot, dry summers. The region 
experienced three consecutive years (2021–2023) of drought, with below-average rainfall (35 %) and extreme temperatures (up to 
40 ◦C). Agriculture in Andalusia is heavily reliant on irrigation, where wheat, barley, and rice are largely grown. The groundwater 

Fig. 1. The locations of three ROIs: Southern Spain (ROI 1), Northern Italy (ROI 2), and Eastern Hungary (ROI 3) overlaid on the ESA World Crop 
Map 2018 (d’Andrimont et al., 2021) with land use and land cover classes (wheat in brown and maize in yellow). To the right, zoomed RGB views 
from Sentinel-2 display agricultural fields within each ROI during the drought episodes of Spring 2023 and Summer 2022.
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shortage in the Guadalete-Barbate River basin was a significant issue during this period, affecting their yields and putting pressure on 
the availability of water for irrigation (Martínez-Dalmau et al., 2023). Drought conditions have placed considerable strain on both the 
agriculture and the Guadalete-Barbate River flow.

ROI 2 is in the Po River Valley in Italy, which has a continental climate. It is one of Italy’s most important agricultural areas in terms 
of maize production, mostly irrigated. They were heavily affected in 2022 by one of the worst droughts in over two centuries, when the 
Po River reached a historic low in the Summer of 2022. The event was worsened by altered precipitation patterns and increased 
agricultural water demands. The region’s increased dependence on irrigation makes it particularly vulnerable to low water levels in 
the river (Monteleone and Borzí, 2024).

ROI 3 is in the Hungarian part of the Pannonian Basin, having a temperate climate with significant variability in summer rainfall. 
This region depends on rain-fed maize and barley and has experienced significant crop failures in past droughts due to variable and 
unpredictable rainfall, particularly during the summer months. Summer rainfall has considerable inter-annual variability, in July 
ranging from nearly 0 to 150 mm, and crop production is often susceptible to water shortages. Several severe droughts have been 
observed in the last two decades, i.e., 2003, 2007, 2012, 2015, 2017, and 2018, mostly exacerbated by low summer rainfall. This 
region is expected to continue facing significant droughts due to increasing climate unpredictability (Mohammadi et al., 2022; 
Mohammed et al., 2020).

2.2. Evaporative Stress Index (ESI)

For drought identification, we used the ready-to-use ESI product (available at https://gis1.servirglobal.net/data/esi/) that provides 
standardized global ESI change anomalies at 4- and 12-week scales. It expresses a weekly varying standardized anomaly (-2σ to 2σ) in 
fRET relative to long-term baseline conditions, highlighting areas with higher or lower-than-normal fRET during a week. Anomalies in 
actual ET and fRET, which is the ratio of actual ET (ETa) to reference ET (ETref) under clear-sky conditions, detect unusual changes in 
the ET process. fRET is calculated as follows. 

fRET=
ETa

ETref
(2) 

Fig. 2. The averaged ESI map from March to September for the years 2018 [] and 2022[b], highlighting the drought severity across the ROIs in 
2022 compared to 2018.
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Where: ETa is retrieved using ALEXI. ETref is Penman-Monteith FAO +56 (PM56) reference ET for grass (Allen et al., 1998). 
Normalization by ETref minimizes the influence of factors unrelated to soil moisture limitations, i.e., solar radiation and atmospheric 
demand.

ESI was chosen for its ability to capture agricultural drought at a 4 km resolution. It’s a weekly product, based on temporal 
anomalies in fRET, and captures areas with anomalously high or low water use across the land surface. Unlike other drought indices, i. 
e., the Vegetation Health Index (VHI) or the Soil Moisture Anomaly Index (SAI), ESI effectively detects drought-affected areas by 
tracking ET variations driven by soil moisture limitations and can capture early signs of flash droughts from prolonged hot, dry, and 
windy conditions (Anderson et al., 2016; Shahzaman et al., 2021).

2.3. Selection of drought and non-drought cases

Fig. 2 displays the March to September averaged ESI for 2018 and 2022, captured areas where drought was severe. Notably, ESI in 
2018 was above zero in scale over ROI 1 and ROI 2, indicating a normal year compared to ROI 3 (Fig. 2a), while year, 2022 was drier 
for all ROIs; intense drought conditions can be seen over ROI 2 and ROI 3 (Fig. 2b).

Table 1 
Displays the crop type for each ROI, crop-specific growing season, and selected years for comparative analysis.

ROIs Crop Growing Season Drought Year Non-Drought Year

ROI 1 Winter Wheat 1 Nov – 31 Aug 2023 2018
ROI 2 Spring Maize 1 Apr – 30 Nov 2022 2018
ROI 3 Spring Maize 1 Apr − 30 Nov 2022 2023

Fig. 3. Schematic view of analysis performed for comparison of SL2P-derived variables with ESI.
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Further drought intensity was assessed from the ESI time series to check drought duration for the ROIs from 2018 to 2023, 
following the growing season window of the wheat and maize crop calendar for spring season. The drought and non-drought periods 
were defined for each ROI using a threshold technique. ESI thresholds of -2σ and -1σ were applied on time series to distinguish between 
mild water stress and severe drought across the study areas as strong negative values exceeding − 1σ indicates dry conditions (Nguyen 
et al., 2019). Thresholding based on time series revealed spring 2023 as drought case for ROI 1 and summer 2022 as drought case for 
ROI 2 and 3. Similarly, threshold line above 1σ defined 2018 as non-drought year for ROI 1 and ROI 2 and year 2023 for ROI 3 when 

Fig. 4. Displays the ESI time series for six years (2018–2023) over ROI 1 in Southern Spain, (a) ROI 2 in Northern Italy, (b) ROI 3 in Eastern 
Hungary (c), with the extreme drought episode highlighted with the black box and non-drought year as blue. G refers to the mid-season of the crops. 
Drought onset is identified when the ESI line crosses the -1σ threshold. The blue outline represents the non-drought year.

Table 2 
Describes the crop type of each ROI, selected years for comparison, onsets of droughts, and average ESI for the mid-season period of the crop during 
drought and normal years.

ROIs Crop Type Drought & Non- 
Drought Year

Mid- 
Season

Onset (ESI 
= − 0.5)

Duration 
(Days)

Avg. ESI in Mid-Season 
of drought year

Avg. ESI in Mid-Season of 
non-Drought year

ROI 1: Southern 
Spain

Winter 
Wheat

(2023, 2018) Jan–May Feb 2, 2023 >30 − 1.1 1.2

ROI 2: Northern 
Italy

Spring 
Maize

(2022,2018) May–Aug July 9, 2022 >30 − 0.9 0.75

ROI 3: Eastern 
Hungary

Spring 
Maize

(2022,2023) Jun–Aug July 9, 2022 >30 − 1.7 0.8
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ESI was above 1σ during summer, Table 1.
The initial screening of the ESI helped in identifying the onset, development, and persistence of flash droughts, which were then 

compared with the time series of biophysical variables and NDVI. Before delineating the time series for the selected drought cases, it 
was spatially verified that 100 % of the pixels within the ROI fell below the -2σ ESI threshold by the end of the crop growing season. The 
temporal window for the growing season was taken from the GIMMS-Global Agricultural Monitoring archive; details are in 
Appendix 1.

The time series of the ESI and biophysical variables were cross-compared to assess the ability of biophysical variables in providing 
an early indication of drought while capturing crop dynamics throughout the growth cycle from planting to harvest for both drought 
and non-drought years.

2.4. Generating data on crop biophysical variables

The primary dataset for generating biophysical variables was COPERNICUS/S2_SR_HARMONIZED, which provides atmospheri
cally corrected harmonized surface reflectance data for Sentinel-2 imagery. For NDVI calculation, the Sentinel 2 archive was filtered to 
select images within the defined ROIs and temporal range. Images with more than 20 % cloud cover were excluded, ensuring that the 
analysis used only high-quality data. Further, the SCL (Scene Classification Layer) band from Sentinel-2 was used to identify and mask 
out cloud pixels. The median composite of all cloud-free S-2 images was computed for the selected period. The 8-day composite 
provided a more stable representation of crops’ biophysical variables while reducing the data gaps caused by satellite revisit times and 
cloud contamination.

To derive canopy biophysical variables fAPAR, LAI, and CWC from Sentinel 2, we used a Sentinel 2 Level 2 Product Prototype 
Processor (SL2P)- LEAF toolbox v. 1 embedded in the Google Earth Engine (GEE). The data were processed according to the period 

Fig. 5. 8-Day averaged Timeseries of CWC [a], LAI [b], fAPAR [c], and NDVI [d] along with standard deviation for the wheat growing season in 
both drought (in grey) and non-drought (in blue) years. The red line marks the onset of the flash drought detected in the ESI time series (February 2, 
2023), and the green shaded area is the middle phase of wheat development, specifically the vegetative and reproductive stage (January–May).
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specified in Table 1. To ensure high-quality data, cloud-contaminated pixels were excluded using the LEAF Toolbox function called 
S2MaskClear. We then generated 8-day composites at a 20 m spatial resolution for each ROI, which represent the median of valid pixels 
and second mask, reprojectMaskAndExclude, was applied to remove low-quality pixels, with values below 0 excluded based on quality 
control (QC) flags to ensure reliable estimates of fAPAR, LAI, and CWC. The final product was further masked to isolate wheat and 
maize crop pixels, using the cereal mask from the ESA World Crop Map 2018 (d’Andrimont et al., 2021), and time series were 
delineated for analysis.

The theoretical foundation of the LEAF Toolbox Sentinel-2 Level 2 Processor (SL2P) is based on a backpropagation artificial neural 
network (ANN) trained on a globally representative dataset, which is simulated over the PROSAILH model. The PROSAILH model 
combines the SAIL (canopy bidirectional reflectance model) and PROSPECT (leaf reflectance and transmittance model) to simulate 
canopy reflectance across the spectral domain (Jacquemoud and Baret, 1990; Verhoef, 1984). It accounts for leaf optical properties, 
canopy structure, background reflectance, and illumination geometry (e.g., solar/view zenith and azimuth angles). The “H” in 
PROSAILH denotes its hybrid nature, allowing for more flexibility in simulating heterogeneous vegetation or complex canopy 
structures. SL2P uses two neural networks: The first predicts biophysical variables from input reflectance and acquisition geometry, 
while the second refines the predictions by modeling residuals. If the predicted values fall outside the valid range, they are either 
adjusted or flagged as invalid. The network is trained using both observed Sentinel-2 reflectance data and simulated reflectance spectra 
from PROSAILH, considering factors such as soil background, atmospheric conditions, and seasonal changes. Further details on the 
theoretical background and algorithm validation are in Fernandes et al. (2023) and Djamai et al. (2019).

2.5. Early detection potential assessed via time series & Pearson correlation

After masking non-wheat and non-maize pixels from 8-day composites, time series were generated and compared using the schema 
shown in Fig. 3. Temporal patterns were further filtered for crop pixels under extreme drought conditions, where the ESI was 
consistently below -2σ, to reconfirm the delineated patterns between biophysical variables (i.e., CWC, LAI, and fAPAR) and ESI across 
different levels of drought severity. This approach helps verify the potential ability of SL2P-based biophysical estimates to respond to 
flash droughts. The results for the -2σ threshold are in Appendix 2.

A simple Pearson correlation was calculated between the ESI and the time series of biophysical variables to measure the strength 
and direction of the linear relationship between them during both drought and non-drought years, following the equation. 

Fig. 6. Monthly CWC [a], and ESI [b] maps depicting the gradual increase of drought intensity by time. The grey areas on the CWC map indicate 
missing data from Sentinel-2 images due to cloud cover.
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r=

∑n

i=1
(xi − x)(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(xi − x)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n
i=1(yi − y)2

√ (3) 

Where:
n is the number of data points, xi and yi are the individual data points, x and y are the means of x and y.

3. Results

3.1. ESI time series from 2018 to 2023: identifying and characterizing flash drought events across ROIs

ESI time series at a 4-week scale encompassing six growing seasons of wheat designated as rectangles in ROI 1, and Maize in ROI 2 
and 3. They were used to identify drought and non-drought years over the three ROIs from 2018 to 2023. Thresholds of -1σ and -2σ are 
used to determine the onset, duration, and intensity of drought events. The long-term ESI time series effectively distinguished between 
single and evolving events. In ROI 2, the ESI threshold of − 1.5σ dropped in a single year, 2022, in Italy, while in other ROIs, the ESI 
threshold dropped below − 1.5σ for consecutive years and became progressively more severe (Fig. 4). The temporal pattern and 
severity of these droughts were a bit different in all ROIs, depicting their climatic and geographical influences for each episode.

ROI 1- Southern Spain: The ESI time series in Fig. 4a from November 2017 to December 2023 showed a clear downward trend 
from 2018 onwards, culminating in the most severe and prolonged drought in Spring 2023. During this period, ESI dropped to -2σ and 
remained below this threshold for over six months (Feb–Aug 2023), coinciding with the wheat growing season. ESI began to decline in 

Fig. 7. 8-day averaged timeseries of CWC [a], LAI [b], fAPAR [c], and NDVI [d] along with standard deviation for the maize growing season in both 
drought and non-drought years of ROI 2 and ROI 3. The red line marks the onset of the flash drought detected in the ESI time series (July 9, 2022), 
and the green shaded area is the middle phase of maize development, covering the vegetative to grain-filling stage (May–August).
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early February 2023 (in black), when wheat was in the emergence stage, and reached critical drought levels in May 2023, which 
corresponded with the peak growing period for wheat. On the other side, 2018 was a wet year throughout the growing season. ESI was 
within the 0 – 2σ range, indicating sufficient water availability to crops in the spring and summer months.

In 2019, ESI fluctuated between 0 and -1σ, depicting mild stress during the spring months, while summer 2021 observed moderate 
water stress with ESI near -1σ during summer. Despite a relatively less severe summer in 2022, notable water stress was observed in the 
winter of 2022, continuing into the next year (Fig. 4a). The ESI anomaly showed a gradual increase of drought risk in Andalusia due to 
the combined effect of rising temperatures, reduced rainfall, and higher ET, consistent with broader Mediterranean climatic trends 
(Hansel et al., 2022). The increasing frequency of droughts, as highlighted by the ESI trends, explained the vulnerability of the 
Andalusia region to extreme droughts.

ROI 2-Northern Italy: The severe drought of summer 2022 is obvious from the ESI time-series in Fig. 4b; it was the most intense 

Fig. 8. Correlation between the mean values of CWC [a], LAI [b], fAPAR [c], and NDVI [d] with ESI in the crop growing season for both drought 
and non-drought years of all ROIs.
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flash event in the last four years, gradually reaching the − 2σ threshold in August, coinciding with the maize grain filling stage. The 
2022 drought can be a flash drought, as it developed rapidly and reached critical scale − 2σ in a month. Other less intense short-term 
droughts were also observed in 2019, 2020, and 2022, while 2018 and 2023 were relatively hydrologically stable years, so 2018 was 
selected as a non-drought year for comparison with the drought year 2022.

ROI 3- Eastern Hungary (ROI 3): As obvious from the time series in Fig. 4c, the drought began in July 2022, coinciding with the 
maize crop’s critical growth period, and persisted until October 2022. The ESI threshold was persistently lower than -3σ in the entire 
months of August and September, highlighting severity higher than in Italy and Spain. For the ROI 3 comparison, the year 2023 was 
selected as the year of non-drought, and 2022 was selected as the year of extreme drought.

For ROIs 2 and 3, drought occurred in the same month. The ESI rapidly declined from 0.5 to -2σ in ROI 2 and from 0.5 to -3σ in ROI 
3, signaling the rapid onset in July and development in August. In ROI 3, the drought conditions started to recover in November, with 
ESI increasing over time. However, in ROI 2, ESI remained below -1σ throughout the timeframe, indicating that drought persisted 
longer than ROI 3.

Table 2 shows the onset of each drought for ROIs, onset defined by a threshold of − 0.5σ. The crop-specific mid-season time window 
and drought onset date were used to compare biophysical variables response with ESI. The average ESI indicates that the drought in 
ROI 3 was the most intense, with an average ESI of − 1.7σ. This is further evident from the ESI time series for ROI 3 (Fig. 4c), which 
shows ESI values below -3σ during the month of August, the most severe case. All chosen drought cases have a duration above 1 month 
at a -1σ severity scale.

3.2. Comparison of biophysical variable in detecting drought onset in RO I 1

Fig. 5 presents CWC, LAI, fAPAR, and NDVI time series covering the winter wheat phenology for 2023 (drought) and 2018 (non- 
drought) year, from 1st November to 31st August of the following year. This timeframe covers both the sowing and harvesting periods.

All biophysical variables and NDVI displayed a typical phenology curve in the non-drought year of 2018. Defining the phenology, 
in a normal year, the wheat crop begins to establish in February and enters the vegetative growth stage by March. The crop reaches its 
full development stage in May 2018 after senescence. This pattern is indicated by canopy biophysical variables and NDVI, showing 
normal crop growth and healthy photosynthetic activity under adequate moisture conditions in which LAI reaches 3, fAPAR up to 0.7, 
NDVI 0.8, and CWC 0.1 in March and April, when the crop is in its late vegetative and reproductive phase.

During the drought year (2023), significant change was observed in the phenology curve with a decline in the magnitude of LAI, 
fAPAR, and CWC, indicating that crops struggled to establish after the drought onset. Among the three biophysical variables and NDVI, 
CWC showed the earliest decline (Feb. 2, 2023) during the wheat establishment phase, and this decline continued throughout the crop 
season in parallel to ESI (Fig. 5a). Similarly, both LAI and fAPAR remained at lower levels, with fAPAR around 0.2 and LAI in the range 
of 1 during the mid-growing season (Fig. 5b and c). In a non-drought year, LAI peaked at around 3, NDVI peaked at 0.8 and fAPAR at 
0.7, but in the drought year, they were reduced to 1, 0.3 and 0.2, indicating poor crop health. It showed that crop health was 
significantly affected, with noticeable changes in crop structure and photosynthetic efficiency. Their steady declining response signals 
deteriorating crop performance until the harvest stage in May.

However, there is a clear indication of CWC declining in February 2023, which reflected a soil moisture deficit at the sowing and 
emergence stage, when seeds needed sufficient water to germinate. The CWC decline aligned well with the ESI’s indication of flash 
drought onset in February with one-week lagged response (Fig. 4a) during the early spring period of 2023. The sharp decline in CWC at 
first and throughout the growing season indicated the strong response signal. Compared to CWC, NDVI, LAI and fAPAR were steady 
and less indicative of capturing the onset of drought (Fig. 5 b, c, d).

We further verified this pattern by screening pixels where ESI reached -2σ and -3σ to test only for drought-prone areas. Biophysical 
time series for each variable were then delineated for both drought and non-drought years, following a similar approach (Fig. 3). This 
supplementary analysis confirmed the similar phenology pattern: the maximum average LAI during the drought year did not exceed 1, 
indicating that crops in these areas failed to develop. The fAPAR was also lower due to the drought. CWC exhibited a similar trend, 
declining from February 2023, indicating insufficient water availability for crops. These graphs for the -2σ thresholds are provided in 
the Fig. 9, Appendix 2.

Besides timeseries, monthly averaged maps of CWC and ESI during drought also showed spatial dynamics of CWC aligned with ESI 
(Fig. 6b). Declining CWC values from 1.5 to 0 kg/m2, as shown in Fig. 6a, reflected the physiological stress experienced by crops during 
drought onset and stalled development. These maps demonstrated how CWC and ESI reflected the same drought occurrence pattern in 
Andalusia in 2023. Fields that initially had values in the range of 1–1.5 kg/m2, indicating adequate water, transitioned to red as CWC 
diminished, reflecting visible signs of canopy water loss. This transition signalled the strong impact of drought, from its onset to 
gradually increasing severity. When using the ESI for crops at a 4 km resolution, it’s difficult to interpret stress at the field level. In 

Table 3 
Correlation between ESI and vegetation indicators during drought and non-drought year.

Drought Non-drought

ROIs CWC LAI fAPAR NDVI ROIs CWC LAI fAPAR NDVI

ROI1 0.59 0.50 0.49 0.75 ROI1 0.01 0.07 0.07 − 0.06
ROI2 0.66 0.50 0.49 0.72 ROI2 0.21 0.30 0.31 0.36
ROI3 0.40 0.23 0.24 0.05 ROI3 0.75 0.89 0.91 0.82
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contrast, the SL2P-derived CWC at 20 m resolution can show a field scale view, which is useful for assessing fields individually. This 
approach can be useful for diverse and fragmented landscapes.

3.3. Comparison of biophysical variable in detecting drought onset in ROI 2 and 3

Fig. 7 presents CWC, LAI, fAPAR, and NDVI time series covering the maize phenology for 2022 (drought) and 2018 (non-drought) 
year for ROI 2 and 2023 (non-drought) year for ROI 3, from 1st April to 30th November. This timeframe covers both the sowing and 
harvesting periods of Maize.

In ROI 2 and 3, the sowing of spring maize typically takes place in March, with seed germination occurring in warmer temperatures. 
From April to June, adequate moisture is required to support its key vegetative stages, including leaf development, stem elongation, 
and root expansion. This is critical as maize is highly sensitive to water stress during these stages. The vegetative phase culminates in 
the tasselling stage, from which reproductive development begins. During the flowering, pollination, and grain-filling stages from May 
to July, the water demand of maize is especially high, as these stages are crucial for yield formation. Water is essential for successful 
pollination and kernel development. Maize reaches full maturity by late July to early August; at this stage, water requirements 
decrease as the crop transitions into physiological maturity, with kernels hardening and the crop drying in preparation for harvest in 
September onwards. Therefore, water availability is crucial from April to July as drought stress during this period can negatively affect 
final yield and kernel quality.

The phenological development of maize in ROI 2 (North Italy) in 2018 and ROI 3 (Southern Hungary) in 2023 was captured 
through time series data of CWC, LAI, fAPAR, and NDVI. These time series in Fig. 7 reveal the variations in growth patterns between the 
regions. For ROI 2, the peak of vegetative health indicators, such as CWC, LAI, fAPAR, and NDVI, can be seen around June, compared 
to ROI 3, where the peak of the indicators is in July. This one-month difference reflects the different seasonal lengths and growth 
patterns of the maize between the two regions. The rainfed maize is sown in April and reaches peak maturity by August. So, July is a 
critical month for both irrigated and rainfed maize.

In Fig. 7a and d, NDVI and CWC of rainfed maize in ROI 3 are lower than irrigated maize in ROI 2, primarily due to drier conditions 
in ROI 3, which leads to reduced chlorophyll content, a lower LAI, a reduced fAPAR, and, consequently, lower photosynthetic po
tential. While water availability plays a significant role in these differences, other factors, such as soil type, temperature, and nutrient 
availability, also contribute to the variation in vegetation health indicators between rainfed and irrigated maize. Overall, ROI 3 
(Southern Hungary) has a shorter seasonal length for maize compared to ROI 2 (North Italy), and it experiences water-limited con
ditions in summer, leading to lower vegetation health and indicating its lower yield potential. The time series of non-drought years 
(2018 and 2023) showed irrigated maize has better leaf area and active photosynthesis in the June to August peak growing time, 
reflecting ample water availability.

Drought on-set in July 2022 during the reproductive and grain-filling stage significantly impacted the crop with high water de
mand, as seen in the biophysical variables and NDVI time series (Fig. 7). Both LAI and fAPAR steadily declined in June and July (Fig. 7b 
and c). It is already known that the mid-season drought occurring during key development stages can affect crop health, especially 
drought during flowering and grain-filling stages, which can severely reduce yield (Vicente-Serrano et al., 2013)

A sharp drop in CWC was recorded in early July in ROI 3, coinciding with drought onset, which caused the average LAI to fall below 
2. The significant drop in CWC and fAPAR, alongside the declining trends in LAI and NDVI in both ROIs, showed that the drought 
affected the crop during its maturity phase. As drought conditions worsened in August (Fig. 4b,c), biophysical variables showed 
significant declines and erratic responses, indicating that maize development was adversely affected by the drought. The diminishing 
canopy structure in ROI 2 reflected by LAI declined from 2, photosynthetic activity also reduced from 0.6 to 0.4 and NDVI below 0.6. 
The change in their average magnitude confirmed that crops could not grow well in July. As drought onset was in the middle of the 
grain-filling stage, maize was short of adequate water for its proper growth.

Our results showed that the CWC decline was consistent with ESI, from the first week of July and continuing to decline throughout 
August, indicating its high sensitivity to drought stress (Fig. 7a). For example, ESI in ROI 3 began to decline on 9 July from − 0.5 to -2σ 
on 16 July (Fig. 4c). CWC reduced from 0.04 on 14 Jul to 0.02 until August, LAI also declined from 1.4 to 0.7 and fAPAR from 0.4 to 0.2 
from mid-July to August. These declines reflect maize’s inability to maintain healthy growth under extreme drought conditions, 
particularly during its critical maturity phase in July and August.

Spatial averages of CWC, LAI, fAPAR, and NDVI all showed significant reductions under drought conditions, further highlighting 
the negative impact of drought on productivity. Our findings align with those of Lawal et al. (2022), who observed LAI decline in 
response to drought characterized by SPEI in central and southeastern Southern Africa. Our results revealed that drought response for 
Italy and Hungary was consistent for key biophysical variables, with changes occurring promptly after drought onset. The response of 
these variables was further validated by analysing crop pixels steadily exposed to extreme (ESI values of -2σ and -3σ), which reduced 
the pixel sample size. However, the mean trends still showed a similar change in phenological response across all variables for maize, 
as observed in Fig. 7.

3.4. Correlation between ESI and crop variables

The relationship between crop variables and the ESI was verified using Pearson correlation analysis among time series of both 
drought and non-drought periods. During the drought year, the variables NDVI and CWC in ROI 1 and ROI 2 exhibited a strong positive 
correlation with ESI, reflecting their sensitivity to drought stress. Specifically, NDVI showed correlations of r = 0.75 in ROI 1 and r =
0.72 in ROI 2, while CWC showed correlations of r = 0.59 in ROI 1 and r = 0.66 in ROI 2 (Fig. 8, Table 3) (see Fig. 9).
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These higher correlation values suggest that NDVI and CWC are more responsive to changes in ESI, which is indicative of drought 
stress. The persistent drought conditions likely made crop variables like NDVI and CWC highly sensitive to ESI. The strong correlation 
between CWC and ESI during the drought period is expected, as drought typically leads to reduced soil moisture and transpiration 
rates, creating water stress that impacts plant physiology (Lyons et al., 2021). As both ROI 1 and ROI 2 rely heavily on irrigation, water 
availability is directly tied to crop health, making crops in these regions more responsive to ESI.

In contrast, LAI and fAPAR had slightly weaker correlations, with r = 0.50 for LAI and r = 0.49 for fAPAR in both ROIs (Fig. 8b and 
c). This suggests that while these variables are still related to ESI, they are less sensitive to drought stress compared to NDVI and CWC. 
The relatively lower correlation for LAI and fAPAR could be because these variables can be influenced by other factors beyond drought 
stress, such as nutrient availability, which may weaken their direct relationship with ESI.

In ROI 3, the relationships between vegetation indicators and ESI were notably weaker for the drought case. NDVI showed a very 
low correlation (r = 0.05), indicating that NDVI was almost unaffected by drought conditions in this region. This could be because ROI 
3, which is rainfed, may have different growth dynamics compared to the irrigated regions (ROI 1 and ROI 2). The other variables in 
ROI 3 also showed relatively low correlations with ESI: LAI (r = 0.23) and fAPAR (r = 0.24) except CWC (r = 0.40); still, it showed a 
noticeable relation with ESI (Table 3). However, weak correlations suggest that the impact of drought on maize in ROI 3 may not have 
been as pronounced or uniform as in ROI 1 and ROI 2, possibly due to the regional differences in drought tolerance. Overall, these 
results indicate that CWC is more sensitive and closely linked to ESI, particularly in the irrigated regions.

Crop health responses to drought stress can differ depending on climatic conditions, agricultural practices, and water management 
strategies in each region. ROI3 region has perhaps developed adaptive mechanisms to cope with varying water availability. As a result, 
the crop variables may not be as closely linked to ESI because the crops are not under consistent irrigation stress, and the rainfed system 
introduces additional variability in crop performance based on the timing and amount of rainfall. This could explain why the cor
relation between ESI and vegetation indicators was weaker in ROI 3 compared to ROI 1 and ROI 2.

During the non-drought year, the correlations between vegetation indicators (NDVI, CWC, LAI, and fAPAR) and the positive ESI 
were noticeably different than during the drought year. The strong positive correlations with ESI during the non-drought year (NDVI: r 
= 0.82, CWC: r = 0.75, LAI: r = 0.89, fAPAR: r = 0.91) are likely because, in regions with rainfed agriculture, even slight changes in 
water availability can lead to noticeable changes in crop health. In 2023, sufficient rainfall might lead to optimal conditions for crop 
growth, making these variables strongly correlated with ESI and indicating good water conditions and healthy vegetation. Conse
quently, the ESI pattern closely coincides with the phenology detected by biophysical variables, such as crop development and leaf 
area, which are directly influenced by water availability. This synchronicity reflects how well-watered conditions facilitate the growth 
and health of crops, making these vegetation indicators strongly aligned with the ESI.

4. Discussion

In this study, we compared biophysical variables (CWC, LAI, and fAPAR) and NDVI with ESI to evaluate how early these variables 
respond to flash droughts, taking three case studies of Southern Spain, North Italy, and Eastern Hungary. Our findings revealed that 
compared to other biophysical variables, CWC showed the earliest as well as a pronounced decline at the onset of flash droughts. The 
early detection of drought is most prominent in the semi-arid irrigated region of ROI 1 in Spain for the Spring drought in 2023.

4.1. CWC as an early indicator of flash drought

The congruence between CWC and ESI during drought periods was expected, as drought typically leads to reduced soil moisture 
and transpiration rates, resulting in water stress that affects plant physiological processes (Lyons et al., 2021). CWC effectively captures 
this physiological impact of water stress due to its reliance on leaf water content, which decreases under water-limited conditions. This 
indicates that, unlike visible symptoms, CWC can detect non-visible impacts on vegetation functioning. Its responsiveness to these 
physiological changes makes it a valuable indicator for drought assessment. This ability to detect early signs of water stress is crucial, 
as failure to identify and manage instantaneous water stress promptly can lead to long-term damage to crops (Sungmin and Park, 
2023), and we also observed in our case studies on mid-season drought, prolonged water stress can have lasting impacts on plant 
physiology, health, and productivity. As drought severely reduces water availability, it affects CWC more quickly, and crops struggle to 
maintain normal transpiration rates.

4.2. CWC response relative to NDVI, LAI, and fAPAR

Looking into crop water dynamics through CWC, which responds quickly to water stress, the response of LAI and fAPAR to drought 
was either delayed or more subtle. During drought conditions, the correlations between ESI and other variables (LAI and fAPAR) were 
also weaker. These variables do not immediately reflect changes in water availability; instead, their effects accumulate over time, 
which means longer timescales (monthly or seasonal) are required for meaningful drought-related changes to appear. Kim et al. (2017)
found a strong relationship between LAI and SPEI over 9–12-month periods under the cumulative effects of drought. This slow buildup 
contrasts with the more immediate changes seen in CWC, proving that CWC is more sensitive to short-term water availability fluc
tuations. Usually, in the case of LAI, the response to water stress takes time to manifest. This delayed response in LAI and fAPAR 
contrasts with the more immediate changes in CWC, highlighting the differences in how these variables reflect the impact of drought. 
Both LAI and fAPAR do not fully capture the immediate impacts of drought and are indirect indicators of vegetation health. Whereas 
CWC is a direct biotic driver, with changes in CWC quickly affecting spectral vegetation indices like NDVI and NDWI (Zhou et al., 

Z. Unnisa et al.                                                                                                                                                                                                         Remote Sensing Applications: Society and Environment 39 (2025) 101690 

13 



2022). Our results also showed that as drought intensified, CWC exhibited a continued dropping signal, whereas the response from LAI 
and fAPAR was steady.

Other studies also noticed that in the farming ecosystems where soil moisture deficit is the primary stressor, biomass-related indices 
such as NDVI, PRI, LAI, and fAPAR tend to be less responsive than CWC (Vicca et al., 2016; Lawal et al., 2022; Cammalleri et al., 2022). 
These indicators are less effective at capturing the rapid changes in plant water status that occur during drought conditions. In contrast, 
CWC responds more sensitively to variations in soil moisture. Our research acknowledges that the rapid response of CWC to drought is 
due to soil moisture changes. Our findings are consistent with Zhang and Zhou (2019), which indicated that CWC is influenced by soil 
water status and crop developmental stage. Compared to LAI, CWC is a rapid and reliable indicator due to its prominent drop during 
critical growth stages of the crops. It can be effective for irrigation planning during the emergence and senescence stages and can be 
used as a proxy for crop health, which can help farmers and agronomists to optimize water management strategies to sustain yields, 
especially in irrigated areas.

4.3. Applicability of CWC across different crop types and climatic conditions

Consolidating the use of CWC for early detection requires further validation in agricultural settings to ensure its efficacy in drought 
monitoring. Since crop water status is closely linked to changes in photosynthesis and transpiration during drought conditions, it plays 
a crucial role in determining biomass production and yield. As plants begin to conserve water, they exhibit more pronounced signs of 
drought stress, including reduced leaf turgor and altered leaf water content, so the CWC response is prominent. However, validation of 
the CWC response in various crops will provide a piece of valuable information for drought impact assessment in agriculture.

Assessing the impact of drought on crops can be complex, as the response varies depending on the specific growth stage at which 
the drought occurs. Our study has proven that impact is detectable through CWC during critical growth stages, such as emergence and 
grain-filling, when sufficient water is essential for seed germination and grain richness. Other research, such as Barros et al. (2020), 
also showed that droughts during different growth stages affect crops differently. CWC can be a reliable drought indicator if more 
crop-specific observations are made, particularly to ensure its reliability for early detection. However, this assessment can be chal
lenging in arid ecosystems, where crops also exhibit stress memory, allowing them to learn from past droughts and better withstand 
future stress. This memory involves changes in gene expression influenced by epigenetic and molecular mechanisms (Kambona et al., 
2023). These physiological adaptations might be reflected in a weaker response of CWC to drought in a rain-fed environment. 
Moreover, CWC is more tightly coupled with soil moisture during drought conditions, and this relationship varies across different 
climates. Lyons et al. (2021) noticed that in humid regions with less climatic variability, CWC is not influenced by soil moisture. In 
areas with intermediate climatic water deficits, where atmospheric water demand and soil moisture are more tightly linked, CWC 
shows greater sensitivity (Lyons et al., 2021). Therefore, more targeted field studies are essential to understand CWC’s limitations and 
potential across various crop types and climatic conditions to inform effective drought monitoring and management strategies that 
consider regional variations in climate, vegetation, and hydrology using holistic approaches.

4.4. Differences in CWC responses between irrigated and rainfed systems

In the non-drought year 2023, a strong correlation between ESI and biophysical variables was observed in the rainfed maize areas 
of Hungary (ROI 3). However, in ROI 1 and ROI 2, the patterns shifted during the drought year. This shows the variability in crop 
response to water stress across different regions, with rainfed crops (like those in ROI 3) potentially exhibiting greater adaptation to 
water-limited conditions. In these areas, even slight changes in water availability can result in noticeable changes in crop health, 
making CWC a potential indicator for detecting early signs of water stress.

ROI 1 and ROI 2, with their reliance on irrigation, experienced exacerbated stress during drought years due to irrigation limitations. 
The severe droughts of summer 2022 and spring 2023 revealed the vulnerability of irrigation-dependent agriculture, where reduced 
water availability had a significant impact on crop health. CWC performance (Figs. 5–7) indicates that as irrigation water availability 
becomes constrained, its monitoring can be effective for detecting agricultural risks. Considering that even if a crop appears unaffected 
by drought, its functioning can still be impaired, accurate real-time monitoring of CWC can enhance agricultural water use efficiency. 
Field studies on maize in the summer showed that CWC is a more sensitive and reliable indicator of crop water stress compared to other 
indicators like leaf equivalent water thickness (EWT) and live fuel moisture content (LFMC). Others have accounted for crop growth 
and development information alongside CWC to improve crop water prediction through hyperspectral indices (Pasqualotto et al., 
2018; Zhang and Zhou, 2019).

Monitoring pre-drought soil moisture conditions is equally important for rainfed and irrigated regions, as rapid transitions to water- 
stressed conditions can lead to a sharp decline in vegetation health and the photosynthetic capacity of the crops if water stress occurs 
within weeks, then soil moisture can also explain the differing sensitivity of CWC to drought stress in rain-fed versus irrigated systems 
at a large scale (Sungmin and Park, 2023). At the onset of drought, as soil moisture declines, CWC decreases sharply, leading to reduced 
transpiration and stomatal conductance; however, the response varies by drought emergence at different crop stages (Qiao et al., 
2024).

Our analysis was focused on developing a proactive drought detection approach that can give a timely assessment of drought 
impacts during critical times of crop growth. By proactively addressing drought conditions, we can avoid costly measures, such as 
installing new irrigation systems, expanding water supplies, or making heavy investments in replanting and soil health reclamation.
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4.5. CWC application in proactive drought detection

Long-term soil moisture data can be useful for assessing general trends in water availability, but it lacks the sensitivity required to 
detect rapid, short-term changes in crop water stress. Soil Moisture Active Passive (SMAP) data provide critical information on soil 
moisture retention, especially at the root depth zone (30 cm), and their changes capture changes in drought intensity levels over 13- to 
26-week intervals (Sehgal et al., 2021; Eswar et al., 2018). While SMAP captures soil moisture dynamics, CWC reflects the actual 
physiological state of the plant, offering a complementary, more direct tool for assessing crop stress and predicting drought impacts on 
yield. This makes CWC a valuable tool for the earlier detection of water stress and more precise drought monitoring, especially in 
situations where drought evolves rapidly or affects crop health more quickly than soil moisture dynamics.

Other drought indices such as Precipitation Condition Index (PCI), the Soil Moisture Condition Index (SMCI), the Vegetation 
Condition Index (VCI), and the Temperature Condition Index (TCI) track changes in precipitation, soil moisture, vegetation health, and 
temperature over time, they typically provide indirect indicators of drought and vegetation stress. These indices are often normalized 
on a scale of 0–1 for ease of comparison together (Jiao et al., 2016; Ahmadi et al., 2022). They can lack the sensitivity required to detect 
subtle, short-term changes in crop water status. Moreover, these indices typically capture broader environmental conditions and may 
not reflect immediate changes in plant physiology.

For early detection of drought stress on vegetation, RS Platforms, like the Global Integrated Drought Monitoring and Prediction 
System (GIDMaPS) by the University of California- Irvine (UCI), South Asia Drought Monitoring System (SADMS) by International 
Water Management Institute (IWMI), uses suite of vegetation indicators to monitor droughts (Bachmair et al., 2016). Such drought 
monitoring systems offer the advantage of real-time, high-resolution monitoring, allowing stakeholders to take proactive measures and 
improving decision-making and response times in agriculture, water management, and disaster mitigation. The European Drought 
Observatory developed a Combined Drought Indicator (CDI) based on fAPAR to detect drought at early stages before it escalates into 
severe conditions (Sepulcre-Canto et al., 2012). As flash drought conditions evolve quickly, the short period of drought episodes 
necessitates the need for higher temporal resolution (e.g., frequent satellite overpasses) and real-time crop stress detection. Infrequent 
observations will miss early signs of drought stress or lead to inaccurate assessments of crop conditions. Combining indicators that 
capture both structural and functional responses to drought, with high temporal resolution, can develop a better proactive drought 
detection system. In future, the operational delivery of early-in-end-of-season, high-resolution response indicator maps from the local 
scale to the global scale using integrated Earth Observation (EO) systems (e.g., ECOSTRESS, SMAP, Copernicus Sentinel 2, and up
coming missions such as HiVE, FORUM, CHIME, FLEX) would be an advantage for flash drought monitoring and management.

5. Limitations

Our study acknowledges that crop-specific CWC responses to drought require further investigation, given that different cereal crops 
exhibit varying degrees of drought resistance or susceptibility, which may affect the utility of CWC as a consistent indicator across 
crops (Dao et al., 2021; Genangeli et al., 2023). However, we addressed this limitation by focusing on two cereal crops (wheat and 
maize) in two cropping systems (irrigated and rainfed) to assess CWC’s ability to reflect drought stress in both systems. Through this 
approach, we evaluated CWC’s sensitivity and reliability as an indicator of drought in diverse agricultural contexts. We also compared 
CWC performance with other established drought indicators, like LAI and fAPAR, to better understand its strengths and weaknesses in 
different crop systems. However, the differences in how CWC reflects crop behaviour in irrigated and rainfed systems require more 
in-depth canopy-scale studies to better understand its behavior under different water availability conditions, such as erratic rainfall, 
sprinkler irrigation, water logging, etc.

The lack of extensive validation of CWC across different ecosystems contributes to uncertainty regarding its broader applicability. 
Previous research in the Canadian Prairies has shown that CWC performed less effectively compared to other variables, i.e., LAI and 
fCover, indicating potential biases in its accuracy, so confidence in SL2P-based CWC is low (Djamai et al., 2019). Also, there is no 
standard protocol for CWC that could translate its quantitative assessment into drought severity classification for different cropping 
systems. The lack of standardization can complicate CWC comparisons across regions, periods, and deriving methods. Whereas LAI and 
fAPAR have been validated for various ecosystems in different contexts (Fernandes et al., 2023). Our study is pioneering in that CWC 
has not yet been validated across diverse environmental contexts, which is now contributing to strengthening its reliability and po
tential use as a drought monitoring tool. Our study has realized that the CWC is not in the list of essential climate variables (ECVs), 
whereas LAI and fAPAR are among 55 ECVs (Baret et al., 2013). Future research on CWC can further consolidate its potential use in 
flash drought detection and can define severity scales for improved drought detection, such as FAO’s Agriculture Stress Index system 
has done (FAO, 2016).

One key challenge in relying on SL2P-based CWC could be persistent cloud cover that can limit its effectiveness for flash drought 
monitoring. Another could be variability of environmental and canopy characteristics due to differing growth conditions. As crops can 
have different leaf structures, stomatal conductance, and canopy densities, leading to varying levels of CWC even under similar 
environmental conditions, which needs attention in the general applicability of SL2P-based CWC estimates across diverse agricultural 
areas. In addition to cloud cover, the SL2P data processing applies quality control masks that exclude pixels with invalid values, which 
can reduce spatial completeness and affect the time series. SL2P biophysical variable retrieval relies on neural networks trained on 
simulated canopy reflectance data, which may introduce uncertainties when applied to heterogeneous landscapes. The revisit fre
quency of Sentinel-2 satellites, combined with cloud contamination, can cause temporal gaps that challenge the detection of short-term 
flash drought events for some locations, although our study framework appeared robust for our locations in addressing these 
challenges.
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As realized in this study, CWC may exhibit a lagged response to soil moisture deficits due to the time required for stress signals to 
propagate from the root zone to the canopy, and this lag can vary by canopy height and the crop’s phenological profiles. A lag in CWC 
response, with deeper root systems or anisohydric behavior of the crops, can also limit the effectiveness of CWC, particularly in the 
early phases of drought onset. Moreover, crop management practices, such as irrigation scheduling or fertilization, may also influence 
biophysical variable responses independently of drought stress.

We used the ESI to determine the occurrence of flash droughts due to its high temporal resolution. The thresholds used to define 
drought severity (-1σ, -2σ), while based on prior literature, are somewhat arbitrary and may not perfectly delineate mild and severe 
drought conditions across the globe. Future work should explore adaptive or region-specific thresholds calibrated with crop phenology 
and yield data to improve flash drought classification. Moreover, ESI itself has some limitations. Cloud cover, particularly during the 
spring and early summer crop growing season, can introduce data gaps or reduce the accuracy of rapid ET changes, which can impact 
the index’s ability to provide reliable flash drought signals. In our case studies, ESI performed well in the growing seasons of wheat and 
maize when the canopy was fully developed; the same pattern was observed with CWC. This is due to the use of multi-year clima
tological baselines in ESI, which establish historical evaporative stress profiles, enabling reliable anomaly detection and maintaining 
efficiency even in the high seasonal variability. However, the well-characterized seasonal ET cycle may not always fully reflect recent 
shifts in climate variability or crop management practices. But it can minimize sensitivity to seasonal dynamics and mitigate the effects 
of cloud-induced data gaps. The biophysical variables are also sensitive to seasonal dynamics, and using long-term baselines is also 
recommended to mitigate the effects of cloud-induced data gaps or other sources of missing observations. Model-based approaches are 
generally more aligned with ground stations and are better than single-input variable-based drought indices (PDSI, SPEI, SPI) (Schmidt 
et al., 2024). For this reason, ESI and biophysical variables can be a reliable data choice for our study, with a track record of their 
performance linked to crop production anomalies.

One shortcoming is, ESI assumes a universal ET-PET response, which can limit its applicability in certain ecosystems. Like species- 
or ecosystem-specific responses, and the differences between isohydric and anisohydric species (which regulate water loss differently), 
can lead to varying interpretations of drought severity by ESI. As seen with rain-fed maize, ESI struggled to capture the full extent of the 
drought. At 4 km spatial resolution, it cannot fully capture spatial variability introduced by mixed irrigation practices, crop dynamics, 
and complex terrain, which can delay its detection in the drier regions where surface and subsurface soil moisture may be weakly 
coupled to ESI signals (Zhong et al., 2020).

The challenges in defining and classifying drought severity can further complicate the detection of flash droughts by variables. In 
the future, region-specific calibration, crop phenology, and yield data integrations would be useful for flash drought monitoring. Our 
study acknowledges, a single metric, either ESI or CWC, cannot adequately capture drought’s multi-impact character in all its 
complexity, and CWC’s rapid response can complement flash drought detection, especially in the irrigated cropping systems.

6. Conclusion

This study investigated the ability of SL2P-derived biophysical variables to monitor flash drought in irrigated and rainfed systems. 
The time series and temporal correlation analysis revealed that CWC has a strong agreement with ESI in the case of flash drought in the 
irrigated regions. It has the advantage of providing short-term and traceable information on crop response to drought events. The onset 
of flash drought can be detected with CWC, even amid crop development, because CWC is sensitive to rapid changes in moisture 
conditions. Our findings highlighted the importance of incorporating CWC into proactive drought monitoring systems, as early in
formation on CWC at drought onset can assist in optimizing irrigation practices, diversifying crop portfolios, and adopting drought- 
tolerant varieties. Based on our results, CWC can be used as an early warning indicator for flash drought. However, these results 
can be further verified like CWC data derived from other estimators, i.e., hybrid physical models or ground-based observations.
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Appendix 2 

ESI Threshold − 2 results for ROI 1

Fig. 9. Trends of ESI vs. CWC, LAI, and fAPAR mean and standard deviation during the wheat growing season for both drought (in grey) and non- 
drought (in blue) years with ESI -2 threshold

ESI Threshold − 2 results for ROI 2 and ROI 3
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Fig. 10. Trends of ESI vs. CWC, LAI, and fAPAR mean and standard deviation during the maize growing season for both drought (in grey) and non- 
drought (in blue) years with ESI -2 threshold
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