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Abstract. Hydrological extremes are continuing to intensify under climate change. However, the responses of vegetation to 

dry and wet soil moisture extremes, and the dominant drivers of these responses, have not yet been analyzed consistently. In 

this study, we utilize long-term observations of Normalized Difference Vegetation Index (NDVI) as a proxy of vegetation 10 

responses to soil moisture extremes. We then analyze related drivers with a machine-learning attribution approach to assess 

the role of pre-extreme vegetation conditions, characteristics of extremes, and of the environmental background. Vegetation 

generally loses greenness during dry extremes, indicated by widespread and consistent negative NDVI anomalies. This is 

mainly modulated by pre-extreme vegetation conditions and the characteristics of the extreme (especially seasonal timing) 

which reflect varying vegetation vulnerability. In contrast, wet extremes lead to more heterogeneous responses, including both 15 

positive and negative NDVI anomalies. This is modulated by multiple aspects including pre-extreme vegetation conditions, 

the characteristics of the extreme (especially seasonal timing) as well as environmental background variables such as climate 

(e.g., long-term mean air temperature, aridity) and topographic variability. This illustrates that vegetation response to wet 

extremes is complex and potentially influenced by different processes. Further, regions with negative NDVI anomalies during 

extremes that are strongly modulated by environmental background indicate localized vulnerability arising from adverse 20 

climatic, soil or topographic conditions, such that vegetation stress can occur even under extremes with less severity. These 

results highlight the roles of seasonal timing and of environmental background conditions for impacts of soil moisture extremes 

on vegetation. This clarifies the predictability of ecosystem responses to hydrological extremes, and serves as a basis for related 

management planning. 

1 Introduction 25 

Vegetation function affects the exchange of carbon, water, and energy between the land surface and the atmosphere. When 

hydrological conditions are outside their normal range, these processes can be disrupted (De Luca et al., 2020). Wet and dry 

extremes alter plant water availability and can consequently affect vegetation productivity and growth which will induce 

changes to the land carbon and energy cycles. The frequency and intensity of hydrological extremes are projected to increase, 

reflected e.g. in the growing seasonal amplitude of precipitation minus evapotranspiration (P-ET) in many regions (Allan, 30 

2023), in rainfall events that are becoming more intense but less frequent (Feldman et al., 2024) and also in drying or wetting 
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soil moisture trends in different regions (Berg et al., 2016). However, their occurrence and impacts vary widely across regions 

and biomes (De Luca et al., 2020), underscoring the need to understand the regional modulation of larger-scale hydrological 

patterns. 

Dry extremes affect vegetation by inducing water stress leading to stomatal closure (Knipfer et al. 2020), decrease in carbon 35 

uptake. In severe cases, this can lead to tissue damage due to hydraulic failure or carbon starvation (Anderegg et al., 2011; 

McDowell et al., 2008; Liu et al., 2024; Chen et al., 2025; Humphrey et al., 2021). On the contrary, wet extremes have received 

far less attention despite their potential to induce comparable stress (Feddes et al., 1988; Famiglietti et al., 2021; Yang et al., 

2023, Li et al., 2019). Excessive soil moisture can directly impair vegetation through waterlogging, which can increase 

susceptibility to pathogens or fungal infection, cause root oxygen deficiency and nutrient uptake limitations (Li et al., 2019). 40 

This can lead to leaf shedding and reduced photosynthetic capacity (Kreuzwieser & Rennenberg, 2014). Meteorological 

conditions which often accompany large precipitation amounts, such as reduced radiation, strong winds, or lower temperatures, 

can further aggravate vegetation stress (Yang et al., 2023). Consequently, wet extremes can also trigger decreases in greenness 

(Jiang et al., 2019), a proxy for changes in canopy structure and leaf area. 

While the overall relevance of dry and wet extremes for vegetation functioning is clear, the spatial variability of their impacts 45 

is less understood. That is, differences between regions in terms of the magnitude or even the sign of impacts (Xiao et al., 

2025; O & Park, 2024). Insights from previous research particularly on droughts suggest that the characteristics of the dry 

extremes, including their timing, duration, and severity (Meng et al., 2024; Guisset et al., 2024), can substantially influence 

vegetation responses. The long-term climatic background and biome types also shape how ecosystems respond to dry extremes 

by determining their adaptive strategies (Vicente-Serrano et al., 2013; Li & Hu, 2024). In terms of wet extremes, site-level 50 

evidence shows that vegetation responses can be more strongly influenced by site-specific factors, such as vegetation type, 

soil characteristics, and climate conditions, rather than the severity of the extreme event itself (McCormick et al., 2025). 

Moreover, the vegetation condition prior to the extreme can influence the subsequent vegetation dynamics (so called 

“carryover effects”) and thus, the response of vegetation during hydrological extremes (Lian et al., 2021). However, the relative 

importance of these drivers remains poorly quantified, especially for wet extremes. This is partly due to a lack of global-scale 55 

analyses comparing vegetation responses to wet and dry extremes in a consistent way. 

Leveraging long-term Earth observation datasets, we provide here a global, systematic assessment of vegetation greenness 

responses to both wet and dry soil moisture extremes. We identify the key factors shaping vegetation greenness anomalies 

across regions for both types of extremes. The identification of influential factors (referred to as predictors in the following) 

in this study is challenged by inconsistencies among observational datasets and collinearity among considered predictors (Jiang 60 

et al., 2024). In order to account for this, we develop a new machine learning-based attribution approach that ensures to isolate 

relevant predictors with the most explanatory power while minimizing collinearity between considered predictors. This way, 

our approach enables a clearer separation of the roles of environmental background conditions, extreme characteristics, and 

pre-extreme vegetation conditions.  
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Specifically, in this study we address three scientific questions: (1) How does vegetation greenness respond to wet and dry soil 65 

moisture extremes globally? (2) Which factors drive the spatial variability of vegetation responses during wet and dry 

extremes? (3) Through which processes do these factors influence vegetation greenness under hydrological extremes? 

2 Data and Methods 

2.1 Identification of hydrological extremes 

Daily soil moisture data from ERA5-Land with a 0.1° resolution were used to identify hydrological extremes since soil 70 

moisture is directly related to water availability of vegetation (Liu et al., 2020). We used the thickness-weighted average soil 

moisture of the top three layers (0-100 cm). 

We define hydrological extremes based on two types of thresholds ensuring that soil moisture is extreme in terms of the overall 

time series as well as the considered season. (i) The overall threshold is selected as the 5th and 95th percentiles (for dry and 

wet extremes, respectively) of the entire soil moisture time series. (ii) The seasonal threshold is selected as the 5th and 95th 75 

percentiles (for dry and wet extremes, respectively) of the soil moisture of the respective time-of-year. For this purpose, we 

consider soil moisture data within a 15-day moving window centred on the respective calendar day and across all considered 

years. Extremes are detected when soil moisture exceeds both thresholds. 

We consider detected, consecutive extreme events as one event if soil moisture did not recover beyond the 25th or 75th 

percentiles (for dry and wet extremes, respectively) in between them. This way, not every single day of considered extremes 80 

is necessarily exceeding the overall and seasonal thresholds. We also determined the start and end of the identified extremes 

as the days when soil moisture first crossed the 95th (5th) percentile, and the last day it remained above (below) that threshold 

(See Figure S1 as an example of wet extreme identification). 

We disregarded extreme events shorter than five days. To avoid potential effects of frozen soil, we only consider data from 

days where the mean air temperature of the previous 15 days was above 2°C. Daily air temperature data used for this purpose 85 

were obtained from ERA5-Land. 

2.2 Vegetation greenness anomaly during extremes 

We utilized Normalized Difference Vegetation Index (NDVI) dataset with a 0.1° resolution from MOD13C1, while 

considering only data with the best and second best quality levels (Didan et al., 2015). The data comes from time steps of 16 

days, integrating information from multiple satellite overpasses, and we used the same value in each of the 16 days in order to 90 

convert the NDVI series to a daily resolution to match the other variables. To exclude the periods when vegetation is inactive, 

we disregard days with NDVI below 0.1. In order to study the influence of hydrological extremes on vegetation we considered 

NDVI anomalies. To calculate anomalies, we removed long-term linear trends and seasonality in each grid cell. The seasonality 

was removed by subtracting a smoothed calendar day-specific average from the detrended series, which was calculated by a 

30-day moving window centered around the considered calendar day to ensure the representative seasonality. Only when there 95 
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was more than 10% data available (72 days) in the 30-day moving window across all years, the seasonality was calculated, to 

make sure the average is representative for the specific time of the year. 

2.3 Variables used for attribution of vegetation anomalies 

To investigate the variables influencing vegetation greenness during extreme events, we considered three categories of 

potential predictors: 100 

(1) Pre-extreme Vegetation Condition: The vegetation's greenness state before the current extreme event. 

(2) Extreme Characteristics: Event-specific features such as extreme severity, seasonal timing of the extreme, 

shortwave radiation, and vapour pressure deficit (VPD) during the extreme. 

(3) Environmental Background: Grid cell properties including tree cover, short vegetation cover, deciduous 

vegetation cover, evergreen vegetation cover, aridity index, topography, soil texture, and long-term mean air temperature. 105 

When considering pre-extreme conditions, we do not use the day before the first day of the hydrological extreme, but instead 

the last 10 days before soil moisture is above the 25th or below the 75th percentile (for dry and wet extremes, respectively) in 

terms of both the overall and seasonal thresholds. This ensures that pre-extreme conditions are not already affected by the 

developing extreme. Thereby, the pre-extreme vegetation condition is calculated as NDVI percentiles to ensure comparability 

across vegetation types and to avoid overlap with NDVI anomalies, which serve as the target variable in our analysis. However, 110 

only days with soil moisture within the less extreme range were included in this calculation, which means that days with soil 

moisture exceeding the 75th percentile (for wet extremes) or below the 25th percentile (for dry extremes) were excluded. 

Extreme-event severity was quantified using the accumulated anomalies of the water availability index during each extreme. 

This index was derived from accumulating precipitation (as positive values) and evapotranspiration (as negative values) from 

the start of every year (Tramontana et al., 2016) where values are capped at zero to mimic runoff. Precipitation was taken from 115 

the Multi-Source Weighted-Ensemble Precipitation dataset (MSWEP), and evapotranspiration from the Global Land 

Evaporation Amsterdam Model (GLEAM).  

The seasonal timing of each extreme was expressed as the temporal distance between the day of the highest or lowest soil 

moisture (for wet and dry extremes, respectively) and the day of the peak of the seasonal cycle of NDVI. Negative values are 

used to represent extremes that happen before the NDVI peak, and positive values for extremes that happen later. 120 

Mean anomalies of surface shortwave radiation downwards from ERA5-Land represented radiation availability during the 

extreme, while mean VPD anomalies from ERA5-Land captured atmospheric water demand. Anomalies were calculated by 

removing the long-term linear trend and seasonal cycle from each variable. 

The environmental background was characterized by land cover information from the ESA-CCI Global Plant Functional Types 

dataset (Harper et al., 2022), which was averaged over the entire available time period. Short vegetation cover was defined as 125 

the combined fraction of grassland and shrubland cover. A spatial mask was applied to exclude grid cells that were >50% non-

vegetated, >60% cropland-dominated, or where tree, shrub, or grassland cover changed by more than 5% between 2000 and 

2022. The aridity index was calculated as the ratio of the long-term mean surface net radiation (converted to mm) to the long-
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term mean precipitation (Budyko, 1974), both derived from ERA5-Land data for 2000-2023. The standard deviation of 

elevation from the ETOPO Global Relief Model (NOAA, 2022) was used to represent topographic variability, indicating 130 

drainage conditions. Soil texture was characterized by the sand fraction from the Harmonized World Soil Database v2.0 (FAO 

and IIASA, 2023). 

2.4 Machine learning-based attribution approach 

We employed Random Forest (RF) models to attribute vegetation greenness anomalies during extremes to their drivers. The 

target variable was the mean NDVI anomalies during each extreme event. Although all aforementioned predictors could 135 

potentially influence vegetation responses, collinearity among them may bias variable importance estimates (Jiang et al., 2024). 

To address this, we adopted a predictor selection approach (an example for a specific region is also described in Supplementary 

Text T1.). 

First, we randomly selected subsets of 2, 4, 6, 8, 10, and 12 predictor variables from all 13 variables (see previous section). 

Subsets of each size were selected up to 400 times randomly, and then analysed with a RF model. For each model, we recorded 140 

(i) the out-of-bag (OOB) score expressing the explanatory power of the selected predictor variables, and (ii) the maximum 

concurvity among individual predictors expressing collinearity, where concurvity (approximated using second-degree 

polynomial functions) measures the extent to which a predictor can be explained by all other predictors (Jiang et al, 2024). 

Across RF models with the same number of predictors, only models with relatively high predictive performance (OOB score 

above the 70th percentile) and low collinearity among predictors (concurvity below the 30th percentile) were retained (Figure 145 

S2).  

In order to select the optimal number of considered predictors, we examined the increase in median OOB score across all 

retained RF models for a given number of predictors when increasing the number of predictors. Then, the optimal number of 

predictors was determined as the number where further increases of the OOB score were less than 10% (Figure S3). Further, 

to measure the relevance of each predictor, we counted the number of considered RF models in which it ranked in the top half 150 

of all predictors as determined by permutation importance. 

We applied the algorithm to all identified wet or dry extremes in a climate reference region defined by the Intergovernmental 

Panel on Climate Change (IPCC) (Iturbide et al., 2020). Only regions with more than 2000 extremes were considered for 

further analysis to ensure enough samples for the attribution analysis (4 regions were excluded for wet extremes and 7 for dry 

extremes). And only extremes with negative NDVI anomalies were considered (additional analyses considering any NDVI 155 

anomaly response were also performed for test purposes). The average OOB score and concurvity for the chosen models in 

each region are shown in Figure S4 (Figure S5 is the same, but for models for extremes with both negative and positive NDVI 

anomalies). 

Partial dependence plots (PDPs) were used to investigate the relationship between individual predictor variables and NDVI 

anomalies during extremes. As representative case studies, the two regions with the most negative NDVI anomalies during 160 

wet or dry extremes were selected (Figure S6). 
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3 Results 

3.1 Regionally clustered and shorter wet extremes versus widespread and longer dry extremes 

Wet extremes are more spatially concentrated (cf. Figure 1a and 1c), whereas dry extremes occur more broadly and uniformly 

across regions and typically last longer (cf. Figure 1b and 1d). 165 

Hotspots of wet extremes are located in the eastern North America (ENA), eastern and southern South America (NES, SES), 

central and southern Africa (CAF, WSAF, ESAF), and boundary of Tibetan Plateau (TIB) and eastern Asia (EAS) (Figure 1a). 

In contrast, dry extremes are more frequent in eastern North America (ENA), eastern and southern South America (NES, SES), 

and east southern Africa (ESAF), and they broadly affect NDVI across Europe (NEU, WCE, MED) (Figure 1c). On average, 

dry extremes persist longer (mean = 34.3 days) than wet extremes (mean = 19.7 days). We note that a filter was applied to 170 

ensure sufficient NDVI data to represent vegetation responses during multiple phases of each considered extreme event (see 

Supplementary Text T2). The most common reason for excluding an event was insufficient NDVI data availability (Figure 

S7). 

 
Figure 1: Number and duration of wet and dry extremes. (a), (b) are for wet extremes and (c) (d) are for dry extremes. The results are 175 
coarsened to 0.2° spatial resolution for visualization. Depicted regions are according to the IPCC climate reference regions (Iturbide et al., 
2020) 
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3.2 Vegetation responses to hydrological extremes vary in both magnitude and direction 

Vegetation responses to wet and dry extremes can result in either greening or browning, where the same region may respond 

differently across individual events (Figure 2). 180 

On average, the vegetation is greener in most regions during wet extremes. However, distinct browning signals were observed 

in eastern Europe and the boreal forests of Russia (Figure 2a). Divergent response direction to wet extremes is particularly 

pronounced in the southeastern United States (ENA), along the eastern coast of Asia (EAS), and within tropical forests (SAM, 

CAF, SEA), suggesting that many wet extremes can impose stress on vegetation. During dry extremes, vegetation generally 

exhibits browning, and the direction of response is more consistent than during wet extremes. Nonetheless, positive NDVI 185 

anomalies are observed in high-latitude regions of the Northern Hemisphere and in central Africa (Figure 2c), which may be 

because of the concurrent warmer and sunnier conditions. A part of the spatial heterogeneity of vegetation responses is 

associated with differences in vegetation types: short vegetation, including shrublands and grasslands, shows larger-magnitude 

average NDVI anomalies during extremes than tree-dominated systems (Figure S8), indicating greater sensitivity of short 

vegetation to soil moisture extremes. 190 

It is worth noting that NDVI losses during dry extremes may also reflect wildfire effects in regions prone to fire activity (e.g., 

eastern South America, boreal forest in Russia and northern Southern Africa), as dry conditions facilitate ignition and spread. 

However, the spatial pattern of NDVI anomalies does not exactly mirror global burned-area distributions (Moritz et al., 2014), 

suggesting that the detected response primarily reflects vegetation stress under soil moisture deficits rather than fire 

disturbance. 195 

While Figure 2a and 2c provide an overview of mean vegetation responses, the low consistency of NDVI anomalies across 

individual events in regions such as eastern North America (ENA), central Africa (CAF) (Figure 2b) and boreal forests in 

Eurasia (NEU, EEU, WSB) (Figure 2d) highlights that even under similar environmental conditions, vegetation responses to 

hydrological extremes can differ substantially. In particular, the highly inconsistent response direction observed in boreal and 

tropical forests underscores the complex and context-dependent nature of vegetation responses in these ecosystems. 200 
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Figure 2: Global vegetation response to wet and dry soil moisture extremes. (a,c) Average NDVI anomalies and (b,d) proportion of 
events causing below-normal NDVI (negative NDVI anomalies) during wet and dry extremes. The results are coarsened to 0.2° spatial 
resolution for visualization. 

3.3 Factors influencing vegetation responses to hydrological extremes 205 

Vegetation responses to both wet and dry extremes are jointly shaped by pre-extreme conditions, extreme characteristics, and 

environmental background in all regions. At the same time, the relevance of these factors differs regionally (Figure 3). 

Pre-extreme conditions emerge as the dominant factor explaining negative NDVI anomalies during wet extremes across most 

regions (Figure 3a). They are also important for dry extremes, though their influence is weaker in high-latitude regions of the 

Northern Hemisphere (Figure 3b). This highlights the critical role of antecedent vegetation states in modulating ecosystem 210 

responses to hydrological extremes. 

Extreme characteristics, including extreme severity, timing, energy availability, and atmospheric water demand, constitute the 

most influential category for explaining negative NDVI anomalies during dry extremes (Figure 3d). These variables also 

substantially affect vegetation responses during wet extremes, ranking as the first or second most important factor in most 

regions, except in specific tropical forests, such as those in southeastern Asia (SEA) and northern South America (NSA) 215 

(Figure 3c). 

Environmental background generally plays a less important role compared to the other two categories. However, the influence 

of environmental background is stronger (or equal) in 14 (12) out of 34 regions for wet extremes than for dry extremes. 
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Moreover, environmental background becomes more relevant when considering only negative NDVI anomalies. For wet 

extremes, its relevance increases compared with analyses including both positive and negative responses in most regions (cf. 220 

Figure 3e and S9e). A similar pattern appears for dry extremes (cf. Figure 3f and S9f), though the effect is less spatially 

extensive than for wet extremes. This suggests that environmental background conditions modulate vegetation vulnerability 

to hydrological extremes and can provide valuable context for anticipating vegetation stress. 

 
Figure 3: Relevance of pre-extreme vegetation condition, extreme characteristics and environmental background for negative 225 
vegetation responses to (a,c,e) wet and (b,d,f) dry events. Relevance is expressed as the rank of the most important variable for explaining 
vegetation greenness anomalies during extremes from each category. The top variables are ranked across categories. Note that each category 
contains a different number of variables and the attribution is based only on extremes with negative NDVI anomalies (see Data and Methods 
2.3). 
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We further show the leading variable within each category (pre-extreme conditions, extreme characteristics, and environmental 230 

background) in Figure 4. Timing of extremes (i.e., the temporal distance between the highest (lowest) soil moisture day for 

wet (dry) extremes and the day of seasonal NDVI peak) emerges as the most dominant factor from all extreme characteristics 

that drives negative NDVI anomalies during both wet and dry extremes. For dry extremes, VPD also exerts a stronger influence 

in tropical regions, whereas for wet extremes, it becomes more important in high-latitude areas. Among environmental 

variables, long-term mean air temperature is most influential during wet extremes in more regions (Figure 4b), while aridity 235 

dominates for dry extremes (Figure 4d). Other factors, such as vegetation type (deciduous or evergreen vegetation ratio), soil 

texture (proportion of sand), and topography (topographic variability), also play notable but regionally confined roles. 

The global distributions of dominant factors are similar between the wet and dry extremes when considering both positive and 

negative NDVI responses to extremes (Figure S10). For example, aridity explains whether vegetation greenness increases or 

decreases during a wet extreme, therefore becoming more pronounced when both response directions are included (Figure 240 

S10b). 

 
Figure 4: Most relevant variables for negative vegetation responses during wet (a,b) and dry (c,d) extremes in terms of extreme 
characteristics and environmental background. Multiple variables are shown in case their relevance is the same according to the ranking. 
Note that the attribution analysis is based only on extremes with negative NDVI anomalies. 245 

3.4 Regional case studies of dominant controls on vegetation responses to extremes 

We perform a case study analysis of the relationships between the NDVI response and the identified most relevant predictors 

in the two regions with the most negative NDVI anomalies during wet and dry extremes, respectively (Figure 5). For wet 
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extremes, the most affected regions are Eastern Europe (EEU) and Northern Europe (NEU), while for dry extremes, they are 

Eastern Australia (EAU) and Eastern South Africa (ESAF) (Figure S4). 250 

Higher pre-extreme NDVI percentiles, which indicate greener vegetation conditions before the event, are associated with less 

negative NDVI anomalies during both types of extremes (Figure 5a, 5c, 5h). Further, vegetation tends to experience more 

negative NDVI anomalies when extremes occur near the peak of the growing season (Figure 5d, 5f, 5g). Moreover, higher 

VPD during wet extremes (Figure 5b) and lower solar radiation (Figure 5e) during dry extremes correspond to less negative 

NDVI anomalies, highlighting that atmospheric water demand and energy availability jointly modulate vegetation responses 255 

to soil moisture extremes. 

 
Figure 5: Relationships between vegetation response and two most relevant predictor variables during wet and dry extremes, shown 
as partial dependence plots. Results are presented for the two regions with the most pronounced negative NDVI anomalies for dry and wet 
extremes, respectively. They are Eastern and Northern Europe (EEU, NEU) for wet extremes, and Eastern Australia (EAU) and Eastern 260 
South Africa (ESAF) for dry extremes (see detailed rankings in Figure S4). Each panel indicates the total number of Random Forest models 
meeting the criteria of relatively low collinearity and high explanatory power, along with the frequency with which the displayed variables 
were selected and ranked in the top half. Gray lines show partial dependence relationships from individual random forest models, while the 
bold black line represents the mean response across all models. The horizontal line denotes the mean NDVI anomaly from models excluding 
the target predictor. 265 
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4 Discussion 

Vegetation greenness responses to dry extremes consistently lead to widespread negative NDVI anomalies, while responses 

to wet extremes are more divergent, exhibiting both negative and positive NDVI anomalies across regions. These patterns 

reflect differences in the factors shaping vegetation response to extremes. Our attribution results show that environmental 

background conditions, particularly long-term mean air temperature, aridity, and topography, play a substantially stronger role 270 

in explaining negative NDVI anomalies during wet extremes than in explaining both negative and positive NDVI anomalies, 

while dry-extreme responses are more tightly linked to the characteristics of the extremes themselves. The global perspective 

applied in our study provides a foundation for identifying regions where ecosystems are most vulnerable and for understanding 

why similar extremes can generate divergent vegetation outcomes across biomes and climatic contexts. In this section we 

discuss some specific aspects and implications related to our results. 275 

4.1 Divergent vegetation responses to wet and dry extremes 

Wet extremes exhibit shorter durations and more spatially concentrated patterns than dry extremes. They are typically 

associated with precipitation events and then tend to occur as short-lived pulses, as excess soil moisture tends to be rapidly 

dissipated through drainage and evapotranspiration once rainfall ceases. In contrast, dry extremes tend to persist longer because 

soil moisture deficits accumulate gradually over time, consistent with previous findings (Zolina et al., 2013; Breinl et al., 280 

2020). Spatially, dry extremes are generally more widespread, reflecting their strong association with large-scale circulation 

anomalies and enhanced atmospheric evaporative demand (Zhou et al., 2019), whereas wet extremes depend on spatially 

heterogeneous precipitation and are constrained by local soil storage and drainage capacity, resulting in more regionally 

concentrated patterns. 

Notably, vegetation responses during wet and dry extremes include both greening and browning in different regions, in 285 

agreement with earlier global-scale assessments (Famiglietti et al., 2021). By explicitly quantifying the relative proportions of 

positive and negative NDVI responses across similar events (Figure 2b), we further identify regions where vegetation is prone 

to suffer from excess or deficient soil moisture. The divergent response directions underscore the need for attribution analysis 

to disentangle their dominant drivers for both extremes. 

4.2 Different drivers of vegetation response to wet and dry extremes 290 

Wet and dry extremes trigger fundamentally different functional responses in vegetation. During wet extremes, excess soil 

moisture alters soil aeration, reduces oxygen availability to roots, impairs nutrient uptake (Bailey-Serres & Voesenek 2008) 

and further influences the hydraulic conductance of roots and causes dehydration of plants (Haverroth et al., 2025). These 

responses unfold gradually and depend on how water accumulates, drains, and interacts with vegetation traits, resulting in 

vegetation responses that vary widely across space. By contrast, dry extremes can impose moisture limitation: reduced water 295 

supply and increased demand lead to stomatal closure, which can ultimately result in hydraulic failure and carbon starvation 
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(McDowell et al., 2008). Because this pathway is more direct and occurs on shorter timescales, vegetation responses to drought 

are generally more uniform (Figure 2d) and closely tied to the timing and severity of the deficit (Figure 4c). 

These mechanistic differences explain why environmental background exerts a stronger influence on vegetation responses 

during wet extremes in some regions. The consequences of excess moisture depend heavily on factors such as drainage capacity 300 

(linked to soil texture and topography), climatic constraints on evapotranspiration, and the thermal environment that shapes 

recovery potential (reflected in long-term mean air temperature and aridity). Vegetation cover types and conditions also modify 

how strongly waterlogging affects root functioning, leading to divergent greenness responses (Figure S8). In contrast, the 

direct water-stress exerted by dry extremes leaves less room for background conditions to mediate the impacts. Vegetation 

responses primarily reflect the characteristics of the dry extreme itself. This distinction clarifies our finding that environmental 305 

background and antecedent vegetation condition explain more variability in wet-extreme responses than in dry-extreme 

responses. 

Moreover, it is important to note that wet extremes in this study are defined relative to the local soil moisture climatology and 

overall records, representing periods that are wetter than usual for each grid cell. Consequently, in arid or semi-arid regions, 

wet extremes may not actually saturate the soil, but can instead provide a crucial water supply to vegetation, leading to positive 310 

NDVI anomalies. In such regions, the direction and magnitude of the vegetation response to wet extremes therefore depend 

on environmental background factors such as aridity and long-term mean air temperature, which together determine whether 

additional soil moisture alleviates water limitation or induces waterlogging stress. This context-dependence explains why pre-

extreme conditions and background variables emerge as more relevant for wet extremes. In contrast, although dry extremes 

are also defined relative to local climatology, NDVI anomalies tend to be consistently negative during dry extremes even in 315 

humid or temperate ecosystems (Vicente-Serrano et al., 2013), especially in those areas with more short vegetation (Walther 

et al., 2019). As a result, while wet extremes can either alleviate or exacerbate stress depending on background conditions, dry 

extremes predominantly induce water stress across most environments. 

4.3 Implications for extreme impact prediction and regional adaptations 

Overall, our results indicate differences in the predictability of NDVI outcomes of hydrological extremes in different regions. 320 

This is expected to be high in the case of a dominant influence of environmental background conditions for modulating the 

vegetation response, because these background conditions are known in advance. The predictability is expected to be medium 

in the case of dominant pre-extreme vegetation conditions which are known before the actual start of an event but have to be 

monitored continuously. Relatively low predictability is expected when extreme characteristics dominate the vegetation 

response. 325 

In terms of dry extremes, there is considerable spatial overlap between areas that show pronounced negative NDVI anomalies 

(Figure 2c), regions where the magnitude of greenness loss is strongly driven by extreme characteristics (Figure 3d), and areas 

projected to face increasing agricultural and ecological drought exposure (IPCC, 2023). This applies to western North America 

(WNA), western and Mediterranean Europe (WCE, MED), central and eastern Asia (WCA, ECA, EAS), northeastern South 
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America (NES), western and southern Africa (WAF, WSAF, ESAF) and southern Australia (SAU). Specifically, the timing 330 

of individual extremes is the most relevant characteristic to determine the impacts. Consequently, improving early-warning 

systems, seasonal forecasts, and drought monitoring will be essential for reducing ecological losses because of dry extremes 

in these regions.  

For wet extremes, vegetation responses are more strongly shaped by environmental background across a larger portion of the 

globe. Regions in which the magnitudes of negative NDVI anomalies during wet extremes depend mostly on long-term 335 

climatic, soil, and land-cover conditions should receive particular attention, because these background characteristics largely 

determine vegetation vulnerability to excess soil moisture. This is evident in Northwestern North America (NWN), Northern 

South America (NSA), Western Siberia (WSB) and Southeastern Asia (SEA), where the magnitudes of negative NDVI 

anomalies during wet extremes show strong dependence on long-term mean air temperature, topography and soil texture, 

which constrains drainage and shapes soil waterlogging risk. These results highlight that in many regions the susceptibility to 340 

wet extremes arises from inherent environmental constraints, implying that vegetation stress can occur even under moderate 

events because drainage capacity or rooting conditions are limiting. Consequently, environmental background variables offer 

a promising basis for predicting regional tolerance to waterlogging and for prioritizing areas where excess moisture poses 

increasing risks (McCormick et al., 2025). 

In addition, our results emphasize the importance of the timing of extremes and pre-extreme vegetation conditions. Early-345 

growing-season wet extremes often cause more substantial reductions in greenness than late-growing-season events, 

particularly in colder regions where excess soil water coincides with low temperatures and thus are more detrimental 

(Jørgensen et al., 2019). Conversely, drought events occurring anytime within the growing season tend to reduce greenness, 

although the magnitude remains influenced by the antecedent vegetation condition. This is consistent with previous findings 

showing that preceding vegetation states are strongly correlated with current vegetation states and can exert influences that 350 

coincide with, or even exceed those of concurrent climatic drivers - a phenomenon commonly referred to as the carryover 

effect (Lian et al., 2021). These findings underscore that evaluating vegetation responses to hydrological extremes should 

account for both pre-extreme vegetation state and extreme timing (Meng et al., 2024), as neglecting these factors may bias 

estimates of vegetation sensitivity and obscure regional differences in extreme impacts. Evaluations of terrestrial biosphere 

models highlight the necessity to better represent the processes that govern how water stress and phenology interact (De Kauwe 355 

et al., 2017). Considering that seasonal timing is a key determinant of extreme impacts, improving model representations of 

phenological sensitivity would allow future projections to more accurately capture the timing-dependent pathways. Our 

findings provide an important foundation for guiding these developments and for benchmarking next-generation models that 

explicitly account for timing and pre-extremes vegetation conditions as drivers of ecosystem resilience. 

4.4 Future directions 360 

This study identifies wet and dry soil-moisture extremes relative to the local climatology and overall records at each grid cell. 

This percentile-based framework is well-suited for global analysis, but it does not necessarily capture absolute hydrological 
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thresholds of vegetation’s response to extremes such as root-zone waterlogging. Accurately characterizing such absolute 

extremes remains challenging at large scales due to limitations in root depth representation and soil moisture retrieval accuracy. 

The analysis in this study is based on the ERA5-Land soil moisture dataset. While it provides a consistent global perspective, 365 

future work could explore additional datasets or ensemble approaches to further assess the robustness of the results and 

incorporate emerging datasets and modeling approaches that better resolve root-zone saturation dynamics and waterlogging 

processes (Stocker et al., 2023). 

Plant functional type proportions were used to represent vegetation types in this study, which provides an appropriate and 

widely applied basis for global-scale attribution. However, aggregating classifications inevitably smooths local heterogeneity 370 

in species composition and structural traits that influence hydrological sensitivity. And variations in plant functional types are 

only considered across space in our study, and not across time, which may lead to an underestimation of their relevance. Future 

work could benefit from incorporating continuous vegetation metrics with both higher spatial and temporal resolution to better 

capture variation in different vegetation strategies in terms of responding to hydrological extremes. 

Our finding that higher pre-extreme NDVI is associated with less negative NDVI anomalies suggests that antecedent vegetation 375 

condition may influence short-term resistance to both wet and dry extremes. While this study focused on in-event greenness 

anomalies, future research could extend this perspective by explicitly quantifying vegetation resistance (Zhang et al., 2025) 

and recovery trajectories (Wang et al., 2025) following both types of extremes. Such analyses could deepen understanding of 

post-extreme legacy effects (Jiang et al., 2019), including hydraulic impairment, reduced root function, or delayed phenological 

responses. 380 

5 Conclusions 

In this study, we provide for the first time a global assessment of vegetation greenness responses to wet and dry extremes 

within a consistent framework. Dry extremes consistently reduce NDVI across most regions while responses to wet extremes 

are more heterogeneous, with both greening and browning observed. This variability arises because wet extreme impacts 

depend more strongly on pre-extreme vegetation conditions and environmental background, highlighting a more context-385 

dependent response pathway. 

Regions in which wet extreme responses depend heavily on environmental background need more attention, because local 

climatic, soil, and topographic conditions can amplify vegetation stress even during relatively moderate events. These regions 

include Northwestern North America (NWN), Northern South America (NSA), Western Siberia (WSB) and Southeastern Asia 

(SEA). The high relevance of pre-extreme vegetation conditions and timing of extremes for both types of extremes underscores 390 

the necessity to consider both aspects in extreme early-warning and impact assessments. By revealing similarities and 

differences of large-scale vegetation response to wet and dry soil moisture extremes, we provide a basis for targeted impact 

mitigation and long-term adaptation through e.g. extremes early-warning and forestry practices. 

https://doi.org/10.5194/egusphere-2026-1199
Preprint. Discussion started: 23 March 2026
c© Author(s) 2026. CC BY 4.0 License.



16 
 

In the future, improved identification of waterlogging and finer, more continuous, trait-based representations of vegetation 

types could better resolve ecosystem sensitivity to excess moisture. Explicit evaluation of vegetation resistance and recovery 395 

would further help build a more complete understanding of ecosystem responses to hydrological extremes. 
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