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Abstract. In hydrological and land-surface models, root zone storage (Sr,max) plays a fundamental role in the partitioning of 

terrestrial water fluxes and, consequently, in the ability of  vegetation to withstand dry periods. It represents the maximum 

volume of subsurface water that can be accessed by vegetation to sustain transpiration. As direct measurements of rooting depth 

are generally unavailable at the catchment scale, Sr,max is inferred either through hydrological model calibration or by applying 10 

the memory method. The memory method estimates Sr,max from a series of annual maximum water storage deficits based on an 

assumed extreme value distribution, commonly the Gumbel distribution, and a fixed 20-year return period. However, the 

uncertainties in Sr,max estimates associated with these assumptions have not been systematically quantified. Here, we 

systematically quantify and evaluate these uncertainties across ~5700 catchments worldwide by replacing Gumbel distribution 

with the more flexible Generalized Extreme Value (GEV) distribution and applying a bootstrap framework to derive uncertainty 15 

bounds on Sr,max. Analysis of the GEV shape parameter (ξ) shows a strong hydroclimatic control. Most catchments in water-

limited environments are characterized by a negative ξ, indicative of bounded extremes: extension of root systems beyond these 

bounds does not have benefits for vegetation as most of the available water is already used by vegetation. In contrast, positive 

values of ξ are more commonly found in energy-limited catchments, indicating a heavy tailed distribution of annual maximum 

water storage deficits. This implies that vegetation benefits from adapting root systems and thus Sr,max to dry periods with longer 20 

return periods, as in these environments sufficient water is available in the subsurface to be accessed and used by these larger 

root systems. Overall, uncertainties in Sr,max estimates varied systematically across climatic conditions. The widest uncertainty 

ranges were observed in transitional climates (aridity index 0.5–2) with a median value of approximately ± 66 mm, whereas 

humid and arid regions exhibited substantially smaller uncertainty ranges (median ~± 36 mm). Using these uncertainty ranges 

as calibration bounds for Sr,max in a hydrological model resulted in many parameter sets yielding comparable model performance 25 

for the majority of catchments. Yet memory method Sr,max estimates show a strong agreement with median calibrated Sr,max 

values, with a RMSE ~50 mm and a global Pearson correlation coefficient of ρ = 0.93, with ρ ranging from 0.91 to 0.98 across 

different climate zones. The strongest agreement between calibrated and memory method estimates of Sr,max is consistently 

found for return periods of 20–30 years, with higher sensitivity in cold and temperate regions. Overall, the findings of this 

study demonstrate that the memory method is robust in capturing Sr,max spatial patterns. They also suggest that the use of a 20-30 
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year return period is supported by underlying hydroclimatic behaviour and physically processes, rather than being an arbitrary 

assumption. Memory method based estimates of Sr,max provide an alternative to calibration, thereby reducing model complexity 

and parameter uncertainty while preserving model performance, particularly in large scale hydrological and land-surface 

modelling. 

1 Introduction 35 

Hydrological and land-surface models rely on conceptual representation of subsurface storage components to simulate 

key hydrological components such as evaporation and runoff generation (Clark et al., 2015; Hrachowitz and Clark, 2017). An 

important component of this subsurface storage is the root zone, which primarily regulates the availability of water to 

vegetation during dry periods and links soil moisture dynamics not only to energy exchange fluxes between the land-surface 

and the atmosphere but also to evaporation (Milly, 1994; Porporato et al., 2004; Seneviratne et al., 2010; Fatichi et al., 2015; 40 

Wang-Erlandsson et al., 2016; Gao et al., 2024), which constitutes the largest fraction of all of atmospheric fluxes (Jasechko, 

2018), while at the same time also presenting the largest source of uncertainty (Coenders-Gerrits et al., 2014). Through this 

role of sustaining evaporation, the root zone buffers catchment-scale water balance dynamics (Ibrahim et al., 2026). This 

buffering role of root zone is frequently described through the concept of root zone storage capacity (Sr,max), which is defined 

as the maximum subsurface water volume accessible to plants to meet their transpiration needs (Gao et al., 2014), making it a 45 

key part of terrestrial hydrological systems as it regulates the partitioning of water into evaporation (Savenije and Hrachowitz, 

2017). Consequently, robust estimates of Sr,max are essential for robust process representation in and predictive capability of 

hydrological and land-surface models. 

 

Despite its importance, Sr,max cannot be directly observed at catchment scale. Field measurements of rooting depth 50 

and soil water storage are representative of only a specific point and integration of this point measurement to catchment scale 

is challenging due to spatial heterogeneity nature of catchments (De Boer‐Euser et al., 2016; Hrachowitz et al., 2021). 

Consequently, Sr,max is commonly considered as a calibration parameter in hydrological models. Though calibration can result 

in satisfactory model performance, it is often associated with parameter equifinality where multiple parameter sets can produce 

similar simulations of observed fluxes (Beven and Freer, 2001). This limits processes interpretability and increases uncertainty 55 

in model predictions particularly under changing hydroclimatic conditions (Hrachowitz et al., 2014; Beven, 2019; Boardman 

et al., 2025). To address these limitations, several functionally equivalent approaches to estimate Sr,max from readily available 

water balance data have been proposed and are often referred to as memory method, water balance method or mass curve 

technique (Gao et al., 2014; Nijzink et al., 2016; Wang-Erlandsson et al., 2016; Bouaziz et al., 2020; Van Oorschot et al., 

2021). In this approach, Sr,max is derived from annual maximum storage deficits (Sd) that are estimated from long-term water 60 

balance data (details can be found in Van Oorschot et al. (2024)). This approach is based on the concept that current Sr,max is a 
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manifestation of past water deficits. In other words, vegetation that is present, has successfully adjusted its root systems to 

have survived past dry periods. As such, vegetation keeps memory of environmental conditions in such a way that it adapts 

the extents of its root systems efficiently to fulfil its transpiration needs during dry periods. This approach has been widely 

adopted for estimation of the extent of vegetation root zones i.e., Sr,max (Donohue et al., 2012; Gentine et al., 2012; Wang-65 

Erlandsson et al., 2016; Dralle et al., 2021; Mccormick et al., 2021; Stocker et al., 2023). 

 

The memory method has also been widely applied and tested in modelling studies across diverse hydroclimatic 

regions (Wang-Erlandsson et al., 2016; Hrachowitz et al., 2021; Van Oorschot et al., 2021; Stocker et al., 2023; Tempel et al., 

2024; Wang et al., 2024; Ponds et al., 2025), providing an alternative to the calibration-based Sr,max determination. Recent 70 

global scale work by Ibrahim et al. (2026) has shown that Sr,max is closely linked to long-term precipitation partitioning, 

reinforcing its relevance for catchment scale water balance dynamics. However, despite its widespread use, several underlying 

assumptions of the method remain insufficiently tested at large scales. The first assumption is the common use of the Gumbel 

distribution as a fixed extreme value distribution to estimate Sr,max associated with specific dry spell return periods. This 

assumption entails a specific tail behaviour on annual maximum storage deficits (Sd), which directly influences the 75 

extrapolation of storage deficits and therefore the resulting Sr,max estimates. However, hydrological extremes are known to 

exhibit spatially variable tail characteristics (Katz et al., 2002), which may be better captured by the more flexible Generalized 

Extreme Value (GEV) distribution (Coles et al., 2001). The GEV framework is defined by the shape parameter �. Depending 

on �, the GEV is equivalent to the Gumbel (� = 1), Fréchet (� > 1), and reversed Weibull type distributions (� < 1). It therefore 

allows a flexible representation of both, bounded and heavy tailed distributions of extreme events. Whether the use of a fixed 80 

Gumbel distribution is reasonable and robust across a diverge range of hydroclimatic regions remains largely unexplored. 

 

Another frequent key assumption of the memory method is the use of a fixed return period of 20 years for calculation 

of Sr,max that is based on the conceptual understanding of the vegetation adaptation to the drought buffering. This use of a 20-

year return period is rarely scrutinized and its hydroclimatic consistency across different hydroclimatic regions remains 85 

unclear. Further, as reported by Katz et al. (2002), hydrological extremes are known to vary systematically with climatic 

conditions, both the appropriate return period and the associated Sr,max are also expected to exhibit climate dependence. 

Furthermore, many implementations of the memory method estimate a single deterministic value of Sr,max for a 20-year return 

period without explicitly considering the uncertainty associated with extreme value estimation. This may lead to a deceptive 

sense of accuracy as in reality, uncertainties in estimates of Sr,max due to choices of extreme value distributions and dry spell 90 

return periods need to be expected. Neglecting these uncertainties may limit the robustness of the model parameterization and 

its propagation into hydrological simulations. This highlights the need to explicitly quantify the uncertainty in Sr,max associated 

with different extreme value distributions and return periods and analyse its implications in hydrological modelling. 
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This study investigates the uncertainty, robustness, and practical implications of memory method based estimates of 

Sr,max across approximately 5700 catchments spanning a wide range of hydroclimatic conditions. Specifically, we replaced the 95 

commonly used Gumbel distribution with the more flexible GEV distribution to allow for a better representation of tail 

behaviour of annual maximum storage deficits. We further analyse spatial patterns of the GEV shape parameter and examine 

its hydroclimatic controls. Building on this, we quantify the uncertainty in Sr,max estimates using a bootstrap resampling 

approach and express it in terms of a range of plausible values associated with different return periods (5-year and 80-year). 

Finally, to evaluate the practical relevance of these uncertainties, we use the derived Sr,max bounds in a hydrological model and 100 

compare it to calibrated values across approximately 2100 catchments and analyse the impact on model performance and 

parameter estimation. This study provides the first systematic large-scale analysis of the robustness and practical applicability 

of memory method Sr,max estimates across diverse hydroclimatic regions by evaluating distributional assumptions, quantifying 

associated uncertainties across return periods, and examining their practical utility for large-scale hydrological modelling. 

2 Datasets and methods 105 

2.1 Meteorological and hydrological data 

This study uses hydrological and meteorological datasets comprising 5717 catchments worldwide covering a wide 

range of hydroclimatic conditions (Ibrahim et al., 2026). The datasets include daily precipitation P [mm d⁻¹], daily minimum 

and maximum temperature T [°C], daily potential evaporation EP [mm d⁻¹] estimated using the Hargreaves and Samani (1982) 

method, and streamflow Q data obtained from the sources as mentioned in Table 1. The analysis period spans from 1981 to 110 

2010. Catchment selection criteria and preprocessing procedures follow Ibrahim et al. (2026) (see Table 1) to ensure 

consistency with previous work. The selected catchments mainly satisfy three criteria: (1) a minimum of 20 years of streamflow 

data within the study period, (2) a maximum catchment area of 10,000 km² to limit spatial heterogeneity, and (3) a non-negative 

long-term water balance (i.e., �� − �� ≥ 0) to avoid inconsistencies in the underlying data. 

 115 
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Figure 1: Global distribution of the study catchments (n = 5717) together with their long term mean (1981–2010) hydroclimatic 

characteristics: (a) mean annual precipitation �	, (b) aridity index 
�
��� �  ��

����/�	, where ��
���� is long-term mean potential evaporation 

calculated using the Hargreaves and Samani (1982) method, (c) evaporative index 
�
��� �  ��

����/�	 , where ��
���� is actual evaporation 125 

derived from the long term water balance (�	 − �	 −  ��/��� assuming negligible long term storage change (30-years) (Han et al. 

(2020)), and (d) Köppen-Geiger climate classes: cold (Dfa, Dfb, Dfc), temperate (Cwa, Cwb, Cfa, Cfb), Mediterranean (Csa, Csb), 

tropical (Af, Am, Aw), and arid (BWh, BWk, BSh, BSk). The above hydroclimatological input datasets and catchment selection are 

identical to those used in Ibrahim et al. (2026).  
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Table 1: Hydro-meteorological variables used in the estimation of Sr,max and hydrological modelling, including corresponding 

symbols, units and data sources 

 

Variable Symbol Units  Data source 

Hydro-meteorological variables 

Precipitation  P mm d-1 
Global Soil Wetness Project Phase-3 (GSWP-3) 

(Dirmeyer et al., 2006) 

Temperature T oC 
Global Soil Wetness Project Phase-3 (GSWP-3) 

(Dirmeyer et al., 2006) 

Potential evaporation EP mm d-1 Hargreaves and Samani (1982) 

Long-term streamflow 

(for calculation of Sr,max) 
5717 catchments 

��  mm d-1 

Global Streamflow Indices and Metadata (GSIM) 
archive (Do et al., 2018; Gudmundsson et al., 2018) 

Caravan (Kratzert et al., 2023) 

African Database of Hydrometric Indices (ADHI) 

(Tramblay et al., 2021) 

Central Asia -Discharge (Marti et al., 2023) 

 

Daily Streamflow 

(for hydrological 

modelling and calibration) 

2111 catchments 

Q mm d-1 

ESTREAMS (Do Nascimento et al., 2024) 

CAMELS-USA (Newman et al., 2015) 

CAMELS-GB (Coxon et al., 2020) 

CAMELS-BR (Chagas et al., 2020) 

CAMELS-CL(Alvarez-Garreton et al., 2018) 

CAMELS-AUS (Fowler et al., 2021) 

CAMELS-NZ (Bushra et al., 2025) 

CAMELS-DE (Loritz et al., 2024) 

CAMELS-IND (Mangukiya et al., 2025) 

CAMELS-FR (Delaigue et al., 2025) 

HYSETS (Arsenault et al., 2020) 

GRDC 

Seasonality index of liquid 

precipitation input 
IS [-] (Gao et al., 2014) 

 145 

 

2.2 Methods 

Calculation of Sr,max and uncertainty quantification 

We calculated root zone storage Sr,max for each catchment by using the memory method (Van Oorschot et al., 2021). 

In this method, a long-term daily storage deficit (Sd) time series is derived from the catchment scale water balance data 150 

following the methodology described by Van Oorschot et al. (2024) and a conceptual diagram is depicted by Ibrahim et al. 

(2026). From this daily time series of Sd, annual maximum storage deficits are extracted to quantify the amount of water 
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available to roots of vegetation for transpiration needs during dry periods (Bouaziz et al., 2022). In the traditional memory 

method, a Gumbel distribution is fitted to the annual maximum Sd series and Sr,max is defined as the storage deficit 

corresponding to a fixed return period, typically of 20 years as shown in Fig. 2b.  155 

 

Figure 2: A conceptual illustration of three types of GEV distribution tail behaviour and their link to memory method based Sr,max 

estimation, using three characteristic example catchments. Tail behaviour of the GEV distribution depends on its shape parameter 

(ξ) value. Negative ξ values correspond to bounded (Weibull-type) extremes (panel a), ξ ≈ 0 represents Gumbel-type behaviour (panel 

b), and positive ξ values indicate heavy-tailed (Fréchet-type) behaviour (panel c). In the memory method, Sr,max is defined as the 160 
storage deficit (Sd) corresponding to a 20-year return period under a fixed Gumbel assumption as shown by the dotted intersection 

lines in panel b. A schematic illustration of the calculation of uncertainty in memory method derived Sr,max estimates based on GEV 

fitting and return period selection is shown in panel a. Uncertainty associated with the GEV fit is quantified by using bootstrap 

resampling. Light colour curves represent GEV fits obtained from individual bootstrap samples. The shaded region shows the 5th–

95th percentile confidence envelope derived from the bootstrap ensemble across return periods. Uncertainty width is calculated as 165 
the difference between the upper and lower confidence bounds for return periods between 5 and 80 years. The red markers at the 

top of each panel refers to the characteristic example catchments shown in Figs. 3 and 5. The other markers on the curves are the 

maximum observed annual storage deficits (Sd). 

 

However, in this study, we systematically extended the memory method by replacing the fixed Gumbel distribution 170 

with a more flexible Generalized Extreme Value (GEV) distribution that allows a better data driven representation of tail 

behaviour of maximum annual storage deficits. The GEV distribution consists of three parameters referred to as location (μ), 

scale (�) and shape (�) parameters. The shape parameter controls the tail behaviour of GEV distribution and enables distinction 

between the three types of GEV distributions: Weibull (� < 0; Fig. 2a), which have bounded extremes, Gumbel (� = 0; Fig. 

2b), and Fréchet (� > 0; Fig. 2c), which exhibits heavy-tailed behaviour. 175 

 

Furthermore, to quantify the uncertainty associated with Sr,max estimates, we applied a bootstrap resampling approach 

(200 samples) to the annual maximum Sd series and derived confidence bounds based on a range of return periods (5-years to 

80-years). These bounds represent the plausible range of Sr,max values and are subsequently used to assess the sensitivity of 

Sr,max to the return period selection and to propagate uncertainty into hydrological model calibration. An illustrative example 180 

of calculation of this uncertainty quantification is shown in Fig. 2a. 
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Hydrological modelling and calibration: 

To analyse the practical implications of the uncertainty in Sr,max, we employed a simple process-based lumped 

hydrological model built upon the DYNAMIT modelling framework (Hrachowitz et al., 2014; Wang et al., 2024). This model 

was selected to ensure computational efficiency during calibration, keeping in view the large spatial scale of the study (~2100 185 

catchments). Moreover, considering the inherent complexity of dominant hydrological process (Ye et al., 2012) and the limited 

availability of detailed observation data, this modelling approach represents a reasonable choice. A schematic of the model 

structure along with related processes equations are provided in Supplement S1. 

 

Model calibration was performed for each catchment using daily observed streamflow data obtained from the sources 190 

listed in Table 1. Only catchments with at least 10 years of streamflow observations data within the study period (1981–2010) 

were retained for hydrological modelling, resulting in a total of 2111 catchments. We used a Monte Carlo sampling approach 

for calibration of 10 model parameters with at least 10000 simulations per catchment on a daily time step keeping in view the 

large sample and computational resources required. Model parameters were sampled from predefined uniform prior 

distributions based on previous studies (Table S2). However, for Sr,max as parameter, we constrained its range with values 195 

derived from the memory method based bootstrap analysis as discussed in the previous section (Fig. 2a). Specifically, Sr,max 

was sampled from uncertainty bounds associated with return periods from 5 years to 80 years, thereby explicitly incorporating 

observational and statistical uncertainty into the calibration process. 

 

Model calibration was evaluated using Nash–Sutcliffe efficiencies of streamflow (NSEQ), the logarithm of streamflow 200 

(NSElog(Q)) and monthly runoff coefficients (NSERC) to better represent the high flows, low flows and long-term water balance 

behaviour of hydrograph respectively (e.g., Bouaziz et al. (2022)). Among all parameter sets, we only retained those which 

exceed a threshold value of 0.1 for all three objective functions. Rather than selecting a single optimal solution, we rank all 

the retained parameter sets according to the Euclidian distance (DE) to the perfect model (e.g., Hulsman et al. (2020)) and then 

selected the top 150 Pareto-optimal solutions for each catchment to construct uncertainty intervals. Comparing the Sr,max 205 

distributions of the retained calibrated solutions to the Sr,max estimates obtained from the memory method then allowed us to 

evaluate the extent to which Sr,max obtained from the memory method can replace calibration while maintaining model 

performance and to assess the impact of its uncertainty on parameter equifinality and model robustness. 

3 Results 

To describe how different shapes of GEV distributions (instead of a fixed Gumbel distribution) propagate 210 

uncertainties into of Sr,max estimates, we first examine how the GEV shape parameter (ξ) varies across different hydroclimatic  
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Figure 3: (a) Global distribution of the GEV distribution shape parameter (ξ). The inset boxplots show the variation of ξ across 

different aridity index classes. The boxplots illustrate 25th –75th percentile range, whiskers extend to the 10th and 90th percentiles, 

white diamonds denote the arithmetic means, and outliers are excluded for better visualization. (b) ξ variation in the Budyko 235 

framework. The catchments highlighted with red border in panels a and b correspond to the three characteristic example catchments 

illustrating different GEV tail behaviours, as shown in Fig. 2a–c. Two additional characteristic example catchments are also 

highlighted for which hydrological modelling results are presented in Fig. 9. The three panels at the bottom illustrate the three GEV 

tail behaviours associated with the value of ξ, namely Weibull (ξ < 0), Gumbel (ξ ≈ 0), and Fréchet (ξ > 0).  

 240 
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conditions (Fig. 3a). The shape parameter controls the tail behaviour of the annual maximum storage deficits (Sd). We largely 

found negative ξ-values, indicative of bounded (Weibull-type) extremes, in water-limited regions such as western side of North 

America, southern Africa, northern India, Spain, eastern Brazil and Australia. In contrast, positive ξ-values, associated with 

heavy-tailed (Fréchet-type) behaviour, are more frequently observed in energy-limited and humid regions, particularly in 

eastern North America, northern Europe, southern Brazil, and New Zealand. Transitional hydroclimatic regions (Aridity Index 245 

IA = EP/P = 0.5–1) generally exhibit a mix of near-zero ξ-values that usually corresponds to approximately Gumbel-type 

behaviour. The overall distribution of ξ-values across all studied catchments is skewed towards slightly negative values with 

approximately 67% of the catchments exhibiting ξ < 0 (inset Fig. 3a) suggesting that the bounded extremes (Weibull-type) are 

globally more common than heavy-tailed extremes (Fréchet-type). This behaviour is further shown in the boxplot (inset Fig. 

3a), where the shape parameter values decrease systematically with increasing aridity index with transitioning from slightly 250 

positive values in humid regions (IA < 1) to predominantly negative values in more arid regions (IA > 1.5). The same 

relationship is also evident in the Budyko framework plot (Fig. 3b), where catchments with heavier-tailed behaviour (ξ > 0) 

are mostly clustered in energy-limited regions and bounded extremes (ξ < 0) dominate water-limited regions. 

 

The above plots (Fig. 3) indicate a distinct relationship between hydroclimatic conditions and the shape parameter. 255 

When analysed in the form of scatter plots (Fig. 4), it is found that the ξ exhibits a moderate but statistically significant 

correlation with  aridity index IA (Pearson ρ = -0.48, p-value < 0.001; Fig. 4a). A negative correlation indicates a tendency 

towards more negative ξ-values with increasing IA. Similarly, ξ also shows a moderate, significant negative relation with 

evaporative index IE (ρ = -0.47, p-value < 0.001; Fig. 4b) indicating that catchments with higher values of IE are generally 

associated with bounded extremes. Overall, catchments located in more arid and water-limited regions tend to exhibit negative 260 

ξ values, whereas humid and energy-limited regions are generally associated with positive ξ values. Although, as can be seen 

from these figures, considerable scatter exists, the overall pattern is consistent with the behaviour observed in Fig. 3, suggesting 

a clear hydroclimatic control on the tail behaviour of annual maximum storage deficits across the studied catchments and its 

implications for uncertainty in Sr,max estimates within the extended memory method framework. 
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 280 

 

 

 

Figure 4: Spearman correlation coefficient (ρ) between the GEV shape parameter (ξ) and (a) aridity index (IA) and (b) evaporative 

index (IE). Each point here represents an individual catchment, while colour gradient indicates points density. The corresponding 285 
Spearman corelation coefficient (ρ), p-value, and number of catchments (n) are shown. For catchments with unrealistically high or 

low ξ estimates leading to unstable Sr,max extrapolation at large return periods, ξ-values were constrained to ±0.5 to have realistic 

estimates of Sr,max. 

The uncertainty in Sr,max estimates, arising from the choice of the GEV distribution and return period selection, is 

quantified using bootstrap resampling and expressed as confidence bounds across return periods (5–80 years) (Fig. 5). It 290 

exhibits a pronounced dependence on hydroclimatic conditions. Across the studied catchments, uncertainty widths vary 

substantially with the largest ranges observed in transitional climates (IA = 0.5–2) which show the widest uncertainty envelopes, 

with median ranges of approximately ± 66 mm. In contrast, both arid and humid regions exhibit comparatively narrower 

uncertainty widths, with median ranges of approximately ± 36 mm. This non-linear pattern indicates that uncertainty is not 

uniformly distributed across climatic regions but instead highest in regions where water and energy limitations are of 295 

comparable magnitudes. This pattern is also reflected in the three characteristic example catchments shown in Fig. 2. A  

catchment in arid region (IA = 2.3; Fig. 2a), exhibiting Weibull-type behaviour has uncertainty width of ≈ 60 mm, whereas a 

catchment in humid region (IA = 0.43; Fig. 2c), exhibiting Fréchet-type behaviour has an uncertainty width of ≈ 26. In contrast, 

a catchment in transitional climate (IA = 0.73 ; Fig. 2b) which exhibits Gumbel-type behaviour has a substantially larger 

uncertainty width of ≈ 152 mm.  300 
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Figure 5: Global distribution of uncertainty width for the study catchments, calculated following the methodology illustrated in Fig. 

2a. The highlighted catchments show the uncertainty widths of the three characteristic example catchments presented in Fig. 2a–c, 

which illustrates different GEV tail behaviours. The inset boxplots show the variation of uncertainty width across different aridity 

index classes. The boxplots illustrate 25th –75th percentile range, whiskers extend to the 10th and 90th percentiles, white diamonds 320 
denote the arithmetic means, and outliers are excluded for better visualization. 

Even after accounting for uncertainty bounds associated with GEV-based estimates and return period selection into 

hydrological model calibration, a strong agreement is observed between memory method derived Sr,max estimates and median 

calibrated Sr,max values across the studied catchments (Fig. 6). At global scale (Fig. 6a; n = 2111), a strong and statistically 

significant relationship with ρ = 0.93 (p < 0.001) and a root mean square error (RMSE) of ~52 mm emerges. The median 325 

calibrated Sr,max values closely follow the 1:1 line with memory method based estimates of Sr,max. This pattern indicates that 

the memory method based estimates of Sr,max are, overall, robust and consistent with the values obtained through model 

calibration. The same strong agreement persists across different Köppen–Geiger hydroclimatic regions (Fig. 6b–f) with ρ 

remain high across all climate zones, ranging from 0.91–0.98 and RMSE values generally below 58 mm. In particular, 

catchments in Mediterranean (fig. 6d) and arid climates (Fig. 6f) exhibit very strong and almost unbiased relationships. While 330 

still strongly correlated, a higher fraction of catchments in cold (Fig. 6b) and temperate regions (Fig. 6c) are characterized by 

a somewhat stronger bias in the median calibrated estimates of Sr,max. This tendency is also reflected in the inset boxplots, 

which show broadly comparable distributions of calibrated and memory method based Sr,max values across all climate regions. 
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However, the overall global consistency indicates that the relationship between memory method based and median calibrated 

Sr,max is largely independent of climate.  335 

 

Figure 6: Spearman corelation coefficient (ρ) between memory method based Sr,max (30-year return period) and median calibrated 

Sr,max values (obtained as the median of the top 150 Pareto-optimal solutions). The colour gradient represents the median NSEQ value 

between observed discharge and the median simulated discharge from the Pareto-optimal solutions. The inset boxplots compare the 

distributions of median calibrated Sr,max values (left) and memory method based Sr,max estimates (right) for each panel. The boxplots 340 
illustrate 25th –75th percentile range, whiskers extend to the 10th and 90th percentiles, white diamonds denote the arithmetic means, 

and outliers are excluded for better visualization. The number of catchments (n), Spearman corelation coefficient (ρ), p-value and 

RMSE are shown in each panel for a) Global scale and the five Köppen–Geiger climate regions defined in Fig. 1d: b) cold, c) 

temperate, d) Mediterranean, e) tropical, and f) arid. The highlighted points in panel c represent two characteristic example 

catchments for which the hydrological modelling results are presented in Fig. 9. 345 

The relationship between the memory method and the median calibrated Sr,max values nevertheless shows a clear 

sensitivity to the choice of return period within the memory method framework (Fig. 7). At the global scale, the Pearson 

correlation coefficient between the memory method and the median calibrated Sr,max increases almost steadily with increase in 

return period, from relatively low values of ρ = 0.73–0.89 for return periods of 1.5–10 years to a maximum corelation of 

approximately ρ = 0.93 for a 30-year return period and after that the correlation gradually declines again. When stratified 350 

according to Köppen–Geiger climate zones, a similar pattern is observed in cold and temperate regions, where highest 

corelations (ρ = 0.91) are observed for return periods of 20–30 years, followed by a decline both for shorter and longer return 

periods. A sharp decline is more evident in temperate regions where it reduces to ρ = 0.61 for a return period of 80 years. In 

tropical and arid regions, correlations show a consistent increase up to around 20–30 years (ρ = 0.92–0.96), followed by a 
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relatively stable behaviour at higher return periods. In contrast, Mediterranean regions show consistently high correlations 355 

across all return periods, with values already exceeding 0.90 at short return periods and remains largely stable after 20–30 

years. Overall, the results demonstrate a clear dependence of highest agreement between the memory method and median 

calibrated Sr,max for a return period of 20–30 years across the different climate regions. 

 

 360 

 

 

 

 

 365 

 

 

 

 

 370 

 

 

Figure 7: Sensitivity matrix of Spearman corelation coefficient (ρ) between memory method based Sr,max estimates calculated for 

different return periods and median calibrated Sr,max values obtained as the median of the top 150 Pareto-optimal solutions. Results 

are shown at Global scale and the five Köppen–Geiger climate regions defined in Fig. 1d: cold, temperate, Mediterranean, tropical, 375 
and arid. 

The above sensitivity of the relationship between the memory method and median calibrated Sr,max values to return 

period selection was further stratified according to the seasonality index (IS) of liquid precipitation input, which revealed an 

additional hydroclimatic control (Fig. 8). For cold and temperate regions with relatively low seasonality (IS ≤ 0.5), the pattern 

as observed in Fig. 7 for cold and temperate regions persists where correlations are highest for return periods of 20–30 years 380 

and gradually decline for both shorter and longer return periods. In contrast, when IS > 0.5, a different behaviour emerges 

across all climatic regions, where correlations increase gradually up to return periods of approximately 20–30 years and remain 

comparatively stable thereafter. These results indicate that the sensitivity of Sr,max estimates to return period selection in cold 
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and temperate regions depends strongly on the IS. However, for the remaining climatic regions, the sensitivity pattern remains 

comparatively stable after 20–30 years irrespective of whether IS is above or below 0.5. 385 

 

 

 

Figure 8: Sensitivity matrix of Spearman corelation coefficient (ρ) between memory method based Sr,max estimates calculated for 

different return periods and median calibrated Sr,max values obtained as the median of the top 150 Pareto-optimal solutions, stratified 390 
according to the seasonality index of liquid precipitation input (IS > 0.5 and IS ≤ 5. Results are shown for the five Köppen–Geiger 

climate regions defined in Fig. 1d: cold, temperate, Mediterranean, tropical, and arid. 

To further examine the relationship between memory method and calibrated Sr,max estimates at the catchment scale 

and its implications for hydrological modelling, a characteristic catchment (Chile; IA = 0.50) showing strong agreement 

between both estimates was selected (Fig. 9a–c). For this catchment, the memory method Sr,max ≈ 289 mm is found to be very 395 

close to the median calibrated Sr,max ≈ 286 mm (Fig. 9a). The distribution of calibrated Sr,max values derived from the Pareto-

optimal solutions (Fig. 9a, left) and memory method based Sr,max values (Fig. 9a, right) shows a substantial overlap. The 

memory method based estimates are confined to a narrower range (≈ 270–300 mm) than the calibrated estimates (≈ 255–310 

mm). Nevertheless, both distributions are centred around similar values of Sr,max. To evaluate the implications of these similar 

Sr,max values on model performance, the observed daily discharge was compared with simulations generated using (i) the 400 

median simulated discharge obtained from all Pareto-optimal solutions and (ii) a model configuration in which the memory 
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method Sr,max was fixed during calibration. Both approaches resulted in modelled hydrographs that closely match with the 

observed discharge with NSEQ values ranging between 0.72–0.74 and NSElog(Q) values between 0.73–0.81. In both cases, the 

timing and magnitudes of major flow events were well captured. It is pertinent to mention that these performance indicator 

values were calculated by comparing observed discharge with the median simulated discharge from each modelling approach. 405 

Furthermore, the distributions of performance indicators across all Pareto-optimal solutions for both modelling approaches 

exhibit similar distributions with NSEQ values ranging from 0.59 to 0.74 and NSElog(Q) values ranging from 0.68 to 0.84 

respectively (Fig. 9c).  

 

Figure 9: Characteristic example catchments in temperate region where panels a–c shows a strong agreement and panels d–f shows 410 
a weaker agreement between memory method based and calibrated Sr,max estimates. These catchments are the highlighted 

catchments shown in Figs. 3 and 6. Panels b and e: Comparison of observed discharge (Q; brown line) with median simulated 

discharge (dark blue line) obtained from Pareto-optimal solutions. The light blue shaded area shows the 5th and 95th percentiles 

range of simulated discharge from the Pareto-optimal solutions. The green line shows the median simulated discharge obtained 

using a fixed value of Sr,max derived from the memory method for a return period of 20-year. Panels a) and d): The left distribution 415 
shows calibrated Sr,max values from the Pareto-optimal solutions, while the right distribution shows memory method based Sr,max 

estimates for a 20-year return period derived from each bootstrap sample (light colour lines Fig. 2). Panels c) and f): Model 

performance indicators (NSEQ, NSElog(Q), and NSERC) for all Pareto-optimal solutions. The left half shows the distribution of 

performance indicators obtained from standard calibration, in which Sr,max was calibrated over a range (Fig. 2a). The right half 

shows the distributions of performance indicators for the model configuration in which Sr,max value was fixed as obtained from 420 
memory method for a return period of 20-year. 
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In contrast to the previous example, another characteristic catchment (United Kingdom; IA = 1.05) exhibits a weaker 425 

agreement between the memory method and calibrated Sr,max estimates (Fig. 9d–e). For this catchment, the memory method 

Sr,max ≈ 130 mm is substantially lower than the median calibrated Sr,max ≈ 310 mm (Fig. 9d) obtained from the retained Pareto-

optimal solutions. The distributions of calibrated Sr,max values and memory method Sr,max estimates show only a minor overlap, 

with the memory method generally underestimating Sr,max (Fig. 9d). Although both approaches generally capture the overall 

discharge dynamics during the analysis period, noticeable differences are observed for several peak flow events (Fig. 9e). The 430 

median simulated discharge obtained from the retained calibrated solutions results in NSEQ and NSElog(Q) values of 0.68 and 

0.50, respectively, while the model configuration with fixed memory method Sr,max yields values of 0.49 and 0.36, respectively. 

Overall, model performance was found to be slightly lower than for the previous example catchment (Fig. 9a–c). Nevertheless, 

the distributions of the performance indicators for the Pareto-optimal solutions remain broadly similar for the two modelling 

approaches (Fig. 9f). For example, the distributions of NSEQ and NSElog(Q) largely overlap with values ≈ 0.17–0.62 and ≈ 0.12–435 

0.42 respectively. These results indicate that despite of having large differences in the Sr,max values, constraining the model 

with the memory method Sr,max estimate yields model performance that is broadly comparable to that achieved from standard 

calibration approach. 

4 Discussion 

Uncertainty in root zone storage capacity Sr,max has important implications for hydrological modelling as it controls 440 

the partitioning of water fluxes (Milly, 2001; Donohue et al., 2007; Ibrahim et al., 2026). In this study we extended the widely 

used memory method by replacing the commonly used fixed Gumbel assumption with a GEV distribution, allowing for a more 

flexible representation of extreme annual storage deficits. Applying this extended framework at global scale (~5700 

catchments), we have found that GEV shape parameter ξ shows a clear dependence on hydroclimatic conditions. Negative ξ-

values, associated with bounded extremes are predominantly found in water-limited regions whereas positive values indicative 445 

of heavy tailed behaviour are found in humid and energy-limited regions. This behaviour is consistent with the notion that 

hydrological extremes are constrained by different limiting processes in dry and humid environments. In dry and water-limited 

catchments, strong evaporative demand and limited water availability tend to constrain the magnitude of storage deficits 

leading to more bounded extremes behaviour (Donat et al., 2019). Even if vegetation extended its root systems, insufficient 

water is stored in the subsurface to sustain high levels of transpiration. To limit inefficient and ineffective subsurface resource 450 

investment in the absence of sufficient subsurface water, vegetation therefore does not further extend its root systems and 

consequently Sr,max converges towards bounded extremes, i.e. negative ξ-values thus in water-limited environments. In contrast, 

for humid and energy-limited regions, abundant water availability with variable atmospheric forcing, results in greater 

variability and heavy tailed behaviour in hydrological extremes. In other words, the positive ξ-values in such humid climates, 

and in stark contrast to the above arid climates, are a manifestation that vegetation can considerably benefit from extending its 455 
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root zones (and thus Sr,max) as sufficient water is available in the subsurface and can be accessed for use in dry periods if root 

systems are extensive enough. 

 

The hydroclimatic dependence of ξ is further also reflected in the uncertainty widths associated with Sr,max estimates 

(inset Fig. 5). The largest uncertainty widths are observed in transitional climates (IA = 0.5–2) where water and energy 460 

limitations are of equal importance. In these intermediate regions, annual maximum storage deficits are generally moderate 

under normal conditions but can occasionally become very large during more severe dry periods. As a result, the difference 

between frequently occurring deficits and rare extreme deficits becomes much larger, leading to wider uncertainty ranges in 

Sr,max estimates. Arid and humid regions are characterized by comparatively narrow uncertainty widths as observed in 

characteristic example catchments shown in Fig. 2a and 2c. As mentioned earlier, for arid regions, storage deficits are already 465 

consistently high and physically constrained by limited water availability, resulting in relatively smaller increases in Sr,max with 

increasing return period that ultimately yields to narrow uncertainty width in Sr,max estimates. The narrower uncertainty widths 

observed in humid regions despite of mostly heavy tailed behaviour for majority of the catchments can likely be attributed to 

frequent rainfall events and sustained moisture availability which tend to interrupt and limit the prolonged accumulation of 

storage deficits. As a result, they are less extreme in magnitude than those in transitional climates leading to narrower 470 

uncertainty widths of Sr,max. This behaviour is consistent with extreme value theory, where return level estimates are sensitive 

to model assumptions and extrapolation uncertainty (Katz et al., 2002). 

 

The strong agreement between memory method based and calibrated Sr,max estimates both at global scale and across 

different Koppen Geiger climatic zones (Fig. 6) supports the robustness of the memory method despite the uncertainty 475 

associated with extreme value representation and return period selection. Previous studies using the original memory method 

framework based on a fixed Gumbel distribution have similarly shown that memory method derived Sr,max estimates can 

adequately reproduce model calibrated Sr,max estimates at local and regional scales (Gao et al., 2014; Bouaziz et al., 2022; 

Wang et al., 2024). Our analysis extends these findings to a substantially larger global dataset spanning diverse hydroclimatic 

conditions while additionally accounting for uncertainty through the use of a more flexible GEV framework. Nevertheless, 480 

systematic differences between memory method and calibrated Sr,max estimates are observed in some climatic regions. For 

example, memory method based Sr,max tends to underestimate Sr,max in cold and temperate region catchments (Fig. 6b–c) relative 

to median calibrated Sr,max values. The reason for this underestimation remains unclear and require further research. In contrast, 

comparatively stronger agreement is observed in Mediterranean, tropical, and arid regions, where memory method estimates 

closely align with median calibrated Sr,max values across a wide range of hydroclimatic conditions. 485 

 

In this study, we have found a clear sensitivity of memory method Sr,max estimates to return period selection across 

different climatic regions. Although the agreement between memory method and median calibrated Sr,max values generally 

https://doi.org/10.5194/egusphere-2026-4226
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



19 

 

improves with an increase in return period, the strongest corelations are consistently observed around return periods of 

approximately 20–30 years (Fig. 7). Beyond this range, correlations either gradually decline or stabilize depending on the 490 

hydroclimatic conditions. The emergence of this optimal return period across contrasting climatic regions is particularly 

notable given the differences in tail behaviour that we have found through GEV analysis. Previous studies (Gao et al., 2014; 

De Boer‐Euser et al., 2016; Nijzink et al., 2016; Wang-Erlandsson et al., 2016; Bouaziz et al., 2020; Tempel et al., 2024) 

commonly adopted a fixed 20-year return period largely based on empirical and ecohydrological reasoning related to 

vegetation adaptation to drought conditions. Our results provide an additional large sample support for this assumption while 495 

also showing that the sensitivity to return period selection varies with hydroclimatic seasonality (Fig. 8). In particular 

catchments in cold and temperate regions with low seasonality exhibit highest corelations around 20–30 years and declines 

afterwards, whereas catchments with high seasonality generally show more stable correlations beyond of this range. This 

behaviour suggests that the influence of extreme storage deficits on Sr,max estimation may differ between more seasonal 

persistent and more event driven catchments. 500 

 

The global scale analysis demonstrates a strong agreement between memory method based and median calibrated 

Sr,max estimate despite the uncertainties associated with distributional assumptions and return period selection. The catchment 

scale analysis further illustrates both the strengths and limitations of the memory method at individual catchment scale. For 

the first example catchment (Fig. 9a–c), the memory method and median calibrated Sr,max estimates closely match with each 505 

other, and both model configurations produced highly similar hydrographs. In contrast, for the second example catchment 

(Fig. 9d–f), though differences between the memory method and median calibrated Sr,max estimates exist, the discharge 

dynamics were reasonably well captured by both. These contrasting examples, highlights that comparable streamflow 

performance can be achieved across a relatively wide range of Sr,max values. This behaviour reflects a classic example of 

equifinality in hydrological modelling, where different parameter combinations can produce comparable model performance 510 

by compensating each other (Beven and Freer, 2001). Even in cases where the calibrated Sr,max distributions span relatively a 

wide range (Fig. 9d), many of these parameter sets can produce almost equally good performance in terms of performance 

indicators indicating that similar streamflow simulations can be achieved despite differences in estimated Sr,max values. 

 

Overall, a strong agreement between memory method and median calibrated Sr,max estimates suggests that the memory 515 

method provides a physically meaningful estimate of vegetation accessible storage at the catchment scale. By constraining 

Sr,max derived from memory method, we can reduce the calibration burden and number of calibration parameters, and thus most 

importantly the associated uncertainty in large scale hydrological and land-surface models. These findings are consistent with 

other studies showing that climate-based estimates of Sr,max are closely linked to long-term vegetation adaptation strategies 

under drought conditions (Gao et al., 2014; Wang-Erlandsson et al., 2016; Van Oorschot et al., 2021). However, the present 520 
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study extends these findings by explicitly quantifying the uncertainty associated with distributional assumptions and return 

period selection within the memory method framework. 

5 Conclusions 

In this study, we systematically evaluated the uncertainties associated with memory method derived root zone storage 

capacity (Sr,max) estimates arising from 1) the use of a more flexible GEV distribution instead of a fixed Gumbel distribution 525 

and from 2) the selection of return periods across the global scale. We used ~5700 catchments for GEV analysis and ~2100 

catchments for model calibration. The results show that the GEV shape parameter exhibits a clear hydroclimatic dependence 

with bounded extremes dominating water-limited regions and heavy tailed extremes occurring more frequently in humid and 

energy-limited region catchments. The Sr,max uncertainty width is not uniform but systematically varies across climates, with 

the widest ranges observed in transitional regions (± 66 mm) compared to arid and humid regions (± 36 mm). The memory 530 

method based estimates of Sr,max show strong agreement with median calibrated Sr,max values (ρ = 0.93). The highest corelation 

(ρ = 0.91–0.98) is consistently found for return periods of 20–30 years across climatic region, providing a large sample support 

for the commonly used 20-year return period assumption. Overall, the findings of this study demonstrates that the memory 

method based estimates of Sr,max can serve as a reliable constraint in hydrological model calibration, reducing parameter 

uncertainty and equifinality without compromising hydrological model performance.  535 
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