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Abstract. Subsurface Stormflow (SSF) is an important runoff-generation process, especially in temperate and mountainous 10 

regions. It can play a substantial role in catchment-scale flood generation and nutrient or contaminant transport. Due to process 

heterogeneity and subsurface occurrence, it is difficult to be quantified in the field. Since hydrological models are often 

calibrated using only discharge data at the catchment outlet, SSF-relevant parameters are often affected by equifinality, leading 

to large uncertainties in simulated SSF. In this study, we used the widely used bucket-type HBV model to analyse simulated 

SSF uncertainty across four catchments. We performed Monte Carlo simulations with 1,000,000 parameter sets and selected 15 

the top 5% as behavioural. We subsequently analysed SSF parameter sensitivity in a regional sensitivity analysis and SSF 

simulation uncertainty in a GLUE-type approach. We examined whether more information on SSF is hidden in specific 

discharge conditions using a parameter-estimation approach based on percentiles of the flow-duration curve. In addition, we 

investigated simulated SSF uncertainty by disentangling simulated SSF volume and occurrence uncertainties. We found that 

there are high uncertainties in simulated SSF volume and occurrence across all catchments, with mostly low sensitivity of 20 

SSF-relevant parameters. We further found that SSF parameter identifiability could be improved by percentile parameter 

estimation, and more so in snow-insensitive catchments than in snow-dominated catchments. However, SSF simulation 

uncertainty still remained high. In the SSF uncertainty decomposition we could show that SSF occurrence uncertainty 

contributes a substantial part to total SSF simulation uncertainty. This study therefore emphasises the need to include SSF data 

into model calibration to ensure a realistic simulation of SSF and thereby achieve better process representation in lumped 25 

hydrological models and thus yield more robust prediction models. Our findings suggest that SSF proxy data indicating SSF 

occurrence in the catchment might already help to reduce SSF simulation uncertainty. 

1 Introduction 

Subsurface Stormflow (SSF) is an important runoff-generation process, especially in temperate and mountainous regions 

(Barthold and Woods, 2015; Weiler et al., 2006; McMillan et al., 2025). It occurs when there is a contrast in subsurface 30 
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hydraulic conductivities, with a higher-permeability layer overlaying a lower-permeability layer, e.g., the bedrock or a less 

permeable soil layer. Water is then (partly) deflected to flow laterally along the slope (Chifflard et al., 2019;  Blume and van 

Meerveld, 2015). SSF can also occur when groundwater rises into more permeable layers and is laterally transported to the 

stream (“transmissivity feedback”) (Bishop et al., 1990). SSF can play an important role in catchment-scale runoff generation, 

especially in flood generation (Zillgens et al., 2007; Markart et al., 2015; McGuire et al., 2024) as well as in nutrient and 35 

contaminant transport (Zhao et al., 2013; Wang et al., 2024).  

As SSF is a heterogeneous and subsurface process, its observation is difficult and requires extensive instrumentation. Studies 

that measured SSF are often limited to only one or a few sites or hillslopes (e.g. Freer et al., 2002; Uchida et al., 2004; Tromp‐

van Meerveld and McDonnell, 2006; Du et al., 2016). Despite attempts to synthesise experimental findings across sites 

worldwide (e.g., McMillan et al., 2025), quantitative inter-site comparisons remain challenging because different experimental 40 

methods are hard to compare and the resulting experimental data are often not publicly available. This makes it difficult to 

establish general rules about SSF generation and its controlling factors, beyond the scale of a few studied hillslopes (Chifflard 

et al., 2019; Blume and van Meerveld, 2015). In addition, while hillslope-scale models have been shown to be useful for 

understanding SSF processes at the local scale, catchment-scale models are still needed to extrapolate process understanding 

to a larger scale (Chifflard et al., 2019; Blume and van Meerveld, 2015). 45 

Hydrological models at the catchment scale can be classified into different groups according to their model-internal 

representation of hydrological processes: blackbox, greybox (conceptual/ bucket-type models) and whitebox (physically-based 

models). In addition, they can be classified according to their spatial discretisation into lumped and distributed models. Lumped 

models represent the catchment as a single zero-dimensional unit and thus cannot explicitly account for the spatial 

heterogeneity of hydrological properties across the catchment. However, the idea is that they can still represent the dominant 50 

hydrological processes in the catchment (Wagener and Gupta, 2005; Hartmann et al., 2023). SSF implementations in different 

hydrological models range from linear reservoirs with outflow triggered by a threshold (e.g. HBV, Lindström et al., 1997, 

Seibert and Vis, 2012) to complex physical approaches such as the Richards equation (e.g. WaSiM-ETH, Schulla and Jasper, 

2007). In addition, especially in bucket-type models, linking model-internal fluxes to real-world hydrological processes might 

not be entirely obvious.  55 

Parameters of hydrological catchment-scale models are usually calibrated, because the catchment-scale parameters have 

effective values, which summarise the subsurface heterogeneity of catchments or sub-catchments and as such cannot be 

measured in the field (Kirchner, 2006). This calibration process is usually based solely on discharge observations at the 

catchment outlet, given the limited availability of other flux and storage observations. However, the information content of 

these discharge time series is limited (Wheater et al., 1986; Ye et al., 1997), and can be further reduced when calibration is 60 

based on an overall performance measure, that aggregates model residuals over the entire calibration period (Wagener et al., 

2003). This can lead to equifinality of calibrated models, where different parameterisations produce very similar discharge 

simulations while the model-internal fluxes vary considerably (Beven and Binley, 1992). In particular, the distinction among 

model-internal lateral streamflow components is typically affected by large uncertainties (Seibert and McDonnell, 2002). 
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Models that can simulate discharge correctly, but cannot represent the dominant hydrological processes, might “give us the 65 

right results, but for the wrong reasons”, making their predictions outside calibration conditions questionable (Kirchner, 2006). 

Therefore, a reliable process representation in model structures and parameterisations is highly important, for instance, for the 

simulation of future conditions or for flood modelling (Brunner et al., 2021).  

All the above discussion also applies to SSF-relevant parameters. Therefore, it remains unclear how accurately and precisely 

existing catchment-scale hydrological models can simulate the volume and occurrence of SSF. Some studies have sought to 70 

improve SSF representation in hydrological models, though most rely on extensive field measurements at individual hillslopes 

or in small catchments. For instance, Hopp and McDonnell (2009) employed a three-dimensional, physically-based finite 

element model of a well-studied hillslope, calibrated against trench-flow data, to investigate dominant controls on SSF 

generation. Shen et al. (2025) refined SSF simulations in the Penn State Integrated Hydrological Model (PIHM) by improving 

the representation of preferential flow in macropores, calibrating the model using extensive observations, including trench-75 

flow data from a zero-order catchment. Scanlon et al. (2000) modified TOPMODEL to more realistically simulate SSF 

generation from transient perched water tables, using piezometer data to detect the formation of saturated conditions above the 

groundwater table. Again relying on trench-flow measurements for calibration, Song et al. (2024) developed the Three-Stage 

Subsurface Stormflow-based Model (TSSM) to simulate SSF-related flash floods at the hillslope and micro-watershed scale. 

While these site-specific studies have advanced process understanding, they require observational infrastructure that is rarely 80 

available at broader scales.  

In contrast, only a few studies have examined model-internal SSF uncertainties when calibration relies solely on discharge 

data. Hughes and Farinosi (2021) assessed uncertainties of hydrological processes in the semi-distributed Pitman model. They 

found that interflow contributions varied substantially across sub-basins, with uncertainty ranges spanning up to 50% in some 

cases. Hartmann et al. (2023) similarly reported large uncertainties in simulated streamflow contributions, including SSF, when 85 

using only discharge data for calibration. In their study, they found that incorporating hydrograph-separation-derived 

information improved the precision of simulated flow components. Despite these advances, studying and simulating SSF at 

the catchment scale beyond individual, data-intensive case studies remains challenging (McGuire et al., 2024; Chifflard et al., 

2019).  

In this study, we explored the limits of SSF parameterisation in lumped hydrological models across study sites when using 90 

discharge data alone for the parameter estimation. We investigated the following research questions: 1) Can parameter 

estimation of a lumped model be improved by using specific percentiles of the flow-duration curve instead of the entire 

discharge dataset? 2) How large is the model-internal SSF simulation uncertainty arising from parameter equifinality, and is 

this uncertainty dominated by occurrence or volume components? To do so we used the HBV model, a bucket-type model at 

the catchment scale, to simulate SSF and catchment discharge at four study sites in Central Europe. We divided discharge data 95 

according to the flow-duration curve (FDC) percentiles and performed the parameter estimation several times, each time using 

only discharge data within a single FDC percentile. Using a Monte Carlo based parameter estimation, we selected the same 

number of behavioural parameter sets for each FDC percentile based on the Kling-Gupta-Efficiency as an objective function. 
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Applying a regional sensitivity analysis combined with a GLUE-type uncertainty estimation, we analysed and compared the 

parameter sets and discharge and SSF simulations of the different percentile parameter estimations. According to the Law of 100 

Total Variance, we divided the total SSF simulation uncertainty into SSF volume uncertainty and SSF occurrence uncertainty. 

Using this framework, we were able to analyse the identifiability of SSF-relevant parameters across the study sites and FDC 

percentiles and to disentangle SSF simulation uncertainties. 

2 Methods 

In our approach, we used the widely used bucket-type HBV model to analyse simulated SSF uncertainty in a lumped 105 

hydrological model across four catchments. First, we examined whether more information on SSF is hidden in specific 

discharge conditions using a parameter-estimation approach based on percentiles of the flow-duration curve. Second, we 

further investigated simulated SSF uncertainty by disentangling simulated SSF volume and simulated SSF occurrence and 

their respective shares in total simulated SSF uncertainty (Figure 1). To do so, Monte Carlo simulations with 1,000,000 

parameter sets were performed for each catchment. We estimated the behavioural model parameters by selecting the top 5% 110 

of parameter sets based on the fit of simulated to observed discharge, as measured by KGE (Gupta et al., 2009). This parameter 

estimation procedure was repeated for 1) all available discharge measurements (“global parameter estimation”) and 2) the 

percentiles of the flow-duration curve in 10% increments (“percentile parameter estimation”) by using only the fragments of 

the observed discharge timeseries that have an exceedance probability between, e.g., 10% and 20% in the 10-20% percentile 

parameter estimation. In this way, for each catchment 11 sets of top 5% behavioural parameter sets were produced. These were 115 

then used in a regional sensitivity analysis to determine SSF parameter sensitivities, globally and for each percentile. The 

percentile sensitivities were also attributed to the times of the respective percentile flows in the observed discharge timeseries 

to unveil temporal sensitivity patterns. For each catchment, the percentile parameter estimation which yielded the largest 

increase in SSF parameter sensitivity was selected for the following uncertainty analysis, along with the global parameter 

estimation. Simulated SSF uncertainty and simulated SSF occurrence probability were derived from a GLUE-type uncertainty 120 

estimation. In addition, the shares of SSF volume uncertainty and SSF occurrence uncertainty of total simulated SSF 

uncertainty were computed according to the Law of Total Variance. 
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Figure 1 Methodology Flowchart 

2.1 Hydrological simulation model, parameter and uncertainty estimation 125 

For our analysis, we used the HBV model (Bergström, 1976, 1992; Lindström et al., 1997) in the version HBV-light (Seibert 

and Vis, 2012) as implemented in the SAFE toolbox (Pianosi et al., 2015), a widely used bucket-type hydrological model here 

run at hourly temporal resolution. In the lumped model structure (Figure 2), catchment discharge is simulated from input 

timeseries of precipitation, air temperature and potential evapotranspiration. 

   130 

Figure 2 HBV structure with storage variables in grey, parameters in dark blue and fluxes in light blue. SSF (𝑸𝟎) and SSF-relevant 

parameters (𝑼𝒁𝑳 and 𝑲𝟎) are highlighted in yellow. Adapted from Seibert (2000) 

In the HBV model, the snow routine is simulated using the degree-day method (Lindström et al., 1997). Snowmelt 𝑀(𝑡) [mm] 

is calculated based on the degree-day factor 𝐶𝐹𝑀𝐴𝑋 [mmd-1°C-1] and the threshold temperature 𝑇𝑇 [°C] according to equation 
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(1). 𝑇𝑇 separates precipitation into rain or snow depending on the current air temperature 𝑇(𝑡) [°C]. The snowpack retains 135 

rain and meltwater until the water holding capacity 𝐶𝑊𝐻 [-] is exceeded. According to the refreezing coefficient 𝐶𝐹𝑅 [-] the 

amount of refreezing liquid water within the snowpack 𝑅 [mmd-1] is computed by equation (2). 

𝑀(𝑡) = 𝑃𝐶𝐹𝑀𝐴𝑋 ∗ (𝑇(𝑡) − 𝑃𝑇𝑇) (1) 

𝑅(𝑡) = 𝑃𝐶𝐹𝑅 ∗ 𝑃𝐶𝐹𝑀𝐴𝑋(𝑃𝑇𝑇 − 𝑇(𝑡)) (2) 

In the soil moisture routine, a function of the ratio between soil water storage 𝑆𝑠𝑜𝑖𝑙(𝑡) [mm] and the maximum soil moisture 

storage (field capacity, 𝐹𝐶 [mm]) determines the groundwater recharge 𝐹(𝑡) [mmd-1] to the upper groundwater box 𝑆𝑈𝑍(𝑡) 

[mm] depending on the incoming water to the soil box 𝐼(𝑡) [mmd-1], consisting of rain and snowmelt 𝑀(𝑡) (equation 3). Actual 140 

evapotranspiration 𝐸𝑎𝑐𝑡(𝑡) [mm] from the soil is computed from the potential evapotranspiration 𝐸𝑝𝑜𝑡(𝑡) [mm] according to 

equation (4) (Seibert and Vis, 2012).  

𝐹(𝑡)

𝐼(𝑡)
= (

𝑆𝑠𝑜𝑖𝑙(𝑡)

𝑃𝐹𝐶
)

𝑃𝐵𝐸𝑇𝐴

 

 

(3) 

𝐸𝑎𝑐𝑡(𝑡) = 𝐸𝑝𝑜𝑡(𝑡) ∗ min (
𝑆𝑠𝑜𝑖𝑙(𝑡)

𝑃𝐹𝐶 ∗ 𝑃𝐿𝑃
, 1) 

(4) 

With  𝐵𝐸𝑇𝐴 [-] Shape coefficient of the recharge function 

 𝐿𝑃 [-]  Soil moisture value above which 𝐸𝑎𝑐𝑡(𝑡) reaches 𝐸𝑝𝑜𝑡(𝑡) 

 145 

The HBV model structure contains two groundwater boxes, the upper groundwater box with storage 𝑆𝑈𝑍(𝑡) [mm] and the 

lower groundwater box with storage 𝑆𝐿𝑍(𝑡) [mm], with percolation at the maximum rate 𝑃𝐸𝑅𝐶 [mmd-1] connecting them. The 

groundwater boxes produce runoff 𝑄𝐺𝑊(𝑡) [mm] according to linear outflow equations with storage coefficients 𝐾2 [d-1] for 

the lower zone and 𝐾1 for the upper zone. Additional outflow is produced from the upper groundwater box according to storage 

coefficient 𝐾0  [d-1], if 𝑆𝑈𝑍(𝑡)  is above a threshold value 𝑈𝑍𝐿  [mm] (equation 5). In the routing routine, the sum of all 150 

groundwater outflows is transformed using a triangular weighting function with routing parameter 𝑀𝐴𝑋𝐵𝐴𝑆 [d] to simulate 

total catchment discharge 𝑄𝑠𝑖𝑚(𝑡) [mmd-1] (equations 6 & 7) (Seibert and Vis, 2012).  

𝑄𝐺𝑊(𝑡) = 𝑃𝐾2 ∗ 𝑆𝐿𝑍(𝑡) + 𝑃𝐾1 ∗ 𝑆𝑈𝑍(𝑡) + 𝑃𝐾0 ∗ max⁡(𝑆𝑈𝑍(𝑡) − 𝑃𝑈𝑍𝐿 , 0) (5) 

𝑄𝑠𝑖𝑚(𝑡) = ∑ 𝑐(𝑖) ∗ 𝑄𝐺𝑊(𝑡 − 𝑖 + 1)

𝑃𝑀𝐴𝑋𝐵𝐴𝑆

𝑖=1

 

 

(6) 

Where 

𝑐(𝑖) = ∫
2

𝑃𝑀𝐴𝑋𝐵𝐴𝑆
− |𝑢 −

𝑃𝑀𝐴𝑋𝐵𝐴𝑆
2

| ∗
4

𝑃𝑀𝐴𝑋𝐵𝐴𝑆
2 𝑑𝑢

𝑖

𝑖−1

 

 

(7) 
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All HBV parameters along with their respective calibration ranges according to literature (Usman et al., 2024; Seibert, 1999; 155 

Abebe et al., 2010; Seibert and Vis, 2012; Bergström, 1992) are displayed in Table 1. For better comparability with literature 

values, the parameter values are displayed in units matching a daily temporal resolution. However, they were adjusted to an 

hourly temporal resolution within our model simulations. 

In our analysis, we considered SSF to be conceptually represented through the overflow reservoir of the upper zone storage 

(𝑄0) in the HBV model structure (Figure 2), making 𝑈𝑍𝐿 and 𝐾0 the SSF-relevant parameters of the model. However, as the 160 

HBV model structure is only a simplified representation of the real-world catchment, it is not clear which variable in the 

lumped model is the best proxy for the SSF process. Conceptually, SSF could also be represented as the combination of both 

fluxes from the upper zone storage (𝑄0 + 𝑄1). To assess whether this ambiguity influences our main results, we performed a 

subsequent uncertainty analysis using both conceptual process allocations for the global parameter estimation. 

Table 1 HBV parameter descriptions with calibration ranges. Parameter ranges are displayed in daily values, but were converted 165 
within the model simulations to fit an hourly timestep. 

Routine Parameter Unit Description Calibration Range 

        Lower Upper 

Snow 

routine 

𝑇𝑇  [°C] Threshold temperature rain-snow -2 2 

 
𝐶𝐹𝑀𝐴𝑋  [mmd-1°C-1] Degree-day factor 0.5 4 

 
𝑆𝐹𝐶𝐹  [-] Snowfall correction factor fixed (*) 

 
𝐶𝑊𝐻  [-] Water holding capacity fixed (*) 

 
𝐶𝐹𝑅  [-] Refreezing coefficient fixed (*)  

Soil 

moisture 

routine 

𝐹𝐶  [mm] Maximum soil moisture storage 50 550 

𝐿𝑃  [-] Soil moisture value above which 𝐸𝑎𝑐𝑡 
reaches 𝐸𝑝𝑜𝑡 

0.3 1 

𝐵𝐸𝑇𝐴  [-] Shape coefficient of the recharge 

function  

1 6 

Response 

function 

𝑃𝐸𝑅𝐶  [mmd-1] Threshold parameter: Maximum 

percolation rate from the upper to the 

lower groundwater box 

0 4 

 
𝑈𝑍𝐿  [mm] Threshold parameter: Activation of a 

second outflow from the upper 

groundwater box 

0 70 

 
𝐾0  [d-1] Upper zone overflow storage 

coefficient 

0.05 0.5 

 
𝐾1  [d-1] Upper zone storage coefficient 0.01 0.3 

 
𝐾2  [d-1] Lower zone storage coefficient 0.0001 0.1 

Routing 

routine 

𝑀𝐴𝑋𝐵𝐴𝑆  [d] Length of triangular weighting 

function 

1 2.5 

* fixed according to literature values (as described below): Sauerland 𝑺𝑭𝑪𝑭 = 1, 𝑪𝑾𝑯 = 0.0113, 𝑪𝑭𝑹 = 0.0043; Ore Mountains 𝑺𝑭𝑪𝑭 = 

1, 𝑪𝑾𝑯 = 0.004, 𝑪𝑭𝑹 = 0.0115; Black Forest 𝑺𝑭𝑪𝑭 = 1, 𝑪𝑾𝑯 = 0.0044, 𝑪𝑭𝑹 = 0.0113; Tyrolean Alps 𝑺𝑭𝑪𝑭 = 1, 𝑪𝑾𝑯 = 0.0039, 𝑪𝑭𝑹 

= 0.0112 (Beck et al., 2020) 
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To reduce parameter interactions, the snow parameters 𝐶𝑊𝐻, 𝐶𝐹𝑅 and 𝑆𝐹𝐶𝐹 were fixed to the values derived in a global 170 

HBV parameter regionalisation by Beck et al. (2020). The snowfall correction factor 𝑆𝐹𝐶𝐹, which is multiplied with all 

precipitation simulated as snow, was set to 1 across all catchments according to Beck et al. (2020). Although SFCF can be an 

influential parameter in alpine and forested catchments, a value of 1 implies no correction to the precipitation input and thus 

preserves the original water balance. We retained this fixed value across all catchments to avoid introducing water balance 

adjustments and to maintain consistency with the regionalised parameter set. All remaining HBV model parameters were 175 

calibrated via a Monte Carlo analysis. We used Latin-Hypercube sampling, as implemented in the SAFE toolbox (Pianosi et 

al., 2015), to draw 1,000,000 parameter sets from uniform distributions with ranges given in Table 1. The performance of each 

parameter set was evaluated based on the resulting model’s ability to reproduce discharge measurements at the catchment 

outlets, as measured by the Kling-Gupta-Efficiency KGE (Gupta et al., 2009). We chose not to perform a split-sample test to 

maximise the information content of the available discharge timeseries, especially since the discharge timeseries needed to be 180 

split into 10 parts for the percentile parameter estimation. Studies have shown that this type of calibration, which skips model 

validation, can lead to more robust results (Shen et al., 2022). Prior to the calibration period, a warm-up period of at least 3 

years was added, during which the state variables within the model can evolve, so initial conditions do not influence the model 

calibration.  

The top 5% best performing parameter sets in each catchment were considered to be behavioural and used for simulation in 185 

further analysis in a generalised likelihood uncertainty estimation (GLUE) (Beven and Binley, 1992) -type approach. In this 

way, the equifinality of different parameter sets was recognised in the parameter estimation (Beven et al., 2008). All 

behavioural parameter sets were used to generate uncertainty bands for simulated model outputs. This uncertainty estimation 

was applied for simulated total discharge as well as for simulated model-internal flow components (e.g., 𝑄0, in Figure 2). 

The behavioural threshold (top 5%) was set relatively low (still yielding 50,000 parameter sets per catchment), compared to 190 

other studies, e.g. Tibangayuka et al. (2022), where the threshold for behavioural runs was fixed at KGE>0.65. This threshold 

was chosen to leave some margins for further analysis and to account for minor data quality limitations (Beven, 2006) in some 

catchments, where, e.g., discharge observations were not quality-controlled over the entire time series or meteorological input 

data were derived from stations located outside the catchment boundaries. The threshold for behavioural runs was set as a 

percentage of all runs to get the same number of behavioural runs in every catchment. In addition, a fixed KGE threshold can 195 

work well for model calibration at one site but is dependent on flow variability and might be misleading when compared 

between sites (Williams, 2025). As a lower benchmark for the model performances in each catchment, we computed the 

efficiency of a random parameter set for each catchment, as proposed by Seibert et al. (2018).  

2.2 Parameter identifiability across FDC percentiles 

We assessed the results of the Monte Carlo parameter estimation using the regional sensitivity analyses (RSA) approach first 200 

proposed by Hornberger, Spear & Young (Hornberger and Spear, 1981; Spear and Hornberger, 1980) to examine the influence 

of the model parameters on model output and performance. In the RSA, the cumulative probability density function of the 
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behavioural parameter sets is plotted over the respective parameter calibration ranges. In these plots, parameter sensitivity is 

indicated by a strong deviation of a parameter’s cumulative probability density function from the 1:1 line (Beven and Freer, 

2001). This deviation can be quantified using the Kolmogorov-Smirnov test (KS-test), which determines the maximum 205 

distance (𝐷) between the behavioural parameters’ cumulative probability density function and the uniform distribution (1:1 

line) according to equation 8 (Massey, 1951; Smirnov, 1939; Kolmogorov, 1933).  

𝐷 = max⁡(𝐹0⁡(𝑥) − 𝑆𝑁⁡(𝑥)) (8) 

With  𝐹0⁡(𝑥) Prior cumulative distribution function of the parameters, i.e., uniform distribution 

 𝑆𝑁⁡(𝑥) Cumulative probability density function of the behavioural parameters 

To assess whether we can gain more information on SSF from different parts of the hydrograph, we performed the parameter 210 

estimation using both all available discharge data ("global parameter estimation") and subsets corresponding to different 

percentiles of the flow-duration curve FDC (“percentile parameter estimations”) (Figure 1). For percentile parameter 

estimations, discharge data were divided into 10 percentiles according to the FDC, e.g., those with exceedance probabilities 

<10%, 10-20%, 20-30%, etc. The parameter-estimation approach described in section 2.1 was then applied separately to each 

FDC percentile by calculating model performance (KGE) using only discharge observations within the respective exceedance 215 

probability range. For instance, in the 10-20% percentile parameter estimation, simulated discharge was evaluated exclusively 

against observed values with exceedance probabilities between 10% and 20%. This procedure yielded 11 sets of behavioural 

parameter sets per catchment: one from the global parameter estimation and one from each of the 10 percentile parameter 

estimations. RSA was then applied to each of these datasets. To gain more information on SSF, we selected the percentile 

parameter estimation that produced the largest increase in sensitivity indices (eq. 8) of SSF-relevant parameters (𝑈𝑍𝐿 and 𝐾0) 220 

for further analysis in each catchment. 

For a better visual representation of the changes in parameter sensitivity through the percentile parameter estimations, the 

sensitivity values were additionally mapped onto a continuous timeseries. More specifically, for every model parameter, the 

𝐷-value from the KS-test (sensitivity measure) obtained in a given percentile parameter estimation was assigned to all time 

steps at which observed discharge lies within that percentile's exceedance probability range, revealing periods during which 225 

specific parameters exert greater influence on model performance.  

2.3 Estimation and decomposition of simulated SSF uncertainty 

The estimation of simulated SSF uncertainties was divided into two parts: SSF volume uncertainty and SSF occurrence 

probability. Both uncertainties were assessed using a GLUE-type approach (Beven and Binley, 1992), in which all behavioural 

parameter sets were used for simulation, leading to a range of simulated total discharge and a range of simulated model-internal 230 

flows for each time step. For better interpretation, the simulated SSF volume uncertainty is not expressed as a range of 

simulated total SSF volume, but as a range of simulated SSF contribution to total simulated discharge (𝑄0⁡(𝑡)/𝑄𝑠𝑖𝑚(𝑡)), the 

SSF fraction at time t 𝑓𝑡 [-]. To minimise the influence of outliers, SSF volume uncertainty was calculated based on the 95% 
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range of all simulated behavioural SSF contributions. The SSF occurrence probability 𝑝𝑡  [-] was approximated by the 

frequency of SSF simulation, i.e., by the fraction of behavioural runs, that simulate SSF (i.e., 𝑄0(𝑡) > 0) at any given timestep. 235 

Therefore, if all behavioural runs simulate SSF at a given point in time, the SSF occurrence probability is 100% (𝑝𝑡 = 1) and 

if all behavioural runs simulate that no SSF occurs, it is 0% (𝑝𝑡 = 0). 

To disentangle the total simulated SSF uncertainty, it was divided into two parts: a volume uncertainty share (“How big is 

SSF, when SSF occurs?”) and an occurrence uncertainty share (“Does SSF occur or not?”). These SSF uncertainty shares were 

calculated according to the Law of Total Variance (equation 9) (Casella and Berger, 2024; Champ and Sills, 2024). The 240 

equation was applied here using the SSF fraction at time t 𝑓𝑡 [-] as output variable 𝑌, and binary occurrence indicator 𝐼𝑡, which 

determines if SSF is occurring or not, as conditioning variable 𝑋 (equation 10).  

𝑉𝑎𝑟(𝑌) = 𝐸[𝑉𝑎𝑟(𝑌|𝑋)] + 𝑉𝑎𝑟(𝐸[𝑌|𝑋])  (9) 

𝑉𝑎𝑟(𝑓𝑡) = 𝐸[𝑉𝑎𝑟(𝑓𝑡|𝐼𝑡)] + 𝑉𝑎𝑟(𝐸[𝑓𝑡|𝐼𝑡]) (10) 

The Law of Total Variance is composed of two terms: the Within-Occurrence term 𝐸[𝑉𝑎𝑟(𝑓𝑡|𝐼𝑡)] and the Between-State term 

𝑉𝑎𝑟(𝐸[𝑓𝑡|𝐼𝑡]), which we interpreted as SSF volume uncertainty share and SSF occurrence uncertainty share, respectively. 

They can be determined according to equations 11-12 and combined to equal the total unconditional variance across all runs 245 

(including zeros) 𝑉𝑎𝑟(𝑓𝑡) (equation 13) (Casella and Berger, 2024).  

𝐸[𝑉𝑎𝑟(𝑓𝑡|𝐼𝑡)] = 𝑝𝑡  𝜎𝑡
2+ (11) 

𝑉𝑎𝑟(𝐸[𝑓𝑡|𝐼𝑡]) = 𝑉𝑎𝑟(μ𝑡
+𝐼𝑡) = (μ𝑡

+)2𝑉𝑎𝑟(𝐼𝑡) = (μ𝑡
+)2𝑝𝑡(1 − 𝑝𝑡) (12) 

𝑉𝑎𝑟(𝑓𝑡) = 𝑝𝑡  𝜎𝑡
2+ + 𝑝𝑡(1 − 𝑝𝑡)(𝜇𝑡

+)2 (13) 

When 𝐼𝑡 = 0, SSF does not occur and therefore, 𝐸[𝑓𝑡|𝐼𝑡] = 0 and Var(f𝑡|𝐼𝑡)  = 0. When 𝐼𝑡 = 1, SSF occurs with 𝐸[𝑓𝑡|𝐼𝑡] =

𝜇𝑡
+ and Var(f𝑡|𝐼𝑡)  = 𝜎𝑡

2+, with 𝜇𝑡
+ and 𝜎𝑡

2+ describing the mean and variance of the SSF fraction when SSF occurs. 

For better comparability, the Within-Occurrence term and the Between-State term can be expressed as a share of total 

unconditional variance (equations 14-16). 250 

𝑆𝑣𝑜𝑙,𝑡 =
𝑝𝑡𝜎𝑡

2+⁡

Var(ft)
 

 

(14) 

𝑆occ,𝑡 =
𝑝𝑡(1 − 𝑝𝑡)(𝜇𝑡

+)2

Var(ft)
 

 

(15) 

𝑆𝑣𝑜𝑙,𝑡 + Socc,t = 1 (16) 

With  𝑆vol  Share of total variance due to volume uncertainty [-] 

𝑆occ  Share of total variance due to occurrence uncertainty [-]  
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The SSF uncertainty estimation and decomposition in every catchment were based on the global parameter estimation as well 

as the percentile parameter estimation, that yielded the largest increase in sensitivity of SSF-relevant parameters in each 255 

catchment. For our main analysis, we considered SSF to be conceptually represented through 𝑄0 in the HBV model structure 

(Figure 2). However, as process allocation is not completely clear in bucket-type models, we performed an additional analysis 

where we considered SSF to be represented through the sum of 𝑄0 and 𝑄1 and compared the results for the global parameter 

estimation. 

2.4 Study sites and available data 260 

We applied our approach in the four study sites of the RU FOR 5288: “Fast and Invisible: Conquering Subsurface Stormflow 

through an Interdisciplinary Multi-Site Approach” (Figure 3). The four study sites cover a range of topographic, climatic and 

land-use conditions (Table 2). 

2.4.1 Study site descriptions 

The Sauerland catchment is the largest catchment among the study sites (Table 2). The main land-use types are pasture, spruce 265 

forest and mixed forest with minor shares of arable land and settlement. The soil types in the catchment are dominantly loamy 

cambisols, leptosols and stagnasols and the geology is characterised by sandy-silty clay shale from the Lower and Middle 

Devonian on which periglacial cover beds have developed during the Late Quaternary (Chifflard et al., 2008). In the Ore 

Mountains catchment, the dominant land-use types are spruce forest, pasture and cropland, and the typical soil types are stagno-

gleyic cambisols and dystric cambisols. The geology is characterised by gneiss and phyllite bedrock, overlain by periglacial 270 

cover beds (Heller and Kleber, 2016). The Black Forest catchment is the smallest catchment of all study sites (Table 2). The 

predominant land-use types are forest and grassland, and the soil types in the catchment are dominantly cambisols, with 

gleysols and colluvium along the stream. Geologically, the Black Forest catchment is characterised by crystalline bedrock 

overlain by periglacial drift covers (Bachmair and Weiler, 2012, 2014). The Tyrolean Alps catchment has the steepest slopes 

among the study sites (Table 2). The main land-use types are spruce forest, alpine pastures and alpine dwarf shrub. Calcareous 275 

schists form the bedrock, and the valley has been subject to glacial erosion. In the valley, there is a quaternary valley infill 

consisting of Holocene and Pleistocene sediments of different sediment types (Orsi et al., 2016). The climatic forcing data 

vary between catchments with the highest mean annual temperature and lowest mean annual precipitation in the Black Forest 

catchment and the lowest mean annual temperature and highest mean annual precipitation in the Tyrolean Alps catchment 

(Table 2). 280 
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Figure 3 Study Site locations within Central Europe 

Table 2 Study sites and their physio-geographical and hydrological properties 

    Sauerland  

(SL) 

Ore Mountains 

(OM) 

Black Forest 

(BF) 

Tyrolean Alps 

(TA) 

Topography Catchment area [km²] 47 31 0.25 8.84 

Mean elevation 

[m.a.s.l] 

407.32 661.23 446.67 1975.39 

Elevation range 

[m.a.s.l] 

312.95 - 517.37 498.13 - 805.6 329.56 - 577.76 1326.43 - 2595.21 

Slope [°] 0-83 (mean 9.24) 0-47 (mean 7.42) 0-56 (mean 18.67) 0-85 (mean 33.78) 

Sources Geobasis NRW 

(2022) 

GeoSN (2022) LGL BaWü (2025) Land Tirol (2022) 

Stream Stream name Rose & Brachtpe Gimmlitz  Rütlitobel  Padasterbach 

Sources Ruhrverband (2025) LTV (2022)   Universität 

Freiburg (2025) 

 BBT SE (2025) 

Forcing Climate * Cfb Cfb Cfb Dfc 

Mean annual 

temperature [°C] ** 

9.94 5.54 11.53 2.93 

Mean annual 

precipitation [mm] ** 

1115 1052 831 1293 

Sources DWD (2025a, 

2025b, 2025c, 

2025d) 

DWD (2025a, 

2025b, 2025c, 

2025d) 

DWD (2025a, 

2025b, 2025c, 

2025d) 

GeoSphere Austria 

(2021, 2020), 

Haiden et al. 

(2011), Haslinger 

and Bartsch 

(2016), Kann et al. 

(2011) 
(*) Cfb: warm temperate, fully humid, warm summer; Dfc: snow, fully humid, cool summer; based on the Köppen-Geiger classification 285 
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(**) Calculated over the whole simulation timespan of the respective catchment 

2.4.2 Datasets and pre-processing for simulation with the HBV model 

The inputs to the HBV model are hourly timeseries of climatic forcing data including precipitation, temperature and potential 

evapotranspiration (sources are listed in Table 2). Hourly timeseries of potential evapotranspiration are derived from daily 

estimates of potential evapotranspiration 𝐸𝑝𝑜𝑡 provided by DWD (2025a) and GeoSphere Austria (2020) by disaggregation 290 

using hourly time series of solar data (DWD, 2025c; GeoSphere Austria, 2021). The daily sums of  𝐸𝑝𝑜𝑡 are distributed over 

24 hours, creating a diurnal pattern according to the diurnal pattern of solar radiation, given that solar radiation is a major 

driver of 𝐸𝑝𝑜𝑡 and available in hourly resolution (Wang and Dickinson, 2012).  

The HBV model was run for approximately 15 years in each catchment (Table 3). All available discharge observations were 

used for parameter estimation (see Table 2 for data sources). However, because data availability varied across catchments, 295 

calibration periods differed accordingly (Table 3). 

 

Table 3 Simulated timespans and timespans of observed discharge data available for calibration  

  Sauerland Ore Mountains Black Forest Tyrolean Alps 

Simulated timespan 2009-11-01 to  

2025-06-29 

2000-11-01 to  

2015-11-01 

2009-11-01 to  

2025-06-10 

2012-08-06 to  

2025-06-29 

Timespan of available 

discharge observations  

2012-11-01 to 

2025-04-01 

2005-04-07 to 

2011-08-04 

2019-12-03 to 

2021-03-04 

& 

2023-06-07 to 

2025-06-10 

2015-08-07 to 

2020-01-08  

&  

2023-01-03 to 

2024-11-10 

3 Results 

3.1 Hydrological simulation model, parameter and uncertainty estimation 300 

For all catchments, the observed discharge timeseries mostly lies within the simulated uncertainty band (Figure 4) and the 

global parameter estimation yields sufficiently high KGE values (Table 4). The KGE of the model using a random parameter 

set, which we used as a lower benchmark for model performance, is below the 5% behavioural threshold for all catchments. 

For the Sauerland and Tyrolean Alps catchments, KGE values are generally higher compared to the Ore Mountains and Black 

Forest catchments. This is reflected in the higher KGE behavioural thresholds, higher mean behavioural KGEs, and higher 305 

KGE of the lower benchmark. 
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Figure 4 Discharge simulations for all catchments, exemplary for one hydrological year. The simulated discharge uncertainty bands 

are derived from the simulations of all behavioural parameter sets from the global parameter estimation. 

Table 4 KGE values [-] derived by global parameter estimation for all catchments 310 

  Sauerland Ore Mountains Black Forest Tyrolean Alps 

Behavioural Runs 

Threshold (top 5%) 
0.61 0.56 0.55 0.70 

Behavioural Runs 

Mean 
0.65 0.60 0.60 0.73 

Best Run 0.83 0.77 0.76 0.81 

Lower Benchmark 0.51 -0.08 -0.43 0.57 

3.2 Parameter identifiability across FDC percentiles 

Figure 5 reports an analysis of behavioural parameter ranges through boxplots. Here, a distinct deviation of the median or a 

reduction in the interquartile range compared to the uniform distribution displayed in the background indicates that a parameter 

is better identifiable and shows the direction of the optimal parameter value. In turn, if a boxplot resembles the uniform 

distribution, the parameter is difficult to identify. In Figure 5, the behavioural parameter ranges are compared across 315 

catchments, while also considering different parameter-estimation approaches: global parameter estimation (left), <10% high-

flow parameter estimation (middle) and 10-20% high-flow parameter estimation (right). The snow parameters 𝑇𝑇 and 𝐶𝐹𝑀𝐴𝑋 
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are the most identifiable parameters in the Ore Mountains and Tyrolean Alps catchments (Figure 5), for global parameter 

estimation and especially for the <10% high-flow parameter estimation, indicating a very high relevance of these parameters 

for the model in these two catchments.  320 

Among the four study sites, the SSF-relevant parameters 𝐾0 and 𝑈𝑍𝐿 are the most identifiable in the Sauerland catchment 

(Figure 5). The interquartile ranges are narrower and the boxplots are shifted towards lower values for 𝑈𝑍𝐿 and higher values 

for 𝐾0 compared to the uniform distribution. Within the HBV model structure, lower values of 𝑈𝑍𝐿 conceptually represent a 

lower threshold for the activation of SSF, and higher values of 𝐾0 show that the SSF storage empties faster. Therefore, with 

the observed parameter shifts, the model simulates more frequent and faster SSF. This shift is even more emphasised in the 325 

<10% high-flow parameter estimation, indicating that SSF becomes more important at peak flow and that low 𝑈𝑍𝐿 values and 

high 𝐾0 values are favoured, leading to a more frequent, fast SSF response. In the Black Forest catchment, behavioural ranges 

of the global parameter estimation are more uniformly distributed, while behavioural ranges of the <10% high-flow parameter 

estimation show a shift towards smaller values of 𝑈𝑍𝐿 and larger values of 𝐾0, indicating simulation of more frequent and 

faster SSF, like in the Sauerland catchment. In addition, there is a substantial reduction in the interquartile ranges, indicating 330 

improved parameter identifiability. In the Ore Mountains and Tyrolean Alps catchments, SSF-relevant parameters are less 

identifiable with wider interquartile ranges compared to the Sauerland and Black Forest catchments. For parameter 𝑈𝑍𝐿, 

interquartile ranges are slightly narrower and the boxplots are shifted towards higher values in both catchments. Unlike the 

Sauerland and Black Forest catchments, this indicates a higher activation threshold for SSF within the model structure resulting 

in less frequent simulation of SSF events. 335 
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Figure 5 Behavioural parameter ranges for all catchments as boxplots (Sauerland – light green, Black Forest – dark green, Ore 

Mountains – light blue, Tyrolean Alps – dark blue) estimated based on all data (left), on the top 10% high-flow percentile (middle) 

and on the top 10-20% high-flow percentile (right). The grey background represents the uniform distribution from which the 340 
parameters were sampled. 

In the RSA, cumulative distribution functions (CDFs) of behavioural parameter sets over the calibration range were compared 

to the 1:1 line, which represents the uniform distribution from which the parameters were sampled. Large deviations of the 

CDFs from the 1:1 line indicate stronger parameter influence. The maximum distance to the 1:1 line (i.e., the D-value in a 

Kolmogorov-Smirnoff test) can be taken as a quantitative measure of parameter influence. Larger D-values, therefore, indicate 345 

higher sensitivity of the output metric to that parameter. For the SSF-relevant parameters of the HBV model, 𝐾0 and 𝑈𝑍𝐿, 
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sensitivity in the global parameter estimation is generally low, with the exception of the Sauerland catchment. Specifically, D-

values for 𝐾0 are 0.22 for the Sauerland catchment, 0.05 for the Ore Mountains catchment, 0.03 for the Black Forest catchment, 

0.05 for the Tyrolean Alps catchment, and for 𝑈𝑍𝐿  are 0.42 for the Sauerland catchment, 0.10 for the Ore Mountains 

catchment, 0.13 for the Black Forest catchment, 0.06 for the Tyrolean Alps catchment. The RSA plots for the global and 350 

percentile parameter estimations for all model parameters can be found in the Appendix (Figures A.1 – A.4).  

For some percentile parameter estimations, there are clear increases in the sensitivity of SSF-relevant parameters. For the 

Sauerland catchment, the largest increase is registered for the high-flow percentile with <10% exceedance probability (D-

values: 0.32 for 𝐾0 and 0.49 for 𝑈𝑍𝐿). The same applies to the Black Forest catchment (D-values: 0.17 for 𝐾0 and 0.40 for 

𝑈𝑍𝐿). For the Ore Mountains catchment, there is no increase in sensitivity through the percentile parameter estimations for 355 

the parameter 𝐾0, but a slight increase for the parameter 𝑈𝑍𝐿 with the 10-20% high-flow percentile parameter estimation (D-

value 0.18). For the Tyrolean Alps catchment, there is a slight increase in sensitivity for the parameter 𝐾0 for the high-flow 

percentile with <10% exceedance probability (D-value 0.10), but there is a larger increase in sensitivity for the parameter 𝑈𝑍𝐿 

for the high-flow percentile with 10-20% exceedance probability (D-value 0.22). Generally, the increase in sensitivity of SSF-

relevant parameters is less pronounced in the Ore Mountains and Tyrolean Alps catchments than in the Sauerland and Black 360 

Forest catchments.  

While there is an increase in SSF parameter sensitivity with the percentile parameter estimations, there is a simultaneous 

decrease in overall model performance (Table A.2). To maximise the information gained from the flow-duration curve 

approach, the percentile parameter estimation yielding the largest increase in SSF parameter sensitivity was selected for further 

analysis in each catchment. This was the <10% exceedance probability percentile for the Sauerland and Black Forest 365 

catchments, and the 10–20% exceedance probability percentile for the Ore Mountains and Tyrolean Alps catchments. 

Figure 6 visualises the percentile parameter estimation in a timeseries and illustrates that across all catchments, the parameter 

𝐾2 tends to be more sensitive during median to low-flow periods while the parameters 𝑇𝑇, 𝐶𝐹𝑀𝐴𝑋, 𝐾0, 𝑈𝑍𝐿 and 𝑀𝐴𝑋𝐵𝐴𝑆 

tend to be most sensitive during high-flow periods. For other parameters, the patterns are not as clear (Figure 6). In the 

Sauerland and Black Forest catchments, the display of sensitivity as a timeseries again accentuates the link between peak high-370 

flow and the higher sensitivity of SSF-relevant parameters. In the Ore Mountains and Tyrolean Alps catchments, during peak 

flows (<10% percentile) the sensitivity of the snow parameters 𝑇𝑇 and 𝐶𝐹𝑀𝐴𝑋 becomes very large, while the sensitivities of 

all other parameters, except for 𝑀𝐴𝑋𝐵𝐴𝑆, decrease during this time. The SSF-relevant parameters in both catchments, except 

𝐾0 in the Tyrolean Alps, reach peak sensitivity in the 10-20% high-flow percentile. 
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 375 

Figure 6 Sensitivities (D-values) of model parameters from percentile parameter estimations illustrated as a timeseries for all 

catchments over 1 hydrological year, darker colour representing higher sensitivity. Vertical bars displayed to the right of the 

timeseries are the parameter sensitivities (D-values) from the global parameter estimation. The SSF-relevant parameters 𝑼𝒁𝑳 and 

𝑲𝟎 are highlighted in the respective catchment colour.  
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3.3 Estimation and decomposition of simulated SSF uncertainty 380 

The simulated SSF occurrence probability is clearly linked to total observed discharge and increases with higher discharge 

values (Figure 7). The simulated SSF volume uncertainty, displayed here as the uncertainty in the SSF fraction of total 

discharge, is generally high, often spanning from 0% to over 60% SSF contribution to total simulated discharge. Like SSF 

occurrence probability, SSF volume uncertainty also increases with total observed discharge, with especially high volume 

uncertainties during peak flows. Within the HBV model structure, SSF appears to have the highest importance in the Sauerland 385 

catchment, where simulated SSF occurrence probability is the highest, with the Sauerland also being the only catchment where 

SSF volume uncertainty does not entail zero at all times (Figure 7). In the Black Forest, as indicated in previous results, SSF 

appears to be especially important for the simulation of high-flow peaks, with an increase in SSF occurrence probability for 

the <10% high-flow parameter estimation. The SSF occurrence probability is overall the lowest in the Ore Mountains 

catchment, where it is limited to discharge peaks. 390 

Simulated SSF uncertainties can be slightly reduced, but remain high even with the percentile parameter estimations, where 

SSF-relevant parameters have shown to be more identifiable (for every catchment third plot from the top in Figure 7). In the 

Sauerland and Black Forest catchments, SSF occurrence probability increases with the <10% high-flow percentile parameter 

estimation. In the Ore Mountains and Tyrolean Alps catchments on the other hand, SSF occurrence probability decreases for 

the 10-20% high-flow parameter estimation. 395 

The decomposition of total simulated SSF uncertainty shows that over almost the entire timeseries, simulated SSF occurrence 

uncertainty is larger than simulated SSF volume uncertainty across all catchments (Figure 7). The mean (± standard deviation) 

shares of SSF occurrence from total simulated SSF uncertainty across the whole timeseries are 0.63±0.09 for the Sauerland 

catchment, 0.64±0.08 for the Ore Mountains catchment, 0.68±0.08 for the Black Forest catchment and 0.65±0.11 for the 

Tyrolean Alps catchment. Only during very large peaks in discharge, SSF volume uncertainty outweighs SSF occurrence 400 

uncertainty, e.g., in the Sauerland catchment around January 2024. 

When using the sum of 𝑄0 and 𝑄1 to conceptually represent SSF in a global parameter estimation, instead of 𝑄0, simulated 

SSF uncertainties become even larger (Figure A.5). SSF occurrence probability becomes more likely across catchments and 

the uncertainty decomposition shows that SSF volume uncertainty contributes a larger share of total simulated SSF uncertainty. 

However, still a considerable share of total simulated SSF uncertainty stems from SSF occurrence uncertainty (Table A.1). 405 
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Figure 7 Simulated SSF volume uncertainty, expressed as the uncertainty of SSF fraction of total discharge 𝒇𝒕, SSF occurrence 410 
probability 𝒑𝒕 and SSF uncertainty decomposition for each catchment, over 1 hydrological year. The legends displayed in the plots 

for the Ore Mountains (top right) apply to all catchments. 
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4 Discussion 

4.1 Reliability of our uncertainty estimation and percentile parameter-estimation approach 

In this study, we set up the HBV model for three Mid-Mountain catchments and for one Alpine catchment with varying climatic 415 

and topographic conditions. Similar to previous applications (e.g., Abebe et al., 2010; Zelelew and Alfredsen, 2013), the HBV 

model could capture the hydrological dynamics well across all catchments and the observed discharge timeseries mostly lie 

within the respective simulated uncertainty ranges (Figure 4). This is confirmed by the overall model performance with 

relatively high KGEs for the behavioural parameter sets across catchments (Table 4), and clearly higher than the lower 

benchmark (Seibert et al., 2018). Because we used all available discharge data for parameter estimation rather than splitting 420 

the data into separate calibration and validation periods, the reported performance values may overestimate the model`s 

predictive accuracy on independent datasets. However, since our objective was not to develop a predictive model but rather to 

analyse simulation uncertainty, we argue that the achieved model performance, though potentially optimistic, provides a 

sufficient basis for the subsequent uncertainty analysis. Average behavioural KGE values and thresholds vary between 

catchments, with overall higher model performances in the Sauerland and Tyrolean Alps and lower model performances in the 425 

Ore Mountains and Black Forest. However, this does not necessarily imply worse model fit in the Ore Mountains and Black 

Forest, as the same pattern is also reflected in the lower benchmarks, which are also higher for the Sauerland and Tyrolean 

Alps and lower for the Ore Mountains and Black Forest. Instead, the difference in KGE values between catchments might be 

linked to differences in data quality (especially of discharge data) or differences in discharge dynamics (Williams, 2025).  

The ranges of the best 5% of model parameters were found within reasonable ranges compared to other studies in similar 430 

settings (Usman et al., 2024; Seibert, 1999; Abebe et al., 2010; Seibert and Vis, 2012). Most parameters, including the SSF-

relevant ones, are insensitive and difficult to identify in the global parameter estimation. Such limitations in identifying all 

HBV model parameters through calibration based on discharge data alone have also been observed by other studies (Abebe et 

al., 2010; Tibangayuka et al., 2022; Zelelew and Alfredsen, 2013). The resulting parameter uncertainty is accounted for in our 

subsequent analysis. 435 

The behavioural HBV parameters obtained in the global parameter estimation for each catchment can serve as effective 

representations of the respective catchment dynamics in a reasonable way. The estimated snow parameters 𝑇𝑇 and 𝐶𝐹𝑀𝐴𝑋 

are insensitive in the Sauerland and Black Forest catchments, but highly sensitive in the Ore Mountains and Tyrolean Alps 

catchments. This is linked to the climatic forcing of catchments with lower elevations and higher average temperatures in the 

Sauerland and Black Forest and therefore a lower relevance of snow processes. The identifiable snow parameters in the Ore 440 

Mountains and Tyrolean Alps are within the same ranges as the parameters estimated in the HBV parameter regionalisation 

by Beck et al. (2020) for the respective area, except for the low value of 𝑇𝑇 in the Ore Mountains. One possible explanation 

is the location of the Ore Mountains climate station outside of the catchment area. The low value of 𝑇𝑇 in the Ore Mountains 

might compensate for a temperature difference between climate station and catchment location. The estimated soil parameters 

𝐹𝐶, 𝐿𝑃 and 𝐵𝐸𝑇𝐴 vary between catchments but all lie within the estimated ranges of Zelelew and Alfredsen (2013) in a similar 445 
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setting. The estimated parameter for field capacity 𝐹𝐶 is considerably lower in the Sauerland and Tyrolean Alps catchments 

compared to the Black Forest and Ore Mountains. Both catchments also show a more dynamic discharge timeseries. As for 

the soil parameters, the response routine parameters 𝐾0, 𝐾1, 𝐾2 and 𝑈𝑍𝐿 also lie within the estimated parameter ranges of 

Zelelew and Alfredsen (2013), but vary across catchments. The routing parameter 𝑀𝐴𝑋𝐵𝐴𝑆 only gains sensitivity in the 

Sauerland catchment, which is the largest catchment among the four study sites, and therefore links parameter sensitivity to 450 

the catchment area.  

When interpreting differences in simulated SSF across the four study catchments, potential scaling effects were not explicitly 

accounted for. SSF contributions may vary with catchment size by either attenuating, e.g., through mixing or storage effects 

or amplifying, e.g., through the connection of contributing areas. Because the catchments examined in this study differ in size, 

some of the differences in SSF simulation uncertainty may partly reflect scaling effects rather than true differences in process 455 

representation. Future research could therefore extend this analysis to a larger number of catchments spanning a wider range 

of spatial scales, enabling a more systematic investigation of how simulated SSF contributions and their associated 

uncertainties vary with catchment size. 

With our percentile parameter-estimation approach, we explored whether more information useful for the estimation of SSF-

relevant parameters is hidden in specific discharge conditions that are lost when aggregating residuals over the entire 460 

calibration period (Wagener et al., 2003; Abebe et al., 2010). While the results show that especially for parameter estimation 

using high-flow conditions, SSF parameter identifiability could be improved to some degree, these percentile parameter-

estimation approaches also led to a reduction of global model performances as indicated by lower KGE values (Table A.2). 

While the percentile parameter-estimation approach can be useful in our explorative analysis and might even be beneficial as 

an additional step in model calibration, it cannot be used as a sole metric for overall model parameter estimation.  465 

In addition, the percentile parameter-estimation approach cannot fully capture the different catchment conditions and 

hydrological processes, e.g., high flows in spring, where snowmelt causes rather long events, cannot be distinguished from 

high flows in summer or autumn, where response on storm rainfall results in much shorter events. Still, the percentile 

parameter-estimation approach allows us to distinguish between the main discharge conditions across catchments and to derive 

specific behavioural parameter sets for the respective conditions to be used in further uncertainty analysis. This is reflected in 470 

the reasonable temporal distribution of parameter sensitivities (Figure 6), as sensitivity patterns align with the underlying 

hydrological processes. Parameters governing slow recession processes (e.g., 𝐾2) exhibit higher sensitivity during low-flow 

periods, whereas parameters controlling faster processes (e.g., 𝑇𝑇, 𝐶𝐹𝑀𝐴𝑋, 𝐾0, 𝑈𝑍𝐿 and 𝑀𝐴𝑋𝐵𝐴𝑆) are more sensitive during 

high-flow conditions. 

Our uncertainty estimation approach neglects other sources of uncertainty in hydrological modelling besides parameters, in 475 

particular model structure uncertainty and data uncertainty (Moges et al., 2021). The relatively low behavioural threshold for 

parameter estimation (yielding 50,000 behavioural runs) might partly compensate for potential data uncertainty arising from 

low-quality input or discharge data. The overall acceptable model performances across all study sites also supports this. Given 
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the large SSF simulation uncertainty, additional considerations of model structure and data uncertainty would only further 

amplify simulated uncertainties.  480 

In addition, while we did not consider other model structures, we validated our uncertainty analysis results with two versions 

of conceptual process allocation. In the main analysis, we considered SSF to be conceptually represented through the model-

internal flow 𝑄0. In this setting, SSF is simulated as the outflow from an overflow reservoir above a shallow groundwater box. 

But in an additional analysis, we considered SSF to be conceptually represented by the sum of model internal flows 𝑄0 and 𝑄1 

for the global parameter estimation. In this setting, SSF is simulated with a slower outflow from a shallow reservoir and an 485 

additional faster outflow, that is activated when the shallow reservoir exceeds a threshold 𝑈𝑍𝐿 (Figure 2). While there were 

some shifts in the resulting values, the main outcomes remained unchanged (Figure A.5, Table A.1): 1) Simulated SSF 

uncertainties are high in both cases, and 2) a considerable part of simulated SSF uncertainty originates from SSF occurrence 

uncertainty.  

4.2 SSF identification across catchments and FDC percentiles 490 

In the regional sensitivity analysis and SSF uncertainty estimation we found that SSF-relevant parameters are mostly 

insensitive in the global parameter estimation, with the exception of the Sauerland catchment (Figure 5 & 6). This low 

sensitivity of the SSF-relevant parameters within the HBV model in global parameter-estimation approaches was also found 

in previous studies (Tibangayuka et al., 2022; Zelelew and Alfredsen, 2013). Simulated SSF uncertainties are large across 

catchments, especially during high-flow periods, when the simulated uncertainty band of SSF contribution to total streamflow 495 

often ranges from 0% to >60% (Figure 7). Similarly high uncertainties of simulated SSF contributions to total streamflow were 

found by Hartmann et al. (2023) for a version of the HBV model and by Hughes and Farinosi (2021) for the Pitman model. 

This finding also aligns with previous research on equifinality, showing that different parameterisations can yield similar 

discharge simulations while model-internal processes can vary, making model-internal distinction between different lateral 

streamflow components highly uncertain (e.g., Beven and Binley, 1992; Seibert and McDonnell, 2002).  500 

Therefore, in this study we investigated whether more information on SSF is hidden in parts of the flow-duration curve using 

our percentile parameter-estimation approach. We found that some additional information for parameter estimation can be 

extracted: the SSF-relevant parameters can become more sensitive through percentile parameter estimation (Figure 5) and 

simulated SSF uncertainty can be partially reduced. However, simulated SSF uncertainty still remains high (Figure 7).  

The largest increase in SSF parameter sensitivity across all study sites could be achieved through parameter estimation using 505 

high-flow percentiles. This finding is consistent with previous research, also showing that SSF-relevant parameters in the HBV 

model are more sensitive when calibration metrics are applied that focus on high flow (Tibangayuka et al., 2022; Abebe et al., 

2010). It also coincides with the conceptual understanding of SSF as an event process, which becomes especially important 

during high flows and even floods (e.g., Zillgens et al., 2007; Markart et al., 2015). The improved identifiability may be 

attributed to the gain in information from looking at individual discharge conditions and, therefore, at the different response 510 

modes of the catchment separately. In global parameter estimation with an overall measure of performance, the model residuals 
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are aggregated across multiple response modes, which can hide information about how different model components perform 

(Wagener et al., 2003; Pianosi and Wagener, 2016). For instance, low-flow periods might entail more information on slow 

recession processes, while high-flow periods might entail more information on faster processes like snow melt or SSF. 

The comparison of parameter estimation results for the SSF-relevant parameters 𝑈𝑍𝐿  and 𝐾0  revealed two groups of 515 

catchments. The Sauerland and Black Forest catchments show a tendency towards higher values of 𝑈𝑍𝐿 and lower values of 

𝐾0, whereas the Ore Mountains and Tyrolean Alps catchments show a tendency towards lower values of 𝑈𝑍𝐿 and higher 

values of 𝐾0 (Figure 5). Conceptually, lower values of 𝑈𝑍𝐿 and higher values of 𝐾0 indicate a more frequent occurrence of 

faster SSF. Therefore, the parameter values suggest faster, more frequent SSF in the Sauerland and Black Forest catchments 

than in the Ore Mountains and Tyrolean Alps catchments. In addition, SSF-relevant parameters in the Ore Mountains and 520 

Tyrolean Alps catchments exhibit lower sensitivities compared to the Sauerland and Black Forest catchments, particularly in 

the best percentile parameter estimation, indicating that SSF plays a less important role in these catchments. Instead, the Ore 

Mountains and Tyrolean Alps catchments showed the highest sensitivities for snow-related parameters, indicating that snow 

processes dominate model behaviour in these catchments.  

We initially expected SSF to play an important role in all study sites, given their humid, mountainous characteristics and 525 

evidence from previous field studies. For instance, the studies of Chifflard et al. (2008) and Bachmair and Weiler (2014), using 

tracer and hydrometric data in the Sauerland and trench-flow data in the Black Forest respectively, showed that SSF plays an 

important role in these catchments, especially during periods with high soil moisture and during discharge peaks. Heller and 

Kleber (2016) analysed runoff generation processes using hydrometrical and soil temperature data in a similar catchment in 

the Ore Mountains and also found that especially at medium or high pre-moisture, SSF formation is frequent in the catchment. 530 

However, in our results, SSF processes appear less important in the snow-dominated Ore Mountains and Tyrolean Alps 

catchments. Such low SSF sensitivity within the model might reflect insufficient information in the available discharge data 

to identify SSF-relevant parameters and differentiate lateral flow contributions adequately. We argue that for the snow-

dominated catchments (Ore Mountains and Tyrolean Alps) this is amplified by the strong snowmelt dynamics that dominate 

the discharge signal. Because both snowmelt and SSF can generate rapid runoff responses associated with discharge peaks, 535 

the stronger snow signal may superimpose any SSF-related information in the aggregated catchment discharge. This 

interpretation aligns with the understanding that hydrological models calibrated on discharge data can only identify a limited 

number of parameters (Wagener and Gupta, 2005; Zelelew and Alfredsen, 2013). This might also explain why the 10–20% 

high-flow percentile yielded the largest, but less pronounced improvement in SSF parameter identifiability in the snow-

dominated catchments Ore Mountains and Tyrolean Alps, as opposed to the <10% high-flow percentile in the snow-insensitive 540 

catchments Sauerland and Black Forest. In the snow-dominated catchments, the highest flows are likely driven primarily by 

snowmelt, leaving the 10–20% percentile as a discharge condition where SSF signals are relatively more detectable. These 

results align with an earlier study by Zelelew and Alfredsen (2013), who investigated the contributions of HBV parameter 

sensitivity in 12 catchments in Southern Norway and also found that among the five most influential parameters three were 

snow parameters while the runoff response parameters were among the least sensitive parameters. The unidentifiability of 545 
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SSF-relevant parameters from discharge data might be further amplified in the Ore Mountains catchment, where the available 

discharge time series contains fewer pronounced peak events, which are conditions under which SSF would be expected to 

contribute substantially and thereby provide less information for parameter identification. 

4.3 Transferability and impact of SSF simulation uncertainties 

Across our four study sites, we found that SSF parameter identifiability can be increased to some extent by using our percentile 550 

parameter-estimation approach with high-flow percentiles and thus recovering some information on SSF lost through the 

aggregation of the entire residual timeseries into a single objective function (Wagener et al., 2005). Still, across all catchments 

and parameter-estimation approaches, we found high SSF simulation uncertainties. As our four study sites represent a range 

of topographical, climatic and land-use conditions, and these findings are consistent across all sites, we believe that our findings 

are representative for applications of HBV-like bucket-type models in other temperate, mountainous regions. In our SSF 555 

uncertainty decomposition, we found large contributions of SSF occurrence uncertainty to total simulated SSF uncertainty 

across catchments (Figure 7), percentile parameter estimations (Figure A.6) and conceptual representations of SSF within the 

HBV model structure (Figure A.5). Therefore, we assume that this finding might be similar for other bucket-type lumped 

model structures.  

As SSF plays an important role in flood generation, and nutrient and contaminant transport (Zillgens et al., 2007; Zhao et al., 560 

2013; Wang et al., 2024), these results have important implications for simulating these processes. When hydrological models 

are used to increase process understanding, test hypotheses and support decision-making (Moges et al., 2021), the large SSF 

simulation uncertainties must be considered. Not much information can be gained about process understanding at the 

catchment scale from models with large model-internal uncertainties as using such models for hypothesis testing might yield 

questionable results. Similarly, decisions based on such models may lack a robust foundation. When models fail to adequately 565 

represent dominant hydrological processes, as indicated by the high SSF simulation uncertainty, their predictions beyond 

calibration conditions become questionable (Kirchner, 2006; McGuire et al., 2024). Previous studies have therefore 

emphasised the critical importance of reliable process representation in hydrological models, particularly for simulating future 

conditions or flood events (Brunner et al., 2021). 

One reaction to this problem of equifinality in hydrological modelling is the search for calibration methods that extract more 570 

information from available discharge time series (Wagener et al., 2003). Our percentile parameter-estimation approach 

represents such an attempt, targeting specific discharge conditions where SSF-related signals might be more pronounced. Our 

results indicate that this approach can improve SSF parameter identifiability, more so in snow-insensitive catchments than in 

snow-dominated catchments. Nevertheless, despite these improvements, substantial SSF simulation uncertainties persisted 

across all catchments. This finding suggests that even optimised use of discharge data reaches its limits in constraining internal 575 

model fluxes such as SSF. Another reaction to the equifinality problem would be to assess model performance with respect to 

additional measured variables beyond discharge (Wagener et al., 2003). The persistent uncertainties we found in simulated 

SSF therefore highlight the need to incorporate SSF-specific observations into parameter estimation to achieve a more realistic 
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process representation. This was already demonstrated successfully by Hartmann et al. (2023), who added additional SSF data 

derived from hydrograph separation in the calibration process. Hydrograph separation can be very dependent on assumed 580 

concentrations of the end-members. So ideally, even more data on SSF should be included in model calibration. 

Unlike most previous research on uncertainty estimates with HBV-like models, we additionally disentangled simulated SSF 

uncertainty into SSF volume uncertainty and SSF occurrence uncertainty. While SSF parameter identifiability and SSF 

uncertainty simulations vary across catchments, the shares of SSF occurrence uncertainty and SSF volume uncertainty obtained 

by our decomposition led to consistent results across all catchments. For both conceptual representations (SSF as 𝑄0 and SSF 585 

as 𝑄0 + 𝑄1), SSF occurrence uncertainty contributes a considerable proportion to total simulated SSF uncertainty across 

catchments (Table A.1). In case of SSF representation through 𝑄0, SSF occurrence uncertainty even acts as the major source 

of total SSF uncertainty (Figure 7). We therefore conclude that for a substantial reduction in SSF simulation uncertainty, 

adding SSF proxy data into calibration, which indicate SSF occurrence in the catchment, might already be a substantial step 

forward at our study sites and in similar settings. This might be beneficial, as these proxies are much easier to observe in the 590 

field than volumetric measurements of SSF. Potential indicators include hillslope piezometer responses, which can reveal 

perched water table dynamics coinciding with SSF generation (Du et al., 2016), as well as soil moisture sensors and 

tensiometers, which have been used to detect SSF occurrence (Heller and Kleber, 2016). These observations could be 

incorporated into model calibration as additional constraints, for example by penalizing parameter sets that do not simulate 

SSF occurrence at times when field instruments indicate SSF. This finding also connects to McGuire et al. (2024), who point 595 

out the still-lacking ability to address questions about SSF using easily observable catchment characteristics rather than site-

specific, data-intensive studies. 

5 Conclusion 

In this study, we found that across all catchments, SSF volume and occurrence are difficult to identify in the bucket-type HBV 

model using only catchment discharge for parameter estimation. The simulated uncertainty bands for SSF contribution to total 600 

discharge rarely did not include zero values and often reached >60%. With our percentile-based parameter-estimation 

approach, we found that additional information on SSF for parameter estimation can be extracted when high-flow percentiles 

are considered, but the information gain is limited. In two snow-insensitive catchments (Sauerland and Black Forest), SSF-

relevant parameters became better identifiable by looking at the <10% high-flow percentile. In snow-dominated catchments 

(Ore Mountains and Tyrolean Alps) however, the improvement in SSF parameter identifiability was less pronounced. In 605 

addition, simulated SSF volume uncertainties remained high across all catchments, even after accounting for percentile 

parameter estimations.  

We therefore conclude that, while specifically considering high-flow conditions in the parameter estimation process can yield 

improvements in SSF parameter identification, discharge data alone is not sufficient for robust parameterisation of SSF in 

hydrological models at the catchment scale. We therefore emphasise the need to include SSF data in model parameter 610 
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estimation to achieve more realistic SSF simulations, and thereby improve process representation in hydrological models, 

creating more robust prediction models. 

We also found that across catchments, parameter-estimation approaches and conceptual representations of SSF, SSF 

occurrence uncertainty accounted for a large part of total simulated SSF uncertainty. This finding suggests that for a major 

reduction in SSF simulation uncertainties proxy data indicating the occurrence of SSF might already be sufficient. 615 

Appendix 

 

Figure A.1 Cumulative distribution functions of behavioural parameter sets (RSA) from global parameter estimation (black line, 

dotted) and percentile parameter estimations (colour coded– blue to red from high-flow parameter estimation to low-flow parameter 

estimation) for the Sauerland catchment 620 
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Figure A.2 Cumulative distribution functions of behavioural parameter sets (RSA) from global parameter estimation (black line, 

dotted) and percentile parameter estimations (colour coded– blue to red from high-flow parameter estimation to low-flow parameter 

estimation) for the Ore Mountains catchment 
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 625 

Figure A.3 Cumulative distribution functions of behavioural parameter sets (RSA) from global parameter estimation (black line, 

dotted) and percentile parameter estimations (colour coded– blue to red from high-flow parameter estimation to low-flow parameter 

estimation) for the Black Forest catchment 
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Figure A.4 Cumulative distribution functions of behavioural parameter sets (RSA) from global parameter estimation (black line, 630 
dotted) and percentile parameter estimations (colour coded– blue to red from high-flow parameter estimation to low-flow parameter 

estimation) for the Tyrolean Alps catchment 
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 635 

Figure A.5: Simulated SSF volume uncertainty, expressed as the uncertainty of SSF fraction of total discharge 𝒇𝒕, SSF occurrence 

probability 𝒑𝒕  and SSF uncertainty decomposition for each catchment over one hydrological year when SSF is conceptually 

represented by the sum of Q0 and Q1, exemplary for the global parameter estimation. 
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Figure A.6 SSF uncertainty decomposition for global parameter estimation, top 10% high-flow parameter estimation and top 10-640 
20% high-flow parameter estimation over one hydrological year. 
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Table A.1 Occurrence uncertainty share (mean +- sd) over the entire calibrated timeseries 

  Sauerland 
Ore 

Mountains 

Black 

Forest 

Tyrolean 

Alps 

Q0 as SSF 0.63 +- 0.09 0.64 +- 0.08 0.68 +- 0.08 0.65 +- 0.11 

Q0 + Q1 as SSF 0.39 +- 0.29 0.40 +- 0.29 0.50 +- 0.28 0.40 +- 0.31 

 

Table A.2 Mean KGE of the behavioural runs from high-flow percentile parameter estimation 

  Sauerland 
Ore 

Mountains 

Black 

Forest 

Tyrolean 

Alps 

Mean behavioural KGE 

<10% high-flow 

parameter estimation 

0.31 0.33 0.28 0.54 

Mean behavioural KGE 

10-20% high-flow 

parameter estimation 

-0.56 -1.88 -3.70 -2.83 

 645 
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