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Highlights
What are the main findings?

e  The southern Middle-Lower Yangtze Plain exhibited a “high-frequency-low-intensity” flash
drought pattern, while the central North China Plain showed a “low-frequency-high-intensity—
long-duration” pattern, with rice systems facing high-frequency shock risks and rainfed/rotation
systems bearing intensity-cumulative risks across China’s major agricultural plains during 2001
2024.

e  SIFresponded to flash droughts 6-9 days earlier than GPP across all cropping systems, revealing
a consistent “rapid physiological response-lagged carbon assimilation recovery” pattern, with
the month of occurrence, drought duration, and decline rate identified by Random Forest-SHAP
analysis as the dominant drivers of photosynthetic recovery.

What are the implications of the main findings?

e  The systematic 6-9 day lead time of SIF over GPP, confirmed across diverse cropping systems,
establishes SIF as a reliable remote sensing-based early warning indicator that can support
proactive agricultural drought response well before conventional vegetation productivity
declines become detectable.

e  The crop-specific risk differentiation and the dominant role of phenological timing over drought
intensity provide a scientific basis for designing targeted, system-specific mitigation strategies,
optimizing rotation scheduling (e.g., shortening fallow intervals in WW-SSR systems), and
enhancing regional food security management under intensifying climate extremes.

Abstract

Flash drought, as a rapidly developing form of drought, has become an increasing threat to
agricultural production, ecosystem stability, and regional carbon cycling, particularly in croplands
within monsoon regions. Existing studies have mainly focused on point-scale identification or
conventional vegetation indices, while a systematic understanding of the regional spatiotemporal
evolution of flash droughts and crop-specific differences in photosynthetic recovery remains limited.
Using multi-source remote sensing data from the North China Plain and the Middle-Lower Yangtze
Plain during 2001-2024, this study integrated triple collocation error assessment, root-zone soil
moisture percentile-based identification, connected component tracking, and Random Forest-SHAP
analysis to characterize flash drought trajectories and their impacts on vegetation. The results showed
that the southern Middle-Lower Yangtze Plain exhibited a high-frequency but low-intensity pattern,
whereas the central North China Plain was characterized by relatively low frequency but higher
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intensity and longer duration. Rice-based systems were more vulnerable to frequent flash drought
shocks, while rainfed and rotation systems faced stronger cumulative risks. Solar-induced
chlorophyll fluorescence (SIF) responded to flash droughts 6-9 days earlier than gross primary
productivity (GPP), and all cropping systems exhibited a “rapid physiological response-lagged
carbon assimilation recovery” pattern. The month of occurrence, drought duration, and decline rate
were identified as the dominant factors controlling photosynthetic recovery. These findings extend
the flash drought monitoring framework from the perspectives of regional connectivity and crop
recovery mechanisms, and provide a remote sensing-based scientific basis for agricultural early
warning, drought mitigation, and food security management.

Keywords: flash drought; solar-induced chlorophyll fluorescence; gross primary productivity;
cropping systems; spatiotemporal evolution; photosynthetic recovery

1. Introduction

As one of the most pervasive meteorological disasters, drought has long posed a persistent threat
to agricultural production, ecosystem stability, and regional carbon budget balance. Conventional
droughts typically develop at a gradual pace, often requiring several months or even years to
progress from onset to peak intensity [1]. In recent years, with the rising evaporative demand and
intensifying atmospheric desiccation [2], both the frequency and the rate of drought progression have
continued to increase, and a novel drought paradigm—flash drought—has emerged as an
increasingly important subject in drought research [3]. Compared to conventional droughts, flash
droughts can induce rapid soil moisture depletion, evapotranspiration imbalance, and a concurrent
surge in vapor pressure deficit (VPD) within a few weeks, thereby imposing more severe impacts on
agricultural production and ecosystem functioning [4,5]. During the summer of 2013, flash droughts
occurred successively in 13 provinces of southern China within less than a month, leading to damage
to over 2 million hectares of crops [6]. The North China Plain, as one of the nation’s principal grain-
producing regions, is frequently subjected to severe agricultural droughts during both the spring and
autumn seasons, with spring drought intensity generally exceeding that of autumn. Therefore, the
accurate identification of flash drought events and the elucidation of their spatiotemporal evolution
patterns are of considerable theoretical and practical significance for regional drought risk assessment
and food security safeguards.

At present, a universally accepted definition of flash drought has yet to be established in the
scientific community, and a diverse suite of indices has been developed for flash drought
identification, primarily including the Evaporative Stress Index (ESI) [7], Evaporative Demand
Drought Index (EDDI)[8], the combination of Standardized Evaporative Stress Ratio (SESR) [9] and
Rapid Change Index (RCI) [10], as well as soil moisture (SM) [11]. Previous studies have
demonstrated that soil moisture anomalies serve as reliable indicators during the initial phase of
drought, and are particularly suitable for flash drought monitoring [2,12]. The rapid decline in soil
moisture can function as a critical precursory signal for flash drought occurrence. Osman et al.
compared the performance of key variables including precipitation (P), root-zone soil moisture
(RZSM), temperature (T), and actual versus potential evapotranspiration in flash drought
identification, and found that RZSM exhibited the most distinct response signal to flash droughts.
However, existing soil moisture-based drought monitoring studies have predominantly focused on
the onset and termination of drought at the point scale, emphasizing the temporal persistence
characteristics of drought, with the run theory being the most commonly employed approach [13,14].
Such studies generally overlook the spatial connectivity and regional synchronicity of drought, which
may substantially underestimate the actual extent and severity of regional drought, consequently
leading to inadequacies in drought response and risk management. To address this limitation, a series
of innovative methods, such as hydrological models [15], machine learning [4] , and complex
networks [16] have been progressively applied to research on drought propagation and evolution.
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Among these, three-dimensional spatial connectivity analysis can precisely characterize the
spatiotemporal dynamics of short-duration, regional flash drought events by identifying spatially
contiguous drought clusters [17,18].

During flash drought episodes, high temperatures and scarce precipitation induce a rapid rise
in VPD, forcing stomatal closure in vegetation, suppressing CO, uptake and photosynthetic carbon
fixation, and consequently leading to a significant decline in terrestrial ecosystem productivity
[19,20]. Compared to deep-rooted vegetation, shallow-rooted vegetation (particularly crops) is more
sensitive to flash droughts, and existing studies have predominantly employed conventional remote
sensing vegetation indices, including the Normalized Difference Vegetation Index (NDVI) and Leaf
Area Index (LAI), to assess vegetation response patterns to drought [21]. Nevertheless, these
vegetation indices exhibit a notable lag in their response to flash droughts, making it difficult to
promptly and timely capture the impacts of flash droughts on vegetation physiological processes
[23,24]. To overcome this limitation, recent research has increasingly shifted toward the direct
observation of vegetation functional indicators [24,25]. Among these, Gross Primary Productivity
(GPP) is a key indicator for characterizing ecosystem carbon sequestration capacity and carbon
cycling processes, and is sensitive to drought stress [26]. With advances in remote sensing technology,
Solar-Induced chlorophyll Fluorescence (SIF), as a direct proxy for the light reaction phase of
photosynthesis, has also been widely utilized for monitoring vegetation physiological status and
rapid drought response. Compared to conventional vegetation indices, SIF can reflect the
physiological signals of photosynthetic system suppression at an earlier stage under conditions of
stomatal closure and rapidly rising VPD, typically preceding the decline in GPP by several weeks,
and is thus considered an important early indicator of drought, particularly flash drought [27].
Previous studies have shown that SIF and GPP exhibit high consistency at interannual and seasonal
scales across multiple ecosystems; however, under drought stress, significant differences exist
between the two in terms of response magnitude, temporal characteristics, and sensitivity [28,29] .
However, current research on SIF and GPP has largely been concentrated on natural ecosystems or
vegetation at the aggregate scale [30,31], with relatively insufficient attention to cropland ecosystems,
and most studies have focused on yield impacts [32] while lacking fine-scale comparative analyses
based on different crop types. Meanwhile, the vegetation response to drought is modulated by
intrinsic drought characteristics such as intensity, frequency, and duration [33-35]. Yet most of the
relevant findings have been derived from studies of conventional droughts, and how multi-factor
interactions affect vegetation photosynthetic processes under the rapid, intense stress scenarios
characteristic of flash droughts remains unclear.

Therefore, building upon existing research, this study employs multi-source remote sensing data
(Solar-Induced chlorophyll Fluorescence SIF, soil moisture data, and GPP data), integrated with the
root-zone soil moisture percentile method and connected component analysis, to systematically
investigate the spatiotemporal distribution of flash drought events and their impacts on vegetation
recovery across different cropping systems in the North China Plain and the Middle-Lower Yangtze
Plain. Concurrently, a Random Forest model combined with SHAP (Shapley Additive Explanations)
values is utilized to quantitatively evaluate the driving factors of photosynthetic recovery rate, with
the aim of bridging the existing gaps in research on regional flash drought emergency response
mechanisms and crop recovery capacity assessment. This study is expected to contribute to the
theoretical understanding of drought response mechanisms while also offering practical implications
for regional agricultural disaster prevention and mitigation, and to provide novel scientific evidence
for future drought prediction, food security management, and ecosystem stability assessment.

2. Materials and Methods

2.1. Study Area

Under the context of global warming, the increasing frequency of extreme high-temperature
events and intensified land-atmosphere interactions have led to a significant upward trend in flash
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drought occurrences across East Asia [36]. Within the East Asian monsoon region of China, the North
China Plain and the Middle-Lower Yangtze Plain represent the nation’s typical rainfed agricultural
zone and major rice-producing area, respectively, serving as core regions for national food security
that are highly sensitive and vulnerable to climate change. Accordingly, this study selected the North
China Plain (34°-40°N, 110°-120°E) and the Middle-Lower Yangtze Plain (28°-33°N, 110°-122°E) as
representative study areas (Figure 1(a)), to elucidate the spatiotemporal characteristics and driving
mechanisms of flash droughts under the East Asian monsoon climate.

The two plains are geographically extensive, span a wide latitudinal range, and feature diverse
cropping structures. Following the classification by Yang (2025) et al., the land use categorization of
the study area is illustrated in Figure 1(c). Specifically, SSR denotes single-season rice, DSR denotes
double-season rice, WW denotes winter wheat, WW-SSR denotes winter wheat-single-season rice
rotation, M denotes maize, and WW-M denotes winter wheat-maize rotation.
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Figure 1. Geographical location of the study area (a), digital elevation model (b) and spatial distribution of land

use types (c).

2.2. Data Sources

The datasets employed in this study are summarized in Table 1, and detailed descriptions and
preprocessing procedures are provided in the Supplementary Materials S1. All the aforementioned
datasets were uniformly resampled to a spatial resolution of 0.1°.

Table 1. Detailed Information of the Employed Data.

Spatial  Temporal
coverage  coverage

ERA5- https: .cli . icus. #!
5 Global 1950-present1d/0.1° ttps://cds.climate.copernicus.eu/cdsapp#!/dataset

Poducts Resolution Data source

Land [reanalysis-era5-land?tab=overview
S:;EAM Global 1980-2024 1d/0.1° https://www.gleam.eu/
SMCI1.0 China 2000-2022  1d/0.09° https://poles.tpdc.ac.cn/

GOSIF Global 2000-2024  8d/0.05° https://globalecology.unh.edu/data/GOSIF.html
https://globalecology.unh.edu/data/GOSIE-
GPP.html

GOSIF GPPGlobal 2000-2024  8d/0.05°
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https://www.scidb.cn/en/detail?dataSetld=9dflab
CCD China 2001-2024 1lyear/30 m 40944b4ce58eec7265462b4247&version=V1&code=
000119

2.3. Methods

2.3.1. Multi-Source Soil Moisture Error Assessment (Triple Collocation)

Considering that the regional performance of different soil moisture products may be affected
by vegetation, soil type, and underlying surface conditions, the Triple Collocation (TC) method [37]
was adopted in this study to objectively assess data quality by constructing a triplet from ERA5,
GLEAM, and SMCI1.0 datasets, thereby quantitatively estimating the random error, signal-to-noise
ratio, and bias characteristics of each dataset independent of observational ground truth (Figure 2).
The TC method has been widely employed for accuracy evaluation and intercomparison of multi-
source soil moisture data at both global and regional scales, and can effectively identify datasets with
high accuracy and low uncertainty [38,39] . Detailed computational procedures and formulas can be
found in the work of McColl et al. [40]. Table S1 in the Supplementary Materials presents the
correlation coefficients and standard noise errors computed via the TC method for each dataset; all
three datasets exhibited relatively low noise errors, with the ERA5 dataset achieving the highest
correlation coefficient and the best overall performance, and therefore ERA5-Land was selected as
the data source for subsequent flash drought identification in this study.
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Figure 2. Workflow for multi-dataset integration and uncertainty assessment based on triple collocation

analysis.

2.3.2. Flash Drought Identification

This study adopted the internationally recognized flash drought identification framework
proposed by Yuan et al. [41,42], with flash drought events extracted based on RZSM percentiles. To
eliminate the climatological and seasonal discrepancies in soil moisture across different regions, the
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Empirical Distribution Function (EDF) was employed to calculate RZSM percentiles [41,43,44]. For
each grid cell, a multi-year RZSM time series was constructed using a 17-day window centered on
the target date p (from p-8 to p+8), followed by EDF fitting to map RZSM values onto a 0-100
percentile scale.

The specific criteria for flash drought identification are as follows:

a) A flash drought commences when the RZSM percentile declines from >40% to <20%.

b) A flash drought terminates when the RZSM percentile recovers to >20%.

¢) The mean decline rate over an 8-day interval is >8%.

d) The drought duration is 224 days (i.e., 23 octad periods).

2.3.3. Spatiotemporal Trajectories of Flash Droughts

The analytical workflow for spatiotemporal trajectory analysis of flash droughts is illustrated in
Figure 3: RZSM percentiles were first computed from ERAS reanalysis data to identify flash drought
events at the grid scale; spatially contiguous drought patches were then extracted through connected
component analysis; a temporal matching algorithm was applied to link discrete patches into
continuous spatiotemporal drought events, thereby constructing a flash drought trajectory database;
on this basis, the centroid migration paths and three-dimensional propagation characteristics of flash
droughts were analyzed [45]. A composite flash drought intensity index was constructed by
integrating flash drought frequency, duration, and intensity. This study selected the two largest-scale
typical flash drought events based on the composite intensity index across two years, analyzed their
spatial displacement distances and propagation characteristics, and ultimately derived the spatial
pattern of drought propagation timing.

7
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Figure 3. Workflow for identifying and tracking flash drought events based on soil moisture percentiles and

spatiotemporal connectivity.
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2.3.4. Analysis of Vegetation Photosynthetic Response and Recovery

This study employed two remote sensing-based vegetation productivity indicators (VP), namely
GPP and SIF, to characterize the dynamic response of ecosystems to flash droughts [23]. Detrended
vegetation productivity indicators were used in the analysis (Figure 4). The response time is defined
as the time elapsed from the onset of a flash drought to the first occurrence of a negative anomaly in
vegetation productivity.

The recovery rate of vegetation productivity following a flash drought is defined as:

VPanomaly = Vpg_ﬂ 1)

VP
where VP represents either GPP or SIF, and uyp and oyp denote the mean and standard deviation
of the VP time series, respectively.

Gp—G
decreaserate = % )
1

where G,is the minimum negative VP anomaly after a flash drought, G, is the average of positive
values in the three pentads before a flash drought, t; is the time length between G, and G,,.

Ge—G,
recoveryrate = % 3)
2

where G, is the first positive VP anomaly value occurring after G, and t, is the time interval
between G, and G,.
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Figure 4. Workflow for SIF/GPP response analysis.

2.3.5. Random Forest and SHAP Interpretation Method

A Random Forest model was employed to identify the key driving factors influencing
photosynthetic recovery rate (Figure 5). The Random Forest model exhibits robust nonlinear fitting
capability and resistance to overfitting in ecological factor attribution analysis, and has been
successfully applied to the analysis of global flash drought trend drivers, effectively quantifying the
contributions of complex multi-factor interactions [46].

SHAP (Shapley Additive Explanations) values were adopted to quantify the average marginal
contribution of each variable to the recovery rate and to rank the global importance of variables. The
SHAP method possesses consistency and local interpretability, which effectively addresses the
“black-box” limitations of conventional machine learning models [47] . This method has been
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successfully applied to disentangle the driving mechanisms of vegetation ecological processes, and
can reveal the dominant mechanisms governing ecosystem recovery capacity across different regions.
For instance, in the eastern monsoon region of China, SHAP analysis has confirmed that the
contribution of flash drought duration to cropland photosynthetic recovery rate is 20%-30% higher
than that of the temperature factor [48].
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Figure 5. Flowchart of the random forest versus the SHAP interpretation method.

3. Results

3.1. Overall Characteristics of Flash Droughts Across the North China Plain and the Middle-Lower Yangtze
Plain

Figure 6 illustrates the spatial distribution of flash drought characteristics across the two plains.
In terms of total event count distribution, the high-incidence zones of flash drought are concentrated
in the southern portion of the Middle-Lower Yangtze Plain, where the cumulative number of flash
drought events reached approximately 20 over the period 2001-2024 (Figure 6a); by contrast, the
southern North China Plain and the northern Middle-Lower Yangtze Plain exhibited relatively lower
flash drought frequencies, with cumulative event counts of fewer than 5. Figures 6b and 6c present
the flash drought duration and intensity, respectively. The central North China Plain exhibited the
longest mean flash drought duration, reaching 10 or more octad (8-day) periods, accompanied by the
highest mean intensity with severity indices predominantly around 300; in contrast, flash droughts
in the southern Middle-Lower Yangtze Plain and the northern North China Plain were of shorter
duration (4-6 octad periods) and weaker intensity (severity indices below 150). A pronounced north-
south differentiation was observed in flash drought development speed (Figure 6d). The fastest flash
drought development rates were observed in the northern North China Plain and the southern
Middle-Lower Yangtze Plain (14-16%/8-day), indicating that droughts in these regions can escalate

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.1263.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 May 2026 d0i:10.20944/preprints202605.1263.v1

9 of 23

rapidly within a short period; whereas the development rates in the southern North China Plain and
the northern Middle-Lower Yangtze Plain were comparatively moderate (8-10%/8-day).
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Figure 6. Spatial distribution of total number (a), average duration (b), average intensity (c) and average

development rate (d) of sudden drought events in the study area from 2001 to 2024.

Significant differences were identified in the flash drought risk structure borne by different
cropping systems (Figure 7). For rice systems (SSR/DSR), the frequency of flash drought encounters
was markedly the highest, while the duration and severity were relatively low. This indicates that
rice systems are subjected to flash droughts more frequently during their growing cycles, yet the
intensity of individual events and cumulative deficit remain relatively limited, constituting a “high-
frequency shock” type of risk. By contrast, although rainfed systems (WW/M) encountered flash
droughts less frequently, their severity and duration were notably higher, suggesting that once a flash
drought occurs, rainfed crops experience more prolonged and intense soil moisture depletion, with
a more concentrated and acute risk of potential yield loss, constituting an “intensity-cumulative” type
of risk. The risk profile of rotation systems (WW-SSR/WW-M) resembled that of rainfed systems, with
lower event counts but higher severity and duration, reflecting that rotation systems are likewise
sensitive to the cumulative effects of flash droughts. Notably, the flash drought development rates
across all cropping systems were uniformly high (generally 10%-12%/8-day), indicating that “rapid
intensification” is a core characteristic shared across different crops; however, the differences in
frequency and intensity determine the type and consequences of the risk experienced by each crop.
Overall, rice systems face high-frequency shock risks, whereas rainfed and rotation systems face
intensity-cumulative risks, and this differentiation in risk structure carries important implications for
agricultural disaster mitigation strategies.
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Figure 7. Boxplots of spatial distribution characteristics of flash droughts for different crops. Total number of

flash drought events (a), average duration (b), average intensity (c) and average development rate (d).

3.2. Spatiotemporal Trajectory Characteristics of Flash Droughts

The interannual evolution of flash droughts in the study area over the period 2001-2024 was
further analyzed. The results indicate (Figure S4) that the composite flash drought intensity indices
for 2019 and 2022 were significantly higher than those of other years, marking these as the two
representative severe years with the strongest intensity and longest duration during 2001-2024.

The flash drought centroids in 2019 (Figure 8(a)) and 2022 (Figure 8(b)) both exhibited
pronounced dynamic migration characteristics, yet notable differences existed in the complexity of
their migration paths and spatial evolution patterns. After initiating migration in mid-June 2019, the
flash drought centroid followed a regular and coherent overall trajectory, with the spatial movement
process characterized by smooth transitions and low path sinuosity, reflecting strong spatial
continuity and directional stability in that year’s flash drought development; from a temporal
perspective, the centroid progression from mid-June to late December proceeded at a relatively
uniform pace. In sharp contrast, the centroid migration trajectory in 2022 was considerably more
complex, featuring multiple pronounced directional shifts and path reversals, with large spatial
displacement amplitudes and conspicuous episodic leaping characteristics, highlighting the greater
dynamism and instability of that year’s spatiotemporal flash drought evolution.

(a)2019 (b)2022

Late December Late December

Early October Early November
Late August Late September
Late July Early August

Mid-June Mid-June

Trajectories of Spatiotemporal Centroid of Flash Drought in Typical Years (2019 and 2022)
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Figure 8. Trajectories of the spatiotemporal centroid of flash droughts in two typical years (2019 and 2022). The
left and right panels show the movement paths for 2009 and 2019, respectively. Lines represent trajectories for
different months, with green and red dots indicating the starting and ending points of each monthly centroid.
The shaded areas highlight the trajectory regions.

3.3. Response Patterns of Vegetation Photosynthetic Indicators (SIF/GPP) to Flash Droughts

3.3.1. Overall Differences in SIF and GPP Response Times to Flash Droughts

As shown in Figure 9, the mean response time of SIF to flash droughts was consistently
concentrated within the range of 16.0-17.4 days, while the mean response time of GPP was 22.0-25.2
days, with a systematic lag difference of approximately 6-9 days between the two (Figure 9). This
difference was consistent across different crop types, indicating that SIF possesses an earlier
physiological response capacity to flash droughts. The primary response peak of SIF was
concentrated in the 8-18 day interval, with over 80% of events completing their response within 25
days; by comparison, the primary response peak of GPP was concentrated in the 16-32 day interval,
with 80% of events typically completing their response around 30 days, and some crop types
exhibiting delays exceeding 35 days.

From a spatial perspective, SIF response time exhibited an overall latitudinal gradient increasing
from south to north. Response times in most areas of the Middle-Lower Yangtze Plain were
concentrated at 5-15 days, those in the Huai River Basin at 10-20 days, and those in the central-
northern North China Plain gradually increased to 15-25 days, locally exceeding 25 days. In contrast,
the spatial heterogeneity of GPP response time was more pronounced: the Middle-Lower Yangtze
Plain was dominated by 0-20 day responses, while the central-northern North China Plain generally
exhibited 25-40 day responses, with some areas exceeding 40 days, manifesting a distinct lag
amplification pattern.
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Figure 9. Average response time of GPP (a) and SIF (b) to flash droughts.

3.3.2. Differentiation in Photosynthetic Response Characteristics among Crop Types

As shown in Figure 10, the mean SIF response time across all crop types ranged from 16.0 to 17.4
days. SSR and M exhibited relatively faster responses (approximately 16.0-16.3 days), DSR and WW
were slightly higher (approximately 16.5-17.0 days), and WW-SSR demonstrated the longest
response time (approximately 17.4 days). The maximum inter-type difference was approximately 1-
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1.2 days, with an overall highly concentrated distribution, suggesting that the early physiological
response captured by SIF possesses strong universality.

GPP response times were likewise concentrated within 22.0-25.2 days, though inter-type
variation was slightly greater than that of SIF. Among these, WW-SSR exhibited the longest mean
response time (approximately 25 days), M the shortest (approximately 22 days), with the remaining
types predominantly distributed between 23 and 24 days. Despite minor variations, all crop types
exhibited a consistent “SIF responds first, GPP responds later” structure.

Considering the regional cropping structure, the Middle-Lower Yangtze Plain is dominated by
SSR and DSR, with flash drought responses characterized as the “rapid SIF response—relatively
rapid GPP response” type; the North China Plain is dominated by WW-M and M, with an overall
“moderate-speed SIF response—delayed GPP response” pattern. The GPP lag was most pronounced
in WW-SSR regions.
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Figure 10. Mean and probability distribution of response time to flash droughts for different vegetation type.

3.4. SHAP Model-Based Analysis of Driving Factors for Crop Photosynthetic Recovery Rate

Building upon the differentiated response characteristics of crop photosynthetic indicators to
flash droughts revealed in Section 3.3, SHAP values were further computed for each factor. As shown
in Figure 11, the photosynthetic recovery of rice systems was strongly regulated by multiple flash
drought characteristics (Figure 11(1, 2)). Beyond the dominant role of Month, the contributions of
Duration and DC ranked closely behind. SHAP value analysis indicated that both longer Duration
and faster DC were significantly associated with the suppression of photosynthetic recovery,
revealing the intrinsic physiological characteristics of rice, namely its low tolerance and low
adaptability to water supply interruptions. Notably, the SHAP value distributions of DSR across all
features were generally broader than those of SSR, indicating that its photosynthetic recovery was
more sensitive to changes in driving factors and that the system exhibited higher vulnerability.

Within rainfed systems, the photosynthetic recovery driving mechanisms of WW and M differed
markedly (Figure 11(3, 4)). For WW, the absolute importance of the Month feature far exceeded that
of all other factors, with the broadest SHAP value distribution, definitively anchoring the high risk
of photosynthetic recovery suppression to specific phenological windows (e.g., spring). In
comparison, the driving factor structure for M was more pluralistic, with DC and Sev serving as the
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key limiting factors second only to Month, indicating that rapidly intensifying moisture deficit poses
a severe threat to its photosynthetic system.
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Figure 11. Polar SHAP integrated interpretation of drought drivers for SIF and GPP recovery. Note: The plot
compares the importance and impact of drought characteristics on SIF (left) and GPP (right) recovery. Petal
Length: Represents the mean absolute SHAP value, indicating global feature importance. Beeswarm Scatters:
Each dot represents a sample; radial position indicates the SHAP value (contribution), and color indicates the
feature value (Low to High). Variables: DC (decline rate), Dur (duration), Spd (development speed), Sev
(severity), Lat (latitude), and Month.

Rotation systems integrate the physiological requirements of both preceding and succeeding
crops, exhibiting more complex regulatory patterns (Figure 11(5, 6)). On one hand, Month remained
the most important driving factor, yet its influence merged the phenologically sensitive periods of
both crops. On the other hand, the importance of Duration was universally accentuated in rotation
systems, reflecting the cumulative effects of cross-seasonal moisture stress. Of particular importance,
compared to monoculture systems, the SHAP patterns of rotation systems revealed more balanced
contributions among multiple process-related factors such as DC, Sev, and Spd, implying that their
photosynthetic recovery is subject to multi-factor synergistic regulation and that the underlying
mechanisms are more context-dependent.

To further elucidate the roles of key process-related factors, Figure 12 presents the SHAP
dependence plots based on DC. The degree of photosynthetic recovery suppression intensified with
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increasing DC across all systems, though systematic differences in slope and dispersion were evident.

Rice systems (particularly DSR) exhibited a larger negative shift in SHAP values at equivalent DC

levels, accompanied by greater data point dispersion, corroborating their high sensitivity to rapid

drought and the associated response uncertainty. The negative correlation trend line of M was the

steepest, indicating that its photosynthetic recovery capacity declined precipitously with increasing

DC. The scatter distributions of rotation systems exhibited greater dispersion than those of their

corresponding monoculture counterparts, with intermingled coloring, supporting from an

alternative perspective the complex regulation of their recovery processes by multi-factor interactions

such as the “DC~timing of occurrence” interplay.
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Figure 12. SHAP Values for Crop Photosynthesis against DC, Colored by Month. Note: This scatter plot
illustrates the relationship between DC and SHAP values, with points colored by month (1-12, see color bar).

The left and right columns correspond to the GPP and SIF photosynthetic indicators, respectively. Each row
represents a different cropping system (SSR, DSR, WW, M, WW-S5R, WW-M). The horizontal axis denotes the
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DC value (representing the decline rate of vegetation productivity), and the vertical axis denotes the SHAP value

(reflecting the magnitude of influence on recovery capacity).

4. Discussion

Through integrated multi-dataset, multi-method analysis, this study revealed the distinguishing
characteristics of flash droughts in the North China Plain and the Middle-Lower Yangtze Plain and
their manifestation across different cropping systems. The principal findings of this study are
discussed in the following aspects:

4.1. Spatiotemporal Characteristics of Flash Droughts

In terms of overall flash drought characteristics, the southern Middle-Lower Yangtze Plain
exhibited a “high-frequency —low-intensity” pattern, whereas the central North China Plain
displayed a “low-frequency —high-intensity —long-duration” pattern, consistent with the “rapid
intensification” characteristics of flash droughts proposed by Otkin et al. (2018). Development rates
in most regions reached 8-16%/8-day, demonstrating that flash droughts in the East Asian monsoon
region are equally characterized by abruptness and explosiveness. The causes of the aforementioned
spatial heterogeneity may be attributed to regional differences in hydrothermal configurations and
crop phenological stage sensitivity. On one hand, the North China Plain experiences high
evapotranspiration demand and insufficient precipitation during spring [49], readily leading to
persistent soil moisture deficits; on the other hand, although the Middle-Lower Yangtze Plain has
relatively ample moisture conditions, it can rapidly transition to a high-temperature, low-
precipitation regime under the dominance of the subtropical high-pressure system, thereby
triggering short-duration flash droughts [50]. Furthermore, Yuan et al. noted that the enhanced
atmospheric evaporative demand under global warming is accelerating flash drought occurrence
[51], which resonates with the observed phenomenon of increasing development rates against the
backdrop of north—south differentiation in this study.

The study further revealed significant differences in the flash drought risk borne by different
crops: rice systems face “high-frequency shock” risks, with the highest event frequency but limited
individual event intensity and cumulative deficit; whereas rainfed and rotation systems face
“intensity-cumulative” risks, with fewer occurrences but markedly higher severity and duration.
This finding deepens the understanding of flash drought impacts on agriculture.Shi et al.(2025), in
their global-scale study of flash drought impacts on agricultural regions, noted that rainfed maize
and wheat are primarily affected by droughts of moderate duration, whereas rainfed rice is more
sensitive to short-duration droughts. This aligns with the inter-crop risk structure differences
observed in the present study. The physiological mechanisms underlying the differential crop
responses to flash droughts may be related to root depth and phenological stage. Previous studies
have demonstrated that shallow-rooted vegetation is more sensitive to rapidly developing flash
droughts [52]; rice systems possess relatively shallow root systems and respond rapidly to short-term
moisture deficits but also recover quickly, thus manifesting a high-frequency, low-intensity pattern;
whereas the critical reproductive growth stages (e.g., jointing to heading) experienced by rainfed and
rotation systems are extremely sensitive to moisture stress, and once flash droughts occur, prolonged
cumulative damage is readily incurred.

4.2. Differences in SIF-GPP Responses and Crop-Specific Divergence

The temporal difference (approximately 6-9 days) in SIF and GPP responses to flash droughts
is, in essence, an external manifestation of the temporal decoupling between the light reactions and
dark reactions of photosynthesis. SIF, serving as a probe of the actual photochemical efficiency of
Photosystem I, can capture the signal of suppressed light energy utilization at the instant of stomatal
conductance decline and VPD elevation [53]. In contrast, the carbon assimilation process (dark
reactions) represented by GPP lies downstream of photosynthesis and is not only directly affected by
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stomatal limitation but also subject to cascading regulation by downstream processes including
carboxylation efficiency, RuBP regeneration capacity, and metabolic substrate supply, resulting in a
physiological lag in its response [54]. This interpretation is highly consistent with the flux
observation-based conclusions of Mohammadi et al. (2022), who similarly found that SIF is capable
of emitting drought stress signals 2-3 weeks before GPP decline [55] . The present study further
refined the quantification of this temporal difference to 6-9 days and confirmed its stability across
different cropping systems in the East Asian monsoon region, thereby further supporting the
applicability of SIF as an early indicator of flash droughts.

This fundamental “rapid SIF response—slow GPP response” structure exhibited divergent
characteristics across different cropping systems, reflecting the physiological differences in water
stress adaptation strategies among cropping systems. In rice systems, SIF responded fastest and GPP
lag was shortest, which is intimately related to their physiological architecture of shallow root
systems and high stomatal conductance: stomata close rapidly to prevent water loss, but
simultaneously lead to reduced light energy utilization efficiency and impaired carbon assimilation
[56]. This resonates with the observations of Yang et al. (2024) in paddy ecosystems—that the
physiological response of rice to atmospheric drought is extremely rapid, yet the recovery of
photosynthetic capacity is also relatively swift. By contrast, the pronounced GPP delay in rainfed
systems may signify the involvement of non-stomatal limitation factors [54]. Li et al. (2023) noted that
C4 crops such as maize can sustain their carbon assimilation rates for a period through osmotic
adjustment and mobilization of carbon reserves under drought stress, thereby delaying the
substantive decline in GPP. Although this physiological buffering capacity masks losses in the short
term, it may also lead decision-makers to misjudge the severity of drought.

The response characteristics of rotation systems highlight the role of temporal configuration in
cropping system design. The winter wheat-single-season rice rotation (WW-SSR) exhibited the
longest SIF response time and the most pronounced GPP lag, revealing the amplifying effect of the
crop transition period on moisture stress: during the fallow interval between winter wheat harvest
and single-season rice transplanting (approximately 15-30 days), the land surface lacks vegetation
cover, and soil moisture is substantially lost through evaporation, placing the system in a state of
fragile equilibrium [57]. If flash drought strikes at this juncture, the root system of the succeeding rice
crop at the time of transplanting has yet to be fully developed, its capacity to sense soil moisture
deficit is weak, and ABA signal transduction efficiency is low, preventing the timely activation of
physiological response mechanisms, which is manifested as a significantly delayed SIF response time
[58]. By the time roots become gradually established and capable of perceiving the stress, soil
moisture has already been severely depleted, and the crop has entered an irreversible phase of
damage. In contrast, the winter wheat-maize rotation (WW-M), also a rotation system, did not exhibit
a significant response delay, owing to the high continuity of its crop transition —summer maize is
immediately relay-planted following winter wheat harvest with virtually no bare-soil period,
establishing an effective relay in soil moisture utilization that mitigates the impact of moisture stress.
This comparison reveals that the vulnerability of cropping systems depends not only on the inherent
physiological attributes of the crops themselves but also critically on the temporal configuration of
the cropping system.

4.3. Recovery Driving Mechanisms Revealed by the SHAP Model

Based on the SHAP interpretable model, this study quantitatively revealed the driving
mechanisms by which flash droughts affect crop photosynthetic recovery, highlighting the critical
dominant role of phenological stage in agricultural flash drought assessment and elucidating the
hierarchical nature and system specificity of driving factors. This conclusion is highly consistent with
the global-scale study by Shi et al. (2025), which confirmed that the regulatory role of phenological
stage on flash drought damage is significantly higher than that of traditional indices such as intensity
and duration, and proposed a hierarchical framework of phenological stage > drought process
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characteristics > agricultural management [59], jointly corroborating the central position of
phenological timing in agricultural flash drought impact assessment.

This study found that the contribution weight of the month of drought occurrence to
photosynthetic recovery exceeded those of Sev and Duration (Figure 14), providing supplementary
insights to conventional drought research [60]. Annual crops possess strictly irreversible
phenological progressions, and the coupling of stress periods with physiologically vulnerable
windows serves as a key amplifier of impact magnitude. A moderate flash drought occurring during
the critical reproductive stage (heading to grain filling) impedes the photosynthetic system and yield
to a far greater extent than a high-intensity drought occurring in the late vegetative stage. This result
supports the high temporal heterogeneity of vegetation drought responses proposed by Li et al.
(2023), and provides a basis for the quantification and weighting of “phenological windows” in
regional cropping systems.

Under the dominance of phenological timing, flash drought development rate and duration
jointly modulate the degree of damage. This study demonstrated that DC is of greater importance
than Sev, consistent with the proposition by Otkin et al. (2018) that rapid onset constitutes the core
hazard-inducing property of flash droughts. Rapid development compresses the windows for crop
physiological adjustment and management intervention, triggering instantaneous responses such as
stomatal closure and Photosystem II damage; sustained stress depletes available soil water, leading
to osmotic regulation imbalance, carbon reserve exhaustion, and diminished recovery potential. The
extraordinary flash drought in the Yangtze River Basin in 2022 corroborated the aforementioned
cumulative effects and positive feedback mechanisms [61]. The dual high sensitivity of rice to both
DC and Duration originates from the inherent contradiction between its high root oxygen demand
and high transpiration requirements, which are legacies of its aquatic adaptation.

The response differences among different cropping systems originate from their distinct
physiological characteristics and management practices. Due to its well-developed aerenchyma, high
root oxygen demand, and adaptation to prolonged waterlogged conditions, rice suffers significant
root and photosynthetic system damage upon water withdrawal [62]; double-season rice, with its
compact growth cycle and insufficient recovery redundancy, exhibits even higher sensitivity [63].
Winter wheat is extremely sensitive to spring drought, stemming from the irreversible physiological
investment during the vernalization-to-reproductive transition, with stress readily causing floret
degeneration and weak resilience. Maize, as a C4 crop, pairs high photosynthetic efficiency with high
transpiration, rendering it particularly vulnerable to rapidly developing droughts (high DC).
Rotation systems have low tolerance to sustained drought, as the preceding crop depletes deep soil
water, elevating the moisture deficit baseline for the succeeding crop, while overlapping phenological
windows extend the risk exposure period [64].

4.5. Limitations and Future Perspectives

This study conducted a systematic analysis of flash drought characteristics and crop response
mechanisms across the North China Plain and the Middle-Lower Yangtze Plain; however, three
aspects of limitations remain. First, although the multi-source soil moisture data underwent error
assessment via the Triple Collocation method, the SMCI1.0 time series extends only to 2022, and
minor discrepancies persist between reanalysis datasets and in-situ observations, which to some
extent affect the level of refinement in flash drought identification. Second, the study did not
incorporate anthropogenic agricultural activity factors such as irrigation, fertilization, and cultivar
breeding, yet given that the study area constitutes China’s core grain-producing region where human
intervention significantly regulates crop flash drought response and recovery, a complete elucidation
of flash drought ecological effects under natural-anthropogenic coupling remains challenging. Third,
only the historical characteristics and impacts of flash droughts during 2001-2024 were analyzed,
without integrating climate model projections for future scenario-based flash drought evolution
prediction, thus lacking a forward-looking analysis of flash drought risk under climate change.
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Future research may pursue in-depth investigation along three directions: first, integrating
multi-station in-situ soil moisture observations from the study area to optimize multi-source soil
moisture data fusion methods and enhance the accuracy and resolution of flash drought
identification and spatiotemporal trajectory characterization; second, establishing a natural-
anthropogenic coupled analytical framework that incorporates human activity indicators such as
irrigation intensity and cropping system adjustments to quantify the synergistic contributions and
interactions of natural and anthropogenic factors on flash drought formation and crop response; and
third, combining CMIP6 and other climate model outputs to simulate the spatiotemporal evolution
trends of flash droughts under different carbon emission scenarios, to reveal the potential impacts of
future flash droughts on photosynthesis and yield of major crops, and to propose targeted adaptation
strategies.

5. Conclusions

This study investigated the spatiotemporal characteristics of flash droughts in the North China
Plain and the Middle-Lower Yangize Plain of China and their impacts on crop photosynthetic
recovery. The principal conclusions are as follows: flash drought events exhibited pronounced
regional differences in frequency, duration, and development rate, with the southern Middle-Lower
Yangtze Plain and the central North China Plain characterized by high frequency and high intensity
versus prolonged duration, respectively; SIF signals and GPP data demonstrated that different
cropping systems exhibit temporal differences in their response mechanisms to flash droughts,
presenting a “rapid SIF response—lagged GPP recovery” pattern that offers a new perspective for
proactive early warning; the multi-data source fusion and Random Forest model employed in this
study provided quantitative analysis of driving factors, preliminarily revealing the key variables in
the drought progression, although data limitations and regional representativeness issues require
further refinement in future research; moreover, this study contributes to deepening the
understanding of rapid drought response mechanisms while providing scientific reference for
regional agricultural disaster prevention and food security management. In summary, this study
conducted a relatively systematic analysis of flash drought events based on multi-source data and
analytical methods, and delineated clear directions for future research. Future in-depth investigations
hold the promise of further enhancing the sensitivity and accuracy of regional drought early warning
systems, thereby better serving agricultural production and ecological environmental protection.
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Abbreviations

The following abbreviations are used in this manuscript:

FD Flash drought

RZSM Root zone soil moisture

SSR Single-season rice

DSR Double-season rice

WW Winter wheat

M Maize

WW-M Winter wheat-maize

WW-SSR Winter wheat-single-season rice

TC Triple Collocation

EDF Empirical Distribution Function

SHAP Shapley Additive Explanations

GOSIF Global dataset of solar-induced chlorophyll fluorescence
GprpP Gross primary production

ECMWEF European Centre for Medium-Range Weather Forecasts
GLEAM Global Land Evaporation Amsterdam Model

SMCI1.0 Soil Moisture of China by in situ data, version 1.0

CCD China Crop Dataset
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