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Drought-flood abrupt alternation (DFAA) is a regional phenomenon characterized by spatiotemporal propagation
continuity within the climate system’s dynamic evolution. Previous studies have typically examined the temporal
or spatial dimensions of DFAA in isolation, overlooking its inherent spatiotemporal continuity and ecological
consequences. This study proposes a novel three-dimensional identification method for drought-to-flood (DTF)
and flood-to-drought (FTD) events in the Pearl River Basin. Key spatiotemporal features—duration, area, in-
tensity, centroid, and migration direction—are quantified, and vegetation responses are evaluated using
anomalies in fractional vegetation cover (FVC), normalized difference vegetation index (NDVI), and net primary
productivity (NPP). The method proves highly applicable, identifying 47 DTF and 52 FTD events during
1979-2018. Among these, 41 DTF and 39 FTD events migrated predominantly westward. DTF events showed
longer migration durations (mean: 4.7 months) and larger affected areas (mean coverage: 66 %) than FTD events
(4.0 months; 57 % coverage). Spatiotemporal centroids were concentrated in the central basin from February to
April for DTF and July to September for FTD. Vegetation response was characterized by rapid FVC/NDVI reaction
to DTF (1-2 months lag) but delayed response to FTD (6-8 months lag), whereas NPP showed consistently low
sensitivity with a 7-month lag to both. DTF exerted stronger inhibition on vegetation than FTD; over time, FVC/
NDVI suppression weakened, while NPP displayed increasingly positive responses. This study provides a new
approach for analyzing DFAA evolution and reveals distinct vegetation response mechanisms.
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1. Introduction greater harm to both human society and the environment, such as

overwhelming water management systems, devastating crop yields, and

Drought and flood disasters are the most common natural disasters,
causing approximately $40 billion in economic losses to global economy
each year (Gao et al., 2019). Meanwhile, climate change, by accelerating
hydrological cycles and inducing droughts and floods with higher fre-
quency and stronger intensity, has also increased the risk of more
frequent and intense Drought-Flood Abrupt Alternation (DFAA) events
(Gao et al., 2022; Hirabayashi et al., 2010; Rahmani and Fattahi, 2023;
Tan et al., 2023). As a composite disaster, a DFAA event depicts the
abrupt transition between drought and flood conditions within a brief
timeframe, forming a typical disaster chain derived from the rapid
succession of these two extreme meteorological hazards (Wu et al.,
2006; Zhao et al., 2020; Zhou et al., 2023). These events often cause
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triggering secondary disasters like landslides, compared to single
drought or flood events (Zhang and Wang, 2022). Therefore, studying
the dynamics of DFAA events and their impacts on the ecological system
is of great significance for disaster prevention and mitigation.

In recent years, growing scientific attention has focused on DFAA
events, driving significant methodological advancements in their iden-
tification. To accurately identify these events, various indices have been
constructed, such as the long-cycle DFAA index (LDFAI), standardized
drought-wetness abrupt alternation index (SDWAI), and daily-scale dry-
wet abrupt alternation index (DWAAI), among others (Ren et al., 2023;
Shan et al., 2018; Tu et al., 2022). These indices have evolved to cover
different time scales, ranging from seasonal and monthly scales to daily
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assessments. Additionally, the intensity and speed of alternation have
been defined, and the accuracy of DFAA event recognition is continu-
ously improving (Wang et al., 2021a; Wang et al., 2024b; Yu et al.,
2024). While these indices have advanced DFAA identification, most are
based on a single meteorological or hydrological variable and thus may
not fully capture the complex interactions between atmospheric and
terrestrial water processes during DFAA events (Rezvani et al., 2023;
Tabari et al., 2021). Therefore, in this study, we select the multi-factor
standardized DFAA index (MSDFI). The MSDFI is uniquely suited for
this study as it integrates these three key variables—precipitation,
evapotranspiration, and soil moisture—across multiple temporal scales
using a copula function (Bai et al., 2024). This multivariate and multi-
scale framework makes the MSDFI particularly suitable for robustly
identifying DFAA events and enables an in-depth investigation into the
dynamic evolution processes of both drought to flood (DTF) and flood to
drought (FTD) transitions.

Following the identification of DFAA events, researchers have pri-
marily focused on analyzing their temporal and spatial distribution, as
well as their evolution (Shi et al., 2021; Zhao et al., 2022). For example,
Su et al. (2024) employed the entropy weighting method to determine
the intensity characteristics of daily DFAA events, analyzing the tem-
poral and spatial distribution, as well as the development trends in the
frequency and intensity of DFAA events across mainland China. Liu et al.
(2023), using DFAA events identified through streamflow data, devel-
oped a DFAA risk assessment model to assess the intensity, frequency
and risk of DFAA events in the Dianchi Basin, highlighting their spatial
and temporal differences. Bi et al. (2023) compared the spatial coverage
and frequency of DFAA events across 10 Chinese watersheds of varying
ages, utilizing the proposed multi-indicator daily DFAA determination
method. While these studies have advanced the understanding of DFAA
events, they typically treat spatial and temporal dimensions in isolation
(Cui et al., 2025; Nie et al., 2025; Yang et al., 2022). However, DFAA is
inherently a continuous and dynamic process that evolves simulta-
neously in both space and time. Analyzing these dimensions separately
may overlook the integrated spatiotemporal behavior and migration
pathways of events. Therefore, to comprehensively capture the full life
cycle and dynamic evolution of DFAA events, this study adopts a three-
dimensional method. This approach allows for a holistic analysis of
event duration, spatial extent, and trajectory within a unified structure,
providing deeper insights into the connected nature of DFAA processes.

In the field of three-dimensional spatio-temporal research, numerous
scholars have made pioneering contributions to understanding the dy-
namic evolution mechanisms of natural disaster events. Li et al. (2022a)
developed a spatio-temporal analysis method. Specifically, this method
integrates the three-dimensional features of time, latitude, and longi-
tude to analyze the spatial distribution and evolution characteristics of
the dry-wet structures in the Huai River basin. However, they did not
further analyze the spatial-temporal migration paths of wet-dry alter-
nation events. Compared to conventional two-dimensional methods that
primarily examine spatial distribution or temporal variation in isolation,
the three-dimensional spatio-temporal analysis method offers signifi-
cant advantages in capturing the continuous evolution of disaster
events. This approach enables the identification of complete event tra-
jectories, which are essential for understanding the dynamic behavior of
DFAA events. Recent studies have demonstrated the efficacy of this
method in delineating the migratory pathways of drought events (Li
et al., 2025; Wang et al., 2024a; Yang et al., 2024; Yang et al., 2025). For
example, Feng et al. (2024) established a three-dimensional parameter
system containing trajectory, direction and distance from the perspec-
tive of propagation of meteorological drought to agricultural drought.
The three-dimensional spatio-temporal analysis method has proven to
be an effective tool for tracking the spatio-temporal propagation tra-
jectory of disaster events. It provides novel research that enables a
deeper understanding of the evolution mechanism of DFAA events.

Moreover, the impacts of DFAA events on vegetation have thus far
received relatively little attention, despite their critical significance for
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ecosystem stability and agricultural security. Most existing studies have
focused on the consequences of individual drought or flood events.
However, the ecological ramifications of DFAA are likely to be more
severe and complex than those of isolated extremes, as vegetation is
subjected to successive hydrological stresses under rapidly alternating
conditions (Huang et al., 2019; Qian et al., 2023; Xiong et al., 2020; Zhu
et al., 2020). For instance, Xiong et al. (2019) discovered that DFAA
events led to a greater reduction in rice yield than a single drought or
flood event. Similarly, Liu et al. (2024) found that the impact of prior
drought on rice physiology during DFAA events depended on its in-
tensity. A subsequent flood had an antagonistic effect following mild
drought but synergistically exacerbated the damage after moderate or
severe drought. However, it should be noted that drought and flood
events are not stationary. The research approach mentioned above,
which depends on planting experiments, has limitations: it is restricted
to specific regions and subjects. Consequently, it is difficult to fully
reveal the impacts of DFAA events across different spatial and temporal
scales.

The rapid advancement of satellite remote sensing technology in
recent years has provided crucial technical support for the dynamic
monitoring of the physiological state of disaster-affected vegetation
across various spatial and temporal scales. Remote sensing vegetation
indices, such as solar-induced chlorophyll fluorescence (SIF) and the
normalized difference vegetation index (NDVI), have been used to study
the impact of DFAA events on vegetation across long time series and
large spatial scales (Shi et al., 2022; Shi et al., 2024). However, different
vegetation traits exhibit varying responses to drought and flood di-
sasters, and a single vegetation index is insufficient to fully analyze the
impacts of DFAA events (Wang et al., 2021b; Wang et al., 2025b).
Therefore, this study will utilize NDVI, fractional vegetation cover
(FVC), and net primary productivity (NPP) to investigate the effects of
DFAA events. Among them, the NDVI, by measuring the ratio of near-
infrared to red light wavelengths, provides a robust measure of vege-
tation greenness, photosynthetic activity, and biomass conditions
(Huang et al., 2020). The FVC quantifies the proportion of the vertical
projection area of vegetation to the unit area, directly reflecting the
spatial extent of vegetation canopy and describing the spatial distribu-
tion of vegetation cover (Yan et al., 2022). The NPP reflects the ability of
plants to fix atmospheric carbon through photosynthesis and convert it
into biomass, serving as an essential indicator of carbon sequestration
capacity and ecosystem productivity (Chen et al., 2021). By using
multiple representative vegetation indices, the impact of DFAA events
on the vegetation ecosystem can be more comprehensively revealed.

This study takes the Pearl River Basin, the largest river basin in
southern China and the location of the Guangdong-Hong Kong-Macao
Greater Bay Area-one of China’s most economically dynamic regions-as
a case to conduct relevant research, with the goal of enhancing regional
disaster prevention and mitigation capabilities and safeguarding sus-
tainable economic development. This study proposes a method for
identifying three-dimensional DFAA events and evaluates their impact
on the vegetation ecosystem. First, identify DFAA events using a three-
dimensional clustering algorithm. Then, analyze the spatiotemporal
characteristics of DFAA events, including duration, area, intensity,
spatiotemporal centroid, and migration direction. Finally, examine the
changes in vegetation indices in the affected areas during each DFAA
event and determine the response time of different vegetation indices to
these transitions. The findings will deepen the understanding of the
dynamic evolution of DFAA events and their impacts on vegetation,
thereby contributing to the realization of the aforementioned research
objectives.
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2. Materials and methods
2.1. Study area and data

2.1.1. Study area

The Pearl River Basin (21°31-26°49'N, 102°14'-115°53'E), located
in southern China, is one of the world’s most significant river systems
(Fig. 1). The Pearl River Basin (PRB) is the largest river basin in southern
China, and its lower reaches form the Pearl River form the Guangdong-
Hong Kong-Macao Greater Bay Area, which is currently the most
economically dynamic region in China (one of the world’s most
renowned bay areas). As a globally representative humid climate zone, it
features complex geographical conditions and distinctive hydrological
characteristics. The PRB is dominated by a monsoon-influenced climate,
encompassing an area of approximately 453,690 km?, with an annual
precipitation ranging from 1,500 to 2,400 mm (Zhang et al., 2018). Its
diverse topography, spanning from mountainous regions to plains,
coupled with dense vegetation sustained by warm and humid climatic
conditions, makes the PRB a critical area for studying global climate
change and hydrological extremes.

2.1.2. Meteorological and soil moisture data

This study employs the standardized deficit moisture index (SDMI) to
quantify drought and flood conditions. The SDMI is constructed by
integrating the standardized precipitation evapotranspiration index
(SPEI) and the standardized soil moisture index (SSMI). The SPEI is
derived from the water deficit/surplus series (precipitation minus po-
tential evapotranspiration). A suitable probability distribution is fitted
to the series, and the cumulative probability is then transformed into a
standardized index using the inverse standard normal distribution.
Similarly, the SSMI is obtained by fitting an appropriate distribution to
the soil moisture data and applying the same normalization procedure.
Meteorological data for calculating SPEI were obtained from the China
Meteorological Forcing Dataset (CMFD) developed by Tsinghua Uni-
versity, which covers the period from January 1979 to December 2018
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with a spatial resolution of 0.1° and a temporal resolution of 3 h (He
et al., 2020). Soil moisture data for SSMI were derived from the ERA5-
Land reanalysis dataset provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF), featuring a spatial resolution of
0.1° and a monthly temporal resolution (Munoz-Sabater et al., 2021).

2.1.3. Remote sensing vegetation data

To assess the ecological impacts of DFAA events on vegetation, three
remote sensing vegetation parameters were utilized: FVC, NPP, and
NDVI. FVC and NPP data were obtained from the Global Land Surface
Satellite (GLASS) products, developed by the College of Global Change
and Earth System Science at Beijing Normal University (Liang et al.,
2021). These products are generated through multi-source remote
sensing data fusion and optimized using machine learning algorithms,
and they are widely recognized within the international Earth obser-
vation community (Jia et al., 2019; Yu et al., 2018). The GLASS dataset
spans from January 1982 to December 2018 with an 8-day temporal
resolution and a spatial resolution of 0.05°. NDVI data were acquired
from the Peking University Global Inventory Modeling and Mapping
Studies NDVI (PKU GIMMS NDVI) dataset, which addresses sensor
radiometric degradation and volcanic aerosol interference in Advanced
Very High-Resolution Radiometer (AVHRR) data, making it suitable for
long-term vegetation monitoring (Li et al., 2023). The PKU GIMMS
NDVI dataset covers January 1979 to December 2018 with a biweekly
temporal resolution and a 1/12° spatial resolution. The FVC and NDVI
datasets were temporally aggregated to a monthly scale using the
maximum value composite method to minimize the impact of clouds and
atmospheric contamination. The monthly NPP data were synthesized
using an accumulation method to represent the total productivity over
each month. All datasets were spatially resampled to a 0.1° resolution
via bilinear interpolation to ensure consistency in the analysis.

2.1.4. Land use data
The land cover classification data were sourced from the “Annual 30-
m Land Cover Dataset of China (1985-2023)” (Yang and Huang, 2021).
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The 2018 data from this dataset, which provides spatial classifications of
a 30-meter resolution, were used in this study. Four land cover type-
s—cropland, forest, shrub, and grassland—were selected to discuss land-
use patterns associated with vegetation dynamics. The data sources are
listed in Table 1.

2.2. Identification and characterization of three-dimensional DFAA
events

2.2.1. Multi-factor standardized DFAA index

In this study, the calculation of DFAA event characteristics is based
on the SDMI time series. The SDMI is constructed based on the joint
distribution of the standardized precipitation evapotranspiration index
at the response timescale (SPEI-RT) and the one-month standardized soil
moisture index (SSMI1). RT denotes the response time (in months) of
soil moisture dryness/wetness to meteorological dryness/wetness. For
each pixel, the RT is determined as the timescale n at which the Pearson
correlation coefficient between the SPEI-n (SPEI at different timescales)
and SSMI1 is maximized. This optimal timescale n is then designated as
the RT for that pixel. The SDMI is derived by applying the inverse normal
transformation to the joint probabilities of drought and flood conditions,
which are defined by a copula function as:

SDMlirought = ¢ (Parougne) = ¢~ [(PX <x, Y <y)] =97 [Cwv)] (1)

SDMIﬂood = '(ﬂ-l (pﬂood) = '(/’-1 [(P (X > X, Y > .Y)]
=-¢p ' [1l-uv + C(u, v)| ()]

SDMI = SDMIgroughe < 0 and SDMlggeq > O 3

where ¢! is the inverse standard normal distribution function; X an-
d Yrepresent the univariate thresholds of SPEI-RT and SSMI1, respec-
tively; u and v are their cumulative distribution functions; and C(u, v) is
the selected optimal copula function from candidate functions that
included the Gaussian copula, t copula, Gumbel copula, Frank copula,
and Clayton copula. The SDMI value integrates both components, with
SDMI < 0 indicating drought conditions and SDMI > 0 indicating flood
conditions.

The multi-factor standardized DFAA index (MSDFI), which is derived
from the SDMI series using the following structural formula, is employed
specifically to identify the occurrence and type of abrupt transition
events. The MSDFI integrates precipitation, evapotranspiration, and soil
moisture factors, thereby establishing a stronger linkage with vegetation
dynamics. Additionally, the index’s multi-time scales can effectively
match the lagged response characteristics of vegetation to water stress
events. An abrupt alternation between drought and flood conditions in
the same pixel, with SDMI values of adjacent units exhibiting significant
differences, is defined as drought to flood abrupt alternation or flood to

Table 1
Data and indicators used in this study.

Data type Data sources

Meteorological data China Meteorological Forcing Dataset
(CMFD) (https://data.tpdc.ac.cn)

European Centre for Medium-Range Weather
Forecasts (ECMWF) (https://cds.climate.
copernicus.eu)

Global Land Surface Satellite (GLASS)
products (https://www.glass.umd.edu)
Peking University Global Inventory Modeling
and Mapping Studies NDVI (PKU GIMMS
NDVI) dataset (https://zenodo.org/records
/8253971)

Annual 30-m Land Cover Dataset of China
(https://zenodo.org/records/4417810)
Resource and environment science and data
center. (https://www.resdc.cn)

Soil moisture data

Net Primary Production (NPP),
Fractional vegetation cover (FVC)

Normalized difference vegetation
index (NDVI)

Land use data

Digital elevation model (DEM)
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drought abrupt alternation. A brief description of the DFAA identifica-
tion formula for pixel is as follows:

SDMI,. gt - SDMI;
2

|SDMI,, g7 - SDMI|

MSDFI =
R

1+ )i =1,2, ..., n)

C)

where SDMI, is the SDMI value of the iy, time series of the pixel, and
SDMI; gy is the SDMI value of the i + RTy, time series of the pixel, R is
the deviation between the maximum and minimum SDMI values in the
pixel, and n is the length of the sequence. When MSDFI > 0.5, a drought
to flood (DTF) event occurs in the pixel; when MSDFI < — 0.5, a flood to
drought (FTD) event occurs in the pixel.

2.2.2. Identify three-dimensional DFAA events

After identifying the DFAA events, we used a three-dimensional
spatiotemporal clustering method to extract the three-dimensional
DFAA events. The method is based on the MSDFI index to construct a
three-dimensional space, and then spatial density clustering is applied to
obtain event clusters. Next, temporal associations between adjacent
month events are established, and finally, the complete three-
dimensional DFAA events are extracted. The specific steps are as fol-
lows (Fig. 2):

1) Construction of a three-dimensional data space. Based on the
monthly MSDFI dataset, separate the pixel points where DTF (MSDFI >
0.5) and FTD (MSDFI < -0.5) occur. And then construct the MSDFI
spatial maps for DTF and FTD events in chronological order, using
longitude, latitude, and time as the three coordinate axes.

2) Extraction of spatial DFAA event clusters. The DFAA events
identified through multi-factor integration (precipitation-evapotranspi-
ration-soil moisture) demonstrate spatially dispersed patterns. To
spatially associate the identified event pixels within the same month that
exhibit either DTF or FTD, implemented the Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) spatial clustering
method. This approach effectively aggregates the discrete event pixels
into coherent clusters. DBSCAN is a density-based clustering algorithm
that forms clusters by identifying high-density regions and automati-
cally distinguishes low-density areas as noise (Hahsler et al., 2019). Its
core advantages lie in its ability to detect clusters of arbitrary shapes, its
robustness to noise, and the fact that it does not require the number of
clusters to be predefined (Schubert et al., 2017).

DBSCAN involves two key parameters: eps and minpts. Eps specify
the search radius for core points, and minpts defines the minimum
number of neighboring pixels required in the region. Different param-
eter combinations are used to train the DBSCAN model, and the per-
formance of each model is evaluated using the Davies-Bouldin index. A
lower Davies-Bouldin index score indicates better clustering perfor-
mance. Therefore, the parameter combination with the lowest Davies-
Bouldin index score was selected as the optimal parameter choice for
spatial clustering.

3) Temporal connection of DFAA event clusters. The overlapping
area between event clusters of adjacent months is used as the threshold
for temporal connection of events. In this study, two event clusters are
merged if their overlapping area exceeds Ay = 1.5 % of the study area
(approximately 58 grids). This threshold selection follows established
practices in previous studies. The pioneering work by Wang et al. (2011)
conducted sensitivity tests across different thresholds (ranging from
25,000 km? to 200,000 km?) and identified 150,000 km? (approxi-
mately 1.5 % of China’s land area) as an optimal balance. Subsequent
research by Xu et al. (2015) and other scholars (e.g., (Liu et al., 2019;
Luo et al., 2024)) has consistently demonstrated that 1.5-1.6 % of the
study area serves as a robust threshold.

2.2.3. Characteristic variables of three-dimensional DFAA events
This study defines the duration, area, intensity, spatiotemporal
centroid, and migration direction of events to describe the
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Fig. 2. Three-dimensional identification process of DFAA events. (a) Separation of DTF and FTD events. (b) Clustering of spatial pixels. (c) Overlap validation. (d)

Event extraction demonstration (taking the 1979 DTF event as an example).

characteristics of three-dimensional DFAA events.

Duration (D, in months) is defined as the number of consecutive
months during which the DFAA event migrates, that is, the height of the
three-dimensional DFAA event, as well as the number of months of
drought/flood events before and after the DFAA event (DD/FD, months).

Affected area (A, in km?) is defined as the affected area during a
DFAA event, which is the maximum projected area of the three-
dimensional DFAA event continuum on a coordinate plane. The
Affected Area Ratio (AR, %) is the ratio of the affected area to the total
area of the region.

A =NxA (x,y) (5)

AR = x 100% (6)

total

where N is the total number of grid cells affected by the projection of the
DFAA event, x and y represent the longitude and latitude of the grid cells
affected by the DFAA event, A (x, y) is the area of a single grid cell, and
Aqotal 1s the total area of the region.

The intensity of the DFAA event is defined as the intensity of the
drought/flood (DI/FI) and the intensity term of alternation (IA).

DS/FS

DI/FI = X DD/ ™
DS/FS =3 3" (ISDWI(x, ¥)|- So) ®
h— 3>, (|SDWIn/p(x, y) | + [SDWLen(x, ) |) ©

2 A

where DS/FS represent drought severity and flood severity, respectively,
defined as the cumulative sum of values beyond the 0.5 threshold during
the drought or flood period. DI/FI denote drought intensity and flood
intensity, respectively, and are calculated as the ratio of the corre-
sponding severity to the duration of the event, SDWI (x, ) is the index
value of the drought/flood event of the DFAA event for the grid cell
(x , ¥), So = 0.5, SDWIp is the index value of the last month of the
drought/flood event before the occurrence of the DFAA event for the

grid cell (x, y), and SDWIp is the index value of the first month of the
flood/drought event after the occurrence of the DFAA event for the grid
cell (x, y).The calculation process for duration and intensity is shown in
Fig.3.

The spatiotemporal centroid of the DFAA event (X, Y, T.) charac-
terizes the central location of the event. It is calculated using the
weighted average of the MSDFI to determine the spatiotemporal
centroid of the three-dimensional DFAA event.

x>, (MSDFI(x, y) ® x)

Xe= > > ,MSDFI(x,y)

v — 2«2y (MSDFI(x, y) o y) (€1V)]
T Y> MSDFI(x,y)

_ > x>, (MSDFI(x, y) o d)

> > MSDFI(x, y)

where MSDFI (x, y) is the DFAA index value of the grid cell (x, y), and
d is the month in which the DFAA event occurs for the grid cell (x, y).
The migration direction of DFAA event is defined as the direction of

................ Drought
Severity
Flood

Severity

- Drought
- Flood

Normal =

~ Threshold|

0.5

SDMI

Fig. 3. Schematic diagram of the calculation of the duration and intensity
characteristics.
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movement from the start to the end of the event, determined based on
the centroids of the event’s start and end times. If the initial centroid
direction of the DFAA event is east and the final direction is west, then
the migration direction of the DFAA event is from east to west.

2.3. Assessment of vegetation anomaly to DFAA events

To evaluate vegetation responses to DFAA events, this study analyzes
anomalies in vegetation indices within the affected areas during the
event period. This approach assesses the ecological impacts of DFAA
events on vegetation dynamics by examining spatially and temporally
corresponding deviations in vegetation indicators. Vegetation anomalies
were calculated as standardized deviations from the long-term mean and
standard deviation of each month, effectively removing seasonal trends
and isolating DFAA-induced vegetation signals (Li et al., 2022b; Mckee
et al., 1993). The formula for calculating the anomaly of the vegetation
index is:

D (X, Y d)'D (X, Y d)

Ox, y, d

AD (x, y, d) = 11

where D represents NDVI, FVC, and NPP, x and y represents the longi-
tude and latitude of the grid cell where a DFAA event occurs, d represent
the month during which the DFAA event occurs, D (x, y, d) represents
the actual vegetation index value for the DFAA event grid cell (x, y) in
monthd, D (x, y, d) and oy, , 4 are the long-term mean value and
standard deviation of the vegetation index for the specific month d from
1982 to 2018 during the study period, AD (x, y, d) represents the
deviation of the vegetation index in grid cell (x, y) during month d from
its  long-term mean. A  positive or negative value
of AD (x, y, d)reflects whether the vegetation index in month -
dincreased or decreased relative to the long-term average for that
month.

2.4. Determination of vegetation response time to DFAA events

Considering the potential lagged response of vegetation indices to
DFAA events, this study analyzed the spatial correlation between DFAA
events and subsequent vegetation anomalies. Specifically, for each
DFAA event month, we extracted the spatial distribution of MSDFI
values and compared it with the spatial distribution of vegetation index
anomalies at 1-12-month lags. A Spearman rank correlation analysis
was conducted between these spatial patterns, specifically comparing
the spatial field of MSDFI during the event month with the spatial field
of vegetation anomalies at each lagged month. The lag time associated
with the maximum spatial correlation coefficient was identified as the
vegetation response time for each event (Ding et al., 2020). The most
frequently occurring response time during DFAA events was statistically
determined as the characteristic lagged response time of the vegetation
index to DFAA events. The formula is as follows:

R; = corr (MSDFI, AD)1 < i < 12 (12)
Rr = max (R) 1 < i < 12 13)
where: R; represents the lag time correlation coefficient, with i ranging

from 1 to 12, and Ry represents the optimal lag time, which is the lag
month i with the highest correlation.

3. Results
3.1. Identified three-dimensional DFAA event
3.1.1. Characteristics of three-dimensional DFAA events

Based on the three-dimensional clustering algorithm, this study
identified a total of 99 DFAA events in the Pearl River Basin from 1979
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to 2018. Among these events, there were 47 DTF events and 52 FTD
events. Tables 2 and 3 showcase the top 10 most severe DTF and FTD
events, which are ranked according to their intensity in terms of alter-
nation. Notably, 6 out of the 10 most extreme DTF events occurred
before the 2000 s, while 8 of the 10 most intense FTD events took place
prior to the 2000 s. This clearly indicates a temporal clustering of severe
DFAA events in the earlier decades of the study period.

Fig. 4a illustrates the temporal evolution of duration characteristics
for DTF events in the PRB from 1979 to 2018. DTF events predominantly
lasted 5-6 months, with 30 % persisting for 5 months and 34 % for 6
months. A temporal shift was observed: during 1979-2004, 5-month
durations dominated, whereas post-2004, 6-month durations became
more frequent. Fig. 4b shows the evolution for FTD events. The migra-
tion durations of FTD events clustered predominantly at 2 months (27
%) and 4 months (33 %), indicating generally shorter durations
compared to DTF events. After 2004, the proportion of FTD events with
durations < 4 months increased significantly. Overall, DTF events
generally displayed longer migration durations than FTD events.
Fig. 4c depicts the mean durations for all event types; the mean values
for DTF, FTD, drought, and flood events were 4.7, 4.0, 4.4, and 3.2
months, respectively. Drought events exhibited a distinct intensification
pattern, with the average duration escalating from 4.0 months pre-2000
to 4.8 months post-2000, while flood events showed a downward
pattern, decreasing from 3.4 months to 2.9 months. A notable pattern
emerged: drought became more prolonged, whereas floods exhibited
shorter durations.

As shown in Fig. 5, DTF events affected significantly larger areas
(mean coverage: 66 %) compared to FTD events (mean coverage: 57 %).
Correlation analysis revealed strong positive relationships between
migration duration and affected area for both event types (DTF: r = 0.76;
FTD: r = 0.81, p < 0.05 for both). This indicates that longer migration
durations tend to result in more extensive spatial impacts. Moreover,
these findings are consistent with our earlier observation that DTF
events generally exhibit longer migration durations than FTD events.
The spatiotemporal characteristics displayed in Fig. 6 further show
distinct seasonal patterns. Specifically, the spatiotemporal centroid of
DTF events mainly occur from February to April, reaching its peak in
March, accounting for 57 %. In contrast, the spatiotemporal centroid of
FTD events is concentrated from July to September, with August having
the highest frequency at 35 %.

3.1.2. Spatial migration of DFAA events

Analysis of spatiotemporal migration patterns reveals distinct char-
acteristics in DTF and FTD events across the PRB (Fig. 7). The spatio-
temporal centroid of these two event types predominantly cluster in the
central region, yet exhibit systematic east-to-west propagation: 87.2 %
of DTF events (41 of 47) demonstrate concentrated westward trajec-
tories, while 75.0 % of FTD events (39 of 52) show similar directional
tendency albeit with greater spatial dispersion. The consistent direc-
tional bias implies potential predictability in extreme hydroclimatic
event propagation across the region.

The study identified representative DFAA events through an inte-
grated assessment of migration duration and alternation intensity,
selecting the top-ranked event (highest product value) as the typical
case. Event 10 was chosen as the characteristic DTF case (Fig. 8a),
exhibiting a 6-month migration duration and maximum affected area of
37.12 x 104 km?. Originating in January 1987 from the eastern PRB, the
event’s centroid displayed consistent westward movement, reaching its
peak spatial extent (17.06 x 104 km?) in April and maximum intensity
in May. The spatiotemporal centroid was geolocated at 108.02°E,
24.06°N in April. Remarkably, this event impacted approximately 83.97
% of the entire PRB, with the most prolonged effects concentrated in the
western basin.

The analysis selected Event 32 as the representative FTD case
(Fig. 8b) based on its the highest overall score. This 7-month duration
event initiated in May 2005 in eastern PRB, achieving maximum
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Table 2
The top 10 most severe DTF events and their characteristics. The first column *No.’ represents the table is sorted again by the intensity of the events.
No. Event Time Event Duration Area Drought / flood duration Drought intensity Flood intensity intensity term of alternation
(year/ month) (month) (10%km?) (month)
1 1987/01 ~ 1987/06 6 37.12 54/39 0.96 0.91 1.56
2 2010/02 ~ 2010/06 5 35.60 5.0 /3.0 1.40 1.03 1.56
3 2005/01 ~ 2005/06 6 38.71 5.8/3.1 1.24 1.19 1.54
4 2009/12 ~ 2010/01 2 7.41 48/19 1.16 1.13 1.53
5 2006/01 ~ 2006/06 6 40.68 6.0 /3.5 1.02 1.05 1.52
6 1999/02 ~ 1999/06 5 39.98 6.9/4.0 1.06 1.03 1.49
7 1980/01 ~ 1980/06 6 39.03 5.2/4.0 1.34 0.94 1.48
8 1993/01 ~ 1993/06 6 39.37 5.8/4.2 1.01 1.29 1.44
9 1981/01 ~ 1981/05 5 36.39 43/43 0.92 1.02 1.42
10 1998/02 ~ 1998/06 5 16.27 4.1/3.1 0.72 1.17 1.40
Table 3
The top 10 most severe FTD events and their characteristics. The first column "No.” represents the table is sorted again by the intensity of the events.
No. Event Time Event Duration Area Flood / drought duration Flood intensity Drought intensity intensity term of alternation
(year/ month) (month) (10*km?) (month)
1 1991/07 ~ 1991/09 3 24.51 2.2 /4.1 1.08 0.85 1.52
2 1979/07 ~ 1979/10 4 36.65 3.0/ 6.0 1.19 1.27 1.52
3 2010/05 ~ 2010/06 2 14.32 2.6/ 48 1.27 0.56 1.52
4 1994/07 ~ 1994/11 5 34.44 41/3.0 1.34 0.61 1.45
5 1996/07 ~ 1996/12 6 36.45 42/41 1.09 0.87 1.40
6 1998/06 ~ 1998/10 5 38.62 31/7.4 1.17 1.02 1.39
7 1992/06 ~ 1992/09 4 31.02 3.0/6.7 1.15 1.03 1.37
8 2005/05 ~ 2005/11 7 36.37 2.6 /7.0 1.25 0.98 1.36
9 1988/08 ~ 1988/11 4 37.00 2.3/46 1.03 0.73 1.34
10 1997,/08 ~ 1997/11 4 35.47 4.2/37 1.22 0.64 1.32
8 8
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coverage of 36.37 x 10* km?. Following its westward propagation, the
event bifurcated after reaching peak intensity and spatial extent (19.27
x 10* km?) in June. The eastern sector dissipated by September, while
the western sector persisted until November. With its spatiotemporal
centroid located at 109.52°E, 24.13°N in July, this event affected 82.28
% of the basin, demonstrating particularly dispersed spatial character-
istics compared to the DTF case, though similarly showing prolonged
impacts in western regions.

3.2. Ecological impact of DFAA events on vegetation

3.2.1. Response of vegetation anomaly to DFAA events

The correlation analysis between MSDFI and vegetation anomalies
revealed distinct response patterns of different vegetation indices to
DFAA events (Fig. 9). For DTF events, the most frequent response times
were 1 month for FVC, 2 months for NDVI, and 7 months for NPP,
indicating high sensitivity of FVC/NDVI but low sensitivity of NPP to
DTF. In contrast, FTD events led to longer response times. Specifically, it
took 6 months for FVC, 8 months for NDVI, and 7 months for NPP. This
indicates that suggesting, generally speaking, the sensitivity of vegeta-
tion to FTD is weaker. These results demonstrate that DTF events in the
PRB can have a rapid impact on vegetation coverage and physiological
status, with the effects becoming evident within 1-2 months. In contrast,
FTD impacts take a longer time, specifically 6-8 months, to manifest.

3.2.2. DFAA events-induced vegetation variation

Fig. 10 presents the proportion of positive and negative vegetation
anomalies during DFAA events, where higher negative values indicate
greater areas with vegetation indices below normal growth levels.
Analysis reveals distinct patterns between event types: DTF events
showed higher mean negative proportions (FVC: 55.41 %, NDVI: 53.96
%, NPP: 42.96 %) compared to FTD events (FVC: 47.84 %, NDVI: 49.06
%, NPP: 18.65 %). Notably, both FVC and NDVI exhibited increasing
positive proportions with later event numbers across both DFAA types,
suggesting a shift from vegetation suppression to enhancement. In
contrast, NPP displayed more complex response dynamics; its negative
impact proportions followed a bimodal fluctuation pattern, undergoing
two complete cycles of increase and decrease phases during the study
period. However, NPP predominantly showed higher-than-normal
growth levels during the DFAA events, particularly in FTD events.
Collectively, these findings demonstrate that: (1) DTF events have a
greater negative impact than FTD events; (2) the suppression effects of
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DFAA events on vegetation coverage (FVC/NDVI) are weakening; and
(3) the negative impacts on productivity (NPP) remain consistently
minor.

4. Discussion
4.1. Similarities and differences in DTF and FTD characteristics

This study analyzed the characteristics of DTF and FTD events
occurring between 1979 and 2018 in the largest basin of southern China.
It has revealed that there are significant differences in their migration
duration and spatial extent. Specifically, DTF events exhibited longer
migration durations and greater affected areas compared to FTD events.
These differences stem from fundamental contrasts in their underlying
hydrological mechanisms. For FTD events, the shift from flood to
drought is primarily driven by the gradual depletion of soil moisture

through evaporation and plant transpiration (Cui et al., 2022; Zhang
et al., 2023). This moisture loss process tends to occur relatively uni-
formly over broad areas, especially in subtropical climates such as the
PRB. The relatively rapid rate of moisture loss in these regions con-
tributes to the faster termination of FTD events and consequently shorter
transition durations. In contrast, DTF events are typically triggered by
localized, intense rainfall systems. The propagation and sequential
movement of these rain-producing systems, influenced by atmospheric
conditions, act to prolong the DTF event duration and extend their
spatial footprint, resulting in prolonged migration durations and
broader impacts (Chen et al., 2020; Jiang et al., 2023).

The distinct seasonal timing of DTF and FTD events within the PRB
reflects the region’s monsoon climate. DTF events occur predominantly
during the early-year transition period (February-April), when rainfall
interacts with soils that have dried during the winter, triggering local-
ized drought to flood transitions (Deng et al., 2018). In contrast, FTD
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events are concentrated later in the year. During this period, although
the rainy season generally persists, the occasional dominance of high-
pressure systems can lead to temporary rainfall reduction, accelerating
soil moisture depletion and triggering FTD transitions (Wang et al.,
2023). This systematic seasonal difference highlights the basin’s distinct
hydroclimatic drivers: DTF events are primarily initiated by convective
rainfall, while FTD events result from intensified atmospheric drought
under high temperatures and diminished precipitation—a pattern
consistent with previous findings (Li et al., 2024; Qiao et al., 2022; Wang
et al., 2025a).

The consistent east-to-west progression of both DTF and FTD events
highlights the primary influence of large-scale atmospheric circulation
compared to local hydrological factors. This movement pattern is pri-
marily driven by the westward advance of the East Asian monsoon
system, which transports moisture inland from the South China Sea,
delivering precipitation systems across the basin (Zheng et al., 2017).
For DTF events, convective rainfall typically initiates in the eastern
coastal zone before moving westward along the monsoon pathway. FTD
events show a similar progression, as drought conditions develop
following the westward retreat of the monsoon rainfall and the eastward
expansion of the subtropical high-pressure system (Gao et al., 2023).

10

Furthermore, the basin’s topography, sloping from low-lying eastern
areas to higher western elevations, modulates this pattern. It enhances
rainfall in the west through orographic effects and creates delayed re-
sponses in soil moisture conditions (Lin et al., 2023).

4.2. Impact of DFAA event on different vegetation indices

Analysis of vegetation indices (FVC, NDVI, NPP) reveals varying
response times to DFAA events, confirming and extending existing
knowledge of ecosystem responses. FVC and NDVI respond rapidly to
DTF events, typically within 1-2 months, due to their sensitivity to
sudden changes like leaf loss or chlorophyll decline. This aligns with
findings of a 2-month lag for SIF in the Middle-Lower Yangtze River
Basin (Shi et al., 2024). Notably, the weaker sensitivity of NPP to DFAA
events stems from the integration of its cumulative carbon assimilation
processes, which may be buffered by biochemical inertia and physio-
logical adaptations (Li et al., 2020). In the PRB, prevalent forest cover
and carbohydrate reserves likely supported sustained carbon fixation
during drought, potentially slowing NPP decline (Sun et al., 2016; Zhou
and Zhou, 2021). This temporal offset—where structural changes pre-
cede functional responses—emphasizes the critical role of timescale in
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assessing DFAA impacts on ecosystems.

Vegetation generally shows weaker impacts and longer recovery
times (exceeding 6 months) following FTD events compared to DTF
events. This difference can be explained by seasonal plant adaptations
and contrasting environmental conditions. FTD events typically occur
during the summer-autumn peak growing season. At this time, vegeta-
tion is highly active and can utilize deep root systems to mitigate the
effects of sudden soil drying, delaying visible stress in productivity
measures. Conversely, DTF events are concentrated in spring and early
summer, coinciding with plant growth initiation. During this phase, new
foliage and developing root systems are more sensitive to water loss,
leading to rapid declines in canopy indicators like NDVI and FVC.
Furthermore, the decreasing influence of DFAA events on FVC and NDVI
over recent decades aligns with Bai et al. (2024), who reported a sig-
nificant reduction in FTD severity in the PRB after 2000. This temporal
correspondence supports our earlier finding that extreme DFAA events
were predominantly concentrated before the 2000 s (Tables 2-3).

An interesting pattern emerged regarding NPP: FTD events generally
enhanced NPP in this study, while DTF events showed variable effects.
This pattern aligns with observations by Xie et al. (2025) in the China-
Pakistan Economic Corridor (CPEC), where FTD events boosted vege-
tation productivity, but DTF events reduced it. The contrasting re-
sponses likely arise from fundamental differences in vegetation type,
climate, and soil characteristics between the two regions. The PRB is
dominated by subtropical forests with complex canopy structures and
deep-rooted trees. These ecosystems exhibit strong resilience to water
stress fluctuations (Yin et al., 2024). In contrast, the predominantly arid
to semi-arid ecosystems of the CPEC, characterized by shallow-rooted
grasses and shrubs, lack comparable adaptive capacity, making them
more susceptible to damage from abrupt shifts in water availability.

4.3. Limitations and future prospects

This study introduces a novel approach for tracking the spatial pro-
gression of DFAA events and examining their ecological consequences
during propagation, providing new insights into DFAA dynamics.
However, several limitations warrant acknowledgment. First, the
formulaic-based identification method employed constrains the ability
to capture the nuanced transition phases between drought and flood
conditions. Second, although the overall migration patterns within the
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PRB were analyzed, the migration trends in other regions remain un-
explored, and the underlying driving mechanisms require further
investigation. Finally, assessing the ecological impacts of DFAA events
remains inherently complex. Current understanding is constrained by
limited research on ecosystem responses to DFAA events and the chal-
lenge of identifying comprehensive indicators that accurately reflect
ecosystem status.

Addressing these limitations warrants targeted future research ef-
forts. First, a more nuanced understanding of DFAA event evolution
could be achieved by applying run theory to systematically identify and
characterize the distinct drought, transition, and flood phases. Second,
elucidating the underlying driving mechanisms behind spatial migration
patterns necessitates examining the patterns across diverse basins to
establish broader relevance, alongside analyzing the spatiotemporal
linkages between migration dynamics and key drivers such as atmo-
spheric circulation patterns and moisture transport pathways. Extending
the present method to other climate zones also represents a promising
direction, though it would require careful adjustment of index thresh-
olds based on regional characteristics. Finally, comprehensively assess-
ing the ecological impacts calls for developing a multifaceted indicator
system to monitor ecosystem condition, facilitating the analysis of
phase-specific impacts throughout the DFAA event progression. It is
worth noting that the ecological impacts of DFAA events may also vary
across different land use types. Future studies conducted over larger and
more evenly distributed regions would be valuable to further elucidate
these land-use-specific responses.

5. Conclusion

This study developed a novel three-dimensional clustering algorithm
to identify DFAA events, characterize their spatiotemporal evolution,
and quantify their impacts on vegetation. The main findings are as
follows:

(1) The three-dimensional identification method effectively captured
the spatiotemporal dynamics of DFAA events in the PRB. A total of 47
DTF and 52 FTD events were detected, with DTF events generally
exhibiting longer duration and larger affected areas than FTD events.
The spatiotemporal centroids of both event types were predominantly
concentrated in the central part of the basin, showing a consistent east-
to-west migration tendency.
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(2) Divergent ecological impacts were observed between DTF and
FTD events. DTF events occurring in spring had a stronger inhibitory
effect on vegetation, likely due to the higher susceptibility of newly
sprouted leaves. In contrast, FTD events in late summer resulted in
relatively weaker impacts, potentially because mature vegetation pos-
sesses stronger physiological resistance. Canopy indicators (FVC/NDVI)
responded rapidly to DTF events, whereas productivity (NPP) showed a
lagged response of up to 7 months for both event types. The inhibitory
effect on vegetation cover diminished over time, while NPP primarily
showed positive responses. (3) The three-dimensional framework pro-
posed in this study provides an effective tool for analyzing the complete
life cycle of DFAA events, identifying their propagation paths, and
assessing multi-faceted vegetation impacts. The methodology offers in-
sights for watershed water resource management and ecological con-
servation, and can be extended to other regions to investigate compound
hydrological extremes.
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